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Abstract

Background
Although the classi�cation system of triple-negative breast cancer(TNBC) has become more and more
perfect, there is no report on the immune subtype of triple-negative breast cancer based on immune cell
in�ltration.

Results
According to immune in�ltrating cells, data from 360 patients were divided into cluster A (subtype 1 and
subtype 3) and cluster B (subtype 2; with poorly immune phenotype). Expression of memory B cells, naïve
B cells, M0 macrophages, M1 macrophages, CD4 memory activated T cells, and CD4 naïve T cells were
signi�cantly higher in cluster A (P < 0.05). In contrast, the expression of M2 macrophages and resting
mast cells were higher in cluster B (P < 0.05). GSVA results show that B cell receptor pathway and JAK-
STAT pathway are activated and more frequently altered in cluster A (P < 0.05). mTOR pathway
alterations usually appear in cluster B (P < 0.05). Compared with cluster A, the risk of recurrence in cluster
B patients is signi�cantly increased (P < 0.05).

Conclusions
This analysis of tumor microenvironment revealed the multifaceted nature of TNBC and its impact on
patient prognosis, being recurrence more often in those with poorly immune phenotype. These results
provide a reference for further exploration of the heterogeneity of TNBC.

Background
Despite the advances in screening and diagnosis, breast cancer remains a leading cause of death in
women worldwide, especially triple-negative breast cancer (TNBC), which accounts for 12–17% of all
breast cancers [1, 2]. Because the tumor itself lacks speci�c receptors (ER, PR, and HER2), it is unlikely to
respond to the traditional targeted therapies. Therefore, �nding a valid effective tumor target is critical for
the treatment of triple-negative breast cancer [3, 4]. Unfortunately, although a part of TNBC-related
targeting drugs has been discovered, the clinical bene�ts of patients are very different due to the
heterogeneity of this disease [5]. In 2010 Perou et al. [6] identi�ed the claudin-low molecular subtype of
TNBC, based on gene expression pro�ling, and in 2011 Lehmann et al. [7] further reported that TNBC
could be divided into six subtypes including two basal-like (BL1 and BL2), an immunomodulatory (IM), a
mesenchymal (M), a mesenchymal stem-like (MSL), and a luminal androgen receptor (LAR) subtype. The
expression pro�les of these six subtypes are signi�cantly different and each subtype is associated with
different signal pathway. Both studies mentioned above were based on the transcriptome data for TNBC
classi�cation. In recent years, with extensive research on the genomic and biological changes of cancer
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cells, cumulative evidence indicates that breast tumor immune in�ltration is closely associated with the
clinical prognosis of the patients [8]. Therefore, based on the proportion of immune cells in the tumor
microenvironment, we used bioinformatics methods to identify TNBC subgroups with different prognosis
and try to explore the heterogeneity of this disease.

Results
Immunophenotyping and prognosis

We used the CIBERSORT algorithm to infer the proportion of the 22 immune in�ltrating cells in the tissue,
and used K-means to cluster the immune in�ltrating cells of the enrolled patients. We found that when the
clustering number κ value was 3, classi�er model shows well stability. Therefore, in this study, κ = 3 was
used to classify the 360 TNBC sample data into three subtypes (Fig. 1A). When we plotted the Kaplan-
Meier curve for this three subtypes of TNBC patients, there was no signi�cant difference between three
subtypes (P = 0.11), but careful observation revealed that the curve of subtype 1 and subtype 3 were
almost coincide, and the curve of subtype 2 was far away from then, so we tried to merge subtypes 1 and
3 into a new subtype and named cluster A, while subtype 2 was rede�ned as cluster B. We evaluated the
recurrence-free survival of patients between cluster A and B. The results showed that patients in cluster B
had signi�cantly lower recurrence-free survival compared to cluster A. Log-rank analysis showed a
statistically signi�cant difference in recurrence-free survival between the two groups (P = 0.015) (Fig. 1B).
This result suggests that the TNBC subtype has a predictive effect, with subtype 3 showing the better
prognosis.

TME cell expression and aberrant pathway activations

To verify the differential expression of the 22 immune cells in the different clusters, we used R package
ggplot2 to visually analysis the differences in the expression matrices. The box plot results showed that
the expression of memory B cells, naïve B cells, M0 macrophages, M1 macrophages, CD4 memory
activated T cells, and CD4 naïve T cells were signi�cantly higher in cluster A than in cluster B, and the
difference in expression was signi�cant (P < 0.05). In contrast, the expression of M2 macrophages and
resting mast cells were signi�cantly higher in cluster B than in cluster A. (P < 0.05) (Fig. 2A). In addition,
GSVA results showed that the following GSVA signatures were upregulated in Cluster A, including the B
cell receptor pathway and JAK-STAT pathway (P < 0.05). Tumors with poorly immune phenotype (Cluster
B) tended to have frequent alterations in the mTOR pathway (P < 0.05) (Fig. 2B). GSEA results also
support that the B cell receptor pathway and JAK-STAT pathway are activated in cluster A. However,
mTOR pathway was not signi�cantly enriched in cluster B (Fig. 2C).

Discussion
Compared to the other types of breast cancer, TNBC still lacks clear therapeutic targets. Therefore, �nding
valid and effective therapeutic targets for TNBC has been the focus of numerous and intense research. In
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this study, TNBC was subgrouped using unsupervised clustering method to explore the molecular
characteristics of the different immune-phenotypes in TNBC, to provide a reference for the realization and
development of an effective treatment strategy for TNBC.

Tumor immune in�ltration refers to the migration of immune cells from the blood to the tumor tissue,
which then begins to exert their function [13]. Attempts to determine the landscape of the immune
in�ltration cells using bioinformatics methods can provide valuable information on genotypes of genes
and cells with similar characteristics and functions. It has been widely used in a variety of tumors. Zeng
et al. [14] evaluated the tumor microenvironment in�ltration pattern of 1,524 gastric cancer patients, and
integrated patient clinical information to de�ne the tumor microenvironment (TME) phenotype of three
gastric cancers, providing a new strategy for targeted therapy in gastric cancer. In addition, Xiong et al.
[15] used unsupervised clustering to analyze the proportion of colorectal cancer immune cells and
identi�ed �ve tumor subgroups in colorectal cancer and the differences of �ve subgroups may be
important determinants for prognosis and response to treatment It was a breakthrough result in the
treatment of colorectal cancer. As for breast cancer, M2 macrophages, also named tumor-associated
macrophage (TAM) was an important part of immune in�ltrating cells in breast cancer tissues. Studies
have shown that it is involved in the process of breast tumor occurrence, growth, invasion and
metastasis, and high expression of TAM is usually associated with poor prognosis of TNBC patients [16,
17]. This conclusion is consistent with our analysis. We found that when compared with the cluster A, the
expression of M2 macrophages in cluster B subtype was signi�cantly increased, and patients with high
expression of M2 macrophages meant a shorter relapse-free survival time. The above conclusion
suggests that the TNBC subtype we tried to explore has potential clinical application value. After patients
enter the clinical diagnosis and treatment procedure, we use this classi�er to stratify the patient's risk
(Low-risk cluster A vs. High-risk cluster B). In consequence, according to the characteristics of cluster B
patients overexpressing M2 macrophages, M2 targeted therapy could be selected to treat this group of
patients, which might be a meaningful attempt to achieve precise medicine of TNBC patients.

Pathway analysis plays an important role in the study of tumor development. In this study, we used GSVA
and GSEA to perform pathway variation analysis on grouped samples to explore pathway variations that
may occur in the different subtypes of TNBC. GSVA results showed that the cluster A subtype is
signi�cantly enriched in the B cell receptor pathway and JAK-STAT pathway. GSEA enrichment results
also revealed this phenomenon. This means that the activation of both two pathways may be an
important factor to promote the occurrence and development of cluster A subtype, and are closely related
to the biological functions of proliferation, differentiation and apoptosis of breast cancer cells. As for
cluster B, it is often accompanied by variations in the mTOR pathway, which is closely related to tumor
development, by GSVA analysis. This result implies that in the cluster B subtype misalignment of the
mTOR pathway may lead to abnormal proliferation of breast cancer cells, which may affect the
prognosis of patients. Although, this result did not appear in the GSEA analysis, this above conclusion
had been supported by many other researchers. Zhang et al. [18] con�rmed that Aur-A and mTOR are
potential therapeutic targets in the TNBC subtype. Ueng et al. [19] evaluated the expression of p-mTOR in
172 TNBCs by immunohistochemistry and reported that in early stage TNBC patients, the overall and
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recurrence-free survival was signi�cantly worse in patients with p-mTOR expression compared to patients
without p-mTOR expression This conclusion suggests that a detailed mechanism of action of mTOR
pathway in TNBC will be a new breakthrough for immune-targeting therapy. Based on above �ndings, we
could infer that tumor immune in�ltration and aberrant pathway activations may be important factors
that lead to cluster A and cluster B, but this hypothesis needs further veri�cation.

Conclusion
Our study revealed the multi-faceted features of TNBC, from the perspective of immune in�ltration of the
tumor cells, by performing TNBC immune-phenotyping based on the tumor microenvironment and
provided a reference for further exploring the heterogeneity of TNBC.

Materials And Methods
Obtaining TNBC datasets and preprocessing

We downloaded the clinical information of 360 TNBC patients and the RNA-seq raw data, corresponding
to each primary tumor samples, from the sequence read archive database (SRA).The clinical information
includes age, relapse-free survival (RFS), and clinical stage.

Construction of immune cell expression matrix

To assess the relative proportion of the 22 types of in�ltrating immune cells, we used CIBERSORT
(http://cibersort.stan-ford.edu/), a deconvolution-based online tool [9]. This tool enables the use of gene
expression data to estimate the cellular composition of complex tissues and to quantify the abundance
of immune cells and other speci�c cell types. In addition, we also used the LM22 characteristic matrix to
calculate (after removing the low-abundance immune cells with a median ratio of less than 1%) and
perform subsequent analysis only on the remaining immune cells.

K-means clustering for TME-in�ltrating cells

K-means clustering is often used in datasets where the category attributes are unclear, and it is desirable
to be able to mine or automatically classify objects with similar characteristics through data mining [10].
In this study, to identify the heterogeneity of different individual patients, the patient's tissue
subpopulation was initially analyzed by K-means clustering, which was done using the R package
factoextra.

Pathway enrichment analysis

To understand the cause of the phenotypic differences from a bioinformatics perspective, we used the
gene set variation analysis (GSVA) and gene-set enrichment analysis (GSEA) [11, 12]. GSVA is a method
of enrichment of gene sets that estimates changes in pathway activity in different samples in an
unsupervised manner. Here, we estimated the difference in pathways between the cluster A and cluster B
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of TNBC. First, we obtained the reference gene set from the Broad Institute's MSigDB database
(software.broadinstitute.org/gsea/msigdb/), and then used the limma package to set the difference
standard as P < 0.05, the false discovery rate (FDR) was greater than 0.2 to screen the differential genes
[13]. Next, the GSVA package was used to carry out the differential pathway enrichment. Finally, GSEA
analysis by cluster Pro�ler R package was used to explore whether the aberrant pathway activations are
also consistent with GSVA results.

Statistical analysis

The immune in�ltration ratio was calculated using the online tool CIBERSORT. Patients with a P value of
< 0.05 were used for subsequent analysis. The Kaplan-Meier survival curves of the TNBC subtype and
recurrence-free survival data (RFS) were plotted using the "survival" function, and the differences between
the two subtypes of RFS were evaluated using log-rank test analysis. The Wilcoxon rank-sum test was
used to detect the expression of different clusters in the 22 immune cells. The GSVA package was used to
annotate the possible pathway differences between different clusters. All data were statistically analyzed
using R (version 3.6.1) software. P < 0.05 was considered statistically signi�cant, and all the statistical
tests performed were two-sided.

Abbreviations
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Estrogen receptor
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Progesterone receptor
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Human Epidermal Growth Factor Receptor 2
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IM
Immunomodulatory
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Mesenchymal stem-like
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Luminal androgen receptor
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Sequence read archive database
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Figures

Figure 1

Immune subtypes and prognosis analysis of TNBC. Figure. 1A. Optimal number of clusters, select the
most optimal number of clusters where the slope change is not obvious, and determine the best K=3 for
this batch of samples for the �rst time. Figure 1B. The recurrence-free survival curves of cluster A and
cluster B, blue for cluster A and yellow for cluster B . It can be seen from the graph that there is a
signi�cant difference in postoperative recurrence-free survival curves between the two groups
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Figure 2

TME cell expression and aberrant pathway activations between two clusters Figure 2. A. Box plot of
different immune cells expressed in different clusters, blue represents cluster A and red represents cluster
B. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. Figure 2B. Indicates the aberrant pathway
activations between cluster A and cluster B by GSVA; Blue and red represent cluster A and B cluster,
respectively. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, ns: no signi�cant Figure 2C. Explore the
signi�cantly aberrant pathway activations between cluster A and cluster B subtypes by GSEA; Dark green
represents B cell receptor signaling pathway (P = 0.0038), Chocolate4 represents JAK−STAT signaling
pathway(P = 0.0017).


