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Abstract

Artificial intelligence based prediction models are being developed to address these issues and may have a future
role in screening, diagnosis, treatment selection, and decision-making around salvage therapy. Imaging plays an
essential role in all components of lung cancer management and has the potential to play a key role in Al applications.
Artificial intelligence has demonstrated value in prognostic biomarker discovery in lung cancer diagnosis, treatment,
and response assessment, putting it at the forefront of the next phase of personalized medicine. In this review, we will
provide a summary of the current literature implementing Al for outcome prediction in lung cancer.
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Introduction

The information about active levels of a gene is provided by the gene
expression. For gene expression, one of the widely used measurement
technique is microarray [1-5]. In the cancer diagnosis and cancer
classification types, the gene expression values obtained by microarrays
can be utilized. In many studies, the microarray datasets are employed
for these purposes. For the selection of biomarker gene subsets, various
feature selection algorithms are employed. To this microarray dataset,
statistic machine learning techniques are implemented with or without
feature selection. Biomarker genes are to classify cancer types, with a
highest classification accuracy being identified by the biomarker genes
[6-8]. For gene selections, the various techniques reported in literature
are utilizing multiobjective algorithms, a hybrid binary Imperialist
Competition Algorithm, a binary differential evolution algorithm,
a simplified swarm optimization using a Social Spider Optimization
algorithm, Artificial Bee Colony , Binary PSO, novel rule-based
algorithm, and Shuffled Leap Frog Algorithm , and it has been well
explored. However, in this paper, other suitable swarm intelligence
techniques have been explored and analyzed comprehensively [7-
10]. Lung cancer is a disease that causes cells to divide in the lungs
uncontrollably.

Lung cancer symptoms include persistent cough, chest pain,
shortness of breath, loss of appetite, and feeling weak or tired.
Sometimes, Lung cancer may show no symptoms, making the
identification of lung cancer in its earliest stages, a non-certain task.
Lung cancer can be caused by several factors including cigarette
smoking, family history of lung cancer, exposure to second-hand
smoke, and exposure to radon gas. Several treatment options can be
implemented for lung cancer patients. The options include radiation
therapy, surgery, chemotherapy, or a combination of these treatments.
Several factors dictate the treatment options for patients including the
extent of the cancer, a person’s overall health and lung function, as well
as certain traits of the cancer itself. In many cases, more than one type
of treatment is used [11].

Artificial intelligence

Artificial intelligence software tools with minimal human
interaction have been used in genetics, patient demographics, and
medical imaging for research and clinical applications. In radiology,
AT tools can be used to interpret medical images, determine regions

of interest, and provide clinicians with predictive or diagnostic
information about the patient. More recently, deep learning has been
used on medical images without the need for handcrafted features [12].

Machine learning

Deep learning is a subset of machine learning based on artificial
neural networks that mimics the structure and function of biological
neurons, such as those in the brain [13]. In deep learning, the computer
can recognize and predict patterns within large data sets without
human interaction. Artificial intelligence can play an important role
in radiology, with the potential to increase a radiologist’s efficiency and
improve clinical decision-making [14].

Cancer thatbegins in the lungs is called primarylung cancer. Cancer
that spreads to the lungs from another place in the body is known as
secondary lung cancer. This page is about primary lung cancer [15].
Treatment depends on the type of mutation the cancer has, how far its
spread and how good your general health. If the condition is diagnosed
early and the cancerous cells are confined to a small area, surgery to
remove the affected area of lung may be recommended. If surgery is
unsuitable due to your general health, radiotherapy to destroy the
cancerous cells may be recommended instead. If the cancer has spread
too far for surgery or radiotherapy to be effective, chemotherapy is
usually used [16].

Radiomics

The extraction of mineable data from medical imaging and has been
applied within oncology to improve diagnosis, prognostication, and
clinical decision support, with the goal of delivering precision medicine.
It involves involves high throughput extraction of computational
features quantifying tissue heterogeneity at the macroscopic level
using advanced image processing and computer vision techniques
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[17]. Whereas pathomics provides quantitative information at the
micro scale. Radiomic features can be divided into five groups: size and
shape based-features, descriptors of the image intensity histogram, and
descriptors of the relationships between image voxels

One limitation based radiomics is the high correlation between
the features and the input data, as the features are generated from that
very data [18].The radiomics approach has the potential to identify
quantitative markers of treatment response earlier in the course of
treatment. This can enable treatment to be adapted, intensified or
altered earlier in the course of disease in order to improve patient
outcomes.

Quantitative imaging

Qualitative imaging is the visual review of imaging by a clinician
from which a rendering of disease is present or absent flawed with
errors in finding diseases and correctly eliminating disease [19].

Quantitative ultrasound

Quantitative ultrasound Field of ultrasound imaging that aims to
quantify the interactions between a compression acoustic wave and a
biological tissue for its structural sub-resolution characterization is the
Radio frequency.

Conclusion

The focus will lie on the steps which can be supported by the
described automatic design methods, because they have already
been proven to be beneficial in the building automation domain
Such knowledge management is helpful not only for tool support
but also for avoiding misunderstandings in communication between
different teams or for exchanging data between them. One such
possible assistance is the automatic, evolutionary optimization of the
identication procedure with queries to the ontologies.

References

1. Dai, H Cheng, Z, Baii J (2017) Breast cancer cell line classification and its
relevance with breast tumor subtyping. J Cancer 8: 3131-3141.

2. Dubey A K, Gupta, U Jain, S (2016) Analysis of k-means clustering approach
on the breast cancer Wisconsin dataset. Int J CARS 11: 2033-2047.

3. Aalaei S, Shahraki H, Rowhanimanesh A, Eslami S (2016) Feature selection
using genetic algorithm for breast cancer. 16 Computational and Mathematical
Methods in Medicine diagnosis: An experiment on three different datasets. Iran
J Basic Med Sci 19: 476-478.

Delen D, Walker G, Kadam A (2005) Predicting breast cancer survivability: A
comparison of three data mining methods. Artif Intell Med 34: 113-127.

Bernal JL, Cummins S, Gasparrini A (2017) Interrupted time series regression
for the evaluation of public health interventions: A tutorial In J Epidemiol 46:
348-355.

Williams TGS, Cubiella J, Griffin, SJ (2016) Risk prediction models for colorectal
cancer in people with symptoms: A systematic review. BMC Gastroenterology
16: 63-65.

Vard A, Firouzabadi F, Sehhati M, Mohebian M (2018) An optimized framework
for cancer prediction using immunosignature. J Med Signals Sens 8: 161-163.

Kourou K, Exarchos TP, Exarchos KP, Karamouzis MV, Fotiadis DI (2015)
Machine learning applications in cancer prognosis and prediction. Comput
Struct Biotechnol J 13: 8-17.

Shukla N, Hagenbuchner M, Win KT, Yang J (2018) Breast cancer data
analysis for survivability studies and prediction. Comput Methods Programs
Biomed 155: 199-208.

.Saeys Y, Inza |, Larranaga P (2007) A review of feature selection techniques in

bioinformatics. Bioinformatics 23: 2507-2517.

. Getz G, Levine E, Domany E (2000) Coupled two-way clustering analysis of

gene microarray data. Proc Natl Acad Sci 97: 99-112.

.Li X, Peng S, Chen J, Lu B, Zhang H, Lai M (2012) SVM-T-RFE: a novel gene

selection algorithm for identifying metastasis-related genes in colorectal cancer
using gene expression profiles. Biochem Biophys R 419: 148—-153.

.Zhang H, Yu CY, Singer B, Xiong M (2001) Recursive partitioning for tumor

classification with gene expression microarray data. Proceedings of the
National Academy of Sciences 98: 6730-6735.

. Parmigiani G, Garrett-Mayer E S, Anbazhagan R, Gabrielson E (2004) A cross-

study comparison of gene expression studies for the molecular classification of
lung cancer. Clinical Cancer Research 10: 2922—-292

.Zhang L, Wang L, Du B (2016) Classification of non-small cell lung cancer

using significance analysis of microarray-gene set reduction algorithm. Biomed
Res Int 16: 8-11.

.Li J, Wang Y, Song X, Xiao H (2018) Adaptive multinomial regression with

overlapping groups for multi-class classification of lung cancer. Comput Biol
Med 100:1-9.

.Azzawi H, Hou J, Xiang Y, Alanni R (2016) Lung Cancer prediction from

microarray data by gene expression programming. IET Systems Biology 10:
168-178.

.Guan P, Huang D, He M, Zhou B (2009) Lung cancer gene expression

database analysis incorporating prior knowledge with support vector machine-
based classification method. J Exp Clin 278: 1-7.

. De Santis R, Gloria A, Viglione S, (2018) 3D laser scanning in conjunction with

surface texturing to evaluate shift and reduction of the tibiofemoral contact area
after meniscectomy. J Mech Behav Biomed Mater 88: 41-47.

Arch Sci, an open access journal

Volume 7 « Issue 3 + 1000158


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5665029/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5665029/
https://link.springer.com/article/10.1007/s11548-016-1437-9
https://link.springer.com/article/10.1007/s11548-016-1437-9
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4923467/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4923467/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4923467/
https://www.sciencedirect.com/science/article/abs/pii/S0933365704001010
https://www.sciencedirect.com/science/article/abs/pii/S0933365704001010
https://academic.oup.com/ije/article/46/1/348/2622842
https://academic.oup.com/ije/article/46/1/348/2622842
https://bmcgastroenterol.biomedcentral.com/articles/10.1186/s12876-016-0475-7
https://bmcgastroenterol.biomedcentral.com/articles/10.1186/s12876-016-0475-7
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6116316/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6116316/
https://www.sciencedirect.com/science/article/pii/S2001037014000464
https://www.sciencedirect.com/science/article/abs/pii/S0169260717307551
https://www.sciencedirect.com/science/article/abs/pii/S0169260717307551
https://academic.oup.com/bioinformatics/article/23/19/2507/185254
https://academic.oup.com/bioinformatics/article/23/19/2507/185254
https://www.pnas.org/doi/abs/10.1073/pnas.210134797
https://www.pnas.org/doi/abs/10.1073/pnas.210134797
https://www.sciencedirect.com/science/article/abs/pii/S0006291X12001349
https://www.sciencedirect.com/science/article/abs/pii/S0006291X12001349
https://www.sciencedirect.com/science/article/abs/pii/S0006291X12001349
https://www.pnas.org/doi/abs/10.1073/pnas.111153698
https://www.pnas.org/doi/abs/10.1073/pnas.111153698
https://aacrjournals.org/clincancerres/article/10/9/2922/185877/A-Cross-Study-Comparison-of-Gene-Expression
https://aacrjournals.org/clincancerres/article/10/9/2922/185877/A-Cross-Study-Comparison-of-Gene-Expression
https://aacrjournals.org/clincancerres/article/10/9/2922/185877/A-Cross-Study-Comparison-of-Gene-Expression
https://www.hindawi.com/journals/bmri/2016/2491671/
https://www.hindawi.com/journals/bmri/2016/2491671/
https://www.sciencedirect.com/science/article/abs/pii/S0010482518301628
https://www.sciencedirect.com/science/article/abs/pii/S0010482518301628
https://ietresearch.onlinelibrary.wiley.com/doi/full/10.1049/iet-syb.2015.0082
https://ietresearch.onlinelibrary.wiley.com/doi/full/10.1049/iet-syb.2015.0082
https://jeccr.biomedcentral.com/articles/10.1186/1756-9966-28-103
https://jeccr.biomedcentral.com/articles/10.1186/1756-9966-28-103
https://jeccr.biomedcentral.com/articles/10.1186/1756-9966-28-103
https://www.sciencedirect.com/science/article/abs/pii/S1751616118304454
https://www.sciencedirect.com/science/article/abs/pii/S1751616118304454
https://www.sciencedirect.com/science/article/abs/pii/S1751616118304454

	Title
	Corresponding author
	Abstract 

