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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

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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Two dimensions of Informartion

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

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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Gaps

Need new method that can

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

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

nature genetics

Article
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Leveraging functional genomic annotations
and genome coverage toimprove polygenic

Leveraging functional annotations prediction of complex traits within and
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SBayesRC

Incorporate functional annotations through a hierarchical prior:
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probit(njk) = SNP annotations X annotation effects




SBayesRC

Incorporate functional annotations through a hierarchical prior:

ﬁ] ~ 104 +7T2 +7T3 +7T4 +7T5

' J\

probit(njk) = SNP annotations X annotation effects

» Annotation effects are additive at » Estimation of conditional effects. » # annotation effect parameters x 5.
the GLM scale. - Allow annotation overlap. Wiy + iyt Wizt Wiy + 75 = 1.
* Interpretation.




Reparameterisation of annotation effects

Suppose 4 components for simplicity

« Aset of 2-component independent models:

L

For all SNPs

Bi ~ (1—py)
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For SNPs with nonzero effects (conditional on non-null SNPs)

Bi ~ (1—p3)
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For SNPs with at least medium effects (conditional on non-small-effect SNPs)
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Reparameterisation of annotation effects

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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Toy example: inputs

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

0.1 06 0.1

||
Estimate from

the data

Input data

prior mixing probabilities
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Toy example: conseguences

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 ultra high-density SNPs)

In each quasi-independent LD block:

b = R p + €

[ GWAS SNP marginal effects ][ LD correlation matrix ][ SNP joint effects ][ Residuals ]
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Low-rank model

Improved robustness

Method
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Trans-ancestry prediction

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS
PRS-CSx
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How important is functional
annotation data compare to
another GWAS dataset from
the target ancestry?




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 BBJ EAS to predict UKB EAS
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Trans-ancestry prediction

Use GWAS data from UKB EUR and PAGE (mixed) AFR to predict UKB
AFR
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Inferaction between SNP density and annotation information

Relative prediction accuracy with annotations (7M imputed SNPs)
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Contributions of functional categories to prediction accuracy

Regions conserved across 29 mammals covers 3% genome but contributed 41% prediction accuracy!

Proportion of prediction accuracy contriputed (%) 2
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Functional genetic architecture
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Incorporate annotations to improve fine-mapping

Genome-wide fine-mapping nature genetics 3

i 207 - far .
< r'.l Articla https:ifdel.orgMOI03E541588-0F6- 025453
= 155 - Y S
-
C e Genome-wide fine-mapping improves
%103_ :I--.,.-'
i identification of causal variants
=
S 524 .. €n
E LJ L] - L]
| 0 -
g 1- *
cc 0.8 - Received: 20 July 2024 Yang Wu®'® |, Fhili Zheng ®**4, Loic Thibaut?, Tian Lin ®*, Gian Fang?,
% Hao Cheng®°, Loic Yengo @7, Michael E. Goddard™’, Naomi R. Wray@2",
- 0.6 - Aceepted: 16 February 2026 Peter M. Visscher 82° & Jian Zeng ®°
2 0.4 - Published celine: 30 March 2126
£ 0.2 - . .
o 0 - L o A htets
GCTB GCTA SMR GSMR OSCA Program in CTG  CTG forum
B3 Within GWAS locl ; ‘ : ;
A tool for Genome-wide Complex Trait Bayesian analysis
ES Outside GWAS locl
0.9 | Overview l Genome-wide Fine-mapping analysis
D load
0“_"‘ - g The Genome-wide Bayesian Mixture Model (GBMM) implemented in GCTB (e.g., SBayesRC) can perform genome-wide fine-
g Basicioptons mapping analysis. These methods require summary-level data from genome-wide association studies (GWAS) and linkage
h=4 0.6 i Bayesian alphabet disequilibrium (LD) data from a reference sample. Our manuscript is currently under review and available at here (link to
§ . Summary Bayesian Alphabet manuscript).
-
a ' Tutorial ’ soe ) : : ;
. We outline below on how to perform the genome-wide fine-mapping (GWFM) analysis and calculate the credible set using
0.3 SBayesR Tutorial GCTB
SBayesRC Tutorial
| Run genome-wide fine-mapping analysis
0.0 FAQ gctb ——gwfm RC —-ldm-eigen ldm --gwas-summary test.ma --annot annot.txt --gene-map gene_map.txt --thread 32 —-out test
Local credible sets Proportion of variance
(LCSs) explained by LCSs

23



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
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