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Functional genomic annotations

Functional genomic annotations provide orthogonal information useful for polygenic
prediction.

« Chromatin states
« Biological functions
« Molecular quantitative frait loci (xQTL)
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Functional genomic annotations O or i

Functional genomic annotations provide orthogonal information useful for polygenic
prediction.

« Chromatin states

« Biological functions
« Molecular quantitative frait loci (xQTL)

Zeng et al 2021 Nature Communications
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Opportunities/challenges

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

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

Anno 1 Anno 2 Anno 3

CRICOS code 00025B 4



Opportunities/challenges

THE UNIVERSITY

When causal variants are not observed, SNP markers can tag the causal variant

by LD but may not tag by annotation.
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It's best to model all SNPs simultaneously with their annotations!
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Need new method that can

» simultaneously fit all SNPs and annotation data in a
unifled model

« account for variations in both causal variant proportion
and causal effect distribution

nature genetics

rticl

Al e https://doi.org/10.1038/s41588-024-01704-y
Leveraging functional genomic annotations
and genome coverage toimprove polygenic

Leveraging functional annotations prediction of complex traits withinand
. e between ancestries
for cross-ancestry prediction
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SBayesRC

Incorporate functional annotations through a hierarchical prior:

ﬁ] ~ 104 +7T2 +7T3 +7T4 +7T5

y J\

probit(njk) = SNP annotations X annotation effects




SBayesRC 0 e

Incorporate functional annotations through a hierarchical prior:

ﬁ] ~ 104 +7T2 +7T3 +7T4_ +7T5

y J\

SNP annotations

* Annotation effects are additive at » Estimation of conditional effects.
the GLM scale.  Allow annotation overlap.
* Interpretation.

Cons
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Reparameterisation of annotation effects ol

Suppose 4 components for simplicity

« Aset of 2-component independent models:

For all SNPs [ |
Bi ~ (1—pz) T D2 }

For SNPs with nonzero effects (conditional on non-null SNPs)

Bi ~ (1—ps3) J + P3

For SNPs with at least medium effects (conditional on non-small-effect SNPs)

D2. P3, P4 AIC

Py~ (A =ps) P independent!
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Reparameterisation of annotation effects Rt

Probit link function:

O~ 1(p) = Z SNP annotation X annotation effect

where @ is the CDF of the standard normal distribution.

It is straightforward to compute p = &(+)

and m; = 1—=py; 1 = (1 —p3)p2; m3= (1 — Pa)P3D2; Ta= D2P3Pa4
Assume a normal prior distribution for each annotation effect.

Gibbs sampling for all parameters.
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SBayéesRC
Toy example

Prior conditional
Genome | Region 1 | Region 2 | Region 3 probabilities

0.02 0.02 0.16

Anno Effect

Matrix

0.0 0.2 0.6

0.08 0.01 0.01

Estimate from
the data

Input data

prior mixing probabilities
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SBayéesRC
Toy example

0.8 002 002 0.6
Prior distribution of SNP effect is annotation dependent. 0.2 0.0 0.2 0.6
0.9 008 001  0.01

0.2 0.1 0.6 0.1

SNP 1 SNP 2 SNP 3 SNP 4 SNP 5

A | A
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Low-rank model (fits 7M SNPs or more)

In each quasi-independent LD block:

b = R p + €

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

I . I Var(e) ) .

K Eigen-decomposition \

I ‘ \ It only requires the top 20%
PCs to explain 99.5% of the

U A U
) ) ) variance in LD!
A2Ub = AZU B+ A2Ue
w = Q B + &
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Low-rank model

Method
Improved robustness GWAS: FrnGen

LDpred-funct

Method LDref: UK Biobank . MegaPRS
SBayesR
I LDpred2 . SBayesRC
a b 1 SBayesRC
0.45 - . 0.45 - . E——s
:HJ__F innGen

A T | .
® .40 $| 3
) )
@ ®©  0.40
3 3 ﬁ $ 0
(6] O
®  0.35 ®
S S
X o
e o -25 -
f.?t) 0.30 - $ g 0-857

® _50 7

0.25 - ‘ ‘ : ‘ : | x w
ukb20k  uk10k  1kgO0.5k  afrdk 100 90 50 0
LD refefence Percent of overlapped in meta—analysis
\ T2D Asthma HBP GLAUC
Very small LD ref  Different ancestry Missing SNPs in Trait

sample size sub cohorts



THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Trans-ancestry prediction

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS
PRS-CSx
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nature genetics

Explore content ¥ About the journal v Publish withus v Subscribe

GWAS sumstats| |GWAS sumstats| |GWAS sumstats
LD ref pop A LD ref pop B LD ref pop C
PRS-CSx
PRS A + PRS B PRS C
Final PRS

nature > nature genetics > articles > article

Article | Published: 05 May 2022

Improving polygenic prediction in ancestrally
diverse populations

Junteng =udan, ren-reng Lin, ren-,nen anne reng, Lhla-ren .nen, Viax Lam, £Nengin

Guo, Stanley Global Asia Initiatives, Lin He, Akira Sawa, Alicia R. Martin, Shengying_Qin &,

Hailiang Huang 55 & Tian Ge &

Nature Genetics 54, 573-580 (2022) | Cite this article

How important is functional
annotation data compare to
another GWAS dataset from
the target ancestry?
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Trans-ancestry prediction

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS

(9]

PRS-CSx SBayesRC
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Trans-ancestry prediction

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS

(9]
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Trans-ancestry prediction

Use GWAS data from UKB EUR and PAGE (mixed) AFR to predict UKB
AFR

Q
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Interaction between SNP density and annotation information®

Relative prediction accuracy with annotations (7M imputed SNPs)
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Improvement (%) in prediction
accuracy with vs. without
annotations:

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

Annotations help more with
increased SNP density

CRICOS code 00025B 20



THE UNIVERSITY

Contributions of functional categories to prediction accurdcy. -

A TRALIA

Regions conserved across 29 mammals covers 3% genome but contributed 41% prediction accuracy!
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Functional genetic architecture
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Incorporate annotations to improve fine-mapping &oomss
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Summary

Methodology
» Incorporate functional annotations to better capture causal effects (improved accuracy).
« Develop alow-rank method that fits all SNPs to better model LD (more robust & efficient).

« Can apply to individual-level data and be used as a fine-mapping method.

Science

« For tfrans-ancestry prediction, functional annotations provide comparable and additive
iInformation to the use of additional GWAS dataset of tfarget ancestry.

 Significant interaction between SNP density and annotation information, suggesting
whole-genome sequence variants with annotations may further improve prediction.

« Functional partitioning highlights a major conftribution of evolutionary constrained regions
to prediction accuracy and the largest per-SNP contribution from non-synonymous SNPs.
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Recommended reading

1. Zheng Z, et al. Leveraging functional genomic annotations and genome coverage to
improve polygenic prediction of complex traits within and between ancestries. Nat
Genet 56, 767-777 (2024). (SBayesRC for prediction)

2. WuY, et al. Genome-wide fine-mapping improves identification of causal variants. Nat
Genet 58, 940-951 (2026). (SBayesRC for fine-mapping)

3. Zeng J, Visscher PM. Harnessing functional annotation to improve the accuracy and
transferability of polygenic scores. Naf Rev Genet 26, 805-806 (2025). (Comment and vision)

25



THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Questions?



OF QUEENSLAND

>
=
w2
-1
wm
2
4
-]
m
o=
=

<
-
<
[
=
@
=
<

5 min break

27



THE UNIVERSITY

Practical 4: Polygenic prediction using SBayesR(C)

https.//cnsgenomics.com/data/teaching/GNGWS26/module5/Practical4 SBayesRC.html

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

ssh username@hostname

And then key in the provided password.

28
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