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Abstract. Geographically dispersed volunteer teams can achieve collaborative and
transparent processes with Open Source Software Development (OSSD). While it
outperforms traditional methodologies, challenges remain in preserving code quality,
managing third-party dependencies, leading to compatibility issues, and inconsisten-
cies in developer contributions that can lead to code redundancies. Java as the foun-
dation of software development, has fostered numerous open-source projects, en-
hancing research dependability. This research proposes a machine learning model
that classifies code quality in Java-based open-source software projects by analyzing
contribution metrics. Popular machine learning techniques used for software quality
prediction, such as Regression, Decision Trees, Random Forest, Support Vector Ma-
chine and Bayesian Learning, XGBoost and Multi-Layer Perceptron are used, as well
as established software quality metrics to measure the developer’s contribution using
source code such as Lines of Code (LOC), Coupling Between Objects (CBO), Re-
sponse for a Class (RFC), etc. The proposed model was evaluated using a dataset,
containing over 200,000 observations and software metrics extracted from open-
source projects. Performance was measured using Precision, Accuracy, Recall and
F1-Score. XGBoost shows the highest model accuracy, with 82%. The system was
built using XGBoost, which allows developers and others to upload Java files. Based
on the derived quality metrics, the system classifies the code quality into three cate-
gories: high, medium, and low. This analysis enhances Java OSSD projects by accu-
rately evaluating code contributions, ensuring reliability and sustainability. Refining
code review, prioritizing refactoring, and leveraging the best ML approach to classify
code quality can strengthen development processes and advance OSSD efficiency.

Keywords: Code Contributions, Code Quality, Machine Learning, Open Source Software
Development, Software Quality Metrics.
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1 Introduction

1.1 Background

Modern software development follows Open-Source Software Development (OSSD) as
the key framework for creating software through remote collaborative teams that defeat
conventional methods with greater innovation and availability [1]. The model encourages
global participation through community management and utilizes Java's cross-platform
capabilities and large ecosystem features to impact Java-based projects, including Apache
Hadoop, Spring Framework, and Eclipse, which offer strong research foundations due to
widespread usage and large datasets on GitHub platforms [2]. The projects showcase OS-
SD's capabilities through Java's system features, while also presenting assessment require-
ments that require advanced quality evaluation approaches.

OSSD challenges code quality in Java-based development due to varying skill levels
and contribution practices. Code redundancies arise from inconsistent contributions, in-
creasing maintenance costs and reducing efficiency due to repeated functions [3].

An increase in machine learning techniques emerges as a solution to forecast and clas-
sify software quality because it delivers data-driven analysis of code metrics. The estab-
lished software quality metrics Lines of Code (LOC), Coupling Between Objects (CBO),
Response for a Class (RFC), Weighted Methods per Class (WMC), Lack of Cohesion in
Methods (LCOM), Depth of Inheritance Tree (DIT) and Number of Children (NOC) pro-
vide numerical indicators to assess code complexity and maintainability and cohesion
which helps identify quality issues [4]. While previous research, such as Meher and Mall
[5] focused on bug classification in open-source repositories using machine learning, this
research distinguishes itself by specifically addressing code quality classification in Java-
based OSS projects using contribution metrics and quality thresholds with machine learn-
ing techniques unlike approaches based on Natural Language Processing (NLP) which
requires another structured form of data, which can be obtained by converting the source
code into a token stream using a programming language processor [6]. The code quality
classification system uses precision and accuracy and recall and F1-score performance
metrics to help developers conduct detailed code assessments and determine the best ML
approach for process improvement in OSSD development [7]. The combination of ma-
chine learning metrics LOC and CBO, and DIT provides data-based code quality classifi-
cation systems that use XGBoost to reach 82% accuracy levels according to this research.
This research evaluates more than 200,000 observations to improve Java OSS quality as-
sessment methods.

1.2 Purpose of the Research
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Due to the distributed nature of Open-Source Software Development (OSS) projects, it is
difficult to ensure consistent code quality because of heterogeneous contributors with dif-
ferent skills and coding styles. This leads to plural redundant code, dependency compati-
bility problems and technical debt, diminishing reliability and sustainability standards.
Automated systematic quality assurance is lacking, which prevents meeting global devel-
opment needs, and manual code reviews are infeasible for large-scale OSS projects.

Research Questions

The research discovers suitable software quality metrics for Java OSS projects' code qual-
ity assessment because developers with different skills and techniques contribute code.
The development of an accurate classification system requires identifying metrics that ef-
fectively show quality issues in collaborative OSS environments.

Also, this research uses ML algorithms for code quality classification into high, me-
dium and low categories based on metrics discovered. The diverse nature of Java OSS
codebases makes traditional manual assessment methods insufficient for the task. The re-
search examines how Decision Trees and Random Forest, and Support Vector Machines
(SVM) algorithms use quality metrics to conduct automated classification through a data-
driven method that scales for quality assurance needs.

The evaluation metrics for assessing the performance of the ML model in code quality
classification need to be determined. The evaluation of multi-class classification models
requires Accuracy alongside Precision and Recall along with F1-Score to determine model
effectiveness. The evaluation metrics question ensures thorough assessment of the model
performance which provides both reliability evidence and practical utility information for
Java OSS developers to validate system capability in meeting study goals.

Research Objectives

The main goal involved developing an innovative ML-based model for automatic code
quality classification of Java OSS projects to tackle irregular developer contributions and
their effects on software reliability and sustainability. The model implemented specific
software quality metrics including LOC and CBO and RFC and WMC and LCOM and
DIT, and NOC, to create a systematic data-based quality assessment solution. The system
development focused on building a practical solution which enables developers to submit
Java files for automated quality assessment leading to better code review processes and
improved refactoring prioritization, and enhanced Java OSS project quality for lasting suc-
cess.
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In addition to the main objective, the research aims to automate the classification of
code quality by determining and confirming important software quality measures like
Lines of Code (LOC), Coupling Between Objects (CBO), and Depth of Inheritance Tree
(DIT). Second, it builds and trains a machine learning model based on these metrics, com-
paring algorithms like XGBoost, Random Forest, and SVM to determine code quality.
Lastly, the model is thoroughly tested based on the typical metrics: Accuracy, Precision,
Recall, and F1 Score, on a test set of 46,494 observations, which makes it applicable in a
real-life OSS development.

2 Literature Review

The quality of code within Java-based open-source software projects stands as the essen-
tial factor to guarantee software reliability and maintainability in collaborative develop-
ment environments. Java has gained popularity in OSS development because of its ability
to operate across platforms and its large library collection which attracts projects such as
Apache Hadoop and Eclipse [8]. OSS code quality becomes inconsistent because the pro-
ject contains contributors at various skill levels while managing inconsistent coding prac-
tices [9].The object-oriented Java features improve modularity according to research find-
ings but quality maintenance becomes harder to manage when these features remain un-
controlled especially during large projects with multiple contributors [10]. Java-based
OSS code quality assessment depends on software quality metrics which measure object-
oriented paradigms through Coupling Between Objects (CBO) and Depth of Inheritance
Tree (DIT) and Lines of Code (LOC) [11]. The metrics serve to quantify attributes regard-
ing complexity and maintainability which form a basis for quality assessment. Research
indicates that elevated CBO values in Java projects lead to higher defect rates because they
demonstrate how inter-class dependencies affect quality [12]. Saklani et al.'s [11] review
demonstrates that these metrics when utilized with machine learning effectively predict
quality issues in Java OSS contexts according to research findings.

The application of ML techniques to Java-based OSS quality prediction encounters dif-
ficulties in both interpretability and generalizability. The black-box nature of SVM and
Neural Networks (NN) makes it difficult to understand quality outcomes despite their high
predictive power according to Sheshasaayee and Jose [13].

The assessment of code quality in Java-based open-source software projects heavily
depends on source code metrics which measure structural aspects that include complexity
and maintainability [11]. Java codebases receive evaluation through three metrics CBO
and DIT and LOC which help identify defect-proneness and other quality issues [12]. The

31



combination of these metrics with machine learning algorithms enhances OSS quality pre-
diction accuracy according to S. Saklani et al. [11] as described in their IJARCS down-
loadable review. The object-oriented characteristics of Java make these interdependencies
vital for determining quality.

A. Sheshasaayee and R. Jose [14] demonstrate that although Support Vector Machines
(SVM) and Neural Networks (NN) deliver accurate predictions, they remain difficult to
interpret for understanding quality predictions in open-source software contexts. The lack
of transparency in these models creates issues for projects that prioritize explainable meth-
ods in Java development.
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Fig. 1. Research Design

The combination of software quality metrics CBO and LOC and DIT with contribution-
specific data creates important opportunities to enhance Java-based open-source software
quality classification. Property-based software quality measures CBO and LOC gain im-
proved ability for classifying OSS defects when used alongside developer variables such
as contributor frequency and experience levels as proposed by S. Saklani et al. [11]. These
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quality metrics enhance Java OSS quality classification precision by linking them to con-
tributor activity according to the authors. The use of metrics that consider contribution
levels provides better justification than analyzing code independently.

The literature review demonstrates that software quality metrics and machine learning
techniques serve as essential tools for Java-based open-source project code quality evalu-
ation through the use of CBO, DIT, and LOC metrics for structural analysis and Random
Forest and Decision Trees algorithms for quality prediction.

2.1 Research Design

The research implemented a quantitative empirical method to create and test an ML-based
system which classifies code quality into three levels of high, medium and low. The clas-
sification thresholds were defined based on the model's output probability: code quality is
classified as Low if the probability is <0.5 and requires refactoring; Medium if the proba-
bility is <0.7 and may need refactoring; and High if the probability is >0.7 and does not
require refactoring. The research method used software quality metrics extracted from
Java source code to measure developer contributions (shown in Fig. 1).

The research implemented seven supervised ML algorithms, including Logistic Regres-
sion, Decision Trees, Random Forest, Support Vector Machine (SVM), Bayesian Learn-
ing, XGBoost and Multi-Layer Perceptron. The methodology integrated theoretical ML
applications with practical OSSD needs to develop a system which enables developers to
submit Java files for immediate quality assessment.

2.2 Data Collection and Data Preprocessing

The study utilized the Code Metrics Dataset for Software Project Structure available at
Kaggle, which contains the OnlyTrivial_dt.csv file. A total of 232,468 entries compiled
from 53 columns that offered various software quality metrics and a refactoring decision
column extracted from multiple open-source Java projects. The refactoring decision col-
umn was used to derive the quality categories, serving as ground truth for model training
and evaluation.

The data quality needed initial preprocessing steps to prepare it for analysis. Model
training bias was prevented through duplicate entry removal since duplicated data points
would skew the classification outcomes. The median value of each column served as the
imputation method for handling missing values in numerical columns lcom*, tcc and lcc
because it showed resilience to outliers in software metrics. The dataset maintained its
integrity by dropping rows with many missing values, yet the data size slightly decreased
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to preserve reliability. The cleaning process allowed the dataset to maintain a considerable
number of observations (232,468), which provided adequate size and diversity to train and
evaluate ML models effectively.

2.3 Feature Extraction

Feature selection was performed to enhance model performance and reduce computational
complexity, focusing on the most predictive metrics for code quality classification. From
the available metrics from the dataset, a subset was selected based on their relevance to
quality assessment and prior studies. The chosen features include LOC, CBO, RFC,
WMC, LCOM, DIT, and NOC as these metrics effectively capture complexity, coupling,
cohesion, and inheritance patterns in Java code.

Correlation analysis was conducted to identify and exclude highly correlated features,
minimizing redundancy (e.g., using Pearson correlation to check for multicollinearity
among metrics like cbo and choModified). The target variable was prepared for multi-
class classification by encoding the high, medium, and low categories into numerical la-
bels, ensuring compatibility with ML algorithms. This refined feature set and preprocessed
target variable ensure that the ML models focus on the most informative attributes, im-
proving classification accuracy and efficiency for the subsequent training phase.

2.4 ML Model Development

The machine learning (ML) model development phase trained seven supervised ML algo-
rithms to identify code quality levels in Java-based open-source software (OSS) projects
through high, medium, and low classifications. The following algorithms were selected
based on their proven effectiveness in software quality prediction and multi-class classifi-
cation tasks:

Logistic Regression models class probabilities by the logistic function. Decision Tree:
Tree classification based on decision rules, and Random Forest: A combination of multiple
trees for better accuracy. SVM uses an optimal hyperplane for class separation, and Bayes-
ian Learning makes inferences based on Bayes' theorem. MLP is a multi-layer feedforward
neural network for pattern recognition, and XGBoost is an efficient gradient boosting with
regularization.

Hyperparameter tuning was performed for each model using GridSearchCV with 10-
fold cross-validation to optimize performance. Key tuned parameters included: learning
rate and max_depth for XGBoost; C and kernel for SVM; number of trees and depth for
Random Forest; and solver and regularization for Logistic Regression and MLP.
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The training set included 80% of the preprocessed data, totaling 185,974 observations,
while the testing set contained 20% of the data with 46,494 observations through
train_test_split from scikit-learn using random_state=42 for reproducibility. This data split
provides a strong evaluation of model performance on new data and optimizes the amount
of training data available for detecting patterns within software quality metrics.

The assessment of machine learning (ML) models constituted an essential process to
evaluate their capability for classifying code quality as high, medium or low within Java-
based open-source software (OSS) projects. The evaluation employed four standard met-
rics that include Accuracy, Precision, Recall and F1-Score to assess multi-class classifica-
tion tasks. Each of the seven ML models was evaluated using the test set, and their perfor-
mance scores were compared to identify the best algorithm. The evaluation process in-
volved predicting the quality class for each test instance, followed by calculating the met-
rics for each model.

2.5 Model Implementation

The XGBoost model was integrated into an operational system for Java-based open-source
software project code classification, achieving competitive Precision, Recall, and F1-
Score values. The system, constructed using scikit-learn for the XGBoost model and pan-
das for data management, enables developers to upload Java files and extract software
quality metrics. The extracted metrics are preprocessed using MinMaxScaler, and the
trained XGBoost model generates quality class predictions, offering an automated, user-
friendly assessment solution.

3 Results and Discussion

The seven ML models conducted evaluations on the test data through Accuracy and Pre-
cision and Recall and F1-Score metrics that operated within each quality classes. Fig. 2.
presents the performance results.

Accuracy measures the proportion of correct predictions among the total predictions
made. Precision represents the proportion of true positive predictions among all positive
predictions. Recall measures the proportion of actual positives correctly identified, and the
F1-Score provides the harmonic mean of Precision and Recall.
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Model Accuracy Precision Recall F1-Score
Logistic Regression 0.68 0.661 0.672 0.666
Decision Trees 0.78 0.762 0.771 0.766
Random Forest 0.802 0.814 0.792 0.803
SVM 0.701 0.682 0.691 0.686
Bayesian Learning 0.62 0.601 0.612 0.606
MLP 0.75 0.741 0.732 0.736
XGBoost 0.82 0.832 0.811 0.821

Fig. 2 Comparison between Models

For understanding the XGBoost model’s individual category performance, Table 1
shows the confusion matrix and the per-class evaluation metrics. It shows the disintegra-
tion of predicted values for the 46,494 samples in the testing set, divided into three quality
classes. The steady results in every class confirm the equal efficiency of the model, ensur-
ing that rigorous verification has been reached because the model does not favor any cat-
egory.

The research developed an ML-powered system for Java-based open-source software
project code quality assessment, addressing developer inconsistency issues. It established
essential quality metrics like LOC, CBO, RFC, WMC, LCOM, DIT, and NOC, using
seven supervised ML algorithms for classification and assigning categories as high, me-
dium, and low.

Table 3. Confusion Matrix and Per-Class Performance for XGBoost

Predicted Class
Actual Class Low Medium High
Low 12800 1600 1098
Medium 1200 12650 1648
High 900 1923 12675
Per-Class Performance Metrics

Class Precision Recall F1-Score
Low 0.859 0.826 0.842
Medium 0.782 0.816 0.799
High 0.822 0.818 0.820

This research demonstrates the effectiveness of XGBoost as a machine learning tech-
nique for Java-based OSS project code quality classification. With an 82% accuracy rate,
it effectively handles OSSD complexity due to contributor knowledge levels and quick
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code modifications. The system's practical deployment confirms its value for Java OSSD
applications by enabling Java file uploads from developers to generate automatic quality
assessments (Fig. 3).

e
u il

Upiasd 2 Java File:

Code Guality Code Quality
Low:Need Refactoring Medium:Need Refactoring

Fig. 3. System output examples for various java file uploads

3.1 Future Works

This research successfully created and deployed a code quality classification system for
Java-based open-source software projects, yet several upcoming research areas would
strengthen its impact. Advanced ML techniques should be investigated for future work to
extend beyond Random Forest methods and neural networks, since potential research
demonstrates that these may elevate classification precision above the current 82%. The
methods could process complex non-linear patterns in software metrics, yet they should
maintain interpretability, which XGBoost provided in this study. Expanding the system to
incorporate Python and C++ programming languages would enhance its impact on the
OSS ecosystem while filling the research gap for multi-language quality assessment tools.
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4 Conclusions

The research developed an automated code quality classification system for Java-based
open-source software projects using machine learning techniques. XGBoost outperformed
other models with 82% accuracy in classifying code quality into high, medium, and low
categories. The system uses seven software quality metrics to assess code quality based
on structural characteristics and developer contributions. The study highlights the im-
portance of combining contribution analysis with quality metrics to understand quality
evolution in collaborative OSS contexts.
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