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The burden of complex disease

Genetics Environment

Complex Condition: A condition Heritability: The proportion of
caused by the interaction of multiple interindividual differences
genes and environmental factors. (variance) in a trait that is the
Examples of complex conditions, result of genetic factors

which are also called multifactorial
diseases, are cancer and heart
disease.

Definitions from Manolio, NEJM 2010



The burden of complex disease — Crohn’s Disease
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Association studies provide a first step towards
understanding and treating complex disease
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Association studies provide a first step towards
understanding and treating complex disease
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Association studies provide a first step towards
understanding and treating complex disease
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Genomic landscape of complex diseases
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Missing heritability

VIEWPOINT

Missing heritability and strategies
for finding the underlying causes of
complex disease

diseases

Evan E. Eichler, Jonathan Flint, Greg Gibson, Augustine Kong, Suzanne M. Leal,
Jason H. Moore and Joseph H. Nadeau

Finding the missing heritability of complex

Teri A. Manolio’, Francis S. Collins?, Nancy J. Cox®, David B. Goldstein®, Lucia A. Hindorff°, David J. Hunter®,
Mark I. McCarthy?, Erin M. Ramos®, Lon R. Cardon®, Aravinda Chakravarti’, Judy H. Cho'?, Alan E. Guttmacher',
Augustine Kong'!, Leonid Kruglyak'?, Elaine Mardis'®, Charles N. Rotimi'*, Montgomery Slatkin'®, David Valle’,
Alice S. Whittemore'®, Michael Boehnke'”, Andrew G. Clark'®, Evan E. Eichler'®, Greg Gibson?’, Jonathan L. Haines?’,
Trudy F. C. Mackay??, Steven A. McCarroll*> & Peter M. Visscher**

Table 1| Estimates of heritability and number of loci for several complex traits

Disease Number of loci Proportion of heritability explained Heritability measure

Age-related macular degeneration’? 5 50% Sibling recurrence risk
Crohn's disease®* 32 20% Genetic risk (liability)
Systemic lupus erythematosus’® 6 15% Sibling recurrence risk

Type 2 diabetes’ 18 6% Sibling recurrence risk

HDL cholesterol” 7 5.2% Residual* phenotypic variance
Height®® 40 5% Phenotypic variance

Early onset myocardial infarction”® 9 2.8% Phenotypic variance

Fasting glucose”” 4 1.5% Phenotypic variance

* Residual is after adjustment for age, gender, diabetes.

Manolio et al., Nature 2009
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Missing heritability
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How do association mapping studies work?
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How do association mapping studies work?
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How do association mapping studies work?

Case (i.e. patients) Control (i.e. healthy individuals)
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How do association mapping studies work?

Case (i.e. patients) Control (i.e. healthy individuals)
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How do association mapping studies work?

R
| [lidintndioes I
GeneChip

Genome-Wide Human
NP Array 6.0

o 520852

Lot # 40310
Resoarch Use O

Genotype 1M
loci simultaneously

Case (i.e. patients)

Crohn’s disease

[ ]
i ¢ i H
: ¢ o ". R o l $ :
i B A N R RREE
- N w N -— —_— e ek e - N NN
o — N W A OO0 NOOOO-—-N
Hypertension
- N w N o o ~ ® © - - 4 4 a4 a4 NN X
o - N W P OO NOOOO-—=N

Rheumatoid arthritis
. 58 3

*320, Ii'l |I|; lI N 'III - | Ii i o o. I
- N w &~ )] (&) ~ @ © — - — - 4 g NN X
o — N W s OO NOO o=

Welcome Trust Case Control Consortium, Nature 2007
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Linkage disequilibrium allows indirect associations
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Linkage disequilibrium allows indirect associations
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How do association mapping studies work?
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How do association mapping studies work?
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Why do we use identity by descent mapping?
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* Traditional GWAS approaches no longer work in a
scenario with recent (i.e. rare) causal variants.

* However, in a scenario where there are multiple
rare variants of intermediate effect size at a genetic
locus, we can use IBD mapping in place of the
previously shown approaches.



Standard GWAS fails for rare variant diseases
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Why do we use identity by descent mapping?
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Why do we use identity by descent mapping?
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What is identity by descent (IBD)? ‘ 2 EH
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Why do we use identity by descent mapping?
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ldentity by descent mapping captures rare variant loci
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ldentity by descent mapping captures rare variant loci

IBD Mapping
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ldentity by descent mapping captures rare variant loci
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ldentity by descent mapping captures rare variant loci
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Why doesn’t everyone use IBD mapping?
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Parente2 and SpeeDB present an opportunity for applying IBD
Mapping to large disease cohorts

Parente2: A fast and accurate method for detecting identity by descent

Jesse M. Rodriguez*!2, Sivan Bercovici*!, Lin Huang!, Roy Frostig!, and Serafim Batzoglou®!
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Parente2 and SpeeDB present an opportunity for applying IBD
Mapping to large disease cohorts
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An Effective Filter for IBD Detection in Large Data Sets —

Lin Huang?*, Sivan Bercovici, Jesse M. Rodriguez, Serafim Batzoglou

) IBD ‘
[mdY Detection mmy

Tool 1

= IBD
> =
=



Parente2 performs fast and accurate IBD ‘ Hﬁ
detection
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Parente2: A fast and accurate method for detecting identity by descent
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Parente2 performs fast and accurate IBD ‘ Hﬁ

detection
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Parente2: A fast and accurate method for detecting identity by descent
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Parente2 performs fast and accurate IBD

detection
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Parente2 performs fast and accurate IBD ‘ Hﬁ
detection
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Parente2 performs fast and accurate IBD Hﬁ
detection
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SpeeDB efficiently filters candidate IBD ‘ %H

regions
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SpeeDB efficiently filters candidate IBD ‘ %H

regions
l, 1,
e IBD region? e >1 ool )
T T =5
S3
DA, U S4

An Effective Filter for IBD Detection in Large Data Sets

Lin Huang*, Sivan Bercovici, Jesse M. Rodriguez, Serafim Batzoglou




SpeeDB efficiently filters candidate IBD ‘ %H
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SpeeDB efficiently filters candidate IBD ‘ %H

regions
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SpeeDB efficiently filters candidate IBD ‘ %H
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IBD Detection Pipeline
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IBD Detection Pipeline
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IBD Detection Pipeline — SpeeDB and Parente Parallelism
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IBD Detection Pipeline — SpeeDB and Parente Parallelism

( Cohort .geno )

l Partition (3)

(3.geno)

l SpeeDB

Parente2

ooooooooooo

)

( 1.1ibd ) ( 2.2ibd )
(1.2ibd ) ( 2.3ibd )
( 1.3ibd ) (  3.3ibd )




Next steps

ith

ies w

more than 140 studi

As of 2012,
000 or more

10

individuals

U




