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Abstract

A major topic of interest in human prehistory is how the large-scale genetic structure

of modern populations outside of Africa was established. Demographic models have been

developed that capture the relationships among small numbers of populations or within

particular geographical regions, but constructing a phylogenetic tree with gene flow events

for a wide diversity of non-Africans remains a difficult problem. Here, we report a model that

provides a good statistical fit to allele-frequency correlation patterns among East Asians,

Australasians, Native Americans, and ancient western and northern Eurasians, together

with archaic human groups. The model features a primary eastern/western bifurcation

dating to at least 45,000 years ago, with Australasians nested inside the eastern clade, and a

parsimonious set of admixture events. While our results still represent a simplified picture,

they provide a useful summary of deep Eurasian population history that can serve as a null

model for future studies and a baseline for further discoveries.

Introduction

Modern humans are widely believed to have evolved first in sub-Saharan Africa and then to

have spread at least once, and possibly several times, into Asia and Europe (Groucutt et al.,

2015). The earliest strong archaeological evidence of modern human occupation outside of Africa

comes from the Levant, approximately 100 thousand years ago (kya), but these and other Middle

Paleolithic remains from Southwest (Armitage et al., 2011) and South Asia (Blinkhorn et al.,

2013) may or may not be from groups related to present-day Eurasians. By contrast, the modern

human remains that appear across most of the broad areas of Eurasia during the Late Paleolithic

(∼40–50 kya) can plausibly be interpreted as continuous with present-day populations (Groucutt

et al., 2015).

Numerous studies have addressed the genetic history of the modern human expansion out of

Africa. Many of the first insights were provided by single-locus systems, and while we generally

adopt an autosomal perspective here, active research continues with mitochondrial DNA (Posth

et al., 2016), Y chromosomes (Hallast et al., 2015; Karmin et al., 2015), and microbial pathogens

(e.g., H. pylori (Montano et al., 2015)). Multi-locus analyses have shown that, to a first approx-

imation, modern humans in Eurasia can be divided into what we will refer to as eastern and

western clades. The former includes present-day East Asians and had differentiated as early as

the ∼40 kya Tianyuan individual (Fu et al., 2013), while early members of the latter include

ancient European hunter-gatherers (Lazaridis et al., 2014; Seguin-Orlando et al., 2014; Fu et al.,

2016) and the ancient northern Eurasian Mal’ta 1 (MA1, a ∼24 kya Upper Paleolithic indi-

vidual from south-central Siberia) (Raghavan et al., 2014). More recent (Neolithic and later)

western Eurasians, such as Europeans, are mostly descended from the western clade but with an
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additional component of “Basal Eurasian” ancestry (via the Near East) splitting more deeply

than any other known non-African lineage (Lazaridis et al., 2014, 2016). The timing of the east-

ern/western split is uncertain, but several papers (Gutenkunst et al., 2009; Laval et al., 2010;

Gravel et al., 2011) have used present-day European and East Asian populations to infer dates

of initial separation of 40–45 kya (adjusted for a mutation rate of 0.5 × 10−9 per year (Scally,

2016)). Interestingly, two early modern Eurasians (Ust’-Ishim (Fu et al., 2014), from ∼45 kya in

western Siberia, and Oase 1 (Fu et al., 2015), from ∼40 kya in Romania) have been found that

share little or no ancestry with either clade, unlike any known present-day population. After

the initial modern human colonization of Eurasia, later migrations led to the formation of major

populations with mixed ancestry from both clades, notably including South Asians (Reich et al.,

2009) and Native Americans (Raghavan et al., 2014). It has also been proposed that ancestors

of Europeans and East Asians experienced continuing gene flow after the initial eastern/western

separation (Gutenkunst et al., 2009; Laval et al., 2010; Gravel et al., 2011; Fu et al., 2016).

It has been argued by some authors that this model of a primary split between eastern and

western Eurasians is incorrect for certain present-day populations from Oceania and Southeast

Asia. Under the “southern route hypothesis,” Australians, New Guineans, and perhaps South-

east Asian “Negrito” populations are descended in part from an early out-of-Africa dispersal

through southern Asia, with this component of ancestry splitting prior to the common ancestor

of other Eurasians (Lahr and Foley, 1994; Rasmussen et al., 2011; Reyes-Centeno et al., 2014).

Recently, several studies based on whole-genome sequence data have presented more refined

models of Australasian ancestry (Mondal et al., 2016; Mallick et al., 2016; Malaspinas et al.,

2016; Pagani et al., 2016); in particular, we proposed a historical model that fit better without

any such deep-source ancestry than with it (Mallick et al., 2016).

Here, we study the deep relationships of most non-African continental groups by building a

unified historical model based on patterns of allele frequency correlations due to genetic drift.

Where available, we incorporate relevant ancient individuals alongside present-day populations.

We also account for gene flow from archaic humans (Green et al., 2010; Reich et al., 2010),

preventing potential confounding in the relationships among modern human lineages. While

we acknowledge that our final model will not represent the complete truth, it represents (to

our knowledge) the largest and most detailed such effort to date and can provide a baseline for

future work.
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Results

Overview of best-fitting admixture graph

As a starting point for our model, we used the set of populations (minus Dai) from an admixture

graph formulated in Mallick et al. (2016): Chimpanzee, Altai Neanderthal (Prüfer et al., 2014),

Denisova (Meyer et al., 2012), Dinka, Kostenki 14 (K14, a ∼37 kya Upper Paleolithic individual

from Russia belonging to the western Eurasian clade (Seguin-Orlando et al., 2014)), New Guinea,

Australia, Onge (an indigenous population from the Andaman Islands), and Ami (aboriginal

Taiwanese, representing East Asians). The elements of the model in Mallick et al. (2016) were

mostly relatively straightforward, with no admixture events aside from those involving archaic

humans. The primary finding of interest was that the Australasians (plus Onge) fit best as a

clade with East Asians; incorporating a deeper “southern route” ancestry component did not

improve the fit.

Here, for our primary results, we used single nucleotide polymorphisms (SNPs) genotyped on

the Affymetrix Human Origins array, which gave us access to larger sample sizes and additional

populations beyond those that are currently available with whole-genome sequencing data. With

the nine populations listed above (here New Guinea Highlanders (Reich et al., 2011) rather than

the SGDP Papuan (Mallick et al., 2016)), we replicated the earlier results: the graph fit well

with the same topology, correctly predicting all f -statistic relationships to within |Z| = 2.14

(standard errors estimated by block jackknife; see Materials and Methods).

To this preliminary model, we added four additional populations: MA1, Ust’-Ishim, Ma-

manwa (a “Negrito” population from the Philippines), and Surúı (an indigenous population

from Brazil). Mamanwa (with one component related to Australasians and the other to East

Asians (Reich et al., 2011; Lipson et al., 2014)) and Surúı (with one component related to MA1

and the other to East Asians (Raghavan et al., 2014)) immediately had clear signatures of ad-

mixture, while Ust’-Ishim required excess Neanderthal ancestry (Fu et al., 2014, 2016). After

adding these admixtures and optimizing the topology, the resulting model had 42 statistics that

differed by at least two standard errors from their fitted values (max Z = 2.68). Many of these

were highly correlated, for example with New Guinea substituted for Australia or with either

Dinka or Chimp as an outgroup. We identified four residuals that were independent and reflected

quartets of populations forming approximately unadmixed subtrees in the fitted model (to aid in

interpretation; absolute value < 0.1 in 1000 times drift units): f4(MA1, Ami; Denisova, Dinka)

(residual Z = 2.03), f4(Surúı, Altai; New Guinea, Australia) (Z = 2.07), f4(Ust’-Ishim, Onge;

Australia, Ami) (Z = 2.17), and f4(MA1, K14; Ami, Ust’-Ishim) (Z = 2.31). The first and last

of these motivated us to add additional admixture events to the model (see “Archaic humans”

and “Western and northern Eurasians”); the third is related to a residual signal we discuss
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in more detail below (“Replication with SGDP data”); and the second could be connected to

deeply-splitting ancestry in Amazonian populations (Skoglund et al., 2015) (see “Native Amer-

icans”) but was not addressed here.

The full best-fitting admixture graph is shown in Figure 1. It is based on a total of ∼123k

SNPs and includes 13 leaf nodes (i.e., directly sampled groups): seven present-day populations,

three ancient modern humans, two archaic humans, and Chimp. There are nine admixture

events, of which six are from archaic humans (although these likely do not all represent separate

historical events, as discussed below). All f -statistics fit to within |Z| = 2.31, including all

pairwise f2-statistics to within |Z| = 1.36 (Figure 2); inferred mixture proportions are indicated

in Figure 1 and can also be found in Table 1. In what follows, we describe the features of the

graph in more detail.

Archaic humans

The top portion of the graph contains Altai, Denisova, and their ancestors. We included one

of two previously inferred admixtures into Denisova (Prüfer et al., 2014): “unknown archaic”

ancestry from a source splitting deeper than the common ancestor of the Neanderthal/Denisova

clade with modern humans. We do not have enough constraint to solve for the precise mixture

proportion (Materials and Methods) and thus pre-specified it at 3%, within the range of the

initial estimate. Allowing this proportion to vary freely only slightly improved the log-likelihood

score of the model, whereas removing the admixture decreased the log-likelihood by about 5.9

(p < 0.005 by likelihood ratio test; see Materials and Methods). We also considered the previ-

ously reported Neanderthal admixture into Denisova, but our model does not provide sufficient

constraint to observe this signal, so for the sake of parsimony we omitted it from the final graph.

Our model also includes several instances of gene flow from archaic to modern humans. All

present-day non-African populations in the graph fit well with a single, shared Neanderthal

introgression event. Consistent with previous results (Fu et al., 2014; Seguin-Orlando et al.,

2014; Fu et al., 2016), Ust’-Ishim and K14 require extra Neanderthal ancestry, with inferred

proportions of 1.5% each; we use the same mixing Neanderthal for all events. We note that

while there is evidence that present-day Europeans and related groups have less Neanderthal

ancestry than East Asians (Wall et al., 2013; Sankararaman et al., 2014; Vernot and Akey, 2014;

Lazaridis et al., 2016), no such populations are present in our model (although see “Western

and northern Eurasians” below). As an overall trend, we recapitulate the finding of increased

archaic ancestry in ancient individuals (Fu et al., 2016), which could be evidence of purifying

selection against introgressed segments over time (Harris and Nielsen, 2016; Juric et al., 2016).

Thus, while the graph contains separate Neanderthal gene flow events for Ust’-Ishim and K14,

these do not necessarily reflect additional historical episodes of admixture.
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In addition to the previously documented Denisova-related introgression into Australasians

(here 3.5% into the common ancestor of New Guinea, Australia, and Mamanwa), we find sug-

gestive new evidence for Denisova-related ancestry in MA1, which we believe may explain the

preliminary residual statistic f4(MA1, Ami; Denisova, Dinka) mentioned above. A consistent

signal of excess allele sharing between MA1 and archaic humans can be observed when using any

of Denisova, Altai Neanderthal, or the Vindija and Mezmaiskaya Neanderthals (Green et al.,

2010) (Table 2). We also used an ancient ingroup in place of Ami to ensure that this pattern

does not reflect an ancient DNA artifact (Table 2, bottom half). While the differences between

the rows in Table 2 are not statistically significant, MA1 appears to share the most drift with

Denisova; the excess shared drift with Neanderthals would also be expected in a scenario of

Denisova-related introgression on the basis of the sister relationship between Neanderthals and

Denisova.

Motivated by these results, we tested the effects of including extra archaic ancestry in MA1 in

our full graph model. Adding Denisova-related admixture resulted in a significant log-likelihood

score improvement of 6.3 (p < 0.002), whereas instead allowing additional Neanderthal gene flow

improved the score by 2.3 (p = 0.10). (We note that while the inferred best-fitting source for

the Denisova-related introgression was closer to the Denisova sample than for Australasians, the

difference in fit quality was negligible, so for the sake of parsimony we used the same source for

both events.) Given the consistent pattern of greater Neanderthal ancestry in ancient samples,

however, a model with excess Neanderthal ancestry would perhaps be a more reasonable null

hypothesis. Using such a model as a starting point, adding Denisova-related admixture improved

the score by a marginally significant 4.0 (p < 0.02; when including Denisova-related admixture,

the graph fit best without any extra Neanderthal gene flow). In our final model, we therefore

(tentatively) included Denisova-related (but not excess Neanderthal) gene flow into MA1, with

an inferred mixture proportion of 1.2%, or 1.0% Denisova-related ancestry (95% confidence

interval 0.4–1.6%; see Materials and Methods) in MA1 after dilution by eastern Eurasian gene

flow (while we specified the Denisova-related admixture to be older, exchanging the order did

not affect the quality of fit). Placing the Denisova-related admixture in the deeper northern

Eurasian lineage shared with Native Americans made the score slightly worse, so in the absence

of any evidence for shared Denisova-related ancestry, we retained the mixture only into MA1. We

also experimented with allowing Denisova-related ancestry in East Asians but did not find any

improvement in the fit, although we would not have power to detect a very small contribution

as previously inferred (Prüfer et al., 2014; Sankararaman et al., 2016).
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Asian and Australasian populations

Consistent with previous results obtained with a simpler admixture graph in Mallick et al.

(2016), New Guinea and Australia fit well as sister groups, with their majority ancestry com-

ponent forming a clade with East Asians (with respect to western Eurasians). Onge fit as a

near-trifurcation with the Australasian and East Asian lineages, while Mamanwa are inferred

to have three ancestry components: one branching deeply (but unambiguously) from the Aus-

tralasian lineage (prior to the split between New Guinea and Australia); one East Asian-related

(interpreted as Austronesian admixture); and one from Denisova. The Denisova-related intro-

gression in Mamanwa is shared with New Guinea and Australia and then diluted ∼3x by the

Austronesian admixture (here 68.5%, as compared to 73% in Reich et al. (2011) and 50–60% in

a simpler model in Lipson et al. (2014)). In a previous study (Reich et al., 2011), Australia and

New Guinea were modeled as having about half of their ancestry from each of two components:

one forming a trifurcation with Onge and East Asians, and the other splitting more recently

from the Onge lineage. Here, we obtain a satisfactory fit without this admixture, and while we

cannot rule it out entirely, we do not have strong evidence for rejecting our simpler model. We

also note that the previous model, by virtue of its different topology, included relatively more

Denisova-related ancestry in Mamanwa (about 50% as much as in Australia), although both

versions appear to fit the data satisfactorily.

We also performed two additional analyses involving minimal modeling assumptions to test

for possible southern route ancestry in Australasians. First, we used a method that leverages

a large set of f4-statistics from different outgroup populations in elucidating admixture in a

population of interest (Haak et al., 2015). Given a population Test, we plot f4-statistics f4(Test,

Ref1; Oi, Oj) against f4(Test, Ref2; Oi, Oj) for references Ref1 and Ref2 and all pairs of outgroups

from a set O1, O2, ..., Ok. If Test is well modeled as a two-way admixture of populations related

to Ref1 and Ref2 in proportions α and 1 − α, then f4(Test, Ref1; Oi, Oj) = (1 − α)f4(Ref2,

Ref1; Oi, Oj), and f4(Test, Ref2; Oi, Oj) = αf4(Ref1, Ref2; Oi, Oj) = −αf4(Ref2, Ref1; Oi,

Oj). Thus, the points should show a negative correlation, where the slope is informative about

the mixture proportions (Haak et al., 2015).

We tested New Guinea as a two-way mixture between an East Asian-related population (Ref1

= Ami) and Denisova (Ref2), using outgroups Chimp, Altai, Dinka, Ust’-Ishim, and K14. The

negative correlation is very strong (Figure 3), with no points in the plot indicating a significant

violation of a New Guinea/East Asian clade. We note that if a deep-lineage component were

present in New Guinea, we would expect to detect it via this set of outgroups, as it would push

the points defined by (Oi, Oj) for Oi = Dinka and Oj = Ust’-Ishim or K14 off the line.

We then applied qpWave (Reich et al., 2012) to a larger set of test populations simultaneously

to test formally for evidence of multiple waves of admixture. Using the same outgroups plus
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Denisova (right pop list: Chimp, Altai, Denisova, Dinka, Ust’-Ishim, K14), we computed how

many ancestry components are necessary to relate the following set of (left) test populations:

Ami, Dai, Kinh, Han, Bougainville, New Guinea Highlanders, HGDP Papuan, Australian, Onge,

and Mamanwa. We find that this set is consistent with just two ancestral components (rank 1

tail p = 0.27), where the loadings appear to be driven primarily by the gradient of Denisova-

related ancestry, as expected. As above, this test can only distinguish components that differ

relative to the outgroups, but we would expect to see a signal of any substantial ancestry from

a source diverging prior to the eastern/western Eurasian split.

Western and northern Eurasians

We used the K14 and MA1 individuals to capture the roots of two major western Eurasian

lineages (a western clade and a northern/eastern clade, respectively (Raghavan et al., 2014;

Seguin-Orlando et al., 2014; Haak et al., 2015)). Recent focused studies of later European

prehistory have developed detailed models involving numerous admixture events (Lazaridis et al.,

2014; Seguin-Orlando et al., 2014; Haak et al., 2015; Fu et al., 2016); as a result of this complexity,

we deemed it beyond the scope of the present work to include present-day western Eurasians

(although we address Europeans below).

In our model, K14 fits well as unadmixed (aside from archaic introgression), but MA1 re-

ceives, in addition to its archaic admixture, a component of eastern Eurasian ancestry. The

latter gene flow explains the preliminary residual f4(MA1, K14; Ami, Ust’-Ishim), which is

of a similar form to several other relatively poorly fitting statistics from our initial graph, for

example f4(MA1, K14; Ami, New Guinea) = 2.00 (fitted 0.08; Z = 2.68) and f4(MA1, Ust’-

Ishim; Ami, New Guinea) = 1.73 (fitted 0.08; Z = 2.49). We added this admixture into our

model with its best-fitting source position (near the root of the East Asian lineage) and mixture

proportion (17.4% East Asian-related ancestry, 95% CI 7.7–27.4%). The graph score improved

by 7.0 (p < 0.001), indicating a significant improvement in the fit. We also attempted to fit

the full graph with west-to-east gene flow instead, and the overall score was significantly worse

(log-likelihood difference of 4.6 with the same number of free parameters).

Similar statistics (D(MA1, K14; Han, Mbuti) with Z = 5.4 and D(Loschbour, K14; Han,

Mbuti) with Z = 5.3) were reported in the initial genetic analysis of K14 (Seguin-Orlando

et al., 2014) and were interpreted there as evidence that K14 harbored Basal Eurasian ancestry.

However, it has been shown in an analysis of a larger set of pre-Neolithic Europeans (Fu et al.,

2016) that these signals in fact appear to reflect shared drift between a subset of western Eurasian

hunter-gatherers (including MA1 and Mesolithic Europeans such as Loschbour) and East Asians.

This is particularly evident from our primary statistic f4(MA1, K14; Ami, Ust’-Ishim): even

if K14 did have a component of deeply-diverging ancestry, it would not share extra drift with
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Ust’-Ishim (likewise, this statistic is essentially unaffected by excess archaic ancestry in K14).

To support our inference of the directionality of gene flow between eastern Eurasians and

MA1 (which was not addressed in Fu et al. (2016)), we compared the two statistics (1) f4(MA1,

K14; Ami, Ust’-Ishim) = 1.89 (Z = 2.76) and (2) f4(Ust’-Ishim, MA1; Onge, Ami) = 0.23

(Z = 0.52) (computed on all available Human Origins SNPs). In Figure 4, we show alternative

models in which the flow is east to west, with MA1 admixed (A), or west to east, with Ami

admixed (B). The statistics (1) and (2) have expected values equal to a branch length (red

for (1) and black for (2)) times the mixture proportion α. As can be seen, the models are

distinguishable by which statistic has the greater magnitude (as observed independently in

more generality by Pease and Hahn (2015)). In truth, the admixture may have been complex

and bidirectional, but the fact that the observed value of (1) is significantly larger in magnitude

than (2) (Z = 2.29 for the difference via block jackknife) argues for east-to-west (Figure 4A) as

the primary direction, with MA1 admixed. The same pattern is observed with other outgroups

in place of Ust’-Ishim (Z = 3.42, 2.74, 1.84, 2.90 for the analogous difference using Dinka, Altai,

Denisova, and Chimp, respectively). We also repeated the computation with other western

Eurasian populations in place of MA1 and found the same signal of eastern Eurasian relatedness,

including the same preferred directionality, in WHG (defined as in Table 2; Z = 2.04 for the

difference), Caucasus hunter-gatherers (CHG (Jones et al., 2015); Z = 1.77), and Afontova Gora

3 (AG3, a ∼17 kya individual from Siberia closely related to MA1 (Fu et al., 2016); Z = 2.17).

We note that a recent study (Lazaridis et al., 2016) found a cline of MA1-relatedness among a

large number of present-day eastern Eurasian populations and argued for admixture from west

to east instead; while the present analysis supports the other direction, an important subject

for future work will be to reconcile these results.

While we did not carefully model present-day Europeans in our main admixture graph, we

did build an extended graph with French added (25 individuals). A good fit was obtained

with four ancestry components, related to western (K14), northern (near the base of the MA1

lineage), and eastern (specified as the same source as for MA1) Eurasians, plus Basal Eurasian

(specified without Neanderthal introgression (Lazaridis et al., 2016)). The inferred proportions

were 27.7%, 34.9%, 23.2%, and 14.2%, respectively, with essentially no change in the list of

residuals. We note that these sources do not represent the proximal ancestral populations of

present-day Europeans (Lazaridis et al., 2014; Haak et al., 2015), and this fit also may not be

the optimal one, but it does provide a sense of the relationships of Europeans to the major

lineages defined in our model.

Lastly, we also briefly studied two other ancient European lineages. First, we built a version

of our model with WHG in place of MA1 and found that it fit in a similar fashion (majority

component of WHG’s ancestry as a sister group to K14, plus eastern Eurasian gene flow).
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Second, we fit an expanded graph with MA1, K14, and the early modern human Oase 1 (Fu

et al., 2015). Because of possible contamination, we used the published damage-restricted data,

which reduced the set of SNPs with coverage in all populations to ∼28k. The inferred graph

was similar overall, with modest changes due to the smaller set of SNPs. Oase 1 was inferred to

diverge from the western Eurasian (K14) lineage, slightly later than Ust’-Ishim (shared drift 1.6),

but still close to the split of the eastern and western clades. As shown in Fu et al. (2015), Oase

1 has a significant excess of Neanderthal ancestry, which we inferred at 8.3% in the extended

model.

Native Americans

We included Surúı, from Brazil, a Native American population without recent European ad-

mixture. As previously demonstrated for Native Americans generally (Raghavan et al., 2014),

we found that they fit well in the model as a mixture of components related to East Asians

(73%) and MA1 (27%). This proportion of western Eurasian ancestry is lower than previously

inferred (∼40% in Raghavan et al. (2014)), which may be because we are separately modeling

East Asian-related gene flow into MA1. It has also been shown that Surúı harbor a few percent

ancestry from a “Population Y” related to Onge and Australasians (Skoglund et al., 2015). In

the context of our model, with only one Native American population present, this admixture

should only have a minor effect, although we do see hints of such a signal, as mentioned above.

Early out-of-Africa split points

After the divergence of Dinka from non-Africans, the next split point on the modern human

lineage in our model is that between the major eastern and western clades (the node labeled

“Non-African”—although we note that the split point of Basal Eurasian would be deeper.) This

split is soon followed on the western Eurasian branch by the split between K14 and Ust’-Ishim

(i.e., their respective modern-human ancestry components). The original Ust’-Ishim analysis (Fu

et al., 2014) inferred a near-trifurcation at this point, and we wished to test whether K14 (and

other western Eurasians) and Ust’-Ishim form a statistically supported clade. In fact, while

the best-fitting position for Ust’-Ishim is on the western lineage (0.6 shared drift), the inferred

95% confidence interval for this point overlaps the eastern/western split (standard error 0.4 for

the Ust’-Ishim split position), so that we cannot confidently resolve the branching order. We

therefore continue to regard this cluster as approximately a trifurcation; while we show Ust’-

Ishim at its best-fitting split point in Figure 1, we color-code it as a basal non-African rather

than a member of the western clade.

We also investigated another near-trifurcation, near the top of the eastern Eurasian clade,
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where the East Asian, Onge, and Australasian lineages are inferred to diverge in a short span.

Here, the best-fitting arrangement features Onge and East Asians as a weak clade (p ∼ 0.02), but

the model reaches a second, only slightly inferior local optimum with Onge and Australasians

as sister groups instead, possibly suggesting admixture between two of the three lineages. An

admixture event in either Onge (between the Australasian and East Asian lineages) or Aus-

tralasians (between the Onge and deep eastern Eurasian lineages) is likewise weakly significant

(p ∼ 0.02), but with no discriminatory power between these two scenarios. Ultimately, we chose

to present the model with a trifurcation at this point because we felt it best conveyed our un-

certainty: no pair of lineages clearly shares more drift, and it is likely that some admixture took

place, but we cannot accurately determine which lineage or lineages were involved or constrain

the exact proportions or sources.

Power to detect admixture events

The set of admixture events we have included is limited by our power to detect statistically

significant deviations from the proposed model. Suppose that we specify a quartet of populations

as unadmixed with the topology ((A, B),(C, D)). If population A is in fact admixed with a

component of ancestry related to C (in an unrooted sense), then we will observe a residual

statistic f4(A, B; C, D) with expected value γL, where γ is the C-related mixture proportion

and L is the branch length in the graph that is shared uniquely between this component and

population C (Reich et al., 2009; Patterson et al., 2012). For our data set, in 1000 times drift

units, standard errors on observed f4-statistics are on the order of 0.5. Thus, in order to observe

a residual at Z = 2 (for example), an admixture event would have to satisfy (approximately)

γL > 1. We note that while γ is a fixed parameter, L depends on how close a reference C is

available (and one must also have access to populations B and D with the proper topology).

We were particularly interested in the question of power to detect possible southern route

ancestry in Australasians. In this case, population A would be Australasians, population B would

be an East or Southeast Asian group without a southern route component, population C would

be an outgroup (African, archaic, or Chimp), and population D would be a western Eurasian.

The length L would measure the distance from the “Non-African” node up to the split point of

the southern route source. A more thorough empirical analysis of this question in Mallick et al.

(2016) concluded that any southern route component in Australasians is unlikely to comprise

more than several percent. If, for example, the deeper ancestry were from a population that

split halfway between the “Non-African” node and the African/non-African ancestor (L ≈ 17),

then via the inequality above, we would have power to find roughly 6% admixture or more,

similar to the previous results. For a split closer to the “Non-African” node, our power would

be reduced, while for a deeper split (e.g., the ∼120 kya proposed by Pagani et al. (2016)), it
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would be enhanced.

We also carried out two tests using our admixture graph to examine our power empirically

in cases of well-known admixture. First, we studied the ∼27% MA1-related ancestry in Surúı.

In order to make our available constraints similar to the hypothetical southern route case, we

removed MA1, K14, and Ust’-Ishim from the model. With this reduced graph, if we model

Surúı as unadmixed, we observe six residuals with Z > 3 (max 3.6), all of the form f4(Surúı,

Asian; outgroup, Australasian). Thus, even without any western Eurasian references, we can

easily locate the admixture signal (the relevant length L is the branch between the “East1” and

“Non-African” nodes, or approximately 6 units).

Second, we conducted a similar analysis for the Denisova-related ancestry in Australasians,

having removed Onge, Chimp, Altai, and Denisova from the model. In this case, we observe a

residual f4(Australian, Surúı; Dinka, K14) at Z = 2.01, roughly as expected given the known

parameters of a few percent introgression and L ≈ 34 (the full distance between the “Non-

African” node and the African/non-African ancestor). This demonstrates our ability to detect

a very small proportion of deep ancestry in Australasians without a close surrogate available,

as would also be true for southern route admixture. While in this example the residual was

only weakly significant, it was obtained after relaxing a number of key constraints from the full

model, and even 1–2% more deep ancestry would have made for an unambiguous signal.

Replication with SGDP data

To gain further perspective, we repeated our admixture graph analysis with full sequence data

from the SGDP (Mallick et al., 2016). The set of populations we used was similar (although

generally with smaller sample sizes; see Materials and Methods), with only two changes: we sub-

stituted HGDP Papuans instead of New Guinea Highlanders (which should not be substantively

different) and no longer had access to data for Mamanwa. We ascertained SNPs as polymorphic

among the four SGDP Mbuti individuals and merged with Chimp, Altai, Denisova, Ust’-Ishim,

K14, and MA1. The resulting data set contained 1.99M SNPs overlapping all populations.

The best-fitting graph is shown in Figure 5. Overall, it is very similar to our primary model,

with only one change in topology (the eastern Eurasian admixture source for MA1 now splits

closer to Ami) and small differences in inferred mixture proportions (Table 1). The SGDP model

does have two residual statistics falling more than 3 standard errors from their fitted values:

f4(Ust’-Ishim, Ami; Australia, Dinka) = -4.34 (fitted value -6.69; Z = 3.52) and f4(Ust’-Ishim,

Papuan; Australia, Dinka) = -24.64 (fitted value -26.83; Z = 3.02). A number of other residuals

are also present with Z > 2 showing the same apparent signal of shared drift between Ust’-Ishim

and Australasians (for example, with Altai or Denisova in place of Dinka); these statistics are

not independent, but the overlap argues that it is indeed this pair of populations that drives the
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two most significant residuals.

While this signal is intriguing, we ultimately decided not to add a new admixture event to

the model to account for it. We considered the possibility either of gene flow from a population

related to Ust’-Ishim into the ancestors of Australasians or vice versa. Both would create a

pattern of shared drift as reflected in the residuals, but the two directions would make distinct

predictions in relation to other populations. In the first scenario, we would expect the genetic

affinity to Ust’-Ishim to be unique to Australasians, and this affinity should be detectable in our

previous analyses. However, neither the f4 correlation nor qpWave methods showed evidence

of Ust’-Ishim-related admixture in Australasians, and the signal of shared drift between Aus-

tralasians and Ust’-Ishim was only marginally significant in our main graph model; while based

on fewer SNPs, the corresponding statistics in fact had lower standard errors than those from

the SGDP model, so the difference was not due to a lack of power. In the second scenario, with

Ust’-Ishim admixed, we would expect a slightly different signature, since Ust’-Ishim would then

possess a component of ancestry that, in addition to being related to Australasians, also shares

excess drift with other eastern Eurasians. We do in fact observe two such (weaker) residual

statistics: f4(Ust’-Ishim, K14; Onge, Dinka) = 1.37 (fitted value -0.21; Z = 2.24) and f4(Ust’-

Ishim, K14; Ami, Dinka) = 1.30 (fitted value -0.21; Z = 2.07). However, when we replicated

these statistics with our main data set, using all available SNPs, they were only weakly positive

(f4(Ust’-Ishim, K14; X, Dinka) = 0.31, 0.62, 0.72, 1.10 for X = Onge, Ami, New Guinea, and

Australia, respectively; Z = 0.59, 1.18, 1.23, 1.18).

We also compared the quality of fit of full graph models (using the SGDP data) in which

we added an extra admixture event between Ust’-Ishim and Australasians in either direction,

with the hypothesis that if one of these models is correct, it should score better than the other.

In both cases, the score improved by more than 11, but the two models had similar residual

lists, and their log-likelihood scores only differed by ∼0.3. This would seem to indicate either

that (1) the shared drift signal does not reflect a true admixture, (2) there was very evenly

bidirectional gene flow, or (3) our model is not sufficiently powered to detect the true mixture

source. Moreover, both graphs still had numerous other residuals involving Ust’-Ishim with

Z-scores above 2 (up to Z = 2.48 with Australasians admixed and Z = 2.89 with Ust’-Ishim

admixed). For the sake of comparison, using our main graph model, we applied a similar analysis

to the inferred admixture event from eastern Eurasians into MA1. In that case, while the signal

was relatively weak, and there could be reason to believe that the gene flow was not strictly

east-to-west, we were able to show that the admixture had a preferred directionality; as noted

above, a model with gene flow in the reverse direction scored 4.6 worse. (For an example of a

strongly constrained admixture event, if we fit a model with gene flow from Mamanwa to Ami

rather than in reverse, the score is more than 400 worse.) To draw a more precise analogy,
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we repeated the model-fitting without K14 in the graph, so that MA1 was the only western

Eurasian population present (in the same way that Ust’-Ishim is the only representative of its

lineage). Not surprisingly, this caused the signal of directionality to be attenuated, but it was

still present: a model with east-to-west gene flow scored 1.2 better than the reverse.

Finally, we fit a version of our model on SGDP data but restricted to transversion poly-

morphisms (a total of ∼622k SNPs) to test whether there could be any effects of ancient DNA

damage patterns either on these residual signals or in the model-fitting as a whole. The graph

fit well overall, with the same optimized topology as in our main results (restoring the one dif-

ference present in the full-SGDP graph) and similar mixture proportions (Table 1). The list of

significant residuals was slightly shorter than with all SNPs, but the Ust’-Ishim-related signal

was still present (although now stronger with Papuan than with Australia), with the most signif-

icant residual, f4(Ust’-Ishim, Ami; Papuan, Dinka), now at Z = 2.98. This leads us to conclude

that neither this signal nor other results obtained in the full models are driven by ancient DNA

damage. However, in light of our other analyses, we do not feel that we have sufficient evidence

at this time to assign the Ust’-Ishim-related signal as a true admixture.

Discussion

Our proposed admixture graph provides both an integrated summary of many population rela-

tionships among diverse non-African modern human groups and a framework for testing addi-

tional hypothesis. As an example of the model’s utility, it can help to evaluate a signal previously

used to argue for deeply diverged ancestry in Aboriginal Australians (Rasmussen et al., 2011):

f4(Australia, Han; Yoruba, French) = 2.02 (Z = 8.23), or with related populations in our ad-

mixture graph, f4(Australia, Ami; Dinka, MA1) = 1.43 (Z = 3.01). While southern route

ancestry would indeed cause these statistics to be positive, the admixture events specified in our

model provide two (partial) alternative explanations, namely Denisova-related introgression into

Australasians and gene flow between eastern and western Eurasians. In fact, the predicted value

of f4(Australia, Ami; Dinka, MA1) in our final graph is 1.72, slightly larger than the observed

value, without any southern route ancestry in Australasians. Thus, this example illustrates how

fitting a large number of groups simultaneously can add context to the interpretation of observed

patterns in population genetic data.

In addition to providing a synthesis of previous results, we have also proposed two new

admixture events in MA1, both of which seem plausible on geographical grounds but are not

overwhelmingly statistically significant and would be interesting topics for further study. One

event, consisting of gene flow from an eastern Eurasian population, appears to be present as

well in other later western Eurasians, which makes it unlikely that the signal could be due
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to contamination in MA1. We note though that this event could have involved one or more

(unknown) intermediate populations rather than being direct, and we also cannot rule out a

small amount of admixture in the reverse direction. The second, consisting of Denisova-related

gene flow, provides intriguing evidence of a novel instance of archaic introgression, but it should

be subject to additional scrutiny with more sensitive methods to confirm whether the source

has been accurately inferred (as opposed to excess introgression from Neanderthal or a different

archaic group).

Furthermore, we show that we can obtain a good fit to the data with no further admixture

events beyond those specified in our model. In other words, even though our graph is in some

ways relatively simple, with only three admixtures among the 10 modern human populations,

we do not find any large residuals (to the extent that we have statistical power). This does

not mean that we have identified all admixture events in the ancestry of these populations

or that our graph represents the exact historical truth; rather, we propose that our model be

viewed as a reasonable and relatively comprehensive starting point given currently available

data, in the spirit of previous demographic null models (Schaffner et al., 2005; Gravel et al.,

2011). We also have not included certain groups with known complicated histories, including

present-day European and Indian populations. We attempted to add Indians to the graph but

failed to obtain a satisfactory fit, which we believe was primarily due to difficulty in modeling

the western Eurasian (ANI) ancestry found in all Indian groups today (in addition to eastern,

“ASI” ancestry) (Reich et al., 2009).

Overall, our model supports a rapid radiation of Eurasian populations following an out-

of-Africa dispersal, in line with results from uniparental markers (Karmin et al., 2015; Posth

et al., 2016). Here, this pattern is reflected in the near-trifurcations among the main eastern

and western Eurasian clades plus Ust’-Ishim (with Oase 1 splitting very close as well) and at

the base of the eastern clade among Andamanese, Australasians, and East Asians. We note

that archaeological evidence increasingly points to early eastward modern human dispersals,

with suggestive remains from East and Southeast Asia (Mijares et al., 2010; Demeter et al.,

2015; Liu et al., 2015) in addition to the relatively early sites confidently assigned to modern

humans in Australasia (O’Connell and Allen, 2015; Clarkson et al., 2015). If these finds do all

represent true modern human occupation, this would change our understanding of the timing

of out-of-Africa migrations, but it would not necessarily be the case that present-day Asians

and Australasians are related to these first inhabitants. It is also possible that Australasians

possess a few percent ancestry from an early-dispersal population which could be detectable with

more sensitive genetic analyses but not with our allele-frequency-based methods Mallick et al.

(2016); Pagani et al. (2016). Finally, we caution that we are limited in our ability to infer the

geographical locations and calendar dates of events in the admixture graph; our most powerful
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temporal constraint comes from Ust’-Ishim, whose date of ∼45 kya places the eastern/western

Eurasian split no later than this time. Further analysis of ancient DNA in the context of present-

day genetic variation promises to provide additional data points to refine and add detail to our

understanding.

Materials and Methods

Admixture graph fitting methodology

Our central approach is to summarize information about population relationships (in the form

of f -statistics) within the framework of an admixture graph, a phylogenetic tree augmented with

admixture events. A full description of the mathematical underpinnings of our methods can be

found in Patterson et al. (2012) and Lipson et al. (2013). Briefly, a proposed admixture graph

implies f2, f3, and f4-statistic values for all pairs, triples, and quadruples of populations, where

we use the notation f4(A, B; C, D) interchangeably as E[(pA − pB)(pC − pD)] (the expected

allele frequency correlation of populations A, B, C, and D) and as the estimator of this quantity

(the empirical sum of the correlation over many loci). (The other statistics can be written as

f3(A; B, C) = f4(A, B; A, C) and f2(A, B) = f4(A, B; A, B).) The parameters in the graph

consist of mixture proportions and branch lengths, the latter in units of genetic drift (where

populations that share descent from a common ancestor will covary in their allele frequencies,

measured at SNPs polymorphic across populations, as a result of shared drift). A graph model

can be optimized by solving a system of equations (which are linear in terms of branch lengths)

for a linearly independent set of f -statistics (e.g., all pairwise f2 values).

The results presented here are obtained via the ADMIXTUREGRAPH software (Patterson

et al., 2012). ADMIXTUREGRAPH takes as input a user-defined admixture graph topology

and solves for the best-fitting branch lengths and mixture proportions given the observed f -

statistics. Our usual strategy for building a model in ADMIXTUREGRAPH is to start with a

small, well-understood subgraph and then add populations (either unadmixed or admixed) one

at a time in their best-fitting positions. This involves trying different branch points for the new

population and comparing the results. If a population is unadmixed, then if it is placed in the

wrong position, the fit of the model will be poorer, and the inferred split point will move as far

as it can in the correct direction, constrained only by the specified topology. Thus, searching

over possible branching orders allows us to find a (locally) optimal topology. If no placement

provides a good fit (in the sense that the residual errors are large), then we infer the presence

of an admixture event, in which case we test for the best-fitting split points of the two ancestry

components. After a new population is added, the topology relating the existing populations

can change, so we examine the full model fit and any inferred zero-length internal branches for
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possible local optimizations. As compared to an automated method such as TreeMix (Pickrell

and Pritchard, 2012), this procedure is more laborious, but for this application we preferred to

build the graph in a more careful, supervised way.

We note that in order to constrain all the parameters of an admixture event, it is neces-

sary to have four reference populations in the graph splitting at different points along the path

connecting the mixing populations (for example, for the shared Neanderthal introgression into

non-Africans, the references are Altai, Denisova, Chimp, and Dinka). With three distinct refer-

ences, it is possible to detect the presence of an admixture, but the mixture proportion and one

of the relevant branch lengths are confounded as a compound parameter. Also, even with four

available references, if two of them have distinct but very close phylogenetic positions, or if one

or more are themselves admixed, then it may be possible to infer the admixture proportions but

only with relatively large uncertainty.

Our ADMIXTUREGRAPH settings are slightly different from the default. First, we use the

option “outpop: NULL” rather than specifying an outgroup population in the graph in which

SNPs must be polymorphic, and we also set “lambdascale: 1” in order to preserve the standard

scaling of the f -statistics without an extra denominator. Second, we use the full matrix form of

the objective function (with diag = 0.0001) to avoid the basis dependence of the least-squares

version of the computation. There could be some concern that the empirical covariance matrix

Q is unstable, but we did not see any evidence of such behavior. We also note that while we show

graphs with Chimp as the root, the fitting should not depend on the root position (including

whether Chimp itself or a common ancestral node is used). We tested versions of the graph with

Dinka as the root, and the results were essentially identical.

Measures of fit quality

When evaluating the quality of fit of a graph model, we use two metrics provided by the AD-

MIXTUREGRAPH program. First, the program returns a list of residuals above a specified

Z-score threshold. These are f -statistics for which the fitted value in the model differs from

the actual value measured from the data by a significant amount (in terms of the Z-score, i.e.,

fitted minus observed divided by standard error) according to a block jackknife (block size 5

cM). It is difficult to assess the exact false-positive rate corresponding to a given threshold;

the Z-score for an individual statistic is approximately distributed as a standard normal under

the null, but we are testing many statistics simultaneously. Moreover, while the total number

of linearly independent f -statistics in the graph is known (n(n − 1)/2, where n is the number

of populations), as is the number of free parameters (2n + 2a − 3, where a is the number of

admixture events, assuming no parameters are locked), the residual errors in the statistics are

correlated because of shared history (for example, f4(A, B; C, Australia) and f4(A, B; C, New
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Guinea) are always similar). Thus, rather than conducting hypothesis tests with the residuals,

we use them as a heuristic: better-fitting models should generally have fewer significant residuals

and lower Z-scores, and the most significant residuals in a given model generally point to the

populations that are being the most poorly fit.

The second metric is an overall model fit score, S(G) = −1/2(g − f)′Q−1(g − f), where f

is the vector of observed f -statistics (the full linearly independent set according to the chosen

basis), g is the corresponding vector of statistics according to the model, and Q is an estimated

covariance matrix. Under an approximation that noise is multivariate normal distributed under

the null, this score is a log-likelihood for the model. We do not use the score directly to gauge

whether a given model is an adequate fit for the data, but we can compare alternative models on

the basis of their scores, favoring the one with the higher log-likelihood. Specifically, we believe

the score is suitable to use for likelihood ratio tests (LRTs). In our context, we are typically

interested in the question of whether adding a new admixture event provides a significantly

better fit: the more complex model will always have at least as good a score, but it will also

contain two additional free parameters (the split point of the second mixing population and the

mixture proportion). We perform LRTs by taking the difference in scores; twice this difference

is approximately chi-squared distributed with two degrees of freedom under the null. Thus, the

score must improve by ∼3 for an admixture to be significant at p = 0.05.

Lastly, we also use relative scores to generate confidence intervals for parameters in the

graph. To do so, we create a one-dimensional grid of values for a given parameter (either a

branch length or mixture proportion) and run the program for each value, where all parameters

but that one are optimized. For example, to determine the confidence interval for a certain

mixture proportion, we might compute the log-likelihood for the model where this proportion is

fixed at 1%, 2%, etc. Because of the multivariate normal score approximation and the linearity

of f -statistics, this procedure in general produces a normal likelihood function for the parameter

of interest, from which we compute confidence intervals.

Possible methodological caveats

One potential weakness of our graph-fitting approach is that with such a large space of possible

models, it is difficult to say for certain that our proposed graph is optimal. However, between

previous knowledge, our careful stepwise construction of the graph, and the (local) optimization

of the final model, we believe that our graph is a reasonable representation. Also, while we have

used a principled approach to choosing the admixture events present in the model, it is certain

that we have missed some that truly occurred. Partly this is a matter of power, as some residuals

resulting from incorrect model specification might be too small to separate from statistical noise

(and because we are attempting to fit many relationships simultaneously, it would be expected
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that we would find some modest residuals by chance). Finally, the results we obtain could also

depend to some extent on which reference populations are included in the graph.

Another possible concern is ascertainment bias. Ideally, admixture graphs should be built

with SNPs that are (a) polymorphic at the root, and (b) not subject to any ascertainment

involving the populations in the graph. Since we included archaic humans, it was not strictly

possible for us to satisfy these conditions. However, we used what should be almost bias-free

ascertainment schemes, particularly with regard to relationships among modern humans, as

all SNPs were ascertained in outgroup or near-outgroup African populations. The one set of

parameters we would recommend treating with caution are the exact proportions of archaic

admixture; for example, the inferred Neanderthal admixture proportion in non-Africans in the

graph based on full sequence data is large (4.3%), which we suspect could be caused by condensed

branch lengths in the archaic section of the tree (a combination of ascertainment effects and large

drifts).

Data

For the main admixture graph, as well as other analyses (unless otherwise specified), we use

autosomal data for present-day populations (Lazaridis et al., 2014) from panels 4 and 5 of the

Human Origins array (SNPs ascertained as heterozygous in single San and Yoruba individuals),

a total of approximately 259k SNPs. The present-day human populations have sample sizes of 3

Australian, 7 Dinka, 8 Surúı, 11 Onge, 16 Mamanwa, 19 Ami, and 19 New Guinea. For ancient

individuals, we use diploid genotype calls from full genome sequences for the high-coverage

samples (Altai, Denisova, and Ust’-Ishim, plus Loschbour) and majority-allele calls for most of

the lower-coverage samples (K14 and MA1, plus Oase 1 and La Braña 1). The only exceptions

(both of which are only used in follow-up analyses and not in the admixture graph models) are

the Caucasus hunter-gatherer individuals (Jones et al., 2015) and Afontova Gora 3 (Fu et al.,

2016), which have random haploid allele calls. We only use SNPs for which no populations in

the graph have missing data, resulting in a total of approximately 123k SNPs for the final model.

For f -statistics presented as part of additional analyses to support the admixture graph results,

we use all SNPs covered by the populations in question.

We also conduct analyses on full sequence data from the SGDP (Mallick et al., 2016), for

which we ascertain SNPs as polymorphic among the four Mbuti individuals. We then merge

data from K14 and MA1, here utilizing single random allele calls at each locus. This genotyping

approach can reduce some biases but can also potentially be more susceptible to damage or

contamination; empirically, we do not see any major differences in the inferred parameters for

K14 and MA1 in the two models. The final data set contains approximately 1.99M SNPs.

Present-day human populations are represented by 2 individuals for Onge, Ami, and Surúı; 3
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for Dinka; 4 for Australia; and 16 for Papuan.
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Tables

Table 1. Inferred mixture proportions with alternative data sets

Admixture event HO SGDP SGDP (tv)

Neanderthal to non-Africans 2.6% 4.3% 4.2%

Neanderthal to Ust’-Ishim 1.5% 1.9% 1.6%

Neanderthal to K14 1.5% 1.2% 0.9%

Denisova to Australasians 3.5% 3.0% 3.1%

Denisova to MA1 1.2% 0.5% 0.6%

Western Eurasian to Surúı 26.6% 28.2% 25.2%

East Asian to Mamanwa 68.5% – –

Eastern Eurasian to MA1 17.4% 10.8% 16.2%

Inferred mixture proportions in the admixture graph. Final ancestry proportions in leaf-node
populations may be lower if diluted by a second admixture event. The three sets of values are
for the primary (Human Origins) data, SGDP, and SGDP restricted to transversions. Exact
archaic admixture parameters should be treated with a degree of caution (see Materials and
Methods, “Possible methodological caveats”).
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Table 2. Relationship between MA1 and archaic humans

Pop X Pop Y f4(MA1, X; Y, Dinka) Z-score

Ami Denisova 1.15 2.19

Ami Altai 0.84 1.48

Ami Vindija 0.86 1.60

Ami Mezmaiskaya 1.76 1.39

WHG Denisova 1.52 2.60

WHG Altai 0.85 1.42

Statistics of the form f4(MA1, X; Y, Dinka) for a comparison population X and archaic
humans Y, along with Z-scores for difference from zero, computed on all available SNPs from
panels 4 and 5 of the Human Origins array. WHG is defined as a combined Mesolithic western
hunter-gatherer population consisting of the ∼8 kya Loschbour (Lazaridis et al., 2014) and La
Braña 1 (Olalde et al., 2014) individuals. A larger positive value indicates that MA1 shares
more alleles with population Y than does X. Because Ami and WHG have very similar levels
of archaic ancestry (f4(Ami, WHG; Altai, Dinka) ≈ 0, |Z| = 0.24), we would expect similar
values with X = Ami or WHG.

Figure Legends

Figure 1. Final best-fitting graph model. Colors of filled nodes (sampled populations and
selected internal split points) and edge arrows correspond to subsets of the graph: green,
Chimp and archaic; yellow, African and basal non-African; dark blue, eastern clade; light blue,
Australasian sub-clade; red, western clade; purple, northern sub-clade. Tree edges (solid lines)
are labeled with branch lengths in 1000 times drift units (rounded to the nearest integer
value), while admixtures (dotted lines) are shown with their inferred proportions. The three
drift lengths surrounding an admixture event (immediately preceding each mixing population
and immediately following the admixed population) cannot be solved for individually in our
framework and instead form a single compound parameter (Lipson et al., 2013); we omit the
first two and report the total drift on the edge following the admixture. The terminal drifts
leading to ancient individuals are inflated as a result of a combination of single-individual
populations, lower coverage, and/or haploid genotype calls.

Figure 2. Pairwise f2 residuals in the final model, in units of Z-score (fitted minus observed
divided by standard error).
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Figure 3. Plot of f4-statistics f4(New Guinea, Ami; Oi, Oj) against f4(New Guinea,
Denisova; Oi, Oj) for all pairs of outgroup populations O from the set consisting of Chimp,
Altai, Dinka, Ust’-Ishim, and K14. The R2 value for the best-fitting line through the origin is
shown. The negative correlation implies that New Guinea can be modeled as a mixture of
populations related to Ami and Denisova, with the slope informative about the relative
proportions (as shown). Standard errors are approximately 0.0005 along the x-axis and 0.001
along the y-axis.

Figure 4. Admixture graph schematics representing alternative historical scenarios to explain
shared drift between MA1 and East Asians. (A) MA1 is admixed, with East Asian-related
ancestry. (B) Ami is admixed, with MA1-related ancestry. Other relationships are assumed as
shown (the position of the root is arbitrary). The expected values of the statistics (1) f4(MA1,
K14; Ami, Ust’-Ishim) and (2) f4(Ust’-Ishim, MA1; Onge, Ami) are equal to a branch length
times a mixture proportion: red for (1) and black for (2) (times α1 in (A) and α2 in (B)).

Figure 5. Model fit with with SGDP data. Notation is the same as in Figure 1.
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Abstract

A major topic of interest in human prehistory is how the large-scale genetic structure

of modern populations outside of Africa was established. Demographic models have been

developed that capture the relationships among small numbers of populations or within

particular geographical regions, but constructing a phylogenetic tree with gene flow events

for a wide diversity of non-Africans remains a di�cult problem. Here, we report a model that

provides a good statistical fit to allele-frequency correlation patterns among East Asians,

Australasians, Native Americans, and ancient western and northern Eurasians, together

with archaic human groups. The model features a primary eastern/western bifurcation

dating to at least 45,000 years ago, with Australasians nested inside the eastern clade, and a

parsimonious set of admixture events. While our results still represent a simplified picture,

they provide a useful summary of deep Eurasian population history that can serve as a null

model for future studies and a baseline for further discoveries.

Introduction

Modern humans are widely believed to have evolved first in sub-Saharan Africa and then to

have spread at least once, and possibly several times, into Asia and Europe (Groucutt et al.,

2015). The earliest strong archaeological evidence of modern human occupation outside of Africa

comes from the Levant, approximately 100 thousand years ago (kya), but these and other Middle

Paleolithic remains from Southwest (Armitage et al., 2011) and South Asia (Blinkhorn et al.,

2013) may or may not be from groups related to present-day Eurasians. By contrast, the modern

human remains that appear across most of the broad areas of Eurasia during the Late Paleolithic

(⇠40–50 kya) can plausibly be interpreted as continuous with present-day populations (Groucutt

et al., 2015).

Numerous studies have addressed the genetic history of the modern human expansion out of

Africa. Many of the first insights were provided by single-locus systems, and while we generally

adopt an autosomal perspective here, active research continues with mitochondrial DNA (Posth

et al., 2016), Y chromosomes (Hallast et al., 2015; Karmin et al., 2015), and microbial pathogens

(e.g., H. pylori (Montano et al., 2015)). Multi-locus analyses have shown that, to a first approx-

imation, modern humans in Eurasia can be divided into what we will refer to as eastern and

western clades. The former includes present-day East Asians and had di↵erentiated as early as

the ⇠40 kya Tianyuan individual (Fu et al., 2013), while early members of the latter include

ancient European hunter-gatherers (Lazaridis et al., 2014; Seguin-Orlando et al., 2014; Fu et al.,

2016) and the ancient northern Eurasian Mal’ta 1 (MA1, a ⇠24 kya Upper Paleolithic indi-

vidual from south-central Siberia) (Raghavan et al., 2014). More recent (Neolithic and later)

western Eurasians, such as Europeans, are mostly descended from the western clade but with an
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additional component of “Basal Eurasian” ancestry (via the Near East) splitting more deeply

than any other known non-African lineage (Lazaridis et al., 2014, 2016). The timing of the east-

ern/western split is uncertain, but several papers (Gutenkunst et al., 2009; Laval et al., 2010;

Gravel et al., 2011) have used present-day European and East Asian populations to infer dates

of initial separation of 40–45 kya (adjusted for a mutation rate of 0.5 ⇥ 10�9 per year (Scally,

2016)). Interestingly, two early modern Eurasians (Ust’-Ishim (Fu et al., 2014), from ⇠45 kya in

western Siberia, and Oase 1 (Fu et al., 2015), from ⇠40 kya in Romania) have been found that

share little or no ancestry with either clade, unlike any known present-day population. After

the initial modern human colonization of Eurasia, later migrations led to the formation of major

populations with mixed ancestry from both clades, notably including South Asians (Reich et al.,

2009) and Native Americans (Raghavan et al., 2014). It has also been proposed that ancestors

of Europeans and East Asians experienced continuing gene flow after the initial eastern/western

separation (Gutenkunst et al., 2009; Laval et al., 2010; Gravel et al., 2011; Fu et al., 2016).

It has been argued by some authors that this model of a primary split between eastern and

western Eurasians is incorrect for certain present-day populations from Oceania and Southeast

Asia. Under the “southern route hypothesis,” Australians, New Guineans, and perhaps South-

east Asian “Negrito” populations are descended in part from an early out-of-Africa dispersal

through southern Asia, with this component of ancestry splitting prior to the common ancestor

of other Eurasians (Lahr and Foley, 1994; Rasmussen et al., 2011; Reyes-Centeno et al., 2014).

Recently, several studies based on whole-genome sequence data have presented more refined

models of Australasian ancestry (Mondal et al., 2016; Mallick et al., 2016; Malaspinas et al.,

2016; Pagani et al., 2016); in particular, we proposed a historical model that fit better without

any such deep-source ancestry than with it (Mallick et al., 2016).

Here, we study the deep relationships of most non-African continental groups by building a

unified historical model based on patterns of allele frequency correlations due to genetic drift.

Where available, we incorporate relevant ancient individuals alongside present-day populations.

We also account for gene flow from archaic humans (Green et al., 2010; Reich et al., 2010),

preventing potential confounding in the relationships among modern human lineages. While

we acknowledge that our final model will not represent the complete truth, it represents (to

our knowledge) the largest and most detailed such e↵ort to date and can provide a baseline for

future work.
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Results

Overview of best-fitting admixture graph

As a starting point for our model, we used the set of populations (minus Dai) from an admixture

graph formulated in Mallick et al. (2016): Chimpanzee, Altai Neanderthal (Prüfer et al., 2014),

Denisova (Meyer et al., 2012), Dinka, Kostenki 14 (K14, a ⇠37 kya Upper Paleolithic individual

from Russia belonging to the western Eurasian clade (Seguin-Orlando et al., 2014)), New Guinea,

Australia, Onge (an indigenous population from the Andaman Islands), and Ami (aboriginal

Taiwanese, representing East Asians). The elements of the model in Mallick et al. (2016) were

mostly relatively straightforward, with no admixture events aside from those involving archaic

humans. The primary finding of interest was that the Australasians (plus Onge) fit best as a

clade with East Asians; incorporating a deeper “southern route” ancestry component did not

improve the fit.

Here, for our primary results, we used single nucleotide polymorphisms (SNPs) genotyped on

the A↵ymetrix Human Origins array, which gave us access to larger sample sizes and additional

populations beyond those that are currently available with whole-genome sequencing data. With

the nine populations listed above (here New Guinea Highlanders (Reich et al., 2011) rather than

the SGDP Papuan (Mallick et al., 2016)), we replicated the earlier results: the graph fit well

with the same topology, correctly predicting all f -statistic relationships to within |Z| = 2.14

(standard errors estimated by block jackknife; see Materials and Methods).

To this preliminary model, we added four additional populations: MA1, Ust’-Ishim, Ma-

manwa (a “Negrito” population from the Philippines), and Surúı (an indigenous population

from Brazil). Mamanwa (with one component related to Australasians and the other to East

Asians (Reich et al., 2011; Lipson et al., 2014)) and Surúı (with one component related to MA1

and the other to East Asians (Raghavan et al., 2014)) immediately had clear signatures of ad-

mixture, while Ust’-Ishim required excess Neanderthal ancestry (Fu et al., 2014, 2016). After

adding these admixtures and optimizing the topology, the resulting model had 42 statistics that

di↵ered by at least two standard errors from their fitted values (max Z = 2.68). Many of these

were highly correlated, for example with New Guinea substituted for Australia or with either

Dinka or Chimp as an outgroup. We identified four residuals that were independent and reflected

quartets of populations forming approximately unadmixed subtrees in the fitted model (to aid in

interpretation; absolute value < 0.1 in 1000 times drift units): f4(MA1, Ami; Denisova, Dinka)

(residual Z = 2.03), f4(Surúı, Altai; New Guinea, Australia) (Z = 2.07), f4(Ust’-Ishim, Onge;

Australia, Ami) (Z = 2.17), and f4(MA1, K14; Ami, Ust’-Ishim) (Z = 2.31). The first and last

of these motivated us to add additional admixture events to the model (see “Archaic humans”

and “Western and northern Eurasians”); the third is related to a residual signal we discuss
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in more detail below (“Replication with SGDP data”); and the second could be connected to

deeply-splitting ancestry in Amazonian populations (Skoglund et al., 2015) (see “Native Amer-

icans”) but was not addressed here.

The full best-fitting admixture graph is shown in Figure 1. It is based on a total of ⇠123k

SNPs and includes 13 leaf nodes (i.e., directly sampled groups): seven present-day populations,

three ancient modern humans, two archaic humans, and Chimp. There are nine admixture

events, of which six are from archaic humans (although these likely do not all represent separate

historical events, as discussed below). All f -statistics fit to within |Z| = 2.31, including all

pairwise f2-statistics to within |Z| = 1.36 (Figure 2); inferred mixture proportions are indicated

in Figure 1 and can also be found in Table 1. In what follows, we describe the features of the

graph in more detail.
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Figure 1. Final best-fitting graph model. Colors of filled nodes (sampled populations and
selected internal split points) and edge arrows correspond to subsets of the graph: green,
Chimp and archaic; yellow, African and basal non-African; dark blue, eastern clade; light blue,
Australasian sub-clade; red, western clade; purple, northern sub-clade. Tree edges (solid lines)
are labeled with branch lengths in 1000 times drift units (rounded to the nearest integer
value), while admixtures (dotted lines) are shown with their inferred proportions. The three
drift lengths surrounding an admixture event (immediately preceding each mixing population
and immediately following the admixed population) cannot be solved for individually in our
framework and instead form a single compound parameter (Lipson et al., 2013); we omit the
first two and report the total drift on the edge following the admixture. The terminal drifts
leading to ancient individuals are inflated as a result of a combination of single-individual
populations, lower coverage, and/or haploid genotype calls.
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Table 1. Inferred mixture proportions with alternative data sets

Admixture event HO SGDP SGDP (tv)
Neanderthal to non-Africans 2.6% 4.3% 4.2%
Neanderthal to Ust’-Ishim 1.5% 1.9% 1.6%
Neanderthal to K14 1.5% 1.2% 0.9%
Denisova to Australasians 3.5% 3.0% 3.1%
Denisova to MA1 1.2% 0.5% 0.6%
Western Eurasian to Surúı 26.6% 28.2% 25.2%
East Asian to Mamanwa 68.5% – –
Eastern Eurasian to MA1 17.4% 10.8% 16.2%

Inferred mixture proportions in the admixture graph. Final ancestry proportions in leaf-node
populations may be lower if diluted by a second admixture event. The three sets of values are
for the primary (Human Origins) data, SGDP, and SGDP restricted to transversions. Exact
archaic admixture parameters should be treated with a degree of caution (see Materials and
Methods, “Possible methodological caveats”).
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Figure 2. Pairwise f2 residuals in the final model, in units of Z-score (fitted minus observed
divided by standard error).

Archaic humans

The top portion of the graph contains Altai, Denisova, and their ancestors. We included one

of two previously inferred admixtures into Denisova (Prüfer et al., 2014): “unknown archaic”

ancestry from a source splitting deeper than the common ancestor of the Neanderthal/Denisova

clade with modern humans. We do not have enough constraint to solve for the precise mixture

proportion (Materials and Methods) and thus pre-specified it at 3%, within the range of the

initial estimate. Allowing this proportion to vary freely only slightly improved the log-likelihood
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score of the model, whereas removing the admixture decreased the log-likelihood by about 5.9

(p < 0.005 by likelihood ratio test; see Materials and Methods). We also considered the previ-

ously reported Neanderthal admixture into Denisova, but our model does not provide su�cient

constraint to observe this signal, so for the sake of parsimony we omitted it from the final graph.

Our model also includes several instances of gene flow from archaic to modern humans. All

present-day non-African populations in the graph fit well with a single, shared Neanderthal

introgression event. Consistent with previous results (Fu et al., 2014; Seguin-Orlando et al.,

2014; Fu et al., 2016), Ust’-Ishim and K14 require extra Neanderthal ancestry, with inferred

proportions of 1.5% each; we use the same mixing Neanderthal for all events. We note that

while there is evidence that present-day Europeans and related groups have less Neanderthal

ancestry than East Asians (Wall et al., 2013; Sankararaman et al., 2014; Vernot and Akey, 2014;

Lazaridis et al., 2016), no such populations are present in our model (although see “Western

and northern Eurasians” below). As an overall trend, we recapitulate the finding of increased

archaic ancestry in ancient individuals (Fu et al., 2016), which could be evidence of purifying

selection against introgressed segments over time (Harris and Nielsen, 2016; Juric et al., 2016).

Thus, while the graph contains separate Neanderthal gene flow events for Ust’-Ishim and K14,

these do not necessarily reflect additional historical episodes of admixture.

In addition to the previously documented Denisova-related introgression into Australasians

(here 3.5% into the common ancestor of New Guinea, Australia, and Mamanwa), we find sug-

gestive new evidence for Denisova-related ancestry in MA1, which we believe may explain the

preliminary residual statistic f4(MA1, Ami; Denisova, Dinka) mentioned above. A consistent

signal of excess allele sharing between MA1 and archaic humans can be observed when using any

of Denisova, Altai Neanderthal, or the Vindija and Mezmaiskaya Neanderthals (Green et al.,

2010) (Table 2). We also used an ancient ingroup in place of Ami to ensure that this pattern

does not reflect an ancient DNA artifact (Table 2, bottom half). While the di↵erences between

the rows in Table 2 are not statistically significant, MA1 appears to share the most drift with

Denisova; the excess shared drift with Neanderthals would also be expected in a scenario of

Denisova-related introgression on the basis of the sister relationship between Neanderthals and

Denisova.

Motivated by these results, we tested the e↵ects of including extra archaic ancestry in MA1 in

our full graph model. Adding Denisova-related admixture resulted in a significant log-likelihood

score improvement of 6.3 (p < 0.002), whereas instead allowing additional Neanderthal gene flow

improved the score by 2.3 (p = 0.10). (We note that while the inferred best-fitting source for

the Denisova-related introgression was closer to the Denisova sample than for Australasians, the

di↵erence in fit quality was negligible, so for the sake of parsimony we used the same source for

both events.) Given the consistent pattern of greater Neanderthal ancestry in ancient samples,
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Table 2. Relationship between MA1 and archaic humans

Pop X Pop Y f4(MA1, X; Y, Dinka) Z-score
Ami Denisova 1.15 2.19
Ami Altai 0.84 1.48
Ami Vindija 0.86 1.60
Ami Mezmaiskaya 1.76 1.39

WHG Denisova 1.52 2.60
WHG Altai 0.85 1.42

Statistics of the form f4(MA1, X; Y, Dinka) for a comparison population X and archaic
humans Y, along with Z-scores for di↵erence from zero, computed on all available SNPs from
panels 4 and 5 of the Human Origins array. WHG is defined as a combined Mesolithic western
hunter-gatherer population consisting of the ⇠8 kya Loschbour (Lazaridis et al., 2014) and La
Braña 1 (Olalde et al., 2014) individuals. A larger positive value indicates that MA1 shares
more alleles with population Y than does X. Because Ami and WHG have very similar levels
of archaic ancestry (f4(Ami, WHG; Altai, Dinka) ⇡ 0, |Z| = 0.24), we would expect similar
values with X = Ami or WHG.

however, a model with excess Neanderthal ancestry would perhaps be a more reasonable null

hypothesis. Using such a model as a starting point, adding Denisova-related admixture improved

the score by a marginally significant 4.0 (p < 0.02; when including Denisova-related admixture,

the graph fit best without any extra Neanderthal gene flow). In our final model, we therefore

(tentatively) included Denisova-related (but not excess Neanderthal) gene flow into MA1, with

an inferred mixture proportion of 1.2%, or 1.0% Denisova-related ancestry (95% confidence

interval 0.4–1.6%; see Materials and Methods) in MA1 after dilution by eastern Eurasian gene

flow (while we specified the Denisova-related admixture to be older, exchanging the order did

not a↵ect the quality of fit). Placing the Denisova-related admixture in the deeper northern

Eurasian lineage shared with Native Americans made the score slightly worse, so in the absence

of any evidence for shared Denisova-related ancestry, we retained the mixture only into MA1. We

also experimented with allowing Denisova-related ancestry in East Asians but did not find any

improvement in the fit, although we would not have power to detect a very small contribution

as previously inferred (Prüfer et al., 2014; Sankararaman et al., 2016).

Asian and Australasian populations

Consistent with previous results obtained with a simpler admixture graph in Mallick et al.

(2016), New Guinea and Australia fit well as sister groups, with their majority ancestry com-

ponent forming a clade with East Asians (with respect to western Eurasians). Onge fit as a

near-trifurcation with the Australasian and East Asian lineages, while Mamanwa are inferred

to have three ancestry components: one branching deeply (but unambiguously) from the Aus-
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tralasian lineage (prior to the split between New Guinea and Australia); one East Asian-related

(interpreted as Austronesian admixture); and one from Denisova. The Denisova-related intro-

gression in Mamanwa is shared with New Guinea and Australia and then diluted ⇠3x by the

Austronesian admixture (here 68.5%, as compared to 73% in Reich et al. (2011) and 50–60% in

a simpler model in Lipson et al. (2014)). In a previous study (Reich et al., 2011), Australia and

New Guinea were modeled as having about half of their ancestry from each of two components:

one forming a trifurcation with Onge and East Asians, and the other splitting more recently

from the Onge lineage. Here, we obtain a satisfactory fit without this admixture, and while we

cannot rule it out entirely, we do not have strong evidence for rejecting our simpler model. We

also note that the previous model, by virtue of its di↵erent topology, included relatively more

Denisova-related ancestry in Mamanwa (about 50% as much as in Australia), although both

versions appear to fit the data satisfactorily.

We also performed two additional analyses involving minimal modeling assumptions to test

for possible southern route ancestry in Australasians. First, we used a method that leverages

a large set of f4-statistics from di↵erent outgroup populations in elucidating admixture in a

population of interest (Haak et al., 2015). Given a population Test, we plot f4-statistics f4(Test,

Ref1; Oi, Oj) against f4(Test, Ref2; Oi, Oj) for references Ref1 and Ref2 and all pairs of outgroups

from a set O1, O2, ..., Ok. If Test is well modeled as a two-way admixture of populations related

to Ref1 and Ref2 in proportions ↵ and 1 � ↵, then f4(Test, Ref1; Oi, Oj) = (1 � ↵)f4(Ref2,

Ref1; Oi, Oj), and f4(Test, Ref2; Oi, Oj) = ↵f4(Ref1, Ref2; Oi, Oj) = �↵f4(Ref2, Ref1; Oi,

Oj). Thus, the points should show a negative correlation, where the slope is informative about

the mixture proportions (Haak et al., 2015).

We tested New Guinea as a two-way mixture between an East Asian-related population (Ref1

= Ami) and Denisova (Ref2), using outgroups Chimp, Altai, Dinka, Ust’-Ishim, and K14. The

negative correlation is very strong (Figure 3), with no points in the plot indicating a significant

violation of a New Guinea/East Asian clade. We note that if a deep-lineage component were

present in New Guinea, we would expect to detect it via this set of outgroups, as it would push

the points defined by (Oi, Oj) for Oi = Dinka and Oj = Ust’-Ishim or K14 o↵ the line.
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Figure 3. Plot of f4-statistics f4(New Guinea, Ami; Oi, Oj) against f4(New Guinea,
Denisova; Oi, Oj) for all pairs of outgroup populations O from the set consisting of Chimp,
Altai, Dinka, Ust’-Ishim, and K14. The R2 value for the best-fitting line through the origin is
shown. The negative correlation implies that New Guinea can be modeled as a mixture of
populations related to Ami and Denisova, with the slope informative about the relative
proportions (as shown). Standard errors are approximately 0.0005 along the x-axis and 0.001
along the y-axis.

We then applied qpWave (Reich et al., 2012) to a larger set of test populations simultaneously

to test formally for evidence of multiple waves of admixture. Using the same outgroups plus

Denisova (right pop list: Chimp, Altai, Denisova, Dinka, Ust’-Ishim, K14), we computed how

many ancestry components are necessary to relate the following set of (left) test populations:

Ami, Dai, Kinh, Han, Bougainville, New Guinea Highlanders, HGDP Papuan, Australian, Onge,

and Mamanwa. We find that this set is consistent with just two ancestral components (rank 1

tail p = 0.27), where the loadings appear to be driven primarily by the gradient of Denisova-

related ancestry, as expected. As above, this test can only distinguish components that di↵er

relative to the outgroups, but we would expect to see a signal of any substantial ancestry from

a source diverging prior to the eastern/western Eurasian split.

Western and northern Eurasians

We used the K14 and MA1 individuals to capture the roots of two major western Eurasian

lineages (a western clade and a northern/eastern clade, respectively (Raghavan et al., 2014;
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Seguin-Orlando et al., 2014; Haak et al., 2015)). Recent focused studies of later European

prehistory have developed detailed models involving numerous admixture events (Lazaridis et al.,

2014; Seguin-Orlando et al., 2014; Haak et al., 2015; Fu et al., 2016); as a result of this complexity,

we deemed it beyond the scope of the present work to include present-day western Eurasians

(although we address Europeans below).

In our model, K14 fits well as unadmixed (aside from archaic introgression), but MA1 re-

ceives, in addition to its archaic admixture, a component of eastern Eurasian ancestry. The

latter gene flow explains the preliminary residual f4(MA1, K14; Ami, Ust’-Ishim), which is

of a similar form to several other relatively poorly fitting statistics from our initial graph, for

example f4(MA1, K14; Ami, New Guinea) = 2.00 (fitted 0.08; Z = 2.68) and f4(MA1, Ust’-

Ishim; Ami, New Guinea) = 1.73 (fitted 0.08; Z = 2.49). We added this admixture into our

model with its best-fitting source position (near the root of the East Asian lineage) and mixture

proportion (17.4% East Asian-related ancestry, 95% CI 7.7–27.4%). The graph score improved

by 7.0 (p < 0.001), indicating a significant improvement in the fit. We also attempted to fit

the full graph with west-to-east gene flow instead, and the overall score was significantly worse

(log-likelihood di↵erence of 4.6 with the same number of free parameters).

Similar statistics (D(MA1, K14; Han, Mbuti) with Z = 5.4 and D(Loschbour, K14; Han,

Mbuti) with Z = 5.3) were reported in the initial genetic analysis of K14 (Seguin-Orlando

et al., 2014) and were interpreted there as evidence that K14 harbored Basal Eurasian ancestry.

However, it has been shown in an analysis of a larger set of pre-Neolithic Europeans (Fu et al.,

2016) that these signals in fact appear to reflect shared drift between a subset of western Eurasian

hunter-gatherers (including MA1 and Mesolithic Europeans such as Loschbour) and East Asians.

This is particularly evident from our primary statistic f4(MA1, K14; Ami, Ust’-Ishim): even

if K14 did have a component of deeply-diverging ancestry, it would not share extra drift with

Ust’-Ishim (likewise, this statistic is essentially una↵ected by excess archaic ancestry in K14).

To support our inference of the directionality of gene flow between eastern Eurasians and

MA1 (which was not addressed in Fu et al. (2016)), we compared the two statistics (1) f4(MA1,

K14; Ami, Ust’-Ishim) = 1.89 (Z = 2.76) and (2) f4(Ust’-Ishim, MA1; Onge, Ami) = 0.23

(Z = 0.52) (computed on all available Human Origins SNPs). In Figure 4, we show alternative

models in which the flow is east to west, with MA1 admixed (A), or west to east, with Ami

admixed (B). The statistics (1) and (2) have expected values equal to a branch length (red

for (1) and black for (2)) times the mixture proportion ↵. As can be seen, the models are

distinguishable by which statistic has the greater magnitude (as observed independently in

more generality by Pease and Hahn (2015)). In truth, the admixture may have been complex

and bidirectional, but the fact that the observed value of (1) is significantly larger in magnitude

than (2) (Z = 2.29 for the di↵erence via block jackknife) argues for east-to-west (Figure 4A) as
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the primary direction, with MA1 admixed. The same pattern is observed with other outgroups

in place of Ust’-Ishim (Z = 3.42, 2.74, 1.84, 2.90 for the analogous di↵erence using Dinka, Altai,

Denisova, and Chimp, respectively). We also repeated the computation with other western

Eurasian populations in place of MA1 and found the same signal of eastern Eurasian relatedness,

including the same preferred directionality, in WHG (defined as in Table 2; Z = 2.04 for the

di↵erence), Caucasus hunter-gatherers (CHG (Jones et al., 2015); Z = 1.77), and Afontova Gora

3 (AG3, a ⇠17 kya individual from Siberia closely related to MA1 (Fu et al., 2016); Z = 2.17).

We note that a recent study (Lazaridis et al., 2016) found a cline of MA1-relatedness among a

large number of present-day eastern Eurasian populations and argued for admixture from west

to east instead; while the present analysis supports the other direction, an important subject

for future work will be to reconcile these results.

Onge 

Ami 

K14 

MA1 

Ust 

α2 

K14 

MA1 

Onge 

Ami 

Ust 

α1 
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B 

Figure 4. Admixture graph schematics representing alternative historical scenarios to explain
shared drift between MA1 and East Asians. (A) MA1 is admixed, with East Asian-related
ancestry. (B) Ami is admixed, with MA1-related ancestry. Other relationships are assumed as
shown (the position of the root is arbitrary). The expected values of the statistics (1) f4(MA1,
K14; Ami, Ust’-Ishim) and (2) f4(Ust’-Ishim, MA1; Onge, Ami) are equal to a branch length
times a mixture proportion: red for (1) and black for (2) (times ↵1 in (A) and ↵2 in (B)).

While we did not carefully model present-day Europeans in our main admixture graph, we

did build an extended graph with French added (25 individuals). A good fit was obtained
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with four ancestry components, related to western (K14), northern (near the base of the MA1

lineage), and eastern (specified as the same source as for MA1) Eurasians, plus Basal Eurasian

(specified without Neanderthal introgression (Lazaridis et al., 2016)). The inferred proportions

were 27.7%, 34.9%, 23.2%, and 14.2%, respectively, with essentially no change in the list of

residuals. We note that these sources do not represent the proximal ancestral populations of

present-day Europeans (Lazaridis et al., 2014; Haak et al., 2015), and this fit also may not be

the optimal one, but it does provide a sense of the relationships of Europeans to the major

lineages defined in our model.

Lastly, we also briefly studied two other ancient European lineages. First, we built a version

of our model with WHG in place of MA1 and found that it fit in a similar fashion (majority

component of WHG’s ancestry as a sister group to K14, plus eastern Eurasian gene flow).

Second, we fit an expanded graph with MA1, K14, and the early modern human Oase 1 (Fu

et al., 2015). Because of possible contamination, we used the published damage-restricted data,

which reduced the set of SNPs with coverage in all populations to ⇠28k. The inferred graph

was similar overall, with modest changes due to the smaller set of SNPs. Oase 1 was inferred to

diverge from the western Eurasian (K14) lineage, slightly later than Ust’-Ishim (shared drift 1.6),

but still close to the split of the eastern and western clades. As shown in Fu et al. (2015), Oase

1 has a significant excess of Neanderthal ancestry, which we inferred at 8.3% in the extended

model.

Native Americans

We included Surúı, from Brazil, a Native American population without recent European ad-

mixture. As previously demonstrated for Native Americans generally (Raghavan et al., 2014),

we found that they fit well in the model as a mixture of components related to East Asians

(73%) and MA1 (27%). This proportion of western Eurasian ancestry is lower than previously

inferred (⇠40% in Raghavan et al. (2014)), which may be because we are separately modeling

East Asian-related gene flow into MA1. It has also been shown that Surúı harbor a few percent

ancestry from a “Population Y” related to Onge and Australasians (Skoglund et al., 2015). In

the context of our model, with only one Native American population present, this admixture

should only have a minor e↵ect, although we do see hints of such a signal, as mentioned above.

Early out-of-Africa split points

After the divergence of Dinka from non-Africans, the next split point on the modern human

lineage in our model is that between the major eastern and western clades (the node labeled

“Non-African”—although we note that the split point of Basal Eurasian would be deeper.) This
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split is soon followed on the western Eurasian branch by the split between K14 and Ust’-Ishim

(i.e., their respective modern-human ancestry components). The original Ust’-Ishim analysis (Fu

et al., 2014) inferred a near-trifurcation at this point, and we wished to test whether K14 (and

other western Eurasians) and Ust’-Ishim form a statistically supported clade. In fact, while

the best-fitting position for Ust’-Ishim is on the western lineage (0.6 shared drift), the inferred

95% confidence interval for this point overlaps the eastern/western split (standard error 0.4 for

the Ust’-Ishim split position), so that we cannot confidently resolve the branching order. We

therefore continue to regard this cluster as approximately a trifurcation; while we show Ust’-

Ishim at its best-fitting split point in Figure 1, we color-code it as a basal non-African rather

than a member of the western clade.

We also investigated another near-trifurcation, near the top of the eastern Eurasian clade,

where the East Asian, Onge, and Australasian lineages are inferred to diverge in a short span.

Here, the best-fitting arrangement features Onge and East Asians as a weak clade (p ⇠ 0.02), but

the model reaches a second, only slightly inferior local optimum with Onge and Australasians

as sister groups instead, possibly suggesting admixture between two of the three lineages. An

admixture event in either Onge (between the Australasian and East Asian lineages) or Aus-

tralasians (between the Onge and deep eastern Eurasian lineages) is likewise weakly significant

(p ⇠ 0.02), but with no discriminatory power between these two scenarios. Ultimately, we chose

to present the model with a trifurcation at this point because we felt it best conveyed our un-

certainty: no pair of lineages clearly shares more drift, and it is likely that some admixture took

place, but we cannot accurately determine which lineage or lineages were involved or constrain

the exact proportions or sources.

Power to detect admixture events

The set of admixture events we have included is limited by our power to detect statistically

significant deviations from the proposed model. Suppose that we specify a quartet of populations

as unadmixed with the topology ((A, B),(C, D)). If population A is in fact admixed with a

component of ancestry related to C (in an unrooted sense), then we will observe a residual

statistic f4(A, B; C, D) with expected value �L, where � is the C-related mixture proportion

and L is the branch length in the graph that is shared uniquely between this component and

population C (Reich et al., 2009; Patterson et al., 2012). For our data set, in 1000 times drift

units, standard errors on observed f4-statistics are on the order of 0.5. Thus, in order to observe

a residual at Z = 2 (for example), an admixture event would have to satisfy (approximately)

�L > 1. We note that while � is a fixed parameter, L depends on how close a reference C is

available (and one must also have access to populations B and D with the proper topology).

We were particularly interested in the question of power to detect possible southern route
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ancestry in Australasians. In this case, population A would be Australasians, population B would

be an East or Southeast Asian group without a southern route component, population C would

be an outgroup (African, archaic, or Chimp), and population D would be a western Eurasian.

The length L would measure the distance from the “Non-African” node up to the split point of

the southern route source. A more thorough empirical analysis of this question in Mallick et al.

(2016) concluded that any southern route component in Australasians is unlikely to comprise

more than several percent. If, for example, the deeper ancestry were from a population that

split halfway between the “Non-African” node and the African/non-African ancestor (L ⇡ 17),

then via the inequality above, we would have power to find roughly 6% admixture or more,

similar to the previous results. For a split closer to the “Non-African” node, our power would

be reduced, while for a deeper split (e.g., the ⇠120 kya proposed by Pagani et al. (2016)), it

would be enhanced.

We also carried out two tests using our admixture graph to examine our power empirically

in cases of well-known admixture. First, we studied the ⇠27% MA1-related ancestry in Surúı.

In order to make our available constraints similar to the hypothetical southern route case, we

removed MA1, K14, and Ust’-Ishim from the model. With this reduced graph, if we model

Surúı as unadmixed, we observe six residuals with Z > 3 (max 3.6), all of the form f4(Surúı,

Asian; outgroup, Australasian). Thus, even without any western Eurasian references, we can

easily locate the admixture signal (the relevant length L is the branch between the “East1” and

“Non-African” nodes, or approximately 6 units).

Second, we conducted a similar analysis for the Denisova-related ancestry in Australasians,

having removed Onge, Chimp, Altai, and Denisova from the model. In this case, we observe a

residual f4(Australian, Surúı; Dinka, K14) at Z = 2.01, roughly as expected given the known

parameters of a few percent introgression and L ⇡ 34 (the full distance between the “Non-

African” node and the African/non-African ancestor). This demonstrates our ability to detect

a very small proportion of deep ancestry in Australasians without a close surrogate available,

as would also be true for southern route admixture. While in this example the residual was

only weakly significant, it was obtained after relaxing a number of key constraints from the full

model, and even 1–2% more deep ancestry would have made for an unambiguous signal.

Replication with SGDP data

To gain further perspective, we repeated our admixture graph analysis with full sequence data

from the SGDP (Mallick et al., 2016). The set of populations we used was similar (although

generally with smaller sample sizes; see Materials and Methods), with only two changes: we sub-

stituted HGDP Papuans instead of New Guinea Highlanders (which should not be substantively

di↵erent) and no longer had access to data for Mamanwa. We ascertained SNPs as polymorphic
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among the four SGDP Mbuti individuals and merged with Chimp, Altai, Denisova, Ust’-Ishim,

K14, and MA1. The resulting data set contained 1.99M SNPs overlapping all populations.

The best-fitting graph is shown in Figure 5. Overall, it is very similar to our primary model,

with only one change in topology (the eastern Eurasian admixture source for MA1 now splits

closer to Ami) and small di↵erences in inferred mixture proportions (Table 1). The SGDP model

does have two residual statistics falling more than 3 standard errors from their fitted values:

f4(Ust’-Ishim, Ami; Australia, Dinka) = -4.34 (fitted value -6.69; Z = 3.52) and f4(Ust’-Ishim,

Papuan; Australia, Dinka) = -24.64 (fitted value -26.83; Z = 3.02). A number of other residuals

are also present with Z > 2 showing the same apparent signal of shared drift between Ust’-Ishim

and Australasians (for example, with Altai or Denisova in place of Dinka); these statistics are

not independent, but the overlap argues that it is indeed this pair of populations that drives the

two most significant residuals.
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Figure 5. Model fit with with SGDP data. Notation is the same as in Figure 1.

While this signal is intriguing, we ultimately decided not to add a new admixture event to

the model to account for it. We considered the possibility either of gene flow from a population

related to Ust’-Ishim into the ancestors of Australasians or vice versa. Both would create a

pattern of shared drift as reflected in the residuals, but the two directions would make distinct

predictions in relation to other populations. In the first scenario, we would expect the genetic

a�nity to Ust’-Ishim to be unique to Australasians, and this a�nity should be detectable in our

previous analyses. However, neither the f4 correlation nor qpWave methods showed evidence

of Ust’-Ishim-related admixture in Australasians, and the signal of shared drift between Aus-

tralasians and Ust’-Ishim was only marginally significant in our main graph model; while based

18



on fewer SNPs, the corresponding statistics in fact had lower standard errors than those from

the SGDP model, so the di↵erence was not due to a lack of power. In the second scenario, with

Ust’-Ishim admixed, we would expect a slightly di↵erent signature, since Ust’-Ishim would then

possess a component of ancestry that, in addition to being related to Australasians, also shares

excess drift with other eastern Eurasians. We do in fact observe two such (weaker) residual

statistics: f4(Ust’-Ishim, K14; Onge, Dinka) = 1.37 (fitted value -0.21; Z = 2.24) and f4(Ust’-

Ishim, K14; Ami, Dinka) = 1.30 (fitted value -0.21; Z = 2.07). However, when we replicated

these statistics with our main data set, using all available SNPs, they were only weakly positive

(f4(Ust’-Ishim, K14; X, Dinka) = 0.31, 0.62, 0.72, 1.10 for X = Onge, Ami, New Guinea, and

Australia, respectively; Z = 0.59, 1.18, 1.23, 1.18).

We also compared the quality of fit of full graph models (using the SGDP data) in which

we added an extra admixture event between Ust’-Ishim and Australasians in either direction,

with the hypothesis that if one of these models is correct, it should score better than the other.

In both cases, the score improved by more than 11, but the two models had similar residual

lists, and their log-likelihood scores only di↵ered by ⇠0.3. This would seem to indicate either

that (1) the shared drift signal does not reflect a true admixture, (2) there was very evenly

bidirectional gene flow, or (3) our model is not su�ciently powered to detect the true mixture

source. Moreover, both graphs still had numerous other residuals involving Ust’-Ishim with

Z-scores above 2 (up to Z = 2.48 with Australasians admixed and Z = 2.89 with Ust’-Ishim

admixed). For the sake of comparison, using our main graph model, we applied a similar analysis

to the inferred admixture event from eastern Eurasians into MA1. In that case, while the signal

was relatively weak, and there could be reason to believe that the gene flow was not strictly

east-to-west, we were able to show that the admixture had a preferred directionality; as noted

above, a model with gene flow in the reverse direction scored 4.6 worse. (For an example of a

strongly constrained admixture event, if we fit a model with gene flow from Mamanwa to Ami

rather than in reverse, the score is more than 400 worse.) To draw a more precise analogy,

we repeated the model-fitting without K14 in the graph, so that MA1 was the only western

Eurasian population present (in the same way that Ust’-Ishim is the only representative of its

lineage). Not surprisingly, this caused the signal of directionality to be attenuated, but it was

still present: a model with east-to-west gene flow scored 1.2 better than the reverse.

Finally, we fit a version of our model on SGDP data but restricted to transversion poly-

morphisms (a total of ⇠622k SNPs) to test whether there could be any e↵ects of ancient DNA

damage patterns either on these residual signals or in the model-fitting as a whole. The graph

fit well overall, with the same optimized topology as in our main results (restoring the one dif-

ference present in the full-SGDP graph) and similar mixture proportions (Table 1). The list of

significant residuals was slightly shorter than with all SNPs, but the Ust’-Ishim-related signal
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was still present (although now stronger with Papuan than with Australia), with the most signif-

icant residual, f4(Ust’-Ishim, Ami; Papuan, Dinka), now at Z = 2.98. This leads us to conclude

that neither this signal nor other results obtained in the full models are driven by ancient DNA

damage. However, in light of our other analyses, we do not feel that we have su�cient evidence

at this time to assign the Ust’-Ishim-related signal as a true admixture.

Discussion

Our proposed admixture graph provides both an integrated summary of many population rela-

tionships among diverse non-African modern human groups and a framework for testing addi-

tional hypothesis. As an example of the model’s utility, it can help to evaluate a signal previously

used to argue for deeply diverged ancestry in Aboriginal Australians (Rasmussen et al., 2011):

f4(Australia, Han; Yoruba, French) = 2.02 (Z = 8.23), or with related populations in our ad-

mixture graph, f4(Australia, Ami; Dinka, MA1) = 1.43 (Z = 3.01). While southern route

ancestry would indeed cause these statistics to be positive, the admixture events specified in our

model provide two (partial) alternative explanations, namely Denisova-related introgression into

Australasians and gene flow between eastern and western Eurasians. In fact, the predicted value

of f4(Australia, Ami; Dinka, MA1) in our final graph is 1.72, slightly larger than the observed

value, without any southern route ancestry in Australasians. Thus, this example illustrates how

fitting a large number of groups simultaneously can add context to the interpretation of observed

patterns in population genetic data.

In addition to providing a synthesis of previous results, we have also proposed two new

admixture events in MA1, both of which seem plausible on geographical grounds but are not

overwhelmingly statistically significant and would be interesting topics for further study. One

event, consisting of gene flow from an eastern Eurasian population, appears to be present as

well in other later western Eurasians, which makes it unlikely that the signal could be due

to contamination in MA1. We note though that this event could have involved one or more

(unknown) intermediate populations rather than being direct, and we also cannot rule out a

small amount of admixture in the reverse direction. The second, consisting of Denisova-related

gene flow, provides intriguing evidence of a novel instance of archaic introgression, but it should

be subject to additional scrutiny with more sensitive methods to confirm whether the source

has been accurately inferred (as opposed to excess introgression from Neanderthal or a di↵erent

archaic group).

Furthermore, we show that we can obtain a good fit to the data with no further admixture

events beyond those specified in our model. In other words, even though our graph is in some

ways relatively simple, with only three admixtures among the 10 modern human populations,
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we do not find any large residuals (to the extent that we have statistical power). This does

not mean that we have identified all admixture events in the ancestry of these populations

or that our graph represents the exact historical truth; rather, we propose that our model be

viewed as a reasonable and relatively comprehensive starting point given currently available

data, in the spirit of previous demographic null models (Scha↵ner et al., 2005; Gravel et al.,

2011). We also have not included certain groups with known complicated histories, including

present-day European and Indian populations. We attempted to add Indians to the graph but

failed to obtain a satisfactory fit, which we believe was primarily due to di�culty in modeling

the western Eurasian (ANI) ancestry found in all Indian groups today (in addition to eastern,

“ASI” ancestry) (Reich et al., 2009).

Overall, our model supports a rapid radiation of Eurasian populations following an out-

of-Africa dispersal, in line with results from uniparental markers (Karmin et al., 2015; Posth

et al., 2016). Here, this pattern is reflected in the near-trifurcations among the main eastern

and western Eurasian clades plus Ust’-Ishim (with Oase 1 splitting very close as well) and at

the base of the eastern clade among Andamanese, Australasians, and East Asians. We note

that archaeological evidence increasingly points to early eastward modern human dispersals,

with suggestive remains from East and Southeast Asia (Mijares et al., 2010; Demeter et al.,

2015; Liu et al., 2015) in addition to the relatively early sites confidently assigned to modern

humans in Australasia (O’Connell and Allen, 2015; Clarkson et al., 2015). If these finds do all

represent true modern human occupation, this would change our understanding of the timing

of out-of-Africa migrations, but it would not necessarily be the case that present-day Asians

and Australasians are related to these first inhabitants. It is also possible that Australasians

possess a few percent ancestry from an early-dispersal population which could be detectable with

more sensitive genetic analyses but not with our allele-frequency-based methods (Mallick et al.,

2016; Pagani et al., 2016). Finally, we caution that we are limited in our ability to infer the

geographical locations and calendar dates of events in the admixture graph; our most powerful

temporal constraint comes from Ust’-Ishim, whose date of ⇠45 kya places the eastern/western

Eurasian split no later than this time. Further analysis of ancient DNA in the context of present-

day genetic variation promises to provide additional data points to refine and add detail to our

understanding.

Materials and Methods

Admixture graph fitting methodology

Our central approach is to summarize information about population relationships (in the form

of f -statistics) within the framework of an admixture graph, a phylogenetic tree augmented with
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admixture events. A full description of the mathematical underpinnings of our methods can be

found in Patterson et al. (2012) and Lipson et al. (2013). Briefly, a proposed admixture graph

implies f2, f3, and f4-statistic values for all pairs, triples, and quadruples of populations, where

we use the notation f4(A, B; C, D) interchangeably as E[(pA � pB)(pC � pD)] (the expected

allele frequency correlation of populations A, B, C, and D) and as the estimator of this quantity

(the empirical sum of the correlation over many loci). (The other statistics can be written as

f3(A; B, C) = f4(A, B; A, C) and f2(A, B) = f4(A, B; A, B).) The parameters in the graph

consist of mixture proportions and branch lengths, the latter in units of genetic drift (where

populations that share descent from a common ancestor will covary in their allele frequencies,

measured at SNPs polymorphic across populations, as a result of shared drift). A graph model

can be optimized by solving a system of equations (which are linear in terms of branch lengths)

for a linearly independent set of f -statistics (e.g., all pairwise f2 values).

The results presented here are obtained via the ADMIXTUREGRAPH software (Patterson

et al., 2012). ADMIXTUREGRAPH takes as input a user-defined admixture graph topology

and solves for the best-fitting branch lengths and mixture proportions given the observed f -

statistics. Our usual strategy for building a model in ADMIXTUREGRAPH is to start with a

small, well-understood subgraph and then add populations (either unadmixed or admixed) one

at a time in their best-fitting positions. This involves trying di↵erent branch points for the new

population and comparing the results. If a population is unadmixed, then if it is placed in the

wrong position, the fit of the model will be poorer, and the inferred split point will move as far

as it can in the correct direction, constrained only by the specified topology. Thus, searching

over possible branching orders allows us to find a (locally) optimal topology. If no placement

provides a good fit (in the sense that the residual errors are large), then we infer the presence

of an admixture event, in which case we test for the best-fitting split points of the two ancestry

components. After a new population is added, the topology relating the existing populations

can change, so we examine the full model fit and any inferred zero-length internal branches for

possible local optimizations. As compared to an automated method such as TreeMix (Pickrell

and Pritchard, 2012), this procedure is more laborious, but for this application we preferred to

build the graph in a more careful, supervised way.

We note that in order to constrain all the parameters of an admixture event, it is neces-

sary to have four reference populations in the graph splitting at di↵erent points along the path

connecting the mixing populations (for example, for the shared Neanderthal introgression into

non-Africans, the references are Altai, Denisova, Chimp, and Dinka). With three distinct refer-

ences, it is possible to detect the presence of an admixture, but the mixture proportion and one

of the relevant branch lengths are confounded as a compound parameter. Also, even with four

available references, if two of them have distinct but very close phylogenetic positions, or if one
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or more are themselves admixed, then it may be possible to infer the admixture proportions but

only with relatively large uncertainty.

Our ADMIXTUREGRAPH settings are slightly di↵erent from the default. First, we use the

option “outpop: NULL” rather than specifying an outgroup population in the graph in which

SNPs must be polymorphic, and we also set “lambdascale: 1” in order to preserve the standard

scaling of the f -statistics without an extra denominator. Second, we use the full matrix form of

the objective function (with diag = 0.0001) to avoid the basis dependence of the least-squares

version of the computation. There could be some concern that the empirical covariance matrix

Q is unstable, but we did not see any evidence of such behavior. We also note that while we show

graphs with Chimp as the root, the fitting should not depend on the root position (including

whether Chimp itself or a common ancestral node is used). We tested versions of the graph with

Dinka as the root, and the results were essentially identical.

Measures of fit quality

When evaluating the quality of fit of a graph model, we use two metrics provided by the AD-

MIXTUREGRAPH program. First, the program returns a list of residuals above a specified

Z-score threshold. These are f -statistics for which the fitted value in the model di↵ers from

the actual value measured from the data by a significant amount (in terms of the Z-score, i.e.,

fitted minus observed divided by standard error) according to a block jackknife (block size 5

cM). It is di�cult to assess the exact false-positive rate corresponding to a given threshold;

the Z-score for an individual statistic is approximately distributed as a standard normal under

the null, but we are testing many statistics simultaneously. Moreover, while the total number

of linearly independent f -statistics in the graph is known (n(n � 1)/2, where n is the number

of populations), as is the number of free parameters (2n + 2a � 3, where a is the number of

admixture events, assuming no parameters are locked), the residual errors in the statistics are

correlated because of shared history (for example, f4(A, B; C, Australia) and f4(A, B; C, New

Guinea) are always similar). Thus, rather than conducting hypothesis tests with the residuals,

we use them as a heuristic: better-fitting models should generally have fewer significant residuals

and lower Z-scores, and the most significant residuals in a given model generally point to the

populations that are being the most poorly fit.

The second metric is an overall model fit score, S(G) = �1/2(g � f)0Q�1(g � f), where f

is the vector of observed f -statistics (the full linearly independent set according to the chosen

basis), g is the corresponding vector of statistics according to the model, and Q is an estimated

covariance matrix. Under an approximation that noise is multivariate normal distributed under

the null, this score is a log-likelihood for the model. We do not use the score directly to gauge

whether a given model is an adequate fit for the data, but we can compare alternative models on
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the basis of their scores, favoring the one with the higher log-likelihood. Specifically, we believe

the score is suitable to use for likelihood ratio tests (LRTs). In our context, we are typically

interested in the question of whether adding a new admixture event provides a significantly

better fit: the more complex model will always have at least as good a score, but it will also

contain two additional free parameters (the split point of the second mixing population and the

mixture proportion). We perform LRTs by taking the di↵erence in scores; twice this di↵erence

is approximately chi-squared distributed with two degrees of freedom under the null. Thus, the

score must improve by ⇠3 for an admixture to be significant at p = 0.05.

Lastly, we also use relative scores to generate confidence intervals for parameters in the

graph. To do so, we create a one-dimensional grid of values for a given parameter (either a

branch length or mixture proportion) and run the program for each value, where all parameters

but that one are optimized. For example, to determine the confidence interval for a certain

mixture proportion, we might compute the log-likelihood for the model where this proportion is

fixed at 1%, 2%, etc. Because of the multivariate normal score approximation and the linearity

of f -statistics, this procedure in general produces a normal likelihood function for the parameter

of interest, from which we compute confidence intervals.

Possible methodological caveats

One potential weakness of our graph-fitting approach is that with such a large space of possible

models, it is di�cult to say for certain that our proposed graph is optimal. However, between

previous knowledge, our careful stepwise construction of the graph, and the (local) optimization

of the final model, we believe that our graph is a reasonable representation. Also, while we have

used a principled approach to choosing the admixture events present in the model, it is certain

that we have missed some that truly occurred. Partly this is a matter of power, as some residuals

resulting from incorrect model specification might be too small to separate from statistical noise

(and because we are attempting to fit many relationships simultaneously, it would be expected

that we would find some modest residuals by chance). Finally, the results we obtain could also

depend to some extent on which reference populations are included in the graph.

Another possible concern is ascertainment bias. Ideally, admixture graphs should be built

with SNPs that are (a) polymorphic at the root, and (b) not subject to any ascertainment

involving the populations in the graph. Since we included archaic humans, it was not strictly

possible for us to satisfy these conditions. However, we used what should be almost bias-free

ascertainment schemes, particularly with regard to relationships among modern humans, as

all SNPs were ascertained in outgroup or near-outgroup African populations. The one set of

parameters we would recommend treating with caution are the exact proportions of archaic

admixture; for example, the inferred Neanderthal admixture proportion in non-Africans in the
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graph based on full sequence data is large (4.3%), which we suspect could be caused by condensed

branch lengths in the archaic section of the tree (a combination of ascertainment e↵ects and large

drifts).

Data

For the main admixture graph, as well as other analyses (unless otherwise specified), we use

autosomal data for present-day populations (Lazaridis et al., 2014) from panels 4 and 5 of the

Human Origins array (SNPs ascertained as heterozygous in single San and Yoruba individuals),

a total of approximately 259k SNPs. The present-day human populations have sample sizes of 3

Australian, 7 Dinka, 8 Surúı, 11 Onge, 16 Mamanwa, 19 Ami, and 19 New Guinea. For ancient

individuals, we use diploid genotype calls from full genome sequences for the high-coverage

samples (Altai, Denisova, and Ust’-Ishim, plus Loschbour) and majority-allele calls for most of

the lower-coverage samples (K14 and MA1, plus Oase 1 and La Braña 1). The only exceptions

(both of which are only used in follow-up analyses and not in the admixture graph models) are

the Caucasus hunter-gatherer individuals (Jones et al., 2015) and Afontova Gora 3 (Fu et al.,

2016), which have random haploid allele calls. We only use SNPs for which no populations in

the graph have missing data, resulting in a total of approximately 123k SNPs for the final model.

For f -statistics presented as part of additional analyses to support the admixture graph results,

we use all SNPs covered by the populations in question.

We also conduct analyses on full sequence data from the SGDP (Mallick et al., 2016), for

which we ascertain SNPs as polymorphic among the four Mbuti individuals. We then merge

data from K14 and MA1, here utilizing single random allele calls at each locus. This genotyping

approach can reduce some biases but can also potentially be more susceptible to damage or

contamination; empirically, we do not see any major di↵erences in the inferred parameters for

K14 and MA1 in the two models. The final data set contains approximately 1.99M SNPs.

Present-day human populations are represented by 2 individuals for Onge, Ami, and Surúı; 3

for Dinka; 4 for Australia; and 16 for Papuan.
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