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ABSTRACT

PERFORMANCE EVALUATION OF ADABOOST AND XGBOOST
ALGORITHMS FOR BREAST CANCER CLASSIFICATION

USING THE WISCONSIN BREAST CANCER DATASET

By

Ardila Manda Putri

Breast cancer is one of the most common types of cancer among women worldwide
and remains a leading cause of cancer-related deaths. Early detection plays a crucial
role in improving patient survival rates. The advancement of machine learning
techniques enables the development of classification models that can assist in the
diagnosis of breast cancer more quickly and accurately. This study aims to compare
the performance of the AdaBoost and XGBoost algorithms in classifying breast
cancer using the Wisconsin Breast Cancer Dataset (WBCD). The research process
includes data preprocessing, normalization, and handling class imbalance using
the Synthetic Minority Over-sampling Technique (SMOTE). The models were
trained using the AdaBoost and XGBoost algorithms and evaluated using the 5-Fold
Cross Validation method. Model performance was assessed using several evaluation
metrics, including accuracy, precision, recall, and F1-score. The results show that
the AdaBoost model achieved an accuracy of 96.2%, precision of 94.7%, recall of
94.4%, and an F1-score of 94.5%. Meanwhile, the XGBoost model achieved an
accuracy of 96.1%, precision of 93.3%, recall of 95.5%, and an F1-score of 94.3%.
These findings indicate that both algorithms demonstrate excellent classification
performance. AdaBoost performs better in terms of accuracy, precision, and F1-score,
while XGBoost shows a higher recall in detecting breast cancer cases.

Keywords: machine learning, breast cancer classification, AdaBoost, XGBoost.



ABSTRAK

EVALUASI KINERJA ALGORITMA ADABOOST DAN XGBOOST
UNTUK KLASIFIKASI KANKER PAYUDARA MENGGUNAKAN

WISCONSIN BREAST CANCER DATASET

Oleh

Ardila Manda Putri

Kanker payudara merupakan salah satu jenis kanker dengan tingkat kejadian yang
tinggi pada perempuan di dunia dan menjadi penyebab utama kematian akibat
kanker. Deteksi dini sangat penting untuk meningkatkan peluang kesembuhan pasien.
Perkembangan metode machine learning memungkinkan pengembangan model
klasifikasi yang dapat membantu proses diagnosis kanker payudara secara lebih
cepat dan akurat. Penelitian ini bertujuan untuk membandingkan kinerja algoritma
AdaBoost dan XGBoost dalam melakukan klasifikasi kanker payudara menggunakan
Wisconsin Breast Cancer Dataset (WBCD). Tahapan penelitian meliputi proses
preprocessing data, normalisasi, serta penanganan ketidakseimbangan kelas
menggunakan Synthetic Minority Over-sampling Technique (SMOTE). Model
kemudian dilatih menggunakan algoritma AdaBoost dan XGBoost dengan metode
evaluasi 5-Fold Cross Validation. Kinerja model dievaluasi menggunakan metrik
accuracy, precision, recall, dan F1-score. Hasil penelitian menunjukkan bahwa
model AdaBoost memperoleh accuracy sebesar 96,2%, precision 94,7%, recall
94,4%, dan F1-score 94,5%. Sementara itu, model XGBoost memperoleh accuracy
sebesar 96,1%, precision 93,3%, recall 95,5%, dan F1-score 94,3%. Hasil tersebut
menunjukkan bahwa kedua algoritma memiliki performa klasifikasi yang sangat
baik, dengan AdaBoost unggul pada accuracy, precision, dan F1-score, sedangkan
XGBoost memiliki nilai recall yang lebih tinggi dalam mendeteksi kasus kanker
payudara.

Kata-kata kunci: machine learning, klasifikasi kanker payudara, AdaBoost,
XGBoost.
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I. INTRODUCTION

1.1 Background and Issues

The advancement of artificial intelligence technology, especially in the domain of
machine learning, has produced various algorithms that can improve the accuracy of
data classification. One widely used approach is ensemble learning, a method that
combines several simple models (weak learners) to form a stronger model with better
performance. Among ensemble techniques, boosting is one of the most popular due
to its ability to gradually correct classification errors through a weighting process (
Freund & Schapire, 1997). Two notable boosting algorithms are AdaBoost (Adaptive
Boosting) and XGBoost (Extreme Gradient Boosting). AdaBoost works by giving
greater weight to data that was misclassified in the previous iteration, so that the next
model focuses more on that data. This algorithm is simple, effective, and suitable for
use with weak learners such as decision stumps or shallow decision trees. However,
its weakness is that it is sensitive to outliers and noise, because problematic instances
can be given high weights, thereby reducing the performance of the model ( Asri, et
al., 2016).

XGBoost, on the other hand, is an advanced implementation of gradient boosting
equipped with computational optimization, regularization, and feature pruning to
reduce overfitting. XGBoost is known for its speed, memory efficiency, and flexibility
in hyperparameter settings ( Chen & Guestrin, 2016). However, its high complexity
requires the selection of appropriate parameters to avoid overfitting, especially in
small datasets ( Mathew, 2023). The selection of these two methods in this study was
not without reason. First, boosting has been proven to improve accuracy, recall, and
F1-score in various classification datasets. Second, both AdaBoost and XGBoost are
algorithms that consistently rank at the top in competitions and scientific studies,
especially in the medical domain ( Asri, et al., 2016). Third, a direct comparison of
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the two on the same dataset can provide insights into their advantages, disadvantages,
and potential applications in the real world.

One important domain of machine learning application is healthcare, particularly
breast cancer classification. Breast cancer is among the most common cancers in
women globally and a primary cause of death. Early detection of breast cancer is
crucial to improving patient survival rates, requiring accurate, fast, and reliable
diagnostic methods ( Xiao, et al., 2019). TIn research related to machine learning,
the Wisconsin Breast Cancer Dataset (WBCD) is often used as a benchmark. This
dataset contains numerical features extracted from breast tissue samples labeled
as benign or malignant (Freund & Schapire, 1997). WBCD is an ideal dataset for
testing the performance of classification algorithms. The evaluation of the AdaBoost
and XGBoost algorithms on this dataset is expected to illustrate the effectiveness of
boosting in distinguishing malignant and benign cancer cells. A number of previous
studies have shown that boosting, particularly XGBoost, often performs better than
other algorithms such as Logistic Regression, Support Vector Machine, or Random
Forest (Asri, et al., 2016). AdaBoost has also been reported to improve accuracy
and sensitivity, although in some studies its performance is slightly below that
of XGBoost. Recent research has even combined boosting with feature selection
techniques to improve accuracy to over 95 % on WBCD (Asri, et al., 2016).

This shows the high relevance of both algorithms in supporting breast cancer
diagnosis. However, there are various challenges in applying boosting to breast
cancer classification. First, the risk of overfitting remains a problem, especially in
complex algorithms such as XGBoost, if the parameters are not tuned appropriately
( Chen & Guestrin, 2016). Second, the issue of interpretability makes the prediction
results difficult for medical personnel to understand, thereby reducing the level of
confidence in clinical decision-making. To address these issues, various studies have
proposed approaches such as SMOTE to balance the data, the use of regularization
and cross-validation to prevent overfitting ( Mathew, 2023). These innovations
reinforce the importance of research comparing AdaBoost and XGBoost, especially
in the context of breast cancer classification.

Therefore, the Wisconsin Breast Cancer Dataset is used in this study to assess how
well the AdaBoost and XGBoost algorithms perform for classifying breast cancer. It
is anticipated that the study’s findings will advance scientific knowledge of how well
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both algorithms function, as well as provide recommendations for the application
of accurate, robust, and reliable machine learning in supporting early detection of
breast cancer.

1.2 Research Problems

The research problems can be formulated as follows:

1. How well does the AdaBoost and XGBoost algorithm perform in classifying
breast cancer using the Wisconsin Breast Cancer Dataset (WBCD)?

2. How do the performances of AdaBoost and XGBoost compare in terms of
evaluation metrics such as accuracy, precision, recall, and F1-score?

1.3 Research Objectives

The objectives of this study are as follows:

1. To examine the performance of the AdaBoost and XGBoost algorithm in
classifying breast cancer using the WBCD.

2. To compare the performance outcomes of AdaBoost and XGBoost through
evaluation indicators such as accuracy, precision, recall, and F1-score.

1.4 Research Benefits

The benefits of this study are:

1. Contributes to the scientific understanding of machine learning, especially
regarding the effectiveness of boosting methods in medical dataset classification.

2. Serves as a reference for future studies exploring ensemble learning or disease
classification using machine learning algorithms.

3. Provides insights for healthcare practitioners and medical researchers on the
potential use of AdaBoost and XGBoost to support early breast cancer detection.



II. LITERATURE REVIEW

2.1 Machine Learning

Machine Learning (ML) is a sector of artificial intelligence that concentrates on
creating algorithms that can learn autonomously from data to generate predictions or
decisions (Tian, et al., 2024). In recent years, artificial intelligence (AI), especially
machine learning (ML), has experienced rapid growth in the realms of data analysis
and computing, enabling applications to operate intelligently (Tian et al., 2024). ML
typically equips systems with the capability to learn and improve from experience
automatically, without needing explicit programming, and is commonly regarded
as one of the most significant contemporary technologies in the fourth industrial
revolution (4IR or Industry 4.0) (Tian, et al., 2024).

In the early days of AI research, the emphasis was on using explicitly defined
statements in formal languages that computers could utilize for reasoning through
logical inference rules. This approach is referred to as the knowledge base method
( Janiesch, et al., 2021). Nevertheless, this paradigm has numerous limitations, as
humans often find it challenging to articulate all the implicit knowledge necessary for
executing complex tasks. Machine learning addresses these shortcomings. Broadly
speaking, machine learning refers to a method whereby a computer program
enhances its performance through experience in relation to specific tasks and
performance metrics. This method’s goal is to automate the process of creating
analytical models that can perform cognitive tasks like natural language translation
and object detection. This is achieved by using algorithms that learn iteratively
from particular training data, allowing computers to discover complex patterns and
hidden insights without explicit programming. Machine learning is quite effective,
especially when it comes to high-dimensional data tasks like grouping, regression,
and classification. It can help produce consistent and trustworthy decision-making by
learning from previous analyses and finding patterns in large data sets. Consequently,
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machine learning algorithms have been effectively utilized across various fields,
including fraud detection, credit assessment, analysis of the next-best offer, as well as
in speech and image recognition and natural language processing (NLP) ( Janiesch,
et al., 2021).

Machine Learning algorithms are mainly divided into four categories: Supervised
learning, Unsupervised learning, Semi-supervised learning, and Reinforcement
learning ( Sarker, 2021).

1. Supervised
Using sample pairs of inputs and outputs, supervised learning often uses
machine learning to find a function that links input to output. To infer
a function, it uses a selection of training cases and labeled training data.
Supervised learning takes a task-oriented approach and is carried out when
specified goals are identified as being achievable from a given set of inputs.
The two most common supervised tasks are ”regression,” which seeks to fit
the data, and ”classification,” which distinguishes the data. One example of
supervised learning is text categorization, which is the process of identifying
the class label or sentiment of a text, such a tweet or a product review.

2. Unsupervised
Unsupervised learning is a data-driven method that analyzes unlabeled datasets
without the need for human intervention. This approach is frequently used to
organize results, identify important patterns and structures, find generative
features, and carry out exploratory research. Clustering, density estimation,
feature learning, dimensionality reduction, association rule discovery, and
anomaly detection are the main tasks related to unsupervised learning.

3. Semi-supervised
Using both labeled and unlabeled data, semi-supervised learning can be
defined as a hybrid of the supervised and unsupervised methods discussed
above. It is therefore in the middle between learning ”without supervision”
and learning ”with supervision.” Semi-supervised learning is beneficial in
real-world situations where labeled data may be limited in certain settings
while unlabeled data is plentiful. More accurate predictions than those derived
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only from the labeled data utilized in the model are the main goal of a
semi-supervised learning model. Machine translation, fraud detection, data
labeling, and text categorization are a few domains that use semi-supervised
learning.

4. Reinforcement
Reinforcement learning is a type of machine learning that uses an
environment-driven method to enable software agents and machines to
independently determine the optimal course of action in a given context
or environment to improve their performance. This approach, which is based
on the concepts of rewards and penalties, seeks to use knowledge gathered
from interactions with the environment to inform choices that either raise
rewards or lower risks. It is a potent tool for training AI models, which
can facilitate greater automation or improve the operational effectiveness
of intricate systems like robotics, self-driving cars, and supply chain and
manufacturing logistics. Nevertheless, it is not recommended to use it for
easier or more straightforward issues.

Figure 1 Various types of machine learning techniques (Source: Sarker, 2021)

2.2 Classification Analysis

Classification is considered a supervised learning approach in machine learning,
which deals with predictive modeling where a class label is assigned to a particular
example. To explain it mathematically, it creates a function (f) that converts input
variables (X) into output variables (Y), which stand for labels, categories, or targets.
This procedure can be used for both structured and unstructured data to identify the
class of particular data points. For instance, identifying whether an email is ”spam”
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or ”not spam” in email service providers is an example of a classification problem
(Sarker, 2021).

1. Binary Classification
Binary classification tasks involve categorizing data into two distinct class
labels, such as “true or false” or “yes or no.” In these tasks, one class may
represent the normal condition, while the other signifies an abnormality. For
example, in a medical test scenario, “cancer not detected” is the normal state,
while “cancer detected” represents the abnormal condition. Likewise, in the
context of email services, “spam” and “not spam” are examples of binary
classification.

2. Multiclass classification
This phrase usually refers to classification tasks with more than two class labels.
The idea of normal versus abnormal outcomes does not apply to multiclass
classification tasks, in contrast to binary classification tasks. Rather, examples
are classified as being a part of a specific class. One example of a multiclass
classification problem is the categorization of several network attack types in
the NSL-KDD dataset, where attack categories are separated into four class
labels: R2L (Root to Local Attack), U2R (User to Root Attack), DoS (Denial
of Service Attack), and probing attack.

3. Multi-label Classification
In machine learning, multi-label classification is a critical aspect where a
single example can be linked to multiple classes or labels. As in multi-level
text classification, this idea goes beyond multiclass classification, where the
classes taken into consideration are arranged hierarchically, enabling each
sample to belong to multiple classes at each level of the hierarchy. Articles
on Google News, for instance, may be grouped under ”technology,” ”city
name,” or ”latest news,” among other headings. Unlike classic classification
challenges where class labels are exclusive, multi-label classification uses
advanced machine learning algorithms that can predict many non-exclusive
classes or labels.
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Figure 2 Framework of ML predictive model (Source: Sarker, 2021)

2.3 Ensemble Learning

Ensemble learning is a method that integrates two or more machine learning
algorithms to achieve better performance than when the algorithms are applied
separately. To create a more accurate overall prediction, the predictions of each
individual learner are combined using a combination rule rather than relying on a
single model. Ensemble approaches can generally be separated into sequential
and parallel ensembles. The parallel approaches train various base classifiers
independently and merge their predictions using a combiner ( Mienye & Sun, 2022).
Along with its extension, the random forest algorithm, bagging is a well-known
parallel ensemble approach. Parallel ensemble algorithms leverage the simultaneous
creation of base learners to promote diversity among the members of the ensemble
( Liu, et al., 2016).Conversely, sequential ensembles do not train the base models
independently. They are trained in a stepwise manner, so that each model in every
iteration learns to remedy the mistakes made by the preceding model ( Mienye &
Sun, 2022).

The accuracy and adaptability of each learner are the main factors that determine
how effective ensemble learning techniques are. If a machine learning model
exhibits significant generalization abilities on data that has never been seen before,
it is considered exact. Conversely, ML models exhibit diversity when their errors
on new instances differ ( Bian, et al., 2020). Hence, diversity is regarded as the
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distinction among the base learners within an ensemble. Unlike accuracy, measuring
diversity lacks a universally accepted guideline ( Alshdaifat, et al., 2021). When
building ensemble classifiers, it is also difficult to achieve diversity among the
basic models. The base learners in many ensembles are created using overlapping
sections of the same training data, which results in linked models and makes it
challenging to promote variety. Various ensemble strategies attempt to promote
diversity either heuristically or implicitly. For example, bagging fosters diversity
through the subsampling of the training data, while boosting does so by reweighting
the training data ( Liu, et al., 2016). Below are some methods of ensemble learning.

1. Boosting
A machine learning approach called ”boosting” turns weak learners into
effective classifiers. It is an ensemble meta-algorithm that aims to reduce
variance and bias. A weak learner is defined as a classifier that performs
slightly better than random chance, whereas strong learners achieve high
accuracy and form the backbone of the boosting ensemble algorithms ( Sun,
et al., 2021). The concept of the boosting algorithm was initially presented by
Schapire (1990) in response to Kearns and Valiant’s question about whether
multiple weak learners could be combined to create a strong learner. Schapire’s
(1990) research profoundly influenced the fields of machine learning and
statistics, leading to the creation of various boosting algorithms, such as
AdaBoost and XGBoost ( Sun, et al., 2021).

The fundamental concept of boosting is the iterative application of the base
learning algorithm to modified input data. Therefore, it enhances base learners
with a high bias and low variance, such as decision stumps (a decision tree
with one internal node) ( Mienye, et al., 2020). The base learner focuses
on samples that are misclassified because they are given more weight. As a
result, if the base classifier is biased against particular samples, the algorithm
corrects the bias by giving those examples greater weight. However, this
iterative learning approach makes boosting unsuitable for learning noisy data
because the weight given to noisy samples is usually much greater than the
weights given to the other samples, there by forcing the algorithm to focus
excessively on the noisy samples, resulting in overfitting ( Mienye, et al.,
2020). Nevertheless, one of the most effective algorithms in applied machine
learning is boosting-based ensemble approaches. Boosting learning includes
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AdaBoost, Gradient Boosting, XGBoost, LightGBM and CatBoost.

2. Bagging
Bootstrap aggregating, commonly known as bagging, was introduced by
Breiman in 1994 to improve the classification accuracy of machine learning
models by amalgamating predictions from randomly created training datasets
( Mishra, et al., 2022). In this approach, diversity is achieved by generating
bootstrapped versions of the original data, wherein different subsets of the
input data are chosen at random, with replacement, from the initial training
dataset. As a result, the different training sets are considered diverse and
utilized to train multiple base learners using the same machine learning
algorithm. Essentially, the bagging technique entails dividing the training
data for each base learner through random sampling, thereby producing b
distinct subsets that are employed to train b base learners ( Mishra, et al.,
2022).

Base learners perform better when bagging is used, especially when the
learning method is unstable. Instead of addressing bias, its main goal is to
lessen the variance among the ensemble members. Consequently, bagging
achieves the best results when the ensemble members exhibit high variance
and low bias ( Alelyani, 2021). Bagging’s ability to reduce variance without
raising bias is a major advantage. Additional advantages of bagging include
its ability to use the bootstrapping technique to produce variation in the input
data. For large datasets, bagging requires less computational time compared to
many machine learning algorithms because it trains the model using a smaller
sample size ( Alelyani, 2021). Bagging has the disadvantage of increasing
model accuracy without taking interpretability into account.

3. Stacking
Stacked generalization, commonly known as Stacking, is an ensemble
learning method that institutes a distinct machine learning algorithm to
merge the predictions from multiple ensemble members. It specifically entails
constructing models with several base algorithms, referred to as level-0 models,
and employing a meta-learning algorithm that trains an additional model to
integrate the predictions from these base models ( Mienye, et al., 2020). The
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fundamental concept of stacking is that the level-0 base learners are trained
on the training dataset and are then evaluated on out-of-sample or unseen
data; the predicted labels from these base models on the unseen data, along
with the actual labels, create input-output pairs for a new dataset intended
for meta-learner training ( Liang, et al., 2021). Meta-learning represents the
aspect of machine learning wherein algorithms utilize the outputs of other ML
algorithms to generate more precise predictions based on the outputs of the
base classifiers ( Hospedales, et al., 2022). Because it combines the strengths
of multiple powerful classifiers, the stacking strategy is very successful in
producing classifications that outperform the individual models within the
ensemble.

Moreover, stacking employs various base algorithms along with the same
dataset to create models that are diverse and tackle the predictive modeling
challenge in different ways. In contrast to bagging, which primarily utilizes
decision tree models trained on portions of the input data, the stacked models
leverage multiple algorithms trained on the same dataset ( Miguel-Hurtado,
et al., 2016). Additionally, stacking uses a single model to determine the
optimal strategy to combine the predictions from the base learners, in contrast
to boosting, which trains models sequentially to improve the predictions of
earlier models. However, in regression tasks, linear regression is predominantly
used as the meta-classifier ( Miguel-Hurtado, et al., 2016).

2.4 AdaBoost

AdaBoost is the first boosting method created by Freund and Schapire. It utilizes
weak classifiers to form a more robust and reliable classifier. As noted by Tavish,
the process begins with the base learner, or weak learner, giving equal importance
to every observation. After assigning weights to all observations, the weak learner
is then applied for predictions ( Shahri, et al., 2021). Observations that the weak
learner incorrectly labels are given increased weights, and the subsequent base
learner takes over for prediction. This method continues until it reaches the limit of
the base learning algorithm, represented by Ti, with the iteration marked as t. In the
concluding stage, the outputs from the weak learners are merged to create a more
powerful learner that improves prediction accuracy ( Shahri, et al., 2021).
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The learning process of AdaBoost consists of training an initial classifier by utilizing
a basic algorithm, which is often a decision tree. Based on the classifier’s predictions,
the sample weights are changed, and the updated samples are then used to train the
subsequent classifier. As a result, the samples that were misclassified receive higher
weights, while the samples that were correctly classified are given lower weights,
making sure that the upcoming classifiers focus more on the misclassified samples (
Wang, et al., 2019). The various base learners are incorporated one after another and
assigned weights to create a powerful classifier. Given m labelled training instances
S = {(x1, y1), . . . , (xi, yi), . . . , (xm, ym)}, where yi is the target label of sample xi,
and yi ∈ Y = {−1,+1}, the weight D1 of the sample xi and the weight update
Dt+1 are computed as:

D1(i) =
1

n
, i = 1, 2, . . . , n (2.4.1)

and

Dt+1(i) =
Dt(i)

Zt

exp(−αtyiht(xi)), i = 1, 2, . . . , n (2.4.2)

The function ht(x) serves as the base classifier, with t = 1, . . . , T representing the
number of iterations. The notation Zt denotes the normalization factor, while αt

refers to the weight assigned to the classifier ht(x). The weight αt indicates the
level of contribution of the classifier ht(x) in forming the final decision. In cases
where ht(x) misclassifies an instance, that data point is assigned a higher weight
in the subsequent iteration (t+1). Moreover, Zt is determined in such a way that
Dt+1 remains a valid distribution. The values of Zt and αt are obtained through the
following equations:

Zt =

n∑
i=1

Dt(i) exp(−αtyiht(xi)) (2.3)

αt =
1

2
ln

(
1− ϵt
ϵt

)
(2.4)

where ϵt symbolizes the classifier’s error rate, which is acquired using:

ϵt = P [ht(xi) ̸= y] =

n∑
i=1

Dt(i)I[ht(xi) ̸= yi] (2.5)
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Following the completion of the specified number of iterations, the final strong
classifier is calculated using:

H(x) = sign

(
T∑
t=1

αtht(x)

)
(2.6)

AdaBoost is simple to use and requires minimal hyperparameter adjustment.
Moreover, AdaBoost’s adaptability allows it to use a variety of algorithms as its
foundational learner. As a result, it can improve performance by using a method
that is appropriate for a particular application. However, because AdaBoost uses an
iterative learning approach, it is susceptible to outliers and noisy data, which can
lead to overfitting ( Mienye, et al., 2020).

2.5 Gradient Boosting

A machine learning technique called gradient boosting uses the boosting approach
to create strong ensembles. Known as gradient boosted decision trees (GBDT), it
mainly uses decision trees as the fundamental learner to produce a powerful ensemble
classifier. The gradient boosting method was initially presented by Breiman, who
observed that boosting can be viewed as an optimization method for a suitable loss
function ( Mienye, et al., 2020). The training process of this algorithm consists
of progressively training new models to build a strong classifier. It is created in a
gradual fashion, akin to other boosting methods, but its main concept is to produce
base learners that are closely aligned with the negative gradient of the loss function
associated with the complete ensemble ( Mienye, et al., 2020).

Suppose we are given a training dataset S = {xi, yi}Ni=1. The gradient boosting
technique seeks to construct an approximation F̂ (x) of the target function F ∗(x),
which maps the predictor variables x to the response variables y, by minimizing the
loss function L(y, F (x)). In essence, GBDT forms an additive approximation of
F (x) through a weighted summation of functions:

Fm(x) = Fm−1(x) + ρmhm(x) (2.7)

where ρm represents the weight of the mth function, hm(x). These functions are the



14

decision tree models in the ensemble. The algorithm performs the approximation
iteratively. Meanwhile, a constant approximation of F ∗(x), is achieved using:

F0(x) = argmin
a

n∑
i=1

L(yi, a) (2.8)

successive base learners aim to minimize

(ρm, hm(x)) = argmin
ρ,h

N∑
i=1

L(yi, Fm−1(xi) + ρh(xi)) (2.9)

Instead of directly carrying out the optimization task, each hm can be interpreted as
a greedy step in the gradient descent optimization of F ∗(x) ( Bentéjac, et al., 2021).
Consequently, each hm is trained on a new dataset D = {xi, rmi}Ni=1, where rmi

denotes the residual errors, defined as the difference between the prediction of an
individual base classifier and the actual label ( Mienye, et al., 2020). These residual
errors, also referred to as pseudo-residuals, are computed as:

rmi =

[
δL(yi, F (x))

δF (x)

]
F (x)=Fm−1

(2.10)

The coefficient ρm is determined through line search optimization. However, the
technique may experience overfitting if the iterative process is not sufficiently
regularized. For certain loss functions, such as the quadratic loss, when hm fits
the residuals perfectly, the residuals in the next iteration become zero, causing the
process to stop prematurely ( Zhang, et al., 2019). In addition, various regularization
hyperparameters have been explored to optimize the additive learning process of
GBDT. A common approach to regularization in GBDT is shrinkage, which reduces
each gradient descent step as follows.

Fm(x) = Fm−1(x) + vρmhm(x) (2.11)

Where v is typically set to 0.1 ( Jiang, et al., 2020). Like other boosting techniques,
gradient boosting’s capacity to identify intricate data patterns by fixing previous
models’ mistakes is one of its key advantages. Nevertheless, models built with this
method may overfit and capture noise when the dataset contains noisy data ( Zhang,
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et al., 2019). Gradient boosting is considered particularly effective for problems
involving small datasets.

2.6 Extreme Gradient Boosting (XGBoost)

XGBoost is an extension of gradient boosting, an algorithm that can find optimal
solutions to regression and classification problems based on Gradient Boosting
Decision Trees ( Andriansyah & Fridayanthie, 2023). This algorithm’s fundamental
idea is to lower the loss function (a mechanism for evaluating the model) by
continually adjusting the learning parameters. XGBoost improves performance and
lowers model complexity to prevent overfitting by using a more structured model
to construct a regression tree structure. Boosting is an ensemble learning algorithm
that assigns different weights to the training data distribution in each iteration (
Sunata, et al., 2020). Each iteration of the boost adds weight to incorrectly classified
samples and reduces weight to correctly classified samples. Boosting combines
multiple weak classifiers to create a robust classifier. The traditional Gradient
Boosting technique gave rise to XGBoost, a boosting variation. Gradient Boosting
was changed into XGBoost to increase generalization performance, scalability, and
speed. Data structuring is the first step in using XGBoost. Since XGBoost only works
with numeric vectors, all categorical data types must be transformed into numeric
forms. One Hot Encoding can be used to complete this conversion. The following
step involves cleaning the data and performing feature engineering ( Shahri, et al.,
2021). The following equation states that the general function can be used to produce
the estimated model.

ŷ
(t)
i =

t∑
k=1

fk(xi) = ŷ
(t−1)
i + ft(xi) (2.12)

where,

ŷ
(t)
i = predictions at step t

ft(xi) = the learner at step t

xi = the input variable

ŷ
(t−1)
i = predictions at step t− 1
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As the equation below illustrates, the goal is to prevent overfitting in XGBoost:

Fobj(θ) =

n∑
i=1

l(ŷi, yi) +

K∑
k=1

Ω(fk) (2.13)

where,

l(ŷv, yi) = a loss function that measure the difference between the prediction
ŷv and the target yi

Ω(fk) = γT + 1
2
λ
∑K

k=1w
2
k, a regularized term that penalizes complex models

γ = the min. loss needed to further partition the leaf node

T = the number of leaves in the tree

λ = a regularized parameter to scale the penalty

γT = spanning the tree pruning

w = weight of leaves

Subsequently, the loss function in XGBoost undergoes a second-order expansion,
and the final objective is formally expressed in the equation ( Krawczyk, 2016).

J (t) ≈
n∑

i=1

[
giwq(xi) +

1

2
(hiw

2
q(xi)

)

]
+ γT +

1

2
λ

K∑
k=1

w2
k (2.14)

where,

hi = the second derivative of the loss function
gi = the first derivative

The optimal weight of leaf j, wj can be identified using the following equation,

wj = −
∑

i∈Ij gi∑
i∈Ij hi + λ

(2.15)

The cumulative loss associated with every leaf node can be expressed through the
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subsequent loss function in the equation

J (t) ≈
T∑

j=1

∑
i∈Ij

gi

wj +
1

2

∑
i∈Ij

hi + λ

 (w2
j )

+ γT (2.16)

Where Ij refers to all data samples in the leaf node j. Accordingly, changes in model
performance can be determined from the objective function once a node split occurs
in the decision tree ( Zhang, et al., 2018).

2.7 Model Evaluation

In order to assess the effectiveness of different machine learning algorithms in
predicting and classifying breast cancer, several performance metrics were computed
and compared to provide a comprehensive evaluation of the models ( Prastyo, et
al., 2020). The performance of each algorithm was then determined based on the
average values of these metrics ( Salvador, 2024), which include

1. Confusion Matrix
An actual and expected classification table that includes true positives, true
negatives, false positives, and false negatives is called a confusion matrix.
It offers insights into model performance by highlighting specific types
of classification errors. However, in high-dimensional problems with many
classes, the confusion matrix may be less informative and requires careful
interpretation. To address this, metrics such as accuracy, precision, and recall
summarize its information into more interpretable forms.
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Figure 3 Confusion Matrix (Source: Salvador, 2024)

2. Accuracy Score
The proportion of accurately predicted occurrences to all instances in the
dataset is known as the accuracy score. It is computed by dividing the total
number of forecasts by the sum of true positives and true negatives.

Accuracy =
TP + TN

TP + TN + FP + FN

Where TP represents true positive (i.e., breast cancer patients who are correctly
identified as having malignant cancer), TN represents true negative (i.e., breast
cancer patients who are correctly identified as having benign cancer), FP
represents false positive (i.e., cancer patients who are incorrectly identified
as having malignant cancer), and FN represents false negative (i.e., cancer
patients who are incorrectly identified as having benign cancer).

3. Precision Score
The percentage of real positive predictions compared to all instances projected
as positive is known as precision. It is computed as:

Precision =
TP

TP + FP

4. Recall
Recall measures the percentage of real positives that the model successfully
detects, it is sometimes referred to as sensitivity or true positive rate. It is
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defined as:
Recall =

TP

TP + FN

5. F-1 Score
The F1 score provides a fair assessment by taking into account both metrics.
It is the harmonic mean of precision and recall. It is given as:

F1 Score = 2× Precision × Recall
Precision + Recall

2.8 Breast Cancer

Breast cancer is the most common cause of cancer death in women according to
the World Health Organization ( Pinheiro & Becker, 2025). It’s the most commonly
diagnosed cancer in the world and estimate 2.3 million new cases and 685,000 deaths
occurred in 2020 ( Arnold, et al., 2022). In Brazil, breast cancer is also one of the
most common cancers in women, for each year of the 2023 2025 triennium, 73,610
new cases were estimated ( Pinheiro & Becker, 2025).

The three main parts of the breast are ducts, connective tissue, and lobules; cancer
usually starts in the ducts or lobules. Cells that proliferate abnormally and invade
neighboring tissues are known as cancerous tumors. Mammography, ultrasound,
MRI, biopsy, clinical breast examination, and genetic testing are a few of the
current diagnostic techniques. Breast cancer tumors are classified as benign or
malignant, with treatment choice based on grade, stage, and molecular subtype of
BC, options are surgery, radiation therapy, chemotherapy, neoadjuvant chemotherapy,
and adjuvant chemotherapy ( Burguin, et al., 2021).

Studies have shown that increased breast cancer rates are linked to lifestyle risk
factors (drinking, being overweight, being inactive), reproductive and hormonal risk
factors (early menarche, later menopause, higher age at first childbearing, fewer
children, reduced breastfeeding, menopausal hormone therapy, oral contraceptives),
and increased mammography ( Shang & Xu, 2022). Since 2003, breast cancer cases
and deaths among women in the United States and Australia have continued to rise,
while the incidence has increased slightly, the mortality rate has decreased ( Siegel,
et al., 2020).
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The incidence of breast cancer is increasing in all three nations, despite the fact that
the morbidity and death rates for female breast cancer in the US and Australia are far
higher than those in China. The mortality rate of female breast cancer in the United
States and Australia declined slightly, while breast cancer mortality in China was
growing ( Smolarz, et al., 2022). In transitioned countries, the incidence of breast
cancer is 88% greater than in transitioning countries (55.9 and 29.7 per 100,000,
respectively).

However, compared to women in advanced countries, death rates for women in
developing nations are 17% higher (15.0 and 12.8 per 100,000, respectively) ( Shang
& Xu, 2022). With a 15% mortality-to-incidence ratio, breast cancer makes up
around 30% of all female malignancies worldwide. The global incidence ranges
from 27 per 100,000 people in Africa and East Asia to 97 per 100,000 people in
North America, reflecting the link between breast cancer incidence and economic
development, as well as related social and lifestyle factors ( Siegel, et al., 2020).
Mortality from breast cancer in women can be better reduced by increasing access to
aggressive prevention, early detection, and early treatment ( Smolarz, et al., 2022).



III. RESEARCH METHODS

3.1 Time and Place of Research

This research was conducted in the even semester of the 2025/2026 academic year
at the Department of Mathematics, Faculty of Mathematics and Natural Sciences,
University of Lampung.

3.2 Research Data

The data used in this study is secondary data, namely the Wisconsin Breast
Cancer Dataset, which can be accessed via the UCI Machine Learning Repository
website at the following link: https://archive.ics.uci.edu/dataset/
15/breast+cancer+wisconsin+original.

3.3 Research Methods

The methodology of this study consists of several stages as follows:

1. Data Analysis

2. Data Preprocessing

a. Handling missing values (if any)

b. Normalizing or standardizing numerical features to ensure they are on a
consistent scale

c. Using the Synthetic Minority Oversampling Technique (SMOTE), which
creates synthetic samples for the minority class in order to attain a more
balanced distribution, to address class imbalance

https://archive.ics.uci.edu/dataset/15/breast+cancer+wisconsin+original
https://archive.ics.uci.edu/dataset/15/breast+cancer+wisconsin+original
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3. Splitting Data

a. Both AdaBoost and XGBoost models are trained using the training dataset

b. Fold CV is applied to validate the consistency of model performance

4. Model Development

a. AdaBoost Algorithm: Implemented with decision stumps or shallow
decision trees as weak learners. The algorithm iteratively adjusts the
weights to focus more on misclassified instances

b. XGBoost Algorithm: Implemented with gradient boosting decision trees.
This model incorporates regularization, pruning, and hyperparameter tuning
to optimize performance and reduce overfitting

5. Performance Evaluation

a. The trained models are tested on the testing dataset

b. Performance is evaluated using classification metrics, including:

- Confusion Matrix: Provides a detailed overview of prediction results by
displaying True Positives (TP), True Negatives (TN), False Positives (FP),
and False Negatives (FN). This allows a more comprehensive analysis of
classification errors

- Accuracy: The proportion of correct predictions among all cases

- Precision: The percentage of all anticipated positive cases that were
accurately predicted

- Recall (Sensitivity): The percentage of true positive instances that were
accurately recognized

- F1-Score: The precision and recall harmonic mean

c. The performance of AdaBoost and XGBoost is then compared based on
these metrics

6. Result Analysis

a. The strengths and weaknesses of AdaBoost and XGBoost in breast cancer
classification are analyzed

b. The discussion emphasizes the practical implications of applying boosting
algorithms in medical diagnosis
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7. Drawing conclusions regarding the comparative performance of AdaBoost
and XGBoost

Figure 4 Flowchart Research Methodology



V. CONCLUSION

5.1 Conclusion

Based on the results obtained, several points can be concluded as follows:

1 The results show that the AdaBoost and XGBoost algorithms perform very
well in classifying breast cancer using the Wisconsin Breast Cancer Dataset
(WBCD), with an accuracy value above 96% and high precision, recall, and
F1-score values, making both suitable for use as breast cancer classification
models.

2 Based on the evaluation results, AdaBoost excels in accuracy, precision, and
F1-score metrics, while XGBoost excels in recall metrics. The difference
in performance between the two models is relatively small, so the choice
of algorithm can be adjusted according to priority needs, namely prediction
accuracy or completeness of breast cancer case detection.

5.2 Recommendation

Based on the evaluation results, it is recommended to pay more attention to data
balancing techniques and hyperparameter optimization so that the model can be more
sensitive to minority classes. In addition, further research can explore the use of other
models or more sophisticated methods to improve performance in cancer detection,
especially in dealing with data imbalance issues that may affect the accuracy and
sensitivity of the model.
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