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Outline 

•  Background 
–  Third-Gen sequencing technology 

•  The resurgence of reference quality genome (3Cs) 
–  Contiguity 

•  The next version of Lander-Waterman Statistics 
•  How to model to predict de novo genome assembly performance 
•  Support vector regression (SVR) 

–  Completeness 
•  Historical human genome quality by gene block analysis 

–  Correctness 
•  The effectiveness of long read sequencing technology in de novo 

assembly 

•  Contributions 
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Background 

•  Sanger + BAC-by-BAC Era (1995 to 2007) 
–  Very high quality reference genomes for human, mouse, worm, fly, rice, 

Arabidopsis and a select few other high value species.  
–  Contig sizes in the megabases, but costs in the 10s to 100s of millions 

of dollars 
 

•  Next-Gen Era (2007 to current) 
–  Costs dropped, but genome quality suffered 
–  Genome finishing was completely abandoned; “exon-sized” contigs 
–  These low quality draft sequences are (1) missing important sequences, 

(2) lack context to discover regulatory elements or evolutionary patterns, 
and (3) contain many errors 

 

•  Third-Gen Era (current) 
–  New biotechnologies (single molecule, chromatin assays, etc) and new 

algorithms (MHAP, LACHESIS, etc) are leading to the Resurgence of 
Reference Quality Genomes   

–  De novo assemblies of human and other large genomes with contig 
sizes over 1Mbp. 
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Third-Gen Technology 

•  Long Read Sequencing: De novo assembly, SV analysis, phasing 

Illumina/Moleculo 
 
 
 
 

 
3-5kbp 

(Kuleshov et al. 2014) 

Pacific Biosciences 
 
 
 
 

 
10-15kbp 

(Berlin et al, 2014) 

Oxford Nanopore 
 
 
 
 

 
5-10kbp 

(Quick et al, 2014) 

Molecular Barcoding 
 
 
 
 

 
30-60kbp 

(10Xgenomics.com) 

Optical Mapping 
 
 
 
 

 
25-100kbp 

(Putnam et al, 2015) 

Chromatin Assays 
 
 
 

 
 

100-150kbp 
(Cao et al, 2014) 

•  Long Spanning Technology: Chromosome Scaffolding, SV analysis, phasing 
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Many Questions are raised but… 

Given a target genome, 
•  How long should the read length be? 
•  What coverage should be used?  

Given the read length and coverage,   
•  How long are contigs? <- Contiguity prediction  
•  How many contigs?  
•  How many reads are in each contigs?  
•  How big are the gaps?  
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Lander-Waterman Statistics 
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HG19 Genome Assembly Performance 
by Lander-Waterman Statistics 

Technology vs. Money 

Two key observations 
1. Contig over genome size 
2. Read Length vs. Coverage 
 

mean_ contig = (e(1−θ )C −1) L
C
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Empirical Data-driven Approach 

•  We carefully selected 26 species across tree 
of life and exhaustively analyzed their 
assemblies using simulated reads for 4 
different length (6 for HG19) and 4 different 
coverage per species 

Data 
(X, Y) 

Machine Learning 
(SVR) Learned  Model 

Learned  Model 
Data 
(X, ?) 

Assembly 
Performance 



Simons Center for Quantitative Biology 

N50 : Contiguity Metric 

•  N50 from assembly = 130 
•  N50 from chromosome segments (Target N50) = 130  
•  (Near) Perfect assembly  

–  N50 of assembly ≈ N50 of chromosome segments 

50% 

130 200 Assembly 180 

N50 = 130 
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Genome 
(size of 1000) 
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HG19 Genome Assembly Performance 
by Our Simulation 

Read Length has 
stronger impact than 
coverage 

Lengths selected to represent 
idealized biotechnologies: 
mean32: ~Optical mapping 
mean16: ~10x / Chromatin 
mean8: ~10x / Chromatin 
mean4: PacBio/ONT 
mean2: PacBio/ONT 
mean1: Moleculo 
(log-normal with increasing means) 

𝑇𝑎𝑟𝑔𝑒𝑡  𝑁50≡

𝑁50  𝑜𝑓  𝑐ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒  𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑠 
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HG19 Genome Assembly Performance 
by Our Simulation 

Read Length has 
stronger impact than 
coverage 
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Why? 

Lander-Waterman Statistics 
•  Assumptions!!! 
•  If genome is a random 

sequence, it will work 
•  It works only in low coverage 

3-5x 
•  It works for small genomes (< 

yeast) 

Our Approach 
•  We tried to assume as little as 

possible.  
•  Instead of building on top of 

assumptions, we let the model 
learn from the data 

•  Empirical data-driven approach 
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Our Goal 

•  To predict genome assembly contiguity 

Performance(%) ≡ N50 fromAssembly
N50 fromChromosomeSegments

×100
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Assembly Challenge (1) 

Read Length 

•  Read length is very important  
•  A matter of technology 
•  The longer is the better 
•  Quality was important but can be corrected  

–  PacBio produces long reads, but low quality (~15% error rate) 
–  Error correction pipeline are developed 
–  Errors are corrected very accurately up to 99% 
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Assembly Challenge (1) 

Read Length 
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Assembly Challenge (2) 

Coverage 

•  A matter of money 
•  Using perfect reads, assembly performance 

increased for most genomes : Lower bound 
•  Using real reads, overall performance line will shift 

to the higher coverage 
•  The higher is the better (?) 
•  But still it suggests that there would be a threshold 

that can maximize your return on investment (ROI) 
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Assembly Challenge (2) 

Coverage 
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Assembly Challenge (3) 

Repeats 

•  Genome is not a random sequence 
•  Repeat hurts genome assembly performance 
•  Isolating the impact of repeats is not trivial 
•  Quantifying repeat characteristics is not trivial as 

well 
–  The longest repeat size 
–  # of repeats > read length 
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Arabidopsis (120M) 
Longest repeat: 44kbp 

Fruit fly (130M) 
Longest repeat: 30kbp 

Mean Read Length # of repeats > read length # of repeats > read length 

3,650 210 5564 

7,400 112 394 

15,000 44 8 

30,000 14 2 

Assembly Challenge (3) 

Repeats 
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$ 

Finished 
genomes 

Reference quality 
genomes 

Draft genomes 
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$ 

Finished 
genomes 

Reference quality 
genomes 

Draft genomes 

Category Description Examples 

Finished genome  All (or almost) bases are resolved with high confidence 
Quality is guaranteed as well as quantity. 

E.coli, Yeast 

Reference genome  Quantity is well achieved but quality need to be 
improved (% of Ns, gene order etc. ) 

Human 

Draft genome Even quality needs to be improved, short contigs 
Hard to expect quality. Gene are still found but unlikely 
to identify regulation networks. 

Poplar, Turkey, 
Tomato, Lizard etc. 
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Assembly Challenge (4) 

Genome Size 

•  Increase the assembly complexity 
•  Make a hard problem harder.  
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Assembly Challenge (4) 
Genome Size 

23 
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Assembly Challenge (4) 
Genome Size 
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Feature Engineering 

•  Correlation Coefficient  
–  Performance vs. genome size 

•  R = -0.38 
–  Performance vs. read length 

•  R = 0.2 

–  Performance and log (genome size) 
•  R = -0.49 

–  Performance and log (read length) 
•  R = 0.32 

•  Inputs for Support Vector Regression 
–  Performance and log (genome size)/ log (read length) 

•  R = 0.6 
–  Performance and log (coverage ) 

•   R = 0.58 
–  Performance and log (# of repeats longer than read length) 

•  R = -0.44 
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Reference Genome Quality 
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Cross Validation 

•  K-fold Cross Validation 
•  A variation of Leave-One-Out Cross Validation (LOOCV)  
•  Leave one species out approach (LOSO) <- Our 

approach 
–  A variation of Leave-One-Out Cross Validation (LOOCV)  
–  Use 25 species as training data, test 1 species to measure predictive 

power  
–  Avoid overfitting 

•  Model selection by predictive power 
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Prediction Performance 
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Http://qb.cshl.edu/asm_model/predict.html 

Web Service for Contiguity Prediction 



Simons Center for Quantitative Biology 

Completeness  
Human Reference Genome Quality by gene block analysis 

gene1 

gene2 

gene1  
gene2 
gene5  

gene10 
gene20 
gene50  

gene100 
gene200 
gene500  

gene1000 

Regulatory  elements 

Synteny blocks 

- Chromosome structure 

- Gene 
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Larger contigs and scaffolds 
empowers analysis at every 
possible level. 
•  SNPs (~10k clinically relevant) 
•  Genes 
•  Regulatory elements 
•  Synteny blocks 
•  Chromosome structure 

Regulatory  elements 
Synteny blocks 
Chromosome structure  

 Gene 

Completeness  
Human Reference Genome Quality by gene block analysis 
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Correctness  
Misassembly - A critical error in de novo assembly 
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Misassembly Analysis in HG19 

33 
Long read sequencing technology helps to reduce both misassembly and breaks 
thus increase correctness of de novo genome assembly 
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Contributions 

The resurgence of reference quality genomes 
•  New long read sequencing and long span 

technologies are dramatically improving de 
novo genome assemblies 

•  We can predict the new genome assembly 
performance in 15% of error residual boundary 

–  Read length, coverage and genome size used explicitly 
–  Repeats are included implicitly 

Lander-Waterman  
Statistics 

Lee-Schatz Model 

Features Read Length (L) 
Coverage (C) 
 
 

Read Length (L) 
Coverage (C) 
Genome Size (G) 
Repeats (R) 

Methodology Hypothesis driven Data driven 

Algorithm Poisson distribution Support Vector Regression 

(e(1−θ )C −1) L
C
∝ L ⋅eC

L ⋅eC

L ⋅C

L ⋅ logC

L ⋅ logC ⋅ f (G)

L ⋅ logC ⋅ f (G) ⋅ g(R)

SVR(L,C,G,R)
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Thank You 
Q & A 


