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Abstract
Background: The combination of the bisulfite treatment and the next-generation
sequencing is an important method for methylation analysis, and aligning the bisulfitetreated reads (BS-reads) is the critical step for the downstream applications. As bisulfite
treatment reduces the complexity of the sequences, a large portion of BS-reads might
be aligned to multiple locations of the reference genome ambiguously, called multireads. These multireads cannot be employed in the downstream applications since
they are likely to introduce artifacts. To identify the best mapping location of each multiread, existing Bayesian-based methods calculate the probability of the read at each
position by considering how does it overlap with unique mapped reads. However,
∼ 25% of multireads are not overlapped with any unique reads, which are unresolvable
for existing method.
Results: Here we propose a novel method (EM-MUL) that not only rescues multireads
overlapped with unique reads, but also uses the overall coverage and accurate baselevel alignment to resolve multireads that cannot be handled by current methods. We
benchmark our method on both simulated datasets and real datasets. Experimental
results show that it is able to align more than 80% of multireads to the best mapping
position with very high accuracy.
Conclusions: EM-MUL is an effective method designed to accurately determine the
best mapping position of multireads in BS-reads. For the downstream applications, it is
useful to improve the methylation resolution on the repetitive regions of genome. EMMUL is free available at https://github.com/lmylynn/EM-MUL.
Keywords: DNA, Methylation, Bisulfite, Multireads

Background
The vital epigenetic mechanisms include DNA methylation, histone modification,
genetic imprinting, etc. The most widely studied are PTM [1–3] and DNA methylation [4–6]. DNA methylation is an important component of epigenetic that affects
the expression of genes without changing the gene sequence, opening up new ways
for cancer diagnosis and treatment [7]. Bisulfite sequencing (BS-seq), which combines the bisulfite treatment with the next generation sequencing (NGS), is the
gold standard for methylation analysis [8]. It coverts unmethylated cytosine (C) to
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thymine (T), while keeps methylated C unchanged [9]. As a result, the alignment of
BS reads to the reference genome should be performed asymmetrically. That is, each
T in BS reads might be aligned to T or C in the reference genome [10], but not vice
versa. Owing to the reduced complexity of the BS reads and the asymmetric alignment challenge, the BS reads are more likely to be ambiguously aligned to the reference genome at multiple locations, called multireads [9]. In contrast, the reads that
are uniquely aligned to its best position are named unique reads. If the alignments
of multireads are used in the downstream analysis, artifacts would be introduced in
the DNA methylation results. Therefore, these multireads are discarded in practice,
which leads to the waste of sequencing depth and makes the methylation status of
repetitive regions unresolvable [11].
There are several statistical Bayesian-based attempts that are designed to identify the best mapping position of each multiread [12–15]. Most of them make use of
known information, such as the mapping quality of multiread’s aligned positions, to
select the most likely one. These methods present high accuracy only if multireads
are overlapped with unique reads. To further improve the accuracy, the alignment
coverage of unique reads onto the reference genome are also used [16]. Besides, [17]
modified the scoring matrix to classify the mismatches and the indels into different
types using the base abundances of 3’ end.
Here we propose EM-MUL, a novel method combining all ideas above. For the
multireads overlapped with unique reads, we use a comprehensive scoring strategy
to jointly consider the similarity among sequences, bisulfite treatment, methylation
region information, as well as probabilities of sequencing errors. For the remaining
multireads without any overlaps to unique reads, our method assigns the locations
of these multireads to achieve uniform coverage of the genome wide. This paper is
organized as follows. In the results and discussion section, we briefly introduce the
real and simulated data sets of bisulfite sequencing in our experiments in order to
compare EM-MUL with existing methods. Moreover, we give the alignment results
of EM-MUL on multiple BS-reads datasets with different read lengths, coverage
depths and sequencing error rates. In next section, we summarize the experimental
results. In final section, our method are given in detail.

Results and discussion
Data generation and analysis
Real data

The real data sets we use are GSM1163695, GSM4558210 and GSM4558212, which
are mentioned in article [14, 18, 19]. The first data set is the bisulfite sequencing data
of the human frontal cortex, which includes ten parts, each with about 100 million
single reads. The length of reads is 101bp. Other data sets are the bisulfite sequencing data of mouse embryos and the length of reads is 100bp. Randomly select 1%
from the unique reads and shorted the length (i.e., 25bp shorter than original reads),
so that part of the shorted reads is aligned to multiple positions, and the positions of
the unique reads are used as the standard to verify accuracy.
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Simulated data

We use Mason2 [20] and Sherman [21] to simulate BS-reads, which have been used
many times in previous studies [22–24]. Sherman can better simulate the real data set.
However, due to the structural variation, insertion and deletion in the simulated BSreads, it is not possible to output accurate alignment positions. Mason2 can simulate
SNP sites, generate sequencing errors, and also output alignment positions. It is helpful
for the verification of our results. The reference genomes we use are the human genome
(hg38), the mouse genome (mm38) and the Arabidopsis (tair10). The default parameters
are as follows. The length is 100bp, the SNP rate is 0.001, the methylation conversion
rate in CG is 70% and in CH is 0.5%. The average coverage depth is 20X and the sequence
error rate is 0.01. All our experiments are run on an Intel(R) Xeon(R) Gold 5120 GPU @
2.20GHz machine with 28 cores and 512GB of memory.
Evaluation measures

Here, our method is compared with BAM [14], random selection [16] and other methods [25–29]. The evaluation criterions are accuracy, recall and F1 value. The accuracy (p)
refers to the correct proportion of multireads we found. The recall (r) is the proportion
of multireads that finds the unique position. The F1 (Eq.1) value comprehensively considers both the accuracy and the recall. It can be used to measure the overall quality of
the method.

F1 =

2×p×r
.
p+r

(1)

In addition, we divide multireads into several groups according to the numbers of alignment positions to explore the effect of different methods on each sub-dataset. The evaluation criterion is the PerRight(i), which means the proportion of multireads correctly
aligned by different methods. The PerRight(i) is calculated using Eqs. 2 and 3, where i
indicates that this part of multireads is aligned to i positions of the reference genome.
nrandom is the number of multireads aligned to the correct position by a random selection method, and nour is the number of correctly aligned multireads processed by our
method. PerRight(i)random and PerRight(i)our are the number of multireads correctly
handled by the two methods, respectively.

PerRight(i)random =

PerRight(i)our =

nrandom
nrandom + nour

nour
nrandom + nour

(2)

(3)

Compared with other methods
Results on real data

As shown in Fig. 1, for real human data sets, the experiments show that the accuracies
of BWA-meth and BISCUIT are higher, but the recalls are lower. Between them, both
the recall and F1 value of BISCUIT are higher than BWA-meth, and the accuracy of
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Fig. 1 Comparison between BWA-meth, BISCUIT, BAM and EM-MUL on real human data sets. We choose
three real human data sets SRR901380, SRR901384 and SRR901388. The horizontal ordinate of each picture
represents recall, accuracy and F1, and the ordinate represents the value. We display the results of BWA-meth,
BISCUIT, BAM and EM-MUL in turn

BWA-meth is higher than BISCUIT. The recall of EM-MUL is about 85%, which is
∼ 9 % higher than BAM. The accuracy between our method and BAM is less than 1%.
Compared with other methods, EM-MUL can obtain a higher F1 value and align more
multireads to the right position. For all tools, the alignment results which MAPQ is 0
are excluded as in [14].
The random selection method is to randomly select one of the positions when there
are multiple positions with the same similarity score. As shown in the first column of
Fig. 2, the number of multireads aligned to the correct positions is not much different
between the two methods. When the number of positions is 11, the ratio of the numbers of reads aligned to the correct position after using two methods is about 1:9. The
more alignment positions of multireads, the more difficult it is for the random selection method to obtain the correct alignment positions. The advantages of the EMMUL method have gradually become prominent.
The results of the mouse data sets show that BWA-meth and BISCUIT can get high
accuracy (see Fig. 3). The recalls of BAM and EM-MUL are higher than the other
methods, and EM-MUL can obtain the highest F1 value. The results of EM-MUL on
mouse datasets show no obvious effect on human datasets. This may be due to the
higher frequency of T and C in the mouse reference genome, which is difficult to
determine the unique position.
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Fig. 2 Comparison with random selection method on the real human data set. The data set we choose
is SRR901388. After using Bismark to align all BS-reads to the reference genome, all possible alignment
positions of multireads are obtained. We divided multireads into several groups according to the numbers
of alignment positions to explore the effect of different methods on each dataset. The horizontal ordinate is
the number of multiread’s mapping positions. The ordinate in the figure means the proportion of multireads
correctly aligned by different methods

Fig. 3 Comparison between BWA-meth, BISCUIT, BAM and EM-MUL on real mouse data sets. We choose
three real mouse data sets SRR11806587, SRR11806588 and SRR11806589. The horizontal ordinate represents
recall, accuracy and F1, and the ordinate represents the value
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Results on simulated data

As shown in Fig. 4, for human data set, our method could assign 84% of multireads to the
best locations with an accuracy rate of 82.3%. The BAM method could assign ∼ 64 % of
multireads to unique locations with the accuracy of 88%. Our method align more ∼ 20%
multireads to a unique position, which only slightly affected the accuracy. BWA-meth
and BISCUIT can align ∼ 30% of the multireads to unique positions with the accuracy
of ∼ 99%. For mouse data set, multireads of 80% are aligned to unique locations. The
accuracy is higher than 90%. For Arabidopsis data set, our method aligns ∼ 75% of multireads to unique locations with higher accuracy. The F1 value of our method is higher
than other methods in all three data sets, which is the best for mouse data set, next to
human data set and last to Arabidopsis data set. It is because that the multiple alignment
positions of multireads in the Arabidopsis data set are too similar. Our method can perform better on the simulated data sets. The reason is that our method can be more accurate when the sequence length is longer and the number of overlapping unique reads is
larger.
Figure 5 compares the EM-MUL method with the random selection method, based on
the correct number of multireads. It can be seen that in the data set with the alignment
position i = 2, we correctly find 13% of multireads more than the randomly selected
method. When i = 15, the number of correctly found multireads is 85.6% of multireads
more than randomly selected. As the alignment position i grows, the proportion of multireads our method finds correctly increases.

Fig. 4 Comparison between BWA-meth, BISCUIT, BAM and EM-MUL on simulated data sets. The human,
mouse and Arabidopsis simulated data sets are used separately, which are generated using the default
parameters described above. The evaluation index is recall, accuracy and the F1 value
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Fig. 5 Comparison with random selection method on simulated human data sets. The data set we use is
simulated human data sets with a length of 100bp. The horizontal ordinate is the number of multiread’s
mapping positions. The ordinate is the proportion of multireads correctly aligned by different methods

We also compare our method with other aligners, such as BWA-meth [25], BatMeth2 [26], GEM3 [27], BISCUIT [28] and GSNAP [29]. The parameters used are
listed in Table 1. As shown in Table 2, our method have the highest recall and F1 value
compared with other methods. In Table 2, the bold fonts represent the best results
in each evaluation criterion. The experiment here considers all BS-reads, which is
different from the previous experiments for the multireads. At the same time, the
Table 1 Different parameters of methods compared
Software

Version

Arguments

BWA-meth

0.2.2

-Threads 16

BatMeth2

1.0

-p 6 -n 2

GEM3

3.6.0

default

BISCUIT

0.3.16

-t 6

GSNAP

2015-09-21

-A sam -t 6

EM-MUL

–

Default

Table 2 Effect of different read lengths on EM-MUL method using human, mouse and Arabidopsis
simulated data sets
Tools

Human 76bp

Human 100bp

Recall (%)

Accuracy (%)

F1 (%)

Recall (%)

Accuracy (%)

F1 (%)

BWA-meth

87.42

99.70

93.15

93.11

99.73

96.31

BatMeth2

87.32

98.57

92.61

92.79

98.89

95.74

GEM3

89.01

98.26

93.40

94.31

98.87

96.54

BISCUIT

88.81

99.57

93.88

94.10

99.67

96.8

GSNAP

90.45

97.53

93.86

94.35

98.22

96.25

EM-MUL

95.16

97.26

96.20

97.74

97.88

97.81
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determination of the unique position is very beneficial to the analysis of methylation
information, which will be confirmed in the following experiments.
We use MethylDackel to infer the methylation level after using BWA-meth, BISCUIT,
Bismark, EM-MUL and BAM. And the result is shown in Fig. 6. The data set we use
is the human data with the length of 100bp, and the methylation rate at CpGs is 80%,
which represents the level of methylated cytosines in CG-context. In other word, it
means that 20% of CG-cytosines will be converted into thymines. It can be seen from
Fig. 6a that the result of BISCUIT is closest to the true methylation level at CpGs, followed by EM-MUL, Bismark and BWA-meth. But the fluctuation range of EM-MUL is
smaller than BISCUIT. It can be seen from Fig. 6b that when the threshold of minimum
MAPQ increases, the error between the methylation level and the true value is also
smaller. When filtering with different MAPQ thresholds, the methylation level of BAM
is between 74.1% and 79.6%. Since the methylation levels of different tools are close, the
results of BAM are not shown in Fig. 6 for better discrimination. Compared with Bismark, our method is closer to the true methylation level.
Effect of different parameters for our method on simulated data
Read length

Table 3 shows the effect of read length on the results. The BS-reads is simulated with
lengths of 76bp, 100bp and 150bp, respectively. As we can see, our method can achieve
better results at different read lengths. For human data sets, different read lengths have
little effect on the results, with recall ranging from 85 to 87% and accuracy rate ranging
from 76 to 80%. For the mouse data set and the Arabidopsis data, as the length of the
simulated data sequence increases, the accuracy increases slightly. For the Arabidopsis
data set, there is also a small increase in recall rate.
Methylation rate at CpGs

We generate BS-reads with the methylation rate at CpGs of 70%, 80%, 90% respectively
and other parameters remain unchanged. It means the value of methylated cytosines in

Fig. 6 The influence on the methylation level at CpGs for different methods and different MAPQ thresholds.
a represents the changes in the methylation level at CpGs after treatment with different tools and b lists the
specific values. The horizontal ordinate is the different minimum MAPQ threshold selected during processing,
and the ordinate is different methylation levels at CpGs
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Table 3 Effect of different read lengths on EM-MUL method using human, mouse and Arabidopsis
simulated data sets
Read length

Human

Mouse

Arabidopsis

Recall (%)

Accuracy (%)

Recall (%)

Accuracy (%)

Recall (%)

Accuracy (%)

70bp

86.00

76.90

80.63

88.80

73.92

86.10

100bp

85.42

79.62

79.89

89.81

75.05

87.68

150bp

86.39

77.80

77.28

90.36

75.05

88.80

Table 4 Effect of different methylation rates at CpGs on EM-MUL method using human, mouse and
Arabidopsis simulated data sets
CpG rate (%)

Human
Recall (%)

Mouse
Accuracy (%)

Recall (%)

Arabidopsis
Accuracy (%)

Recall (%)

Accuracy (%)

70

85.24

79.41

79.91

89.83

74.31

88.02

80

85.42

79.62

79.89

89.81

75.05

87.68

90

85.22

79.34

79.86

89.79

74.31

87.97

CG-context. When the value is 80%, it means 20% of CG-cytosines will be converted into
thymines. We can see that the methylation rate at CpGs has little effect on our method
(see Table 4). For the human data sets, the recall rate is about 85%, and the accuracy is
about 79%. For the mouse data sets, the recall reaches 80% , the accuracy is about 90%
and different methylation values at CpGs have a slightly negative effect on the results.
For the Arabidopsis genome, the recall is from 74 to 75%, and the accuracy is about 88%.
Different methylation rates at CpGs have little effect on the human and the Arabidopsis
data sets.
The average coverage depth

The average depth of coverage of the simulated data sets is from 5X to 30X. With the
increase of the coverage depth, the recalls and accuracies on both human and mouse
data sets have increased slightly, and the accuracy has increased on the Arabidopsis data
set, but have little effect on the recall as shown in Fig. 7.
Sequencing error rate

The data sets we use have different sequencing error rates, with values ranging from 0.5
to 2%. Figure 8 shows the impact of sequencing error rate on the experimental results. It
can be seen that as the sequencing error rate increases, the accuracy on all three simulation data sets decreases.

Conclusions
In conclusion, due to the influence of bisulfite treatment, a large part of BS-reads are
mapped to multiple locations. We proposed the EM-MUL method to find the optimal
alignment position of multireads. First, our method can obtain a higher F1 value on both
real and simulation data sets, which means it can align more multireads to the unique
position correctly. Then, the effect of different parameters on the EM-MUL method
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Fig. 7 The effect of average depth of coverage. a represents the influence of average depth of coverage
depth on recall and b represents the influence of average depth of coverage on accuracy

Fig. 8 The effect of the sequence error rate. a represents the influence of the sequence error rate on recall
and b represents the influence of the sequence error rate on accuracy

was verified. The results suggest that the read length and methylation rate at CpGs
had almost no effect on the performance of our method. The average depth of coverage has a positive effect on our method, and the sequence error has a negative effect on
our method. Therefore, our method is robust and performs well in different read lengths
and methylation rates at CpGs. The EM-MUL method can align partial BS-reads to
the repeated regions, which is beneficial to the further analysis of the repeated regions.
Then, we can use the information of multireads to obtain more accurate methylation
analysis results.

Methods
Figure 9 presents the overall workflow of EM-MUL. It employs Bismark [30] to obtain
the unique reads and the multireads, and then processes the alignment results of multireads. After that, it allocates each multiread to the most likely alignment position. For
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Fig. 9 The overall process of handling multireads. First, use Bismark to align BS-reads to the reference
genome to get multireads and unique reads. Then use EM-MUL to assign the most likely alignment positions
of multireads

multireads, we classified them into two groups according to whether they are overlapped
with unique reads.
Definitions and notations

Given a multiread M of length K, there are Q mapping locations on the reference
genome G and one of them is the location j (see Fig. 10). The probability Sj of M align
to each position of the reference genome consists of two parts: the similarity SMk Gs of M
and reference genome, and the similarity SMk Ut of M and unique reads. For the convenience of reading, all the list of symbols and notations used are provided in Table 5.
Multireads overlapped with unique reads

To deal with this type of multireads, here is divided into three steps. First, collect all
mapping locations on the reference genome of a multiread. Second, for each position of
multireads, find the unique reads that are overlapped with it. Third, give scores of the
genome and unique reads on each base for any position of the multiread, add the total
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Fig. 10 An example of the relationship between multiread M, overlapping unique reads and reference G.The
multiread M has two alignment positions and one of them is j. In the left location of multiread M, there are n
overlapping unique reads

Table 5 Notation table
Symbol

Definition

M

One of the multireads

G

The reference genome

Mk

The k-th base of the multiread M

Gs

The s-th base of the reference genome G

Ult

The t-th base on the l-th overlapped unique reads

Sj

Probability of M aligned to the j-th position of G

εk

Probability of sequencing errors in Mk

εlt

Probability of sequencing errors in Ult

loss

A global loss function

WinLen

The certain length we defined

a[i]

Actual coverage of every locus in WinLen

x

The average depth of coverage from 0 to WinLen − 1

SMk Gs

Probability of aligning Mk to Gs, related to the base Mk and Gs

P(Mk , Gs )

Part of SMk Gs. The probability of observing Mk for a given base Gs

Score(Mk , Gs )

Part of SMk Gs. A similar score between Mk and Gs

S[Gs ]

Total similar score when the base of the reference genome is Gs

SMk Ut

Probability of aligning Mk to the l-th overlapping unique reads Ut

SMk Ult

Probability of aligning Mk to all overlapping unique reads Ult

P(Mk → Ult )

Probability of no sequencing errors occurring in both Mk and Ult

Score(Mk , Ult )

Part of P(Mk → Ult ). A similar score between Mk and Ult

scores to select the best position. We will present how to score different positions in
detail.
Calculate scores of multiple locations between multireads and reference

We choose a better scoring matrix in [17], and use more information and generate a new
evaluation method. The elements in the scoring matrix are divided into insert, delete,
match and mismatch, and their values are assigned according to the base abundances.
Meanwhile, we also incorporate more known information, including the probability of
sequencing individual mutations and the influence of bisulfite treatment. Our method
calculates the probability of multiread M aligned to each position of the reference
genome base by base. First, we adopt a scoring matrix donated as Score to assign different values according to the correspondence between Mk and Gs. The matrix Score is
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Table 6 The scoring matrix [17] for the positive strand and overlapping unique reads. Different
types of match and mismatch scores are different
A

C

G

T

− 18

− 18

− 18

− 25

− 18

− 18

6

− 18

− 25

− 25

− 25

A

6

C

− 18

G
T

− 18

N

6

− 18

− 18

− 18

− 25

N

3

− 25

3

− 25

− 25

25

Table 7 Four cases of the bases between the forward reference genome and multiread when the
base on the reference is C
Reference base

Multiread base

Phenomenon

Calculation formula

C

A

C to A

P(CA)

C

T

Unmethylated C or C to T

P(CT)+nonSNP*P(CC)

C

C

No mutation and methylated C

NonSNP*P(CC)

C

G

C to G

P(CG)

shown in Table 6. The rows represent the reference genome, and the columns represent
the multireads. When Mk is the same as Gs, a positive score can be obtained as shown by
the main diagonal in Table 6. In other cases, they are all negative values, except for the
alignment of C on the multiread to T on the reference genome.
Next, incorporate information such as mutation and bisulfite treatment. Let P(Mk , Gs )
be the probability of observing multiread base Mk for given the reference genome base
Gs. It can be calculated by sequencing individual gene mutations and the probability of
methylation in different regions. For example, when the base of the reference genome is
C, Table 7 lists four different cases of the corresponding position between the multiread
base Mk and the reference genome base Gs. P(CA) means the probability of a C to A
mutation, and nonSNP means the factor that is the probability of not SNP site.
Then, shown as Formula 4, SMk Gs is a weighted score of aligning multiread base Mk to
reference genome base Gs. P(Mk , Gs ) is the probability of observing multiread base Mk
given the reference genome base Gs. Score(Mk , Gs ) is the similar score between Mk and
Gs. S[Gs ] is the total similar score when the base of the reference genome is Gs. SMk Gs can
be computed by Formula 1, which reflects the similarity of Mk and Gs.

SMk Gs =P(Mk , Gs ) × Score(Mk , Gs )+
(1 − P(Mk , Gs )) × (S[Gs ] − Score(Mk , Gs )).

(4)

Calculate alignment scores between multireads and overlapping unique reads

For the reads located at the same location, these reads are largely similar [13]. Therefore, we use the similarity between multireads and overlapping unique reads, and the
locations with the highest similarity are the optimal locations. Similar to the Bayesian
method, we also use the sequencing error information of unique reads overlapped with
multireads to calculate the probability of multireads aligning to each position.

Liu and Xu BMC Bioinformatics

(2021) 22:283

Page 14 of 17

First, calculate the similarity between the multiread and each overlapping unique read.
Using scoring matrix Score(Mk , Ult ) and P(Mk → Ult ) to calculate likelihood SMk Ut of
aligning multiread M to the reference genome G[j, j + K ]. P(Mk → Ult ) can be computed
by Formula 5.

εlt + εk − εlt × εk , if Ult = Mk
,
P(Mk → Ult ) =
(5)
1 − (εlt + εk − εlt × εk ), if Ult � = Mk
where εk is the probability of sequencing errors in the base Mk and εlt is the probability of sequencing errors in the base Ulk . When Mk and Ult are the same, P(Mk → Ult )
means the probability of no sequencing errors occurring in both. When Mk and Ult are
different, it means that at least one of the two has a sequence error. As shown in Formula 6, we define SMk Ult as follows. It is the probability of the k-th base of multiread M
mapped to the corresponding position of l-th overlapping unique read.

SMk Ult =

n


l=1
n


P(Mk → Ult ) × Score(Mk , Ult )+

(6)
(1 − P(Mk → Ult )) × (S[Ult ] − Score(Mk , Ult )).

l=1

Next, calculate the similarity between M with anyone of the overlapping unique reads.
Formula 7 can calculate the probability of the k-th base of multiread M aligned to the
corresponding position related to all overlapping unique reads. n is the number of overlapping unique reads corresponding to the k-th base of multiread M. To reduce the
impact of each unique read on the calculation result, the result of all unique reads are
averaged to obtain SMk Ut , where is computed by Formula 7.

SMk Ut =

n


SMk Ult /n.

l=1

(7)

Calculate final score

In this step, the scores of the first two steps are weighted to get the final alignment scores
of multireads and get the determined alignment locations. First, introduce the method to
obtain the final alignment score. For multiread M, the score of each position can get from
formula 8. Through the introduction in the previous two sections, we can calculate the
probability S of multiread M aligned to each position according to the reference genome
and the overlapping unique reads. The reference genome and overlapping unique reads
have the same weight on the final scores, both are 0.5. If there are no overlapping unique
reads, then SMk Ut is assigned to SMk Gs, and the result is calculated.

Sj =

K

SM
k=1

k Gs

+ SMk Ut
.
2

(8)
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Then, get the determined alignment location of each multiread M. Suppose multiread
M has Q mapping positions, we select the maximum value Smax and the second largest
value Snextmax from these Q positions. We think that the position with the highest score
is the best alignment position, only if the condition Smax − Snextmax > σ is satisfied,
which is a modifiable threshold to adjust the resulting error. However, due to the existence of repeated regions on the reference genome, there are still parts of multireads that
cannot be allocated. Subsequent steps need to be considered in conjunction with local
coverage, and the optimal alignment location of the remaining multireads is determined.

Multireads without overlapping unique reads

This part of the processing is based on the following assumptions. After all reads are
aligned to the reference genome, the overall distribution should be uniform, also known
as smoothness [16]. Based on this assumption, we consider evaluating the local smoothness of different mapping positions of each multiread and choose one position of the
multiread that can maintain the overall smoothness.
First, evaluate the local smoothness of different mapping positions. For each possible
alignment position of the multiread, a global loss function loss is calculated to represent
the global non-smoothness, and the alignment position that makes the overall smoothest is selected. As Fig. 11 shows, multiread M has two mapping positions and unique
reads about each position can be obtained to calculate local coverage. We use Formula 9
to calculate the local smoothness loss about a certain length of positions. WinLen is the
certain length we defined. a[i] is the actual coverage of every locus in WinLen, and x is
the average depth of coverage from 0 to WinLen − 1.

loss =

1
WinLen

WinLen−1


(a[i] − x)2 .

(9)

i=0

Then, choose one position of each multiread. If multiread M has multiple alignment
positions, we will calculate between every two alignment positions and the position with
a minimum value of loss will be selected. This step is finished when every two positions
are calculated.
Acknowledgements
The authors thank all members of our laboratory for their time and valuable discussions. And we thank Ming Wu for

Fig. 11 An example of getting the determined alignment location using coverage. The multiread M has
two alignment positions. If M is in the left position, the average depth of coverage about it and the right will
respectively more smooth than M in the right

providing advices on the revision of the manuscript.

Liu and Xu BMC Bioinformatics

(2021) 22:283

Authors’ contributions
MYL and YX designed the strategies in this paper and drafted the manuscript. Both authors read and approved the final
manuscript.
Funding
This work was supported in part by the National Nature Science Foundation of China under Grant No. 61672480 and the
Fund for Foreign Scholars in University Research and Teaching Programs (B07033).
Availability of data and materials
The data sets are publicly available on NCBI databases, Accession Numbers GSM1163695, GSM4558210 and
GSM4558212.

Declarations
Competing interests
The authors declare that they have no competing interests.
Author details
1
School of Computer Science, University of Science and Technology of China, Hefei 230027, Anhui, China. 2 Key Laboratory on High Performance Computing of Anhui Province, Hefei, China.
Received: 27 October 2020 Accepted: 17 May 2021

References
1. Cheng A, Grant CE, Noble WS, Bailey TL. Momo: discovery of statistically significant post-translational modification motifs. Bioinformatics. 2019;35(16):2774–82.
2. Bao W, Yuan C-A, Zhang Y, Han K, Nandi AK, Honig B, Huang D-S. Mutli-features prediction of protein translational modification sites. IEEE/ACM Trans Comput Biol Bioinform. 2017;15(5):1453–60.
3. Bao W, Huang D-S, Chen Y-H. Msit: malonylation sites identification tree. Curr Bioinform. 2020;15(1):59–67.
4. Sun R, Tian Y, Chen X. Tamebs: a sensitive bisulfite-sequencing read mapping tool for dna methylation analysis.
In: 2014 IEEE international conference on bioinformatics and biomedicine (BIBM). IEEE; 2014. pp. 176–181.
5. Smith AD, Chung W-Y, Hodges E, Kendall J, Hannon G, Hicks J, Xuan Z, Zhang MQ. Updates to the rmap shortread mapping software. Bioinformatics. 2009;25(21):2841–2.
6. Harris EY, Ounit R, Lonardi S. Brat-nova: fast and accurate mapping of bisulfite-treated reads. Bioinformatics.
2016;32(17):2696–8.
7. Zhao L, Sun M-A, Li Z, Bai X, Yu M, Wang M, Liang L, Shao X, Arnovitz S, Wang Q, et al. The dynamics of DNA
methylation fidelity during mouse embryonic stem cell self-renewal and differentiation. Genome Res.
2014;24(8):1296–307.
8. Adusumalli S, Mohd Omar MF, Soong R, Benoukraf T. Methodological aspects of whole-genome bisulfite
sequencing analysis. Brief Bioinform. 2015;16(3):369–79.
9. Chatterjee A, Stockwell PA, Rodger EJ, Morison IM. Comparison of alignment software for genome-wide bisulphite sequence data. Nucleic Acids Res. 2012;40(10):79–79.
10. Xi Y, Li W. Bsmap: whole genome bisulfite sequence mapping program. BMC Bioinform. 2009;10(1):232.
11. Porter J, Zhang L. Bispin and bfast-gap: mapping bisulfite-treated reads. BioRxiv. 2018;284596.
12. Yuan Y, Norris C, Xu Y, Tsui K-W, Ji Y, Liang H. Bm-map: an efficient software package for accurately allocating
multireads of rna-sequencing data. BMC Genomics. 2012;13(8):1–5.
13. Oloomi SMH. The impact of multi-mappings in short read mapping. Ph.D. thesis 2018.
14. Tran H, Wu X, Tithi S, Sun M-A, Xie H, Zhang L. A Bayesian assignment method for ambiguous bisulfite short
reads. PLoS ONE. 2016;11(3):0151826.
15. Porter JS. Mapping bisulfite-treated short DNA reads. Ph.D. thesis, Virginia Tech 2018.
16. Kahles A, Behr J, Rätsch G. Mmr: a tool for read multi-mapper resolution. Bioinformatics. 2016;32(5):770–2.
17. Frith MC, Mori R, Asai K. A mostly traditional approach improves alignment of bisulfite-converted DNA. Nucleic
Acids Res. 2012;40(13):100–100.
18. Tran HTT. Evaluating and improving performance of bisulfite short reads alignment and the identification of
differentially methylated sites. Ph.D. thesis, Virginia Tech 2018.
19. Dahlet T, Lleida AA, Al Adhami H, Dumas M, Bender A, Ngondo RP, Tanguy M, Vallet J, Auclair G, Bardet AF, et al.
Genome-wide analysis in the mouse embryo reveals the importance of DNA methylation for transcription
integrity. Nat Commun. 2020;11(1):1–14.
20. Holtgrewe M. Mason: a read simulator for second generation sequencing data. Tech. Rep. TB-B-10-06, Digital
Equipment Corporation, Institut für Mathematik und Informatik, Freie Universität Berlin, Berlin, Germany 2010.
21. A tool to simulate FastQ files for high-throughput sequencing experiments. https://www.bioinformatics.babra
ham.ac.uk/projects/sherman/.
22. Lim J-Q, Tennakoon C, Li G, Wong E, Ruan Y, Wei C-L, Sung W-K. Batmeth: improved mapper for bisulfite
sequencing reads on DNA methylation. Genome Biol. 2012;13(10):82.
23. Sedlazeck FJ, Rescheneder P, Von Haeseler A. Nextgenmap: fast and accurate read mapping in highly polymorphic genomes. Bioinformatics. 2013;29(21):2790–1.

Page 16 of 17

Liu and Xu BMC Bioinformatics

(2021) 22:283

Page 17 of 17

24. Wilton R, Li X, Feinberg AP, Szalay AS. Arioc: Gpu-accelerated alignment of short bisulfite-treated reads. Bioinformatics. 2018;34(15):2673–5.
25. Pedersen BS, Eyring K, De S, Yang IV, Schwartz DA. Fast and accurate alignment of long bisulfite-seq reads; 2014.
arXiv preprint arXiv:1401.1129.
26. Zhou Q, Lim J-Q, Sung W-K, Li G. An integrated package for bisulfite DNA methylation data analysis with indelsensitive mapping. BMC Bioinform. 2019;20(1):1–11.
27. Merkel A, Fernández-Callejo M, Casals E, Marco-Sola S, Schuyler R, Gut IG, Heath SC. gembs: high throughput
processing for DNA methylation data from bisulfite sequencing. Bioinformatics. 2019;35(5):737–42.
28. W Z. BISCUIT. https://github.com/huishenlab/biscuit.
29. Wu TD, Nacu S. Fast and snp-tolerant detection of complex variants and splicing in short reads. Bioinformatics.
2010;26(7):873–81.
30. Krueger F, Andrews SR. Bismark: a flexible aligner and methylation caller for bisulfite-seq applications. Bioinformatics.
2011;27(11):1571–2.

Publisher’s note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

