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Genome-wide association studies (GWAS)

Rieder et al. 2008

Screen across the genome for SNPs that are 
associated with trait (agnostic approach)



Analysis of genetic association studies

1. Quality Control
a. Sample level: Low call rate, heterozygosity, sex check, ancestry, relatedness
b. SNP level: Low call rate, minor allele frequency, HWE 

2. Imputation
Imputation Michigan Server (https://imputationserver.sph.umich.edu/index.html)

3. Analysis
Model each SNP separately
Linear/Logistic regression or general mixed models

𝑌 = α + 𝛽 ∗ 𝑆𝑁𝑃 + 𝑋

• β = SNP effect (log(OR) if logistic regression)
• X = additional covariates (e.g. sex, study, age, population stratification)

https://imputationserver.sph.umich.edu/index.html


Common models of penetrance

AA CCAC AA CCAC AA CCAC

Effect = mean of continuous trait or log(OR) of binary trait

Effect Effect Effect

Recessive
Genotype coding: 0,0,1

Dominant
Genotype coding: 0,1,1

Additive
Genotype coding: 0,1,2



Peterson, Cell 2019



The first GWAS was published 
in December 2005 (96 cases 
and 50 controls

Klein, Science 2005



April 2020



Presentation of GWAS results

An association with p-value <5x10-8 is considered genome-wide significant 

WTCCC, Nature 2007



Practical issues in GWAS and other large-scale 
association studies
• Bias
• Differential genotyping error/missingness
• Population Stratification
• Replication
• Follow up of identified signals – fine-mapping
• Meta-analysis of GWAS



Some “classical” bias in the context of genetic 
epidemiology
• Ascertainment bias
• Secondary phenotypes, e.g. Type 2 diabetes and BMI 

• Survival bias
• When cases are recruited some time after they were diagnosed. Might 

lead to a milder form of disease. This is especially true for aggressive/fatal 
disease (e.g. pancreatic cancer, heart attack)

• Diagnostic bias
• If the investigator determining the phenotype knows the genotype 

beforehand (e.g. if the radiologist knows that a potential pulmonary 
disease patient carries a high-risk genotype, she may look more carefully 
at the x-ray).
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• Systematic differences in how case and control samples were 
collected, handled, or genotyped can lead to spurious associations

• DNA was collected from blood samples for cases and from cheek swabs for controls
• Case samples have been sitting in the freezer for 15 years, control samples are new
• Cases and controls were genotyped in different genotyping labs or by different platforms

Differential genotyping error/missingness
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Sebastiani, Science 2010

Genetic signatures of exceptional longevity in humans





Population Stratification - Confounding by ancestry

• Group differences 
in allele frequencies 
AND outcome

• GWAS data pick up 
these differences!
Use PCA to capture 
the information

Marchini, Cardon et al. 2004; Price, Patterson et al. 2006



How to assess potential population stratification

• Most of the genetic markers in the genome (e.g. in a GWAS) are likely not 
associated with the disease

• The genomic control parameter (𝜆!") summarizes systematic inflation from a large 
number of association test results

𝜆!" =
𝑇ℎ𝑒 𝑚𝑒𝑑𝑖𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝜒# 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠

𝑇ℎ𝑒 𝑚𝑒𝑑𝑖𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝜒# 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠 𝑢𝑛𝑑𝑒𝑟 𝑡ℎ𝑒 𝑁𝑈𝐿𝐿

For a 1 d.f. 𝜒#test, the denominator is 0.455



A few notes about 𝜆!"
• 𝜆!" should be close to 1 if no bias exists.

• Rule of thumb: <1.05 is often ok, above 1.1 deserves attention (exception: when you have large 
sample sizes, we will come back to this)

• 𝜆!" scales with sample size
• Under a polygenic model, many SNPs with small effect sizes will be detected with very large sample 

size -> expect 𝜆!" to increase
• 𝜆!" of 1.06 is a much bigger concern in studies with hundreds of samples compared to studies with 

thousands of samples

• A standard approach is to correct for inflation by dividing all test statistics by 𝜆!"
• Drawback: Affects all SNPs, so SNPs that are not affected by bias are overpenalized and SNPs that 

are very affected by bias are underpenalized



Hair Color in Nurses Health Study (n=2,287)

λGC=1.24
λGC=1.02

Han 2008 Plos Genet

QQ plot for a GWAS of dark-light 
hair color in US European-
ancestry subjects from the NHS. 
The black points are the p-values 
from the unadjusted tests. The 
red points are from principal-
component adjusted tests.



Breast Cancer GWAS

QQ plot for a GWAS of breast cancer in the 
same NHS samples (breast cancer risk does 
not correlate with European ancestry)

Michailidou, Nature 2017

λGC=1.17



Exercise

• Explore the NHGRI-EBI GWAS catalog: 
(https://www.ebi.ac.uk/gwas/home). This website will introduce you 
to existing GWAS on many different phenotypes.

• Using the GWAS catalog, determine what the SNP rs6025 has been 
associated with in previous studies.

https://www.ebi.ac.uk/gwas/home


A note about replication

• Want to see the signal in more than one population (e.g. longevity 
study)
• Previously, replication was a way to maintain sample size while 

reducing costs 
• Stage 1: many SNPs in few samples
• Stage 2: few SNPs (selected from stage 1) in many samples

• It has been shown that it is more powerful to combine data up-front 
instead of subsequent replication (or “look-ups”)
• Politics will play a role



Follow up on GWAS hits: Fine-mapping

Hirschhorn & Daly. Nature Reviews Genetics 2005

LD complicates things: Which SNP(s) is the causal SNP?



Results from a prostate cancer GWAS

Wang. Nature Comm, 2015



Fine-mapping approaches

• Conditional regression analysis 
• Rerun analysis adjusting for the most significant SNP, see if any other SNP remains 

significant. Keep going until no more significant SNPs

• Calculate posterior probabilities for each SNP

• Incorporate “functional” information to identify biological plausible SNPs

• Choose a set of “potentially causal variants” and take them forward for 
downstream analysis. 



Chen, HMG 2014 Wojcik, Nature 2019

Sample Size is key to GWAS!



Meta-analysis

• Sample size is the key for a successful genetic association study

• International collaborations to pool data from multiple GWAS are 
common

• Issues with sharing individual-level data
• Ethical approvals, IRBs, large files, ownership of the data…

Evangelou & Ioannidis, Nature Rev Genetics 2013

de Bakker, Hum Mol Genetics 2008



Evangelou & Ioannidis, Nature Rev Genetics 2013



Meta-analysis in practice

• Common protocol
• Imputation reference panel
• Association analysis (test for the same thing across studies)

• QC of summary stats
• Are the alleles the expected?
• Are the minor allele frequencies the expected?
• Are beta estimates/standard errors reasonable?
• QQ-plots, Manhattan plots
• Note: “Clean data” is most often not cleaned.



Evangelou & Ioannidis, Nature Rev Genetics 2013



Exercise

• Explore the Global Biobank Engine 
(https://biobankengine.stanford.edu), which has collated GWAS 
results on a wide range of phenotypes based on large biobanks (UK 
Biobank, Biobank Japan, Million Veterans Program).  

• Using the Global Biobank Engine, explore sex-specific SNP 
associations with circulating levels of testosterone

https://biobankengine.stanford.edu/

