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Goal

To develop statistical and computational 
methods to sift through large amounts of 
genomic and other high dimensional data 
to make discoveries that can be translated 

to improve human health.
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Specific Goal

To catalog the phenotypic consequences 
of gene expression variation in humans
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Model Organism Knock Out
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Model Organism Knockouts
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Mice != Humans
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Natural Human Knockouts

- People with loss of function mutations in both copies of the 
gene

- Natural experiments

- We can measure phenotypes to learn function of the gene
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R. M. Plenge, “Human genes lost and their functions found,” Nature, 2017.
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Human Knockout Project
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Systematic effort to understand the consequence 
of complete disruption of every human gene
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Human Knockout Project
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Knockout

0

Systematic effort to understand the consequence 
of complete disruption of every human gene
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Human Knockout Project
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Knockout

0

Systematic effort to understand the consequence 
of complete disruption of every human gene

“Knockdown”
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Human Knockout Project
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Knockout

0

Systematic effort to understand the consequence 
of complete disruption of every human gene

“Knockdown”

partial

Predict expression using 

PrediXcan
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Human Knockout vs “Knockdown”
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Knockout Knockdown

• Small effect sizes 
• LD-contamination 
• Pleiotropy

• Large effect sizes 

• Small sample size 
• Need to sequence 

large number of 
individuals

• Large sample size 
• Cheaper genotyping 

may be enough 
• Sequence data can 

be used



Natural Experiments to Function@hakyim

Small Effect Sizes

• Increase sample size 

• to address burden of larger sample sizes 
• use Summary-PrediXcan
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Summary-PrediXcan
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LD-Contamination
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• Compute colocalization and discard if GWAS and 
eQTL signals are independent 
• COLOC (Giambartolomei et al, PLoS Genetics 2013) 
• RTC (Nica, …, Dermitzakis et al 2010) 
• eCAVIAR (Hormozdiari … Eskin et al, AJGH 2017) 
• ENLOC (Wen et al, PLoS Genetics 2017) 
• HEIDI (Zhu, …, Visscher, Yang, Nature Gen. 2016)

Y

Tg

Y

Tg
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Use Causal rather than Associated SNPs

�16

Predicted Expression

O
bs
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ve

d 
Ex

pr
es

si
on

ERAP2 is predicted by 80 SNPs but 
has one underlying causal variant
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How to Mitigate LD-Contamination

• Post filtering step with COLOC or other methods 

• Current prediction models are purely statistical 
• Use causal predictors to reduce chance of LD 
• S-PrediXcan needs to efficiently impute GWAS 

results for causal variants
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Pleiotropy

• Experiments in model systems
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Best Practices Framework: MetaXcan
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Computing Phenotypic Consequences with Summary Stat
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https://github.com/hakyimlab/PredictDBPipeline
https://github.com/hakyimlab/MetaXcan 

PredictDB.org
database

Elastic Net
Model Training

Pipeline

SNP
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SNP
X1

Y
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S-PrediXcan Calculator
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Results

Y
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Colocalization or LD-Contamination

gene2pheno.org
database of gene to phenome 

association results
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Catalog of Phenotypic Consequences
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gene2pheno.org
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PredictDB.org Users
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MetaXcan manuscript in BioRxiv - Revision Under Review
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https://github.com/hakyimlab/MetaXcan 



Tissue Specificity
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Type 2 Diabetes Tissue Enrichment by Sample Size
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Top Type 2 Diabetes Gene Associations by Tissue
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Most Associations Are Tissue Specific
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SORT1 Strong Signal in Liver
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SORT1 for MI

SORT1 for LDL

SORT1 for CAD

PCSK9 for MI

PCSK9 for LDL
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PCSK9 Colocalized in Tibial Nerve
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C4A Causal Gene
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Cross Tissue and Tissue Specific Associations
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discovery

Aggregate multiple tissue 
results into one gene level one
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Multi-Tissue PrediXcan
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Y = a+ b1X
tissue1
g + b2X

tissue2
g + · · ·+ bkX

tissuek
g + ✏
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Multi-Tissue PrediXcan

�34

Y = a+ b1X
tissue1
g + b2X

tissue2
g + · · ·+ bkX

tissuek
g + ✏

What if we only have univariate regression coefficients?
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Multi-Tissue PrediXcan
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Y = a+ b1X
tissue1
g + b2X

tissue2
g + · · ·+ bkX

tissuek
g + ✏

What if we only have univariate regression coefficients?

Y = a + �1X
tissue1
g + ✏0

Y = a + �2X
tissue2
g + ✏00

· · ·
Y = a + �kX

tissuek
g + ✏000
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Multi-Tissue PrediXcan
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Y = a+ b1X
tissue1
g + b2X

tissue2
g + · · ·+ bkX

tissuek
g + ✏

What if we only have univariate regression coefficients?

Y = a + �1X
tissue1
g + ✏0

Y = a + �2X
tissue2
g + ✏00

· · ·
Y = a + �kX

tissuek
g + ✏000

b̂ = (X0X)�1Db�

var(bb) = �j(X
0X)�1

�2
k = b̂

0
(X0X)�1b̂
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Need to Estimate and Invert Covariance of Predicted Expression
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Predicted 
expression of a gene 

across tissues Inverse may not be 
computable because 
of correlation between 

tissues

We can predict 
expression in reference 

population  
(1000G, GTEx, etc)

�2
t = b̂

0
(X 0X)�1b̂
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Combined Univariate vs. Multivariate PrediXcan
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Combined Univariate vs. Multivariate PrediXcan
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Multivariate PrediXcan -log10 p
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Avoid singularity of covariance 
eliminating axis of variations with 

small eigenvalues



Natural Experiments to Function@hakyim

Combined Summary PrediXcan vs Multivariate
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Combined Summary PrediXcan vs Multivariate
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Multivariate PrediXcan -log10 pC
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Predicted expression is 
estimated in different samples
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Combined Summary PrediXcan vs Multivariate
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Covariance estimated 
directly from SNPs rather 

than predicting 
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Summary Multi Tissue Performs Similar to Multi Tissue
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Summary Multi Tissue OutPerforms Using All Tissues
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Summary

- Human knockouts are invaluable experiments of nature that 
provides information on function of genes

- Human “knockdown” gene2pheno.org, related and 
complementary

- Need to develop new methods to address challenges

- Summary Multi Tissue PrediXcan
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Thank You
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