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Greenlandic Inuit and other indigenous populations are underrepresented in genetic
research'?, leading to inequity in healthcare opportunities. To address this, we
performed analyses of sequenced or imputed genomes of 5,996 Greenlanders with
extensive phenotypes. We quantified their historical population bottleneck and how
it has shaped their genetic architecture to have fewer, but more common, variable
sites. Consequently, we find twice as many high-impact genome-wide associations

to metabolic traitsin Greenland compared with Europe. We infer that the high-impact
variants arose after the population split from Native Americans and thus are Arctic-
specific, and show that some of them are common due to not only genetic drift but
also selection. We also find that European-derived polygenic scores for metabolic
traits are only half as accurate in Greenlanders as in Europeans, and that adding
Arctic-specific variants improves the overall accuracy to the same level as in Europeans.
Similarly, lack of representation in public genetic databases makes genetic clinical
screening harder in Greenlandic Inuit, but inclusion of Greenlandic data remedies
this by reducing the number of non-causal candidate variants by sixfold. Finally, we
identify pronounced genetic fine structure that explains differences in prevalence of
monogenic diseases in Greenland and, together with recent changes in mobility, leads
toapredicted future reductioninrisk for certain recessive diseases. These results
illustrate how including data from Greenlanders can greatly reduce inequity in
genomic-based healthcare.

Geneticsisincreasingly important for diagnosis, risk assessment and
treatment of disease. However, genetics research has been carried out
predominantly in people of European genetic ancestry. Thisintroduces
inequity in healthcare opportunities, as population-specific disease
variants remain undiscovered, clinical genetic screens for rare diseases
lack reference panels with population-specific allele frequencies and
the accuracy of polygenic risk assessment is reduced significantly®>.
Fortunately, genetic research in currently underrepresented popula-
tions, such as the Indigenous African, Mexican and Australian popula-
tions, is now being prioritized® ™. In the Greenlandic population, single
nucleotide polymorphism (SNP)-array studies have identified several
Arctic-specific high-impact variants, including variants associated

with diabetes in TBC1D4 (refs.12,13) and HNFIA™ and obesity in ADCY3
(ref. 15). Linkage studies have identified recessive lethal variants in
ATPS8BI1 and PCCB'". The TBCID4 variant, and also an S/variant causing
congenital sucrase-isomaltase deficiency (CSID)'*™*'8, are already being
used todiagnose and treat disease in Greenland and other Arctic popu-
lations. However, anin-depth characterization of whole genomes from
Inuit, including Greenlanders, is lacking. For this reason, the genetic
architecture of disease in Greenland, and related Arctic populations,
has not been described and these populations are not represented in
genetic reference databases.

The Greenlandic population has been historically small and isolated.
The Inuit ancestors entered northwestern Greenland from Arctic
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Fig.1|Geneticarchitecture comparisons.a, Samplelocationsin Greenland,
inferred admixture proportions and historic effective population size estimated
from an ARG of the Greenlandic (masked, n=150) Inuit using Relate. b, Number
of variants (both SNPs andinsertion/deletions) as afunction of allele frequency
(AF), for example, at AF =10%, we show the number of variants with AF > 10%.
Thevariant counts are grouped by whether the variantis new, found onlyin
dbSNP, ingnomAD with AF < 0.1% oringnomAD (v.3.0) with AF 2 0.1%. Note the
logarithmic axis.c, Number of SNPs not found inany African, European or Asian
populationsingnomAD for both4481KG people from the Americas and 448
Greenlanders. Note the differenty axis scale on the two barplots. d, Number of
segregating SNPs as afunction of how many genomes from agiven population
were sequenced. e, Proportion of polymorphic SNPs as a function of minimum

Canadaless than 1,000 years ago, and migrated south following the
west coast, and then north following the east coast™. In the past few
generations, alarge amount of admixture with Europeans hasoccurred,
so the present-day Greenlandic population has on average 75% Inuit
genetic ancestry and 25% European?, but with large regional differ-
ences’. The ancestral Inuit population went through a more severe
population bottleneck® than any European population, including
Icelanders and Finns?*?*, and are genetically distant from other popu-
lations?*. Additionally, the traditional Greenlandic diet, richin fatand
protein, has led to natural selection in a genomic region on chromo-
some 11 encompassing CPTIA and FADS2 (refs. 25,26). Therefore, our
understanding of the genetic architecture of disease, which is based
mainly on Europeans, might not apply to Greenland. Thus, characteri-
zation of the Greenlandic genome can expand our understanding of
genetic diseases and has a large potential for improving genetically
driven healthcare in Greenland and in other Arctic populations.
Based ondeep whole-genome sequencing (WGS) of 448 Greenland-
ersand whole-genome imputation of an additional 5,558 Greenlanders,
both with extensive phenotypes, we quantify the historical popula-
tion bottleneck and how it has shaped the genetic architecture of the
Greenlandic population. We show the consequences of the genetic
architecture, and highlight how much Greenlandic WGS dataimprove
disease mapping, diagnosis and prediction, and show that the most
impactful variants are Arctic-specific. These results can be leveraged
toimprove healthcare both across different regionsin Greenland and

MAF, for example, at MAF = 5%, we show the proportion of polymorphic SNPs
with MAF > 5%. f, Average participants cumulative sum of derived alleles
including fixed derived. All lines are extended slightly beyond 100% DAF to show
thattheyallend up atasimilar level. g, Proportion (95% CI) of constrained genes
where the most common predicted deleterious SNP contributes less than 50% of
thegeneburden (gene burdeninformative, Greenland (unadmixed) =1.4% (1.2-
1.7%); British (+CEU) =11.7% (11.1-12.4%) and Han Chinese =12.7% (12.0-13.3%))
and where the gene burden is dominated by a single common variant (one variant
dominates, Greenland (unadmixed) =20.0% (19.2-20.8%), British (+CEU) =13.8%
(13.1-14.5%) and Han Chinese = 12.5% (11.9-13.2%)) asillustrated by schematics
above the correspondingbarplots.

inArctic populationsingeneral. For anon-peer reviewed Greenlandic
summary of the article, see Supplementary Text.

Genetic architecture in Greenland

To characterize the genetic architecture of the Greenlandic Inuit, we
generated WGS data for 448 participants (average sequencing depth
of 35x). Using these data, we imputed the genomes of an additional
5,548 participants who were genotyped using genome-wide SNP arrays
(MEGA-chip, lllumina), in total comprising 14% of the adult population
in Greenland in2023%. The participants were sampled fromrepresenta-
tive towns and settlements across the entire country (Fig. 1a; Methods).
Consistent with previous studies, most participants were admixed with
both Inuit and European genetic ancestry (Fig. 1a). For this reason, all
analyses presented below are performed on (1) ‘Greenlandic’, whichis all
participants; (2) ‘Greenlandic (unadmixed)’, whichis the subset of par-
ticipants with only Inuit genetic ancestry; or (3) ‘Greenlandic (masked)’,
whichisall participants excluding any genotype with European ancestry.

We first quantified the population bottleneck using an estimated
ancestral recombination graph (ARG) from masked Greenlandic Inuit
WGS data. This indicated an effective population size (N,) of less than
300 at the time of migration from Siberia to Greenland approximately
1,000 years ago (Fig. 1a). In the WGS data, we identified 496,963 new
variants and an additional 232,525 variants present in dbSNP, but not
ingnomAD (Fig. 1b). Importantly, 15,766 of these new variants were
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very common (AF > 5%) in Greenland. A further 31,046 common vari-
ants were present in dbSNP, but not in gnomAD, and 96,032 common
variants were found to be rare (AF < 0.1%) in gnomAD. This is both an
unusually high number of new common variants and an unusually low
number of new rare variants. For comparison, in the same number of
people from the 1000 Genomes Project (1KG) with Native American
genetic ancestry, we found almost three times more SNPs that were
notfoundinany African, European or Asian gnomAD populations than
in the Greenlandic whole genomes (Americas, 2,893,077; Greenland,
1,069,501; Fig. 1c). However, only 0.4% of those SNPs were common
in the Americas, whereas 21.7% were common in Greenland (AF > 1%;
Americas, 12,814; Greenland, 231,594; Fig. 1c). The lower number of
variants in Greenland is also seen in Fig. 1d, where each additional
sequenced Greenlandic Inuit (Greenlandic masked) participant adds
markedly fewer new SNPs thananadded participantinany of the other
populations (Extended Data Fig. 1).

The allele frequency distribution, visualized by the proportion
of SNPs in 190 people above a given minor allele frequency (MAF),
showed avery distinct distribution in the Greenlandic Inuit population
compared with the Nigerian (YRI + ESN), British (GBR + CEU) and Han
Chinese (CHB + CHS) populations from 1KG (Fig. 1e). Approximately
74% of all SNPs in the Greenlandic (masked) Inuit were common, with
aMAF > 5%, compared with 37-43% in the other populations. A similar
differenceis seen compared with all other 1KG populations, including
the Finnish (Extended Data Fig. 2). The pattern was the same across
functional categories (Extended Data Fig. 3), but with a reduced
proportion of common alleles for missense and predicted high-
confidenceloss-of-function (LoF) (pLoF (HC)) SNPsin all populations.
Thisindicates that, while genetic drift has been the dominating factor
inshaping the genetic architecture in Greenland, negative selection
hasalso had animpact ondeleterious alleles. Notably, despite differ-
entdistribution of allele frequencies, the total sum of derived alleles
is similar across all populations (Fig. 1f), indicating that it is only the
distribution of alleles, including deleterious ones, that is different
and not the amount.

Inline with the relatively high proportion of common SNPs in Green-
landic (masked) Inuit, we found that, for unadmixed Greenlanders,
alarge proportion of constrained genes with a putative high gene
burden is dominated by a single common SNP. For example, if we
estimate gene burden as the number of people that carry at least one
predicted deleterious allele (predicted missense or pLoF SNPs) then,
in20.0% of the constrained genes, the most common predicted del-
eterious SNP contributed more than 90% to the gene burden (Fig. 1g
and Extended DataFig. 4). For comparison, this was the case for only
13.8% and 12.5% of the constrained genes in British (+CEU) and Han
Chinese 1KG samples, respectively. Hence, for most genes, rare vari-
ants contribute less to diseasesin Greenland compared within Europe
and East Asiaand, as a consequence, gene burden tests will have limited
power in Greenland.

Disease mapping and prediction

Clinical screening of monogenic diseases

Apotential large source of inequity in genetic healthcareis the ability to
diagnose monogenic diseases based on genetic screening. To quantify
thisinequity, we analysed WGS data from Greenland and the Nigerian,
British and Han Chinese samples from1KG and compared the number
of non-causal pLoF variants each person carries after filtering away vari-
ants with MAF > 0.1% in any gnomAD population. In a clinical setting,
all of the non-filtered variants are potentially causal, and the more a
person has, the harder it is to diagnose the disease and the higher the
risk of misdiagnosis*. Wefind, onaverage, 12 (12.3 + 0.16 s.e.m.; n = 448)
presumably non-causal pLoF variants in the Greenlandic population
comparedwith4 (4.36 + 0.1s.e.m.;n=207),3(2.94 + 0.15s.e.m.; n=190)
and 3 (3.37 + 0.15s.e.m., n=208) in the African, European and East
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Asian populations, respectively (Fig.2a). However, when adding WGS
data from the 448 Greenlandic samples, as a Greenlandic reference
panelforfiltering variants commonin Greenland, but rareingnomAD,
the number of remaining variants is reduced to 2 (1.52 + 0.09 s.e.m.;
n=448). When restricting the analysis to unadmixed Greenlandic
participants, the number of non-causal variants is reduced from 13
(13.3+0.60s.e.m.; n=31)to1(1.26 + 0.21s.e.m.; n=31), when adding
the Greenlandic reference panel. The pattern isindependent of the
maximum MAF threshold used for filtering (Fig. 2b and Extended Data
Fig.5a). Note that these analyses were carried out with the same MAF
threshold across all populations but, for a specific disease, the thresh-
olds could be adjusted according to the different disease prevalence
of each population (Extended DataFig. 5b).

Linkage disequilibrium and imputation

Population bottlenecks affect linkage disequilibrium (LD) and, consist-
entwith previous findings', we observed higher and more extended LD
in Greenland compared with all IKG populations (Supplementary Fig.1).
In the unadmixed Greenlanders, we found, on average, 88 tag-SNPs
(R*>>0.8) within 5 Mb of the focal SNP compared with 50,47 and 22 for
British, Han Chinese and Nigerian populations, respectively (Fig. 2c).
This indicates that, although far fewer variants are needed to capture
association signals across the genome, identifying the causal variant
can be more difficultin the unadmixed Greenlanders. The overall pat-
tern is consistent on most chromosomes across all 1IKG populations
and the unadmixed Greenlandic population, but we saw the largest
number of tag-SNPs on chromosome 11, which contains the CPT1IA and
FADS genes (Supplementary Fig. 2).

Imputation from SNP-chip datais used widely toinfer whole-genome
variation before running a genome-wide association study (GWAS).
This relies on matching haplotypes, which are affected by LD, and we
therefore quantified the benefit of including Greenlandic data in the
reference panel. Weimputed the genomes of 5,548 SNP-chipped Green-
landic participants with the Greenland WGS participants added to the
reference panel. This resulted in an additional 1.7 million accurately
called (INFO score > 0.8) variants, of which 0.7 million were common
(MAF > 5%). This indicates that high quality imputationis possible only
withrepresentation of Greenlandersin the reference panel (Fig.2d and
Supplementary Fig. 3).

GWAS and polygenic score performance

To further explore the consequences for disease mapping, we per-
formed GWAS on 13 metabolic traits in 5,996 Greenlanders based on
theirimputed whole genomes (QQ plots in Supplementary Fig.4),and
compared the results with GWAS of the same 13 metabolic traits from
large European cohorts. Among the 23 associations that explained
more than 1% of the phenotypic variance, 7 were found in Europe and
16 were found in Greenland, of which 8 were Arctic-specific (Fig.2e and
Supplementary Table 1). For Greenlanders, the highest proportion of
variance was explained by the previously reported Arctic-specific LDLR
variant associated with low-density lipoprotein (LDL)-cholesterol,
explaining10.5% (95% confidence interval (Cl), 8.9-12.3%)**%. For Euro-
peans, the highest amount of variance was explained by the APOE(£2)
variant also associated with LDL-cholesterol, explaining 3.3% (95%
Cl,3.2-3.4%). The non Arctic-specific variants, and thus the variants
presentinboth Greenland and Europe, contributed a similar amount
in both populations, with the differences being driven by moderate
differencesin allele frequencies for HK1, APOAS, APOE and ABO (Sup-
plementary Table 2).

We also assessed how well polygenic scores (PGS) constructed on
Europeandata performed in Greenlanders. We compared incremental
R’ (incr. R?) coefficients on the same 13 metabolic phenotypes between
non-British Europeans from the UK Biobank (Europe), admixed Green-
landers (Greenland), unadmixed Greenlanders (Inuit) and the Dan-
ish Inter99 cohort (Denmark). We included the latter because it is



a Clinical screening b Effect of MAF-threshold choice c Mean tag-SNPs per population d Imputed variants with INFO > 0.8
B Greenland @ Greenland @ British (+CEU) ’ 'l
(unadmixed) S . E Greenlandlc e
O Nigeria @ Han Chinese 20 ©  gg (unadmixed) X 0
S B
14 £ A '§L
o = o
w £ 12 42 107 T2 6o A
S 2 40 T b a8 §2)
Q= I Z 02 £
T = 25 5 0 © 8
S5 8 T © - « £ 40 =
2% 4 ?2 Population 5 E ) S 54
S S s British (+CEU) Sk Han Chinese 5
‘Z% g4 g 24 -8~ Han Chinese E 204 3 Rgference panel .
g 2 igeri b4 71— Greenland + 1K
2 'D [ +Greenlandic gzzr,f:nd § 1— AllKG
gnomAD gnomAD 14 ‘refere‘nce T T T T 01 0 ! T T T
land : e ey e :
+Greenian 01 02 05 10 20 50 1kb 10kb 100kb 1Mb 5Mb 0.1 1 10 50
Reference panel used for filtering Maximum MAF in any gnomAD population (%) Within distance MAF (%)
e 12 GWAS hits with >1% variance explained f PGS performance 9 Additive Recessive
S 1 B Arctic-specific o UK Biobank = Greenland = 40 Greenland
=1 0 t @ Greenland (baseline) (unadmixed) % 04 . UK Biobank
_% 8 @ Europe @ Denmark @ Greenland & 20
o 1 1 Recessive - g
x 6 e z
o = 1.2 4 ® 30 7
8 4 e Q 0 2
o (2] Ee)
5, D E_I a 4 1.0 2 110 20
s & S 20
> = 084 -
: FEtbreaghnsnses  ©
TEIITLLLTILTLIIQONTNGOE g 00 3 ]
QAN NUNSSIONLSLSE <A LI <AS o | =
q\AOOOOQ_Q_ OOOQ_Z% O508 ~OR 5 0.4 8
PR << & ¢ <TO 2Kg© & £ ]
x < = © 02 =
A5 8S5AA DI CTAADPEIILTELTTL 2 [ 0+
36%‘?‘5%%;%56%%;%_%%3%53665 s B T T T T T T T
k:fo] T 8T & ° T @ PGS derived +Arctic- 1 100 200 300 347 1 10 20
o o o from Europeans specific

Fig.2|Consequences of genetic architecture for disease mapping.a, Mean
number of non-causal pLoF variants (+ s.e.m.) remaining after removing variants
presentat MAF > 0.1%in any populationin the reference panel (gnomAD v.3.0.0).
b,Sameasa, butusing different MAF thresholdsin thereference panel. ¢, Mean
number of tag-SNPs (R?> 0.8) as a function of distance from focal SNP.d, Number
ofimputed variants withan INFO score greater than 0.8 and MAF above threshold
givenonthex axis. Imputation was performed with either the merged reference
panel of Greenlandic WGS plus 1KG (n=448 + 3,202) or only the IKG reference
panel (n=3,202).e,f, Comparison of largest GWAS in Greenland and Europe on 13
metabolictraits. e, Genome-wide associations explaining more than1% variance
inthelargest GWAS across 13 metabolic traitsinboth Europe and Greenland
(95%Cl). Gene names are given below bars, with phenotype associated with the

comparable with the Greenlandic cohort with a similar protocol for
phenotypes and similar mean participant age, which is younger than
the UK Biobank (mean age Greenland, 45 years; Inter99, 46 years; UK
Biobank, 64 years).Incr. R%is the increase in R* whenincluding PGS in the
model (Extended DataFig. 6). To compare across traits, we normalized
incr. R? to the incr. R? of the UK Biobank (see Extended Data Fig. 6 for
unnormalized values). On average, we saw acomparable performance
between Europe and Denmark (mean relative incr. R?=1.03 + 0.11),
but 54% less variance explained in admixed Greenlanders (mean rela-
tive incr. R?=0.46 + 0.06), and further reduced performance in the
unadmixed Greenlanders (mean relative incr. R*= 0.40 + 0.06; Fig. 2f).
Simply adding the Arctic-specific variants explaining more than 1% vari-
ance fromthe GWAS, along with the previously identified Arctic variant
in SP° (Supplementary Table 3) with the PGS, markedly improved the
overall performance of the PGS in both the admixed (mean relative
incr. R*=0.80 + 0.22) and unadmixed Greenlanders (mean relative
incr. R>=0.99 + 0.34). For the traits affected most by the few added
Arctic-specific variants, for example, LDL-cholesterol, total cholesterol,
2-hour glucose and type 2 diabetes, the PGS in unadmixed Greenlanders
outperforms that of the UK Biobank baseline after adding these vari-
ants (Extended Data Fig. 6 and Supplementary Table 4). In the most
extreme case, itimproves the prediction more than fourfold compared
with UK Biobank (type 2 diabetes, UK Biobank incr. R*= 0.014 (95% ClI,
0.013-0.015) and unadmixed Greenlanders incr. R*= 0.066 (95% ClI,
0.055-0.078)).

Lead GWAS hit across 175 plasma proteins

variantlisted below gene name. For diabetes, we used liability-scale variance
explained. Asterisk, the causal gene in this region is uncertain. Chol, total
cholesterol; Gluc2h, glucose (2 h); GlucR, glucose (random); HbAlc, haemoglobin
1Ac; HDL, high-density lipoprotein; Trig, triglycerides. f, Meanincr. R? (+s.e.m.)
of European-derived PGS predicting the corresponding 13 metabolic traits
normalized to UK Biobank for all Greenland participants, only unadmixed
Greenlandic participants or Danish participants. The two barsto therightarethe
meanincr. R*after adding the Arctic-specific variants. g, Variance explained for
lead SNP in genome-wide significant associations on175 plasma proteins (Olink)
inGreenland and UK Biobank ordered by variance explained and grouped by
themodelyielding the lowest Pvalue; n=3,707. The inset shows azoom-in of
the first20 GWAS hits.

Matched GWAS on 175 plasma proteins

To replicate the association patterns observed in the GWAS of the 13
metabolic traits, we performed a sample-size-matched GWAS in UK
Biobank and compared it with GWAS results from Greenland® (n = 3,707
in both populations) on amounts of 175 plasma proteins. There were
368 independent genome-wide significant (P <5 x 1078) signals in the
Greenlandic cohort, whereas we identified 271 signalsin the UK Biobank
(Supplementary Tables 5 and 6). Signals were classified as mainly
either additive or recessive, depending on which model showed the
lowest P value. We observed 343 mainly additive and 25 mainly reces-
sive signals in Greenland, compared with 257 mainly additive and 14
mainly recessive signals in the UK Biobank. As expected, we observed
the highest impact variants in Greenland. For the additive model, the
three variants explaining most variance in Greenlanders explained
47.3%,46.3% and 44.8% compared with UK Biobank, where the top three
variants explained 34.5%,30.6% and 29.5% (Fig. 2g). It should be noted
thatif the sample sizes were larger, we would expect to find more low
impact variants to affect disease burden in Europe thanin Greenland.

Fine structure and disease prevalence

Limited historical migration

Even though the Inuit have been living in Greenland for less than
1,000 years, there are large regional differences in disease prevalence®.
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eachregionareshowninbarplots. Map of Greenland with regions coloured
(exaggerated inland for visibility) and sample locationsindicated with black dots.
b, People withbirthand samplelocationinthe sameregion (n=1,921) visualized
onthefirst two principal components coloured either by birth town region
orinferred ancestry proportions. The enlarged areas highlight the ancestry
assignment for people between clusters. ¢, Number of parent-offspring and
fullsibling relationsinferred from genetic dataper100,000 possible relationships
between each pair of regions. Grey lines represent sibling relationships, with
line widthindicating the inferred number of sibling relationships per 100,000
possible relationship pairs. Coloured lines represent parent-offspring
relationships, where the colour indicates from whichregion the parent

To explore whether this could be explained by genetic fine structure
within Greenland, we used the unsupervised neural network frame-
work, HaploNet®, tofirstinfer and mask the European genetic ancestry
componentonalocal haplotypelevel, and then estimate the fine struc-
ture in the ancestral Inuit haplotypes. We saw a pronounced genetic
fine structure corresponding well with geographical location (Fig. 3a
and Extended Data Fig. 7). Assuming eight ancestral components, we
observed almost exclusively one ancestryin each of Qaanaaq, Uperna-
vik, Southern and Tasiilaq. By contrast, the capital, Nuuk, hasadiverse
mix of genetic ancestries. To evaluate how well the inferred ancestry
components correspond to geographical location, we visualized par-
ticipants withmore than 50% Inuit genetic ancestry who had matching
birthtown and sample location (Fig.3b and Extended DataFig.8).Ona
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wassampled andthelinewidthindicates theinferred number of sibling
relationships per100,000 possible relationship pairs. d, Regional differences
in AFs for five highly penetrant Arctic-specific recessive variants (coefficient
of variation (AF?), SI=74%,ADCY3=251%, PCCB =164%, TBCID4 = 42% and
ATP8BI =149%). e, Expected frequency of homozygous participants for each
variant with and without the current fine structure. f, Estimated variant age
along with 95% Clof the eight Arctic-specific variants and the variantin FADS2.
Coloured percentages are Indigenous allele frequencies of the different regions.
Vertical dashed lines are split times between the populations®. Map shows a
schematicillustration of the migration routes for the ancestral population
thatgaverise to the Greenlandic Inuit. P values for directional selection are
unadjusted and bold Pvaluesindicate significance after FDR(BH), see also
Supplementary Table 9.

principal component analysis plot, the unsupervised inferred ancestry
matched almost perfectly with the reported birth town for people
with one predominant ancestry. By contrast, people with ancestry
fromseveral regions were positioned in-between the clusters, and the
reported birth town was, as expected, from one of the regions of their
inferred ancestry (Fig. 3b). The fact that the inferred ancestry clus-
ters fits so well with birth locations indicates that migration between
the inferred regions in Greenland has historically been very limited
before the last two to three generations. This is consistent with his-
torical records®** showing that the population, up until the 1960s,
stayed in small permanent settlement groups, where generations of
deep local knowledge allowed for efficient hunting and secured their
livelihood.



Recent changes in mobility

Inthe first quarter of the twentieth century, an urbanization process,
including population concentration in towns, started. After Green-
land was formally integrated into the Kingdom of Denmark in1953, the
process was boosted, resulting in closure of small settlements, further
population concentration in towns and increased mobility between
regions®?¢, Consistently, we find alarge amount of mobility in the last
few generations; 26% of participants reported that they werebornina
different region than they were living in while taking partin the popu-
lation health surveys (on average 43 years old). We further used the
fact that many participants have close relatives in the cohort with 7.2
parent-offspring and 13.4 full sibling relationships per 100,000 pairs
of participants, which are high rates compared to UK Biobank (0.0035
parent-offspring and 0.0178 full sibling per 100,000 pairs of partici-
pants®). The connectivity between regions, measured as the number
of close relative pairs per 100,000 pairs of participants, differed quite
abit,and geographically adjacent regions were better connected than
regions further apart (Fig. 3¢), with the exception of Nuuk, which was
well connected across longer distances. Taken together, the strong
genetic clusteringindicates that theregions have been veryisolated his-
torically but, withinthe last few generations, we observe alarge amount
of mobility and the regions have become very connected, especially
Nuuk, indicating that the population is becoming more panmictic.

Predicted consequences for disease

The fine structure affects disease prevalence in Greenland but the
recent increase in mobility will affect prevalence in the future. We
illustrate this on the highly penetrant (odds ratio > 8) Arctic-specific
recessive variants in the genes ADCY3 (obesity), TBC1D4 (diabetes), S/
(CSID), ATP8BI (Cholestasis Familiaris Groenlandica (CFG)) and PCCB™*
(propionic acidaemia). Some of the variants showed much bigger
regional differences than others (Fig. 3d), with similar results when
masking European ancestry (Supplementary Fig. 5). The fine structure
explained previous observations, where CFG prevalence is higher in
East Greenland™®. The variants in ATPSBI and PCCB are often lethal in
homozygous form and, currently, all pregnant women in Greenland
are offered genetic screening for these variants®. We estimated the
expected frequency of homozygous carriers both with the current
observed fine structure and assuming panmixia (Fig. 3e). The pan-
mixia scenario represents a predicted near-future scenario without
fine structure. As expected, the variants in ADCY3, ATP8BI and PCCB,
with pronounced differences in regional allele frequencies indicated
by coefficient of variation (Fig.3d), were predicted to undergo alarge
reductionin homozygous carriers, and thus disease prevalence, even
inthe absence of negative selection and external gene flow. By contrast,
we do notexpectasimilar future reductionin CSID or diabetes caused
by the TBC1D4 variant.

Arctic-specific variants and selection

The regional allele frequency differences indicate that some of the
variants have arisen recently. To show this, and to test whether the
high-impact variants denoted to be Arctic-specific in Fig. 2e are
truly Arctic-specific, we estimated whether the ages of the variants
are younger than the split from Native Americans (approximately
18,000 years ago®) using ARGs estimated from the Greenlandic WGS
data. We did notinclude the PCSK9variant because previous studies indi-
cate that we do not know the causal variant**. However, we did include
thevariantin FADS2asithasbeenindicated previously to be under selec-
tionin the Arcticand because it serves asa control asitis a variant that
we know is not Arctic-specific despite being almost fixed in Greenland.

The estimated variant ages indicate that all variants are Arctic-
specific, except for FADS2 (Fig. 3f and Supplementary Table 7). The
ADCY3, ATP8BI and PCCB variants were the youngest and were all

estimated to be less than 1,000 years old, which indicates that they
arose during migrations within Greenland. This also explains the large
regional allele frequency differences. The other variants were older
(older than1,000 years) and should thus be shared with Inuit popula-
tions in North America and for the oldest (older than 6,000 years)
also with Siberians®. This is corroborated by the presence or absence
of the variants in a range of contemporary populations (Fig. 3f) with
availableallele frequency information. We can use the estimated variant
ages to identify geographical regions in which it would be relevant to
look at specific variants to inform healthcare decisions. For example,
the results indicate the presence of the TBCID4 variant in Siberia and
Alaskan Yup’ik, which means that there is opportunity forimprovement
of diagnosis and treatment of diabetes'>*!in these regions. Also, the
Slvariant, which is suggested to be present in Alaskan Yup’ik, could
be important for treatment of severe gastrointestinal problems in
infants®>*in this population. That the variants are truly Arctic-specific
is corroborated by their absence in the 1KG worldwide populations,
with the exception of one Japanese person carrying one copy of the
TBC1D4 variant (Supplementary Table 8). However, a comparison of
the haplotypes of the Greenlandic carriers and the Japanese carrier
showed completely different haplotypes, indicating thatitisarecurrent
mutation (Extended DataFig. 9). Some of the suggested Arctic-specific
variants were found in the newest unpublished version of gnomAD
study (v.4.1.0) at ultra-low frequencies (less than 0.06%), mainly in the
unassigned ancestry category ‘Remaining’ (Supplementary Table 8).
Unlike 1IKG, the gnomAD ancestry assignments are based on PC cutoffs
and are not well studied. Thus, we interpret the presence of these vari-
antsas unaccounted Arcticancestry amongthe 800,000 participants.

Given that almost all the variants are Arctic-specific, and thus quite
young, it is surprising that they are found at such high frequencies.
Strongevidence for positive selection for CPTIA* and FADS2 (ref. 25) has
beenshown previously and suggestive evidence has been presented for
TBCID4(ref.13). The previous studies in Inuit relied mainly on allele fre-
quency differences from other populations®?¢, However, with the WGS
data, we could test for selection by estimating the frequency trajectory
using CLUES**. We excluded variants with a derived allele frequency
(DAF) <10%, resulting in five remaining variants to test. For these
5variants, we matched with 999 other variants with DAF within £10%
of the variant to obtain empirical P values (Supplementary Table 9).
The results confirmed strong evidence for additive selection (s,44) ON
the CPTIA variant (Peyperica = 0.001, false discovery rate (Benjamini-
Hochberg) (FDR(BH)) = 0.005, 5,44 = 0.016). Moreover, we found mod-
erate evidence for selection on the FADS2 variant (P.nperica = 0.015,
FDR(BH) = 0.038, 5,44 = 0.006) and weak evidence for recessive selec-
tion (s,.) on the TBCID4 variant (P.pperica = 0.041, FDR(BH) = 0.068,
Srec =0.077). We found no evidence for selection on the LDLR variant
(Pempericat = 0.082, FDR(BH) = 0.103), or for recessive selection on the
SIvariant (Peqmpericas = 0.326, FDR(BH) = 0.326). Posterior mean of allele
frequencies for the 5 variants and 20 of the random DAF-matched vari-
ants canbe found in Extended Data Fig. 10. These resultsindependently
confirm that selection has had an impact on the genetic architecture
in Greenland and in the Arctic.

Discussion

This work demonstrates that including indigenous populations in
geneticresearch can help alleviate theinequalities in genomic health-
care. We showed that, despite having a comparable sum of derived
alleles, the frequency distribution of variants in Greenland is differ-
ent to other populations as a consequence of having gone through
an extensive population bottleneck. This means that, although we
do not expect the overall genetic disease burden to be different com-
pared with other populations?, there are differences for specific
diseases, and for complex diseases we expect a larger contribution
from high-impact variants. We show that many common variants in
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Greenland are Arctic-specific, and thus can be studied only with inclu-
sion of Arctic populationsin research. Moreover, we show that owing to
lack of representationinreference panels, clinical screenings and risk
prediction for Inuit are currently difficult, but can be improved easily
byincluding WGS data from amoderate number of Greenlanders. For
disease mapping, we show alimited potential for gene-based associa-
tiontestsin Greenland, but anincreased potential for moderately sized
GWAS owingto theincreased number of proxy-SNPs and the presence
of higher impact variants for both metabolic traits and protein abun-
dance. These variants, like the previously reported TBC1D4, LDLR and S/
variants, not only have large effects, but are also common. This means
that these variants are easier to study further than rare or low effect
variants and provide great potential for genetic-based early prevention
and treatmentat population level. Our analyses of genetic architecture
were limited to SNPs and smallinsertion/deletions identified through
short-read sequencing, but we expect the genetic architecture to affect
other inherited variants similarly.

We detected pronounced genetic fine structure in Greenland and
were able to perform unsupervised clustering that matched almost
perfectly with the region of birth, and thus indicate historically very
limited migration between the regions. This structure explains some
ofthe differencesin disease prevalence in Greenland. The population
becoming more panmictic will lead to adecrease in prevalence for cer-
tainrecessive diseases in the next couple of generations. By estimating
the variant ages we found that many are Arctic-specific, including all
of the high-impact variants, which was consistent with the observed
presence and absence in contemporary populations. Finally, consistent
with previous studies, we found strong evidence for positive selection
on CPT1A and FADS2, and weak evidence for TBCID4.

All these results indicate that the genetic architecture of diseases
in the Greenlandic population is shaped by its demographic history,
finestructure and natural selection. The results highlight the potential
benefits for the Greenlandic and other Arctic populations of being repre-
sentedingeneticresearch and we hope that these results can contribute
toamoreglobally inclusive and equitable research ingenomic medicine.
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Methods

Inclusion and ethics statement

The study was approved by the Scientific Ethics Committee in Green-
land (project 505-42, 505-95, project 2011-13 (ref. no. 2011-056978),
project 2014-08 (ref. no. 2014-098017), project 2017-5582, project
2015-22 (ref. no.2015-16426) and project 2021-09) and was conducted
in accordance with the Declaration of Helsinki, second revision. All
participants gave written informed consent.

User studies were conducted as public meetings, and inshared circles
inrelation to the population studies in Greenland and in relation to
genotype-based intervention studies in CSID and among carriers of
the TBC1D4 variant**¢. Inbrief, the conclusions from these user studies
indicate that research on chronic diseasesis considered important and
necessary. Thisincludes understanding how heredity and lifestyle inter-
act. There is a demand for research on the significance of traditional
lifestyle for health, including the importance of traditional practices
intreatment. Additionally, itis crucial to explore areas where no treat-
ment currently exists. Research serves as aprerequisite for discovering
new methods of prevention and treatment, and explanations can help
reduce anxiety associated with diseases and symptoms. Finally, there
isbroad support for investigating hereditary causes of health and dis-
ease. Users express thatidentifying known genetic causes of illness can
enable early prevention and treatment, especially for family members.
Lack of representation is considered a significantissue.

Participants and representative sampling

We included Greenlanders living in Greenland from the population
health surveys B99 (ref. 47) (recruited 1999-2001; n =1,317), Inuit
Healthin Transition*® (IHIT; recruited 2005-2010; n = 3,108), and B2018
(refs.49,50) (recruited 2017-2019; n=2,539). We also included a cohort
of Greenlandersliving in Denmark, collected as part of the B99 survey
(BBH; n=739).Some participants were part of several surveys, resulting
inatotal of 5,996 unique participants across the different cohorts. As
previously described**, participants were recruited in representative
towns and settlements of each region in Greenland where random
samples were drawn from the central population registers.

Geneticdata

The WGS data were handled as described in ref. 14, where it was used
for screening of new variants in 14 genes related to maturity-onset
diabetesin the young. In brief, the 448 WGS samples were sequenced
using lllumina150 paired-end sequencing and had an average sequenc-
ing depth of 35%. After adaptor trimming, reads were mapped with
BWA-MEM to GRCh38, and genotype calling was carried out with GATK
haplotype caller. Only variantsin the T98 tranche from variant quality
scorerecalibration were used. Moreover, we used genotype dataonan
additional 5,548 people generated from the Multi-Ethnic Global Array
(MEGA-chip, lllumina); of these, 4,182 were described previously in
ref. 20 (deposited with European Genome-phenome Archive, acces-
sionno. EGAD00010002057) and the remaining 1,366 were part of the
newer B2018 study. The two datasets were merged and, after variant
quality control, the data consisted of 1.6 million autosomal variants.

Phasing and imputation

To prepare a good reference panel for the downstream imputation
analyses, we phased the WGS data using Shapeit2 (ref. 51) with trio
and duo information. We call this the Greenlandic WGS panel and it
includes all sites found to be polymorphic in the Greenlandic WGS
data. Moreover, we prepared another reference panel consisting of
all participants in the 1KG Project, which we called the 1KG panel. For
this panel we included all overlapping sites with the Greenlandic panel
and all sites with a MAF >1% in the populations with East Asian and
Europeanancestry (CDX, CEU, CHB, CHS, GBR, TSland IBS*). We then
imputed the MEGA-chip data with IMPUTE2 (refs. 51,53) with option

“merge_ref_panels’, which canleverageboth prepared reference panels
to improve imputation performance. Finally, we created two data-
sets with and without phasing information by merging the imputed
(and phased) MEGA data with the phased WGS data, whichresultedin
5,996 participants. For downstream analyses, we did quality control on
variants with respect to genotype missingness and allele frequency,
as noted in each analysis. Additionally, to investigate the improve-
ment of imputation accuracy using the Greenlandic WGS panel, we
alsoranIMPUTE v.2 with only the 1KG reference panel for comparison
and showed only imputation performance on the overlapping sites.

Variant annotation

Allvariants were annotated using VEP** with the following additional
custom annotations: dbSNP (build 155), gnomAD v.3.0.0 allele frequen-
cies and genome coverage (gnomADoverl5: proportion of gnomAD
participants with depth > 15, gnomADover50: proportion of gnomAD
participants with depth > 50, gnomAD filter: the gnomAD filter column
being either PASS, ACO, AS_VQSR, InbreedingCoeff or NA if not poly-
morphicin gnomAD), 1IKG frequencies (v.20201028_3202_phased)*?,
ancestral allele from the Ensembl Homo sapiens ancestral sequence,
and Loss-Of-Function Transcript Effect Estimator®. We did not use
GnomAD v.4 because it did not have information about depth and
filters for non-called sites.

To find new variants, we kept only variants with good coverage in
gnomAD (gnomADoverl15 > 80%, gnomADover50 < 10% and gnomAD
filter = PASS or NA). Moreover, we did not allow for spanning deletions
(variant call format (VCF) asterisk allele), variants with missingness
greater than 20% or several variants 1 bp apartin the Greenlandic WGS
data. All these filters were used to minimize the number of false-positive
variants. For plotting, variants were polarized according to the minor
alleleingnomAD African populations.

For comparing the number of SNPs not found in other populations
we used only SNPs with good coverage in gnomAD (as defined above)
and found the maximum allele frequency in any of the following gno-
mAD populations: AFR, NFE, FIN, SAS, EAS and ASJ, covering African,
European and Asian populations. SNPs with a maximum gnomAD fre-
quency more than 0.01%, were excluded and the remaining SNPs were
counted as SNPs notin Africa, Europe or Asia for both the 448 admixed
Greenlandic WGS samples and arandom sample of 448 samples from
the Americasin the 1KG PEL, CLM, MXL and PUR populations.

Measurements and assays

Height, weight, systolicblood pressure, diastolicblood pressure, and
hip and waist circumference were measured, and body mass index and
waist-hip ratio were calculated. AIl IHIT participants above 18 years, B99
participants above 35 years and a subset of B2018 participants under-
went an oral glucose tolerance test, where blood samples were drawn
after an overnight fast of at least 8 h, and at 30 min (only for B2018)
and 2 h after receiving 75 g glucose. Plasma glucose was measured at
fasting, 30 minand 2 h, and haemoglobin 1Ac at fasting, as previously
described*®. Concentrations of serum cholesterol, high-density lipopro-
tein cholesterol and triglycerides were measured, and LDL-cholesterol
calculated. Type 2 diabetes was defined based on the World Health
Organization 1999 criteria® and controls were defined as normal glu-
cose tolerant based on the oral glucose tolerance test data.

The Olink protein data for the Greenlandic participants used for
protein quantitative trait loci analysis are fromref. 31. Using the Olink
Target 96 Inflammation and Cardiovascular Il panels, relative plasma
levels of 184 proteins were measured in 3,732 participants across
the population surveys. The 2 batches were bridged and normalized
based on16 control samples using the OlinkAnalyze R package (https://
cran.r-project.org/web/packages/OlinkAnalyze/index.html). Normal-
ized protein expression values on alog, scale were inverse-rank nor-
malized, including normalized protein expression data below the limit
of detection. Samples with a quality control warning were excluded.


https://ega-archive.org/datasets/EGAD00010002057
https://cran.r-project.org/web/packages/OlinkAnalyze/index.html
https://cran.r-project.org/web/packages/OlinkAnalyze/index.html
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The Danish data used in assessment of polygenic scores consist of
6,182 people from the Danish population-based Inter99 cohort, where
metabolic phenotypes were measured as described previously*, and
genotyping was done using the Infinium OmniExpress-24 v.1.3 Chip
(INluminalnc.). Genotypes were called using GenCall in GenomeStudio
(v.2011.1; lllumina) and quality control was performed according to
astandard procedure as previously described*. Data were imputed
using the Haplotype Reference Consortium reference panel on the
Michiganimputation server.

Admixture, haplotype masking and fine structure

Inuit and European admixture proportions were calculated using the
software ADMIXTURE®® on a subset of variants with MAF > 5%, missing-
ness less than 1% and LD-pruned within 1 Mb removing variants with
R?> 0.8 using Plink v.1.9.0 (ref. 61).

For fine structure analysis of the Inuit ancestry, we used the neural
network framework, HaploNet®, on the phased and imputed data of
all5,996 Greenlandic participants on SNPs with MAF > 5%. First, we per-
formed window-based haplotype clustering using a Gaussian mixture
variational autoencoder. Awindow size of 1,024 SNPs was used to gener-
ate haplotype cluster likelihoods for all samples, which we leveraged to
infer fine-scale populationstructure through both ancestry estimation
and principal component analysis. We performed unsupervised ances-
try estimation allowing for two ancestral sources (K =2) and ranit with
several seeds to ensure that the expectation maximization algorithm
of HaploNet had converged. The convergence criterion was defined as
having two runs within five log-likelihood units of the best seed. The two
ancestry sources were assumed to reflect Inuit and European ancestry.

Next, we used HaploNet Fatash toinfer the local ancestry of the hap-
lotypes. Fatash obtains posterior probabilities of the local ancestry
per genomic window per haplotype based on haplotype likelihoods
and genome-wide admixture proportion estimates obtained from
HaploNet train and HaploNet admix. The model is based on a hidden
Markov model with instantaneous rate change. Fatashisimplemented
inPython/Cython as asubmodule in the HaploNet software suite. Local
ancestry tracts were inferred using three different window sizes (1,024;
512and 256 variants) to increase accuracy proximate to recombination
events. We used only the smaller windows (512 or 256 variants) if the
fitwas more than 50 log-likelihood units better to balance overfitting
and detection of true recombination events.

Finally, we masked the haplotype clusters in genomic windows for
each haplotype with posterior probability less than 0.95 for Inuit ances-
trybased onthelocal ancestry inferred by Fatash. After genomic mask-
ing, we excluded people with less than 0.90 missingness and genomic
windows with haplotype frequencies less than 0.01 after masking from
downstream analyses. The masked dataset was used for fine struc-
ture analyses of the Inuit ancestry using HaploNet PCA and HaploNet
Admix. For HaploNet Admix, we used the same convergence criterion
asdescribed above and modelled from two to eight ancestry sources.
The admixture model with nine ancestry sources did not fulfil our con-
vergence criteria.

Local ancestry and homozygous ancestry masking of WGS data

Fromtheimputed and phased data, we first excluded variants with miss-
ingnessless than 1% and MAF < 5%. Then, we inferred local ancestry for
the admixed participants using RFmix v.2 with unadmixed Greenlandic
Inuit (N=99) and participants with European genetic ancestry (VN =313,
CEU, IBS and TSI) from the 1KG project as reference populations. This
givesusinference oflocal ancestry tracts for each person. To analyse the
geneticarchitecture of the Greenlandic Inuit, we constructed a masked
WGS dataset, using vefppR®, where regions with any European local
ancestry were excluded resulting in an average of 240 (minimum, 201;
maximum, 285) Greenlandic Inuit participants at each site. To create the
masked dataset, for each person we only keep sites inalocal ancestry
region inferred to be of Inuit ancestry on both alleles. In this way we

can also assess rare variants without relying on correct phasing. We
manually excluded the HLA region (Chr. 9:28510120-33480577), local
ancestry tracts with fewer than 200 variants per megabase and local
ancestry tracts with extreme inferred mean-Inuit ancestry (less than
63% or more than 71%) as they are all potentially problematic regions
in terms of inferring local ancestry accurately.

Site frequency spectra

Reference and alternative allele counts were counted using Plink v.1.9.0
(ref. 61) keeping allele order and projected to the wanted number
of participants using the formula binom(m,) x binom(n - m, k )/
binom(n,k), where k is the observed number of alternative alleles, n
is the number of total alleles, m is the number of alleles to project to
(thatis, two times the number of participants) andjis the site frequency
spectra (SFS)-bin. For each site we get the probability that we would
observejalternative allelesinasubsample of malleles. The probabilities
were summed across variants and folded to get the folded SFS.

The derived sum was calculated based on a SFS polarized by ances-
tral or derived allele only using SNPs with a high-confidence ancestral
allele match. Derived alleles were counted and projected to the needed
number of participants as above SFS, but not folded.

Tomeasure the number of segregating SNPs as afunction of the num-
ber of participants sequenced, we projected the SFS to the wanted num-
ber of participants, folded the SFS and summed across all the non-zero
SFS-bins. In this way, we get the number of segregating SNPs for all
possible subsamples of participants from our data.

Clinical screening

Only variants withgood coverage ingnomAD v.3.0.0 as described above
and predicted to be LoF onthe canonical transcript were used. For each
participant, variants with a MAF inany gnomAD population above 0.1%
were excluded. For Greenlandic people, an additional count was made
where the variants could be excluded based on either MAF from any
gnomAD population or MAF from the Greenlanders excluding itself.
Figure 2b shows the results for different MAF thresholds. Numbers of
people in genetic ancestry groups were as follows: Greenlandic, 448;
Greenlandic (unadmixed), 31; Nigerian (YRI + ESN), 207; Han Chinese
(CHB + CHS), 208 and British (+CEU) (GBR + CEU), 190.

Geneburden

Atotal of 190 participants with the least European ancestry were sam-
pled fromthe Greenlandic WGS data (on average 12% and at most 20%
Europeanancestry) and 190 participants were sampled randomly from
the East Asian populations, CHB and CHS. The European GBR + CEU
group had atotal of 190 unrelated samples. All variants were annotated
withanallele frequency based on the African populations from 1IKG with-
out European admixture (LWK, ESN, YRI, MSL and GWD)*2. Only SNPs
with good coverage ingnomAD as defined above, predicted to be mis-
sense or LoF variants in the canonical transcript of aconstrained gene,
and with an African MAF < 0.01% were kept. Constrained genes were
defined to be genes with expected number of pLoF and LOEUF score
estimated by Karczewski et al.* being less than 10 and 1, respectively.
Thisresultedin 9,533 constrained genes from canonical transcripts. In
eachgene, twoburdens were calculated per person: (1) the gene burden,
whichis O if no SNPs were present and 1if at least one SNP was present
and (2) the most common burden, whichis 1if the person carries the
mostcommonvariantinthe gene and O otherwise. If the most common
burden was less than 50% of the gene burden, we categorize the gene
burden asinformative andif the most common burden was atleast 90%
ofthegeneburden, we categorize the gene as one variant dominates. All
calculationswere doneindependently in each of the three populations.

LD decay and tag-SNPs
We randomly sampled 190 unadmixed (inferred European ancestry
less than 1%) and unrelated Greenlanders. From these, we calculated



pairwise LD using Plink v.1.9.0 in a10-Mb region. The average number
oftag-SNPs was calculated by counting the number variants that were
in high LD (R?> 0.8) in regions of varying sizes.

Genome-wide association studies

Association tests were run using a linear mixed model, with the esti-
mated genetic relationship matrix (GRM) as a random effect, taking
population structure and relatedness into account, using GEMMA
v.0.98.5 (ref. 63). The GRM was estimated from a set of ‘good’ variants
withMAF > 5%, missingless than 1%, INFO > 0.95,and in Hardy-Weinberg
equilibrium taking population structure into account (PCAngsd,
excluding sites with |SiteF| less than 0.05 and P<1x107®). We used a
leave one chromosome out scheme where the GRM used for testing
associations on agiven chromosome was estimated using all the other
chromosomes. All phenotypes were tested using a score-test after
sex-stratified rank-based inverse normal transformation and includ-
ingage, sex and cohort as covariates. As in previous studies', the odds
ratio for diabetes was calculated using the logistic mixed modelimple-
mented in GMMAT®*. For each phenotype, the GRMs were estimated
only for people with no missing phenotype or covariate information.
Toidentify independent associationsignalsinthe Greenlandic cohorts,
we first calculated the LD-adjust® correlation, R> between pairwise
SNPs accounting for the population structure. Then, we performed LD
clumping onthe above association signals using PCAone v.0.4.4 (ref. 66)
adjusted for five principal components with the options “--clump-p1
le-6 --clump-p21e-6 --clump-r2 0.001 --clump-bp 10000000 --pc 5..

European independent genome-wide significant (P <5 x 1078) sig-
nals within 10 Mb were extracted from summary statistics for the 13
metabolic traits using the extract_instruments function with default
parameters from the R package TwoSampleMR v.0.5.10 (ref. 67) (Sup-
plementary Table10). The independent signals of type 2 diabetes were
extracted from the curated list of Mahajan et al.®,

For the sample-size-matched GWAS with UK Biobank, we randomly
sampled 5,996 people with no missingness on the phenotypes. For asso-
ciations on proteinabundances, we randomly sampled 3,707 of the 5,996,
matching the number of peopleinthe Greenlandic cohorts with protein
abundances. The GRMs on the UK Biobank were estimated on variants
with MAF > 5% and missing less than 1%, resulting inatotal of 4.5 million
variants. For all protein abundance associations, we extracted the vari-
ant with the lowest P value, removed all variants within +2.5 Mb of that
variantand repeated untilno variants were left witha Pvalue <5 x 1078,
Thiswas doneindependently for the additive and recessive model, but
assigned to themodel with the lowest P value. To avoid duplicated signals
of strong associations that were found in both models, we excluded
associations within +1 Mb of an association with a lower P value.

For continuoustraitsunderthe additive model, the variance explained
was calculated as PVE = 2,4, 2AF(1 - AF), where 8,44 is the additive effect
size and AF is the allele frequency of the effect allele®. For the recessive
model variance explained was calculated as PVE = 8. From(1 = Fom),
where B, isthe recessive effect size and F,,, is the expected homozy-
gous frequency Fy,, = AF. This method was used for plotting as we
could calculate variance explained Cls using the same formulas but
with the lower and upper Cl for the effect size. For choosing the vari-
ants with more than 1% variance explained we used the formula PVE =
B/ (B*+ SE(B)> x N), where SE(f) is the standard error of Band N is
the number of participants’. For binary traits we calculated the
liability-scale variance explained using the R package Mangrove (v.1.21)
as previously described™.

Polygenicscores

PGS files from Weissbrod et al.” were downloaded from the PGS cata-
logue (Supplementary Table 11). All variants were lifted over from Hg19
to Hg38 using the UCSC Liftover command line interface while keep-
ing track of strand-flipping. For both the Greenlandic, Danish and UK
Biobank (non-British Europeans) datasets, overlapping variants were

identified by matching on chromosome, position and effect, and other
allele onboth alternative and reference allele. The PGS was calculated
on the genotype dosages using the score function in Plink2 v.2.0.0
(ref. 61). Each phenotype was rank-based inverse normal transformed
separately for males and females. Next, two linear models were fitted:
(1) Null model, phenotype is approximately age x sex + PC1-10 and
(2) PGS model, phenotypeis approximately age x sex + PC1-10 + PGS.
Then, we calculated the incr. R? = adjusted R* (PGS model) — Aajusted
R? (Null model). For the Greenlandic cohorts, an additional covariate
for cohortwasincluded and for the UK Biobank an additional covariate
for assessment centre wasincluded. Body massindexwasincluded as
a covariate for waist:hip ratio. The Cls for the incr. R? were calculated
using the Olkin and Finn’s approximation for s.e. To summarize across
all phenotypes, we calculated the relative incr. R* using the UK Biobank
asbaseline. Theincreased performance onincr. R*on LDL-cholesterol
for the Danish cohort was probably due to differences in age distri-
butions (age range, UK Biobank, 46-80 years; Danish, 30-60 years).
The population-based Greenlandic cohort design followed the
population-based design of the Danish Inter99. The UK Biobank had
acompletely different cohort design and is not completely compatible;
for example, mean age in UK Biobank is 64 years, whereas mean age
inthe Danish and Greenlandic cohort is 46 and 45 years, respectively.

Relatedness analysis and relation graph

As described previously”?, we estimated relatedness using a filtered
set of genetic variants with MAF > 5%, missingness < 5% and LD-pruned
(Plink v.1.9.0 indep-pairwise 1,000 kb 1 0.8) along with the inferred
admixture proportions as input to NGSremix”. For each pair, NGSre-
mix calculates pairwise relatedness as the fraction of loci sharing zero,
one or two alleles identical by descent (represented by kO, k1 and k2,
respectively). Parent-offspring pairs were defined as relationships with
k1+k2>0.95andkl>0.75andthe parent was inferred using the age of
the participants. Full sibling pairs were defined as relationships with
0.3 <kl1<0.7andk2>0.1.Out of 5,828 people with age and location, we
identified 1,727 parent-offspring and 1,841 full sibling relationships.
Relationships were normalized to the number of possible pairs. For
relationships betweenregions, for example, regionland 2, the number
of possible pairs was calculated as nyossiiea,2) = Aregiont X Mregionz» Where
Nyegion AN Nyegion, is the number of participantsinregionland 2, respec-
tively. Withinregion, the number of possible pairs of parent-offspring
relationships was calculated as nposileq.1) = Mregion X (Mregiom — 1)- Within
region, the number of possible pairs of full sibling relationships was
calculated as Npossible,n = (nregionl x (nregionl - 1))/2

Expected homozygous frequency

To calculate the expected frequency of homozygous carriers with
the current fine structure, fiomestrucureyy WE €stimated the regional
allele frequencies, AF,,,, based on sample location, calculated the
expected number of homozygous carriersin each region as yomegion) =
Myegion X AF?og0n, calculated the total sum of homozygous carriers,
Npom = Mhom(region)) T Mhom(region2) T *** + Mhom(regions) and divided with the total
number of participants fiomstructure) = Mhom/ Mrotal- ThE Xpected frequency
of homozygous carriers as a panmictic population, fuompanmictic» Was
estimated as fiom(panmiciio = AF*. Cls of the homozygous frequencies
were estimated as the s.d. of the frequency estimates from 10,000
bootstrap samples.

Estimation of allele frequencies in Greenland and in other
datasets

We estimated frequencies for different variantsin the Greenlandic Inuit
population using the masked participants from this study. Moreover, we
surveyed the allele frequencies for those variantsinarange of available
datasets'217?¢2%3074-81 from across the world (Supplementary Tables 7
and 8). We used SAMtools® and BGT® to extract the allele counts of
the relevant variants from those datasets.
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Ancestral recombination graph

The ARG was estimated in two versions: (1) using all 448 WGS Green-
landers (used for analysis of FADS2 and CPT1A) and (2) dividing the
genome into 6-Mb chunks, finding people with only Inuit ancestry in
that chunk and randomly subsampling 150 of those people, resulting in
aGreenlandic Inuit masked ARG from 150 mosaic participants (used for
allother analyses). For the masked version, only chunks with more than
one variant per 5,000 bp were used. Both ARGs were estimated using
the default Relate v.1.2.1 pipeline; for each chromosome (or chunk, in
the masked version), convert phased VCF to haps/sample file format,
prepare input using the provided PreparelnputFiles script, with the
high-confidence Ensembl H. sapiens ancestral sequence as ancestral
reference and estimate the ARG for the chromosome/chunk using
the provided RelateParallel.sh script with Effective population size of
haplotypes set to2,000 and mutation rate per generationto 2.5 x 1075,
The overall population size was then estimated using the provided
EstimatePopulationSize script onall chromosomes/chunks, resulting
inthe estimated population size history.

Toestimate variantage, we made 10,000 branch length samples of the
local tree from the estimated ARG using the provided SampleBranch-
Lengths script from Relate. Note that Relate does not allow for changes
inthe tree topology when resampling. From each sample, we extracted
the time to the most recent common ancestor for the variant as well as
the precedingancestor. This yields aminimum and maximum age of the
variant measured in generations for each branch length sample. From
the intervals, we estimated the age of the variants and the credibility
interval. We calculated a probability density as the weighted average of
theintervalswhere the weightis the reciprocal of eachintervallength. By
doing sowe assumed that the ageis equally likely to lie anywhere within
eachinterval and we gave equal weight to each of the 10,000 sampled
branchlengths. The variant estimate was estimated to be the median of
the probability density and the 95% credible interval was calculated as
2.5%and 97.5% quantiles. The age in generations was converted to years by
multiplying with the assumed generation time of 28 years per generation.

Selection

Aswithvariant age estimates above, we tested for selection using branch
length samples of thelocal tree from the estimated ARG. These branch
length samples were used as input to CLUES to infer allele frequency
trajectories and test for selection**. To obtain empirical Pvalues, we
tested for selection for 999 additional variants matched to have within
+10% derived allele frequency of each variant. The empirical P value
was then calculated as log-likelihood rank divided by the total number
of variants tested. Random variants were not sampled within +5 Mb of
any of the tested variants.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Dataare archived securely at the European Genome-phenome Archive;
MEGA-chip datainIHIT/B99 (EGAD00010002057), MEGA-chipin B2018
(EGAD50000000934) and WGS data (EGAD50000000933). Data
access is restricted and any access is contingent on approval by the
Research Ethics Committee of Greenland (nun@nanoq.gl) and sub-
sequent acceptance by the dataowner (Department of Health, Green-
land Government; pn@nanoq.gl). We used the publicly available final
phase 31000 Genomes data found here: https://ftp.1000genomes.ebi.
ac.uk/voll/ftp/data_collections/1000G_2504_high_coverage/working/
20201028_3202_phased/.MapsinFig.1aand Fig. 3a were drawn using
theR-library mapsv.3.4.1.1(ref. 84), which relies on data from the Natu-
ral Earth data (https://www.naturalearthdata.com/).

Code availability

Code used for analysis is available at https://github.com/popgenDK/
greenlandWGS2024. Most analyses were run in parallel using GNU
parallel 20190922 (ref. 85).
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a 7 Involved in the study
Antibodies X[ ] chip-seq
Eukaryotic cell lines |Z| |:| Flow cytometry
Palaeontology and archaeology |Z| |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-authentication-procedures for-each seed stock-used-ornovel-genotype generated.-Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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