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Abstract

Lung cancer continues to be a major cause of death globally, and early diagnosis plays a critical role in improving
survival rates. This study explores the potential of machine learning models to detect and classify lung cancer
using a publicly available dataset. Five different algorithms—Logistic Regression, K-Nearest Neighbors (KNN),
Support Vector Machine (SVM), Naive Bayes, and Random Forest—are examined to evaluate their effectiveness
in lung cancer detection. Data preprocessing techniques are applied to address missing values, normalize
features, and partition the dataset into training and testing subsets for model evaluation. To assess and compare
the performance of the models, various metrics such as accuracy, precision, recall, F1-score, and Area Under
the Curve (AUC) are employed. The results show that the Random Forest model yields the highest accuracy at
91.8%, followed by SVM and Logistic Regression. Although KNN and Naive Bayes demonstrate slightly lower
performance, they still offer useful insights, particularly due to their simplicity and computational efficiency.
This study underscores the advantages of Random Forest, especially in managing complex datasets, making it
a promising tool for the early detection of lung cancer in clinical settings. The results suggest that machine
learning techniques, especially ensemble methods like Random Forest, can aid healthcare professionals in
delivering faster and more accurate diagnoses, leading to improved patient outcomes and optimized clinical
processes.

Keywords: Lung Cancer, Machine Learning, Logistic Regression, KNN, SVM, Naive Bayes, Random Forest,
Classification, Early Detection, Healthcare Applications

IJCRT2501016 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | a150


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882

l. Introduction

Lung cancer remains one of the leading health challenges worldwide, causing a substantial number of cancer-
related fatalities each year. Early detection of the disease significantly improves survival chances, as treatments
are more effective when started early[11]. However, conventional diagnostic methods, such as imaging scans
and biopsies, are often expensive, time-intensive, and reliant on the expertise of medical professionals. This has
led to increased interest in the development of automated diagnostic systems that leverage machine learning
(ML) techniques to provide more efficient and accurate diagnoses.[12]

Machine learning, a subfield of artificial intelligence, holds great promise in enhancing diagnostic precision by
processing large datasets and identifying subtle patterns that may go unnoticed by human experts[13]. In the case
of lung cancer, ML models can analyze data from diverse sources, such as medical imaging, genomic data, and
patient medical histories, offering healthcare providers faster, more reliable tools for decision-making.[14]

Various machine learning algorithms have shown great potential for lung cancer detection. This study focuses
on evaluating five popular models—Logistic Regression, K-Nearest Neighbors (KNN), Support Vector Machine
(SVM), Naive Bayes, and Random Forest—using a publicly available dataset. These models are chosen due to
their different approaches to classification tasks and their demonstrated effectiveness in various applications.[15]

o Logistic Regression (LR) is a statistical method commonly used for binary classification, providing a
probabilistic framework for predicting outcomes.[16]

o K-Nearest Neighbors (KNN) is a simple yet powerful instance-based algorithm that classifies a data
point based on the majority label of its nearest neighbors.[17]

e Support Vector Machine (SVM) works by finding hyperplanes that separate different classes in the
data, making it particularly effective for complex datasets such as those involved in cancer detection.[18]

« Naive Bayes is a probabilistic classifier based on Bayes' theorem, excelling with datasets that feature
independent attributes, making it well-suited for medical data classification.

« Random Forest, an ensemble learning technique, builds multiple decision trees and combines their
predictions, making it robust against overfitting and effective in handling both categorical and numerical
data.[19]

« Hybrid Neural Ensemble with Feature Selection (HNE-FS) is an innovative machine learning method
developed to improve prediction performance. It achieves this by integrating feature selection techniques,
neural network models, and ensemble learning strategies, leveraging their combined strengths.

I1. Previous Studies

Over the last decade, the use of machine learning (ML) models for lung cancer detection has been extensively
studied. These computational techniques are increasingly being employed to improve early diagnosis and
enhance patient outcomes by leveraging data-driven approaches. Multiple studies have utilized various ML
algorithms on diverse datasets, yielding valuable insights into their effectiveness in predicting lung cancer.
Below is a summary of some notable prior research in this domain, including the methodologies, datasets, and
key findings.[20]

Logistic Regression in Lung Cancer Detection

Logistic regression, a traditional method for binary classification, has been widely applied to lung cancer
datasets. Yadav et al. (2020)[1] used logistic regression to predict lung cancer based on clinical and demographic
data, such as age, smoking history, and tumor size. Their study demonstrated that logistic regression achieved
an accuracy rate exceeding 80%, highlighting the importance of feature selection and data preprocessing to
enhance model performance. This study underscores the utility of logistic regression in predicting lung cancer
likelihood when relevant features are properly selected and processed (Yadav et al., 2020).[1]
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K-Nearest Neighbors (KNN) for Lung Cancer Classification

K-Nearest Neighbors (KNN) is a simple yet powerful algorithm that has shown promise in medical diagnostics.
In their 2019 study, Chen et al. employed KNN to classify lung cancer based on features extracted from medical
imaging. The study focused on predicting the malignancy of lung nodules, where KNN demonstrated high
sensitivity in detecting cancerous growths. Despite its strengths, the authors noted that KNN could become
computationally expensive when handling large datasets, suggesting that its simplicity is balanced by potential
computational limitations (Chen et al., 2019).[2]

Support Vector Machine (SVM) in Cancer Prediction

Support Vector Machine (SVM) is well-known for its effectiveness in binary classification tasks, particularly
when dealing with high-dimensional datasets. Sharma et al. (2020) used SVM to classify lung cancer based on
both clinical and imaging data. The model performed exceptionally well in distinguishing malignant from benign
nodules, with a high Area Under the Curve (AUC) in the ROC analysis. SVM’s ability to find optimal
hyperplanes in complex, high-dimensional feature spaces allowed it to differentiate between subtle cancerous
and non-cancerous cases (Sharma et al., 2020).[3]

Naive Bayes for Early Cancer Detection

Naive Bayes, a probabilistic classifier based on Bayes' theorem, has been successfully applied to medical
diagnosis tasks, including lung cancer detection. Singh and Sharma (2021) applied Naive Bayes to classify lung
cancer based on patient demographics, smoking history, and medical test results. They found that Naive Bayes
provided competitive accuracy, especially in datasets with a combination of categorical and continuous variables.
The study emphasized that preprocessing and handling missing data were crucial for improving the model’s
performance and robustness in early cancer detection (Singh & Sharma, 2021).[4]

Random Forest in Predictive Modeling for Cancer

Random Forest, an ensemble learning method, has gained popularity for cancer detection due to its ability to
handle imbalanced data and reduce overfitting. Gupta et al. (2020) applied Random Forest to predict lung cancer
using a dataset that included both structured clinical data and unstructured medical imaging features. The
ensemble approach enhanced the model’s reliability and performance. The study revealed that Random Forest
outperformed other classifiers such as logistic regression and KNN in terms of accuracy and precision.
Additionally, the feature importance analysis highlighted smoking history and tumor characteristics as key
factors in predicting lung cancer (Gupta et al., 2020).[5]

Hybrid Neural Ensemble with Feature Selection (HNE-FS)

Is a relatively advanced approach in machine learning, combining feature selection, neural networks, and
ensemble methods to achieve superior predictive performance. While the exact term "HNE-FS™ may not be
widely referenced in previous studies as a unified algorithm, its components and related methodologies have
been extensively explored in literature:

Comparative Studies of Machine Learning Models

Several studies have compared multiple machine learning algorithms to identify the most effective model for
lung cancer detection. Kumar and Singh (2019) conducted a comparative analysis of Logistic Regression, SVM,
KNN, and Random Forest using a lung cancer dataset. Their findings indicated that SVM and Random Forest
achieved the highest accuracy overall, while KNN and Logistic Regression performed well in specific subsets
with fewer features or smaller sample sizes. The study emphasized the necessity of evaluating various models to
determine the best one for a particular dataset (Kumar & Singh, 2019).[6]
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Similarly, Sharma et al. (2021) used a combination of classifiers, including Logistic Regression, Naive Bayes,
and Random Forest, to predict lung cancer using demographic and clinical data. Their results indicated that
ensemble methods like Random Forest outperformed individual classifiers in both accuracy and reliability,
particularly when the dataset contained diverse features, such as patient age, lifestyle factors, and imaging data
(Sharma et al., 2021).

I1I.PROBLEM STATEMENT

Lung cancer is one of the leading causes of death worldwide, largely due to its diagnosis at advanced stages,
when treatment options are less effective. Early detection is vital for improving survival rates; however,
traditional diagnostic techniques like biopsies and imaging scans are often invasive, expensive, and time-
consuming. These methods can also sometimes lead to delayed or inaccurate diagnoses, which can hinder timely
treatment.

Machine learning (ML) offers a potential solution by enabling faster and more accurate predictions of lung cancer
through the analysis of large datasets from various sources, such as patient demographics, clinical records, and
medical imaging. Despite its promise, challenges remain in selecting the most appropriate algorithms, optimizing
their performance, and ensuring they generalize effectively across different populations.

This study focuses on developing an efficient and automated system to accurately detect lung cancer using
several machine learning models, including Logistic Regression, K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), Naive Bayes, and Random Forest. The study aims to train these models on relevant datasets
and compare their effectiveness in classifying benign and malignant lung conditions. Specifically, the objectives
of this research are to:

1. Assess the effectiveness of different machine learning algorithms for lung cancer detection based on
performance metrics such as accuracy, precision, recall, and others.

2. Explore how various feature selection and data preprocessing methods impact the performance of the
models.

3. Identify the algorithm that best balances interpretability, computational efficiency, and classification
accuracy.

4. Investigate potential enhancements through the use of model ensembles or hybrid approaches to improve
diagnostic reliability and minimize the risk of misclassification.

V. PROPOSED METHOD

1. Dataset Overview

The dataset utilized for this study should encompass a comprehensive range of patient information, including
both clinical and medical data. Key features of the dataset would typically involve demographic details such as
age, gender, and smoking history, as these factors are known to influence the likelihood of lung cancer. Medical
imaging data, such as results from CT scans, X-rays, and possibly MRI scans, are critical for detecting and
diagnosing lung cancer, as these images provide visual representations of lung abnormalities, such as nodules or
lesions, that may indicate malignancy.

In addition to imaging data, the dataset may include genetic information (e.g., mutations or genetic markers
linked to lung cancer) and biochemical markers, which are biological indicators in the blood or other body
fluids that can signal the presence of cancer. These markers can help to identify lung cancer in its early stages or
even predict the disease before physical symptoms appear.

The dataset must include labeled instances, meaning that each data point corresponds to a known outcome—
whether the patient has been diagnosed with lung cancer or not. These labels (cancer/no cancer) are crucial for
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supervised learning, enabling machine learning algorithms to learn the relationship between the clinical features
and the disease outcome. The dataset should ideally be large enough to represent a diverse group of patients,
ensuring the generalizability and accuracy of the models built on it.

Furthermore, the dataset needs to be carefully curated to address common data quality issues, such as missing
values or outliers, which could impact the performance of the machine learning models. Proper preprocessing
steps, such as normalization, feature scaling, and data balancing, should be applied to ensure the data is suitable
for training and testing the algorithms.

Feature Name Description
Age Patient’s age in years.
Gender Patient’s gender (Male/Female).
Smoking History Whether the patient has a history of smoking (Yes/No).
Family History of Cancer Whether the patient has a family history of cancer (Yes/No).
Tumor Size Size of the tumor (in centimeters or millimeters).
Blood Test Results Results from blood tests (e.g., abnormal levels of certain markers).
Cough Whether the patient has a persistent cough (Yes/No).
Chest Pain Whether the patient is experiencing chest pain (Yes/No).
Shortness of Breath Whether the patient has difficulty breathing (Yes/No).
Weight Loss Whether the patient has unexplained weight loss (Yes/No).
Histology (if available) Tissue samples or biopsy results (e.g., benign/malignant).
Smoking Pack-Years Number of cigarette packs smoked per day multiplied by the number of years smoked.

Lung Cancer (Target Class) The target variable, representing whether the patient has lung cancer (1 = Yes, 0 = No).

Figure 1 Features of Dataset

2. Preprocessing Steps

1.DataCleaning:

Data cleaning is a critical first step in preparing the dataset for machine learning. It involves addressing issues
such as missing values, inconsistencies, and outliers to ensure the dataset is reliable and ready for analysis.
Missing data can be handled through imputation methods (such as replacing missing values with the mean,
median, or mode) or removal of instances with missing values if they are minimal. Inconsistent data, such as
incorrect or conflicting entries, should be identified and corrected to maintain data integrity. Additionally,
outliers—values that are significantly different from the rest of the data—should be detected and either removed
or treated appropriately, as they can skew model results.

2.FeatureSelection:

Feature selection aims to identify and retain the most relevant variables that contribute to the model’s
performance, while removing unnecessary or redundant ones. This helps to reduce model complexity, improve
accuracy, and speed up training. Some common feature selection techniques include:

Correlation Matrix: A correlation matrix allows for the identification of highly correlated features, which
can introduce redundancy. Features that are strongly correlated with one another can be dropped, as they provide
similar information, thereby simplifying the dataset and improving the model's efficiency.

e Recursive Feature Elimination (RFE): RFE is an iterative method that evaluates the importance of
each feature by recursively removing the least significant ones. It ranks features based on their impact on
the model's performance and selects the most influential features for model training. This process helps
eliminate irrelevant or less important variables that do not significantly contribute to the model’s
predictive power.
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3.DataNormalization:

Data normalization ensures that all features have the same scale, preventing models from becoming biased
toward features with larger numerical ranges. This step is particularly important for algorithms that rely on
distance calculations, such as K-Nearest Neighbors (KNN) and Support Vector Machines (SVM), which may
give disproportionate weight to larger-scale features. Common normalization techniques include:

e Min-Max Scaling: Rescales the data to a fixed range, typically [0, 1], by subtracting the minimum value
and dividing by the range of the feature.

o Standardization (Z-score normalization): This method transforms the data so that each feature has a
mean of 0 and a standard deviation of 1. It is useful when the data is not bounded within a fixed range
but needs to be centered and scaled.

4. Train-TestSplit:

To evaluate the performance of a machine learning model, the dataset needs to be split into two parts: training
and testing sets. A common approach is the 80-20 split, where 80% of the data is used to train the model, and
the remaining 20% is used to test the model's accuracy on unseen data. This ensures that the model is assessed
on data it hasn't been exposed to during training. Alternatively, cross-validation, such as k-fold cross-
validation, can be used, where the data is divided into 'k’ subsets. The model is trained and evaluated 'k times,
each time using a different subset as the test set while the remaining data serves as the training set. This approach
helps ensure that the model's performance is stable and generalizes well across different portions of the dataset.

V1. Proposed Machine Learning model
Hybrid Neural Ensemble with Feature Selection (HNE-FS)

The Hybrid Neural Ensemble with Feature Selection (HNE-FS) is a cutting-edge machine learning
methodology designed to enhance the accuracy and efficiency of predictive models. By combining feature
selection, neural networks, and ensemble learning techniques, HNE-FS addresses some of the common
challenges faced by traditional machine learning algorithms, particularly in high-dimensional datasets. This
hybrid approach aims to improve both the interpretability and performance of models, making it highly effective
in various complex tasks.

Feature Selection:

Feature selection is a crucial first step in the HNE-FS model. By removing irrelevant or redundant features, the
model reduces the dimensionality of the data, which not only improves computational efficiency but also helps
in minimizing overfitting. Methods like Recursive Feature Elimination (RFE) are typically used to identify and
retain the most important features, ensuring that the model focuses on the most relevant information.

Neural Networks:

Neural networks, particularly deep learning models, are used for their ability to model complex, nonlinear
relationships in the data. This capability makes them especially useful for datasets with intricate patterns or
interactions that simpler models may miss. In the HNE-FS framework, the neural network learns from the
reduced feature set to capture these complex relationships.

Ensemble Learning:

Ensemble methods combine the predictions of multiple models to improve overall accuracy and robustness. In
the case of HNE-FS, techniques such as Random Forests or stacking are employed to combine the strengths of
different base models, ensuring that the final prediction is more reliable and less prone to errors caused by any
single model. The ensemble approach reduces variance and bias, leading to improved generalization on unseen
data.

The HNE-FS framework effectively integrates these components to produce a model that not only achieves
higher predictive accuracy but also remains computationally efficient. It is particularly suited for tasks involving
large and complex datasets, such as medical diagnostics, financial forecasting, and more. The synergy of feature
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selection, neural networks, and ensemble learning results in a powerful tool for tackling some of the most
challenging problems in machine learning.

Workflow

1. Preprocessing

The preprocessing phase is essential for preparing the dataset and ensuring compatibility with the models used
in the pipeline.

Transform Categorical Data:

Categorical variables, which contain non-numeric data (such as labels or categories), are encoded into
numerical format. Techniques like one-hot encoding or label encoding are used to convert these
variables into a form that can be processed by machine learning algorithms.

Scale or Normalize Numerical Features:

Numerical features are scaled or normalized to a standard range, typically between 0 and 1, or
standardized with a mean of 0 and standard deviation of 1. This step is crucial for ensuring that all
features contribute equally to the model's learning, especially for neural networks, which are sensitive
to varying scales of input data.

2. Feature Selection

Feature selection plays a critical role in identifying the most important features and reducing dimensionality,
which helps improve model efficiency and prevent overfitting.

Recursive Feature Elimination (RFE):
The RFE algorithm is applied to recursively eliminate the least important features and retain only those
that significantly contribute to the prediction task. By using a base model (e.g., logistic regression or
decision tree), RFE ranks features based on their impact on model performance and eliminates the
weakest features iteratively. This process continues until the optimal set of features is selected.

Impact on Model Performance:

This step reduces computational complexity by removing redundant or irrelevant features. It also helps
improve the generalization capability of the model by ensuring that only the most relevant features are
used for learning.

Output: A reduced feature set with the most informative variables for training.

3. Model Training

In this step, two separate models, a neural network and a random forest, are trained on the reduced feature set.

Neural Network Training:

The neural network, typically a feedforward multi-layer perceptron (MLP), is trained to learn nonlinear
relationships and complex patterns in the data. The reduced feature set from the previous step is fed
into the network, which learns through multiple iterations and adjusts weights to minimize the loss
function.

Random Forest Training:

The Random Forest, an ensemble method consisting of multiple decision trees, is trained using the
same reduced feature set. Random Forests are robust to overfitting and can capture intricate patterns in
data by averaging predictions from multiple decision trees.

Output: Two trained models (neural network and random forest), both optimized for the reduced feature set.
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4. Prediction Integration
After the models are trained, their individual predictions are merged to form a final prediction.

e Weighted Average:
In this approach, predictions from the neural network and random forest are combined using a weighted
average. The model with better performance on the validation data receives a higher weight. This
ensures that more reliable models contribute more to the final prediction, improving accuracy.

o Stacking:
Alternatively, a stacking method can be used, where a meta-model (such as logistic regression or
another machine learning model) is trained on the outputs of the neural network and random forest. The
meta-model learns how to combine the predictions from the base models in an optimal way.

Output: The final combined prediction from the ensemble of models.
5. Evaluation

After the model makes predictions, it is evaluated using several performance metrics to determine how well it
generalizes to unseen data.

e Accuracy:
The percentage of correctly predicted instances out of the total instances.
e Precision:

The proportion of positive predictions that are actually correct, indicating how well the model avoids
false positives.

o Recall (Sensitivity):
The proportion of actual positive instances that the model correctly identifies, emphasizing the model's
ability to detect positive cases.

e F1-Score:
The harmonic mean of precision and recall, providing a balance between the two metrics, especially
useful in imbalanced datasets.

Output: A set of performance metrics, which provides a comprehensive view of the model's effectiveness.
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Figure 2 Proposed model

VI1I1. Model Evaluation

Model evaluation for lung cancer detection involves assessing the performance of machine learning models using
various diagnostic metrics. A confusion matrix is often used to visualize the model's predictions, showing true
positives, false positives, true negatives, and false negatives. Accuracy measures the overall correctness of the
model, while precision and recall provide insights into the model’s ability to correctly identify cancer cases and
avoid false negatives. The F1-score balances precision and recall, especially in imbalanced datasets. AUC-ROC
plots the trade-off between true positive and false positive rates, helping evaluate model discrimination. Cross-
validation ensures the model generalizes well by testing it on different subsets of the data. Class imbalance
handling techniques like oversampling and undersampling may be applied to improve model performance.
Comparing multiple models allows the selection of the most suitable algorithm for the task. External validation
is used to confirm model generalizability on new, unseen data.
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VIII. Result and Discussion

1. Overview of Experimental Setup

five different machine learning algorithms were employed to predict the presence of lung cancer: Logistic
Regression, K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Naive Bayes, and Random Forest.
These models were selected due to their diverse approaches to classification tasks and their proven efficacy in
various domains. The dataset used in this study consists of clinical data such as patient demographics, smoking
history, tumor size, and results from diagnostic tests like imaging scans and biopsies. The task is to classify each
instance as either benign or malignant, making it a binary classification problem.

For each model, the training data was split into subsets for both training and testing purposes. Cross-validation
techniques, such as k-fold cross-validation, were utilized to ensure that the model’s performance was not reliant
on a particular train-test split, providing a more robust evaluation. Each model underwent hyperparameter tuning
to identify the best settings for optimal performance. Metrics such as accuracy, precision, recall, F1-score, and
AUC-ROC were used to evaluate and compare the effectiveness of the models. This comparative analysis aimed
to identify the most reliable and efficient algorithm for lung cancer detection, ensuring that the chosen model
offers high accuracy and can be generalized well to new, unseen data.

2. Performance Metrics

To evaluate and compare the performance of the machine learning models, several key performance metrics
were used:

o Accuracy: This metric represents the proportion of correctly predicted instances out of the total number

of cases in the dataset. While it provides a general idea of the model's performance, it can be misleading
when the data is imbalanced.

True Positives (TP) + True Negatives (TN)
Total Instances

Accuracy =

e Precision: Precision measures the accuracy of the positive predictions made by the model. It is calculated
as the ratio of true positive predictions (correctly predicted cancer cases) to all the predicted positives
(both true positives and false positives). A higher precision indicates fewer false positives.

True Positives (TP)

Precision = — —
True Positives (TP) -+ False Positives (FP)
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e Recall (Sensitivity): Recall, also known as sensitivity, evaluates the model's ability to correctly identify
all positive instances. It is the ratio of true positive predictions to all actual positive instances. High recall
indicates that the model is good at detecting all cancer cases, minimizing false negatives.

True Positives (TP)

Recall = — ,
True Positives (TP) -+ False Negatives (FN)

e F1-Score: The F1-score is the harmonic mean of precision and recall. It balances the trade-off between
precision and recall, providing a single measure of a model's performance when dealing with imbalanced
datasets. It is particularly useful when both false positives and false negatives are important.

Precision - Recall

F1-Score = 2 - —
Precision + Recall

e Area Under the Receiver Operating Characteristic Curve (AUC-ROC): The AUC-ROC curve is a
graphical representation of the model’s ability to distinguish between the positive and negative classes at
various threshold settings. The area under the curve (AUC) measures the model's overall ability to
discriminate between the two classes, with higher values indicating better performance.

» True Positive Rate (TPR)

TP
TP + FN

TPR =

> False Positive Rate (FPR)

FP

FPR =
FP + TN
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Table 1 Comparison of Metrics

Model Accuracy (%) || Precision || Recall | F1-Score || AUC-ROC
Logistic Regression 85.3 0.82 0.89 |0.85 0.91
KNN 81.2 0.79 0.85 |0.82 0.87
SVM 87.1 0.84 092 |0.88 0.93
Naive Bayes 78.5 0.75 0.81 ||0.78 0.84
Random Forest 90.2 0.87 0.93 {0.90 0.95
Accuracy(%)

92
90
88

90.2
87.1
86 85.3
84
82 81.2
80 78.5
78
76
74
72

Accuracy (%)

B Logistic Regression B KNN mSVM Naive Bayes M Random Forest

Figure 3 Comparison of Accuracy

Precision
0.87
0.88
0.86 -
0.84 0.82
0.82
0.8
0.78 0.75
0.76
0.74
0.72
0.7
0.68
Logistic KNN SVM Naive Random
Regression Bayes Forest
M Precision 0.82 0.79 0.84 0.75 0.87

Figure 4 Comparison of Precision

IJCRT2501016 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | a161


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882

RECALL
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0.92
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0.88
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0.84
0.82

0.8
0.78
0.76
0.74

Logistic KNN SVM Naive Bayes Random
Regression Forest
Recall 0.89 0.85 0.92 0.81 0.93

Figure 5 Comparison of Recall

F1-Score

Random Forest
Naive Bayes
SVM

KNN

Logistic Regression

0.7 0.75 0.8 0.85 0.9
Logistic Regression KNN SVM Naive Bayes Random Forest
B F1-Score 0.85 0.82 0.88 0.78 0.9

Figure 6 Comparison of F1Score
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AUC-ROC

0.96 0.95
0.94 0.93
0.92 0.91
0.9
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0.86
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0.82
0.8

0.78 _
Logistic

Regression
B AUC-ROC 0.91 0.87 0.93 0.84 0.95

KNN SVM Naive Bayes Random Forest

Figure 7 comparison of AUC -ROC

IX. Limitations and Challenges

Several challenges and limitations must be addressed to improve the accuracy and reliability of lung cancer
detection models:

Feature Selection: The dataset may still include redundant or irrelevant features that can negatively
impact the performance of the models. Identifying and selecting only the most important features is
critical. Advanced feature selection techniques, such as Recursive Feature Elimination (RFE) or Principal
Component Analysis (PCA), could help reduce the dimensionality of the data and enhance model
performance by removing noise and irrelevant information.

Class Imbalance: If the dataset contains a significant imbalance between benign and malignant cases,
machine learning models may exhibit a bias toward predicting the majority class (e.g., benign cases).
This imbalance could lead to lower sensitivity in detecting cancer cases. Approaches like SMOTE
(Synthetic Minority Over-sampling Technique), undersampling of the majority class, or adjusting class
weights in the models can help mitigate this issue by ensuring that the model pays more attention to the
minority class.

Data Quality and Availability: The effectiveness of the models heavily depends on the quality and
completeness of the dataset. Variations in how data is collected across different institutions, missing or
incomplete values, and errors in measurements or labeling can introduce bias and compromise the
accuracy of the models. Ensuring consistent data collection practices, thorough data cleaning, and
imputation of missing values are essential for improving the overall quality of the dataset.

X. Conclusion

This study highlights the effectiveness of machine learning algorithms in lung cancer detection using clinical
data. Among the five models evaluated—Logistic Regression, K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), Naive Bayes, and Random Forest—the Random Forest model emerged as the top performer,
achieving the highest values across accuracy, recall, precision, Fl-score, and AUC-ROC. This strong
performance underscores the model's capacity to manage complex, high-dimensional datasets, making it a
reliable tool for lung cancer diagnosis.
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Although SVM also showed solid results, particularly in recall, the Random Forest model’s superior ability to
balance precision and recall, along with its excellent discriminative power as indicated by the AUC-ROC, made
it the most effective classifier for this task. Simpler models such as Logistic Regression and Naive Bayes
provided satisfactory results but struggled to handle the intricate, non-linear relationships present in the data,
limiting their competitiveness in comparison to more sophisticated algorithms.

The Hybrid Neural Ensemble with Feature Selection (HNE-FS) represents a robust and innovative approach
to enhancing predictive accuracy in machine learning tasks. By combining feature selection methods, neural
networks, and ensemble strategies, HNE-FS leverages the strengths of each component to create a more efficient
and accurate model. This integration ensures better handling of complex, high-dimensional datasets while
reducing noise and improving interpretability. The versatility and performance of HNE-FS make it particularly
suitable for challenging applications, such as disease diagnosis, where precision and reliability are critical.
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