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Figure 1. Computer simulations show that when the true admixture graph (AG) topology is complex, findGraphs frequently finds AGs fitting the

data better than the true AG. (a) Fractions of distinct AGs found with findGraphs that fit the data nominally better than the true AG (according to
log-likelihood [LL] scores). The simulated datasets are grouped by complexity class (eight or nine leaves, four or five admixture events) and by the
number of admixture events allowed at the topology search stage (n — 1 on the left, nin the middle, and n + 1 on the right, where n is the true number
of simulated admixture events). Each dot represents a simulated random history, and 20 such histories were simulated for each complexity class. (b)
Fractions of distinct AGs found with findGraphs that fit the data significantly better than the true AG (two-tailed empirical p-value of the bootstrap
model comparison method <0.05). (¢) Fractions of distinct AGs found with findGraphs that fit the data well in absolute terms (WR < 3 SE). (d) Distinct
AGs found for a particular simulated history (eight groups and four admixture events) in the LL and WR coordinates. Only best-fitting graphs with WR <
3 SE are shown. The fit of the true topology is shown in yellow, and topologies that fit the data significantly better than the true one are in purple. The
true topology was not recovered by our findGraphs searches. (e) The true model from panel (d) and two alternative models found with findGraphs, both
fitting significantly better than the true one (based on the bootstrap p-value) and very different topologically. This is presented as an example of very
high topological diversity seen among well-fitting models. Model parameters (graph edges) that were inferred to be unidentifiable (see Appendix 1,
Section 2.F) are plotted in red.
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Figure 2. Log-likelihood (LL) scores of published graphs (those shown in Table 1) and automatically inferred graphs. Each dot represents the LL score
of a best-fitting graph from one findGraphs iteration (low values of the score indicate a better fit); only topologically distinct graphs are shown. LL scores
for the published models and best-fitting alternative models found are shown by blue and pink x's, respectively. Bootstrap distributions of LL scores

for these models (vertical lines, 90% Cl) and their medians (solid dots) are also shown. Lower scores of the fits obtained using all single-nucleotide
polymorphisms (SNPs), relative to the bootstrap distribution, indicate overfitting. Green and red horizontal lines show the approximate locations where
newly found models consistently have fits significantly better or worse, respectively, than those of the published model. In the case of the Bergstrom et
al., Lazaridis et al., and Hajdinjak et al. studies, one or more worst-fitting models were removed for improving the visualization. The setups shown here
(population composition, number of groups and admixture events, topology search constraints) match those shown in Table 1.
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Figure 3. Published graphs and selected alternative models from three studies for which we explored alternative
admixture graph (AG) fits. In all cases, we selected a temporally plausible alternative model that fits nominally or
significantly better than the published model and has important qualitative differences compared to the published
model with respect to the interpretation about population relationships. In all but one case, the model has the

Figure 3 continued on next page
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Figure 3 continued

same complexity as the published model shown on the left with respect to the number of admixture events;

the exception is the re-analysis of the Librado et al., 2021 horse dataset since the published model with three
admixture events is a poor fit (worst Z-score comparing the observed and expected f-statistics has an absolute
value of 23.9 even when changing the composition of the population groups to increase their homogeneity and
improve the fit relative to the composition used in the published study). For this case, we show an alternative
model with 8 admixture events that fits well and has important qualitative differences from the point of view of
population history interpretation. The existence of well-fitting AG models does not mean that the alternative
models are the correct models; however, their identification is important because they prove that alternative
reasonable scenarios exist that are qualitatively different from published models. Model parameters (graph edges)
that were inferred to be unidentifiable (see Appendix 1, Section 2.F) are plotted in red. (a) The graph published
by Bergstrém et al., 2020 (on the left) and a nominally better fitting graph for dogs that is more congruent to
human history (on the right). For both species, Baikal and Native American groups are mixed between European-
and East Asian-related lineages, and a 'Basal Eurasian’ lineage contributes to West Asian groups; these features
are all characteristic of human history but absent in the published dog graph. (b) The graph published by

Librado et al., 2021 (modified population composition, on the left) and a significantly better fitting AG that is
temporally and geographically plausible (on the right). In contrast to the published graph, in this graph with eight
mixture events (the minimum necessary to obtain an acceptable statistical fit to the data), a lineage maximized

in horses associated with Yamnaya steppe pastoralists or their Sintashta descendants (C-PONT, TURG, or DOM2)
contributes a substantial proportion of ancestry to the horses from the Corded Ware Complex (CWC). Thus, in
this model both CWC humans and horses are mixtures of Yamnaya and European farmer-associated lineages. This
is qualitatively different from the suggestion that there was no Yamnaya-associated contribution to CWC horses
which was a possibility raised in the paper. The AG with eight admixture events is also different from the published
model in that it shows a fitting model where the Tarpan horse does not have the history claimed in the study (as
an admixture of the CWC and DOM2 horses). (¢) The graph published by Hajdinjak et al., 2021 (on the left)

and a significantly better fitting AG, but without a specific lineage shared between the Bacho Kiro Initial Upper
Paleolithic group and East Asians (on the right). In this model, all the lineages shared between Bacho Kiro IUP and
East Asians contributed a large fraction of the ancestry of later European hunter-gatherers as well, and thus this
graph does not imply distinctive shared ancestry between the earliest modern humans in Europe and later people
in East Asia, and instead could be explained by a quite different and also archaeologically plausible scenario of a
primary modern human expansion out of West Asia contributing serially to the major lineages leading to Bacho
Kiro, then later East Asians, then Ust'-Ishim, then the primary ancestry in later European hunter-gatherers.
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Figure 4. Published graphs and selected alternative models from three further studies for which we explored
alternative admixture graph (AG) fits. (a) The graph published by Lipson et al., 2020b (on the left) and a nominally
better fitting AG (on the right). In contrast to the published graph, there is no single lineage specific to modern
rainforest hunter—gatherers (Biaka and Mbuti) and Shum Laka (Cameroon_SMA). Rather, the primary ancestries

Figure 4 continued on next page
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Figure 4 continued

in each group are separate deep-branching lineages (the deeper lineage they all share is also the source of the
majority of ancestry in all anatomically modern humans modeled here). In contrast to the graph in the published
paper, there is no West African-maximized ancestry present in mixed form in Biaka, Mbuti, and Shum Laka;
archaic admixture is not limited to a subset of Africans but is present in all anatomically modern humans in various
proportions; and there is no ghost modern human ancestry in Agaw, Biaka, Lemande, Mbuti, Mende, Mota,

Shum Laka, and Yoruba. (b) The admixture graph published by Wang et al., 2021 (on the left) and a significantly
better fitting AG meeting the constraints used to inform model building in the published paper (on the right). The
finding of Onge-related admixture that is widespread in East Asia suggesting an early peopling via a coastal route
is not a feature of this model. (c) The admixture graph published by Sikora et al., 2019 (simplified "Western"
graph, on the left) and a nominally better fitting AG (on the right). The striking feature of the AG suggested in the
paper whereby Mal'ta (MA1_ANE) derives some ancestry from a CHG-associated lineage is not a feature of this
alternative model.
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Appendix 1—figure 1. Performance comparison of f-statistic computation and AG fitting in Classic ADMIXTOOLS
and ADMIXTOOLS 2 and an overview of the major ADMIXTOOLS programs. (a) Performance comparison of
f-statistic computation and AG fitting. Top: Memory usage and runtime for computing f-statistics using (1) the

gpDstat program in ADMIXTOOLS v7.0.2 released in 06/2021, (2) the f4 function in ADMIXTOOLS 2 without

Appendix 1T—figure 1 continued on next page
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Appendix 1—figure 1 continued

precomputing frstatistics, and (3) the 4 function in ADMIXTOOLS 2 with precomputed frstatistics. (1) and (2)

give identical results, whereas (3) only gives identical results in the absence of missing data, which limits its
usefulness beyond a moderate number of populations. Bottom: Runtime comparison of gpGraph with and without
precomputed f-statistics. (b) lllustration of f,- and f,-statistics. f, measures the amount of drift separating any two
populations, while f, measures the amount of drift shared between two population pairs. Every f,-statistic is a linear
combination of four f-statistics. () Overview of the major ADMIXTOOLS programs, their primary use cases, and
their associated f-statistics. (d) Schematic representation of the computations behind the ADMIXTOOLS programs
gpGraph, gpWave, and gpAdm. ADMIXTOOLS 2 separates the computation of f-statistics from the later steps in
the pipeline. Shown below are the number of data points for N individuals, M SNPs, and k populations. The exact
number of all possible non-redundant f-, f5-, and f,-statistics for , populations are (15) , %(]3() , and % (lj) . Asmall
number of f-statistics can be used to obtain a much larger number of f5- and f,-statistics and require much less
storage space than the raw genotype data.

Maier, Flegontov et al. eLife 2023;12:e85492. DOI: https://doi.org/10.7554/eLife.85492 9of 12



ELlfe Research article Evolutionary Biology | Genetics and Genomics

a 1.00- b 1.00-

075- 0.75-

050~ ® o 050" ®
S o025- 52 o025- h
[&] [&]
€ 2000- .3 EE N <€ 3 000-
25 1.00- == 100-
c® c®
£ x075- £35075-
& 5 050- 3 2g5o0s0- 3
2 0 o025- 29 025-
5 2 o000- . S5 000-
28 1.00- 2 S 100-
» 0 075~ B 2075~
g0 L.— s LI- ..l- ’
c = 0.25- c £ 0.25- h
2 §o00- [Ty SZ 000-
§ S 1.00- § g 1.00-
o 075- IL g 0.75-

oz [ T L l. i ;

[l L

0.00- == 0 . 0 ' 0 t - - 0.00- h

0 1 8 10
Number of admixture events Number of admlxture events
[ AomixtooLs 2 ] Treemix [ Aomixroovs 2 [ Treemix

Appendix 1—figure 2. Comparison of accuracy of automated search for optimal topology in the findGraphs function of ADMIXTOOLS 2 and in
TreeMix using simulated graphs with 8, 10, 12, and 16 populations, and 0-10 admixture events. Error bars show standard errors calculated as SE? =

p (1-p)/n, where pis the fraction on the y-axis and n is the number of simulations in each group (typically 20). In the case of ADMIXTOOLS 2, we
applied findGraphs three times on each simulated dataset and picked a result with the best fit score. More details are provided in Methods. (a) Fraction
of simulations where the simulated graph is recovered exactly. (b) Fraction of simulations where the simulated graph is either recovered exactly, or

the score is at least as good as the score of the simulated graph, when both graphs are evaluated by ADMIXTOOLS 2. More admixture edges greatly
increase the search space and make it more difficult to recover the simulated graph, but they do make it easier to find alternative graphs with good fits.
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Appendix 1—figure 3. Calibrating the bootstrap model comparison approach. (a) Bootstrap sampling distributions of the log-likelihood scores for two
AGs (shown in Appendix 1—figure 3—Figure supplement 1) for the same populations fitted using real data. Vertical lines show the log-likelihood
scores computed on all SNP blocks. (b) Distribution of differences of the bootstrap log-likelihood scores for both graphs (same data as in a). The purple
area shows the proportion of resamplings in which the first graph has a higher score than the second graph. The two-sided p-value for the hypothesis of
no difference is equivalent to twice that area (or one over the number of bootstrap iterations if all values fall on one side of zero). In this case it is 0.078.
(c) The AG which was used to evaluate our method for testing the significance of the difference of two graph fits on simulated data. We simulated under
the full graph and fitted two graphs that result from deleting either the red admixture edge or the blue admixture edge. These two graphs have the
same expected fit score but can have different scores in any one simulation iteration. (d) QQ plot of p-values testing for a score difference between the
two graphs (on simulated data) under the hypothesis of no difference, confirming that the method is well calibrated.
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a, graph 1 from Appendix 1-figure 3a, LL=4.9, WR = 2.0 SE.
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b, graph 2 from Appendix 1-figure 3a, LL = 25.7, WR = 5.0 SE.
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Appendix 1—figure 3—figure supplement 1. The admixture graphs compared in (Appendix 1—figure 3). (a)

Graph 1, LL=4.9, WR = 2.0 SE. (b) Graph 2, LL = 25.7, WR = 5.0 SE.
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