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1. Introduction

@ Admixed populations are under-represented in genomic studies

@ Polygenic scores (PGSs) trained on single ancestry cohorts

underperform on admixed individuals

1. Strategies to improve performance include modeling ancestry-specific
effects and ancestry-specific PGSs

2. But recent work also suggests causal effects are highly correlated
across ancestries

3. Gene-by-Gene and Gene-by-Environment interactions can also induce
marginal effect heterogeneity

@ Ancestry mosaicism in admixed individuals accumulates genome-wide
differences in allele frequencies

Key Questions

1. How much does trans epistasis contribute to the genetic architecture
of complex traits?

2. What does the contribution suggest about polygenic risk prediction in
admixed individuals?

2. Theory

@ Two models of Gene-by-Ancestry interaction:

3. Methods

@ Both the global model and the local model contribute to complex
trait architecture, so we introduce mixture models
@ Effect size is convex combination of effect sizes under the global

and local models: B,E.h) = ALoc ,jL.°°7" + (1= ALoe) 8507
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@ We develop a “moment matching”-like approach to estimate A\ o
from polygenic scores, and establish its accuracy via simulations
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4. Application to Penn Medicine Biobank (PMBB)

@ Using UK Biobank summary statistics, perform Clumping and
Thresholding (C&T) on n = 29,410 unrelated PMBB participants of
largely European ancestry to construct PGSs

@ Local ancestry of n = 9,324 PMBB participants of mixed African
and European ancestry (ADM) inferred using RFMix

@ Run estimation approach on ADM to obtain Ao

@ We computed two types of polygenic scores to investigate the fit of
models to complex traits
@ Standard, or Total, polygenic scores (TotPGS), which assign
training cohort (European ancestry) effect sizes to all alleles:

TotPGS(x;, a;) = jf.’:1 @E“r ()?,.(j1) +)?,.(jz)), where X; is the genotype
@ Partial polygenic scores (ParPGS), which restrict scores to genomic
chunks of training cohort ancestry only:

ParPGS(x;. a) — 7, fE [(1 B algjn) £ 4 (1 - af.j2>) f(l.(_z)}

@ ParPGS differentiates local and global models, but TotPGS does not
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Underlying Assumptions (Base Model)
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Under (%), the following equations describe the
performance of PGSs under the Local and Global Models

ParPGS
Global E[cor?(ParPGS,y)] ~ r*(1 —a)(1 — a + pa)?
Local E[cor?(ParPGS, y)] ~ r*(1 — @)

TotPGS
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duce individual-level effect heterogene-
ity, but are consistent with highly similar
average causal effects (which was re-
cently reported in Hou et al., 2023 Nat.
Genet. and Hu et al., 2023 bioRxiv).
Our findings are inconsistent with local
ancestry entirely explaining differences
in predictive power of polygenic scores.
Therefore, polygenic scores for admixed
’e . s o individuals should include both local and
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