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ABSTRACT

One of the main causes of cancer-related fatalities globally is still lung cancer, and increasing survival rates depends
on early identification. In this work, a machine learning-based method for predicting lung cancer utilising clinical and
lifestyle data from surveys is presented. The Synthetic Minority Over-sampling Technique (SMOTE) was used to
address the dataset's class imbalance and guarantee equitable representation of both classes. Logistic regression was
used as the meta-learner in a stacked ensemble model that combined CatBoost, XGBoost, LightGBM, AdaBoost, and
Random Forest. The suggested methodology outperformed individual classifiers and came close to state-of-the-art
performance documented in the literature, with an accuracy of 96.9% and a ROC AUC of 0.99. A Flask-based web
application that offers an intuitive interface for prediction, visualisation, and outcome interpretation was also
developed. Modules for user registration, input-based cancer risk prediction, and graphical display of test data results
are all included in the system. The findings show that ensemble learning provides a reliable and user-friendly method

for lung cancer prediction when combined with efficient preprocessing and web deployment.

1. INTRODUCTION

The concept of artificial intelligence (AI) has
revolutionised a number of fields, including engineering,
manufacturing, and medicine. In particular, the
development of automated solutions in medical science
has been considerably aided by the application of
machine learning techniques. Medical professionals can
create specialised and focused treatment plans by using
machine learning models to reliably and accurately
analyse massive streams of medical data. Lung cancer is
one of the top causes of cancer-related fatalities globally.
Early diagnosis and treatment greatly increase patient
survival and lower death rates. With 40.9 million
patients, lung cancer was the leading cause of disability-
adjusted life years (DALYs) in 2017.

Lung cancer is thought to have caused up to 1.8 million
deaths in 2020 [1], [2], and statistics indicate that up to
135,720 patients would die from the disease in the United
States alone. Nevertheless, lung cancer does not exhibit
symptoms at first and then becomes difficult to detect at
an early stage. The current work employs machine
learning (ML) and deep learning (DL) techniques to
analyse and forecast the development and course of lung
cancer [3]. Small Cell Lung Cancer (SCLC) accounts for
10-16% of lung cancer cases. SCLC develops at a very
quick pace, which eventually leads to the growth of
tumours that frequently spread widely and are closely
linked to smoking cigarettes. Through the study of
enormous volumes of patient records, machine learning
(ML) algorithms may accurately predict whether a

patient will acquire lung cancer at an early stage by
identifying disease patterns and characteristics associated
with the condition. Lung cancer can now be detected
early thanks to recent advancements in bioinformatics
(images and factor-based). possible. The idea is to predict
a patient’s risk by extracting relevant features from these
datasets and applying a robust ML algorithm. ML
algorithms can significantly improve the accuracy of
malignancy predictions. In [4], authors have applied
several metrics like Confusion Matrix, Precision, F1
Score, Recall, and Accuracy, along with multiple
algorithmic approaches such as Logistic Regression
(LR), Random Forest (RF), Decision Tree (DT), Support
Vector Machine (SVM), Naive Bayes (NB), and K-
Nearest Neighbor (KNN). All these techniques are used
to recognize gene expression signatures from samples
and develop predictive cancer models. The Authors
designed and evaluated an ADB-based prognostic model
to provide medical professionals with an ECOG PS-
based decision-making process for lung cancer patients.
Many scientific articles have addressed the application of
ML in this particular disease. We propose a methodology
for designing effective ML classification models for lung
cancer prediction utilizing everyday routines and
symptoms/signs as input characteristics for the models.
Al and ML play significant role in modern healthcare.
The efficacy of ML models is heavily reliant on how
effectively the model can classify true and false positives
and negatives based on the different datasets used for
classification [5]. The study focuses on precision,
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accuracy, and F1 scores, considering a significant body
of literature. The results of the current study discussed
next, represent significant improvements compared with
earlier studies [6], [7]. In particular, it will assess the
efficiency of different classifiers like XGBoost, Extra
Trees Classifier (ETC), SVM, KNN, Stochastic-
Gradient-Descent Classifier (SGDC), LR, DT, RF, and
Gradient-Boosting Classifier (GBC) for early-detection
of cases with lung cancer by analyzing the pertinent
medical data [8]. The purpose of the review is to go over
studies that employ clinical risk factor data and various
methods to predict lung cancer. It contains an overview
of feature extraction and selection methods, ML and DL
algorithms with various validation measures, and
survival prediction procedures. Additionally, a
homemade e-nose device for lung cancer detection has
been proposed by certain researchers [9], 34322 [10].
There is still a strong incentive to improve the
categorisation techniques despite all the effort that has
been put into this field. Additionally, neural networks
have been employed to improve classification
performance; feedforward and  backpropagation
techniques are particularly popular in these endeavours
[11],[12].

2. EXISTING SYSTEM OF PROJECT

To enhance lung cancer detection and classification, the
current approach in this project combines tree-based
learning models, particularly the Random Forest
classifier, with Conditional Tabular Generative
Adversarial Networks (CTGAN). The problem of class
imbalance that is frequently present in medical datasets is
addressed by using CTGAN to create artificial tabular
data. This improves the training data's representativeness
and variety.

Then, predictive models that can differentiate between
various patient situations are built using the Random
Forest algorithm, which is renowned for its robustness
and ensemble-based approach. In order to develop a more
balanced, accurate, and efficient diagnostic system for
early lung cancer diagnosis, this integrated strategy
combines the creation of synthetic data with dependable
decision-tree-based classification.

ALGORITHM:

Conditional Tabular Generative Adversarial Network
(CTGAN) is a deep learning model designed to generate
realistic synthetic tabular data by learning the underlying
distribution of the original dataset. It helps to address
issues like class imbalance and data scarcity, especially
in sensitive domains such as healthcare, by producing
high-quality, representative samples that augment the
training data. Random Forest (RF), on the other hand, is

an ensemble machine learning algorithm that constructs
multiple decision trees during training and combines their
outputs to improve classification accuracy and reduce
overfitting. By leveraging the diversity of trees, RF offers
robust and reliable predictions even in complex datasets.
Together, CTGAN and RF form a powerful combination
where CTGAN enhances the dataset quality and balance,
while RF effectively performs -classification tasks,
leading to improved model performance in applications
like early lung cancer detection.

Drawbacks: -

e Computational Complexity

o Synthetic Data Quality Dependency

o Interpretability Challenges

3. PROPOSED SYSTEM

In order to improve lung cancer prediction accuracy,
robustness, and reliability, the suggested method presents
a Stacked Ensemble Learning Model that combines
several sophisticated classifiers. The suggested method
creates a multi-layered ensemble by combining the
predictive strengths of multiple boosting algorithms,
including Random Forest, CatBoost, XGBoost,
LightGBM, and AdaBoost, rather than relying on a single
model. The last layer uses a Logistic Regression meta-
learner to combine base model predictions and provide
the final choice. The Synthetic Minority Over-sampling
Technique (SMOTE) is used to balance the dataset and
guarantee equitable representation of both cancer and
non-cancer cases in order to further improve
performance. Flask is used in the deployment of this
system, allowing for an accessible and interactive web
interface for real-time prediction and visualisation.

SYSTEM ARCHITECTURE:
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User Interface Layer

Home Page

Application Processing Layer
Handles user requests and responses

Cleans and encodes input data

Machine Learning Model Layer

Base Models: CatBoost, XGBoost, LightGBM, Random
Forest, AdaBoost

SMOTE used for class balancing

Model trained and saved as .pkI file

Visualization Layer
Confusion Matrix Plot

ROC Curve & Accuracy Chart

ALGORITHM:

Stacked Ensemble Learning Model (CatBoost +
XGBoost + LightGBM + AdaBoost + Random Forest
with Logistic Regression Meta-Learner)

The stacked ensemble model is a two-layer machine
learning framework. In the first layer, multiple base
classifiers are trained independently on the same dataset
to generate diverse predictions. In the second layer, a
meta-learner  (Logistic  Regression) takes these
predictions as input and learns how to optimally combine
them to produce a more accurate final result. This method
leverages the strengths of multiple algorithms, minimizes
their individual weaknesses, and provides superior
predictive performance compared to single-model
systems.

Advantages: -

e Robustness

e Better Generalization

e High Accuracy

4. DATASET PREPARATION:

This paper’s dataset was retrieved from the public
repository Kaggle [27]. It contains 309 instances and 16
attributes: 15 predictive attributes, and 1 class attribute.

Class attributes are lung cancer, and predictive attributes
include Gender, Age, Anxiety, Smoking, Peer Pressure,
Yellow Fingers, Chronic Disease, Allergy, Fatigue,
Alcohol, Wheezing, Coughing, Swallowing Difficulty,
Lung Cancer, Shortness of Breath, Chest Pain. This
dataset is highly imbalanced, as 270 records are of the
‘cancer’ class while 39 belong to the ‘normal’ class. Class
imbalance introduces bias in the results, significantly
affecting the prediction process. The table 2 describes
each aspect of the dataset.

TECHNIQUES USED IN PROJECT

The proposed lung cancer prediction system utilizes
several advanced machine learning and data processing
techniques to improve prediction accuracy and reliability.
Initially, data preprocessing techniques are applied to
clean the dataset, handle missing values, and convert
categorical attributes into a machine-readable format. To
address the issue of class imbalance commonly found in
medical datasets, the Synthetic Minority Over-sampling
Technique (SMOTE) is employed, which generates
synthetic samples for the minority class and ensures
balanced training data. The core of the system is based on
a stacked ensemble learning approach that combines
multiple powerful machine learning algorithms,
including CatBoost, XGBoost, LightGBM, AdaBoost,
and Random Forest. Each of these classifiers learns
different patterns from the dataset and produces
individual predictions. CatBoost efficiently handles
categorical features, XGBoost provides optimized
gradient boosting with regularization, LightGBM offers
fast and memory-efficient training, AdaBoost improves
classification by focusing on misclassified instances, and
Random Forest enhances robustness through multiple
decision trees. The predictions generated by these base
models are then combined using Logistic Regression as a
meta-learner, which learns the optimal way to integrate
the outputs of all classifiers and generate the final
prediction. This stacking strategy improves overall
accuracy, reduces overfitting, and enhances
generalization capability. The model's performance is
evaluated using metrics such as Accuracy, Precision,
Recall, F1-Score, Confusion Matrix, and ROC-AUC
Score to ensure reliable classification results. Finally, the
trained model is deployed using the Flask web
framework, enabling users to input clinical information,
obtain real-time lung cancer predictions, and visualize
results through an interactive web interface. This
combination of data balancing, ensemble learning,
performance evaluation, and web deployment techniques
results in an efficient and accurate system for early lung
cancer detection.
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5. MODEL TRAINING

The gathering and preprocessing of the lung cancer
dataset is the first step in the model training process. To
eliminate inconsistencies and get the dataset ready for
machine learning analysis, data cleaning techniques are
used. Given the prevalence of class imbalance in medical
records, the Synthetic Minority Over- To provide a
balanced class distribution and enhance the model's
capacity to learn from all categories, the sampling
Technique (SMOTE) is used to create synthetic samples
for the minority class. After that, the preprocessed dataset
is split into training and testing sets so that the model can
assess its performance on untested data while learning
patterns from the training data.

A stacked ensemble learning strategy is used to attain
excellent prediction accuracy. The balanced training
dataset is used to individually train five basic classifiers
in the first layer: CatBoost, XGBoost, LightGBM,
AdaBoost, and Random Forest. Different traits and
connections between the lifestyle and clinical variables
linked to lung cancer are learned by each model.
AdaBoost concentrates on hard-to-classify samples,
Random Forest increases resilience through multiple
decision trees, XGBoost and LightGBM offer optimised
gradient boosting capabilities, and CatBoost effectively
manages categorical data. The second layer of the
ensemble architecture uses the predictions produced by
these foundation models as input characteristics.

In the second layer, Logistic Regression is employed as a
meta-learner to combine the outputs of the base
classifiers. The meta-learner analyzes the prediction
patterns of each model and learns the optimal
combination strategy to produce the final classification
result. This stacking technique reduces the limitations of
individual models and enhances overall predictive
performanceHyperparameters are adjusted during
training to enhance model generalisation and avoid
overfitting. Several performance indicators, such as
Accuracy, Precision, Recall, F1-Score, Confusion
Matrix, and ROC-AUC Score, are then used to assess the
trained ensemble model. With an accuracy of roughly
96.9% and a ROC-AUC score of 0.99, experimental data
show that the stacked ensemble model performs better
and is useful for early lung cancer prediction. For real-
time prediction and visualisation, the finished trained
model is stored and incorporated into a Flask-based web
application..

6. RESULT:

¢ (0 wmoon = D
g Cancer Prediction Home Register Login

Welcome to Lung Cancer Prediction System

Create Account

Username

Enter username

Email

Enter email address

Password

Enter password

Already have an account? Login here

User Login

Username

Enter username

Password

Enter password
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Lung Cancer Prediction Form

Gender ({0 = Female, 1 = BMale)

Feimale e

A

Emoking {1 = ¥Yes, 2 = Na]

s -

Wellow Fingers (1 = Yes, 2 = Ma)

s e
Anxiety [1 = Yes, 2 = Mo
b o] =

Peer Pressure (1 = Yes, 2 = Ma)

b= =

Chronic Diseases (1 = Yes, 2 = No)

b= =

Fatigue (1 = Yes, 2 = Ma)

Yes w

Allergy (1 = ¥es, 2 = Ma)

Wiog ot
Wheezing [1 = Yes, 2 = No)
Vg ot

Alcohol Consumiption (1 = Yes, 2 = Nao)

Wrs "t

Coughing (1 = Yes, 2 = Mo}

Wik, "t

Lhartness of Breath [1 = Yes, 2 = No)

Wirs "t

Swallowing Difficulty (1 = Yes, 2 = Noj|

Wirg "t

Chest Pain {1 = ¥Yes, 2 = Na)

Vg L

Result: 0 = No Lung Cancer

Result: 1 = Lung Cancer Detected

As for the experiment performed in the environment of
lung cancer detection, this set was also split into a
training set containing 80% of data and a test set
containing 20% of data. It did have a standard distribution
strategy in place to stop it from overfitting the data. In
testing the performance of the model, all the metrics some
of these include accuracy, precision, Recall, and F1
Score. The experiments were executed in a Python
environment which contains many libraries on a powerful
server, Dell PowerEdge T430 with a graphic processing
unit. This model of GPU has 2GB RAM and is driven by
two Intel’s Xeon processors each having 8 processing
cores and functioning at a rate of 2.4 GHz supported by
32 GB of DDR4 memory. These resources ensured
reliable computational performance for the analytical and
validation procedures of the formulated models for
diagnosing lung cancer.

The proposed stacked ensemble learning model, which
combines CatBoost, XGBoost, LightGBM, AdaBoost,
and Random Forest with Logistic Regression as the meta-
learner, achieved outstanding performance in lung cancer
prediction. After applying SMOTE to balance the dataset
and training the ensemble framework, the model obtained
an accuracy of 96.9% and a ROC-AUC score 0of 0.99. The
high accuracy demonstrates the model's ability to
correctly classify both lung cancer and non-lung cancer
cases, while the ROC-AUC score indicates excellent
discrimination capability between the two classes. The
integration of multiple classifiers enabled the model to
capture diverse patterns within the data, reducing
prediction errors and improving overall reliability. The
proposed model exhibited strong generalization
performance on unseen test data, confirming its
effectiveness for early lung cancer detection. These
results highlight the superiority of the stacked ensemble
approach over traditional single-model techniques and
demonstrate its potential as a robust decision-support tool
in healthcare applications.

7. DISCUSSION AND CONCLUSION

The experimental results demonstrate the effectiveness of
the proposed stacked ensemble learning model for early
lung cancer prediction. The framework integrates
CatBoost, XGBoost, LightGBM, AdaBoost, and
Random Forest as base classifiers, while Logistic
Regression acts as the meta-learner to generate the final
prediction. To address the issue of class imbalance
commonly found in medical datasets, the Synthetic
Minority Over-sampling Technique (SMOTE) was
applied during the preprocessing stage, ensuring
balanced representation of cancer and non-cancer cases.
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The ensemble architecture effectively combines the
strengths of multiple machine learning algorithms,
enabling the model to learn diverse patterns and
relationships within the clinical and lifestyle data. As a
result, the proposed system achieved an accuracy of
96.9% and a ROC-AUC score of 0.99, demonstrating
excellent predictive capability and strong discrimination
between classes. The confusion matrix analysis revealed
a low number of misclassifications, indicating reliable
and consistent performance. Furthermore, the ensemble
model outperformed traditional single-model approaches
by reducing prediction errors, improving robustness, and
enhancing generalization on unseen data. The
deployment of the trained model through a Flask-based
web application further validates its practical
applicability by enabling real-time prediction,
visualization, and user interaction.

In conclusion, this study presents an efficient and reliable
lung cancer prediction system based on stacked ensemble
learning. By combining multiple advanced classifiers and
utilizing SMOTE for data balancing, the proposed model
successfully improves prediction accuracy and overall
classification performance. The obtained results confirm
that ensemble learning can significantly enhance the
early detection of lung cancer, providing a valuable
decision-support tool for healthcare applications. The
integration of the predictive model into a web-based
platform further increases its accessibility and usability
in real-world environments. Therefore, the proposed
system offers a promising approach for assisting medical
professionals in the timely identification of high-risk
patients and supporting informed -clinical decision-
making. Future research may focus on incorporating
larger and more diverse clinical datasets, integrating deep
learning techniques, and implementing explainable
artificial intelligence methods to further improve model
performance, interpretability, and practical deployment
in healthcare settings.

8. FUTURE ENHANCEMENT

Even though the suggested stacked ensemble learning
model shown strong performance and high accuracy in
lung cancer prediction, a number of improvements could
be added in subsequent studies to increase its efficacy and
usefulness. Using larger and more varied clinical datasets
gathered from other healthcare facilities is one possible
enhancement that would improve the model's capacity for
generalisation and dependability across different
populations. Advanced deep learning architectures such
as Artificial Neural Networks (ANNs), Convolutional
Neural Networks (CNNs), and Transformer-based
models can also be integrated with the existing ensemble
framework to capture more complex patterns within

medical data. Furthermore, Explainable Artificial
Intelligence (XAI) techniques such as SHAP and LIME
can be incorporated to provide transparent and
interpretable predictions, helping healthcare
professionals better understand the factors influencing
the model's decisions.

In order to create a multimodal lung cancer prediction
system, future research may also examine the integration
of clinical and lifestyle data with medical imaging data,
such as CT scans, X-rays, and histopathological pictures.
To increase accessibility and facilitate remote patient
monitoring, real-time cloud deployment and mobile
healthcare apps can be used. To further improve
prediction accuracy and computing efficiency,
sophisticated feature selection approaches and automated
hyperparameter optimisation procedures can be applied.
It is possible to sustain performance over time and adjust
to evolving clinical trends by continuously retraining the
model with fresh patient data. The suggested system
could become a comprehensive, sophisticated, and
clinically useful decision-support tool for early lung
cancer detection and diagnosis with these improvements.
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