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Mapping the relative accuracy of cross-
ancestry prediction

Alexa S. Lupi 1,2 , Ana I. Vazquez 1,2 & Gustavo de los Campos 1,2,3

The overwhelming majority of participants in genome-wide association stu-
dies (GWAS) have European (EUR) ancestry, and polygenic scores (PGS)
derived from EURs often perform poorly in non-EURs. Previous studies sug-
gest that between-ancestry differences in allele frequencies and linkage dis-
equilibrium are significant contributors to the poor portability of PGS in cross-
ancestry prediction. We hypothesize that the portability of (local) PGS varies
significantly over the genome. Therefore, we develop a method, MC-ANOVA,
to estimate the loss of accuracy in cross-ancestry prediction attributable to
allele frequency and linkage disequilibrium differences between ancestries.
Using data from the UK Biobank we develop PGS relative accuracy (RA) maps
quantifying the local portability of EUR-derived PGS in non-EUR ancestries.We
report substantial variability in RA along the genome, suggesting that even in
ancestries with low overall RA of EUR-derived effects (e.g., African), there are
regions with high RA. We substantiate our findings using six complex traits,
which show that EUR-derived effects from regions where MC-ANOVA predicts
high RA also have high empirical RA in real PGS. We provide software imple-
mentingMC-ANOVA and RAmaps for several non-EUR ancestries. Thesemaps
can be used to interpret similarities and differences in GWAS results between
groups and to improve cross-ancestry prediction.

In the last fifteen years, thousands of genome-wide association
studies (GWAS) have been published1. Increasingly, single
nucleotide polymorphisms (SNPs) that these studies reported to
be associated with specific phenotypes or disease outcomes are
used to build polygenic scores (PGS). The availability of biobank-
sized data has led to unprecedented improvements in PGS pre-
diction accuracy2,3. However, the overwhelming majority of par-
ticipants in GWAS (approximately 80%) are of European (EUR)
descent4, leading to issues with generalizability and exacerbating
existing health disparities. Consistently, studies across various
traits/diseases and target ancestry groups have shown that PGS
derived with data from EURs have poor predictive performance
when used to predict among individuals of non-EUR ancestry
(African [AF] in particular)4–15.

Several factors can contribute to the poor portability of PGS
across ancestries. At causal loci, unaccounted gene-by-gene (G×G) and
genetic-by-environment (G×E) interactions can lead to ancestry dif-
ferences in the additive effects of causal alleles. Furthermore, differ-
ences across ancestry groups in allele frequencies and linkage
disequilibrium (LD) patterns can lead to heterogeneity in marker
effects even for loci without such heterogeneity at causal loci16. The
relative contribution of G×G, G×E, allele frequency differences, and LD
differences to the poor portability of PGS remains largely unknown
and can be expected to vary across traits and ancestries. However,
several studies suggest that allele frequency and LD differences
between ancestries are significant factors contributing to the poor
portability of PGS, possibly explaining up to 75% of the empirical loss
of accuracy (LOA) in cross-ancestry prediction7,8,17,18.
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Many studies have investigated the portability of PGS across
ancestries from a whole-genome perspective7,8. However, no previous
study has quantified how the portability of local PGS varies over the
genome and how this information can be used to identify genomic
regions of low and high relative accuracy (RA, the ratio of cross-
ancestry to within-ancestry variance explained and functions thereof)
between ancestral groups. We hypothesize that the degree of allele
frequency and LD differences between ancestries (and therefore the
local portability and RA of PGS) varies along the genome. Therefore,
we developed an algorithm,MonteCarlo ANOVA (MC-ANOVA), tomap
the RA of local linear functions of SNP genotypes.

In thiswork,we apply theMC-ANOVAmethod to data from theUK
Biobank19 and the ARIC (Arteriosclerosis in Risk Communities) study20

to generate portability maps of the local RA of PGS between EUR and
non-EUR ancestry groups. Using PGS for six quantitative traits (height,
high-density lipoprotein [HDL], low-density lipoprotein [LDL], serum
urate, body mass index [BMI], and serum glucose), we show that the
portabilitymaps we develop are predictive of the empirical local RA of
EUR-derived PGS for the prediction of the same traits in African (AF),
Caribbean (CR), East Asian (EA), and South Asian (SA) ancestry groups.
We illustrate how the RA maps we develop can be used, together with
GWAS results, to improve prediction accuracy in underrepresented
ancestry groups. Our study is accompanied by the software needed to
develop RA maps for other ancestries or data sets.

Results
The MC-ANOVA method estimates the impact of differences in allele
frequencies and LD patterns between ancestries on the local relative
accuracy (RA, and functions thereof) of PGS. To define RA, let us
consider a scenariowhere the same causal additivemodel holds in two
ancestry groups:

yi = z
0
iα+ εi ð1Þ

where yi (i = 1,…,n is an index for subjects) is a phenotype, zi is the
(centered) vector of SNP genotypes at causal loci (QTL), and α is the
vector of effects. Now, let us consider an instrumental model where
phenotypes are regressed on SNPs that may not necessarily have a
causal effect (markers):

yi =x
0
iβ + ei ð2Þ

where xi is a vector of (centered) SNP genotypes at markers.
For a single marker-QTL pair j, the (population) marker effect is

defined as:

βj =
Cov xij , zij

� �
Var xij

� � αj ð3Þ

where Var xij

� �
is the marker variance and Covðxij , zijÞ is the marker-

QTL covariance (both scalars). Extending this to a multilocus model21,
we have that the vector of population marker effects is defined as:

β=Σ�1
X ΣXZα ð4Þ

where ΣX is the covariance matrix of marker genotypes and ΣXZ is the
covariance matrix between marker and QTL genotypes.

Within-ancestry R-squared
Within an ancestry group, the maximum proportion of variance of the
genetic values that can be explained by a regression on SNPs (assum-
ing SNP effects are known with certainty) depends on the extent of LD
between the SNPs used in [1] and those in [2], specifically (see the

Supplementary Methods for a step-by-step derivation of [5]):

R2 =Corr x0
iβ, z

0
iα

� �2 = ðα0ΣZXΣ
�1
X ΣXZαÞ=ðα0ΣzαÞ ð5Þ

Under perfect LD between markers and QTL (something that will
occur if the causal loci are genotyped or are perfectly predicted by
markers), [5] would be equal to one. However, if there is imperfect LD
between markers and QTL, R2 would be less than one. Thus, the
R-squared in [5] captures the impact of imperfect LD betweenmarkers
and QTL on the proportion of variance at casual loci that can be
explained by a regression on SNPs22 within a population.

Cross-ancestry R-squared
AnR-squared similar to [5] canbederived for cross-ancestryprediction
by using marker effects from an ancestry (ancestry 1, β1 [4]) to predict
genetic scores in a different ancestry group (ancestry 2). Thus, intro-
ducing ancestry group notation, we can define cross-ancestry R-
squared as:

R2
1!2 =Corr x0

i2
β1, z

0
i2
α

� �2 ð6Þ

wherexi2
and zi2 are the marker and QTL genotype vectors of an

individual from the target ancestry (ancestry 2), β1 is the vector of
marker effects fromancestry 1, andα is the vector of QTL effects in the
target ancestry. The Supplementary Method present a step-by-step
derivation of [5] and [6], expressing the within- and cross-ancestry R-
squared parameters as a function of (co)variance matrices of alleles at
markers and QTL loci and the QTL effects.

It is important to highlight that the R-squared defined above
(expressions [5] and [6], as well as the expressions presented in the
Supplementary Methods) are not directly comparable to empirical
PGS R-squared values commonly reported in the literature because
empirical PGS R-squared values quantify the proportion of variance of
a phenotype that can be explained by a PGS (and such, its upper limit is
the genomic heritability). The R-squared defined above capture the
proportion of genetic (not phenotypic) variance at causal loci that can
be explainedby regression on SNPs (as such, the upper limit for [5] and
[6] is one; this will happen under perfect LD between markers and
causal variants).

Relative accuracy
Following Wang et al.7, we define the RA of a PGS as:

RA=
R2
1!2

R2
1!1

ð7Þ

where R2
1!1 is a within-ancestry R-squared (i.e., the proportion of

variance at causal loci that can be explained by regression onmarkers
within-ancestry group [5]), and R2

1!2 is a cross-ancestry R-squared [6].
Under the assumption that the effects of the causal loci are the same in
both ancestries and in the absence of allele frequency or LD
differences between ancestries, β1 =β2. In this case, the RA will equal
one. However, if there are allele frequency or LD differences between
ancestries and imperfect LD between markers and causal variants
(QTL), β1 ≠β2 and the RA will be less than one. Thus, the RA captures
the proportion of the reduction in PGS prediction R-squared
attributable to allele frequency and LDdifferences between ancestries.

Monte Carlo Analysis of Variance (MC-ANOVA)
Estimating the R-squared parameters ([5] and [6]) and the RA ([7])
requires knowledge of the QTL positions and effects (α), which are
both unknown. Therefore, we propose a Monte Carlo (MC) algorithm
(Fig. 1) that, for a given chromosome segment, estimates the dis-
tribution of these R-squared values by computing R-squared values
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over possible configurations of marker and causal loci and their
effects. The algorithm is an extension of a method proposed by us
previously23 to estimate the proportion of variance of a high-
dimensional set by a regression on another high-dimensional set (in
our case, the QTL by the SNPs). Additional details of the MC-ANOVA
algorithm can be found in the Methods.

Maps of the relative accuracy of European-derived PGS in non-
Europeans
We used the MC-ANOVA method to develop maps of the RA of EUR-
derived marker effects in non-EUR ancestry groups from the UK Bio-
bank. We developed RA maps using SNPs from the UK Biobank arrays
(~ 610,000 SNPs with minor-allele frequency ≥ 1%) as well as using

Fig. 1 | A representation of the MC-ANOVA algorithm.MC-ANOVA uses genetic
data from two or more ancestry groups (here, to illustrate we consider European
[EUR] and African [AF] ancestry) to estimate the proportion of variance at causal
loci explained by EUR-derived marker effects in testing data from EUR and non-
EUR (e.g., AF) ancestry groups. To estimate the relative accuracy (RA) for a given
chromosome segment (e.g., all loci in a ten Kbp segment), MC-ANOVA assumes
that the same additive genetic model (gi*

= z0i*α, * = EUR or AF) holds in both
ancestry groups. Within a short chromosome segment, for one Monte Carlo
replicate (MC rep), we sample quantitative trait loci (QTL) (e.g., three) positions
(zi* for i = 1,…,n) at random (a). The remaining SNPs in the segment plus those in
short flanking regions form a marker genotype vector xi . After sampling QTL

effects (α) from a standard normal distribution, N(0,1), genetic scores are com-
puted as gi*

= z0i*α. Marker effects are derived from the EUR ancestry group using
βEUR =VarðxiEUR

Þ�1CovðxiEUR
, z0iEUR Þα, where Var is the variance and Cov is the cov-

ariance, and these effects are used to obtain localmarker scores for both ancestry
groups (Si* =x

0
i*
βEUR). The squared correlations (Cor) between genetic (gi*

) and
marker (Si* ) scores are used to derive cross-ancestry and within-ancestry R-
squared (R-sq.) values, and the RA is computed as the ratio between the two (b).
This procedure is repeated a large number of times for each segment, resampling
QTL positions and their effects every time. For each segment, the R-squared and
RA values are averaged across MC replicates. The procedure is applied to each
chromosome segment.
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~ 1.3 million HapMap SNPs (with minor-allele frequency ≥0.1%) that
were present in the imputed UK genotypes (see Methods for further
details on the QC and filtering steps).

To develop each of these portability maps, we partitioned the
genome into short nonoverlapping segments that were at least ten
Kbp long and had at least ten SNPs. We chose to use short chromo-
some segments to capture the proportion of variance at causal loci
that can be explained (in both within- and cross-ancestry prediction)
by SNPs that are physically close to causal variants. The average seg-
ment was 45 Kbp long (containing 12 core SNPs) in the case of themap
derived using SNPs from the UK Biobank arrays and 22 Kbp long
(containing 13 core SNPs) in the case of the map using HapMap var-
iants. Though the base-pair length differed, the average and median
number of SNPsper segment in eachmapwere very similar. The results
from the map developed using SNPs from the UK Biobank arrays are
presented in themain body of the article, and those based on HapMap
variants are provided as supplementary data. Whenever pertinent, we
discuss the differences between the two maps.

The derivation of marker effects (Fig. 1) and within-ancestry R-
squared [5] used the genotypes of 230,000 distantly related EUR
ancestry individuals from the UK Biobank. To estimate the cross-
ancestry R-squared [6] and the RA [7], we used data from the UK Bio-
bankof individuals ofAfrican (AF), Caribbean (CR), EastAsian (EA), and
South Asian (SA) ancestry (Table 1 and Supplementary Fig. 1). Further
details about sample selection and SNP QC are offered in the Methods
section. An interactive R Shiny app that displays RA estimates (from
the UK Biobank arrays or HapMap variants) for user-specified genome
positions (or SNP IDs)was created and is available via an Rpackage and
also on a website (see Supplementary Notes for more information). In
addition, the portability map based on the UK Biobank arrays is pro-
vided in Supplementary Data 1 and the portability map based on the
HapMap variants is provided in Supplementary Data 2.

MC-ANOVA predicts low relative accuracy of PGS between
ancestry groups
Averaged over the genome, the within-EUR R-squared, R2

1!1 [5], was
0.65. This suggests that within-EUR ancestry SNPs from the UK Bio-
bank arrays could explain roughly two-thirds of the genetic variance at
ungenotyped causal loci that have a similar allele frequency distribu-
tion to the SNPs in the UK Biobank arrays (Table 1). The cross-ancestry
R-squared [6] estimates were much lower, ranging from 0.182 (AF) to
0.506 (SA), which resulted in RA estimates ranging from 0.268 (AF) to
0.771 (SA). As expected, the RA was inversely related to the genetic
distance between the testing ancestry and the EUR group (Table 1 and
Supplementary Fig. 1). For example, the AF ancestry group had the
highest Fst24 with the EUR group (0.120) and the lowestwhole-genome
RA (0.268), while the SA group had the lowest Fst (0.022) and the
highest RA (0.771). The estimated R-squared values were significantly
higher when the map was produced using HapMap variants (Supple-
mentary Fig. 2 and Supplementary Table 1). The variance of RA
between segments was slightly smaller when the map was produced
with the HapMap variants (Table 1 and Supplementary Table 1). The
increase in RA with the HapMap variant-based map was expected,

given that this map had twice as many SNPs as the one using
array SNPs.

Predicted versus empirical RA
We used data from distantly related EURs from the UK Biobank and a
Bayesian shrinkage variable-selection predictionmethod (BayesC25) to
developPGS for six complex traits: height, HDL, LDL, serumurate, BMI,
and serum glucose (seeMethods for details about the phenotypes and
methods used to derive the PGS). Using testing data from the EUR and
non-EUR ancestry groups (Supplementary Table 2), we estimated the
empirical prediction R-squared for each trait, the corresponding
empirical RA (i.e., the ratio of the PGS R-squared in non-EURs relative
to the PGS R-squared in EURs), and the loss of accuracy (LOA) attri-
butable to allele frequency and LD differences between ancestries7

(LOA%= 1�predicted RA
1�empirical RA × 100, where the predicted RA is defined in [7]).

For most traits, the empirical RA estimates were smaller than the
predicted RA (Fig. 2 for UK Biobank arrays and Supplementary Fig. 3
for HapMap variants). This is expected because the MC-ANOVA-
predicted RA captures the LOA attributable to allele frequency and LD
differences, which together are only one source of LOA. In general, for
any given trait, ancestries with higher predicted RA also had higher
empirical RA (Fig. 2). This suggests that, as noted earlier byWang et al.7

allele frequency and LD differences between ancestries are a sub-
stantial factor affecting the portability of PGS and that the MC-ANOVA
estimates capture that. For most traits and ancestry groups, allele
frequency and LD differences alone explained more than 50% of the
empirical LOA. However, for glucose, the proportion of reduction in
accuracy explained by allele frequency and LDdifferences was smaller.
This could suggest that differences in the genetic architecture
(including both heritability and polygenicity) of traits between ances-
tries and G×E interactions may play a more important role in glucose
than the other traits evaluated. For example, height is highly heritable
and highly polygenic, and BMI is also highly polygenic andmoderately
heritable. On the other end, glucose has a moderately low heritability
and is less polygenic than height or BMI26–28.

We compared our PGS-predicted RA and LOA estimates with
those reported byWang et al7., who developed amethod to predict RA
and LOA for specific PGS. Overall, except for LDL, our results were
similar to those published by Wang et al. in terms of both RA and LOA
(Supplementary Fig. 4), although, unlike Wang et al.’s method, MC-
ANOVA does not use trait-specific SNP effect estimates.

The (local) relative accuracy of PGS varies along the genome
The results presented above were based on the estimated R-squared
and RA averaged across the genome or the segments of the genome
represented in a PGS. However, in line with our main hypothesis, we
found sizable variability in cross-ancestry R-squared [6] and RA
between chromosome segments (Fig. 3 and Supplementary Fig. 5 [UK
Biobank arrays]; Supplementary Fig. 6 and Supplementary Fig. 7
[HapMap variants]), suggesting that even for ancestries with a low
overall RA (e.g., AF), there are still chromosome segmentswith high RA
and portability of EUR-derived PGS. The distribution of the within-EUR
R-squared [5] values was symmetric; however, for ancestries with a

Table 1 | Average R-squared and relative accuracy (RA) by testing set (based on SNPs from the UK Biobank arrays)

Ancestry Group Sample Size Fst with EUR R-squared (R2
1!2)

a Relative Accuracy (R2
1!2/R

2
1!1) Standard Error of RAc Variance in RA Across Segmentsc

European (EUR) 230,000 --- 0.648b 1.000 --- ---

African (AF) 3083 0.120 0.182 0.268 0.016 0.033

Caribbean (CR) 3343 0.102 0.228 0.340 0.017 0.030

East Asian (EA) 1329 0.095 0.379 0.564 0.030 0.043

South Asian (SA) 7919 0.022 0.506 0.771 0.017 0.016
aSubscript 1 always indicates an EUR training or testing set; 2 indicates non-EUR testing.
bR2

1!1 .
cMedian.

Article https://doi.org/10.1038/s41467-024-54727-8

Nature Communications |        (2024) 15:10480 4

www.nature.com/naturecommunications


strong African ancestry influence, the distribution of the cross-
ancestry R-squared [6] was heavily right-skewed, with most of the
chromosome segments having a low cross-ancestry R-squared.

The estimates presented in Fig. 3 correspond to average results
across MC runs of the MC-ANOVA algorithm. In our maps, we also
provide the standard deviation (SD) of the distribution of the
R-squared and RA parameters across MC replicates, along with the
standard error of the means (Supplementary Methods). The median
cross-ancestry R-squared [6] standard error was 8.0% (median) of the
point estimates and the within-ancestry R-squared [5] variance was
1.7%. To illustrate the uncertainty associated with the reported
R-squared estimates, we sampled 100 segments for each ancestry
group and displayed the within- and cross-ancestry R-squared point
estimates with their corresponding standard error bars in Supple-
mentary Fig. 8.

MC-ANOVA estimates are predictive of the local RA of
empirical PGS
The results shown in Fig. 3 suggest that in any ancestry group, but
particularly for those that are more genetically distant from the EUR
ancestry, the predicted cross-ancestry R-squared and RA vary sub-
stantially over the genome. To evaluate whetherMC-ANOVA estimates
are predictive of the local RA of real PGS, we first grouped SNPs into
sets according to theirMC-ANOVApredicted cross-ancestry R-squared
[6] and used this to define four portability groups: Very Low, Low,
Medium, and High (Table 2 for AF; Supplementary Table 3 for CR, EA,
and SA). Then, we decomposed the trait-specific PGS into subscores,
each using the SNPs in a predicted portability group. Finally, we
computed the correlation between each subscore and their

corresponding adjusted phenotype in testing sets for EUR and non-
EUR, as well as the difference in the correlations of within- and cross-
ancestry PGS prediction.

For most traits, we observed that the difference in empirical PGS
correlation (non-EUR PGS correlation subtracted from EUR PGS cor-
relation) decreased as the predicted portability of the SNP set
increased (Fig. 4 for AF; Supplementary Fig. 9 for CR, EA, and SA). For
instance, for individuals of AF ancestry, the difference in the within-
and cross-ancestry PGS and phenotype correlations for height ranged
from 0.30 for the Very Low portability group of SNP segments to just
0.06 for the High portability group of SNP segments (top-left panel in
Fig. 4). Similar patterns were observed for the other traits (and
ancestry groups; Supplementary Fig. 9). For serum urate and HDL
cholesterol, there was near-perfect portability of PGS between EUR
and AF for SNPs in the High portability group. Furthermore, the LOA
attributable to allele frequency and LD differences estimated within
eachSNPportability groupwas lowest in theHighportability group for
most traits and ancestry groups (Supplementary Fig. 10). For example,
in the AF group, we achieve a LOA for height of just 9.2% for the High
portability group, but in the Very Low portability group, the LOA is
88.3%. This indicates that MC-ANOVA-predicted portability is pre-
dictive of the empirical RA and LOA of chromosome segments.

UsingHapMap SNPs did not notably improve PGS local portability
over using the called genotypes set (Supplementary Fig. 11). Overall,
the validation results obtained with the HapMap-based map were
similar to the ones reported for the map based on SNPs of the UK
Biobank arrays; however, the grouping of SNPs based on the HapMap-
based map was not as effective at reducing the empirical difference in
prediction correlation between EUR and non-EUR ancestry groups as

Fig. 2 | Predicted relative accuracy versus empirical relative accuracy with UK
Biobank array SNPs.MC-ANOVApredicted relative accuracy (RA) versus empirical
RA of European (EUR)-derived polygenic scores when used to predict phenotypes
of individuals of non-EUR ancestry (AF, CR, EA, and SA denote African, Caribbean,
East Asian, and South Asian ancestry, respectively). Each panel displays a different
phenotype (height, high-density lipoprotein [HDL], serum urate, low-density lipo-
protein [LDL], body mass index [BMI], and glucose). The loss of accuracy (LOA, %)

attributable to allele frequency and LD differences between ancestries is shown on
top of each bar set. A standard error bar of each mean RA estimate is shown and
derivation details are in the Supplementary Methods and details for the empirical
RA are in the Methods. The sample sizes used to derive the standard errors are in
Supplementary Table 2. These results are based on SNPs from the UK Biobank
arrays; see Supplementary Fig. 3 for results obtained using HapMap SNPs.
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Table 2 | Estimated relative accuracy (RA) of the SNP segments across the genome grouped by their estimated portability in
terms of cross-ancestry R-squared (R2

1!2 for 1 = EUR and 2 =AF testing set). Results were obtained using SNPs from the UK
Biobank arrays

Testing Group Portability Group Quantile Group Cutoff R2
1!2 Range Number of SNPs AverageR2

1!1 AverageR2
1!2 Average RA (R2

1!2=R
2
1!1)

African (AF) High (0.8,1] (0.26,0.97] 122,135 0.751 0.40 0.529

Medium (0.6,0.8] (0.18,0.26] 122,131 0.674 0.215 0.323

Low (0.5,0.6] (0.15,0.18] 61,065 0.646 0.162 0.255

Very Low [0,0.5] [0,0.15] 305,352 0.597 0.086 0.144

(See Supplementary Table 3 for other ancestry groups).

Fig. 3 | Within- and cross-ancestry R-squared distributions based on UK Bio-
bank array SNPs. Distribution of the cross-ancestry R-squared (R-sq.) versus the
within-European (EUR) R-squared for the African (AF), Caribbean (CR), East Asian
(EA), and South Asian (SA) ancestry groups obtainedwhen using SNPs from the UK
Biobank arrays (see Supplementary Fig. 6 for results based on HapMap SNPs). Each
panel displays a different non-EUR ancestry group. Each point represents a small

chromosome segment (45 Kbp) and a histogram of the distribution of the points is
also shown along each axis. Each subplot has dashed gray lines at the 10th, 50th,
and 90th percentiles of the distribution and a red dashed 45-degree reference line
(slope of one and intercept at zero). There is a white point at the intersection of the
within-ancestry R-squared median and the cross-ancestry R-squared median. See
Supplementary Fig. 6 for results based on HapMap SNPs.
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with the map based on SNPs from the UK Biobank arrays (Fig. 4, and
Supplementary Figs. 9, 11). We believe this may partially reflect possi-
ble artifacts induced by the use of imputed SNPs which may lead to
upwardly biased estimates of RA.

To benchmark the results of Fig. 4, we performed a similar ana-
lysis to that presented in Fig. 4, Supplementary Fig. 9, and Supple-
mentary Fig. 11 classifying SNPs into portability groups using Fst24 and
Wang et al.’s RAmethod7 (Supplementary Fig. 12). Overall, MC-ANOVA
was considerably more effective at identifying SNP sets with varying
levels of portability than Fst or Wang et al.’s RA. Fst was very poor at
predicting the RA of trait-specific local PGS, and Wang et al.’s RA was
only effective at detecting SNP sets with different RAs for height
(Supplementary Fig. 12). Conversely, both the High and Medium
portability groups based on MC-ANOVA were different from the
simulated null for height, and the High portability group based onMC-
ANOVA was different from the simulated null for HDL, serum urate,
and BMI (Fig. 4).

Genomic regions with high RA are enriched for GWAS hits and
high SNP density
We investigated whether the MC-ANOVA estimates of R-squared and
RA were associated with the presence of GWAS hits (p-value < 5e-8;
Supplementary Table 4) in the EUR ancestry. We found that genomic
regions with higherMC-ANOVAR-squared values were highly enriched
for GWAS hits for all the traits investigated (Fig. 5) and tended to have
higher marker density (which, in turn, leads to higher LD between

markers and causal variants). However, for segments with similar
marker density to each other, the R-squared estimates were relatively
uniformly distributed across the entire range (Supplementary Fig. 13),
especially for the EA and SA ancestry groups. This suggests that high
marker density is a necessary but not sufficient condition to achieve
high MC-ANOVA R-squared values.

Using RA to improve cross-ancestry prediction of transfer
learning algorithms
To demonstrate how RA maps can be used to improve cross-ancestry
PGSprediction accuracy, we evaluated PGS informed by the RAmaps in
the context of transfer learning. Gradient Descent with Early Stopping
(GD-ES) is a widely employed technique for transfer learning (TL) in
various machine learning algorithms. Recently, Zhao et al29. introduced
the application of GD-ES in constructing PGS for cross-ancestry pre-
diction. This approach uses EUR-derived SNP effect estimates as initial
values for a GD-ES algorithm that updates these estimates iterating on
data from the non-EUR target population. In GD-ES, a learning rate
parameter is used to control the strengthof the updates. In Zhao et al.29,
the learning rate was the same for all SNPs in the PGS. We took this
concept one step further by using the cross-ancestry RAmaps to inform
the learning rate of the gradient descent algorithm, making it SNP-
specific (see Methods). Specifically, we allowed for stronger learning
rates for SNPs in regions with low predicted portability and weaker
learning rates for SNPs with high cross-ancestry portability. We applied
this approach to develop PGS for non-EUR ancestry groups from theUK

Fig. 4 | The difference between polygenic score prediction correlation by SNP
portability group based on UK Biobank array SNPs. The vertical axis represents
the difference between the within- and cross-ancestry polygenic score prediction
correlations of European (EUR) derivedpolygenic scores (PGS) for SNP groupswith
Very Low, Low, Medium, and High MC-ANOVA predicted portability (R2

1!2 group-
ings, Table 2) by trait. Each panel displays a different phenotype (height, high-
density lipoprotein [HDL], serum urate, low-density lipoprotein [LDL], body mass
index [BMI], and glucose). A positive difference in PGS prediction correlation
indicates that the PGS of the SNP set had a higher prediction correlation in EUR
(within-ancestry prediction) than in individuals of African (AF, cross-ancestry

prediction) ancestry. The number of SNPs entering each PGS is annotated toward
the bottom of each subplot. A standard error bar for each prediction correlation
difference is shown anddetails for the calculation canbe found in theMethods. The
gray vertical bars are the simulated null distribution (mean +/- standard error of
2,000 iterations) for the correlation difference, where SNPs were assigned to
portability groups completely at random, maintaining the number of SNPs in each
subgroup. The sample sizes for the simulated null distribution are in Supplemen-
tary Table 2. See Supplementary Fig. 9 for results for other ancestry groups (Car-
ibbean, East Asian, and South Asian) and Supplementary Fig. 11 for results based on
HapMap SNPs.
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Biobank, using EUR-derived effects as initial values. Our preliminary
results (Supplementary Table 8) suggest that using RA-informed
learning rates can improve cross-ancestry prediction accuracy over
using a fixed learning rate in most traits evaluated for prediction in an
external testing set (see Methods). The improvement is particularly
clear in the CR and AF ancestry groups (Supplementary Table 8).

External validation
The results presented thus far were entirely based onUKBiobank data.
Prediction across cohorts poses additional challenges (e.g., the use of
different SNP arrays and G×E factors). Therefore, to assess the per-
formance of MC-ANOVA in an external validation, we conducted an
evaluation using data from the Atherosclerosis Risk in Communities
(ARIC) study20. The validation involved 9628 EuropeanAmerican (AEA)
and3130AfricanAmerican (AAA) participants from theARIC study. For
these analyses, we utilized a set of 795,613 SNPs that were common
between the genotypes of the ARIC study and the imputed genotypes
from theUKBiobank19. The AEA group from the ARIC study served as a
within-ancestry (cross-data set) testing set, while the AAA group from
the ARIC study served as a cross-ancestry (and cross-data set) testing
set.We evaluated global RA and LOA, as well as local PGS, based on the
predicted portability groups based on the MC-ANOVA R-squared
estimates [6] for height, serum urate, and BMI. The whole PGS
empirical RA estimates were higher than those of the within data set
(UK Biobank only) analysis for height (approximately 0.35) and BMI
(approximately 0.25), and the predicted RA estimates were corre-
spondingly higher as well. The whole PGS LOA attributable to allele
frequency and LD differences across height, serum urate, and BMI was
approximately 60% (Supplementary Fig. 14a), which is similar to what
we estimated using the UK Biobank data. The assessment of empirical
correlation difference (UK Biobank EUR ! ARIC AEA minus UK Bio-
bank EUR ! ARIC AAA) within SNP sets grouped by MC-ANOVA
portability estimates validated the results for height, as the empirical
correlation difference deviated from the simulated null distribution in
the High portability group (Supplementary Fig. 14b).

Discussion
Previous studies suggest that between-ancestry differences in allele
frequencies and LD patterns are amajor factor contributing to the loss
of accuracy (LOA) in cross-ancestry PGS prediction6–8. For instance,
Privé et al.8 showed that the portability of PGS between ancestry
groups worsens with the genetic distance between the groups, and
Wang et al.7 reported that much of the LOA in prediction from Eur-
opean (EUR) to African (AF) ancestry could be attributed to allele
frequency and LD differences. However, no previous study has inves-
tigatedwhether the relative accuracy (RA) of cross-ancestry PGS varies
along the genome. To address this knowledge gap, we developed a
novel approach (MC-ANOVA) to estimate the RA of short chromosome
segments. MC-ANOVA estimates the RA of randomly generated linear
functions of genotypes within each chromosome segment, making
MC-ANOVA a trait-agnostic method that is solely based on genome
information. Themethodology can be used tomap regions of high and
low (local) PGS portability between two or more ancestry groups. We
applied MC-ANOVA to UK Biobank data to generate maps (with a
mapping resolution of ~ 45 Kbp) of the maximum expected RA when
EUR-derived SNP effects are used to predict phenotypes or disease risk
of non-EURs, including individuals of AF, Caribbean (CR), East Asian
(EA), andSouthAsian (SA) descent. Finally,wevalidated theseRAmaps
by quantifying the empirical RA of real PGS for SNP sets with High,
Medium, Low, and Very Low MC-ANOVA predicted portability for
prediction within and across data sets.

Genome differentiation between populations has been a focus of
population genetics for more than seven decades. The Fst24 metric
quantifies differentiation in allele frequencies. MC-ANOVA and Wang
et al.’s RA method7 capture both differences in allele frequencies and
LDpatterns, with the keydifferencebeing thatWanget al.’s RAmethod
accounts for pairwise LD andMC-ANOVA uses a multilocus regression
approach that accounts for the full patterns of conditional linear
dependence/independence of loci within a segment and does not
require assuming that causal variants are independent. Additionally,
unlike Wang et al. method, MC-ANOVA is trait-agnostic in that it does

Fig. 5 | The proportion of UK Biobank array SNPs that were significantly
associated with a trait for SNP groups with Very Low, Low, Medium, and High
MC-ANOVA predicted portability. The y-axes give the proportion of SNPs for
which a European (EUR)-based genome-wide association study (GWAS) p-value
(based on a two-sided test of a t-statistic, with the null hypothesis that the SNP
effect is zero) was less than 5e-8 within each portability group (x-axes). Each panel

displays a different phenotype (height, high-density lipoprotein [HDL], serum
urate, low-density lipoprotein [LDL], body mass index [BMI], and glucose). For the
EUR testing set, the grouping was based on the within-ancestry R-squared [5]. The
grouping was based on the cross-ancestry R-squared [6] for the African [AF], Car-
ibbean [CR], East Asian [EA], and South Asian [SA] testing sets. The number of SNPs
is noted above each bar and is based on SNPs from the UK Biobank arrays.
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not use SNP effect estimates. This makes MC-ANOVA suitable to
developRAmaps that canbeusedwith any trait.WebenchmarkedMC-
ANOVA against Fst andWang et al.’s RAmetric in terms of the ability of
the methods to identify SNPs with Very Low, Low, Medium, and High
portability. In the benchmark analysis, MC-ANOVA convincingly out-
performed both Fst and Wang et al.’s RA method across traits and
ancestry groups (Supplementary Fig. 12).

Consistent with previously reported LOA estimates7, we found
that, on average, allele frequency and LD differences between
ancestries explained approximately half of the LOA genome-wide in
the EA and SA ancestry groups and approximately two-thirds in the
AF and CR groups. As expected, for the average chromosome seg-
ment, MC-ANOVA predicts lower RA for groups more genetically
distant (e.g., EUR!AF or EUR!CR) relative to genetically closer
groups (e.g., EUR!EA or EUR!SA). These results support the lit-
erature that allele frequency and LD differences between ancestries
significantly affect the RA of PGS across ancestries. However, we also
found significant variability in RA across chromosome segments.
Indeed, even for the more genetically distant groups (e.g., EUR!AF),
we found many segments with high predicted RA. This is important
because it suggests that there are many genomic regions of the
genome for which results from large EUR GWAS may be portable to
non-EUR ancestries, which has the potential for improving cross-
ancestry prediction.

MC-ANOVA estimates capture the components of LOA attribu-
table to differences in allele frequencies and LD between ancestry
groups, which together are only one of the factors affecting the RA of
PGS in cross-ancestry prediction. Therefore, MC-ANOVA-predicted RA
should be considered the maximum RA that one could achieve in
cross-ancestry prediction, under the implicit assumption that causal
variants are being tagged by SNPs within ~ 45 Kbp. The gap between
the predicted empirical RA varied between traits. For example, among
the traits we considered, the gap between the MC-ANOVA predicted
RA and the empirical RA appeared to be largest for glucose (Fig. 2), a
trait that is likely to be more affected by G×E exposures (e.g., diet,
lifestyle, and exercise) that can be correlated with ancestry. Likewise,
the ability of MC-ANOVA RA maps to identify regions of high and low
RA varied between traits (Fig. 4). For traits with an extremely polygenic
genetic architecture (e.g., height andBMI26,27),MC-ANOVAappeared to
be more predictive of the empirical difference in the PGS prediction
correlation between the EUR and non-EUR groups than for traits such
as glucose. This is expected because MC-ANOVA estimates the RA of
linear functions averaging over many possible randomly drawn linear
combinations of SNP and QTL genotypes.

The MC-ANOVA algorithm is controlled by a few parameters,
including the segment size, the number of causal variants within the
segment, the number of SNPs in the flanking regions, and the dis-
tribution causal variant effects are drawn from. The RA maps that we
present in this study are based on small ( ~ 45 Kbp) segments, each
containing three causal variants (which are randomly chosen in each
MC replicate) and ten SNPs in each of the flanking regions of the
segment. We chose these parameters to achieve a relatively fine
mapping resolution for segments that may hold more than one causal
variant. To assess the robustness of our results with respect to the
parameter values chosen, we performed sensitivity analyses first
varying the number of causal variants in the segment, then varying the
flank size for a given QTL and segment size, and finally changing the
distribution used to sample effects from Gaussian to Gamma (Sup-
plementary Figs. 15a, b, 16, respectively). Overall, in all sensitivity
analyses, we found that the distribution of the RAmeasures, as well as
the genomic regions where RA peaks, were reasonably robust to the
parameters of theMC-ANOVA algorithm, except in cases involving just
one causal variant or no flanking SNPs. In these two cases, weobserved
a systematic reduction in R-squared parameters and RA (Supplemen-
tary Fig. 15c, d).

The RAs of the map developed with UK Biobank array SNPs
(~ 610,000SNPs)were smaller (and the variance inRAwas higher) than
those estimated using twice as many HapMap variants ( ~ 1.3 million
SNPs). This can be attributed to the higher marker density of the
HapMap variant set and the stronger LD among those variants com-
pared to those of the UK Biobank array. The higher LD among variants
in the HapMap variant set was both a consequence of the higher
marker density and of a distribution of the minor allele frequency
(MAF) that was symmetric and with a mode near 0.24. On the other
hand, the distribution of theMAF in the array set had an enrichment in
the lower MAF which would impose limits on the maximum LD30.
Furthermore, correlated imputation errors (which may result from a
tendency to impute genotypes from certain haplotypes) may lead to a
spurious increase in LD among imputed variants. Overall, the global
MC-ANOVA predicted relative accuracy was more similar to the
empirical relative accuracy with the UK Biobank array-based map
(Fig. 2) than the HapMap-based map (Supplementary Fig. 3). Further-
more, the UK Biobank array-based RAmapwas slightly better than the
HapMap-based map at predicting the empirical differences between
the within- and cross-ancestry PGS prediction correlation (compare
Fig. 4 andSupplementary Fig. 9with Supplementary Fig. 11). Therefore,
for PGS with SNPs within the allele frequency spectrum represented in
the UK Biobank arrays, we recommend using the map based on UK
Biobank array variants. Nevertheless, both maps are made available
with this article.

When comparing RA estimates with GWAS results, we found that
regions with high predicted portability are highly enriched for GWAS
hits. This is expected because RA is expected to be high in regions with
strong and long-spanning LD and, at the same time, high LD among
variants also increases the power to detect associations when causal
variants are not genotyped. Furthermore, selection can lead to higher
LD for loci with large effects on fitness traits31,32. A good example of the
overlap of high RA in regions that have been detected to be associated
with many traits, including many fitness traits, appears on chromo-
some six between 25.84 and 33.29Mbp (Supplementary Fig. 5), which
had the largest cross-ancestry R-squared [6] values in all four non-EUR
ancestry groups. This peak closely overlaps with the major histo-
compatibility complex (MHC) region33. An abundance of literature has
established that the MHC region includes numerous loci (e.g., human
leukocyte antigen [HLA] genes) associated with many traits and dis-
eases, particularly autoimmune diseases (e.g., nephropathy), infec-
tions, cancers, and psychiatric conditions (e.g., autism and
schizophrenia)1,33–37. The MHC region is also known to be highly poly-
morphic, has high gene density, and has very strong LD33,34,38. Inter-
estingly, for all four ancestry groups, themajority of the geneswith the
highest predicted portability were within chromosome six and the
MHC region (Supplementary Tables 5–7).

An important question is whether the RAmaps thatwe developed
can be used to improve PGS prediction accuracy for groups that are
underrepresented in GWA studies. For example, in the construction of
PGS for cross-ancestry prediction, one could filter out SNPs that are in
regions with very low predicted RA. However, in our maps, there were
almost no segments with negative cross-ancestry correlation esti-
mates. Therefore, we don’t expect that removing SNPs based on their
low RA would result in improved cross-ancestry PGS prediction.
Another possibility is to use cross-ancestry predicted R-squared [6]
estimates to inform transfer learning algorithms used to develop PGS
for non-EUR ancestry groups. We found that using cross-ancestry
predicted R-squared [6] to inform learning rates in a GD-ES29 algorithm
resulted in improvements in PGS prediction accuracy compared to an
algorithm that used a fixed learning rate; thus, demonstrating an
important practical application of the RA maps developed in
this study.

In conclusion, we developed and validated a method to map the
RA of short chromosome segments and used data from the UK
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Biobank and the ARIC study cohorts to develop RA maps for several
ancestry groups. These maps can provide valuable information for
explaining GWAS replication (or lack thereof) across ancestry groups
and can help in prioritizing variants for the development of PGS for
cross-ancestry prediction. Together with the methods and results
presented in this study, we provide software that can be used to
generate RA maps for other data sets and ancestry groups and share
the maps of RA through an R-package and a web interface.

Methods
Data
In this study, we used data from the UK Biobank and the ARIC study
cohorts. For model training, we leveraged the large sample size of
Europeans (EUR) from the UK Biobank. We conducted an internal
validation using testing data from EUR and non-EUR from the UK
Biobank and an external validation using data from European Amer-
icans and African Americans from the ARIC study.

UK Biobank cohort. We used distantly related individuals (defined as
individuals with a within-ancestry genomic relationship < 0.05) from
the UK Biobank. We randomly split the 236,698 distantly related EUR
ancestry individuals into a training set of size 230,000 and a testing set
of 6698. Additionally, UK Biobank testing sets included individuals of
African ([AF], n = 3083), Caribbean ([CR], n = 3343), East Asian ([EA],
n = 1329), and South Asian ([SA], n = 7919) ancestry (Table 1). Ancestral
groups were defined by the UK Biobank self-reported Ethnic back-
ground (Data-Field 21,00039), but individuals were only included in
each ancestry group if they passed the UK Biobank’s Sample QC
(Resource 53139), not excluded from kinship inference, included in
phasing, and not identified as an outlier in heterozygosity andmissing
rates. Samples were also excluded if they withdrew from the study, if
they had a mismatch of reported and genetic sex, if they weremissing
all six phenotypes of interest (described below), or if they were related
to other samples with relatedness ≥0.05. Relatedness was determined
using genomic relationship matrices (G= ZZ0

trðZZ0 Þ=n, where Z is the cen-
tered genotype matrix) computed within an ancestry group.

TheARIC study cohort. An external validation utilized the ARIC study,
consisting of a European American (AEA) testing set of 9628 and an
AfricanAmerican (AAA) testing set of 3130basedon self-reported race,
which is highly concordant with the ancestry group defined based on
SNP-derived principal component analysis16. The previously described
EUR training set fromtheUKBiobankwas used as the training set again
for this external validation.

UK Biobank genotypes. For analysis involving the SNPs from the UK
Biobank arrays, we used 610,791 genotyped SNPs from theUKBiobank
Affymetrix array19 in autosomal chromosomes. SNPswith aminor allele
frequency of < 1% or amissing call rate > 5% overall (all ancestry groups
combined) were excluded, and monomorphic SNPs in a particular
ancestry groupwere excluded from analyses involving that group (108
for AF and 47,390 for EA). The base pair positions provided are based
on GRCh3719. The HapMap SNP set used was based on the intersection
of the Northern and Western European ancestry HapMap 340,41 SNPs
and the UK Biobank imputed SNP genotypes19. 1,297,917 SNPs with a
quality score > 0.7, a minor allele frequency in the full dataset cohort
≥0.1%, and not monomorphic in either the EUR or non-EUR cohorts
were retained for analysis.

The ARIC study genotypes. For analysis involving model training in
the UK Biobank andmodel validation in the ARIC study, we identified a
common set of 795,613 autosomal chromosome SNPs between the
ARIC study genotyped SNPs and the UK Biobank imputed set
(excluding multiallelic variants)19. SNPs were excluded if they were
monomorphic in either the UK Biobank EUR training set or one of the

testing sets from the ARIC study. We checked for consistency of the
genotyped strand and the reference alleles. SNP effects for SNPs with
different reference alleles in the UK Biobank and the ARIC study
(estimated in the UK Biobank) were multiplied by −1 before PGS were
computed in the ARIC study cohorts.

Mapping the relative accuracy (RA) of cross-ancestry PGS
prediction
MC-ANOVA method. MC-ANOVA uses genomic data from two or
more ancestry groups (here, we use 1 = EUR and 2 =AF groups to
illustrate). The goal is to estimate the proportion of variance (R-
squared) at causal loci that can be explained by EUR-derived marker
effects in testing data from EUR (R2

1!1 =Corrðx0
i1
β1, z

0
i1
αÞ2 [5]) and AF

(R2
1!2 =Corrðx0

i2
β1, z

0
i2
αÞ2 [6]) ancestries. Here, zi* and xi* are genotypes

at causal variants and markers (including markers in the core and
flanking regions, Fig. 1) of group * (* = 1 or 2), respectively, α is the
vector of QTL effects (which are assumed to be the same in both
groups), and β1 is the vector of marker effects in group 1. The relative
accuracy (RA) ratio is then defined and computed as RA=R2

1!2=R
2
1!1.

For a chromosome segment, MC-ANOVA estimates RA by quantifying
the portability of randomly generated linear functions of SNP geno-
types within short chromosome segments. We have previously shown
that for general settings, the MC-ANOVA algorithm provides unbiased
estimates of [5]23.

RAmaps. To develop our RAmaps, we first grouped SNPs into disjoint
segments. For each chromosome, we partitioned the SNPs into ten
Kbp nonoverlapping segments with a minimum of ten core SNPs
per segment, leading to 52,956 segments for the SNPs from the UK
Biobank arrays and 100,311 segments for the SNPs from the HapMap
variants. The average SNP segmentwas45 (22) Kbp long and contained
12 (13) core SNPs for the UK Biobank array SNPs (HapMap variants).
The code used to define the SNP segments for the RA maps can be
found at https://github.com/lupiA/MCANOVA (Supplementary Notes).

For each segment and Monte Carlo (MC) replicate, we sam-
pled three QTL positions at random ðzi* Þ. The remaining SNPs in
the segment plus 20 flanking SNPs (ten for each flanking region)
were used as markers (xi*

). QTL effects were sampled from IID
standard normal distributions. For the sensitivity analysis shown
in Supplementary Fig. 16, QTL effects were sampled from IID
Gamma distributions with a shape parameter equal to 1.5 and a
rate parameter equal to one. We computed genetic scores for the
causal model for individuals from ancestries 1 and 2 using
gi1

= z0i1α and gi2
= z0i2α. Marker effects in ancestry group 1 were

computed as β̂1 = X0
1X1 + Ik

� ��1X0
1Z1α, where k = 1e-8 was a small

constant added to the diagonal of X0
1X1 to avoid numerical pro-

blems. For short chromosome segments, the resulting marker

effect estimates (β̂1) are almost identical to the true population

effects (β1) because the response used to derive β̂1 (gi1
= z0i1α) is

not affected by errors and the sample size used vastly exceeded
the number of markers. For each MC replicate, we estimated the
within and across R-squared parameters ([5] and [6]) using data
not used to derive marker effects by squaring the correlation of

the marker and QTL predictions: R2
1!1 = Corrðx0

i1
β1, z

0
i1
αÞ2 [5] and

R2
1!2 = Corrðx0

i2
β1, z

0
i2
αÞ2 [6]. For each segment, we conducted 300

MC replicates (each time resampling QTL positions and their
effects) and reported the average (across MC replicates)
R-squared and RA values in the RA maps. A visual representation
of the MC-ANOVA estimation algorithm can be found in Fig. 1.

MC-ANOVA sensitivity analysis. To demonstrate the robustness of
MC-ANOVA to itsmain parameters,we re-estimated theRAmaps in the
AF UK Biobank cohort, first varying the number of QTL sampled for a
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given segment (one, two, three, four, five, and six QTL per segment).
Second, we varied the number of flanking SNPs to each side of the
segment to be included in the MC-ANOVA estimation (zero, five, ten,
15, 20, and30flanking SNPs to each side). Thesewereboth evaluated in
the chromosome segments discussed above.

Phenotype preprocessing
UK Biobank phenotypes. We evaluated six phenotypes in the UK
Biobank cohort (Supplementary Table 2): height, HDL, serum urate,
LDL, BMI, and serum glucose. Each phenotype was preadjusted using
an ordinary least squares (OLS) regression including sex, age, the first
five genotyped principal components, center, and batch. We used
records from the first visit or, when the first instance was missing, the
second visit. Serum urate was log-transformed before preadjustment.

The ARIC study phenotypes. We evaluated three phenotypes that
were common between the ARIC study and those evaluated in our
main UK Biobank-based analyses: height, serum urate, and BMI. The
ARIC study phenotypes were preadjusted within each ancestry group
using OLS regressions including sex and age. Serum urate was log-
transformed before preadjustment. The ARIC study subjects were
removed from the PGS analyses if they weremissing the phenotype of
interest, sex, or age.

Relative accuracy map validation for real traits
GWAS. For each preadjusted phenotype (Supplementary Table 2), we
conducted a GWAS in the training set described above – distantly
related individuals of EUR ancestry (n = 230,000) from theUKBiobank
(Supplementary Table 4). Each GWAS (a single marker regression) was
carried out using the R package BGData42 (the rayOLS option). This
uses a t-statistic with the null hypothesis that the SNP effect is zero (a
two-sided test). The GWAS p-values were used as a filtering step for the
subsequent PGS, in that a SNP was included in the PGS if it had a p-
value < 1e-5. Note that when referring to a GWAS hit, as in Fig. 5, we
used the standard cutoff of p-value < 5e-8 for consistency with other
literature.

SNP effects for polygenic scores (PGS) using real data. For each
phenotype, effects (b̂1) for the GWAS-filtered SNPs were estimated
with a Bayesian shrinkage variable-selection method (BayesC25, a
mixture prior consisting of a point of mass at zero and a Gaussian
slab). These models were fit using the BLRXy function from the R
package BGLR43, which generates posterior samples using a Gibbs
sampler44. We estimated SNP effects using 50,000 posterior samples
collected using five MCMC chains. SNP effects were averaged over
the chains.

PGS prediction. For each phenotype, we computed PGS for each
subject in each testing set (ancestry group 1 = EUR and 2 =AF, CR, EA,
or SA) using ŷi* =x

0
i*
b̂1, where * denotes group 1 or 2. The PGS predic-

tion correlation was then defined as Corrðŷi* , yi* Þ, where yi* is the
adjusted phenotype of the ith subject of the corresponding testing

group. The empirical RAwas thendefined asRA=
Corrðŷi2 , yi2 Þ

2

Corrðŷi1 , yi1 Þ
2 , where the

numerator is the squared PGS correlation for a cross-ancestry PGS
(e.g., 2 = AF, CR, EA, or SA), and the denominator is that for within-
ancestry (1 = EUR). Comparing this empirical RA to the MC-ANOVA

predicted RA, RA= R2
1!2

R2
1!1

[7], we can also define the loss of accuracy7

(LOA) percentage attributable to allele frequency and LD differences

between ancestries: LOA%= 1�predicted RA
1�empirical RA × 100.

Standard error estimates. We obtained approximate standard error
estimates for the PGS correlation coefficients, Corrðŷi* , yi* Þ, usingffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1�Corr ŷi* , yi*

� �2

n*�2

r
, where n* is the sample size of the given testing set (* = 1

or 2). The standard error of the correlation difference between two
ancestries (e.g., 1 = EUR and 2 =AF), Corrðŷi1 , yi1 Þ � Corrðŷi2 , yi2 Þ, was
computed as

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
SE21 + SE

2
2

q
. FollowingWang et al.7, the standard error for

the empirical RA was computed as SEðempirical RAÞ=ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðempirical RAÞ2*

�
4ð1�Corrðŷi1 , yi1 Þ

2Þ
n1*Corrðŷi1 , yi1 Þ

2 +
4ð1�Corrðŷi2 , yi2 Þ

2Þ
n2*Corrðŷi2 , yi2 Þ

2

�s
. A similarmethod

was used to obtain standard errors for the predicted RA, with the
addition of an MC error component. More details of this can be found
in the Supplementary Methods.

PGS subscores. To validate the MC-ANOVA method, we computed
four PGS subscores for each trait and ancestry group based on the
MC-ANOVA cross-ancestry R-squared estimates [6] from the RA
maps. For one ancestry group and trait, the High PGS subscore
consisted of the SNPs in the PGS that were in the top 20th percentile
of R2

1!2 [6]. Similarly, the Medium subscore was the 60th-80th per-
centile SNPs, the Low the 50th−60th, and the Very Low the bottom
50th. The PGS correlations described above, Corrðŷi2 , yi2 Þ, were then
computed within each of those SNP sets. Note that in Supplementary
Table 4, the trait-specific proportion of variance explained by the
EUR ancestry-derived PGS was computed from the overall PGS
R-squared (using all PGS SNPs). In the benchmark analysis described
next, PGS subscores were computed in the same way as MC-ANOVA,
with SNP sets for PGS subscores based on the quantiles of the
respective method’s RA map (Fst or Wang et al.’s RA). To obtain a
simulated null distribution for the expected correlation difference
based on the number of SNPs included in each PGS in Fig. 4 and
Supplementary Figs. 9, 11, 12, 14b, we permuted the grouping labels
over 2000 iterations for each trait and ancestry group and estimated
the PGS correlation difference between EUR and non-EUR within
each permuted grouping.

Benchmarks
We benchmarked MC-ANOVA against Fst24 and the RA method
described in Wang et al.7. Both of these benchmark RA methods were
evaluated in the same SNP segments described above (which were
defined based on a minimum length of ten Kbp and at least ten SNPs)
to build cross-ancestry RA maps for MC-ANOVA, ultimately building
RA maps for each benchmark method as well.

Fixation index (Fst). Derived from Wright’s F-statistic, Fst24 has been
the traditional metric used in population genetics to quantify genome
differentiation in terms of allele frequency differences between
populations. For a given locus, Fst decomposes the genetic variance as
the proportion of between-population variation out of the total
population variation, such that a value of zero corresponds to no dif-
ferentiation between the populations.We computed the Fst for the qth
window as the average Fst of all core SNPs in that segment, where the
Fst for a single SNP is:

��
p1 � n1

n1 +n2 +p2 � n2
n1 +n2

� � �1� �
p1 � n1

n1 +n2 +p2 � n2
n1 +n2

���� �
n1

n1 +n2 � p1 �
�
1� p1

�
+ n2

n1 +n2 � p2 � �1� p2
���

p1 � n1
n1 +n2 +p2 � n2

n1 +n2

� � �1� �
p1 � n1

n1 +n2 +p2 � n2
n1 +n2

�� ð8Þ
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where p* is the minor allele frequency and n* is the sample size for
population*.

Wang et al. RA method. The second RA method was described by
Wang et al.7 to quantify the proportion of prediction accuracy loss
across ancestries attributable to allele frequency and LD differences.
We modified Wang et al.’s method to make it trait-invariant. For each
core SNP j (i.e., those in a chromosome segment, excluding the SNPs in
flanking regions) in a single segment (see the section ‘Mapping the
relative accuracy (RA) of cross-ancestry PGS prediction’ for segment
details), we computed the SNPs in pairwise LD (R2 ≥ :45) from SNPs in
the core or buffer of that window. The local RA of Wang et al. for SNP j
was then defined by:

r1, jr2, j

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2, j ð1�p2, j Þ
p1, j ð1�p1, j Þ

r
r21, j

0BB@
1CCA

2

� p1, jð1� p1, jÞ
p2, jð1� p2, jÞ

ð9Þ

Here, p*, j is the allele frequency for the jth SNP, and r*, j is themean
correlation between the jth SNP and the SNPs in pairwise LDwith it, for
ancestry group * = 1,2 (for this analysis 1 = EUR and 2 =AF). The overall
RA estimated for a segment by Wang et al. is the average of [9] over
each core SNP j in the segment.

Validation in the ARIC study
RA maps were developed using the UK Biobank EUR training set and
the data from the AEA and AAA participants from the ARIC study for
external validation. For this validation, the MC-ANOVA procedure was
carried out as described above for the UK Biobank (a minimum seg-
ment length of ten Kbp and at least ten SNPs, and three QTL), and
65,525 nonoverlapping SNP segments (an average of 36 Kbp and
containing 12 core SNPs) were defined for the RA maps. Global pre-
dicted RA, empirical RA, and LOA were estimated for height, serum
urate, and BMI. First, portability measures (cross-ancestry R-squared
[6] and predicted RA [7]) were estimated within each segment with
MC-ANOVA. In this case, predicted RA is defined asR2

EUR!AAA=R
2
EUR!AEA

[7], where EUR is the UK Biobank EUR training set, AAA is the ARIC
study African American testing set, and AEA is the ARIC study Eur-
opean American testing set. Similarly, the global PGS (using all SNPs
meeting the GWAS p-value threshold of 1e-5) was evaluated for each
trait. The same procedure as above was used to estimate SNP effects
(see ‘SNP effects for polygenic scores (PGS) using real data’), which are
derived from the UK Biobank EUR training set: b̂1. Then, the PGS pre-
diction is ŷi* =x

0
i*b̂1, for * = 1 or 2 now denoting either AEA (within-

ancestry) or AAA (cross-ancestry), respectively. The PGS correlation
calculation,Corrðŷi* , yi* Þ, was also the same as above for the UK Bio-
bank (* = 1 [AEA] or 2 [AAA]; see ‘PGSprediction’). Thus, empirical RA in

this case was computed as
Corrðŷi2 , yi2 Þ

2

Corrðŷi1 , yi1 Þ
2 . When evaluating the RA map

validation estimating PGS subscores based on SNP groups defined by
the RA maps, the correlation difference was computed as

Corrðŷi1 , yi1 Þ
2� Corrðŷi2 , yi2 Þ

2, and the portability groupings were based

on the same R2
1!2 [6] quantiles as for the UK Biobank (see ‘PGS

subscores’).

Integrating RA maps into a gradient descent algorithm
Gradient descent with early stopping (GD-ES) is an approach com-
monly used for transfer learning in machine learning algorithms.
Recently, Zhao et al.29 proposed using GD-ES to build PGS for cross-
ancestry prediction. In Zhao’s GD-ES algorithm, effects are estimated
by minimizing a residual sum of squares evaluated in a data set (D2)
from a target population (e.g., African ancestry), using an iterative
procedure that uses an external estimator (β̂1 derived fromD1 of, e.g.,

European ancestry) as the initial value. Thus, GD-ES produces a
sequence of estimates, feβ2ð0Þ,

eβ2ð1Þ, . . . ,
eβ2ðsÞg, starting with eβ2ð0Þ = β̂1

(pure cross-ancestry prediction) and moving toward the solution that

onewould obtain only usingD2 (β̂2) after s iterations. Early stopping of

the GD algorithm renders estimates that are a compromise between β̂1

and β̂2 and have been shown to improve cross-ancestry PGSprediction

compared to using either a purely external (β̂1) or a purely internal (β̂2)
estimate29. We extended this approach by allowing for a SNP-specific
learning rate (LR) that is based on MC-ANOVA relative accuracy
estimates.

In a GD algorithm, coefficients are updated one at a time using
βnew
2j = βcurrent

2j � LR×dL=dβ2j , where LR is a learning rate parameter
(controlling how fast the algorithm moves in the direction that mini-
mizes the loss function, in our case the residual sum of squares loss
function) and dL=dβ2j is the gradient of the loss function with respect
to the jth coefficient of β2. In Zhao et al.29, the same LR was used for all
SNPs. We modified the algorithm by introducing an adaptive (SNP-
specific) LR: LRj = 0:01× e�3R2

1!2, j , where R2
1!2, j is the estimate pre-

sented in equation [6]. With this approach, a SNP with a high MC-
ANOVAcross-ancestryR-squared estimatewill have a low learning rate,
staying closer to the initial external estimate (β̂1j) and a SNP with a low
R2
1!2, j will have a higher learning rate, thus moving further away from

the EUR-derived estimated effect.
For a EUR ancestry group effect, β̂1, we used the same PGS effects

(b̂1) described above (see the Methods section ‘SNP effects for poly-
genic scores (PGS) using real data’). This was then employed as an
initial value in a gradient descent algorithm run ondata fromeither AF,
SA, or CA ancestry from the UK Biobank (the EA group was excluded
due to the small sample size for this group). To obtain an unbiased
estimate of the out-of-sample R-squared, we split the data into training
and testing sets (n-testing=300). We then conducted a five-fold cross-
validation within the training data to select the optimal number of
iterations of theGD algorithm (which acts as the parameter controlling
how much effects are shrunk towards the initial values). Then, we ran
the GD algorithm with that number of iterations on the entire training
data and used the resulting effects to predict in the excluded testing
data. This was repeated 50 times, each time with a different random
partition of training and testing. The average results for the 18 trait-
ancestry group combinations are reported in Supplementary Table 8.
The adaptive (SNP-specific) learning rate was compared to using a
fixed learning rate, which was the mean of the adaptive learning rate
for each trait-ancestry group pair. Additionally, for each trait-ancestry
pair, we compute the percentage of times (across training-testing
partitions) for which the prediction R-squared for the adaptive learn-
ing rate method compared to the fixed learning rate is higher (Sup-
plementary Table 8), excluding partitions that had identical R-squared.
The R-code implementing the GD algorithm is included in the GD.R
function in the GitHub repository https://github.com/lupiA/
MCANOVA.

Genetic distance
The genetic distance reported between the ancestry groups in
Table 1 and Supplementary Fig. 1 was computed as the overall
(genome-wide) Fst24 between pairwise ancestries using PLINK
(v1.90b6.24)45: --fst –within. We used a random sample of 20,000
individuals from the EUR ancestry group.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The relative accuracy maps generated in this study have been depos-
ited in the Zenodo database at https://doi.org/10.5281/zenodo.
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13769713 and are provided as Supplementary Data. The GWAS sum-
mary statistics are available through Zenodo at https://doi.org/10.
5281/zenodo.13785877. The UK Biobank data is available under
restricted access and access can be obtained by applying at https://
www.ukbiobank.ac.uk/. The ARIC Study data is available from dbGaP
(https://www.ncbi.nlm.nih.gov/gap/) under accession code
phs000280.v3.p1. The raw UK Biobank and the ARIC study data are
protected and are not available due to data privacy laws. The protocol
and consent were approved by the UK Biobank’s Research Ethics
Committee and were conducted under the application number 15326.
Data from the ARIC study usage was approved by Michigan State
University’s Institutional Review Board under Study ID LEGACY15-745.
Source data for Figures are provided with this paper. Source data are
provided with this paper.

Code availability
The software presented and described in this study (the MC-ANOVA
algorithm, a function to obtain the chromosome segments, the port-
abilitymaps, and an interactive ShinyApp) alongwith examples of how
to use the MC-ANOVA algorithm can be found in an R package
described and installable from https://github.com/lupiA/MCANOVA
(Zenodo: https://doi.org/10.5281/zenodo.13769713). An identical web-
based Shiny app is also available at https://lupia.github.io/Cross-
Ancestry-Portability/ (Zenodo: https://doi.org/10.5281/zenodo.
13769723) which will run slower than the R package app but does
not require R software or package installation.
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