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Abstract—Breast cancer is one of the deadliest disease
caused to the women in this world. Women are the ones who
are more likely to be diagnosed with it. A major cause of
increased mortality in women. A breast cancer diagnosis takes
time, and because systems are limited, it is vital to design a
system that can automatically diagnose breast cancer in its
early stages. According to the statistics, 7 billion people and out
of which 3.4 billion are women and that 1 out of every 22
women is diagnosed with breast cancer. Though this method
cannot definitively detect cancer, it can assist clinicians in
determining whether a biopsy is necessary by giving
information on whether the patient has breast cancer.
Confusion matrix and ROC analyses were used to evaluate the
definite diagnosis for each patient. The dataset has been taken
from the alcrase dataset, which contains approx 16000 datasets
and 30 features that would be used in detecting the results from
the algorithm applied. The main idea for the paper is to do a
comparative research of the machine learning and deep
learning methods and to show which is the best performing
algorithm amongst all of them.
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I. INTRODUCTION
Breast cancer is one of the worst cancers that arises in the
breast cells and is a very common disease. Breast cancer,
like lung cancer, is a life-threatening disease for women.
Breast cancer is divided into different types depending on
the appearance of the cells under a microscope. Invasive
ductal carcinoma (IDC) and ductal carcinoma in situ
(DCIS), the latter of which advances slowly and has minimal
influence on patients' daily life, are the two most frequent
types of breast cancer. The DCIS type accounts for a modest
percentage of all cases (between 20% and 53%); the IDC
type is more dangerous, enclosing the whole breast
tissue.For the vast majority of breast cancer patients, this is
the case (about 80 percent ). The most lethal cancer is lung
cancer, which is followed by breast cancer. Breast cancer
accounts for around 11% of all new cancer cases, with
women accounting for almost 24%. People seek the opinion
of an oncologist if they see any cancer signs or symptoms.
The methods used in the the papers are support vector
machine , logistic regression , random forest classifier ,
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artificial neural networks, decision tree classifier and the
ensmeble method XGBoost.

Il. LITERATURE OVERVIEW

Breast cancer is classified using immunohistochemistry
(IHC),  histopathologic ~ features, and  molecular
characterization. The two most prevalent histologic subtypes
of invasive breast cancer are invasive ductal carcinoma and
invasive lobular carcinoma (80 percent to 85 percent and 10
percent to 15 percent of all cases, respectively). Several
histologic cancer subtypes occur in the remaining 1% of
invasive breast tumours. Breast cancer HC characterization
is crucial for assessing treatment options and predicting
prognosis. Biomarkers such as the oestrogen receptor (ER),
the progesterone receptor (PR), and the human epidermal
growth factor receptor (HEGFR) must be expressed. ER and
PR expression is less than 1% in roughly 75% of persons
with hormone receptor (HR)-positive breast cancer. 12
Furthermore, according to IHC, 15 to 30 percent of breast
cancer patients have HER2 that has been amplified or
overexpressed. 13 Breast cancer that is triple-negative lacks
ER and PR expression as well as HER2 overexpression
(TNBC). The TNM model has traditionally been used to
classify breast cancer into stages 0, 1, 2, and 3. Prognostic
indicators (such as histologic tumour grade, ER, PR, HER2,
and multigene test-b) were included to breast cancer staging
in the 8th edition of the American Joint Committee on
Cancer's Cancer Staging Manual in 2017.

1l. METHODOLOGY

A. DATA PREPARATION

Data was acquired from Wisconsin breast cancer diagnostic
data, which has been used in a number of studies. Because
the data is difficult to come by, the only way to run the model
and make a forecast was to use data from a reliable source..
To compute features, a digitized image of a fine needle
aspirate (FNA) of a breast mass is employed. The attributes
of the image's cell nuclei are defined by them. Two attributes
are the 1D number and the diagnosis (M = malignant, B =
benign). Smoothness, compactness, concavity, radius,
texture, perimeter, area, radius, texture, perimeter, area and
radius. The below figure shows the two types of tumors that
occur from the dataset.
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Figure 1: Samples of Benign and Malign Tumor

B. DATA PREPROCESSING

Data preparation is critical to the algorithm's or model's
performance. The speed of the method is determined on
whether or not the data has been preprocessed. If done
correctly, it can speed up the method and make it perform
well when applied to a huge dataset. As a result,
preprocessing is needed to finish the algorithm or model,
which will serve as the foundation for the next step.

d diagnosis  radius_mean texturemean perimeter_mean area_mean  smoothness_mean  compactness_mean
0 842302 M 1799 10.38 12280 10010 011840 0.27760
T 8417 M 2057 17.77 13290 13260 008474 0.07864
2 84300903 M 19.69 028 130.00 12030 010960 0.15990
3 84348301 M 142 2038 7158 386.1 0.14250 0.28390
4 84358402 M 2029 1434 13510 12070 010030 0.13280

Figure 2: Dataset after the preprocessing is performed

C. FEATURE SELECTION

In the real world, all the variables in a dataset are unlikely to
be significant for building a machine learning model.
Duplicate variables limit the model's generalization capacity
and may lower the overall accuracy of a classifier. Adding
extra variables to a model also increases the model's overall
complexity. As a result, feature selection is becoming
increasingly important in the development of machine
learning models. So the samples are classified as malignant
or benign based on two primary characteristics. We'd also
want to show off some additional features.

073
0.42

074 0.33

0.71 0.32

0.60 0.51 0.24 0.56 0.50 0.66
0.70 0.68 0.30 0.72 069 0.52

symmetry_mean 0.33 0.15 0.18 0.15 0.56 0.60

ctal_dimension_mean -0.31 -0.08 -0.26 -0.28 0.58 0.57

0.57 0.88 0.28 0.68 0.73 0.30 0.50
P se 0.56 0.67 0.28 o0.69 0.73 0.30 0.55
are: 0.55 0.74 0.26 0.74 [oBa ] o2s 0.45
co e 0.29 0.21 0.19 0.25 0.21 032 0.74
0.25 019 foaa ] o2 0.21 0.25 0.57

0.41 0.38 0.1 0.41 0.37 0.38 0.64

6

0.78 0.97 0.36 0.97 0.96 0.24 0.59
073 0.94 0.34 0.94 0.96 0.21 0.51

0.42 0.12 [EEE o5 0.12 fos Y os7
059 0.41 0.28 0.48 0.39 0.47 X T
0.66 053 0.30 0.56 0.51 0.43 o8z
0.42 0.16 B o-1s 0.14 0.38 0.51

worst | 0.32 0.01 o1z oos 0.00 0.50 0.8

Figure 3: Correlation map between the features

D. MODEL ARCHITECTURE
1) RANDOM FOREST

It’s a technique which belongs on the ensemble model
category. It may be used to develop a good prediction model
by combining classification and regression techniques. In
this work, decision trees are used as the foundation
estimators. On their own, decision trees are a poor predictor,
but when combined with other decision trees, they improve.
Decision trees vote on how to categorize a specific instance
of input data in classification tasks, and they output the class
that is the mode of the classes or the mean of predictions in
regression tasks. In this manner, we may prevent parameter
tinkering and reduce overfitting.

2) SUPPORT VECTOR MACHINE

To implement nonlinear class borders, Support Vector
Machines use a linear model. To separate the target classes,
support vectors (lines or hyperplanes) are created. To handle
a nonlinear problem, the model uses a mapping function to
apply numerous transformations to the data and then trains a
linear SVM model to classify the data in a higher-
dimensional feature space.

3) LOGISTIC REGRESSION

The method of modelling the probability of a discrete result
given an input variable is known as logistic regression. The
most frequent logistic regression models have a binary
outcome, which might be true or false, yes or no, and so
forth. Multinomial logistic regression can be used to m

4) XGBOOST

XGBoost mainly known as the decision tree ensemble
machine learning algorithm especially designed for speed
and performance. It uses the gradient boosting framework,
when it comes to prediction of problems involving
unstructured data the artificial neural networks tend to
outperform all the other designed algorithms and
frameworks. But, when it comes to small and medium
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structured data, the tree based algorithms are considered learning and is the highest amongst the entire selected

best. models. The accuracy would be used by the other
5) ARTIFICIAL NEURAL NETWORK researchers too while choosing the best model out amongst

ANN stands for Artificial Neural Network which is the other models and would definitely help in treating the

composed of the structure and role of the biological neural breast cancer most of the times.

network which is mainly the reason for the designing of the
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V. CONCLUSION
Finally after performing all the models described starting
from support vector machine , knn, logistic regression,
random forest, ANN, decision tree and XGBoost the author
observes that the accuracy received by the Logistic
Regression which is a regression method used in machine

Classifier Models
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