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Abstract
Background: Lung adenocarcinoma (LUAD) accounts for a majority of cancer-related deaths worldwide
annually. A recent study shows that immunotherapy is an effective method of LUAD treatment, and tumor
mutation burden (TMB) was associated with the immune microenvironment and affected the
immunotherapy. Exploration of the gene signature associated with tumor mutation burden and immune
infiltrates in predicting prognosis in lung adenocarcinoma in this study, we explored the correlation of
TMB with immune infiltration and prognosis in LUAD.
Materials and Methods: In this study, we firstly got mutation data and LUAD RNA-Seq data of the LUAD
from The Cancer Genome Atlas (TCGA), and according to the TMB we divided the patients into high/lowTMB levels groups. The gene ontology (GO) pathway enrichment analysis and KOBAS-Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways analysis were utilized to explore the molecular
function of the differentially expressed genes (DEGs) between the two groups. The function enrichment
analyses of DEGs were related to the immune pathways. Then, the ESTIMATE algorithm, CIBERSORT, and
ssGSEA analysis were utilized to identify the relationship between TMB subgroups and immune
infiltration. According to the results, Venn analysis was utilized to select the immune-related genes in
DEGs. Univariate and Lasso Cox proportional hazards regression analyses were performed to construct
the signature which positively associated with the immune infiltration and affected the survival. Finally,
we verified the correlation between the signature and immune infiltration.
Result: The exploration of the immune infiltration suggested that high-TMB subgroups positively
associated with the high level of immune infiltration in LUAD patients. According to the TMB-related
immune signature, the patients were divided into High/Low-risk groups, and the high-risk group was
positively associated with poor prognostic. The results of the PCA analysis confirmed the validity of the
signature. We also verified the effectiveness of the signature in GSE30219 and GSE72094 datasets. The
ROC curves and C-index suggested the good clinical application of the TMB-related immune signature in
LUAD prognosis. Another result suggested that the patients of the high-risk group were positively
associated with higher TMB levels, PD-L1expression, and immune infiltration levels.
Conclusion: In conclusion, our signature provides potential biomarkers for studying aspects of the TMB in
LUAD such as TMB affected immune microenvironment and prognosis. This signature may provide some
biomarkers which could improve the biomarkers of PD-L1 immunotherapy response and were inverted for
the clinical application of the TMB in LUAD. LUAD male patients with higher TMB-levels and risk scores
may benefit from immunotherapy. The high-risk patients along with higher PD-L1 expression of the
signature may suitable for immunotherapy and improve their survival by detecting the TMB of LUAD.

1. Background
Lung cancer (LC) is one of the most common cancers worldwide and the main cause of cancer-related
mortality (Bray et al., 2018; Torre et al., 2015). In 2018, Non-small cell lung cancer (NSCLC) accounts for
Page 2/28

85% of all LCs. The 5-year survival rate after the diagnosis of LC is 15.6% (Nanavaty, Alvarez, & Alberts,
2014). In NSCLC, Lung adenocarcinoma (LUAD) is the major histological subtype (Inamura, 2018;
Sangodkar, Katz, Melville, & Narla, 2010), accounting for more than half of its morbidity and mortality
(Cronin et al., 2018). Despite recent advances in surgical methods, neoadjuvant therapies,
immunotherapies, and so on. But the prognosis of LUAD is still not optimistic. Recently, immunotherapy
has been recognized to be an effective method for lung cancer (Remon, Vilariño, & Reguart, 2018).
However, there are no biomarkers for assessing the effectiveness of immunotherapy in LUAD.
Tumor mutation burden (TMB)—the number of somatic, coding, base substitution, and indel mutations
per million bases—It can be used to predict the efficacy of immune checkpoint blockade and is a useful
biomarker in some cancer types to identify patients who will benefit from immunotherapy. (Samstein et
al., 2019; Zehir et al., 2017). Tumor cells with high TMB may have more neoantigens, with an associated
increase in cancer-fighting T cells in the tumor microenvironment and periphery. These neoantigens can
be recognized by T cells, inciting an anti-tumor response (Steuer & Ramalingam, 2018). In one study,
patients with high levels of TMB have a significantly better response to immunotherapy (Chan et al.,
2019). In summary, TMB is suggested to be an independent predictor of immunotherapy response in
various types of cancers including lung cancer (Budczies et al., 2019; Goodman et al., 2017; Hellmann et
al., 2018). However, there are still limitations such as the TMB threshold, and these challenges need to be
resolved before they can be widely applied to different types of tumors. In order to achieve the best utility
and alignment for the TMB application in the clinical therapy, still need to have a system research
process and entry point for follow-up study(Le et al., 2017; Middha et al., 2017; Topalian et al., 2012).
With the development of next-generation sequencing (NGS) technology and the establishment of the
Cancer Genome Atlas (TCGA), Gene Expression Omnibus (GEO), and other public datasets (Liu et al.,
2019), we could analyze the TMB datasets in LUAD. In this study, we identified the relationship between
the TMB value and immune infiltrates. Then, according to the DEGs of the high/low-TMB subgroups, we
constructed TMB-related immune signature based on TMB by RNA sequencing data from TCGA-LUAD
and verified it by GEO datasets. This signature included nine TMB-related immune genes, and high-risk
patients of the signature with higher expression of the PD-L1, immune scores, and TMB value. Given the
quantitative application of PD-L1 in the prediction of immunotherapy, the response is imperfect, it is
necessary to improve the biomarkers of response (Fridman, Pagès, Sautès-Fridman, & Galon, 2012;
Tumeh et al., 2014). Our research may provide some biomarkers which could improve the biomarkers of
response and were inverted for the clinical application of the TMB in LUAD.

2. Methods

2.1 Data download and analysis
Masked somatic mutation data were obtained from the TCGA-LUAD database via the GDC data portal
(https://portal.gdc.cancer.gov/). Gene expression profiles and associated clinicopathological data of
LUAD patients were from the TCGA database, with samples including 497 cancer tissue samples and 54
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normal tissue samples (Mayakonda, Lin, Assenov, Plass, & Koeffler, 2018). The number of obtainable
clinical cases for the selected subjects was 445 after removing 52 patient samples from the study due to
a lack of clinical information (such as survival time, TNM stage, and so on) or survival time less than 30
days (avoiding non-cancer-related death samples). Next, we downloaded the LUAD genes expression data
and clinical data from GEO (https://www.ncbi.nlm.nih.gov/geo/), under the accession number GSE30219
and GSE72094. After checking the data consistency, 83 LUAD samples, and 393 LUAD samples were
utilized to construct the testing cohort for validating the prognostic value of the TMB-related immune
signature.

2.2 TMB value estimation and analysis
TMB was defined as the number of somatic mutations per million bases. First, we calculated the
mutation frequency with the number of variants at the length of exons (38 million) for each sample via
Perl scripts. Then, we classified LUAD samples into the low- and the high-TMB levels groups by using the
median of TMB data (6.38) as the cutoff value. The ‘limma’ R package was utilized to identify TMBrelated DEGs between low- and high-TMB groups (Ritchie et al., 2015), and all DEGs with |log FC| > 1 (|log
FC| > 1 indicates multiple differences in the gene expression greater than one between the low-TMB levels
group and high-TMB levels group) and False Discovery Rate (FDR) < 0.05 were exported, and the
‘pheatmap’ R package was used to perform heatmap. Then, we got 468 DEGs. The GO pathway
enrichment analysis and KEGG pathways analysis were performed to explore the molecular function of
the DEGs by ‘clusterProfiler, org.Hs.eg.db, plot, ggplot2’ in R package (Pathan et al., 2015), where P < 0.05,
FDR q-value < 0.25 was considered statistically significant. The results suggested that DEGs were
positively enriched in immune-related pathways.

2.3 The correlation analysis between the TMB subgroups
and immune infiltrate
The abundance of 22 leukocyte subtypes in LUAD was calculated by using the “CIBERSORT” R package
and the transcriptome data of the TCGA-LUAD, with a cut-off P < 0.05. The distributions of immune cells
in each LUAD patient were shown by the “pheatmap” package. The differential abundances of immune
cells between low- and high-TMB levels groups were compared by the Wilcoxon rank-sum test and
exhibited with P by the “vioplot” package (Newman et al., 2015). Next, we analyzed 29 immune-related
genes representing a variety of immune cell types, functions, and pathways, and we quantified
enrichment levels of active immune cells, functions, or pathways between the TMB subgroups by the
“ssGSEA” R package(Yi, Nissley, McCormick, & Stephens, 2020). The Stromal score, Immune score,
Estimated score, and Tumor purity of TCGA-LUAD transcriptome expression data were calculated by
ESTIMATE algorithm, and the correlation between TMB subgroups and immune infiltrate was
verified(Montuno, Kohner, Foote, & Okun, 2013). Heatmap and statistical maps were plotted by using the
"pheatmap" R package. Subsequently, the expression levels of human leukocyte antigen (HLA) and
CD274 (PD-L1) were used to verify the immune infiltration levels of the TMB subgroups(Shen, Peng, &
Shen, 2020).
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2.4 The construction of the TMB-related immune signature
According to the GO and KEGG pathways analysis, we download 1769 immune-related genes from the
Immunology Database and Analysis Portal (https://www.immport.org/shared/home) to select the TMBrelated immune DEGs between the two groups through the “VennDiagram” package. After the Venn
analysis, 42 TMB-related immune genes were used for subsequent research. Then, Univariate cox
proportional hazards regression analyses were utilized to screen the prognosis-related genes. Finally,
Lasso Cox proportional hazards regression analyses were utilized to prevent the overfitting of the
signature and calculate the coefficient of the DEGs. Then, the prognosis signature was constructed by the
formula:

(van Oest, 2019). R software packages

"survival" and "survminer" are used to determine the optimal cut-off value for risk scores and plot Kaplan–
Meier survival curves (AWH et al., 2018). In particular, depending upon the cut-off value, we divided
patients into high-risk and low-risk groups. PCA analysis was performed to confirm the efficacy of the
signature subgroup. The R software package "survivalROC" was used to plot the time-dependent receiver
operating characteristic (ROC) curves for predicting diagnostic value (Heagerty, Lumley, & Pepe, 2000). A
significant clinical diagnostic value was presented when the area under the curve (AUC) value lies in the
range of 0.5–0.9, in which a bigger AUC valve is with a higher diagnostic value (Hajian-Tilaki, 2013). The
concordance index (C‐index) was used to evaluate the predictive ability of the risk model. In practical
applications, the concordance index (C-index) has lower accuracy from 0.50–0.70; medium accuracy
between 0.71–0.90; and higher accuracy from the degree more than 0.90 (Kim, Schaubel, & McCullough,
2018). Univariate and multivariate cox proportional hazards regression analysis were performed to verify
the signature was independent prognosis factor in TCGA-LUAD. At last, the same were utilized to validate
the performance of the signature in GSE30219 and GSE72094.

2.5 Identification of the correlation between TMB-related
prognosis signature, clinical traits, and the immune
microenvironment
Analysis of the relationship between TMB subgroups, and clinical characteristics (age, gender, stage
grading, tumor, and TNM staging) was performed by Wilcoxon rank-sum test in the R package and
plotted by “pheatmap” package. Kaplan–Meier survival analysis was performed to verify the
performance of the signature of each clinical characteristic in TCGA-LUAD. “limma” package was utilized
to identify the Immune score, TMB levels, and the expression of the PD-L1between the high/low-risk
groups. “ggpubr” package was performed to plot the results. At last, the “CIBERSORT” algorithm was
utilized to calculate the content of immune cells in each TCGA-LUAD patients, and Spearman analysis
was utilized to explore the correlation between the immune cells and high/low-risk groups. The R package
“ggplot2, ggpubr, and ggExtra” were used to plot the results (Newman et al., 2019; Warne & Burningham,
2019).

2.6 Statistical validation
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The univariate and multivariate Cox proportional-hazard models were used to evaluate the hazard ratios
of prognostic factors. Subgroup differences were analyzed by the Wilcoxon rank-sum test, Spearman
analysis, or Kruskal test. All statistical analysis was performed using the R software (Version 3.6.1). P <
0.05 was thought to be significant.

3. Results

3.1 Construction of TMB grouping for TCGA-LUAD and
identification of the DEGs between the TMB subgroups.
The workflow of the study was shown in Fig. 1. In our study, 445 LUAD patients of the TCGA data set
were assigned to the training sample cohort. 83 LUAD patients of the GSE30219 dataset and 393 LUAD
patients of the GSE72094 dataset were assigned to the testing sample cohort for batch processing.
According to the median value of the TMB (6.38), the TCGA-LUAD patients were divided into two groups,
including the high-TMB levels group (n = 240) and low-TMB levels group (n = 205) (Table. S1). After the
differential analysis, 468 DEGs with |Log FC | > 1 were used for subsequent analysis (Figure. 2A, Table.
S2). For those TMB-related genes, KEGG analysis demonstrated that these DEGs primarily participated in
Hematopoietic cell lineage and Neuroactive ligand − receptor interaction (Figure. 2B, Table. S3), and GO
analysis revealed that these DEGs were mostly enriched in leukocyte mediated cytotoxicity, external side
of the plasma membrane, and receptor-ligand activity among Biological Process (BP), Cellular
Component (CC), and Molecular Function (MF), respectively (Figure. 2C, Table. S4). These results
suggested that DEGs were positively enriched in immune-related pathways.

3.2 identification of the immune infiltrates TMB subgroups.
After performed the GO and KEGG analysis. Twenty-nine immune-related terms were included to eliminate
the richness of multiple immune cell types in TMB subgroups (Figure. 3A). Then, based on the expression
profile of TCGA-LUAD, an estimation algorithm was utilized to calculate tumor purity, estimated score,
immune score, and stromal score to verify the feasibility of the above grouping strategy (Table S5).
Compared with the low-TMB levels group, the high-TMB levels group had lower tumor purity, but a higher
estimated score, immune score, and stroma score (Figure. 3A). Thus, the violin plot suggested that the
high-TMB levels group was significantly positively correlated with the ESTIMATE Score, Immune Score,
and Stromal Score, while the low-TMB levels group was negatively correlated with the tumor purity (P <
0.05) (Figure. 3C-F). At the same time, we found that the expression of the HLA family and PD-L1 was
significantly higher in the group with higher TMB levels than in the group with lower TMB levels (P < 0.05)
(Figure. 3G-H). “CIBERSORT” algorithm and Wilcoxon rank-sum test were utilized to perform the analysis
of the immune cells, 205 low-TMB levels samples and 240 high-TMB levels samples were thought to be
significant (Table. S6). The results were revealed that the infiltration levels of CD8 + T cell, Activated CD4
+ memory T cell, Follicular helper T cells, Resting NK cells, M1 Macrophages in the high-TMB levels group
were higher compared with those in the low-TMB levels group, whereas Resting CD4 + memory T cell,
Regulatory T cells (Tregs), Monocytes, Resting Dendritic cells, Activated Dendritic cells, and Resting Mast
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cells in the high-TMB levels group were lower compared with that in the low-TMB levels group (Figure.

3B). These results suggested that the TMB subgroups of TCGA-LUAD were positively associated with the
immune infiltrate.

3.3 Screening of the TMB-related genes and construction of
the prognosis signature.
Through the Venn analysis of 1769 immune genes (https://www.immport.org/resources) and 468 DEGs,
42 TMB-related immune genes for subsequent analysis (Figure. 4A, Table. S6). Through univariate and
lasso Cox proportional hazards regression, nine TMB-related immune DEGs were utilized to construct the
prognosis signature (Figure.4B-D, Table 1). The results of the PCA analysis identified the validity of the
signature (Figure. 4F). The high-risk group was significantly associated with a poor prognosis (Figure. 4F,
P < 0.001). The AUC of the ROC curves was 0.707, 0.700, and 0.660 for the 1, 3, and 5-year OS, separately
(Figure. 4G). To test the robustness of the prognostic signature, according to the risk score cut-off of the
training cohort, GSE72094 and GSE30219 were structured into a high-risk group and a low-risk group. In
the GSE72094 cohort, the Kaplan–Meier survival curves of the prognostic signature have a statistically
significant difference in the two predicted risk groups (Figure. 4H, P < 0.001). The AUC was 0.723, 0.727,
and 0.732 for the 1, 3, and 5-year OS, separately (Figure. 4I). And in the GSE30219 cohort, Kaplan–Meier
survival curves of the prognostic signature had a statistically significant difference in the two predicted
risk groups (Figure. 4J, P < 0.001). The AUC was 0.707, 0.713, and 0.710 for the 1, 3, and 5-year OS,
separately (Figure. 4K). The C-index was also utilized to verify the good performance of the signature in
three cohorts (Table. 2). The Kaplan–Meier curve showed that the survival of patients was significantly
poorer in the high-risk group in clinical subgroups of the TCGA-LUAD cohort (Figure. 5). Although some
results of clinical subgroups were not statistically significant, the patients in high-risk groups showed
poor prognosis than the low-risk group. The result of the patients with the M1 stage was not considered
due to a too low number of samples. Univariate and multivariate Cox regression analysis confirmed the
independent prognostic value of risk models in the LUAD cohort (Figure. 6A-F).
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Table 1
The 9-gene signature screened by their coefficients.
Id

Coefficient

HR

HR.95L

HR.95H

P-value

CD1B

-2.36E-02

8.68E-01

7.59E-01

9.93E-01

3.86E-02

CD1E

-3.11E-02

9.36E-01

8.78E-01

9.97E-01

4.12E-02

INSL4

1.20E-02

1.02E + 00

1.01E + 00

1.03E + 00

3.15E-03

KLRC2

1.95E-01

1.33E + 00

1.19E + 00

1.50E + 00

1.81E-06

NR1I2

1.35E-01

1.15E + 00

1.02E + 00

1.30E + 00

2.36E-02

SCGB3A1

-1.52E-04

1.00E + 00

9.99E-01

1.00E + 00

1.60E-02

SFTPA1

-5.66E-05

1.00E + 00

1.00E + 00

1.00E + 00

1.84E-02

SFTPA2

-3.53E-05

1.00E + 00

1.00E + 00

1.00E + 00

1.55E-02

SLC10A2

4.09E-02

1.04E + 00

1.01E + 00

1.06E + 00

2.79E-03

HR, hazard ratio
Table 2
The C-index of the TMB-related immune signature in the TCGA-LUAD
training cohort, GSE30219 testing cohort, and GSE72094 testing cohort.
Risk model
C-index

HR (95% CI)

P

TCGA-LUAD

0.631

0.587–0.675

5.93E-09

GSE72094

0.656

0.584–0.689

3.54E-07

GSE30219

0.638

0.555–0.641

7.19E-06

HR: Hazard Ratio; CI: Confidence Interval; TMB, tumor mutation burden.
Taken together, these results indicated a better predictive performance about our prognostic signature.

3.4 The correlation of the TMB-related immune signature
and clinical traits.
According to the Fig. 7, the results showed that the risk scores of the high-TMB levels patients were higher
than the low-TMB level patients, the results suggested that the prognosis of the high-TMB levels patients
were poor than the low-TMB level patients (Figure. 7C, P = 6.70e-11). Higher TNM stage and N stage were
also positively with higher risk scores (Figure. 7D, P = 0.028; Figure. 7F, P = 0.011). Notably, when
compared to female patients, male patients with the higher risk scores. Although correlation analysis
between the risk scores and age, T stage, and M stage was not statistically significant, higher patients’
age, T stage, and M stage may increase risk following risk scores (Figure. 7H-J). The expression of the
PD-L1 was higher in the high-risk group.
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3.5 The correlation of the TMB-related immune genes
signature and immune infiltrates.
To explore the correlation between the immune-related lncRNA risk model and the level of immune
infiltration, we calculated the correlation between the signature and immune cells, the expression of the
PD-L1, and immune scores by Spearman correlation analysis. The results suggested that patients with
higher PD-L1 expression and immune scores were positively associated with higher risk scores. We found
that T cells CD8, T cells CD4 memory activated, NK cells resting, Mast cells activated, Macrophages M1,
and Macrophages M0 were positively correlated with risk scores. And the correlation values of them were
0.21, 0.33, 0.20, 0.11, 0.24, and 0.21, respectively. While Dendritic cells activated, Monocytes, Mast cells
resting, Dendritic cells resting, T cells CD4 memory resting, and Macrophages M2 are negatively
correlated with a risk score, the correlation values of the Plasma cells and Mast cell resting are − 0.19,
-0.32, -0.36, -0.47, -0.29 and − 0.19 (Figure, 8). In summary, these results indicated that the prognostic
signature in LUAD was related to the infiltration of these immune cell subtypes.
Taken together, these results indicated that the signature was positively associated with tumor immune
environment and LUAD patient prognosis. These nine TMB-related immune genes signature could
perform as prognosis factor.
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Table 3
Univariate and Multivariate Cox regression analysis in the TCGA-LUAD training cohort, GSE30219 testing
cohort, and GSE72094 testing cohort.
Variables

Univariate analysis
HR

HR.95L

Multivariate analysis
HR.95H

P

HR

HR.95L

HR.95H

P

TCGA training cohort(n = 445)
Age(≥
65/<65)

1.00E +
00

9.82E01

1.02E +
00

9.85E01

1.01E +
00

9.91E01

1.03E +
00

3.08E01

Gender

1.05E +
00

7.43E01

1.49E +
00

7.72E01

9.23E01

6.44E01

1.32E +
00

6.63E01

TNM stage

1.57E +
00

1.34E +
00

1.84E +
00

3.35E08

1.30E +
00

8.57E01

1.97E +
00

2.17E01

T

1.57E +
00

1.29E +
00

1.92E +
00

7.88E06

1.19E +
00

9.41E01

1.51E +
00

1.45E01

N

1.69E +
00

1.39E +
00

2.06E +
00

1.55E07

1.26E +
00

8.79E01

1.82E +
00

2.07E01

M

1.90E +
00

1.07E +
00

3.38E +
00

2.91E02

1.06E +
00

3.75E01

3.01E +
00

9.09E01

Risk score

2.33E +
00

1.77E +
00

3.09E +
00

2.62E09

1.93E +
00

1.44E +
00

2.59E +
00

1.13E05

GSE30219 testing cohort(n = 83)
Age(≥
65/<65)

1.04E +
00

1.02E +
00

1.05E +
00

4.50E07

1.04E +
00

1.02E +
00

1.05E +
00

5.20E06

Gender

1.83E +
00

1.14E +
00

2.94E +
00

1.25E02

1.50E +
00

9.25E01

2.42E +
00

1.01E01

TNM stage

1.77E +
00

1.53E +
00

2.05E +
00

3.55E14

1.16E +
00

7.69E01

1.74E +
00

4.83E01

T

1.67E +
00

1.46E +
00

1.92E +
00

1.55E13

1.27E +
00

9.67E01

1.66E +
00

8.61E02

N

1.79E +
00

1.53E +
00

2.10E +
00

7.59E13

1.25E +
00

9.37E01

1.66E +
00

1.30E01

M

3.17E +
00

1.48E +
00

6.77E +
00

2.97E03

1.24E +
00

4.36E01

3.56E +
00

6.82E01

Risk score

1.82E +
00

1.56E +
00

2.12E +
00

4.23E14

1.50E +
00

1.22E +
00

1.83E +
00

8.90E05

HR: Hazard Ratio
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Variables

Univariate analysis
HR

HR.95L

Multivariate analysis
HR.95H

P

HR

HR.95L

HR.95H

P

GSE72094 testing cohort(n = 393)
Age(≥
65/<65)

1.01E +
00

9.88E01

1.03E +
00

4.79E01

1.01E +
00

9.88E01

1.03E +
00

4.38E01

Gender

1.55E +
00

1.07E +
00

2.25E +
00

2.19E02

1.71E +
00

1.17E +
00

2.50E +
00

6.04E03

TNM stage

1.62E +
00

1.36E +
00

1.94E +
00

8.88E08

1.67E +
00

1.38E +
00

2.00E +
00

6.41E08

Risk score

1.58E +
00

1.39E +
00

1.80E +
00

1.46E12

1.60E +
00

1.40E +
00

1.83E +
00

8.04E12

HR: Hazard Ratio

4. Discussion
With the increasing exploration of lung cancer immunotherapy, various kinds of immune checkpoint
blockade (ICB) have emerged for several cancers, such as targeting PD1, and PDL1. ICB s have made a
significant breakthrough in lung cancer therapy and revolutionized the management of lung cancer
(Melosky et al., 2019; van den Ende et al., 2020). Identification of immune-related gene preference and
dependence mechanisms in lung cancer regulation become more interesting (Chen et al., 2019; Maung,
Ergin, Javed, Inga, & Khan, 2020). TMB was a powerful factor in tumorigenesis, and it has been used to
reveal the process of mutation accumulation in tumors and genetic alterations interacting with immune
cells in the tumor microenvironment (Goodman et al., 2018; Hsu et al., 2019). TCGA and GEO databases
already have a large number of RNA-seq data of tumor samples in multiple cancers. Biomarkers of LUAD
have been developed utilizing the TCGA or GEO data (Shang et al., 2017). Therefore, we investigated the
relationship between tumor TMB value and the immune microenvironment of LUAD.
In the present study, we analyzed the correlation between TMB value and the immune microenvironment
in TCGA-LUAD samples. The findings revealed that there were statistically significant differences in tumor
purity, estimate score, immune score, and stromal score between the groups with high and low TMB value
subgroups (P < 0.05). Besides, the heterogeneity of the immune microenvironment about TMB subgroups
was verified by the expression of HLA and PD-L1 and the CIBERSORT algorithm. These results identified
the correlation between TMB value and the immune microenvironment in TCGA-LUAD. According to
existing studies, higher TMB level patients are suitable for immune checkpoint blockade therapy. In lung
cancer, approximately 200 nonsynonymous cell mutations have been identified by whole-exome
sequencing to predict TMB thresholds. However, disease-specific TMB thresholds for the effective
prediction of responses in lung cancer have not been well established. (Bins et al., 2018; Chan et al., 2019;
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Chhabra et al., 2018; Zhang et al., 2017). Besides, the quantitative detection of PD-L1 immunotherapy
response is an imperfect biomarker due to its heterogeneous and dynamic nature, diagnostic
reproducibility and definition are somewhat difficult, and negative predictive value is insufficient
(Cristescu et al., 2018).
Focus on problem-solving, we construct a TMB-related immune signature which may improve the
biomarkers for PD-L1 immunotherapy response. This signature was constructed by the immune-related
DEGs of the high/low-TMB levels groups. The results identified that the prognosis signature was
positively associated with the OS of the TCGA-LUAD patients, and the clinical performance of the
signature was verified by ROC analysis and C-index in the GSE30219, and GSE72094 cohorts. Moreover,
the prognosis signature was closely correlated with TMB value, immune score, and the PD-L1 expression.
In the signature, high-risk group patients increase the risk with higher TMB levels. The expression of the
PD-L1 and immune scores were also higher in the high-risk group. These results suggested that patients
in high-risk groups may benefit from immunotherapy. Notably, the correlation between clinical features
and prognosis signature suggests that gender is related to the high-risk group, and the high-risk patients
are more male. Concerning the latest research progress, compared with male patients, immune
checkpoint inhibitors (ICIs) are often more effective in female cancer patients. Tumors are usually more
antigenic in males, which can be reflected by the increase in tumor mutations and cancer germline
antigens. TMB could regard as a biomarker reflecting tumor antigenicity, which was more effective than
male patients in predicting the immunotherapy response of female lung cancer patients (Wang, Cowley, &
Liu, 2019; Wang, Zhang, He, Wu, & Liu, 2019). According to our research, the results suggested that TMB
also occurred in LUAD male patients and the prognosis of LUAD male patients would be poor. It may
improve the prognosis of the LUAD male patients. Besides, the higher TNM stage and N stage were also
positively with higher risk scores, which will contribute towards the effectiveness and usability of the
prognosis signature.
At last, we surveyed background information about the DEGs of the signature. Current studies have
shown that CD1family genes are related to the tumor microenvironment. CD1B was significantly
positively correlated with checkpoint molecules HAVCR2 and CTLA4 (Yuan et al., 2020). Another study
showed that in LUAD, a higher CD1B expression showed significantly increased fractions of Resting Mast
cells, Monocytes, Memory B cells, and Activated Resting Dendritic cells, but significantly decreased
fractions of Follicular Helper T cells, Resting NK cells, M0 Macrophages, and Naive B cells (Guo et al.,
2020; Pereira et al., 2019). SCGB3A1 was a significant independent predictor of poor clinical outcome in
early-stage NSCLC (Marchetti et al., 2004). SCGB3A1 also was an inhibitor of tumor cell growth, invasion,
and AKT activation (Krop et al., 2005). According to the new study, SCGB3A1 was the target gene of the
HIF-2αand repressed tumor cell growth through ATK pathways in KrasG12D-driven NSCLC cells (Mazumdar
et al., 2010). Recent studies confirm that KLRC2 is a novel checkpoint inhibitor that is expressed on NK
cells and activated CD8 + T cell subsets. KLRC2 blocking antibodies release the reactivity of these
effector cells, thereby inhibiting tumor progression. Monalizumab is inhibiting this checkpoint in humans,
and future clinical trials will reveal how effective it is in combination with other cancer treatments(André
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et al., 2018; van Hall et al., 2019). In addition, SFTPA2 and SFTPA2 variants differentially affect lung
function and exhibit sex-specific differences (Lv & Huang, 2020). Studies related to the immune
microenvironment of INSL4, SLC10A2, and NR1I2 were scarce and need to be further studied.
Compared to other studies, we first used TMB-related immune genes to build a prognosis model from
TCGA-LUAD and validated it in two GEO datasets. Our genes signature also had a better prediction ability
in three datasets. This signature perhaps provides potential biomarkers for studying the relationship of
TMB, immune microenvironmental diseases, immunotherapy, and therapeutic responses, which may be
helpful for the diagnosis, treatment, and prognosis of LUAD. And this signature may also improve the
biomarkers for PD-L1 immunotherapy response, and makes up for the instability of quantitative detection
of PD-L1 immunotherapy response.
However, our research still has some limitations: first, lack of basic experiment to validate the association
between prognosis signature and tumor cell immune infiltrates; Second, lack of large clinical sample to
verify the prognostic effect of prognosis signature and its potential function mechanism with immune
infiltrates. Relevant variants and big sample clinical trials are needed in the future to validate the
performance of the prognosis signature combined with the PD-L1 in LUAD.

Conclusions
In conclusion, our signature provides potential biomarkers for studying aspects of the TMB in LUAD such
as TMB affected immune microenvironment and prognosis. This signature may provide some
biomarkers which could improve the biomarkers of PD-L1 immunotherapy response and were inverted for
the clinical application of the TMB in LUAD. LUAD male patients with higher TMB-levels and risk scores
may benefit from immunotherapy. The high-risk patients along with higher PD-L1 expression of the
signature may suitable for immunotherapy and improve their survival by detecting the TMB of LUAD.
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Figure 1
workflow of the study.
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Figure 2
(A) The heatmap plot of top 40 DEGs in low- and high-TMB samples; (B) KEGG revealed that these genes
were involved in immune-related pathways; (C) GO results revealed that these genes were involved in
immune-related pathways. BP, CC, and MF; BP, Biological Process; CC, Cellular Component; MF, Molecular
Function; DEG, differentially expressed gene; TMB, tumor mutation burden.
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Figure 3
The correlation analysis between TMB subgroups and infiltration (A) The expression of the immune cells
expressed were higher in high-TMB levels than low-TMB levels group. Using ESTIMATE's algorithm, the
Tumor Purity, ESTIMATE Score, Immune Score and Stromal Score of each sample were displayed
together with the grouping information; (B) Wilcoxon rank-sum test revealed the infiltration levels of 22
immune fractions in low-TMB levels group (in blue) and in high-TMB levels group (in red); (C-F) The boxplot showed that there was a statistical difference in Tumor Purity, ESTIMATE Score, Immune Score and
Stromal Score between the TMB subgroups (P < 0.05); (G) The expression of HLA family genes in highTMB levels group (red) were significantly higher than that in low-TMB levels group (blue); (H) The
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expression of PD-L1 in high-TMB levels group (red) were significantly higher than that in low-TMB levels
group (blue). TMB, tumor mutation burden.

Figure 4
(A) Identification of 42 TMB-related immune genes; (B) The univariable Cox HR regression analysis of
selected genes in the TMB-related immune genes (P < 0.05); (C-D) The LASSO Cox analysis identified 9
TMB-related immune genes most correlated with prognostics and the optimal values of the penalty
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parameter were determined by 10-round cross-validation; (E) The PCA analysis identified the performance
of the grouping; (F-G) Patients in the high-risk group (red) exhibited worse overall survival than those in
the low-risk group (blue) in TCGA-LUAD cohort; Time‐dependent ROC analysis of the prognosis signature
in TCGA-LUAD cohort; (H-I) Patients in the high-risk group (red) exhibited worse overall survival than those
in the low-risk group (blue) in GSE72094 cohort; Time‐dependent ROC analysis of the prognosis signature
in GSE72094 cohort; (H-I) Patients in the high-risk group (red) exhibited worse overall survival than those
in the low-risk group (blue) in GSE30219 cohort; Time‐dependent ROC analysis of the prognosis signature
in GSE30219 cohort. HR, hazard ratio; DEG, differentially expressed gene; TMB, tumor mutation burden.

Figure 5
The Kaplan–Meier curve showed that the survival of patients was significantly poorer in the high-risk
group in clinical subgroups of the TCGA-LUAD cohort (P < 0.05).
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Figure 6
The Cox regression analysis for evaluating the independent prognostic value of the risk score. (A-B) The
univariate (A) and multivariate (B) Cox regression analysis of risk score, age, gender, and TNM stage in
TCGA-LUAD cohort; (C-D) The univariate (C) and multivariate (D) Cox regression analysis of risk score,
age, gender, and TNM stage in GSE30219 cohort; (E-F) The univariate (E) and multivariate (F) Cox
regression analysis of risk score, age, gender, and TNM stage in GSE72094 cohort.
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Figure 7
(A) The heatmap showed the TNM stage, immune scores, TMB subgroups, gender, and N stage were
significantly associated with risk scores, and the expression of the nine genes were difference in
high/low-risk group; (B) The expression of PD-L1 in high-risk group (red) were significantly higher than
that in low-risk group (blue); (C-J) The Spearman analysis of the clinicopathological features, immune
scores, and TMB subgroups with the risk scores. *** means P < 0.001, ** means P < 0.01, * means P <
0.05. TMB, tumor mutation burden.
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Figure 8
Correlation between the 9 TMB-related immune prognostic signatures for LUAD and the infiltration of
immune cell subtypes. TMB, tumor mutation burden.
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