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I. INTRODUCTION
AI has initiated a paradigm shift in many 
areas, such as engineering, manufacturing, 
and in particular, medical research. The 
application of ML techniques has allowed 
the health care industry to develop 
automated systems that help to collect 
and analyse the vast amount of medical 
data and support health practitioners to 
make accurate and effective treatment 
decisions. Lung cancer accounts for many 
cancer deaths. The symptoms in the early 
stages are often absent and therefore, early 
diagnosis and treatment are essential to 
improve survival rates and avoid death. 
Lung cancer was the most burdensome 
cancer in 2017 with the most DALYs and 

affected 40. 9 million people worldwide. 
In 2020,1.8million people died of lung 
cancer and in 2022, there will be 135,720 
deaths from lung cancer in the US [1], 
[2]. However, lung cancer is often a 
symptomatic in the early stages making 
early detection difficult.

In the current study, we are discussing the 
detection and evaluation of the incidence 
and progression of lung cancer using 
ML and DL models [3]. Smoking is the 
major risk factor. SCLC (10-16% of cases) 
develops rapidly and spreads easily. ML 
method should be used to identify new 
patterns and associations in a large data 
set for early detection of lung cancer. 
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Recent advancements in bioinformatics, covering 
image-based and factor-based data, have allowed 
the identification of relevant features for prediction. 
These factors, when combined with powerful ML 
models, enhance the accuracy of disease predictions 
[4]. Various techniques including LR, RF, DT, SVM, 
NB and KNN have been applied to gene expression 
data for predicting cancer models. There are ADB-
based prediction models developed to help physicians 
in ECOG PS-based clinical decision-making for lung 
cancer patients [5].

Recent studies emphasise the importance of model 
validation to predict cancer, including the confusion 
matrix, precision,recall,accuracyandF1-score[6], [7].
Sophisticated classifiers, such as XG Boost, ETC, 
SSGDC, GBC and ensemble models, have shown 
promise in early diagnosis of lung cancer from 
clinical and medical data [8].Furthermore, new 
approaches have been explored such as the use of 
handcrafted electronic nose (e-nose) devices for lung 
cancer diagnosis[9],[10].Despite such achievements, 
there remains much room for improvement in 
classification models, prediction accuracy, and the 
use of disparate data sources for increased clinical 
relevance.

II. RELATED WORK
There has been significant attention to the use of 
ML and artificial intelligence for medical diagnosis, 
particularly for complex diseases such as lung 
cancer. Recent studies have explored a range of 
approaches, datasets and models to improve early 
diagnosis, risk assessment and therapeutic options. 
Dirik [11] has developed an ML approach for 
diagnosing lung cancer, which showcased the power 
of classification algorithms that can analyse medical 
data for lung cancer patterns. The purpose of this 
study was to improve diagnosis accuracy with the 
help of computer models that are more reliable and 
repeatable than clinical decision making. Mohan 
and Thayil [12] have discussed the application of 
ML algorithms for lung cancer on the text data. They 
noted that clinical text data might be a treasure-trove 
for feature selection and classification, and that non-
imaging data could be a potentially important feature 
in predictive models.

Fatokietal. [13] studied the application of ML 

techniques for lung cancer prediction using various 
data sets. They explored several approaches and 
highlighted the importance of model selection 
to achieve reliable results. The findings indicated 
ensemble learning algorithms perform better than 
single classifiers and pointed out hybrid approaches 
might be beneficial in medical diagnosis. Similarly, 
Tomassini Tal.

[14] conducted a detailed evaluation of lung nodule 
classification and cancer histological classification 
using CNNs based on CT images. They found 
CNNs have a good ability to extract spatial features 
in CT scans, and as a result, considerably enhance 
classification accuracy. The study provided a detailed 
summary of different CNN models and their uses, 
highlighting the importance of DL to achieve accurate 
histological classification.

Dritsas and Trigka [15] explored lung cancer risk 
prediction by creating and evaluating a range 
of ML models and discussed how statistical and 
computational techniques can be used to help identify 
the most at-risk people from clinical features. They 
highlighted ML models to deal with imbalanced 
data, while exhibiting the differences in prediction 
accuracy between different models. Kumar et al. [16] 
took a different approach and worked on the text 
dataset for lung cancer risk prediction, using ML 
algorithms to identify semantic and medical phrases. 
This demonstrated that natural language processing 
and ML can be used to develop effective diagnostic 
tools. Vasudha Rani et al. [17] developed lung cancer 
risk prediction model using ML. Their approach 
considered the importance of feature selection and 
data preparation to improve input data sets, thus 
resulting in better predictive outcomes. This research 
highlighted the importance of data preprocessing 
and tuning in ML for medical data.

Gültepe [18] undertook a comparative study of 
classification algorithms, comparing the performance 
of a number of lung cancer prediction techniques using 
various algorithms. He confirmed that algorithm 
choice has a big impact on accuracy, recall and 
precision, suggesting that no one technique always 
outperforms the others, but is heavily dependent 
on the characteristics of the dataset. Guoetal.[19] 
proposed a new method by advocating targeted 
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therapy to lung cancer sufferers with malignant 
pleural effusion using autologous tumor cell-derived 
microparticles. The biomedical discovery, as opposed 
to just computational approaches, integrated the 
concept of targeted therapy with clinical practice and 
thus linked predictions for diagnosis with targeted 
techniques. Their study showed the integration of 
computational predictions and treatment planning 
to improve patient care.

Chawla etal. [20] developed the SMOTE, a widely 
used method for balancing class distributions in 
medical data. Although not limited to lung cancer 
research, SMOTE has been widely used in the field 
of oncology to enhance the learning process of ML 
models, where the number of positive cancer patients 
is relatively small, compared to negative patients. This 
is particularly important for lung cancer prediction 
as data sets are often highly unbalanced in terms of 
a disproportionate number of early stage instances, 
thus limiting the models’ generalization capabilities.

III. MATERIALS AND METHODS
Our approach provides a ML-based automated 
predictive modeling framework for the early 
detection of lung cancer using the Kaggle lung cancer 
dataset, which includes clinical and diagnostic data. 
For efficiency, feature selection is carried out by 
means of dimensionality reduction usingChi² and 
MI methods. To address data imbalance, techniques 
such as SMOTE, Borderline SMOTE, SMOTE-
ENN, CTGAN, as well as a novel hybrid resampling 
approach combining ADASYN and Cluster Centroids 
are employed. Data pre-processing involves out Lier 
removal to improve the quality of the data. The 
approach is to train various ML algorithms including 
GBC, RF, ETC, SVM, KNN, LR, DT, SGDC, NB and 
XGB using 5-foldcross-validation. A hybrid LIME 
and SHAP for explainable AI and Flask based web 
interface for real-time prediction is developed.

Fig.1: System Architecture

The lung cancer screening process begins with a data 
set of lung cancer disease, which is pre-processed 
to correct the errors and transform the features. We 
split the data into training and testing data set by 
5-fold cross-validation training. We use CTGAN to 
create new features to overcome class imbalance and 
enhance diversity. The data is then fed into a Random 
Forest model to get a better prediction result. We then 
evaluate the performance with a confusion matrix, 
between the predicted versus observed values.

A) Data Set Collection
In this research, a lung cancer data set has been used, 
of 309 patients with 16 features collected through 
questionnaire responses. These are called personal 
attributes (age and gender) and lifestyle and medical 
factors (smoking, alcohol consumption, anxiety 
and chronic disease). These are used to explore the 
relationships with lung cancer. The data collection 
offers an organized foundation for data processing, 
feature extraction and training for predictive models 
and classification of lung cancer rates.

B) Pre-Processing
Preprocessing ensures the data quality and readiness 
for modelling by visualization, cleaning, feature 
selection, scaling and balancing, which improves 
model training and testing for accurate lung cancer 
prediction models.

i) Data visualization: is an essential part for 
understanding the data by visualizing distributions. 
This includes plotting the target classes to ensure that 
there is no class imbalance and plotting correlation 
matrices to understand the relationships between 
clinical features. Visualizations help in finding 
important associations between the features and 
lung cancer prognosis, feature selection, and guides 

E-ISSN No : 2581-6195 | Volume : 9 | Special Issue | May 2026



110 | International Educational Journal of Science & Engineering [IEJSE]� www.iejse.com

decisions about data preprocessing and selection of 
ML model for effective prediction.

ii) Feature selection identifies the most relevant features 
that have a significant impact on lung cancer survival. 
The importance of each variable is measured and the 
relevant features are retained using Chi$^2$ and MI 
methods. The feature dimensionality is decreased by 
removing irrelevant or redundant attributes, which 
results in faster learning, improved accuracy and 
interpretability. This step helps in identifying the 
important features to improve classification accuracy.

iii) Data scaling ensures that during model training, 
the features are equally weighted as they will have the 
same range. Use Min Max Scaler or Standard Scaler 
as per algorithm. It alleviates the bias of the attributes 
that have a greater magnitude and it also speeds 
up convergence in the learning process. Scaling is 
required for distance based algorithms such as KNN, 
SVM etc. to ensure stability and efficiency and give 
equal weight to all the features in the data set.

iv) Data balancing addresses the class imbalance 
issue, a common issue in medical data sets because 
of the imbalance between positive and negative 
examples. We use up-to-date resampling methods, 
like SMOTE, Borderline-SMOTE, SMOTE-ENN and 
CTGAN to create instances of minority class with a 
balanced number of classes. This approach makes 
the model more objective and less biased towards 
majority classes and offers more accurate and stable 
prediction in lung cancer diagnosis.

C) Training & Testing
Training and Testing The data is divided into two 
parts , generally 80/20 ratio, in training and testing 
Training provides data to train ML algorithms and 
testing verifies the algorithms. This step measures the 
performance of the algorithms and then guarantees 
the predictions’ correctness in real-life. The results 
with balanced and unbalanced data also demonstrate 
the effect of pre-processing and balancing techniques 
on the improvement of lung cancer prediction.

D) Integration of XAI and Flask Framework:
The incorporation of XAI in ML ensures 
interpretability of lung cancer prediction. We used 
techniques such as LIME and SHAP to provide 

explainability of model predictions (local and global) 
by showing feature importance for a given prediction 
and general trends. This instills trust in the predictions 
made by medical experts and makes the system 
trustworthy for clinical purposes. The explanations 
are Visualized by waterfall and summary plot graphs.

For better user experience, a web application using 
Flask technology was developed to ensure efficient 
use of the model by doctors and users. The technology 
allows for the input of clinical features and output 
of predictions and explanations. The integration of 
predictive models, explainable AI (XAI) and Flask 
technology for deployment improve the effectiveness 
of technology and its user experience to provide the 
right diagnosis and explainable medical decisions.

E) Algorithms
XG Boost (XGB): XG Boost are weighted loss 
functions with boosted (sequential) decision trees 
to assess non-linear relationships between clinical 
variables. Regularization prevents overfitting, 
hyperparameters and balanced data for precise, fast 
and consistent classification of lung cancer.

Extreme Trees Classifier (ETC): ETC creates random 
forests with random splits. ETC reduces variance 
by  averaging. A light pre-processing of diagnostic 
features leads to improved generalization, scalability 
and interpretability of feature interactions, leading to 
good accuracy in classification if minority classes are 
boosted by synthetic balancing techniques.

Support Vector Machine (SVM): SVM is used to 
discover the best hyperplane to separate cancer and 
non-cancer patients. It uses kernel functions for non-
linear boundaries and balancing of classes to detect 
minor classes. It maximises the margin and avoids 
overfitting for better prediction on clinical data.

K-Nearest Neighbors (KNN): KNN measures 
closeness of patients by a vote of the local neighbour 
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hood of feature points. It identifies small clinical 
patterns in balanced data with normalised features. 
Its simplicity and versatility offer good prediction 
accuracy, recall and F1-scores for cancer diagnosis.

Stochastic Gradient Descent Classifier (SGDC): 
SGDC learns from large data sets by repeatedly 
adjusting the weights to maximise the loss functions. 
Scaling and re-sampling for fairness for courses. 
Choice of loss and regularization for tuning for 
accuracy or recall.

Logistic Regression (LR): LR uses a logistic function 
to model the cancer risk and gives useful parameters 
to estimate the effect sizes. Random selection 
and regular inaction improve the stability for 
multicollinearity. Threshold tuning is a convenient 
approach to regulate complex ensemble processes, 
which can be achieved by using probabilistic 
predictions.

Decision Tree (DT): DT is a rule-based classic cation 
technique, which divides features into multiple 
thresholds. It can be applied to discrete or continuous 
data. It can be applied to diagnostic features of interest. 
In medical applications, resampling is liable to move 
data. but enhances generalisation and understanding 
of the model through visualisation.

Random Forest (RF): RF is more robust and reliable 
by combining multiple decision trees to get her via 
resampling. It can handle complex relationships and 
high dimensionality of medical data. Here, balanced 
resampling favours the minority class and key 
features of cancer in order of importance.

Gradient Boosting Classifier (GBC): GBC grows 
stress to correct the errors of previous trees and 
optimally captures complex medical features. It uses 
synthetic balancing for imbalanced data. The model’s 
accuracy, probabilistic analysis and robust early 
cancer diagnosis is enhanced by carefully tuning the 
learning rate and tree depth to avoid overfitting.

Naïve Bayes (NB): NB apply Bayes’ theorem and 
conditional independence to assess the likelihood 
of cancer. The model is fast and yields probabilities. 
Combined with balanced data, it offers reliable initial 
predictions and serves as a minimal baseline model 
for complex systems.

IV. EXPERIMENTAL RESULTS
Accuracy: The accuracy of a test is the ability of a test 
to correctly identify diseased and normal cases. To 
determine the accuracy of a test, one needs to calculate 
the proportion of true positives and true negatives 
out of all cases tested. This can be formulated as:

Precision: Precision is a statistic that measures the 
accuracy of the cases identified by the test. Therefore, 
the accuracy equation is given as:

Recall: Recall is a measure of the ability of a ML model 
to find all the relevant cases of a particular class. It 
measures the number of true positives correctly 
identified by a model as a proportion of the total 
number of positives, providing insight into a model’s 
ability to identify instances of a particular class.

F1-Score: The F1 score is a ML model’s accuracy 
statistic. It combines the accuracy and recalls of a 
model. The accuracy statistic defines the number of 
correct predictions made by the model across the 
entire model.
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Table 1: PerformanceEvaluation
ML Model Accuracy Precision Recall F1-score
XGB 0.980952 0.981699 0.980952 0.980970
ETC 0.971429 0.971636 0.971429 0.971444
SVM 0.914286 0.921164 0.914286 0.913510
KNN 0.933333 0.934512 0.933333 0.933150
SGDC 0.933333 0.936935 0.933333 0.932966
LR 0.876190 0.876170 0.876190 0.876100
DT 0.971429 0.971636 0.971429 0.971444
RF 0.961905 0.961905 0.961905 0.961905
NB 0.838095 0.839816 0.838095 0.838272
GBC 0.990476 0.990667 0.990476 0.990481

The performance evaluation of ML models is 
presented in Table1using accuracy, precision, recall 
and F1-score. The Gradient Boosting Classifier 
attained the highest performance in all measures, 
asserting its superiority in lung cancer prediction.

Table 2: Performance Evaluation
Table–DifferentDataBalancingTechniques

Table (2) shows the performance evaluation of the 
Gradient Boosting Classifier, reaching the highest 

accuracy of 99.05% using the Extension method, which 
indicates its superior performance in predicting lung 
cancer compared to other oversampling methods.

Fig. 3: ComparisonGraph

In the comparison graph (Fig. 3), the algorithms are 
compared based on accuracy (green), precision (light 
green), recall (blue) and F1-score (red). XGB delivers 
the best performance in all aspects, indicating its 
higher efficacy.

Fig. 4: ComparisonGraph–
DifferentDataBalancingTechniques

In Figure 4, the comparison graph shows that the 
maximum accuracy with the GBC was obtained 
using the Extension approach, compared to other 
oversampling methods.

Fig. 5: Ente rInput Data

Figure 5 shows the user interface for entering patient 

E-ISSN No : 2581-6195 | Volume : 9 | Special Issue | May 2026



www.iejse.com� International Educational Journal of Science & Engineering [IEJSE] | 113

details related to lung cancer for model prediction.

Fig. 6: Predicted Results

Figure6showsthesystem’spredictionwiththemessage: 
‘Lung cancer: NOT DETECTED.’

Fig. 7: Enter Input Data

Figure 7 shows the user interface for the input of 
patient characteristics, including the clinical and 
diagnostic features.

Fig. 8: Predicted Results

Figure 8 shows a screenshot of the system’s prediction, 
with the message: ‘Lung Cancer: DETECTED’.

V. CONCLUSION
The development of a predictive model for the early 
detection of lung cancer shows the success of ML 
and artificial intelligence in clinical decision making. 

Data from the Kaggle lung cancer data set, with 
comprehensive diagnostic and clinical features, was 
used to train and evaluate models. Chi² and MI were 
applied to feature selection for the identification of 
relevant features, thus improving the data quality 
and reducing dimensionality. Class imbalance, a 
common problem in medical data, was addressed 
through advanced balancing methods such as 
SMOTE, Borderline SMOTE, SMOTE-ENN and 
CTGAN thereby ensuring that the minority classes 
were well represented. A range of algorithms were 
used with 5-fold cross-validation, including GBC, 
RF, ETC, SVM, LR, KNN, DT, SGDC, NB and XGB. 
The results showed that the Gradient Boosting 
Classifier, when combined with preprocessing and 
oversampling-under sampling, achieved the highest 
predicted accuracy of 99.05%. Moreover, LIME and 
SHAP were used to interpret the results, and a Flask 
app was created for intuitive predictions.

Future work can include the use of DL models such 
as convolutional and recurrent neural networks to 
detect complex patterns in lung cancer data, and hence 
improve accuracy. We can fuse data such as images and 
genetic material for a more comprehensive diagnosis. 
Immediate implementation on the cloud can enable 
better access for practitioners. Improvements in 
explainable AI approaches will enhance transparency 
and build trust among users. Adaptive learning can 
be used to update models with new data, to provide 
flexibility. Electronic health record and mobile health 
systems can be integrated to enable personalised 
patient treatment andearly detection strategies.
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