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Background: Tumor microenvironment (TME) cells constitute a vital element of tumor 
tissues. Increasing evidence has shown that immune response in the microenvironment plays 
an active role in tumor invasion, metastasis, and recurrence, and is an important factor 
affecting tumor prognosis. Our study aimed to identify the gene signatures in lung adeno-
carcinoma (LUAD) microenvironment for prognosis and immunotherapy.
Methods: In this study, we evaluated, for the first time, the stromal and immune scores of 
594 patients from The Cancer Genome Atlas (TCGA) database with LUAD using the 
ESTIMATE algorithm. Three hundred and sixty-seven dysregulated immune-related genes 
were identified. Then, we performed functional enrichment analysis of these genes, and 
found the best gene model and construct the signature through univariate, Lasso and multi-
variate COX regression analysis. To assess the independently prognostic ability of the 
signature, the Kaplan–Meier survival analysis and Cox’s proportional hazards model were 
performed.
Results: Functional enrichment analysis and protein–protein interaction networks showed 
that the immune-related genes mainly played a role in immune response, activation/prolif-
eration of immune-related cells, and chemokine activity. A prognostic model involving 6 
genes was constructed and the signature was identified as an independent prognostic factor 
and significantly associated with the overall survival (OS) of LUAD. The area under curve 
(AUC) of the receiver operating characteristic curve (ROC curve) for the 6 genes signature in 
predicting the 3-year survival rate was 0.708. Finally, four genes (FOXN4, KLHL4, FAM83F 
and CCR2) can be used as candidate prognostic biomarkers for LUAD.
Conclusion: Our findings will help evaluate the prognosis of LUAD and provide new ideas 
for exploring the potential relationship between TME and LUAD treatment and prognosis.
Keywords: lung adenocarcinoma, tumor microenvironment, ESTIMATE algorithm, 
immune-related gene, prognosis signatures

Introduction
The tumor microenvironment (TME) is an integral part of the tumor, and is necessary 
in establishing a dynamic interaction with tumor cells. This interaction and dynamic 
communication acceleration can in turn affect the progress, metastasis, and recurrence 
of the tumor. TME is the cellular environment of tumor cells, and consists of extra-
cellular matrix, soluble molecules, and tumor stroma cells.1 In the TME, immune and 
stromal cells constitute the two major types of non-tumor components and have been 
proposed to be important in the diagnostic and prognostic assessment of the tumor. 
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Lung cancer is the leading cause of cancer-related death, 
whereas lung adenocarcinoma (LUAD), one of the main 
types of lung cancers, has an average 5-year survival rate of 
only 18%.2,3 Although molecular-targeted therapy has 
greatly enhanced the survival rate of patients, no targeted 
mutations have been identified in a large number of advanced 
LUAD patients. For these patients, the use of antibodies 
against immune checkpoints have demonstrated treatment 
activity and safety. A comprehensive immuno-genomic ana-
lysis of the TME based on the interaction between pro-
grammed death 1 (PD-1)/programmed cell death-ligand 1 
(PD-L1) and tumor-infiltrating lymphocytes (TILs) is critical 
in deepening our understanding of the underlying mechan-
isms and in guiding us in tailoring optimal immunotherapeu-
tic strategies.4,5 Therefore, it is particularly urgent to explore 
genetic markers of the LUAD microenvironment for prog-
nosis and immunotherapy.

The treatment of tumors has evolved to become very 
accurate due to clinical research and evidence-based med-
icine. The advances in molecular biology research and the 
development of next-generation sequencing (NGS) tech-
nology have promoted our understanding of cell and gene 
changes in the process of tumorigenesis and development, 
and have yielded more targeted and individualized treat-
ment choices. Researchers at home and abroad have used 
genome analysis as the main method to find new biologi-
cal targets for LUAD. A growing body of literature sug-
gests the crucial role of TME in cancer progression and 
therapeutic response,6 and the development of NGS pro-
vides an opportunity to systematically explore TME. Large 
collaborative projects, such as The Cancer Genome Atlas 
(TCGA) and International Cancer Genome Consortium 
(ICGC) have sequenced thousands of cancer genomes, 
thus improving our understanding of the molecular 
changes in the development of cancer.7,8 However, owing 
to small sample sizes and the lack of multi-omics data, few 
studies have been conducted on the genomic analysis of 
LUAD from the perspective of immunology. Since the 
RNA sequencing of tumor tissue usually also includes 
the sequencing of microenvironment cells, researchers 
have developed some expression profile-based estimations 
of the abundance of microenvironment cells in tumor 
tissue.9–11

To date, only one method, referred to as “Estimation of 
Stromal and Immune cells in Malignant Tumors,” that uses 
Expression data (ESTIMATE) has been described and can 
be used to score the stromal and immune fraction in tran-
scriptomic data of cancer tissues.12,13 ESTIMATE 

algorithm is based on single sample Gene Set Enrichment 
Analysis (ssGSEA) and generates three scores: stromal 
score, immune score, and estimate score. This algorithm 
has been successfully applied to prostate cancer,14 breast 
cancer15 and colon cancer.16 However, the relationship 
between the proportion of immune and stromal fraction 
and the survival of LUAD patients has not been thoroughly 
investigated. Therefore, it is necessary to establish an 
immune marker that can represent the immune status of 
TME and predict the prognosis of LUAD based on 
a series of immune-related genes.

Our study is based on the large-scale mRNA-seq data 
of LUAD tumor samples obtained from the TCGA data-
base, and for the first time, the fraction of stromal and 
immune cells in tumor tissues was scored using the 
ESTIMATE algorithm. The association between the 
ESTIMATE scores and patient survival data was assessed, 
and a list of microenvironment-associated genes that can 
predict poor outcomes in LUAD patients was extracted. 
Notably, we used the Cox model based on Lasso penalty 
and independent prognostic analysis to explore the core 
pathways and biomarkers involved in cancer progression.

Materials and Methods
Lung Adenocarcinoma Datasets and 
Pre-Processing
All the original data of lung adenocarcinoma were 
obtained from the TCGA database. RNA-sequencing data 
(FPKM values) were transformed into transcripts per 
kilobase million (TPM) values, since they more accurately 
resemble those resulting from microarrays and are more 
comparable between samples.17 The updated clinical data 
regarding gender, age, histological type, survival and out-
come information of TCGA-LUAD samples were down-
loaded from the TCGA data using R package 
TCGAbiolinks.18 Genes were annotated using the Ensembl 
online database.19 This study is in accordance with the pub-
lication guidelines provided by TCGA, and did not require 
the approval of the ethics committee.

TME Analysis of Lung Adenocarcinoma
LUAD microenvironmental gene scores have specific 
genomic and transcriptomic spectrums within the LUAD 
samples. ESTIMATE algorithm exploits the unique prop-
erties of the transcriptional profiles of cancer samples in 
order to infer the abundance of immune and stroma cells,13 

and is comprised of the following steps: 1) stromal and 
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immune scores were calculated using the ESTIMATE 
package in R (version2.15.3). ESTIMATE outputs stromal, 
immune and ESTIMATE scores based on ssGSEA. 2) We 
integrated LUAD clinical data to explore the relationship 
between immune score, matrix score and clinical stage. 3) 
Using the survival package in R, we discussed the relation-
ship between immune score, matrix score and survival. 
The ESTIMATE scores for each dataset were calculated 
and patients were divided into two equal groups of high or 
low ESTIMATE scores using median split. P < 0.05 was 
considered statistically significant.

Analysis of Differentially Expressed 
Genes (DEGs) Associated with the 
Immune and Stromal Scores in LUAD
Based on the immune and stromal scores, all samples were 
divided into either high- or low-content groups. DEGs 
among these two groups were determined using the 
R package limma,18,41 which implements an empirical 

Bayesian approach to estimate gene expression changes 
using the moderated Wilcox test, and visualized as heat-
maps using R software. Absolute log2-fold change > 1 and 
adj. p < 0.05 were set as the screening criterion. In addi-
tion, we used the Venn Diagram package of R to explore 
the TME-related genes that were dysregulated in both 
high- and low-score groups, and the results are presented 
as Venn Diagram.19,42

Functional Enrichment Analysis
Gene-annotation enrichment analysis using the clusterProfiler 
R package was performed on TME signature genes,20,43 

including the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) and Gene Ontology (GO) analysis. The results of 
GO analysis mainly consisted of three parts: biological process 
(BP), cellular component (CC) and molecular function (MF). 
GO and KEGG terms with p < 0.05 were considered statisti-
cally significant and we used the “Goplot” package in R to 
visualize the results.21,44

Figure 1 Immune scores and stromal scores are associated with LUAD stages and overall survival. (A) Distribution of immune scores and stromal scores in different stages. 
(B) Relationship between immune score, matrix score and survival of LUAD. 
Abbreviation: LUAD, lung adenocarcinoma.
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Protein–Protein Interaction (PPI) 
Network Construction and Topological 
Analysis
The PPI network was retrieved from the online 
STRING database22,45 and visualized using the 
Cytoscape software version 3.6.1.19,46 The cut-off cri-
terion was a confidence score ≥0.90. The degree of 
connectivity of each node of the network was calcu-
lated. The APP MCODE was used to identify the 
module with the highest connectivity and the hub 
genes from the PPI network were screened.

Dimension Reduction and Generation of 
TME Gene Signatures
The construction of DEGs associated with the TME meta-
genes was performed as follows: 1) Integration of the survi-
val time and status of LUAD clinical data with the expression 
level of DEGs. 2) Univariate Cox proportional hazard regres-
sion analysis was performed on DEGs using the survival 
package of R to obtain the prognostic value, and the genes 
with p<0.01 were selected for further analysis. 3) To achieve 
variable selection and dimension reduction, we put the 
expression data of DEGs with p<0.01 into the LASSO Cox 

Figure 2 Comparison of gene expression profile with immune scores and stromal scores in LUAD. (A) Clustered heatmaps of the DEGs in LUAD. The rows represent 
genes and columns represent samples. |log2FC| > 1, FDR<0.05. (B) Venn diagrams showing the number of commonly upregulated and downregulated DEGs in stromal and 
immune score groups.

submit your manuscript | www.dovepress.com                                                                                                                                                                                                                    

DovePress                                                                                                                          

Pharmacogenomics and Personalized Medicine 2021:14 18

Yao et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

http://www.dovepress.com
http://www.dovepress.com


regression. During this process, the penalty regularization 
parameter λ, was chosen using the cross-validation routine 
with a random 2000 and the R package “glmnet.” The value 
of lambda.min, the lambda value that yields the minimum 
mean cross-validated error, was calculated using R.20 4) 
The results of Lasso algorithm were used to perform 
a multivariate Cox proportional hazards regression analysis, 
and a prognostic model was established.

Prognostic Model Validation and 
Independent Prognostic Analysis
Each patient was given a risk score according to the risk 
model gene, and the corresponding median risk score was 
used as the boundary value, based on which the patients 
were divided into high-risk group and low-risk group. The 
survival differences between the two groups were calculated 
using the Kaplan–Meier and Log rank test. Moreover, using 
the survival ROC package in R, we constructed a 3-year 
time-dependent receiver operating characteristic (ROC) 
curve and estimated the area under the ROC curve (AUC) 
for the prognostic models. Finally, we combined clinical 
data with the scores in order to perform univariate and 
multivariate independent prognostic analysis.

Results
Landscape of LUAD TME-Associated 
Immune Scores and Stromal Scores
A total of 594 transcriptome specimens (535 cancer samples, 
59 para-cancerous samples) were obtained from TCGA 

database. Based on the ESTIMATE algorithm, we calculated 
the immune and stromal scores of all LUAD samples, and 
found that stromal scores ranged from −1789.62 to 2097.96 
while immune score were between −942.51 and 3442.08. 
Then, we analyzed the relationship between the scores and 
clinical stage. As shown in Figure 1A, with the progress to 
more advanced stages, the immune score and matrix score 
gradually decreased, and the correlation between immune 
scores and clinical stage was statistically insignificant 
(p=0.028). In order to explore the potential correlation 
between overall survival rate and immune score and/or 
matrix score, all patients were divided into two groups 
based on the median score. The results showed that the 
survival rate of the high score group was higher than that 
of low-score group (Figure 1B). The difference between 
immunization group score was statistically significant 
(p=0.019). It was thus revealed that immune score is 
a potential indicator of LUAD prognosis.

Verification of TME-Related DEGs 
Signature in LUAD
In order to reveal the correlation between global gene expres-
sion profiles with immune scores and/or stromal scores, and 
to search for genes related to LUAD microenvironment, we 
investigated the differences in high and low immune/matrix 
scores between different LUAD tumor samples. The results 
showed that the samples had strong heterogeneity in the 
immune scores group (Figure 2A). Venn diagrams showed 
that there were 300 upregulated genes and 67 downregulated 

Figure 3 GO functional enrichment and KEGG pathway enrichment of DEGs in the stromal and immune score groups. (A) Top 10 biological process (BP), cellular 
components (CC) and molecular functions (MF) with the most significant P values. (B) All KEGG enrichment results of DEGs. P<0.05. 
Abbreviations: GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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genes in the stromal scores group and immune scores group 
(Figure 2B). It is worth noting that these DEGs co-existed in 
immune and matrix scores group, and hence, we extracted 
the 367 DEGs for further analysis.

GO and KEGG Pathway Enrichment of 
DEGs
In order to further analyze the functional characteristics of 
DEGs in LUAD, we performed GO and KEGG pathway 
analysis of the 367 DEGs using the clusterProfiler package 
of R. Using the criteria of p-value < 0.05, 612 BP terms, 
14 CC terms, 55 MF terms and 27 KEGG terms were 
enriched in our analysis (Supplementary Table S1). As 
shown in Figure 3, we drew the dotplot diagrams of the 

top 10 BP, CC, MF and KEGG pathway terms. GO enrich-
ment mainly included the immune response-regulating cell 
surface receptor signaling pathway, activation/proliferation 
of immune-related cells, external side of plasma membrane, 
immunoglobulin binding and chemokine activity. KEGG 
pathways mainly included cytokine-cytokine receptor inter-
action, chemokine signaling pathway and hematopoietic 
cell lineage. All results of functional analysis were closely 
related to the immune microenvironment.

PPI Network
Using the STRING online database and Cytoscape soft-
ware, we filtered 367 DEGs and finally involved 113 
nodes and 586 edges in the PPI network (Figure 4A). 

Figure 4 (A) Protein–protein interaction (PPI) network and (B–D) the top 3 modules acquired from the APP MCODE.
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Using MCODE to conduct module analysis on the net-
work, we found that genes were mainly clustered in three 
modules, including 25, 12 and 20 points and 300, 66, and 
58 edges (Figure 4B–D). The key part of the module were 
the related immune response genes, including mainly 
FPR3, CCL9, CXCL10, CD53 and CD3G.

The Prognostic Model
Next, we clarified the relationship between the expression 
level of 367 DEGs and the overall survival (OS), and con-
structed a prognostic model. The main results are as fol-
lows: 1) 22 genes were obtained from the univariate Cox 
proportional risk regression analysis with a threshold p value 
< 0.01 (Table 1); 2) The 22 genes were subjected to LASSO 
Cox regression analysis along with a 2000-fold cross valida-
tion (Figure 5A), and a set of 12 DEGs were identified 
(Figure 5B). 3) Multivariate Cox proportional risk regression 
analysis of the 12 DEGs yielded a prognostic model invol-
ving 6 genes (Figure 5C). The results showed that FOXN4, 
KLHL4 and FAM83F were risk factors and CCR2 was 
a protective factor.

Prognostic Model Evaluation
The LUAD patients were classified into low- and high- 
risk groups based on the multivariate Cox score result 
(Figure 6A); the expression heatmap of the 6 genes in the 
two groups are shown in Figure 6B. The survival analysis 
showed that patients with high risk had significantly 
shorter OS compared to those with low risk (P = 
6.302e-04) (Figure 6C). In addition, we constructed 
a 3-year time-dependent ROC curve, and the AUC 
value was 0.708 (Figure 6D). To further elucidate 
whether the score was an independent prognostic factor, 
we performed univariate and multivariate Cox regression 
analysis of clinically related factors. The risk score, 
metastasis, and clinical stage showed statistical differ-
ences in both univariate and multivariate analyses 
(Table 2). Therefore, we speculated that the prognostic 
model can be used as an independent prognostic factor for 
LUAD.

Discussion
The treatment of LUAD has made great progress in the past 
30 years, but many obstacles remain in its molecular and 
biomedical research. In recent years, a large number of 
studies have shown that the immune response in the micro-
environment plays an active role in tumor invasion, metas-
tasis and recurrence, and is an important factor affecting 

tumor prognosis.21,22 To capture the complex interactions 
between the LUAD genome and tumor immunity, explore 
the interactions between genes involved in the tumor immune 
microenvironment and their relationship to clinical outcome, 
we combined genomic, transcriptional, epigenetic, and clin-
ical data. Our study indicated a microenvironment view of 
tissue-based tumor transcriptomic data and highlighted the 
contribution of stromal and immune cells to carcinogenesis. 
ESTIMATE algorithm was used to score a large number of 
LUAD transcriptional group samples in TCGA database, and 
a group of genes related to TME was obtained. Based on this, 
a prognostic model involving six genes was constructed. The 
six genes were significantly correlated with the prognosis of 

Table 1 Results of Univariate Cox Proportional Risk Regression 
Analysis of 367 DEGs (P<0.01)

Genes HR HR.95L HR.95H p value

INHA 1.01 1 1.01 7.87E-05

HAL 1.06 1.03 1.09 8.22E-05

FAM83F 1.07 1.04 1.11 9.52E-05

S100P 1 1 1 5.49E-04

CCR2 0.82 0.74 0.92 7.28E-04

APOC4–APOC2 0.07 0.01 0.35 1.29E-03

ADAMTS8 0.8 0.69 0.92 2.03E-03

BTK 0.88 0.82 0.96 2.35E-03

CD200R1 0.57 0.4 0.83 3.05E-03

FOXN4 1.16 1.05 1.29 3.67E-03

SPN 0.9 0.85 0.97 3.77E-03

TESC 1 1 1 4.10E-03

VEGFD 0.91 0.85 0.97 4.58E-03

RUBCNL 0.67 0.5 0.89 5.27E-03

P2RY13 0.89 0.82 0.97 6.47E-03

MS4A7 0.96 0.93 0.99 6.54E-03

NLRC4 0.74 0.59 0.92 7.50E-03

KLHL4 1.23 1.06 1.44 8.00E-03

ARHGEF6 0.91 0.85 0.98 8.12E-03

INSL4 1.01 1 1.02 8.18E-03

HLA-DQA1 0.99 0.99 1 8.72E-03

CD33 0.73 0.58 0.93 9.33E-03
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LUAD and are potential biomarkers and targets for 
immunotherapy.

We found that 367 genes were differentially expressed 
in immune and matrix scores, and investigated their com-
plex biological functions using the GO and KEGG path-
way analysis. The results showed that microenvironment- 
related DEGs were mainly enriched on the external side of 
the plasma membrane and receptor complex. They parti-
cipated in immune response-regulating cell surface 

receptor signaling pathway and T cell activation, and 
played a role in cytokine activity, G protein-coupled recep-
tor binding, regulation of cytokine-cytokine receptor inter-
action and chemokine signaling pathway. Functional 
enrichment analysis showed that changes in the expression 
of these genes could lead to the activation, proliferation, 
invasion, and migration of immune-related cells in LUAD, 
which are crucial for tumor cell survival, invasion, and 
immune escape.23,24

Figure 5 Identification of prognosis-related DEGs using LASSO regression model and multivariate Cox regression analysis. (A) LASSO coefficient profiles of the DEGs 
associated with disease-free survival of LUAD. (B) Plots of the cross-validation error rates. Each dot represents a lambda value along with error bars that represent the 
confidence interval for the cross-validated error rate. The top of the plot gives the size of each model. The vertical dotted line indicates the value with the minimum error 
and the largest lambda value where the deviance is within one SE of the minimum. (C) Forest plots of hazard ratios (HR) of survival-associated DEGs obtained using 
multivariate Cox regression analysis. A total of 6 DEGs were found to be prognostic factors. The genes with HR < 1 are protective factors, while the ones with HR > 1 are 
risk factors in CRC. The hazard ratio is the ratio of the HR corresponding to the conditions described by two levels of an explanatory variable. **P <0.01, ***P<0.001.
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In our research, samples with a low immune score were 
closely associated with higher risk tendency, thus revealing 
poor prognosis for LUAD. LUAD is also closely related to 
smoking, age, pulmonary chronic diseases, and other 

factors. TNM stage, clinical grade, and the method of 
tumor treatment can affect the prognosis assessment of 
patients. To investigate the adaptability of our model, we 
performed univariate and multivariate Cox regression 

Figure 6 (A) The distribution of each patients’ risk score. (B) Heat map of the genes in prognostic signature. (C) The survival curve of patients with high risk and low risk; 
(D) Prognostic value evaluation of model using time-specific ROC curves and dynamic AUC lines. The time-dependent ROC curves based on 3 years of follow up and the 
dynamic AUC lines were plotted for LUAD patients.

Table 2 Independent Prognostic Analysis of Six-Gene Signature by Univariate and Multivariate Cox Regression

Variables Univarite Analysis Multivariate Analysis

HR 95% CI of HR P value HR 95% CI of HR P value

LUAD dataset (n=470)

Six-gene risk score 1.201 1.139–1.266 9.62E-12 1.177 1.121–1.235 5.88E-11

Age 1.018 1.002–1.035 0.031 1.009 0.993–1.026 0.267

Gender(Famale vs Male) 0.792 0.570–1.100 0.164 1.030 0.751–1.413 0.855

Stage 1.427 1.131–1.802 0.003 1.659 1.431–1.924 2.04E-11

T (Tumor) 1.116 0.896–1.391 0.326 1.496 1.223–1.828 8.57E-05

N (Lymph Node) 0.887 0.700–1.124 0.32 0.931 0.744–1.167 0.536

M (Metastasis) 1.343 1.075–1.679 0.009 1.701 1.121–1.235 2.08E-10
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analyses and confirmed that the prognostic model can be 
used as an independent prognostic factor of LUAD. In this 
prognostic model, FOXN4, KLHL4, and FAM83F were the 
risk factors (HR > 1), CCR2 was the protective factor (HR 
< 1), and CCR2 was upregulated in immune and matrix 
scores, which was helpful in reducing the risk and confirm-
ing the treatment efficiency in LUAD patients. MCP-1/ 
CCR2 signaling plays a crucial role in guiding immune 
cells in response to inflammatory stimulus.25 

Overexpression of CCR2 homologous receptor CCL2 has 
been proven to promote the production of Th2 cytokines 
and reduce the growth of metastatic lung tumors in wild 
C57BL/6 mice.26 A large number of studies have found that 
CCL2-CCR2 signaling can maintain the proliferation and 
survival of cancer cells, stimulate the migration and inva-
sion of cancer cells, and induce harmful inflammation and 
angiogenesis in prostate cancer,27 breast cancer,28,29 color-
ectal cancer30,31 and other cancers. Foxn4, a member of the 
forkhead-box (FOX)/winged-helix transcription factor 
superfamily, plays an important role in the development of 
neurons, heart and alveoli.32,33 Its inactivation in mice can 
cause developmental defects. FOX transcription factors are 
implicated in carcinogenesis via gene amplification, retro-
viral integration, or chromosomal translocation, and the 
differential expression of FOXN4 has been demonstrated 
in nasopharyngeal carcinoma.34 Studies have shown that 
KLHL4 is expressed in several fetal tissues, including the 
tongue, palate, and mandible. This result is consistent with 
the CPX phenotypes and upon regulation by the IGFBP5/ 
Bcl-3 axis,35,36 its low expression is correlated with unfa-
vorable outcomes in endocrinal treated ERα+/PR+ breast 
cancer patients.37 The FAM83 family of proteins is over-
expressed in breast cancer, lung cancer, bladder cancer, 
cervical cancer, and other cancers, and has a carcinogenic 
effect.38,39 FAM83F is reported as a new carcinogenic pro-
tein overexpressed in papillary thyroid cancer, and is 
strongly immuno-positive in the cytoplasm. This is also 
consistent with our results.40 Notably, our study shows 
that FOXN4, KLHL4, FAM83F and CCR2 have great 
potential as potential biomarkers of LUAD, but further 
experiments are needed to verify these results.

Conclusion
In conclusion, we performed a microenvironment-related 
gene analysis of LUAD using the TCGA database, based on 
ESTIMATE algorithm, and constructed a prognostic model. 
Further univariate and multivariate Cox regression analyses 
confirmed that the prognostic model can be used as an 

independent prognostic factor for LUAD. This study provides 
a new and feasible method for evaluating the prognosis of 
LUAD and also a novel idea for exploring the potential 
relationship between TME and the prognosis of LUAD.
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