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Abstract
Background: Lung adenocarcinomas (LUAD) harboring epidermal growth factor receptor (EGFR)
mutations generally are unable to bene�t from immune checkpoint inhibitors (ICIs), due to an
immunosuppressive tumor microenvironment (TME) and a lower tumor mutation burden (TMB).
Currently, there has been no gene signature that can comprehensively evaluate the TME and predict the
prognosis of EGFR mutant LUAD patients.

Methods: Using the cancer genome atlas (TCGA) database of EGFR mutant LUAD based on the immune
score derived from the ESTIMATE algorithm, we screened the differential immune-related genes with
prognostic value and compared the TMB pro�les. Gene ontology (GO) and Kyoto encyclopedia of gene
and genomic (KEGG) enrichment analysis were used to analyze the potential functions. The least
absolute shrinkage and selectionator operator (LASSO) cox regression model was applied to identify a
gene signature and constructed risk model. Kaplan-Meier survival and receiver operating characteristic
(ROC) analysis were used to evaluate the prognostic value of the gene signature. CIBERSORT was used to
evaluate the abundance of immune cells in�ltration.

Results: We screened 396 the differential immune-related genes based on immune score, whose potential
functions were signi�cantly related to T cell differentiation, immune response, cell cycle and cell
proliferation. The disparities of TMB pro�le could be found between the high and low immune score
group. Then, we identi�ed a three-gene signature, including B and T lymphocyte attenuator (BTLA), BUB1
mitotic checkpoint serine/threonine kinase B (BUB1B) and centromere protein E (CENPE). The three-gene
signature could well identify at-risk patients of EGFR-mutant LUAD patients in the training and validating
set, and the high-risk patients were related to shorter overall survival (OS) (p=0.0053 and p=0.035). The
immune activity of B cells and macrophages were higher in the low-risk group, in contrast the immune
activity of Natural Killer (NK) cells and T cells were higher in the high-risk group.

Conclusions: The three-gene signature closely related to immunosuppressive TME could predict risk
prognosis of patients in EGFR mutant LUAD.

Background
Lung adenocarcinoma (LUAD) is one of the most common pathological types in non-small cell lung
cancer (NSCLC), accounting for about half of all lung cancer cases [1]. In Western populations, epidermal
growth factor receptor (EGFR) mutations are present in approximately 15% of LUAD, and even 50% in
Asian populations [2-3]. EGFR-mutant LUAD patients showed a signi�cant progression free survival (PFS)
bene�t with reduced side effects by treatment with tyrosine kinase inhibitors (TKIs). Although TKIs have
been shown favorable clinical e�cacy for advanced LUAD patients with sensitizing EGFR mutation, these
patients eventually develop therapeutic resistance [4-6]. Recently, immunotherapy represented by
immune-checkpoint inhibitors (ICIs) have impressively achieved success and anti-programmed cell death-
1 (PD-1)/anti-programmed cell death ligand-1 (PD-L1) inhibitors have been approved by the United States
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Food and Drug Administration (FDA) for the treatment of advanced NSCLC. However, EGFR-mutant
NSCLC patients rarely derive a signi�cant bene�t from ICIs therapy [7-8].

Several studies have con�rmed that EGFR mutations in NSCLC are closely related to an
immunosuppressive tumor microenvironment (TME) [9-13] and a lower tumor mutation burden (TMB)
[10,14-15], which cause an inferior response to PD-1 blockade in NSCLCs. EGFR mutations can lead to an
unin�amed and immunosuppressive TME, with immunological tolerance, and weak immunogenicity
[10,16]. In addition, the immunosuppressive TME may result from the absence of CD8+ T cell in�ltrates
and substantial reduction of TMB [9-10,16]. Emerging evidence demonstrates that EGFR mutations in
NSCLC could affect a number of immune-related genes and induce an immunosuppressive TME [10,17-
18]. Hence, it is of great importance to explore immune-related prognostic genes for identifying at-risk
patients and revealing the status of the immunosuppressive TME.

The immune in�ltrating cells and stromal cells are major cellular components of the TME [19]. The
composition of in�ltrating immune cells in TME not only play a critical role in progression and
aggressiveness of cancer, but also have been proposed as an essential prognostic factor [20-21].
Assessing the status of immune in�ltrating cells in TME will help more accurate diagnosis and
prognostic evaluation of tumor patients. Currently, a variety of bioinformatics tools are used to predict the
distribution of immune cells by analyzing speci�c gene signature [22-24]. In recent years, studies have
shown that EGFR mutations may exert an anti-tumor immune response by affecting TME [9-13]. EGFR
mutant LUAD patients have a unique TME, which may be different from wild-type EGFR patients.
However, in EGFR-mutant LUAD patients, there has been no signature that can comprehensively evaluate
the TME based on immune-related genes.

In this study, using EGFR mutations and mRNA data of LUAD from The Cancer Genome Atlas (TCGA), the
differential immune-related genes with prognostic value were screened and the TMB pro�les were
compared based on different immune score groups. Then, Gene Ontology (GO) and Kyoto Encyclopedia
of Gene and Genomic (KEGG) enrichment analysis were used to analyze the potential functions of the
immune-related genes. Next, a three-gene signature closely related to immunosuppressive TME was
identi�ed and its potential prognostic value were further evaluated and validated. Finally, we explored the
relationship between the signature and immune cells in�ltration in the EGFR-mutated LUAD
microenvironment.

Materials And Methods
Data source and processing

EGFR mutations and mRNA expression pro�ling data of 108 LUAD patients were downloaded from the
GDC (https://portal.gdc.cancer.gov/repository). The TMB data of LUAD patients was obtained from the
TCGA pan-cancer study (https://gdc.cancer.gov/about-data/publications/panimmune). Four datasets
(GSE31210, GSE26939, GSE72094, and GSE11969), a total of 218 cases patients with EGFR mutations,

https://portal.gdc.cancer.gov/repository
https://gdc.cancer.gov/about-data/publications/panimmune
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including 212 cases with clinical information were downloaded from the gene expression omnibus (GEO)
database (https://www.ncbi.nlm.nih.gov/geo/).

ESTIMATE algorithm-derived immune scores

‘Estimation of Stromal and Immune cells in Malignant Tumors using Expression data’ (ESTIMATE)
algorithm was used to calculate immune scores based on mRNA expression data. The algorithm could be
downloaded from the Source Forge software repository
(https://sourceforge.net/projects/estimateproject/) [24]. A single sample gene set enrichment analysis
was used to generate three scores, of which stromal score indicated the presence of tumor matrix,
immune score indicated tumor immune cell in�ltration, and estimate score indicated tumor purity.

Screening for differential immune-related genes with prognostic value

Among 108 patients with lung adenocarcinoma EGFR positive, only 80 patients' immune scores were
calculated according to mRNA expression data. Using multiples and t-test statistical methods, the
differentially expressed genes (1769) were screened between the high and low immune score group. Data
analysis was performed using packaging limma [25]. The cutoff value for screening differentially
expressed genes were |log2 Fold Change |> 1 and p value < 0.05. Univariate Cox regression was used to
perform the prognosis of differentially expressed genes and the threshold was set to p <0.05. 396 genes
with signi�cant prognostic value were eventually obtained among 1769 differentially expressed genes.

Enrichment analysis of immune-related genes with prognostic value

Database for Annotation, Visualization and Integrated Discovery (DAVID) was used to perform for GO
functional and KEGG pathway enrichment analysis [26]. The cutoff value was False discovery rate (FDR)
< 0.05. We identi�ed the GO categories through biological processes (BP), molecular functions (MF) and
cellular components (CC).

Identi�cation gene signature and construction risk model

Least Absolute Shrinkage and Selectionator Operator (LASSO) was a better high-dimensional regression
classi�er for selecting key genes affecting patient prognosis [27]. After multiple dimensionality reduction
of prognostic genes using LASSO regression analysis, multiple genomes containing the optimal solution
could be obtained. The LASSO regression analysis was performed using the publicly available R
package.

The optimal prognostic model was constructed and a risk formula of risk sore was used to evaluate the
high-risk group and low-risk group. We obtained the score by the formula Σiωiχi, where ωi and χi were the
coe�cient and expression value of each gene, respectively. The risk score for each sample was
calculated according to the formula, and patients were divided into two groups based on the median risk
score. In other words, the score was higher than the median risk score for the high-risk group, while the
score was lower than the median risk score for the low-risk group.

https://www.ncbi.nlm.nih.gov/geo/
https://sourceforge.net/projects/estimateproject/
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Validation of the validity and reliability

Dataset GDC from TCGA was used as a training set to analyze the prognostic value of the risk model.
Four external datasets (GSE31210, GSE26939, GSE72094, and GSE11969) were applied to verify the
reliability of the risk model on the prognostic value. Univariate survival analysis of the risk model was
used by R language (p <0.05) [28]. Then we used survival receiver operating characteristic (ROC) curve to
complete the area under the curve (AUC) of risk model [29].

Estimating the abundance of immune cells in�ltration

We quanti�ed the relative abundance of in�ltrating immune cells within a complex gene expression
mixture by platform CIBERSORT (https://cibersort.stanford.edu/) [30]. The abundance and composition
of in�ltrating immune cells in a sample could be obtained from gene expression data by CIBERSORT's
deconvolution.

Result
Screening of differential immune-related genes with prognostic value

Among 80 patients with EGFR-mutated LUAD, the immune score could be calculated by immunocyte-
related genes. Signi�cant difference in immune score was observed between the high immune score
group (n=26) and low immune score group (n=54) (Figure 1A, p 0.001). Above the 80 patients with EGFR-
mutated LUAD, 79 patients had complete clinical information (Table 1). Based on the mRNA expression
pro�les of 79 patients, the differentially expressed genes (1769) were screened between the high and low
immune score group, of which 1050 genes were up-regulated and 719 genes were down-regulated (Figure
1B). Using univariate Cox regression, 396 genes with signi�cant prognostic value were eventually
obtained.

Table 1. The information of LUAD with EGFR positive status.
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Clinical factors The number of patients (n=79)

Sex  

Male 33

Female 46

AJCC stage  

Stage I 32

Stage II 22

Stage III 18

Stage IV 6

Survival status  

Alive 54

Dead 25

Age (median,year) 40-86 (70)

Overall Survival (median,month) 0.59-101.64 (18.17)

Comparison of TMB between the high and low immune score group

According to the TMB data of 80 patients, we assesed the TMB score of each patient, and compared the
tumor mutation pro�le between the high and low immune score group. The result showed that TMB score
of the low immune score group was higher than that of the high immune score group, in spite of the
difference is not statistically signi�cant (p=0.07). In Figure 1C, differences could be found in these
mutant genes between the high and low immune score group, such as BOCRL1 (24% vs 6%), leucine rich
repeat containing 7 (LRRC7) (19% vs 6%), family with sequence similarity 47 member C (FAM47C) (15%
vs 2%), olfactory receptor family 5 subfamily F member 1 (OR5F1) (15% vs 6%), CUB and Sushi multiple
domains 3 (CSMD3) (12% vs 24%), etc.

Enrichment analysis of differential immune-related genes with prognostic value

To explore the potential functions of 396 genes with prognostic value, we performed GO function and
KEGG pathway enrichment analysis. The GO terminology for biological processes, molecular functions
and cellular component terms were listed (Figure 2A, 2B and 2C). Top GO terms were signi�cantly
enriched in biological functions related to T cell differentiation, immune response, cell cycle and cell
proliferation. In addition, pathway enrichment analysis of KEGG were mainly Cell cycle, Cell adhesion
molecules and Cytokine-cytokine receptor interaction which were also related to the immune
response(Figure 2D).

Identi�cation gene signature and construction risk model

Among the 396 differential prognostic genes, the LASSO Cox regression model was applied to screen the
most prognostic genes. We used a random sampling method of 10-cross validation to identify a three-



Page 7/18

gene signature (BTLA, BUB1B and CENPE), which was closely related to immunosuppressive TME.
Importantly, we found that the signature constructed by three genes was the most suitable prognostic
model by con�rmation and veri�cation. Then, 80 patients were divided into the high risk group and low
risk group according to the median risk score (Materials and Methods).

Evaluating the prognostic value of the gene signature

To further evaluate the prognostic value of the gene signature, Kaplan–Meier survival curves showed that
patients in the high risk group had shorter overall survival (OS) than the low risk group (Figure 3A,
p=0.0053). The risk score distribution, number of patients, distribution of patient survival time, and
cumulative distribution of survival samples were also shown (Figure 3B-3E). Heat map of three gene
expressions showed there were differences in the expression of three genes between high risk group and
low risk group (Figure 3F).

Validating the validity and reliability of the gene signature

Four external datasets (GSE31210, GSE26939, GSE72094, and GSE11969), including 212 EGFR-mutated
LUAD with clinical information, were used as a validating set. According to the median risk score of the
three genes (BTLA, BUB1B and CENPE), 212 patients were divided into the high and low risk group
(Materials and Methods). Figure 4A was a heat map of three gene expressions. The ROC curve was used
to assess the prognostic value of the gene signature. As shown in Figure 4B, it can be found that the AUC
of the gene signature at 12 months and 36 months was 0.8 and 0.7, respectively. Kaplan–Meier survival
curves showed that patients of high risk group had shorter OS than these in the low risk group (Figure 4C,
p =0.035). The above results indicated that our gene signature was feasible.

Estimating the abundance of immune cells in�ltration

CIBERSORT was used to estimate the abundance of immune cells in�ltration. The abundance of 24 types
immune cells in�ltration were normalized relative proportions in the high and low risk group (Figure 5A
and 5B). The results showed that the immune activity of B cells and macrophages were higher in the low-
risk group, in contrast the immune activity of NK cells and T cells were higher in the high-risk group.

Discussion
EGFR-mutant LUAD is an important molecular subtype that predicts high response rates to TKI therapy
[4–6]. However, most clinical trials show that patients with EGFR mutations cannot bene�t from
immunotherapy [31–34]. The National Comprehensive Cancer Network (NCCN) guidelines do not
recommend immunotherapy to patients with NSCLC harboring EGFR mutation at present [7–8]. Several
mechanisms for poor responses to ICIs have been reported, such as a lower TMB and an unin�amed and
immunosuppressive TME [9–16]. PD-1/PD-L1 axis may not be the main immune escape route in EGFR
mutant lung cancer. EGFR activation is likely responsible for the unin�amed TME of this type tumor and
participates in immunosuppression and immune escape [10, 17–18]. Therefore, better understanding the
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TME and exploring immune-related prognostic biomarkers will help to reveal the molecular mechanism,
identify at-risk groups of patients and improve the clinical outcome as well.

Firstly, we divided 80 patients with EGFR-mutated samples into high and low immune score group with
different immune microenvironments. Then, we screened 396 the differential immune-related genes with
prognostic value between the high and low immune score group. GO and KEGG enrichment analysis were
used to analyze the potential functions of 396 immune-related genes with prognostic. Top GO terms were
signi�cantly enriched in biological functions related to T cell differentiation, immune response, cell cycle
and cell proliferation. In addition, KEGG pathway enrichment analysis are mainly cell cycle, cell adhesion
molecules and cytokine-cytokine receptor interaction. Therefore, the immune-related genes with
prognostic value which were screened may reveal the status of the immunosuppressive TME.

TMB plays an important role in predicting tumor immunotherapy response [35–36] and
immunosuppressive TME results to substantial reduction of the TMB in NSCLCs [10, 16]. We also
compared the TMB pro�les based on different immune score groups. TMB score of the low immune
score group was higher than that of the high immune score group (p = 0.07) and differences could be
found in these mutant genes between the high and low immune score group, such as BOCRL1 (24% vs
6%), LRRC7 (19% vs 6%), FAM47C (15% vs 2%), OR5F1 (15% vs 6%), CSMD3 (12% vs 24%), etc. EGFR
mutant LUAD not only has a unique TME, but also has heterogeneity in the microenvironment. Based on
the classi�cation method of immune scores, we found that there are differences in TMB pro�les in
different immune score groups, which also means the difference in immune microenvironment status.

Many evidences demonstrate that EGFR mutations affect immune-related genes to exert a series of
biological processes, such as immunosuppression, immune escape [37–39]. We identi�ed 396 immune-
related genes with prognostic, and constructed a three-gene (BTLA, BUB1B and CENPE) signature. Our
three-gene signature can well divide EGFR-mutant LUAD patients in the training and validating set into
high risk group and low risk group, and the high-risk patients were related to shorter OS. In addition, ROC
curves con�rm the robust prognostic value of the 3-gene signature in the training and validating set. The
above �nding con�rmed that our TME-related three-gene signature had great and reliable prognostic
value in EGFR-mutated lung adenocarcinoma patients.

In�ltrated immune cells, as an important part of TME, play an important role in the formation of TME
[40–41]. Detailed characterization of immune in�ltrating cells in TME will be more conducive accurate
diagnosis and prognostic evaluation [20–21]. We evaluated the abundance of immune cells in�ltration in
the EGFR-mutated LUAD microenvironment. The immune activity of B cells and macrophages were higher
in the low-risk group, in contrast the immune activity of NK cells and T cells were higher in the high-risk
group. The above results con�rm again that the three-gene signature is closely related to the TME and
can provide a reference for immunotherapy response.

All three genes of our signature model have been proven to be related to the progress of tumor. BTLA is a
recently discovered immunosuppressive receptor of the CD28 superfamily, in addition to CTLA-4 and PD-
L1/PD-1 [42]. BTLA was mainly expressed in pulmonary carcinoma cells, but lowly expressed in tumor-
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in�ltrating lymphocytes (TILs). BTLA overexpression is a risk factor for the prognosis of NSCLC and that
BTLA might be a novel therapeutic target for immunotherapy [43]. BUB1B plays a critical role in mitotic
checkpoint signaling and chromosome congression, which is closely related to tumorigenesis [44–46].
BUB1B overexpression may serve as a predictive marker for lung adenocarcinoma and provide a new
potential therapeutic target for inhibiting lung adenocarcinoma metastasis [47]. CENPE is an essential
plus end-directed microtubule motor and acts to align chromosomes on the metaphase plate [48–49].
CENPE was highly expressed in NSCLC and the high expression of CENPE was related to the poorer
prognosis of patients [50]. Although BUB1B and CENPE have no reported to be involved in tumor
immunity, their functions in tumor microenvironment are worthy further study.

This study also has some limitations. Firstly, the study is only bioinformatics and retrospective research,
and prospective clinical sample validation still needed. Secondly, the sample size of EGFR-mutated LUAD
in our training set is small, and some samples still lack complete clinical information. We still need to
expand the sample size or screen more databases to verify the accuracy and clinical value of the three-
gene signature. Finally, lacking of data on EGFR-mutated LUAD patients treated with immune checkpoint
inhibitors, we cannot determine the relationship between the signature and the response to
immunotherapy.

Conclusions
We identi�ed a three-gene signature based on immune scores, which had the robust prognostic value.
More importantly, our signature may represent the status of TME for EGFR-mutant LUAD patients and
demonstrated a closely association with TMB. Our study provided a novel insight into the prognostic
strati�cation of patients with EGFR-mutated LUAD as well as provided in-depth understanding of the TME
status for immunotherapy of EGFR-mutated LUAD.
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Figures

Figure 1

Screening of differential immune-related genes and comparison of tumor mutation burden (TMB)
between the high and low immune score group. (A) Comparison of tumor microenvironment (TME)
immune scores between the high and low immune score group. (B) Screening of differential immune-
related genes between the high and low immune score group. Red represents up-regulated genes; blue
represents down-regulated genes. (C) comparison of tumor mutation burden (TMB) score, overall survival
status, gender and mutant genes alterations between the high and low immune score group.
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Figure 2

Enrichment analysis of differential immune-related genes with prognostic value. The gene ontology (GO)
terminology for biological processes (A), molecular functions (B) and cellular component terms (C). (D)
KEGG pathway enrichment analysis.
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Figure 3

Evaluating the prognostic value of the gene signature in dataset GDC from TCGA. (A) Kaplan–Meier
survival curves for overall survival (OS) in the high and low risk group. The risk score distribution (B),
number of patients (C), distribution of patient survival time (D), and cumulative distribution of survival
samples (E). (F) Heat map of three gene expressions (BTLA, BUB1B and CENPE).
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Figure 4

Validating the validity and reliability of the gene signature in four external datasets (GSE31210,
GSE26939, GSE72094, and GSE11969). (A) Heat map of three gene expressions (BTLA, BUB1B and
CENPE). (B) ROC curves of the gene signature at 12 months and 36 months. (C) Kaplan–Meier survival
curves for OSin the high and low risk group and number of patients.
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Figure 5

Estimating the abundance of immune cells in�ltration in dataset GDC from TCGA. The abundance of 24
types immune cells in�ltration in the low (A) and high risk group (B).


