
Application 2: Human history 
in Africa

Cavalli-Sforza and Feldman (2003)



Diversity of Africa is suggestive of 
major population upheavals



Diversity of Africa is suggestive of 
major population upheavals

Khoisan

Hadza + 
Sandawe



(Erstwhile) Hunter-gatherers in both 
eastern and southern Africa



Is there a deep genetic relationship between 
hunter-gatherers in southern and eastern Africa? 

Tobias (1964)

Previous genetic work (Tishkoff et 
al. 2007, Tishkoff et al. 2009, 
Henn et al. 2012) inconclusive 
though suggestive

Could settle a long-standing 
debate in anthropology about the 
makeup of Africa ~10kya



Genetics of southern African Khoisan

Pickrell et al. (2012) 

Genotyped 187 individuals on 
the Affymetrix Human Origins 

Array (~500k SNPs in panels of 
known ascertainment, 150,000 
ascertained in the HGDP “San”)

Hadza and Sandawe not shown 
on the map; populations colored 
according to linguistic affiliaton

Khoisan samples from Mark Stoneking (Max 
Plank Institute) and Brigitte Pakendorf (Lyon); 

Hadza from Brenna Henn (Stanford); Sandawe 
from Lachance et al. (2012)



Supplementary Figure S4: PCA on SNPs from different ascertainment panels. In each
panel, each point represents an individual. The color and style of each point corresponds to the
population of the individual as displayed in the legend. A. Ju|’hoan North ascertainment.
This is same data presented in Figure 1B in the main text, but is included for comparison. B.
Yoruba ascertainment. C. French ascertainment
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Khoisan cluster
non-Khoisan

cluster

Pickrell et al. (2012) 

Damara
(hypothesized to have recently 

switched to a Khoisan language; 
genetics is consistent with this)

Different SNP panels highlight different 
aspects of the data



Two genetic clusters of southern 
African Khoisan

Fst between Khoisan clusters is ~0.02 
(non trivial!), all Khoisan populations 

are admixed with non-Khoisan Pickrell et al. (2012) 

non-Khoisan
cluster

NW Kalahari 
Khoisan

SE Kalahari 
Khoisan



Tree of populations without allowing 
admixture 

Built with TreeMix (Pickrell and 
Pritchard [2012])

Question we would like to ask: what 
was the relationship between these 

populations before admixture?

Admixture confounds inference of 
population relationships



Pickrell et al. (2012) 

Inferring population relationships 
accounting for gene flow

Hadza/Sandawe trace ~20% of their 
ancestry from a population (distantly) 

related to the Khoisan

Later split between populations in 
southern Africa

Eastern African 
hunter gatherers

SE Kalahari

NW Kalahari

Pickrell et al. (2012)



Application 3: dogs and wild canids

• Data from vonHolt et al. (2010): 
~60,000 sites genotyped in 
wolves, coyotes, and 82 dog 
breeds

vonHolt et al. (2010)



Residual fit from dog tree
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B. Residual fit from tree

Figure 5: Inferred dog tree. A. Maximum likelihood tree. Populations are colored according
to breed type. Dark blue: wild canids, grey: ancient breeds, brown: spitz breeds, black: toy dogs,
red: spaniels, maroon: scent hounds, dark red: working dogs, light green: herding dogs, light blue:
mastiff-like dogs, purple: small terriers, orange: retrievers, dark green: sight hounds. B. Residual
fit. Plotted is the residual fit from the maximum likelihood tree in A.. We divided the residual
distance between each pair of populations i and j by the average standard error across all pairs.
We then plot in each cell [i, j] this scaled residual. Colors are described in the palette on the right.
Residuals above zero represent populations that are closer to each other in the data than in the
best-fit tree, and thus are candidates for admixture events.
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Inferred dog 
graph

Drift parameter
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Figure 6: Inferred dog graph. Plotted is the structure of the graph inferred by TreeMix for dog
populations, allowing ten migration events. Migration arrows are colored according to their weight.
The scale bar shows ten times the average standard error of the entries in the sample covariance
matrix (Ŵ). See the main text for discussion. The residual fit from this graph is presented in
Supplementary Figure 13.
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Wolf contribution to dog breeds 
since domestication
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Figure 6: Inferred dog graph. Plotted is the structure of the graph inferred by TreeMix for dog
populations, allowing ten migration events. Migration arrows are colored according to their weight.
See the main text for discussion.
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Figure 6: Inferred dog graph. Plotted is the structure of the graph inferred by TreeMix for dog
populations, allowing ten migration events. Migration arrows are colored according to their weight.
See the main text for discussion.
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Figure 6: Inferred dog graph. Plotted is the structure of the graph inferred by TreeMix for dog
populations, allowing ten migration events. Migration arrows are colored according to their weight.
See the main text for discussion.
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~25% wolf ancestry

~9% wolf ancestry



Origin of East Asian toy breeds

~28% “ancient” East Asian breed

Chow Chow

Chinese shar-pei

Brussels griffon

Pug

ShihTzu

Pekingese



Conclusions (inferring 
topology)

• Using normal approximation to genetic drift, 
can build trees of many populations

• Tests of “treeness” indicate populations where 
a tree is a poor model

• Graphs of populations incorporate both 
population splits and mixtures



What can we hope to learn?

• Topology

• what is the branching 
structure of populations?

• Demography

• when did demographic 
events occur?

simultaneously (Figure 5). To discriminate between these four
models, we calculated several between-population summary
statistics for all pairs of populations, including FST, the proportion
of shared mutations, the proportion of low-frequency shared
mutations, and the mean frequency of shared mutations (Table S5,
Materials and Methods)
Twenty autosomal regions were simulated 1,000,000 times

under the four possible IM models (Figure 5) with IM parameters
(times of divergence, migration rates) drawn from large, flat prior
distributions (Table S9). As the specific demographic history of
each population group may influence the inference of the
branching history, we incorporated into our simulations (Table
S9) the demographic model identified for each population group
most compatible with their observed within-population summary
statistics (Table 1). The mean between-population summary
statistics across the 20 simulated regions were then compared
with the observed statistics for the 20 autosomal regions (Table S5,
Materials and Methods). The proportion of low-frequency shared
mutations and the mean frequency of shared mutations were

found to be non informative: their mean values were similar across
the four IM models simulated (data not shown). By contrast, FST
and the proportion of shared mutations varied considerably
between IM models. These two statistics were therefore system-
atically considered in the sets of summary statistics used for the
best-fit approach (Materials and Methods). Independently of the
set of summary statistics used, the A-WE model always gave the
highest proportion of small distances between the simulated and
observed datasets (Y0.5), and was therefore identified as the most
probable model given the data (Figure 6). We then investigated
whether this result was sensitive to j — the threshold at which
distances between simulated and observed statistics are considered
to be ‘‘small’’ (Materials and Methods). We observed a highly
significant negative correlation between j and the proportion of
small distances Yj generated by the A-WE model (r2=0.969,
P=0.00014): the smaller j, the better the simulations fitted the
observed data, and the greater the enrichment of the A-WE model
in these simulations. This analysis thus clearly supports our
conclusion that the A-WE model is the most probable, given the
autosomal data.
Unlike autosomal, X-linked and Y-linked regions, mtDNA

displayed strong differentiation between Western and Eastern
Pygmies (Table S5), an observation at odds with the A-WE
model. Several lines of evidence suggest that sex-biased gene
flow, ancient maternal population structure and/or stronger
genetic drift have contributed to the high levels of mtDNA
differentiation observed today between the two Pygmy groups
(Text S1 for details). More generally, genetic drift has probably
been greater among PYG populations for all genomic compart-
ments, because the PYG Ne is smaller than the AGR Ne,
potentially leading to higher levels of differentiation between the
two PYG groups than between each PYG group and the AGR
group. Indeed, when simulating the 20 autosomal regions under
the AWE model, in which the three populations diverge
simultaneously, greater mean differentiation was observed
between the two PYG groups than between the PYG and
AGR populations (data not shown). Consequently, a more recent
divergence between the two Pygmy groups (than between the
PYG and AGR groups) is required, both to compensate for the
stronger genetic drift among PYG populations and to generate
the observed lower level of differentiation of autosomal regions
between the two PYG groups. Taken together, our analyses,
which explored a wide range of models and parameter values
(Table S9), clearly support the hypothesis of a recent common
origin of Western and Eastern African Pygmies.

Estimates of Population Separation Times and Levels of
Gene Flow: An Approximate Bayesian Computation
Approach
We then investigated the time scale of the various events

characterizing the branching history of AGR, WPYG and EPYG
populations, by estimating IM parameters under the validated A-
WE model. The coestimation of population separation time and
gene flow levels between two populations is generally difficult
because low levels of differentiation may result from either a recent
splitting of populations with low subsequent gene flow or from an
ancient split with high subsequent gene flow [47]. Several methods
have been developed for confident estimation of IM parameters,
provided that some fixed differences between diverging groups are
observed (i.e., species or subspecies) [48–50]. These methods are
also limited to an IM model with only two populations, or to
constant-sized populations. The application of two of these
methods to our dataset — IMa and mimar [49,50] — provided
no evidence of chain convergence despite good mixing of the

Figure 5. Four possible models explaining the branching
history of African farmers, Western Pygmies, and Eastern
Pygmies. Arrows indicate symmetric gene flow.
doi:10.1371/journal.pgen.1000448.g005
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in the Pygmy population accompanied by high levels of gene flow
with the AGR population than with a model of a constant-sized
Pygmy population with negligible gene flow with the AGR
population. A bottleneck beginning 2,500–25,000 years ago with
an 80% decrease in population size, followed by a recovery
starting 125 years later with a size increase of between 100% and
400% (Figure 4), fitted the WPYG data significantly better than
the constant-sized population model (P=0.04, see Materials and
Methods). For the EPYG group, a bottleneck starting 250–2,500
years ago with a 90 to 95% decrease in population size (Figure 4)
fitted the observed genetic diversity significantly better than the
constant-sized population model (P,0.01). Population structure
models could also theoretically fit the PYG data, in the presence of
gene flow with AGR populations. However, the occurrence of
population structure in PYG populations alone is unlikely because
(i) our analyses considered a pruned population dataset excluding
admixed populations (Figure 2B) and (ii) the influence of
population structure within WPYG populations is probably
negligible because within-population neutrality statistics for each
WPYG population individually were always positive (Text S1).
Altogether, our adjustment for the demographic regime of each
population group revealed the occurrence of population growth in
AGR populations and bottlenecks in both the WPYG and EPYG
groups.

The Branching Model: Autosomal Evidence of a Recent
Common Origin of the Western and Eastern Pygmy
Groups

The sequence of the divergence events underlying the current
differentiation of Western Pygmy, Eastern Pygmy and agricultural
groups remains unclear. All Pygmy groups share idiosyncratic
cultural and phenotypic traits, but substantial linguistic and
genetic differentiation between Pygmy groups is also observed
[8,27,35,36,46]. These observations call into question the
postulated common origin of African ‘‘Pygmy’’ populations.
Indeed, if Western and Eastern Pygmy groups share a more
recent ancestry with their respective agricultural neighbors than
with each other, then they may have acquired their shared specific
traits by convergence rather than by shared ancestry. Various
models can be put forward to explain the current levels of
differentiation between these three different groups: (i) the A-WE
model, involving an ancient divergence between the ancestors of
the AGR and PYG groups, followed by a split of PYG ancestors
into the WPYG and EPYG groups; (ii) the W-AE model, in which
the most ancient split is that between the ancestors of the WPYG
and AGR groups; (iii) the E-AW model, in which the most ancient
divergence is that between the ancestors of the EPYG and AGR
groups, and (iv) the AWE model, in which all populations diverged

Figure 4. Different models simulating the demographic regime of the WPYG and EPYG groups and the mean proportion of small
distances (Y0.5) obtained in comparisons with simulated statistics. Times are in generations. Tbot and Sbot are the time and strength of the
bottleneck, respectively. Trec and Srec are the time and strength of the population-size recovery, respectively. Modeling details and the prior
distributions of parameters are given in Table S8. We calculated the mean Y0.5 for a given model and set of parameters, by resampling, among
100,000 simulations, 100 sets of 10,000 simulations of the model, calculating Y0.5 for each set and reporting the mean Y0.5 across sets. The model
with one bottleneck (Tbot: 100–1000 generations, Sbot = 5) and one recovery (Trec = Tbot-5 generations, Srec: 0.2–0.5) generated, for the WPYG group,
the maximumY0.5 in 76% of cases when compared with all models, and in 96% of cases when compared with only constant population-size models.
For the EPYG group, the model with one bottleneck (Tbot: 10–100 generations, Sbot = 10–20) generated the maximum Y0.5 in 28% of cases when
compared with all models, and in 100% of cases when compared only with constant population-size models.
doi:10.1371/journal.pgen.1000448.g004
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Returning to human 
example

• Consider the following unrooted tree

British

Yoruba (Nigeria)

Spanish

Moorjani et al. (2011)

• Test Spanish for admixture; ie. calculate (S-Y)(S-B). Negative three-
population test; Z-score around -20 (p-value negligible) 

• What is the interpretation?

• When did admixture occur?



Fundamental problem when using 
allele frequency differences to infer 

times of demographic events

• Drift depends on both time and effective 
population size

• True even without normal approximation

xA

time

Xt ∼ N(xA, cxA[1− xA]) c ≈ t

2Ne



What sources of information 
do we have?

• Allele frequencies--more closely related population have more similar 
allele frequencies. E.g. clustering algorithms (STRUCTURE/PCA), 
tree-building algorithms

• Linkage disequilibrium--influenced by mixture between populations. 
E.g. local ancestry inference, ROLLOFF 

• Mutations--shared rare mutations between populations indicate 
shared history. E.g. mtDNA trees (not going to cover this)



Learning about history from genetics 
(admixture times)

A B

C



Learning about history from genetics 
(admixture times)

A B

C

DC
12(t) ≈ α(1− α)e−tx[fA

1 − fB
1 ][fA

2 − fB
2 ]

Differences in allele 
frequency btw A and B

Amount of LD in C 
after t generations 

between two sites at 
genetic distance x

number of generations 
since mixture

Chakraborty and Weiss (1988)



Recently admixed populations

Variation in ancestry within a 
population can cause problems in 

association analysis (like 
population structure)

Often useful to know which 
sections of an individualʼs 

genome have recent ancestry 
from different populations

Bryc et al. (2009)

Discussion
The Bantu expansion occurred ∼4,000 years ago, originating in
Cameroon or Nigeria and expanding throughout sub-Saharan
Africa (40, 41). The clustering of the Xhosa, Fang, Bamoun, and
Kongo populations, all of which are Bantu Niger-Kordofanian-
speaking populations, likely reflects a Bantu migration from
Nigeria/Cameroon expanding toward the south. Although we
have limited sample sizes (with three of our populations having
sample sizes of less than 10), the relative order of clustering (the
East-West axis, followed by the North-South axis) suggests that
the strongest differentiating axis among the African populations
is linguistic classification corresponding to Chadic and Nilo-
Saharan vs. Niger-Kordofanian ancestry. The relatively weaker
North-South axis may result from the genetic similarity among
the Niger-Kordofanian linguistic groups because of their recent
common ancestry. Although sampled in Nigeria, the very distinct
Fulani are part of a nomadic pastoralist population that occupies
a broad geographical range across Central and Western Africa.
Analyses of microsatellite and insertion/deletion polymorphisms

indicate that they share ancestry with Niger-Kordofanian, North
African, and Central African Nilo-Saharan populations, as well
as low levels of European and/or Middle Eastern ancestry (2).
Exempting the Fulani, our LD analyses show no large differences
in rates of LD decay among our sampled African populations,
with all populations exhibiting a faster decay of LD (i.e., larger
inferred effective population size) than previously characterized
populations of European ancestry (see SI Text).
Interestingly, the Kongo population does not follow the

overall trend of East-West and North-South clustering. The
Kongo population’s genetic proximity to geographically distant
Bantu populations from Cameroon could be explained by the
genetic similarity of Bantu-speaking populations in the region, as
seen in the FRAPPE analyses (Fig. 1). Alternatively, although
these individuals self-identified as Kongo and were refugees
from locations within the Democratic Republic of Congo, the
samples were collected in Cameroon; therefore, self-identified
ancestry might poorly represent the long-term geographical
origins or may reflect recent admixture.

A B

C D E F

G

Fig. 2. Results of our PCA-based ancestry estimation method. (A) Graphical illustration of approach: Euclidean distances from a given individual's co-
ordinates in PCA space (i.e., “loadings”) and the West African centroid (“a”) and the European centroid (“b”) along PC1 for PCA space that includes Eu-
ropeans, African Americans, and West Africans. (B) Local ancestry estimation using the PCA sliding window approach and associated HMM for number of
chromosomes for a given individual (i.e., “0,” “1,” or “2”) with African ancestry. (C–F) Individual ancestry estimates of 4 representative African-American
individuals (denoted 1, 2, 3, and 4 in Fig. 2A) in our dataset of 365 individuals. The colors represent two chromosomes of West African ancestry (blue), two
chromosomes of European ancestry (red), or one chromosome of West African and one chromosome of European ancestry (green). (G) Mean ancestry of 365
African-American individuals at each window across chromosome (chrom) 1, chrom 11, chrom 12, and chromosome X (X Chr). The black line shows the overall
mean estimated ancestry. Red bands indicate +3 and −3 SDs from the mean ancestry. (All chromosomes are reported in Fig. S10).

4 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.0909559107 Bryc et al.

Called “local” ancestry inference 
(as opposed to “global” ancestry)



Software for local ancestry 
inference

• HapMix (http://www.stats.ox.ac.uk/~myers/
software.html)

• LAMP (http://lamp.icsi.berkeley.edu/lamp/)

• StepPCO (https://bioinf.eva.mpg.de/download/
StepPCO/)

http://www.stats.ox.ac.uk/~myers/software.html
http://www.stats.ox.ac.uk/~myers/software.html
http://www.stats.ox.ac.uk/~myers/software.html
http://www.stats.ox.ac.uk/~myers/software.html
http://lamp.icsi.berkeley.edu/lamp/
http://lamp.icsi.berkeley.edu/lamp/
https://bioinf.eva.mpg.de/download/StepPCO/
https://bioinf.eva.mpg.de/download/StepPCO/
https://bioinf.eva.mpg.de/download/StepPCO/
https://bioinf.eva.mpg.de/download/StepPCO/


HapMix 

• Goal: identify which regions of a personʼs genome have recent 
ancestry from one of two reference populations

• Need to write down the likelihood of observed data 

• Use Li and Stephens approximation



Li and Stephens (2003)

• Imagine you have data from a number of haplotypes. 

• What is the probability of this set of data, given (say, known) mutation 
rates, recombination rates, etc.?

• Impossible to calculate except in very specific situations

• Li and Stephens approximation:
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head and Donnelly 2001) try to make use of all the Pr(h 1, . . . , h n|!) ! "̂(h 1|!)"̂(h 2|h 1; !) . . . "̂(h n|h 1, . . . , h n#1; !).
(2)molecular data available. However, although such meth-

ods have been applied successfully to small regions and We refer to this as a “product of approximate condition-nonrecombining parts of the genome (Harding et al. als” (PAC) model and to the corresponding likelihood1997; Hammer et al. 1998; Kuhner et al. 2000; Nielsen as a PAC likelihood, which we denote LPAC. Explicitly,2000; Fearnhead and Donnelly 2001), for even moder-
ate-sized autosomal regions (e.g., a few kilobases in hu- LPAC(!) $ "̂(h1|!)"̂(h2|h1; !) . . . "̂(hn|h1, . . . , hn#1; !).

(3)mans) they become computationally impractical (Fearn-
head and Donnelly 2001). Other methods, many of Similarly, we refer to the value of ! that maximizes LPACwhich are considered by Wall (2000), make use of only as a maximum PAC likelihood estimate for ! and denote itsummaries of the data, substantially reducing computa- by !̂PAC.tional requirements at the expense of some loss in effi- The utility of the model (3) will naturally depend on theciency. use of an appropriate approximation for the conditionalMore recently, Hudson (2001) and Fearnhead and distribution ". This approximation should be designedDonnelly (2002) proposed “composite-likelihood” meth- to answer the following question: if, at a particular locus,ods for estimating ! over moderate to large genomic in a random sample of k chromosomes from a popula-regions. Hudson’s method is based on multiplying to- tion, we observe genetic types h1, . . . , hk, what is thegether likelihoods for every pair of sites genotyped, in conditional distribution of the type of the next sampledwhich these pairwise likelihoods are computed via simu- chromosome, Pr(hk%1|h1, . . . , hk)? We are aware of threelation, assuming an “infinite-sites” mutation model (i.e., forms for " in the literature, each of which attempts tono repeat mutation). This method has been modified answer this question under different assumptions forby McVean et al. (2002) to allow for repeat mutation. the genetic model underlying the loci being studied.Fearnhead and Donnelly’s method is based on dividing The first and best known comes from the Ewens samplingdata on a large region into smaller regions and multi- formula (Ewens 1972). This arises from considering aplying likelihoods obtained for each smaller region. neutral locus in a randomly mating population, evolvingThese methods, together with the best of the summary- with constant (diploid) size N and mutation rate & perstatistic-based methods of Wall (2000), appear to be generation, and assuming an “infinite-alleles” mutationthe most accurate of existing methods for estimating model, in which each mutation creates a novel (pre-recombination rates from patterns of LD over moderate viously unseen) haplotype. Under these idealized condi-to large genomic regions. None of these methods, as tions, if we let ' $ 4N&, then with probability k/(k %currently implemented, allows explicitly for variation in

') the k % 1st haplotype is an exact copy of one of therecombination rate along the region under study. first k haplotypes chosen at random; otherwise it is aA new model: Here we describe a new model for LD, novel haplotype. Although the assumptions underlyingwhich enjoys many of the advantages of coalescent-based this formula will never hold in practice, it does capturemethods (e.g., it directly relates LD patterns to the un- the following properties that we would expect to holdderlying recombination rate) while remaining computa- more generally:tionally tractable for huge genomic regions, up to entire
chromosomes. Our model relates the distribution of i. The next haplotype is more likely to match a haplo-

type that has already been observed many timessampled haplotypes to the underlying recombination
rate, by exploiting the identity rather than one that has been observed less fre-

quently.
Pr(h 1, . . . , h n |!) $ Pr(h 1|!) Pr(h 2|h 1; !) . . . Pr(h n|h 1, . . . , h n#1; !), ii. The probability of seeing a novel haplotype de-(1) creases as k increases.

iii. The probability of seeing a novel haplotype in-where h 1, . . . , hn denote the n sampled haplotypes, and
! denotes the recombination parameter (which may creases as ' increases.
be a vector of parameters if the recombination rate is However, for modern molecular data, and for se-allowed to vary along the region). This identity expresses quence data and SNP data in particular, it fails to cap-the unknown probability distribution on the left as a prod- ture the following two properties:uct of conditional distributions on the right. For simplicity
we often use the notation " to denote these conditional iv. If the next haplotype is not exactly the same as an

existing (i.e., previously seen) haplotype, it will tenddistributions. While the conditional distributions are not
computationally tractable for models of interest, they to differ by a small number of mutations from an

existing haplotype, rather than to be completelyare amenable to approximation, as we describe below.
Our strategy is to substitute an approximation for these different from all existing haplotypes.

v. Due to recombination, the next haplotype will tendconditional distributions ("̂, say) into the right-hand
side of (1), to obtain an approximation to the distribu- to look somewhat similar to existing haplotypes over

contiguous genomic regions, the average physicaltion of the haplotypes h given !:
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suggested a similar simplification.] The second, which we
describe in detail in appendix b and denote !B, is a slight
modification of !A, developed using empirical results from
Figure 3 to produce a likelihood LPAC that gives more
accurate estimates of ". Where necessary, we denote the
PAC likelihoods and maximum PAC-likelihood estimates
corresponding to !A (respectively, !B) by LPAC-A and "̂PAC-A

(respectively, LPAC-B and "̂PAC-B).
A key property of both !A and !B is that they are

easy and fast to compute. Unlike the Ewens sampling
Figure 2.—Illustration of how !A(hk#1|h1, . . . , hk) builds formula, but like the approximations of Stephens and

hk#1 as an imperfect mosaic of h1, . . . , hk. This illustrates the Donnelly (2000) and FD, neither corresponds exactly
case k $ 3 and shows two possible values (h4A and h4B) for h4, to the actual conditional distribution under explicit as-given h1,h2,h3. Each of the possible h4’s can be thought of as

sumptions about population demography and the evolu-having been created by “copying” (imperfectly) parts of h1,h2,
tionary forces on the locus under consideration. Indeed,and h3. The shading in each case shows which haplotype was

copied at each position along the chromosome. Intuitively we no closed-form expressions for !, based on such explicit
think of h4 as having recent shared ancestry with the haplotype assumptions, and capturing iv or v, are known. However,
that it copied in each segment. We assume that the copying the suggested forms for ! were motivated by consideringprocess is Markov along the chromosome, with jumps (i.e.,

both the Ewens sampling formula and the underlyingchanges in the shading) occurring at rate "/k per physical
genealogy (or, in the case with recombination, genealo-distance. Thus the more frequent jumps in h4B suggest a higher

value of " than do the less frequent jumps in h4A. Note that gies) relating a random sample of haplotypes from a
for very large values of " the loci become independent, as neutrally evolving, constant-sized panmictic population.
they should. Each column of circles represents a SNP locus, As such, it may be helpful to view them as approxima-with black and white representing the two alleles. The imper-

tions to the (unknown) true conditional distributionfect nature of the copying process is exemplified at the third
under these assumptions. In particular, there are certainlocus, where h4A and h4B have the black allele, although they

copied h2, which has the white allele. In practice, of course, aspects of many real populations (e.g., population
the shading is not observed, and so to compute the probability expansion or population structure) and biological fac-
of observing a particular h4 we must sum over all possible tors (e.g., gene conversion and selection) that theseshadings. The Markov assumption allows us to do this effi-

forms for ! do not attempt to capture. For some applica-ciently, using standard methods for hidden Markov models,
tions this may not matter very much. For others it mayas described in appendix a.
be necessary to develop forms for ! that do capture
these aspects—a point we return to in the discussion.

An unwelcome feature of the PAC likelihoods corre-length of these regions being larger in areas of the
sponding to our choices of !—and indeed the formsgenome where the local rate of recombination is
for ! from Stephens and Donnelly (2000) and FD—islow.
that they depend on the order in which the haplotypes

Stephens and Donnelly (2000) suggested a form for are considered. In other words, although these likeli-
! that captures properties i–iv above. In their suggested hoods each correspond to a valid probability distribu-
form for !, the next haplotype differs by M mutations tion on the haplotypes, these probability distributions
from a randomly chosen existing haplotype, where M has do not enjoy the property of exchangeability that we
a geometric distribution with Pr(M $ 0) $ k/(k # %) (so would expect to be satisfied by the true (unknown)
that it reproduces the Ewens sampling formula in the distribution. Practical experience, and theory in Ste-
special case of the infinite-alleles mutation model). phens and Donnelly (2000; their Proposition 1, part
Thus the next haplotype is a (possibly imperfect) “copy” d), suggests that this problem cannot be rectified by
of a randomly chosen existing haplotype. making a simple modification to !. Although in princi-

Fearnhead and Donnelly (2001; henceforth FD) ple the dependence on ordering could be removed by
extended this form for ! to also capture property v averaging the PAC likelihood over all possible orderings
above. In FD’s approximation, the k # 1st haplotype is of the haplotypes, in practice this would require a sum
made up of an imperfect mosaic of the first k haplotypes, over n! terms, which is infeasible even for rather small
with the size of the mosaic fragments being smaller for values of n. Instead, as a pragmatic alternative solution,
higher values of the recombination rate. we propose to average LPAC over several random orders

Here we use two new forms for ! that also capture of the haplotypes. Unless otherwise stated, all results
properties i–v above. The first, described in detail in reported here were obtained by averaging over 20 ran-
appendix a and illustrated in Figure 2, which we denote dom orders. In our experience, the performance of
!A, is a simplification of FD’s approximation that is easier the method is not especially sensitive to the number
to understand and slightly quicker to compute. [N. Pat- of random orders used—results based on 100 random

orders gave qualitatively similar results, and resultsterson (personal communication) has independently

• Treat each new haplotype as an “imperfect mosaic” of the previously 
observed haplotypes
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To mimic the effects of mutation, the copying process
Communicating editor: S. Tavare may be imperfect: with probability k/(k ! '̃) the copy

is exact, while with probability '̃/(k ! '̃), a “mutation”
will be applied to the copied haplotype. Specifically, if

APPENDIX A: hi,j denotes the allele (0 or 1) at site j in haplotype i,THE CONDITIONAL DISTRIBUTION (A then, given the copying process X1, . . . , XS, the alleles
Here we give a formal description of (A. We also pro- hk!1,1, hk!1,2 , . . . , hk!1,S are independent, with

vide some additional motivation for the form of this
Pr(hk!1,j " a|Xj " x,h1, . . . , hk)approximation and describe briefly some of the varia-

tions on this form with which we have also experi-
" !k/(k ! '̃) ! (1/2) ) '̃/(k ! '̃), h x, j " a

(1/2) ) '̃/(k ! '̃), hx , j ! a . (A2)
mented.

Formal description of !A: Let h1, . . . , hn denote the
n sampled haplotypes typed at S biallelic loci (SNPs).

[The factor of (1/2) appears in both cases, so that asTypically h1, . . . , hn would come from a sample of n
'̃ → ∞ both alleles become equally likely.]haploid individuals or n/2 diploid individuals. We as-

We fix the value of '̃ to besume that the distribution of the first haplotype is inde-
pendent of % [e.g., all 2S possible haplotypes are equally

'̃ " " #
n$1

m"1

1
m$

$1

, (A3)likely, so (A(h1) " 1/2S]. Consider now the conditional
distribution of hk!1, given h1, . . . , hk, for k * 1. Recall
(Figure 2) that hk!1 is an imperfect mosaic of h1, . . . , where n is the total number of sampled haplotypes. (See

Motivation and Variation below for more discussion.)hk. That is, for k * 1, at each SNP, hk!1 is a (possibly
imperfect) copy of one of h1, . . . , hk at that position. Computation: Computing (A(hk!1|h1, . . . , hk) requires

a sum over all possible values of the Xj , which can beLet Xj denote which haplotype hk!1 copies at site j (so
Xj " {1,2, . . . , k}). For example, for haplotype h4A in done efficiently using the forward part of the forward-

backward algorithm for hidden Markov models (e.g.,Figure 2, (X 1,X 2,X 3,X 4,X 5) " (3,3,2,2,2). To mimic the
effects of recombination, we model the Xj as a Markov Rabiner 1989). Specifically, let hk!1,+j denote the

types of the first j sites of haplotype hk!1, and let ,j(x) "chain on {1, . . . , k}, with Pr(X1 " x) " 1/k (x " {1,
. . . , k}), and Pr(hk!1,+ j ,Xj " x). Then ,1(x) can be computed directly
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used to be in 
state x

recombination rate number of 
samples



Li and Stephens (2003)
2216 N. Li and M. Stephens

suggested a similar simplification.] The second, which we
describe in detail in appendix b and denote !B, is a slight
modification of !A, developed using empirical results from
Figure 3 to produce a likelihood LPAC that gives more
accurate estimates of ". Where necessary, we denote the
PAC likelihoods and maximum PAC-likelihood estimates
corresponding to !A (respectively, !B) by LPAC-A and "̂PAC-A

(respectively, LPAC-B and "̂PAC-B).
A key property of both !A and !B is that they are

easy and fast to compute. Unlike the Ewens sampling
Figure 2.—Illustration of how !A(hk#1|h1, . . . , hk) builds formula, but like the approximations of Stephens and

hk#1 as an imperfect mosaic of h1, . . . , hk. This illustrates the Donnelly (2000) and FD, neither corresponds exactly
case k $ 3 and shows two possible values (h4A and h4B) for h4, to the actual conditional distribution under explicit as-given h1,h2,h3. Each of the possible h4’s can be thought of as

sumptions about population demography and the evolu-having been created by “copying” (imperfectly) parts of h1,h2,
tionary forces on the locus under consideration. Indeed,and h3. The shading in each case shows which haplotype was

copied at each position along the chromosome. Intuitively we no closed-form expressions for !, based on such explicit
think of h4 as having recent shared ancestry with the haplotype assumptions, and capturing iv or v, are known. However,
that it copied in each segment. We assume that the copying the suggested forms for ! were motivated by consideringprocess is Markov along the chromosome, with jumps (i.e.,

both the Ewens sampling formula and the underlyingchanges in the shading) occurring at rate "/k per physical
genealogy (or, in the case with recombination, genealo-distance. Thus the more frequent jumps in h4B suggest a higher

value of " than do the less frequent jumps in h4A. Note that gies) relating a random sample of haplotypes from a
for very large values of " the loci become independent, as neutrally evolving, constant-sized panmictic population.
they should. Each column of circles represents a SNP locus, As such, it may be helpful to view them as approxima-with black and white representing the two alleles. The imper-

tions to the (unknown) true conditional distributionfect nature of the copying process is exemplified at the third
under these assumptions. In particular, there are certainlocus, where h4A and h4B have the black allele, although they

copied h2, which has the white allele. In practice, of course, aspects of many real populations (e.g., population
the shading is not observed, and so to compute the probability expansion or population structure) and biological fac-
of observing a particular h4 we must sum over all possible tors (e.g., gene conversion and selection) that theseshadings. The Markov assumption allows us to do this effi-

forms for ! do not attempt to capture. For some applica-ciently, using standard methods for hidden Markov models,
tions this may not matter very much. For others it mayas described in appendix a.
be necessary to develop forms for ! that do capture
these aspects—a point we return to in the discussion.

An unwelcome feature of the PAC likelihoods corre-length of these regions being larger in areas of the
sponding to our choices of !—and indeed the formsgenome where the local rate of recombination is
for ! from Stephens and Donnelly (2000) and FD—islow.
that they depend on the order in which the haplotypes

Stephens and Donnelly (2000) suggested a form for are considered. In other words, although these likeli-
! that captures properties i–iv above. In their suggested hoods each correspond to a valid probability distribu-
form for !, the next haplotype differs by M mutations tion on the haplotypes, these probability distributions
from a randomly chosen existing haplotype, where M has do not enjoy the property of exchangeability that we
a geometric distribution with Pr(M $ 0) $ k/(k # %) (so would expect to be satisfied by the true (unknown)
that it reproduces the Ewens sampling formula in the distribution. Practical experience, and theory in Ste-
special case of the infinite-alleles mutation model). phens and Donnelly (2000; their Proposition 1, part
Thus the next haplotype is a (possibly imperfect) “copy” d), suggests that this problem cannot be rectified by
of a randomly chosen existing haplotype. making a simple modification to !. Although in princi-

Fearnhead and Donnelly (2001; henceforth FD) ple the dependence on ordering could be removed by
extended this form for ! to also capture property v averaging the PAC likelihood over all possible orderings
above. In FD’s approximation, the k # 1st haplotype is of the haplotypes, in practice this would require a sum
made up of an imperfect mosaic of the first k haplotypes, over n! terms, which is infeasible even for rather small
with the size of the mosaic fragments being smaller for values of n. Instead, as a pragmatic alternative solution,
higher values of the recombination rate. we propose to average LPAC over several random orders

Here we use two new forms for ! that also capture of the haplotypes. Unless otherwise stated, all results
properties i–v above. The first, described in detail in reported here were obtained by averaging over 20 ran-
appendix a and illustrated in Figure 2, which we denote dom orders. In our experience, the performance of
!A, is a simplification of FD’s approximation that is easier the method is not especially sensitive to the number
to understand and slightly quicker to compute. [N. Pat- of random orders used—results based on 100 random

orders gave qualitatively similar results, and resultsterson (personal communication) has independently

• Can use hidden Markov model techniques to compute the likelihood of a 
haplotype given all the previous ones



HapMix (Price et al. 2009)

• Treat each haplotype in the admixed population as a mosaic of 
haplotypes in two reference populations

• Likelihood depends on the number of generations since admixture, 
can in principle infer this parameter

produce accurate estimates of uncertainty in inferred segments,
even for old admixture events.

Details of haplotype-based inference of local ancestry
Modeling genetic variation in admixed populations. Our

approach to inferring ancestry segments, implemented in
HAPMIX, is based on extending a Hidden Markov Model
(HMM) previously developed by Li and Stephens to model linkage
disequilibrium in population genetic data [14]. This model has
been employed in recent years in various population genetic and
disease mapping settings [20,21]. Informally, given a previous
collection of ‘‘parental’’ haplotypes from a reference population, a
new ‘‘offspring’’ haplotype drawn from the same population is
modeled as a mosaic of these existing haplotypes. This offers a
flexible means to account for local linkage disequilibrium (LD),
because over short distances, the haplotype that an individual
chromosome copies from is unlikely to change.
We extend the Li and Stephens model to allow inference on

ancestry segments for individuals drawn from an admixed
population. We begin by supposing that we have two previously
sampled collections of phased haplotypes, P1 and P2, taken from
two reference populations. For example, HapMap provides
phased haplotypes from the CEU, YRI and JPT+CHB popula-
tions genotyped at over 3 million markers [16]. We further assume
that P1 and P2 have valid data at all sites of interest, with no
missing data. In practice, small amounts of missing data in the
reference populations can be filled in by a pre-processing
imputation step, as has been done for the publicly available
phased HapMap data. We label P1 and P2 as ‘‘parental’’
haplotypes. Next, we sample a new ‘‘offspring’’ haplotype from
an admixed population. We assume that this population is created

from a single admixture event between two populations which are
genetically similar to the two reference populations from which P1
and P2 are drawn. (The reference populations do not need to
exactly match the true ancestral populations, because we allow for
some genetic divergence in our approach.) We will initially
consider the case where we have haploid chromosomes from the
admixed population, and subsequently generalize to the more
typical case involving unphased genotype data from the admixed
population. Throughout this section, we operate in units of genetic
(not physical) distance.
We begin by modeling the ancestry segments. Assume the

admixture event occurred at a single time T generations ago, with
a fraction m1 of the haplotype’s ancestry drawn from population 1,
and m2 = 12m1 from population 2. Because recombination occurs
at each generation, it is natural to model ancestry switches as a
Poisson process along the genome [22], at a rate T per unit of
genetic distance (i.e. T per Morgan). Conditional on the positions
of such switches, each segment is independently drawn from
population 1 or 2 with probabilities m1, m2 respectively. In
particular, this implies that not all ancestry switch points will
actually change the underlying ancestry. This model has been
previously used by other authors [1,22]. Since ancestry cannot be
directly observed, it is natural to view underlying ancestry status as
the ‘‘hidden’’ information in an HMM. Our approach probabi-
listically infers this hidden state at each position along a
chromosome.
To fully specify our model, we must consider the structure of

variation conditional on these admixture segments. Our model
remains computationally tractable while accommodating impor-
tant features typical of real data such as mutation, recombination,
genotyping error, reference populations that are drifted from the

Figure 1. Schematic of the Markov model we use for ancestry inference. The black lower line represents a chromosomal segment from an
admixed individual, carrying a number of typed mutations (black circles). The underlying ancestry is shown in the bottom color bar, and reveals an
ancestry change from the first population (red) to the second population (blue). The admixed chromosome is modeled as a mosaic of segments of
DNA from two sets of individuals drawn from different reference populations (red and blue horizontal lines respectively) closely related to the
progenitor populations for the admixture event. The yellow line shows how the admixed chromosome is constructed in terms of this mosaic. The
dotted line above the bottom color bar shows the reference population being copied from along the chromosome – note that at most positions, this
is identical to the true underlying ancestry, but with occasional ‘‘miscopying’’ from the other population (blue dotted segment occurring within red
ancestry segment). Note also that switches between chromosomes being copied from, representing historical recombinations, are rapid (6 switches),
while ancestry changes, representing recombination since admixture, are much rarer (1 switch). Finally, note that at most positions the type of the
admixed chromosome is identical to that of the chromosome being copied from, but an exception to this occurs at one site, shown as a grey circle,
and representing mutation or genotyping error. In our inference framework, we observe only the variation data for the admixed and reference
individuals: the yellow line, and the underlying ancestry, must be inferred as the hidden states in a HMM.
doi:10.1371/journal.pgen.1000519.g001
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Application to the Mozabite

• Mozabite are a mixture of European and African chromosomes

• Short ancestry chunks = older admixture

Price et al. (2009)





Some of these 
dates are “too” 

old. Why?


