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Abstract
Background Accumulating evidence has demonstrated that the components of tumor immune
microenvironment (TME) play important roles in breast cancer (BC) initiation, progression and prognosis.

Materials and methods We downloaded the TCGA, GSE12276, GSE58812 and GSE42568 datasets. We
calculated the immune scores and tumor immune in�ltrating cells (TIICs) of TCGA-BRCA and GEO
datasets using ESTIMATE and CIBERSORT algorithm, respectively. Then, the overlapping immune-related
differentially expressed genes (DEGs) were screened using R ‘limma ’ package between TCGA and
GSE12276 datasets. The GO and KEGG enrichment analysis were used to predict the function and
signaling pathways of common DEGs. Finally, we extracted a series of tumor immune microenvironment-
related genes, and explore the relationship between these genes and clinical outcomes in TCGA,
GSE58812 and GSE42568 datasets.

Results Based on the ESTIMATE algorithm, the immune scores were signi�cantly associated with cancer
types, as well as overall survival in BC patients. The fractions of some TIICs, such asnaïve B cells,
memory B cells, CD8 + T cells, resting CD4 + memory T cells, activated CD4 + memory T cells, resting NK
cells, monocytes, macrophage M0, M1, M2, resting DCs, activated DCs and resting mast cells, were
signi�cantly different between low and high immune score groups (all P <0.05). The DEGs between low
and high immune score groups were mainly involved in immune-related biological processes, including
adaptive immune response, innate response and in�ammatory response. Finally, we found that ACSL5,
GIMAP2, HLA-DRA and CLEC10A were signi�cantly associated with prognosis among TCGA, GASE58812
and GSE42568 datasets (all P <0.05).

Conclusion These �ndings provide a more comprehensive understanding of immune cells and immune-
related genes within TME as well as prognosis-related genes in BC. Future studies need to perform in vivo
and in vitro experiments to clarify the mechanisms of these genes in TME and provide a comprehensive
idea to immune therapy.

Backgrounds
Breast cancer (BC) is the most common malignancy in women worldwide, approximately 2.4 million new
cases and 533,000 deaths due to BC in 2015 [1, 2]. Estimated by American Cancer Society, the global
incidence of BC will be approximately 3.2 million new cases until to 2050 [3]. With the technological
advances and health care in medicine, it is possible to detect the BC early and adopt early treatment,
which prevent the BC progression into advanced state. But, the 5-year survival rate of BC is still being
dismal due to highly heterogeneous in BC. BC is a complex disease, characterized by a wide range of
pathological and histological characteristics, different molecular subtypes, and diverse response to
therapy [4]. Therefore, a deep and comprehensive exploration of BC pathogenesis is urgently needed, and
effective therapeutic targets are required for BC treatment.



Page 3/20

BC progression is a multi-factor process in�uenced by gene alteration and extracellular stimuli that trigger
some key signaling pathways abnormal between cancer cells and the main components of immune
system. Accumulating evidence has demonstrated that the components of tumor immune environment
play important roles in BC initiation, progression and prognosis [5, 6]. BC is characterized by a highly
in�ammatory microenvironment, which is supported by the in�ltrating innate and adaptive immune cell
subpopulations and cytokines [7]. Several reports indicated that the presence and/or absence of immune
cell subgroups in tumor microenvironment (TME) were associated with clinical stages and clinical
outcomes in BC [8, 9]. Previous studies have suggested that high immune cell in�ltration were correlated
with favorable prognosis in BC patients [10, 11]. It is necessary to investigate the quality and quantity of
immune response in BC, as it may help to identify the driver genes involved in immune response, explore
the key signal pathways of anti-tumor immune response, pinpoint the BC patients who could bene�t from
immunotherapy, understand the tumor-immune cell interactions through numerous molecules, thus, help
us to tailor the individual treatment and improve our understanding of tumor-host biology.

Recently, more and more platforms, database and datasets provide the researchers comprehensive multi
omics data to make in-depth bioinformatics analysis. In the present study, we downloaded the TCGA-
BRCA dataset and BC datasets from Gene Expression Omnibus (GEO) database, including RNA
sequencing data and clinical information. Then, we calculated the immune scores and the fractions of
tumor immune in�ltrating cells (TIICs) of TCGA-BRCA and GEO datasets using ESTIMATE algorithm
(Estimation of STromal and Immune cells in MAlignant Tumors using Expression data) and CIBERSORT
(Cell-type Identi�cation By Estimating Relative Subsets Of RNA Transcripts) algorithm, respectively. Then,
we identi�ed the common immune-related differentially expressed genes (DEGs), and performed the Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis. Finally, we
extracted a series of TME-related genes and explore their association with clinical outcomes, and use
GEO datasets to verify the prognosis-related genes for result robustness.

Materials And Methods
Datasets

            The transcriptome data of BRCA were downloaded from the Cancer Genome Atlas database
(TCGA), including RNA-sequencing data and clinical information. The clinical data for BC patients in
TCGA BRCA dataset includes clinical stage, TNM stage and survival information. The GEO datasets,
GSE12276, GSE58812 and GSE42568, which included the microarray-based expression data of BC and
related clinical information was downloaded from NCBI GEO website. All datasets met the following
criteria: (1) contained >100 samples; (2) completed prognostic information; (3) contained human breast
cancer tissue samples. The GSE12276, GSE58812 and GSE42568 datasets were based on GPL570
platform [(HG-U133_Plus_2) Affymetrix Human Genome U133 Plus 2.0 Array], and included 204 BC
samples, 107 BC samples and 104 BC samples, respectively.

ESTIMATE Algorithm
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All data normalization was performed using package limma, and immune score of all datasets were
calculated by applying ESTIMATE algorithm (https://bioinformatics.mdanderson.org/estimate/). The
differences of the immune score among different clinical features were conducted by t-test, and the
survival analysis was evaluated by Kaplan-Meier plot, examined by Log-rank test. A P<0.05 was
considered to be signi�cant.

Estimation of tumor-in�ltrating immune cells

CIBERSORT, a deconvolution algorithm, was applied to estimate the fractions of 22 immune in�ltrating
cell subgroups based on RNA sequencing data [12]. The 22 tumor in�ltrating immune cells (TIICs) were
calculated for each sample from TCGA BRCA dataset. In each sample, the proportion of all TIICs equaled
to 1. These TIICs includs naïve B cells, memory B cells, plasma cells, 7 T cell types (CD8+ T cells, naïve
CD4+ T cells, resting CD4+ memory T cells, activated CD4+ memory T cells, follicular helper T cells, Tregs,
γδ T cells), macrophages (M0, M1, and M2), mast cells (resting and activated mast cells), NK cells
(resting and activated NK cells), dendritic cells (resting and activated DC cells), eosinophils and
neutrophils. The fractions of TIICs were compared between low- and high- immune score groups in TCGA
samples. 

Identi�cation of differentially expressed genes

Based on median immune score, we divided BC samples into high immune score group and low immune
score group for TCGA dataset and GSE12276 dataset. The threshold of DEGs were as follows: log2|fold
change (FC)| >0.5, P <0.05, and false discovery rate (FDR) <0.05.  The overlapping DEGs would be used
for further analysis.

Functional enrichment analysis of common DEGs

In order to reveal the potential functions of common DEGs, GO annotation and KEGG enrichment analysis
were performed using DAVID online database (https://david.ncifcrf.gov/). The GO terms consist of
biological process, cell component, and molecular function. The adjusted P value < 0.05 was considered
statistically signi�cant.

Construction of protein-protein interaction (PPI) network

The potential interactions of common DEGs were analyzed using Search Tool for the Retrieval of
Interacting Genes database (https://string-db.org/). The highest con�dence in STRING database was set
as 0.90. Subsequently, the result of STRING analysis was visualized by Cytoscape software (version
3.7.1, https://cytoscape.org). The Molecular Complex Detection plug-in (MCODE) was used to explore the
most signi�cant modules in PPI network with the degree cut-off = 2, node score cut-off = 0.2, max depth =
100 and k-score = 2.

Survival analysis of DEGs
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The common DEGs were grouped by dichotomies method according the median value of gene expression
in TCGA dataset. The Kaplan-Meier curves were used to perform overall survival analyses between high-
and low- expression groups. The criteria were set as: HR with 95% CI and Log-rank P value <0.05. The
signi�cant prognosis-related genes were validated by the GSE58812 and GSE42568 datasets.

Statistical analysis

Statistical analyses were conducted using SPSS 20.0 software (SPSS 20.0, Chicago, IL) and GraphPad
8.0 (GraphPad Software, La Jolla, CA, USA). The comparison was performed with student t-test and
ANOVA. The overall analysis used Kaplan-Meier plotter and Log-rank test. In the above analyses, P values
< 0.05 indicated statistical signi�cance.

Results
Association of immune scores with different clinical characteristics and prognosis

The RNA-sequencing data and clinical information of BC samples were downloaded from TCGA
database. A total of 1,097 samples were included in this study. The clinical data were list in Table S1.
Based on the ESTIMATE algorithm, the immune scores range from -1724.48 to 3459.35. There was
signi�cant difference among different cancer types for immune scores (P<0.001, Figure 1A). The average
immune scores in metaplastic breast cancer (MBC) were the highest, followed by breast invasive lobular
carcinoma (ILC), breast mixed ductal and lobular carcinoma (MDLC), breast invasive ductal carcinoma
(IDC), paget disease of the nipple (PD), and breast invasive mixed mucinous carcinoma (IMMC). But, we
did not �nd any differences between immune scores and other clinical features (clinical stage: P=0.756;
metastasis: P=0.496; T stage: P=0.259; N stage: P=0.379, Figure 1B, C, D, E). In survival analysis, the BC
patients with high immune scores had a longer overall survival time than low immune scores (P=0.034,
Figure 1F).

Estimation of the fractions of TIICs

            According to the median value of immune score, we divided the TCGA samples into low immune
score group and high immune score group. The fractions of naïve B cells (P=0.001), memory B cells
(P=0.024), CD8+ T cells (P<0.001), resting CD4+ memory T cells (P<0.001), activated CD4+ memory T
cells (P<0.001), resting NK cells (P<0.001), monocytes (P<0.001), macrophage M1 (P<0.001) and resting
DCs (P=0.013) in high immune score group were signi�cantly higher than low immune score group; while
the fractions of macrophage M0 (P<0.001), macrophage M2 (P<0.001), activated DCs (P=0.008), and
resting mast cells (P<0.001) in high immune score group were signi�cantly lower than low immune score
group (Figure 2).

Identi�cation of immune related DEGs
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            According to the median value of immune score, a total of 3,104 DEGs, including 1,782 up-
regulated genes and 1,322 down-regulated genes, were identi�ed between high immune score and low
immune score groups in TCGA database. Next, a total of 1,294 DEGs were obtained from GSE12276
dataset, of which 1,048 genes were up-regulated, and 246 genes were down-regulated. The heatmaps
were constructed for TCGA dataset and GSE 12276 dataset (Figure 3A and 3B). Venn diagram analyses
showed 858 common DEGs between TCGA and GSE12276 datasets (Figure 3C).

GO function and KEGG pathway enrichment analyses

            To further understand the biological functions of common DEGs, we conducted GO and KEGG
functional enrichment analyses. We list the top 30 terms for GO functions and KEGG pathways,
respectively. The analyses indicated that common DEGs were mainly in a series of biological processes,
including adaptive immune response, innate immune response, in�ammatory response, chemokine-
mediated signaling pathway, cell adhesion, response to lipopolysaccharide, chemotaxis, et al (Figure 4A).
These DEGs were mainly distributed in plasma membrane, extracellular exosome, extracellular region,
and intracellular (Figure 4B). Moreover, the common DEGs have different molecular functions, including
receptor binding, carbohydrate binding, serine-type endopeptidase activity, cytokine activity, and
chemokine activity (Figure 4C). Subsequently, the common DEGs were enriched in pathways, such as
cytokine-cytokine receptor interaction, chemokine signaling pathway, cell adhesion molecules,
hematopoietic cell lineage, PI3K-Akt signaling pathway, NF-kappa B signaling pathway, natural killer cell
mediated cytotoxicity, Jak-STAT signaling pathway, T cell receptor signaling pathway, and so on (Figure
4D).

Construction of PPI network

The PPI network of DEGs was constructed using STRING database, and visualized by Cytoscape
software. The PPI network of DEGs consisted of 227 nodes and 597 edges according to the highest
con�dence >0.9. Module analyses were performed by MCODE plug-in, which was used to identify the
clusters or highly interconnected regions. We list the most signi�cant three modules with high scores in
the PPI network (Figure 5A, B, C), and related GO function and KEGG pathway (Table 1).

Prognostic evaluation of DEGs

The common DEGs were evaluated by Kaplan-Meier curves, examined by Log-rank test. A total of 150
genes were signi�cantly associated with over survival in TCGA dataset (all P<0.05). The prognostic
values of above genes were validated using GSE58812 dataset and GSE42568 dataset for result
robustness. Finally, we found that acyl-CoA synthetase 5 (ACSL5), GTPases of immunity-associated
proteins (GIMAP2), HLA-DRA and C-type lectin receptor 10A (CLEC10A) were signi�cantly associated with
overall survival among TCGA, GASE58812 and GSE42568 datasets (all P<0.05, Figure 6).

Discussion
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BC continues to threaten the physical and psychological health of women, representing an important
worldwide health problem. The impact of TME on BC patient outcome has been studied in many
decades. Mounting evidence has demonstrated that TME is essential for BC behaviors: initiation,
progression, migration, invasion, metastasis, and therapy resistance [13]. Recently, advances in
transcriptomics study help us to form a comprehensive insight into the characteristics of TME and
identify the genomic alteration in varied cancer types. A main �nding in this study is that we applied
TCGA and NCBI GEO datasets to analyze the correlation between the immune score and clinical
characteristic and clinical outcome, estimate the fractions of TIICs, screen the DEGs between low immune
score and high immune score groups for BC patients, perform the GO function and KEGG pathway
analysis, and �nally identify the prognostic values of ACSL5, GIMAP2, HLA-DRA and CLEC10A in BC
patients.

ESTIMATE algorithm was introduced to assess the stromal cell and immune cell scores and infer the
tumor purity based on gene expression data [14]. The prediction accuracy of ESTIMATE method has been
validated in multiple datasets. Our results showed that immune scores were signi�cantly different in
varied cancer types, indicating that the degree and modes of immune status differed. Maybe, the existing
differences are due to the heterogeneity and different pathological mechanisms of BC. In survival
analyses, the BC patients with high immune scores had a longer overall survival time than low immune
scores. The recruitment of immune cell to BC site is determined by the interaction between cancer cells
and non-cancer cells, cellular components and non-cellular components in TME. Moreover, diverse
immune cells in TME could interact with the cancer cells through chemokine and cytokine signaling
pathways, and be involved in the prognosis of breast cancer patients by supporting and obstructing
therapeutic e�cacy [15, 16].

To further understand the components of TIICs in TME, we analyzed the fractions of TIICs between low
immune score and high immune score groups using CIBERSORT algorithm. CIBERSORT could quantify
22 immune cell types by assessing the relative expression changes of a set of barcode 547 genes [12],
which is considered to be the most accurate method for estimating the fractions of TIICs. We found there
were signi�cant differences in many immune cell subgroups, including naïve B cells, memory B cells,
CD8+ T cells, resting CD4+ memory T cells, activated CD4+ memory T cells, resting NK cells, monocytes,
macrophage M0, M1, M2, resting DCs, activated DCs, and resting mast cells. T cells play important roles
in cell-mediated adaptive immunity. Growing evidence has demonstrated that T cells protect the body
from infections through recognition by T cell receptors (TCRs). T cells could eliminate the tumor cells in
the tumor-immunity process, and adoptively-transferred T cells were used as anti-tumor therapeutic
approach has been explored extensively over the past several years [17]. Emerging clinical data revealed
that tumor immunotherapy is likely to become a key strategy for clinical cancer management. While B
cells are known for producing protective antibodies, they also perform diverse immune functions by
secreting chemokines and cytokines, presenting antigens, and secreting antibody in tumor immunity [18].
B cells in�ltration has been detected in many tumors, including lung cancer [19], gastric cancer [20],
breast cancer [18], ovarian cancer [21], colorectal cancer [22], hepatocellular carcinoma [23], prostate



Page 8/20

cancer [24], and pancreatic adenocarcinoma [25]. Current studies indicated that B cell depletion, selective
clearance of B regulatory cells, and regulation of B cell related signaling pathways have the potential to
be effective approaches for tumor immunotherapy. The macrophages, referred to as tumor-associated
macrophages, are main components in TME, which in�uence tumor development and progression [26].
Macrophage consists of two different phenotypes under different physiological or pathological
conditions: tumor-inhibiting M1 and tumor-promoting M2 [27]. To date, in all caner types, high in�ltration
of macrophage M1 predicted a favorable prognosis, whereas high in�ltration of macrophage M2 was
associated with poor prognosis [28]. In view of the proportion differences of TIICs in BC patients, we
speculated that genomic alteration and immune phenotype maybe interact as both cause and result.

To further understand the underlying mechanism, we screen the differentially expressed genes between
low and high immune score groups for BC patients, and analyzed the GO function and KEGG pathways.
The result showed that the DEGs mainly involved in immune-related biological processes, including
adaptive immune response, innate response and in�ammatory response. Moreover, the enriched KEGG
pathways also includes common signaling pathway, such as PI3K-Akt signaling pathway, NF-kappa B
signaling pathway, and Jak-STAT signaling pathway. PI3K-Akt signaling pathways control multiple T cell
functions, including proliferation, migration and metabolism, by increasing cytokine expression [29, 30].
The recent study reported that CC-chemokine ligand 2 (CCL2), secreted by tumor associated
macrophages, activates PI3K/Akt pathway and promote endocrine resistance in breast cancer [31]. In
addition, Lerebours F, et al. found that NF-kappaB pathway plays a major role in in�ammatory breast
cancer and contributes to the aggressiveness of its phenotype [32]. Macrophage migration inhibitory
factor functions as a critical link between immune response and carcinogenesis via activation of
HMGB1/TLR4/NF kappa B axis [33]. Furthermore, JAK/STAT signaling pathway is well-known for its key
roles in a wide physiology and pathological environment. Activated JAK/STAT pathway in tumor exhibits
oncogenic activity in BC, but JAK/STAT inhibition in TME promote therapeutic resistance by producing
more protumorigenic in�ammatory factors [34]. Therefore, our study highlights the complex mechanism
of BC, and provides insight on potential therapy targets in BC.

Finally, we found ACSL5, GIMAP2, HLA-DRA and CLEC10A were correlated with overall survival in BC
patients, validated by GSE58812 and GSE42568 datasets. ACSL5, as a lipid metabolic enzyme, activate
the most abundant long-chain fatty acids [35]. Previous studies indicated that ACSL5 have diverse roles
in different cancers. Chen WC, et al. found that ACSL5 was signi�cantly up-regulated in bladder, lung,
pancreatic, prostate, bladder, and esophageal cancer, but down-regulated in breast, ovarian and liver
cancer [36]. Yen MC also reported that high ACSL5 was associated with favorable prognosis in BC
patients. Similar with above studies, our analyses suggested that ACSL5 was a potential prognostic
marker, and positively correlated with overall survival. GIMAPs family is a conserved clade of guanine
nucleotide-binding (G) proteins family, including 7 members, located on chromosome 7 [37]. Several
studies have demonstrated that GIMAPs play important roles in lymphocyte development, maintenance,
and differentiation [38–41]. Human leukocyte antigen (HLA)-DR-alpha (DRA) (HLA-DRA) belongs to HLA
class II gene, which are necessary for the induction and regulation of the adaptive immune response [42].
HLA-DRA appears to be a key gene in the presentation of tumor-associated antigens to T lymphocytes,
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generating an effective anti-tumor immune response. Some studies reported that low expression of HLA
class II genes was associated with aggressive phenotype in many cancers [43]. CLEC10A belongs to the
family of C-type lectin receptors (CLRs). Heger L, et al. found that CLEC10A is mainly expressed on the
majority of CD1c+ dendritic cell [44]. Despite these intriguing results, the function of ACSL5, GIMAP2,
HLA-DRA and CLEC10A in BC has remained poorly understood.

Conclusion
Taken together, our study indicated a close association between immune score in TME and cancer types
as well as clinical outcome in BC. We found signi�cant differences of TIICs in TME between low and high
immune groups. Moreover, we screened a list of immune-related DEGs and explored that ACSL5, GIMAP2,
HLA-DRA, and CLEC10A were correlated with prognosis in BC patients. Future studies need to perform in
vivo and in vitro experiments to clarify the mechanisms of these genes in TME and provide a
comprehensive idea to immune therapy.
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Table

Table 1. GO Function and KEGG pathway enrichment analysis for three modules
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Term Count P value

Module 1    

GO:0007186 G protein-coupled receptor signaling pathway (BP) 44 <0.001

GO:0042379 chemokine receptor binding 15 <0.001

GO:0044459 plasma membrane part 26 <0.001

hsa04062 Chemokine signaling pathway 27 <0.001

Module 2    

GO:0006955 immune response 31 <0.001

GO:0042605 peptide antigen binding 4 <0.001

GO:0035579 specific granule membrane 16 <0.001

hsa04514 Cell adhesion molecules (CAMs) 8 <0.001

Module 3    

GO:0050870 positive regulation of T cell activation 12 <0.001

GO:0016773 phosphotransferase activity 8 <0.001

GO:0098552 side of membrane 9 <0.001

hsa04660 T cell receptor signaling pathway 12 <0.001

 

Supplementary Figure Information
Figure S1. Protein-protein interaction network (PPI) of DEGs from STRING database. The PPI network of
DEGs consisted of 227 nodes and 597 edges according to the highest con�dence >0.9.

Figures
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Figure 1

The correlation between immune scores and clinical characteristics. (A) Cancer types; (B) Clinical stage;
(C) Metastasis; (D) T stage; (E) N stage; (F) Overall survival.
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Figure 2

Comparison of tumor immune in�ltrating cells between low and high immune score groups in BC patients
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Figure 3

The differentially expressed genes between low and high immune score groups for TCGA and GSE12276
datasets. (A) Heatmap of DEGs in TCGA dataset; (B) Heatmap of DEGs in GSE12276 dataset; (C)
Overlapping DEGs between TCGA and GSE12276 datasets.
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Figure 4

GO function and KEGG pathway enrichment analyses of common DEGs. (A) Biological process; (B) Cell
component; (C) Molecular function; (D) KEGG pathways.

Figure 5
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The top three modules of common DEGs using Cytoscape software. Red represents up-regulated genes;
yellow presents down-regulated genes. (A) Module 1; (B) Module 2; (C) Module 3

Figure 6

Kaplan-Meier survival curves of DEGs. (A-C) ACSL5 in TCGA, GSE58812 and GSE42568 datasets; (D-F)
GIMAP2 in TCGA, GSE58812 and GSE42568 datasets; (G-I) HLA-DRA in TCGA, GSE58812 and GSE42568
datasets; (J-L) CLEC10A in TCGA, GSE58812 and GSE42568 datasets.
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