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Definition and calculation of polygenic 
scores



Polygenic (risk) Scores - PRS

• Polygenic scores - PGS
• Genetic (risk) Scores  - GRS
• Genome-wide Polygenic Scores - GPS
• Polygenic Indices - PGI

• Individual indices of the genetic predisposition, or burden, that an 
individual carries for a particular (quantitative or case/control) trait



• First application PGS Schizophrenia to infer 
genetic overlap with Bipolar Disorder

• Since then PGS have become common 
downstream analyses in GWAS analyses 

• Landmark study in psychiatric genetics





• Measured genetic variation 

Most commonly: 
• Single nucleotide polymorphisms (SNPs): 

Common variation between individuals 
at a single position in the genetic code 
happening in at least 1% of the 
population.



Calculation



Calculation



PGS are approximately normally distributed in the population with 
people varying on a continuum from low to high polygenic burden for 

a particular trait

Figure: Abdellaoui, A. [@dr_Appie]. (2023, Mar 26). Twitter



Plomin et al ., 2009. Nature reviews genetics, 10(12), 872-878



Height served as the model complex trait when Mendel’s laws of 
inheritance were reconciled with the inheritance of quantitative 
traits

Plomin et al ., 2009. Nature reviews genetics, 10(12), 872-878



• Saturation of the 
common-variant 
architecture among 
European-ancestry 
genomes

• Approximately 
12,000 SNPs jointly 
explain 40% of 
variation in out-of-
sample prediction

• Approaches the 
common SNP-based 
heritability



From GWAS to PGS
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GWAS summary statistics

Manhattan plot from: Biological insights from 108 schizophrenia-associated genetic loci

36,989 cases and 113,075 controls
Minor Allele Count



Important (1)

• (SNP)h2 is spread across thousands of loci of very small effect

• Sample size of GWAS is of central importance for the discovery and estimation 
of SNP effects and, in turn, for the predictive power of PGS 

• See Dudbridge, 2013



Important (2)

• We test for the effects of millions of variants on a phenotype but these 
are not independent due to linkage disequilibrium (LD)



Linkage disequilibrium (LD)

• Linkage disequilibrium 
(LD): the correlation 
between nearby 
variants on the same 
chromosome

• Genetic variants near 
one another tend to 
be inherited together 
over generations



Important (2)

• We test for the effects of millions of variants on a phenotype but these 
are not independent due to linkage disequilibrium (LD)



• We test for the effects of millions of variants on a phenotype but these 
are not independent due to linkage disequilibrium (LD)

• We are conducting the equivalent of 1 million independent tests (Risch & 
Merikangas, 1996)

Important (2)

genome-wide significance threshold of 5 × 10−8



• We need to account/adjust for LD when aggregating SNPs in PGS! 

• Otherwise individual contributions of the specific loci included will be 
overestimated

• Optimally, we would estimate joint effects of all SNPs in a multivariable 
framework, but this is not feasible!

Important (3)



So you have your discovery GWAS sumstats…

CAREFUL! these need to be independent of your target set!
(i.e. where you are performing PGS-phenotype analyses)

What next?



Approaches to compute polygenic scores



Approaches to compute polygenic scores

• which SNPs to include? 
• how do you adjust for LD?



The standard approach

• Clumping and thresholding (C + T) approach



The standard approach

• Clumping and thresholding (C + T) approach

• LD-clumping: obtaining a set of quasi-independent SNPs 
• information from (ancestry-matched) LD reference panel (can be 

your target set)
• prioritizing on p-values from GWAS summary statistics

EA

AA

…



The standard approach

• Clumping and thresholding (C + T) approach

• LD-clumping: obtaining a set of quasi-independent SNPs 
• information from (ancestry-matched) LD reference panel (can be 

your target set)
• prioritizing on p-values from GWAS summary statistics

• Thresholding: calculate PGS for a range of P-value 
thresholds



5 × 10−8

Thresholding: calculate PGS for a 
range of P-value thresholds



5 × 10−8

All SNPs

Thresholding: calculate PGS for a 
range of P-value thresholds



5 × 10−8

All SNPs

Thresholding: calculate PGS for a 
range of P-value thresholds



The standard approach

which SNPs to include?

• Standard GWAS threshold to select 
SNPs is often too restrictive for the 
purpose of PGS construction

• PGS derived from all SNPs can also 
be suboptimal due to added noise 
across many false positives SNPs 
included

(PRSice2 bar plot)

GigaScience, Volume 8, Issue 7, July 2019, giz082



What options do you have?

Pick your poison:

• Choose an a-priori threshold for inclusion (suboptimal in most cases!)

• Report all scores (biased upward!)

• Optimize score in a validation set (need separate sample from your discovery and target 

sets!) 

• Obtain a unique score from first Principal Component across thresholds  [see Coombes et 

al., 2020] (in most realistic scenarios this =~ threshold 1) 

• Use advanced ‘single-score’ methods approaches



Advanced approaches



• Two broad themes: which SNPs are included in the scores, 
and the assumed distribution of SNP effect sizes

• Depending on these:  reweighting of GWAS estimates

• In general: methods differ in terms of how they attempt to 
model genetic architecture to improve prediction accuracy

Advanced approaches



• The underlying trait distributions are in practice unknown,
hence the optimal (tuning) parameters will need to be 
validated

• Unless pseudo-validation / ’single score’ methods are 
available…

Advanced approaches



Example: LDpred2



Example: LDpred2

only a specific fraction of markers is assumed to 
be involved in the trait and drawn from a 
normal distribution, while the rest is fixed to 0:

joint effects given marginal effects 
and correlation between SNPs: 

M = variants 
p = fraction of causal variants 
h2 = SNPh2

hyper-parameter p (1, 0.3, 0.1, 0.03, 0.01, 0.003 
and 0.001)

R =



LDpred2-auto: doesn’t require explicit validation!  

Example: LDpred2

only a specific fraction of markers is assumed to 
be involved in the trait and drawn from a 
normal distribution, while the rest is fixed to 0:

joint effects given marginal effects 
and correlation between SNPs: 

M = variants 
p = fraction of causal variants 
h2 = SNPh2

hyper-parameter p (1, 0.3, 0.1, 0.03, 0.01, 0.003 
and 0.001)

R =



What method works best?

In general: no dramatic differences, although more nuanced results emerged depending on 
specific applications and settings (e.g. diverse genetic architectures).



Yang, S., & Zhou, X. (2022) Briefings in Bioinformatics, 23, 39.



Table S2. General resources for PGS workflow 
Resource Reference Brief description  link

Polygenic 
score catalog  

(Lambert et 
al., 2021)

Database of PGS employed in published work providing 
relevant metadata to develop and evaluate them in 
different datasets.  

https://www.pgscatalog.org

Polygenic 
index 
repository

(Becker et al., 
2021)

PGS repository providing metadata to reproduce PGS, 
or already constructed PGS for a number of cohorts. 
PGS are obtained from a reference standardized and  
optimized pipeline.

https://www.thessgac.org/pgi-
repository

Open GWAS (Elsworth et 
al., 2020)

A curated collection of GWAS summary statistics. https://gwas.mrcieu.ac.uk

GWAS catalog (MacArthur et 
al., 2017)

A curated catalog of GWAS results and summary 
statistics. 

https://www.ebi.ac.uk/gwas/

GWAS Atlas (Watanabe et 
al., 2019)

Database of GWAS results and downstream analyses. https://atlas.ctglab.nl

PGS Atlas (Richardson et 
al., 2019)

Atlas of PGS – phenotype associations across 162 PGS 
and 551 traits.

http://mrcieu.mrsoftware.org/PRS_atl
as/

GenoPred (Pain et al., 
2021)

A workflow for evaluating PGS methods within a 
reference standardized framework.

https://opain.github.io/GenoPred/
https://github.com/opain/GenoPred/tr
ee/master/GenoPredPipe

https://www.pgscatalog.org/
https://www.thessgac.org/pgi-repository
https://gwas.mrcieu.ac.uk/
https://www.ebi.ac.uk/gwas/
https://atlas.ctglab.nl/
http://mrcieu.mrsoftware.org/PRS_atlas/
https://opain.github.io/GenoPred/
https://github.com/opain/GenoPred/tree/master/GenoPredPipe




Applications of PGS

• Research tools!

• Inferring genetic overlap between traits 

• Risk stratification

• Can be employed in (clinical) prediction models – utility still limited 
at present



Applications of PGS

• GWAS N is central, but bigger is not always better

• The meaning of the PGS depends on the phenotypic definition employed 
in GWAS!



Example: PRS from developmental specific BMI GWASes (max N ~30k) 
perform better than adult BMI GWAS (N~700k)

Helgeland et al., 2022. Nature Metabolism volume 4, pages 344–358 (2022)



Example: PRS based on child case–control diagnosis of ADHD misses 
the full (genetic) complexity of the disorder across the lifespan

Agnew-Blais et al., 2021. J Am Acad Child Adolesc Psychiatry. 2021 Sep; 60(9): 1147–1156. 



The trio design



The trio design



The trio design

• “Direct” genetic effects 

• “Indirect” genetic effects: rearing 
environments, dynastic effects, 
population structure

• PGS-phenotype associations 
potentially inflated, or completely 
accounted for, by indirect processes 
(Veller and Coop, 2023)



Example



Example



Example



Caveats/considerations

• Personalized intervention

• Cross-ancestry portability












