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Abstract

Breast cancer has become a pressing global health issue with its prevalence increasing worldwide.
The rise in breast cancer cases is a cause for concern as it not only affects the physical and
emotional well-being of individuals but also places a significant burden on the healthcare system.
Early detection and timely intervention are critical factors in effectively combatting this disease.
The ability to predict and diagnose breast cancer at its earliest stages can have a profound
difference in patient outcomes, potentially saving countless lives. In recent years, the importance
of Machine Learning (ML) in the field of healthcare has become paramount. This study considers
the utility of supervised ML models to address the challenges posed by breast cancer using the
publicly available Breast Cancer Wisconsin (Diagnostic) dataset from the University of California
Irvine (UCI) ML repository. The Logistic Regression, Decision Tree, Random Forest, Support
Vector Machine (SVM), Naive Bayes and K-Nearest Neighbors (KNN) classifiers are

implemented using Jupyter Notebook with Python programming.

The goal of the proposed methodology is accurate breast cancer prediction. First, data
preprocessing is employed to clean the dataset by removing null values and duplicates, and
handling missing data. In order to balance the target labels of the dataset, Synthetic Minority
Oversampling Technique (SMOTE) is employed. Then, Principal Component Analysis (PCA) is
used to reduce the dimensions of the dataset. The number of components is varied (n=2, 5, 10, 15).
For training and testing the ML models, five data splits, namely 80/20, 70/30, 50/50, 30/70, and

20/80 are employed to assess the impact on model performance.

The performance of the models is evaluated using the metrics accuracy, precision, recall, F1-score,
and execution time. The results obtained show that SVM and Logistic Regression outperform the
other models with SVM having an accuracy of 98.2% and an execution time of 9.99 ms with an
80/20 split using 10 features and Logistic Regression having an accuracy of 97.9% and an

execution time of 8.42 ms with a 50/50 split using 15 features.
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Chapter 1 Introduction

Breast cancer is the most prevalent and prominent form of cancer among women, and its incidence
has seen a concerning rise in recent years. It now accounts for a significant share, approximately
24.5% of all cancer cases and 15.5% of cancer deaths. This underscores the urgent need for
heightened awareness, early detection, and research initiatives to combat the growing impact of

breast cancer on the health and well-being of women [1].

Breast cancer originates in the breast tissue, where it begins as abnormal replication of cells [2].
This uncontrolled cell growth results in the formation of lumps within the breast and surrounding
areas. These lumps, known as tumors, come in two distinct categories: benign and malignant.
Benign tumors are non-cancerous and generally pose no immediate threat to health. In contrast,
malignant tumors are cancerous and carry a high degree of mortality. Malignant tumors have the
potential to invade and spread to neighbouring tissue and organs, making early detection and
intervention imperative. The aggressive spread of cancerous cells to other parts of the body is
referred to as metastasis [3]. As the disease progresses, it can invade internal organs such as the

liver and lungs [4].

The consequences of metastatic breast cancer are far-reaching, as it not only inflicts physical harm
but also takes a toll on the mental health of patients. Therefore, understanding the mechanisms
underlying breast cancer, as well as developing effective diagnostic and treatment strategies, is
important in combating this life-threatening disease [5]. Timely detection, often through routine
mammograms and clinical examinations, can significantly improve the chances of successful
treatment and enhance the quality of life for those affected. Furthermore, ongoing research into

new therapies and targeted treatments offer hope for more effective management of breast cancer

[6].

Detecting breast cancer in its early stages is vital for effective treatment. One of the primary
indicators is the formation of lumps, particularly in the armpits. Swelling of the breast, dimpling
of the skin covering the breast area, and the presence of redness on the skin around the breast are

also of concern [7].



Changes in the shape or size of the breast should not be overlooked. Additionally, a discharge of
blood or any liquid other than milk from the nipple is a warning sign. Consulting a physician or
oncologist for prompt screening is imperative if any of these symptoms persist, as early detection
can significantly improve the chances of successful treatment and recovery [8].

1.1 Motivation

Breast cancer has emerged as one of the most prevalent and concerning health issues globally [9].
In the United States, an estimated 290,560 new cases of breast cancer were recorded, with 43,780
deaths attributed to this disease. Moreover, it has been estimated that one out of every 39 women
is at risk of breast cancer which underscores the urgency of addressing this healthcare crisis.

Within the realm of healthcare, artificial intelligence, and specifically Machine Learning (ML)
algorithms plays a pivotal role in aiding healthcare professionals in the analysis and interpretation
of medical data. The goal of this project is to employ ML algorithms to predict breast cancer. This
will provide healthcare practitioners with a valuable tool for identifying and addressing breast

cancer promptly [10].

1.2 Objectives

The questions considered in this work are as follows.

1. How can real-world clinical data such as that from the Breast Cancer Wisconsin
(Diagnostic) dataset be used effectively to address breast cancer challenges? How can data
preprocessing, feature selection, and ML models improve the accuracy of breast cancer
predictions?

2. How does balancing the dataset using the Synthetic Minority Oversampling Technique
(SMOTE) enhance the training and evaluation of breast cancer prediction models?

3. Can Principal Component Analysis (PCA) reduce the dimensionality of breast cancer
datasets for more efficient modelling?

4. What is the impact of different data splits on the performance of breast cancer prediction
models, and how does this impact model selection?

5. How do the widely used ML algorithms Logistic Regression, Decision Tree, Random
Forest, Support Vector Machine (SVM), Naive Bayes, and K-Nearest Neighbors (KNN),



perform in the context of breast cancer prediction, and how does their performance

compare in terms of accuracy, precision, recall, F-score, and execution time?

1.3 Contributions

The contributions of this project are as follows.

1.

Real-world clinical data from the Breast Cancer Wisconsin (Diagnostic) dataset was used
to address breast cancer challenges.

A comprehensive methodology, including data preprocessing, feature selection, and ML
algorithms was developed for breast cancer prediction.

Data preprocessing techniques such as null value and duplicate removal, and missing data
handling, were implemented to enhance data quality.

The dataset was balanced using SMOTE to improve model training and evaluation.

PCA was used to identify highly correlated features and reduce dataset dimensionality.
Five data splits (80/20, 70/30, 50/50, 30/70, and 20/80) were considered to assess their
impact on model performance.

The performance of six popular ML algorithms (Logistic Regression, Decision Tree,
Random Forest, SVM, Naive Bayes, and KNN) was evaluated using the metrics accuracy,

precision, recall, F1-score, and execution time.

1.4 Related Work

The field of medicine is undergoing continuous transformation with a gradual shift towards

streamlined and modernized approaches. The progression towards automated systems has brought

about a revolution in healthcare practices. As a result, healthcare providers have now the means to

plan and deliver more efficient and effective treatments for improved patient care and outcomes

[11].

The application of ML for breast cancer prediction was considered in [12] using the Logistic

Regression, Decision Tree, Random Forest, SVM, Naive Bayes, and KNN algorithms. The

effectiveness of these algorithms was evaluated in terms of accuracy, precision, recall, and F1-

score. The Breast Cancer Wisconsin (Diagnostic) dataset was used in [13] to evaluate the

performance of the ML algorithms Logistic Regression, Decision Tree, Random Forest, SVM,

Naive Bayes, and KNN. The study assessed these algorithms in terms of accuracy, precision,

3



recall, F1-score, and execution time. The goal was to enhance early breast cancer detection
methods to improve patient outcomes and advance healthcare practices. Breast cancer prediction
was explored in [14] using a hybrid ML algorithm with a clinical dataset. The results obtained
demonstrate the effectiveness of this approach in accurately identifying breast cancer to enhance

early detection and diagnosis.

A non-invasive breast cancer classification system for the detection of metastases was presented
in [15]. ML algorithms were evaluated using accuracy and area under Receiver Operating
Characteristic (ROC) curve. Statistical significance was determined using the Welch unpaired t-
test. A text mining framework for Electronic Medical Records (EMR) was used to segregate blood
profile data and identify Metastatic Breast Cancer (MBC) patients. The removal of outliers
significantly improved the accuracy of the ML models. The Decision Tree classifier achieved an
accuracy of 83% with an AUC of 0.87. It was deployed through Flask to create a web application
for robust MBC diagnosis.

The application of ML algorithms, including Random Forest, Gradient Boosting Trees (GBT), and
Multi-layer Perceptron (MLP), was explored in [16] to predict the onset of breast cancer. The
Random Forest algorithm was the best achieving an accuracy of 80%. These results illustrate the
effectiveness of ML techniques in early breast cancer detection to enhance diagnostic capabilities

and improve patient care.

1.5 Outline

This report is organized as follows.

Chapter 1: This chapter provided an introduction to breast cancer prediction using ML algorithms
including the background, motivation and objectives, research questions, and contributions. The

related work was also surveyed.

Chapter 2: This chapter introduces the ML models considered for the prediction of breast cancer.
It also presents the Jupyter notebook tool which is used for implementing the breast cancer

prediction system.

Chapter 3: This chapter presents the proposed prediction model for breast cancer. It also

introduces the testing environment and classifiers used.



Chapter 4: This chapter gives the evaluation metrics and presents the results obtained. A

discussion of the results is also provided.

Chapter 5: This chapter provides some concluding remarks and summarizes the results. It also

gives some possible directions for future work.



Chapter 2 Machine Learning

ML, a subset of artificial intelligence, has revolutionized healthcare by enabling early disease
prediction through data analysis. It is used to process clinical datasets and extract indicators and
risk factors to assess disease susceptibility [17]. For breast cancer, ML can be used to analyse
mammograms, genetics, and patient history to identify early-stage cases, facilitating timely
intervention and improved outcomes. ML models adapt to new data, continually enhancing their
prediction accuracy, offering a promising avenue for early diagnosis and more effective patient
care [18].

ML algorithms can be divided into three types.

1. Supervised learning
2. Unsupervised learning

3. Reinforcement learning

2.1 Supervised Learning

Supervised learning algorithms are trained on labelled data. They learn a mapping from input data
to known output labels. This type of learningis akin to a teacher supervising the learning process
of a student as the algorithm is guided to make predictions based on the provided correct answers
[19]. Supervised learning is widely used for both classification and regression tasks. In
classification, ML algorithms classify data into distinct categories or classes such as for spam
detection or animal recognition. In contrast, regression models predict continuous numerical
values like stock prices or housing prices. The accuracy of the predictions depends on the quality

and quantity of the labelled training data [20].

2.1.1 Classification

Classification is a type of supervised learning where the goal is to categorize data into predefined
classes or categories. Thisis akin to sorting objects into distinct bins based on their characteristics.
For sam, in sentiment analysis, a classification algorithm may determine whether a given text
expresses a positive, negative, or neutral sentiment. Classification problems can be binary (two

classes) or multi-class (more than two classes). Logistic Regression, Decision Tree, and Neural



Networks were employed for classification in [21]. Image classification using least squares trained

filters was presented in [22].

2.1.2 Regression

Regression is a type of supervised learning used to predict continuous values rather than discrete
values. Regression models establish relationships between input features and the continuous target
variable. They are widely used in forecastingand prediction where the output is continuous [23].
For example, regression models are applied to predict stock prices based on historical data and
various market indicators. Linear regression, polynomial regression, and support vector regression

are commonly used regression algorithms [24].

2.2 Unsupervised Learning

Unsupervised learning is a branch of ML where the primary focus is on finding patterns, structures,
or relationships in data without using labels. Unlike supervised learning, which relies on labelled
data to learn from, unsupervised learning algorithms seek to uncover hidden structures and gain
insights [25]. This is particularly useful for exploratory data analysis, dimensionality reduction,
and identifying natural groupings within datasets. A common type of unsupervised learning is

clustering.

2.2.1 Clustering

Clustering is a type of unsupervised learning that involves grouping data into clusters or categories
based on their similarities or patterns. The primary goal of clustering is to identify and create
partitions within a dataset where data points within a cluster are more similar to each other than to
those in other clusters. Clustering algorithms include K-means and hierarchical clustering [26].
This technique is used in various fields including customer segmentation, image processing, text
analysis, and anomaly detection. Clustering assists in understanding complex datasets, revealing
underlying structures, and making data-driven decisions without prior knowledge of labels or

categories.

2.3 Reinforcement Learning
Reinforcement Learning (RL) is a powerful ML paradigm that employs the interaction of an agent
with an environment to achieve specific objectives. An agent navigates its surroundings by taking

actions, receiving feedback in the form of rewards, and refining its decision-making over time. It

7



is well-suited for scenarios where training data is scarce, so the agent learns through trial and error
[27]. This approach is used in diverse fields from training autonomous robots and optimizing
resource allocation in industrial processes to mastering complex games and enhancing
recommendation systems. RL can adapt to dynamic environments and discover solutions and so

is a valuable tool for tackling complex real-world challenges [28].

2.2 Jupyter Notebook

Jupyter Notebook is a versatile and widely used open-source web application used for ML
classification tasks. It has an interactive and user-friendly interface which combines live code
execution, visualization, and documentation, making it an indispensable tool for ML practitioners
and data scientists [29]. Jupyter Notebook enables users to seamlessly write and execute Python
code for building, training, and evaluating ML models. With the integration of popular libraries
like Scikit-Learn, TensorFlow, and PyTorch, researchers and developers can effortlessly

experiment with a variety of models [30].

Jupyter Notebook allows users to analyse model performance and explore feature engineering with
real-time visualization for a more iterative and insightful approach to model development.
Moreover, its ability to combine code with rich documentation in Markdown format allows for the
creation of comprehensive and easily shareable ML classifier notebooks, facilitating collaboration
and reproducibility. In summary, Jupyter Notebook provides an indispensable environment for
ML model development, offering an interactive, customizable, and collaborative platform that
enhances the efficiency and effectiveness of the model-building process. Jupyter Notebook can be

easily accessed and launched through the Anaconda Navigator platform as shown in Figure 2.1.



i) ANACONDA NAVIGATOR

ﬁ Home

ﬁ Environments

‘ Learning

- Community

Documentation

Developer Blog

L

2

Applications on ‘ base (root)

N Channels

JupyterLab

1.2.6

An extensible environment for interactive
and reproducible computing, based on the
Jupyter Notebook and Architecture.

Glueviz

0.15.2

Multidimensional data visualization across
files. Explore relationships within and among
related datasets.

Install

Jupyter

D)
Notebook

6.0.3

Web-based, interactive computing notebook
environment. Edit and run human-readable
does while describing the data analysis.

Orange 3

3.231

Component based data mining framework.
Data visualization and data analysis for
novice and expert. Interactive workFflows
with a large toolbox.

Install

Figure 2.1 The Anaconda platform.
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Jupyter Notebook has the following Python libraries. Scikit-Learn is a Python library for ML. It

provides tools for various ML tasks such as classification, regression, and clustering [31]. Pandas

is a Python library for data manipulation and analysis. It simplifies working with tabular data,

offering data frames and series for tasks like cleaning, exploration, and transformation [32].

Matplotlibisa Python library for 2D plotting. It enables the creation of various types of static and

interactive plots and serves as a foundation for other visualization libraries [33]. Seaborn is a

Python library for data visualization. It enhances Matplotlib by simplifying the creation of

aesthetically pleasing statistical graphics [34]. NumPy isa Python library for scientific computing.

It supports large multi-dimensional arrays and offers mathematical functions for array operations

[35].



Chapter 3 Breast Cancer Prediction System

Figure 3.1 illustrates the architecture of the proposed breast cancer prediction system. In the

subsequent sections, the individual components are explained in detail.

Data
Preprocessing

— —
Remove Null Clean Data
values
Breast Cancer Label Ecoding l
Dataset Primcipal Component
e | L= Analysis
Normalization Synthetic Minority (PCA)
| Oversampling ——>
Technique(SMOTE) n=2 n=5 n=10 n=15
Y
) Train/Test Spilt
| Logistic Regression ] i 80-30
70-30
50-50
| Decision Tree [ 20-70
20-80
| Random Forest ’ [
Evaluation Metrics:
Test 1.Accuracy
| Naive Bayes J | 2.Recall
3.Precision
4.F1-score
| K Nearest Neighbors l 5.Execution Time

Figure 3.1 The proposed breast cancer prediction system.

3.1 The Breast Cancer Dataset

The breast cancer classification dataset, publicly accessible from the University of California
Irvine (UCI) ML repository [36] is employed here. It has 32 features. They can be used as input to
an ML model and there are two outputs classes, malignant (M) and benign (B), for diagnostic
applications in oncology. The first feature, identification (ID), is a unique identifier for each
instance or sample in the dataset. The next 30 features describe the characteristics of cell nuclei

present in breast cancer biopsies and the last feature indicates if the patient has breast cancer or
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not. There are 569 instances of which 357 belong to the benign class and 212 to the malignant

class. The features are described in Table 3.1.

Table 3.1 Feature names and descriptions.

Feature Name Description
ID Unique identifier for each sample.
Radius_mean Mean radius of the cell nuclei. This is the average distance from the

center to the perimeter of the cell nucleus.

Texture_mean

Mean texture of the cell nuclei. This is the variation in intensity or

colour of pixels in the image.

Perimeter_mean

Mean perimeter of the cell nuclei. This is the length of the boundary

around the cell nucleus.

Area_mean

Mean area of the cell nuclei. This is the size of the cell nucleus.

Smoothness_mean

Mean smoothness of the cell nuclei. This is the variation in the local

spacing of points on the perimeter of the cell nucleus.

Compactness_mean

Mean compactness of the cell nuclei. This is a measure of how closely

the points are packed together in the cell nucleus.

Concavity_mean

Mean concavity of the cell nuclei. Concavity is the extent of

indentations or depressions in the outline of the cell nucleus.

Concave points_mean

Mean of the concave points in the contour of the cell nuclei. Concave
points are the number of inwardly curved points along the boundary

of the cell nucleus.

Symmetry _mean

Mean symmetry of the cell nuclei. Symmetry is the similarity or

balance between the halves of the cell nucleus.

Fractal_dimension_mean

Mean fractal dimension of the cell nuclei. Fractal dimension describes

the complexity or irregularity of a shape at different scales.

Radius_se

Standard error of the radius of the cell nuclei. This is the variability
or spread of the radius values in a given sample. Standard error is a

measure of how much individual measurements vary from the mean.

Texture_se

Standard error of the texture of the cell nuclei. This is the variability

or spread of the texture values in a given sample.

11




Perimeter_se

Standard error of the perimeter of the cell nuclei. This is the
variability or spread of the perimeter values in a given sample.

Area_se

Standard error of the area of the cell nuclei. This is the variability or

spread of the area values in a given sample.

Smoothness_se

Standard error of the smoothness of the cell nuclei. This is the

variability or spread of the smoothness values in a given sample.

Compactness_se

Standard error of the compactness of the cell nuclei. This is the

variability or spread of the compactness values in a given sample.

Concavity_se

Standard error of the concavity of the cell nuclei. This is the

variability or spread of the concavity values in a given sample.

Concave points_se

Standard error of the number of the concave points in the contour of
the cell nuclei. This is the variability or spread of the concave point

values in a given sample.

Symmetry_se

Standard error of the symmetry of the cell nuclei. This is the

variability or spread of the symmetry values in a given sample.

Fractal_dimension_se

Standard error of the fractal dimension of the cell nuclei. This is the
variability or spread of the fractual dimension values in a given

sample.

Radius_worst

Worst (largest) radius among all the measured cells for a patient.

Texture_worst

Worst (largest) texture among all the measured cells for a patient.

Perimeter_worst

Worst (largest) perimeter among all the measured cells for a patient.

Area_worst

Worst (largest) area among all the measured cells for a patient.

Smoothness_worst

Worst (largest) smoothness among all the measured cells for a patient.

Compactness_worst

Worst (largest) compactness among all the measured cells for a
patient.

Concavity_worst

Worst (largest) concavity among all the measured cells for a patient.

Concave points_worst

Worst (largest) number of concave points among all the measured
cells for a patient.

Symmetry_worst

Worst (largest) symmetry among all the measured cells for a patient.
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Fractal_dimension_worst | Worst (largest) fractal dimension among all the measured cells for a
patient.

Diagnosis The outcome of the diagnostic process. This feature is binary with M
indicating the presence of malignant (cancerous) cells, while B

indicates the absence of malignant (non-cancerous) cells.

3.2 Dataset Preprocessing

Dataset preprocessing plays an important role in ML model development. It includes inspecting
for null values, identifying whether each feature is categorical, numerical, or a timestamp, and
identifying which feature is the target variable for the ML model. In this work, the target variable
is diagnosis. Null values in the dataset were eliminated. Label encoding was employed to encode
the target variable with a 0 assigned to benign and 1 to malignant. The bar chart in Figure 3.2
shows the target variable imbalance between benign (blue) with 357 instances and malignant
(orange) with 212 instances.

357

350 4

300 A

2501

200+

150 A

100 A1

Figure 3.2 Target variable counts.
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3.3 Synthetic Minority Oversampling Technique (SMOTE)
SMOTE is used to address the issue of class imbalance which can lead to biased model predictions
[37]. SMOTE generates synthetic instances for the minority class to balance the class distribution.
They are created by interpolating between existing minority class data points. SMOTE not only
increases the overall size of the dataset but also augments the representation of the minority class
to enhance the model ability to learn from and classify instances. This ensures ML models do not
favour the majority class, leading to more accurate predictions, which is particularly valuable in
scenarios where both classes are of equal importance [38]. After applying SMOTE, there were 339

instances in each class as shown in Figure 3.3.

350 A 339 339

250 1

200 A

150 A

100 A

Figure 3.3 Target variable counts after SMOTE.
3.4 Principal Component Analysis (PCA)

PCA is a technique used to reduce the number of dimensions within a dataset while preserving
essential information in the data [39]. This is achieved through the identification of principal
components, which are the directions along which the data exhibits the most significant variation.
The interrelationships between features are discerned using the correlation matrix, and eigen
decompositionis used to obtain the eigenvectors and eigenvalues. The eigenvectors represent the
principal components, while the eigenvalues signify the variances associated with these

components. Typically, the largest eigenvectors, corresponding to the principal components, are
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retained, while those with smaller eigenvalues, indicating less variance, are discarded [40]. In this
work, the initial 30 features were reduced to 2, 5, 10, and 15 features as a tradeoff between
dimensionality reduction and information preservation. To assess the dimensionality reduction and
the retention of information, the cumulative variance ratio is employed and this is given in Table
3.2.

Table 3.2 Cumulative variance ratio of the principal components.

Principal Component Number | Cumulative Variance Ratio
1 0.43
2 0.63
3 0.72
4 0.79
5 0.84
6 0.88
7 0.91
8 0.92
9 0.93
10 0.95
11 0.96
12 0.97
13 0.97
14 0.98
15 0.98
16 0.98
17 0.99
18 0.99
19 0.99
20 0.99
21 0.99
22 0.99
23 0.99
24 0.99
25 0.99
26 0.99
27 0.99
28 0.99
29 0.99
30 1.00
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The Cumulative variance ratio indicates how much of the total variance is explained by a given
number of principal components. It is useful in determining how many principal components to
retain in order to achieve as much information preservation as possible while reducing the

dimensionality of the data.

For each principal component, the ratio of its eigenvalue to the total sum of all eigenvalues is
calculated. This gives the proportion of the total variance explained by that principal component
which is also known as the individual variance ratio. Then, the cumulative sum of these variance
ratios is computed which indicates the amount of variance explained by the first, second, thirdand
so on, principal components. The goal is to retain as much variance as possible while effectively

reducing the dimensionality of the data, ensuring that essential information remains.

Figure 3.4 shows the individual and cumulative variance ratios for the principal components.
Principal component 1 contributes the most (0.43), with subsequent components having
diminishing contributions. For the cumulative variance ratios, there is a rapid initial increase with
the first 15 components having 98% of the variance. This is followed by a slow increase in the

cumulative variance ratio.
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Principal Components

Figure 3.4 Individual and cumulative variance ratios.
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3.5 Machine Learning Algorithms

The ML algorithms considered in this project are given below.

3.5.1 Logistic Regression

Logistic Regression is a widely used algorithm due to its simplicity and interpretability. It is
efficient for binary classification tasks, where it can help identify the likelihood of a tumor being
malignant or benign [41]. The algorithm models the relationship between the dependent binary
variable and one or more independent variables by estimating probabilities using the logistic
function. The result is a sigmoid-shaped curve that maps any real-valued number into a range
between 0 and 1. This output is interpreted as the probability of the instance belonging to the

positive (malignant) class.

3.5.2 Decision Tree

Decision Tree is a supervised ML algorithm used for both classification and regression tasks. It
recursively splits the dataset into subsets based on the most significant feature at each node,
forming a tree-like structure of decisions. Each internal node represents a decision based on a
specific feature, and each leaf node represents the predicted outcome. Decision Tree can provide
insights into the decision-making process for diagnosing cancer, making it valuable for both

healthcare professionals and patients [42].

3.5.3 Random Forest

Random Forest is an ensemble technique that combines multiple decision trees to improve
prediction accuracy. Each tree is trained on a random subset of the features and a random subset
of the training data which reduces the probability of overfitting and enhances the model robustness.
This technique is known for its accuracy, resilience to overfitting, and suitability for a wide range
of tasks. Random Forest can handle high-dimensional data effectively making it a robust choice
for classification tasks [43].

3.5.4 Support Vector Machine (SVM)

SVM is a powerful algorithm to predict both continuous and discrete data. It works by finding the
hyperplane that best separates malignant and benign cases, maximizing the margin between the

two classes. SVM is particularly effective when dealing with complex and nonlinear data [44].
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3.5.5 Naive Bayes

Naive Bayes is a probabilistic ML algorithm based on Bayes’ Theorem. It is particularly effective
for classification tasks. The algorithm computes the probability of a class given a set of features
and selects the class with the highest probability as the predicted class. Despite its simplicity, it
performs well with high-dimensional datasets [45]. It is widely used in text classification, spam
filtering, and applications where probability-based decisions are required.

3.5.6 K-Nearest Neighbors (KNN)

KNN is a simple and intuitive machine learning algorithm used for both classification and
regression tasks. It classifies tumors based on the class of its nearest neighbors in feature space.
The algorithm calculates distances, typically Euclidean distances, to find the K nearest data points
and assigns the majority class among them to the new data point. KNN can be effective when data
is clustered [46].
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Chapter 4 ML Algorithm Performance Evaluation

specifications given in Table 4.1.

In this chapter the performance of six supervised ML algorithms, namely Logistic
Regression, Decision Tree, Random Forest, SVM, Naive Bayes, and KNN are evaluated.

The results were obtained using a personal computer with the hardware and software

Table 4.1 The hardware and software parameters.

ltem Parameter
Manufacturer HP
Model Probook 450 G8 Notebook PC

Operating System

Windows 11 Home 64 bit

Processor Type

11" Gen Intel(R) Core (TM) i5-1135G7

Installed Memory (RAM)

16 GB

Processor Speed 2.42 GHz
Number of Cores 4
Number of Threads 8

Python Version 3.10.9
Jupyter Notebook Version 6.5.2

4.1 Evaluation Metrics

Accuracy =

The metrics used to evaluate ML models are described in this section. True Positive (TP) is
the number of instances that the model correctly predicts as in the positive class, indicating
correct identification of, for instance, malignant tumors in cancer prediction. True Negative
(TN) is the number of instances where the model correctly predicts as in the negative class,
indicating correct identification of, for instance, benign tumors in cancer prediction. False
Positive (FP) occurs when the model wrongly predicts the positive class, indicating an
erroneous identification of malignancy in cancer prediction. Conversely, False Negative (FN)
occurs when the model incorrectly predicts the negative class, missing instances of actual
malignancy in cancer prediction. Accuracy is the ratio of the number of correctly predicted

instances to the total number of instances in the dataset and is given by [47]

TN + TP
TN + TP+FN + FP
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Precision is crucial whenthe cost of FP is high, as it assesses the model ability to avoid false alarms

and is given by [48]

Precision =
TP+ FP
Recall is given by [49]
Recall = i
TP+ FN

F1-score is the harmonic mean of precisionand recall, providing a single value that considers both
FP and FN and is given by [50]

Precision x Recall

F1-score =2x

Precision+Recall

Execution time is the time taken to traina model. A shorter execution times is generally preferred,

especially in real-time or resource-constrained environments [51].
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4.2 Performance with 80/20 split using 2 features

Each model was trained on 80% of the data and tested on the remaining 20% using 2 features. The
results are given in Table 4.2. Logistic Regression had the highest accuracy, precision, recall and
F1-score at 92.1%, 88.0%, 93.6%, and 90.7%, followed by KNN at 91.2%, 89.3%, 89.4%, 89.3%,
Decision Tree at 90.4, 86.0%, 91.5%, 88.7%, Random Forest at 90.4%, 87.5%, 89.4%, 88.4%,
Naive Bayes at 90.4%, 87.5%, 89.4%, 88.4%, and SVM at 89.5%, 85.7%, 89.4%, 87.5%. Naive
Bayes had the lowest execution time at 2.60 ms, followed by KNN at 3.11 ms, Decision Tree at
6.08 ms, SVM at 10.08 ms, Logistic Regression at 12.10 ms, and Random Forest at 513.6 ms.

Table 4.2 Performance with 80/20 split using 2 features.

Classifier Accuracy | Precision | Recall = Fl-score = Execution
(%) (%) (%) (%) Time (ms)

Logistic 92.1 88.0 93.6 90.7 12.10
Regression
Decision Tree 90.4 86.0 915 88.7 6.08
Random Forest | 90.4 87.5 89.4 88.4 513.6
SVM 89.5 85.7 89.4 87.5 10.08
Naive Bayes 90.4 87.5 89.4 88.4 2.60
KNN 91.2 89.3 89.4 89.3 3.11
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4.3 Performance with 80/20 split using 5 features

Each model was trained on 80% of the dataand tested on the remaining 20% using 5 features. The
results are given in Table 4.3. Logistic Regression, SVM and KNN had the highest accuracy,
precision, recall, and F1-score at 95.6%, 95.7%, 93.6%, 94.6%, and 95.6%, 95.7%, 93.6%, 94.6%,
and 95.6%, 100%, 89.4%, 94.4%, followed by Decision Tree at 93.0%, 88.2%, 95.7%, 91.8%, and
Random Forest at 93.0%, 91.5%, 91.5%, 91.5%, and Naive Bayes at 92.1%, 93.2%, 87.2%, 90.1%.
Naive Bayes had the lowest execution time at 2.00 ms, followed by KNN at 3.01 ms, Decision
Tree at 6.01 ms, SVM at 10.99 ms, Logistic Regressionat 15.04 ms, and Random Forest at 582.7

ms.

Table 4.3 Performance with 80/20 split using 5 features.

Classifier Accuracy | Precision | Recall = Fl-score | Execution
(%) (%) (%) (%) | Time (ms)

Logistic 95.6 95.7 93.6 94.6 15.04
Regression
Decision Tree 93.0 88.2 95.7 91.8 6.01
Random Forest | 93.0 91.5 91.5 91.5 582.7
SVM 95.6 95.7 93.6 94.6 10.99
Naive Bayes 92.1 93.2 87.2 90.1 2.00
KNN 95.6 100 89.4 94.4 3.01
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4.4 Performance with 80/20 split using 10 features

Each model was trained on 80% of the data and tested on the remaining 20% using 10 features.
The results are given in Table 4.4. SVM had the highest accuracy, precision, recall, and F1-score
at 98.2%, 100%, 95.7%, and 97.8%, followed by KNN at 96.5%, 100%, 91.5%, 95.6%, and
Logistic Regression at 94.7%, 93.6%, 93.6%, 93.6%, and Random Forest at 93.9%, 95.5%, 89.4%,
92.3%, and Naive Bayes at 91.2%, 91.1%, 87.2%, 89.1%, and Decision Tree at 90.4%, 84.6%,
93.6%, 88.9%. Naive Bayes had the lowest execution time at 2.99 ms, followed by KNN at 3.01
ms, SVM at 9.99 ms, Decision Tree at 14.00 ms, Logistic Regression at 14.41 ms, and Random
Forest at 707.9 ms.

Table 4.4 Performance with 80/20 split using 10 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 94.7 93.6 93.6 93.6 14.41

Regression

Decision Tree 90.4 84.6 93.6 88.9 14.00

Random Forest | 93.9 95.5 89.4 92.3 707.9

SVM 98.2 100 95.7 97.8 9.99

Naive Bayes 91.2 91.1 87.2 89.1 2.99

KNN 96.5 100 91.5 95.6 3.01
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4.5 Performance with 80/20 split using 15 features

Each model was trained on 80% of the data and tested on the remaining 20% using 15 features.
The resultsare given in Table 4.5. SVM had the highestaccuracy, precision, recall,and F1-score
at 97.4%, 97.8%, 95.7%, and 96.7%, followed by Logistic Regression at 96.5%, 95.7%, 95.7%,
95.7%, and KNN at 95.6%, 100%, 89.4%, 94.4%, and Random Forest at 93%, 95.3%, 87.2%,
91.0%, and Naive Bayes at 92.1%, 91.3%, 89.4%, 90.3%, and Decision Tree at 91.2%, 86.2%,
93.6%, 89.7%. Naive Bayes and KNN had the lowest execution time at 1.00 ms, followed by SVM
at2.99 ms, Decision Tree at 9.00 ms, Logistic Regression at 10.16 ms, and Random Forest at 252.8

ms.

Table 4.5 Performance with 80/20 split using 15 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.5 95.7 95.7 95.7 10.16

Regression

Decision Tree 91.2 86.2 93.6 89.7 9.00

Random Forest | 93.0 95.3 87.2 91.0 252.8

SVM 97.4 97.8 95.7 96.7 2.99

Naive Bayes 92.1 91.3 89.4 90.3 1.00

KNN 95.6 100 89.4 94.4 1.00
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4.6 Performance with 70/30 split using 2 features

Each model was trained on 70% of the data and tested on the remaining 30% using 2 features. The
resultsare given in Table 4.6. Logistic Regression had the highestaccuracy, precision, recall, and
F1-score at 93.6%, 89.4%, 93.7%, and 91.5%, followed by Random Forest at 91.2%, 87.5%,
88.9%, 88.1%, and KNN at 91.2%, 88.7%, 87.3%, 88.0%, and Decision Tree at 90.1%, 81.9%,
93.7%, 87.4%, and SVM at 90.1%, 86.0%, 87.3%, 86.7%, and Naive Bayes at 89.5%, 84.6%,
87.3%, 85.9%. Naive Bayes and KNN had the lowest execution time at 0.99 ms, followed by
Decision Tree at 1.99 ms, SVM at 2.99 ms, Logistic Regression at 5.99 ms, and Random Forest at
170.6 ms.

Table 4.6 Performance with 70/30 split using 2 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 93.6 89.4 93.7 91.5 5.99

Regression

Decision Tree 90.1 81.9 93.7 87.4 1.99

Random Forest | 91.2 87.5 88.9 88.1 170.6

SVM 90.1 86.0 87.3 86.7 2.99

Naive Bayes 89.5 84.6 87.3 85.9 0.99

KNN 91.2 88.7 87.3 88.0 0.99
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4.7 Performance with 70/30 split using 5 features

Each model was trained on 70% of the data and tested on the remaining 30% using 5 features. The
resultsare given in Table 4.7. Logistic Regression had the highest accuracy, precision, recall, and
F1-score at 97.1%, 96.8%, 95.2%, and 96.0%, followed by SVM at 95.9%, 95.1%, 93.7%, 94.4%,
and KNN at 95.3%, 96.6%, 90.4%, 93.4%, and Decision Tree at 94.7%, 88.6%, 98.4%, 93.2%,
and Random Forest at 93.0%, 89.2%, 92.0%, 90.6%, and Naive Bayes at 91.2%, 90.0%, 85.7%,
87.8%. KNN had the lowest execution time at 0.99 ms, followed by Naive Bayes at 1.00 ms, SVM

and Decision Tree at 3.01 ms, Logistic Regression at 7.26 ms, and Random Forest at 194.0 ms.

Table 4.7 Performance with 70/30 split using 5 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 97.1 96.8 95.2 95.0 7.26

Regression

Decision Tree 94.7 88.6 98.4 93.2 3.01

Random Forest | 93.0 89.2 92.0 90.6 194.0

SVM 95.9 95.1 93.7 94.4 3.01

Naive Bayes 91.2 90.0 85.7 87.8 1.00

KNN 95.3 96.6 90.4 93.4 0.99
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4.8 Performance with 70/30 split using 10 features

Each model was trained on 70% of the data and tested on the remaining 30% using 10 features.
The results are given in Table 4.8. SVM had the highest accuracy, precision, recall, and F1-score
at 97.7%, 98.4%, 95.2%, and 96.8%, followed by KNN at 95.9%, 98.2%, 90.5%, 94.2%, Logistic
Regression at 95.9%, 94.8%, 95.23%, 94.5%, Decision Tree at 91.2%, 86.4%, 90.5%, 88.4%,
Random Forestat 91.2%, 87.5%, 88.9%, 88.2%, and Naive Bayes at 91.2%, 88.7%, 87.3%, 88.0%.
Naive Bayes had the lowest executiontime at 0.99 ms, followed by KNN at 1.01 ms, SVM at 3.00

ms, Decision Tree at 3.65 ms, Logistic Regression at 9.96 ms, and Random Forest at 239.1 ms.

Table 4.8 Performance with 70/30 split using 10 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 95.9 93.8 95.2 94.5 9.96

Regression

Decision Tree 91.2 86.4 90.5 88.4 3.65

Random Forest | 91.2 87.5 88.9 88.2 239.1

SVM 97.7 98.4 95.2 96.8 3.00

Naive Bayes 91.2 88.7 87.3 88.0 0.99

KNN 95.9 98.2 90.5 94.2 1.01

27



4.9 Performance with 70/30 split using 15 features

Each model was trained on 70% of the data and tested on the remaining 30% using 15 features.
The resultsare given in Table 4.9. Logistic Regression had the highest accuracy, precision, recall,
and F1-score at 97.7%, 98.4%, 95.2%, 96.8%, followed by SVM at 97.1%, 96.8%, 95.2%, 96.0%,
KNN at 93.6%, 96.4%, 85.7%, 90.7%, Decision Tree at 92.4%, 86.8%, 93.7%, 90.11%, Random
Forest at 91.8%, 87.7%, 90.5%, 89.0%, and Naive Bayes at 91.8%, 88.9%, 88.9%, 88.9%. Naive
Bayes and KNN had the lowest execution time at 0.99 ms, followed by SVM at 2.01 ms, Decision

Tree at 4.99 ms, Logistic Regression at 10.45 ms, and Random Forest at 240.0 ms.

Table 4.9 Performance with 70/30 Split using 15 features.

Classifier Accuracy | Precision | Recall | F1-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 97.7 98.4 95.2 96.8 10.45

Regression

Decision Tree 92.4 86.8 93.7 90.11 4.99

Random Forest | 91.8 87.7 90.5 89.0 240.0

SVM 97.1 96.8 95.2 96.0 2.01

Naive Bayes 91.8 88.9 88.9 88.9 0.99

KNN 93.6 96.4 85.7 90.7 0.99
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4.10 Performance with 50/50 split using 2 features

Each model was trained on 50% of the dataand tested on the remaining 50% using 2 features. The
resultsare given in Table 4.10. Logistic Regression had the highest accuracy, precision, recall, and
F1-score at 94.4%, 92.0%, 92.0%, and 92.0%, followed by KNN at 91.9%, 90.6%, 86.1%, 88.3%,
Random Forest at 91.6%, 88.9%, 87.1%, 88.0%, SVM at 91.6%, 89.7%, 86.1%, 87.9%, Naive
Bayes at 91.2%, 88.8%, 86.1%, 87.4%, and Decision Tree at 89.8%, 86.0%, 85.1%, 85.6%. SVM
and Naive Bayes had the lowest execution time at 0.99 ms, followed by KNN at 1.00 ms, Decision

Tree at 1.51 ms, Logistic Regression at 5.50 ms, and Random Forest at 143.0 ms.

Table 4.10 Performance with 50/50 split using 2 features.

Classifier Accuracy | Precision | Recall = Fl-score @ Execution
(%) (%) (%) (%) Time
(ms)

Logistic 94.4 92.0 92.0 92.0 5.50

Regression

Decision Tree 89.8 86.0 85.1 85.6 1.51

Random Forest | 91.6 88.9 87.1 88.0 143.0

SVM 91.6 89.7 86.1 87.9 0.99

Naive Bayes 91.2 88.8 86.1 87.4 0.99

KNN 91.9 90.6 86.1 88.3 1.00
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4.11 Performance with 50/50 split using 5 features

Each model was trained on 50% of the data and tested on the remaining 50% using 5 features. The
resultsare given in Table 4.11. Logistic Regression had the highest accuracy, precision, recall, and
F1-score at 96.5%, 97.0%, 93.0%, and 95.0%, followed by SVM at 95.4%, 94.9%, 92.0%, 93.4%,
KNN at 95.1%, 95.8%, 90.0%, 92.8%, Random Forest at 93%, 90.9%, 89.1%, 90.0%, Naive Bayes
at 93.0%, 93.5%, 86.1%, 89.6%, and Decision Tree at 90.2%, 88.4%, 83.1%, 85.7%. Naive Bayes
and KNN had the lowest execution timeat 1.00 ms, followed by Decision Tree at 2.09 ms, SVM

at 2.99 ms, Logistic Regression at 8.01 ms, and Random Forest at 167.1 ms.

Table 4.11 Performance with 50/50 split using 5 features.

Classifier Accuracy | Precision | Recall | F1-score Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.5 97.0 93.0 95.0 8.01

Regression

Decision Tree 90.2 88.4 83.1 85.7 2.09

Random Forest | 93.0 90.9 89.1 90.0 167.1

SVM 95.4 94.9 92.0 93.4 2.99

Naive Bayes 93.0 93.5 86.1 89.6 1.00

KNN 95.1 95.8 90.0 92.8 1.00
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4.12 Performance with 50/50 split using 10 features

Each model was trained on 50% of the data and tested on the remaining 50% using 10 features.
The resultsare given in Table 4.12. Logistic Regression had the highest accuracy, precision, recall,
and F1-score at 97.2%, 96.0%, 96.0%, and 96.0%, followed by SVM at 96.5%, 96.0%, 94.0%,
95.0%, KNN at 94%, 96.7%, 86.1%, 91.0%, Random Forest at 92.3%, 89.9%, 88.1%, 89.0%, and
Naive Bayes at 91.9%, 91.5%, 85.1%, 88.1%, and Decision Tree at 90.5%, 86.2%, 87.1%, 86.7%.
KNN had the lowest executiontime at 0.99 ms, followed by Naive Bayes at 1.00 ms, SVM at 2.00

ms, Decision Tree at 2.99 ms, Logistic Regression at 7.60 ms, and Random Forest at 179.9 ms.

Table 4.12 Performance with 50/50 split using 10 features.

Classifier Accuracy | Precision | Recall | F1-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 97.2 96.0 96.0 96.0 7.60

Regression

Decision Tree 90.5 86.2 87.1 86.7 2.99

Random Forest | 92.3 89.9 88.1 89.0 179.9

SVM 96.5 96.0 94.0 95.0 2.00

Naive Bayes 91.9 91.5 85.1 88.1 1.00

KNN 94.0 96.7 86.1 91.0 0.99
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4.13 Performance with 50/50 split using 15 features

To determine the performance of the models, the same dataset was used for several algorithms.
Each model was trained on 50% of the data and tested on the remaining 50% using 15 features.
The resultsare given in Table 4.13. Logistic Regression had the highest accuracy, precision, recall,
and F1-score at 97.9%, 98.0%, 96.0%, and 97.0%, followed by SVM at 97.2%, 97.0%, 95.0%,
96.0%, KNN at 94.7%, 97.8%, 87.1%, 92.1%, Naive Bayes at 92.3%, 92.4%, 85.1%, 88.6%,
Random Forest at 91.9%, 88.2%, 89.1%, 88.6%, and Decision Tree at 91.2%, 88.8%, 86.1%,
87.4%. KNN had the lowest executiontime at 0.98 ms, followed by Naive Bayes at 1.04 ms, SVM
at 1.96 ms, Decision Tree at 3.99 ms, Logistic Regression at 8.42 ms, and Random Forest at 203.7

ms.

Table 4.13 Performance with 50/50 split using 15 features.

Classifier Accuracy | Precision | Recall | F1-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 97.9 98.0 96.0 97.0 8.42

Regression

Decision Tree 91.2 88.8 86.1 87.4 3.99

Random Forest | 91.9 88.2 89.1 88.6 203.7

SVM 97.2 97.0 95.0 96.0 1.96

Naive Bayes 92.3 924 85.1 88.6 1.04

KNN 94.7 97.8 87.1 92.1 0.98
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4.14 Performance with 30/70 split using 2 features

Each model was trained on 30% of the dataand tested on the remaining 70% using 2 features. The
results are given in Table 4. 14. Logistic Regression had the highest accuracy, precision, recall,
and F1-score at 94.2%, 93.6%, 90.4%, and 92.0%, followed by SVM at 92.7%, 92.7%, 87.0%,
89.8%, KNN at 92.5%, 92.6%, 86.3%, 89.3%, Decision Tree at 92.2%, 92.0%, 86.3%, 89.0%,
Random Forest at 92%, 90.1%, 87.7%, 88.9%, and Naive Bayes at 91.2%, 90.5%, 85.0%, 87.7%.
KNN had the lowest executiontime at 0.94 ms, followed by SVM at 0.98 ms, Naive Bayes at 1.00

ms, Decision Tree at 2.00 ms. Logistic Regression at 3.99 ms, and Random Forest at 98.19 ms.

Table 4.14 Performance with 30/70 split using 2 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 94.2 93.6 90.4 92.0 3.99

Regression

Decision Tree 92.2 92.0 86.3 89.0 2.00

Random Forest | 92.0 90.1 87.7 88.9 98.19

SVM 92.7 92.7 87.0 89.8 0.98

Naive Bayes 91.2 90.5 85.0 87.7 1.00

KNN 92.5 92.6 86.3 89.3 0.94
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4.15 Performance with 30/70 split using 5 features

Each model was trained on 30% of the data and tested on the remaining 70% using 5 features. The
resultsare given in Table 4. 15. Logistic Regression and SVM had the highest accuracy, precision,
recall, and F1-score at 95.7%, 97.0%, 91.0%, 94.0%, and 95.7%, 97.0%, 91.0%, 94.0%, followed
by KNN at 93.2%, 94.0%, 87.0%, 90.4%, Decision Tree at 92.5%, 92.6%, 86.3%, 89.3%, Random
Forest at 91.5%, 88.4%, 88.4%, 88.4%, and Naive Bayes at 91.2%, 90.5%, 85.0%, 87.7%.
Decision Tree, Naive Bayes, and KNN had the lowest execution time at 0.99 ms, followed by

SVM at 1.00 ms, Logistic Regression at 5.01 ms, and Random Forest at 106.9 ms.

Table 4.15 Performance with 30/70 split using 5 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 95.7 97.0 91.0 94.0 5.01

Regression

Decision Tree 92,5 92.6 86.3 89.3 0.99

Random Forest | 91.5 88.4 88.4 88.4 106.9

SVM 95.7 97.0 91.0 94.0 1.00

Naive Bayes 91.2 90.5 85.0 87.7 0.99

KNN 93.2 94.0 87.0 90.0 0.99

34



4.16 Performance with 30/70 split using 10 features

Each model was trained on 30% of the data and tested on the remaining 70% using 10 features.
The results are given in Table 4. 16. Logistic Regression the highest accuracy, precision, recall,
and F1-score at 96.7%, 97.8%, 93.1%, 95.4%, followed by SVM at 96.2%, 97.1%, 92.5%, 94.7%,
KNN at 94.5%, 97.7%, 87.0%, 92.0%, Decision Tree at 92.0%, 91.3%, 86.3%, 88.7%, Random
Forest at 91.7%, 89.0%, 88.4%, 88.7%, and Naive Bayes at 91.0%, 91.0%, 83.6%, 87.1%. KNN
had the lowest execution time at 1.00 ms, followed by Naive Bayes at 1.01 ms, SVM at 1.07 ms,

Decision Tree at 1.90 ms, Logistic Regression 7.09 ms, and Random Forest at 157.6 ms.

Table 4.16 Performance with 30/70 split using 10 features.

Classifier Accuracy | Precision | Recall | F1-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.7 97.8 93.1 95.4 7.09

Regression

Decision Tree 92.0 91.3 86.3 88.7 1.90

Random Forest | 91.7 89.0 88.4 88.7 157.6

SVM 96.2 97.1 92.5 94.7 1.07

Naive Bayes 91.0 91.0 83.6 87.1 1.01

KNN 94.5 97.7 87.0 92.0 1.00
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4.17 Performance with 30/70 split using 15 features

Each model was trained on 30% of the data and tested on the remaining 70% using 15 features.
The results are given in Table 4. 17. Logistic Regression the highest accuracy, precision, recall,
and F1-score at 96.5%, 97.1%, 93.1%, 95.0%, followed by SVM at 96.0%, 96.4%, 92.5%, 94.4%,
KNN at 94.2%, 97.0%, 87.0%, 91.7%, Decision Tree at 92.2%, 92.0%, 86.3%, 89.0%, Random
Forest at 91.7%, 89.0%, 88.3%, 88.6%, and Naive Bayes at 90.7%, 91.0%, 82.3%, 86.4%. Naive
Bayes and KNN had the lowest execution time at 0.99 ms, followed by SVM at 1.01 ms, Decision

Tree at 1.99 ms, Logistic Regression at 5.99 ms, and Random Forest at 181.5 ms.

Table 4.17 Performance with 30/70 split using 15 features.

Classifier Accuracy | Precision | Recall | F1-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.5 97.1 93.1 95.0 5.99

Regression

Decision Tree 92.2 92.0 86.3 89.0 1.99

Random Forest | 91.7 89.0 88.3 88.6 181.5

SVM 96.0 96.4 92.5 94.4 1.01

Naive Bayes 90.7 91.0 82.3 86.4 0.99

KNN 94.2 97.0 87.0 91.7 0.99
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4.18 Performance with 20/80 split using 2 features

Each model was trained on 20% of the data and tested on the remaining 80% using 2 features. The
results are given in Table 4. 18. Logistic Regression the highest accuracy, precision, recall, and
F1-score at 93.0%, 94.1%, 86.4%, 90.0%, followed by KNN at 92.5%, 92.5%, 87.0%, 90.0%,
SVM at 92.3%, 94.0%, 84.6%, 89.0%, Random Forest at 91.5%, 89.6%, 87.0%, 88.2%, Decision
Tree at 91.0%, 88.6%, 87.0%, 87.8%, and Naive Bayes at 89.7%, 88.1%, 83.4%, 85.7%. SVM had
the lowest execution time at 0.94 ms, followed by KNN at 0.99 ms, Naive Bayes at 1.04 ms,

Decision Tree at 1.19 ms, Random Forest at 3.76 ms, and Random Forest at 127.6 ms.

Table 4.18 Performance with 20/80 split using 2 features.

Classifier Accuracy | Precision | Recall | F1-score Execution
(%) (%) (%) (%) Time
(ms)

Logistic 93.0 94.1 86.4 90.0 3.76

Regression

Decision Tree 91.0 88.6 87.0 87.8 1.19

Random Forest | 91.5 89.6 87.0 88.2 127.6

SVM 92.3 94.0 84.6 89.0 0.94

Naive Bayes 89.7 88.1 83.4 85.7 1.04

KNN 92.5 92.5 87.0 90.0 0.99
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4.19 Performance with 20/80 split using 5 features

Each model was trained on 20% of the data and tested on the remaining 80% using 5 features. The
results are given in Table 4. 19. Logistic Regression the highest accuracy, precision, recall, and
F1-score at 96.1%, 96.9%, 92.3%, 94.5%, followed by SVM at 94.3%, 95.0%, 89.3%, 92.0%,
KNN at 92.5%, 94.7%, 84.6%, 89.4%, Decision Tree at 91.7%, 90.7%, 86.4%, 88.5%, Random
Forest at 91.4%, 89.6%, 87.0%, 88.2%, and Naive Bayes at 90.8%, 89.4%, 85.2%, 87.2%. SVM
had the lowest executiontime at 0.98 ms, followed by KNN at 0.99 ms, Decision Tree at 1.00 ms,

Naive Bayes at 1.02 ms, Logistic Regression at 4.99 ms, and Random Forest at 107.5 ms.

Table 4.19 Performance with 20/80 split using 5 features.

Classifier Accuracy | Precision | Recall = Fl-score @ Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.1 96.9 92.3 94.5 4.99

Regression

Decision Tree 91.7 90.7 86.4 88.5 1.00

Random Forest | 91.4 89.6 87.0 88.2 107.5

SVM 94.3 95.0 89.3 92.0 0.98

Naive Bayes 90.8 89.4 85.2 87.2 1.02

KNN 92.5 94.7 84.6 89.4 0.99
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4.20 Performance with 20/80 split using 10 features

Each model was trained on 20% of the data and tested on the remaining 80% using 10 features.
The resultsare given in Table 4.20. Logistic Regression had the highest accuracy, precision, recall,
and F1-score at 96.7%, 98.1%, 92.9%, 95.4%, followed by SVM at 95.6%, 96.9%, 91.1%, 93.9%,
KNN at 92.8%, 95.9%, 84.0%, 90.0%, Decision Tree at 91.7%, 93.3%, 83.4%, 88.0%, Random
Forest at 91.0%, 89.0%, 86.4%, 87.7%, and Naive Bayes at 90.4%, 89.3%, 84.0%, 86.6%. Naive
Bayes had the lowest execution time at 0.67 ms, followed by KNN at 1.00 ms, Decision Tree at
2.00 ms, SVM at 2.01 ms, Logistic Regression at 6.13 ms, and Random Forest at 131.7 ms.

Table 4.20 Performance with 20/80 split using 10 features.

Classifier Accuracy | Precision | Recall @ Fl-score | Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.7 98.1 92.9 95.4 6.13

Regression

Decision Tree 91.7 93.3 83.4 88.0 2.00

Random Forest | 91.0 89.0 86.4 87.7 131.7

SVM 95.6 96.9 91.1 93.9 2.01

Naive Bayes 90.4 89.3 84.0 86.6 0.67

KNN 92.8 95.9 84.0 90.0 1.00
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4.21 Performance with 20/80 split using 15 features

Each model was trained on 20% of the data and tested on the remaining 80% using 15 features.
The results are given in Table 4.21. Logistic Regression the highest accuracy, precision, recall,
and F1-score at 96.3%, 97.0%, 92.9%, 95.0%, followed by SVM at 95.8%, 97.5%, 91.1%, 94.1%,
KNN at 93.4%, 97.3%, 84.6%, 90.5%, Random Forest at 91.4%, 90.6%, 85.8%, 88.1%, Decision
Tree at 89.7%, 89.1%, 82.2%, 85.5%, and Naive Bayes at 89.5%, 88.0%, 82.8%, 85.3%. KNN had
the lowest execution time at 0.78 ms, SVM at 0.89 ms, Naive Bayes at 1.02 ms, Decision Tree at

2.01 ms, Logistic Regression at 3.98 ms, and Random Forest at 107.9 ms.

Table 4.21 Performance with 20/80 split using 15 features.

Classifier Accuracy | Precision | Recall = Fl-score @ Execution
(%) (%) (%) (%) Time
(ms)

Logistic 96.3 97.0 92.9 95.0 3.98

Regression

Decision Tree 89.7 89.1 82.3 85.5 2.05

Random Forest | 91.4 90.6 85.8 88.1 107.9

SVM 95.8 97.5 91.1 94.1 0.89

Naive Bayes 89.5 88.0 82.8 85.3 1.02

KNN 934 97.3 84.6 90.5 0.78

4.22 Discussion

Figure 4.22.1 presents the accuracy of six ML models (Logistic Regression, Decision Tree,
Random Forest, SVM, Naive Bayes, and KNN) with five data splitting ratios (80-20, 70-30, 50-
50, 30-70, and 20-80) using 2 features.

For the 80/20 splitusing 2 features, Logistic Regression achieved the highest accuracy of 92.1%,
with execution time of 12.10 ms. KNN attained the second-highest accuracy of 91.2% with an
executiontime of 3.11 ms. Decision Tree, Naive Bayes, and Random Forest were all ranked third,
and SVM sixth. In terms of execution time, Naive Bayes was the fastest model with 2.60 ms. The

slowest model was Random Forest, with an execution time of 513.6 ms.
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For the 70/30 split using 2 features, Logistic Regression achieved the highest accuracy of 93.6%
with an execution time of 5.99 ms. KNN and Random Forest were second with both having an
accuracy of 91.2%. Decision Tree and SVM were fourth, while Naive Bayes was sixth. The fastest
models in terms of execution time, both at 0.99 ms, were Naive Bayes and KNN. The slowest

model was Random Forest with an execution time of 170.6 ms.

For the 50/50 splitusing 2 features, Logistic Regression achieved the highest accuracy of 94.4%,
with an execution time of 5.50 ms. KNN attained the second-highest accuracy of 91.9% with an
execution time of 0.99 ms. SVM and Random Forest were ranked third as both achieved the same
accuracy of 91.6%. Naive Bayes was third, while Decision Tree was fourth. In terms of execution
time, Naive Bayes was the fastest model with 0.99 ms. The slowest model was Random Forest

with an execution time of 143.0 ms.

For the 30/70 splitusing 2 features, Logistic Regression achieved the highest accuracy of 94.2%,
with an execution time of 3.99 ms. SVM attained the second-highest accuracy of 92.7% with an
execution time of 0.98 ms. KNN secured the third-highest accuracy of 92.5%, followed by
Decision Tree with an accuracy of 92.2%, Random Forest with 92.0%, and Naive Bayes with
91.2% accuracy. In terms of execution time, KNN was the fastest model with 0.94 ms. The slowest

model was the Random Forest, with an execution time of 98.19 ms.

For the 20/80 split using 2 features, Logistic Regression achieved the highest accuracy of 93%
with an execution time of 3.76 ms, while KNN attained the second-highest accuracy of 92.5% with
an execution time of 0.99 ms. SVM secured the third-highest accuracy of 92.3%, followed by
Random Forest with 91.5%, Decision Tree with 91.0%, and Naive Bayes with 89.7% accuracy. In
terms of execution time, SVM was the fastest model with 0.94 ms. The slowest model was Random
Forest, with an execution time of 127.6 ms.

By comparing all splits using 2 features, the highest accuracy is 94.4% obtained by Logistic
Regression with 5.50 ms execution time and a 50/50 split. The lowest execution time is 0.94 ms
obtained by KNN with an accuracy of 92.5% and a 30/70 split.
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Figure 4.22.1 Machine learning model performance using 2 features.

Figure 4.22.2 presents the accuracy of six ML models (Logistic Regression, Decision Tree,
Random Forest, SVM, Naive Bayes, and KNN) with five data splitting ratios (80/20, 70/30, 50/50,
30/70, and 20/80) using 5 features.

For the 80/20 split using 5 features, Logistic Regression, SVM, and KNN achieved the highest
accuracy of 95.6% with execution times of 15.04 ms, 10.99 ms, and 3.01 ms, respectively.
Decision Tree and Random Forest attained the second-highest accuracy of 93.0%, while Naive
Bayes achieved the third-highest accuracy of 92.1%. In terms of execution time, KNN was the
fastest model with 2.60 ms. The slowest model was Random Forest, with an execution time of
582.7 ms.

For the 70/30 splitusing 5 features, Logistic Regression achieved the highest accuracy of 97.1%,
with an execution time of 7.26 ms, while SVM achieved the second-highest accuracy of 95.9%,
with an execution time of 3.01 ms. KNN had the third-highest accuracy of 95.3%, with an
execution time of 0.99 ms. Decision Tree ranked fifth with 94.7%, Random Forest placed fifth
with 93.0%, and Naive Bayes sixth with 91.2% accuracy. In terms of execution time, KNN was
the fastest model with 0.99 ms. Random Forest was the slowest model with an execution time of
194.0 ms.
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For the 50/50 splitusing 5 features, Logistic Regression achieved the highest accuracy of 96.5%,
with an execution time of 8.01 ms. SVM had the second-highest accuracy of 95.4%, with an
execution time of 2.99 ms. KNN had the third-highest accuracy of 95.1%, with an execution time
of 1.00 ms. Random Forest and Naive Bayes were fourth place with 93.0%, while Decision Tree
ranked sixth with 90.2% accuracy. In terms of execution time, KNN and Naive Bayes were the
fastest models, both having an execution time of 1.00 ms. The slowest model was Random Forest

with an execution time of 167.1 ms.

For the 30/70 split using 5 features, SVM and Logistic Regression achieved the highest accuracy
of 95.7%, with execution times of 1.00, and 5.01 ms, respectively. KNN attained the third-highest
accuracy of 93.2%, with an execution time of 0.99 ms. Decision Tree ranked fourth with 92.5%,
Random Forest fifth with 91.5%, and Naive Bayes sixth with 91.2% accuracy. In terms of
executiontime, KNN and Naive Bayes were the fastest models with both having an execution time

of 0.99 ms. Random Forest was the slowest model with an execution time of 106.9 ms.

For the 20/80 splitusing 5 features, Logistic Regression achieved the highest accuracy of 96.1%,
with an execution time of 4.99 ms. SVM attained the second-highest accuracy of 94.3%, with an
execution time of 0.98 ms. KNN achieved the third-highest accuracy of 92.5%, with an execution
time of 0.99 ms. Decision Tree ranked fourth with 91.7%, Random Forest fifth with 91.4%, and
Naive Bayes sixth with 90.8%. In terms of execution time, SVM was the fastest model with 0.98

ms. The slowest model was the Random Forest with an execution time of 107.5 ms.

By comparing all splits using 5 features, the highest accuracy is 97.1% obtained by Logistic
Regression with 7.26 ms execution time and a 70/30 split. The lowest execution time is 0.98 ms
by SVM with an accuracy of 94.3% and a 20/80 split.
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Figure 4.22.3 presents the accuracy of six ML models (Logistic Regression, Decision Tree,
Random Forest, SVM, Naive Bayes, and KNN) with five data splitting ratios (80/20, 70/30, 50/50,
30/70, and 20/80) using 10 features.
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Figure 4.22.2 Machine learning model performance using 5 features.

For the 80/20 split using 10 features, SVM achieved the highest accuracy of 98.2%, with an
execution time of 9.99 ms. KNN obtained second-highest accuracy of 96.5%, with an execution
time of 3.01 ms. Logistic Regression secured the third-highest accuracy of 94.7%, with execution
time of 14.41 ms. Random Forest ranked fourth with 93.9%, Naive Bayes came fifth with 91.2%,
and Decision Tree sixth with 90.4% accuracy. In terms of execution time, Naive Bayes was the
fastest model with 2.99 ms. Random Forest was the slowest model with an execution time of 707.9

ms.

For the 70/30 split using 10 features, SVM achieved the highest accuracy of 97.7%, with an
execution time of 3.00 ms. KNN and Logistic Regression achieved the second-highest accuracy
of 95.9%, with execution times of 1.01 ms, and 9.96 ms, respectively. Decision Tree, Naive Bayes,
and Random Forest achieved the third highest accuracy of 91.2%. In terms of execution time,
Naive Bayes was the fastest model with 0.99 ms. Random Forest was the slowest model with an

execution time of 239.1 ms.
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For the 50/50 split using 10 features, Logistic Regression achieved the highest accuracy of 97.2%,
with an execution time of 7.60 ms. SVM achieved the second-highest accuracy of 96.5%, with an
execution time of 2.00 ms. KNN attained the third-highest accuracy of 94%, with an execution
time of 1.00 ms. Random Forest ranked fourth with 92.3%, Naive Bayes fifth with 91.9%, and
Decision Tree sixth with 90.5% accuracy. In terms of execution time, KNN was the fastest model
with 0.99 ms. The slowest model was Random Forest with an execution time of 179.9 ms.

For the 30/70 split using 10 features, Logistic Regression achieved the highest accuracy of 96.7%,
with an execution time of 7.09 ms. SVM achieved the second-highest accuracy of 96.2%, with an
execution time of 1.01 ms. KNN obtained the third-highest accuracy of 94.5%, with an execution
time of 1.00 ms. Decision Tree ranked fourth with 92.0%, followed by Random Forest with 91.7%,
and Naive Bayes came last with 91.0% accuracy. In terms of execution time, KNN was the fastest

model with 1.00 ms. Random Forest was the slowest model with an execution time of 157.6 ms.

For a 20/80 split using 10 features, Logistic Regression achieved the highest accuracy of 96.7%,
with an execution time of 6.13 ms. SVM came in second with an accuracy of 95.6%, with an
execution time of 2.01 ms. KNN had the third-highest accuracy of 92.8%, with an execution time
of 1.00 ms. Decision Tree was fourth with 91.7%, followed by Random Forest with 91%, and
Naive Bayes with 90.4% accuracy. In terms of execution time, Naive Bayes was the fastest model

with 0.67 ms. Random Forest was the slowest model with an execution time of 131.7 ms

By comparing all splits using 10 features, the highest accuracy is 98.2% obtained by SVM with
9.99 ms executiontime and a 80/20 split. The lowest executiontime is 0.67 ms obtained by Naive

Bayes with an accuracy of 90.4% and a 20/80 split.
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Figure 4.22.3 Machine learning model performance using 10 features.
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Figure 4.22.4 presents the accuracy of six ML models (Logistic Regression, Decision Tree,
Random Forest, SVM, Naive Bayes, and KNN) with five data splitting ratios (80/20, 70/30, 50/50,
30/70, and 20/80) using 15 features.

For the 80/20 split using 15 features, SVM achieved the highest accuracy of 97.4%, with an
execution time of 2.99 ms. Logistic Regression achieved the second-highest accuracy of 96.5%,
with an execution time of 10.16 ms. KNN obtained the third-highest accuracy of 95.6%, with an
execution time of 1.00 ms. Random Forest ranked fourth with 93%, followed by Naive Bayes with
92.1% and Decision Tree with 91.2% accuracy. In terms of execution time, both KNN and Naive
Bayes were the fastest models with 1.00 ms. The slowest model was Random Forest with an

execution time of 252.8 ms.

For the 70/30 split using 15 features, Logistic Regression achieved the highest accuracy of 97.7%,
with an execution of 10.45 ms. SVM achieved the second-highest accuracy of 97.1%, with an
execution time of 2.01 ms. KNN achieved the third-highest accuracy of 93.6%, with an execution
time 0.99 ms. Decision Tree came fourth place with 92.4% accuracy, and Naive Bayes and
Random Forest fifth with 91.8% accuracy. In terms of execution time, both KNN and Naive Bayes
were fastest with 0.99 ms. The slowest model was Random Forest with an execution time of 240.0

ms.

46

. 92.8%



For the 50/50 split using 15 features, Logistic Regression achieved the highest accuracy of 97.9%,
with an execution time of 8.42 ms. SVM attained the second-highest accuracy of 97.2%, with an
execution time of 1.96 ms, while KNN achieved the third-highest accuracy at 94.7%, with an
execution time of 0.98 ms. Naive Bayes was fourth with 92.3%, followed by Random Forest with
91.9% and Decision Tree with 91.2% accuracy. In terms of execution time, KNN was the fastest
model with 0.98 ms. The slowest model was Random Forest with an execution time of 203.7 ms.

For the 30/70 split using 15 features, Logistic regression achieved the highest accuracy at 96.5%,
with an execution time of 5.99 ms. SVM achieved the second-highest accuracy at 96%, with an
execution time of 1.01 ms. KNN achieved the third-highest accuracy at 94.2%, with an execution
time of 0.99 ms. Decision Tree came was fourth with 92.2% accuracy, while Random Forest and
Naive Bayes were fifth and sixth with accuracies of 91.7% and 90.7%, respectively. In terms of
execution time, Naive Bayes and KNN were the fastest models with 0.99 ms. The slowest model

was Random Forest with an execution time of 181.5 ms.

For the 20/80 split using 15 features, Logistic Regression achieved highest accuracy of 96.3%,
with an execution time of 3.00 ms. SVM achieved the second-highest accuracy of 95.8%, with an
executiontime of 0.89 ms. KNN obtained third-highest accuracy of 93.4%, with an execution time
of 0.78 ms. Random Forest was fourth with 91.4%, while Decision Tree and Naive Bayes fifth and
sixth with accuracies of 89.7%, and 89.5%, respectively. In terms of execution time, KNN was the
fastest model with 0.78 ms. The slowest model was Random Forest with an execution time of
107.9 ms.

By comparing all splits using 15 features, the highest accuracy is 97.9% obtained by Logistic
Regression with 8.42 ms execution time and a 50/50 split. The lowest execution time is 0.78 ms
obtained by KNN with an accuracy of 93.4% and a 20/80 split.

47



M Accuracy (70/30)  m Accuracy (50/50)  m Accuracy (30/70)  m Accuracy (20/80)

m Accuracy (80/20)

%V'E6
%TY6
%L V6 I
%9°E6 I
%956 I

%568 I

%L°06
%ET6 I
%816 I
%126

%8'S6 I
%096
%T L6
%T'L6
%'L6

%r'T6 I
%L'T6 I
%6'T6 I
%816 I
%0'€6 I

%L'68

%T76 I
%TT6 I
%v'76 I
%TT6

%E96 II—
%596  I——
%6'L6 I
%L°L6
%596 I

KNN

NB

SVM

RF

DT

LR

Figure 4.22.4 Machine learning model performance using 15 features.
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Chapter 5 Conclusion and Future Work

This project considered breast cancer prediction using the supervised ML models, Logistic
Regression, Decision Tree, Random Forest, SVM, Naive Bayes, and KNN. Model effectiveness
was assessed using the metrics accuracy, precision, recall, F1-score, and execution time. To
remove class imbalance, SMOTE was employed for dataset balancing, and PCA was used to
reduce the number of features using eigenvalues and the cumulative variance ratio. Reduction to
2, 5, 10, and 15 components was considered. The performance of the models was evaluated using
dataset split percentages 80/20, 70/30, 50/50, 30/70, and 20/80. The models were implemented
using the Anaconda Jupyter notebook environment and the Python programming language. The
results obtained show that SVM and Logistic Regression outperformed the other classifiers with
SVM having an accuracy of 98.2%, and an execution time of 9.99 ms for an 80/20 split using 10
features, and Logistic Regression having an accuracy of 97.9%, and an execution time of 8.42 ms
for an 50/50 split using 15 features. Moreover, Naive Bayes was the fastest model with an

execution time of 0.67 ms at an accuracy of 90.4% for an 20/80 split using 10 features.

For future work, the proposed system can be utilized with datasets for other diseases. Furthermore,
the feasibility of deploying the models in a real-world clinical setting can be assessed. This could
involve healthcare professionals providing feedback on the practical applicability of the models

and conducting performance evaluations.
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