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A B S T R A C T

It’s important to dissect the relationship between copy number variations (CNVs) and DNA methylation, because 
both greatly change the dosages of genes and are responsible for diverse human cancers. Although whole genome 
bisulfite sequencing (WGBS) informs CNVs and DNA methylation, no study has provided a systematic benchmark 
for detecting CNVs from WGBS data. Herein, based on simulated and real WGBS datasets of 84.62 billion reads, 
we undertook 714 CNV detections to comprehensively benchmark the performance of 35 strategies, 5 alignment 
algorithms (bismarkbt2, bsbolt, bsmap, bwameth, and walt) wrapping with 7 CNV detection applications 
(BreakDancer, cn.mops, CNVkit, CNVnator, DELLY, GASV and Pindel). The results highlighted a subset of 
strategies that accurately called CNVs depending on numbers, lengths, precision, recall, and F1 scores of CNV 
detections. We found that bwameth-DELLY and bwameth-BreakDancer were the best strategies for calling de
letions, and walt-CNVnator and bismarkbt2-CNVnator were the best strategies for calling duplications. These 
works provided investigators with useful information to accurately explore CNVs from WGBS data in humans.

1. Introduction

Copy number variations (CNVs) are the genomic structural varia
tions that are longer than 50 bp in the genomes, e.g., deletions (DELs) 
and duplications (DUPs) [1]. CNVs are widely presented in human ge
nomes, accounting for about 12 % of the genome [2], and CNVs change 
gene dosages, disrupt coding sequences and modify non-coding regu
latory elements such as enhancers, thereby to regulate the transcriptions 
of genes [3]. CNVs play a vital role in the susceptibility or resistance to 
human diseases, such as cancers [4], psychiatric disorders [5,6] and 
psoriasis [7]. Whole genome sequencing (WGS) provided and yielded 
uniform coverage that enables accurate detection of sequence variants, 
including single nucleotide polymorphisms (SNPs), indels, and CNVs 
[8].

DNA methylation refers to a methyl group to the 5th carbon position 
of cytosine residues on DNA double strands. Numerous studies have 

shown that DNA methylation causes the chromatin structural changes, 
alters DNA three-dimensional conformation, and modifies in the in
teractions between DNA and proteins, thereby to regulate gene expres
sion [9–11]. Whole genome bisulfite sequencing (WGBS) is optimized 
for profiling DNA methylation at single-base resolution. The genomic 
DNA is treated with sodium bisulfite to deaminate unmethylated cyto
sines into uracils (which are subsequently read as thymines after PCR 
amplification) while leaving methylated cytosines intact [12].

Although WGS is traditionally used for CNV calling, some studies 
have demonstrated that WGBS holds potential for discovering CNVs by 
providing DNA-level sequencing data [13]. Exploring both CNVs and 
DNA methylation information from WGBS data not only reduces the 
costs and the requirement for sample quantity, but also ensures that the 
detected CNVs and DNA methylation information have the same bio
logical origins, thus enabling more accurate research on the relationship 
between CNVs and DNA methylation [14]. In the past decade, plentiful 
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applications, e.g., BreakDancer [15], CNVnator [16] and Pindel [17], 
have provided a sensitive and accurate platform to detect CNVs from 
WGS data. However, there is no study to explore their performance of 
CNV call on WGBS data. Furthermore, different WGBS-based alignment 
algorithms, e.g., bsmap [18], abismal [19] and batmeth2 [20], showed 
the distinct alignment accuracy, which might cause false-positive 
detection of CNVs from WGBS data. Previously, we undertook 936 
mappings to benchmark and evaluate 14 wildly utilized alignment al
gorithms from reads mapping to biological interpretation in WGBS data 
of humans, cattle and pigs [21]. Our works found that bwameth [22], 
bsbolt [23], bsmap, bismarkbt2 [24,25] and walt [26] exhibited higher 
uniquely mapped reads, mapped precision, recall and F1 score than 
other alignment algorithms [21].

In order to evaluate the effectiveness of detecting CNVs in WGBS 
data, we selected these aforementioned 5 alignment algorithms and 
wrapped them with 7 representative CNV detection applications 
(BreakDancer, cn.mops [27], CNVkit [28], CNVnator, DELLY [29], 
GASV [30] and Pindel) to form 35 CNV detection strategies. Here, we 
referred to each alignment algorithm as a “mapper” and the CNV 
detection application as a “caller”. Moreover, for each combination of 
mapper and caller (such as “bismarkbt2-BreakDancer”), we referred it as 
a “strategy”. We used these strategies to detect CNVs in simulated and 
real WGBS data of humans, and comprehensively evaluated multidi
mensional metrics including numbers, lengths, precision, recall, and F1 
scores of CNVs detected. Moreover, to explore the differences in 
detecting CNVs between WGBS and WGS data, we also evaluated the 
performance of 7 strategies (bwa [31] wrapping with these 7 callers) in 
simulated and real WGS data as controls. Our study aimed to discuss the 
best strategies for CNV detections based on WGBS data and provide 
insights into genetic variation and epigenetic studies utilizing WGBS 
data.

2. Materials and methods

2.1. Construction of the real and simulated reference CNV datasets

For constructing the real reference CNV dataset, we downloaded 
structural variation datasets from the Database of Genomic Variants 
(DGV) (http://dgv.tcag.ca/dgv/docs/DGV.GS.hg38.gff3), and selected 
CNVs of individual NA12878, which has been considered a gold stan
dard for validating the accuracy of CNV detections in multiple studies 
[32].

We used Python (v3.8) scripts to construct the simulated reference 
CNV dataset. Firstly, we obtained the real coordinates of CNVs from 
DGV. Secondly, we randomly sampled the coordinates of DELs and DUPs 
to build simulated CNVs.

2.2. Collection of real and simulated WGBS and WGS sequencing data

The real sequencing data of humans were downloaded from 
Sequence Read Archive (SRA) of National Center for Biotechnology In
formation (NCBI) (Table S1), including WGBS and WGS data, which 
came from the B lymphocyte of individual NA12878 in the 1000 Ge
nomes Project [3,33]. There were totally 3.09 billion reads downloaded 
(read length: 150 bp, paired-end sequencing). FastQC program (htt 
ps://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was used 
to control the quality of reads, and Fastp [34] was used to trim adaptor 
sequences and filter low-quality reads with the default parameters.

For the simulated sequencing data, we first constructed the genome 
by randomly inserting or deleting simulated DELs and DUPs into the 
reference genome hg38. Then we used Sherman (https://www.bioinfor 
matics.babraham.ac.uk/projects/sherman/) to generate the response 
reads. We set 4 sequencing depths for simulating WGBS data: 10 × , 
15 × , 20 × , and 30 × , with a bisulfite conversion rate of 99.60 %. 
Additionally, we set 15 × for WGS data. There were 4 samples for both 
WGBS and WGS data. All reads were set to 150 bp in length and were 

paired-end reads, totaling 81.53 billion.

2.3. Alignments of sequencing data and detections of CNVs

We selected five WGBS mappers (bismarkbt2, bsbolt, bsmap, bwa
meth and walt), as well as one WGS mapper (bwa) as controls (Table S2). 
Based on the human reference genome hg38, five WGBS mappers were 
used to align WGBS data, and one WGS mapper was used to align WGS 
data as controls. Seven callers (BreakDancer [15], cn.mops [27], CNVkit 
[35], CNVnator [16], DELLY [29], GASV [30] and Pindel [17]) were 
chosen for detection of CNVs (Table S3). For CNVnator, we set the 
window size to 100 bp, and other parameters to defaults. For CNVkit, 
regions of interest were generated at intervals of 5000 bp along each 
chromosome, using the reference genome to construct control sample 
files, with remaining parameters set to defaults. The remaining callers 
(cn.mops, BreakDancer, DELLY, GASV and Pindel) were used with 
default parameters. All the strategies were run on a computer with 64 GB 
of RAM and 24 CPU cores.

2.4. Calculation of precision, recall, F1 scores and relative F1 scores of 
CNV detections

We used BEDTools (v2.30.0) [36] to intersect the detected CNVs 
with the reference CNVs. We defined a true detected CNV as the detected 
CNV that overlapped with the reference CNVs, and we regarded it as the 
true positive (TP). Based on the TP, the true negatives (TN), false posi
tives (FP), and false negatives (FN) were determined. The precision 
represented the proportion of true detected CNVs correctly detected out 
of all CNVs detected, and the recall represented the proportion of true 
detected CNVs correctly detected out of all reference CNVs. For each 
strategy, we calculated the average precision and recall for all samples. 
The precision, recall and F1 score of CNV detections were calculated by 
the following formula:

Precision = TP
TP+FP

Recall = TP
TP+FN

F1score = 2∗Precision∗Recall
Precision+Recall

2.5. Statistical analysis

The significance differences of numbers, lengths, precision, recall 
and F1 scores of CNVs detected were tested by the Student’s t-test using 
the function of “stats.ttest_ind” from “scipy” module in Python. The 
Pearson’s correlation coefficient was calculated by the function of 
“pearsonr” from "scipy" module in Python.

3. Results and discussion

3.1. The numbers of CNVs detected by different strategies

We calculated the numbers of CNVs (DELs and DUPs) detected by 35 
strategies using simulated WGBS data, and found that bismarkbt2- 
Pindel detected the most DELs (304,038) and DUPs (46,238) at 30 ×

(P < 0.01) (Fig. 1A and B). Bismarkbt2-BreakDancer, bsbolt-Break
Dancer and bismarkbt2-DELLY did not detect DELs (Fig. 1A). Besides, 
BreakDancer and GASV did not identify DUPs (Fig. 1B). As shown in 
Fig. S1A, the number of DELs detected by BreakDancer, CNVnator, 
GASV and Pindel were positively correlated with sequencing depths 
(Pearson’s correlation coefficients > 0.7, P < 0.01). The number of 
DUPs detected by Pindel, bismarkbt2-DELLY, walt-DELLY and bsmap- 
cn.mops were positively correlated to sequencing depths (Pearson’s 
correlation coefficients > 0.7, P < 0.01). We also calculated the number 
of CNVs detected in real WGBS data and found that bismarkbt2-Pindel 
detected the most DELs (366,315) (P < 0.05), and bwameth-Pindel 
identified the most DUPs (82,775) (P < 0.05) (Fig. S1B). Similar to 
using simulated WGBS data, BreakDancer and GASV did not identify 
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DUPs.
To benchmark the differences in the number of CNV detections be

tween WGBS and WGS data, we counted the results of 7 WGS-based 
strategies. We found that in simulated WGS data, bwa-Pindel detected 
the most DELs (34,821) and DUPs (39,820) (P < 0.05), but bwa- 
BreakDancer and bwa-GASV did not detect DUPs (Fig. 1C). In real 
WGS data, bwa-Pindel detected the most DELs (1385,000) and DUPs 
(26,792) (P < 0.05), but bwa-cn.mops did not identify any CNV. Addi
tionally, bwa-BreakDancer and bwa-GASV only detected DELs (Fig. 1D).

3.2. The lengths of CNVs detected by different strategies

We categorized the lengths of CNVs into 6 levels (I: 1–100 bp, II: 
100–1000 bp, III: 1000–10,000 bp, IV: 10,000–100,000 bp, V: 
100,000–1000,000 bp and VI: 1000,000–10,000,000 bp). In simulated 
WGBS data, we first discussed the effect of sequencing depths on the 
lengths of CNVs detected, and the results showed that they were not 
affected by the change of sequencing depths (P < 0.05). Then, as shown 
in Fig. 2A, we found that CNVs detected by Pindel were mostly in length 
I (> 90 %), and CNVs detected by BreakDancer and GASV were in length 
II (> 90 %). CNVs detected by DELLY were also mainly in length II (>
85 %). For CNVnator, there were 41.12 % CNVs in length III and 
27.41 % CNVs in length IV. For CNVkit, CNVs were mostly in length IV 
(50.19 %) and V (43.94 %). Cn.mops tended to detect CNVs that were in 
length V (77.20 %). As shown in Fig. 2B, in real data, the lengths of 
CNVs detected by strategies with Pindel, BreakDancer, GASV, CNVkit 
and CNVnator were similar to using simulated WGBS data.

We also benchmarked the differences in the lengths of CNVs between 
WGBS and WGS data. We found that in WGS data, CNVs detected by 

CNVkit, CNVnator, GASV, Pindel and cn.mops were similar to those 
detected in WGBS data. However, in simulated WGS data, CNVs detec
ted by bwa-BreakDancer were mainly in length III (44.18 %) and IV 
(30.94 %). Besides, bwa-DELLY detected DELs that were in length II 
(23.97 %) and III (40.33 %), but > 50 % of DUPs were in length VI 
(Fig. 2A and B). In real WGS data, bwa-DELLY tended to detect CNVs of 
length II (Fig. 2 A and 2B).

3.3. The precision and recall of different strategies

We averaged the precision and recall of CNV detections of these 
strategies using 10 × , 15 × , 20 × and 30 × simulated WGBS data. We 
found that bsbolt-DELLY showed the highest precision (100 %) 
(P < 0.01) (Fig. 3 A) for DELs, and it was affected by sequencing depths 
(Fig. S2A) (Pearson’s correlation coefficients = 0.07, P = -0.46). Walt- 
CNVnator showed the highest recall (85.15 %) (P < 0.01) (Fig. 3A), 
and the recall was positively correlated to the sequencing depths 
(Fig. S2B) (Pearson’s correlation coefficients > 0.7, P < 0.01). For DUPs, 
bwameth-CNVkit showed the highest precision (86.32 %) (P < 0.01) 
(Fig. 3A), and the correlation between its precision and sequencing 
depths was not significant (Fig. S2A) (Pearson’s correlation coefficients 
= 0.10, P = 0.71). Bwameth-CNVnator showed the highest recall 
(P < 0.01) (81.64 %) (Fig. 3A), and its recall was not significant corre
lated with sequencing depths (Fig. S2B) (Pearson’s correlation co
efficients = 0.33, P = 0.21). We also calculated the precision and recall 
of these strategies using real WGBS data. For DELs, bwameth- 
BreakDancer showed the highest precision (54.72 %) and walt- 
CNVnator exhibited the highest recall (36.43 %) (Fig. 3B). For DUPs, 
bismarkbt2-CNVkit showed the highest precision (42.6 %) and bsbolt- 

Fig. 1. The numbers of CNVs detected by 35 strategies in simulated WGBS data, simulated WGS data and real WGS data. A: The number of DELs detected in 
simulated WGBS data. B: The number of DUPs detected in simulated WGBS data. C: The number of CNVs detected in simulated WGS data. D: The number of CNVs 
detected in real WGS data.
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cn.mops exhibited the highest recall (23.95 %) (P < 0.01) (Fig. 3B).
As controls, we benchmarked the precision and recall of 7 WGS- 

based strategies. In simulated data, for DELs, bwa-DELLY showed the 
highest precision (99.82 %) (P < 0.05) and recall (91.61 %) (P < 0.05) 
(Fig. 3A). For DUPs, bwa-CNVkit showed the highest precision 
(89.19 %) (P < 0.05) and bwa-CNVnator showed the highest recall 
(81.68 %) (P < 0.05) (Fig. 3A). In real data, for DELs, bwa-BreakDancer 
showed the highest precision (30.27 %) (P < 0.05), and bwa-DELLY 
showed the highest recall (51.31 %) (P < 0.05) (Fig. 3B). In detection 

of DUPs, bwa-CNVkit showed the highest precision (29.36 %) 
(P < 0.05) and bwa-DELLY showed the highest recall (30.90 %) 
(P < 0.05) (Fig. 3B).

3.4. The F1 scores of different strategies

To comprehensively assess the performance of different strategies, 
we further calculated F1 scores through their precision and recall. In 
simulated WGBS data, for DELs, bwameth-DELLY, bwameth- 

Fig. 2. The length of CNVs detected by different strategies. A: The length of CNVs detected using simulated WGS and WGBS data. B: The length of CNVs detected 
using real WGS and WGBS data.

Fig. 3. The precision and recall of CNVs detected in simulated and real data. A: The average precision and recall of CNVs detected using simulated WGBS and WGS 
data. B: The precision and recall of CNVs detected using real WGBS and WGS data.
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BreakDancer, bwameth-CNVnator, and bsmap-CNVnator had higher F1 
scores than other strategies (Fig. 4A). Bwameth-DELLY showed the 
highest F1 score at 30 × data (0.84) (P < 0.05), followed by bwameth- 
BreakDancer (0.82) (Fig. 4A), and their F1 scores were positively 
correlated to the sequencing depths (Pearson’s correlation coefficients >
0.7, P < 0.01) (Fig. S3A). For DUPs, CNVnator performed better than 
other callers (Fig. 4B). Both bismarkbt2-CNVnator and walt-CNVnator 
had the highest F1 score at 30 × data (0.86) (Fig. 4B). In addition, 
their F1 scores showed a significant positive correlation with sequencing 
depths (Pearson’s correlation coefficients > 0.7, P < 0.01) (Fig. S3A).

In real WGBS data, for DELs, CNVnator and CNVkit showed higher F1 
scores than other callers, and bwameth-CNVnator had the highest F1 
score (0.30) (P < 0.05) (Fig. S3B). For DUPs, bsbolt-cn.mops showed the 
highest F1 scores (0.26) (P < 0.05) (Fig. S3B). As controls, in simulated 
WGS data, bwa-DELLY showed the highest F1 score in detection of DELs 
(0.35) (P < 0.05) and bwa-CNVnator had the highest F1 score in 
detection of DUPs (0.19) (P < 0.05) (Fig. 4 C). In real WGS data, bwa- 
DELLY showed the highest F1 scores in detection of DELs and DUPs 
(Fig. 4D).

3.5. The relative F1 scores of different strategies between WGBS and WGS 
data

We further compared the performance of strategies in WGBS and 
WGS data with the relative F1 scores. Using simulated WGBS data, in 
detection of DELs, bwameth-BreakDancer and bwameth-CNVnator 
showed relative F1 scores > 1 at 15 × , 20 × and 30 × depths, among 
which bwameth-BreakDancer showed the highest score at 30 × data 

(1.36) (P < 0.05) (Fig. 5 A). In detection of DUPs, bismarkbt2-CNVnator 
and walt-CNVnator showed relative F1 scores > 1 at 20 × and 
30 × depths, among which walt-CNVnator had the highest score at 
30 × the depth (1.05). Additionally, bismarkbt-cn.mops and walt-cn. 
mops showed relative F1 scores > 1 at 15 × and 20 × depths (Fig. 5B).

In real WGBS data, we found that strategies with cn.mops had rela
tive F1 scores > 1 both for DELs and DUPs. Additionally, bwameth- 
CNVnator and bsmap-CNVnator also had relative F1 scores > 1 in 
detection of DELs and DUPs (Fig. S4A and S4B). Among these strategies, 
bsbolt-cn.mops showed the highest relative F1 score (2.02) for DELs 
(Fig. S4A), and bsbolt-cn.mops showed the highest relative F1 score 
(5.24) in detection of DUPs (Fig. S4B). Considering simulated and real 
data comprehensively, we found that BreakDancer, cn.mops, CNVnator 
and CNVkit performed better using WGBS data than WGS data.

4. Discussion

Many studies have revealed the relevance between CNVs and DNA 
methylation. In 2022, 1000 Genomes Project has identified 851 signif
icant CNV-CpG associations in the human genome, involving 656 CNVs, 
715 genes, and 738 CpG loci [37]. In humans, DUPs in CTCF gene re
duces methylation levels of 134 CpG sites and may result in the 
appearance of breast cancer [38]. Large fragment of DELs in BRD1 gene 
region leads to increased methylation levels [39]. Additionally, the ac
tivity of transposable elements is to be suppressed by CpG methylation 
thus DNA methylation could play a critical role in CNV formation and 
genome stability [40]. These studies showed that abnormal DNA 
methylation leads to the occurrence of CNVs, and the occurrence of 

Fig. 4. The F1 scores of CNVs detected by 35 strategies in simulated WGBS data, simulated WGS data and real WGS data. A: The F1 scores of DELs detected by 35 
strategies. B: The F1 scores of DUPs detected by 35 strategies. C: The F1 scores of CNV detections in simulated WGS data. D: The F1 scores of CNV detections in real 
WGS data.
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CNVs alters the levels of DNA methylation. Therefore, it is important to 
detect both CNVs and DNA methylation accurately, and to perform 
comprehensive correlation analysis and mechanistic studies.

In studies of human diseases, such as cancers, integrating analyses of 
copy number variations (CNVs) and DNA methylation has proven to be 
an effective strategy. For instance, a study demonstrated that specific 
CNVs are associated with DNA methylation changes, which may 
modulate gene expression and impact cancer risk [37]. Furthermore, 
integrating DNA methylation and CNVs from plasma cell-free DNA has 
been shown to enhance accuracy of early cancer detection [41]. Our 
benchmark provides valuable insights for simultaneously investigating 
the mechanisms of CNVs and DNA methylation, thereby improving the 
accuracy of study on human diseases and cancers.

The approaches employed by different CNV callers are mainly 
defined into 4 categories, including Read Depth (RD) [42,43], Read Pair 
(RP) [44], Split Read (SR) [45], and De novo Assembly (AS) [46]. In our 
benchmark, bwameth-DELLY and bwameth-BreakDancer performed 
better for DELs than other strategies, and this result supports the study 
by Whitney et al., who found that BreakDancer and DELLY were the 
most accurate methods to call DELs from WGS data [47]. 
Bismarkbt2-CNVnator and walt-CNVnator showed the highest F1 scores 
according to our study which was based on human genome, however, a 
study to detect copy number variation in plant genomes showed that 
CNVnator performed poorly during evaluations [48].

The reference CNVs for NA12878 individual was sourced from DGV 
and was considered a gold standard for validating the accuracy of CNVs 
detection results in multiple studies [32]. While this individual is a 
widely used reference in genomic studies, our findings may not fully 
capture the genetic diversity present in the broader human population. 
Future studies should aim to expand the scope of analysis to include 
multiple individuals from diverse populations to better assess the 
generalizability of CNV detection strategies. Moreover, the robust 
population-level validation is necessary to assess the applicability and 

accuracy of these strategies across diverse genomic backgrounds in the 
future. Population-level validation helps determine how well these 
strategies perform in larger, more heterogeneous datasets, providing a 
clearer understanding of their real-world utility. Besides, the detection 
strategies we evaluated may perform differently when applied to the 
genomes of other organisms, which may have distinct structural varia
tion patterns, genomic architectures, and epigenetic features. Compar
ative analyses across species could provide valuable insights into the 
robustness and versatility of these CNV detection methods in different 
biological contexts.

5. Conclusion

We comprehensively evaluated the performance of a total of 35 
strategies in detecting CNVs based on simulated and real WGBS data in 
humans, with various metrics including numbers, lengths, precision, 
recall, and F1 scores. Our evaluation test reveals that bwameth-DELLY 
and bwameth-BreakDancer were the best strategies for detecting DELs, 
and walt-CNVnator and bismarkbt2-CNVnator were the best strategies 
in detection of DUPs in WGBS data.
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