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Abstract 
Non-Small Cell Lung Cancer (NSCLC) developed as a malignant cell cancer in the major regions of lungs 
thus identified as one of the life-threatening diseases. Many factors constitute to the development of this 
type of cancer in human lungs in both active or passive form. The major objective of this research paper is 
to identify the irrelevant factors or symptoms from a high dimensional clinical NSCLC dataset with 31 
features using a novel Reverse Feature Elimination Dimensionality Reduction (RFEDR) algorithm 
designed for identifying worst features through Best Cost ranking technique applied in the dataset. In the 
initial stage pre-processing, 3 features (Admission-ID, Age and Gender) were removed in three filter stages 
and Feature Elimination method is applied. At the end of the implementation process with 40 iterations, 
the line of convergence was obtained Iteration 7 to 27. The best cost was determined to be 1.0042e-26 and 
the worst features through reverse elimination algorithm was identified as rare Alcohol Intake (Feature 2), 
Work Threats (Feature-4), Smoking Habit (Feature-9), Cold (Feature-20), Snoring (Feature-22) and 
Headache (Feature-27) respectively. The research sublimated the importance of eliminating irrelevant 
features apart from selecting best features for better prediction.  

Keywords: Non-Small Cell Lung Cancer; Reverse Feature Elimination Dimensionality Reduction; clinical 
NSCLC dataset; Best Cost Ranking Technique; line of convergence. 

1. Introduction 

Non-Small Cell Lung Cancer (NSCLC) is developed without early signs or symptoms and advances to the next 
stage at a rapid pace. NSCLC is also found complicated as it is moved to different forms of cancer like 
Adenocarcinoma, Squamous Carcinoma and Large Cell Carcinoma [1] since its inception into the human cells. 
Hence it cannot be predicted by analyzing the symptoms alone. The general habits and other features [2] also play 
a significant role in bringing a successful prediction at the earlier stage of NSCLC cancer. Hence the best features 
should be identified [3]. It is more important to spot the irrelevant features and eliminate them in the beginning of 
the prediction to generate good performance [4] as well. The major objective of this research work is to rank the 
features using a novel Reverse Feature Elimination Dimensionality Reduction (RFEDR) algorithm to identify the 
worst ranked features in a NSCLC clinical dataset to eliminate them at the beginning stage of prediction using 
classifiers. The scope of the research was confined to the lung cancer patient’s responses collected from hospital 
through questionnaire and formed as a dataset for evaluation. The dataset was expected to contain impure data 
that are physically and logically irrelevant to the prediction of an expert engine designed using the classifiers. 

2. Literature Review 

The Literature reviews are performed to counteract the fact that the numerical analysis from questionnaire could 
effectively predict the NSCLC cancer rather than an Image Processing or Biopsy or image diagnosis [5] data from 
medical scans. Various studies were conducted based on image processing [6] and biopsy feature [7] analysis 
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techniques where the prediction methods are defined and were able to predict the disease. Some of them are 
analysed and presented under Table-1. 

Ref. 
No 

Author & Year Methodology Techniques used Results and drawbacks 

[8] Coudray, N et.al. (2018) Collected individual data 
based on biopsies, frozen 
and formalin fixed paraffin 
tissues.  

Deep learning methods 
to investigate images 

Predicted STK11, EGFR, FAT1, 
SETBP1, KRAS and TP53 as 
predictable features 

[9] Bracht, J. W. P et.al. (2018) Investigated tumor-
educated platelets (TEPs), 
liquid bio sources, cell-free 
DNA (cfDNA), circulating 
tumor cells (CTCs), and 
extracellular vesicles (EVs) 
for predicting NSCLC. 

Genetic Biopsy 
Analysis 

Predicted Adenocarcinoma type 
cancer at earlier stage.  

[10] Liang, H., et.al. (2018)  E-Databases for NSCLC 
studied hazards ratio (HR) 
for the disease-free survival 
(DFS) between 
CTCs/ctDNA positive and 
negative groups.  

Statistical and Medical 
recurrence Analysis. 

Both CTCs and ctDNA were 
capable of predicting biomarkers 
of NSCLC disease. 

[11] Haragan, A., et.al. (2019) The nodal metastases 
expression analysis for PD-
L1evaluated using SP263 
from 107 clone resected 
primary NSCLC data.  

Squares method using 
Digital Image 
Processing Technique.  

Heterogeneity tumour was 
predictable in 53% cases.  

[12] Khorrami, M et.al. (2020)  Analysed 139 patients with 
NSCLC at two institutions, 
separated into a discovery 
set (D1 = 50) and two 
independent validation sets 
(D2 = 62, D3 = 27) 

Linear Discriminant 
Analysis (LDA) 
classifier trained with 
DelRADx features 

DelRADx found effective in 
early prediction of NSCLC 

[13] Li, Y., et.al. (2018) Tested optimal features of 
CT images to predict 
NSCLC cancer 

Machine Learning 
Classifiers and Area 
Under Curve 

Predicted heterogeneity of cancer 
cells at earliest stage. 

[14] Zhang, J., et.al. (2020) Analysed clinical and 
radiomic features of F-FDG 
PET/CT to detect cancer 
cell growth status. 

Used Least Absolute 
Shrinkage and 
Selection Operator 
(LASSO) algorithm 

Clinical and radiomic features 
were predicted with improved 
performance.  

[15] Karlsson, A., et.al. (2019) Examined NSCLC 
histology for combined, 
simultaneous, histological 
classification and fusion 
gene detection in minimal 
formalin fixed paraffin 
embedded (FFPE) tissue 
for NSCLC prediction 

Gene Expression and 
SSP Measure 

SSP Gene Expression proved 
successful in diagnostic lung 
cancer 

[16] Guibert, N., et.al. (2019) Analysed 36 genes of 
NSCLC data and its 
kinetics observed. 

Immuno score 
Analysis technique 

Clinical outcome analysis was 
predicted with good immune 
score. 

Table-1: Feature Analysis reviews based on image processing biomarkers and biopsy data 

The literature surveys in Table-1 showed that the numerical analysis was essential for prediction of NSCLC cancer 
in many situations. Based on various reviews on NSCLC prediction, few research gaps were identified as follows:  

 The image processing techniques were cost effective [11] [18] and were found in most of the research works 
completed, 

 The technology was very expensive for initial screening as it was hard for common people to examine at 
regular intervals, 

 The data were mostly image [13][14] and biopsy [8][18] based that could only be handled by experts and 
doctors for prediction, 

 The commonly used clinical records [21] [22] had not combined with symptoms and habit-based tests in 
Lung Cancer predictions and  

 The feature handling for complex medical datasets focused on the selection of best features rather than 
elimination of irrelevant features. 
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Thus, based on the identification of gaps in feature analysis process, the proposed model to find the irrelevant 
features was determined. 

3. Materials and Methods 

The dataset for Feature Analysis was created based on the Questionnaire conducted with 1000 respondents from 
Lung Cancer Institutes based diagnosis and their predicted stage of cancer affected. The Questionnaire collected 
from radiology departments of cancer institute was based on the symptoms, medical history and general habits of 
the patients. Also, their clinical diagnosed stage of NSCLC infection was obtained from hospital as class data. 
The features collected based on various categories of responses from patients are summarised in Table-2. 

General Details Physical Exposure Genetic Problems 
1. Admission Number 
2. Age  
3. Gender 

4. Pollution in Air 
5. Alcohol Intake 
6. Allergic to Dust 
7. Work Threats 

8. Genetic Risk 
9. Chronic Lung Disease 
10. Balanced Diet 
11. Obesity 

 
Common Habits General Symptoms Frequent Symptoms NSCLC specific 

Symptoms 
12. Smoking Habit 
13. Exposure to Smoking 
14. Occasional Chest Pain 
15. Coughing with Blood 

16. Tiredness 
17. Sudden Weight Loss 
18. Reduced SPO2 
19. Breathing Difficulty 

20. Wheezing Nature  
21. Difficult to Swallow 
22. Finger Nails Clubbing 
23. Cold 
24. Dry Cough 
25. Snoring 

 

26. Sudden Weight Loss 
27. Appetite  
28. Hoarseness 
29. Haemoptysis 
30. Headache 
31. Bone Pain 

32. Stage of Cancer diagnosed clinically (Class Feature) 
Beginner Moderate Advanced 

Table-2: Clinical Features collected from medical diagnosis to prepare dataset. 

The initial dataset was prepared in Excel format with 32 features that has 31 predictive features and 1 class feature. 
The questionnaire values ranged as shown in Table-3.  

Feature Value Interpretation Numeric Value 
1 Extremely low 1 
2 Very Low 2 
3 Low 3 
4 Moderately Low 4 
5 Moderate 5 
6 Moderately High 6 
7 High 7 
8 Very High 8 
9 Extremely High 9 

Table-3: The interpretation of feature values in the Questionnaire 

It was evident from Table-3 that the feature value with 1 is regarded as the value with Extremely low, 2 as Very 
Low, 3 as Low, 4 as Moderately Low, 5 as Moderate, 6 as Moderately High, 7 as High, 8 as Very High and 9 as 
Extremely High in terms of all the features stated in Table-2. The responses were developed as table and class 
attribute was coded with NSCLC at beginner stage as 1, moderate as 2 and advanced as 3 respectively. All these 
values represent the level of infection acquired by the patients on a particular symptom of Non-Small Cell Lung 
Cancer. Also, it signifies the nature of answer given by the respondents during the data collection process. The 
data collected in the form of questionnaire are converted into Excel form as shown in Figure-1.  
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Figure-1: RAW dataset created using Questionnaire collected from NSCLC patients 

Based on the responses collected from various patients, the dataset was prepared and loaded into the MATLAB 
interface [22]. The initial pre-processing to determine the irrelevant datasets and remove them from the dataset was 
planned in the initial stage. The initial pre-processing [23] was further divided into three stages followed by the 
feature elimination method.   

 Pre-Processing with multistage feature removal 
Stage-I : Test for Relevancy 
Stage-II : Test for Regression 
Stage-III : Test for Segmentation and Clustering 

 Reverse Feature Elimination method  
 

The worst features attained at the end of the Reverse Feature Elimination process was removed from the original 
dataset and trimmed as the testing set for further evaluation process. The initial pre-processing was carried out in 
an experimentative environment with GUI design in MATLAB. The initial pre-processing was completed in three 
stages. 

3.1 Test for Relevance and Numeracy values 
The Raw dataset was examined as independent features and tested for relevancy of data in comparison with the 
remaining features. The test was completed for finding missing values [24], non-numeric or text values [25], empty 
values, Not-A-Number (NAN) [26] and NULL [27] values. The missing and empty values represent the non-
availability of values in the feature set. The clinical dataset when evaluated has more chance for evaluation of 
performance if only it contains numeric values. But in many situations, non-numeric values including alphabets, 
special characters and alpha numeric values were formed. The implementation was completed with the 
identification of irrelevant feature as shown in Figure-2.  
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Figure-2: Removal of irrelevant non-numeric feature in Test for Relevancy 

The examination was conducted based on the novel algorithm for testing the relevancy. At the end of the 
examination, “Admission Number” was found to be highly irrelevant as it contained non-numeric values. Hence 
it was eliminated from the dataset and the remaining 31 features were formed as excel sheet for next stage of pre-
processing.  
 
3.2 Test for Relationship between features 
In the second stage, the features are tested to identify the relationship or correlation between them using regression 
techniques [28]. The distance between values of features is computed and identified the irrelevant features. The 
threshold value was fixed based on the average of the feature values. The threshold value [29] was tested with the 
individual value of the feature to find the relationship. If the distance between the individual value and the 
threshold value was identified less than the threshold value, the feature was identified as the irrelevant feature. 
After the end of the test, the second feature ‘Gender’ was identified irrelevant and was removed from the dataset 
as indicated in Figure-3.  
 

 

Figure-3: Pre-Processing test for relationship between features  
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The selected features after removing the “Gender” feature are formed as subset and developed as excel sheet for 
next stage pre-processing.  

3.3 Test for Clustering of features 

The final stage of pre-processing involved identification of segmented data using centroid values [30] to classify 
the related and unrelated data. The unrelated data are formed as clusters and identified as features with no relation 
to the other data. The ‘age’ feature was identified as unrelated and removed from dataset as shown in Figure-4.  

 

Figure-4: Pre-processing involving formation of clusters to identify irrelevant feature. 

As shown in Figure-4, the irrelevant feature ‘age’ is removed and remaining 28 features were formed as training 
set for further feature elimination and dimensionality reduction [31] process in excel form as shown in Figure-5.  

 

Figure-5: Refined Dataset after Pre-Processing in three different levels 
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As shown in Figure 5, the RAW dataset was pre-processed in three levels and the refined dataset with 28 predictive 
features and 1 class feature are selected for next stage of elimination process. It is important to understand that 
one feature in each level of pre-processing accounting to only three features being totally removed from the 
dataset. This resulted in 9% of the features being removed. Since the removed features are not sufficient for 
evaluation, the next phase of irrelevant features removal process was initiated.  

4. Reverse Feature Elimination Process  

The primary focus of the research work is to design an algorithm that is capable of ranking the features based on 
its ability to predict the results with enhanced accuracy. After pre-processing, the formed training set is 
experimented into a series of iterations that continuously ranked the features based on its performance and then 
arranges the list of features based on its rank in ascending order determining the low ranked worst features. This 
process is formulated into a novel algorithmic model called Reverse Feature Elimination Dimensionality 
Reduction (RFEDR) algorithm. The algorithm comprised of model to perform 40 iterations in series order to 
determine the rank of features based on its performance. The best cost is calculated based on the summation of 
relevance to its subordinate features as shown in Eq. (1).  

𝑺ሺ𝒙ሻ ൌ ሺ𝑫𝒊𝒇𝒇ሺ𝒙ሻ ൅ ∑ ሺ𝐱𝟎 ∗ 𝐞𝐱𝐩ሺ𝐱𝟎ሻ ൅ 𝐱𝟏 ∗ 𝐞𝐱𝐩ሺ𝐱𝟏ሻሻ𝟒𝟎
𝒏ୀ𝟏 ሻ/𝒏------- Eq. (1) 

Where x0 is the first feature and x1 is the next feature and the summated value is added with difference value of 
x and finally divided with total number of values for finding the best cost expression. The best cost is identified 
for 40 iterations and the features are ordered in ascending order. The best cost value would fall in consistent order 
at a certain point where maximum iteration carry the same best cost value and the same order of features. This 
series of iterations are found to be the line of convergence. This line of convergence is determined after completing 
all iterations as the best cost and the relevant feature order is the final order based on the rank and performance of 
features. During the initial phase of the algorithm, the dataset for evaluation was loaded with 𝝓𝑽 as the features 
and C as the class feature to train and test the outcomes. The similarity (S) and relevancy (R) are initialised with 
total number samples (n). The initial values were set and the algorithm was loaded with random generated values 
and original samples from dataset. The loaded data are then processed using the Fitness function.  

4.1 Fitness Function 

The Fitness function is used to compute the relevance of the features with each other and their ability to predict 
the output at ease. This fitness function for Reverse Feature Elimination Dimensionality Reduction (RFEDR) 
algorithm manipulates the dataset features based on its values to rank the features and order them from highest 
relevance to lowest relevance as a set of features.  

Based on the Pseudocode given, the total values 28000 from the dataset comprising of 28 features and 1000 
samples are loaded and initialised.  

For  ∀i∈N do 

For  ∀j∈N_Att do 

∂i←randi([0, 3],ϕ_V,1) 

S_i←Sim_F  (ϕ_Vj) 

End For 

End For 

The above code indicates that random number has been generated with range from 0 to 3 with test of empty or 
non-numeric values. Later, all the values were selected and moved to the initial set ‘S’ to test for relevancy of the 
data based on the elimination process.  The fitness function (𝑭𝒊𝒕𝒊ሻ is assigned the value of the individual feature. 
The iteration begins with index value from N to 1 in reverse order. The independent sample (𝝉ሻ is compared with 
other samples from the dataset (𝜶ሻ to find the relevance of feature with each other. If the condition is true, the 
fitness value is calculated by multiplying the weights of individual feature with the individual value of feature and 
summation of other features (𝜹𝟏𝒊, 𝜹𝟐𝒊, 𝜹𝟏𝒊ሻ and the difference between the feature and adjacent features 
respectively. If the condition is false, the difference is calculated and assigned to next iteration for further 
evaluation. This process is continued until the features are identified under fitness function to achieve highest 
prediction level to its lowest level.  
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4.2 Ranking Phase 

The Ranking phase follows after calculating the fitness function. The ranking phase collects the individual feature 
and its adjacent feature from every sample (N) and attribute feature (𝑁஺௧௧ሻ. The random number is generated 
between the values 0 to 3 to encompass the expected outcome of NSCLC prediction at beginner, moderate and 
advanced level. The random number is used to update the position of the feature at the end of each iteration.  

For  ∀𝑖 ∈ 𝑁 do 

    For  ∀𝑗 ∈ 𝑁஺௧௧ do 

         If (𝜕௜,௝ ് 0 || 𝜕௜,௝ ് 0) then 

              𝜕௜,௝ ← 𝑟𝑎𝑛𝑑𝑏𝑒𝑡𝑤𝑒𝑒𝑛ሺ0,3ሻ 

        End If 

    End For 

End For 

Update the position of 𝜕௜ 

The loop tests for non-zero values were performed and generated the random number between 0 to 3 to test the 
relationship with the individual feature. If the rank of the individual value was less than the existing value, the 
rank gets updated. After updating the position, the features with poor rank have to be segregated from high and 
moderate ranked features. To counteract this modification, the rank calculation is made by assigning best 
predictive feature from top order to the worst predictive feature in the lowermost order. After sorting and ordering 
of features, the iteration is incremented to the next level.  

Calculate 𝑅𝑎𝑛𝑘_𝑦௜ ← 𝑓ሺ𝑦௜ሻ  where 𝑖 ∈ 1 … 𝑁 

For 𝑖 ← 1 𝑡𝑜 𝑁 

 If (𝑅𝑎𝑛𝑘_ 𝑦௜ ൑  𝑅𝑎𝑛𝑘_ 𝜌௜) 

  𝜌௜ ← 𝑦௜ 

  𝑅𝑎𝑛𝑘_𝜌௜ ←  𝑅𝑎𝑛𝑘_ 𝑦௜ 

 End If 

End For 

t←t+1 

Thus, the algorithm performs utmost comparison of features with 40 iterations to find the line of convergence and 
thereby indicating the best cost. The Best cost [32] in this algorithm is not used to find the best or worst ranked 
features. Instead, it is used to identify the line of convergence where the ranked features can be finalised for 
selection or elimination process. The Reverse Feature Elimination Dimensionality Reduction (RFEDR) algorithm 
is shown in Figure-6.  
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Figure-6: Reverse Feature Elimination Dimensionality Reduction (RFEDR) algorithm 

5. Implementation and Evaluation 

The model is implemented using MATLAB GUI tool and the algorithm is initialised with the NSCLC dataset 
with 28 features. The selected features were evaluated, ranked and arrived at the best cost values as shown in 
Table-4.  
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Iteration-1  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-2  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-3  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-4  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-5  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-6  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-7  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-8  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-9  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-10  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-11  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-12  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-13  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-14  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-15  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-16  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-17  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-18  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 Sumalatha Mani et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2022/v13i5/221305187 Vol. 13 No. 5 Sep-Oct 2022 1725



Best Cost 5.6105e-25 
Iteration-19  
Selected Features 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26, 10, 14, 18, 25, 27, 7, 19, 21, 4, 15, 2 
Irrelevant Features 5, 1, 23, 6, 24 
Best Cost 5.6105e-25 
Iteration-20  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-21  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-22  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-23  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-24  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-25  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-26  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-27  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-28  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-29  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-30  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-31  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-32  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-33  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-34  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-35  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 
Iteration-36  
Selected Features 19, 21, 4, 15, 2, 10, 1, 23, 6, 24, 16, 3, 22, 9, 8, 12, 11, 20, 13, 17, 26 
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Irrelevant Features 5, 14, 18, 25, 27, 7 
Best Cost 1.8919e-26 

Table-4: Entire 40 iterations of the Reverse Feature Elimination Dimensionality Reduction Process. 

Based on the iteration process information in Table-4, the iterations, the features selected with less relevant 
features for elimination process and their respective best cost was presented in Table-5.  

Iteration No Less Relevant Features Best Cost 
1 13     5    16    12    27 8.7621e-24 
2 18    25    16    12    14 1.6415e-25 
3 21    18    25    16    12    14 1.6415e-25 
4 21    18    25    16    12    14 1.6415e-25 
5 14     7     1    23     6    25 3.6874e-26 
6 14     7     1    23     6    25 3.6874e-26 
7 20     9     2    22     4    27 1.0042e-26 
8 20     9     2    22     4    27 1.0042e-26 
9 20     9     2    22     4    27 1.0042e-26 
10 20     9     2    22     4    27 1.0042e-26 
11 20     9     2    22     4    27 1.0042e-26 
12 20     9     2    22     4    27 1.0042e-26 
13 20     9     2    22     4    27 1.0042e-26 
14 20     9     2    22     4    27 1.0042e-26 
15 20     9     2    22     4    27 1.0042e-26 
16 20     9     2    22     4    27 1.0042e-26 
17 20     9     2    22     4    27 1.0042e-26 
18 20     9     2    22     4    27 1.0042e-26 
19 20     9     2    22     4    27 1.0042e-26 
20 20     9     2    22     4    27 1.0042e-26 
21 20     9     2    22     4    27 1.0042e-26 
22 20     9     2    22     4    27 1.0042e-26 
23 20     9     2    22     4    27 1.0042e-26 
24 20     9     2    22     4    27 1.0042e-26 
25 20     9     2    22     4    27 1.0042e-26 
26 20     9     2    22     4    27 1.0042e-26 
27 20     9     2    22     4    27 1.0042e-26 
28 15    19    21    18    10     3 2.5434e-28 
29 15    19    21    18    10     3 2.5434e-28 
30 15    19    21    18    10     3 2.5434e-28 
31 15    19    21    18    10     3 2.5434e-28 
32 15    19    21    18    10     3 2.5434e-28 
33 15    19    21    18    10     3 2.5434e-28 
34 15    19    21    18    10     3 2.5434e-28 
35 15    19    21    18    10     3 2.5434e-28 
36 15    19    21    18    10     3 2.5434e-28 
37 15    19    21    18    10     3 2.5434e-28 
38 15    19    21    18    10     3 2.5434e-28 
39 15    19    21    18    10     3 2.5434e-28 
40 15    19    21    18    10     3 2.5434e-28 

Table-5: Implementation of RFEDR to determine low ranked features for elimination 

In the above Table-4, the low ranked features are identified after each iteration. Based on the similarity of features 
selected in each iteration and the best cost identified, the following observations are grouped and summarized as 
shown in Table-6.  

Iteration Range Total Iterations Less Relevant Features Best Cost 
1 1 13     5    16    12    27 8.7621e-24 
2-4 3 18    25    16    12    14 1.6415e-25 
5-6 2 14     7     1    23     6    25 3.6874e-26 
7-27 21 20     9     2    22     4    27 1.0042e-26 
28-40 13 15    19    21    18    10     3 2.5434e-28 

Table-6: Ordering of Low Ranked features and their respective iteration range after completing RFEDR 

As Shown in Table-5, the best cost has to be identified and finalized based on the number of iterations of the 
reverse feature elimination process. Accordingly, it was found that the iteration range from Iteration-7 to Iteration-
27 with a total frequency of 21 iterations has achieved the line of convergence as shown in the MATLAB graph 
portrayed in Figure-7. 
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Figure 7 – Graph obtained in MATLAB after Elimination Process. 

It is evident from Table-6 and Figure 7 that the iteration range 7-27 has maximum iterations with similar ordering 
of elements {2, 4, 9, 20, 22, 27} and also the best cost 1.0042e-26 remains the same. Thus, these features were 
selected as subset from the original dataset ready for elimination process. The second highest found in range of 
iterations between 28 and 40 with values {15, 19, 21, 18, 10, 3} respectively. But since it is less than the earlier 
sequence, the range of Iteration-7 to Iteration-27 achieving a continuous line of convergence as shown in Figure-
8 has been selected as the worst features for elimination.  

 

Figure 8 – Line of Convergence obtained after Iterations. 

However, the total of 21 iterations is in no match to other line of convergence ranges with 13 or less iterations as 
shown in Figure-4. Hence 7-27 is found to have attained the maximum convergence and the subsequent features 
{2, 4, 9, 20, 22, 27} are selected. Based on the analysis with the available features in dataset, it is found to be 
Alcohol Intake (Feature 2), Work Threats (Feature-4), Smoking Habit (Feature-9), Cold (Feature-20), Snoring 
(Feature-22) and Headache (Feature-27) respectively.  After removing these 6 features, the remaining 22 features 
are created as excel sheet for further processing and prediction of NSCLC as shown in Figure 9. 
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Figure 9 – The training dataset after feature elimination process 

The training dataset after removing further 6 features with 21% feature elimination contained 22 features at the 
end of the process. The features contained in the dataset at the end of Feature Pre-Processing and Reverse Feature 
elimination process were given in Table-7.  

General Information Physical Exposure Genetic Problems 
NIL 1. Pollution in Air 

2. Allergic to Dust 
 

3. Genetic Risk 
4. Chronic Lung Disease 
5. Balanced Diet 
6. Obesity 

Common Habits General Symptoms Frequent Symptoms NSCLC specific 
Symptoms 

7. Exposure to Smoking 
8. Occasional Chest Pain 
9. Coughing with Blood 

10. Tiredness 
11. Sudden Weight Loss 
12. Reduced SPO2 
13. Breathing Difficulty 

14. Wheezing Nature  
15. Difficult to Swallow 
16. Finger Nails Clubbing 
17. Dry Cough 

 

18. Sudden Weight Loss 
19. Appetite  
20. Hoarseness 
21. Haemoptysis 
22. Bone Pain 

23. Stage of Cancer diagnosed clinically (Class Feature) 
Beginner Moderate Advanced 

Table-7: Features finalised after Pre-Processing and Feature Elimination Process 

It was evident from the Table-7 that the irrelevant features in each category were removed based on its redundancy 
nature and unwanted values in the dataset. The features including “Admission Number”, “Gender” and “Age” 
were removed from the dataset in the pre-processing stage. These three values represent the general information 
in the questionnaire. Hence it is by default that these three features couldn’t be a major factor for predicting the 
NSCLC cancer thereby justifying the reduction of features from the RAW dataset. During the second phase of 
Feature Elimination Dimensionality Reduction method, the six features Alcohol Intake (Feature 2), Work Threats 
(Feature-4), Smoking Habit (Feature-9), Cold (Feature-20), Snoring (Feature-22) and Headache (Feature-27) were 
removed. They are also removed from different categories of Questionnaire as shown in Table-7 and finally 
formed as training set as shown in Figure-9 respectively.  

6. Results and Discussions 

The major merit in designing this Feature elimination model is to reduce the incompetent and irrelevant feature 
from the collected features in the dataset to enhance prediction.  
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The core knowledge behind this study and implementation is that by reducing the irrelevant features,  

 The size of the dataset is reduced from 31000 to 22000 values, 
 The computational time can be improved as size is reduced because the number of iterations and columns 

are reduced in the matrix,  
 The prediction accuracy can be augmented through testing with various data mining classifiers.  
 The research work created a model algorithm that is capable of identifying the work relevant features 

that are eligible for elimination from a dataset,  

The dataset had 31 predictive and 1 class feature in the beginning of the evaluation. In the initial stage, through 
pre-processing 3 features were removed from three levels accounting to 29 features selected for evaluation. 
Henceforth, the pre-processing reduced 10% of features that are found totally irrelevant to the prediction of 
NSCLC. After RFEDR, further 6 more features were removed and the total was found to be 9 features with further 
loss of 29.03% of features. Overall, the total predictive features of 28 was reduced to 22 with elimination of low 
ranked 6 features. Therefore, the selected 22 features showed 82% of selection of relevant features and 18% of 
elimination of irrelevant features. Finally, the result shows that the Elimination process has removed more features 
in comparison with the Pre-Processing stage as shown in Figure-9 and Figure-10. 

 

Figure 9 – Percentage Feature reduction after Pre-Processing 

 

Figure 10 – Percentage Feature reduction after Elimination Process 

It is evident from Figure 5 and Figure 6 that the elimination stage has 82% of selected features with 18% removal 
which outperforms 90% selection and 10% elimination of the features in pre-processing level. The model 
algorithm Reverse Feature Elimination Dimensionality Reduction (RFEDR) has achieved the objective of 
enhanced performance with reduced features. The testing dataset can be evaluated and predicted using classifiers 

90%

10%

Pre-Processing Stage

Relevant

Irrelevant

82%

18%

Elimination Stage

Relevant

Irrelevant
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in data mining.  These kind of ranking algorithms in reverse order to determine worst features assists in medical 
complex datasets to filter and remove irrelevant features that do not ponder any successful prediction but remains 
in the dataset to reduce the performance. Thereby removing such features can surely improve the performance in 
terms of size, computational performance and efficiency. 

7. Conclusion 

The research work focused on the importance of removing irrelevant, inconsistent and non-predictable features 
from the set of features thereby improving the performance of prediction and evaluation of clinical NSCLC 
dataset. The dataset was formed based on various expected symptoms, habitual nature of patients. However, it 
contained irrelevant features that are not capable of prediction with enhanced accuracy levels. Hence the proposed 
model algorithm Reverse Feature Elimination Dimensionality Reduction (RFEDR) was implemented with fitness 
and ranking function to determine worst ranked features and removed to form a better dataset. This model can 
further be propounded to feature extraction and Expert Engine creation to predict NSCLC cancer in a successful 
manner. 
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