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Abstract
Background:Breast cancer (BC) is one of the most common tumors in women. Recent years, immune
checkpoint inhibitors (ICIs) have brought good news to BC patients. Although signi�cant achievements
have been made through treatment with ICIs, some people who experience serious immune-related
adverse events (IrAEs) are still insensitive to this approach. The response to ICI treatment depends on the
type of tumor microenvironment (TME).

Methods:WGCNA (weighted gene co-expression network analysis), ESTIMATE algorithm, LASSO
regression analysis, survival analysis, functional enrichment analysis are conducted to analyze the BC
data in the TCGA database. Immunohistochemistry was used to verify the expression of CD52 in BC.

Results:WGCNA and ESTIMATE algorithm found that the CD52 is closely related to the immune
microenvironment. CD52 highly expressed in various breast cancer subtypes, and patients with high
expression of CD52 have longer survival time. Compared with the low-CD52 group, the high-CD52 group
had more immune cell in�ltration. TIMER database veri�cation results showed that CD8+ T cells,
activated memory CD4 T cells, memory B cells, γδ T cells, and Tregs were positively correlated with CD52
expression, while M2 macrophages were negatively correlated. CD52 can change the trend of TIC (CD8+
T) and tumor-associated macrophage (TAM) in�ltration with respect to the survival time of breast cancer
patients. Based on the expression of CD52, we explored the relationship between CD52 and the adaptive
immune response (AIR). CD52 is a marker of AIR strati�cation in breast cancer patients. We constructed a
CD52-related adaptive immune response gene signature (CD52rAIRGsig) which is an independent
prognostic factor for breast cancer and related to genome instability and the immune cells in�ltration in
the TME. CD52 and CD52rAIRGsig were associated with PD-1 signaling and immune checkpoint inhibitor
markers, which proves that patients with high CD52 expression and low risk of CD52rAIRGsig are more
suitable for ICI treatment. We then screened chemotherapeutics for personalized medicine based on
CD52rAIRGsig.

Conclusion:Therefore, we have discovered a new marker to guide the treatment and prognosis of breast
cancer patients with ICIs. This provides a combined treatment strategy including different combinations
of ICIs combined with chemotherapeutic drugs to treat breast cancer. 

Background
Breast cancer is one of the most common tumors in women and seriously threatening women's health
worldwide [1]. The abnormal expression of speci�c genes in breast cancer determines its occurrence,
development and metastasis [2,3]. On the one hand, the tumor microenvironment fundamentally affects
the gene expression of tumor tissues [4,5]. On the other hand, the latter can also affect the former [6]. The
cellular milieu where a tumor is located is called the tumor microenvironment and consists of immune
cells, mesenchymal cells, endothelial cells, in�ammatory mediators and extracellular matrix (ECM)
molecules [7,8]. Among these ingredients, immune cells and stromal cells are the two main types of
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nontumor cells and contribute to the prognostic evaluation of tumor patients [7-9]. For example, Jia D et
al. and Shah N et al. used an algorithm called ESTIMATE to predict the prognoses of patients with glioma
and prostate cancer [9,10]. The tumor microenvironment has a dual effect on tumors. It can not only kill
tumor cells but also may be used by tumor cells to induce immune escape and promote tumor growth
[11,12].

In the tumor microenvironment (TME), tumor cells escape immune surveillance through mechanisms
such as the expression of inhibitory receptors and their ligands, the expression of immunosuppressive
cells and inhibitory cytokines, and cytotoxic T cell (TCL) and natural killer cell (NK cell) depletion [13,14].
These mechanisms enable tumor immune escape, leading to tumor occurrence and proliferation.
Therefore, effectively preventing tumor immune escape is an important treatment method to prevent
tumor occurrence and progression. In recent years, tumor immunotherapy has shown a high degree of
e�cacy against a variety of cancers, including refractory malignancies such as metastatic melanoma
and advanced squamous non-small cell lung cancer (Nsclc) [15]. Among them, the development of
immune checkpoint inhibitors (ICIs) is a revolutionary milestone in the �eld of immuno-oncology because
the immune system is regulated by inhibitory receptors and ligands in the process of killing tumors. The
goal of this therapy is not to activate the immune system to attack speci�c targets on tumor cells but to
remove inhibitory pathways that prevent effective antitumor T cell responses. ICIs revive the antitumor
immune response by blocking the immune checkpoint signaling pathway and promote immune-mediated
tumor cell clearance. The classic immune checkpoint receptors mainly include CTLA-4 and PD-1. CTLA-4
is mainly expressed on CD4+ "helper" T cells, not on CD8+ "killer" T cells. It mainly reduces the magnitude
of the T cell response by inhibiting CD28 co-stimulation. PD-1 is absent on resting naive and memory T
cells and is expressed when the TCR is involved. PD-1 directly inhibits TCR-mediated effector functions
and increases the migration of T cells in tissues [16]. Ipilimumab is an ICI targeting cytotoxic T
lymphocyte antigen-4 (CTLA-4). It is used to treat patients with advanced melanoma [17]. The drug can
effectively prevent the inactivation of T lymphocytes and promote the activation and proliferation of
effector T cells. Nivolumab and pembrolizumab (anti-PD1) can target programmed cell death protein 1
(PD1) and are highly effective immune checkpoint inhibitors for the treatment of melanoma and non-
small cell lung cancer [18,19]. Atezolizumab and avelumab can target programmed cell death 1 ligand
(PD-L1) to treat various advanced malignant tumors. In addition to melanoma and non-small cell lung
cancer, it can also be used for renal cell carcinoma, Hodgkin’s lymphoma, and bladder cancer [20]. For
cancer patients, this is certainly compelling. However, clinical trials have shown that ICIs are only useful
for a small number of patients [21], most patients experience an insigni�cant or no effect at all, and the
single application and combined application of ICIs will cause adverse consequences to patients.
Therefore, exploring the predictive markers of immunotherapy is particularly critical for the personalized
treatment of patients. This helps the direct treatment to the patients most likely to bene�t and may
provide the prognosis of the patient's treatment.

Method
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Data source
The RNA expression pro�les and the clinical data for 1,066 BC patients and 112 normal control patients
were downloaded from the TCGA database (counts). We removed samples with incomplete clinical
information. All expression pro�les were annotated with the Ensemble reference database. The mRNA
expression data of breast cancer (BRCA) in the validation data set (GSE42568) come from GEO
(https://www.ncbi.nlm.nih.gov/geo/). 

WGCNA and ESTIMATE algorithm
For WGCNA Network Construction and Module Identi�cation, we used the WGCNA R package to construct
the co-expression network. First, the samples were clustered to assess whether there were obvious
outliers. Second, the automatic network construction function was used to construct a co-expression
network. The R function pickSoftThreshold was used to calculate the soft thresholding power β, to which
co-expression similarity is raised to calculate adjacency. Third, hierarchical clustering and the dynamic
tree cut function were used to detect modules. Fourth, gene signi�cance (GS) and module membership
(MM) were calculated to relate modules to clinical traits. The corresponding module gene information
was extracted for further analysis. The immune score and stromal score were obtained by the ESTIMATE
algorithm. 

Screening of differentially expressed RNAs
Differentially expressed mRNAs between high-score samples and low-score samples were detected with
the “limma” package in R software. We de�ned RNAs with adjusted P values <0.05 and log|fold change|
values >1 as differentially expressed RNAs. Heatmaps and volcano plots were visualized with the
“ggplot2” and “pheatmap” packages of R software. The GEPIA database was used to analyze CD52, PLC
and TPSD1 (http://gepia.cancer-pku.cn/detail.php). 

Enrichment analysis
GSEA of CD52 was carried out with "GSEA4.1.0" (P<0.05 and FDR<25%). Matescape was used to perform
GO enrichment and R-HSA pathway enrichment analysis on the differentially expressed genes of the two
groups with high and low expression of CD52. 

Overall survival curve
Kaplan-Meier plots were drawn to clarify the relationship between patient survival rates, and the log-rank
test was used to test the overall survival rate of patients. 
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In�ltration of immune cells
The immune cell in�ltration of each sample was calculated by the CIBERSORT method, and the corrplot
package of R software was used to calculate the correlations between immune cells. Using the median
expression of CD52 as the cutoff value, we classi�ed the BC patients into a high-CD52 group and a low-
CD52 group. The differences in immune cell in�ltration between the high-CD52 group and the low-CD52
group were determined by the "limma" package of R software and visualized as a violin chart with the
"vioplot" package. We also veri�ed the results using the TIMER database (http://timer.cistrome.org/). 

The distribution of CD52 in immune cells and the functional
enrichment analysis of immune cells
The Tumor Immune Single Cell Hub (TISCH) database was used to select the BRCA_GSE114727 data set
to analyze the distribution of CD52 in immune cells and perform a functional enrichment analysis of
immune cells [15] (http://tisch.comp-genomics.org/home/). 

Construction and Validation of the Prognostic Prediction
Models
The univariate Cox model was used to screen potential CD52-related adaptive immune response genes
with prognostic value (CD52rAIGs). A LASSO Cox regression model was further applied to narrow the
range of prognostic AIGs. Second, a multivariate Cox regression model was used to screen out the
CD52rAIGs that are most closely related to survival, and these genes were used to construct a risk model
(CD52rAIGsig). Risk score = β1X1+ β2X2+ βiXi, where βi is the coe�cient of each gene derived from the
Cox regression and Xi is the expression level of each gene. The CD52rAIGsig risk score of the training set
and the validation set was calculated according to the formula. The Kaplan-Meier method and ROC curve
were used to analyze OS and evaluate the sensitivity and speci�city of the signature model.
Comprehensive age, sex, TNM classi�cation and risk score were used to conduct univariate and
multivariate Cox regression analyses to evaluate the independent prognostic effect of CD52rAIGsig. 

Exploration of the signi�cance of the model in clinical
treatment
We download tumor RNA-seq (FPKM) from the Cancer Genome Atlas (TCGA) database. Convert PFKM
data to TPM and normalize the data log2 (TPM+1), while keeping samples with clinical information
recorded. We predicted the chemotherapeutic response for each sample based on the largest publicly
available pharmacogenomics database [the Genomics of Drug Sensitivity in Cancer (GDSC),
https://www.cancerrxgene.org/].The prediction process was conducted by R package “pRRophetic” where
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the samples' half-maximal inhibitory concentration (IC50) was estimated by ridge regression and the
prediction accuracy. All parameters were set by the default values with removal of the batch effect of
combat and tissue type of allSoldTumours, and duplicate gene expression was summarized as mean
value.AJCC recommends camptothecin, gemcitabine, pirubicin, paclitaxel, doxorubicin and other
antitumor drugs (bleomycin, bortezomib, bryostatin.1, methotrexate, rapamycin, sunitinib, temsirolimus,
tipifarnib, vorinostat to treat BC. 

Immunohistochemistry (IHC)
To evaluate the expression of CD52 in different molecular subtypes of breast cancer (luminal A, luminal
B, triple-negative breast cancer (TNBC), Her-2 positive (HR negative), and Her-2 positive (HR positive)), we
used IHC to detect CD52 (CD52Ab-DF8797, A�nity) molecular typing according to CSCO breast cancer
guidelines. All specimens come from the Department of Pathology, the First A�liated Hospital of Harbin
Medical University. 

Statistics
Genetic difference analysis used Wilcoxon test (Mann-Whitney); survival analysis adopted Log-rank test;
all correlation was analyzed by Spearman correlation. The Wilcoxon test was used to compare the
difference in IC50 between the high-risk group and the low-risk group. All data are expressed as the
mean±standard deviation (x±s), *** p 0.001, ** p 0.01, * p 0.05.

Result

WGCNA results
We clustered the samples and checked for any abnormal samples, and the results showed that there were
no abnormal samples. We input the clinical traits (normal and tumor) to cluster again to obtain the
sample cluster heat map (Figure 1A). To construct a WGCNA network, we �rst calculated the soft
thresholding power β, to which the co-expression similarity is raised to calculate adjacency. We used the
pickSoft Threshold function in WGCNA, which performs the analysis of network topology. The soft
thresholding power β was set at 3 in the subsequent analysis because the scale independence reached
0.9 and had a relatively high average connectivity (Figure 1B). We constructed the gene network and
identi�ed modules associated with tumor using the one-step network construction function of the
WGCNA R package. We constructed 10 gene co-expression modules (Figure 1C) and further analyzed the
similarity between the modules (Figure 1D). Among them, MEblack and MEred are highly similar, so the
two modules were merged. Correlation analysis showed that MEbrown has the strongest positive
correlation with tumor modules(R=0.45, p<0.001). Therefore, we regard MEbrown as the key module
related to tumors (Figure 1E). The MEbrown module includes 2,062 genes. Figure 1F showed that the
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genes highly related to tumors are important elements in the modules that are signi�cantly related to
tumors. 

Identi�cation of key immune genes
We obtained the gene expression pro�les and clinical information of all 1,066 BC patients from the TCGA
database. Immune cells and stromal cells are important components of TME. Then, we calculated the
immune scores (-2042.70-2076.56) and stromal scores (-1171.02-3632.68) using the ESTIMATE
algorithm. We then explored the potential correlations between the overall survival rate and immune score
and stromal score. Using the median immune score as the cutoff value, we classi�ed the BC patients into
a high-immune score group and a low-immune score group. The high-stromal score group and low-
stromal score group were obtained in the same way. Our results showed that although the stromal score
(P=0.655) (Figure 2A) had no signi�cant relationship with the prognoses of BC patients, the high-immune
score group had a higher survival rate (P=0.011) than the low-immune score group (P=0.011) (Figure 2B).
This indicated that the immune response in TME of breast cancer is an important factor affecting the
prognosis of patients. Hence, we focused on the differentially expressed genes between the high-immune
score group and the low-immune score group. Difference analysis between high-immune score group and
the low-immune score group showed that compared to low-immune score group, 730 genes were
upregulated in high-immune score group(Figure 2C shows only the top 50 genes that were upregulated
and downregulated in high immune score group).In order to screen out genes that are highly related to
breast cancer and have important value in the immune microenvironment. We took the intersection of
2,062 genes in the MEbrown module and 730 immune-related genes. The results showed that CD52 and
TPSD are related to the immune and tumor characteristics of breast cancer (Figure 2D). Difference
analysis showed that, compared with normal breast tissue, CD52 was up-regulated in BC tissue, but
TPSD did not show a signi�cant difference (Figure 3A). In addition, we found through literature search
that CD52 plays an important role in tumor immunotherapy (such as CAR T cell modi�cation, lymphoma
treatment, etc.). Therefore, we chose CD52 as the Key gene for subsequent analysis.  

The expression of CD52 in the tumor microenvironment
There was no difference in the expression of TPSD in normal breast and breast cancer (Figure 3A).
However, CD52 (P<0.001) was differentially expressed between tumor tissues and normal tissues (Figure
3B). Furthermore, we veri�ed the expression of CD52 in paired samples, and the results showed that it
was highly expressed in tumor tissues (Figure 3C). We further explored the expression of CD52 in each
subtype and found that the expression of CD52 in each subtype of breast cancer was higher than that in
normal tissues (Figure 3F). We further con�rmed this result by immunohistochemical �ndings (CSCO
breast cancer guideline molecular classi�cation) (Figure 3G). Subsequently, using the median as the
cutoff value, we classi�ed the BC patients into a high-expression CD52 group and a low-expression CD52
group based on CD52 expression. As shown in Figure 3D, the overall survival rate of patients in the high-
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expression groups of CD52 was signi�cantly better than that of the low-expression groups, which
indicates that CD52 is related to favorable prognosis for breast cancer patients. In addition, we performed
GSEA on CD52 to explore the molecular functions of CD52. The results showed that CD52 is related to
immune processes, cell apoptosis, cytokine and cytokine receptor interactions, the JAK-STAT signaling
pathway, and the Toll-like receptor signaling pathway (Figure 3E).

Based on breast cancer single-cell transcriptome sequencing data, we found that CD52 was mainly highly
expressed in immune cells but less expressed in stromal cells and milagnant cells (Supplementary 1A).
Our study revealed that the high expression of CD52 in immune cells is related to worse TNM staging
(Supplementary 1B). Further analysis revealed that CD52 was mainly expressed in CD4Tconv, CD8 T
cells, CD8Tex, Tprolif and Treg cells (Supplementary 1C). Interestingly, in CD4Tconv, CD8 T cells, and
CD8Tex, the expression of CD52 was related to clinicopathological staging, but there was no similar
relationship in Tprolif and Treg cells (Supplementary 1D). We found that in the high pathological stage of
breast cancer, CD52 is highly expressed in CD4Tconv, CD8T cells, and CD8Tex. 

In breast cancer, the expression of CD52 is related to
immune cell in�ltration.
We quanti�ed the composition of immune cells in the tumor microenvironment of each breast cancer
sample and performed a correlation analysis between each immune cell type (Supplementary 2). Our
results (Figure 4A) showed that compared with the low-CD52 group, the high-CD52 group had more naive
B cells (P=0.001), memory B cells (P=0.001), CD8+ T cells (P 0.001), resting memory CD4 T cells (P
0.001), activated memory CD4 T cells (P 0.001), follicular helper T cells (P 0.001), Tregs (P 0.001), γδ T
cells (P 0.001), resting NK cells (P 0.001), M1 macrophages (P 0.001), resting dendritic cells (P 0.001)
and activated mast cells (P 0.001) but fewer plasma cells (P=0.015), M0 macrophages (P 0.001), M2
macrophages (P 0.001), resting mast cells (P=0.003) and neutrophils (P=0.003). Correlation analysis
between CD52 expression and immune cell in�ltration in the tumor microenvironment suggests that
CD8+ T cells, activated memory CD4+ T cells, memory B cells, γδ T cells, Tregs and M2 macrophages
have signi�cant correlations with CD52 expression (Figure 4B). Among them, CD8+ T cells, activated
memory CD4 T cells, memory B cells, γδ T cells, and Tregs were positively correlated with CD52
expression, while M2 macrophages were negatively correlated (Figure 4B). In view of the positive
correlation between CD52 and a variety of T cells, we further analyzed the signaling pathways of T cells
in tumor tissues (TICs). The results showed that the P53 signaling pathway was highly enriched in CD4
Tn, CD8T, CD8Tex, Tprolif and Treg cells (Figure 4C). In addition, we found that the IL6/JAK/STAT3
signaling pathway was slightly enriched in CD4 Tn, CD8T, CD8Tex, Tprolif and Treg cells (Figure 4C). The
IL2/STAT5 signaling pathway and Wnt/β-catenin pathway showed almost no enrichment in any T cells
(Figure 4C). Finally, we analyzed the upregulated and downregulated KEGG gene sets in CD4Tconv, CD8T,
CD8Tex and Tprolif (Supplementary 3). 
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CD52 can change the trend of TIC (CD8+ T) and tumor-
associated macrophage (TAM) in�ltration with respect to
the survival time of breast cancer patients.
The TIMER database and Kaplan-Meier Plotter analysis found that high expression of CD52 led to longer
survival (Figure 5A and 5B), which is consistent with our previous results (Figure 3D). Analysis of the
TIMER database showed that M2 macrophages and CD8+ T cells were related to survival prognosis
(Figure 5C and 5E). The higher the level of M2 macrophage in�ltration, the worse the prognosis, the
higher the level of CD8+ T cell in�ltration, and the longer the survival. We further analyzed the combined
survival of CD52 cells with M2 macrophages and CD8+ T cells. Through further analysis, we found that
the condition of high CD52 expression and low macrophage M2 in�ltration correlated with the highest
survival rate, while low CD52 expression and high macrophage M2 in�ltration had the lowest survival rate
(Figure 5D). Compared with curve 2 and curve 4, in the case of high macrophage M2 in�ltration, high
expression of the CD52 gene improved the survival rate (Figure 5D). Correspondingly, the condition of
high CD52 expression and high CD8+ T cell in�ltration yielded the highest survival rate, while low CD52
expression and low CD8+ T cell in�ltration had the lowest survival rate (Figure 5F). In the case of low
CD8+ T cell in�ltration, high expression of the CD52 gene improved the survival rate (Figure 5F). 

CD52 is a marker of AIR strati�cation in breast cancer
patients.
We divided breast cancer patients into two groups with high and low expression of CD52 and then
analyzed the differentially expressed genes between these two groups. Figure 6A shows the 10 most
signi�cantly upregulated genes and the 10 most downregulated genes (Figure 6A). We performed GO
enrichment analysis of differentially expressed genes. We focused on the biological processes (BPs)
involved in these differentially expressed genes. The results show that the biological processes enriched
by differential genes are all related to the immune response (Figure 6B). Considering that CD52 is a
protein anchored on the surface of T lymphocytes and is closely related to adaptive immunity, we
focused on 155 genes involved in AIR. We explored the relationship between genes enriched in AIR and
CD52. Surprisingly, all AIR genes were upregulated in the CD52 high expression group (Figure 6C).
Spearman correlation typing shows that CD52 is positively correlated with AIR genes. This suggests that
CD52 is a marker of AIR strati�cation in breast cancer patients. 

Determination of the prognostic value of CD52rAIRGs in BC.
To identify the CD52-related adaptive immune response gene signature (CD52rAIRGsig) with prognostic
value, 155 CD52rAIRGs were analyzed using CPHR to obtain 45 genes (Figure 6D). To prevent over�tting,
the LASSO model was further used for processing (Figure 6E-F). Multivariate Cox regression analysis
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identi�ed 21 important CD52rAIRGs (TNFAIP8L2, CD70, SLAMF6, HLA. DPB1, PLA2G2D, LAPTM5, CD74,
CD8A, RAC2, CCL19, HLA. DRA, CD2, IL12RB1, IRF1, CCR7, APBB1IP, JAK3, CCL5, IL7R, TIGIT, and TBX21,
Table 1). We used these 21 genes to construct a prognostic gene signature. We calculated the risk value
based on the recommended formula. Then, the patients in the training data set were divided into high-risk
groups and low-risk groups according to the risk score cutoff (-0.218). The Kaplan-Meier survival curve
showed that the survival time of the low-risk group was signi�cantly longer than that of the high-risk
group (p<0.001, Figure 7A). Figure 7C shows the risk scores of the patients in the training set, the
distribution of patient survival status, and the gene expression pro�les related to gene signatures. The
area under the curve (AUC) value of the risk score was 0.764. The area under the curve (AUC) value of the
pathological stage was 0.707 (T: AUC=0.699, M: AUC=0.601, N: AUC=0.628). The area under the curve
(AUC) value of sex was 0.530. The area under the curve (AUC) value of age was 0.778 (Figure 7E).
Univariate Cox regression analysis (Supplementary 4A) showed that the risk score was signi�cantly
correlated with OS (HR=3.225, 95% CI=2.434-4.273, P<0.001). Multivariate Cox regression analysis was
performed on the basis of age, sex, pathological stage (T stage, N stage, and M stage), and risk score.
The results showed that only the genetic signature risk score was an independent prognostic factor for
breast cancer (Supplementary 4C). In the training data set, the 1-, 3-, and 5-year OS-predicted AUCs based
on CD52rAIRGsig were 0.757, 0.670, and 0.713, respectively (Supplementary 4A). We used the GSE42568
data set to verify the performance of 21 gene signatures. We used the same method to calculate the risk
score of each patient in the validation set and then used the risk score cutoff (-0.218) obtained in the
training set to divide the patients into high- and low-risk groups. The results of the study show that in the
validation set, compared with the high-risk group, low-risk patients had longer survival time (Figure 7B).
Figure 7D shows the risk scores of patients in the veri�cation set, the distribution of patient survival
status, and gene expression pro�les related to gene signatures. The area under the curve (AUC) values of
the risk score and pathological grade were 0.640 and 0.758, respectively (Figure 7F). Univariate Cox
regression analysis (Supplementary 4B) showed that the risk score was signi�cantly correlated with OS
(HR=2.018, 95% CI=1.025-3.947, P=0.042). Multivariate Cox regression analysis showed that the gene
signature risk score was an independent prognostic factor for breast cancer (Supplementary 4D). In the
veri�cation data set, the 1-, 3-, and 5-year OS predicted AUCs based on CD52rAIRGsig were 0.640, 0.571,
and 0.622, respectively (Supplementary 4F). In summary, CD52rAIRGsig exerts a positive effect in
predicting the prognosis of breast cancer patients. 

Table 1

multivariate COX regression analysis screened out 21 important CD52rAIRGs
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Gene Coef HR HR.95L HR.95H pvalue

TNFAIP8L2 0.079  1.080  0.999  1.168  0.023 

CD70 -0.115  0.944  0.965  1.002  0.033 

SLAMF6 0.053  1.002  1.001  1.004  0.004 

HLA.DPB1 -0.002  0.998  0.996  0.999  0.002 

PLA2G2D -0.116  0.879  0.797  0.969  0.010 

LAPTM5 0.002  1.001  0.967  1.014  0.024 

CD74 -0.001  0.990  0.995  0.997  0.034 

CD8A 0.026  1.058  1.031  1.025  0.000 

RAC2 -0.033  0.820  0.643  1.046  0.011 

CCL19 -0.002  1.002  1.001  1.004  0.002 

HLA.DRA 0.001  1.018  1.011  1.025  0.000 

CD2 0.019  1.080  0.999  1.168  0.032 

IL12RB1 0.109  1.328  1.057  1.669  0.012 

IRF1 -0.027  0.981  0.964  0.998  0.031 

CCR7 0.019  1.070  0.979  1.148  0.012 

APBB1IP -0.039  0.879  0.786  0.968  0.003 

JAK3 0.146  1.403  1.049  1.380  0.008 

CCL5 -0.010  0.920  0.837  1.012  0.037 

IL7R -0.049  0.747  0.610  0.850  0.036 

TIGIT 0.016  1.020  0.979  1.068  0.043 

TBX21 0.311  1.428  1.157  1.669  0.015 

Coef: Coe�cient; HR:Hazard Ratio 

CD52rAIRGsig is related to the clinical characteristics of
breast cancer patients.
CD52rAIRGsig had a signi�cant correlation with the clinical characteristics of breast cancer patients
(Figure 8A). The results of the study show that the risk score is signi�cantly higher in elderly breast
cancer patients. The risk score is also signi�cantly higher in patients with distant metastases. The
genetic signatures of patients with lymph node metastasis are also applicable, and the risk scores of
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patients in stages N2-3 are signi�cantly higher than those of patients in stages N0-1. In the early stages
(stages I-II) and late stages (stages III-IV) of breast cancer, the risk scores were also signi�cantly different,
and the risk scores in the late stages were signi�cantly higher than those in the early stages. 

CD52rAIRGsig is related to genome instability
It is well known that the occurrence of breast cancer is genetically determined. In recent years, breast
cancer susceptibility gene testing has been widely used. Studies have con�rmed that the two key factors
associated with a high risk of breast cancer are mutations in BRCA1 and BRCA2. In addition, VCAN,
BRIP1, CDH1, PIK3CA, LSP1, and DIRAS3 are also included. Importantly, we found that the expression of
these breast cancer susceptibility genes was signi�cantly increased in the high-risk group (Figure 8B). 

CD52rAIRGsig is related to the in�ltration of immune cells in
the TME.
We also used the CIBERSORT method to quantify the immune cells in the tumor microenvironments of
the high- and low-risk groups. The results showed that memory B lymphocytes, M1 macrophages, NK
cells, CD8+ T cells, Tregs, and follicular helper T cells signi�cantly increased in�ltration in the low-risk
group. This result is consistent with the CD52-High group; in fact, CD52 is highly expressed in the low-risk
group. However, tumor-associated macrophages (M2 macrophages) were highly in�ltrated in the high-risk
group, consistent with the CD52-Low group (Figure 8C). 

CD52 and CD52rAIRGsig are related to PD-1 signaling and
ICI markers.
We performed R-HSA pathway enrichment analysis on the differentially expressed genes of the two
groups with high and low expression of CD52 (Figure 9A). These differentially expressed genes are not
only related to the adaptive immune system but are also closely related to PD-1 signaling. Figure 9B
shows the PD-1 signaling pathway and the genes enriched in this pathway. In addition, ZAP-70
translocates to immunological synapses, phosphorylates CD3, and TCR zeta chains interact with PD-1
signaling. These three pathways regulate each other through the central genes of the network diagram.
Interestingly, we found that the genes enriched in the PD-1 signaling pathway were all highly expressed in
the CD52-High group (Figure 9C), including PD-1 (PDCD1) and PD-L1 (CD274). We speculate that CD52
has a potential connection with the PD-1 signaling pathway. We performed Spearman correlation
analysis on CD52 and PD-1 signal-related genes, and the results showed that CD52 has a signi�cant
positive correlation with these genes (Figure 9D). This further con�rmed our hypothesis. We further
analyzed the relationship between CD52rAIRGsig and these genes, and the results showed that the
expression of these genes in the low-risk group was signi�cantly higher than that in the high-risk group
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(Supplementary 5A). High expression of PD-1 signal-related genes will reduce the risk to patients. We
performed OS analysis on these genes, and the results showed that high expression of these genes in
patients prolonged survival time (Supplementary 6A). To determine the relationship between
CD52rAIRGsig and ICI markers, in addition to PD-1 and PD-L1, we also studied other ICI markers (CTLA-4,
LAG-3, HAVCR2, and TIGIT). PD-1, PD-L1, and CTLA-4 were low in the high-risk group and high in the low-
risk group (Figure 10A). These results suggest that patients in the low-risk group are suitable for ICI
treatment, while the high-risk group is not suitable for this therapy. 

Screening of chemotherapeutics for personalized treatment
based on CD52rAIRGsig.
In addition to ICI therapy, we tried to screen common chemotherapy drugs with obvious curative effects
based on CD52rAIRGsig by GDSC database. We estimated the IC50 of each sample, and observed that
the IC50 difference of 14 chemotherapy drugs between the high-risk group and the low-risk group was
statistically signi�cant. The antitumor drugs recommended by the AJCC, camptothecin, gemcitabine,
pirubicin, and paclitaxel, are more effective in the low-risk group because the low-risk group has lower
IC50 values than the high-risk group. However, doxorubicin (p=0.83) did not differ signi�cantly between
the two groups (Figure 11A). In addition, our research showed that the IC50 values of atezolizumab,
bleomycin, bortezomib, bromostatin.1, methotrexate, rapamycin, sunitinib, temsirolimus, tipifarnib, and
vorinostat chemotherapy drugs in the low-risk group were signi�cantly lower than in the high-risk group
(Figure 11B). This result suggests that the above chemotherapy drugs are suitable for low-risk patients
yet less effective for high-risk patients.

Discussion
The immune response to ICIs is a complex process. There is increasing evidence that only a small
percentage of cancer patients bene�t from checkpoint inhibitors, and some patients receiving ICI
treatment have experienced serious immune-related adverse events (IrAEs) [22]. IrAEs occur due to the
suppression of immune checkpoints. These checkpoints cause physical barriers to resist normal
immunity, leading to various local and systemic autoimmune reactions [22]. Therefore, the development
of predictive biomarkers is essential to distinguish between responders and non-responders in order to
avoid any adverse reactions. Predictive biomarkers can determine the outcome of a patient's treatment
before treatment begins. These biomarkers should indicate whether the patient can bene�t from a single
checkpoint or whether a combination therapy is needed.

In previous studies, the biomarkers for ICI treatment were immunosuppressive receptors or their
corresponding ligands, including classic PD-1 and CTLA-4. They can be expressed on immune cells such
as T lymphocytes, B lymphocytes, NK cells, and monocytes [23]. These immunosuppressive receptors are
upregulated when immune cells continue to activate, usually as a form of negative regulation of the
immune response to prevent excessive damage to surrounding tissues. Once the inhibitory receptor is
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activated, immune cells are suppressed and inactivated. This signaling mechanism is used by tumor cells
to achieve tumor immune escape. Immune checkpoint inhibitors (ICIs) can block the interactions between
inhibitory receptors and their ligands, thereby overcoming the inherent resistance of immune surveillance
by initiating an antitumor immune response and stimulating T cells, B cells and other immune cell
responses. The activity of immune cells is regulated by the complex signaling system produced by
stimulating and inhibiting receptors [24]. The expression of inhibitory receptors is not only spatial but
also temporal. The expression of inhibitory receptors increases with the enhancement of the TME
immune response. As the inhibitory signal increases, the stimulus signal gradually weakens and tends to
balance the immune system. If tumor cells continue to release inhibitory signals and cross the
equilibrium point until the immune cells in the TME are completely inactivated, this is detrimental to ICI
therapy. Such patients exhibit poor response to ICI treatment. If immune cells and the TME are in an
immune response state before reaching the immune balance point, good results may be achieved with ICI
therapy. Studies have con�rmed that the response to ICI treatment is related to tumor in�ltrating
lymphocytes (TILs) and other immune cells in the TME [25]. The RNA expression study of patients
receiving ipilimumab showed that compared with non-responding patients, patients bene�ting from
greater clinical e�cacy have more genes involved in innate immunity and adaptive immunity. This
indicates that the preimmune TME is important for ipilimumab treatment [26]. However, we lack markers
to predict the immunogenicity of the TME.

WGCNA results in modules and genes that are signi�cantly positively related to tumors (Figure 1). The
ESTIMATE algorithm obtains the immune score of each sample, and the immune score is related to
patient survival (Figure 2B). Immune-related genes were identi�ed through high and low immune scores
(Figure 2C). Finally, the immune gene CD52, which is signi�cantly positively related to the tumor, was
obtained by the intersection method (Figure 2D). Compared with normal breast tissues, CD52 was highly
expressed in breast cancer tissues (Figure 3B), and consistent results were obtained from the paired
cancer and paired adjacent breast tissues (Figure 3C). Breast cancer can be divided into different
molecular subtypes: luminal A, luminal B, triple-negative breast cancer (TNBC), Her-2 positive (HR
negative) and Her-2 positive (HR positive) [27]. We further explored the expression of CD52 in each
subtype and found that the expression of CD52 in each subtype of breast cancer was higher than that in
normal tissues (Figure 3E). We further con�rmed this result by immunohistochemical �ndings [Figure 3F].
CD52 is a human leukocyte differentiation antigen of 12 amino acids anchored to
glycosylphosphatidylinositol (GPI) [28]. To date, the regulatory mechanisms of CD52 expression have
rarely been reported. In Flt3-ITD myeloid leukemia, Flt3-ITD enhances the expression of CD52 by
phosphorylating STAT5 [29]. In breast cancer, GSEA showed that CD52 is related to
immune/in�ammatory pathways (Figure 3F), such as antigen presentation, the B cell receptor pathway,
the T cell receptor pathway, NK cell-mediated cytotoxicity, the JAK-STAT pathway, and the TOLL-like
receptor pathway [30].

CD52 is a very interesting molecule, but its molecular function is still unclear. Studies have shown that in
T cells, CD52 is associated with the TCR to activate the intracellular signal of T cell activation and
promote cell proliferation and differentiation [31]. CD52 is a stimulating antigen in the TME and
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participates in the antitumor immune response of immune cells. In fact, in response to CD52-mediated
activation signals, an anti-CD52 monoclonal antibody (alemtuzumab) is clinically used to treat chronic
lymphocytic leukemia, relapsing-remitting multiple sclerosis, hormone-refractory acute graft-versus-host
disease (GVHD) and improve organ transplantation [32-35]. The CD52 antibody Campath-1H can kill T
cells in vivo through complement- and non-complement-mediated mechanisms [36,37]. Interestingly,
CD52 can be shed from the cell membrane surface to become a soluble antigen under the action of
phospholipase C (PLC). Soluble CD52 molecules interact with inhibitory sialic acid-bound
immunoglobulin-like lectin 10 (Siglec10), thereby signi�cantly inhibiting the proliferation and activation
of T cells [38]. Soluble CD52/Siglec10 is an inhibitory signal in immune cells. CD52 on the membrane
surface can provide co-stimulatory signals for the activation and proliferation of T cells, while soluble
CD52 molecules can signi�cantly inhibit the proliferation and activation of T cells. This is obviously a
contradiction, and the speci�c function of CD52 in breast cancer is worthy of discussion. The release of
soluble CD52 requires PLC. Although CD52 is highly expressed in breast cancer, PLC is signi�cantly
expressed at low levels (Supplementary 1E). We speculate that due to the lack of PLC in breast cancer
tissues, CD52 may participate in immune regulation in the form of membrane surface molecules and
manifest an antitumor effect. As shown in Figure 3D, the overall survival rate of patients in the high-
expression groups of CD52 was signi�cantly better than that of the low-expression groups, which
indicates that CD52 is related to favorable prognosis in breast cancer patients.

CD52 is present during the �nal differentiation stage of all lymphocytes, as well as in eosinophils,
monocytes/macrophages and DCs [39-42]. Based on breast cancer single-cell transcriptome sequencing
data, CD52 is mainly expressed in immune cells and less expressed in stromal cells and malignant cells
in the breast cancer TME (Supplementary 1A). Further analysis revealed that CD52 was mainly expressed
in CD4Tconv, CD8 T cells, CD8Tex, Tprolif and Treg cells (Supplementary 1C), which is consistent with
previous studies. To explore the relationship between CD52 and tumor-in�ltrating immune cells (TIICs),
we quanti�ed the composition of immune cells in the tumor microenvironment of each breast cancer
sample. Our results showed that compared with the low-CD52 group, the high-CD52 group had more TIICs
(Figure 4A). Correlation analysis between CD52 expression and immune cell in�ltration in the tumor
microenvironment suggests that CD8+ T cells, activated memory CD4+ T cells, memory B cells, γδ T cells,
Tregs and M2 macrophages have signi�cant correlations with CD52 expression (Figure 4B). Among them,
CD8+ T cells, activated memory CD4 T cells, memory B cells, γδ T cells, and Tregs were positively
correlated with CD52 expression, while M2 macrophages were negatively correlated (Figure 4B). The high
in�ltration of TILs in various malignant tumors is an effective predictive biomarker of response to ICI
therapy [43,44]. According to the in�ltration of immune cells, the TME can be classi�ed into three
categories: immune-desert, immune-excluded and immune-in�amed [45]. High TIL in�ltration is a
biomarker of the immune-in�amed phenotype, which exhibits immune-mediated clearance of tumor cells.
Obviously, breast cancer patients with high expression of CD52 have higher immunogenicity. In addition,
we found that the higher the TNM stage was, the higher the expression of CD52 in immune cells
(Supplementary 1B-D). According to previous results, CD52 and TIICs have a positive correlation,
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suggesting that there will be more immune cell in�ltration in high pathological stages. This shows that
patients with advanced breast cancer are more immunogenic and more suitable for ICI treatment.

In addition, immune cells in the TME can also be used as predictors to predict the prognoses of tumor
patients. In BC, an increase in cytotoxic T cells, γδT cells, Tfh cells, activated NK cells, memory B cells,
memory CD4+ T cells and M1 macrophages implies a better prognosis, while an increase in M0
macrophages, M2 macrophages and neutrophils indicates a poor prognosis [46-53]. The positive and
negative effects of high and low CD52 expression on the prognosis of breast cancer patients are
consistent with the potential effects of different immune cell types. This further con�rms the correlation
between the expression of CD52 and the survival of BC patients. We further analyzed the combined
survival with respect to CD52 in the context of M2 macrophages and CD8+ T cells. As expected, we found
that patients with high CD52 expression and low macrophage M2 in�ltration had the highest survival
rate, while patients with low CD52 expression and high macrophage M2 in�ltration had the lowest
survival rate (Figure 5D). Compared with curve 2 and curve 4, in the case of high macrophage M2
in�ltration, high expression of the CD52 gene improved the survival rate (Figure 5D). Correspondingly, the
condition of high CD52 expression and high CD8+ T cell in�ltration was associated with the highest
survival rate, while low CD52 expression and low CD8+ T cell in�ltration was related with the lowest
survival rate (Figure 5F). In the case of low CD8+ T cell in�ltration, high expression of the CD52 gene
improved the survival rate (Figure 5F). This further proves that CD52 can regulate the TME to improve the
prognosis of patients. In summary, CD52 can not only assess the TME but also predict the patient's
prognosis in BC.

To explore the reasons for the high immunoreactivity of the CD52-High group, we conducted
transcriptome difference analysis of the CD52-High and -Low groups (Figure 6A). GO enrichment analysis
showed that the differentially expressed genes were all related to the immune response (Figure 6B).
Considering that CD52 is anchored on the surface of lymphocytes and is closely related to adaptive
immunity, we focused on 155 genes involved in the adaptive immune response (AIR). Interestingly, AIR
genes (AIRGs) were all upregulated in the CD52-High group (Figure 6C). Spearman correlation analysis
suggested that CD52 is positively correlated with AIRGs. Our results show that BC patients can be
distinguished into two adaptive immune response states based on CD52 expression, which suggests that
CD52 can be used as a biomarker for strati�cation of the adaptive immune response in BC (Figure 6C).
All genes involved in the adaptive immune response in the CD52-High group were upregulated, including
immunostimulatory genes and immunosuppressive genes. We then explored the prognostic value of
CD52rAIRGs. We identi�ed CD52rAIRGsig as having prognostic value through CPHR, the LASSO model
and multivariate Cox regression analysis (Figure 6D-F, Table 1). The risk score based on CD52rAIRGsig
was an independent predictor of breast cancer prognosis (Supplementary 4) and performed well in both
the training data set and the veri�cation data set [Figure 7]. CD52rAIRGsig is associated with the clinical
characteristics of BC patients [Figure 8A], which further illustrates the accuracy of CD52rAIRGsig for
predicting prognosis. Moreover, we found that CD52rAIRGsig is associated with immune cell in�ltration.
The results showed that memory B lymphocytes, M1 macrophages, NK cells, CD8+ T cells, Tregs, and
follicular helper T cells signi�cantly increased in�ltration in the low-risk group, which is consistent with
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the CD52-High group [Figure 8C]. However, tumor-associated macrophages (M2 macrophages) were
highly in�ltrated in the high-risk group, and other cells showed low in�ltration, which is consistent with the
CD52-Low group. Therefore, we de�ned the TME of patients with high CD52 expression and low
CD52rAIRGsig risk score as the immune-in�amed type. At this time, the TME may not have reached
immune balance. Patients with low CD52 expression and CD52rAIRGsig risk score are de�ned as
immune-desert type, in which a small amount of immune cells in�ltrate.

In addition, we found that genes associated with the PD-1 signaling pathway, including PD-1 (PDCD1)
and PD-L1 (CD274) were all highly expressed in the CD52-High group (Figure 9C). We speculate that
CD52 has a potential connection with the PD-1 signaling pathway. We performed Spearman correlation
analysis on CD52 and PD-1 signaling-related genes, and the results showed that CD52 has a signi�cant
positive correlation with these genes (Figure 9D). To verify the relationship between PD-1 signal-related
genes and CD52rAIRGsig, we analyzed the expression of these genes in the high- and low-risk groups.
The results showed that these genes were signi�cantly highly expressed in the low-risk group
(Supplementary 5). To verify that the PD-1 signal-related genes are related to the low risk score of
CD52rAIRGsig, we performed OS analysis on these genes, and the results showed that the high
expression of these genes is associated with better prognosis in BC patients (Supplementary 5). Immune
checkpoints and their ligands are frequently upregulated in a variety of malignant tumor TMEs. Key
negative regulators of T cell activation include CTLA-4, PD-1, TIM-3, indoleamine 2,3-dioxygenase (IDO),
V-domain Ig suppressor of T cell activation (VISTA), killer-cell immunoglobulin-like receptor (KIR), TIGIT, B
and T lymphocyte attenuator (BTLA) and LAG-3 [54,55]. Several immune checkpoint inhibitors (ICIs)
targeting immune checkpoints and their ligands have been developed and have shown exciting effects in
some cancer patients. To date, blocking the interaction between cytotoxic T lymphocyte antigen 4 (CTLA-
4) and CD80/86 and programmed death 1 (PD-1) and PD-L1/2 is the most effective strategy [56].
However, studies have shown that the therapeutic effect and clinical response of ICIs depend on the
characteristics of the tumor. Recent studies have shown that overexpression of PD-L1 may not be an
effective biomarker for predicting sensitivity to ICIs because tumors with low PD-L1 expression can also
be sensitive to PD-1/PD-L1 [26]. Anti-CTLA-4 therapy is only applicable to some cancer patients.
Therefore, there is an urgent need to identify predictive biomarkers for screening patients to receive ICI
treatment. Our results showed that not only PD-1, PD-L1, and CTLA-4 but also LAG-3, HAVCR2, and TIGIT
were highly expressed in the CD52-High group and CD52rAIRGsig low-risk group (Figure 10). This
suggests that CD52 and CD52rAIRGsig may be good predictive biomarkers for the treatment of ICIs. BC
patients with both high CD52 expression and low risk of CD52rAIRGsig have signi�cantly increased
expression of multiple immune checkpoints, which provides a variety of combinations to assess the
sensitivity for ICI treatment. In fact, studies have shown that the combination of multiple ICIs can
overcome the limitations of single ICI treatment [57]. In addition to ICI therapy, we attempted to screen
common chemotherapy drugs with obvious curative effects based on CD52rAIRGsig. The antitumor
drugs recommended by the AJCC, camptothecin, gemcitabine, pirubicin, and paclitaxel, are more effective
in the low-risk group because the low-risk group has a lower IC50 than the high-risk group. However,
doxorubicin (p=0.83) did not differ signi�cantly between the two groups. In addition, our research showed
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that the IC50 values of atezolizumab, bleomycin, bortezomib, bromostatin.1, methotrexate, rapamycin,
sunitinib, temsirolimus, tipifarnib, and vorinostat chemotherapy drugs in the low-risk group were
signi�cantly lower than in the high-risk group (Figure 11). This result suggests that the above
chemotherapy drugs are suitable for low-risk patients, but less effective for high-risk patients. Therefore,
for patients with high CD52 expression and low risk of CD52rAIRGsig, we can not only choose different
ICI combination therapies but may also combine the above conventional chemotherapy drugs.

With the deepening of research, we have an enhanced understanding of how the TME affects tumor
development. Breast matrix accounts for 80% of the normal breast, including �broblasts, endothelial cells,
smooth muscle cells, immune cells, nerve cells, adipocytes, extracellular matrix (ECM) and other
macromolecules that support epithelial cells [58]. Studies have reported genomic instability in the tumor-
associated stroma, further con�rming that the TME is a dynamic entity that promotes the occurrence of
tumors through morphological and molecular changes[59-61]. Our results suggested that CD52
expression also differs with respect to high and low stromal scores (Figure2A), for which reason we
explored the association between CD52rAIRGsig and genetic instability. Importantly, we found that these
breast cancer susceptibility genes (BRCA1, VCAN, BRIP1, CDH1, PIK3CA, LSP1, DIRAS30) were
signi�cantly more highly expressed in the high-risk group (Figure 8B). This indicates that the high-risk
group has a high genetic predisposition and risk of recurrence. Through CD52rAIRGsig, we can identify
high-risk patients and provide personalized and precise treatment.

Conclusion
There is a dynamic interaction between immune cells and tumor cells, and the response to ICIs depends
on the immune components of the TME. Our study found that CD52, which is highly expressed in luminal
A, luminal B, HER-2 enriched, and triple-negative breast cancer, is a key component of the TME. The high
expression of CD52 in the TME is not only associated with better prognosis but can also be used to
evaluate TIICs in BC. The expression of CD52 is positively correlated with the in�ltration of TICs, NK cells,
memory B cells, and M1 macrophages in the TME of breast cancer patients but negatively associated
with M2 macrophages. More importantly, CD52 can in�uence the trends of T cells in tumor tissues (TICs,
CD8+ T cells) and tumor-associated macrophages (TAMs) in predicting the prognosis of BC patients. It is
worth noting that CD52 is a biomarker of adaptive immune response strati�cation in BC patients.
According to the gene expression of CD52, breast cancer patients can be divided into two adaptive
immune response states. Considering the inaccuracy of a single biomarker for patient prognosis
prediction and treatment guidance, we therefore identi�ed the prognostic value of CD52-related AIR genes
(CD52rAIRGs) in BC, and the results indicate that CD52rAIRGsig is an independent biomarker for
predicting prognosis. CD52rAIRGsig is related to the clinical characteristics of BC patients. Further results
show that CD52rAIRGsig is related to the in�ltration of immune cells in the TME and the genetic
susceptibility of breast cancer, which helps to screen patients with a high risk of recurrence. Our results
showed that not only PD-1, PD-L1, and CTLA-4 but also LAG-3, HAVCR2, and TIGIT were highly expressed
in the CD52-High group and CD52rAIRGsig low-risk group, which suggests that CD52 and CD52rAIRGsig
may be effective biomarkers for sensitivity to ICI treatment. In addition, based on CD52rAIRGsig,
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commonly used chemotherapeutics with obvious curative effects were screened. The combination of ICIs
and chemotherapy is more bene�cial to BC patients. Of course, there are de�ciencies in our research,
such as the conclusions we obtained through data analysis, which need to be veri�ed and con�rmed by a
large number of experiments. We also gave some speci�c solutions: for clinical trials, we selected two
cohorts with high CD52 expression and low CD52 expression, and obtained lesion samples in a
reasonable way. Then we detected the in�ltration of various immune cells in the two groups to evaluate
the immunogenicity of TME. We can compare the expression of immune checkpoint receptors and
ligands between the two groups, and compare the prognosis of the two groups of patients. We can give
two groups of immune checkpoint inhibitors to compare the e�cacy of the two groups.
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Figure 1

The relationship between immune score, stromal score and the transcriptome of breast cancer. A:
Analysis of genetic differences between the high and low immune score groups. B: Genetic difference
analysis between high and low stromal score groups. C: 203 genes upregulated in the high immune score
group and the high stromal score group. D: Twenty-�ve genes were downregulated in the high immune
score group and the high stromal score group. E: GO enrichment analysis of common differentially
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expressed genes between the high immune score group and the high matrix score group. F: KEGG
enrichment analysis of common differentially expressed genes between the high immune score group
and the high matrix score group.

Figure 2

Screening of hub genes. B: PPI network of common differential genes. B: The top 30 hub genes
calculated by the MCC algorithm.
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Figure 3

The expression of CD52 in breast cancer. A: Venn diagram of the intersection of the hub gene and the
prognostic gene. B and C: The expression of CD52 is signi�cantly increased in breast cancer tissues. D:
The higher the expression of the CD52 genes, the higher the overall survival rate of patients. E: GSEA of
CD52. The results show that CD52 is related to immune processes, apoptosis, cytokine and cytokine
receptor interactions, the JAK-STAT signaling pathway, and the TOLL-like receptor signaling pathway. F:
The expression of CD52 in each subtype revealed that the expression of CD52 in each subtype of breast
cancer was higher than that in normal tissues. G: Immunohistochemistry con�rmed that compared with
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normal breast tissue, CD52 was signi�cantly increased in various molecular subtypes (CSCO breast
cancer guideline molecular classi�cation) (Wilcoxon test, ***p <0.001, **p <0.01, *p <0.05, NS denotes no
signi�cant difference).

Figure 4

The relationship between CD52 and the immune microenvironment. A: The in�ltration of various immune
cells between the CD52 low expression group (green) and the CD52 high expression group (red). B: The
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correlation between CD52 expression and immune cell in�ltration. C: The P53 signaling pathway is highly
enriched in CD4 Tn, CD8T, CD8Tex, Tprolif and Treg cells. The IL6/JAK/STAT3 signaling pathway was
slightly enriched in CD4 Tn, CD8T, CD8Tex, Tprolif and Treg cells. The IL2/STAT5 signaling pathway and
Wnt/β-catenin pathway showed no enrichment in almost any T cells. (Wilcoxon test, ***p <0.001, **p
<0.01, *p <0.05, NS denotes no signi�cant difference).

Figure 5
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The relationship between CD52, M2 macrophages, CD8+ T cells and survival. A: TIMER database
analysis revealed that high expression of CD52 led to longer survival. B: Kaplan-Meier Plotter analysis
found that high expression of CD52 led to longer survival. C: The level of macrophage M2 in�ltration is
related to survival. D: CD52 combined with macrophage M2 survival analysis. E: The level of CD8+ T cell
in�ltration is related to survival. F: CD52 combined with T cell CD8+ survival analysis.

Figure 6

CD52 is a marker of AIR strati�cation in breast cancer patients. A: The �gure shows the 10 most
signi�cantly upregulated genes and the 10 most downregulated genes. B: The results show that the
biological processes enriched by differential genes are all related to the immune response. C: All genes
enriched in the adaptive immune response were upregulated in the CD52 high expression group. D: To
identify the CD52-related adaptive immune response gene signature (CD52-AIRGsig) with prognostic
value, 155 CD52-AIRGs were analyzed using CPHR to obtain 45 genes. E-F: The 45 prognostic genes were
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processed by the LASSO model to obtain 21 genes. The model was performed for 100 cycles to prevent
over�tting.

Figure 7

Determination of the prognostic value of the AIR gene associated with CD52 (CD52-AIRGs) in BC. A-B:
Kaplan–Meier estimates of OS according to the CD52-AIRGs in the training set (A) and validation set (B).
C-D: The distribution of risk scores, survival overview and expression pro�les of 21 genes in the training
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set (C) and validation set (D). E-F: Time-dependent receiver operating characteristic curves for the risk
score in the training and validation data sets.

Figure 8

CD52-AIRGsig is related to the clinical features of breast cancer, genome instability and TME immune cell
in�ltration. A: The CD52-AIRGsig score is signi�cantly increased in patients with advanced age, distant
metastasis, stage N2-3 and stage III-IV disease. B: The expression of these breast cancer susceptibility
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genes (BRCA1, VCAN, BRIP1, CDH1, PIK3CA, DIRAS3, and NBN) was signi�cantly increased in the high-
risk group. C: The results showed that memory B lymphocytes, M1 macrophages, NK cells, CD8+ T cells,
Tregs, and follicular helper T cells signi�cantly increased in�ltration in the low-risk group. However, tumor-
associated macrophages (M2 macrophages) were highly in�ltrated in the high-risk group, consistent with
the CD52-Low group. (Wilcoxon test, ***p <0.001, **p <0.01, *p <0.05, NS denotes no signi�cant
difference).

Figure 9

CD52 is related to PD-1 signaling. A: R-HSA pathway enrichment analysis of the differentially expressed
genes of the two groups with high and low expression of CD52. B: The �gure shows the PD-1 signaling
pathway and the genes enriched in this pathway. C: The genes enriched in the PD-1 signaling pathway
were all highly expressed in the CD52-High group. D: We performed Spearman correlation analysis on
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CD52 and PD-1 signal-related genes, and the results showed that CD52 has a signi�cant positive
correlation with these genes (p 0.05 r 0.4).

Figure 10

CD52-AIRGsig is related to ICI markers. ICI markers (CTLA-4, LAG-3, HAVCR2, TIGIT, ICOS) were more
highly expressed in the low-risk group. (Wilcoxon test, ***p <0.001, **p <0.01, *p <0.05, NS denotes no
signi�cant difference).
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Figure 11

Screening of chemotherapeutics for personalized treatment based on CD52-AIRGsig. Research showed
that the IC50 values of atezolizumab, bleomycin, bortezomib, bromostatin.1, camptothecin, methotrexate,
rapamycin, sunitinib, temsirolimus, tipifarnib, and vorinostat chemotherapy drugs in the low-risk group
were signi�cantly lower than in the high-risk group. (Wilcoxon test, ***p <0.001, **p <0.01, *p <0.05, NS
denotes no signi�cant difference).
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