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 Introduction to polygenic scores (PGS)

» Evaluation and application of polygenic scores

» Basic method to predict polygenic scores (C+PT)
* More advanced methods

» Using GWAS summary statistics and functional annotations



Polygenic scores (PGS) 0 B

AUSTRALIA

Polygenic scores (PGS) predict individual genetic values of complex traits using genome variations.

Polygenic risk scores (PRS) are predictors of the genetic susceptibilities of individuals to diseases.

Obesity Schizophrenia




What's in a name? BR o queensiano

« PRS- Polygenic risk score

«  GPRS- Genomic or genetic profile risk score

« PGS -Polygenic score

« GRS - Geneticrisk score

« rsPS —restricted to significant polygenic score

« gePS - global extended polygenic score

« Multi-SNP score (usually this uses only single nucleofide polymorphisms (SNPs)
that are genome-wide significant, hence the same as gePS)

MetaGRS - a PRS constructed from genetic data for the disease/trait of
interest plus from other correlated traits

« MTAG-GRS/PRS a PRS constructed from GWAS data from multiple correlated
traits

« Genetic score

« Genotypic score

« Allele score

« Profile score

- Linear predictor (this of course is a generic term, but has been used to
describe PRS when risk alleles are the only predictors)




Polygenic disease for an individual e
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Polygenic disease for an individual e

« We all carry
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Polygenic score

AOUH

00:00” ..:. .o
i . . 0.. ‘.i' .
(LR i ) .
L 2L 3
. .

tRV = 18}\
s .
I

:0 ::0. .
’ .

*ve
. .
el o® o* .: 3332
3283383 .

$ L
'. i P H . $ (13 :.
. . . .
$333332sssassssssassssesess
L ] .
T
*e 0 e_ .
. .
.
. .
.i ..t: ... l‘ 4
(13 . .
’ : .. . :. '
3 3
$ oty

ﬁount RV = 17}\
b
Tttt

.
L1 $
i .':.j.. it H
‘ i . ..! H .
.1, L T
: 33
:.O ' Ot‘: .. t
388 44 $ 1111

3 .ge
. .... ..: .....
... : :. ..
L Ll
i SPTLITMEL MRS B 1 S PO
0... L] L] : ' H H
’ (1] : . ’
. l . (1)
1] ... e ..
..; L1 ’ . ‘ L]
. .. Ll .
. . L1 ; . .;
L] i . . (111]
$idiaisisiastesss

. . 0.
...!0.= . .‘.
siiisstitissesiiis $3338aaeet
. . . 0
i giiitiiiide
L 1] i !
.. :0 0. 0.; o . ..
. . . .
. S . .. .: ...‘O. 3.:
LAPSEEE TLPTRERRRRE 14 rot
0.. . 0' . . H
3 . ‘ L]
L 11 . .. ' 238 ‘..

Genetic variance between people attributed to all geneftic factors V(A)

Frequency

1500

500

1
140

|
160

1
180

|
200

|
220

h? =

)
)

(
V(P

THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

» “True” polygenic score

heritability



Polygenic score

count RV = 19 » “True” polygenic score

Noft all variants captured
on genotyping arrays

o . : h?2 = 24 heritabilit
Genetic variance between people attributed to all genetic factors V(A) ~ V(P Y

b2 _ o VIASNP)

SNP — based heritability

Genetic variance between people attributed to all genetic factors
associated with SNPs on genotyping arrays
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Polygenic scores
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) « A weighted count of risk alleles
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’ PGS = ,3195\ Boxiz + Bsxiz + = ZnSNP ,B]xu

0,1 or2 : /;
JHN Mii“““ll Risk alleles Which SNPs¥

"1 2 3 4 56780910 12 1416182022
Chromosome

1. Large genome-wide association stucy

What weights?
3. Methods to choose DNA variants and to cecide their weights ‘
7 L . y . T |
0 'M"ﬁ"l"l"l' b Don .’r Qeed to know causal variants for prec.jm:’non.
.  Prediction can be based on correlated variants.
A 4. Evaluate AUC statistic:
4. mmmswsmmm Be %ﬂ;ﬁPﬁ%%%ﬁ&p&n&nogm Y= b*PGS + e

Probability that a case ranks
e R?=var(b*PGS)/Var(Y) higher than a control ;



Limitations in prediction accuracy
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PGS have a theoretical upper limit dependent on the heritability of
the trait (how much of the variance of trait values between people is

attributed to genetic factors).

PGS have a technical upper limit associated with the proportion of
variance tagged by the DNA variants measured.

PGS have a practical upper limit dependent on the sample size of
the discovery sample used to estimate effect sizes of risk alleles, and
the quality of the discovery sample.

PGS can be pushed closer to the technical upper limit by the
statistical methodology used to generate the optimal weighting
given to the risk alleles, and new methods integrate new biological
data.
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Schizophrenia

Max:
25% Liability
AUC 0.84

Current:
11% Liability
AUC 0.74

Polygenic scores cannot
be highly accurate
predictors of phenotypes

10
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Different views of the same data L
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Khera et al (2018) Genome-wide polygenic scores for common diseases identify individuals Torkamani et al, Nat Rev Genetics,
with risk equivalent to monogenic mutations. Nature Genetics 2018
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Increase total risk prediction accuracy

Combine PRS with conventional risk predictors

Coronary Artery Disease
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Inouye et al (2018) Genomic risk prediction of CAD in 480K adults. JACC 12



Disease heterogeneity within patients

Combine PRS with known risk mutations
Breast cancer
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BRCAT
carriers

Kuchenbaecker et al: Evaluation of polygenic risk scores for breast and ovarian cancer risk prediction in BRCAT and

BRCA2 mutation carriers. J Natl Cancer Inst (2017)
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Polygenic risk score applications

JAMA Psychiatry | Review GOO |:
From Basic Science to Clinical Application of Polygenic Risk Scores | o | Jnderstandable by interested clinician
A Primer . .

« Technically accurate — backed up in
Supplement & Rscript

Naomi R. Wray, PhD:; Tian Lin, PhD; Jehannine Austin, PhD; John J. McGrath, MD, PhD:; lan B. Hickie, MD;
Graham K. Murray, MD, PhD; Peter M. Visscher, PhD

Graham Murray,
UoCambridge

ied: B g T 7 UQ &
e Hibipatidr | or100peoplein Piitiaear | ori00peoplepresenting | ITEPERIEIE | 100 people with diagnosis of UoOxford
derespedes | thepopulation, Lwillget | siciisspss | atclinic with symptoms S 4 "the disease” oLXIor
dbpbpbeped | hediseaserinlifetime, | ggpqpppee | DUt withoutaclear L]
PR RRRPH a?Slli;n‘:ing a (_ﬂie:fSi% PePRRERIRR dlagno:;s, atglghier ::::::::::
of lifetime ris PeEERERIPF proportion thanin . .
H;I:HH: #+#s#bidpe | 3POpulation sample will dehtbdbidh Jehqr)ﬂ'ne AUSJ””(
FeRPRRFR BB PERPRERIPR go on to get "the disease” LI T UoBritish Columbia
P PeRPRERIPP in their lifetime LTI
PRS contribute to risk stratification PRS contribute to clinical decisions PRS contribute to treatment choices
(3212222828 R (32T IT . lan Hickie,
peiedeedde | Of100peopleinthetop | gogigepppe | OF 100 people presenting Taraney| [TERTATe [teee404444] UoSydney
PhibieiiRd PRS stratum, a higher L2221 13 with symptoms AND T
PRRPREPERD proportion will get PeePRePIP in the top PRS stratum, 44444 John
PREPRRTERE “the disease” in their FEEETrEre a higher proportion than
Pebdbt e lifetime and hence are #4#4#oddde | intheclinic-presenting McGrath, UQ
Phibbbdbbid particularly encouraged R L2l LLL] cohort will go on to get Genetic information may contribute to more
PREERRPIRE to enter established PeeeRbROPE diagnosis of “the disease” effective choice of treatment, with reduced
PREPERTERE disease screening Y L2 LL Il in their lifetime adverse events
PrivEETEIRT L3323 TLTE
Likely Common diseases/ When there is no clear diagnosis Potentially all common
applications: disorders for which there based on presenting symptoms, diseases/disorders but little data
is already population screening guide monitoring of emergent symptoms available to date
N
Likely first Cancers: breast and colorectal; common eye Differentiating between type 1 and Inflammatory bowel disease is a flagship —
applications: disorders: glaucoma, macular degeneration; type 2 diabetes in the genetics of common disease; Tian Lin, UQ
heart disease perhaps we will see first applications here? ’
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Justify for one disease and the rest come for freel @eramis
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Polygenic risk score methods B o

A weighted sum of the count of risk alleles

. nSNp How many SNPs¢
=257 BiXii Which SNPse
What weightse

PRS = p1xi1 + Boxiz + P3xiz + -

Basic method:

b PG+M r5202964
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Polygenic risk score methods B o
A weighted sum of the count of risk alleles

L _ _— n How many SNPs?
PRS = B1x;1 + B2xiz + f3xi3 + -+ = Z SNP IBJle Which SNPs<¢

What weightse

Basic method:

Clumping & P-value thresholding 300
(C+PT, aka P+T):

« Select most associated SNP in
tower — LD-based clumping

00000000

17



Polygenic risk score methods Wl

A weighted sum of the count of risk alleles

L _ _— n How many SNPs?
PRS = B1x;1 + B2xiz + f3xi3 + -+ = Z SNP IBJle Which SNPs<¢

What weightse

Basic method:

0.20

Clumping & P-value thresholding
(C+PT, aka P+T):

QD.
0.15 —log1p model

P —value

20
15
10
5

PRS model fit: R?
o
)

« Select most associated SNP in
tower — LD-based clumping

« Select on a p-value threshold

0.00

INIEEEN
P- alue th eshold (P7)

18



Polygenic risk score methods B o

A weighted sum of the count of risk alleles

_ 5 —~ o n How many SNPs?¢
PRS = B1xi1 + Baxip + P3xi3 + -+ = Z SNP ,B]xl] Which SNPs?2
What weightse
New methods model
genetic architecture
L Dpred-Inf L DPred?2 BSLMM SBayesR

SBLUP SBayesC

Al P

19



Fitting all SNPs

Multiple regression

y=1,u +XpB + e

X

# parameters >> # observations

HEEEN -
|
HEEEEEEEN -



Bayesian methods 0 ey

« Bayesian methods can estimate all parameters including SNP effects
simultaneously by “borrowing” information across SNPs

« Allow assumptions regarding the distribution of SNP effects

What are SNP effect distributions that make senseé¢

21



Distribution of SNP effects

IB] ~N(O, O-'[%)

Assumes SNPs effects are:

° « all non-zero
« very small
S « normally distributed
2 3- This is BLUP (Best Linear
- Unbiased Prediction)
How realistic is ife

22



Assumptions for SNP effect distribution T s

AUSTRALIA

Alternative distributions

Distribution of SNP effects

Small number of moderate to large Students t BayesA

effects, many small effects

-10 -5 0 5 10

23



Assumptions for SNP effect distribution T s

Alternative distributions

Small number of moderate to large Students t BayesA
effects, many small effects

Small number of moderate to large Mixture, spike at zero, BayesB
effects, many zero effects Students t

Small number of small effects, many Mixture, spike at zero, BayesC
zero effects normal distribution

Many zero effects, proportion of small
effects, some moderate to large effects

Mixture, multiple normals BayesR

24



Assumptions for SNP effect distribution T s

AUSTRALIA

BayesC BayesR

How to incorporate this prior knowledge in the estimation of SNP effectse

25



Infroduction to Bayesian methods 0 S

AUSTRALIA

Bayes theorem

P(x|y)oc P(y|x)P(x)

R

Probability of Is proportional to Probability of ~ Prior
parameters x given data y given the probability
the data y (posterior) X (likelithood of of x

data)

26



THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Model
y=1u+Xp +e
(~ N(0, ag) with probability 7
Bj <
=0 with probability 1 —

Posterior distribution of SNP effects /

fBly) < f(yIB)f(B)

27
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Posterior mean of SNP effects

B =E@ly) = fﬁ BF(Bly)dB

n —XB) (v —-X _L
-[ - oty Fenp|- O ﬁ)}ﬂ[(ag)Zexp{ }nwo(l—n)]dﬁl By

20,

« Cannot solve directly -2 no closed form solution

« Use Markov chain Monte Carlo (MCMC) algorithm!

28



MCMC algorithm O B

AUSTRALIA

Gibbs Sampling

A special case of MCMC to sample from posterior distribution of each
parameter conditional on all other parameters.

Iy - To o

(a) o (b) |
I

Figure source

29


https://mikelove.wordpress.com/2008/09/08/visual-explanation-of-gibbs-sampling/

Gibbs sampling

» Set starting values for (u, B, 03, 7. of)
« Then (for many iterations)
- Foreach SNP, sample g; conditional on other parameters

» Sample u, o3, m, o¢ with updated B

Samples reconstruct posterior distributions of parameters

THE UNIVERSITY
OF QUEENSLAND
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Gibbs sampling

Trace plot Posterior distribution
(I) 2(|)0 4(1)0 6(|)0 8(I)O 10|00 ° 1f5 2?0 2f5 370

Iteration

Posterior mean is used as the point estimate of the SNP effect

31
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As a method of fine-mapping

Posterior inclusion probability (PIP):
probability that the SNP is included in the model with a nonzero effect.

0.8 1.0
| |

0.4

Posterior inclusion probability
0.6

0.2

2 4 6 8 10

32



THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Model
y=1u+Xp +e
(0 with probability
~ N(0,y,03) withprobability r,,
ﬁj|ﬂ7 0'[23 = < :
_~ N(0, ycaf;) with probability 1 — "' 7,

)) p— (O, 0.0l, 0.1, 1.0),;

BayesC is a special case of BayesR with two components

33



Why use multi-normal mixture?

ﬁ] ~ T4 +7T2 +7T3 +7T4_

e

A || A

Account for almost any distribution!



BayesR application
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Prediction of disease risk in humans
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Advancing the methodology

Summary-data-based model

i —

ARTICLE

Widespread signatures of natural selection across

Consider an individual-data model with a standardised genotype matrix X: human complex traits and functional genomic
categories
y=XB+e Lo st Kt € X i £ Cotbar ot & iy 14 s i

Multiply both sides by ~X’ gives

GWAS marginal SNP effects

o
o

=)
o0 000 ©

Phenotypic score

2.0q

1
©410 0 0 00

1
SNP genotype

Ly =Lxxg+lx
N XY =y XXB+oXe

b = R B+ €

T

LD correlation matrix

B & 6 .6 ‘
o0, ¢
e

Jian Yang@ 150

Var(e) = —Ro/

36



Compare BayesR and SBayesR algorithms O Sramen

AUSTRALIA

Gibbs sampling

Full conditional distribution for B;, if in a nonzero dist'n,
(8, | b,else) = N 2, %
f(Bj|b,else) = C'C

T T T T T
-3 -2 -1 0 1
where

Individual-level data Summary-level data
=X [y z X _
T (y k#j k'gk) T =nbj — zkij nRj. Pk

2
o2 Oe

Ci = X/X; + — G=n+-—>7

K Yiog / K Yiop /

37




Potential issue 0 S

» In principle, SBayes and Bayes are equivalent methods when same data are used (X'y
and X'X are sufficient statistics).

 However, when LD is estimated from a reference sample, SBayes is only an
approximation to Bayes.

« Whether the difference is negligible depends on the heterogeneity in LD between the
GWAS and LD reference samples.

38



Always good to check SNP effect estimates 00 crtucii:

GWAS marginal effect size vs. Estimated joint effect size

Most common Presence of large effects Bad convergence!

2

1

0

-1

Joint effect estimates
Joint effect estimates

-2

Joint effect estimates

T T T T T
-0.10 -0.05 0.00 0.05 0.10

GWAS marginal effects GWAS marginal effects GWAS marginal effects

39
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Low-rank model (fits 10M SNPs or more) 0 or

In each quasi-independent LD block:

b = R p + €

1
b ~ N(Rﬁ,gRag)

[ GWAS SNP marginal effects ][ LD correlation matrix ][ SNP joint effects ][ Residuals ]

/ Eigen-decomposition \
It only requires the top 20% PCs to

I ‘ \ explain 99.5% of the variance in LD!

U A v’
1 1 ) Improved computational efficiency and
A 2U'b = Az U’ p + A 2Ue robustness

Var(e) o« ]
CRICOS code 00025B 40




Functional genomic annotations T orcummi

Functional genomic annotations provide orthogonal information useful for polygenic prediction.

Chromatin states

Biological functions

Molecular quantitative trait loci (xQTL)

Zeng et al 2021 Nature Communications

> _
=0
e8| 41
E=
£2| -
=
S=Z !
o
o | -
L|_ 8 o —-— o

£

< % . ~'< <
& 2 & o "2 & o A & &
oo° <& & L <<° Q‘ 0@*‘ S Qgﬂ
2
Q@ &

CRICOS code 00025B 41



Opportunities/challenges

Functional annotations are informative on both the presence of causal variants and the
distribution of causal effect sizes.

Differences in proportion of Differences in distribution of
causal variants causal effects
@ _
o
B Proportion of SNPs
E Proportion of causal variants
© |
o
<
o
AN
o
S |
o

Anno 1 Anno 2 Anno 3

CRICOS code 00025B 42



nature genetics

AAAAA https://doi.org/101038/s41588-024-01704-y
S B a y e S R C Leveraging functional genomic annotations

and genome coverage toimprove polygenic
prediction of complextraitswithinand
betweenancestries

Incorporate functional annotations through a hierarchical prior:

:B] ~ 11 +7T2 +7T3 +7T4, +7T5

f J\

probit(njk) = SNP annotations X annotation effects

43



Improved prediction within European ancestry
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30
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Relative prediction accuracy with annotations (7M imputed SNPs)
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Relative prediction accuracy with annotations (1M HapMap3 SNPs)

Category

Behavior

Blood biomarker
Blood cell count
Cognitive
Disease

Physical measure

JCI B B B

Reproductive

Improvement (%) in prediction accuracy
with vs. without annotations:

using 7M imputed SNPs (y-axis) or
1M HapMap3 SNPs (x-axis).

Annotations matter more with
more SNPs - why?

SNP markers can tag the causal
variant by LD but may not tag by
annotation.
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Trans-ancestry prediction

THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS
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Functional genetic architecture
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Summary [

« Polygenic scores (PGS) are imperfect genetic predictors with inherently limited accuracy.
« Basic method (C+PT, aka P+T) for PGS prediction requires SNP selection and tuning.

« Bayesian methods simultaneously estimate all SNP effects and incorporate prior
knowledge in estimation of SNP effects.

« State-of-the-art Bayesian methods utilize GWAS summary statistics, which unleash the
power of large GWAS sample size, and functional annotations, which provide orthogonal
information to GWAS data to better estimate SNP effects.

« PGS methods can also be used for understanding functional architecture and for genetic
fine-mapping.
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Genetics & Genomics Winter

School

July 6 - 10, 2026 | Brisbane, Australia

Statistical and Computational Methods

Statistical Genomics 1
Genetic Mapping

Dr Kathryn Kemper
* Genome-wide association study
(GWAS)
* Data processing & quality control
* Resources & meta-analysis

Cellular Transcriptomics

A/Prof Quan Nguyen

« Single-cell & spatial transcriptomics

« Cell type analysis

* Machine learning for imaging and
sequencing data

090

Statistical Genomics 2
Heritability Estimation

Prof Loic Yengo

» Concepts, methods & implications
* Estimation using GWAS data

» Genomic REML

» Genomic partitioning analysis

&

Genetic Epidemiology

Dr Daniel Hwang

« Causal inference using genetic data
» Mendelian randomization (MR)

» Structural equation modelling (SEM)

Statistical Genomics 3
Polygenic Prediction

Dr Jian Zeng

* Polygenic risk score

« Utilities, opportunities & limitations
» Methodology & analytical pipeline
» Bayesian methods

&%

Systems Genomics &
Pharmacogenomics

A/Prof Sonia Shah

* Transcriptome-wide QTL analysis
* Integrating GWAS with omics data
* Prediction of drug effects

» Connectivity Map for therapeutics

THE UNIVERSITY

OF QUEENSLAND

AUSTRALIA

CREATE CHANGE

Oflgdsk

On-site lectures + hands-on
practical exercises

Construct your own week-
long course

6 modules offered, each 1.5
days, from 9am to 4pm

Each class size limited to 60
participants

Special Seminar, Social
Events, HPC & Lab tour

Scholarships available for
undergraduate students

Registration opens on 7t April

CRICOS 00025B - TEQSA PRV12080
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