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Abstract. Breast Cancer (BC) is a prevalent disease worldwide, particularly affecting women. Developing accurate
classification models is a significant challenge in medical informatics. However, machine learning techniques have
effective categorization models and data mining from repositories often involves high dimensionality, incorrect
labeling, and class imbalance. These issues can adversely affect the performance of most statistical learning approaches
for outcome prediction. This research aims to introduce an innovative method for Feature Selection (FS) that
combines Maximum Likelihood Logistic Regression (MLLR) with Noise Filtering (NF) and Data Balance (DB)
techniques. Our proposed method involves several steps to improve breast cancer prediction accuracy. Firstly, we
utilized multiple iterations of the Iterative Noise Filtering based on the Fusion of Classifiers (INFFC) algorithm
to reduce class noise present in cancerous datasets. Next, we addressed the issue of class imbalance by using a
modified Synthetic Minority Over-sampling Technique (SMOTE). Subsequently, we applied the Maximum Likelihood
Logistic Regression (MLLR) method and determined the statistical significance of each feature’s estimated coefficients
with the Wald test at a given confidence interval. Additionally, we compared the effectiveness of our proposed
method with several well-known feature selection methods. Finally, we utilized five different classifiers namely,
Naı̈ve Bayes (NB), Multi-Layer Perceptron (MLP), K-Nearest Neighbors (KNN), AdaBoostM1, and Bagging to
assess their performance using the area under the receiver operating characteristic curve (AUC) metric. Our
findings demonstrated that our proposed method can effectively select relevant features and improve classifier
performance in binary classification problems, especially in MLP which is (0.949). Furthermore, based on the
results of five different classifiers, our proposed method outperformed the compared methods used in this study.

Key-terms-Breast cancer prediction, Machine learning, Feature selection, Noise filtering, Data balance
I. INTRODUCTION

According to the World Health Organization (WHO), breast
cancer (BC) is recognized as the predominant form of cancer
affecting women globally and ranks as the second highest
contributor to cancer-related mortality [1]. According to Bray
et al., BC remains the prevalent form of cancer among women
[2]. The likelihood of a woman developing BC at some point
in her life is 12%, or one in eight, by the time she reaches
85 years old [3]. Furthermore, approximately 10.9% of all BC
patients are under the age of 35 [4]. BC is characterized by the
uncontrolled growth of cells within breast tissues, which can
be either benign or malignant. While a benign tumor remains
localized and does not spread, a malignant tumor has the po-
tential to metastasize, indicating the progression of the disease
[5], [6]. Risk factors for BC include obesity, nulliparity, early
menarche, lactation duration, unhealthy lifestyle, as well as
geographic, racial, and ethnic characteristics [7], [8], [2], [9].

Moreover, comparing Machine Learning (ML) to patholo-
gists has many advantages. ML is regarded as the ideal method
for detecting future cancer since it removes manual labor and
aids in text and image categorization for doctors. Besides,
malignant and benign tumors are two types. Benign tumors do
not cause cancer or pose a threat to life. These, though, can
make acquiring breast cancer more likely. The threat posed by
tumors is greater than that of benign growth tumors. However,
essential studies are carried out early. Twenty percent of
all women with malignant tumors pass away before their
disease is discovered from this illness [10]. Consequently,
there is a need for a completely automated approach to detect
cancer. Several research studies have explored the application
of machine learning methods to evaluate the presence of
carcinoma in individuals [11], [12], [13], [14], [15], [16]. They
also demonstrated that these algorithms are more successful
in diagnosing carcinoma [13]. In order to achieve accurate
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patient detection, the involvement of a skilled and experienced
doctor is typically necessary [12]. But this skill is developed
over years of confirming diagnoses and observing the adverse
effects of various patients. There is, however, no guarantee
of dependability. Massive data sets, like specialized electronic
patient information databases, can now be easily gathered and
stored, thanks to processing technology advancements [11].
Health professionals needed a computer to access these sizable
databases, mainly when conducting extensive data analysis.

Furthermore, an accurate diagnosis of breast cancer is
crucial in determining appropriate treatment, and misdiagnosis
can result in patients not receiving the necessary care. Hence,
the research focused on precise diagnosis and the classification
of breast cancer into benign and malignant groups continues to
be a subject of intense debate and discussion. In the previous
century, machine learning (ML) techniques were widely used
to diagnose breast cancer and identify data patterns. ML is
also commonly used to develop models for Breast Cancer
Prediction (BCP), which involves identifying patterns and reg-
ularities within datasets to generate theories that can uncover
new hidden data connections. BCP models are developed using
past data to accurately diagnose cancer. However, using this
training data, we can estimate and predict unseen cases and
classify them as either benign or malignant [17].

Alternatively, the number of samples and the dimensionality
of the data available recently have increased across many
machine types. Learning programs like text mining, computer
vision, and biomedical. Studying how to use these large-
scale data is crucial and necessary for knowledge acquisition.
High data dimensionality is primarily of interest to us. Due
to the enormous volume of high-dimensional data, existing
machine learning systems face a sizable challenge. Learning
algorithms can become very complex due to noisy, redundant,
and irrelevant dimensions. Therefore, performance on learning
tasks can be sluggish or even degenerate, making interpreting
models challenging. For example, a feature is irrelevant if it
provides no information relevant to the classification task, and
a feature is redundant if it provides the same information as the
currently used features. The predictive performance, execution
time, and complexity all suffer when a model based on training
data contains redundant and irrelevant features. However,
FS has consequently evolved into a crucial component of
data mining. FS is locating pertinent features and removing
unneeded, redundant, or noisy data [18].

Despite the many FS techniques and advantages, some
problems related to data can present difficulties and increase
the difficulty of the selected important features. Noisy and
unbalanced data primarily characterize these difficulties. The
inductive learning of statistical methods can be affected by
data noise [19], [20], [21]. Noise can have an impact on
the dependent (i.e., whether it is benign or malignant) along
with independent variables (i.e., feature noise). Concerning
expected syntax, semantics, and values, noise can cause incon-
sistencies in training data. As a result, making decisions based
on erroneous information may result in inaccurate predictions
when learning from noisy training data [22], [23].

On the other hand, balanced data and noisy data can
affect how statistical methods are learned inductively. When

there are fewer samples than expected in one class (i.e.,
benign) is considerably more than those in another class (i.e.,
malignant). Depending on the imbalance ratio, the impact of
data skews may change. A high-class imbalance, frequently
seen in BC datasets, can be used to identify the minority class
using any complicated statistical learning method. Because of
the high-class imbalance, the majority class is biased [24].
Therefore, it becomes very challenging for utmost statistical
learning techniques to differentiate between the majority and
minority classes effectively, creating a task akin to searching
for the proverbial needle in a haystack. The skewed data may
introduce biased learning by causing the selection of incorrect
features or feature subsets that are unable to predict samples
from minority classes. Whereas in BCP, the incidence of
false positives (i.e., incorrectly projecting a damaged module
as benign) is more costly than an erroneous negative (i.e.,
unfavorable outcomes could result from a learner’s prediction
that tends toward the majority class).

Thus, because of the challenges of selecting useful features
from imbalance and noisy data, we suggest a new method
that uses a hybrid framework based on logistic regression
using Maximum Likelihood Logistic Regression (MLLR) to
select features from enhanced data by applying the Noise
Filtering technique to remove noisy and Data Balance to treat
the imbalance problem.

The remaining parts of the current study are arranged as
follows: Section 2 presents the pertinent work. Section 3
explains the details of the proposed scheme and method. Our
findings and analysis are reported in Section 4. Finally, Section
5 provides the conclusion with some suggestions.

II. RELATED WORK

Many studies have been conducted to diagnose BC. Differ-
ent classification methods have been applied using machine
learning, including Logistic Regression (LOR), Support Vector
Machine (SVM), Naive Bayes (NB), Decision Tree (DT), Ran-
dom Forest (RaF), Multi-Layer Perceptron (MLP), K- nearest
neighbor (KNN), Linear Regression (LR), and many others
[25], [26]. To enhance prediction accuracy and optimize fea-
ture selection, various techniques such as filter, wrapper, and
embedded approaches were employed. For example, Chougrad
et al. suggested a viewing technique to increase breast cancer
in its early stages. The author employed a deep convolution
technique and computer-aided analysis to effectively screen
for breast cancer during its benign stage [27]. Geeitha and
Thangamani created a Pearson correlation model to choose the
best genes for cervical cancer classification [28]. Identification
of the key genes associated with cervical cancer has been
accomplished through the utilization of an integrated model
called Enhanced Bat Optimization with Hilbert Schmidt Inde-
pendence Criterion (EBO-HSIC). The classification analysis
used two gene samples of normal and abnormal gene data.

In addition, Gopal et al. categorized BC using systematic
and unbiased prognostic indicators. To predict BC and make
estimates based on the prognosis factor, two learners, including
NB and KNN, have been implemented [29]. Dasgupta et al.
suggested many models identify different cancer types and
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Abbreviations Phrase Abbreviations Phrase
WHO World Health Organization NB Naive Bayes
BC Breast Cancer DT Decision Tree
ML Machine Learning RaF Random Forest
BCP Breast Cancer Prediction MLP Multi-Layer Perceptron
MLLR Maximum Likelihood Logistic Regression KNN K- nearest neighbor
LOR Logistic Regression LR Linear Regression
SVM Support Vector Machine MLE maximum likelihood estimation
INFFC Iterative Noise Filtering based on the Fusion of Classifiers CS Chi-Square
SMOTE Synthetic Minority Over-Sampling Technique PCA Principal Components Analysis
CFS Correlation Feature Selection RF ReliefF
RFW ReliefF with Weighting WPBC Wisconsin Breast Cancer Dataset Prognostic
ROC Receiver Operating Characteristic curve

TABLE I: Table of abbreviations

choose features. Machine learning models like NB, Neural
Networks, DT, and LOR are used on the BC dataset for
FS and BCP [30]. In another study, Vasudev et al. applied
three learning methods techniques, including DT, NB, and
SVM to diagnose cancer. Furthermore, FS was used to reduce
the high dimensionality [31]. Besides, Yue et al. discussed a
few techniques of machine learning for parameter selection,
including ANN, KNN, and SVM. A new PSO method was
used for kernel function parameter optimization in SVM. On
the dataset related to cancer, the author performed FS [32].
LDA was used to reduce dimensionality with the Conventional
algorithm in Omondiagbe et al. hybrid approach for BC
diagnosis, including FS and SVM classifiers [33].

Furthermore, the relationship between BC and a few char-
acteristics to lower the mortality rate was investigated by Li
Chen. Five distinct classification techniques were employed
to apply the model to two datasets [34]. Hajiabadi et al.
proposed an objective function using an ANN to diagnose
BC. By integrating correntropy, hinge, and cross-entropy loss
functions, the author conducted a comprehensive analysis of
the dataset at different noise levels. This approach not only
enhanced generalization but also facilitated the identification
of optimal loss functions [35]. Shravya et al. proposed an-
alyzing BC using kerning methods like LOR, SVM, and
KNN learners, demonstrating that SVM is the best learner.
Attributes were made irrelevant in the prediction of BC
[36]. However, machine learning techniques were studied by
Chaurasia et al. to apply risk factors for breast cancer, as
well as implemented prediction models for evaluating breast
cancer patient’s chances of survival. Three models, J48, RBF
network, and NB, were used to classify normal and abnormal
cells [37]. The models put forth by Aavula and Bhramaramba
(2019) addressed BCD, recurrence, and patient survival. For
risk calculation and recurrence prognosis analysis, a novel
model known as the Extensible BC Prognosis Framework
was utilized. The model incorporated Representative FS (RFS)
and SVM techniques to enhance prognosis factor performance
[38].

Similarly, Nandagopal et al. proposed analyzing breast
cancer by choosing important characteristics, categorizing the
early and invasive stages for FS, and classifying malignant and
benign phases of BC. The authors used maximum likelihood
estimation (MLE), LR, and fuzzy logic [39]. Abdar et al.

created a nested two-level ensemble classifier. The evaluation
of the model involved K-fold cross-validation, while an ensem-
ble stacking and voting approach was implemented. Through
this model, the detection performance of the NB algorithm
for breast cancer was significantly enhanced [40]. Wang used
X-ray mammography, the gold standard, and the microwave
breast imaging technique to predict breast cancer. In his study,
breast cancer detection was the primary goal when designing
microwave biosensors. The distinction between normal and
abnormal tissues was achieved by leveraging the low dielectric
property as a discriminative factor [41].

To the best of our experience, over the years, many re-
searchers have used machine learning for BCP and built their
model by treating data difficulties such as class imbalance,
high dimensionality, and noisy data. Most of the study has
been done to understand, treat, and mitigate each problem
independently. Thus, the purpose of this study is to develop
a novel method used hybrid framework based on MLLR
on enhanced data that removes the noise and balances the
data. Nevertheless, the following section explains our pro-
posed scheme on how to enhance the feature selection based
on maximum likelihood logistic regression for breast cancer
prediction.

III. PROPOSED SCHEME OF ENHANCED FEATURE
SELECTION METHOD

All supervised, unsupervised, and regression problems re-
quire using FS to condense the reduced high dimensionality
[42]. The MLLR has a lot of benefits. The first benefit is
excellent predictive power, testing and removing the probably
zero coefficients and minimizing variance without significantly
increasing bias. This is especially useful when dealing with
the high-dimensional dataset [43]. This study suggests the FS
technique based on MLLR for BCP due to the above benefits.
However, it is not used enough in BCP studies. Even though
it is practical, noisy data and class imbalance can prevent
the MLLR from locating relevant features for classification
modeling. So, in this work, we proposed a novel combined
FS method based on MLLR, where noisy and imbalanced data
treatment based on filtering and oversampling is carried out
before the FS.

Initially, the removal of class noise from defect datasets
is accomplished through iterative iterations of the Iterative
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Noise Filtering based on the Fusion of Classifiers (INFFC)
technique. The algorithm Synthetic Minority Over-Sampling
Technique (SMOTE) then creates new synthetic malignant
instances to make up for the class imbalance using a random
linear interpolation between a malignant instance and its
nearest neighbor. The final step of the MLLR is to determine
the significance of each feature’s estimated coefficients at a
given confidence interval using the Wald test of statistical
significance.

To achieve this objective, three scenarios were carefully
examined to comprehensively evaluate and compare the perfor-
mance of MLLR with other feature selection (FS) techniques.
These assessments encompassed various scenarios incorporat-
ing the combined utilization of FS, noise filtering, and data
balancing techniques: In Case A, we conducted FS on the
original data, in Case B, where FS is based on noise-filtered
data, and in Case C, where FS is based on noisy filtered
and balanced data. The thorough literature review indicates
that Case A applies to most of the current FS methodologies.
We assumed that an unbalanced class distribution and class
mislabels may make it difficult to find useful features and
render the FS methods useless. Similar to Case A, Case B’s
FS techniques could be plagued by class imbalance, producing
less-than-ideal outcomes even though the mislabels are filtered
[23]. Thus, the best course of action might be to take the
more thorough method suggested in Case C, which would
balance the class distribution and filter class mislabels before
FS. Next, five learners were selected to assess the suggested
scheme’s effectiveness, which involves conducting FS after
noise filtering and balancing the data using NB, MLP, KNN,
AdaBoostM1, and Bagging. The fact that these classifiers are
frequently employed in BCP studies led to their selection.

The stages utilized in this work are presented in Fig. 1 and
are described below in three cases. The MLLR technique is
discussed in detail in the following sections, along with a brief
introduction to the other feature selection (FS) techniques used
for comparison purposes. Additionally, we describe the noise
filtering technique and data balancing strategy employed in
this study. We also elaborate on the MLLR FS method in
this section. By employing the Wald test at a 95% confidence
interval, the best subset of features is determined based on the
selected significant features. This process involves validating
the estimated coefficients to ensure their accuracy and reliabil-
ity [41], [40]. Five commonly used FS techniques are evaluated
in this study: Correlation Feature Selection (CFS), Chi-Square
(CS), Principal Components Analysis (PCA), ReliefF (RF),
and ReliefF with Weighting (RFW). Furthermore, the MLLR
technique is further elaborated on in subsequent sections, along
with a brief introduction to the other FS techniques used for
comparison.

1) The Maximum Likelihood Logistic Regression (MLLR)
Feature selection: The log of the odds (LN of the odds)
represents a logit transformation when creating the binary LR
equation, where the logit is a function of covariates in such a
way that.

log

(
πi

1− πi

)
=

K∑
k=0

βkxik, (1)

Where, for any given observation in the ith population, πi

denotes the probability of a malignant module, and 1 − πi

denotes the probability of a benign module. β is a column
vector with a length of K + 1. The target of LR is to
determine the unknown β of K + 1 parameters in Eq. 1.
This is accomplished using MLE, which involves identifying
the parameters that minimize the error in approximating the
observed data. The likelihood function exhibits the values of
beta as follows for any fixed, known value of y (class variable)

f (β|y) =
N∏
i=1

n!

y! (ni − yi)
πyi

i (1− πi)
ni−yi

, (2)

where N indicates the total number of object, n is a feature
vector with elements ni(i = 1, ....N) represents a binomial
count in the ith population. stands for the total number of
examples in the dataset. M =

∑N
i=1 ni. The values for β that

maximize the likelihood function in Eq. 2are known as the
maximum likelihood estimates. The likelihood function’s first
and second derivatives must be calculated to determine the
maximum likelihood estimates.

δl (β)

δβj
=

N∑
i=1

yixi − niπik (3)

As a result, by doing each K + 1 equations in Eq. 3.,
the maximum likelihood estimates for βj . can be obtained.
solving for each βj and setting in Eq. 3 to be equal to
zero. The estimated βj illustrates influence of corresponding
variables, in theory, to predict the outcome variable. Using the
generalized linear model (GLM), which simulates the logit in
the R statistical program, the βj parameters for this study are
determined. The significance of each βj in the FS model was
evaluated using the Wald test using the the Eq. [44].

W =

(
βj

S.E(βj)

)2

, (4)

where S.E(βj) stands for the estimated coefficient’s standard
error. The alternative to the null hypothesis H0 alternative H1.

H0 : βj = 0 H1 : βj ̸= 0︸ ︷︷ ︸
j=0,1,....K

(5)

After that, in order to identify the significant predictors of
defective software modules, each Wald statistic is contrasted
with a chi-square distribution with one degree of freedom. A
large value of chi-squared (with a p value < 0.05) denotes a
weak fit, whereas a small chi-squared (with a p-value near to
1) denotes a good fit.

2) Correlation Feature Selection (CFS): Based on the
heuristic evaluation function [45], CFS might be used to
rank features in accordance with a correlation. The evaluation
function favors subsets with features that are uncorrelated with
one another and strongly correlated with the class. FFeatures
are ignored if they are thought to have little relevance to
the class. Features that have a strong correlation with one or
more of the remaining features are filtered out as they are
unnecessary. Therefore, the choice of features is solely based
on how well they forecast classes in regions of the instance
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Fig. 1. The proposed scheme of enhanced feature selection method

space where no other features have done so. The evaluation
function is depicted by the following;

MS =
krcf√

k + k(k − 1)rff
. (6)

Here, rcf is the sum of all feature-class correlations and rff
is the average correlation coefficient between features. The
following is a definition of the CFS criterion:

CFS = max
Sk

[
rcf1 + rcf2 + · · ·+ rcfk√

k + 2(rf1f2 + · · ·+ rfifj + · · ·+ rfkf1)

]
(7)

Therfifj and rcfi Correlations are used to describe variables.
In this study, CFS is combined with the GreedyStepwise search
technique

3) Chi-Square (CS): A nonparametric statistical measure
called Chi-Square examines the relationship amongbetween
the distribution of a feature f and the distribution of the class
cited given that feature [46]. Using the following formula, you
can calculate it

CS =

r∑
i=1

nc∑
j=1

(Oi,j − Ei,j)
2

Ei,j
(8)

Wher er is the number of discrete feature values, nc indicates
the number of classes, Oi,j is the observed number of instances
with the feature value i in the class j, and Ei,j is the predicted
number of examples with any value of i in the class j.

A. Principal Components Analysis (PCA)

The dimensionality of the input features can be de-
creased using the PCA method described in [47] PCA
is a technique that generally transforms. n vectors
(x1, x2, . . . xi, . . . , xn) from a d-dimensional space to n vec-
tors (x′

1, x
′
2, . . . x

′
i, . . . , x

′
n) in a new, d′-dimensional space.

x′
i =

d′∑
k=1

ak,iek, d
′ ≤ d, (9)

where ek is the eigenvector S denotes to the greatest eigen-
value of the scattering matrix d′ and ak,i is the projection of
the original vector xi in the object vector ek. These predictions
are named principal components of the original data set. d and
d′ are positive integers, and the dimension of d′ cannot exceed
d. We use PCA in conjunction with a ranker search method
in this work.

1) ReliefF (RF): RF is a case-based feature ranking tech-
nique. Its advantages are that it does not rely on heuristic
algorithms, runs in time with low-order polynomials, is robust
to noise and interactions, and is suitable for a binary system. or
continuous data [48]. RF can be calculated using the following
equation.

RF (X) =
1

m

m∑
i=1

[diff(xi, xM )− diff(xi, xH)], (10)

Where X is a random variable that denotes an object, m is
the number of samples in total, and xi is the object value of
the th example. This formula defines the diff() function;

diff(X1, X2) =
|x1 − x2|

xmax − xmin
(11)

where xmin and xmax stand for the minimum and maxi-
mum values of X , respectively. in this study, if we set the
WeightByDistance parameter to the default value (false), it call
RF algorithm or, if set to True, it refers to Relieff-w (RFW)
algorithm.

B. Iterative Noise Filtering based on the Fusion of Classifiers
(INFFC)

INFFC was created in a study by Saez et al. [49], consider-
ing filtering methods using several classifiers. Every iteration
involves three steps. Firstly, Initial filtration is carried out using
an FC-based filter that reflects on the three learners (3-NN,
C4.5, and LR)). To have less of an impact on subsequent steps,
this initial step reduces some of the noise already present in
the current iteration. More specifically, it is anticipated that in
this step, noise instances that have a high degree of confidence
in their identification will be removed.

C. Synthetic malignant Oversampling Based Data Sampling

This work used the SMOTE, which creates new synthetic
instances in minority classes. Instead of using data space,
artificial instances are created in the feature space. The
SMOTE instances are defined as S = S + u × (X ′ − X)
with 0 ≤ u ≤ 1. X ′. They are linear aggregates of two
comparable instances from the minority class X and X ′).
Among the K minority class members closest to X , X ′ is
randomly selected. The newly constructed examples increase
the fullness and generality of the minority while reducing its
rarity [50].
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D. Learners

In this study, we use the five most popular supervised learn-
ing techniques. NB, MLP, KNN, AdaBoostM1, and Bagging
are a few of these. The different classifiers are launched using
the WEKA tool. Different learning algorithms have parameter
settings that guarantee the best performance. Accordingly,
The following configurations are used in this paper with the
classifier according to its many research. we use a kernel
estimator for the NB learner , we set the useKernelEstimator
parameter to true. the kNN parameter is set to 5, and the
crossValidate parameter is set to true. The distanceWeighting
parameter for KNN is set to Weight by 1/distance. Also
modified to 10 is the validationSetSize parameter. In this way,
the MLP sets aside 10% of the training data to be used as
a validation set to decide the right time to end an iterative
training process.

E. Performance Evaluation

Receiver Operating Characteristic (ROC) curve. The curve
shows the trade-off between the false alarm rate and the
detection rate. As a result, this curve displays a classifier’s
performance across the full spectrum of potential decision
thresholds without making any assumptions about specific
misclassification expenses or class previous possibilities. The
AUC offers a single numerical metric for assessing model
performances and is calibrated over the range of 0 to 1.
Indicators with higher values indicate better model perfor-
mance and vice versa. In this study, we used the Wisconsin
Breast Cancer Dataset Prognostic (WPBC) [51], which is
mined from the UCI machine learning repository. (151 benign
tumors and 47 malignant tumors) The WPBC contains 198
records. It contains 35 variables—35 predictor variables, 34
result variables, and one result variable that indicates whether
the tumor is benign or malignant. The range of the predictive
attributes is M and B. The most normal state is represented
by the B, while the M represents the abnormal.

IV. RESULT AND DISCUSSION

In this research, ten-fold cross-validation was conducted,
involving the random division of each training dataset into
approximately equal subsets (known as folds). Nine out of
the ten folds were utilized for training the models, while the
remaining fold was reserved for testing. This process was
repeated iteratively, ensuring that each fold was eventually
used for both training and testing. Weka 3.8, KEEL, MAT-
LAB R2016a, and R statistical software were used to create
and analyze the empirical results. To comprehensively assess
and compare the performance of MLLR with other feature
selection (FS) techniques in various scenarios, three cases were
examined. These cases, namely Case A, Case B, and Case C,
involved the combined utilization of FS, noise filtering, and
data balancing techniques. In Case A, FS was performed on
the original data, while in Case B, FS was conducted on noise-
filtered data. Finally, in Case C, FS was implemented on data
that underwent both noise filtering and data balancing. The
thorough literature review indicates that Case A applies to
most of the current FS methodologies. Five classifiers were

Fig. 2. Classification result for Case A using AUC

selected to assess the suggested scheme’s effectiveness, where
FS was carried out after noise filtering and data balance,
including NB, MLP, KNN, AdaBoostM1, and Bagging. The
fact that these classifiers are frequently employed in BCP
studies led to their selection. AUC records the developed
models classification performance to conduct a comparative
analysis. However, the following sub-sections are the findings
of this study.

A. Classification Performance of Case A

FS is carried out with the original, unfiltered datasets in this
case. The pertinent features are then used to independently de-
velop the models of BCP’s NB, MLP, KNN, AdaBoostM1, and
Bagging classification. Table II and Fig. 2 show the model’s
performance using the AUC metric. The MLLR records the

NB MLP KNN AdaBoostM1 Bagging
Normal 0.659 0.661 0.624 0.706 0.778
CFS 0.692 0.663 0.552 0.713 0.747
CS 0.696 0.701 0.643 0.714 0.739
PCA 0.582 0.595 0.656 0.542 0.577
RF 0.742 0.701 0.649 0.689 0.697
RFW 0.697 0.696 0.629 0.721 0.752
MLLR 0.734 0.707 0.806 0.746 0.797

TABLE II: Classification performance of Case A using AUC

second AUC with RF having a slight difference, followed
by RFW, CS, and CFS, according to NB classification. The
PCA is the least efficient FS technique. In the case of MLP,
MLLR performs best among the FS methods, while RF and CS
come in second, followed by RFW and CFS. PCA remains the
least efficient FS method. PCA, RF, and CS follow MLLR in
terms of AUC measurement, according to the KNN’s findings.
AdaBoostM1’s reported performance is comparable to MLP
and KNN classification, where MLLR records the highest
AUC values. The least effective FS method is PCA, while
RFW and CS outperform the others. The bagging classifier
follows the same pattern, where MLLR performs better than
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Fig. 3. Classification result for Case B using AUC

the other FS methods, then RFW, CFS, and CS. PCA remains
the least effective FS method. Notably, classifiers built on
the MLLR consistently outperform those built based on the
original data. We also note that the feature subsets produced
by the RF technique produce the best AUC results. Another
thing to note is that the MLLR with KNN classifiers performs
best in Case A.

B. Classification Performance of Case B

Following the noise filtering process, the FS outcomes were
obtained. The classification performance of the NB, MLP,
KNN, AdaBoostM1, and Bagging classifiers, developed based
on the selected feature subsets, is summarized in Table III 2
and Fig. 3, the classification performance of the NB, MLP,
KNN, AdaBoostM1, and Bagging classifiers developed on the
chosen feature subsets is summarized (in terms of AUC)The
evaluation metric used for summarizing the performance is
the area under the curve (AUC). RFW, RF, CS, and CFS
are the following best FS methods concerning NB, while
MLLR consistently outperforms the other FS methods. The

NB MLP KNN AdaBoostM1 Bagging
Normal 0.849 0.893 0.763 0.910 0.890
CFS 0.862 0.853 0.782 0.871 0.850
CS 0.863 0.873 0.789 0.876 0.863
PCA 0.783 0.798 0.773 0.801 0.785
RF 0.865 0.873 0.829 0.869 0.843
RFW 0.882 0.885 0.801 0.875 0.877
MLLR 0.904 0.910 0.853 0.915 0.902

TABLE III: Classification performance of Case B using AUC

MLP classification results demonstrate MLLR’s superior per-
formance because it consistently outperforms the other FS
methods. Compared to the other FS methods, RFW outper-
forms the competition, while PCA shows the worst results.
KNN states that the MLLR approach’s selection subset reports
the highest AUC value, followed by RF, RFW, and CS. PCA is
the FS technique that performs the worst. The MLLR performs

Fig. 4. Classification result for Case C using AUC

the best, followed by RF, RFW, and CS, according to the
results of the AdaBoostM1 classifier, which are identical to
those of KNN. PCA is another FS method that performs
poorly. The best AUC was obtained using the MLLR with
the Bagging classifier, followed by RFW, CS, and CFS. The
MLLR technique, when compared to all other FS methods,
records the best AUC measurements, which is noteworthy to
note. Additionally, all MLLR selection subset-based classifiers
outperform those developed using the entire feature set.

C. Classification Performance of Case C

After applying noise filtering and data balancing techniques,
the six FS methods, including MLLR, were implemented.
Table IV and Fig. 4 provide a comparative analysis of the
classification performances (measured in terms of AUC) of the
NB, MLP, KNN, AdaBoostM1, and Bagging classifiers. The
AUC measure appears to perform best in MLLR, followed by
RF, RFW, and CS, according to NB. PCA is the FS technique
that performs the worst. The MLP results also demonstrate the
best MLLR performance (RFW, CS, RF, CFS, and PCA) are
the other FS in the following order.

NB MLP KNN AdaBoostM1 Bagging
Normal 0.817 0.850 0.719 0.888 0.881
CFS 0.817 0.858 0.760 0.856 0.852
CS 0.837 0.867 0.792 0.890 0.800
PCA 0.775 0.813 0.777 0.812 0.763
RF 0.846 0.863 0.790 0.881 0.796
RFW 0.846 0.867 0.790 0.881 0.800
MLLR 0.940 0.949 0.860 0.922 0.909

TABLE IV: Classification performance of Case C using AUC

Similar trends are observed in the KNN classifier, where
MLLR exhibits the highest performance, followed by Chi-
Square (CS), ReliefF (RF), and ReliefF with Weighting
(RFW). Principal Components Analysis (PCA) performs the
worst among all feature selection (FS) methods. CS, RF, and
RFW show relatively better performance compared to other

7



Journal of Karary University for Engineering and Science (JKUES)

Author/yea FS method/reference Classifier
Existing
method

Proposed
method

Chunekar and Ambulgekar 2009 Jordan Elman neural network [52] SVM 70.725 99
Zhang et al. 2009 Rough set-based multiple Criteria [53] MLP 65 98.1
Lavanya and Rani 2011 CART with feature selection (Chi-square) [54] SVM 73.3 99
Stoean 2014 Support vector machine and evolutionary algorithm [55] SVM 79 98.1
Sridevi and Murugan 2014 Modified Correlation Rough Set Feature Selection (MCRSFS) [56] SVM 85 99
Aalaei et al. 2016 GA-based on feature selection and PS-classifier [57] MLP 78.1 98.1
Lee et al 2017 Univariate Selection [34] SVM 93 99
Naik and reddy 2018 Wrapper (Random Forest) [58] RaF 96 97
Dua et al. 2019 Lasso Regression [59] SVM 94 99
Sharma et al. 2020 Hybrid (Information Gain + Genetic Algorithm) [60] SVM 97 99
Zhang et al. 2021 Improved Genetic Algorithm [61] SVM 98 99
Abbas et al. 2018 Chi-Square [62] SVM 92 99
Smith et al. 2020 Ridge Regression [63] NB 95 97.3
Ji et al. 2020 IBPSO with k-NN [64] SVM 96.14 99
Salima et al. 2020 ECSA with k-NN [65] SVM 95.76 99

Patel and mehta 2021 Wrapper (Bagging, Boosting) [66]
Bagging,
Boosting 96,97

97.5,
97.6

Sahu et al. 2022 L1 regularization with SVM [67] SVM 97 99
Johnson and kim 2022 Hybrid (CFS + Genetic Algorithm) [68] SVM 97 99
Christo et al. 2022 Cooperative coevolution and RF [69] SVM 97.1 99

TABLE V: Accuracy performance comparison of our method with other approaches from existing research on WPBC dataset

Fig. 5. Classification result for MLLR over all Cases

FS methods, but MLLR still outperforms them all, accord-
ing to the AdaBoostM1 classifier. PCA continues to exhibit
the lowest performance. Similarly, when using the Bagging
classifier, MLLR outperforms Correlation Feature Selection
(CFS), CS, and RFW. It is worth mentioning that the feature
subset selected by MLLR demonstrates superior performance
compared to the original dataset where the full feature set was
utilized. Among all the FS techniques, MLLR consistently
attains the highest AUC scores. More importantly, We can
notice that the AUCs achieved by FS with balanced data by
SMOTE are greater than the values accomplished when the
data is imSignificantly, it is observed that the AUCs achieved
through FS with balanced data using SMOTE surpass the val-
ues obtained when the data is imbalanced and even outperform
the AUC obtained from the original data, as illustrated in Fig.

5. Multiple studies, such as [50], [19], [24], have reported
on the effectiveness of SMOTE in achieving data balance.
The performance of MLLR further strengthens its applicability
for oversampling and FS in the BCP domain, as evident
from our findings. Based on the aforementioned results, the
treatment of data imbalance directly affects FS performance.
The utilization of the MLLR FS method ensures improved
classification performance for the BCP model. Notably, among
the observed classification models, MLP demonstrates superior
performance compared to the others.

D. Comparison of the proposed method with existing methods

To compare our method with existing methods that used
the Breast Cancer Wisconsin Prognostic dataset. We used the
Accuracy performance metrics and perform another to the
classification method, namely Support Vector Machine (SVM)
and Random Forest (RaF) in order to consistent with their
works. Each study chose a classification method that best
complemented their feature selection technique. As presented
in Table V, our proposed method outperforms all the existing
methods compared in this study.

V. CONCLUSION AND FUTURE WORKS

FS is critical for developing accurate and efficient models
for BCP. FS helps to reduce model complexity, minimize over-
fitting, and enhance the ability of models to detect cancerous
modules in out-of-sample data. However, most existing FS
methods struggle to identify relevant features for BCP due to
noisy samples and unbalanced training data present in breast
cancer datasets. To address this challenge, this study proposed
a method that performs FS using original data, followed by
noise filtering and data balancing to construct a BCP model
with the most pertinent features. The study examined three
distinct cases involving various FS methods based on original,
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filtered, and filtered and balanced data. The NB, MLP, KNN,
AdaBoostM1, and Bagging classifiers were trained on the
selected feature subsets, and their performance was evaluated
using the AUC metric through 10-fold cross-validation. The
empirical findings indicated that FS plays a crucial role
in identifying valuable features to enhance the performance
validation of BCP models after removing noise and balanc-
ing the data. Comparatively, the filtered and sampled data
demonstrated significantly improved performance compared
to FS based on original and noise-filtered data. Moreover,
MLLR was identified as the most effective method for BCP,
suggesting its potential for enhancing cancer detection and
prediction. This study underscores the importance of data
quality in selecting appropriate feature selection techniques.
Furthermore, our proposed method could apply in the BDP
problem domains and any another real-world applications.

In future research, there will be an exploration of additional
feature selection (FS) techniques and data sampling methods
to further enhance the performance of BCP models within
the scope of this study. Furthermore, the combination of
deep learning algorithms and optimization techniques has the
potential to significantly improve the accuracy of breast cancer
diagnosis. By integrating these computational approaches, it
becomes possible to capture more intricate relationships within
BCP datasets and uncover hidden patterns that may remain
undetected by conventional statistical methods. This method
could also enable the development of personalized treatment
recommendations for patients based on their characteristics
and disease profiles. Therefore, future studies should investi-
gate the potential of deep learning and optimization methods
for improving the accuracy and efficiency of breast cancer
diagnosis and management.
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