
Population Structure Analysis



Learning objectives
• Methods to identify global estimates of 

population structure
– Principal Component Analysis (PCA)
– Admixture

• Local ancestry can identify segments of the 
genome corresponding to different ancestries.

• Local ancestry can be applied in a number of 
different ways
– Demographic modeling
– Selection
– Refining PCA signals
– Association analyses



Have you ever tried visualizing 10,000 
variables (dimensions)?

This is four variables and 
already pretty complicated.

Kessler et al. 
(2019) bioRxiv



Now we see more than 10,000 
variables in many different areas

Sørlie et al. (2003) 
PNAS https://goku.me/blog/EHR

https://www.ebi.ac.uk/gwas/diagram

Expression

observer progresses to each stop in sequence,
parking in a safe pull-off at each. Route maps are
provided to observers to assist them in finding stops,
along with written stop descriptions and GPS
locations on some routes (Figure 2).

At each stop, the observer exits the vehicle and
conducts a 3-min count of all birds heard and those
seen within a 400-m (0.25-mi) radius around the
point. The observers record data on data sheets
provided to them (Figure 3). The same stop locations
are surveyed in subsequent years to ensure consis-
tency in sampling, although stops and routes are
occasionally relocated for reasons related to safety or
access. Supplemental information including weather
variables, disturbance (e.g., number of cars that pass
the stop during the count period), and other data are
also collected during the survey.

After conducting the surveys, observers submit
their data to the respective national BBS offices,
where the data are then processed into both raw
and summarized formats for public release via the
internet. These data, the protocols for conducting
the survey, and additional details regarding the

survey are available on the BBS operations website
(www.pwrc.usgs.gov/bbs/).

Analysis of population change from
BBS data

Constraints on estimation of population change and
historical analyses. Statistical analysis of BBS data can
be controversial because complications associated
with the nature of the count data and the scale of the
survey limit the application of standard sample
survey methods (e.g., Sauer et al. 2003). The survey
routes sample local populations, and inference
regarding population change at regional scales
requires accommodation for 1) repeated counts of
the survey over years on routes, 2) inequities in
numbers of samples among regions, 3) missing data
on routes, and (4) changes in the BBS index
associated with changes in detectability. The issue
of detectability and attendant consequences for
inference regarding population change have been a
source of controversy from the start of the BBS.
Because observers miss a portion of birds when
counting, and no means exist in the present protocol

Figure 1. Map of route locations in the continental United States and southern Canada.

The North American Breeding Bird Survey 1966–2011 J.R. Sauer et al.

North American Fauna | www.fwspubs.org December 2013 | Number 79 | 4

Sauer et al. (2013) North 
American Fauna

GWAS results
Ecology



PCA: How does it work?
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R code: 
pca = prcomp(data,

center=TRUE,
scale.=TRUE)

1. Normalize the data
2. Find the covariance matrix between 

all variables
3. Calculate the eigenvectors and 

eigenvalues of the matrix
4. Transform or project the original data 

onto this new set of coordinates (PC-
space)

5. PC1 is orthogonal (uncorrelated) with 
PC2, and so on.
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PCA: How does it work?
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This is known as a Scree 
plot.

Mount Yamnuska, Alberta, Canada. 
https://commons.wikimedia.org/wiki/File:Ya
mnuska_bottom_cliff.jpg

This is a Scree geological formation.

Var[PC] = Eigenvalue/sum(All Eigenvalues)

1 2 3 4 5 6 7 8 9 10

PCA: How does it work?



PCA: Uses
• Highly sensitive summary of all the data
• Summarize structure within the data
• Identify groups, when paired with K-means cluster
• Sanity check for study design 

• E.g. Diseased individuals cluster vs controls, first 
batch and second batch don’t cluster together

• Sanity check when combining data



PCA: Assumptions and Pitfalls
• Assumptions

• Linear relationship between data
• Variables are independent

• Pitfalls
• Only look at the first few PCs
• All axes are biological/non-technical (once 

first few are)
• Identifying significance of an axis is non-trivial



PCA Example 1: Gene expression by 
cell population

Kassambara et al. (2015) 
PLoS Comp. Biol.

Expression of 9,303 
genes reduced to THREE
main axes of variation, 
explaining 75% of the 
original data.



PCA Example 2: Technical Issues

The 1000 Genomes 
Project Consortium 
(2012) Nature

Whole genome reduced 
to TWO main axes of 
variation that tightly 
correlate with sequence 
technology and 
geographic origin.



PCA Example 3: “Genes mirror 
geography within Europe”

Novembre et 
al. (2008) 
Nature

500K single nucleotide 
polymorphisms reduced 
to TWO main axes of 
variation that tightly 
correlate with sampling 
origin



ADMIXTURE (Alexander et al. 2009)
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Admixture analyses
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Admixture analyses: when is the K 
correct?
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The K Problem
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ADMIXTURE: using cross validation 
to identify the best K
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Alexander and Lange 
(2011) BMC Bioinformatics



How well X-validation performs
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Test it with ESP inspired simulations

Fu et al. (2012) Nature
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Tricks to effectively use ADMIXTURE

• This is a Maximum Likelihood framework with many 
parameters

• Run multiple times (I usually use >10) for each K 
taking the best log-likelihood (an output 
parameter).

• This deals with local minimum problems.
• Sometimes the lowest K that has X-validation 

identifies is less than what we thought. Though this is 
possible (see previous power figure), it doesn’t mean 
we have objective evidence other than the K it found.

• Sometimes we get greater K than we expect or can 
explain. In such situations it might be better to move 
to a supervised learning version (also available in 
ADMIXTURE).



Local vs Global Ancestry
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Figure 1: Local ancestry across 22 autosomes for an African American individual inferred by
PCAdmix, a local ancestry inference software (BRISBIN 2010) using HapMap European (CEU)
and Yoruba (YRI) as source populations. The majority of the genome is inferred to be of African
origin (blue), but a significant fraction of the genome is inferred to be of European origin (red).
The purpose of this article is to model the distribution of ancestry assignments in such admixed
individuals.

A dominant stochastic process leading to these patterns is recombination, which tends to break
down segments of continuous ancestry in admixed individuals. As a result, the length of continuous
ancestry tracts tends to be shorter for more ancient admixture. The tract length distribution is
sensitive to details of recent migration (i.e., tens of generations), and is thus complementary to
analysis based on the joint site-frequency spectrum (GUTENKUNST et al. 2009; GRAVEL et al.
2011), which is more sensitive at time scales of hundreds to thousands of generations.

Recently, Pool and Nielsen (POOL and NIELSEN 2009) proposed a model in which a target
population receives migrants from a source population, initially at a constant rate m2. Starting
at a time T in the past, the rate changes to m1. In this model, back migrations are not allowed,
recombinations within migrant chromosomes are neglected, and tracts shorter than a cutoff value
are forgotten (since migration occurs over an infinite period, this is necessary to avoid having a
genome completely replaced by migrants). Assuming that recombinations occur according to a
Poisson process, these approximations allow for an analytical solution for the distribution of tract
lengths, which was used to infer demographic events in mice (POOL and NIELSEN 2009). This
model is limited to admixture proportions weak enough so that recombinations between migrant
chromosomes are unlikely. A second limitation is that the model assumes two epochs of constant

5

Gravel et al. (2013) Genetics Mathias et al. (2016) Nat. Comm.



Local ancestry calling: RFMix as an 
example

where the (i,j)th element Ai,j is the local ancestry of the ith chromo-

some in the jth window. Although all elements of H are observed,

only the elements of A in rows corresponding to chromosomes

designated as references are initially observed. For notational pur-

poses, Hi,* and Ai,* represent the haplotype structure and local

ancestry, respectively, along the entire ith haploid chromosome.

LAI

A CRF framework is used for LAI. We use a linear-chain CRF to

model the conditional distribution PðAi;"jHi;" : QÞ. The CRF can

be represented in log-linear form:

PðAi;" jHi;" : QÞ ¼ 1

ZðHi;"Þ
exp

(
XW

w¼ 1

XR

r¼ 1

X

heHw

qAw;r;h1fAi;w¼ rg1fHi;w¼ hg

þ
XW& 1

p¼ 1

XR

j¼ 1

XR

k¼ 1

qTp;j;k1fAi;p¼ jg1fAi;pþ 1¼ kg

)
;

where

Hw is the set of all possible haplotypes in window w

1{x ¼ x0} is an indicator function that equals 1 when x equals x0

and 0 otherwise

ZðHi;"Þ ¼
X

Ai;"

exp

(
XW

w¼ 1

XR

r¼ 1

X

heHw

qAw;r;h1fAi;w¼ rg1fHi;w¼ hg

þ
XW& 1

p¼ 1

XR

j¼ 1

XR

k¼ 1

qTp;j;k1fAi;p¼ jg1fAi;pþ 1¼ kg

)

qAw;r;h ¼ lnðPðAi;w ¼ r jHi;w ¼ hÞÞ

qTp;j;k ¼ ln
!
P
!
Ai;p ¼ j; Ai;pþ 1 ¼ k

""

qA and qT are the two sets of model parameters. The former set is

learned by the training of a random forest on the reference panels

for each window, and the latter is set with the admixture model

described by Falush et al.16 (see below). Inference can then be

performed with maximum-a-posteriori (MAP) estimation or

smoothing, analogous to the Viterbi and forward-backward

inference approaches used in HMMs.

Learning Model Parameters

Learning the qA Parameters. For each window, a random forest is

trained with segments of the reference haplotypes within that

window and then used for estimating the posterior probability

of each ancestry given the segment of the admixed haplotype

within that window. The predictor variables in each window are

the alleles observed at the biallelic SNPs within that window,

and the response variable is the local ancestry in that window.

Although any discriminative classifier could in theory be used,

random forests have the advantage in that they can perform

classification with any number of ancestral classes, have a direct

probabilistic interpretation, and work optimally with binary pre-

dictor variables, which is the case when biallelic SNPs are used.

In addition, they are computationally fast and able to find high-

dimensional interactions between subsets of variables even in

the presence of many uninformative variables. This is ideal for

characterizing haplotype structure in data with many SNPs, such

as whole-genome sequence data.

The random-forest algorithm that we use is similar to the one

originally describedbyLeoBreiman,26 but it has twomodifications.

The first changes the bootstrapping subalgorithm from one step to

two. Instead of sampling each haplotype from all reference panels

with uniform probability, it first randomly samples an ancestry

with uniform probability and then randomly chooses a haplotype

from that ancestry with uniform probability. This is to address any

potential class-imbalance problem, where, for example, one

ancestry might happen to have many more samples collected

than another. This is especially important when ancestral tracts

inferred from admixed individuals are used because it is likely

that one ancestry is significantly more represented than another.

Figure 1. The LAI Algorithm
To illustrate the working of RFMix, we
consider a single admixed chromosome
from an individual with ancestry from
two diverged populations.
(A) For building reference panels,
samples are collected from proxy popula-
tions related to the ancestral populations.
Phased chromosomes are divided into
windows of equal size on the basis of
genetic distance.
(B) For each window, a random forest is
trained to distinguish ancestry by using
the reference panels.
(C) Considering the admixed chromo-
some, each tree in the random forest gen-
erates a fractional vote for each ancestry
by following the path through the tree cor-
responding to the admixed sequence.
(D) These votes are summed, producing
posterior ancestry probabilities within
each window. These posterior probabilities
are used for determining the most likely
sequence of ancestry across windows via
MAP inference (black line) or via max
marginalization of the forward-backward
posterior probabilities (not shown).
(E) The local ancestries inferred by MAP
across the admixed chromosome.

280 The American Journal of Human Genetics 93, 278–288, August 8, 2013

Maples et al. (2013) AJHG



Demographic modeling with local 
ancestry

m1(T-1)

m1(T-2)

...

m1(0)

m2(T-1)

m2(T)

m2(0)

...

Model 1 (Diploid Wright-Fisher)

Model 2 (Markovian Wright-Fisher)

Figure 2: (Left) Illustration of an admixture model starting at generation T � 1, where the ad-
mixed population (purple) receiving mi(t) migrants from diverged red (i = 1) and blue (i = 2)
source populations at generation t. If these are statistically distinct enough, it is possible to infer
the ancestry along the admixed chromosomes. Independent of our statistical power to infer this de-
tailed local ancestry, the mosaic pattern may leave distinct traces in genome-wide statistics, such as
global ancestry or linkage patterns. (Right) Gamete formation in two versions of the Wright-Fisher
model with recombination. In Model 1, diploid individuals are generated by randomly selecting
two parents, and generating gametes by following a Markov paths along the parental chromosomes.
In Model 2, gametes are generated by following a Markovian path across the parental allele pool.
Both models have the same distribution of crossover numbers, and are equivalent for genomic re-
gions small enough that multiple crossovers are unlikely. Model 1 is more biologically realistic,
and is used in the simulations, whereas Model 2 is more tractable, and is used for inference and
analytic derivations.

THEORY

Admixture models: definitions and global properties We wish to construct a model for the
admixture of diploid individuals that takes into account recombination, drift, migration, and finite
chromosome length. Since a full coalescent treatment of these effects is computationally pro-
hibitive (GRIFFITHS and MARJORAM 1996), we wish to simplify the model to consider only the
demography of our samples up to the first migration event, T generations ago. We label gen-
erations s 2 {0, 1, 2, . . . , T � 1}, and the total fraction of the population m(s) that is replaced
by migrants in a generation s can be subdivided in contributions mp(s) from M migrant popu-
lations: p 2 {1, . . . ,M}. We treat the replacement fraction mp(t) as deterministic, while the
replaced individuals are selected at random (see Figure 2). Generations follow a Wright-Fisher
model with random mating in a population with 2N genome copies, each with K finite chromo-
somes of Morgan length {Li}i=1...,K . We consider two different variations of the Wright-Fisher
model with recombination.

The first variation (Model 1) is meant to be the most biologically motivated and will be used for
all simulations. Starting from a finite parental diploid population of size N , we first replace m(s)N

7

Gravel et al. (2013) Genetics



Demographic modeling with local 
ancestry

Gravel et al. (2013) PLoS Genet.



Recent selection by looking for local 
ancestry biases

Tang et al. (2007) AJHG 
Though see Bhatia et al. (2014) AJHG

www.ajhg.org The American Journal of Human Genetics Volume 81 September 2007 629

Figure 3. Extreme variations of ancestry on chromosomes 6 (a), 8 (b), and 11 (c). SNPs were divided into two sets (even-numbered
vs. odd-numbered markers), which were analyzed separately with use of SABER. The red and green points are the excess African and
Native American ancestries, respectively, on the two marker subsets, whereas the black points are the results with use of all available
markers on that chromosome.

accurate estimates than does using single markers. Fur-
thermore, an ancestry estimate based on a single marker
is sensitive to mutation or misspecification of ancestral-
allele frequencies. In contrast, under evolutionary neu-
trality, it is unlikely that these factors affect several neigh-

boring markers in a way that leads to biased ancestry
estimates. Thus, the estimation approach we use provides
some safeguards against inaccurate ancestral-allele fre-
quencies.11,18 Similarly, our method of estimating locus-
specific ancestry is more robust to systematic genotyp-

628 The American Journal of Human Genetics Volume 81 September 2007 www.ajhg.org

Figure 2. Comparison of observed (histogram) and simulated (line) variation in ancestry across the genome. A population model was
assumed in which, for the first 5 generations, Europeans and Native Americans admix at a ratio of 0.82:0.18, with a total population
size of 1,000. At generation 5, Africans enter the gene pool, bringing N to 1,250. This trihybrid population is then allowed to mate
randomly for 10 generations at constant population size. The density curve for each population is based on 107 independent simulations.

location for the 192 Puerto Rican individuals, with the
genomewide ancestry as the baseline reference. At most
locations, deviations are within the range of evolutionary
drift and statistical fluctuation. However, a few regions
exhibit extreme fluctuations that are unlikely to have oc-
curred by chance. Most prominently, on chromosome
6p21-6p22, an excess of African ancestry reaches .14
around SNP rs169679; this level of excess was not observed
in 20,000 permutations (see appendix A) and represents
6.4 SD from the mean of the distribution. Correspond-
ingly, the European ancestry at this location is depressed
by .14, whereas Native American ancestry remains un-
changed. Additionally, chromosome 8 (peak at SNP
rs896760) and chromosome 11 (peak at SNP rs637249)
show an excess of .13 in Native American ancestry and
a deficit of European ancestry ( for each by per-P ! .001
mutation test). This level of excess in Native American
ancestry represents 4.6 SD from the mean of the
distribution.

Figure 2 compares the distribution of estimated locus-
specific ancestry with that simulated under genetic drift

(see appendix A for population parameters). The histo-
grams indicate that, under the assumption of a reasonable
population-history model, the distribution of the locus-
specific ancestry matches well with the observed distri-
bution except for the few outliers noted (chromosomes
6p, 8q, and 11q). There is modest skewness in these dis-
tributions, but it is insufficient to account for the outliers
observed in any of the three ancestry distributions. No-
ticeably, in 107 simulations, the African ancestry deviation
exceeded .14 (in either direction) once. The Native Amer-
ican ancestry deviation exceeded .13 35 times in 107 sim-
ulations. Because ancestry blocks extend, on average, sev-
eral centimorgans,19 these results suggest that it is unlikely
that the outliers we observed are due to genetic drift, even
allowing for testing of multiple chromosomal regions.

In previous studies, locus-specific ancestry was esti-
mated using a single marker at each locus; however, the
high-density genotyping platform we used allows for in-
ference based on multiple neighboring SNPs. Since most
SNPs in the genome are not completely informative, com-
bining information at neighboring SNPs produces more-



Combining Local Ancestry and PCA to give 
Ancestry Specific PCA (or ASPCA)

Moreno-Estrada et al. (2013) PLOS Genet.



Peruvian population structure with PCA

●
●
●
●●
●

●
●

●
●

●

●
●
●

●
●●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●●

●

●

●

●

●

●

●●

●

●

●
●●
●
●●●

●

●

●

●

●
●

●
●

● ●●

●

●

●
●

●

●
●

●●●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●
●●

●

●

● ●

●

●

●●
●

●

●

●

●

−0.1 0.0 0.1 0.2

−0
.1

0.
0

0.
1

0.
2

PC1vsPC2

PC1

PC
2

●

●

●

●

●

●

●

Chopccas
Cusco
Iquitos
Matzes
Moches
Trujillo
Uros

Harris et al. (2018) PNAS



Ancestry specific PCA: Europe and Africa

Harris et al. 
(2018) PNAS



Peruvian population structure using Ancestry 
Specific PCA
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Admixture is not just a nuisance for 
association 

• Differences in genetic architecture are not just 
nuisance values that need to be ‘adjusted’ for 
in association models.
– Extension Studies
– Admixture Mapping



Extension Studies
• Extension of findings to other ancestries is 

important to:
– Determine association’s potential public health 

impact
– Provide additional evidence supporting 

association
– Useful in fine-mapping an association signal
– Finding risk variation in non-homogenous 

populations (like African Americans)



Admixture mapping - Concept

Darvasi et al. (2005) Nature Genet. 



Example of an Admixture scan

Patterson et al. (2004) AJHG



Concluding Summary

• PCA and Admixture analyses can summarize 
the ancestry found across the entire genome

• Local ancestry refines this inference to genomic 
segments with broad applications including 
demographic modeling and association 
analyses.


