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Overview

• Implementation via our PRSice software 

• Improvements to PRS: 
– High-resolution PRS to increase power 
– Alternative to clumping to capture more risk variants 
– PRS methods tailored to scientific question 

• PRS applications: 
– PRS biomarker method applied to real data 
– 2 large cross-disorder analyses
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Standard PRS ‘Pipeline’
GWAS summary  

results on phenotype 
of interest

Individual-level 
genotype/phenotype 
data in independent 

sample 

‘Clump’ – variants in linkage 
equilibrium

Calculate weighted sum of 
effect sizes across selected 

SNPs to calculate  
Polygenic Risk Score (PRS)

Regress target phenotype  
on PRS - calculated at  
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Plot results

PRSice does all 

of this  

in a single 

command



PRSice software: www.PRSice.info
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Running PRSice

Clean input data

www.PRSice.info



Running PRSice

Prepare SNPs in Linkage Equilibrium

www.PRSice.info



Running PRSice

Calculate Polygenic Scores

www.PRSice.info



Running PRSice

(optionally) generate covariates

www.PRSice.info



Running PRSice

Regress score on phenotype, across 
thresholds

www.PRSice.info



Running PRSice

Generate Plots

www.PRSice.info



PRSice plots

Additional data outputs from PRSice: 
• Polygenic Scores for each individual, at each threshold 
• Model fit measures at each threshold

Bar plot High-Resolution Plot

www.PRSice.info

Quantiles Plot
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SCZ BPD 

High-resolution scoring in PRS

• It is standard 
to show the 
results from 
PRS regression 
testing at a 
small number 
of thresholds

ISC 2009



• Improvement: find optimum threshold for 
maximum prediction 

– Standard in statistics to search for most 

predictive model 
– Most predictive model may be poorly captured 

by using a small number of thresholds 
– Performing a small number of tests is not the 

best solution to the multiple testing problem

High-resolution scoring in PRS



High-resolution scoring in PRSice



High-resolution scoring in PRSice

Max. prediction from few thresholds



• Most predictive (high-res) bar included

High-resolution scoring in PRS



Adjusting multiple testing  
via permutation

• Testing thousands of thresholds – multiple 
testing problem? 

• These tests are highly correlated – 
simulation study to find effective number 
of multiple tests 

- 10,000 permutations 
- 10,000 thresholds 
- Permuted alpha threshold = 0.004 
- Suggest alpha = 0.001



PRSice paper

• This is implemented in PRSice

www.PRSice.info

We suggest a significance threshold of P < 0.001 
for high resolution scoring
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To Clump or not to Clump?

• In summing genetic effects genome-wide we 
assume independence between SNPs 

• However, we may want to include multiple 
nearby SNPs due to allelic heterogeneity  

• Clumping seeks to solve this: SNPs are 
‘pruned’ by taking the lowest P-value in an LD 
window – usually 
– Window of 250Kb 
– R2 of 0.2



To Clump or not to Clump?

• Alternative: LASSO/ Elastic Net 

– Step 1: Multiply genotypes in TARGET data by 
BETA from BASE GWAS 

– Step 2: Regress all modified genotypes on 
phenotype using Penalised Regression 

– Step 3: Construct PRS from all SNPs retained in 
this new model



To Clump or not to Clump?

• Test in simulated data: 

– 5000 genotypes from WTCCC1 
– Randomly select 1000 SNPs in sequence 
– Simulate a proportion of causal SNPs 
– Simulate a quantitative trait with fixed h2 
– Split into base and target 2:1 
– Test performance of method vs PRSice 
– 100 simulations per scenario



To Clump or not to Clump?

Simulate: 
• 5 causal SNPs in 

50 SNP window 
• Effect sizes 

follow 
exponential 
distribution 

• Select SNPs with: 
• Elastic Net 
• PRSice 

• Compare 
performance

R2 estimated from PRSice

R2
 e

st
im

at
ed

 u
si

ng
 G

LM
N

ET

-  True simulated 
R2 

-  Mean estimated 
R2 from PRSice 

-  Mean estimated 
R2 from GLMNET
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Tailoring PRS to scientific question

• The standard PRS method has been used in 
multiple applications, sometimes with different 
underlying hypotheses 

• Power should be optimised by tailoring PRS 
methods to the corresponding scientific question 

• We develop a new method to best score for use as 
a biomarker 

• This is a specific scientific question, UNLIKE: 
–  Assessing level of genetic overlap 
– Demonstrating a trait can predict itself



Tailoring PRS to a Scientific Question

• Method: 
– Split genome into chunks – e.g. 5Mb 

– At each chunk, regress lots of thresholds on 
phenotype and pick the best threshold 

– Retain chunks that predict phenotype 

– Sum these to make new score



Using PRS as a Biomarker



Overview

• Implementation via our PRSice software 

• Improvements to PRS: 
– High-resolution PRS to increase power 
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Real data application – PRS as a 
Biomarker

• SCZ GWAS has higher power than MDD 

• PGC SCZ predicting MDD 
– NB: performs best on different disorders 

• Final model – P = 4.47 x 10-33



Real data application – PRS as a 
Biomarker

• Overfit? 

• Run 100 permutations, calculate empirical 
P-value 

• Empirical P = 1.79 x 10-28



Real data application – PRS as a 
Biomarker

• New method – ‘PRSlice’ 

• Utility? 
– Biomarker for high-risk individuals 
– Leverage shared component between two 

disorders to predict individual risk



Overview

• Implementation via our PRSice software 

• Improvements to PRS: 
– High-resolution PRS to increase power 
– Replacing clumping to capture more risk variants 
– PRS methods tailored to scientific question 

• PRS applications: 
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Educational Phenotypes

• Use GWAS investigating a large number of 
physical and psychiatric traits 

• Genotype data from Twins Early Development 
Study (TEDS) 

• Test prediction on educational phenotypes, eg: 
– Maths age 16 
– Inattention 
– Imagination

Krapohl et al 2015
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Correlations 'best-fit' Genome-wide Polygenic Scores and phenotypes 
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Social Phenotypes

• Use GWAS investigating a large number of 
physical and psychiatric traits 

• Genotype data from North Finland Birth 
Cohort 

• Test prediction on ‘social’ phenotypes, eg: 
– Beer consumption 
–Wine consumption 
– Smoking behaviour

Socrates et al in 

prep



Social Phenotypes

Socrates et al in 

prep



Social Phenotypes

Socrates et al in prep



Social Phenotypes

Socrates et al in prep



Future Directions

• Investigate biological pathways enriched 
within optimised threshold 

• Consider Conditional and Joint models to 
improve SNPs in LD selection



Conclusions

• Improvements to PRS: 
– Threshold selection by ‘high resolution’ 
– Chunks optimise thresholds across genome, 

when using PRS as a biomarker 

• No improvement through using penalised 
regression 
– Consider other methods for achieving Linkage 

Equilibrium
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