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ABSTRACT

Lung cancer is presently the leading cause of cancer-related mortalities worldwide.
Environmental conditions, lifestyle habits, and genetics are the main causes of lung cancer.
Early detection of lung cancer is pivotal in preventing its severe consequences. The integration
of machine learning algorithms in the healthcare industry has led to significant advancements
in disease diagnosis. These algorithms help medical professionals diagnose lung cancer
accurately in the early stages. In this study, we propose using Quadratic Discriminant Analysis
to improve the accuracy of lung cancer diagnosis by analyzing the symptoms of lung cancer
patients. Our proposed technique is more suitable for diagnosing lung cancer with higher
accuracy and precision compared to previous techniques. The methodology has demonstrated

an impressive overall accuracy of 98% based on empirical results.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Lung cancer is a major public health concern and one of the leading causes of death across the
globe. According to the World Health Organization (WHO), lung cancer is responsible for 18%
of global mortality, resulting in approximately 1.8 million deaths per year [1]. Consequently,

early diagnosis strategies are necessary to detect and treat lung cancer globally.

The lung is a vital organ that collaborates with other organs and tissues to enable inhalation
and exhalation within the respiratory system. The primary function of the lungs is to transfer
oxygen from the air to the bloodstream while releasing carbon dioxide into the atmosphere
through gas exchange. Lung cancer is a disease that occurs when cellular abnormalities in the
lungs multiply uncontrollably, which can lead to severe and potentially life-threatening
complications [2]. Early detection and prompt treatment of lung cancer markedly ameliorate

the chances of a successful recovery.

Machine learning techniques have the potential to unveil hidden patterns from the clinical data
that can significantly enhance decision-making in healthcare [3]. Early and accurate detection
of illnesses is a crucial aspect of disease management, and machine learning can facilitate this

process by enabling healthcare professionals to identify diseases during their early stages [4].

Initially, we utilized statistical analysis to determine the correlation between the risk factors of
lung cancer, and then we examined the relationship between lung cancer and its features.
Furthermore, we also explored the significance of the features of lung cancer using Chi-square
test. Finally, we have evaluated four distinct machine learning classifiers, namely Linear
Discriminant Analysis, Bootstrap Aggregating, Gradient Boosting, and Quadratic Discriminant
Analysis. The Accuracy, Sensitivity, Precision, and F1-Score are employed to assess the
performance of machine learning classifiers. These evaluation measures are crucial in
determining the effectiveness and reliability of machine learning classifiers. Our research aims
to assess the accuracy of various machine-learning approaches in correctly predicting lung

cancer patients from clinical datasets.
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1.2 Motivation

The primary aim of utilizing machine learning in lung cancer diagnosis is to revolutionize
healthcare by saving lives. There are several key motivations:

= Early detection

= Personalized medicine

= Cost-effective treatment plans

= Data-driven improved decision-making.

1.3 Research Objectives
The research objective of machine learning in lung cancer is to implement algorithms and
models that can effectively analyze medical data to anticipate the risk of lung cancer. The
primary objectives are enlisted following:

e To compare the diagnostic performance of several machine learning algorithms for lung

cancer.
e To compute the correlation among the risk factors of lung cancer.
e To calculate and evaluate the importance of the factors contributing to the onset of lung

canccer.

1.4 Report Structure

There are five chapters in the report, each of which will be presented with guidelines. We
covered the introduction of this research in Chapter 1. The importance of early detection of
lung cancer using machine learning is emphasized in Chapter 1. Additionally, the motivation
and objectives of this research are also discussed. In Chapter 2, we reviewed the existing
literature on the diagnosis of lung cancer. Furthermore, the scope of the problem and challenges
of the research are also covered. The research methodology is highlighted in Chapter 3. This
chapter covers data collection procedures, data statistics, and algorithm of machine learning
classifiers. The results and performance of all the machine learning classifiers of our research
are explored in Chapter 4. The results of the research, the conclusion, and future work are

presented in Chapter 5.
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CHAPTER 2

BACKGROUND

2.1 Introduction

The analysis of previous research presents findings on diverse clinical datasets of lung cancer.
Various methods and techniques such as data mining, machine learning, and deep learning

were used to analyze and predict these datasets.

2.2 Related Works

Firstly, R. Patra [5] implemented different machine learning algorithms to predict lung cancer,
including Neural Network, Radial Basis Function Network, Support Vector machine, Logistic
Regression, Random Forest, J48, Naive Bayes, and K-nearest neighbors. The Radial Basis

Function Network was found to have the highest accuracy of 81.25% on lung cancer data.

K. Danjuma [6] evaluated machine learning classification schemes for post-operative life
expectancy in lung cancer patients. He applied three machine learning algorithms namely J48,
Naive Bayes, and Multilayer Perceptron. The Multilayer Perceptron achieved 82.3% accuracy

for clinical prognosis as the best classifier.

ACC Omar et al. [7] applied various machine learning techniques to predict lung cancer such
as K-Nearest Neighbors, Support Vector Machine, Multilayer Perceptron, and RBF Classifier.

The best classifier was the Multilayer Perceptron, which achieved an accuracy of 90%.

MI Faisal et al. [8] employed eight machine learning algorithms with Support Vector Machine,
C4.5 Decision tree, Multi-Layer Perceptron, Neural Network, Naive Bayes, Random Forest,
Majority Voting, and Gradient-boosted Tree for the prediction of lung cancer and the
suggested Gradient-boosted Tree outclassed the other ML algorithms with the accuracy of
90%.

M. Mamun et al. [9] executed four ensemble techniques namely XGBoost, LightGBM,
Bagging, and AdaBoost for detecting lung cancer and the XGBoost attained the highest
accuracy of 94.42%.
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Finally, E. Dritsas [10] implemented 14 machine learning algorithms including Naive Bayes,
Bayesian Network, Logistic Regression, Logistic Model Tree, Support Vector Machine,
Stochastic Gradient Descent , J48, Random Tree, Rotation Forest , Reduced Error Pruning
Tree, Random Forest , AdaBoostM1, Artificial Neural Network, and Multi-layer Perceptron

to predict lung cancer. The recommended Rotation Forest reached the most accuracy of 97.1%.

2.1 Scope of The Problem

The diagnosis of lung cancer using a machine learning approach is a complex and challenging
task. We required a systematic technique to succeed, but there are flaws in that strategy. In this
study, we utilized a public dataset of lung cancer that had limited data. Machine learning
models may face difficulties when dealing with small sample sizes in datasets [11]. Insufficient
sample size can lead to overfitting and poor model generalization in machine learning. Our
training model, although effective, has been developed with limited data and underlying
patterns. Therefore, there is a possibility of confusion with new sample data for diagnosing

lung cancer.

2.2 Challenges

Our main goal is to increase the accuracy of our developed model to the highest possible
level. However, to achieve this, we require a larger clinical dataset of lung cancer patients
from local hospitals in our country. The primary dataset will replace the current secondary

dataset that we have, which has a limited number of samples.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 Introduction

An overview of the research and the methodologies used for study is discussed in this section.
It includes the dataset, research strategy, and the structure of the study. It facilitates a reliable
framework to diagnose lung cancer patients in the earlier stage. To efficaciously diagnose lung

cancer, several steps must be taken. The flowchart of the proposed framework is shown in Fig.

311,
|

Lung Cancer Dataset ‘

1

Statistical Analvsis

!

Data Preprocessing

//\\

Train Data Test Data

Apply Machine Learning
Classifiers

Evaluation and
Comparison

&

Select Best Machine Learning Classifiers

Fig. 3.1.1. The flowchart of the proposed framework.
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3.2 Dataset

We utilized the overt lung cancer dataset for our research [12]. The dataset has 309 samples
with 15 independent variables and one dependent variable. The feature information of the

dataset is exhibited in Table 1.

Table 1: The feature information of the lung cancer dataset.

Feature Data Type
Gender Qualitative
Age Quantitative
Smoking Qualitative
Yellow Finger Qualitative
Anxiety Qualitative
Peer Pressure Qualitative
Chronic Disease Qualitative
Fatigue Qualitative
Allergy Qualitative
Wheezing Qualitative
Alcohol Consuming Qualitative
Coughing Qualitative
Shortness of Breath Qualitative
Swallowing Difficulty Qualitative
Chest Pain Qualitative
Lung Cancer Qualitative

3.3 Statistical Analysis

The dataset contains 270 lung cancer patients and 39 healthy controls of the samples. Figure

3.3.1 depicts the information of the class variable Lung Cancer. According to the dataset, 87%

of the samples have lung cancer, whereas 13% do not.
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Lung Cancer Patients vs Healthy Controls

o 50 100 150 200 250
Frequency

Fig. 3.3.1. The comparison between lung cancer patients and healthy controls.

The Pearson correlation analysis is utilized to identify significant attributes in this dataset that
impact the classification of a lung cancer patient [13]. The Pearson’s correlation among the
independent variables is delineated in a pyramidal heat-map in the Fig. 3.3.2. The independent
features of pairs (Yellow Finger, Anxiety), (Swallowing Difficulty, Anxiety), (Shortness of
Breathiness, Fatigue) have a stronger positive correlation and their values are .60, .48, and .42
correspondingly. The independent variables of pairs (Gender, Alcohol Consuming) and
(Yellow Finger, Alcohol Consuming) have a stronger negative correlation and their values are

-.45, and .40 respectively.
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Fig. 3.3.2. The Pearson’s correlation among the independent features.

©Daffodil International University



The correlation of independent features to dependent feature is showed in Table 2. Independent
features Allergy, Alcohol Consuming, Swallowing Difficulty, Coughing, and Wheezing are
positively correlated with the dependent feature Lung Cancer and values are .33, 0.29, 0.26,
.25 and .25 respectively.

Table 2: The correlation of independent features to dependent feature.

Feature Correlation with Lung
Cancer

Gender -067
Age .089
Smoking .058
Yellow Finger .18
Anxiety .14
Peer Pressure .19
Chronic Disease A1
Fatigue .15
Allergy 33
Wheezing .25
Alcohol Consuming .29
Coughing .25
Shortness of Breath .061
Swallowing Difficulty .26
Chest Pain 19

We utilized the chi-square test to determine the feature score according to the importance based
on the relationship between a categorical variable and a class variable [14]. The feature score
of association with lung cancer using the Chi-square test according to their Feature Score is
presented in Table 3. The most significant features namely Allergy, Alcohol Consuming,
Swallowing Difficulty, Wheezing, Coughing, Peer Pressure and Chest Pain, and their feature
score 14.71, 11.40, 11.06, 8.51, 8.03, 5.35, and 4.96 respectively.
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Table 3: The feature score of association with lung cancer using Chi-square test.

Feature Feature. Score of Association
with Lung Cancer
Allergy 14.71
Alcohol Consuming 11.40
Swallowing Difficulty 11.06
Wheezing 8.51
Coughing 8.03
Peer Pressure 5.35
Chest Pain 4.96
Yellow Fingers 4.37
Anxiety 3.25
Fatigue 2.29
Chronic Disease 1.88
Gender .73
Smoking 45
Shortness of Breath 40

3.4 Data Preprocessing

As part of our data preprocessing, we removed 33 duplicate samples from the lung cancer dataset
to enhance its practicality [15]. After deleting 33 samples out of 303 samples, we scaled the

remaining 276 samples for the improvement of the machine learning performance [16].
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3.5 Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is used for classification and recognition in machine learning,
and it was introduced by Fisher [17] in 1936. To classify lung cancer patients, the primary goal of
LDA is to augment the distance between the means of separated classes while reducing the variance

within each class [18].

Algorithm: Linear Discriminant Analysis

Step 1: Input:
X: Lung cancer dataset, which contains of n samples and m classes

y: class label for each sample

Step 2: Calculate the mean of each class y,

Step 3: Calculate the scatter matrices:
Intra-class scatter matrix: S,,.
Inter-class scatter matrix: Sy,

Step 4: Calculate Eigenvalues and Eigenvector:

Spd * S,e*v =A% v ;vand 1 are the eigenvector and the
eigenvalue

Step 5: Select Discriminative Feature :
Xpew = X * T; T is the matrix with selected top eigenvector
Step 6: Classification:
After transforming the features, LDA utilizes them for classification

employing other classifiers.

©Daffodil International University
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3.6 Bootstrap Aggregating

An ensemble-based Bootstrap Aggregating merges predictions from several models and learns from

unlike subsets of data using bootstrapping to improve accuracy by reducing variance and over-

fitting [19].

Algorithm: Bootstrap Aggregating

Step 1: Input: X: Lung cancer dataset

Step 2: Set initial weight to lung cancer dataset

Step 3: Normalize the weights

Step 4: To train the classification model

Step 5: To choose the based on lowest error

Step 6: To update the weight of training data of classification model

Step 7: To do classification

3.7 Gradient Boosting

Another ensemble-based Gradient Boosting was used in our study. It uses sequential training to
combine weak learners with strong learners [20]. It takes input as a pair of data points (x,, y;) for

the training and gives an output of classification tree T;; for the diagnosis of lung cancer.

3.8 Quadratic Discriminant Analysis

Quadratic Discriminant Analysis (QDA) is a more generalized version of Linear Discriminant
Analysis (LDA). In contrast to LDA, QDA computes separate convergence matrices for each

class. [21]. The Quadratic Discriminant Function is represented in the following Equation 1.

8 == log|%il — 5 (x— T)T Lt (x— %) +logm (1)

©Daffodil International University
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Algorithm: Quadratic Discriminant Analysis

Step 1: Input:
X: Data Matrix of lung cancer, which contains of N samples[x;]¥_,
z: class label for each sample

Step 2: Compute the mean of each class y;

Step 3: Compute the scatter matrices

Step 4: Compute the covariance matrix for each class Y;
Step 5: Computer the inverse covariance for each class ¥; *

Step 6: For all (classw;,i=1, 2, ..., c) do
Calculate the quadratic discriminant function (§;) as in equation (1)

End for

Step 7: Do the classification

©Daffodil International University

12



CHAPTER 4

EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Classification Performance Assessment

The evaluation measures are used to assess the classification model. The utilization of the
evaluation measures is performed to determine the efficacy of the classification model [22].
The instances of Lung Cancer patients are labeled as the detected class as well as the healthy
controls are designated as the non-detected class. Here,

e Positive (P): Lung Cancer patient

e Negative (N): Healthy Control

e True Positive (TP): Lung Cancer patient is classified as a detected class.

e False Positive (FP): Healthy control is categorized as a detected class.

e True Negative (TN): Healthy control is recognized as a non-detected class.

e False Negative (FN): Lung Cancer patient is classified as a non-detected class.

The evaluation measures are defined as below:

TP+ TN
e Accuracy =
TP+FN+TN + FP
e TP
e Sensitivity =
TP+ FN
L. TP
e Precision =
TP + FP
2TP

e Fl-score=——m
2TP + FP + FN

©Daffodil International University
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4.2 Experimental Results

The four machine learning classifiers, Linear Discriminant Analysis (LDA), Bootstrap
Aggregating (Bagging), Gradient Boosting (GBoost), and Quadratic Discriminant Analysis
(QDA), are trained using all features for distinguishing the Lung Cancer patients and the
healthy controls. The Python library known as scikit-learn is used to perform the machine
learning classification tasks [23]. These machine learning classifiers were trained and tested on
180 and 56 instances of the Lung Cancer dataset. Confusion matrices [24] are used to evaluate
four classification models. The results of the classification models are shown in Table 4 - Table

7.

Table 4 shows that Linear Discriminant Analysis identifies 42 of 47 Lung Cancer patients are
diagnosed as Detected, while 5 of 9 healthy controls are Non-Detected, hence the TP, FN, TN,
and FP of LDA are 42, 5, 5, and 4.

Table 4: The Confusion Matrix of Linear Discriminant Analysis.

Linear Discriminant Analysis

Class of Prediction
Lung Cancer
Detected Non-Detected
Actual Detected 42 5
Class Non-Detected 4 5

The TP, FN, TN, and FP of Bootstrap Aggregating are 43, 4, 6, and 3, as Table 5 specifies that
Bagging distinguishes 44 out of 47 Lung Cancer patients as Detected and 6 out of 9 healthy

controls as Non-Detected.

Table 5: The Confusion Matrix of Bootstrap Aggregating.

Bootstrap Aggregating
Class of Prediction
Lung Cancer
Detected Non-Detected
Actual Detected 43 4
Class Non-Detected 3 6

©Daffodil International University
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Table 6 exhibits that Gradient Boosting recognizes that 7 of 9 healthy controls are Non-
Detected and 44 of 47 Lung Cancer patients are Diagnosed as Detected; for these reasons, the

TP, FN, TN, and FP of Random Forest are 44, 3, 7, and 2.

Table 6: The Confusion Matrix of Gradient Boosting.

Gradient Boosting
Class of Prediction
Lung Cancer
Detected Non-Detected
Actual Detected 44 3
Class Non-Detected 2 7

Table 7 shows that Quadratic Discriminant Analysis classifies 47 of 47 Lung Cancer patients
are diagnosed as Detected, while 8 of 9 healthy controls are Non-Detected, as a result the TP,

FN, TN, and FP of Quadratic Discriminant Analysis are 47, 0, 8, and 1.

Table 7: The Confusion Matrix of Quadratic Discriminant Analysis.

Quadratic Discriminant Analysis

Class of Prediction
Lung Cancer
Detected Non-Detected
Actual Detected 47 0
Class Non-Detected 1 8

Figure 4.2.1 shows the performance of all classification models, with Quadratic Discriminant
Analysis outperforming the others. Quadratic Discriminant Analysis predicts the maximum
number of True Positives and True Negatives as well as the minimum number of False

Positives and False Negatives.

©Daffodil International University
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Fig. 4.2.1. The classification results using machine learning classifiers.

4.3 Discussion

The performance of the machine learning classifiers using the evaluation measures is itemized
in Table 8. Quadratic Discriminant Analysis achieved the maximum accuracy of 98% whereas
Linear Discriminant Analysis, Bootstrap Aggregating, Gradient Boosting achieved 84%, 88%,
and 91% respectively.

While the sensitivity of LDA, Bagging, and GBoost was 89%, 91%, and 94% correspondingly,
QDA accomplished the highest sensitivity of 100%.

QDA achieved the highest precision at 98%, while LDA, Bagging, and GBoost achieved 91%,
93%, and 95% respectively.

Finally, QDA reached the maximum F1-Score of 99%, whereas Linear Discriminant Analysis,

Bootstrap Aggregating, and Gradient Boosting achieved 90%, 92%, and 95%, respectively.

©Daffodil International University
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Table 8: The classification performances using machine learning classifiers.

Accuracy Sensitivity Precision F1-Score
Linear
Discriminant .84 .89 91 .90
Analysis
Bootstrap 88 91 93 92
Aggregating
Gradient 91 94 95 95
Boosting
Quadratic
Discriminant .98 1 98 .99
Analysis

The comparisons of related works are presented in Table 9. These comparisons clearly show

that the best classifier for predicting lung cancer is Quadratic Discriminant Analysis (QDA).

Table 9: The comparisons of related works for the diagnosis of lung cancer.

Study Best Classifier Based on Machine Learning| Accuracy
Technique
R. Patra [4] Radial Basis Function Network 81.25%
K. Danjuma [5] Multilayer Perceptron 82.3%
ACC Omar [6] Multilayer Perceptron 90%
MI Faisal et al. [7] Gradient-boosted Tree 90%
M. Mamun et al. [8] XGBoost 94.42%
E. Dritsas [9] Rotation Forest 97.1%
Our Study Quadratic Discriminant Analysis 98%

©Daffodil International University
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CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

The early and precise detection of lung cancer is crucial for effective treatment. In this regard,
machine learning algorithms based on a patient's symptoms have emerged as a promising tool
for early diagnosis. In this study, various machine learning algorithms were analyzed to
determine the most effective model for detection. The Quadratic Discriminant Analysis
algorithm was found to have the highest accuracy rate of 98% and a precision rate of 100%.
Early detection of lung cancer can significantly reduce associated costs and mitigate risks.
Thus, the proposed system holds promise in providing a viable solution that can help improve

the health outcomes of patients with lung cancer.

5.2 Future Work

We will collect a comprehensive clinical dataset of lung cancer patients from regional hospitals
in our country. After this procedure is finished, we aim to implement a cloud-based approach

to support clinicians in diagnosing lung cancer with higher accuracy.

©Daffodil International University
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