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THE PURPOSE OF TODAY

* Give an introduction to polygenic scores (PGS)

¢ Provide an introduction to complex trait genetics

» Monogenic vs multifactorial aetiology

** How we can utilize genomic data to elucidate
molecular genetic aetiology underlying complex
traits

» Genome-wide association studies (GWAS)

«» Stratify a population/cohort by their inherent genetic
load towards common complex diseases

 Polygenic scores (PGS)
s ldentify future projects of common interests g | T
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AGENDA

08:00 — 08:30
08:30 - 09:10
09:10 - 09:20
09:20 - 10:00
10:00 - 10:10
10:10 — 10:40
10:40 — 11:00
11:00 — 11:45
11:45 - 12:30
12:30 — 15:30
15:30 - 16:00

AALBORG
UNIVERSITY

Welcome and common introductions

Session 1: Introduction to Polygenic Scores (PGS)
Break

Session 2: Data Sources and Computational Methods
Break

Session 3: Evaluating and Interpreting Polygenic Scores
Break

Session 4: Advanced Applications and Future Directions
Lunch and short walk

|dentification of 2-3 projects of common interest

Next steps and thank you for today

PAGE



AGENDA

08:00 — 08:30 Welcome and common introductions
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AGENDA

08:30 — 09:10 Session 1: Introduction to Polygenic Scores (PGS)
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SESSION 1

Precision Medicine?
Complex traits?

Genetic variants as chilies
What is a polygenic score?

What is needed to compute a polygenic score?

Why so many different methods?

(/ AALBORG
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WHY STUDY THE
HUMAN GENOME

s A story about the gene PCSKO9.

T




A GENETIC VARIANT IN PCSKI9 IS
ASSOCIATED WITH CHOLESTROL LEVELS

© LDL is a strong risk factor for heart disease.

53
o

© Carriers of nonsense mutation (filled symbols, A 49
heterozygous) within the PCSK9 gene display <5%
markedly decreased LDL-C levels. Age 23 20 oe
© Carriers are apparently healthy. .
LDL-C ND 14 80
© Why is this a very interesting observation? Percentile <5% 29%
® PCSK9 could be a new drug target for lowering
6 3 12
LDL cholesterol. B B O
30 37 104
<5% <5% 60%
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Cohen et al 2003, Nat Gen



PCSK9 INHIBITION WITH EVOLOCUMAB
ON LDL CHOLESTEROL

Familial hypercholesterolaemia (FH) is a ~®- Placebo every 2 weeks (n=54)
. . . . 20— —4— Placebo monthly (n=55)
monogenic disease affecting 1 in 250 people ~#- 140 mg evolocumab every 2 weeks (n=110)

—#- 420 mg evolocumab monthly (n=110)

and increases the likelihood of having
coronary heart disease at a younger age.

o
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204

FH increase LDL-C in blood = increase
heart disease risk.
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In patients that are heterozygous for FH
gene mutation evolocumab reduced LDL-C.

Change from baseline in LDL cholesterol (%)

-80 T I I I
Baseline Week 2 Week 8 Week 10 Week 12
Evolocumab every 2 weeks .. T T T T T T
Evolocumab monthly .. T , T . T
( AALBORG PAGE
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Raal et al 2015, Lancet
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PCSK9 INHIBITION WITH EVOLOCUMAB
ON LDL CHOLESTEROL

In patients with cardiovascular disease.

At 48 weeks reduction of 59% LDL-C with evolocumab.

100+

0N,

Placebo

80|
70|
60 |
50 |

404 |

304 k-\

LDL Cholesterol (mg/dl)

20+

104

Evolocumab

T T T T T T

0 T T T
04 12 24 36 48 60 72 84 96

Weeks
No. at Risk
Placebo 13,779 13251 13,151 12,954 12,596 12,311 10,812
Evolocumab 13,784 13288 13,144 12,964 12,645 12,359 10,902
Absolute difference (mg/dl) 54 58 57 56 55 54
Percentage difference 57 61 61 59 58 57
P value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

T T
108 120

6926
6958

52

<0.001

T
132

T
144

3352
3323

53

<0.001

T
156

1
168

790
768

50

<0.001

164

14.6
Hazard ratio, 0.85 (95% Cl, 0.79-0.92) '
149 p<0.001
124 10.7
] 12.6
10— Placebo
2 91 Evolocumab
6.0
6 ]
4 5.3
2 —
0 | I I | | |
0 6 12 18 24 30 36

Reduction in primary end points in
evolocumab group compared to placebo.
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Sabatine et al 2017, NEJM



WE LOOK AT VARIATION
NATURE CREATED

Nature as a big genetic laboratory



GENOMIC-INFORMED
MEDICINE

PERSONALIZED

Personalised medicine MEDICINE

VS
Precision medicine
VS

Individualised medicine

PERSONALIZED
Y * MEDICINE
((‘ 3:|LVBE°RRSG|TV




IMPLEMENTATION OF PRECISION MEDICINE

EPPOS [evidence-based precision personalised objective subjective]

Evidence-based Medicine Precision Medicine Personalised Medicine Individualised Medicine
(1) Contemporary evidence-based medicine (2) Probability scoring and stratification (3) Personalisation (objective) (4) Personalisation (subjective)
Estimate average risk or response using Maximise response and minimise risk Monitor response to optimise Adapt intervention to fit the person’s
epidemiological and clinical trial cohorts using subclassification dose, timing, and delivery needs, capabilities, and preferences
Placebo Treatment P

a, P

;

I Intervention 1

i
;

3 Culture Behaviour
) and beIiefs\ / and lifestyle

Flnan.aal — <4—Education
security

Intervention 2

N

@ Intervention 3 W

5]

0 5 20 35
Detected effect (%)

'
[

:
i
i

: Preferences; v\ Food security
o)
@ Intervention 4 N T
Accessibility

@ Intervention 5
1 1 |

I
High error Low error

((‘ ORIV ER e Ty The Novo Nordisk Foundation, Precision medicine for cardiometabolic disease 2022 PAGE

Franks et al, 2023, Lancet Diabetes Endocrinol; 11: 822-35



DIFFERENT MODE OF INHERITANCES

single gene controls multiple traits Inherited red blood cell disorder tha causes multiple pleiotropic pl

“* Monogenic (single gene variant)

o |
Gene O lllll ’ 3 mﬁgggj\ncg:un:es _1 aaaaaaaaaaaaa
% Polygenic (many gene variants) i ,'3 \ o
O] | m\‘ Re

¢ Multifactorial (many gene variants

plus environment exposures)

eeeeeeeee

Diseased red
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QUANTITATIVE TRAITS

IN DIFFERENT SHAPES

Continous variation Threshold traits

People without condition People with condition
@
‘ w
‘ vy
2@
VN

DG

—
-

Threshold
zone

Clinical
diabetes

Frequency

. . PAGE
Number of predisposing alleles 15

in genotype
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Frequency

 _

LIABILITY (thHresnoLp) MODEL

Threshold
zone

Clinical
diabetes

|

Number of predisposing alleles

in genotype

Liability model

Only individuals with a liability
over a certain threshold

will become affected

The sum of many genetic
variants with small effect/risk.

Each locus follow Mendelian
iInheritance pattern, although
the trait does not



1 Gene pair Aa X Aa

e 50
&
[0}
POLYGENIC TRAITS 3 classes
A |
1 Z 1
% 2 Gene pairs AaBb X AaBb
3
o)
: ‘ ., : : g 25t S classes
A simple ‘Mendelian’ explanation for why polygenic 2 l I
traits follows a normal distribution - —! . . . ,L
& 3 Gene pairs AaBbCc X AaBbCc
g
& 25
g / classes
En Bl
1 6 15 20 15 6 1
i 4 Gene pairs AaBbCcDd x AaBbCcDd
g
[y
25
: 9 classes
1 8 28 56 70 56 28 8 1
- 5 Gene pairs AaBbCcDdEe % AaBbCcDdEe
g
2 5 11 classes
g

((‘ PR 1 10 45 120 210 252 210 120 45 10 1 PAcS



GENETIC VARIATION IS LIKE CHILI

Carolina reaper Habanero Lemon Bell pepper

Weak effect on phenotype

Strong effect on phenotype Moderate effect on phenotype (or none at all)



GENETIC VARIATION IS LIKE CHILI

1

2

ome

6

. Lemm

Mutation f

6

Each genetic variant is both
necessary and sufficient

Each genetic variant is neither
necessary nor sufficient
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Sickle
‘ cells ‘
1 Red blood cells

Effect size
50.0
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COMPLEX TRAITS o
are complex...

Consumer

products
Specific .
. . external
Complex traits have a genetic environment | = .
component and an r\‘ | 4 Health rlsk

environmental component i " Internal and lmpact

A\ Diet acnwty = environment assessment
N Water “ |

The relative genetic — | \ |

contribution is called c //_\é e =

heritability. s \ -

B3

»;/ Urban @ é/

y enwronment G \

/ eneral ,

| \ . .
Ve ! (Va+Ve) 'l external | '\ Transcriptomics

- Hli environment Metabolomics 4/ \
Thus, set a limits for | = ,@%
the genetic predictor \ e 8
\ S°‘é‘§$.tal

L \8/ /

T . Life course dimension

( AALBORG
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MULTIFACTORIAL TRAITS

Environmental variance (non-genetic factors) blurs phenotypic classes

AALBORG
UNIVERSITY

Frequency
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P=G+E

Phenotypic values

PAGE
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MULTIFACTORIAL TRAITS

Genotypic and environmental variance creates infinite many phenotypic classes

AALBORG
UNIVERSITY
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PREDICTING DISEASE
RISK FROM GENETIC
DATA

A “polygenic score” is one way by which people
can learn about their risk of developing a
disease, based on the total number of changes
(i.e., SNPs) related to the disease (NHI)

AALBORG
UNIVERSITY




DIFFERENT NAMES

BUT THE SAME

©® Polygenic risk score (PRS)

i)
Liiid
M

© Polygenic score (PGS)
©® Genetic score (GS)
© Genetic risk score (GRS)

SLLLLL1LRY
aritinie
0 e v M
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P lised Med

— atch genetic
o profile with
- dication-type
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THE INHERENT DISEASE RISK

ATAGGTAGACGCCTACCTT
lllllllllllllllllll

lllllllllllllllllll

artery disease Sickle cell anemia

1y ﬁﬁ@ f el L TTTITINRT

#tevaaresd  DIDUNRRwwyh

13 14 XY
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THE INHERENT DISEASE RISK

AAAAAAA
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Variation in the
number of risk
variants
9

Polygenic score
(PGS)



WHAT IS A PGS?

A RELATIVE RISK

SNP1 A (¢
4 Threshold
> zone L SNP2 T T
o
g Clinical
(i')- diabetes 1P SNPz A C
| \L SNP4 T A
R\ SNPs C ¢
Number of predisposing alleles

in genotype

How do we find the ’orange’ alleles?
((‘ g

PAGE
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@
IDENTIFY RISK VARIANTS

GENOME-WIDE ASSOCIATION STUDY (GWAS)

)

=)o

4
#
K

SNP-1
Pval= 0.61
200 — 200
o o
190 ] [eXe) Oo 190 ]
1 &% og 0 o 180 —
PN 180 ®o 0 @° s ) €
E;/ 170 - %) 8@? o g) © % 170 —
< go <§: 0 S
S 160 { B0 ® g 160 -
= [0
= §)@8 o % ‘23 x° T
150 — OOOQ) o% qDOO 150 —
O oo 8 o o _
140 o o o ° 140 Single Nucleotide Polymorphism (SNPs)
_ 130 - SNP
130 | | | | | | ¥ \\\.
AA Aa aa
AA Aa aa '-:_:"':_:" A ACTAT GTGe
Genotype Genotype oTen ACGTTCG Ac
No association Association

..:.:...:.:-' CA ACTAAGTGT
- - - Teee™: TG 1TAG Ac
Systematic hypothesis-free scanning of all

common genetic variants

ce, 00O, o C

< CA cTATGTGe
~eee”. A TTAGA Ac
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SNP-2

P val = <2e-16
200 —

WHAT IS A PGS?

180 —
b is the slope (effect
size) from reggresion

170

160

Height (cm)

150

140

“A PGS combines information from large - . .
numbers of markers across the genome The effect size of the SNP— ™ * aa
(hundreds to millions) to give a single obtain from the GWAS Genotype

numerical score for an individual’s risk for
developing a specific disease on the basis of
ping a sp PGS = ) X, b

the DNA variants they have inherited.” /

The genotype of the individual for SNP i
(0, 1, 2 — counting the number of the alternative allele)

>
>

0
1
2

o &

( AALBORG PAGE
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PGS —_ Z:Xibi

HOW TO COMPUTE A (simple) PGS?

SNPs Adams Genotypes Refallele Altallele X b Xb

SNP-1 TC T C 1 0.04 0.04
SNP-2 GG G T 0 0.02 0.00
SNP-3 CC A C 2 0.05 0.10
SNP-4 TG T G 1 0.02 0.02
SNP-5 AA A G 0 0.06 0.00

/\ 9 PGS =0.16

IIIIIIIIII
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A LARGE PALETTE OF PGS METHODS

PGS —_ inb,;

BayeSC BVSR
NEG
2001 2011
BayesA, C+T
BayesB _ BayesCr,
Bayesian BayesD,BayesDn
Lasso

( AALBORG
UNIVERSITY

PRS-CS

LDpred lassosum  pRs CS-auto =7 <>
BSLMM LDpred-inf  SBLUP RSS LDE)rrleg-funct
MultiBLUP DPR SBavesR pSum
2D PRS CNN / PANPRS
2013 2015 2017 2019 2021
AnnoPred DNN
BayesR Malk et 2! PleioPred CTPR| SCT
BVR MTGBLUP So etal WMT-SBLUP NPSSDPR
JAMPred
DBSLMM

PAGE
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Ma, Y., & Zhou, X. (2021). Trends in Genetics, 37(11),995-1011.
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WHY DIFFERENT PGS
SCORING METHODS?

Complex traits have different underlying genetic architectures

/7
0’0

some are influenced by <100 genetic loci
some are influenced by >1000 genetic loci
some loci have very small effects

some loci have moderate effects

correlation structure among loci (linkage disequilibrium)

The different scoring algorithms attempts to account for this.

AALBORG
UNIVERSITY




GENETIC LINKAGE

Linked prisoners

AAAAAAA
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Linked loci
(Physical proximity)
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WHAT IS LD?

AALBORG
UNIVERSITY

_e

Which gamtes can
be produced?

o
_e

What are the
frequencies of the
alleles?

P(A), P(a)
P(B), P(b)

What are the
frequencies of the
haplotypes?

P(AB), P(Ab)
P(aB), P(ab)

PAGE
35



WHAT IS LD?

If there is random relationship among alleles at the two loci
then the frequency of the haplotypes will be the product of the

—e Q frequencies of the two alleles: (a) Linkage equilibrium

- @ P(AB)=P(A)xP(B) & ©r
o —®
P(Ab)=P(A)xP(b) Br— ®

@ ®

P(aB)=P(a)xP(B) @- ®

(@) (B)
P(ab)=P(a)xP(b) = =

@) &)

—&

pa=05  Pug=0.25
pa = 05 PAb = 025
pg=05 P,=025

((‘ AALBORG pb = 0.5 Pab = 025 PAGE
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UCEC Known Genes {Juna, 0S) Based on UniProt. RefSoq, and CenBank
-

mRNA
pp——l e B, L Wk AR T
{ buihd 125)
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)

»

@@@é@@é
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When the association between alleles at two loci is non-
random they are said to be in linkage disequilibrium

The degree of LD can be measure in several ways — the
simples one is:

D:PAB_PAPB

Pa=05 Pag=05 If D=0, no LD, if D>0 LD ,

=05 Pa,= 0.0 : : :
z 0.5 pAb 0.0 Decay with physical distance  ropuaton
B=Y. aB= V- ‘~.

pb = 0.5 P&b = 05

w
|

o
)

== Basque

==NLD

== Russian
Sardinian

=T8I

= TWN

Average LD

o
o

( AALBORG
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Distance (kb)




LD AND GENE MAPPING

Linkage equilibrium — random association Linkage disequilibrium — non-random association
s~p§§§§§§§§§§§§§§§ swp§§§§§§§§§§§§§§§
Q |1| m I:l m 3 Ill l'l et ; | | | l; Q ;‘ IT] 2 ; 1 2 H 2
S sl "EolBE BY } f 2 ’ 1 ’ k 5 |2 3 | 1 HEHEHEUHE U :
E'ﬁ‘u'EJ'&%J'%JL%J{%!L%!QJELL;J’LL% Ei@?ii @iiiHii H

A B CD E F A 8 CD E F G

| | || | | | | | | ! | | |




LD AND GENE MAPPING

SNPs B, C, D,E and F are in LD

If you have allele 1 here, | know
what you are at the remaing sites
in this haploblok

AAAAAAA
IIIIIIIIII



A LARGE PALETTE OF PGS METHODS

2001

BayesA,
BayesB

( AALBORG
UNIVERSITY

BayeSC BVSR

NEG

2011

C+T

_ BayesCr,
Bayesian BayesD,BayesDn
Lasso

PRS-CS

LDpred lassosum RS CS-auto o f >
BSLMM LDpred-inf SBLUP RSS LDr_Jrrleg-funct
MultiBLUP DPR SBavesR pSum
2D PRS CNN / PANPRS
2013 2015 2017 2019 2021
AnnoPred DNN
BayesR Malk etal PleioPred CTPR | SCT
BVR MTGBLUP oS otal WMT.SBLUP NF’SSDPR
JAMPred
DBSLMM

PAGE
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Ma, Y., & Zhou, X. (2021). Trends in Genetics, 37(11),995-1011.



SESSION 1

Precision Medicine?
Complex traits?

Genetic variants as chilies
What is a polygenic score?

What is needed to compute a polygenic score?

Why so many different methods?
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AGENDA

09:20 - 10:00 Session 2: Data Sources and Computational Methods

AAAAAAA
IIIIIIIIII



SESSION 2

The first polygenic score
What you need is...
Commonly used scoring algorithms

Workflow

Current challenges with PGS?

(/ AALBORG
UNIVERSITY




THE FIRST PGS

|dea originating back to animal and plant
breeding - finding the "best” animals that
should establish the next generation.

In 2007, Wray proposed to ‘predict’
human disease traits from SNP data.

Wray, Goddard & Visscher (2007) Genome Research, 17:1520-1528

AAAAAAA
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Precision Medicine




THE FIRST PGS

In 2009, Purcell constructed the first polygenic
score for a human disease:

1 %1012
‘We summarized variation across nominally
associated loci into quantitative scores’

&
<
o
@
£
o
ot
X
@
@D
5}
=
=
®
=

0 0.650-23 0.06

0.3
The International Schizophrenia Consortium (2009) Nature, 460 S .0
&5 ¥ CAD CD HT RA TID T2D

o
_.({?J '_{ib
& 3

Schizophrenia  Bipolar disorder Non-psychiatric (WTCCC)

(/ AALBORG
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A LARGE PALETTE OF PGS METHODS

BayeSC BVSR
NEG
2001 2011
BayesA, @
BayesB BayeSCT[,
Bayesign BayesD,BayesDn
Lasso

Clumping and thresholding

( AALBORG
UNIVERSITY

PRS-CS

LDpred lassosum RS CS-auto o f >
BSLMM LDpred-inf SBLUP RSS LDr_Jrrleg-funct
MultiBLUP DPR SBavesR pSum
2D PRS CNN / PANPRS
2013 2015 2017 2019 2021
AnnoPred DNN
BayesR Malk etal PleioPred CTPR | SCT
BVR MTGBLUP oS otal WMT.SBLUP NPSSDPR
JAMPred
DBSLMM
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Ma, Y., & Zhou, X. (2021). Trends in Genetics, 37(11), 995-1011.



GWAS RECAP

X0
X0 I ]
oy @
o @
e @
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XTIX .

Which SNPs associate with height?

p=0.0003

Height

o 1 2
Genotype

Significance level

Genomic positions



GWAS RECAP .
S
3 p=0.76
o 1 2
Genotype
©
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N
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Genomic positioz/xs



p=0.000000003
GWAS RECAP
S
V
I
O 1 2
Genotype
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V
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Genomic positioz/xs



p=0.00000004

GWAS RECAP

Height

o 1 2
Genotype

*

Significance level

Genomic positions



p=0.0000003

GWAS RECAP

Height

9 1 2
Genotypé

)

Significance level

Genomic positions



GWAS RECAP

Height

p=0.3

o 1 2
Genotype

)

e

Significance level

Genomic positions



GWAS RECAP

ik
TR

Liikik i

Which SNPs associate with height?

SNP-i

Height

9 2
Genotype

% . ,“a
Fi

% o: iﬁ%.'..‘w

Significance level

Genomic pos:’tioms



GWAS RECAP

ik
TR

Liikik i

Which SNPs associate with height?

SNP-i

Height

9 2
Genotype

% . ,“a
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Significance level

Genomic pos:’tioms
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CLUMPING AND THRESHOLDING (C+T)

0: Set LD (=0.8) and P

values (0.01)

1: Sort by P-value

2: Compute LD and select

variants based of thresholds

1st vatiant in LD-pair

SNP b ¢]
1 0.21 0.005
2 0.22 0.0048
3 0.25 0.0003
4 0.1 0.04
5 0.05 0.15
6 0.02 0.49
7 0.03 0.87
8 0.12 0.003
9 0.14 0.0034
10 0.18 0.0004
11 0.21 0.00003
12 0.12 0.15
13 0.14 0.12
14 0.03 0.84
15 0.02 0.32

SNP b p
11 0.21 0.00003
3 0.25 0.0003
10 0.18 0.0004
8 0.12 0.003
9 0.14 0.0034
2 0.22 0.0048
1 0.21 0.005
4 0.1 0.04
13 0.14 0.12
5 0.05 0.15
12 0.12 0.15
15 0.02 0.32
6 0.02 0.49
14 0.03 0.84
7 0.03 0.87

SNP b o] r2

11 0.21 0.00003

9 0.14 0.0034 0.74
2 0.22 0.0048 0.4
1 0.21 0.005 0.03
4 0.1 0.04 0.04
13 0.14 0.12 0.05
5 0.05 0.15 0.03
12 0.12 0.15 0.04
15 0.02 0.32 0.01
6 0.02 0.49 0.01
14 0.03 0.84 0.01
7 0.03 0.87 0.01

AALBORG
UNIVERSITY

Have LD>r?— ignore those
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CLUMPING AND THRESHOLDING (C+T)

0: Set LD (=0.8) and P

values (0.01)

1: Sort by P-value

2: Compute LD and select
variants based of thresholds

iriant in LD-pair

Have LD>r?— ignore those

SNP b ¢]
1 0.21 0.005
2 0.22 0.0048
3 0.25 0.0003
4 0.1 0.04
5 0.05 0.15
6 0.02 0.49
7 0.03 0.87
8 0.12 0.003
9 0.14 0.0034
10 0.18 0.0004
11 0.21 0.00003
12 0.12 0.15
13 0.14 0.12
14 0.03 0.84
15 0.02 0.32

SNP b p
11 0.21 0.00003
3 0.25 0.0003
10 0.18 0.0004
8 0.12 0.003
9 0.14 0.0034
2 0.22 0.0048
1 0.21 0.005
4 0.1 0.04
13 0.14 0.12
5 0.05 0.15
12 0.12 0.15
15 0.02 0.32
6 0.02 0.49
14 0.03 0.84
7 0.03 0.87

SNP b o] r2

11 0.21 | 0.00003

9 0.14 0.0034 1st ve
13 0.14 0.12 0.52

5 0.05 0.15 0.34

12 0.12 0.15 0.10

15 0.02 0.32 0.04

6 0.02 0.49 0.01

14 0.03 0.84 0.01

7 0.03 0.87 0.01
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CLUMPING AND THRESHOLDING (C+T)

0: Set LD (=0.8) and P

values (0.01)

1: Sort by P-value

2: Compute LD and select
variants based of thresholds

SNP b o] r2
11 0.21 0.00003
9 0.14 0.0034
13 0.14 0.12 1st va

riant in LD-pair

SNP b ¢]
1 0.21 0.005
2 0.22 0.0048
3 0.25 0.0003
4 0.1 0.04
5 0.05 0.15
6 0.02 0.49
7 0.03 0.87
8 0.12 0.003
9 0.14 0.0034
10 0.18 0.0004
11 0.21 0.00003
12 0.12 0.15
13 0.14 0.12
14 0.03 0.84
15 0.02 0.32

SNP b p
11 0.21 0.00003
3 0.25 0.0003
10 0.18 0.0004
8 0.12 0.003
9 0.14 0.0034
2 0.22 0.0048
1 0.21 0.005
4 0.1 0.04
13 0.14 0.12
5 0.05 0.15
12 0.12 0.15
15 0.02 0.32
6 0.02 0.49
14 0.03 0.84
7 0.03 0.87

Have LD>r?— ignore those

AALBORG
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CLUMPING AND THRESHOLDING (C+T)

0: Set LD (=0.8) and P

values (0.01)

1: Sort by P-value

2: Compute LD and select
variants based on LD

3: Compute PGS based on
effect sizes (b) and P-values

11 | 021 | 0.00003 | < u——
9 | 014 | 00034 | ——
— . :X11 X0.21+X9 XO.14‘

SNP b p
1 0.21 0.005
2 0.22 0.0048
3 0.25 0.0003
4 0.1 0.04
5 0.05 0.15
6 0.02 0.49
7 0.03 0.87
8 0.12 0.003
9 0.14 0.0034
10 0.18 0.0004
11 0.21 0.00003
12 0.12 0.15
13 0.14 0.12
14 0.03 0.84
15 0.02 0.32

SNP b p
11 0.21 0.00003
3 0.25 0.0003
10 0.18 0.0004
8 0.12 0.003
9 0.14 0.0034
2 0.22 0.0048
1 0.21 0.005
4 0.1 0.04
13 0.14 0.12
5 0.05 0.15
12 0.12 0.15
15 0.02 0.32
6 0.02 0.49
14 0.03 0.84
7 0.03 0.87
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CLUMPING AND THRESHOLDING (C+T)

Marginal R2
P threshold
Repeat for other P-value .0-*"
0.05
cutoffs (and LD values) Mo:
0.021 =?5
] Finding optimal r2 and P-cutoff
How does the PGS associate and a 9 I pin second cohort
with the disease PPy
&
Ytrait = PGS + ¢ 0.011 C+T 00014 *® o e Females
C+T 0.01 1 ® ¢ Males
C+T 0.1 e <
C+T0.54
C+T 0.7 1
C+T0.94
0.001 - T T
0.20 0.25 0.30

ADHD ASD EA Variance explained (R?)
AAAAAAA
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CLUMPING AND THRESHOLDING (C+T)

Method

0.8+
‘I‘ B stdcT
Clumping and Thresholding (C+T) and Stacked C+T | J[ D maxct
(SCT) . 7_‘ -[- lassosum
We compute C+T scores for each chromosome separately and for Q 'I'
several parameters: <
0.6
e Threshold on imputation INFO score INFO;within {0.3, 0.6,
0.9, 0.95}. ‘
e Squared correlation threshold of clumping r? within {0.01, oS - 1 ]
0 05 0 ]. 0 2 D 5 0 8 D 95} BRCA RA T1D T2D PRCA MDD CAD Asthma
. p Vo1, V&, Uoa, V.0, U. . Trait
e Base size of Clumping window within {50; 100r 200: 500}- Table 2. Optimal Choices of C+T Parameters
The window size w, is then computed as the base size divided Trait W, 2 INFO;  pr
by r2. For example, for r> = 0.2, we test values of w, within Breast cancer (BRCA) 2,500 0z 095  22x10°
{250, 500, 1000, 2500} (in kb). This is motivated by the Rheumatoid arthritis (RA) 200 05 005 7 5x10°2
fact that linkage disequilibrium is ll{lV&I'SE!lY proportional to Type 1 diabetes (T1D) TOKSOK . 001 090 2.6x10°
genetic distance between variants. : "
Type 2 diabetes (T2D) 625 0.8 0.95 1.1x10"
e A sequence of 50 thresholds on p values between the least
R R Prostate cancer (PRCA) 10K-50K 0.01 0.90 4.2%10°¢
and the most significant p values, equally spaced on a log-
1 Depression (MDD) 625 0.8 0.95 1.0x10"
og scale.
Coronary artery 526 0.95 0.95 3.5x107?

disease (CAD)
Thus, for individual i, chromosome k, and the four hyper-param-

Asthma 2,500 0.2 0.90 2.2%10
eters INFO; 12, w,, and p;; we compute C+T predictions

Choice of C+T parameters is based on the maximum AUC in the training set.
Hyper-parameters of C+T are the squared correlation threshold r? and the win-

(k) — § B..G dow size w, of clumping, the p value threshold pr and the threshold on the
Vi (INFOT’rf’ wc’pT) o ﬁf Gij quality of imputation INFO7. Choosing optimal hyper-parameters for C+T
j& Stumping (K INFOT,r2 w, use 63%-90% of the individuals reported in Table 1. Resulting predictions of
((‘ :::'VBEORRS( e ( ‘ ) maxCT in the test set are reported in Figure 2. PA (2'15
Pi<pPT

Prive et al (2019) Am J Hum Gen, 105:1213-1221



WHAT DO YOU NEED?

1. A large well-powered 2. An independent cohort

GWAS for your trait of that has been genotyped
interest

. "
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GENETIC DATA /
GENETIC VARIATION

Chromosome abnormality Copy number variants Tandem repeats Single nucleotide polymorphism (SNP)

e Ref ] > Ref TR

SNP
LU A U
~Chromosome size 1000 - chromosome 2-5|15-100 base pairs 1 base pair

Size of the genetic variant

N 1

For PGS (GWAS) we are
interested in SNP/SNV
data
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GENETIC VARIATION

SINGLE NUCLEOTIDE POLYMORPHISMS (SNPs)

A common change in a single base pair; ~1/1000 bp

Accounts for ~90% of all variation in the human genome

All (known) SNPs has a unique identifier
_———  (independent of alleles)

L rsXxX — Ref-SNP cluster ID number

PAGE
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GENOMIC COVERAGE

Time Genome coverage
[
[
I SNP array % O~lo/0
[
i SNP array with imputation — L 05%

Whole Exome Sequencing (WES) e el 1%

=Whole Genome Sequencing (WGS) I —_— N o5
v

((‘ AALBORG PAGE
UNIVERSITY Adapted from Uitterlinden A. (2016) An Introduction to Genome-Wide Association Studies: GWAS for es
Dummies. Seminars in Reproductive Medicine, 34(4): 196-204.
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GENOTYPING VS SEQUENCING

AALBORG
UNIVERSITY

AGCTGAAGGAGTGTGGCCAATCTGCCTCCACCTCCCCGCGGACCCCCTACTCTCAGGACCTCCTGCAGCACCCCAAACTGGAAGTGGCCGCTGCAGACCCAAGGACGAGGGGCACGCGGGAGCCG GCAGCCCTAGTGGAGCGGTTGGAGATGTTGAGGTGGGAGGGT CACCC
AGGTGGGGTGAGGCT GGGGTAGGTAGCGGAGTGAACGGCTTCCGAAGCTCT GGGCCGCCCCCAGGT TGGACTAAGCAGGCGCTCTGTCTTCGCCCCCGCCCAGGGTGGGCGTCTCCTGAGGACTCCCCGCCACACCTGACCCGAGACCGCGCGCCCAGCCTAGAACGCTTCCC
CGACCCAGCGTAGGGCCGCCGCGACTGGCGCGCAGGGGGCGGCGGGAGGCCTGGCGAACCCGGGGGCGGGACCAGGCGGGCAAGGCCCGGLTGCCGCAGCGCCGLCTCTGCGCGAGGCGGLTCCGL CGCGGCGGAGGGATACGGCGCACCATATATATATCGCGGGGCGC
AGACTCGCGCTCCGGCAGTGGTGCTGGGAGTGTCGTGGACGCCGTGCCGTTACTCGTAGT CAGGCGGCGGCGCAGGCGGCGGCGGCGGCATAGCGCACAGCGCGCCTTAGCAGCAGCAGCAGCAG CAGCGGCATCGGAGGTACCCCCGCCGTCGCAGCCCCCGCGLTGGTG
CAGCCACCCTCGCTCCCTCTGCTCTTCCTCCCTTCGCTCGCACCATGGTAGGTCGGGAGT GGCAAATGCCGGCGTAGCAGCTGCCCGAGATTTCTTCCCAGATTTCTAGITGITTTGTTTGTTTT TTGTTTGTITTTTGGT TCTTGGAGGTTTTTCTTTTCTGAGTGTTACGCAGCAGCTG
CGCTTAAAGGAGGTTGCATTTTGGATTTGCATCTCGGCGACCTCTGCCAGGGAGCTTCATTTATTGGTTCCCCTTGGAGCTGGACTTGGTCGTAGGCCGTCCACGGGCAGGGGCTCCGGCCGCAA CTGCAGCGGGGGTTTCTGCAT CCAATCCCCCTGCCCLCCGLCCAGLCea
CACCCACTGCATCCACTAGCGCCGCACCCGGGCTGCCTGCAGCGCAGCGTTTCGGCCTGGGAGCCGGGCGGGGCCGGGCACTAGACCCCCCCCCCCGGLLCCGLLCCCTCCCCACCCCGLTTCTCCG CCGGCGCGAAGGTGGCAGGTCGGGCGGGCAGTGGAGAATGAATGGGCT
GGAGCTGGCCGGTGGCGCACATTGTTCCGGCCGGGTGTTGAGGGGCGCAGT CAGCGCCCGCCACCTCCCCACTTTGGCCGGCCCTGCTGGGCGCCCTCCCTCGGT CGCTCTCCCCTCCTTCTTCCCGGGGGGCGCGGCGCGGGCGTGGGCTGGGAAGGAAGGAGCCGGGGAA
GGGTGGGGTTGGGGGCAGGAAGGCGAGGGGTTGGGGGCGGAGAGGGCGGAAGCGGCGGLCCGGGCCGLCCTGLCGLCCCGGGLGGGGCCCTGCGGTGTGGCCGTGGCTTGTTCCTGCCGCTTTCGCAC CCTGCGGCCCCCCACCCAGTGCAGCAGTGCGGGCGGGCGTGAGC
CTCGGTGCACCAGGAGGCACTTCCCGCGGGAGGCGCTGGGCTCGCGCTAATTGGGGCGGGGGGGGGGGGCGGCGGGGGAGGAGGGAACTGGCGCGCGGCTTGGTTTCCATTAGAGACGCAAAGTT TCTGCT CCGGGAGGAGGCGGCGGCGCCGCGGGCTCGTCGLCTGG
GGGAGCAGAAGCGGGTGGGAGGTGCGGGTGGCCTTGGCCTCAGCCCTGGTGCGCGGGGGLCGGGGGTGGTGACCCTCCTGGCCGAGGAGGGGCGGCGTCCAGACGCCCGLTCGGGGGCCGCCTTC CCCCCCACGLCTGLCCCLCCGGGCACGLCGLCCTGLLCGGTCCCTCGCC
CCGCGCCACTTCCAGTCCGCAGAGAGATGCCCTCCACGTTTCTGCTTT CTCTGCAGCCTCTAGATTGCCAGATGCGACTGTGCGCCTCGCTGGGTGTGTTTTCCACAGCCCCTTCCTCCTCGGCGTGCAGGGCTGACATCACCGACTGCGTTTCTGGT TTGGCGGGTGGGGAGATG
GTTCCCCGCAGGGTTCTGGTACACCTTTGCCCCCAGGGCTAGCGCCATTTGGGGGAGGAGGTTTTCGTTGTCGAGAAAGTTGGATGCTCCTGGTAACCCCTCTAACAAGAGAGTTCTGTAGCGAG GTGGGACTGTTCTCCCCATAAGGTGACAGT TTCTCTTGCGAGGTGTGGCA
GCGCTTCCTGTTGTACAAGACAGATGTTGCCTTGGCGTTACGTAAATCATCGTGTCTCCGTCATTTAAAGAAAGCCAATTTTTAGTGATT GAGGTAGAAAGAAAGATCCGT TTATAATTTGTAAA AACAAATTTTCACCCAGAATCAATATATTGGAACACCATTCCTACTGTTAAA
GTTTTCACTTAAGAGTATAAACTTCATCAGCTTTCTATTAGGACT TATTTTGTAATTGGCTTCTTAGGCATCCTTCTTTAAAAGAGAAAT CCACGTTAGCTCTCCTTGAGGTCTCGAGTTCCCTCGGCTGGAGGCACAGGTTCAGTGGAGACCAAATAATGCAGGTGAATTACCTTCG
TGGCCATTACTGCCT CCAACGAAGTGT GTTTATTAAGAACAGTTCTTATGT CATTCTTAAGGT AGGTAGGGT TAATACTCTCCAGCAAATTTAGTAGATACTCTTTGCCAGAAAAGAGAGGAGTATATATAGTTTGATAATTATTGTGTAGT TTTCTGTGTACT TAATTTTTGCAGTT
TTGTAACACTTCATTTGT AAGATGGTACCATTTTTTCCTGGCTTCTGAATCATAGGATAGTTTGACCCAGGGCATTAGCCATTGTAATGGTAGGCTTTTAACAAATAACTGCCTAATTTAAAGGATTGGAAAGCATTTGTTACATGGAAATGAAGTTGGTGGCGTACCCAGTTGCTG
TATCTTTATTTTTTCTACTTAATTATTTCTCATAAAATGGATATAAAAGCCTGTTAATCCAACCCAATGCCATTATGTAACGCCAGTTTGGAGATTTCGAGGGCCTGGAGCAGTGCGCAAGGT GCGCTGAAAGCCTGCCCCTGGATGAGATCCTTATCCTGGCTGTGATGGCAGTGG
CAGTGGGCTGGGTCCCTTGTTGAGTGGAAAGGGGGACTGCGGTGT CCATGGTGCAGTAGGTGGCGCTCTTCTGTCTTAGAGCCTGCCGCCACTGCAGCTGGT GCCAAGGGGCCTTCTGCCACTAGAGGTGCCATTTTTCACATGATGAACTTAGCCTAGTTAGATCGCAGAGCA
AGCTGTAAGCCATGGGCCCAGAAAAGAAAACTTGAAGTGAGCAGATGTTGTCACTTCCTTGTAATCCTTTGT TAAAATAGCATAAGGAGTTTTCTTTATTCTATTTACTTTCATTAAATGACCGTGCTACAGGT TTCAAAGGATTTTAAGATTGATTTTTGAAAGATCACAATATTAA
AAGTATAACTGGAAAACCTATGTTGAAATCAACCAAACATGT CGTGGACTGAATGATAACCTTTTCTTTCTTCATATAGGCTGATCAGCTGACCGAAGAACAGATTGCTGGTAAGTTGACAACTC CAAGGAGTCCCCAGAAGGCCAGAACTAGGCACTGACTCAGTTTTGGTGAC
TCCTCTGTTCCTCCCCGCTACAGTCTGGGCAGTTTTCTAAGAATT TATTTAAATAAGAACAGTAAGCAGAAACACTGAGGTCAGATGTTATTCTTGCCAGTACTTTATAGATGAGGT GAAAGGAA GTAAAACTAAGGATGCCCACATGTTAAACT CTGGAGAATTTGACCATGTTTC
ACAATGTGCAAAGTTTGCGTATGATTAATT GTACTGAGCCTGCTACTCAGCGGT TTAGTTTACAATTCTTATGCCATGGGT CTTTCAGTAATCTGCCACGAAAGCTTGTGCTCGCTATCCTAAAATAAATGGAAATGGGT GAATATGAGTGT TAGGACCACTGTAGTAATTGGGAA
GAAAGTTACATTAGT TAAACTCTGTTGCCCAGGCTGGTCTCTAACTCCTGGGCT CAAGCAATCCTCCTGCCTCAGCCTCCTGAGTAGCTGGGACTACAGGCATGT GCCACCACGTCT GGCAGATT TTAGCTTTTTAATATTCCTGGAGGACT TGT TTTGAGACTGTTTCTCGTTAGGA
AACCAGGAATGCTTCTGAAATATTCTAAAAGTCATGTGGAGAGAGTTTACCTGGGAATGTACATTTCTAGTAACCATTTTATTITGTTATGAAACAAGGGATTCTTATGGCT TTAGAAATGTAACA GGAAGGGATTTGAAGGGGGCACATGGACCAATCTTGTCAGATTGGATTTA
GTCCCTTGAACCTGGGAGGCAGGGGTTGTAGTGAGCTGAGATTGCACCACTGCACTCCAATCTCGGTGACAGAGCGAGACT CCATTGTTTAAAAAAAAAAAAAAAGATTGGATTTAGGACTAATT TAAGCATGT TCCAGCTTAGCCGCCTTGAAACCTTTGGGAATATTGTGGTG
TGTGGCACTGTTTATTGGGAGCAGTGTTTGCTTTATGGGCTGCTGTATGAAGGCCAGTCCAACAGGACTATTGTGGTCATTATTTCAGTAGATAAAGACCAGACT TCTGATACGTTGCACAACTTGAATGGCTGGCT TTGGCAAGCCCCCGGCAAGTGTGTATTGTGACTGGGTTG
GATAAAGACATT GATTCTAACGGGTCAACTTTTGTTTTCAGAATT CAAGGAAGCCTTCTCCCTATTTGATAAAGATGGCGATGGCACCAT CACAACAAAGGAACTTGGAACTGT CATGAGGTCACTGGGTCAGAACCCAACAGAAGCTGAATTGCAGGATATGATCAATGAAGTG
GATGCTGATGGTAAGAGCTTTAAAACCATGAATGAGGGCCATTGTTGTGTAATTCAAGTT CAGACATGTTACAGGATTGTCTTTCAGGTCCCCAGAGCAAAGCAAATGTGCAAAGATCCTTTCTG TGGTTGCCCCAGGGCCATTGACAATTAAAATAGAAGATGATGGGCCTTGC
GTCCATCCTGCTTAGTGT CTAGAATGT TTTCTGCATGGGATCACTATTGTTTTCTTCCTGCTTGGTGCGACCTAGAGCTCAAAT CTATTTTTTTITITTTTITTTGGAGACGGAGTCTCGCCCTGTCGCCCAGGCTGGAGTGGCACTGGCGCGATCTCGGCTCACTGCAACCTCTGCCTC
TTGGGTTCCAGCGATTCT CCTGCGTCAGCCTTCTGAGTAGCT GGAATTACAGGCGTGTGTCGCCACGCCCAGTTAGTIGTTTTGTATCTTTAGTAGAGATGGGGTTTCACCATGT TGGCCAGGCTGGTCTCAAACTCCTGACCTCGT GATCCGCCCTCCCCGGCCTCCCAAAGTGCTG
GGATTACAGGCGTGAACCACTGCT CCTGGCCGAGCTCAAAGCTTTTATCAACTGGCCCATGAGTCTGCACTGAGT CTTGAGGGGGGAGGTGAAATT AAATAGCCATAGAAAGTGCTTTTTAACAAACTTACTGTGTTTAAAGAGGAGGAGGAACCCCCAGATGAAGTAGGTGAC
GAGCACTCTTAGAAGTTACCATAAAAGTGAGTACAGTGTGAGCTGTAGATGTGTTTGCTGCAGAGGAGCATGTGAGGT TTGGAGGCGGATGTGTGGTGACTCCAGGGGATAGATTTGCAGAACCTAACGGAAAGGGAAGCTGT AAGGTGCAGGGCCAGAGGGAACCAGCAG
TAACCCTGATAGCGGTCTGTCATCTGTTCCTCT CGACTCTACAGCAGCGGACAACAGAACTTTGATTGCTGATTTCCATCAGTAAGCAGGCTTTGAAGCACACTTCCCCACCCCTAAAAAAAAACCACGTATTTTGGTAAATCCTATATATATTCTAATGTACTGTATGACAGTATAG
AACATGATTTTTAAAAGATGAGTTGGGAGGAGAAAAGGATAAAAGAAAAAATAAAAGAAGCATTAAGAATAAACAATT CGGATCTAGATTTTACTTTCTAGATGATTGACT CGAGGGTGGTGTAG TAAAATCGCTTGTCTGGTCACAAACATTTGGCAGCAGAGCTTTTGATTA
GGTTCTTTGACAAAGCCTTCAGCACGTTAGAGTGGT TTTCACTAATAGTGTTTT GGAAAGAAAAGGTTGTCCATAGTTCTCTAGTTTGCT AAGATGATCAGCTACCCAGGAACGTGGAGTAACTT CCTCTTGTTTGTGGGAGCCCCGGGAATCTGTGCCTGGGGAGGGGAGAAGT
CTGTTAGGCTCTTGGATTGTGTGGAAGAAGGAGAAGTTGTGCCAGGCTACAGAATCCTGT GTTTGCACTGAGAAAACAGGATGGTACCTGACCTTCTCTGCATGGCTGTGAGATAGCTTAAAATAATTTCTTTT GTTTTTGATGAATATGAACAATATCTTAAAATTTTTGAGGCTA
AAAAAGTCTTGAAGGGATCCCTGAGGTATTTTCTTTGAAAGGTACTGGTGAAAATGAGTAACTTAACCTAAGGGTTTTTCTTTCTAATTTTATTTCCATTTAGTTCAATGACACTGT TAGTCTGGAGTGCTTGTCTTTGGGGGTATTCATCT CTTAGT TTTAAAGAGGAGTTGTTTGG
AGTACTGGCCGTAGAACAGATTGTTCT GACAGTTCCCTAAGT GTTACTAGT CTGAGCTGT GAGAATGCTCCT GAGCTTTTCCCTTAATGGGAAATAAAGATACTGAGTTGGAAGAAAACAGGT GG CTAACCATCATAGCGTGGCCAAGAAATGATCCTGGAGAAGACTTGGTAA
GACTTCATGGCCCATGCATGGCATAACAGAATCAATGTTCCTCTCTCATAATCTTTTCTCCTCTGAAACACTTTATACACT TAACCT GCAGCTCAGTTCTAGGCCTTTTTGTGT TACTGCTGTCACTAACCAAGGCAGAGTGAGACCTGAGT GATTTCCCTAACTCAGGGATGGCAGT

CGGGGGCGCTTTCTTCCCTCGGAGTGGAAAGATTCAGCCTGCGGAGTGGTGTATGCTA CTCTTGAACTGTACAGCCCTTCATGACCCTTCCATGGGCTTGAATCCAGATGTGCAGTTTCCTTTGTATAATTAAATACTATCCTGGGCACTGATGATGAGTTTGAAATTATGT
GAAATTGCCCTGTGAAGTGTTT
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GENOTYPING VS SEQUENCING

Genotyping

AALBORG
UNIVERSITY

AGCTGAAGGAGTGTGGCCAATCTGCCTCCACCTCCCCGCGGACCCCCTACTCTCAGGACCTCCTGCAGCACCCCAAACTGGAAGTGGCCGCTGCAGACCCAAGGACGAGGGGCACGCGGGAGCCG GCAGCCCTAGTGGAGCGGTTGGAGATGTTGAGGTGGGAGGGT CACCC
AGGTGGGGTGAGGCT GGGGTAGGTAGCGGAGTGAACGGCTTCCGAAGCTCT GGGCCGCCCCCAGGT TGGACTAAGCAGGCGCTCTGTCTTCGCCCCCGCCCAGGGTGGGCGTCTCCTGAGGACTCCCCGCCACACCTGACCCGAGACCGCGCGCCCAGCCTAGAACGCTTCCC
CGACCCAGCGTAGGGCCGCCGCGACTGGCGCGCAGGGGGCGGCGGGAGGCCTGGCGAACCCGGGGGCGGGACCAGGCGGGCAAGGCCCGGLTGCCGCAGCGCCGLCTCTGCGCGAGGCGGLTCCGL CGCGGCGGAGGGATACGGCGCACCATATATATATCGCGGGGCGC
AGACTCGCGCTCCGGCAGTGGTGCTGGGAGTGTCGTGGACGCCGTGCCGTTACTCGTAGT CAGGCGGCGGCGCAGGCGGCGGCGGCGGCATAGCGCACAGCGCGCCTTAGCAGCAGCAGCAGCAG CAGCGGCATCGGAGGTACCCCCGCCGTCGCAGCCCCCGCGLTGGTG
CAGCCACCCTCGCTCCCTCTGCTCTTCCTCCCTTCGCTCGCACCATGGTAGGTCGGGAGT GGCAAATGCCGGCGTAGCAGCTGCCCGAGATTTCTTCCCAGATTTCTAGITGITTTGTTTGTTTT TTGTTTGTITTTITGGT TCTTGGAGGTTTTTCTTTTCTGAGTGTTACGCAGCAGCTG
CGCTTAAAGGAGGTTGCATTTTGGATTTGCATCTCGGCGACCTCTGCCAGGGAGCTTCATTTATTGGTTCCCCTTGGAGCTGGACTTGGTCGTAGGCCGTCCACGGGCAGGGGCTCCGGCCGCAA CTGCAGCGGGGGTTTCTGCAT CCAATCCCCCTGCCCLCCGLCCAGLCea
CACCCACTGCATCCACTAGCGCCGCACCCGGGCTGCCTGCAGCGCAGCGTTTCGGCCTGGGAGCCGGGCGGGGCCGGGCACTAGACCCCCCCCCCCGGLLCCGLLCCCTCCCCACCCCGLTTCTCCG CCGGCGCGAAGGTGGCAGGTCGGGCGGGCAGTGGAGAATGAATGGGCT
GGAGCTGGCCGGTGGCGCACATTGTTCCGGCCGGGTGTTGAGGGGCGCAGT CAGCGCCCGCCACCTCCCCACTTTGGCCGGCCCTGCTGGGCGCCCTCCCTCGGT CGCTCTCCCCTCCTTCTTCCCGGGGGGCGCGGCGCGGGCGTGGGCTGGGAAGGAAGGAGCCGGGGAA
GGGTGGGGTTGGGGGCAGGAAGGCGAGGGGTTGGGGGCGGAGAGGGCGGAAGCGGCGGLCCGGGCCGLCCTGLCGLCCCGGGLGGGGCCCTGCGGTGTGGCCGTGGCTTGTTCCTGCCGCTTTCGCAC CCTGCGGCCCCCCACCCAGTGCAGCAGTGCGGGCGGGCGTGAGC
CTCGGTGCACCAGGAGGCACTTCCCGCGGGAGGCGCTGGGCTCGCGCTAATTGGGGCGGGGGGGGGGGGCGGCGGGGGAGGAGGGAACTGGCGCGCGGCTTGGTTTCCATTAGAGACGCAAAGTT TCTGCT CCGGGAGGAGGCGGCGGCGCCGCGGGCTCGTCGLCTGG
GGGAGCAGAAGCGGGTGGGAGGTGCGGGTGGCCTTGGCCTCAGCCCTGGTGCGCGGGGGLCGGGGGTGGTGACCCTCCTGGCCGAGGAGGGGCGGCGTCCAGACGCCCGLTCGGGGGCCGCCTTC CCCCCCACGLCTGLCCCLCCGGGCACGLCGLCCTGLLCGGTCCCTCGCC
CCGCGCCACTTCCAGTCCGCAGAGAGATGCCCTCCACGTTTCTGCTTT CTCTGCAGCETCTAGATTGCCAGATGCGACTGTGCGCCTCGCTGGGTGTGT TTTCCACAGCCCCTTCCT CCTCGGCGTGCAGGGCTGACATCACCGACTGCGTTTCTGGT TTGGCGGGTGGGGAGATG
GTTCCCCGCAGGGTTCTGGTACACCTTTGCCCCCAGGGCTAGCGCCATTTGGGGGAGGAGGTTTTCGTTGTCGAGAAAGTTGGATGCTCCTGGTAACCCCTCTAACAAGAGAGTTCTGTAGCGAG GTGGGACTGTTCTCCCCATAAGGTGACAGT TTCTCTTGCGAGGTGTGGCA
GCGCTTCCTGTTGTACAAGACAGATGTTGCCTTGGCGTTACGTAAATCATCGTGTCTCCGTCATTTAAAGAAAGCCAATTTTTAGTGATT GAGGTAGAAAGAAAGATCCGTTTATAATTTGTAAA AACAAATTTTCACCCAGAATCAATATATTGGAACACCATTCCTACTGTTAAA
GTTTTCACTTAAGAGTATAAACTTCATCAGCTTTCTATTAGGACT TATTTTGTAATTGGCTTCTTAGGCATCCTTCTTTAAAAGAGAAAT CCACGTTAGCTCTCCTTGAGGTCTCGAGTTCCCTCGGCTGGAGGCACAGGTTCAGTGGAGACCAAATAATGCAGGTGAATTACCTTCG
TGGCCATTACTGCCT CCAACGAAGTGT GTTTATTAAGAACAGTTCTTATGT CATTCTTAAGGT AGGTAGGGT TAATACTCTCCAGCAAATTTAGTAGATACTCTTTGCCAGAAAAGAGAGGAGTATATATAGTTTGATAATTATTGTGTAGT TTTCTGTGTACT TAATTTTTGCAGTT
TTGTAACACTTCATTTGT AAGATGGTACCATTTTTTCCTGGCTTCTGAATCATAGGATAGTTTGACCCAGGGCATTAGCCATTGTAATGGTAGGCTTTTAACAAATAACTGCCTAATTTAAAGGATTGGAAAGCATTTGTTACATGGAAATGAAGTTGGTGGCGTACCCAGTTGCTG
TATCTTTATTTTTTCTACTTAATTATTTCTCATAAAATGGATATAAAAGCCTGTTAATCCAACCCAATGCCATTATGTAACGCCAGTTTGGAGATTTCGAGGGCCTGGAGCAGTGCGCAAGGT GCGCTGAAAGCCTGCCCCTGGATGAGATCCTTATCCTGGCTGTGATGGCAGTGG
CAGTGGGCTGGGTCCCTTGTTGAGTGGAAAGGGGGACTGCGGTGT CCATGGTGCAGTAGGTGGCGCTCTTCTGTCTTAGAGCCTGCCGCCACTGCAGCTGGT GCCAAGGGGCCTTCTGCCACTAGAGGTGCCATTTTTCACATGATGAACTTAGCCTAGTTAGATCGCAGAGCA
AGCTGTAAGCCATGGGCCCAGAAAAGAAAACTTGAAGTGAGCAGATGTTGTCACTTCCTTGTAATCCTTTGT TAAAATAGCATAAGGAGTTTTCTTTATTCTATTTACTTTCATTAAATGACCGTGCTACAGGT TTCAAAGGATTTTAAGATTGATTTTTGAAAGATCACAATATTAA
AAGTATAACTGGAAAACCTATGTTGAAATCAACCAAACATGT CGTGGACTGAATGATAACCTTTTCTTTCTTCATATAGGCTGATCAGCTGACCGAAGAACAGATTGCTGGTAAGTTGACAACTC CAAGGAGTCCCCAGAAGGCCAGAACTAGGCACTGACTCAGTTTTGGTGAC
TCCTCTGTTCCTCCCCGCTACAGTCTGGGCAGTTTTCTAAGAATT TATTTAAATAAGAACAGTAAGCAGAAACACTGAGGTCAGATGTTATTCTTGCCAGTACTTTATAGATGAGGT GAAAGGAA GTAAAACTAAGGATGCCCACATGTTAAACT CTGGAGAATTTGACCATGTTTC
ACAATGTGCAAAGTTTGCGTATGATTAATT GTACTGAGCCTGCTACTCAGCGGT TTAGTTTACAATTCTTATGCCATGGGT CTTTCAGTAATCTGCCACGAAAGCTTGTGCTCGCTATCCTAAAATAAATGGAAATGGGT GAATATGAGTGT TAGGACCACTGTAGTAATTGGGAA
GAAAGTTACATTAGT TAAACTCTGTTGCCCAGGCTGGTCTCTAACTCCTGGGCT CAAGCAATCCTCCTGCCTCAGCCTCCTGAGTAGCTGGGACTACAGGCATGT GCCACCACGTCT GGCAGATT TTAGCTTTTTAATATTCCTGGAGGACT TGTTTTGAGACTGTTTCTCGTTAGGA
AACCAGGAATGCTTCTGAAATATTCTAAAAGTCATGTGGAGAGAGTTTACCTGGGAATGTACATTTCTAGTAACCATTTTATTITGTTATGAAACAAGGGATTCTTATGGCT TTAGAAATGTAACA GGAAGGGATTTGAAGGGGGCACATGGACCAATCTTGTCAGATTGGATTTA
GTCCCTTGAACCTGGGAGGCAGGGGTTGTAGTGAGCTGAGATTGCACCACTGCACTCCAATCTCGGTGACAGAGCGAGACT CCATTGTTTAAAAAAAAAAAAAAAGATTGGATTTAGGACTAATT TAAGCATGT TCCAGCTTAGCCGCCTTGAAACCTTTGGGAATATTGTGGTG
TGTGGCACTGTTTATTGGGAGCAGTGTTTGCTTTATGGGCTGCTGTATGAAGGCCAGTCCAACAGGACTATTGTGGTCATTATTTCAGTAGATAAAGACCAGACT TCTGATACGTTGCACAACTTGAATGGCTGGCT TTGGCAAGCCCCCGGCAAGTGTGTATTGTGACTGGGTTG
GATAAAGACATT GATTCTAACGGGTCAACTTTTGTTTTCAGAATT CAAGGAAGCCTTCTCCCTATTTGATAAAGATGGCGATGGCACCAT CACAACAAAGGAACTTGGAACTGT CATGAGGTCACTGGGTCAGAACCCAACAGAAGCTGAATTGCAGGATATGATCAATGAAGTG
GATGCTGATGGTAAGAGCTTTAAAACCATGAAT GAGGGCCATTGTTGTGTAATT CAAGTT CAGACATGTTACAGGATTGTCTTTCAGGTCCCCAGAGCAAAGCAAATGTGCAAAGATCCTTTCTG TGGTTGCCCCAGGGCCATTGACAATTAAAATAGAAGATGATGGGCCTTGC
GTCCATCCTGCTTAGTGT CTAGAATGT TTTCTGCATGGGATCACTATTGTTTTCTTCCTGCTTGGTGCGACCTAGAGCTCAAAT CTATTTTTTTITITTTTITTTGGAGACGGAGTCTCGCCCTGTCGCCCAGGCTGGAGTGGCACTGGCGCGATCTCGGCTCACTGCAACCTCTGCCTC
TTGGGTTCCAGCGATTCT CCTGCGTCAGCCTTCTGAGTAGCT GGAATTACAGGCGTGTGTCGCCACGCCCAGTTAGTIGTTTTGTATCTTTAGTAGAGATGGGGTTTCACCATGT TGGCCAGGCTGGTCTCAAACTCCTGACCTCGT GATCCGCCCTCCCCGGCCTCCCAAAGTGCTG
GGATTACAGGCGTGAACCACTGCT CCTGGCCGAGCTCAAAGCTTTTATCAACTGGCCCATGAGTCTGCACTGAGT CTTGAGGGGGGAGGTGAAATT AAATAGCCATAGAAAGTGCTTTTTAACAAACTTACTGTGTTTAAAGAGGAGGAGGAACCCCCAGATGAAGTAGGTGAC
GAGCACTCTTAGAAGTTACCATAAAAGTGAGTACAGTGTGAGCTGTAGATGTGTTTGCTGCAGAGGAGCATGTGAGGT TTGGAGGCGGATGTGTGGTGACTCCAGGGGATAGATTTGCAGAACCTAACGGAAAGGGAAGCTGT AAGGTGCAGGGCCAGAGGGAACCAGCAG
TAACCCTGATAGCGGTCTGTCATCTGTTCCTCT CGACTCTACAGCAGCGGACAACAGAACTTTGATTGCTGATTTCCATCAGTAAGCAGGCTTTGAAGCACACTTCCCCACCCCTAAAAAAAAACCACGTATTTTGGTAAATCCTATATATATTCTAATGTACTGTATGACAGTATAG
AACATGATTTTTAAAAGATGAGTT GGGAGGAGAAAAGGATAAAAGAAAAAATAAAAGAAGCATTAAGAATAAACAATT CGGATCTAGATTTTACTTTCTAGATGATTGACT CGAGGGTGGTGTAG TAAAATCGCTTGTCT GGTCACAAACATTTGGCAGCAGAGCTTTTGATTA
GGTTCTTTGACAAAGCCTTCAGCACGTTAGAGTGGT TTTCACTAATAGTGTTTT GGAAAGAAAAGGTTGTCCATAGTTCTCTAGTTTGCT AAGATGATCAGCTACCCAGGAACGTGGAGTAACTT CCTCTTGTTTGTGGGAGCCCCGGGAATCTGTGCCTGGGGAGGGGAGAAGT
CTGTTAGGCTCTTGGATTGTGTGGAAGAAGGAGAAGTTGTGCCAGGCTACAGAATCCTGT GTTTGCACTGAGAAAACAGGATGGTACCTGACCTTCTCTGCATGGCTGTGAGATAGCTTAAAATAATTTCTTTT GTTTTTGATGAATATGAACAATATCTTAAAATTTTTGAGGCTA
AAAAAGTCTTGAAGGGATCCCTGAGGTATTTTCTTTGAAAGGTACTGGTGAAAATGAGTAACTTAACCTAAGGGTTTTTCTTTCTAATTTTATTTCCATTTAGTTCAATGACACTGT TAGTCTGGAGTGCTTGTCTTTGGGGGTATTCATCT CTTAGT TTTAAAGAGGAGTTGTTTGG
AGTACTGGCCGTAGAACAGATTGTTCT GACAGTTCCCTAAGT GTTACTAGT CTGAGCTGT GAGAATGCTCCT GAGCTTTTCCCTTAATGGGAAATAAAGATACTGAGTTGGAAGAAAACAGGT GG CTAACCATCATAGCGTGGCCAAGAAATGATCCTGGAGAAGACTTGGTAA
GACTTCATGGCCCATGCATGGCATAACAGAATCAATGTTCCTCTCTCATAATCTTTTCTCCTCTGAAACACTTTATACACT TAACCT GCAGCTCAGTTCTAGGCCTTTTTGTGT TACTGCTGTCACTAACCAAGGCAGAGTGAGACCTGAGT GATTTCCCTAACTCAGGGATGGCAGT

CGGGGGCGCTTTCTTCCCTCGGAGTGGAAAGATTCAGCCTGCGGAGTGGTGTATGCTA CTCTTGAACTGTACAGCCCTTCATGACCCTTCCATGGGCTTGAATCCAGATGTGCAGTTTCCTTTGTATAATTAAATACTATCCTGGGCACTGATGATGAGTTTGAAATTATGT
GAAATTGCCCTGTGAAGTGTTT
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AGCTGAAGGAGTGTGGCCAATCTGCCTCCACCTCCCCGCGGACCCCCTACTCTCAGGACCTCCTGCAGCACCCCAAACTGGAAGTGGCCGCTGCAGACCCAAGGACGAGGGGCACGCGGGAGCCG GCAGCCCTAGTGGAGCGGTTGGAGATGTTGAGGTGGGAGGGT CACCC
AGGTGGGGTGAGGCT GGGGTAGGTAGCGGAGTGAACGGCTTCCGAAGCTCT GGGCCGCCCCCAGGT TGGACTAAGCAGGCGCTCTGTCTTCGCCCCCGCCCAGGGTGGGCGTCTCCTGAGGACTCCCCGCCACACCTGACCCGAGACCGCGCGCCCAGCCTAGAACGCTTCCC
CGACCCAGCGTAGGGCCGCCGCGACTGGCGCGCAGGGGGCGGCGGGAGGCCTGGCGAACCCGGGGGLGGGACCAGGCGGGCAAGGLCLGGLTGCCGCAGLGLLGLTCTGCGCGAGGCGGLTCCGL CGCGGCGGAGGGATACGGCGCACCATATATATATCGCGGGGCGC
AGACTCGCGCTCCGGCAGTGGTGCTGGGAGTGTCGTGGACGCCGTGCCGTTACTCGTAGT CAGGCGGCGGCGCAGGCGGCGGCGGCGGCATAGCGCACAGCGCGCCTTAGCAGCAGCAGCAGCAG CAGCGGCATCGGAGGTACCCCCGCCGTCGCAGCCCCCGCGLTGGTG
CAGCCACCCTCGCTCCCTCTGCTCTTCCTCCCTTCGCTCGCACCATGGTAGGTCGGGAGT GGCAAATGCCGGCGTAGCAGCTGCCCGAGATTTCTTCCCAGATTTCTAGITGITTTGTTTGTTTT TTIGTTTGTITTTITGGT TCTTGGAGGTTTTTCTTTTCTGAGTGTTACGCAGCAGCTG
CGCTTAAAGGAGGTTGCATTTTGGATTTGCATCTCGGCGACCTCTGCCAGGGAGCTTCATTTATTGGTTCCCCTTGGAGCTGGACTTGGTCGTAGGCCGTCCACGGGCAGGGGCTCCGGCCGCAA CTGCAGCGGGGGTTTCTGCAT CCAATCCCCCTGCCCLCCGLCCAGLCea
CACCCACTGCATCCACTAGCGCCGCACCCGGGCTGCCTGCAGCGCAGCGTTTCGGCCTGGGAGCCGGGCGGGGCCGGGCACTAGACCCCCCCCCCCGGLLCCGLLCCCTCCCCACCCCGLTTCTCCG CCGGCGCGAAGGTGGCAGGTCGGGCGGGCAGTGGAGAATGAATGGGCT
GGAGCTGGCCGGTGGCGCACATTGTTCCGGCCGGGTGTTGAGGGGCGCAGT CAGCGCCCGCCACCTCCCCACTTTGGCCGGCCCTGCTGGGCGCCCTCCCTCGGT CGCTCTCCCCTCCTTCTTCCCGGGGGGCGCGGCGCGGGCGTGGGCTGGGAAGGAAGGAGCCGGGGAA
GGGTGGGGTTGGGGGCAGGAAGGCGAGGGGTTGGGGGCGGAGAGGGCGGAAGCGGCGGLCCGGGCCGLCCTGLCGLCCCGGGLGGGGCCCTGCGGTGTGGCCGTGGCTTGTTCCTGCCGCTTTCGCAC CCTGCGGCCCCCCACCCAGTGCAGCAGTGCGGGCGGGCGTGAGC
CTCGGTGCACCAGGAGGCACTTCCCGCGGGAGGCGCTGGGCTCGCGCTAATTGGGGCGGGGGGGGGGGGCGGCGGGGGAGGAGGGAACTGGCGCGCGGCTTGGTTTCCATTAGAGACGCAAAGTT TCTGCT CCGGGAGGAGGCGGCGGCGCCGCGGGCTCGTCGLCTGG
GGGAGCAGAAGCGGGTGGGAGGTGCGGGTGGCCTTGGCCTCAGCCCTGGTGCGCGGGGGLCGGGGGTGGTGACCCTCCTGGCCGAGGAGGGGCGGCGTCCAGACGCCCGLTCGGGGGCCGCCTTC CCCCCCACGLCTGLCCCLCCGGGCACGLCGLCCTGLLCGGTCCCTCGCC
CCGCGCCACTTCCAGTCCGCAGAGAGATGCCCTCCACGTTTCTGCTTT CTCTGCAGCETCTAGATTGCCAGATGCGACTGTGCGCCTCGCTGGGTGTGT TTTCCACAGCCCCTTCCT CCTCGGCGTGCAGGGCTGACATCACCGACTGCGTTTCTGGT TTGGCGGGTGGGGAGATG
GTTCCCCGCAGGGTTCTGGTACACCTTTGCCCCCAGGGCTAGCGCCATTTGGGGGAGGAGGTTTTCGTTGTCGAGAAAGTTGGATGCTCCTGGTAACCCCTCTAACAAGAGAGTTCTGTAGCGAG GTGGGACTGTTCTCCCCATAAGGTGACAGT TTCTCTTGCGAGGTGTGGCA
GCGCTTCCTGTTGTACAAGACAGATGTTGCCTTGGCGTTACGTAAATCATCGTGTCTCCGTCATTTAAAGAAAGCCAATTTTTAGTGATT GAGGTAGAAAGAAAGATCCGTTTATAATTTGTAAA AACAAATTTTCACCCAGAATCAATATATTGGAACACCATTCCTACTGTTAAA
GTTTTCACTTAAGAGTATAAACTTCATCAGCTTTCTATTAGGACT TATTTTGTAATTGGCTTCTTAGGCATCCTTCTTTAAAAGAGAAAT CCACGTTAGCTCTCCTTGAGGTCTCGAGTTCCCTCGGCTGGAGGCACAGGTTCAGTGGAGACCAAATAATGCAGGTGAATTACCTTCG
TGGCCATTACTGCCT CCAACGAAGTGT GTTTATTAAGAACAGTTCTTATGT CATTCTTAAGGT AGGTAGGGT TAATACTCTCCAGCAAATTTAGTAGATACTCTTTGCCAGAAAAGAGAGGAGTATATATAGTTTGATAATTATTGTGTAGT TTTCTGTGTACT TAATTTTTGCAGTT
TTGTAACACTTCATTTGT AAGATGGTACCATTTTTTCCTGGCTTCTGAATCATAGGATAGTTTGACCCAGGGCATTAGCCATTGTAATGGTAGGCTTTTAACAAATAACTGCCTAATTTAAAGGATTGGAAAGCATTTGTTACATGGAAATGAAGTTGGTGGCGTACCCAGTTGCTG
TATCTTTATTTTTTCTACTTAATTATTTCTCATAAAATGGATATAAAAGCCTGTTAATCCAACCCAATGCCATTATGTAACGCCAGTTTGGAGATTTCGAGGGCCTGGAGCAGTGCGCAAGGT GCGCTGAAAGCCTGCCCCTGGATGAGATCCTTATCCTGGCTGTGATGGCAGTGG
CAGTGGGCTGGGTCCCTTGTTGAGTGGAAAGGGGGACTGCGGTGT CCATGGTGCAGTAGGTGGCGCTCTTCTGTCTTAGAGCCTGCCGCCACTGCAGCTGGT GCCAAGGGGCCTTCTGCCACTAGAGGTGCCATTTTTCACATGATGAACTTAGCCTAGTTAGATCGCAGAGCA
AGCTGTAAGCCATGGGCCCAGAAAAGAAAACTTGAAGTGAGCAGATGTTGTCACTTCCTTGTAATCCTTTGT TAAAATAGCATAAGGAGTTTTCTTTATTCTATTTACTTTCATTAAATGACCGTGCTACAGGT TTCAAAGGATTTTAAGATTGATTTTTGAAAGATCACAATATTAA
AAGTATAACTGGAAAACCTATGTTGAAATCAACCAAACATGT CGTGGACTGAATGATAACCTTTTCTTTCTTCATATAGGCTGATCAGCTGACCGAAGAACAGATTGCTGGTAAGTTGACAACTC CAAGGAGTCCCCAGAAGGCCAGAACTAGGCACTGACTCAGTTTTGGTGAC
TCCTCTGTTCCTCCCCGCTACAGTCTGGGCAGTTTTCTAAGAATT TATTTAAATAAGAACAGTAAGCAGAAACACTGAGGTCAGATGTTATTCTTGCCAGTACTTTATAGATGAGGT GAAAGGAA GTAAAACTAAGGATGCCCACATGTTAAACT CTGGAGAATTTGACCATGTTTC
ACAATGTGCAAAGTTTGCGTATGATTAATT GTACTGAGCCTGCTACTCAGCGGT TTAGTTTACAATTCTTATGCCATGGGT CTTTCAGTAATCTGCCACGAAAGCTTGTGCTCGCTATCCTAAAATAAATGGAAATGGGT GAATATGAGTGT TAGGACCACTGTAGTAATTGGGAA
GAAAGTTACATTAGT TAAACTCTGTTGCCCAGGCTGGTCTCTAACTCCTGGGCT CAAGCAATCCTCCTGCCTCAGCCT CCTGAGTAGCTGGGACTACAGGCATGT GCCACCACGTCT GGCAGATT TTAGCTTTTTAATATTCCTGGAGGACT TGTTTTGAGACTGTTTCTCGTTAGGA
AACCAGGAATGCTTCTGAAATATTCTAAAAGTCATGTGGAGAGAGTTTACCTGGGAATGTACATTTCTAGTAACCATTTTATTITGTTATGAAACAAGGGATTETTATGGCT TTAGAAATGTAACA GGAAGGGATTTGAAGGGGGCACATGGACCAATCTTGTCAGATTGGATTTA
GTCCCTTGAACCTGGGAGGCAGGGGTTGTAGTGAGCTGAGATTGCACCACTGCACTCCAATCTCGGTGACAGAGCGAGACT CCATTGTTTAAAAAAAAAAAAAAAGATTGGATTTAGGACTAATT TAAGCATGT TCCAGCTTAGCCGCCTTGAAACCTTTGGGAATATTGTGGTG
TGTGGCACTGTTTATTGGGAGCAGTGTTTGCTTTATGGGCTGCTGTATGAAGGCCAGTCCAACAGGACTATTGTGGTCATTATTTCAGTAGATAAAGACCAGACT TCTGATACGTTGCACAACTTGAATGGCTGGCT TTGGCAAGCCCCCGGCAAGTGTGTATTGTGACTGGGTTG
GATAAAGACATT GATTCTAACGGGTCAACTTTTGTTTTCAGAATT CAAGGAAGCCTTCTCCCTATTTGATAAAGATGGCGATGGCACCAT CACAACAAAGGAACTTGGAACTGT CATGAGGTCACTGGGTCAGAACCCAACAGAAGCTGAATTGCAGGATATGATCAATGAAGTG
GATGCTGATGGTAAGAGCTTTAAAACCATGAAT GAGGGCCATTGTTGTGTAATT CAAGTT CAGACATGTTACAGGATTGTCTTTCAGGTCCCCAGAGCAAAGCAAATGTGCAAAGATCCTTTCTG TGGTTGCCCCAGGGCCATTGACAATTAAAATAGAAGATGATGGGCCTTGC
GTCCATCCTGCTTAGTGT CTAGAATGT TTTCTGCATGGGATCACTATTGTTTTCTTCCTGCTTGGTGCGACCTAGAGCTCAAAT CTATTTTTTTITITTTTITTTGGAGACGGAGTCTCGCCCTGTCGCCCAGGCTGGAGTGGCACTGGCGCGATCTCGGCTCACTGCAACCTCTGCCTC
TTGGGTTCCAGCGATTCT CCTGCGTCAGCCTTCTGAGTAGCT GGAATTACAGGCGTGTGTCGCCACGCCCAGTTAGTIGTTTTGTATCTTTAGTAGAGATGGGGTTTCACCATGT TGGCCAGGCTGGTCTCAAACTCCTGACCTCGT GATCCGCCCTCCCCGGCCTCCCAAAGTGCTG
GGATTACAGGCGTGAACCACTGCT CCTGGCCGAGCTCAAAGCTTTTATCAACTGGCCCATGAGTCTGCACTGAGT CTTGAGGGGGGAGGTGAAATT AAATAGCCATAGAAAGTGCTTTTTAACAAACTTACTGTGTTTAAAGAGGAGGAGGAACCCCCAGATGAAGTAGGTGAC
GAGCACTCTTAGAAGTTACCATAAAAGTGAGTACAGTGTGAGCTGTAGATGTGTTTGCTGCAGAGGAGCATGTGAGGT TTGGAGGCGGATGTGTGGTGACTCCAGGGGATAGATTTGCAGAACCTAACGGAAAGGGAAGCTGT AAGGTGCAGGGCCAGAGGGAACCAGCAG
TAACCCTGATAGCGGTCTGTCATCTGTTCCTCT CGACTCTACAGCAGCGGACAACAGAACTTTGATTGCTGATTTCCATCAGTAAGCAGGCTTTGAAGCACACTTCCCCACCCCTAAAAAAAAACCACGTATTTTGGTAAATCCTATATATATTCTAATGTACTGTATGACAGTATAG
AACATGATTTTTAAAAGATGAGTT GGGAGGAGAAAAGGATAAAAGAAAAAATAAAAGAAGCATTAAGAATAAACAATT CGGATCTAGATTTTACTTTCTAGATGATTGACT CGAGGGTGGTGTAG TAAAAT CGCTTGTCT GGTCACAAACATTTGGCAGCAGAGCTTTTGATTA
GGTTCTTTGACAAAGCCTTCAGCACGTTAGAGTGGT TTTCACTAATAGTGTTTT GGAAAGAAAAGGTTGTCCATAGTTCTCTAGTTTGCT AAGATGATCAGCTACCCAGGAACGTGGAGTAACTT CCTCTTGTTTGTGGGAGCCCCGGGAATCTGTGCCTGGGGAGGGGAGAAGT
CTGTTAGGCTCTTGGATTGTGTGGAAGAAGGAGAAGTTGTGCCAGGCTACAGAATCCTGT GTTTGCACTGAGAAAACAGGATGGTACCTGACCTTCTCTGCATGGCTGTGAGATAGCTTAAAATAATTTCTTTT GTTTTTGATGAATATGAACAATATCTTAAAATTTTTGAGGCTA
AAAAAGTCTTGAAGGGATCCCTGAGGTATTTTCTTTGAAAGGTACTGGTGAAAATGAGTAACTTAACCTAAGGGTTTTTCTTTCTAATTTTATTTCCATTTAGTTCAATGACACTGT TAGTCTGGAGTGCTTGTCTTTGGGGGTATTCATCT CTTAGT TTTAAAGAGGAGTTGTTTGG
AGTACTGGCCGTAGAACAGATTGTTCT GACAGTTCCCTAAGT GTTACTAGT CTGAGCTGT GAGAATGCTCCT GAGCTTTTCCCTTAATGGGAAATAAAGATACTGAGTTGGAAGAAAACAGGT GG CTAACCATCATAGCGTGGCCAAGAAATGATCCTGGAGAAGACTTGGTAA
GACTTCATGGCCCATGCATGGCATAACAGAATCAATGTTCCTCTCTCATAATCTTTTCTCCTCTGAAACACTTTATACACT TAACCT GCAGCTCAGTTCTAGGCCTTTTTGTGT TACTGCTGTCACTAACCAAGGCAGAGTGAGACCTGAGT GATTTCCCTAACTCAGGGATGGCAGT

CGGGGGCGCTTTCTTCCCTCGGAGTGGAAAGATTCAGCCTGCGGAGTIGGTGTATGCTA CTCTTGAACTGTACAGCCCTTCATGACCCTTCCATGGGCTTGAATCCAGATGTGCAGTTTCCTTTGTATAATTAAAT ACTATCCTGGGCACTGATGATGAGTTTGAAATTATGT
GAAATTGCCCTGTGAAGTGTTT
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WHICH TECHNOLOGY?

The choice of technology fir detecting single nucleotide T‘i“e Genome coverage

polymorphisms (SNPs) depends upon the application. :TaqMaﬂ ! 0%
| SNParray Ll ] Ll L 0.1%
:SNP array with imputation Ll 1 Ll L 0.5%

For GWAS / PGS we use ‘SNP array with imputation’ :Whme Exome Sequencing (WES) I — " R

! Whole Genome Sequencing (WGS) _ I . o

-
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GENOTYPING$

Because of LD you do not have to analyse all 3,000,000,000 variants in
the genome.

Typically, we genotype 2 - 1 million variants

Because of LD we can impute (“guess” what variants are next to the
genotyped variant) up til 10 million common genetic variants.

( AALBORG PAGE
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IMPUTATION

USING HAPLOTYPES

The true haplotypes

This individual has
inherited a chromosome
with alleles A-T-C from one
parent, and G-C-A from the
other parent

( AALBORG
UNIVERSITY

We observe only the genotypes

A/G T/C C/A

Genotype data does not
carry information about
the haplotypes.

We do not know whether
A at SNP1 is coming from
the same parentas T or C

at SNP2

Different haplotypes
A C A
A C C
A T A
A C A
G C A
G C C
G T A
G T C

Phasing = estimate the most
likely haplotypes

PAGE
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Genotypes
Study sample

Reference haplotypes

CGAGATCTCCTTCTTCTGTGC
CGAGATCTCCCGACCTCATGG
CCAAGCTCTTTTCTTCTGTGC
CGAAGCTCTTTTCTTCTGTGC
CGAGACTCTCCGACCTTATGC
TGGCATCTCCCGACCTCATGG
CGAGATCTCCCGACCTTGTGC
CGAGACTCTTTTCTTTTGTAC
CGACACTCTCCGACCTCGTGC
CGAAGCTCTTTTCTTCTGTGC

From a sequencing study

Study sample

Reference haplotypes

CGACATCTCCTTCTTCTCTGC
CGAGATCTCCCGACCTCATGG
CCAAGCTCTTTTCTTCTGTGC
CCAAGCTCTTTTCTTCTGTGC
CGAGACTCTCCGACCTTATGC
TGGCGATCTCCCGACCTCATGG
CGACATCTCCCGACCTTGTGC
CGAGACTCTTTTCTTTTGTAC
CCACACTCTCCGACCTCGTGC
CGAAGCTCTTTTCTTCTCTGC

Study sample

cgagAtctcccgAcctcAtgg
cgaaCGctcttttCtttcAtgg

Reference haplotypes

CCCCCCCCCGCAATTTTTTTT
CGACATCTCCCGACCTCATGG
CCAAGCTCTTTTCTTCTGTGC
CGAAGCTCTTTTCTTCTGTGC
CGAGACTCTCCGACCTTATGC
TGCGGATCTCCCCACCTCATGG
CGAGATCTCCCGACCTTGTGC
CGAGACTCTTTTCTTTTGTAC
CGAGACTCTCCGACCTCGTGC
CGAAGCTCTTTTCTTCTGTGC
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A LARGE PALETTE OF PGS METHODS

2001

BayesA,
BayesB

( AALBORG
UNIVERSITY

-- Require individual level data -- -- Require summary data --

(can be tricky because of GDPR)
PRS-CS

LDpred lassosum  pRs.CS-auto T;S -
LDpred-inf SBLUP RSS pred-func
BayesC BVSR BSLMM MUBLUP e . o |sBayesr S
NSE PANPRS
2011 2013 2015 2017 2019 2021
AnnoPred DNN
C+T BayesR Mak et al PleioPred CTPR | SCT
- BayesCr, MTGBLUP NPS
Bayesian BayesD,BayesDn BVR So etal WMT-SBLUP SDPR
Lasso JAMPred
DBSLMM
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Different schrinkage methods

Clumping and thresholding (C+T)

Bayes-N; 3 ~ N(0,03)

Bayes-L; f(8;|77,02) ~ N(5j|0,77 x 02)

Bayes-A; 3; ~ N(0,07% )

Bayes-C; §; ~ N(0,0‘%j) with probability 7, and
Bj = 0 with probability (1 — 7), where 7 is assumed

to follow a beta-distribution.

Bayes-R; 5; ~ N(O,’yccréj), where C defines

bayesR 1
bayesC A
bayesN A

bayesL -

Shrinkage method

C+T0.54
C+T 0.7 4

C+T0.94

number of classes (e.g., C=4,v = (0,0.01,0.1, 1.0))

bayesA 4
C+T 0.001 A
C+T0.01 1
C+T0.14

Height

® ¢ Females

a ® Males

0.20 0.25 0.30
Variance explained (R?)

Bioinformatics, 2023, 39(11), btad6se

hitps://doi.org/10.1093bioinformatics/btad8ss

Advance Access Publication Date: 26 October 2023

Applications Note OXFORD

Genetics and population analysis

Expanded utility of the R package, qgg, with applications
within genomic medicine
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Allegrini et al (2022) J Child Psych,
63:1111-1124
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1. Discovery

A. Individual-level data \
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.......... Ly
__/

-

(i )

O Optimization of PGS
holding-out data for

testing

Q Split-validation
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CHALLENGES WITH PGS
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HOW GOOD ARE

bayesR 1
bayesC 1
bayesN 1
bayesL -
bayesA -
C+T 0.001 1
C+T 0.01 1
C+T0.11

Shrinkage method

C+T0.51
C+T 0.7 1

C+T0.91

Height

] ¢ Females

° ¢ Males

AALBORG
UNIVERSITY

(@

0.20 0.25 0.30
Variance explained (R®)

PGS?

For human height the best PGS has an accuracy of ~40%.
Human height has a

The heritability is the boundary of how accurately we can predict
the phenotype, thus, for human height the maximum accuracy is
expected to be 65%.

Thus, for human height we currently lack 30% variance explained

Several reasons/challenges for lack of predictive ability
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CHALLENGE 1

TOO MANY WITH "AVERAGE” SCORE

Combined Danish cohort

R Controls 1 RRYR 120 [24 [ 46 | 18 | a2 14
Cases . :
0.4+ ' i
1 =1.9-10"
value=1.9-10 g 0.75
1 o
I =
QO.S' 1 E
| B | b
2 5 5 0.50-
8 11 -
0.2 ' =
11 'E
i o
1 O 0.25-
0.1 L o
[ |
[
[
0.04 T : o 78 | 8a |104] 38 | 77 18
—4 2 0 2 4 1 2 3 45 6 7
Standardized PRS PRS decile

Cases

Controls

Odds ratio

3 4

5 6 7 8 9 10
PRS decile

FIGURE 3 | Analysis of standardized palygenic risk scores (PRS) in the combined Danish cohort. (A) Stratified by case-control status. Vertical dashed lines indicate
the within cohort sample mean, and P-value is from a two-tailed Student’s t-test. (B) PRS divided into deciles and the proportion of cases and controls are counted
within each decile (numbers written on each bar). (C) For each decile, the odds ratio was estimated from logistic regression (error bars indicate standard error of the
estimate; reference decile was set to decile 5). The dashed horizontal line indicates an odds ratio of 1, which is the reference level ([decile 5).
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Kloeve-mogensen, Rohde, et al 2021, Front Repro Health
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CHALLENGE 2

PGS ARE BASED ON ADDITIVE EFFECTS

SNP, 0
m
Z 1
n
2
SNPg
Chr 3 Chr 5

SNP,

0 1 2
3
:
[

A

\\
V)
100 =494

Increased disease risk by
genotype combination <2-2>

Precision Medicine

Match genetic
profile with
medication-type

<
=

%%F%WW%%WW

e specific g t liability
Empirical odds ratio (OR) (N risk variants)

‘ recisionlife
‘ F E Mq Le iFm)proving health | for everyone

Personalised Medicine



PGS=ZXl-bi
CHALLENGE 2

PGS ARE BASED ON ADDITIVE EFFECTS

Max AUC =0.615

R TIISY A SRR VO =T 15
ARS = w; * PRS + (1 — w;) * CRS o

0.60 —

0.59 —
O

AU

0.58 —

0.57

0.56 —

0.0 0.2 0.4 0.6 0.8 1.0

weight (w)

aatsoro ¢ recisionlife  race
((‘ UNIVER ‘ FEMG Le @ iFm)proving health | for everyone



CHALLENGE 3

PGS ARE BASED ON COMMON SNPs

a Breast cancer b Breast cancer
1.0 1.0
w= PAL B2 and PRS = 90% == CHEKZ? and PRS = 90%
PALB2 CHEKZ2
_ Population | Population
0.8 w— PALB2 and PRS < 10% 0.8 == CHEKZ and PRS = 10%
@ ' @
Q2 [ &)
5 5
= - 06 -
(& ]
= I=
E -
= T 04 -
= =3
E E
= =
O O
0.2 -
n.u [ /
20 30 40 50 60 70 80 20 30 40 50 60 70 B0
Age Age
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CHALLENGE 4

POPULATION SPECIFIC

Broad ancestry categories contributing to development and evaluation of PGS scores Prediction of T2D

B European (88.57%)

Population Liability Covariates-
[ East Asian (2.66%) Rl adjusted AUC

B African American (1.95%)

Hispanic (1.95%)

European 9.2% 0.66
I NotReported (1.64%)

African 2.8% 0.58
[ South Asian (1.33%)

Hispanic 8.0% 0.63

African Unspecified (0.70%)
@

Asia Unspecified (0.50%)

[ Greater Middle Eastern (Middle Eastern,
North African or Persian) (0.46%)

B sub-Saharan African (0.15%)

South East Asian (0.03%)

((‘ AALBORG PAGE
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Fatumo et al 2023, Genome Medicine
Ge et al 2022, Genome Medicine



SESSION 2

The first polygenic score
What you need is...
Commonly used scoring algorithms

Workflow

Current challenges with PGS?
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AGENDA

10:10 - 10:40 Session 3: Evaluating and Interpreting Polygenic Scores
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SESSION 3

©® How to measure ‘accuracy’?
© |Interpretability and risk communication
© Lack of transferability

© Applications...?
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EVALUATE POLYGENIC
PROFILES

y=Xb+Zc+e

y = phenotype; X = PGS; Z = covariates

Compare variance explained from the full model (with X+covariates)
compared to a reduced model (covariates only)

Variance explained (R?) for quantitative traits, and Nagelkerke’s R? for
binary traits (however, NagR2 is biased with disease prevalence!)

AALBORG
UNIVERSITY

P=2x1028
0.03
" mP; <01
. 5% 107 mP;<0.2
T P; <03
1x 1012 T
8 0.02 IPT <04
5 mP; <05
ES
[+}]
o 7x10°
Q
c
3
g 0.01
0.008
0.05 0.23 0.06
0 0.71 030 0.65 . il
s QO
@%So o"‘"?? o é’g) & CAD CD HT RA TiD T2D
W W P PN
Schizophrenia  Bipolar disorder Non-psychiatric (WTCCC)

The International Schizophrenia Consortium (2009) Nature, 460
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EVALUATE POLYGENIC Rank individuals on score from highest ranked to lowest

_ 5
PROFILES e
. > | ase.
S 7 = ontrol
3 ~Case
S 2 gg‘gol
> o | 1
s2° ontrol
_ - ER 2 ase
Area Under Receiver Operator Characteristic Curve (AUC) o5 1 onfro
U)mo n R ontro
. . s - . 3 e ase
Well established measure of validity of tests for classifier diseased =31 gﬁﬁo
. T g ontro
vs non-diseased individuals 3 onte
511~ oS
* Nice property — independent to proportion of cases and controls od b
. | I | | | | 1 ! | I |
In Sample o 01 02 03 04 05 06_07 08 089 1
False Positive Rate
« Range 0.5to 1 1 - Specificity

* 0.5 the score has no predictive value

* Probability that a_randomly selected case has a score
higher than a randomly selected control

Sensitivity
True Positive Rate

0 01 0z 03 04 05 06 07 0& 0% 1

True Positive Rate

0 01 02 03 04 05 06 07 08 0% 1
o
3
=1

T T T T T 1
2 03 04 05 06_07 08 08 1 0 01 02 23 04 045 06 07 08 08 1
False Positive Rate False Positive Rate

1 - Specificity
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EVALUATE POLYGENIC
PROFILES

Odds ratio (OR)

Cut the distribution into deciles

Each decile will include both cases and controls
Odds of being a case in each decile

Odds ratio for each decile compared to the first decile

AAAAAAA
IIIIIIIIII

Medium risk

I |
PGS deciles




A 14-SNP PGS

A B C

05 Combined Danish cohort
' E Controls (I 1.001 29 |24 |46 | 18 | 42 b
i3 177}
Cases ; 8 B
0.4 ' @
| Pvalue=1.9-10"
value=1.9-10 S .75 ]
| S
I = o
2,03' 11 -8 '-og 2_
- 1 = =
2 5 5 0.50+ »
8 X c .2
0.2 | S o ]
11 C
o
1 3 | | L R I S T
o O 0.25+ 1 ] +
0.1 4 (. o ) *
11 o)
11 - *
s 78 | 84 |104] 38 | 77 S
0.0- & 0.00 - O -
4 -2 0 2 4 1 2 3 456 7 8 9 10 i 2 3 4 5 6 7 8 9 10
Standardized PRS PRS decile PRS decile
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Kloeve-mogensen, Rohde, et al 2021, Front Repro Health



Relative Risk

Distribution of polygenic scores

E 11.3% have higher

| polygenic scores
H

INTERPRETABILITY &
RISK COMMUNICATION

Number of people

5.0 25 0.0 25 5.0
Polygenic Score

Absolute Risk
© The risk associated with the PGS is a relative risk Distribution of polygenic scores

136.1% have
s trait
i

® People have suggested methods to convert relative PGS risk to absolute
risks ( )

Number of people

The relative risk may sound high, but the absolute risk is low

Hard to use meaningfully in clinical decisions without baseline risk

5.0 25 0.0 25 50

Polygenic Score
Effective for population stratification, less so for individual Of people with your genetics, In the general population,
prediction
© Lack of population transferability
YTYYIY
0000000000 47
TTTETTT YT I é
YTYTTYTTY sdodadedes 21
080000060 sbdeeeeas Navelal
AALBORG .
((‘ UNIVERSITY .c

Pain etal 2022, EJHG, 3:339-348


https://opain.github.io/GenoPred/PRS_to_Abs_tool.html

LACK OF TRANSFERABILITY

-
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Genetic distance to training population Ding et al 2022, Nature, 618
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Table 3 | Prevalence and clinical impact of a high GPS

High GPS definition Reference group Odds ratio 95% CI P value
CAD
Top 20% of distribution Remaining 80% 2.55 243-2.67 <1x10-30
Top 10% of distribution Remaining 90% 2.89 2.74-3.05 <1x10-30
Top 5% of distribution Remaining 95% 3.34 3.12-3.58 6.5x10-264
Top 1% of distribution Remaining 99% 4.83 4.25-5.46 1.0x107™
Top 0.5% of distribution Remaining 99.5% 517 4.34-6.12 79%x1078
a b c
0.4 —| Odds ratio versus 100 —
remainder of population
[J > threefold (8.0%) 90 10 -
] >f9un‘old (2.3%) 80 —
Il > fivefold (0.5%) o
0.3 = =
S5 70— & 8-
2 :
2 g' 60 1 O 6 °®
2 g5 5 50 5 o’
] @ S %
‘é’ 40 — 1‘:: ¢
g S 4 N a
2 30 o %
= o P’
0.1 o o LA XA
o ® [ ]
20 = 2 | ® ® “.
e W™
10 g
0 0 0 -
T | T 1 T T | | — T T T T 1
—4 -2 0 2 4 Control Case 10 20 30 40 50 60 70 80 90 100
Genome-wide polygenic score for CAD Percentile of polygenic score
Table 2 | Proportion of the population at three-, four- and
fivefold increased risk for each of the five common diseases
High GPS definition Individuals in testing % of individuals
dataset (n)
Odds ratio >3.0 PACE
CAD 23119/288,978 8.0 Khera et al (2018), Nat Gen, 50:1219-1224



STRATIFIED USE OF PGS

Group LDL-C (mg/dL) HR (95%Cl) P value Total Inds / Cases
Low PRS <100 1 [Reference] 1142/7 +
100-<130079(034-184)058 ................... 4194/ 26 ............ . :
130- <160 081(035-187) 062 4570/38 -
160-<190  079(0.32-193) 06 2264/21 -
>190  086(03-271) 08 0117 -
Int PRS <100 1 [Reference] 6824 / 61 ,
100-<130 094 (071-124) 066 28352/283 —.—
130-<160  125(095-163) 041 38352/615 -
160-<190  162(123-213) <0.001 21576/483 _—
2190234(175_314)<0001 ................ 7867/246 ........... E
High PRS <100 1 [Reference] 624/8 '
100-<130  115(054-246) 072 3082/44 5
130-<160223(108-459)003 ................... 4808/ 151 ........... E
160-<190  314(152-65) 0002 3091/144 E
2100 471(223-994) <0001  1267/81
| | | | | | |
01 0.2 0.5 1 2 5 10
((‘ ::ILVBEORRSITTY HR (95°/° CI) PA%E

Bolli et al (2021), Circulation, 143:1452-1454



RISK ASSESSMENT FOR
OBSTRUCTIVE CAD

Three models for estimating the probability of obstructive coronary artery disease

A AHA/ACC guideline model

B ESC guideline model

Dyspnea Non-anginal Atypical angina Typical angina
Age Women Men ‘Women Men ‘Women Men Women Men
30-39 3 0 1 1 3 4 5 3
40-49 3 12 2 3 6 10 10 22
50-59 9 20 3 11 6 17 13 32
60-69 14 27 6 22 11 26 16 44
>70 12 32 10 24 19 34 27 52

Dyspnea Chest pain
Age Women Men ‘Women Men
30-39 3 0 <5 < 4
40-49 3 12 <10 <22
50-59 9 20 <13 <32
60-69 14 27 <16 <4
>170 12 32 <27 <52
| (O

Downgrading individual PTP estimates
based on patients symptoms and risk factors

C Risk factor weighted clinical likelihood model

Non-anginal pain Atypical angina or dyspnea Typical angina
Women Men Women Men Women Men
ll:s“l:‘}:::o(:: 0123|45[01(23|45|01|23[45[0123|45[01[23|45|01|23/45
Age: 30-39 0 1 2 1 2 5 0 1 3 2 4 8 2 S 1089 14 | 22
Age: 40-49 1 1 3 2 4 8 1 2 5 3 6 12| 4 7 | 12| 14 | 20 | 27
Age: 50-59 1 2 | 5| 4 B2 2 | 3 [EZEIEGHIRIIN 17 [W6ElIRIof] 15 | 21 | 27 | 33
Age: 60-69 2 4 7 8 128 17 | 3 6 TIIEI28 17 | 25 |E1OMLEI4S 19 | 32 | 35 | 39
Age: 70-80 4 7 11 |15 (19 | 24| 6 10 | 16 | 22 | 27 | 34 | 16 | 19 | 23 | 44 | 44 | 45

Risk factors: Family history, smoking, hyperlipidemia, hypertension, diabetes

Chest pain symptom typicality: Typical (3 of 3 classic symptoms in form of sensation, provoking and relieving factors), atypical (2 of 3 classic symptoms) and non-angina (0 or 1 of 3 classic symptoms)

( AALBORG
UNIVERSITY

0-5: Low risk
5-15: Intermediate risk
>15 high risk
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STRATIFIED USE OF PGS
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AUC

0.84

0.74

0.64

0.54

Male

Female

Model — ESC PTP

Mgller, et al., Rohde, in prep
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STRATIFIED USE OF PGS
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Male

Female

0.84

0.74

AUC

0.64

0.54

Model — ESCPTP — GPSuu

Mgller, et al., Rohde, in prep
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STRATIFIED USE OF PGS
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Male

Female

0.84

0.74

AUC

0.64

0.54

Model — ESCPTP — GPSyy: — RF—CL

Age

Mgller, et al., Rohde, in prep
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STRATIFIED USE OF PGS

(Group | Samplo size | ases | Reforals | Carrectreforrls-

Women <55 282(13%)  27(10%) 0 (0%) 0 (0%) 0% 27 (15%)

E Women255 689(33%)  146(21%) 156 (23%) | 40 (26%) 27% 106 (59%)

@ Men < 55 395(19%)  73(18%) 189 (48%)  42/(22%) 58% 31 (17%)
Men = 55 733(35%)  298(41%) 661(90%) 283 (43%) 95% 15 (8%)
Total 2099 (100%) 544 (26%) 1006 (48%) 365 (36%) 67% 179 (100%)

(Group | Sampl size | Gases | Referala | Gorrect efera | Gasesreerred | Gasea missed

8 Women<55 282(13%)  27(10%) 10 (4%) 2 (20%) 7% 25 (15%)

E Women=55 689(33%)  146(21%) 153 (22%) | 48 (31%) 33% 98 (58%)

H Men<55 395(19%)  73(18%) 179 (45%) 47 (26%) 64% 26 (15%)

@ Men = 55 733(35%)  298(41%) 620 (85%) 279 (45%) 94% 19 (11%)
Total 2099 (100%) 544 (26%) 962 (46%) ( 376 (39%) 69% 168 (100%)

( AALBORG PAGE
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0.19

0.01

LOOK INTO THE BIOLOC

Combined Danish cohort

Controls 1
1
Cases

|
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|
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1
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|
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-4 -2 0
Standardized PRS
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Endometriosis
B
Ovarian
P-value=1.9-10"" . .
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Peritoneal
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vv_/r
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——
+

-
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Odds ratios (OR) per one standard deviation (SD)

Kloeve-mogensen, Rohde, et al 2021, Front Repro Health

® Combined Danish cohort
@ UK Biobank

increase in the standardized polygenic risk score (PRS)

Could indicate that ovarian endometriosis has a
higher genetic burden than the other subtypes.
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SESSION 3

©® How to measure ‘accuracy’?
© |Interpretability and risk communication
© Lack of transferability

© Applications...?
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AGENDA

11:00 — 11:45 Session 4: Advanced Applications and Future Directions
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SESSION 4

© Many challenges — how to circumvent these?
© Enhancing biological understanding?

©® PGS in combination with proteomics
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CHALLENGES WITH PGS

1) Too many individuals have ‘average’ PGS
2) Only capture additive effects

3) Only common variants

4) Transferability

5) Understanding biology

Improving PGS and Future directios

- Improve discriminative ability using multi-trait models and functional annotation
- Ancestry-aware models

—> Integration with single cell and spatial transcriptomics

—> Integrative genomics (combining PGS with other ‘omics)

( AALBORG PAGE
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IMPROVING PGS

BETTER DISCRIMINATIVE ABILITY

&
@ (%)
N & o \@@(\
< &N S
@ ) & & & &
A X g0 @ @ & N L
< F&F e F S FEF O \@@d"”\ & o
@ F &L P Do & s T & &R
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.. - &
@ 600_\{9 & *cf.’a & o & @ O ot O & \,2’\_1’0Q
e IR RN OO E SR OISR O S
G CKITAV Y ATR R GTITRY G O T QPN of 100
Ever/never smoked [JJJj * * ’
BMI == .. * ok ok * * % * x Kk
Childhood obesity [l * * 078

Fasting glucose o | *
T2D * .. * * *
Coronary artery disease * * . * * * * 0.56
LDL . *
Trl'glyceru:l.gs * « « o * | 033
Rheumatoid arthritis .
Alzheimer’s disease .
Age at menarche * x . * * L 0.11

HDL * * ok * . * . *
Crohn’s disease ..
Ulcerative colitis * .. F-0.11
Height * * * . *
Infant head circumference * *
Birth length . B 033
Birth weight * * .
Autism spectrum . _056
Years of education * * * * * . *
Anorexia * .
Depression

*

H-8

Bipolar disorder * * ..
~Hl

Schizophrenia *

-0.78

-1.00

AALBORG
UNIVERSITY

0.51
Controls I
| Cases I 1

I P-value=1.9-10"""

0.1 1

0.0~

Standardized PRS

Identifying genetic correlations between
complex traits and diseases can provide useful
etiological insights and help prioritize likely
causal relationships

Kloeve-Mogensen, Rohde et al. (2023). Front Rep Med, 3, 793226.
Bulik-Sullivan et al. (2015). Nat Gen, 11(47), 1236-1241.



MULTI-TRAIT PGS

w2
o S
FOR TYPE 2 DIABETES & &
o O
Q° <2 o
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Allergic Rhinitis Vo o Y @
Asthma ° Q;& » g® &2 .é’fb
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Rohde et al. (2021) Frontiers in Medicine, 8, 711208
Rohde et al. unpublished



MULTI-TRAIT PGS

FOR TYPE 2 DIABETES

PGS - z Xiﬁi

Bi

Each marker effect (f) is weighted by w, which is found by

using selection index theory

h? 1
__I__
M Ng
rghkhl
M

MT—-PGS =

( AALBORG
UNIVERSITY

rghlhk 1 B h%
M M
h}Z{ + 1 rghlhk
M N v M

m ~
~ XiBwwmri
i=1

The PGS accuracy depends on the power of
the GWAS (=sample size).

Utilising the genetic correlation among
phenotypes is equivalent to increasing GWAS
sample size.

Particularly useful for small-sample GWAS.

P+T (0.001) =
P+T (0.01) n
P+T (0.05) o+
P+T (0.1) o
P+T (0.2) o+
bayesN ; ——
bayesC ; —1—
MT < 7 UKB traits
+ 2 external
MT-ext | T2D GWASSs
| | | | | |
0.60 0.61 0.62 0.63 0.64 0.65
AUC
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Rohde et al. (2021) Frontiers in Medicine

Rohde et al. (2023). Bioinformatics, 11(39), btad656.



ENHANCING PGS BY ANNOTATION

Regulatory sequence 5 UTR Protein coding 3'UTR Regulatory sequence
r A v A ~v—" —
Enhancer Promotor Start Exon Intron Stop Terminator Enhancer
S I - S - - Y- - -
Bi ~ my + 1, I 5 + 1y + 75

I B L]

f (njk) = Intercept + Z SNP annotation X annotation effect

Annotation-specific distribution

Annot 3

T Ty T3 Ty Ty
1 1 1 1 1
1 1 1 1 1
Annot 1 [I— _l _: _: _:
‘ 1
—_— 1 1 1 1 1
1 1 1 1 1
1 1 1 1 1
Annot 2 -/ — — — —
A 1 1 1 1 1
1 | l | l
1 1 1 1 1
—] - A
I i i 1 [
1 1 1 1 1

Deviation from genome average
( AALBORG PAGE
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Zheng et al. (2024). Nat Gen, 56:767-777
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ENHANCING PGS BY ANNOTATION
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(-2

Improved prediction accuracy (%)

Regulatory sequence 5 UTR Protein coding
- Al Y_/W A
Enhancer Promotor Start Exon Intron
------ -]
°
100 - 22.6%
: 33.7%
° o ¢
50 - 16.0% ®
]
13.3% E|
— ® ‘= B
0,____.__._+ ___________ ?_.._l_ ______________________ -
_50 -
)
T T T T
EUR SAS EAS AFR

Population

3'UTR Regulatory sequence
—M

Stop Terminator Enhancer
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UTILISING PGS WITH SINGLE
CELL DATA

A Genetics processing B Statistic model
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context for complex diseases
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UTILISING PGS WITH SPATIAL
TRANSCRIPTOMICS
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Mouse Organogenesis Spatiotemporal
Transcriptomic Atlas (MOSTA)

8 stages
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General
external

/" Health risk
and impact
assessment

Multifactorial traits have a
genetic component and
an environmental
component

N
!/ Internal \M
environment

Repllcatlon

The genetic profile is stable L courseGimension e
throughout life — thus, a polygenic

score may inform about our

inherent disease risk.

gTranscnptuon

Environmental exposures affect
transcription and translation
during life, which hence might affect
disease risk

Therefore, other omic technologies
might inform about disease
pathology and progression.

Translatlon
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GENOME VS
PROTEOME

© Unlike the genome, the composition of
the proteome is in a constant state of
flux over time and throughout the
organism

® Environmental exposures affect g

ranscriptome

T : Proteome
transcription of DNA, and translation of about 20,000 genes eauldn0e 3+ 100000 Broteofoms
RNA

Genome

® Proteome may help us understand
disease pathology
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Predicting presence of coronary plaques featuring

high-risk characteristics using polygenic risk

scores and targeted proteomics in patients wit‘h >

suspected coronary artery disease

Moaller, P.L., Rohde, P. D., et al, Circulation: Genomics and Precision medicine, 2923
Moller, P.L., Rohde, P. D., et al, Genome Medicine 2023 '
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PATIENT WITH CHEST PAIN

A

O
A

L

Patient with de-novo chest pain 5-15%

Risk of obstructive coronary artery 1 1
disease (CAD)

Pretest probability (PTP) = gender, age and type of chest pain

Computed
tomography

((‘ AAAAAAA
uuuuuuuuuu
From 2019 ESC Guidelines [PMID: 31504439]



Morten
Battcher

Dan-NICAD COHORT

Simon
~4000 patients with symptoms of obstructive coronary Winther
artery disease (CAD)

All patients undergo coronary CT

‘ 1650 patients have plague morphology, and
targeted proteomics [368 proteins, Olink®)]

5

((‘ aaLsoRs Nissen et al 2016 [PMID: 27225018] PASS
Rasmussen et al 2019 [PMID: 31323454]
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Combining Polygenic and Proteomic Risk
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Performance for Diagnosing Absence of
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Performance for Diagnosing Absence of
Coronary Artery Disease in Patients With de novo
Chest Pain
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Tradition method

Combining proteomics,
genomics and clinical

risk factors has better
discriminative ability
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PATIENT WITH CHEST PAIN

A

O
A

L

Patient with de-novo chest pain 5-15%

Risk of obstructive coronary artery 1 1
disease (CAD)

Pretest probability (PTP) = gender, age and type of chest pain

Computed
tomography

((‘ AAAAAAA
uuuuuuuuuu
From 2019 ESC Guidelines [PMID: 31504439]



LOW PTP

Some patients have a low PTP-score,
but still have chest pain, and are at
risk of a cardiac event.

T
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HIGH RISK CORONARY PLAQUES [HRP]

Positive Remodeling
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Can DNA and targeted proteomics predict
the presence of HRP in low risk patients?
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Puchner et al 2014 [PMID: 25125300]
Shaw et al 2021 [PMID: 33303383]




PREDICTING HRP

Patients with chest pain
undergoing CCTA
n=1462

Image analysis to
determine high-risk plaque
characteristics

Low attenuation
n=144

Spotty calcification
n=181

Positive remodelling
n=309

Napkin-ring sign
n=36

ol

High-risk ﬁ|aque (HRP): a plaque with two
or more

igh-risk characteristics n=165

Moller et al. Genome Medicine (2024) 16:40
https://doi.org/10.1186/s13073-024-01313-8

Genome Medicine

_ ®
Predicting the presence of coronary plaques =
featuring high-risk characteristics using
polygenic risk scores and targeted proteomics
in patients with suspected coronary artery
disease

Peter Loof Maller'?, Palle Duun Rohde?, Jonathan Nertoft Dahl*#, Laust Dupont Rasmussen®'°,
Louise Nissen®#, Samuel Emil Schmidt?, Victoria McGilligan®, Daniel F. Gudbjartsson®’, Kari Stefansson®,
Hilma Holm®, Jacob Fog Bentzon*?, Morten Battcher’*, Simon Winther** and Mette Nyegaard? ®

Features for prediction of
high-risk plaque

Clinical risk

b
& /‘ If'lzaa:(z;tors (CRF)

I Genome-wide

] polygenic

5 scc1)re (GPSyur)
; e

Olink targeted
proteomics
n=300

Fig. 1 Study design. 1462 patients underwent coronary computed tomography angiography (CCTA), followed by image analysis of high-risk
plaque (HRP) characteristics. Finally, nine clinical risk factors, one multi-trait multi-ancestry genome-wide polygenic score (GPS,,,,), and 300 proteins

AALBORG were used to predict HRP presence
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PREDICTING HRP

Moller et al. Genome Medicine ~ (2024) 16:40 Genome Medicine

https://doi.org/10.1186/513073-024-01313-8

RESEARCH Open Access

Predicting the presence of coronary plaques
featuring high-risk characteristics using
polygenic risk scores and targeted proteomics
in patients with suspected coronary artery
disease
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Moller et al. Genome Medicine  (2024) 16:40 Genome Medicine
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PREDICTING HRP

Full cohort
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Predicting the presence of coronary plaques =
featuring high-risk characteristics using
polygenic risk scores and targeted proteomics
in patients with suspected coronary artery
disease
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Combining CRFs with PGS
increased prediction
accuracy, while the inclusion of
proteomics provided no

significant improvement
to either the CRF the CRF + PGS

The PGS works best in young
individuals — why?
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VARIATION AT MULTIPLE

+» Biological data are now being collected in large
scale aross the different layers of molecular
organisation.

Environmental Exposures
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VARIATION AT MULTIPLE LAYERS

+» Biological data are now being collected in large

scale aross the different layers of molecular
organisation.
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s Variation within each layer has generated
knowledge about human complex diseases.

Environmental Exposures




SESSION 4

© Many challenges — how to circumvent these?
© Enhancing biological understanding?

©® PGS in combination with proteomics

T




/\ A toolbox for statistical genetic analyses of complex traits

Bioinformatics, 36(8), 2020, 2614-2615

doi: 10.1093/bioinformatics/btz955
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Expanded utility of the R package, qgg, with applications
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« GitHub

-
gact
An R Package for Creating a D: of ic A iation of Complex Traits
The R package gact is designed for i and ing a database focused on genomic associations with

complex traits. The package serves two primary functions: infrastructure creation and data acquisition. It facilitates the assembly of a
structured repository that includes single marker associations, all rigorously curated to ensure the high quality of data. Beyond
individual genetic markers, the package integrates a broad spectrum of genomic entities, encompassing genes, proteins, and an array
c' biological complexes (chemical and protein), as well as various biological pathways. It is designed to aid in the biological

ion of genomic shedding light on their complex relationships in the context of genomic associations of complex
traits.
BLR Adjusted Link genetic markers to Functional marker sets
GWAS summary statistics information in biological enriched for disease

association

databases

Hypothesis Iree approach (iest ail feature set)

Hypothesis-based approach (select 1-few fecture sets)

https://pdrohde.github.io/

Tutorials
Below is a set of tutorials used for the qgg package:
This tutorial provides a brief introduction to R package qgg using small

simulated data examples.
Practicals brief introduction

This tutorial provides an introduction to R package qgg using 1000G
data.
Practicals 1000G _tutorials

This tutorial provide a simple introduction to polygenic risk scoring (PRS)
of complex traits and diseases using simulated data. The practical will
be a mix of theoretical and practical exercises in R that are used for
illustrating/applying the theory presented in the corresponding lecture
notes on polygenic risk scoring.

Practicals human example

In this tutorial we will be analysing quantitative traits observed in a mice
population. The mouse data consist of phenotypes for traits related to
growth and obesity (e.g. body weight, glucose levels in blood), pedigree
information, and genetic marker data.

Practicals mouse example

Notes

Below is a set of notes for the quantitative genetic theory, statistical
models and methods implemented in the qgg package:

Quantitative Genetics Theory

Estimation of Genetic Predisposition

Estimation of Genetic Parameters

Linear Mixed Models

Best Linear Unbiased Prediction Models

REstricted Maximum Likelihood Methods

Gene Set Enrichment Analysis

Bayesian Linear Regression Models
=




THE PURPOSE OF TODAY

* Give an introduction to polygenic scores (PGS)

¢ Provide an introduction to complex trait genetics

» Monogenic vs multifactorial aetiology

** How we can utilize genomic data to elucidate
molecular genetic aetiology underlying complex
traits

» Genome-wide association studies (GWAS)

«» Stratify a population/cohort by their inherent genetic
load towards common complex diseases

 Polygenic scores (PGS)
s ldentify future projects of common interests g | T



AGENDA

11:45 - 12:30 Lunch and short walk
12:30 - 15:30 |dentification of 2-3 projects of common interest
15:30 - 16:00 Next steps and thank you for today

( AALBORG PAGE
UNIVERSITY 140
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