
Genome-Wide Analysis of DNA Methylation
Dynamics During Cervical Carcinogenesis
Jianfang Li 

Guangzhou Medical University
Wen Teng 

Guangzhou Medical University
Yuan Wang 

Guangzhou Medical University
Yuan Tan 

Guangzhou Medical University
Dongmei Zhou 

Guangzhou Medical University
Ting Cao 

Guangzhou Medical University
Yuhua Ou 

Guangdong Women and Children Hospital
Caizhou Zhong 

Guangzhou Medical University
Yingqing Deng 

Guangzhou Medical University
Wei Li 

Guangzhou Medical University
Jieying Xu 

Guangzhou Medical University
Ting Wang 

Guangzhou Medical University
Yongkun Ji 

Guangzhou Medical University
Huilong Long 

Guangzhou Medical University
Linlang Guo 

Southern Medical University
Qianqian Liu 

Guangzhou Medical University
Lipai Chen 

https://doi.org/10.21203/rs.3.rs-895713/v1


Guangzhou Medical University
Ruiyu Xie 

University of Macau
Xiping Luo 

Guangdong Women and Children Hospital
Xiujie Sheng 

Guangzhou Medical University
Xinke Zhou 

Guangzhou Medical University
Deqiang Sun  (  deqiangs@zju.edu.cn )

zhejiang university https://orcid.org/0000-0002-1136-8551

Primary research

Keywords: Genome, DNA, methylation, carcinogenesis

Posted Date: September 23rd, 2021

DOI: https://doi.org/10.21203/rs.3.rs-895713/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

mailto:deqiangs@zju.edu.cn
https://orcid.org/0000-0002-1136-8551
https://doi.org/10.21203/rs.3.rs-895713/v1
https://creativecommons.org/licenses/by/4.0/


Genome-wide analysis of DNA methylation dynamics during cervical 1 

carcinogenesis 2 

Jianfang Li1,2#, Wen Teng1,2,3#, Yuan Wang1,2#, Yuan Tan1,2#, Dongmei Zhou4, Ting Cao4, Yuhua 3 

Ou5, Caizhou Zhong1,2, Yingqing Deng1,2, Wei Li1,2, Jieying Xu1,2, Ting Wang1,2, Yongkun Ji1,2, 4 

Huilong Long1,2, Linlang Guo6, Qianqian Liu7, Lipai Chen7, Ruiyu Xie8*, Xiping Luo5*, Xiujie 5 

Sheng4*, Xinke Zhou1,2*, Deqiang Sun1,2* 6 

 7 

# These authors contributed equally to this study. 8 

* Correspondence: deqiangs@zju.edu.cn (leading contact); zxkstar@126.com; 9 

2008691150@gzhmu.edu.cn; 2488692399@qq.com; ruiyuxie@um.edu.mo 10 

 11 

Affiliations: 12 

1. Innovation centre for Advanced Interdisciplinary Medicine, The Fifth Affiliated Hospital of 13 

Guangzhou Medical University, Guangzhou 510700, China  14 

2. Guangzhou Key Laboratory of Enhanced Recovery after Abdominal Surgery, The Fifth 15 

Affiliated Hospital of Guangzhou Medical University, Guangzhou 510700, China 16 

3. Key Laboratory of Mariculture, Ministry of Education, Ocean University of China, Qingdao 17 

266003, China. 18 

4. Department of Obstetrics and Gynecology, Center for Reproductive Medicine/Department of 19 

Fetal Medicine and Prenatal Diagnosis/BioResource Research Center, Key Laboratory for Major 20 

Obstetric Disease of Guangdong Province, The Third Affiliated Hospital of Guangzhou Medical 21 

University, Guangzhou, 510150, China 22 

5. Department of Obstetrics and Gynecology, Guangdong Women and Children Hospital, 23 

Guangzhou, 511400, Guangdong, China 24 

6. Department of Pathology, Zhujiang Hospital, Southern Medical University, Guangzhou, China 25 

7. Affiliated Cancer Hospital and Institute of Guangzhou Medical University, Guangzhou, China 26 

8. Centre of Reproduction, Development, and Aging, Faculty of Health Sciences, University of 27 

Macau, Taipa, Macau SAR. 28 



Abstract 29 

Background 30 

Cervical cancer is the second most common gynaecological tumor of women worldwide, however, 31 

the molecular mechanism for the cervical carcinogenesis remains elusive. Current study provides 32 

a series of genome-wide DNA methylation blueprints of normal cervix and cervical cancers using 33 

Whole Genome Bisulfite Sequencing. 34 

Results 35 

DNA methylation dynamic alternations during cervical carcinogenesis were focused on the signal 36 

pathway of TGF-beta and epidermal growth factor, which could be used to monitor the treatment 37 

response and Tumorigenesis. Transcription factor of E2F6, MBD2 and STAT3 were interfered by 38 

aberrant methylation in cancer development. Furthermore, those identified novel methylation 39 

markers for the risk of progression along the spectrum of lesion grades could provide new insights 40 

into the prevention and treatment. 41 

Conclusion 42 

DNA methylation signature in cervical cancers can serve as valuable epigenetic markers to guide 43 

the clinical treatment. The epigenetic features detected in this study can be exploited for previously 44 

unidentified biomarker and prognostic marker development.  45 

 46 

Background 47 

Cervical cancer is the second most common gynaecological tumor of women worldwide, 48 

accounting for more than 500,000 new cases and 300,000 deaths each year [1].Current therapies 49 

include surgery and radiotherapy, but the 5-year survival rate is only about 15% among advanced 50 

patients, or worse, there has been little progress in the development of new therapies in recent 51 

years [2]. Infection with carcinogenic human papillomavirus (HPVs) is occurred in nearly all the 52 

cases of cervical cancer and are considered as the high-risk factor in the etiology of cervical cancer 53 

[3]. However, HPV alone is insufficient to cause cervical carcinoma, because most HPV infections 54 

could be cleared within months. Only a few of HPVs persist in the host and inactivate p53 and 55 

retinoblastoma proteins through HPV E6 and E7 oncoproteins, increasing the genomic instability 56 



and even integrating HPV into the host genome in some cases [4]. The molecular mechanism for 57 

the HPV initiated cervical carcinogenesis remains elusive. 58 

Over the past decades, conventional Papanicolaou (Pap) smears testing as a cytological screening 59 

method has been widely used to identify cervical cancer and its precursors. However, the 60 

specificity and sensitivity of Pap testing for high-grade squamous intraepithelial lesion (HGSIL) 61 

was 96.8% and only 55.4% [5]. The knowledge of the relationship HPVs and cervical neoplasia 62 

has contributed to the high-risk HPVs as surrogate markers in clinical screening. Although the 63 

sensitivity of HPV testing was much higher for HGSIL patients (94.6%) than Pap testing, the high 64 

false-positive ratio might result in unnecessary medical and psychological burdens, especially in 65 

early stages of disease [5,6]. To make the early detection of cervical cancer much more feasible 66 

and effective, a screening test with a better diagnostic performance needs to be developed. DNA 67 

methylation biomarker detection seems to be a promising approach with more sensitivity, higher 68 

specificity and more reproducible, which need further development [7,8]. 69 

DNA methylation is one of the well-recognized epigenetic modifications in human cells. Heritable 70 

changes regulated by abnormal DNA methylation play a critical role in development, 71 

differentiation, aging and human diseases such as schizophrenia and most cancers [9]. Both hypo- 72 

and hypermethylation of DNA methylation are increasingly observed in human malignancies in 73 

recent years. Hypomethylation of proto-oncogenes, such as RAS and WNT, leads to the gene 74 

reactivation and chromosomal instabilities and finally results in tumorigenesis [10,11]. On the 75 

contrary, the promoter hypermethylation could inactivate the tumor suppressor genes (TSGs) and 76 

other cancer associated genes, which are involved in many biological functions, such as cell-cycle 77 

control, apoptosis and DNA repair [12,13]. Aberrant promoter methylation changes of oncogenes 78 

and TSGs also detected in cervical cancer, including p16, CADM1, MAL, DAPK1, 79 

MGMT, MYOD1, TIMP3 and so on [14][15]. However, most previous studies in cervical cancer 80 

restricted to specific loci in a limited number of genes that are known in other cancers.  81 

Over the past decade, many microarray and high-throughput sequencing methods have emerged 82 

and promote the analyses of DNA methylation from few loci to a genome-wide scale. The bisulfite 83 

pyrosequencing has developed as a quantitative method for evaluating DNA methylation level at 84 

single CpG sites resolution. As the first version BeadChip for human methylation 85 

analysis,  Infinium 27 K array (HM27) was used to discover the abnormal DNA methylation 86 



changes between pooled SCC patients and normal cervical scraping cells [16]. A series of 255 87 

squamous cell carcinomas (SCC), 49 adenocarcinomas (CCA) and 3 Healthy controls has been 88 

analyzed with HM450 array (TCGA; https://tcga-data.nci.nih.gov/tcga). A recent work 89 

using Illumina Infinium Methylation EPIC array (HM850) identified new methylation markers 90 

along the continuum of cervical intraepithelial neoplasia (CIN) to cervical cancer, including 54 91 

normal, 50 LGSIL, 40 CIN2 and 42 HGSIL samples [17]. Although those microarrays characterize 92 

the methylation status of  27,000 ~ 850,000 CpG sites across the multiple gene promoters and 93 

enhancer repertoires, they only covered less than 3% of the total of 28 million CpG sites known in 94 

human genome, the DNA methylation profile of whole genome remain unclear and need 95 

further demonstrations.  96 

In the current study, we obtained DNA methylomes of different stages of human cervical cancer 97 

tissues and normal cervix control employing Whole Genome Bisulfite Sequencing (WGBS), 98 

which was considered as the golden standard of true methylation states. Herein, we first provided 99 

the genome-wide DNA methylation landscapes of normal cervix, as well as cervical cancers. We 100 

elucidated the DNA methylation dynamic alternations during cervical carcinogenesis and 101 

discussed their underlying mechanisms in cervical cancer. We identified novel methylation 102 

markers for the risk of progression along the spectrum of lesion grades. Taken together, our study 103 

could further our understanding of cervical carcinogenesis and might provide new insights into the 104 

prevention and treatment. 105 

 106 

RESULTS 107 

DNA methylation landscapes of normal cervix and cervical cancers  108 

To profile the DNA methylation patterns in cervical cancers, we collected precancerous lesion 109 

samples from patients with LGSIL (n = 6) and patients with LGSIL (n = 5), and cervical cancer 110 

tissues from patients with squamous cell carcinoma (n = 5) and patients with adenocarcinoma (n 111 

= 2) (Fig. 1a). Meanwhile, we collected normal cervical epitheliums from healthy contributors (n 112 

= 5) used as control samples. The ages of patients used in this study were ranging from 31 ~ 50 113 

with an average of 38.7 years old (Table S1). All the total of 23 samples were successfully 114 

sequenced by deeply WGBS and an average of 431.4 million 150 pair-end reads were obtained 115 

with high bisulfite conversion efficiencies (BCE ≥ 0.987), suggesting the successful run of library 116 



construction and sequence. Over 85.6% of sequencing reads were uniquely aligned to genome 117 

reference with an average high sequencing depth of 23× on CpG dinucleotides, and covering 27.0 118 

- 28.1 million CpG sites sequenced by at least three times, with classical bimodal distribution of 119 

methylation ratio in each sample (Table S1 and Fig. S1a, b). To further evaluate the data quality, 120 

we performed Pearson correlation analysis among individuals from five groups. The results 121 

showed that there are relatively high Pearson correlation coefficients (PCCs) between samples 122 

come from the group of healthy control (PCC ≥ 0.87), followed by precancerous lesions (PCC ≥ 123 

0.82). While the PCCs between individuals from the group of cervical cancers were much lower 124 

(average PCC < 0.79), might suggest an apparent increasing global DNA methylation disorder in 125 

cervical tumor tissues (Fig. S1c). Among groups, patients with precancerous lesions and tumors 126 

were obviously separated from normal cervix controls with decreased PCC values during cervical 127 

cancer development (Fig. S1c). The average DNA methylation ratio revealed that normal cervix 128 

samples had the similar and higher genome-wide methylation ratio (0.78 ± 0.005). However, the 129 

methylation ratio of cervical precancerous lesion and cancer individuals were relatively low and 130 

varied within groups, ranging from 0.74 ± 0.01 to 0.76 ± 0.02, which also suggested the 131 

methylation disorder in cervical patients (Fig. 1b and Fig. S1d). The decreased genome-wide 132 

methylation contributes to genomic instability and result in the occurrence of tumor, which has 133 

been reported in multiple cancers [18]. At the annotated gene coding regions, methylation ratio 134 

was almost depleted at transcription start site (TSS) but enriched through gene body at each group 135 

(Fig 1C and Fig. S1e). To further claim the DNA methylation pattern, we calculated the distribution 136 

of methylation ratio within various genome elements (Fig. 1d and Fig. S2). Except for the whole 137 

genome level, we also observed that the methylation ratio was descended in precancerous lesion 138 

and tumor samples at gene body, gene intron, intergenic genes and repeat elements, such as long 139 

interspersed nuclear elements (LINEs), short interspersed nuclear elements (SINEs) and long 140 

terminal repeats (LTRs). Oppositely, the methylation level at CGI and gene promoter region was 141 

ascended in precancerous lesions and tumors compared to normal cervix.  142 

To validate the methylation ratio of WGBS data, we compared our result with previous public 143 

Human Methylation Array data from hundreds of individuals [19]. We found that our identified 144 

CpG sites (depth ≥ 3) covered over 99.7% of the CpGs designed in methylation arrays in each 145 

group, respectively (Fig. S1f). Within those CpG sites detected in both WGBS and array, high 146 

Pearson correlation (average values > 0.8) between matched samples suggest that our WGBS result 147 



is reliable and the genome globally CpG sites are much powerful for uncovering the methylation 148 

regulation mechanism in cervical cancer than methylation array data (Fig. S1g).  149 

DNA methylation signature in precancerous lesion and cervical cancer 150 

We next identified the differentially DNA methylation cytosines (DMCs) in precancer lesions 151 

(LGSIL and HGSIL) and cervical cancers (SCC and CCA) compared to normal cervix tissue to 152 

unveil tumor driving methylation alternation during cervical carcinogenesis. For the detail, 153 

141,903 Hyper- and 384,265 Hypo-DMCs were detected in LGSIL patients, 156,862 Hyper- and 154 

179,793 Hypo-DMCs in HGSIL, 395,275 Hyper- and 311,657 Hypo-DMCs in SCC and 253,737 155 

Hyper- and 373,935 Hypo-DMCs in CCA with different methylation change (Fig. 2a). Notably, 156 

the methylation level of much more CpGs were changed in tumors than that in precancer lesions 157 

(Fig. 2a). Based on the methylation ratio of the total of identified DMCs across all 23 samples, 158 

principal component analysis significantly separated samples from normal cervix, precancerous 159 

lesions, and cervical tumor, except one CCA patient was closed to precancerous lesions (Fig. 2b). 160 

Similar result was also detected in the common DMCs detected in both our WGBS and previous 161 

HM450/HM850 array data (Fig. S3a). Furthermore, the methylation changes of both SCC and 162 

CCA tumors in WGBS data were highly consistent with previous array data with PCC equal to 163 

0.91 and 0.89, respectively (Fig. S3b). Those results indicated our identified DMCs in cervical 164 

patients is reliable. Next, functional genome analysis divulged that the percentage of Hyper-DMCs 165 

across CpGs located in gene exon, 3’UTR and low complexity repeat region, as well as highly 166 

methylated CpG Islands in normal cervix tissue (CGI ≥ 0.9), compared to global genome reference. 167 

In contrast, Hypo-DMCs tend to frequently occur in repeat elements (Fig. S3c). These findings 168 

were consistent with previously observation, which said that a significant fraction of the 169 

hypermethylated CpG loci located in CGI in contrast to the hypomethylated ones located in 170 

repetitive regions in tumor cells [20]. Notably, we then integrated compared the DMCs between 171 

each two patient groups and found that very few DMC was switched from hypermethylation to 172 

hypomethylation, and vice versa, indicating that the methylation changes in LGSIL, HGSIL and 173 

cervical cancers are consistent (Fig. S3d). Separately, over 90.59% Hyper-DMCs and 66.95% 174 

Hypo-DMCs were detected in any cervical tumors (SCC or CCA), suggesting that the most 175 

methylation variation occurred in tumor cells, through there are 207,992 (22.95%) Hypo-DMCs 176 

only changes in LGSIL patients (Fig. 2c). This DMC information might could serve as potential 177 

biomarkers to report cervical carcinogenesis during clinical early screening. For example, we 178 



observed hypermethylation at the HIST1H4 locus in squamous cell carcinoma (Fig. 2d), similar 179 

abnormal hypermethylation has been reported in 17 types of cancers, including in non-small-cell 180 

lung cancer to classify high- and low-risk stage I and patients with shorter relapse-free survival 181 

[21]. 182 

DNA methylation dynamics in cervical cancer carcinogenesis 183 

To identify the essential DNA methylation patterns and genes that initiate and maintain the cervical 184 

carcinogenesis events, we analyzed the differentially methylated regions (DMRs) based on 185 

previously called DMCs using MOABS. We totally observed 11,376 Hyper- and 24,370 Hypo-186 

DMRs in LGSIL; 12,185 Hyper- and 9,336 Hypo-DMRs in HGSIL, 33,920 Hyper- and 15,885 187 

Hypo-DMRs in SCC and 19,471 Hyper- and 17,187 hypo-DMR in CCA (Fig. 3a). In agreement 188 

with DMCs, Hyper-DMRs tend to locate in CGI while Hypo-DMRs tend to locate in repeat 189 

element regions (Fig. 3b). We next classified these Hyper/Hypo-DMRs into seven clusters based 190 

on the DNA methylation dynamics in cervical cancer development (Fig. 3c). Most of the DMRs 191 

undergo consistent one direction change (consistently Hyper/Hypo-DMRs (LGSIL-to-CC), gained 192 

Hyper/Hypo-DMRs (HGSIL-to-CC), and loss Hyper/Hypo-DMRs (LGSIL specific and LGSIL-193 

to-HGSIL)) (Fig. 3d and Fig. S4a). Motif analysis revealed that many reported tumorigenesis-194 

related transcription factors (TF) motifs were enriched within DMRs (Fig. S4b). For example, 195 

bHLH, Forkhead, Homeobox and MADS were mostly associated with LGSIL-to-CC cluster, 196 

HGSIL-to-CC and CC-specific clusters [22–25]. Functional enrichment with the GREAT indicated 197 

these consistently Hyper-DMRs (LGSIL-to-CC) were significantly enriched for the transforming 198 

growth factor beta (TGFB) signaling pathway, while consistently Hypo-DMRs (LGSIL-to-CC) 199 

were enriched for the Notch signaling pathway and epidermal growth (Fig. 3e) [26]. We chose the 200 

IRF3 gene as an example and found that the promoter region of IRF3 gene is significantly 201 

hypomethylated in precancerous lesions and cervical tumor samples than normal tissue. (Fig. 3g). 202 

IRF3 is a well-known transcription factor that plays an essential role in the process of the innate 203 

immune system’s response to viral infection, such as the high-risk human papillomavirus E6 204 

(hrHPV E6) [27–29]. To check whether these DMRs subsequently have an impact on gene 205 

regulation during cervical tumorigenesis, we next employed gene expression data of 206 

adenocarcinoma from GSE145372. We found that gene’s expression is reversely correlated with 207 

the DNA methylation changes within gene transcription start site (TSS) up/downstream 1 kb (Fig. 208 

S4C). Considering bisulfite sequencing cannot discriminate between 5-methylcytosine (5mC) and 209 



5-hydroxymethylcytosine (5hmC), we further compared our 5mC data with public 5hmC data 210 

downloaded from E-MTAB-7810. We found 57.9% of CpGs within Hyper-DMRs of squamous 211 

cell carcinoma in our data showed reduced 5hmC in early-stage (I to IIa) squamous cell carcinoma, 212 

and 65.2% of CpGs within Hyper-DMRs of squamous cell carcinoma in our data showed reduced 213 

5hmC in advanced stage (IIb to IV) squamous cell carcinoma. Meanwhile, there were 42.1% of 214 

CpGs within Hypo-DMRs of squamous cell carcinoma in our data had increased 5hmC in early-215 

stage (I to IIa) squamous cell carcinoma, and 36.4% of CpGs within Hyper-DMRs of squamous 216 

cell carcinoma in our data had increased 5hmC in advanced stage (IIb to IV) squamous cell 217 

carcinoma (Fig. S4D). 218 

Methylation dynamics disruptes Transcription factor binding and target gene expression 219 

In cancer, many signaling pathways were dysregulated, such as ‘Wnt signaling pathway’, ‘Notch 220 

signaling pathway’, which leads to uncontroled growth of cells [30,31]. The common processes 221 

for signaling transduction in these pathways need receptors, proteins that convey the signals and 222 

transcription factors (TF) that regulate specific gene expression in the downstream [32]. Therefore, 223 

the dysfunction of TF is one of the leading factors in carcinogenesis. To study the effect of 224 

methylation on TF in cervical cancer, all cervical cancer related TFs were collected from cistrome 225 

database. We found the methylation ratio of E2F6 promoter decreased as the disease progressed 226 

from normal cervix to cancer, as well as the expression level of E2F6 was up-regulated (Fig4. A). 227 

E2F6 as a member of E2F family paticipates in cell cycle process and promotes cell proliferation 228 

by targeting E2F target genes [33–35]. Our results suggest E2F6 as a potential risk factor in 229 

cervical cancer in which E2F6 high expression is caused by hypo-methylation in promoter region. 230 

Besides to activate or repress the TF per se, methylation on TF target regions has great effect on 231 

binding affinity [36–38]. To find the TFs which binding were significantly disrupted by 232 

methylation changes, the proportion of DMC on TF peaks were measured for each TF. 233 

Dramatically hyper-methylation was found on MBD2 peaks in cancer patients (Fig4. B and FigS5. 234 

A). And the mean methylation levels on MBD2 peaks enhance gradually as disease progressed 235 

(Fig. 4 C). In additon, 919 MBD2 target genes were differentially expressed in cancer (449 down-236 

regulated and 470 up-regulated) (Fig. 4 D), and functional enrichment analysis shows that 237 

dysfunction of MBD2 was related with many cancer pathways (Fig. 4 E). For example, in Wnt 238 

signaling pathway, the abberant methylation on MBD2 targets improve the transmission of 239 



extracellular signal by inhibiting Rspo and FRP and further promote the cell cycle by activating 240 

Ponthin52 and TCF/LEF (Fig. 4 F). Dysregulation of other cancer pathways, such as ‘Hippo 241 

signaling pathway’ and ‘cAMP signaling pathway’, can also be attributed to methylation alteration 242 

on MBD2 targets (Fig. S5b). STAT3 is another TF that shows significantly hypo-methylation on 243 

binding peaks in cancer (Fig. S5c). The differential methylation on STAT3 peaks account for 1160 244 

DEGs in cancer (373 down-regulate and 787 up-regulate). Functional enrichment results showed 245 

hypo-methylation on STAT3 binding regions activate hDLG, Bak, p43 and hTid-1, which 246 

contribute to cervical cancer development by promoting cell transformation, proliferation and 247 

immunosuppression (Fig. S4d, e). STAT3 also invovled in ‘JAK-STAT signaling pathway’ 248 

regulating (Fig. S5f, g), and it has been reported that the binding of STAT3 is related with IL-10 249 

expression [39]. which is an immune suppressor and can mediate the macrophage polarization into 250 

M2 phenotypic in cervical cancer [39]. Taken together, abberant methylation play a key role in 251 

cancer development by interfering with the function of TFs. 252 

HPV infection causes methylation change in cervical cancer. 253 

To uncover the influence of HPVs infection on the cervical cancer, we counted the sequenced 254 

reads come from each HPV virus and compared the result to the clinical HPV testing for each 255 

patient, respectively. The detected HPV type was corresponding to the HPV testing in most 256 

samples, though some of them were simply tested as 12 high risk HPVs positive (including HPV16 257 

and HPV18), indicating the reliable quality of our WGBS library and the clinical HPV testing (Fig. 258 

5a). We then identified the HPV signature DMCs from at least two patients with the infection of 259 

HPV16, HPV18 and HPV31, respectively (HPV52 signature DMC number is too little to show in 260 

this study). 1,078 - 4,380 Hyper- and 3,348 - 10,679 Hypo-DMCs were found and those DMCs 261 

might be caused by specific HPV infection (Fig. 5b). Motif enrichment analysis revealed that 262 

Homeobox motifs were most prominently enriched around Hyper-DMCs, especially in HPV18 263 

signature Hyper-DMCs (Fig. 5c, Top). COUP-TFII motif was associated with the HPV31 264 

signature Hyper-DMCs. Whereas, bZIP and ETS motifs were enriched around HPV signature 265 

Hypo-DMCs (Fig. 5c, Bottom). To further validate this observation, we compared our data with 266 

published COUP-TFII and CEBPB (bZIP family) ChIP-seq data collected in HeLa cells. Similar, 267 

COUP-TFII and CEBPB were mostly enriched around HPV31 Hyper-DMCs and HPV18 Hypo-268 

DMCs, respectively (Fig. 5d, e). Those results indicated those motif family may play a crucial role 269 

in the formation and progression of HPVs induced cervical cancer. 270 



 271 

Discussion 272 

Previous studies have discussed the importance of DNA methylation in human cancers. To date, 273 

no studies have been undertaken to investigate the methylation status across the genome wide in 274 

samples of cervical cancer patients. In the present study, we firstly reported the DNA methylation 275 

blueprint for a series of cervical tissues, including normal cervix, low-grade squamous 276 

intraepithelial lesions (LGSIL), five high-grade squamous intraepithelial lesions (HGSIL), 277 

squamous cell carcinoma (SCC) and two adenocarcinoma (CCA). Those results provide a standard 278 

methylation status for cervical patients.  279 

Comparing the DNA methylation status between cervical patients and normal cervix, aberrant 280 

methylation patterns were found during the multistage pathogenesis of cervical cancer with an 281 

increasing trend to methylation with increasing pathological changes, which similar to previous 282 

study [40]. Furthermore, genes related to TGF-beta signaling pathways and epidermal growth 283 

factors were respectively hypermethylated and hypomethylated in LGSIL, HGSIL and cervical 284 

cancers. Those results indicating the disruption of TGF-beta signaling pathway and other pathways 285 

might contribute to the malignant progression of human cervical tumors. On the other hand, we 286 

also identified DNA methylation dynamics could disrupt the binding of transcription factors, such 287 

as E2F6, MBD2 and STAT3, then dysregulate the expression of target genes. Those changes might 288 

lead to the uncontrolled growth of cervical tissue cells, which has been reported in previous studies 289 

[31,41].  290 

As the knowledge of most cervical cancer were caused by persist infection of different HPV types, 291 

we identified the HPV signature DMCs using our dataset, and identified 1,078 - 4,380 Hyper- and 292 

3,348 - 10,679 Hypo-DMCs in samples infected by HPV16, HPV18 and HPV31, respectively. 293 

Furthermore, Homeobox and bZIP motif families may play a curial role during the cervical cancer 294 

development caused by HPVs. Those markers could be used for the clinical detection and therapy 295 

in the further. 296 

Conclusions 297 



Overall, DNA methylation signature in cervical cancers can serve as valuable epigenetic markers 298 

to guide the clinical treatment. The epigenetic features detected in this study can be exploited for 299 

previously unidentified biomarker and prognostic marker development.  300 

 301 

Methods 302 

Patients and Samples Preparation 303 

In this study, five squamous cell carcinoma (SCC) and two adenocarcinoma (CCA) tissues were 304 

collected from cervical cancer patients, six low-grade squamous intraepithelial lesions (LGSIL) 305 

and five high-grade squamous intraepithelial lesions (HGSIL) were collected from precancerous 306 

lesion patients, and five normal cervical epitheliums from healthy contributors were used as 307 

control. The total of 23 samples were originated from both The Third Affiliated Hospital of 308 

Guangzhou Medical University and Guangdong Women and Children Hospital, which have been 309 

subjected to pathological diagnosis. HPV typing of patient specimens was performed using INNO-310 

LiPA Genotyping Extra kit (Innogenetics, Barcelona, Spain). The demographic and clinical 311 

information of patient were listed in Table S1. All samples were frozen in liquid nitrogen quickly 312 

and preserved in the -80 OC freezer. 313 

WGBS library preparation and data analysis 314 

Genomic DNA was isolated using the DNeasy Blood & Tissue kit (Qiagen). Library preparation 315 

and high-throughput sequencing were conducted by NovaGene (Beijing, China). In brief, purified 316 

genomic DNA (with 1% unmethylated lambda DNA spike-in, Promega) was sheared to a fragment 317 

size of 100–700 bp (primary size 250 bp) and subjected to bisulfite conversion using the EZ DNA 318 

Methylation-gold kit (Zymo Research). Bisulfite-converted DNA was amplified with 13 PCR 319 

cycles and purified by AMPure XP beads (Beckman Coulter). Each library was deep sequenced 320 

on Illumina HiSeq6000 (150-cycle, paired-end). 321 

For WGBS data analysis, we first generated a reference genome including NCBI Human 322 

Reference Genome Build GRCh38 (hg38) and all the types of HPV. Raw FASTQ files of 150 bp 323 

paired-end reads were filtered and mapped to the reference genome using bsmap v.2.89 with paired 324 

mode, and only uniquely mapped reads were retained [42]. BSeQC was applied to perform quality 325 

control [43]. The CpG coverage and DNA methylation ratio were calculated using MCALL 326 



module in MOABS software (--trimWGBSEndRepairPE2Seq 10) [44]. Bisulfite conversion 327 

efficiency for each sample was estimated based on unmethylated lambda DNA spike-in. Only CpG 328 

sites with coverage of more than three were used for downstream analysis. The significantly 329 

differential methylated CpG sites and regions (DMCs and DMRs) were identified using the 330 

MCOMP module considering variance among clinical samples (--withVariance 1) in MOABS 331 

software. The output bedGraph files from MCALL included single-base resolution DNA 332 

methylation ratios, which were transformed into bigwig file format and were uploaded to the 333 

UCSC genome browser for visualization. Motif enrichment analysis of DMRs was performed 334 

using HOMER software, functional annotation was performed using GREAT with default settings, 335 

and many plots related to WGBS was performed using MMINT [45].  336 

To compare the WGBS and methylation assay, the microarray datasets of Illumina 337 

HumanMethyaltion450 (TCGA-CSEC) and Illumina Infinium Methylation EPIC array 338 

(GSE143752) were downloaded from TCGA and NCBI GEO, respectively. The raw transcriptome 339 

sequence data were downloaded from GSE145372 and PRJNA262780. Raw reads were aligned to 340 

the hg38 using HISAT2 with default parameters, and only uniquely mapped reads were used for 341 

downstream analysis. A count matrix for each gene was generated using htseq-count (HTSeq 342 

package). DESeq2 was used to identify significant DEGs between groups (fold change (FC) ≥ 2; 343 

False Discovery Rate (FDR) < 0.05). 344 

Transcription factor analysis 345 

ChIP-seq peak files for cervical cancer related transcription factors (TFs) were collected from 346 

cistrome database (http://cistrome.org), which involved in 158 TFs from 3 different cell types 347 

(HeLa, HeLa-S3 and KB cell) and cervical cancer tissues. The promoter methylation level of these 348 

TFs were defined as the mean methylation for all CpG sites situated within 1 Kb upstream and 500 349 

bp downstream of TSS region. To identify the TFs which binding affinity were disrupted by 350 

abberant methylation level in cancer, the percentage of differentail methylated CpG sites on peaks 351 

were calculated for each TF in each group. Genes with binding peaks in promoter region are 352 

defined as TF target genes. The expression of TF and their targets were studied in public TCGA 353 

CESC RNA-seq datasets, PRJNA262780 and GSE145372. Differential gene expression analysis 354 

was performed with DESeq2 and the functional analysis was carried out with R package 355 

‘clusterProfiler’. Deeptools was used to generate the profile of methylation level on TF peak 356 



regions, with ‘computeMatrix scale-regions’ function [46]. The TF peaks were scaled to 300 bp 357 

and the value was calculated on 10 bp windows. 358 

HPV analysis 359 

In this study, LiBis was employed to improve the HPV mapping efficiency and recognize the HPV 360 

DNA insertion [47]. After the alignment of BSMAP, LiBis dynamically clipped unmapped reads 361 

by 40 bp sliding window (--window 40) at 5 bp step size (--step 5) and remapped obtained clipped 362 

reads to reference genome including hg38 and all HPV types. Only uniquely and continuously 363 

mapped reads were kept for the following recombination process to obtain longer extended 364 

fragments, which were finally considered as the highly confident rescued reads. The reads aligned 365 

to each HPV type were counted for each sample. MOABS was used to identify DMCs for each 366 

patient with specific HPV infection compared to healthy controls without HPV infection. Strictly, 367 

DMCs detected in all patients with specific HPV infection but not detected in other patients, were 368 

identified as HPV signature DMCs and used for further analysis. The bigwig files of COUP-TFII 369 

and CEBPB were downloaded from GSM1126878 (Hela) and GSM935553 (Hela-S3), and the 370 

motif profiles across HPV specific DMCs were calculated using Deeptools [46].  371 
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Figure And Table Legend  505 

Fig. 1. DNA methylation profile of normal cervical tissues, pre-cancerous cervical lesions, 506 

and cervical cancer. (a) Schematic of the experimental design. Normal cervical tissue (n = 5), 507 

LGSIL (LGSIL, n = 6), HGSIL (HGSIL, n = 5), cervical cancers tissue including SCC (n = 5) and 508 

CCA (n = 2) were sampled in this study. (b) Global average DNA methylation levels during 509 

cervical carcinogenesis. Cytosine modification in normal cervical tissues is highly concordant than 510 

that in pathological tissues. (c) DNA methylation patterns across genes of five groups. Genes are 511 

methylated with a sharp drop of methylation at the promoter. (d) Normalized DNA methylation 512 

dynamics in genomic features across individuals.  513 

Fig. 2. Cytosine modification changes during cervical carcinogenesis compared to normal 514 

cervical. (a) Numbers of DMRs showing the increase and decrease methylation level in LGSIL, 515 

HGSIL, SCC and CCA compared to normal cervical tissue. (b) Primary Component of Analysis 516 

of methylation ratio using all differentially methylated CpG sites among all cervical samples. (c) 517 

UpsetR plot showing the consistent and specific Hyper-DMC (upper) and Hypo-DMC (bottom) 518 

from each patient group compared to the normal cohort. (d) UCSC genome browser view of 5mC 519 

enrichment at HIST1H4F gene in normal cervical, LGSIL, HGSIL, SCC and CCA samples.  520 

Fig. 3. Distinct DNA methylation changes characterize cervical carcinogenesis process. (a) 521 

Numbers of DMR showing the increase and decrease methylation level in LGSIL, HGSIL, SCC 522 

and CCA compared to normal cervical tissue. (b) The genomic distribution of DMRs between 523 

health person and LGSIL, HGSIL, SCC and CCA patients. Y-axis represents the percentage of 524 

DMR numbers overlapping corresponding genomic features across the total DMR in the whole 525 

genome. (c) Schematic depicting the cytosine modification dynamic changes during the 526 



carcinogenesis process. LGSIL-to-CC representing consistent Hyper/Hypo-DMR in LGSIL, 527 

HGSIL, SCC and CCA. HGSIL-to-CC representing consistent Hyper/Hypo-DMR in HGSIL, SCC 528 

and CCA. CC specific representing specific Hyper/Hypo-DMR in SCC and CCA. LGSIL/HGSIL 529 

specific representing specific Hyper/Hypo-DMR in LGSIL or HGSIL respectively. LGSIL-to- 530 

HGSIL representing consistent Hyper/Hypo-DMR in LGSIL and HGSIL. Non-HGSIL 531 

representing consistent Hyper/Hypo-DMR in LGSIL, SCC and CCA. (d) Heatmap showing the 532 

cytosine modification dynamic changes in each cluster across all samples. (e) GREAT enrichment 533 

analysis of Hyper-DMRs of LGSIL-to-CC. (f) GREAT enrichment analysis of Hypo-DMRs in 534 

LGSIL-to-CC.  535 

Fig. 4. Methylation dynamics disruptes Transcription factor binding and target gene 536 

expression. (a) The methylation level of TF E2F6 in each condition was shown in the up-panel. 537 

The promoter region was highlighed and the quantitative value was shown in the right barplot in 538 

down-panel. The E2F6 gene expression in normal, low grade, high grade and cancer were 539 

displayed in the boxplot. (b) The scatter plot shows the methylation level of DMCs on MBD2 540 

peaks in normal (x-axis) and (pre-) cancer samples. The color represents the density of DMCs and 541 

the percentage of Hyper/Hypo-DMCs were labeled. (c) The methylation distribution around 542 

MBD2 peaks (+/-1kbp) were shown in different condition. The ‘start’ and ‘end’ represent the 543 

scaled TF peak boundarys. (d) Differential expressed MBD2 target genes were shown in volcano 544 

plot. The x-axis indicates log2 fold-change and y-axis is -log10 p-value from DESeq2 method. 545 

Red and blue dots were used to denote up-regulated and down-regulated targets. (e) The top 20 546 

enriched gene ontology terms were shown in barplot. Color represents the significance of 547 

enrichment analysis. (f) MBD2 target genes were labeled in ‘Wnt signaling pathway’. The blue 548 



and red boxes indicate the target genes that were down-regulated and up-regulated in cervical 549 

cancer.  550 

Fig. 5. HPV infection causes methylation change in cervical cancer. (a) Clinical HPV types 551 

and the alignment reads ratio onto different HPV types in each sample. (b) Heatmap showing the 552 

hierarchical clustering of samples infected by HPVs across signature DMCs caused by HPV16, 553 

HPV18 and HPV31, respectively. Each row represents one DMC, and each column represents one 554 

sample. The color scale from blue to red represents normalized DNA methylation level from low 555 

to high. (c) Transcription factor (TF) motif enrichment analysis of signature Hyper- and Hypo- 556 

DMCs across HPV16, HPV18 and HPV31, respectively. (d) The Profile of COUP-TFII TF across 557 

upstream and downstream 1 kb of signature Hyper-DMCs across HPV16, HPV18 and HPV31, 558 

respectively. (e) The Profile of CEBPB TF across upstream and downstream 1 kb of signature 559 

Hypo-DMCs across HPV16, HPV18 and HPV31, respectively.  560 

Fig. S1. (a) Consistent mean methylation ratio (solid line) and the gradual drop of CpG site 561 

numbers (dotted line) under series sequencing depths were found as expected in each sample. (b) 562 

All samples exhibit the classic frequency of CpG methylation ratio of human tissue. (c) Heatmap 563 

representing the correlation of samples under common CpG methylation ratio. (d) Violin plot 564 

showing the distribution of global DNA methylation levels of samples from five cohorts. (e) DNA 565 

methylation patterns across genes of samples in each group. (f) Venn plot showing the comparison 566 

of detected CpG sites between previously published Illumina HM450/850 array data and our 567 

sequencing data. Boxplot showing the correlation of DNA methylation levels between samples in 568 

this study and samples with public 450k array data from normal tissue, SCC and CCA, respectively.  569 



Fig. S2. Violin plot showing the methylation ratio (quantified as mean mCG/CG) in various gene 570 

structures. The thickness of the bar representing the density of methylation ratio.  571 

Fig. S3. (a) PCA analysis using methylation signals on detected DMCs, including our WGBS data 572 

and published Illumina Human-Methylation450 BeadChip data. (b) The scatter plot showing the 573 

consistent methylation changes between our sequencing data and published Illumina Human- 574 

Methylation450 array data. (c) Percentage of hyperDMC (red bar) and hypoDMC (blue bar) across 575 

detected CpGs in genomic features. Horizontal dotted red/blue line showing the percentage of total 576 

Hyper/Hypo-DMC across detected CpGs in the whole genome, respectively. (d) UpsetR plot 577 

showing the highly consistent methylation changes in LGSIL, HGSIL, and cervical tumor 578 

compared to the normal sample.  579 

Fig. S4. (a) Clustering of Hyper- and Hypo-DMRs. (b) Motif enrichment of Hyper- and Hypo- 580 

DMRs across clustering, respectively. (c) Dot plots depicting the log2 fold change (CCA over Ctr) 581 

of gene expression (y-axis) at DMR regions that were hypermethylated (red) or hypomethylated 582 

(blue) in CCA samples compared with normal cervix. Values indicate the fraction of upregulated 583 

or downregulated genes in Hyper- and Hypo-DMRs, respectively. (d) Dot plots showing dynamic 584 

alternations in DNA hydromethylation within Hyper- (Up) and Hypo-DMRs (Bottom) between 585 

normal cervix and SCC patients. X-axis showed 5hmC levels at the normal cervix and the Y-axis 586 

showed the 5hmC levels at the I-to-IIa stage SCC (Left) and IIb-to-IV stage SCC (Right). The red 587 

dots represent reduced DNA hydromethylation level in Hyper-DMRs in SCC patients. The blue 588 

dots represent induced DNA hydromethylation level in Hypo-DMRs in SCC patients. (e) UCSC 589 

genome browser view of 5mC enrichment at IRF3 gene in normal cervical, LGSIL, HGSIL, SCC 590 

and CCA samples.  591 



Fig. S5. (a) The TFs were sorted by the percentage of DMCs in TF peaks, and top 100 TFs were 592 

shown for each compared group. The height of yellow bar represents the percentage of DMC in 593 

peaks and the height of red and blue bars indicate the percentage of hypo and hyper DMCs. The 594 

label for each bar under the figure is composed of cistrome file ID and TF name. (b) MBD2 target 595 

genes were labeled in ‘cAMP signaling pathway’. The blue and red boxes indicate the target genes 596 

that were down-regulated and up-regulated in cervical cancer. (c) The scatter plot shows the 597 

methylation level of DMCs on STAT3 peaks in normal (x-axis) and (pre-) cancer samples. The 598 

color represents the density of DMCs and the percentage of Hyper/Hypo-DMCs were labeled. (d) 599 

Differential expressed STAT3 target genes were shown in volcano plot. The x-axis indicates log2 600 

fold-change and y-axis is -Log10 p-value from DESeq2 method. Red and blue dots were used to 601 

denote up-regulated and down-regulated targets. (e) STAT3 target genes in were labeled ‘HPV 602 

pathway’. The blue and red boxes indicate the target genes that were down-regulated and up- 603 

regulated in cervical cancer. (f) The methylation distribution around STAT3 peaks (+/-1kbp) were 604 

shown in different condition. The ‘start’ and ‘end’ represents the scaled TF peak boundarys. (g) 605 

STAT3 target genes in were labeled ‘JAK-STAT signaling pathway’. The blue and red boxes 606 

indicate the target genes that were down-regulated and up-regulated in cervical cancer.  607 

Tables 608 

Table S1. Sample clinical information and WGBS data statistics.  609 

 610 
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 612 

Fig. 1. DNA methylation profile of normal cervical tissues, pre-cancerous cervical lesions, and cervical cancer. 613 

(a) Schematic of the experimental design. Normal cervical tissue (n = 5), LGSIL (LGSIL, n = 6), HGSIL (HGSIL, n 614 

= 5), cervical cancers tissue including SCC (n = 5) and CCA (n = 2) were sampled in this study. (b) Global average 615 

DNA methylation levels during cervical carcinogenesis. Cytosine modification in normal cervical tissues is highly 616 

concordant than that in pathological tissues. (c) DNA methylation patterns across genes of five groups. Genes are 617 

methylated with a sharp drop of methylation at the promoter. (d) Normalized DNA methylation dynamics in genomic 618 

features across individuals. 619 



 620 

Fig. 2. Cytosine modification changes during cervical carcinogenesis compared to normal cervical. (a) Numbers 621 

of DMRs showing the increase and decrease methylation level in LGSIL, HGSIL, SCC and CCA compared to normal 622 

cervical tissue. (b) Primary Component of Analysis of methylation ratio using all differentially methylated CpG sites 623 

among all cervical samples. (c) UpsetR plot showing the consistent and specific Hyper-DMC (upper) and Hypo-DMC 624 

(bottom) from each patient group compared to the normal cohort. (d) UCSC genome browser view of 5mC enrichment 625 

at HIST1H4F gene in normal cervical, LGSIL, HGSIL, SCC and CCA samples.626 



 627 

Fig. 3. Distinct DNA methylation changes characterize cervical carcinogenesis process. (a) Numbers of DMR 628 

showing the increase and decrease methylation level in LGSIL, HGSIL, SCC and CCA compared to normal cervical 629 

tissue. (b) The genomic distribution of DMRs between health person and LGSIL, HGSIL, SCC and CCA patients. Y-630 

axis represents the percentage of DMR numbers overlapping corresponding genomic features across the total DMR 631 

in the whole genome. (c) Schematic depicting the cytosine modification dynamic changes during the carcinogenesis 632 

process. LGSIL-to-CC representing consistent Hyper/Hypo-DMR in LGSIL, HGSIL, SCC and CCA. HGSIL-to-CC 633 

representing consistent Hyper/Hypo-DMR in HGSIL, SCC and CCA. CC specific representing specific Hyper/Hypo-634 

DMR in SCC and CCA. LGSIL/HGSIL specific representing specific Hyper/Hypo-DMR in LGSIL or HGSIL 635 

respectively. LGSIL-to-HGSIL representing consistent Hyper/Hypo-DMR in LGSIL and HGSIL. Non-HGSIL 636 

representing consistent Hyper/Hypo-DMR in LGSIL, SCC and CCA. (d) Heatmap showing the cytosine modification 637 

dynamic changes in each cluster across all samples. (e) GREAT enrichment analysis of Hyper-DMRs of LGSIL-to-638 

CC. (f) GREAT enrichment analysis of Hypo-DMRs in LGSIL-to-CC.639 



 640 

Fig. 4. Methylation dynamics disruptes Transcription factor binding and target gene expression. (a) The 641 

methylation level of TF E2F6 in each condition was shown in the up-panel. The promoter region was highlighed and 642 

the quantitative value was shown in the right barplot in down-panel. The E2F6 gene expression in normal, low grade, 643 

high grade and cancer were displayed in the boxplot. (b) The scatter plot shows the methylation level of DMCs on 644 

MBD2 peaks in normal (x-axis) and (pre-) cancer samples. The color represents the density of DMCs and the 645 

percentage of Hyper/Hypo-DMCs were labeled.  (c) The methylation distribution around MBD2 peaks (+/-1kbp) were 646 

shown in different condition. The ‘start’ and ‘end’ represent the scaled TF peak boundarys. (d) Differential expressed 647 

MBD2 target genes were shown in volcano plot. The x-axis indicates log2 fold-change and y-axis is -log10 p-value 648 

from DESeq2 method. Red and blue dots were used to denote up-regulated and down-regulated targets. (e) The top 649 

20 enriched gene ontology terms were shown in barplot. Color represents the significance of enrichment analysis. (f) 650 

MBD2 target genes were labeled in ‘Wnt signaling pathway’. The blue and red boxes indicate the target genes that 651 

were down-regulated and up-regulated in cervical cancer. 652 



 653 

 654 

Fig. 5. HPV infection causes methylation change in cervical cancer. (a) Clinical HPV types and the alignment 655 

reads ratio onto different HPV types in each sample. (b) Heatmap showing the hierarchical clustering of samples 656 

infected by HPVs across signature DMCs caused by HPV16, HPV18 and HPV31, respectively. Each row represents 657 

one DMC, and each column represents one sample. The color scale from blue to red represents normalized DNA 658 

methylation level from low to high. (c) Transcription factor (TF) motif enrichment analysis of signature Hyper- and 659 

Hypo-DMCs across HPV16, HPV18 and HPV31, respectively. (d) The Profile of COUP-TFII TF across upstream and 660 

downstream 1 kb of signature Hyper-DMCs across HPV16, HPV18 and HPV31, respectively. (e) The Profile of 661 

CEBPB TF across upstream and downstream 1 kb of signature Hypo-DMCs across HPV16, HPV18 and HPV31, 662 

respectively.663 
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