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Abstract

Introduction: The incidence of breast cancer has steadily risen over the years owing to changes in lifestyle and environment.
Presently, breast cancer is one of the primary causes of cancer-related deaths among women, making it a crucial global public
health concern. Thus, the creation of an automated diagnostic system for breast cancer bears great importance in the medical
community. Objectives: This study analyses the Wisconsin breast cancer dataset and develops a machine learning algorithm for
accurately classifying breast cancer as benign or malignant. Methods: Our research is a retrospective study, and the main pur-
pose is to develop a high-precision classification algorithm for benign and malignant breast cancer. To achieve this, we first pre-
processed the dataset using standard techniques such as feature scaling and handling missing values. We assessed the normality of
the data distribution initially, after which we opted for Spearman correlation analysis to examine the relationship between the
feature subset data and the labeled data, considering the normality test results. We subsequently employed the Wilcoxon
rank sum test to investigate the dissimilarities in distribution among various breast cancer feature data. Ve constructed the fea-
ture subset based on statistical results and trained 7 machine learning algorithms, specifically the decision tree, stochastic gradient
descent algorithm, random forest algorithm, support vector machine algorithm, logistics algorithm, and AdaBoost algorithm.
Results: The results of the evaluation indicated that the AdaBoost-Logistic algorithm achieved an accuracy of 99.12%, outper-
forming the other 6 algorithms and previous techniques. Conclusion: The constructed AdaBoost-Logistic algorithm exhibits
significant precision with the Wisconsin breast cancer dataset, achieving commendable classification performance for both benign
and malignant breast cancer cases.
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Introduction Breast cancer is the leading cause of cancer-related death
among women and ranks fifth in terms of overall cancer
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mortality. According to the 2020 global cancer statistics
released by the International Agency for Research on Cancer
of the World Health Organization, Female breast cancer has
now surpassed lung cancer as the most commonly diagnosed
cancer worldwide; The estimated 2.3 million new cases indi-
cate that 1 in every 8 cancers diagnosed in 2020 is breast
cancer; The disease is the fifth leading cause of cancer mor-
tality worldwide, with 685 000 deaths in 2020. In women,
breast cancer accounts for 1 in 4 cancer cases and 1 in 6
cancer deaths, and the disease ranks first in terms of incidence
and mortality in most countries around the world (in 159 and
110 countries, respectively). Each year, more than 20 000
new cases of breast cancer are reported, resulting in 266.85
million deaths globally.? In 2016, China reported approxi-
mately 306 000 new cases of breast cancer, making it the
most prevalent cancer among women in the country. As of
January 2022, approximately 4.1 million women in the
United States have a history of breast cancer. Among these
cases, invasive cancer has been diagnosed in about 13% of
women, with the highest risk of diagnosis occurring in
women aged 70-79 years.’ The peak incidence of new
cases was observed in the age range of 60-79 years, with
higher urban incidence rates compared to rural areas (where
breast cancer ranked as the second most common cancer).
Furthermore, breast cancer was responsible for 72 000
deaths.*

Despite the increasing incidence and mortality rates of breast
cancer, its causes and pathogenesis remain poorly understood.
Current evidence suggests that breast cancer may be affected
by the intrauterine environment, that exposures during adoles-
cence are particularly important, and that pregnancy has a
dual effect on breast cancer risk: An early increase followed
by long-term protection. Great variation exists in the structural
development of the breast ductal system already in the newborn
—and by inference in utero—and a pregnancy induces perma-
nent structural changes in the mammary gland.” Furthermore,
delayed childbearing and a decline in the number of births in
countries undergoing social and economic transition may also
contribute to the increased incidence of breast cancer. With
the persistence of these cumulative risk factors, the likelihood
of developing breast cancer rises. As a result, regular screening,
accurate diagnosis, and timely and effective treatment play a
crucial role in breast cancer prevention and serve as an impor-
tant means of preserving women’s lives and health.

Commonly used clinical screening and diagnostic methods
for breast cancer include mammography (MG), ultrasonogra-
phy, magnetic resonance imaging, nucleic acid hybridization
system, real-time quantitative fluorescence polymerase chain
reaction system, protein hybridization system, and flow cytom-
etry.’ Given that breast cancer must be differentiated from
benign conditions such as breast adenoma, cystic hyperplasia,
and plasma cell mastitis, the diagnosis of breast cancer
remains susceptible to misdiagnosis and underdiagnosis due
to complex clinical factors and the quality of acquired images
and equipment. Hence, the application of automated techniques
in breast cancer surveillance is crucial.

Research status

Currently, the primary machine learning algorithms employed
in breast cancer classification prediction research and risk
assessment include logistic regression, random forest, multi-
layer perceptron, BP neural network, XGBoost, K-nearest
neighbor (K-NN), support vector machine (SVM), and
others.” Yu-Dong Zhang et al® processed digital mammo-
grams to develop a computer-aided diagnostic system. They
applied weighted fractional-order Fourier transform, principal
component analysis, SVM, and K-NN algorithm. Among
them, the weighted fractional-order Fourier transform com-
bined with principal component analysis and SVM resulted
in a sensitivity of 92%. 22%+4.16%, 92.10% + 2.75% specif-
icity, and 92.16% +3.60% accuracy were reported in the
study, demonstrating the proficiency of SVMs in diagnosing
breast cancer. Wu et al’ conducted an evaluation of SVM,
K-NN, simple Bayesian, and decision tree models based on
features selected from The Cancer Genome Atlas datasets.
Their findings demonstrated that the SVM model outper-
formed the other 3 models in classifying The Cancer
Genome Atlas datasets. Zhang et al'® proposed a method
based on contrast-constrained adaptive histogram equaliza-
tion and chaotic adaptive real number coded biogeography
optimization for breast cancer diagnosis in a study, and
their experimental results showed that their proposed
CAR-BBO method achieves superior performance to
genetic algorithms, particle swarm algorithms and AR-BBO
algorithms in terms of accuracy, specificity, precision, and
sensitivity. Monirujjaman Khan et al'' utilized the
Wisconsin Breast Cancer Diagnostic dataset to train and
assess random forest, logistic regression, decision tree, and
K-NN algorithms. Their results indicated that the Logistic
Regression model achieved 98% accuracy, surpassing the
performance of random forest, decision tree, and K-NN algo-
rithms. Kumar et al'? developed an optimized stacked inte-
grated learning (OSEL) model for early breast cancer
prediction utilizing a dataset from the University of
California Irvine repository. Their approach demonstrated
higher accuracy compared to individual machine learning
prediction models such as AdaBoostM1, Gradient Boosting,
Stochastic Gradient Boosting, CatBoost, and XGBoost. This
underscores the efficacy of an integrated learning approach
for breast cancer prediction. Aamir et al'® devised a
machine learning framework employing random forest, gradi-
ent boosting, SVMs, artificial neural networks, and multilayer
perceptron algorithms. They incorporated a linkage-based
feature selection technique to enhance the performance of
the framework. Their study emphasized the importance of
effective data preprocessing and feature selection in improv-
ing model accuracy. Wang et al'* conducted a research study
on digital MG diagnosis, where they designed and trained a
feedforward neural network classifier using the Jaya algo-
rithm as a parameter-free method. The findings revealed
that the Jaya algorithm was more efficient than BP, MBP,
GASA, and PSO when training feedforward neural networks.
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In the current body of literature, it has been well-established
that a viable approach to developing breast cancer prediction
models involves utilizing breast cancer data, employing appro-
priate feature selection techniques, and leveraging both
machine learning and deep learning algorithms. Additionally,
the utilization of an integrated learning approach has been dis-
covered to improve model accuracy when compared to the use
of a single machine learning algorithm.

Significance of the Study

Theoretical Significance. This paper integrates health big data,
machine learning, and medicine to establish a machine-learning
model for breast cancer classification. It demonstrates the feasi-
bility and effectiveness of utilizing the Pearson correlation coef-
ficient,'” the grid search algorithm,'® the AdaBoost algorithm,"”
and machine learning models in disease diagnosis within the
medical field. In addition, this article proposes to use machine
learning methods for predicting and diagnosing cancer to
assist traditional medical and pathological diagnosis. This inno-
vative approach not only provides a new idea and framework
for the development and establishment of diagnostic technolo-
gies for other diseases but also serves as a case study in combin-
ing artificial intelligence (AI) with medicine. This integration
promotes the merging and application of medicine with engi-
neering and biology, harnessing the complementary advantages
of different disciplines.

Practical Significance. The machine learning model developed in
this study aims to address various challenges in traditional
breast cancer diagnosis, including long patient waiting times,
missed tests, and misdiagnosis. Additionally, it has the potential
to decrease the workload of clinical laboratory personnel and
enhance the efficiency and accuracy of breast cancer diagnosis
in healthcare organizations. Moreover, the breast cancer predic-
tion results obtained from machine learning models can aid clini-
cians in formulating treatment plans, thereby minimizing the time
and economic burdens on patients. Finally, by analyzing the per-
formance of the feature subset extracted through the feature
selection technique in the machine learning algorithm, the statis-
tical relationship between the feature subset and the benignity or
malignancy of breast cancer is unveiled. This discovery provides
valuable insights into the role of feature subsets in breast cancer
pathogenesis, disease progression, and diagnostic processes,
thereby guiding future research within the medical community.

Research Objective. The objectives of this study are threefold.
Firstly, we aim to analyze a subset of features from the
Wisconsin Breast Cancer Dataset that closely correlate with the
benign and malignant characteristics of breast cancer. These
feature subsets are instrumental in guiding the medical field’s
exploration of the causative agents, pathogenesis, disease evolu-
tion, and prognosis of breast cancer. Secondly, we seek to train a
machine learning model based on these feature subsets and eval-
uate its classification accuracy and generalization ability to opti-
mize accurate diagnosis for both benign and malignant breast

cancer. Lastly, we assess the strengths and weaknesses of the top-
performing machine learning algorithms trained on the
Wisconsin Breast Cancer Dataset, providing valuable insights
and directions for algorithm optimization, deployment, and as a
reference solution for leveraging machine learning techniques
to address medical problems. After preprocessing, analyzing,
and visualizing the data, we develop and train 6 different
machine learning algorithms (decision tree, stochastic gradient
descent [SGD], random forest, K-NN, SVM, logistic regression,
and AdaBoost logistic) in this study. The final evaluation results
demonstrate that the AdaBoost-Logistic model achieves a
remarkably high classification accuracy of 99.21%, effectively
facilitating the classification and diagnosis of breast cancer.

Materials and Methods

In this research paper, we trained machine learning algorithms
using the publicly available Wisconsin breast cancer dataset
from Baidu Ai Studio.'® The dataset underwent several data pre-
processing steps, including imputation of missing values,
removal of anomalous data, and transformation of data types.
Subsequently, we utilized a high correlation filter based on the
Pearson correlation coefficient and data visualization techniques
to select a subset of 10 features that are closely associated with
benign and malignant breast cancer. Normalization was applied
to ensure scale consistency of the selected datasets. The pro-
cessed data was then used to train various machine learning algo-
rithms, such as decision trees, random forests, K-NNs, logistic
regression, SVMs, and SGD algorithms. The classification per-
formance of these algorithms was evaluated. The best model
was extracted, and further optimization was performed using
grid search and AdaBoost algorithms. As a result, we obtained
the best algorithms with training and testing errors of less than
1%. The overall research framework is illustrated in Figure 1:

Data Acquisition

Data, as a fundamental component of Al, plays a crucial role in
influencing subsequent feature selection and model perfor-
mance. In this study, we utilized the Wisconsin breast cancer
dataset, obtained from the Baidu Flying Paddle Little Love
Studio platform, to construct machine learning models. The
dataset consists of 569 rows of data distributed across 32
columns. Out of these, 30 columns represent physiological
characteristics related to breast cancer, one column represents
ID numbers, and the last column represents breast cancer cate-
gories. In our analysis, the categories are denoted by “B” for
benign tumors and “M” for malignant tumors.

Data Preprocessing

After loading the data, missing values were identified and
handled by filling in the gaps. The “diagnosis” attribute,
which represents the breast cancer category, was encoded as
“0” for benign tumors and “1” for malignant tumors for visual-
ization purposes. Upon analyzing the data, 357 instances of
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Figure 1. Research process.

benign tumors and 212 instances of malignant tumors were
found within the “diagnosis” attribute. The distribution of
benign and malignant breast cancers is presented in Figure 1
through a histogram and Gaussian kernel density estimate
plot. Figure 2 displays the number of data points for category
“M” and category “B”, while Figure 3 illustrates the distribu-
tions of category “M” and category “B” for breast cancer
using kernel density estimation.

After completing vacancy data filling and label coding, we
analyzed the data distribution. To determine the suitable statis-
tical method, we used the normal test function from the scipy
library in the Python environment to test whether the data
follows a normal distribution or not. It is crucial to assess if
the data meets the normality assumption before choosing the
statistical method. The table below demonstrates the normality
test outcomes for each feature.
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After conducting a normality test, it became apparent that the  data. This led to the creation of a heat map, which displays the
feature data did not follow a normal distribution. As a result, we  correlation coefficients and p-values. Table 1 presents the cor-
utilized the Spearman correlation coefficient to analyze the rela- relations at various Spearman correlation coefficients.
tionship between each attribute and the breast cancer diagnostic ~ Additionally, Figures 4 and 5 depict the Spearman correlation
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coefficient matrix and P-value matrix for the feature data within
the dataset. Any feature having correlation coefficients below
0.7 are excluded, while any exceeding this threshold are identi-
fied, such as “perimeter_worst,” “radius_worst,” “area_worst,”
“concave points_worst,” “concave points_mean,” “perimeter_-
mean,” “area_mean,” and “concavity_mean.” The correlation
coefficients and p-values for these 8 features are displayed in
Table 2. They exhibit a strong correlation with the data of
breast cancer diagnosis and hence have been chosen for
further analysis and visualization.

EEINT3

Data Visualization

The data was visualized using a feature subset constructed by
high correlation filtering employing the Spearman correlation
coefficient. American English spelling was not used. Initially,

Table 1. Pearson’s Correlation Coefficient Reference Table.

Pearson correlation coefficient

range Sample correlation strength
0.8-1.0 Very strong correlation
0.6-0.8 Strong correlation
0.4-0.6 Moderately correlation
0.2-0.4 Weak correlation
0.0-0.2 Very weak correlation or

correlation

a scatterplot was plotted to analyze the data (Figures 6 to 9).
The figures illustrate the two-dimensional (2D) distribution
of the feature subset, providing insight into the attribute
pairs’ linear separability between benign and malignant
tumors. Technical abbreviations will be defined when intro-
duced. Regular author and institution formatting were main-
tained, along with conventional academic sectioning, style
guides, and citation formats. The language is formal and
objective, with no hedging or filler words. Grammatical cor-
rectness was ensured, and precise word choices were made.
The figures illustrate the 2D distribution of the feature
subset, providing insight into the attribute pairs’ linear separa-
bility between benign and malignant tumors. Concave
points_worst and perimeter_worst, in addition to concave
points_mean and radius_worst, show clear linear differenti-
ability. However, the attributes perimeter_mean, area_worst,
radius_mean and area_mean are more closely distributed,
making it difficult to distinguish their linear differentiability
solely from 2D scatterplots. To investigate these attributes
further, we created three-dimensional (3D) scatterplots using
the 8 selected data points.

3D scatter plots reveal patterns of linear separability in the
spatial distribution of benign and malignant breast cancer
data. (Figures 10 and 11) Specifically, these patterns are
observed for attributes such as perimeter_mean, area_worst,
radius_mean and area_mean. This finding emphasizes the
validity of using feature subsets created through high relevance
filtering in training classification algorithms.
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Heat map of breast cancer characterization correlations.
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Table 2. Spearman’s Correlation Coefficient and P-Value for 8 However, it has been identified that the feature subset data,

Feature Data.

Feature

Spearmanr

P value

perimeter_worst
radius_worst
area_worst

concave points_worst
concave points_mean
perimeter_mean
area_mean
concavity_mean

0.796319
0.787933
0.786902
0.781674
0.777877
0.748496
0.734122
0.733308

6.742652 x 107126
1.677735x 107121
5.641911 x 10712!
2.387021x 107118
1.736699 x 10~ 11¢
3.162795x 107193
2.162221x 1077
4.509903 x 10777

Wilcoxon Rank sum Test

To determine the statistical relationship between the data and the
features, we selected the Wilcoxon rank sum test after conducting
anormality test. This allowed us to comprehend the discrepancies
in the distribution of the various breast cancer categories of the
subset data. In this study, we present the distribution histogram
for the 8 feature subset data, as illustrated in Figure 12. In addi-
tion, Figure 13 illustrates the distribution of the feature subset
data for different types of breast cancer. The parameter values
and P-values of the Wilcoxon rank sum test for the feature
subset data are also displayed in Table 3. Our findings suggest
that the P-values of the feature subset are significantly less than
0.01, leading to the rejection of the samples. The initial hypothe-
sis was that the data originated from the same distribution.

obtained through screening, differs from this distribution.

Data Segmentation

Subsequently, 80% of the dataset was allocated for algorithm
training, while the remaining 20% was used for testing algo-
rithm performance. The training set consisted of 284 instances
labeled as benign (type B) and 171 instances labeled as malig-
nant (type M), while the test set comprised 73 instances of
type B and 41 instances of type M. To mitigate the impact
of dissimilar data distributions on model training speed, both
the training and test data were normalized using equation
(1). The box plot after normalization is completed is shown
in Figures 14 and 15.

After normalizing the data, the distribution of the training
data is adjusted to be within the same range. Furthermore, an
analysis of the box plot identifies certain abnormal data points
within the datasets. In order to handle these outliers, the follow-
ing methods are utilized:

e First calculate the first quartile (Q1), median, and third
quartile (Q3).

Interquartile range (IQR)=Q3—-Q1, data upper limit=
Q3 + 1.5*IQR, 0 data lower limit=Q1-1.5*IQR.

Data value >upper data limit or data value <lower data
limit is anomalous data.
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e Replace anomalous data with median data.

suitable for the training and testing of machine learning models.
X—p
= (1

z =

[
Upon processing the anomalous data, the resulting dataset, Z is the normalized value, x is the initial value, y is the mean,

which incorporates normalization and removal of outliers, is

and the o standard deviation.
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Build Machine Learning Models

We analyze the given data through the utilization of various
machine learning models, namely decision tree models,
random gradient descent models, random forest models,

K-NN models, SVM models, logistic regression models, and
AdaBoost models. The subsequent section provides a concise
overview of the training process associated with these machine-
learning models.
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Figure 13. Histogram of the data distribution of the subset of characteristics of different categories of breast cancer.

Table 3. Table of Results of Wilcoxon Rank sum Test for Subset of Features.

Feature Statistic P-value

concave points_worst 7.0230087465450115 2.171406127996621 x 10~
perimeter_worst 29.201894775379632 1.8347146160092246 x 10~'%7
concave points_mean 7.0230087465450115 2.171406127996621 x 10~
radius_worst 29.201894775379632 1.8347146160092246 x 10~'%7
perimeter_mean 29.201894775379632 1.8347146160092246 x 107187
area_worst 29.201894775379632 1.8347146160092246 x 107187
radius_mean 29.201894775379632 1.8347146160092246 x 10~'%7
area_mean 29.201894775379632 1.8347146160092246 x 10~'%7

Decision Tree Algorithm. The decision tree algorithm is a super-
vised machine learning method that overcomes the data distri-
bution requirements associated with classical algorithms such
as general linear models, generalized linear models, and
Bayesian classifiers.'” Unlike these traditional algorithms, the
decision tree algorithm can establish logical connections
between input and output data without being limited by data
distributions. As a result, it can make predictions for new
data based on the discovered rules or logical connections.

In our study, we utilized the DecisionTreeClassifier from the
scikit-learn library to construct a decision tree classification
model. Subsequently, we conducted tests on the model by
adjusting the max_depth parameter using the data that was
selected and extracted based on the features. Figure 16 illus-
trates the training error and testing error of the decision tree
algorithm at different max_depth parameters. By doing this,
we were able to determine the optimal max_depth parameter
that resulted in the lowest test error.
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Figure 15. Box plot of feature data after data normalization.

Random Forest Algorithm. The random forest algorithm is an
ensemble method that combines multiple decision tree algorithms,
typically using the bagging or pasting training approaches.®’
Instead of searching for the optimal features when splitting
nodes, it searches for the best features among a randomly selected
subset of features. This increases the diversity among the decision
trees, leading to better generalization performance.

We utilized the RandomForestClassifier from the scikit-learn
library to construct a random forest classification model. The
feature-selected datasets were used to train the model, enabling
us to examine the training and testing errors of the random
forest model for different numbers of base classifiers (n_estima-
tors). The training and testing errors of the random forest model
using different number of base classifiers (n_estimators) in the
random deep forest model are presented in Figure 17. From
Figure 17, it can be observed that Random Forest achieves

the best training and testing error when the number of base clas-
sifiers is 40.

Other Machine Learning Algorithms Trained. We trained the
Decision Tree and Random Forest algorithms and selected addi-
tional machine learning algorithms for training based on the
characteristics of the data distribution and their applicability.
These algorithms include the SGD algorithm, K-NN algorithm,
SVM algorithm, Logistic regression algorithm, and AdaBoost
algorithm. Here are the characteristics of these algorithms:

e The SGD algorithm minimizes the cost function by iter-
atively adjusting the parameters,”' leading to faster con-
vergence and higher accuracy.

e K-NNis a classification and regression method first pro-
posed by Cover T and Hart P in 1967.* The K-NN
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method shows good performance in cases where the
spatial dimensions of the input variables are small and
the actual category boundaries are irregular.

e SVM is a supervised learning algorithm developed in
1992 by Boser, Guyon, and Vapnik based on statistical
learning theory.”® The SVM algorithm has shown strong

performance in solving classification and regression prob-
lems with small sample sizes, nonlinearity, and high
dimensionality. The 2D scatterplot and 3D scatterplot
show that the feature subset has some linear divisibility
in spatial distribution, so we try to use the SVM algorithm
for breast cancer classification and diagnosis task.
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e Logistic regression algorithms are widely used to assess
the probability of state data belonging to a certain cate-
gory,>* and based on the characteristics of the data distri-
bution presented by the data visualization, we use the
Logistic regression algorithm to train the data.

e The AdaBoost algorithm is a boosting method in inte-
grated learning that combines several weak classifiers
to create a strong classifier. During runtime, the algo-
rithm focuses more on instances that were previously
underfitted and misclassified, thus improving the perfor-
mance of the predictive model.’

Finally, we created and trained our machine learning model
using the sklearn®® tool in the Python environment.

Machine Learning Algorithm Interpretability. In medicine, models
or systems that lack clear explanations for their decisions
pose difficulty and the opaque medical practice of Al algo-
rithms obstructs clinicians from evaluating model inputs
and parameters accurately.”’ Failure to understand the
decision-making process may infringe on patients’ rights to
informed consent and automation.?® Therefore, Al interpret-
ability plays a crucial role in applying Al models to health-
care organizations for research in the field of Al+
Medicine. Digital Health, a subjournal of the Lancet, suggests
that the use of explainable frameworks could help to align
model performance with clinical guidelines objectives.
Therefore, enabling better adoption of Al models in clinical
practice. Transparent algorithms or explanatory approaches

can also make the adoption of Al systems less risky for clin-
ical practitioners.?’

From the perspective of model relevance, interpretable Al its
can be classified into model-independent interpretation methods
and model-specific interpretation methods.*® The main model-
related interpretation methods are: Feature-related interpretation,
sample-based interpretation and agent model interpretation.*! In
our investigation, we predominantly employ feature-based and
sample-based interpretation methods to probe the interpretability
of our algorithms. During the feature-based interpretation
method, we utilize statistical methods to examine the data’s dis-
tribution, the correlation between the feature data and the target
data, and the dissimilarities in the data’s distribution among the
diverse categories of breast cancer.

Results

First, we assess the algorithm’s overall classification perfor-
mance by calculating its accuracy, precision, and F1 score.
Additionally, we analyze the confusion matrix of the algorithm
on both the test and training datasets to evaluate its specific clas-
sification performance. This evaluation provides valuable
insights and suggestions for optimizing the algorithm. The
accuracy, precision, F1 score, recall, and confusion matrices
of each algorithm are presented below 40:

Decision Tree Model Training Results

The decision tree algorithm training set and test set confusion
matrices are shown in Figures 18 and 19, and the accuracy,
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Figure 18. Decision tree model confusion matrix (training set).
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Figure 19. Decision tree model confusion matrix (test set).

Table 4. Classification Results of Decision Tree Algorithm Test set.

Precision Recall F1-score Support
B 0.94 0.93 0.94 73
M 0.88 0.90 0.89 41
Accuracy 0.92 114
Macro avg 0.91 0.92 0.91 114
Weighted avg 0.92 0.92 0.92 114

precision, recall and F1 scores are shown in Table 4. The training
set’s confusion matrix indicated a precision of 0.96875, a recall
of 0.98239, an F1 score of 0.97552, and an accuracy of
0.96923. For the test set, the respective precision, recall, F1
score, and accuracy values for the “B” and “M” categories are
presented in Table 4. The table reveals that the decision tree algo-
rithm exhibits weaker classification performance for “M” data
compared to “B” data. Class “B” data showcases superior perfor-
mance, with precision, recall, F1 score, and accuracy all exceed-
ing 0.9. Conversely, “M” data exhibits lower precision and F1
score values. This discrepancy is likely influenced by the
smaller quantity of “M” data, resulting in limited performance
for the decision tree model in classifying “M” data.

SGD Training Results

The results of the test set for the SGD algorithm are shown in
Table 5. From the training set confusion matrix, it is observed

Table 5. Classification Results of Gradient Descent Algorithm Test
set.

Precision Recall F1-score Support
B 0.96 1.00 0.98 73
M 1.00 0.93 0.96 41
Accuracy 0.97 114
Macro avg 0.98 0.96 0.97 114
Weighted avg 0.97 0.97 0.97 114

that the gradient descent model achieved a precision of
0.94612, a recall of 0.98943, an F1 score of 0.96729, and an
overall accuracy of 0.95824. The classification performance
of the model on the test set is presented in Table 5. Table 5 dem-
onstrates that the gradient descent model performed exception-
ally well on the test set, achieving a recall of 1.00 for class
‘B’ data, surpassing that of the decision tree model (0.93).
Moreover, the model attained a recall of 0.93 for class ‘M’
data, outperforming the decision tree model (0.90). These find-
ings indicate that the gradient descent model exhibited superior
classification performance compared to the decision tree model.

Random Forest Training Results

The random forest algorithm training set and test set confusion
matrices are shown in Figures 20 and 21. According to the
training set confusion matrix, the random forest model
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Figure 20. Confusion matrix of random forest model (training set).
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Figure 21. Confusion matrix of random forest model (test set).
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demonstrates a precision of 0.99649, recall of 1.00, F1 score of
0.99824, and accuracy of 0.99780. The precision, recall, F1
score, and accuracy of the test datasets are shown in the fol-
lowing Table 6.

Table 6, it can be observed that the Random Forest algorithm
achieves a recall of 0.95 in class “M” data classification, which
is on par with the gradient descent algorithm. However, in class
“B” data classification, the recall of the random forest model is
0.99, which is lower than the gradient descent model’s 1.00.
The average precision of the model is 0.97. Therefore, the clas-
sification accuracy of Random Forest is better than Decision
Tree Algorithm and SGD algorithm.

K-NN Algorithm Training Results

The K-NN algorithm training set and test set confusion matrices
are shown in Figures 22 and 23, and the accuracy, precision,

Table 6. Classification Results of the Test set of Random Forest
Algorithm.

Precision Recall F1-score Support
B 0.97 0.99 0.98 73
M 0.97 0.95 0.96 41
Accuracy 0.97 114
Macro avg 0.97 0.97 0.97 114
Weighted avg 0.97 0.97 0.97 114

recall and F1 scores are shown in Table 7. From the figure,
we observe that the precision for the K-NN model on the train-
ing set is 0.94039, the recall is 1.00, the F1 score is 0.96928,
and the accuracy is 0.96043. The data table reveals that the
K-NN model has superior classification performance for class
“B” data with a recall of 1.00, surpassing that of the decision
tree model (0.93), gradient descent model (0.97), and random
forest model (0.99). The data table reveals that the K-NN
model has superior classification performance for class “B”
data with a recall of 1.00, surpassing that of the decision tree
model (0.93), gradient descent model (0.97), and random
forest model (0.99). It can be inferred that K-NN model is the
most effective in classifying class “B” data. Furthermore, the
K-NN model demonstrates an accuracy of 0.95614 but a
recall of 0.88 for class “M” data. Subsequently, its recall
values fall short when compared to those of the decision tree
model (0.90), the gradient descent model (0.93), and the
random forest model (0.95). This outcome infers that the effi-
ciency of classifying class “M” data can still be elevated
within the K-NN model.

Support Vector Machine Algorithm Training Results

The SVM algorithm training set and test set confusion matrices
are shown in Figures 24 and 25, and the accuracy, precision,
recall, and F1 scores are shown in Table 8. The SVM model
has a precision of 0.94256, a recall of 0.98239, an F1 score
of 0.96206, and an accuracy of 0.95164 on the training set,
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Figure 22. Confusion matrix of K-nearest neighbor model (train set).
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Figure 23. Confusion matrix of K-nearest neighbor model (test set).

Table 7. Classification Results of K-Nearest Neighbor Algorithm Test
set.

Precision Recall F1-score Support
B 0.94 1.00 0.97 73
M 1.00 0.88 0.94 41
Accuracy 0.96 114
Macro avg 0.97 0.94 0.95 114
Weighted avg 0.96 0.96 0.96 114

and the SVM algorithm performs better on the training dataset.
Figure 25 shows the confusion matrix obtained by the SVM
algorithm after testing on the test dataset, through Python
toolkit, we calculate the detailed data of the test set of confusion
evidence as shown in Table 8. We find that the SVM model out-
performs the Decision Tree, Gradient Descent, and Random
Forest models in terms of recall for class “B” data classification,
achieving a recall of 1.0, which is comparable to the classifica-
tion performance of the K-NN model. For class “M” data clas-
sification, the SVM model has a recall of 0.93, which is
comparable to the performance of the Random Forest and
Gradient Descent model.

Logistic Regression Algorithm Training Results

The Logistic regression algorithm train set and test set confu-
sion matrices are shown in Figures 26 and 27, and the

accuracy, precision, recall, and F1 scores are shown in
Table 9. The training precision of the Logistic regression is
0.95804, the recall is 0.96478, the F1 score is 0.96140, and
the accuracy is 0.95164. The classification performance
parameters of the Logistic algorithm in the test set computed
from Figure 27 are obtained as shown in Table 9. From
Table 9, it can be seen that the Logistic model obtained the
same classification performance as the SVM and K-NN
model with a precision of 1.0 and an F1 score of 0.97 for
class “B” data, achieving the best performance in class “B”
data classification. The recall of the Logistic model in class
“M” data is better than that of the decision tree model (recall
0.90), K-NN model (recall 0.88), gradient descent model
(recall 0.93), random forest model (recall 0.95), and SVM
model (recall 0.93). Logistic algorithm obtained the best clas-
sification performance compared to decision tree algorithm,
SGD algorithm, K-NN Algorithm, random forest algorithm,
and SVM algorithm, so we used logistic algorithm as a base
classifier to train AdaBoost algorithm.

AdaBoost-Logistic Algorithm Training Results

The AdaBoost-Logistic algorithm training set and test set con-
fusion matrices are shown in Figures 28 and 29, and the accu-
racy, precision, recall, and F1 scores are shown in Table 10.
Calculated from Figure 28, the precision of Ada-Logistic
model in the training set is 0.95390, the recall is 0.94718, the
F1 score is 0.95053, and the accuracy is 0.93846; and the
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Figure 24. Support vector machine (SVM) model confusion matrix (train set).
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Figure 25. Support vector machine (SVM) model confusion matrix (test set).
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precision, recall, fl score, and accuracy of the AdaLogistic
model in the test set calculated from Figure 29 are shown in
Table 10. From Table 10, we can see that the AdaBoost-
Logistic model achieves the best performance in class “B”
data classification with a precision of 0.99, a recall of 1.0 and
an F1 score of 0.99. Similarly, the AdaBoost-Logistic algorithm
was tested on class “M” data categorization with a precision of
1.00, a recall of 0.98 and an F1 score of 0.99, also achieving
superior performance on class “M” data. Notably, the average
precision, recall, and F1 score all reached 0.99, the best perfor-
mance among the 7 machine learning models.

Discussion

Algorithm Performance Comparison

Based on the model training results in the “Results” section, we
summarize the training results to graphically compare the

Table 8. Classification Results of SVM Algorithm on the Test set.

Precision Recall F1-score Support
B 0.96 1.00 0.98 73
M 1.00 0.93 0.96 41
Accuracy 0.97 114
Macro avg 0.98 0.96 0.97 114
Weighted avg 0.97 0.97 0.97 114

performance of different models; Table 11 shows the summa-
rized results, and Figure 30 shows the visualization of the sum-
marized results.

According to Table 11 and Figure 30, the training phase of
the AdaBoost-Logistic regression model indicates a training
error rate of 0.06153, a testing error rate of 0.00877, a precision
0f 0.98648, a recall rate of 1.00000, an F1 score 0£0.99319, and
an accuracy of 0.99122. These results highlight the superiority
of this model over the other 6 models in the breast cancer
dataset. Conversely, the decision tree algorithm exhibits a train-
ing error rate of 0.03076, a testing error rate of 0.07894, a pre-
cision of 0.94444, a recall rate of 0.93150, an F1 score of
0.93793, and an accuracy of 0.92105. Compared to the other
6 models, its performance on the breast cancer datasets is rela-
tively weak.

Receiver Operating Characteristic Curve and
Precision-Recall Curve of the Model

The receiver operating characteristic (ROC) curve, originally
developed for military applications, has gained significant pop-
ularity in the medical and machine learning fields. It serves as a
valuable tool for evaluating the classification performance of
machine learning models in binary classification tasks. The
area under the curve (AUC), a commonly used metric, repre-
sents the area beneath the ROC curve and can be employed
to predict precision in binary classification models.*> The
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Figure 26. Confusion matrix of logistic model (train set).
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Figure 27. Confusion matrix of logistic model (test set).

Table 9. Classification Results of Logistic Test set.

Precision Recall Fl-score Support
B 0.97 1.00 0.99 73
M 1.00 0.95 0.97 41
Accuracy 0.98 114
Macro avg 0.99 0.98 0.98 114
Weighted avg 0.98 0.98 0.98 114

AUC value ranges from 0 to 1, with a higher value indicating a
higher correct rate for the model. On the other hand, the
precision-recall (PR) curve visualizes the accuracy and recall
of a binary classification model under varying thresholds, this
allows developers to observe changes in accuracy and recall,
aiding in the selection of the optimal threshold for training
the best classification model.>® Therefore, a higher accuracy
under the threshold indicates a more effective classification per-
formance of the model. Figures 31 and 32 present the PR curves
and ROC curves for each mode

The PR curve reveals several significant findings. Firstly, the
AdaBoost-Logistic regression model achieves an accuracy of
0.991228, surpassing the accuracy of the other 6 models in
the breast cancer dataset. On the other hand, the decision tree
model exhibits a lower accuracy of 0.921053 during training,
indicating relatively poorer classification accuracy. Moreover,
comparing the AUC values from the ROC curves of different

models provides additional insights. The AdaBoost-Logistic
algorithm, SGD algorithm, and SVM all demonstrate an AUC
of 0.989642, indicating an identical correctness rate when
applied to the Wisconsin Breast Cancer dataset. In contrast,
the decision tree algorithm exhibits a substantially lower
AUC of 0.900936 compared to the other 6 models, indicating
a poorer correctness rate for the Wisconsin Breast Cancer
dataset.

The AdaBoost-Logistic regression algorithm emerges as
the highest-performing model among the 7 models, demon-
strating superior precision, recall, F1 score, accuracy, training
error, testing error, and AUC metrics. To further assess its
performance, we utilized the test dataset to generate predic-
tions using the integrated AdaBoost-Logistic regression
model. These predictions were then visually represented in
both 2D and 3D plots alongside the actual values Figures
33 and 34.

The data visualization results illustrate that integrating the
Logistic regression algorithm with the AdaBoost algorithm pro-
duces superior performance on the test set. Additionally, the
model predictions align well with the test dataset.

Interpretable Al

Regarding data interpretability, we investigate 3 key aspects:
the distribution of feature data, the correlation between
feature data and target data, and the distribution difference
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Figure 28. Adaboost_logistic confusion matrix (training set).
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Figure 29. Adaboost_logistic confusion matrix (test set).
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between feature data. As previously outlined, the statistical
results demonstrate that the feature data do not conform to
normal distribution (P<.01) per the normality test of feature
data by using the scipy library Normaltest toolkit within a
Python environment. The analysis of the Spearman correlation
coefficient demonstrates a strong correlation between the
screened feature subset data and the target data, with all corre-
lation coefficients above 0.7. Additionally, the Wilcoxon rank

Table 10. Classification Results of AdaBoost-Logistic Test set.

sum test shows that the distribution of feature subset data is dif-
ferent across various breast cancer categories, with a P value
less than .01. The aforementioned findings suggest a strong cor-
relation between the feature subset data and the target data,
while also highlighting noticeable differences in the distribution
of feature subset data across different breast cancer categories.
High-quality feature subset data thus facilitate the algorithm in
learning patterns within the data.

Comparison with Other Methods

To demonstrate the exceptional precision of our AdaBoost-

Precision Recall Fl-score Support o ; .
Logistic algorithm for breast cancer detection, we con-
B 0.99 1.00 0.99 73 ducted a comparative analysis with other contemporary
M 1.00 0.98 0.99 41 techniques. The ensuing results have been presented in
Accuracy 0.99 4" the table below.
Macro avg 0.99 0.99 0.99 114 As d trated in Table 12 d AdaBoost
Weighted avg 0.99 0.99 0.99 114 \$ demonstrated - Rable 1z, our propose aboost-
Logistic regression algorithm outperforms other methods in
Table 11. Model Training Results.
Model name Training error Test error Precision Recall F1 score Accuracy
Decision tree 0.03076 0.07894 0.94444 0.93150 0.93793 0.92105
Random forest 0.00219 0.02631 0.97297 0.98630 0.97959 0.97368
K-nearest neighbors 0.03956 0.04385 0.93589 1.00000 0.96688 0.95614
Logistic regression 0.04835 0.01754 0.97333 1.00000 0.98648 0.98245
Stochastic gradient descent 0.04175 0.02631 0.96052 1.00000 0.97986 0.97368
Support vector machines 0.04835 0.02631 0.96052 1.00000 0.97986 0.97368
AdaBoost-Logistic 0.06153 0.00877 0.98648 1.00000 0.99319 0.99122
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Figure 30. Bar graph of model training results.
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Figure 33. Two-dimensional scatter plot of model predictions.
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Figure 34. Three-dimensional scatterplot of model predictions.

Table 12. Comparison Table with the Latest Methodology.

terms of accuracy, thus making it more effective in the diagno-
sis of both benign and malignant breast cancers.

Conclusions

In this research, statistical methods were employed to assess the
normality of the data in the Wisconsin breast cancer dataset.
Spearman correlation analysis was then utilized to compute
the correlation coefficients between the labeled data and the
feature data. Subsequently, the feature data with high correla-
tion with the labeled data was filtered to form a feature
subset. Finally, the distributions of the feature subset data
were examined for the various types of breast cancers using
the Wilcoxon rank-sum test. The accuracy of 7 machine learn-
ing models was predictively trained and assessed using feature

Year Model/method

Best observed accuracy

Author name Reference
Hazra et al 34
Osman A. H. et al 35
Wang et al 36
Abdar et al 37
Mushtaq et al 38
Rajaguru & Chakravarthy 39
Durgalakshmi & Vijayakumar 40
Khan et al 41
Al-Azzam & Shatnawi 42
Abdur Rasool et al 43

The model we propose

2016  Support Vector Machine (SVM: using 19 features) 94.423%
2017 SVM 95.23%
2018 SVM-based ensemble learning 96.67%

2018 Nested Ensemble

2-MetaClassifier (K =5) 97.01%

2019 KNN with multiple distances (Correlation K = 2) 91.00%
2019 KNN Euclidean distance 95.61%
2019 SVM 73%

2020 SVM 97.06%
2021 LR with area under curve 96%

2022  Polynomial SVM 99.03%
2023  AdaBoost-Logistic 99.12%

*Bolded text indicates what we have done.
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subset data. Evaluation findings indicate that the AdaBoost-
Logistic algorithm has excellent performance in diagnosing
breast cancer, with an accuracy of up to 0.991228. This tech-
nique is expected to play a crucial role in breast cancer screen-
ing and assisted diagnosis, substantially decreasing patient
waiting periods and enhancing healthcare organizations’
efficiency.

The algorithm has practical significance for clinicians as it
can be deployed on medical devices, reducing waiting time
for breast cancer diagnosis and enabling them to quickly
obtain predictions. These predictions can guide clinicians in
developing appropriate treatment plans. Additionally, for
patients, the algorithm’s predictions can minimize wait times,
prevent deterioration, and facilitate timely access to treatment.
Furthermore, the integration of online learning technologies
allows the model to continuously learn from new data, enhanc-
ing its accuracy and generalizability based on the information
provided by patients. Lastly, the features extracted through
the high relevance filtering approach demonstrate excellent per-
formance in the machine learning model, offering valuable
insights for further investigation of their role in breast cancer
pathogenesis, disease progression, and diagnosis.

The proposed method offers various benefits. It starts by
examining the correlation between input feature data and
output variables through high-correlation filtering. Moreover,
the Wilcoxon rank sum test investigates the distributional dif-
ferences between different characteristics of breast cancer. A
key advantage of this approach is the reduction of feature
size, leading to the faster training of models. Secondly, the
methods of high correlation filtering and Wilcoxon rank sum
testing can be applied to various datasets, independent of specific
machine learning algorithms. Furthermore, the set of features
produced by these methods is highly interpretable and can be
used in diverse datasets. Finally, the AdaBoost integration algo-
rithm was used in combination with Logistic regression to
develop a reliable classifier, which improves the overall stability
and generalization performance of the machine learning model.

The AdaBoost logistic regression model, which we propose
in this study, has certain limitations. Initially, the model was
trained on a dataset with only 569 instances, which limits its
generalization performance when applied to large-scale clinical
data with limited training samples. Moreover, although the
interpretability of our work on feature data is superior, further
investigation is required to enhance the interpretability of the
AdaBoost-Logistic algorithm. Furthermore, the efficacy and
consistency of our suggested AdaBoost-Logistic regression
framework in practical implementation scenarios have not
undergone assessment. Online learning, a framework for
designing predictive models that process data only once,
offers theoretical performance guarantees regardless of statisti-
cal assumptions of the data source, alongside high computa-
tional efficiency.** Therefore, in future work, we plan to
deploy the models on Baidu Al Studio and implement online
learning techniques. This approach will enable continuous
learning from new breast cancer clinical data, thereby improv-
ing the accuracy and generalization performance of the model.
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Annex 1. Results of the Eigen normality Test.

Feature

Normal test result

P-value

radius_mean
texture_mean
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concave points_mean
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fractal_dimension_mean
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