
Copyright © 2024 by Author/s and Licensed by Kuey. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

Educational Administration: Theory and Practice 
2024, 30(11), 1387-1394 
ISSN: 2148-2403 

https://kuey.net/    Research Article 

 

Enhanced Predictive Modeling For Lung Cancer Using 
Advanced Relief Feature Selection (ARFS) 

 

Kanimozhi V A1*, Dr. V. Krishnapriya2 
 
1*Research Scholar,Department of Computer Science,Sri Ramakrishna College of Arts &Science,Coimbatore, Tamilnadu, India. 
Email: vakanimozhipsg@gmail.com 
2Associate Professor & Head,Department of Computer Science with Cognitive System,Sri Ramakrishna College of Arts & 
Science,Coimbatore, Tamilnadu, India.Email: kp@srcas.ac.in 
 
*Corresponding Author: Kanimozhi V A 
*Email: vakanimozhipsg@gmail.com 
 
Citation:Kanimozhi V A et al. (2024).Enhanced Predictive Modeling For Lung Cancer Using Advanced Relief-FRFE Feature Selection 
(ARFS)Educational Administration: Theory and Practice, 30(11) 1387-1394 
Doi: 10.53555/kuey.v30i11.9465 
 

ARTICLE INFO ABSTRACT 
 Lung cancer is one of the leading causes of cancer-related deaths worldwide. Early 

detection significantly improves survival rates.This paper proposes an Advanced 
ReliefF-RFE Feature Selection (ARFS) methodology tailored for lung cancer 
research, aiming to optimize feature selection for predictive modeling. Leveraging 
the Improved ReliefF algorithm and Recursive Feature Elimination (RFE), the 
method iteratively evaluates and refines feature subsets, enhancing predictive 
model performance. ReliefF initially assesses feature importance based on their 
discriminatory power, while RFE iteratively eliminates the least significant 
features. The proposed methodology offers a structured approach to feature 
selection, contributing to the effectiveness, efficiency, and interpretability of 
predictive models in lung cancer research. Experimentation validates the efficacy 
of ARFS in optimizing feature subsets, thus enhancing predictive accuracy in lung 
cancer prediction tasks.  
 
Keywords: Recursive Feature Elimination, Feature Selection, ReliefF-RFE, Lung 
Cancer Prediction, Machine Learning; 

 
1. Introduction 

 
Lung cancer poses a significant global health challenge, primarily due to its high mortality rate, which is often 
a result of late diagnosis and complex causes. Factors contributing to lung cancer include smoking, exposure 
to carcinogens in certain occupations, air pollution, and genetic predispositions. Effective treatment and 
better patient outcomes rely heavily on early detection and accurate diagnosis. However, the disease's 
heterogeneous nature and its progression complicate the diagnostic process. This complexity underscores the 
need for advanced methodologies to pinpoint critical predictive features from extensive and diverse datasets. 
Data mining and machine learning techniques offer considerable promise in addressing these challenges. By 
leveraging these technologies, it is possible to enhance diagnostic accuracy and improve the identification of 
key factors influencing lung cancer, ultimately leading to more effective treatment strategies and better 
patient outcomes. Feature selection is a critical component of data mining, focused on identifying the 
most relevant attributes in a dataset that significantly influences the prediction or classification of a target 
variable. By optimizing machine learning model performance, effective feature selection reduces 
dimensionality, prevents overfitting, and enhances generalization. For lung cancer, feature selection is 
especially vital due to the high-dimensional nature of medical data, which includes genomic, proteomic, and 
imaging information. The figure below illustrates the feature selection process for lung cancer prediction.  
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This process not only helps to isolate the most impactful features but also reveals underlying biological 
mechanisms and risk factors associated with lung cancer. By improving the efficiency and insightfulness of 
machine learning models, feature selection contributes to more accurate diagnostics and more effective 
treatment strategies, ultimately leading to better patient outcomes. 
 

2. Literature Review 
 

2.1Christo VE et.al proposed Feature selection and instance selection from clinical datasets using co-
operative co-evolution and classification using random forest. The proposed framework for a Clinical 
Decision Support System (CDSS) employs a co-operative co-evolution approach to improve system 
performance by addressing Feature Selection (FS) and Instance Selection (IS) as independent sub-problems. 
By treating FS and IS separately, the system effectively removes less relevant features and instances, thereby 
enhancing overall performance. This method utilizes a wrapper approach combined with a random forest 
classifier for both FS and IS. The proposed framework achieved accuracy rates of 97.1%, 82.3%, 81.01%, 
93.4%, 96.8%, 91.4%, and 72.2% for the WDBC, Hepatitis, PID, CHD, SHD, Vertebral Column, and HCC 
datasets, respectively. These results demonstrate that the CDSS developed using the co-operative co-
evolution approach can effectively support physicians in decision-making processes. 
2.2P. Liu et.al proposed Prediction of Second Primary Lung Cancer Patient’s Survivability Based on Improved 
Eigenvector Centrality-Based Feature Selection. Improved eigenvector centrality-based feature selection 
(IECFS) is then used to preprocess the data set. The ranking criteria as well as intraclass and interclass 
dispersions are used in the IECFS approach. The approach attains optimal performance by varying the 
parameter's value and the quantity of characteristics chosen.There are five folds in the experiment. In 
comparison to the original classification accuracy (89.16%) and other cutting-edge feature selection 
approaches, our method produces a prediction accuracy of 90.998% for the five-year survivability. The 
suggested strategy produces a forecast accuracy of 83.16% for the three-year survival, marginally surpassing 
all of the examined methods. The approach works well and can be applied broadly. 
2.3 B. N. Narayanan et.al proposed Performance Analysis of Feature Selection Techniques for Support Vector 
Machine and its Application for Lung Nodule Detection. A feature-based classifier plus a candidate detector 
make up a typical CAD system. In this work, they examine and investigate the Support Vector Machine's 
(SVM) performance using a huge feature set. They examine how well SVM performs in relation to the 
quantity of features. In comparison to classical classifiers, our findings show that SVM is less prone to over-
training, more computationally rapid, and resilient with a large feature set. Results for the Lung Nodule 
Analysis 2016 dataset are made available to the public. This 10-fold validation findings show that the SVM-
based classification approach performs 14.8% better than the Fisher linear discriminant classifier. 
2.4M. Sobhan et.al proposed Deep Learning to Discover Genomic Signatures for Racial Disparity in Lung 
Cancer. Identifying genomic signatures that differentiate lung cancers between these groups can help 
understand this disparity. We analyzed gene expression profiles from whole blood samples of AAM and EAM 
patients using a deep learning-based unsupervised feature selection approach, the concrete autoencoder 
(CAE). Given the highly imbalanced nature of the dataset (AAM: 15, EAM: 153). In contrast, the CAE isolated 
34 key genes capable of making this distinction. Using these genes, a Random Forest classifier achieved more 
accuracy, with only one false negative. These key genes can serve as biomarkers to comprehend the 
differences in lung cancer development between AAM and EAM, highlighting CAE's effectiveness in 
extracting relevant features from imbalanced datasets. 
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2.5W. Zhang et.al proposed Adaptive Unsupervised Feature Learning for Gene Signature Identification in 
Non-Small-Cell Lung Cancer. In order to choose the informative genes by unsupervised feature selection, the 
suggested approach combined linear discriminant analysis, adaptive structure preservation, and l2, 1-norm 
sparse regression into a joint learning framework. In the suggested solution, an efficient algorithm was 
created to address the optimization problem. In order to lower the computational cost, we also carried out 
module-based gene filtering prior to feature selection. Using an NSCLC gene expression dataset from The 
Cancer Genome Atlas (TCGA), we assessed the suggested methodology. The experimental findings 
demonstrate that a limited set of gene signatures were found by the suggested strategy for precise NSCLC 
subtype determination. A summary of the major biological processes was also done in order to do enrichment 
analysis on the detected gene signatures.  
 

3. Research Methodology 
 

The research methodology combines the Improved ReliefF algorithm with the RFE algorithm to achieve an 
optimal subset of features for lung cancer prediction. Initially, Improved ReliefF is employed to evaluate the 
importance of each feature based on its ability to distinguish between instances of different classes. The 
weights of the features are updated iteratively, with features that contribute more to the class discrimination 
process receiving higher weights.Subsequently, the RFE algorithm is applied to further refine the feature 
selection process. RFE iteratively removes the least significant features based on their importance scores, as 
determined by Improved ReliefF. This iterative elimination process continues until the optimal subset of 
features is identified, maximizing the predictive performance of the machine learning model.The proposed 
feature selection method combines the Improved ReliefF algorithm with the Recursive Feature Elimination 
(RFE) algorithm to enhance the selection of relevant features for lung cancer prediction. 
The ARFS method integrates the ReliefF and Recursive Feature Elimination (RFE) techniques for optimal 
feature selection in lung cancer prediction.  
 
Input the Dataset 
First, we need to have a dataset 𝑋 with features 𝐹 = {𝑓1 , 𝑓2 , … , 𝑓𝑛} and corresponding labels y. Ensure the 
dataset is cleaned and ready for feature selection. 
 
ReliefF Feature Evaluation 
The ReliefF algorithm evaluates the importance of each feature through the following steps: 
 
Initialize Feature Weights:𝑊(𝑓𝑖) = 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑓𝑖𝜖 𝐹 
Identify Nearest Hits and Misses: For each instance 𝑥𝑖 in the dataset: 
Find the nearest hit 𝐻𝑖 (nearest instance of the same class). 
Find the nearest miss 𝑀𝑖 (nearest instance of a different class). 
 
Update Feature Weights 
The weight update for each feature 𝑓𝑘  based on the nearest hit and miss is: 

𝑊(𝑓
𝑘

) = 𝑊(𝑓
𝑘

) −
1

𝑚
∑(𝛿(𝑓

𝑘
, 𝑥𝑖 , 𝐻𝑖)

𝑚

𝑖=1

∑𝑚 − 𝛿(𝑓
𝑘

, 𝑥𝑖 , 𝑀𝑖)) 

Where 𝛿(𝑓𝑘 , 𝑥𝑖 , 𝑦) is a function that measures the difference between the feature𝑓𝑘in instance 𝑥𝑖 and its 
nearest hit or miss 𝑦. 
 
Normalize Feature Weights 
Normalize the feature weights to ensure they are within a specific range or sum up to one. 
Select Top N Features: Select the top N features with the highest weights for further analysis: 

𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹 = {𝑓1, 𝑓2 , … , 𝑓𝑛} 

Where 𝑊(𝑓𝑖) are among the highest. 
 
RFE with Filtered Features 
Using the filtered features 𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹  obtained from ReliefF as input for RFE, the process proceeds as follows: 

Train a Model: Select a suitable model (e.g., support vector machine, logistic regression, or a tree-based 
model) and train it using the filtered feature set. Let the model be represented by 𝑀. 
Rank Features Based on Importance: Calculate the importance score for each feature 𝑓𝑘  in 𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹  based on 

the model 𝑀: 
𝐹𝑅𝐹𝐸 = 𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹{𝑓𝑙𝑒𝑎𝑠𝑡 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑡} 

Remove Least Important Features: Identify the least important feature(s) based on the importance scores 
and remove them: 

𝐹𝑅𝐹𝐸 = 𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹  \ {𝑓𝑙𝑒𝑎𝑠𝑡 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑡 } 
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Iterative Elimination: Retrain the model with the updated feature set and repeat the ranking and elimination 
process iteratively: 

𝐹𝑅𝐹𝐸
(𝑡+1)

 = 𝐹𝑅𝐹𝐸
(𝑡)

 \ {𝑓𝑙𝑒𝑎𝑠𝑡 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑡} 

Continue this process until a predefined stopping criterion is met, such as achieving a specific number of 
features or a performance plateau. 
 
Model Training and Evaluation 
After obtaining the final set of features 𝐹 final through the integrated ReliefF and RFE process, proceed with 
the following steps: 
Train the final Model: 
Train the final predictive model using the selected features 𝐹𝑓𝑖𝑛𝑎𝑙 : 

ℳ𝑓𝑖𝑛𝑎𝑙 = 𝑇𝑟𝑎𝑖𝑛(𝑋𝐹𝑓𝑖𝑛𝑎𝑙 , 𝑦) 

Evaluate Model Performance: 
Evaluate the model performance using appropriate metrics such as accuracy, precision, recall, and F1 score 
on a validation set: 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 (𝑀𝑓𝑖𝑛𝑎𝑙) = 𝑚𝑒𝑡𝑟𝑖𝑐𝑠 (𝑋𝑣𝑎𝑙 , 𝑦𝑣𝑎𝑙) 

This ensures that the selected features positively contribute to the models predictive capability. 
 

Algorithm: Advanced ReliefF Feature Selection (ARFS) 
Input: 
𝑋: Cleaned dataset 
𝑦: Corresponding labels 
𝑁: Number of top features to select from ReliefF 
𝐾: Number of features to select after RFE 
𝑀: Chosen model for RFE (e.g., SVM, logistic regression) 
Output: 
𝐹𝑓𝑖𝑛𝑎𝑙: Final selected features 

1: Initialize feature weights 𝑊(𝑓
𝑖
) = 0 for all features𝑓

𝑖
∈ 𝑋. 

2: For i =1 to 𝑥𝑖 do 
3:For j=1 to 𝑥𝑖 do 
4:Find the nearest hit 𝐻𝑖 (same class). 
5:Find the nearest miss 𝑀𝑖 (different class). 
6:End 
7:For all hits and misses do 
8:# Update Feature Weights: 
9:For each instance 𝑥𝑖 do 
10: For each feature 𝑓

𝑘
 do 

11: 𝑊(𝑓
𝑘

) = 𝑊(𝑓
𝑘

) −
1

𝑚
∑ (𝛿(𝑓

𝑘
, 𝑥𝑖 , 𝐻𝑖)

𝑚
𝑖=1 ∑𝑚 − 𝛿(𝑓

𝑘
, 𝑥𝑖 , 𝑀𝑖)) 

12:End  
13:Normalize the feature weights 𝑊(𝑓

𝑖
). 

14: End 
14:Select the top 𝑁 features with the highest weights: 
15:                    𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹 =  {𝑓1 , 𝑓2, 𝑓3 … . . 𝑓𝑁 , } where 𝑊(𝑓

𝑖
) are among the highest 

16: End 
16: Use the filtered features 𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹  from ReliefF as the input for RFE. 

17: Train the model ℳ using the filtered feature set  𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹. 

18: Calculate importance scores for each feature𝑓
𝑘
: 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝑓

𝑘
) = 𝑠𝑐𝑜𝑟𝑒𝑘 

19: Remove the least important feature(s) based on the importance scores: 
𝐹𝑅𝐹𝐸 =  𝐹𝑅𝑒𝑙𝑖𝑒𝑓𝐹 ∖ {𝑓𝑙𝑒𝑎𝑠𝑡 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑡} 

20: Retrain the model with the updated feature set and repeat the ranking and elimination process until 𝐾 
features remain or a performance plateau is reached. 
21: The final feature set 𝐹𝑓𝑖𝑛𝑎𝑙 is the set of 𝐾 features remaining after the RFE process. 

22: Train the final model using 𝐹𝑓𝑖𝑛𝑎𝑙: 

ℳ𝑓𝑖𝑛𝑎𝑙 = 𝑇𝑟𝑎𝑖𝑛(𝑋𝐹𝑓𝑖𝑛𝑎𝑙 , 𝑦) 

23: Return𝐹𝑓𝑖𝑛𝑎𝑙  𝑎𝑠 𝑎 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑒𝑡𝑢𝑟𝑒𝑠. 
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Figure 1.Advanced ReliefF Feature Selection (ARFS) Flow Chart 

 
This Figure 1 flow chart outlines the process of using the Advanced ReliefF-RFE Feature Selection (ARFS) 
algorithm for feature selection, including steps for evaluating, normalizing, and selecting the most important 
features for model training and performance evaluation. 
 

4. Experimental Results 
 

4.1 Precision 
Precision is a measure of how well a model can predict a value based on a given input. The precision of a 
model is the ratio of true positive predictions to all positive predictions.  

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
𝒕𝒓𝒖𝒆 𝒑𝒐𝒔𝒊𝒕𝒊𝒗𝒆

(𝒕𝒓𝒖𝒆 𝒑𝒐𝒔𝒊𝒕𝒊𝒗𝒆 +  𝒇𝒂𝒍𝒔𝒆 𝒑𝒐𝒔𝒊𝒕𝒊𝒗𝒆)
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Figure 2.Comparison chart of Precision 

 
The Figure 2 Shows the comparison chart of Precision demonstrates the existing IECFS, CDSS and Proposed 
ARFS. X axis denote the Datasets and y axis denotes the Precision ratio. The proposed values are better than 
the existing algorithm. The existing algorithm values start from 66.45 to 86.86, 65.33 to 74.12 and Proposed 
ARFS values starts from 87.76 to 97.12. The proposed method provides the great results. 
 
4.2 Recall 
Recall is a measure of a model's ability to correctly identify positive examples from the test set: 

𝑹𝒆𝒄𝒂𝒍𝒍 =  
𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔

(𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 +  𝑭𝒂𝒍𝒔𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔)
 

 

 
Figure 3.Comparison chart of Recall 

 
The Figure 3 Shows the comparison chart of Recall demonstrates the existing IECFS, CDSS and Proposed 
ARFS. X axis denote the Datasets and y axis denotes the Recall ratio. The proposed values are better than the 
existing algorithm. The existing algorithm values start from 62 to 75, 59 to 72 and Proposed ARFS values 
starts from 83 to 96. The proposed method provides the great results. 
 
4.3 F-Measure 
F-measure is a test's accuracy that combines precision and recall. It is calculated by taking the harmonic 
mean of precision and recall. 

𝑭 − 𝑴𝒆𝒂𝒔𝒖𝒓𝒆 =
(𝟐 ∗  𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ∗  𝑹𝒆𝒄𝒂𝒍𝒍)

(𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 +  𝑹𝒆𝒄𝒂𝒍𝒍)
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Figure 4.Comparison chart of F -Measure 

 
The Figure 4 Shows the comparison chart of F -Measure demonstrates the existing IECFS, CDSS and 
Proposed ARFS. X axis denote the Datasets and y axis denotes the F -Measure ratio. The proposed values are 
better than the existing algorithm. The existing algorithm values start from 82 to 89, 61 to 72 and Proposed 
ARFS values starts from 92to 98. The proposed method provides the great results. 
 
4.4 Accuracy 
Accuracy is the degree of closeness between a measurement and its true value. The formula for accuracy is: 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
(𝒕𝒓𝒖𝒆 𝒗𝒂𝒍𝒖𝒆 −  𝒎𝒆𝒂𝒔𝒖𝒓𝒆𝒅 𝒗𝒂𝒍𝒖𝒆)

𝒕𝒓𝒖𝒆 𝒗𝒂𝒍𝒖𝒆
 ∗ 𝟏𝟎𝟎 

 

 
Figure 5.Comparison chart of Accuracy 

 
The Figure 5 Shows the comparison chart of Accuracy demonstrates the existing IECFS, CDSS and Proposed 
ARFS. X axis denote the Dataset and y axis denotes the Efficiency Measure ratio. The proposed values are 
better than the existing algorithm. The existing algorithm values start from 69 to 85, 79 to 89 and Proposed 
ARFS values starts from 89 to 98. The proposed method provides the great results. 
 

5. Conclusion 
 

In this paper, the Advanced ReliefF-RFE Feature Selection (ARFS) methodology presents a robust approach 
to optimizing feature selection for lung cancer prediction. By leveraging the Improved ReliefF algorithm and 
Recursive Feature Elimination (RFE), ARFS effectively identifies and refines feature subsets, enhancing 
predictive model performance. The structured approach offered by ARFS contributes to the effectiveness, 
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efficiency, and interpretability of predictive models in lung cancer research. Experimental validation 
demonstrates the efficacy of ARFS in optimizing feature subsets, thereby improving predictive accuracy in 
lung cancer prediction tasks. Overall, ARFS holds promise for advancing research in lung cancer prediction 
and potentially other biomedical applications requiring feature selection for predictive modeling. 
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