
© Gland Surgery. All rights reserved.   Gland Surg 2021;10(2):780-798 | http://dx.doi.org/10.21037/gs-20-922

Introduction

Breast cancer is the most common type of carcinoma 
among females, a female that living in the United States 
with a 12.3% risk of suffering from breast cancer (1). With 

advances in diagnostic and therapeutic methods, the life 

expectancy of breast cancer patients can be increased. 

A proportion of breast carcinoma patients experience 

recurrence or progression of disease even after secretion, 
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radiotherapy or chemotherapy treatment. Breast cancer 
remains the main cause of cancer-related deaths (2). 
Therefore, it is imperative to elucidate the underlying 
mechanisms of breast cancer progression, recurrence, and 
resistance.

To date, numerous reports have demonstrated that the 
tumor microenvironment and immune cell infiltrates play 
key roles in tumorigenesis and the development of breast 
carcinoma, and the tumor microenvironment not only 
contains the cancerous cells but also contains noncancer 
cells such as stromal and immune cells that may serve as 
important regulators for multiple cancer types (3-5). The 
different components of the tumor microenvironment may 
lead to different clinical outcomes for the cancer patient (6). 
In breast cancer patients, the immune system may have a 
dual role in disease progression and immune surveillance. 
With improved understanding of the association between 
the immune system and cancer biology, researchers have 
become increasingly aware of the importance of patient 
immunity in breast malignancies. Indeed, previous studies 
have detected the presence of significant immune-related 
genes in breast cancer patients (7). 

Various immune cell types may have different functions 
in breast cancer. Tumor-associated neutrophils have been 
shown to act as immunosuppressors in breast cancer 
mouse models (8). Tumor-associated macrophages 
(TAMs) can be divided into M1 and M2 macrophages 
based on the biological processes (BP) involved. While 
M1 macrophages have been shown to have an anticancer  
role (9), M2 macrophages appear to promoting cancer 
growth and metastasis (10). Other immune cells such as 
tumor-infiltrating lymphocytes also play a key role in breast 
cancer (11). Several immune-related genes may affect tumor 
progression via regulating immune cell infiltrates into 
the tumor microenvironment. NanoString Immunology 
Gene Expression Panel revealed that tumor necrosis factor 
receptor-associated factor 1 (TRAF1), nuclear factor kappa 
B subunit 1 (NFKB1), and chemokine ligand 13 (CXCL13) 
were significantly related to tumor infiltrating lymphocyte 
levels and were good independent prognostic biomarkers 
for triple-negative breast cancer (12). Moreover, studies 
have shown a correlation between the expression of immune 
genes and response to trastuzumab therapy in human 
epidermal growth factor receptor 2 positive (HER2+) breast 
cancer patients (12). 

This study investigated the significant immune-related 
genes for breast cancer. The study involved a discovery 

phase and two validation phases. In the discovery phase, the 
immune-related genes that showed a significant relationship 
with the prognosis of breast cancer were screened via 
bioinformatics analysis. In the first validation phase, the 
genes identified to be correlated with good prognosis 
were further evaluated using The Cancer Genome Atlas 
(TCGA) and a cohort based on a tissue chip. Compared to 
Wang et al. study (13), we not only assessed the immune 
protein CD52 in terms of its expression levels, effects on 
immune cell infiltrates, prognostic value, relationship with 
key immune-related genes, but also explored effects on the 
clinical status of the breast carcinoma such as the tumor 
type, lymph node, and metastasis in the second validation 
phase. To date, the CD52 is known as a cell surface 
glycoprotein that is a unknown function, it expresses in 
various immune cells such as lymphocytes, natural killer 
(NK) cells, monocytes, macrophages, and so on (14,15). 
The CD52 regularly was detectable in hematological 
malignancies such as T peripheral cell lymphoma (PTCL), 
cutaneous T cell lymphoma, and T cell prolymphocytic 
leukemia (16-20). However, the role of CD52 in solid 
tumor such as BRCA still unclear. 

We present the following article in accordance with the 
REMARK reporting checklist (available at http://dx.doi.
org/10.21037/gs-20-922).

Methods 

Statistical analysis

The  immune- s t roma l  component  in  the  tumor 
microenvironment (TME) was investigated using the R 
package ‘ESTIMATE’ (https://www.r-project.org/); The 
Kaplan-Meier method was used to perform the survival 
curves, and log-rank P<0.05 was considered statistically 
significant. The differential genes with a log fold change 
|logFC| >1 and false discovery rate FDR <0.05 were 
deemed as significant; The cluterProfiler packages and 
enrichplot packages were using the hypergeometric 
distribution to calculate each term of GO’s or KEGG’s 
P value and q-value. A P value and q-value less than 0.05 
were considered as significant enrichment functions; The 
PPI network of differential genes is constructed through 
STRING website, and we selected the interacting proteins 
with a confidence score more than 0.7; The R package 
CIBERSORT was used to estimate the tumor infiltrating 
immune cells. P value <0.05 was seem as the significant 
difference.

http://dx.doi.org/10.21037/gs-20-922
http://dx.doi.org/10.21037/gs-20-922
https://www.r-project.org/
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Extraction of raw data

The mRNA-seq data and clinical information of 1,109 
breast cancer patients and 113 healthy subjects were collated 
from the TCGA public database (https://portal.gdc.cancer.
gov/). 

Analyzing the immune, stromal, and estimate scores

The  immune- s t roma l  component  in  the  tumor 
microenvironment (TME) was investigated using the 
package in the R language version 4.0.3 (https://www.
r-project.org/). The results of this analysis showed three 
types of scores that included an immune score, stromal 
score, and an estimate score. The higher the respective 
score, the larger the proportion of the corresponding 
component in the TME.

Survival analysis

For survival analysis, the R language loaded with the 
survival and survminer package was used. Furthermore, 
the univariate Cox regression analyses and the Kaplan-
Meier method were applied to assess the prognostic role of 
differentially expressed genes (DEGs). The Kaplan-Meier 
method was used to perform the survival curves, and log-
rank P<0.05 was considered statistically significant.

Screening of the DEGs based on immune and stromal 
scores

The tumor samples were divided into two groups (high 
or low score groups) based on the median values of the 
immune and stromal scores. The gene differentiation 
analysis was conducted via Package “limma” and the DEGs 
were selected through comparison between the high and 
low score groups. The differential genes with a log fold 
change |logFC| >1 and false discovery rate FDR <0.05 
were deemed as significant.

Enrichment function analysis

The potential biological functions and pathways of the 
DEGs in breast cancer were explored using the R language 
with the aid of the clusterProfiler, enrichplot, and ggplot2 
packages. The cluterProfiler packages and enrichplot 
packages were using the hypergeometric distribution to 

calculate each term of GO’s or KEGG’s P value and q-value. 
A P value and q-value less than 0.05 were considered as 
significant enrichment functions. 

Construction of heatmaps

The R language with the pheatmap package was used to 
construct the heatmaps of the DEGs.

Analysis of the association between clinical characteristics 
and the immune-stromal scores

The clinical features data of the breast cancer patients 
were collated from the TCGA. Only 909 breast cancer 
cases showed detailed clinical characteristics. The analysis 
of the relationship between clinical characteristics and 
immune-stromal scores was conducted using R language. 
Wilcoxon rank sum or Kruskal-Wallis rank sum test was 
used to determine significance, and P<0.05 was considered 
statistically significant. 

Construction of the protein-protein interaction (PPI) 
network

The PPI network of differential genes is constructed 
through string website, and the top 30 genes of degree are 
calculated by cytoHubba plug-in in Cytoscape software.

Tumor-infiltrating immune cell (TIC) profile

The CIBERSORT deconvolution algorithm was a method 
for characterizing cell composition of complex tissues 
from their gene expression profiles to estimate the relative 
abundance of 22 immune cells types. There were 845 cancer 
samples with P value <0.05 and these were applied to the 
final analysis. 

Ethical Statement

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

The process of analysis of this study

All of these methods that workflow diagram of present 
study showing Figure 1.

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.r-project.org/
https://www.r-project.org/
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Results

The relationship between immune and stromal scores, and 
clinical features

The immune scores ,  s tomal  scores ,  and c l in ica l 
characteristics from breast cancer patients were extracted 
from the TCGA cohort (Table 1). The breast cancer patients 
were divided into two groups (high and low score groups) 
based on the median levels of the immune and stromal 
scores (Table 2). The relationship between immune and 
stromal scores, and breast cancer prognosis based on the 
TCGA cohort was investigated. The results demonstrated 
that Estimatescore did not have significantly influence on 
prognosis (Figure 2A, P=0.426), higher immune scores 
were correlated with better prognosis (Figure 2B, P=0.011). 
However, stromal scores did not have a significant role in 
the prognosis of breast cancer patients (Figure 2C, P=0.666). 
We also investigated the relationship between clinical 

features and immune and stromal scores. The results 
showed that age did not significantly influence immune 
scores. Patients with T1 stage cancer showed higher 
immune scores compared to patients with T2 (P=0.047) and 
T4 (P=0.011) stage cancers. Higher immune scores were 
detected in early stages of breast cancer, but there were no 
significant differences between early stage and advance stage 
cancer. The stromal scores were not significantly affected 
by age. Higher stromal scores were observed in early stage 
cancer and T1 staging showed the highest stromal scores. 
Stromal scores for T1 stage patients were significantly 
higher than that observed in T2 (P=0.0015), T3 (P=0.04), 
and T4 (P=0.016) patients. However, the stromal scores 
in lymph node metastasis were inconsistent with primary 
tumor size, distant metastasis, and the stages of breast 
cancer. The relationship between stromal scores and lymph 
node metastasis showed that compared to N0 and N1, N2 
and N3 had higher stromal scores. There were significant 

Figure 1 Workflow diagram showing the process of analysis in this study. TCGA, The Cancer Genome Atlas; BRCA, breast cancer; DEGs, 
differentially expressed genes; PPI, protein-protein interaction. 
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differences between N3 and N1 (P=0.01), and N3 and 
N0 (P=0.0079). Stage I demonstrated significantly higher 
stromal scores compared to stage II (P=0.009), and stage III 
had a significantly higher stromal score compared to stage 
II (P=0.0096) (Figure 3).

Screening the differentially expressed genes (DEGs) 
associated with immune scores and stromal scores in breast 
cancer

The TCGA cohort patients were divided into two groups 
consisting of high and low immune and stromal scores. 
The gene expression profiles between the high and low 
groups were examined. A total of 1,252 upregulated genes 
and 185 downregulated genes were identified based on 

the immune scores (high vs. low) (Figure 4). Based on the 
stromal scores (high vs. low), 1,079 upregulated genes and 
204 downregulated genes were identified (Figure 4). A Venn 
analysis diagram was constructed to select the genes that 
were significantly related to stromal and immune cells. 
A total of 442 upregulated genes and 46 downregulated 
genes were found in the intersection (Figure 5). Herein, 
these genes were further analyzed for their function and 
prognostic role in breast cancer.

Enrichment functions of the DEGs in the Venn diagram 
intersection

The potential functions of the DEGs identified in the Venn 
diagram were further investigated using Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway enrichment analyses. The enrichment 
functions analyses revealed the top five BP including 
adaptive immune response based on somatic recombination 
of immune receptors built  from immunoglobulin 
superfamily domains, lymphocyte mediated immunity, 
immunoglobulin mediated immune response, immune 
response-activating signal transduction, and immune 
response-activating cell surface receptor signaling pathway. 
The top five cellular components (CC) included plasma 
membrane signaling receptor complex, immunoglobulin 
complex, circulating external side of plasma membrane, 
blood microparticle, and immunoglobulin complex. The 
molecular functions (MF) identified included antigen 
binding, immunoglobulin receptor binding, immune 
receptor activity, cytokine receptor activity, and major 
histocompatibility complex (MHC) protein binding  
(Figure 6). The KEGG pathway analysis revealed that the 
DEGs function as the part of the viral protein interaction 
with cytokine-cytokine receptors, hematopoietic cell 
lineage, malaria, interaction between cytokines and cytokine 
receptors, and cell adhesion molecules (Figure 7). All these 
results suggested that the screened DEGs have essential 
roles in the immune system.

Construction of the PPI network for the screened DEGs

To investigate the relationship between the screened top 30 
DEGs, the PPI network was constructed (Figure 8). 

The prognostic role of the DEGs in breast carcinoma

The top 30 genes which interacted with the DEGs and 

Table 1 Patient clinical characteristics from TCGA database 
(n=909) 

Characteristic No. of patients

Age, years

≤45 161

>45 748

Stage

I 159

II 532

III 201

IV 17

T

T1 235

T2 539

T3 102

T4 33

N

N0 450

N1 201

N2 103

N3 55

M

M0 892

M1 17

TCGA, The Cancer Genome Atlas.
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Figure 2 The association of immune, stromal, and estimate scores with prognosis in breast cancer patients. (A) Estimate scores. (B) Immune 
scores. High immune scores indicated good prognosis (C) Stromal scores.

Table 2 Association between Immune and Stromal scores and clinical features 

Variables Total
Immune scores

P
Stromal scores

P
High Low High Low

Age, years 0.874 0.987

≤45 161 79 82 81 80

>45 748 375 373 373 375

Stage 0.180 0.165

I 159 79 80 89 70

II 532 269 263 250 282

III 201 102 99 107 94

IV 17 4 13 8 9

T 0.068 0.017

T1 235 120 115 137 98

T2 539 272 267 259 280

T3 102 53 49 45 57

T4 33 9 24 13 20

N 0.508 0.129

N0 450 230 220 217 233

N1 201 140 161 145 156

N2 103 55 48 62 41

N3 55 29 26 30 25

M 0.050 1.000

M0 892 450 442 446 446

M1 17 4 13 8 9
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Figure 3 The relationship between clinical features and immune, stromal, and estimate scores. (A,B,C,D,E) Estimate scores. (F,G,H,I,J) 
Immune scores. (K,L,M,N,O) Stromal scores.
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Figure 4 The heatmap of top 50 DEGs (down and up regulated) identified from stromal and immune scores. A heatmap of the top 50 
differentially expressed genes identified from stromal scores (A) and immune scores (B) (high vs. low) FDR <0.05; fold change >1. Red 
represents up-regulated genes, blue represents down-regulated genes. DEGs, differentially expressed genes. 
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Figure 5 The intersections of down-regulated and up-regulated genes of immune DEGs and stromal DEGs. The intersections of the down-
regulated (A) and up-regulated genes (B) identified from the immune and stromal scores. DEGs, differentially expressed genes.

included CD52 (Figure 9A). Univariate Cox regression 
analyses were conducted to explore the prognostic value 
of the selected DEGs. The results showed that 5 genes 
predicted favorable or adverse prognosis for breast cancer 
(P<0.05, Figure 9B). Venn analysis was used to further 
screen the top 30 interacting genes that significantly 
affected prognosis (Figure 9C) and CD52 was detected in 
the intersection. This further confirmed that CD52 may 
have an essential role in the prognosis and immune response 
in breast cancer patients.

The expression and prognostic value of CD52 in breast 
cancer 

The transcriptional levels of CD52 in breast cancer patients 
and healthy patients were investigated using the TCGA 
cohort. Tumor samples showed significant overexpression 
of CD52 (P=0.033) compared to healthy samples  
(Figure 9D,E ) .  Univariate analysis  indicated that 
overexpression of CD52 may be an effective favorable 
biomarker for breast cancer patients (Figure 9F). The 
relationship between CD52 expression levels and cancer 
stages showed in Table 3. Further, The subgroup analysis of 
CD52 expression levels based on age and the status of the 
malignancy revealed that the early stages of disease were 
associated with higher CD52 expression levels compared to 
advanced stages (Figure 9G,H,I,J,K). These results indicated 
that CD52 expression level may predict the stages of breast 
malignancies.

Analysis of the immune infiltrates in breast cancer patients

The levels of immune infiltrates and the relationship 
between different cellular immune infiltrates were examined 
using the TCGA breast cancer cohort (Figure 10A,B). The 
results demonstrated that M0 macrophages may be the 
most important negative regulator for resting dendritic 
cells, M1 macrophages, activated memory CD4 T cells, 
resting memory CD4 T cells, CD8 T cells, monocytes, 
naïve B cells, eosinophils, resting mast cells, and plasma 
cells. However, CD8 T cells may be a positive regulator for 
memory B cells, resting dendritic cells, M1macrophages, 
activated memory CD4 T cells, resting memory CD4 T 
cells, and monocytes. Further, the breast cancer patients 
were divided into two group based on the mean CD52 
expression. The relationship between CD52 expression 
levels and immune infiltrates was explored. Overexpression 
of CD52 led to higher numbers of M1 macrophages, 
monocytes, follicular helper T cells, and resting memory 
CD4 T cells. Downregulation of CD52 resulted in 
increased numbers of M2 macrophages, resting mast cells 
and plasma cells, and M0 macrophages. The association 
between CD52 and the different immune cell infiltrates is 
shown in Figure 11. Finally, the prognostic role of different 
immune infiltrates in breast cancer was investigated. The 
data showed that higher numbers of M2 macrophages led 
to poor prognosis (P<0.001), but the levels of the other 
immune cell infiltrates did not have a significant influence 
on breast cancer prognosis (Figure 12). 
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Figure 6 The top 10 enrichment functions of the differentially expressed genes localized in the Venn diagram intersections. (A) The bubble 
diagram of enrichment functions’ results. (B) The circus diagram of enrichment functions’ results. Red and blue dots represent q-value, the 
radius size of dots represent the genes count. GO, Gene Ontology. 
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Figure 7 The KEGG pathways of the differentially expressed genes localized in the Venn diagram intersections. (A) The bubble diagram 
of KEGG pathways analysis’ results. (B) The circus diagram of KEGG pathways analysis’ results. Red and blue dots represent q-value, the 
radius size of dots represent the genes count. KEGG, Kyoto Encyclopedia of Genes and Genomes. 
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Discussion

This study included a discovery phase and three validation 
phases. In the discovery phase, CD52 was identified as a 
significant immune-related gene. In the validation phases, 
high levels of CD52 expression were related to different 
stages of breast malignancy, and the levels of CD52 
expression may have positive or negative correlations 
with different immune cell infiltrates. Furthermore, high 
expression of CD52 may function as an effective favorable 
biomarker for breast cancer patients.

CD52 is one of most abundant membrane glycoproteins 
and is expressed on the surface of normal or malignant 
lymphocytes, monocytes, and macrophages. It is also 
expressed on epithelial cells and in the male reproductive 
tract (21). For lymphocytes, there are approximately 
450,000 molecules covering about 5% of the cell surface. 
Considering this, CD52 may be an excellent therapeutic 

target for several cancer types. CD52 is usually observed 
in hematological malignancies. A study by Ginaldi et al. 
revealed that the differential expression of CD52 was 
detected in different populations of lymphoid leukemias, 
and the levels of expression may be used as a biomarker for 
responsiveness to therapy (22). Alemtuzumab, a monoclonal 
antibody that targets CD52, has been used in the clinical 
treatment of chronic lymphocytic leukemia (CLL) (23). 
The anti-cancer mechanisms of alemtuzumab in CLL are 
mediated by caspase-independent apoptosis (24). For CLL, 
resistance to fludarabine and rituximab has been associated 
with downregulation of CD20 and upregulation of  
CD52 (25), suggesting that the levels of CD52 expression 
may be associated with drug sensitivity. Alemtuzumab is 
also used for the treatment of peripheral T-cell lymphoma 
(PTCL) (26). All these reports demonstrate the essential 
role of CD52 in tumorigenesis, disease progression, and 

Figure 8 The protein-protein network of the top 30 genes in the number of linked nodes. The redder color represent more linked nodes.
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Figure 9 Analysis of expression and prognostic role of CD52 in breast cancer. (A) The top 30 interacting genes as identified by protein-
protein interaction analysis. (B) A forest plot of the single-factor Cox regression prognostic analysis of the differential genes. (C) The 
intersections of the top 30 interacting genes and the Cox analysis. (D,E) A comparison of CD52 expression levels in tumor and normal 
samples. (F) The relationship between CD52 expression levels and prognosis of breast cancer. (G,H,I,J,K) The association between CD52 
expression and clinical features. 

A B

E

H

K

C

F

I

D

G

J

M0 M1
M

C
D

52
 lo

g2
C

D
52

 lo
g2

C
D

52
 e

xp
re

ss
io

n

C
D

52
 e

xp
re

ss
io

n

Normal    Tumor Normal    Tumor

C
D

52
 lo

g2
C

D
52

 lo
g2

C
D

52
 lo

g2

20

15

10

5

7.5

5.0

2.5

0.0

150

100

50

0

200

100

0

15

10

5

0

15

10

5

0

15

10

5

0

M M0 M1

0.054 0.061

0.085
0.18

0.13
0.83

0.33

0.99

0.036
0.11

0.42
0.27

0.2

0.011

0.79
0.013

0.0084
0.77

0.43

0.86

S
ur

vi
va

l p
ro

ba
bi

lit
y

1.00

0.75

0.50

0.25

0.00

Time (years)
0 1 2 3 4 5  6 7 8 9 101112 131415 1617 181920 212223 2425

CD52    High    Low

Condition   Normal   Tumor

Age  ≤45  >45

Age T

Stage

N

P<0.001

P=0.033P=0.037

≤45   >45 T1   T2    T3   T4

Stage I Stage II Stage III Stage IV

N0   N1   N2    N3

T  T1  T2  T3  T4

Stage  Stage I  Stage II   Stage III   Stage IV

N  N0  N1  N2  N3

Hazard ratio

Hazard ratioNumber of adjacent nodes

0  5  10  15   20    25 30 0.0 0.2 0.4 0.6 0.8 1.0

P value

0.816 (0.725−0.917)

0.988 (0.980−0.996)

0.324 (0.142−0.736)

0.958 (0.931−0.98s)

0.357 (0.184−0.692)

<0.001

0.004

0.007

0.004

0.002

KLRB1

CD52

TRBV5-5

CST7

ACD06369.1

CD1C
MMP9

lL7R
CYBB
CD52

VCAM1
TLR7
TLR4

CD40LG
CD3G
CD27

PNOC
P2RY13
P2RY12
CPR183

CNR2
CD69
CD3E

CD5
CCR4
PENK
FPR1

CCL21
CCL19

CD28
CCR2

CD2
CCR5

IL6
PTPRC

29 4

COX

1

PPI

Intersection

7
8
8
8
8

9
9
9
9

10
10

11

11
11

11
11
11
11

12
12

13
13
13
13

14
16

18
18

25
27



793Gland Surgery, Vol 10, No 2 February 2021

© Gland Surgery. All rights reserved.   Gland Surg 2021;10(2):780-798 | http://dx.doi.org/10.21037/gs-20-922

response to therapy. However, to date, CD52-related 
research in the cancer field has primarily focused on 
hematological malignancies, with few studies investigating 
the relationship between CD52 and solid tumors such as 
breast cancers. Furthermore, the functions of CD52 in 
cancer is yet to be fully elucidated. 

The present study identified CD52 as a significant 
immune-related gene which may act as an effective 
b iomarker  for  breast  cancer.  The invest igat ions 
demonstrated that CD52 was positively correlated with 
various immune cells including T cell types and M1 
macrophages, but CD52 was negatively correlated with 
infiltration of M2 macrophages. In breast cancer patients, 

elevated expression of immune-related genes have been 
associated with longer progression-free survival, even 
in patients with aggressive breast cancer subtypes such 
as HER2 positive malignancies (27). High expression of 
lymphocyte-associated genes in node-negative HER2 
positive breast cancers have been correlated with lower 
recurrence rates (28). Studies have demonstrated that 
the T-cell metagene can predict a favorable prognosis 
in estrogen receptor-negative and HER2-positive breast 
cancers (29). Our results were consistent with these reports 
and demonstrated that higher expression of key immune-
related genes were associated with improved prognosis 
for breast cancer. However, different immune cells may 
have different functions in cancer. Herein, the association 
between different immune cells and breast cancer prognosis 
was examined. Over the past decades, numerous studies 
have observed the infiltration of TAMs into tumor tissues. 
However, increasing evidence have indicated that TAMs 
promote multiple cancer types (3,30). In this current study, 
higher numbers of M2 macrophages corresponded to poorer 
breast cancer prognosis. Yamaguchi et al. demonstrated 
that the M2 macrophages can promote peritoneal gastric  
cancer (31) and studies by Chen and colleagues revealed 
that M2 macrophages enhanced cancer metastasis via 
production of chitinase 3-like protein 1 (CHI3L1) (32). 
TAMs not only directly influence cancer cells but can also 
affect cancer progression by inhibiting host anti-cancer 
immunity via several mechanisms (33,34). All these reports 
are consistent with our observations that higher levels of 
M2 macrophage infiltration led to poorer prognosis in 
cancer patients. The limitation of our study is that absence 
of validation by experiments. 

Conclusions 

CD52 is a significant immune-related gene and may be used 
as a favorable biomarker for breast cancer. The expression 
of CD52 may be effective in predicting the prognosis and 
stages of breast carcinoma, with high expression of CD52 
indicative of early stages and improved prognosis. The 
potential functions of CD52 in the tumor microenvironment 
include inhibition of M2 macrophages infiltration, as well 
as the promotion of T cells, M1 macrophages, and plasma 
cells into the tumor microenvironment to exert anti-cancer 
activity. CD52 can act as the potential immune therapy  
for BRCA.

Table 3 Relationship between CD52 expression and clinical 
features 

Variables Total
CD52

P
High Low

Age 0.850

≤45 161 82 79

>45 748 372 376

Stage 0.246

I 159 82 77

II 532 260 272

III 201 107 94

IV 17 5 12

T 0.191

T1 235 125 110

T2 539 266 273

T3 102 52 50

T4 33 11 22

N 0.278

N0 450 229 221

N1 301 138 163

N2 103 57 46

N3 55 30 25

M 0.143

M0 892 449 443

M1 17 5 12
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Figure 10 The relative levels of 22 immune cells in breast cancer assessed by CIBERSORT analysis. (A) The relationship between 22 
immune cell types. Blue and red represent the negative and positive correlation, respectively. (B) The relative levels of 22 immune cells in 
individual breast cancer samples.
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Figure 11 The correlation (Spearman-correlation) between CD52 and immune cells (A) Dendritic cell resting (B) Macrophage M0 (C) 
Macrophage M1 (D) Macrophage M2 (E) Mast cell activated (F) Mast cell resting (G) Monocytes (H) Neutrophiles (I) Natural killer cell 
activated (J) Natural killer cell resting (K) Plasmas cells (L) T cells memory activated (M) T cells memory resting (N) T cells naïve (O) T 
cell CD8 (P) T cells follicular helper.
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Figure 12 The role of immune cells in the prognosis of breast cancer. Higher levels of M2 macrophage infiltration are correlated with 
poorer outcome for breast cancer patients. (A) B cells memory (B) B cell naïve (C) Dendritic cell activated (D) Dendritic cell resting (E) 
Eosinophiles (F) Macrophage M0 (G) Macrophage M1 (H) Macrophage M2 (I) Mast cell activated (J) Mast cell resting (K) Monocytes 
(L) Neutrophiles (M) Natural killer cell activated (N) Natural killer cell resting (O) Plasmas cells (P) T cells memory activated (Q) T cells 
memory resting (R) T CD4 cells naïve (S) T cell CD8 (T) T cells follicular helper (U) T cells gamma delta (V) T cells regulatory (Tres). 
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