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Today’s plan

• 5 minutes to get to know people in your room (with ice 
breaker question)

• Live lecture (~20 minutes)

• 1 hour practical

• 10 minute break

• 1 hour practical

• ~20 minutes of questions



Ice breaker question of the day:

Tell each other which trait you would 
like to do a GWAS on and why

(you get bonus points if it’s a trait that hasn’t 
been subjected to a GWAS yet)



When did GWAS begin?



AA AG GG
CC CA AA TT TA AA

CC CT TT

Chromosome
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Some general lessons learned about complex traits from GWASs 

Influenced by many common variants with small 
effects and rare variants with larger effects

Both require very large 
sample sizes to detect

Complex traits share much of their genetic 
effects with other complex traits

Most GWAS hits fall in regulatory 
regions, only few in coding regions

Genetic effects on complex traits 
are overwhelmingly additive

Negative selection keeps large-effect variants rare



How do we separate signal (= causal genetic 
effects) from noise (e.g., confounding)?

Looks like signal, but isn’t:

• Multiple testing: millions of tests, many 
p < 0.05 by chance

• Technical artefacts: genotyping errors,
batch effects

• Population stratification: Genetic 
differences between ancestries look like 
trait associations

• Cryptic relatedness: Hidden family 
structure inflates test statistics

Real signal, but inflated or misunderstood:

• Gene-environment correlation: Real genetic 
effects amplified by correlated environment

• Assortative mating: Creates genome-wide 
correlations that inflate polygenic signals

Discussed in Lecture 4Discussed in Lecture 2



Multiple testing correction

Bonferroni corrected 
significance threshold



• Exclude SNPs with a low Minor Allele Frequency (MAF) (< .01 or < .05)

• Exclude SNPs & individuals with excessive missingness (> 1% or 5% respectively)

• Exclude SNPs that deviate grossly from HWE (p < 10-6)

• Exclude individuals with extreme values for F (too homozygous or too heterozygous)

• Exclude SNPs based on quality score or clustering metrics (availability depends on 
genotype platform used)

• Exclude SNPs with Mendelian errors (if child-parent data are available)

How to deal with technical artefacts?

Good study design and good QC
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factor from LDSC regression is used)
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Dealing with population stratification & cryptic relatedness

• Genomic Control (GC)

• Principal Component Analysis (does not deal with cryptic relatedness) 

• Within Family Association

• Linear Mixed Modeling Controlling for Genetic Relatedness Matrix (GRM)



The linear mixed model (LMM)

y  =  Xβ +  g +  ε 

~ N(0, σ² GRM)

~ N(0, σ² l)phenotype vector

fixed effects 
(SNP + covariates) 
βSNP = what we are 

interested in
genetic random 
effect, captures 

relatedness between 
all individuals

residual error 
(independent)

individuals →
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Genetic Relationship Matrix (GRM)

Each cell = relatedness between two individuals 
estimated from genome-wide SNP data

1.0 self (diagonal)

0.1- 0.5 close relative

0.05 - 0.1 distant relative

< 0.05 unrelated (≈ 0)



• Uses a sparse GRM, which only retains relatedness estimates above a threshold (~0.05)

• Part of GCTA

fastGWA

2019
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Standard GWAS

requires: unrelated individuals

y
i
= β
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il
+ x
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′α + ε
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β
l
population effect

g
il

focal individual's genotype

x
i
′α  covariates (age, sex, PCs)

β conflates direct effects
with gene-environment correlation 
(rGE), assortative mating (AM), and 
population stratification

Sib-GWAS

requires: sibling pairs
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(within-family deviation)

GF
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= mean sibling genotype

Including the family genetic 
background as a covariate isolates the 
random within-family variation due to 
Mendelian segregation, which captures 
more of the direct effect

Family-based GWAS (FGWAS)

requires: trios/sib pairs 
(parental G can be imputed)
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cohort 1

β₁, SE₁, p₁, N₁

cohort 2

β₂, SE₂, p₂, N₂

⋮

cohort n

βₙ, SEₙ, pₙ, Nₙ

METAL

combined

β, SE
p-value
N_total

GWAS meta-analysis



In the practical, you will carry out a GWAS on two simulated datasets:

1. Perform basic quality control (QC) on genotype data using PLINK

2. Compute and plot principal components (PCs) to visualize population structure

3. Build a genetic relationship matrix (GRM) and run a GWAS using GCTA

4. Visualize your results with Manhattan plots and QQ-plots in R

5. Conduct a meta-analysis of two GWAS results using METAL



Practical

Click here

https://qimr.az1.qualtrics.com/jfe/form/SV_eX7X6HR3TUirCXI


Practical



Practical



Practical



If you get stuck, you can find outputfiles as well as answers to the practical here:

/home/abdel/2026/gwas_practical/answers/

(i.e., the folder “answers” in your own working folder after you copied the files)

It contains all output files and these two files:
- ISG_2026_GWAS_Practical_Answers.txt: contains the answers to the 

questions in Qualtrics
- ISG_2026_GWAS_Practical_Commands.txt: contains all the commands 

(which are also in Qualtrics)
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