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Abstract

Motivation: Scaffolding is an essential step during the de novo sequence assembly process to infer

the direction and order relationships between the contigs and make the sequence assembly results

more continuous and complete. However, scaffolding still faces the challenges of repetitive regions

in genome, sequencing errors and uneven sequencing depth. Moreover, the accuracy of scaffold-

ing greatly depends on the quality of contigs. Generally, the existing scaffolding methods construct

a scaffold graph, and then optimize the graph by deleting spurious edges. Nevertheless, due to the

wrong joints between contigs, some correct edges connecting contigs may be deleted.

Results: In this study, we present a novel scaffolding method SCOP, which is the first method to

classify the contigs and utilize the vertices and edges to optimize the scaffold graph. Specially,

SCOP employs alignment features and GC-content of paired reads to evaluate the quality of contigs

(vertices), and divide the contigs into three types (True, Uncertain and Misassembled), and then

optimizes the scaffold graph based on the classification of contigs together with the alignment of

edges. The experiment results on the datasets of GAGE-A and GAGE-B demonstrate that SCOP per-

forms better than 12 other competing scaffolders.

Availability and implementation: SCOP is publicly available for download at https://github.com/

bioinfomaticsCSU/SCOP.

Contact: limin@mail.csu.edu.cn or jxwang@mail.csu.edu.cn

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

As the speed of sequencing has become faster, and the cost of

sequencing has been getting lower (Niedringhaus et al., 2011;

Voelkerding et al., 2009), the accumulation of massive sequencing

data has accelerated the research in many biological areas. De novo

sequence assembly is an important research field in genomics re-

search, which is the basis of many downstream analyses. The se-

quence assembly process can be divided into three stages (El-

Metwally et al., 2013; He et al., 2013; Paszkiewicz and Studholmeet

al, 2010; Simpson and Popet al, 2015; Sohn and Nam 2016): contigs

extension, scaffolding and gap filling. The scaffolding method is an

essential step during the process, which takes the contigs and

sequencing reads as input to produce some scaffolds (Li et al.,

2017). Scaffolding makes sequence assembly results more continu-

ous and complete, which is helpful for subsequent gene identifica-

tion, genome alignment, structural variation detection and so on.

Most existing scaffolding methods are based on scaffold graphs,

and these methods generally can be divided into three steps: map-

ping paired reads, constructing scaffold graphs and validating rela-

tionships between contigs. When mapping paired reads to a contig

set, the commonly used alignment tools are Bowtie (Langmead

et al., 2009), Bowtie2 (Langmead and Salzberget al, 2012) and BWT

(Li and Durbin, 2009). Due to the repetitive regions and sequencing

errors, a read may be aligned to several positions. SCARPA

VC The Author(s) 2018. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1142

Bioinformatics, 35(7), 2019, 1142–1150

doi: 10.1093/bioinformatics/bty773

Advance Access Publication Date: 3 September 2018

Original Paper

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/article-abstract/35/7/1142/5089938 by C
entral South U

niversity user on 23 July 2020

https://github.com/bioinfomaticsCSU/SCOP
https://github.com/bioinfomaticsCSU/SCOP
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/bty773#supplementary-data
https://academic.oup.com/


(Donmez and Brudno, 2013) and ScaffMatch (Mandric et al., 2015)

take a radical approach to deal with this situation, as long as one of

the reads in the paired reads aligns to multiple positions, the paired

reads and the corresponding information are deleted. SSPACE

(Boetzer et al., 2011) only removes the paired reads whose both of

the reads are aligned to multiple positions. MIP (Salmela et al.,

2011) analyses the features of paired reads which are aligned to the

same region, and removes inconsistent paired reads. For the poten-

tial connection errors in the contigs, SOPRA (Dayarian et al., 2010)

analyses the number of abnormal paired reads which are aligned

to the same contig, and then infers whether there are connection

errors.

When constructing a scaffold graph, there are two ways to de-

cide whether an edge should be added between two vertices. One

common way is based on the number of paired reads that align to

two contigs. If that number is larger than a threshold (defined by

scaffolding tools or users), an edge is added and the edge weight is

equal to that number. MIP (Salmela et al., 2011), Bambus (Pop

et al., 2004), Bambus2 (Koren et al., 2011), Opera (Gao et al.,

2011), SSPACE (Boetzer et al., 2011) and ScaffoldScaffolder (Bodily

and Fujimoto, 2016) use this method to construct scaffold graphs.

Another way is based on the distribution of paired reads that align

to two vertices. BESST (Sahlin et al., 2014) uses the standard devi-

ation of gap distance and read position distribution to decide

whether an edge between two vertices should be added.

When validating relationships between contigs, there are two

strategies. One strategy infers the orientation relationships between

contigs, and then validates the order relationships between contigs.

Another strategy extracts paths from a scaffold graph, and then vali-

dates the orientation and order relationships according to the edges

of the extracted paths. SOPRA (Dayarian et al., 2010) designs the

direction constraint and distance constraint between contigs accord-

ing to the edges of a scaffold graph, and then a greedy heuristic algo-

rithm is designed to find a contig direction assignment scheme to

satisfy all the direction constraints by deleting the minimal weight of

the edge set. SCARPA (Donmez and Brudno, 2013) transforms the

problem of determining the direction between contigs into the min-

imum odd circle traversal problem, and uses a fixed parameter algo-

rithm to solve the problem. By deleting some edges, there is no odd

circle in the scaffold graph, and then a starting coordinate is

assigned to each contig by the linear programming method, and the

edges which do not conform to the distance constraint are deleted. A

heuristic method based on scaffold graphs is used to determine the

order relationship between contigs. ScaffoldScaffolder (Bodily and

Fujimoto, 2016) transforms the problem of determining the direc-

tion between contigs into finding the solution of at least k directed

edges in a bi-diagraph, and proves that the problem is NP-hard.

Then according to the maximum spanning tree algorithm, a new

greedy algorithm is designed to solve the problem. Bambus (Pop

et al., 2004) transforms the contig direction problem into the graph

coloring problem. Bambus2 (Koren et al., 2011) ensures that the

edges with inconsistent directions are removed from the graph by

deleting the minimum weight edges in the graph, then uses the opti-

mal linear combination model to solve the relationships of orienta-

tions and orders between contigs, and analyses the potential

genomic variation positions according to the output results. BOSS

(Luo et al., 2017) adopts an iterative strategy to detect and remove

spurious edges. Besides, there are some other scaffolding methods

based on greedy strategy, such as GigAssembler (Kent and Haussler,

2001), PE (Ariyaratne and Sung, 2011) and iLSLS (Li et al., 2018).

Although great processes have been made in scaffolding, there

still exist some problems. Firstly, the influence of uneven sequencing

depth and repetitive regions are hard to deal with. The existing

methods often use the number of paired reads which are aligned to

two contigs as the weights of edges in the scaffold graph. In the low

sequencing area, the alignment reads are less, so the edges between

contigs may be deleted mistakenly. Furthermore, in the repetitive

area, there are too many alignment reads, some of which may also

lead to the wrong edges between contigs. Secondly, existing scaffold-

ing methods commonly use overall optimization and constraint,

which consider the high reliability edges and low reliability edges to-

gether. Thirdly, there exist false joints in the contigs which are

caused by repetitive regions, sequencing errors and uneven sequenc-

ing depth. The third problem is usually overlooked, but is critical to

scaffolding. The problem increases the difficulty of sequence assem-

bly and influences the performance of scaffolding directly. The cur-

rent scaffolding methods only remove the spurious edges to

eliminate conflicts, but the conflicts are not always caused by edges,

the error joints in the contigs can also lead to the conflicts.

In this study, we propose a scaffolding method which is based on

contig classification and scaffold graph optimization called SCOP.

To decrease the influence of uneven sequencing depth and repetitive

regions, SCOP uses the relationship between expected value and real

value of alignment reads to decide whether to add edges between

two contigs, and how to weigh the edges by using the alignment re-

sult. To take advantages of high reliability edges in the scaffold

graph, SCOP adopts an integer linear programming strategy to de-

tect and eliminate the conflicts in scaffold graph iteratively. To solve

the influences of error joins in contigs, SCOP employs alignment fea-

tures and GC-content of paired reads to evaluate the quality of verti-

ces, and uses the evaluation result to classify the contigs into three

types (True, Uncertain and Misassembled). SCOP combines the clas-

sification of vertices and the alignment of edges to optimize the scaf-

fold graph, which splits the vertices in false position, and retains the

correct edges. Moreover, the experiment results demonstrate that

SCOP performs better than 12 other scaffolding methods.

2 Materials and methods

Before we present our algorithm, we would like to discuss the differ-

ences between our algorithm SCOP and the previously proposed al-

gorithm BOSS (Luo et al., 2017). SCOP takes the expected value of

alignment reads to weigh edges and uses the breadth-first strategy to

generate scaffolds, as what BOSS did. However, SCOP classifies the

contig set, and combines the classification of vertices, the alignment

of edges to optimize the scaffold graph, which splits the vertices at

the false position, and retains the correct edges, through which the

scaffolding results are improved effectively. The major contributions

of SCOP include: (1) SCOP utilizes the alignment result of paired

end reads and the GC content to evaluate contig set, and then classi-

fies the contigs into three types. The current scaffolding tools scarce-

ly consider the quality of contig set which can influence the

scaffolding results directly. (2) SCOP combines the classification of

vertices and the alignment information of edges to optimize the scaf-

fold graph. Through this step, the correct edges are retained, and the

gaps between scaffolds are reduced effectively.

The outline for the whole algorithm is as follows:

• Preprocessing: SCOP aligns one or more paired read libraries to

the set of contigs, and then filters out some ambiguous alignment

results.
• Classifying contigs: SCOP employs the alignment results and

GC-content to evaluate the quality of contig set, and then classi-

fies the contigs.

SCOP: a novel scaffolding algorithm based on contig classification and optimization 1143

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/article-abstract/35/7/1142/5089938 by C
entral South U

niversity user on 23 July 2020



• Constructing the scaffold graph: SCOP decides whether to add

an edge between two contigs by a statistical method, and then

weighs the edges.
• Optimizing the scaffold graph: SCOP utilizes the classification

result of vertices and the alignment results of edges to optimize

the scaffold graph iteratively.
• Generating scaffolds: SCOP sorts the vertices by the breadth-fist

search and generates scaffolds.

2.1 Preprocessing
As the alignment result of paired reads is the key of scaffolding,

SCOP integrates the alignment module, which is implemented by

Bowtie2 (Langmead and Salzberg, 2012), and generates the align-

ment results in BAM files. When dealing with the BAM file, there

would be multiple alignment positions for a read because of the re-

petitive regions and sequencing errors. For each read, SCOP only

retains the alignment position which achieves the highest score, and

all the remaining positions are removed.

It is reasonable to assume that the insert size of paired reads fol-

lows the normal distribution N (lis, ris) (Luo et al., 2015b). The dis-

tance between paired reads which are aligned to the same contig

should be in the range of [lis– 3*ris, lisþ 3*ris], and otherwise, the

alignment result is removed. In order to reduce the influence of

sequencing errors, SCOP uses the number of remaining alignment

reads to divide the number of all the reads, and generates an esti-

mated sequence error rate e. Next, SCOP calculates the read cover-

age for each position of contigs based on the read mapping result,

and then computes the standard deviation of the read coverage (rrc)

and the average of read coverage (lrc). SCOP removes paired reads

whose one mate read is mapped to the region with the read coverage

of 2*rrc larger than the average.

2.2 Classifying contigs
In this step, SCOP uses the alignment result and GC-content to

evaluate the quality of contig set and classifies the contig. Assume

that j is one position on the contig set C, for the paired reads which

can align to the position j (1�j�L), L is the length of contig. The

fragment coverage fc(j) represents the number of the concordant

paired reads, whose both reads can align to the position j. The read

coverage rc(j) represents the number of reads that can align to the

position j no matter whether the mate read can be mapped to the

contig. The positions which are in low fragment coverage and low

read coverage are more likely to be misassemblies. The thresholds

fc* and rc* are defined to distinguish the candidate error positions.

The fc* and rc* are computed as follows (Wu et al., 2017).

fc� ¼
XL

j¼1

fcðjÞ � a (1)

rc� ¼
XL

j¼1

rcðjÞ � b (2)

Here we set a and b as 0.4 and 0.5, respectively. The candidate

error positions, which satisfy {1�j�L j fc(j) < fc* and cv(j)<cv*}

are filtered out, and the contigs which contain these candidate error

positions are collected into set C*.

However, there are some positions that should not be identified

as misassemblies, because of uneven sequencing or GC biases. For

the low-depth sequencing positions, the fragment coverage and read

coverage are usually low, and thus these regions are more likely to

be identified mistakenly as misassembly positions. In this step, we

use two values (Mc and Md) to filter out the low-depth sequencing

positions. PR is the paired-end read set of a position. Mc is the num-

ber of concordant paired-end reads in PR. Md is the number of dis-

cordant paired-end reads in PR. The rate Pc is calculated by

Equation (3) (Wu et al., 2017).

Pc ¼Mc=ðMc þMdÞ (3)

If Pc is larger than a threshold Pc
*, which can be set by users,

then this region is regarded as a low-depth sequencing region. For

the GC-poor or GC-rich regions, the fragment coverage and read

coverage are also likely to be abnormal, and these regions are more

easily identified to be misassembly regions. In this step, PGC repre-

sents the GC-content of each region, and Pg represents the rate of

GC content of the whole genome. If PGC(j) < Pg�0.1, region j is

GC-poor. If PGC(j) > Pgþ0.1, region j is GC-rich. If the contigs in

set C* contain the positions identified as low-depth sequencing, GC-

poor or GC-rich, they are extracted to construct a new set CU. Thus

C* � CU is the set of contigs that contain certain error positions.

By using the strategy mentioned above, all the contigs can be

classified into three types: uncertain contigs(‘U’), misassembled

contigs(‘M’) and certainly right contigs(‘T’).

• Uncertain contigs(‘U’) are those in the set CU, which satisfy the

following conditions simultaneously:

1. fc(j) < fc* and rc(j) < rc*;

2. Pc > Pc* or PGC < Pg � 0.1 or PGC > Pgþ0.1;

• Misassembled contigs(‘M’) are those in the set C*-CU, which sat-

isfy the following conditions simultaneously:

1. fc(j) < fc* and rc(j) < rc*;

2. Pc� Pc* and Pg � 0.1 � PGC � Pgþ0.1;

• The remaining contigs are classified as certainly right (‘T’), which

are in the set C-C*.

The classification ‘U’/‘M’/‘T’ along with the error positions and

the alignment result are stored for each contig. The contigs classified

into ‘M’ are split in the error positions, these split sub-contigs are re-

classified with ‘T’. SCOP uses the classification result to optimize

the scaffold graph in the subsequent steps.

2.3 Constructing the scaffold graph
SCOP utilizes the alignment result of paired reads to decide whether

an edge between two vertices should be added and how an edge

should be weighed. For each pair of contigs, SCOP chooses the

alignments with the largest number of reads to construct the subse-

quent analysis. If the number of alignment reads is less than the

threshold m, no edge is added between this pair of contigs. If the

number of alignment reads is larger than or equal to the threshold

m, these alignment reads are scored by using the distribution of in-

sert sizes.

Assume that there are two contigs Ci and Cj, as shown in

Figure 1, for a paired reads R1 and R2 which align to contig Ci and

contig Cj, respectively. P1 represents the coordinate where R1 aligns

Fig. 1. The alignment position information of paired reads
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to Ci, P2 represents the coordinate where R2 aligns to Cj, leni repre-

sents the length of contig Ci, lenj represents the length of contig Cj.

Gij represents the gap distance between Ci and Cj, r represents the

length of reads. The distance between Ci and Cj can be calculated by

Gij¼lis � (leni � P1) � (P2 þ r). For all the paired reads which align

to Ci, and Cj, the final estimated value of Gij can be calculated by

the following equation:

Gij ¼
1

n

Xn

t¼1
Gt (4)

where n represents the number of paired reads which align to Ci and

Cj. For a pair of reads Rt and Rs, the distance between Rt and Rs is

the insert size. If Rt can align to the position Pt of Ci, the probability

of Rs aligning to Cj is equal to the probability that the insert size is

in the interval [Dt þ Gij þ r, Dt þ Gij þ lenj], where Dt ¼ leni � Pt.

Suppose the insert size follows a normal distribution N (lis, ris) ap-

proximately (Bresler et al., 2012; Peng et al., 2012), the probability

can be calculated by the following equation (Bresler et al., 2012;

Luo et al., 2017):

Pt ¼
ðDtþGijþr

DtþGijþLenj

f ðxÞdx (5)

where f(x) is the probability density function of normal distribu-

tion of the insert sizes. In practice, an insert size is generally less

than lis þ 3*ris, and we thus only calculate the expected value of

alignment paired reads which is in the interval [max (lis þ 3*ris �
Gij � r, 0), leni]. Furthermore, the expected value of paired reads

which align to Ci and Cj can be calculated by the following

equation:

Eij ¼ e �
Xs

t¼1
Pt (6)

where s is the number of alignment reads in the interval [max (lis þ
3*ris � Gij � r, 0), leni], e represents the sequencing error ratio,

which is calculated in the preprocess step. If the two values are

closer, the probability of Ci being adjacent to Cj is greater, the prob-

ability qij can be calculated by the following equation (Luo et al.,

2017):

qij ¼MIN
Eij

n
;

n

Eij

� �
(7)

In the same way, we can utilize the reads which align to Cj to cal-

culate the expected value qji. If the mean value of qij and qji is larger

than a threshold, no edge is added between Ci and Cj. Otherwise, an

edge is added between the 30 end of Ci and the 50 end of Cj, and the

weight is the average of these two values, the threshold is set by

users, default value is 0.2. After processing all the contigs, a

weighted scaffold graph is constructed.

2.4 Optimizing the scaffold graph
The current scaffolding methods optimize scaffold graphs by

removing the spurious edges. However, some of the conflicts can

be eliminated by splitting the contigs, and the spurious edges

should not be removed. SCOP optimizes the scaffold graphs by

combining the classification result of vertices and the alignment re-

sult of edges. SCOP uses the iteration strategy to detect the spuri-

ous edges, and utilizes the classification of vertices to judge

whether to split the vertices, and then reconstructs the sub-graphs

which contain the new vertices and new edges to detect the spuri-

ous edges again.

2.4.1 Optimizing the scaffold graph by splitting vertices

In a scaffold graph, if an edge connects the 50 end of a contig and the

30 end of another contig, this edge indicates that the two adjacent

contigs are in the same direction. Otherwise, the edge indicates that

the two adjacent contigs are in the reverse direction. When one of

the vertices has a confirmed direction, the other vertices can also be

assigned directions according to the information contained in edges.

However, there exist some direction conflicts in the scaffold graph,

through which the vertices would be assigned a different direction.

SCOP tries to find the optimal assignment of orientations that

maximizes the sum weight of non-spurious edges by an integer linear

programming model, which has been taken by some other scaffold-

ers (Gritsenko et al., 2012; Lindsay et al., 2014; Roy et al., 2012),

and Luo et al. (2017) use the iteration strategy to detect conflicts.

Here, SCOP utilizes the same strategy.

As shown in Algorithm 1, in the model of LP (OB, CS), OB is

the objective function and CS is the set of constraints. Oi2 {0, 1} is

the orientation of contig Ci, ‘0’ represents the forward direction,

and ‘1’ represents the reverse direction. gij2 {0, 1} is a variable, rep-

resenting whether the edge eij is spurious or not. SCOP only consid-

ers the edge with weights greater than h at each iteration. The initial

value of w is the maximum weight (wmax) of edges, and w¼w � 0.1

at each iteration until w¼wmin. The edges set X1 is emptied before it-

eration, and the edges which satisfy the weight requirement are

added into sub-graph Gs.

For an edge eij 2 Gs, if eij 62X1, and Oi 6¼Oj, SCOP adds the fol-

lowing constraint Equation (8) to CS in which gij ¼ 1. If eij 62X1,

and Oi¼Oj, SCOP adds the following constraint Equation (9) to CS

in which gij¼1. If eij2 X1, and Oi 6¼Oj, SCOP adds the following

constraint Equation (8) to CS, in which gij is a variable. If eij2 X1,

and Oi¼Oj, SCOP adds the following constraint Equation (9) to CS,

in which gij is a variable.

gij � Oi þOj � 2� gij (8)

gij � 1 � Oi �Oj � 1� gij (9)

The objective function is defined by Equation (10), in which wij

is the weight of eij.
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OB ¼MAX
�X

eij2X1
ðwij � gijÞ

�
(10)

If gij¼0, eij is a possible spurious edge, as shown in Algorithm 2,

SCOP utilizes the classification result to judge whether to cut the

vertex or to delete the edge. For each spurious edge, SCOP checks

the classification result of two linked vertices. If only one vertex is

classified with ‘U’, SCOP cuts the ‘U’ vertex, and reconstructs the

sub-graph to detect the conflict again. If both of the vertices are

classified with ‘U’, SCOP chooses the vertex whose sum of weight

is smaller, cuts the vertex to reconstruct the sub-graph, and then,

detects the conflict by using the previous steps. If both of vertices

are classified with ‘T’ or re-classified with ‘T’, SCOP deletes this

edge.

SCOP utilizes the classification result to cut the vertices at the

error positions, the coverage reads of each contig are recounted, and

the expectation alignment number of each contig is recalculated.

Then, the new vertex set and the new alignment result are used to re-

construct a sub-graph. An example of cutting contigs and recon-

structing a sub-graph is shown in Figure 2. Some paired reads align

to contigs C1, C2 and C3, the scaffold graph is constructed based on

the alignment result, C2 is an uncertain contig, and we thus need to

cut contig C2. If there is one error position in C2, C2 is cut into two

segments: C2a and C2b. After recounting the alignment reads and

reconstructing the scaffold graph, there are three cases. Case 1: C2a

and C1 have an edge while C2b and C3 have an edge; case 2: C2a

and C1 have an edge while C2b and C3 do nOt have an edge; case 3:

C2b and C3 have an edge while C2a and C1 do nOt have an edge. If

there are two or more error positions in C2, there should be more

cases.

In order to understand Algorithms 1 and 2, we provide another

example to describe the procedure, which is shown in Figure 3. (A)

The blue edges represent the two linked contigs that are in the same

direction, the green edges represent the two linked contigs that are

in the opposite direction. The number beside an edge is the weight

of this edge, the underlined vertices are classified with ‘U’, the

remaining vertices are classified with ‘T’ or ‘M’; (B) Algorithm 1

starts the iteration from the maximum edge EG, after several itera-

tions, vertex D is assigned with ‘þ’ and vertex F is assigned with ‘-’,

while edge DF indicates that D and F should be identical, so DF is

regarded as a spurious edge. Because edge DF has the smallest

weight, DF is the last one to join the sub-graph, and both vertices D

and F are included in the sub-graph. As D contains one error pos-

ition, vertex D is cut into two new vertices; (C) Algorithm 2

recounts the alignment reads, and reconstructs the sub-graph. As

there still exists the conflict between D2 and F, and both D2 and F

are classified with ‘T’ or ‘F’, the edge D2F is deleted; (D) The scaf-

fold graph after eliminating orientation conflicts is constructed.

2.4.2 Optimizing the scaffold graph by detecting coordinates

In a scaffold graph, edges also indicate the distance between two

contigs. SCOP assigns starting coordinates for each contig and

ensures the starting coordinates agree the best with the gap distance

suggested by edges. The distance between two contigs can be calcu-

lated by the assigned starting coordinates. If the difference between

calculated distance and the edge indication is too large, the edge is

thought to cause an order conflict, and is deleted. When solving the

order conflicts of contigs, SCOP also utilizes the iteration strategy

(Gritsenko et al., 2012; Lindsay et al., 2014; Roy et al., 2012), and

only considers the edge weight larger than h. Xi2 [0, C] represents

the starting coordinate of Ci in the forward direction, Xi is an inte-

ger, and C is twice the sum of all the vertices. Since we have con-

firmed the direction of each contig in the previous step, for the

contig in the forward direction, the starting position is the 50 end;

for the contig in the opposite direction, the starting position is the 30

end.

SCOP sets h¼0.9 initially, X2 is a set of edges which are added

into sub-graph Gs, and dijis a slack variable in the range [0, 1], Xi

and Xj represent the starting coordinates assigned to contigs Ci and

Cj, respectively, and Xi � Xj. For Gs, if edge eij 2 X2 which connects

30 end of vi and 50 end of vj, SCOP adds the constraint Equation (11)

to CS. If edge eij 62X2 the eij is a non-spurious edge, SCOP adds the

following constraint Equation (12) to CS. The objective function is

shown in Equation (13).

Xj �Xi � Leni �Gij <¼ Cð1� dijÞ
Xi �Xj þ Leni þGij >¼ Cð1� dijÞ

�
(11)

Xj �Xi � Leni � lis þ 3 � ris

Xj �Xi � Leni > 0

�
(12)

OB ¼MAX
�X

eij2ES
ðwij � dijÞ

�
(13)

The value of h is from 0.9 to 0.1, after each iteration, h¼ h �
0.1. After all the iterations, the edges that are not in the X2 are

thought to be the spurious edges, and are deleted.

2.5 Generating scaffolds
In this step, SCOP linearizes the vertices in the scaffold graph to

complete the generation of scaffolds. SCOP stipulates that the verti-

ces (contigs) longer than lis þ 3*ris are long vertices. Firstly, SCOP

only considers the long vertices and the edges linked with them, and

extracts the simple path as the original scaffolds. Secondly, if a short

vertex links two long vertices in the original scaffold, then the short

vertex is added into the scaffold. In the two long vertices, if there are

several short vertices linked to them, these short vertices are sorted

by the distance, and inserted into long vertices in turn. Thirdly,

SCOP extends scaffolds from the vertices of two ends by the

Algorithm 2. Eliminate_spurious(Gs, V)

1: For each edge eij ‰Gs do

2: if gij¼0 then

3: check the classification of linked vertices i, j

4: if i and j are both classified with ‘U’ then

5: set i or j as candidate vertex(CV) which has

smaller sum of weight

6: cut vertex CV and update vertices set V’

7: reconstruct sub-graph Gs’

8: Assign_orientation(Gs’, V’)

9: else if one of i, j is classified with ‘U’ then

10: set the ‘U’ vertex as the candidate vertex(CV)

11: cut vertex CV and update vertices set V’

12: reconstruct sub-graph Gs’

13: Assign_orientation(Gs’, V’)

14: else

15: delete eij from Gs

16: else

17: continue

18: Output Gs
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breadth-first strategy. If there are no extendable vertices or other

scaffolds, the extension is terminated and the other scaffolds are

merged.

3 Experimental results and discussion

3.1 Datasets
In order to verify the effectiveness of SCOP, we perform the experi-

ments on the real datasets obtained by GAGE-A (Salzberg et al.,

2012) and GAGE-B(Magoc et al., 2013). The detail information

about datasets is listed in Supplementary Tables S1 and S2. GAGE-

A (Salzberg et al., 2012) contains two single library paired-read

datasets and two multiple libraries paired-read datasets. GAGE-

B(Magoc et al., 2013) contains twelve single library paired-read

datasets, and we choose four datasets which are generated by MiSeq

technology, and these datasets have longer read length (250 bp in

average) compared with GAGE-A (Salzberg et al., 2012).

The contig sets used to perform the experiments of GAGE-A

(Salzberg et al., 2012) and GAGE-B (Magoc et al., 2013) are gener-

ated by the method of Hunt et al (2014) and downloaded from

GAGE-B (Magoc et al., 2013) website, respectively. We evaluate the

contig sets by Quast (Gurevich et al., 2013), and the results are

shown in Supplementary Table S3.

3.2 Evaluation metrics
As is widely known, if the metrics of N50 and NA50 (Gurevich

et al., 2013) are larger, the assembly results are better. However,

these metrics cannot directly evaluate the orientations and orders of

scaffolds. In order to assess the performance of SCOP accurately, we

use the method proposed by Hunt et al. (2014) to evaluate the per-

formance of SCOP. In Hunt’s method, four individual metrics are

calculated: Correct Joins (CJ), Incorrect Joins (IJ), Lost Tags (LT)

and Skipped Tags (ST). These four metrics are considered consist-

ently by assigning weight, and the larger weight means the greater

impact on the results. CJ and IJ are set to 1, because correct joins

and incorrect joins are the basis to evaluate the scaffolding results,

and they are of the same importance. The loss of contig is considered

to be a more serious error, so the weight of LT is set to 2. As existing

gap area between the two correctly connected contigs is considered

to have less influence on the result, the weight of ST is set to 0.5. On

the basis of these four metrics, we can calculate TPC (true positive

join counts) which is the number of CJ multiplying with its weight,

PC (potential correct join) is the number of potential connections,

FPC (false positive join counts) is the weighted sum of all the error

types, which include IJ, ST and LT. We use F-score as the compre-

hensive evaluation metrics, which is calculated by the harmonic

average of TPR (true positive rate) and PPV (positive predict value)

as follows.

TPR ¼ TPC

PC
(14)

PPV ¼ TPC

TPCþ FPC
(15)

A

C

B

Fig. 2. An example for cutting contigs and reconstructing a scaffold graph. (A) Paired reads align to contig. C1 and C3 are true contigs, C2 is an uncertain contig;

(B) Construct scaffold graph based on alignment information; (C) Cut contigs according to the evaluation results

A B C D

Fig. 3. An example for the procedure of assigning orientation and cutting vertices. (A) Construct the original scaffold graph; (B) Detect spurious edges of the ori-

ginal scaffold graph; (C) Split the vertex D into two vertices D1 and D2, and detect the spurious edges again; (D) Construct the optimized scaffold graph
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F � score ¼ 2 � TPR � PPV

TPRþ PPV
(16)

3.3 Scaffolding results
We compare SCOP with other twelve scaffolding methods of

GAGE-A(Salzberg et al., 2012) datasets: ABYSS (Simpson et al.,

2009), Bambus2 (Koren et al., 2011), MIP (Salmela et al., 2011),

OPERA (Gao et al., 2011), SCARPA (Donmez and Brudno, 2013),

SOPRA (Dayarian et al., 2010), SSPACE (Boetzer et al., 2011),

BESST (Sahlin et al., 2014), ScaffMatch(Mandric and Zelikovsky,

2015) and BOSS(Luo et al., 2017), the scaffolding modules from

assemblers, SOAP2 (Luo et al., 2012) and SGA (Simpson and

Durbin, 2012). The results of these scaffolders are based on the data

which have been published (Hunt et al., 2014). In addition, the

results of BESST (Sahlin et al., 2014) and ScaffMatch (Mandric and

Zelikovsky, 2015) are calculated based on the data of Mandric and

Zelikovsky (2015).

For the species of Staphylococcus aureus (S.aureus) and

Rhodobacter sphaeroides (R.sphaeroides), we use the mate-paired

library, which has long insert sizes and more reads compared with

the paired-end library. For the species of Plasmodium falciparum

(P.falciparum) and Human chromosome 14, we combine two

libraries to scaffolding. The scaffolding results of GAGE-A

(Salzberg et al., 2012) are shown in Tables 1 and 2, where ‘-’ means

the results cannot be evaluated or the values of evaluation are too

low. For the datasets obtained from GAGE-B (Magoc et al., 2013),

we compare SCOP with ten scaffolding methods except

MIP(Salmela et al., 2011) and BESST (Sahlin et al., 2014), because

we met some problems when installing BESST(Sahlin et al., 2014),

and cannot execute MIP(Salmela et al., 2011) without the proper

configuration file. Four species from GAGE-B (Magoc et al., 2013)

are all single library datasets, and the scaffolding results are shown

in Tables 3 and 4.

From Tables 1 and 2, for four species with short length (less than

101 bp), SCOP gets higher F-score compared with other scaffolders

in three datasets, which are marked with the bold font, for the data-

set of human14, the F-score value of SCOP ranks the second. In add-

ition, for the dataset of S.aureus, SCOP gets the highest F-score

increasing ratio of 136% compared with SCARPA. From Tables 3

and 4, for four species with longer length (250 bp in average), SCOP

gets higher F-score in these four datasets compared with other meth-

ods. In the dataset of M.abscessus, OPERA (Gao et al., 2011),

SCARPA (Donmez and Brudno, 2013), SOPRA (Dayarian et al.,

2010), SSPACE (Boetzer et al., 2011), ScaffMatch (Mandric and

Zelikovsky, 2015) and BOSS(Luo et al., 2017) get the same low

Table 1. Evaluation results of S.aureus and R.sphaeroides in GAGE-A datasets

S.aureus R.sphaeroides

CJ IJ LT ST TPR PPV F-score CJ IJ LT ST TPR PPV F-score

ABySS 99 2 0 13 0.593 0.904 0.716 384 7 0 54 0.674 0.904 0.772

Bambus2 95 2 0 25 0.569 0.852 0.682 329 8 0 44 0.577 0.896 0.702

MIP – – – – – – – 419 37 4 16 0.735 0.823 0.777

OPERA 112 11 0 22 0.671 0.772 0.718 316 1 0 23 0.554 0.959 0.703

SCARPA 77 16 0 10 0.461 0.675 0.548 209 5 0 23 0.367 0.907 0.522

SGA 83 1 0 10 0.497 0.922 0.646 232 1 0 26 0.407 0.939 0.568

SOAP2 131 12 0 13 0.784 0.811 0.798 468 8 0 26 0.821 0.942 0.877

SOPRA 40 2 0 7 0.24 0.842 0.373 242 15 0 24 0.425 0.852 0.567

SSPACE 105 13 0 13 0.629 0.764 0.69 357 7 0 49 0.626 0.903 0.740

BESST 112 11 0 21 0.671 0.775 0.719 482 18 0 40 0.846 0.896 0.870

ScaffMatch 139 14 0 23 0.832 0.779 0.805 367 2 0 15 0.644 0.970 0.774

BOSS 142 5 0 20 0.850 0.890 0.870 477 20 0 47 0.837 0.916 0.875

SCOP 142 5 0 16 0.850 0.911 0.882 494 25 0 45 0.867 0.912 0.889

Table 2. Evaluation results of P.falciparum and Human 14in GAGE-A datasets

P.falciparum Human 14

CJ IJ LT ST TPR PPV F-score CJ IJ LT ST TPR PPV F-score

ABySS 5724 68 0 101 0.615 0.968 0.753 9391 42 0 3076 0.471 0.853 0.607

Bambus2 – – – – – – – 10282 158 0 5705 0.516 0.764 0.616

MIP 8082 513 44 75 0.869 0.875 0.872 8534 696 187 3213 0.428 0.717 0.536

OPERA 6434 177 0 1171 0.692 0.873 0.772 12853 58 0 3409 0.645 0.876 0.743

SCARPA 7336 370 237 251 0.789 0.846 0.816 10712 161 11 2376 0.537 0.875 0.666

SGA 4910 44 0 419 0.528 0.943 0.677 9764 3 0 3214 0.490 0.858 0.624

SOAP2 5977 228 0 254 0.643 0.911 0.754 15748 382 0 2575 0.790 0.885 0.835

SOPRA 7018 60 0 171 0.754 0.972 0.849 10418 238 0 3322 0.523 0.830 0.641

SSPACE 5889 123 0 76 0.633 0.954 0.761 9249 36 0 2677 0.464 0.868 0.605

BESST 3929 541 0 384 0.422 0.755 0.542 8287 286 0 2347 0.416 0.826 0.553

ScaffMatch 8223 425 0 654 0.884 0.875 0.879 12658 8 0 3874 0.635 0.866 0.733

BOSS 8559 314 0 74 0.920 0.928 0.924 15298 1689 0 3742 0.767 0.745 0.756

SCOP 8581 301 0 64 0.922 0.963 0.942 14531 166 0 3460 0.729 0.885 0.799
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F-score of 0.014, because the kernel of these scaffolding methods do

not fit for the dataset, and cannot joint the contigs into scaffolds.

The same situation occurred in datasets of R.sphaeroides and

V.cholerae. In order to evaluate the impact of contigs classification,

we extract the classification results from the intermediate step of

SCOP, as shown in Supplementary Table S4, most of the contigs are

classified as ‘T’. The number of ‘U’ is a little larger than the number

of ‘M’ in most cases. For the ‘M’ contigs, SCOP splits at the error

positions before constructing the scaffold graph, which contributes

to more accurate scaffold graphs. For the ‘U’ contigs, SCOP utilizes

them to optimize the scaffold graph, which splits the vertex rather

than remove correct edges to eliminate conflict. Therefore, the clas-

sification of contigs is helpful to improve the scaffolding results.

To assess the performance of SCOP more comprehensively, we

also evaluate SCOP by using Quast (Gurevich et al., 2013) with the

datasets of GAGE-A and GAGE-B, and compare the NA50, NGA50

value with other methods, which are shown in Supplementary ma-

terial. Through the results of Tables 1–4, and Supplementary Tables

S5–S12, SCOP is suitable for different lengths of reads, and stands

out in other scaffolding methods.

4 Conclusion

In this study, we propose a novel scaffolding method SCOP, which

is the first method to classify the contigs and optimize the scaffold

graph by splitting the vertices and removing edges. SCOP employs

alignment results and GC-content of paired reads to evaluate the

quality of contigs set, and then classifies the contigs set into ‘T’, ‘U’,

and ‘M’. SCOP regards each contig as a vertex to build a scaffold

graph, and utilizes the distribution of insert sizes to add and weigh

the edges. Moreover, SCOP adopts an iterative strategy to detect the

conflicts in the scaffold graph, and uses the classification result of

vertices and the alignment result of edges to eliminate the conflicts.

Then, SCOP utilizes the breadth-first search algorithm to sort verti-

ces and generates the final scaffolds. The experiments on GAGE-A

and GAGE-B demonstrate that SCOP performs better compared

with other 12 scaffolders.
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