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Polygenic score (PGS) for an individual

Use in phenotypic predictions
Prediction accuracy of PGS: R2 of prediction 
of phenotype by PGS

Estimated effect sizes: a1, a2, a3…
Genotypes g1, g2, g3…

GWAS have identified many loci of very small effect 
That act in a a mainly additive manner

Height PGS in UK Biobank Lu et al 2021 



Are changes in ancient human pops. Genetic or 
environmental

Marciniak et al. 2021

See also Cox et al. 2021
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Big list of issues in the portability of polygenic 
scores across groups

1) Population stratification: GWAS effect sizes can be biased absorb the effects of 
covarying environmental and genetic gradients.



Big list of issues in the portability of polygenic 
scores across groups

1) Population stratification: GWAS effect sizes can be biased absorb the effects of 
covarying environmental and genetic gradients.

2) We are missing a large number of variants and the genetic architecture will differ 
somewhat among populations, e.g. due to drift.

3) Effect sizes of the loci we have may not transfer over groups
• We assume no dominance or epistasis. 
• Not causal alleles, but rather alleles that are in linkage disequilibrium (LD) with them
• Gene by environment interactions
• Differences in assortative mating and indirect effects

4) Groups of people experience different distributions of environments so can differ in 
their phenotypic mean
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somewhat among populations, e.g. due to drift.

3) Effect sizes of the loci we have may not transfer over groups
• We assume no dominance or epistasis. 
• Not causal alleles, but rather alleles that are in linkage disequilibrium (LD) with them
• Gene by environment interactions
• Differences in assortative mating and indirect effects

4) Groups of people experience different distributions of environments so can differ in 
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1972

Modern version (expressed in terms of FST)

Little variance in genotypes is attributable to 
differences among human “ancestries” (e.g.
continent-level populations)

Most common genetic diversity is present at the 
level of individual human ‘populations’

Little loss in heterozygosity in sub-populations 
compared to world wide populations 

So can allele frequency changes contribute much 
to lack of portability?
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Marciniak et al. 2021

See also Cox et al. 2021

Prediction
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Understanding genetic causes 
of variation

& Societal implications
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Sharing of alleles among populations 

Portability of polygenic scores across populations 

Differences in mean polygenic scores

1972

Turn over in polymorphism contributes to low 
prediction accuracy
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Data from Karn and Penrose (1951) 

Under models of genetic drift and stabilizing selection



Prediction* accuracy (𝒓𝟐) correlation between PGS prediction and phenotype
*judged relative to the mean of both in the prediction population 

Reduction in prediction accuracy in moving from genetic values to PGS:
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Prediction* accuracy (𝒓𝟐) correlation between PGS prediction and phenotype
*judged relative to the mean of both in the prediction population 

Reduction in PGS prediction accuracy :

Assume no stratification, no GxE, and that the PGS loci are the causal loci, then 
reduction is the proportion of genetic variance in a population explained by SNPs in PGS 
sites
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Prediction* accuracy (𝒓𝟐) correlation between PGS prediction and phenotype
*judged relative to the mean of both in the prediction population 

Reduction in PGS prediction accuracy :

Assume no stratification, no GxE, and that the PGS loci are the causal loci, then 
reduction is

Turn over in polymorphism contributes to low prediction accuracy
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<latexit sha1_base64="ShFfITAyTRclIbNAI9B3rFnc9OI="></latexit>

r2PGS

r2GV

=
VPGS

VA
=

P
l2PGS ↵

2
l pl(1� pl)P

l2All ↵
2
l pl(1� pl)



Turn over of polymorphism contribute to low 
prediction accuracy

Monomorphic

divergence over time

Polygenic score is sum of effects at 
polygenic loci

True genetic value is sum of effects at all 
polymorphic loci

Significant sites in descendant population GWAS

Polymorphism that originated before ancestor

Polymorphism that originated more recently than ancestor
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.

on an allele is stronger when the fitness peak is narrower (i.e. when w is smaller) and when the allele’s190

e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199

less of a reduction in the variance contributed by ancestral polymorphisms (Figure S1). In Appendix A.3200

we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201

4 Accuracy of polygenic score predictions202

To understand the e↵ect of stabilizing selection and drift on the prediction accuracy of polygenic scores in203

isolation from other sources of bias, we make the simplifying assumption that GWAS identify associations204

between polymorphisms and trait variation only at causal loci. For a GWAS within a population to identify205

a locus as being associated with the trait, the locus has to be polymorphic in that population and its206

5

Population A

Common Ancestor (GWAS)

Prediction accuracy (𝒓𝟐): proportion of 
variance in a population explained by PGS 

SNPs

The reduction in some ancestral 
PGS prediction accuracy due
to drift alone is just given by the 
reduction in neutral heterozygosity

This is just 1-FST treating ancestral pop.
As total pop.
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.

on an allele is stronger when the fitness peak is narrower (i.e. when w is smaller) and when the allele’s190

e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199

less of a reduction in the variance contributed by ancestral polymorphisms (Figure S1). In Appendix A.3200

we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201

4 Accuracy of polygenic score predictions202

To understand the e↵ect of stabilizing selection and drift on the prediction accuracy of polygenic scores in203

isolation from other sources of bias, we make the simplifying assumption that GWAS identify associations204

between polymorphisms and trait variation only at causal loci. For a GWAS within a population to identify205

a locus as being associated with the trait, the locus has to be polymorphic in that population and its206
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.

on an allele is stronger when the fitness peak is narrower (i.e. when w is smaller) and when the allele’s190

e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199

less of a reduction in the variance contributed by ancestral polymorphisms (Figure S1). In Appendix A.3200

we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201

4 Accuracy of polygenic score predictions202

To understand the e↵ect of stabilizing selection and drift on the prediction accuracy of polygenic scores in203

isolation from other sources of bias, we make the simplifying assumption that GWAS identify associations204

between polymorphisms and trait variation only at causal loci. For a GWAS within a population to identify205

a locus as being associated with the trait, the locus has to be polymorphic in that population and its206
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.

on an allele is stronger when the fitness peak is narrower (i.e. when w is smaller) and when the allele’s190

e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199

less of a reduction in the variance contributed by ancestral polymorphisms (Figure S1). In Appendix A.3200

we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201

4 Accuracy of polygenic score predictions202

To understand the e↵ect of stabilizing selection and drift on the prediction accuracy of polygenic scores in203

isolation from other sources of bias, we make the simplifying assumption that GWAS identify associations204

between polymorphisms and trait variation only at causal loci. For a GWAS within a population to identify205

a locus as being associated with the trait, the locus has to be polymorphic in that population and its206
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.

on an allele is stronger when the fitness peak is narrower (i.e. when w is smaller) and when the allele’s190

e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199

less of a reduction in the variance contributed by ancestral polymorphisms (Figure S1). In Appendix A.3200

we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201

4 Accuracy of polygenic score predictions202

To understand the e↵ect of stabilizing selection and drift on the prediction accuracy of polygenic scores in203

isolation from other sources of bias, we make the simplifying assumption that GWAS identify associations204

between polymorphisms and trait variation only at causal loci. For a GWAS within a population to identify205

a locus as being associated with the trait, the locus has to be polymorphic in that population and its206
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.
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e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199
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we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201
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Figure 1: A) Deterministic allele frequency trajectories, assuming an infinite population size, based on the
underdominant model, at a locus that contributes to the variance of a trait under stabilizing selection (in this
case w = 4). The trajectory di↵ers according to e↵ect size and starting frequency. Note the symmetry for
starting frequencies that are the same distance to their closest boundaries. B) Reduction in heterozygosity
at loci that contributed to the variance 1500 generations ago in a population with Ne = 10, 000. Each open
point represents the midpoint of the e↵ect size bin of width 0.01, within which we averaged heterozygosity
from 100 simulations. Each filled point represents our analytical predictions for that midpoint. C) Reduction
over time in the total variance contributed by polymorphisms in an ancestral population. Dashed lines show
results from simulations and solid lines show analytical predictions. The axis at the top shows the expected
neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.

on an allele is stronger when the fitness peak is narrower (i.e. when w is smaller) and when the allele’s190

e↵ect is larger, causing a greater reduction in heterozygosity at those sites (Figure 1B). The reduction in191

heterozygosity corresponds to an elevation in FST between the ancestral and descendant populations. We192

can average the reduction in heterozygosity across all sites, weighting by the distribution of e↵ect sizes and193

genic variance contributed by a given e↵ect size, to predict the total reduction in Va over time (Figure 1C).194

In the example shown in Figure 1, this total reduction tends to be weaker than what we see for the largest195

e↵ect polymorphisms, because most sites that contribute to the variance are of small e↵ect. This is because196

we assumed (i) most mutations have small e↵ects, and (ii) due to stabilizing selection, at equilibrium the197

distribution of observed e↵ects at variance-contributing sites is more narrow than the distribution of mutant198

e↵ects. Thus when the variance of the mutant e↵ect size distribution is 1/4 of that used in Figure 1C, we see199

less of a reduction in the variance contributed by ancestral polymorphisms (Figure S1). In Appendix A.3200

we develop a di↵erent approximation to the decay in variance that performs somewhat better (Figure S2).201

4 Accuracy of polygenic score predictions202

To understand the e↵ect of stabilizing selection and drift on the prediction accuracy of polygenic scores in203

isolation from other sources of bias, we make the simplifying assumption that GWAS identify associations204

between polymorphisms and trait variation only at causal loci. For a GWAS within a population to identify205

a locus as being associated with the trait, the locus has to be polymorphic in that population and its206
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neutral FST between the ancestral and descendant population for the time scales of divergence shown on
the bottom axis. The inset on the left shows the distribution from which mutant e↵ect sizes are drawn.
For the results shown we used a normal distribution with standard deviation of 0.1. The inset on the right
shows the equilibrium density of variance contributed from each e↵ect size. As the width of the fitness peak
increases, and thus stabilizing selection weakens, mutations with large e↵ects can drift to higher frequencies
and contribute a greater proportion of the trait’s variance.
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Figure 2: A) Reduction of prediction accuracy in population B, when all variance-contributing polymor-
phisms in population A were ascertained, with increasing time since the common ancestor of populations
A and B. Lines show results from simulations, in which we recorded results every 500 generations. B)
Distribution of the reduction in prediction accuracy for population B from simulations with w = 5, either
when all variance-contributing polymorphisms in population A were ascertained, or when the top 1% of
variance-contributing polymorphisms in population A were ascertained.

equals the proportion of variance in population A explained by polymorphisms in the ancestral population258

(see Appendix A.3.2 for an explanation). Thus in expectation, the reduction in polygenic prediction accu-259

racy for this ancestral population is equivalent to the reduction in variance contributed by that ancestral260

population to the present (see Figure 1C and Figure S5). While ancient individuals were likely not drawn261

from populations directly ancestral to present-day populations, we should observe the same general patterns262

with genetic di↵erentiation between the ancient and present-day population.263

To more realistically explore the impact of GWAS ascertainment, we focus on a case in which a GWAS264

uncovered the top 1% of variance-contributing polymorphisms in population A. Under our choice of e↵ect265

size distribution and strengths of stabilizing selection, these polymorphisms explain just under 25% of the266

additive genic variance in population A. Unsurprisingly there is also a substantial drop in the variance267

explained in population B compared to the case in which all polymorphisms in population A are ascertained268

(Figure 2B). These patterns hold under directional selection for the optimum shifts we considered (up to269

two standard deviations of the trait distribution; Figure S6A). When only the top 1% in population A are270

discovered by GWAS, only those shared polymorphisms that contribute relatively high variance in population271

A can contribute to the variance explained in population B. Thus while ancestrally shared polymorphisms272

are expected to contribute the same variance in each descendant population, on average those in the top 1%273

in population A contribute slightly higher variance in population A, because of their one-sided ascertainment274

(Figure S3A). However, this e↵ect seems to be rather small and the relative loss of prediction accuracy in275

population B with the divergence of the two populations is similar to the case when all polymorphisms in A276

are used (Figure S3B,C).277

Gene by environment interactions (GxE) combined with environmental di↵erences between the GWAS278

sample and unrepresented population result in lower prediction accuracies in the unrepresented population,279

relative to the baseline scenario we just discussed (Figure S6). We assume the environments of the descendant280
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Figure 2: A) Reduction of prediction accuracy in population B, when all variance-contributing polymor-
phisms in population A were ascertained, with increasing time since the common ancestor of populations
A and B. Lines show results from simulations, in which we recorded results every 500 generations. B)
Distribution of the reduction in prediction accuracy for population B from simulations with w = 5, either
when all variance-contributing polymorphisms in population A were ascertained, or when the top 1% of
variance-contributing polymorphisms in population A were ascertained.
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population to the present (see Figure 1C and Figure S5). While ancient individuals were likely not drawn261

from populations directly ancestral to present-day populations, we should observe the same general patterns262

with genetic di↵erentiation between the ancient and present-day population.263

To more realistically explore the impact of GWAS ascertainment, we focus on a case in which a GWAS264

uncovered the top 1% of variance-contributing polymorphisms in population A. Under our choice of e↵ect265

size distribution and strengths of stabilizing selection, these polymorphisms explain just under 25% of the266

additive genic variance in population A. Unsurprisingly there is also a substantial drop in the variance267

explained in population B compared to the case in which all polymorphisms in population A are ascertained268

(Figure 2B). These patterns hold under directional selection for the optimum shifts we considered (up to269

two standard deviations of the trait distribution; Figure S6A). When only the top 1% in population A are270

discovered by GWAS, only those shared polymorphisms that contribute relatively high variance in population271

A can contribute to the variance explained in population B. Thus while ancestrally shared polymorphisms272

are expected to contribute the same variance in each descendant population, on average those in the top 1%273

in population A contribute slightly higher variance in population A, because of their one-sided ascertainment274

(Figure S3A). However, this e↵ect seems to be rather small and the relative loss of prediction accuracy in275

population B with the divergence of the two populations is similar to the case when all polymorphisms in A276

are used (Figure S3B,C).277

Gene by environment interactions (GxE) combined with environmental di↵erences between the GWAS278

sample and unrepresented population result in lower prediction accuracies in the unrepresented population,279
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