
ScienceDirect

Available online at www.sciencedirect.com

Procedia Computer Science 159 (2019) 552–561

1877-0509 © 2019 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of KES International.
10.1016/j.procs.2019.09.210

10.1016/j.procs.2019.09.210 1877-0509

© 2019 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of KES International.

Available online at www.sciencedirect.com

Procedia Computer Science 00 (2019) 000–000
www.elsevier.com/locate/procedia

23rd International Conference on Knowledge-Based and Intelligent Information & Engineering
Systems

Deep Learning Approach to Biogeographical Ancestry Inference
Yue Qua, Dat Trana,∗, Wanli Maa

aFaculty of Science and Technology, University of Canberra, ACT 2601, Australia

Abstract

Biogeographical ancestry (BGA) inference is based on the understanding of genetic diversity distribution among population groups.
BGA inference is used to detect and measure the population structure that presents the natural assignment in genetic terms, identify
genetic patterns found in individuals’ genotypes, and estimate an individual’s BGAs. In the context of forensic, BGA inference at
an individual level gives the possibilities to achieve more complete identification of missing person or suspect. Current machine
learning approach to BGA inference based on Bayesian theory and principle component analysis cannot operate on the data
sequence directly and require predefined features extracted from the data sequence based on prior knowledge. In this paper, we
conduct a survey of the state of the art of BGA inference and propose a new approach based on deep learning to BGA inference
without prior feature extraction to find hidden genetic structure and provide more accurate predictions. Our experiments conducted
on the dataset for Human Genome Diversity Project (HGDP) show better results for the proposed approach.
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1. Introduction

Biogeographical ancestry (BGA) inference is based on the understanding of genetic diversity distribution among
population groups.

BGA indicates an individual’s populations of origin with respect to the geographical regions [4, 64]. Unlike other
concepts of the ancestry that are defined on the basis of linguistic, culture, or ethnic, BGAs follow a broadly continental
distribution of population diversity delimited by geographical barriers, mass movements, and slightly, by the nature
selection, and shown to match well to the distributions of genetic variation. BGA inference comes from the exploration
of underlying genetic relationships found in human genetic data, assessing and measuring the population structure that
presents the natural assignment in genetic terms, and identifying genetic proportions found in individuals’ genotypes
[56].
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The field of population genetics as a whole could benefit anthropology and the disease association studies in epi-
demiology. Assessing and measuring the ancestral genetic structure existed in modern population groups will aid
anthropological studies in illuminating the patters of past human migrations [1], demographical processes [44], and
the impact of natural selection [58]. In the genetic association studies and disease mapping, for instance, admixture
mapping is used as a strategy to map the susceptibility in light of BGAs distributing among the group where individ-
uals originate from admixed populations [52, 19, 62]. The strategy helps to avoid misinterpretations by reducing the
bias due to populations stratification [6, 19]. When admixture mapping is used to identify disease, a well-structured
population stratification supports the validation of results; otherwise, the presence of undetected population patterns
will lead to spurious associations [73, 7].

In the context of forensic, the BGA inference at an individual level, the other part of BGA inference, gives the
possibilities to achieve more complete identification of missing person or suspects. Yet ancestry inference can provide
information about some externally visible characteristics (EVCs) such as eye, hair, and skin color [10, 34, 65]. It
suggests the possibilities of unusual EVC combinations of individuals. Autosomal genotypes are human genotypes
that provide comprehensive information about individuals ancestries because they cumulatively records the genome
history. Current approaches to BGA inference through autosomal genotypes use genetic distances or allele frequen-
cies as measures of variation, ancestral informative markers (AIMs) as selected features, and Bayesian or Principle
Component Analysis (PCA) as inference and prediction technique. However, these current approaches have the fol-
lowing limitations: 1) Identifying AIMs requires domain knowledge and is labour-intensive, 2) the inference accuracy
through AIMs is limited due to the absence of sharp discontinuities [33] in the neutral genetic diversity among human
populations, and 3) Specifically, a set of AIMs is not always sufficient for estimating the ancestral proportion of the
individuals who originate from multiple population.

Motivated by the success of deep neural networks in similar research areas [3] and the availability of human DNA
sequence data, we propose to use convolutional neural networks (CNN) to BGA inference problem. The proposed
approach has the following advantages: 1) The capacity of learning from data without prediction features, 2) The
capacity of learning from increasingly large and high-dimensional data sets (e.g. from DNA sequencing and flow
cytometry microscopy), and 3) The capacity of capturing nonlinear dependencies in genetic sequences. We conducted
experiments on the dataset for Human Genome Diversity Project (HGDP) and with the basic CNN and raw input, we
achieved the inference accuracy of 86% and outperformed the current techniques based on Bayesian and PCA.

The paper is organised as follows. Section 2 presents genetic approaches to BGA inference. Section 3 presents
machine learning approaches to BGA inference. The proposed CNN is presented in Section 4. Our experiments are
presented in detail in Section 5. Finally we conlude the paper in Section 6.

2. Genetic Approaches to BGA Inference

2.1. Human Genotypes

Haploid genotypes: As uniparentally inherited DNA, mitochondrial DNA (mtDNA) provides information about
female-to-female transmitted lineage and Y chromosome is informative about male-to-male transmitted lineage [57].
As haploid DNA is undisrupted by recombination, it is widely used in (commercial) lineage tests [13, 9]. The linage-
based ancestry estimation usually involves the comparison between the reference genotypes and the genotypes of
unknown donors, which is justified to infer two individuals with the same haploid DNA share the same paternal or
maternal ancestor [18, 35]. And the highly differentiated geographical regions signaled by haplotypes provide more
explicit information of genetic factors such as the patterns of mating and recent migration events [68, 5].

However, moving such a lineage-based inference to the conclusion that the match implies individuals’ BGAs
remains the dangerous of misinterpretation, because the haploid genotypes reflect the maternal or paternal fraction of
an individual’s total biogeographical ancestral histories. For example, although an individual’s Y chromosome that
contains rare Y chromosome types is able to indicate paternal genetic trace of a particular population branch, the
proportion of paternally inherited component to the individual’s total ancestral histories is uncertain, also the upper
limit on the time of linkage is less certain [30]. Another source of the misinterpretation is the asymmetry between
paternal and maternal ancestral histories. The two uniparentally inherited DNA may provide evidence for different
ancestral histories which eventually signal that every individual originate from different geographic regions [17, 8].

http://crossmark.crossref.org/dialog/?doi=10.1016/j.procs.2019.09.210&domain=pdf
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Autosomal genotypes: Compared to haploid DNA, autosomal DNA is more widely used in BGAs estimation be-
cause of its stability and density of distribution [49]. Autosomal DNA, inherited from both parents, provides more
comprehensive information about individual’s ancestries because it cumulatively records the genome history [57].
This review centers on the methods using autosomal genotypes; measuring autosomal variation allows the studies of
genetic admixture contributed by all of an individual’s ancestors rather than just a proportion of them [23].

2.2. The Informativeness Carried by Genes

The genetic variation can be measured by either 1) Searching for genetic variations along genotypes [25, 37, 36, 40]
or 2) Assessing the loci where present populations in light of allele frequencies. Whole-genome approach involves
exploring and analyzing genetic patters along an individual’s entire DNA sequences; although idea and has been
somewhat facilitated by the sequencing methods [32, 71], it is prohibitively expensive [57].

Ancestry Informative Markers (AIMs): The informative markers, a relatively small set of single nucleotide poly-
morphisms (SNPs), has contributed to the BGA inference effort in a way of signaling particular population groups.
The loci where exhibit extreme allele frequency differences between populations are often counted as ancestry infor-
mative markers (AIMs) [49, 23] or the ancestry-sensitive markers [27] to describe the uncertainties. The skewed allele
frequency markers that are common in one population while are rare in others are also incorporated in AIMs [49].
The abundance and low mutation rates of AIMs [21] permit their practicality. The use of AIMs reduces the amount
of data required for BGA inference. Compared with genome-wide SNPs or a random set of SNPs, a relatively small
set of AIMs make good economic sense [16]. The alternative alleles such as Insertions and Deletions offer the similar
possibilities and bring their own valuable characteristics to population structure detection and BGA inference [48].
The exploration of HGDP-CEPH has revealed Indels’ ability to distinguish four major population groups: Africans,
Asians, Europeans, and Naı̈ve Americans [46]. Further, a set of 46 AIM-Indels has shown to successfully differentiate
Central South Asian and Middle Eastern Asian for which SNPs do not work well [61].

The measurement of informativeness carried by markers: A common concern about the use of AIMs is to explore
and select the criteria based on which one could use to identify the most optimal AIMs [27]. Ronsenberg et al [54]
introduced a general measurement of the ”informativeness” that multiallelic markers would provide about BGAs. This
gives rise to the question of how to measure the contribution of specific markers to BGA inference. Measuring the
”information amount” is tackled by an likelihood approach: the quantity can be viewed as the expected log-likelihood
associated with drawing an allele randomly from a set of populations, where the correlation between admixture pro-
portions and allele frequencies is given by G statistics [66]; the loci of high informativeness is equivalent to the
loci with large values of G. The maximal correct assignment probability occurs when each allele is assigned to the
population where it presents most frequently.

Identified AIM panels: There have been a handle of AIM-panels proposed. A study by Phillips et al. [49] publishes
34 AIMs from HGDP-CEPH which pronounce the allele frequency discontinuities between Africans, Europeans, and
East Asian populations [49]. The group [48, 61, 59, 60] keeps their endeavor towards the identification of autosomal
AIMs as well as the ancestral sensitive Indels with the measurement of ”informativeness” [54] based on Wright’s Fst.
Keeping exploring HGDP-CEPH and 1000 Genomes datasets, Phillips et al. [48] complement the original 34-AIM-
panel with 23 additional AIMs that differentiate Europeans and South Asians. Followed above studies, more ancestry
sensitive indels are identified to distinguish American, Central South Asian, Middle Eastern Asian, and Oceanian
populations [61, 60]. In another panel proposed by Kosoy et al. [31] there are 128 SNPs from HGDP-CEPH and
1000 Genomes, which are subsequently refined into a smaller set of 93 SNPs [43], discriminating continental subject
groups including Africans, Europeans, and Amerindians. Later, a smaller panel of 55 SNPs was identified by Kidd et
al. [28, 29] based on the high Fst values amongst populations. Kidd’s panel is found to be capable of distinguishing
African, European, East Asian, Naive American, and Oceanian groups.

Issues of using AIMs for inference purpose: An accurate prediction of BGAs through AIMs depends on, but is
not limited to, the selection of loci and population sampling. The degree of population differentiation, including
how the populations are sampled, and the size of each sample strongly affects the accurate estimation of population
structure and individuals’ BGA inference. It is important to be clear about what reference panel is being used for
the inference. Different genetic markers are subject to different selective forces [70]. Ideally, a AIM-panel should
have a large spread in terms of allele frequency differences [14]. It is, however, usually difficult to obtain a sufficient
spread of population data that present the full range of a population variation [47]. On the other hand, each segment of
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individual’s genome has its own ancestral history due to the recombination; different markers extracted from different
segments may reveal the ancestral histories that trace to different subpopulations [57]. For example, several studies
used STRUCTURE [51, 20] to detect the (unknown) population structure presented in a dataset but obtained different
population resolution (different values of K) due to the use of various AIM-panels. Furthermore, the selected AIMs
are ideally to differentiate most population and simultaneously to retain the differences between individuals within the
sample population; since not every person from a given population has the AIMs identified for the population, while
individuals from other populations may have [57]. The selection of AIMs, as pointed by Cavalli-Sforza [12], demands
the adequacy of the coverage which is more important than the total number of data.

2.3. Methods of Analysis

2.3.1. Genetic Distance-Based Approach
Genetic distances and pure genetic-distance-based model: Genetic distances, e.g. the Wright’s Fst, Tajima’s D,

T1 statistic, or the linkage disequilibrium (LD), are used widely to describe the genetic difference between two pop-
ulations [12]. Loh [39] demonstrates a straightforward inference from linkage disequilibrium (LD). Their proposed
model [39] harnesses the weighted LD as a function of genetic distance for the purpose of admixture estimation of
African populations, based on the feature of admixture events retained by LD [42].

Genetic distances as the supplementary in BGA models: A pairwise matrix of genetic distances between all the
possible pairs of populations or individuals may reveal the hidden genetic relatedness among the samples [67]. For
example, Wright’s Fst describes the probability of identity of alleles from a population compared with randomly
chosen alleles [54]. In various BGA inference models, the Wright’s Fst is used to measure how well the selected
genetic markers (i.e. SNPs, Indels, etc.) distinguish different populations [49] and how much information carried by
a marker [54]. This ”preprocessing” procedure facilities the identification of informative markers and consequently
significantly speeds up the BGA inference. The genetic distances can also usefully supplement the construction of
genetic trees, i.e. a dichotomous tree, in evolution analysis because of its evolutionary meaning [12].

Issues of using genetic distances in BGA inference: Although genetic distances provide a clearer representation of
population differences, the results depend heavily on the measurement. It is difficult to determine the level of confident
that the clusters obtained are meaningful [51]. Meanwhile, a proportion of genetic information will be ignored during
the calculation, suggesting that the genetic distance-based BGA inference models, even using a large amount of
markers, are not suitable for detecting fine population structures[69].

2.3.2. Allele Frequency-Based Approach
The quantitative methods for analyzing genetic data based on allele frequencies of human population were pio-

neered by Cavalli-Sforza and Edwards in 1964 [63]. Some of the methods, such as likelihood analysis and variance
analysis, are still widely used in BGA inference.

The method of likelihood analysis statistically infers the population structure and probabilistically assigns individ-
uals to clusters. There have been several models, such as the Bayesian-MCMC model used by STRUCTURE [51],
the PCA-Bayes used by Snipper [49], or Hidden Markov Models, found to be well fit genetic data for the inference
purpose. The method based on variance analysis searches for the clusters that maximize the ratio of variances between
branches [12]. Conducting a decades-long survey, Cavalli-Sforza et al. collected the genetic variants from various ge-
ographical population groups and produced an allele-frequency map for each allele. When these maps constitute a
geographical maps of gene frequencies, the various levels of allele frequencies form the isopleths of the geographical
map [12]. A geographical map conveys immediate information of the maxima, the minima, and the gradients of gene
frequencies across space. The gradients of variation indicate how closely the populations are related, whereby they
suggest the gene exchanges among populations [53, 41]. The map usefully supplements the genetic trees which further
reveal individuals’ population of origins [22, 50, 38].

3. Current Machine Learning Approach to BGA Inference

The analysis of DNA sequence variation and the efforts of studying from binary polymorphisms such as single
nucleotide polymorphisms (SNPs) to multiple-allele loci such as short tandem repeats (STRs) have increased the



 Yue Qu  et al. / Procedia Computer Science 159 (2019) 552–561 555
Yue Qu et al. / Procedia Computer Science 00 (2019) 000–000

Autosomal genotypes: Compared to haploid DNA, autosomal DNA is more widely used in BGAs estimation be-
cause of its stability and density of distribution [49]. Autosomal DNA, inherited from both parents, provides more
comprehensive information about individual’s ancestries because it cumulatively records the genome history [57].
This review centers on the methods using autosomal genotypes; measuring autosomal variation allows the studies of
genetic admixture contributed by all of an individual’s ancestors rather than just a proportion of them [23].

2.2. The Informativeness Carried by Genes

The genetic variation can be measured by either 1) Searching for genetic variations along genotypes [25, 37, 36, 40]
or 2) Assessing the loci where present populations in light of allele frequencies. Whole-genome approach involves
exploring and analyzing genetic patters along an individual’s entire DNA sequences; although idea and has been
somewhat facilitated by the sequencing methods [32, 71], it is prohibitively expensive [57].

Ancestry Informative Markers (AIMs): The informative markers, a relatively small set of single nucleotide poly-
morphisms (SNPs), has contributed to the BGA inference effort in a way of signaling particular population groups.
The loci where exhibit extreme allele frequency differences between populations are often counted as ancestry infor-
mative markers (AIMs) [49, 23] or the ancestry-sensitive markers [27] to describe the uncertainties. The skewed allele
frequency markers that are common in one population while are rare in others are also incorporated in AIMs [49].
The abundance and low mutation rates of AIMs [21] permit their practicality. The use of AIMs reduces the amount
of data required for BGA inference. Compared with genome-wide SNPs or a random set of SNPs, a relatively small
set of AIMs make good economic sense [16]. The alternative alleles such as Insertions and Deletions offer the similar
possibilities and bring their own valuable characteristics to population structure detection and BGA inference [48].
The exploration of HGDP-CEPH has revealed Indels’ ability to distinguish four major population groups: Africans,
Asians, Europeans, and Naı̈ve Americans [46]. Further, a set of 46 AIM-Indels has shown to successfully differentiate
Central South Asian and Middle Eastern Asian for which SNPs do not work well [61].

The measurement of informativeness carried by markers: A common concern about the use of AIMs is to explore
and select the criteria based on which one could use to identify the most optimal AIMs [27]. Ronsenberg et al [54]
introduced a general measurement of the ”informativeness” that multiallelic markers would provide about BGAs. This
gives rise to the question of how to measure the contribution of specific markers to BGA inference. Measuring the
”information amount” is tackled by an likelihood approach: the quantity can be viewed as the expected log-likelihood
associated with drawing an allele randomly from a set of populations, where the correlation between admixture pro-
portions and allele frequencies is given by G statistics [66]; the loci of high informativeness is equivalent to the
loci with large values of G. The maximal correct assignment probability occurs when each allele is assigned to the
population where it presents most frequently.

Identified AIM panels: There have been a handle of AIM-panels proposed. A study by Phillips et al. [49] publishes
34 AIMs from HGDP-CEPH which pronounce the allele frequency discontinuities between Africans, Europeans, and
East Asian populations [49]. The group [48, 61, 59, 60] keeps their endeavor towards the identification of autosomal
AIMs as well as the ancestral sensitive Indels with the measurement of ”informativeness” [54] based on Wright’s Fst.
Keeping exploring HGDP-CEPH and 1000 Genomes datasets, Phillips et al. [48] complement the original 34-AIM-
panel with 23 additional AIMs that differentiate Europeans and South Asians. Followed above studies, more ancestry
sensitive indels are identified to distinguish American, Central South Asian, Middle Eastern Asian, and Oceanian
populations [61, 60]. In another panel proposed by Kosoy et al. [31] there are 128 SNPs from HGDP-CEPH and
1000 Genomes, which are subsequently refined into a smaller set of 93 SNPs [43], discriminating continental subject
groups including Africans, Europeans, and Amerindians. Later, a smaller panel of 55 SNPs was identified by Kidd et
al. [28, 29] based on the high Fst values amongst populations. Kidd’s panel is found to be capable of distinguishing
African, European, East Asian, Naive American, and Oceanian groups.

Issues of using AIMs for inference purpose: An accurate prediction of BGAs through AIMs depends on, but is
not limited to, the selection of loci and population sampling. The degree of population differentiation, including
how the populations are sampled, and the size of each sample strongly affects the accurate estimation of population
structure and individuals’ BGA inference. It is important to be clear about what reference panel is being used for
the inference. Different genetic markers are subject to different selective forces [70]. Ideally, a AIM-panel should
have a large spread in terms of allele frequency differences [14]. It is, however, usually difficult to obtain a sufficient
spread of population data that present the full range of a population variation [47]. On the other hand, each segment of
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individual’s genome has its own ancestral history due to the recombination; different markers extracted from different
segments may reveal the ancestral histories that trace to different subpopulations [57]. For example, several studies
used STRUCTURE [51, 20] to detect the (unknown) population structure presented in a dataset but obtained different
population resolution (different values of K) due to the use of various AIM-panels. Furthermore, the selected AIMs
are ideally to differentiate most population and simultaneously to retain the differences between individuals within the
sample population; since not every person from a given population has the AIMs identified for the population, while
individuals from other populations may have [57]. The selection of AIMs, as pointed by Cavalli-Sforza [12], demands
the adequacy of the coverage which is more important than the total number of data.

2.3. Methods of Analysis

2.3.1. Genetic Distance-Based Approach
Genetic distances and pure genetic-distance-based model: Genetic distances, e.g. the Wright’s Fst, Tajima’s D,

T1 statistic, or the linkage disequilibrium (LD), are used widely to describe the genetic difference between two pop-
ulations [12]. Loh [39] demonstrates a straightforward inference from linkage disequilibrium (LD). Their proposed
model [39] harnesses the weighted LD as a function of genetic distance for the purpose of admixture estimation of
African populations, based on the feature of admixture events retained by LD [42].

Genetic distances as the supplementary in BGA models: A pairwise matrix of genetic distances between all the
possible pairs of populations or individuals may reveal the hidden genetic relatedness among the samples [67]. For
example, Wright’s Fst describes the probability of identity of alleles from a population compared with randomly
chosen alleles [54]. In various BGA inference models, the Wright’s Fst is used to measure how well the selected
genetic markers (i.e. SNPs, Indels, etc.) distinguish different populations [49] and how much information carried by
a marker [54]. This ”preprocessing” procedure facilities the identification of informative markers and consequently
significantly speeds up the BGA inference. The genetic distances can also usefully supplement the construction of
genetic trees, i.e. a dichotomous tree, in evolution analysis because of its evolutionary meaning [12].

Issues of using genetic distances in BGA inference: Although genetic distances provide a clearer representation of
population differences, the results depend heavily on the measurement. It is difficult to determine the level of confident
that the clusters obtained are meaningful [51]. Meanwhile, a proportion of genetic information will be ignored during
the calculation, suggesting that the genetic distance-based BGA inference models, even using a large amount of
markers, are not suitable for detecting fine population structures[69].

2.3.2. Allele Frequency-Based Approach
The quantitative methods for analyzing genetic data based on allele frequencies of human population were pio-

neered by Cavalli-Sforza and Edwards in 1964 [63]. Some of the methods, such as likelihood analysis and variance
analysis, are still widely used in BGA inference.

The method of likelihood analysis statistically infers the population structure and probabilistically assigns individ-
uals to clusters. There have been several models, such as the Bayesian-MCMC model used by STRUCTURE [51],
the PCA-Bayes used by Snipper [49], or Hidden Markov Models, found to be well fit genetic data for the inference
purpose. The method based on variance analysis searches for the clusters that maximize the ratio of variances between
branches [12]. Conducting a decades-long survey, Cavalli-Sforza et al. collected the genetic variants from various ge-
ographical population groups and produced an allele-frequency map for each allele. When these maps constitute a
geographical maps of gene frequencies, the various levels of allele frequencies form the isopleths of the geographical
map [12]. A geographical map conveys immediate information of the maxima, the minima, and the gradients of gene
frequencies across space. The gradients of variation indicate how closely the populations are related, whereby they
suggest the gene exchanges among populations [53, 41]. The map usefully supplements the genetic trees which further
reveal individuals’ population of origins [22, 50, 38].

3. Current Machine Learning Approach to BGA Inference

The analysis of DNA sequence variation and the efforts of studying from binary polymorphisms such as single
nucleotide polymorphisms (SNPs) to multiple-allele loci such as short tandem repeats (STRs) have increased the
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knowledge of diversity amongst and history of human populations. Despite this progress, the prompt introduction of
machine learning techniques followed by statistical models alongside appropriate biological meanings have facilitated
and accelerated the analytical procedure, bringing the possibility to analysis large volumes of data and yielding a blur
to relatively clearer informative insights. Some of the methods, making use of allele frequency differentiation, apply
clustering algorithms such as the Bayes and PCA to detect candidate population clusters and probabilistically assign
individuals to one or more groups based on either likelihood-based models or phylogenetic trees. Another class of
approach, making use of the power of machine learning algorithms, condense the associations among loci to make
inference based on genetic distances such Fst and linkage disequilibrium (LD).

It has been shown that the people belonging to the same geographical group almost present very similar ancestral
proportions [24]. This makes the statistical evaluation of genetic relationships among populations meaningful. An
unsupervised learning algorithm learns the structure or useful properties of the dataset to detect possible population
structure existed based on the measurements such as allele frequencies or genetic distances. A supervised learning al-
gorithm experience the dataset that contains genotypes and geographical features, observe each sample and associated
population labels, and ideally to assign new genetic profiles into the population groups based on its measurements.

3.1. Bayesian-based BGA Inference Systems: STRUCTURE and SNIPPER

3.1.1. STRUCTURE
The most widely used Bayesian-based BGA Inference system is STRUCTURE [51]. STRUCTURE characterizes

each population by a set of allele frequencies. It assumes that the allele at each locus in each sample is drawn from
an identical probability distribution, and the markers are at complete linkage equilibrium and are of Hardy-Weinberg
equilibrium within populations. These make an approximation for the populations that are not closely correlated
with one another. The approximation promises a population to not have very similar allele frequencies with other
populations and the inference of this population structure is then drawn from the allele frequency distribution among
populations. The problem of inferring population structure becomes that of estimating the number of clusters K
presented in a dataset. STRUCTURE applies the Bayes’ rule to tackle this problem. Using the allele frequencies
estimated by Gibbs sampler [15], the model updates the prior and makes inference based on the posterior which
yields the likelihood of BGA membership.

STRUCTURE is designed to distinct Hardy-Weinberg populations and to assign individuals into these populations.
The unsupervised learning procedure makes the model very useful when there is little geographical information. A
latter study [20] further expanded STRUCTURE to allow the linkage among input markers by eliminating the linkage
disequilibrium generated from the variation in ancestries among samples and the correlations in ancestry along each
chromosome. This assumes that various clusters have a descended ancestral population. Being tested using HGDP-
CEPH dataset, the correlated model is shown to perform better in distinguishing similar but distinct clusters [55].

Another fundamental problem is the choice of K. STRUCTURE is designed to detect the presence of population
structure amongst samples. It distinguishes five continental populations in HGDP-CEPH database successfully, al-
though STRUCTURE indicates 6 clusters with one of them corresponds to individual populations [56]. The choice
of K that best fits the data is not always easy to achieve. In the original study [51], STRUCUTRE was tested using a
dataset that consisted of two population groups. The model did indicate the true clustering result where K = 2, while
K = 5 also showed relatively high posterior probability. This may reflect the subpopulations however, it is difficult to
interpret. Allele frequency distribution did not indicate additional discrete populations. When K is set to a large value
to detect subpopulations, the clustering results are found to be erratic. Being set K > 6 while with all the other fac-
tors held constant, STRUCTURE produces various clustering results for HGDP-CEPH, in particular various clusters
would be identified or excluded [43].

The mechanism for genetic clustering and BGA inference introduced by STRUCTURE provides a much coher-
ent solution to this question. And somehow the problems arising suggest the direction for further developments of
Bayesian-based BGA inference. One of the cases suggested by the authors [51] where a model may produce better
performance involves the use of AIMs. The use of such prior geographical information helps to determine on the value
of K [27] and relieves the difficulty of admixture proportion Q inference, since there would be quite clear information
about the likely values of K and Q.
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3.1.2. SNIPPER
Another widely used Bayesian-based BGA inference model is SNIPPER [49] that takes the AIMs as input, identi-

fies genetic clusters using Principle Component Analysis (PCA), and infers individual’s BGAs using the Bayes’ rule
based on allele frequencies. The original study [49] and a serious of latter studies of the same group [48, 61, 59, 60]
endeavour to identify the autosomal AIMs as well as the ancestry sensitive indels with the measurement of infor-
mativeness based on Wright’s Fst. A set of 34 AIMs from HGDP-CEPH was firstly identified to pronounce allele
frequency discontinuities between Africans, Europeans, and East Asian populations [49]. Keeping analysing HGCP-
CEPH and 1000 Genomes datasets, Phillips et al. (2013) complement the original 34-AIM-panel with 23 AIMs that
differentiate Europeans and South Asians. Followed above studies, more ancestry sensitive indels are identified to
distinguish American, Central South Asian, Middle Eastern Asian, and Oceanian populations [61, 60].

Similar to those of STRUCTURE, SNIPPER works on the assumptions of Hardy-Weinberg equilibrium and link-
age disequilibrium (LD), which have been measured and ensured by the identified AIMs. To assign individuals into
population classes, Snipper adopts simple Bayes’ rule: the likelihood of an individual originates from a single popu-
lation is given by maximizing the posteriori where allele frequency distributions are estimated from the training set
HGDP-CEPH. An individual is assigned to a single population of origin that has the highest probability. However,
the geographically close-site populations, such as Central South Asians and Middle Eastern Asians, are rarely able to
be assessed for clear divergence using the simple Bayes classification rule, due the difficulty of obtaining a sufficient
spread of autosomal informative SNPs [48, 61]. SNIPPER adopts a PCA clustering process to increase the separation
between genetically closed populations; meanwhile, introduces the use of AIM-Indels to BGA inference. A set of 46
AIM-Indels [61] successfully differentiate Central South and Middle Eastern Asians. The set of 34 AIM-SNPs [48]
and the set of 46 AIM-Indels [61], when combined with Y and mitochondrial DNA variation [60], have shown to be
a powerful set fo markers for BGA inference amongst Asian, African, Eurasian (Middle East Asian, South/Central
Asian, and European), naive American, and Pacific regions [47].

3.2. Principle Component-Based BGA Inference System EIGENSTRAT

The use of principle components (PCs) and derived methods such as principle-coordinate analysis and multidi-
mensional analysis in genetic populations were firstly proposed by Cavalli-Sforza et al. (1994) [12]. Almost all sets of
allele frequencies formed by populations contain some redundancy that can be measured by the correlation amongst
genes and populations. PC-based approaches offer another simple mode of analysing population-by-allele-frequency
data by representing allele frequencies as a weighted average of populations. By replacing the allele frequencies with
their PC values, the resulting PC representation describes the linear compound of the original gene frequencies– of
which about 40% to 50% genetic information retains with the first two PCs [12].

Patterson et al. (2006) [45] proposed a framework, EIGENSTRAT, exemplifying Principle Component Analysis
(PCA)’s feasibility of detecting and qualifying the population structure presented in a biallelic dataset. EIGENSTRAT
calculates on genes instead of populations. The samples are formed in a designed matrix where each row represents a
sample and the columns are indexed by locus, where the number of samples is significantly smaller than the number
of markers used. Performing PCA step by step, the framework outputs a set of eigenvectors and eigenvalues of which
the set of eigenvectors corresponding to the largest set of eigenvalues are expected to expose the population structure.

The basic EIGENSTRAT is designed under the assumption that the markers are of linkage equilibrium. The model
can be modified to accommodate markers with linkage disequilibrium by introducing a theoretical statistical parameter
(the effective number of markers) that will approximate the covariance matrix to a Wishart-like matrix. The model has
also been modified to allow microsatellites inputs. The ideal is similar with that of the linkage-equilibrium model. A
mimic marker is defined out of each allele, presenting the number of occurrences of the allele for a sample. However,
the results show that PCA does not suit this case [45].

EIGENSTRAT demonstrates the use of statistically significant axes for detecting the existence of population struc-
ture in a dataset. It is also of interest in ordination in human genetics, where it has been promoted as a sensitive and
computationally efficient model-free alternative.
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knowledge of diversity amongst and history of human populations. Despite this progress, the prompt introduction of
machine learning techniques followed by statistical models alongside appropriate biological meanings have facilitated
and accelerated the analytical procedure, bringing the possibility to analysis large volumes of data and yielding a blur
to relatively clearer informative insights. Some of the methods, making use of allele frequency differentiation, apply
clustering algorithms such as the Bayes and PCA to detect candidate population clusters and probabilistically assign
individuals to one or more groups based on either likelihood-based models or phylogenetic trees. Another class of
approach, making use of the power of machine learning algorithms, condense the associations among loci to make
inference based on genetic distances such Fst and linkage disequilibrium (LD).

It has been shown that the people belonging to the same geographical group almost present very similar ancestral
proportions [24]. This makes the statistical evaluation of genetic relationships among populations meaningful. An
unsupervised learning algorithm learns the structure or useful properties of the dataset to detect possible population
structure existed based on the measurements such as allele frequencies or genetic distances. A supervised learning al-
gorithm experience the dataset that contains genotypes and geographical features, observe each sample and associated
population labels, and ideally to assign new genetic profiles into the population groups based on its measurements.

3.1. Bayesian-based BGA Inference Systems: STRUCTURE and SNIPPER

3.1.1. STRUCTURE
The most widely used Bayesian-based BGA Inference system is STRUCTURE [51]. STRUCTURE characterizes

each population by a set of allele frequencies. It assumes that the allele at each locus in each sample is drawn from
an identical probability distribution, and the markers are at complete linkage equilibrium and are of Hardy-Weinberg
equilibrium within populations. These make an approximation for the populations that are not closely correlated
with one another. The approximation promises a population to not have very similar allele frequencies with other
populations and the inference of this population structure is then drawn from the allele frequency distribution among
populations. The problem of inferring population structure becomes that of estimating the number of clusters K
presented in a dataset. STRUCTURE applies the Bayes’ rule to tackle this problem. Using the allele frequencies
estimated by Gibbs sampler [15], the model updates the prior and makes inference based on the posterior which
yields the likelihood of BGA membership.

STRUCTURE is designed to distinct Hardy-Weinberg populations and to assign individuals into these populations.
The unsupervised learning procedure makes the model very useful when there is little geographical information. A
latter study [20] further expanded STRUCTURE to allow the linkage among input markers by eliminating the linkage
disequilibrium generated from the variation in ancestries among samples and the correlations in ancestry along each
chromosome. This assumes that various clusters have a descended ancestral population. Being tested using HGDP-
CEPH dataset, the correlated model is shown to perform better in distinguishing similar but distinct clusters [55].

Another fundamental problem is the choice of K. STRUCTURE is designed to detect the presence of population
structure amongst samples. It distinguishes five continental populations in HGDP-CEPH database successfully, al-
though STRUCTURE indicates 6 clusters with one of them corresponds to individual populations [56]. The choice
of K that best fits the data is not always easy to achieve. In the original study [51], STRUCUTRE was tested using a
dataset that consisted of two population groups. The model did indicate the true clustering result where K = 2, while
K = 5 also showed relatively high posterior probability. This may reflect the subpopulations however, it is difficult to
interpret. Allele frequency distribution did not indicate additional discrete populations. When K is set to a large value
to detect subpopulations, the clustering results are found to be erratic. Being set K > 6 while with all the other fac-
tors held constant, STRUCTURE produces various clustering results for HGDP-CEPH, in particular various clusters
would be identified or excluded [43].

The mechanism for genetic clustering and BGA inference introduced by STRUCTURE provides a much coher-
ent solution to this question. And somehow the problems arising suggest the direction for further developments of
Bayesian-based BGA inference. One of the cases suggested by the authors [51] where a model may produce better
performance involves the use of AIMs. The use of such prior geographical information helps to determine on the value
of K [27] and relieves the difficulty of admixture proportion Q inference, since there would be quite clear information
about the likely values of K and Q.
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3.1.2. SNIPPER
Another widely used Bayesian-based BGA inference model is SNIPPER [49] that takes the AIMs as input, identi-

fies genetic clusters using Principle Component Analysis (PCA), and infers individual’s BGAs using the Bayes’ rule
based on allele frequencies. The original study [49] and a serious of latter studies of the same group [48, 61, 59, 60]
endeavour to identify the autosomal AIMs as well as the ancestry sensitive indels with the measurement of infor-
mativeness based on Wright’s Fst. A set of 34 AIMs from HGDP-CEPH was firstly identified to pronounce allele
frequency discontinuities between Africans, Europeans, and East Asian populations [49]. Keeping analysing HGCP-
CEPH and 1000 Genomes datasets, Phillips et al. (2013) complement the original 34-AIM-panel with 23 AIMs that
differentiate Europeans and South Asians. Followed above studies, more ancestry sensitive indels are identified to
distinguish American, Central South Asian, Middle Eastern Asian, and Oceanian populations [61, 60].

Similar to those of STRUCTURE, SNIPPER works on the assumptions of Hardy-Weinberg equilibrium and link-
age disequilibrium (LD), which have been measured and ensured by the identified AIMs. To assign individuals into
population classes, Snipper adopts simple Bayes’ rule: the likelihood of an individual originates from a single popu-
lation is given by maximizing the posteriori where allele frequency distributions are estimated from the training set
HGDP-CEPH. An individual is assigned to a single population of origin that has the highest probability. However,
the geographically close-site populations, such as Central South Asians and Middle Eastern Asians, are rarely able to
be assessed for clear divergence using the simple Bayes classification rule, due the difficulty of obtaining a sufficient
spread of autosomal informative SNPs [48, 61]. SNIPPER adopts a PCA clustering process to increase the separation
between genetically closed populations; meanwhile, introduces the use of AIM-Indels to BGA inference. A set of 46
AIM-Indels [61] successfully differentiate Central South and Middle Eastern Asians. The set of 34 AIM-SNPs [48]
and the set of 46 AIM-Indels [61], when combined with Y and mitochondrial DNA variation [60], have shown to be
a powerful set fo markers for BGA inference amongst Asian, African, Eurasian (Middle East Asian, South/Central
Asian, and European), naive American, and Pacific regions [47].

3.2. Principle Component-Based BGA Inference System EIGENSTRAT

The use of principle components (PCs) and derived methods such as principle-coordinate analysis and multidi-
mensional analysis in genetic populations were firstly proposed by Cavalli-Sforza et al. (1994) [12]. Almost all sets of
allele frequencies formed by populations contain some redundancy that can be measured by the correlation amongst
genes and populations. PC-based approaches offer another simple mode of analysing population-by-allele-frequency
data by representing allele frequencies as a weighted average of populations. By replacing the allele frequencies with
their PC values, the resulting PC representation describes the linear compound of the original gene frequencies– of
which about 40% to 50% genetic information retains with the first two PCs [12].

Patterson et al. (2006) [45] proposed a framework, EIGENSTRAT, exemplifying Principle Component Analysis
(PCA)’s feasibility of detecting and qualifying the population structure presented in a biallelic dataset. EIGENSTRAT
calculates on genes instead of populations. The samples are formed in a designed matrix where each row represents a
sample and the columns are indexed by locus, where the number of samples is significantly smaller than the number
of markers used. Performing PCA step by step, the framework outputs a set of eigenvectors and eigenvalues of which
the set of eigenvectors corresponding to the largest set of eigenvalues are expected to expose the population structure.

The basic EIGENSTRAT is designed under the assumption that the markers are of linkage equilibrium. The model
can be modified to accommodate markers with linkage disequilibrium by introducing a theoretical statistical parameter
(the effective number of markers) that will approximate the covariance matrix to a Wishart-like matrix. The model has
also been modified to allow microsatellites inputs. The ideal is similar with that of the linkage-equilibrium model. A
mimic marker is defined out of each allele, presenting the number of occurrences of the allele for a sample. However,
the results show that PCA does not suit this case [45].

EIGENSTRAT demonstrates the use of statistically significant axes for detecting the existence of population struc-
ture in a dataset. It is also of interest in ordination in human genetics, where it has been promoted as a sensitive and
computationally efficient model-free alternative.
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4. Proposed Deep Learning Approach

The current machine learning techniques including PCA and Bayesian that have applied to BGA inference cannot
operate on the data sequence directly. These techniques require pre-defined features extracted from the data sequence
based on prior knowledge (e.g. the presence or absence of single nucleotide polymorphisms and allele frequencies).
The labour work is intensive and requires domain knowledge, and is limiting for high dimensional genetic data. Deep
neural networks help to bypass this manual feature extraction. Moreover, deep neural networks capture nonlinear
dependencies in the sequences and span wider sequence context at multiple genomic scales.

Convolutional neural networks (CNN) is used for regulatory genomics to leverage the variation among individuals
to map the traits [2, 26] and to split the sequence into windows centered on the trait of interest [72]. The key advantage
of CNN is the ability to directly train the model on larger sequences [3]. CNN allows direct training on the DNA
sequences without the need of predefined features.

Alipanahi et al. [2] uses CNN to predict the sequence specificities. Their inference model innovates on training the
model directly from raw DNA sequences by applying a one-dimensional convolutional layer. Zhou and Troyanskaya
[72] considered CNN to jointly learn the diverse chromatin factors and to predict multiple chromatin states in parallel.
From the similar insight, Kelley’s CNN-based framework [26] successfully retrieves both known and novel sequence
motifs of DNase I hypersensitivity.

5. Experiments

We conducted experiments to retrieve SNPs from a large volume of genotyped SNPs in which all SNPs are ascer-
tained in a clearly documented way. We used the dataset for Human Genome Diversity Project (HGDP) that contains
the various types of data: high dimensional, genome-wide SNPs, microsatelites, indels, copy number variants (CNVs),
whole-genome shotgun sequences, exome sequences, haploid genotypes, high-coverage sequences, and the raw hu-
man sequences. This dataset provides a resource of 1063 lymphoblastoid cell lines (LCLs) from 1050 individuals in 52
world populations and corresponding milligram quantities of DNA which was banked at the Foundation Jean Dausset-
CEPH in Paris. These LCLs were collected from various laboratories by the HGDP and CEPH in order to provide
unlimited supplies of DNA and RNA for studies of sequence diversity and history of modern human populations [11].

We used a subset of 93 AIM-SNPs [43] which is selected from HGDP-CEPH Stanford dataset– a high dimension
SNPs in autosomes and haploids typed acorss 1042 individuals from 52 populations across 7 population groups. The
genotypes include those from 121 Africans, 160 Europeans, 207 Central-South Asians , 176 Middle-East Asians ,
235 East Asians , 108 Naı̈ve Americans, and 35 Oceanians. We first clustered all data samples into the following
population groups: Africa (AFR), Europe (EUR), Asia (South Central Asia (CSA), Middle East Asia (MEA), and
East Asia (EAS)), Naı̈ve America (NAM), and Oceania (OCE) . Although the dataset provides the population tag,
we clustered the samples to check whether the selected markers are sufficient to present the population stratification.
Population structure was examined using STRUCTURE v2.3.4 [51].

Fig. 1: Schematic overview of proposed CNN for BGA inference.
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In the pre-processing stage, an array was established to present allele variation for each sample through a one-of-
four representation (Figure 1). To learn DNA sequence signals, each sample is encoded as a matrix that will be then
represented as an image to CNN. The four bits of each sample are considered analogously to color channels. Our
proposed model allows partial genotypes. The missing locus will be encoded as -1 that represents unsigned values in
the image.

We defined the structure with one convolutional layer since the size of each sample is small, only 744 (=186*4).
Of 1042 samples, we randomly selected 70% samples (n=730) to train the network, 30% (n=312) is used to evaluate
the performance. Considering the positive truth as the measure of prediction accuracy, the model achieves a peak
performance of 86% on average (Table 1) with raw input and a 0.25 dropout threshold, after 3000 iterations. The
classification accuracies of Europe (EUR), Central-South Asians (CSA), and Middle East Asia (MEA) are of 64.6%,
80.6%, and 71.7%, respectively (Table 1). These lower accuracies compared with others on the same proposed method
may be from the genetic similarity [61] between the three population groups.

Table 1: Comparison [43] of classification success using 93 SNP panel

Classifier AFR EUR MEA CSA EAS OCE NAM
STRUCTURE 99.1% 91.1% - 7.7% 88.5% 96.8% 86.8%

PCA 87.3% 87.1% - 18.3% 90.6% 93.5% 80.1%
CNN 100.0% 64.6% 71.7% 80.6% 97.2% 90.0% 96.9%

The proposed study provides the validation for the use of CNN in human BGA inference. We show that the pro-
posed CNN, together with the predictive value of SNP therein, can distinguish diverse population groups with a small
set of SNPs. Specifically, the proposed model successfully distinguished the three Asian sub-populations (Table 1),
allowing a broader geographical scope of the 93 AIM-SNP panel.

6. Conclusion

We have presented the current genetic and machine learning approaches to BGA inference. With the larger number
of available genetic data, the current machine learning techniques can make the conventional analysis more efficient
and also provides an alternative of probabilistic estimation. Since this current machine learning approach requires
pre-defined features extracted from the data sequence based on prior knowledge, we have proposed our deep learning
approach based on Convolutional Neural Networks (CNN) that helps to bypass this manual feature extraction, captures
nonlinear dependencies in the sequences and spans wider sequence context at multiple genomic scales.
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4. Proposed Deep Learning Approach

The current machine learning techniques including PCA and Bayesian that have applied to BGA inference cannot
operate on the data sequence directly. These techniques require pre-defined features extracted from the data sequence
based on prior knowledge (e.g. the presence or absence of single nucleotide polymorphisms and allele frequencies).
The labour work is intensive and requires domain knowledge, and is limiting for high dimensional genetic data. Deep
neural networks help to bypass this manual feature extraction. Moreover, deep neural networks capture nonlinear
dependencies in the sequences and span wider sequence context at multiple genomic scales.

Convolutional neural networks (CNN) is used for regulatory genomics to leverage the variation among individuals
to map the traits [2, 26] and to split the sequence into windows centered on the trait of interest [72]. The key advantage
of CNN is the ability to directly train the model on larger sequences [3]. CNN allows direct training on the DNA
sequences without the need of predefined features.

Alipanahi et al. [2] uses CNN to predict the sequence specificities. Their inference model innovates on training the
model directly from raw DNA sequences by applying a one-dimensional convolutional layer. Zhou and Troyanskaya
[72] considered CNN to jointly learn the diverse chromatin factors and to predict multiple chromatin states in parallel.
From the similar insight, Kelley’s CNN-based framework [26] successfully retrieves both known and novel sequence
motifs of DNase I hypersensitivity.

5. Experiments

We conducted experiments to retrieve SNPs from a large volume of genotyped SNPs in which all SNPs are ascer-
tained in a clearly documented way. We used the dataset for Human Genome Diversity Project (HGDP) that contains
the various types of data: high dimensional, genome-wide SNPs, microsatelites, indels, copy number variants (CNVs),
whole-genome shotgun sequences, exome sequences, haploid genotypes, high-coverage sequences, and the raw hu-
man sequences. This dataset provides a resource of 1063 lymphoblastoid cell lines (LCLs) from 1050 individuals in 52
world populations and corresponding milligram quantities of DNA which was banked at the Foundation Jean Dausset-
CEPH in Paris. These LCLs were collected from various laboratories by the HGDP and CEPH in order to provide
unlimited supplies of DNA and RNA for studies of sequence diversity and history of modern human populations [11].

We used a subset of 93 AIM-SNPs [43] which is selected from HGDP-CEPH Stanford dataset– a high dimension
SNPs in autosomes and haploids typed acorss 1042 individuals from 52 populations across 7 population groups. The
genotypes include those from 121 Africans, 160 Europeans, 207 Central-South Asians , 176 Middle-East Asians ,
235 East Asians , 108 Naı̈ve Americans, and 35 Oceanians. We first clustered all data samples into the following
population groups: Africa (AFR), Europe (EUR), Asia (South Central Asia (CSA), Middle East Asia (MEA), and
East Asia (EAS)), Naı̈ve America (NAM), and Oceania (OCE) . Although the dataset provides the population tag,
we clustered the samples to check whether the selected markers are sufficient to present the population stratification.
Population structure was examined using STRUCTURE v2.3.4 [51].

Fig. 1: Schematic overview of proposed CNN for BGA inference.
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In the pre-processing stage, an array was established to present allele variation for each sample through a one-of-
four representation (Figure 1). To learn DNA sequence signals, each sample is encoded as a matrix that will be then
represented as an image to CNN. The four bits of each sample are considered analogously to color channels. Our
proposed model allows partial genotypes. The missing locus will be encoded as -1 that represents unsigned values in
the image.

We defined the structure with one convolutional layer since the size of each sample is small, only 744 (=186*4).
Of 1042 samples, we randomly selected 70% samples (n=730) to train the network, 30% (n=312) is used to evaluate
the performance. Considering the positive truth as the measure of prediction accuracy, the model achieves a peak
performance of 86% on average (Table 1) with raw input and a 0.25 dropout threshold, after 3000 iterations. The
classification accuracies of Europe (EUR), Central-South Asians (CSA), and Middle East Asia (MEA) are of 64.6%,
80.6%, and 71.7%, respectively (Table 1). These lower accuracies compared with others on the same proposed method
may be from the genetic similarity [61] between the three population groups.

Table 1: Comparison [43] of classification success using 93 SNP panel

Classifier AFR EUR MEA CSA EAS OCE NAM
STRUCTURE 99.1% 91.1% - 7.7% 88.5% 96.8% 86.8%

PCA 87.3% 87.1% - 18.3% 90.6% 93.5% 80.1%
CNN 100.0% 64.6% 71.7% 80.6% 97.2% 90.0% 96.9%

The proposed study provides the validation for the use of CNN in human BGA inference. We show that the pro-
posed CNN, together with the predictive value of SNP therein, can distinguish diverse population groups with a small
set of SNPs. Specifically, the proposed model successfully distinguished the three Asian sub-populations (Table 1),
allowing a broader geographical scope of the 93 AIM-SNP panel.

6. Conclusion

We have presented the current genetic and machine learning approaches to BGA inference. With the larger number
of available genetic data, the current machine learning techniques can make the conventional analysis more efficient
and also provides an alternative of probabilistic estimation. Since this current machine learning approach requires
pre-defined features extracted from the data sequence based on prior knowledge, we have proposed our deep learning
approach based on Convolutional Neural Networks (CNN) that helps to bypass this manual feature extraction, captures
nonlinear dependencies in the sequences and spans wider sequence context at multiple genomic scales.
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