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Abstract: Artificial Intelligence (AI) is a branch of com-
puter science that includes research in robotics, language
recognition, image recognition, natural language pro-
cessing, and expert systems. AI is poised to change
medical practice, and oncology is not an exception to this
trend. As the matter of fact, lung cancer has the highest
morbidity and mortality worldwide. The leading cause is
the complexity of associating early pulmonary nodules
with neoplastic changes and numerous factors leading to
strenuous treatment choice and poor prognosis. AI can
effectively enhance the diagnostic efficiency of lung
cancer while providing optimal treatment and evaluating
prognosis, thereby reducing mortality. This review seeks
to provide an overview of AI relevant to all the fields of
lung cancer. We define the core concepts of AI and cover
the basics of the functioning of natural language pro-
cessing, image recognition, human-computer interaction
and machine learning. We also discuss the most recent
breakthroughs in AI technologies and their clinical
application regarding diagnosis, treatment, and prog-
nosis in lung cancer. Finally, we highlight the future
challenges of AI in lung cancer and its impact on medical
practice.
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Introduction

Lung cancer is one of the most common malignant tu-
mors with the fastest increase in morbidity and mortality
[1–3]. The survival of patients with lung cancer at 5 years
after diagnosis is only 10–20% in most countries,
because of the fact that most of the diagnosed lung
cancers are in the middle and late stages of the disease
and their treatment methods are limited [4, 5]. Lung
cancer is clinically classified mainly according to his-
topathology, which can be divided into non-small cell
lung cancer and small cell lung cancer. The majority of
lung cancer is classified as non-small cell lung cancer,
accounting for about 85–90%, including adenocarci-
noma, squamous cell carcinoma, large cell carcinoma
and squamous adenocarcinoma [6]. The International
Association for Lung Cancer Research (IASLC) stages
lung cancer according to the criteria of tumor diameter,
lymph node metastasis and distant metastasis, and di-
vides lung cancer into I–IV stages [7], of which stage I–II
is early stage and stage III–IV is advanced lung cancer.
Most lung cancer usually tend to be diagnosed at an
advanced stage and may be associated with poor prog-
nosis. In addition, limitations of treatment selection and
prognosis evaluation has also brought challenges to
clinicians.

As yet, the diagnosis of lung cancer mainly relies
on computed tomography (CT) and tissue biopsy.
Whereas CT is easy to be misdiagnosed, and tissue
biopsy is invasive. Meanwhile, the sensitivity and spec-
ificity of non-invasion biomarkers for lung cancer need
to be improved [8]. Moreover, tumor location, patho-
logical type, presence of metastases, and complications
make diagnosis difficult, resulting in more than half
of lung cancer patients having metastases at the time
of diagnosis [9]. The common treatment of lung cancer
is surgical resection and chemotherapy. Clinically, the
treatment is mainly selected according to the histopath-
ological classification. Small cell lung cancer is the
most malignant, with a high recurrence rate of surgical
resection, but is more sensitive to radiotherapy and
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chemotherapy. Non-small cell lung cancer accounts for
about 85% of lung cancer, and there is a greater chance of
surgical resection in the early stage of the disease [10].
However, with the current technical means, the surgical
trauma is too large [11], and the targeting function of
chemotherapeutic drugs is not ideal [12]. Furthermore,
the diagnosis time of lung cancer, trauma of surgical
treatment, drug resistance of chemotherapy drugs,
metastasis and recurrence of the disease and other fac-
tors make the prognosis of patients difficult to evaluation
[13]. In order to reduce the mortality of patients with lung
cancer, accurate early diagnosis and timely treatment are
highly significant [4].

Artificial intelligence (AI) is a new field of study
that develops theories, methods, technologies, and
application systems to simulate, extend and expand
human intelligence [14] (Figure 1). The technical system
of AI can be summarized into four modules: natural
language processing, image recognition, human-
computer interaction and machine learning [15]. Natu-
ral language processing integrates linguistics, com-
puter science, mathematics, other disciplines and
mainly studies computer systems that can implement
natural language communication, which includes in-
formation retrieval, information extraction, part of
speech tagging, syntactic analysis, speech recognition,
grammar parsing, language translation and so on [16].
Image processing technology includes image acquisi-
tion, image filtering and adjustment, feature extraction,
amongst others. As compared to the traditional com-
puter, the image processing technology in AI can
effectively improve computing power and reduce chip
computing energy consumption [16]. Human-computer
interactive technology is the conversion of natural
language processing and image recognition. It primar-
ily includes computer graphics, interactive interface
design, augmented reality, and so on [16]. Machine
learning mostly incorporates supervised learning
(classification and regression task) [17, 18], unsuper-
vised learning, transfer learning, reinforcement learning,
and integrated learning. Its representative algorithms
encompass deep learning, artificial neural network,
decision tree [19–22], enhancement algorithm, etc.
Overall, the rule-based AI systems have achieved
varying degrees of clinical value in lung cancer,
including diagnosis [23, 24], treatment [25, 26] and
prognosis [27, 28] (Figure 2) (Table 1). In this review
article, we outline recent breakthroughs in AI technol-
ogies and their biomedical application in lung cancer
(Supplementary Figure 1).

The role of artificial intelligence in
lung cancer diagnosis

The function of artificial intelligence in lung
cancer imaging

Lung cancer is a common malignant tumor with high
clinical disability and fatality rates [5]. The most common
imaging manifestations in the early stage of lung cancer is
lung nodule, which increases the difficulty of manual film
reading. CT [29] is often used in the clinical diagnosis of
pulmonary nodules. Still, the CT images of pulmonary
nodules are complex, and the accuracy of the results is
closely related to radiologist’s experience. Manual film
reading often leads to missed diagnosis or misdiagnosis,
thereby increasing the difficulty of early lung cancer
diagnosis [8, 30, 31]. Therefore, the strategy of reducing
observation error is substantial.

The value of AI recognition technology can perform
multi-parameter cluster analysis and simplify the im-
age, thus helping doctors screen for early lung cancer
[8]. In recent years, it has been reported that the AI
system can detect malignant pulmonary nodules based
on chest CT images [32]. The model is designed by deep
learning technology, and AI is applied to CT film anal-
ysis to assist doctors in improving lung cancer
screening accuracy. More in-depth research shows that
the AI system based on deep learning is applied to
discriminate CT images to increase lung cancer
screening and diagnosis efficiency [29]. For example, a
core diagnostic component of the AI diagnostic system,
which is supported and maintained by Diannei Tech-
nology Co. Ltd (Shanghai, China), is the 3D DenseSharp
network [8, 33]. Based on the state-of-the-art multi-task
learning deep neural network of 3DDenseNets [34], a
single-queue data set is established, and the 3D Den-
seSharp network is developed to train and predict
invasive labeling and lesion segmentation, which is
more accurate than the clinical diagnosis of radiologists
[33]. However, some studies have inferred that the
diagnostic specificity of the AI diagnosis system is lower
than that of radiologists because the blood vessels,
bronchi, and lymph nodes of lung tissues can be mis-
diagnosed as pulmonary nodules by AI. However this
defect can be compensated by precise segmentation.
For example, Dobbins III first developed an automatic
lung segmentation method and nodule detection tech-
nology, which achieved high accuracy of lung seg-
mentation and correctly identified all nodules [33]. Xu
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[35] further used the deep learning model of time series

scanning to significantly predict specific cancer out-

comes (progression, distant metastasis, and local

recurrence). With each additional follow-up scan of the

convolution neural network (CNN) model (for example,

2-year overall survival: AUC=0.74, p<0.05), the model

performance was enhanced to improve the prediction of

clinical outcomes [35].

In addition, the value of AI in lung cancer imaging is

not only limited to tumor detection but also can be used for

lung cancer staging [36]. Lung cancer staging mainly de-

pends on positron emission computed tomography (posi-

tron emission tomography [PET]/CT) and manual reading

[9, 37, 38], both with low accuracy. The accuracy of tumor

staging can be improved by using AI in PET images anal-

ysis. For example, tumor staging is performed using

Figure 1: The classification of AI.

Figure 2: The function diagram of AI in diagnosis, treatment and prognosis of lung cancer.
CDSS, compressed data storage system; DCNN, deep convolutional network; DTA, decision tree analysis; SVM, support vector machine; CNN,
convolutional network; GAN, generative adversarial networks.
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18F-fluorodeoxyglucose (FDG-)-PET/CT)/CTAS through the
CNN neural network [39, 40]. Firstly, a fixed threshold al-
gorithm segmented the PET volume of interest to create a
candidate region. Secondly, nine 120–3120 mmmulti-plane
reconstruction images were extracted from the anatomical
environment of the three-dimensional location of 18F-FDG2
positive lesions in the patient space. The offsets of each
18F-FDGPETandCT relative to the segmentation centerwere
24, 12, 6, 3, 0, 23, 26, 212, and 224 mm, respectively. Finally,
the coronal maximum intensity projection (MIP) of the
whole body 18F-FDG-PET was reconstructed [39]. The
contribution of 18F-FDG-PET, CT, MIP, and atlas informa-
tion to classification lesions was evaluated. CNN uses the
multiplanar reconstruction of PET and CT, the combination
of 18F-FDG-PET-MIP and atlas, to predict the anatomical
location of 18F-FDG lesions and determine if the lesions are
potentially malignant tumors. This constitutes the standard
for training all kinds of CNN and judges its classification and
localization effect. The above studies show that the role ofAI
in lung cancer imaging analysis can improve the accuracy of
lung cancer screening, shorten analysis time and improve
the efficiency of clinicians [40].

The value of artificial intelligence in lung
cancer pathology

At this moment in time, pathological biopsy is the gold
standard for lung cancer diagnosis. However, due to
multiply subtypes of lung cancer, it is difficult to accurately
judge the pathological type by manual reading [41, 42]. AI

analysis of abnormal structures in tissues or cells will
significantly reduce false-negative rates, which can be
more suitable for early detection and improve the accuracy
of lung cancer classification.

The effects of artificial intelligence cytopathological
diagnosis system in lung cancer diagnosis

Cytopathology is rapid and straightforward in lung cancer
diagnosis, providing a strong basis for early diagnosis and
treatment. However, there are still some limitations, such as
a small number of samples, no organizational structures,
high misdiagnosis rates of manual recognition, and so on.
AI can solve this problem effectively. Teramoto [43] devel-
oped an automatic pathological classificationmodel of lung
cancer cells in microscopic images using a deep convolu-
tional neural network (DCNN). The antagonistic network
(generative adversarial networks, GAN) method is used
automatically to generate cytological images, combined
with actual and synthetic cytological images to improve the
classification accuracy of DCNN. The results revealed that
their overall classification accuracy of lung tissue cells was
85.3%, about 4.3% higher than previous studies not using
GAN-generated images for pre-training. The above studies
indicate that the AI cytopathological diagnosis system can
classify lung cancer cells and effectively improve the effi-
ciency of the cytopathological diagnosis of lung cancer.

The significance of artificial intelligence
histopathological diagnosis system in lung cancer
diagnosis

Histopathological examination is one of the main methods
for pathologists to evaluate lung tumor subtypes. However,
the accuracy of manual reading needs to be improved via
the use of AI in the histopathological diagnosis system. For
example, Yu [44] used 2,186 full-scan images from lung
adenocarcinoma and squamous cell carcinoma patients
from the Cancer Genome Map (the cancer genome atlas,
TCGA) and 294 images from the Stanford tissue Microarray
(tissue microarray, TMA) database. The results demon-
strated that the classifier can effectively distinguish ma-
lignant tumors from adjacent healthy tissues (AUC=0.81)
and distinguish lung adenocarcinoma from squamous cell
carcinoma (AUC>0.75). Furthermore, Coudray [45] trained
a deep convolution neural network for all slice images
obtained from cancer genome maps, which can accurately
and automatically classify lung tissue pathological images
into adenocarcinoma, squamous cell carcinoma, and
normal lung tissue. On the other hand, it was proved that
AI could be used in lung cancer typing as well as for

Table: Thedifferentmodels of artificial intelligence in lung cancer.

Clinical
applications

Technology of AI References

Diagnosis
Imaging D DenseSharp network,

CNN
[, –,

, ]
Pathology DCNN, GAN, CGAN, SVM [–]
Laboratory
indicators

Logistic regression, linear
regression

[–]

Treatment
Surgery Cognitive computing system,

CDSS
[–]

Drug selection Machine learning, DTA [–]
Prognosis XGBoost, DCNN, DTA, SVM [–]

CNN, convolutional network; DCNN, deep convolutional network; GAN,
generative adversarial networks; SVM, support vectormachine; CDSS,
compressed data storage system; DTA, decision tree analysis;
XGBoost, extreme gradient boosting.
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detectingmutant genes in lung cancer. Coudray speculated
that some gene mutations would change the arrangement
of lung cancer cells in the section image; they predicted the
10 most common mutant genes in adenocarcinoma by
training neural networks. It was observed that six of them
(STK11, EGFR, FAT1, SETBP1, KRAS, TP53) could be pre-
dicted by pathological images, with an accuracy of 73.3–
85.6%. In addition, a conditional generation antagonistic
network (CGAN) was used to segment the nuclei of
cancerous epithelial tissues, and effective histopatholog-
ical features were designed to describe lung tumors so as to
improve the accuracy of EGFR gene mutation risk predic-
tion by using a support vector machine (SVM) classifier
[46–48]. The above studies imply that AI can help pathol-
ogists quickly judge the type of lung cancer and predict the
prognosis of patients through the analysis of digital path-
ological sections. As a result, the diagnostic efficiency of
lung cancer can be significantly improved as well as
reducing the frequency of misdiagnosis and missed diag-
nosis. In particular, deep learning can be used to establish
a hematoxylin-eosin (HE) staining model to segment and
classify cell karyotypes and tissue structure, so as to
visualize the tumor microenvironment (TME) [49]. Based
on the characteristics of TME, it can be used to establish a
prognosis prediction model for lung cancer [50].

The AI pathological diagnosis system in lung cancer
not only improves the work efficiency of pathologists but
also has satisfactory stability and effectively reduces the
rate of missed diagnosis and misdiagnosis. However, at
this stage, the progress of pathological diagnosis using AI
is still in the phase of laboratory research and not really
applicable in clinical practice. Its limitations are as follows:
1. Data quality issues: At present, specimen processing,
slice staining, and image labeling have not yet formed a
standardized process. Therefore, the amount of data for AI
training is insufficient, affecting the reliability of diag-
nosis. 2. Data integration problems: a large amount of data
and insufficient effective data make the records for AI
training missing or invalid.

The role of artificial intelligence in screening
laboratory indicators relevant to lung cancer
diagnosis

In recent years, the detection technology of tumor markers
of lung cancer has developed rapidly from a single carci-
noembryonic antigen to the joint detection of five tumor
markers [47, 51–53]. However the detection of tumor
markers for lung cancer diagnosis is unreliable, and for this

reason, the specificity and sensitivity need to be improved
[52]. The combination of other laboratory indicators is ex-
pected to enhance the diagnostic efficiency of lung cancer.
Still, the complex data is challenging to identify, resulting
in extremely low utilization of laboratory test results [53].
The emergence of the AI system can solve this problem.
Zhang [54] established a predictivemodel of PLC by logistic
regression analysis, including specific tumor markers of
PLC (CYFRA21-1, SCC-Ag, NSE, CEA), non-specific tumor
markers (CA19-9, CA125, CA15-3), laboratory indexes such
as LDH, tissue polypeptide antigen (TPA), tissue poly-
peptide specific antigen (TPS), NaspinA and clinical in-
dexes such as sex, age, smoking and drinking. The results
reported that the AUC and Youden indexes of the PLC
predictive model were the superior compared to the simple
combined detection strategy of tumor markers. While
keeping the sensitivity basically unchanged, the specificity
and true positive rate were greatly improved. In addition,
studies exhibited that the lung cancer diagnostic model
established by using ROC curve using human epidermis
secreting protein 4 (HE4), apolipoprotein A2 (ApoA2),
sarcosine (TTR), and secreting vascular cell adhesion
molecule-1 (sVCAM-1) combinedwith carcinogenic antigen
CEA can significantly improve the sensitivity and speci-
ficity of lung cancer diagnosis (AUC value of 0.988, with a
sensitivity of 93.33% and specificity of 92.00%) [55].
Moreover, Bian used linear regression to analyze the role of
plasma fibrinogen FBG and tumor markers in the lung
cancer diagnosis. As expected, results showed that the
combination of FBG, squamous cell carcinoma antigen
SCC, carbohydrate antigen 125 (CA125), and neuron-
specific enolase (NES) could improve the diagnostic spec-
ificity of lung cancer [56]. The above studies imply that the
use of AI in the early diagnosis of lung cancer can improve
the accuracy of lung cancer screening.

The status of artificial intelligence
in the treatment of lung cancer

Currently, lung cancer treatment mainly includes surgical
resection, radiotherapy, and drug treatment, but choosing
the best treatment to improve the survival rate remains the
most significant challenges [4]. According to the staging,
tumor location, histological and genetic changes, there are
various treatment strategies, and the best treatment can be
selected. However, theworkload ofmanual data analysis is
substantial and associated with low accuracy [57, 58]. On
the other hand, AI can model intelligent processing
through computer systems [59–61]; doctors can quickly

1978 Pei et al.: Artificial intelligence in clinical applications for lung cancer



identify critical information in patients’ medical records,
provide relevant evidence and optimize treatment options.

The function of artificial intelligence in lung
cancer surgery

Surgical options for lung cancer include wedge resection,
segmental resection, lobectomy and pneumonectomy
[62, 63]. The 5-year survival rate after surgical treatment
hovered around 50% [64, 65]. And most tumor patients
have unresectable tumor lesions and underlying severe
diseases (hypertension, heart disease, diabetes, etc.),
resulting in poor quality of life after surgery. How to choose
the best operation method is a problem that needs to be
solved for now. At present, studies have shown that AI can
improve the ability of surgical risk prediction so as to
choose the best surgical method [66, 67]. For example, IBM
Watson for Oncology (WFO), as a cognitive computing
system, uses AI data analysis and image conversion ca-
pabilities to help doctors quickly identify key information
in patients’ medical records, display relevant evidence,
and explore treatment options [68]. As a result, WFO
treatment decision is highly consistent with the oncology
committee (multi-disciplinary team, MDT). Furthermore,
the AI-based compressed data storage system (Compressed
Data Storage System, CDSS) can assist clinicians in
choosing the mode of surgery, especially in the stage of
metastatic lung cancer, where a relatively simple treatment
scheme can be used to achieve the best treatment [69].
However, with the popularity of WFO, some clinicians
conclude that WFO is unsuitable for cancer treatment op-
tions [70]. Furthermore, WFO data are biased due to dif-
ferences in medical guidelines, ethnicity, and drug
choices. Therefore, the use of AI in surgery needs to be
further explored and improved. In addition, AI not only can
be used to select the best surgical method, but also can
improve the parameters of the operating room: control
lighting or temperature, reduce wear and tear, thus
achieving more interventions in a shorter time [71].

The function of artificial intelligence in drug
selection for lung cancer treatment

Drug therapy for lung cancer includes chemotherapy, tar-
geted therapy, and immunotherapy. In personalized
medicine, how to choose the best therapeutic drugs re-
mains to be solved [72]. The classification and staging of
lung cancer and the extremely complex interaction be-
tween the immune system, tumor cells, and tumor

microenvironment can interfere with tumor therapy [73, 74].
In order to select the best therapeutic drugs, Luo [75]
proposed an integrated learning collaborative filtering
method in machine learning, which, on the one hand,
shortens the decision-making process of selecting the
best compounds to achieve personalized lung cancer
drug treatment. On the other hand, it identifies targets
and drug candidates to promote personalized drugs [75,
76]. Through the machine learning method of baseline
covariates, QUANIC uses unique, large-scale,multimodal
and longitudinal data collected during the pioneer
clinical studies to develop and verify mechanical and
dynamic models of response and resistance to immuno-
suppression at immune checkpoints to achieve person-
alized immunotherapy for lung cancer [77]. The above
studies show that AI assists in the selection of therapeutic
drugs for lung cancer through machine learning to ach-
ieve personalized treatment.

The role of artificial intelligence in
the prognosis of lung cancer

To date, the 5-year survival rate of patients with lung
cancer is only 18%, and various factors influence their
prognosis. Studies have shown that age, tumor size, race,
sex, histological type, grade, T stage, N stage, surgery,
chemotherapy, liver metastasis, and radiotherapy are
related to the prognosis [69, 78–82], but the ability to judge
the prognosis based on a single test item is limited.
Therefore, a predictive model of lung cancer combined
with AI must be established to improve the prognostic
judgment [83]. According to related studies, AI can stage
lung cancer by deep learning combinedwith PET and other
imaging analyses to accurately predict the long-term sur-
vival efficiency of stage I lung adenocarcinoma (log-rank
test 0.0023) and squamous cell carcinoma (log-rank test
0.023) [39]. Meanwhile, as an optimized distributed
gradient enhancement library in deep learning, eXtreme
Gradient Boosting (XGBoost) [83] sorts the importance of
features based on the decision tree model. Finally, it in-
cludes essential variables in our model construction. After
19 functions were ranked and selected according to the
functional importance using the XGBoost classifier, there
were 17 characteristic variables left, which provided tech-
nical support for the prognostic analysis of lung cancer. For
example, Huang et al. used this algorithm to build an
XGBoost model to predict the 1-year mortality of lung
cancer complicated with myeloma [83]. Through most
prognostic factors, the model provides individualized drug
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treatment for patients with bone metastasis of lung cancer
to improve the survival rate of patients. With the devel-
opment of AI, the ITEN (impact of treatment evolution in
non-small cell lung cancer) model is further developed by
using the neural network in deep learning, which can
improve the survival benefit by changing the treatment
model [84]. The overall survival rates predicted by the ITEN
model and Nadler [85] were higher in patients with
chemotherapy or targeted therapy than those predicted by
the ITEN model. Moreover, the overall survival rate pre-
dicted by ITEN model is very consistent with the survival
estimate reported by Itchins [86], which can accurately
predict the survival efficiency of patients with non-small
cell lung cancer. Overall, there is always a good correlation
between the survival rate estimated by the ITENmodel and
the published data. The model is a reliable tool for pre-
dicting the impact of new treatments for non-small cell
lung cancer on cost and survival [85].

Conclusions

With the breakthrough and application of key technologies
such as neural networks and deep learning algorithms, the
potential of AI application in the medical and health in-
dustry has been continuously excavated. AI plays a vital
role in disease diagnosis and monitoring, efficacy evalua-
tion, survival prediction, drug trials, and health manage-
ment [87, 88]. Indeed, AI models of lung cancer have the
characteristics of objectivity, high efficiency, multiplicity,
and repeatability. This will undoubtedly relieve the burden
of clinicians, reduce misdiagnosis caused by fatigue, and
may change the current medical model. A growing number
of AI models are being applied to monitor various data,
including electronic health record data, imaging modal-
ities, histopathology and molecular biomarkers, to
improve the accuracy of disease risk prediction, detection
and prediction of treatment response. However, AI is still in
its infancy and has limitations in lung cancer application
[89]. For example, AI is mainly based on public databases
such as the Lung Image Database Consortium (LIDC-IDRI)
to determine its validity, but it leads to a certain sampling
bias [90]. The vast majority of medical AI products only
detect a single disease [91]. Therefore, the identification
and distinction of the disease is another challenge for the
development of AI. Despite the promise of these early
findings, future research is still needed to standardize AI
data, and to improve both the generalizability and inter-
pretability of results [92]. AI combined with radiography,
genomics, pathology, electronic health records, and other
data streams gathered into a powerful comprehensive

diagnosis system and combined with 5G may be of great
therapeutic value in lung cancer.

Acknowledgments:Wewould like to thank themembers in
the research group who are not listed in the authors.
Research funding: This work was supported by the
National Natural Science Youth Fund, China (Grant No.
82003138), the Sichuan Science and Technology Program
for key Research and Development, China (Grant No.
2021YFS0226), Doctoral Research Initiation Fund of
Affiliated Hospital of Southwest Medical University,
China (Grant No. 19077), Medical Science and Technology
Project of Sichuan Provincial Health Commission, China
(Grant No. 21PJ093).
Author contributions: All authors have accepted
responsibility for the entire content of this manuscript
and approved its submission.
Competing interests: Authors state no conflict of interest.
Informed consent: Not applicable.
Ethical approval: Not applicable.

References

1. Howlader N, Forjaz G,MooradianMJ, Meza R, Kong CY, Cronin KA,
et al. The effect of advances in lung-cancer treatment on
population mortality. N Engl J Med 2020;383:640–9.

2. Feng RM, Zong YN, Cao SM, Xu RH. Current cancer situation in
China: good or bad news from the 2018 global cancer statistics?
Cancer Commun 2019;39:22.

3. Chen W, Zheng R, Zhang S, Zeng H, Xia C, Zuo T, et al. Cancer
incidence and mortality in China, 2013. Cancer Lett 2017;401:
63–71.

4. Siegel RL, Miller KD, Jemal A. Cancer statistics, 2020. CA Cancer J
Clin 2020;70:7–30.

5. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I,
Jemal A, et al. Global cancer statistics 2020: GLOBOCAN
estimates of incidence andmortality Worldwide for 36 cancers in
185 countries. CA Cancer J Clin 2021;71:209–49.

6. Pelosi G, Sonzogni A, Viale G. The classification of lung
carcinoma: time to change themorphology-based approach? Int J
Surg Pathol 2010;18:161–72.

7. Groome PA, Bolejack V, Crowley JJ, Kennedy C, Krasnik M,
Sobin LH, et al. The IASLC Lung Cancer Staging Project: validation
of the proposals for revision of the T, N, and M descriptors and
consequent stage groupings in the forthcoming (seventh) edition
of the TNM classification of malignant tumours. J Thorac Oncol
2007;2:694–705.

8. Zhao W, Yang J, Sun Y, Li C, Wu W, Jin L, et al. 3D deep
learning from CT scans predicts tumor invasiveness of
subcentimeter pulmonary adenocarcinomas. Cancer Res 2018;
78:6881–9.

9. Silvestri GA, Gonzalez AV, Jantz MA, Margolis ML, Gould MK,
Tanoue LT, et al. Methods for staging non-small cell lung cancer:
diagnosis and management of lung cancer, 3rd ed: American

1980 Pei et al.: Artificial intelligence in clinical applications for lung cancer



college of chest physicians evidence-based clinical practice
guidelines. Chest 2013;143(5 Suppl):e211S–50.

10. Nicholson AG, Tsao MS, Beasley MB, Borczuk AC, Brambilla E,
Cooper WA, et al. The 2021 WHO classification of lung tumors:
impact of advances since 2015. J Thorac Oncol 2022;17:362–87.

11. Pennathur A, Brunelli A, Criner GJ, Keshavarz H, Mazzone P,
Walsh G, et al. Definition and assessment of high risk in patients
considered for lobectomy for stage I non-small cell lung cancer:
the American Association for Thoracic Surgery expert panel
consensus document. J Thorac Cardiovasc Surg 2021;162:
1605–18.e6.

12. Wang J, Wu L. An evaluation of aumolertinib for the treatment of
EGFR T790Mmutation-positive non-small cell lung cancer. Expert
Opin Pharmacother 2022;23:647–52.

13. Ren J, Zhang H, Wang J, Xu Y, Zhao L, Yuan Q. Transcriptome
analysis of adipocytokines and their-related LncRNAs in lung
adenocarcinoma revealing the association with prognosis,
immune infiltration, and metabolic characteristics. Adipocyte
2022;11:250–65.

14. Awad, M. and Khanna, R. (2015) Support Vector Regression.
In: Efficient Learning Machines, Apress, Berkeley, 67–80 p.
https://doi.org/10.1007/978-1-4302-5990-9_4.

15. Winston PH. Artificial intelligence. United States: Addison-
Wesley Longman Publishing Co., Inc.; 1992.

16. LeCun Y, Bengio Y. Convolutional networks for images, speech,
and time series. In: The handbook of brain theory and neural
networks. United States: MIT Press; 1995, 3361:1995 p.

17. Paul TK, Iba H. Gene selection for classification of cancers using
probabilistic model building genetic algorithm. Biosystems
2005;82:208–25.

18. Rajaguru HSRS. Analysis of decision tree and K-nearest neighbor
algorithm in the classification of breast cancer. Asian Pac J
Cancer Prev 2019;20:3777–81.

19. SherafatianM, Arjmand F. Decision tree-based classifiers for lung
cancer diagnosis and subtyping using TCGA miRNA expression
data. Oncol Lett 2019;18:2125–31.

20. Aguirre-Allende I, Enriquez-Navascues JM, Elorza-Echaniz G,
Etxart-Lopetegui A, Borda-Arrizabalaga N, Saralegui Ansorena Y,
et al. Early-rectal cancer treatment: a decision-tree making
based on systematic review and meta-analysis. Cir Esp 2020;99:
89–107.

21. Ghiasi MM, Zendehboudi S. Application of decision tree-based
ensemble learning in the classification of breast cancer. Comput
Biol Med 2021;128:104089.

22. Berger AC, Korkut A, Kanchi RS, Hegde AM, Lenoir W, Liu W, et al.
A comprehensive pan-cancer molecular study of gynecologic and
breast cancers. Cancer Cell 2018;33:690–705.e9.

23. Duan X, Yang Y, Tan S, Wang S, Feng X, Cui L, et al. Application of
artificial neural networkmodel combined with four biomarkers in
auxiliary diagnosis of lung cancer. Med Biol Eng Comput 2017;55:
1239–48.

24. Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts H.
Artificial intelligence in radiology. Nat Rev Cancer 2018;18:
500–10.

25. Hricak H, Abdel-Wahab M, Atun R, Lette MM, Paez D, Brink JA,
et al. Medical imaging and nuclear medicine: a lancet oncology
commission. Lancet Oncol 2021;22:e136–72.

26. Grover S, Xu MJ, Yeager A, Rosman L, Groen RS, Chackungal S,
et al. A systematic review of radiotherapy capacity in low- and
middle-income countries. Front Oncol 2014;4:380.

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

28. Hart GR, Roffman DA, Decker R, Deng J. A multi-parameterized
artificial neural network for lung cancer risk prediction. PLoS One
2018;13:e0205264.

29. Zhang Y, Jiang B, Zhang L, Greuter MJW, de Bock GH, Zhang H,
et al. Lung nodule detectability of artificial intelligence-assisted
CT image reading in lung cancer screening. Curr Med Imaging
2022;18:327–34.

30. Masood A, Sheng B, Li P, Hou X, Wei X, Qin J, et al. Computer-
assisted decision support system in pulmonary cancer detection
and stage classification on CT images. J Biomed Inform 2018;79:
117–28.

31. Baker SR, Patel RH, Yang L, Lelkes VM, Castro A 3rd. Malpractice
suits in chest radiology: an evaluation of the histories of 8265
radiologists. J Thorac Imaging 2013;28:388–91.

32. Ardila D, Kiraly AP, Bharadwaj S, Choi B, Reicher JJ, Peng L, et al.
End-to-end lung cancer screening with three-dimensional deep
learning on low-dose chest computed tomography. Nat Med
2019;25:954–61.

33. Wang J, Dobbins JT 3rd, Li Q. Automated lung segmentation in
digital chest tomosynthesis. Med Phys 2012;39:732–41.

34. Chauvie S, De Maggi A, Baralis I, Dalmasso F, Berchialla P,
Priotto R, et al. Artificial intelligence and radiomics enhance the
positive predictive value of digital chest tomosynthesis for lung
cancer detection within SOS clinical trial. Eur Radiol 2020;30:
4134–40.

35. Xu Y, Hosny A, Zeleznik R, Parmar C, Coroller T, Franco I, et al.
Deep learning predicts lung cancer treatment response from
serial medical imaging. Clin Cancer Res 2019;25:3266–75.

36. Kachouie NN, ShutaywiM, Christiani DC. Discriminant analysis of
lung cancer using nonlinear clustering of copy numbers. Cancer
Invest 2020;38:102–12.

37. Ettinger DS, Wood DE, Aisner DL, Akerley W, Bauman J,
Chirieac LR, et al. Non-small cell lung cancer, version 5.2017,
NCCN clinical practice guidelines in oncology. J Natl Compr Canc
Netw 2017;15:504–35.

38. Ravenel JG, Rosenzweig KE, Kirsch J, Ginsburg ME, Kanne JP,
Kestin LL, et al. ACR appropriateness criteria non-invasive clinical
staging of bronchogenic carcinoma. J Am Coll Radiol 2014;11:
849–56.

39. Sibille L, Seifert R, Avramovic N, Vehren T, Spottiswoode B,
Zuehlsdorff S, et al. (18)F-FDG PET/CT uptake classification in
lymphoma and lung cancer by using deep convolutional neural
networks. Radiology 2020;294:445–52.

40. Kandathil A, Kay FU, Butt YM, Wachsmann JW, Subramaniam RM.
Role of FDG PET/CT in the eighth edition of TNM staging of non-
small cell lung cancer. Radiographics 2018;38:2134–49.

41. Krarup MMK, Krokos G, Subesinghe M, Nair A, Fischer BM.
Artificial intelligence for the characterization of pulmonary
nodules, lung tumors and mediastinal nodes on PET/CT. Semin
Nucl Med 2021;51:143–56.

42. Goldstraw P, Chansky K, Crowley J, Rami-Porta R, Asamura H,
Eberhardt WE, et al. The IASLC lung cancer staging project:
proposals for revision of the TNM stage groupings in the
forthcoming (eighth) edition of the TNM classification for lung
cancer. J Thorac Oncol 2016;11:39–51.

43. Yu KH, Zhang C, Berry GJ, Altman RB, Ré C, Rubin DL, et al.
Predicting non-small cell lung cancer prognosis by fully

Pei et al.: Artificial intelligence in clinical applications for lung cancer 1981

https://doi.org/10.1007/978-1-4302-5990-9_4


automated microscopic pathology image features. Nat Commun
2016;7:12474.

44. TangH, Liu H, SebeN. Unified generative adversarial networks for
controllable image-to-image translation. IEEE Trans Image
Process 2020. https://doi.org/10.1109/TIP.2020.3021789.

45. Coudray N, Ocampo PS, Sakellaropoulos T, Narula N, Snuderl M,
Fenyö D, et al. Classification and mutation prediction from non-
small cell lung cancer histopathology images using deep
learning. Nat Med 2018;24:1559–67.

46. Furey TS, Cristianini N, Duffy N, Bednarski DW, Schummer M,
Haussler D. Support vector machine classification and validation
of cancer tissue samples using microarray expression data.
Bioinformatics 2000;16:906–14.

47. Feldman R, Kim ES. Prognostic and predictive biomarkers post
curative intent therapy. Ann Transl Med 2017;5:374.

48. Martínez-Terroba E, Behrens C, deMiguel FJ, Agorreta J, Monsó E,
Millares L, et al. A novel protein-based prognostic signature
improves risk stratification to guide clinical management in
early-stage lung adenocarcinoma patients. J Pathol 2018;245:
421–32.

49. Wang S, Rong R, Yang DM, Fujimoto J, Yan S, Cai L, et al.
Computational staining of pathology images to study the tumor
microenvironment in lung cancer. Cancer Res 2020;80:
2056–66.

50. WangS,Wang T, Yang L, YangDM, Fujimoto J, Yi F, et al. ConvPath:
a software tool for lung adenocarcinoma digital pathological
image analysis aided by a convolutional neural network.
EBioMedicine 2019;50:103–10.

51. Arrieta O, Villarreal-Garza C, Martínez-Barrera L, Morales M,
Dorantes-Gallareta Y, Peña-Curiel O, et al. Usefulness of serum
carcinoembryonic antigen (CEA) in evaluating response to
chemotherapy in patients with advanced non small-cell lung
cancer: a prospective cohort study. BMC Cancer 2013;13:254.

52. Chu GCW, Lazare K, Sullivan F. Serum and blood based
biomarkers for lung cancer screening: a systematic review. BMC
Cancer 2018;18:181.

53. Yu D, Du K, Liu T, ChenG. Prognostic value of tumormarkers, NSE,
CA125 and SCC, in operable NSCLC patients. Int J Mol Sci 2013;14:
11145–56.

54. Ren X, Zhang Y, Lyu Y, Jin B, Guo H, Wu J, et al. Lactate
dehydrogenase and serum tumor markers for predicting
metastatic status in geriatric patientswith lung adenocarcinoma.
Cancer Biomark 2019;26:139–50.

55. Yoon HI, Kwon OR, Kang KN, Shin YS, Shin HS, Yeon EH, et al.
Diagnostic value of combining tumor and inflammatory markers
in lung cancer. J Cancer Prev 2016;21:187–93.

56. Bian NN, Shi XY, Qi HY, Hu X, Ge Y, An GY, et al. The relationship of
plasma fibrinogen with clinicopathological stages and tumor
markers in patients with non-small cell lung cancer. Medicine
(Baltim) 2019;98:e16764.

57. Kalet IJ, Paluszynski W. Knowledge-based computer systems for
radiotherapy planning. Am J Clin Oncol 1990;13:344–51.

58. Laramore GE, Altschuler MD, Banks G, Kalet IJ, Pajak TF,
Schultheiss TE, et al. Applications of data bases and AI/expert
systems in radiation therapy. Am J Clin Oncol 1988;11:387–93.

59. Hamet P, Tremblay J. Artificial intelligence in medicine.
Metabolism 2017;69s:S36–40.

60. The L. Artificial intelligence in health care: within touching
distance. Lancet 2018;390:2739.

61. Adamson AS, Welch HG. Machine learning and the cancer-
diagnosis problem - no gold standard. N Engl J Med 2019;381:
2285–7.

62. Hoy H, Lynch T, Beck M. Surgical treatment of lung cancer. Crit
Care Nurs Clin 2019;31:303–13.

63. Dai C, Shen J, Ren Y, Zhong S, Zheng H, He J, et al. Choice of
surgical procedure for patients with non-small-cell lung cancer ≤
1 cm or > 1 to 2 cm among lobectomy, segmentectomy, andwedge
resection: a population-based study. J Clin Oncol 2016;34:
3175–82.

64. Rusch VW, Giroux DJ, Kraut MJ, Crowley J, Hazuka M, Winton T,
et al. Induction chemoradiation and surgical resection for
superior sulcus non-small-cell lung carcinomas: long-term
results of southwest oncology group trial 9416 (Intergroup Trial
0160). J Clin Oncol 2007;25:313–8.

65. Brunelli A, Salati M, Rocco G, Varela G, Van Raemdonck D,
Decaluwe H, et al. European risk models for morbidity
(EuroLung1) and mortality (EuroLung2) to predict outcome
following anatomic lung resections: an analysis from the
European society of thoracic surgeons database. Eur J Cardio
Thorac Surg 2017;51:490–7.

66. Esteva H, Marchevsky A, Núñez T, Luna C, Esteva M. Neural
networks as a prognostic tool of surgical risk in lung resections.
Ann Thorac Surg 2002;73:1576–81.

67. Bendixen M, Jørgensen OD, Kronborg C, Andersen C, Licht PB.
Postoperative pain and quality of life after lobectomy via video-
assisted thoracoscopic surgery or anterolateral thoracotomy for
early stage lung cancer: a randomised controlled trial. Lancet
Oncol 2016;17:836–44.

68. Somashekhar SP, Sepúlveda MJ, Puglielli S, Norden AD,
Shortliffe EH, Rohit Kumar C, et al. Watson for oncology and
breast cancer treatment recommendations: agreement with an
expert multidisciplinary tumor board. Ann Oncol 2018;29:
418–23.

69. Liu C, Liu X, Wu F, Xie M, Feng Y, Hu C. Using artificial intelligence
(Watson for oncology) for treatment recommendations amongst
Chinese patients with lung cancer: feasibility study. J Med
Internet Res 2018;20:e11087.

70. Yao S, Wang R, Qian K, Zhang Y. Real world study for the
concordance between IBM Watson for oncology and clinical
practice in advanced non-small cell lung cancer patients at a lung
cancer center in China. Thorac Cancer 2020;11:1265–70.

71. Mirnezami R, Ahmed A. Surgery 3.0, artificial intelligence and the
next-generation surgeon. Br J Surg 2018;105:463–5.

72. He X, Folkman L, Borgwardt K. Kernelized rank learning for
personalized drug recommendation. Bioinformatics 2018;34:
2808–16.

73. Willis C, FianderM, Tran D, Korytowsky B, Thomas JM, Calderon F,
et al. Tumor mutational burden in lung cancer: a systematic
literature review. Oncotarget 2019;10:6604–22.

74. Hofman P, Heeke S, Alix-Panabières C, Pantel K. Liquid biopsy in
the era of immuno-oncology: is it ready for prime-time use for
cancer patients? Ann Oncol 2019;30:1448–59.

75. Luo S, Xu J, Jiang Z, Liu L, Wu Q, Leung EL, et al. Artificial
intelligence-based collaborative filtering method with ensemble
learning for personalized lung cancer medicine without genetic
sequencing. Pharmacol Res 2020;160:105037.

76. Aberle DR, Adams AM, Berg CD, Black WC, Clapp JD,
Fagerstrom RM, et al. Reduced lung-cancer mortality with low-

1982 Pei et al.: Artificial intelligence in clinical applications for lung cancer

https://doi.org/10.1109/TIP.2020.3021789


dose computed tomographic screening. N Engl J Med 2011;365:
395–409.

77. Ciccolini J, Benzekry S, Barlesi F. Deciphering the response and
resistance to immune-checkpoint inhibitors in lung cancer with
artificial intelligence-based analysis: when PIONeeR meets
QUANTIC. Br J Cancer 2020;123:337–8.

78. Kulesza P, Ramchandran K, Patel JD. Emerging concepts in the
pathology andmolecular biology of advanced non-small cell lung
cancer. Am J Clin Pathol 2011;136:228–38.

79. Wang B, Chen L, Huang C, Lin J, Pan X, Shao Z, et al. The
homogeneous and heterogeneous risk factors for occurrence and
prognosis in lung cancer patients with bone metastasis. J Bone
Oncol 2019;17:100251.

80. Song Q, Shang J, Zhang C, Zhang L, Wu X. Impact of the
homogeneous and heterogeneous risk factors on the incidence
and survival outcome of bone metastasis in NSCLC patients. J
Cancer Res Clin Oncol 2019;145:737–46.

81. Pruksakorn D, Phanphaisarn A, Settakorn J, Arpornchayanon U,
Tantraworasin A, Chaiyawat P, et al. Prognostic score for life
expectancy evaluation of lung cancer patients after bone
metastasis. J Bone Oncol 2018;10:1–5.

82. Chen YC, Ke WC, Chiu HW. Risk classification of cancer survival
using ANN with gene expression data frommultiple laboratories.
Comput Biol Med 2014;48:1–7.

83. Huang Z, Hu C, Chi C, Jiang Z, Tong Y, Zhao C. An artificial
intelligence model for predicting 1-year survival of bone
metastases in non-small-cell lung cancer patients based on
XGBoost algorithm. BioMed Res Int 2020;2020:3462363.

84. Moldaver D, Hurry M, EvansWK, Cheema PK, Sangha R, Burkes R,
et al. Development, validation and results from the impact of
treatment evolution in non-small cell lung cancer (iTEN) model.
Lung Cancer 2020;139:185–94.

85. Nadler E, Espirito JL, Pavilack M, Boyd M, Vergara-Silva A,
Fernandes A. Treatment patterns and clinical outcomes among

metastatic non-small-cell lung cancer patients treated in the
community practice setting. Clin Lung Cancer 2018;19:360–70.

86. Itchins M, Hayes SA, Gill AJ, Cooper W, O’Connell R, Howell VM,
et al. Pattern of care and survival of anaplastic lymphoma kinase
rearranged non-small cell lung cancer (ALK+ NSCLC) in an
Australian metropolitan tertiary referral centre: a retrospective
cohort analysis. Asia Pac J Clin Oncol 2018;14:e275–82.

87. Amiri Z, Mohammad K, Mahmoudi M, Parsaeian M, Zeraati H.
Assessing the effect of quantitative and qualitative predictors
on gastric cancer individuals survival using hierarchical
artificial neural network models. Iran Red Crescent Med J 2013;
15:42–8.

88. Afshar S, Afshar S, Warden E, Manochehri H, Saidijam M.
Application of artificial neural network in miRNA biomarker
selection and precise diagnosis of colorectal cancer. Iran Biomed
J 2019;23:175–83.

89. Vogel L. Rise ofmedical AI poses new legal risks for doctors. CMAJ
(Can Med Assoc J) 2019;191:E1173–4.

90. Li D, Mikela Vilmun B, Frederik Carlsen J, Albrecht-Beste E,
Ammitzbøl Lauridsen C, Bachmann Nielsen M, et al. The
performance of deep learning algorithms on automatic
pulmonary nodule detection and classification tested on
different datasets that are not derived from LIDC-IDRI: a
systematic review. Diagnostics 2019;9:207.

91. Chen X,WangX, ZhangK, Fung KM, Thai TC,Moore K, et al. Recent
advances and clinical applications of deep learning in medical
image analysis. Med Image Anal 2022;79:102444.

92. Wang T, Lei Y, Fu Y, Wynne JF, Curran WJ, Liu T, et al. A review on
medical imaging synthesis using deep learning and its clinical
applications. J Appl Clin Med Phys 2021;22:11–36.

Supplementary Material: The online version of this article offers
supplementary material (https://doi.org/10.1515/cclm-2022-0291).

Pei et al.: Artificial intelligence in clinical applications for lung cancer 1983

https://doi.org/10.1515/cclm-2022-0291


Copyright of Clinical Chemistry & Laboratory Medicine is the property of De Gruyter and its
content may not be copied or emailed to multiple sites or posted to a listserv without the
copyright holder's express written permission. However, users may print, download, or email
articles for individual use.


	Artificial intelligence in clinical applications for lung cancer: diagnosis, treatment and prognosis
	Introduction
	The role of artificial intelligence in lung cancer diagnosis
	The function of artificial intelligence in lung cancer imaging
	The value of artificial intelligence in lung cancer pathology
	The effects of artificial intelligence cytopathological diagnosis system in lung cancer diagnosis
	The significance of artificial intelligence histopathological diagnosis system in lung cancer diagnosis

	The role of artificial intelligence in screening laboratory indicators relevant to lung cancer diagnosis

	The status of artificial intelligence in the treatment of lung cancer
	The function of artificial intelligence in lung cancer surgery
	The function of artificial intelligence in drug selection for lung cancer treatment

	The role of artificial intelligence in the prognosis of lung cancer
	Conclusions
	Acknowledgments
	References

