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Ultra-deep  sequencing  (>1,000x  coverage)  
is  possible  and  feasible,  expected  to

become  more  common
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Expectation:  more  data              ‘better’  assemblies

S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  improves  
read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.

Depth	  of	  sequencing	  coverage
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Expectation:  more  data              ‘better’  assemblies

S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  improves  
read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.



Reality:  more  data       ‘better’  assemblies

0

1000

2000

3000

4000

5000

0 2000 4000 6000 8000

n50  (bp)

0

5000

10000

15000

20000

25000

0 1000 2000 3000 4000 5000 6000 7000 8000

longest  contig  (bp)

0

0.5

1

1.5

2

2.5

3

3.5

4

0 2000 4000 6000 8000

errors  (indels>5  &  misjoins)

94

95

96

97

98

99

100

0 2000 4000 6000 8000

reference  covered  (%)

5
S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  improves  
read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.



• Possible  “suspects”
– Sequencing  errors
– Highly  uneven  coverage
– Read  duplication  /  PCR  amplification  bias
– Chimeric  reads
– “Imperfections”  in  the  assembly  algorithms
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More  data  are  not  necessarily  better:  why?

S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  improves  
read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.



• “Classic”  error  correction
– based  on  rare  k-mers
– ineffective  for  ultra-deep  sequencing   data

• Down-sampling
– disregard  a  fraction  of  the  input  reads,  according  
to  some  predetermined  strategy

– it  may  remove  “critical”  reads  (i.e.,  rare  error-free  
reads  that  can  help  bridge  or  fill  assembly  gaps)

– not  very  effective
• SLICEMBLER (next)
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Possible  solutions

S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  improves  
read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.



1:  “Slice”  the  input
– The  set  of  input  reads  is  partitioned  into  n  distinct  slices,  where
n  =  the  depth  of  coverage  for  the  whole  input  read  set  /  the  
desired  depth  of  coverage  for  each  slice

– Each  slice  contains  approximately  the  same  number  of  reads  
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SLICEMBLER algorithm



2:  Assemble  the  reads  in  each  slice
– Each  of  the  n  slices  is  assembled  independently  using  a  
standard  assembler  (Velvet,  SPAdes,  IDBA,  etc.)

– Each  assembly  is  expected  to  contain  a  mix  of  high-quality  and  
low-quality  contigs
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3:  Find  frequently  occurring  substrings  (FOS)
– Identify  high-quality  contigs (or  fraction  thereof)  or  FOS
– Use  a  generalized  suffix-tree  for  efficiency
– Remove  tandem  repeats  at  the  end  of  FOS
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Finding  FOS  efficiently
• Build  a  generalized  suffix  tree  on  
the  contigs of  the  n  assemblies  
(and  their  reverse  complement)

• Each  input  assembly  is  assigned  
a  distinct  “color”  (Hui,  CPM’92)

• Annotate  each  internal  node  u  
with the  number  of  distinct  colors  
in  the  subtree rooted  at  u

• In  order  to  find  FOS,  determine  
all  the  deepest  internal  nodes  
(deeper  than  l)  which  have  a  
color  count  of  least  k

• Building  and  annotating  the  
suffix  tree  can  be  done  in  linear  
time
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Definition:  Given  integers  k and l,  a  
FOS is  a  maximal  substring  r such  
that  |r|  ≥  l and  it  appears  in  at  least  k
assemblies



4:  Merge  FOS
– When  detected  FOS  are  overlapping  they  can  be  merged  to  
obtain  longer  FOS  

– Merge  based  on  exact  suffix-prefix  overlap  and  bridge  reads  
(similar  to  scaffolding)
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5:  Filter  reads
– Input  reads  are  mapped  to  FOS  (e.g.,  BWA)
– Any  read  that  maps  to  a  contig in  the  current  assembly  is  
removed  from  input  (unless  it  maps  close  to  the  end)

– Only  the  remaining  reads  are  re-assembled  in  the  next  iteration  
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Experimental  results
• Real  ultra-deep  sequencing  data

• Sequenced  16  barley  BACs  with  Illumina HiSeq
• Depth  of  coverage:  8,000x-15,000x
• Paired-end  reads  (avg length  ~88bp  after  trimming)
• Selected  8,000x  paired-end   reads
• High-quality   references  are  available   for  five  BACs

• Synthetic  ultra-deep  reads  (wgsim)
• Generated  from  the  reference  barley  BACs
• Paired-end  reads  (2x100  bp)
• Various  levels  of  coverage  and  error  rates
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Experimental  results
(real  barley  BACs)

0
10
20
30
40
50
60

BAC  1 BAC  2 BAC  3 BAC  4 BAC  5

Number  of  contigs

0
5
10
15
20
25
30
35
40

BAC  1 BAC  2 BAC  3 BAC  4 BAC  5

Longest  contig (Kbps)

0

5

10

15

20

BAC  1 BAC  2 BAC  3 BAC  4 BAC  5

n50  (Kbps)

70%
75%
80%
85%
90%
95%
100%

BAC  1 BAC  2 BAC  3 BAC  4 BAC  5

Reference  covered  (%)

98%
99%
100%
101%
102%
103%
104%

BAC  1 BAC  2 BAC  3 BAC  4 BAC  5

Duplication  ratio  (%)

0
2
4
6
8
10
12

BAC  1 BAC  2 BAC  3 BAC  4 BAC  5

#  of  misassemblies

Velvet  (8000x)
Racer+Velvet (8000x)
Velvet  (800x)
Slicembler+Velvet (8000x)

Statistics  collected  with  QUAST  for  contigs longer  than  500  bp



16

H.Mirebrahim et al. 

6 

As the number of iterations increases, the percentage of high 
quality reads in the input monotonically decreases. In the last few 
iterations the percentage stays somewhat flat because later FOS are 
shorter, so the additional number of high quality reads mapped to 
these FOS is also small. 

3.3 The choice of the base assembler 
As said, SLICEMBLER is a meta-assembler, and its performance 

depends on the performance on the base assembler. To evaluate the 
influence of base assembler on the assembly quality, we compared 
several assemblers, namely Velvet (11), SPAdes (9), Ray (25) and 
IDBA_UD (10). 

Experimental results for BAC 3 are shown below in Table 3. 
We compared the assembly produced by Velvet, SPAdes, Ray and 
IDBA all the reads (8,000x) against the assemblies created by 
SLICEMBLER in conjunction with the corresponding base assembler. 
SLICEMBLER was run on ten slices (800x each). The k-mer used 
was 69 for Velvet and Ray. For IDBA_UD and SPAdes the report-
ed assembly was based on three different k-mers (29, 49 and 69).  

Observe that among the stand-alone assemblers, IDBA_UD and 
SPAdes created higher quality assemblies compared to Velvet and 

Ray. However, regardless of the choice of the base assembler, 
SLICEMBLER improved the quality of the assemblies.  

The only “negative” statistics for SLICEMBLER is that it intro-
duced a few more errors in the assemblies created using IDBA_UD 
and SPAdes. We determined that these additional errors were due 
to incorrect merging in later iterations. Also, SLICEMBLER had 
slightly higher duplication ratio than SPAdes. Other than these, 
SLICEMBLER significantly improved all other statistics. In fact, 
similar results were observed on the other four BACs (data not 
shown). In general, SLICEMBLER created higher quality assemblies 
when used in conjunction with IDBA_UD and SPAdes.  

Table 3. Comparing BAC assemblies produced with IDBA, Velvet, 
SPAdes and Ray to the assemblies produced by SLICEMBLER in conjunction 
with the same assembler. Statistics were collected with QUAST for contigs 
longer than 500 bps. 

Method 
Number 

of contigs 

% ref 

covered 

Duplication 

ratio 

Mismatches 

per 100Kbp 
N50 

Longest 

contig 

 IDBA (8,000x) 34 97.0% 1.010 0.93 7,335 13,889 
 SLICEMBLER + IDBA 
 (10 slices of 800x) 

13 97.0% 1.010 1.1 16,121 31,161 

 Velvet (8,000x) 39 94.7% 1.027 20.0 3,649 16,048 
 SLICEMBLER + Velvet  
 (10 slices of 800x) 

14 95.1% 1.001 0 12,178 16,128 

 SPAdes (8,000x) 49 95.7% 1.006 0.94 9,129 21,872 
 SLICEMBLER + SPAdes  
 (10 slices of 800x) 

11 96.9% 1.024 1.2 27,685 31,158 

 Ray (8,000x) 35 80.0% 1.003 0 3,996 7,186 
 SLICEMBLER + Ray 

  (10 slices of 800x) 
24 88.0% 1.000 0 7,192 12,842 

 

3.4 The choice of depth of coverage for each slice 
As said, the depth of coverage in each slice is critical to opti-

mize on the quality of the assemblies.  If the depth of coverage is 
too low, the assembly of each slice will be fragmented, which will 
be reflected in shorter FOS. On the other hand, more slices can 
increase the confidence in choosing FOS due to more “votes” 
available. For this reason, we decided to use simulations to study 
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Assembly  quality  vs.  base  assembler
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Statistics  collected  with  QUAST  for  contigs longer  than  500  bp
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Assembly  quality  vs.  sequencing  error  rate
(simulated  barley  BACs)

Velvet
Slicembler+Velvet

Statistics  collected  with  QUAST  for  contigs longer  than  500  bp



• Modern  de  novo genome  assemblers  seem  unable  to  take  
advantage  of  ultra-deep  coverage

• SLICEMBLER is  an  iterative  meta-assembler   that  takes  
advantage  of  the  whole  dataset  and  due  to  its  “majority  
voting”  scheme
– Is  more  resilient  to  sequencing  errors  than  its  base  
assemblers

– Almost  never  incorporates  misassemblies in  the  
consensus  assembly

• SLICEMBLER is  available   at  www.slicembler.cs.ucr.edu
• SLICEMBLER is  slow,  but  a C++  implementation   called  
SLICEMBLER++,  will  be  available   soon

18

Conclusions
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Thank  you

DBI-‐1062301	  and	  IIS-‐1302134 NIFA	  2009-‐65300-‐05645

AID-‐OAA-‐A-‐13-‐00070

www.slicembler.cs.ucr.edu
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Will  sequencing  cost  continue  to  decrease?
“It’s  difficult  to  make  predictions,  especially  about  the  future”
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Frequently  occurring  substrings  (FOS)
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Varying  sequencing  error  rate  (Velvet)
n50  (bp) longest	  contig (bp)

errors	  (indels>5	  &misjoins) reference	  missing	  (%)

S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  
improves  read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.
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Varying  sequencing  error  rate  (IDBA)
n50  (bp) longest	  contig (bp)

errors	  (indels>5	  &misjoins) reference	  missing	  (%)

S.  Lonardi,  H.  Mirebrahim,  et  al.,  “When  less  is  more:  ‘slicing’  sequencing  data  
improves  read  decoding  accuracy  and  de  novo  assembly  quality”,  Bioinformatics,  2015.
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Sketch  of  the  algorithm

• partition the  input  read  set  to  n slices,  each  of  which  has  Ds coverage
• while the  cumulative  length  of  FOS  is  less  than  the  length  of  genome

• assemble the  reads  in  all  n slices  individually
• create a  suffix-tree  from  the  n  assemblies  and  their  reverse  compl
• assign k  =  n,  l  =  ltarget/5
• while (l >  lmin)

• find FOS  longer  than  l,  appearing  in  at  least k  assemblies
• if FOS  found  then merge them  with  the  previous  FOS,  break
• else if k  >  n/2  then assign k  =  k-1

• else assign l  =  l/2  ,  k  =  n
• if (l  <= lmin)  and (no  FOS  were  found)  then break
• map reads  to  FOS  and  eliminatemapped  reads  from  the  input

• report FOS
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the tradeoffs of the depth of coverage in each slice. To this end, we 
used wgsim (26) to generate synthetic datasets with 500x, 1,000x, 
2,500x, 5,000x, 7,500x and 10,000x reads at 1% sequencing error 
rate (no indels) based on the reference sequence of BAC 3. Each 
dataset was assembled with SLICEMBLER using Velvet as the base 
assembler by dividing the input into ten slices, so that the coverage 
in each slide was 50x, 100x, 250x, 500x, 750x and 1,000x.  

 
Table 4. Quality statistics for SLICEMBLER’s assemblies for simulated reads 
with different depth of coverage. We used ten slices in all experiments (i.e., 
the coverage for each slice was 50x, 100x, 250x, 500x, 750x, and 1,000x). 
Statistics were collected with QUAST for contigs longer than 500 bps. 

 

 500x 1,000x 2,500x 5,000x 7,500x 10,000x 

 Number of contigs 20 12 11 10 18 38 

 Longest contig 27,364 31,823 31,946 31,950 21,865 9,425 

 N50 6,707 26,275 26,288 26,267 12,428 3,643 

  Percent Refer. Covered 90.6% 88.7% 94% 93.9% 92.9% 84.7% 

  Duplication ratio 1 1 1 1 1 1 

  Mismatches per 100kbp 0 0 0 0 0 0 

Table 4 shows the usual quality statistics for the assemblies on 
simulated reads. Observe that SLICEMBLER’s best performance is 
observed when slices are in the 100x-500x coverage range. When 
the slice coverage is lower than 100x, assemblies are more frag-
mented due to insufficient coverage. When the slice coverage is 
higher than 500x, we experience the negative effects of ultra-deep 
sequencing data on the quality of the individual assemblies: FOS 
become smaller and the final assembly is more fragmented. Note 
that despite the 1% sequencing error rate, SLICEMBLER was able to 
create error free contigs for all cases. 

3.5 Effect of sequencing error rate in the reads 
De novo assemblers are quite sensitive to sequencing error rate 

in the input reads. Even assemblers that have a preprocessing step 
for error correction (e.g., SPAdes), has difficulties handling errors 
when the depth of coverage is very high (12). Since SLICEMBLER 
relies on majority voting for common contigs in the slice assem-
blies, we wondered whether it would be more resilient compared to 
its base assembler. To this end, we used wgsim (26) to generate 
data sets at 3,000x coverage with increasing sequencing error rate, 
namely 0% (errorless), 0.5%, 1% and 2% error rate based on BAC 
3. We assembled each set with SLICEMBLER+Velvet using six slices 
of 500x coverage each. Results are reported in Figure 6.  

First, note that SLICEMBLER was not able to improve the quality 
of assembly when the reads are error-free. This is consistent with 
the results in (12) for error-free reads. Velvet and other de novo 
assemblers are capable of producing high quality assemblies when 
reads are error-free since there are no imperfections in the de 
Bruijn graph. More importantly, observe that as the sequencing 
error rate increases, the performance of Velvet quickly degrades, 
while the performance of SLICEMBLER is unaffected (despite using 
Velvet as the base assembler). Particularly impressive is the num-
ber of mismatches per 100Kbp, which stays at zero for 
SLICEMBLER for any error rate. 

4 DISCUSSION AND CONCLUSION 
Advancement in sequencing technologies has been reducing se-
quencing costs exponentially fast. Ultra-deep sequencing is now 
feasible, especially for smaller genomes and clones. We expect 
that in the near future life scientists will sequence “as much as they 
want” because the sequencing cost will be a minor component of 
total project costs. This explosion of data will create new algorith-
mic challenges. We have shown previously that popular modern de 
novo assemblers are unable to take advantage of ultra-deep cover-
age, and the quality of assemblies starts degrading after a certain 
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Fig. 6. The effect of increasing sequencing error rates on the quality of assemblies created by Velvet and SLICEMBLER+Velvet. Input paired-end reads 
were generated using wgsim with a coverage of 3,000x using BAC 3 as a reference. For SLICEMBLER, simulated read sets were divided into six slices. 
Statistics were collected with QUAST for contigs longer than 500 bps.  
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