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INTRODUCTION 
Genetic Association Analysis 



Genetic association studies 

ÅGoal: Identify genetic variants associated with 
diseases and traits 

 

ÅWhy? 

ïImprove understanding of genetic mechanisms 
underlying diseases and traits 

ïIdentify potential drug targets for new therapies 

ïScreen individuals with high risk for disease 



Genetic architecture of complex traits 



Genetic architecture of complex traits 

Array-based 
genotyping 



Genetic architecture of complex traits 

Population sequencing, 
Dense reference 

imputation into GWAS, 
Specialized array 

genotyping 



Genetic architecture of complex traits 

Array-based GWAS? Family-based Sequencing 

Deep Genome with 
Very Large Samples? 



Genotype array-based GWAS identified 
thousands of associated variants 

Published G-W significant associations 
όǇ Җ рȄмл-8) as of 12/2012 

NHGRI GWA Catalog:  http://www.genome.gov/GWAStudies/ 



Genome-wide significant SNPs by MAF 

рΣтуо {btǎ ŦǊƻƳ D²!{ /ŀǘŀƭƻƎ ǿƛǘƘ ǇҖрȄмл-8 
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Genome-wide significant SNPs by MAF 

рΣтуо {btǎ ŦǊƻƳ D²!{ /ŀǘŀƭƻƎ ǿƛǘƘ ǇҖрȄмл-8 

Common associated variants: 

ÅHave small effect sizes 

ÅExplain modest proportion 
of total genetic heritability 



Genome-wide significant SNPs by MAF 

рΣтуо {btǎ ŦǊƻƳ D²!{ /ŀǘŀƭƻƎ ǿƛǘƘ ǇҖрȄмл-8 

Low-frequency and rare 
associated variants may: 

ÅHave larger effect sizes 

ÅExplain larger proportion 
of trait heritability 



DATA OVERVIEW 
Genetic Association Analysis 



Phenotypes:  binary trait 
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Phenotypes:  quantitative trait (QT) 
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Genotypes:  hard genotypes 

g1 g2 g3 g4 Χ gm 

2 0 1 0 2 

0 1 0 0 1 

0 1 1 0 2 

1 2 0 0 2 

0 1 1 0 1 

Χ Χ Χ Χ Χ 
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n  individuals 

m markers (SNPs) 



Genotype imputation 

ÅGoal: to increase power by using previously 
genotyped GWAS samples 

 

ÅProblem:  GWAS samples genotyped at fewer 
or different variant sites 

 

ÅMethod:  Use genotype imputation to fill in 
missing genotypes 

Aside 

(Marchini et. al., Nat. Genet., 2007; Li et. al. Genet. Epidemol., 2009) 



Using genotype imputation to  
fill in missing genotypes 

A G A T C T C C T 

A G C T C T C A T 

A G A T C G C C T 

A G A T C T A C T 

. . C . . G . C . 

Genotyped sample 

Reference haplotypes 

1.  Starting Data 

Aside 



Using genotype imputation to  
fill in missing genotypes 

A G A T C T C C T 

A G C T C T C A T 

A G A T C G C C T 

A G A T C T A C T 

. . C . . G . C . 

Genotyped sample 

Reference haplotypes 

2.  Identify shared regions of chromosome 

Aside 



Using genotype imputation to  
fill in missing genotypes 

A G A T C T C C T 

A G C T C T C A T 

A G A T C G C C T 

A G A T C T A C T 

A G C T C G C C T 

Genotyped sample 

Reference haplotypes 

3.  Fill in missing genotypes 

Aside 



Genotypes:  imputed dosages 

g1 g2 g3 g4 Χ gm 

1.99 0.21 0.98 0.01 Χ 2.00 

0.00 1.4 0.00 0.00 Χ 1.00 

0.01 0.8 1.00 0.00 Χ 2.00 

1.34 1.6 0.03 0.00 Χ 1.99 

0.4 0.89 1.00 0.03 Χ 0.99 

Χ Χ Χ Χ Χ Χ 

1.01 0.34 2.00 0.00 Χ 0.01 

n  individuals 

m markers (SNPs) 

r2
1 r2

2 r2
3 r2

4 Χ r2
m 

0.7 0.4 0.98 0.99 Χ 0.97 

Imputation Quality Score 

(Marchini et. al., Nat. Genet., 2007; Li et. al. Genet. Epidemol., 2009) 



Additional covariates 

z1 

Sex 
z2 

Age 
Χ zc 

BMI 

1 54 24.5 

0 36 23.7 

1 72 30.2 

0 66 26.0 

0 65 27.0 

Χ Χ Χ 

0 55 22.7 

n  individuals 

c covariates 



Study individuals: 
relatedness and population structure 

ÅUnrelated individuals 

 

ÅRelated individuals 

ïIdentify any relationships between individuals 

 

ÅPopulation structure 

ïIndividuals are from different populations 



ANALYSIS OF COMMON VARIANTS 
Genetic Association Analysis 



Genetic architecture of complex traits 

Array-based 
genotyping 



Single variant analysis 
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Test each variant for association with outcome 



Analysis methods 

ÅBinary traits 

ïContingency table tests cannot adjust for 
covariates 

ÅChi-square Test 

ÅCochran-Armitage Trend Test 

ÅCƛǎƘŜǊΩǎ 9ȄŀŎǘ ¢Ŝǎǘ 

ïLogistic regression can account for covariates 

ÅQuantitative traits 

ïLinear regression 



Visualizing results: Manhattan Plot 

(Willer et. al., Nat. Genet., 2009) 

BMI GWAS (Stage 1) 



Visualizing results: 
quantile-quantile (QQ) plot) 

BMI GWAS (Stage 1) 

(Willer et. al., Nat. Genet., 2009) 



Visualizing results: regional plot 

(Willer et. al., Nat. Genet., 2009) 



Sources of association 

ÅCausal association 
ïGenetic marker alleles influence susceptibility 

 

ÅLinkage disequilibrium 
ïGenetic marker alleles associated with other 

nearby alleles that influence susceptibility 

 

ÅPopulation stratification  
ïGenetic marker is unrelated to disease alleles 

best 

useful 

misleading 



Example of spurious association 
due to population stratification 

Allele 1 Allele 2 

Affected 
50 

(f1,Aff=0.2) 
200 

Unaffected 
25 

(f1,Unaff=0.2) 
100 

Allele 1 Allele 2 

Affected 
100 

(f1,Aff=0.8) 
25 

Unaffected 
200 

(f1,Aff=0.8) 
50 

Allele 1 Allele 2 

Affected 
150 

(f1,Aff=0.4) 
225 

Unaffected 
225 

(f1,Aff=0.6) 
150 

Population 1 Population 2 

Combined 

2̝ = 0.00   p-value = 1.0 2̝ = 0.00   p-value = 1.0 

2̝ = 29.2   p-value = 6.5×10-8 



The stratification problem happens.. 

ÅIf.. 
ïPhenotypes differ between populations 
ïand allele frequencies have drifted apart 

 

ÅThen.. 
ïUnlinked markers exhibit association 
ïNot very useful for gene mapping! 

 
ÅFor example, Glaucoma has prevalence of ~2% in 

elderly Caucasians, but ~8% in African-Americans 
 

 



Possible solutions for 
population stratification 

ÅAvoid stratification by design 
ïCollect a better matched sample by ancestry 
ïUse family-based controls 
ÅE.g. apply Transmission Disequilibrium Test (TDT) 

 
ÅAnalyze association by population groups 
ïUsing self reported ethnicity or genetic markers 
ïCarry out association analysis within each group 

 
ÅAccount for inflated false-positive rate 

1. Apply genomic control 
2. Adjust for population principal components 
3. Variance component model for family-based association test 



Genomic control 

(Figure courtesy Shaun Purcell, Harvard, and Pak Sham, HKU) 



Genomic inflation factor 

ÅCompute c² statistic for each marker 

ÅGenomic inflation factor (l) 
 

 

ïMedian expected c² = 0.456 
ÅWhy use median vs. mean? 

ÅAdjust statistic at candidate markers 
ïReplace c²biased with c²fair = c²biased/l 

ïShould be l җ м 
ÅWhy? 

  Expected Median

 Observed Median
2

2

ʔ

ʔ
=l

(Devlin & Roeder, Biometrics, 1999) 



QQ plots: a useful diagnostic 

Å Data: WTCCC Study 

Å Phenotype: T2D status 

ÅGenotypes: imputed using GoT2D 
reference 

Å Analysis: logistic regression 

 

Å Classify SNPs as within or outside 
Known (+/-1Mb) T2D loci 

Å For all SNPs, l = 1.095 

ïSome population stratification  

Å For Known SNPs, l = 1.127 

ïVery inflated, but under alternative 
hypothesis 



Genomic control example 
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Genomic control example 
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Genomic control example 
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Calculate Genomic Inflation Factor 

c²1,fair = c²1 / l c²m,fair 

Corrected Test Statistics 

If l җ м 



Principal components analysis (PCA) 

(Price et. al., Nat. Genet., 2006) 

(Figure from Novembre et. al., Nature, 2008) 
ÅUse PCA to determine 
άŀȄŜǎ ƻŦ ƎŜƴƻǘȅǇŜ 
ǾŀǊƛŀǘƛƻƴέ ŦƻǊ ŀ ǎŜƭŜŎǘŜŘ 
set of genotypes 

ïPrincipal components 
mirror European geography 

ÅLƴŎƭǳŘŜ t/Ωǎ ŀǎ ŎƻǾŀǊƛŀǘŜǎ 
in regression model to 
adjust for stratification 

 



Correcting for population structure 
using principal components 

(Kang et. al., Nat. Genet., 2010) 


