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Presentation of results from large-scale genetic association studies

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

Warner, et al. Obesity 2021



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

Klein, Science 2005



GWAS sample sizes over the years

Based on 5,771 GWAS that 
shared summary stats in GWAS 
Catalog by Nov 8, 2022

Abdellaoui, AJHG 2023



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

https://biobankengine.stanford.edu



> 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 SNP rs6025 has been associated with 
in previous studies.

> 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 this 
resource, what associations do you see with rs6025?

Breakout Activity

https://www.ebi.ac.uk/gwas/home
https://biobankengine.stanford.edu/


> Bias
> Differential genotyping error/missingness
> Population Stratification
> Replication
> Follow up of identified signals: fine-mapping
> Meta-analysis of GWAS

Practical issues in GWAS and other large-scale association studies



> 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



Sebastiani, Science 2010

Genetic signatures of exceptional longevity in humans

Anything odd about this plot compared to other Manhattan plots we’ve seen?





Sebastiani, PLoS One 2012

Genetic signatures of exceptional longevity in humans
Published version, post retraction



>Most of the genetic markers in the genome (e.g., in a GWAS) are likely 
not associated with the trait of interest

> The genomic control parameter (𝜆!") summarizes systematic inflation 
in your data and is based on a large number of association tests

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

How to assess population stratification (and other sources of 
inflation) in your GWAS



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

– Rule of thumb for a small-to-moderate GWAS: <1.05 is often ok, above 1.1 deserves attention

> However, 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
• This can be accounted by for by scaling inflation to an equivalent study of 1,000 cases and 

1,000 controls (𝜆#$$$	)

λ#$$$ = 1 +
500	(λ − 1)

( 1
#𝑐𝑎𝑠𝑒𝑠 +

1
#𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠))

%#

> There are methods (e.g., LD score regression) that allows you to assess if the 
inflation in test statistics is due to a true polygenic signal or due to bias. 

Bulik-Sullivan et al, Nat Genet 2015



> QQ plot for a GWAS of dark-light 
hair color in European ancestry 
women from the Nurses Health 
Study (N=2,287). The black 
points are the test statistics from 
the unadjusted tests. The red 
points are from PC adjusted 
tests.

Inflation with and without adjustment for ancestry

λGC=1.24
λGC=1.02

Han et al, PLoS Genet 2008



Accounting for inflation in a 
large prostate cancer GWAS

Conti, Darst et al., Nature Genet 2021

Multi-ancestry

European African

East Asian Hispanic

Ncases=107,247
Ncontrols=127,006

λGC=1.129
λ1000=1.001

Ncases=85,554
Ncontrols=91,972

λGC=1.152
λ1000=1.002

Ncases=8,611
Ncontrols=18,809

λGC=1.252
λ1000=1.022

Ncases=10,368
Ncontrols=10,986

λGC=1.043
λ1000=1.004

Ncases=2,714
Ncontrols=5,239

λGC=1.025
λ1000=1.008



Assessing whether “inflation” could reflect true polygenic signal

Warner, et al. Obesity 2021

λGC=1.10

LD Score intercept=1.02 suggests this likely reflects a true polygenic signal

GWAS on childhood body fat in N=34,401



How can we conduct GWAS across diverse populations?

Peterson, Cell 2019

Option 1 Option 2



Challenges with Option 1: The continuous category-free nature of 
genetic variation

Colored dots (n = 4149) are 
reference individuals representing 
ancestry from seven regions 
projected onto the first two PCs of 
genetic similarity. Gray dots (n = 
31,705) are participants from BioMe, 
a diverse biobank based in New 
York City. 

Clearly delineated continental 
ancestry categories (dots in color) 
are really a by-product of
sampling strategy. They are not 
reflective of the diversity in this real-
world dataset, which is made 
evident by the continuous sea of 
gray.

Lewis, Science 2022



> Model any sample structure as a random effect in a mixed model

> More sensitive to cryptic relatedness and complex population structure 
not easily captured by PCA

> Historically not used due to computational limitation (especially for large 
datasets)

> Software: BOLT-LMM, SAIGE, GENESIS (R Package) and many others…

> Relies on building a genetic relatedness matrix (GRM)

Option 2: Mixed model association analysis



Generalized linear mixed models (GLMM) in GWAS

• y is the phenotypes of interest
• xsnp is the variant of interest with its effect βsnp;
• Xc is any fixed covariates (e.g., sex, age) with their corresponding coefficients βc;
• g is the total genetic effects 
• e is an error term

• π is the SNP-derived genetic relationship matrix (GRM)
• 𝜎&' is the additive genetic variance tagged by SNPs (unknown)



> The genetic relationship        between two 
individuals j and k can be estimated by the following equation:

The genetic relationship matrix (GRM)

𝑔()is the number of copies of reference allele for SNP i in individual j
 𝑝(  is the frequency of the reference allele for SNP i

 𝑔(* is the number of copies of reference allele for SNP i in individual k 

𝝅!"

𝝅#$



> Want to see the signal in more than one population

> Originally, 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

Replication of GWAS findings



Follow up on GWAS hits: Fine-mapping

Hirschhorn & Daly. Nature Reviews Genetics 2005

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

Gene X Gene X

Genotyped SNPs
Indirectly tested SNP based on LD

Candidate approach Genome-wide approach



Results from a prostate cancer GWAS

Wang. Nature Comm, 2015

OR RAF Probability lead 
SNP is causal

1.5 50% 79%

1.1 5% 2.4%

Based on simulations, lead 
signal in a region is typically 
unlikely to be causal (van de 
Bunt et al., PLoS Genet 2015)



> Conditional forward stepwise 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. 

Fine-mapping approaches 



Fine-mapping approaches 

Schaid et al., Nat Rev Genet 2018



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

> International collaborations to summary statistics from multiple GWAS 
are common

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

Meta-analysis

Evangelou & Ioannidis, Nature Rev Genetics 2013

de Bakker, Hum Mol Genetics 2008



Evangelou & Ioannidis, Nature Rev Genetics 2013



> 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.

Meta-analysis in practice



Evangelou & Ioannidis, Nature Rev Genetics 2013


