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PGI predictive accuracy is lower in ancestrally divergent samples



Predictive accuracy decays as a function of genetic distance from discovery 
sample



• Cross-population differences in:

• Allele frequencies (MAF)  

• Linkage disequilibrium (LD): causal SNPs – SNPs assayed in GWAS

• Heritability

• Causal variant effect sizes, population-specific causal SNPs 

• Negative selection 

• Gene-environment correlations

• GxE interactions

• G-E correlations

• Assortative mating

WHY is PGI predictive accuracy is lower in genetically divergent samples?



• Calculate the theoretically expected relative accuracy of the PGI based only on 

cross-ancestry LD and MAF differences

• Compare to observed relative accuracy

→ Loss in predictive accuracy due to cross-ancestry LD and MAF differences 
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Effect size 
differences 
between the 
GWAS and target 
population

MAF and LD 
differences 
between the 
GWAS and target 
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But causal variants are unknown!

Heuristic for candidate causal 
variant: any SNP in LD (r2 > 0.45) with 
a GWS SNP and located within 
100 kb of the latter

GWS SNPs
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• Cohorts: UKB & HRS, and (in the revision) All of Us 

• Phenotypes: 52 phenotypes from PGI Repository [46 in UKB, 38 in HRS]

• Do social and behavioral phenotypes have weaker portability?

•  PGI Repo SNP weights → obtained from largest GWAS samples 

• Examine 

• the share of cross-ancestry differences in MAF, LD and heritability contributing 

to the loss of PGI RA

• how using genome-wide PGIs changes things

• how using within-family PGI weights changes things 

Contribution:



• Identify ancestries based on first 10 PCs

• SNP weight estimation: 

• Standard PGIs: SBayesR: 2.8M SNPs, 

• fGWAS PGIs: PRS-CS:  Good quality HapMap3 SNPs (filtered for INFO>0.99, 

etc.) 

• RA estimation: ratio of incremental R2:

• RAObserved

• RAExpected

• Implement a modification of Wang et al. (2020) to estimate contribution of different 

factors to the loss of PGS predictive accuracy:

• LD

• MAF

• h2

Methods overview



Ancestry identification

• Estimate PC weights for first 10 PCs using HapMap 3 SNPs in 1000 Genomes Ph 3
• Project UKB onto the PC space
• For each ancestry in 1000 Genomes, identify UKB/HRS individuals falling within 

mean ± 4 SD in all 10 PCs.
• UKB:

• 162,963 EUR
• 11,413 SAS
• 2,216  EAS
• 9,494 AFR 

• HRS: 
• 12,774 EUR
• 3,593 AFR



Observed relative accuracy averaged across 46 phenotypes; loss of accuracy highest in AFR, 
followed by EAS & SAS 

Current Study

46 phenotypes in UKB

[anthropometric,reproductive, 

cognitive, health, psychiatric, 

substance use, personality & well-

being]

Martin et al. 

(2019)

17 phenotypes 

[anthropometric 

+ biomarkers] 

0.220.500.63

Wang et al. (2022)

8 phenotypes 

[anthropometric + biomarkers 

+ metabolic] 



RAObs varies by phenotype category; highest for anthropometric traits & biomarkers; higher in 
SAS across all categories 



RAObs using standard vs fGWAS weights



• We include ∼2.9 million SNPs in the PGIs instead of only GWS SNPs → Why? 

1. Wider set of behavioral and health-related phenotypes analyzed which are highly polygenic 

• Only a handful of GWS SNPs identified

• Predictive accuracy of GWS SNPs is low, relative accuracy becomes imprecise 

2. Most PGI studies construct PGIs with a focus on maximizing predictive power so would be good to know 
if Wang et al.’s results hold under practically more relevant conditions.

• But then how to select candidate causal SNPs?

• Need a set of SNPs that would approximate the genome-wide level expected predictive accuracy of PGIs

• Because the PGI-SNPs are not selected based on their p-values and are not pairwise independent, we 
cannot assume that causal SNPs are located within a 100kb window and are in LD with the PGI-SNPs.

• Use Wang et al.’s approach of defining candidate causal SNPs, but relax the p-value cutoff to consider 
more than only GWS SNPs. 

• Challenge: include enough SNPs to correspond to the predictive power of genome-wide PGIs while 
keeping the computational burden manageable

How to select candidate causal SNPs?



𝑹𝑨𝒆𝒙𝒑 stabilizes after 1000 SNPs, most precise with 10k SNPs 

• Generate three different 
candidate causal SNP sets for each 
phenotype based on the top 100, 
1,000, and 10,000 independent 
SNPs by p-value

• Expand each set to include any 
SNPs in LD (R2 > 0.45) within 100 
kb of these top SNPs

• Compute the expected RA of the 
PGIs based on each candidate 
causal SNP set

• For the fGWAS PGIs, repeat the 
procedure selecting top SNPs 
based on fGWAS p-values 





Loss of predictive accuracy attributable to MAF and LD by phenotype category in UKB

• Mean 𝐿𝑜𝐴𝐿𝐷+𝑀𝐴𝐹 

• 83% in AFR

• 33% in EAS

• 25% in SAS

• Highest in blood biomarkers in all 
ancestries

• Lowest in fertility and substance 
use

𝑳𝒐𝑨(𝑴𝑨𝑭+𝑳𝑫)) = 
𝟏 − 𝑹𝑨𝑬𝒙𝒑𝒆𝒄𝒕𝒆𝒅

𝟏− 𝑹𝑨𝑶𝒃𝒔𝒆𝒓𝒗𝒆𝒅
× 𝟏𝟎𝟎



Loss of predictive accuracy attributable to MAF and LD by phenotype category in UKB



Loss of predictive accuracy attributable to MAF and LD by phenotype category in UKB



UKB vs HRS, AFR ancestry

• Contribution of MAF and LD to 
PGI predictive accuracy varies 
across cohorts

• May reflect
• differences in 

environmental exposures
• differences in sample 

characteristics
• differences in phenotype 

definitions



Introducing heritability differences, UKB vs HRS, AFR ancestry



Meta-analyzed fGWAS SNP weights: Tan et al. (2024). Family-GWAS reveals effects of environment and mating on genetic associations. medRxiv.

LoAMAF+LD based on fGWAS Vs stdGWAS SNP weights



Summary

Source: Wang et al., (2020)

• We confirm substantial reductions in the predictive accuracy of PGIs for non-European ancestries:

• 𝑅𝐴𝐸𝑈𝑅→𝐴𝐹𝑅 < 𝑅𝐴𝐸𝑈𝑅→𝐸𝐴𝑆 < 𝑅𝐴𝐸𝑈𝑅→𝑆𝐴𝑆

• The loss is not uniform across trait categories

• Portability is substantially lower for behavioral and social traits compared to more biologically 
proximal phenotypes

• Core findings are broadly consistent with Wang et al., showing that differences in LD and MAF 
account for a substantial portion of accuracy loss:

• 𝐿𝑜𝐴𝐿𝐷+𝑀𝐴𝐹
𝐴𝐹𝑅 =  83% >  𝐿𝑜𝐴𝐿𝐷+𝑀𝐴𝐹

𝐸𝐴𝑆 = 34% >  𝐿𝑜𝐴𝐿𝐷+𝑀𝐴𝐹
𝑆𝐴𝑆 = 25%

• fGWAS-based PGIs can improve portability for some traits (e.g. BMI in AFR), suggesting that some 
of the portability gap may be attributable to population-specific biases present in standard PGIs

• fGWAS findings except for BMI in AFR align with Zhang and Conley, who reported no improvement 
in cross-ancestry prediction accuracy in HRS and Add Health

• We find differences in 𝐿𝑜𝐴𝐿𝐷+𝑀𝐴𝐹
𝐴𝐹𝑅  residing in different contexts, i.e. UK versus US  



Limitations & Future research

• Only common SNPs (MAF>0.01) used for PGI computation – may not generalize to rare SNPs 
which are often population specific 

• Incorporating rare variants and improving imputation strategies for diverse populations could 
alter the cross-ancestry portability of PGIs.

• The use of genotype reference panels like the 1000 Genomes which are biased toward EUR 
ancestry may introduce inaccuracies in estimating population parameters such as MAF and 
LD.

• While fGWAS-based PGIs showed promise for improving portability for certain traits, their 
smaller effective discovery sample sizes and stringent QC filters limit power and genome-
wide SNP coverage. 

• Expanding family-based GWAS datasets in scale and coverage could enhance the robustness 
of fGWAS-based approaches
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Thank you!
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