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GWAS
• Atheoretical testing of all 𝐾 ≪ 𝐽 SNPs measured 

on the chip (𝐾 ≈ 0.5-2.5 million) or imputed 
(𝐾 ≈ 9 million).

• Genome-wide significance: a = 5 ´ 10-8.
– Frequentist justification: Bonferroni correction for ~1 

million effectively indep. loci in Europeans.
– Bayesian justification: Need stringent significance 

threshold given low prior for any specific locus.
• Causal model:

%𝑦' = )
*+,

-

𝛽*𝑥'* + 𝒛'2𝜸 + 𝜂'.



The Dimensionality Problem
Cannot estimate this regression:

%𝑦' = )
*+,

-

𝛽*𝑥'* + 𝒛'2𝜸 + 𝜂'

unless 𝑁 > 𝐾 + 𝜸 ≈ 9 million!

Standard sol’n: estimate univariate regressions:
%𝑦' = 𝛽*9:;<𝑥'* + 𝒛'2𝜸* + 𝜖'*.



Why Not Machine Learning?
To date, two main reasons:
1. Well-powered GWAS result from meta-analyses 

of many samples.
– Not individual-level data, due to IRB/privacy.

2. Computational constraints.

But these barriers are lifting:
1. Increasingly large samples directly accessible 

(e.g., UK Biobank).
2. Secure cloud computing.



Interpreting GWAS Coefficients

Causal model: %𝑦' = ∑*+,- 𝛽*𝑥'* + 𝒛'2𝜸 + 𝜂'

Estimation: %𝑦' = 𝜙* + 𝛽*9:;<𝑥'* + 𝒛'2𝜸* + 𝜖'*.

Key point: 𝛽*9:;< ≠ 𝛽*.

𝛽*9:;< is 𝛽* plus effects of SNPs in LD with 𝑘.



GWAS Hits
Because of LD, each genome-wide significant SNP is 
typically correlated with others.

Each block of correlated SNPs is called a genome-wide 
significant locus.

Lead SNP: The SNP in a genome-wide significant locus 
with the smallest p-value.

By construction, the set of lead SNPs are therefore 
approximately uncorrelated with each other.



Addressing the Problems
1. Multiple hypothesis testing (MHT)
– All measured SNPs are tested.
– Genome-wide significance threshold addresses.
– (But with more large-scale GWAS data available, MHT 

may occur with phenotypes.)

2. Population stratification
– Can use genome-wide data to estimate PCs.
– Then control for PCs. (Price et al., 2006)

– (But bigger problem for tiny effects.)

3. Low power
– Problem addressed by GWAS consortia.



Source:  Novembre et al. (2008).



Examples of Large-Scale GWAS
• Height (Wood et al., 2014)

• BMI (Locke et al., 2015)

• Schizophrenia (Ripke et al., 2014) 

• Smoking (Liu et al., 2019)

• SWB / Depr. / Neuroticism (Okbay et al., 2016)

• Educational attainment (Lee et al., 2018)

• Fertility (Barban et al., 2016)

• Risk tolerance (Linner et al., 2019)



Some Uses of GWAS Results
• Follow-up work to identify causal SNP and 

causal gene.
• Bioinformatics to examine differential 

expression by tissue, cell type, etc.
• Use GWAS results as weights to create a 

polygenic score in other datasets.
• Combine with other GWAS results to:
– Calculate genetic correlation.
– Discover novel associations with a genetically 

correlated phenotype.



Candidate-Gene Studies, Revisited

Candidate-gene studies have been problematic in practice 
but not in principle:
1. Multiple hypothesis testing:  Could pre-register analyses 

and use stringent significance threshold.
2. Population stratification:  In datasets with genome-wide 

data, could control for PCs.
3. Low power:  Could use large samples.

Could choose “empirical candidates” from well-powered 
GWAS (not indirect hypotheses).
– “Proxy-phenotype approach” (Rietveld et al., 2014).



Outline

1. Genome-Wide Association Studies (GWAS)
2. Example: Educational Attainment

13





The SSGAC
• In 2011, David Cesarini, Philipp Koellinger, and I 

founded the Social Science Genetic Association 
Consortium (SSGAC).

• What outcomes to study?
– In tradeoff between larger sample and higher-quality 

measure, given plausible effect sizes, larger sample gives 
more power.  (Chabris et al., 2013)
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The SSGAC
• In 2011, David Cesarini, Philipp Koellinger, and I 

founded the Social Science Genetic Association 
Consortium (SSGAC).

• What outcomes to study?
– In tradeoff between larger sample and higher-quality 

measure, given plausible effect sizes, larger sample gives 
more power.  (Chabris et al., 2013)

• Proof-of-concept:  education attainment, available in 
many medical datasets.



!

Source:  Rietveld et al. (2013, Science).

Discovery:  N = 101,069 individuals (41 datasets).
Replication:  N = 25,490 individuals (12 datasets).

Controls:  age, sex, genome-wide PCs.



Source:  Okbay et al. (2016, Nature).

Discovery:  N = 293,723 individuals (63 datasets).
Replication:  N = 111,349 individuals (UK Biobank 1st release).





Source:  Lee et al. (2018, Nature Genetics).

Discovery:  N = 1,131,881 individuals (70 datasets).
(Replication of Okbay et al. (N = 405,073) in new data (N = 726,808), and vice-
versa.)



Takeaways for Your Research

• Beware which gene-discovery research you rely 
on.

• In general, individual loci have small effects on 
behavioral phenotypes.
– “4th Law of Behavior Genetics.” (Chabris et al., 2015)

• Best chance of adequate power to focus on:
– Well-established genetic variants with relatively large effects 

(e.g., FTO on BMI, Mr. Big on smoking, APOE on Alzheimer’s).
– Polygenic scores (will discuss on Friday).

• Do power calculations!


