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ABSTRACT

Refactoring is a fundamental component of software development, aiming to
improve the quality of code without affecting its external behavior. Without
refactoring, code becomes more complex and less organized over time, making it
more difficult for developers to understand, maintain, and modify. Therefore,
performing regular refactoring is essential to maintain code organization and quality
over the long term. In this context, meta-learning plays a key role in improving
refactoring prediction. It can be used to improve software quality by building
accurate models capable of predicting refactorings. This strengthens code and
reduces potential problems and complications during development and maintenance.
This thesis aims to develop a proposed model to improve the accuracy of predicting
software refactoring operations at the Class-Level and Method-Level levels using
meta-learning techniques. The proposed model includes two stages: the first stage
aims to predict the need for refactoring, using three meta-learning techniques: the
Stacking model based on the basic models Support Vector Classification (SVC),
Radial Basis Function (RBF), Logistic Regression (LR), and Extreme Gradient
Boosting (XGBoost), with the Logistic Regression (LR) model as an meta-learner;
the Boosting model using Gradient Boosting (GB), Categorical Boosting
(CatBoost), and Light Gradient Boosting Machine (LightGBM), Adaptive Boosting
(AdaBoost) algorithms; and the Few-shot Learning model based on Model-Agnostic
Meta-Learning (MAML), Reptile Model (RM), Relation Network Model (RNM),
and Prototypical Network. The model (PNM) serves as the base learner, and the LR
model serves as the meta-learner. The second stage is used to classify the predicted
refactoring types based on the predictions made in the first stage, using two models:
the Random Forest Model (RFM) and the Support Vector Machine (SVM). Four
datasets previously collected from open source projects, containing information on
code characteristics and refactoring instances, were used in the model training and
testing process.

To improve model performance and increase its prediction accuracy, the focus was
on selecting and extracting the most important features from the data. This was done
using four different swarm optimization algorithms: the Lion Optimization
Algorithm (LOA), the Spider Monkey Algorithm (SMO), the Negative Optimization



Algorithm (SOA), and a proposed hybrid method (SMOA), which combines the
Spider Monkey Algorithm and the Negative Optimization Algorithm. The proposed
hybrid method demonstrated high effectiveness in enhancing the model's prediction
accuracy. The overlearning models were trained using training data representing
80% of the dataset and tested on test data representing 20% of the dataset. In the
second phase, classification models were trained using the data from the first phase,
which represented the output of the best predictive model. 70% of the data was used
to train the models, and 30% of the test data was used to test them. The performance
of the meta-learning models was measured using several metrics.

The results showed that the hybrid approach led to better results in improving the
model's prediction accuracy, and therefore was adopted for feature selection in the
datasets. The results of implementing the three models achieved varying accuracies
on the datasets, but the few-shot learning model proved effective due to its ability to
learn from limited data. The models achieved accuracies ranging from 1.00% to 98%
at the class level, with the exception of the LR model. They achieved accuracies
ranging from 99% to 98% at the method level for the DTOS1 dataset, with the
exception of the LR model, which was the lowest-performing model. However, the
DTOS4 and DTOS3 datasets performed better, achieving optimal results, with most
models achieving an accuracy of 1.00% at the class and method levels, with the
exception of the LR model. The DTOS2 dataset performed poorly, achieving an
accuracy rate of 98%-95% at the class level and 99%-98% at the method level, with
the exception of the LR model. In the Refactoring case classification phase, the RF
and SVM models proved their efficiency, achieving perfect accuracy for all datasets
at the class and function levels, with the exception of the DTOS2 dataset, which
achieved an accuracy rate of 87% at the method level.
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ABSTRACT

Refactoring is a fundamental component of software development, aiming to improve the quality of
code without affecting its external behavior. Without refactoring, code becomes more complex and
less organized over time, making it more difficult for developers to understand, maintain, and modify.
Therefore, performing regular refactoring is essential to maintain code organization and quality over
the long term. In this context, meta-learning plays a key role in improving refactoring prediction. It
can be used to improve software quality by building accurate models capable of predicting
refactorings. This strengthens code and reduces potential problems and complications during
development and maintenance. This thesis aims to develop a proposed model to improve the accuracy
of predicting software refactoring operations at the Class-Level and Method-Level levels using meta-
learning techniques. The proposed model includes two stages: the first stage aims to predict the need
for refactoring, using three meta-learning techniques: the Stacking model based on the basic models
Support Vector Classification (SVC), Radial Basis Function (RBF), Logistic Regression (LR), and
Extreme Gradient Boosting (XGBoost), with the Logistic Regression (LR) model as an meta-learner;
the Boosting model using Gradient Boosting (GB), Categorical Boosting (CatBoost), and Light
Gradient Boosting Machine (LightGBM), Adaptive Boosting (AdaBoost) algorithms; and the Few-
shot Learning model based on Model-Agnostic Meta-Learning (MAML), Reptile Model (RM),
Relation Network Model (RNM), and Prototypical Network. The model (PNM) serves as the base




learner, and the LR model serves as the meta-learner. The second stage is used to classify the predicted
refactoring types based on the predictions made in the first stage, using two models: the Random Forest
Model (RFM) and the Support Vector Machine (SVM). Four datasets previously collected from open
source projects, containing information on code characteristics and refactoring instances, were used in
the model training and testing process.

To improve model performance and increase its prediction accuracy, the focus was on selecting and
extracting the most important features from the data. This was done using four different swarm
optimization algorithms: the Lion Optimization Algorithm (LOA), the Spider Monkey Algorithm
(SMO), the Negative Optimization Algorithm (SOA), and a proposed hybrid method (SMOA), which
combines the Spider Monkey Algorithm and the Negative Optimization Algorithm. The proposed
hybrid method demonstrated high effectiveness in enhancing the model's prediction accuracy. The
overlearning models were trained using training data representing 80% of the dataset and tested on
test data representing 20% of the dataset. In the second phase, classification models were trained using
the data from the first phase, which represented the output of the best predictive model. 70% of the
data was used to train the models, and 30% of the test data was used to test them. The performance of
the meta-learning models was measured using several metrics.

The results showed that the hybrid approach led to better results in improving the model's prediction
accuracy, and therefore was adopted for feature selection in the datasets. The results of implementing
the three models achieved varying accuracies on the datasets, but the few-shot learning model proved
effective due to its ability to learn from limited data. The models achieved accuracies ranging from
1.00% to 98% at the class level, with the exception of the LR model. They achieved accuracies ranging
from 99% to 98% at the method level for the DTOS1 dataset, with the exception of the LR model,
which was the lowest-performing model. However, the DTOS4 and DTOS3 datasets performed better,
achieving optimal results, with most models achieving an accuracy of 1.00% at the class and method
levels, with the exception of the LR model. The DTOS2 dataset performed poorly, achieving an
accuracy rate of 98%-95% at the class level and 99%-98% at the method level, with the exception of
the LR model. In the Refactoring case classification phase, the RF and SVM models proved their
efficiency, achieving perfect accuracy for all datasets at the class and function levels, with the
exception of the DTOS2 dataset, which achieved an accuracy rate of 87% at the method level.
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