Lecture 1 - GWAS Statistics +
Polygenic Risk Scores (PRS)
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GWAS

Genome-wide Association Studies



Genome-wide Association studies (GWAS)

Single nucleotide polymorphism
(SNP): This is a variation in a single
nucleotide (i.e., A, C, G, or T) that
occurs at a specific position in the
genome. A SNP usually exists as
two different forms (e.g., A vs. T).
These different forms are called
alleles. A SNP with two alleles has
three different genotypes (e.g., AA,
AT, and TT).
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Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.



Data sources & repositories

Summary statistics
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Testing for associations

Genetic models

AA AG
Additive model 0 1
Dominant model 0 1
Recessive model 0 0

e  Additive model (ADD)
e  Dominant model (DOM)
e  Recessive model (REC)

biallelic SNP whose reference allele is A and the alternative allele is G.

GG

Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.



Testing for associations

Contingency table

case 2000
control 1000 | 500 500 2000
Total 1800 | 900 1300 4000

Dominant model Recessive model Additive model

case 800 1200 2000 case 1200 2000 case 800 400 800 2000
control 1000 1000 2000 control 1500 500 2000 control 1000 | 500 500 2000
Total 1800 2200 4000 Total 2700 1300 4000 Total 1800 | 900 1300 4000

Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.




Testing for associations

Quantitative traits

G is the genotype matrix.

B¢ is the effect size for variants.

X and 3y are covariates and their effects.

e is the error term.

Binary traits

Yy = G_B(; -+ XBx + €

logit(p) = GBg + XBx + e

Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.
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Testing for associations

Quantitative trait

Binary trait

y =GB+ XBy + €

Height Genotype * Covariates

(allele count/
dosage) Age Sex PCs..
181 1 81 1
152 0 52 2
162 2 62 1
77| ~ 2| Y |2
148 0 48 2
165 1 65 1

log(p/1-p) = GB; + XBy +

Type2 Genotype '
diabetes (allele count/ Covariates
dosage) Age SaE PO

1 1 181 1

0 0 152 2

1 B 2, |12 |1 |

1 2 177 2

0 0 148 2

1 1 165 1

Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.
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Manhattan plot for EduYears associations (n=293,723)
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Rare and common variants
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Haplotypes: ABO serological groups

Group A Group B Group AB Group O
Red blood
cell type
\J L QISP
Antibodies| 75, < =, Z =8
in plasma AN A A AN
Anti-B Anti-A None Anti-A and Anti-B
Antigens in
red blood ? t ot
cell A antigen B antigen Aand B None
antlgens
Blood group antigen Tag SNP Effect allele/non-effect allele
A4 rs507666 A/G
Az rs8176704 A/G
rs8176746 T/G
(0] rs687289 G/A

Li S, Schooling CM (2020). doi: 10.1186/s12916-020-01795-4.
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Polygenic Risk Scores (PRS)

stratification & disease trajectories



Common workflow - single-trait PRS

(1) GWAS summary statistics

Polygenic risk scores (PRS) Allele . G i .

Effect +1.5 -0.5 +2.0 -1.5

SNP1 SNP3

(2) Genotype data
SNP1 SNP2 SNP3

Individual 1 AT CG T CcC n
1 Individual 2 TA GG GT CA
score that summarizes the effect ndvidil3 T CC T CA PRS; = Z B: Gi;
sizes of genetic variants on a ndvidual4 T CC GG M &

certain disease or trait.

@) Polygenic risk score

Individual1 15 - 05 + 40 - 00 = 5.0
Individual2 1.5 - 00 + 20 - 15 = 2.0
Individual3 00 - 10 + 20 - 15 = -05
Individual4 0.0 - 10 + 00 - 30 = -4.0
(4) PRS distribution

Individual4  Individual 3 Individual 2 Individual 1
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Choi et al. Nat Protoc (2020). doi:10.1038/s41596-020-0353-1. | Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.



Common workflow - single-trait PRS

| vaupate | Test |{_ PRs cALcULATION |4 PROCESSING |{_DATA

zv Br . LkiLd MM Iniz:]e:lt::nt
BASE DATA

TARGET DATA

( . .

Summary statistics e
Betas/ORs weights in PRS

calculation

Individual-level genotype and
phenotype data
Often small sample size )

NG

Quality Control

Both data sets QC’ed as standard in GWAS
Some QC requires special care in PRS eg. sample overlap, relatedness,

population structure (see Section 2)

Retain set of SNPs that overlap between base and target data 4

K- eg. clumping

/ LD adjustment
* *

Beta Shrinkage

A

* eg.lasso/ridge

P-value thresholding\

i

Category Description Methods/
software
P value thresholding P+T C+T, PRSice, Plink
Beta shrinkage genome-wide PRS |LDpred

model

« PRS at multiple P/

Generate PRS

+
Perform Association Testing

Out-of-sample PRS testing

» K-fold cross-validation
» Test in data separate from base/target

P+T stands for Pruning + Thresholding, also known as
Clumping and Thresholding (C+T)

Choi et al. Nat Protoc (2020). doi:10.1038/s41596-020-0353-1. | Uffelmann et al. Nat Rev Methods Primers (2021). doi:10.1038/s43586-021-00056-9.
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Common workflow - multi-trait PRS

Multiple observations suggest “biomarkers — disease” links
- PRS-PheWAS analysis

+  Standard GWAS QC should be
performed (see [29], Section 2.1)

*  Ensureh,,2>0.05.

*  Verify which is the effect allele

Is your base
data QC'ed?

- Biomarkers are more heritable than dlsease/
- Mendelian Randomization N

Consider running multi-trait GWAS
analysis e.g. GenomicSEM or MTAG,
to generate more powerful base data

Is your base
data a single
GWAS?

e Prediction of disease outcomes
using biomarker polygenic scores
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Sinnott-Armstrong N et al. Nat Genet. (2021). doi:10.1038/s41588-020-00757-z. | Choi et al. Nat Protoc. 2020. doi:10.1038/s41596-020-0353-1.




Common workflow - multi-trait PRS

- Multi-PRS is a weighted sum of PRSs
i.e. w,(PRS,)+w,(PRS,) +w,(PRS,) + ...

Smoking >
h? =04
h?
LpA
€ BMI
LDL
' h2 = 0.94
O g By 2 =06
h2 = 0.79 7$-tat|ns h2 = 0,12

Sinnott-Armstrong N et al. Nat Genet. (2021). doi:10.1038/s41588-020-00757-z. | Choi et al. Nat Protoc. 2020. doi:10.1038/s41596-020-0353-1.
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Case study - disease stratification
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Case study - multi-trait PRS improves disease prevalence prediction

CKD stratification with multi-PRS Higher AUC-ROC with multi-PRS for CKD
Chronic kidney , 100 |
3.0 CKD multi-PRS
disease (CKD) —y
0.75 CKD multi-PRS
3 25 % AUC =0.57
8 [ -4
g § 0.50 -
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Sinnott-Armstrong N et al. Nat Genet. (2021). doi:10.1038/s41588-020-00757-z.



Use of PRS for trait / disease prediction

Prediction of disease outcomes
using biomarker polygenic scores

Urea -
Urate { ¢ . .
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Take extreme in PRS for biomarkers

» ‘; .

Compare odds ratio for disease
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P>

Applied PheWAS for ~160 diseases

Sinnott-Armstrong N et al. Nat Genet. (2021). doi:10.1038/s41588-020-00757-z.
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Use of PRS for trait / disease prediction

Prediction of disease outcomes
using biomarker polygenic scores

Take extreme in PRS for biomarkers

Urea - 5 o
Urate 4 ¢
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LDL cholesterol { | * Bottom 10% )
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Limitations - ethnicity / ancestry
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Limitations - polygenicity & pleiotropy

- Polygenicity: many variants - one trait
- Pleiotropy: one variant - many traits

SNP3
Individual 1 AT CG T Genetic Complex
Individual 2 TA GG GT . .
Individual 3 TT cc GT variants traits
Individual4 TT cc GG

- Large number of associations in
population-based cohorts
- Can we group them together for enhanced interpretation?

Sinnott-Armstrong N et al. Nat Genet. (2021). doi:10.1038/s41588-020-00757-z.
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Going further - EHR’s & PRS

Cumulative number of publications

10,000

1,000

100

10

2005 2010 2015 2020

Publication date

Pheno,
Phenos
Pheno,

Pheno,

b

Respiratory
Airways

Abdomen
Pancreas

Growth
Other

X w,
n
o
]

X ws £

X Wy

X W,

Chronic bronchopulmonary infection ——
Bronchiectasis
Asthma

Pancreatic insufficiency =——————nx——>

Failure to thrive

7 X
E 3 Chronic pulmonary
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Patient age
HPO Phecodes and weights
6,538 —> 483 Acute bronchitis & bronchiolitis  1.00
2,110 —> 4963 Bronchiectasis 1.80
2099 —> 495 Asthma 0.98
1,738 —>» 577 Diseases of pancreas 1.42
1,508 —> 264.2 Failure to thrive 1.62

Linder JE et al. Annu Rev Genomics Hum Genet. (2021). doi:

10.1146/annurev-genom-121120-125204.
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Summary

Two complementary approaches to improve predictive performance:

e Sample size — increase in statistical power
e Multi-trait PRS analysis

Why does multi-PRS work?

e Quantitative traits have more power
e Genetic correlation between biomarkers and disease

The multi-trait PRS model:

Genetics —Biomarkers (molecular traits) —Disease
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