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Abstract— On the other hand, lung cancer remains a global health problem, underscoring the crucial role of intelligent 

predictive analytics in rapidly and accurately identifying the disease at its early stages. This study aims to present an all-
embracing approach to predict lung cancer reliably for which we use advanced feature engineering along with model 
optimisation and explainable learning methodologies. The Lung Cancer Risk Dataset is obtained from Kaggle and also is free 
to access. The data is preprocessed by removing duplicates, applying label encoding and partitioning the dataset. To select the 
most discriminative qualities RFE with SVM is used for feature selection. The performance of various ML algorithms such as 
LR, Gaussian Naive Bayes, SVM, MLP, KNN, DT, RF, and XGBoost are tested based on important classification 
measures.To get a better power of prediction this is further optimised by the use of Nelder-Mead algorithm with XGBoost. 
From the experimental results, it is observed that the accuracy of the optimised XGBoost model is 100% which is higher than 
all the individual models. All of the ensemble learning methods are resilient, as demonstrated by the accuracy of 100% for a 
Voting Classifier, an ensemble of Gradient Boosting, XGBoost, LightGBM and CatBoost. LIME and SHAP can help to 
improve model interpretability, by providing insight into the contribution of essential features to ensure reliability in the 
clinical decision support. 
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I. INTRODUCTION  
Lung cancer is still a big problem for health around the 

world, and it's a big reason why men and women die from 
cancer. About 1.8 million people were estimated to have 
died from it and an estimated 2.1 million people were 
diagnosed with it in 2018 [1]. The incidence of lung cancer 
is higher than the combined incidence of colon, breast and 
prostate cancers and more than 40% are identified at an 
advanced stage with a low long-term survival rate [2]. 
Lung cancer occurs when cells in the lungs begin to 
multiply in an uncontrolled way and disrupt the normal 
function of the tissues, which may lead to the development 
of cancerous cells into the lungs. Late diagnosis of the 
condition causes great problems in its management and 
treatment. The diagnostic method normally includes 
several steps, such as symptom identification, consultation 
with a doctor, imaging, histological testing and molecular 
diagnosis [4]. Risk factors for lung cancer are lifestyle 
choices, environmental exposures, genetic predispositions 
and other underlying medical conditions. [5] These 
indicators should be used to forecast the risk of an 
individual having lung cancer in a certain period of time. 

AI has shown remarkable promise in recent years to 
enhance diagnostics and patient care in the medical field 
[6]. AI technologies, especially ML, DL, can process vast 

and complex medical information, detect complex 
patterns, and create predictive models [7]. AI-based 
methods facilitate the prediction of diseases in methods 
such as early detection, personalised treatments, clinical 
choices, feature selection, parameter tuning, and model 
optimisation. 

AI simplifies the process of predicting lung cancer by 
identifying key patient characteristics, reducing diagnostic 
errors, and offering more personalised healthcare 
decisions, given its ability to analyze a myriad of risk 
factors. 

II. RELATED WORK  
S. improved the Salp Swarm Algorithm for multi-

threshold segmentation, which made it easier to find 
cancerous areas using microscopy by tweaking the settings 
and doing a full evaluation. 

Chen [12] discussed the future possibilities of AI in 
diagnosing, predicting and planning treatment for lung 
cancer, emphasizing that it can analyze various types of 
clinical data. 

Huang et al. [13] looked at AI methods for finding and 
predicting lung cancer. Their attention was directed 
towards ensemble learning, CNNs, interpretability, feature 
selection and data diversity. 

Liu et al. [14] looked at AI-based lung cancer detection 
methods and talked about how they could improve 
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diagnostic performance, the amount of data needed, 
problems with validation, and their clinical potential. 

Chen and Jeong [15] created a better RFE method for 
quickly picking out the most important features from large, 
complicated datasets. Feature selection methods get rid of 
variables that aren't important or are repeated. This assists 
ML to become more interpretable and accurate in 
prediction, particularly with large medical datasets. This 
technique is especially beneficial for medical datasets as 
redundancy or superfluous information might influence 
precision. The results disclosed by Chen and Jeong 
showed that an enhanced RFE can serve as systematic 
feature selection method for cancer prediction tasks to 
significantly reduce the dimensionality without loss and 
without compromising the classification performance. 

A simple introduction to SVM, theory, kernel functions 
and applications to classification problems can be found in 
[16]. Authors talked about the applicability of SVM with 
high dimensional data. It can deal with linear and non-
linear relationships and it provides a good generalisation of 
unknown data sets. SVM is widely used in medical 
diagnosis particularly in the classification of cancer, due to 
their ability to maximize the margin between classes and 
to avoid overfitting. 

W.S.Noble also presented a demonstration of the use 
of SVMs and some of its applications in bioinformatics 
and medical data processing [17]. SVM methods can 
distinctly distinguish complicated biological patterns in 
high dimensional space and could be easily understood 
and be scaled up for cancer diagnostic prediction 
applications. 

Two slime mold-based optimisation methods, Boosted 
Local Dimensional Mutation and All-dimensional 
Neighbourhood, were created by Zhou et al. [18] to help 
choose features. They are capable of finding the most 
informative features in high-dimensional data, with the 
help of swarm intelligence and adaptive mutation 
strategies. Zhou et al. demonstrated that the hybrid 
approach could result in better classification, lower 
computational burden and provide insights into the 
significance of some factors for prediction modelling in 
general. The importance of the proposed approach in 
medical sector was also highlighted, in which the 
identification of crucial biomarkers or imaging features is 
important to make correct disease classification. 

The implementation of Nelder-Mead simplex method 
with configurable parameters for optimising objective 
functions of difficult domain was given by Farhat Husain 
F. Gao and L. Han [19]. This can enhance the convergence 
rate and quality of answer particularly in the process of 
hyperparameter tuning in classical ML models. Gao and 
Han demonstrated that it can be used in medical prediction 
models and adaptive optimisation methods can 
significantly improve the model performance by avoiding 
the slow process of finding the optimum parameters. 

Chassagnon [20] examined the potential of AI to detect 
lung nodules and cancer for improved diagnosis, risk 
stratification, and treatment planning. Inside high-
dimensional feature spaces, SVMs have proven to be 
effective at separating complex biological patterns, such as 
cancerous and non-cancerous tissues," Noble said. The 
SVM models were found to be advantageous for predictive 

diagnostic applications and results were interpretable and 
scalable to real world datasets. 

Standardised datasets, model interpretability, and 
rigorous validation were essential for the safe, reliable, and 
effective implementation of a healthcare model, 
researchers emphasized. 

Overall, feature selection, swarm optimisation, SVM, 
ensemble learning, and explainable techniques with AI and 
optimisation techniques aid in better cancer detection. 
These advances are behind the prediction frameworks that 
will facilitate early diagnosis, clinical decision making and 
ultimately patient outcomes. 

III. MATERIALS AND METHODS 
 Based on structured datasets, the proposed system 
provides an intelligent prediction of lung cancer using 
preprocessing techniques like duplicate removal, label 
encoding and dataset splitting to assure accurate inputs. 
RFE reduces the features' redundancy and selects the most 
important ones by using SVM. LR, Gaussian Naïve Bayes, 
SVM, MLP, KNN, DT, RF and XGBoost are all rated 
using accuracy, precision, recall, F1-score and MCC NM-
XGBoost optimizes hyperparameters, LIME and SHAP 
describe the importance of a feature and Voting Classifier 
contains Gradient Boosting, XGBoost, LightGBM, 
CatBoost. A Flask interface allows access to real-time 
forecasts. 

 
Fig. 1.  System Architecture 

The overall system architecture depicts the whole 
process of the lung cancer prediction framework. It begins 
with the collection of datasets and pre-processing 
including the removal of datasets which are duplicated, 
encoding of labels and separation of datasets. The features 
are selected using RFE and SVM and significant 
attributes are identified. The selected features are 
processed by many ML algorithms such as NM-XGBoost 
and ensemble approaches. XAI methods such as LIME 
and SHAP give interpretability . The Flask-based 
interface makes lung cancer forecasts accurate, 
transparent and accessible for real-time interaction with 
users. 
a) Data Set Collection  

i) Lung Cancer Patient: The dataset used to predict 
lung cancer has 1000 patients records with 26 variables 
including demographic, environmental, lifestyle and 
clinical factors. Demographic, environmental, genetic, 
lifestyle and clinical information including age, gender, 
smoking, pollution, chest pain, coughing up blood and 
tiredness included. There is a “Level” column on each 
record indicating seriousness or risk level for lung cancer. 
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The data set contains no missing observations and can be 
used for training, testing and evaluation of ML models. 

 
Fig. 2. Lung Cancer Patient Dataset Collection 

ii) Lung Cancer Risk: The data set comprises 309 
cases with 16 variables which include demographic, 
behavioural and clinical characteristics relevant to lung 
cancer. This includes things like gender, age, smoking 
habits, fatigue, anxiety, coughing, chest pain and 
symptoms like shortness of breath and difficulty 
swallowing. “LUNG_CANCER” is the target variable 
that indicates lung cancer in the patient. The data set is 
fully complete and well-structured, which provides a solid 
basis for the creation and testing of algorithms for 
predictive ML. 

 
Fig.3 Lung Cancer Risk Dataset Collection 
b) Pre-Processing 

By using the preprocessing step, the lung cancer 
dataset can be preprocessed and put into the correct model 
using the visualisation , label encoding , feature selection , 
data splitting and model training . These phases provide 
data uniformity , efficiency and enhanced predictive 
performance . 

Data Visualization: Visualizing data: is a visual 
representation – provides a good understanding of how 
the data is structured and distributed. It helps to find 
patterns, correlation and imbalance between the factors, 
like gender and level of lung cancer. To accentuate 
frequency and percentage of cases and to provide insight 
into distributions according to gender and overall 
proportion of the target variable, both bar plots and count 
plots are employed. These are used to gain more insights 
into the data before applying regular ML models. 

Label Encoding: Label encoding is performed on the 
categorical features like ‘Gender', ‘Level' to convert them 
into numbers that can be accepted by the ML algorithms. 
This enables models to easily comprehend and work with 
non-numeric data. Every different category is given a 
different integer, while maintaining integrity of the data, 
yet making algorithmic calculation possible. The 
categorical data is standardised using Label encoding for 
scaling, training, and further feature selection. 

Feature Selection: Feature selection aims at the 
selection and retention of only those features that are 
relevant in the data set, and have high contribution 
towards the correct classification. Feature selection 
removes unessential feature, simplifies the model, 
prevents over-fitting and highlights the attention of 
essential cancer risk factors such as smoking, pollution 
and chronic diseases. 
c) Training and Testing: 

Models learn complex relationships from training data 
and are evaluated on test data which they haven't seen 

before and with standard measures of their ability to 
generalise. 
d) Integration of XAI and Flask Framework: 

The interpretability and transparency of lung cancer 
prediction models are improved using the system based 
on XAI techniques, including LIME and SHAP. LIME is 
used to show local explanations for single predictions, 
using the factors Wheezing , Obesity , Snoring to explain 
the output of the model. Visualisations such as waterfall 
charts deliver to consumers a clear understanding of the 
impact of features and can be used for decision making 
and providing useful information. SHAP extends this by 
giving global explanations for multiple classes, 
quantifying and visualising the contribution of each 
feature with summary plots for each risk category, giving 
it local and overall interpretability. 

The framework is also deployed using the Flask web 
framework providing a user-friendly interface for input 
and prediction in real time. Patients' data can be inputted, 
predictions can be accessed and XAI visualisations can be 
interacted with. The interpretability and accessibility of 
this model ensures that medical professionals and patients 
can grasp the rationale behind its predictions, while 
enjoying the benefits of its high accuracy and robust 
ensemble predictions, thereby fostering trust, reliability, 
and informed decisions in lung cancer risk assessment. 
E) Algorithms  

Logistic Regression classifies lung cancer risk into 
groups and determines the likelihood of an individual 
getting into each group based on the individual's health 
information. It provides a model for quick assessment of 
the contribution of features in medical decision-support 
applications, which is both simple and easy to understand, 
and can be given a probabilistic interpretation. 

 ෡   =  (    +  ) =
1

1 +  ି൫   ା ൯
     (1) 

Gaussian Naïve Bayes: estimates the probability of 
lung cancer for a given patient characteristics. It provides 
a quick, efficient classifier which is capable of small data 
size, high dimensional features and posterior probability 
estimation for early risk detection. 

Support Vector Machine (SVM): By identifying ideal 
hyperplanes, it is able to tackle complex and non-linear 
interactions, and data with high dimensions. This leads to 
accurate lung cancer risk predictions and strong 
generalisation of multi-dimensional health inputs. 

         
1

2
 || ||2 +   ෍   

 

 ୀ1

     (2) 

Multi-Layer Perceptron (MLP): Models complex 
relationships between patient features, learns non-linear 
dependency structures; improves accuracy of predictions. 
Learning complex interactions between characteristics 
thru backpropagation to robustly evaluate lung cancer 
risk. 
 ෡ =  ൫   ൫  ି1 ∙ ∙ ∙  ൫ 1  +  1൯ +  ( ି1)൯ +   ൯   
(3) 

K-Nearest Neighbor (KNN): It identifies the risk of 
lung cancer from the closest patients, provides predictions 
that are easy to understand by interpreting the distance, 
exposes the local trends and can efficiently handle small 
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to medium sized datasets so that the risk can be evaluated 
effectively. 

        ( ,   ) = ඨ෍ ൫   −    
൯

2 

 ୀ1
    (4) 

Decision Tree: The advantage of the proposed method 
is that it successively divides the patient attributes based 
on the health attributes, generates clear rule-based 
classification, identifies effective variables and generates 
the interpretable results to be applied to lung cancer risk 
prediction. 

  ( ) = 1 − ෍   
2

 

 ୀ1

     (5) 

Random Forest: it combines several DT models to 
estimate the risk, which improves the accuracy, reduces 
overfitting, deals with high dimensional data and provides 
feature importance scores for dependable and consistent 
lung cancer categorisation. 

     = 1 −  ෍(  )2

 

 ୀ1

    (6) 

XGBoost: Sequentially builds the DT models which 
will minimize the errors, giving high accuracy, efficiency, 
robustness and scalable computation which will capture 
the complex patterns of the health data so that the lung 
cancer risk can be predicted accurately. 

 ෡   =   ൭෍   (  )

 

 ୀ1

൱ ,    ∈      (7) 

NM-XGBoost: It is a combination of Nelder-Mead 
optimisation and XGBoost that optimises 
hyperparameters automatically to gain improved accuracy 
and generalisation, and uncover fine-grained patterns for 
health features to predict lung cancer risk. 

Voting Classifier: This is an ensemble of Gradient 
Boosting, XGBoost, Light GBM, Cat Boost to exploit the 
strength of every model to improve the overall accuracy, 
stability, robust, and consistent predictions to perform 
accurate lung cancer risk assessment. 

 ෡  =         ൭෍    ( ෡   =  )

 

 ୀ1

൱    (8) 

IV. EXPERIMENTAL RESULTS 
Accuracy: A test's accuracy is its ability to make 

proper discrimination between the patient and healthy 
patients. To assess how accurate a test is we should 
compute the proportion of all the cases analysed to be 
classified as true positive and the proportion to be 
classified as true negative. This can be expressed 
mathematically as: 

         =
TP + TN

TP + FP + TN + FN
(9) 

Precision: Precision shows how accurate positive 
classifications made by models are by showing the 
percentage of expected positive cases that are actually 
positive. 

          =
TP

TP + FP
(10) 

Recall: Recall is the ability of a model to identify the 
relevant positive instances, and indicates the ability of the 
model to identify cases belonging to the goal class. 

       =
TP

TP +  FN
(11) 

F1-Score: F1-score is a single value that combines 
precision and recall for a fair assessment of the 
classification performance over the dataset used. 

 1       = 2 ∗
       X          

       +          
∗ 100(12) 

MCC: In ML, the MCC is a measure of the quality of 
binary classifications by a classifier. It considers all 4 
elements of a confusion matrix and is a measure of the 
correlation of the expected and actual binary outcomes. 
   

=
   ×    −    ×   

ඥ(   +   )(   +   )(   +   )(   +   
 (13) 

Table. 1. Performance Evaluation– Lung Cancer 
Patient 
ML Model Accuracy Precision Recall F1-

Score 
MCC 

Logistic 
Regression 

0.941 0.941 0.941 0.941 0.911 

GaussianNB 0.900 0.905 0.900 0.900 0.852 
SVM 0.968 0.971 0.968 0.968 0.953 
MLP 0.963 0.965 0.963 0.963 0.946 
KNN 0.977 0.979 0.977 0.977 0.966 
Decision 
Tree 

0.922 0.930 0.922 0.922 0.887 

Random 
Forest 

0.936 0.938 0.936 0.936 0.905 

XGBoost 0.950 0.950 0.950 0.950 0.925 
Proposed 
NM-
XGBoost 

1.000 1.000 1.000 1.000 1.000 

Extension 
Voting 

1.000 1.000 1.000 1.000 1.000 

Testing of different models are compared using the 
parameters accuracy, precision, memory, F1-score and 
MCC and the result is shown in Table 1. The Proposed 
NM-XGBoost and Extension Voting algorithms obtained 
the highest scores for all the measures, suggesting the best 
predictive performance. 

Table.2 Performance Evaluation – Lung Cancer 
Risk 
Model Accuracy Precision Recall F1-

Score 
MCC 

Logistic 
Regression 

0.972 0.974 0.972 0.972 0.945 

GaussianNB 0.954 0.954 0.954 0.954 0.905 
SVM 0.954 0.954 0.954 0.954 0.905 
MLP 0.972 0.974 0.972 0.972 0.945 
KNN 0.954 0.958 0.954 0.954 0.910 
Decision 
Tree 

0.981 0.981 0.981 0.981 0.962 

Random 
Forest 

0.981 0.981 0.981 0.981 0.962 

XGBoost 0.981 0.981 0.981 0.981 0.962 
Proposed 
NM-
XGBoost 

0.991 0.991 0.991 0.991 0.981 

Extension 
Voting 

0.991 0.991 0.991 0.991 0.981 

When it comes to a number of different evaluation 
criteria, Table 2 demonstrates that overall NM-XGBoost 
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is better and has a stronger predictive stability as 
compared to other models. 

Fig. 4. Comparison Graph– Lung Cancer Patient 

 
As shown in Figure 4, accuracy, precision, recall, F1-

score and MCC are the primary metrics for comparing the 
performance of different models. The overall best values 
for the metrics with a great prediction accuracy and 
reliability were obtained with the Extension Voting 
method. 

Fig.5 Comparison Graph – Lung Cancer Risk 

 
Figure 5 shows the comparison graph of the model 

success whereas in terms of accuracy, precision, recall, 
F1-score and MCC. The Extension Voting algorithm was 
the best way in classification accuracy, and had the 
highest overall metric values. 

 
Fig.6 Enter the input data 

When users enter all of the level of symptoms in all of 
the input boxes as shown in Fig.6 then the result of lung-
cancer risk is generated. 

 
Fig.7 Predicted Result 

The result of the projection is displayed in Fig.7, with 
medium risk level and the advanced ML analysis 
computation score of “73.8% confidence score”. 

 
Fig.8 Enter the input data 

Users fill in several fields with values of symptom 
intensities and can make a forecast of lung-cancer risks 
accurately by the evaluation model (Fig.8). 

 
Fig.9 Predicted Result 

The Model as shown in Fig.9 predicts a high risk of 
lung-cancer with a confidence score of 81.97% showing 
severe symptoms and requires immediate evaluation. 

V. CONCLUSION 
In the present work the successful hybridisation 

between the feature engineering, optimisation and 
ensemble learning has been observed for the accurate 
prediction of lung cancer. RFE-SVM was used for feature 
selection to retain only the most relevant features, thus 
ensuring proper training of the model and the 
minimization of noise. Results showed that optimised 
XGBoost with Nelder-Mead had significantly higher 
predictive capability when compared with various ML 
algorithms evaluated. In addition, ensemble learning was 
used to improve the strength of the system. When 
Gradient Boosting, XGBoost, LightGBM, and CatBoost 
were all combined in the Voting Classifier, it got a perfect 
score on accuracy, precision, recall, and F1. The use of 
XAI techniques such as LIME and SHAP showed the 
importance of salient traits, thereby highlighting the need 
for transparency and interpretability for clinical use. The 
results indicate that ensemble learning and advanced 
optimisation techniques can significantly boost prediction 
accuracy and aid in medical decision-making. The 
approach offers high classification accuracy and good 
real-world healthcare deployment trustworthiness, 
allowing for the creation of very high accuracy lung 
cancer prediction models that are easily interpretable. 

Future work will involve increasing the size and 
diversity of data that are representative of real world 
clinical variation. Some generalisation enhancement can 
be obtained by exploring other combination methods of 
the ensemble of advanced gradient boosting algorithms 
and DL architectures. A cross-domain validation on 
several healthcare datasets will be carried out in an effort 
to evaluate the flexibility and resilience of the system. 
Moreover, the approach can also be used for multi-class 
classification and thus might predict the various phases of 
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lung cancer instead of risk assessment. Future tests will 
consider clinical deployment, scalability, response time, 
reliability and adaptability to ensure that the models 
remain accurate as new data is incorporated. 
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