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General I nfOrmathn . EMERGENCY CONTACT/UQ SECURITY: 3365 3333

 We are currently located in
Building 11A MODWEST
« Bathrooms 11A-130 &
* Vending machines ol
 Food court and other
bathrooms are located In

BBQ lunch area

11A-131

=1
ModWest

Building 63 or Building 21B o
If you are experiencing
cold/flu symptoms or have o}

Bike Racks

had COVID in the last 7 days g% -

Emergency Call Point

please ensure you are
wearing a mask for the A
duration of the module

James and Mary
Emelia Mayne




Learning materials

Instructions to access WiFi/desktop/server:

https://cnsgenomics.com/data/teaching/GNGWS26/module0/

The winter school server is available until 24t July 2026 (2 weeks after the course)
Slides and practical notes for this module:

https://cnsgenomics.com/data/teaching/GNGWS26/moduled/



https://cnsgenomics.com/data/teaching/GNGWS26/module0/
https://cnsgenomics.com/data/teaching/GNGWS24/module5/

Module structure 0 By

AUSTRALIA

+ WINTER SCHOOL

—— STATISTICAL GENOMICS 3 —

1.5 DAY PROGRAM | Q LECTURES & PRACTICALS | @ R, PLINK, PRSice, GCTA, GCTB

THURSDAY PM -@- FRIDAY AM

9:00 — 9:40am Lecture 3: Bayesian methods for polygenic prediction

1:00 - 1:40pm tecture 1: Tundame:‘\tals of poldyger;i;: pre:itz:ion Bayes methods with individual-level data and summary statistics.
t, utilities, icati , t X ’
JRESP ENIRR PR IR RS, SNC ST IETR 9:45 — 10:30am Q Practical 3: BayesR and SBayesR
: t Software: R, GCTB.
] Practical 1: C+PT polygenic score 10:30 - 10:45am ®  Moming tea break
1:45 - 2:30pm A : ; S 3
T Software: R, PLINK, PRSice. 10:45 — 11:15am Lecture 4: Bayesian models with functional annotations
i : Methods using summary statistics and functional annotations.
o 11:20 - 12:00pm Practical 4: SBayesRC
2:30 - 2:45pm ! Afternoon tea break >’ Software: GCTB.

{ FRIDAY PM

2:45 - 3:15pm Lecture 2: BLUP and pitfalls in prediction analysis 1:00 - 1:40pm G Lecture 5: In-house PGS workflow
B ; BLUP for PGS prediction and common pitfalls. Our workflow for PGS prediction using lab data.

. : Practical 6: Data quality control and PGS workflow
1:43 523080 g Software: R, PLINK.
Practical 2: BLUP polygenic score 2:30 - 2:45pm '.7 Afternoon tea break
3:20 - 4:00pm Software: R. GCTA =
OIRaTo: : 2:45 - 3:15pm Lecture 6: Evaluation of PGS for diseases
Accuracy assessment, visualization, and influencing factors.

Practical 6: Prediction accuracy for disease
3:20 - 3:45
P Software: R, PLINK.

POLYGENIC { ! STATISTICAL = PRACTICAL @®0  LEARN: APPLY « ADVANCE

PREDICTION methops | ) | anawvsis | @B | toceTHER 3:45 - 4:00pm Wrap-up and discussion

Q&A and future challenges.



Tutors

Jian Zeng Tian Lin Xuemin Wang Moksedul Momin




What are we predicting? 0 B

AUSTRALIA

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

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

Applications

/
) /MOST RSk FACTORS
5 ARE NotT LsStFuLLy
A (i
Vi K\K PREDICTIVE ...
/. PREDICTION

} RARELY LEADS

* Precision medicine (humans)

« Genomic selection (animals/plants)

TO  EFFECTIVE
| PREVENTION.

20 ‘I 9 GENOMIC PREDICTION

Source: Strachan & Read Human Molecular Genetics 3.

Complex Trait Prediction from Genome Data:
Contrasting EBV in Livestock to PRS in Humans

Naomi R. Wray,*"' Kathryn E. Kemper,* Benjamin J. Hayes,* Michael E. Goddard,***
and Peter M. Visscher*-* 7




A brief history of PGS in

THE UNIVERSITY

>~
O) | Henderson Lande & Meuwissen Vilhjalmsson || Macleod et New methods
@ (1975) Thompson et al. (2001) et al. (2015) || al. (2016) is (since 20146)
re) infroduced | | (1990) coined is the first the first LDpred?, RSS,
O Best Linear infroduced “genomic method to method to SBayesR, BayesRR-
O Unbiased the concept selection” use GWAS incorporate RC, MegaPRS,
- Prediction of Ymolecular || using dense summary biological PRS-CSx, PolyPred,
-I(l_) (BLUP). score”. SNP arrays. staftistics. information. SBayesRC, etc
: L —~ | |

>
C Livestock lllumina Purcell et al. Khera et al || Inouye et || Mavaddat
C_) breeding Bovine (2009) first (2018) al. (2018) et al (2019)
"6 (from 1980s) SNP50 chip || applied to found isa major || applied to
O adopted (2008) GWAS data equivalent || study in breast
= BLUP as @ evolved (schizophre risk to coronary cancer
O routfine dairy nia) with P+T monogenic || artery and its
<(El method. industry. method. mutations. disease. subtypes.



What's in a name? e

AUSTR ALIA

« 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 nucleotide 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 fraits

« 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 1o
describe PRS when risk alleles are the only predictors)
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Theory and methodology
Height

of polygenic scores (PGS)
are built on

our understanding of

Schizophrenia

“polygenicity”

INn complex traits.
Obesity




Common diseases are polygenic 0 By

AUSTRALIA

| Schizophreni &
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Many polygenic genetic architectures 0 By

AUSTRALIA

~ Type 1 Diabetes Rheumatoid Arthritis Crohn'’s Diseasse

S S _75

g g g :

20 s Ts, ‘®-PLOS | GENETICS

o Q Qv -

x x x

[} o [

[ [ @

S 10+ g ° g

_E 3 3 25 RESEARCH ARTICLE

g I § I II I 3 I I Simultaneous Discovery, Estimation and
0 II.I .l.l.lll-.-._-_.. I llllll 0.0 I II Prediction Analysis of Complex Traits Using a

|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||| H 1
12345678 910111213141516171819202122 12345678 910111213141516171819202122 12345678 910111213141516171819202122 Bayesian Mixture Model
Chromosome Chromosome Chromosome

Gerhard Mose sa gHong Lee', Ben J. Hayes®*, Michael E. Goddard®*, Naomi

Coronary Artery Type 2 Diabetes -
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Polygenic disease for an individual

9200 DNA polymorphic sites

0 Grey:. Homozygote no risk alleles (or equivalently 2 protective alleles)
1 Blue : Heterozygote one risk allele (and one non-risk/protective allele)
2 Red: Homozygote two risk alleles

Frequency

gessesssses .ee RV =risk variant
l - L ] -1 I-. - 4
e d, 4t e
. L 3 t t' 'I: 'i'- ':' it‘t 4
'l'-: e :I I- l'l 4 441
: ‘- [ 1 ] .-'l "l
ittt Average person 900*2*0.1 = 180 risk variant
* --ll' : :'-I ..l' *
,': {iEiiEtsees 't i :_ Mean +/- 3SD: 142 to 218

1500

0 500

THE UNIVERSITY
OF QUEENSLAND
AUSTR ALIA

il

| [ | I I
140 160 180 200 220

Frequency of risk variant af each site: 0.1 (P)  ~ount of RV in bopulation

Toy

example




Polygenic disease for an individual

« We all carry

- risk variants for
Affected over lifetime all diseases.

Seount RV =202\ AountRV =198\  AountRV=214 AountRV=208\ ountRV=21X | o o

H . H+ H HH LTI Y ge ey HH H H i-.‘ HHH E : . HHTH T HHHH [ 1]
L i . . » . . . * . . . i - - -o . [
] :t LR a1 H . .i‘ $ ‘: ; $iis .=:.- i“’i t . H1H ‘;!"..“. HH ‘e ! - H 4 .. H :-" HH i .'. *s :
L . !t s _ada® . - . . .o . - . * i z . *
Teliiatiia : ] P st ."' HEHH : . t‘ et gren : esege . '.'. * 2 '. o* : t. H ’ '.' siiect
i | | EsainE gnnnnmnnnn | | amnannisn nee gt fneel o Those affected
.= H l.. HHHH H - &". : i... : H $ee ot HrHH t.i: : ‘:’ H-+ H .‘.!‘ $ .t. H ;4. s $ ;: : s . .+': 2 i H .
. . e »® e L . . . . . " . . .
. H . : . il. . e i . . «Tee » . . . i ., ! 1 : !i . COrry G hlgher
] e LR L : HH e W 3 H i .. " 2 e .8 H H 44 - sses H FHH
. - 4’* . (1] . . . . '] . . .. U T T ] . -
- .3 : e« _ae 3 i 13 - . §34 LEE e e £ L : ] " girsigesss ] ] - i t1EEE ]
- P H e . L] - L3 - . sew s 8 ® . = - . -. L4-04 S PR L b bU rd e n
’:‘ . .. !' H $ PP P *s ’4'& '] P ii..“‘ LAt LI 1) . : 113 t’ - ! (13 t . . PEEEE e HY H .
11y . 1 ] H ot 14 i . " e .. . H PRI s’s? . 4 H . : Lt B
L] . - '] 1] L] L] L] . .. .o - HHHHHH .. - . ..

L. « Non-genetic
Not affected over lifetime factors

/ ount RV = 18}\ éount RV = 168\ / ount RV =171\ Aount RV =189\ /Gount RV = 109\ confribute to
sesseng ... P

L X " : ..i.: L] t‘ : L 1O L ] ” (1] :i L ] L ] L B 1 Q. rISk -I-OO

HTrH ses s s H L T T Y S .
Hd :‘ i H : .‘ f’:.;.. : ’;-.!' “‘I.I .::: :, c.:‘-:: 'o -‘:: .tt Y .:. ::: : ":‘4;..t .=. i ":c ‘.. .f“ i .“: ;o -’ o’
gitaedint | LT Rl T e | e T s | Egeh person
H L LI TELIE L 11 ot eeieed aie t“ . * e $1518313 i R R I i . .
.i 3 ;'.;:. : :o :fp. .: 2 $ i Pt R Tt R $ - 33338 l: 131 H ;‘;‘.= '== f-:‘ H :"I.- TEETESE §sssse .4=“:t .E.h:l:vﬂ:"i‘ carries d
u. Uil T '.E .&‘ i $ $ $eeiieisasacass § $251 O:‘, H t‘ .:t: : ; " ’u H -f 13 “‘2.:‘. .: HH e “‘24":0‘ iii i: ."'. " Uﬂique
ot i "': ] "“...I H :- ﬁ i s ..- i : ot‘ 3 :.'!‘o l: i i131t 'o‘ lt ‘a“ i l'- H "!“ ¢ E sialiite oif.‘ tt' * et por-l-folio Of risk

alleles
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Polygenic score

» “True” polygenic score

SeountRV=18X_  ountRv=168\ ountRV=171\_ ountRV=180_ ountRV = 199\
HHHHHEE i s H FHH b R H R HHH
IR SaiH— | | SR Hijiaiai T
] "g. i ':. T ..: .}.. i § Yegh ! Hilt i ot
it Fat LR 3 e i Kl i BT
EEOH S T $i3 st L § E PR
T i T 8, e Eitasitasatate $ R
i i i % ¢ BETATIN R $ JOIILIOCH
Genetic variance between people attributed to all genetic factors V(A) h* = V(P heritability
© | | | | |
140 160 180 200 220



Polygenic score

» “True” polygenic score

Not all variants captured
on genotyping arrays

Genetic variance between people attributed to all genetic factors V(A) = Vo) ernraoiry
V(A: SNP)
hinp = hé — V(P)

SNP — based heritability

Genetic variance between people attributed to all genetic factors
associated with SNPs on genotyping arrays
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Polygenic score

In reality, risk variants have different effect sizes.

Therefore, PGS is a weighted count of risk alleles:

— nsnp
PGS = ,319511 + ,32212 + IBleB - ~j=1 'fo”
0; lor2 Which SNPs?2
Risk alleles
What weightse

« Don't need to know causal variants for prediction!

 Prediction can be based on correlated variants.

Evaluate AUC statistic:

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

log* (¢)

PRRPRRRRRD RAPROPRDEP

PRrPRORRRD RRPRDERDRP
rRveRvEREE PRPRDPRDER
..,

27=

1=

JWN MM JL

Tt
1 2 3 4 5 6 ? 3910 H 14 16152021
osome

L. Large genome-wide association study

2. Get association

3. Methods to choose DNA variants and to cecide their weights

TREFPE FERPDD

SUmmary statistics

;\:../—

A A

4. Evaluate PRS In samples with known 5. Calculate PRS for Individuals with unknown disease
case-control ssatus Status and benchmark risk 2gainst population

Accuracy of PRS couid be lower when appiled in non-European individuals



Limitations in prediction accuracy

< PGS have a theoretical upper limit dependent on the heritability of I
the trait (how much of the variance of trait values between people is ,
- - ]
attributed to genetic factors). h
[ ] hénp
[ ] R?
% PGS have a technical upper limit associated with the proportion of
variance tagged by the DNA variants measured. Schizophrenia
Max:
25% Liability
<+ PGS have a practical upper limit dependent on the sample size of AUC 0.84
the discovery sample used to estimate effect sizes of risk alleles, and
the quality of the discovery sample. Current:
11% Liability
AUC 0.74
% PGS can be pushed closer to the technical upper limit by the Polygenic scores cannot
statistical methodology used to generate the optimal weighting be highly accurate
given to the risk alleles, and new methods integrate new biological predictors of phenotypes

data.



Parameters determining the prediction accura€y::"

The expected value of prediction accuracy:

hZ : True variance explained by the predictor
depends on the SNP seft - subscript m.

h2
Variance explained by 2 — m
the predictor 1 + C
m
C = >
NK2,

- N: discovery sample size

C: captures the error in estimation

AsC> 0, R > k2,

- m: the number of SNPs (assume LD-independent)
- h2,: the SNP-heritability captured by m SNPs

Wray et al (2019) Complex trait prediction from genome data. Genetics




hz depends on the SNP set - subscript m.

hZ : True variance explained by the predictor

Variance explained by
the predictor

C: captures the error in estimation

AsC-> 0, R2 > k2,

We want C to be as small as possible:

« C decreases as Discovery sample N increases C ~

Nh%,

« C decreases as the number of SNPs in the SNP set m decreases

As m gets smaller, h?, also gets smaller

How to optimise m and h3, to get max R? ?

Wray et al (2019) Complex trait prediction from genome data. Genetics

20
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JAMA Psychiatry | Review
From Basic Science to Clinical Application of Polygenic Risk Scores

Will people withOUT known family history have high PGS? A Primer
MOYbe, Clﬂd .I.hO.IJS imporTOnT! Graham K. Murray, MD, PhD; Peter M. Visscher, PhD

Not affected over lifetime

count RV = 18 count RV ﬁ:ount RV =17 / ount RV = 193\
H - : [ e T ] " . ..i.: . . . . B [ I ] L ] L 3 t
t L 1 L ] HH &‘ 2 - L 1] .. (1] H
-k e t.i i‘ ”:it “. ' L] ! ‘.‘ 2 3 - 4 L] .i .‘ [ XT3 4 ’
..l .: t: :- ' ::':t.t " ctii : - Hil : .---. ' 414 .i"
it HH '-t. :. '.’:. 533 P t-& FEH .« . i "."‘ i F141 "f . ! .
.i i “.;.. H HH '.!:‘ ‘: § i :: § ."' .‘.& L 3 L 3 2 L ] H U.i.‘.t E!t.‘ '.t."‘
.‘l ot : .': .‘ L] H : et H : :t:‘ e ..ti“:i‘ .‘: i-.t:-: "
‘il [ ] iii‘t [ ] ’ L ] [ ] L] : L] [ ]
- 2 i. (1] i’ : - .. !i i .t [ B B ] 1 i‘t.‘r tt....:ii'

Grey. Homozygote: Two non-risk/protective alleles — always passes a non-risk allele to child at the locus
Red: Homozygote: Two risk alleles — always passes a risk allele to child at the locus
Blue: Heterozygotes: One risk allele & one non-risk allele —

passes a risk allele 50% of the time & a non-risk allele 50% of the time



Children (Parents: 171 & 189)

Children of
these parents
Mean: 180
+/-3SD: 153-207

Genefic variance
within the family

Population
Mean: 180
+/-3SD: 142-218

No family
history, but by
chance
segregation of
alleles has high
genetic risk
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Will people with known family history have high PGS? JAMAPsychistry | Review o o o
From Basic Science to Clinical Application of Polygenic Risk Scores
Maybe, maybe notll A Primer

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

Affected over lifetime
/ ountRV =202\ /CountRV =198\ /ountRV = 21)\ /Count RV =208\, | AountRV = 21}\ 180
- L ] " L ] H . ‘:U H . HH " ‘ . - H H . = .‘ .‘ :‘.. + ++ l 2 1 +*
’ L] ‘& &.= L1} ’ i!‘ H t 32 "; :". ..=:.. i‘.’. t : - ... ‘;!.‘ ‘t.. : L] g ' -= .i &“‘ .. “ :‘:’ ;‘: .“ 4 “::.. . ’.: q I ! Iqi-: :‘lt:tl‘.i-l-
.‘ ’ i- ‘i : i. - ‘i‘: H “l 444 1H “.. : i. tl- :.ii H : ;i‘t t :ii’: L ] H .‘ .. i- ’ “ ‘i!: ’ H ’ .‘ “. - L] H ";T-'. : - 3 : 1 -
‘4‘ H ".o'. :'t::“ :t :.t 3‘ : .t“ L] ,run. E "‘ t‘zf .o"=.. “.‘. .:'! 4:' ’. : :.. “:!‘. .i L] .I...- ‘-34'4 l:.-. L] !o : " t. : ! : I- +_+ ":'-.I -;_ 5
‘i :l. :i:‘ .i ‘ii.. H "O i“ itli': i..’ .‘. l‘: L1} ’ +H t :i. i"".‘t 3 .‘ H H : E j ’ ' :' i ! : t‘ ll ' !‘ H - : E I.. II
SIRSITERRRESERREERLISSEIELENNS HiH R i G Y SEEISTRRIAEIBAERICISRNNS ; § R oo e
t: L] L] .i . L 3 .= .‘ L] .i - L] L 12 L ] L] = L] L] L 3 L ] L1} ii.=i.i. L 1] t - L] -, t * ELL 8 i
SRR | | e | | SRR | | | R | | | | | S

Grey. Homozygote: Two non-risk/protective alleles — always passes a non-risk allele to child at the locus
Red: Homozygote: Two risk alleles — always passes a risk allele to child at the locus
Blue: Heterozygotes: One risk allele & one non-risk allele —

passes a risk allele 50% of the time & a non-risk allele 50% of the time



Children (Parents: 206 & 180)
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Genetic
variance
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Children of
these parents
Mean: 193
+/-3SD: 166-220

Population
Mean: 180
+/-3SD: 142-218



Utility and applications



How useful is PGS in practice?

Different views of the same data L S
Top 1% ' in
. @/ L e
100 - ‘ e i 1in 21
g 7 ‘ 2 o . PireierInIee
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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



Disease heterogeneity within patients

Combine PRS with known risk mutations
Breast cancer
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Kuchenbaecker et al: Evaluation of polygenic risk scores for breast and ovarian cancer risk prediction in BRCA1 and
BRCA2 mutation carriers. J Natl Cancer Inst (2017)



Increase 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



JAMA Psychiatry | Review

From Basic Science to Clinical Application of Polygenic Risk Scores
A Primer

Clinical applications

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

Aiding diagnosis

Population screening :
INn unclear cases

Informing treatment decisions

where PRS
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Likely Common diseases/ Potentially all common
applications: disorders for which there diseases/disorders but little data
is already population screening available to date
Likely first Cancers: breast and colorectal; common eye Inflammatory bowel disease is a flagship
applications: disorders: glaucoma, macular degeneration; in the genetics of common disease:
heart disease perhaps we will see first applications here? 29
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Other applications of PGS

Identify correlates of genetic factors

e.g. Educational attainment PGS predicts early speech acquisition and is mediated by cognitive ability
(Belsky et al., 2016).

Identify causal effects of genetic factors
Sibling data and family fixed effects — causal effect of PGS

Study GxE

e.g. Increase of compulsory schooling age in U.K. reduces BMI only among those with a high-BMI PGS
(Barcellos, Carvalho, and Turley 2016)

Use as control variable

To control for confounding genetic factors or to increase statistical power for estimating the effect of a
randomized treatment. If incremental R3., is 15%, then power increase is equivalent to 17% increase in
sample size (Rietveld, 2013)

Genomic selection in livestock and crops
From Aysu Okbay
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Polygenic scores

Polygenic score (PGS) is a weighted count of risk alleles

PGS = ,519511 T '82712 T 133%3 = ZnSNP IBJle

i

O' I or2 Which SNPs2

Risk alleles

What weightse

« Don’'t need to know causal variants for prediction!

 Prediction can be based on correlated variants.

PhrdRRRRNE FPERPERPED

PRRRRRRRED ROPRRORRP
vheeReeRed dbddbbbvid

<,

X
/A

LL LS

2. Get association

Mﬂ MM“L

"1 2 3 45678910 12 141618202
Chromosame

3. Methods to choose DNA variants and to ceclde their weights

1. Large genome-wide assoctation stucy

SUMMary stasistics

PRERRF DERDED 2

A 5

4. Evaluate PRS In samples with known 5. Calculate PRS for Individuals with unknown disease
C5E-COntrol St Statis and benchmark risk 2g2inst poputation

Accuracy of PRS couid be lower when appiled in non-European individuals
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SNP Weights

1513

-logldipvalue)

a.o

15 16 17 & 19 20 21 22

GWAS results give us B7"4%, not ;. Two issues to considef when constructing Y 3EWASx,;

1. For some SNPs, 745 may be § very noisy estimatg of g; and/or g; may be close to 0, so adding
those SNPs will odd more noise than signal

2. Ifwe include all SNPs, we will overweight (“double-count”) SNPs with high LD scores

From Aysu Okbay



Two solutions

f N .

Clumping and P-value nsnp Whole-genome regression
thresholding (C+PT) Bixij approaches
Include only the most strongly =1 Include all SNPs but adjust
associated SNP from each LD the effect sizes for LD
\block (Purcell et al., 2009) ) \_ )
Weights: Set equal to GWAS Weights: Set to GWAS coefficients
coefficients. adjusted for LD - from a random-effect
Loci: Selected by model regressing the phenotype on all
P . . SNPs
1. using a clumping algorithm that _
ensures the included SNPs are all Loci: Include all SNPs, no LD-based
approximately independent of pruning
each other
2. omitting SNPs whose P value for Examples: BLUP (Meuwissen et al. 2001),
association with the phenotype is LDpred (Vilhjalmsson et al. 2015, Prive et
above a certain threshold al. 2020 ), PRS-CS (Ge et al. 2019),

SBayesR (Lloyd-Jones et al. 2019)



Clumping & P-value thresholding (C+PT, or P+
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o [ . '
Prediction R? ) Sy

The proportion of phenotypic variance explained by PGS in the validation sample.

Often adjust for covariates (sex, age, and top 10 PCs) to account for differences
between groups:

* Nullmodel: y = covariates + e
* Fullmodel: y=covariates + PGS + e

. 2. p2 Y
Incremental R“: Rz,,;; — Ryun

R'=0 R'=05 R =09

Phenotype
Pranotype




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

Incremental R2

Predictive power of P&T PGS with different clumping r?
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5x 1078

2

and P-value thresholds

5% 107> 5% 1073 5% 1072

mr<=0.1

P-value threshold

r2=0.3 ®Wr?=0.5 Er?=07

5x 1071

ré=1

» Cohort: Health and
Retirement Study

* Phenotype: Educational
attainment

From Aysu Okbay
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More advanced methods I

A weighted sum of the count of risk alleles

-~ — — n How many SNPs?
PRS = Bixi1 + BaXiz + Baxiz + - = X5V Bixij  \wyryon snpe

What weightse

New methods model
genetic architecture

L Dpred-Inf LDPred? BSLMM SBayesR
SBLUP /\ SBayesC /A\
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Polygenic risk score methods
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Table 1. Summary of Methods Used to Generate Polygenic Scores

Biological

Archival Report

Tuning Predefined Parameters Estimated in Psychiatry
Method Distribution of SNP Effects () Sample Parameters Tuning Sample
PC+T None Yes - p-value threshold
SBLUP h2 No P -
B~N (oﬁ) LD radius in kb
h2: SNP-based heritability, m: number of SNPs; 2 = m(1 — h2)/hZ C 1 1 S
LSNPy ol SRS A Comparison of Ten Polygenic Score Methods
predZ2-In ame as {e] 9 - - - - - -
LD racius in e or for Psychiatric Disorders Applied Across Multiple
LDpred-funct B;~N (0,ca?) No CSD s bor of - Cohorts
radius In number o
f 1,250C07 = hZ, ¢ is a normalizing constant, o7 is the expected SNPs
=
per SNP heritability under the baseline-LD annofation model Guiyan Ni, Jian Zeng, Joana A. Revez, Ying Wang, Zhili Zheng, Tian Ge, Restuadi Restuadi
estimated by stratified LDSC from the discovery GWAS within L - 4 " 4 ’ 4 ’ . A
LDpred-funct software Jacqueline Kiewa, Dale R. Nyholt, Jonathan R.l. Coleman, Jordan W. Smoller, Schizophrenia
LDpred2 2 Yes 2 , sparsity Working Group of the Psychiatric Genomics Consortium, Major Depressive Disorder Working
N (o,i), with probability of  software default Group of the Psychiatric Genomics Consortium, Jian Yang, Peter M. Visscher, and
B~ wm values, LD radius in Naomi R. Wra:
. - cM or kb - y
0, with probability of 1 —m
When sparsity is “true,” the §; for SNPs in the (1 — =) partition are
all set to zero
Lassosum f(B) =yTy+(1 — s)B'XIX,B — 2B'Xy+sB"B+2 2B/} Yes LD blocks s
X;: n X m matrix of genotypes of LD reference sample, where n is o = ['®) - - -
sample size § g 0.10
PRS-CS ) Yes a=1,b=05 ¢ T = -
B~N (of’;w,-) n o e g
LD blocks ©°20.08 ! %
Y~G (a,5) S o 0.07 ! /
6i~G (b,¢).¢ is a global scaling parameter T o 1 %
g £ 0.06 ! j %
PRS-CS-auto Same as PRS-CS, but estimates ¢ from the discovery GWAS No a=1,b=05 - g ;i_ 0.05 1 /
n )
LD blocks
o
SBayesR 0, with probability of 74 No LD radius in cM or kb - g 40 C
c=4 =
N (0,70%), with probability of » software default B g 35
B; | 7,05~ values S8
e o g3 ¥
N (0,v.0%). with probability of 1 = >~
c=1
B~inv — 2 (df. = 4) .
7 ~Dir(1), estimated from discovery GWAS in SBayesR software (Y R d ff 'I' d I f d ff 'I'
T ar scaing parameters anaom elrects modadels > 1ixed errecCts
MegaPRS Lasso: ;~DE (4 /aj) Yes LD radius in cM The tuning cohort is used to

Ridge regression: §;~N (0,vo?)

_ 2
N (0,%>.with probability of =

BOLT-LMM: §;~
2
N (0, %) with probability of 1 — 7

f, is the proportion of the total mixture variance in the second normal
distribution

BayesR: similar to SBayesR with C = 4, and m; and v; estimated in the
tuning sample

(7,2 is the expected per SNP-heritability under BLD-LDAK model using
SumHer

or kb

Parameters used
in BLD-LDAK

Grid search parameter
values for each
method

estimate the parameters

that maximize prediction

for each model, and from

these the model that

maximizes prediction is

selected PY

models

Mixture models > non-mixture
(infinitesimal) models




Summary R B

Polygenic scores are imperfect but useful genetic predictors.

Their accuracy is fundamentally limited by heritability, SNP set, and
sample size.

A high PRS is mostly a consequence of genetic sampling.

PRS have the potential to differentiate risk between family members
who have the same family history information.

Being evaluated in clinical settings and are often combined with other
predictive measures to predict the total disease risk.

C+PTis a simple but commonly used method to calculate PGS, which
involves SNP selection and requires an independent tuning sample.
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Summary I or umpsians

PGS are not ...

Not diagnostic and never will be.

Not absolute risk and do not provide a baseline or timeframe for the
progression of a disease.

Not and never will be stand-alone predictors of common diseases.

Not equally applicable across populations — at least not yet.
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Recommended reading

1. Wray NR, et al. Complex Trait Prediction from Genome Data: Contrasting EBV in Livestock
to PRS in Humans: Genomic Prediction. Genetfics. 2019 Apr;211(4):1131-1141. (Review of
polygenic prediction in livestock and humans)

2. Wray NR, et al. From Basic Science to Clinical Application of Polygenic Risk Scores: A
Primer. JAMA Psychiatry. 2021 Jan 1;78(1):101-109. (Review of clinical application)

3. Khera AV, et al. Genome-wide polygenic scores for common diseases identify individuals
with risk equivalent to monogenic mutations. Nat Genet. 2018 Sep;50(9):1219-1224.
(Demonstration of utility)

4. Euesden J, et al. PRSice: Polygenic Risk Score software. Bioinformatics. 2015 May
1;31(9):1466-8. (Popular tool implements the C+PT method)

5. Martin AR, et al. Clinical use of current polygenic risk scores may exacerbate health
disparities. Nat Genet. 2019 Apr;51(4):584-591. (Poor cross-ancestry portability and
consequences)
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Questions?

~ Gentle reminder to sign the signing sheet if you haven't ~
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Practical 1: Computation of PRS using C+PT

https.//cnsgenomics.com/data/teaching/GNGWS26/module5/Practicall Basic method.html

To log into your server, type command below in Terminal for Mac/Linux users or in Command
Prompt or PowerShell for Windows users.

ssh username@hostname

And then key in the provided password.


https://cnsgenomics.com/data/teaching/GNGWS25/module5/Practical1_PRS.html
https://cnsgenomics.com/data/teaching/GNGWS25/module5/Practical1_PRS.html
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