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Introduction: The remarkable growth of lung cancer and its associated 
impacts and consequences, along with the substantial costs it imposes on 
society, has driven the medical community to pursue programs aimed at 
further examination, prevention, early detection, and diagnosis. In medicine 
science, timely discovery and diagnosis of diseases can prevent many life-
threatening conditions and save people's lives. 

Material and Methods: This study aims to predict lung cancer using a novel 
feature selection method integrated with a classifier. Our approach entails a 
comprehensive four-stage method. Initially, we calculate feature similarities 
within a lung cancer dataset using the absolute value of the Pearson 
correlation coefficient, followed by the clustering of initial features using the 
community detection algorithm called Louvain. Next, we employ techniques 
to determine the optimal subset of features using the concept of node 
centrality. Ultimately, lung cancer diagnosis is executed using the selected 
features, leveraging a classifier. 

Results: Comparative analysis reveals that our proposed method 
outperforms existing techniques in terms of reduced execution time and 
improved prediction accuracy. When compared with established methods, 
our approach demonstrates superior outcomes in terms of the number of 
selected features and classification accuracy. Our method reduced 12600 
features to 118 features and its accuracy was 95.28, 95.49, 95.23 and 95.32 
for Support Vector Machine (SVM), Decision Tree (DT), Naive Bayes (NB) 
and K-Nearest Neighbor (KNN) classifier. The comparison of runtime shows 
that the proposed method is significantly improved with a runtime of 2.146 
seconds compared to other methods. 

Conclusion: The proposed feature selection method successfully reduced 
the initial feature set and significantly decreased computational time. 
Moreover, the achieved prediction accuracies underscore the reliability of 
our approach. This significant reduction in feature space while maintaining 
consistently high prediction accuracies serves as a strong validation of the 
potency and practical applicability of our methodology in the domain of lung 
cancer prediction. These compelling results strongly advocate for the 
potential real-world impact of our approach. 
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INTRODUCTION 

The use of mathematical models to solve various 
problems and make decisions in various fields, 
including the medical field, has become widespread. 
Intelligent diagnostic and treatment systems have 
been designed and built by experts in this field using 

different aspects of artificial intelligence [1-5]. One 
major challenge facing healthcare organizations and 
operational agencies (such as hospitals and medical 
centers) is providing quality services with cost-
effectiveness [6-8]. Quality services are indicative of 
accurate disease diagnosis and effective treatment 
management. Nowadays, many hospitals collect and 
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manage patient data using information management 
systems. Unfortunately, these data are rarely utilized 
to support clinical decision making by nurses and 
doctors [9-11]. Data mining and knowledge discovery 
can provide valuable insights to physicians, enabling 
improved healthcare services in hospitals. Physicians 
can predict the future behavior of patients using their 
medical history [12, 13]. 

Introducing and applying a technique that can aid in 
precise disease diagnosis for every individual can 
represent a substantial stride in averting and 
managing this condition, particularly during its initial 
phases [13, 14]. Lung cancer is a form of ailment 
distinguished by unregulated cell proliferation within 
lung tissues. If not addressed, this cellular growth has 
the potential to extend beyond the lungs, a 
phenomenon referred to as metastasis, and infiltrate 
nearby tissues or other organs [15, 16]. 

One of the major problems currently associated with 
most diseases, especially lung cancer, is the lack of 
timely diagnosis or, in general, the weakness in 
disease detection. This weakness often arises from 
the use of non-standard features, which may result in 
patients becoming aware of the disease when it may 
be too late for effective treatment and control. Timely 
disease diagnosis significantly reduces mortality in 
society [17]. 

The utilization of data mining and machine learning 
in diagnosing various illnesses has had a profound 
impact, with numerous approaches proposed for 
conditions such as cancer, diabetes, hepatitis, and 
others [18]. One notable challenge frequently 
observed in many prior intelligent disease detection 
methods is their reliance on all accessible features for 
diagnosis, leading to elevated expenses and decrease 
method accuracy. To illustrate, certain cancer 
detection datasets may encompass more than a 
thousand features [16, 19]. 

In many applications, dealing with high-dimensional 
datasets is common when diagnosing diseases. For 
instance, datasets like the Lung dataset used for 
cancer detection can have thousands of features. The 
high dimensionality of such datasets poses a 
significant challenge for disease classification and 
diagnosis. In these cases, clustering features and 
subsequently selecting suitable features from each 
cluster can be an effective preliminary analysis of the 
features [20-22]. Feature clustering, which is one of 
the effective strategies for reducing the 
dimensionality of a dataset, divides the initial 
features into different clusters, and then a certain 
number of features are selected from each cluster. 
Clustering is performed in a way that the features 
within each cluster are similar to each other, while 
features in different clusters are dissimilar [23-25]. 

As part of the literature review, we examined several 
related works. In the literature review, several 

related methods of feature selection have been 
examined. One such method, based on fuzzy entropy 
for disease diagnosis, is presented in [26]. This 
method first identifies suitable features using the 
fuzzy method and then applies these to disease 
diagnosis datasets such as cancer, diabetes, hepatitis, 
and heart diseases. The simulation results 
demonstrated that this method could accurately 
diagnose the disease by selecting a small number of 
features. 

Another method, presented in [27], uses a particle 
swarm optimization algorithm for disease diagnosis. 
This method identifies and removes irrelevant and 
noisy features from the dataset using the particle 
optimization algorithm. The remaining features are 
then used to classify the dataset and diagnose the 
disease. 

A serious hybrid algorithm called genetic bee colony, 
which combines the bee colony algorithm and genetic 
algorithm, is presented in [28]. This algorithm 
identifies suitable features in the diagnosis of cancer, 
and data classification is performed using these 
features. The performance of this method was 
evaluated on standard datasets for cancer diagnosis, 
showing good efficiency in terms of accuracy and 
speed. 

In [29], a feature selection-based cancer detection 
method is presented. After identifying suitable 
features for cancer diagnosis, data classification is 
performed using the MetaFilter algorithm. The 
simulation results have shown the proper 
performance of this method in breast cancer 
diagnosis. 

A new intelligent method for analyzing and 
diagnosing cancer disease using clustering and 
feature selection techniques is presented in [30]. The 
goal of this method is to select a subset of primary 
features that increase the classification accuracy 
compared to when all features are selected. 

[31] and [32] focus on the design and deployment of 
deep neural networks for lung cancer calcification 
analysis and CT image classification. These works 
provide an innovative exploration of deep features 
extracted from CT lung images, undergoing feature 
dimension reduction and optimization to classify 
lung nodules, resulting in significant advancements 
in lung cancer detection. 

In this research, a new method for lung cancer 
detection based on feature selection is proposed. 
Then, using this method, the key features in cancer 
diagnosis are identified and cancer can be diagnosed 
only by using these features. 

MATERIAL AND METHODS 

The focus of the proposed method in this article is on 
the disease diagnosis part. In fact, in the proposed 
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method, it is assumed that the part of receiving 
information from the patient as well as the pre-
processing of the data has been done. 

In this proposed method, unlike most of the previous 
methods, no evolutionary algorithm is used to search 
for the optimal feature subset. Therefore, problems 
such as high computational complexity, having many 
parameters, as well as the random nature of these 
algorithms, which are seen in all methods based on 
evolutionary algorithms, are not present in this 
proposed method. On the other hand, this method 
does not use the learning algorithm in the feature 
selection process and is based on the filter solution. 
Therefore, it is computationally very efficient for 
high-dimensional datasets. 

In the first step of the proposed method, the problem 
is modeled in the form of a weighted graph, then in 
the next step, the features graph is grouped into a 
number of clusters, and then a number of final 
features are selected from among the features in each 
cluster based on a specific criterion. Finally, after 
selecting the features, lung cancer diagnosis will be 
done using four classifiers based on the selected 
features. 

Graph-based feature selection  

In the proposed method, feature clustering is used for 
the feature selection problem. To cluster features 
using the community detection algorithm, the feature 
space must be represented graphically. Therefore, 
the problem is represented as a complete undirected 
weighted graph 𝐺 = (𝐹, 𝐸, 𝑤𝐹) where 𝐹 =
 {𝐹1, 𝐹2, . . . , 𝐹𝑛} represents the initial feature set with 
𝑛 features, each feature representing a node of the 

graph and 𝐸 =  {(𝐹𝑖 , 𝐹𝑗): 𝐹𝑖 , 𝐹𝑗 ∈ 𝐹} represents the 

edges of the graph. Also, 𝑤𝐹 : (𝐹𝑖 , 𝐹𝑗) → ℝ is a function 

that shows the degree of similarity between two 
features 𝐹𝑖  and 𝐹𝑗. Choosing an appropriate criterion 

to calculate the similarity between features has a 
great impact on the performance of the feature 
selection algorithm. 

In this article, the absolute value of the Pearson 
correlation coefficient is used to calculate the 
similarity between features. The Pearson correlation 
coefficient between two features 𝐹𝑖  and 𝐹𝑗 is 

calculated according to (1). 
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where 𝑥𝑖  and 𝑥𝑗  represent the vector of features 𝐹𝑖  

and 𝐹𝑗, respectively. Also, the variables 𝑥𝑖̅ and 𝑥𝑗̅ 

respectively represent the average values for the 
vector 𝑥𝑖  and 𝑥𝑗  between 𝑝 samples.  

The normalization of the similarity between the 
features is done using (2). 
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where 𝑤𝑖𝑗  is the similarity between feature 𝐹𝑖  and 𝐹𝑗, 

𝑤̅ and 𝜎 represent the mean and standard deviation 
for all calculated similarities between all features, 
respectively. 

Clustering of features 

The main purpose of feature clustering is to divide 
the primary features into a number of different 
clusters based on their similarity to each other. 
Therefore, the features in each cluster are more 
similar to each other, and the features in different 
clusters are less similar to each other. A community 
detection algorithm called Louvain [33] has been 
used for feature clustering.At the beginning of the 
algorithm, each node is considered as a cluster, and 
then clustering is done in two iterative steps as 
follows. The first step: for each node i, the benefit of 
assigning that node to cluster C is calculated using 
(3). 
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Where ∑  𝑖𝑛 is the sum of weights in cluster 𝐶, ∑  𝑡𝑜𝑡 is 
the sum of weights of edges that connect to the nodes 
of cluster 𝐶, 𝑘𝑖  is the sum of edges of node 𝑖 and 
𝑘𝑖,𝑖𝑛represents the sum of weights of edges that have 

a head of that node i and its other end is cluster C. In 
addition, m is equal to the sum of the weights of all 
the edges of the graph.Second step: each node is 
assigned to a cluster that maximizes the Podmani 
function. Clusters are then rebuilt based on this new 
structure.These two steps are repeated until there is 
no more change in the cluster structure. 

Selection of the final subset 

The main goal of this step of the proposed method is 
to search for the optimal feature subset using the 
concept of node centrality. In other words, at this 
stage, an attempt is made to select a number of 
features for each cluster that are able to represent all 
the features of that cluster. Clustering the features 
and selecting the most influential features from each 
cluster will ensure that the selected features are a 
good representative of all the primary features. 

Symmetric instability is a single-variable criterion for 
measuring the suitability of each attribute. This 
metric reduces the propensity of information to 
select properties with a large value and normalizes its 
value in the 0 and 1 intervals. Symmetrical instability 
of feature A is calculated using (4). 
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That 𝐸(𝑆) represents the irregularity of the set of 
patterns 𝑆 and 𝐸(𝐴) represents the irregularity of 
feature 𝐴. Also, 𝐼𝐺(𝑆, 𝐴)represents the information 
gain of feature 𝐴, which is calculated using  (5).  
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𝑆𝑈 = 0 indicates complete independence of pattern 
set 𝑆 and feature 𝐴 and 𝑆𝑈 = 1 indicates complete 
dependence between pattern set 𝑆 and feature 𝐴. In 
this method, the features that have the most 
dependence with the set of patterns 𝑆 are selected. 

Dataset 

To evaluate the performance of the proposed 
method, Lung Cancer standard datasets are used for 
lung cancer diagnosis. The lung cancer dataset has 
203 samples, each sample has 12600 features. Due to 
the high number of features in this data set, the 
importance of feature selection to reduce this 
number of features is felt more and more. Table 1 
shows the characteristics of this data set.  

Table 1: Dataset specifications 

Feature Number 

Number of samples 203 

Number of features 12600 
Number of classes 2 

Classifiers 

To demonstrate the generalizability of the proposed 
methods in different classifiers, four classifiers 
Support Vector Machine (SVM), Decision Tree (DT), 
Naive Bayes (NB), and K-Nearest Neighbor (KNN) 
have been used. 

 The dataset is randomly divided into training data 
and test data. For this purpose, 70% of the data set is 
considered as training data, and the remaining 30% 
is considered as test data. Also, in all the experiments, 
after the training and test sets are defined, each 
method is executed ten times, and the average of ten 
different executions is used to compare different 
methods. 

RESULTS 

The methods compared in this section are compared 
with each other based on the two criteria of the 
number of selected features and classification 
accuracy. In this section, several different methods 
have been used to compare the performance of the 
proposed methods. 

Cancer detection methods as well as feature selection 

methods to compare with the proposed methods 
include: 

• Class-dependent feature selection method for 
cancer detection (CDFS)  

• Fuzzy Threshold Based Method for Feature 
Selection in Medical Diagnosis (TFFS)  

• Method based on feature extraction for cancer 
diagnosis (CDFE)  

• Bee genetic-colony algorithm for cancer 
diagnosis (GBC)  

• Feature selection based on PSO and rough sets 
for medical diagnosis (FSPSO) 

Size of selected features 

In this section, different cancer diagnosis methods 
are compared in terms of the number of features they 
choose as the final subset. Table 2 shows the average 
feature subset size selected by each of the methods 
on different datasets.According to the results of Table 
2, all the methods compared in this section have 
greatly reduced the dimensions of the dataset. For 
example, in the Lung Cancer dataset, which has 
12600 features, CDFS, TFFS, CDFE, GBC and FSPSO 
methods have selected 151, 214, 129,119 and 135 
features on average. While the proposed method has 
selected 118 features to diagnose lung cancer. 

Table 2: Number of features selected for lung cancer 
diagnosis in different methods 

Dataset 

Cancer Diagnosis Method 
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Lung 
Cancer 

151 214 129 119 135 118 

Accuracy of lung cancer diagnosis 

In this section, the classification accuracy of lung 
cancer diagnosis methods on SVM, DT, NB and KNN 
classifiers is evaluated. Table 3 shows the average 
classification accuracy in ten independent runs on 
SVM, NB, DT and KNN classifiers, respectively. The 
results presented in this table show that the 
proposed method has been able to have the highest 
accuracy in diagnosing cancer among different 
methods in all cases. 

In Fig 1, different methods are compared with each 
other in terms of the average accuracy of lung cancer 
diagnosis on different classifiers. In all classifiers, the 
proposed method has better performance than other 
methods. 
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Table 3: Comparison of classification accuracy of different 
classifiers  
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SVM  92.99 92.44 94.00 94.07 92.83 95.28 

NB  93.06 92.82 93.19 93.40 93.18 95.23 

DT  92.40 92.62 92.67 93.31 92.53 95.49 

KNN  92.99 92.69 92.72 93.93 93.08 95.32 

 

Fig 1: Comparison of different lung cancer detection 
methods on 4 different classifiers 

In another experiment, the accuracy of cancer 
detection has been checked on different data sets and 
for different cancer detection methods according to 
the number of selected features. Fig 2 shows the 
results of these tests for the Lung Cancer dataset. The 
results of the experiment showed that the proposed 
method had better performance and higher detection 
accuracy than the compared methods in all cases. 

 

Fig 2: Comparison of diagnosis accuracy in different 
methods according to the number of features selected in the 

Lung Cancer dataset 

RunTime 

In this section, the comparison of different methods 
of lung cancer diagnosis is discussed in terms of 
runtime. Table 4 shows the comparison of runtime in 
different methods. The results of this table show that 
in most of the datasets, the proposed method has the 
same runtime as other feature selection methods. 

Table 4: Comparison of runtime in different methods 
(seconds) 

Dataset 
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189.5 190.6 168.6 206.2 171.9 146.2 

DISCUSSION  

In this article, a new method for selecting important 
features in lung cancer diagnosis is presented. This 
method focuses on key features and improves the 
performance of the cancer detection system. Since 
the number of selected features is limited and the 
focus is on the essential features, the accuracy of 
cancer diagnosis is increased and the problem of 
interference and repetition in the data is reduced. To 
demonstrate the generalizability of the proposed 
method in different classifiers, four classifiers, 
Support Vector Machine (SVM), Decision Tree (DT), 
Naive Bayes (NB), and K-Nearest Neighbor (KNN) 
were used in the experiments. The proposed method 
was compared with CDFS, TFFS, CDFE, GBC, FSPSO 
methods based on the two criteria of the number of 
selected features and classification accuracy. The 
simulation results showed that the proposed method 
is superior both in terms of detection accuracy and in 
terms of the number of selected features compared to 
other methods. Our approach stands out by not only 
reducing a staggering feature set of 12600 to a mere 
118, but also attaining prediction accuracies of 
95.28% for Support Vector Machine (SVM), 95.49% 
for Decision Tree (DT), 95.23% for Naive Bayes (NB), 
and 95.32% for K-Nearest Neighbor (KNN) 
classifiers. This substantial reduction in feature space 
alongside consistently high accuracies validates the 
potency and practical relevance of our methodology 
for future clinical applications. 

The successful reduction of features without 
compromising accuracy holds broad implications for 
the field of disease prediction. These implications are 
particularly pivotal for clinical settings, with the 
potential for expedited and more accurate diagnostic 
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outcomes in lung cancer screening. 

Comparative analysis with existing methods 
highlights the distinctive advantages of our approach 
in achieving feature reduction without sacrificing 
predictive accuracy. This sets our methodology apart 
in the landscape of disease prediction, offering a 
promising avenue for more efficient and effective 
diagnostic processes in the context of lung cancer and 
potentially extending to other medical domains. 

Our study opens up several promising avenues for 
future works. First, the extension of our methodology 
to other types of cancer and diverse medical 
conditions presents a significant opportunity for 
advancing disease diagnostics and prognostics. 
Additionally, further refinement of the feature 
selection process can be done. 

CONCLUSION  

The Main problem that currently exists for most 
diseases, especially lung cancer, is the lack of timely 
diagnosis or in general, the weakness in disease 
detection. This weakness often arises from the use of 
non-standard features, which may result in patients 
becoming aware of the disease when it may be too 
late for effective treatment and control. 

The proposed feature selection method successfully 
reduced the initial feature set and significantly 
diminish computational time. Moreover, the achieved 

prediction accuracies underscore the reliability of 
our approach. This significant reduction in feature 
space while maintaining consistently high prediction 
accuracies serves as a strong validation of the 
potency and practical applicability of our 
methodology in the domain of lung cancer prediction. 
These compelling results strongly advocate for the 
potential real-world impact of our approach. 
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