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Abstract

Lung adenocarcinoma (LUAD), the most common type of cancer, is hard to diagnose and has an unfavorable prognosis.
Tumor mutation burden (TMB) is a useful predictor and can also determine the efficacy of immunotherapy in various cancers.
The present study focused on unraveling the association between immune infiltration and TMB and developing an immune-
and TMB-related prognostic model to predict LUAD patients’ prognosis. The results revealed that the immune-related
prognostic model (IPM) based on TMB was capable of classifying LUAD patients in all cohorts into different risk groups.
The IPM was useful and had a significant correlation with LUAD patients’ overall survival (OS). Based on the multivariate
Cox analysis results, the IPM was proved to be an independent predictive biomarker. Furthermore, the five hub genes and
the immune-related model were related to different immune infiltrating cells. The IPM was related to immune checkpoints.
At last, an effective nomogram was established to predict LUAD patients’ prognosis. To conclude, our IPM is effective in
predicting LUAD patients’ prognosis and provides novel insights into immunotherapy for LUAD.
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Abbreviations TAP2 Peptide transporter involved in antigen

CGP Cancer gene panel processing 2

CTLA-4 Cytotoxic T-lymphocyte antigen 4 TCGA The cancer genome atlas

CTSL Cathepsin L TIBs Tumor-infiltrating B cells

GEO Gene expression omnibus TIICs Tumor-infiltrating immune cells

HTLV-1 Human T-cell leukemia virus type-1 TMB Tumor mutation burden

ICIs Immune checkpoint inhibitors TME Tumor microenvironment

IPM Immune-related prognostic model Tregs T cells regulatory

LASSO Least absolute shrinkage and selection WES Whole-exome sequencing
operator

LUAD Lung adenocarcinoma

NSCLC Non-small-cell lung carcinoma Introduction

OS Overall survival

PAR2 Protease-activated receptor 2 Lung cancer, the most prevalent human cancer glob-
PD-L1/PD-1 Programmed cell death ligand 1/protein 1 ally, has a high mortality rate. It can be classified as two
PPIA Peptidyl prolyl isomerase A main subtypes: non-small-cell lung carcinoma (NSCLC)
SCLC Small-cell lung carcinoma accounts for about 85% and small-cell lung carcinoma
TAMs Tumor-infiltrating macrophages (SCLC) accounts for about 15% [1]. LUAD belongs to
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NSCLC and accounts for approximately forty percent of
all patients [2]. The investigation of LUAD has attracted
considerable attention because the 5-year survival rate is
still very low with the advancement and development in
diagnosis and treatment, such as immunotherapy [3-5].
LUAD is caused by many factors, including cigarette
smoking, air pollution, genetic alteration, etc. Besides, due
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to the strong invasiveness and rapid metastasis of LUAD,
the survival rate of patients who were initially diagnosed
with metastatic cancer in fifth year is merely 5% [6]. Thus,
it is urgent to explore the accurate molecular mechanism
and identify novel biomarkers to predict LUAD patients’
prognosis, contributing to more effective and precise
treatment.

Tumor-infiltrating immune cells (TIICs) can be classified
into two subtypes: the adaptive immune cells and the innate
immune cells. TIICs, the essential components within the
tumor microenvironment (TME), contribute to the develop-
ment of various cancers [7]. For instance, tumor-infiltrating
macrophages (TAMs) could affect the metabolism of cancer
cells, thus mediating the antineoplastic effects in many can-
cers [8]. Moreover, tumor-infiltrating B cells (TIBs) can be
used as a specific biomarker to stratify LUAD with different
driver mutations, which reveals close relationships between
the isotypes and patients’ prognosis [9]. Due to the detailed
and comprehensive studies of the TME, immunotherapy has
become an emerging cancer therapy and attracted special
attention [10, 11]. Immune checkpoint blockade is an effec-
tive immunotherapy in NSCLC, which comprises the inhibi-
tion of cytotoxic T-lymphocyte antigen 4 (CTLA-4) and pro-
grammed cell death ligand 1/protein 1 (PD-L1/PD-1) [12].
According to recent research, high expression of PD-L1/
PD-1 was related to better LUAD patients’ OS [13]. More-
over, FDA has approved a variety of immune checkpoint
inhibitors (ICIs) as the second-line treatment for NSCLC,
including atezolizumab targeting PD-L1 and nivolumab tar-
geting PD-1 [14]. However, due to the different biological
and molecular characteristics of diverse subtypes, ICIs can
only benefit approximately twenty percent of patients with
NSCLC. In contrast, a great number of patients address a
limited response or even fail to respond at all [15]. There-
fore, it is urgent to find more biomarkers of immunotherapy
and explore the exact mechanism of the immune response
in LUAD research.

Tumor mutation burden (TMB) could serve as a useful
indicator to predict several ICIs treatment response across
cancers, including NSCLC [16]. Some studies have revealed
that TMB and the PD-L1 expression may cooperate to con-
tribute to predicting responses of ICIs treatment in some
cancers [17]. Moreover, another study showed that TMB is
positively related to better prognosis among patients treated
with ICIs across diverse types of cancers [18]. Although
TMB may perform well to predict ICIs treatment response to
certain types of cancer, several fundamental problems of the
detailed mechanism remain unsolved. More comprehensive
research is urgently required to better evaluate whether TMB
is helpful to predict ICIs treatment response and patients’
prognosis. However, there is a lack of studies aimed at ana-
lyzing the correlation between TMB and immune infiltration
of LUAD are lack. Thus, our research focused on further
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exploring the correlation between immune response and
TMB in LUAD.

In our study, mRNA expression and somatic mutation
data of LUAD were obtained via The Cancer Genome Atlas
(TCGA) database. We then evaluated the correlation of
immune landscape and TMB in LUAD and established an
IPM for LUAD. Furthermore, data from the Gene Expres-
sion Omnibus (GEO) database was selected to evaluate
IPM’s prognostic value. The correlation of the IPM and
immune infiltration levels was also analyzed. This study
contributes by developing a promising prognostic model and
selecting hub genes as the potential biomarkers for LUAD,
which has the potential clinical importance to benefit the
patients suffered from LUAD.

Materials and methods

Gene expression data, somatic mutation data
and clinical information

As for the training cohort, mRNA expression profiles,
somatic mutation data and related clinical data of LUAD
were accessed from the TCGA database via UCSC Xena
(https://xena.ucsc.edu/). The somatic mutation data were
analyzed via the “maftools” R package (version 2.2.10) [19].
The TMB scores were obtained by calculating the total num-
ber of mutations/exon length (38 Mb). The mRNA expres-
sion data and related clinical parameters used for validation
cohorts were accessed from the GEO database (http:/www.
ncbi.nlm.nih.gov/geo/), including GSE30219 dataset [20]
and GSE31210 [21]. Moreover, we performed log2 trans-
formations for all mRNA expression data. When duplicate
RNA expression values were found, we calculated and
retained the average expression value. And samples whose
survival time < 30 days were excluded in this study. Finally,
459 cases from the TCGA cohort, 83 cases from the GSE
30,219 cohort and 225 cases from the GSE31210 cohort
were further analyzed. The flowchart of this research was
revealed in Fig. 1. The LUAD patients’ clinical parameters
from these three cohorts are shown in Table 1.

Gene set enrichment analysis (GSEA)

In the TCGA cohort, GSEA was performed for the DEGs
between high- and low TMB groups, which was utilized
to determine the difference of immune-associated biologi-
cal pathways between high- (n=229) and low TMB groups
(n=230) via the “clusterProfiler” R package (version 3.14.3)
[22]. FDR < 0.1 and p < 0.05 were set to determine which
enrichment pathway is statistically significant.
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Fig. 1 Flowchart of the study. TMB, tumor mutation burden; DEGs, differently expressed genes; ROC, receiver operating characteristic;
LASSO, least absolute shrinkage and selection operator

Construction and validation of the immune-related
prognostic model

Differentially expressed genes (DEGs) based on TMB

We regarded the median value of TMB to define the high-

and low TMB groups. Patients with TMB higher than
the median value were in the high TMB group, while the
other in the low TMB group. We screened for TMB-related
DEGs between high- and low TMB groups via “limma”
R package (version 3.42.2) [23]. The cutoff value to iden-
tify DEGs were Ifold changel> 1 and p <0.05. And DEGs
were intersected with the immune genes of the Immport
database (https://immport.niaid.nih.gov/) for subsequent
analysis.

We screened for immune-related DEGs with prognostic
value using univariate Cox regression analysis via the “sur-
vival” R package (version: 3.2-7). The genes with p <0.05
in the univariate Cox regression analysis were subjected to
the least absolute shrinkage and selection operator (LASSO)
Cox regression analysis via the “glmnet” R package (ver-
sion 4.0-2) [24]. Next, multivariate Cox regression analysis
was conducted within selected genes. Five key genes were
finally identified to build the IPM. The prognostic model
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Table 1 Clinical characteristics
of LUAD patients in training

Characteristics

TCGA-LUAD (Train- GSE30219 (Validation GSE31210 (Valida-

o ing set) set 1) tion set 2)
and validation cohorts
Number Percent % Number Percent % Number Percent %
of cases of cases of cases
Total 459 83 225
Age >60 314 68.4 46 55.4 118 524
<60 145 31.6 37 44.6 107 47.6
Gender Male 214 46.6 65 78.3 104 46.2
Female 245 534 18 21.7 121 53.8
Pathological Stage  Stage I 249 54.2 167 74.2
Stage I1 111 24.2 58 25.8
Stage 111 78 17 0 0
Stage IV 21 4.6 0 0
Tstage Tl 158 344 69 83.1
T2 243 52.9 12 14.5
T3 41 9 2 24
T4 17 3.7 0 0
Nstage NO 302 65.8 80 96.4
N1 88 19.2 3 3.6
N2 67 14.6 0 0
N3 2 04 0 0
Mstage MO 83 100
Ml 0 0
EGFR mutation Mutation 126 56
Wild-type 99 44
KRAS mutation Mutation 20 8.9
Wild-type 205 91.1

was established using five key genes and the coefficients of
multivariate Cox regression: risk score = fyepet * EXPryepe
4 + Poenes ™ EXPrgenes, Where f refers to the coefficients
and Expr refers to the expression value. The “survminer”
R package (version 0.4.8) was utilized to identify the opti-
mal cutoff value. Low- and high-risk groups were classified
in the TCGA cohort based on the cutoff value. Using the
“survminer” R package (version 0.4.8), we then evaluated
this model’s prognostic value via the Kaplan—Meier analysis
in all three cohorts. And, we analyzed the predictive abil-
ity of this IPM on the basis of the time-dependent receiver
operating characteristic (ROC) curves in all cohorts via the
“survivalROC” R package (version: 1.0.3).

Functional enrichment analysis

We identify DEGs by using “limma” R package in the TCGA
cohort to analyze different biological processes (BPs) and
pathways between different risk groups [23]. And we identi-
fied DEGs with Ifold changel> 1 and p-value < 0.05. Subse-
quently, we carried out the Gene Ontology (GO) enrichment
analyses based on the upregulated and downregulated genes,
respectively, via the “clusterProfiler” R package [22].
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Analysis of immune infiltrating cells and immune
checkpoints

The TIMER database (https://cistrome.shinyapps.io/timer)
is used to investigate immune cell infiltration [25]. We first
evaluated the relationship between the immune infiltration
and key genes’ expression levels, and OS, respectively [25].
CIBERSORT was then applied to further explore relative
proportions of twenty-two infiltrating immune cells in the
GSE31210 cohort [26]. In order to analyze the role our [IPM
played in immune infiltration, we also evaluated the fractions
of twenty-two infiltrating immune cells, respectively, via
CIBERSORT between different risk groups in the Sangerbox
online tool (http://sangerbox.com/Index) [26]. ESTIMATE
is an algorithm designed to estimate the immune score and
be utilized to indicate the fractions of immune infiltrating
cells [27]. We calculated the immune score, ESTIMATE
score and stromal score in the validation cohort via the “esti-
mate” R package (version 1.0.13). We then compared the
differences of these scores between different risk groups.
Besides, we evaluated various immune checkpoints expres-
sion between the different risk groups and calculated the
correlation of expression levels and our IPM.
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Nomogram development and evaluation to predict
prognosis in LUAD

We utilized the univariate and multivariate Cox regression
analysis together to explore whether our IPM was inde-
pendent among other predictive characteristics, including
gender, TMB, age, N stage, T stage and pathological stage.
Next, a nomogram was construct to predict the survival
probability at 1-, 3- and 5-year via “rms” R package (ver-
sion 6.0-1). The accuracy was validated via the Calibra-
tion curves and time-dependent ROC curves. Besides, the
concordance index was used to evaluate our nomogram’s
discrimination.

Statistical analysis

All of the statistical analyses were conducted via the R
software (version 3.6.2). The Spearman’s correlation was
applied for the analysis of the correlation. The Wilcoxon
test was utilized to compare the difference between these
two risk groups. p <0.05 was regarded as statistically
significant.

Results
Somatic mutation profiles of LUAD

567 LUAD patients were subjected to the analysis of
somatic mutation profiles via the “maftools” R package.
TP53 (48%), TTN (46%) and MUC16 (40%) had the top
three mutant frequency in LUAD samples in the waterfall
plot. Moreover, the most frequent variant classification is
the missense mutation, the most frequent single nucleotide
variant (SNV) is C> A, and single nucleotide polymor-
phisms (SNPs) have a much higher proportion than dele-
tion or insertion (Fig. 2a). The co-occurrence of the top 25
mutated genes is revealed in Fig. 2b. Subsequently, 459 of
the 567 patients with the prognostic data were subjected
to the following analysis.

Differentially expressed genes (DEGs) between low/
high TMB groups

In total, 6708 genes were chosen as the DEGs between
high- and low TMB groups, among which 3739 genes were
highly expressed in high TMB group and 2969 genes were
the opposite. Next, 408 immune DEGs were obtained via
the intersection (Fig. 7¢). And, GSEA for the DEGs was
performed between these two groups, which revealed that
635 BPs were highly enriched in the high TMB group

and 150 BPs were highly enriched in another group. Top
5 immune-related BPs were selected in the high TMB
group (Fig. 4c) and another group (Fig. 4d), suggesting
the immune response in the TME of LUAD.

Development and evaluation of the IPM based
on the training cohort

The prognostic value of 408 immune-related DEGs was
explored via univariate Cox regression analysis in the LUAD
patients. The results revealed that 135 immune genes were
suitable (p <0.05) (Supplementary file 3: supplementary
Table 1). Next, LASSO Cox regression analysis was applied
to select 19 immune genes (Fig. 3j—k). Finally, multivariate
Cox regression analysis was applied and five immune genes
were chosen (Table 2). The expression levels of F2RL1,
CTSL, PPIA, TAP2 were negatively associated with LUAD
patients’ OS and HLA-DMB expression was positively asso-
ciated with LUAD patients’ OS. The Kaplan—Meier analy-
sis of these five immune-related genes indicated the same
results (Supplementary file 2: supplementary Fig. 1a). And,
the Gene Expression Profiling Interactive Analysis (GEPIA)
database was further applied to evaluate these five genes
(Supplementary file 2: supplementary Fig. 1b). According
to the result of the multivariate Cox regression analysis, the
prognostic model for the LUAD patients was built as fol-
lows: risk score =0.1815815 * Exprgyp; ; +0.2241316 * Exp
Tepsy, +0.6202300 * Exprpppa +0.2990650 * Exprpppy —0.237
2524 * Expry; a.pmp (Fig. 31). Subsequently, LUAD patients
in the TCGA cohort were divided into different risk groups
(Fig. 3d). The Kaplan—Meier analysis was performed, which
revealed that patients with high-risk scores had a unfavorable
prognosis (Fig. 3a). Furthermore, according to time-depend-
ent ROC curves, AUCs at different years were 0.57 (1-year),
0.56 (3-year) and 0.56 (5-year), respectively (Fig. 3g).

Validation and evaluation of the IPM based on GEO
validation cohorts

The GEO validation cohorts (GSE30219 and GSE31210)
were utilized for subsequent validation to figure out whether
the IPM was a robust predictive model. LUAD patients’ risk
scores were obtained via the equation and patients were
stratified into different risk groups based on the optimal
cutoff value (Fig. 3e, f). The Kaplan—Meier analysis was
applied in these two validation cohorts, which indicated that
the prognosis of patients with high-risk scores was unfa-
vorable (Fig. 3b, c). Besides, AUCs of the time-dependent
ROC curves reached 0.87, 0.73 and 0.66 at 1, 3, 5 years,
respectively, in GSE30219 (Fig. 3h), and reached 0.66, 0.6,
0.66 at 1, 3, 5 years, respectively, in GSE31210 (Fig. 3i).
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Table 2 Multivariate Cox regression analysis of the immune-related
genes in TCGA

Genes Coefficient HR 95%CI p-value
F2RL1 0.18158149 1.2 1.06-1.36 0.005
TAP2 0.29906504 1.35 1.09-1.67 0.006
CTSL 0.2241316 1.25 1.07-1.47 0.005
PPIA 0.62023003 1.86 1.35-2.56 0
HLA.DMB —0.2372524 0.79 0.68-0.91 0.001

Analysis of BPs related to the IPM

We have found that 359 genes were highly expressed in
the high-risk group and 341 genes were highly expressed
in the low-risk group (lfold changel> 1, p-value < 0.05).
Next, we performed GO analysis to analyze the underly-
ing BPs of the DEGs in the different risk groups. The
results showed that 28 BPs (Fig. 4a) were enriched in the
high-risk group and 478 BPs (Fig. 4b) and were enriched
in the other group.

Correlation between immune infiltration
and selected key genes

The correlation analysis showed that expression levels of
five key genes (F2RL1, CTSL, PPIA, TAP2 and HLA-DMB)
of the IPM were notably related to immune infiltrating lev-
els from the TIMER database. F2RL1, CTSL, TAP2 and
HLA-DMB expression were positively related to immune
infiltrating levels, while PPIA expression was negatively
related to immune infiltrating levels (Fig. 5a). Moreover, the
Kaplan—Meier analysis showed that the infiltrating levels of
dendritic cells and B cells were positively related to patients’
OS in the training cohort (Fig. 5b).

The immune landscape of LUAD patients in different
risk groups

The immune infiltrating levels of twenty-two immune cells
vary between different risk groups in the GS31210 cohort
(Fig. 6a). The results indicated that infiltrating immune
cells’ differences may function as an intrinsic characteristic
to represent individual diversity (Fig. 6b). Next, proportions
of the immune cells were compared in the two risk groups
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Fig.5 Immune infiltrating cells were correlated with hub genes tion, while PPIA expression was the opposite. b The Kaplan—-Meier

expression and prognosis in LUAD. a F2RL1, CTSL, TAP2 and analysis revealed that B cells and dendritic cells were positively
HLA-DMB expression were positively related to the immune infiltra- related to LUAD patients’ OS (p <0.05)

(Fig. 6¢). Moreover, we found that the various infiltrating ~ the immune infiltrating levels of LUAD might act as effec-
immune cell proportions correlated weakly to moderately  tive immune biomarkers for the treatment and have clinical
and the risk score was closely related to immune infiltration  significance.

(Fig. 6d). We further calculated the ESTIMATE score of Immune checkpoints serve as promising biomarkers in
the LUAD patients in the GSE31210 cohort and the results ~ cancer immunotherapy. We focused on the correlation of our
illustrated that immune score of the low-risk group were = IPM and expression levels of some important immunother-
significantly lower, and the immune score was correlated  apy-related genes (PD-L1, CTLA-4, CD276, CDSA, TIGIT
with the risk score (Fig. 6e). The above results indicated that ~ and TNFRSF9) in the GSE31210 cohort. The expression
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Fig.6 Analysis of immune infiltrating cell fractions and immune-
related scores between different risk groups. a The proportions of
twenty-two immune infiltrating cells. b Boxplots reveal the fractions
of the twenty-two immune infiltrating cells. ¢ Boxplots reveal the
diverse fractions of immune infiltrating cells between the different

levels of all these immunotherapy-related genes were sig-
nificantly higher in patients with high-risk scores (Fig. 7a).
Results of the correlation analysis revealed that the [IPM was
positively correlated with all these immunotherapy-related
genes (Fig. 7b). Therefore, the immune-related model is
potentially associated with the immunotherapy-related gene
expression in LUAD.
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risk groups. d Correlation matrix of the immune infiltrating cells and
the risk score. e The difference of immune score, ESTIMATE score,
stromal score, and tumor purity between different risk groups. Ns:
p=0.05, x: p<0.05, #x: p<0.01, xxx: p<0.001

Construction and evaluation of a nomogram
on the basis of the IPM

To determine whether our immune-related model and other
clinical parameters were independent to predict prognosis,
univariate and multivariate Cox analyses were utilized in the
TCGA cohort (Fig. 8a, b). Results showed that the Nstage,
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Fig.8 Development and evaluation of the nomogram in the train-
ing cohort. a Univariate Cox analyses of correlation between clini-
cal parameters and OS. b Multivariate Cox analyses of correlation
between clinical parameters and OS. ¢ The nomogram to predict 1-,

Tstage and IPM were highly correlated with LUAD patients’
OS (Table 3). Next, a nomogram was constructed on the
basis of our IPM and the pathological stage in the TCGA
training cohort (Fig. 8c). In addition, calibration plots indi-
cated that the perfect concordance between the nomogram
and the actual overall survival probabilities, suggesting that
our nomogram has the stable capacity to predict LUAD
patients’ prognosis (Fig. 8e). Moreover, results of time-
dependent ROC curves revealed that AUCs at different years
were 0.72 (1-year), 0.69 (3-year), 0.69 (5-year), respectively,

@ Springer
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3- and 5-year LUAD patients’ OS. d Time-dependent ROC curves
utilized to evaluate the nomogram. e Calibration curves utilized to
evaluate the performance of the nomogram

indicating the nomogram’s excellent sensitivity and specific-
ity (Fig. 8d). All the results revealed that this nomogram was
suitable to predict LUAD patients’ prognosis.

Discussion

As mentioned in recent studies, genomic variations are
among the predominant causes of LUAD [5]. Although
advanced methods have been utilized, it is still challenging
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Tablg 3 Univariate and . Characteristics Univariate analysis Multivariate analysis
multivariate Cox regression
analysis of the clinical factors HR (95%CI) p-value HR (95%CI) p-value
in TCGA
Nstage 1.731 (1.443-2.076) 0 1.364 (1.047-1.778) 0.021
Tstage 1.522 (1.264-1.833) 0 1.278 (1.041-1.571) 0.019
Stage 1.610 (1.392-1.862) 0 1.247 (0.98-1.585) 0.072
Gender 1.113 (0.821-1.508) 0.492
TMB 1.022 (0.753-1.386) 0.89
Risk Score 1.317 (1.015-1.709) 0.038 1.315(1.011-1.712) 0.042

to treat LUAD patients accurately due to the consider-
able heterogeneity of molecular, pathological and clinical
aspects. Lately, immunotherapy has become a novel method
to treat patients with various aggressive cancers, including
LUAD [28]. Besides, many publications have revealed that
TME plays an indispensable role in LUAD, which may also
contribute to the research of immunotherapy [29]. Although
immunotherapy can benefit a few LUAD patients, it lacks
the necessary molecular targets to determine the efficacy of
immunotherapy. Therefore, it is incredibly vital to find more
reliable molecular targets related to immunotherapy, which
can identify patients who are sensitive to immunotherapy in
the early period of the treatment.

Recent publications have shown that TMB could deter-
mine immunotherapeutic responses of various cancers,
including LUAD [16]. Xiang et al. have found that TMB and
copy number alteration can work together to accurately pre-
dict the response of immune checkpoint inhibitors in KRAS-
mutant LUAD, indicating that high copy number alteration
and low TMB can be useful indicators of adverse prognosis
[30]. However, there is not enough research to evaluate the
correlation of TMB and immune infiltration in LUAD. Pre-
vious studies found that TMB may correlate with NSCLC
patients’ OS, which the prognosis was improved explicitly
in patients with high TMB when they received anti-PD-L1
treatment [31]. Moreover, other research has shown that
TMB can be a predictor of immunotherapy and benefit
patients with high TMB, suggesting that TMB is closely
related to cancer immunity [17]. Additionally, GSEA results
showed that both low- and high TMB groups enriched some
immune-related biological processes, indicating the differ-
ence of TMB may be related to different immune responses
in LUAD. We hypothesized that the combination of TMB
and immunity might be novel prognostic indicator in LUAD.

The prognostic model built in this study contained five
immune-related genes. F2RL1, also known as protease-
activated receptor 2 (PAR2), serves as an important factor
in inflammatory and tumorigenesis, especially in colorec-
tal cancer [32]. Precisely, F2RL1 can reconstruct TME to
promote tumor progression via inhibiting tumor-promoting
myeloid cells in colorectal cancer [32]. Cathepsin L (CTSL)
is a lysosomal cysteine proteinase that plays a vital role in

multiple types of pathological processes, which is highly
expressed in various cancers, including ovarian cancer [33]
and acute myeloid leukemia [34]. Studies have indicated that
CTSL can be a therapeutic target in various cancers and
associated treatment aimed to obstruct bone resorption and
metastatic process [35]. Peptidylprolyl isomerase A (PPIA)
is one of cyclophilins and functions in various pathological
processes, such as cell signaling and protein folding [36].
Yang et al. have reported that PPIA was highly expressed
and could activate ERK1/2 signal in SCLC, which may be
a the potential prognostic biomarker in LUAD [37]. Peptide
transporter involved in antigen processing 2 (TAP2) usu-
ally works with other antigens in the progression of many
diseases, such as human leukocyte antigen (HLA). Previ-
ous studies have found that TAP2 was downregulated in the
HLA-I negative prostate cancer, which induced the immune
escape and correlated with poor prognosis [38]. HLA-DMB,
the f chain of the major histocompatibility complex (MHC)
class II protein, has been proved to be expressed in antigen-
presenting cells. Michael et al. reported that HLA-DMB was
highly expressed with abundant tumor-penetrating CD8 T
lymphocytes in advanced serous ovarian cancer, which was
proved to lengthen patients’ OS [39]. To defend against the
infection of human T-cell leukemia virus type-1 (HTLV-1),
HLA-DMB could regulate autophagosome accumulation to
modulate HTLV-1 expression [40]. However, the accurate
role that these genes play in LUAD are still uncertain and
need to be explored.

To evaluate the relationship between prognosis and
immune infiltration, we used the CIBERSORT to analyze
immune cell proportions and calculated immune-related
scores in different risk groups. Previous studies showed that
B cell infiltration was positively related to LUAD patients’
OS [41]. The results showed that the abundance of resting
memory CD4 T cells, activated NK cells, monocytes, resting
mast cells, eosinophils, memory B cells and resting dendritic
cells were prominently higher in patients low-risk scores,
indicating multiple types of immune infiltrating cells might
be predictive biomarkers in LUAD. Choi et al. showed that
the high immune-related score was related to the favora-
ble OS of LUAD patients [42]. Our results revealed that
immune score were positively associated with the [PM. One
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immune-related pathways were contained by the top 5 path-
ways enriched in the high-risk group, whereas no immune-
related pathway in another group. Many immune checkpoint
inhibitors have been evaluated and proved to be effective
in treating cancer [43]. Our study integrated analyzed their
associations with the immune-related model. The results
revealed that some immune checkpoint (like PD-L1) expres-
sion was different between high- and low-risk groups. There-
fore, our IPM was closely related to the immune checkpoint
expression and may be highly correlated with the immune
checkpoint inhibitor treatment in LUAD patients. Further-
more, the above results indicated that our IPM performed
well to predict the OS and immune infiltration in LUAD.

No research has focused on the association between
immune infiltration and TMB and built a TMB-related IPM
in LUAD. Therefore, our IPM contributes to the research
of immune infiltration in TME and the immunotherapy for
LUAD. Some limitations did exist in this research. First of
all, this study was a retrospective study and our results were
supposed to be validated by some prospective studies with
detailed clinical information in future. Second, more com-
prehensive biological investigations of the hub genes are
warranted because our IPM was established according to five
immune genes. Third, the IPM was constructed according
to above genes’ expression values so that the intra-tumor
heterogeneity may cause sampling bias.

Conclusion

Overall, we were the first to construct an immune- and
TMB-related prognostic model with five key genes, which
can be an distinct prognostic biomarker and classify LUAD
patients into different risk groups. Besides, the IPM also
revealed immune infiltration levels in LUAD patients. Our
findings may provide novel insights into precisely predicting
LUAD patients’ prognosis and contribute to the understand-
ing of personalized immunotherapy regimens in LUAD.
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