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Abstract: 

Microarray dataset is one of the biological databases that contains huge quantity of gene 
expression data. It is predominantly used in storing maximum biological information that is 
related to the measurements, search criteria and real-time data required for predicting hard-
hitting diseases like Lung Cancer. The Microarray dataset comprised of complex data with 
enormous biological features that are complicated to be analyzed and interpreted for 
prediction of diseases with high efficiency. The major ardent of this paper is to review the 
various existing microarray datasets and techniques applied in prediction of Non-Small Cell 
Lung Cancer (NSCLC). The paper further explores the various existing feature selection 
models available in microarray datasets with their tools and techniques applied for prediction. 
A review on High Dimensionality Reduction (HDR) in microarray datasets was proposed and 
the significant methods with the algorithms was studied. The assessment was conducted 
based on various research works conducted during the period from 2016 to 2020. The 
evaluation methods like accuracy, f-score and other measures to test the level of performance 
was presented. The research gaps pertaining to the current research scenario has been 
analyzed and presented with tabulated analysis. The review analysis identified that feature 
extraction and HDR are highly essential for efficient normalization of microarray datasets in 
efficient prediction of NSCLC at the earliest stage possible. The recommended suggestions 
ordained that the microarray dataset preprocessing and feature analysis required novel 
frameworks for better outcomes in the future perspectives of Lung cancer predictions.  

Keywords: Non-Small Cell Lung Cancer, Feature Extraction, High Dimensionality 
Reduction, Microarray Dataset, evaluation measures.  

 

I. INTRODUCTION 

Ever since the inception of microarray datasets in the field of bioinformatics, the DNA 
sequencing has become a source of study for many research aspirants. The biological datasets 
were considered complicated [1] even with use of powerful algorithms and techniques. 
However, the use of microarray datasets had made it possible for the researchers to find 
solutions to the complicated problems like disease predictions, pattern analysis, sequence 
analysis etc., The commencement of machine learning techniques in data mining assisted in 
automation of such predictions using better pre-processing techniques. The performance of 
output always depends on the efficiency of the input dataset [2] obtained from the biological 
datasets like National Center for Biotechnology Information (NCBI), PubMed, Biobank etc., 
The significance of removing the errors in the microarray datasets is highly significant as it 
was collected from various sources of medical diagnosis. Moreover, the complicated diseases 
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like Lung Cancer that has various interpretations from the symptoms available in existing 
scenario was the major challenge. The sample size plays a significant role in effective 
prediction of Non-Small Cell Lung Cancer (NSCLC) as best examined features tends to 
provide the best outcomes in all terms. But in general, there are more features associated with 
each of the microarray dataset due to the measurement abnormalities in microarray data. 
Hence such errors have to be removed before actually testing it with the prediction 
algorithms.  

Feature Selection is one of the growing fields of preprocessing methods applied in all 
biological datasets including microarray dataset that promotes the way to remove errors in 
datasets identified in the form of redundant data [3], irrelevant features [4], unfitted data [5] and 
insufficient [6] features respectively. The use of feature selection method become requisite 
with the High Dimensionality Reduction (HDR) techniques like Information Gain, removing 
less important features to balance the best features to be sent for evaluation. Hence it is 
important to identify the existing methods and techniques related to feature selection and 
HDR methods to propose a novel model for future predictions.  

The major objective of this research paper to review the techniques in existence for 
predicting Non-Small Cell Lung Cancer (NSCLC) at the earliest stage possible based on 
applied feature selection methods and high dimensionality reduction techniques. The review 
also concentrates on the data mining tools used in prediction with the algorithms used and 
their prediction efficiencies. The paper focuses on the research gaps existing in the current 
scenario and the need for frameworks or models in enhancing the prediction for the future 
perspectives.  

 

II. BACKGROUND STUDY ON LUNG CANCER 

Lung Cancer is one of the prime causes of death worldwide. Lung is one of the important 
organs of the human body which is capable of taking in oxygen and expelling carbon dioxide. 
The major risk associated with lung cancer [7] is the smoking habit of individuals. However, 
people with no smoking habits also develops lung cancer. Lung cancer shows no signs or 
symptoms at the earliest stage. Most of the lung cancer identifications are made in moderate 
and advanced stages only. Hence it is very complicated to predict the lung cancer at the 
earliest stage with common habitual analysis of an individual. Even in advanced stage, 
symptoms like coughing, coughing with blood, breath shortness, pain in chest, unexpected 
loss of weight suddenly, toughness of the chest region, pain in bones and headaches are found 
misleading to other diseases. Even in recent situations, these symptoms except blood cough 
were found in COVID-19 [8] patients. Thus, exclusive prediction of Lung cancer is highly 
advisable using biological analysis with computerized models. According to medical 
scenario, the smoking routine of entities damages the internal cells of lungs and gradually 
expands to the spongy filters that destroys the tissues as well. It is important to identify the 
cancer cells from non-cancer cells to predict the lung cancer. To identify the same, two types 
of lung cancer are identified in medical field. They are divided based on cancer cell 
appearance in lung regions.  

1. Small Cell Lung Cancer[9] majorly occurs due to smoking habit of the individual. It is 
most common and many times, it can be identified with the frequency of smoking of 
the person as the major prediction criteria. If the person reduced the pace of smoking, 
the risk factors automatically get low.  
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2. Non-Small Cell Lung Cancer (NSCLC) [10] may affect any individual with or without 
smoking habit. It may also occur due to air pollution, exposure to smoking, radiations, 
radon gas effects, asbestos and carcinogens as suggested by medical experts. Even it 
occurs due to genetic carryover from past generations.  

Hence this NSCLC is considered as one of the complicated diseases that is hard to be 
predicted at the earliest stage even with high technological medical machines, screening 
centers around the world. It’s because of lack of awareness from public and hesitation to 
undertake tests to identify lung cancer until advanced symptoms are identified. Therefore, the 
importance of datasets is highly significant in this stage. The Microarray datasets are 
recommended for prediction with best accuracy as it contains maximum information about 
the cells of the lungs and tissues in a detailed manner.  

III. REVIEW ON LUNG CANCER PREDICTION TECHNIQUES 

Having learnt about the impact of NSCLC and its existing complications, a detailed 
review on various existing techniques and methods were studied. Reviews are conducted on 
various methods applied using computerized models and techniques chiefly using data 
mining methods. Various authors have contributed to the review of lung cancer prediction 
methods and its efficiency using experimental methods.Usman Bashir et.al (2016) [11] 
analyzed the mathematical foundations in identifying the lung cancer using imaging and 
textual analysis. Also, the relevant literature has been analyzed. It was found that tumor was 
well differentiated in heterogenous types rather than homogeneous tumors with normal 
texture and imaging analysis.  However, it was found that differentiation existed between the 
results obtained with the actual reports.  

Dalia Wajeeh Abu Kashf et.al (2018) [12] identified the risk factors associated with lung 
cancer through analytics conducted with cancer derived materials, liquid biopsy, circulating 
free DNA (cfDNA) of blood samples at the peripheral level. This method of research created 
hope for lung cancer prediction through practical methods. Yucheng Zhang et.al (2017) [13] 
utilized radiomics based prognosis technique to predict non-small cell lung cancer and 
predicted the survival using Random forest methods and Principal component analysis that 
were found to be efficient for high performance in prediction. It was identified from results 
that feature selection methods, classifiers and data end points are essential in giving accurate 
predictions for lung cancer datasets.  

Akshay Iyer et.al (2018) [14] proposed deep learning methods to predict the post 
pharmacogenomic stage of lung cancer. The images related to various pretrained models 
were tested for mutations related to Indian populations. Further genetic signatures were 
analyzed for the same. The research outcomes recommended ingenious techniques as the best 
methods for predicting various mutations in lung cancer with good accuracy. NegarMaleki 
et.al (2021) [15] tested the stage of lung cancer affected by patients using k-nearest neighbor 
algorithm after feature selection by genetic algorithm. The author was able to achieve 100% 
accuracy with good feature selection and high dimensionality reduction. The correlation 
between the medical data and the results obtained was efficient as well.  

Xenia Fave et.al (2016) [16] assessed the usage of radiomics features to identify the tumor 
with image pre-processing techniques applied in CT images of 107 non-small cell lung 
cancer volumes. After Preprocessing of images, feature selection methods were applied and 
the correlation was identified using statistical methods. The solutions obtained revealed that 
preprocessing techniques had a strong impact on the prediction of diseases of multivariate 
modeling after feature selection. Yu. Gordienko et.al [17] tested with progress in prediction of 
Lung Cancer using various datasets ranging from original JSRT to its various forms like BSE 
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with and without segmentation respectively. The outcomes showed good efficiency and 
performance after proper preprocessing techniques. The BSE JSRT dataset showed highest 
accuracy compared to datasets tested after completing segmentation in lung.  

Kun-Hsing Yu et.al (2016) [18] utilized 294 Microarray images along with images from 
lung adenocarcinoma from cancer patients and identified best features that enables them to 
classify the initial stage and advanced stage of cancer using P values with threshold 0.003. 
The outcomes cleared that derived images from lung cancer patients enabled prediction with 
good accuracy levels. Diego Ardila et.al (2019) [19] created a deep learning algorithm to 
diagnose the tomography of patient before and after infection based on 6716 trial cases of 
lung cancer patients. The created model overwhelmed other existing models obtained from 
all other radiologists that included evaluation measures with 11% False positives and 5% in 
False Negatives respectively. The efficiency of the accuracy level was found equivalent to the 
expectations of the medical radiologists.  

Lin Lu et.al (2020) [20] examined 228 patients and applied feature selection software with 
radiomics to predict non-small cell lung cancer. The training set with 105 samples to extract 
features of medical datasets using unsupervised clustering methods. The result classified the 
cancer and non-cancer cells in the lung region with high correlation. The feature extraction 
tools IBEX, CIFE and Pyradiomics used in the research were able to classify and predict 
good features using built-in functions. Roberto Gasparri et.al (2016) [21] observed 70 lung 
cancer patients and 76 healthy patients without lung cancer based on breathprints. The gas 
sensor array was used to classify the results with 91% specificity and 81% sensitivity 
respectively. This breathprints test was successful for other disorders like obese and diabetes. 
Larger sensitivity was produced from the tested values under all stages ranging from 1 to 4 
respectively. The patients with first stage of lung cancer had high sensitivity prediction level 
compared to other levels. Hence early prediction was possible through measurement of 
breaths.  

Jyoti Malhotra et.al (2016) [22] tested the smoking habits of patients affected with lung 
cancer through analysis of molecular techniques that separated smoking with affected and 
non-smoking with non-affected respectively. The results proved that tobacco and smoking 
was highly risky in creating lung cancer. Yan Zhang et.al (2016) [23] measured the clinical 
values of blood samples from 143 lung cancer patients and retested the samples as follow-
ups. The analysis was carried out using logistic regression tool that tested smoking nature of 
patients and their brand of cigarette used. The evaluated data showed that decrease in DNA 
methylation levels led to the increase of risk in obtaining lung cancer. The outputs with 
ranges from AUC= 0.79 to AUC=0.81, heavy smokers had high rick than light smokers. This 
research assisted in conducting screening tests for right patients to avoid clinical errors.  

Adrian Levitsky et.al (2019) [24] examined various symptoms related to lung cancer to 
differentiate cancer and non-cancer patients using numerical data system. Seven-fold cross 
validation was applied on the 433 training samples and reduced to 73 testing samples for 
prediction. The validation made with descriptors showed Roc curve value with 0.767 which 
was effective. The research identified an overall 63 symptoms that were found to be effective 
to predict the lung cancer. Vineet K Raghu et.al (2019) [25] developed a model to identify 
false positive nature of low dose CT imaging in Lung cancer predictions. A clinical data 
comprising of 218 samples were diagnosed with benign tumor or advanced tumor in lung. 
Techniques like Probabilistic graph Models (PGMs) were used to get the accurate results. 
However, it was found that few misclassifications occur in classification of cancer and non-
cancer cells. 
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Based on the reviews on Lung cancer prediction techniques, it could be understood that 
data mining and machine learning were the techniques chiefly applied in prediction of 
NSCLC using microarray datasets. Hence it is significant to understand the microarray 
datasets used for prediction and the medical analytics with prediction applied for the same.  

 

IV. MICROARRAY DATASETS AND ITS MEDICAL ANALYSIS IN 
EXISTENCE 

Microarray datasets are biological repository data that comprised of the gene expression 
information data from any part of the human body. The microarray datasets are obtained 
either as peer-reviewed from experts or it can be acquired from exclusive storage mediums 
through sharing from different healthcare and medical institutions. Some of the microarray 
datasets in existence are Gene Expression Omnibus from NCBI, Cancer Genome Atlas, UNC 
Microarray database, Gene Network system, MUSC database etc., The microarray datasets 
were initially assessed using medical diagnosis and the prediction for NSCLC was possible.  

MichäelDuruisseauxMD et.al (2018) [26] tested the importance of DNA methylation 
profile that was capable of identifying the patient’s anti-PD-1 treatment from its present 
stage. The researcher collected samples individually from different set of patients affected 
with cancer based on microarray DNA samples with tumour. The Kaplan-Meier method was 
used for testing and a novel model multivariate Cox model was created for testing the tumour 
samples. The results showed that biomarkers with medical diagnosis could predict the 
presence of tumour using microarray DNA samples. An ensemble feature selection method 
using t-test combined with genetic algorithm was generated by SabahSayed et.al (2019) [27] to 
determine optimal features and find the normal or abnormal condition of dataset. The medical 
microarray dataset tested showed 99.9% accuracy with classification of data on gene 
expression analysis. The overall accuracy was also convincing with 98.4% that outperformed 
the previous best of 84.6% in predicting the DNA-Methylation lung cancer data.  

Shaoyan Zhang et.al (2018) [28] utilised circRNA microarray samples from lung tissues to 
predict lung cancer. Pathology and gene oncology analysis were performed on the samples of 
microarray tissues and were able to classify the cancer tissues from non-cancer tissues. The 
results identified that hsa_circ_0014130 RNA feature was significant in identifying Non-
Small Cell Lung Cancer (NSCLC). Similarly, Ming-Ming Jiang et.al (2018) [29] conducted an 
experiment to analyse pathological effects and expression profiles for NSCLC using 
Microarray based circRNAs. The results indicated that among total samples, the abnormal 
samples of 957 circRNAs when compared with normal samples was able to provide solution. 
In this research, hsa_circ_0007385 was identified as a significant feature to predict NSCLC.  

Sara HaddouBouazza et.al (2018) [30] conducted an analysis of various feature selection 
methods applied in Microarray datasets and the achievement of results in each of the 
experiments using various supervised classifiers like K Nearest Neighbour (KNN), Support 
Vector Machines (SVM), Linear Discriminant Analysis (LDA) etc. It was identified that 
KNN was able to classify 100% of lung cancer samples. Vitor H. Teixeira et.al (2019) [31] 
performed predictive analysis based on chromosome analysis on heterogenetic features of 
cancer. It was identified that cancer precursor biology using therapies and treatment could 
enhance early prediction in lung cancer.  

Thus, Microarray analysis and predictions were carried out even in recent scenario 
through medical prediction rather than computerized methods. An expert prediction system 
was required for prediction using simple samples of microarray datasets. However, it was 
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identified that preprocessing and feature selection as the major challenge for such huge 
microarray datasets in existence. Even memory capabilities are among the requirements for 
better prediction and analytics. Hence a survey on Feature extraction and Feature selection 
methods was studied.  

 

V. FEATURE SELECTION IN MICROARRAY DATASETS – A REVIEW 

Feature selection is the most significant stage in any research as it filters the unwanted or 
irrelevant or redundant features to bring best features into one dataset. Such dataset with best 
features becomes highly qualified to provide enhanced prediction. Feature selection has 
various filter, wrapper and embedded methods. Sometimes it also works as the combinational 
hybrid method for effectiveness. The feature selection is usually performed through 
identification of correlation of the features existing in the dataset. This correlation can be 
identified using statistical and machine learning methods. Some of the best experimental 
research studies are identified and presented for better understanding of feature selection 
techniques in microarray databases that are applied for prediction of lung cancer. Earlier, few 
reviews were conducted with the same intention to understand the importance of feature 
selection through machine learning methods. Alanna Vial et.al (2018) [33] conducted a review 
on various feature selection methods to detect cancer tumors in radiomics. It was identified 
that Deep learning in combination with machine learning has the capability of providing good 
predictions among distributed environment. Also, the microarray feature selection was 
conducted by Laszlo Papp et.al (2019) [37] using the various differentiations on radiomics data 
(18F-FDG PET) with the required feature extraction methods that enhances accuracy and 
reduces the irrelevant features. The significant studies on various feature selection methods 
and the tools used with the results obtained are summarized in Table 1.  

Table-1 – Literature reviews on the feature selection methods with tools and techniques on microarray datasets in 
prediction of NSCLC. 

Ref.ID Method Tool Results 

Isabella 
Fornacon-Wood 
et.al (2020) [32] 

Examined the impact of Image 
Biomarker Standardization 
Initiative (IBSI) compliance 
through utilization of statistical 
measures and extracted radiomic 
features to predict the lung cancer 
from 37 small cells. 

PyRadiomics, LIFEx, CERR 
and IBEX 

Reliability of PyRadiomics, 
CERR and LIFEx improved 
with IBSI compliance but 
IBEX didn’t show 
improvement.  

Husna 
Aydadenta and 
Adiwijaya(2018) 
[34] 

Developed a Framework to 
classify Microarray features and 
find best features through 
dimensionality reduction and 
redundancy check method.  

K-Means, Relief and Random 
Forest Algorithm 

Prediction of Lung Cancer 
Accuracy was achieved with 
98.9% after feature selection.  

Kavitha, P., & 
Prabakaran, S. 
(2019) [35] 

Created bilateral filters for 
identifying lung cancer using CT 
images 

PSO, Fuzzy C-Mean 
clustering, Segmentation 

The prediction outcome was 
possible with 95% efficiency.  

YuchengZhang 
et.al (2017)[36]  

Analysed non-small cell lung 
cancer of 75 aged 112 samples 
using radiomics based prognosis.  

Principal Component Analysis, 
Random Forest  

The outcomes gave enhanced 
accuracy in prediction.  

WenqingSun 
et.al (2018) [38] 

Studied 13668 samples from 1018 
cases of lung cancer based on 
radiological rankings.  

Deep Structured Algorithms 
(CNN, Deep Belief Network 
(DBN), Stacked Denoising 
Auto Encoder) 

Outcomes reveal that deep 
structured algorithms could 
provide enhanced prediction 
of lung cancer with automatic 
generation of best features.  
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José 
RanieryFerreira 
Junior et.al 
(2018) [39] 

Histopathology and Metastases of 
Lung Cancer was predicted using 
machine learning and reduction of 
CT features based on radiomics.  

Pattern Recognition based on 
Histopathology, lymph nodal 
and distant metastasis.  

Clinical and Computerized 
based feature reduction can 
produce good results in Lung 
cancer prediction.  

HongyuZhou 
et.al (2018) [40] 

Examined computed tomography 
(CT) images with radiomic 
features to identify distant 
metastasis outputs.  

Conclave Minimization and 
Support Vector Machines 

The selected best features 
gender and Tumor T, N Phase 
information achieved a 
predictive accuracy of 
89.09%.  

R. Arulmurugan 
& H. 
Anandakumar 
(2018) [41] 

Initiated Lung Cancer Feature 
selection using Artificial Neural 
Network and Machine Learning 
methods.  

 

Wavelet Feature Descriptor, 
Neural Network Classifier, 
Feed Forward Neural network 
and Feed Forward Back 
Propagation Network.  

The model achieved 92.6% 
accuracy with good sensitivity 
and specificity. The mean 
square error was efficient 
accounting to 0.978.  

Jacob J. Chabon 
et.al (2020) [42] 

Examined circulating tumour 
DNA to predict early-stage lung 
cancer.  

Deep Sequencing method,  

clonal haematopoiesis 
mutations method of extracting 
features.  

Proved that feature selection 
could make possible of 
finding cancer cells in DNA 
examination.  

The methods, tools and outcomes of the feature selection reviews reveal that after feature 
selection, the models have shown improvement in results outperforming existing models 
without feature selection. Feature selection requires reduction in dimension of the dataset for 
better efficiency. Hence High Dimensionality Reduction techniques were reviewed in the 
context of this survey.  

VI. REVIEW ON HIGH DIMENSIONALITY REDUCTION (HDR) OF 
DATASETS 

High Dimensionality Reduction (HDR) is the state where the unnecessary features are 
reduced to design the best dataset after initial training from the feature selection process. It is 
basically the data preparation method that enables the best solution for data modeling 
process. It assists in cleaning essential features and removing non-predictive attributes. This 
would enhance the prediction accuracy of dataset. Various dimensionality reduction methods 
are applied on microarray datasets in different studies. A comprehensive review on 
dimensionality reduction had been conducted by Maisa Daouda & Michael Mayo (2019) [43] 
from 2013 to 2018 on the methods to classify and analyse microarray datasets through 
dimensionality reduction methods. The prediction based on neural network cancer prediction 
was discussed in the study. It was identified that labelled data could be identified easily and 
differentiated from non-labelled genomic data. Furthermore, various High Dimensionality 
reduction methods were studied and presented in Table-2.  

Table-2: Reviews comprising of methods, tools and results obtained from high dimensionality reduction techniques in 
microarray dataset to predict lung cancer. 

Ref.ID Method Tool Results 

Adiwijaya et.al 
(2018) [44] 

Proposed Cancer prediction with 
DNA Microarray database using 
Principal Component Analysis 
(PCA)dimension reduction method. 

Support Vector Machine 
(SVM), Levenberg-Marquardt, 
Backpropagation (LMBP) 
algorithm 

LMBP (96.07%) 
outperformed SVM 
(94.98%) in predicting 
cancer.  

Hassan Tariq et.al 
(2018) [45]  

Performed High Dimensionality 
Reduction with Microarray 
datasets. 

Random projections (RPs) Random Projections 
perform better compared to 
Genetic Projections. 

Yu-Heng Lai et.al 
(2020) [46] 

Formed a combination of clinical 
data with heterogeneous data 

Deep Neural Network The prediction accuracy was 
75.44% after 
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sources.  experimentation.  

Russul Alanni et.al 
(2019) [47] 

Developed predictive model for 
cancer on microarray datasets 

GRNN, DT, SVM and NB Proposed model showed 
higher accuracy 89.8% 
rather than other models.  

FirdaAminyMa’ruf 
et.al (2018) [48] 

Proposed a model with SVM as 
classifier and Minimum 
Redundancy Maximum relevance 
(MRMR) as method to reduce high 
dimension. 

Principal Component Analysis 
(PCA) compared with MRMR 
using F1 Score and other 
evaluation measures.  

The classification system 
was developed efficiently. 
The F1 score of the 
proposed model was 0.9657 
which is higher compared to 
classifier without 
dimensionality reduction 
0.84. 

Peng Gang et.al 
(2018) [49] 

Explored image segmentation, 
shadow exclusion and t-distributed 
stochastic neighbour embedding (t-
SNE) techniques in 5 different 
datasets. 

Deep Convolution Neural 
Network (CNN) applied.  

Segmentation and shadow 
exclusion principles showed 
better preprocessing results 
with dataset #05.  

C.Arunkumara and 
S.Ramakrishnan 
et.al (2018) [50] 

Developed a novel fuzzy rough 
quick reduct algorithm to select best 
features from lung cancer datasets. 

Random Forest Classifier, 

 R Studio Package 

The performance measures 
are efficient like Accuracy 
(99.45%), recall, precision 
and f-score analysis.  

Abir Alharbi 
(2018) [51] 

A Hybrid Algorithm developed to 
automate lung cancer prediction  

Fuzzy base Algorithm 

Genetic Algorithm 

The optimized result 
obtained with accuracy of 
97.5%  

P. Mohamed 
Shakeel et.al 
(2020) [52] 

Analysed the nature of neural and 
soft computing to identify the 
problems related to lung cancer 
prediction using biomedical data.  

Heuristic Features tested using 
AdaBoost. MATLAB tool 
used. 

The algorithm was able to 
classify the normal and 
abnormal features of the 
biomedical dataset. 

It was evident from the reviews of High Dimensionality Reduction techniques that different 
methods could be applied with training data to achieve good performance in microarray 
datasets.  

VII. RESEARCH GAP ANALYSIS FOR NSCLC PREDICTIONS 

The Reviews analyzed various research studies authorizing the need for the selection of best 
features in microarray dataset at the first stage and then applying the high dimensionality 
reduction at the second level for enhancement in prediction. Based on the studies conducted, 
various flaws grouped as research gaps were identified and presented.  

 Classification and Regression algorithms like Random Forest Tree, Supervised 
learning models like Principal Component Analysis and k-Nearest Neighbor 
Algorithms were chiefly used in all the studies to achieve the prediction of Lung 
cancer, 

 Feature selection methods using Genetic Algorithm were used in microarray analysis. 
Few Novel algorithms were developed but not applied with all microarray datasets, 

 Many research models used either feature selection or dimensionality reduction as 
optional but couldn’t combine the model with appropriate methods, 

 The evaluation measures used in many research studies were accuracy, F1-Score, 
False Positive and False Negatives. A complete evaluation measure analysis was not 
provided on the basis of Confusion Matrix, 
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 The Feature Extraction tools used in most of the cases were built-in tools like IBEX, 
CIFE, Pyradiomics etc., Novel tool was not designed for feature selection process, 

 Most of the research analysis was based on image analysis and very less concentration 
was laid on numerical analysis through tools like MATLAB, R Programming,  

 The clustering models were found effective for Lung cancer prediction with datasets 
that are found to be in advanced stage,  

 Dimensionality Reduction was carried out with common algorithms like Support 
Vector Machines, Deep Neural Networks, Fuzzy based algorithms whereas actual 
High dimensionality reduction was not reported with the unnecessary features 
demolished,  

 Statistical and machine learning models were predominantly used in microarray 
analysis for lung cancer prediction that comprised of both supervised and 
unsupervised models, 

 The reviews suggested that Lung Cancer predictions are made based on the 
correlation between cancer and non-cancer cells only without considering partially 
affected cancer cells as it may be the earliest stage possible. 

The overall framework models and research studies were not compliant for effective 
predictions in microarray datasets on lung cancer to predict the disease at the earliest stage 
possible. Especially, NSCLC was not duly addressed and prominently recommended with 
any such algorithms. Hence a novel framework is required to build a model that could 
combine microarray analysis, r-DNA analysis and also asymptotic analysis of lung cancer 
datasets for more effective predictions.  

Based on the various studies, the analytics was conducted based on different categories like 
algorithms, datasets and methods. The research conducted on microarray-based datasets 
applied various algorithms for lung cancer predictions. They were summarized as shown in 
Chart-1 below: 

 
Chart-1: Comparative Analytics of Algorithms used in Lung Cancer Prediction. 

The Chart-1 showed that Random Forest Tree achieved the maximum accuracy (99.45%) in 
prediction of Lung Cancer thereby indicating that classification and regression techniques are 
more effective than machine learning methods. The Deep Neural Network has the lowest 

95

92.6

89.09

75.44

89.8

96.57

99.45

Fuzzy C Mean

Neural Network Classiifer

Support Vector machines

Deep Neural Network

Hybrid Model

Principal Component Analysis 

Random Forest Tree
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Accuracy (75.44%) indicating that hidden models are not sufficient enough for microarray 
datasets. Various microarray datasets like cfDNA, lung adenocarcinoma, 18F-FDG PET and 
lots of real-time datasets were analyzed and results were introduced and its application in 
different scenarios like feature selection and dimensionality reduction methods were 
discussed. Various feature selection methods like information gain, chi-square methods, 
correlation coefficient methods were analyzed during the reviews. The review had various 
findings that novel models that were hybrid models provided good solutions compared to 
existing models. Hence a novel model can be designed and implemented for effective 
prediction of NSCLC in the future.  

 

 

VIII. CONCLUSION 

The paper presented various literature reviews on microarray datasets that required 
refinement using techniques like Feature selection methods and high dimensionality 
reduction techniques that assisted in predicting Non-Small Cell Lung Cancer. Though all 
these reviews could effectively convey the importance of preprocessing in biological datasets 
like microarray datasets, few of the research gaps were identified and represented in the 
paper. The paper concludes that a novel model framework has to be developed in the future 
that combines the Feature Selection or Extraction process with High Dimensionality 
Reduction methods to enhance prediction of Lung Cancer at the earliest stage instead of the 
advanced stage. It’s important that the symptoms could also play a significant role in 
prediction of NSCLC when applied with microarray datasets.  
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