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Abstract 18 

Background 19 

Epigenetic clock based on DNA methylation can estimate the epigenetic age of tissue 20 

and cell that can describe the process of aging. However, the exploration of diseases by 21 

the epigenetic clock is still an uncharted territory. Our objective was to assess the role 22 

of the epigenetic clock in breast cancer. 23 

Methods 24 

In this study, DNA methylation data of breast tissue sample was download from TCGA 25 

and GEO database. DNA methylation level of CpG sites and age of samples was 26 

calculated by using pearson correlation test. Differentially expressed genes were 27 

identified using the limma package and Kruskal-Wallis test was used for the difference 28 

between cancer subtypes. 29 

Results 30 

We developed a workflow to construct the Breast Epigenetic Clock (BEpiC) that could 31 

accurately predict the chronological age of normal breast tissue. Furthermore, the 32 

BEpiC was applied to breast cancer to identify three breast cancer subtypes (including 33 

development, homeostasis, and mitosis) by using the deviation between epigenetic age 34 

and chronological age. Interestingly, the prognosis of the three breast cancer subtypes 35 

is significantly different. In addition, the three breast cancer subtypes had distinct 36 

differences in multiple immune cells and the mitosis subtype had the highest tumor 37 

mutation burden that was used to estimate response to checkpoint inhibitors. 38 

Conclusion 39 
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Our model highlights that epigenetic age of breast cancer samples had an important 40 

impact on immunotherapy. We constructed a BEpiC web server (http://bio-41 

bigdata.hrbmu.edu.cn/BEpiC/) where users submit DNA methylation data and age 42 

information to predict the epigenetic age of breast tissue and breast cancer subtypes. 43 

Trial registration 44 

Not applicable 45 

Keywords: DNA methylation; epigenetic clock; epigenetic age deceleration; breast 46 

cancer subtype; immunotherapy 47 

 48 

Background 49 

DNA methylation is an important epigenetic marker and plays critical roles during 50 

mammalian development, including X chromosome inactivation, cell differentiation 51 

and parental imprinting(1, 2). DNA methylation, especially methylation of CpG island 52 

(CGI), can suppress gene expression(3) and inactivate tumor suppressor genes in 53 

human cancers(4). DNA methylation exhibits dynamic changes(5) and are more stable 54 

than RNA during aging(6). Therefore, some researchers have built epigenetic clock that 55 

can predict human epigenetic age based on methylation levels of multiple human tissues 56 

and blood(7-11). However, DNA methylation pattern is specific in human tissues and 57 

shows a negative correlation with aging in some tissues(12, 13). A more accurate 58 

epigenetic clock needs to be developed for individual tissue. Epigenetic clock was also 59 

used to predict the biological age based on the methylation level of multiple tissues in 60 

mouse(14). Daniel et al. found that epigenetic clock could be used to evaluate 61 
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interventions that alter the rate of aging, such as calorie restricted diet(15). In addition, 62 

the mitotic clock based on DNA methylation found that the epigenetic age acceleration 63 

in normal tissues increases the risk of cancer(16, 17). In brief, epigenetic clock could 64 

measure aging of tissues that are independent of chronological age. 65 

Cancer is the most common type of malignancy which is currently one of the leading 66 

causes of death worldwide(18). The development of cancer has been shown to be 67 

associated with global hypomethylation and local hypermethylation(19). Previous 68 

studies found that DNA methylation loss in late-replicating partial methylation domains 69 

promotes immune evasion of tumors, especially in domains with CGI 70 

hypermethylation(20). Hypermethylation in the promoter region of important gene can 71 

lead to gene expression disorders that promote cancer(21, 22). DNA methylation occurs 72 

at an early stage of cancer, so it plays an important role in cancer screening and 73 

prognosis prediction(23, 24). Methylated DNA has been shown to be specific in cancers, 74 

so it can be used as a potential tumor marker(25, 26). Breast cancer is a highly 75 

heterogeneous cancer with a higher incidence in women. Studies have also found that 76 

the increased risk of breast cancer may be associated with DNA methylation of 77 

promoter region of BRCA1(27). Aging is associated with molecular, cellular, and 78 

physiological changes that affect carcinogenesis and cancer growth(28, 29). Epigenetic 79 

clock based on methylation that describes the aging process may be useful for the study 80 

of cancer closely related to aging. 81 

The response triggered by immunotherapy intervention will clearly target and eliminate 82 

tumor cells while retaining normal cells(30). At present challenge facing 83 
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immunotherapy is selecting biomarkers that predict clinical responses to CTLA-4 and 84 

PD-1 blockade. Multiple studies have shown that immunotherapy is associated with 85 

breast cancer molecular subtypes that can provide prognostic information for breast 86 

cancer patients(31, 32). However, some studies suggested that existing subtypes did not 87 

predict treatment effects of patients(33).  88 

We developed a breast epigenetic clock to identify cancer subtypes that respond 89 

differently to immunotherapy based on the deviation between epigenetic age and 90 

chronological age. Eventually, a web server of epigenetic clock constructed based on 91 

DNA methylation that was used to calculate the epigenetic age and identify cancer 92 

subtypes in breast tissue. Cancer subtypes based on epigenetic clock may provide a 93 

theoretical basis for early cancer diagnosis and immunotherapy (Figure1). 94 

 95 

Methods 96 

DNA methylation data collection and preparation 97 

DNA methylation datasets of breast cancer based on Illumina Infinium 98 

HumanMethylation450 BeadChip array were obtained from the TCGA portal 99 

(http://xena.ucsc.edu/). We preprocessed DNA methylation data by removing probes 100 

that were on the sex chromosomes and chondriosome. In addition, the CpG sites with 101 

single nucleotide polymorphism (SNP) and missing value were also removed. Finally, 102 

351,427 CpG sites passed quality control. We removed the sample without age 103 

information, and the remaining samples contained 788 samples of breast cancer and 96 104 

samples of paracancerous tissue. In the follow-up analysis, we considered the 105 
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paracancerous samples as normal samples. 106 

To avoid outlier samples, we used principal component analysis (PCA)(34) for normal 107 

samples. Firstly, we calculated the squared distance from the first principal component 108 

of each sample to the population mean as the z-score of the sample. Then, we converted 109 

z-score(7) to a false-discovery rate using the Gaussian cumulative distribution and the 110 

Benjamini-Hochberg procedure. 111 

Z𝑖 = (𝑃𝐶𝑖 − 1𝑛∑𝑃𝐶𝑖𝑛
𝑖 )2 112 

Where Z𝑖 113 

Samples with FDR below 0.05 are considered outliers and removed. Finally, four 114 

samples were removed. 115 

The construction of breast epigenetic clock (BEpiC) 116 

Initially, correlation coefficient between age and DNA methylation level (beta values) 117 

of CpG sites was calculated by using pearson correlation test and multiple testing 118 

correction was performed using false discovery rate (FDR). CpG sites with FDR less 119 

than 0.05 were defined as significant age-related CpG sites. 120 

We randomly divided 92 samples into training set and testing set according to the ratio 121 

of 1:1. We constructed the breast epigenetic clock using the elastic-net generalized 122 

linear model as implemented in the GLMNET package(35). By using 10-fold cross-123 

validation, optimal lambda (2.296) was identified. Finally, we obtained 21 CpG sites 124 

and corresponding weights through elastic regression network. The epigenetic age 125 

EpiAge was defined as 126 
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EpiAge = (∑𝑤𝑖 ∗ 𝑀𝑖𝑛
𝑖 ) + 𝑐 127 

where 𝑤𝑖 is the weight of 𝐶𝑝𝐺𝑖, 𝑀𝑖 is the methylation level of 𝐶𝑝𝐺𝑖 and c= -86.729. 128 

Eventually, we then used the validation set and a public dataset which at NCBI Gene 129 

Expression Omnibus (GEO) under accession number GSE108213(20) and 130 

GSE67919(36) to verify the predict performance of BEpiC. 131 

Genomic enrichment analysis of significant aging-associated CpG sites 132 

To understand the enrichment of aging-associated CpG sites on the genome. 133 

Normalized degree of enrichment(14) was calculated as: 134 N𝑖 = (𝑠𝑏 × 𝐵𝑆) − 1 135 

Where s, b are the number of significant sites and the number of background sites at a 136 

given region i, such as CpG island. S, B is total number of significant sites and total 137 

number of background sites, respectively. 138 

Breast cancer subtypes based on epigenetic age 139 

We calculated the epigenetic age of breast cancer samples by using BEpiC. The mean 140 

absolute error (MAE) between chronological age and epigenetic age of normal breast 141 

sample from TCGA and GSE108213 is 5.3 years. We use twice the MAE (5.3 years) of 142 

BEpiC in normal samples as the standard for dividing subtypes. Breast cancer samples 143 

were divided into three subtypes, which were samples with deviation between 144 

epigenetic age and chronological age higher than 10.6 years, samples with deviation 145 

between epigenetic age and chronological age lower than 10.6 years, and the remaining 146 

samples. Up-regulated genes for each breast cancer subtype were screened in a “one vs. 147 

rest” fashion by using the Bioconductor package limma, with false-discovery rate-148 
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corrected p-value less than 0.05 and fold change greater than 1.5 considered significant. 149 

Statistical Analysis 150 

CpG sites that differ in methylation between tumor and normal samples were defined 151 

by t test and multiple testing correction was performed using FDR. CpG sites with both 152 

FDR<0.05 and a minimum change of ±0.3 in DNA methylation level between tumor 153 

samples and normal samples were defined as differential methylation CpG sites. The 154 

Kaplan-Meier survival plots were used to estimate OS and disease-free survival (DFS), 155 

and the difference in OS or DFS between the Development, Homeostasis and Mitosis 156 

subtype was determined using log-rank tests with R package ‘survival’. The mitotic 157 

index could reflect the proportion of dividing cells in the population. Studies have 158 

confirmed that the mitotic index can be represented by the average expression level of 159 

mRNA of CDKN3, ILF2, KDELR2, RFC4, TOP2A, MCM3, KPNA2, CKS2 and 160 

CDC2(16). We used the average FPKM expression values of the nine genes in the 161 

cancer samples to represent the mitotic indexes of each sample. To calculate TMB of 162 

breast cancer samples, synonymous variant and intron variant was excluded(13). 163 

Finally, the number of mutations on the million-base was calculated as the TMB of the 164 

sample. Tumor-infiltrating immune cells in breast cancer samples was estimated by 165 

CIBERSORT(37). The R package “estimate”(38) was used to evaluate stromal score 166 

and immune score of breast cancer sample. All the statistical analyses were performed 167 

in R versions 3.5.3. 168 

Results 169 

DNA methylation is associated with age in human breast tissue 170 
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DNA methylation data of 884 breast samples were downloaded from The Cancer 171 

Genome Atlas (TCGA) and tissues adjacent to cancer were extracted as normal breast 172 

tissues, aged 28 to 90. Aging-associated CpG sites were identified by using pearson 173 

correlation analysis between age and DNA methylation levels of CpG sites in normal 174 

breast tissues. 4,330 CpG sites were associated with age, of which 4,150 (95.8%) CpG 175 

sites were significantly positively correlated with age (Figure 2A). It shows that DNA 176 

methylation levels of most of aging-associated CpG sites increases with age in normal 177 

breast tissues (Figure 2B). This phenomenon has also been demonstrated in other 178 

human tissues(39). Some CpG sites regulated the expression of age-associated gene 179 

(Supplementary Figure 1). It proves that aging-associated DNA methylation may cause 180 

gene expression to change with aging. 181 

We corrected the number of all probes on each genomic region in Illumina Infinium 182 

HumanMethylation450 BeadChip to test the enrichment of aging-related CpG sites on 183 

the genomic region. The significantly positive aging-associated CpG sites mainly 184 

enriched in CpG island shore, exon and 2Kb downstream regions of the gene. CpG sites 185 

which significantly negatively correlated with age mainly enriched in the CpG island 186 

desert, introns and intergenic regions. We found that changes of DNA methylation 187 

levels of aging-associated CpG sites rarely occur on CpG islands and promoter regions 188 

(Figure 2C). It can be inferred that these two regions may protect the DNA methylation 189 

levels of aging-associated CpG sites and this phenomenon was also found in multiple 190 

tissues of mouse(14). Next, the relationship between aging and cancer in DNA 191 

methylation level was explored. We identified 5,192 differential methylation CpG sites 192 



10 

 

(DMC) between breast cancer samples and normal samples. There was significant 193 

correlation (cor: -0.4457) between DNA methylation difference level of DMC and 194 

aging-correlation coefficient of DMC by pearson correlation test (Figure 2D). This 195 

suggested that cancer and aging were opposite processes(40) in breast tissue(12). This 196 

phenomenon is also confirmed at the level of gene expression(41). Hypermethylated 197 

CpG sites in cancer were demethylated during aging, conversely, Hypomethylated CpG 198 

sites in cancer were methylated during aging. 199 

 200 

Epigenetic clock could predict the chronological age of normal breast tissue 201 

A dataset consisting of 92 normal breast samples and 351427 CpG sites was constructed. 202 

The dataset was randomly divided into training set and testing set according to the ratio 203 

of 1:1. We used an elastic-net regression model to predict the age of normal breast tissue 204 

samples and the final model was based on 21 CpG sites. BEpiC was constructed using 205 

the DNA methylation level and weight of 21 CpG sites and performed well across 206 

training set and testing set. In training set, epigenetic age is highly correlated with 207 

chronological age (cor: 0.9807), with mean absolute error (MAE) is 3.62 years (Figure 208 

3A). In testing set, the correlation coefficient between epigenetic age and chronological 209 

age is 0.8815, with MAE is 6.10 years (Figure 3B). GSE108213(42) dataset was 210 

downloaded from Gene Expression Omnibus (GEO https://www.ncbi.nlm.nih.gov/geo/) 211 

as an independent validation set, including 85 normal breast samples. Epigenetic age of 212 

samples from GSE108213 were calculated by BEpiC and is relevant to chronological 213 

age (cor: 0.657), with MAE is 5.77 years (Figure 3C). The weight of 21 CpG sites is 214 



11 

 

closely related to correlation coefficients between DNA methylation level and age 215 

(Figure 3D). In addition, the 21 CpG sites are mainly located in the gene body and 216 

neighboring genes were enriched in the known functions including DNA replication, 217 

mitotic cell cycle and lipid transport.  218 

Then, we compared the prediction performance of BEpiC and the Horvath clock for 219 

epigenetic age of breast tissues. Epigenetic age identified by BEpiC had significant 220 

correlation with that identified by Horvath clock in Dataset1 and GSE108213 221 

(Supplementary Figure 2). And MAE between epigenetic age and chronological age 222 

from BEpiC and Horvath clock were 4.86 years and 7.59 years in normal breast samples 223 

from TCGA, respectively. In GSE108213, MAE between epigenetic age and 224 

chronological age from BEpiC and Horvath clock were 5.77 years and 9.60 years, 225 

respectively (Figure 3E). GSE67919(36) was also downloaded to compare the 226 

predictive performance of BEpiC and Horvath model for epigenetic age of normal 227 

breast tissue. The correlation between chronological age and epigenetic age by BEpiC 228 

and Horvath was 0.703 and 0.679, respectively (Figure 3F-G). The MAE between 229 

epigenetic age and chronological age of BEpiC was significantly less than that of 230 

Horvath in GSE67919 (Figure 3H). Thus, BEpiC was more accurate than Horvath clock 231 

for predicting epigenetic age for breast normal samples. 232 

 233 

Epigenetic clock identified three breast cancer subtypes 234 

The DNA methylation pattern of breast cancer samples had changed compared to 235 

normal tissue. To test whether epigenetic age could predict the chronological age of 236 
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breast tumor sample, BEpiC was used to calculate epigenetic age in breast cancer 237 

samples. We found a large difference between the epigenetic age and chronological age 238 

of breast cancer samples (MAE: 17.55 years). This is because the aging process of 239 

breast cancer tissue was significantly different from that of normal tissue(43). 240 

It has not yet been determined whether there is heterogeneity in breast cancer tumor 241 

samples with different aging patterns. So, breast cancer samples were divided into three 242 

subtypes based on the deviation between epigenetic age and chronological age (Figure 243 

4A). A sample whose epigenetic age was 10.6 years (twice the MAE of BEpiC in 244 

normal samples) older than chronological age was defined as epigenetic age 245 

acceleration. Then, a sample whose epigenetic age was 10.6 years younger than 246 

chronological age was defined as epigenetic age deceleration. To obtain the biological 247 

characteristics of each subtype, we identified genes which were significantly up-248 

regulated in a subtype compared with other subtypes (Figure 4B). High expression 249 

genes in the epigenetic age acceleration samples mainly enriched in mammary gland 250 

epithelium development, mammary gland epithelial cell proliferation, mammary gland 251 

development, branching involved in mammary gland duct morphogenesis and 252 

reproductive structure development, so we termed this subtype as development 253 

(Supplementary Figure 3A). High expression genes in the epigenetic age deceleration 254 

samples mainly enriched in mitotic nuclear division, mitotic spindle assembly, spindle 255 

assembly, nuclear division and organelle fission, so we termed this subtype as mitosis 256 

(Supplementary Figure 3C). High expression genes in remaining samples mainly 257 

enriched in retina homeostasis, antibacterial humoral response, tissue homeostasis, 258 
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receptor-mediated endocytosis and regulation of respiratory burst, so we termed this 259 

subtype as homeostasis (Supplementary Figure 3B). 260 

We compared the overall survival and disease-free survival of breast cancer patients 261 

with three subtypes (Figure 4C). Patients of these three subtypes have significant 262 

differences in overall survival (p=0.00047) and disease-free survival (Supplementary 263 

Figure 3D). Patients with development subtype had the best prognosis and patients with 264 

mitosis subtype had the worst prognosis. We inferred that breast cancer patients whose 265 

epigenetic age is decelerated may have worse survival prognosis. Similarly, samples 266 

with epigenetic age deceleration were also found to have higher cancer risk in normal 267 

colon tissue(44). This may suggest that epigenetic age deceleration is danger signal in 268 

both normal and cancer tissues. Mitotic index of breast cancer samples was calculated 269 

and negatively correlated with epigenetic age (cor: -0.288). Patients with mitosis 270 

subtype had a higher tumor mitotic rate than patients in other subtypes (Figure 4D). 271 

This indicates that tumor cells in mitosis subtype were more active than other 272 

subtypes(18), so breast cancer patients with mitosis subtype had a worse survival 273 

prognosis. 274 

 275 

Molecular and clinical characteristics analysis of mitosis subtype. 276 

To explain the differences of the three subtypes at survival, we examined the somatic 277 

mutation of the three subtypes. TP53 is a tumor suppressor gene, and its mutation occurs 278 

in many breast cancer patients(45, 46). In 788 samples, TP53 mutations occurred 223 279 

(28.3%) breast cancer samples (Supplementary Figure 4). We found that the mutation 280 



14 

 

frequency of TP53 is lowest in development subtype (24%), the mutation frequency of 281 

TP53 is highest in mitosis subtype (32%), and the mutation frequency of TP53 is 28% 282 

in homeostasis subtype. TTN that proved to be associated with breast cancer 283 

prognosis(47) had different mutation frequency in three subtypes. The mutation 284 

frequencies of TTN were 18%, 21% and 31% in development, homeostasis, and mitosis 285 

subtype, respectively (Figure 5A-C). Next, copy number variation in breast cancer 286 

patients was analyzed. It was found that the three subtypes had significant differences 287 

in copy number amplification (p<2.2e-16) and copy number deletion(p=1.3e-14). The 288 

mitosis subtype was significantly higher than the other two subtypes in terms of copy 289 

number amplification and copy number deletion (Figure 5D-E). This may reveal the 290 

reasons for the poor survival prognosis of the mitosis subtype. 291 

The clinical information of breast cancer patients was obtained from TCGA. The 292 

proportion of patients with three subtypes was calculated in stage T, stage N, stage M 293 

and pathological stage. It was found that the proportion of patients with mitosis subtype 294 

in T4, N3, stage iii-iv was higher than the other two subtypes (Supplementary Table 2). 295 

It also demonstrated that most breast cancer patients with mitosis subtype were 296 

advanced cancer patients with poor prognosis. 297 

We analyzed the relationship between PAM50 signature and BEpiC and found that 298 

Basal subtypes has a large overlap with mitosis subtypes (Figure 5F). This indicates 299 

that the epigenetic age of breast cancer tissues was decelerate in the Basal subtypes, so 300 

the prognosis of Basal subtypes patients was worse. 301 

 302 
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Immunotherapy has a better therapeutic effect for mitotic subtype 303 

We focus on the treatment of patients with three subtypes, and whether the patients with 304 

three subtypes are different in terms of medication. We compared the prognosis of three 305 

breast cancer subtypes taking tamoxifen as a commonly used drug in the treatment of 306 

breast cancer (Supplementary Figure 5). There was no significant difference in 307 

prognosis of the three subtypes taking tamoxifen (p=0.57). 308 

Since the patients of the three subtypes were significantly different at the molecular 309 

level and survival prognosis, we wanted to know if the patients of the three subtypes 310 

are different for immunotherapy. The proportion of immune infiltrating cells in breast 311 

cancer samples was calculated using CIBERSORT (https://cibersort.stanford.edu/), and 312 

the difference in the proportion of immune infiltrating cells of samples of the three 313 

subtypes was compared (Supplementary Figure 6A). Activated T cells CD4 memory, T 314 

cells follicular helper, Macrophages M0 and Macrophages M1 differed significantly 315 

among the three subtypes and had a higher proportion in mitosis subtype. While naive 316 

B cells, plasma cells, resting memory CD4 T cells, resting dendritic cells and resting 317 

mast cells differed significantly among the three subtypes and had a lower proportion 318 

in mitosis subtype (Figure 6). The different infiltration patterns indicated that the three 319 

subtypes might have different immune system. 320 

 321 

Previous studies have shown that stromal cells have a huge impact on immunotherapy 322 

(48, 49). Stromal scores of breast cancer samples were evaluated by using R Package 323 

“estimate”. Stromal score of mitosis subtype was significantly higher than stromal score 324 
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of development subtype (p = 0.011) and homeostasis subtype (p = 0.00046, 325 

Supplementary Figure 6B). This may indicate that stromal environment of patients with 326 

mitosis subtype is significantly different from the other two subtypes. We also 327 

compared the tumor mutation burden among the three subtypes and found that tumor 328 

mutation burden (TMB) of patients with mitosis subtypes had significantly higher than 329 

the other two subtypes (Figure 7A). Basal subtypes and Her2 subtypes also had higher 330 

TMB than the LumA subtypes and LumB subtypes. The proved that Basal subtypes and 331 

Her2 subtypes might have a better response to immunotherapy (Supplementary Figure 332 

6C). It shows that mitosis subtype had a better immunotherapy response than the other 333 

two subtypes(50). 334 

Cytotoxic T-lymphocyte-associated protein 4 (CTLA4) is a key immune checkpoint 335 

which maintain the immune system(51). Expression level of CTLA4 was compared in 336 

three subtypes and significantly different between development subtype and mitosis 337 

subtype (Figure 7B). Methylation of CTLA4 can be used to assess response of 338 

immunotherapy(52), so we focus on whether expression of CTLA4 is regulated by 339 

methylation. Four CpG sites were found in the promoter region of CTLA4 and their 340 

methylation levels were lower in the mitosis subtype compared to the development 341 

subtype. It suggests difference in methylation of CpG results in difference of expression 342 

levels of immune genes and ultimately might affect the response to immunotherapy(53). 343 

 344 

Online tool for breast epigenetic clock 345 

To help researchers get epigenetic age of breast tissue and breast cancer subtype, we 346 
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developed a BEpiC web server (http://bio-bigdata.hrbmu.edu.cn/BEpiC/). The platform 347 

(Figure 8) provides a friendly interface that provides computing and download 348 

functions. To obtain the epigenetic age of breast tissue, users need to submit 349 

methylation data containing 21 CpG sites. If users want to get the breast cancer subtype, 350 

they need to add chronological age information.  351 

 352 

Discussion 353 

Horvath and Hannum have built epigenetic clock in multiple human tissues and blood(8, 354 

14, 54), but DNA methylation exhibits tissue-specific pattern in mammals that regulates 355 

tissue-specific gene transcription(55). Therefore, it is necessary to establish a tissue-356 

specific age prediction model, which can more accurately predict the chronological age 357 

of tissues. In this study, we systematically examined the associations between age and 358 

DNA methylation in breast tissue. BEpiC was constructed to predict epigenetic age 359 

significantly associated with chronological age in normal breast tissue. Epigenetic age 360 

that can describe the degree of aging was associated with mortality independently of 361 

chronological age(44). BEpiC was also used to identify breast cancer subtypes based 362 

on the difference between epigenetic age of breast cancer samples and chronological 363 

age. The three subtypes had significant differences in prognosis and the mitosis subtype 364 

had the worst prognosis. We also found that epigenetic age had a negative correlation 365 

with cell mitosis. Epigenetic age deceleration is a risk factor not only for normal 366 

tissues(44, 56), but also for cancer tissues. It might confirm that breast tissue tissues 367 

with epigenetic age deceleration had higher mitotic index. Mitotic cell division 368 
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increases tumor mutation burden and copy number variation, making tumor cells easier 369 

to recognize by immune cells(28). 370 

So, we studied the response to immunotherapy among the three subtypes. The mitosis 371 

subtype had higher TMB and it might lead to that mitosis subtype had a better 372 

immunotherapy response than the other two subtypes(50). 373 

Conclusions 374 

Using DNA methylation data, we constructed an apparent clock of breast tissue that 375 

could be used to classify breast cancer subtypes. Our results suggest that breast cancer 376 

samples presenting epigenetic age deceleration had a poor survival prognosis and a 377 

better response to immunotherapy. The findings may contribute to the diagnosis and 378 

treatment of breast cancer. 379 

 380 
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 545 

Figures legends 546 

Figure 1. The Construction and application of breast epigenetic clock. 547 

Figure 2. Aging-associated CpG sites in normal breast tissue. (A) Overview of 548 

pearson correlation calculated in normal breast tissue. Nominal correlations are 549 

highlighted (p value < 0.05) in wathet (positive) and light red (negative). Significant 550 

correlations are highlighted (FDR < 0.05) in blue (positive) and red (negative). (B) 551 

Heatmap of DNA methylation of aging-associated CpG sites. A white to green gradient 552 

represents the gradual increase in age. (C) Genome enrichment of aging-associated 553 

CpG sites (tested using chi-square test; *p value < 0.05). (D) Correlation between DNA 554 

methylation difference of DMC and aging-correlation coefficient of DMC. The 555 

horizontal axis represents the correlation coefficient between age and DNA methylation 556 

of DMC in normal samples. The vertical axis represents DNA methylation difference 557 

between cancer samples and normal samples. 558 

Figure 3. Chronological age was predicted based on DNA methylation in human 559 

breast tissue. (A-C) Epigenetic age vs. chronological age from training set (A), testing 560 

set (B) and GSE108213 dataset (C). (D) Scatter plot depicting the relationship between 561 

weight and aging-correlation coefficient of CpG sites. Blue spots are negatively aging-562 

associated CpG sites and orange spots are positively aging-associated CpG sites. (E) 563 
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Comparison of predictive performance between BEpiC and the Horvath clock. The Y-564 

axis represents the mean absolute error between epigenetic age and chronological age 565 

(tested using t test; * represent p<0.05, ** represent p<0.01, *** represent p<0.001, 566 

**** represent p<0.0001). (F-G) Chronological age vs. epigenetic age estimated by 567 

BEpiC (F) and Horvath clock (G) in GSE67919. (H) Comparison of predictive 568 

performance between BEpiC and the Horvath clock in GSE67919 (tested using t test; 569 

* represent p<0.05, ** represent p<0.01, *** represent p<0.001, **** represent 570 

p<0.0001). 571 

Figure 4. Three breast cancer subtypes identified by BEpiC based on epigenetic 572 

age. (A) Subtypes of breast cancer were classified based on the deviation between 573 

methylated age and chronological age. (B) Gene signature expression profiler and GO 574 

annotation for the three subtypes. The red dot, the yellow dot, and the blue dot represent 575 

development subtype, homeostasis subtype and mitosis subtype, respectively. (C) 576 

Kaplan–Meier curve for patients of the three subtypes. (D) Mitotic index in three 577 

subtypes (p values by Wilcoxon test). 578 

Figure 5. Molecular differences among the three subtypes. (A-C) Gene mutation 579 

frequency in development subtype (A), homeostasis subtype (B) and mitosis subtype 580 

(C). (D-E) Number of copy number amplification (D) and copy number deletion (E) 581 

among the three subtypes (P values by Kruskal-Wallis test). (F) Association between 582 

breast cancer subtypes defined by BEpiC and pam50 molecular subtypes. 583 

Figure 6. Immune infiltrating cells that differ significantly between the three 584 

subtypes. (A-J) Comparison of proportion of T cell CD4 memory activated, T cell CD4 585 
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memory resting, T cell follicular helper, Macrophages M0, Macrophages M1, B cells 586 

naive, Plasma cells, Dendritic resting, Mast cells resting among the three subtypes (P 587 

values by Kruskal-Wallis test).  588 

Figure 7. Comparison of immunotherapeutic response among the three subtypes. 589 

(A) Tumor mutation burden in each subtype (P values by Kruskal-Wallis test). (B) 590 

Expression of CTLA4 in each subtype (P values by Kruskal-Wallis test). (C-F) 591 

Methylation level of cg05074138 (C), cg08460026 (D), cg22572158 (E) and 592 

cg26091609 (F) in development subtype and mitosis subtype. 593 

Figure 8. Schematic overview of the breast epigenetic clock. The web server could 594 

use the data submitted by the user to calculate the epigenetic age and breast cancer 595 

subtypes. 596 

 597 



Figures

Figure 1

The Construction and application of breast epigenetic clock.



Figure 2

Aging-associated CpG sites in normal breast tissue. (A) Overview of pearson correlation calculated in
normal breast tissue. Nominal correlations are highlighted (p value < 0.05) in wathet (positive) and light
red (negative). Signi�cant correlations are highlighted (FDR < 0.05) in blue (positive) and red (negative).
(B) Heatmap of DNA methylation of aging-associated CpG sites. A white to green gradient represents the
gradual increase in age. (C) Genome enrichment of aging-associated CpG sites (tested using chi-square
test; *p value < 0.05). (D) Correlation between DNA methylation difference of DMC and aging-correlation
coe�cient of DMC. The horizontal axis represents the correlation coe�cient between age and DNA



methylation of DMC in normal samples. The vertical axis represents DNA methylation difference between
cancer samples and normal samples.

Figure 3

Chronological age was predicted based on DNA methylation in human breast tissue. (A-C) Epigenetic age
vs. chronological age from training set (A), testing set (B) and GSE108213 dataset (C). (D) Scatter plot
depicting the relationship between weight and aging-correlation coe�cient of CpG sites. Blue spots are



negatively aging-associated CpG sites and orange spots are positively aging-associated CpG sites. (E)
Comparison of predictive performance between BEpiC and the Horvath clock. The Y-axis represents the
mean absolute error between epigenetic age and chronological age (tested using t test; * represent
p<0.05, ** represent p<0.01, *** represent p<0.001, **** represent p<0.0001). (F-G) Chronological age vs.
epigenetic age estimated by BEpiC (F) and Horvath clock (G) in GSE67919. (H) Comparison of predictive
performance between BEpiC and the Horvath clock in GSE67919 (tested using t test; * represent p<0.05,
** represent p<0.01, *** represent p<0.001, **** represent p<0.0001).

Figure 4

Three breast cancer subtypes identi�ed by BEpiC based on epigenetic age. (A) Subtypes of breast cancer
were classi�ed based on the deviation between methylated age and chronological age. (B) Gene



signature expression pro�ler and GO annotation for the three subtypes. The red dot, the yellow dot, and
the blue dot represent development subtype, homeostasis subtype and mitosis subtype, respectively. (C)
Kaplan–Meier curve for patients of the three subtypes. (D) Mitotic index in three subtypes (p values by
Wilcoxon test).

Figure 5



Molecular differences among the three subtypes. (A-C) Gene mutation frequency in development subtype
(A), homeostasis subtype (B) and mitosis subtype (C). (D-E) Number of copy number ampli�cation (D)
and copy number deletion (E) among the three subtypes (P values by Kruskal-Wallis test). (F) Association
between breast cancer subtypes de�ned by BEpiC and pam50 molecular subtypes.

Figure 6



Immune in�ltrating cells that differ signi�cantly between the three subtypes. (A-J) Comparison of
proportion of T cell CD4 memory activated, T cell CD4 memory resting, T cell follicular helper,
Macrophages M0, Macrophages M1, B cells naive, Plasma cells, Dendritic resting, Mast cells resting
among the three subtypes (P values by Kruskal-Wallis test).

Figure 7



Comparison of immunotherapeutic response among the three subtypes. (A) Tumor mutation burden in
each subtype (P values by Kruskal-Wallis test). (B) Expression of CTLA4 in each subtype (P values by
Kruskal-Wallis test). (C-F) Methylation level of cg05074138 (C), cg08460026 (D), cg22572158 (E) and
cg26091609 (F) in development subtype and mitosis subtype.

Figure 8

Schematic overview of the breast epigenetic clock. The web server could use the data submitted by the
user to calculate the epigenetic age and breast cancer subtypes.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

SupplementaryFigure1.pdf

SupplementaryFigure2.pdf

SupplementaryFigure3.pdf

SupplementaryFigure4.pdf

SupplementaryFigure5.pdf

https://assets.researchsquare.com/files/rs-196073/v1/61f80079797a457ced63a16b.pdf
https://assets.researchsquare.com/files/rs-196073/v1/72b4c19f0229af93ebb06529.pdf
https://assets.researchsquare.com/files/rs-196073/v1/ade39ff36318d9b3d0e5eced.pdf
https://assets.researchsquare.com/files/rs-196073/v1/6d7a8d74cfcd3f450821294a.pdf
https://assets.researchsquare.com/files/rs-196073/v1/d748cc29d07c71cb0bbf3419.pdf


SupplementaryFigure6.pdf

Supplementarymaterial.pdf

https://assets.researchsquare.com/files/rs-196073/v1/0759320773396b78e0e98fe1.pdf
https://assets.researchsquare.com/files/rs-196073/v1/f992a6c693b9aaf8ea176c8a.pdf

