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The ENCODE Project Consor/um. 2004. Science 22: 306 (5696). 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Feature Overlap 

5'  3' 

→Transcrip/on Fragments 

→ Conserved sequence 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Naïve methods 

•  Uniform feature start site shuffling 
– Big assump/on: feature inter‐arrival distances are 
Poisson, i.e. no big clumping, clustering, or 
underlying structure 

True distribution 

Uniform Start Site Shuffling 
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Naïve methods 

•  Shuffle one feature, keep the other fixed 
—  Not a consistent es/mator 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Requirements 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Toward a model 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“Segmented Sta/onarity” 

… 
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“Segmented Sta/onarity” 

… 
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The GSC := “Segmented Sta/onarity” 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Observed Sequence  (Feature 1 =           , Feature 2 =             ): 

Sample two blocks of equal length. 

Calculate overlap in the blocks after swapping = (X2)(Y1)+(X1)(Y2)  ‏
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Statistic is: (X2)(Y1)+(X1)(Y2), properly normalized and set to mean 0.   
Under the null hypothesis of independence, this should be Gaussian. 

Align Feature 1 of first block with Feature 2 of second block, and vice versa. 



Many genomic sta/s/cs are func/on of one or more sums of the form: 

e.g.                  is 1 or 0 depending on the presence or absence of a feature or features 

Under segmented sta/onarity,  
these distribu/ons are asympto/cally Gaussian 

and can be es/mated from the data 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How Gaussian? 

Block bootstrap 
distribution of  the 
Region Overlap 
Statistic 

Shown here with the 
PDF of  the normal 
distribution with the 
same mean and 
variance 

QQplot of  BB distribution vs. 
standard normal 

All ENCODE Pilot 
biochemically ac/ve 
elements 

vs 

All ENCODE Pilot 
conserved regions 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The GSC with the True Segmenta1on 

True distribu1on 

The GSC without Segmenta1on 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Unsegmented 

Segmented 

The effects of segmenta/on on real data 
(Kevin and Ni/n are amazing) 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True distribution 

Uniform Start Site Shuffling 

Block Bootstrap without Segmentation 

Block Bootstrap with True Segmentation 

Block Bootstrap with Estimated Segmentation 
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Nancy’s Dyadic Theorem 
(Nancy is magnificent) 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MacArthur et al, 2009, Genome Biology  Negre et al, 2011, Naure 

Gerstein et al, 2011, Science 

Applied in high impact 
papers...  

But only by the usual 
suspects! 



M B Gerstein et al. Science 2010;330:1775‐1787 



The Team 

•  Nancy Zhang 
•  Haiyan Huang 
•  Nathan Boley 
•  Peter Bickel 

and now: 
•  Jasmine Mu 

•  Kevin Yip 
•  Joel Rozowsky 
•  and Mark Gerstein 

23 



Beyond heuris/cs 
A generic sta/s/cal tool for the analysis of *‐seq assays 

Dr. Ben Brown,  

Sta/s/cs, UC Berkeley  24 



Defini/on: *‐seq assay 
Input: 
DNA or RNA 

Output:  
sequence reads 

Selec/on: 
interrogate the 
input 

AGCTTAGCTAGCTACCTATATCTTGGTCTTGGCCG      
hhHAJhha;hhhhhhhhhhhhhhhhhhhhhhhhhh 

Map reads back 
to Input 

Interpret the 
mapping 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Perfect 
mappings mul/‐

mappers 

non‐iden/c 
mappers 

26 



Complex sta/s/cs are computed 
on the mapped trace 

Peaks! 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toward a generic sta/s/cal framework 

•  Candidate Mapping 
–  Exhaus/ve: find every candidate mapping above some probability threshold 

–  Correct: accurately es/mate read quality scores 

•  Parameter Es1ma1on 
–  Formalize assay specific knowledge 

•  Mapping Variance 
–  Find all “likely” mappings 
–  Put confidence on es/mated parameters 

–  Es/mate variance for a wide class of sta/s/cs 

•  Varia1on 
–  Map to non‐isogenic genomes 

–  Dynamically infer SNPs/varia/on 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Statmap 

•  Candidate Mapping 
–  Exhaus/ve: find every candidate mapping above some probability threshold 

–  Correct: accurately re‐es/mate base‐calling error rates 

•  Parameter Es1ma1on 
–  Formalize assay specific knowledge 

•  Mapping Variance 
–  Find ~all “likely” mappings 
–  Put confidence on es/mated parameters 

–  Es/mate variance for a wide class of sta/s/cs 

•  Varia1on 
–  Map to non‐isogenic genomes 

–  Dynamically infer SNPs/varia/on 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Illustra/ve simula/on 

read density aser 
5000 reads 

true signal density 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Illustra/ve simula/on 

binding sites 
read density aser 
5000 reads 

true signal density 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parameter es/ma/on 

“fragment density” 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variance es/ma/on 

parametric bootstrap samples 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confidence bounds 

empirical confidence bounds 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What the bootstrap buys us 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...and what it doesn’t 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Analy/cal variance 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The bootstrap is condi/on on the marginal read density 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Beyond the marginal read density 

•  Assay specific knowledge 

empowers us to consider dependence between reads 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Assay specific kernels 

Some reads remain (uncertainty) 

most are accurately placed, and 
variance is accurately quan/fied 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SNPs 

read 
density 

true 
fragment 
density 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CAGE 

RNA-seq 
(stranded) 

FlyBase 

CAGE 

RNA-seq (stranded) 

50Kb of intergenic space 

no significant strand bias 

minus strand bias 

CAGE: complex signal 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CAGE 

RNA-seq 
(stranded) 

FlyBase 

CAGE 
peaks 

RACE 

Statmapping CAGE 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At most 22,000 
not 120,000 

•  Failing to account for variance and background 
in CAGE has had consequences: 

Number of ac/ve promoters in D. melanogaster 
embryo has been over es/mated, consistently, 

in the literature at least 5 fold 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Ques/ons? 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Key concepts 

•    

assay specific kernel 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