








affecting loci inherited from a specific ancestry. This value might
deviate from the reference population’s average GV due to post-
admixture drift and selection. As can be seen in Fig. 1B and Fig. S6,
Beova remains informative about the difference in local ancestry GV
between ancestries p=1 and p=2 but the true-positive rate of
identifying the local ancestry with the highest GV is lower (57-78% if
GV difference is within 0.25-0.5 of the trait's SD in the present-day
population; Fig. S3B). The lowest sensitivity is observed for the WHG
local ancestry likely because of its low contribution to the present-day
population (12%) and hence stronger effect of post-admixture drift.
However, as exemplified by scenarios E and F in Fig. S6, when the
reference populations had the same trait optimum, our approach is
blind to differences in local ancestry genetic value arising from post-
admixture drift (E) or selection (F). Full simulation results are reported
in Table S1.

Association with UK Biobank complex trait landscape

We applied the same approach to 50,000 unrelated individuals of
European descent from the UKBB [2], so as to match the order of
magnitude of our previous EstBB analysis [33]. The reference groups
representing WHG, EEF and SBA (here defined as genetic ancestries,
rather than as actual cultures or populations) included 95 WHG-, 118
EEF-, and 83 SBA-like ancient genomes, see list in Table S2, Fig. S7.

We identified TAGRs for each trait exploiting GWAS Catalog [41]
hits for congruous traits (see Methods for details). Indeed, TAGRs were
enriched in SNP heritability for the corresponding trait in almost all
cases (stratified LD score regression [44], nominal P-value < 0.05, see
Fig. S8A). We then computed TAGR-covAs for each ancestry on these
regions and regressed phenotypic values for each trait on them.
Notably, to capture any possible physiology-related, geographic and
socio-economic confounder that might produce spurious false
positives, we also include in this regression a large set of covariates:
sex, age, age2, sexxage, sexxage2, latitude, longitude, UKBB
assessment center, Townsend deprivation index (TDI), qualifications,
and age when completed education. Importantly, we also included
genome-wide covA for two ancestries (capturing all GW-covA
variability) to control for genome-wide population structure.

An independent model was built for each of the ancestries as
our simulations showed that a genetic value shift in a single
ancestry could explain significant B4 in all ancestries, and that
the ancestry with the maximal absolute coefficient (max(|Bcova |))
is likely to be the most divergent one. As seen in Fig. 2A, 32 out of
53 traits tested show at least one significant Boya (Or ORcov4) at 5%
Benjamini-Hochberg False Discovery Rate (FDR). Affected traits
include several biological domains and will be addressed in the
last results section. Notably, no trait exhibits a max(|Bcova|) >
0.048, which based on our simulation results would have been a
strong indication of pre-admixture selection.

Assessing the robustness of TAGR-covA effects
Although we include multiple covariates in our model, and we show
that there is no strong collinearity between them and TAGR-covA
(see Supplementary Text), we wanted to further ensure that we are
not detecting associations between traits and covA due to
unaccounted environmental confounding. We therefore aimed at
validating our results by using trait and covA differences between
siblings within UKBB (see Methods for a description of the model).
Although siblings might differ in their environment, those
differences do not correlate with genetics due to population
structure. Hence, this approach is robust to confounding due to
overlapping genetic and environmental stratification. 16 out of 32
traits significant in our main analysis were recovered with nominal
significance and concordant effect direction in at least one ancestry
(Fig. 2A). We observe a general effect concordance (no significant
effects in the opposite direction, see also Fig. S9): most of the
missing signals can be explained by a lower statistical power.
Next, for 21 traits already explored in the Estonian Biobank
(EstBB) [33] we compared the regression statistics obtained across
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biobanks, finding a remarkable consistency, see Fig. 2B. Even
though we refrain from assigning a p-value due to the plausible
correlation across several trait pairs, we identify a Pearson’s
correlation coefficient between biobanks of p =0.729, p =0.542,
and p = 0.726 respectively for WHG, EEF, and SBA ancestries.

We repeated the analysis by excluding TAGR-covAs and instead
evaluating the coefficients of GW-covA. These were previously
used as genomic control covariates, thus allowing us to only keep
physiology-related, geographic and socio-economic factors as
covariates this time. In this setting we can still see 11 out of
53 significant signals, see Fig. S10, seemingly suggesting that the
global similarity with a specific ancestry could be associated with a
certain trait. However, the signals are often discordant and have
lower absolute effect size on average: for above-mentioned
reasons we refrain from conducting a formal test but the trend is
appreciable in Fig. 2D. Moreover, the consistency with the sibling
analysis and across biobanks is completely absent if we compare
GW-covAs (Fig. S9 and Fig. 2C, respectively) suggesting that these
signals are likely resulting from yet unaccounted confounders.
Indeed, although likely harboring variants contributing to the
polygenic traits analyzed, the remaining non-TAGR genome was
often depleted in trait heritability (see Fig. S8B) but equally subject
to confounders impacting at genomic level.

Ancestry-specific diverging traits

We interpret significant B4 as ancestry divergence in genetic
value and designate the genetic component showing max(|Bcova | )
as the most divergent one. Note, however, that in opposition to
our simulations, where only one ancestry was divergent by design,
the ancestry with max(|Beova|) might not be the only one that
experienced a shift in GV. In the following description, we will
privilege associations validated in our sibling analysis, but all
significant associations in Fig. 2A could in theory be validated with
a larger sibling sample size.

Resting heart rate, platelet count and heel bone mineral density,
which increase together with WHG ancestry similarity, show the
highest absolute B.,.4. As shown by our simulations, adaptation
might not be necessary to observe such divergence. Nevertheless,
given health-relevant changes in platelet count and heart rate
variability during winter [45, 46], coupled with the complex heart
rate reactions to cold exposure [47, 48], it is tempting to speculate
about an adaptation to colder climates that WHG suffered when
colonizing Europe soon after the last glacial maximum (after 17 kya
[49]). Interestingly, platelet count was found to be selected for lower
levels since the early Neolithic [50, 51] thus supporting the idea of
higher values being WHG-specific and possibly maladaptive in
environments tied to non-hunter-gatherer lifestyles.

We replicate known signals of genetic divergence across
ancestries for anthropometric and pigmentation traits [33], most
notably an association of SBA ancestry with tall stature [26], large
waist and waist/hip ratio, but also with darker hair and skin
pigmentation, mirrored by opposite effects associated with EEF
component. This agrees with ancestry-specific risk scores for these
traits estimated by Irving-Pease et al. [29], considering that our SBA
component should conflate their Caucasus Hunter-Gatherers,
Eastern Hunter-Gatherers and Steppe ancestries. Overall, these
results corroborate the hypothesis that pigmentation decrease in
Europe is due to post-admixture selection rather than to the impact
of incoming SBA migrations during the Bronze Age [27, 50].

For some traits such as caffeine intake, as well as for previously
mentioned traits (e.g. waist-derived traits, pigmentation), two
ancestries are both significant for opposite trait values. This is
expected due to the negative correlation between B4 (Fig. S4)
which is given by design but can be further enhanced by
divergent evolution of the two ancestries. In some scenarios, only
one directional association is replicated by the sibling analysis,
resulting from the lower statistical power of this analysis: this is the
case for eosinophil percentage, hypertension prevalence and ease
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of tanning with EEF remaining significant; and monocyte
percentage, mean corpuscular volume, diastolic blood pressure

and balding with SBA as the validated component.

DISCUSSION

We applied covA to the largest European biobank to identify
which complex trait population gradients can be explained by

SPRINGER NATURE

genetic similarity with one of the three main European ancestries:
WHG, EEF, and SBA. In our work, we found that relative similarity
with a specific ancestral component at trait-associated genomic
regions significantly explains a portion of the variance in 32 out of
53 complex traits.

Our findings are globally consistent with an independent
analysis conducted on the Estonian Biobank for 21 overlapping
traits, thus confirming that these results should be taken as
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indicative of continental patterns rather than just regional ones.
Most of these associations were also confirmed in sibling analysis
thus providing evidence against these findings being due to
unaccounted environmental confounders conflated with popula-
tion structure.

Noteworthy, whole-genome results were inconsistent across
biobanks, unrelated vs. sibling analysis, and when compared with
TAGRs results within the same dataset (Fig. 2C, D, S9); in general
whole-genome ancestry similarity was a poor trait predictor. In
other words: although we took measures to control for confounders
by including multiple geographic and socio-economic variables into
our models, only by enriching for biologically-relevant regions, and
by controlling for GW-covA stratification, we could expose robust
and consistent signals. This finding mirrors the known difficulty in
discerning functional gene-trait associations from spurious correla-
tions mediated by genetic structure [16-18, 20, 21], which are
indeed independent between different populations and different
biobanks with different recruitment strategies. In addition, while
combining GWAS-derived effect sizes at the genome scale is
sensitive to subtle correction-surviving biases [19], our approach
does not rely on it. Our results are partially overlapping with an
independent investigation with a different approach [29], where a
different choice of source ancestral groups and use of GWAS-
derived weights for the trait-associated genetic variants may explain
emerging differences.

While we are confident about the robustness and the continental
scope of the results presented in Fig. 2A, the biological and
evolutionary dynamics that can explain these associations remain
rather complex to establish. We thus complemented the empirical
analysis with extensive simulations to provide insights useful in
interpreting our results.

Specifically, the simulations show that significant B..ya for at least
one of the ancestries can be most directly interpreted as differences
in genetic values between sampled reference populations.
Although in our simulations such differences can be reached under
scenarios with all reference populations having the same optimum,
scenarios with optimum shift in one of the ancestries in general
result in higher absolute B.ova (Fig. 1C) for that ancestry. As the
highest B.ova Values we observe on the real data are close to the
97.5th percentile of the Bcova distribution under equal optima in
simulations, it is likely that the top of our list contains at least
some traits that underwent directional selection in different
ancestral populations. Indeed, our results highlight that resting
heart rate, blood platelet count and bone mineral density
present divergence patterns compatible with adaptive selection.
These patterns are comparable to those observed in extensively
studied traits like pigmentation and height, warranting a similar
level of investigation.

Our simulation results also highlight the potential limitations of
our study. These mostly relate to interpreting Bcova as an
indication of the differential genetic contribution of ancestries to
trait variation in the present-day population. On the one hand,
such contribution can be overlooked if genetic differentiation
between ancestries post-dates the available aDNA samples used
as references (Fig. S6E). Furthermore, as most common alleles are
expected to pre-date the split between the three ancestries,
present-day individuals with higher GV for a given trait might
show higher covA with an ancestry enriched for trait-increasing
alleles, even without any direct genetic contribution from that
ancestry. Thus, choosing and exhaustively including all relevant
ancestral groups is crucial for a sound biological interpretation of
covA signals. This limits the applicability of our approach to
populations for which the demographic history is less well
understood and proper reference aDNA samples are missing.

Finally, two aspects need to be emphasized. First, covA effect sizes
were almost never above 0.1, even in the most favorable simulation
scenarios: this means that the majority of trait variation should be
traced to genetic variation common across ancestral groups, or to
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environmental effects. Second, the differences in genetic predis-
positions between ancestries to the tested phenotypes emerge from
contemporary phenotypic landscapes and might involve complex
interactions with the environment thus weakening claims about
actual trait values in the ancestral populations.

In conclusion, the reported ancestry-trait associations are
strongly indicative of ancestry-specific genetic predispositions,
possibly due to pre-admixture selection, and under certain
conditions indicate actual genetic contribution to the contem-
porary trait landscape. Especially for the most significant associa-
tions described above, it is important to stress how the European
population has to be assumed as inherently stratified due to its
demographic history. This bias will need to be addressed in
analyses following up on GWAS effect sizes, in order to avoid
potential spurious results. This stratification acts therefore both as
a source for variability in such traits and as a potential significant
confounder for GWAS study across European cohorts.

DATA AVAILABILITY

UK Biobank data can be accessed through their procedure including project ethical
assessment and access fees. Ancient DNA data from Allen Ancient DNA Resource is
available at https://dataverse.harvard.edu/dataset.xhtml?persistentid=doi:10.7910/
DVN/FFIDCW. All produced results will be available as supplementary materials or
through an online GIT repository.

CODE AVAILABILITY
Simulations: https://github.com/vasilipankratov/SLiM_quantitative_trait. All remain-
ing code will be available as an online GIT repository upon acceptance.
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