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Disclosures 

(ok, maybe more like a confession) 

I AM A GENETICIST 



Genome 
Variation 



Context!
•  How does genome variation affect 

our risk of common diseases and 
our response to therapies for these 
diseases 

•  What variants? 
•  What mechanisms? 

•  Translating those discoveries to 
patient care 

•  Paradigm for translation will involve “pre-
emptive” genotyping and sequencing 



Discovery and Translation!

•  In discovery research, we seek 
individual variants and aim to learn 
the driving biology behind the 
associations we detect 

•  For translation, we are often 
interested in prediction 

•  Who will benefit from a particular drug 
therapy? 

•  Who is at risk for an adverse event? 
•  Who is at risk for a disease we can 

postpone, prevent, or alter risk for? 



 New in Genome Discovery 

•  Key variants 
•  Identifying classes of functional variation 

with strong enrichment among top 
GWAS signals 

•  Identifying gene sets for which functional 
variants enriched 

•  Integration 
•  Genome, transcriptome, SV, … 

•  Key genes 
•  Mendelian disease genes may contribute 

to more than just Mendelian disease 



New in Genome Translation 

•  Large-scale prediction 
•  Polygenic prediction 
•  Other –omics; poly-omic prediction 

•  EMR event monitoring 
•  Patterns of care usage 

•  Crossing –omics prediction 
with EMR event monitoring 



Premise …!

Paradigms developed for Mendelian 
diseases and rare adverse events are 
inadequate for translation of genome 
discoveries for common diseases 
and common adverse event and 
efficacy pharmaco-phenotypes 



 New in Genome Discovery 

•  Key variants 
•  Identifying classes of functional variation 

with strong enrichment among top 
GWAS signals 

•  Identifying gene sets for which functional 
variants enriched 

•  Integration 
•  Genome, transcriptome, SV, metabolome 

•  Key genes 
•  Mendelian disease genes may contribute 

to more than just Mendelian disease 



Classes of Functional Variants Enriched 
in SNPs Associated with Common 
Disease and Complex Human Traits 

•  eQTLs – SNPs associated with mRNA 
transcript levels 

•  mQTLs – SNPs associated with methylation 
status at sites that are variably methylated 

•  pQTLs – SNPs that are associated with 
protein levels  

•  miRNA QTLs – SNPs associated with levels 
of miRNAs 

•  ENCODE annotations 
•  …  













What 
transcripts 
are 
implicated? Only a 

minority 
of GTEx 
eQTLs 
target 
the local 
or 
nearest 
gene 



 New in Genome Discovery 

•  Key variants 
•  Identifying classes of functional variation 

with strong enrichment among top 
GWAS signals 

•  Identifying gene sets for which functional 
variants enriched 

•  Integration 
•  Genome, transcriptome, SV, … 

•  Key genes 
•  Mendelian disease genes may contribute 

to more than just Mendelian disease 



Galton, 
1889 



Concentrating Heritability 





       Type 1 Diabetes                           Crohns Disease 

Overall       0.48  0.06             0.50  0.07 



Concentration of Heritability!

•  Smaller numbers of eQTLs (3-30K) 
account for 30-60% of heritability 
estimated for all variants after QC 
(150-600K) 

•  Observed across autoimmune and 
inflammatory diseases, 
neuropsychiatric, metabolic, etc. 

•  Partitioning by cross vs. single 
tissues, cis- and trans-, common 
and rare 



Relationship Between Risk and MAF   

Lobo, I. (2008) Multifactorial inheritance and genetic disease. Nature Education 1(1):5 



Expected Relationship Between 
MAF and Effect Size? !

•  Human populations have been 
expanding super-exponentially 

•  Are rare variants largely functional and 
strongly selected against? Or largely 
neutral? 

•  What are the implications for this 
relationship when fitness affects 
variation at a gene through phenotype 
A, but some variants at the gene affect 
risk for disease B (unrelated to A)? 



Improving Inference in Studies of  
Rare Variants 

•  Maximizing the information on rare 
variant associations will require 
considering new dimensions in 
analysis 

•  Current generation of studies have 
considered the contributions of 
rare and common variants in 
complete isolation 



Dimensions in the Analysis of 
Rare Variants 

q 

Effect 
size 



Dimensions in the Analysis of 
Rare Variants 

q 

Effect 
size 



Dimensions in the Analysis of 
Rare Variants 

q 

Effect 
size 



Dimensions in the Analysis of 
Rare Variants 

Probability Variant Affects 
Function of Protein 

Probability a 
misfunctioning 
protein affects 
function of 
organism 

Mendelian Genes 
Drug Metabolizing Genes 



 New in Genome Discovery 

•  Key variants 
•  Identifying classes of functional variation 

with strong enrichment among top 
GWAS signals 

•  Identifying gene sets for which functional 
variants enriched 

•  Integration 
•  Genome, transcriptome, SV, … 

•  Key genes 
•  Mendelian disease genes may contribute 

to more than just Mendelian disease 





Mendelian  Disease GenesÉ!
•  Have larger variation in expression than 

other genes 
•  Are more broadly expressed across 

tissues than other genes 
•  Are more likely to have at least one SNP 

highly significantly associated with its 
expression (an eQTL) 

•  eQTLs for Mendelian disease genes are 
more likely to be associated with 
common disease and complex traits 



New in Genome Translation 

•  Large-scale prediction 
•  Polygenic prediction 
•  Other -omics 

•  EMR event monitoring 
•  Patterns of care usage 

•  Crossing –omics prediction 
with EMR event monitoring 



Prediction in the Era of Big Data 



Galton, 
1889 



In Press Genetic Epidemiology 







•  Build large-scale 
predictors for 
hypertension using 
GWAS meta-analysis 
on 20,000+ subjects!

•  Test quality of 
prediction for 
bevacizumab-
induced hypertension 
in clinical trials data 
(80303)!

•  AUC ~ 0.68 for 
polygenic prediction  



Large-scale -Omic Predictors!

•  Can be used in much the same way 
as biomarkers for risk prediction 

•  Can be built using data on 10’s to 
100’s of thousands of individuals 

•  Can be tested and validated in 
high-throughput using information 
in CRDWs and existing biobanks 

•  Can be combined with other –omic, 
biomarker, and EMR usage-based 
predictors 



We Have Been Picking the Cherries 
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The GTEx Consortium Investigators (GTEx Pilot phase) 


