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Abstract
Background Prognostic evaluation of breast cancer is crucial in deciding the course of clinical treatment.
The levels of immune cells and stromal cells in tumor microenvironment provide a new approach to
evaluate the prognosis of breast cancer.

Method: We obtained mRNA gene expression pro�les of breast cancer patients from The Cancer Genome
Atlas (TCGA), evaluated immune and stromal scores in tumor microenvironment (TME) using the
ESTIMATE algorithm. We also constructed a protein-protein interaction (PPI) network, and performed
function enrichment analysis and prognostic analysis.

Results A total of 898 samples were divided into two groups corresponding to high and low score for both
stromal as well as immune scores. 247 differentially expressed genes were identi�ed, most of which were
associated with T cell activation, lymphocyte differentiation, and cytokine receptor activity. We �nally
found 10 hub genes. Among them, we were able to con�rm the following genes signi�cantly association
with prognosis: CCR5, CD2, CD3E, and CD5. Two important modules were isolated from the PPI network
and for further analysis.

Conclusion This study identi�ed a group of genes signi�cantly associated with the prognosis of breast
cancer, and their e�cacy still requires further clinical data validation.

Background
In recent years, therapies of breast cancer have evolved to include both clinical pathology as well as the
molecular features of tumor tissue to formulate a treatment regimen. These treatment regimens combine
chemotherapy, anti-hormones, and targeted drugs to induce tumor cell death [1]. These strategies rely on
intrinsic behavior of cancer cells. However, in the later stages of the treatment, many breast cancer
patients face a poor prognosis due to drug resistance, recurrence, and metastasis and heterogeneity of
the disease, all of which are considered as serious challenges to the treatment of breast cancer [2]. Along
with cancer cells, the TME also plays a role in driving tumor progression. This association has given rise
to the term, “the hallmarks of cancer” [3, 4]. Tumor develops in a complex tissue environment, and tumor
cells adapt to adverse conditions more rapidly than normal cells, leading to rapid progression of the
disease. Similarly, other cells and molecular "participants" in the environment also affect tumor cells [5].

Soluble factors, stromal cells, extracellular matrix, and the physical state of the TME can affect the
behavior of a solid tumor in a complex manner. Therefore, TME is now considered as a hallmark of
cancer [2]. Studies suggests that the cytokine TGFβ which is a soluble factor possesses tumor
suppressive properties in the normal physiological setting, but promotes growth, progression, and
invasion of the tumor during malignant progression [6]. Stromal cells include �broblasts, (pre-)
adipocytes, cells of the vascular system (endothelial cells), and immune cells [7]. Among the stromal
cells, cancer associated �broblasts excrete TGFβ via autocrine and paracrine secretion, thus giving rise to
a tumor-promoting microenvironment [8]. In addition to that, a variety of tumor-associated leukocytes and
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stromal cells are also associated with tumor angiogenesis. Numerous tumor-associated immune cells
can help tumors to escape immunosurveillance and facilitate maintenance of an immunosuppressive
environment [5]. Taken together, the interactions between TME and tumor cells can represent the evasion
of key immune factors, physiological tolerance, and local and systemic in�ltration of malignant cells.

Studies have shown that immune or stromal "signatures" of breast cancer could be associated with
clinical features of the disease [9, 10], and high levels of immune cell in�ltration are associated with
better prognosis  [11]. Therefore, we hypothesize that the immune and stromal components in the TME
may in�uence speci�c subtypes of breast cancer and patients’ outcomes, but we are not certain about the
extent of their in�uence. At the same time, under the in�uence of environment and self-injury factors, the
stable expression of cell genome plays an important role in controlling the occurrence and development
of a tumor. A study has shown that the mRNA expression pro�les in breast cancer patients contain both
ESR1 and EGFR2 using prognostic and predictive tests on hormones and chemotherapy agents [12].
These �ndings prompted us to study the mRNA expression levels for predicting the prognosis in breast
cancer patients.

The “ESTIMATE” algorithm has been designed and developed based on the global gene expression
pro�les in the TCGA database [13]. According to the gene expression characteristics of immune cells and
stromal cells in TME, the algorithm calculates the corresponding score to estimate the level of immune
cells and stromal cells in tumor tissue, and predicts the immune in�ltration of non-tumor cells. This
information can then be used to understand disease progression and to identify the patients which would
bene�t from current treatment. Subsequent studies have also shown the effectiveness of this algorithm
[14, 15]. Therefore, we designed a procedure for transcriptome gene analysis to identify the prognostic
genes of breast cancer, which can help in selecting a clinical treatment that is best suited for a patient.

Methods
2.1 Data collection

We obtained the mRNA-seq data of breast cancer patients from TCGA database through the Genomic
Data Commons database (GDC, https://portal.gdc.cancer.gov/. Clinical information such as TNM stages,
pathological stage, and survival status was also collected. Samples containing two or more tumor
tissues and incomplete clinical data were excluded.

2.2 Correlation and survival analysis

The ESTIMATE algorithm was used to calculate the immune and stromal scores of 898 breast cancer
patients. Based on those scores, we separately analyzed T, N, M, stages as well as different pathological
stages of the samples. Additionally, we used the “survival” R package to assess the correlation between
immune scores, stromal scores, and overall survival.

2.3 Differential expression analysis
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Patients with breast cancer were grouped into high immune/stromal and low immune/stromal groups
according to the median values obtained for the above scores. In the next step, differentially expressed
genes (DEGs) from high and low score groups were identi�ed using the “Limma” R package. In
accordance with the previously published studies , adjusted p values were used in the false discovery rate
(FDR) to obtain accurate results [16]. The screening criteria were set as FDR < 0.05 and |logFC (fold
change)| > 1. The “PHEATMAP” R package was used to draw a heat map to indicate the signi�cant
differences observed in the two groups.

2.4 Functional enrichment analysis

Functional enrichment analysis of DEGs was performed using the R package “Cluster Pro�ler” to identify
the Gene Ontology(GO) categories; including biological processes (BP), molecular functions (MF), and
cellular components (CC). This package can also be utilized to carry out pathway enrichment analysis
using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database, with p<0.05 considered as
statistically signi�cant.

2.5 Construction of protein-protein interaction network

In order to understand the potential relationship between DEGs, we obtained the protein-protein
interactions (reliability > 0.7) from the STRING (https://string-db.org/) database, and also extracted the
relevant PPI network data. The concrete default parameters to identify densely connected modules in the
PPI network were set as “Degree Cutoff = 2”, “Node Score Cutoff = 0.2”, “K-Core = 2”, and “Max. Depth =
100” in the Molecular Complex Detection (MCODE) plugin of Cytoscape. The cytoHubba plugin in
Cytoscape software was used to obtain the top 10 hub genes using degree ranking.

2.6 Survival analysis

We used the survival package in R to analyze the relationship between expression of the hub genes and
overall survival rates of breast cancer patients with the help of the logrank test. p<0.05 was considered to
be statistically signi�cant.

Results
3.1 Relationship between T, N, M stages (or pathological stages) and immune, stromal, and ESTIMATE
scores

The primary pathologic and clinical data of 898 cases with breast cancer were obtained from the TCGA
database after exclusion of samples with non-conforming tumor tissue and incomplete clinical data. We
used the ESTIMATE algorithm to estimate the range of immune score (-1284.33 to 3659.11), the range of
stromal score –(2068.96 to 2098.24), and the range of estimation score –(2926.51 to 5331.17) (Table 1).
Additionally, the immune score remained unchanged in T and M stage or pathological stage, while the
stromal score showed a decrease with the increase in T stage and pathological stage, and no correlation
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was seen with the M stage. Besides a decrease in the ESTIMATE score as T stage progressed, there was
no other correlation with changes in M stage and pathological stage (Figure 1).

Table 1 Immune scores, stromal scores, and clinical data of patients with breast cancer.

Characteristic n Stromal score

(range)

Immune score

(range)

Age      

≤60 510 -2068.96 to 2056.97 -1284.33 to 3113.22

60 388 -1784.53 to 2098.24 -1070.49 to 3659.11

Stage      

I 158 -1784.53 to 2098.24 -1070.49 to 3070.83

II 524 -2068.96 to 2094.93 -1284.33 to 3659.11

III 199 -1522.73 to 1931.95 -762.70 to 3113.22

IV 17 -783.05 to 1627.01 -734.57 to 2490.13

T stage      

T1 233 -1784.53 to 2098.24 -1070.49 to 3070.83

T2 531 -2068.96 to 2094.93 -1284.33 to 3659.11

T3 102 -1185.72 to 1702.80 -734.57 to 3113.22

T4 32 -1522.73 to 1299.00 -553.68 to 2059.34

N stage      

N0 445 -2068.96 to 2098.24 -1284.33 to 3659.11

N1 296 -1267.08 to 2056.97 -1128.40 to 3113.22

N2 103 -1142.45 to 1931.95 -762.70 to 2798.21

N3 54 -1055.12 to 1563.09 -734.57 to 2407.86

M stage      

M0 881 -2068.96 to 2098.24 -1284.33 to 3659.11

M1 17 -783.05 to 1627.01 -734.57 to 2490.13

3.2 Higher immune score is associated with better prognosis

In order to explore the potential correlation between the differences in immune, stromal, and ESTIMATE
scores and the prognosis of breast cancer patients, and Previous studies have suggested that overall
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survival and immune score have statistical signi�cance [11]. The samples were then divided into two
groups according to their immune scores as high immune score group and low immune score group.
According to the Kaplan-Meier survival curve, higher immune score predicts better prognosis for breast
cancer patients (Figure 2a, p= 0.018). In contrast, there was no correlation between stromal (Figure 2b, p=
0.379) and ESTIMATE score (Figure 2c, p= 0.281) and the overall survival of breast cancer patients.

3.3 Identi�cation of differentially expressed genes

Figure 3a shows the heat map of 888 DEGs in the high and low immune score groups. A total of 790
genes were up-regulated and 98 genes were down-regulated in the high score group when compared with
those seen in the low score group. Figure 3b shows the heat map of 797 DEGs in the high and low
stromal score groups, including 675 up-regulated and 122 down-regulated genes. Venn diagrams showed
that 247 genes were common in both the groups, including 221 up-regulated (Figure 3c) and 26 down-
regulated (Figure 3d) genes in the immune and stromal group.

3.4 Enrichment analysis of common genes

GO analyses and KEGG pathways were used to analyze the biological functions of 247 common genes.
Most of these genes were associated with several biological processes related to T cell activation. The
molecular function process analysis revealed their signi�cant correlation with the cytokine receptor
activity. Data from the cellular components process analysis revealed that most of the target genes were
localized to the external region of plasma membrane (Figure 4a). Moreover, the KEGG pathways revealed
that these genes were enriched for cytokine-cytokine receptor interaction (Figure 4b).

3.5 Protein-protein interaction (PPI) analysis of common genes

We constructed a protein-protein interaction (PPI) network using the STRING database. Screening was
carried out with the minimum required interaction score of 0.700 presents interconnections systemly.
Cytoscape software was used for visualizing the data (Figure 5a). PTPRC, IL6, CCR5, CD2, CD28, CCR2,
CD5, CD3E, CXCR3, and CSF1R were found as the top 10 hub genes in the network by CytoHubba
plugin. MCODE was used to identify 135 genes and 9 function modules from the PPI network. We chose
the top two modules for further analysis. The major module was called module a (Figure 5b), which
included 12 nodes and 66 edges and all the nodes had the same node degree. PTPRC, CD2, and CD28
were connected more effectively in another module, called module b (Figure 5c). Moreover, we also
analyzed the biological processes, cellular components, and molecular functional processes associated
with the genes in module a. The results showed that these genes were enriched in the cell chemotaxis
pathway, external region of plasma membrane, and C-C chemokine receptor activity (Supplementary
Figure 1a). The genes in module b are mainly enriched in the biological process of T cell and lymphocyte
differentiation and T cell activation (Supplementary Figure 1b).

3.6 Survival analysis of hub genes
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Further survival analysis of the hub genes was essential to predict the prognosis of breast cancer
patients in clinically. The Kaplan-Meier survival curves were constructed for the hub genes. CCR5, CD2,
CD3E and CD5 displayed a signi�cant correlation with the prognosis of patients (p<0.05 was considered
as statistically signi�cant). The survival curves are shown in �gure 6.

Discussion
Past years have witnessed numerous advances in the "precision" medicine for breast cancer treatment.
Advances in sequencing technology have made it possible to analyze genetic maps to provide effective
predictions for clinical practice. In our current study, we analyzed gene expression pro�les of mRNA
transcriptome in breast cancer patients to screen for prognostic genes. Previous studies have shown that
immune or stromal cell levels in breast cancer are associated with certain clinical features [9, 10]. We
used ESTIMATE algorithm to calculate the effect of immune and stromal scores on clinical features of
the disease. The results revealed that there was no signi�cant correlation between the immune scores
and tumor stages and grades, whereas stromal scores were associated with a speci�c tumor stage and
pathological stage. In addition to that, other studies have suggested that high levels of immune cell
in�ltration are associated with a better survival rate [11]. Our results from the survival analysis on the
immune score are in agreement with these observations, and also indicate that stromal score is not
associated with survival rate of the patients. However, we were unable to determine the association
between immune-speci�c and stromal-speci�c genes and prognosis of breast cancer.

We also explored the predictive value of immune and stromal cells. A total of 247 common genes were
identi�ed by comparing the DEGs between the high and low immune score groups and the high and low
stromal score groups, revealing 221 up-regulated and 26 down-regulated genes. We found that these
common genes were involved in T cell activation and lymphocyte differentiation occurring within the
TME. The molecular functional processes of these genes were primarily associated with cytokine receptor
activity. T cell activation fractions are positively correlated with overall survival of breast cancer patients
[17], and studies have also demonstrated the use of chimeric cytokines that can enhance the proliferation
and activation of tumor-speci�c T cells exclusively in TME, resulting in excellent antitumor activity [18].
The metabolic pathway analysis suggested that target genes were enriched in the cytokine-cytokine
receptor interaction pathway. Recent studies  suggest that unique metabolic changes affect T cell
activation and differentiation, and the effect of TME on T cell metabolic reprogramming may provide
excellent anticancer strategies to enhance T cell immunity [19]. Further research is required on how to
support the clinically. These processes may provide theoretical basis for understanding the role of
immune and stromal cells in TME.

We used the high conservation of hub genes for prognostic analysis. CCR5, CD2, CD5, and CD3E were
identi�ed as the genes associated with overall survival. Studies have shown thatCCR5 targeting could be
an effective strategy against metastasis of breast cancer into bones. Blocking CCR5 inhibits the
proliferation, colony formation, and migration of metastatic breast cancer cells, and also induces G1 cell
cycle arrest and apoptosis [20]. However, in our survival curve, the survival rate of patients with high CCR5
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expression increased signi�cantly during the 10-year survival period, and decreased thereafter. Studies
have shown that intraosseous injection of the 4T1.3 clone causes smaller tumors in mice lacking CCR5
or receiving the CCR5 antagonist, when compared with those seen in the wild-type mice [21].
Reintroducing CCR5 expression into CCR5-negative breast cancer cells can promote tumor metastasis
and induces the expression and activity of DNA repair genes that are selectively expressed in cancerous
cells [22]. These studies may provide explanation for the decline in survival rates. CD2 is also
signi�cantly associated with distant metastasis-free survival in HR-/HER2+ breast cancer [23], suggesting
that CD2 could be a valuable target gene for developing breast cancer treatments. Interestingly,
experiments have shown that both the extracellular domain and the cytoplasmic domain of CD2 interact
with CD5, suggesting a speci�c and close association between the two molecules, which might be related
to the �ne tuning of the lymphocyte signaling [24]. CD5(+) B cells are widely believed to be related to the
poor survival rate seen in diffuse large B-cell tumors and play a key role in promoting tumor growth [25,
26]. But, a study about enhanced antitumor immunity in CD5 knockout mice states that CD5 enhances
TCR signaling (ERK activation) and  markers of T cell activation [27]. There is a need to study the
potential role of the functional blockade of CD5 in increasing the antitumor activity of tumor-speci�c T
cells. CD3E, which is associated with tumor degradation, is also involved in immune response or
lymphocyte activation in locally advanced breast cancer [28]. All of these observations con�rm the
predictive value of the four prognostic genes.

We constructed a PPI network to understand the interactions and functions of the common genes. We
also identi�ed two crucial gene modules, which  showed enrichment for the “immune/ in�ammatory
response”,“cell chemotaxis”, and “chemokine receptor activity”. Chemotaxis is the directional movement
of cells toward a chemical stimulation. It is important in immune response, tumor metastasis, and other
physiological processes [29]. CCR2, CCR5, CXCR3, PTPRC, CD2, and CD28 were the key nodes in modules
a and b. PTPRC, CD28, CCR2, and CXCR3 affect the prognosis of multiple cancers such as papillary
thyroid carcinoma [30], pancreatic cancer [31], non-Hodgkin lymphoma [31], ovarian cancer [32], and
breast cancer [33, 34] through different immune mechanisms. It is worth noting that down-regulation of
CD28 is a hallmark of aging T cells [35], which indicates that the immune functions in the TME could be
weakened. A study has also shown that aging is a high risk factor for the occurrence and poor prognosis
of breast cancer [36], and changes in the TME due to aging may reduce the effectiveness of
immunotherapy [35]. We are not certain as to whether aging can affect the prognostic factors in our
study.

The breast cancer microenvironment needs more comprehensive scienti�c assessment and research.
Fortunately, the high-throughput sequencing data available in the databases were an excellent set of
resources for our study. However, our study has some drawbacks. In order to reduce the error rate of the
algorithm, we plan to test its validity in clinical experiments. In addition to that, we believe that combining
transcriptome genes from this study with epigenetic mechanisms and proteomics can improve the
accuracy of the screening evaluation.
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Conclusion
Our study identi�ed a group of prognostic genes from the breast cancer microenvironment using
ESTIMATE algorithm. We also constructed a relevant PPI network and performed survival analysis.
Further studies are required to understand the physiological mechanism of these prognostic genes. We
hope that our results can provide a novel perspective for the intervention of breast cancer.
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Figure 1

The relationship between immune, stromal, and ESTIMATE scores and T stage, M stage, and tumor stage.
Distribution of immune scores plotted against T stage (a), M stage (d), and pathological stage (g).
Distribution of stromal scores plotted against T stage (b), M stage (e), and pathological stage (h).
Distribution of ESTIMATE scores plotted against T stage (c), M stage (f), and pathological stage (i).
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Figure 2

Association of immune, stromal, and ESTIMATE scores with overall survival. (a) Elevated immune scores
were associated with a better prognosis. Stromal scores(b) and ESTIMATE scores(c) were not associated
with overall survival.
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Figure 3

Comparison of the gene expression pro�le with immune and stromal scores. (a) Based on immune score
comparisons, 790 genes upregulated and 98 genes downregulated were in the high score group when
compared with those seen in the low score group. (b) Based on stromal score comparisons, 675 genes
upregulated and 122 genes downregulated were in the high score group when compared with those seen
in the low score group. (c) A total of 221 genes were upregulated in both immune and stromal score
groups. (d) A total of 26 genes were downregulated in both immune and stromal score groups.
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Figure 4

GO(a) and KEGG(b) analysis of the 247 common genes.
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Figure 5

PPI network and two clustering module. (a) The PPI network of 135 DEGs. (b) Module of the highest
MCODE scores (MCODE score = 10.154). (c) Module of the second MCODE scores (MCODE score = 5.4).
The node color deepens as the number of interacting proteins increases.
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Figure 6

Four hub genes signi�cantly associated with prognosis of BRCA patients: (a) CCR5, (b) CD2, (c) CD3E
and, (d) CD5.
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