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Abstract—Breast cancer is the largest cause of death in women. Breast cancer is amenable
to treatment, and a favourable prognosis can be attained if the condition is detected and
addressed during its initial phases. Early and accurate prediction is the foundation for
effective breast cancer management and improved survival rates. Accurate diagnosis plays a
crucial role in effective treatment and patient outcomes. Correct classification of malignant
and benign tumours can ensure better clinical decision-making, ultimately contributing to
improved patient outcomes. This research proposes a novel AdaBoost ensemble method
consisting of heterogeneous support vector machine and decision tree as machine learning
algorithms in base models. The proposed model can consistently deliver a high precision of
0.98, recall of 0.95, and F2 score of 0.96 scores, which indicates that the model is highly
effective at correctly identifying malignant tumours while minimizing false positives. It not
only surpasses traditional models but also outperforms other ensemble techniques, making it

a reliable and effective tool for medical diagnostics.

I. INTRODUCTION

Breast cancer is a disease in which cells in the
breast develop abnormally and without control, leading to
the formation of a mass known as a tumour. As shown in fig.
1 in 2022, the estimated number of female deaths due to
different types of cancer across continents is 4.3 million.
Breast cancer is the leading cause of cancer-related deaths
among females [1]. Breast cancer, characterized by the
growth of malignant tumorous cells in mammary glands,
is among the most commonly occurring types of cancer
among the female population. Benign tumours are usually
well-defined and round or oval. Malignant tumours are
generally poorly defined and irregular with lobules as shown
in fig 2 [2]. A benign tumour poses minimal risk to the
human anatomy and has a low probability of resulting
inmortalities among individuals. A malignant tumour poses
a greater hazard and has the potential to result in
mortal outcomes in individuals. This type of tumour
exhibits an expedited proliferation rate due to the
anomalous multiplication of cells. The treatment of breast
cancer has been
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observed to exhibit pronounced efficacy, particularly when
accomplished at an early stage. Early and accurate prediction
is the foundation for effective breast cancer management
and improved survival rates. In this context, the development
of robust prediction models is of paramount importance.
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Fig. 2. Benign and malignant tumours cell structure [2]

The medical domain has recently witnessed the utilization of
data mining methodologies for the effective analysis of medical
data. Data mining methods should be employed for analysis and
prediction, emphasising resolving classification challenges
encountered in multiple applications [3]—[5]. It is plausible that
machine learning systems could outperform standard models in
terms of illness classification and prediction [6]-[9]. Machine
learning plays a crucial role in the early diagnosis of Breast
Cancer. Extensive research has been conducted on the diverse
capabilities of Support Vector Machine (SVM), Artificial
Neural Network (ANN), and Decision Tree (DT) based
methodologies with the classification of medical data [10]—
[16]. Many machine learning algorithms and neural network
approaches have been used in the Breast Cancer Wisconsin
diagnostic and prognostic dataset [17]. The Wisconsin
diagnostic dataset consists of 63% benign tumours and 37%
malignant tumours, i.e., a highly imbalanced dataset, which
may lead to biased models that favour the majority class.
Ensemble methods can effectively handle class imbalances by
combining classifiers trained on balanced subsets of the data,
thereby improving the overall predictive power for the minority
class. Ensemble techniques incorporate techniques like
resampling (e.g., boosting or bagging), which can mitigate the
bias problem by giving more weight to malignant (minority)
class instances or adjusting decision boundaries accordingly.
Homogeneous ensembles typically use multiple instances of
the same base classifier with variations in training data or
parameters, which share similar biases and variances and are
prone to overfitting, which may not offer sufficient diversity in
model predictions. However, the heterogeneous ensembles
combine classifiers that utilize different algorithms, which have
different biases and variances and can help in reducing
overfitting. In a heterogeneous ensemble, each model may
handle variations and noise in the data differently. If one of the
base models performs poorly on certain subsets of the data,
maybe other types of base models in the ensemble might
compensate for this, leading to a more balanced and robust
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performance. This is also crucial in cancer detection scenarios
where missing malignant tumours (false negatives) can be
much more costly than falsely accusing legitimate benign
tumours as malignant (false positives) in the cancer detection
system. The heterogeneous Adaboost ensemble method is
proposed to detect breast cancer using SVM and DT, where
each model weakness is overcome by other models of ensemble
methods. The combination can generalize better to unseen data
by leveraging the complementary strengths of the individual
models. In ensemble methods, SVMs provide robustness in
high-dimensional spaces, and DTs offer simplicity and
interpretability.

The major contributions of this paper can be summarised as
follows:

. This research proposes a novel AdaBoost ensemble
method consisting of heterogeneous machine learning
algorithms as base models.

« The performance of the ensemble classifier enhanced the
prediction of breast cancer and is evaluated on the publicly
available Wisconsin diagnostic and prognostic dataset.

. The proposed ensemble method outperforms various
state-of-the-art methods for the detection of breast cancer.

The rest of the paper is organized as follows: Section II
discusses the question of taxonomy and related works. Section
III includes the details of the entire process and the model used.
Section IV discusses the detailed results. Finally, a conclusion
is in section V.

II. RELATED WORK

A study employed Decision Tree, Logistic Regression, and
Naive Bayes algorithms to determine the optimal feature subset
that can achieve precise classification of the identified types of
breast cancer. The review paper analysed comparatively the
current advancement in the classification of medical data [18].
The two optimum automated breast cancer classification
approaches are proposed based on the SVM radial basis
function kernel with a hybridization of the Whale Optimization
Algorithm (WOA) and Dragonfly Algorithm (DA). The
proposed WOA-SVM  method outperforms  previous
classification approaches on the Wisconsin Breast Cancer
Database (WBCD) dataset. However, the proposed DA-SVM
algorithm outperforms the previous classification algorithms on
the Wisconsin Diagnosis Breast Cancer (WDBC) databases.
Both the proposed methods use a 10-fold cross-validation
dataset with the mean resultant accuracy of 97.89% and
99.27% respectively [10]. The SVM is hybridized with an
extremely randomized trees classifier (extra trees) to classify
breast cancer by removing unwanted irrelevant features. The
proposed method achieved the highest accuracy of 80.23% and
outperforms the current state-of-the-art. The proposed method
also improved the prediction accuracy by 7.29% in contrast to
without the feature selection method [11].
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The particle swarm optimization (PSO) is used to optimize
the efficiency of the Decision Tree algorithm on the WBCD
where the skewed outcomes of classification are solved by a
feature selection process. The performance of the proposed
system is 92.26% accuracy and outperforms the state-of-the-
art. The proposed method is used to create an early detection
system for cancer diagnosis and helps health practitioners in
decision-making [12]. The adaptive boosting is employed in the
decision tree to handle the imbalance dataset of the WBCD. The
AdaBoost enhances the performance of breast cancer detection
by 4% than the decision tree [13].

The majority voting ensemble method is proposed to enhance
the recall of breast cancer classification mechanism and
outperforms the current state-of-the-art. The three classifiers
simple logistic regression learning, support vector machine
learning with stochastic gradient descent optimization and
multilayer perceptron network, are used for ensemble
classification using a hard voting mechanism and show better
performance with 99.42%, as compared to the state-of-the-art
algorithm for WBCD [19]. Early detection of breast cancer is
important to reduce the mortality of patients. The optimized
stacked ensemble learning (OSEL) is proposed where various
machine learning methods (k-NN, LR, SVM, DT, RF) are
stacked and genetic algorithm is used as optimizers. The
proposed OSEL model achieved a maximum accuracy of up to
99.45% as compared to current state-of-theart boosting
classifiers [20]. The heterogeneous ensemble learning
techniques are used to improve the performance of the Bayesian
network and Radial Basis Function classifiers on WBCD. The
proposed method achieved optimal and remarkable accuracy of
97% to classify breast cancer and outperformed the existing
homogenous ensemble methods and single classifiers [21].

1. METHODOLOGY

Fig. 3 shows the proposed block diagram of the AdaBoost
Ensemble method where SVM and DT are used as classifiers to
detect breast cancer on the WBCD dataset. Using
heterogeneous base models i.e., SVM and DT in AdaBoost for
breast cancer detection can leverage the strengths of each
model, reduce overfitting, and improve robustness with
generalization.

A. Data Collection

The research will utilize the Breast Cancer Wisconsin
(WBCD) dataset, which contains a comprehensive set of
features and corresponding breast cancer diagnoses. The
datasets have been sourced from the machine learning
repository at UCI. The aforementioned database comprises a
total of 569 records, wherein each record encompasses 30
visual attributes out of 33 attributes pertaining to the
characteristics of cancer cells [17]. As shown in fig 4, the
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Fig. 3. Block diagram of proposed AdaBoost ensemble method based on SVM
and DT to detect breast cancer

WBCD dataset is imbalanced i.e. one class has a larger number
of instances of benign with 63% compared to another class of
malignant with 37%. In the case of the imbalanced dataset,
metrics such as accuracy tend to be misleading and to reduce
the false negative recall is used as the main performance
parameter.
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Fig. 4. Illustration of data distribution between malignant (M =1) and benign
(B=0) classes of WBCD dataset
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B. Preprocessing

In data preprocessing, the data is normalized using zscore
normalization entails transforming information into a uniform
and consistent structure that can be interpreted and
comprehended by computer systems. It ensures the stability of
algorithmic and avoids scale sensitivity of input attributes. Data
Standardization helps the algorithm to improve optimization
convergence, search efficiency, and overall improve its
performance. It is a common preprocessing technique used to
scale numerical features such that the mean is 0 and the standard
deviation is 1.

Ty — [y

T )
where the z;iis the normalized feature value of the i — th of
original feature x;. The w:and o: are the mean and standard
deviation of the i-th feature values. The dataset is divided into
two subsets i.e., training and test dataset. By dividing data, it is
possible to assess the performance of a model on new data that
it has not encountered before. This allows for the avoidance of
overfitting, in which the model can remember the training data
but does not generalize. It is important to allocate a significant
amount of Data for Training and to ensure that there is sufficient
Data for Testing. 80:20 ratio was used for splitting the dataset
in this research.

Z; =

C. Classification

The heterogeneous AdaBoost ensemble method is used to
classify breast cancer into binary classes where SVM and DT
are used as base models. The SVM provides strong
performance in high-dimensional spaces and can effectively
handle the boundary between classes where as the DT offers
interpretability and handle categorical features. Each model has
its strengths and weaknesses. AdaBoost focuses on the
instances that previous models classified incorrectly. Errors
made by heterogeneous models might not overlap significantly,
which allows the ensemble to correct mistakes more effectively.

The diverse nature of heterogeneous models can enhance the
generalization ability of the ensemble, making it more robust to
new, unseen data.

D. Performance Evaluation

In the context of our ensemble learning prediction model for
enhancing performance on the Breast Cancer dataset, we
employed a range of performance evaluation metrics to
comprehensively assess the model’s capabilities. The model’s
performance was evaluated using the following metrics:

. Confusion matrix - It is especially useful when dealing
with analyzing the performance in the sense of confusion
in classifying two classes.

. Precision - It directly addresses the issue of false positives.

« Recall - If a model fails to identify a true positive case, can
have severe consequences for patient safety. « Fg- It is
particularly useful in situations where the class
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distribution is imbalanced, and there may be significant
consequences for misclassifying certain classes. It is
necessary to minimize the false negative, i.e.,
misclassification malignant as benign. Thus, the § =2 is
used in the F2 score for high recall.

« AUC-PR - It is a metric used to evaluate the performance
of classification models, particularly when dealing with
imbalanced datasets. It provides a way to measure the
trade-off between precision and recall across different
probability thresholds.

IV. RESULT AND DISCUSSION

In this section, the datasets of WBCD used in this research
and the experimental evaluations show the usefulness of the
proposed model. The cancer tumour is classified into two
classes, i.e., malignant (M = 1) and benign (B = 0). In this
research, the AUC-PR, recall and F2 score parameters are used
to evaluate the performance of the proposed model and compare
it with the current state-of-the-art. The F2 score places
more emphasis on recall than precision. The performance of
the proposed method is evaluated in terms of the confusion
matrix as provided in fig. 5 where 114 test data are used. The
proposed AdaBoost methods provides a very less number of
false positive and false negative values indicating improved
and stable performance with minimal misclassifications.
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Fig. 5. Confusion matrix of binary classification using proposed methods where
malignant (M =1) and benign (B=0)

The table I summarizes the performance metrics for the
classification of tumours into malignant and benign classes
using the proposed methods. It is observed that the proposed
model can correctly identify 95% of all the malignant tumours.

TABLE I
Classification of tumour on malignant and benign classes using proposed
methods
Diagnosis Precision Recall F2
Malignant (1) 0.98 0.95 0.96
Benign (0) 0.97 0.99 0.99
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The model has a high precision of approximately 98%,
indicating that when it predicts a malignant case. The F2 score
of approximately 96% demonstrates a good trade-off between
precision and recall indicating that the proposed model can
effectively distinguish tumours between malignant and benign
cases with minimal misclassification. The proposed method
also demonstrates outstanding performance in classifying
benign tumours, with a precision of 97% and a recall of 99%
which means very few false positives and almost no false
negatives.

Table II compares the performance of the proposed methods
with various state-of-the-art models in terms of precision,
recall, F2 score, and AUC-PR (Area Under the Precision-
Recall Curve). The overall performance of SVM and DT is
increased by applying the AdaBoost ensemble learning
algorithm on weak learners. The proposed method yields
higher classification results in comparison to state-of-the-art
methods.

TABLE 11
Compare the proposed methods with state-of-the-art
Models Precision  Recall F2 AUC-PR
SVM 0.95 095 095 0.96
ANN 0.95 091 092 0.95
DT 0.80 091 0.85 0.85
Soft Voting (ANN and SVM) 0.95 093 093 0.95
XGBoost (ANN, SVM and DT) 0.93 095 095 0.95
Adaboost (SVM and DT) 0.98 095 09 097

The decision tree model shows the lowest performance metrics
among all, with significantly lower precision and AUC-PR.
Similarly, the artificial neural networks model also shows
the lowest recall value. The XGBoost which is a
combination of ANN, SVM and DT, has a balanced
performance with good precision and recall but falls slightly
short of the proposed Adaboost method in precision and F
score. The AUC-PR of 0.97 for the Adaboost method is the
highest among all compared models, indicating that the
proposed model always correctly predicts both classes even
though the used WBCD dataset is highly imbalanced.

V. CONCLUSION AND FUTURE WORK

This paper aims to classify the types of tumour i.e. Benign
tumour and Malignant tumour, using AdaBoost ensemble
methods which is capable enough to classify the tumour with
high recall and reduce false negatives. The heterogeneous base
model, i.e., SVM and DT are used in AdaBoost methods by
overcoming the weakness of one model by another model of
ensemble methods. The classification results in this research
affirmed the potency of ensemble learning for intricate breast
cancer prediction. The proposed model can consistently deliver
a high precision of 0.98, recall of 0.95, and F2 score of 0.96
scores, which indicates that the model is highly effective at
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correctly identifying malignant tumours while minimizing false
positives. It not only surpasses traditional models but also
outperforms other ensemble techniques, making it a reliable
and effective tool for medical diagnostics which ensures better
clinical decision-making, ultimately contributing to improved
patient outcomes. But when dealing with a very large dataset,
training multiple SVMs as base classifiers in AdaBoost can
significantly increase computational cost and complexity. So,
for further work and research, a study on reduction on
computational cost and complexity can be performed.
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