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Abstract 

GLOBETROTTER, and an updated version fastGLOBETROTTER appropriate for 
larger datasets, are widely used software to identify and date admixture events, 
particularly in humans. However, the programs come with a variety of parameter 
options and require multiple steps, including preparatory applications of the 
software ChromoPainter, making them complicated to use in practice. Here we 
outline how to run these programs to infer ancestry and admixture events in 
target populations. We describe the input files, provide intuition and some simple 
equations underlying key steps of the analysis pipeline, and discuss how to 
interpret output and assess reliability of findings. We also highlight some of the 
main limitations of these approaches, and point out some common issues that can 
hinder analyses. Throughout we use a simulated example that is provided 
alongside the software, so that the reader can follow each step. Overall we relay 
the best practice usage of the method, hopefully enabling easier application of 
these software going forward. 
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1. Introduction  

Several techniques leverage the decay of linkage disequilibrium patterns in 
genomewide autosomal Single Nucleotide Polymorphism (SNP) data to identify and 
date admixture events when two or more groups intermixed in the past. Often these 
approaches assume a “pulse” model of admixture, whereby admixture among 
groups occurs over a small time period(s), followed by random mating in the 
admixed population [1]. Such programs include the software ALDER [2], MALDER [3], 
ROLLOFF [4,5], DATES [6], GLOBETROTTER [7], fastGLOBETROTTER [8] and MOSAIC 

[9]. While each method has its strengths and limitations, here we will describe the 
necessary steps to run the methods GLOBETROTTER and fastGLOBETROTTER. As 
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both are very similar in both implementation and inference, when inferring 
admixture below we focus on fastGLOBETROTTER, since it has the advantage of 
greater computational speed. In contrast to MALDER, ROLLOFF, DATES and ALDER, 
these methods use haplotype information, which can increase power to resolve 
admixture, and they do not require a priori assignments of reference populations to 
one or more of the admixing sources. In contrast to MOSAIC, fastGLOBETROTTER 
can infer multiple pulses of admixture from the same source groups, which may 
occur frequently in human history [7,9-11]. However, we note other approaches have 
their own advantages, such as not requiring phase information (ALDER, MALDER, 
ROLLOFF, DATES, ALDER) or being able to infer local ancestry assignment along the 
genome (MOSAIC). For some recent papers comparing some of these methods, 
using simulated and/or real data, please see [6,9,12,13].  

We will also describe how to use the program ChromoPainter [14], which infers the 
amount of recent ancestor sharing among individuals, to generate the necessary 
input data for fastGLOBETROTTER. Some of this ChromoPainter output is also used 
as input for the ancestry inference software SOURCEFIND [15], described briefly 
below. We note that output from ChromoPainter can also be used to cluster 
individuals into genetically homogeneous groups using the program 
fineSTRUCTURE [14]. However, for simplicity here we will focus only on using 
ChromoPainter to detect and date admixture using fastGLOBETROTTER.  
For a tutorial on how to use ChromoPainter for clustering, see 
https://people.maths.bris.ac.uk/~madjl/finestructure-old/chromopainter_info.html. 

When describing the admixture inference process, we will use the terms “donor”, 
“recipient”, “surrogate”, and “target”. A target is a sampled individual or 
population that the user wishes to infer the ancestry of and/or test for admixture. 
A surrogate is a sampled individual or group used to infer ancestry/admixture in 
the target; i.e., surrogates can represent the true (unknown) populations that 
intermixed in the past to form the target population. Donors and recipients are 
relevant only to ChromoPainter analyses, which “paints” each recipient individual’s 
genome against those from a set of donor individuals, as described below. 

To illustrate how to run the programs, we describe the necessary steps to infer 
ancestry and admixture to a simulated population from [7], data from which is 
provided with the ChromoPainter and GLOBETROTTER softwares. This target 
population consists of 20 individuals simulated to descend from a single admixture 
event occurring 30 generations ago between the Brahui, a group from Central 
South Asia, and the Yoruba, a group from Sub-Saharan Africa. The simulation 
protocol follows [16], which assumes a pulse model of admixture, with simulated 
individuals’ genomes comprised of segments of real SNP data from Brahui and 
Yoruba genomes from the Human Genome Diversity Panel [17]. Here ~80% of each 
simulated individual’s genome is inherited from the Brahui, with the remainder 
inherited from the Yoruba. Furthermore, to allow a comparison of inferring one 
versus two pulses of admixture, we also used the approach of Price et al 2009 to 
simulate a scenario where these admixed individuals intermixed with the Yoruba 
again, with this additional admixture event replacing ~50% of each admixed 
individuals’ genome with additional Yoruban DNA, followed by 10 generations of 
random mating. This procedure gave a second simulated target population of 150 
individuals with two pulses of admixture at dates of 10 and 40 generations ago. 

https://people.maths.bris.ac.uk/~madjl/finestructure-old/chromopainter_info.html
http://yoruba.in/
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To infer admixture and ancestry in each of the two simulated target populations, 
we use real data from 93 world-wide surrogate populations. We exclude the Brahui 
and Yoruba from the surrogates, to make for a more challenging, yet realistic, 
scenario where the true admixing sources are unsampled. For donors, we use the 
same 93 populations. In practice, often the donors and surrogates overlap as they 
do here, though this need not be the case. 

We also provide a workflow figure (Figure 1), that summarises the steps of the 
analyses. Software is available at https://github.com/hellenthal-group-UCL.  

 

Figure 1. Schematic summarising the steps, parameters and key output files for the ChromoPainter (CP) and 
GLOBETROTTER/fastGLOBETROTTER (GT) analyses. 

2. Running ChromoPainter  

The main input for ChromoPainter is the phased haploid genomes of individuals. 
While most available human datasets consist of individuals’ genotype data without 
phasing information, several programs exist to infer phasing, such as GLIMPSE [18], 
IMPUTE [19], BEAGLE [20] and SHAPEIT [21]. After phasing, each diploid individual 
has two inferred (phased) haploid genomes. ChromoPainterv2, which we use in 
these examples, comes with a program that converts phased output files from 
IMPUTE [19] or SHAPEIT [21] into ChromoPainterv2 input files, using the command: 

perl impute2chromopainter2.pl [impute/shapeit output *.haps file] 
[impute/shapeit genetic map input file] [output file prefix] 

To run ChromoPainterv2, the user designates whether phased haploid genomes 
belong to a “donor” or a “recipient” individual. ChromoPainter independently “paints” 
each haploid genome of each recipient individual, by inferring the donor haploid that 
the recipient haploid shares a most recent ancestor with, i.e., a more recent ancestor 
than it shares with any other donor haploid. The donor haploid for which the recipient 

https://github.com/hellenthal-group-UCL
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haploid shares a most recent ancestor changes along the genome, reflecting historical 
recombination. In terms of genealogies, ChromoPainter attempts to infer which donor 
haploid a recipient haploid coalesces with first, out of all donors, which again changes 
along the recipient genome. To do this inference, ChromoPainter uses a Hidden 
Markov Model (HMM) based on [22], described in detail in [14]. This model is 
implemented both in the ChromoPainter software and—with modifications that infer 
genealogies—in the RELATE/twigSTATs software [23,24]. 

There are four ChromoPainterv2 input files, described in Table 1. 

Table 1. Types of input file used in ChromoPainterv2, with a brief description of each.  

File type Example file Description 

genetic variation 
data file BrahuiYorubaSimulationChrom22.haplotypes contains phased genetic variation information for all 

donors and recipients, often one file per chromosome 

recombination 
rate file BrahuiYorubaSimulationChrom22.recomrates 

contains the recombination rate between each pair of 
contiguous SNPs; while this can affect the basepair 
locations where a recipient switches from being 
painted by one donor to another, the output of 
ChromoPainter should be relatively robust to this rate, 
unless perhaps it is very high (i.e., beyond levels 
inferred in humans) or very close to 0 

population label 
file BrahuiYorubaSimulation.idfile.txt designates population labels for each individual in the 

genetic variation data file, in the same order 

recipient/donor 
assignment file 

BrahuiYorubaSimulation.poplist.txt 

lists which populations are to be used as recipients 
(denoted ‘R’) and which are to be used as donors 
(denoted ‘D’) – note that a population can be both a 
donor and a recipient 

The basic usage of ChromoPainterv2 is: 

./ChromoPainterv2 -g [genetic variation data file] -r [recombination rate file] -t 
[population label file] -f [recipient/donor assignment file] -o [output file prefix] 

3. Using ChromoPainter for a fastGLOBETROTTER Analysis 

As input, fastGLOBETROTTER requires two types of ChromoPainter output. The first 
contains the inferred total amount of genome-wide DNA that each target and 
surrogate individual paints against each donor population. The second contains 
samples from the HMM model for each haploid genome of each target individual, 
with each sample giving the inferred donor haploid that the target haploid is 
painted by at each SNP along the genome. 

Because it can be parallelised, to save time (and storage space) we typically run 
ChromoPainter twice for each chromosome. For the first ChromoPainter run, we 
paint the targets as recipients. For the second ChromoPainter run, we paint the 
surrogates as recipients, ideally against the same set of donor individuals. (The 
donors used to paint the surrogates and targets must be closely matched, for 
reasons explained below.) We give an example command line for each of these two 
ChromoPainter runs below for the simulated data with one pulse of admixture, 
using example files provided by the ChromoPainterv2 software.  
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3.1. Painting the targets 

./ChromoPainterv2 -g BrahuiYorubaSimulationChrom22.haplotypes -r 
BrahuiYorubaSimulationChrom22.recomrates -t BrahuiYorubaSimulation.idfile.txt 
-f BrahuiYorubaSimulation.poplist.txt 0 0 -s 10 -o 
BrahuiYorubaSimulationChrom22 

Here “BrahuiYorubaSimulation.poplist.txt” specifies only the simulated target 
population as a recipient. The ‘-s 10’ above specifies that you want to sample ten 
paintings from the HMM per each recipient haploid genome. Note that there are 
additional parameters you can specify for ChromoPainter, with two notable 
parameters being the average rate at which a recipient switches from matching 
from one donor to another (specified using ‘-n’) and the allowed rate of allele  
mis-matches per SNP between a recipient and a donor it is being painted by 
(specified using ‘-M’). You can also estimate these two parameters using an 
Expectation-Maximisation algorithm, which is recommended but likely makes little 
difference in practice over default values, at least when analysing human data. 

There are two major output files that fastGLOBETROTTER will use from this analysis. 

(i) [BrahuiYorubaSimulationChrom22].chunklengths.out contains the total 
expected amount of genome in centimorgans (cM) that each recipient individual 
matches to individuals in each of the donor populations. The sum of the values 
for each recipient will be two times the total cM length of the chromosome, where 
the total cM length matches that in the recombination rate file.  

(ii) [BrahuiYorubaSimulationChrom22].samples.out gives some number (e.g., 10) 
of painting samples for each recipient haploid genome. Each sample lists which 
donor haploid the recipient is being painted by at each SNP, inferred by 
sampling probabilistically from the HMM. An example is given in Figure 2 below. 

 

Figure 2. Example of ChromoPainter painting for simulated data. (truth:) The true ancestry assignment for a single 
recipient haploid from the simulated admixed population, along a region of one chromosome. Here the haploid is a mixture 
of segments inherited from Yoruba (Sub-Saharan Africa, blue) and Brahui (Central South Asia, red), with segment sizes 
determined by the simulated admixture date of 30 generations using the technique of [16]. (paint:): One sample of the 
ChromoPainter HMM for this same recipient haploid in the same region. Colors depict the geographic area (legend at top) of 
the donor individual that the recipient haploid is painted by along the region.  
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Intuitively, the main purpose of output file (i) is to help determine which surrogates 
best represent each admixing source, and at what proportions, as described below. 
The purpose of the output file (ii) is to date the admixture, by using cM lengths of 
segments matching to different donor populations. 

As seen in Figure 2, the inferred painting from ChromoPainter is quite noisy. While 
ideally the simulated haploid genomes would be painted only by donors from Sub-
Saharan Africa and Central South Asia, as this reflects their true ancestry, in 
practice they paint segments from donors spanning widely dispersed geographic 
areas. This is particularly true for segments that are inherited from Central South 
Asia, which match to several (predominantly non-African) groups.  

This noise in the painting can occur for several reasons. First, there will be 
stochasticity in inference related to the informativeness of the data. For example, 
if all donors are genetically similar in one region of the genome, perhaps due to 
sparse SNP data, then ChromoPainter will assign equal weight to each donor in 
that region. Secondly, for many regions of the genome, the genealogical tree 
relating sampled individuals back in time is much deeper than the split times 
between human groups [23]. As a consequence, the donor that a recipient 
individual shares a most recent ancestor within a genetic region often will not be 
from the same geographic area that the recipient is from. A third reason is, since 
ChromoPainter assumes a priori that each donor haploid is equally likely to be 
painted from, donor populations with more sampled individuals are a priori more 
likely to be painted from than those with fewer sampled individuals. 

For these reasons, using the raw ChromoPainter painting output often will not 
accurately reflect the true ancestry of an individual. Therefore, fastGLOBETROTTER 
aims to “correct” the painting by comparing it to the paintings of surrogate 
populations, with some surrogates hopefully genetically well-representing the 
ancestral sources of the target group. To do so, we need to paint each surrogate 
population, using the same set (or a very similar set) of donors. After doing so, 
fastGLOBETROTTER will assess which surrogate populations have a painting 
signature that most closely matches that of the target population. The painting 
signatures of both targets and surrogates should be similarly affected by all of the 
issues stated above, so this step will in theory alleviate each of these issues.  

3.2. Painting the surrogates 

./ChromoPainterv2 -g BrahuiYorubaSimulationChrom22.haplotypes -r 
BrahuiYorubaSimulationChrom22.recomrates -t BrahuiYorubaSimulation.idfile.txt 
-f BrahuiYorubaSimulationSURROGATES.poplist.txt 0 0 -o 
BrahuiYorubaSimulationChrom22SURROGATES 

We have changed three things from the previous command line. First, because we 
are not dating admixture in the surrogates, we do not require any painting samples, 
and so “-s 10” has been removed. Secondly, we have changed the output name, so 
that we do not write over the previous painting results. Third, we have changed 
the “-f” file, as we are now doing a different painting. In particular the new “-f” file, 
which is provided with this paper, specifies each surrogate population as recipients 
(“R”) to be painted against the donors (“D”). Note the 93 donor populations are 
the same here as in the previous “-f” file we used. Note also that the surrogates 
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are the same as the donors. As a recipient cannot paint against themself, this 
creates an asymmetry with the painting in (1), as the set of donors a surrogate 
paints against will not be exactly identical to the set of donors a target paints 
against (In particular the surrogates will paint against exactly one less donor—
themself). In practice, this asymmetry can be problematic if the number of 
individuals in some populations used as both a donor and surrogate is low (e.g., 
<5). Otherwise, we typically ignore this asymmetry, as we do here. A more 
principled approach is to drop one individual from each donor population in the 
donor set, which enables painting each surrogate and target against exactly the 
same number of individuals from each donor population. We often refer to this in 
the literature as a leave-one-out approach [7,25].  

For this painting of the surrogates, the only output file we use going  
forward is the analogue to (i) in the previous section: the 
[BrahuiYorubaSimulationChrom22SURROGATES].chunklengths.out file. Figure 3 
summarises the painting results from this file, though after combining the 
paintings across all 22 autosomes.  

 

Figure 3. ChromoPainter inferred painting for the 93 surrogate populations. Each bar depicts the proportion of genome-
wide DNA for which individuals from the given population are, on average, painted by donors from each of eight worldwide 
geographic areas (colors). Labels between grey vertical lines give the geographic area each surrogate population is sampled 
from, with colors corresponding to the legend at top. Note that while the 93 surrogate populations are largely painted by 
donors from the same geographic area, some parts of their genomes are painted by donors from other areas, analogous to 
the “noisy” painting seen in Figure 2. 

After running the above two paintings for every chromosome, the user should sum 
the two chunklengths.out matrices across all chromosomes. They should then 
combine the target and surrogate chunklengths.out files into a single file (with 
individuals in any order). This gives a final .chunklengths.out file, e.g., 
“BrahuiYorubaSimulation.copyvectors.txt” described below, that contains the total 
cM amount of analysed genome that each target individual and each surrogate 
individual matches to each donor population.  
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4. Inferring Ancestry of the Target Population Using 
fastGLOBETROTTER  

One application of fastGLOBETROTTER is to infer the ancestral composition of a 
target population, without dating admixture events or even assuming the target 
population is admixed at all. With this setting, the painting signature of a target 
population is inferred to be a mixture of those of the surrogate populations, and 
the program infers the best-fitting mixture proportions.  

Specifically, let Yd be the total proportion of genome-wide DNA in a target individual 
that is painted by some donor d. Analogously, let (X1

d,...,XS
d ) be the total proportion 

of genome-wide DNA painted by donor d in surrogate populations 1,...,S, 
respectively. For example, if d = "Sub-Saharan African” donors, the dark blue 
proportions in Figure 3 depict (X1

d,...,XS
d ) for the S=93 surrogate populations. 

fastGLOBETROTTER assumes that the expected value of Yd, i.e., E[Yd], follows: 

E[Yd] = 𝛃1 * X1
d + … + 𝛃S * XS

d. 

Assuming this relationship for all donors d, e.g., each of the colors in Figure 3, the 
programs infer (𝛃1,...,𝛃S) using non-negative least squares (NNLS), under the 
restriction that (𝛃1 + … + 𝛃S) = 1.0. These (𝛃1,...,𝛃S) reflect a “cleaning” of the painting 
that is designed to account for the issues described above, and is reported as the 
inferred ancestral composition of the target individual.  

In practice, if a target population has multiple individuals, then Yd is the average 
painted amount across all individuals for each d, with the Xs

d for each surrogate 
population similarly represented by average values. The donors d are  
typically defined using group labels, or clusters. For example, the file 
“BrahuiYorubaSimulation.copyvectors.txt”, provided with the GLOBETROTTER 
software and used to make Figure 3, contains the *.chunklengths.out output from 
ChromoPainter for all surrogate and target individuals, i.e., as generated above 
though here summed across all 22 autosomes. In this file, there are 93 values per 
each target and surrogate individual, which give the total amount of analysed 
genome for which that individual is painted by donor individuals from the 93 donor 
populations.  

To infer the ancestry composition for the simulated individuals using 
GLOBETROTTER, without inferring admixture, the basic command line is: 

R < GLOBETROTTER.R [parameter file] --no-save > [screen output] 

(In contrast for this scenario, fastGLOBETROTTER requires specifying all  
parameter files listed below.) There is one required parameter input file, with 
BrahuiYorubaSimulation.paramfile.txt an example provided to analyse the 
simulated population. In the input file, the user specifies the donor populations  
(in the line beginning “copyvector.popnames”), the surrogate populations 
(“surrogate.popnames”) and the target population (“target.popname”). The user 
also provides the filename for the [population label file] supplied to ChromoPainter 
(“input.file.ids”), and the filename for the final *.chunklengths.out output 
containing painting results for all surrogate and target populations 



Human Population Genetics and Genomics 2026;6(1):0001  Page 9 of 18 

(“input.file.copyvectors”). To infer ancestry composition only, the user must also 
specify “prop.ind: 1” and “num.mixing.iterations: 0”.  

To run on the example file provided with GLOBETROTTER, you then use:  

R < GLOBETROTTER.R BrahuiYorubaSimulation.paramfile.txt --no-save > output.out 

The output file, specified in the line beginning “save.file.main” in the parameter 
file, gives the inferred (𝛃1,...,𝛃S) values for all surrogates with a 𝛃 value >0.1%. These 
results are depicted graphically in Figure 4. Reflecting the simulated truth, here 
only surrogate populations from Sub-Saharan Africa and Central South Asia have 
large 𝛃 values. Furthermore, values across the largest contributing Sub-Saharan 
African surrogates sum to ~16%, and values across Central South Asian populations 
sum to ~81%, closely reflecting the true 20% versus 80% mixture.  

 

Figure 4. Inferred ancestry composition for the simulated individuals. As in Figure 3, each bar depicts the average 
proportion of genome-wide DNA for which individuals from the given population are, on average, painted by donors from 
each of seven worldwide geographic areas (colors). Y refers to the target population, and black numbers give the inferred 
contribution (i.e., 𝛃 values) from each surrogate population Xs, whose subscripts correspond to the columns in Figure 3. Note 
that 97% of the total contribution to Y is inferred to come from only five of the 93 surrogate populations depicted in Figure 3.  

An alternative approach SOURCEFIND instead infers the (𝛃1,...,𝛃S) using a Bayesian 
model that puts a prior probability on the number of surrogates with non-zero 𝛃 
values, which in simulations gives more accurate ancestry estimates (Chacón-
Duque et al., 2018). Another difference is that SOURCEFIND assumes that (C*Yd) 
follows a multinomial distribution with mean C*(𝛃1 * X1

d + … + 𝛃S * XS
d), where C is 

equal to twice the total length (in centimorgans) of the analysed genome. The 
SOURCEFIND input and command line is very similar to that for GLOBETROTTER 
above. Though SOURCEFIND uses an MCMC algorithm that results in an increased 
runtime, due to its increased accuracy we recommend using it as well when 
inferring the ancestry composition of a target population. 

https://paperpile.com/c/Rtko9h/vfWp
https://paperpile.com/c/Rtko9h/vfWp
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5. Inferring Admixture Dates and Sources Using 
fastGLOBETROTTER  

fastGLOBETROTTER also tests whether a target population is admixed, inferring 
the date(s) of admixture and the genetic make-up of the admixing sources. 
Currently the program can infer up to two dates of admixture per target population. 

To infer and date admixture, as with other approaches like ALDER [2], DATES [6] and 
MOSAIC [9], fastGLOBETROTTER leverages signatures of linkage disequilibrium 
decay in the target individuals that are attributable to admixture. In particular it 
uses the ChromoPainter *samples.out files, alongside the NNLS procedure 
described in the previous section, to assign a probability that each segment along 
a target individual’s genome shares a most recent ancestor with each surrogate 
population. Then for every pairing of surrogate populations, it calculates the 
probability that two segments separated by some cM distance have one segment 
sharing a most recent ancestor with one surrogate in the pair, and the other 
segment sharing a most recent ancestor with the other surrogate in the pair [7]. 
These probabilities, referred to as coancestry curves, can be used to infer both the 
sources and dates of admixture as described below.  

Inferring admixture with fastGLOBETROTTER requires three input files, described 
in Table 2. 

Table 2. Types of input file used in fastGLOBETROTTER, with a brief description of each.  

File type Example file Description 

parameter file BrahuiYorubaSimulation.paramfile.txt 
same file noted in previous section, specifying donor, 
surrogate and target populations, as well as modeling 
parameters 

painting samples file list BrahuiYorubaSimulation.samplesfile.txt 
lists filenames and locations of the painting samples 
generated by ChromoPainter, typically with one file 
per chromosome 

recombination rate file 
list BrahuiYorubaSimulation.recomfile.txt 

lists filenames and locations of the recombination rate 
input files used as input in ChromoPainter, with one 
file per each file listed in the painting samples file list 

The basic command line to run fastGLOBETROTTER is the following:  

R < fastGLOBETROTTER.R [parameter file] [painting samples file list] 
[recombination rate file list] [option] --no-save > [screen output] 

Here we will set the “option” value, which is the only specification in the command 
line above that is not required when inferring admixture using GLOBETROTTER, to 
“1”, which will implement the fastest version of fastGLOBETROTTER. When 
inferring admixture in the target population, there are several parameter options 
you can specify in the parameter file. We recommend first setting “prop.ind: 1”, 
“bootstrap.date.ind: 0”, and “num.mixing.iterations: 5”, which will infer admixture 
dates and sources, separately for two scenarios that assume one versus two dates 
of admixture. If you have more than one target individual, we also recommend 
always setting “null.ind: 1”, which leverages patterns of linkage disequilibrium 
decay among segments from different target individuals to account for potentially 
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false admixture signatures caused by demographic events (e.g., bottlenecks). After 
running with these parameters, we recommend re-running while setting “prop.ind: 
0”, “bootstrap.date.ind: 1”, and “bootstrap.num: 100”. This will use 100 bootstrap 
re-samples of target individuals to infer confidence intervals around the inferred 
admixture date(s) generated in the first analysis. (If the results from the first step 
indicate there genuinely are two distinct dates of admixture, also set 
“num.admixdates.boostrap: 2” to infer confidence intervals for both dates.) 
Depending on the computational complexity of the analysis, this second 
bootstrapping step can be parallelised, for example by running ten separate times 
with “bootstrap.num: 10”. If you have only a single target individual, you cannot 
do bootstrap re-sampling; in this case fastGLOBETROTTER has a different jack-
knifing procedure to generate confidence intervals around inferred dates. Based 
on results, two other potentially important parameters to change in this file are 
“curve.range” and “bin.width”, as we note below.  

The example input files provided with GLOBETROTTER analyse only chromosomes 
20-22 for the simulated individuals. The following command will analyse these data: 

R < fastGLOBETROTTER.R BrahuiYorubaSimulation.paramfile.txt 
BrahuiYorubaSimulation.samplesfile.txt BrahuiYorubaSimulation.recomfile.txt 1 --
no-save > output.out 

fastGLOBETROTTER produces four output files, described in Table 3.  

Table 3. Types of output file generated by fastGLOBETROTTER, with a brief description of each.  

File Type Example File Description 

admixture 
description file 

BrahuiYorubaSimulation.globe
trotter.main.txt 

gives inferred admixture dates, and inferred genetic 
make-up and proportion inherited from each admixing 
source, for two separate analyses assuming either one 
or two dates of admixture, as well as goodness-of-fit 
measures and the model’s recommended admixture 
conclusion (see Figure 5)  

bootstrap 
admixture dates file 

BrahuiYorubaSimulation.globe
trotter.boot.txt 

inferred dates for each bootstrap (or jack-knife) 
sample, assuming either one or two dates of admixture 
as requested by the user 

coancestry curve 
plots file 

BrahuiYorubaSimulation.globe
trotter.main.pdf 

depicts coancestry curves for all pairings of surrogate 
populations inferred to contribute > 0.1% to the 
ancestry of the target population, as well as fit of the 
models assuming one versus two dates of admixture to 
these curves 

coancestry curve 
data file 

BrahuiYorubaSimulation.globe
trotter.main_curves.txt 

gives raw data used to produce coancestry curves and 
fitted models in the coancestry curve plots file 

In Figure 5, we describe how to evaluate the results in the admixture description 
file. Alongside this, we recommend examining figures in the coancestry curves plot 
file to understand the admixture signal, including assessing whether the 
conclusions in the admixture description file are consistent with these curves. In 
particular under a pulse model of admixture, the curves should increase or 
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decrease exponentially, with rate equal to the date(s) of admixture. Therefore, the 
user should assess whether this is the case. Coancestry curves that clearly increase 
along with the genetic distance between two segments indicate that the two 
surrogate populations used to generate the curves represent different sources of 
admixture. In contrast, coancestry curves that clearly decrease with increasing 
genetic distance indicate the two surrogate populations represent the same 
admixing source. Therefore, the curves can be assessed to check which surrogate 
populations best reflect each admixing source, and the evidence for more than two 
admixing sources.  

To provide some intuition, consider that for an admixture event between 
populations A and B occurring r generations ago under fastGLOBETROTTER’s 
assumptions, the probability Pr(x,y) that two segments separated by d Morgans 
within an admixed individual’s genome are inherited from populations {x,y} ∈ {A,B} 
is: 

𝑃𝑟(𝑥, 𝑦)  =  𝛾2 +  𝛼(1 − 𝛼) 𝑒𝑥𝑝−𝑑𝑟 𝑖𝑓 𝑥 = 𝑦 

= 𝛼(1 − 𝛼) (1 −  𝑒𝑥𝑝−𝑑𝑟) 𝑖𝑓 𝑥 ≠ 𝑦, 

with 𝛼 the proportion of DNA contributed by population A, and 𝛄=𝛼 if x=A or 𝛄=(1-𝛼) 
if x=B [7]. Note that Pr(x,y) decreases with d if x=y=A or x=y=B, i.e., when the two 
segments are inherited from the same admixing source. In contrast, Pr(x,y) 
increases with d if x=A and y=B, i.e., when the two segments are inherited from 
different admixing sources. 

Finally, the user should check whether the model assuming two dates of admixture 
fits the curves substantially better than the model assuming only one date; if not, 
the one date fit is a more parsimonious solution.  

Example output from the admixture description and coancestry curve plots files 
for both simulated target populations, when analysing each using all 22 autosomes, 
are provided in Figures 5 and Figures 6. In the case of the simulation with one 
pulse of admixture, the inference assuming one date of admixture seems to 
sufficiently fit the data. The rate of these exponential curves is ~31, which is close 
to the true admixture date of 30 generations. In addition, the surrogate population 
Balochi, sampled from Central South Asia, has an increasing coancestry curve 
when paired with any of the surrogate populations sampled in Sub-Saharan Africa, 
including the Mandenka. In contrast, all pairings of the surrogate populations from 
Sub-Saharan Africa, such as BantuKenya and Mandenka, have decreasing curves. 
This accurately reflects how the simulated admixture is between Central South 
Asian and Sub-Saharan African sources.  

For the simulated data with two pulses of admixture (i.e., an additional pulse of 
Yoruban admixture), now the fit of two dates (red line in Figure 6) appears to be a 
subtly better fit to the data than the fit of one date (green line). This is reflected in 
the output from the admixture description file, which concludes two dates of 
admixture at ~10 and ~41 generations ago. However, inferring the older date can 
be challenging, as the first date can mask it – even with 150 simulated individuals, 
the fit of two dates is very similar to the fit of one date in Figure 6.  
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Figure 5. Examples of *.main.txt output files from fastGLOBETROTTER, for the simulations with one pulse (top) and 
two pulses (bottom) of admixture. FastGLOBETROTTER’s best-guess conclusion for the type of admixture in each case is 
given at top (blue circles), with inferred dates when assuming either one date (yellow circle) or two dates of admixture (orange 
circle) given underneath this. Concluding “multiple-dates” is based on “maxScore.2events” (orange box) being >=0.35, a 
threshold chosen based on simulated results [7]. As “one-date” is inferred in the top case, we use the yellow circle, and we 
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use the inference in the green boxes to describe (top green box) the surrogate population that is inferred to be most 
genetically similar to each admixing source and (bottom green box) the proportions contributed by each of the two admixing 
sources and each source’s inferred genetic make-up. This genetic make-up is described as a mixture of the surrogates by 
using the model illustrated in Figure 4. (If “one-date-multiway” is inferred, indicating >2 sources intermixing around the same 
time, we also use the inference in the purple box, but that is not the case here.) As “multiple-dates” is inferred in the bottom 
case, we instead use the orange circle, and we use the inference in the red boxes to describe the inferred sources and 
proportions, separately for the first inferred admixture date (underneath “2-DATE FIT SOURCES, DATE1-PC1”, representing 
the inferred date “gen.2dates.date1” at top) and for the second inferred admixture date (underneath “2-DATE FIT SOURCES, 
DATE2-PC1”, representing the inferred date “gen.2dates.date2” at top).  

 

Figure 6. Example coancestry curves for the simulated data with (top row) one date and (bottom row) two dates of 
admixture. In each plot, black lines give the scaled probability (y-axis) that two segments in a target individual’s genome 
separated by a given distance (x-axis) are most recently related to the two surrogate populations listed in the title. Green lines 
give the fit of the model assuming one date of admixture, while red lines give the fit assuming two dates of admixture.  

Finally, for the single-date simulation scenario, the scaled probabilities are flat 
when the distance between the two segments exceeds 10cM. The model fits all 
pairs of segments within the range specified by “curve.range” in the parameter 
file, which by default is all segments separated by >1cM and <30cM. For this reason, 
it would be sensible to re-run fastGLOBETROTTER after setting “curve.range” to 
instead fit curves separated by >1cM and <10cM in this case, as the model is only 
fitting random noise in segments separated by >10cM. If necessary, “bin.width” 
can be adjusted alongside “curve.range” to control the number of distance bins 
used to build the coancestry curves. 

6. Discussion 

While here we illustrate how ChromoPainter combined with fastGLOBETROTTER 
can accurately infer and date admixture in simulated examples, this protocol has 
some important limitations. For example, the sizes of segments inherited from 
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each admixing source decrease with time due to recombination. Hence older 
admixture dates, e.g., occurring over 150-200 generations prior to the age of the 
target population, may be difficult to detect. While this issue affects all admixture 
inference approaches that leverage the decay of linkage disequilibrium related to 
admixture, including ALDER [2] and MOSAIC [9], alternative approaches such as 
f3-statistics [5] should be more robust to admixture age.  
In addition, currently fastGLOBETROTTER can only describe up to two dates of 
admixture per target population. As with many other methods [2-6,9] they assume 
admixture occurs in “pulses”, which is an over-simplification [26].  

In particular, admixture in many cases likely occurs over several years and 
overlapping generations. Indeed in practice we suggest that if these programs 
infer two dates of admixture involving the same sources in a target population, this 
is reported as potentially reflecting continuous admixture spanning the two 
inferred dates.  

Even more complicated are cases where more than two sources intermixed, at the 
same or different times, in the history of a target population, which is highly 
plausible given the complex series of interactions throughout human history. 
While fastGLOBETROTTER can test for >2 intermixing sources, it does not fully 
attempt to describe the genetic make-up of each source in such cases. Instead they 
describe signatures in the admixture patterns that require further interpretation 
from the user, e.g., through studying the coancestry curves as described above. 
Other approaches attempt to model more complicated admixture histories, e.g., 
using Approximate-Bayesian-Computation (ABC) techniques [27]. 

If an admixing group is not well reflected by any surrogate population, the signal 
of admixture can weaken. When admixture is inferred, a sign of having no good 
representative surrogate for a source is if several geographically disparate 
surrogates are used to describe that source. A separate issue occurs if a surrogate 
is too closely genetically related to the target population, which may mask any 
(potentially shared) admixture events. Fortunately, this is relatively easy to 
diagnose and resolve, as the target should match almost entirely to this surrogate 
population in the NNLS analysis. In such cases, the surrogate population can be 
removed before re-running. To avoid computational hassle, ideally fastGLOBETTER 
can be re-run without having to re-run ChromoPainter, e.g., by keeping the 
offending population as a donor while removing them as a surrogate. However, a 
better strategy is to remove this population as a donor and re-paint, as keeping 
them as a donor may in particular act to mask the signal of any admixture when 
generating the *samples.out files for the target population. Such a re-painting may 
be helpful if the reported best-guess admixture conclusion is “unclear signal”. 

fastGLOBETROTTER relies on ChromoPainter output to infer admixture. While 
recipient individuals tend to be painted by many world-wide donor populations 
(e.g., Figure 2-3), they typically are painted more by the donors they are most 
closely related to genetically than any other group is painted by those same donors. 
For example, relative to any non-African surrogate population, Sub-Saharan 
African surrogates are painted considerably more by Sub-Saharan African donors 
(Figure 3). This reflects population-specific (or region-specific) levels of genetic 
drift. However, when surrogate and donor populations overlap, which is often the 
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case in practice, there are some subtle issues that can arise due to differences 
among these populations’ sample sizes, even after attempting to correct for 
sample size using e.g., NNLS. In particular surrogate populations with small sample 
sizes are less able to capture population-specific drift, since they have fewer donors 
to paint against. In an extreme (yet realistic) case where a surrogate population 
has only one individual, it cannot paint against any donors from its own population. 
A consequence is that surrogates with such small sample sizes, perhaps <5 
individuals in practice, may tend to be over-represented among the inferred 
ancestry sources of target populations. The reason for this is that a lack of a 
“unique” drift signature in such surrogates could make them seem more 
genetically similar to the true admixing sources than would be the case if this drift 
were better captured. Ensuring surrogate populations have similar sample sizes 
should mitigate any such issues. 

Overall, since available programs have varying strengths and weaknesses, we 
recommend running multiple software (e.g., ALDER, MOSAIC) and assessing 
consistency across findings when reporting results. Despite their difficulties, these 
programs have proven to be powerful tools to detect admixture in a variety of 
settings, and will hopefully continue to assist with further insights into the history 
of humans and other organisms.  
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