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Abstract

Breast cancer, abbreviated as BC, is one of the most prominent cancers among females
globally, consisting of the major percentage of the new cancerous cases and the disease-
related fatalities in the world among the gender. This makes the disease a major health-
related issue in the current world. Disease’s early diagnosis highly upgrades the prognosis
and result in a high survival rate among women. This is mainly due to the fact that the early
diagnosis may promote timely clinical treatment. Additionally, the correct classification of
benign (not risky) tumors saves the patients from going to unnecessary treatments. The
unique advantages of Machine Learning (ML) to detect complex relations and critical
features have a major advantage over any other traditional method for correct classification
of the disease tumor. Research shows that an expert physician can diagnose a case of breast
cancer with an accuracy of 79 percent while the accuracy of 91% or above is achieved by
using machine learning algorithms. In the conducted project, we have performed various
operations (data pre-processing and feature selection) on the raw data collected from the
UCI repository to get meaningful data from the raw data. We then trained various Machine
Learning models on the meaningful data to achieve great accuracy in the classification of the
breast tumor as dangerous or not. The study’s main aim was to find an algorithm that has a
good cross-validation score along with a high cross-validation score. K-fold cross-validation
was used for testing the trained model. This ensured that the model was neither highly biased
neither had a high variance. Application programming interface (API) support for the model
using Flask is also provided for cross-language usage of the trained model.
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INTRODUCTION

Breast Cancer as abbreviated usually as BC is a
type of common cancer that is the largest cause of
cancer-related deaths among women throughout
the world. The research shows that the early
detection of the disease in its early stages can
improve the path of treatment taken and the rate of
survival significantly. The disease is mainly
classified into two major types, namely malignant
and benign. The first type means the disease is
risky and may cause severe health-related risks,
including the spreading of the tumor to the
surrounding tissues. The second type is a type
where the tumor does not spread to the various
tissues and does not require specific cancer
medication, but its treatment is also necessary.

The treatment plan can be accurately decided
based on the type of tumor.

The major aim of the research work was to use
machine learning on the Wisconsin breast cancer
dataset for the prediction of the tumor as benign or
malignant. The main focus is to do the study using
various machine learning models with a major
focus on cross-validation score and accuracy.

A. Types of Breast Tumor

As the name of the disease suggests, this disease
mainly relates to cancers or malignant tumors
appearing in the inner lining of the milk ducts
present in the breast tissues. [1] Tumors present
within the breast tissue can be cancerous or non-
cancerous and hence are divided into the
subsequent two types. [2]
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Benign Tumors - The tumors which are non-
malignant/non-cancerous are referred to as benign
tumors. This type of tumor is localised, and it does
not spread to the further parts of the body.

These also require treatment as they might grow
big in size and hence cause various other issues.
Benign tumors can even turn to malignant tumors,
which is why their treatment is necessary.

Malignant Tumors - Those tumors which may or
have already resulted in cancer or are carcinogenic
in any way, i.e., they spread to the underlying and
neighbouring tissues are known as the malignant
tumors.

LITERATURE REVIEW

1. Missing data computation using statistical
and machine learning methods n a real
breast cancer problem: 5 Missing data
imputation is an important task in cases where
using all the available data is crucial and not
discard records with missing values. The
imputation methods based on machine
learning algorithms outperformed statistical
imputation methods in the prediction of
patient outcome, which helped us in analysing
the data that we were not able to provide to
the system.

2. Applications of Machine Learning in
Cancer Prediction and Prognosis: ' Among
the validated studies and better designed, it
was pretty clear that machine learning
methods can be used to substantially (about
15-20%) improve the accuracy of predicting
cancer  susceptibility,  recurrence  and
mortality. With the help of this paper, we were
able to take various examples that we can use
as input for prediction.

3. Using Three Machine Learning Techniques
for Predicting Breast Cancer Recurrence:
1 Most of the medical databases are not
analysed for finding valuable and hidden
knowledge. Advanced data mining techniques
were used to discover hidden patterns and
relationships in this paper. Models developed
from these techniques were very much useful
for medical practitioners to make the right
decisions.

TECHNOLOGIES USED
A. Concepts of Machine Learning

Machine Learning is an application of Artificial
Intelligence (Al) that provides computers with the
ability to make use of learning algorithms that
make inferences from data to learn new tasks
instead of being explicitly programmed. Machine

learning is used to develop computer programs
that can access data and use these data to learn for
themselves.

The primary aim of Machine learning is to allow
computers to learn automatically and take or
adjust actions  accordingly  without any
intervention of human beings. The learning
process involves observation of data and looking
for patterns in them so that it can predict the future
outputs based on the inputs that we provide.

e Supervised Learning - Supervised learning in
machine learning is where one has input and
output variables, let X and Y, and uses an
algorithm to learn the mapping function from
the input to output Y= f(X). The goal is that
when you have new input data (X), you can
approximate the mapping function so well that
you can predict the output variables (Y) for
that data. [7]

Supervised Learning algorithms are divided
into two types classification algorithms and
regression algorithms. We use various
classification algorithms in our project for the
prediction.

e Classification Algorithms - These algorithms
are used for mapping an x to y using a
function f(x) which is based on some
parameters depending upon the model used to
produce only discrete-valued outputs.

The assignment of the discrete value is
depended on the probability, and it is
calculated for different classes, and the final
class is selected depending upon the highest
probability or a manually selected desired
cutoff value in some of the cases. Judgement
of the trained model is done on the basis of
various parameters like accuracy, precision,
recall and flscore.

e We have used various classification models
such as Logistic Regression, Decision Trees,
Random Forests, K Nearest Neighbors,
Support Vector Machines and Perceptron in
our study.

B. Various Classification Algorithms

o Logistic Regression - One of the most
important models used for the statistical
classification of the Machine Learning
problems and study of the data. The sigmoid
function represented by ‘g’ is used mainly for
the calculation of the probability.

o Decision Trees - Regression nodes are built-in
decision trees. It handles the features in a
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bottom-up manner to predict the output. A tree
is built with all the features as its nodes, and
the leaf nodes are the prediction to classes
used to give the classification in a particular
class.

e Random Forests - It can be defined as a type
of ensemble learning method used in the
prediction of output which is used in both
regression and classification problems. It can
be imagined as a combined cluster of decision
trees in which all the decision tree features are
used in combination for the prediction of the
output.

PROPOSED METHODOLOGY

As indicated by the research, most experienced
physicians can detect the breast cancer tumor as
benign or malignant with an accuracy of about
79%, while the accuracy of 91% is achieved by
using machine learning classification techniques.

Hence, we propose to use various machine
learning classification algorithms such as logistic
regression, decision trees, random forest,
perceptron, k nearest neighbors, support vector
machines and perceptron to classify the tumors as
benign or malignant by training our machine
learning model on the already available data. We
have taken our data from the publically available
UCI Machine Learning repository, Breast Cancer
Wisconsin (Diagnostic) Dataset.

A. Workflow
See block diagram

B. Data Collection

A digitized image of a fine needle aspirate (FNA)
of a breast mass is used to compute the features of
the dataset. The needle aspirate process is a
process which is any process used to simply
extract some cells from the tumor. Characters
present in the sample is described in the three-
dimensional space. [11]

BLOCK DIAGRAM
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We will train our model on this dataset for the
detection of breast cancer in the new cases. The
collected data consists of 32 columns and 569
rows. The data is divided into a test-train ratio of
80% to 20%.

C. Data Preprocessing

A technique that is used to convert raw data into
an easily understandable format is termed as data
pre-processing. [12] The data we get is usually
incomplete, inconsistent or may lack in a certain
behavior or trends and is more likely to contain
many errors. Data pre-processing is used as a
proven method for resolving such issues.

The steps involved in data pre-processing are Data
cleaning, Data Integration, Data Transformation,
Data Reduction and Data Discretization.

In our Machine Learning model, we saw that the
dataset has many features with varying limits
which may lead to poor training and performance
of our machine learning model. Hence, we apply
feature scaling and mean normalization to both
our training and testing data to bring all the
features within a similar range, which will help the
machine learning model to train better.
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mean normalization
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Fig. 3: Features after applying feature scaling

and mean normalization

By plotting various plots such as joint plots, pair
plots, correlation matrix, scatter plots and bar
plots, we found that some of the features are
highly correlated to each other, and hence we drop
those features from our dataset. This is done as
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forests are good at detecting interactions between
various features, but highly correlated features can
mask these interactions. See figure 4.

This can be viewed as a special case of Occam’s
razor which states that a simpler model is
preferable, and in some cases, a model with fewer
features is simpler. This holds true with the
concept of minimum description length, which
makes this more precise. [13]

We remove the following highly correlated
features from the dataset: -

‘perimeter_mean’,
‘compactness_mean',  ‘concave
'radius_se','perimeter_se',
‘perimeter_worst', ‘compactness_worst',
‘concavepoints_worst', ‘compactness_se',
‘concavepoints_se’, "texture_worst’, "area_worst’

‘radius_mean’,
points_mean’,
‘radius_worst',

some machine learning algorithms such as random See figure 5 and figure 6.
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Fig. 4: Pairplot Showing Relation between various Features
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Fig. 5: Correlation Matrix before Removal of highly correlated features
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Fig. 6: Correlation Matrix after removal of highly correlated features

D. Model Training

After performing data preprocessing and data
cleaning on our testing and training datasets, we
now train different machine learning models. We
use train_test_split to split our training data into
test and training sets in a ratio of 20% to 80% for

checking the model accuracy on the test set and
finally train our data on the complete training
dataset.

We use a k-folds algorithm to check the k-folds
cross-validation score. We have not specified a
cross-validation set separately as we are using k
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folds cross-validation, which splits the training
data in n folds and trains the data on n-1 folds and
performs cross-validation on the remaining part. If
the cross-validation score is high, then only we
move forward to test the accuracy of our model on
the test set.

After finally training our model, we use our model
to predict whether the data in our testing dataset
have benign or malignant tumors.

RESULTS AND CONCLUSIONS
A. Results

We trained our ML model on the training dataset
using various classifiers to get our final result. We
then checked the data on which we had to predict
whether the data corresponded to malignant or
benign tumors. We used the k folds algorithm for
getting the cross-validation score, and the number
of splits used in the algorithm was 5. The main
basis used in this paper for the comparison of the
various models was the cross-validation score and
accuracy. The various scores such as precision,
recall and f1 score and accuracy were computed
using the confusion matrix.

Confusion Matrix for random forest

True label

3

-15

Predicted label

Fig. 7: Confusion Matrix for random forest
classifier

The performance of various classifiers is shown in
the table below as a comparative study:

Algorithm Comparison

100 o [+]
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RF LR SVM Perceptron

Fig. 8: Algorithm comparison on spread of
accuracy scores across each CV fold

Model Cross Validation Score Percentage Accuracy

Logistic Regression [0.96666667 0.97777778 0.98876404 95.54
0.94382022 0.98876404]

Support Vector [0.96666667 0.96666667 0.955056188 93.75
Machines 0.92134831 0.88505618]

Decision Tree [0.90.92222222 0.98876404 91.07
0.8988764 0.91011236)

Random Forest [0.96666667 0.95555556 0.97752809 96.43
0.95505618 0.88764045]

K Nearest [0.94444444 0.9555556 0.93254827 90.18
Neighbors 0.93254827 0.96629213]

Perception [0.97777778 0.95555556 0.95505618 94.64
0.92134831 0.98876404]

Fig. 9: Comparison of Various Models

A. Conclusion

We found that by integration of multidimensional
data with various feature techniques and
classification algorithms helps to achieve great
results in this domain. We also were able to
achieve our goal of improving the prediction of
breast cancer based on tumor features. We were
successfully able to train various machine learning
models by studying the various features in detail
using various plotting and statistical techniques
and eliminate highly correlated features for
improving the model accuracy as much as we
could. There is further scope of research in this
field, which includes using various ML algorithms
for the classification of benign and malignant
tumors based on mammography images. Further
research must also be done to make the model
predictions with higher accuracy and f1 score on a
dataset with more variables. On the ML side,
bagging and boosting algorithms may also be
applied for improving the tagging results.
Furthermore, other medical data used for breast
cancer detection, such as Breast ultrasound data,
Breast MRI data and Breast ultrasound data, must
also be used for improved results of detection.
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