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Breast cancer is a life-threatening cancer worldwide and is commonly seen in women. Early and
accurate diagnosis is a key to successful treatment and better survival rates. In this study, using
569 samples from the Wisconsin Diagnostic Breast Cancer dataset, the classification performances
of Support Vector Machines (SVM), Adaptive Boosting (AdaBoost), Random Forest (RF), Naive
Bayes (NB) and k-Nearest Neighbor (kNN) algorithms are compared. To improve accuracy, the
train dataset was expanded from 381 to 1524 samples using a three-stage method involving random
scaling, Gaussian noise, and mathematical transformations. Test dataset remained unchanged.
Statistical analyses confirmed that the augmented data presented sufficient variability to enhance
generalization while preserving the original distribution. Model performance analysis was
conducted using accuracy, precision, sensitivity, F1 score, FDR, MCC and AUC values.
Compared to the original dataset, the accuracy of the SVM algorithm improved from 98.94% to
99.47% with the data augmentation techniques. This result shows that data augmentation
techniques are effective in improving the classification performance of machine learning models
for breast cancer diagnosis.

This is an open access article under the CC BY-SA 4.0 license.
(https://creativecommons.org/licenses/by-sa/4.0/)

1. Introduction

internal context. Understanding how these diverse signals
are synthesized to maintain this delicate balance between

The regulation of cell proliferation in healthy tissues is
guided by responsive checkpoint networks rather than a
static, predetermined schedule. Instead of following a
rigid, automated script, cellular growth decisions require
the continuous integration of a wide array of inputs,
effectively bridging intrinsic transcriptional states with
extrinsic microenvironmental cues. Mechanistically, this
integration relies on the joint actions of layered
transcription factor cascades [1-3], epigenetic machinery
[4, 5], localized cytokine signaling [6, 7], and homeostatic
metabolic sensors [8, 9]. Because these pathways converge
to act as a collective processor, the resulting system is
inherently flexible-allowing cellular behavior to shift
dynamically based on the cumulative environmental and
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proliferation and quiescence remains a foundational
challenge in tissue biology.

However, mutations and abnormal gene changes can
cause cells to divide and multiply uncontrollably. Over-
proliferation causes cells to come together to form solid
tissue called a tumor. If a tumor grows only at the place it
develops, then it is a benign tumor. On the other hand, if a
tumor spreads to different tissues, then it is a malignant
tumor [10, 11]. Malignant tumors are also called
cancerous tumors; the cells they contain are called cancer
cells, Figure 1. The benign stage of a tumor is usually not
life-threatening, while the malignant stage can be fatal.

A cancerous tumor located in the breast-an essential
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organ of the female reproductive system-is called breast
cancer. This devastating condition is highly influenced by
numerous risk factors that can be categorized into two
major groups: reproductive and non-reproductive risk
factors. The risk factors in the reproductive aspects that
predispose a woman to breast cancer are many. First,
menarche at an early age has been associated with an
increased risk of the development of malignant tumors
[12]. Also, late menopause, the natural cessation of
menstruation in older age, has been associated with a
higher susceptibility to breast cancer [12]. Additionally,
factors such as having children at an older age [13] or
never having had children [14], as well as breastfeeding
less frequently [15], have been identified as potential
reproductive risk factors.

Non-reproductive risk factors, on the other hand, are
relevant to breast cancer etiology [16]. Of all these risk
factors, the main ones are genetic BRCA1 and BRCA2
mutations [17]. People who carry these gene mutations
have a much higher risk of developing the disease than the
general population. [18]. Obesity [19], considered to be a
state characterized by an excess of body weight and/or
adipose tissue, has also been implicated as a risk factor
contributing etiopathogenetically to the genesis of breast
Postmenopausal obesity is a
reproductive risk factor that increases susceptibility to this

cancer. third non-
malignancy. In addition, having a family history of breast
cancer is also known as a non-reproductive risk factor
since women with blood relatives (mother, sister(s), and
children) are more likely to get the disease [19]. Among
other significant risk factors are hormone disorders [20],
radiation therapy, and alcohol. Only in 2020, the global
number of newly diagnosed cancer cases directly due to
alcohol consumption was 741,300 [21]. This frightful data
makes up 4% of all cancers in the world. People's lifestyle
decisions directly affect their individual health. The most
striking example of this is the direct link between alcohol
and breast cancer.
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Figure 1. Cellular proliferation, healthy and tumor cells.

Figure 1 shows healthy and cancerous cells. The upper
left shows a normal cell's healthy division and
differentiation cycle. The lower left shows cancerous cells
that have multiplied uncontrollably due to a disruption in
the differentiation cycle. The upper right shows a benign
tumor structure where the cells are clustered within a
defined boundary. The lower right shows a malignant

(cancerous) tumor structure where the cells have
undergone morphological deformation and spread to
surrounding tissues.

The World Health Organization (WHO) has estimated
that in the year 2022, approximately 2.3 million new
patients were diagnosed with breast cancer worldwide.
Unfortunately, this number accounts for 11.6% of all
cancer cases diagnosed in 2022. Breast cancer was the
most common cancer in women in 157 out of 185 countries
in 2022 [22]. In less developed countries, more than half
of breast cancer cases occur in women under the age of 50,
while in developed countries like the UK, more than a third
of cases occur in women over the age of 70 [23].
According to Globocan, 25,249 new cases of breast cancer
were diagnosed in Turkey in 2022. This accounts for
23.5% of all female cancers [24]. Early diagnosis and
treatment of breast cancer save lives. The Turkish Breast
Cancer Foundation, the American College of Radiology,
and the National Comprehensive Cancer Network-NCCN
recommend that women should start mammography
screening at age 40 and continue their screening every two
years up to the age of 69. This recommendation is
consistent with several international guidelines advocating
early detection with  regular
mammography [25, 26]. Studies show that regular
mammography screening reduces deaths from breast

of breast cancer

cancer [27]. However, it has been reported that
participation in mammography screening among women
living in Tiirkiye is low [26, 28].

Diagnosing benign and malignant tumor cells is crucial
in determining the type of treatment. To achieve this
diagnosis, this study focuses on five commonly used
classification algorithms: Adaptive Boosting (AdaBoost),
k-Nearest Neighbor (kNN), Néive Bayes (NB), Random
Forest (RF), and Support Vector Machines (SVM). These
algorithms were used to classify cancer cells based on the
provided cellular data, thereby predicting the type of
cancer. To evaluate the performance and reliability of the
classification algorithms, the Wisconsin Breast Cancer
Dataset from the University of California, Irvine (UCI)
data mining repository was used. The WDBC dataset
contains thirty characteristics of breast cancer cells from
569 patients. The WDBC dataset was chosen for this study
because it is lossless.

This study is built upon and significantly extends the
preliminary machine learning models developed in the
author’s Master’s thesis [29]. While that previous work
focused solely on evaluating the baseline performance of
these models on the original dataset, this paper introduces
a novel three-stage data augmentation strategy to enhance
classification robustness and generalize across small
medical datasets. To present these contributions clearly,
the paper is structured into six parts: The first part provides
a general introduction to the problem. The second part is
devoted to solution methods previously applied to the
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WDBC dataset in the literature. The third part begins by
describing the WDBC dataset in detail, and continues with
data augmentation techniques and hyperparameter
optimization of machine learning methods. The fourth part
presents a comparative analysis of the performance of
AdaBoost, kNN, NB, RF, and SVM algorithms in the
context of breast cancer diagnosis. The fifth part provides
information about the limitations of the study. Lastly, the
sixth part concludes the paper and outlines future work.

2. RELATED WORKS

WDBC dataset used in this article consists of 569
samples and 30 features. In this section, the results of the
studies that classify the WDBC dataset using AdaBoost,
kNN, NB, RF, and SVM methods are given. In the study
conducted by Cabanillas-Carbonell and Zapata-Paulini
[30], it was observed that AdaBoost 0.97, NB 0.91 and RF
had 0.97 accuracies. In another study [31], SVM and RF
algorithms gave correct classification rates of 0.986 and
0.965, respectively. Alzboon et al. [32] reported accuracy
rates 0of 0.914 for AdaBoost, 0.807 for KNN, 0.935 for NB,
0.949 for RF and 0.975 for SVM. In a study conducted by
Jakhar et al. [33], it was shown that AdaBoost and RF had
accuracies of 0.9724 and 0.97. In addition, Chen et al. [34]
obtained accuracies of 0.912 and 0.965 for kNN and RF
models, respectively. Ozcan et al. applied eleven machine
learning models [35]. Among the AdaBoost, kNN, NB,
RF, and SVM methods, the accuracy rate has been
reported to be 0.9806, 0.9385, 0.9737, 0.9736, and 0.9766,
respectively. During a similar study, Mashudi et al. [36]
assessed five models, with the recorded values being
0.9877.

Imran et al. [37] observed an accuracy of 0.98 when
using Random Forest. Random Forest had been previously
shown to outperform Naive Bayes and AdaBoost
classifiers. They further reported AdaBoost to be at
0.9824, leading the comparative classifiers. They also
reported that Naive Bayes could achieve an accuracy of
approximately 0.9619. Prastyo et al. [38] compared eight
different machine learning models with the application of
AdaBoost, KNN, RF, and SVM methods. These resulted in
accuracy rates of 0.9561, 0.9649, 0.9561, and 0.9561,
respectively. In the work by Aamir et al. [39], five different
machine-learning  algorithms used for the
classification process. For the 60:40 ratio, the accuracy
in RF and SVM were 0.954 and 0.9755,
respectively. When the training and test datasets ratio is
70:30, the accuracy values for RF and SVM are 0.9667 and
0.9721, respectively. When the training and test datasets
ratio is 80:20, the accuracy values for RF and SVM are
0.9807 and 0.9776, respectively.

Nuzhat et al. [40] tested six basic algorithms for breast
cancer classification on the WDBC dataset. In this context,
they applied the KNN, SVM, Logistic Regression, RF,

were
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GBM, and XGBoost methods. The researchers developed
a new ensemble architecture by integrating these
classifiers using the Hard Voting technique. In the
performance analysis of individual models, GBM
demonstrated the highest success, achieving an accuracy
of 98.33% and a recall of 100%. However, the ensemble
model-composed of a combination of SVM, RF, and GBM
components-achieved an accuracy of 98.89%, precision of
98.08%, recall of 100%, and an F1 score of 99.03%. This
developed hybrid structure achieved a higher success rate
than individual models across all evaluation metrics [40].

Pristyanto and Wirantanu [41] conducted a comparative
analysis of Recursive Feature Elimination (RFE) and
Genetic Algorithm (GA)-based feature selection methods
on the WDBC dataset, which consists of 30 features and
569 data points. Logistic Regression, SVM, Naive Bayes,
KNN, AdaBoost, and Random Forest (RF) algorithms
were tested in the classification process. Accuracy analysis
revealed that GA-based feature selection outperformed
RFE in terms of weighted macro precision, recall, and F1
score metrics.

Tawil et al. [42] analyzed SVM, LightGBM, Random
Forest (RF), Logistic Regression (LR), k-NN, and Naive
Bayes algorithms on the WDBC dataset. These classifiers
were subjected to a comprehensive comparative
performance evaluation by integrating them with three
different feature selection methods: Pearson correlation
coefficient, Lasso, and mRMR. In the baseline scenario
without a feature selection filter, LightGBM demonstrated
the highest performance with an accuracy rate of 95%. In
the mRMR -based feature selection architecture, where the
number of features was reduced to 15, LightGBM’s
classification accuracy rose to 98%. On the other hand, in
the Lasso feature selection model, where dimensionality
was reduced to 5 features, the LR algorithm recorded the
highest performance with an accuracy of 96% [42].

Mezaghrani et al. [43] proposed a hybrid feature
selection method (CMGWO) that integrates correlation
analysis with the Modified Gray Wolf Optimization
(MGWO) algorithm to perform accurate breast cancer
classification on the WDBC dataset. The performance of
the developed approach was empirically tested using
Random Forest (RF), SVM, and Naive Bayes classifiers.
The experimental results show that the RF classifier
achieved an accuracy rate of 99.12% with the CMGWO-
based feature selection architecture, outperforming other
alternative approaches in literature.

Salhi et al. [44] evaluated the performance of KNN, RF,
MLP, LR, and SVM classifiers on three different datasets,
including the WDBC dataset. In this process, they
proposed innovative hybrid optimization methods-such as
Two-Stage Mutated Gray Wolf Optimization (TMGWO),
the Improved Salp Swarm Algorithm (ISSA), and Binary
Black Particle Swarm Optimization (BBPSO)-to reduce
dimensionality and improve model performance. In the

-72 -



Acet and Akkaya, International Journal of Applied Methods in Electronics and Computers 14(2): 70-80, 2026

baseline scenario, where no feature selection procedure
was applied, the KNN algorithm achieved a 90% accuracy
rate using all 30 features in the WDBC dataset. On the
other hand, the proposed TMGWO-based hybrid approach
demonstrated the best performance in both feature
optimization (feature selection) and classification
accuracy compared to the other methods experimentally
compared.

Zhu et al. [45]presented an innovative feature selection
approach that integrates the Recursive Feature Elimination
(RFE) protocol based on SHAP (Shapley Additive
exPlanations) values for the detection of early-stage breast
cancer on the WDBC dataset. During the experimental
process, KNN, RF, LR, SVM, and LightGBM models
were evaluated; the hyperparameter optimization of the
classifiers was performed using the Particle Swarm
Optimization (PSO) algorithm. Through the proposed
hybrid algorithm, 26 critical features were filtered from the
dataset. The optimized LightGBM-PSO model achieved
99.0% accuracy, 100% specificity, 100% precision,
97.40% recall, an F-measure of 98.68, and an AUC of
0.9870, demonstrating superior performance compared to
the literature.

Ayepeku [46] applied Logistic Regression (LR), KNN,
Support Vector Classifier (SVC), Decision Trees (DT),
Random Forest (RF), Gradient Boosting (GBM),
AdaBoost, and XGBoost algorithms on a comprehensive
dataset containing clinical features obtained from the
Kaggle platform. The diagnostic performance of the
classification models was evaluated using the precision,
recall, F1 score, and accuracy metrics. In the performance
analysis, when the LR, KNN, SVC, and RF models were
compared, it was observed that the accuracy values ranged
between 0.91 and 0.93.

3. DATASET, PERFORMANCE METRICS
and ANALYSIS TOOL

This section discusses the dataset used in this study and
the evaluation metrics used for the analysis. The data
description section includes the source and structure of the
dataset and its statistical properties. Under the heading of
performance metrics, this study discusses accuracy,
sensitivity, precision, Fl-score, false discovery rate,
Matthew's correlation coefficient and area under the curve
metrics. These metrics help to determine how well the
models perform in classifying or predicting outcomes
based on the given data. The hyperparameter optimization
strategies and the baseline training configurations for the
five machine learning algorithms (AdaBoost, kNN, NB,
RF, and SVM) were adopted from [29].

3.1. Dataset Description

This study uses the Wisconsin Diagnostic Breast Cancer
dataset from the University of California - Irvine Machine
Learning Repository. The breast cancer dataset was

created by Dr. William H. Wolberg of the Department of
General Surgery and W. Nick Street and Olvi L.
Mangasarian of the Department of Computer Science at
the University of Wisconsin in 1995. The dataset contains
ten essential attributes: radius, texture, perimeter, area,
smoothness, compactness, concavity, concave points,
symmetry, and fractal dimension. The dataset consists of
10 mean values, 10 standard error values, and ten
maximum values of the basic attributes of breast cancer
cells examined under the microscope. Together with the
patient ID information and class label, the dataset consists
of 569 samples with 30 attributes, plus an ID and a class
label (total 32 columns). Among the 569 samples in the
dataset are 357 benign and 212 malignant breast cancer
cells. In WDBC dataset there are no attributes with missing
information. Table 1 summarizes the minimum and
maximum values of the type, mean, standard deviation,
and maximum attributes of the WDBC dataset.

Table 1. Characteristics of the Wisconsin Diagnostic Breast
Cancer (WDBC) dataset.

# Feature Feature Mean Standard Worst
Type (min- Error (min-
max) (min- max)
max)
1 Patient ID Numeric - - -
No.
2 Diagnosis Binary - - -

3 Radius Numeric  6.981 — 0.112 - 7.93 —
28.11 2.873 36.04

4 Texture Numeric 9.71 — 0.36 — 12.02 -
39.28 4.89 49.54

5 Perimeter Numeric  43.79 — 0.76 — 50.41 —
188.5 21.98 251.20

6 Area Numeric  143.5— 6.80 — 185.2 —
2501.0 542.20 254.0

7 Smoothness ~ Numeric  0.053 — 0.002 — 0.071 —
0.163 0.031 0.223

8  Compactness Numeric 0.019-  0.002 — 0.027 —
0.345 0.135 1.058

9 Concavity Numeric  0.000—-  0.000 — 0.000 —
0.427 0.396 1.252

10 Concave Numeric  0.000 — 0.000 — 0.000 —
points 0.201 0.053 0.291

11 Symmetry Numeric  0.106—  0.008 — 0.157 -
0.304 0.079 0.664

12 Fractal Numeric  0.050 — 0.001 — 0.055 —
dimension 0.097 0.030 0.208

The radius value in the dataset is the radius information
of the cells. The radius feature ranges from 6.981 to 28.110
on average. This shows that there are significant variations
in cell sizes. This variation in cell size is an essential factor
in diagnosing breast cancer. The texture is the rate of
change in the grayscale of the inner surfaces of the cells.
Texture characterization is vital in distinguishing breast
cancer cells from normal cells. Perimeter is the value based
on the radius of each cell. The perimeter has the widest
range (43.79 - 188.5). The wide range indicates a great
variation in the shape and size of the tumors. This variation
is a factor to be considered in the diagnosis of breast
cancer. Area is the surface area of the cell. The area
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features also has a wide range (143.5 - 2501.0). This shows
that there is diversity from very small cells to very large
cells. Smoothness is the value of the radius of neighboring
cells around the cell, i.e. the local variation in radius
lengths. Compactness is the average cell density obtained
by subtracting the square of the perimeter length of the cell
divided by the cell area. Concavity is the magnitude of the
indentations and protrusions around the cell. Concave
points are the number of indentation and protrusion points
around the cell. Smoothness, compactness, concavity, and
concave points properties are generally close to zero and
measure the surface irregularity of the cells. Symmetry is
the value of the elliptical shape change of the cells. The
fractal dimension is the ratio of nested irregular cells to all
normal cells. The symmetry and fractal dimension
properties describe the geometric properties of the cells
and vary over a relatively narrow range. Finally, the
standard deviation values are quite high, especially for
area and perimeter length, indicating large variations in
these properties.

3.2. Data Augmentation

In this study, data augmentation techniques were
applied to the Wisconsin Diagnostic Breast Cancer
(WDBC) dataset. Each observation in the original WDBC
dataset contains 30 numerical features. To prevent data
leakage, the original dataset was first partitioned into
training and test subsets, and data augmentation was
applied only to the training data. The partitioning ratio was
67% and 33% for the training and test datasets,
respectively. Data augmentation was not applied to 188
test datasets out of 569 data. The 381 training datasets were
expanded in three ways. Gaussian noise was added to the
training dataset via £5% random variations. Random
scaling within a +£10% threshold was applied to the
training dataset to capture natural variance. New samples
were created in the training dataset through inter-feature
mathematical operations. As a result, the original training
set was expanded to 1,524 samples, including the original
381 samples. The test dataset remained unchanged. The
augmented training samples were designed to preserve the
original statistical properties of the data. To maintain
physiological realism, the resulting negative feature values
were reduced to zero. Statistical validation of the data
augmentation process is presented in Figure 2. Histogram
analysis based on probability density functions (PDFs)
shows that the augmented training data preserves the basic
distributional features of the original training set, including
mode, skewness, and kurtosis. The observed overlap
between the original and augmented distributions indicates
that the introduced variations do not distort the basic
feature space.

3.3. Analysis Tool

Gentleman and Thaka originally programmed R. Since
about mid-1997 there has been a development core team
with write access to the R source [47]. The R language
provides an extensive range of statistical and graphical
techniques. R language offers methods such as clustering,
classification, linear and nonlinear modeling and time
series analysis. The R language is also developed as a
complete programming language with features to enable
users to add new functionality by writing R functions [48].
R users in Turkey can download the R software from
http://cran.pau.edu.tr/, the local CRAN server hosted at
Pamukkale University. R is used by academic research
organizations and many large companies such as Uber,
Google, Airbnb, and Facebook [49]. Despite the
widespread use of R in industry, academics are the largest
user group of the R language.
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Figure 2. Comparative probability density analysis of original
(n=569) and augmented (n=1524) datasets for distribution
validation.

3.4. Hyperparameter Optimization Strategy
3.4.1. AdaBoost

The AdaBoost classifier was implemented using the ada
package, and the Gentle AdaBoost variant (type =
"gentle") was preferred. The boosting iteration count was
set to iter = 100. This value represents a parameter range
commonly used in the literature that provides a balance
between performance and complexity. Higher iteration
counts are known to contribute only slightly to accuracy
improvement but increase model complexity.

The growth of the decision trees used as weak learners
was regulated with the rpart.control() function. The
maximum tree depth was set to maxdepth = 14; this value
was adjusted to limit excessive complexity while
providing sufficient decomposition power appropriate to
the data size and feature count. The complexity parameter
was set to cp = -1, and internal cross-validation (xval = 0)
was disabled. Thanks to this choice, the machine learning
model was able to learn the optimal limits independently
of early pruning.

-74 -



Acet and Akkaya, International Journal of Applied Methods in Electronics and Computers 14(2): 70-80, 2026

3.4.2. k-Nearest Neighbour

In this study, the k-Nearest Neighbor (kNN) algorithm,
another machine learning method used, was optimized for
the number of neighbors (k) parameter. The k value was
systematically tested in the range of 1-100, and the model
was trained for each value, with accuracy calculated on an
independent test dataset. The obtained accuracy values
were compared, and the k value providing the highest
performance was determined as the optimal parameter.
The final KNN model was reconstructed with this optimal
k wvalue, and its performance was reported via the
confusion matrix. This ensured a balanced choice between
the risks of overfitting that can be seen with small k values
and overgeneralization that can occur with large k values.
3.4.3. Naive Bayes (with Laplace optimization)

The Laplace correction parameter for the Naive Bayes
model was systematically optimized to mitigate the zero-
probability  problem and classification
performance. Model accuracy was measured for each

improve

adjustment, with Laplace values evaluated on a range of 1-
30. This method is designed to evaluate the effect of the
correction on prediction stability, especially in datasets
characterized by unbalanced class distributions or low-
frequency feature combinations. The Laplace value that
yielded the highest accuracy was selected as the optimal
parameter for the final model.

3.4.4. Random Forest (RF)

The Random Forest machine learning model consists of
500 decision trees (ntree = 500). Literature indicates that a
tree count between 300 and 1000 is generally sufficient for
performance stability. A 500-tree structure was chosen to
keep computational costs at a reasonable level and reduce
variance. The ‘importance = TRUE' parameter was
enabled for variable significance analysis. The proximity
matrix between samples was obtained using the “proximity
= TRUE" option.

The 'mtry’ parameter is left at its default value. Using

mtry = \/p

as the default in classification problems theoretically
increases intertree diversity. Since further testing on ‘mtry’
did not significantly improve performance in preliminary
analyses, the default structure has been retained for the
simplicity and reproducibility of the model.

3.4.5. Support Vector Machines (SVM)

The Support Vector Machine (SVM) model was run
using a radial basis function (RBF) kernel. To optimize
model performance, a systematic grid search was applied
to two key hyperparameters: the penalty parameter (cost)
and the kernel parameter (gamma).

The gamma parameter was scanned in the range of 0-
0.1 with increments of 0.005; the cost parameter was
scanned in the range of 20-25. These ranges were chosen
to prevent the decision boundary from being overly

flexible or overly rigid. This chosen approach aims to
increase the generalization capacity of the model and
ensure that the decision boundary fits the data distribution
optimally.

3.5. Performance Metrics

To analyze the classifier's classification efficiency, after
the training phase is over, the classifier's prediction
accuracy should be measured. The actual performance of
the classification model is usually done by making use of
the data present in the confusion matrix. A confusion
matrix is a matrix of at least 2x2 in size utilized in
depicting how much of the predicted value of a
classification model created due to machine learning
algorithms matches with the actual class value. Once a
confusion matrix is developed, the performance of
prediction models is compared based on accuracy,
sensitivity, precision, Fl-score, FDR, MCC and AUC
criteria.

3.5.1. Accuracy

It is the number of all correct predictions which includes
positive predictions and negative ones over total dataset.
Accuracy is a value that ranges from 0 to 1, the lowest
possible accuracy and highest, respectively. It can also be
computed as (1—error rate).

| ~ TP + TN ~
CUracY =Tpy TN+ FP+ FN

1 —error rate

3.5.2. Sensitivity

Sensitivity is the proportion of positive examples
correctly identified (TP) against all positives presented in
the data (TP + FN). This metric is also called recall or true
positive rate (TPR). The highest sensitivity is 1, while the
lowest is set at zero.

TP
Sensitivity = Recall = TPEFN

3.5.3. Precision

Precision indicates how many positive predictions a
machine learning model calls positive. In other words, it is
the ratio of true positives to all positive predictions. The
worst precision is 0, and the best precision is 1. The closer
it gets to 0, the more false positive predictions the model
makes, and the closer it gets to 1, the more accurate almost
all positive predictions are.

. TP
Precision = TP+ FP

3.5.4. Fl-score

The F1-Score value is a criterion that balances precision
and sensitivity values. In the case of unequally distributed
datasets, using F1-Score instead of precision will prevent
an erroneous model selection. F1-Score is calculated by

=75 -



Acet and Akkaya, International Journal of Applied Methods in Electronics and Computers 14(2): 70-80, 2026

taking the harmonic mean of sensitivity and precision
values. The reason for using the harmonic mean instead of
arithmetic is to consider the extreme cases. In the case of
0 and 1 values, the F1-Score is calculated as 0 with the
harmonic mean, while it is incorrectly calculated as 0.5
with the arithmetic mean.

Precision * Recall

F S =2
1ocore * Precision + Recall

3.5.5. FDR

False Discovery Rate (FDR) expresses the proportion of
samples that a classification model predicts as positive but
are actually false positives. In other words, it shows how
many of the model's positive predictions are false positives
(FP). It is a critical metric for evaluating the false positive
rate, especially in fields such as medical diagnosis.

PR =155 7P
3.5.6. MCC

Matthews Correlation Coefficient (MCC) is a metric
that measures model performance in binary classification
problems. It is known to provide reliable results, especially
in datasets with unbalanced class distributions. MCC
measures the correlation between actual and predicted
classes, evaluating all confusion matrix elements (TP, TN,
FP, FN) together.

(TP XTN) — (FP X FN)

B J(TP +FP)(TP + FN)(TN + FP)(TN + FN)

3.5.7. Area under the curve (AUC)

AUC stands for Area Under the Curve; that is, the area
under the ROC curve. It measures a model's ability to
discriminate between classes and typically ranges from 0.5
to 1.0. An AUC value of 0.5 for any model means that the
model has not established a recognizable discrimination
ability. An AUC value between 0.5 and 0.7 indicates that
the model has poor discrimination. AUC values between
0.7 and 0.8 indicate an acceptable model, while values
between 0.8 and 0.9 indicate excellent discrimination
ability. Values above 0.9 indicate exceptional
discrimination. In medical studies, AUC values above 0.80

McCC

indicate that the model is clinically valid [50].

TPR = i
" TP+ FN

FPR ki
FP +TN

TPR + (1 — FPR)

AUC = >

4. EXPERIMENTAL RESULTS AND
DISCUSSIONS

This study presents a detailed analysis and performance
comparison of machine learning classifiers used in breast
cancer diagnosis. The WDBC dataset used in the study
consists of a total of 569 data points. 381 samples (67%)
from the original WDBC dataset were used as training
data, while 188 samples (33%) formed the test dataset. The
test dataset consisted of 188 cell samples, 121 of which
were benign and 67 malignant. To ensure an unbiased
assessment and prevent data leakage, the original WDBC
dataset (n = 569) was first divided into training (67%, n =
381) and test (33%, n = 188) subsets. Data augmentation
techniques were applied only to the training set, which was
expanded to 1,524 samples, while the test set remained
entirely the same. Classifiers were trained using the
augmented training data and evaluated on the original test
data, which consisted of 188 cell samples containing 121
benign and 67 malignant cases. Figures 3 and 4 show the
confusion matrices derived from the original and
augmented training scenarios, respectively.

Figures 3 and 4 show the confusion matrices obtained
from the original and augmented WDBC datasets,
respectively. In the original dataset, SVM achieved the
highest classification performance with 66 true positives,
120 true negatives, only 1 false positive, and 1 false
negative. After data augmentation, SVM further improved
its performance by completely eliminating false positives
(FP = 0) and retaining only one false negative.
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Figure 3. Confusion matrices of five machine learning algorithms based on the WDBC dataset.
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Figure 4. Confusion matrices of five machine learning algorithms based on the augmented dataset.

The AdaBoost and Random Forest algorithms also
showed improvement in true positive classifications after
data augmentation, while kNN showed a moderate
improvement in sensitivity. Naive Bayes performance
remained stable in both datasets. Overall, the data
augmentation strategy contributed to a reduction in
misclassification rates, especially for clinically more
critical malignant cases.

Table 2. Performance of models trained with the original
dataset on a test dataset.

Metrics AdaBoost kNN Niive RF SVM
Bayes
Accuracy 0.9681 0.9309  0.9521 09574  0.9894
Precision 0.9692 0.9500  0.9531  0.9683  0.9851
Sensitivity 0.9403 0.8507 0.9104 09104  0.9851
F1-Score 0.9545 0.8976  0.9313  0.9385  0.9851
FDR 0.0308 0.0500  0.0469  0.0317  0.0149
MCC 0.9302 0.8486  0.8951  0.9070  0.9768
AUC 0.9619 09130 0.9428 0.9470  0.9884

The performance metrics listed in Table 2 represent the
baseline classification results on the original WDBC
dataset, which were originally presented in [29] and
recalculated here focusing on malignant cases as the target
class to align with clinical standards. Table 2 shows the
classification performance of five machine learning
algorithms trained with 381 training data points from the
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original WDBC dataset, on 188 test data points. Among all
classifiers, SVM yielded the highest overall performance
with 98.94% accuracy, 98.51% sensitivity, and the highest
MCC value (0.9768). These results for SVM demonstrate
a strong correlation between predicted and actual classes.
The low FDR (0.0149) confirms that the false positive
prediction rate is minimal. AdaBoost ranked second with
96.81% accuracy. kNN showed a relatively lower
sensitivity of 85.07%, performing poorer in detecting
malignant cases. Naive Bayes produced moderate results
across all metrics. Overall, the results show that SVM has
the most reliable classification performance on the original
dataset, particularly in terms of robustness (MCC) and
discrimination ability (AUC = 0.9884).

Table 3. Performance of models trained with an augmented
dataset on a test dataset.

Metrics AdaBoost kNN Niive RF SVM
Bayes

Accuracy 0.9787 0.9521  0.9521  0.9681  0.9947
Precision 0.9701 0.9677 09531  0.9692  1.0000
Sensitivity 0.9701 0.8955 0.9104  0.9403  0.9851
F1-Score 0.9701 0.9302 09313 09545  0.9925
FDR 0.0299 0.0323  0.0469  0.0308  0.0000
MCC 0.9536 0.8954  0.8951 0.9302  0.9884
AUC 0.9768 0.9395  0.9428 09619  0.9925

Table 3 shows the classification performance of five
machine learning algorithms trained with 1524 augmented
training data obtained by applying data augmentation
techniques to 381 training data points of the original
WDBC dataset, on 188 test data points. SVM achieved the
highest accuracy (99.47%), sensitivity (0.9851), and zero
false discovery rate (FDR = 0.0000), demonstrating the
complete elimination of false positive predictions. The
MCC (0.9884) and AUC (0.9925) values of SVM show
improved discrimination after augmentation. AdaBoost
also showed a significant improvement, increasing its
accuracy to 97.87%. Random Forest showed an
improvement in sensitivity (0.9403) and provided better
malignant tumor detection after augmentation. Naive
Bayes remained largely unchanged and showed limited
sensitivity to augmentation techniques. Overall, the results
demonstrate that the proposed data augmentation strategy,
especially for SVM, improves classifier generalization and
reduces false classification rates.

Table 4. Comparison of original and augmented WDBC dataset
results with studies in the literature.

Author (s) Method Accuracy
Cabanillas-Carbonell AdaBoost 0.9700
[30]
Zhao et al. [31] SVM 0.9860
Alzboon et al. [32] SVM 0.9750
Jakhar et al. [33] AdaBoost 0.9724
Chen et al. [34] RF 0.9650
Ozcan et al. [35] AdaBoost 0.9806
Mashudi et al. [36] AdaBoost 0.9877
Imran et al. [37] AdaBoost 0.9824
Prastyo et al. [38] kNN 0.9649
Aamir et al. [39] RF 0.9807
Nuzhat et al. [40] SVM + RF + 0.9808
GBM
Tawil et al. [42] LightGBM 0.9800
Mezaghrani et al. [43] CMGWO+RF 0.9912
Salhi et al. [44] MLP+BBPSO 0.9600
Zhu et al. [45] LightGBM- 0.9900
PSO
This study WDBC SVM 0.9894
dataset
This study augmented SVM 0.9947

WDBC dataset

Cabanillas-Carbonell and Zapata-Paulini compared
AdaBoost, NB, and RF algorithms. The accuracy rates of
the algorithms were 0.97, 0.91, and 0.97, respectively. In
another study by Zhao et al., the accuracy rates reported
for SVM and RF methods were 0.986 and 0.965. In the
analysis of Alzboon et al., the accuracy rates of AdaBoost,
kNN, NB, RF, and SVM methods were found to be 0.914,
0.807, 0.935, 0.949, and 0.975, respectively. Similarly,
SVM and RF algorithms have high accuracy rates in other
studies. The SVM accuracy rate obtained in this study is
0.9894, one of the highest values in literature. In
conclusion, the SVM algorithm demonstrates the best
performance in breast cancer diagnosis, making it a
promising candidate for decision support systems.

Several machine learning models were trained on the
augmented dataset. The SVM algorithm achieved the
highest accuracy rate with 99.47%. This was followed by
AdaBoost (97.87%) and RandomForest (96.81%).
Compared to the original dataset, there is a general
improvement in the results obtained using data
augmentation techniques. In particular, the performance of
the SVM algorithm improved from 98.94% accuracy on
the original dataset to 99.47% on the augmented dataset.
Similarly, the AdaBoost algorithm showed better results
with data augmentation techniques.

5. LIMITATIONS OF THE STUDY

This study has some limitations. The WDBC dataset
originally contained 569 instances, and although this
number was increased using data augmentation
techniques, it is still limited compared to real-world data.
Data augmentation techniques have helped to reduce the
imbalance between the 357 benign and 212 malignant
samples in the original dataset, but the distribution
between classes is still not exactly equal and there is still a

-78 -



Acet and Akkaya, International Journal of Applied Methods in Electronics and Computers 14(2): 70-80, 2026

risk that models are biased towards the majority class.
Furthermore, artificial samples generated by data
augmentation techniques may not be fully representative
of real patient data. Although data augmentation
techniques provide significant improvements, larger and
more diverse data sets are needed to evaluate the
performance of models in real clinical settings.

6. CONCLUSION

In this study, we focus on the comparative results of five
different machine learning algorithms (AdaBoost, k-NN,
NB, RF and SVM) for breast cancer diagnosis.
Experiments on the Wisconsin Diagnostic Breast Cancer
(WDBC) dataset and the results obtained using data
augmentation techniques revealed that the SVM algorithm
outperformed the others. The SVM algorithm achieved the
highest success with data augmentation techniques,
reaching 99.47% accuracy. The AdaBoost algorithm
showed the second-best performance with 97.87%
accuracy. Random Forest algorithm ranked third with
96.81% accuracy. The data augmentation techniques
significantly improved the results on the original dataset.
The accuracy of the SVM algorithm increased from
98.94% t0 99.47%. Similarly, the AdaBoost algorithm also
showed better results with data augmentation techniques.
These results show that data augmentation techniques are
an effective method to improve the performance of
machine learning models used in breast cancer diagnosis
and the SVM algorithm is a promising candidate for
preliminary diagnostic aid.
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