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Polygenic score (PGS) methods

A weighted sum of the count of risk alleles

PGS = fx;1 + Baxiz + B3xiz + -

Basic method:

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

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

« Select on a p-value threshold
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Polygenic score (PGS) methods

A weighted sum of the count of risk alleles

o A 2 n
PGS = B1xi1 + Baxip + Paxiz + - = Z >F ,Bjxu

Can we simultaneously use all SNPs?

Yes! But ...

cannot aggregate GWAS effects

due to linkage disequilibrium (double counting)

How many SNPse
Which SNPs?
What weightse

CRICOS code 000258



Polygenic score (PGS) methods

A weighted sum of the count of risk alleles

L _ _— n How many SNPs<¢
PGS = f1xi1 + B2xip + faxiz + -+ = Z SNP :BJxU Which SNPs?¢

What weightse

Estimate SNP effects with a multiple regression?
Yes!
But ...
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Least squares method

Linear mode|

y=1,u+Xp + e

where
« yis avector of n phenotypes,
u is the mean,
X is an incidence matrix of individuals’ genotypes for all SNPs,
p are the fixed effects of the m SNPs,
e is a vector of random residuals, e ~ N(0, a2)
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Least squares method I ol

Least squares (LS): minimising the sum of squares of the residuals.
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Least squares method

Linear model
y=1,u+Xp + e
LS solutions
A =ler o K
Bl X1,
No unigue solutions when #SNPs > #individuals
(o > n problem)

OOOOOOOOOOOOOOOO
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Linear mixed model

y=1,u+Xp + e

where

« yis avector of n phenotypes,
* Uisthe mean,

« X is an incidence maitrix of individuals’ genotypes for all SNPs,
« B are the random effects of the m SNPs,
- eis a vector of random residuals, e ~ N(0O, ¢2)

Assume SNP effects come from normal distribution with
same variance B ~ N(0, d5)
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Assumed distribution of SNP effects
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Best linear unbiased prediction

To estimate random effects (Henderson 1975 & Robinson 1991).

Best: minimum mean square error within class of linear predictors
Linear: random variables B are linear functions of the daftay

Unbiased: the average value of the estimate of B is equal 1o the
average value of the quantity being estimated

Predictor: to distinguish random effects from fixed effect estimates
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Best linear unbiased prediction (BLUP)

Linear mixed model

y=1,u+Xp + e
BLUP solutions
R e I s
B X1, X x + 11

| = idenftity matrix (dimensions m x m)

A =0/ of

OOOOOOOOOOOOOOOO



BLUP solutions

R i e
B X'1, XX+I/1

LS solutions
R P

OOOOOOOOOOOOOOOO



Example

e 10 SNPs
 Only 5 phenotypes

Individual

o &~ WODN

0.19
1.23
0.86
1.23
0.45

X

12345678910
000000120 2
100111210 1
100100111 1
111101211 1
011111210 1
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Example

X

let 1,/ =[11111] Individual y 12345678910
1 019 000000120 2
123 100111210 1
086 100100111 1
123 111101211 1
045 011111210 1

Assume value of 1 for A

g ~ WO DN

BLUP solutions

[ i I
gl ~ [x1, X'X + 11
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BLUP solutions

1,X ] [ nY
X'X + IA

3.96
3.32
1.68
1.68
3.77
1.68
2.9
6.87
4.15
2.09
4.15
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BLUP solutions

=t extul B
B 1, X’ + 1A

<
e

3.96
3.32
1.68
1.68
3.77
1.68
2.9
6.87
4.15
2.09
4.15
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BLUP solutions

o= [ea el [
B ’ X'X + 17

<
e
-

3.96
3.32
1.68
1.68
3.77
1.68
2.9
6.87
4.15
2.09
4.15
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BLUP solutions

ol = [¥ar xx'vul
gl 1X1, XX+11

3.96
3.32
1.68
1.68
3.77
1.68
2.9
6.87
4.15
2.09
4.15
CRICOS code 000258 18
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BLUP solutions

ol =[en xxnul [
B X1, XX+1I1

5.96 -0.46 -0.04 -0.04 -0.81 -0.31 -0.01 -1.01 -1.19 -0.50 -1.19 3.96
-0.46 0.65 0.11 0.11 -0.11 0.08 -0.06 -0.06 0.11 -0.18 0.11 3.32
-0.04 0.11 0.72 -0.28 -0.03 0.04 -0.11 -0.11 0.03 -0.07 0.03 1.68
-0.04 0.11 -0.28 0.72 -0.03 0.04 -0.11 -0.11 0.03 -0.07 0.03 1.68
-0.81 -0.11 -0.03 -0.03 0.83 -0.09 -0.05 -0.05 0.17 -0.09 0.17 3.77
-0.31 0.08 0.04 0.04 -0.09 0.68 -0.12 -0.12 0.09 0.24 0.09 1.68
-0.01 -0.06 -0.11 -0.11 -0.05 -0.12 0.76 -0.24 0.05 0.07 0.05 2.91
-1.01 -0.06 -0.11 -0.11 -0.05 -0.12 -0.24 0.76 0.05 0.07 0.05 6.87
-1.19 0.11 0.03 0.03 0.17 0.09 0.05 0.05 0.83 0.09 -0.17 4.15
-0.50 -0.18 -0.07 -0.07 -0.09 0.24 0.07 0.07 0.09 0.68 0.09 2.09
-1.19 0.11 0.03 0.03 0.17 0.09 0.05 0.05 -0.17 0.09 0.83 4.15
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Example

BLUP solutions

Mean
SNP1
SNP2
SNP3
SNP4
SNP5
SNP6
SNP7
SNP8
SNP9

SNP10

0.47
0.29
-0.05
-0.05
0.08
-0.02
0.13
0.13
-0.08
0.11
-0.08
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“Smear” the effect

over SNPs in LD
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PGS prediction with BLUP Ll

Now we want to predict PGS
phenotypes

of a group of young individuals without

PGS = Xf

We have the 8, and we can get X from their genotypes (after genotyping)......

Young
individuals

X
1111111210 1
2100111110 1
3100111210 1
4100112210 1
5000000120 2
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PGS prediction with BLUP

PGS = Xp

X B
111111210 1 0.29
100111110 1 -0.05
100111210 1 -0.05
100112210 1 0.08
000000120 2 -0.02
0.13
0.13
-0.08

0.11

-0.08

PGS

0.48
0.45
0.58
0.71
-0.19
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Shrinkage S

A =c? /aﬁ2 IS known as the shrinkage parameter

It shrinks LS estimates toward zero 1o an extent depending on the
noise-signal ratio.
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Shrinkage o

A =c? /aﬁ2 IS known as the shrinkage parameter

X
lgnoring mean and other SNP Individual y |
5 X1y 1 0.19 0
P = X1 X142 2 123 1

= (0*0.19+1*1.23+1*0.86+1*1.23+ 0*0.45)/(3+1) - oed
4 1.23 1
5 0.45 0
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306
te of Mathematical Statistics, 2009

. ) E;timating Effects and Making Predictions
Shrinks LS estimates toward zero from Genome-Wide Marker Data

Michael E. Goddard, Naomi R. Wray, Klara Verbyla and Peter M. Visscher

i) Least squares ii) BLUP
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BLUP avoids selection bias!
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Property of BLUP

Statistical Science
2009, Vol. 24, No. 4, 517-529

DOL: 10.1214/09-STS306

© Institute of Mathematical Statistics, 2009

Estimating Effects and Making Predictions
from Genome-Wide Marker Data

Michael E. Goddard, Naomi R. Wray, Klara Verbyla and Peter M. Visscher

Unbiased: E[B | BgLup] = BeLup 2 =

-+ //’Pj.f
In contrast, for LS estimator: E[B.s | B1 =B o ; {':‘/
,.// d

= o — /..f"’
Desirable property of a genetic predictor: ' o
The regression of y on the predictor has an 7 | l | , |
intercept of zero and a slope of one. 4 2 0 2 4

BLUP({b)
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Where do we get A frome

e |f know aﬁz, then know A.

+ Can estimate total additive genetic variance (of) and divide by
number of segments, e.g. o3 = o /m

« Assumes SNPs capture all of genetic variance!
« Estimate with REML
« Bayesian approach

 Cross validation

CRICOS code 000258 27



Examples of BLUP applications

THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Genomic selection in livestock

Use genome-wide SNPs to estimate the breeding
value of selection candidates.

“Genomic selection” = “precision medicine” for
animails

U.S. dairy population & milk yield

- 10 000
25 T
o - 7500
-2 =
S =
= 15 - =
E - 5000 &
5 | o
g 10 + s et SR g
o
L 2500 2
gy —U.S. cows
‘.—U.S. milk per cow
O+r—T—T—T-TrrrrTrTrTrTr T T 0

1940 1950 1960 1970 1980 1990 2000 2010
Year

/Reference population

genotypes
\and phenotypes )

1

Prediction equation
Genomic breeding value =
WXq + WoXy + WXy

CRICOS code 000258
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\
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Examples of BLUP applications O S

Humans - CrOhn’S d|Sease Chen et al. 2017. BMC Medicine.

« Inflammatory Bowel Disease
« Affects 2in every 1000 people (approx.)

« 68,000 IBD patients and 29,000 healthy controls from 15 cohorts, European descent
« 909,763 GWAS SNPs or 123,437 SNPs on the custom designed Immunochip

Prediction methods:
o Genetic profile risk scores (GPRS) constructed using effects of all SNPs from GWAS
o GBLUP

o Elastic net (EN)
o BayesR - Bayesian method that models SNP effects as a mixture of 4 normal distributions.
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Examples of BLUP applications

Humans — Crohn’s disease

0-1
0.9 -

AUC

. T e

0.6 -

0.8 - Q-*
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Chen et al. 2017. BMC Medicine.

Assess value of predictions as
“Area Under Curve” (AUC) from
5-fold cross-validation

100
o[

60 |

sof

True Positive rate (Sensitivity)

20

0 "I 11 ' 11 | ’ L1 1 l 1L 1 I 1L 1 I
0 20 40 60 80 100

False Positive rate (100-Specificity)
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Summary I ey

BLUP

« Simultaneously estimate all SNP effects as random

o No need to prune on LD or select p-value threshold

o No need to know causal variants or biological function
« Assumes normal distribution on SNP effects with equal variance
 Need to specifty the shrinkage parameter

 Unbiased estimates of SNP effects

* |Improved prediction accuracy in practice
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Questions?
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Practical 3: BLUP

https://cnsgenomics.com/data/teaching/GNGWS25/module5/Practical3 BLUP.himl

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.
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