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ABSTRACT: Lung cancer is the main basis of cancer death amongst men and women, making up almost 25% of the world’s total 

cancer deaths. Lung cancer described for nearly 1.6 million deaths in 2012 and 1.80 million deaths in 2020. Small cell lung cancer 

and non-small-cell lung cancer are the two key categories of Lung cancer. The signs of lung cancer include hemoptysis, weight 

loss, shortness of breath and chest pain. Lung cancer treated by chemotherapy, surgery and CT scan. In this review paper, one of 

the most crucial zones aiming lung cancer diagnosis has been discussed. Computer-aided diagnosis (CAD) systems adapted for 

lung cancer can increase the patients’ survival chances. A typical CAD system for lung cancer functions in the fields of lung 

segmentation, detecting lung nodules and the diagnosis of the nodules as benign or malignant. CAD systems for lung cancer are 

examined in a huge number of research case studies. CAD system steps and outlining of inhibitor genes at molecular level is being 

discussed. An insight into multi-omics and molecular dynamics simulations is also given in this paper. 

 

KEYWORDS: Benign or malignant nodule diagnosis, CAD system for lung cancer, Lung cancer diagnosis, Multi-omics, MD 
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1. INTRODUCTION 

Lung cancer can benign and malignant lung tumor caused due to uncontrolled cell growth in the lung tissues. [1,2] The major 

countries like North America, Europe, and East Asia, along with over one-third of new cases in China are reported of highest 

number of patients subjected to lung cancer. While the African and South Asian countries are reported much lower [3]. Globally, 

in 2012, lung cancer occurred in 1.8 million people and resulted in 1.6 million deaths [4]. The Malaysian National Cancer 

Registry (2007) reported 1865 lung cancer cases with males 70.8% and females 29.2% [5]. Contributory factors also include long-

term tobacco smoking (85%); 10 to 15% of cases have also occurred in people who have never smoked [6]. The other factors 

include exposure to random gas, asbestos, second-hand smoke, or other forms of air pollution [7]. The two main subcategories of 

lung cancer are small-cell lung carcinoma (SCLC) and non-small-cell lung carcinoma (NSCLC) [8]. NSCLC stage with 80-85% 

are broadly categorized into three sub-categories, adenocarcinoma, squamous cell carcinoma, and large cell carcinoma. These 

three categories of lung carcinoma are broadly subjected to research studies. However, some other sub-forms of lung carcinoma 

are also there like adenosquamous and sarcomatoid carcinoma. The SCLC are about 10-15% of all lung cancer and also known as 

OAT CELL CANCER.  The most common clinical symptoms are haemoptysis, weight loss, shortness of breath and chest pain [9]. 

This disease is detected by chest radiographs, computed tomography scans and Computer-aided diagnosis as well. The diagnosis 

is confirmed with biopsy by bronchoscopy or CT guidance [10]. Standard treatment includes surgery, chemotherapy, and 

radiography [11]. NSCLC may from time to time treated through surgery, although chemotherapy and radiotherapy aid in the 

dealing of SCLC [12]. In 2012,  1.82 million nascent cases were reported and 1.56 million deaths due to lung cancer worldwide 

[13].  People over 50 years of age having a history of smoking are likely to develop lung cancer. The mortality rate in men has 

declined in terms of women’s lung cancer mortality rate [14]. In the various research studies conducted in USA, the foremost 

lifetime risk of lung cancer development is 0.8% in men and 0.6% in women are reported so far [15]. The genetic damage to DNA 

and epigenetic changes results in cell proliferation, apoptosis, and DNA repair of cells, increasing the risk of cancer [16]. 

Pathogenesis of lung cancer involves activating oncogenes or inactivation of tumor suppressor genes in the lungs [17]. Because 

mutations occurrs within these genes, which in turn induce the development of cancer [18]. So mutations in the K-ras proto-
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oncogene is responsible for inducing 10-30% of lung adenocarcinomas [19]. About 0.4% of non-small-cell lung carcinomas 

involve an EML4-ALK tyrosine kinase fusion gene [20]. DNA methylation, histone tail modification, microRNA regulation led to 

the inactivation of tumor suppressor genes. [21]. Epidermal growth factor receptor (EGFR) regulates the cell proliferation, 

apoptosis, angiogenesis, and tumor invasion [22]. Mutations and amplification of EGFR are most frequently seen in non-small-

cell lung carcinoma and such modifications are treated with EGFR-inhibitors [23]. Other genes that are also reported to be 

commonly mutated or amplified are KRAS and BRAF [24]. 

 

2. COMPUTER-AIDED DIAGNOSIS OF LUNG CANCER 

The developmental research of Computer aided Diagnosis (CAD) systems, several specialized approaches were done in a 

systematized manner. The primary pace involves the segmentation of lung tissues on chest images to reduce the search space for 

lung nodules. They were followed by the detection and segmentation of lung nodules from the available search space. The 

detected nodules were assigned into benign and malignant in the final step. Classification of the detected nodules is a significant 

component in CAD systems for detecting and diagnosing lung nodules in CT scans. CAD comprises a classification component 

for detection that categorizes the nodule applicants to nodules or non- nodules, whereas a CAD system for diagnosis classifies 

detected nodules into benign or malignant nodules. Further, thorough process in developing CAD systems, lung segmentation, 

nodule detection, nodule segmentation, and nodule diagnosis are addressed. 

 

2.1. Lung Segmentation: 

 
Figure 1. The categorical representation of lung and nodule segmentation approach under computer aided diagnosis for lung 

cancer 

The lung and nodule segmentation steps demonstrated in Figure 1, shows a typical CAD system for lung cancer. The mentioned 

figure above consists of 5 steps which will result into the integration of CAD system. 

Preliminary diagnosis of lung cancer was carried out by the segmentation of lung tissues on the CT scan images. It was considered 

a vital step in the CAD system. The threshold was computed to get an initial lung region [25]. Then the initial segmentation is 
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refined by opening and closing morphological operations. Similar method was also adapted for lung lobe segmentation [26, 27]. A 

threshold-based segmentation approach based on removal of a large airway from the lung region using isotropic diffusion and 

morphological smoothing of the lung boundary [28]. A graph-based search incorporating intensity is used for segmenting lung 

fields using a gradient, boundary smoothness and rib information [29]. However, a repetitive approach of Markov-Gibbs-random-

field (MGRF) segmentation was used to segment the lung fields from LDCT images [30-32]. 

One of the biggest challenges for CAD systems is to discriminate the true nodules from vessels, ribs. CAD was monitored in 

terms of diagnostic accuracy, speed, and automation level. CAD systems for detecting lung nodules in thoracic CT scan covered in 

two major steps: (i) primary samples were standardly preserved. The segmentation of nodule samples within the lungs was carried 

out using a fuzzy clustering approach [33,34]. The discrimination between nodule regions and typical structures was observed 

using the maximum distance inside connected components (MDCC) in 3D X-ray CT images [35]. The standard surface overlap 

(SNO) method was used in the detection of lung nodules and colon polyps [36]. This method describes the shape and geometry of 

a potential nodule. Above mentioned overview demonstrates the importance of investigation in designing CADe systems to 

diagnose lung nodules, including speed, automation level, and ability to see different sizes of nodules. The nodule segmentation is 

an essential and crucial step in lung cancer applications. 

2.2. Lung Nodule Segmentation: 

Lung nodule segmentation delineates the nodular lesions in chest CT scans, providing a critical foundation of CAD of lung 

cancers [37-39]. Under this section, the study on the clinical role of lung nodule segmentation was carried out. 

2.2.1. Clinical applications: 

Accurate nodule segmentation is crucial for various diagnostic and treatment procedures of lung cancer [40], such as monitoring 

tumor response against therapy [41, 42], computer-aided lung cancer screening for early detection [43-45], computer-aided 

diagnosis of tumor malignancy [46, 47] is carried out at high accuracy during nodule segmentation for better diagnosis. Lung 

cancer screening by CADe enhances the detection of segmented nodules [48]. 

2.2.2. CT Segmentation techniques: 

Technical approaches for volumetric lung nodule segmentation suggests that it is classified into 11 categories which are listed 

below: 

(i) Thresholding (TH): It yields a binary segmentation of the volume of interest by labelling each voxel by testing whether its 

intensity value surpasses a specific threshold value or not [49]. 

(ii) Mathematical Morphology (MM): It is a technique in lung nodule segmentation used for handling cases attached to non-

target structures such as vessels and the parenchymal wall or the diaphragm. It makes available four basic operators: - opening, 

closing, erosion, dilation. 

(iii) Region Growing (RG): It discovers the connected-component region covering the total seeded pixel by adding next nearby 

pixels, which is responsible for logical pixel intensity [50]. 

(iv) Deformable Model (DM): The model represents segmentation methods based on the iterative evolution of contour curves 

modelling the boundary of a target object, for example typical energy-minimization-based active contour (AC) [51], edge-based 

geodesic AC [52] and region-based variational LS [53]. 

(v) Dynamic Programming (DP): DP states to energy minimization variations for detecting optimal contours in images [54]. 

(vi) Spherical/Ellipsoidal Model Fitting: This fitting exploits the proximity of CT scan lung nodule appearance to the standard 

Gaussian intensity model. Using approximation models for CADe of nodules in early days. 

(vii) Probabilistic classification (PC): This explains each voxel is termed as nodules or other structure. At each voxel, the 

classification of standard estimation framework, such as MAP, maximum likelihood (ML), and likelihood ratio test is cast [56]. 

(viii) Discriminative classification (DC): In this it casts the segmentation problem as a voxel-wise classification similar to PC. 

There exist numerous methods for supervised discriminative classifiers in the machine learning literature. 

(ix) Mean shift: MS is a segmentation approach based on an iterative feature space analysis. The MS algorithm performs by 

clustering feature data points from each data point and the non-parametric distribution modes were calculated [57]. 

(x) Graph-Cuts (GCs) and Watersheds (WSs): GCs [58] and WSs [59] are the other known well-techniques of traditional image 

segmentation these are implemented for nodule segmentation problems. Many Researchers applied GC to derive their initial 2D 
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nodule segmentation. Reported methods of volumetric segmentation are given in (Table 1).   

     

 Table 1. Studies on volumetric segmentation reported from 1998 to 2005. 

STUDY TYPE METHOD PURPOSE REFRENCES 

3D Geometric deformation flow of 

3D L.S surface. 

Solitary, 

solid 

 [47] 

Threshold 

[2D]/[3D] 

Efficient average gradient 

computation 

Small, Juxta vascular [66] 

Dynamic programming,2D 2D contour optimization by DP. Juxta vascular [179] 

Mathematical morphology Isotropic resampling for partial-

volume effect 

Small, solid  [117] 

Gaussian fitting and mean shift 

(MS) 

Robust anisotropic Gaussian 

intensity and model fitting with 

MS. 

Small, 

Juxta vascular, 

GO 

[75] 

Surface analysis Lung surface removal of juxta-

pleural nodules is done by local 

surface smoothing. 

Juxta 

pleural 

 [74] 

 

2.2.3. PET Segmentation techniques: 

Positron emission tomography (PET) it has been broadly used in oncology applications such as lung cancer detection and nodule 

segmentation. The generally used quantifier in PET imaging is the standardized uptake value (SUV) that estimates the intensity of 

the lesion on PET. 

          SUV= c(t) / [ Injected dose(t)/body weight]             

To combine bith PET and CT curated data, a fusion technique integrates both PET and CT scan images. The fusion technique is 

classified into three categories: (i)visual fusion in both imaging modalities, (ii)software fusion, and (iii)hardware fusion. 

Steenbakkers [60] and Fox [61] used a software fusion method and examined the observer variations in 2 phases, one with CT 

scans and another with fused PET. 

 

3. NODULE SEGMENTATION CHALLENGES 

Several complications were met by segmentation techniques of lung nodules, such as ability to segment the nodules, automation 

level and robustness. We will discuss these challenges in this section. 

3.1. Nodule types: 

CT scan values of parenchymal tissues vary in nature from soft tissues; the segmentation of large solid nodules is not a complex 

process, whereas small nodules segmentation-based study, where nodules are attached to the vessels (juxta vascular), nodules 

attached to parenchymal wall and diaphragm (juxta pleural and ground-glass opacity nodules are performed with higher 

complexity. Small-nodule detection plays a vital role in early lung cancer detection [62]. Accurate segmentation of small nodules 

is needed to assess malignancy of lesions by measuring their growth rate. The Partial-volume effect (PVE) is the leading technical 

concern for handling small nodules.  

 Juxta vascular nodules refer to nodules that are attached to blood vessels. One common approach for handling juxta vascular 

cases is morphological filtering [63-68]. The partial volume analysis using segmentation (PVM) approach in order to explore the 

segmentation of (VOI) into the parenchymal cell [67]. Kuhnigk yma area and partial volume region. Kostis [63] proposed 
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isometric resampling of volumetric images to mitigate PVE. Because the portion of nodules attached to vessels/airways is tiny for 

the total extent of the 3D nodule surface, primary MOs, such as erosion, dilation, and opening, are often most effective for most 

juxta vascular cases [69,70]. 

Juxta pleural nodules refer to cases that are attached to the parenchymal wall or the diaphragm. Pleural surface removal (PSR) is 

the most widely adapted method for juxta pleural cases [71-77]. PSR can be addressed globally or locally. The universal protocol 

segmented the entire lung from the CT image and use the result as a negative mask to avoid non-target wall regions. RAGF 

proposed by Okada [75] yields an ellipsoidal approximation of the lesion boundary. The local PSR methods remove the pleural 

surface within a VOI [78-81]. Primary constraint mean shift [82, 83] robust nodule core detection by centricity transformation 

[84] and the maximum curvature point [85] are examples of robust methods addressing this task. 

The ground-glass opacity (GGO) nodules are the sub-solid CT values that are lower than typical solid nodules. Based on reliable 

components, they are categorized into non-solid/pure and partially solid/mixed. A minor non-solid GGO representing AAH, or 

BAC can slowly evolve into an invasive lung adenocarcinoma over ten years [86]. 

3.2. Automation: 

 Lung nodule segmentation objects as a sub-component of the overall system in CADx. In application context, the projected 

segmentation methods includes two types: automatic and semi-automatic. The intuitive approach takes a CT scan image as an 

input and segments the nodules present in the image without specifying the location by users [87-91]. Early methods with grey-

scale MM filtering [92] and with automatic locally adaptive thresholding [93] addressed simultaneous segmentation of nodules in 

volume. On contrary, the semi-automatic approach is assumed that the location of target nodules is known. In this assumption, the 

segmentation method takes a VOI as as input and hypothesize that the (VOI) contains the overall extent of a single nodule. 

3.3. Robustness: 

Some standard estimation techniques were implemented for the nodule segmentation problem. A model fitting process is made 

strong by considering inlier samples. This principle is used in the RAGF method by fitting an anisotropic Gaussian only with 

pieces defined by the MS [94]. The robust lung surface modelling provides a polynomial surface to the lung wall only with pieces 

that lie on the pleural surface [95]. The RAGF method imposes ellipsoidal constraints for handling juxtaposed cases. The 

detection and rough segmentation of nodules are done via the LoG filtering approach [96,97]. 

3.4. Validation: 

It refers to the experimental procedures that measure the accuracy of segmentation methods to be evaluated. The designing of 

effective validation procedures is a significant challenge in lung nodule segmentation research. The most accurate benchmark for 

validation currently available is chest phantom scans, where an artificial device stimulating nodules and other parenchymal 

structures were imaged by a CT scanner. 

 

4. DIAGNOSIS OF LUNG NODULES 

The segmentation of lung nodules was followed by classification of the detected nodules into malignant or benign. The CADx 

system distinguishes the malignant nodules from benign nodules automatically. Receiver-operating characteristic (ROC) analysis 

evaluates the performance of the CADx system, [98] as it has a 2-class classification. The area falling under the ROC curve 

represents the performance index [99]. 

4.1. Diagnosis of lung nodules based on Growth rate: 

The growth of small pulmonary nodules is measured in 2D area [100] and [101] 3D volume to predict the malignancy and monitor 

the tumor response to therapy [102].. In oncology, there exist standard protocols for measuring tumor sizes, such as WHO and 

RECIST.  

A large volume of the recent studies has addressed reproducibility/repeatability of lung nodule volumetry by characterizing its bias 

and variance. Factors that are covered in these studies include nodule characteristics such as size and shape [103-108] appearance 

types of solidness [109], pulmonary deformation due to cardiovascular motion [110] and inspiration [111] CT reconstruction 

parameters such as slice thickness, slice intervals, field of views [112-115] algorithm types [116-118]  kernel types [119,120] tube 

current time [121,122] and dosage settings [123] CT scanner vendors [124] segmentation performance due to choices of threshold 
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parameters in a segmentation algorithm [125,126]  segmentation algorithm [127,128] in the same segmentation software packages 

[129]. Moreover, versions of a segmentation software package [129] intra- and inter observer varies by using a commercial 

software package for semi-automatic nodule segmentation and volumetry [130-132] levels of observer’s experience and training 

[133]. Below is an overview of work which was done for measuring the growth rate of the detected lung nodules: Yankelevitz et 

al., 2000 [134] used HRCT scans to assess the growth rate of small pulmonary nodules. The ROI containing the nodule was 

identified in each image manually by a radiologist and then resampled to obtain an isotropic space using a 3D linear interpolation, 

thresholder, and was segmented to reconstruct the 3D image volume. Reeves et al. 2006 [68]  presented a method for measuring 

the change in the nodule size from two CT scan images obtained and resampled the ROI of each CT scan [135] Kawata et al., 

2000, [33] co registered the pulmonary nodules by using rigid-body and affine registration at two different stages. The curvature 

features obtained from the nodules segmented by a 3D deformable surface model track the temporal evolution of the nodule [136]. 

Jirapatnakul et al 2009 [76] presented a nodule growth measurement method called growth analysis from density (GAD) and 

applied a Gaussian weighting function to the region around the nodule [137]. El-Baz et al.2011 [30] proposed a method for 

monitoring the development of lung nodules in successive chest LDCT scans of the patients. (Table 2) depicts different 

methodologies based on growth rate [138]. 

 

Table 2. Growth rate-based methods for following up pulmonary nodules. 

STUDY METHOD REFERENCES 

To determine the accuracy of CT scan 

volumetric measurements of small 

pulmonary nodules. 

Exponential growth model to 

estimate the doubling time. 

[135] 

To develop a method for measuring nodule 

size change from 2 different CT image 

scans to establish growth rate. 

Registration, adaptive 

threshold and knowledge-

based shape matching method 

is used. 

[68] 

To measure nodule growth without explicit 

segmentation. 

Growth analysis from density 

(GAD)method to measure 

growth rate 

[139] 

To monitor the development of lung 

nodules 

GR volumetric measurement [30] 

 

4.2. Diagnosis of Lung Nodules Based on Shape and Appearance: 

A great deal of work is published regarding the usefulness of morphologic features to distinguish between malignant and benign 

pulmonary nodules on CT. Multiple case studies have reported a correlation between different nodule shape characteristics and 

their pathology. For example, Furuya et al. 1999 [139] scanned parts of 193 pulmonary nodules based on HRCT scans and 

grouped them into round, lobulated, halo and ragged. (4/23; Table 1).Kawata and colleagues, 2011 [140] designed a CT-based 

CAD system that classified pulmonary nodules based on a combination of curvature index and the relationship of the nodules to 

their surrounding features. The CAD system developed by McNitt-Gray used a pattern based classificational approach for the 

determination of  malignancy at  pulmonary nodules on HRCT in a series of 31 cases (17 malignant, 14 benign). Shah et al., 2005 

[141] designed a CAD system that extracted features from 2 different contours, i.e., solid portions of the nodule and ground-glass 

components.  

Iwano et al., 2005 [142] developed a system to identify the  pulmonary nodules detected on HRCT as variations in the shape 

categories and compared its performance to radiologists. Thus, various approaches are proposed in CADx systems. Database size 

varied in further studies; CT scans in the databases included screening LDCT, standard diagnostic CT, and HRCT. Reflections on 
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the development of CADx systems for distinguishing between malignant and benign lung nodules in CT based on shape and 

appearance features were summarized in Table 3. 

 

Table 3. Classification between malignant and benign nodules. 

PURPOSE METHOD OBSERVATION REFERENCES 

To classify the shape of pulmonary 

nodules by computer analysis of 

HRCT. 

LDA with two features Out of 102 cases, 7 were 

mismatched cases with 

circularity (<0.75) and the 

second moment (0.18) 

pulmonary nodules were very 

likely to reveal lung cancer. 

 [141] 

To classify nodules into benign or 

malignant. 

LDA with stepwise 

feature selection based 

on nodules shape, size, 

attenuation and texture.  

A correct classification rate of 

90.3% 

 [139] 

To discriminate between B and M 

nodules 

LDA with stepwise 

feature selection based 

on nodules features. 

Nodule features were more 

effective than surrounding 

structure features. 

 [47] 

To classify nodules into benign or 

malignant 

Analysis of the spatial 

distribution of 

Hounsfield values of 

nodules. 

Sensitivity of 92.3% and 

specificity of 96.6% used. 

 [30] 

 

4.3. PET/CT Nodule Diagnosis: 

 PET/CT fusion performs tumor staging and pulmonary nodule diagnostics. The images obtained from PET show unregulated 

metabolism that results in higher FDG uptake that permits the detection of malignancy. Reported studies [140-147] used this 

characteristic to detect malignant solitary pulmonary nodules (SPNs) in PET. SPNs are single, spherical, well-circumscribed, 

radiographic opacity that measures more than 3 cm in diameter. (See Table 4 for more detail). 

 

Table 4. Evaluation of nodule malignancy in PET. 

STUDY SPECIFICITY SENSITIVITY 

Dewan et al.1993 [142] 80% 95% 

Halley et al.2005 [147] 89% 94% 

Lee et al.2001 [43] 82% 95% 

Gupta et al.1996 [143] 88% 93% 

Lowe et al.1998 [44] 90% 92% 
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Table 5 summarizes the evaluation results of nodule malignancy in fused PET/CT systems. The experiments involved in these 

studies [148-152] show that PET/CT achieve a higher diagnostic power, so PET/CT fusion presents an advancement in lung 

cancer applications. 

 

Table 5. Evaluation of nodule malignancy in fused PET/CT. 

STUDY DATABASE ACCURACY/PPV (Positive, productive value) 

Keidar et al. 42 89% 

Nakamoto et al. 53 87% 

Yi et al. 119 93% 

Nie et al. 92 95% 

 

5.    TREATMENT BY MOLECULAR PROFILING OF TARGET RECEPTORS 

Non-small-cell lung cancers (NSCLC) operate variation in the epidermal growth factor receptor (EGFR), threonine-protein kinase 

BRAF and chromosome recombination of anaplastic lymphoma kinase (ALK) as well as ROS proto-oncogene receptor tyrosine 

kinase (ROS1). These receptors are validated targets for kinase-inhibitor therapy [153]. Resistance against targeted therapy occurs 

due to a de novo adaptation of cellular epigenetic and transcription programs. The introduction of new techniques such as high 

throughput parallel sequencing highlighting mutation based studies, copy number, promoter and methylation, gene and protein 

expression studies and metabolic activities occurring in tumors [154, 155]. The Cancer Genome Atlas (TCGA) research described 

different somatic mutations between tumor and matched pair and scanned tumor DNA, RNA and proteome to identify driver 

genes and reliable biomarkers in NSCLC and SCLC [156]. Molecular profiling of 230 resected lung adenocarcinomas from all 

major histologic types designate repeated mutation in 18 genes, of which EGFR frequently mutates, and KRAS rarely mutates. 

Molecular genotyping is common for lung adenocarcinoma and squamous cell lung cancer patients in today’s life. Efficiency of 

targeted kinase inhibitors in BRAF, EGFR, ALK and ROS1 gene fusions were disclosed. Molecular based profiling of intrinsic 

genomic instability in tumors has also appeared. Tumor mutational burden predicts immunotherapy response in NSCLC. [157] 

Targeted inhibitors are remarkable tools for treating NSCLC patients as NSCLC tumors are insensitive to chemotherapy. 

5.1. Kinase inhibitor genes in Lung Adenocarcinoma: 

5.1.1. EGFR: 

The epidermal growth factor receptors like (EGFR, ErbB-1, HER1 in Homo sapiens) is a transmembrane receptor known as 

tyrosine kinase that regulates cell growth and differentiation in response to the EGF family of extracellular protein ligands. EGFR 

dependent growth signaling is facilitated through three distinct downstream signaling arms-MAPK, PI3K/ AKT and the JAK-

STAT pathway). Currently, multiple EGFR TKIs have been permitted by the FDA. In response to EGFR TKI, a profound response 

was observed in tumors that harbor activating EGFR exon 19 deletions and EGFR L858R mutation in exon 21. These tumors 

account for almost 90% of all EGFR mutations in NSCLC [157]. In 15% of NSCLC patients, somatic mutations in EGFR are 

found. 

5.1.2. BRAF: 

It is a member of the Raf kinase group that elevates sign transduction protein kinase and regulates molecular division, growth and 

differentiation. In TCGA analysis, 3–8% of lung carcinomas harbor somatic changes in BRAF V600E modification [158,159]. 

The primary BRAF mutations are BRAF G469A/V (BRAF magnificence two mutation) and BRAFD594G (BRAF magnificence 

three mutation). MEK inhibitors and BRAF inhibitors affect the antitumor efficacy approved by FDA [160]. 

5.1.3. KRAS: 

KRAS is a tiny GTPase in the Ras superfamily, which regulates cell motility, increases survival in reaction to trophic and 

mitogenic stimuli.  Growth signaling through GTP bound activated KRAS are referred through 03 incredible downstream 

signaling arms as  RAF/MAPK, PI3K/AKT and RAL-GEF/RAL signaling pathway [161].  AActivating KRAS mutations are 

https://doi.org/10.47191/ijcsrr/V5-i1-11
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/
http://www.ijcsrr.org/


International Journal of Current Science Research and Review 

ISSN: 2581-8341   

Volume 05 Issue 01 January 2022  

DOI: 10.47191/ijcsrr/V5-i1-11, Impact Factor: 5.825  

IJCSRR @ 2022  

 

www.ijcsrr.org 

  

86  *Corresponding Author: Mukesh Nitin                                                            Volume 05 Issue 01 January 2022 

                                                                                                                                                      Available at: ijcsrr.org 

                                                                                                                                                                   Page No.-78-99 

present in approx. 20–30% of sufferers of NSCLC [162]. The top distinguished KRAS mutant shape is KRAS-G12V locked 

constitutively in an activated GTP sure state. In pre-scientific models, kinase 1, RhoA/ Rho kinase, nuclear export XPO1 

inhibitions result in KRAS mutant lung cancer vulnerability [163,164]. Pharmacological inhibition of upstream adapter protein 

SHP2 renders reaction in opposition to KRAS-G12C variation. This variation of RAS cycle nucleotide behaves in a semi-

constitutive manner. [165]. 

5.1.4. ALK and ROS1 rearrangements: 

Oncogenic ALK and ROS1 gene rearrangements occur in 10% of NSCLC patients [166,167]. The degree of overexpression and 

activation in fusion proteins depends on the nature of its fusion partner. The most common integrational partner of ALK is EML4 

and ROS1 is CD74 [168]. Crizotinib, ceritinib, alectinib and brigatinib are the ALK inhibitors for the treatment of NSCLC. 

Alectinib was preferred for first line ALK TKI treatment, and improved outcomes of ALEX trials are obtained [169]. Based on the 

structural homology between the ALK and ROS1 kinase domains, crizotinib was approved for ALK-rearranged lung cancers and 

ROS1 rearranged cancers [170]. 

5.2. Kinase inhibitor genes in Squamous cell lung cancer: 

5.2.1. FGFR1: 

In TCGA analysis,18% of tumor samples of early-stage squamous cell carcinoma have copy number amplification or mutations on 

FGFR1 [171].. Zhang and colleagues reported specific sensitivity of PDXs against AZD4547, an FGFR inhibitor [172]. Early 

attempts testing the FGFR inhibitors, like AZD4547, showed a disappointing rate of 8–12% [173-175]. This poor response rate is 

attributed to a poor correlation between copy number amplification and protein expression and shows co-alterations in PI3K and 

cell G1/S checkpoint pathways [176]. 

5.2.1.1. PI3K/AKT pathway: 

 PI3K/AKT pathway regulates cell biological signal networks and further regulates cell survival, metabolism and proliferation. In 

TCGA analysis, alterations in PI3K pathway members, such as PTEN and PIK3CA, have a higher frequency in squamous cell 

lung cancer [177-178]. Moreover, PTEN and PIK3CA mutations correlate with poor prognosis of human patients [179,180]. The 

function of biomarkers fails due to adaptive upregulation of PD-L1 receptors in tumors which in turn are immunosuppressive 

[181-182]. 

5.2.1.2. CDK4/6: 

CDK4/6 and its binding partners Cyclin D1-3s control mitotic cell division and is being negatively regulated by p53/p21 tumor 

suppressors. The cellular translation potential of RB and the negative regulator of E2F is regulated by CDK4/6 [183]. In squamous 

cell lung cancer, CCND1 and CyclinD1 are amplified in 15% cases and CDK4/6 mutated in 45% cases.  Phase 1 multi-cancer 

studies of abaculi show partial response in 1 (out of 6) patient with squamous cell carcinoma. The patient harbors CDKN2A loss, 

which is an inhibitor of CDK4. The list of identified oncogenic drivers in NSCLC is expanding. Targeted therapeutic approaches 

against these alterations are also currently underway [184-187].  

 

6.  MULTI OMICS ANALYSIS IN LUNG CANCER  

Multi-omics facts show molecular subtypes of cancers having TCGA dataset. Multi-omics evaluation, integrating TCGA facts of 

RNA expression, DNA methylation, factor mutations, and replica quantity variation, displays a prediction function for miserably 

affected person outcomes [188].  So, to broaden a classifier for the prediction of lung cancers affected person diagnosis and 

analyze an affected person risk-established evaluation, a machine-learning-primarily based pipeline for multi-omics in lung 

cancers has been applied [189]. Data of RNA expression and miRNA expression as entering facts turned into chosen, so that the 

result may be interpretable, considering that RNA expression is regulated through miRNA by functional duplexes. Firstly, we 

evolved an SVM that turned into a position to differentiate diagnosis-associated subtypes from the TCGA LUAD. Secondly, we 

achieved a risk-established pathway evaluation to present us with useful statistics expertise about ability mechanisms associated 

with the unique subtypes. 

 

7. METHODS 

7.1. TCGA Set: 

First, multi-omics LUAD data from the Genomic Data Commons (GDC) TCGA data portal   (https://portal.gdc.cancer.gov), using 
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TCGA Assembler 2 (https://github.com/compgenome365/ TCGA-Assembler-2; with R package (R version 3.5.1) is downloaded. 

Three hundred eighty-four patients with RNA sequencing and miRNA sequencing data were provided into a multi-omics dataset 

which was the last step. Patients’ clinical data are downloaded from the GDC data portal, and 364 patients were available for the 

following analysis step. Data with zero values was then processed. In the last step, zero values, RNA-seq data, and miRNA-seq 

data were done against patients, followed by reassembling to complete a multi-omics dataset before feeding it into an autoencoder. 

7.2. Clustering to Obtain Inferred Labels from LUAD Multi-Omics Dataset: 

An autoencoder with three hidden layers (Five hundred, hundred, five hundred nodes) with Kera’s (https://keras.io; version 2.2.4) 

was executed and L1 and L2 regulation weights were set at 0.001 and 0.0001 for hyperparameter settings. The learning rate is 

being placed at 0.01, with a 1e-6 decay rate, and epochs of 150, with a 0.5 dropout rate. Stochastic gradient descent (SGD) used to 

enhance the survival-associated features and to obtain inferred labels; the elbow method [190] is being performed in the clustering 

range of 1 to 10. Based on the result predicted by the elbow method, further analysis was performed, and the optimal number of 

clusters, using the Silhouette index [191] and Calinski–Harabasz [192] criterion, were visualized. In the (4/23; Table 1).last step, 

K-means clustering is performed using the K, and the result was visualized using t-Distributed Stochastic Neighbor Embedding (t-

SNE) [193]. 

7.3. Kaplan–Meier Analysis: 

 For the Kaplan–Meier analysis and for evaluating the prognostic significance of   LUAD patients, inferred labels are gotten by 

clustering. Survival analysis was performed with the aid of the R survival package, and the survival curve drawn using the R 

survivor package.  

7.4. ANOVA Feature Ranking of miRNA and RNA Expression to Develop SVM Classifier and LUAD Prognosis-Dependent 

Classifiers: 

The multi-omics data required in drawing a Kaplan–Meier plot was divided into 60% for a training dataset and 40% for a test 

dataset. The analysis of Variance (ANOVA) method was used to rank miRNA and RNA subtypes. ANOVA method with the 

inferred labels performs through the R limma package. [194] Ranked miRNAs from 5 to 20 and ranked RNAs from 5 to 30 are 

used to develop SVM. A fixed number of miRNA and RNA were then applied to create another three classifiers: K-nearest 

neighbors (KNN), Random Forest (RF), and Logistic Regression (LR) and to compare the accuracy with SVM. 

7.5. Clinical Characterization: 

The clinical information that was being gathered from Kaplan–Meier analysis aids in differentiation between two distinct 

populations clustered by the K-means algorithm. 

7.6. Somatic Mutation Analysis (SNPs and Small Indels): 

 LUAD somatic mutation data are downloaded from the University of California, Santa Cruz (UCSC) Xena server 

(https://xenabrowser.net/datapages/) and studied for mutations that was occurring in each patient. 

7.7. Copy Number Analysis: 

LUAD copy number dataset altered by Log2 was taken from the UCSC Xena server (https://xenabrowser.net/datapages/ ).  Copy 

number variant with the Affymetrix SNP 6.0 platform was chosen and assembled by hg38.  

7.8. Pathway Analysis Enrichment in the Poor Prognosis Subtype: 

Gene set enrichment analysis (GSEA), Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis, and Gene Ontology (G.O) 

analysis accomplishes by using DESeq2, and tidyquant packages in R, to compute enriched pathways in the poor survival subtype. 

7.9. Identification of the Novel Genes Associated with LUAD Patient Survival: 

Expression analysis was carried out between 2 subtypes, using the R DESeq2 package. Then top 25 statistically significant RNAs 

between the subtypes obtained f described patient survival. The OncoLnc web server helped to draw Kalpan-Meier and get values 

from each survey (http://www.oncolnc.org) [193]. Then, 25% from the high-expression subgroup (n = 123) and 25% from the 

low-expression subgroup (n = 123) were used to figure prognosis. 
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Figure 2. The steps which were followed in a multi-omics setup. In these 6 steps are performed. 

 

8. ROLE OF SIMULATIONS FOR LUNG CANCER WITH RARE EGFR MUTATION 

Lung cancer with EGFR mutations is responsible for 10–20% and 40–50% of NSCLC cases [195].  During frame deletions 

around the LREA motif of exon 19 and exon 21 L858R point mutations are hotspots of EGFR mutations, accounting for ∼80–

90% of EGFR mutations [196]. All mutations occurring in the EGFR tyrosine kinase domain promote the active conformation of 

EGFR protein and its oncogenic pathways [197-199]. Multiple EGFR tyrosine kinase inhibitors (EGFR-TKIs) are approved and 

used in routine cancer clinics to inhibit hyperactive EGFR signaling [200-205] based on a positive relationship between EGFR 

mutations and sensitivity to EGFR-TKIs has been well-established. EGFR exon 20 transformations consist of more than 50 types 

and account for 4–10% of all EGFR mutations [206-208].. The wide variety of mutations and presence of many single mutations 

prevents the portrayal of presently known mutants. Due to the use of NGS tests in lung cancer, the number of novel EGFR 

mutations are increasing. Hence, a rapid and robust method to precisely guess the sensitivity of EGFR rare mutants is obligatory 

for solving the problem of NSCLC patients with rare EGFR mutations. 

Recently, computational structural modelling and molecular dynamics (MD) simulations have helped us clarify the activation 

mechanism of EGFR at the atomic level [209-211]. In addition, the sensitivity prediction of EGFR mutants to EGFR tyrosine 

kinase inhibitors was accomplished for various EGFR mutations using binding free energy calculated with MD simulation [212-

213] and fitness scores calculated by molecular docking simulation [214]. Supercomputer-based binding energy is calculated 

using MD simulation [215-216] and and played essential part in the  secondary ALK and RET mutants, which is present during 

therapy using TKIs [217-218]. Based on this, it was observed that a supercomputer-based model would predict the sensitivity of 

rare EGFR mutants to EGFR-TKIs. 

8.1. High Diversity of Rare EGFR Mutations in NSCLC: 

To obtain relevant information about individual EGFR mutations and to explore their diversity, we crosschecked with the Japan's 

Lung Cancer Genomic Screening Project for Individualized Medicine in (LCSCRUM), a prospective nationwide lung cancer 

clinical and genomic research network [219]. NSCLC cases where the major EGFR mutations (exon 19 deletions, L858R, G719X, 

or L861Q) were not detected by routine clinical testing underwent NGS evaluation for possible somatic alterations using a panel 

of cancer-related genes. Within LC-SCRUM-Japan, 3,779 NSCLC patients were registered from February, 2013 to March 2017. 

Out of these patients, 201 from October, 2013 to June, 2014 were grouped as first cohort and patients 1,963 from March, 2015 to 

March, 2017 grouped into second cohort were subjected to next gen. sequencing NGS. The NGS research  showed that the major 

EGFR mutations with 19 exonic deletions, and G719X, or L861Q and  L858R,were detected in 2.7% (53/ 1,963) of such patients 

in the second cohort, indicating false-negative results of daily based clinical tests. The rare EGFR mutations were detected in 108 

(5.5%) patients. The requency of rare EGFR mutations was higher than ROS1 fusions (3.6%) and RET fusions (2.9%). However, 

the frequency of rare EGFR mutations comprised approximately one-third of KRAS mutation frequency (15.3%). Rare EGFR 

mutations are noticed in both non squamous NSCLC and squamous cell carcinoma. These data highlighted that rare EGFR 
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mutations account for a significant proportion of NSCLC cases. Most mutations are found in the region encoding the tyrosine 

kinase domain, in exonic region of 18–21, while some mutations are at external region to the tyrosine kinase domain, particularly 

in the exonic region (6, 7, 8, 12, 15, and 17). The most uncommonly encounterd EGFR mutations were EGFR exon 20 insertion 

mutations. Out of which the total of 113 NSCLC cases with rare EGFR mutations, the five cases in the first cohort and 108 cases 

in the second cohort, 52 (46.0%) harbored EGFR exon 20 insertion mutations, indicated that the mutations comprised about a half 

of rare EGFR mutations. Of the identified 73 rare EGFR mutations, 68 types were observed in only 1-2 cases. These findings 

indicate a high diversity of EGFR mutations in NSCLC. 

8.2. Low Chance of EGFR-TKI Therapy for Rare EGFR Mutation Cases: 

Clinical data are available for 53 patients with EGFR major mutations, 47 patients with exon 20 insertion mutations and 61other 

with rare mutations in NSCLC. The characteristics highlighted in the patients of NSCLC with exon 20 insertion mutations are 

similar to patients with significant mutations. However, the nature of NSCLC patients with other rare mutations was slightly 

different. The majority features of rare EGFR mutations were mutually exclusive with other oncogene mutations, however, co-

occurrence with ERBB2 amplification, PIK3CA mutation, KRAS mutation, and MET amplification is observed in a small subset 

of patients. Also, out of the total 113 patients with uncommon EGFR mutations, 82 patients, including 33 cases with the mutation 

at exon 20, were reported for information on chemotherapy after gene testing. However, out of those remaining 82 patients, 77 

(93.9%) undergone cytotoxic chemotherapy as the primary treatment, while only five patients (6.1%) undergo EGFR-TKIs as 

other primary treatment approach. About 32 patients (97.0%) with EGFR exon 20 insertion mutations are treated with cytotoxic 

chemotherapy as first phase of treatment. The overall response rate to EGFR-TKIs in the patients with rare EGFR mutations was 

only 17.4%. Notably, one of these four cases, who responded to afatinib, carried NSCLC with an exon 20 insertion mutation 

[220]. These resulted in the validation of overall response to first- and second-generation EGFR-TKIs for NSCLC cases with 

uncommon EGFR mutations is low, there is a responsive sub-group among them. 

8.3. Prediction of sensitivity of EGFR mutants: 

MD Simulations and Molecular Docking research are expecting the sensitivity of EGFR mutants to TKIs [221-223]. First, to 

evaluate the usefulness of the molecular docking approach with our model, we calculated the fitness (docking) rating of TKIs to 

EGFR mutants by using rDock [224]. One of the maxima broadly used molecular docking applications for structure-primarily 

based digital screening. Next step was to asses several MD simulation strategies with the model, using Molecular Mechanics 

Poisson-Boltzmann Surface Area (MM-PBSA) and Molecular Mechanics Generalized Born Surface Area (MM-GBSA) with the 

scripted python MMPBSA.py module [225] in Amber Tools was being used, it was as aid in enquiring the sensitivity of EGFR 

mutants to TKIs [226]. Besides, EGFR exon 20 insertion mutations to EGFRTKIs are used for in-silico prediction techniques 

based on MD simulation. 

 

9. CONCLUSION 

Lung cancer is one of the most widespread health issues worldwide whose mortality rate is high. The main risk factor of lung 

cancer is smoking. Prevention can be by avoiding risk factors, smoking and air pollution. Better outcomes are possible only in the 

case of early detection. Hence designing an efficient CAD system for lung cancer is very important as early diagnosis can improve 

the effectiveness of treatment. In this paper, we discussed the current approaches, strengths, limitations developed in each stage of 

the CAD system. It also explores the kinase inhibitor genes in lung adenocarcinoma and squamous cell lung cancer. Recently, 

multi-omics analysis has emerged to allow the classification of groups of patients based on prognosis. Here we have addressed the 

combination of RNA expression, miRNA expression, and clinical information for the development of SVM to predict patient 

survival in lung cancer. The paper reveals diversity and driver roles of rare EGFR mutations in a large perspective. The frequency 

of each rare EGFR mutation reports less than 0.1%. 
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