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Abstract

Modern and ancient genomes are not necessarily drawn from homogeneous popula-
tions, as they may have been collected from different places and at different times.
This heterogeneous sampling can be an issue for demographic inferences and results
in biased demographic parameters and incorrect model choice if not properly con-
sidered. When explicitly accounted for, it can result in very complex models and high
data dimensionality that are difficult to analyse. In this paper, we formally study the
impact of such spatial and temporal sampling heterogeneity on demographic infer-
ence, and we introduce a way to circumvent this problem. To deal with structured
samples without increasing the dimensionality of the site frequency spectrum (SFS),
we introduce a new structured approach to the existing program fastsimcoal2. We
assess the efficiency and relevance of this methodological update with simulated and
modern human genomic data. We particularly focus on spatial and temporal hetero-
geneities to evidence the interest of this new SFS-based approach, which can be es-

pecially useful when handling scattered and ancient DNA samples, as in conservation
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1 | INTRODUCTION

Most population genetics analyses assume that sampled individ-
uals come from discrete and homogeneous populations without
any subdivision or genetic structure (Loog, 2021). However, this
is rarely the case with genomic data, as individuals are often sam-
pled from populations that were structured in the past (Mazet
et al., 2015) or from a relatively broad geographic region including
differentiated populations (Chikhi et al., 2010; Peter et al., 2010),
like for human samples where several small population samples

were collected over a wide area (Mallick et al., 2016). On the other

genetics or archaeogenetics.

archaeogenetics, conservation genetics, demogenomics, demographic inference, population
genetics - empirical, site frequency spectrum

hand, when analysing ancient genomes, due to the scarcity of an-
cient remains from a particular location, one also often faces a
potential temporal heterogeneity as fossils from a given archaeo-
logical site rarely have the same age, that is, are often separated
by hundreds or thousands of years. The analysis of such heteroge-
neous samples is therefore equivalent to the analysis of samples
drawn from a structured population.

Whereas such temporal and spatial heterogeneities are not
impacting inferences of the genetic affinities between individuals
such as principal component analysis, multidimensional scaling ap-

proaches or admixture analyses (Alexander et al., 2009; Patterson
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et al., 2006), they can be more of an issue when studying popula-
tions' past history (Harding & McVean, 2004). Indeed, demographic
inferences based on genomic data might be especially sensitive to
such heterogeneities, which can lead to an underestimation of re-
cent coalescent rates, an overestimation of population size or a sig-
nal of recent population growth if not properly considered (Heller
et al., 2013; Orozco-terWengel, 2016; Peter et al., 2010; Rodriguez
etal., 2021).

In the context of site frequency spectrum (SFS)-based de-
mographic inferences (Excoffier et al., 2013; Gutenkunst
et al., 2009; Kamm et al., 2020), one way to deal with this issue
would be to consider each individual as belonging to a separate
population and to estimate the past demography of each popula-
tion separately. However, this approach would not only require
the estimation of an overly large number of parameters (Bhaskar
etal., 2015), but it would also lead to a very high-dimensional SFS,
where the number of entries could be of the order of, or even
exceed, the number of available SNPs (Bhaskar & Song, 2014;
Terhorst & Song, 2015). For instance, the unfolded SFS of 15
samples of one diploid individual each would have 14,348,907
entries, since the derived allele can have frequencies of O, 1 or
2 in each sample, such that there are 3'° possible combinations
of allele frequencies among the 15 samples. In such a case, the
observed SFS under a given scenario could greatly depart from its
expectation under the correct model by chance, making it impos-
sible to recover the true demography of the populations (Lapierre
et al., 2017; Rosen et al., 2018; Terhorst & Song, 2015). It thus
seems more reasonable to work on a SFS of lower dimension
and on a simpler model with fewer parameters, which could be
achieved by pooling individuals from different locations or dif-
ferent ages in the same population sample. However, this pool-
ing should lead to a Wahlund effect, that is, an apparent excess
of homozygotes (De Mee(s, 2018), which has been previously
dealt with in SFS inference by allowing for some inbreeding in the
pooled samples (Marchi et al., 2022). This approach introduces a
specific inbreeding coefficient (F ;) for each pooled sample, which
corresponds to the probability that the two homologous alleles
of an individual have a very recent common ancestor. This simple
solution does not seem optimal if the pooled sample contains sev-
eral individuals from the same panmictic population mixed with
individuals from other panmictic units, as the various levels of
relatedness among individuals might not be properly considered.
Furthermore, this procedure requires assigning some unique
parameters for the population despite its heterogeneity, like an
average sampling age or population size, which can affect the es-
timation of other parameters (e.g. divergence times).

Here, we propose an alternative solution to this problem, which
consists in pooling individuals into samples while explicitly consid-
ering their geographic or temporal structure, that is, by modelling
their genetic structure and taking into account the exact sampling
age of each sample. This explicit structure modelling seems relevant

when one is interested in the demography of ancestral populations

or of metapopulations in which the sampled are embedded (e.g. the
divergence between cultural or continental groups).

In order to evaluate the relevance and efficiency of this latter
approach, implemented into a new version of the fastsimcoal2 pro-
gram (Excoffier et al., 2021; Figure S1), we have simulated a series
of population samples presenting various extent of spatial and/or
temporal heterogeneity (Figure 1) and we tested the ability of dif-
ferent modelling strategies (i.e. an absence of structure, an implicit
structure or an explicit structure; Figure 2) to best recover the pa-
rameters of the simulated models. Note that the first two recovery
strategies (absence of structure and implicit structure) were already
implemented in fastsimcoal2, whereas the explicit structure ap-
proach associated with a pooling of the SFS of specified populations

is new to this paper.

2 | MATERIALS AND METHODS
2.1 | fastsimcoal2 input file extension

The pooling of samples is made possible for fastsimcoal2 users by an
extension of the input files (.par or .tpl files; see Figure S1) where a
new keyword ‘sfspool’ allows one to assign samples to specific SFS
pools. Assigning the same pool number to different samples indi-
cates that the SFS should be computed by estimating allele frequen-
cies on all members of the same pool. Note that one can still use
old fastsimcoal2 files that do not mention any sfspool, as in that case
each sample is assigned automatically to a different SFS pool, and
the new strategy is thus transparent to the user.

2.2 | Simulated models

We assessed the effect of the new strategy under four sim-
ple evolutionary scenarios showing various types and various
amounts of heterogeneities between samples: a spatial structure
(Figure 1a,b) and a temporal structure (Figure 1c,d). In these sce-
narios, we modelled the divergence of two continents of 1000
diploid individuals 1000 generations ago from an ancestral popu-
lation of 10,000 diploid individuals. These continents exchanged
200 generations ago a single pulse of migrants at rate admPROP
from Continent 2 to Continent 1 (looking forward in time). The
simulated models differ by the number of populations sampled
from each metapopulation (2 or 5, each population including 50
diploid individuals), the divergence time (TDivPop) of these popu-
lations, the admixture rate (admPROP) and the age (Age) of the
samples, as reported in Table 1.

For each model, we performed 10 independent simulations
(replicates): each time 500,000 unlinked DNA segments of 100 bp
(i.e. 50Mb) were simulated under an infinite site mutation model
with a mutation rate of 1.25e-8 per bp per generation (Tian

et al., 2022). For each replicate, we sampled 1, 2 or 5 diploid
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(a) Spatial heterogeneity 1 (b) Spatial heterogeneity 2
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1000 1000
200 200
TDivPop TDivPop =50
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FIGURE 1 Simulated model implementing a spatial heterogeneity between a pair of populations (a) or among five populations (b), or

a temporal heterogeneity between individuals sampled from separate populations (c) or from the same population at different times (d),
the latter case corresponding to a population continuity scenario. Numbers along the branches of the population tree indicate the diploid
population sizes, n to the diploid sample size, TDivPop refers to the divergence time of the sampled populations from the continent, Age to
the sampling time of the individuals and admPROP to the admixture rate from the second to the first continent 200 generations ago. See

Table 1 for simulation conditions.

individuals per population, from which we computed an unfolded
SFS (the SFS recording the derived allele frequencies in each pop-
ulation). This simulated SFS was then considered as the ‘observed’
or ‘true’ data, and it was used in the next step to estimate model
parameters and compute likelihoods. All input files and fastsim-
coal2 command lines used for the simulations and computations
are available in our GitHub repository (https://github.com/CMPG/
sfspool).

2.3 | Recovering simulated models
2.3.1 | Estimation strategies

To evaluate whether the pooling approach was efficient, we esti-
mated our ability to recover some key parameter estimates (ages of the
events, ancestral population and continent sizes, admixture rate) of the
‘true’ (simulated) models with different estimation strategies (Figure 2):
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FIGURE 2 Schematic representation of the various models (‘estimation strategies’) used to recover the parameters of the simulated
models shown in Figure 1 for a spatial (a) or a temporal (b) heterogeneity. n is the diploid sample size (except for Explicit Structure 2, we
sampled a total of 2n diploid individuals in Continent 1, which could then be allocated to different sampled populations in the explicit
structure strategies), and NAnc refers to the ancestral population size and NCont1 and NCont2 to the size of the continents; TDivCont is the
time of divergence between the continents, and TDivPop is the divergence time of populations within continents; the ages of the samples are
written in red. In some scenarios, we also modelled a single pulse of admixture at rate admPROP some TAdm generations ago.

No structure: We considered that the sampled individuals come
from panmictic populations called Continent 1 and 2; that is,
there is no hidden substructure (Figure 2a). For individuals sam-
pled at different times (Figure 2b), we used the mean age of the
individuals as the sampling time.

Implicit structure: We used a population ‘inbreeding coefficient’
(F,g in Figure 2) to account for a potential hidden substructure
within the continents (Wahlund effect), a strategy that was
used previously to account for potential deviation from Hardy-
Weinberg due to population structure (de Manuel et al., 2016;
Marchi et al., 2022).

Explicit structure: We considered here that the sampled individuals
belonged to different populations that split TDivPop generations
ago from the panmictic continents (2 or 5 populations per con-
tinent in the different Explicit Structure scenarios). However, we
computed the SFS at the level of the continents as in the other
strategies; that is, the different populations within the same conti-
nent are considered altogether to calculate the allelic frequencies
of the SFS entries. Thus, with this pooling strategy, we explicitly al-
lowed for some sample heterogeneity and modelled the potentially
different ages of each sample in case of temporal heterogeneity.
Temporal sampling: We considered a model where the individuals
sampled at different epochs originate from the same population,
which is like assuming a genetic continuity of the populations
from which the samples were drawn.

Note that for each strategy, we tested scenarios without and
with admixture from Continent 2 to Continent 1 (TADM generations
ago, at rate AdmPROP), even for conditions where no admixture was

simulated in the true model.

2.3.2 | Parameter estimation

The (multinomial) likelihood is estimated by approximating the
estimated SFS via coalescent simulations (Excoffier et al., 2021)
performed under a given set of parameter values. An expectation
conditional maximization (ECM) algorithm (Meng & Rubin, 1993) is
then used to iteratively find parameters maximizing the likelihood.
In this approach, each parameter of the model is maximized in turn,
keeping the other parameters at their last estimated value, and this
procedure is repeated for a predefined number of cycles. See our
GitHub repository (https://github.com/CMPG/sfspool) for the input
files and command lines that were used.

2.3.3 | Model comparison

We evaluate the performance of the different strategies to recover
the true model by comparing their estimated parameter values
and their likelihood. We computed the difference (Delta Lhood)
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between the likelihood of the strategy estimated by fastsimcoal2
from simulated data and the maximal possible value of the likeli-
hood computed by equating estimated SFS entries to observed SFS
entries. Furthermore, as the simulated data consist mostly of inde-
pendent SNPs, our likelihoods are not composite likelihoods and
we can use Akaike criterion (AIC; Akaike, 1974) to compare models
with different numbers of parameters. We first computed AIC as
AIC; = 2k; — 2In(10)|og10(fi), where k; is the number of degrees of
freedom of the i-th model and Ioglo(fi> is the log,, likelihood re-
ported by fastsimcoal2. The relative likelihood of different models
was then estimated as exp((AIC,;, — AIC;) / 2), where AIC,; is the
minimum AIC value obtained for the best model for each replicate.
The best model has thus a relative likelihood of 1, and other models
have lower relative likelihoods. We consider that other models are

significantly less good if their relative likelihood is smaller than 5%.

2.4 | Application to human data
241 | Genomic data

To illustrate the validity of this approach for demographic infer-
ences, we have applied our new pooling strategy to genomic data
from modern samples. We investigated the relationships between
populations from Africa, Europe and Asia. To do so, we selected
from the SGDP panel (Mallick et al., 2016) 24 individuals from 12
populations: the Esan, Mandenka, Mende and Yoruba populations
from Western Africa; the Bulgarian, Sardinian, Spanish and Tuscan
populations from Europe; the Cambodian, Han, Kinh and Thai popu-
lations from Southeast Asia. We filtered the individual vcf files based
on their sequencing depth (DP 28 and DP <min(200, Q99%), where
Q99% is the 99th percentile of the depth distribution). Furthermore,
we filtered out low-quality variants (QUAL <20). Following the fil-
tering step, we merged all individual files in a single vcf file and we
polarized it to the EPO ancestral allele (human_ancestor_GRCh37_
e59 from ensembl_compara_59@ens-livemirror:3306). From these
genomic data and using the same approach as in Marchi et al. (2022),

we obtained a SFS on the neutral portion of the genome (with local

TABLE 1 Parameter combinations of the simulated models.
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recombination rate >1 cM/Mb and no mutations potentially affected
by biased gene conversion (BGS), see (Pouyet et al., 2018)) including
141,504,530 sites for which we estimated a neutral mutation rate
of 6.13e-09 per bp per generation using a procedure described in
Marchi et al. (2022). We performed a multidimensional scaling (MDS)
analysis from a matrix of pairwise nucleotide divergences . (Nei &
Li, 1979) computed between all pairs of genomes, only considering
the sites used for the computation of the observed SFS, using the R

cmdscale function from the stats package (Figure S2).

2.4.2 | Demogenomic modelling

We then built demographic scenarios inspired from previous work
(Malaspinas et al., 2016; Massilani et al., 2020) enabling us to es-
timate the divergence times between and within continents, the
size of the different ancestral and sampled populations and other
parameters, as described in Figure S3. We tested two scenarios:
(i) an explicit structure within continent that is based on the new
pooling approach, where the sampled populations are assumed to
have simultaneously diverged from each other some time ago (a pa-
rameter to be estimated); (ii) an implicit structure considering that
all samples from a given continent belong to a unique population,
where the hidden underlying genetic structure potentially leading
to a Wahlund effect is dealt with by modelling an inbreeding F,; co-
efficient. Furthermore, we tested these two scenarios in the pres-
ence or absence of an admixture from a ghost population into the
Western African metapopulation.

For each scenario, we performed 200,000 coalescent simula-
tions per likelihood estimation and 30 expectation conditional max-
imization (ECM) cycles to find parameters maximizing the likelihood.
This procedure was repeated from 100 different initial conditions,
and the parameters with the overall maximum likelihood were kept.

Note that as the polymorphic sites of the real human data are
not all independent (contrary to those generated by simulations), the
computed likelihoods are here composite likelihoods. We neverthe-
less computed the model AIC, but we are aware that the inferred

relative likelihood of the least fit model might be underestimated.

Simulated models TDivPop Age admPROP
Spatial heterogeneity (two populations per No heterogeneity 0 0 0
continent) Weak heterogeneity 10 0 0
Medium heterogeneity 50 0 0
Strong heterogeneity 100 0 0
Spatial heterogeneity with admixture (two or No admixture 50 0 0
five populations per continent) Gelll adliiie 50 0 015
Large admixture 50 0 0.30
Temporal Heterogeneity (one or two Recent heterogeneoty; strong admixture 50 10 0.30

populations per continent)
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2.4.3 | Parametric bootstraps

Confidence intervals for the parameters estimated under the two
best models were obtained using a parametric bootstrap approach
described previously (Excoffier et al., 2013) and summarized hereaf-
ter. In brief, we first generated 100 SFS computed from the simula-
tion of 100 chromosomes of 141 Mb (corresponding approximately
to the neutral part of the genome that was used for the original
parameter estimation) using the maximume-likelihood estimated pa-
rameter values. For each of the 100 SFS, we re-estimated the param-
eters of the model for 20 independent runs. The parameters of the
run having overall largest likelihood were kept for each of the 100
simulated data sets. These 100 sets of parameters were then used
to compute the 2.5% and 97.5% quantiles of the distribution of each
parameter, approximately delimiting a 95% Cl around the initially es-

timated ML values.

3 | RESULTS
3.1 | Spatial heterogeneity without admixture

We assessed the performance of various estimation strategies by
computing the difference (Delta Lhood) between the estimated
likelihood and the maximum likelihood given the observed SFS. In
addition, we also computed the relative likelihoods of the different
models from their AIC (see Section 2.3.3). When there is medium
to strong spatial heterogeneity between the populations (Figure 1a,
Table 1), the estimations based on an explicit structure outperformed
the other estimation strategies (Figure 3). Globally, the estimation
strategy that does not assume any structure at all is not performing
well in that case, for any sample size (Figure 3), as it has consistently
very low relative likelihood (Figure S4). When a single diploid indi-
vidual is sampled per population, the implicit structure strategy (es-
timating F,; within pooled populations) leads to Delta (Figure 3) and
relative likelihoods (Figure S4) that are very close or even better than
those obtained under the explicit structure strategy. The recovered
parameters are also well estimated, except perhaps the continent
sizes that are overestimated (Figure S5A). However, when more than
one diploid individual is sampled from each population, the explicit
structure strategy leads to Delta and relative likelihoods that are
much better than the two strategies not explicitly considering the
genetic structure of the samples (Figure 3, Figure S4). Regarding the
ability of the different strategies to estimate parameter values, we
find that the explicit strategy allows one to correctly recover true
parameter values, while the implicit strategy leads to a clear overes-
timation of the ancestral population size and an underestimation of
the continent sizes and divergence time (Figure S5A).

Differences in performance between estimation strategies thus
depend on the actual number of individuals sampled per population,
but even more on the level of genetic heterogeneity among popula-
tion samples. The advantage of the explicit strategy is indeed more
visible when a strong heterogeneity is simulated (TDivPop=100,

i.e. Fg;~0.63) than for a medium heterogeneity (TdivPop=50,
F¢;~0.4; Figure 3), or for a weak spatial heterogeneity (TdivPop =10,
F¢r~0.1), but it is present in all cases for n>2 (Figure S4: the ex-
plicit structure strategy shows the best relative likelihood for all 10
replicates when there is a strong and medium heterogeneity, and
for the majority of the replicates when there is a weak heteroge-
neity). Importantly, if the true model does not include any spatial
heterogeneity (TDivPop=0), the use of an explicit structure as an
estimation strategy is not penalizing as the likelihood of this type of
model is similar to that obtained under the true model without any
structure (Figure 3, bottom row). This strategy also leads in that case
to relative likelihoods that are often very close or equal to those of
the best model (Figure S4). In other words, the estimation of addi-
tional parameters under this more complex model does not prevent
us to correctly estimate parameters as our more complex model can
still recognize that there is no genetic structure among the samples.
Finally, note that the relative performances of the three estimation
strategies are similar to those described above when more than two

populations are simulated per continent (Figure 2a, Figure S6).

3.2 | Spatial heterogeneity with admixture

In the simulations and analyses presented above, the two continents
were isolated since their divergence. We relaxed this assumption by
examining cases where there is a single pulse of gene flow (an ad-
mixture event) from Continent 2 to Continent 1, that is, by adding
two additional parameters in the estimations: the admixture time and
the admixture proportion. We find that the estimation of these two
additional parameters is not a burden when there is no admixture, as
the likelihood of the explicit structure strategy with admixture is very
similar to that without admixture (Figure S7A-D). However, when we
analysed data sets with simulated admixture (Figure 2a, Table 1), the
estimation strategies with admixture clearly outperform strategies
without admixture (Figure S7B,C) with best relative likelihoods exclu-
sively found for the strategy with admixture (Figure S7E,F).

3.3 | Temporal heterogeneity

Like in the case of a simple spatial sampling heterogeneity, when there
is both a spatial and a temporal sampling heterogeneity (Figure 2b,
Table 1), we find that a model with an explicit structure is working
well for any number of sampled individuals (Figure 4, Figure S8—top
row). In this case as well, when only one diploid individual is sampled
from each population, the explicit and implicit structure strategies are
equally good (no significant differences between their relative like-
lihood in Figure S8). However, when the sampled individuals come
from the same population without spatial structure (Figure 2d), the
temporal strategy has a significantly higher relative likelihood than
the other strategies (for 9 of the 10 replicates, Figure S8—bottom
row), showing that the best recovery strategy is indeed in both cases
the one exactly matching the simulation framework. It implies that
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FIGURE 3 Model likelihoods of three estimation strategies for different sample sizes (n) and different levels of spatial heterogeneity
among samples. Note that no admixture between continents was allowed for these strategies. Each estimation strategy was attempted on

10 data sets. Simulation conditions are defined in Table 1.

it should be possible to distinguish models where individuals sam-
pled at different times from a given archaeological site come from
the same population (genetic continuity) or if they come from distinct
populations suggesting a population replacement.

3.4 | Analysis of modern human data

In order to illustrate the interest of the new strategy for de-
mogenomic inferences in the presence of spatial heterogeneity,

we analysed a small subset of SGDP human individuals (Mallick
et al., 2016) sampled in three continents (Figures S2 and S3) with
some degree of spatial heterogeneity. Using our new approach,
we analysed the eight individuals sampled from four populations
in each continent as a pooled sample. With this explicit structure
modelling, we obtained a much better likelihood (71 log,, likeli-
hood units improvement) than for a scenario where we used an
implicit structure (Wahlund effect estimated by an F4 coeffi-
cient), and the relative likelihood is vastly inferior (1077°) for the
implicit model (Table S1), suggesting that the explicit model is very
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significantly better supported, even though this relative likelihood
might be underestimated as the SNPs from our human data set are
not fully independent.

As expected, continental population sizes differ between the
explicit and implicit structure modelling, but a few other parame-
ters are substantially different between the two approaches, like
those related to the bottleneck out of Africa and later drift in the
ancestral Eurasian population, as well as the amount of migra-

tion between Asia and Europe. Interestingly, but unrelated to the

difference between the explicit and implicit structure model, we
find evidence for a relatively strong input (8-9%) from a very dif-
ferentiated ghost population into the Western African metapop-
ulation. Indeed, this ghost population would have diverged from
the modern humans 640-700kya, at about the same time than
the population ancestral to both Neandertals and Denisovans.
Without this admixture, we indeed found a relatively large ex-
cess of almost fixed derived mutations in Africans compared
with our predictions (Figure S9), a signal that we had shown to be
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potentially due to unaccounted gene flow from a distinct popula-
tion (Marchi & Excoffier, 2020), which motivated us to model this

ghost admixture in Africans.

4 | DISCUSSION

Sequencing costs have been dramatically reduced, but full ge-
nomes are rarely sequenced on many individuals from the same
population and most studies will sequence one or a few individuals
from several populations. Whereas powerful methods have been
developed to infer the past demography from single or a very few
individuals from the same population (Li & Durbin, 2011; Schiffels
& Durbin, 2014; Sheehan et al., 2013), it remains difficult to infer
the demography of several populations from a set of individuals
sampled at different geographical locations or at different times.
To alleviate this problem, we have introduced here a new way to
deal with potential spatial and temporal heterogeneities when
inferring the past demography from the site frequency spectrum
computed on a set of genome samples. Our approach allows for
a detailed modelling of sample locations and times while keeping
the dimensionality of the SFS low. Our simulations suggest that
it is a more appropriate way to account for heterogeneity than to
simulate a simple Wahlund effect when we sample more than one
individual per subdivision, and that allowing for the inference of
population subdivision when there is none has no negative impact
on our fitting of the data (Figure 3). Note, however, that the implicit
structure (F\;) approach might be simpler and appropriate when
dealing with a set of ancient DNA samples, which are often widely
temporally and spatially spaced. While we have implemented a
simple scenario of populations splitting from a common source to
model population subdivision in our simulations and estimations
(Figures 1 and 2), alternative and potentially more complex models
can easily be implemented, like in our application to human data
where we simulated continent-island models (Figure S3).

The exact way to model sample heterogeneity will indeed de-
pend on the model system that is studied, and it may be wise to
test alternative models of population structure and designate the
best fitting model based on the AIC (e.g. in Figures S4 and S8). For
a nonmodel organism, where one has no predefined idea of the
history of populations and how to group individuals, geography is
often providing a natural first hint. However, simple descriptive
statistics computed from the raw genetic data (e.g. PCA, MDS
and F-statistics; Marchi et al., 2021) should be helpful to com-
plement this information and more firmly decide how individu-
als might be grouped for further analyses. Then, it is clear that
more realistic models will require more parameters to be esti-
mated, which might make them more difficult to explore (Bhaskar
& Song, 2014; Terhorst & Song, 2015), such that a compromise
needs to be found between realism and tractability. However,
one might not be necessarily interested in the exact way pop-
ulations within groups are related, but by other parameters re-
lated to ancestral populations such as divergence times between
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groups, and in this case a more exact, if not perfect, modelling of
sample heterogeneity might be helpful. In this respect, our appli-
cation to human data is interesting, as some ancestral parameters
are indeed markedly different between an implicit and an explicit
modelling of heterogeneity. For instance, we find 3-6 times more
gene flow between Europe and Asia (Nm_EUtoAS) and a smaller
ancestral size of the Eurasian ancestral population (NEura, ~1900
vs. ~5560 individuals). Also, the bottleneck out of Africa (iBot-
OOA) is found 3.5 times less strong and have occurred slightly
earlier (TOOA, 67.8kya vs. 56.8 kya), and the African metapopula-
tion size (NaAF) before the last glacial maximum was found larger
(23,418 diploid individuals) than just after the exit out of Africa
(17,783), whereas it was found smaller with the implicit model,
which would lead us to conclude that the African ancestral popu-
lation would have decreased rather than increased since the exit
out of Africa. Finally, the ancestral European size (NaEU) is found
to be smaller with an explicit structure modelling (8160 diploids)
than without (11,901 diploids). We note, however, that most pa-
rameters have relatively wide confidence intervals and that these
differences might not always be significant (Table S1). Because
the explicit heterogeneity approach allows for a better modelling
of intracontinental diversity, we believe that it naturally leads to
a better estimation of the older part of the population history, as
these parameters do not need to be tweaked to compensate the
misspecification of the recent intracontinental history. Of course,
our current modelling has room for improvement as we can see
that for instance Asian or African diversity is not partitioned into
exactly four equidistant population groups (Figure S2) as is done
in our modelling.

Lastly, the detection that 8-9% of the genome of Western
Africans could come from an archaic human population having di-
verged ~639 kya from the human lineage is in line with previous stud-
ies reporting evidence of specific archaic admixture in sub-Saharan
Africans (Chen et al., 2020; Wall et al., 2019) and in very good agree-
ment with a previous study of the conditional frequency spectrum
of Western African populations (Durvasula & Sankararaman, 2020),
which suggested that these populations had received 2-19% of their
genome from a population having diverged about 625 kya from mod-
ern humans. Note that we did not attempt at estimating the time of
admixture, since we imposed it to be occurring at the time of the di-
versification of West African population, here estimated at ~33kya.
Some more specific modelling of Western African populations would
be necessary to refine the exact scenario of this African-specific ar-
chaic admixture, but it suggests that this African archaic population
had diverged from the human lineage approximately at the same

time as the ancestors of Neandertals and Denisovans.
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