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Presentation Overview
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• So far, you’ve learnt:

• How to design a genetics experiment

• How to obtain (genetic) data and perform quality control

• SNP analysis

• How to conduct a GWAS

Recap
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Recap

Kunkle et al., 2019
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What is a Polygenic Risk Score (PRS)?

SNP 
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Kunkle et al., 2019

Formula:

PRS = Σ (effect size × genotype)

• Modest predictive power

• Limited cross-ancestry 

generalisation

• Ignores environmental 

and epigenetic effects
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Why use PRS?

Why 

compute 

PRS?
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

• PRS aggregates 

the effects of 

thousands of 

variants (SNPs) 

into a single 

number that 

reflects an 

individual’s risk 

for a trait or 

disease
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

Identify 

high-risk 

individuals

• People with high 

PRS may have 

substantially 

higher risk 

compared to the 

population 

average

• This can help 

with:

o Early screening

o Preventive 

interventions

o Personalised 

medicine
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

Understand 

genetic 

architecture

Identify 

high-risk 

individuals

• PRS can help 

researchers 

understand how 

much of a trait is 

explained by 

common genetic 

variation and 

how different 

sets of variants 

contribute to it
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

Control for 

genetic risk 

in research

Understand 

genetic 

architecture

Identify 

high-risk 

individuals

• In studies of e.g. 

brain imaging, 

cognition, or 

biomarkers, PRS 

can be used as a 

covariate to 

control for 

genetic risk or to 

explore how 

genetics 

influence these 

traits
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

Control for 

genetic risk 

in research

Understand 

genetic 

architecture

Identify 

high-risk 

individuals

Compare 

predictive 

models

• PRS allows 

comparison of 

different genetic 

models (e.g., 

including or 

excluding APOE) 

to test how well 

genetic data 

predict traits
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

Control for 

genetic risk 

in research

Understand 

genetic 

architecture

Identify 

high-risk 

individuals

Compare 

predictive 

models

Stratify 

cohorts

• PRS can be 

used to stratify 

participants into 

different risk 

groups, which is 

especially useful 

in:

o Clinical trials

o Longitudinal 

studies

o Prevention 

research
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Why use PRS?

Why 

compute 

PRS?

Estimate 

genetic risk

Control for 

genetic risk 

in research

Understand 

genetic 

architecture

Identify 

high-risk 

individuals

Compare 

predictive 

models

Stratify 

cohorts

• Important considerations:

• Ancestry-matched base and 
target data

• Include population stratification 
covariates (genetic PCs)

• Validate in independent 
datasets

• Use multiple thresholds for SNP 
inclusion (pT)
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PRS computation tools

Method Models LD? Shrinkage?
Threshold 

tuning?
Speed Language Best use case

LDpred2 (auto) Moderate R

Accurate modelling of 

LD, multiple PRS 

models

PLINK C++
Fast, large datasets, 

simple baseline

PRSice (auto tested) R + C++

Easy, fast PRS 

screening across 

thresholds

PRS-CS Moderate Python

No threshold tuning, 

good polygenic 

modelling

SBayesR
Slow–

Moderate
Python/C++

Advanced modelling, 

large/complex GWAS
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PRS computation tools

Method Models LD? Shrinkage?
Threshold 

tuning?
Speed Language Best use case

LDpred2 (auto) Moderate R

Accurate modelling of 

LD, multiple PRS 

models

PLINK C++
Fast, large datasets, 

simple baseline

PRSice (auto tested) R + C++

Easy, fast PRS 

screening across 

thresholds

PRS-CS Moderate Python

No threshold tuning, 

good polygenic 

modelling

SBayesR
Slow–

Moderate
Python/C++

Advanced modelling, 

large/complex GWAS

• GWAS tests each SNP individually for association with a trait (e.g., Alzheimer's 

risk, a beta coefficient and a p-value)

• Assumption: each SNP is tested independently

• But this independence assumption is not true in reality

• So LDpred2 aims to recover true SNP effects using a Bayesian model that 

adjusts GWAS effect sizes for linkage disequilibrium (LD)

1. Start with prior beliefs about SNP effect sizes:

1. Example: Most SNPs have zero effect, a few have small/medium/large 

effects.

2. In LDpred2: prior = mixture of Gaussians

2. Use the observed GWAS summary statistics (betas and p-values) and an an 

external LD matrix (correlations between SNPs from a reference panel)

3. Update the effect size estimates based on:

1. How strong the GWAS signal is

2. How correlated that SNP is with others

3. How likely it is, under the prior, that the SNP has a real effect

• This process "shrinks" noisy effect sizes towards their true value
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PRS computation tools

Method Models LD? Shrinkage?
Threshold 

tuning?
Speed Language Best use case

LDpred2 (auto) Moderate R

Accurate modelling of 

LD, multiple PRS 

models

PLINK C++
Fast, large datasets, 

simple baseline

PRSice (auto tested) R + C++

Easy, fast PRS 

screening across 

thresholds

PRS-CS Moderate Python

No threshold tuning, 

good polygenic 

modelling

SBayesR
Slow–

Moderate
Python/C++

Advanced modelling, 

large/complex GWAS

• GWAS effect sizes are often inflated, due to:

1. Sampling noise (especially in small samples)

2. Linkage disequilibrium (LD)

3. Winner's curse (top SNPs look stronger than they are)

• Shrinkage estimates a more conservative value

• True effects are retained (e.g., SNP1 stays positive) and false 

positives are shrunk toward zero (e.g., SNP2 is penalised)

• PRS-CS uses Bayesian continuous shrinkage that assumes most 

SNPs have no or small effect and updates the effect sizes using 

the GWAS data and the LD structure:

1. Keep true effect sizes (even if small)

2. Shrink noisy or false signals toward zero

3. Do all this without altering p-value thresholds

• Continuous shrinkage process adaptively shrinks the effect 

sizes based on how strong the GWAS signal is for a 

particular SNP, and the LD of that SNP with others
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PRS computation tools

Method Models LD? Shrinkage?
Threshold 

tuning?
Speed Language Best use case

LDpred2 (auto) Moderate R

Accurate modelling of 

LD, multiple PRS 

models

PLINK C++
Fast, large datasets, 

simple baseline

PRSice (auto tested) R + C++

Easy, fast PRS 

screening across 

thresholds

PRS-CS Moderate Python

No threshold tuning, 

good polygenic 

modelling

SBayesR
Slow–

Moderate
Python/C++

Advanced modelling, 

large/complex GWAS

• p-value thresholding implemented in PRSice is the 

process of selecting SNPs based on their GWAS p-

values:

1. Setting up a range of p-value thresholds (e.g., 5e-8 

to 1.0)

1. Keeping all SNPs within the different GWAS p ≤ 

threshold

1. Clumping SNPs in LD (to keep independent SNPs) 

and calculates a PRS for each individual

1. Testing how well different sets of SNPs predict the 

phenotype using a regression

1. Recording R² and p-value and plotting R² vs. p-

threshold to find the optimal threshold for SNP 

inclusion

1. Choosing the best-performing threshold (e.g., p < 

0.01, p < 0.05, p < 0.5, etc.)
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PRS computation tools

Method Models LD? Shrinkage?
Threshold 

tuning?
Speed Language Best use case

LDpred2 (auto) Moderate R

Accurate modelling of 

LD, multiple PRS 

models

PLINK C++
Fast, large datasets, 

simple baseline

PRSice (auto tested) R + C++

Easy, fast PRS 

screening across 

thresholds

PRS-CS Moderate Python

No threshold tuning, 

good polygenic 

modelling

SBayesR
Slow–

Moderate
Python/C++

Advanced modelling, 

large/complex GWAS



www.amypad.eu
19

Input data for PRS calculations with PRSice

The prefix of the 
files that contain 
the genotype data 
in binary plink 
format

Genotype data = 
target data

The file with 
GWAS summary 
statistics

GWAS summary 
statistics = base 
file

FID – Family ID (usually 
same as IID if not using 
family data)
IID – Individual ID
Phenotype – Your 
target trait or disease 
status (binary or 
continuous)

Optional: 
Phenotype file

Within each block of 
correlated SNPs, the 
SNP with the lowest p-
value in the discovery 
set is selected 

Optional: External 
dataset for 
clumping

File containing 
genetic principal 
components or 
other covariates 
such as age, as 
necessary

Optional: 
Covariates file
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How to obtain GWAS summary statistics: GWAS catalogue example



www.amypad.eu
21

How to obtain GWAS summary statistics: GWAS catalogue example
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wget https://github.com/choishingwan/PRSice/releases/download/2.2.11/PRSice_linux.nightly.zip
unzip PRSice_linux.nightly.zip

Rscript PRSice.R --dir .

Installing PRSice-2
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• cd to home directory in terminal

• Navigate to PRSice directory to note the locations of the base and target 
datasets

• Use the following code to run PRS computation, ensure that you copy the 
correct locations of the files

Virtual machine
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Rscript /home/as2-streaming-user/PRSice/PRSice.R --dir . \

--prsice /home/as2-streaming-user/PRSice/PRSice_linux \

--base /home/as2-streaming-user/PRSice/TOY_BASE_GWAS.assoc  \

--target /home/as2-streaming-user/PRSice/TOY_TARGET_DATA \

--thread 1  \

--stat OR \

--binary-target T

Running PRSice-2: Example Command
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1. .log

o Log file with all 
information 
regarding the 
computation

2. .prsice

o Information about 
the number of SNPs 
in each score 
computed

3. .summary

o Provides information 
about the best-fit 
PRS

4. .best

o Contains PRS for each 
individual at the best-
fit PRS name

PRSice output Files
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• The first plot is 
PRSice_BARPLOT_<date>.png

• X-axis = p-value threshold for SNP 
inclusion (pT)

• Y-axis = predictive value, Nagelkerke’s R2

• Each bar shows the model p-value

• Using SNPs with a p-value up to 0.4463 
achieves the highest predictive value in 
the target sample with a p-value of 4.7e-
18

PRSice output files
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• The second plot is PRSice_HIGH-RES_PLOT_<date> 
.png

• X-axis = p-value threshold for SNP inclusion (pT)

• Y-axis = PRS p-values

• The p-value of the predictive effect is in black 
together with an aggregated trend line in green

• Of note: PRS analysis typically shows that models 
with lenient p-value thresholds often predict 
better than models with more stringent 
thresholds, suggesting that many statistically 
insignificant SNPs still have predictive value in 
polygenic traits

PRSice output files
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Rscript /home/as2-streaming-user/PRSice/PRSice.R --dir . \

--prsice /home/as2-streaming-user/PRSice/PRSice_linux \

--base /home/as2-streaming-user/data/GCST90027158_buildGRCh38.tsv \

--target /home/as2-streaming-user/data/ADNI_QC_FINAL \

--thread 1  \

--snp variant_id \

--chr chromosome \

--bp base_pair_location \

--A1 effect_allele \

--A2 other_allele \

--stat beta \

--pvalue p_value \

--bar-levels 5e-8,1e-5,0.1 \

--binary-target T \

--fastscore T \

--out ADNI_PRS

Example: PRS in Alzheimer’s Disease, ADNI
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• See word document

Analysis with global CL burden
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