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Introduction

Lung cancer is considered a destructive disease
around the globe as the early stage of disease detection
may increase the survival rate in humans. There are two
variants of cancer cells: Benign and Malignant. Where
benign is observed as non-cancerous; on the other hand,
malignant causes cancerous cells that grow in a small
amount inside human lungs. The crucial part here is that
we need to detect malicious cancer cells early for
survival. However, the benign and malicious modules are
more similar but, in some cases, differ from each other in
terms of cancer cell location, the shape & structure of the
cells (Nair et al., 2018). The challenging task here is to
calculate the probability of the level of malignancy in the
earlier stage (Silvestri et al., 2018). As a result, various
lung diagnosis methods are established: CT (Computed
Tomography), Isotope, X-ray and MRI (Magnetic
Resonance Image). Apart from this, CT & X-ray chest
radiography are considered to be the significant scanning
modules for the early diagnosis of cancer cells. They
utilized anatomic image modalities which detect the
different cancer tissues. Among these two methods, CT is
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Abstract: Lung cancer is a dangerous disease in human health. At the early stage, lung
cancer detection provides a way to save human life. As a result, improvements in Deep
Learning (DL), a technique, a branch of Machine Learning (ML), have helped to identify
and classify lung cancer in clinical photographs. DL technology has also outperformed
traditional methods in a variety of fields. Researchers are exploring various DL techniques
for disease detection to improve the accuracy of the CAD systems in CT lung cancer
detection. In this experiment, cutting-edge ML and DL methods for lung disease have been
recommended as CAD systems after thoroughly analysing existing frameworks. It can be

systems and system to detect nodule. The primary

characteristics of various approaches are analyzed. The CT lung datasets existing for
examination and evaluation with the various approaches are also presented and discussed.

considered to investigate lung diseases suitably.
However, medical practitioners utilised invasive
approaches to differentiate the malicious and the benign
cancer cells. Furthermore, lung diseases can be detected
via scan examining, blood tests, chest X-ray, skin test,
CT, and sputum sample tests (Setio et al., 2017).
Identifying what is malicious cancer and what is benign
cancer is still a challenging problem as they both have
similarities. To resolve this issue machine learning comes
into the picture as a part of the machine learning
procedures SVM (Support Vector Machine) plays a
significant role in identifying the benign and malicious
cancer modules (Choi and Choi, 2014; Pefia et al., 2016;
Camarlinghi et al., 2012; Teramoto and Fujita, 2013;
Santos et al., 2014). The drawback faced by this system is
its need to be handcrafted; as a result, it seems hard to
reproduce the advanced results. Moreover, the subset of
machine learning is deep learning which works similarly
to the neurons in the human brain. Deep learning
evolving fast in recent times which greatly improves the
numerous performances in medical applications (Wu et
al., 2018). The advantage of the CAD systems deep
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learning approach is that it helps detect the salient end-to-
end features during training time. This capacity from the
different computed tomography scans allows deep
learning to identify cancer cells. By utilizing the training
set which is considered to be rich in variations, the
system could find the features of benign and malicious
modules, yielding better execution of the result. After the
training is accomplished, the generalization of learning
and detection of cancer modules could have happened.
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Figure 1. Various methods for lung cancer
classification

Deep learning applications in lung cancer include
pneumonia, pulmonary nodule diseases, interstitial lung
disease, and pulmonary embolism. In addition to that,
some common deep-learning neural network analyses
utilized in the medical image industry have also been
presented in this paper. Also, this paper discusses the
trends analysis of the previous research happened. This
research article discussed lung cancer classification and

describes the taxonomy with a clear explanation that
explains every subtopic in the taxonomy. Section 5
discusses the research gap, analytical trends, and future
scope of lung cancer. In section 6, the survey’s
limitations are narrated, and then the conclusion is
summarized in section 7.

Various Methods For Classification of Lung Cancer

Researchers and scientists have experimented with and
devised various techniques and models to assess and
classify lung cancer over time. Researchers and experts
have predicted a variety of techniques for identifying
lung cancer. The researchers are experimenting with
several deep-learning approaches to enhance the
efficiency in systematic CAD in lung cancer
identification by utilizing the CT. Deep learning is a
strategy for reducing computational complexity while
also increasing efficiency.

Some models are built using a mix of the methods
mentioned above and their correlation. On several
occasions, hybrid and combination methods
outperformed standalone ones. We have discussed deep
learning and the use of recent research in lung cancer
diagnosis utilizing clustering, fuzzy systems, machine
learning, and segmentation extensively in this study.

A study of lung disease as cancer and classification
using fuzzy techniques

Manikandan and Bharathi (2011) have presented the
fuzzy system (FIS) to diagnose lung cancer by
conducting the region-based segmentation process.
Here, the IF-THEN condition was used to analyze the
effect of predicted lung nodules. Likewise, Manikandan
and Bharathi (2016) have introduced the fuzzy auto-seed
cluster means morphological algorithm to classify lung
cancer by segmenting the lung nodule from CT images.
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Figure 2. Lung cancer detection using Fuzzy System (Adapted from Manikandan and Bharathi, 2016)

detection utilizing DL techniques and trend analysis.

This paper is categorized as follows, section 3 tells
about the deep learning processes while detecting lung
cancer in the medical image process, and Section 4
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Manickavasagam and Selvan (2019) normal and
abnormal images. Where the cuckoo search algorithm-
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based neuro-fuzzy approach was utilized to predict the
cancer portion.

Capizzi et al. (2019) have oeganized a type 1 fuzzy
membership function and neural network to examine the
input sample for predicting the lung nodules from the X-
ray images. Sahu et al. (2019) executed fuzzy c-means
methodology. Along with the breathing clustering
approach, IIFDL (inter-fraction fuzzy deep learning) spot
out lung cancer.

Input image After Clustering

—)

Figure 3. Lung cancer detection using clustering
(Sarker et al., 2017)

Table 1. Recent research of lung cancer detection and classification using fuzzy methods.

Author Finding Outcome Dataset Limitation
Manikandan and | FIS Accuracy-92% | Own collected | Not only use
Bharathi (2011) Real-time dataset | hybrid systems.

2. Manikandan and | Fuzzy auto-seed | Accuracy-94% | Own collected | Computational
Bharathi (2016) cluster means Real-time dataset | time is high
morphological
algorithm
3. Manickavasagam | Neuro-fuzzy with a | Sensitivity-97% | Own collected | Could not
and Selvan (2019) | cuckoo search Real-time dataset | estimate the
algorithm location,  size
and growth rate
of the module.
4. Capizzi et al. The type-1 fuzzy | Accuracy-92% | Real-time dataset This  method
(2019) system combined (Radiology Key) does not apply
with a neural to other
network pulmonary
diseases.
5. Sahu et al. (2019) | Fuzzy c-means Accuracy-99% | LIDC-IDRI Not easy to
integration
fuzzy deep learning RMSE - 59% Own collected | Only find out
Real-time dataset | the lung cancer

Review of the disease of the lung as cancer and its
classification using clustering

The chemical-protein, as well as chemical-chemical
interaction, were employed by Lu et al. (2016) to detect
the drug compound in a particular candidate to predict the
lung nodule. Likewise, Using k-means clustering and
permutation test algorithms prohibited the candidate’s
probability rate of curing the cancer Sarker et al. (2017)
have presented ‘k’ means clustering algorithm to segment
and predict lung cancer from the CT images.

To forecast the lung modules from computerized
images, Shakeel et al. (2019) demonstrated, DITNN
(Instantaneously Trained Neural Network) & IPCT
(Improved Profuse Clustering Technique). Here, the
affected cancer portion was segmented through an IPCT
method. It also extracts ‘0’ several spectral features from
the affected portion.
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Yadav et al. (2013) have presented a Foggy K-means
method that adopts a powerful diagnostic feature to
prevent lung cancer. The unsupervised data were
evaluated through a clustering method. This method
provides a better result for a real-world problem.

Review of the disease of the lung as cancer and its
classification using segmentation

Based on the Res2Net & 3D-UNet the CT image lung
segmentation method was derived and it formed the new
CNN 3D-Res2UNet implemented by Xiao et al. (2020).
However, this 3D-Res2Net has some strongest
capabilities of multiple scale feature extraction,
symmetric hierarchical connected networks. As a result
of this, this feature provided a greater granular effect
while maximizing the received field of every layer in the
network. This created network was not appropriate for
gradient explosion problems and disappearance. As a
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Table 2. Recent research of lung cancer detection and classification using clustering methods.

S. No Author Finding Outcome Dataset Limitation
1. Lu et al. (2016) K-means clustering | Determination | Realtime Not  effective
algorithm value 412.93 dataset for other lung
diseases
2. Sarker et al. (2017) k-means clustering | Accuracy- 95% | SPIEAAPM Low efficiency
algorithms
3. Shakeel et al. (2019) | Improved profuse | Accuracy — | Cancer imaging | This  method
clustering 98% Archive (CIA) | only uses
technique dataset cancer
identification.
4, Yadav et al. (2013) Foggy  K-means | Cluster SGPGI Not used for
approach (70,87(20 classification
outlier))
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Figure 4. Lung Cancer detection by Segmentation
(Skourt et al., 2018)

features and spatial features and recurrent block of
ConvLSTM, then eventually, to rebuild the precise
volumized segmentation masks from that of the new
featured space, a 3D kind of decoder block had been
utilized.

Computed Tomography segmentation by utilizing U-
net architecture is the promising DL in the image
classification approaches by Skourt et al. (2018). This
architecture embodies a path to pull out the high-end data
and also it symmetrically expands the path. This network
needed to be trained from end-to-end images and works
great. In the Dice-Coefficient index, the experimental
results demonstrated that it obtained an accurate

Table 3. Recent research of lung cancer classification & detection using segmentation methods.

SI. No Author Finding Outcome Dataset Limitation
Xiao et al. Segmentation method | Accuracy-95 LUNA16 | Yields lower efficiency.
(2020) based on 3D-Unet
2. Kamal et al. | Recurrent 3D- | dice score of | NSCLC- Rather than improving
(2020) DenseUNet 0.7228 Radiomics | the model design, it
sees how it performs on
additional medical
imaging tasks.
3. Skourt et al. | U-net Dice-Coefficient | LIDC Offers Lower
(2018) index of 0.9502 efficiency
4. Jiang et al. | Adversarial domain | Accuracy of | NSCLC Lower computational
(2018) adaptation method & | 80% is achieved. time.
tumour-aware
5. Senthil et | five optimization | Accuracy- Cancer Only used optimization
al. (2019) algorithms used. 95.89%. Imaging methods.
Archive
(TCIA)

result, it builds up the accuracy in segmentation and
detection. For the volumetric lung cancer detection from
that of computer tomography results, Kamal et al. (2020)
executed the method 3D-DenseUNet which was
considered a deep learning-based architecture. To pull out
the nicely crushed spatial-temporal information, the
recommended approach has a 3D kind of encoder block
to pull out the finely grained coarse-grained temporal
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segmentation of 0.9502.

Jiang et al. (2018) have presented an adversarial
domain adaptation and a tumor-aware technique for
producing MRI segmentations utilizing unpaired CT and
MR images. On the testing phase, by using our methods,
the combined MRI yielded an accuracy of 0.74, while on
the other hand, utilizing the identical method and it was
trained in the semi-supervised occurrences provided 0.80




rates of accuracy. Through the very few amounts of MRI
information, their results recommended that tumour-
awarded, adversarial domain adaptation and bigger
computer tomography datasets have been supported to
accomplish  reasonably accurate cancer detection.
Similarly, to reduce physicians' interpretation of CT scan
results, a quick image segmentation technique for
medical imaging was developed by Senthil et al. (2019).
Implementing the five optimization algorithms assisted in
extracting the lung images, which were later to be
executed and analysed in the current research.

Review on machine learning techniques for prediction
lung disease as cancer

Nanglia et al. (2021) executed ML classifier. The
SURF did the feature extraction process with a genetic
algorithm. On the other hand, Xie et al. (2021) have
employed the naive Bayes approach to find the plasma
metabolites for earlier detection of lung cancer. Furtherly,
an interdisciplinary approach was used to detect lung
cancer. From the source of MR and PET images, Bebas et
al. (2021) implemented HOG and SVM parameters to
forecast the ADC (adenocarcinoma) & SCC (squamous
cell carcinoma) kind of lung cancer earlier.

Lung

\ 4
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lung cancer boundaries with the help of Laser-induced
breakdown spectroscopy (LIBS).

Likewise, Chen et al. (2021) have presented SVM and
PCA approaches to detect the miRNAs features to
analyze the Lung squamous cell carcinoma (LUSC)
disease. On the other hand, Shanthi and Rajkumar (2021)
have presented decision tree approaches to categorize the
lung tumor from the histopathological images. Likewise,
Yu et al. (2020) have presented the Extreme Gradient
Boosting (XGBoost) approach to detect lung cancer.
Here, the probability for chromosomal arm-level CNV
from cfDNA was analyzed to diagnose lung cancer.

Uthoff et al. (2019) have employed ANN to variate
lung cancer as cancerous and non-cancerous lung nodules
through the CT scan images. Alzubi et al. (2019) have
presented ANN-based ensemble approach to diagnose
lung disease as cancer. The classification period gets
minimised by selecting the attributes via the MLMR
technique and Newton—Raphsons Maximum Likelihood.
Junior et al. (2018) have presented the three machine
learning approaches to predict lung cancer such as
artificial neural network based on radial basis function-
based (RBF), (KNN), and Naive Bayes via CT images.
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Figure 5. Lung cancer prediction using machine learning (Adapted from Lin et al., 2021)

Hsu et al. (2021) have employed the multilayer
perceptron approach with the neural network to predict a
different kind of cancer. For the training operations, the
ten-Fold cross-validation techniques have been utilized
here. Similarly, Lin et al. (2021) have presented the
SVM-based RF — boosting tree approach to know the
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Maleki et al. (2021) have presented the k-Nearest-
Neighbors with a genetic algorithm to detect lung cancer.
Here, a genetic algorithm was utilized for the feature
selection process. Yuan et al., (2020) have employed the
support vector machine (SVM) approach to identify the
type of lung cancer. Here, the Monte Carlo approach was
utilized for feature selection. Similarly, Asuntha et al.
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Table 4. Various machine learning techniques for lung cancer prediction.
Findings

Author

Performance

Metrics

Dataset

Limitations

1. Nanglia et al. | SVM and | Accuracy-98% | ELCAP lung | Here we utilized lung cancer
(2021) NN image dataset classification of above 500
sample of computed
tomography only.
2. Xie et al. | Naive Bayes | 98% of | Own  Collected | Not incorporated the
(2021) accuracy real time dataset | optimization algorithms.
3. Bebas et al. | Texture 75% of | Own Collected | For the tumor formation
(2021) parameters accuracy real time dataset | mechanisms, this  method
histogram of doesn’t seem to be specify the
Oriented physical process.
Gradients &
SVM
4. Hsu et al. | MLP-NN 98% of | UCI repository This method does not support
(2021) accuracy complex and high-
dimensional, real-time
datasets.
5. Lin et al. | RF- boosting | 98% of | US NIST atomic | Not easily integrated.
(2021) tree accuracy spectroscopy
database
6. Ye et al|SVM and | 98% of | Gene Expression | Only use SVM.
(2020) PCA accuracy Omnibus
database &
TCGA
7. Shanthi et al. | Stochastic Accuracy- TCGA dataset Less improved accuracy.
(2020) Diffusion 89%
Search
algorithm
with NN
8. Yu et al | XGBoost Specificity - | Real-time dataset | This method does not support
(2020) classifier 99% from Beijing | large datasets.
Chest Hospital
9. Uthoff et al., | ANN 98% of | LungX dataset It was not that flexible.
(2019) accuracy
10. | Alzubi et al. | ANN-based | 93% of | Thoracic The WONN-MLB approach
(2019) WONN- accuracy Surgery Dataset | does not test all the data points
MLB in the dataset.
13. | Junior et al. | Naive Bayes, | Accuracy- Retrospective In this method, performing
(2018) ANN, and | 89%, 87% and | datasets. training, testing, and validation
KNN 88% using a large dataset is a
complex process
14. | Maleki et al. | Nearest- 99% of | Pima Indians | It was improved less by the
(2021) Neighbors accuracy Dataset genetic-based classification
with genetic
algorithm
15. | Yuan et al. | SVM 96% of | Gene Expression | Only use the same features.
(2020) accuracy Omnibus
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16. | Asuntha and | SVM  with | 89.5% Own  Collected | To identify the cancer affected
Srinivasan PSO and GA real time dataset | region, this method did not
(2016) seem to support the Spearman

& Pearson algorithm.

17. | Valluru, and | SVM  with | 96.54% Own  Collected | By the incorporation of the DL

Jeya (2020) GWO and real time dataset | methods, the proposed method
GA could be enhanced.

(2016) have presented the hybrid approach with
SVM for detecting lung cancer. Here, canny filter,
Superpixel Segmentation, and Gabor filter were used for
preprocessing stages. Likewise, Valluru and Jeya (2020)
have presented the SVM for classifying the lung tumor
portion. Furtherly, grey whole optimization (GWO) and
genetic algorithm (GA) were utilized for selecting the
features.

Review Lung prediction as cancer by deep learning

Lung modules are considered to be the early indicator
of lung cancer detection. The Deep Learning and
predominant role in the classification and detection of the
cancer, though it has lots of advantages towards the
cancer detection, it considered to be the time taking
process. So as a result of this CAD (Computer-Aided
Diagnosis) is improved for the several DL methods. The
DL technique utilized lung cancer detection was
discussed in this section.

An immovable texture CNN was shown to produce
diverse results on a distinct dataset (Masood et al., 2019;
Sori et al., 2019; Lin et al., 2020; Xie et al., 2018;

Coudray et al., 2018). Authors used various techniques
for better performance and discussed their limitations.

An Adaptive Hierarchical Heuristic Mathematical Model
(AHHMM) was presented by Yu et al. (2020) for the
evaluation of Cell Lung Cancers progression. This
method provides an accuracy of 96.67%. On the other
hand, Asuntha and Srinivasan (2020) have employed the
Fuzzy Particle Swarm Optimization-CNN (FPSOCNN)
identification of cancerous lung modules. Pang et al.
(2019) have introduced an automated classification
method based on the AdaBoost algorithm and DenseNet
lung disease problems effective technique for lung
disease type pathology diagnosis. Likewise, Nguyen et al.
(2021) have introduced a R-CNN method to identify the
lung nodule. Here, the size of the adaptive anchor box
was created through ground-truth nodule sizes.
Additionally, Chen et al. (2021) have employed a Lung
Dense Neural Network (LDNNET) method to classify the
lung nodules, which is an adaptive structure based on
convents. This method is for classification purposes and
also incorporates the SoftMax classifier to mitigate the
problems of training deep convnets. Similarly, Teramoto
et al. (2017) have employed deep CNN to categorize
various lung cancer .

Abnormal

Figure 6. Lung cancer classification based on deep learning (Masood et al., 2019)
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Table 5. Various deep learning (DL) approaches for lung cancer diagnosis.

Author Findings Performance Dataset Limitation
Outcome
1. | Masood et al. (2019) Cloud-Based Accuracy is | LUNAIS, This method detects
3D Deep | 98.51% ANODEQ9, and | only micronodules
Convolutional LIDC-IDR with a diameter less
Neural Network datasets than 3 mm
2. | Sorietal. (2019) Multi-Path 87.8% accuracy | KDSB 2017 | Less improved
Convolutional challenge accuracy.
Neural Network dataset
3. | Linetal. (2020) optimization 98.83% & | LIDC-IDRI and | Computational
using 2D CNN. | 99.97% SPIE-AAPM efficiency is low
accuracy using | dataset
SPIE-AAPM
attributes
4. | Xieetal. (2018) Multi-View 91.60% LIDC-IDRI This method uses
model accuracy dataset the nodules with an
uncertain level of
malignancy
5. | Coudray et al. (2018) CNN 85.6% The Cancer | deep-learning

Genome Atlas | models

(TCGA) dataset | visualization tools
30 281 are not
included in
identifying the
cancer features.

6. | Yuetal. (2020) Adaptive 96.67 % | Diagnostic The presented
Hierarchical accuracy Image Analysis | approach was not
Heuristic Group dataset | effective therefore,
Mathematical hybridization is
Model required.

7. | Asuntha and | FPSO with | The accuracy | A real-time | Not included the

Srinivasan (2020) CNN. obtained as | data set from | pulmonary nodules
94.97% Anrthi Scan | and optimize this
Hospital method.

8. | Pangetal. (2019) Automated 89.85% A real-time | To proceed the
classification accuracy data set from | classification of
model based on Shandong lung cancer, this
DenseNet Provincial method did not
network and Hospital seem to be
AdaBoost supportive for high
algorithm. quality.

9. | Nguyenetal. (2021) Adaptive anchor | 95.7% accuracy | LUNAL6 In the trade-off
box with fastest dataset enhanced
R-CNN model. performance, this

method improvises
the network
complexity.

10. | Chenetal. (2021) LDNNET 98.8396% on | Kaggle DSB | Only used different

LUNA 16 and | 2017 databases. | datasets and not
99.9480% on used others
Kaggle DSB methods.

2017

DOI: https://doi.org/10.52756/ijerr.2023.v30.001



https://www.diagnijmegen.nl/about
https://www.diagnijmegen.nl/about

Int. J. Exp. Res. Rev., Vol. 30: 1-14 (2023)

11. | Tiwari et al. (2021) MU based | 96% of | LIDC-IDRI Its  utilized in
3FCM and | accuracy database computed
TWEDLNN tomography images
algorithm. only.
12. | Teramoto et al. (2017) | DCNN 71.1% of | Real-time This method could
accuracy dataset  from | not able to classify
interventional the cells and array
cytology. of cells
comprehensively.
13. | Sahu et al. (2018) multiple  view | 93.18% of | IDRI & LIDC | Lung nodules in the
sampling-based | accuracy dataset  have | large CT  scan
multi-section been utilized. images were not
CNN effectively
predicted
14. | Wang and Charkborty | 3D-CNN, RNN | AUC obtained | Lung images | To  access the
(2021) based  nodule | as 0.86 2016  dataset | probability of
detector (LUNA16 cancer, this
(LIDC), supported only one
(NDSB) of the models along
with  the  higher
malignancy.
15. | Polat and  Danaei | 3D-CNN The accuracy | Kaggle dataset | The method does
(2019) module obtained as | & data science | not support more
91.81% bowl. complicated CT
scan images.
16. | Nasrullah et al. (2019) | Classification Specificity 91% | LUNA16 and | Low efficiency.
system & multi- LIDC-IDRI
strategy-based dataset
lung module
detection.
17 | Lakshmanaprabu et al. | ODNN  -LDA | Accuracy ELCAP Public | This method does
(2019) with MGSA 94.56% Lung Image | not support high
Database dosage CT lung
images.

Tiwari et al. (2021) and Sahu et al. (2018) identify lung
cancer. CNN framework for attaining the structural data
of nodules from CT images. The cross-section of the
nodule was obtained from multiple view angles. The
volumetric data of nodules were encoded into a compact
presentation using the aggregated data. Likewise, Wang
and Charkborty (2021) demonstrated a 3D-CNN based
module and RNN based detector to offer an entire lung
cancer identification system. This model incorporates two
cascaded modules: the nodule detection module and the
risk evaluation module. Based on the lung cancer support
vector machine, Polat and Danaei (2019) expressed the
3D convolutional neural network along with
convolutional Soft Max & hybrid 3D-CNN and RBF.
Based on the lung module classification and detection
system, Nasrullah et al. (2019) implemented a strategy-
based system. Here the detection was performed via
fastest R-CNN. The module classification was performed
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via a GBM (gradient boosting machine). Similarly,
Lakshmanaprabu et al. (2019) presented ODNN with
LDA and MGSA  for detecting cancer through
computerized images.

Evaluation and Analysis

This analysis aims to investigate several methods for
fuzzy, clustering, segmentation, ML, and DL. Various
kinds of lung cancer detection and classification and
metrics have been introduced. The review paper is
analyzed lung cancer detection and classification.

The term of accuracy is described as the amount of
prediction made correctly. The mathematical
representation is below,

tp+tn

Accuracy = ———
y tp+fp+fn+tn

-(1)




tp
tp+fp -(2)

P -(3)

tp+fn

Precision =

Recall =

2X(recallxprecision) (

F — measure = 4)

recall+precision

True Positive, True Negative, False Positive, False

Negative represented by TP, TN, FP, FN in these

equations. The total number of classifications using lung

cancer in various techniques taken according to this
survey paper is pictorially shown in figure 7.

Technique wise - paper
selection

Machine learning ™ Deep leaming W Segmentation

Clustering W Fuzzy

Figure 7. Total number of lung cancer classifications
used

The analysis explains that lung cancer classification
based on fuzzy, clustering, segmentation, ML, and deep
learning was utilized widely and is also applied in the
present research. Around twenty-one research articles are
reviewed from the various methods: fuzzy, clustering,
segmentation, etc., taken from 2011-2021. Previous work
on lung cancer classification taken according to this
review paper is pictorially shown in fig 8, the pie chart.

Year wise selection

2%
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Figure 8. Year wise analysis of lung cancer
classification
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The analysis describes lung cancer classification with
previous to the current period. There are around twenty
research articles taken from the lung cancer classification.

Journal Wise plot

19
A}

16
1

IEEE
m Wiley

Elsevier W Springer @ MDPI

W Hindawi — Others

Figure 9. Journal wise selection of lung cancer
classification

The journal-wise selection of classifications using
lung cancer in various techniques taken according to this
survey paper is pictorially shown in figure 9.

Conclusion and future Scope

Various strategies have been reviewed for identifying
and classifying lung cancer. This article aims to focus on
the progression and historical progress review of various
machine learning, clustering, segmentation, deep
learning, and fuzzy approaches for classifying lung
cancer, as well as their accuracy along with the
conceptual frameworks from these techniques.
Intelligibly combining deep learning with other methods
performed much better than uncombined ways for
classifying Lung cancer detection, according to research
findings. Deep learning-based automated procedures
using computer-aided diagnosis systems have just been
presented in this review. The accuracy rate of using
morphological and time-frequency-based features was
more than 99 percent, indicating that traditional deep
learning classifiers are efficient for lung cancer detection.
According to a new study, deep learning methodologies
outperformed  regular  classifiers in  computing
complexity, efficiency, and accuracy, all of which are
significant in real-time applications.

The validation process would comprise testing various
models on the same datasets for direct comparisons, and
testing in various population sets. The multi-omics
approach will help to integrate the various immune cells
of biomarkers. In that view, systems cancer immunology
may guide clinical decision-making earlier. The
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limitation of non-invasive biosensors comprehends the
possibility of binding in patient’s biomarker level,
samples, and smaller target size. For molecule detection,
the investigation marks the trends of electrodes which are
made up of nano-biosensor. For preprocessing and
segmentation process, effective techniques need to be
employed. This leads to accurately predicting the cancer
portion.
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