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A B S T R A C T   

Background: Whole-genome bisulfite sequencing (WGBS) technology can provide comprehensive DNA methylation at a single-base resolution on a 
genome-wide scale, and is considered to be the gold standard for the detection of 5-methylcytosine (5 mC). However, the International Human 
Epigenome Consortium propose a full DNA methylome should have at least 30 fold redundant coverage of the reference genome from a single 
biological replicate. Therefore, it remains cost prohibitive for large-scale studies. To find a solution, the DNBSEQ-Tx sequencing was developed that 
can generate up to 6 Tb data in a single run for projects involving large-scale sequencing. 
Results: In this study, we provided two WGBS library construction methods DNB_PREBSseq and DNB_SPLATseq optimized for the DNBSEQ-Tx 
sequencer, and demonstrated the performance of these two methods on the DNBSEQ-Tx platform, using the DNA extracted from four different 
cell lines. We also compared the sequencing data from these two WGBS library construction methods with HeLa cell line data from ENCODE 
sequenced on Illumina HiSeq X Ten and WGBS data of two other cell lines sequenced on HiSeq2500. Various quality control (QC) analyses such as 
the base quality scores, methylation-bias (m-bias), and conversion efficiency indicated that the data sequenced on the DNBSEQ-Tx platform met the 
WGBS-required quality controls. Meanwhile, our data closely resembled the coverage shown by the data generated by the Illumina platform. 
Conclusions: Our study showed that with our optimized methods, DNBSEQ-Tx could generate high-quality WGBS data with relatively good stability 
for large-scale WGBS sequencing applications. Thus, we conclude that DNBSEQ-Tx can be used for a wide range of WGBS research.   

1. Background 

As an important epigenetic modification, DNA methylation (5-methylcytosine, 5 mC) can regulate the function of the genome 
without changing the sequence of DNA molecules. It plays a key role in genome regulation, embryonic development, genomic 
imprinting, and X chromosome inactivation [1–5]. Aberrant DNA methylation is related to several diseases such as cancer, diabetes 
and autoimmune diseases [6–10]. We can now evaluate 5 mC at the genome-wide level because of the development of high-throughput 
sequencing (NGS). Currently, DNA methylation detection methods combined with NGS are commonly used in MeDIP-based antibody 
enrichment methods, simplified versions of restriction endonuclease sulfite sequencing RRBS, whole genome bisulfite sequencing, etc 
[11]. Among them, the whole-genome bisulfite sequencing is a technology that can provide comprehensive DNA methylation at 
single-base resolution on a genome-wide scale, and is considered to be the gold standard for the detection of 5 mC. The International 
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Human Epigenome Consortium proposed that a full DNA methylome should have at least 30 fold redundant coverage of the reference 
genome from a single biological replicate [12]. Therefore, it remains cost prohibitive for large-scale studies. 

Recently, with the in-depth development of NGS technology, MGI Tech, a subsidiary of the Beijing Genomics Institute (BGI) Group, 
has invented DNBSEQ™, a DNA-based nanoball technology, which is mainly characterized by high accuracy, and low sequencing error 
rates [13,14]. DNBSEQ™ has been widely recognized and used on various sequencing platforms including BGISEQ-50, BGISEQ-500, 
DNBSEQ-G50, DNBSEQ-G400 and DNBSEQ-Tx. Particularly, DNBSEQ-Tx is a cost-effective method with a high sequencing 
throughput, which can support the simultaneous operation of 10 sequencing chips and generate up to 6 Tb of data per day (about 60 
complete human genomes are sequenced at 30 × depth) [15–17]. Currently, there have been numerous comparisons between MGI and 
Illumina sequencers’ performance on multi-omics research, and the findings have shown that MGI sequencing can produce 
high-precision data at a reduced cost for studying whole genome sequencing (WGS) [16], whole-exome sequencing [18,19], RNA 
sequencing [20], single cell transcriptome [21,18], and Metagenome [23]. 

However, DNA methylation, as the most important epigenetic modification, has not been well characterized on the DNBSEQ-Tx 
platform for both library construction and sequencing. To exam the performance of WGBS sequencing on DNBSEQ-Tx platform, we 
used DNA from four different cell lines to construct two types of bisulfite-treated whole-genome sequencing libraries, DNB_PREBSseq 
and DNB_SPLATseq, and compared their sequencing data. The former was based on the conventional pre-bisulfite method, in which 
methylated adapters were added to double stranded sheared DNA fragments before the bisulfite treatment [24]. Based on this, to 
prevent the false methylation information during the end repair, we added C-free dNTP instead of a dNTP mix reagent. The latter was 
based on a post-bisulfite WGBS library preparation protocol, which skipped the fragmentation step and added splinted adaptor tagging 
(SPLAT) to the bisulfite-converted single-stranded DNA immediately after bisulfite treatment of genomic DNA to complete the con-
struction of the library that had been optimized for the DNBSEQ-Tx sequencing platform [25]. At the same time, we compared our data 
with the HeLa cell line data (pre-bisulfite method obtained from the ENCODE), NA10860 and REH cell line data (SPLAT method 
obtained from SRA study SRP092113) sequenced on the Illumina platform. We demonstrated that DNBSEQ-Tx can generate 
high-quality WGBS data with excellent stability and reproducibility, and we believe that DNBSEQ-Tx is a promising platform for 
large-scale WGBS sequencing applications. 

In addition, by systematically evaluating two WGBS library preparation techniques with DNBSEQ-Tx platform, we verified that 
DNB_SPLATseq outperforms DNB_PREBSseq in multiple ways. Due to the broken strands caused by the side effect of sodium bisulfite 
treatment, the majority of libraries constructed with DNB_PREBSseq could not be properly amplified in PCR [26]. Thus, coverage 
uniformity of the whole genome was greatly affected, especially in CpG islands (CGI) regions. On the other hand, data based on 
DNB_SPLATseq showed better coverage uniformity in each element of the genome. Meanwhile, the DNB_SPLATseq method required 
fewer amounts of DNA input. Most importantly, it can be used for automated library construction. Considering that DNBSEQ-Tx can 
produce 6 TB of sequence data in a single run but at a less expensive run cost than Illumina’s platform [15,16], higher methylome 
coverage can be used to fulfill the scientific requirements of large-scale population-based WGBS research while it is still potentially 
more cost-effective when combined with DNBSEQ-Tx high-throughput sequencing. 

Fig. 1. Schematic diagram of library preparation methods for whole-genome bisulfite sequencing. (A). DNB_PREBSseq method. (B). DNB_SPLAT-
seq method. 
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2. Materials and methods 

2.1. Sample source and DNA preparation 

Cell lines of HCT116 (Hereinafter referred to as HCT), RKO and HeLa were obtained from the American Type Culture Collection 
(ATCC). The lymphoblastic cell line (YH cell line) was established from an Asian genome donor [27]. Human genomic DNA from the 
cells was extracted with QIAmp DNA Mini kit (Qiagen, USA). Genomic DNA was quantified using the Qubit dsDNA HS Assay Kit 
(Invitrogen). 

2.2. Library preparation with DNB_PREBSseq and DNB_SPLATseq 

We performed two genome-wide methylation library preparation methods based on the different workflow of bisulfite treatment, 
DNB_PREBSseq and DNB_SPLATseq (Fig. 1 A, B). 

DNB_PREBSseq library construction: Briefly, 1 μg of genomic DNA was fragmented using the Covaris ultrasonic system to get the 
100-700bp fragmented DNA. The Ampure XP (Beckman) magnetic beads were used to do the size selection to obtain 200-300 bp 
fragmented DNA. Then the DNA concentration was measured with Qubit HS kit (Invitrogen) and 50 ng of fragmented DNA was mixed 
with 0.5 ng of unmethylated lambda DNA for each sample to do the end repair and A -tailing with 10X T4 Polynucleotide Kinase Buffer 
(700 mM Tris-HCl, 100 mM MgCl2, 50 mM DTT, ENZYMATICS), 1.25 mM-dGTP/dATP/dTTP mix (ENZYMATICS), 6 units T4 Poly-
nucleotide Kinase (ENZYMATICS), 20 units DNA Polymerase I (NEB), 0.5 units Klenow Fragment (ENZYMATICS), 1 unit rTaq 
(TAKARA) in a total volume 50 μL for 30 min at 37 ◦C and 15 min at 65 ◦C. Next, 1 mM ATP (NEB), 0.94 μM MGIEasy DNA methylation 
Adapters (Supplemental), 7.5% PEG 8000 and 600 units T4 DNA Ligase (ENZYMATICS) were added in 80 μL reaction volume and 
incubated for 30 min at 20 ◦C. The ligation product was purified with 80 μL Ampure XP and eluted with 20 μL nuclease-free water. The 
product was bisulfite-converted with an EZ DNA Methylation-Gold kit (Zymo Research) and eluted with 22 μL nuclease-free water. The 
bisulfite-converted DNA was PCR amplified with 25 μL KAPA HiFi HotStart Uracil + Ready Mix (2 ×) and 0.6 μM PCR 2_2 and 0.6 μM 
PCR 2_1 (Supplemental) using the following conditions: 98 ◦C for 30 s, a total of 10–13 cycles of 98 ◦C for 10 s/60 ◦C for 30 s/72 ◦C for 
30 s, and 72 ◦C for 5 min. Subsequently, the PCR product was purified by 50 μL AMpure XP magnetic beads. 

DNB_SPLATseq library construction: Briefly, 200 ng of genomic DNA mixed 1 ng of unmethylated lambda DNA was converted 
using the EZ DNA Methylation-Gold kit (Zymo Research) eluted with 12 μL nuclease-free water. The converted DNA product was first 
treated with 6 units T4 PNK (ENZYMATICS) in a total volume of 30 μL for 15 min at 37 ◦C. Then cooled on ice after reacting at 95 ◦C for 
3 min. Afterwards 30 μM Adapter 1 (Supplemental) was ligated to the 3′ end of DNA fragments with 600 units T4 DNA ligase (EN-
ZYMATICS), 10X T4 DNA ligase buffer (40 mM Tris–HCl pH 7.8, 10 mM MgCl2, 10 mM DTT, 0.5 mM ATP, Thermo Fisher Scientific), 
and PEG4000 (5% w/v, Thermo Fisher Scientific) in a total 50 μL for 60 min at 20 ◦C. The ligated product was purified using 50 μL 
Ampure XP (Beckman) magnetic beads and eluted with 20 μL nuclease-free water. After denaturing the adapter 1-ligated DNA for 3 
min at 95 ◦C, next 20 μM Adapter 2 (Supplemental) was added to the 5′ end of the DNA fragments with 600 units T4 DNA ligase 
(ENZYMATICS), 10X T4 DNA ligase buffer (40 mM Tris–HCl pH 7.8, 10 mM MgCl2, 10 mM DTT, 0.5 mM ATP, Thermo Fisher Sci-
entific), and PEG4000 (5% w/v, Thermo Fisher Scientific) in a total 40 μL for 60 min at 20 ◦C. The ligated product was then purified 
using 40 μL Ampure XP (Beckman) magnetic beads and eluted with 22 μL nuclease-free water. The purified product was amplified with 
25 μL KAPA HiFi HotStart Uracil + Ready Mix (2 ×) and 0.6 μM universal oligo and 0.6 μM barcode oligo (Supplemental) using the 
following conditions: 98 ◦C for 3 min, a total of 10–13 cycles of 98 ◦C for 10 s/60 ◦C for 30 s/72 ◦C for 2 min, and 72 ◦C for 5 min, and 
the proper size of PCR product was selected by 0.7X+0.3X (of PCR mixture volume) AMpure XP magnetic beads volume. 

Library circularization and sequencing: PCR products were quantified with a Qubit ds DNA HS kit. Subsequently, the PCR 
product was normalized to 330 ng in a volume of 60 μL, annealed, and circularized with 1 mM Split oligo (Supplemental oligo) and 120 
units T4 DNA ligase (ENZYMATICS). Linear DNA was then digested with 78 units Exo I and 26 units Exo III(NEB) and purified with 160 
μL Ampure XP and eluted with 40 μL nuclease free water. After purification, the circularized library was quantified using the Qubit 
ssDNA kit, followed by rolling circle amplification (RCA) to obtain DNA nanospheres (DNB). Finally, DNB was quantified using the 
Qubit ssDNA kit and sequenced at PE100 + 10 on the DNBSEQ-Tx. 

Processing and analysis of sequencing data: Sequencing quality was determined by FastQC software (https://www. 
bioinformatics.babraham.ac.uk/projects/fastqc/). Raw sequencing reads were filtered by SOAPnuke (v2.0.7, https://github.com/ 
BGI-flexlab/SOAPnuke) with the key parameter ‘-l 5 -q 0.5 -n 0.1 -f AAGTCGGAGGCCAAGCGGTCTTAGGAAGACAA -r AAGTCG-
GATCGTAGCCATGTCGTTCTGTGAGCCAAGGAGTTG’ for DNBseq-Tx platform and ‘-l 5 -q 0.5 -n 0.1 -f AGATCGGAAGAGCA-
CACGTCTGAACTCCAGTCAC -r AGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGTA’ for Illumina platform (discard reads that 
containing adaptor sequence, more than 10% N bases, or more than 50% bases with quality less than 5). Then, the clean reads were 
mapped to the hg19 reference downloaded from the GATK resource bundle (ftp://gsapubftp-anonymous@ftp.broadinstitute.org/ 
bundle/hg19/ucsc.hg19.fasta.gz) by BitMapperBS(v1.0.2.3, https://github.com/chhylp123/BitMapperBS) with default parameters 
and sorted by samtools (v1.11, http://www.htslib.org/). Finally, the mapped reads were deduplicated by Sentieon [28] (–algo Dedup 
–rmdup) for further analysis. Coverage of read, coverage of CGI region and insert size were also analyzed by Sentieon (–algo 
WgsMetricsAlgo –min_map_qual 1 –min_base_qual 1 –algo InsertSizeMetricAlgo). 

DNA methylated sites were identified, extracted and counted by MethylDackel (v0.5.1, https://github.com/dpryan79/ 
MethylDackel), and annotated to genomic features by R package annotatr [29]. Methylation at the individual cytosines, instead of 
the dinucleotide level was computed by custom-made R scripts, so call sets from forward and reverse strands were not merged, and 
only mC (Cytosine DNA methylation site) sites with a depth of coverage >5X were considered for methylation analysis. 
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Table 1 
Library construction and sequencing information.  

sample HCT cell line HELA cell line YH cell line RKO cell line 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

library preparation methods DNB_PREBSseq DNB_SPLATseq DNB_PREBSseq DNB_SPLATseq DNB_PREBSseq DNB_SPLATseq DNB_PREBSseq DNB_SPLATseq 
DNA input (ng) 1000 200 1000 200 1000 200 1000 200 
DNA fragmentation before bisulfite treatment YES NO YES NO YES NO YES NO 
Bisulfite conversion kit EZ DNA Methylation-Gold Kit 
Sequencing Platform DNBSEQ-Tx 
Sequencing type PE100 + 10 
Spike-in (%) Kineococcus radiotolerans (15%) 
Data output per sample (Gb) 150 139.5 153.2 152.6 160.3 137.9 175.5 142.3 161.3 211 157.8 217.5 167 198.1 176.6 215.6  
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3. Results 

To systematically investigate the WGBS performance using DNBSEQ-Tx platform, we selected four cell lines for library construction 
and sequencing using both the DNB_PREBSseq and the DNB_SPLATseq methods. Libraries were all sequenced at PE100 + 10 on the 
DNBSEQ-Tx platform (see Table 1). As shown in the table, Samples 1–4 were DNA samples extracted from the HCT cell line with 
technical replicates for both library construction methods, samples 5–8 were from the HeLa cell line, samples 9–12 were from the YH 
cell line, and sample 13–16 were from RKO cells line. 

Considering the unbalanced base composition of the WGBS library, a substantial spike-in DNA with high GC content was used as an 
effective balance for the AT-rich bisulfite-converted [30] DNA. In our study, about 15% of Kineococcus radiotolerans were added to the 
library to balance the base ratio for WGBS sequencing on DNBSEQ-Tx platform (as shown in Table 1). Libraries with different barcodes 
were pooled together for sequencing on the DNBSEQ-Tx platform according to the required amount of sequencing data. After the data 
was released from the sequencer, it was split according to different barcodes to obtain the original data of different samples. 

4. Evaluation of quality metrices, alignment rate, and coverage depth 

4.1. Performance of quality metrices 

First, the data quality of the two types of libraries sequenced on the DNBSEQ-Tx platform was demonstrated. The sequencing data 
quality was assessed by the fqcheck program. Collectively, based on the same amount of data (Fig. 2 A), base quality scores 20 (Q20) 
(mean 94.6 for DNB_PREBSseq; mean 96.0 for DNB_SPLATseq) and Q30 (mean 87.0 for DNB_PREBSseq; mean 88.7 for DNB_SPLATseq) 
were similar between our two library preparation methods (Fig. 2 B and C). At the same time, two sequencing results of HeLa on 
Illumina HiSeq X Ten were also download from the ENCODE (https://www.encodeproject.org/experiments/ENCSR550RTN/). While 
two sequencing data of NA10860 and REH cell lines based on SPLAT method generated using Illumina HiSeq2500 were downloaded 
from the SRA study SRP092113 (https://www.ncbi.nlm.nih.gov/Traces/study/?acc=PRJNA350687&o=acc_s% 
3Aa&s=SRR4453306,SRR4453305,SRR4453297,SRR4453298) used as reference. Unexpectedly, there was a large difference be-
tween the Q20 and Q30 of the two samples from ENCODE, with 89.2 and 94.2 for one sample and 78.6 and 88.2 for the other sample, 
respectively. Of note, the average Q20 (91.7) and Q30 (83.4) were much lower than our DNB_SPLATseq results (Q20 96.0, Q30 88.7), 
while they were close to our DNB_PREBSseq results (Q20 94.6, Q30 87.0) (Supplementary Table 1). Moreover, the Illumina SPLAT data 
had a similar quality as that of ENCODE, with the average Q20 of 90.8 and Q30 of 85.1, and both showed lower Q30 of reads2. 

In terms of data clean rate, the DNB_PREBSseq data (mean clean rate 98.0%) was about 4–9% higher than the data from the 
DNB_SPLATseq method (mean clean rate 91.1%), which may be attributed to the adapter sequence rate in the DNB_SPLATseq method 
data (mean 8.9%) that was about 4–9% higher than the DNB_PREBSseq method data (mean 2.0%) (Fig. 2 D, E; Supplementary Table 2). 
As shown in Fig. 2 F, there was little difference in mean inserted fragment size between the data from the DNB_SPLATseq and the 
DNB_PREBSseq method. Correspondingly, though the ENCODE HeLa data had similar performance to DNB_PREBSseq data, it had a 
lower clean rate (mean 90.3%) and a higher adapter sequence rate (mean 9.7%). Similarly, the SPLAT data from SRA also had a lower 
clean rate (mean 86.7%), but a slightly higher adapter sequence rate (mean 11.1%) compared to the DNB_SPLATseq (Supplementary 
Table 2). 

These results indicated that the relatively low clean rate of the DNB_SPLATseq library preparation method may be due to its higher 
percentage of adapter sequence rate. 

4.2. Performance of alignment rate, coverage depth and bias 

We examined the performance of the map rate and the duplication rate of the data from the two library preparation methods. The 
unique map rate of the DNB_SPLATseq data was about 6% significantly higher than the DNB_PREBSseq (DNB_SPLATseq:87.8%; 
DNB_PREBSseq:82.0%), while the duplication rate was about 14% higher than DNB_PREBSseq (DNB_SPLATseq:32.9%; 
DNB_PREBSseq:19.4%) (Fig. 2 G and H). The reason that DNB_PREBSseq had a lower unique map rate may be because some reads of 
DNB_PREBSseq were fragmented after bisulfite processing, which reduced the map rate. While the fact that DNB_SPLATseq had a small 
library diversity may be due to the low input of DNA and more PCR cycle for library construction, which led to a high duplication rate. 
In the actual experiment, this could be improved by increasing the starting amount DNA and reducing the PCR cycle. The average map 
rate of ENCODE HeLa data was 84.3%, and the average duplication rate was 26.9%, which was close to the performance of 
DNB_PREBSseq method, while the average map rate of SPLAT SRA data was 79.1%, and the average duplication rate was 1.3%, which 
suggested that the duplication rate was significantly lower than DNB_SPLATseq method (Supplementary Table 2). 

We also looked at the coverage of the genome and CGI region respectively. We observed that the DNB_PREBSseq data had 
significantly higher mean genome coverage than that from the DNB_SPLATseq (26.2X for DNB_SPLATseq, and 31.7X for 

Fig. 2. The performance of quality metric of two library preparation methods. (A). Comparison of Raw reads number between data from two li-
braries (B) and (C). Raw reads with sequencing quality > Q20 or > Q30 (D). Reads discarded based on adapters (E). Clean rate (%) (F). Library insert 
size (bp) (G). Unique mapped rate (%) (H). Duplicates rate (%) (I). Average depth(X) chr1~chr24 (J). Average depth per billion raw reads(X) 
(chr1~chr24), calculated as mean depth divided by corresponding library size (K). CGI Average depth(X) chr1~chr24 (L). CGI Average depth per 
billion raw reads(X) (chr1~24). A two-sided Wilcoxon tests was used, and P < 0.05 was considered significant. 
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DNB_PREBSseq), while the average coverage of the CGI region for the DNB_PREBSseq data was much lower than that from the 
DNB_SPLATseq method (23.2X for DNB_SPLATseq, and 7.0X for DNB_PREBSseq, stat region chr1~chr24), which was consistent with 
the performance of the two methods on the Illumina sequencer [18] (Fig. 2 I, K). To avoid any potential bias caused by differences in 
raw sequencing output, we also normalized the effective depths by raw data size. Mean genome depth per billion raw reads and mean 
CGI region depth per billion raw reads were calculated with average effective genome reads and CGI region reads, respectively. As 
expected, the data from both methods still showed significant differences in normalized average read depth and normalized average 
CGI region effective read depth (13.5X for DNB_SPLATseq, and 4.2X for DNB_PREBSseq, stat region chr1 ~chr24) (Fig. 2 J, L; Sup-
plementary Table 2). The dramatically reduced coverage of the CGI region in the DNB_PREBSseq data may be due to the fact that the 
reads in the CGI region with the adapters were more easily broken after being processed by bisulfite and the reads could not be 
sequenced, thus losing the information of the CGI region. While in the DNB_SPLATseq method, the adapter was linked after the 
bisulfite treatment, so the broken reads could still be sequenced by adding adapters, and the information of the CGI region was 
preserved. The results of ENCODE HeLa data (mean genomic coverage 33.8X, mean CGI coverage 10.7X) were very similar to the 
results of HELA data from DNB_PREBSseq method, indicating that this difference was an inherent defect of pre-bisulfite treatment 
method. In addition, there wasn’t much of a difference in the m-bias of the read1 and read2 for the two approaches (Supplementary 
Fig. 1). The only difference was that the starting 5 bp of the reads of the DNB_PREBSseq method oscillates greatly, mainly because the 
start bases contained no C bases (dNTPs without dCTP were used for the end repair of the fragments), which led to the fluctuation in 
the base methylation rate. ENCODE HeLa’s m-bias was consistent with previous reports [31,32], and reads2 displayed considerable 
decline at the beginning of the reads, for which end repair step used dNTP with unmethylated C (Supplementary Fig. 2A and B). The 
SRA data for SPLAT revealed a comparable m-bias to that of DNB_SPLATseq, however, reads2 did not exhibit a huge drop at the start of 
the reads (Supplementary Fig. 3A and B), and their mean genomic coverage was 15.5X, which were also similar to the results of 
DNB_SPLATseq method (SPLAT SRA data had 60% base of DNB_SPLATseq data, the mean genomic coverage was also 60%), but the 
mean CGI coverage was 8.3X, which was lower than DNB_SPLATseq method. 

The bisulfite conversion efficiency was estimated using the non-methylated λ DNA introduced during library construction. The 
DNB_PREBSseq, DNB_SPLATseq and ENCODE HeLa data exhibited higher conversion efficiency (99.05%–99.58%), while due to the 
absence of λ DNA in SPLAT SRA data, its conversion efficiency could not be calculated. 

4.3. Performance of coverage at different minimum depths and downsampling 

The performance of coverage at each minimum depth cutoff between the data from the two methods was also evaluated. At the 
same depth, the genome coverage of DNB_PREBSseq data was clearly higher than or equal to that from DNB_SPLATseq (Fig. 3 A), but 
the coverage of CGI region based on DNB_PREBSseq method was much lower than that of the DNB_SPLATseq method (Fig. 3 B). The 
results of ENCODE HeLa data were still similar to those of DNB_PREBSseq (Supplementary Fig. 2C and D), indicating that our 
modification of DNB_PREBSseq could not solve the problem of DNA damage caused by bisulfite treatment in traditional methods. The 
base number of the SPLAT SRA data was only 60% of DNB_SPLATseq, however it was still able to reach 60% mean genome coverage 
with slightly lower CGI coverage. This indicates that the performance of the original SPLAT method is roughly achieved by our 
DNB_SPLATseq approach (Supplementary Fig. 3C and D). 

To further demonstrate the characteristics of the methylation site coverage of the data from DNB_PREBSseq and DNB_SPLATseq, we 
also showed the percentage of all mC sites (cytosine DNA methylation site) that were covered at each minimum depth cutoff between 
the two data sets. We found that the coverage of DNB_SPLATseq data was only slightly higher than that from DNB_PREBSseq at the 
same depth of the two methods (Fig. 3C), indicating that the performance of DNB_PREBSseq method may be insufficient with respect to 
the coverage of CGI region. Moreover, the methylation values obtained by the two library construction methods of the same sample 
were still highly correlated (Pearson’s correlation coefficient: 0.96; Fig. 3 D, E). In addition, there were generally no differences be-
tween our data and the mC coverage of the two HeLa data from ENCODE (Supplementary Fig. 2 E). 

To find out the distribution of mC sites on each element of the genome in data from the two methods, we also classified the mC sites 
and counted the distribution of mC sites in the whole genome at 5X coverage. The percentage of mC in DNB_SPLATseq data was much 
higher than that of DNB_PREBSseq for different samples under similar raw sequencing data (Fig. 4 A). Both of the methods could 
quantify the great majority of methylation at mC sites in the human genome (mean 80% at 5X mC coverage for DNB_SPLATseq and 
mean 60% at 5X mC coverage for DNB_PREBSseq). Although the mean 5X mC coverage of ENCODE data was as high as 78.4%, its data 
size was 1.5 times that of our sequencing data, so its mC coverage should be lower than that of DNB_SPLATseq method and nearly the 
same with DNB_PREBSseq under the same data size (Supplementary Fig. 2 F, Supplementary Table 3). The SPLAT SRA data base 
number was 60% of DNB_SPLATseq, but its 5X mC coverage could still be managed to reach a mean of 68.1% (Supplementary Fig. 3 F, 
Supplementary Table 3). 

To further examine the mC coverage on different genomic regions, we also annotated the mC sites and calculated the ratio of the 
number of mC at 5X depth to the total number of mC in the certain genomic region. We found that the DNB_SPLATseq method had a 
more uniform performance on coverage of different regions (Fig. 4 B, C), while the DNB_PREBSseq method has much lower coverage of 

Fig. 3. The performance of coverage at different minimum depth cutoffs between the two methods. (A) Genome coverage at each minimum depth 
cutoff across the two methods’ data (B) CGI coverage at each minimum depth cutoff across the data from the two methods (C) Cytosine DNA 
methylation (mC) coverage at each minimum depth cutoff across the two methods data (D) Clustering of correlations across the two methods (5X 
mC cutoff) (E) sample correlations across the two methods (5X mC cutoff). Pearson correlation coefficient was used. 
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the CGI, including 5′UTRs and promoter. From the statistics of the average mC site methylation rate in these regions, it could be seen 
that the average methylation rates of these three regions were significantly higher in DNB_PREBSseq data (Fig. 4 D), indicating that the 
methylation status of these three regions obtained by this method may be distorted. Although the 5X coverage data of the ENCODE 
HeLa samples was similar to that of DNB_PREBSseq data, the methylation rates of the two samples were similar to that of 
DNB_SPLATseq (Supplementary Fig. 2G and H). The SPLAT SRA data was supposed to be comparable to the DNB_SPLATseq approach, 
however, it showed poorer mC coverage in the CGI and 5′UTRs regions, suggesting that the original SPLAT method still had insufficient 
coverage in high GC regions (Supplementary Fig. 3 G, H). 

We also showed the genome-wide methylation profiles around the transcript start sites (TSS) (defined as ±4 kb from the TSS) at 5X 
mC depth. As previously reported, the methylation levels dropped significantly at the TSS point and then rose again in DNB_SPLATseq 
data [33], while the DNB_PREBSseq data had a slight upward shift at the TSS point (Fig. 5 A), especially at 5X depth (Fig. 5 B). The 
changes in methylation density at the TSS may be reflected by the coverage of the mC at the TSS point in the DNB_PREBSseq data, 
which had a significant reduction, especially at 5X depth cutoff mC, whereas the coverage of the mC at the TSS point in the 
DNB_SPLATseq data was nearly unchanged between different depths (Fig. 5C, D). TSS analysis of ENCODE data were consistent with 
DNB_PREBSseq data, indicating that this was also an inherent flaw of the pre-bisulfite treatment method (Supplementary Fig. 4). The 
TSS results of SPLAT SRA data were in line with DNB_SPLATseq data, the 1X depth cutoff mC in TSS area were approximately hor-
izontal, and there was no drop at TSS 0 position (Supplementary Fig. 5 D). To sufficiently support the accuracy of measured 
methylation levels of our platform, WGBS data from the same passages of YH cell line was used to evaluate the correlations between 
DNA methylation levels on DNBSEQ-Tx and NovaSeq 6000. Three replicate libraries were made using 200 ng of YH cell DNA in which 
two replicates DNB_SPLATseq libraries were applied to DNBSEQ-Tx, in order to show the stability of our platform. One Accel-NGS 
Methyl-Seq library was sequenced on Illumina NovaSeq 6000. Correlations between data from DNBSEQ-Tx and NovaSeq 6000 at 
coverage depths cutoff of 5X and 10X showed high correlations between the results from these two platforms (the Pearson’s correlation 
coefficient was 0.94 for 5X and 0.95 for 10X) (Supplementary Fig. 6 A, B, C). In addition to this, the distribution plot of methylation 
rate over 20 kb bins across the genome had also been plotted, three libraries from the same source had very similar distribution of 
methylation rate (Supplementary Fig. 7). 

Lastly, to determine the appropriate amount of sequencing data for methylation analysis, we performed downsampling analysis on 
YH and RKO cell line samples data of the two library construction methods, showing the final percentage of the genome and mC 
covered at different minimum depths of YH and RKO samples under different pairs of raw data. Although the DNB_SPLATseq method 
data generally had a low genome coverage due to its higher duplication rate compared with DNB_PREBSseq, which will eventually 
increase with the increase in the number of raw data. Therefore, the DNB_SPLATseq method could be recommended for the DNBseq-Tx 
platform because its CGI region and mC coverage is substantially higher than that of the DNB_PREBSseq data (Fig. 5 E, F, G). 

5. Discussion 

In the present study, we assessed the general performance of two methylation library preparation methods on the DNBSEQ-Tx 
platform. Comprehensive comparisons showed that DNB_SPLATseq was superior to DNB_PREBSseq in terms of unique alignment 
rate, coverage uniformity, and CGI coverage. Although the library prepared by DNB_SPLATseq had a higher adapter contamination 
ratio due to the shorter inserts, it could be improved by selecting longer inserts during library preparation. It could also be improved by 
making blocking modifications at all ends of the oligomer, which may reduce linker dimers. Simultaneously, the higher duplication of 
the DNB_SPLATseq library under the same amount of data may be enhanced by shortening the PCR cycle and increasing the DNA input, 
which was lower in our study than that of the DNB_PREBSseq library. 

Our results further suggested that bisulfite-mediated DNA degradation is the underlying cause for biases in WGBS data. During 
bisulfite treatment, the DNA usually undergoes a strong degradation, which affects the GC-biasing and the estimation of methylation 
levels in some GC-rich regions. DNB_PREBSseq is a pre-bisulfite approach, the DNA is fragmented and adapter is tagged prior to 
bisulfite conversion. So, it shows poor coverage in G-rich regions and significantly higher coverage of C-poor regions that leads to an 
overestimation of the absolute methylation level in GC-rich regions like 5′UTR/CGI/promoter. DNB_SPLATseq is a post-bisulfite 
method, the DNA is adapter-tagged after bisulfite conversion. During this procedure, DNA with desired size were bisulfite con-
verted and fragmented simultaneously from gDNA by bisulfite-induced fragmentation. Therefore, it allows less GC-biasing and more 
accurate estimation of methylation level. Additional comparisons of the ENCODE HeLa WGBS data showed highly comparable per-
formance between DNBSEQ and HiSeq platforms, especially when compared with DNB_PREBSseq, which was also based on a pre- 
bisulfite treatment method. DNB_SPLATseq data not only had better performance than DNB_PREBSseq data but also had better per-
formance than ENCODE HeLa WGBS data, it could still cover a higher percentage of the CGI region under the premise of less data than 
ENCODE. In the context of coverage of different elements, the coverage of the two repeats of the DNB_SPLATseq library were more 
uniform. In addition, on the basis of similar average depth of the genome, the DNB_SPLATseq library clearly had higher coverage and a 
more consistent mean methylation state in the CGI, gene 5′UTRs, and gene promoter regions. The whole genomic-wide methylation 

Fig. 4. mC site coverage at different genomic features. The percentages were calculated by dividing the number of mC sites covered with a 
minimum depth of 5X for each genomic feature by the total number of mC sites in the genome for the corresponding genomic feature. (A). The ratio 
of mC in all genomes at 5X cutoff depth. (B). The ideal ratio of the total number of genome-wide mC in every genomic feature. (C). The ratio of the 
number of mC to the total number of mC in every genomic feature at 5X depth. (D). The average mC site methylation rate in every genomic feature 
at 5X depth. 
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levels obtained by the DNB_SPLATseq and DNB_PREBSseq methods were consistent, however, differences in the methylation levels of 
certain genomic elements were revealed by further analysis. The DNB_PREBSseq method involved DNA fragmentation due to bisulfite 
treatment during library preparation, which made it lose part of the template in the GC-rich region, affecting the coverage of mC. In 
contrast, DNB_SPLATseq was constructed after bisulfite treatment, so its data could preserve a higher proportion of mC sites, and the 
coverage was more uniform across different elements. 

According to downsampling analysis on YH and RKO cell line samples of the two library construction methods, our results suggest 
that at least 500 million raw library reads (pair-end reads) would be necessary to achieve 50% genome coverage at a minimum depth of 
20X with the DNB_PREBSseq method, whereas more than 500 billion raw read pairs would be needed for DNB_SPLATseq (Fig. 5 E). 
However, in terms of CGI coverage, at least 4000 million raw read pairs would be required to achieve 50% CGI coverage at a minimum 
depth of 20X with the DNB_PREBSseq method, whereas only 1000 million raw read pairs are enough for DNB_SPLATseq (Fig. 5 F). 

In conclusion, WGBS based on the DNBSEQ-Tx platform could accurately detect features of cytosine methylation modification. The 
DNB_SPLATseq library constructed after DNA bisulfite-treated could improve the CGI coverage compared with DNB_PREBSseq. 
Moreover, due to its low DNA demand and low library construction cost, the DNB_SPLATseq method is a primarily recommended 
method for large-scale genome-wide WGBS on the DNBSEQ-Tx platform. 
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