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What is GWAS? 

• An examination of genetic variation 
across a given genome 

• Designed to identify genetic associations 
with observable traits  
– Such as blood pressure or weight,  

– or why some people get a disease or 
condition 

• Hypothesis-free approach 
Candidate gene approach 



Overview of GWAS 



Assumptions in GWAS 

• Bi-allelic SNPs 

• Common ancestors 

• Linkage disequilibrium and haplotypes 

• Common disease-common variant 



International HapMap Project 



Samples 

• Matched case-control samples on age, 
sex, demographics 

• Case: more severely affected individuals 

• Control: low risk of disease, rather than 
population-based samples 

• Common population structure 

– Population stratification 



Genotyping methods 

• ~ 1 million SNPs on a chip 

• Affymetrix or Illumina 

– Random equi-distant probes 

– Gene-dense probes 

– Haplotype tagging SNPs 

– Copy number probes 



Quality Control 

• Poor markers 

– Violation of Hardy-Weinberg equilibrium 

– Genotype call rates < 95% 

– Minor allele frequency (MAF) < 0.01 

• Poor samples 

– Genotyping rate < 95% 

– Gender inconsistency 

– Cryptic relatedness 



Statistical tests 

• Case-control 
– Allelic chisq test 

– Cochran-Armitage trend test 

– Logistic regression 
(http://www.well.ox.ac.uk/rmott/LECTURES/LOGISTIC_REGRESSION/Logistic%20

Regression%20using%20R.ppt) 

• Quantitative traits 
– Linear regression 

• Covariate interations 
– Age, sex etc 



Case-control association test 
Chi square & OR 

Genotype aa aA AA Total 

Case 542 2062 2033 4637 

Control 514 1905 1786 4205 

Total 1056 3967 3819 8842 

Allele a A Total 

Case 3146 6128 9274 

Control 2933 5477 8410 

Total 6079 11605 17684 

Odds (case) 3146/6128=0.513 

Odds (control) 2933/5477=0.5355 

Odds ratio 0.513/0.5355=0.959 

P (ChiSQ) 0.183 

aa aA AA Total 

0 292 4345 4637 

0 381 3824 4205 

0 673 8169 8842 

a A Total 

292 8982 9274 

381 8029 8410 

673 17011 17684 

292/8982=0.0325 

381/8029=0.04745 

0.0325/0.04745=0.685 

1.619e-06 



Cochran-Armitage Trend Test 

Genotype aa aA AA Sum 

Cases r0 r1 r2 R 

Contorls s0 s1 s2 S 

Sum n0 n1 n2 N 

• Additive P = 0.1842 

 

• Dominant P = 0.1941 

 

• Recessive P = 0.4386 

• a dominant over A 
 t = (1,1,0) 

• a recessive to A 
 t = (0,1,1) 

• a and A additive 
 t = (0,1,2) 

aa aA AA Sum 

542 2062 2033 4637 

514 1905 1786 4205 

1056 3967 3819 8842 



Quantitative traits 

• Genotypes coded 
(additive mode) 

– 0 major homozygotes 

– 1 heterozygotes 

– 2 minor homozygotes 

• Linear regression 

– Intercept = 153.54 

– Slope = 0.6086 

– P value = 2.05e-05 



Covariate adjustment 

• Case-control 

– Logistic regression 

 

η = genotype + sex + age + ε 

case ~ exp(η)/(1+exp(η)) 

• Quantitative traits 

– Linear regression 

 

height ~ genotype + 
sex + age + ε 

h 

case 



Imputation 

• Genotypes not measured with SNP chips 
can be inferred by referencing HapMap 
haplotypes 

• Increases marker density; helps define 
signal boundaries 

• Facilitates merging datasets from 
different platforms; critical for meta 
analysis 



Meta analysis 



PLINK 



An example 



Korea Association Resource (KARE) project 

• Affymetrix 5.0 genotypes on 10,004 
individuals (ages 40~69) 

• 352,228 SNPs passed QC 
– 38,364 markers violated HWE (P < 10-6) 
– 17,926 genotype call rates < 95% 
– 92,050 MAF < 0.01 

• 8,842 individuals passed QC 
– 11 sample contamination 
– 41 gender inconsistency 
– 608 cryptic relatedness 
– 101 serious concomitant illness 



QQ plot 



GWAS, replication, literature 





NHGRI GWAS Catalog 



NHGRI GWA Catalog 
www.genome.gov/GWAStudies 

Published Genome-Wide Associations through 12/2009,  
658 published GWA at p<5x10-8 



Published odds ratios for discrete traits by reported risk allele frequencies. 

Hindorff L A et al. PNAS 2009;106:9362-9367 

©2009 by National Academy of Sciences 



Odds ratios for TAS block enrichment/depletion analysis after adjusting for “hitchhiking” effe
cts from nonsynonymous sites. 

Hindorff L A et al. PNAS 2009;106:9362-9367 

©2009 by National Academy of Sciences 



Hundreds of GWAS applications tells us 

• Many common variants of highly significant 
disease association have been found 

• They confer relatively small increments in 
risk (1.0~1.5 fold) 

• They explain only a small portion of 
heritability 
– Human height is estimated to have 80% 

heritability 

– About 5% of phenotype variance is explained 
based on >104 people 

Manolio et al., Finding the missing heritability of complex diseases. Nature 2009 



Excuses for the missing heritability 

• Large numbers of variants of smaller 
effect yet to be found 

• Rarer variants (possibly with larger effect) 

• Structural variants poorly captured by 
existing arrays 

• Low power to detect gene-gene 
interactions 

• Inadequate accounting for shared 
environment among relatives 

Manolio et al., Finding the missing heritability of complex diseases. Nature 2009 



Highly significant signals are found, 
but difficult to discuss biology 





We propose Gene-Set based approach 

• Test gene-sets such as Gene Ontology 
biological processes, molecular 
signatures, etc 

– Designed to be biology-friendly 

• Set-wise tests may be robust to different 
population structures 

– Weak but consistent associations may be 
detected 



Program submitted to NAR Webserver issue & 
under review 



Procedure 

• PLINK association runs 
– The KARE genotypes were supplemented by 

imputing SNP genotypes based on those of the 
JPT+CHB panel of the HapMap Phase II 

– Additive linear regression model adjusted by 
age+sex 

• SNPs within a gene boundary were 
summarized (2nd best; 20kb cushion) 

• Another summarization by GO 
– Multiple testing corrected P-values are reported 
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Moderate but consistent associations were 
detected in some Gene Ontology sets 



Literature survey 

PROTEINACEOUS EXTRACELLULAR  
MATRIX “A key biological function in height regulation” by Weedon et al. (2008) Genome

-wide association analysis identifies 20 loci that influence adult height. Nat Gene
t, 40, 575-583. EXTRACELLULAR MATRIX 
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GRIA1, one of the members, was implicated near a loci associated with height in 
Croatian population.  Endogenous activation of metabotropic glutamate receptor
s is known to modulate GABAnergic transmission of gonadotropin-releasing hor
mone (GnRH) neurons. Moreover, treatment with a GnRH agonist in short adoles
cents increased adult height 
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