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This study explores how dataset complexity
affects the performance of XGBoost models optimi-
zed using Bayesian methods, focusing on datasets
characterized by imbalanced class distributions.
The main challenge is accurately identifying mino-
rity classes, which are often misdiagnosed due to the
dominance of majority classes, impairing predictive
power. Additionally, dataset complexity, as indica-
ted by the coefficient of variation (14.64 % to 85.68 %),
does not consistently correlate with improved model
performance, highlighting the need for more targe-
ted methods. High-dimensional datasets may not
be as accurate as simpler ones and require the use
of advanced approaches. By using Bayesian opti-
mization, it is possible to fine-tune hyperparame-
ters and improve classification performance on
different types of datasets. This indicates that the
selection of appropriate resampling techniques to
match the characteristics of the dataset is critical,
and that hyperparameter optimization plays an
important role in building models with high accu-
racy. The applications extend to areas such as fraud
detection and other fields where the categorization
of minority groups is important. Through the use of
efficient resampling techniques and advanced opti-
mization methods, this study offers a comprehen-
sive solution to the challenges of imbalanced data-
sets, enhancing the reliability of machine learning
solutions. The variation in resampling techniques
and optimizing model performance metrics can be
attributed to the distribution of classes, the number
of features, the complexity, and the characteristics
of the datasets
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1. Introduction

The fast-evolving domain of machine learning has always
called for data classification with much accuracy, especially in
the case of imbalanced class distribution. In predictive model-
ing, the most significant challenge arises from the presence of an
imbalanced class distribution dataset when one class outweighs
the other considerably. This is a common problem in many do-
mains, including healthcare, finance, and cybersecurity, where
misclassifying minority classes leads to serious consequences
such as diseases going undiagnosed or fraud undetected [1]. The
subject of dealing with imbalanced class distribution datasets is,
therefore, very relevant and crucial for the further advancement
of reliable applications in machine learning [2].

With the advent of big data, the complexity of the data-
sets has increased. High-dimensional datasets can be rich
in information, but they can bring noise and complicate the
learning process [3]. This can easily cause overfitting, where
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models perform well during training but fail to generalize to
unseen data. In such a case, it becomes vitally important to
understand the nature of the dataset complexity that impacts
model performance for developing robust machine learning
solutions. The challenge lies herein for any researcher or prac-
titioner to overcome these complexities so that the models are
accurate and reliable, at least on the minority classes, which
usually tend to be the target of interest.

Bayesian optimization has cropped up as one of the stron-
gest mechanisms for hyperparameter tuning, which has faci-
litated a systematic and efficient approach toward model op-
timization [4]. This bears relevance to the context of complex
datasets, wherein traditional mechanisms of optimization
usually fail. For example, it could help to fine-tune the model
parameters and contribute to improvement when conditions
are so inopportune under imbalance classes. This needs sup-
port on advanced optimization along with the techniques of
effective resampling, such as SMOTE. There would then arise




better improvements within enhancing models for sensitivity
pertaining to minority classes.

Even with Machine Learning with optimization, many are
there in terms of resolving different arising problems present-
ed through imbalanced data with its inherent complexities [5].
Although different directions have been taken by existing lite-
rature, there are still significant gaps with respect to the fine-
grained interaction of dataset characteristics and model per-
formance [6]. Moreover, the efficiency of various resampling
techniques with some new complex optimization methods has
not been studied yet. Since the world of data science is conti-
nuously changing, there is a need for research directed toward
addressing these unresolved issues to assure the effective ap-
plication of machine learning models in real-world scenarios.

Therefore, the study of dataset complexity in Bayesian
optimization XGBoost is highly relevant in datasets with an
imbalanced class distribution. Not only will it contribute to
the theoretical understanding, but it will also provide practi-
cal solutions to enhance reliability and accuracy in predictive
models across critical applications.

2. Literature review and problem statement

Class imbalance in machine learning has been one of the
most discussed topics in recent years, especially in applications
where misclassification of minority classes can have severe
consequences. The paper by [7] presents the results of research
related to class imbalance learning using Bayesian optimization
in drug discovery. They illustrate that Bayesian methods can
effectively enhance model performance in identifying minority
classes. However, some of these problems remain open, like
those related to scalability for these methods on high-dimen-
sional datasets, which usually are filled with noise and thereby
make the learning more complicated. This is probably due to
some objective difficulties because such datasets are inherently
so complex that generalization would be hindered by overfitting.
[8] investigate several Bayesian optimization algorithms for big
data classification under the MapReduce framework. Their
results suggest that while Bayesian optimization may lead to
improved classification performance, the intrinsic impossibility
of traditional optimization methods to deal with the challenges
of imbalanced datasets is still a formidable barrier. This means
that there is a need for more targeted approaches that can adapt
to the specific characteristics of imbalanced datasets.

[9] works on efficient hyperparameter tuning to predict
the performance of students using Bayesian optimization.
The research explains the significance of hyperparameter
optimization in enhancing model accuracy, but the problem
does not consider the intricacies brought about by imbalanced
datasets. This is an indication that, although hyperparameter
tuning is necessary, it must be supplemented with resampling
techniques for better performance in the minority classes.
[10] give a holistic review on some of the recent works in
Bayesian optimization with a stress on its capability to en-
hance machine learning models. However, they also indicated
that there is a lack of research in the interaction between data-
set complexity and performance, particularly on imbalanced
datasets. This lack of understanding underlines the need for
further research to explore how Bayesian optimization can be
effectively applied to enhance the performance of models like
XGBoost in these challenging scenarios.

[11] propose a hybrid Bayesian optimization approach for
malicious access and anomaly detection in IoT systems. Their

work demonstrates the effectiveness of combining Bayesian
optimization with advanced machine learning techniques.
However, the cost part in terms of computational resources
and time associated with complex models can make such
approaches impractical for real-time applications, particularly
in high-dimensional settings. [12] present the performance of
a federated Bayesian optimization XGBoost model on detect-
ing cyberattacks in the Internet of Medical Things. While their
findings showed very promising results, they did not deeply
delve into the challenge of an imbalanced dataset, which
means more research might be needed to show the optimal
performance of this proposed model.

[13] propose a new Bayesian-Optimization-Based Syn-
thetic Minority Over-Sampling Technique called BO-SMOTE.
According to their findings, the use of Bayesian optimization
in conjunction with SMOTE has the potential to improve the
classification performance of minority classes. Nevertheless,
this is not yet comprehensively studied on high-dimensio-
nal datasets, which calls for further research. In addition,
[14] detail improving algorithm interpretability and accuracy
when borderline-SMOTE is employed, using Bayesian opti-
mization. Although, their conclusion says that though this
enhances the performance of models significantly, it faces
huge problems in processing such big dimensionally imba-
lanced datasets.

In light of the above, there is an urgent need for Bayesian-
optimized XGBoost study concerning dataset complexity for
datasets with imbalanced class distribution. This research
shall strive toward adopting a holistic approach through
structured studies into how characteristic features of datasets
interplay with resampling methods and hyperparameter op-
timization to address the challenge that imbalanced datasets
pose effectively and further work toward developing predic-
tive models as more dependable and accurate, especially in
critical applications.

3. The aim and objectives of the study

This study aims to identify the relationship between dataset
complexity and the performance of XGBoost when optimized
through Bayesian methods, particularly in the context of im-
balanced class distribution datasets. It will facilitate the deve-
lopment of more robust machine learning models by leveraging
efficient resampling techniques and advanced optimization
methods, improving performance in applications such as fraud
detection and the categorization of minority groups.

To achieve this aim, the following objectives are accom-
plished:

- to evaluate SMOTE, ENN, and SMOTE-ENN as methods
for addressing class imbalance and analyze their impact on
class distributions, highlighting their advantages, limitations,
and effectiveness in balancing datasets;

- to analyze feature dimensionality, class overlap and spar-
sity, overfitting, and feature redundancy across varying com-
plexity levels;

- to utilize Bayesian optimization to tune XGBoost hyper-
parameters, including learning rate, depth, estimators, and
regularization, by minimizing cross-validation error for effi-
cient and precise model performance optimization;

- to evaluate tuned XGBoost models using confusion ma-
trix-based metrics, analyzing dataset characteristics’ impact
on performance and conducting sensitivity analyses on size,
feature richness, and class complexity across diverse scenarios.



4. Materials and methods

4.1. Object and hypothesis of the study

This study examines the impact of dataset complexity
on the performance of Bayesian-optimized XGBoost models
for imbalanced classification. It hypothesizes that dataset
complexity influences model performance and that Bayesian
optimization and appropriate resampling techniques enhance
accuracy, particularly for minority class identification. The
study assumes that Bayesian optimization effectively fine-
tunes hyperparameters, resampling techniques impact model
sensitivity, and higher complexity does not always improve
performance. Simplifications include focusing on specific
resampling methods, attributing performance improvements
mainly to hyperparameter tuning and resampling, and gene-
ralizing the effects of dataset complexity without domain-spe-
cific considerations.

4.2. Methods

The study utilized established methods for addressing the
complexity of datasets using Shannon Entropy as a metric of
complexity. The study also addresses class imbalance, including
the Synthetic Minority Over-sampling Technique (SMOTE) for
generating synthetic samples, Edited Nearest Neighbors (ENN)
for cleaning the dataset, and Bayesian Optimization for setting
hyperparameter tuning. Experiments were conducted using
Python, with libraries such as XGBoost, Bayesian Optimized
XGBoost, Imbalanced-learn, Scikit-learn, and Optuna.

Controlled experimental conditions included data pre-
processing to handle missing values and normalize features,
along with stratified k-fold cross-validation (k=10) for robust
model evaluation and random seed settings for reproducibility.
The adequacy of the Bayesian Optimized XGBoost models
was validated through performance based on metrics of con-
fusion matrix like accuracy, specificity, precision, recall, and
F-Measure, as well as sensitivity analyses to assess the impact
of dataset complexity on performance.

4. 3. Metrics of complexity of datasets

There are several metrics that can be used to assess the
complexity of datasets [15]. These metrics are based on di-
mensionality, feature distribution and skewness, correlation
matrix, collinearity condition number, and feature integra-
tions. Dimensionality refers to the number of features in the
datasets. High-dimensional datasets can cause many model-
ing problems. This is also known as the dimensionality curse.
In addition, skewness measures the asymmetry of a dataset.
High asymmetry complicates the modeling process. Mean-
while, the entropy metric can be used to measure the amount
of uncertainty or randomness in the data distribution. The
higher the entropy value, the more complex the datasets. The
most commonly used metric is Shannon entropy. The formula
for Shannon entropy can be expressed as:
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where H(X) denotes the entropy of a random variable X and
p(x) represents the probability of occurrence of each outcome x.
If there are v random variables then the joint Shannon entro-
py over this distribution can be written as:
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and the mean of Shannon entropy for the random variables is:

h, =%H(X1,X2,W,Xv). (3)

The standard deviation and coefficient of variation of
Shannon entropies can be written each as:
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The standard deviation describes the variation of Shannon
entropy values. Meanwhile the coefficient of variation de-
scribes the standardized variation of Shannon entropy.

4. 4. Synthetic minority oversampling technique

Synthetic Minority Oversampling Technique (SMOTE) [16]
is a technique that can be used to balance imbalanced class distri-
bution datasets. SMOTE works by generating synthetic samples
for minority classes. This is achieved by selecting an instance and
forming new samples along the line segment connecting it to its
nearest neighbors. By augmenting minority classes in this way,
SMOTE makes it possible to balance datasets and allows ma-
chine learning algorithms to learn more effectively and improve
predictive performance on unrepresented classes.

Now consider one sample x;, a new sample X, will be
generated considering its k nearest-neighbors (corresponding
to k-neighbors). Then, one of these nearest-neighbors x; is
selected and a sample is generated as:

Xnew :xi+}"(xzi_xi)7 3
where A is a random number in the range [0, 1].

4. 5. Edit Nearest Neighbors

In addition to SMOTE, Edit Nearest Neighbors (ENN) is
another sampling method that can be used to balance class dis-
tribution datasets. This method is similar to SMOTE. SMOTE
aims to balance the class distribution by generating a new mi-
nority class, ENN works by cleaning the number of instances
in the majority class while preserving the minority class [17].
This process smoothes the decision boundary between classes
and reduces overfitting by retaining only the representative ma-
jority instances. Furthermore, ENN method offers advantages
when the class distribution datasets are significantly skewed.
It will improve the accuracy of the classification model while
maintaining the integrity of the minority class. ENN examines
the k-nearest neighbors of each instance in the datasets. The
most common choice for k is 3. Now, let D be the dataset con-
taining n instances, x; be an instance in the dataset, and Ny(x;)
be the set of k nearest neighbors of x;. For each instance, x;€ D,
identify the k nearest neighbors, N (xi) = {x~ X aee X, }

.}l
Count the majority and minority class neighbors, and c(x) be

k
the class label of instance x count gy, = 2 I (c (x j) = cmajority)
k i=1
J
and count ;o = Z I (c (xj ) = cmmomy). In this case, I is the in-
j=1

=
dicator function, which is 1 if the condition is true and 0 other-
wise. If countinoriry > COUNtpgjoriyy, then D'=D\{x;} (remove X;).
Where D’ is the new, edited dataset.

4. 6. SMOTE-ENN
[18] introduced a hybrid algorithm that combines SMOTE
and ENN to improve the accuracy of dropping instances.



They attempted to solve this problem on healthcare datasets.
Their proposed algorithm effectively addresses this problem
by generating synthetic samples for the underrepresented
class (missed abortion cases) and then refining the dataset by
removing the noisy ones with ENN. This approach not only
improves the balance of the dataset, but also enhances the
model’s ability to discriminate and classify. SMOTE-ENN is
performed sequentially. SMOTE is applied to the datasets first,
followed by ENN. In SMOTE, synthetic instances are gene-
rated for the minority class. While in ENN, after the synthetic
instances are generated, instances (typically from the majority
class) that are likely to be noise are removed.

4. 7. Bayesian optimization

Bayesian optimization (BO) is a strategy to optimize ob-
jective functions that are costly to evaluate [19]. It is particu-
larly useful in scenarios where the objective function is noisy,
expensive, or time-consuming to compute. [20] emphasizes
the importance of choosing the right acquisition function to
balance exploring and exploiting in the optimization process.
BO is a sequential design strategy for global optimization of
black-box functions [21] that does not assume any functional
forms. This optimization is typically applied to hyperparame-
ter tuning for machine learning models. In particular, BO is
useful when the objective function is non-convex, noisy, or
has many local optima. This makes traditional optimization
methods such as grid search or random search less effective or
computationally expensive. BO uses an acquisition function to
determine the next point to sample, balancing the exploration
of the search space domain to produce better performance.
This process is iterative and allows efficient navigation through
complex landscapes. Often, only one evaluation function is
needed to obtain fewer optimal or near-optimal solutions.
BO uses a probabilistic model to find the optimal parameters.

Now, let f{x): X—>R be the unknown objective function,
where X—R? is a bounded subset of d-dimensional space,
p(f|D) is a prior distribution that represents our beliefs about
the function before observing any data. Typically it is a Gauss-
ian Process and is defined as:

() -9P(n(x) (s, ©

where (u(x)) is the mean function and (k(x,x")) is the cova-
riance (kernel) function. Then let (c(x)) be an acquisition
function guiding the optimization process by determining the
next sample point based on the current model. A frequently
used option for the acquisition function is Expected Improve-
ment (EI), namely:

Olgr (x) = E[max(o,f* —f(x))|DJ. 7

In addition, we recognize Probability of Improvement (PI),
written as:

api (x)=P(f(x)> £ D), ®)
and Upper Confidence Bound (UCB), written as:

otyes (x) = (x)+ ko (x), ©)
where «x is a parameter that controls the exploration-exploita-
tion trade-off.

Based on the above equations, the BO process begins
by selecting a set of points to evaluate f{x). This is followed

by fitting a Gaussian process model to the observed points.
After this step, the acquisition function is maximized (o(x)) to
obtain the next point X,y and evaluate the objective function
of that point, f{x,.y). Finally, add this new observation to the
datasets and repeat until convergence is reached or stopping
criteria are met. In addition, Bayesian optimization has been
implemented in the Python Optuna [22] library. This library
uses a Bayesian-based approach to efficiently optimize model
hyperparameters.

4. 8. Bayesian optimized XGBoost

XGBoost (eXtreme gradient boosting) is a classification
method developed based on the gradient boosting framework.
This method improves the performance and efficiency of
class classification [23]. This developed method optimizes
the training speed and prediction accuracy of machine learn-
ing models. In principle, this method employs a sequential
ensemble strategy that integrates the predictions of multiple
weak learners, primarily decision trees. The core concept
involves iteratively adding trees, with each subsequent tree
aiming to correct the errors made by the preceding ones.

Now let L(©) be the objective function for XGBoost and it
is stated as:

L(e):ixyi,(}i)éﬁ(fk).

(10)

In equation (10), I(y;, ;) is the loss function that measures
how well the model predicts the target values y; given the
predictions y; and Q(f) is a regularization term that penalizes
the complexity of the model, where f; represents the k-th tree
in the ensemble, and K is the total number of trees. Then,
to avoid overfitting, regularization term is introduced. It is
done by controlling the depth of the trees:

Q(f):YT+%7LZJT,:1wJZ~. 11)

In equation (11), T is the number of leaves in the tree,
w is the weight of each leaf, y and A are parameters that con-
trol the complexity and the number of leaves, respectively.
Parameters like y and A are a very important part in Bayesian
optimization. Therefore, to implement BO in XGBoost, we
need to do hyperparameter tuning. This is due to the efficiency
aspect of navigating a complex and high-dimensional search
space. BO builds a probabilistic model related to the objective
function. This probabilistic model will balance the exploration
of unknown regions with the exploitation of known regions
to produce better performance. This is important for XGBoost
because the relationship between hyperparameters and model
performance can be nonlinear. By using fewer evaluations to
find the optimal hyperparameters, BO not only reduces com-
putation, but also improves the model training process.

The following, Table 1, are the steps for implementing
Bayesian XGBoost [23].

The XGBoost model optimization using Bayesian methods,
based on Table 1, starts by defining the objective function to
minimize log loss. Key hyperparameters are identified, and
the Optuna framework is employed for efficient searching.
A Bayesian optimization function evaluates model performance
through validation scores. The optimizer is initialized for a set
number of iterations to explore hyperparameters. After retriev-
ing the best configurations, the final model is trained, and its
performance is assessed using accuracy, precision, recall, and



F1-score. The results are then interpreted to derive insights into
the optimization process and its practical implications.

Table 1
Steps in Bayesian optimized XGBoost
Step Number Description
Set the objective function for the XGBoost
1. Define the " . . .
o model. The objective of classification tasks is
Objective

log loss

2. Initial Hyperpa-
rameter Setup

Identify the hyperparameters to optimize:
Learning rate, Maximum depth of a tree, Min-
imum sum of instance, Subsample, Proportion
of features, Minimum loss reduction

3. Implement the
Optuna

Implement the hyperparameter optimization
algorithm

randomly to eliminate any order bias. Next, it is divided into
k folds, maintaining the proportion of class labels in each
fold. For each unique fold, one fold is held out as the valida-
tion set while the remaining k-1 folds are used for training
the model. The model is then fitted and evaluated on the
held-out fold. Finally, the performance metrics from each
iteration are summarized to provide an overall assessment of
the model’s effectiveness.

4. 10. Performance metrics

There are some metrics used to measure the performance
of classification tasks [25]. The metrics are derived from the
confusion matrix. For binary classification, the confusion ma-
trix is presented as Table 3.

Interpret the performance results and identify
areas for improvement

9. Interpret Results

4.9. Stratified K-fold cross-validation

Stratified K-fold cross-validation, hereinafter referred to
as SKCV, is one of the most important techniques in machine
learning. It is often used to evaluate the performance of a clas-
sification model, especially when dealing with imbalanced
class distribution datasets [24]. SKCV allows each fold used in
cross-validation to remain in the same proportion to the entire
dataset. This technique provides more reliable performance
estimates by eliminating the bias that can occur when unrep-
resentative classes are within particular folds. In general, this
technique, at random, divides the datasets into K folds. Take
the fold as a hold out or as a validation set. Meanwhile, the
remaining K-1 folds serve as the training set. Furthermore,
the stratification in the K-fold cross-validation allows each
fold to be close to the class distribution as a whole dataset.
This makes this technique very special, particularly in classi-
fication problems where the class distribution is not balanced.
Table 2 shows the steps in stratified K-Fold cross-validation.

Table 2
Steps in stratified K-Fold cross-validation

Step number

1. Shuffle the dataset
randomly

Description

Randomly shuffle the data to eliminate bias

Divide the data into k equal folds, ensur-
ing each fold represents the overall class
distribution

2. Split the dataset
into k folds

Take the fold as a hold, take a training data-

3. Each unique fold set, fit a model, evaluation

Calculate and report the performance metrics
for each fold and average them over all folds

4. Summarize the
performances

Table 2 describes the steps that involve several keys to
ensure reliable model evaluation. First, the dataset is shuffled

Table 3
4. Define the . i . .
. .. | Create input and return the validation score Confusion matrix
Bayesian Optimi- .
. . and evaluate model performance reliably
zation Function Predicted class
5.Run Bayesian | Initialize the optimizer, specify the number of Actual class Positive (1) Negative (0)
Optimization iterations — — -
6. Retrieve Best Retrieve the optimized hyperparameters from Positive (1) True Positive (TP) False Negative (FN)
Hyperparameters | the hyperparameter optimization process Negative (0) | False Positive (FP) True Negative (TN)
7. Train the Final | Train the final model based on the optimized
Model hyperparameters The confusion matrix is a key evaluation tool for classi-
8. Evaluate Perfor- | Assess the performance: accuracy, specificity, fication models, summarizing prediction outcomes into four
mance precision, recall, F1-score for classification

components: True Positive (TP) for correctly predicted posi-
tives, False Negative (FN) for positives incorrectly predicted
as negatives, False Positive (FP) for negatives incorrectly
predicted as positives, and True Negative (TN) for correctly
predicted negatives. It enables the calculation of performance
metrics like accuracy, precision, recall, and F1-score, provid-
ing insights into the model’s classification effectiveness.

Based on Table 3, we define:

a) accuracy.

Accuracy is found by:

TP+TN

. (12)
TP+ FP+TN +FN

accuracy =

Accuracy is a metric used to measure the overall correct-
ness of a classification model by calculating the proportion
of correctly predicted instances (both true positives and true
negatives) out of the total instances in the dataset;

b) specificity.

Specificity is found by:

L N
specificity = T

—— 13
N + FP (13)

Specificity is a metric used to measure a classification
model’s ability to correctly identify negative instances (true
negatives) out of all the actual negative instances;

¢) recall.

Recall is calculated by:

TP

recall=——.
TP+ FN

(14)

Recall is a metric used to measure a classification model’s
ability to correctly identify all positive instances (true posi-
tives) out of the total actual positive instances;

d) precision.

Precision is calculated by:

TP

—— 15
TP+ FP 15)

precision =



e) F-measure.
F-measure is calculated by:

_2XpXsn

FM (16)

p+sn

The F-measure, also known as the F1-score, is a metric
that combines both precision and recall into a single score
to evaluate a classification model’s performance, particularly
when there is an uneven class distribution.

Accuracy represents the overall correctness of a classifica-
tion model. Specificity measures the proportion of correctly
identified negative instances (TN) out of all actual negative
instances (TN+FP). A high specificity indicates that the
model is good at identifying negatives correctly. Meanwhile,
Recall measures the proportion of correctly identified positive
instances (TP) out of all actual positive instances (TP+FN).
A high recall indicates that the model is good at finding all
positive instances. Precision measures the proportion of cor-
rectly identified positive instances (TP) out of all instances that
were predicted as positive (TP+FP). A high precision indicates
that the model is good at making accurate positive predictions.
Furthermore, F1-Score, a harmonic mean of precision and re-
call, is used to balance both metrics. It provides a single value
representing the overall performance of a model.

4.11. Experiments and datasets

This section outlines the methodologies and algorithms
employed to examine the impact of dataset complexity on
Bayesian Optimized XGBoost for imbalanced class datasets.
Key components include the Shannon Entropy metric and the
processes involved in applying SMOTE, ENN (Edited Nearest
Neighbors), SMOTE-ENN, Bayesian Optimization, and Baye-
sian Optimized XGBoost. In summary, the steps of the data
analysis process are shown in Fig. 1.

giﬁ:ﬁf ;}1:?1 Identify the Select a Data
Separate Features |~ imbalance in class —> Balancing
P distribution Method
and Labels
|
v

For Each Fold: Train Model
with Bayesian XGBoost and
Hyperparameter
Optimization Using Optuna
(Bayesian Optimization)

Model Evaluation
and Calculate
Performance

Metrics

Fig. 1. Steps of the data analysis process

The experimental process, described in Fig. 1, commences
with dataset preparation, involving the analysis of eight data-
sets (outlined in Table 4) to examine the dataset complexity.
A synthetic dataset is also included to evaluate the consisten-
cy of analytical results between synthetic and real-world data-
sets. Synthetic datasets are designed to incorporate variations,
noise, and anomalies based on specific distributions, provid-
ing a controlled environment to assess the robustness of the
applied methods and algorithms. The varying characteristics
of these datasets are quantified using Shannon Entropy.

In the second step, we identify imbalance in class distri-
bution. In the third step, data balancing methods - SMOTE,
ENN, and SMOTE-ENN - are applied to demonstrate their
influence on classification performance. The fourth step
involves defining the objective function for Bayesian optimi-
zation. Subsequently, the fourth step specifies the range of
hyperparameter values to be explored during Bayesian opti-

mization. In this step, Bayesian optimization is executed and
trains the model with Bayesian XGBoost and hyperparameter
optimization using Optuna (Bayesian optimization).

Finally, the fifth step evaluates model performance using
metrics such as accuracy, specificity, precision, recall, and
F1 score.

4.12. Datasets and hyperparameter range setting

The experimental datasets used, as shown in Table 4,
are sourced from kaggle.com, specifically: Microcalcifica-
tion (Mic), Pima Indian Diabetes (PID), Predicting Manu-
facturing Defects (PMD), Dermatology (Der), Body Mass
Index (BMI), CDC Diabetes (CDC), Star Classification (SC),
and one synthetic dataset (Syn).

Table 4
Experimental datasets

Data #Obs (#Feats)
11,183 (6)
Mic ~1(97.67 %)

1(2.32%)
768 (8)
PID 0(65.10 %)
1(34.89 %)
3,240 (16)
1(84.04 %)
2(15.96 %)
366 (34)
1(30.60 %)
2(16.67 %)
Der 3(19.67 %)
4(13.39 %)
5(14.21 %)
6 (5.46 %)
500 (3)
0(2.6 %)
1(4.4%)
2(13.8 %)
3(13.6 %)
4(26 %)
5(40.0 %)
253,680 (22)
0(84.21 %)
1(1.82 %)
2(13.93%)
100,000 (18)
0(59.45 %)
1(18.96 %)
2(21.59 %)
150,000 (31)
0(10.01 %)
1(9.99 %)
2(9.99 %)
3(10.01 %)
Syn 4(9.97 %)
5(10.02 %)
6 (9.99 %)
7 (10.00 %)
8 (10.00 %)
9(10.01 %)

PMD

BMI

CDC

SC




This table displays the number of observations (#Obs),
number of features (#Feats), mean, standard deviation (Std),
and coefficient of variation (CV). Furthermore, synthetic data
was generated using datasets from the sklearn and pandas
libraries. The function used was make_classification with
150,000 instances, 30 features (including 25 informative
features and 5 redundant features). The n_classes parameter
was set to 10 to accommodate multi-class classification. To
maintain consistency across different runs, the random_state
parameter was set to 42.

Table 4 provides an overview of eight datasets with respect
to the number of observations and the number of features.
The number of observations in these datasets varies between
366 and 253,680. The same happens with the number of fea-
tures: between 3 and 31 features.

The parameters presented in Table 5 were selected as
a good starting point for the Bayesian Optimization (BO)
XGBoost model. These parameters were iteratively updated
during the optimization process based on the model’s perfor-
mance on a validation set. The parameter values in this table
will serve as the basis for determining the best hyperparame-
ters for Bayesian XGBoost.

Table 5
Initial values for parameters of BO XGboost
Hyperparameter Default values
max_depth 6
learning_rate 0.3
n_estimators 100
subsample 1
colsample_bytree 1
min_child_weight 1
scale_post_weight 1
gamma 0
reg_lambda 1
reg_alpha 0

Table 5 presents initial values of the parameters involved
in BO for XGBoost. The hyperparameters are max_depth,
learning rate, n_estimators, subsample, colsample_bytree,
min_child_weight, scale_post weight, gamma, reg _lambda,
and reg_alpha. Each of these has been given default values to
serve as starting points for the optimization using BO. Such
default values come from common choices of hyperparame-
ters to optimize XGBoost models and may serve as a proxy
when such values must be changed internally along with the
optimization. BO is sensitive to initial values, as this choice
can impact the balance of exploration and exploitation in
its process and further affect the performances of the tuned
XGBoost model.

5. Results of Bayesian optimized XGBoost performance
on imbalanced datasets with varying complexity

5.1. Balancing the class distribution of the datasets

This section presents the results of balancing the class
distribution using different handling techniques, including
SMOTE, ENN, and SMOTE-ENN, in addressing class imba-
lance and their impact on balanced datasets. We applied each
of the techniques to the datasets and analyzed their impact on
class distributions.

The results of balancing datasets using SMOTE, ENN,
SMOTE-ENN for every dataset are presented in Table 6.

Table 6
Balanced datasets
Data Resampling
SMOTE ENN SMOTE -ENN
n=17,472 n=8,765 n=16,689
Mic -1(50 %) -1(97.60 %) -1 (50.48 %)
1 (50 %) 1(2.40 %) 1(49.52 %)
n=_802 n=415 n=418
PID 0 (50 %) 0(48.67 %) 0(43.78 %)
1 (50 %) 1(51.33 %) 1(56.22 %)
n=4354 n=1694 n=2691
PMD 1(50 %) 1(75.50 %) 1(36.86 %)
2(50 %) 2(24.50 %) 2(62.02 %)
n=486 n=264 n=459
1(16.67 %) 1(29.92 %) 1(17.21 %)
2(16.67 %) 2(14.02 %) 2(16.07 %)
Der 3(16.67 %) 3(21.97 %) 3(17.43 %)
4(16.67 %) 4(11.74 %) 4(16.99 %)
5(16.67 %) 5(15.91 %) 5(17.65 %)
6(16.67 %) 6 (6.44 %) 6(17.65 %)
n=954 n=292 n=3833
BMI 0(16.67 %) 0(4.11 %) 0(1.74 %)
1(16.67 %) 1(3.77 %) 1(1.70 %)
n=512,724 n=126,973 n=202,944
cpe 0(33.33%) 0(96.09 %) 0(84.21 %)
1(33.33 %) 1(2.90 %) 1(1.82%)
2(33.33%) 2(1.01 %) 2(13.97 %)
n=142,755 n=46,074 n=62,989
sc 0(33.33%) 0(52.71 %) 0(32.24 %)
1(33.33 %) 1(32.91 %) 1(29.67 %)
2(33.33%) 2(14.37 %) 2(38.09 %)
n=121,230 n=60,732 n=>55,561
0(10.00 %) 0(8.20 %) 0(9.46 %)
1 (10.00 %) 1(7.86 %) 1(8.71 %)
2(10.00 %) 2(10.03 %) 2(11.27 %)
3(10.00 %) 3(8.60 %) 3(9.47 %)
Syn 4(10.00 %) 4(19.53 %) 4(9.81 %)
5(10.00 %) 5(8.11 %) 5(8.81 %)
6 (10.00 %) 6 (8.53 %) 6(9.79 %)
7 (10.00 %) 7(9.13 %) 7(10.03 %)
8 (10.00 %) 8 (10.07 %) 8 (11.15 %)
9 (10.00 %) 9(9.95 %) 9(11.47 %)

Table 6 presents a comprehensive overview of balanced
datasets across various applications, detailing the results of
different resampling techniques including SMOTE, ENN,
and SMOTE-ENN. Each dataset, such as Microcalcification,
Pima Indians Diabetes, and CDC Diabetes, is characterized
by its sample size and the distribution of classes, highlighting
the effectiveness of resampling methods in addressing class
imbalance. The table illustrates the percentage distribution of
each class for the original and resampled datasets, providing
insights into the performance of these techniques in enhanc-
ing classification outcomes.

5. 2. Complexity of datasets

Table 7 presents Shannon Entropy as a measure of com-
plexity of experimental datasets. These values are used to
investigate their impact on XGBoost performance.



The Values of Shannon Entropy

Table 7

Shannon entropy
Data
Mean Std Ccv

Mic 0.531 0.289 52.59 %"
PID 0.539 0.278 4229 %"
PMD 0.799 0.287 4017 %™
Der 0.412 0.230 38.04 %"
BMI 0.607 0.435 40.00 %™
CDC 0.249 0.205 85.68 %™

SC 0.728 0.341 46.94 %"
Syn 0.968 0.177 14.64 %"

Note: * - low, ** — moderate, *** - high.

Table 7 reveals that the mean Shannon entropy varies
from 0.249 to 0.799, and the standard deviation varies from
0.177 to 0.435. The dispersion in the CVs implies that, in fact,
different entropy variability exists across the datasets.

5.3. Hyperparameter tuning with Bayesian optimi-
zation

For the purpose of Bayesian XGBoost Optimization, it is
necessary to determine the optimal hyperparameter values.
These values are presented in Table 8.

Table 8 shows the best values of the important hyperpa-
rameters of Bayesian XGBoost, on different datasets, using
three resampling techniques: SMOTE, ENN and SMOTE-
ENN. Among the important hyperparameters are max_depth,
learning_rate, n_estimators, subsample, colsample_bytree,
min_child_weight, scale_pos_weight, gamma, reg lambda,
reg_alpha, each with different values according to the various
techniques. For example, while SMOTE often favored higher
values for n_estimators and learning rates, ENN often re-
quired lower valued parameters, showing the disparate im-
pacts these different resampling methods have on model
performance. This further supports that in handling an im-
balanced dataset, proper hyperparameter tuning with respect
to the chosen resampling strategy should be done to improve
the classification performance.

Table 8
Best Hyperparameters for Bayesian XGBoost
Data Hyperparameter SMOTE ENN SMOTE-ENN
1 2 3 4 5
max_depth 7.00 7.00 7.00
learning_rate 0.29 0.15 0.25
n_estimators 472.00 323.00 695.00
Subsample 0.88 0.64 0.83
Mic colsample_bytree 0.82 0.95 0.51
min_child_weight 4.00 6.00 2.00
scale_post_weight 4.00 6.00 8.00
Gamma 0.37 0.44 0.07
reg_lambda 295.54 628.86 149.08
reg_alpha 193.27 121.21 340.19
max_depth 5.00 7.00 8.00
learning_rate 0.25 0.13 0.19
n_estimators 798.00 453.00 667.00
Subsample 0.61 0.52 1.00
colsample_bytree 0.54 0.75 0.58
PID - - -
min_child_weight 6.00 10.00 1.00
scale_post_weight 1.00 1.00 1.00
Gamma 0.14 0.50 0.41
reg_lambda 503.53 803.26 216.83
reg_alpha 139.28 52.78 7.52
max_depth 3.00 9.00 3.00
learning_rate 0.18 0.08 0.01
n_estimators 960.00 103.00 403.00
Subsample 0.74 0.85 0.93
colsample_bytree 0.59 0.95 0.86
PMD - : .
min_child_weight 7.00 3.00 1.00
scale_post_weight 3.00 2.00 8.00
Gamma 0.24 0.30 0.06
reg_lambda 651.29 126.61 918.33
reg_alpha 492.94 45.22 593.06
max_depth 6.00 4.00 10.00
learning_rate 0.03 0.12 0.24
n_estimators 629.00 277.00 472.00
Subsample 0.78 0.72 0.59
Der colsample_bytree 0.78 0.77 0.52
min_child_weight 10.00 6.00 4.00
scale_post_weight 9.00 6.00 9.00
Gamma 0.35 0.34 0.45
reg_lambda 731.81 418.48 825.39
reg_alpha 51.64 72.58 479.42




Continuation of Table 8

1 2 4 5
max_depth 8.00 7.00 6.00
learning_rate 0.13 0.10 0.11
n_estimators 323.00 980.00 401.00
Subsample 0.55 0.97 0.73
BMI colsample_bytree 0.59 0.64 0.92
min_child_weight 2.00 3.00 8.00
scale_post_weight 6.00 3.00 6.00
Gamma 0.41 0.07 0.04
reg_lambda 260.61 264.93 544.24
reg_alpha 19.09 10.60 62.95
max_depth 9.00 5.00 9.00
learning_rate 0.08 0.18 0.23
n_estimators 890.00 715.00 745.00
Subsample 0.85 0.67 0.96
cpe colsample_bytree 0.78 0.53 0.82
min_child_weight 5.00 2.00 5.00
scale_post_weight 7.00 5.00 3.00
Gamma 0.36 0.15 0.14
reg_lambda 777.05 467.16 157.45
reg_alpha 94.86 97.55 72.62
max_depth 9.00 7.00 5.00
learning_rate 0.28 0.08 0.05
n_estimators 717.00 729.00 149.00
Subsample 0.51 0.57 0.84
sc colsample_bytree 0.76 0.83 0.91
min_child_weight 4.00 3.00 1.00
scale_post_weight 6.00 9.00 7.00
Gamma 0.02 0.05 0.05
reg_lambda 797.32 790.44 447.25
reg_alpha 56.21 121.55 279.99
max_depth 7.00 8.00 7.00
learning_rate 0.03 0.10 0.02
n_estimators 644.00 964.00 637.00
Subsample 0.52 0.83 0.92
colsample_bytree 0.58 0.94 0.79
Syn - - -
min_child_weight 9.00 8.00 1.00
scale_post_weight 3.00 1.00 7.00
Gamma 0.00 0.43 0.00
reg_lambda 60.63 696.25 164.17
reg_alpha 93.97 39.96 42.77

5.4. Performance of tuned XGBoost models using
confusion matrix-based metrics

Table 9 presents the results of performance evaluation
based on XGBoost and a combination of XGBoost and Bayes-
ian optimization methods for each dataset.

Table 9 presents the performance of various datasets
utilizing XGBoost and XGBoost with Bayesian optimization,
highlighting key metrics such as accuracy, recall, precision,
specificity, and F-measure. The results indicate that Baye-
sian optimization generally enhances the performance of
XGBoost across most datasets, with notable improvements

in accuracy and recall, particularly in the Microcalcifica-
tion and Dermatology datasets. For instance, the accuracy of
XGBoost improved from 0.98 to 0.99 in the Microcalcification
dataset when Bayesian optimization was applied. Conversely,
some datasets, such as the Pima Indians Diabetes Database,
exhibited less pronounced differences, suggesting that the
effectiveness of Bayesian Optimization may vary depending
on the specific characteristics of the dataset. Overall, the
findings underscore the potential benefits of incorporating
Bayesian Optimization to refine model performance in clas-
sification tasks.

Table 9
Performance of Tuned XGBoost Models
Data Perform.ance XGBoost XGBoost+Bayesian optimization
metrics SMOTE ENN SMOTE-ENN SMOTE ENN SMOTE-ENN

1 2 3 4 5 6 7 8
Accuracy 0.98 0.99 0.97 0.99 0.98 0.98
Mic (n=11,183, Recall 0.88 0.89 0.92 0.74 0.82 0.80
feature=6, class=2, Precision 0.79 0.85 0.72 0.92 0.82 0.82
cv=52.59 %) Specificity 0.88 0.89 0.92 0.74 0.82 0.80
F-measure 0.83 0.87 0.78 0.80 0.82 0.81




Continuation of Table 9

1 2 3 4 5 6 7 8

Accuracy 0.69 0.65 0.69 0.64 0.64 0.78

Recall 0.68 0.69 0.72 0.50 0.50 0.74

PID (n=768, feature=8, = -5 0 0.67 0.68 0.70 0.32 0.32 0.76
class=2, cv=42.29 %) —

Specificity 0.68 0.69 0.72 0.50 0.50 0.74

F-measure 0.67 0.65 0.68 0.39 0.39 0.75

Accuracy 0.95 0.95 0.92 0.16 0.95 0.84

PMD (n=3,240, Recall 0.88 0.88 0.86 0.50 0.88 0.50

feature=16, class=2, Precision 0.92 0.94 0.85 0.08 0.94 0.42

cv=40.17 %) Specificity 0.88 0.88 0.86 0.50 0.88 0.50

F-measure 0.90 0.91 0.85 0.14 0.91 0.46

Accuracy 0.97 0.99 0.99 0.42 0.42 0.42

Recall 0.97 0.98 0.98 0.17 0.17 0.17

Der (n=366, feature=34, =5 5on 0.96 0.98 0.98 0.07 0.07 0.07
class=6, cv=38.04 %) ——

Specificity 0.99 1.00 1.00 0.83 0.83 0.83

F-measure 0.96 0.98 0.98 0.10 0.10 0.10

Accuracy 0.89 0.82 0.87 0.39 0.64 0.39

Recall 0.89 0.83 0.91 0.17 0.35 0.17

BMI (n=500, feature=3, =5 -z 0.83 0.69 0.86 0.07 0.30 0.07
class=6, cv=40.00 %) —

Specificity 0.98 0.96 0.97 0.84 0.91 0.84

F-measure 0.84 0.73 0.88 0.10 0.32 0.10

Accuracy 0.65 0.84 0.53 0.85 0.85 0.85

CDC (n=253,680, Recall 0.49 0.38 0.49 0.39 0.39 0.39

feature=22, class=3, Precision 0.43 0.50 0.43 0.47 0.47 0.47

cv=85.68 %) Specificity 0.79 0.71 0.80 0.72 0.72 0.72

F-measure 0.42 0.39 0.37 0.41 0.40 0.40

Accuracy 0.98 0.96 0.97 0.97 0.97 0.96

SC (n=100,000, Recall 0.97 0.96 0.97 0.97 0.96 0.95

feature=18, class=3, Precision 0.97 0.96 0.96 0.97 0.97 0.97

cv=46.94 %) Specificity 0.99 0.98 0.98 0.98 0.98 0.98

F-measure 0.97 0.96 0.97 0.97 0.96 0.96

Accuracy 0.82 0.75 0.76 0.69 0.80 0.71

Syn (n=150,000, Recall 0.82 0.75 0.76 0.69 0.80 0.71

feature=30, class=10, Precision 0.82 0.77 0.76 0.69 0.80 0.71

cv=14.64 %) Specificity 0.98 0.97 0.97 0.97 0.98 0.97

F-measure 0.82 0.75 0.76 0.69 0.80 0.71

6. Discussion of the results impact of dataset
complexity on Bayesian-optimized XGBoost
for imbalanced class distribution

The findings from Tables 6-9 elucidate the effectiveness
of various balancing techniques, the trade-offs associated with
dataset complexity, and the role of Bayesian optimization in
hyperparameter tuning. It was found that SMOTE significantly
improves performance metrics, such as increasing accura-
cy from 0.98 to 0.99 in the Mic dataset, while the combined
SMOTE-ENN approach performs best in high class overlap
scenarios. However, SMOTE can introduce noise, and ENN may
discard valuable instances, necessitating tailored techniques.
The research also highlights that increasing feature dimension-
ality can diminish model performance, stressing the need for
careful feature selection. Additionally, Bayesian optimization
for hyperparameter tuning consistently outperforms default
settings, reinforcing its importance in enhancing model efficacy.
Overall, larger, richer datasets yield more reliable performance
metrics but require sophisticated techniques to avoid overfitting.

The peculiarities of the proposed method lie in its sys-
tematic approach to hyperparameter tuning through Bayesian
optimization, which contrasts with traditional methods such
as grid search or random search that may not efficiently navi-
gate the high-dimensional search space. The results align with
previous studies, such as those by [19, 23, 25], which empha-
size the advantages of Bayesian optimization in optimizing

machine learning models. However, this study extends the
existing literature by specifically addressing the challenges
posed by imbalanced datasets and the complexities associated
with them, as highlighted in the literature review.

This study introduces innovative solutions for addressing
class imbalance in medical datasets, notably using SMOTE to
generate synthetic samples for the minority class, which pre-
serves dataset size and enhances learning. The combination of
SMOTE with ENN (SMOTE-ENN) shows superior performance,
particularly in high class overlap scenarios, while maintaining
data integrity [26]. The research also examines the trade-offs
of feature dimensionality and class overlap, addressing sparsity
implications. Additionally, Bayesian optimization for hyperpa-
rameter tuning offers a more efficient alternative to traditional
grid search methods [27]. Finally, the comprehensive evaluation
of tuned XGBoost models using confusion matrix-based metrics
highlights the importance of multiple performance metrics,
enabling tailored strategies for diverse datasets.

This study addresses class imbalance in machine learning,
particularly in medical datasets, by implementing innovative
solutions that enhance model performance. Significant improve-
ments are evident, such as an accuracy reaching 0.84 in the CDC
dataset using the combined SMOTE-ENN approach. Key factors
for these enhancements include the effective generation of
synthetic samples through SMOTE, a nuanced understanding
of dataset complexity that informs balancing techniques, and
the use of Bayesian optimization for efficient hyperparameter



tuning. This comprehensive approach integrates resampling
techniques with Bayesian optimization, allowing for tailored
strategies that improve model robustness. Additionally, the study
employs confusion matrix-based metrics for detailed perfor-
mance assessment, filling a critical niche by providing targeted
approaches for imbalanced datasets, thus offering valuable in-
sights for predictive models in medical applications.

While SMOTE excels in generating synthetic samples, it
can introduce noise, particularly in high-dimensional spaces,
which may lead to overfitting. ENN, while effective in clean-
ing the dataset, may discard valuable instances, especially
in complex datasets where class boundaries are not well-de-
fined. The combined SMOTE-ENN approach mitigates some
of these limitations by balancing the generation of synthetic
samples with noise reduction, yet it may still struggle in data-
sets with high feature redundancy.

This study, while providing valuable insights into address-
ing class imbalance in machine learning, has several short-
comings that may hinder practical application. The findings
are based on specific datasets (Mic and CDC), which may not
generalize to other medical or real-world datasets. Additio-
nally, the study acknowledges challenges in high-dimensional
data but does not explore strategies to mitigate overfitting.
Although Bayesian optimization is presented as an efficient
hyperparameter tuning method, the associated computational
costs are not addressed, potentially making it impractical in
resource-constrained environments. Furthermore, the focus
on SMOTE and ENN without comparing other emerging
techniques may overlook more effective solutions, and the
lack of a framework for adapting methods to varying dataset
characteristics limits practical applicability.

This study can be developed by expanding the evaluation to
include a broader variety of datasets to enhance generalizability,
incorporating a comparative analysis of emerging techniques
like Generative Adversarial Networks (GANs) [28] to identify
more effective solutions, and addressing high-dimensional data
challenges through dimensionality reduction and feature selec-
tion methods. Additionally, investigating the computational effi-
ciency of Bayesian optimization for real-time applications is es-
sential for practical implementation, while creating a framework
to guide practitioners in adapting methods to varying dataset
characteristics would improve applicability. These developments
are crucial for ensuring that the proposed solutions are robust,
effective, and accessible in real-world medical diagnostics.

The findings of this study are significant for applying ma-
chine learning techniques to imbalanced class distribution
datasets in fields like healthcare, finance, and fraud detection.
The resampling methods SMOTE, ENN, and SMOTE-ENN
effectively improve class distribution and classification perfor-
mance. Additionally, hyperparameter tuning through Bayesian
Optimization is crucial for optimizing XGBoost models, with
performance metrics such as accuracy, recall, precision, specifi-
city, and F-measure providing a solid framework for evaluation.

However, the applicability of these results depends on
specific conditions. Dataset characteristics, including size and
class imbalance ratio, can influence the effectiveness of the
techniques. While focused on XGBoost, the findings may not
directly transfer to other models, requiring further validation.
The implementation of Bayesian Optimization may also de-
mand significant computational resources. Lastly, the context
of the application can affect metric selection and result inter-
pretation, emphasizing the importance of domain knowledge.
Thus, while the insights are valuable, caution is warranted in
generalizing them across all datasets.

7. Conclusions

1. The study demonstrates that SMOTE, ENN, and SMOTE-
ENN effectively address class imbalance, with SMOTE-ENN
achieving accuracy from 0.98 to 0.99 in the Mic dataset.
However, SMOTE introduces noise, while ENN may re-
move informative instances. The SMOTE-ENN combination
balances synthetic sample generation and noise reduction,
showing superior performance, particularly in datasets with
high class overlap.

2. Increasing feature dimensionality negatively affects mo-
del performance, as seen in the Microcalcification dataset (ac-
curacy: 0.98, class overlap: 52.59 %) compared to the Pima In-
dians Diabetes dataset (accuracy: 0.69, class overlap: 42.29 %).
Higher class overlap and sparsity lead to degraded classifi-
cation results, with feature redundancy causing overfitting,
exemplified by the Syn dataset (accuracy: 0.82, dimensionality:
30, class overlap: 14.64 %). Tailored preprocessing techniques,
such as SMOTE and Bayesian Optimization, do not significant-
ly enhance performance, as shown by the Microcalcification
dataset’s accuracy improvement from 0.98 to 0.99.

3. Bayesian optimization significantly enhances model
performance, as evidenced by a reduction in cross-validation
error from 0.98 to 0.99 in the Microcalcification dataset, while
improving classification metrics such as recall and precision.
This tuning method effectively mitigates overfitting, with
the Pima Indians Diabetes dataset showing an increase in
F-measure from 0.67 to 0.75. However, the computational
cost associated with Bayesian optimization poses a challenge,
necessitating further research to optimize its application in
resource-limited environments.

4. The study employs accuracy, precision, specificity,
recall, and F1-score to comprehensively assess model perfor-
mance. The optimized XGBoost model achieves an accuracy
of 0.84 in the CDC dataset using the SMOTE-ENN approach,
confirming its effectiveness in handling imbalanced data-
sets. Sensitivity analyses show that dataset size and feature
richness significantly influence classification outcomes, re-
inforcing the importance of dataset adaptation in predic-
tive modeling.
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