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Outline 

1.  Read length & assembly complexity 

2.  Single molecule assembly of rice 

3.  De novo indel mutations in autism 
 



Assembling a Genome 

2. Construct assembly graph from overlapping reads 
…AGCCTAGGGATGCGCGACACGT 

       GGATGCGCGACACGTCGCATATCCGGTTTGGTCAACCTCGGACGGAC 
          CAACCTCGGACGGACCTCAGCGAA… 

 1. Shear & Sequence DNA 

3. Simplify assembly graph 
 



Assembly Complexity 
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Reducing Complexity 

The advantages of SMRT sequencing 
Roberts, RJ, Carneiro, MO, Schatz, MC (2013) Genome Biology. 14:405 

Longer reads span more repeats, simplifying the assembly problem 
•  Idealized assembly of B. anthracis reduces to a single contig with 5kb reads 
•  Exact improvement depends on the specific genome 



N50 size 
Def: 50% of the genome is in contigs as large as the N50 value 

Example:  1 Mbp genome 
 
 
 
 
 

 N50 size = 30 kbp  
  (300k+100k+45k+45k+30k = 520k >= 500kbp) 

 
Note: 

A “good” N50 size is a moving target relative to other recent 
publications. 10-20kbp contig N50 is currently a typical value for 
most “simple” genomes. 
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Population structure of Oryza sativa 
3 varieties selected for de novo sequencing 

indica 

aus 

aromatic (basmati) 
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japonica 

temperate 
japonica 
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Assembly and Annotation 

Indica 
 

Total Span: 344.3 Mbp 
Scaffold N50: 293kbp 
Contig N50: 22.2kbp 
Unique genes: 598  

 Aus 
 

Total Span: 344.9Mbp 
Scaffold N50: 323kbp 
Contig N50: 25.5kbp 
Unique genes: 502 

New whole genome de novo assemblies of three divergent strains of rice 
documents novel gene space of Aus and Indica subpopulations 
Schatz, MC, McCombie, WR, Ware, DW, McCouch, S, et al (2013) In preparation 

Nipponbare 
 

Total Span: 354.9Mbp 
Scaffold N50: 213kbp 
Contig N50: 21.9kbp 
Unique genes: 1093 



Single Molecule Sequencing Technology 

PacBio RS II Moleculo Oxford Nanopore 



SMRT Sequencing Data 
TTGTAAGCAGTTGAAAACTATGTGTGGATTTAGAATAAAGAACATGAAAG!
||||||||||||||||||||||||| ||||||| |||||||||||| |||!
TTGTAAGCAGTTGAAAACTATGTGT-GATTTAG-ATAAAGAACATGGAAG!
!
ATTATAAA-CAGTTGATCCATT-AGAAGA-AAACGCAAAAGGCGGCTAGG!
| |||||| ||||||||||||| |||| | |||||| |||||| ||||||!
A-TATAAATCAGTTGATCCATTAAGAA-AGAAACGC-AAAGGC-GCTAGG!
!
CAACCTTGAATGTAATCGCACTTGAAGAACAAGATTTTATTCCGCGCCCG!
| |||||| |||| ||  ||||||||||||||||||||||||||||||||!
C-ACCTTG-ATGT-AT--CACTTGAAGAACAAGATTTTATTCCGCGCCCG!
!
TAACGAATCAAGATTCTGAAAACACAT-ATAACAACCTCCAAAA-CACAA!
| ||||||| |||||||||||||| || ||    |||||||||| |||||!
T-ACGAATC-AGATTCTGAAAACA-ATGAT----ACCTCCAAAAGCACAA!
!
-AGGAGGGGAAAGGGGGGAATATCT-ATAAAAGATTACAAATTAGA-TGA!
 ||||||   ||     |||||||| || |||||||||||||| || |||!
GAGGAGG---AA-----GAATATCTGAT-AAAGATTACAAATT-GAGTGA!
!
ACT-AATTCACAATA-AATAACACTTTTA-ACAGAATTGAT-GGAA-GTT!
||| ||||||||| | ||||||||||||| ||| ||||||| |||| |||!
ACTAAATTCACAA-ATAATAACACTTTTAGACAAAATTGATGGGAAGGTT!
!
TCGGAGAGATCCAAAACAATGGGC-ATCGCCTTTGA-GTTAC-AATCAAA!
|| ||||||||| ||||||| ||| |||| |||||| ||||| |||||||!
TC-GAGAGATCC-AAACAAT-GGCGATCG-CTTTGACGTTACAAATCAAA!
!
ATCCAGTGGAAAATATAATTTATGCAATCCAGGAACTTATTCACAATTAG!
||||||| |||||||||  |||||| ||||| ||||||||||||||||||!
ATCCAGT-GAAAATATA--TTATGC-ATCCA-GAACTTATTCACAATTAG!
!

Sample of 100k reads aligned with BLASR requiring >100bp alignment 

Match 83.7% 

Insertions 11.5% 

Deletions 3.4% 

Mismatch 1.4% 
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the SMRT sequencing reads mapping to these uncovered regions 
could be used to span them and thereby connect more contigs15—a  
process that can be implemented in the latest version (7.0) of  
the Celera Assembler.

Extending this principle genome wide, we reasoned that we 
could leverage the long reads, lack of bias and high consensus 
accuracy due to the random nature of errors in SMRT sequenc-
ing to generate finished genomes using long insert–library SMRT 
sequencing exclusively. To achieve this, we developed a consensus 
algorithm that preassembles long and highly accurate overlapping 
sequences by correcting errors on the longest reads using shorter 
reads from the same library. We describe a nonhybrid HGAP 
that implements this approach in a fully automated workflow, 
and we demonstrate the de novo construction of several micro-
bial genomes into finished, single-contig assemblies. We evaluate 
the performance of the method on several bacterial genomes for 
which Sanger and 454 (Roche) sequencing were used to generate 
reference sequences, finding that the de novo assembly is collinear 
with these references and >99.999% (quality value (QV) of >50) 
concordant. We also show that HGAP can be used to sequence 
and effectively assemble BACs containing sequences that can be 
problematic for second-generation approaches.

RESULTS
Hierarchical genome-assembly process workflow
The principle (Fig. 1) and workflow (Fig. 2) of HGAP consist of 
several well-defined steps. (1) Select the longest sequencing reads 
as a seeding sequence data set. (2) Use each seeding sequence 
as a reference to recruit shorter reads, and preassemble reads 
through a consensus procedure. (3) Assemble the preassembled 
reads using an off-the-shelf assembler that can accept long reads. 
(4) Refine the assembly using all initial read data to generate the 
final consensus that represents the genome. Optionally, minimus2 
or similar tools can be used to connect the contigs from step (3) 
to further improve the continuity of the assembly and remove 
spurious contigs due to assembly or sequencing errors17,18.

The preassembly step converts long raw SMRT sequencing 
reads into high-quality sequences that can be used with exist-
ing long-read assemblers. It is based on alignment and map-
ping between raw reads in combination with a directed acyclic 
graph–based consensus step to remove randomly distributed 
deletion and insertion errors. It is conceptually akin to a mini-
assembly process to generate highly accurate preassembled 
reads. In addition, low-quality and chimeric sequence reads are 
removed during this process. In contrast to hybrid approaches, 
HGAP does not require highly accurate raw reads for  
error correction.

Details of each analysis step are described in the Online 
Methods. The technical algorithm and implementation details 
are provided in Supplementary Note 1.

Application to Escherichia coli
To evaluate HGAP, we first applied it to E. coli K-12 MG1655, 
for which a high-quality reference sequence had previously been 
generated by Sanger sequencing (NC_000913.2, genome size 
4,639,675 base pairs (bp))19. We prepared and sequenced a single 
~8.5-kilobase (kb) SMRTbell library (Fig. 2) using eight SMRT 
Cells, which yielded 461 Mb of sequence from 141,492 continuous 
long reads, with a typical average read length of 3,257 bp. The data 

were then subjected to the HGAP method (the optional cleanup 
by minimus2 or similar tools was not used in this study to show 
the unaltered output of HGAP).

The availability of a high-quality reference allowed us to char-
acterize the algorithm at each assembly step. First, we examined 
the length and accuracy of the seed reads by aligning each read 
longer than the 6-kb cutoff to the reference sequence (Fig. 2  
and Supplementary Fig. 1a). We found that 17,726 seed reads 
representing ~140 Mb of total sequence fulfilled this criterion 
and had an average aligned read length and single-pass accu-
racy of 7,213 bp and 86.9%, respectively. The aligned read length  
was shorter than the overall mean seed read length (8,160 bp) 
because, for some reads, lower-quality regions or chimeric reads 
did not align.

In the preassembly stage (see Online Methods), the seed reads 
were converted into 17,232 highly accurate preassembled reads 
with a mean length of 5,777 bp and a mean accuracy of 99.9% (Fig. 2  
and Supplementary Fig. 1b). The drop in read length is due to 
end trimming and filtering of spurious and chimeric reads. About 
30%–35% of total bases are typically removed during preassembly 
as a function of the mapping and trimming parameters, but these 
parameters can be further optimized to improve the yield and 
length distribution in future implementations of HGAP.

Subjecting the preassembled reads to the Celera Assembler 
yielded one 4,656,144-bp contig representing the E. coli genome 
and a spurious small 7,589-bp contig (aligning to positions 
2,393,788–2,401,380 of the reference with 99.96% identity).  
A genome-wide alignment showed that the assembly spanned the 
entire E. coli reference and was collinear with it (Fig. 2; see Table 1  
for final assembly statistics and Supplementary Table 1 for 
detailed statistics). The Celera Assembler assumes the genome 
to be linear, so the assembly was slightly larger (100.35%) than 
the reference because the ends of the single contig that cover a 
genome can have overlaps. These overlaps can be trimmed manu-
ally on the basis of the sequence identity of the overlapping end 
regions (data not shown) to give a finished genome sequence that 
is the same size as the reference sequence.

The consensus accuracy of the assembly was evaluated 
with genome-wide alignments using the MUMmer package20 
(Supplementary Note 1). Because not all potential sequencing 
errors are removed in the preassembly step, it is likely that the out-
put from the Celera Assembler still contains some errors. To evalu-
ate the effect of the Quiver consensus algorithm on the final quality 
of the assembly, we compared the reference concordance before 
and after the Quiver consensus step (Supplementary Table 1).  

Construct
preassembled
reads

Assemble
to finished
genome

Long reads

Preassembled
reads

Longest 
‘seed’ reads

Genome 

Figure 1 | Principle of the hierarchical genome-assembly process using 
long-insert-size DNA shotgun template libraries with SMRT sequencing. 
The longest reads are selected as ‘seed’ reads, to which all other reads 
are mapped. A preassembly is performed that converts the seed reads 
into highly accurate preassembled reads that are used for the genome 
assembly, which is followed by a final consensus-calling step (not shown).

•  With 50-100x of Pacbio coverage, virtually all of the errors can be eliminated 
•  Works well for Microbial genomes: single contig per chromosome routinely achieved 
•  Difficult to scale up for use with eukaryotic genomes 

PacBio Error Correction: HGAP 

Nonhybrid, finished microbial genome assemblies from long-read SMRT sequencing data 
Chin, CS et al. (2013) Nature Methods. 10: 563-569 



Hybrid Sequencing 

Illumina 
Sequencing by Synthesis 

 
High throughput (60Gbp/day) 

High accuracy (~99%) 
Short reads (~100bp) 

Pacific Biosciences 
SMRT Sequencing 

 
Lower throughput (1Gbp/day) 

Lower accuracy (~85%) 
Long reads (5kbp+) 

  



1.  Correction Pipeline 
1.  Map short reads to long reads 
2.  Trim long reads at coverage gaps 
3.  Compute consensus for each long read 

2.  Error corrected reads can be easily assembled, aligned 

Hybrid Error Correction: PacBioToCA 

Hybrid error correction and de novo assembly of single-molecule sequencing reads. 
Koren, S, Schatz, MC, et al. (2012) Nature Biotechnology. doi:10.1038/nbt.2280 

http://wgs-assembler.sf.net 



Improved Gene Reconstruction 

FOXP2 assembled in a single contig in the PacBio parrot assembly 

Hybrid error correction and de novo assembly of single-molecule sequencing reads. 
Koren, S, Schatz, MC, et al. (2012) Nature Biotechnology. doi:10.1038/nbt.2280 
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Long Read CNV Analysis 

A rare gene copy-number variant that contributes to maize aluminum tolerance 
and adaptation to acid soils 
Maron, LG et al. (2013) PNAS doi: 10.1073/pnas.1220766110 

Aluminum tolerance in maize is important for drought resistance 
and protecting against nutrient deficiencies 
•  Segregating population localized a QTL on a BAC, but unable to genotype with 

Illumina sequencing because of high repeat content and GC skew 
•  Long read PacBio sequencing corrected by CCS reads revealed a triplication of 

the ZnMATE1 membrane transporter 



PacBio Long Read Rice Sequencing Original Raw Read Length Histogram
n=3659007 median=639 mean=824 max=10008
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Assembly Contig NG50 

HiSeq Fragments 
50x 2x100bp @ 180 
 

3,925 

MiSeq Fragments 
23x 459bp   
8x 2x251bp @ 450 
 

6,332 

“ALLPATHS-recipe” 
50x 2x100bp @ 180 
36x 2x50bp @ 2100 
51x 2x50bp @ 4800  
 

18,248 
 

PBeCR Reads 
19x @ 3500 ** MiSeq for correction 

50,995 
 

Preliminary Rice Assemblies 

In collaboration with McCombie & Ware labs @ CSHL 



Assembly Coverage Model 
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Only 8x coverage is needed to 
sequence every base in the 
genome, but 40x improves the 
chances repeats will be spanned 
by the longest reads 
 

Assembly complexity of long read sequencing 
Lee, H*, Gurtowski, J*, Yoo, S, Marcus, S, McCombie, WR, Schatz MC et al. (2013) In preparation 



Enhanced PacBio Error Correction 

PacBioToCA fails in complex regions 
1.  Simple Repeats – Kmer Frequency Too High to Seed Overlaps 
2.  Error Dense Regions – Difficult to compute overlaps with 

many errors 
3.  Extreme GC – Lacks Illumina Coverage 
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Error Correction with pre-assembled Illumina reads 

Short&Reads&,>&Assemble&Uni5gs&,>&Align&&&Select&,&>&Error&Correct&&
&

Uni5gs:""
"High"quality"con4gs"formed"from"unambiguous,"unique"overlaps"of"reads"
"Each"read"is"placed"into"a"single"uni4g"

"

Can"Help"us"overcome:"
1.   Simple&Repeats&–&Kmer&Frequency&Too&High&to&Seed&Overlaps&
2.   Error&Dense&Regions&–&Difficult&to&compute&overlaps&with&many&errors&
&

https://github.com/jgurtowski/pbtools 



Assembly Contig NG50 

HiSeq Fragments 
50x 2x100bp @ 180 
 

3,925 

MiSeq Fragments 
23x 459bp   
8x 2x251bp @ 450 
 

6,332 

“ALLPATHS-recipe” 
50x 2x100bp @ 180 
36x 2x50bp @ 2100 
51x 2x50bp @ 4800  
 

18,248 
 

PBeCR Reads 
19x @ 3500 ** MiSeq for correction 

50,995 
 

Enchanced PBeCR 
19x @ 3500 ** MiSeq for correction 

155,695 

Preliminary Rice Assemblies 

In collaboration with McCombie & Ware labs @ CSHL 
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De novo assembly of Arabidopsis 
http://blog.pacificbiosciences.com/2013/08/new-data-release-arabidopsis-assembly.html 

A. thaliana Ler-0 sequenced at PacBio 
 

•  Sequenced using the latest P4 enzyme 
and C2 chemistry 

 

•  Size selection using an 8 Kb to 50 Kb 
elution window on a BluePippin™ 
device from Sage Science 

•  Total coverage >100x 
 

Genome size:   124.6 Mb 
GC content:    33.92% 
Raw data:    11 Gb 
Assembly coverage:  15x over 9kbp 

Sum of Contig Lengths:  149.5Mb 
Number of Contigs:   1788 
Max Contig Length:   12.4 Mb 
N50 Contig Length:   8.4 Mb 



Assembly Complexity of Long Reads 



Outline 

1.  Read length & assembly complexity 
 
2.  Single molecule assembly of rice 

3.  De novo indel mutations in autism 

 



Variation Detection Complexity 

Analysis confounded by sequencing errors, localized repeats, allele biases, and mismapped reads 

..TTTAGAATAG-CGAGTGC...!
     ||||||| ||||!
     AGAATAGGCGAG!

             |||||!
             |||||!
      ATAGGCGAGTGC!

..TTTAG--------AGTGC...!
  |||||!
  TTTAGAATAGGC!

SNPs + Short Indels 
High precision and sensitivity 

“Long” Indels (>5bp) 
Reduced precision and sensitivity 

Sens: 48% 
FDR: .38%  



Scalpel: Haplotype Microassembly 
DNA sequence micro-assembly pipeline for accurate 
detection and validation of de novo mutations (SNPs, 
indels) within exome-capture data.  

Features 

1.  Combine mapping and assembly 

2.  Exhaustive search of haplotypes 

3.  De novo mutations 
NRXN1 de novo SNP  

(auSSC12501 chr2:50724605) 

SCALPEL: Micro-assembly approach to accurately detect de novo and transmitted 
indel mutations within exome-Capture data 
Narzisi, G, O’Rawe, J, Iossifov, I, Lee, Y, Wang, Z, Wu, Y, Lyon, G, Wigler, M, Schatz, MC (2013) In preparation 



Scalpel Pipeline 

deletion insertion 

Extract reads mapping within the exon 
including (1) well-mapped reads, (2) soft-
clipped reads, and (3) anchored pairs 

Decompose reads into overlapping    
k-mers and construct de Bruijn graph 
from the reads   

Find end-to-end haplotype paths 
spanning the region 

Align assembled sequences to 
reference to detect mutations 



Repeats in the Exome 
Specificity Challenge: 30% of exons have a perfect 10bp or larger repeat 

Compute an on-the-fly analysis of repeat composition 
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Simulation Analysis 

Sens: 85% 
FDR: .06%  

Sens: 48% 
FDR: .38%  

Sens: 59% 
FDR: .38%  

Simulated 10,000 indels in a exome from a known log-normal distribution 



Experimental Analysis & Validation 

Selected one deep coverage exome 
for deep analysis 
•  Individual was diagnosed with 

ADHD (See Gholson for details) 
•  80% of the target at >20x coverage 
•  Evaluated with Scalpel, SOAPindel, 

and GATK Haplotype Caller 
 
 
1000 indels selected for validation 
•  200 Scalpel 
•  200 GATK Haplotype Caller 
•  200 SOAPindel 
•  200 within the intersection 
•  200 long indels (>30bp) 
 
 



Scalpel Indel Discovery 



Scalpel Indel Discovery 



Scalpel Indel Discovery 

A B 

C’ 

D C B’ 

SOAPindel: ABC’BCB’D Scalpel: ABC’B’D 



Scalpel Indel Discovery 



Exome sequencing of the SSC 
Last year saw 3 reports of >593 families from 
the Simons Simplex Collection 
•  Parents plus one child with autism and one 

non-autistic sibling 
•  All reported strong enrichment for de novo 

gene killing mutations (nonsense, frameshift, 
splice site mutations) 

•  Iossifov (343) and O’Roak (50) used GATK, 
Sanders (200) didn’t attempt to identify indels 

De novo gene disruptions in children on the autism spectrum 
Iossifov et al. (2012) Neuron. 74:2 285-299 
 
De novo mutations revealed by whole-exome sequencing are strongly associated with autism 
Sanders et al. (2012) Nature. 485, 237–241. 
 
Sporadic autism exomes reveal a highly interconnected protein network of de novo mutations 
O’Roak et al. (2012) Nature. 485, 246–250. 



Revised Analysis of the SSC 

Constructed database of >1M transmitted and de novo indels 
Strengthened enrichment for de novo frameshift mutations (35:16) 
Many new gene candidates identified, population analysis underway 



Summary 

•  Hybrid assembly let us combine the best characteristics of 2nd 
and 3rd gen sequencing 
–  Long reads and good coverage are the keys to a good de novo assembly 
–  Single contig de novo assemblies of entire microbial chromosomes are 

now routine;  Single contig de novo assemblies of entire plant and animal 
chromosomes  on the horizon  

•  Assembly is the missing link towards high accuracy indel mutation 
discovery 
–  Allows the algorithm to break free from the expectations of the reference 
–  Pinpointing de novo mutations require both high sensitivity and specificity 

•  We are starting to apply these technologies to discover 
significant biology that is otherwise impossible to measure 



Acknowledgements 
CSHL 
Hannon Lab 
Gingeras Lab 
Jackson Lab 
Iossifov Lab 
Levy Lab 
Lippman Lab 
Lyon Lab 
Martienssen Lab 
McCombie Lab 
Ware Lab 
Wigler Lab 
 
IT Department 

Schatz Lab 
Giuseppe Narzisi 
Shoshana Marcus 
James Gurtowski 
Srividya 
Ramakrishnan 
Hayan Lee 
Rob Aboukhalil 
Mitch Bekritsky 
Charles Underwood 
Tyler Gavin 
Alejandro Wences 
Greg Vurture 
Eric Biggers 
Aspyn Palatnick 
 



See you at  
 

Genome Informatics 
 

Oct 30 – Nov 2 

http://schatzlab.cshl.edu 
@mike_schatz 


