
Citation: Han, Y.; Joe, I. Enhancing

Machine Learning Models Through

PCA, SMOTE-ENN, and Stochastic

Weighted Averaging. Appl. Sci. 2024,

14, 9772. https://doi.org/10.3390/

app14219772

Academic Editor: Douglas

O’Shaughnessy

Received: 29 September 2024

Revised: 18 October 2024

Accepted: 22 October 2024

Published: 25 October 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Enhancing Machine Learning Models Through PCA,
SMOTE-ENN, and Stochastic Weighted Averaging
Youngjin Han and Inwhee Joe *

Department of Computer Science, Hanyang University, 222 Wangsimni-ro, Seongdong-gu,
Seoul 04763, Republic of Korea; sni94@hanyang.ac.kr
* Correspondence: iwjoe@hanyang.ac.kr

Abstract: Predicting survival outcomes in critical accidents has been a focal point in machine learn-
ing research. This study addresses several limitations of existing methods, including insufficient
management of data imbalance, lack of emphasis on hyperparameter tuning, and proneness to
overfitting. Many existing models struggle to generalize effectively on imbalanced datasets or de-
pend on default hyperparameter settings, resulting in biased predictions. By integrating Principal
Component Analysis (PCA), hyperparameter optimization, and resampling methods, as well as
combining Edited Nearest Neighbors (ENN) with the Synthetic Minority Oversampling Technique
(SMOTE), the model significantly improves predictive accuracy and model generalization. An en-
semble model combining seven machine learning algorithms—Logistic Regression, Support Vector
Machine, KNN, Random Forest, XGBoost, LightGBM, and CatBoost—was applied to predict survival
outcomes. Stochastic Weighted Averaging (SWA) was applied to mitigate overfitting and enhance
generalization. The accuracy increased from 91.97% to 94.89% after SWA was applied in this specific
scenario. The combination of PCA-based dimensionality reduction, hyperparameter tuning, and
resampling techniques (ENN + SMOTE) ensured the model handled data imbalance and optimized
predictive accuracy. The final model demonstrated excellent performance, with Area Under the Curve
(AUC) and Average Precision (AP) values both reaching 0.98, indicating high accuracy and precision.
These improvements were validated using the Titanic dataset in a binary classification problem of
predicting passenger survival. The results emphasize that ensemble learning, enhanced by SWA,
offers a powerful framework for handling imbalanced and complex datasets, providing significant ad-
vancements in predictive modeling accuracy. This study provides insights into how machine learning
techniques can be effectively combined to solve classification challenges in real-world scenarios.

Keywords: survival prediction; hyperparameter optimization; ensemble methods; data imbalance;
PCA; Bayesian optimization; voting; stacking; SWA

1. Introduction

Predicting survival in major accidents has long been a focus of machine learning
research, and numerous studies have attempted to improve the accuracy and reliability
of predictions using the Titanic dataset as a benchmark [1]. Earlier studies have inves-
tigated different machine learning algorithms like logistic regression, KNN, SVM, and
decision trees for survival prediction models [2]. Although these studies have successfully
demonstrated the potential of these models for predicting survival outcomes, they have
not fully addressed significant challenges. A key issue highlighted in existing research is
the limited emphasis on hyperparameter tuning. Many previous studies have employed
conventional methods like grid search or default settings, which may not maximize model
performance [3]. Additionally, the problem of imbalanced datasets, where the number of
survivors is significantly lower than the number of non-survivors, is often inadequately
addressed, leading to biased predictions and reduced model effectiveness [4].
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This study applies Principal Component Analysis (PCA) alongside regularization
techniques to mitigate overfitting and combines the Synthetic Minority Oversampling
Technique (SMOTE) with the Edited Nearest Neighbors (ENN) technique (ENN + SMOTE)
to address data imbalance [5]. A comprehensive comparative analysis of three hyperparam-
eter optimization techniques—grid search, random search, and Bayesian optimization—is
performed, and an optimal ensemble approach combining Voting and Stacking methods,
along with Stochastic Weighted Averaging (SWA) is utilized to achieve optimal perfor-
mance [6]. Moreover, before applying the ensemble techniques, the weights were processed
as a combined metric that maximizes the interval and accuracy of both Test Accuracy and
Train Accuracy [7]. This approach ensures that the ensemble models are not only accurate
but also well-generalized, balancing the trade-off between training and testing performance.
By systematically comparing these methods, this study seeks to improve the predictive
accuracy and generalizability of machine learning models in the context of survival pre-
diction in serious accidents. This approach not only addresses the limitations observed
in previous studies but also provides a more robust framework for predictive modeling
in critical scenarios, offering significant contributions to the field of machine learning,
particularly in optimizing predictive models for imbalanced and complex datasets [8].

This paper proposes a novel method for predicting the occurrence of serious accidents
based on data-driven approaches. The contribution of this study is to find a hybrid
prediction model with a machine learning approach that has high prediction accuracy, low
computation time, and low memory usage.

This paper is organized as follows: Section 2 describes the materials and estimation
methodology; Section 3 presents experimental results, comparisons, and discussions; and
Section 4 summarizes the conclusions.

2. Materials and Methods

This section outlines the materials and methodologies employed in this study, includ-
ing the datasets, the proposed methods for handling imbalanced data, the classifiers used,
the feature subset selection process, and the performance evaluation metrics.

2.1. Datasets

The dataset used in this study is the well-known Titanic dataset, sourced from Kaggle
(https://www.kaggle.com/competitions/titanic/data, accessed on 5 September 2024) [9].
The training set contains 891 records, while the test set includes 418 records. Key features
include passenger class (Pclass), gender, age, number of siblings or spouses on board
(SibSp), number of parents or children on board (Parch), ticket number, fare, cabin number,
and port of embarkment (Embarked). The target variable is ‘survival’, which indicates
whether the passenger survived the disaster (1) or did not survive (0). The class imbalance
in the dataset, with 61.62% non-survivors and 38.38% survivors, was addressed using
robust ensemble models and cost-sensitive learning to minimize bias toward the majority
class. Additional experiments with artificially increased imbalance confirmed the stability
of the model under these conditions. The distribution of passenger classes (Pclass) in the
training set shows that 24.24% of passengers were in the first class, 20.65% in the second
class, and 55.11% in the third class. Similarly, in the test set, 25.60% of passengers were
in the first class, 22.25% in the second class, and 52.15% in the third class. Survival rates
within each class in the training data were 62.96% survived in Pclass 1, 47.28% survived
in Pclass 2, and 24.24% survived in Pclass 3. This consistency between the training and
test sets validates the use of the computed metrics, as the test set closely mirrors the class
distribution found in the training data, ensuring that the model’s performance is relevant
to real-world scenarios. An exploratory data analysis revealed that ‘Fare’ has the strongest
positive correlation with survival (0.257), while ‘Pclass’ has a notable negative correlation
(−0.338). Other features such as ‘Parch’ and ‘Age’ have weaker correlations with survival.

https://www.kaggle.com/competitions/titanic/data
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2.2. Methodology

Figure 1 outlines a generalizable methodology that can be applied to any classification
problem, including survival prediction. While the methodology was demonstrated on the
Titanic dataset, the individual steps—data preprocessing, feature engineering, resampling,
dimensionality reduction, model selection, and optimization—can be adapted to other
datasets with similar characteristics.
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The proposed ‘Structure of Survival Prediction Research System’ study consists of
six major steps: (1) Feature Engineering and PCA, (2) Modeling Pipeline, (3) Resampling,
(4) Optimization of hyperparameters, (5) Ensemble and SWA, and (6) Performance Evalua-
tion and Comparison. These steps are summarized in Figure 1.

The first part of this study involves conducting data statistics for independent variables
and preprocessing. The validity test of each variable was performed using exploratory
data analysis (EDA). The data were divided into survival groups by removing redundant
information or outliers, and additional independent variables were generated based on the
distribution of features, such as age, fare, and embarkation location. This resulted in the
creation of 17 variables.

Next, dimensionality reduction techniques using PCA were employed to select the
optimal model. Third, imbalanced data were addressed using the best-performing of the six
resampling methods. Fourth, a comprehensive comparison of each model using grid search,
random search, and Bayesian optimization is essential for evaluating their performance
and selecting the best hyperparameters. Fifth, the models were compared by combining
Stacking and Voting ensemble techniques and Stochastic Weighted Averaging (SWA) to
perform the evaluation, and finally, the performance evaluation was verified.

Feature engineering involves the extraction of key features relevant to the problem at
hand. In the case of the Titanic dataset, domain knowledge was used to engineer features
such as passenger titles, family size, and deck information. However, this step is adaptable
across datasets. For other datasets, domain-specific features can be engineered based on
available information. While specific features like ‘Title’ were used in the Titanic case, in
other datasets, features that capture important domain-specific relationships would be
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engineered. Thus, the methodology is flexible enough to be applied to other datasets, with
the feature engineering step being tailored to the characteristics of the new dataset. This
flexibility ensures generalizability across different applications.

2.2.1. Feature Engineering and Principal Component Analysis (PCA)

The first part of this study involves conducting data statistics for independent variables
and preprocessing. The validity test of each variable was performed using exploratory
data analysis (EDA) to ensure that relevant and significant features were considered. The
dataset was divided into survival groups by removing redundant information and outliers.
Based on the distribution of important features, such as age, fare, and embarkation location,
additional independent variables were generated. This feature engineering process resulted
in the creation of 17 variables, which provided a more comprehensive representation of the
passengers’ profiles and their likelihood of survival.

The 17 variables included standard features like Passenger Class (Pclass), Age, Gender
(Sex), and Fare, as well as newly engineered variables derived from existing ones, such
as the number of family members on board, the interaction between socioeconomic class
and age, and imputed values for missing data points like age. Additionally, the port of
embarkation (Embarked) and fare ranges were categorized to better capture the impact of
ticket price and boarding location on survival rates.

Principal Component Analysis (PCA) was then applied to reduce the dimensionality
of these variables, streamlining the model and reducing computational requirements. While
PCA reduces the dimensionality of the feature space, improving computational efficiency,
it also aids in mitigating overfitting by retaining only the most significant components. The
ensemble of seven classifiers was selected for its ability to capture different aspects of the
data, with models such as SVM excelling in high-dimensional spaces and Random Forests
providing robustness against overfitting. The use of an ensemble classifier, particularly
when combined with Stochastic Weighted Averaging (SWA), further enhances general-
ization by averaging predictions from diverse models, leading to improved performance
compared with a single, finely tuned model. By converting the 17 original variables into a
smaller set of independent components, PCA ensured that the most significant variance in
the dataset was retained while minimizing the risk of overfitting.

Principal Component Analysis (PCA) was utilized in this study to improve model
performance in the Titanic survival prediction model. While PCA reduces dimensionality,
it may limit the interpretability of individual features, which could be important in some
contexts. However, in survival prediction systems such as this, interpretability is often
secondary to predictive accuracy and performance. In this context, interpretability is
not a critical requirement, as the goal is to maximize the model’s accuracy in predicting
survival outcomes. PCA effectively removes irrelevant data, highlighting key patterns
while reducing overfitting and improving the model’s generalization capabilities [10]. PCA
is also valuable for reducing computational complexity, especially when dealing with large
datasets. Although the computational cost increases when using an ensemble of multiple
machine learning classifiers, this cost is justified by the significant gains in accuracy and
robustness that ensemble methods provide. The added complexity is offset by the improved
generalization and predictive performance achieved through the combination of PCA and
ensemble learning [11].

Principal Component Analysis (PCA): A dimensionality reduction technique that
transforms a large set of features into a smaller set while retaining as much of the original
information as possible. PCA identifies the directions (principal components) in which
the data varies the most and projects the data onto these new axes. The first principal
component captures the largest amount of variance in the data, followed by the second
component, and so on. The transformation is achieved through an orthogonal linear
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transformation, where the data matrix X is transformed into a new matrix Z, representing
the principal components. The principal components are calculated as

Z = XW

Here, X is the original data matrix, W is the matrix of eigenvectors (principal compo-
nents), and Z is the transformed data matrix (projected data). The eigenvectors correspond
to the directions of maximum variance in the data, while the eigenvalues indicate the
amount of variance explained by each principal component. The principal components are
ordered such that

λ1 ≥ λ2 ≥ · · · ≥ λn

where λ1 represents the largest variance, λ2 the second largest, and so on. By selecting
the first few principal components, PCA reduces the dimensionality of the dataset while
retaining the most important variance.

This transformation simplifies the model, reduces computation time by lowering
the number of features, and improves model performance by minimizing overfitting and
enhancing generalization.

2.2.2. Modeling Pipeline

Seven classifiers were employed in this study to analyze their effectiveness in predict-
ing survival. These classifiers were chosen for their strengths in handling various aspects
of classification tasks [12].

Logistic Regression: A statistical model widely used for binary classification problems
where the goal is to predict the probability that a given input instance belongs to one of
two classes. This model is particularly effective when the relationship between features
and binary outcomes is approximately linear.

Support Vector Machine (SVM): A powerful classification algorithm that finds a
hyperplane that best separates classes in the feature space. SVM’s primary objective is to
create a maximum-margin hyperplane that separates data points from different classes,
focusing on the nearest data points, termed support vectors. SVMs are particularly effective
in high-dimensional spaces and are robust to overfitting, especially when the number of
dimensions exceeds the number of samples [13].

K-Nearest Neighbors (KNNs): KNNs is a simple, yet powerful, classification algorithm
that makes predictions based on the majority class of the k nearest data points in the feature
space. KNNs assumes that similar data points are close to each other, and it assigns a class
label to a new data point by finding the majority label among its closest neighbors. One of
the key strengths of KNNs is that it is non-parametric, meaning it makes no assumptions
about the underlying data distribution, making it useful for various types of data [14].

Random Forest: Random Forest is an ensemble technique that builds multiple decision
trees to enhance predictive accuracy by averaging their predictions in regression or voting in
classification tasks. Random Forest is highly effective in handling large, high-dimensional
datasets and is resistant to overfitting due to its use of multiple trees. It also handles missing
values and maintains accuracy [15].

XGBoost (Extreme Gradient Boosting): An advanced implementation of the gradient
boosting framework, designed for efficiency, flexibility, and high performance. Gradient
boosting builds models sequentially, where each new model attempts to correct the errors
introduced by the previous one. XGBoost introduces innovations such as regularization
techniques and efficient sparse data handling, significantly improving performance. Its
main advantages include handling missing data, parallel processing, and regularization
techniques that prevent overfitting [16].

LightGBM: A highly efficient gradient boosting framework optimized for both speed
and performance. It uses a leaf-wise (best-first) tree growth algorithm to achieve deeper
trees and better accuracy compared with level-wise (depth-wise) tree growth used in other
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boosting algorithms. LightGBM is particularly effective in scenarios where the dataset is
very large and has high dimensionality [17].

CatBoost: Another powerful gradient boosting algorithm specifically designed to
efficiently handle categorical features. Based on the gradient boosting framework, CatBoost
improves the way categorical variables are handled and reduces overfitting. It introduces
a technique called ‘order boosting’ to reduce bias due to target leakage, ensuring that
the learning process remains unbiased by splitting the data into separate training and
validation sets at each iteration [18].

2.2.3. Resampling

In addressing the challenge of imbalanced datasets, this study employs several re-
sampling techniques aimed at improving the classification models’ performance. Six
different resampling techniques (SMOTE, SMOTEENN, SMOTETomek, ADASYN, SMOTE
+ ADASYN, and ENN + SMOTE) were applied to evaluate their effectiveness in addressing
class imbalance. After comparison, ENN + SMOTE was selected as the optimal resam-
pling technique for the proposed methodology due to its superior performance. The other
techniques were tested but not included in the final methodology. Additionally, experi-
ments confirmed that the order of resampling, hyperparameter optimization, and ensemble
learning significantly impacts performance, with the current order yielding the best results.

Specifically, the methods were applied after feature engineering and before model train-
ing to ensure that the dataset was balanced before feeding it into the models. These resam-
pling techniques—SMOTE, SMOTEENN, SMOTETomek, ADASYN, SMOTE + ADASYN,
and ENN + SMOTE—help mitigate class imbalance by generating synthetic minority class
samples or cleaning noisy majority class samples. These methods are not specific to the
Titanic dataset but are generally applicable to any dataset suffering from imbalanced class
distributions, ensuring a more generalized methodology.

SMOTE (Synthetic Minority Oversampling Technique): SMOTE is frequently used to
balance data by creating synthetic examples for minority class samples through interpo-
lation. This approach helps balance the class distribution, enabling the classifier to learn
from a more representative sample of the data [19].

SMOTEENN (SMOTE + Edited Nearest Neighbors): SMOTEENN combines the syn-
thetic generation capability of SMOTE with the data cleaning functionality of the Edited
Nearest Neighbors (ENN) technique. SMOTE generates synthetic instances, while ENN
removes instances from the majority class that are incorrectly classified by their nearest
neighbors, thus enhancing the classifier’s performance by reducing noise and the risk of
overfitting [20].

SMOTETomek: SMOTETomek combines SMOTE with Tomek links, a technique that
identifies and removes instances from different classes that are each other’s nearest neigh-
bors. This process not only balances the class distribution but also cleans the overlapping
instances between classes, improving decision boundaries for the classifier.

ADASYN (Adaptive Synthetic Sampling): ADASYN is an adaptive method that
generates synthetic instances for minority class samples that are more difficult to classify
based on the distribution of the data. This method focuses on improving the classifier’s
ability to generalize on harder-to-learn instances, resulting in better performance, especially
for datasets with complex decision boundaries.

SMOTE + ADASYN: This technique combines SMOTE and ADASYN, first using
SMOTE to generate synthetic instances and then applying ADASYN to further focus on
hard-to-learn minority class examples, leading to improved generalization and
model accuracy.

ENN + SMOTE: This method combines the strengths of ENN and SMOTE, where ENN
removes noisy or misclassified instances from the majority class, and SMOTE generates
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synthetic instances for the minority class. This combination reduces noise while improving
the class balance. The process of ENN is formalized as

ENN(D) = {xi ∈ D | yi ̸= majority(kNN(xi))}

where D is the dataset, xi represents an instance, and yi is its label. The kNN(xi) function
finds the nearest neighbors of xi and the misclassified majority class instances are removed,
resulting in a cleaner dataset.

Next, SMOTE generates synthetic instances as

xnew = xi + λ × (xNN − xi)

where xnew is the synthetic data point, xi is the minority class instance, xNN is one of the
nearest neighbors, and λ is a random number between 0 and 1. This combination of ENN
cleaning and SMOTE oversampling results in a more balanced and less noisy dataset,
improving classifier performance.

2.2.4. Optimization of Hyperparameters

In machine learning, hyperparameter optimization is critical for improving model
performance by identifying the best set of hyperparameters that minimize model error. This
study employs three distinct hyperparameter tuning strategies—grid search (G), random
search (R), and Bayesian optimization (B), collectively referred to as GRB in Figure 1—to
optimize model performance. Each method adjusts hyperparameters in different ways,
and the one that achieves the highest accuracy is selected as the optimal approach. The
objective is to identify the most suitable hyperparameter combination while maintaining
computational efficiency.

Grid Search: Grid search is an exhaustive search method that systematically tests all
possible combinations of hyperparameters within a predefined grid. Each combination
is evaluated across multiple cross-validation folds, and the combination that minimizes
the average loss is selected. This method ensures a global optimum is found but can be
computationally expensive for large grids.

Random Search: Random search improves scalability by randomly sampling a fixed
number of hyperparameter combinations from the grid. Instead of evaluating all com-
binations, it tests a subset of possibilities, which significantly reduces computation time.
Although not exhaustive, random search can often find near-optimal solutions more effi-
ciently, particularly when dealing with large grids.

Bayesian Optimization: Bayesian optimization, implemented via BayesSearchCV, is
an advanced technique that constructs a probabilistic model of the objective function.
This surrogate model is used to iteratively select the most promising hyperparameter
combinations for evaluation. Bayesian optimization focuses on the most likely optimal
regions of the hyperparameter space, updating the surrogate model with new information at
each step. This method balances exploration and exploitation, leading to faster convergence
toward the optimal hyperparameters.

By employing these techniques, this study seeks to maximize model performance
while efficiently navigating the trade-off between accuracy and computational complexity.

2.2.5. Ensemble and SWA

The optimal implementation of hyperparameters for the seven models is carried out
using an ensemble learning approach that combines Stacking and Voting classifiers. The
models are wrapped within a pipeline that includes feature selection through SelectKBest,
and the models themselves are retrained and simulated with varying random states. The
final probabilities are then evaluated using the Stochastic Weighted Averaging (SWA)
technique to enhance model performance.

Ensemble Approach (Stacking and Voting): The ensemble method leverages the
strengths of individual models by combining them to improve predictive accuracy and
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robustness. In stacking, multiple base models are trained on the same training data, and a
meta-classifier is used to make the final prediction based on the outputs of these models.
Voting combines the predictions of different models using a soft voting mechanism, where
the final prediction is based on the average predicted probabilities from all models.

Stochastic Weighted Averaging (SWA): SWA enhances the generalization of the model
by averaging the weights of several models trained with slight variations, such as different
random states or random restarts. By retraining the models and averaging their predic-
tions, SWA smooths out the fluctuations in model weight updates, leading to improved
generalization and more stable predictions. Performance metrics are calculated using test
data, and the results are compared before and after applying SWA to assess its impact on
model generalization and accuracy.

2.2.6. Performance Evaluation and Comparison

The predictive modeling task in this study is a binary classification problem, and the
performance of the models is evaluated using several key metrics. The models produce four
possible outcomes. True Positive (TP), False Positive (FP), False Negative (FN), and True
Negative (TN). These outcomes help assess the model’s strengths and weaknesses, ensuring
that the selected algorithm is well suited for the classification task. The effectiveness of
the model in distinguishing survival outcomes is measured using the following evaluation
metrics: accuracy, precision, recall (Equation (5)), and F1 score (Equations (1)–(4)). Ad-
ditionally, the Receiver Operating Characteristic (ROC) curve and Precision–Recall (P-R)
curve are used to provide further insights into model performance [21].

To interpret prediction error and optimize performance, the mean absolute error
(MAE) is calculated as the average difference between the predicted and actual values
(Equation (6)). A combinatorial approach is employed to create a weighted combination
of multiple models or features, allowing the system to leverage the strengths of different
models for superior predictive accuracy [22].

These evaluation metrics and techniques ensure that model optimization is achieved
by fine-tuning the algorithm’s parameters, thereby maximizing classification accuracy and
improving generalization.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F1 = 2 × Precision × Recall
Precision + Recall

(4)

TPR =
TP

TP + FN
, FPR =

FP
FP + TN

(5)

MAE =
1
n

n

∑
i=1

| yi − ŷi | (6)

3. Experimental Results and Discussions
3.1. Data Preprocessing and Feature Engineering

In this study, a comprehensive preprocessing and feature engineering process was
implemented on the Titanic dataset. The model was tested on Python and r2022a platform
on a computer with a 4-core 1.6 GHz Intel Core i5 8250U and 16 GB RAM. The Titanic dataset
is provided with a predefined training set (891 records) and test set (418 records). These sets
were concatenated temporarily during the preprocessing step to ensure consistent handling
of missing values, feature engineering, and scaling across the entire dataset. The missing
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values were handled using median or mode imputation, and new features, such as title,
family size, interactive features, deck, and family survival patterns, were extracted and
generated. After preprocessing, the dataset was split back into its original train and test sets.
Categorical variables were encoded into numerical values, and feature scaling was applied
using ‘StandardScaler’. While Step 1 (Feature Engineering) may appear dataset-specific in
this study, the concept of feature engineering is highly generalizable. For other datasets,
domain expertise would be used to extract meaningful features. Feature engineering is
not limited to the Titanic dataset but rather serves as an adaptable step in the machine
learning process, applicable to any problem where domain-specific features are beneficial.
This comprehensive feature engineering approach was designed to capture the complex
relationships between variables and improve the overall performance of the model in
predicting survival.

3.2. Feature Analysis
3.2.1. Feature Exploration and Visualization

For optimization, this study uses a custom function (Figure 1) to automate the sta-
tistical analysis and visualization process for key variables in the dataset. This function
produces a single plot that overlays the feature distributions for the surviving group and
the non-surviving group. The distributions are plotted using histograms and kernel density
estimates (KDEs), allowing a visual comparison of the behavior of the features across the
two groups.

The four plots illustrate how key characteristics—Age, SibSp (siblings/spouse aboard),
Parch (parents/children aboard), and Fare—are distributed based on Titanic passengers’
survival status (Figure 2): (a) survivors tend to be slightly younger than non-survivors,
but the difference is not statistically significant (p~0.053), and both groups show a non-
normal distribution; (b) while survivors generally have fewer siblings or spouses on
board, the difference between survivors and non-survivors is not significant (p~0.292),
with both distributions being non-normal; (c) survivors tend to have higher Parch values,
indicating they traveled with more family members, and this difference is statistically
significant (p~0.015), though both groups are non-normally distributed; and (d) survivors
paid significantly higher fares, indicating that passengers in higher classes had better
chances of survival, with the difference being highly significant (p = 0.000) and both groups
showing non-normal distributions.
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In summary, Fare and Parch show significant differences between survivors and non-
survivors, while Age and SibSp do not. All features exhibit non-normal distributions,
which is typical for these types of data. This automated feature exploration ensures a
consistent analysis of multiple variables, providing insight into key survival predictors.

3.2.2. Correlation Analysis of Features

Figure 3 generates a correlation heatmap to evaluate and compare feature correlations
across multiple steps of data processing to ensure consistency across the dataset. This
heatmap shows the normalized and processed correlation matrix of the dataset, excluding
the target variable (Survived). The 17 features displayed in the heatmap represent the
processed and engineered variables utilized for model training after the completion of all
preprocessing steps. These features are the result of various preprocessing steps, such as
categorical variable encoding, feature interactions, and missing value imputation. The
features included in this heatmap are the features selected to train the model after applying
the necessary transformations. The 17 variables used are defined in Table 1, which details
the rationale for including each feature and its expected influence on the survival prediction.

Appl. Sci. 2024, 24, x FOR PEER REVIEW 11 of 23 
 

 

12 Embarked_Q Binary variable for passengers who embarked from Queenstown. 

13 IsAlone Binary feature indicating whether the passenger was traveling 
alone. 

14 Deck Deck level of the passenger’s cabin. Higher decks may have 
offered better survival chances. 

15 FamilySurvival Reflects the survival likelihood of family members onboard. 

16 Age Class 
Interaction between age and class, capturing the combined effect 
on survival. 

 
Figure 3. Comparison of functional correlations in data. 

3.3. Overfitting 
3.3.1. Model Evaluation and Overfitting Detection 

The evaluated models include Logistic Regression, SVM, KNN, Random Forest, 
XGBoost, LightGBM, and CatBoost. The main performance metrics calculated and 
displayed are the area under the Receiver Operating Characteristic (ROC) curve and the 
Average Precision (AP) of the Precision–Recall (P-R) curve. Among the models, CatBoost 
exhibited the highest AUC (0.9411) and Average Precision (0.9269), making it the most 

Figure 3. Comparison of functional correlations in data.



Appl. Sci. 2024, 14, 9772 11 of 22

Table 1. Summary of the 17 Features Used for Survival Prediction.

# Feature Name Description

0 Age Age of the passenger. Younger passengers had a higher survival
likelihood.

1 Fare The fare paid for the ticket. Higher fares often indicated better
survival chances.

2 Title Social status derived from the passenger’s name (e.g., Mr., Mrs.,
Miss).

3 FamilySize Size of the passenger’s family onboard, including siblings, spouses,
parents, and children.

4 Fare_Per_Person The fare divided by family size, reflecting relative cost per person.

5 Pclass_1 Binary variable for first-class passengers, who generally had better
survival chances.

6 Pclass_2 Binary variable for second-class passengers.

7 Pclass_3 Binary variable for third-class passengers, who generally had lower
survival rates.

8 Sex_Male Binary variable indicating male passengers. Gender played a key
role in survival.

9 Sex_Female Binary variable indicating female passengers.

10 Embarked_C Binary variable for passengers who embarked from Cherbourg.

11 Embarked_S Binary variable for passengers who embarked from Southampton.

12 Embarked_Q Binary variable for passengers who embarked from Queenstown.

13 IsAlone Binary feature indicating whether the passenger was traveling
alone.

14 Deck Deck level of the passenger’s cabin. Higher decks may have offered
better survival chances.

15 FamilySurvival Reflects the survival likelihood of family members onboard.

16 Age Class Interaction between age and class, capturing the combined effect on
survival.

3.3. Overfitting
3.3.1. Model Evaluation and Overfitting Detection

The evaluated models include Logistic Regression, SVM, KNN, Random Forest, XG-
Boost, LightGBM, and CatBoost. The main performance metrics calculated and displayed
are the area under the Receiver Operating Characteristic (ROC) curve and the Average
Precision (AP) of the Precision–Recall (P-R) curve. Among the models, CatBoost exhibited
the highest AUC (0.9411) and Average Precision (0.9269), making it the most effective
model in terms of distinguishing between survivors and non-survivors with high precision.
Random Forest also showed strong performance, with an AUC of 0.9289, though its lower
Average Precision (0.8877) indicates it may be less accurate in predicting positive outcomes
compared with CatBoost. Logistic Regression (AUC 0.9257, AP 0.9144) and LightGBM
(AUC 0.9205, AP 0.9019) delivered balanced and reliable results, while SVM and KNNs had
the lowest AUCs (0.9045 and 0.8900, respectively), suggesting that these models may not
be as effective, particularly when considering precision in positive predictions (Figure 4).

In addition to AUC and Precision–Recall metrics, the models’ performance was further
evaluated using additional metrics such as accuracy, precision, recall, and F1 score, as
outlined in Table 2. CatBoost consistently delivers strong performance, achieving an
accuracy of 0.87, a precision of 0.88, and an F1 score of 0.84, reinforcing its superiority in
handling this classification task. LightGBM also stands out with an accuracy of 0.86, while
SVM and Random Forest demonstrate slightly lower accuracy but remain competitive.



Appl. Sci. 2024, 14, 9772 12 of 22

Interestingly, KNNs lags slightly behind in terms of both accuracy and F1 score, indicating
that it may not be as well suited for this dataset.
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Table 2. Model Performance Metrics.

Model Accuracy Precision Recall F1 Score

Logistic
Regression 0.84 0.84 0.77 0.80

SVM 0.86 0.89 0.76 0.82

KNN 0.83 0.83 0.73 0.78

Random Forest 0.84 0.84 0.77 0.80

XGBoost 0.83 0.81 0.77 0.79

LightGBM 0.86 0.85 0.81 0.83

CatBoost 0.87 0.88 0.80 0.84

The overfitting assessment, visualized in Figure 5, highlights significant overfitting
in models such as Random Forest and XGBoost, where training accuracies (98.74% and
98.03%) were much higher than test accuracies (84.36% and 83.24%, respectively). This
indicates that these models tend to memorize the training data and struggle to generalize
to new data. Logistic Regression and SVM, with closely aligned training and test accura-
cies (Logistic: 85.25% training, 84.36% test; SVM: 86.38% training, 86.03% test), exhibited
minimal overfitting. CatBoost also showed a relatively small gap between training (92.56%)
and test accuracy (87.15%), although there was still a slight tendency to overfit. Light-
GBM demonstrated a larger gap (97.05% training, 86.03% test), but it remained within a
reasonable range.

These results underscore the tradeoff between model complexity and generalization.
Models like Random Forest and XGBoost, which are more complex, tend to overfit unless
properly regularized, while simpler models like Logistic Regression and SVM generalize
better. This emphasizes the importance of using validation techniques such as cross-
validation, ensembling, or data augmentation to improve model robustness and mitigate
overfitting in real-world applications where the model may fail when exposed to new data.
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3.3.2. Principal Component Analysis (PCA) and Overfitting Mitigation

Figure 6 demonstrates that applying Principal Component Analysis (PCA) significantly
reduces overfitting in all models compared with their performance without PCA. Previously,
models such as Random Forest exhibited substantial overfitting, with a large discrepancy
between training and test accuracies. After applying PCA, overfitting was mitigated,
resulting in more balanced performance across training and test datasets. For example,
Random Forest, which previously had a training accuracy of 98.74% and a test accuracy of
84.36%, now shows more balanced results with a training accuracy of 83.43% and a test
accuracy of 83.24%. This indicates that PCA effectively reduces model complexity, helping
to prevent overfitting by removing noise from the training data, resulting in improved
generalization to unseen data.
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Figure 7 compares the models with and without PCA, focusing on the difference
between training and test accuracies, a direct indicator of overfitting. A large difference
suggests that the model is overfitting, as it performs well on the training data but poorly
on the test data.
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Before applying PCA, models like Random Forest and XGBoost exhibited significant
overfitting. For Random Forest, the gap between training and test accuracies was 14.38%
(98.74% vs. 84.36%), and for XGBoost, the gap was 14.79% (98.03% vs. 83.24%). After
applying PCA, these gaps were dramatically reduced to 0.19% (83.43% vs. 83.24%) for
Random Forest and 0.88% (83.00% vs. 82.12%) for XGBoost, demonstrating that PCA was
very effective in controlling overfitting in these models.

For other models, the initial overfitting was less severe but still present. For example,
Logistic Regression showed a small gap between training and test accuracies before PCA
(0.85% difference, 85.25% vs. 84.36%), and after PCA, the gap remained minimal (0.74%,
83.42% vs. 82.68%). Similarly, LightGBM saw its training–test accuracy gap reduce from
10.17% (97.05% vs. 86.03%) to 0.60% (82.72% vs. 82.12%) after applying PCA. CatBoost also
benefited from PCA, with the overfitting gap decreasing from 5.41% (92.56% vs. 87.15%) to
1.02% (82.59% vs. 81.56%).

In conclusion, PCA proved to be an effective strategy in mitigating overfitting for all
the models evaluated, particularly for complex models like Random Forest and XGBoost,
where the initial overfitting was more pronounced. Across all models, PCA helped bring
training and test accuracies closer together, thereby improving generalization and ensuring
better performance on unseen data.

3.4. Resampling Methods

To address the challenge of imbalanced data in the Titanic dataset, six resampling
methods were applied and evaluated. The purpose of this process was to balance the
number of survivors and non-survivors, which is critical for improving the model’s ability
to generalize and accurately predict survival outcomes. The six methods used were SMOTE
(Synthetic Minority Oversampling Technique), which generates synthetic samples from
the minority class; SMOTETomek, a combination of SMOTE and Tomek links to remove
noisy data points; ADASYN, which generates synthetic data focused on the minority class
instances that are harder to classify; SMOTE+ADASYN, a hybrid of SMOTE and ADASYN
techniques; TomekLinks, an undersampling method that removes overlapping majority
class samples; and ENN + SMOTE, which combines Edited Nearest Neighbors (ENN) to
clean noisy majority samples with SMOTE for minority oversampling.

Among these methods, as shown in Figure 8, ENN + SMOTE demonstrated the
best performance, with a cross-validation accuracy of 0.89210, outperforming the other
methods. This method’s strength lies in its ability to not only generate synthetic minority
samples but also to clean the majority class by removing borderline or misclassified samples
through ENN, which enhances model generalization and reduces the risk of overfitting.
SMOTETomek and TomekLinks also performed well, with accuracies of 0.84102 and 0.83650,
respectively, while SMOTE, SMOTE + ADASYN, and ADASYN yielded lower performance.



Appl. Sci. 2024, 14, 9772 15 of 22

Appl. Sci. 2024, 24, x FOR PEER REVIEW 15 of 23 
 

 

In conclusion, PCA proved to be an effective strategy in mitigating overfitting for all 
the models evaluated, particularly for complex models like Random Forest and XGBoost, 
where the initial overfitting was more pronounced. Across all models, PCA helped bring 
training and test accuracies closer together, thereby improving generalization and 
ensuring better performance on unseen data. 

3.4. Resampling Methods 
To address the challenge of imbalanced data in the Titanic dataset, six resampling 

methods were applied and evaluated. The purpose of this process was to balance the 
number of survivors and non-survivors, which is critical for improving the model’s ability 
to generalize and accurately predict survival outcomes. The six methods used were 
SMOTE (Synthetic Minority Oversampling Technique), which generates synthetic 
samples from the minority class; SMOTETomek, a combination of SMOTE and Tomek 
links to remove noisy data points; ADASYN, which generates synthetic data focused on 
the minority class instances that are harder to classify; SMOTE+ADASYN, a hybrid of 
SMOTE and ADASYN techniques; TomekLinks, an undersampling method that removes 
overlapping majority class samples; and ENN + SMOTE, which combines Edited Nearest 
Neighbors (ENN) to clean noisy majority samples with SMOTE for minority 
oversampling. 

Among these methods, as shown in Figure 8, ENN + SMOTE demonstrated the best 
performance, with a cross-validation accuracy of 0.89210, outperforming the other 
methods. This method’s strength lies in its ability to not only generate synthetic minority 
samples but also to clean the majority class by removing borderline or misclassified 
samples through ENN, which enhances model generalization and reduces the risk of 
overfitting. SMOTETomek and TomekLinks also performed well, with accuracies of 
0.84102 and 0.83650, respectively, while SMOTE, SMOTE + ADASYN, and ADASYN 
yielded lower performance. 

 
Figure 8. Cross-validation accuracy for resampling methods. 

By selecting ENN + SMOTE, the model benefits from a cleaner, more balanced dataset 
that better represents both classes, leading to improved predictive performance and more 
reliable survival predictions on unseen data. 

3.5. Hyperparameter Optimization and Model Visualization 
3.5.1. Hyperparameter Optimization 

This study uses three methods for hyperparameter tuning, grid search, random 
search, and Bayesian optimization, across seven machine learning models: Logistic 
Regression, Support Vector Machine (SVM), K-Nearest Neighbors (KNNs), Random 
Forest, XGBoost, LightGBM, and CatBoost. Hyperparameter tuning was consistently 
applied to all seven models. Figures 9 and 10 specifically illustrate the tuning process for 
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By selecting ENN + SMOTE, the model benefits from a cleaner, more balanced dataset
that better represents both classes, leading to improved predictive performance and more
reliable survival predictions on unseen data.

3.5. Hyperparameter Optimization and Model Visualization
3.5.1. Hyperparameter Optimization

This study uses three methods for hyperparameter tuning, grid search, random search,
and Bayesian optimization, across seven machine learning models: Logistic Regression,
Support Vector Machine (SVM), K-Nearest Neighbors (KNNs), Random Forest, XGBoost,
LightGBM, and CatBoost. Hyperparameter tuning was consistently applied to all seven
models. Figures 9 and 10 specifically illustrate the tuning process for logistic regression.
The same tuning approach was applied to the other models, SVM, KNN, Random Forest,
XGBoost, LightGBM, and CatBoost, even though the figures focus on logistic regression.
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Figure 9 presents a comparison of the accuracy achieved by each optimization method.
First, grid search exhaustively explored all possible combinations of predefined hyperpa-
rameters, yielding an accuracy of 0.8702 and a mean absolute error (MAE) of 0.0803, albeit
at a significant computational cost. Second, random search efficiently sampled random
combinations, resulting in the same accuracy and MAE as grid search while requiring
fewer computational resources. Finally, Bayesian optimization employed a probabilistic
model to focus on the most promising regions of the hyperparameter space, achieving the
highest accuracy of 0.8757 and a lower MAE of 0.0730, thus proving to be the most effective
method in terms of both performance and computational efficiency. The best hyperpa-
rameters identified by Bayesian optimization included a moderate regularization strength
(C = 0.0101) and a maximum iteration count of 121. Therefore, Bayesian optimization was
determined to be the most effective approach for optimizing model performance while
balancing computational cost.

Figure 10 further illustrates the differences between training and test accuracy for each
method, with arrows highlighting potential overfitting. Grid search and random search
both showed a difference of −0.0495 between training and test accuracy, while Bayesian
optimization exhibited a slightly larger gap of −0.0513. Despite this small difference,
Bayesian optimization still demonstrated the lowest overall risk of overfitting, indicating
better generalization to unseen data compared with the other methods. Therefore, Bayesian
optimization was identified as the most effective method, balancing model complexity,
generalization, and computational efficiency. Based on one’s code and output, the result
from Bayesian optimization will be returned as the best estimator.

In this study, hyperparameter tuning was applied consistently across seven machine
learning models: Logistic Regression, Support Vector Machine (SVM), K-Nearest Neighbors
(KNN), Random Forest, XGBoost, LightGBM, and CatBoost. Each model underwent the
same optimization process using grid search, random search, and Bayesian optimization to
ensure comparability in performance evaluation. The goal was to identify the optimal set
of hyperparameters for each model while balancing accuracy, mean absolute error (MAE),
and computational efficiency. This uniform approach ensures that the models are evaluated
on an equal footing, allowing for a fair comparison of their predictive performance and
generalization ability.

3.5.2. Model Visualization

Figure 11 presents a comparison of model performance across three different config-
urations, with accuracy visualized by the three ‘Model Comps’ and mean absolute error
(MAE) represented by two ‘MAE Comps’.

Model Comp 1 corresponds to the accuracy achieved after applying regularization
techniques, without applying Principal Component Analysis (PCA) to any models. The
highest accuracy in this configuration was observed for the Random Forest model (0.9874),
suggesting potential overfitting due to its high accuracy on the training data.

In Model Comp 2, where three hyperparameter optimization techniques (grid search,
random search, and Bayesian search) were applied, the accuracy was more balanced across
models. CatBoost achieved the highest accuracy at 0.9104, indicating that these optimization
methods improved performance while mitigating overfitting.

Model Comp 3 shows the accuracy obtained using the ensemble voting classifier,
which combines the best models from each optimization method. This configuration
achieved the highest accuracy, particularly for CatBoost and LightGBM, both of which
reached 0.9416, demonstrating strong generalization capabilities.

The MAE Comp 1 represents the error in the regularization scenario (Model Comp
1), where the Random Forest model, despite its high accuracy, had a relatively high MAE,
suggesting poorer generalization. In contrast, the MAE Comp 2 shows the error when
using the ensemble voting classifier (Model Comp 3). The lower MAE values, especially
for CatBoost and LightGBM (with the lowest MAE at 0.0584), indicate that these models
not only achieved higher accuracy but also significantly reduced prediction error.
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In summary, the MAE comparison reveals that while regularization can improve
accuracy (Model Comp 1), it may not be sufficient to reduce prediction error. The ensemble
voting approach in Model Comp 3, however, not only achieved superior accuracy but also
minimized average error, reflecting improved generalization and robustness across models.

3.5.3. Ensemble by All Model ROC and P-R Curve

Figure 12 evaluates the performance of seven machine learning models using the
ensemble voting classifier. The performance of the models is measured using two main
metrics: Area Under the Receiver Operating Characteristic curve (AUC) and Average
Precision (AP).
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These metrics provide valuable insights into each model’s ability to separate classes
and deliver precise classification. The linear model Logistic Regression performed well,
achieving an AUC of 0.9618 and an Average Precision (AP) of 0.9619, indicating high
precision in distinguishing between positive and negative classes. Similarly, the SVM
model showed strong performance, comparable to Logistic Regression, with an AUC of
0.9620 and an AP of 0.9618. However, K-Nearest Neighbors (KNNs) underperformed
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relative to the other models, with an AUC of 0.9148 and an AP of 0.8732, suggesting
limitations in handling this dataset effectively in terms of precision and class separation.

The Random Forest model achieved the highest overall performance, with an AUC of
0.9767 and an AP of 0.9812, demonstrating its ability to manage the dataset’s complexity
and provide accurate classification. The XGBoost model also showed strong performance
but with a slightly lower AUC of 0.9553 and AP of 0.9608, while still proving to be robust.
LightGBM performed similarly well, with an AUC of 0.9739 and AP of 0.9775, positioning
it among the top performers.

Finally, CatBoost, which is optimized for categorical data, demonstrated strong class
separation and accuracy, with an AUC of 0.9635 and AP of 0.9670.

Overall, ensemble methods, particularly Random Forest, LightGBM, and XGBoost,
proved to be highly effective in classifying the Titanic dataset. These models captured the
data’s underlying patterns more effectively than individual models like Logistic Regression
and SVM, thanks to the strengths of ensemble learning. This finding suggests that combin-
ing models using ensemble techniques can lead to highly accurate and precise predictions.
Moving forward, Stacking and Voting will be applied as ensemble methods, along with
SWA, to further enhance prediction precision.

3.6. Stochastic Weighted Averaging (SWA) and Final Ensemble Model

In this study, a final ensemble model was implemented, combining Stacking and
Voting classifiers, followed by the application of Stochastic Weighted Averaging (SWA)
to improve model generalization and performance. The ensemble was constructed using
seven base models: Logistic Regression (LR), SVM, K-Nearest Neighbors (KNN), Random
Forest (RF), XGBoost, LightGBM, and CatBoost. Each model was integrated into a pipeline
that included feature selection via SelectKBest. The results of the ensemble before and after
SWA implementation are shown in Figure 13.
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3.6.1. Model Training and Performance Before SWA

The ensemble model was initially evaluated without SWA. The Stacking classifier,
using XGBoost as the meta-model, and the Voting classifier, which employed a soft voting
mechanism, were applied to the test data. The accuracy and mean absolute error (MAE)
were calculated to assess the model’s performance. The model achieved an accuracy of
0.9197 and an MAE of 0.0803, indicating strong baseline performance with reasonable
accuracy and minimal error.

3.6.2. Application of SWA and Performance After SWA

The final stage involved applying SWA, wherein the ensemble model was retrained
multiple times with slight variations in initial conditions (random states). The retrained
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models were combined using SWA, which averages model weights over multiple iterations,
thereby improving generalization and reducing overfitting. After SWA, the model’s per-
formance significantly improved, achieving an accuracy of 0.9489, with the MAE further
reduced to 0.0511. This increase in accuracy and reduction in error demonstrates SWA’s
effectiveness in enhancing the model’s ability to generalize to unseen data, providing a
more robust predictive solution.

3.6.3. Conclusion of the Ensemble and SWA Results

The application of SWA resulted in a substantial improvement in the model’s predic-
tive power, with accuracy increasing from 0.9197 to 0.9489—a gain of approximately 3%.
These findings confirm that SWA effectively enhances the generalization performance of
ensemble models, making it a valuable approach for machine learning tasks. The results
demonstrate that combining Stacking and Voting ensemble methods with SWA leads to
more accurate and reliable predictions, especially for complex datasets like the Titanic
dataset. The final model’s robustness, reflected in its reduced MAE and higher accuracy
after SWA, suggests that this approach is ideal for achieving both precision and stability in
predictive tasks.

3.6.4. SWA Performance Indicators and ROC and P-R Curve

Table 3 presents the evaluation metrics for the classification task, comparing the
model’s performance before and after applying Stochastic Weighted Averaging (SWA). As
shown, the model’s accuracy increased significantly from 0.92 to 0.95 after SWA. Further-
more, the precision, recall, and F1 score metrics reflect enhanced predictive capability, with
precision reaching a perfect score of 1.00 post SWA. These results indicate that SWA not only
improved the model’s accuracy but also boosted its overall reliability and effectiveness.

Table 3. Performance Metrics Before and After Applying SWA.

Model Accuracy Precision Recall F1 Score

SWA (before) 0.92 0.90 0.92 0.91

SWA (after) 0.95 1.00 0.88 0.94

Evaluation of the final optimized ensemble model resulted in the following indices:
AUC (Area Under the Curve) of 0.98 and AP (Average Precision) of 0.98, as shown in
Figure 14. These indices confirm that the ensemble model provides not only high accuracy
but also excellent precision and recall, making it highly effective for classification tasks.
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4. Discussion

This study presents a comprehensive ensemble-based approach to enhancing predic-
tive performance in classification tasks, with a focus on the Titanic dataset. By integrating
seven diverse machine learning models—Logistic Regression, Support Vector Machine
(SVM), Random Forest, XGBoost, LightGBM, and CatBoost—into a unified ensemble, the
model’s robustness and accuracy were significantly improved. The combination of Stack-
ing and Voting strategies leverages the strengths of each individual model, allowing the
ensemble to capture complex data patterns more effectively than any single model could.

Furthermore, the application of Stochastic Weight Averaging (SWA) was pivotal in
improving the generalization of the ensemble model. SWA averaged the model weights
over multiple training cycles, reducing the likelihood of overfitting and enabling the model
to generalize better to unseen data. This step was crucial, as models without SWA showed
a tendency to perform well on training data but were less robust when applied to new
data. After applying SWA, the model exhibited a substantial improvement in test accuracy,
precision, and other key performance metrics.

The key findings of this study highlight the ensemble model’s effectiveness, with
notable improvements in accuracy, AUC, and Average Precision after the application of
SWA. Specifically, the ensemble model’s accuracy increased from 91.97% to 94.89%, while
the AUC and Average Precision both reached 0.98. These improvements indicate that
the combination of Stacking, Voting, and SWA provides a highly effective framework for
building accurate and reliable classification models.

To provide a comprehensive evaluation of our model’s performance, we compared our
results with those of several recent studies using the Titanic dataset. Gupta and Saurabh
(2023) [23] implemented an ensemble approach combining Random Forest, SVM, and
Gradient Boosting, achieving an accuracy of 81.3%. In another study, Wu (2024) [24]
compared AdaBoost, XGBoost, and Random Forest with Random Forest, yielding a highest
accuracy of 83.205%. Manjusha et al. (2023) [25] also performed a comparative analysis
using various machine learning models, reporting an accuracy of 81.10% with a Gradient
Boost Trees model. Finally, Zhang (2024) [26] achieved an accuracy of 87.5% with XGBoost
and Random Forest.

In comparison, our model, which incorporates dimensionality reduction (PCA), im-
balanced data handling (SMOTE-ENN), and ensemble learning enhanced by Stochastic
Weighted Averaging (SWA), achieved an accuracy of 94.89% and an AUC of 0.98. These
results highlight the effectiveness of our hybrid approach in handling data imbalance and
optimizing prediction accuracy, outperforming other models in terms of both accuracy
and generalization.

This paper makes comparisons with works cited in references [23–26], which are
studies that used machine learning methodologies on survival prediction tasks. However,
while our case study is comparable to these works, the methodology we propose is more
general and not limited to survival prediction alone. The same steps can be adapted for
other classification tasks, particularly those involving class imbalance, missing data, or
complex feature interactions.

5. Conclusions

In conclusion, this study demonstrates the significant benefits of employing ensem-
ble methods, particularly the combination of Stacking and Voting strategies followed by
Stochastic Weight Averaging (SWA) in predictive modeling tasks. The integration of seven
machine learning models into an ensemble allowed for a robust and highly accurate clas-
sification system capable of handling complex datasets with a high degree of precision.
The application of SWA further improved the model’s ability to generalize, minimizing the
generalization error and boosting overall performance metrics.

The results of this study underscore the effectiveness of ensemble learning, particularly
when enhanced by SWA, in achieving high accuracy and reliability in classification tasks.
With an accuracy improvement from 91.97% to 94.89% and consistently high AUC and
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Average Precision values of 0.98, the final model demonstrates superior predictive perfor-
mance. This approach shows great potential for applications in other complex predictive
modeling tasks, where maximizing accuracy and reducing overfitting are critical objectives.

Future research could explore the extension of this methodology to other datasets
and domains, as well as the impact of different model configurations and hyperparameter
tuning strategies on the overall performance of the ensemble model. Moreover, further in-
vestigation into alternative methods for reducing overfitting and improving generalization,
such as data augmentation or additional regularization techniques, could complement the
results observed in this study.
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