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What I’m not talking about… 
(see the posters) 

• Gene by Environment Interactions and Population Structure 
– Accounting for population structure in gene-by-environment 

interactions in genome-wide association studies using mixed 
models. Jae Hoon Sul, Michael Bilow, Wen-Yun Yang, Emrah 
Kostem, Nick Furlotte, Dan He, Eleazar Eskin. 

• Fine Mapping Causal Variants 
– Identification of causal genes for complex traits.  Farhad 

Hormozdiari, Gleb Kichaev, Wen-Yun Yang, Bogdan Pasaniuc and 
Eleazar Eskin 

• New software:  pylmm – python linear mixed model 
– “new” version of EMMA/EMMAX 
– http://genetics.cs.ucla.edu/pylmm/ 

 
 

 
 



Gene x Environment Interaction 
H1: [Phenotype]~[SNP][Env] 

Genetic  
Effects 



Identifying GxE (Traditional Approach) 

 
 
 

•    : main environmental effect 
• D : n x 1 environmental status vector 
•    : main genetic effect 
• X : n x 1 genotype vector 
•   : GxE interaction effect 
• e : residual error   



Identifying GxE (Traditional Approach)  

 
 

      
      Two widely used GxE Hypothesis Test 
     1.  Test GxE interaction effect only :  
           the null hypothesis              
           vs the alternative hypothesis      
    
     2.  Test GxE interaction effect and genetic effect simultaneously : 
          the null hypothesis                    and  
          vs the alternative hypothesis                   or 



Random Effect Meta Analysis 

• Suppose we have n studies to combine 
 
 
 
 

 
   assume that  
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Random Effect Meta Analysis  

   assume that 
 
   performing likelihood ratio test  
     - the null hypothesis :                 and 
     - the alternative hypothesis :              or 
 



Relationship between RE meta-
analysis and traditional GxE testing  

Common genetic 
effect  

Environmental-specific 
effect  

For Study i 



Relationship between RE meta-
analysis and traditional GxE testing   

Common genetic 
effect  

Environmental-specific 
effect  

  Because RE meta analysis assumes  
      is analogous to 
  The variation (   ) around    is analogous to variation         
among      due to different environments  

For Study i 



Relationship between RE meta-
analysis and traditional GxE testing    

  In random effect meta-analysis testing framework, we are 
testing                and               . This is equivalent to testing 
both common genetic effect (           ) and environmental-
specific effect (            ) simultaneously.  

Given assumption  

Common genetic 
effect  

Environmental-specific 
effect  

For Study i 



Proposed Approach 

• Meta-GxE 
– a random-effects based meta-analytic approach to 

combine multiple studies conducted under 
varying environmental conditions  

– By making the connection between gene-by-
environment interactions and random effects 
model meta-analysis, we show that GxE 
interactions can be interpreted as heterogeneity 
between effect sizes among studies. 
 

 



Simulation Experiments 

• We generated 6 simulated genotype data sets 
with 1000 individuals assuming minor allele 
frequency of 0.3. 

• And we simulated the phenotype using the 
following standard GxE model.  



Statistical power comparison 

Type I error is correctly controlled (Details in the paper) 



Advantage of Meta-GxE compared to 
traditional approaches 

• Meta-GxE is much more powerful than the 
traditional approach of treating the 
environment as a covariate.   Solve the 
power issue of identifying GxE in genome-
wide scale. 

• Meta-GxE does not requires prior knowledge 
about environmental variables. In many cases, 
it is hard to know about the environmental 
variables, which will have an interaction effect 
and how to encode in the model. 
 



Application of Meta-GxE to 17 mouse 
studies with varying environments  

• We apply our new method to combine 17 
mouse studies of High-density lipoprotein 
(HDL) cholesterol, containing in aggregate 
4,965 distinct animals.  

• We search for GxE interactions with 17 HDL 
mouse studies. 
 



17 HDL studies for meta analysis 
(~5000 animals) 



26 significant loci identified 





Male Specific Loci 



Female Specific Loci 



Interpretation and prediction 
 • Under a model that effect either exists or not 

• Estimate posterior probability that effect will exist (m-value) 
• Analytical calculation (O(2n)) and MCMC 

 

M-value 

-lo
g 10

P 

PM-plot 

Predicted to not 
have an effect 

Predicted to 
have an effect 

Ambiguous 

Han and Eskin, PLOS Genetics 2012 







Gene x Diet Interaction 





Gene x Sex Interaction 





Gene x Apoe Knockout Interaction 





Study Results Summary 
• We found 26 significant loci, many of which shows interesting GxE 

interactions by applying Meta-GxE to 17 mouse HDL genetic studies  
of 4,965 distinct animals. 

• We make the connection between random effects meta-analysis 
and gene-by-environment interactions.  

• Traditional approach requires prior knowledge including kinds of 
variable (e.g. sex, age, gene knockouts) and encoding of the 
variables (e.g. binary values, continuous values).  Our method does 
not require explicit modeling of environmental variables. 
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Fixed vs. Random effects models 

Fixed effects model Random effects model 

Cochran 1954 
Mantel and Haenszel 1959 DerSimonian and Nan Laird 1986 

Assumes no heterogeneity  Explicitly accounts for 
heterogeneity 

Variance of effect sizes  
 

Variance of effect sizes 



Statistics of Fixed and Random 

Fixed effects model Random effects model 

Summary 
effect size 

Z-score 

P-value Xi : Effect size estimate in study i 
Vi : Variance of Xi 



Random effects model is severely 
underpowered 

• Expectation 
τ2=0: Fixed>Random 
τ2>0: Fixed<Random 

• Observation 
τ2=0: Fixed>Random 
τ2>0: Fixed>>Random 

• Why? 
 



Implicit assumption of traditional RE 

• Using z-score is equivalent to LRT assuming 
heterogeneity under the null 

Xi : Effect size estimate in study i 
Vi : Variance of Xi 



Heterogeneity in GWAS 

• Causes: 
– Different populations 

• Same effects, different LD   
• Different effects due to GxG 

– Different phenotypic definitions (different cutoffs)  
– Different environmental factors (GxE)  
– Different usage of covariates   
– Different genetic structure (cross-disease)  
– Different imputation quality  

 
 

 

Does heterogeneity exist 
under the null? O /  



New Random Effects Model 
• LRT assuming τ2=0 under the null 

 
 
 
 
 

• Asymptotically follow 50:50 mix of 1 and 2 df. χ2 

• Sample size is small (#study)  Tabulated p-values 

No heterogeneity 

Heterogeneity 

Han and Eskin, American Journal of Human Genetics 2011 



Decomposition 

• Shows heterogeneity is working as “signal” in 
addition to main affect 

Squared FE statistic 
LRT statistic testing for heterogeneity 
(asymptotically the same as Cochran’s Q)  

Han and Eskin, American Journal of Human Genetics 2011 



Power of new 
method 

• Expectation 
τ2=0: Fixed>Random 
τ2>0: Fixed<Random 

• Observation 
τ2=0: Fixed>Random 
τ2>0: Fixed<Random 

 
• False positive rate is 

controlled. 



Many studies use new RE 



Extensions 
• Multi-tissue expression 

quantitative loci (eQTL) 
analysis 
– Combining multiple tissues 

gives better power 
– RE + Linear mixed model + 

decoupling 
 

• Gene-environmental 
interaction analysis 
– Meta-analyze studies with 

different environments 
– Heterogeneity = interaction 

 Sul*, Han*, Ye* et al. PLOS Genetics, 2013 
Kang*, Han*, Furlotte* et al. PLOS Genetics, 2013 



Other Methods Projects 
• Meta-Analysis 

– Random Effects (Buhm Han, AJHG 2011) 
– Interpreting (Buhm Han, PLoS Genetics 2011) 
– Imputation Errors (Noah Zaitlen, GenEpi 2010) 
– Population Structure (Nick Furlotte, Genetics 2012) 
– Meta-GxE (Eun Yong Kang, PLoS Genetics 2014) 
– Meta-Sex Specific (Kang, unpublished, 2014) 

• eQTL Methods 
– Multi-Tissue eQTLs (Jae Hoon Sul, PLoS Genetics 2013) 
– Speeding up computation (Emrah Kostem, JCB 2013) 
– Correcting for confounding (Joo, Genome Biology, 2014) 

• Mixed Models  
– Longitudinal data (Furlotte, Gen Epi 2012) 
– Population Structure and Selection (Jae Hoon Sul, NRG 2013) 
– GxE Mixed Models (Jae Hoon Sul, unpublished) 
– Heritability Partitioning (Emrah Kostem, AJHG 2013) 

• Spatial Ancestry (Wen-Yun Yang, Nature Genetics 2012) 
• Rare Variants Association (Jae-Hoon Sul, Genetics 2011, JCB 2012) 
• Identification of Relatives without Compromising Privacy (He, Genome Research, 2014) 
• Gene-Gene Interaction Detection (Wang, JCB 2014) 
• Virus Quasispecies Assembly (Bioinformatics, 2014) 
• IBD Association Mapping (Bioinformatics, 2013) 
• Finw Mapping (Farhad Hormozdiari, 2014) 
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