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Breast cancer patients show significant heterogeneity in overall survival. Current
assessment models are insufficient to accurately predict patient prognosis, and models
for predicting treatment response are lacking. We evaluated the relationship between
various immune cells and breast cancer and confirmed the association between immune
infiltration and breast cancer progression. Different bioinformatics and statistical
approaches were combined to construct a robust immune infiltration-related gene
signature for predicting patient prognosis and responses to immunotherapy and
chemotherapy. Our research found that a higher immune infiltration-related risk score
(IRS) indicates that the patient has a worse prognosis and is not very sensitive to
immunotherapy. In addition, a new nomogram was constructed based on the gene
signature and clinicopathological features to improve the risk stratification and quantify the
risk assessment of individual patients. Our study might contribute to the optimization of
the risk stratification for survival and the personalized management of breast cancer.
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INTRODUCTION

Breast cancer remains a major threat to women’s health and wellness. It is the leading cause of cancer-
related deaths among females worldwide (1). Advances in early detection and treatment have greatly
reduced breast cancer mortality, but patients still succumb to the development of metastasis from
breast cancer. These sobering data indicate an urgent need for innovative approaches to breast cancer
treatment based on chemotherapy and hormonal therapy to reduce disease recurrence and death from
this disease. In recent years, increasing research has supported the important role of the immune
system in tumorigenesis and cancer development. Likewise, the immune system plays a key role in
determining the occurrence of breast cancer and death, the response to standard therapy and the long-
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term survival of breast cancer patients (2). The current success of
antagonists targeting immune checkpoints in a variety of solid
tumors (3, 4) has rekindled interest in immunotherapy-based
therapies for the treatment and prevention of breast cancer (4, 5).

The immune system consists of various proteins, immune
cells and tissues with a complex structure and is an important
means of host defense (6). Tumor-infiltrating immune cells are
the main immune signature and are strongly associated with the
clinical outcome of immunotherapy (7). T cells play a pivotal role
in the initiation, progression and treatment of cancer (especially
immunotherapy) (8). There are two major classes of T cells,
namely, CD4+ T cells and CD8+ T cells, each of which includes
many functional subpopulations. Importantly, the abundance of
T cell subsets, especially tumor-infiltrating T cells, can influence
clinical outcomes and prognosis (9). Therefore, the investigation
of immune cell characteristics can lead to a better understanding
of the interactions between the immune system and tumors and
provide important clues to improve the development of
immunotherapy in precision medicine (10).

Two-thirds of the genome is active in one or more immune cell
types, and less than 1% of genes are uniquely expressed in a given
cell type. Therefore, it is crucial that the expression patterns of
these immune cell types are decoded in the context of a network
rather than as individuals for their roles to be properly
characterized and interrelated (11). Gene expression analysis is
useful for analyzing defects in the immune system, such as
autoimmune diseases, immunodeficiency viruses and
malignancies. For example, an analysis of the systematic
variation in gene expression can correlate expression patterns
with specific diseases and identify gene networks important for
targeting immune function (12). Therefore, establishing the
relationship between gene expression networks and the immune
system may provide new clues for the immunotherapy and
prognosis of malignant tumors.

Since the introduction of first-generation multigene assays,
several prognostic assays for breast cancer, such as Prosigna (13)
and EndoPredict (14), have subsequently been developed. The most
commonly used gene signature in clinical work is a 21-gene (16
cancer-related genes and 5 reference genes) signature assay based on
quantitative real-time reverse transcription PCR (qRT-PCR) (15).
Finak et al. found a new 26-gene stroma-derived prognostic
predictor (SDPP) associated with the clinical outcome of breast
cancer patients. These 26 genes comprise several genes that are
closely related to the immune response (16). Thus, exploring the
immune gene network associated with breast cancer is of great
importance for the precise treatment of breast cancer. However,
such studies have not been reported very often.

In our study, we first identified the immune cells associated
with breast cancer. Then, weighted gene coexpression network
analysis (WGCNA) was applied to identify the genes that are
highly associated with these immune cells. After building a
prediction model with these genes, we found that the model
has great predictive power and can be validated in a variety of
other datasets. It is also predictive of responses to chemotherapy
and immunotherapy. This model provides clinicians with a novel
and powerful reference for diagnosis and treatment.
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MATERIAL AND METHODS

Dataset Preparation And Data Processing
The infiltration scores of 24 immune cells were obtained from
the Immune Cell Abundance Identifier (ImmuCellAI) (http://
bioinfo.life.hust.edu.cn/web/ImmuCellAI/) (17) and normalized
using the scale method in R software (version 4.0.3; http://www.
r-project.org). The RNA sequencing (RNA-seq) data generated
from the Illumina HiSeq RNA-Seq platform and corresponding
clinical information of 1007 breast cancer patients were
downloaded from The Cancer Genome Atlas (TCGA) (https://
gdc-portal.nci.nih.gov/) and used as the training set. The gene
expression information of 1761 patients was downloaded from
the Molecular Taxonomy of Breast Cancer International
Consortium (METABRIC) database (https://www.cbioportal.
org/study?id=breastcancer_metabric) and used as the first
validation set. The clinical information distribution of the
TCGA and METABRIC cohorts is shown in Supplemental
Table S1. In addition, the GSE20685 (n = 327) and GSE21653
(n = 266) datasets, which contain gene expression matrix files
from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/) and are both based on the GPL570
platform, were used as another two external validation sets. Only
patients with overall survival (OS) times of more than 30 days
were included in all datasets. In addition, gene-level proteomics
data were downloaded from the Clinical Proteomic Tumor
Analysis Consortium (CPTAC) website (https://proteomics.
cancer.gov/programs/cptac).

Study Design
A univariate Cox proportional hazards (Cox-PH) regression
model was performed to identify significant prognosis-related
infiltrating immune cells in breast cancer using the “survival” R
package (version: 3.2-7; https://cran.r-project.org/web/packages/
survival/index.html). Then, 11 prognosis-related infiltrating
immune cells were found.

WGCNA is a systematic analysis tool that describes patterns of
correlation between genes in different microarray samples and
clusters genes into modules to investigate associations between
genomes and clinical traits. The first step was to calculate the
correlation coefficient (Pearson coefficient) between any two
genes. To measure whether two genes have similar expression
patterns, it is generally necessary to set a threshold value for
screening, and those above the threshold value are considered
similar. However, if the threshold is set to 0.8, it is difficult to show
that 0.8 and 0.79 are significantly different from each other.
Therefore, WGCNA uses weighted values of correlation
coefficients, i.e., taking N powers of the gene correlation
coefficients, so that the connections between genes in the
network obey a scale-free network distribution (scale-free
networks), and this algorithm is more biologically meaningful.
The second step constructs a hierarchical clustering tree by
correlation coefficients between genes, different branches of the
clustering tree represent different gene modules, and different
colors represent different modules. Based on the weighted
correlation coefficients of genes, the genes are classified
April 2021 | Volume 12 | Article 666137
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according to expression patterns, and genes with similar patterns
are grouped into one module. In this way, tens of thousands of
genes can be divided into dozens of modules by gene expression
patterns, which is a process of extracting inductive information. In
our research, with a larger R-squared and smaller mean
connectivity to ensure a scale-free coexpression network, the soft
threshold power was set to 12 (Supplemental Figure S1), and a
total of 24 WGCNA nongray modules were identified. WGCNA
was performed using the “WGCNA” R package (https://cran.r-
project.org/web/packages/WGCNA/index.html) (18) to find the
module that was most associated with these prognosis-related
infiltrating immune cells. Module membership (MM) indicated
the correlation between module eigengenes and gene expression
profiles. Subsequently, we performed univariate analysis for each
of the 802 genes in the red module. With a p value threshold of
<0.05 in univariate Cox regression, 193 candidates that were
significantly related to prognosis were identified.

Furthermore, least absolute shrinkage and selection operator
(LASSO) Cox regression was used to further narrow down the
range of candidate immune-related prognostic biomarkers using
the “glmnet” R package (version: 4.0-2; https://cran.r-project.
org/web/packages/glmnet/index.html). Fifteen immune-related
genes were identified to have nonzero coefficients in the model,
and the samples were separated into high- and low-risk groups
based on the optimal cutoff value of -0.03, which was derived
from the surv_cutpoint function of the “survminer” R package
(Version: 0.4.3; https://cran.r-project.org/web/packages/
survminer/index.html). The optimal cutoff value of -0.03 will
also be applied to all datasets in our study. This includes the
training set (TCGA) and the three validation sets (METABRIC,
GSE21653 and GSE20685). The immune-related risk score (IRS)
was established as follows:

IRS = sum of coefficients

� normalized mRNA expression of immune‐related genes :

Estimation of Immunotherapy and
Chemotherapy Responses
Six immune infiltration cell scores and 28 immune infiltration cell
scores were downloaded from the Tumor Immune Estimation
Resource (TIMER) database (available at http://cistrome.org/
TIMER) (19) and The Cancer Immunome Atlas (TCIA)
database (https://tcia.at/), respectively (20). The estimated scores,
immune scores and stromal scores of breast cancer were analyzed
by the “estimate” R package, which provides researchers with
scores for tumor purity, the level of stromal cells present, and the
infiltration level of immune cells in tumor tissues based on
expression data (21). Immunotherapy response (anti-PD1 or
anti-CTLA4 therapy) data from TCGA were downloaded from
ImmuCellAI, a gene set signature-based method that was built for
predicting the immunotherapy response with high accuracy (area
under curve 0.80–0.91) by analyzing gene expression data (17).
Therefore, the methods provided by ImmuCellAI were used to
predict the sensitivity of immunotherapy for each breast cancer
patient from the TCGA database. Patients were divided into a
Frontiers in Immunology | www.frontiersin.org 3
response group and a nonresponse group. Then, we applied chi-
square test analysis between the immunotherapy response group
and IRS group and found that the percentage of the
immunotherapy response group in the low-IRS group was much
higher than that in the high-IRS group (P <0.001).

The drug sensitivity data of cancer cell lines (CCLs) were
obtained from the Cancer Therapeutics Response Portal (https://
portals.broadinstitute.org/ctrp), which contains sensitivity data for
481 compounds in 835 CCLs, and the PRISMRepurposing dataset
(19Q4, released December 2019, https://depmap.org/portal/prism/),
which contains sensitivity data for 1448 compounds in 482 CCLs.
Both datasets present the area under the dose–response curve (area
under the curve—AUC) value as a measure of drug sensitivity, with
lower AUC values indicating higher sensitivity to treatment. The
drug sensitivity of each sample from TCGA was assessed by the R
package pRRophetic (Version: 4.15-1; https://github.com/
paulgeeleher/pRRophetic), which has a built-in ridge regression
model that was used to predict the chemotherapy response of
clinical samples based on their expression profiles, resulting in an
AUC estimate for each compound in each clinical sample from
TCGA (22) (23). Then, the AUC values and IRS were analyzed by
Spearman correlation analysis to select compounds with negative
correlation coefficients (Spearman r < −0.25 for CTRP or −0.30 for
PRISM). Next, an analysis of differences in drug response between
the high IRS score (highest decile) and low IRS score (lowest decile)
groups was performed to identify compounds with lower estimated
AUC values in the high-IRS group (log2FC>0.05).

Bioinformatic and Statistical Analyses
All statistical analyses were performed using R version 4.0.3
(2020-10-10). Gene set enrichment analysis (GSEA) was
performed to validate the immune status of the high-IRS group
with the “c5.go.v7.2.entrez.gmt” gene set using the
“clusterProfiler” R package (Version: 3.18.0; https://
bioconductor.org/packages/clusterProfiler/) (24). The Kaplan–
Meier method was used to draw survival curves, and the log-
rank test was used to evaluate significant differences (P < 0.05).
Time-dependent receiver operating characteristic (tROC)
analysis was used to measure the predictive power of the
model with the “timeROC” R package (Version: 0.4; https://
cran.r-project.org/web/packages/timeROC/index.html). A meta-
analysis was performed to evaluate the prognostic value of the
gene signature in all datasets using the “meta” R package
(Version: 4.15-1; https://cran.r-project.org/web/packages/meta/
index.html). The “rms” R package was used to plot the
nomogram and the calibration curve. The “ggplot2” R package
(Version: 3.3.2; https://cran.r-project.org/web/packages/ggplot2/
index.html) was used to plot the correlation bubble diagram. P <
0.05 (two-sided) was considered statistically significant.
RESULTS

Schematic Diagram of the Study Design
First, the infiltration scores of 24 immune cells were obtained
from ImmuCellAI and normalized using the scale method in
April 2021 | Volume 12 | Article 666137
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R language software. Univariate Cox regression analysis
identified immune cells that play a protective role in breast
cancer patients. WGCNA identified gene modules associated
with protective immune cells (Figure 1A). Then, a total of 193
candidate genes, which were most associated with prognosis,
were identified from the most immune-related WGCNA module
(red module). The LASSO algorithm was used to identify
promising candidates and establish a robust signature
containing 15 immune-related genes to predict survival
(Figure 1B). Subsequently, the prognostic value of this gene
Frontiers in Immunology | www.frontiersin.org 4
signature was evaluated in the TCGA training set and in the three
independent external validation sets. In addition, a meta-analysis
was performed to further validate its predictive power (Figure
1C). A good signature should be able to be applied clinically.
Therefore, we analyzed the clinicopathological features and
predicted the response to immunotherapy of patients in
different risk groups. We also predicted the choice of
chemotherapeutic drugs considering the tumor heterogeneity
of patients in different risk groups. Finally, a nomogram was built
based on the IRS and other clinicopathological variables to
A

B

C

D

FIGURE 1 | Schematic diagram of the study design. (A) The red module was identified as the immune-related module in breast cancer by WGCNA. (B) Combined
methods were used to establish a robust immune-related gene signature for prognosis. (C) The prognostic value of the gene signature was validated in different
cohorts. (D) Clinical features and application of the IRS. Cox-PH, Cox proportional hazards; LASSO, least absolute shrinkage and selection operator; tROC, time-
dependent receiver operating characteristic; WGCNA, weighted gene coexpression network analysis.
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quantify the risk assessment and survival probability of breast
cancer patients (Figure 1D).

Establishment of an Immune-Related
Gene Signature for Prognosis
Univariate Cox regression analysis based on immune infiltration
scores was performed, and the results were ranked to identify
several immune cells in breast cancer that are the main protective
factors, including Tfh, CD8 T, Tcm, MAIT, CD4 T, NK, Tgd and
Th2 cells (Figure 2A). Kaplan–Meier analysis showed that
Frontiers in Immunology | www.frontiersin.org 5
patients with higher immune infiltration scores exhibited better
OS (Figures 2B–I). WGCNA is a systematic biological method
used to describe gene association modules between different
samples and can be used to identify highly synergistic sets of
genes. WGCNA was used to analyze whole-transcriptome
profiling data and immune infiltration scores (Figure 3A). With a
larger R-squared value and a smaller mean connectivity value to
ensure a scale-free coexpression network, the soft threshold power
was set to 12 (Supplemental Figure S1), and a total of 24 nongray
WGCNA modules were identified. Among these modules, the red
A B C

D E

F G

H I

FIGURE 2 | Specific immune cells were identified as protective factors for survival by the immune infiltration score. (A) Univariate Cox regression analysis showed
that several of the various immune cells in breast cancer were major protective factors. Kaplan–Meier analysis showed that patients with higher immune infiltration
scores of Th2 (B), Tfh (C), Tcm (D), MAIT (E), NK (F), CD4 T (G), Tgd (H) and CD8 T (I) cells exhibited better OS. OS, overall survival; IRS, immune infiltration-
related score. NK cells, natural killer cells; Th2 cells, T helper 2 cells; Tfh cells, T helper cells; MAIT cells, mucosal-associated invariant T cells.
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A C

D

E

F

B

FIGURE 3 | Establishment of an immune-related gene signature with WGCNA. (A) Clustering diagram of the correlation among the 24 WGCNA modules.
Correlation value is color coded. Red indicates a positive correlation, blue indicates a negative correlation, and the degree of color is proportional to the correlation.
(B) Correlation heatmap between WGCNA modules and immune cell infiltration scores. (r values and p-values are shown; correlation values are color-coded).
(C) Association between red-module genes and survival. The Cox coefficient and p-value of each gene are shown. Only genes with p<0.05 were considered for
further analysis. A total of 193 promising candidates were identified among the hub genes extracted from the red module. Blue markers indicate prognostic
protective genes, while red markers indicate the opposite. (D) The adjustment parameter (lambda) in the LASSO model was selected for 10-fold cross-validation by
the minimum criterion. Partial likelihood deviation curves were plotted against lambda. Dotted vertical lines were drawn at the optimal values by using the minimum
criterion and 1 standard error of the minimum criterion (1-SE criterion). (E) LASSO coefficient profiles of the 193 immune-related genes. A coefficient profile plot was
produced against the log (lambda) sequence. A vertical line was drawn at the value selected using 10-fold cross-validation, where the optimal lambda resulted in 15
nonzero coefficients. (F) Distribution of the LASSO coefficients of the 15 immune-related gene signatures. The horizontal coordinate indicates LASSO coefficients,
genes with negative coefficients in this regression indicate prognostic protective genes (blue marker), and positive numbers indicate poor prognostic genes (red
marker). LASSO, least absolute shrinkage and selection operator; WGCNA, weighted gene coexpression network analysis.
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module correlated with the infiltration scores of six immune cells
that had been identified as protective factors for breast cancer
(Figure 3B). Moreover, we performed GO analysis on 802 genes in
the red module and found that gene enrichment in the red module
was significantly enriched in the ‘T cell activation’, ‘regulation of T
cell activation’, and ‘immune receptor activity’ terms based on GO
analysis (Supplemental Figure S2). Therefore, the red module was
identified as the immune-related module. Subsequently, we
performed univariate analysis for each of the 802 genes in the red
module. With a p value threshold of <0.05 in univariate Cox
regression, 193 candidates (192 protective markers and 1 risk
marker) that were significantly related to prognosis were
identified (Figure 3C). The LASSO Cox regression model was
then used to identify the genes with the most robust prognostic
value. Tenfold cross-validation was applied to overcome overfitting,
with an optimal l value of 0.014 selected (Figure 3D). Finally, 15
candidate genes (SSYTL3, MS4A1, FAM92B, GBP2, LGALS2,
SPINK2, AMPD1, STAR, TDGF1, KLRC3, BCL2L14, CCR9,
CCL1, TAPBPL and FAM159A) were identified to have nonzero
LASSO coefficients and were included in the gene signature model
(Figure 3E and Supplemental Table S2). The distribution of the
LASSO coefficients of the genes in the signature is shown in
Figure 3F.

Prognostic Analysis of the Immune-
Related Gene Signature in the Training
Cohort
First, the IRS was established as described in the methods section.
Then, we performed prognostic analysis of the IRS genes in the
TCGA training set. The 1007 TCGA samples were separated into
high- and low-risk groups based on the optimal cutoff value of
-0.03. The expression of 15 genes in the gene signature was
further analyzed. Fourteen genes in the low-IRS group showed
higher expression than those in the high-IRS group, except for
SYTL3, which is thought to be a risk gene (Figure 4A). This
finding is consistent with the previous results. Kaplan-Meier
curves showed that patients in the high-IRS group exhibited
worse OS in the training group (P < 0.001, Figure 4B). Looking
further into the cause, with the “c5.go.v7.2.entrez.gmt” gene set
from the Molecular Signatures Database (MSigDB), Figure 4C
demonstrates that IRS groups have different immune
populations. Enrichment of NK and T cell chemotaxis and
commitment genes in IRS-low tumors. (Figure 4C). As shown
in Figure 4D, principal component analysis (PCA) showed that
patients in different risk groups were mainly distributed in two
directions. Correlation analysis revealed that these 15 genes were
strongly correlated with each other (Figure 4E). Furthermore,
tROC analysis showed the AUCs of the IRS and four genes.
These four genes had the highest AUCs among the 15 signature
genes. (Figure 4F). This also indicated that the IRS was the most
accurate predictor of OS compared with a single gene. To prove
the applicability of IRS in clinical work. We analyzed the
association of IRS with clinicopathological features and clinical
information. It is also evident in Table 1 that the different IRSs
are inextricably linked to the clinicopathological features and
basic clinical information of the patients.
Frontiers in Immunology | www.frontiersin.org 7
Prognostic Validity of the Signature of 15
Immune-Related Genes in Breast Cancer
To confirm the stability and generalizability of the immune-
related gene signature in different series, it was further confirmed
in 3 independent external validation sets. The patients in the
METABRIC, GSE21653 and GSE20685 cohorts were also
assigned to either the high- or low-IRS group with the same
calculation formula as that used for the TCGA cohort. The cutoff
value in all three validation cohorts was -0.03, which was
consistent with the training cohort. The gene expression
heatmaps are displayed in Figures 5A–C. The analysis results
of all three external validation sets were highly consistent with
those of the training set. Kaplan–Meier analysis demonstrated
that high IRS predicted worse OS than low IRS in the 3 validation
cohorts (P < 0.0001, Figure 5D; P =0.04, Figure 5E; P =0.0091,
Figure 5F). A meta-analysis was performed to analyze the gene
signature in the pooled cohort integrating the training cohort
and three validation cohorts, which were divided into two
groups. As shown in Figure 5G , the meta-analysis
demonstrated that all patients with a higher IRS exhibited a
worse prognosis than those with a lower IRS (overall HR = 2.72,
95% CI 1.56–4.76). Finally, the correlation between the IRS
signature and the 8 immune populations was verified again in
two publicly available databases, TCGA and METABRIC. A
negative correlation was found between IRS and most of the
immune populations. (Supplementary Figure S3).

Estimation of the Independent Prognostic
Value of the Signature Containing 15
Immune-Related Genes
Univariate Cox regression and multivariate Cox regression of
the signature of the 15 IRS genes were performed in the TCGA
dataset (P =1.5e-10, univariate Cox regression; P < 0.001,
multivariate Cox regression, Figure 6A). The independence
of the clinical prognostic significance of the signature in breast
cancer was verified. The risk score showed significance in both
univariate Cox regression and multivariate Cox regression.
These consistent results were also validated in the
METABRIC cohort (P =8.8e-06, univariate Cox regression;
P =0.022, multivariate Cox regression, Figure 6B). The
heterogeneity of breast cancer is very obvious. In particular,
the expression of molecules between different subtypes is also
different. Therefore, we reanalyzed the predictive power of IRS
in different subtypes of breast cancer. Supplementary Figure
S4 (P =0.00026, univariate Cox regression; P =0.002,
multivariate Cox regression, Figure 6B), S5 (P =0.016,
univariate Cox regression; P =0.025, multivariate Cox
regression) and S6 (P =0.017, univariate Cox regression;
P =0.05, multivariate Cox regression) show univariate and
multivariate analyses of the luminal, TNBC and HER2
subtypes, respectively. The results showed that in different
subtypes, IRS was also statistically significant. The data in
Supplementary Figures S4–S6 are all from the TCGA
database. It is worth noting that the 50-gene signature test
(PAM50) was performed to identi fy breast cancer
subtypes (13).
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FIGURE 4 | Prognostic analysis of the immune-related gene signature in the training set. (A) Heatmap of the 15 immune-related prognostic genes between the
high- and low-IRS groups in the training set. (B) Kaplan–Meier curves identified that patients in the high-IRS group exhibited better OS in the training set. (C) GSEA
showed that several immune-related signaling pathways were inhibited in the high-IRS group. (D) PCA plot between the high- and low-IRS groups in the training set.
(E) The correlation network of candidate genes. Correlation coefficients are shown in different colors. (F) tROC analysis showed that the IRS was an accurate
variable for survival prediction. The four genes shown in the figure have the four highest AUCs among the 15 signature genes. TCGA, The Cancer Genome Atlas;
GSEA, gene set enrichment analysis; HR, hazard ratio; IRS, immune-related risk score; High-IRS, high immune-related risk score; Low-IRS, low immune-related risk
score; OS, overall survival; tROC, time-dependent receiver operating characteristic.
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Heterogeneity Between IRS-High and
IRS-Low Patients
To further investigate the tumor heterogeneity between the two
groups of patients and to delve into the differences in
tumorigenesis mechanisms between the two groups, reversed-
phase protein arrays (RPPAs) were used to analyze the major
pathways in the two groups. Through correlation analysis, we
found that the IRS was significantly positively correlated with
tumor purity (r = 0.45, P <0.01), the hormone a score (r = 0.16, P
<0.01), the hormone b score (r = 0.12, P <0.01) and the
proliferation score (r = 0.11, P <0.01) and significantly
negatively associated with the EMT score (r = -0.26, P <0.01)
and the apoptosis score (r = -0.20, P <0.01) (Figure 7A and
Supplemental Table S3).

In addition, we sought to investigate whether the above
pathway scores showed differences between the high- and low-
IRS groups with breast cancer (Figures 7B–G). The pathway
scores, which are protein expression signatures of pathway
activity, associated with tumor lineage (Figures 7B–G) were
from an RPPA as published by TCGA (25). Our analysis implies
that the pathway scores for tumoricity, proliferation, hormone-b
and hormone-a were significantly higher in the IRS-High group
Frontiers in Immunology | www.frontiersin.org 9
than in the IRS-Low group. On the other hand, the pathway
scores for EMT and apoptosis were lower in the IRS-High group.
These results suggest that the immune-related gene signature
shows differences in most cancer-associated phenotypes.

The percentage of tumor cells in the tumor tissue is the
tumor purity, so higher tumor purity predicts a worse
prognosis, and IRS-High also predicts a worse prognosis, so
they have a very significant correlation (Figure 7A). In
addition, the expression levels of protective genes were lower
in the IRS-high group, while the opposite was observed for risk
genes, resulting in a poorer prognosis for high IRS. During
tumor progression, cancer cells that are prone to proliferate and
not readily undergo apoptosis usually result in a poorer
prognosis. Such a speculation is consistent with the results we
obtained (Figures 7B, F). The different dependence on
hormones may be due to the heterogeneity of breast cancer
itself. It is well known that high levels of estrogen have a
stimulating effect on the progression of breast cancer (Figures
7D, E). Interestingly, the EMT pathway is usually associated
with tumor invasion and metastasis, and tumors with active
EMT are usually considered to have a relatively poor prognosis.
This is contrary to our Figure 7G results and needs to be
explored further.

The Gene Signature Serves as a Valuable
Marker for Immune Targets and
Immunotherapy Response
Next, we sought to identify immunotherapy targets and assess
the immunotherapy response in patients in the high- and low-
IRS groups. The correlation analysis showed that the estimated
score (r = -0.62; P < 0.001, Figure 8A), immune score (r = -0.67;
P < 0.001, Figure 8B) and stromal score (r = -0.42; P < 0.001
Figure 8C) were negatively correlated with the Z-score of the
IRS. Most of the common immune checkpoint genes were
negatively correlated with the Z-score of the IRS (Figure 8D
and Supplemental Table S4). The correlation analysis bubble
diagram shows that the relationships among the 6 immune
infiltration cell scores from TIMER (Figure 8E and
Supplemental Table S5) and 28 immune infiltration cell scores
from TCIA (Figure 8F and Supplemental Table S6) were
negatively correlated with the Z-score of the IRS. This finding
suggests that low-IRS patients may have more options for
immune targets when selecting immunotherapy. Figure 8G
shows the prediction of response to immunotherapy for
patients in the IRS-High and IRS-Low groups. In the IRS-High
group, 57% of the patients were predicted to respond to
immunotherapy, but in the IRS-Low group, this percentage
was 90%. Based on these data, we speculate that patients in the
IRS-Low group may be more sensitive to immunotherapy. When
survival analysis was performed in the immunotherapy
responsive and nonresponsive groups separately, IRS levels
were found to remain predictive of prognosis in both groups
(Figures 8H, I). These data suggest that patients in the IRS-high
group, with low expression levels of the protective genes in the
signature, are not particularly sensitive in terms of an
immune response.
TABLE 1 | The association between IRS and pathological features.

IRS-high (N=478) IRS-low (N=497) P-value

Age****
Mean (SD) 60.9 (13.2) 56.1 (13.0) <0.001
Median [Min, Max] 61.0 [29.0, 90.0] 55.0 [26.0, 90.0]

Menopausal State****
Post 335 (70.1%) 295 (59.4%) <0.001
Pre 143 (29.9%) 202 (40.6%)

Histology Subtype****
Ductal/NST 369 (77.2%) 329 (66.2%) <0.001
Other 109 (22.8%) 168 (33.8%)

Tumor Stage
I 72 (15.1%) 99 (19.9%) 0.053
II 276 (57.7%) 281 (56.5%)
III 109 (22.8%) 110 (22.1%)
IV 12 (2.5%) 4 (0.8%)
Missing 9 (1.9%) 3 (0.6%)

ER Status**
Negative 83 (17.4%) 119 (23.9%) 0.015
Positive 375 (78.5%) 360 (72.4%)
Missing 20 (4.2%) 18 (3.6%)

PR Status
Negative 150 (31.4%) 147 (29.6%) 0.558
Positive 308 (64.4%) 331 (66.6%)
Missing 20 (4.2%) 19 (3.8%)

HER2 Status***
Negative 312 (65.3%) 354 (71.2%) 0.002
Positive 92 (19.2%) 58 (11.7%)
Missing 74 (15.5%) 85 (17.1%)

Survival time*
Mean (SD) 3.30 (3.17) 3.80 (3.25) 0.017
Median [Min, Max] 2.20 [0.0861, 23.3] 2.77 [0.0944, 23.9]

Survival state****
Alive 381 (79.7%) 464 (93.4%) <0.001
Dead 97 (20.3%) 33 (6.6%)
ER, estrogen receptor; PR, progesterone receptor.
*means p<0.05; **means p<0.01; ***means p<0.005; ****means p<0.001.
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Chemotherapy Responses of High- and
Low-IRS Patients With Breast Cancer
Chemotherapy still plays an important role in breast cancer.
Therefore, two different methods were used to identify drug
candidates with high drug sensitivity in patients with high IRS,
and two different drug response databases (CTRP and PRISM) were
included. First, the AUC values and IRS were analyzed by Spearman
correlation analysis to select compounds with negative correlation
coefficients (Spearman r < -0.25 for CTRP or -0.30 for PRISM).
Next, an analysis of the differences in drug response between the
high-IRS (highest decile) and low-IRS (lowest decile) groups was
performed to identify compounds with lower estimated AUC values
in the high-IRS group [log2-fold change (FC) >0.05]. It is important
to emphasize that a lower AUC means better drug sensitivity. Six
CTRP-derived compounds (including MK-2206, brefeldin A, PI-
Frontiers in Immunology | www.frontiersin.org 10
103, parthenolide, PRIMA-1 and panobinostat) and six PRISM-
derived compounds (including PF-05212384, GSK2110183, MRS-
1220, masitinib, arcyriaflavin A and CCT128930) were found to be
potentially sensitive in the high-IRS group. All these compounds
had a negative correlation with the IRS and lower estimated AUC
values in the high-IRS group (Figures 9A, B for CTRP and Figures
9C, D for PRISM).

To further explore whether the drugs we discovered have
potential clinical value, multiple-perspective analyses were
performed to investigate the therapeutic potential of these
compounds in breast cancer. First, a thorough literature review
was conducted in PubMed to identify experimental and clinical
evidence of the candidate compounds in the treatment of breast
cancer. Second, the log2 FC of the difference in the mRNA and
protein expression levels of the genes related to the drug targets
A B C

D

G

E F

FIGURE 5 | Validation of the gene signature in the external validation sets. The expression heatmap of the 15 immune-related prognostic genes between the high-
and low-IRS groups in the METABRIC (A), GSE21653 (B) and GSE20685 (C) cohorts. Kaplan-Meier curves for the OS of patients in the high-risk group and low-risk
group in the METABRIC (D), GSE21653 (E) and GSE20685 (F) cohorts. (G) Meta-analysis of the TCGA training set and 3 external validation sets. METABRIC,
Molecular Taxonomy of Breast Cancer International Consortium; GSE, gene expression omnibus series; IRS, immune-related risk score; High-IRS, high immune-
related risk score; Low-IRS, low immune-related risk score.
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between tumor and normal tissues was calculated, and a higher
log2 FC value indicated better potential for breast cancer
treatment. Third, CMap analysis was used to identify
compounds whose gene expression patterns were oppositional
to the breast cancer-specific expression patterns (gene expression
was increased in tumor tissue but decreased upon treatment with
certain compounds). Two compounds, PI-103 and masitinib,
had CMap scores of <-95, indicating that these compounds might
have therapeutic potential for breast cancer (Figures 9E, F and
Supplemental Table S7). The above methods are referenced from
published literature (23).

Building a Predictive Nomogram for
Breast Cancer Patients
To provide a clinically appropriate approach for predicting the
OS probability of breast cancer patients, independent risk factors
Frontiers in Immunology | www.frontiersin.org 11
were used to build a risk estimation nomogram (Figure 10A).
These predictors included age, tumor stage, PR status, HER2
status, ER status and the risk score related to immune infiltration.
The calibration plots for 3- and 5-year survival probabilities in
the TCGA cohort are presented in Figures 10B, C and suggest
that the nomogram had a high level of accuracy. Furthermore,
compared with other features, tROC analysis showed that the
predictive nomogram was the most accurate predictor for OS,
with an average AUC above 0.7 (Figure 10D). This means that
our nomogram has good predictive value.
DISCUSSION

Immunotherapy is revolutionizing the treatment of multiple
solid tumors (3, 4, 26, 27), and early data suggest that
A

B

FIGURE 6 | Results of the clinicopathological feature univariate and multivariate Cox regression analyses of OS in the TCGA training cohort (A) and the METABRIC
validation cohort (B).
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programmed cell death-1/programmed death ligand-1 (PD-1/
PD-L1) antagonists are clinically active in a small number of
patients with metastatic breast cancer (5, 28). Clinical activity
seems more likely if the tumor is triple negative, PD-L1t, and/or
harbors higher levels of tumor-infiltrating leukocytes (29). In
metastatic triple-negative breast cancer (TNBC), atezolizumab
Frontiers in Immunology | www.frontiersin.org 12
(30) and pembrolizumab (31, 32) appear to have longer-lasting
effects, suggesting that these drugs are likely to change the
prognosis and lives of patients who respond to treatment.
These observations indicate why the analysis of immune cells
has prognostic value and why immunotherapy has become an
attractive therapeutic approach. To date, several immune-related
A

B C D

E F G

FIGURE 7 | Phenotype heterogeneity between the high- and low-IRS groups in the training set. (A) The bubble map shows the correlation between the IRS and
RPPA data-based scores. Boxplots show differences in (B) tumor purity, (C) proliferation, (D) hormone_b, (E) hormone_a, (F) apoptosis, and (G) EMT. The Kruskal–
Wallis test was performed to calculate the P-value. IRS, immune-related risk score; RPPA, reversed-phase protein array; EMT, epithelial–mesenchymal transition.
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gene signatures have been developed for prognostic purposes in
different types of cancers, such as ovarian cancer (33), renal
cancer (34), lung cancer (35) and glioblastoma (36). Some
immune-related signatures have also been reported for breast
cancer, which is one of the tumors with the most accessible data
(37, 38).
Frontiers in Immunology | www.frontiersin.org 13
However, previous studies have had many unavoidable
deficiencies. First, some of these immune-related gene
signatures were roughly established based on literature-
reported individual immune-related genes, ignoring the fact
that the immune system is a cancer hallmark involving gene
networks instead of several individual genes. Second, many
CA B

FD E

IG H

FIGURE 8 | The gene signature serves as a valuable marker for immune targets and immunotherapy response. The estimated scores, immune scores and stromal
scores of breast cancer from TCGA database were analyzed by the “estimate” R package. The correlation line chart shows the relationship between the Z-score of
the IRS and the estimated score (A), immune score (B) and stromal score (C) (r values and p-values are shown; a larger slope of the line in the graph means a
higher correlation) (details see methods section). The correlation bubble chart shows the association between the Z-score of the IRS and immune checkpoint genes
(D), the 6 immune infiltration cell scores from TIMER (E) and 28 immune infiltration cell scores from TCIA (F) (see the Methods section for data acquisition). The size
of the bubble represents the value of the correlation, and the shade of the color represents the value of the p-value. Proportion of immune-responsive and
nonimmune-responsive populations in the IRS high- and low-expression groups (G). Survival analysis graph showing differences in survival between IRS-high and
IRS-low groups in nonimmune-responsive (H) and immune-responsive (I) populations. IRS, immune-related risk score; High-IRS, high immune-related risk score;
Low-IRS, low immune-related risk score. **means p <0.01, ***means p<0.001.
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gene signatures do not have sufficient validation groups to
confirm their predictive power. Third, few established immune-
related gene signatures have been integrated with the
Frontiers in Immunology | www.frontiersin.org 14
traditional prognostic system to optimize routine clinical
practice. Their direct guidance for clinical work is not
very effective.
A B

C D

E F

FIGURE 9 | Identification of candidate agents with higher drug sensitivity in high-IRS patients. The bubble plot shows the degree of negative correlation between
AUC values and IRS scores of six CTRP-derived compounds (A) and six PRISM-derived compounds (C), with longer lines representing
stronger negative correlations and implying greater drug sensitivity. The results of differential drug response analysis of CTRP-derived compounds (B) and six PRISM-
derived compounds between the IRS-high and IRS-low groups (D). Note that lower values on the y-axis of boxplots imply greater drug sensitivity. Evidence from
multiple sources to identify the most promising therapeutic agents for the high-IRS group. Six CTRP-derived agents (E) and
six PRISM-derived agents (F) are shown on the left and right of the diagram, respectively. *** means the p-value is less than 0.01; NA means Not Applicable.
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To remedy these shortcomings, we have made the following
changes and explorations. First, we screened the genes not from
the literature reports but from the WGCNA modules based on
transcriptome profiling data. This can fully ensure the
interaction between the genes. Second, we used three external
validation groups to ensure that our models all had good
predictive power. Third, our model can predict not only the
prognosis of breast cancer patients but also the response to
immunotherapy. Moreover, it can also provide some suggestions
for the choice of chemotherapy drugs according to the
heterogeneity of tumors.

In our study, the infiltration scores of 24 immune cells were
obtained from ImmuCellAI. Univariate Cox regression analysis
Frontiers in Immunology | www.frontiersin.org 15
and WGCNA identified gene modules associated with protective
immune cells. The LASSO algorithm was used for promising
candidates and gene establishment. Subsequently, the prognostic
value of this gene signature was evaluated in the TCGA training
set and in three independent external validation sets. The risk
score derived from the immune-related gene signature is called
the IRS in our study. In the meta-analysis and subgroup analysis,
the IRS still had the capacity to discriminate high-risk patients.
Then, we analyzed the clinicopathological features and predicted
the response to immunotherapy of patients in different risk
groups. We also predicted the choice of chemotherapeutic
drugs based on the tumor heterogeneity of patients in different
risk groups. Finally, a nomogram was built based on the IRS and
A

B C D

FIGURE 10 | The combination of the IRS signature and clinicopathological features improves survival prediction. (A) A nomogram was constructed to predict 3- and
5-year OS in individual breast cancer patients. (B, C) Calibration analysis indicated a high accuracy of 3- and 5-year survival prediction. (D) tROC analysis
demonstrated that the nomogram was the most stable and powerful predictor for OS among all the clinical variables.
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other clinicopathological variables to quantify the risk
assessment and survival probability of breast cancer patients.
In brief, our data suggest that low expression levels of protective
genes and high expression levels of risk genes give patients a
higher IRS, and patients in the high-risk group are not very
sensitive to immunotherapy.

Some biomarkers involved in our gene signature have been
reported in many cancers, but most of them have rarely been
investigated in immune infiltration. For example, BCL2 L14
(BCL2-like 14) is a well-reported gene associated with
apoptosis. Among its related pathways are TP53, which
regulates the transcription of cell death genes (39). GBP2 is
also associated with apoptosis, and the upregulation of GBP2 is
associated with neuronal apoptosis in the rat brain cortex
following traumatic brain injury (40). Surprisingly, the most
statistically significant protective gene, FAM159A, is sparsely
reported in academia and has great research potential. FAM92B,
which looks similar to FAM159A, has been mainly reported in
inflammatory bowel disease. Rioux et al. reported a genome-wide
association study confirming FAM92B as a Crohn’s disease
susceptibility gene (41). For SYTL3, the only risk biomarker in
our study, its knockdown enhanced the amount of bacillus
Calmette-Guérin (BCG) within tumors and its suppressive
effect on tumor growth (42). Among the 15 genes in the
signature, there were also some biomarkers related to
immunity. The chemokine family genes CCL1 and CCR9 have
been reported to be associated with the recruitment of regulatory
T cells (Tregs) (43, 44). MS4A1, the gene encoding the B cell
surface marker CD20, is significantly downregulated in human
colorectal carcinoma (45). TAPBPL has been reported to interact
preferentially with MHC I in the absence of glycosylation (46).
However, none of these reports have provided solid evidence for
a direct relationship between these genes and immune
infiltration. In summary, the biological functions associated
with the tumor immune infiltration of the novel gene signature
still need further investigation in breast cancer.

It is also worth mentioning that the expression of a single gene
may be different in different data sets. This may be caused by
different sequencing platforms or different samples. Therefore, every
gene chip has its own specificity. It is very undesirable to use the
expression of a single gene to make predictions. However, gene
signature can remedy this problem. Multigene verification can
reduce the bias caused by the specificity of a single gene.

In our prediction of potential drugs, we were surprised to find
two potential compounds, PI-103 and masitinib. Both
compounds have CMap scores less than -95, which means that
these compounds might have therapeutic potential for breast
cancer. PI-103 is a potent PI3K and mTOR inhibitor that
exhibits antiproliferative properties in a panel of human cancer
cell lines (47). Recent studies have shown that the combination of
anthracyclines and PI-103 can impair the PI3K pathway,
increasing DNA damage and thus reducing the growth of
breast cancer cells (48). Masitinib is a potent, orally
bioavailable, and selective inhibitor of c-Kit. It also inhibits
PDGFRa/b, Lyn, Lck, and, to a lesser extent, FGFR3 and FAK.
Masitinib has antiproliferative and proapoptotic activity and low
Frontiers in Immunology | www.frontiersin.org 16
toxicity (49–51). Because of its inhibition of PDGFR, mastinib
has been found to inhibit the luminal type of breast cancer (52).
In addition to its antitumor effects, masitinib is also useful in
Alzheimer’s disease. This part of the study is already in phase III
clinical trials (NCT01872598). Unfortunately, both compounds
lack sufficient clinical data to demonstrate that they can be used
in the clinical treatment of breast cancer.

Undeniably, there are still some limitations in our study. First,
this study lacks validation of laboratory data and clinical data, so
the assessment of the prognostic value and the possibility of the
clinical application of immune-related gene signatures need to be
further validated in larger prospective trials. Second, further
experimental studies are needed to elucidate the specific
immune-related biological functions of these 15 genes. Finally,
because of the significant immunological (and clinical
prognostic) differences between patients with metastatic and
nonmetastatic breast cancer, careful consideration needs to be
given to the population to which our signature applies. To
minimize this bias, we included ER, PR and HER2 status in
the final nomogram to seek the best predictive effect.

In summary, we established a novel immune-related gene
signature to predict the prognosis of breast cancer patients and
provide clinicians with a new reference for treatment. According to
our predictive model, patients with low expression levels of
protective genes and high expression levels of risk genes will
obtain a higher IRS, and patients in the high-risk group are not
very sensitive to immunotherapy. Additionally, we predicted some
chemotherapeutic agents that may bemore sensitive in the high-risk
group. Integrating this information with clinicopathological
features, we constructed a nomogram to quantify the risk
assessment of individual patients. The immune-related gene
signature-based model could be a useful tool to select high-risk
patients who may benefit from immunotherapy and thus facilitate
the personalized management of breast cancer.
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Garcia W, et al. Inferring Tumor Purity and Stromal and Immune Cell
Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/
ncomms3612

22. Geeleher P, Cox N, Huang RS. pRRophetic: An R Package for Prediction of
Clinical Chemotherapeutic Response From Tumor Gene Expression Levels.
PloS One (2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

23. Yang C, Huang X, Li Y, Chen J, Lv Y, Dai S. Prognosis and Personalized
Treatment Prediction in TP53-mutant Hepatocellular Carcinoma: An in
Silico Strategy Towards Precision Oncology. Briefings Bioinf (2020) 13:
bbaa164. doi: 10.1093/bib/bbaa164

24. Yu G, Wang LG, Han Y, He QY. clusterProfiler: An R Package for Comparing
Biological Themes Among Gene Clusters. Omics: A J Integr Biol (2012) 16
(5):284–7. doi: 10.1089/omi.2011.0118

25. Ciriello G, Gatza ML, Beck AH, Wilkerson MD, Rhie SK, Pastore A, et al.
Comprehensive Molecular Portraits of Invasive Lobular Breast Cancer. Cell
(2015) 163(2):506–19. doi: 10.1158/1538-7445.SABCS14-S2-04

26. Fukumura D, Kloepper J, Amoozgar Z, Duda DG, Jain RK. Enhancing Cancer
Immunotherapy Using Antiangiogenics: Opportunities and Challenges. Nat
Rev Clin Oncol (2018) 15(5):325–40. doi: 10.1038/nrclinonc.2018.29

27. Leko V, Rosenberg SA. Identifying and Targeting Human Tumor Antigens for
T Cell-Based Immunotherapy of Solid Tumors. Cancer Cell (2020) 38(4):454–
72. doi: 10.1016/j.ccell.2020.07.013

28. Voorwerk L, Slagter M, Horlings HM, Sikorska K, van de Vijver KK, de
Maaker M, et al. Immune Induction Strategies in Metastatic Triple-Negative
Breast Cancer to Enhance the Sensitivity to PD-1 Blockade: The TONIC Trial.
Nat Med (2019) 25(6):920–8. doi: 10.1038/s41591-019-0432-4

29. Cimino-Mathews A, Thompson E, Taube JM, Ye X, Lu Y, Meeker A, et al. Pd-
L1 (B7-H1) Expression and the Immune Tumor Microenvironment in
April 2021 | Volume 12 | Article 666137

https://www.frontiersin.org/articles/10.3389/fimmu.2021.666137/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2021.666137/full#supplementary-material
https://doi.org/10.3322/caac.21590
https://doi.org/10.1038/nrclinonc.2015.215
https://doi.org/10.1053/j.seminoncol.2015.05.013
https://doi.org/10.1016/j.ejca.2017.01.035
https://doi.org/10.1158/1078-0432.CCR-16-3001
https://doi.org/10.1016/j.jaci.2009.12.980
https://doi.org/10.1155/2016/4273943
https://doi.org/10.1200/JCO.2014.56.2025
https://doi.org/10.1200/JCO.2014.56.2025
https://doi.org/10.1073/pnas.1705327114
https://doi.org/10.1016/j.coi.2014.01.004
https://doi.org/10.1016/j.coi.2014.01.004
https://doi.org/10.1038/ni1008-1091
https://doi.org/10.1146/annurev.immunol.18.1.829
https://doi.org/10.1200/JCO.2008.18.1370
https://doi.org/10.1158/1078-0432.CCR-11-0926
https://doi.org/10.1056/NEJMoa041588
https://doi.org/10.1038/nm1764
https://doi.org/10.1002/advs.201902880
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1158/0008-5472.CAN-17-0307
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1093/bib/bbaa164
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1158/1538-7445.SABCS14-S2-04
https://doi.org/10.1038/nrclinonc.2018.29
https://doi.org/10.1016/j.ccell.2020.07.013
https://doi.org/10.1038/s41591-019-0432-4
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles


Peng et al. Immune-Related Signature in Breast Cancer
Primary and Metastatic Breast Carcinomas. Hum Pathol (2016) 47(1):52–63.
doi: 10.1016/j.humpath.2015.09.003

30. Emens LA, Cruz C, Eder JP, Braiteh F, Chung C, Tolaney SM, et al. Long-
Term Clinical Outcomes and Biomarker Analyses of Atezolizumab Therapy
for Patients With Metastatic Triple-Negative Breast Cancer: A Phase 1 Study.
JAMA Oncol (2019) 5(1):74–82. doi: 10.1001/jamaoncol.2018.4224

31. Naing A, Wong DJ, Infante JR, Korn WM, Aljumaily R, Papadopoulos KP,
et al. Pegilodecakin Combined With Pembrolizumab or Nivolumab for
Patients With Advanced Solid Tumors (IVY): A Multicenter, Multicohort,
Open-Label, Phase 1b Trial. Lancet Oncol (2019) 20(11):1544–55. doi:
10.1016/S1470-2045(19)30514-5

32. Nanda R, Chow LQ, Dees EC, Berger R, Gupta S, Geva R, et al.
Pembrolizumab in Patients With Advanced Triple-Negative Breast Cancer:
Phase Ib KEYNOTE-012 Study. J Clin Oncol (2016) 34(21):2460–7. doi:
10.1200/JCO.2015.64.8931

33. Mairinger F, Bankfalvi A, Schmid KW, Mairinger E, Mach P, Walter RF, et al.
Digital Immune-Related Gene Expression Signatures In High-Grade Serous
Ovarian Carcinoma: Developing Prediction Models For Platinum Response.
Cancer Manag Res (2019) 11:9571–83. doi: 10.2147/CMAR.S219872

34. Wang Z, Song Q, Yang Z, Chen J, Shang J, Ju W. Construction of Immune-
Related Risk Signature for Renal Papillary Cell Carcinoma. Cancer Med (2019)
8(1):289–304. doi: 10.1002/cam4.1905

35. Zhang M, Zhu K, Pu H, Wang Z, Zhao H, Zhang J, et al. An Immune-Related
Signature Predicts Survival in Patients With Lung Adenocarcinoma. Front
Oncol (2019) 9:1314. doi: 10.3389/fonc.2019.01314

36. Cheng W, Ren X, Zhang C, Cai J, Liu Y, Han S, et al. Bioinformatic Profiling
Identifies an Immune-Related Risk Signature for Glioblastoma. Neurology
(2016) 86(24):2226–34. doi: 10.1212/WNL.0000000000002770

37. Zhao J, Wang Y, Lao Z, Liang S, Hou J, Yu Y, et al. Prognostic Immune-
Related Gene Models for Breast Cancer: A Pooled Analysis. Onco Targets Ther
(2017) 10:4423–33. doi: 10.2147/OTT.S144015

38. Wang K, Li HL, Xiong YF, Shi Y, Li ZY, Li J, et al. Development and
Validation of Nomograms Integrating Immune-Related Genomic Signatures
With Clinicopathologic Features to Improve Prognosis and Predictive Value
of Triple-Negative Breast Cancer: A Gene Expression-Based Retrospective
Study. Cancer Med (2019) 8(2):686–700. doi: 10.1002/cam4.1880

39. Miled C, Pontoglio M, Garbay S, Yaniv M, Weitzman JB. A Genomic Map of
p53 Binding Sites Identifies Novel p53 Targets Involved in an Apoptotic
Network. Cancer Res (2005) 65(12):5096–104. doi: 10.1158/0008-5472.CAN-
04-4232

40. Miao Q, Ge M, Huang L. Upregulation of GBP2 is Associated With Neuronal
Apoptosis in Rat Brain Cortex Following Traumatic Brain Injury. Neurochem
Res (2017) 42(5):1515–23. doi: 10.1007/s11064-017-2208-x

41. Rioux JD, Xavier RJ, Taylor KD, Silverberg MS, Goyette P, Huett A, et al.
Genome-Wide Association Study Identifies New Susceptibility Loci for Crohn
Disease and Implicates Autophagy in Disease Pathogenesis. Nat Genet (2007)
39(5):596–604. doi: 10.1038/ng2032

42. Mizushima T, Jiang G, Kawahara T, Li P, Han B, Inoue S, et al. Androgen
Receptor Signaling Reduces the Efficacy of Bacillus Calmette-Guerin Therapy
Frontiers in Immunology | www.frontiersin.org 18
for Bladder Cancer Via Modulating Rab27b-Induced Exocytosis. Mol Cancer
Ther (2020) 19(9):1930–42. doi: 10.1158/1535-7163.MCT-20-0050

43. Kuehnemuth B, Piseddu I, Wiedemann GM, Lauseker M, Kuhn C, Hofmann
S, et al. CCL1 is a Major Regulatory T Cell Attracting Factor in Human Breast
Cancer. BMC Cancer (2018) 18(1):1278. doi: 10.1186/s12885-018-5117-8

44. Pathak M, Padghan P, Halder N, Shilpi, Kulkarni N, Sonar SA, et al. CCR9
Signaling in Dendritic Cells Drives the Differentiation of Foxp3(+) Tregs and
Suppresses the Allergic IgE Response in the Gut. Eur J Immunol (2020) 50
(3):404–17. doi: 10.1002/eji.201948327

45. Mudd TW Jr., Lu C, Klement JD, Liu K. MS4A1 Expression and Function in T
Cells in the Colorectal Cancer Tumor Microenvironment. Cell Immunol
(2020) 360:104260. doi: 10.1016/j.cellimm.2020.104260

46. Neerincx A, Boyle LH. Preferential Interaction of MHC Class I With TAPBPR
in the Absence of Glycosylation. Mol Immunol (2019) 113:58–66. doi:
10.1016/j.molimm.2018.06.269

47. Raynaud FI, Eccles SA, Patel S, Alix S, Box G, Chuckowree I, et al. Biological
Properties of Potent Inhibitors of Class I Phosphatidylinositide 3-Kinases:
From PI-103 Through PI-540, Pi-620 to the Oral Agent GDC-0941. Mol
Cancer Ther (2009) 8(7):1725–38. doi: 10.1158/1535-7163.MCT-08-1200

48. Mishra R, Yuan L, Patel H, Karve AS, Zhu H, White A, et al. Phosphoinositide
3-Kinase (Pi3k) Reactive Oxygen Species (Ros)-Activated Prodrug in
Combination With Anthracycline Impairs PI3K Signaling, Increases Dna
Damage Response and Reduces Breast Cancer Cell Growth. Int J Mol Sci
(2021) 22(4):2088. doi: 10.3390/ijms22042088

49. Marech I, Patruno R, Zizzo N, Gadaleta C, Introna M, Zito AF, et al. Masitinib
(AB1010), From Canine Tumor Model to Human Clinical Development: Where We
are?Crit Rev Oncol Hematol (2014) 91(1):98–111. doi: 10.1016/j.critrevonc.2013.12.011

50. Dubreuil P, Letard S, Ciufolini M, Gros L, Humbert M, Casteran N, et al. Masitinib
(AB1010), a Potent and Selective Tyrosine Kinase Inhibitor Targeting KIT. PloS
One (2009) 4(9):e7258. doi: 10.1371/journal.pone.0007258

51. Lawrence J, Saba C, Gogal R Jr., Lamberth O, Vandenplas ML, Hurley DJ,
et al. Masitinib Demonstrates Anti-Proliferative and Pro-Apoptotic Activity
in Primary and Metastatic Feline Injection-Site Sarcoma Cells. Vet Comp
Oncol (2012) 10(2):143–54. doi: 10.1111/j.1476-5829.2011.00291.x

52. Stalker L, Pemberton J, Moorehead RA. Inhibition of Proliferation and
Migration of Luminal and Claudin-Low Breast Cancer Cells by PDGFR
Inhibitors. Cancer Cell Int (2014) 14(1):89. doi: 10.1186/s12935-014-0089-5

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2021 Peng, Yu, Jin, Qu, Ren, Tang, Zhang, Qu, Zong and Liu. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply with
these terms.
April 2021 | Volume 12 | Article 666137

https://doi.org/10.1016/j.humpath.2015.09.003
https://doi.org/10.1001/jamaoncol.2018.4224
https://doi.org/10.1016/S1470-2045(19)30514-5
https://doi.org/10.1200/JCO.2015.64.8931
https://doi.org/10.2147/CMAR.S219872
https://doi.org/10.1002/cam4.1905
https://doi.org/10.3389/fonc.2019.01314
https://doi.org/10.1212/WNL.0000000000002770
https://doi.org/10.2147/OTT.S144015
https://doi.org/10.1002/cam4.1880
https://doi.org/10.1158/0008-5472.CAN-04-4232
https://doi.org/10.1158/0008-5472.CAN-04-4232
https://doi.org/10.1007/s11064-017-2208-x
https://doi.org/10.1038/ng2032
https://doi.org/10.1158/1535-7163.MCT-20-0050
https://doi.org/10.1186/s12885-018-5117-8
https://doi.org/10.1002/eji.201948327
https://doi.org/10.1016/j.cellimm.2020.104260
https://doi.org/10.1016/j.molimm.2018.06.269
https://doi.org/10.1158/1535-7163.MCT-08-1200
https://doi.org/10.3390/ijms22042088
https://doi.org/10.1016/j.critrevonc.2013.12.011
https://doi.org/10.1371/journal.pone.0007258
https://doi.org/10.1111/j.1476-5829.2011.00291.x
https://doi.org/10.1186/s12935-014-0089-5
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

	Construction and Validation of an Immune Infiltration-Related Gene Signature for the Prediction of Prognosis and Therapeutic Response in Breast Cancer
	Introduction
	Material and Methods
	Dataset Preparation And Data Processing
	Study Design
	Estimation of Immunotherapy and Chemotherapy Responses
	Bioinformatic and Statistical Analyses

	Results
	Schematic Diagram of the Study Design
	Establishment of an Immune-Related Gene Signature for Prognosis
	Prognostic Analysis of the Immune-Related Gene Signature in the Training Cohort
	Prognostic Validity of the Signature of 15 Immune-Related Genes in Breast Cancer
	Estimation of the Independent Prognostic Value of the Signature Containing 15 Immune-Related Genes
	Heterogeneity Between IRS-High and IRS-Low Patients
	The Gene Signature Serves as a Valuable Marker for Immune Targets and Immunotherapy Response
	Chemotherapy Responses of High- and Low-IRS Patients With Breast Cancer
	Building a Predictive Nomogram for Breast Cancer Patients

	Discussion
	Data Availability Statement
	Author Contributions
	Acknowledgments
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


