
International Transactions on Electrical Engineering and Computer Science 

R. Kumari et.al., Vol: 4, No: 2, pp: 64-90, June 2025 

https://doi.org/10.62760/iteecs.4.2.2025.133  

Early Detection of Lung Cancer using Machine 

Learning Algorithms 

 

Rimjhim Kumari1 , Shalu Kumari1 , Sharik Ahmad1  

 

Abstract: Recent advances in imaging and sequencing technology have enabled a systematic advancement in 

the medical treatment of carcinoma of the lungs. Meanwhile, the human mind's ability to comprehend and 

make optimal use of the collection for these enormous amounts of knowledge is limited. Through the 

combination and investigation of this extensive and complex information, lung cancer has been extensively 

explained using a variety of perspectives from the gathered data, is made possible in great part by machine 

learning-based methodologies. We give a summary of machine learning based methods in this review that 

support the various facets of lung cancer treatment as well as diagnosis, involving prognostication, 

vaccinations, rapid identification, and auxiliary diagnostics. Furthermore, we highlight the challenges and 

opportunities regarding potential artificial intelligence uses for the illness. 
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1. Introduction 

 

Cancer of the lungs is one of the numerous 

malignancies that are commonly diagnosed and the 

primary cause of cancer-related mortality globally. 

Within five years of being diagnosed with lung cancer, 

75% of the 2.20 per cent hundred million new people 

who are diagnosed yearly die [1 – 2]. Cancer treatment 

is more difficult because of the A great deal of cancer 

cell complexity and heterogeneity within the tumor 

(the Islamic faith), which result in resistance to 

therapies [3]. 
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Numerous big collaborative cancer initiatives have 

been facilitated by the ongoing technological 

advancements in cancer research over the past few 

decades, which have produced a huge number of 

databases for medical health care imaging and 

genomics [4 - 6]. With the aid of these databases, 

scientists can investigate thorough patterns of cancer 

progression from examination, therapy, and reactions 

to clinical effects [7]. However, using a range of high-

dimensional data types for clinical activities requires a 

great deal of work and experience, even with the aid 

of category decrease methods like structure and 

magnitude elementalizations [8–11]. Another major 

problem for researchers is evaluating the continuously 

expanding databases linked to cancer. Consequently, 

using frameworks for data mining (also known as in 

order to comprehend the basic properties like many 

kinds of information that benefit physicians' decision-

making has become more essential. A subfield of 

computational intelligence, the field of machine 

learning (ML) uses mathematical algorithms to 

identify patterns in data so that predictions can be 

made [12 - 19]. It has been widely utilized in state of 

the art techniques for prognosis prediction, TME 

deconstructing, trademark mining, prompt 

identification of cancer type classification, and 

medication sensitivity assessment [20 - 27].  
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Fig. 1: Lung cancer applications utilizing machine learning models 

For many years, it has also been employed in the 

supporting aid in the diagnosis and treatment of 

cancer [13 - 19]. The main machine learning techniques 

that utilized to incorporate challenging biological 

evidence (such imaging or sequencing data) for 

various lung cancer characteristics are compiled below 

(as seen in Fig. 1; S1 tables and the case of S2). We also 

highlight the main obstacles and opportunities for 

further machine learning applications in lung cancer 

clinical research practice. We anticipate that the 

assessment will improve knowledge of machine 

learning's prospects and skills in this area of research. 

The remaining paper organized as, section 2 

presents the machine learning methods review, section 

3 bout the application of machine learning in cancer 

prediction, section 4 about the immunotherapy 

applications, section 5 about the challenges and 

conclusions presented in section 6.  

2. Use machine learning to identify and diagnose 

lung cancer early 

2.1 Using machine learning over early diagnosis and 

detection using diagnostic datasets 

A key aspect in prompt diagnosis reduces deaths 

from carcinoma of the lung. The most popular method 

for keeping an eye on those who are more likely to get 

lung cancer is chest screening using low dose CT 
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scans. The computer-aided diagnostics (coronary 

artery system was created. to assist medical 

professionals in interpreting medical imaging data to 

increase diagnostic efficiency [28 - 29], and it is a 

helpful second opinion for doctors [30]. Nodule the 

process of segmentation and feature extraction. The 

traditional feature-based CAD problem has three 

stages: decision-making, professional reasoning 

(grouping), and (Fig. 2). Several methods, such as 

logarithmic modeling (also known as [31–33], straight 

classifier research, or the LDA technique, [34], use the 

measured textural features of specific nodules in CT 

images along with patient's clinical factors as input 

data to train an ML classifier for assessing the risk of 

malignancy. A lump size, helpful, place, gather, 

frontier and pulmonary findings from scans using CT 

are typically included in these metrics. Age, gender, 

smoking exposure, parents' history of cancer of the 

lung, and specimen collection time are among the 

diagnostic factors. Nevertheless, these characteristics 

are primarily arbitrary and subjective, and they 

typically fall short of providing a thorough and 

quantitative description of the appearance of 

malignant nodules. More research has been the 

emergence of the use of deep learning (DL) methods, 

especially neural networks), has led to efforts to 

integrate Db-based theories into the computerized 

imaging (CAD) system in order to improve its 

reliability and reduce its percentage of positives as 

well as length of operation for the identification of 

lung tumors (see Table 1) [35 - 36]. Similar to 

information-based CAD systems, the workflow for 

these representations typically consists of three steps: 

nodule recognition and segmentation, clinical 

judgment deductive reasoning, and nodule feature 

extraction [37]. The DL-based CAD system can 

automatically collect and extract intrinsic attributes of 

a harmful tumor [38 - 39] and model, in comparison to 

typical feature-based CAD applications. The nodule's 

three-dimensional structure (Fig. 2). For instance, 

Krizhevsky et al. [40] extracted the axial, coronal, and 

sagittal 2D-view feature vectors of the nodule from CT 

images in order to create OverFeatis the basis for this 

model [41 - 42]. The newly integrated CNN models 

provide a comprehensive and worldwide analysis of 

tumours enabling characteristic personality 

development utilizing images obtained by CT. Buty et 

al. [37] developed a supplemental CNN model for 

nodule segmentation by applying a circular periodic 

structure [43]. A deeply convolutional neural network 

(DCNN)-based network was used to extract the 

segmented nodule's texture and intensity attributes 

(also known as "appearance" features) and shape 

descriptors (also known as "shape" features) [41]. For 

the downstream categorization, "shape" and 

"appearance" characteristics were combined. 

Venkadesh et al. [44] also employed the collaborative 

strategy. Using both distinct models, 2D-ResNet50-

based [45], for instance and 3D-Inception-V1 [46], to 

identify both characteristics of a pulmonary nodule. 

 
Fig. 2: Systems that use DL and feature-based CAD  
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Table. 1: Research on machine learning for early detection and therapy utilizing data from images 

Publicatio

n 

Feature 

Extractio

n 

Classificati

on Model 

Sampl

e Size 

Imaging  

Data Type 

Performan

ce 

Validati

on 

Method 

Feature 

Selection/ 

Input 

Highlight/ 

Advantag

e 

Short 

coming 

McWillia

ms et al. 

[31] 

NA LR 2961 CT images 

AUC 

(0.907–

0.960) 

Hold-out 

Clinical risk 

factors + 

nodule 

characteristics 

on CT images 

High AUC 

in small 

nodules 

using 

extracted 

features 

Affected by 

nodule 

characteristi

cs selection 

Riel et al. 

[32] 
NA LR 300 CT images 

AUC 

(0.706–

0.932) 

Hold-out 

Clinical factors 

+ nodule 

characteristics 

Comparab

le 

performan

ce to 

human 

observers 

Performanc

e reliant on 

nodule size 

Kriegsman 

et al. [34] 
NA LDA 326 MALDI 

Accuracy 

(0.991) 
Hold-out 

Mass spectra 

from ROIs of 

MALDI 

images 

Maintains 

high 

accuracy 

on FFPE 

biopsies 

Relies on 

MALDI 

stratificatio

n 

Mohamme

d 

 et al. [37] 

Spherical 

harmonic

s; DCNN 

RF 1018 CT images 

Accuracy 

(0.793–

0.824) 

10-fold 

cross-

validatio

n 

CT patches + 

radiologist 

binary 

segmentations 

Shape and 

appearanc

e 

integration 

improves 

accuracy 

No 

benchmarki

ng 

comparison

s used 

Zhang et 

al. [38] 

3D CNN-

based 

multi-

task 

model 

3D CNN-

based 

multi-task 

model 

1018 CT images 
Accuracy 

(0.9126) 

10-fold 

cross-

validatio

n 

3D CT volume 

feature 

Higher 

accuracy 

than other 

methods 

Ground 

truth 

defined by 

radiologists 

may be 

arbitrary 

Ciompi 

 et al. [39] 

3D CNN-

based 

multi-

task 

model 

3D CNN-

based 

multi-task 

model 

6960 CT images 

DSC (0.91); 

accuracy 

(0.97) 

10-fold 

cross-

validatio

n 

3D CT volume 

feature 

Combines 

clustering 

with 

attention 

features 

Segmentatio

n might fail 

outside lung 

regions 

Krizhevsk

y et al. [40] 
OverFeat SVM; RF 1729 CT images 

AUC 

(0.868) 

10-fold 

cross-

validatio

n 

3D CT 

volume, 

nodule 

position, and 

diameter 

Classifies 

malignanc

y based on 

location 

CT may not 

always 

localize the 

nodule 

Venkades

h et al. [44] 

2D-

ResNet50

; 3D-

Inception

-V4 

Ensemble of 

2 CNN 

models 

16,429 CT images 
AUC 

(0.86–0.96) 

10-fold 

cross-

validatio

n 

3D CT volume 

+ nodule 

coordinates 

Higher 

AUC than 

other 

benchmar

k models 

Difficult to 

define 

precise 

nodule 

position 

Ardila et 

al. [47] 

Mask-

RCNN; 

RetinaNe

t; 

Inception

-V1 

Mask-

RCNN; 

RetinaNet; 

Inception-

V1 

14,851 CT images 
AUC 

(0.944) 
Hold-out 

Patient history 

+ current/prior 

CT volumes 

High 

AUC; 

benefits 

from 

multiple 

scans 

Demands 

large 

datasets 

AbdulJabb

ar et al. 

[52] 

Micro-

Net; SC-

CNN 

Ensemble 

CNN 
100 

Histological 

images 

Accuracy 

(0.913) 
Hold-out 

H&E-stained 

tumor slides 

Can 

annotate 

rare 

datasets 

Annotation 

accuracy 

varies 

Coudray 

et al. [55] 

Multi-

task 

CNN 

Multi-task 

CNN 
1634 

Histological 

images 

AUC 

(0.733–

0.856) 

Hold-out 

512×512 tiles 

from whole-

slide images 

Can 

predict 

mutation 

Mutation 

prediction 

accuracy 
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types like 

EGFR, 

STK11, etc. 

not very 

high 

Lin et al. 

[59] 

DCGAN 

+ 

AlexNet 

DCGAN + 

AlexNet 
22,489 CT images 

Accuracy 

(0.9986) 
Hold-out 

Synthetic CT 

images 

GAN 

generates 

synthetic 

lung 

cancer 

images 

No 

benchmarki

ng used 

Ren et al. 

[60] 

DCGAN 

+ VGG-

DF 

DCGAN + 

VGG-DF 
15,000 

Histopathologi

cal images 

Accuracy 

(0.9962); 

F1-score: 

0.9984 

Hold-out 

Synthetic 

histopathologi

cal images 

GAN-

enhanced 

model 

improves 

accuracy 

64×64 image 

patch too 

small for 

medical 

tasks 

Note: NA signifies not applicable 

Utilizing the unprocessed CT scans, the combination 

of CNN model has the superior capacity to 

differentiate between nodules of different sizes and 

malignant nodules. The support vector machines 

(SVM), random forest (RF), neural networks (NNs), 

and LR are examples of machine learning (ML) 

approaches that can be frequently used to conduct 

medical decision inference with the aid of features 

extracted from the most recent generation of CNN 

models. Interestingly, CNN models were also used in 

several studies to draw final clinical judgments. Using 

only the input CT data, Ardila et al. [47] presented a 

comprehensive method for methodically modeling the 

Objectives related to carcinoma of the lung risk 

category and identification. Three CNN models 

provided the foundation for their strategy: three 

models: a Mask-RCNN [48] model for lung tissue 

segmentation, an updated system [49] model for 

cancer area of interest (ROI) identification, and full-

volume model that utilizes 3Dinflated Inception-V1 

for predicting disease [50 - 51]. In addition to CT 

images, CNN-generated models are often employed in 

visualizing immunohistochemistry to help with lung 

cancer detection. Additional biological information 

regarding tumors along level of cells could be 

obtained using immune histochemical photography.  

than CT imaging. In order to do this, Abdul Jabbar 

and colleagues [52] segmented separate cells from IHC 

(immunohistochemistry) images and the associated 

hematoxylin and eosin (H&E) stained images using a 

Micro-Net [53] theory for anatomical border detection, 

followed by a SC-CNN [54] strategy. The segmented 

cells were then used for cell type categorization in 

order to evaluate arrangement of various cell kinds in 

the visual representations. The immune evasion and 

distinct development of lung squamous cell carcinoma 

(LUSC) and lung adenocarcinoma (LUAD) can be 

identified with great resolution using this model. For 

example, based on H&E-stained histological whole-

slide images, the tissue was classified as LUAD, LUSC, 

or normal in another study [55] using the latest 

version of in method [51]. The model's ability to detect 

structural changes many lung cancer driver genes is 

one of the work's highlights. Namely, STK and 

arrive11, the EGFR gene the format known as F1, 

SETBP1, the KRAS gene, and the protein the TP53 

gene in a given tissue. It should be mentioned that 

when training fresh examples, some studies employed 

transfer learning to boost the model’s efficiency and 

endurance, because of the dataset’s high complexity 

and plenty of resources [38, 55]. Even while CAD 

already makes extensive use of these ML methods, the 

problem is only a small percentage of pictures. CNN- 

drafting systems which are feature-based alongside 

those which have roots are developed differently. The 

fundamental traits that define a suspicious nodule can 

be automatically extracted and extracted using DL-

based CAD systems, in contrast to feature-based CAD 

systems. SVM means Labeling is present in support 

vector machines, logistic reconstruction (LR), 

convolutional neuronal networks (CNN), and random 

forests (RF). When a complex CNN model is trained 

using few preliminary data points, overfitting may 

happen. By creating bogus images, Recently, models 

based on generative adversarial networks, also called 

GANs, have been used in order to boost the accuracy 

of discriminative classifiers [56]. Chuquicusma et al. 

[57] generated simulated lung nodule CT scans using 

an extensive segmentation GAN (DCGAN methods) 

[58] model.  problem of overestimation in the 

classification of carcinoma of the lung is currently 

solved by more recent research by combining GAN 
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algorithms with other CNN models. Lung disease 

categorization, Lin et al. [59] used a technique with 

two stages that included original and manufactured 

datasets. They created synthetic lung cancer images 

using a DCGAN models [41]. Ren as well as colleagues 

[60], also did a similar study. To enhance the data, 

they also employed DCGAN (Digital [58]. Later, for 

better performance by avoiding overfitting issues with 

pre-trained model auto-selection, they produced VGG-

DF, a regularization-enhanced model learning model 

to combat data bias. Rapid diagnosis and 

identification are made possible by machine learning 

on omics sequencing information. An essential false 

discovery rate has made it difficult to implement the 

recommended periodic medical imaging testing for 

high-risk patients [61 - 62]. New methods for the quick 

Therefore, there is an urgent need for lung cancer 

detection. Numerous techniques for the early 

identification of lung cancer are made achievable by 

recent sequencing technologies [63]. Accurately 

identifying the subtypes of lung cancer is essential in 

the interim for directing the best course of treatment. 

With the exception of targeted therapy, the two most 

commonly seen subtypes of lung cancer, LUAD 

(~45%) and LUSC (~25%), are frequently treated 

similarly [64]. However, research has shown that the 

biochemical signatures of LUAD and LUSC differ 

significantly, and it has been proposed that they be 

treated and classified as distinct malignancies [65 - 66]. 

From a computational standpoint, the classification 

problem includes both subtype identification and 

early detection. In large pan-cancer sequencing 

datasets, prior machine learning research has 

demonstrated the effectiveness and progress on form 

of cancer categorizing and early recognition [67–75], 

which could support the diagnosis of lung cancer. 

Numerous genetic variations are known to be present 

in cancer cells, and the aggregation of these differences 

could act as indicators that document the mutational 

variations in different kinds of disease [3, 76, 77]. 

It offered an overview of predictive CAD from 

imaging datasets, immunotherapy research, prognosis 

and treatment response prediction, data integration 

and biomarker extraction from multi omics datasets, 

and sequencing based lung cancer early detection are 

some of the machine learning techniques applied in 

many lung cancer treatment fields. Machine learning, 

or ML, half-maximal inhibitory concentration, or 

IC50]; Deep learning uses DL. Computer-aided 

diagnostic (CAD), copy number variation (CNV), 

antigen of human leukocytes (HLA), computed 

tomography (CT), and matrix-assisted laser 

desorption/ionization (MALDI (Multi) are all 

acronyms. RECIST, Solid Tumor Response Evaluation 

Criteria; Tumor-infiltrating lymphocytes, or TILs. The 

science of machine learning is also referred to as ML, 

computed tomography as CT, and the LDA technique, 

or linear discriminant analysis. AUC stands for area 

under the curve, ROI for area of interest, and LR for 

logistic regression. The acronyms for matrix-assisted 

laser desorption/ionization are MALDI analyzer, 

Convolutional neural network (CNN), dice similarity 

coefficient (DSC), and formalin-fixed paraffin) are 

acronyms. SVMs, or support vector machines; 

Hematoxylin and eosin, or H&E; DCNN (deep 

convolutional generative neural network), SC-CNN 

(spatially constrained convolution neural network), 

DCGAN (deep convolutional generative adversarial 

network), RCNN (region-cNN), RF (randomized 

forest), and both two and three-dimensional (2D and 

3D). Usually, cross-validation accounts for more 

variation between potential differentiates training, 

validation, and test data and is stronger than hold out. 

Cross-validation takes longer than the straightforward 

holdout strategy, though. Certain structural 

characteristics of a sample of science can be measured 

simultaneously using various sequencing techniques. 

Statistical and machine learning methods use feature 

selection or differential analysis to increase efficiency 

and decrease overfitting. The acquired omics and 

clinical variables are then concatenated by ML models 

as input for the detection along with evaluation of 

lung cancer. It is thought to be a dependable technique 

to investigate possible circulating tumor markers 

using fragments of DNA without cells (cf DNA), 

circulatory tumor genetic material (ctDNA), exosomes, 

its methylation, nucleotide (miRNA, or messenger), 

and circulate carcinoma cells (CTCs) [63], as in Fig. 3. 

Numerous By combining these liquid biopsy data, 

classification algorithms such as SVM, among others 

radio frequency (RF), and the LR may have used to 

identify tumors with high detection rates [78–81].  
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Fig. 3: Omics dataset, also investigation for studies on cancer of the lung. 

For the classification of lung cancer subtypes, somatic 

mutations, including updates, alterations, and single-

nucleotide mutations (sequence variants), usually 

exhibit unique disease signatures [82]. Classifiers are 

trained for LUAD–LUSC categorization, research has 

thus used somatic mutations as input characteristics 

[83]. Numerous of these mutations, particularly driver 

mutations, have the ability to alter expression levels, 

which affects gene function and disrupts signaling 

pathways within cells. Consequently, distinct cancer 

types have varying degrees of protein expression [84 - 

85]. These distinct expression profiles of cancer types 

impose constraints on machine learning models, 

which can use. To categorize patients' malignancy 

(benign or malignant) and subtypes.), genome 

sequencing is used as the data source [86–89]. 

Similarly, it has been demonstrated that there is a 

substantial association between differential gene 

expression and copy number variation (CNV, which 

stands), which is extensively present in cancer cells 

[90]. Thus, CNVs can also be used for developing 

neural network models for specific cancer 

classification in lung cancer research [81,91,92]. 

Notably, a recurrent hidden Markov model (HMM) 

was proposed by Daemen et al. [92] and offers good 

classification accuracy for locating larger chromosomal 

sites with changing copy counts. Jurmeister et al. [93] 

sought to determine if the found malignant nodule 

was a primary lung cancer or the spread of another 

cancer. used genetic methylation patterns as input 

features relatively recently. Whenever every generated 

gene is used as an attribute of input directly, 

overfitting could happen [94]. Many research used a 

variety of computational strategies to choose a few 

genes associated with cancer in to improve their 

models for machine learning (see Fig. 3). Algorithms 

that use machine learning to learn were used to select 

characteristics in a number of studies. To choose the 

optimal markers for model training, Liang et al. the 

article [80] and Whitney et al. [86], for instance used 

the least absolute shrinkage and selection operator 

(LASSO) technique, whereas Aliferis et al. [89] was 

determined selected extensively cancer-associated 

genes using unilateral association filtering (UAF) 

models and recursive feature elimination (a request 

for information) [95]. Further, a number of studies use 

unsupervised models to cluster sample population 

classifications, after which marker genes are identified 

for the various groups [96 - 97]. Some studies 

combined machine learning-based models with 

statistical methods to pick characteristics. Shankar 

along with colleagues [81] strengthened the CNV 

feature by creating an identical pattern characteristic 

deviation (also known as the score rather than using 

copy number variations as the input feature directly. 

This method is more stable and less vulnerable to 

variations in sample quality. Several statistical tests, 

including ordinary fold changes, ordinary t-tests, 

SAM-statistics, and moderated t-statistics, were 

combined by Daemen et al. [92] in order to choose a 

gene with substantial differential expression 

collection. 
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Table. 2: ML-related publications on early diagnosis and detection with sequencing data 

Publication ML Method 
Sample 

Size 

Sequencing 

Data Type 
Performance 

Validation 

Method 

Feature 

Selection 

Highlight / 

Advantage 
Shortcoming 

Mathios et 

al. [78] 

LR model 

with a 

LASSO 

penalty 

799 
cfDNA 

fragment 
AUC (0.98) 

10-fold 

cross-

validation 

cfDNA 

fragment 

features, 

clinical risk 

factors, and 

CT imaging 

features 

Framework 

for combining 

cfDNA 

fragmentation 

profiles with 

lung cancer 

markers 

DNA variations 

in late-stage 

disease may 

affect cfDNA 

detection 

Chabon 

et.al.,  

[79] 

5-NN; 3-NN; 

NB; LR; DT 
160 ctDNA 

AUC (0.69–

0.98) 

Leave-

one-out 

cross-

validation 

SNV + CNV 

features 

Establishes 

ML 

framework for 

early detection 

of lung 

cancers using 

cfDNA 

Sampling bias 

exists (most are 

smokers) 

Liang et al. 

[80] 
LR 296 ctDNA AUC (0.816) 

10-fold 

cross-

validation 

Nine DNA 

methylation 

markers 

ML 

framework for 

lung cancer 

detection 

using DNA 

methylation 

markers 

Limited by 

small number 

of methylation 

markers 

Raman et 

al. [81] 

RF; SVM; LR 

with ridge, 

elastic net; 

LASSO 

regularization 

843 cfDNA 
mAUC 

(0.896–0.936) 

Leave-

one-out 

cross-

validation 

Copy 

number 

profiling of 

cfDNA 

Framework 

for using copy 

number 

profiling of 

cfDNA as 

lung cancer 

biomarker 

Feature 

selection 

methods may 

reduce 

overfitting but 

can limit AUC 

Kobayashi 

et al. [83] 

Diet 

Networks 

with EIS 

954 
Somatic 

mutation 

Accuracy 

(0.8) 

5-fold 

cross-

validation 

SNVs, 

insertions, 

and 

deletions 

across 1796 

genes 

EIS stabilizes 

Diet Networks 

training 

process 

Interpretability 

varies between 

datasets 

Whitney et 

al. [86] 
LR 299 

RNA-seq of 

BECs 
AUC (0.81) 

10-fold 

cross-

validation 

Lung 

cancer-

associated 

and clinical 

covariate 

RNA 

markers 

Model keeps 

sensitivity for 

small and 

peripheral 

lesions 

Selected genes 

vary across 

datasets 

Podolskiy 

et al. [87] 

KNN; NB; 

SVM; C4.5 
529 RNA-seq AUC (0.91) Hold-out RNA-seq 

Systematically 

compares 

models for 

lung cancer 

subtype 

classification 

Feature 

selection 

needed to 

reduce 

overfitting 

Choi et al. 

[88] 

Ensemble 

model with 

elastic net LR; 

SVM; 

hierarchical 

LR 

2285 

RNA-seq of 

bronchial 

brushing 

samples 

AUC (0.74) 

5-fold 

cross-

validation 

RNA-seq of 

1232 genes 

with clinical 

covariates 

Integrates 

RNA-seq 

features and 

clinical info 

for risk 

prediction 

Sample size 

small in some 

subgroups; 

unbalanced 

data 

Alharbi 

et al.  

[89] 

Linear SVM; 

polynomial-

kernel SVM; 

RBF-kernel 

SVM; KNN; 

203 RNA-seq 

AUC 

(0.8733–

0.9980) 

5-fold 

cross-

validation 

RNA-seq of 

selected 

genes using 

RFE and 

UAT 

Different gene 

selection 

algorithms 

improve 

classification 

Selected genes 

vary across 

training cohorts 
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NN 

Aliferis et 

al. [91] 

DT; KNN; 

linear SVM; 

polynomial-

kernel SVM; 

RBF-kernel 

SVM; NN 

37 

CNV 

measured 

by CGH 

Accuracy 

(0.892) 

Leave-

one-out 

cross-

validation 

Copy 

number of 

80 selected 

genes based 

on linear 

SVM 

Compares 

models for 

lung cancer 

subtype 

classification 

Small sample 

size 

3. Apply ML to lung cancer treatment response 

and survival prediction 

3.1 Prognosis and therapy response prediction 

Advanced machine learning algorithms have 

been used to enhance the evaluation and prediction of 

cancer intervention response [98 - 99] and have shown 

progress in maximizing treatment choices factors 

improve the chances of a profitable recovery (Fig. 4; 

Table. 2, contains factors [100 - 101]). One of the many 

metrics available for evaluating the response to cancer 

therapy is the response assessment criteria in Solid 

RECIST cancers [102]. To determine how cancers grow 

or decrease in people, the RECIST definition uses 

imaging data, mostly from CT and MRI [103]. A 

thorough CNN method was created by Jiang et al. 

[104] to monitor changes in tumor volume from CT 

scans. Dual big networks built from a full-resolution 

persistent system [105], for instance model were 

employed in their CNN model. combining several 

residual streams of different resolutions to at once 

incorporate data at different resolutions for lung 

tumor segmentation. In light of the patient's Rtl 

genetic mutation profile, Qureshi [106] developed an 

RF model based on the RECIST criterion to predict the 

RECIST level after EGFR tyrosine kinase inhibitor 

(TKI) therapy. The approach used clinic data, 

structural features, and energy properties from a 

patient's EGFR mutant medication combo to train the 

classifiers and enhance prediction performance. A 

novel metric known as the tumor proportional score 

(TPS), which is calculated by estimating the share of 

cells associated with tumors in digital histology 

pictures was created by the authors of a recent study 

that evaluated the response to radiation treatment for 

lung cancer [107]. Scientists identified positive tumor 

cell areas (technical issues+) and negative tumor cell 

regions (TC) by combining the Otsu threshold with an 

auxiliary classifier generative adversarial network 

(AC-GAN) model [108].  

The TPS number was ultimately calculated by 

dividing the number of photos in each tumor cell 

region that were discovered by the image counts of the 

counsellor + regions. In a different study, Geeleher et 

al. [109] measured medication response using half-

maximal inhibitory dosage (IC50). 

Using a ridge regression model, the authors 

calculated the IC50 percentages for various lines of 

cells according to their whole-genome expression level 

[110]. A phenotype representation learning (PRL) 

system was more recently developed through Quiros 

et al. [111] for spatial grouping cell type labeling on 

histopathology pictures, using community detection 

and self-supervised learning. Their clustering results 

can also be utilized to detect tumor recurrence and 

track histological tumor growth patterns. In fact, their 

model has performed well in both the LUAD and 

LUSC classes. 

3.2 Survival prediction 

Inclinical oncology, predicting survival and 

prognosis is a challenging but crucial task for doctors 

since patients can benefit from cost management and 

treatment decisions based on the survival duration 

[112 – 114]. Predictions for the majority of medical 

history were mostly reliant on the medical 

professional's knowledge and experience, which was 

based on medical information and prior patient 

histories. But studies have revealed that physicians 

frequently overestimate survival time and perform 

badly when estimating prognosis and survival 

expectancy [115 – 117]. Numerous studies [119–122] 

have used statistical methods, including the 

Predictions made by doctors using the Cox 

proportional hazards model [118] are not very 

accurate [12]. across contrast, machine learning has 

proven to be capable of predicting a patient's 

prognosis and survival across a variety of datasets, 

including genetic, transcriptomic, proteomic, 

radiomic, and others (as shown in Fig. 4; Fig. 3).  
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Fig. 4: An example of predicting lifetime and responsiveness to therapy using machine learning 

Utilizing a 3-decade survival accepted, Chen and 

others [123] separated patients into low-risk (presence 

lifetime > 36 years) and high-risk (longevity time is 36 

a period or time groups. After that, they developed a 

neural network (NN) model to use patient 

characteristics and gene expression data to assess a 

patient's risk. Their strategy examined four aspects. 

3.3 Applications of Machine Learning in Lung Cancer  

Information of sensor gene expression and only 

five genes were found to be linked with survival time, 

yielding an overall accuracy of 83.0%. Gene expression 

data was also used by Liu et al. [124] to classify 

survival after three years. In contrast to Chen et al. 

[123], the authors selected a total of 22 genes to 

increase the stability of their model by combining 

three different forms of sequencing data: RNA 

sequencing, DNA methylation, and DNA mutation. 

Cho et al. [126] and LUADpp [125] modelled an 

estimation of 3-year mortality risk based on the 

somatic mutations as input features. Cho et al. [126], 

for instance employed chi-squared tests, whereas 

LUADpp [125] employed a published genome-wide 

rate comparison test [127] that could measure gene 

mutation rates while identifying a trade-off between 

statistical power and accuracy.  To determine which 

genes had to do with the highest significant mortality. 

Multi-omics information on tumors has been used in 

numerous experiments for analysis. Due to the 

intricacy of survival prediction. It is more difficult to 

precisely identify the most important genes for 

prediction from multi-omics data than from single-

omics data. Several studies [128 – 131] created a 

comparable workflow to address the problem. Using 

their multi-omics data, they first created a matrix that 

showed how similar the patients were to one another. 

They next divided the patients into two clusters 

using the acquired matrix and using an informal 

clustering approach, generally a self-encoding model 

with K-means algorithm clustering. Based on the 

different results of survival between the two clusters 

in Kaplan–Meier analysis, the two clusters were 

designated as "both high-risk" and "low-risk." A 

statistical model such as [128 - 129] or an ML model 

[130 - 131] was used to extract the genes linked to 

mortality after the variations in survival outcomes for 

further analysis 

4. Utilize ML in immunotherapy for lung cancer 

4.1 Predicting the response to immunotherapy 

The importance of treatment has increased 

recently. T cells are often stimulated, aiding an 

individual's defence mechanism in its fight against 

cancer. Numerous novel immunotherapy treatments 

for lung cancer that are presently being evaluated 

have developed into standard immunotherapy 

elements. Immune checkpoint inhibitors (ICIs), a 

particular form of therapy for programmed mortality 

gene 1 (PD-1)/programmed cell death protein ligand 1 

(PD-L1), are believed to have proven to be beneficial 

for patients with non-small cell lung cancer, also called 

NSCLC [132 - 134]. Immunotherapy is not yet as 

popular as radiation, chemotherapy, or surgery, 

though. One explanation is that because each Every 

individual has a distinct tumor immune 

microenvironment and not all patients benefit from it. 
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Table. 3: ML-related publications on treatment response and survival forecasting 

Publicatio

n 

Feature 

Extraction 

Method 

Predictio

n Model 

Sampl

e Size 

Data 

Type 

Performanc

e 

Validatio

n Method 

Feature 

Selection/Inp

ut 

Highlight / 

Advantage 
Shortcoming 

Jiang et al. 

[104] 

MRRN-

based 

model 

MRRN-

based 

model 

1210 
CT 

Images 

DSC (0.68–

0.75) 

5-fold 

cross-

validation 

3D image 

features 

Accurately 

tracks tumor 

volume 

changes from 

CT images 

across 

resolutions 

Does not 

predict 

accurately 

with small 

tumor size 

Qureshi 

[106] 
NA 

RF; SVM; 

KNN; 

LDA; 

CART 

201 

Molecular 

structure 

and 

somatic 

mutations 

of EGFR 

Accuracy 

(0.975) 

10-fold 

cross-

validation 

4 clinical 

features + 4 

protein drug 

interaction 

features + 5 

geometrical 

features 

Integrates 

multiple 

features for 

better 

benchmarkin

g 

performance 

Only 

considers 33 

of 594 EGFR 

mutations 

from 

COSMIC 

database 

Kapil et al. 

[107] 
AC-GAN AC-GAN 270 

Digital 

pathology 

images 

Lcc (0.94); 

Pcc (0.95); 

MAE (8.03) 

Hold-out 

PD-L1-stained 

tumor section 

histological 

slides 

Better 

performance 

than 

benchmarke

d, fully 

supervised 

models 

PD-L1 

staining in 

TPS 

evaluation 

may lack 

accuracy 

Chen et al. 

[123] 

Chi-square 

test + NN 
NN 440 RNA-seq 

Accuracy 

(0.83) 
Hold-out 

RNA-seq of 5 

genes 

Uses 

multiple lab 

datasets for 

robust 

training 

Doesn’t 

consider 

demographic 

and clinical 

features that 

may affect 

prediction 

Yu, et.al.,  

 [125] 

Top genes 

with most 

significant 

mutation 

frequency 

difference 

SVM 371 
Somatic 

mutations 

Accuracy 

(0.81) 

5-fold 

cross-

validation 

85 somatic 

mutation 

features 

High 

accuracy 

using only 7 

gene 

mutation 

features 

Sampling 

bias and 

linkage 

disequilibriu

m may affect 

feature 

selection 

Cho et al. 

[126] 

Info gain, 

Chi-

squared 

test, min 

redundanc

y max 

relevance, 

correlation 

NB; 

KNN; 

SVM; DT 

471 
Somatic 

mutations 

Accuracy 

(0.68–0.88) 

5-fold 

cross-

validation 

19 somatic 

mutation 

features 

Uses 4 

methods for 

feature 

selection to 

improve 

performance 

Only one 

dataset used 

for training 

Yu et al. 

[128] 

Info gain 

ratio; 

hierarchica

l clustering 

RF 538 

Multi-

omics 

(histology

, 

pathology

) 

AUC (> 0.8) 

Leave-

one-out 

cross-

validation 

15 gene set 

features 

Integrative 

omics-

pathology 

model to 

improve 

classification 

accuracy 

Cox models 

may be over 

fitted in 

multi-omics 

settings 

 

Predicting a patient's reaction to immunotherapy is 

therefore essential when treating cancer. Recently, AI-

based techniques constructed for estimating 

immunotherapy reactions based on immunological 

sequencing signatures and medical imaging (Fig. 4; 

Table 3 as refer) [135]. In order for foreseeing the 

response to PD-1/PD-L1 blocking therapy, Wiesweg et 

al. [136] trained an SVM classifier of RECIST 
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classification using  gene expression profiles of seven 

key genes extracted from ML models and 25 tumor 

type-specific variables as input features.  

Evaluation of tumor-infiltrating lymphocytes. For 

assessing the response to immunotherapy, the 

proportion of lymphocytes infiltrating tumors (TILs) is 

another crucial. To carry out technique, DeepTIL [139] 

improved the cell deconvolution model CIBERSORT 

[140]. Two recent studies [137 - 138] trained a machine 

learning algorithm, incorporating the results of the 

and RF, for instance for RECIST classification using 

radiomic biomarkers and other imaging characteristics 

specific to tumor lesions using contrast-enhanced 

computing tomography (CE-CT) scans employing 

transcriptomic data to automatically determine the 

proportion of leucocyte subsets, such as lymphocytes, 

T cells that are CD4+, CD8+ lymphocytes, 

CDsGranulocytes, T cells, lymphocytes, and Mo-Ma-

DC cells cancerous sample. An alternative method 

[141] used the sequencing of RNA of 20,530 genes as 

biomarkers and 84 radioactive characteristics from the 

CE-CT scans to build a straight-line elastic-net 

regression model to estimate amount of CD8+ T cells. 

In another study, a DL model was created [142] to 

identify TILs in digitally preserved hydrogen peroxide 

(pictures, see Table 3). Features are extracted using a 

convolutional autoencoder (CAE) [143], and TIL areas 

are classified using VGG 16-layer network [144]. The 

"cellular death CNN" was designed to find TILs in a 

necrotic region. They used the DeconvNet [145] model 

for the TIL segmentation in "cell death CNN" since it 

has shown good accuracy using different benchmark 

imaging datasets.  

4.2 Neo antigen prediction 

ML algorithms have provided insight into 

immunotherapy predicting response to 

immunotherapy as well as neoantigens. Neoantigens 

are tumor specific modified peptides generated by 

somatic mutations in tumor cells that have the ability 

to elicit anticancer immune responses [146–148]. 

development and improving neoantigen-targeted 

immunity medicines benefit from immunogenic 

neoantigens, according to recent studies [149–152].  

In accordance with neoantigen studies in clinical trials, 

neoantigens were developed utilizing current 

algorithms that employ machine learning based on the 

processing and presentation of human leukocyte 

antigen (HLA) class I and II [153 – 157]. ML models 

can use the identified somatic mutations to determine 

the binding affinity of encoded changed peptides to 

the patient's HLA alleles (peptide–HLA binding 

affinity). It is possible to further forecast the 

neoantigens using the predicted peptide–HLA binding 

affinity. NetMHC [158 - 159] used a receptor–ligand 

dataset with 528 peptide–HLA binding interactions 

assessed by Buus et al. [160] to train a combination of 

different NNs for neo-peptide affinity prediction. 

Inorder to increase the prediction's accuracy, 

NetMHCpan [161-162] trained their NN model using a 

bigger dataset that included 37,384 distinct peptide–

HLArelationships between 18 HLA-B and 24 HLA-A 

alleles (26,503 and 10,881 for A and B alleles, 

respectively). Both tools have been used to study the 

neoantigen architecture in lung cancers [146, 163–165]. 

5. Challenges and opportunities towards the 

decades to come 

There are still issues to be resolved even with the 

extensive application of ML studies in clinical 

treatment research treating lung cancer. In order to 

educate readers about lung cancer therapeutic 

analyses and the difficulties facing ongoing lung 

cancer research, we have included a few examples of 

recent machine learning algorithms here, particularly 

the increasingly significant and well-liked DL 

algorithms of the last ten years. 

5.1 Imaging data analysis 

For clinical usage, it is essential to learn 

techniques to successfully glean information from data 

from images. In the prior machine learning-based 

Computer-aided design system, feature extractions 

were often based on texture, shape, and intensity of a 

dubious region in the image, along with other clinical 

variables [166]. However, these techniques are 

subjective and may not be able to restore a dubious 

nodule's natural features. This can be achieved via a 

DL-based CAD system that use models generated by 

CNN for extraction of features from raw imaging data 

with multilevel representations and hierarchical 

abstraction [167–169]. Unlike previous methods, CNN 

model features are not generated through other 

people.  accurately and thoroughly represent the 

nodule's inherent characteristics. The most recent 
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advancement in computer vision technology is the 

Vision Transformer (ViT) [170-171]. ViT was more 

reliable while training on fewer datasets and 

performed better than CNN in terms of accuracy and 

computational economy, outperforming nearly 4 [172]. 

ViT models have demonstrated their Although they 

weren't utilized in any cancer screening imaging 

studies that we are aware of, they show potential as an 

antagonist to CNN in imaging information analysis. 

5.2 Analysis of Omics datasets 

Ddl is an extension of machine learning that relies 

on programmable neural networks to produce precise 

judgments. When it comes to challenging issues like 

picture classification, it excels. We examined the 

applicability of DL models with imaging datasets in 

this paper. In clinical trials of lung cancer utilizing 

omics data, DL algorithms were less common than in 

imaging datasets. Nonetheless, in other areas of omics 

analysis, computational models of DL have been 

extensively employed. For example, as genomic CNN 

models [174] and recurrent artificial neural network (a 

neural network) algorithms [173] are useful tools for 

researching population genetics when the data are 

continuous sequences. Furthermore, because the input 

dimension of omics data is typically very large, auto 

encoders or deep generative models have been 

utilized in a number of studies for feature extraction 

and dimensionality reduction in order to increase 

efficiency and prevent overfitting [175]. Meanwhile, 

by combining multi-omics data, self-supervised 

representation learning models can overcome the 

curse of dimensionality and aggregate knowledge 

about several aspects of the same tissue samples [176]. 

Alongside the introduction of geographically based 

DL models, several DL models are becoming more 

and more popular for computationally intensive 

analysis. [178] and single cell-based [177] methods that 

are being deployed in molecular studies. 

To manage complexity of massive genomics data, 

unsupervised deep clustering methods developed for 

cell population subtype annotation [180–183] and 

population structure identification [179]. Additionally, 

to manage complex structure of multi-omics data, 

graph neural network (GNN) models are increasing 

being applied in biomedical classification [185], 

forecasting prognostics [186], dataset integration [184], 

and other domains. Although these researches have 

not been directly used for clinical analysis of lung 

cancer, they are a good source of inspiration for 

applying DL approaches to complex cancer related 

omics datasets.  

5.3 Multi-view data and multi-database integration 

Large volumes of clinical records, data from 

images, and multiomics data from an individual 

patient are frequently accessible these days. 

Combining this data offers a thorough understanding 

of. Platform noise is unavoidable amongst these data 

kinds, nevertheless, because they are usually gathered 

from various platforms. For instance, complex data 

standardization, data fusion, and data integration are 

typically obstacles in imaging data processing, 

particularly radiomics. To manage versatility together, 

multimodality healthcare segmentation networks have 

recently designed. Medical pictures in order to get 

around this restriction [187]. Likewise, batch noise 

(also known as the batch effect) occurs between 

databases for sequencing data types. 

It is crucial for cancer treatments to eliminate, we 

can better investigate the processes behind cancer 

resistance to treatment and recurrence using datasets 

from numerous systems and batch effects. Despite the 

fact that integrative tools have been tested and/or 

benchmarked in biomedical investigations [188–191], 

these studies are insufficiently thorough and 

discriminating to address tool selection in relation to 

biologically relevant problems. 

5.4 Model generalizability and robustness 

According to this assessment, an ML algorithm's 

performance typically changes depending on the 

dataset. It is the database volume effect's involvement, 

that we identified previously covered could be one 

explanation. The lack of robustness and 

generalizability, however, may be further issues that 

prevent these ML models from being used in clinical 

trials. Additionally, the majority of research chose 

marker genes prior to classification using statistical 

models or machine learning models in order to 

minimize overfitting. These marker genes, however, 

typically vary significantly between research, 

suggesting that the identified marker genes are not 

biologically interpretable or generalizable. To increase 

a model's robustness and generalizability, gaining a 
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deeper comprehension of robustness concerns in 

various machine learning it is essential to bridge gap 

in robustness techniques across domains and develop 

new designs. By employing transfer learning to use 

model that was already trained when learning their 

own datasets in lung cancer imaging data processing, 

for example, current research has improved both the 

effectiveness and the durability of their CNN-based 

models [38, 55, 192]. The use of transfer learning in 

deep neural networks (NNs) to provide a 

generalizability technique for sequencing datasets can 

be used as an example of developing a universal and 

trustworthy model for the interpretation of cancer 

gene sequencing data [193]. Moreover, DL is an 

advanced black-box model. An understanding of the 

mechanics behind a DL system in clinical research 

may facilitate the building of a standardized and 

unites deep learning infrastructure to improve its 

efficiency and reliability has been made available by 

explainable AI (XAI) models [194 - 195]. These 

techniques may explain a model both locally and 

globally, which aids researchers in fine-tuning hyper 

parameters from various models with great 

effectiveness [196, 197]. 

5.5 Performance evaluation metrics 

The creation of algorithms for clinical research is 

typically the subject of investigations. Though it 

typically plays a significant role in ML systems, the 

choice of measures for assessing these algorithms' 

performance is frequently disregarded [198]. Based on 

this review, accuracy and under the curve (also known 

as AUC) are the two most commonly used metrics (see 

Tables 1-3). However, these measures ought to be 

transformed into ones that can be discussed clinically.  

Since they do not always represent the clinical needs. 

In some situations, such as with patients who are at a 

high risk of visiting the emergency room, sensitivity or 

specificity may be more related to clinical needs than 

accuracy [199]. 

5.6 Making clinical decisions 

According to the study, most patients' total 

expenses for lung cancer treatment would surpass $ 

50,000 [200], and most families would find the 

expense to be prohibitive. Therefore, precise 

prognostic prediction and decision-making will open 

the door to individualized care.  Current DL models 

have been applied to optimize the combination of 

various therapies and pharmaceuticals as well as 

forecast the efficacy of a therapy or medication [201-

202]. Nevertheless, the majority of DL models now in 

use for clinical decision-making struggle to keep up 

with the rapid changes in health care data and/or 

knowledge [203]. Clinical decision support systems, 

such as Google DeepMind Health and IBM Watson 

Health, have recently been used in the treatment of 

lung cancer [204-205]. Even though these technologies 

have helped to increase the efficiency of clinical work, 

in terms of clinical trials, they are still below ideal and 

are currently unable to satisfy the duties of clinicians 

[205]. 

6. Conclusion 

Intelligence enables us to research carcinoma of 

the lung from a different perspective and explores the 

potential applications of decision support systems in 

precision oncology. In this analysis, we examined the 

most recent developments in machine learning 

algorithms in a number of lung cancer treatment 

domains, such as Immunotherapy practice, rapid 

assessment, prognostic forecasting, and medication 

response evaluation. We carefully compiled datasets 

(Table S1), baseline techniques (Table S2), and method 

attributes (Tables 1–3) to support future machine 

learning advancements in lung cancer treatments. 

Finally, we outlined the issues that still require 

attention, including the deficiency of medical data 

labels for training in terms of both quantity and 

quality, the significance of biomedical need for data 

integration and batch removal, anxiety about 

performance evaluation criteria, and the explanations 

and model robustness for clinical usage. Plans 

According to this study, imaging and omics data will 

be utilized during lung cancer treatments thus, a 

multi-modal clinical analysis tool for machine learning 

should be employed. System that considers how 

multiple information kinds should be unified as well 

as the treatment of both imaging and omics data. 

Lastly, we anticipate that these difficulties may spur 

additional research aimed at lung cancer. 
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