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Tracing human genetic histories and natural
selection with precise local ancestry
inference

Jon Lerga-Jaso 1,2, Biljana Novković 1,2, Deepu Unnikrishnan 1,
Varuna Bamunusinghe 1, Marcelinus R. Hatorangan 1, Charlie Manson1,
Haley Pedersen 1, Alex Osama1, Andrew Terpolovsky 1, Sandra Bohn 1,
Adriano DeMarino1, Abdallah A. Mahmoud 1, KaratuğO. Bircan 1, Umar Khan1,
Manfred G. Grabherr1 & Puya G. Yazdi 1

Local ancestry inference is crucial for unraveling demographic histories, dis-
covering selection signals, and including admixed individuals in genomic
studies for improved equity and portability. To date, the precision and reso-
lution of local ancestry inference were limited by technical and dataset issues.
To address them, we present Orchestra, a model we train on over 10,000
single-origin individuals from 35 worldwide populations that demonstrates
superior accuracy in benchmarking analyzes. We employ Orchestra to shed
light on the demographic history of Latin Americans, finding trace ancestries
supported by historical records. We then deploy it to offer insight on the
debated Ashkenazi Jewish origins, highlighting their South European heritage.
Finally, Orchestra enables us to map selection signatures, identifying trace
Scandinavian ancestry in British samples and unveiling an immune-rich region
linked to respiratory infections passed down from the Viking conquests. Our
work significantly advances the field of local ancestry inference, highlighting
its use in admixed populations.

For decades, population geneticists have used DNA to infer the his-
tory of humankind1–4. Mating between individuals in geographical
proximity, coupled with genetic drift and divergent demographic
histories, helped shape our modern human genetic landscape,
allowing us to reference any single individual to pre-defined refer-
ence populations5,6. However, as the movement of people across the
globe has intensified in recent centuries, humans have become more
admixed, and an increasing number of people cannot be traced back
to a single reference population7. While global ancestry inference
(GAI) allows us to infer an individual’s overall admixture proportions,
it fails to provide information about the fine-scale patterns across the
genome. Despite similar global admixture proportions, two indivi-
duals may have very different ancestry compositions at any location
within the genome8. That is why in admixed populations, local

ancestry inference (LAI) becomes indispensable for various down-
stream applications.

Several LAI methods that infer the ancestry of different segments
on each chromosome have been developed over the years9–11. RFmix
has been the go-to method of many previous studies because of its
reliability, which has withstood the test of time9. FLARE has beenmore
recently designed for speed and efficiency, to tackle ever-increasing
amounts of data10. Similarly, Gnomix has been recently developed to
handle whole-genome data with the ability to detect deep historical
admixture11. Various LAI methods have been successfully applied to
admixed populations to boost power and resolution in GWAS12,
improve colocalization of GWAS and expression quantitative trait loci
(eQTL)13, and detect gene-gene and gene-environment interactions14.
In addition, LAI models have been leveraged to improve polygenic risk
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scores (PRS) specifically for admixed individuals15,16. However, to date,
LAI methods and all downstream efforts have mainly applied cross-
continental resolution, looking at anywhere from two- to six-way
admixture (e.g., European vs. African or East Asian).

We know that populations that are geographically close can
exhibit significant genetic heterogeneity due to historical isolation
and/or geographical or cultural barriers. Such regional variation can
impact the genetic architecture of complex phenotypes. In Africa
alone, the genomic diversity is vast, showing extreme allele frequency
divergence in many medically relevant variants17. Similarly, genomic
variability is extensive among Asians, who comprise nearly 60% of the
total world population, with unequal genetic disorder burden and
pharmacological susceptibility18. Subtle genetic clines can be observed
even for Europeans19,20. Therefore, various genomic disciplines may
have a lot to gain from broadening the scope of LAI to include within-
continent diversity. Finding that currently available LAI methods
struggle with closely-related reference populations, and especially
when the number of reference populations is large, our aim was to
increase the granularity of LAI and achieve a resolution that was pre-
viously possible only with GAI.

Here, we present Orchestra, a LAI method of high accuracy and
resolution, and apply it to retrace the genetic history of Latin

Americans, as a prime example of admixture. We next explore the
relationship between 35 worldwide populations and show that
Orchestra can be used to estimate genetic closeness between popu-
lations and shed light on their demographic history. Finally, we use
Orchestra to detect natural selection signatures. We demonstrate that
a more granular LAI method, such as Orchestra, can help delve into
admixture between more closely-related populations and can shed
light on evolutionary processes that we were not able to track with
such resolution beforehand.

Results
Local ancestry deconvolution
Orchestra (Optimal [Re]Combination of Haplotypes to Establish Seg-
mentation of a Target fromReference Ancestries), is a LAI algorithm that
consists of a two-stage pipeline: a base layer and a smoothing module
(Fig. 1a). The base layer classifies genomic windows of predetermined
size by generating a distance measure between the target genome and
each of the reference populations. This measure, we refer to as
recombinationdistance, is theminimumnumber of segments needed to
reconstruct a target sequence from the sequences present in each
reference population. It approximates the number of crossover events
needed to reconstruct a given sequence. The base layer uses a greedy
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Fig. 1 | Local ancestry inference ofOrchestra vs. other LAImethods. aOrchestra
schematics. The input consists of a target genome of unknown ancestry and a
reference set of single-origin individuals grouped into reference populations. For
each genomic window, the base layer generates the recombination distance as the
minimumnumber of segments needed to reconstruct the target sequence from the
sequences of each reference population n. Filled circles represent alternative
alleles. Green circles indicate a match between the reference genomes and the
target, while orange circles indicate a mismatch. The smoothing layer processes
these distance measures with a series of convolutional and attention layers using
information from surrounding windows and broader regions of the genome,
yielding the final probabilities for the N reference ancestries. This procedure is

repeated for all windows in the genome. b Recall and precision of Orchestra (red),
RFmix (green), Gnomix (light blue) and FLARE (navy) across 6 generations of
simulated admixture in the 1KGP dataset (1KGP-16pops; N = 3276) and the larger
custom dataset (custom-35pops; N = 24,408). The number of points for each star
shape corresponds to the number of generations. c Accuracy (%) per population in
the 1KGP-16pops and the custom-35pops datasets for Orchestra (red), RFmix
(green), Gnomix (light blue) and FLARE (navy). Populations are ordered by mean
accuracy across all methods (denoted by a cross). Accuracy is shown as synon-
ymous with recall. See Fig. 3 legend and Supplementary Fig. 1 for a full list of
populations with abbreviations.
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approach in which a similarity matrix is calculated by an element-to-
element comparison per position and per sample, to obtain a vector of
recombination distances across all reference populations. The smooth-
ing module is a deep learning model with convolutional and attention-
based elements. The convolutional element processes the base layer
insights generated for each window using the information from sur-
rounding windows. The attention-based component provides a weak
link to global ancestry. This is reflective of real world genomes, since the
presence of a certain ancestry in one place of the genome increases the
likelihood of finding that same ancestry in other genomic regions.
Combining the recombination distance base layer with a deep learning
smoothing module synergistically leads to a state-of-the-art technique
for accurate ancestry deconvolution.

The accuracy of any ancestry model greatly depends on the
quality of the reference panel. We assembled a set of reference
populations by merging data from more than 30 published studies,
combining both whole genome sequencing and array-based geno-
typing (Supplementary Table 1). A significant fraction of the total
samples comes from non-UK ancestries captured by the UK Biobank
(UKBB).Withmuch shortermigratory distances just a fewdecades ago,
we found that tracing ancestral origins by birth-place and self-reported
ethnicity of UKBB participants was a sufficiently reliable initial proxy
for ancestry. All retrieved samples underwent a series of quality fil-
tering steps. We kept a composite set of directly genotyped variants
obtained by combining all SNPs from array-based studies and filtered
by aminor allele frequency (MAF) ≥ 5% tominimize imputation-related
biases (see “Methods”). Next we conducted two GWASs to check if
each SNP was associated with a genotyping platform or ancestry, and
filtered out those that ranked in the top high and lowend, respectively,
to minimize batch effects and retain meaningful ancestry-informative
differences. We then used two separate dimensionality reduction
techniques to characterize relationships between samples and remove
any samples that showed a disagreement between reported ancestry
and inferred genetic origin: 1) Principal component analysis (PCA)
followed by uniformmanifold approximation and projection (UMAP)21

and 2) t-distributed stochastic neighbor embedding (t- SNE)22 used on
genealogical nearest neighbor (GNN) statistics estimated with tsinfer5.
This resulted in a high-quality reference panel of 10,169 non-admixed
individuals from 35 world regions, which we used as our reference
populations (Supplementary Fig. 1) for three-letter population abbre-
viations; see “Methods” for more details).

We benchmarked Orchestra against other leading LAI algorithms,
including RFmix9, FLARE10 and Gnomix11 and, using two reference
panels: 1) 1KGP-16pops, a high-coverage WGS set of non-admixed and
unrelated samples collected by the 1000Genomes Project (1KGP) with
16populations and 2) custom-35pops, our larger,morediverse curated
panel with 35 populations. Both panels were split into test and training
sets (20% and 80% of samples) and used to simulate 6 generations of
random admixture using SLiM23. Precision and recall were reported as
performance estimates on all chromosomes per generation and per
population.

Orchestra substantiallyoutperformedother LAImethods (Fig. 1b).
When using the 1KGP-16pops reference panel, Orchestra’s average
recall and precision across generations was 90.17% and 90.22%,
respectively; an improvementof +15.89% and+14.03%compared to the
secondbestmodel,Gnomix. For the custom-35popspanel, the average
recall and precision was 79.54% and 80.54%, respectively, an
improvement of +15.04% and +13.99% compared to the next best
model, RFmix. Orchestra was the most accurate across 6 generations
of admixture. As expected, the accuracy decreased with an increasing
number of generations. However, Orchestra’s performance in themost
admixed samples equaled or exceeded the best performance in the
non-admixed generations by other LAI methods.

Orchestra retained high accuracy regardless of the reference
population, with an ability to distinguish between closely related

ancestries. Orchestra achieved accuracy greater than 75% for all
populations within the 1KGP-16pops panel (Fig. 1c). For the custom-
35pops panel, Orchestra achieved an accuracy of over 50% for all
populations, and over 75% for 26 out of 35 populations. The other
three LAI models struggled with a third of the populations, with
accuracybelow50% (Fig. 1c).Orchestra’s accuracywas superior at both
region-wide and continental levels, the recall exceeding 93.43 and
98.90% for 1KGP-16pops and 87.73% and 94.03% for custom-35pops
(Supplementary Fig. 2a, b). Substantial improvement in accuracy was
also observed when using the r2 metric, where Orchestra achieved an
improvement of +24% for the custom-35pops and 23.9% for the 1KGP-
16pops at the population level (Supplementary Fig. 3).

In addition to our two panels, we applied all LAI models to an
independent set of over 10,000 UK biobank samples that were not
included in the custom-35pops panel (Supplementary Fig. 2c).
Orchestra outperformed the other LAI methods for over 90% of the
103 evaluated countries.

Retracing genetic histories
Latin Americans are a primeexampleof admixture, as theirDNAcanbe
traced to three broad sources, European, Sub-Saharan African and
Native American. However, there is a wide fluctuation in the propor-
tion of these ancestries throughout the continent. In addition, the
genetic makeup of Latin Americans shows regional heterogeneity. For
example, Colombians are more likely to have Senegalese, Gambian or
Guinean African ancestry, while Brazilians are more likely to have
ancestry from Angola and Congo. Similarly, while a lot of Latin
Americans get their European ancestry from Spain or Portugal, many
Argentinians also have Italian roots24.

To assess the accuracy of our LAI model in these populations, we
simulated Latin American individuals from Southern (SPP and ITA) and
Northern (FRG and BRI) Europeans, Western (GSE, GLS and NGE) and
Central and Southern (SAF) Africans and artificially-reconstructed
Native Americans (NAM). Simulations were performed by emulating
genetic intermixing for 12 generations using SLiM23. Native American
genomes were created in silico using the Latin American samples from
the 1KGP, keeping only the genomic segments identified as East Asian
as a proxy for indigenous ancestry. Simulations were adapted to the
genetic makeup that can be found today in three broad regions within
Latin America: the Antilles, comprised of 55% European, 40% African
(specifically NGE) and 5%Native American ancestry (NAM);Mexico and
Central America,made upof 50% European, 10%African (GLS andGSE)
and 40% Native American ancestry (NAM); and South America, com-
posed of 65%, 15% and 20% of European, African (GLS, GSE and SAF)
and Native American (NAM) ancestry, respectively24. For benchmark-
ing purposes, we compared our results against FLARE, Gnomix and
RFmix (Fig. 2a). Orchestra achieved an overall precision and recall of
77.17% and 76.73%, respectively, outperforming the other LAI models
in all three aforementioned regions.

This gave us confidence to apply our model to real-life Latin
American samples from the 1KGP and UKBB datasets (Fig. 2b), where
Orchestra was able to successfully retrace major patterns in the
genetic history of the Latin Americas. For example, the highest per-
centage of Native American ancestry (NAM) was found in Bolivia,
Peru, Ecuador and Mexico, matching demographic and genetic
reports from this region24–26. When we looked at the lengths of
chromosome tracts for various ancestries (Supplementary Fig. 4), we
found longer Native American ancestry fragments in Peru, consistent
with the higher proportion of Native American ancestry in this
population, which may suggest recent or ongoing gene flow from
indigenous groups. The majority of African ancestry in the Car-
ibbeans was assigned as Nigerian (NGE) and next Ghanaian, Ivorian,
Liberian & Sierra Leonean (GLS). In contrast, a larger portion of the
African ancestry in Brazil was assigned as Central, South & Southeast
African (SAF), which captures populations of Bantu origin on the
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African continent. This is in agreement with historical records of
Africans in Brazil originating primarily from Angola, a former Por-
tuguese colony24. A similar distribution of tract lengths across
countries suggests parallel dynamics of African admixture, where
relatively shorter tracts reflect the timeline of the transatlantic slave

trade (1500 s to 1880s). Orchestra captured a higher percentage of
Spanish & Portuguese (SPP) ancestry in Mexico, the Greater Antilles,
Columbia and Venezuela. British & Irish ancestry (BRI) was more
prevalent in Bermuda and the Bahamas, Lesser Antilles and the
Guianas. Italian (ITA) ancestry was more prominent in Argentina,
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Fig. 2 | Ancestry inference in Latin Americans. Clockwise: a Percent recall and
precision for ancestry deconvolution by FLARE (navy), Gnomix (light blue), RFmix
(green), and Orchestra (red) in Latin Americans simulations equivalent to 12 gen-
erations of admixture (N= 4068); simulations were adjusted to mimic the actual
genetic composition of different regions within the continent: CA = Central
America, Cb = Caribbean, SA = South America). b Ancestral composition of 1KGP
admixed American populations and UKBB participants that were born in Latin
America according to Orchestra (N= 16,224). Proportions of Native American
(NAM: yellow), Southern European (SPP, ITA: green), Northern European (BRI, FRG:
blue) and African (SAF, NGE, GLS, GSE: red) ancestries are shown. NAM: Native
American; SPP: Spanish&Portuguese; ITA: Italian; BRI: British& Irish; FRG: French&

German; SAF: Central, South & Southeast African; NGE: Nigerian; GLS: Ghanaian,
Ivorian, Liberian & Sierra Leonean; GSE: Gambian & Senegalese. c–f Orchestra was
able to detect trace ancestries that reflect known historical population displace-
ments and immigration events. cCentral, South & Southeast African (SAF) ancestry
in Brazil (N= 234), d Indian (IND) ancestries in the Guianas (N= 311), e Japanese &
Korean (JPK) ancestry in Brazil (N = 240), and f Ashkenazi Jewish (ASK) ancestry in
Argentina (N= 69). Graphs show the distribution of local ancestry tract lengths, as a
function of tract length (in 20 cM bins). Error bands show 95% CI. Boxplots over
violin plots show tract density distribution. The central line of the boxplot denotes
the median, box boundaries represent the first and third quartiles, the whiskers
range from minimum to maximum values.
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Brazil and Uruguay. These findings match known demographic and
historical evidence27.

Interestingly, Orchestra was able to detect several notable trace
ancestries (Fig. 2c–f). In addition to the aforementioned SAF in Brazil,
these also include a high percentage of Indian ancestries (IND = PNI,
SSI, BEI, GUP) in the Guianas, reflecting the indenture system used in
former British colonies28, a high percentage of Ashkenazi Jewish (ASK)
ancestry in Argentina, which hosts the largest Ashkenazi Jewish com-
munity in South America, as well as the Japanese ancestry detected in
Brazil and Peru (JPK), which experienced a large wave of Japanese
immigration over the first half of the 20th century29. The chromosome
tract lengths for each of these ancestries match our expectations for
the respective time periods for each admixture event (Fig. 2c–f, and
Supplementary Fig. 4).

In addition to Latin America, we applied this method to all UKBB
samples not used in our reference panel and to samples belonging to
ethnicities found in various datasets that were not included in the
custom-35pops panel (Supplementary Figs. 5–7).

Ancestral mapping
Seeing that we were able to identify 35 different populations with
superior accuracy (Fig. 1), next we explored the relationships among
these populations. We created 35 distinct reference panels for each
target population, where that target population was omitted from its
own reference panel. Orchestra was run to obtain admixture propor-
tions, which were then converted into a matrix of distances that

were projected onto two-dimensional space using the SMACOF algo-
rithm. The resulting network (Fig. 3a) largely reflects geographical
proximity and replicates known relationships between various
populations19,30.

Ancestralmapping results for individual populations are shown in
Supplementary Figs. 8–14. For example, when we removed our French
&German (FRG) population from the reference panel, the FRG samples
weremapped asmostly British & Irish (BRI, 58.9%), Scandinavian (SCA,
13.1%), Italian (ITA, 9.5%) and Eastern European (EAE, 9.4%), with the
ITA ancestry more prevalent in the French and the Swiss, while EAE
ancestry was more common in Austrians and Germans (Supplemen-
tary Fig. 10). Our Iraqi, Iranian, Caucasian & Turkish population (ICT)
was reconstructed as mostly Levantine (LEV, 65.2%), Pakistani & North
Indian (PNI, 11.9%), Cypriot (CYP, 9.6%), Central Asian (CEA, 6.4%) and
Greek & Balkan (GBK, 3.8%). PNI ancestry was more common in the
East, in Iraqis and Iranians, while GBK was more present in the West,
especially in the Turks (Supplementary Fig. 9). In these andmany other
populations, we observed a genetic cline, indicating there is genetic
heterogeneity within most of our 35 populations.

The ancestry and origin of the Askenazi Jewish have been subject
to heated debate over the last two decades. Here we mapped our
Ashkenazi Jewish as primarily Italian (ITA, 68%), followed by Levantine
(LEV, 16.6%), Iraqi, Iranian, Caucasian & Turkish (ICT, 7.2%), Greek &
Balkan (GBK, 2.4%) and Eastern European (EAE, 1.7%) (Fig. 3b). This
largely agrees with several reports based on both modern and med-
ieval Ashkenazi Jewish DNA31–33.

20 %

40 %

60 %

0.00

0.25

0.50

0.75

1.00

Pr
op

or
tio

n

ASK

Ancestry:

LEV
ITA

Other

GBK
EAE

ICT

SPP
NAF

MEL

DCH
VIE

FIL

SEA

HCH

JPK

MAM

SIB

NAM

NEP

GUP

PNI

BEI

SSI

CEA

FINBRI

SCA

EAEFRG

GBKSPP

ITA
ASK

ICT

CYP
LEV

ARB
NAF

EAF

GLS

NGE

SAF

GSE

ba

sea, ocean barrier
desert, mountain barrier
neighbors

Fig. 3 | Ancestralmapping. aAncestral map of 35 populations projected onto two-
dimensional space using the SMACOF algorithm applied to a matrix of distances
derived from the proportions obtained in the analysis. Solid lines connect neigh-
boring populations. Dashed lines indicate populations separated by geographical
barriers to dispersion. Continent contours were illustrated by hand. b Inferred
ancestry of the Ashkenazi Jewish (ASK) population (N= 152) according toOrchestra
when ASK was omitted from the custom-35-pops training set. Overall ancestry
proportions (top); individual ancestry proportions with each bar representing a
single individual (middle), and ancestry proportions shown on a map (bottom).
ARB Arab, ASK Ashkenazi Jewish, BEI Bengali & East Indian, BRI British & Irish, CEA

Central Asian, CYPCypriot, DCHDai Chinese, EAE Eastern European, EAFNortheast
African, FIL Filipino, FIN Finish, FRG French & German, GBK Greek & Balkan, GLS
Ghanaian, Ivorian, Liberian & Sierra Leonean, GSE Gambian & Senegalese, GUP
Gujarati Patels, HCH Han Chinese, ICT Iraqi, Iranian, Caucasian & Turkish, ITA Ita-
lian, JPK Japanese & Korean, LEV Levantine, MAM: Manchurian & Mongolian, MEL
Melanesian & Aboriginal Australian, NAF North African, NAMNative American, NEP
Nepalese, NGE Nigerian, PNI Pakistani & North Indian, SAF Central, South &
Southeast African, SCA Scandinavian, SEA Southeast Asian, SIB Siberian, SPP
Spanish & Portuguese, SSI Sri Lankan & South Indian, VIE Vietnamese.

Article https://doi.org/10.1038/s41467-025-59936-3

Nature Communications |         (2025) 16:4576 5

www.nature.com/naturecommunications


Detecting natural selection signatures
To check if we could leverage our LAI model to detect signatures of
natural selection, we first aimed to replicate previously identified sig-
nals. We followed the methods described in Cuadros–Espinosa et al.
202234, where combined statistics based on admixture proportions
(Fadm and LAD) was used to scan genomes of admixed populations for
selection signals (see Supplementary Methods). Where possible, we
retrained Orchestra using the same or approximated reference
populations to those that were used in the original study. Out of the
seven admixed populations tested, we were able to completely repli-
cate signals in six populations and partially in one population (Sup-
plementary Fig. 15). This suggests that these signals are robust to
discovery with different methods, and that Orchestra may be used to
recover signals of natural selection at a local level.

We then proceeded to apply Orchestra to British samples
(N = 415,859) in the UK biobank dataset. Figure 4a shows the dis-
tribution of Scandinavian (SCA) ancestry in this population. SCA
ancestry was particularly enriched in the East of England and East
Midlands, where we also found the highest density of former tentative
Viking settlements, inferred as settlement names ending in -by, -thorpe
or -toft, confirming previous reports of Scandinavian hotspots in
Eastern England35,36. Next we aimed to identify potential adaptive sig-
nals using the Fadm and LAD framework. We found a significant
enrichment of SCA ancestry on chromosome 10, region 10q11.21-22
(Fig. 4b, c, and Supplementary Fig. 16). We identified significant var-
iants in this region that have been functionally linked to several
immune-related genes and potential targets for natural selection,
including MAPK8, WASHC2C and MARCH8. Interestingly, both MAPK8
and WASHC2C have been linked to smallpox virus infection and repli-
cation rates37,38, which is of note considering that the Vikings were
reported to be carriers of smallpox-like viruses39. Apart from smallpox,
these genes have also been linked to influenza, bacterial pneumonia,
tuberculosis37, and other infectious diseases prominent in Middle Age
Britain40. Furthermore, the regiondisplays an enrichment ofGWAShits
where SCA ancestry is associated with elevated erythrocyte and
hemoglobin levels, and there is a higher prevalence of SCA ancestry
among UKBB participants reporting lower incidences of “respiratory
infection” and “influenza with pneumonia” (Supplementary Fig. 17).

Discussion
While our world is becoming increasingly admixed, genomic studies
have largely focused on non-admixed populations with a pronounced
European bias8,41,42. This is an issue when we consider that genomic
models developed and trained in one population have poor portability
outside that population42–44. Recently, strides have been made to
address this gap, but most have been limited to cross-continental
resolution, due to limitations in LAI accuracy12–16.

To address this, we have developed Orchestra, a LAI model that
can account for the genetic heterogeneity in recently admixed popu-
lations. Orchestra can work with reference panels made of many
combined datasets. It is able to accurately retrace demographic his-
tories of complex admixed populations, such as Latin Americans, and
does soon afine-grained regional scale. Further, Orchestra can beused
to elucidate relationships between different populations. We offer a
new lens into the ongoing debate about the origins of the Ashkenazi
Jewish, supporting strong genetic ties to the Italian Peninsula31–33.
Finally, Orchestra’s local aspect enables us to apply it to downstream
applications, such as detecting signatures of selection. We trace
Scandinavian ancestry in British UKBB samples, which allows us to
detect a potential immune-related signal on chromosome 10. This
possibly Viking-derived region may have provided an edge against
respiratory infections, such as smallpox, influenza or pneumonia. This
region is, to this day, linked to a lower rate of respiratory infections and
influenza in UKBB participants.

There is potential for improving the accuracy of Orchestra by
creating more sophisticated reference panels. Some of the issues we
had to overcome in this study were batch effects due to diverse
sequencing technologies, insufficient coverage in more dated data-
sets, insufficient data from certain parts of the world and sample size
imbalance between different reference populations. No reference
panel can be perfect, as we are by definition breaking up genomic
continuums into discrete populations. Still, we expect that improving
the referencepanelwill generate furtherfiner-scale insights into recent
admixture around the globe.

A potential confounder in our benchmarking was thematching of
admixture proportions and the schema used for generating admixture
between training and testing sets, which may have unintentionally
favored Orchestra. Differences in how each software simulates syn-
thetic admixed training data, even when parameters are matched and
optimized for best performance on the tested data, could influence
results. Despite this limitation, we testedOrchestra and other LAI tools
under the same conditions on an independent set of over 10,000 UK
Biobank samples containing inferred single-origin individuals identi-
fied through dimensionality reduction. In this analysis, Orchestra
outperformed other LAI methods in over 90% of the 103 evaluated
countries and was the second-best in the remaining cases, demon-
strating higher performance at detectingmore subtle levels of genetic
differentiation, even when admixture was not involved. Additionally,
while Orchestra was designed to maximize information from our QC-
selected variant set—which may not be optimal for other algorithms
developed for array or WGS data—we also tested these methods using
a WGS reference panel, where Orchestra continued to excel.

A limitation of Orchestra in its current iteration is its use of win-
dows to infer local ancestry. With admixture, genomic segments
become increasingly smaller with each generation due to cross-over
and recombination. While Orchestra is modeled on recombination to
reconstruct ancestry within a window, this results in a trade-off
between accuracy and the ability to detect signals from further back in
time between closely-related populations. Orchestra is relatively
accurate at least up to around 12 generations of admixture and can
detect trace ancestries from further back in time. This means it is
suited to reconstruct events of relatively recent admixture, within
Modern and potentiallyMedieval history. However, for reconstruction
of Ancient history, other non-window based LAI models would have a
clear advantage45,46.

It is salient to note that while Orchestra provides a quality metric
for ancestry assignments for each window, this metric is derived from
the deep learning model (see Pseudo-probability vector in Supple-
mentary Methods; Supplementary Fig. 18). It has not yet been cali-
brated to reflect real ancestral probabilities and has not been
considered in this study. The deep learning quality metric is affected
by a number of factors, including the size and quality of a reference
population and how genetically close that population is to others in
the reference panel. Ancestries not present in the reference panel will
tend to classify as the phylogenetically closest available reference
population, and the quality metric will not recognize those cases
(Supplementary Fig. 19). These are important to keep in mind when
using Orchestra. Considering the strengths, weaknesses and the cov-
erage of the reference panel used for ancestry inference is key to
interpreting Orchestra’s results. We recognize the need to further
develop and calibrate the confidence metrics, and we plan to address
this in the future to enhance Orchestra’s applicability.

An important limitation of our method is that it is very compu-
tationally intensive. While other methods we benchmarked can be
executed on standard servers, our approach requires high-
performance computational resources. This is due to our models
undergoing extended training periods, ranging from several days to
weeks, and demanding significant memory resources. While it may
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allow themodel to capture finer details than shorter and less memory-
intensive training processes, it also makes our model more expensive
and time-consuming to train. To mitigate this, we are making pre-
trained models available for end-users, trained on a range of different
populations and regional levels, which are ready for immediate useand
can be used for rapid inference. However, for users who may need to
retrain models for specific analyzes, but do not have the computa-
tional resources required, we recommend considering alternative

software like RFmix, which has consistently demonstrated robust and
reliable results across diverse populations at a region-wide level.

In conclusion, Orchestra advances the field of LAI, enabling
accurate detection of chromosomal segments at regional levels. It also
takes an important step towards a more equitable genomics, promis-
ing to improve a range of downstream applications, such as long-range
phasing andGWAS, and by extent genomic and personalizedmedicine
in admixed populations.
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Methods
Orchestra
Orchestra is a LAI algorithm that consists of a two-stage pipeline: an
original deterministic base layer and a smoothing module based on a
deep learning architecture that combines elements of convolutional
neural networks47 and attention-based (transformer) mechanisms48.
Orchestra’s base layer is a deterministic algorithm modeled on
recombination, built on the assumption that shared homologous
haplotypes are identical by descent (IBD). We expect that a person
would share longer DNA segments with individuals from the same
population and shorter segments with individuals from remote
populations. The base layer looks at each window on a chromatid and
finds the minimum number of segments that would be needed to
reconstruct that window when those segments are sampled from
specific, carefully selected reference populations. We refer to this
value as recombination distance. In this study, each chromosome was
divided into windows spanning 600 SNPs.

The base layer works as a greedy search algorithm. In each win-
dow, the algorithm starts at the first position, looking for the longest
continuous matching haplotype in a reference population. Where the
match stops, the algorithm starts again from that position to find the
longest local match, and so on. This is carried out using a NumPy array
of the (boolean)matches at any givenpositionbetween the sample and
the reference sequences (as rows) and using the product along the
rows. This allows to accelerate the computation in a trade-off of some
use of memory for extra speed, plus it allows the calculation to be
parallelized easily across the data. The procedure is repeated until it
produces a vector of recombination distances against all reference
populations.

The smoothing layer uses the vector of recombination distances
produced by the base layer as an ancestry fingerprint that gets con-
verted to a measure of ancestry in terms of probabilities. This layer is
designed to give higherweights to low-frequency classes (populations)
in the loss function to handle class imbalance effectively. Then, the
information from surrounding and more remote windows is factored
in, to output afinal ancestry label. To do this effectively, the smoothing
layer consists of two different types of layers: convolutional and
attention-based. There are five convolutional and two attention layers.
The attention layers are sandwiched between the third and fourth, and
the fourth and fifth convolutional layers. The convolutional layers are
moving filters that generate different insights from the base layer
output and retain the information in parallel. Whereas in a normal
convolutional neural network we would have pooling layers in
between the convolutional layers47, we use attention layers that pro-
cess the result of the parallel filters as a (similarity) vector space that
would typically be the output of an embedding into an n-dimensional
vector space in a transformer architecture48 to provide global infor-
mation flow using proximity in this convolutional vector space. The
purpose of the convolutional layers is to process information at the
window level in the case of the first two convolutional layers and to
bring local information concerning other nearby windows in the case
of the third, fourth and fifth convolutional layers. The closest windows
tend to have a larger impact due to the fact that windows tend to form
blocks of a given ancestry, but the attentionmechanism allows the use
of a comprehensive context to weight the base layer outputs from all
other windows. In this regard, the attention augments the local con-
volutional layerswith global informationflow. The simplification of the
attention layer relative to regular transformer architecture allows the
useof a context long enough to span the entirety of thewindoweddata
for a chromosome pack. The final convolutional layer provides the
output in terms of probabilities. The population that is assigned the
maximum probability is given as the final ancestry.

Due to computation limitation, the smoothing layer was not
trained on all chromosomes at a time, but was instead trained on
chromosome packs (1/2, 3/4,…, 17/18, 19/20/21/22). Training on a

larger set of chromosomes at a time, or even the entirety of the gen-
ome, is expected to further increase the accuracy of the
smoothing layer.

During the training phase, where Orchestra adjusts its smoothing
layer parameters (weights and bias terms) using simulated admixed
individuals, it is inevitable that subsequent generations will include
direct descendants of the original samples (see ‘Simulated Admixed
Individuals’). This means the same haplotypes are present in both the
reference and target sets, potentially leading to an overfitted model.
To minimize bias from using source samples of the synthetic admixed
data as reference sequences for population classification, Orchestra’s
base layer algorithm was modified to remove the best matching hap-
lotypes from the entire training set using a greedymatching algorithm,
under the assumption that these bestmatches represent the ‘ancestral’
samples of the simulated genomes. Once themodel is trained, it can be
applied to any separate testing cohort.

Reference panel
Despite the increasing number of publicly available datasets, obtaining
a comprehensive and balanced reference panel remains a challenging
step in ancestry deconvolution. Here, we used 1KGP-16pops (N = 1365),
composed of unrelated non-admixed individuals collected by 1KGP, as
the gold standard dataset, which enables easy accuracy comparisons
with previously published studies. Next we created the custom-35pops
dataset (N = 10,169), where we aimed to assemble a genome-wide
dataset of non-admixed modern samples from diverse populations
around the globe49–83. A detailed list of all datamined for this study can
be found in the SupplementaryTable 1. The granularitywewere able to
achieve on each continent was largely dependent on the number and
diversity of samples we had available. Where samples were limited or
not divergent enough based on initial experiments, we grouped
populations into meaningful, broader geographic regions with shared
genetic ancestry. Precise information about dataset preparation and
merging can be found in Supplementary Methods.

Our custom-35pops dataset is composed of many studies,
including genotyping arrays andWGS, which gave rise to artifacts that
interfered with the detection of biological patterns due to batch
effects84. As to our knowledge, there are no effective and systematic
algorithms to remove them, therefore we applied conventionally
recommended quality control measures85 (see Supplementary
Methods).

After batch effect removal, we used two complementary strate-
gies to identify admixed individuals. The first was PCA-UMAP, an
existing protocol for dimensionality reduction86 that allowed us to
visualize relatedness among individuals. The second was GNN-tSNE,
where we used tsinfer5 to infer the tree sequences for our dataset and
compute the genealogical nearest neighbors (GNN), to which we
applied t-distributed stochastic neighbor embedding (t-SNE), another
non-linear dimensionality reduction technique. Outliers (i.e., admixed
genomes) were removed automatically using a K-Nearest Neighbor
(KNN) algorithm (see Supplementary Methods).

To detect Native American ancestry in target genomes, we gen-
erate a reference panel of 100 pure in silico Native American genomes
(see Supplementary Methods).

Simulated admixed individuals
SLiM v3.723 was used to generate admixed genomes based on single-
ancestry populations from the reference panel. We forward simulated
1–6 generations of admixture. True local ancestry of every position in
every simulated individual was tracked across generations using the
tree-sequence recording function, and browsed with tskit and pyslim
packages87. HapMap recombination map was supplied for modeling
the non-uniform recombination events across the genome.

Given that SLiM does not support simulations withmore than one
chromosome, we ran each chromosome independently but followed
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the same mating scheme over generations to obtain whole-genome
simulations with the same ancestors for all chromosomes. We tracked
the pedigree obtained in the first chromosome run by tagging each
simulated individual and each pair’s offspring, and reproduced the
same genealogy for the others.

We simulated a fully intermixed scenario where all individuals
from populations in the reference panel had an equal probability of
contributing to mating, with no specific rates assigned to population
mixing, as individuals were chosen entirely at random for each gen-
eration. By generation 6, each haploid genome could contain ancestry
from up to 32 populations. The expected median number of admixed
populations per haploid genome is ~1, 2, 4, 7, 13, and 21 for generations
1 through 6. We also implemented amore realistic non-randommodel
where individuals preferentially mate within their continent (e.g.,
Europeans, Western Asians, and North Africans; Sub-Saharan Africans;
Central and South Asians; and East and Southeast Asians), with a 10%
migration rate per generation. We found that the benchmarking
results were nearly identical. Thus, we opted to train Orchestra in the
fully intermixed random-mating scenario to ensure robustness.

We ran a non-Wright-Fisher model of evolution, since we imple-
mented a couple of modifications. Despite choosing parents via ran-
dom sampling, we avoided inbreeding by recording pedigree
information and thus identifying the degree of relatedness of eachpair
selected. Only individuals thatwere not close relatives were allowed to
mate (at least a coefficient of relationship <6.25%). Besides, to avoid
family relationships among output generations, we ran independent
simulations for each degree of admixture, so the parents of the
simulated individuals in a certain generation are not the simulated
individuals in the previous generation. Finally, to avoid bottlenecks
due to the small sample sizes of some of the populations in the
reference panel, we generated a large number of individuals in the first
generation directly (twice the initial number of the training cohort and
four times the testing set). This resulted in 3276 simulated individuals
for the 1KGP-16pops panel (546/generation), and 24,408 simulated
individuals for the custom-35pops panel (4068/generation).

Benchmarking
For benchmarking, we inferred local ancestry with RFMix v2.039,
FLARE v0.1.010 and Gnomix11. We split the samples randomly into
training (80%) and testing (20%) cohorts, and measured performance
globally, per generation, and per population. We report precision and
recall as accuracymeasureswith scikit-learn88, which are computedper
population; i.e., the number of true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN) is calculated with respect
to the selected population as the positive class. In the case of TN and
FN, the prediction can be anything other than the population under
consideration. We additionally report a commonly used alternative
measure for accuracy by assessing each method with Pearson’s r2. We
calculated the coefficient of determination by comparing both the
inferred and the true local ancestry label per haplotype, as well as the
diploid ancestry dose by counting the number of ancestry labels (0, 1
or 2) per site. Values of r2 were estimated for each ancestry separately
and the weighted mean r2 across all ancestries was reported per
generation.

All programs were supplied with the same training (as reference
panel) and test (as target) genotype data, and the HapMap recombi-
nationmap. Statistical parameters were kept at default values with the
following exceptions: the Gnomixmodel was trained from scratch and
its accuracy was optimized in our scenario using Large mode,
smooth_size: 100, context_ratio: 0.10 and window_size_cM: 0.5;
whereas the number of generations for RFmix was specified with -G 6.
For the 1KGP-16pops WGS panel, we processed variants using a MAF
filter ( < 0.5%) to make RFmix computationally viable, a procedure
similarly adopted by FLARE.

We assembled a new panel using UKBB samples for additional
benchmarking, providing a distinct and independent validation data-
set to assess Orchestra’s ability to generalize beyond the original test
set. We picked samples that (1) closely aligned with their respective
ancestral groups based on both PCA+UMAP and GNN+t-sne dimen-
sionality reduction approaches but were not incorporated into the
final reference panel due to sample size limits, and/or (2) they were
close to their population cluster but overlapped with other/s and
therefore were excluded at the quality control stage. For regions like
the Republic of Ireland, Wales, Scotland, and England, which had a
larger sample base in this panel, we considered a maximum of
1000 samples per region. Altogether, we collected 10,241 samples
spanning 103 countries. Accuracy was evaluated by attributing the
appropriate ancestry label from our ancestry reference panel to each
country and then comparing it with the LAI results from each method
(Supplementary Fig. 2c).

Retracing genetic histories
We simulated Latin American individuals from Southern (SPP and ITA)
and Northern (FRG and BRI) Europeans, Western (GSE, GLS and NGE)
and Central and Southern (SAF) Africans and artificially-reconstructed
Native Americans (NAM) from our custom ancestry panel. Simulations
were performed by emulating genetic intermixing for 12 generations
using SLiM23. Details about the simulations can be found in the Sup-
plementary Methods section. For our benchmarking evaluation, we
partitioned the samples randomly into training and testing groups,
allocating 80% and 20% of the simulations, respectively, to assess
Orchestra against other LAI tools.We ensured that training and testing
samples never coincided across the three simulated regional datasets,
guaranteeing consistent comparison metrics. We evaluated the per-
formance in terms of precision and recall for each Latin American
region using scikit-learn.

For real-world data analysis, we identified UKBB participants born
in the Americas using birthplace codes (data-field f.20115), specifically
from South America ( >C.600) and North America (C.400-C.500).
Additionally, we incorporated admixed American 1KGP samples
(codes: MXL, PUR, CLM and PEL). We then extracted the composite
SNP set from both the imputed UKBB and whole-genome 1KGP sets
and ran Orchestra for LAI assessment. Samples with ancestry patterns
closely matching British ancestry (BRI + FRG+ SCA> 80%) were dis-
carded (Supplementary Fig. 23).

Finally, we applied Orchestra to all UKBB samples not selected for
our reference panel, and samples obtained from various datasets,
especially from Reich lab, that were not included in our reference
panel because they belonged to ethnic groups other than those found
in our 35 reference populations (Supplementary Figs. 5-7).

Ancestral mapping
Wecreated 35 different referencepanels for each target population, by
excluding the target population from its own reference panel.
Orchestra was then trained on each reference panel and applied to the
target population. Due to computational limitations, training on these
35 datasets was limited to chromosomes 17–22. The admixture pro-
portions obtained for each population were converted into amatrix of
distances that were projected onto two-dimensional space using the
SMACOF (Scaling by MAjorizing a COmplicated Function) algorithm
implementation of scikit-learn using the sklearn.manifold.MDS func-
tion with the option metric=True to convert a non-Euclidean sym-
metric dissimilarity matrix to coordinates in 2 dimensional space. The
SMACOF algorithm uses a random initialization followed by stress
majorization to iteratively minimize a stress function given by the
squared difference between the dissimilarity matrix entries and the
Euclidean distances between the points in 2 dimensional space. To
create the matrix of distances, the obtained series of ancestry
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proportions were first averaged over the samples for each population.
These averages were then assembled inside a two dimensional matrix
with each dimension being the number of the populations, with 0 on
the diagonal. 0.00000000000000001 was then added to all the
entries of the matrix to remove any 0 entries and allow the reciprocal
to be taken. The matrix was then added to its transpose, to make it
symmetric, which was a necessity to apply the algorithm. The reci-
procalwas taken to convert the similaritymeasures of proportions into
dissimilarity, before being input into the sklearn.manifold.MDS func-
tion to produce the coordinates.

Detecting natural selection signatures
To detect natural selection in admixed populations we focused on the
Fadm and LAD statistics described in Cuadros–Espinoza et al.34. We
explain the steps in detail in the Supplementary Methods section. We
first scanned the genomes of seven admixed populations already
analyzed in Cuadros–Espinoza et al.34, leveraging either publicly
available genotypes89–93 or an appropriate proxy from the UKBB or
Reich lab. These served as positive controls to gauge the accuracy in
replicating previously identified signals. Detailed information on the
datasets and the respective references for these populations is pro-
vided in Supplementary Fig. 15. External datasets were lifted over to
hg38 and imputed, followed by the extraction of the composite SNP
set for LAI assessment with Orchestra. In the absence of a direct proxy
for Malagasy, we considered African, Black or mixed participants from
theUKBBwith a significant proportion of Austronesian (SEA+ FIL > 1%)
and South African (SCA> 20%) ancestry and low Indian (PNI + BEI +
SSI < 20%) heritage (89% of these participants being from Southeast
African countries).

We then extended thismethodology to theWhite British from the
UK, wherewe treated the British population as admixed, and looked at
the Scandinavian component in British genomes. We analyzed 415,859
British participants from the UKBB dataset with detailed birth location
information within the UK (using north and east coordinates or data-
fields f.129 and f.130). Birth locations were categorized according to
the 2018 NUTS Level 2 boundaries (counties) from the Office for
National Statistics (https://data.gov.uk/). Shapefiles were loaded and
processed using rgdal R package. Scandinavian (SCA) average per-
centage was next computed based on individuals mapped to each
specific geographic area in Britain. Additionally, we retrieved the index
of place names in Great Britain (July 2016) to pinpoint those towns or
cities with Viking-origin names, suggesting past Viking settlements
(evidenced by suffixes such as -by, -thorpe, or -toft). Next we took
287,346 British samples that showed traces of SCA ancestry. Due to the
emergence of a signal in chromosome 10, we wanted to ensure the
validity of this observation by analyzing three additional sets of British
samples, each varying in their Scandinavian ancestry enrichment.
Specifically, we assessed British samples bearing >1%, >5%, and >20%
Scandinavian ancestry (Supplementary Fig. 16). Given that SCA is the
population with the lowest accuracy in our panel (Fig. 1c), we removed
10 windows from the telomeric regions. We further refined the signal
by adjusting the averaged SCA ancestry percentage present in every
window against the standard deviation observed in its chromosome
pack. Chr10 signal remained consistent across sets as illustrated in
Supplementary Fig. 16.

OpenTargets. We selected variants that surpassed the established P
value significance threshold and explored the Open Targets database
(https://www.opentargets.org/) for potential target genes. These
genes were then ranked based on the aggregate score obtained from
all variants.

GWAS enrichment. To investigate if the number of GWAS Catalog
(http://www.ebi.ac.uk/gwas/) [release 2023-07-20] hits in the selected
region is higher than expected by chance, we crossed GWAS Catalog

signals (P < 10-8) with 1000 Genomes Project variants and grouped
together those in high LD (r² ≥ 0.8) and associated to the same phe-
notype. Enrichment P values were calculated by comparison with a null
distribution from random genomic regions as a background model,
controlling by region size and excluding gaps, sexual chromosomes
and the major histocompatibility complex region, known to harbor a
vast number of associations. Since the size of the region to be studied is
~2.5Mb, the number of simulations cannot be too large without cov-
ering the entire genome and having overlapping simulations. Thus, we
also tested GWAS enrichment with a Fisher’s exact test, which showed
very similar results (odds ratio correlation: R² =0.97; P value correla-
tion: R² =0.69). We selected this latter statistic for the analyzes due to
its higher statistical power. GWASCatalog reported traits were grouped
by parent categories according to EFO terms from the ontologyIndex R
package. P values were adjusted by Bonferroni correction.

To determine whether this region in chr10 of Scandinavian
ancestry, as opposed to British, would result in an increase or decrease
for each GWAS phenotype, we computed the frequency difference of
the GWAS variants between these two populations using our custom
ancestry panel, providing insight into the potential direction of the
effect resulting from this shift in ancestry.

Phenotypemapping. Following the association strategy of admixture
mapping, we contrasted the proportion of SCA ancestry among cases
and controls to evaluate the influence of the chr10 locus on pheno-
types gathered by the UKBB. For that, we took main and secondary
ICD10 codes and self-reported illness codes (data-fields f.41202,
f.41204 and f.20002, respectively). Phenotypes represented by fewer
than 100 cases were excluded. Given the absence of significant phe-
notypes using the Fisher exact test and subsequent P value correction,
we filtered phenotypes based on their nominal P value (P <0.05).
Additionally, we only considered thosephenotypes with aminimumof
two Scandinavian haplotypes in the cases set to mitigate biases
stemming from the infrequent Scandinavian ancestry. Phenotypes
were then ranked according to their impact or odds ratio.

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

Data availability
The 1KG-16pops simulated dataset generated in this study has been
deposited in the zenodo database under https://doi.org/10.5281/
zenodo.15147095. This dataset includes both original 1KGP samples
and simulated samples representing six generations of random
admixture generated using SLiM and contains both genotype data and
local ancestry annotations. The custom-35pops reference and simu-
lated dataset are unavailable because parts of this dataset are under
restricted access, for reasons of patient confidentiality. However, this
panel can be recreated after obtaining access to individual datasets
listed below, andmodels trained on this dataset are freely available (see
Code availability). The UK Biobank data are available under restricted
access; access can be obtained by application to the UK Biobank
(https://www.ukbiobank.ac.uk/using-the-resource/). The POPRES data
are available in the dbGaP database under accession code
phs000145.v4.p2 (https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/
study.cgi?study_id=phs000145.v4.p2) under restricted access; access
can be obtained by following the dbGaP application process. The
Ashkenazi Jewish and Gambian Genome Variation Project data are
available in the European Genome–phenome Archive (https://ega-
archive.org) under accession codes EGAS00001000664 and
EGAS00001001311, respectively, under restricted access; access can be
obtained by request to the EGA Data Access Committee. The 1000
Genomes Project data (https://www.internationalgenome.org/data-
portal/data-collection/30x-grch38), Human Genome Diversity Project
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data (https://www.internationalgenome.org/data-portal/data-
collection/hgdp), Simons Genome Diversity Project data (https://
www.internationalgenome.org/data-portal/data-collection/sgdp), and
Korean Personal Genome Project data (http://opengenome.net/index.
php/Korean) are publicly available. The modern-day data from
Dr David Reich’s laboratory are publicly available via the Allen Ancient
DNA Resource (https://reich.hms.harvard.edu/allen-ancient-dna-
resource-aadr-downloadable-genotypes-present-day-and-ancient-dna-
data)94. TheMiddle EasternWGS data from Almarri et al.57 can be found
at ftp://ngs.sanger.ac.uk/production/appg/. The Berber and Arab
datasets from Arauna et al.71 and Anagnostou et al.69 are available at
https://figshare.com/articles/North_African_Berber_dataset/3501761
and https://zenodo.org/records/3546051, respectively. The Basque
data from Flores-Bello et al.78 are available at https://figshare.com/s/
61a54472b63fd0101859. The data from Botigué et al.77 and Henn et al.70

can be accessed through the Human Genome Diversity Panel at
the Institut de Biologia Evolutiva https://www.biologiaevolutiva.
org/dcomas/software-data/ and https://figshare.com/s/
61a54472b63fd0101859. The Sudanese data from Hollfelder et al.72

and Dobon et al.73 are available via Dryad (https://datadryad.org/
dataset/doi:10.5061/dryad.bs06h) and at https://www.upf.edu/web/
evolutionary-systems-biology. Data from Yunusbayev et al.75,76, Pathak
et al.79, Mörseburg et al.83, Tätte et al.82, Tambets et al.51, and Behar
et al.50,74 can be accessed through the Estonian Biocentre (https://
evolbio.ut.ee/). The East Indonesian data fromHudjashov et al.90 can be
accessed at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE80534. The Fulani data from Vicente et al.92 can be accessed at
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-8434.
Other publicly available resources used in this study include the Hap-
Map recombinationmap (https://github.com/odelaneau/shapeit4/tree/
master/maps), the GWAS Catalog (https://www.ebi.ac.uk/gwas), the
Open Targets database (https://www.opentargets.org/), and the 2018
NUTS Level 2 boundaries (https://data.gov.uk/).

Code availability
Orchestra is available from GitHub: https://github.com/omicsedge/
orchestra-paper; https://doi.org/10.5281/zenodo.14946430. Pre-
trained models are available at https://doi.org/10.5281/zenodo.
14946712. A toy example is available on CodeOcean. https://doi.org/
10.24433/CO.2416186.v1. A more complex toy example that explores
selection signals for adaptive admixture in admixed Mexicans is
available at https://doi.org/10.5281/zenodo.14949924.
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