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ABSTRACT

One of the deadliest diseases, cancer is believed to be the
second biggest cause of death for women internationally. The
patient's life may be saved by early cancer identification.
Breast tissues give rise to cancerous tumors that spread to
other regions of the body and ultimately cause death. Cancer
in women cases are anticipated to rise to a total of 2.3 million
or higher in 2023, according the World Health Organization.
Cancer may impact both males and females. A prompt and
accurate diagnosis contributes to a higher patient survival
rate. It is challenging to support medical professionals in
developing a regimen that might prolong the life of
valetudinarians because of the need for precise prophecy to
identify symptoms. Rapid detection must be combined with
effective cancer therapy, which frequently calls for the
highest level of specialized cancer care. Methods based on
machine learning can be applied to increase the diagnosis'
speed and accuracy. If the precision is flawless, the model
will function with greater efficiency and increase breast
cancer diagnosis. Two independent machine learning
algorithms were employed to perform outlier analysis on the
Wisconsin Diagnostic Breast Cancer Dataset in order to

increase the accuracy of breast cancer detection.
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I. INTRODUCTION
When a cell grows improperly, cancer enters the human
body and can permeate or spread throughout the body [1].
Breast cancer is thought to be the second-leading cause of

death for women and has a high mortality rate [2]. According
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to a five-year study, breast cancer is the most common type of
cancer and is becoming more common in emerging countries
[3]. With almost 2.3 million cases reported annually, breast
cancer affects more people than any other type of cancer,
according to the WHO. Breast cancer is the primary or
secondary cause of cancer-related deaths among women in
95% of the world's countries. As per estimates, twenty
million additional cases of cancer were reported around the
world, and ten million deaths due to cancer occurred. In
accordance with estimates, there will be 297,790 additional
cases of breast cancer that are invasive in women and 2,800
new cases in males in 2023[4]. Fast cancer diagnosis is
essential in order to combine effective cancer treatment,
which typically needs some degree of professional cancer
care. Breast cancer can be categorized into two types:
aggressive and harmless. The disease is characterized by
abnormal cell replication in the breast [5]. This classification
can be used to describe any aberrant growth of tissues,
tumors, or additional developments. Although non-
cancerous cells in benign conditions are typically harmless,
malignant breast cancer provides a major threat to a patient's
survival. and are more probable to survive [6]. if a tumor that
is malignant grows and invades adjacent breast tissue, it can
propagate to nearby lymph nodes or other parts of the body.
Cancer can be treated and even cured if the cancer is

malignant and discovered early on[7].

Age, obesity, drinking alcohol, and smoking constitute a
few of the biological risk factors for breast cancer. The
identification of breast cancer is a challenging task. Early
diagnosis can be achieved through a wide range of methods
such as ultrasound, true cut biopsy, fine needle aspirin
examination, mammograms, and so on [8,9]. Many times,
professionals are unable to correctly diagnose the illness and

this test might not provide an appropriate diagnosis. To
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ascertain which factor has the biggest influence, medical
professionals are still performing this type of diagnostic.
However, algorithms based on Machine learning [10], the
use of deep learning [11], [12], or bioinspired computation
[13] techniques have been used in a number of medical
diagnoses in recent years. For the purpose of identifying
breast cancer, the use of machine learning has become the
subject of multiple studies [14]. The study has continuously
concentrated on increasing prediction accuracy to allow
precise diagnosis regardless of the features of the dataset.
However, machine learning (ML) modalities that have been
shown on multiple breast cancer dataset still aren't able to
provide reliable and consistent diagnosis results unless they

are improved using particular data mining techniques [15].

II. REVIEW OF LITERATURE

The evaluation and evaluation of algorithms that use
machine learning as well as the techniques used to improve
their performance were detailed in the most recent study
using the WDBC dataset [16]. [17] described an approach
using grouped data and noise removal of the WDBC dataset
before subjecting it to any ML algorithms. The WDBC
dataset [18] underwent preprocessing to improve the
precision of the classification of breast cancer as an illness.
Gain ratio was used to identify the features, and six
techniques were combined with the 10-fold cross-validation
approach to model the features. In a similar vein, [19]
focused on integrating an algorithm for machine learning
with a number of approaches for selecting attributes; the
outcomes determined which approach was more successful.
The features that were selected were PCA, recursive features
removal, linear discriminant analysis, and correlation-based
feature selection. In order to improve the method for
classification on the WDBC dataset, alternative cross-
validation level and divide training dataset percentages were
investigated in the comparison study carried out by [20].
When the learning batch was 85.5%, which resulted in 99%
accuracy, improvement was shown. It is reasonable to argue
that this improvement resulted from overfitting of the

training set. Similar work was conducted by [21] using the

WBDC, WDBC datasets, and that study proposed a fuzzy
technique for improving ML. The Light gradient-boost
Approach, AdaBoost , and Extreme gradients boost feature
selection strategies were all examined using the Naive Bayes
algorithm[22].  [23] evaluated the feature selection
techniques of recursive feature elimination, univariate
selection, and correlation-based feature selection once more.
The Random Forest was used to these feature selection
strategies, and the results were evaluated using the WDBC
dataset. As far we are aware, no study has been done to assess
the existence of outlier on the Wdbc data set, hence the
problem of multi-linearity across the Wdbc dataset still
exists, corresponding to an examination of the scientific

literature for the cutting-edge approaches used.

I11. PROPOSED METHOD

An outlier is a statistic or observation that deviates from a
distribution's regular pattern. A tiny percentage of
information that is noticeably unusual or outside of the
general trend is known as outliers. The resulting skewness
affects the distribution's parameters such as mean and
standard deviation. As shown in Figure 1, this analysis
reveals the existence of misfits in the dataset. As a result,
outliers were found and eliminated from the pertinent

attributes.
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Figure 1: point plots the existence of outliers
3.1 Hybrid Approach to Outlier Selection
The HOBSM (Hybrid Outlier Behavior Selection
Method) method was used to scale the features in order to

remove outliers from the WDBC dataset. When features
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include marginal outliers, the robust scaling in this method

comes very handy. The equations can be expressed as

Xinew = (Xi-Xmedian)/IQR ........(1)

Where IQR means Inter Quartile Range. The non-
outlier data was sent to the isolation forest after analysis, and
the average absolute variance was calculated. Pearson's
Correlation was used to reduce the dimension. Consider an

attribute set F1 and a dataset D1.

where F1={x1,x2,x3. ..xn}............ )

Using a filter technique, the most predictive
characteristics were identified. This page figures out and
shows how each attribute's correlation with the others.
According to this relationship standards, which is set at 0.5
features in the used for training dataset with a correlation
coefficient of less than or equal to 0.5 are disregarded.
Conversely, other characteristics with a higher threshold are
selected. The analysis that follows figure 2 was constructed
using seven features that showed a strong correlation with

the projected attribute diagnosis.
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Figure 2: Highly Correlated Features
The data are split to avoid overfitting the model.
Reduced dimension is transfer information into a space with
fewer dimensions by eliminating unnecessary variance,
which identifies the subspace in which the facts are located

[24]. Some instances of dimensional reduction techniques

are feature extracting and feature selection [25]. The process
of extracting features from a dataset and removing
redundant, superfluous, or less significant dimensions'
information is known as feature extraction. Using feature
selection, as much redundant and superfluous data as is
practically possible can be identified and eliminated while
still creating strong learning models. Consequently, feature
selection lowers processing and computational expenses
while simultaneously enhancing the model built using the

selected data [26], [27].

The selection of features method has been used with
healthcare data in several previous researches. [28]. The
efficiency of such systems typically did not meet forecasts,
even though certain earlier works dealing about the dataset
utilized for this investigation are pertinent. The primary
reason why certain systems perform poorly is because they
are unable to identify the most important and closely related
attributes. The dataset used for this investigation consisted of
80% training data and 20% test data. Two classifiers—SVM

and Random Forest where chosen.

IV. CLASSIFIERS AT WORK

4.1 SVM Algorithm

The processes in the SVM classification approach are as
follows: projecting the data given as input points into an N-
dimensional vector space; choosing the right hyper-plane to
maximize the variance between the two classes [29]. The
selection of parameters such as the kernel itself C, and
gamma has a major impact on the SVM's performance. A
low-dimensional space is converted onto a multiple one that

facilitates categorization via a function known as a kernel.

The nonlinearity is controlled by the kernel. The kernel's

coefficients were changed for this experiment [30].

4.2 Random Forest
A Random Forest is a collection of different randomly
functioning decision trees that operate independently of one

another. The data is bootstrapped to create the trees. When a
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random forest model is used to categories an input vector, the
class with the highest number of scores generates the model's
forecast.[31] A random forest is a single tree that transmits a
single score based on the total amount of supplied prediction
values. [32]. A binary tree is repeatedly divided into similar
nodes to create Random Forest. Through inheritance, the

parent node affects the similarity of the child node [33].

V. EVALUATING PERFORMANCE
The 2 by 2 confusion matrix has been used to evaluate the
metrics efficiency and prediction model accuracy, as shown
in Table 1. The percentage or opportunity of all correctly

predicted events is represented by accuracy. [34].

Table 1: Measure of performance

Classification
Algorithms Performance Measures IF HOBSM
Accuracy 0.96 0.96
Recall 096 0.97
Precision 0.96 0.97
SVM F1 measure 0.96 0.97
Accuracy 0.97 0.976
Recall 0.97 0.976
Precision 0.97 0.976
Random Forest F1 measure 0.97 0.976

VI. RESULT, ANALYSIS, AND CONCLUSION

Different machine learning techniques were used to test
the proposed methods. To assess each method and offer a
performance statistic, a 2 x 2 confusion matrix was created.
The suggested models were evaluated using "accuracy" as

the performance metric.
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Figure 3: Performance evaluation of Isolation Forest
and HOBSM method

Out of two classifier SVM, Random Forest. Random

Forest has similar accuracy 97.6%.

VII. CONCLUSION

Research largely focuses on improving machine learning
models to increase the accuracy of forecasting the future
outcome of cancer of the breast disease. The results show that
using different methods of classification in conjunction with
HOBSM techniques for outlier detection may provide
beneficial instruments for inference in this situation. To
forecast on additional variables, classification systems need

to perform better on different feature selection approaches.
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