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Lung cancer is one of the most common cancers worldwide and one of the 
leading causes of cancer death, with a heavy disease burden and severe public 
health challenges. Multi-omics techniques, such as genomics, proteomics, 
metabolomics, and radiomics, play a crucial role in the early diagnosis and 
treatment of lung cancer, revealing the molecular characteristics and 
mechanisms of lung cancer, and have significant clinical application value. 
However, it also faces numerous challenges, such as data issues, “black box” 
problems, and ethical and legal concerns. How to leverage strengths while 
mitigating weaknesses, achieve clinical translation of technology, and serve 
patients more effectively deserves our deep reflection. This article reviews the 
specific applications and challenges of multi-omics methods in lung cancer 
research and personalized treatment.
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1 Introduction

Lung cancer is one of the most common cancers in the world and one of the main causes 
of cancer death. According to GLOBOCAN 2020 statistics (Sung et al., 2021; Li C. et al., 
2023), there are about 2.2 million new cases of lung cancer worldwide every year, 
accounting for 11.4% of all new cancers. The number of deaths caused by lung cancer 
is about 1.8 million, accounting for 18% of all cancer deaths. Consequently, lung cancer 
carries a substantial disease load (Bray et al., 2024; Zhou et al., 2024), leading to highly 
critical public health issues. There’s an immediate need to hasten comprehensive research 
and accurate lung cancer therapy, aiming to lower lung cancer deaths and enhance patient 
quality of life.

Faced with such a significant challenge, the evolution of multi-omics technology has 
been progressing steadily. Multi-omics technology studies the characteristics, changes, and 
life activity patterns of organisms at a holistic level. It overcomes the limitations of single- 
omics approaches by uncovering information contained in multi-dimensional data, 
revealing regulatory relationships between molecules or cells, as well as the intrinsic 
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laws and operational mechanisms of living organisms (He X. et al., 
2023). It includes genomics, transcriptomics, proteomics, 
metabolomics, radiomics, and other technologies, which can 
reveal the molecular characteristics and related mechanisms of 
tumors from many aspects and different dimensions. It can help 
people better understand the path of tumor occurrence, 
development, and metastasis, and provide a new perspective for 
understanding tumors. For example, Zhang et al. elucidated the 
prognostic significance of mitochondrial-related genes in lung 
adenocarcinoma through transcriptomic and single-cell RNA 
sequencing data. They classified lung adenocarcinoma into 
distinct molecular subtypes, developed an AI-based prognostic 
model, and validated its accuracy across multiple datasets. 
(Zhang et al., 2024). Li et al. integrated genomics, 
transcriptomics, proteomics, and pathology to uncover the 
mechanisms behind poor prognosis in solid-predominant 
adenocarcinoma (linked to reduced TTF-1 and Napsin-A 
expression levels and increased microenvironmental resistance), 
while also highlighting the potential of immunotherapy in this 
subtype. (Li F. et al., 2023). Li et al. identified PSMD12, a key 
gene associated with brain metastasis in lung adenocarcinoma, 
through tumor mRNA expression profiling, which was further 
validated using single-cell RNA sequencing data and spatial 
transcriptomics. (Li et al., 2025). These findings collectively 
demonstrate the widespread use of multi-omics approaches in 
scientific research. By integrating multi-omics technology, we are 
able to precisely diagnose lung cancer early and develop intervention 
strategies, gain a profound insight into lung cancer’s drug resistance, 
and lay a robust theoretical and practical foundation for targeted 
medical practices. This article reviews the specific applications and 
challenges of multi-omics methods in lung cancer research and 
personalized treatment. (Figure 1).

2 Genomics

The definition of genomics was proposed by Thomas H. 
Roderick, an American geneticist, in 1986. It is a science that 
uses a variety of methods, integrates multiple disciplines, and 
analyzes, explains, compares, and functionally identifies the 
genomic information of organisms through measurement. It can 
be divided into functional genomics, structural genomics, 
epigenomics, population genomics, metagenomics, etc. (Gordon, 
2002; Kadakkuzha and Puthanveettil, 2013) With the emergence of 
genomics, the next-generation sequencing technology (NGS) has 
gradually replaced the traditional sequencing methods (Goodwin 
et al., 2016) due to its characteristics of high speed, low cost, high 
throughput, high sensitivity, and so on, making it more crucial in 
cancer research and targeted medical practices.

The genomic alterations of lung cancer with feasible targeted 
therapy discovered by genomics make lung cancer management 
have broad prospects. Among them, driver gene mutations have the 

greatest clinical significance as they can promote the proliferation of 
tumor cells and complete the process of invasion and metastasis 
(Dan et al., 2024), including EGFR, KRAS, ALK, erbB2, BRAF, and 
other genes (Liu et al., 2017). Concurrently, genes that suppress 
tumors, including TP53, STK11, ATM, and APC, among others, also 
play a key role (Greulich, 2010). Knudson hypothesis (Valladares 
Ayerbes et al., 2008) believes that it requires the inactivation of both 
alleles to cause cancer. In addition, genomics also found some 
important copy number variations: the most common alteration 
is the increase of chromosome 5p (Witt, 2011). Chanida and 
colleagues (Vinayanuwattikun et al., 2016) identified two new 
focal alterations, namely, chromosome 12q14.1 containing the 
proto-oncogene agap2 and chromosome 16p12.1 containing the 
potential proto-oncogene RBBP6. Alterations in gene dosage could 
lead to the occurrence and development of tumors.

At present, there are still some potential therapeutic targets for 
non-small cell lung cancer (NSCLC). Nectin-4 is a cell adhesion 
molecule involved in tumor adhesion, proliferation, and metastasis 
(Nikanjam et al., 2025). It can be expressed on the cell membrane or 
cytoplasm, yet its expression is minimal in healthy tissues (Li K. 
et al., 2024). Nectin-4 overexpression exists in about 60% of NSCLC 
(Challita-Eid et al., 2016), and its amplification is observed in 
roughly 5%–10% of lung and breast cancer cases (Klümper et al., 
2024). Enfortumab vedotin is a targeted drug currently used for 
Nectin-4 mutation treatment. In a phase II clinical trial (Muro et al., 
2025), 6 of 43 non-adenocarcinoma patients finally achieved partial 
remission, but the results did not meet the expected anti-tumor 
activity. There is an immediate need for more comprehensive 
research. The folate transporter protein, Folate Receptor α (FRα), 
promotes tumor cell metabolism by providing folate and enhances 
folate uptake in cancer tissues (Liu et al., 2025). It has a strong ability 
to distinguish the histological types of lung cancer, showing a 74% 
positive rate in adenocarcinoma and 13% in squamous cell 
carcinoma (Tamura et al., 2020). Researches indicate that among 
lung adenocarcinoma patients undergoing surgical treatment, high 
expression of FRα is associated with improved overall survival 
(O’Shannessy et al., 2012). Some studies have also shown that 
FRα is associated with the pathways of some tumors. Hansen 
et al. (2015) found that folic acid activated the proto-oncogene 
STAT3 through FRα in a JAK-dependent manner, in which 
gp130 was the transduction receptor of this pathway.

Currently, tissue biopsy remains the primary method for 
diagnosing lung cancer and helps in classifying tumor subtypes, 
which guides treatment decisions and prognosis for cancer patients. 
The available chemotherapy and targeted drugs have significantly 
boosted survival rates for lung cancer patients. Because of the 
disadvantages of tissue biopsy, such as invasiveness, high cost, 
and long reporting time, liquid biopsy came into being. Due to 
its small trauma, convenient access to materials, and good patient 
compliance, it is receiving more and more research. Notably, tumor 
samples obtained through tissue biopsy can only represent a part of 
the lesion and do not fully reflect tumor heterogeneity and 
metastatic potential. This method gathers information about 
tumors by detecting the patient’s body fluids, mainly detecting 
circulating tumor DNA (ctDNA), circulating tumor cells, and 
exosomes (Pantel and Speicher, 2016; Ren et al., 2024). The body 
fluid includes blood, saliva, sputum, urine, pleural effusion, 
cerebrospinal fluid, bronchoalveolar lavage fluid, etc., but blood 

Abbreviations: NGS, Next-generation sequencing technology; NSCLC, Non- 
small cell lung cancer; FRα, Folate Recepator α; ctDNA, Circulating tumor 
DNA; MS, Mass spectrometry; ROI, The region of interest; AI, Artificial 
intelligence.
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is the most commonly used body fluid (Li et al., 2022; Li L. et al., 
2024). The initial application of liquid biopsy involved genotyping 
individuals with EGFR mutation positivity and advanced NSCLC 
(Kwapisz, 2017). Wu et al. (2015) found a 98.2% specificity in 
identifying EGFR mutations through ctDNA, with a sensitivity 
rate of 76.7%. As technology advances, the use of liquid biopsy 
has diversified increasingly. A study on ctDNA-MRD found that 
(John et al., 2024), the median time of MRD event positivity in 
patients in osimertinib and placebo groups was 4.7 months earlier 
than that of DFS event at the follow-up of 3 years, indicating that 
ctDNA has a certain ability to evaluate whether tumor recurrence. 
Another trial also showed that (Bazan Russo et al., 2025), the better 
prognosis of osimertinib alone and osimertinib combined with 

chemotherapy was related to the early clearance of plasma EGFR, 
which also indicated the prognostic role of ctDNA. In addition, the 
detection of methylation features on ctDNA was used for early 
screening of lung cancer. He J. et al. (2023) employed image features 
and ctDNA methylation features to establish a model to predict the 
benign and malignant lung nodules, with an AUC of up to 0.91. 
Wang Z. et al. (2023) detected methylation sites on ctDNA by PCR 
techniques, and the detection rate of lung cancer reached 90.6%.

Genomics is relatively mature at present, with rich application 
scenarios and targeted drugs for different sites are widely used in 
clinical practice. It should be noted that, in addition to the targets we 
are familiar with, the targeted drug effect of emerging targets does 
not seem to be ideal. Whether more targeted drugs can be developed 

FIGURE 1 
The Processes and Applications of Multi-omics Approaches. This figure consists of four components: (1) We can obtain clinical information, such as 
tumor tissue, blood samples, and imaging data from lung cancer patients; (2) Different sample types correspond to different omics analysis methods. 
Genomics, transcriptomics, and proteomics can be used to analyze tumor tissues. Genomics, transcriptomics, proteomics, and metabolomics can be 
used to analyze plasma, and radiomics can be used to analyze image data; (3) Discovery of biomarkers and construction of models through analysis 
of multiple-omics data; (4) Clinical application of multi-omics approaches.
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to prolong the survival period of patients and improve the quality of 
life is a challenge currently. Furthermore, for liquid biopsy, the low 
level of plasma ctDNA, the DNA noise of non-tumor cells, and the 
influence of cell aging will limit this non-invasive diagnosis and 
treatment technology. How to balance the advantages and 
disadvantages is a problem we should think about.

3 Proteomics

Australian scientist Marc Wilkins introduced the concept of 
proteome in 1994 (Tyers and Mann, 2003; Manfredi et al., 2019), 
encompassing all proteins an organism produces. Proteomics is the 
science that studies the interaction and change rules of all proteins in 
the organism (Abbasian et al., 2022). Proteomic detection 
techniques such as immunoblotting and gel electrophoresis are 
employed, but they have low flux and high complexity. With the 
development of technology, mass spectrometry (MS) has become 
the main detection method now. MS purified the protein from the 
organism using diverse methods first, followed by its separation via 
capillary electrophoresis or liquid chromatography. Charged ions 
will be produced by the separated protein in the chromatograph. 
The mass-to-charge ratio of these ions is measured to create a mass 
spectrum, so as to match with various proteins. This step is also the 
core principle of MS (Messner et al., 2023).

Proteomics is capable of exploring the protein changes related to 
the occurrence and evolution of lung cancer. These markers have 
great potential in the early diagnosis and treatment, therapeutic 
effect, and prognosis evaluation of lung cancer. In terms of 
diagnosis, a study on early NSCLC lung adenocarcinoma patients 
in the Philippines (Dimayacyac-Esleta et al., 2025) discovered 
6240 differentially expressed quantitative proteins and finally 
identified 33 proteins with potential as biomarkers, providing 
new ideas for drug development. Chen et al. (2022) also showed 
that the overall survival period of patients with GAPDH, RAC1, 
ATCR2, and other protein-positive lung adenocarcinoma was 
remarkably long compared to those with negative expression. 
These proteins with significant changes in plasma can be used as 
new markers for early screening of lung cancer. In terms of 
therapeutic effect, Böttger et al. (2019) determined three markers, 
UGGT1, COL6A1, and MAP4, to predict the treatment response of 
NSCLC patients to cisplatin; Suwinski et al. (2019) and others found 
that osteopontin significantly affected the overall survival of 
squamous cell carcinoma patients receiving radiotherapy and 
chemotherapy, while erythropoietin and vascular endothelial 
growth factor had a greater impact on the overall survival of 
adenocarcinoma patients. In terms of classification and 
prognosis, Huo et al. (2024) used proteomics techniques to 
analyze paraffin samples of small cell lung cancer patients post- 
surgery, and classified them into three types based on different 
clinical outcomes and treatment responses. Findings indicated that 
proteomic subtype was an independent prognostic factor, which 
performed better than TNM staging and could guide the direction of 
precise treatment. Song et al. (2024) reported five lung cancer 
subtypes through the analysis of the South Korean NSCLC 
cohort. Subtype 4 is characterized by activation of the PI3K-Akt 
signal pathway, which is related to poor prognosis and high- 
frequency metastasis, but not to histological type. TIMP1 is a 

tumor-secreted protein. Research has found that (Dantas et al., 
2023) its high expression is closely related to the poor prognosis of 
lung cancer patients. Lu and colleagues (Lu et al., 2024) established a 
model through five markers, ADAM10, MIF, TEK, THBS2, and 
MAOA, to predict the relapse-free survival period and overall 
survival period in stage I lung adenocarcinoma patients. Patients 
with elevated scores have a poor prognosis (with a risk ratio of 8.28).

Glycoproteomics is an important branch of proteomics. 
Glycosylation is the most common way of post-translational 
modification of proteins. Glycosylation levels are indicative of the 
body’s physiological and pathological functions, disease progression, 
and prognosis, and have a profound impact on the pathological 
spectrum of cancer (Lin et al., 2020; Lin and Lubman, 2024). The 
study on patients in the Philippines (Alvarez et al., 2023) showed a 
notable rise in the relative abundance of mannose and sialofucosylated 
N-glycans in tumor tissue, which was significantly increased, indicating 
the role of abnormal glycosylation in lung cancer. Zhang et al. (2025)
discovered that glycoprotein CDCP1 can be selectively loaded into 
extracellular vesicles, which may be a key step in lung cancer metastasis 
and a target for anti-metastasis research. Additional research has 
indicated that (Zhao et al., 2024) brain metastasis of lung 
adenocarcinoma can be divided into two subtypes according to 
glycosylation status, and N-glycosylation plays an important role in 
tumor progression. Besides the exploration of markers, Zeng et al. 
(2021) found that N-glycosylation reduced the resistance of cells to 
cisplatin, thereby reducing the ability of cell invasion and metastasis, 
providing new ideas for cisplatin resistance. Similarly, Alvarez et al. 
(2022) found a glycoprotein inhibitor, pictilisib. The determination of 
lung cancer cells treated with pictilisib showed that the protein 
expression involved in cell apoptosis was upregulated, while the 
protein involved in mRNA processing and protein translation was 
downregulated, suggesting that pictilisib may be a potential drug for 
lung cancer treatment.

The above research shows that proteomics is of great significance 
and has broad prospects in cancer research and precision treatment. 
However, there are still several problems. Currently, the majority of 
research projects are characterized by a limited number of participants 
and a single patient group, so the universality of the research findings 
remains a topic for debate. In terms of glycoproteomics, current 
research focuses on N-glycosylation, with little research on 
O-glycosylation due to the lack of an enzyme capable of 
decomposing all O-glycans (Wilkinson and Saldova, 2020), butO- 
glycosylation also plays an important role in protein stability, signal 
transduction, immune response, etc. (Chia et al., 2016). In the field of 
lung cancer, the discovery of O-glycans is mainly due to the low 
expression level of glycosyltransferase in cancer cells, and truncated 
O-GalNAc polysaccharides containing O-GalNAc (Tn antigen) or 
sialylated O-GalNAc (sTn antigen) are more common. (Doud and 
Yeh, 2023). Tn antigen mediates tumor metastasis, while sTn antigen 
acts on tumor development. (Zhang et al., 2022). The above questions 
indicate a need for more in-depth investigation into proteomics to 
ensure its significant clinical application.

4 Metabolomics

Metabolomics is a science developed after genomics and 
proteomics. It mainly studies small molecular substances such as 
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sugars, lipids, amino acids, nucleotides, etc., that have a molecular 
weight below 1000 daltons. The physiological or pathological 
process of an organism at a certain stage can be described by 
analyzing the difference or enrichment of these metabolites 
(Clish, 2015; He B. et al., 2022). Metabolomics research methods 
include nuclear magnetic resonance, liquid chromatography, and 
gas chromatography tandem mass spectrometry. The nuclear 
magnetic resonance technology has a limited detection scope and 
suffers from low resolution and sensitivity, but the preprocessing of 
the technology is simple and nondestructive. Mass spectrometry is 
difficult to identify new substances, nor is it suitable for the detection 
of thermally unstable and volatile substances. However, it stands as a 
commonly employed technique for detection, renowned for its 
exceptional sensitivity, detailed resolution, and high throughput. 
(Beckonert et al., 2007; Telu et al., 2016; Ovbude et al., 2024).

The energy metabolism of tumor cells is relatively special. When 
oxygen levels are adequate, tumor cells will still use glycolysis to 
generate energy, that is, aerobic glycolysis, also known as the 
Warburg effect (Vander Heiden et al., 2009). During glycolysis 
and the circulation of tricarboxylic acid, a rise in pyruvate levels 
suppresses the body’s immune reaction and promotes tumor cell 
growth (Hensley and DeBerardinis, 2015). The transformation of 
pyruvate into lactic acid will increase the internal environment’s 
acidity, thereby suppressing the immune reaction and facilitating 
tumor penetration. So it is also a mechanism for the occurrence and 
development of lung cancer (Choi et al., 2013). The glucose 
metabolism pathway of lung cancer is significantly abnormal 
(Liang et al., 2024). The significant increase of pyruvate 
dehydrogenase kinase can promote the Warburg effect in tumor 
cells, presenting a potential therapeutic target (Zhang et al., 2018). 
However, some studies have shown that tumor cells have the ability 
to choose different ways to generate energy according to 
environmental changes. Under hypoxic conditions, the glycolysis 
mode is dominant, while when the oxygen content is sufficient, the 
mode of oxidative phosphorylation is significantly upregulated 
(Gonzalez et al., 2023; Zhou et al., 2023). This finding indicates 
that in the treatment of lung cancer, it may be necessary to combine 
multiple metabolic pathways for targeted treatment (Cai H. 
et al., 2025).

Lipid metabolism is another important pathway in the evolution of 
lung cancer. Godzien et al. (2023) revealed an increase in 
lysophosphatidic acid levels in lung squamous cell carcinoma 
sufferers, alongside a rise in oxidized phosphatidylcholine levels in 
those with adenocarcinoma. Oxidized phosphatidylcholine is related to 
the mitosis of vascular endothelial cells and can promote tumor 
angiogenesis, hinting at a prospective therapeutic path. Wang et al. 
(2025) selected six lipids building models to predict early-onset lung 
cancer, with an AUC of 0.874, which is a new breakthrough in lung 
cancer screening. Another study (Guan et al., 2023) included 
370 patients with benign nodules and 478 patients with lung 
cancer, and screened for carnitine and a variety of amino acid 
markers. Carnitine can transport fatty acids from the cytoplasm to 
mitochondria to form acylcarnitine, which can reflect the development 
of lung cancer. Jiang et al. (2024) determined the efficacy (disease 
control or disease progression) of six lipids in predicting chemo- 
immunotherapeutic response in patients with advanced NSCLC. The 
AUC of the model established by combining clinical factors is 0.87, 
providing a framework for the precise treatment of lung cancer.

The disorder of amino acid metabolism is a prominent feature of 
lung cancer. Histidine has an anti-inflammatory effect, and it can be 
transformed into histamine under the inflammatory effect of the 
tumor microenvironment. Histamine participates in the 
proliferation, metastasis, and stimulation of the immune response 
of tumor cells (Medina and Rivera, 2010). Histidine is also involved 
in nucleotide synthesis, offering a genetic foundation for tumor cell 
proliferation (Tong et al., 2009). Serine and glycine are two 
nonessential amino acids. Tumor cells have the ability to 
enhance the activity of phosphoglycerate dehydrogenase, which is 
involved in the synthesis of serine and glycine, relating to tumor 
growth and poor clinical outcomes of patients (Zhu et al., 2016). 
These two amino acids can also participate in the synthesis of 
glutathione, which can maintain the redox homeostasis in cells. 
So tumor cells can survive against oxidative stress when the 
metabolic rate of serine and glycine increases (He L. et al., 2022). 
Betaine, a kind of trimethylglycine, is a metabolite of choline and a 
methyl donor. It can inhibit the activation of inflammatory bodies, 
reduce endoplasmic reticulum stress, and tumor progression (Zhao 
et al., 2018). In the study of Shang et al. (2024), eight metabolites 
were selected to distinguish healthy people, patients with lung 
adenocarcinoma, and patients with lung squamous carcinoma, 
including 3-phosphate serine, d-lysine, leucine, and others. The 
increase of these metabolites indicates the specificity of lung cancer 
subtypes and the special metabolic reprogramming mode in lung 
squamous carcinoma (Chen et al., 2025).

Metabolomics, as a new discipline developed in the post- 
genomic era, has helped us deepen our understanding of another 
dimension of the disease process. Compared with genomics and 
proteomics, it has many advantages, such as a small amount of data, 
easy detection, and simple analysis. Despite extensive research in 
metabonomics, the role of cholesterol metabolism in the progression 
of lung cancer is still unclear. Various research indicates significant 
differences in cholesterol levels among lung cancer patients, 
warranting contemplation on the causes of this variation and 
offering insights for upcoming metabolomics studies.

5 Radiomics

Radiomics can extract both quantitative and qualitative features 
from image data, especially those high-dimensional features that are 
difficult to capture with the naked eye, so as to assist clinicians in 
making clinical decisions (Kumar et al., 2012; Lambin et al., 2012). 
The basic process of radiomics mainly includes: first, image pre- 
processing, that is, image data cleaning, discretization, 
normalization, etc., to reduce background noise interference; 
Then image segmentation is carried out to outline ROI; The next 
step is to continue to extract radiomics features from ROI for 
screening and dimension reduction, and finally build and verify a 
prediction model (Zhou et al., 2020; Shur et al., 2021).

The traditional radiomics mostly relies on manual delineation of 
the region of interest (ROI). Particularly in the past few years, 
advancements in artificial intelligence (AI) have enabled the 
integration of radiomics and deep learning, leading to the 
automation and enhanced intelligence of the entire process, now 
a primary focus in research (Zhang and Zhou, 2023). AI is a 
technology based on computer science that integrates multiple 
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disciplines. It can mimic human responses and is a broad concept. In 
short, it allows machines to complete tasks that typically require 
human intelligence. Radiomics is a product of the intersection of 
medicine and engineering, using intelligent methods to solve clinical 
problems. (Pei et al., 2022). At present, machine learning and deep 
learning are mainly used for model construction. Machine learning 
is the process of using different algorithms to search for patterns 
from massive amounts of data, and to predict or describe new data 
by finding mapping relationships. Deep learning is a subset of 
machine learning, with its core being neural network structures. 
The length of these network structures is called the depth of the 
model, hence the name “deep learning”. Compared to machine 
learning, deep learning is better at processing “advanced features” 
such as images, speech, and text. (Choi et al., 2020) (Figure 2).

Radiomics is extensively employed in lung cancer diagnosis. In 
terms of the detection of pulmonary nodules and the prediction of 
benign and malignant nodules, Hu W. et al. (2024) trained the AI 
model through 506 CT images of pulmonary nodules and found that 
the accuracy of AI (the AUC is 0.88) exceeded that of clinicians (the 
AUC is 0.84 at most). Zhu and Fei (2025) employed the Cross-ViT 
network for feature extraction via two separate branches, achieving a 
91% accuracy rate in classifying benign and malignant nodules on 
the LUNA16 dataset, superior to the majority of other classification 
techniques. Naseer et al. (2023) used a U-Net neural network to 
segment lung lobes and extract nodules, and the revised model 
achieved nearly 98% accuracy in nodule classification. In terms of 
pathological prediction of lung cancer, Boubnovski Martell et al. 
(2024) combined radiomics and metabolomics, and the final model 
achieved an F1 score of 0.78 in the identification of histological 
categories (normal tissue, adenocarcinoma, squamous cell 
carcinoma). Tyagi and Talbar (2023) used a multi-level 3D depth 
convolution neural network along with three classifiers for 

predicting TNM stages, and conducted asymmetric convolution 
under each stage label, achieving a total classification precision of 
97%. Wang X. et al. (2023) combined genomics and radiomics to 
distinguish adenocarcinoma and squamous cell carcinoma, 
explaining the relationship between 26 gene mutation sites and 
these two subtypes, making the model interpretable. On the 
prediction of gene mutation, Lu et al. (2025) combined clinical 
data and image data to predict the expression of PD-L1 in NSCLC 
patients, and the AUC reached 0.85. Hashimoto et al. (2024)
extracted 3951 radiomics information by analyzing the 
characteristics of tumor interior, tumor margin, and tumor 
periphery. In cases where a biopsy is unfeasible or the presence 
of a PD-L1 mutation remains undetermined, this model serves as an 
effective supplementary tool. Mahajan et al. (2024) enrolled 
990 patients with lung adenocarcinoma in the preoperative image 
data. They extracted the radiomics characteristics and established a 
model to predict the EGFR mutation state, with an AUC of 0.88. Cao 
et al. (2025) used MRI data to predict EGFR mutations in NSCLC 
patients with brain metastases, and the AUC reached 0.93, which 
can provide direction for clinical decision-making.

Radiomics can also be used in the personalized treatment of lung 
cancer. In terms of lung nodule management, Landy et al. (2023)
analyzed CT images of patients with suspected non-malignant 
nodules, enabling early screening and precise identification of 
low-risk nodules, along with the development of suitable follow- 
up strategies for them. In terms of efficacy prediction, Yang et al. 
(2025) combined clinical and pathological images with CT to predict 
the targeted therapeutic sensitivity of EGFR mutation in lung 
adenocarcinoma patients, and the AUC reached 0.84. Cai F. et al. 
(2025) predicted the treatment response of advanced NSCLC 
induction therapy by combining the extracted features of 
intratumoral and peritumoral regions with different algorithms, 

FIGURE 2 
The Process of Radiomics. This figure consists of three components: (1) Input patient’s imaging data into the machine; (2) Machine Learning Model 
Method: segment the tumor site, delineate the ROI, select features, and finally construct a model; (3) Deep Learning Model Method: filter features through 
neural networks, classify and summarize features, and finally achieve result prediction.
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and the AUC was up to 0.93. Ventura and colleagues (Ventura et al., 
2023) divided advanced NSCLC patients into two groups: one 
focusing on disease progression and the other on disease stability 
or remission in response to CKI-based chemotherapy and 
immunotherapy. The accuracy predicted by the median and 
skewness features was 0.75. In terms of prognosis prediction, 
Shimada et al. (2022) extracted 22 features to predict the 
probability of early recurrence in 0-IA stage NSCLC patients 
within 2 years after surgery, finding that features such as CT 
standard deviation, proportion of solid components, and 
bronchial translucency were associated with the patient’s relapse- 
free survival. The integrated learning model built by Gong et al. 
(2024) can predict the risk of brain metastasis in patients with 
advanced NSCLC, achieving an AUC of 0.91. The FAIS model 
established by Wang et al. (2022) can predict the efficacy of EGFR- 
TKI prognosis, achieving an AUC of 0.813, and it can identify 
patients with a high risk of TKI resistance.

Radiomics technology, especially the addition of AI, has brought 
a qualitative leap to the field of clinical medicine. It can assist doctors 
in making diagnosis, and even provide a treatment plan for 
reference, and consequently reduce the clinical burden of medical 
workers. In the future, AI is expected to develop into a big language 
model to assist clinical work more scientifically, intelligently, and 
accurately through human-computer interaction. However, at 
present, the number of models available for developing surgical 

strategies is limited, and there’s also a notable lack in predicting rare 
gene mutations. How to integrate multi-dimensional data of patients 
to develop a comprehensive prediction model may also be one of the 
research directions of precision medicine in the future.

6 Challenges faced by multi-omics 
approaches

At present, the combined analysis of multi-omics methods plays 
an increasingly important role in cancer research and precision 
medicine, and has become the mainstream trend. However, multi- 
omics technology also faces many challenges. (Figure 3).

The first is data integration and repeatability. Data acquisition is 
the first challenge faced by the multi-omics method. Missing values 
are inevitable in this process. Contemplating the appropriate 
interpolation technique to adequately fill the data, minimize 
mistakes, and guarantee the precision of the ensuing analysis is 
valuable. Currently, the integration methods of multi-omics data 
include early, middle, and late integration. The early integration is to 
directly merge the data of different omics, also known as input layer 
or feature layer integration. This is the simplest integration method 
that can extract baseline features, but this will lead to the expansion 
of background noise and a latitude disaster. At the same time, data 
from different modalities must be aligned. The medium-term 

FIGURE 3 
Challenges and Solutions Faced by Multi-omics Approaches. The inner circle points out the current challenges, and the outer circle provides 
corresponding solutions.
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integration requires independent processing of each set of data 
before merging. It can retain the relationship between different 
omics data, with the interaction analysis being more prominent. The 
processing depth of each set of data can also be customized, and 
there are multiple architectures to choose from. But the complexity 
of the algorithm is relatively high, making it difficult to find the 
optimal depth for processing each set of data, which can lead to the 
loss of certain features. The late integration is completely opposite to 
the early integration. It analyzes the data of different omics first and 
then integrates the results. It can be trained in each modality, but it 
weakens the interaction of different omics (Baltrusaitis et al., 2019; 
Chakraborty et al., 2024; Gao and Tang, 2025; Mena et al., 2025). If 
omics data is missing, the entire omics system needs to have 
robustness to ensure that other modalities can still make 
predictions. We must confront the issue of determining the 
integration mode that minimally affects test outcomes. At 
present, there are various methods or platforms available for 
processing multi-omics data, such as the Bayesian method, fusion 
method, similarity-based method, etc., as well as platforms such as 
CGDV80 and SLIDE. However, there are significant differences in 
format between different methods or platforms, and there is also a 
lack of appropriate filtering criteria for data preprocessing. 
Therefore, we need to build a platform for joint analysis of 
multiple datasets. (Jha et al., 2017; Subramanian et al., 2020). 
Besides, most studies are single-center studies and have a small 
sample size. For example, in the multi-omics studies provided by 
TAO for non-invasive detection of gastrointestinal cancer, only 
42 individuals had four types of omics data, and 84 individuals 
had three types of omics data (Tao et al., 2023); Hu et al. only 
included 100 patients with renal clear cell carcinoma for analysis, 
such as whole exome sequencing and whole transcriptome 
sequencing. (Hu J. et al., 2024). In addition, the different 
collection, transportation, storage, processing, and operating 
procedures of tumor tissue samples, as well as the different data 
integration and analysis methods, bring about the problem of data 
repeatability. Different scripts and analysis software, and many 
studies that do not describe parameter allocation and analysis 
methods, make many researches difficult to replicate, which is 
also a problem we need to solve.

Data standardization and clinical analysis are the second 
problem. Different omics methods differ in their measurement 
methods, units, and data formats. Genomics data includes gene 
sequence data, single-nucleotide variation, copy number variation, 
etc., while proteomics data is mainly protein expression level or 
post-translational modification data, and metabolomics is mainly 
presented in the concentration of metabolites, making 
standardization and normalization processing complex. Even if 
using the same measurement method, the data measured at 
different times, different places, and even different people may 
cause differences in results. Known as the batch effect, this 
phenomenon can escalate the occurrence of false positives or 
negatives, leading to significant errors in experiments. On the 
other hand, it is also a challenge to transform the experimental 
findings of multi-omics approaches into meaningful clinical 
conclusions. Multi-omics analysis explains a complete patho- 
physiological process. How to connect it with known markers 
and targets is still an unresolved problem (Sahu et al., 2025). 
Some experts also pointed out that tumor heterogeneity will lead 

to differences in multi-omics data, but multi-omics analysis can only 
find average signals, and the analysis of heterogeneity is not obvious 
(Feng et al., 2025).

The third is the “black box” problem. The “black box” problem 
of AI has been criticized for a long time. Failing to solve the “black 
box” issue will render AI unsafe and untrustworthy. The logic form 
of AI uses numbers as the carrier and runs through different 
algorithms. It is difficult to explain how it comes to a conclusion. 
In deep learning, there are a large number of hierarchical progressive 
neural networks. In the first layer of the network, the model only 
processes basic features such as size, color, and shape. In subsequent 
networks, the model recombines or extracts features from the 
previous layer to form more complex high-dimensional features 
that humans often cannot understand. (Aravazhi et al., 2025) 
.Therefore, the mathematical logic behind each operation of AI 
cannot be reproduced by human beings, and we will not know what 
AI is doing. To understand the decisions behind artificial 
intelligence, it is necessary to trace back to the trillions of 
parameter changes and cascading reactions inherent in the 
model, which is an unattainable process. For example, there may 
be deception tests in the model training. AI knows the answers that 
the inputters want to get, resulting in the expected output every time, 
but in the actual test, AI will give completely opposite answers. In 
clinical practice, explaining the principle of AI’s answer to patients 
has become an urgent problem to be solved.

Ethical and legal concerns are the fourth aspect. Multi-omics 
research will inevitably include a large amount of patient privacy 
data, and it’s impossible for data to be entirely anonymous. Once 
data leakage occurs in the process of receipt, storage, analysis, and 
sharing, patients’ privacy will be violated, posing a big challenge in 
data protection. Furthermore, multi-omics data may be repeatedly 
used for a long time, and patients’ informed consent is complex. It is 
also a challenge to explain the use and risks of multi-omics 
technology to patients and other non-professionals in terms of 
communication. For example, according to reports, in 2019, the 
National Cerebral and Cardiovascular Center in Osaka, Japan 
discovered 158 cases of using patient data for research without 
going through the normal established procedures, of which 2 cases 
were also published in papers. In these cases, patients were not given 
the opportunity to refuse to participate in the study, which violated 
their right to informed consent; In 2015, the Philippines approved 
the use of dengue fever vaccine, but the vaccine company stated at 
the end of 2017 that the vaccine could cause serious illness in healthy 
individuals. This is a government regulatory loophole, where 
companies disguise clinical trials as public health programs, 
prompting us to strengthen project transparency and evaluation 
standards. Certainly, the wrong interpretation of the omics data may 
lead to missed diagnosis, misdiagnosis, or even improper treatment 
plans. Under this kind of medical accident, there is controversy 
about how to divide the specific responsibilities.

The fifth is the issue of economic costs. The price difference for 
different types of testing is substantial, with multi-gene testing 
costing around 2000-5000 yuan, while whole-exome or whole- 
genome sequencing costs between 18000-50000 yuan. The price 
of multi-omics combined testing is higher: the price of genome 
combined single-cell transcriptome sequencing is approximately 
80,000 to 120,000 yuan per sample. The cost of single-cell 
ATAC-seq combined genome sequencing, suitable for epigenetic 
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and genomic association analysis, can reach up to 100,000 to 
150,000 yuan. Besides, the sample type also has a certain impact 
on the price. Blood sample processing is relatively simple, while 
tissue samples require dissociation, purification, and nucleic acid 
amplification, which increases costs by 30%–50%; FFPE samples 
require special preprocessing, and the cost per sample will also 
increase. Therefore, multi-omics methods can impose a heavy 
economic burden on patients. In addition, current medical 
insurance cannot cover all items, and the reimbursement ratios 
for different items are also different. Under such pressure, patients 
may choose low-priced but not comprehensive testing plans, or even 
give up such plans. This not only affects the quality of life of patients, 
but also reduces the practical application value of multi- 
omics methods.

7 Conclusion

At present, the field of multi-omics technology is extensively 
involved in diverse medical research areas and holds significant 
potential. AI’s advancement has infused it with fresh energy. The 
biomarkers and patho-physiological mechanisms discovered by 
the multi-omics technology have made great achievements in the 
early detection of pulmonary nodules, the early diagnosis of lung 
cancer, the development of treatment plans, the prediction of 
therapeutic effect, and prognosis. They can help doctors make 
diagnosis to a certain extent, timely observe the changes in 
patients’ condition, and adjust the treatment plan, providing 
new methods, new insights, and new ideas for lung cancer 
management. However, the standardization, analysis, and 
integration of omics data, how to achieve clinical 
transformation, the “black box” problem of AI, and the ethical 
and legal issues of scientific research are all inevitable challenges. 
Currently, multi-omics technologies are increasingly used for 
dynamic disease monitoring, overcoming the delays of 
traditional methods and tracking molecular changes in tumor 
development, progression, and treatment response. For example, 
genome monitoring can detect early gene mutations (such as 
EGFR, ALK, etc.) in lung cancer to enable early diagnosis and 
intervention. During treatment, monitoring the expression levels 
of PD-L1 and tumor-specific metabolites helps assess disease 
progression. Additionally, targeting specific mutations (like 
T790M) guides therapy choices and aims to extend patient 
survival. In addition, single-cell multi-omics technology is 
becoming the current trend of development. It can obtain 
multidimensional information from the level of individual cells, 
breaking through the shortcomings of traditional techniques that 
are difficult to solve cell heterogeneity. It can identify rare cells, 
distinguish differences in different cell subpopulations, and avoid 
research biases that are one-size-fits-all. At the same time, it can 
shorten the target validation cycle by 3–6 months, accelerate basic 
scientific research and drug development processes, and promote 
efficient translation from experiments to clinical applications. It is 
believed that in the future, with the optimization and iteration of 
technology and continuous collaboration in multiple fields, multi- 
omics technology is expected to significantly reduce the mortality 
of lung cancer, improve the quality of life of patients, and reduce 
the burden of cancer.
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