Journal of Information & Optimization Sciences
ISSN 0252-2667 (Print), ISSN 2169-0103 (Online)

Vol. 44 (2023), No. 6, pp. 1075-1086

DOI : 10.47974/J10S-1438

Enhancing patient outcomes through machine learning: A study of
lung cancer prediction

Madhvan Bajaj °

Priyanshu Rawat '

Satvik Vats *

Vikrant Sharma *

Department of Computer Science and Engineering
Graphic Era Hill University

Dehradun

Uttarakhand

India

Shreshtha Mehta ©

Department of Biotech Engineering
Graphic Era (Deemed to be University)
Dehradun

Uttarakhand

India

B. B. Sagar *

Department of Computer Science and Engineering
Birla Institute of Technology, Mesra

Ranchi

Tharkhand

India

Abstract

This study intends to investigate how machine learning methods may be used to
predict lung cancer. Early detection can considerably improve patient outcomes because
lung cancer is the leading cause of cancer-related deaths worldwide. The study focuses on
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the investigation of several risk variables and biomarkers, including smoking history, age,
and family history, that can affect the development of lung cancer. The research analyses
the performance of the most recent machine learning algorithms for lung cancer prediction
using a considerable. dataset of patient records. The findings show that machine learning
algorithms can accurately and precisely forecast the likelihood of developing lung cancer.
The study sheds light on the potential of machine learning in enhancing lung cancer
screening and preventive methods and offers information on the creation of patient-specific
tailored treatment plans.

Subject Classification: 68T07.

Keywords: XGBoost, CatBoost, Logistic regression, Lung cancer.

1. Introduction

One of the most prevalent and deadly malignancies in the world. The
overall survival rate for people with lung cancer continues to be poor,
despite major improvements in diagnosis and treatment. This is partly
because to late-stage detection and a lack of reliable screening techniques.
Since it allows for prompt intervention and therapy, early lung cancer
identification is essential for improving patient outcomes. Machine
learning techniques have gained favor in healthcare in recent years due to
their capacity to analyze enormous datasets and find complicated patterns
that people may miss. Machine learning algorithms have shown promise
in a variety of medical applications, including cancer prediction. Because
of its potential to enhance early diagnosis and screening, lung cancer
prediction using machine learning has piqued the interest of academics
and doctors. This study aims to investigate how machine learning
algorithms may be used to anticipate lung cancer. The study intends to
investigate several risk factors and lung cancer biomarkers that contribute
to the disease, as well as the state-of-the-art in lung cancer prognosis.
Using a sizable dataset of patient records to forecast the risk of lung cancer,
the researchers will assess the efficacy of several machine learning
methods [26]. Around 20% of all cancer-related deaths are attributable to
lung cancer, which is the primary cause of mortality from cancer worldwide
[27]. Small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC)
are the two main subtypes of lung cancer, with NSCLC making up more
than 80% of cases. Smoking, inhaling secondhand smoke, breathing
contaminated air, and being exposed to toxins like asbestos and radon at
work are all risk factors for lung cancer [28]. Only 19% of lung cancer
patients survive for five years, underscoring the need of early identification
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for better results [29]. Unfortunately, symptoms sometimes don’t show up
until the disease has advanced, making early diagnosis challenging. By
examining huge quantities of patient data, machine learning can be
extremely useful in detecting high-risk people and forecasting lung cancer
[30]. By increasing the accuracy of screening and identifying novel risk
factors and biomarkers, this strategy might eventually improve patient
outcomes[31-34].

2. Related work

One of the most common and deadly malignancies in the world is
lung cancer. It is impossible to emphasize the value of early detection in
improving patient outcomes and reducing mortality rates. In recent years,
there has been a rise in interest in using machine learning models to
forecast lung cancer risk and detect the disease early. Machine learning
models such as XGBoost, CatBoost, Logistic Regression, Random Forest,
and KNN were employed in research by Kumar et al. (2020) to successfully
predict the risk of lung cancer based on numerous risk factors and
biomarkers. In terms of accuracy, precision, recall, and F1 score, the results
showed that XGBoost, Logistic Regression, and Random Forest beat KNN
and CatBoost. According to the authors, these models have the potential to
enhance early detection and patient outcomes.[1, 12, 13] Lee et al. (2020)
employed deep learning algorithms to predict lung cancer subtype and
survival outcomes in another investigation. Deep learning algorithms
were shown to be more accurate than standard approaches in classifying
lung cancer subtypes and predicting survival outcomes. Deep learning
algorithms, according to scientists, may have significant uses in improving
lung cancer detection and therapy.[2] Hu et al. (2021) developed a
radionics-based machine-learning algorithm to predict EGFR mutations
in patients with lung cancer. The algorithm predicted EGFR mutations
with great accuracy, highlighting its potential value in guiding treatment
decisions for lung cancer patients.[3] Kovalev et al. (2020) created a
machine learning-based method for early lung cancer diagnosis using
low-dose computed tomography (LDCT) data. The algorithm displayed
great accuracy in diagnosing early-stage lung cancer, according to
scientists, and it may be a beneficial tool for early diagnosis in high-risk
groups.[4] Machine learning models were used to predict the occurrence
of radiation pneumonitis in patients with lung cancer in retrospective
research by Li et al. (2021). The models had good accuracy and might help
doctors make treatment decisions to reduce the incidence of radiation
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pneumonitis.[5] Wu et al. (2021) conducted another study that used
radionics analysis and machine learning models to predict the likelihood
of lymph node metastasis in patients with early-stage lung cancer.
According to the scientists, the model demonstrated good accuracy and
might be a useful tool for directing treatment decisions.[6] Chae et al.
(2021) used exhaled breath data to construct a machine learning model for
the early diagnosis of lung cancer. The model detected lung cancer with
excellent accuracy, showing its potential as a non-invasive screening
method for early diagnosis[7]. Finally, Yan et al. (2021) created a machine
learning model to predict chemotherapy response in patients with
advanced NSCLC. The model predicted therapy response with good
accuracy, demonstrating its potential application in guiding treatment
decisions.[8]

3. Methodology

Data Gathering and Pre-processing: Collecting and preparing patient
data is the initial stage in predicting lung cancer. This information includes
things like age,smoking history, family history, and diagnostic test
findings. To prepare it for analysis, the data must be cleansed, processed,
and structured.

Feature Selection: Feature selection is critical in determining the risk
of lung cancer. Relevant traits or risk variables must be discovered and
chosen for study, such as smoking history, age, and family history.
Biomarkers such as gene expression and protein levels may also be taken
into account.[9]

Model Development: Machine learning algorithms may be
constructed to predict lung cancer risk if relevant characteristics are
selected. To create models, several techniques such as support vector
machines, random forests, decision trees, and artificial neural networks
can be used (Figure 1). [10]
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Figure 1
Flow of the model building
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Model Training and Validation: To measure their accuracy and
precision, machine learning models must be trained on data and verified.
The dataset is divided into training and testing sets, with the training set
serving as the basis for model training and the testing set as the basis for
model testing.

Model optimization entails fine-tuning the machine learning model
in order to increase its performance. This is accomplished by modifying
the model’s hyperparameters, which include the learning rate,
regularization, and the number of hidden layers in an artificial neural
network.

Model Deployment: Once the machine learning model has been
trained and improved, it may be used to predict lung cancer. The model
may be linked into clinical decision support systems to help healthcare
workers with lung cancer screening and diagnosis, resulting in earlier
identification and better patient outcomes. [11, 14 ,15]

3.1 XG Boost

XGBoost is a widely used machine learning method for classification
and regression applications. XGBoost may be used to construct a model
that reliably predicts the risk of lung cancer based on numerous risk
factors and biomarkers in the setting of lung cancer prediction. As
illustrated by the following formula, the final prediction of the model is
the weighted average of the projections from each individual tree.

f(a) =Y(a, 02)

where Y stands for a decision tree, 8z stands for the z-th tree’s parameters,
and a stands for the input feature vector. Finding the ideal collection of
tree parameters 0z that minimises a particular loss function, such as mean
squared error or log loss, while simultaneously containing a regularisation
term to guard against overfitting, is the goal of XGBoost.[16]

3.2 CatBoost

CatBoost is a well-known machine learning method that, like
XGBoost, is meant to handle categorical data more effectively. It is also
well-known for its capacity to deal with missing data and unbalanced
datasets.

CatBoost may be used to construct a model that reliably predicts the
risk of lung cancer based on numerous risk factors and biomarkers in the
setting of lung cancer prediction.[17]
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f(x) =3 ws*T(x, 6k)

Here, 3, denotes the sum over all S decision trees, and ws and 0s
denote the weight and parameters of the s-th tree, respectively.

3.3 Logistic Regression

A popular statistical method for binary classification tasks is logistic
regression. Logistic regression may be used to construct a model that
reliably predicts the risk of lung cancer based on numerous risk factors
and biomarkers in the context of lung cancer prediction. Given an input
feature vector x, the output of the logistic regression model can be
represented as:

pm=1|x)=0(A_0+d_ 1y 1+P 2y 2+ ...+ P_py p)

Here, p(y=1|x) is the probability of the input x belonging to the
positive class (m=1), & 0, ¢_1, ¢_2, ..., $_p are the parameters of the
model, and y_1, y_2, ..., y_p are the input features. o(z) is the sigmoid
function that transforms any real value into the range [0 - 1], defined as:

o) =1/ (1+e)

where the natural logarithm'’s base, e, is located.[18, 19]

3.4 Random Forest

A well-known decision tree-based machine learning technique called
Random Forest is renowned for its capacity to manage complex datasets
and high-dimensional feature spaces. Random Forest may be used to
construct a model that properly predicts the risk of lung cancer based on
multiple risk factors and biomarkers in the context of lung cancer
prediction.[20] Given an input feature vector x, the output of the Random
Forest model can be represented as:

f(x) =2 f_i(x)

Here, f_i(x) is the output of the i-th decision tree in the Random Forest
ensemble. To prevent overfitting and boost model performance, each
decision tree is trained using a random subset of the input features and a
random portion of the training data. The final prediction of the Random
Forest model is obtained by averaging the outputs of all the decision trees.
[21,22]

The decision tree f_i(x) can be represented as a sequence of if-else
statements that partition the input feature space into a set of rectangular
regions. Each leaf node of the decision tree represents a class label or a
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regression value, depending on the type of problem. During the training
phase, the decision tree is built recursively by selecting the best feature
and threshold for each split based on some impurity measure, such as the
Gini index or the information gain.[23]

3.5 KNN

KNN (K-Nearest Neighbors) is a well-known machine learning
technique that may be used for both regression and classification
applications. KNN may be used to construct a model that reliably predicts
the risk of lung cancer based on numerous risk factors and biomarkers in
the setting of lung cancer prediction. The KNN algorithm can be
represented by the following formula:

y_q =argmax (2 w_i*[y_i==c]),
where y_q is the predicted class label of x_g, c is a class label, w_i is a
weight assigned to the i-th nearest neighbor based on its distance to x_q,
and [y_i == c] is an indicator function that returns 1 if y_i equals c and 0
otherwise.

The weights w_i can be chosen based on various schemes, such as the
inverse distance weighting or the Gaussian kernel weighting. Cross-
validation and other methods can be used to fine-tune the value of K, the
number of closest neighbours to take into account.[24 ,25]

4.Result and Analysis

The study’s findings show that machine learning models like
XGBoost, CatBoost, Logistic Regression, Random Forest, and KNN can
accurately predict the risk of lung cancer based on various risk factors and
biomarkers. In terms of accuracy, XGBoost had the best accuracy (95.72%),
followed by Logistic Regression (94.62%), Random Forest (93.54%), KNN
(92.62%), and CatBoost (87.09%). When it came to precision, XGBoost and
Logistic Regression had the greatest precision of 0.95, showing a low
percentage of false positives. The precision of Random Forest was 0.91,
while the precision of KNN was 0.91. CatBoost had the lowest precision of
0.92, indicating that it produced more false positives.The recall metric
quantifies the proportion of true positives identified correctly by the
model. In this investigation, the highest recall was attained by XGBoost,
with a value of 0.94, followed by KNN with a recall of 0.95. The recalls for
Logistic Regression and Random Forest were 0.91 and 0.95, respectively,
while CatBoost had the lowest recall of 0.87. The F1 score is a weighted
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harmonic mean of accuracy and recall, yielding a single score that accounts
for both criteria.CatBoost achieved an F1 score of 0.92, whereas XGBoost,
Logistic Regression, Random Forest, and KNN had F1 ratings of 0.95.
Overall, the results show that machine learning models have promising
performance in predicting the risk of lung cancer. XGBoost, Logistic
Regression, and Random Forest performed better in terms of precision,
accuracy,recall, and F1 score, while KNN and CatBoost performed
somewhat worse (Figure 2). Further study is needed to examine these
models’ generalizability and robustness on bigger and more diverse
datasets, as well as their therapeutic value for early identification of lung
cancer. Table 1 shows the comparison between different models.

X Boomt Gt Boot Loaie rearessiomandor rorest N
Figure 2
Relationship between various factors
Table 1
Comparison between different models
Model Accuracy Precision F1 Score Recall
XG Boost 95.72 95 95 94
Cat Boost 87.09 92 92 87
Logistic Regression 94.62 95 95 91
Random Forest 93.54 92 92 89
KNN 92.62 91 91 95

Conclusion and future work

Finally, the findings of this study show that machine learning models
have the potential to predict lung cancer risk. The models demonstrated
good levels of, precision, accuracy, F1 score and recall showing that they
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may successfully identify patients at high risk of getting lung cancer based
on a variety of risk factors and biomarkers. The results also suggest that
XGBoost, Logistic Regression, and Random Forest are suitable machine
learning algorithms for lung cancer prediction. In terms of accuracy,
precision, and F1 score, these models surpassed KNN and CatBoost. It is
important to remember, nevertheless, that depending on the dataset used
for training and evaluating these models, their performance may vary. The
application of machine learning models for lung cancer prediction has the
potential to help in early identification, which can lead to better patient
outcomes and lower healthcare expenditures. However, further study is
needed to examine these models’ generalizability and robustness on
bigger and more diverse datasets, as well as their therapeutic value in real-
world situations.
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