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dangerous disease that affects women worldwide. Medical professionals
stress the crucial role of early detection in saving lives. The website

cancer.net provides personalized guidance for over 120 cancer types and

related hereditary conditions. In the field of breast cancer detection,
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cancer using the Wisconsin Breast Cancer database. Our primary aim is to
compare and clarify how the logistic algorithm can achieve superior results
when combined with ensemble machine learning methods for breast
cancer diagnosis, even with a reduced number of variables. Breast tumors
fall into two categories: benign tumors, which are non-cancerous, and

malignant tumors, which are cancerous.
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I. INTRODUCTION

Cancer is widely recognized as one of the most
perilous diseases globally, with breast cancer standing
out as a particularly formidable threat to women.
Tragically, countless women lose their lives to breast
cancer each year. The manual detection of breast
cancer is not only time-consuming but also poses

challenges in terms of accurate classification for

physicians. Therefore, it is imperative to explore
various automatic diagnostic techniques to enhance
cancer detection. Several methods and algorithms
have been developed for breast cancer detection,
including Support Vector Machine, Naive Bayes, K-
Nearest Neighbors (KNN), and the more recent
Convolutional Neural Network (CNN)[11-19], a deep
learning algorithm primarily designed for image

classification and object detection. In this research,
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we utilize the UCI open database for training and
testing purposes, which contains two tumor classes:
Benign Tumor (non-cancerous) and Malignant Tumor
(cancerous). Many researchers are actively engaged in
the pursuit of early-stage cancer detection and
diagnosis. Detecting cancer in its early stages is less
painful and costly to treat, and thus, there is a
persistent effort to develop a robust diagnosis system
for early tumor detection. This would enable early
commencement of treatment and potentially improve
the chances of successful resolution. The primary
objective of this study is to conduct a comparative
analysis of various machine learning algorithms with
Artificial Neural Networks (ANN) for breast cancer
detection. The the

structure of this paper. Section 2 offers a literature

subsequent sections outline
review of our proposed work. Section 3 elucidates the
architecture we have devised. Section 4 provides
insights into the methodology employed in our
research. Section 5 outlines the feature selection
process adopted for our study. In Section 6, we delve
into the implementation of the proposed model.
Section 7 is dedicated to discussing the results, and
Section 8 offers concluding remarks on our research
efforts.
II. RELATED WORKS

[1]  Utilizing

dimensional imaging that capitalizes on differences in

radio frequency-based three-

the dielectric properties of tissues presents a
promising approach for cost-effective, non-invasive,
and non-ionizing breast cancer detection. This
research paper showcases the application of diverse
supervised machine learning techniques to categorize
breast tissues into three classes: low-density fatty,
high-density fibro-glandular, and malignant. These
classifications are made based on analyzing the
field data

strategically positioned antennas encircling the breast

scattered electric collected through

tissue. Additionally, the paper includes a comparative
analysis of the performance of these machine learning
algorithms. Following this classification step, an
non-linear

advanced quantitative optimization

method is employed to enhance the precision of tissue

profile reconstruction.

[2] Breast cancer is a leading cause of death globally,
and its prevalence necessitates effective classification
and data mining techniques. These methods are
extensively utilized in the medical field for diagnosis
and decision-making. This study aims to assess the
comparative performance of various machine learning
algorithms, including Support Vector Machine (SVM),
Decision Tree (C4.5), Naive Bayes (NB), and k Nearest
Neighbors (k-NN). The evaluation is conducted using
the Wisconsin Breast Cancer (original) dataset, with
the primary objective

of measuring accuracy,

precision, sensitivity, and specificity in their
classification capabilities, all while considering
computational efficiency and effectiveness. The

experimental results reveal that SVM outperforms the
other algorithms, achieving the highest accuracy rate
at 97.13% These

experiments were carried out using the WEKA data

and the lowest error rate.
mining tool within a simulated environment.
[3] This paper introduces a novel method that
combines Weighted-Particle Swarm Optimization
(WPSO) for data clustering with Smooth Support
Vector Machine (SSVM) for classification purposes.
The study evaluates the effectiveness of WPSO
clustering by comparing it to conventional methods
such as K-means and fuzzy clustering. This
comparison is based on criteria like intracluster
distance, intracluster variation, and validity indices.
The results demonstrate promising performance for
the proposed WPSO-SSVM classification approach,
achieving an accuracy of 83.76% for diagnosing liver
disorders, 98.42% for analyzing WBCD (Wisconsin
Breast Cancer Dataset), and 95.21% for detecting
mammographic masses. Notably, these accuracy rates
outperform those reported in existing literature on
the subject.

[4] Scikit-learn offers a wide array of machine
both for

unsupervised tasks, using a consistent and task-

learning algorithms, supervised and
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oriented interface. This makes it convenient to
compare different methods when tackling a specific
problem. It seamlessly integrates with the scientific
Python ecosystem, making it versatile for applications
beyond traditional statistical data analysis. A
noteworthy feature is that these algorithms, written
in a high-level language, can serve as fundamental
components for custom solutions tailored to specific
use cases, such as in the field of medical imaging as
discussed in Michel et al. (2011). In the future, there
are plans to enhance scikit-learn capabilities with

online learning to handle large datasets effectively.

III. Methodology

Proposed system:

Numerous machine learning algorithms exist for
predicting and diagnosing breast cancer. Some of
include DecisionTreeClassifier,

these algorithms

Kneighbours  Classifier, RandomForestClassifier,
Logistic Regression, MLPClassifier, CatBoostClassifier,
and GaussianNB. To determine the most effective
method for diagnosing breast cancer, we employed an
Ensemble Voting approach. Initially, we applied the
RandomForestClassifier algorithm to the dataset,
followed by individual implementations of the other
algorithms. Subsequently, we employed a Voting
Ensemble technique to combine these individual

results, resulting in the final accuracy assessment.

INPUT DATA

DATA PRE-
PROCESSING

SPLIT DATA INTO
TRAINING AND TESTING

TRAINING TES“NG
ML MODELS EVALUAT\DN
PRED\CHON

Figl: Flow of the project

IV. Implementation

Random Forest:
Machine learning techniques for dealing with
classification and regression problems include the
random forest approach. It employs ensemble
learning, a technique for handling challenging issues
that combines a number of classifiers. The random
forest method offers a wide range of potential decision
trees. The random forest approach creates a "forest"
that is then the enhancement of machine learning
algorithms through a collective meta-algorithm called
bagging involves employing techniques like bootstrap
aggregation. Bagging contributes to improving the
accuracy of these algorithms. Within the realm of
machine learning, the random forest method stands
out for its ability to accommodate a diverse range of
data types and characteristics. Decision trees. By
employing the random forest approach with bagging
or bootstrap aggregation for training, a "forest" is
formed. The

improves machine learning algorithms' accuracy. The

bagging collective meta-algorithm
disadvantages of the choice tree methodology are
solved by the random forest approach. Both precision
and dataset over fitting are reduced. It creates
predictions without the need for numerous package
settings, in contrast to Scikit-learn.

The Random Forest Algorithm's Features:

+ Comparing it to the decision tree method reveals
that it is more accurate.

« It provides a workable strategy for handling missing
data.

* It can produce a decent forecast even without hyper-
parameter adjusting.

« It resolves decision trees' over fitting issue.

* In each randomly produced tree, a random set of
attributes is picked at each node's splitting point.
Decision trees serve as the fundamental components
of the random forest algorithm. These decision
support structures, resembling trees, are referred to as
decision trees. In this discussion, we'll delve into the
of decision trees and the

mechanics explore

functioning of random forest techniques.
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The three components of the decision tree are
decision nodes, nodes for departs and root nodes. A
training dataset is divided into branches via a decision
tree approach, and those branches are then further
divided. This method is repeated until the area has
leaves. No additional separation of the leaf node is
possible.

The decision tree's branches represent the traits that
are used to predict the result. Links to the branches
are provided by decision nodes

Logistic Regression:

Logistic Regression has a rich history in the biological
sciences, originating in the early twentieth century.
Its applications have extended to various fields,
including the social sciences. This statistical technique
is particularly useful when dealing with categorical
dependent variables.

For instance, Logistic Regression comes into play
when we want to make binary predictions, like
determining whether an email is spam (1) or not (0)
or classifying a tumor as malignant (1) or non-
malignant (0). If we were to use linear regression for
such tasks, a threshold would be necessary to decide
the class. For example, if a tumor is actually malignant,
but linear regression predicts a continuous value of
0.4, and we set a threshold of 0.5, it would incorrectly
classify the tumor as non-malignant, potentially
leading to serious consequences in practical
applications. This demonstrates that linear regression,
being unbounded, is unsuitable for classification
problems. Logistic regression, on the other hand, is
designed for such scenarios. Its output strictly ranges
from 0 to 1, making it ideal for binary classification
tasks. Logistic regression is commonly used in
machine learning for precisely these types of
problems, where there are two possible outcomes,

non

such as "this or that," "yes or no," or "A or B."

The primary objective of logistic regression is to
estimate probabilities of specific events, establishing a
connection between input features and the likelihood
of particular outcomes. For example, it can predict

whether a student will pass or fail an exam based on

features like the number of hours spent studying. In
this case, the response variable has two values: pass
and fail.

SVM:

The primary aim of the support vector machine (SVM)
algorithm is to find a hyperplane in an N-dimensional
space (where N represents the number of features)
that can efficiently separate and classify data points.
In this process, several possible hyperplanes are
evaluated to distinguish between two classes of data
points. The main goal is to identify the hyperplane
that provides the largest margin, which is the greatest
distance between data points belonging to different
classes. By maximizing this margin, we improve the
algorithm's capacity to make confident classifications
for future data points.

Hyperplanes and Support Vectors:

Hyperplanes serve as crucial decision boundaries for
categorizing data points. Depending on the number of
features involved, the dimension of the hyperplane
varies. For instance, when there are two input
features, the hyperplane reduces to a mere line. With
three input features, the hyperplane transforms into a
two-dimensional  plane. However, visualizing
hyperplanes becomes progressively challenging as the
number of features exceeds three.

Decision Tree:

A tree serves as a powerful metaphor in various
aspects of real life and significantly influences a broad
spectrum of machine learning techniques,
encompassing both classification and regression tasks.
In the realm of decision analysis, decision trees
emerge as a valuable tool for visually and explicitly
depicting decision-making processes. As the name
suggests, they adopt a tree-like structure to model
decisions. Decision trees find frequent application in
data mining to formulate strategies aimed at achieving
specific objectives. When represented visually, a
decision tree is typically depicted upside down, with
the root node positioned at the top. In the graphical
representation, bold black text signifies a condition or

internal node, serving as the point at which the tree
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branches into various edges or paths. As we progress
along these branches, we ultimately reach a decision
or leaf node. In a classic example like the one
illustrated in the left image, these leaf nodes are color-
coded, with red indicating death and green signifying
survival of passengers. It's important to note that real-
typically
features, rendering the illustrated tree a mere branch

world datasets incorporate numerous
within a larger and more complex decision tree.
Nevertheless, the elegance of this algorithm lies in its
offers clear into feature

simplicity. It insight

importance and allows for straightforward
interpretation of relationships. This approach is
commonly referred to as "learning decision trees from
data," with the tree depicted above being specifically
termed a "Classification tree" due to its purpose of
classifying passengers as survivors or casualties. In the
case of Regression trees, the representation remains
the same, but the objective shifts to predicting
continuous values, such as the price of a house. In
general, Decision Tree algorithms are denoted as
CART,

Trees."

signifying "Classification and Regression

Cat Boost:
CatBoost, an open-source library for gradient boosting
on decision trees, has quickly gained recognition in

the machine learning community. Developed by

Yandex researchers and engineers, it finds
applications in diverse fields like search,
recommendation  systems, personal  assistants,

autonomous vehicles, weather prediction, and more,
not only at Yandex but also in organizations like
CERN, Cloudflare,
has posed a
established players like XGBoost and LightGBM,

especially in scenarios where categorical features are

and Careem taxi. CatBoost's

emergence serious challenge to

prevalent. What sets CatBoost apart is its exceptional
performance on benchmarks, particularly when
dealing with datasets heavily reliant on categorical
features. While its training time may be longer
compared to other gradient boosting implementations,

its prediction speed is an impressive 13-16 times

faster, as demonstrated in Yandex's benchmark tests.
Furthermore, CatBoost's default settings serve as an
excellent foundation for individuals new to the realm
of tree ensembles or those engaging in Kaggle
competitions. CatBoost boasts various impressive
features, such as improved handling of feature
interactions, detailed analysis of feature importance,
and built-in support for snapshots. In addition to its
effectiveness in classification and regression tasks,
CatBoost effortlessly accommodates ranking tasks
without any extra configuration. These attributes
establish CatBoost as an appealing option for diverse
machine learning applications.

K-Nearest Neighbor:

K-Nearest Neighbors (K-NN) stands as one of the
simplest machine learning techniques within the
realm of supervised learning. This algorithm hinges
on the concept of gauging the likeness between new
data and existing data points, ultimately assigning the
new data to the category that bears the closest
resemblance. The essence of K-NN lies in its retention
of all the available data, a repository it draws upon
when classifying a novel data point. In other words,
when new data emerges, the algorithm swiftly assigns
it to the most fitting category by seeking similarities
with past data. K-NN is a versatile tool, applicable to
both regression and classification tasks, although its
primary use tends to lean toward classification. One
noteworthy characteristic is that K-NN operates as a
devoid  of

preconceived assumptions about the underlying data

non-parametric  algorithm, any
distribution. Often dubbed a "lazy learner" algorithm,
K-NN refrains from immediate learning during the
training phase. Instead, it preserves the training
dataset and takes action only when faced with a new
data point. This action involves classifying the new
data into the category that exhibits the greatest
resemblance to it. Consider an example: Suppose we
possess an image of a creature, one that bears
resemblance to both cats and dogs. Our objective is to
determine whether it's a cat or a dog. In this scenario,

the K-NN algorithm proves invaluable. It operates
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based on a similarity metric, effectively identifying
similar features between the new data and known
images of cats and dogs. Ultimately, it assigns the
creature to either the cat or dog category based on the
most closely aligned features.

MULTILAYER PERCEPTRON:

In the realm of deep learning, TensorFlow, Keras,
Microsoft Cognitive Toolkit (CNTK), and PyTorch are
widely recognized as popular libraries. However, it's
worth noting that the well-known machine learning
library, Scikit-learn, is also capable of basic deep
learning modeling. Specifically, Scikit-learn offers a
Multilayer Perceptron (MLP) implementation. This
MLP has some distinct characteristics. Firstly, it lacks
an activation function in the output layer. For

regression tasks, it employs the square error as the loss

function, while for classification, it uses cross-entropy.

Notably, it can handle both single and multiple target
values for regression. Unlike other prominent deep
learning packages like Keras, Scikit-learn's MLP
implementation does not support GPU acceleration.
Additionally, it has limitations when it comes to fine-
tuning parameters such as activation functions and
weight initializers for individual layers. A Multilayer
Perceptron (MLP) is a type of feedforward artificial
neural network (ANN). The term "MLP" can be
somewhat ambiguous, sometimes referring broadly to
any feedforward ANN and at other times specifically
to networks comprising multiple layers of perceptrons
with threshold activation. An MLP typically consists
of a minimum of three layers: an input layer, a hidden
layer, and an output layer. Each node, except for
those in the input layer, represents a neuron utilizing
a nonlinear activation function. MLP leverages a
supervised  learning  technique  known  as
backpropagation for training, distinguishing itself
from linear perceptrons through its multiple layers
This

characteristic enables MLP to discern data that lacks

and non-linear activation functions.

linear separability.

Dataset:

Dataset description:

+ Radius (mean, se, worst): The average size of
the tumor's radius or distance from the center
to the outer edge.

+ Texture (mean, se, worst): A measure of
variation in color or intensity of the pixel
values in the image.

+ Perimeter (mean, se, worst): The total length
of the tumor's boundary.

#+ Area (mean, se, worst): The total area of the
tumor.

+ Smoothness (mean, se): A measure of the
variation in radius lengths within the tumor.

+ Compactness (mean, se): A measure of how
compact the shape of the tumor is, calculated
as perimeter”2 / area - 1.0.

+ Concavity (mean, se): A measure of the
severity of concave portions of the contour.

+ Concave Points (mean, se): The number of
concave portions of the contour.

+ Symmetry (mean, se, worst): A measure of
symmetry in the tumor's shape.

+ Fractal Dimension (mean, se, worst): A

measure of the complexity of the tumor's

shape.

4. Results and Discussion:

The following images will visually depict the process
of our project.

Home page: The user can view the web application's

home page here.

International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 10 | Issue 6



Mr. M. Sriivasulu et al Int J Sci Res Sci & Technol. November-December-2023, 10 (6) : 29-38

ast Cancer

Fig3: About Page
Registration:
The user can register attending this page by providing

all the necessary details.

Fig4: Registration Page

Login:
The user can sign in using their authorized credentials

here.

Fig5: Login Page

User Home Page:
The user's home page will be shown after a successful

login.

-
t Cancer Prediction using ML

Fig6: User home Page
Upload data:

Upload relevant data for model training. Preprocess
and clean data. Split into training and testing sets.

Train model using algorithms.

BREAST CANCER Mame  Uplasdms  vewoma  Mages  heacin  Greh | lapi

- =
Fig7: Upload data Page
View Data:
View Data enables analysis, visualization, and

understanding of information, turning raw numbers
into insights for informed decision-making and

strategy planning.

Fig8: View Data Page.
Model:
Model training involves feeding data to a machine
learning algorithm, allowing it to learn patterns and

make predictions or decisions. The process is iterative,
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often optimizing a loss function to improve the

model's accuracy.
e N w—
» ==

NS -

Fig9: Model Page.
Prediction:
Whatever information we provide the model after

successful training will help it predict hate speech.

BREAST Home  Upkeddems  Vewdsts  Wsder  Predetsn  Gaoh Lot

Testure werst
Perineter e Permeter_worst

A se rea st

Smoothness.se Smoothoess vt
Compactress se Compacaness warst

Concavey se Concaty werst
Concave polnts_se. Concave poiets_worst.

symmery.se Symmetry werst

Fractal_dimengon e Fractal dimension worst

Figl0: Prediction Page

Figll: Prediction Page

V. Conclusion

This study introduces an ensemble machine learning
approach for breast cancer diagnosis, as depicted in
the provided table and graph. The paper demonstrates
the effectiveness of this proposed method, which

utilizes only 16 features for cancer diagnosis. The

future research direction aims to extend the analysis
to encompass all the features available in the UCI
dataset in pursuit of even higher accuracy. The
research findings highlight the potential of neural
networks in analyzing human vital data, enabling pre-
diagnosis without requiring specialized medical
knowledge. The methodology involves an Ensemble
Machine Learning algorithm incorporating both
Logistic Regression and Neural Networks for breast
cancer detection and diagnosis. The dataset is pre-
processed using standardization, followed by the
application of the Univariate Feature Selection
algorithm, which employs the chi-squared method to
identify the top 16 features from the UCI dataset.
Logistic and neural network algorithms are then
applied to these 16 selected features, and a voting
algorithm is used to combine their results, resulting in
a notably improved accuracy compared to individual
machine learning algorithms. This approach proves
particularly valuable, given that a large number of
features can increase the implementation cost of the

model.
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