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Abstract

The identification of individuals that have a recent hybrid ancestry (between populations or
species) has been a goal of naturalists for centuries. Since the 1960s, codominant genetic markers
have been used with statistical and computational methods to identify F1 hybrids and back crosses.
Existing hybrid inference methods assume that alleles at different loci undergo independent assort-
ment (are unlinked or in population linkage equilibrium). Genomic datasets include thousands of
markers that are located on the same chromosome and are in population linkage disequilibrium
which violate this assumption. Existing methods may therefore be viewed as composite likelihoods
when applied to genomic datasets and their performance in identifying hybrid ancestry (which is a
model-choice problem) is unknown. Here we develop a new program Mongrail that implements a
full-likelihood Bayesian hybrid inference method that explicitly models linkage and recombination,
generating the posterior probability of different F1 or F2 hybrid, or backcross, genealogical classes.
We use simulations to compare the statistical performance of Mongrail with that of an existing
composite likelihood method (NewHybrids) and apply the method to analyze genome sequence
data for hybridizing species of barred and spotted owls.

Chapter 1 reviews the different types of hybrid inference methods present in literature from
the 1960s till present. The review traces the gradual development of the inference methods with
advancement in sequencing technologies. We discuss how the assumption of independence among
loci (applied by most existing methods) adversely affects the analysis of current genomic datasets.

In Chapter 2 we propose a hybridization model based on diplotypes under a two-generational
pedigree when we consider two sympatric diploid populations. We present a novel way of calculating
the exact likelihood of the SNP data under a model with recombination by using the knowledge of
physical distance between the markers. Our method requires phased data and population haplotype
frequencies to be known when calculating the likelihoods. But we also present some alternatives
when these quantities are unknown. We use a point estimate to estimate the haplotype frequencies
for the two populations using individuals who are unlikely to be hybrids. And for hybrid individ-
ual without any phase information we calculate the likelihood by integrating over all compatible

diplotypes.



Chapter 3 describes the two major simulation study designs that were used to compare the two
inference methods (NewHybrids and Mongrail) on datasets where the markers were linked. The
first design (Comprehensive Simulation) involved generating a diverse set of haplotype frequency
distributions. Whereas the second design (Coalescent Simulation) used a structured coalescent
model with recombination, thus allowing the statistical performance of the two methods to be
evaluated under biologically realistic conditions. Chapter 4 presents an exhaustive summary of the
simulation results for both the study designs. We find that in general, Mongrail is more effective
in distinguishing hybrids and backcrosses compared to NewHybrids under both the simulation
study designs. One of the most noteworthy findings from the simulation study is that the number
of chromosomes and the map-length of the chromosome, contribute more to power (to infer the
correct genealogical class) than the number of markers. This outcome is extremely advantageous
since it is more computationally challenging to increase the number of markers than increasing the
number of chromosomes or map-length.

Chapter 5 presents the application of our method to a genomic dataset on spotted owls, barred
owls and their hybrids. We give a brief background on the dataset and describe the methods we
employed to analyze the dataset. Mongrail was able to infer the genealogical classes for all putative
hybrids with high posterior probability.

Finally Chapter 6 briefly summarizes the findings from the simulation study designs and the
empirical analysis. We conclude with a discussion about the strengths and weaknesses of our

method and future research directions.
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CHAPTER 1

Introduction

For hundreds of years naturally occurring hybrids between species have been identified based
on their morphology, often intermediate by comparison with the pure parental species. During the
twentieth century, other diagnostics such as karyotypes, blood groups and isozymes were increas-
ingly used to identify hybrids. However, such diagnoses are inherently subjective and confounded
by the presence of backcrosses. Codominant genetic markers potentially offer a more objective form
of data and have been increasingly used to identify hybrid individuals in natural populations ever
since the development of allozyme markers in the 1960s [23,29]. Genetic distance-based “hybrid
indexes” were proposed in the 1970s, for example, to assign to individuals from known hybrid zones
degrees of hybrid ancestry using allozyme allele frequencies of source populations [25]. Applica-
tions of allozyme markers to identify population or species hybrids in animals and plants flourished
during the 1980s [17,26, 28], and microsatellites [37] or AFLPs [10] were commonly used during
the 1990s and 2000s. The applications were often species conservation or, in the case of fish, stock
management [40]. During the 1980s, diagnostic criteria were proposed to identify hybrids based on
explicit considerations of Mendelian inheritance. Some of these [5] rely on fixed allelic differences
between pairs of populations (or species). If loci with fixed differences exist, F1 hybrids will be
heterozygous for all such loci and (if markers are unlinked) the expected fraction of individuals that
can be identified as F'1 hybrids versus F2 backcrosses can be predicted as a function of the number
of marker loci [5]. Diagnostic statistics have also been developed to identify F1 or F2 hybrids and
specific backcrosses (F1 x population 1, F1 x population 2) if one or more alleles are exclusive to
each population but not necessarily fixed [31].

Fixed differences (or exclusive alleles) do not always exist between populations (or species) and
(even if they do) it is impossible to be certain an allele is fixed (or exclusive) without exhaustive
sampling. Another class of hybrid inference methods thus relax the requirement for fixed allelic

differences, instead relying on differences in allele frequencies between populations (or species) and
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calculating probabilities of multilocus genotypes in F1 and F2 hybrids versus pure individuals [8].
Some methods for estimating individual proportions of admixture between populations [33,34,36],
or migrant ancestry [44] also potentially identify F1 hybrids. In particular, [2] developed a powerful
Bayesian method for distinguishing between hybrids and backcrosses based on multinomial sampling
theory that has been widely used. In this paper, we focus on extending the hybrid inference
method of [2] to accommodate genomic data using multilocus genotypes, or haplotypes, without a

requirement for fixed or exclusive alleles.

1.0.1. Assumptions of hybrid inference methods. Model-based methods for identifying
hybrids assume random mating (Hardy-Weinberg equilibrium) within populations (species) and
some form of independence among loci. The independence requirement (among loci) is usually
stated as an assumption of either unlinked loci [5,31,34], or (linked or unlinked) loci that are in
population linkage equilibrium [2,8,36]. The distinction can be important because markers on the
same chromosome may be in linkage equilibrium, whereas none are unlinked.

The statistical assumption of independence among loci implies that the joint probability of
alleles at multiple loci, calculated under a model with linkage, should be equal to the probability
calculated as a product (across loci) of the marginal probabilities. This is generally stated without
proof and thus axioms of the statistical methods are implicit. The more general requirement of
statistical independence of alleles among loci seems to underlie both types of assumptions (un-
linked loci or linkage equilibrium) in most methods. For large genomic datasets, many loci will
be linked and in population linkage disequilibrium so that the assumptions of existing methods
will be violated. Thus, alternative methods that relax these assumptions are desirable. A method
that relaxes the independence assumption must formulate the problem in terms of linked markers
on chromosomes and haplotype frequencies in populations, rather than multilocus genotypes and

allele frequencies.

1.0.2. Full versus composite likelihood. If a likelihood or Bayesian statistical method
is applied that assumes unlinked loci, when the loci are actually linked, the method becomes a
composite likelihood. Composite likelihoods can produce efficient point estimators, with estimates

converging to the true parameter value with increased sample size [42]. However, the problem of
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identifying hybrid class is a model choice problem not a point estimation problem — the performance
of composite likelihood methods for model choice is poorly understood [43]. A full-likelihood
method that explicitly models recombination, thus allowing linked loci, would eliminate the need
for composite likelihood approximations and the potential problems of existing estimators. This
paper aims to develop a full-likelihood method that explicitly models recombination during the
formation of hybrids.

With the advent of genomic datasets of potentially millions of markers linked on chromosomes
for which only a few recombination events are expected to occur per meiosis, the independence
assumptions of composite likelihood methods will inevitably be violated. However, existing sim-
ulation studies examining the statistical performance of hybrid identification methods explicitly
assume that markers are unlinked [41]. The effects of linkage on the performance of these com-
posite likelihood methods is thus unknown. In particular, when thousands of markers are used so
that the assumptions of the methods are strongly violated the effects of model violations could be
extreme. Although the simulation method described in [45] includes a model of linkage, it has not
yet been used to compare different hybrid inference methods. This paper develops a simulator that
includes both linkage and recombination during the formation of population hybrids, allowing the
statistical performance to be evaluated under a more realistic model for both existing (composite

likelihood) hybrid inference methods and the new full-likelihood methods developed in this paper.

1.0.3. Hybrid inference using genomic data with linked markers. There are two ma-
jor factors accounting for the requirement, ubiquitous among existing hybrid inference methods, of
independent assortment of alleles among loci: (1) the positions of first-generation genetic markers
were usually unknown (a linkage or a physical map was not available) for most organisms; (2) ex-
plicitly modeling linkage and recombination is complex and computationally demanding. Advances
in genome sequencing are rapidly altering this first factor, providing inexpensive physical maps of
millions of SNP markers for virtually any species, and statistical methods and computer speed are
rapidly converging to reduce or eliminate the second limiting factor (computational complexity).

In this paper, we present a full-likelihood Bayesian method for identifying hybrids and back-
crosses using biallelic SNP loci available from population genomic samples. The method explicitly

models recombination by using a physical map of the markers. To maximize the efficiency of the
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method we implement many of the computations as low-level bit operations in the C programming
environment. To examine the effects of linkage on composite likelihood methods we conducted
a simulation study of the performance of the [2] composite likelihood method, when used with
linked markers, by comparison with our full-likelihood method which incorporates linkage. As an
application of our method we analyze a real data set consisting of spotted owls, barred owls and
their hybrids [15,21]. This dataset includes an improved spotted owl genome assembly and 51 high

coverage whole-genome sequences [15].



CHAPTER 2

Theory

Most methods using genetic markers to identify population hybrids of a diploid species have
assumed that genotypes at different loci undergo independent assortment (e.g., are unlinked or in
linkage equilibrium). In particular, the widely used method of [2] incorporates this assumption
— when markers are actually linked their method becomes a composite likelihood approximation.
Here, we extend the [2] model to allow genomic sequence data comprised of linked SNPs to be jointly
analyzed using an exact full-likelihood approach. We consider two sympatric diploid populations,
labelled A and B, and assume they were initially isolated but have been interbreeding for the last n
generations. We follow [2] who considered all the combinations of hybrid ancestries that can result
with n generations of interbreeding between two populations but consider explicit results only for
the case of a recent population hybridization event (n < 2 generations). Here, we consider the
diploid genome sequence for a single individual and how this may be used to infer the hybrid status
of the individual. In the absence of close relatedness between sampled individuals the hybrid status

of multiple individuals may be inferred independently.

2.1. Genealogical class

A non-inbred pedigree of n generations describing the ancestors of a single individual includes
2" founders, so in our two generation case there are 22 = 4 founders. We consider the founders to
be purebred. We can identify 6 distinct classes of such two-generational pedigrees by considering
the number and arrangement of founders originating from a specified population (population A, for
example). Following [31] we refer to these as genealogical classes (see Figure 2.1), where genealogical
classes a and d are purebreds; b and e are backcrosses; ¢ is a F1 hybrid and f is a F2 hybrid. We
use the term genealogical class and model interchangeably. Our approach differs from [31] in that
we consider diplotypes rather than marker genotypes. The diplotype is the pair of haplotypes on

homologous chromosomes.



If the map distances between markers and the population haplotype frequencies are known,
then under a random mating process (within populations) the probability of the observed marker
data (likelihood) is completely specified for any given genealogical class. The focus of this paper
will be on developing and implementing an efficient algorithm for calculating this likelihood, thus

allowing inference of the genealogical class of an individual using linked SNP marker data.

2.2. Model and likelihood

Here we describe the likelihood calculation for a set of multiple biallelic SNP markers located
on the two copies (maternal and paternal) of a single chromosome from an individual of a diploid
sexual species that undergoes recombination. Because different chromosomes segregate indepen-
dently during meiosis, the likelihood for markers on multiple chromosomes is simply a product
across the likelihoods for the individual chromosomes. Following [2] the objective of the inference
will be to infer the hybridization history of an individual (genealogical class) which is essentially
a model choice problem. We will use posterior model probabilities to evaluate the support for
different genealogical classes. Here, we present the data, model parameters, and formulas needed
for calculating the likelihood under each of the 6 possible genealogical classes (see Figure 2.1) for

2 populations.

2.2.1. Data and parameters. Consider a sample of K chromosomes from a diploid individ-
ual. Chromosome i contains L; loci with phased biallelic single-nucleotide polymorphisms. We

represent the maternally (M) and paternally (P) inherited copies of the chromosomes as matrices,
M M
X — {a}” 5
P P
X — {ng 5

where xf\]/[ € {0,1} is the allele (coded as 0,1) present at the jth SNP locus on the maternally

inherited copy of chromosome 4, etc. The complete data for an individual are then x = {x x'}.

We define the physical distances between markers on chromosomes as

d= {dij}a
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000 D000 000
D 00 @
000 0000 00
D 00 0

Chromosome originating from population A

Chromosome originating from population B

Z  Chromosome is mixture of haplotypes from population A and B

FiGURE 2.1. Pedigrees of relationships among founders for n = 2 generations.
Circles represent diploid individuals and the pair of lines within each individual
represent the two chromosomes; the blue/line denotes the chromosome originating
from population A and the red line represents the chromosome from population B.
Founders are individuals at the top of the pedigree. An individual’s genealogical
class (a-f), is defined by the population origins among founders.



where d;; is the distance on chromosome ¢ from marker j — 1 to j and d;; is the distance from the
5" end of chromosome ¢ to marker 1.

We define the recombination rates on the intervals between markers as

r={ri;},

where r;; is the recombination rate on chromosome i for the interval between markers j — 1 and
j in units of centiMorgans (cM) per unit of physical distance. For example, if physical distance is
measured in megabases (Mb) the units would be cM/Mb. Recall that 1 ¢cM = 1 % recombination
per meiosis. The map distance for the interval [j — 1, j] of chromosome i is defined by the product
dij % ri; and is measured in units of cM (percent recombination per meiosis).

We consider a model with hybridization between 2 populations A and B. The ancestry matrix

for each chromosome specifies the population origin of each marker locus,

M = {z%,

2l = {257

where populations A and B are denoted by 0 and 1, respectively, and zf\f = 0 specifies that marker
j of the maternally inherited copy of chromosome i originates from a founder chromosome that was
in population A, and so on. The complete ancestry matrix for an individual is then z = {z",z"}.

Population haplotype frequencies are also needed to calculate likelihoods. We assume that
the population is randomly mating so that diplotype probabilities can be calculated directly from
haplotype frequencies for non-hybrid segments of chromosomes. We define f4(z;) to be the fre-
quency of haplotype z; on chromosome 4 in population A and fZ(z;) its frequency in population
B. In this paper, we treat population haplotype frequencies as known when calculating likelihoods.
In empirical analyses, haplotype frequencies are estimated using individuals who are unlikely to
be hybrids (for example, individuals sampled outside of a hybrid zone). For the individual being

tested for potential hybrid status we integrate over the unknown haplotype phase taking account

of uncertainty (see section Inference for unphased individuals).



2.2.2. Population ancestry states of markers. For the case of 2 populations and 2 gen-
erations of hybridization the only non-trivial chromosome ancestry probability to calculate is that
for a chromosome that is a recombinant between two pure chromosomes, one from population A
and the other from population B. We consider autosomes so that it does not matter which specific
chromosome is maternally, or paternally, inherited. We assume no interference (independence of
recombination events on different intervals) allowing the transitions from one population ancestry
state to another along the chromosome from left to right (see Figure 2.2) to be calculated as inde-
pendent conditional probabilities. Here, we present the probability calculation for chromosome ¢
with L; linked loci. We omit the subscript ¢ from the population ancestry vector z for simplicity.

The population origin of a SNP locus to the right of an interval changes whenever there is an
odd number of recombinations (1,3,5, etc) on the interval. We denote a distinct population state

(or, ancestry state) as
Z:{Zj};j: 1,...,L,‘,

where z; € {0,1} is the population origin of the marker j (where 0 represents population A and 1
population B).

There are 2% possible distinct population states for L; loci, for example:

0...0,1...1,0...0.1 ,0...0.11 ,...
N NN N
L; L; Li—1 1 L;—2 2

For simplicity, here we treat the rate of recombination as uniform (r;; = r) on chromosome i,
although the implementation allows recombination rates to vary as specified by the user. Given the
assumption of no interference, recombinations occur as a Poisson process along the chromosome,
such that the number of recombinations in an interval of length d;; is Poisson distributed with a
mean of rd;;. Accordingly, the probability that an even number of recombinations occur on an

interval of length d;; is
o0 ef’rdij (,,,,dz])?n

n]l o7 (coshlrdyj] — 1).

n=1



F-1 HYBRID
iOI‘JD : EVEN : oD i
1 1 1 1
MEIOTIC i A o 1 o o 1
PRODUCTS ! g ! ' 1 1 i i
I = CROSSOVERS ——— CHROMOSOME FROM

POPULATION A

O = MARKER FROM
POPULATION A
_ MARKER FROM —— CHROMOSOME FROM
POPULATION B POPULATION B

FIGURE 2.2. Population origin of L = 4 markers as a result of recombination (or,
crossovers) between two pure chromosomes (a F1 hybrid): one from population A
(blue) and other from population B (red). The two possible gametes (recombinant
haplotype) produced at the end of meiosis is shown with the population origin
labelled on the markers. An odd number of recombinations between two markers
changes the population origin of the marker to the right of an interval whereas an
even number of recombinations results in no change in the population state of the

markers.

Thus the probability that there is a change of population on the interval between the (5 — 1)-th

marker and j-th marker is

P(dij,r) =1 — (e7"%i {cosh[rd;j] — 1} + e "%),
10



where the last term in parentheses on the right is the probability of no recombinations (which also
results in no change of population ancestry). Using this result we can calculate the probability of

a particular ancestry state z for L; SNP loci,

Qzlds,r) — {% % Pldia,r)? x [~ P(din,r)]" % x P*} 4

1
{§ x P(diy, )7 [1— P(dgy, )] 17 P*},

where
L;

P =T] {P(dik,r)lz’“_z’“*l‘ x [1— P(d, r)]l—‘zk—zk*'}.
k=2

Here we explain the derivation of Q(z|d;,r) for a particular ancestry state z. A chromosome can
either be sampled from population A (with probability 1/2) or from population B (with probability
1/2). This explains the summation of the two (mutually exclusive and exhaustive events) repre-
sented by the terms in curly braces. Considering the first term, given that the chromosome was
sampled from population A, if z; = 0 no change of population state occurred on interval d;;. The
probability of no change is [1 — P(d;1,7)]. Otherwise, if z; = 1 the population state changed on
interval d;;. The probability a change occurs is P(d;1,7). The derivation for a chromosome sampled
from population B (the second term) is similar. For the remaining loci (zx ; k > 1) the probability
is P(d;k,r) if the ancestry state z; changed from zp_1, otherwise the probability is [1 — P(d, )]

if there was no change (2 = zx_1;k # 1), and these probabilities are combined into the term P*.

2.3. Allelic state of markers

We now consider the probabilities of the SNP alleles observed conditional on the ancestry
states of the markers. Let z; be the SNP haplotype for a (maternally or paternally inherited)
chromosome i and let z be the population ancestry vector (again dropping the chromosome i
subscript for simplicity). The probability of the SNP alleles on the chromosome for the two trivial

cases (either the entire chromosome comes from population A or from population B) are given by

fAx;), ifzj=0 Vji=1,... 1L
fB(xi), ifz;j=1 Vj=1,...,L
11
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Now consider the non-trivial case (i.e., the chromosome is a recombinant between two pure chro-
mosomes, one from population A and the other from B). First, we define the marginal frequency
of alleles on sub haplotypes {z, Ti(ut1)> Ti(ut2)s - - - , Tip } from the u-th marker to the v-th marker
where 1 < u < v < L; in population A (or, B) be fA(a:i[u,v}) or, fB(xi[u,v}) respectively. Then,
for any ancestry state z we consider each segment of consecutive 0’s or 1’s, counting the number
of segments and the lengths of each segment (in units of number of markers rather than physical
distance). Consider the case of ¢ segments with lengths ji,jo,...,je.. The calculation differs for

even versus odd numbers of segments.

Case I: Even number of segments ¢ = 2n and z; = 0 (i.e., the starting state is population A),
f(zilz) = fA(fL‘i[l,jl])

X PP (@il +1,047])

A
X F @il 4 ja 41,51+t ds])

B
X F 2Tyttt +1,41 o))

The terms are thus an alternating sequence of marginal frequencies from populations A and B
and there are n marginal frequency terms from each. If z; = 1 the first term instead starts with

population B and the last term is from population A.

12



Case II: Odd number of segments ¢ = 2n + 1 and z; = 0 (i.e., the starting state is population
A),
f(zi|z) = fA(l’z'[le])
XfB(xi[lerl,thjz])

A
x f (%[j1+j2+1,j1+jz+j3])

B
X f (xi[ji+j2+---+jc_2+1,j1+j2+---+jc—1})

A
X F @il ot oot o1 +1,41 it etde])

In this case (21 = 0), there are (n 4+ 1) marginal frequency terms from population A and n from
B. If z; = 1, the first and last terms instead come from population B so that (n + 1) marginal

frequency terms are from population B and n from A.

2.4. Likelihood

For the maternally inherited chromosome ¢, the probability of a L;-loci hybrid SNP haplotype

M unconditioned on the ancestry state of the markers is

(i.e., a recombinant SNP haplotype), z

given by
aM|d;,r) = ZL aM z|d;,r)
= ftela)-Queldir)

where the sum is over the set of all possible ancestry states at L; markers (there are 2% dis-
tinct combinations). Because the number of distinct combinations grows with L;, it is currently

computationally practical to analyze 15 or fewer loci per chromosome.

2.5. Likelihoods for genealogical classes

Here, we present formulas for calculating the likelihood of a diplotype, x = {xM x”} for an

individual under each of the 6 possible genealogical classes (see Figure 2.1). We use the term

13



genealogical class and model interchangeably. We introduce the variable G : G = g denotes that

the individual belongs to the genealogical class g. We define the indicator function,

1 ifa:ZM;ész

Model (a): Both chromosomes (z¥ and ') come from Population B (i.e., z; =1 Vj=1,...,L;)

K
LV 2|6 =1,d,r) = [J[{2"P@M).rPeh)),
=1

Model (b): One chromosome comes from Population A and the other chromosome is a recombi-

nant.

LM 2|6 =2,d,r) =

K

g([fA {Zf (2] |2).Q(zldi,7) p+
@ L6 Qe }
[ {Zf 2f12).Q rdz,m}]H ,

Model (c): One chromosome comes from Population A and the other from Population B

I

Model (d): Both chromosomes (z and ") come from Population A (i.e., 2; =0 Vj=1,...,L;)

K
LM a"1a =4,d,r) = [\ @D,
i=1

14



Model (e): One chromosome comes from Population B and the other chromosome is a recombi-

nant.

LM 2P|G =5,d,r) =

ﬁ([ {Zf 2 [2).Q(ad;, ) b+

i=1
1

@ L@@l }

1-1
[ (S sl mawan)] ).
Model (f): Both chromosomes are recombinants.

Lz, 271G =6,d,r) =

}j[y.{;f@% a1} {5 sl mm}]

Likelihoods for 3 genealogical classes (a,d and ¢) shown in Figure 2.1 are trivial to calculate because
recombination has no effect on the population origins of linked sites. For models (a) and (d) the
sampled individual’s chromosomes are either entirely A or entirely B. For model (c) the individual
is a first-generation hybrid so that one chromosome is entirely A and the other entirely B. The
probability of the data for these genealogical classes can therefore be calculated directly by assuming
random mating and applying the usual Hardy Weinberg formulas using the population haplotype
frequencies in place of allele frequencies. Models (b), (e) and (f) all require calculation of the

probabilities of one or more recombinant haplotypes (indicated by an x in Figure 2.1).

2.6. Bayesian inference

A Bayesian approach to hybrid inference requires a prior distribution for the genealogical classes.
An individual belongs to genealogical classe g with prior probability m, with ¢ = 1,2,...6 and

Zgzl mg = 1. The posterior probability an individual belongs to the gth genealogical class is

Tg X P(a:M,azP|G =g,d,r)
E?:l T X P(aM 2P|G =i,d,r)
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In general, a prior distribution on genealogical classes could incorporate factors such as differential
fitnesses among classes, varying frequencies of mating encounters between individuals of different
populations (or species), and so on. Lacking specific information on hybridization rates, one can
use a discrete uniform prior 7y = 1/6,Vg = 1,...,6 which reduces the posterior likelihood to

P(M P‘G_g7dr)
SO P@aM 2P|G =i,d,r)

P(G = glzM, 2P d,r) =

2.7. Estimation of population haplotype frequencies

The likelihood theory above treats population haplotype frequencies as known fixed parameters.
For most empirical datasets population haplotype frequencies are unknown; we thus estimate them
using posterior probability densities. To estimate frequencies “purebred” individuals (those least
likely to be hybrids; possibly sampled outside a hybrid zone) are identified from each of the two
populations and analyzed separately. Let fi = {f%(h)} be a vector of the haplotype frequencies in
population i, where fi(h) is the frequency of the hth distinct haplotype in i and i € {A, B}. Let
N; be the number of diploid individuals sampled from population 7. It is assumed that H distinct
haplotypes exist, each occurring in both populations. The set of distinct haplotypes compatible
with genotypes observed in all sampled individuals (from both populations) provides an estimate of
H. With no prior information, we assign equal prior probability density to the haplotype frequencies
in each population (A and B). Results are formulated for population A (B is equivalent). The prior

probability density of haplotype frequencies (i.e., before sampling) is

)}(1/H

H
V=1

Thus, fA4 ~Dirichlet(1/H). Let the vector ng = {n14,...,nmga}, where nj, 4 is the observed number
of copies of the hth distinct haplotype in a sample from population A. The probability density of

n4 conditioned on the haplotype frequencies follows a Multinomial distribution given by

ZhA

n1A7 - NHA

Pr(nalfA) = < ) H{ PRy
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where

H

> npa=2Na

h=1
is the total number of haplotypes observed in population A. The posterior density of the haplotype
frequencies, conditioned on the haplotypes observed in a sample from population A, follows a

Dirichlet distribution, since the Dirichlet is a conjugate prior to a Multinomial distribution. The

posterior probability density of haplotype frequencies is

(Aot

H
Pr(f4na) =T(04) [ |

Pt I'(0aana)
where,
H
0a= (14> npa)=(1+2Na)
h=1
and
npa + 1/H npa + 1/H
ahA == — .
H 1+ 2Ny
1+ Z NhA
h=1
H
Note that 3 apa = 1. The posterior mean is used to estimate 4 and is given by
h=1
0aana
(2.1) E(fAny) = - = Gna.
> (Baana)
h=1

For simplicity, we ignore uncertainties of haplotype population frequencies when inferring hybrid
classes, using the posterior mean as a proxy for the true frequency. Uncertainties could be accounted

for by instead integrating over the posterior density rather than using the posterior mean.

2.8. Inference for unphased individuals

The above calculations require phased haplotypes for all individuals. Although improved ge-
nomic sequencing technologies provide more experimental information about phase than in the
past, complete phase information is not always available. For the “pure” individuals one can ob-
tain phase by applying existing population-based haplotype phasing methods [6, 7, 38] to each
population separately. However, with unphased putative hybrid individuals using either pure pop-

ulation for phasing would be incorrect, and thus could potentially lead to biased inferences, unless
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the individual turns out to be a non-hybrid. Therefore, instead of trying to estimate the phase of
a hybrid individual we opted to integrate over all possible haplotype phase states.

Let X = {Xj;} be the matrix of genotype data of a hybrid individual, where Xj; is the genotype
at the j-th SNP locus for chromosome i. Given the unphased multilocus genotype data X;. for
chromosome ¢, let C; denote its set of compatible diplotypes. Thus for chromosome i, given the

g-th genealogical class, the likelihood of the unphased hybrid individual is
(2.2) P(Xi|G=gdr)= Y P zf|G=gdr)
{zM zF}eC;
Here we are summing over all compatible diplotypes to obtain the marginal likelihood, taking into

account the uncertainty in phasing. For a sample of K chromosomes, the likelihood of the unphased

hybrid is
K

(2.3) [[PXilG =g.d.r)
=1

The chromosome probabilities are multiplied because the different chromosomes undergo indepen-
dent assortment during meiosis. These equations were implemented in a new inference program

named Mongrail.

18



CHAPTER 3

Simulation Methods

Two different simulation study designs were used to evaluate the statistical performance of our
new inference method Mongrail versus NewHybrids. The first design involved generating a diverse
set of haplotype frequency distributions, ensured by using either a symmetrical or non-symmetrical
Dirichlet distribution. This allowed a comprehensive comparison of performance over a broad
range of conditions. The second design used a structured coalescent model with recombination,
with haplotypes generated under a neutral Wright-Fisher model from each of two populations (A
and B) connected by migration, allowing the statistical performance of the inference method to be

evaluated under biologically realistic conditions.

3.1. Comprehensive simulation

We simulated diplotypes for individuals that were uniformly assigned to one of the 6 genealog-
ical classes. The chromosomes of parents were randomly assigned haplotypes according to the
population haplotype frequencies in populations A and B, which must first be specified. We first
describe the procedure used to simulate haplotype marker configurations and their corresponding
frequencies (for two populations A and B) for each chromosome. We use simple procedures de-
signed to mimic population genetic processes rather than explicitly simulating a population genetic
model as it allowed more direct control over levels of variation in the populations. For simplicity,
in all simulations we fixed the length of each chromosome to be 240 Mb and the recombination
rate to be 1.2 cM/Mb respectively. The simulation experiment used a factorial design allowing the
performance of the methods to be assessed for many combinations of parameters. The parameters

(factors) and their values were as follows:

(1) Number of chromosomes: K = 1,2,5,10,20

(2) Number of loci per chromosome: L =1,5,10
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(3) Expected recombination frequency (in cM): R = 1,25,50 between the first and the last
locus

(4) Number of distinct haplotype sequences per chromosome for each population: h = 5,10, 15

(5) Allelic configurations of haplotypes, generated by simulating the switches between allele
states (see description below). Switch rates used: ¢ =0.1,1,L/2

(6) Haplotype frequencies, following a Dirichlet distribution (symmetrical with parameters

a = 1,5, or non-symmetrical with parameters w = 5,20) (see description below)

To simulate haplotype configurations we mimic recombination by using a “switching process” (that
flips the adjacent marker state) operating along the chromosome. The switch rate on a particular
interval is p = ¢/L where p is the probability of a switch from 0 to 1 (or 1 to 0). To simulate
haplotype frequencies, we used either a symmetrical or non-symmetrical Dirichlet distribution with
parameters oy, o, . . ., ap. For the symmetric Dirichlet distribution we set a; = afort=1,2,...,h
and consider two cases: @ =1 or o = 5.

For the non-symmetric Dirichlet distribution we use:

0.7 X w, 1=1
Q; =
0.3x %, i>1

and again consider two cases: w = 5,20. These combinations produce a diverse set of distributions
(see Appendix A.1). The above combinatorial design produced 1100 simulation combinations in
total (see below). For each, we simulated from 10,000 to 100,000 genealogical classes using a discrete
uniform probability distribution on the six distinct genealogical classes. As noted above, given a
genealogical class, the diplotype of an individual is generated by simulating a pair of chromosomes
(whether one or both chromosomes are pure or recombinant depends on the genealogical class).
The simulator is available as an option in our program.

With six parameters (factors) and the number of corresponding levels for each (5 for K, 3 for
L, 3 for R, 3 for h, 3 for ¢, and 4 for @ and w) the number of simulation combinations (when L > 1)
is Cr>1 = 5%x2x3x3x3x4=1080. If L =1, for each possible chromosome number (K)
four ways exist to generate population haplotypes using Beta distributions (univariate cases of the

Dirichlet distribution) with parameters oy and ag:
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Thus, the number of combinations (for L = 1) is Cr—1 = 5 x 4 = 20 and the total number of
simulation combinations is Cr~1 + Cr—1 = 1080 + 20 = 1100.

We analyzed the statistical performance of Mongrail and NewHybrids [2] for all the simulation
combinations by computing for each simulated individual the posterior probabilities of belonging
to each of the six genealogical classes. NewHybrids analyses multilocus genotypes and population
allele frequencies, rather than haplotypes and haplotype frequencies. The genotypes are completely
specified given the haplotypes. In our analyses, we ignore uncertainty of haplotype (or allele) fre-
quencies, treating them as known. In this case, we do not require MCMC sampling to compute the
posterior probability of an individual belonging to each of the six different hybrid categories under
the NewHybrids model, thus we implemented a version of NewHybrid without MCMC sampling to
calculate posterior probabilities with known population allele frequencies. Our goal is to compare
the two methods using the same assumptions. Avoiding MCMC allows a large-scale comparison
without having to worry about whether NewHybrids MCMC analyses have converged. Uncertainty
of haplotype or allele frequencies will be an additional source of variance for both estimators. It is
straightforward to incorporate individual haplotype and population haplotype frequency inference
into Mongrail and thus account for this source of uncertainty. For both methods, we considered a
discrete uniform prior on the six distinct genealogical classes.

We performed a comparative analysis of statistical performance between Mongrail and NewHy-

brids using five different performance metrics:

1) Accuracy of posterior probabilities

2) Power to identify genealogical classes

(1)

(2)

(3) Posterior distribution of genealogical classes

(4) ROC curve analysis of power versus Type I error
(5)

5) Sensitivity to biological and experimental parameters

We describe the procedures used to evaluate the methods for each of these criteria below.
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3.1.1. Accuracy of posterior probabilities. The aim of this analysis was to verify that
the posterior probabilities of genealogical classes for individuals provide consistent and unbiased
estimates of the frequencies at which individuals belong to the classes. The underlying true ge-
nealogical class is known for a simulated individual and a Bayesian method should produce posterior
probabilities for genealogical classes (models) that correspond to the frequency at which that ge-
nealogical class is the one under which the individual was simulated. To evaluate this, individual
posterior probabilities for the gth genealogical class were binned into 10 intervals each of length
0.1. The proportion of individuals in each bin for which the true genealogical class was g was
calculated and plotted against the mid-point of the posterior probability for the interval. The
method is performing well if, in each interval with midpoint posterior probability p, the frequency
of individuals binned into that interval for whom the true genealogical class is g is close to p. This
will produce a straight line along the diagonal of the plot. This expected relationship holds for all
the six genealogical classes. For example, 95% of individuals that are placed in bin (0.9, 1.0) for
genealogical class g should have true genealogical class g while the remaining 5% will have a true

genealogical class that belongs to one of the other five alternatives.

3.1.2. Power to identify genealogical classes. The aim of this analysis was to examine
how often a method produces a high posterior probability for the true genealogical class used
to simulate an individual. If the posterior probability is accurate, a greater proportion of high
posterior probability outcomes will indicate greater power. The posterior probability assigned to
an individual for each of the six genealogical classes was plotted as a stacked bar plot. Different
colors are used to illustrate the different segments in the bar. Each colored segment represents the
relative contribution of one of the six genealogical class posterior probabilities for that individual.
One can conclude the method is performing well for individuals simulated under the gth genealogical
class if the color assigned to the gth class is the dominant one in the plot. If the bar has many colors

with uniform representation there is low support for any particular model and thus low power.

3.1.3. Posterior distribution of genealogical classes. The aim of this analysis was to ex-
amine the posterior probability of the true genealogical class for individuals simulated under that

genealogical class. If a method is powerful most individuals should have a posterior probability
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concentrated near posterior probability 1 for the true genealogical class (a high frequency of indi-
viduals at the right of the graph). If a method is accurate few individuals should have a posterior
probability concentrated near posterior probability 0 for the true genealogical class (a low frequency

of individuals at the left of the graph).

3.1.4. ROC curve analysis of power versus Type I error. The aim of this analysis was
to examine the power of the methods to detect genealogical classes relative to Type I error for
different classification thresholds. We plot the ROC (Receiver Operating Characteristics) curve for
all six genealogical classes. The ROC curve for the gth genealogical class is created by plotting the
true positive rate (equivalent to power, or sensitivity) against the false positive rate (equivalent to
Type I error, or 1— specificity). The true positive rate is defined as the proportion of individuals
simulated under the gth genealogical class and classified as belonging to that class. The false
positive rate is defined as the proportion of individuals simulated under another class but classified
as belonging to the gth class. The ROC curve measures the performance of the methods for
classifying individuals into genealogical classes as a function of varied classification thresholds (based
on posterior probabilities). For each of the six genealogical classes we overlay the ROC curves of

Mongrail and NewHybrids to allow comparisons between the two methods.

3.1.5. Sensitivity to biological and experimental parameters. The aim of this analysis
was to determine how sensitive the method is to changes of key biological and experimental pa-
rameters: number of chromosomes (K'), number of loci (L), and recombination frequency (R). All
of these factors are affected both by the biology of the organism under study and by the exper-
imental design. We expect increased information with increasing values of K, L or R. However,
we do not know apriori how large the effect will be on the posterior probabilities of genealogical
classes. To reduce the state space for this analysis, we consider fixed values for other parameters
that determine haplotype frequencies in populations — these other paranmeters are typically be-
yond the experimentalists control and are also expected to have less predictable effects on method
performance. We used: h = 5,¢ = 0.1 and o = 1. We plot the proportion of cases for which the
posterior probability of belonging to the correct genealogical class is above a threshold value of

0.9 against the number of chromosomes analyzed using multi-line plots, where each line represents
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different combinations of values for the remaining two parameters: number of loci (except L # 1)

and recombination frequency (R).

3.2. Coalescent simulation

The program ms [24] was used to simulate samples from two populations evolving according
to a neutral Wright-Fisher model under various demographic histories. The program employs
a structured coalescent model with recombination. Haplotype marker samples were simulated
from the two populations (A and B) and used to estimate corresponding population haplotype
frequencies. The diploid effective population size was Ny = 10,000 for each population. We
simulated 100 sampled chromosomes, each 1 Mb in length, for each population. The simulator is
haploid so this corresponds to a sample of 50 diploid individuals from each population. We simulated
20 chromosomes for each diploid individual. The per-generation recombination probability over the
entire chomosome was fixed to r = 0.01, thus the recombination rate was 1 cM/Mb. The population-
scaled recombination rate parameter was then p = 4Ny x r = 40,000 x 0.01 = 400. We assumed a
symmetrical island model with M = 4Ngm, where m is the fraction of each population made up of
new migrants each generation. We chose five different values M = 0.1,0.25,1, 10, 100 to study the
effects of migration on the performance of the two methods in identifying genealogical classes.

We used ms to generate gene trees representing the history of the sampled chromosomes. The
seq-gen program [35] was then used to simulate sequences on gene trees under a Jukes-Cantor
mutation model. The population-scaled per-site mutation rate, 6, was assumed to be § = 4Nou =
0.00004, where p = 107Y is the mutation rate per generation. The program snp-sites [32] was
used to extract SNPs from simulated sequences into a Variant Call Format (VCF) file. Subsequent
processing and manipulations, such as extracting biallelic SNPs into separate VCF files for the
two populations, were performed using BCFtools [11]. We chose a subset of L = 10 markers for
each analysis such that the markers were approximately equidistant to each other and spanned the
chromosome. Since we specified a recombination rate of 1 ¢cM/Mb, the physical distance between
the first and last marker was 1 Mb (the length of simulated chromosomes). Having obtained
haplotype marker configurations for samples from both populations, unknown population haplotype

frequencies were estimated using the Multinomial-Dirichlet posterior mean (see equation 2.1).
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For each of five different values of M, we simulated 1000 individuals for each of the four ge-
nealogical classes: purebred (model d), F1 (model ¢) hybrid, backcross (model b) and F2 (model f)
hybrid. For brevity, we used only one backcross model (b) and one purebred model (d). Simulating
a diploid individual is equivalent to generating a diplotype (a pair of haplotypes). Haplotypes re-
quired to form these individuals (belonging to any of the four genealogical classes) were simulated
simultaneously with the population sample haplotypes that were generated under the structured
coalescent process. The description of the procedure to generate diplotypes assigned to one of the
four genealogical classes can be found in Appendix A.3.

For each simulated individual we computed posterior probabilities under each of the six ge-
nealogical classes using either Mongrail or NewHybrids. We performed a comparative analysis of

statistical performance between Mongrail and NewHybrids using two different performance metrics:

(1) Power to identify genealogical classes

(2) ROC curve analysis of power versus Type I error
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CHAPTER 4

Simulation Results

4.1. Comprehensive simulation

It is impossible to present an exhaustive summary of the properties of the methods when
applied to all 1100 combinations of simulation parameters considered in this paper. Instead, we
give a general description of the most obvious patterns observed when applying each type of analysis
to all the datasets and then provide specific examples for a subset of the combinations for which
these patterns were most apparent. All the simulated datasets and scripts to perform the analyses

are available at https://github.com/mongrail/simulations.

4.1.1. Accuracy of posterior probabilities. The general pattern observed across datasets
when the analysis was done using Mongrail was that the average posterior probabilities matched the
proportion of individuals correctly assigned to the specified genealogical class. However, the pos-
terior probabilities and proportions typically did not match one another when using NewHybrids.
The one exception was the case of a single locus per chromosome — in that case the assumptions of
NewHybrids (independent assortment of alleles across loci) were satisified and the posterior prob-
abilities appeared correct. In other cases, posterior probabilities obtained using NewHybrids were
higher than the proportion correctly assigned when posterior probabilities were high and were lower
than the proportion correctly assigned when posterior probabilities were low.

As an example, we generated 100,000 individuals under the set of simulation parameters: K =
20, L =10, R =50, h =10, c = 0.1, a = 1. The Mongrail and NewHybrids programs were used to
produce posterior probabilities for each distinct genealogical class for each individual. The posterior
probabilities were binned into intervals as described in Section 3.1.1. The results are shown in
Figure 4.1. The proportion of individuals having the correct model is plotted against the midpoint
posterior probability of the interval they were binned into. The results for Mongrail, shown in red,

indicate a precise linear relationship with points lying very near the identity line; this is expected
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if the posterior probabilities are accurate. The results for NewHybrids, shown in blue, display
an irregular curve with posterior probabilities higher than the proportion of correct genealogical
classes when posterior probabilities are greater than about 40% and posterior probabilities lower
than the proportion correct when posterior probabilities are lower than about 40%. Moreover,
Mongrail performs well across all the genealogical classes (compare the 6 panels of Figure 4.1 from
left to right). The performance of the NewHybrids method appears non-uniform across the models,
it seems to perform worse for models representing hybrids (c, f) and backcrosses (b, e) compared
to the pure parental ones (a, d). Thus, even with a high recombination rate the NewHybrids
composite likelihood method is too liberal. Since we are primarily interested in high posterior
probabilities, it is a serious problem if estimates of high posterior probabilities are overconfident
(the observed pattern fits our expectation that since NewHybrids is a composite likelihood method
it will tend to underestimate the uncertainty). See https://github.com/mongrail/simulations

for additional examples of this behavior obtained using other combinations of parameters.

4.1.2. Power to identify genealogical classes. The general pattern observed across sim-
ulated datasets was that Mongrail typically placed higher posterior probability on the true ge-
nealogical class of an individual than did NewHybrids. NewHybrids always had more uniform
probabilities among models but, although still worse, was closer in performance to Mongrail for
individuals that were pure A or B (models a and d). In the case of 1 locus per chromosome, Mon-
grail and NewHybrids generate identical plots for posterior probabilities. This is expected because
in this case NewHybrids is not a composite likelihood (all loci are unlinked).

Figure 4.2 shows the results for the particular simulation combination K = 20, L = 10, R = 50,
h =5, ¢c= 0.1, «a = 1. Due to space constraint we show the stacked bar plots for only 100
individuals from each of the six genealogical classes. The Mongrail method has high power in
distinguishing the pure individuals (models a, d) and the F1 hybrids (model c)(top graph, panels
labelled a, d and c in Figure 4.2). The posterior probability that Mongrail assigns to the correct
genealogical class is for most individuals greater than 0.95. Even for the F2 hybrids (model f) and
backcrosses (models b, e) support for the correct genealogical class increases substantially from the
prior (uniform) to the posterior. When the posterior probability of belonging to the correct model

b (backcross with pure population A) is less than 0.9, the remaining posterior probability is mostly
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FIGURE 4.1. The proportion of correct assignments to genealogical classes (y-axis)
for individuals binned according to the posterior probability of the genealogical
class plotted against the midpoint posterior probability of each binning interval
(x-axis). The 6 panels represent the 6 different genealogical classes. Results for
posterior probabilities obtained using Mongrail are plotted in red and results for
posterior probabilities obtained using NewHybrids are plotted in blue. If posterior
probabilities match proportions the points should fall on a linear line with slope of
unity (shown in black). Results are based on simulated data for 100,000 individuals
using the simulation parameters: K =20, L =10, R=50, h =10, c=0.1, a = 1.
The 6 genealogical classes are as follows: a-pure population B, b-backcross with
population A, c-F1 hybrid, d-pure population A, e-backcross with population B,
f-F2 hybrid.

assigned to the other hybrid and backcross categories. Similar patterns are observed for models e
and f as we see a lot more variation (other colours which do not correspond to the true model).
Analyzing the same individuals using the NewHybrids method (bottom versus top graph) the
posterior probabilities appear much more uniform across the genealogical classes with no particular
genealogical class being well supported (this is particularly true for individuals that are hybrids or
backcrosses; panels b, ¢, e and f). These results suggest that the NewHybrids method may often
produce poorly resolved genealogical classes for individuals when used with linked marker data.

This is particularly the case when individuals are F2 hybrids or backcrosses.
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FIGURE 4.2. Distributions of posterior probabilities for random subsets of 100 in-
dividuals simulated under each of the 6 genealogical classes (plots labelled a-f).
Posterior probabilities for Mongrail are shown in the top plot and for NewHybrids
in the bottom plot. The posterior probabilities for different genealogical classes are
represented by segments of different colors. The proportion of the stacked bar plot
comprised of a particular color indicates the posterior probability of the model cor-
responding to that color. The following simulation parameters were used: K = 20,
L =10, R=50,h=5,c=0.1, «a = 1. The 6 genealogical classes are as follows: a-
pure population B, b-backcross with population A, c-F1 hybrid, d-pure population
A, e-backcross with population B, f-F2 hybrid.

4.1.3. Posterior distribution of genealogical classes. This analysis examines the distri-
bution of the posterior probability of a genealogical class when it is the true genealogical class for
an individual (see description above). The general pattern across simulated datasets was that Mon-
grail tends to assign very high posterior probabilities only to the true model and very low posterior
probabilities only to incorrect models. When the data are less informative the probabilities tend
to be more uniform, resembling the prior. NewHybrids, on the other hand, less frequently assigns
high probability to the true model and frequently assigns very low probabilities to the true model.
These patterns are exemplified in Figure 4.3. To create this figure we generated 100,000 individuals
under the following set of simulation parameters: K =20, L = 10, h = 10, ¢ = 0.1, and o = 1 with

recombination frequencies on the interval of both R = 1cM and R = 50cM. The first row of the
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figure shows results for Mongrail with a relatively uninformative dataset (R = 1cM). Even with low
information, high posterior probabilities are frequently obtained for the true model when it is pure
(model a or d) and for the other cases the probabilities are distributed quite uniformly and mostly
intermediate. With R = 50cM (second row of figure), high posterior probabilities occur much more
commonly for the true model when it is any of the 6 models.

The results for the NewHybrids method are shown in rows 3 and 4 of Figure 4.3. Since NewHy-
brids assumes unlinked markers we expect the size of the region (frequency of recombination) will
have no effect on the frequency distribution of posterior probabilities (the two rows with either
R = 1cM or R = 50cM are identical). High posterior probabilities are obtained for the true model
only when it is a pure population model (model a or d). For all the other models the most frequent
outcome is a very low posterior probability for the true model. Thus, NewHybrids has very low
power to infer the true model when it is not a pure population model and will often exclude the

true model, assigning very low probability to it.

4.1.4. ROC curve. Here we examine the relative trade-off between power and type I error
for each method using ROC curves (see description above). A method that has high power and
low error should produce a curve that increases steeply and plateaus at a value approaching 1.
The greater the area beneath the curve the better the performance. In general, Mongrail produces
an ROC curve that strictly lies above the curve produced using NewHybrids when L > 1. As an
example, we simulated 10,000 individuals using the combinations of parameters: K = 20, L = 5,
h=25¢=0.1, =1, and either R =1 or R = 10. The results are shown in Figure 4.4.

The Mongrail inference method outperforms NewHybrids across all the six genealogical classes.
In the case of a recombination frequency of 1cM, the difference between the two methods is least
pronounced with either pure population A (model d) or B (model a) ancestry. As the recombi-
nation frequency increases from 1cM to 50cM, the ROC curve for the Mongrail method improves,
approaching the top left corner, whereas the curve for NewHybrids is virtually unchanged. The
NewHybrids method assumes unlinked markers and thus we expect its ROC curve to be unaffected

by recombination (compare the blue curves on the top row to the bottom one).
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Fi1GURE 4.3. Histogram showing the relative frequency of the posterior probabilities
obtained for the true model when analyzing simulated data using either the Mongrail
(top two rows) or NewHybrids (bottom two rows) programs. The results are shown
for data simulated using true models a-f (6 plots from left to right in each row). The
plot is based on 100,000 individuals simulated using the following set of simulation
parameters: K = 20, L = 10, h = 10, ¢ = 0.1, and o = 1 with recombination
frequencies on the interval of both R = 1cM and R = 50cM. The 6 genealogical
classes are as follows: a-pure population B, b-backcross with population A, c-F1
hybrid, d-pure population A, e-backcross with population B, f-F2 hybrid.

4.1.5. Sensitivity to biological and experimental parameters. Here we examine the
relative influence of 3 parameters: number of chromosomes, number of loci, and recombination fre-
quency on the power of the methods to identify genealogical classes (using a posterior probability
of 0.9 as a threshold for classifying individuals). Other parameters were held constant (see above).
Figure 4.5 shows the proportion of cases with posterior probability for the true genealogical class
greater than 0.9 (y-axis) as a function of the number of chromsomes (x-axis) for different combina-
tions of number of loci and expected recombination rate for the Mongrail method (top row) and for
NewHybrids (bottom row). Some interesting patterns emerge from the multi-line plot for Mongrail
(Figure 4.5). Each coloured line in Figure 4.5 shows that as the number of chromosomes considered
increases, the proportion of cases where the posterior probability is above 0.9 increases as well.

The increase is particularly large when the number of chromosomes increases from 5 to 20. This is

31



1.00

R

000 025 050 075 1.000.00 025 050 075 100000 025 050 075 1.00000 025 050 075 1.00000 025 050 075 1.000.00 025 050 075 1.00 Method
Mongrail
1,00-

—  NewHybrids
% 0.75-
n
= 0.50-
0.25-
0.00-

000 025 050 075 1.000.00 025 050 075 100000 025 050 075 1.00000 025 050 075 1.00000 025 050 075 1.000.00 025 050 075 1.00
1-Specificity

1cM)

=3
w
=3

Sensitivity (R
&

50

R

Sensitivity

FIGURE 4.4. Reciever Operator Characteristics (ROC) curves for Mongrail (red
line) and NewHybrids (blue line). The plot is based on 10,000 individuals simulated
using parameters: K =20, L =5, h =5, ¢c = 0.1, and a = 1. The top row uses
a smaller region (R = 1cM) with a lower number of expected recombinations and
the bottom row uses a larger region (R = 50cM) with a higher number of expected
recombinations. Results for the six genealogical classes (a-f) are shown from left to
right in both rows. The 6 genealogical classes are as follows: a-pure population B,
b-backcross with population A, c-F1 hybrid, d-pure population A, e-backcross with
population B, f-F2 hybrid.

true across all genealogical classes. However, as observed for other metrics the genealogical classes
a,c or d receive higher posterior probabilities for the correct class as compared to the other three
genealogical classes, likely because the data are more informative in these cases. Another striking
trend is apparent across all the genealogical classes, the proportion above 0.9 changes little with an
increase in number of markers but steadily increases with increasing recombination frequency from
1cM to 50 ¢cM. In summary, increasing the number of chromosomes or recombination frequency has
a large effect on the posterior probabilities (the former having greatest effect) whereas increasing
the number of loci has little effect. With only one or two generations of mating one expects few
recombination events, even on large intervals and so a small number of markers are sufficient to
capture the available information from the data. Because chromosomes undergo independent as-

sortment adding additional chromosomes has a much greater effect on power. Similarly, increasing
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FIGURE 4.5. Proportion of simulated individuals with posterior probabilities for the
correct genealogical class greater than 0.9 (y-axis) versus the number of chromosomes
sampled per individual (x-axis). Different colored curves are plotted for 6 different
combinations of numbers of loci and expected recombination rates (in cM). The
results for Mongrail are shown in the top row and for NewHybrids in the bottom
row. Results for the 6 genealogical classes that individuals were simulated under are
given from left to right in each row. The 6 genealogical classes are as follows: a-pure
population B, b-backcross with population A, c-F1 hybrid, d-pure population A,
e-backcross with population B, f-F2 hybrid.

the size of a region of chromosome (even with a fixed total number of markers) increases the chances
of observing recombination events and also increases power.

We analyze the same simulated dataset using the NewHybrids method (bottom row of Figure
4.5) for a side-by-side comparison of the effects of the three factors on the two competing methods.
As expected, we see that the proportions for R = 1,25 and 50 merge, regardless of the number
of loci. Because NewHybrids is a composite likelihood method, we expect that recombination
frequency should have little or no effect on the posterior probabilities and this is indeed the case.
We find that increasing number of chromosomes increases the proportion of cases for which the
posterior probability is greater than 0.9 but the changes are pronounced only for the pure (a, d)

and F1 hybrid (c) individuals. In fact, an increase in the number of loci (from 5 to 10) increases
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the proportion only for these three classes. Only when the number of chromosomes is K = 20, is

there is a difference in the proportions (at L = 5,10) for the remaining genealogical classes (b,e,f).

4.2. Coalescent simulation

We performed simulation analyses for M = 0.1,0.25,1,10,100 and four genealogical classes:
purebred (model d), F1 (model ¢) hybrid, backcross (model b) and F2 (model f) hybrid. For
brevity, we describe the general pattern observed across the analyses and present details only for a
subset of specific illustrative cases. Results for the complete set of simulated datasets and scripts

to perform the analyses are available at https://github.com/mongrail/simulations.

4.2.1. Power to identify genealogical classes. The general pattern observed across simu-
lated datasets for genealogical classes purebred (model d) and F1 hybrids (model ¢) with M <1
was that both Mongrail and NewHybrids performed well in identifying true genealogical classes.
Both methods produced high posterior probabilities for the true genealogical class with neither
obviously superior. However, when considering all four genealogical classes (models d,c,b,f) with
M > 1, performance of Mongrail in identifying the true genealogical class is typically better than
NewHybrids, although the power to distinguish correct genealogical classes diminishes for both
methods as M increases.

Figure 4.6 shows results for purebreds (model d, first column) and F1 hybrids (model ¢, second
column). Figure 4.7 shows results for backcrosses (model b, first column) and F2 hybrids (model
f, second column). Both figures show results for a range from relatively low to high values of
migration (M = 0.25,1,10). The stacked bar plots for only 100 representative individuals from
each of these four genealogical classes are shown due to space constraints. For all four genealogical
classes (Figure 4.6 and 4.7) when M < 1 (first four rows), Mongrail (first and third row) and
Newhybrids (second and fourth row) perform similarly well, both placing high posterior probability
on the true genealogical classes. For most individuals, the posterior probability assigned to the true
genealogical class by both methods is greater than 0.9. More probability associated with incorrect
models (colors not corresponding to the true model) is evident for backcrosses and F2 hybrids
in Figure 4.7 compared to the pure and F1 genealogical classes (Figure 4.6). For M > 1 (last

two rows), both methods show more uncertainty across all four genealogical classes but Mongrail
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appears to perform better on average. The other general pattern observed is that both methods
struggle to resolve the correct genealogical class as model complexity increases (from purebred to
F1 hybrid in Figure 4.6 or from backcross to F2 hybrid in Figure 4.7) especially when the migration
rate is high (M = 10). Difficulty increases with an increase in model complexity (models d,c,b.f)
across all values of M. This is evident from the more uniform distribution of posterior probabilities
across genealogical classes. For extremely high migration between the two populations, NewHybrids
performs less well in resolving genealogical classes by comparison with Mongrail. This is especially

true for F1 or F2 hybrids or backcrosses.

Purebred (model d F1 (model )

)
1.00-
0.75-
0.50-
0.25-
0.00-
1.00-
0.75-
0.50-
0.25-
0.00-
1.00-
0.75- |
0.50-
0.25-
0.00-
1.00-
0.75- |
0.50-
0.25-
0.00-
1.00-
I L
0.50-
0.25- :
0.00- ¥
1.00- =
075 | | | |
0.50-
0.25- b

0.00

Ireabuoy

W

St

SPUGAHMEN

JreaBuopy

=W

&

E

Posterior Probability

SPUGAHMEN

JresBuopy

SpugAHmaN

Individuals

FiGURE 4.6. Distributions of posterior probabilities for random subsets of 100 in-
dividuals simulated (through a structured coalescent process) under each of the 2
genealogical classes (plots labelled d and c) for three values of migration parameter
M = 0.25 (1st, 2nd rows), 1 (3rd, 4th rows), 10 (5th, 6th rows). For each value of
M, posterior probabilities for Mongrail are shown in the top plot and for NewHybrids
in the bottom plot. The posterior probabilities for different genealogical classes are
represented by segments of different colors. The proportion of the stacked bar plot
comprised of a particular color indicates the posterior probability of the model corre-
sponding to that color. The 6 genealogical classes are as follows: a-pure population
B, b-backcross with population A, c-F1 hybrid, d-pure population A, e-backcross
with population B, f-F2 hybrid.
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FIGURE 4.7. Distributions of posterior probabilities for random subsets of 100 in-
dividuals simulated (through a structured coalescent process) under each of the 2
genealogical classes (plots labelled b and f) for three values of migration parameter
M = 0.25 (1st, 2nd rows), 1 (3rd, 4th rows), 10 (5th, 6th rows). For each value of
M, posterior probabilities for Mongrail are shown in the top plot and for NewHybrids
in the bottom plot. The posterior probabilities for different genealogical classes are
represented by segments of different colors. The proportion of the stacked bar plot
comprised of a particular color indicates the posterior probability of the model corre-
sponding to that color. The 6 genealogical classes are as follows: a-pure population
B, b-backcross with population A, c-F1 hybrid, d-pure population A, e-backcross
with population B, f-F2 hybrid.

4.2.2. ROC curve. The relative trade-off between power and type I error was analyzed for
each method using ROC curves for the datasets simulated under a structured coalescent process.
The greater the area beneath the curve, the better the performance. In general, for all M > 1,
Mongrail produces an ROC curve that lies strictly above the curve produced by NewHybrids across
all four genealogical classes (models d,c,b,f). We present the results for 1000 individuals simulated
under each of the four genealogical classes for M = 0.25,1,10 in Figure 4.8.

Mongrail outperforms NewHybrids across all four genealogical classes when M > 1. The
performance difference between the two methods increases with model complexity, with M (> 1)
fixed. As M increases, the difference between the two methods gets more pronounced for all the

four genealogical classes. When M < 1 for the purebred (model d) and F1 hybrid (model c), the
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FIGURE 4.8. Reciever Operator Characteristics (ROC) curves for Mongrail (red
line) and NewHybrids (blue line). The plot is based on 1000 individuals simulated
under each of the four genealogical classes (d,c,b,f) through a structured coalescent
process. The first, second and third row corresponds to migration parameter with
values M = 0.25,1 and 10 respectively. Results for the six genealogical classes
(d,c,b,f) are shown from left to right in all three rows. The 6 genealogical classes
are as follows: a-pure population B, b-backcross with population A, c-F1 hybrid,
d-pure population A, e-backcross with population B, f-F2 hybrid.

two curves overlap with no visible difference between methods. When M < 1 for the backcross

(model b) and F2 hybrid (model f), although the Mongrail curve lies above the NewHybrids curve,

the difference is negligible.
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CHAPTER 5

Empirical Analysis of Spotted and Barred Owl Hybridization

5.1. Background

Spotted Owls (SO) are native to the forests of western Northern America, mainly the Pacific
Northwest, California and Mexico [3,12,13]. Barred Owls (BO) are native to eastern North
America but have expanded their range to the west coast of North America thus encroaching on
the territory of the endangered spotted owl [14,18,30], whose population is already in decline due
to habitat loss caused by logging and wildfires [9,16,39]. There are three recognized subspecies of
the spotted owl ranging in distribution from British Columbia to Mexico: Northern Spotted Owl
(NSO), California Spotted Owl (CSO) and Mexican Spotted Owl (MSO). The NSO and MSO have
been listed as “threatened” under the Endangered Species Act since the early 1990s by the US
Fish and Wildlife Service (USFWS). As the two species can hybridize (sympatric populations of
spotted and barred owls exist from British Columbia to southern California) [19,20,27], frequent
hybridization may threaten the genetic integrity of the spotted owls.

The study by [15] is the largest genomic study conducted on spotted owls, barred owls and
their hybrids. They obtained sequences from spotted and barred owls sampled outside and across
their hybrid zone in western Northern America. The sampling locations of all of the owls included
in the study are presented in Table 1. For County level information see [15] (Supplementary Table
S5). [15] improved upon a previously generated SO genome assembly [22] (using data from 10x
genomics and Bionano Genomics) and generated high-coverage (mean 31.70x, +6.51) whole genome
sequence data from 51 owl samples consisting of 11 spotted owls, 25 barred owls, 2 known hybrids
(identified in [21]) and 13 potential hybrids. The 51 owl samples included a female SO sample

named Sequoia [22] used for constructing the new and more contiguous reference genome assembly.
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TABLE 1. Table showing the sampling locations (states in North America) of the
51 owl samples consisting of 11 spotted owls, 25 barred owls, 2 known hybrids and
13 potential hybrids. The purebred samples (SO and BO) are further categorized
into their recognized sub-species.

Species Category State #individuals | Total #individuals
California )
Northern Spotted Owl Oregon
Washington
California Spotted Owl California
Kentucky
Ohio
New York
Massachusetts
New Jersey
Indiana
Western Barred Owl California
California
Putative Hybrid Oregon
Washington
California
Oregon

8

Eastern Barred Owl 12

o= W W NW N

—_
w

13

13

Known Hybrid

[ N =1 BN |

5.2. Materials and methods

We used Mongrail to analyze the 51 owl samples, using the filtered Variant Call Format (VCF)
file available at https://trace.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?analysis=SRZ190173.
The dataset includes 17,385,299 biallelic single nucleotide polymorphisms (SNPs) across 82 large
autosomal scaffolds and 8,543,351 of these had high-confidence genotype calls (GQ > 40) in all
individuals. We restricted our analyses to the 15 largest autosomal scaffolds and filtered out sites
with any missing data. Here we treat each scaffold as a chromosome. For each scaffold, we
extracted the SO (10 individuals, excluding Sequoia) and BO (25 individuals) populations into
two separate VCF files. Processing and manipulation of the high-throughput sequencing data
was performed using BCFtools [11]. The unknown population haplotype frequencies (for SO and
BO) were first estimated for each scaffold. Phased haplotype information is needed to estimate
frequencies but the data were not phased for all SNPs. BEAGLE version 5.1 [7] was used to
phase each population separately for each scaffold. We chose 10 markers from each scaffold for

the analysis. The distribution of markers across scaffolds varied (see Section 5.2.1, 5.2.2). The
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frequencies of phased haplotypes for the two populations were estimated using the Multinomial-
Dirichlet posterior mean (see equation 2.1). In our model framework, BO is treated as Population
A and SO as Population B. Thus the pure and hybrid classification of this owl dataset with its

equivalent genealogical class based on our model:

e Model a - Spotted Owl (SO)

e Model b - Backcross with Barred Owl (F1 x BO)
e Model ¢ - F1 hybrid

e Model d - Barred Owl (BO)

e Model e - Backcross with Spotted Owl (F1 x SO)
e Model f - F2 hybrid

The putative hybrids have an unusual plumage pattern making them difficult to distinguish
from the western BO based purely on morphology. The main aim of this empirical analysis is to
examine whether Mongrail can successfully place the samples into different genealogical classes,
especially the hybrids (see Appendix B.1). We also examine the effect of certain biological and
experimental parameters on the power to identify genealogical classes, suggesting optimal ways to
choose parameters (number of chromosomes or scaffolds and region size or expected recombination
frequency/map length).

We perform four main analyses (bash scripts used to perform the analyses are available at

Scripts) to examine the owl dataset which are as follows:

(1) Spatial variation of model posterior probabilities across scaffolds
(2) Effect of successive scaffold inclusion for varied map length

(3) Sensitivity of results to assumed recombination rate
(4)

4) Assignment of 15 hybrids (13 putative and 2 known)

The procedures used to perform these four analyses are described below.

5.2.1. Spatial variation of model posterior probabilities. The purpose of this analysis
is to study the variation in posterior probabilities of genealogical classes for owl samples across
the genome by using different sets of L = 10 loci from a particular scaffold region of variable map

size (R = 1.5cM and R = 50cM). This was implemented using a sliding window approach over
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an entire scaffold starting from the 5 end and moving towards 3’. A window implies a set of L
markers each of length R, where the markers are almost equidistant to each other. We say “almost”
since the theoretically equidistant marker positions are not all present in the actual dataset. The
recombination rates for SO and BO are not available, so following [21] we assumed a recombination
rate of 1.5 cM/Mb (the average recombination rate of zebra finch). At R = 50cM (a physical length
of 33.33 Mb), we chose 100 initiating markers to create windows evenly spaced across the scaffold.
Then for every window the posterior probability assigned to an owl sample for each of the six
genealogical classes was plotted as a stacked bar plot. Different colors are used to illustrate the
different segments in the bar. Each colored segment represents the relative contribution of one of
the six genealogical class posterior probabilities for that owl sample. Using the same 100 initiating
markers but with R = 1.5¢cM (a physical length of 1 Mb) we created similar stacked bar plots.
The two stacked bar plots are compared to examine the effects of varying map length on posterior
probabilities. Within each plot we examine the consistency of the posterior probabilities across the

entire scaffold.

5.2.2. Effect of successive scaffold inclusion for varied map length. The purpose of
this analysis is to examine the variation in posterior probabilities of genealogical classes for owl
samples as we increase the number of scaffolds for different levels of recombination frequency. For
each sample we considered L = 10 markers from all 15 scaffolds where the scaffolds are arranged
in a decreasing order of length. We study the cumulative effect of adding the scaffolds successively
starting from the largest scaffold (Super-Scaffold_7) of size 72.11 Mb to the smallest scaffold (Super-
Scaffold_47) of size 21.02 Mb on the posterior probabilities. A recombination rate of 1.5 cM/Mb is
assumed for the same reasons as mentioned earlier. We perform the analysis under two cases. In
the first case, we use a constant recombination frequency (or, map length) of R = 1.5¢M (a physical
length of 1Mb) for every scaffold. For the second one, we vary the recombination frequency over
each scaffold in a way such that its equivalent physical length is approximately equal (rounded off
to a whole number) to the length of the scaffold. Say, for the largest scaffold which is of length 72.11
Mb we use a map length of 108cM which is equivalent to a physical length of 72 Mb. This design
that incorporates almost the entire scaffold size as the map length has the advantage of retaining

maximum information. Henceforth we refer to this second case as “maximally informative”. Now
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we need to choose a set of L = 10 markers from each scaffold. Here we adopt the window approach
(as described in the previous section) for each scaffold and arbitrarily select the middlemost window
under this “maximally informative” case. For every owl sample we plot the posterior probability for
the gth genealogical class against the cumulative number of scaffolds using multi-line plots, where
each line represents a particular genealogical class. From the simulation analysis we found that
increasing the number of chromosomes results in an increase in information. So we examine this
multi-line plot to see whether a particular genealogical class is favored over others as the number

of scaffolds increases. Ideally the gth genealogical class is said to be ¢

‘preferred” over the rest, if
the posterior probability for the gth genealogical class approaches one while the rest of the lines
concentrates around zero as the number of scaffold increases. Using the same initiating markers as
chosen earlier for each scafffold but with a constant map length of R = 1.5cM we produce similar

multi-line plots. The multi-line plots for the two cases of recombination frequency are compared to

study the effects of different map length on posterior probabilities.

5.2.3. Sensitivity of results to assumed recombination rate. In the previous two anal-
yses we studied the behaviour of the posterior probabilities of genealogical classes under a fixed
recombination rate of 1.5 ¢cM/Mb. This value has been extrapolated from another species, the
zebra finch (Taeniopygia guttata) as the recombination rate for owls was not available. This raises
the question whether the choice of recombination rate affects the inference of genealogical classes.
We conducted a sensitivity analysis to study the behaviour of the posterior probabilities of the
“preferred” model (inferred in the previous analyses) for different values of the recombination rate
when successively increasing the number of scaffolds. We chose three different levels of recombina-
tion rate (in cM/Mb): r = 0.5,1.5 and 5. For each individual we plot the posterior probability of
the “preferred” genealogical class against the cumulative number of scaffolds using multi-line plots,
where each plot represents a particular value of recombination rate r. The map length used for

scaffolds is similar to the “maximally informative” case described above.

5.2.4. Assignment of 15 hybrids (13 putative and 2 known). This analysis aimed to
compare the genealogical classifications obtained from Mongrail with previous classifications of the

same individuals. We used all 15 scaffolds and assumed a recombination rate of 1.5cM/Mb (with
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a “maximally informative” region size) to construct a table of the posterior probabilities of the
“preferred” model for each of the 15 hybrids (along with the primary and genetic identification
information of [15]). The purpose of this table was to examine whether posterior probabilities
of the “preferred” model are high enough to make an assignment call for each of the 15 hybrid
owl samples using a pre-specified threshold posterior probability (for example, 0.99). Given that
an individual can be classified, we examined whether our inference matched the previous genetic

identification [15].

5.3. Results

All analyses were performed using the 50 owl samples described in Table 1 excluding Sequoia.
For brevity, detailed results are presented for only 5 individuals. The 5 owls were chosen to be
representative of the five observed categories genetically identified by [15]. The categories along

with the sample names are presented in Table 2.

TABLE 2. Details for five individuals (out of the 50 owls) chosen for detailed analysis.
Primary and genetic identifications are from [15].

Primary Genetic Sample
identification identification names
spotted owl (SO) SO ZRH625
barred owl (BO) BO ZRHG101
putative hybrid  BO CYWC009
known hybrid backcross (F1x BO) ZRH607
known hybrid F1 hybrid (F1) ZRH962

Phased haplotypes were not available for these owls. Putative “pure” individuals ZRH625 (SO)
and ZRHG101 (BO) were phased using BEAGLE version 5.1 [7]. For the remaining putative hybrid,
or backcross, individuals inferences were averaged over the probability distribution of possible phase

resolutions using equations 2.2 and 2.3.

5.3.1. Spatial variation of model posterior probabilities. In this analysis we examine
how posterior probabilities vary across a scaffold. We also examine the effect of the size of a window
(map length) on the distribution of posterior probabilities. Figure 5.1 shows the distribution
of posterior probabilities across the largest scaffold (Super-Scaffold_7) of length 72.11 Mb. The

distribution of the posterior probability on the six genealogical classes (denoted by each bar) is
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highly consistent across the entire scaffold for all the samples. Increasing map length from R = 1.5
cM (left) to R = 50 c¢M (right) increases the posterior probabilities for the proposed genealogical
class for the pure individuals and the F1 hybrid. The pattern in the putative hybrid (row 3) and
backcross (row 4) is less clear. For these two owl samples there is a slight increase in the posterior
probability for the pure barred owl genealogical class (model d) but also increased support for F1
hybrid (model c¢) in some regions. Such patterns might suggest more ancient hybridization not
included in our model. There is also more variation in the posterior probabilities for the larger
window size along the scaffold, likely because the markers are spread over a larger region thus
increasing the chances of recombination. The stacked bar plots for the putative hybrid and the
backcross individuals look very similar suggesting that distinguishing the hybrids may be quite
difficult when using a small region of a single chromosome. Distinguishing the genealogical classes

of these two hybrids may not be possible based on a single scaffold.

5.3.2. Effect of successive scaffold inclusion for varied map length. This analysis
evaluates the cumulative effect of the number of scaffolds and of map length on the posterior
probability for each genealogical class. Another aim is to examine whether the genealogical class
with highest posterior probability for an individual analyzed using Mongrail matches the genetically
identified category of [15] for that individual.

To examine the cumulative effect of adding scaffolds we used the 15 largest scaffolds, which were
sequentially added in descending order by size. In figure 5.2, as we move from left (Super-Scaffold_7)
to right (Super-Scaffold_47) on the x-axis, the number of scaffolds denoted by K increases from 1 to
15. The general pattern observed is that the posterior probability for genealogical classes a, d and
c increases monotonically (asymptotically approaching 1) as the number of scaffolds is increased
for the pure spotted owl (ZRH625), pure barred owl (ZRHG101) and F1 hybrid (ZRH962). Across
the three samples, in the “maximally informative” case, the posterior probability of the “preferred”
model exceeds 0.9 when K = 3 and exceeds 0.99 when K = 5. The “maximally informative” case
(right) occurs when we choose map lengths (for each scaffold) such that the equivalent physical
length is near the length of the scaffold. With a smaller region (lower expected recombination
frequency) of R = 1.5¢M (left), the posterior probability of the genealogical class a (or, d) exceeds

0.9 when K = 4 and exceeds 0.99 when K = 7 for spotted owl (or, barred owl), respectively. For
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FIGURE 5.1. Distribution of posterior probabilities is constructed for 5 owl samples
(ZRH625, ZRHG101, CYWCO009, ZRH607 and ZRH962) for 100 windows (set of
L = 10 markers), where the initiating markers are evenly spaced across the largest
scaffold Super-Scaffold_7 (size 72.11Mb). The right column uses a larger region
(33.33Mb equivalent to R = 50cM) of the scaffold and the left column uses the same
initiating markers but of smaller length (1Mb equivalent to R = 1cM). Six different
colors are used to represent the 6 different genealogical classes. The proportion of the
stacked bar plot comprised of a particular color indicates the posterior probability
of the model corresponding to that color. The primary and genetic identification
information about the 5 owl samples are provided alongside the sample identifiers.
A recombination rate of r = 1.5¢M/Mb is assumed for this plot. The 6 genealogical
classes are as follows: a-pure population B, b-backcross with population A, c-F1
hybrid, d-pure population A, e-backcross with population B, f-F2 hybrid. In our
model framework, BO is treated as population A and SO as population B.

the F1 hybrid at R = 1.5cM the posterior probability of genealogical class ¢ exceeds 0.9 when
K =5 and exceeds 0.99 when K = 9. These results suggests that either increasing the number of
scaffolds or increasing the within-scaffold region size increases information, but additional scaffolds
have a greater effect. The smaller the region (lower the expected recombination frequency) the
higher the number of scaffolds (K) needed for the posterior probability of the “preferred” model
to approach 1.
For the putative hybrid, even in the “maximally informative” case, more scaffolds are needed

by comparison with the pure barred owl for the genealogical class d to become the “preferred” one.
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Posterior Probability

The posterior probability of genealogical class d exceeds 0.9 when K = 5 and exceeds 0.99 when
K = 8. A similar posterior probability pattern is observed for R = 1.5¢cM with an increasing num-
ber of scaffolds. Though the “preferred” model is the same (d) for both the samples (pure barred
owl and putative hybrid) a striking contrast is observed between posterior probability plots for the

two individuals. This difference may suggest why the putative hybrid individual was difficult to dif-
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FIGURE 5.2. Posterior probability plotted against the cumulative number of scaf-
folds for 5 owl samples (ZRH625, ZRHG101, CYWCO009, ZRH607 and ZRH962).
Different colored lines are plotted for 6 different genealogical classes. Moving along
the x-axis, the scaffolds are arranged from the largest to smallest and the number of
scaffolds (K) increases from 1 to 15. The right column referred to as the “maximally
informative” case considers very large map length (its equivalent physical length is
almost equal to the length of the scaffold) for every scaffold and a set of L = 10
markers are chosen from the middle of each scaffold where the markers are almost
equidistant from each other. The left column considers a smaller region (1Mb equiv-
alent to R = 1.5¢cM) for each scaffold with L = 10 markers with the same initiating
markers chosen previously (for the “maximally informative” case). The primary and
genetic identification information about the 5 owl samples are provided alongside
the sample identifiers. A recombination rate of » = 1.5¢M/Mb is assumed for this
plot. The 6 genealogical classes are as follows: a-pure population B, b-backcross
with population A, c-F1 hybrid, d-pure population A, e-backcross with population
B, f-F2 hybrid. In our model framework, BO is treated as population A and SO as
population B.

Models

P OOT

ferentiate from a pure barred owl based solely on morphology (it had an unusual plumage pattern).
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It is possible that this individual is descended through a backcross greater than 2 generations ago.
Distinctive patterns of posterior probability are observed in the putative backcross individual for
both choices of region size (expected recombination frequency). Two genealogical classes b and d
seem to be competing for relative support, with d preferred initially. As the number of scaffolds
is increased a point is reached where the trend of the two line plots is reversed and genealogical
class b is increasingly favoured, ultimately emerging as the “preferred” model. The main difference
between the scaffold addition plot for the two different region sizes (R = 1.5¢cM and “maximally
informative”) is that the transition to the asymptotically preferred model takes place with fewer
scaffolds in the “maximally informative” case (the transition occurs as K = 1 increases to K = 2
in the “maximally informative” case versus as K = 4 increases to K = 5 in the R = 1.5¢M case).
The posterior probability for genealogical class b exceeds 0.99 when K = 10 in the “maximally
informative” case but more scaffolds (K = 13) are needed for the posterior probability to exceed
0.99 when the map length is R = 1.5cM.

In conclusion, the “preferred” genealogical class for each owl sample matches the previously
genetically identified class indicating that Mongrail is successful in inferring genealogical classes
irrespective of the choice of region size (R = 1.5cM or “maximally informative”). The larger
“maximally informative” region size ultimately supported the same genealogical classes as the
smaller region but converged to a high posterior probability with fewer scaffolds. This suggests
that a researcher has some flexibility to design genomics experiments with different numbers of

scaffolds and region sizes according to the limitations imposed by their budget or study organism.

5.3.3. Sensitivity of results to assumed recombination rate. The Mongrail method
requires that recombination rate be known (in units of cM/Mb). For the Spotted and Barred
Owl species direct estimates of recombination rates across the genome (from pedigree analysis for
example) are unavailable. Instead, we used a recombination rate of 1.5cM/Mb based on the average
recombination rate of the zebra finch. Here we examine the sensitivity of the results generated by
Mongrail to assumptions about the recombination rate. Specifically, we examined the influence
of different values of recombination rate on the inferred genealogical class. Figure 5.3 shows the
posterior probability for the “preferred” model as a function of the number of scaffolds (K) at

different values of recombination rate for each owl sample. A model is “preferred” if its posterior

47



probability approaches one as the value of K increases. The general pattern observed across all
the owl samples is that the “preferred” models for the spotted owl, barred owl, putative hybrid,
backcross and F1 hybrid when all scaffolds are used are, respectively, a (Row 1), d (Row 2), d (Row
3), b (Row 4) and ¢ (Row 5) regardless of the recombination rate that was used. Thus, for the owl
dataset, varying the recombination rate over a broad range does not change the genealogical classes
inferred by Mongrail. The same genealogical class is likely to be identified even if the recombination
rate is badly mis-specified and our extrapolation of the recombination rate from another species is

unlikely to be misleading for this dataset.
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FiGURE 5.3. Posterior probability of the “preferred” model is plotted against
the cumulative number of scaffolds for 5 owl samples (ZRH625, ZRHG101,
CYWCO009, ZRH607 and ZRH962) at different levels of recombination rate (r =
0.5,1.5,5¢cM/Mb). Different colored plots denote different values of recombination
rate. A genealogical class (or, model) is said to be “preferred” if its posterior proba-
bility approaches 1 while the posterior probability for the rest concentrates around 0
with large number of scaffolds. The “preferred” model is shown in parenthesis placed
beside the sample names. Moving along the x-axis, the scaffolds are arranged from
the largest to smallest and as we move from left to right the number of scaffolds (K)
increases from 1 to 15. A set of L = 10 markers are chosen from the middle of each
scaffold where the map length for every scaffold is selected in such a way that its
equivalent physical length is almost equal to the length of the scaffold. The mark-
ers are almost equidistant from each other. The primary and genetic identification
information about the 5 owl samples are provided alongside the sample identifiers.
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5.3.4. Assignment of 15 hybrids (13 putative and 2 known). Here we examine whether
the Mongrail method produced posterior probabilities for “preferred” models high enough to allow
classification of a hybrid sample. Table 3 shows that if 0.99 is chosen as the threshold value to make
a decision, we were able to make an assignment call for all hybrids except one (TLW519). The
posterior support for the one unassigned hybrid sample TLW519 is still very high (0.96) although
below the threshold (0.99) and it too would be assigned if a lower threshold (such as 0.95) were
used. Based on our model framework, genealogical class d, ¢ and b refers to a pure barred owl, a F1
hybrid and a backcross with barred owl respectively. We see that the inferred genealogical class for
each sample matches the prior genetic classification suggesting that Mongrail provides reasonable
results that align with previous conclusions (analysis with NewHybrids produces similar results,

see Appendix: Table B1).

TABLE 3. Table showing the assignment call for all 15 hybrid owl samples . The
primary and genetic identification were provided by [15]. Assuming a recombina-
tion rate of 1.5cM/Mb and considering the “maximally informative” case (the map
length for each scaffold is chosen in such a way that its equivalent physical length is
almost equal to the length of the scaffold) for all 15 scaffolds, the “preferred” model
along with its posterior probability is presented in the table. Based on our model
framework, genealogical class d, ¢ and b refers to a pure barred owl, a F1 hybrid
and a backcross (with barred owl) respectively.

Sample Primary Genetic Posterior Preferred
Names Identification  Identification ProbabilityModel
TLW521 Unknown Barred Owl 1 d
TLW532 Unknown Barred Owl 1 d
AFRD90 Unknown Barred Owl 1 d
CYWC009 Unknown Barred Owl 1 d
1957-00137 Unknown F1 1 C
1957-00240 Unknown F1 1 C
1957-00243 Unknown F1 1 C
LCW1363 Unknown F1 1 c
LCW1383 Unknown F1 1 c
ZRH600 Unknown F1 1 C
ZRH610 Unknown F1 1 C
ZRH962 Known Hybrid F1 1 c
TLW519 Unknown Backcross 0.961 b
TLW528 Unknown Backcross 1 b
ZRH607 Known Hybrid Backcross 0.999 b
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CHAPTER 6

Discussion

In this article we developed a full-likelihood Bayesian method to identify species hybrids, ex-
plicitly modeling recombination, using population genome sequence data (multiple biallelic SNP
markers). We compute the posterior probability of an individual belonging to different genealogical
classes (pure population, F1 or F2 hybrid, or backcross). Hybridization is an important evolutionary
process influencing biodiversity and impacting diversity generating processes such as speciation [1].
Mongrail should thus be particularly useful to researchers in the fields of conservation biology or
population management. In particular, identifying hybrids is a first step in studying various con-
sequences of natural hybridization such as hybrid inviability, introgression between species, and so
on [4]. The method developed here offers an improvement over the hybrid inference method of [2]
for the analysis of population genomic data by explicitly modeling linked markers. Rapid progress
in sequencing technologies has produced datasets with hundreds of thousands of linked loci, clearly
violating this assumption. Treating linked loci as independent reduces NewHybrids to a composite
likelihood method, potentially leading to overconfidence and/or inaccuracy in identifying hybrids.

We considered a simple model of recombination which closely mimics the population genetic
process. This allowed us to build a full-likelihood method with linked markers without the need to
use MCMC, reducing the burden of heavy computational cost and the risk of non-convergence. We
compared the performance of Mongrail and NewHybrids by performing two extensive simulation
studies. The first type, a comprehensive simulation study, aimed at investigating the two inference
methods under a broad range of haplotype frequency distributions. The second type, based on a
structured coalescent model was performed to generate biologically realistic linkage disequilibrium
patterns among haplotypes from the source populations. The simulator generates a pair of hap-
lotypes (a diplotype) for an individual from two populations assuming linkage and recombination

in the formation of hybrids. Simulated data were analyzed to compute the posterior probabilities
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of genealogical classes using both Mongrail and NewHybrids. This allowed us to evaluate their
relative statistical performance in distinguishing the different genealogical classes.

The comprehensive simulation study demonstrated the improved performance of Mongrail over
NewHybrids using varying levels of biological and experimental parameters such as number of
chromosomes, number of loci, expected recombination frequency (in ¢M) etc. The simulation
studies indicated that Mongrail was often able to correctly identify the genealogical classes with high
certainty, whereas NewHybrids more often failed to infer the correct genealogical class, especially
in the case of hybrids or backcrosses. Even with high values of expected recombination frequency,
NewHybrids often overestimated the posterior probabilities (as expected in a composite likelihood).
With only two generations of mating few recombinations are expected over the entire chromosome,
violating the assumption of the [2] method that markers are unlinked.

The comprehensive simulation study also suggested that for, both methods, increasing the num-
ber of chromosomes has a large effect on the power to infer the correct genealogical class, whereas
increasing the number of markers has little effect. Increasing the map-length of the chromosome
also greatly increases power by increasing the expected number of recombinations. One outcome of
this is that relatively few markers provide sufficient power, reducing the potential computational
cost incurred due to a large number of linked loci. Currently, our program implementing this al-
gorithm (Mongrail) allows only 10 markers per chromosome, although the statistical model allows
for an arbitrary number of markers. This limitation of the current program does not negatively
impact our empirical analysis since we can utilize the power of increased numbers of chromosomes.
Many diploid species have sufficient numbers of chromosomes to render the method powerful. The
computational complexity increases only linearly in the number of chromosomes.

The coalescent simulation study evaluated the performance of the two methods in inferring
individual genealogical classes with varying levels of migration between populations. We consid-
ered a wide range of migration, M € {0.1,0.25,1,10,100}. Applying Wright’s approximate formula
for expected Fgr (fixation index), Fsr = 1/(4Nom + 1) = 1/(M + 1), these values correspond
to Fgr € {0.91,0.8,0.5,0.091,0.0091}. Low values of migration translate to a high value of Fgr,
indicating greater genetic differentiation between the two populations and vice versa. This simu-

lation study suggested both methods perform well inferring purebreds for low values of migration
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(M < 1 equivalent to Fgp > 0.5). But with an increase in migration, Mongrail performs better
in distinguishing the genealogical classes on average compared to Newhybrids. As model com-
plexity increases (from F1 hybrid to backcross to F2 hybrid) the performance of both methods
declines. In general, Mongrail is more effective in distinguishing hybrids and backcrosses compared
to Newhybrids under the simulation conditions we examined, even when genetic differentiation
between populations is low.

We applied Mongrail to a previously published whole genome sequence dataset consisting of
spotted owls, barred owls and their hybrids. Mongrail was able to infer genealogical classes for
all the putative hybrids as well as the purebreds with high posterior probability. This was true
despite using only 10 markers from each of 15 largest autosomal scaffolds. The markers were
spread evenly across the entire length of scaffold to attain maximum information from the data.
No prior information were available on the hybridization rates or differential fitnesses among the
six genealogical classes, thus a discrete uniform prior on the classes was used. We also assumed
a uniform recombination rate on each scaffold — as no prior information was available for the owl
dataset — and extrapolated the specific value from another species, the zebra finch. Mongrail is
able to accomodate variable recombination rates if such information is available. The genealogical
classifications did not change when other much higher (or lower) rates were used, suggesting that
for many species a rough estimate of the recombination rate should be sufficient for use of Mongrail.

The model underlying Mongrail assumes random mating (Hardy-Weinberg equilibrium), and
the method requires phased diplotypes and specified haplotype frequencies for the two populations.
Many genomic datasets are comprised of unphased genotype data and the population haplotype
frequencies are usually unknown. In our study, we phased the pure individuals using BEAGLE
version 5.1 [7] on each population separately. With advances in sequencing technologies complete
phased data may be common in future, thus eliminating the need for phase inference. Population
haplotype frequencies were estimated using the Multinomial-Dirichlet posterior mean of the refer-
ence samples. An alternative would be to allow for uncertainties by integrating over the posterior
density. An advantage of our approach is that we calculate the likelihood of hybrid individuals
without assuming phase, by integrating over all compatible haplotypes thus taking into account

the uncertainties.
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A current limitation of Mongrail, is that it only allows biallelic SNP loci. The vast majority of
SNP loci in most species are biallelic, so plenty of biallelic SNPs are available for use rendering this
constraint largely unimportant. Nonetheless, the method can be easily extended to multiple alleles
by redefining the bit operations of the program. An assumption of the current method is that
hybridization between the two species (populations) occurred within the last n = 2 generations.
Therefore the extent to which many generations of backcrossing (n > 2) affects our inference method
is unknown. Since we suspect that individuals resulting from many generations of unidirectional
backcrossing may resemble purebreds genetically this potentially limits the scope of our method.
However, information probably dissipates quickly with additional generations of hybridization and
the number of possible models quickly increases — there could also be identifiability issues. We
suggest that it is sensible to focus exclusively on identifying recent hybrid ancestry until further
theoretical studies confirm our ability to infer more distant ancestries. The approaches developed
here could be extended to allow more generations of hybridization but computational expense will
increase dramatically.

Finally, though Mongrail does not require any fixed differences (or, exclusive alleles) between
the two populations, high levels of genetic differentiation increase the power of the method to
identify hybrids. In particularly, for the empirical data analysis, we found the SO genomes had little
polymorphism and were very distinct from the much more variable BO genomes. The exceptionally
low genetic diversity of SO genomes is likely due to a recent population decline. This may explain
the high posterior probabilities we obtained as resulting from strong genetic differentiation between
the two species.

Mongrail currently requires knowledge of haplotype frequencies in source popualtions. If this
information is unavailable we need “pure” individuals (no recent hybrid ancestry) to be present in
the sample in order to estimate these parameters. This implies that the two pure populations should
be clearly distinguishable. One can be fairly confident of choosing individuals who are likely to be
pure if sampled from two non-overlapping geographical regions. This condition is automatically
ensured for most allopatric populations. It is currently difficult to apply Mongrail to individuals
sampled from a sympatric region when the two species (populations) cannot be separated or to a

population with clinal variation of haplotype frequencies. To address this issue a possible extension
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of our approach could be to jointly infer population haplotype frequencies and genealogical classes.
This would require developing a Markov Chain Monte Carlo method similar to the one presented
in [2] (which jointly infers allele frequencies and genotype frequency classes). If pure individuals can
be distinguished, it is recommended that at least 10 individuals are sampled from each population
to produce sensible estimates of population haplotype frequencies. An important question, beyond
the scope of the current study, concerns the effect of population sample size on errors of estimates
of population haplotype frequencies (and resulting genealogical classifications).

Analyzing larger number of markers per chromosome has little effect in increasing the power to
infer genealogical classes, yet an increased number of markers requires more haplotype frequencies
to be estimated. Thus, there appears to be a trade-off between information gained from additional
markers and cost incurred by additional parameter estimates.

In conclusion the method presented in this paper has the power to infer hybrids using linked
genetic data without the requirement for any fixed or exclusive alleles to be present between two
diploid populations. Extensive simulations show the potentially adverse effects of applying the
widely used program NewHybrids (which assumes unlinked loci) to genomic data composed of
large numbers of linked markers. The fact that the number of chromosomes, and the size of
the intervals, contribute more to power than the number of markers allows an exact likelihood
approach to be developed that is powerful without an excessive computational burden. Due to the
analytical nature of the theory and consequent absence of simulation-based methodologies (such as
MCMC) from the inference procedure the method is computationally efficient so that most of the
runs finish within a few minutes. Rapid advances in sequencing technologies and bioinformatics
tools, along with decreasing costs of genome sequencing and assembly, will increase the availability
of genomic datasets for hybridizing non-model organisms. Therefore efficient statistical methods
for identifying hybrids, such as Mongrail, that account for linkage will be increasingly needed in

conservation biology and related disciplines.

6.1. Data availability

Simulated datasets and scripts for generating simulations are available at https://github.

com/mongrail/simulations. Scripts for analyzing the empirical dataset are available at https:
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https://github.com/mongrail/Scripts

//github.com/mongrail/Scripts. The Open Source C program Mongrail, implementing the al-
gorithms presented in this paper, is available at https://github.com/mongrail. The owl dataset
analyzed in this paper is publicly available at https://trace.ncbi.nlm.nih.gov/Traces/sra/

sra.cgi?analysis=SRZ190173.
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APPENDIX A

Simulation

A.1. Comprehensive simulation: Methods

Here, we describe the details of the simulation procedures used in the paper and of the statistical
methods used to summarize the results in making a comparison of the statistical performance of
Mongrail and NewHybrids.

The simulation experiment used a factorial design allowing the performance of the methods to
be assessed for many combinations of parameters. The parameters (factors) and their values were

as follows:

(1) Number of chromosomes: K = 1,2,5, 10,20

(2) Number of loci per chromosome: L = 1,5,10

(3) Expected recombination frequency (in ¢cM): R = 1,25,50 between the first and the last
locus

(4) Number of distinct haplotype sequences per chromosome for each population: h = 5,10, 15

(5) Allelic configurations of haplotypes, generated by simulating the switches between allele
states (see Section A.1.1). Switch rates used: ¢ =10.1,1,L/2

(6) Haplotype frequencies, following a Dirichlet distribution (symmetrical with parameters

a = 1,5, or non-symmetrical with parameters w = 5,20) (see Section A.1.2)

For simplicity, in all simulations we fixed the length of each chromosome (D) to be 240 Mb and
the recombination rate () to be 1.2 ¢cM/Mb respectively.
The R scripts for simulating haplotype configurations (Section A.1.1), simulating haplotype

frequencies (Section A.1.2) and simulating marker positions (Section A.1.3) are available at Scripts.

A.1.1. Simulating haplotype configurations. The parameters for the simulation study
were generated using R version 3.6.3. To simulate haplotype configurations we mimic recombi-

nation by using a “switching process” (that flips the adjacent marker state) operating along the
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chromosome. The switch rate on a particular interval is p = ¢/L (when L # 1) where p is the
probability of a switch from 0 to 1 (or 1 to 0).
The allele state for the first marker is simulated randomly from a Bernoulli(1/2) distribution.
Given the value of L and ¢, the allele states for the rest of the (L — 1) markers are simulated from
a Bernoulli(p) distribution (following the description in the previous paragraph). We repeat the
process above until we obtain A distinct haplotypes. These simulations were performed using the
rbinom function in R.

When L = 1, there are only two possible haplotypes 0 and 1 (the two allele states possible for
a single marker). Thus for L = 1, the number of haplotypes h = 2.

We use the same haplotype configurations for both the populations (A and B) for each of the

K chromosomes.

A.1.2. Simulating haplotype frequencies. Given the h distinct haplotypes generated in
section A.1.1, we simulate their corresponding population frequencies. Let fl‘f‘ and fllf‘ be the hap-
lotype frequencies in population A and B respectively for chromosome k for k = 1,2,..., K. We
perform these simulations using either a symmetrical or non-symmetrical Dirichlet distribution.
The simulations were generated using the rdirichlet function in R. We simulate h frequencies from

a Dirichlet Distribution with parameters oy, oo, ..., ap.

For the symmetric Dirichlet distribution we set a; = « for ¢ = 1,2,...,h and consider two

cases: a« =1 or o = 5.

For the non-symmetric Dirichlet distribution we use:

0.7 X w, =1
oy =
0.3 x 2, i>1,

and again consider two cases: w =5 or w = 20.
When L = 1, there are only 2 haplotypes, and we simulate h = 2 frequencies from Beta
distributions (univariate cases of the Dirichlet distribution) with parameters a; and as:

(1) ] = (g = 1
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(2) a1:a2:5
(3) 011:0.7><5,012:0.3X5
(4) a1 =0.7x 20, a2 = 0.3 x 20

We repeat this process for each of the K chromosomes.

A.1.3. Assigning marker positions. Given the value of L(# 1), R and r, we calculate the

distance between the first and last marker in units of base pair (bp) which is

R x (10%)

r

We consider all L markers to be equidistant from each other. Therefore the inter-marker distance
(in units of bp) is given by

R x (10)

rx (L—1)

Bx (7}06) and obtain the positions

For simplicity, we consider the position of the first marker (in bp) as
of the rest of the L — 1 markers (in bp) following the description above. For L = 1, we arbitrarily
chose 120000bp as the marker position. We use the same marker positions for both the populations

(A and B) for each of the K chromosomes.

A.2. Simulating diplotypes for markers

All simulations in this section were done in the C programming environment. This simulation
environment is available as an option in our program Mongrail. Given that the haplotypes and
their corresponding frequencies (along with the marker positions) have been generated for the two
populations A and B, generating a diploid individual is equivalent to generating a diplotype (a
pair of haplotypes). Generating a diplotype from any of the models: a (pure population B), ¢ (F1
hybrid) or d (pure population A) is straightforward. For these models, each of the two chromosomes
derives entirely from one population (A or B). To simulate a chromosome, a sample of size 1 from a
multinomial distribution with h types was simulated, where A is the number of haplotypes, and the
multinomial proportions fJ are the haplotype frequencies in the source population, j € {A,B}. For
this purpose we used the function gsl_ran_-multinomial from the GNU scientific library. For model a

(or, d) both the chromosomes are simulated independently from population B (or, A) respectively.
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In case of model ¢, one chromosome is simulated from population A and the other from population
B.

For the other models, one (b, €) or both (f) the chromosomes are recombinant (a mixture be-
tween two pure parental chromosomes, one from population A and the other from B). Recombinant
chromosomes were simulated in two steps:

Step 1

Simulate two pure parental chromosomes (one from population A and the other from B) which
is equivalent to simulating from model ¢ (described above). Denote the two simulated pure chro-
mosomes as C'4 (Population A) and Cp(Population B) respectively. For example, let’s say we

generated the following two chromosomes for L = 10 markers:
C4 = 1100011010

Cp = 0111001001

Here the 0 or 1 indicate the allele present at each marker since we consider phased biallelic SNP
markers. Therefore Cy (or, Cp) is a binary string of size L. We shall carry on with this example

in the following steps.

Step 11
Simulate recombinations between the two pure chromosomes to produce a pair of recombinant

chromosomes. This is achieved as follows:

(a) Simulate the number of recombinations: We simulate the number of
recombinations (n,) over the length of the chromosome. Assuming the rate of
recombination over the chromosome is uniform, and recombination events are
independent and never occur simultaneously, n, follows a Poisson distribution with rate
parameter A\ (the expected number of recombination events over the entire chromosome).
Given the rate of recombination (r) in units of cM/Mb and the length of the

chromosome (say, D) in units of Mb, the map distance of the chromosome in units of
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centiMorgans (cM) is D x r and A = (D x r)/100. We used the function gsl_ran_poisson
from GNU Scientific Library to generate n,.

Simulate the positions of recombinations: The positions of recombinations on the
chromosome, conditional on the number of recombinations (n,), are simulated from a
continuous uniform distribution over the length of the chromosome (in cM). For example,
if n, = 3, we might generate a single crossover event between each of the following pair of
marker positions: (3,4), (5,6) and (7,8). We used the function gsl_rng_uniform_pos from
GNU Scientific Library to generate the recombination positions.

Obtain the population origin of markers: The population origin (or, ancestry
state) of the markers was obtained conditional on the positions of recombinations. The
population origin of a SNP marker to the right of an interval changes whenever there is
an odd number of recombinations (similarly, an even number of recombinations results in
no change). We move from left i.e., 5" end of the chromosome to the right towards the 3’
end of the chromosome. Based on the example developed so far, two haplotype ancestry

states are produced for L = 10 markers:
AAABBAABBB and BBBAABBAAA

Obtain the allelic state (0/1) of the markers: The allele type (0 or 1) for each
marker is derived from C4 or Cp depending on whether the ancestry state is A or B
respectively for the marker under consideration. For the particular C4 and Cpg we
considered at the beginning and based on the ancestry state AAABBAABBB, the
alleles at the markers from position 1 to 3 and from positions 6 to 7 should come from
population A. This requires that the alleles at these positions should match those of C'4
(indicated by the underbraces) and the alleles for the rest of the markers match those of

chromosome Cpg.:



Therefore, given the ancestry state AAABBAABBB, the allele states of the markers

for one recombinant haplotype are
rg, = 1101011001.

Similarly, given the ancestry state is BBBAABBAAA, the allele states of the markers

for the other haplotype are
rg, = 0110001010.

Thus, there are two ry, and rg, recombinant haplotypes. We used bit operations in C to
perform this step.

(e) Simulate a recombinant chromosome: The two recombinant chromosomes (rp, and
rm,) are equally likely to occur. So we choose one of them from a Bernoulli(1/2)
distribution (say, getting 7, is defined as success). We used the function

gsl_ran_bernoulli from GNU Scientific Library to generate a recombinant chromosome.

A.2.1. Distribution of Linkage Disequilibrium (LD). We obtained the linkage

disequilibrium coefficient (7?) under a particular set of simulation combinations (cases where

haplotype frequencies were simulated using symmetric Dirichlet Distribution). We only consider

the linkage disequilibrium coefficient (r?) between the first and last marker. For brevity we plot

the distribution of 72 values for four specific simulation combinations (Figure A1):

(1) L=5h=5a=5c=1

(2) L=10,h=15,a =1,¢=0.1
3) L=5h=15a=>5,c=L/2
(4) L=5h=15,a0=5,c=0.1

We find that under our comprehensive simulation setup, the 72 values range from really low

values (close to 0) to very high values (close to 1). Therefore this shows that the comprehensive

simulation design does not explicitly produce high LD values. It produces a broad range of LD

values ranging from 0 to 1.
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F1cURE A1l. Histogram showing the frequency distribution of linkage disequilibrium
coefficient (r?) under four specific simulation combinations: (a) L = 5,h = 5, a =
5,¢ =1 (top-left), (b) L = 10,h = 15, = 1,¢ = 0.1 (top-right), (¢) L = 5,h =
15, = 5,¢c = L/2 (bottom-left), (d) L =5,h = 15,a = 5,c = 0.1 (bottom-right).

A.3. Coalescent simulation: Simulating diplotypes

Here we describe the procedure for generating diplotypes under different genealogical classes given
a sample of chromosomes from two populations simulated under the structured coalescent model.
Generating a diplotype which is a purebred (model d) or F1 (model c) is straightforward. Under
model d both the chromosomes arise entirely from population B. To simulate a purebred diploid
individual from population B, we simulate 2 additional chromosomes from population B in the
coalescent simulation; the two chromosomes from the purebred diplotype. In an F1 hybrid, one
chromosome arises from population A and the other from population B. To simulate an F1
hybrid, we simulate 1 additional chromosome from each of the two populations (A and B) during
the coalescent simulation, the two chromosomes form the F1 diplotype. For a backcross (model b)
one chromosome arises entirely from population A and the other is a recombinant between a pair
of chromosomes, one from population A and the other from B. Therefore we simulate 3 additional
chromosomes (2 from population A and 1 from population B) and follow Step II of Section A.2 to

produce a recombinant chromosome (using one of the chromosomes from population A and
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another from B). The A-B recombinant and A chromosomes together form the backcross
diplotype. For an F2 hybrid (model f) both chromosomes are recombinant between populations A
and B. To simulate an F2 hybrid 4 additional chromosomes are simulated (2 from population A
and 2 from population B) during the coalescent simulation and each pair (one chromosome from
A and one from B) undergo recombination according to Step II of Section A.2. The two A-B

recombinant chromosomes together form the F2 diplotype.

A.3.1. Summary of number of population haplotypes generated. We computed the
mean and standard deviation of the number of distinct haplotypes observed in populations A and
B under the coalescent simulation. These results are presented for all values of

M =0.1,0.25,1,10,100 in Table A1l. As the value of M increases, the mean number of unique

TABLE Al. The mean and standard deviation (S.D.) of the number of distinct
10-locus haplotypes generated under each coalescent simulation scenario for two
populations A and B.

Migation Rt (1) | yemaiog 5T Fomlics
0.1 9.17277 | 5.7704 | 9.1582 | 5.74928
0.25 13.3307 | 7.23048 | 13.3239 | 7.25902
1 17.9721 | 8.62542 | 17.9387 | 8.62992
10 21.3009 | 8.84554 | 21.2143 | 8.78405
100 22.6983 | 8.89778 | 22.6209 | 8.85955

haplotypes increases in both simulated populations. This is expected as an increase in migration
introduces additional shared haplotypes into both populations. Since the coalescent simulation
was carried out under a symmetric island model the two populations are equivalent and thus the

mean and standard deviation are nearly identical between the two populations.
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APPENDIX B

Empirical Dataset

B.1. Mongrail: Analysis of putative hybrids

Marker genotypes were filtered for each scaffold using positions chosen such that they satisfied
physical distances specified for the different analyses (either a sliding window analysis or a
maximally informative distribution) using BCFtools, and reformatted for input to Mongrail using
Awk and Sed. A C program was used to enumerate all compatible diplotypes for putative hybrid
individuals for each choice of markers, which formed the input for Mongrail. For each scaffold and
genealogical class, the total likelihood is obtained as a sum of the likelihood calculated for each
compatible diplotype. When multiple scaffolds are analyzed, likelihoods are multiplied across
scaffolds, treating scaffolds as equivalent to independent chromosomes. Posterior probabilities are
obtained from the normalized likelihoods (using a uniform prior on genealogical classes). Results

were plotted in R using Tidyverse, RColorBrewer and reshape.

B.2. Applying NewHybrids to the owl dataset

B.2.1. Assignment of 15 hybrids (13 putative and 2 known). We applied
NewHybrids to the owl dataset to obtain genealogical classifications of the putative hybrids. We
used the same set of 10 markers from the 15 scaffolds that were considered for Mongrail (the case
where the assumed recombination rate was 1.5¢M/Mb under a “maximally informative” region
size). Therefore we used 150 markers in total to construct a table (see Table B1) of the posterior
probabilities of the “preferred” model for each of the 15 hybrids (along with the primary and
genetic identification information of [15]).

Based on the NewHybrids model framework, genealogical class d, ¢ and b refers to a pure barred
owl, a F1 hybrid and a backcross with barred owl respectively. The results are similar to those

obtained by applying Mongrail to this owl dataset (see Table 3). The preferred model has
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Sample Names Primary Identification Genetic Identification Posterior Probability Preferred Model

TLW521 Unknown Barred Owl 1 d
TLW532 Unknown Barred Owl 1 d
AFRD90 Unknown Barred Owl 1 d
CYWC009 Unknown Barred Owl 1 d
1957-00137 Unknown F1 1 C
1957-00240 Unknown F1 1 C
1957-00243 Unknown F1 1 C
LCW1363 Unknown F1 1 c
LCW1383 Unknown F1 1 c
ZRH600 Unknown F1 1 c
ZRH610 Unknown F1 1 c
ZRH962 Known Hybrid F1 1 ¢
TLW519 Unknown Backcross 0.99912 b
TLW528 Unknown Backcross 1 b
ZRH607 Known Hybrid Backcross 1 b

TABLE B1. Table showing the assignment call for all 15 hybrid owl samples using
NewHybrids.

posterior probability 1 for all samples suggesting that both Mongrail and NewHybrids similarly

provide reasonable results that align with previous conclusions.

B.2.2. Comparison of posterior probability distributions. In this analysis we compare
the posterior probabilities under the two methods (Mongrail and NewHybrids) for 5 putative
hybrids. These owls were chosen to be representative of the three observed categories genetically

identified by [15]. The categories along with the sample names are presented in Table B2.

Primary identification Genetic identification Sample names

putative hybrid BO CYWC009
known hybrid F1 hybrid (F1) ZRH962
putative hybrid backcross (F1x BO) TLW519
putative hybrid backcross (F1x BO) TLW528
known hybrid backcross (F1x BO)  ZRH607

TABLE B2. Details for 5 individuals chosen for detailed analysis. Primary and
genetic identifications are from [15].

We chose 10 markers from the largest scaffold (Super-Scaffold_7 of length 72.11 Mb) and consider
two different map lengths. We considered R = 1.5 ¢cM and the “maximally informative” case

described in section 5.2.2.
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Stacked Bar plots based on the largest scaffold under maximal info case
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Ficure B1. Distribution of posterior probabilities is constructed for 5 owl samples
(CYWCO009, ZRH962, TLW519, TLW528, ZRH607). A set of L = 10 markers
are chosen from the largest scaffold Super-Scaffold_7 (size 72.11 Mb) according to
the “maximally informative” case. For each individual, posterior probabilities for
Mongrail are shown in the top plot and for NewHybrids in the bottom plot. The
posterior probabilities for different genealogical classes are represented by segments
of different colors. The proportion of the stacked bar plot comprised of a particular
color indicates the posterior probability of the model corresponding to that color.
The 6 genealogical classes are as follows: a-pure population B, b-backcross with
population A, c-F1 hybrid, d-pure population A, e-backcross with population B,
f-F2 hybrid. In our model framework, BO is treated as population A and SO as
population B.

There is a greater distribution of posterior probabilities among genealogical classes under Mongrail
by comparison with NewHybrids (compare top and bottom rows in Figures Bl and B2). Even
with 10 markers, NewHybrids tends to produce extremely high posterior probabilities for specific
genealogical classes for both small (Figure B2) and large (Figure B1) intervals. Thus NewHybrids
seems to be overconfident even when information is quite low. In one case (individual TLW519)
the posterior probability for genealogical class d is nearly one in the “maximally informative” case
(Figure B1), whereas for a smaller interval (R = 1.5 ¢M) the posterior probability for genealogical
class d drops to 0.02 and the posterior probability for genealogical class ¢ increases to 0.83

(Figure B2). In both cases the genealogical class with the highest posterior probability differs
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from the preferred genealogical class. Mongrail appears more conservative, never assigning a

posterior probability to a non-preferred model of more than 0.30 for individual TLW519.

Stacked Bar plots based on the largest scaffold for a map-length of 1.5¢M
CYWCQ09 (BO) ZRH962 (F1) TLW519 (F1xBO) TLW528 (F1xBO) ZRHB07 (F1xBO)
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FicGure B2. Distribution of posterior probabilities is constructed for 5 owl samples
(CYWC009, ZRH962, TLW519, TLW528, ZRH607) for a set of L = 10 markers,
where the markers are evenly spaced across the largest scaffold Super-Scaffold_7
(size 72.11 Mb) with a constant map length of R = 1.5¢M. The initiating marker is
same as the first marker in the “maximally informative” case. For each individual,
posterior probabilities for Mongrail are shown in the top plot and for NewHybrids
in the bottom plot. The posterior probabilities for different genealogical classes are
represented by segments of different colors. The proportion of the stacked bar plot
comprised of a particular color indicates the posterior probability of the model corre-
sponding to that color. The 6 genealogical classes are as follows: a-pure population
B, b-backcross with population A, c-F1 hybrid, d-pure population A, e-backcross
with population B, f-F2 hybrid. In our model framework, BO is treated as popula-
tion A and SO as population B.

B.2.3. NewHybrids analysis using unlinked SNPs with fixed differences. To
explore the effects of fixed differences between these two species on hybridization inference with
NewHybrids, we applied NewHybrids to the same set of 5 putative hybrids analyzed previously
(See Table B2) but specifically chose loci with fixed differences. We randomly chose a single
marker from among all the markers with fixed differences for each of the 15 scaffolds. As shown in

Figure B3, when loci are fixed for alternate alleles NewHybrids produces extremely high posterior
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probabilities (greater than 0.998) for specific genealogical classes, even when using only 15
markers. For the individuals analyzed, the “preferred” genealogical class matches the prior
genetic classification. Caution is needed when considering such results, since without exhaustive
population sampling it is always uncertain whether “fixed” differences are truly fixed or instead
an artifact of genotyping error or failure to sample an allele.

Stacked Bar plots based on unlinked fixed SNPs
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Ficure B3. Distribution of posterior probabilities for 5 owl samples (CYWC009,
ZRH962, TLW519, TLW528, ZRH607) obtained by applying NewHybrids to a set of
15 fixed SNPs, where each SNP is chosen randomly from each of the 15 scaffolds. The
posterior probabilities for different genealogical classes are represented by segments
of different colors. The proportion of the stacked bar plot comprised of a particular
color indicates the posterior probability of the model corresponding to that color.
The 6 genealogical classes are as follows: a-pure population B, b-backcross with
population A, c-F1 hybrid, d-pure population A, e-backcross with population B,
f-F2 hybrid. In our model framework, BO is treated as population A and SO as
population B.
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