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Experimental design

– We often compare two groups with each other (e.g. clinical trial: treat 
patients with drug or placebo, ascertain whether drug has an effect)

– The traditional scientific strategy is to change one parameter (the 
independent variable) and assess whether that variable has an effect 
on the dependent variable

– However, when dealing with genomic data we typically measure 
thousands of parameters, we can continue testing whatever we think is 
interesting.

– But how do we then correct for multiple testing?
– However, many confounders exist, but sometimes it is not even evident 

they exist, can we identify them?
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Experimental design

Controls Patients

In words:

In an equation 
(T = patients, C = controls):

Considerable difference

Small difference

Highly significant difference > P-value (using a 
      T - distribution)



Type 1 and Type II error



Why multiple testing matters

Genomics = Lots of Data = Lots of Hypothesis Tests
A typical microarray experiment might result in performing 10,000 
separate hypothesis tests. If we use a standard p-value cut-off of 
0.05, we’d expect 500 genes to be deemed “significant” by chance.

In general, if we perform m hypothesis tests, what 
is the probability of at least 1 false positive?

P(Making an error) = α
P(Not making an error) = 1 - α
P(Not making an error in m tests) = (1 - α)m 

P(Making at least 1 error in m tests) = 1 - (1 - α)m



Probability of at least one false-positive

Number of statistical tests
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When assuming that a test with P < 0.05 is significant:



Correcting for multiple testing

Bonferroni correction: Correct for the number of tests, by multiplying each P-
Value with the number of statistical tests (overly stringent: High probability of type 2 
errors, i.e. of not rejecting the general null hypothesis when important effects exist)

Holms method: 
Order the unadjusted p-values such that p1 ≤ p2 ≤ ... ≤ pm

Ø Holm adjusted p-values are: p ̃j =min[(m"j+1)•pj,1]
Ø The point here is that we don’t multiply every pi by the same factor m:

p1 =10000*p1, p2 =9999*p2, ... , pm =1* pm

Many other methods exist:
- False discovery rate (FDR)
- Benjamini and Hochberg FDR
- Storey’s positive FDR
- Permutation based methods to account for correlated tests

~ ~ ~
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Proliferation
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Batch effects: principal component analysis



Batch effects: principal component analysis
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Batch effects in Groningen expression data

Fehrmann et al, PLoS Genetics 2011
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Batch effect in recent methylation paper

DNA Methylation patterns associate with genetic and gene 
expression variation in HapMap cell lines:
Conclusion in paper: SNP rs10876043 does strongly influence 
many methylation levels (affects component 1)

Batch 1 Other batches Batch 1 Other batches

Bell et al, Genome Biology 2011, 12:R10
Pai et al, PLoS Genetics 2011

Component 1 Component 2



Batch effect in recent methylation paper

Correction: Bell et al. Genome Biology 2011, 12:405



Systematic differences between cases and controls
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Systematic differences between cases and controls

What now if we would perform a ge
netic 

study where we compare patients with 

disease X that have all b
een recruited in 

Leeuwarden with all co
ntrols fro

m the 

three Northern provinces? Significant 

differences will become always a
pparent!



GC content

GC content



Batch effects: 3D chromosome organization

Lieberman-Aiden et al, Science 2009

Status May 2013: Cited over 700 times
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Batch effects: 3D chromosome organization

Lieberman-Aiden et al, Science 2009

Chromosome 1

Chromosome 19

Gene expression data

Gene expression data Hi-C data Science paper

Hi-C data Science paper

GC content!



Sample mix-ups

Sample mix-ups



Genetic variants can affect expression levels

5’ 3’

Cis-eQTL



Sample mix-ups: how to identify them

Westra et al, Bioinformatics, 2011

What is 
going on with 

sample 36 and 52? 

Sample mix-up?



Sample mix-ups: What happened to our data

Westra et al, Bioinformatics, 2011



Sample mix-ups: do they happen?

eQTL datasets with mix-ups Effect of correcting for these mix-ups

On average 3% of eQTL 

samples are
 mixed-up

Westra et al, Bioinformatics, 2011



Comparing same samples using different platforms

Stranger et al, Science 2007
Choy et al, PLoS Genetics 2009
Westra et al, Bioinformatics, 2011



What happens when studies go wrong

Two personal experiences



– Goal: Identify genetic variants that affect overall survival
– Initially some interesting results came out when using a log-rank test
– However, when permuting the genotype data also interesting results 

came out: Does not make sense

– Goal: Identify genetic variants that affect gene expression
– Many variants identified that affect gene expression levels
– However, many were false-positive

Personal experience

Benovoy et al, Nucleic Acids Research, 2008, Vol. 36, No. 13



Conclusions

– Correcting for multiple testing is very important
– Confounders often exist
– It is often unknown what these confounders are
– Principal component analysis can reveal these confounders
– GC content has a major effect, both in genetic, expression, methylation 

and ChIP-seq studies. Please check whether it might confound your 
results

– Keep in mind, it is usually possible to correct for these confounders
– Be careful: Results that seem too good to be true, should worry you!


