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ABSTRACT The genetic consequences of population bottlenecks on patterns of deleterious genetic variation in human populations are
of tremendous interest. Based on exome sequencing of 18 Greenlandic Inuit we show that the Inuit have undergone a severe
�20,000-year-long bottleneck. This has led to a markedly more extreme distribution of allele frequencies than seen for any other
human population tested to date, making the Inuit the perfect population for investigating the effect of a bottleneck on patterns of
deleterious variation. When comparing proxies for genetic load that assume an additive effect of deleterious alleles, the Inuit show, at
most, a slight increase in load compared to European, East Asian, and African populations. Specifically, we observe ,4% increase in
the number of derived deleterious alleles in the Inuit. In contrast, proxies for genetic load under a recessive model suggest that the Inuit
have a significantly higher load (20% increase or more) compared to other less bottlenecked human populations. Forward simulations
under realistic models of demography support our empirical findings, showing up to a 6% increase in the genetic load for the Inuit
population across all models of dominance. Further, the Inuit population carries fewer deleterious variants than other human pop-
ulations, but those that are present tend to be at higher frequency than in other populations. Overall, our results show how recent
demographic history has affected patterns of deleterious variants in human populations.
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PREDICTIONS about the consequences of a small popula-
tion size on genetic variation are fundamental to popula-

tion genetics (Kimura et al. 1963; Ohta 1973; Charlesworth
2009). Small populations are more affected by drift than are
large populations; therefore, small populations are predicted
to have lower genetic diversity (Kimura et al. 1963). Addi-
tionally, natural selection acting against deleterious alleles is
predicted to be less efficient in small populations (Ohta
1973). Finally, the genetic load, defined as the reduction in

mean fitness in a population caused by deleterious variation
relative to a mutation-free population (Morton et al. 1956;
Kimura et al. 1963) (see our Equation 1), is predicted to be
larger in small populations (Kimura et al. 1963).

With the recent advent of genome-wide sequencing data
from humans, it has become possible to test these predictions
in human populations. Indeed, numerous studies have com-
pared the patterns of deleterious variation across human
populations (Boyko et al. 2008; Fu et al. 2014; Lohmueller
2014a; Simons et al. 2014; Do et al. 2015; Henn et al. 2015,
2016; Simons and Sella 2016). Most of these studies have
focused on genetic consequences of the bottlenecks, i.e.,
rapid large decreases in population sizes, that all non-African
populations went through during the Out-Of-Africa (OOA)
dispersal. One challenge with this endeavor is that there is no
direct way to measure genetic load from genetic variation
data (Lohmueller 2014b). Rather, summary statistics that
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are proportional to genetic load under specific models can be
calculated and compared. This is challenging, because differ-
ent statistics, which make different assumptions about how
mutations impact genetic load, can show different qualitative
trends. For example, many studies have shown that the Eu-
ropean population (Boyko et al. 2008; Lohmueller et al.
2008; Fu et al. 2014; Simons et al. 2014; Do et al. 2015)
and other non-African populations (Henn et al. 2016) carry
more homozygous deleterious genotypes compared to the
African populations (Lohmueller 2014a; Henn et al. 2015)
and thus may have a higher genetic load assuming mutations
have a recessive effect.

However, studies by Fu et al. (2014), Lohmueller (2014b),
Simons et al. (2014), Do et al. (2015), and Henn et al. (2015)
reached different conclusions about the extent to which ge-
netic load varies across populations and also whether selec-
tion is less efficient in small populations. For example, a
recent study by Do et al. (2015) found no difference between
the non-African and African 1000 Genomes populations us-
ing the RX/Y statistic, which is monotonically related to the
difference in number of derived alleles between the two pop-
ulations. In line with this finding, Simons et al. (2014) found
no significant difference in the number of derived alleles per
genome between individuals of European descent and indi-
viduals of African American descent. Based on this observa-
tion, Simons et al. (2014) concluded that Europeans and
African Americans carry the same additive genetic load. They
furthermore concluded, using theoretical arguments and
simulations, that genetic load is not affected much by recent
population size changes. On the other hand, other studies
found slightly, but significantly, more derived deleterious al-
leles per individual in the European population than in Afri-
can populations (Boyko et al. 2008; Fu et al. 2014) implying
that the OOA bottleneck has led to a small increase in ge-
netic load in the European population. Further, theoretical
work using realistic models of demographic history have
suggested that non-African populations have a slightly
higher additive genetic load compared to African ones
(Gravel 2016). Similarly, in a recent study of seven popula-
tions, Henn et al. (2016) reported that the non-African pop-
ulations on average harbor slightly more derived alleles
among alleles with large Genomic Evolutionary Rate Pro-
filing (GERP) scores. Furthermore, Henn et al. (2016) re-
ported a small, but significant, difference in load across the
seven populations under an additive effect model when load
is estimated using selection coefficients approximated based
on GERP scores.

The consequences of smaller population sizes on the effi-
cacy of selection in humans has also received much attention
(Gravel 2016). This topic was first investigated in a study of
exome data from 15 African Americans and 20 Europeans
(Lohmueller et al. 2008). That study showed that the pro-
portion of SNPs that are nonsynonymous, and thus likely
deleterious, is larger in Europeans than in African Americans.
This observation was initially interpreted as being, in part,
due to less efficient selection during the OOA bottleneck

(Henn et al. 2016) combined with the recent influx of non-
synonymousmutations during the recovery of the bottleneck.
Several later studies have come to similar conclusions (Fu
et al. 2014; Lohmueller 2014a; Henn et al. 2016). In con-
trast, based on their results about genetic load described
above, Do et al. (2015) concluded the efficacy of selection
was not reduced due to the reduced population size dur-
ing the OOA bottleneck. A recent review by Lohmueller
(2014a) tried to reconcile the different observations and
conclusions by pointing out that different studies have fo-
cused on different definitions of the efficacy of selection and
used different metrics to quantify it. The review ends by
calling for descriptions of empirical patterns of deleterious
mutations in other human populations than Europeans and
Africans with different population size histories to shed fur-
ther light on the questions about the effect of small size on
selection and load. Motivated by this, we here analyze pat-
terns of deleterious mutations in the Greenlandic Inuit (GI)
population based on exome sequencing data from 18 GI
individuals.

TheGI settledGreenlandwithin the last1000years (Gulløv
2004; Raghavan et al. 2014) and a previous study has shown
that their ancestors split from the closest large old-world
population, the Han Chinese (CHB) population, some
�23,000 years before present with only a limited amount
of subsequent gene flow (Fumagalli et al. 2015). The study
also showed that the GI population has a very small effective
population size (Fumagalli et al. 2015). This suggests that the
GI population has likely been small and isolated for a long
period of time after the OOA dispersal took place. Analyses
of the GI population could therefore contribute to under-
standing patterns of deleterious variation and genetic load
in small populations [e.g., Casals et al. (2013) and Lim
et al. (2014)].

In this paper, we first show that the GI population is one of
the historically smallest human populations in the world and
therefore represents a valuable contribution to the study of
deleterious variation in human populations. We compare
different proxies for genetic load between the GI and other
large populations, as well as investigate several additional
measures related to efficacy of selection and show that for
recessivemodels, theGIhavea substantially increasedgenetic
load relative to other human populations. For additive mod-
els, however, we detect, at most, a subtle increase in the
number of derived deleterious alleles in the GI relative to
other populations. Forward simulations under realistic mod-
els of demography and selection confirm these findings.
Across a wide range of models in the simulations, the GI show
an elevated additive genetic load relative to other human
populations, even when the number of derived deleterious
alleles are approximately equal, suggesting that this summary
statistic may lack power to detect subtle increases in genetic
load, particularlywhen it is notpossible to clearlydifferentiate
neutral variants fromdeleterious ones. Finally, we explore the
consequences of our findings in the context of disease asso-
ciation studies.
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Materials and Methods

Data

We based all of our analyses of the GI population on the high-
depth whole exome sequencing data from Moltke et al.
(2014). This dataset consists of nine Greenlandic trios; how-
ever, we restricted our analyses to data from the 18 unrelated
parents to avoid any effect of relatedness among individuals.
The GI data were both analyzed alone and together with
other datasets including: (1) whole exome sequencing data
from 18 unrelated Utah residents with Northern andWestern
European ancestry (CEU), 18 Han Chinese individuals from
Beijing (CHB), and Yoruban individuals from Ibadan, Nigeria
(YRI) from the 1000 Genomes project (McVean et al. 2012);
(2) an exome dataset which includes Mayans, Mbuti, and
Cambodians from Henn et al. (2016); and (3) called geno-
types from the 1000 Genome low-coverage data. The ana-
lyzed datasets are described in detail below.

GI dataset

This dataset consists of high-depth exome data from 18 GI
individuals. To generate it, Moltke et al. (2014) performed
SNP and indel calling followed by genotype calling for the
extended exome target region, spanning 75 MB, captured
using Agilent SureSelect from the 18 Greenlandic samples
using Samtools version 0.1.18 (Li et al. 2009). Reads with a
mapping quality lower than 30 as well as bases with a base
quality lower than 20 were removed. SNPs were called using
standard settings and genotypes were called based on the
highest genotype likelihood. We used VCFtools version
0.1.11 (Danecek et al. 2011) for filtering. We removed SNVs
where all individuals were heterozygous, which are likely
genotyping errors. In addition, we removed sites with se-
quencing depth lower than 10 for all individuals or higher
than 500 that likely belong to repetitive regions. The result-
ing dataset comprise 133,808 SNVs within the exome. This
dataset was used solely for identifying absolute numbers of
SNVs across a number of functional categories and for infer-
ring population size changes though time.

Three combined exome datasets

These three datasets each consists of exome data from the GI
and the 1000 Genomes populations. Specifically, the GI
exomes were merged with 18 exomes from the CEU popula-
tion, 18 exomes from the CHB, and 18 exomes from the YRI,
respectively. To generate the combined exome datasets, we
performed joint SNP and genotype calling for the exome data
from both populations using ANGSD (Korneliussen et al.
2014) under the Samtools (Li et al. 2009) genotype likeli-
hood model based on the highest genotype likelihood. Reads
with a mapping quality lower than 30 and bases with a base
quality lower than 20 were removed. SNVs were called using
a likelihood ratio test (Korneliussen et al. 2014) with a
P-value cutoff of 1026 and genotypes were called based on
the highest genotype likelihood. We required a minimum
depth of 10 for calling genotypes and removed sites with

missing genotypes and sites which were triallelic when in-
cluding the ancestral allele. This dataset comprises 93,047
SNVs for the GI-CEU populations, 90,528 SNVs for the
GI-CHB populations, and 158,356 SNVs for the GI-YRI pop-
ulations. Site frequency spectrum (SFS) comparison of the
1000 Genomes genotype calls from the low-depth data and
our genotype calling from the exome data for the same indi-
viduals revealed no differences in the SFS (Supplemental
Material, File S1, Figure S7), suggesting that it is appropriate
to merge the low-coverage and high-depth data for later
analyses (see below). The datasets were polarized using
the chimp allele, which has been determined reliably using
UCSC multiple alignment for many species, available within
the SeattleSeq 138 annotation. For each pairwise compari-
son, only the sites that are polymorphic in at least one of the
populations were used.

Dataset from 1000 Genomes low-depth whole
genome sequencing

Thisdataset consists of the1000Genomespopulation samples
(McVean et al. 2012): Finns from Finland (FIN), Peruvians
from Lima, Peru (PEL), Gujarati Indians from Houston, Texas
(GIH), Utah Residents (CEPH) with Northern and Western
Ancestry (CEU), Yoruba in Ibadan, Nigeria (YRI), and Han
Chinese in Bejing, China (CHB). To generate the dataset, we
used Variant Call Format (VCF) files with genotypes calls
from the complete Phase 3 1000 Genomes dataset. Because
of apparent admixture in the Peruvians, we reduced the sam-
ple size for each population to 11 individuals. Unadmixed
individuals from PEL were selected based on inferred admix-
ture proportions (,5%) using an ADMIXTURE analysis that
also included YRI, CHB, and CEU individuals from the
1000 Genomes. The final dataset comprised 401,821 SNVs
within the exome.

Exome sequencing data for Mayans, Mbuti,
and Cambodians

This dataset consists of data from six samples from each of the
Mayan, Mbuti, and Cambodian populations. To generate this
dataset, we downloaded VCF files with called genotypes for
individuals from seven populations recently made publicly
available by Henn et al. (2016) (https://ecoevo.stonybrook.
edu/hennlab/data-software/). From this dataset we extract-
ed data from six Mbuti Pygmies, six Mayan Indians, and six
Cambodians. More specifically, following Henn et al. (2016)
we excluded two of the eight Mayan samples due to admix-
ture, leaving only six Mayan samples. To ensure comparabil-
ity between the SFSs inferred from the different populations,
we included only six randomly chosen individuals from each
of the other populations. The ancestral allele for each dataset
was obtained as previously described. The final dataset con-
tains genotype data for 194,278 SNVs.

Annotation of variants

We divided variant sites into four categories based on
the functional category annotated to the derived allele:
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synonymous, a combined category of noncoding exons
(NCE) and the leading and trailing untranslated region
(UTR), missense, and loss of function (LoF). The LoF cate-
gory includes all mutations that lead to a stop codon in a
protein-coding region, i.e., both mutations that disrupt
splice sites and LoF mutations. Variant sites that belong to
other functional annotations were excluded from further
analyses. When there were multiple transcripts or func-
tional annotations for variants, we assigned a variant to
the putatively most deleterious annotation category. We
also included an additional category for loss of function
where all isoforms are annotated to be loss of function
(denoted LoFa) in the expectation that these sites are more
likely to be deleterious than the sites in the LoF category.
The five categories thus range from mutations that are
expected to be neutrally evolving to mutations that are
expected to be highly deleterious.

We also classified variants into categories based on
GERP scores (Cooper et al. 2005). These GERP scores mea-
sure conservation across a phylogeny of 35 mammalian
species excluding humans (Henn et al. 2016). Specifically,
GERP scores represent the deficiency in the number of
substitutions at putatively functional sites compared to
the number of substitutions seen in neutral DNA. Thus,
the lower the number of substitutions at a site across the
phylogeny, the higher the level of purifying selection at
that site (Goode et al. 2010; Henn et al. 2016). We used
the same approach as Henn et al. (2015) for the GERP
score annotation. We retrieved the GERP scores from the
UCSC browser and grouped variants into four categories
according to their degree of deleteriousness based on
their GERP score. The categories are “neutral” (GERP , 2),
“moderate” (2 # GERP , 4), “large” (4 # GERP , 6), and
“extreme” (GERP $ 6).

Inference of population size

We performed inference of population size over time on the
GI dataset using the stairway plot [version 2 beta (Liu and
Fu 2015)]. This approach uses the SFS to fit a demographic
model consisting of a number of epochs of population size
changes. We performed the analysis using the unfolded
SFS from called genotypes based on a sequence length
containing 41,222,102 total sites. We used three different
mutation rates, 1.33 1028 and 1.63 1028 (Campbell and
Eichler 2013) as well as an intermediate rate 1.383 1028,
and two different generation times, 25 and 29 years
(Fenner 2005) for inference. Confidence intervals and me-
dian estimates of the population size were estimated using
the built-in bootstrap function using 200 replicates of the
input file.

Approximating genetic load based on the number of
derived alleles and the number of homozygous-
derived genotypes

Weused twodifferent proxies for genetic loadbasedoncounts
of derived alleles: the total number of derived alleles per

individual, which has previously been used to quantify load
under an additive model (Fu et al. 2014; Simons et al. 2014;
Do et al. 2015; Henn et al. 2016; Marsden et al. 2016; Simons
and Sella 2016) and the number of homozygous-derived ge-
notypes per individual, which can equivalently be used to
quantify load under a recessive model (Henn et al. 2015;
Henn et al. 2016).

Approximating genetic load based using GERP
score load

We also approximated genetic load using so-called GERP
score load. To calculate the GERP score load, we used the
GERP-based grouping of deleterious variants described above
and translated the three nonneutral GERP score categories
into values of selection coefficients as suggested byHenn et al.
(2015). Specifically, the extreme GERP category (GERP $6)
was assigned s=13 1022, the large category (4#GERP, 6)
was assigned s = 4.5 3 1023, while the moderate category
(2 # GERP , 4) was assigned s = 4.5 3 1024. These assign-
ments were then used in the per site equation for genetic load
from Kimura et al. (1963):

Load ¼ 12w ¼ 12
�
12 2qð12 qÞsh2 sq2

�
(1)

which is based on the underlying model where the fitness of
each genotype is determined as 1, 1-hs, and 1-s for AA, Aa,
and aa, respectively. In this equation, q is the allele fre-
quency and we assumed two models of dominance. In the
additive model, h was set to 0.5, where we assumed alleles
to act additively. In the recessive model, h was set to 0,
where we assumed deleterious alleles to be completely re-
cessive. To calculate GERP score load across sites we simply
summed over the per site GERP score load. To estimate
standard error for our GERP score load estimates we used
a weighted uneven block jackknife, with block sizes of 5 Mb
to correct for correlation among neighboring sites (Busing
et al. 1999).

Calculation of pvar

We calculated the nucleotide diversity for the variable sites,
pvar, for all the populations included in the SFS comparison in
Figure 2. We computed pvar as:

pvar ¼ 1�
2n
2

� X2n
i¼1

xið2n2 iÞi (2)

where xi is the proportion of sites in the ith category of the
SFS and n the number of individuals included in the analysis
(Tajima 1989). We calculated pvar rather than p for all sites,
due to complications of estimating the number of invariant
sites in the 1000 Genomes data.

Simulations

We performed forward-time simulations using the Selection
on Linked Mutations (SLIM) software (Messer 2013). We
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used the demographic history estimated for the GI in this
study and for the CHB by Fumagalli et al. (2015). Specifically,
we used the estimates for population sizes in present time as
well as the estimated split time. The demographic history and
population size changes prior to the split of the GI and CHB
were taken from Gutenkunst et al. (2009) (Figure S1). We
initiated simulations with a haploid population size of
9395 at 29,459 generations before the sampling time (pre-
sent time), allowing sufficient time to reach mutation-drift-
selection equilibrium. The population size was reduced to
5443 chromosomes 18,619 generations ago to simulate
OOA bottleneck. We employed two different models of
CHB demography (Table S6 and Table S7) from this point
forward. First, we used one where the CHB population did
not change in population size. In the second model the CHB
population increased in size exponentially 840 generations
up until the present time (Gutenkunst et al. 2009). To simu-
late the additional bottleneck, which the GI population
underwent after splitting from CHB, we introduced an
additional reduction in population size 930 generations be-
fore the present, resulting in a population size of 1550 chro-
mosomes. We sampled 36 chromosomes from each of the
present-day simulated GI and CHB populations, allowing us
to capture comparable levels of genetic diversity as the em-
pirical data.

We examined a number of models of purifying selection.
First, for each simulated demographic scenario, 90%of sites
within the region were simulated as neutral mutations and
10% were under selection. For the deleterious mutations,
we varied the dominance coefficient (h) and the selection
coefficient (s) to mimic the effects of three modes of inher-
itance: additive (h = 0.5), near-recessive (h = 0.1), and
recessive (h = 0). Furthermore, for each of these modes,
we varied the selection coefficient, s, across four levels,
reflecting increasingly deleterious functional effects (s =
0.0002; s = 0.002; s = 0.02; s = 0.2). Note, though SLIM
uses a different scaling of selection than the one we men-
tioned above, we present the selection coefficients in terms
of the equations described above.

For each scenario (combination of demographic models
and values of s and h), we simulated 10,000 replicates of a
sequence of 100 kb using a recombination rate of 1.23 1028

per base position per generation and a mutation rate of
1.38 3 1028 per base position per generation (Campbell
and Eichler 2013). Furthermore, for the model without recent
growth in CHB, we simulated a scenario where all new
mutations have neutral fitness effects in GI after the split
between GI and CHB. Older, preexisting mutations retained
their existing value of s.

For each of these simulations, we sampled 36 chromo-
somes (to mimic data from 18 individuals) both in the
pooled population before the split and in each of the pre-
sent-day simulated GI and CHB populations and computed
a number of summary statistics. First, we counted the num-
ber of derived alleles in each population as well as the
number of homozygous-derived genotypes per individual.

These quantities included variants that were fixed in one
population, but were polymorphic in the other. We also
computed the true genetic load directly from the simula-
tions as:

Load ¼
Xm
j¼1

sj hjFhetj þ sj  Fhomj (3)

where sj is the selection coefficient for site j, hj is the domi-
nance coefficient for the site j, m is the total number of sites,
Fhetj is the fraction of genotypes at site j that are heterozygous
and Fhomj is the fraction of genotypes at site j that are homo-
zygous for the derived allele.

Comparison of allele frequencies in GI to Europeans,
East Asians, Finns, and Latinos

To compare frequencies of alleles shared across populations,
we used the information available for.9.3million sites based
on exome data in the ExAC browser (ftp://ftp.broadinstitute.
org/pub/ExAC_release/release0.3/ExAC.r0.3.sites.vep.vcf.gz)
(Exome Aggregation Consortium [ExAC], Cambridge, MA).
This dataset has sufficient numbers of samples for European
and East Asian populations to allow reliable calculation of
rare allele frequencies.

Data collection and ethical considerations

The data from the GI were collected as a part of several
general health surveys (for details seeMoltke et al. 2014).
The study has received ethics approval from the Commis-
sion for Scientific Research in Greenland (project 2011-
13, ref. no. 2011-056978; and project 2014-8, ref. no.
2014-098017) and was conducted in accordance with
the ethical standards of the Declaration of Helsinki, sec-
ond revision.

Data availability

The authors do not have the authority to grant permission
to use the data, which belong to the Greenland Govern-
ment. Requests for anonymized relevant consented data
should be addressed to theMinistry of Health in Greenland
(cll@si-folkesundhed.dk).

Results

Inference of demographic history and analysis of
the SFS

To investigate how the history of the GI population compares
to that of other previously studied populations, we first
inferred the size of the GI population over time from exome
data for 18 GI using the stairway plot (Liu and Fu 2015). The
results suggest that the GI population experienced a marked
decrease in size beginning 20,000 years ago (Figure 1),
remained small for at least 15,000 years, and only recently
started to increase in size. We note that there is a consider-
able amount of uncertainty for recent population size esti-
mates, which makes it difficult to assess the extent of the
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recent increase. We also note that the results depend on both
mutation rate and generation time. However, even assuming
extreme values of these parameters, we find evidence of a
very long bottleneck in the recent past of the GI population
(Figure S2).

Next,we compared theSFSof theGIpopulation to theSFSs
of a number of other human populations from the 1000 Ge-
nomes Project (Figure 2) and Cambodians and Mayans from
Henn et al. (2016) (Figure S8). Because the SFS is affected by
demographic history (Adams and Hudson 2004; Marth et al.
2004; Nielsen et al. 2005), this comparison should reveal
whether the GI experienced an increase in genetic drift due
to a long population bottleneck relative to other OOA popu-
lations. These comparisons show that the SFS for the GI pop-
ulation is flatter than those seen in any other human
population tested to date. This deficit of rare alleles is also
reflected in markedly higher nucleotide diversity for the
variable sites (pvar). Thus compared to other populations,
the GI population has had both a greater depletion of rare
variants, as well as a higher increase in allele frequencies
for remaining variants. Hence the GI population shows
evidence for having undergone a more extreme popula-
tion bottleneck than other human populations tested to
date.

Comparison of different approximations of genetic load
in GI and other larger populations

Motivated by these initial findings, we first compared the
genetic load between GI and the larger CEU population to
investigate whether the long history of reduced population
size has led to an increased genetic load in the GI population.
For this comparison we used the exome data from the 18 GI
combinedwithexomedata from18 individualswithEuropean
ancestry (CEU). Since there is no direct way to calculate
genetic load from genetic data, we examined several different

statistics, all of which have recently been proposed as approx-
imations to genetic load.

First, we examined load statistics that assume that all
alleles have an additive effect. In particular, we looked at
the average number of derived alleles per individual, which
has previously been used by Fu et al. (2014), Do et al. (2015),
Simons and Sella (2016), and Marsden et al. (2016) as a
proxy for additive genetic load. We performed the compari-
son between GI and CEU by calculating the ratio of this sta-
tistic in GI and CEU. Here a ratio above one would indicate
that the average number of derived alleles in GI is higher than
that in CEU. We calculated this ratio both for all sites and for
sites in nine different subcategories that represent a range of
different levels of putative deleterious effect: five categories
based on functional annotation and four based on GERP
scores (for details see Materials and Methods). We did not
find a significant difference between the numbers of derived
alleles per individual between the two populations for any of
the different functional annotation-based categories, i.e., the
ratios did not differ significantly from 1 (Figure 3, Figure S5,
and Table 1). The ratio of derived alleles in the more delete-
rious GERP categories show a 1–4% increase in GI compared
to CEU (Figure 3), but this difference is not significant. Fur-
ther, the number of derived alleles per individual with a GERP
score of 4–6 or .6 shows up to a 7% increase in the GI
relative to CEU, though this difference is not significant after
correcting for multiple tests (Figure S5). The RX/Y ratio from
Do et al. (2015) did not show a difference between popula-
tions (Table 1). Hence, the results from these statistics sug-
gest that, under an additive effect model, the load is, at most,
slightly higher in GI (Table 1). However, the percentage of
the derived alleles per individual that come from sites fixed
for the derived allele differs markedly between GI and the
three larger populations. The GI have a greater proportion of
sites where the derived alleles is fixed compared to the CEU

Figure 1 Inferred history of population size for the
Greenlandic Inuit population. The dark pink line shows
the estimated diploid population size changes in dis-
crete increments for the last 50,000 years. The esti-
mates were obtained with the method “Stairway
plot,” which bases its estimates on the SFS. The esti-
mates are based on an assumption of a mutation rate
of 1.38 3 1028 per site per generation and a gener-
ation time of 25 years. The light pink lines represent
95% CI based on bootstraps. This analysis was based
on 41,222,102 sites.
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population (Table 1). This is seen for all sites as well as in
most functional subcategories (e.g., LoF alleles and GERP
scores higher than 6; Table 1, column 4). We also note that
the average number of derived alleles per SNV differs signif-
icantly between the GI and CEU populations in all categories
(Table 1, column 6). All the ratios are significantly larger
than 1, indicating that per SNV, the derived allele is at a
higher frequency in GI compared to CEU. This observation
combined with our previous observation that the average
number of derived alleles per individual is approximately
the same in the two populations, reveals that the derived
alleles in GI are from fewer sites with putatively higher de-
rived allele frequencies and thus that the load under an ad-
ditive model is distributed differently in GI compared to the
larger CEU population.

Next, we aimed to compare the genetic load under the
assumption that deleterious alleles have a recessive effect. To
do this we examined the average number of homozygous-
derived genotypes per individual. The ratios of this statistic
were significantly higher than 1 (Figure 4, Figure S6, and
Table 1, column 2), indicating an accumulation of homozy-
gous-derived genotypes in the GI population. This was seen
for all categories, even for the LoF categories. In fact, the ratio
is significantly higher in sites with large deleterious effects,
i.e., GERP scores above 4, compared to neutral sites, i.e., sites
with GERP scores below 2 (see asterisk in Figure 3). These
observations suggest that, under a recessive model, the load
is increased in GI.

We also looked at the load statistic proposed by Henn et al.
(2015), which we denote as GERP score load. This statistic
approximates load using the original definition by Kimura
et al. (1963), where each GERP score category is translated

into a selection coefficient. We coupled these groups of se-
lection coefficients with two models of dominance: one
where hwas set to 0.5, i.e., assuming alleles have an additive
effect, and one where h was set to 0, i.e., assuming alleles
have a recessive effect (for details see Materials and Meth-
ods). When doing so, we saw no significant difference be-
tween the two populations under the additive model [10.1
(SE 0.4) for CEU vs. 10.2 (SE 0.4) for GI], but a 22% increase
in the GERP score load under the completely recessive model
[5.1 (SE 0.2) vs. 6.2 (SE 0.3)] (Figure 4). Furthermore, pu-
tatively deleterious SNVs (GERP score.2) that contribute to
the genetic load aremuchmore common in the GI population
compared to the CEU population (Figure 4). Hence, the re-
sults obtained based on GERP scores lead to qualitatively the
same conclusion as the other statistics.

We also performed similar comparisons of statistics related
to genetic load of the 18 GI to 18 individuals with East Asian
ancestry (CHB) and the 18 individuals with African ancestry
(YRI) to ensure that our conclusions were not artifacts of
particular features of the CEU. In particular, we performed the
analyses underlying Table 1 and Figure 3 for these two addi-
tional populations (Figure 3, Table S1, Table S2. Also, for
results without merging data set see Table S3). When doing
so, we reached the same conclusions for both populations
with one exception: when comparing GI and CHB, the ratio
of homozygous-derived genotype counts is indeed higher in
the GI at sites with large deleterious effects, i.e., GERP scores
above 4, compared to neutral sites, but not significantly so
(Figure 3). For YRI, as in the CEU, this difference is significant
(asterisk in Figure 3). Thus, overall, the GI show a consistent
increase in the number of homozygous deleterious genotypes
and, at most, a slight, but not significant, increase in the

Figure 2 Site frequency spectrum for
six human populations. We used 11 ran-
domly sampled individuals from each
population to infer the site frequency
spectrum and excluded fixed categories.
Populations contain individuals with the
following ancestry: Finns from Finland
(FIN), Peruvians from Lima, Peru (PEL),
Gujarati Indians from Houston, Texas
(GIH), Utah Residents (CEPH) with
Northern and Western Ancestry (CEU),
Yoruba in Ibadan, Nigeria (YRI), and Han
Chinese in Bejing, China (CHB). The GI
population has fewer sites in the singleton
category, but more in the remaining more
“common” categories. Each population is
followed by a pvar estimate per variable
site. The idea for this figure was adopted
from the SFS comparison of four Hapmap
populations and GI in Moltke et al. (2015).
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number of derived deleterious alleles regardless of which
other human population they are compared to.

Comparison of the true genetic load based
on simulations

To employ a model-based approach to investigate how dif-
ferences in demography could impact the genetic load, we
performed simulations of GI and CHB populations using the
demographic history of these two populations inferred in
Fumagalli et al. (2015) and Gutenkunst et al. (2009).We also
considered amodel where the CHB population began to grow
exponentially after splitting from the GI population (see
dotted lines in Figure S1). We performed simulations for
12 different combinations of selection (s) and dominance
coefficients (h), reflecting different degrees of fitness effects.

Finally, we calculated the true genetic load based on the
trueeffectmodel and the true selection coefficient for each site
in the simulated data using the standard genetic load equa-
tions (Equation3). Interestingly the ratio of this true load inGI
and CHB is higher than 1 in at least one scenario across all
dominancemodels, indicating a higher load in GI than in CHB
(Figure 5). This difference decreases as h increases. However,
importantly, even in the scenarios where additive selection
(h = 0.5) was simulated, except one scenario, the ratios of
load were all above 1, with the increase varying from 1 to 6%
(Figure S9, Table S6, and Table S7) depending on the
strength of selection simulated. The highest load difference
was in general observed for the scenario with s = 0.002.
Overall, this magnitude of increase in load in the GI relative
to the CHB (for s = 0.002) was similar in magnitude to the
increase in the number of derived deleterious alleles per in-
dividual (GERP score.4) seen empirically (Figure S5). Thus,
our empirical and simulation results taken together argue

that there is a slight increase (1–6%) in additive load in the
GI relative to other populations.

We next compared the ratio of the number of derived
alleles between the simulated GI and CHB populations. Over-
all, this ratio was only slightly different from 1 in all of the
scenarios (Table S6 and Table S7). Because this comparison
includes both the neutral and deleterious mutations, it sug-
gests that including neutral derived alleles when using the
number of derived deleterious alleles as a measure of load
will substantially reduce power. Lastly, we also counted the
number of homozygous-derived genotypes and, as expected,
we observed a significantly higher number in GI than in CHB
(Figure S9). The increase is about 19% across all selection
scenarios (Table S6), while growth in the CHB population
resulted in an even greater increase (about 25%) in load in
the GI population (Table S7). Including neutral variants in
this comparison does not result in a loss of power because the
bottleneck increases homozygosity for derived alleles across
all functional categories.

Effectiveness of selection

To investigate to what extent the long recent bottleneck in GI
has affected the effectiveness of selection, we looked at two
other summary statistics, which have both previously been
used to address this question in the context of the OOA
bottleneck: SFSs and the proportion of nonsynonymous mu-
tations (Lohmueller et al. 2008).

Wefirst comparedSFSs forGI and theCEU. Specifically,we
made SFSs for each of the five functional categories: synon-
ymous, a combined category of non-coding exons (NCE) and
the leading and trailing untranslated region (UTR),missense,
and finally two different LoF categories (Figure S3 and Figure
S4). These SFSs show that the GI have a larger proportion of

Figure 3 Comparison of the number of derived alleles
and homozygous genotypes across populations for
variants in different GERP score categories. For each
of four GERP score categories two ratios calculated
based on sites located in exons are shown: (A) the
ratio of derived allele counts in GI vs. CHB (orange),
CEU (red), and YRI (turquoise); and (B) the ratio of
homozygous-derived genotype counts in GI vs. CHB
(light green), CEU (blue), and YRI (dark green). The
former ratio can be viewed as an approximation for
the ratio of load between the populations under an
additive model and latter ratio can be viewed as an
approximation for the ratio of load between the pop-
ulations under a recessive model. Standard error for
each ratio is indicated by error bars. Additional infor-
mation is available in Table 1, Table S1, and Table S2.
The * indicates significance compared to the neutral
GERP score category (GERP ,2), for the CEU and YRI
comparison this value is significant (P = 5.3 3 1024

and P = 5.9 3 1029, respectively).
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alleles found in higher frequencies, not only overall, but also
within all of the functional categories. This is also apparent
for the LoF category suggesting an increase in frequency of
potentially highly deleterious alleles. And consistent with
the results described previously, the SFSs also show that the
GI population has a higher proportion of fixed putatively
deleterious derived alleles in all the functional categories.
Such comparisons of the SFSs for various levels of deleteri-
ous categories serves as a proxy for selection, as more harm-
ful categories will have lower overall allele frequencies. In
contrast, the CEU population has a clear skew toward rare
variants for all functional categories (Figure S4). This dif-
ference may reflect the effects of less efficient purifying se-
lection in GI and/or recent growth in CEU (Nielsen et al.
2005; Boyko et al. 2008). However, based on simulations
similar to the ones presented above, but where each new
deleterious mutation is set to neutral (changing the selec-
tion coefficient to 0) in GI after the start of the GI bottleneck
(Figure S10), we observed a fairly similar SFS to the one
where selection continues to happen after the bottleneck.
Thus, based on the simulations, we do not necessarily ex-
pect to observe large differences in the SFS of the different
functional categories even in the complete absence of recent
negative selection. Thus, the shift in the SFS toward inter-
mediate and higher frequency derived alleles in the GI rel-
ative to the CEU likely reflects the extreme genetic drift
experienced by the GI, and may be less informative regard-
ing the efficacy of selection.

Next, we compared the ratio of nonsynonymous to syn-
onymous SNPs in the GI populations to that of the CEU
population using the combined GI and CEU dataset, fol-
lowing what was done by Lohmueller et al. (2008) (Table
S4). Specifically, we tested for a difference in this ratio
between the two populations both among all sites and
among sites from different GERP scores categories. We
found that the ratio of the number of nonsynonymous to
synonymous SNPs is significantly higher in CEU than in GI,
when considering all sites (first row in Table S4). When

considering different GERP score categories, the nonsy-
nonymous to synonymous ratio in GI becomes even lower
relative to that seen in CEU with increasing levels of
deleteriousness.

We further investigated this pattern by defining neutral
sites as those with GERP scores below 2 and deleterious
variants as those with GERP scores above 4 and then
calculating the ratio of deleterious to neutral SNPs for both
GI and CEU. When doing so the deleterious to neutral SNP
ratio is significantly lower in the GI compared to the CEU
(Table S4, row 2) and is almost as low as the ratio of non-
synonymous to synonymous sites among the most delete-
rious GERP scores (Table S4, rows 5 and 6). Hence, there
seem to be a higher proportion of deleterious variants in
CEU than in GI, particularly for highly deleterious variants.
We provide an interpretation of this finding in the Discus-
sion section.

Consequences for disease mapping

Regardless of whether selection has acted less efficiently in GI
or not, our results clearly show that individual deleterious
variants tend to have higher frequency in GI compared to CEU
(Figure 4). This is potentially important for quantitative trait
mapping and disease mapping since it implies that the GI
population will, in some cases, be more powerful for associ-
ating variants with disease than the CEU population (Hong
and Park 2012). This view is similar in spirit to what was
suggested for other historically isolated populations like the
Finnish and Native American populations (Peltonen et al.
2000; Kristiansson et al. 2008; Kurki et al. 2014; Zuk et al.
2014). To investigate the potential of GI for mapping com-
plex traits relative to other isolated populations, we binned
alleles according to their frequency in larger cosmopolitan
reference populations, using the allele frequencies from the
ExAC. Then, for each bin, we determined how often the al-
leles are common among GI compared to how often they are
common in other isolated populations. As can be seen in
Figure 6, Figure S9, Figure S10, and Figure S11, we find that

Table 1 Genetic load summary statistics

Category (N SNV)
Ratio of derived
allele counts

Ratio of homozy-
gous-derived geno-

type counts
Ratio of derived

alleles in fixed sites
Derived alleles
from fixed sites

Ratio of derived
alleles per SNV Rxy

Derived alleles (49,631) 1.002 (0.004) 1.156 (0.008) 4.413 (0.301) GI:17.0% CEU:3.9% 1.484 (0.009) 1.004 (0.008)
Synonymous (20,693) 1.006 (0.005) 1.156 (0.010) 4.733 (0.420) GI:18.2% CEU:3.9% 1.420 (0.011) 1.013 (0.012)
NCE+UTR (4919) 1.006 (0.012) 1.168 (0.022) 5.268 (0.900) GI:17.9% CEU:3.4% 1.466 (0.023) 1.013 (0.026)
Missense (23,582) 0.996 (0.006) 1.151 (0.012) 3.899 (0.377) GI:15.5% CEU:4.0% 1.550 (0.013) 0.993 (0.013)
LoF (400) 1.009 (0.063) 1.296 (0.131) 2.500 (2.840) GI:9.3% CEU:3.8% 1.625 (0.115) 0.991 (0.104)
LoFa (278) 1.045 (0.099) 1.457 (0.286) b GI:0% CEU:4.4% 2.026 (0.194) 1.064 (0.142)
GERP ,2 (29,183) 0.999 (0.005) 1.140 (0.009) 4.293 (0.291) GI:18.4% CEU:4.0% 1.414 (0.009) 0.999 (0.010)
GERP .2:,4 (9853) 1.001 (0.010) 1.169 (0.018) 4.725 (0.757) GI:15.3% CEU:3.1% 1.517 (0.019) 1.002 (0.019)
GERP .4:,6 (10,211) 1.011 (0.011) 1.222 (0.022) 4.659 (0.919) GI:12.7% CEU:2.8% 1.697 (0.023) 1.021 (0.021)
GERP .6 (353) 1.069 (0.060) 1.244 (0.093) b GI:8.6% CEU:0% 1.888 (0.130) 1.127 (0.113)

Comparisons between 18 Greenlandic Inuit (GI) and 18 Utah Residents (CEPH) with Northern and Western Ancestry (CEU) individuals using 93.047 SNP sites located in genic
regions with full information for both populations. Ratios are the sum within GI divided by the sum within CEU. Standard errors are given in parentheses.
a Unambiguous sites (sites where all possible functional annotations were LoF annotations).
b Too few sites fall in this category to allow a meaningful result.
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rare alleles among Non-Finnish Europeans are more likely to
be common in GI than in Finnish, East Asian, and Latino
populations. This pattern is especially pronounced for vari-
ants that are extremely rare in Non-Finnish Europeans
(MAF ,1 3 1023). Similar patterns are seen when looking
at variants that are rare in East Asians. This suggests that the
GI population does indeed have potential to provide in-
creased power to detect alleles that are rare in Non-Finnish
Europeans and East Asians. Further, this increase in power is
even larger than that of both Latinos and Finns, populations
that are considered particularly powerful for trait mapping.

Next, we investigated the frequency distribution of all the
LoF variants (including frameshift) that are present in at least
two copies in the GI dataset and are rare, but not absent, in
both the European and EAS populations (MAF below 0.5%)
(Table 2 and Table S5). We did this because such alleles are
of potential interest for the Europeans and EAS, but difficult
to map and investigate in these populations due to their low
frequency. This approach led to the identification of 6 SNVs
and 14 indels. One of the SNVs, located in TBC1D4, was re-
cently shown to have a very large impact on type 2 diabetes
(Moltke et al. 2014) and one of the indels, located in SI, was
recently shown to have large impact on a sucrase-isomaltase
deficiency (Marcadier et al. 2014). Other interesting variants
include an SNV in the gene SEMA4C, which is associated with
neonatal lethality (Maier et al. 2011; Moltke et al. 2014), and
SNVs in CRYGA and USP45, which might be involved in cat-
aract and DNA repair, respectively (Kapur et al. 2009; Perez-
Oliva et al. 2015). The fact that these variants which have
phenotypic consequences are relatively common in the GI (at
least 2 out of 36 copies) suggests that deleterious variants of
functional importance may have drifted up in frequency in
the GI, making them easier to detect using genome-wide
association studies.

Discussion

We have performed analyses of exome data from the GI
population with the aim of investigating the consequences
of small population size for deleterious genetic variation in
humans. We first investigated the demographic history of the
GI population and found that it dramatically decreased in size
�20,000 years ago and remained small for .15,000 years,
which corroborates previously reported results (Fumagalli
et al. 2015). Furthermore, we observed a flattening of the
SFS (i.e., decrease in the proportion of low-frequency vari-
ants) for populations with increasing distance to Africa. In
fact, the SFS for the GI population was even flatter than those
for the equally distant Mayan and Peruvian populations. This
suggests that the GI population underwent further reductions
in population size while crossing the North America land-
mass. This is consistent with our estimates of the GI popula-
tion size over time (Figure 1), where the population size
remained low following the entry into North America. This
finding makes the GI population highly relevant to the study
of how demography has shaped deleterious variation in
humans.

Comparing genetic load in GI and other populations
using different approximations

We next investigated whether the severe bottleneck has
affected the genetic load of the GI population by comparing
it tootherhumanpopulations. In this context, it is important to
reiterate that genetic load cannot be directly calculated from
exome data (Lohmueller 2014a). It can only be approximated
through the use of summary statistics. The accuracy and ef-
fectiveness of these approximations depend on the underly-
ing effect model, i.e., whether the deleterious alleles are
acting additively or recessively. Further, empirical quantifica-
tion of genetic load from genetic variation data depends on

Figure 4 GERP score load and stratification of delete-
rious alleles based on frequency. (A) GERP score load
for GI and CEU calculated assuming a fully additive
model (top two bars) and assuming a fully recessive
model (bottom two bars). The GERP score load is the
approximation to the genetic load based on annotated
GERP scores converted to selection coefficients using
the approach used in the review by Henn et al. (2015).
We note that if the selection coefficients from Henn
et al. (2016) are used instead, we see qualitatively
similar results. Black error bars indicate 95% C.I. (B)
The proportion of deleterious variants classified by
GERP score (Moderate: 2 , GERP , 4, Large: 4 ,
GERP , 6, Extreme: 6 , GERP) that belong to differ-
ent frequency-based categories in GI and CEU: low
frequency SNPs vs. common SNPs. Low-frequency
SNPs are here defined as singletons and doubletons
(equivalent of a frequency of at most 1/18�0.056),
while common SNPs are defined as tripletons or more
than that including fixed derived sites (equivalent of a
frequency of 1/12 or above).
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the accuracy of the functional annotations and predictions of
whether and to what extent alleles are deleterious. We there-
fore compared the genetic load between the GI and CEU
populations using several different proxy statistics. Our anal-
yses reveal a slight, but not significant, increase in load in GI
when using proxy statistics that assume an additive effect,
like the number of derived alleles. However, the GI show a
significantly larger genetic load when using proxy statistics
for load that assume a recessive effect, like the number of
homozygous-derived genotypes (Table 1). Importantly, we
observed similar results when comparing GI to CHB and
YRI (Table S1 and Table S2). These observations are in line
with the results from several previous studies (Simons et al.
2014; Do et al. 2015) and are consistent with our simulations
where we observe no significant effect on the number of de-
rived alleles and a large significant difference in number of
homozygous-derived genotypes (Figure 3, Figure S9, Table
S6, and Table S7). When looking at variant sites that are
predicted to be strongly deleterious by GERP (score .6),
we observed a larger increase in number of derived alleles
in GI than in CEU. However, this increase is still small and
nonsignificant using jackknife resampling. Therefore, our re-
sults are not necessarily conflicting with Henn et al. (2016)
who found that the number of deleterious alleles increases
with distance from Africa. However, while we may have
expected to see a stronger increase in load in the GI than in
the Mayan used by Henn et al. (2016), we likely have limited
power to detect these subtle effects.

Simulation of genetic load

Importantly, because our simulations assume an underlying
populationgeneticmodel, it is possible todirectly compute the
true genetic load from them. Thus, we are not confounded by
the accuracy of the functional annotation or using the wrong
summary statistics for the true genetic model. When comput-
ing genetic load using its definition, the simulations show a

significant increase in the true load in the simulated GI
individuals compared to the simulated CHB individuals (Fig-
ure 5 and Table S6). Even under an additive model, there is a
small but significant increase of 4%, when simulating no re-
cent population growth in the CHB population, and up
to .6% when simulating recent population growth in the
CHB population. This suggests that small population size
over a long period of time can indeed lead to increased load
even if all alleles have an additive effect. Our results are
concordant with recent results from Harris and Nielsen
(2016) who found a large significant decrease in additive
fitness among Neanderthals relative to humans due to a se-
vere population size reduction in Neanderthals. Further, our
results are also concordant with those of Marsden et al.
(2016) who, using simulations, showed that bottlenecks as-
sociated with dog domestication could result in a 2–3% in-
crease in additive genetic load in dogs compared to wolves.
We note that our simulations are based on 10,000 indepen-
dent regions of 100,000 bases, which might be the reason we
see a significant difference in the number of derived alleles
between the two populations in the simulations for three of
our models (Table S6 and Table S7) and not in our exome
genotype data. Importantly, we see that the load ratios re-
main much higher than one indicating there is in fact a dif-
ference in true load under an additive model (Table S6 and
Table S7). However, we note that this difference in load re-
mains small (1–6%) and thus its biological impact is not clear.

Overall, our results suggest that the fact thatwedonot seea
significant increase in the number of derived alleles in GI
compared to CEU (or the other two populations) does not
necessarily mean that there is no difference in load under an
additive model (Figure 5). Furthermore, it supports the con-
clusion from Lohmueller (2014a) that part of the reason why
different studies reach different conclusions about load is
that they are based on different ways of quantifying load,
and testing for differences across populations. Some of these

Figure 5 GI are predicted to have a higher genetic load
than the CHB. The ratio of the true genetic load (black
errors bars indicate SE) (see Materials and Methods) in the
GI vs. CHB (blue bars) is .1, suggesting that the GI have a
higher genetic load than CHB. However, the ratio of the
number of derived alleles in the GI vs. CHB rarely shows
any deviation from 1 (green bars), likely due to the inclu-
sion of neutral sites (see text).
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approaches are likely underpowered to detect subtle, but re-
al, differences in load across populations. More specifically,
while recent studies have suggested that the number of de-
rived alleles per individual is gold-standard in quantifying
differences in genetic load in populations (Simons and Sella
2016), our simulation results suggest that this statistic is
likely underpowered to detect subtle, but real, differences
in load when neutral variants are included in the putatively
deleterious class (Figure 5). Given that determining which
variants are in fact deleterious remains challenging (Dong
et al. 2015), we favor a more comprehensive approach re-
lying on multiple summary statistics and model-based anal-
yses to carefully dissect patterns of deleterious variation
across populations (Brandvain and Wright 2016).

Taken together, the results fromour empirical analyses and
simulations argue that there likely is a slight (,6%) increase
in genetic load in the GI compared to other populations.
Importantly, the fact that the increase in load was so small
for a population with such an extreme bottleneck argues that
the load is unlikely to differ between other human popula-
tions with less dramatic demographic histories. However,
species other than humans, which may have greater variation
in demographic histories, or may have had small population
sizes for much longer time periods, may show greater vari-
ability in additive genetic load with demography. Indeed, the
long-term small population size inferred for Neanderthals
may have resulted in them having a higher genetic load than

humans (Harris and Nielsen 2016). Our results also clearly
show that the extent to which the load is increased in GI due
to the severe bottleneck depends heavily on the true distri-
bution of fitness effects and dominance coefficients. Hence to
fully explore the degree to which genetic load differs across
populations, more knowledge about these critical parameters
is needed.

Selection in the GI population

The subtleties discussed above make it difficult to use com-
parisons of the overall genetic load tomake conclusions about
whether or not the severe bottleneck in GI has led to less
efficient selection in the GI.We therefore also examined other
statistics to address that question.Oneof thesewas the ratio of
nonsynonymous to synonymous SNPs. If selection has acted
less effectively in GI compared to larger populations, like the
CEU, then we would expect this ratio to be higher in the GI
population than in CEU. We observe the opposite. However,
wenote that the ratio of nonsynonymous to synonymousSNPs
is highly sensitive to recent demographic changes (Brandvain
and Wright 2016; Gravel 2016) and that our observations
could also be explained by the recent explosive population
growth in CEU (Lohmueller 2014a). Importantly, we also
note that if selection has acted equally efficiently in the two
populations, then we would expect that the ratio of homozy-
gous-derived genotypes in the two populations would be the
same across categories with different levels of deleterious
effect. However, we find that this is not the case. On the
contrary, the ratio of homozygous-derived genotypes is sig-
nificantly higher in sites with large deleterious effects, i.e.,
GERP scores above 4 and below 6 as compared to neutral
sites, i.e., sites with GERP scores below 2 (see asterisk in
Figure 3). This result was also seen when comparing GI
and YRI (asterisk in Figure 3) but not when comparing GI
and CHB (see Figure 3). In the latter case, there is an increase
in the ratio between the two categories but it is not significant
(Figure 3). This suggests that the impact of selection is not
the same in GI compared to the YRI and CEU populations and
potentially not CHB either. More specifically, it suggests that
selection against deleterious alleles has acted less efficiently
in GI under a recessive model compared to the other popu-
lations. This argument is supported by the fact that we ob-
served a similar pattern in our simulations. Here the increase
in the homozygous-derived genotype ratio for the sites under
selection (denoted as load ratio in Table S6 and Table S7)
under a recessive model is particularly large for alleles with
selection coefficient s = 0.002, which correspond to a GERP
score of 4–6 (Henn et al. 2016) (Figure S9, Figure S10, and
Figure S11). However, we note that in the simulation with
growth for the CHB population under a fully recessive model
for strong selection (s = 0.1 and s = 0.01) we see a particu-
larly high load for GI (ratio.2.8 times higher than CHB) and
suspect this to be a result of the combination of limited data
and much more efficient purging of deleterious alleles in the
growing CHB population. This load difference would also
explain why deleterious alleles have higher frequencies in

Figure 6 Probability of alleles being common among GI compared to
among Finns. For alleles in different frequency categories in Europeans
(x-axis) the points show how much more likely the alleles are to be
common in GI than in Finns (y-axis). Here, common is defined in four
different ways, each represented by a specific color point: e.g., the dark
blue circles represent results for analyses made with common defined
as .2 out of 36 alleles, which corresponds to a frequency of �0.056
(for the remaining definitions, see the figure legend).
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GI than in CEU (Figure 4). Hence these results combined
suggest that selectionmay have acted less efficiently, and that
the higher ratio of synonymous to nonsynonymous sites in GI
is most likely explained by the population growth in CEU as
has been suggested in other studies (Lohmueller 2014b).

Disease mapping in the GI population

Regardless of whether the genetic load is higher in GI, our
results clearly show that the manner in which that load is
carried has been substantially affected by population history.
The GI population has fewer polymorphic sites. However,
derived alleles at those sites that are segregating tend to be at
higher frequencies. This finding has direct implications for
the architecture and study of complex traits. First, for com-
plex disorders, where many loci are involved, we do not
expect the severe population bottlenecks to lead to a large
increase in disease prevalence in the GI compared to other
populations.

For example, this canbe illustratedby theTBC1D4variant’s
impact on the prevalence of type 2 diabetes. Despite its large
effect (odds ratio = 10.3) and relatively high frequency of
23% in the GI (Moltke et al. 2014), the Greenlandic popula-
tion has not had a historically high incidence of type 2 diabe-
tes (Jorgensen et al. 2002). We suspect that the absence of
other type 2 diabetes variants in GI are compensating for the
presence of this common variant, but acknowledge that other
variants may be found if we studied more samples. However,
for the rarer, more monogenetic traits, we suspect that the
burden of risk mutations will be very different in Greenland.
Because fewer variants are involved, the variance of the prev-
alence of the trait will be much greater. This means that such
diseases will likely either be entirely absent from the popu-
lation or be more prevalent. Sucrase-isomaltase deficiency is
an example of the latter. Sucrase-isomaltase deficiency is a
very rare disorder in large populations, but is estimated to
affect 5–10% of individuals in Greenland (McNair et al. 1972;
Gudmand-Høyer et al. 1987). This is presumably solely due
to a single SI frameshift variant, which we find in a homozy-
gous state in three of the individuals among the nine GI trios
(Table S5).

Theway that the bottleneck in GI has shifted the frequency
spectrum also has implications for our ability to characterize
the function of certain genes, including causal mutations for
Mendelian and complex traits. Due to the higher frequency of
deleterious alleles, even LoF alleles, the GI are enriched for

homozygous functional knockouts compared to the CEU. This
enables investigation of the function of the genes that harbor
such mutations.

Finally, the population history of GI has implications for
disease mapping. It has long been acknowledged that pop-
ulations which have undergone a recent population bottle-
neck and therefore, like the Greenlandic population, carry
deleterious alleles with higher allele frequency compared to
larger populations are useful in disease studies, because the
increased allele frequency (along with increased linkage
disequilibrium) leads to increased power in association test-
ing (Peltonen et al. 2000; Kristiansson et al. 2008; Kurki
et al. 2014; Zuk et al. 2014). The isolated Greek population
is one such population, where a cardioprotective variant
was found at a higher frequency than in European popula-
tions (Tachmazidou et al. 2013). The isolated Finnish pop-
ulation is another well-studied population, where two novel
mutations have been found to be associated with lipoprotein
levels (Lim et al. 2014). Other examples included various
Native American populations where studies have detected
several novel disease variants. Interestingly, our analyses
show that GI outperforms both Finns and Latinos in terms
of improving power in association testing due to higher al-
lele frequencies (Figure 6, Figure S11, Figure S12, Figure
S13, and Figure S14). Thus, our results argue that the GI
will provide an excellent opportunity to discover many
novel associations between genetic variants and complex
traits.

Our simple screening of the LoF variants demonstrates
the utility of the GI for disease mapping. It also shows that
studies of the Greenlandic population can be used to iden-
tify alleles of large effect. However, populations like the
Greenlandic are also useful for identifying variants with
lower effect sizes, because, as shown here, such alleles are
much more likely to be at high frequency than are alleles of
large effect. Because our analyses of allele frequencies
among GI compared to Finns and Latinos were carried
out for alleles that are rare, but still present in Europeans
and East Asians, they suggest that disease mapping in the
Greenlandic population has great potential to lead to iden-
tification of variants that are also important in larger
populations. Thus, studies of the GI population consti-
tute a particularly promising approach for future disease
mapping.

Table 2 Summary of loss-of-function mutations at count >2 in the GI

rs number Gene name Possible clinical implications
Genotypes among the
18 Inuit (parents only) Reference allele

rs12471298 SEMA4C Neonatal lethality CC = 12,CA = 6 C
rs61736969 TBC1D4 Type 2 diabetes GG = 7,GA = 7,AA = 4 G
rs116344874 CRYGA Cataract GG = 13,GA = 5 G
rs189281869 USP45 DNA repair (following UV irradiation) TT = 15,TA = 3 T
rs189664399 SIGLEC7 Unknown CC = 15,CT = 3 C
rs201985967 SPAG4 Unknown TT = 13,TA = 5 T

LoF variant (Stop & splice variants) annotation for alleles that are rare in Europeans and East Asians (below a MAF of 0.5%).
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