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Background: Lung squamous cell carcinoma (LUSC) is a highly malignant tumor with an extremely 
poor prognosis. Immune checkpoint inhibitors (ICIs) improve survival in some patients with LUSC. Tumor 
mutation burden (TMB) is a useful biomarker to predict the efficacy of ICIs. However, predictive and 
prognostic factors related to TMB in LUSC remain elusive. This study aimed to find effective biomarkers 
based on TMB and immune response and establish a prognostic model of LUSC.
Methods: We downloaded Mutation Annotation Format (MAF) files from The Cancer Genome Atlas 
(TCGA) database and identified immune-related differentially expressed genes (DEGs) between high- and 
low-TMB groups. The prognostic model was established using cox regression. The primary outcome was 
overall survival (OS). Receiver operating characteristic (ROC) curves and calibration curves were used to 
verify the accuracy of the model. GSE37745 acted as external validation set. The expression and prognosis 
of hub genes as well as their correlation with immune cells and somatic copy number variation (sCNA) were 
analyzed.
Results: The TMB of patients with LUSC was correlated with prognosis and stage. High TMB group had 
higher survival rate (P<0.001). Five TMB-related hub immune genes (TINAGL1, FGFR2, CTSE, SFTPA1, 
and IGHV7-81) were identified and the prognostic model was constructed. The survival time of high-risk 
group was significantly shorter than that of low-risk group (P<0.001). The validation results of the model 
were quite stable in different data sets, and the area under curve (AUC) of training set and validation set 
were 0.658 and 0.644, respectively. Calibration chart, risk curve, and nomogram revealed that the prognostic 
model was reliable in predicting the prognostic risk of LUSC, and the risk score of the model could be used 
as an independent prognostic factor for LUSC patients (P<0.001). 
Conclusions: Our results show that high TMB is associated with poor prognosis in patients with LUSC. 
The prognostic model related to TMB and immunity can effectively predict the prognosis of LUSC, and risk 
score is one of the independent prognostic factors of LUSC. However, this study still has some limitations, 
which need to be further verified in large-scale and prospective studies.
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Introduction

Lung cancer is one of the leading causes of cancer-related 
death worldwide (1). Based on its biological characteristics, 
lung cancer can be divided into small cell lung cancer 
(SCLC) and non-small cell lung cancer (NSCLC), with 
NSCLC accounting for about 83% of cases (2). NSCLC 
can be further subdivided into lung adenocarcinoma, lung 
squamous cell carcinoma (LUSC), and large cell carcinoma, 
among which LUSC accounts for about 20% of all lung 
cancers (3). Owing to its occult onset and atypical early 
symptoms, LUSC is usually at advanced stages when it 
is clinically diagnosed. The treatment of patients with 
advanced LUSC mainly includes chemotherapy and 
targeted therapy (4,5); however, LUSC is less sensitive to 
radiotherapy, chemotherapy, and targeted therapy than 
lung adenocarcinoma (6,7), so the overall prognosis is 
very poor. At present, the progress in targeted therapy for 
LUSC is abnormally slow, mainly due to the lack of clear 
targets and effective targeted therapy drugs for LUSC (8). 
Therefore, there is a pressing need to find and identify the 
targets related to prognosis and treatment for improving 
the prognosis of LUSC patients.

In recent years, immunotherapy-related research 
has made progress in multiple tumors (9,10). The main 
principle of immune checkpoint inhibitors (ICIs) in the 

treatment of tumors is to target the immune recognition 
and immune response-related escape mechanism of tumor 
cells (11). With the increasing research on ICIs, including 
programmed death-1 (PD-1) and programmed death-
ligand-1 (PD-L1) inhibitors, considerable progress has 
been made in the treatment of gene-negative advanced  
NSCLC (12). However, PD-L1, as an important biomarker 
for predicting the efficacy of anti-PD-1/PD-L1 drugs, has 
some limitations (13). It is not enough to accurately screen the 
highest-benefit immunotherapy population by using PD-L1 
alone, and it needs to be combined with other indicators (14).  
Nowadays, in addition to PD-L1, researchers have also 
explored the value of the tumor mutational burden (TMB) 
as a biomarker in the field of immunotherapy (15).

The TMB refers to the number of somatic mutations 
following the deletion of germline mutations from the 
cancer genome, which is a biomarker of the tumor mutation 
level (16). At present, several clinical trials have shown that 
the TMB is positively correlated with the T-lymphocyte 
recognition antigen and immunotherapy effectiveness 
(17,18). Patients with higher TMBs are more likely to 
produce new antigens to stimulate immunity (19,20). Hence, 
the TMB can be used to predict the efficacy of PD-1/PD-L1 
inhibitors in various cancers, including melanoma and lung 
cancer (21,22). A number of large studies, such as Check 
Mate-026 (23) and Check Mate-227 (24), have confirmed 
the predictive effect of TMB on immunotherapy efficacy 
of NSCLC. National Comprehensive Cancer Network 
(NCCN) guidelines have included TMB in the molecular 
pathological detection of advanced lung cancer. In addition, 
studies also have shown that TMB is predictive factor of 
improved clinical outcomes in advanced LUSC patients 
receiving immunotherapy, and the predictive value is more 
pronounced in patients treated with immunotherapy as a 
single agent (25). In conclusion, TMB has a certain prospect 
in predicting the efficacy of immunotherapy.

However, predicting the prognosis of LUSC using 
TMB-related genes and its in-depth mechanism need to be 
further explored. In this study, we screened the TMB and 
immune-related genes based on The Cancer Genome Atlas 
(TCGA) database and Immunology database analysis portal 
(Immport), and then constructed a prognostic prediction 
model of LUSC, aiming to provide effective biomarkers and 
new therapeutic targets for patients with LUSC. We present 
the following article in accordance with the TRIPOD 
reporting checklist (available at https://jtd.amegroups.com/
article/view/10.21037/jtd-23-103/rc).

Highlight box

Key findings
• We screened five hub immune genes and established a prognostic 

model related to the tumor mutational burden (TMB) and 
immunity, which can effectively predict the prognosis of lung 
squamous cell carcinoma (LUSC).

What is known and what is new? 
• The TMB has important value as a biomarker in the field of 

immunotherapy. Cells with a high TMB are easily recognized by 
the immune system. Thus, immunotherapy is more effective and 
the survival rate is higher in patients with a high TMB.

• We established a prognostic model related to TMB and 
immunity. The model was reliable and stable and could be used 
as a prognostic biomarker for LUSC patients, which provides a 
theoretical basis for the clinical immunotherapy of LUSC.

What are the implications, and what should change now?
• Our prognostic model should be further validated in large-scale 

and prospective studies. Also, the molecular mechanism and 
function of the five hub immune genes require further study.

https://jtd.amegroups.com/article/view/10.21037/jtd-23-103/rc
https://jtd.amegroups.com/article/view/10.21037/jtd-23-103/rc
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Methods

Study design

We aimed to find effective biomarkers based on TMB 
and immune response and establish a prognostic model of 
LUSC using bioinformatics analysis. The TCGA database 
was acted as a training set and used to establish a risk model. 
GSE37745 database was downloaded from GEO database 
and used to validate the predictive value of this model. We 
designed and processed our study as shown in the flow chart 
(Figure 1).

Source and processing of somatic mutation data

The somatic mutation data of LUSC was obtained from 
TCGA database. From the four subtypes of data files, 
we selected the “Masked Somatic Mutation” data, and 
used varscan 2.4.3 software package (Genome Institute, 
Washington University, Washington, DC, USA. http://
www.ncbi.nlm.nih.gov/pubmed/22300766) for subsequent 

analysis. Loci with a depth of less than 100 were filtered 
out using the VarScan filter pipeline. We read the Mutation 
Annotation Format (MAF) of somatic variation and utilized 
the R maftools package (https://bioconductor.org/packages/
release/bioc/html/maftools.html), which provided multiple 
analysis modules to perform the visualization process and 
draw the mutation graph.

Prognostic analysis based on the TMB 

According to the above MAF files, the TMB of each 
sample was calculated and compared with the other TCGA 
cohorts using the tcgaComapare function in maftools 
package. The clinical data of LUSC were downloaded from 
TCGA database, including age, gender, tumor stage, T, 
N, M, survival time, survival state, etc., and samples with 
deficient clinical information above were excluded from the 
study. The surv_cutpoint function was used to obtain the 
optimal cut-off value, and then the LUSC samples were 
divided into low- and high-TMB groups according to this 

TMB and immune-related prognostic model for predicting the prognosis of LUSC

Somatic mutation data/clinical data/
RNA-Seq expression data from TCGA

TMB calculation and mutation 
analysis (high and low TMB groups)

Immune-related genes from 
ImmPort

Overall 
survival

Clinical 
correlation

Differentially 
expressed genes

Immune-related DEGs

Univariate and multivariate 
cox regression analysis

Gene expression and clinical 
data from GSE37745

TMB and immune-related 
prognostic model

KEGG/GO

Overall survival ROC Risk curve Nomogram
Independent 

prognosis
GSEA

Model verification

Hub genes analysis

Figure 1 Flow chart of this study. The flow chart shows the strategy for developing and validating a tumor mutational burden and immune-
related prognostic model. This model is constructed to predict the prognosis of patients with lung squamous cell carcinoma. TMB, tumor 
mutational burden; TCGA, The Cancer Genome Atlas; LUSC, lung squamous cell carcinoma; DEGs, differentially expressed genes; GSEA, 
Gene Set Enrichment Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; ROC, receiver operating 
characteristic.

http://www.ncbi.nlm.nih.gov/pubmed/22300766
http://www.ncbi.nlm.nih.gov/pubmed/22300766
https://bioconductor.org/packages/release/bioc/html/maftools.html
https://bioconductor.org/packages/release/bioc/html/maftools.html
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value. Kaplan-Meier analysis was performed using survival 
package to compare the relationship between the TMB and 
survival rate, and the correlation between the TMB level 
and clinical features was also evaluated.

TMB-related differentially expressed genes (DEGs) and 
functional pathways analysis

The RNA sequencing (RNA-seq) expression data of LUSC 
were downloaded from TCGA database, including 501 
tumor samples. The samples were divided into high- and 
low-TMB groups based on the optimal cut-off value. The 
Limma package was used to screen LUSC-related DEGs 
with a Fold Change (FC) ≥0.58 and False Discovery Rate 
(FDR) <0.05. The results are represented by volcano and 
heat maps. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

Furthermore, we performed Gene Ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
analyses in R using the clusterProfiler function to determine 
the function and related pathways of the DEGs (26).  
Moreover, we obtained the list of immune-related genes 
from the Immport, which is one of the largest public 
repositories of human immunology data, and then screened 
the immune-related DEGs by Wayne analysis.

Construction and evaluation of an immune and TMB-
related prognostic model 

The gene expression and clinical data of LUSC were 
download from GSE37745 database, including 66 LUSC 
patients. All initial analyses were carried out in TCGA 
database to construct a signature based on TMB and 
immune sites, and then verified in GSE37745 database. We 
used univariate Cox analysis and multivariate Cox analysis 
to screen the hub genes and then constructed the prognostic 
model. Next, the model was evaluated by Kaplan-Meier 
analysis, OS was considered as the primary prognostic 
outcome. Receiver Operating Characteristic (ROC) curve, 
risk curve, and nomogram were used to verify the accuracy 
of the prognostic model. The survivalROC package was 
used for ROC curve analysis, and the rms package for 
nomogram analysis.

In addition, we analyzed the expression and prognostic 
value of the hub genes, as well as their correlation with 
immune cells.

Statistical analysis

The statistical analyses of this study were performed 
using R software (version 3.5.2). The t-test was utilized 
for comparisons between the two groups. P<0.05 was 
considered statistically significant.

Results

Landscape of mutation profiles in LUSC

The TMBs of different cancers in TCGA were shown 
in Figure 2A, and the TMB of LUSC ranked the second 
among all tumor, second only to SKCM. In summary (Figure 
2B), these mutations were further classified according 
to different classification categories, most of which were 
missense mutations. The frequency of SNP was higher 
than that of insertion or deletion. C > T and C > A were 
the common SNVs in LUSC. Moreover, the number 
of changed bases was counted in each sample, and the 
mutation types of different colors in the block diagram of 
LUSC were displayed. Furthermore, the top 10 mutations 
in LUSC were presented, including TTN (68%), TP53 
(77%), MUC16 (36%), CSMD3 (40%), RYR2 (35%), LRP1B 
(30%), USH2A (30%), SYNE1 (29%), ZFHX4 (26%), and 
KMT2D (22%). Meanwhile, the waterfall plot displayed 
the mutation information of the 30 frequently mutated 
genes in LUSC, and the 10 most frequently mutated genes 
were consistent with the above results (Figure 2C). Also, a 
heat map of the correlation between 20 frequently mutated 
genes is shown in Figure 2D, where green represented 
the cooccurrence relationship and brown represented the 
exclusion relationship.

TMB was related to prognosis and pathological stages

According to the calculated TMB score and LUSC clinical 
data in TCGA, the optimal cut-off value was determined 
to be 2.605263. The samples were divided into high- and 
low-TMB groups according to the optimal cut-off value. 
Kaplan-Meier analysis revealed that the survival rate of the 
high TMB group was higher than that of the low TMB 
group, P<0.001 (Figure 3A). Moreover, higher TMB levels 
were associated with pathological stage, P=0.012 (Figure 
3B). However, there was no significant difference in the 
correlation between TMB and age, gender, metastasis, 
lymph node metastasis, and tumor (Figure S1).

https://cdn.amegroups.cn/static/public/JTD-23-103-Supplementary.pdf
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Figure 2 Analyses of the LUSC mutation data based on TCGA database. (A) The TMB of different cancers in TCGA. (B) The mutation 
summary plot shows the mutation data. (C) Waterfall diagram for the landscape of mutation profiles in LUSC. Different colors with specific 
notes at the bottom represent the different mutation types and the bar chart at the top of the legend shows the number of mutation burdens. 
(D) Correlation plot of mutated genes. LUSC, lung squamous cell carcinoma; TCGA, The Cancer Genome Atlas; TMB, tumor mutational 
burden; SNV, single nucleotide variant.

Figure 3 The relationship between TMB and survival rate as well as clinical characteristics. (A) Lower TMB levels are related to the poor 
prognosis of LUSC patients, P<0.001. (B) The TMB level was related to stages, P=0.012. TMB, tumor mutational burden; LUSC, lung 
squamous cell carcinoma.
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Identification of TMB-related DEGs based on TCGA 
database

A total of 595 DEGs were obtained in high- and low-TMB 
groups, including 178 up-regulated genes and 417 down-
regulated genes (Figure 4A,4B). To explore the potential 
biological functions of these genes, we performed GO and 
KEGG enrichment analyses. GO analysis demonstrated 
that the DEGs were strongly enriched in B cell/
lymphocyte mediated immunity, leukocyte/lymphocyte/
B cell/macrophage/T cell activation, lymphocyte/T 
cell/mononuclear cell/leukocyte proliferation, humoral 
immune response, immunoglobulin production, external 
immunoglobulin complex, immune receptor activation 
for BP, enriched in immunoglobulin complex, external 
side of plasma membrane, MHC protein complex, cell-
cell junction, blood microparticle for CC, and enriched in 
antigen binding, immunoglobulin receptor binding, MHC 
class II receptor activity, immune receptor activity for MF 
(Figure 4C). Also, KEGG analysis indicated that DEGs were 
markedly enriched in T helper type 1 (Th1) and T helper 
type 2 (Th2) cell differentiation, T helper type 17 (Th17) 
cell differentiation, PPAR signaling pathway, cytokine-
cytokine receptor interaction, and Cell cycle (Figure 4D).

Construction and evaluation of the prognostic model

Wayne analysis showed 158 immune-related DEGs were 
obtained (Figure 5A). After combining 158 genes with 
survival data, univariate Cox regression showed that 24 
genes were significant for the prognosis of LUSC (Figure 
5B). Furthermore, multivariate Cox regression analysis 
showed that five hub genes (TINAGL1, FGFR2, CTSE, 
SFTPA1, and IGHV7-81) were finally included in the 
prognostic model (Figure 5C). The risk score formula was as 
follows: risk score = (TINAGL1 × 0.131846859) + [FGFR2 
× (−0.095244735)] + [CTSE × (−0.100214254)] + (SFTPA1 × 
0.084305089) + (IGHV7-81 × 0.15661608). 

The patients with LUSC were divided into high- or low-
risk groups according to the median risk score. Kaplan-
Meier analysis indicated that the survival time of patients 
with a low-risk score was significantly longer than that of 
high-risk patients, P<0.001 (Figure 6A). Meanwhile, the area 
under the ROC curve (AUC) was calculated, as displayed 
in Figure S2, the AUC value was 0.658, indicating that the 
risk score plays an important role in prognostic evaluation. 
The calibration chart showed that the curve and calibration 
line were almost combined, indicating that the model fit 

well (Figure 6B). Additionally, heat maps suggested that 
TINAGL1, CTSE, SFTPA1, and IGHV7-81 were lowly 
expressed in the low-risk groups, while FGFR2 was highly 
expressed in the low-risk groups (Figure 7A). The risk curve 
showed that mortality increased with the increase of the risk 
score (Figure 7B,7C). A nomogram was also used to evaluate 
the effect of gene expression levels on the 1-, 3-, and 5-year 
survival rates. The results suggested that the total score of 
the nomogram helped provide a quantitative method for 
predicting the prognosis of LUSC (Figure 7D).

The GSE37745 dataset as an external validation showed 
that there was a significant difference in the survival rate 
between the high and low risk groups (P=0.012), and the AUC 
value of the area under the ROC curve was 0.644, indicating 
that the model had certain predictive value (Figure 8,  
Figure S3A). In addition, ROC analysis was performed on 
clinical indicators of LUSC, such as age, stage, T, N, M, 
etc., together with the risk score. Compared with all clinical 
indicators, the AUC value of risk score was the largest, 
indicating that the prognostic model had certain predictive 
value (Figure S3B).

To verify whether the risk score can be used as an 
independent prognostic factor for patients with LUSC, 
univariate and multivariate Cox analyses were performed 
on the clinical variables and risk scores. Univariate analysis 
indicated that tumor, metastasis, lymph node metastasis, and 
risk score were prognostic factors (Figure 9A). Meanwhile, 
multivariate analysis indicated that tumor, metastasis, lymph 
node metastasis, and risk score can be used as independent 
prognostic factors (Figure 9B). 

Finally, to determine the unknown function of the 
prognostic model, we performed Gene Set Enrichment 
Analysis (GSEA) to identify the possible biological function 
of the prognostic model. As displayed in Figure 9C,9D, 
these genes are closely associated with the leukocyte 
transendothelial migration, cytokine-cytokine receptor 
interaction, and other pathways, and these related biological 
pathways can significantly affect the tumorigenesis of 
LUSC.

Analysis of prognostic hub genes

To further evaluate the reliability and effectiveness of 
this prognostic risk model, we performed bioinformatics 
analyses on the hub prognostic genes (TINAGL1, FGFR2, 
CTSE, SFTPA1, and IGHV7-81). As presented in Figure 
10A, the expression of FGFR2 was markedly decreased 
in the low TMB group compared to the high TMB 

https://cdn.amegroups.cn/static/public/JTD-23-103-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-23-103-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-23-103-Supplementary.pdf
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Figure 4 The expression of TMB-related DEGs and enrichment analysis. (A) Volcanic map of TMB-related DEGs. Red dots represent up-
regulated DEGs and green dots represent down-regulated DEGs. (B) Heat map of TMB-related DEGs in the low- and high-TMB groups. 
(C) GO analysis of TMB-related DEGs. (D) KEGG enrichment analysis of TMB-related DEGs. TMB, tumor mutational burden; DEGs, 
differential expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; FC, fold change; BP, biological 
process; CC, cellular component; MF, molecular function.
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group, while the levels of TINAGL1, CTSE, SFTPA1, and 
IGHV7-81 were significantly increased in the low TMB 
group. Importantly, patients with high TINAGL1, CTSE, 
SFTPA1, and IGHV7-81 have a shorter survival time, while 
patients with high FGFR2 have a longer survival time  
(Figure 10B-10F).

Next, we used the CIBERSORT algorithm to evaluate 
the relationship between gene mutation and tumor-
infiltrating immune cells in the LUSC microenvironment. 

As a result, there were significant differences in the 
composition of 22 immune cell types in each sample  
(Figure 11A). The result obtained from the correlation 
matrix is shown in Figure 11B. Then, the correlation 
between hub genes expression and immune cells was 
verified, and immune cells with a correlation coefficient 
>0.15 and P<0.05 were shown in Figure S4. Additionally, 
the somatic copy-number alterations (sCNA) module in 
timer2.0 was used to compare the distribution of immune 
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infiltration through the sCNA status of genes in TCGA 
cancer types. Figure 12A-12D shows the relative scale of the 
sCNA status of CTSE, FGFR2, SFTPA1, and TINAGL1 in 
all TCGA cancer types. 

Discussion

It is well known that LUSC has high heterogeneity and 
extensive mutations, and the treatment is particularly 
challenging. Due to limited treatment strategies, the 
prognosis of LUSC is poor. In recent years, the treatment 
of LUSC has changed significantly with the introduction 
of ICIS-based immunotherapy, but only a small number 
of patients have responded to this therapy. Because of the 
different therapeutic responses, it is urgent to identify 
immune biomarkers with higher sensitivity and accuracy to 
predict the effect of immunotherapy and the prognosis of 
LUSC patients.

Currently, several studies have constructed immune-
related molecular models to predict the prognosis of patients 
with LUSC. Yan et al. and Fu et al. constructed prognostic 
models of different immune genes based on the ImmPort 
database and identified new prognostic markers of LUSC 
(27,28). Yang et al. divided tumors into hot tumors and 
cold tumors according to a combination of immunodilation 
and PD-L1 expression, and developed a prediction model 
of 13 immune-related genes based on different expression 
genes between the two, which could be used for prognostic 
prediction of LUSC and immunotherapy response (29). 
Yan et al. developed a three gene risk model using TMB-
associated genes to predict LUSC patient survival, 
suggesting that TMB might contribute to the pathogenesis 

of LUSC (30). All of the above studies have their own 
characteristics and new findings, however, there is no 
consensus on biomarkers that can predict the prognosis of 
LUSC patients. Given the complexity of tumor biology and 
immune microenvironments, single biomarkers may not 
predict the clinical outcomes of immunotherapy.

Compared with previous studies, our study combined 
TMB and immune genes for the first time, and constructed 
an immune related gene prognosis model based on 
TMB to predict the prognosis of LUSC patients, which 
is more comprehensive and convincing, and can better 
reflect the TMB and immune-related characteristics. 
Numerous evidences have shown that TMB is related to 
immunotherapy response. It is a novel biomarker used to 
predict the benefit of tumor immune checkpoint inhibitor 
treatment. To our knowledge, cells with a high TMB are 
easily recognized by the immune system and become targets 
of tumor immunity (31). Hence, immunotherapy is more 
effective and the survival rate is higher in patients with a 
high TMB (32,33).

In the present study, we constructed a prognostic model 
based on immune and TMB-related genes to predict the 
prognosis of LUSC patients. A total of 595 TMB-related 
DEGs were identified based on TCGA database, which 
were then intersected with immune genes downloaded from 
Immport, and 156 immune-related DEGs were identified. 
Through univariate and multivariate cox regression 
analyses, five hub prognostic genes (TINAGL1, FGFR2, 
CTSE, SFTPA1, and IGHV7-81) were screened to establish 
a prognostic model. As expected, the prognostic model 
is stable and reliable, and the risk score can be used as an 
independent prognostic factor for LUSC patients.

Our results are consistent with the findings of previous 
studies; the survival rate of patients with a high TMB 
is significantly higher than that of patients with a low 
TMB. KEGG analysis indicated that DEGs were mainly 
involved in Th1, Th2 and Th17 cell differentiation, and 
cytokine-cytokine receptor interaction. GO enrichment 
analysis indicated that they were mainly involved in B cell/
lymphocyte mediated immunity, leukocyte/lymphocyte/
B cell/macrophage/T cell activation, lymphocyte/T cell/
mononuclear cell/leukocyte proliferation. These genes may 
be closely related to the therapeutic response of ICIs. The 
proliferation, activation, and differentiation of lymphocytes 
are essential to the immune system (34). Many studies have 
shown that TMB is a predictive biomarker for response to 
ICIs (25). Our study supports the view that TMB is closely 
related to immunity.
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Figure 9 The risk score can be used as an independent prognostic factor. (A) Univariate and (B) multivariate Cox analyses for the risk score 
and clinical features. (C,D) GSEA of the prognostic model. T, tumor; M, Metastasis; N, node; GSEA, Gene Set Enrichment Analysis; 
KEGG, Kyoto Encyclopedia of Genes and Genomes. 
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Furthermore, we conducted survival analysis on the five 
hub prognostic genes related to the TMB, and the results 
showed that the high expression genes in patients with a 
low TMB (TINAGL1, CTSE, SFTPA1, and IGHV7-81) 
are associated with poor prognosis. This indicated that 
TMB levels are closely related to the prognosis of patients 
with LUSC, and these five TMB-related genes possess 
significant prognostic value. 

Next, the prognostic model was established using these 
five hub immune genes. We calculated the risk score based 
on the hub genes and divided the samples into low- and 
high-risk groups. A series of bioinformatics analyses were 
subsequently performed to verify the model. The results 

showed that high-risk patients had worse survival outcomes 
compared with low-risk patients, and the risk score is a 
valuable biomarker for the prognosis of patients with LUSC. 
Hence, we believe that the use of the TINAGL1, FGFR2, 
CTSE, SFTPA1, and IGHV7-81 prognostic model to predict 
the prognosis of LUSC patients is feasible and stable.

FGFR2, a f ibroblast growth factor receptor,  is 
overexpressed in breast cancer, gastric cancer, and LUSC 
(35-37), and the recurrent mutation of FGFR2 has been 
confirmed in LUSC (38). Tubulointerstitial nephritis 
antigen-like 1 (TINAGL1), a secretory extracellular protein, 
promotes cell adhesion and migration by binding to integrins 
such as ITGA1B1. The abnormal expression of TINAGL1 
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Figure 11 Immune cell infiltration related to the TMB. (A) The landscape of 22 immune fractions; (B) the correlation of 22 immune 
fractions. TMB, tumor mutational burden.
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Figure 12 The status of sCNA represents the distribution of immune infiltration. Relative scales of the sCNA status of (A) CTSE, (B) 
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normal, blue represents arm-level gain, and purple represents high amplification. sCNA, somatic copy number variation.

has been considered a prognostic factor in several cancers, 
such as triple-negative breast cancer (39) and hepatocellular 
carcinoma (40). Umeyama et al. found that TINAGL1 is 
a metastasis-promoting factor in NSCLC. Cathepsin E 
(CTSE), an intracellular aspartic protease, is expressed 

in both the immune system and cancer cells (41). CTSE 
is highly expressed and hypomethylated in LUAD and 
can be used as the hub gene in the prognostic model of 
LUAD patients (42,43). SFTPA1 encodes human pulmonary 
surfactant protein A (SP-A), which plays an important role 
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in lung homeostasis and immunity (44), and is considered 
a promising molecular marker of NSCLC tumor cells (45).  
However, its prognostic value in LUSC has not been 
studied. IGHV7-81  is a kind of mutated gene and 
PDCD1LG2-IGHV7-81 fusion is involved in reducing 
T-cell activation (46,47), but its function in LUSC has not 
been reported. Our data suggested for the first time that 
ITGA1B1, CTSE, SFTPA1, and IGHV7-81 have prognostic 
value in LUSC and are associated with the TMB and 
immune response.

To our knowledge, this is the first TMB-related 
prognostic model that can predict survival in LUSC. We 
calculated the risk score and divided the patients into 
high- and low-risk groups. High-risk patients had worse 
survival outcomes compared with low-risk patients, and 
the risk score is a valuable biomarker for the prognosis of 
patients with LUSC. However, there are some limitations 
in this study that should be noted and considered. Firstly, 
our prognostic model needs to be further validated in 
large-scale and prospective studies. Also, the molecular 
mechanism and function of the five hub immune genes still 
need further study.

Conclusions

In summary, we screened five hub immune genes and 
established a prognostic model related to the TMB and 
immunity. The prognostic model is reliable and stable 
and can be used as a prognostic biomarker for LUSC 
patients, which provides a theoretical basis for the clinical 
immunotherapy of LUSC.
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Supplementary

Figure S1 The relationship between TMB and clinical characteristics. There were no significant differences between TMB and (A) age, (B) 
gender, (C) metastasis, (D) lymph node metastasis, and (E) tumor. TMB, tumor mutational burden.

Figure S2 ROC curve to verify the predictive efficiency based on the risk score(TCGA). ROC, receiver operating characteristic; AUC, the 
area under curve.
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Figure S3 (A) ROC curve to verify the predictive efficiency based on the risk score(GSE37745); (B) ROC curve to verify the predictive 
efficiency based on the risk score and clinical indicators. ROC, receiver operating characteristic; AUC: the area under curve.

Figure S4 Correlation between the levels of (A) CTSE, (B) SFTPA1, (C) IGHV7-81, (D)TINAGL1, and (E)FGFR2 and immune cells.


