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1  | INTRODUC TION

Inference of genetic structure and estimation of individual an-
cestry are among the most prevalent analyses in studies involv-
ing human, animal and plant genomes. Both are usually obtained 
from genome-wide single-nucleotide polymorphism (SNP) marker 
data, covering either the whole genome (global analysis) or spe-
cific chromosomal segments (local analysis). Whereas global anal-
ysis can be conducted without the provision of reference data  

(Alexander, Novembre, & Lange, 2009; Falush, Stephens, & Pritchard, 
2003; Pritchard, Stephens, & Donnelly, 2000; Tang, Peng, Wang, & 
Risch, 2005), local analyses have been largely limited to scenarios 
where purebred individuals of known genetic lineages are avail-
able to train prediction models (Baran et al., 2012; Churchhouse & 
Marchini, 2013; Durand, Do, Mountain, & Macpherson, 2014; Guan, 
2014; Haals, McCarty, & Payseur, 2013; Hellenthal et al., 2014; Price 
et al., 2009). The growing interest in the development of unsuper-
vised methods for the prediction of local ancestry is motivated by the 
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Abstract
1.	 The identification of ancestry tracks is a powerful tool to assist the inference of 

evolutionary events in the genomes of animals and plants. However, algorithms 
for ancestry track detection typically require labelled reference population data. 
This dependency prevents the analysis of genomic data lacking prior information 
on genetic structure, and may produce classification bias when samples in the 
reference data are inadvertently admixed.

2.	 We combined heuristics with K-means clustering to deploy a method that can 
detect ancestry tracks without the provision of lineage labels for reference pop-
ulation data. The resulting algorithm uses phased genotypes to infer individual 
ancestry proportions and local ancestry. By piling up ancestry tracks across indi-
viduals, our method also allows for mapping loci with excess or deficit ancestry 
from specific lineages.

3.	 Using both simulated and real genomic data, we found that the proposed method 
was accurate in inferring genetic structure, assigning chromosomal segments to 
lineages and estimating individual ancestry, especially in cases where ancestry 
tracks resulted from recent admixture of highly divergent lineages.

4.	 The method is implemented as part of the v2 release of the GHap r package 
(available at https://cran.r-proje​ct.org/packa​ge=GHap and https://bitbu​cket.org/
marco​milan​esi/ghap/src/maste​r/).
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possibility of inferring bottlenecks, divergence, migrations and sig-
natures of selection in populations with unknown genetic structure. 
Here, we combined heuristics with K-means clustering (Hartigan & 
Wong,  1979) to deploy an algorithm that can simultaneously per-
form predictions of haplotype structure and ancestry without the 
supervision of labelled reference population data. The new method 
is designed to detect the distinct genetic lineages underlying ob-
served haplotypes and classify chromosomal segments according to 
those lineages.

2  | METHOD DESCRIPTION

2.1 | Implementation

The algorithm was implemented as part of the GHap package 
(Utsunomiya, Milanesi, Utsunomiya, Ajmone-Marsan, & Garcia, 
2016) in r (R Core Team,  2020). The input data consist of phased 
genotypes, and the package provides conversion functions for 
popular file formats such as fastPHASE (Scheet & Stephens, 2006), 
VCF (Browning, Zhou, & Browning, 2018; Danecek et al., 2011) and 
Oxford HAPS/SAMPLE (Loh et al., 2016; O'Connell et al., 2014).

2.2 | Detection of ancestry tracks

The method starts by grouping all observed haplotypes into K pseudo- 
lineages using the K-means algorithm (Hartigan & Wong, 1979). By 
relying on a general-purpose clustering technique rather than on 
a specific coalescence or recombination model, our method is es-
sentially a heuristic in approximating ancestral lineages. Prototype 
alleles are then built for every pseudo-lineage using the arithmetic 
mean of observed haplotypes initially assigned to that lineage, re-
sulting in per-lineage centroids comprising SNP allele frequencies. 
Next, the genome is partitioned into a series of overlapping haplo-
type blocks (i.e. sliding windows), whose sizes and extent of overlap 
can be controlled by the user. For each block, a given tested haplo-
type is locally assigned to the pseudo-lineage containing the most 
similar prototype allele based on the smallest Euclidean distance. 
In the final step, ancestry tracks are formed by smoothing over the 
classifications of overlapping blocks using majority voting. Ties are 
treated as inconclusive classifications (i.e. unknown ancestry). Our 
algorithm provides default values for parameters such as the size 
of the haplotype block, the extent of overlap between successive 
blocks and the number of seeding markers used for K-means cluster-
ing based on prediction performance in the simulation study pre-
sented below. In this manner, the user can opt to run the analysis 
without tuning the parameters beforehand (albeit recommended 
for improved results). Importantly, due to the local convergence and 
stochastic nature of K-means, every analysis uses at least 10 random 
starts of the algorithm. We also encourage users to perform three 
to five independent runs to evaluate the consistency of the results. 
For a graphical summary of the classification algorithm, see Figure 1.

2.3 | Choice of K

The number of pseudo-lineages can be selected using different ap-
proaches. For instance, our algorithm can be applied to genomic data 
with increasing values of K in order to reveal ancestral population 
splits and thus reconstruct the divergence trajectories that gave rise to 
the observed data, similar to model-based clustering methods such as 
ADMIXTURE (Alexander et al., 2009). Alternatively, an optimal parti-
tioning of the data can be inferred through the variance ratio criterion 
(Calinski-Harabasz index) or by applying the classic elbow method to 
the total within-cluster sum of squares of successive values of K.

2.4 | Estimation of ancestry proportions

For each pseudo-lineage, the global ancestry proportion is obtained 
by simply summing up the sizes of the ancestry tracks assigned to 
that lineage and dividing that sum by the genome size.

3  | SIMUL ATION STUDY

3.1 | Overview of the simulated data

The GHap method was applied to 1,215 simulated datasets of a sin-
gle 100 cM autosome, which were generated with varying marker 

F I G U R E  1   Graphical summary of the GHap method for 
unsupervised detection of ancestry tracks. A toy example is used 
here, considering two lineages and three diploid individuals (i.e. six 
haplotypes) with phased genotypes at 10 bi-allelic SNP markers 
(represented by alleles 0 and 1). Colours red and blue represent true 
ancestries, whereas green and orange represent predictions (with 
black meaning unknown). (a) Haplotypes are initially grouped using 
the K-means clustering algorithm. Prototype alleles are obtained 
as the centroids of the resulting clusters (values were presented 
as fractions for better visualization). (b) Sliding windows are then 
used to locally classify each haplotype. (c) In the final step, ancestry 
tracks are formed by using majority voting of overlapping windows



     |  3Methods in Ecology and Evolu
onUTSUNOMIYA et al.

densities (1 marker every 1, 2 or 20 kbp), number of divergent line-
ages (2, 4 or 8), degree of lineage divergence (FST of 0.10, 0.20 or 
0.30) and age of admixture (5, 10 or 50 generations ago). The details 
of the simulation procedure and results on accuracy performance 
are described below.

3.2 | Simulation of divergent lineages

We used the QMSim v1.10 software (Sargolzaei & Schenkel, 2009) 
to simulate a genome consisting of a single autosome of 100 cM with 
M evenly spaced bi-allelic SNP markers. This genome was initialized 
in an historic population of 1,000 individuals (500 males and 500 
females) that randomly mated for 1,000 generations in order to cre-
ate linkage disequilibrium between markers. In each mating season, 
gametes were produced by crossing-over haplotypes at random sites 
across the 100 cM sequence. The number of recombination events 
per gamete was sampled from a Poisson distribution with mean 
parameter λ  =  1. After 1,000 generations, the historic population 
suffered a bottleneck and divided into K divergent lineages follow-
ing a star-shaped genealogy. Each lineage was established with 200 
individuals (100 males and 100 females) and let to neutrally evolve in 
parallel under genetic drift for G generations. Variable quantities M, 
K and G are discussed below.

3.3 | Simulation of test samples

After the divergent lineages were originated, ancestral haplotypes 
obtained with QMSim were used to simulate the test data that were 
effectively used to assess the accuracy of the method. A total of 50 
purebred individuals for each one of the K divergent lineages (i.e. 
K × 50 purebred individuals) and 100 admixed individuals were cre-
ated. Each simulated individual was generated following the pseudo-
code below (adapted from Guan, 2014; Lawson, van Dorp, & Falush, 
2018; Leslie et al., 2015; Price et al., 2009):

Sample ancestry proportions q1, q2, …, qK from Q ~ Dir(α);
For each one of the two new haplotypes:

Initialize j = 0;
While j < M:

Set i = j + 1;
Sample lineage k ∈ {1,2 … K} with probabilities q1, q2, …, qK;
Sample ancestral haplotype h from lineage k;
Sample window size x from X ~ Exp(β);
Evaluate j = min(i + x, M);
Copy the segment [i; j] from haplotype h;

Hyperparameters α for the Dirichelet and β for the exponential 
distributions were chosen as follows. For admixed individuals, α was 
set as a K-dimensional vector with all elements equal to 1, which 
yields a wide range of configurations of ancestry proportions and 
thus individuals with very different ancestry profiles within a single 

simulation replicate (including some individuals with qk = 0). For the 
simulation of a purebred individual from lineage k, α was set as a  
K-dimensional vector with the kth element equal to 1 and all remain-
ing elements equal to 0. The mean parameter of the exponential 
distribution was defined as β = L–1, where L is the average ancestry 
track length expressed in number of markers. Recalling that the ex-
pectation of the ancestry track length in Morgans after g generations 
of the admixture event is 1/(2g), we have L = d[100/(2g)], where d is 
the marker density in the genome expressed in number of markers  
per cM.

3.4 | Simulation replicates

We used the above simulation framework to generate data under 
a variety of scenarios by changing the values of the following 
parameters:
Marker density
M  =  [5,000 50,000 100,000]: reflecting SNP panels of low  
(1 marker/20 kbp), moderate (1 marker/2 kbp) and high density (1 marker/ 
1 kbp) respectively.
Number of divergent lineages
K = [2 4 8]: translating into small, moderate and large number of di-
vergent lineages respectively.
Divergence time in generations
G = [100 250 500]: representing low, moderate and high divergence 
among lineages respectively. We verified that the selected values 
of G resulted in average divergences of FST = [0.10 0.20 0.30], with 
deviations no greater than 0.03 between replicates.
Age of admixture in generations
g = [5 10 50]: indicating very recent, recent and remote admixture 
respectively.

Since our method requires the selection of a haplotype block 
size L′ for local classifications, we created an extra parameter  
g′  =  [5 10 50] such that in a given analysis we could calculate 
L′ = d[100/(2g′)]. This was done in order to see the influence of the 
choice of haplotype block sizes in the accuracy of predictions. Each 
combination of M, K, G, g and g′ was tested in five independent rep-
licates, resulting in 1,215 different simulations.

3.5 | Accuracy of ancestry predictions

Our method was accurate in inferring genetic structure, assign-
ing chromosomal segments to lineages and estimating individual 
ancestry, especially in cases where ancestry tracks resulted from 
recent admixture of highly divergent lineages. However, an analy-
sis of variance (ANOVA) indicated that accuracy of local ances-
try predictions significantly decreased (p < 0.05) as the number 
of divergent lineages increased, the degree of divergence among 
lineages decreased and the length of ancestry tracks shortened 
(Figure 2a). Reduced accuracy was also observed when large hap-
lotype blocks were used to predict ancient admixture or small 
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haplotype blocks were used for the prediction of very recent ad-
mixture. Nevertheless, the use of haplotype blocks compatible 
with recent admixture (~10 generations) retained reasonable ac-
curacy across most scenarios, regardless of the age of admixture. 
Conversely, marker density in the range of values tested here 
did not have a significant effect (p  >  0.05) on accuracy. Global 
ancestry estimation was not significantly impacted by any of the 
mentioned factors and remained highly accurate in most scenarios 
(Figure  2b). Furthermore, the inference of K was correct in ap-
proximately 70% of all simulations. The prediction accuracy and 
the inferred value of K obtained in each analysis replicate can be 
seen in the Supplementary Results.

4  | APPLIC ATION TO RE AL DATA

We applied the new method to the Human HapMap 3 dataset, 
which included 1,011 individuals from 11 different populations 
genotyped at 1,387,394 SNPs (Altshuler et al., 2010). Prior to 
the analysis, genotypes were phased with Eagle v2.4.1 (Loh 
et  al.,  2016). We paralleled our analysis with supervised predic-
tions made by Random Forest (RFMix) (Maples, Gravel, Kenny, & 
Bustamante, 2013) and support vector machines (SVM; Durand 
et al., 2014; Haasl et al., 2013), methods that are currently being 
used in large scale commercial applications by personal genomics 

services such as 23andMe (https://www.23and​me.com/) and 
Embark (https://embar​kvet.com/). We obtained RFMix v2 from its 
GitHub repository (https://github.com/slowk​oni/rfmix), whereas 
SVM was implemented in GHap by building upon the e1071 pack-
age (Meyer et al.,  2019). In our implementation of SVM, instead 
of using the string kernel that requires pairwise comparisons of 
every possible k-mer in a segment, we followed the simpler ap-
proach of Haasl et  al.  (2013) and used the Gaussian radial basis 
function kernel, since it also indirectly captures complex interac-
tions among feature vectors (i.e. markers within a segment). In ad-
dition, we compared our global ancestry predictions with those 
yielded by the ADMIXTURE software (Alexander et  al.,  2009). 
Our unsupervised method selected K  =  3 as the optimal parti-
tioning of the data, separating human populations into three line-
ages: Africans, Europeans and Asians (Figure 3). These results are 
consistent with previous inference of lineage structure in human 
populations (Alexander et  al.,  2009). ADMIXTURE, SVM, RFMix 
and GHap presented highly correlated predictions of global ances-
try (Figure 4). Our method further produced local ancestry results 
that were similar to those obtained with SVM or RFMix, with av-
erage concordance over 90%, but with the advantage of not re-
quiring prior information on the source of ancestry (Figures 5 and 
6). Our method was also capable of replicating the African signa-
ture of selection in the MHC locus previously found in Mexicans 
(Figure 7) by Guan (2014).

F I G U R E  2   Accuracy of ancestry predictions using the GHap unsupervised method in 1,215 simulation replicates of a 100 cM 
chromosome. Local (a) and global (b) ancestry predictions were assessed according to the number of ancestral lineages (K), the degree of 
divergence between lineages (FST), the number of generations since the admixture event, the choice of haplotype block size, and the number 
of markers

https://www.23andme.com/
https://embarkvet.com/
https://github.com/slowkoni/rfmix
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5  | BENCHMARKING

All analyses in this study were performed with r v3.4.4 under 
Ubuntu 16.04.5 LTS (xenial) installed in a Dell PowerEdge VRTX 
M630 blade equipped with 256  GB RAM and 2  ×  Intel Xeon 
E52640 2.4 GHz processors. The analysis of the Human HapMap 
3 data took 78 and 18 min to complete using 4 and 40 cores re-
spectively. In order to evaluate how the method scaled with data 
size and analysis complexity, we used our simulation procedure 
to generate additional datasets consisting of 100, 500 and 1,000 
individuals. Since the degree of divergence and the length of an-
cestry tracks influenced only the time spent to generate the data 

but not the analysis per se, our benchmarking was performed on 
replicates with fixed values of G  =  100 and g  =  10. We let all 
remaining parameters, namely K, M and g′, to vary according to 
the previously described simulations. We then analysed the re-
sulting data using 4, 8 and 16 cores, mimicking resources often 
available in home computers. Each combination of parameters 
was replicated five times, generating 1,215 additional analyses. 
The results of these analyses are found in the Supplementary 
Results. Briefly, using only four cores, the average processing 
time of 100 individuals and 5,000 markers was <4 s, whereas the 
analysis of 1,000 individuals and 100,000 markers required 5 min 
to complete.

F I G U R E  3   Application of the GHap unsupervised method to the Human HapMap 3 build 36 dataset. (a) Identification of the optimal 
number of lineages underlying the observed haplotypes. (b) Global ancestry results for 11 human populations (YRI = Yoruba in Ibadan, 
Nigeria; LWK = Luhya in Webuye, Kenya; MKK = Maasai in Kinyawa, Kenya; CEU = Utah residents with European ancestry; TSI = Toscani 
in Italy; CHB = Han Chinese in Beijing, China; JPT = Japanese in Tokyo, Japan; CHD = Chinese in Metropolitan Denver, CO; GIH = Gujarati 
Indians in Houston, TX; ASW = African ancestry in Southwest USA; MEX = Mexican ancestry in Los Angeles, CA)

F I G U R E  4   Correlations of global ancestry estimation between ADMIXTURE (unsupervised), SVM (supervised), RFMix (supervised) and 
GHap (unsupervised) in the Human HapMap 3 build 36 dataset. Correlations of African (blue), Asian (red) and European (green) ancestry 
were computed using data from ASW (dot), MEX (square) and MKK (triangle). Each individual is represented by three points in the plot, 
corresponding to the three sources of ancestry. For the supervised analyses in RFMix and SVM, the following reference data were used: 
African (YRI and LWK), Asian (CHB, JPT and CHD) and European (CEU and TSI). GHap and ADMIXTURE were ran with the entire HapMap 
data assuming K = 3
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6  | CONCLUSION

We developed a method for the unsupervised inference of global 
and local lineage structure in genomes of unknown ancestry. 
Although the method can be used to analyse human populations, 
we conjecture that research groups working with SNP data of both 
domesticated and wildlife species of diploid animals and plants are 
expected to benefit the most from our implementation.
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