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What GENES contribute?

What are the MECHANISMS by which they
affect risk of disease?
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Genomic Discoveries for Common Disease
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Partitioning Heritability of Regulatory and
Cell-Type-Specific Variants across 11 Common Diseases
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Overall

Type 1 Diabetes
V(G)/V(P) SE
0.21 0.019
0.199 0.02
0.192 0.018
0.188 0.018

0.191 0.018

0.187 0.023
0.48 0.06

Crohns Disease

V(G)/V(P) SE
0.03 0.008
0.017 0.006
0.02 0.007
0.028 0.008

0.025 0.008

0.17 0.024
0.50 0.07



A Missing Data Problem?

 If a substantial fraction of the genome
variation affecting risk of common disease is
regulatory, why not alter focus of analyses to
endophenotypes that are more direct
measures of what we really want — the
genetically determined part of protein levels
(transcript levels)

 Instead of testing individual variants,
aggregate variants into SNP-based predictors
of transcript levels (and ultimately protein
levels) and test those directly for association
with disease



Gene Expression Decomposition
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Gene Expression Decomposition

Submitted Nat Genet as GTEx companion paper



Genetic Variation Observed Transcriptome Analogous to Imputation
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Start with genetic data

Predict whole genome effect
on expression level of a gene

Correlate predicted
expression with phenotype

Validate Genes
in Model
Systems

Replicate
Genes with
Independent

Training Test
sets sets

PrediXcan Flow

No transcriptome
data is needed

Only genotype
and phenotype
data needed

No reverse
causality

Reduced multiple
testing burden

Mechanism is
built in
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Prediction in an Independent Sample

 Significance of correlation between
predicted and directly measured
expression levels: g-value < 0.05 for
40-50% of genes, < 0.1 for 60-70%

We predict only the genetically
determined part of gene expression
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Genes Associated with Replicate SNP predictors as
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Advantages of Framework

* We iteratively use more and more of
what we do know to figure out what we
most want to learn

— True no matter whether what you most want to
learn about is transcript (protein) levels or
genetics of common disease

— ldentifies key read-outs for discovering
environmental risk factors

* This sets up a (the?) natural framework
for the analysis of whole genome
sequence data
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