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ABSTRACT

This thesis addresses the genetic characterisation of livestock breeds, a key aspect of
the long-term future breed preservation and, thus, of primary interest for animal

breeders and management in the industry.

First, the genetic diversity and structure of breeds were investigated. The application
of individual-based population genetic approaches at characterising genetic structure
was assessed using the British pig breeds. All approaches, except for Principle
Component Analysis (PCA), found that the breeds were distinct genetic populations.
Bayesian genotypic clustering tools agreed that breeds had little individual genetic
admixture. However, inconsistent results were observed between the Bayesian
methods. Primarily, BAPS detected finer genetic differentiation than other
approaches, producing biologically credible genetic populations. BAPS also detected
substructure in the British Meishan, consistent with prior known population
information. In contrast, STRUCTURE detected substructure in the British
Saddleback breed that could not wholly be explained. Further analysis of the British
Saddleback revealed that the genetic subdivision did not reflect its historical origin
(union of Essex pig and Wessex Saddleback) but was associated with herds. The
Rainbarrow appeared to be moderately differentiated from the other herds, and
relatively lower allelic diversity and higher individual inbreeding, a possible result of

certain breeding strategies.

The genetic structure and diversity of the British traditional chicken breeds was also

characterised. The breeds were found to be highly distinctive populations with



moderately high levels of within-breed genetic diversity. However, majority of the
breeds had an observed heterozygote deficit. Although individuals clustered to their
origin for some of the breeds, genetic subdivision of individuals was observed in
some breeds. For two breeds the inferred genetic subpopulations were associated
with morphological varieties, but in others they were associated with flock supplier.
As with the British Saddleback breed, gene flow between flocks within the chicken

breeds should be enhanced to maintain current levels of genetic diversity.

Second, the thesis focused on breed identification through the assignment of
individuals to breed origin. Dense genome-wide assays provide an opportunity to
develop tailor-made panels for food authentication, especially for verifying
traditional breed-labelled products. In European cattle breeds, the prior selection of
informative markers produced higher correct individual identification than panels of
randomly selected markers. Selecting breed informative markers was more powerful
using delta (allele frequency difference) and Wright’s Fst (allele frequency
variation), than PCA. However, no further gain in power of assignment was achieved
by sampling in excess of 200 markers. The power of assignment and number of
markers required was dependent on the levels of breed genetic distinctiveness. Use of
dense genome-wide assays and marker selection was further assessed in the British
pig breeds. With delta, it was found that 96 informative SNP markers were sufficient
for breed differentiation, with the exception of Landrace and Welsh pair. Assignment
of individuals to breed origin was high and few individuals were falsely assigned,
especially for the traditional breeds. The probability that a sample of a presumed

origin actually originated from that breed was high in the traditional breeds.

Vi



Validation of the 96-SNP panel using independent test samples of known origin and

market samples revealed a high level of breed label conformity.

vii



CHAPTER ONE

General Introduction




1.1 Introduction

Since domestication, livestock breeds have been purposefully bred for desirable
production traits that were advantageous for human society. Combined with
additional evolutionary and demographic processes, such as genetic drift, founder
effects, population contraction, mutation and migration, this has resulted in an
enormous array of breeds and the formation of well-defined phenotypes rarely
observed in mammalian species. At last count, the Food and Agricultural
Organisation recorded an extraordinary 7 616 livestock breeds worldwide (FAO

2007).

Industrial consolidation of agriculture in more recent decades has driven many
breeds to extinction because most commercial livestock populations have been
developed from a limited number of existing breeds (FAO 2007). As a result,
livestock biodiversity is threatened by the marginalisation of the less commercially
important breeds. Many have argued that further extinction should be halted because
livestock breeds have a large amount of accompanying phenotypic diversity which
could be a valuable genetic reservoir for the agricultural industry (Ajmone-Marsan
and Consortium 2010; DEFRA 2006; Hall and Bradley 1995; Smith 1984),
especially when considering genetic erosion in commercial populations due to

intensive selection (Muir et al. 2008).

Although many traditional livestock breeds are low in population size and may be on
the verge of extinction, their long divergent evolutionary histories make them

important genetic resources. Traditional breeds that are not currently of commercial



interest may have future value because of unique traits related to disease resistance,
meat quality and behavioural or physiological characteristics. However, the practical
use of conserved breeds in the livestock commercial industry is still questionable.
Since all the variation could be selected from within a single breed, finding and
using variation (e.g. disease resistance) from across multiple breeds could be a more
difficult, long and expensive process than selection from within one breed (Hill
2000; Hill and Zhang 2004). Even so, there is a social, historical and cultural
argument for the preservation of livestock breed diversity as it embodies the heritage
of the agricultural revolution (DEFRA 2006; Hill 2000). In addition, there is an
increasing awareness of the other beneficial aspects of traditional breeds. Many
traditional breeds are well adapted to harsh environments which makes them suitable
for grazing conservation habitats to facilitate site management (DEFRA 2006; Small
2004). Traditional breeds also tend to possess different meat quality characteristics to
commercial breeds, and their produce is now becoming more available in the market
place (BPA 2002). Genetic diversity and, thus, viability of livestock breeds is a
necessary aspect for long-term perpetuation. The molecular characterisation of the
genetic diversity and structure of livestock will help inform management and

preservation of livestock breeds.

This thesis focuses on the genetic characterisation of livestock breeds. First, the
exploration and description of population genetic structure and diversity using both
traditional and more modern analytical approaches is pursued. Second, assignment of

individuals to breed origin is examined in light of breed composition.



Below, this chapter first briefly gives an account of the genetic markers used in
livestock biodiversity studies. Then, the thesis rationale is explained through an
account of pertinent literature findings on the use population genetic methods for the
characterisation of livestock diversity and the genetic patterns of livestock breeds
that have already been discerned. The use of genetic information from individuals for
the ascertainment of population membership is also discussed, and more practical
applications, such as food authentication, are also highlighted. This chapter
concludes by outlining the specific research aims for the subsequent chapters in this

thesis.

1.2 Genetic markers

Since the development of DNA technology various genetic markers have become
available for livestock biodiversity studies. Earlier molecular characterisations of
livestock breeds used polymorphic protein loci such as blood group types (cattle
(Blott et al. 1998a); horses (Bowling 1994); sheep (Clarke et al. 1989); goat (Tunon
et al. 1989); pigs (Van Zeveren et al. 1990a; Van Zeveren et al. 1990b)). With further
advancements other markers have been developed including polymorphic fragment
size DNA markers, which are genotyped portions of the genomic DNA where the
size or length of the portion measures the allele. These markers have also been
utilised in livestock diversity studies, such as restriction fragment length
polymorphisms and randomly amplified polymorphic DNA in sheep (Kunene et al.

2009) and amplified fragment length polymorphisms in goats (AFLP) (Ajmone-



Marsan et al. 2001), cattle (Ajmone-Marsan et al. 2002) and pigs (SanCristobal et al.

2006h).

The most frequently used fragment sized marker in population genetic studies are
microsatellites. These are repetitive portions of the genomic DNA comprised of one
to six DNA base pairs repeated from 5 up to 40 times (Selkoe and Toonen 2006;
Sunnucks 2000). Microsatellites possess a number of desirable characteristics over
the above mentioned genetic markers. First, they are abundant in the genome and a
high mutation rate makes them highly polymorphic (Bruford et al. 2003). Also, they
can be easily genotyped even when there is DNA degradation of a sample (Selkoe
and Toonen 2006). Thousands of microsatellites have been found throughout
livestock genomes and species-specific panels of microsatellites have been
recommended by the Food and Agriculture Organisation and used, for example, in
sheep, chicken and pig diversity studies (Glowatzki-Mullis et al. 2009; Granevitze et
al. 2007; SanCristobal et al. 2006a). The characterisation of European pig breeds
diversity using microsatellites (SanCristobal et al. 2006a) produced a similar
clustering of pig populations to that using AFLP markers, but with a higher
resolution (SanCristobal et al. 2006b). The authors concluded that microsatellites are
the more preferable genetic marker due to the bi-allelic and dominant nature of

AFLPs.

With advances in genome-sequencing technologies Single Nucleotide
Polymorphisms (SNP) markers, which are DNA sequence variants, are being

discovered in abundance in genomes (Eck et al. 2009; Lindblad-Toh et al. 2005;



Wong et al. 2004). Though not as variable as microsatellite loci, there are a number
of biological advantages of SNPs over microsatellites. First, the mutation model of
SNPs is simple in comparison to that of microsatellites (Ellegren 2004). Second,
microsatellites can suffer from homoplasy (parallel evolution where alleles are of the
same size but from different lineages, such that the two alleles are identical by state
but not identical by descent) (Selkoe and Toonen 2006), whereas homoplasy is
virtually absent in SNPs minimising its potential effects on estimated levels of
genetic diversity and divergence. There are also technological advantages for the use
of SNPs such as robust methods of discovery and straightforward automation of SNP
genotyping through assay design (Kim and Misra 2007; Morin et al. 2004). SNP data
are also easily comparable between laboratories, circumventing the technical
difficulties associated with developing large datasets from fragment sized DNA
markers across laboratories. Dense genome-wide SNP assays have been developed
available for many livestock species, enabling the rapid automated large-scale
production of genomic data (Kijas et al. 2009; Matukumalli et al. 2009; Ramos et al.
2009; Van Tassell et al. 2008; vonHoldt et al. 2010). The new assays are highly
informative resources; the SNP chips have already been used to investigate breed
genetic structure in cattle, sheep and dogs (Decker et al. 2009; Gautier et al. 2010;

Gibbs et al. 2009; Kijas et al. 2009; vonHoldt et al. 2010).

Both microsatellites and SNPs continue to be employed in livestock biodiversity
studies. As will be described in more detail in the following sections of this chapter,

the use of genetic markers in livestock biodiversity studies has revealed the



complexity surrounding animal domestication and breed development, and certain

broad genetic patterns across livestock species have been discerned.

1.3 The genetic effects of breed development

1.3.1 Genetic diversity within breeds

One of the primary applications of molecular markers in the context of livestock
biodiversity studies is to quantify the levels of genetic diversity within breeds. In
general, studies have found that livestock breeds are genetically diverse populations
(goat, (Canon et al. 2006); horse (Glowatzki-Mullis et al. 2006); sheep (Lawson
Handley et al. 2007); cat (Menotti-Raymond et al. 2008); pig (SanCristobal et al.
2006a); cattle (Wiener et al. 2004)). This could be due to the development of a broad
genetic base during domestication (Andersson 2001). First, recent studies have
shown that domestication has been a complex and recurrent phenomenon (Bruford et
al. 2003) debunking an earlier suggestion that domestication was a single event,
which resulted in a strong bottleneck (Clutton-Brock 1999). Through mitochondrial
sequencing and wide geographic sampling the presence of multiple maternal lineages
with moderate geographical partitioning in most livestock species has emerged,
indicating that multiple domestication events of divergent populations have occurred
(pig (Larson et al. 2005); chicken (Liu et al. 2006); goat (Luikart et al. 2001); sheep
(Meadows et al. 2007)). Second, different subspecies may have also contributed to
the founding populations of domesticated animals. For example, genetic evidence
suggests that the Bos taurus (humpless cattle, originating in the Middle East) and the
Bos indicus (humped cattle, originating in the Indian subcontinent) were derived

from two distinct subspecies of the wild progenitor (Loftus et al. 1994; MacHugh et



al. 1997). Similarly, European and Asian pig breeds appear to have been
independently domesticated from two different subspecies of wild boar (Giuffra et al.
2000). Large genetic diversity in livestock breeds could be due to a broad ancestral
genetic base, the consequence of multiple domestication events and the contribution

of more than one divergent populations and/or (sub)species (Andersson 2001).

Following on from the original domestication events, farm animal breeds probably
then adapted to their local environments (FAO 2007). The commencement of
artificial selection in breed development, pioneered by the likes of Robert Bakewell
in the 18" century, dramatically altered the genetic landscape of livestock breeds and
the agricultural industry (DEFRA 2006). Many livestock breeds were upgraded by
the introduction of favourable genetic material from another breed. The native
British pig breeds had alleles introgessed from Asian pigs to impart favourable traits
such as earlier maturation and increased prolificacy (Darwin 1868). Since the Asian
and European breeds come from disparate origins (Giuffra et al. 2000) new Asian
alleles could have influenced the genetic diversity of the British pig breeds. The
broad genetic base in many livestock breeds was arguably maintained by human-
mediated gene flow between distinctive populations. MacHugh et al (1997) stated
that the high genetic diversity in Charolais and Friesian cattle could be attributed to

genetic introgression from other breeds.

The system of selective animal breeding that started in the 18" century imparted
rapid genetic change in livestock breeds. This resulted in the development of

distinctive breeds for a variety of purposes, as Moll noted the morphological



diversification and specialisation of European cattle breeds in the mid-19" century
(Moll 1860). Darwin also observed changes in the British pig breeds, as a “
consequence of so much crossing, some well-known breeds have undergone rapid
changes; thus, according to Nathusius, the Berkshire breed of 1780 is quite different
from that of 1810 (Darwin 1868). The importance of the many phenotypically
diverse and distinct livestock breeds that were formed during the agricultural
revolution was acknowledged by the creation of breed societies in the late 19" and
early 20" century. By keeping the herdbooks closed the organisations were
instrumental in preserving the genetic integrity of many breeds. Although the genetic
introgression from one breed into another can be viewed as eroding or contaminating
the genetic integrity of the affected breed, gene flow is an important process as it
introduces new genetic material. Therefore, in the absence of gene flow the genetic
diversity within a population could be considerably narrowed. If a population is
isolated other contributing factors, such as small population size, severity of artificial
selection and time since isolation, can also adversely affect genetic diversity within
populations. These demographic and genetic processes have occurred in certain
domesticated populations and, as a consequence, there are exceptions to the pattern
of high genetic diversity. Granevitze et al (2007) reported extremely low genetic
diversity in German native fancy chicken breeds. It was presumed that this was due
to positive assortative mating and small population sizes. A more extreme case of
reduced genetic diversity in livestock breeds is the feral herd of Chillingham cattle
(Visscher et al. 2001). A combination of 300-year isolation and a severe population
reduction, which increased the chance probability of random genetic drift driving

alleles to fixation, has created a herd extremely lacking in genetic diversity.



Though most livestock breeds have a high level of genetic diversity, with the
exception of isolated (small) populations, there is a subtle pattern of genetic diversity
across geographic clines. Following on from the original domestication events, the
generally held view is that when humans migrated in the past they took a small
sample of their diverse original animal stock. This would be a subset of the genetic
diversity of the original stock and would then represent the only genetic diversity for
newly founded populations (Bruford et al. 2003). Consequently, in the absence of
genetic introgression, there should be a negative correlation such that genetic
diversity of livestock breeds decreases with increasing geographic distance from the
centre of domestication. Estimates of genetic diversity confirm that there is a higher
degree of genetic variation present within breeds from or near the centre of
domestication for certain livestock species (goats (Canon et al. 2006); cattle (Loftus

et al. 1999); sheep (Peter et al. 2007)).

1.3.2 Population structure of breeds

Another important aspect of livestock biodiversity is the level of genetic variation
amongst breeds. Variation in allele frequencies between populations can be used to
measure the degree of genetic differentiation (known as Fst). The quantification of
Fst, with a range of little (0.00 < Fst < 0.05), to moderate (0.05 < Fst < 0.15), to
great (0.15 < Fst < 0.25) to very great (Fst > 0.25) (Hartl and Clark 1997), can
inform on the distinctiveness of populations and whether populations contain
distinctive multilocus combinations that render them genetically unique and the

degree of genetic relatedness between breeds.

10



Livestock biodiversity studies concur that there is marked levels of genetic variation
between livestock breeds, though the degree of differentiation is variable amongst
livestock species. For instance, cattle, goat, horse and sheep breeds tend to exhibit
moderate levels of genetic differentiation (Canon et al. 2006; Druml et al. 2007
Lawson Handley et al. 2007; MacHugh et al. 1998). Historically, domesticated
animals were easily and widely transported which would allow for substantial breed
intermingling (Clutton-Brock 1999) and with that a reduced breed genetic
differentiation. Luikart et al (2001) found weak genetic structure of goat breeds
(relative to other livestock breeds) and suggested that far greater transportation
occurred in goats than in other livestock breeds. Neighbouring breeds also tend to
experience enhanced gene flow, such as the closely related modern Baltic sheep
breeds (Tapio et al. 2005a), resulting in relatively low breed genetic differentiation.
In contrast, strict breeding practices were likely in place to isolate and preserve
phenotypically distinct sets of traditional and commercially chicken and pig breeds,
resulting in high levels of breed genetic differentiation (Bodzsar et al. 2009;
SanCristobal et al. 2006a). An exception is the dog where extremely high levels of
differentiation amongst breeds have been observed, possibly due to even stricter
enforced breeding practices for favourable morphological traits, thus creating breed

barriers and a lack of gene flow between breeds (Parker et al. 2004).

Another quantification of the amount of genetic variation between breeds is to
estimate the genetic distance using population allele frequencies. Estimated genetic
distances are then generally visualised as a phylogenetic tree which can help unravel

the evolutionary history of livestock breeds. This is a commonly adopted approach to

11



characterise population structure of livestock breeds as it provides a useful
illustration of the genetic relationships amongst breeds. Phylogenetic reconstruction
has generally resulted in long breed-branch lengths indicating high levels of genetic
distinction (cattle ((Li et al. 2007; Maudet et al. 2002); pigs (Megens et al. 2008;
SanCristobal et al. 2006a); goats (Peter et al. 2007)). Another common observation is
that where groups of breeds are identified in the evolutionary tree these tend to
correspond to geographic origin (Li et al. 2007; Megens et al. 2008; Peter et al.
2007). The genetic similarities between pairs of breeds can be also uncovered and

these tend to reflect common ancestry, but could also be due to past cross-breeding.

The description of the elucidated genetic patterns of variation between livestock
breeds given above was derived from results using traditional methods, like F-
statistics and genetic distances, which are based on population allele frequencies.
Recently, a new set of population genetic approaches have been developed to infer
population structure which instead use individual multilocus genotypes. These
methods have been developed in a Bayesian statistical framework and aim to both
partition a sample of individual genotypes into an unknown number of genetically
distinct populations and to determine the proportion of an individual’s genome that
originates from different inferred populations (Beaumont and Rannala 2004). In
brief, with specific prior probabilities, the posterior probability that an individual
arises from a subpopulation can be estimated given the likelihood of the multilocus
genotype. The Bayesian genotypic clustering methods are valuable and powerful
tools in the elucidation of population structure and the practical applications has

proven to be broad (Beaumont and Rannala 2004). These novel tools allow otherwise

12



neglected questions to be addressed. For instance, does a phenotypically defined
breed necessarily equate to a genetic population? In other words, the genetic
composition of a breed can be investigated to determine if it is broader, narrower or
equivalent to that defined by its phenotypic criteria. Using Bayesian genotypic
clustering approaches, studies on small sets of breeds usually sampled from a
particular country have found that breeds are generally genetically differentiated
populations (e.g., Swiss sheep (Glowatzki-Mullis et al. 2009); Estonian cattle (Li et
al. 2011); Italian chickens (Zanetti et al. 2010)). Thus, by definition, in the absence
of extensive gene flow that could create a homogenous genetic pool, most livestock
breeds equate to a genetic population. Bayesian genotypic clustering tools can also
be used to reconstruct hierarchical genetic structure to identify groups of related
livestock breeds. By sampling many breeds across an extensive geographic area, the
main genetic subdivision of breed structure into groups of closely related breeds
appears to correspond to geographic divisions (goats (Canon et al. 2006); sheep
(Lawson Handley et al. 2007); cats (Menotti-Raymond et al. 2008); dogs (Parker et
al. 2004)). Finally, the Bayesian genotypic clustering approaches can infer genetic
patterns in individuals that are the result of hybridisation or genetic introgression.
This of importance in livestock biodiversity studies as it could expose cross-breeding
practices, particularly if breed societies are striving to maintain breed integrity by
limiting genetic introgression and hybridisation. For example, Lawson-Handley et al
(2007) identified admixed individuals in Greek sheep breeds despite the attempts of

breeders to maintain breed separation.

13



The application of Bayesian genotypic clustering approaches to livestock
biodiversity has provided previously unattainable inferences on patterns present in a
genetic datasets. However, sifting through the pertinent literature, it has become
apparent that certain challenges have been encountered when applying these novel
methods to empirical data. Peter et al (2007) found that several sheep breeds were
assigned to more than one cluster and that clusters were only partially hierarchical.
Another study on cattle breeds reported that multiple clustering solutions were
depicted (Li et al. 2007). In some cases identifying the number of underlying
populations can be difficult, as found in a study on cat breeds (Menotti-Raymond et

al. 2008).

1.3.3 Identification of the origin of individuals

When populations are genetically distinct it indicates that the individuals originating
from a given population are genetically different from individuals belonging to
another population. If the genetic patterns of individuals from different populations
are sufficiently disparate, this genetic information can be used to ascertain the
population origin of individuals. Paetkau et al (1995) recognised the need to
determine whether a population is the genetic source of a given individual genotype.
The individual assignment test was developed to determine, given the observed allele
frequencies in a set of potential source populations, the probability of an individual

genotype arising in one or more populations (Paetkau et al. 1995).

14



In population genetic studies, the assignment of individuals to their origin is another
useful analysis that is increasingly being incorporated (Davies et al. 1999; Waser and
Strobeck 1998). The identification or verification of the origin of individuals can
complement the traditional population genetic approaches with regards to
establishing population structure. Livestock biodiversity studies have generally found
that, due to the genetic distinctiveness of most livestock breeds, individuals can be
assigned to their breed of origin with a high confidence using polymorphic genetic
markers (e.g. cattle (Blott et al. 1999; Ciampolini et al. 2006; Negrini et al. 2009);
horse (Glowatzki-Mullis et al. 2006); dog, (Koskinen 2003); pig (Ramos et al.
2011)). As with Bayesian genotypic clustering approaches, individual assignment
methods simply confirm that genetic differentiation between populations (measured
using Fst or genetic distances) is present (Manel et al. 2005). Nonetheless, it
highlights the potential for individual assignment methods to be used for more

practical purposes.

With sufficient population genetic heterogeneity, genetic markers can be used to
identify or verify the claimed origin of a biological sample. For example,
microsatellite markers were used to determine if misconduct had occurred involving
a prize winning salmon in a fishing competition. An individual assignment test
indicated that there was an extremely low probability that the winning salmon could
have arisen from the population found at the competition location. Based on the
genetic results, it was inferred that the suspect fish was not caught at the competition
location but, in fact, had originated from a local food market (Primmer et al. 2000).

In the food industry knowingly substituting the biological name of a product with
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another (be it species, breed, variety and/or geographic origin) for financial
incentives is considered a widespread activity because certain names attract a
premium value (Primrose et al. 2010; Teletchea et al. 2005; Woolfe and Primrose
2004). Products derived from traditional livestock breeds tend to be more expensive
due to higher production costs, the value of rarity and different meat quality such as
the highly priced Iberian pig (Garcia et al. 2006). Consequently, there is financial
profit to be gained having a product derived from a commercial breed labelled under
a traditional breed name. The identification or verification of the origin of breed-
labelled products using genetic markers could not only address consumer confidence,
but also protect the livelihoods of breeders, particularly those who keep traditional

livestock breeds.

1.4 Aims and objectives

The aim of this thesis is to characterise the genetic diversity, structure, extent of
genetic admixture and genetic composition of individuals in a number of livestock
breeds. These analyses contribute to current work on breed characterisation in the
interest of preservation of genetic diversity. In conjunction with the above, this thesis
also explores the use of genetic markers for assignment of individuals to breed
origin. Not only is the inference of ancestry of individuals indicative of breed
integrity and distinctiveness, but an accompanying aspect is that, in the interests of
more practical applications, genetic markers can be used to verify the claimed origin

biological samples.
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The subsequent paragraphs give a content outline and study objectives for each

chapter:

Chapter 2 explores the efficiency of several individual-based population genetic
statistical approaches at characterising population structure using British pig breed
individual multilocus genotypes. Bayesian genotypic clustering approaches are tools
that are now routinely used to describe population structure (e.g. sheep, Handley-
Lawson et al., 2007). However, it is only recently that the performance and merits of
these novel and popular techniques are being evaluated (e.g., Safner et al., 2011).
Three Bayesian genotypic clustering approaches were therefore compared alongside
individual-based phylogenetic reconstruction and Principle Component Analysis

(PCA) in the characterisation of the population structure of British pig breeds.

Chapter 3 details further exploration of the genetic structure of the British
Saddleback pig breed, the only British traditional pig breed that did not form a
genetically distinctive and cohesive unit using certain individual-based clustering
techniques (chapter 2). The British Saddleback is a relatively new British pig breed,
having formed from the union of Essex pig and Wessex Saddleback breeds in 1967.
The pattern of genetic substructure in the British Saddleback breeds was explored
using individual-based clustering methods and independent information on

individual inbreeding coefficients.

Chapter 4 is devoted to the characterisation of the current genetic state of British

traditional chicken breeds. In the interests of preserving and conserving regional
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diversity the genetic characterisation of livestock populations is recommended. Of
the numerous livestock breeds present in Britain, there is a dearth of work on poultry
species. To contribute to on-going livestock biodiversity efforts, the genetic
diversity, structure and extent of admixture in the British traditional chicken breeds
were characterised. Recommendations concerning the preservation of genetic

diversity are proposed.

Chapter 5 explores how high density assays featuring Single Nucleotide
Polymorphism (SNP) markers can be exploited to create reduced panels of
informative markers for population genetic analyses. Dense genome-wide data is
valuable but can be relatively costly to produce and time-consuming and
computationally expensive to analyse; it is therefore often desirable to reduce the
number of markers by screening and selecting according to their information content
to create reduced panels for population genetic analyses. For the verification of the
origin of individuals in European cattle breeds, several population genetic
differentiation methods were used to determine the most appropriate selection

methods to identify informative markers from the BovineSNP50 beadchip.

Chapter 6 describes the development of a multiplex-assay using markers selected
from a dense SNP assay for pork authentication in the British food industry. Once
DNA markers that contain high genetic information have been identified, the use of
such markers extends from population demarcation to more practical applications of

the verification of the origin of food products. A panel of informative markers was
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developed from the PorcineSNP60 beadchip and subsequently validated using further

test samples.

Chapter 7 presents an overall summary and conclusions of this thesis. An overall

perspective on the findings and their relevance to the field is given. Further studies

that would build on the work covered by this thesis are proposed.
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CHAPTER TWO

An empirical assessment of individual-based population genetic
statistical approaches: application to British pig breeds
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2.1 Introduction

Traditional population genetic statistics, such as expected heterozygosity, Wright’s
F-statistics and genetic distances (Hartl and Clark 1997), are routinely used to
describe the genetic diversity and structure of livestock breeds. However, analysis at
the level of the population or breed and subsequent results may prove misleading
and, increasingly, this approach has received scrutiny and criticism (Mank and Avise
2004; Pearse and Crandall 2004). First, natural populations are usually defined by
geographical sampling distribution and livestock breeds by registered phenotypes.
The delineation of populations might impose a subjective pre-existing structure that
may not reflect the genetic reality and, thus, the a priori assignment of individuals to
pre-defined populations might introduce unintended bias. Second, population genetic
statistical estimates are summarised by averaging across individuals to produce a
single number for each population. Biological processes and patterns, such as cryptic
population structure and the occurrence of gene flow, would remain undetected using
a priori defined populations and traditional population genetics (Mank and Avise
2004), leading to possible inaccurate representations of genetic diversity and

structure.

These complexities and challenges can be addressed by analysing population genetic
data at the level of the individual. Recent methodological advancements now
conveniently allow the inference of population structure directly from individual
genetic polymorphism data, instead of relying on a priori population information.

Several individual-based genotypic clustering models have been developed in a
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Bayesian statistical framework and are available in special purpose software
packages (Excoffier and Heckel 2006). The methods operate by creating clusters in
which the assumptions of Hardy-Weinberg and linkage equilibrium are met, and
simultaneously each individual is assigned to a cluster based on a probabilistic
model. Each method has slightly different underlying assumptions and different
methods of searching the parameter space. The range of applications and use of
Bayesian genotypic clustering approaches is broad, for example, depicting genetic
relationships between populations, population structure and presence of genetic
admixture (Beaumont and Rannala 2004; Mank and Avise 2004; Pearse and Crandall
2004; Rosenberg et al. 2001). These novel tools have become very popular and are
now routinely used in empirical studies on both natural and livestock populations to
the extent that it has been suggested that individual-based clustering techniques
should be a pre-requisite part of population genetic studies (Luikart et al. 2003).
However, the reliability, performance and limitations of the novel Bayesian
genotypic clustering techniques are only now being tested (Ball et al. 2010; Frantz

and Cellina 2009; Kalinowski 2011; Rowe and Beebee 2007; Safner et al. 2011).

In addition to Bayesian genotypic clustering approaches, two other individual-based
methods are also available, principal component analysis (PCA) (Menozzi et al.
1978) and phylogenetic reconstruction (Bowcock et al. 1994). Both techniques have
been used for several decades to study genetic structure and diversity, but are more
often used on population-averaged data where populations are defined a priori. It
may be preferable to adopt the individual-based approach for PCA and phylogenetic

reconstruction. First, as mentioned above, within population genetic variation is
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ignored as estimates are averaged across individuals. Second, the principles of
phylogenetic reconstruction are not upheld when applied to admixed populations,
because a key assumption is that there is no genetic exchange between populations
(Toro and Caballero 2005). Like Bayesian genotypic clustering, individual-based
PCA and phylogenetic reconstruction make no assumptions about the number or

identity of separate populations from which individuals are drawn.

The individual-based population genetic approaches described above are potentially
useful for the elucidation of livestock breed diversity and structure. However, it is
still not clear how the methods differ in their power and appropriateness for
particular data and questions. In addition, individual-based PCA and phylogenetic
reconstruction approaches are rarely used in conjunction with Bayesian genotypic
clustering methods. The objective of this study was to empirically assess various
individual-based population genetic statistical methods for inference of genetic
diversity and structure of livestock breeds. Using microsatellite data from British pig
breeds, the genetic structure was inferred with various ‘individual-based’
approaches: three Bayesian genotypic clustering techniques, PCA and phylogenetic
reconstruction. The applicability, efficacy and complementarity of the chosen

methods were considered.

2.2 Materials and Methods

2.2.1 Data

The genotypic data of British pig breeds used in this study were a subset from an

extensive European pig breed biodiversity study (PigBioDiv) (Russell et al. 2003).
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The microsatellites recommended for the European pig biodiversity had high
polymorphism, good genotyping performance and were well spaced across the
genome (SanCristobal et al. 2006a). Forty-six microsatellites were selected for this
study as they were genotyped across all of the selected populations. The proportion

of missing data was 6.8%.

To determine if markers were in Hardy-Weinberg equilibrium (HWE), exact tests,
which calculate the probability that an observed sample could be drawn from the
population by chance, were performed. The probabilities of all possible genotypic
frequencies were calculated for the observed allele frequencies. These samples were
then ranked in ascending order based on their probabilities. The probability of the
observed sample was obtained by summing all probabilities up to and including that
of the observed sample. HWE was rejected if the total probability was less than the
significance level (Weir 1996). To determine if there was a non-random association
of alleles, pairs of loci were tested for genotypic linkage disequilibrium (LD) using
exact tests. Since no assumptions were made about the gametic phase of
heterozygotes (at a diploid locus), association between diploid genotypes was
examined with a null hypothesis that genotypes at one locus were independent from
genotypes at another locus. As in the case for HWE, the probability of the observed
array was conditional on the cumulative probabilities of all possible arrays (Weir
1996). Deviation from HWE within loci and the presence LD between pairs of loci
were tested using GENEPOP version 4.0.7 (Rousset 2008). Significance levels of the

tests were adjusted for multiple comparison following standard Bonferroni
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corrections (Rice 1989). No markers showed consistent evidence of LD or deviations

from HWE (results not shown).

In brief, there were a total of 18 populations (Table 2.1). Twelve British pig breeds

were included with two breeds represented by more than one line. The term

‘population’ was used to represent commercial lines sampled within a breed.

Table 2.1 The British pig breeds. ! determined by the number of breeding females:
Endangered = 100 - 200, Vulnerable = 200 - 300, At Risk = 300 - 500 and Minority = 500
- 1000; taken from Rare Breeds Survival Trust website (RBST; http://iwww.rbst.org.uk/).

Population Breed Category Status® Sample Size
1 Berkshire Traditional ~ Vulnerable 50
2 British Lop Traditional Endangered 35
3 British Saddleback Traditional At Risk 41
4 Duroc (PIC) Commercial 50
5 Gloucester Old Spots Traditional Minority 53
6 Hampshire (PIC) Commercial 50
7 British Landrace (PIC1) Commercial 50
8 British Landrace (PIC2) Commercial 50
9 British Landrace (PIC3) Commercial 48
10 Large Black Traditional ~ Vulnerable 52
11 Large White (PIC1) Commercial 50
12 Large White (PIC2) Commercial 50
13 Large White (PIC3) Commercial 50
14 Middle White Traditional Endangered 38
15 Pietrain Commercial 50
16 Tamworth Traditional ~ Vulnerable 42
17 Asian Meishan FR Asian 25
18 Asian Meishan GB Asian 36

An Asian breed (Meishan) was chosen as an outgroup, composed of two populations:

the first from France and the second from Great Britain (which also consisted of two
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subpopulations, sampled from the Roslin Institute and from PIC, a UK-based pig
breeding company). The number of individuals sampled per population ranged from
25 to 53, giving a total of 819 individual multilocus genotypes (Table 2.1).
Additional information on the sampling and genotyping of the microsatellite markers

can be found at SanCristobal el al (2006).

2.2.2 Bayesian genotypic clustering techniques

Two widely used Bayesian methods (STRUCTURE and BAPS) and a newer method
(STRUCTURAMA) were applied. The clustering methods perform a Bayesian
analysis, using the multilocus genotypes, to probabilistically assign individuals to
clusters and infer the number of genetically distinguishable populations (K). The
three methods assume that all markers are in Hardy—Weinberg Equilibrium and
genotypic linkage equilibrium (LE). Both BAPS and STRUCTURE allow
individuals to be of mixed ancestry, proportionally assigning an individual genome
to clusters (estimated individual coefficients of ancestry, ‘q’), but differ in their

approaches to estimating admixture.

STRUCTURE uses a Monte Carlo Markov Chain (MCMC) method and estimates
the natural logarithm of the probability (Pr) of the observed genotypic array (X),
given a pre-defined number of clusters (parameter K) in the data set (In Pr(X|K))
(Pritchard et al. 2000). In a Bayesian context the estimate of In Pr(X|K) is a direct
indicator of the posterior probability of having K clusters, given the observed

genotypic array. The model with correlated allele frequencies was implemented,
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assuming admixture. This model assumes that frequencies from different populations
are likely to be similar due to either migration or shared ancestry. The Markov Chain
was run for 1,000,000 iterations, after a burn-in of 500,000 iterations, for values of K
from 1 to 20, with 5 replicates for each K value. From each MCMC chain,
STRUCTURE simultaneously infers the posterior probability of K and membership
probabilities (q) for each individual. Individuals may be assigned probabilistically to
more than one cluster, reflecting admixture. To help identify the optimal K value, an
ad hoc statistic, AK, was calculated (Evanno and Regnaut 2005). It is based on the
second order rate of change of Pr(X|K) with respect to K, where the height of the

estimated values indicate the strength of the population subdivision.

The most recent version of BAPS (v 5.2) uses a ‘greedy stochastic optimisation
algorithm’ to directly estimate the most likely K and assign individuals to clusters
(Corander et al. 2008). In BAPS the value of K can be either pre-defined to
investigate the clustering solutions of populations with successive K values or, unlike
with STRUCTURE, the value of K can be left un-defined so that the algorithm can
search for the most likely K value. For each K value BAPS searches for the optimal
partitions, stores them internally, and, after all K value have been processed, it
merges the stored results according to log-likelihood values. Five independent
replicate runs for every level of K from 1 to 20 were conducted. Unlike
STRUCTURE which estimates population assignment and admixture
simultaneously, with BAPS, estimating individual admixture is a two-tiered
approach. BAPS first, determines the clustering solutions of populations by assigning

individuals to populations based on allele frequency distributions and then the
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admixture of genotypes are quantified by establishing the ancestral sources of alleles
for each individual based on the determined population clusters using a simulation
procedure. In BAPS, evidence for admixture was considered significant for

individuals with p values < 0.05 (Corander and Marttinen 2006).

The third Bayesian clustering approach was performed using the program
STRUCTURAMA (Huelsenbeck and Andolfatto 2007). The method implemented is
similar to that in STRUCTURE except that STRUCTURAMA treats K as a random
variable searching for the most likely K value. In addition, at the time of
implementation, the STUCTURAMA model did not take into account admixture. A
prior distribution is placed on K such that the data determines the most appropriate
value. The number of clusters and the assignment of genotypes to those clusters were
estimated simultaneously. A Markov chain of 100,000 iterations following a burn-in
of 50,000 iterations was sufficient for convergence and production of consistent
results. A partition was sampled from the Markov chain every 100 iterations and the
mean partition, which minimises the squared distance to the sampled partitions, was
calculated in order to make assignments. This process was independently replicated 5

times.

2.2.3 Multivariate analysis

The second approach was a multivariate principal component analysis (PCA)

(Menozzi et al. 1978) performed using the statistical package R (Team 2011). PCA is

a statistical technique that can be used to reduce the dimension of a multivariate
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dataset. The original variables are linearly transformed by PCA into a set of
underlying variables (“principal components™). Each new Principal Component (PC)
has an associated eigenvalue that measures the respective amount of explained
variance. The PCs that explain the most genetic variation are ranked based on their
eigenvalue, such that most of the original variability in the original multi-
dimensional dataset may be contained in a smaller number of variables. Objects can
then be distributed along axes based on their allelic compositions. The data for
individual genotypes were prepared by scoring a ‘0’ if a particular allele was not
present, a ‘1’ if it was present and ‘2’ if two copies were present in the homozygous
state (MacHugh et al. 1998; Patterson et al. 2006) and an eigenvalue decomposition
of the covariance matrix of the original multilocus dataset was conducted in R. A
statistical test was conducted to determine the number of PCs to retain, Horn’s
parallel analysis. This method is a simulation procedure that takes the original dataset
and produces simulated datasets of the same dimensions as the empirical data
through sampling with replacement. The simulated datasets are then subjected to
PCA. Due to the lack of structure in the simulated data the eigenvalues obtained for
the successive PCs should be similar, such that there is no decrease in variance with
increasing PC. In contrast, due to the structure present in the empirical dataset
eigenvalues should decrease with increasing PC. Once the eigenvalue of a PC from
the empirical dataset is equal to or less than the eigenvalue obtained from the
simulated dataset for the same PC no further PCs of the empirical data should be
considered. In other words, the components to retain from the PCA on the empirical

data are those that account for more variance than the components derived from
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random simulation. The parallel analysis was conducted in the R package paran

(Dinno 2009).

2.2.4 Phylogenetic reconstruction

The final approach was an unrooted phylogenetic analysis implemented in
MICROSAT (Minch et al. 1997). Pairwise individual genetic distances (shared allele
distance, DSA) were estimated using the proportion of shared alleles (PSA)
(Bowcock et al. 1994). At any locus, two individuals’ genotypes share either 0, 1 or 2
alleles and with a large numbers of loci, the proportion of shared alleles becomes
almost continuously distributed such that it can be used as an index of genetic
similarity. A population tree was then constructed from the genetic distance matrix
using the neighbour-joining method (Saitou and Nei 1987), which does not require
that all lineages evolve at the same rate and is statistically consistent under many
models of evolution (Weir 1996). The algorithm is based on the minimum-evolution
criterion where at each successive step neighbour pairs that give the smallest sum of
branch lengths are chosen, ultimately producing a single topology that minimises the
total branch length. An unrooted neighbour-joining cladogram was constructed from
the distance matrix for all pairs of individuals using the R package APE (Paradis et

al. 2004).

To determine the robustness of the tree topology a bootstrap analysis was performed.

Bootstrapping is a suggested method to assess the confidence intervals of

reconstructed evolutionary clades (Felsenstein 1985). For each bootstrap replicate the
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original matrix of individual genotypes was randomly sampled with replacement
across the loci so that the resulting data set was the same size as the original. From
each bootstrap replicate a matrix of pairwise genetic distances between the
individuals was calculated and a neighbour-joining tree was then reconstructed. A
consensus tree was constructed whereby the robustness of each branch was evaluated
by determining the percentage of times that it occurred in all the bootstrap replicates.
Bootstrapping of 1000 replicates from the original dataset was performed across loci
in MICROSAT and the consensus cladogram was calculated using CONSENSE

(Phylip v 3.67) (Felsenstein 2008).

2.2.5 Genetic differentiation

The degree of population genetic differentiation was estimated using Fst. If
populations are differentiated the genotype frequencies of the total population will
exhibit a deficit of heterozygotes and excess of homozygotes relative to HWE. Thus,
Fst measures the reduction in heterozygosity among populations (i.e. increasing
variation in allele frequencies among populations) relative to the heterozygosity of
the total population (Hartl and Clark 1997). An extension of Wright’s Fst (Wright
1943; Wright 1951) is Weir and Cockerham’s, which is the ratio of variance in allele
frequencies among populations to the overall variance in allele frequencies (Weir and
Cockerham 1984). The degree of genetic differentiation was estimated, for the
defined pig populations listed in Table 2.1 and for certain inferred clusters for each

Bayesian genotypic clustering approach (at the inferred optimal K value), with Weir
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and Cockerham’s unbiased estimator of Wright’s fixation index (Fst) using FSTAT

2.9.3 (Goudet 1995).

2.3 Results
2.3.1 Bayesian genotypic clustering

2.3.1.1 Number of populations (K) and clustering solutions

Results from the STRUCTURE analysis showed steadily increasing values of log
likelihoods from K = 1 to 20 subpopulations (Fig 2.1). In Figure 2.1, the rate of
change in the log likelihood with successive K values, AK, was plotted from K; — K;
to Kig — Ky. The largest AK value, AK = 6, was at K3 — K, followed by a second

and third mode at Kg —K7 and K5 — K4, respectively (Fig 2.1).
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Figure 2.1 Likelihood plot of STRUCTURE results. The black points are the likelihood
values and the grey points are the estimated delta values. The plot illustrates the

difficulty in deciding the most likely number of subpopulations in the data set.
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STRUCTURE clustering solutions at various K values are presented in Figure 2.2
and are consensus of 5 replicate runs. At K = 2 there were inconsistent clustering
solutions between runs. At K = 3 the Asian lines either clustered with the British
Landrace line or independently. Regarding the clustering patterns, until K = 4 the

Asian lines clustered with the British populations.
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Figure 2.2 Individual assignment from Bayesian genotypic cluster analysis using
STRUCTURE at various values of K. Histograms demonstrate the proportion of each
individual’s genome that originated from each of 18 populations. Each individual is
represented by a vertical line corresponding to its membership coefficient (q).

Histograms are a consensus view across 5 replicates.
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The British Lop and the British Landrace lines consistently clustered together until K
= 13, where the British Lop split from the British Landrace lines to form its own
cluster. For the remaining breeds the results were inconsistent between the runs such
that a large number of clustering solutions were depicted. At values greater than K =
16 the confidence of assignments fell dramatically, with ‘ghost’ or empty clusters
observed. As can be seen in Figure 2.2, there was partial hierarchical splitting of
clusters at each stage, but also some inconclusive splitting: for instance,
Gloucestershire Old Spots splitting (K = 10) and then rejoining Berkshire (K = 12).
Consequently, a sensitivity analysis was conducted where various starting parameters
including ALPHA (the degree of admixture), ALPHAPROPSD (standard deviation
for ALPHA that allows for better mixing in the Metropolis-Hasting chain) and
LAMBDA (distribution of allelic frequencies) were varied from the default values in
an attempt to produce more repeatable results. This did not decrease the variation in
log likelihood estimates at high K values, nor alter the log likelihood curve or the

inconsistent clustering solutions.

Unlike STRUCTURE, BAPS provides a probabilistic approximation of the number
of clusters when K was left undefined and the optimal partition was identified at K =
18 (Pr (K = 18 | X) = 1.0). At K = 18, all populations formed their own independent
cluster except: i) the two Large White lines formed one population and, ii) the Asian
Meishan GB line split over two populations. When K was predefined the clustering
solutions were identical between replicate runs at a given K value. BAPS clustering
solutions at various K values are presented in Figure 2.3 and are consensus of 5

replicate runs. At K = 2, the Asian populations formed one cluster separate from the
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British populations. As K increased, the commercial breeds first split away to form
their own clusters: the Large White (K = 4), British Lop-Landrace lines (K = 6),

Hampshire (K = 7), Duroc (K = 8) and Pietrain (K = 9).

ma}

— — —
[ [ [ =

—
n

DX O L — — — x — = — @& = £ D
S o o o .52 5 o = o wm = =z T

£ 4z s - g_ = o bt o] o = I o - L

[T = [T mom = R = 4 v E Coc

= Lo 0O S g & m g m g = A T @

T = = = E B = s o g w oL E £ &

m = = Ea ™ - = = T m . = £ LT

m ® a- L 24 % g & B o> T T LT

] = = -4 J = 5 2 = ==

= = w L= - 4 = = o

= O T = = T T

= o & = o

] M5 oL o

Figure 2.3 Individual assignment from Bayesian genotypic cluster analysis using
BAPS at various values of K. Histograms demonstrate the proportion of each
individual’s genome that originated from each of 18 populations. Each individual is

represented by a vertical line corresponding to its membership coefficient (q).
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The grouping of British Lop-Landrace into a single cluster was observed until K =9,
The Middle White and Tamworth were the only two traditional British breeds that
split at lower K values to occupy independent clusters (K = 9 and K = 8,
respectively). This left the remaining four traditional British breeds, Berkshire,
British Saddleback, Gloucestershire Old Spots and Large Black, as a single cluster
from K = 7 to 10. Once the commercial breeds inhabited independent clusters, at K =
11 the group of 4 indigenous breeds began to split. Berkshire and British Saddleback
formed a single cluster from K = 11 - 14. In the BAPS analysis the British
Saddleback did not split into two clusters at any point; instead all individuals formed
a single genetic population from K =14 - 18. At K = 12, the two Asian Meishan lines
split to occupy independent clusters and at K = 18 the Meishan GB population split

into two subpopulations. At K = 19 the first ‘ghost’ population was observed.

The final Bayesian implementation was performed using STRUCTURAMA, which
like BAPS, allows K to be a random variable and thus estimates K. The estimated
number of populations was 11 across the 5 independent runs (Pr (K = 11 | X) = 0.99).
STRUCTURAMA clustering solutions are given in Figure 2.4 for various fixed K
values. The clustering of British Lop-Landrace lines in a single cluster was again
observed and British Saddleback and Gloucestershire Old Spots were placed in one
cluster. All other breeds formed independent clusters. Hierarchical splitting of
clusters at lower K values was not observed. At K = 12 British Lop split from the
British Landrace. STRUCTURAMA could not converge on a clustering solution for

a fixed value of K =10 and from K = 13 upwards.
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Figure 2.4 Individual assignment from Bayesian genotypic cluster analysis using
STRUCTURAMA at various values of K. Histograms demonstrate the proportion of
each individual’s genome that originated from each of 18 populations. Each individual
is represented by a vertical line corresponding to its membership coefficient (q).
STRUCTURAMA could not converge on a solution for a fixed value of K =10.

2.3.1.2 Assignment of individuals and genetic admixture

The majority of individuals clustered to the pre-labelled population origin
(proportion of genome assignments, q > 0.9, Fig 2.2-2.4). At lower K values
(STRUCTURE - K < 11 and BAPS - K < 15), British Saddleback individuals
appeared to be admixed, probably a reflection of the inability of the algorithms to
resolve the clustering of this breed. At higher K values STRUCTURE split the

British Saddleback into two separate clusters with four individuals being admixed,
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whilst BAPS retained the breed as a single genetic unit with admixed individuals
present (Fig 2.2-2.3). At higher K values, (both STRUCTURE and BAPS at K > 16)
the Large White individuals was split into 2 clusters, but not strictly according to
population identities. Some individuals from Large White Line | clustered with
individuals from Line Ill. Both BAPS and STRUCTURE identified the same
individual labelled British Saddleback as being of Tamworth origin (g > 0.9) and
individuals of Middle White with a proportion of DNA from other breeds (q > 0.15).
STRUCTURE identified, from K > 5, one individual from Gloucestershire Old Spots
with a substantial proportion of British Saddleback DNA (g > 0.25) and one
individual from the French Meishan population with a proportion of Large Black
DNA (g > 0.15). BAPS identified five individuals of British Landrace line | with

proportions of DNA from British Landrace 111 and British Lop.

2.3.2 Principal component analysis

The first two principal components (PC) are shown plotted in Figure 2.5. The first
PC accounted for 29.3% of the underlying variation and the second PC accounted for
4.3%. The first PC clearly split the British from the Asian populations. The second
PC gave a coarse separation of the British breed individuals: British Landrace lines
and British Lop group clustering at the top of the quadrant with Large White lines
grouping at the bottom (Fig 2.5a). The third PC, which accounted for 4.1% of the
variation, showed additional structuring amongst the British breeds (Fig 2.5b). The
Large White lines were clearly separated from the other breeds at the top left of the

plot and the Berkshire and Gloucestershire Old Spots clustered together at the bottom
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left. With increasing dimensions there was further breed partitioning: PC 5 (3.3%)
separated the Hampshire and Tamworth breeds (Fig 2.6a), PC 6 (2.4%) separated the
Duroc breed (Fig 2.6b) and PC 7 (2.1%) separated the Pietrain, Middle White and

Large Black breeds.
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Figure 2.5 Principal component analysis projections. (a) scatterplot diagram showing
the first and second PCs and allele distribution from all individuals. (b) scatterplot

diagram showing the second and third PCs and allele distribution from all individuals.

No further breeds or populations within breeds were partitioned out. According to the
parallel test 28 PCs should be retained. However, from PC 12 the components were
noisy and non-informative as there visually appeared to be no structure present.
When PCA was conducted on just the British populations, congruent results were
produced. The first PC (30%) spread out individuals within the breeds and the
second PC (4.6%) gave a coarse separation of the populations. The PCA projection

was similar to that shown in Fig 2.5, save for the Asian populations.
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Figure 2.6 Principal component analysis projections. (a) scatterplot diagram showing
the fourth and fifth PCs and allele distribution from all individuals. (b) scatterplot

diagram showing the fifth and sixth PCs and allele distribution from all individuals.

2.3.3 Phylogenetic reconstruction

The phylogenetic reconstruction based on the proportion of shared alleles distance
(PSA) measure is presented in Figure 2.7. All individuals clustered to their
designated breed origin except for the British Saddleback in which individuals were
split into two clusters. One British Saddleback individual fell within the Tamworth
clade (the same individual identified in the Bayesian genotypic clustering analyses).
There was high bootstrap support for individuals belonging to their breed of origin,
except for the British Landrace-Lop and the British Saddleback groupings. The
longest branches separated individuals within breeds implying that there is greater
variation within than between breeds. There was no bootstrap support for genetic

relationships between the pig breeds.
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Figure 2.7 A neighbour-joining tree constructed from allele-sharing distances among
all individuals. Bootstrap values greater than 500 are shown.

2.3.4 Genetic differentiation

The level of genetic differentiation (Fst) for the defined populations listed in Table

2.1 and for certain clusters that were inferred beyond the defined populations, at K =

15 and K =18 for STRUCTURE and BAPS, respectively are presented in Table 2.2.
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Table 2.2 Population genetic differentiation amongst the populations. * an inferred clustering by STRUCTURE at K = 15, ? an inferred

clustering by BAPS at K = 18, ® the genetic differentiation of a population calculated by averaging over all pairwise comparisons for a given

population.

Breed
1 Berkshire
2 British Lop
3 British Saddleback
4 Duroc
5 Glouc. Old Spots
6 Hampshire
7 British Landrace |
8 British Landrace I
9 British Landrace I
10 Large Black
11 Large White |
12 Large White Il
13 Large White IlI
14  Middle White
15 Pietrain
16 Tamworth
17 Asian Meishan FR
18 Asian Meishan GB
a'  British Saddleback |
b'  British Saddleback Il
a’  Asian Meishan GB |
b?>  Asian Meishan GB ||

0.34
0.19
0.33
0.26
0.33
0.34
0.31
0.30
0.31
0.30
0.30
0.34
0.34
0.31
0.34
0.48
0.47
0.25
0.21
0.50
0.50

0.17
0.27
0.30
0.27
0.12
0.14
0.12
0.23
0.23
0.23
0.28
0.24
0.23
0.29
0.35
0.36
0.20
0.19
0.38
0.38

0.21
0.19
0.23
0.19
0.16
0.16
0.17
0.18
0.19
0.23
0.19
0.18
0.21
0.33
0.35
0.01
0.01
0.37
0.37

0.31
0.32
0.30
0.29
0.28
0.29
0.29
0.28
0.33
0.31
0.30
0.31
0.41
0.42
0.26
0.21
0.45
0.45

0.34
0.33
0.29
0.27
0.28
0.28
0.28
0.33
0.33
0.30
0.32
0.45
0.45
0.24
0.21
0.48
0.48

0.28
0.26
0.26
0.28
0.28
0.28
0.32
0.29
0.31
0.36
0.43
0.44
0.27
0.23
0.47
0.46

0.09
0.12
0.15
0.22
0.21
0.29
0.22
0.23
0.30
0.37
0.37
0.21
0.20
0.39
0.40

0.13
0.24
0.22
0.22
0.29
0.22
0.23
0.30
0.37
0.38
0.18
0.18
0.40
0.40

0.24
0.20
0.20
0.26
0.21
0.20
0.27
0.36
0.37
0.18
0.18
0.39
0.40

10

0.26
0.26
0.30
0.24
0.26
0.30
0.40
0.41
0.22
0.17
0.44
0.44

11

0.05
0.10
0.22
0.22
0.28
0.36
0.37
0.22
0.17
0.40
0.39

12

0.14
0.23
0.23
0.27
0.37
0.38
0.23
0.19
0.40
0.40

13

0.29
0.27
0.33
0.42
0.43
0.28
0.23
0.46
0.45

14

0.22
0.34
0.38
0.40
0.24
0.20
0.43
0.42

15

0.31
0.35
0.36
0.22
0.18
0.38
0.39

16

0.44
0.44
0.24
0.23
0.48
0.48

17

0.11
0.36
0.33
0.15
0.15

18

0.38
0.35
0.06
0.01

0.08
0.41
0.41

b* a’
0.38
0.38 0.18

Ave
0.33
0.25
0.21
0.31
0.31
0.31
0.24
0.24
0.23
0.27
0.24
0.25
0.29
0.27
0.27
0.32
0.38
0.38
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Pairwise Fst for the defined populations ranged from 0.05 (Large White | vs Large
White 1) to 0.47 (Asian Meishan vs Berkshire), with an average Fst of 0.28. Genetic
differentiation of the defined population ranged from 0.21 in British Lop to 0.38 in
both the GB and FR Meishan populations. STRUCTURE divided the British
Saddleback into two clusters at K > 12 (Fig 2.2) and the level of genetic
differentiation between the two inferred genetic clusters was Fst = 0.08. BAPS
delineated the GB Meishan population into two clusters at K = 18 (Fig 2.3) and the
level of genetic differentiation between the two inferred genetic clusters was Fst =

0.18.

2.4 Discussion

2.4.1 Population structure

Bayesian genotypic clustering methods offer the prospect of characterising
population structure by inferring the number of underlying populations, K, present in
an empirical data set. However, obtaining a definitive value of K for the British pig
breeds proved a challenge as the three Bayesian methods, STRUCTURE, BAPS and

STRUCTURAMA, yielded slightly different answers.

STRUCTURE does not provide a statistical indication of the most likely K. Instead,
K is identified at a point of inflection on the log-likelihood curve that leads to a
plateau or by the maximum value (Pritchard and Wen 2004). However, when there is
a continual increase in the log likelihood, as observed in Figure 2.1, choosing K may
be problematic and is often a subjective task (Frantz et al. 2006). The Evanno et al.

(2005) AK method did not clarify the best value of K for the British pig breeds as the
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magnitude of AK were not strong or conclusive compared with, for example, AK =
130 reported by Frantz et al. (2006). In addition, variance in the log likelihoods for a
given K increased at high values of K (K > 16, Fig 2.1) as has been reported with
other data sets (Evanno and Regnaut 2005; Rosenberg et al. 2001). Through visual
observation of the log-likelihood curve, it is probable that the value of K lies between
10 and 15 (Fig 2.1). This is also supported by the fact that ‘ghost’ populations started
to appear from K = 16 in the STRUCTURE analysis. Other studies on both domestic
and wild species have similarly experienced difficulty in identifying K using
STRUCTURE (cat breeds (Menotti-Raymond et al. 2008) and red deer populations
(Frantz et al. 2006)). In the STRUCTURE analysis the very gradual increase in log-
likelihood values up to an asymptote may be indicative of the presence of genetic
continuity across breeds. Such a pattern could be a possible consequence of limited
breed barriers due to a short history and cross-breeding (Menotti-Raymond et al.
2008). With wild populations, similar STRUCTURE results have been attributed to
an isolation-by-distance relationship (Frantz et al. 2006). In that situation,
populations of individuals are spatially distributed and the chance occurrence of gene
flow amongst populations declines with increasing geographic distance between
populations creating a pattern of decreasing genetic similarity of populations with
increasing geographic distance between the populations. It may prove challenging to
define genetic populations that exhibit an isolation-by-distance or other subtle
structuring as the STRUCTURE model cannot easily accommodate data that display

these types of patterns (Pritchard and Wen 2004).
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STRUCTURAMA implements a simpler version of the STRUCTURE model but it
also allows K to be a random variable. Since the manual selection of the number
genetic populations may be considered a drawback this is a useful extension.
STRUCTURAMA gave a value of 11 for the number of underlying populations. At
this value of K, STRUCTURAMA produced a biologically credible clustering
solution where all breeds were independent units except for British Lop-British

Landrace and British Saddleback-Gloucestershire Old Spots (Fig 2.4).

BAPS estimated a higher value of K (18) than STRUCTURE and
STRUCTURAMA, but also produced biologically credible clustering solutions. The
clustering result at this value of K did not entirely correlate with the 18 identified
populations (Table 2.1) in that the Asian Meishan GB line was split into two clusters,
the Large White lines | and Il clustered together and a few individuals of Large
White | clustered with Large White 111 (Fig 2.3). Rowe and Beebee (2007) similarly
observed that BAPS inferred a greater number of genetically distinct groups in
natterjack toad populations, than did STRUCTURE. It has been suggested that BAPS
infers a finer level of genetic structure, though not necessarily true structure, when
patterns of isolation-by-distance are present in a dataset (Frantz and Cellina 2009;
Safner et al. 2011). The BAPS algorithm may detect weak random fluctuations in
allele frequencies, which could be considered as evidence of genetic differentiation

amongst sub-populations (Corander et al. 2008).

It is difficult to compare the clustering solutions of STRUCTURE and BAPS at

higher values of K as the former was not consistent between runs and also produced
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one or more ‘ghost’ populations. Comparison of returned clustering solutions at
lower K values between the Bayesian genotypic clustering approaches revealed some
differences. The methods concurred that certain breeds became distinct genetic units
at low K values (e.g. K = 8, Duroc, White, Tamworth, Meishan; Fig 2.2-2.3). Yet,
the clustering solutions of other breeds (namely Berkshire, British Saddleback and
Gloucestershire Old Spots) were largely unresolved due to inconsistent results
between the methods. At a specific value of K, different pairings of breeds were
observed (e.g. K = 12). Additionally, sometimes the methods returned the same
clustering observations but at different levels of K. For instance, BAPS observed
subdivision between the lines of British Landrace from K = 10 (Fig 2.3) whilst

STRUCTURE produced this result at a higher value of K = 15 (Fig 2.2).

An additional incongruence between the Bayesian genotypic clustering methods was
in the detection of substructure within breeds. The British Saddleback did not form a
single cluster according to the STRUCTURE (Fig 2.2) and phylogenetic analysis
(although the bootstrap support for this was low, ~30%; Fig 2.7), while BAPS did
not provide any evidence of substructuring within the breed (Fig 2.3). In contrast,
BAPS separated the French Meishan from the British Meishan, and furthermore,
detected substructure with the British Meishan (K = 18, Fig 2.3). Moreover, there
was high bootstrap support (> 50%) for the division of British Meishan into two
genetic clusters (Fig 2.7). The British Meishan was known to be composed of
individuals from two separate subpopulations, derived from a single importation but
subsequently bred separately, thus these findings reflect true differentiation likely

due to founder effects and subsequent drift and selection after importation. The
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British Saddleback, on the other hand, was considered a panmictic population like

the other British pig breeds.

STRUCTURE did not reveal definitive substructure beyond the level of breed in
those composed of separate lines. At high values of K there was evidence for further
substructure in the British Landrace and Large White (Fig 2.2). However, ‘ghost’
populations, inconsistent clustering solutions and a large variation in the log-
likelihood were evident at these high K values (Fig 2.2). This indicates that the
MCMC chain had not converged, which could suggest that genetic differentiation
was weak (Waples and Gaggiotti 2006). Yet, the levels of genetic differentiation in
this analysis should have been sufficient (Fst > 0.05, suggested by (Latch et al.
2006)) for the detection of the substructure in this dataset (British Landrace lines Fst
= 0.11 (mean Fst between the 3 lines); the two identified genetic clusters of British
Saddleback, Fst = 0.08; the two identified genetic subpopulations of British

Meishan, Fst = 0.18, Table 2.2).

Overall, BAPS detected genetic structure at a finer scale than the other Bayesian
clustering methods. Although other studies have found that BAPS tends to
‘overestimate’ K (Frantz and Cellina 2009; Safner et al. 2011), for the British pig
breeds the higher estimated value of K produced genetic groups that were all
biologically credible (Fig 2.3). Incongruent results between different Bayesian
clustering methods have also been encountered in previous studies (Ball et al. 2010;
Frantz and Cellina 2009; Latch et al. 2006; Rowe and Beebee 2007) and it is not

apparent what causes these inconsistencies. They may arise from differences in the
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underlying models, the statistical estimators or the algorithms used (Guillot et al.
2005) or there may not be sufficient genetic information to conclusively differentiate
groups within breeds (e.g. British Saddleback) and, consequently, the methods may
be operating at their limits. Thus, it remains uncertain whether STRUCTURE and
phylogenetic reconstruction have uncovered real genetic structure within the British

Saddleback.

2.4.2 Assignment of individuals to origin and genetic diversity

The majority of the individuals were successfully assigned to their pre-designated
breed origin using both the Bayesian genotypic clustering methods and phylogenetic
reconstruction. This is reflected by the estimation of high membership proportions
(Fig 2.2-2.4, q > 0.9, clustering methods) and high bootstrap values following
resampling of loci (phylogenetic reconstruction). The lack of admixture indicates that
the majority of the British pig breeds are distinct genetic units and that there is little
hidden substructure within the breeds, which is substantiated by the estimated high
levels of genetic differentiation (Table 2.2). In a study on dog breeds, Koskinen
(2003) also reported that Bayesian genotypic clustering and phylogenetic

reconstruction performed similarly in terms of assigning individuals to breed origin.

Phylogenetic reconstruction also indicated that a large amount of genetic variation
lies within the British pig breeds. A cladogram was produced, where the longest
branches separated individuals within breeds (Fig 2.7). This was substantiated by

multivariate analysis of the microsatellite allele distribution. The PCA projection
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showed that individuals were not tightly clustered, and were instead spread out and
populations overlapping (Fig 2.5-2.6). An analysis of molecular variance (AMOVA)
(Excoffier and Heckel 2006), a measurement that partitions variance among groups,
also revealed that most of the variation was found within the pig breeds (~72%, P <

0.0001).

2.4.3 Defining the genetic boundaries of breeds

Kalinowski (2011) stated that the colour-coded plots produced by Bayesian
genotypic clustering approaches (e.g. Fig 2.2-2.4) provide limited information on
population structure because the relationships amongst populations cannot be
described. It is true that the degree of genetic differences or similarities between
inferred populations or clusters cannot be numerically quantified using these
resultant plots. However, it can be argued that the Bayesian genotypic clustering
approaches do illustrate certain genetic relationships: populations that split to form
independent clusters at lower K values can be interpreted as being relatively
genetically unique and populations that cluster together independent of others at

many K values could be indicative of genetic similarity.

With Bayesian genotypic clustering, as well as PCA, data can be examined at a
number of dimensions, where populations may separate to form their own
independent genetic unit with each increase in principal component or value of K.
This likely indicates distinctive multilocus genetic combinations for these particular

populations (Rosenberg et al. 2001). In both PCA and BAPS, the Large White was
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the first British breed to form a distinct cluster, with the other commercial breeds

following with increasing dimensions (Fig 2.3, 2.5-2.6).

Some credible genetic groupings of pairs of breeds were also observed from the
individual-based analyses. The first was the clustering of the British Lop breed with
the British Landrace lines, a breed of European origin. Megens et al (2008) showed,
using phylogenetic reconstruction, a genetic affinity of British Lop with other
European pig breeds. This suggests that British Lop may either be a breed of
European origin or has experienced substantial genetic introgression from British
Landrace (Hall and Clutton-Brock 1988). The second was the pairing of Berkshire
and Gloucestershire Old Spots breeds. These two observations were consistent across
all the statistical approaches (Fig 2.2-2.7). In a third case, some of the methods
revealed that the British Saddleback breed shared a genetic affinity with the
Berkshire-Gloucestershire Old Spots grouping. STRUCTURAMA clustered the
breed with Gloucestershire Old Spots and STRUCTURE placed British Saddleback
with the Berkshire-Gloucestershire Old Spots cluster in the majority of the replicates
for low K values. In addition, the three breeds shared an internal branch on the
phylogenetic topology (Fig 2.7). The observed genetic similarities between these pig
breeds are supported by historical information. Firstly, the three breeds are
indigenous to Great Britain and share a common geographic origin: the counties of
the south of England (BPA 2002; Porter 1993). Secondly, the Berkshire was once a
popular and prevalent pig used to improve other breeds (BPA 2002; Porter 1993).
Historic genetic introgression of the Berkshire could have augmented or maintained

the genetic affinities between these indigenous breeds.
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Beyond pairs of breeds, the genetic structure amongst the British pig breeds could
not be discerned. Although the breeds were highly differentiated (Table 2.2), the
cladogram had a low bootstrap support for relationships between the breeds, a star-
shaped topology and short internal branches that separated individuals from those of
other breeds (Fig 2.7). The lack of a robust and coherent evolutionary tree has also
been observed in a larger group of European pig breeds (Megens et al. 2008;
SanCristobal et al. 2006a) and the result could be due to cross-breeding during the
history of development of these breeds (Eding and Bennewitz 2007). The
inconsistent clustering solutions between replicate runs found using STRUCTURE
could reflect the same phenomenon. Peter et al (2007) found that STRUCTURE
depicted a few possible clustering solutions for sheep breeds and that clusters were
only partially hierarchical. Li et al (2007) similarly reported variation between runs,
suggesting a lack of high-level substructure in European cattle breeds. Historical
cross-breeding for improvement may have created a genetic structure such that the
individuals of the British pig breeds are equally genetically similar, leading to the

existence of multiple possible clustering solutions.

2.5 Conclusion

The performance of three Bayesian genotypic clustering methods, PCA and
phylogenetic reconstruction were compared in the inference of population genetic
structure in a livestock breed. Except for PCA, which was only able to separate
breeds into related groups and could not identify the individual breeds, the methods

were similarly effective in delineating breeds and assigning individuals to breed of
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origin. However, there were incongruent results between the different Bayesian
genotypic clustering techniques with respect to the determination of K, clustering
solutions and the detection of substructure within breeds. Of the Bayesian genotypic
clustering methods, BAPS detected finer genetic differentiation within the breeds

with known substructure.
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CHAPTER THREE

The genetic structure of the British Saddleback pig breed

53



3.1 Introduction

In chapter 2, the application of several individual-based genetic clustering techniques
to characterise population genetic structure was explored using microsatellite data
from British pig breeds. As reported, there were inconsistent clustering results
between the different methods; one of the most striking was the inferred clustering
solutions of the British Saddleback breed. Of the Bayesian genotypic clustering
approaches, BAPS retained the British Saddleback as a single genetic unit (Fig 2.3),
whilst STRUCTURE split the breed into two genetic clusters (Fig 2.2). The latter
clustering solution was supported by phylogenetic reconstruction, which also could

not resolve the British Saddleback into a single clade (Fig 2.7).

Inconsistent clustering solutions between different Bayesian genotypic clustering
approaches have been observed in other studies (Frantz and Cellina 2009; Rowe and
Beebee 2007). Consequently, it was uncertain whether STRUCTURE and
phylogenetic reconstruction were uncovering real genetic substructure within the
British Saddleback. The individual-based clustering approaches may have been
operating at their extremes. Nonetheless, the clustering results were intriguing

especially considering the known history of the breed.

The British Saddleback is a relatively young British pig breed, the result of the
amalgamation of two breeds, the Essex pig and Wessex Saddleback. The two breeds,
in particular the Wessex Saddleback, were once very popular. However, after World

War 1l the importation of European breeds with favourable production traits led to a
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considerable population decline in many traditional British pig breeds, including the
Essex pig and Wessex Saddleback. Consequently, based on the common possession
of a white belt (‘saddleback”), the two breeds were combined to establish the British

Saddleback in 1967 (Alderson 2007; BPA 2002; Porter 1993).

Although the white saddleback was a common feature to both breeds, there were
notable differences in the historical development and morphological characteristics
of the Essex pig and Wessex Saddleback (Alderson 2007; BPA 2002; Porter 1993).
The Essex pig originated from Essex and was improved with Asian pig breeds,
whilst the Wessex Saddleback was found in the South and South West of England
and its breed society resisted the introduction of Asian alleles. In body size, the
Wessex Saddleback tended to be larger than the Essex pig. As stated earlier, both the
Essex pig and Wessex Saddleback possessed a white belt that encircled the body at
the shoulders and extended down the fore-legs. However, in the Wessex Saddleback
the width of the belt tended to be smaller, sometimes incomplete and with black
spots occasionally dotted inside it. For both breeds, the rest of the body was black,

with the exception of white appearing on the hind legs and tip of the tail in the Essex

pig.

Despite the similarities between the breeds it has been steadfastly maintained that the
Essex and Wessex Saddleback were two genetically distinct breeds due to their
disparate geographic origins, different morphological characteristics and subsequent
breed development. Therefore, there have been reservations over the amalgamation

based solely on the feature of a shared white belt (Alderson 2007; BPA 2002; Porter
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1993). Given the known history of the British Saddleback breed and the inconclusive
genetic clustering results reported in chapter 2, further analysis of the British
Saddleback individual genotype data was warranted. The aim of this chapter was to
further elucidate and characterise the genetic structuring within the British

Saddleback pig breed.

3.2 Materials and Methods

3.2.1 Data

The genotypic data of the British Saddleback breed was a subset from an extensive
European pig breed biodiversity study (SanCristobal et al. 2006a). Genotype data

was available from 46 microsatellite markers for 41 British Saddleback individuals.

The following information was also available for each individual: sex, date of birth,
farmer (geographic location), sire name and dam name. Further information was
contained in each sire and dam name. The names consisted of two parts: the first was
the herd prefix and the second was the bloodline, both of which indicate the ancestry
of the individual. The British Saddleback has a total of 45 bloodlines, comprising of
31 female bloodlines and 14 male bloodlines. Of these lines, 11 of the female
bloodlines and 3 of the male bloodlines have ancestry traced back to the old Essex
pig herd books (EPS 2011). Of these Essex pig lines, most are said to contain some
Wessex Saddleback ancestry, except for 3 female lines (Alvis, Duchess and Grand
Duchess) and 1 male line (Dictator) that are alleged to still be ‘pure’ Essex pig.
Individuals allegedly free of Wessex genetic contamination and of ‘pure’ Essex pig

origin were sampled: 1 individual from the Glascote herd of sire bloodline Dictator,
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1 individual of dam bloodline Alvis and 3 more individuals with sire bloodline
Dictator. The Glascote herd is said to be founded by Essex pigs before the

amalgamation and has remained ‘pure’ since its foundation.

3.2.2 Within and among population diversity

Genetic variation within a population was first measured by estimating the frequency
of heterozygotes (the proportion of heterozygous individuals in a population). The
observed heterozygosity (Ho) was estimated directly from the frequency of
heterozygotes observed in the sample population averaged across all loci. Assuming
Hardy Weinberg equilibrium (HWE), the expected heterozygosity (Hg) was
estimated from the allele frequencies as 1 - Y'p® averaged over all loci. In addition,
the total number of alleles was obtained by counting the number of alleles occurring
in a population. All calculations were performed using the program FSTAT 2.9.3

(Goudet 1995).

The amount of genetic diversity within each individual was determined by measuring
the proportion of microsatellite loci that were heterozygous. Individual multilocus
heterozygosity (MLH) was calculated as the number of loci at which an individual
was heterozygous, divided by the total number of loci at which an individual was
scored (Coltman et al. 1999; Slate et al. 2000). The calculations were performed in R

(Team 2011).
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To determine if populations were in HWE, exact tests were computed using
GENEPOP 4.0.7 (Rousset 2008) and significance levels of the tests were adjusted for
multiple comparison following standard Bonferroni corrections (Rice 1989) (for

further details see section 2.2.1 in chapter 2).

Genetic differentiation of populations was measured by estimating Weir and
Cockerham’s Fst (Weir and Cockerham 1984) (for further details see section 2.2.5 in

chapter 2).

Individual inbreeding coefficients (F), defined as the probability that two
homologous alleles in an individual are identical by descent from a recent common
ancestor (Wright 1921; Wright 1922), were provided by Rex Walters, in association
with the British Pig Association, for 37 of the British Saddleback individuals. F
values were estimated by tracing the pedigree of individuals back to the common
ancestors of the parents and computing the probabilities of alleles segregating at each
generation. F values were estimated from the British Saddleback pedigree using the
software Geneped (developed by Rare Breeds Survival Trust and Grassroots). The
time period used to estimate F values was from 01/01/1977 (the start of the electronic

database) to 1998/1999 (the year of birth of the sampled individuals).

3.2.3 Clustering of individuals populations

Two Bayesian genotypic clustering approaches, STRUCURE 2.1 (Pritchard et al.,

2000) and BAPS 5.2 (Corander et al. 2008), were used to probabilistically assign
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individual multilocus genotypes to clusters and infer the number of genetically
distinguishable populations (K) (for further details see section 2.2.2 in chapter 2). For
both STRUCTURE and BAPS, five replicate runs were implemented from 1 <K <5.
The phylogenetic relationships amongst the individuals were reconstructed by
estimating the proportion of shared alleles (for further details see section 2.2.4 in

chapter 2).

3.3 Results

Bayesian genotypic clustering analysis using both BAPS and STRUCTURE on only
the British Saddleback breed produced concordant clustering solutions at K = 2,
where the same individuals grouped together in the two separate subpopulations. The
separation of the British Saddleback individual multilocus genotypes into two
genetic subpopulations was also in concordance with that found using STRUCTURE
in chapter 2 at K > 12 (Fig 2.2). Individuals that clustered to either of the two genetic
subpopulations did so with a high proportion (q > 0.8). There were four individuals
whose genomes were split between the two clusters and considered as admixed (0.2
< g < 0.8). Phylogenetic reconstruction of the British Saddleback individuals
similarly divided the breed into the two genetic clusters with all four admixed
individuals positioned in one of the subpopulations. However, it was noted that
certain loci genotyped in the British Saddleback breed had a large proportion of
missing data. To determine if the presence of missing data influenced the inferred
clustering solutions, loci with greater than 10% missing data (8) were removed

leaving a total of 38 microsatellites. Re-analysis of the 38 microsatellite loci using
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BAPS and STRUCTURE produced concordant clustering solutions to that of the full
dataset (all 46 loci) at K = 2, except that only one individual was admixed (Fig 3.1).
From K = 3 to K = 4 both BAPS and STRUCTURE split the larger of the clusters
identified at K = 2, the green cluster in Figure 3.1, into further clusters. At K =5 the
individuals belonging to the green cluster identified at K = 2 were further split to
produce four clusters by BAPS. At K = 5 variation in the log-likelihood between
runs was observed for STRUCTURE. Three out of five runs split the individuals
belonging to the green cluster identified at K = 2 to produce four clusters. The
remaining two runs split individuals belonging to the pink cluster identified at K = 2

into two further clusters.

Figure 3.1 Histogram of the individual assignment from Bayesian genotypic cluster
analysis using STRUCTURE at K = 2 (38 microsatellite loci). Each individual is

represented by a vertical line corresponding to its membership coefficient (q).

To determine the number of underlying genetic subpopulations in the British
Saddleback breed the statistic delta (AK), which represents the rate of change with
successive K values, was estimated for the STRUCTURE analysis. In Figure 3.2, the
rate of change in the log likelihood with successive K values, AK, was plotted from
K; — Ky to K4 — Ks. As can be seen, the maximum value of AK showed that the
greatest gain with increasing K was from K; - K, indicating that the most likely

clustering solution for the British Saddleback dataset was two subpopulations. The
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log-likelihood plot for BAPS results showed a notable decrease in the rate of gain in
log likelihood with successive K value starting at K, — K3 also suggesting that the

optimal structuring of the British Saddleback is two subpopulations (Fig 3.2).
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Figure 3.2 Plot of log-likelihood with increasing K value for the BAPS and
STRUCTURE analyses (38 microsatellite loci). The black dots on the STRUCTURE plot
represent the log-likelihood values and the grey dots connected with a dashed line
represent the delta estimate.

The phylogenetic reconstruction of the British Saddleback breed with the individual
genotype data of 38 microsatellite loci was visualised as a neighbour-joining tree in

Figure 3.3. The reconstruction replicated the inferred genetic subdivision of the
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British Saddleback using Bayesian genotypic clustering approaches, where the same
individuals grouped together in the two clades. The one inferred admixed individual
(Fig 3.1) fell in between the two reconstructed clades (Fig 3.3). There was a low
bootstrap support (~35%) to separate the two inferred genetic subpopulations. When
the one inferred admixed individual was removed from the analysis, a slightly

stronger bootstrap support was obtained for the two major clades (49%).

Dictatar

2

£ Glazcate

Figure 3.3 Phylogenetic reconstruction of the relationships between the British
Saddleback individuals allele-sharing distances (38 microsatellite loci). Individuals are
labelled according to group affiliate from the STRUCTURE results at K = 2. Bootstrap
support greater than 50% are shown with an asterisk. Positions of the individuals of

‘pure’ Essex pig origin are indicated.
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Henceforth, the two subpopulations of the British Saddleback breed, as defined by
the individual-based clustering analysis using the 38 microsatellite loci dataset, were
simply labelled as Subpopulation 1 and Subpopulation 2 and comprised of 18 and 22
assigned individuals, respectively. The estimated level of genetic differentiation (Fsr)

between the two genetic subpopulations was 0.084.

Within-population estimates of genetic diversity for the whole British Saddleback
breed, Subpopulation 1 and Subpopulation 2 are presented in Table 3.1. Although
similar levels of observed and expected heterozygosity were found in the British
Saddleback and both subpopulations, the number of alleles found in Subpopulation 1
was noticeably lower than in Subpopulation 2. Two loci deviated from HWE

proportions in the British Saddleback breed.

Table 3.1 Population genetic descriptors for the British Saddleback breed,
Subpopulation 1 and Subpopulation 2. Hg, Ho, N and HWE are the expected
heterozygosity, observed heterozygosity, average number of alleles per locus and the
number of loci that deviated from HWE after Bonferroni correction, respectively.

He Ho N HWE
British Saddleback 0.63 0.59 5.79 2
Subpopulation 1 0.57 0.58 3.84 0
Subpopulation 2 0.62 0.60 5.40 1

The estimated coefficient of individual inbreeding (F) averaged for the British
Saddleback breed was 5.15% (s.d. 2.99). The frequency distributions of F for
Subpopulation 1 and 2 are presented in Figure 3.4. Individuals from the

Subpopulation 1 had significantly higher levels of F (mean F = 8.01%, s.d. 1.33) than
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individuals from Subpopulation 2 (mean F = 2.60%, s.d. 1.22, Mann-Whitney U test,

p <0.05).
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Figure 3.4 Frequency distribution of the individual inbreeding coefficients for

Subpopulation 1 and 2.

Individual multilocus heterozygosity (MLH) ranged from 0.39 to 0.71 in
Subpopulation 1 and were not significantly lower than that observed in
Subpopulation 2 (range 0.45 to 0.74, Mann-Whitney U test, p = 0.35). Non-
significant correlations were observed between MLH and F for both Subpopulations
(Spearman’s rank correlation =-0.008, p = 0.97 and Spearman’s rank correlation =

0.24, p = 0.3199, for Subpopulation 1 and 2, respectively).

Information on the ancestry origin, herd prefix and bloodline, of the individuals was
considered in light of the inferred genetic subdivision of the British Saddleback
individuals (Table 3.2). Although Subpopulation 1 consisted predominantly of
bloodlines of Wessex Saddleback ancestry, Subpopulation 2 contained a mixture of

both Essex pig and Wessex bloodline ancestry. To recall, for five individuals the dam
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Table 3.2 British Saddleback individuals from the two subpopulations, listed with the

herd prefix and the ancestral bloodlines of the sire and dam, Essex pig (E) or Wessex

Saddleback (W).

Subpopulation

1

Admixed ind.

Individual
s01
s02
s04
s05
s06
s17
s24
s25
s26
s27
s28
s29
s30
s31
s32
s33
s34
s41
s09
s10
sll
s1l1A
s12
s13
sl4
s15
s18
s21
s22
s23
s35
s36
s37
s38
s39
s40
s42
s43
s44
s45
s03

Sire Herd
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Maddaford
Maddaford
Maddaford
Maddaford
Maddaford
Maddaford
Maddaford
Maddaford
Huntinghall
Glascote
Poplar
Poplar
Endsleigh
Endsleigh
Sedgefen
Sedgefen
Endsleigh

Colony Weeford
No information

Corella Park
Corella Park
Dalehead
Winneyhill

Sire Line

mmzszsmMmmMmMmMmMmMMmMMssETETETETETETETETETETETETETEssssssss

msg sz

Dam Herd
Lydling
Lydling
Lydling
Lydling
Lydling
Whithorn
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Rainbarrow
Maddaford
Erriwig
Maddaford
Pencoed
Maddaford
Pencoed
Maddaford
Maddaford
Penlas
Glascote
Oakleaf
Oakleaf

Colonyvalence
Colonyvalence

Endsleigh
Endsleigh

Colonyvalence

Sedgefen

Corella Park
Corella Park
Maddaford
Lydling

Dam Line

m m

EgszssmMmMmzszsmMmMmszssMsMsssssssssssssssmMmmmmmm

msz sz
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or sire were of alleged ‘pure’ Essex pig bloodline ancestry, and of four of these
individuals, the other ancestral half was also an Essex pig bloodline. Although all
five individuals were assigned to Subpopulation 2, they did not cluster together in the
phylogenetic reconstruction (Fig 3.3) and were instead scattered amongst individuals
of full and mixed Wessex Saddleback bloodline ancestry. It was not unexpected that
3 of the Dictator individuals would cluster together as they shared the same sire line,
however, the two adjacent individuals to the these Dictators individuals had Wessex
bloodlines from both dam and sire, although this part of the structure was not well

supported (Fig 3.3).

The genetic subdivision of the British Saddleback breed into Subpopulation 1 and
Subpopulation 2 was reflected by the herd prefix (Table 3.2). All the individuals in
Subpopulation 1 had one or both parents with the herd prefix Rainbarrow. All the

individuals in Subpopulation 2 had a sire or dam name of other herd prefixes.

In the Bayesian genotypic clustering analysis it was Subpopulation 2 (the larger
green cluster) that was divided further in to separate groups at both K = 3 and 4.

These separate clusters corresponded with herd membership.

3.4 Discussion

In chapter 2 the British Saddleback was the only traditional British pig breed that had

not formed a single distinct genetic unit using certain individual-based clustering

tools. Further analysis in this chapter on only the British Saddleback individual
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genotypes using Bayesian genotypic clustering tools resulted in a maximum delta
estimate (AK) at K = 2, indicating that the most likely clustering solution for the
breed was two subpopulations (Fig 3.2). In addition, there was a clear division of
British Saddleback individuals into two clades in the phylogenetic tree, although the
bootstrap support was low (Fig 3.3). By pooling the two inferred subpopulations it
was likely that a Wahlund effect was created thereby resulting in the slight

heterozygote deficit observed in the overall British Saddleback breed (Table 3.1)

The initial assumption was that the two genetic subpopulations in the British
Saddleback breed was a reflection of the amalgamation of the Essex pig and Wessex
Saddleback back in 1967 (BPA 2002). Bloodline information might have been used
to make breeding decisions. In herds of other British traditional pig breeds it has
been found that some individuals derived from the same bloodline have been found
to more similar to one another than to individuals of different bloodlines within the
same herd (Hall 1989). However, further scrutiny of the Essex pig and Wessex
Saddleback historic bloodlines indicated that that this was not the case as both
subpopulations had a high proportion of Wessex Saddleback ancestry (Table 3.2).
From a cursory examination of a four generation pedigree of an individual available
on the British Pig Association (BPA) website it was clear that many of the ancestral
bloodlines of Essex pig and Wessex Saddleback have been inter-crossed repeatedly.
There have been more than 30 generations of British Saddlebacks since the
amalgamation and it appears that the bloodlines of the Essex pig and Wessex
Saddleback have not survived as distinct groups within the current breed population.

Indeed, the assertion that certain Essex pig bloodlines are free from Wessex
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Saddleback blood (EPS 2011), and hence should be genetically distinct, was not

supported.

On closer examination, the pattern of genetic subdivision was instead associated with
herds whereby all individuals with Rainbarrow herd ancestry clustered in
Subpopulation 1 while the individuals of Subpopulation 2 belonged to other herds
(Table 3.2). The Rainbarrow herd is an old herd of what was originally Wessex
Saddlebacks, first registered in 1953 (BPA 2008). Like all other Wessex Saddleback
herds, it has since been absorbed into the established British Saddleback breed. Yet,
the individuals of the Rainbarrow herd appear to be genetically different from

individuals of other British Saddleback herds.

The genetic structuring observed in the British Saddleback breed implies that genetic
barriers may have been imposed between the Rainbarrow herd and the other herds,
inhibiting gene flow to and from the herd and thereby affecting genetic
homogenisation of the breed. Hall (1989) reported that, in comparison to other
British traditional pig breeds, in the British Saddleback relatively less males and
females were transferred from their herd of origin to other herds for further breeding.
In addition, if a subpopulation is isolated random genetic drift also influences levels
of genetic differentiation, particularly if the subpopulation is small in size (Hartl and
Clark 1997). Other non-mutually exclusive factors could also have contributed to the
genetic heterogeneity observed in the breed, including inbreeding. There was a stark
difference between the distributions of individual inbreeding coefficients estimated

from the pedigree for the Rainbarrow herd and for the other herds (Fig 3.4). Very
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close inbreeding appears to have been avoided in the other herds and only a small
percentage of individuals have become inbred due to a more common ancestor in
recent generations. The level of inbreeding in the Rainbarrow herd was higher than
that found in other British traditional pig breeds (Hall 1989). While the level of
inbreeding in the Rainbarrow herd was lower than that found in other livestock
breeds (e.g., Lippizan horse 10.30% (Curik et al. 2003)), the high level indicates that
mating between related individuals has occurred in the herd. This does not
necessarily imply that consanguineous mating was intentionally practiced.
Traditional pig breeds generally have small population sizes and the sizes of their
herds would be even further reduced. These breeds have been shown to possess
higher levels of inbreeding in individuals whose parents both originated from the
same herd compared to individuals whose parents originated from different herds
(Hall 1989). In other words, if a small subpopulation is closed off from any new
genetic material it may be inevitable that individuals will share ancestry due to its
size. Hence, the pool of closely related individuals would be genetically different
from the rest of the individuals of the total population, resulting in population genetic

heterogeneity and subdivision (Hartl and Clark 1997).

The mating of individuals more closely related than by chance is also expected to
impact genetic diversity by reducing genome-wide heterozygosity and increasing
homozygosity (relative to HWE) over successive generations (Hartl and Clark 1997).
Hence, in the absence of pedigrees, as is often the case with wild populations, it has
been suggested that individual multilocus heterozygosity (MLH) could be used as a

proxy for inbreeding (Slate et al. 2000). However, although the range of MLH was
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slightly higher in the other herds, it was not significantly different from that observed
in the Rainbarrow herd. Also, there was a weak and non-significant correlation
between MLH and individual inbreeding coefficients, which was not consistent with
the assumed effects of inbreeding on genetic diversity. Similar results have been
observed in other studies and the poor prediction of inbreeding from levels of
heterozygosity of individuals has been further discussed (Pemberton 2004;
Pemberton 2008; Slate et al. 2004). Moreover, the average heterozygosity of the
Rainbarrow herd was similar to that of the other herds and European pig breeds
(Table 3.1) (SanCristobal et al. 2006a). Even if a high proportion of individuals have
become inbred in the Rainbarrow herd (Fig 3.4), it does not seem to have impacted

the heterozygosity levels within the herd.

Although heterozygosity was high, there was a reduced allelic diversity in the
Rainbarrow herd relative to other herds (Table 3.1). The contrasting levels of allelic
diversity and heterozygosity in the Rainbarrow herd were consistent with simulation
studies on the effects of a bottleneck on within-population diversity. During a
bottleneck rare alleles, which have little effect on heterozygosity, are lost faster than
heterozygosity and, as a consequence, there is a greater reduction in allelic diversity
than heterozygosity (Allendorf 1986). The duration of a bottleneck and the size of a
population also impact the severity of allelic reduction. The effects of a bottleneck on
population diversity was demonstrated in a founding population of captive vultures
where there was no significant reduction in heterozygosity over successive
generations, but a loss in allelic diversity with fewer alleles per microsatellite locus

(Gautschi et al. 2003). However, since the British Saddleback has not been sampled
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at various times points there was no direct evidence of a temporal reduction in allelic
diversity due to bottleneck. Nonetheless, the low allelic diversity in the Rainbarrow
herd may impact the long-term viability of the subpopulation because the limit of

selection response is determined by the number of alleles (Hill and Rasbash 1986).

3.5 Conclusion

Unlike the other traditional British pig breeds there appears to be subtle substructure
within the British Saddleback population. The inferred genetic substructure in the
breed did not reflect the historic creation of the breed from the Essex pig and Wessex
Saddleback. Instead, one of the herds of the British Saddleback appeared to be
genetically differentiated from the other herds. The herd in question also had
relatively low allelic diversity and a high level of inbreeding, suggesting population
isolation and the absence of genetic introgression. Certain breeding decisions that
have been made for the Rainbarrow herd over the last few decades may have had an

influence on the inbreeding rate and the allelic diversity of the subpopulation.

71



CHAPTER FOUR

Genetic characterisation of British traditional chicken breeds
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4.1 Introduction

A recent review on farm animal genetic resources (FANGR) in Britain detailed prior
efforts undertaken to characterise the molecular biodiversity of breeds with the goal
to conserve these resources (DEFRA 2009). Researchers have assessed British
FANGR in a variety of ways: participation in European-wide initiatives (e.g. cattle,
goats, sheep, pigs) (Canon et al. 2006; Laloé et al. 2010; Lawson Handley et al.
2007; SanCristobal et al. 2006a), genetic analysis of a number of local breed
populations (e.g. cattle) (Wiener et al. 2004) and characterisation of high priority
breeds (e.g. Dexter and Jersey cattle breeds) (Bray et al. 2009; Chikhi et al. 2004). In
comparison to other farm animal species, however, there has been a noticeable lack
of attention directed towards characterising Britain’s poultry biodiversity, with only
one British chicken breed genotyped in a European-wide AVIANDIV chicken breed
biodiversity study (DEFRA 2009; Hillel et al. 2003). This paucity of effort is in stark
contrast to numerous studies that have characterised the genetic diversity and
structure of other European chicken breeds, from extensive analyses on widely
sampled sets of commercial and non-commercial chicken breeds (Granevitze et al.
2007; Granevitze et al. 2009; Hillel et al. 2003) to small-scale genetic biodiversity
studies on local chicken populations (e.g. Finnish, French, Hungarian and Italian
chicken breed studies) (Vanhala et al. 1998; Berthouly et al. 2008; Bodzsar et al.

2009; Zanetti et al. 2011).

The lack of any previous efforts to characterise British poultry genetic resources is

surprising considering the country’s history of poultry breeding. Britain has a large
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number of chicken breeds due to a long tradition of breed development and
exhibition of fancy breeds (Hams 2004; Roberts 1997). This reservoir of variability
iIs a combination of old indigenous breeds, foreign introduced breeds and more
recently developed breeds (Table 4.1). The immense diversity of UK chicken breeds
can be observed through the many sizes, shapes and colours of morphological
characteristics including: body, comb, feathers, skin, tails and feet (Roberts 1997).
The large pool of British chicken breeds is potentially a major source of diversity
and, considering the absence of allelic diversity among commercial chickens due to
bottlenecking early in the development of the lines (Muir et al. 2008), it is imperative

that an assessment of British poultry genetic resources is undertaken.

The objective of this study was to determine the levels of genetic diversity within
breeds, the genetic structure of breeds and the levels of admixture in the British
chicken breeds using the Food and Agriculture Organisation (FAO) recommended
microsatellite marker panel. The characterisation of the state of the genetic resources
of British chicken breeds will, first, inform management initiatives and help set
priorities for conservation, and, second, contribute to the European-wide perspective

on FAnGR.

4.2 Materials and methods

4.2.1 Data, DNA extraction and microsatellite genotyping

Owners of flocks of known provenance were approached and asked to provide up to
12 fertile hatching eggs. Eggs were mailed to the Roslin Institute and incubated for 7

days at which time the embryos were harvested. The embryo was divided and the
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Table 4.1 Summary details of 24 chicken breeds. * sample size; > number of flocks contributing to sample size; > number of morphological
types present in sample size; * information from (Hams 2004; Roberts 1994; Roberts 1997; Vorwald Dohner 2001) ; ° population size status
measured by the number of breeding females as follows: Critical = 100, Endangered = 200, Vulnerable = 300, At Risk = 500 (DEFRA 2010).
(The adopted quantification was previously used by RBST to categorise breed status.)

Breed N' Flocks® Types® Origin® Introduction®  Suspected development origins* Status®
Appenzeller 30 9 3 Switzerland 1970s Endangered
Araucana 29 7 3 Chile 1930s

Brahma 25 6 3 China/USA  1800s At Risk

Buff Orpington 26 8 1 Britain Buff Cochin, Dorking, Hamburg, Langshan; 1800s At Risk
Cochin 29 6 2 China 1800s At Risk
Croad Langshan 28 8 1 China 1800s

Derbyshire Redcap 30 9 1 Britain Old indigenous

Dorking 26 7 3 Britain Old indigenous

Hamburg 30 10 3 Britain Old indigenous

Indian Game 26 8 3 Britain Asil, Old English Game, Malay; 1800s Endangered
Ixworth 27 6 1 Britain Indian Game, White Sussex, Wyandotte; 1930s Critical
Leghorn (coloured) 29 7 4 Italy/USA 1800s

Lincolnshire Buff 30 6 1 Britain Orpington Buff, Dorking, Cochin; 1930s Critical
Maran 30 6 2 France Early 1900s

Marsh Daisy 28 8 1 Britain Old English Game, Malay, Hamburg; 1930s Endangered
Norfolk Grey 19 4 1 Britain Birchen Game, Silver Duckwing, Leghorn; 1930s  Critical

Old English Pheasant Fowl 28 9 1 Britain Old indigenous Endangered
Rhode Island Red 30 7 1 USA 1900s Shanghai, Malay, Java, Brown Leghorn

Scots Dumpy 28 6 1 Britain Old indigenous

Scots Grey 29 6 1 Britain Old indigenous At Risk
Silkie 29 6 3 Asia 1600s

Spanish 28 7 1 Spain 1700s Critical
Sussex Light 30 6 1 Britain southern England

Sussex 30 6 3 Britain southern England
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head and body were stored separately at -80°C. Data collection took place over a

period of 3 years (2007-2009). The DNA was extracted from the thawed heads using

the ‘Maxwell 16’ system. The number of flocks per breed was limited to a minimum

of four and the number of samples per flock to a maximum of six for genetic

analysis. Using these sampling criteria a total of 24 breeds were included in the

study, with 19 to 30 individuals from 4 to 10 flocks (Table 4.1).

Individual samples were genotyped at 30 microsatellite loci (Table 4.2).

Table 4.2 The microsatellite loci.

1

total number of alleles;

2

heterozygote frequency; 3 average expected heterozygote frequency.

Locus Chromosome N' Ho® Hg®  Missing (%)
1 ADLO0268 1 6 050 0.74 0.6
2 MCW0020 1 4 047 0.73 5.6
3 MCwO0111 1 6 0.46 0.70 0.3
4  MCWO0248 1 5 021 0.33 0.9
5 LEI0234 2 19 058 0.91 0.7
6 MCWO0034 2 11 055 0.85 25
7 MCWO0206 2 8 0.38 0.64 1.2
8 LEIO166 3 7 033 0.57 1.8
9 MCWO0016 3 7 0.39 0.69 0.4
10 MCwO0037 3 4 0.35 0.60 0.1
11 MCwO0103 3 2 037 042 1.2
12 MCwO0222 3 4 032 0.44 2.2
13 LEIO094 4 18 0.50 0.80 0.1
14 MCWO0078 5 5 042 0.67 1.0
15 MCwO0081 5 10 0.33 0.73 1.3
16 MCwWO0098 4 2 0.22 0.45 1.3
17 MCwWO0284 4 2 034 0.50 2.8
18 MCwWO0295 4 9 047 0.77 0.1
19 LEIO192 6 24 0.54 0.84 1.9
20 MCwO0014 6 7 033 0.56 2.2
21 MCwO0183 7 10 043 0.71 2.2
22 ADL0278 8 9 046 0.74 1.8
23 ADLO112 10 4 0.39 0.58 2.7
24 MCWO0067 10 5 034 0.65 1.0
25 MCWwWO0104 13 14 0.41 0.62 1.9
26 MCWwWO0216 13 7 037 0.64 1.5
27 MCWwWO0123 14 9 0.40 0.73 6.2
28 MCWO0330 17 7 036 0.67 1.3
29 MCWO0165 23 3 0.29 057 1.6
30 MCWO0069 26 11 041 0.72 1.3

average observed
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Further information on the primer sequences, annealing temperatures and Genbank

accession numbers of the microsatellite loci can be found at http://aviandiv.tzv.fal.de/

primer_table.html. Genotyping was conducted using the Qiagen PCR Mix Kit (p/n

206145) and the resulting products were visualised on an Applied Biosystems 3730xI|
genetic analyzer (Applied Biosystems/Hitachi, Applera, USA). Genemapper
Software v3.5 (Applied Biosystems, Applera, USA) was used to estimate fragment

sizes by comparing them to an internal size standard (L1Z500, Applied Biosystems).

4.2.2 Marker polymorphism, within and among population diversity

The genetic diversity within breeds was measured using standard population genetic
diversity estimators (for further details see section 3.2.2 in chapter 3). In brief, the
total number of alleles, observed heterozygosity (Ho) and expected heterozygosity

(He) were estimated using FSTAT 2.9.3 (Goudet 1995).

Tests for deviations from Hardy-Weinberg Equilibrium (HWE) for each breed-locus
combination and across all loci for each population (‘global test”) were performed
using GENEPOP 4.0.7 (Rousset 2008) (for further details see section 2.2.1 in chapter
2). Weir & Cockerham's (1984) inbreeding coefficient (F;s) was estimated for each
population using FSTAT 2.9.3 (Goudet 1995). F;s measures the difference between
Ho and He relative to the magnitude of He. It quantifies the reduction in
heterozygosity in a population relative to a random-mating population of the same
allele frequencies. Positive values of Fs indicate an excess of homozygotes and a

deficit of heterozygotes relative to HWE.
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The extent of genotypic linkage disequilibrium (LD) between pairs of loci in each
breed was tested by performing probability tests using GENEPOP 4.0.7 (Rousset
2008) (for further details see section 2.2.1 in chapter 2). Significance levels of the
tests were adjusted for multiple comparison following standard Bonferroni

corrections (Rice 1989).

Genetic differentiation of populations was measured by estimating Weir and
Cockerham’s Fst (Weir and Cockerham 1984) using GENEPOP 4.0.7 (Rousset
2008) (for further details see section 2.2.5 in chapter 2). Levels of population
differentiation were also estimated using Reynold’s genetic distance. It is based on
the coancestry coefficient, which is the probability that a random pair of genes at the
same locus within a randomly chosen population were identical by descent
(Reynolds et al. 1983). The genetic distance assumes that differences between
populations arise due to genetic drift and that there is no mutation, but by
incorporating the effective population size in the calculation it does not assume that
population sizes have remained constant and equal in all populations. Thus, it takes
into account the varying influence of random genetic drift when it comes to different
population sizes. Reynold’s genetic distance measure is based on Wright’s Fsr, thus
it assumes that populations have diverged due to drift alone. It is also suggested that
it is appropriate for analysis of populations sampled from a single species because it
also reflects the amount of gene flow between populations (Slatkin & Maddison
1990). Reynold’s genetic distance was calculated between pairs of breeds from the
allele frequencies using GENDIST (Phylip v 3.67) (Felsenstein 1989). An unrooted

neighbour-joining tree was constructed from the genetic distance matrix using the R
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package APE (Paradis et al. 2004 (for further details see section 2.2.4 in chapter 2).
A total of 1000 bootstrap replicates were created in SEQBOOT, for each replicate
Reynold’s genetic distance was calculated between pairs of breeds in GENDIST and
a consensus cladogram was calculated using CONSENSE (Phylip v 3.67)

(Felsenstein 2008) (for further details see section 2.2.4 in chapter 2).

4.2.3 Clustering of individuals to populations

Population structure and admixture was investigated using the Bayesian genotypic
clustering method implemented in BAPS 5.2 (Corander et al. 2008). This Bayesian
genotypic clustering method was chosen over others because the results obtained in
chapter 2 indicated that in comparison to the other methods BAPS was more
effective at delineating the breeds and detected finer genetic differentiation within
the breeds with known structuring. BAPS 5.2 uses a ‘greedy’ stochastic optimization
algorithm to probabilistically assign individual multilocus genotypes to clusters and
infer the number of genetically distinguishable populations (K) (for further details
see section 2.2.2 in chapter 2). BAPS 5.2 was implemented for 2 <K <35 with 10
runs at each K value. The phylogenetic relationships amongst the individuals were
reconstructed by estimating the proportion of shared alleles (for further details see

section 2.2.4 in chapter 2).

4.2.4 Breed genetic contributions

A breed’s contribution to genetic diversity was quantified following Ollivier and

Foulley (Ollivier and Foulley 2005), a commonly implemented method in livestock
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breed conservation analyses (e.g. pig breeds) (Laval et al. 2000). The contribution to
between-breed diversity (CB), using the Weitzmann method (Weitzmann, 1992), was
estimated from the Reynold’s pairwise genetic distance matrix produced in
GENDIST (Phylip v 3.67) (Felsenstein 2008). CB was estimated as follows: CB = 1
— V(S/K) / V(S) where V(S) is the total genetic distance of the whole set of breeds
considered and V(S/K) is the total genetic distance of the set excluding breed k. The
relative decrease in genetic distance with the removal of a breed (Vi) is the
contribution of breed k to between-breed diversity and can be seen as a measure of
the genetic originality of a breed. The contribution to within-breed diversity (CW)
was estimated using average expected heterozygosity (Hg) values of breeds as CW =
1 — He(S/k) 1 He(S), where He(S) is the average expected heterozygosity of all the
breeds and Hg(S/k) is the average expected heterozygosity excluding breed k. The
relative increase or decrease in average expected heterozygosity with the removal of
a breed (Hgy) is the contribution of breed k to total within-breed diversity.
Aggregate diversity (D) was estimated as D = FstCB + (1- Fst)CW (Ollivier and

Foulley 2005).

4.3 Results

4.3.1 Individual multilocus genotype data and quality cleaning

One or more loci failed to amplify in 202 out of the 705 samples subjected to PCR
amplification (Fig 4.1). Every breed had at least one individual that failed to amplify
at one or more loci. Total amplification failure across all 30 microsatellite loci
occurred in all 4 individuals of White Dorking. Individuals with > 20% missing data

(n = 20) were discarded (Fig 4.1). Individuals that did not conform to the breed
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description, but were nonetheless included in the genotyping sample were discarded
(n = 7): Buff Orpington had 5 individuals of the ‘Splash’ and ‘Speckled’ variety and
Indian Game had 2 individuals of the Old English Game breed. Preliminary
individual-based clustering analysis revealed that a number of individuals did not
cluster to breed origin. Individuals were traced back to their supplier and if the
supplier also provided samples of the breed to which these individuals clustered with,

these individuals were removed from the dataset (n = 4).

400 500
| |

300
|

Mumber of individuals
200

100
|

|

03 B 9 1215 18 21 24 Z7 30

Mumber of non-amplified loci

Figure 4.1 Barplot of the number of failed locus amplification per individual.

After data cleaning the total sample size was 674 individual genotypes across the 24
breeds with a range of 19 to 30 sampled individuals per breed (Table 4.1). After data
cleaning the proportion of missing data per locus ranged from 0.1% (MCWO0037,

LEI0094 and MCWO0295) to 6.2% (MCW0123) (Table 4.2).
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4.3.2 Genetic diversity within and among breeds

A total of 239 alleles were found across the 30 microsatellite loci with a mean
number of 7.97 alleles per locus (Table 4.2). The number of alleles per locus ranged

from 2 (MCW0103, MCW0284, MCW0098) to 24 (LEI092).

The average number of alleles per locus in different breeds ranged from 2.00 in
Spanish to 4.40 in Maran, with an average across all the breeds of 3.59 alleles per
locus (Table 4.3). Not all markers were found to be polymorphic in each of the 24

breeds; the number of monomorphic loci per breed ranged from 0 to 10 (Table 4.3).

A total of 33 breed-specific or private alleles were detected in 15 breeds (Table 4.3).
Twenty-two of the private alleles possessed frequencies < 0.1%. The remaining 11
breed-specific private alleles were found in Brahma (1), Buff Orpington (1), Cochin
(1), Croad Langshan (1), Indian Game (1), Leghorn (1), Lincolnshire Buff (1), Marsh
Daisy (2), Silkie (1) and Spanish (1). The average expected heterozygosity (Hg) over
all loci ranged from 0.20 in Spanish to 0.62 in Araucana, while the average observed
heterozygosity (Ho) varied from 0.15 in Spanish to 0.49 in Cochin (Table 4.3).
Average estimates of Hg and Ho over all loci and breeds were 0.49 and 0.39,

respectively.

There was a deficiency of heterozygotes compared with Hardy Weinberg

Equilibrium (HWE) expectations for each breed. After Bonferroni correction, 48 out
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of the 720 locus-breed comparisons revealed significant (P < 0.00007) departures

from HWE.

Table 4.3 Population genetic diversity estimates for 24 chicken breeds. ! total number
of alleles; 2 average number of alleles per locus; 8 average observed heterozygote
frequency; 4 average expected heterozygote frequency; ® number of monomorphic
loci; ® number of breed-specific private alleles;  number of loci deviating from Hardy-

Weinberg Equilibrium after Bonferroni correction; ®

number of significant tests of
linkage disequilibrium (after Bonferroni correction) out of 435 possible pairs of loci,

number in brackets indicate tests that occurred between loci pairs found on the same

chromosome.
Breed N n® H® Het M PA®* HWE'  LD®

1 Appenzeller 94 313 031 043 2 0 3 0

2 Araucana 129 430 047 062 O 3 1 7

3 Brahma 124 413 043 053 O 4 1 4

4  Buff Orpington 118 393 051 055 O 1 0 1

5 Cochin 124 413 049 056 O 3 0 3

6 Croad Langshans 107 357 042 049 1 3 1 1(1)
7 Derbyshire Redcap 94 313 035 042 1 0 3 1(1)
8 Dorking 107 3,57 036 047 2 0 1 4

9 Hamburg 98 297 022 042 4 0 8 5
10 Indian Game 100 333 044 049 O 1 1 0
11 Ixworth 90 300 041 046 O 0 0 1
12 Leghorn 119 397 037 054 O 2 6 43 (2)
13 Lincolnshire Buff 105 350 041 o048 1 2 0 1
14 Maran 132 440 047 058 O 3 4 3
15 Marsh Daisy 96 320 037 049 1 3 3 2(1)
16 Norfolk Grey 89 297 040 050 1 2 1 1(1)
17 Old English Pheasant Fowl 105 350 040 048 1 0 0 1
18 Rhode Island Red 121 403 041 057 O 0 5 13
19 Scots Dumpy 126 420 044 051 O 1 1 2
20 Scots Grey 95 317 032 040 2 0 0 2
21 Silkie 115 383 045 056 O 1 0 14 (1)
22 Spanish 60 2.00 0.15 020 10 1 0 0
23 Sussex Light 121 403 048 054 O 0 1 5
24  Sussex 117 390 038 057 O 3 8 34 (4)

Average 359 0.39 049
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Across loci, the number of significant deviations from HWE proportions ranged from
none in 7 loci (MCW0248, MCWO0037, MCW0222, MCW0284, MCWO0067,
MCWO0123 and MCWO0098) to a maximum of 4 deviations in 4 loci (MCWO0183,
ADL0278, MCW0165 and MCWO0330). Across breeds, the number of significant
deviations from HWE proportions ranged from none in 8 breeds (Buff Orpington,
Cochin, Ixworth, Lincolnshire Buff, Old English Pheasant Fowl, Scots Grey, Silkie
and Spanish) to a maximum of 8 deviations in 2 breeds (Hamburg and Sussex)
(Table 4.3). The global test for deviations from HWE indicated there was a large
deficiency of heterozygotes compared with HWE expectations for 22 of the British
traditional chicken breeds, with only Buff Orpington and Ixworth meeting HWE

proportions (p > 0.05).

After Bonferroni correction, significant genotypic linkage disequlibrium (LD) was
found in 148 out of 10, 440 pairs of loci. The number of locus-pairs with significant
LD ranged from none in 3 breeds (Appenzeller, Indian Game and Spanish) to 43
occurrences in Leghorn (Table 4.3). Of the significant cases, 137 involved pairs of
loci situated on different chromosomes. The 11 significant cases of pairs of loci on
the same chromosome occurred in Croad Langshan (1), Derbyshire Redcap (1),
Leghorn (2), Marsh Daisy (1) and Norfolk Grey (1), Silkie (1) and Sussex (4) (Table
4.3). The presence of related individuals in population samples could influence LD.
Queller and Goodnights (1986) pairwise relatedness between individuals within
breeds was calculated. The average pairwise relatedness between individuals for

every breed was less than 0, except for Lincolnshire Buff (0.01), Old English
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Pheasant Fowl (0.007), Scots Grey (0.02) and Spanish (0.07). Low levels of genetic

diversity, not high levels of LD, were observed in these three breeds.

The presence of inbreeding (F,s) was suggested by the difference between He and Ho
and an average Fs across all loci and breeds was estimated at 0.20. The loci
exhibited positive average Fs estimates ranging from 0.078 (locus MCW0222) to
0.37 (locus MCWO0098) and there was large variation in Fis within loci (Fig 4.2a).
The two loci with limited number of negative within-breed Fs values (-0.01 < Fis <
1) had a low amount of missing data (MCW0069 and MCW0295 1.3% and 0.1%,
respectively), suggesting that this was not an artefact of missing data. Bootstrapping
across loci confirmed significant positive Fs estimates in all but two breeds (Fis
range in Buff Orpington and Ixworth was -0.003 to 0.09 and -0.07 to 0.14,
respectively, Fig 4.2b), ranging from 0.12 in Light Sussex to 0.48 in Hamburg (Fig
4.2b). Further Fs analysis was conducted on five breeds (Hamburg, Leghorn, Maran,
Rhode Island Red and Sussex) that exhibited extensive within-breed genetic
substructure (see results on individual clustering analysis later in this section, Fig 4.5,
4.6), deviations from HWE and LD (Table 4.3). For each breed, the largest genetic
subgroup defined by Bayesian genotypic clustering analysis was extracted (K = 30,
Fig 4.5). Re-estimation of Heg and Ho showed a decrease in positive Fis and
deviations from HWE (no loci deviated from HWE) within the largest subgroup of

Sussex (Speckled), Maran and Rhode Island Red (Fig 4.2c).
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Figure 4.2 Inbreeding coefficient (Fs) estimated for (a) each breed x locus
combination and microsatellite locus, (b) breed average and 95% confidence intervals
and (c) mean and 95% confidence intervals for breeds that exhibited genetic

subdivision.

The genetic differentiation (Fst) between pairs of breeds ranged from 0.10 (Rhode
Island Red vs Sussex and Brahma vs Cochin) to 0.52 (Ixworth vs Spanish), with
average Fst across breeds ranging from 0.18 for Araucana to 0.42 for Spanish.
Overall breed genetic differentiation (Fst) was 0.24 (Table 4.4). Reynold’s pairwise
genetic distance ranged from 0.34 between Brahma and Cochin to 0.72 between
Lincolnshire Buff and Spanish. Average pairwise genetic distance across all breeds
ranged from 0.44 for Araucana to 0.66 for Spanish and was positively correlated with
average breed Fst (Spearman’s rank correlation = 0.99, p < 0.05) (Table 4.4). The
high correlation was not surprising as Reynold’s genetic distance is based on

Wright’s Fsr.
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Table 4.4 Population genetic differentiation among 24 chicken breeds. Upper diagonal contains the estimates of pairwise genetic distance

between breeds estimated by Reynold’s genetic distance. Lower diagonal contains the pairwise genetic differentiation between breeds.

Breed

Appenzeller
Araucana

Brahma

Buff Orpington
Cochin

Croad Langshans
Derbyshire Redcap
Dorking

Hamburg

© 0o N o g b~ WDN PR

10 Indian Game

11 Ixworth

12 Leghorn

13 Lincolnshire Buff
14 Maran

15 Marsh Daisy

16 Norfolk Grey

17 OEFP

18 Rhode Island Red
19 Scots Dumpy
20 Scots Grey

21 Silkie

22 Spanish

23 Light Sussex

24 Sussex

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 Reynolds Fsr

0.44 0.60 0.58 0.58 0.60 0.52 0.46 0.48 0.57 0.61 0.43 0.62 0.56 0.52 0.53 0.47 0.53 0.53 0.55 0.55 0.69 0.57 0.52
0.17 0.43 0.46 0.42 0.46 0.48 0.41 0.45 0.45 0.47 0.35 0.51 0.40 0.38 0.41 0.43 0.38 0.41 0.46 0.46 0.61 0.42 0.36
0.35 0.17 0.45 0.34 0.46 0.59 0.55 0.60 0.56 0.56 0.52 0.52 0.45 0.53 0.51 0.57 0.44 0.49 0.60 0.46 0.70 0.48 0.46
0.33 0.19 0.18 0.41 0.48 0.57 0.52 0.57 0.55 0.55 0.50 0.45 0.43 0.52 0.52 0.55 0.42 0.52 0.59 0.50 0.70 0.46 0.43
0.32 0.16 0.10 0.15 0.42 0.58 0.53 0.57 0.54 0.54 0.48 0.48 0.39 0.47 0.50 0.56 0.41 0.46 0.57 0.46 0.68 0.42 0.43
0.35 0.19 0.20 0.21 0.16 0.58 0.51 0.57 0.53 0.49 0.52 0.56 0.40 0.47 0.52 0.55 0.43 0.43 0.59 0.48 0.66 0.40 0.45
0.26 0.21 0.34 0.31 0.32 0.33 0.44 0.46 0.57 0.60 0.48 0.61 0.55 0.53 0.51 0.46 0.56 0.53 0.56 0.54 0.63 0.53 0.53
0.19 0.15 0.29 0.25 0.26 0.25 0.17 0.38 0.47 0.55 0.42 0.56 0.48 0.46 0.46 0.40 0.49 0.47 0.53 0.51 0.62 0.47 0.48
0.21 0.18 0.34 0.31 0.31 0.30 0.20 0.12 0.54 0.62 0.43 0.61 0.54 0.47 0.47 0.40 0.54 0.49 0.53 0.51 0.57 0.54 0.52
0.31 0.18 0.29 0.28 0.28 0.27 0.31 0.20 0.28 0.54 0.50 0.59 0.49 0.52 0.51 0.51 0.51 0.50 0.57 0.53 0.69 0.48 0.50
0.36 0.21 0.30 0.29 0.28 0.23 0.35 0.29 0.36 0.28 0.53 0.60 0.51 0.53 0.60 0.58 0.54 0.50 0.59 0.55 0.72 0.45 0.50
0.17 0.10 0.26 0.23 0.22 0.26 0.21 0.15 0.16 0.23 0.27 0.55 0.46 0.45 0.44 0.46 0.47 0.44 0.46 0.50 0.60 0.46 0.40
0.37 0.25 0.25 0.18 0.21 0.30 0.36 0.30 0.36 0.33 0.35 0.29 0.51 0.55 0.57 0.59 0.49 0.57 0.63 0.55 0.72 0.54 0.51
0.30 0.14 0.19 0.16 0.13 0.14 0.28 0.21 0.27 0.22 0.24 0.20 0.24 0.45 0.45 0.52 0.38 0.45 0.55 0.47 0.65 0.37 0.38
0.25 0.13 0.27 0.26 0.21 0.20 0.27 0.19 0.21 0.25 0.27 0.18 0.29 0.18 0.47 0.49 0.44 0.44 0.50 0.49 0.63 0.45 0.43
0.26 0.14 0.24 0.25 0.23 0.26 0.24 0.19 0.20 0.24 0.35 0.17 0.31 0.18 0.20 0.47 0.45 0.47 0.50 0.48 0.63 0.46 0.45
0.21 0.17 0.31 0.29 0.30 0.29 0.20 0.14 0.14 0.24 0.32 0.20 0.34 0.25 0.22 0.20 0.52 0.50 0.53 0.50 0.59 0.52 0.50
0.27 0.13 0.18 0.16 0.15 0.16 0.30 0.22 0.27 0.24 0.27 0.20 0.22 0.13 0.17 0.18 0.25 0.46 0.55 0.49 0.67 0.40 0.34
0.27 0.15 0.23 0.25 0.20 0.17 0.27 0.20 0.21 0.23 0.24 0.17 0.31 0.18 0.18 0.20 0.23 0.19 0.51 0.47 0.62 0.40 0.43
0.28 0.19 0.34 0.34 0.31 0.33 0.30 0.26 0.26 0.31 0.35 0.19 0.38 0.29 0.24 0.23 0.26 0.29 0.24 0.54 0.69 0.53 0.51
0.29 0.19 0.20 0.23 0.19 0.21 0.28 0.24 0.24 0.26 0.29 0.23 0.28 0.21 0.23 0.21 0.24 0.22 0.20 0.28 0.67 0.46 0.47
0.47 0.36 0.48 0.48 0.45 0.43 0.38 0.38 0.31 0.47 0.52 0.35 0.51 0.41 0.38 0.40 0.34 0.43 0.37 0.46 0.44 0.67 0.66
0.32 0.16 0.21 0.19 0.16 0.14 0.26 0.20 0.28 0.21 0.18 0.20 0.28 0.12 0.19 0.19 0.26 0.15 0.14 0.26 0.19 0.43 0.36
0.25 0.11 0.19 0.17 0.17 0.18 0.26 0.21 0.25 0.24 0.23 0.14 0.24 0.13 0.16 0.17 0.23 0.10 0.16 0.25 0.21 0.42 0.11

0.54
0.44
0.52
0.51
0.49
0.50
0.54
0.49
0.52
0.53
0.55
0.47
0.56
0.47
0.49
0.50
0.51
0.47
0.48
0.55
0.50
0.66
0.47
0.46

0.28
0.18
0.26
0.25
0.23
0.24
0.28
0.22
0.25
0.27
0.30
0.21
0.30
0.21
0.22
0.23
0.24
0.21
0.22
0.29
0.24
0.42
0.21
0.20
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The phylogenetic reconstruction of the genetic relationships between the British

chicken breeds is shown in Figure 4.3.

Spanish

Derbyshire Redcap

Indian Game
Norfolk Grey
Old English
Pheasant Fowl
Ixworth  Scots Dumpy Hamburgh
Dorking
Sussex
Light /s Scots
Croad Grey
Langshan
003 66 Leghorn
Buff 96
Orpington 7
Appenzeller
Lincolnshire Araucana Marsh Daisy
Buft Bréhma /
Cochin
Susdex Maran
Rhode Island Red

Silkie

Figure 4.3 Phylogenetic reconstruction of the chicken breeds using Reynolds genetic

distance. Bootstrap support values greater than 50% are indicated.

There was overall low bootstrap support of genetic relationships between the chicken
breeds, with a two highly supported breed pairs: Cochin and Brahma, Lincolnshire

Buff and Buff Orpington (Fig 4.3).
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4.3.3 Clustering of individuals to populations

The BAPS results showed that the likelihood of the data was best described by 30 -
35 genetic clusters as can be seen, in Figure 4.4, where the log-likelihood values

started to plateau from K = 30.

Mean likelihood
-50000 -48000 -46000 -44000 -42000 -40000

Figure 4.4 Plot of the likelihood output of BAPS with increasing K value. Points

indicate the average estimated across 10 runs for each K value with standard errors.

The BAPS clustering solutions are presented in Figure 4.5. Populations that split to
form independent clusters at lower K values can be interpreted as being relatively
genetically distinct (Rosenberg et al. 2001). Breeds split to form their own distinct
genetic clusters in the following order: Silkie, Indian Game, Scots Grey, Buff
Orpington and Lincolnshire Buff, Croad Langshan, Appenzeller, Spanish, Marsh
Daisy, Ixworth and Scots Dumpy at K=6, K=7, K =10, K=11, K=12, K =13,

K =14, K=15, K=16 and K =18, respectively.
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Figure 4.5 Individual assignment from Bayesian genotypic cluster analysis using
BAPS at various values of K. Histograms demonstrate the proportion of each
individual’s genome that originated from each of 24 populations. Each individual is

represented by a vertical line corresponding to its membership coefficient (q).

A number of breeds clustered together indicating genetic affinities. Brahma and
Cochin formed a distinct cluster at K = 8 and remained together until K = 22. From
K =5 to 10, Buff Orpington and Lincolnshire Buff formed their own cluster, after
which they split into two clusters. Derbyshire Redcap, Dorking, Hamburg and Old
English Pheasant Fowl clustered together until K = 19 whereupon Derbyshire
Redcap split to form an independent cluster, followed by Old English Pheasant Fowl
at K = 25 and Dorking and Hamburg at K = 28. Notable genetic admixture within
individuals occurred in Araucana, Dorking, Leghorn and Light Sussex breeds as
evidenced by the proportion of genomes assigned to two or more clusters (0.2 < g <

0.8) at various K values.
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The phylogenetic reconstruction of 674 individuals using the proportion of shared

allele distance measure is shown in Figure 4.6.

Derb}rshlreﬁedc ap Appenzelier

Leghorn

Scots Grey Dorking
[

Old English

FPheasant Fowl
Marsh

Daisy

s

»
Norfolk Grey ~

L Spanish

Rhode lsland Hamburgh

° &
Lincolnshire Buff

Figure 4.6 A neighbour-joining tree constructed from allele-sharing distances among
all individuals. Bootstrap values greater than 500 are indicated with an asterisk.
Breeds where all individuals clustered to origin are designated as yellow (various
symbols). All other breeds had a specific colour such that certain individuals that did

not cluster to origin can be traced on the evolutionary tree.
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There was no bootstrap support for genetic relationships amongst the chicken breeds.
There was high bootstrap support (> 50%) for the Lincolnshire Buff, Scots Grey and
Spanish clades. Eleven chicken breeds formed single distinct genetic units where all
individuals clustered to breed origin, although the bootstrap support was weak: Buff
Orpington, Cochin, Croad Langshan, Derbyshire Redcap, Indian Game, Ixworth,
Marsh Daisy, Norfolk Grey, Scots Dumpy, Silkie and Spanish (Fig 4.6, all

designated as yellow in various shapes).

In the phylogenetic reconstruction of individuals, five other breeds formed single
distinct genetic units, with the exception one or two individuals: Appenzeller (1
individual clustered with a mixed clade), Brahma (1 clustered with a mixed clade),
Lincolnshire Buff (1 clustered with Croad Langshan), Old English Pheasant Fowl (2
clustered with Norfolk Grey) and Scots Grey (2 clustered with Old English Pheasant
Fowl) (Fig 4.6). These mis-assignments were mirrored by the BAPS results and the
individuals appeared admixed for the following: Appenzeller (1), Brahma (1), and
Old English Pheasant Fowl (2) (Fig 4.5). The mis-assignments that were not admixed

could be the result of mis-labelling during the data collection process.

The remaining breeds exhibited extensive genetic subdivision with 4 groups each
detected in Dorking and Light Sussex, 3 groups each detected in Araucana,
Hamburg, Rhode Island Red and Sussex and 2 groups each detected in Leghorn and
Maran (Fig 4.6). BAPS concurred that there was extensive genetic subdivision in
Aruacana, Leghorn, Maran, Rhode Island Red, and Sussex. In addition, BAPS split

both Cochin and Marsh Daisy into 2 clusters and Silkie into 3 clusters (Fig 4.5).
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4.3.4 Breed genetic contributions

Genetic contribution to between-breed diversity (CB) ranged from 3.17 in Cochin

and Sussex to 6.71 in Spanish (Table 4.5).

Table 4.5 The genetic contribution of the 24 chicken breeds to genetic diversity

1 2

ranked by aggregate diversity (D). contribution to between-breed diversity;

contribution to within-breed diversity; ® aggregate diversity.

Breed cs' cw? D’

Araucana 3.28 1.13 1.67
Silkie 4.35 0.60 154
Maran 341 0.78 1.44
Rhode Island Red 3.59 0.69 1.42
Buff Orpington 412 0.51 1.41
Sussex 3.17 0.69 1.31
Leghorn 3.75 0.42 1.25
Cochin 3.17 0.60 1.24
Light Sussex 3.60 0.42 1.22
Indian Game 491 -0.02 121
Lincolnshire Buff 5.12 -0.12 1.19
Norfolk Grey 4.37 0.07 1.16
Scots Dumpy 4.02 0.16 1.13
Brahma 3.61 0.25 1.09
Marsh Daisy 4.37 -0.02 1.08
Croad Langshans 4.23 -0.02 1.04
Old English Pheasant Fowl 3.84 -0.11 0.88
Ixworth 5.07 -0.55 0.86
Appenzeller 4.81 -0.55 0.79
Derbyshire Redcap 491 -0.64 0.75
Dorking 3.51 -0.20 0.73
Scots Grey 5.15 -0.81 0.68
Hamburg 3.51 -0.64 0.40
Spanish 6.71 -2.67 -0.33

CB was negatively correlated with the genetic contribution to within-breed diversity

(CW) (Spearman’s rank correlation = -0.70, p < 0.05), with CW values ranging from
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-2.67 in Spanish to 1.13 in Araucana. Genetic contribution to total aggregate
diversity (D) ranged from -0.33 in Spanish to 1.67 in Araucana. As the calculation of
D was weighted by the Fsr estimate, greater weight was applied to CW than CB (in
this study) and, as a result, the breed estimates of D essentially mirrored those of CW

(Spearman’s rank correlation = 0.94, p < 0.05).

4.4 Discussion

4.4.1 Genetic diversity within breeds

The microsatellite markers revealed large genetic diversity among individuals within
British chicken breeds (75%, Fsr = 0.25). This was evidenced by the estimated
average number of alleles and expected heterozygosity within the breeds (Table 4.3),
levels comparable to those reported in other European chicken breeds (Berthouly et
al. 2008; Bodzsar et al. 2009; Granevitze et al. 2007). However, an exception was the
Spanish breed, which exhibited a considerably lower genetic diversity than other
breeds (Table 4.3). A well-established breed in Britain (Table 4.1), the Spanish has
an extensive white face (Hams 2004; Roberts 1997). Very limited genetic
introgression to maintain this physically distinctive characteristic and genetic drift,
enhanced by the small population size (Table 4.1), may have led to the fixation of

numerous loci and low genetic diversity in this breed.

4.4.2 Heterozygote deficiency within breeds

The observed heterozygosity within breeds was lower than expected, assuming

random union of gametes, leading to significant deviations from Hardy-Weinberg
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equilibrium (HWE) in many breeds (Table 4.3). Consequently, the estimates of
inbreeding coefficients (Fig 4.2b) were considerably higher in the British chicken
breeds than those reported in other European chicken breeds (Berthouly et al. 2008;

Bodzsar et al. 2009; Granevitze et al. 2007; Zanetti et al. 2010).

Several non-mutually exclusive hypotheses could account for the observed
heterozygote deficiency: null alleles, Wahlund effect (pooling of distinct genetic
populations) and inbreeding (mating between close relatives). The presence of null
alleles would cause a locus-specific heterozygote deficit for all the breed-locus
combinations, which was not observed in any loci (Fig 4.2a). Moreover, the 30
genotyped microsatellites constitute a FAO-recommended panel and many of the loci
have been used in earlier European chicken breed diversity studies, none of which
have reported the occurrence of null alleles (Bodzsar et al. 2009; Granevitze et al.

2007; Granevitze et al. 2009).

The microsatellite markers revealed genetic substructure in many of the breeds (Fig
4.5-4.6). Indeed, the extensive genotypic linkage disequilibrium (LD) observed in
certain breeds (Table 4.3) could be due to differences in allele frequencies among
genetically differentiated populations within breeds (Nei and Li 1973). Further
analysis of He and Ho for the subpopulations within breeds that were defined by the
Bayesian genotypic clustering analysis revealed that the large subpopulations of
Sussex (Speckled), Maran and Rhode Island Red were in HWE (Fig 4.2c). It is likely

that the Wahlund effect was the cause of the heterozygote deficit for those breeds.
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It was not possible to assess the influence of mating of close relatives due to the
absence of a pedigree. Although this practice may be a contributing factor, the
principal cause of heterozygote deficit was likely to be genetic substructuring within

breeds as this was evident in many breeds (Fig 4.5-4.6).

4.4.3 Genetic substructure within breeds

In general, European chicken breeds were observed to be distinct homogenous
genetic populations with little evidence of substructure within breeds (Bodzsar et al.
2009; Zanetti et al. 2010). In contrast, many of the British chicken breeds exhibited
extensive genetic substructure (Fig 4.5-4.6). The patterns of genetic subdivision
within the Leghorn and Sussex breeds were associated with morphological type.
However, genetic subdivision could not be explained by morphological type in the
Araucana, Buff Orpington, Dorking, Hamburg, Maran, Norfolk Grey, Rhode Island
Red and Light Sussex. Instead, the observed genetic substructuring in these breeds
reflected suppliers, whereby all individuals from a particular flock were genetically
separated from the rest of the same chicken breed. Such genetic substructure
associated with flock supplier has been observed in a few other chicken breeds
(Rosenberg et al. 2001; Zanetti et al. 2010). Certain management practices within
these breeds (e.g. restricted gene flow between smallholders) could have produced

subtle genetic heterogeneity amongst flocks within breeds (Rosenberg et al. 2001).
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4. 4.4 Genetic distinctiveness and similarities of breeds

The genetic differentiation amongst the British chicken breeds was strikingly high
(Table 4.4, Fig 4.3), with levels comparable to those found in French and Hungarian
chicken breeds (Berthouly et al. 2008; Bodzsar et al. 2009). In general, chicken
breeds appear to be genetically distinct populations with limited gene flow amongst
the phenotypically diverse breeds. Given the small population sizes for many of the
British chicken breeds (Table 4.1) and the short generation interval, random genetic

drift has likely contributed to the elevated levels of genetic differentiation.

Although the British chicken breeds were highly differentiated, the overall genetic
relationships between breeds were largely unresolved. Only a few pairs of breeds had
high bootstrap support. This support is lower than that attained in other population
genetic analysis of chickens (Vanhalal et al. 1998). Nonetheless, clustering of certain
pairs and groups of breeds across the methods indicates some genetic similarities
between certain breeds which can be supported by historical information on breed
development. Phylogenetic reconstruction revealed two principal clades, one
consisting of Derbyshire Redcap, Dorking, Hamburg, Old English Pheasant Fowl
and Spanish and the other clade consisting of Buffs (Buff Orpington and
Lincolnshire Buff), Asian (Cochin, Brahma and Croad Langshan), Sussex, Ixworth,
Maran and Rhode Island Red breeds (Fig 4.3, 4.6). The first group (excluding the
Spanish) consisted of old indigenous breeds (Table 4.1). These breeds are claimed to
be closely related and may have contributed to the breed improvement of each other

(Hams 2004).
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Regarding the second group, it has been suggested that Asian breeds may have been
used to improve the Sussex breeds (Vorwald Dohner 2001). The Asian breeds also
influenced the development of Buff Orpington and Lincolnshire Buff (Table 4.1). In
turn, the Sussex contributed to the development of the white-feathered Ixworth
(Table 4.1). Cross-breeding of the Sussex and Rhode Island Red became the basis of
commercial poultry enterprises in Britain (Hams 2004) and could have had an effect
on non-commercial stocks of the breeds. Before the importation of Maran to Britain
the breed was improved using, amongst other breeds, Croad Langshan stock

(personal communication Andrew Sheppy, 2010).

It was not possible to explain the genetic relationships amongst the remaining breeds
(Appenzeller, Araucana, Indian Game, Leghorn, Marsh Daisy, Norfolk Grey, Silkie,
Scots Dumpy and Scots Grey). The low bootstrap support for these British chicken
breeds suggest little shared evolutionary relationships with the other sampled breeds.
In addition, the predominantly long branches depicted on the evolutionary tree

indicate that these breeds are also genetically distinct (Fig 4.3).

4.4.5 Genetics related to breed conservation

The estimates of genetic diversity both within and between breeds highlighted which
British traditional chicken breeds were genetically robust and those that were of
potential concern (Table 4.5). The most genetically diverse breeds were generally
those represented by more than one morphological colour type. For instance,

Leghorn had 4 sampled types, Araucana, Brahma, Silkie and Sussex each had 3 and
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Cochin and Maran each had 2 (Table 4.1). However, there were exceptions where
genetically diverse breeds had only one sampled type (Buff Orpington, Rhode Island
Red, Scots Dumpy and Light Sussex). The most genetically distinctive breeds were
amongst the most morphologically distinctive breeds. For example, Indian Game
(short legs, squat and wide), Silkie (degenerate feathers, dark skin) and Spanish
(white face) possess traits not found in other breeds sampled in this study.
Furthermore, the most genetically distinctive breeds also tended to have low
population sizes (e.g. Appenzeller, Buff Orpington, Hamburg, Indian Game, Ixworth,

Lincolnshire Buff, Scots Grey and Spanish) (Table 4.1).

Although the Spanish was the highest contributor to between breed diversity (CB,
Table 4.5) due to high genetic differentiation (Table 4.4), it also possessed very low
genetic variation (Table 4.3). Indeed, generally the genetically unique breeds (those
with relatively high Fst) had lower genetic diversity (Hg) than other breeds
(Spearman’s rank correlation = -0.78, P < 0.05) (Table 4.3-4.4), and, thus, these
measures are not independent (Tapio et al. 2005b). This was not a surprising result as
it is generally known that Fst is intrinsically related to the proportion of variability
present within populations due to the dependence of Fst on average within
population heterozygosity (Charlesworth 1998; Hedrick 1999; Jost 2008). Because
Fst measures the reduction in heterozygosity in the subpopulations relative to the
total population ((Hr — Hg)/Ht), Fsr is constrained to be less than the average
heterozgosity (1 — He). Consequently, ranking breeds on the levels of contribution to
between breed diversity has received criticism because there is a greater emphasis on

highly differentiated populations, which tend to be more monomorphic than less
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differentiated populations (Toro and Caballero 2005; Toro et al. 2009). This is of
particular relevance for livestock breeds because a large amount of genetic variation
is present within breeds and, therefore, defining conservation priorities based solely
on genetic distinctiveness will effectively ignore a lot of genetic diversity. Instead, a
method that incorporates both between- and within-breed contributions may be a
preferable alternative to rank breeds based on genetic estimates (Toro and Caballero
2005; Toro et al. 2009). By adopting an approach that incorporates both within and
between breed diversity (Ollivier and Foulley 2005), the Spanish was the lowest
contributor to overall genetic diversity (measured by D, Table 4.5). The highest
contributors to overall diversity were the most genetically diverse breeds such as

Araucana, Buff Orpington, Maran, Rhode Island Red and Sussex.

Two breeds, Buff Orpington and Silkie, were not only genetically unique (Fst >
0.24, Table 4.4), but also possessed high levels of genetic diversity (Hg > 0.50, Table
4.3), and thus these breeds were high contributors to overall British chicken breed
biodiversity (Table 4.5). A reverse perspective can be adopted to identify the more
genetically vulnerable breeds (i.e. those that possess both low genetic diversity and
uniqueness). Three breeds satisfied these criteria, Dorking, Hamburg and Old
English Pheasant Fowl, and this was confirmed by the low contribution of these
breeds to overall aggregate diversity (Table 4.5). In addition, these breeds possessed
no private alleles (Table 4.3). The genetic results (coupled with the low population
size of Old English Pheasant Fowl, Table 4.1) highlight that the future genetic

viability of these breeds is of potential concern.
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4.4.6 British chicken breeds as a genetic resource

As with other livestock species, the mechanisms behind agricultural industrialisation
have raised concerns over genetic erosion in commercial chicken populations. A
recent study using SNPs reported an absence of genetic diversity in both broiler and
layer lines in comparison to ancestral and non-commercial populations (Muir et al.
2008). However, microsatellite studies have found that the amount of genetic
diversity present in certain commercial chicken lines is not substantially different
from that in non-commercial chicken breeds. As with the European morphologically
selected breeds (managed to a breed standard) (Granevitze et al. 2007; Hillel et al.
2003), the genetic diversity found in British chicken breeds was far greater than in
white egg layer lines, similar to brown egg layer lines, but less than in broiler lines.
The differing levels of genetic diversity of the commercial lines are congruent with
their known history. White egg layers were intensively bred from the single comb
White Leghorn whilst several breeds contributed to the development of other
commercial lines (Crawford 1990). Similarly, in comparison to other commercial
lines, the magnitude of LD in white egg layers was greater and more extended over
longer physical distances, reflecting greater long-term selection (Megens et al. 2009;
Qanbari et al. 2010). The inconsistent results gleaned using the two genetic markers
could be due to the fact that the study of Muir et al (2008) likely involved the
sampling of more intensively selected commercial lines. The latest findings using
SNPs reaffirms the need to conserve more traditional poultry resources, like the
phenotypically diverse British traditional breeds, as they could be important

reservoirs of genetic polymorphism.
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4.5 Conclusion

The FAO-recommended panel of microsatellite markers revealed that the
phenotypically diverse set of sampled British chicken breeds had high levels of
genetic diversity and genetic differentiation, comparable to those reported in
mainland European chicken breeds. However, the observed heterozygosity was
considerably lower than what would be expected under HWE. It is likely that this
was due to the sample pooling whereby flocks had subtle allelic differences thus
creating a ‘flock” Wahlund effect. In order to maintain and preserve the current
levels of genetic diversity it is proposed that gene flow should be enhanced amongst
flocks. In addition, certain breeds had low levels of both genetic diversity and
uniqueness and consideration is required for the conservation and preservation of

these potentially vulnerable breeds.
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CHAPTER FIVE

Evaluation of approaches for selecting breed informative markers from
high density assays
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5.1 Introduction

Genetic markers can be used for the identification and verification the origin of
individuals if there is sufficient genetic heterogeneity among populations (Paetkau et
al. 1995). The task is useful in a variety of biological contexts; topical issues in
population, conservation and evolutionary biology, such as the characterisation of
population structure (Maudet et al. 2002; Paetkau et al. 1995) or the migratory
patterns of individuals between populations, can benefit from the inference of
ancestry of individuals (Davies et al. 1999; Manel et al. 2005; Waser and Strobeck
1998). In an applied context, genetic identification of individuals can shed light on
issues such as the contribution of potential source populations in mixed fisheries
(Manel et al. 2005; Roques et al. 1999), meat traceability or brand authentication
(Ciampolini et al. 2006), illegally translocated individuals (Rannala and Mountain
1997), anthropological forensic investigations (Davies et al. 1999) and tracing

illegally poached animals and trafficking routes (Manel et al. 2005).

The recent development of dense genome-wide Single Nucleotide Polymorphism
(SNP) marker assays for many livestock species offers the prospect of detailed study
of population, conservation and evolutionary biology (Gibbs et al. 2009). However,
dense genome-wide data can be relatively costly to produce and time-consuming or
computationally intensive to analyse. Therefore, it is often desirable to reduce the
number of markers by screening and selecting the most informative genetic markers

(Lao et al. 2006; Paschou et al. 2007). Dense genome-wide arrays provide the
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opportunity to develop tailor-made panels with high information content for use in

population genetics analyses.

The level of genetic information contained in markers can be estimated using
methods that describe the levels of genetic differentiation between populations.
Normally, where these approaches are applied in empirical studies, estimates are
averaged across many markers to summarise population genetic differentiation as a
single number. However, genetic markers will contain varying levels of population
discriminatory information and population genetic differentiation measures can be

used to identify the most genetically informative markers.

Several different population differentiation measures have been developed. The
statistic delta measures the allele frequency difference between a pair of populations
and is commonly used in the field of human genetics to assess marker information
content (Shriver et al. 1997; Smith et al. 2001). Bowcock et al (1994) suggested that
informative genetic markers could be identified using F-statistics. Wright (Wright
1943; Wright 1951) introduced Fst as a way to described the proportion of genetic
diversity within and among populations (Holsinger and Weir 2009). Wright’s Fst has
been extended several times and one of the preferred statistics based on the analysis
of variance of allele frequencies is Weir and Cockerham’s (W&C) Fst (Weir and
Cockerham 1984). The multivariate statistical method of Principal Component
Analysis (PCA) has also been more recently proposed as an alternative method to

identify population informative SNP markers (Paschou et al. 2007).
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Although these marker selection methods have been used to identify informative
markers (Paschou et al. 2007; Smith et al. 2001), in the case of selecting SNPs from
dense genetic arrays (i.e. SNP chips), there is little guidance as to what may be the
most appropriate method to pull out informative markers. Blott et al (1999)
recommended extracting microsatellites that had the greatest number of alleles and
heterozygosity. However, bi-allelic SNP markers are less variable that
microsatellites. Not surprisingly, researchers that have proposed a particular selection
method generally advocate it, like Paschou et al (2007) introducing PCA for SNP
selection and subsequently encouraging this method of choice in further population
genetic studies (Drineas et al. 2010; Lewis et al. 2011; Paschou et al. 2008; Paschou

et al. 2010).

The objective of this study was to evaluate methods for selecting population
informative SNP loci. To achieve this, the minimum number of SNP markers from
the Illumina Bovine50SNP beadchip (Illumina Inc., San Diego, CA) that would be
required to discriminate a set of European cattle breeds was determined for each of
several SNP selection methods. This was approached in a two-stage manner. First,
the SNP selection methods were used to determine the genetic information content of
each SNP marker and markers were ranked by decreasing level of informativeness
for each of the methods. Second, the likelihood of assigning individual genotypes to
their known breed origin was estimated by cumulatively increasing the number of
SNP markers, ranked according to the estimates of each SNP marker’s

informativeness for each selection method.
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5.2 Materials and Methods

5.2.1 Data

Allele frequencies from 17 cattle breeds representing the ‘reference’ populations and
a total of 384 individual genotypes of known breed origin, sampled from the
reference populations, were available. Information on the sampling of the reference
populations is given in Table 5.1. Decker et al (2009) selected 40,843 SNPs from the
Bovine SNP50 Bead Chip after a strict quality screening where “Loci selected for
analysis were all located on autosomes, had a call rate of at least 80% in 36 (75%)
Bos taurus breeds, and were not monomorphic in all breeds...” Since only Bos
taurus breeds were used in the current study the selected set of SNP markers by
Decker et al (2009) was adopted. Detailed information of the genotyping procedure

can be found in Decker et al (2009).

5.2.2 Selection methods to determine the most informative markers

The breed-specific allele frequencies for the 40,483 SNPs were used to estimate the
genetic information contained in each SNP marker using the following selection
methods: delta, Wright’s Fsr, Weir and Cockerham’s Fst and PCA. The larger the
estimated value, the more informative the marker is for differentiating among
populations and providing information regarding ancestry. A Spearman’s rank
correlation was calculated between the different estimates from the selection

methods. All analyses were conducted in the R statistical environment (Team 2011).
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Table 5.1 Information on the breeds. N, reference sample size (used to estimate the allele frequencies), * HapMap individuals are unrelated
except where indicated by ‘trio’ (Gibbs et al. 2009), ‘Registered’ refers to animals that have been recorded by its breed registry and, n, the

number of individuals used in assignment testing.

Breed N Animal resources of N N Purpose Historical origin Distribution Sample Locality
1 Angus - British 23 several Scottish farms; majority different 23 Beef Scotland (UK) Global UK
sires

2 Angus - American 6124 Registered bulls and steers 25 Beef Scotland (UK) Global USA

3 Brown Swiss 74 24 HapMap" (3 trios); remaining no pedigree 24 Dairy Switzerland Alpine Europe, USA
Americas

4 Charolais 135 26 HapMap" (3 trios); remaining registered 25 Beef France France, USA, USA
Brazil, RSA

5 Finnish Ayrshire 444 215 unrelated; 17 paternal half-sib families 10 Dairy Scotland (UK) Global Finland

with average of 13 progeny per sire

6 Guernsey 23 21 HapMap®; remaining unrelated 21 Dairy Island of Guernsey (UK) USA, UK, UK
Oceania, RSA

7 Hereford 143 32 HapMap' (4 trios); remaining registered 25 Beef UK Global USA

8 Holstein 18904 Registered 25 Dairy Netherlands Global USA

9 Jersey 93 28 HapMap' (3 trios); remaining registered 28 Dairy Island of Jersey (UK) Global USA

10 Limousin 1621 All registered 25 Beef France France, UK, USA
USA

11 Norwegian Red 21 HapMap' (1 trio) 21 Dual Purpose Norway Norway Norway

12 Piedmontese 29 24 HapMap' (3 trios); remaining unrelated 19 Beef Italy Italy Italy

13 Red Angus 15 Registered 15 Beef Scotland (UK) USA, Australia USA

14 Red Poll 23 Registered, a few shared sires and dams 23 Beef UK UK

15 Shorthorn 108 Registered (7 trios) 25 Dual Purpose UK Global USA

16 Simmental 777 104 sires; 673 steers from 24 sires 25 Beef Switzerland Global USA

17 Welsh Black 32 several Welsh farms; unrelated 25 Beef Wales (UK) UK

Total: 28589 384
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For a biallelic marker the delta value, the absolute allele frequency difference, is
given by | pai—pa; |, where pa; and pa; are the frequencies of allele A in the i and "
populations, respectively. Delta could be viewed as a form of genetic distance in that
it is designed to measure the genetic differences between populations, where if there
are no differences the value obtained would be 0 and if populations share no alleles
the value obtained would be 1. However, delta differs from the standard genetic
distance measures, such as Nei’s Ds, in that these models usually contain population
genetic assumptions. For instance, Nei’s Ds (1972) is a standard genetic distance
which measures the proportion of alleles that are the same between a pair of
populations. Ds assumes that initial genetic variability in a population is at
equilibrium between mutation and genetic drift, with effective population sizes
remaining constant. Delta can only be estimated between pairs of populations (K =
2). Since K = 17 in this study, values were averaged across all pairwise comparisons

to produce an estimated value for each SNP marker.

Both Wright’s (Wright 1943; Wright 1951) and Weir and Cockerham’s (W&C)
(Weir and Cockerham 1984) Fst approaches were used to quantify the degree of
population allelic variation (i.e. population genetic differentiation) contained in each
SNP marker. For both methods unbiased estimates of Fst were first calculated over
all populations (global Fst) and on a pairwise basis (pairwise Fsr), with the latter

values being averaged over all pairs to produce an estimated information content

value for each SNP marker. Wright’s Fst was estimated as|[x] |,

where var(pa) is the variance of the allele frequency among breeds and p, is the

mean allele frequency across the breeds. Unbiased estimates of W&C’s Fst were

110



estimated as functions of variance components as detailed in Akey et al (2002).
These Fsr estimates can be negative if alleles drawn randomly from within a
population are less similar to one another than those drawn from different
populations (Fst < 0) (Akey et al. 2002; Weir 1996). In this study the estimated Fst

values were left as negative.

Principal Component Analysis (PCA) was used to reduce the multidimensional
dataset (for further details see section 2.2.3 in chapter 2). The coefficients
(“loadings™) used in the linear transformation of the original variables into new
variables generate the proportion of variance that a variable (SNP marker)
contributes to a given principal component. Since loadings represent the ‘weight” of
a variable (the amount that a variable contributes to the structuring obtained by a
PC), they can be used to determine how much information is present in each
variable. PCA was performed following Paschou et al (2007) but on the breed-
specific allele frequency matrix rather than the individual genotypes. To determine
which principal components were significant, 100 random matrices were created by
sampling with replacement allele frequencies within each SNP marker across all
breeds. The first eight principal components for the actual data contained more
information than in the randomly generated components (i.e., their eigenvalues were
greater). Therefore the loadings of the first eight principal components were used to
calculate the level of genetic information contained in each marker. The loadings for
each SNP marker were squared and summed over the eight significant principal

components to produce an estimate of informativeness.
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5.2.3 Individual assignment analysis

Several genetic assignment approaches are available (Cornuet et al. 1999; Paetkau et
al. 1995; Rannala and Mountain 1997). The Bayesian implementation developed by
Rannala and Mountain (1997) has been found to be more effective at individual
assignment than other methods (Cornuet et al. 1999). However, the method of
Paetkau et al (1995) is equally effective at individual assignment when the levels of
genetic differentiation between reference populations are high (Cornuet et al. 1999).
Consequently, the method of Paetkau et al (1995) was employed as it is easier to
implement than that of Rannala & Mountain (1997) and is most frequently employed

in empirical studies.

Allele frequencies of zero were replaced by a value of 1 x 10™ because log(0) is not
defined (Paetkau et al. 1995). Likewise, if an observed allele frequency was 1, it was
replaced by a value of 0.99999. Genotype likelihoods were calculated for each
individual in each reference population based on the observed allele frequencies for
each marker. Let pjjx denote the frequency of the k™ allele (k = 1, 2) at the j™ locus (j
=1 .. J) in the i" population (I = 1 .. I). Let gjx denote an individual’s diploid
genotype at the j™ locus, and let the Mendelian transmission probability of Ojik

arising in the i population be T(Qwe | 1)
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where a genotype is homozygous if k = k’ and heterozygous otherwise, under the
assumption of random union of gametes. Next, let g denote an individual’s
multilocus genotype. The likelihood of an individual diploid genotype occurring in a
particular population, T(gli), was estimated as above, as the square of the observed
allele frequency for homozygotes or twice the product of the two allele frequencies

for heterozygotes. Under the assumption of independence between the J loci

T(g|i)= HT(gjkk' |i) and log,,(T (g |1)) = Zloglo(T(gjkk‘ [1)).

To assess the performance of the assignment procedure, log-likelihood ratios (LLR)
were calculated by comparing the likelihood of an individual being assigned to its

population of origin and the likelihood of it being assigned to another population

The log-likelihood ratio (LLR) (also termed LOD score) is often used in population
genetics to determine the origin of individuals in population (Campbell et al. 2003;
Roques et al. 1999) and paternity studies (Marshall et al. 1998), where the likelihood
has been shown to be an efficient approach for the evaluation of alternative
populations or parental relationships. Meagher (1986) criticised the use of LLR (or
LOD) because it is not a valid likelihood ratio, as one hypothesis is not tested within
the other. When a constrained model is nested within an unconstrained model, then
for large samples -2Log(LLR) (or -2Ln(LLR)) is chi-square distributed with m-k-1

degrees of freedom where m is the number of categories in the data (e.g., cells in a
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contingency table) and k is the number of independent parameters to be estimated
from the data (e.g., allele or genotype frequencies). With individual assignment tests,
m = 1 (since there is only one sample genotype as each individual is tested
separately) and so the degrees of freedom is undefined. As a result the significance of
-2Log(LLR) cannot be tested using approximation to a chi-square distribution
(Meagher 1986; Marshall et al. 1998). Instead different stringency thresholds can be
applied as confidence levels of assignment precision. Four stringency levels are
commonly used: LLR >0, LLR > 1, LLR > 2 and LLR > 3 (Campbell et al. 2003;
Roques et al. 1999; Shriver et al. 1997; Smith et al. 2001). LLR > 1, LLR > 2 and
LLR > 3 levels, respectively, mean that a multilocus genotype is required to be 10,
100 or 1000 times more likely in one population than in the other(s). The LLR >0
level only requires the genotype to be more likely in one population relative to the
other(s). The correct assignment of an individual genotype to its known origin
occurred when the calculated LLR was greater than the selected stringency level. If
the LLR was lower than the selected stringency level, the individual genotype failed
to be assigned to its origin and was instead assigned to the reference population that

yielded the highest overall log-likelihood.

To obtain an estimate of the number of SNP markers required to achieve 90%, 95%
and 98% correct assignment success of the 384 individual genotypes for each of the
selection methods, at each of the four threshold levels, a non-linear regression model

was fitted to the curves of correct assignment percentage against cumulative markers.

An asymptotic regression model ({[x] =~ |, where parameter a represents

the value of the asymptote, parameter b represents the difference between the value
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of y when x = 0 and the upper asymptote and parameter c¢ represents the natural
logarithm of the rate of exponential increase) was found to best fit the data, with x
representing the cumulative number of SNP markers and y representing the
percentage of correct assignment. When a > 0, b < 0 and ¢ < 0 the model represents
the law of diminishing returns in which the rate of increase of y declines with

successive equal increments of x.

To test whether the level of genetic differentiation of a breed corresponded to the
power of assignment, a Spearman’s rank correlation was calculated between the
percentage of correctly assigned individuals for the 20 top ranked SNP markers for
each breed (selection method = pairwise Wright’s Fst, LLR > 0) and the average Fsr
for each breed (pairwise Wright’s Fst values across all breeds, based on 40, 843 SNP

markers, averaged to provide an estimate for each breed).

A negative control to individual assignment analysis was applied by analysing 20
sets of 400 randomly selected SNPs. The average individual assignment success was

estimated across the 20 random SNP sets at the stringency level LLR > 3.

In order to evaluate the power of assignment for samples of unknown origin, the
individual assignment analysis was evaluated by cross-validation whereby a training
sample was used to identify the informative loci and a holdout sample from each of
the breeds was used to test the power of the resulting panel and the reference training
sample. For breeds with a reference sample size > 50 (column N, Table 5.1) the

holdout sample comprised all the individuals to be assigned (10 - 28; given in
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column n). The genotypes of these ‘hold-out’ individuals were removed from their
respective reference (defining the training sample) breed and allele frequencies of the
reference breeds were re-estimated for the training sample. For breeds with a
reference sample size < 50 (column N, Table 5.1) five random individual genotypes
of the individuals assigned in the main analysis (those in column n) were designated
as the holdout sample; these were removed from their respective reference breed
(again, defining the training sample) and allele frequencies were re-estimated. The
individual assignment analysis was repeated with the new training samples and the

hold-out samples.

5.3 Results

5.3.1 Comparison of the marker selection methods

Frequency histograms of the level of genetic information in the SNP markers are
shown for each selection method in Figure 5.1. A predominantly left-skewed
distribution was produced for each selection method, except delta, which produced a
fairly symmetric distribution. The majority of the markers contained low to medium
levels of genetic information and a small proportion had high levels of genetic

information.

The level of similarity of the estimates of genetic information contained in each SNP
marker across the different selection methods was assessed. High levels of
correlation were observed between delta, pairwise Wright’s Fgst, pairwise W&C’s
Fst and PCA (Table 5.2). Similarly, there was substantial overlap (> 200) in the top

ranked 500 SNP markers between these four selection methods. In contrast, the level
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of correlation was lower between global Fst and the other selection methods. There

was also far less overlap (< 200) in the top ranked 500 SNP markers between the

global Fst estimates and the other selection methods (Table 5.2).
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Figure 5.1 Frequency histograms of the estimates of genetic information contained in

each SNP marker, for each selection method (x-axis scale is method-specific). The

majority of the SNP markers display

low to moderate estimates of genetic

informativeness with few markers displaying high levels of population differentiation.
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Table 5.2 Concordance between the SNP selection methods. The upper-triangle contains the Spearman’s rank correlation of information

content for each pair of selection methods (over all 40,483 SNPs). The lower-triangle contains the amount of overlap for the top 500 ranked

SNP markers between each pair of selection methods." the first eight principal components were significant and used to calculate marker

informativeness.

delta Global Wright's Fst Pairwise Wright's Fs;  Global W&C'S Fg;  Pairwise W&C'S Fgr PCA [1-8]1
delta - 0.589 0.884 0.370 0.819 0.928
global Wright's Fsr 98 - 0.847 0.462 0.821 0.682
pairwise Wright's Fgst 381 151 - 0.448 0.952 0.888
global W&C Fst 59 49 63 - 0.461 0.408
pairwise W&C Fsr 306 156 367 67 - 0.810
PCA [1-8]" 273 101 274 66 229 -
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The conflicting results between global Wright’s and global W&C’s Fst and the other

selection methods were explored further. The observed breed allele frequencies for

the top ranked 50 SNP markers for each selection method were displayed in a box-

plot in Figure 5.2.
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Figure 5.2 Boxplot of the observed allele frequency of the cattle breeds for the top-

ranked SNPs.
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The boxplot is an effective visual representation of both the central tendency and
dispersion of data. As can be seen in Figure 5.2, delta, pairwise Wright’s Fsr,
pairwise W&C’s Fst and PCA selected SNP markers with median allele frequency
between 0.2 and 0.8 and with large interquartile ranges indicating a high level of
dispersion amongst the observed allele frequencies. In comparison, the majority of
the top-ranked SNP markers selected by global Wright’s Fst had median allele
frequencies near 0 or 1 and low levels of dispersion. The global W&C’s Fsr resulted
in the selection of SNPs with a higher level of dispersion amongst the observed allele
frequencies than global Wright’s Fsr, but, nonetheless, also included markers with
outlying allele frequencies and smaller interquartile ranges than the other selection

methods.

5.3.2 Assignment precision: overall assessment

The accuracy of assignment of individual genotypes to known breed origin was
evaluated by cumulatively adding 20 markers, in descending order of estimated
marker informativeness for each selection method. No population genetic
differentiation was detected between the American and British Angus populations
(Table 5.1), consequently the two populations were pooled together and treated as a

single breed in subsequent analyses.

The success of assignment of the 384 individual genotypes to breed of origin at the

four stringency level thresholds for four of the selection methods (delta, pairwise

Wright’s Fsr, pairwise W&C’s Fst and PCA) is presented in Figure 5.3. Strikingly, it
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was immediately noticeable that > 50% assignment success for all four selection

methods was achieved at stringency level LLR > 0 using just the first 20 SNP

markers.
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Figure 5.3 The percentage assignment success with cumulative number of top-ranked
SNP markers at the four stringency threshold levels, for each selection method. 70%
success was achieved with the first 20 SNP markers across all ranking methods;
power of assignment did not increase beyond 200 SNP markers. Average assignment
success across 20 sets of randomly selected markers is also shown for the LLR >3

stringency threshold level.
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Overall, pairwise Wright’s Fst required the smallest number of SNP markers to reach
90%, 95% and 98% correct assignment at the four stringency threshold levels (Table
5.3). Of the four selection methods, PCA was the poorest performer, requiring > 190
SNP markers to attain 95% assignment success at the strictest stringency threshold
(Fig 5.3; Table 5.3). The power of assignment using PCA as a selection method
decreased considerably across all the stringency thresholds when a 98% assignment

success was imposed.

Full results are not shown for assignment precision using ranked SNP markers for
global Fst because they performed comparatively poorly. For global Wright’s Fsr,
90% assignment success was obtained with 230 and 380 SNP markers at the
stringency levels of LLR > 0 and LLR > 3, respectively. Using up to 400
markers,95% assignment success was not achieved at any stringency level. For
global W&C’s Fst, 90% assignment success was obtained with 80 and 230 SNP
markers at the stringency levels of LLR > 0 and LLR > 3, respectively. The global
W&C’s Fst had greater assignment accuracy over global Wright’s Fst, but still

performed worse than the other four selection methods.

Randomly chosen SNP sets performed worse than ranked informative SNP markers
in individual assignment analysis (Fig 5.3). Neither an asymptote nor 95%
assignment success were reached using up to 400 markers (averaged across 20 sets of

randomly chosen SNP at LLR > 3).
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Table 5.3 Individual assignment performance for the four selection methods. Estimated number of SNP markers required to achieve 90%,
95% and 98% correct assignment at the four stringency thresholds for each SNP selection method (the individuals from the two Angus
populations were pooled). Values estimated from asymptotic regression equation.

delta pairwise Wright's Fst pairwise W&C's Fs1 PCA
Logio | 90% 95% 98% 90% 95% 98% | 90% 95% 98% | 90% 95% 98%
0 43 60 87 41 58 84 37 63 104 51 76 117
1 68 91 130 61 81 115 65 90 130 72 99 153
2 96 127 180 81 105 148 90 120 172 | 102 140 284
3 124 160 210 106 138 196 | 121 160 242 | 140 193 404
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Each step in the individual assignment study was repeated using a training set and a
holdout set in order to evaluate the power of assignment for samples not included in
the reference population. Similar frequency histograms of estimates of genetic
information, levels of correlations between the SNP selection methods, allele
frequency dispersion of the top-ranked SNP markers and power of assignment were
observed. The assignment power for breeds with large sample sizes N > 50 was
comparable to the results of the main analysis (results not shown). Only certain
breeds with a low sample size had worse assignment power in the cross-validation
analysis. For example, poor assignment power was observed in Red Angus and
Norwegian Red, two breeds of low sample size and for which closely related breeds

were included in the dataset (Angus and Finnish Ayrshire, respectively).

5.3.3 Assignment precision: individual breeds

The SNP selection methods differed for power of assignment in individual breeds,
but no one method consistently outperformed any other in all breeds (Table 5.4). No
substantial further gain in power of assignment in individual breeds was observed
beyond ~ 200 SNP markers. Certain breeds required relatively few SNP markers to
attain > 95% assignment success (Table 5.4). For example, the Jersey breed required
< 50 SNPs to achieve 100% individual assignment even when strict stringency levels
were applied. In contrast, the Charolais breed required ~100 SNP markers to achieve
> 95% individual assignment and power was severely reduced with increasing

stringency level.
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Table 5.4 Power of assignment in individual breeds. Percentage of individuals that were successfully assigned to their breed origin, at the
four stringency threshold levels, for each selection method.
Delta pairwise Wright's Fst pairwise W&C's Fst PCA
Breed Markers log0 logl log2 log3 log0 logl log2 1log3 log0 logl log2 log3 log0 logl log2 log3
Angus 50 100 80 67 34 854 6458 43.75 18.75 93.8 81.25 375 16.67 854 68.75 52.08 20.83
100 100 92 78 73 979 91.67 8958 875 100 100 95.83 91.67 89.6 79.17 77.08 60.42
200 100 100 100 100 100 100 100 100 100 100 97.92 9792 100 97.92 97.92 97.92
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 97.92 97.92
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Brown Swiss 50 100 96 96 96 100 100 100 96 100 100 100 92 100 100 100 100
100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Charolais 50 72 56 24 0 92 76 60 24 92 60 44 16 88 68 20 4
100 88 76 56 24 96 96 84 60 96 88 80 44 92 92 84 52
200 96 96 96 92 96 96 92 92 96 96 96 92 96 96 92 84
300 100 96 96 96 96 96 96 92 96 96 96 96 96 96 96 96
400 100 96 96 96 96 96 96 96 96 96 96 96 96 96 96 96
Finnish Ayrshire 50 100 60 20 10 100 90 60 40 70 70 60 50 100 100 70 40
100 100 100 90 90 100 90 80 50 90 90 80 50 100 100 100 80
200 100 100 100 100 100 100 100 80 100 100 100 90 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Guernsey 50 100 100 96 96 96 96 96 96 100 96 96 96 96 96 96 96
100 100 100 100 96 100 100 100 100 100 100 100 100 96 96 96 96
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
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Table 5.4 cont.

Delta pairwise Wright's Fst pairwise W&C's Fst PCA
Breed Markers log0 logl log2 1log3 log0 logl log2 log3 log0 logl log2 log3 log0 logl log2 log3
Hereford 50 68 60 36 24 92 80 60 48 100 92 84 68 96 88 76 72
100 100 88 88 84 100 100 96 84 100 100 100 96 100 100 100 100
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Holstein 50 96 72 48 24 92 72 64 40 96 96 96 96 96 96 88 84
100 100 96 96 92 100 100 100 100 100 100 92 88 100 100 92 92
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Jersey 50 100 100 100 929 100 100 100 100 100 100 100 100 100 100 100 96.4
100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Limousin 50 92 84 56 40 96 92 84 48 88 80 72 44 84 60 20 12
100 100 100 96 76 100 92 88 84 88 88 72 72 92 92 72 48
200 100 100 100 100 100 100 100 96 92 92 92 92 100 100 100 100
300 100 100 96 96 100 96 96 96 96 96 96 92 100 100 100 100
400 100 100 100 100 100 96 96 96 100 96 96 96 100 100 100 100
Norwegian Red 50 905 714 619 333 905 714 571 286 905 81 714 571 857 762 619 286
100 100 96 905 85.7 96 905 857 76.2 905 905 762 714 96 96 90.5 85.7
200 100 100 100 100 100 100 100 96 100 100 100 96 96 100 100 96
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Piedmontese 50 100 947 947 789 100 100 100 947 100 94.7 947 737 947 842 737 474
100 100 100 100 947 100 100 100 100 100 100 100 100 94.7 947 947 68.4
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
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Table 5.4 cont.

Delta pairwise Wright's Fst pairwise W&C's Fst PCA
Breed Markers log0 logl log2 1log3 log0 logl log2 log3 log0 logl log2 log3 log0 logl log2 log3
Piedmontese 50 100 947 947 789 100 100 100 94.7 100 94.7 947 73.7 947 842 737 474
100 100 100 100 94.7 100 100 100 100 100 100 100 100 94.7 947 947 68.4
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Red Angus 50 93 733 46.7 26.7 86.7 533 333 20 80 533 46.7 133 933 533 46.7 20
100 93 80 66.7 60 86.7 86.7 80 66.7 100 933 933 733 933 80 733 60
200 93 933 933 933 100 100 100 933 100 100 93.3 933 100 933 80 80
300 100 100 100 100 100 100 100 100 100 100 100 100 100 86.7 86.7 86.7
400 100 100 100 100 100 100 100 100 100 100 100 100 100 93.3 93.3 933
Red Poll 50 889 889 833 722 100 100 833 778 944 889 778 66.7 100 944 944 944
100 100 100 100 100 100 100 100 944 100 100 100 100 100 100 100 100
200 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
300 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Shorthorn 50 80 76 68 56 92 92 92 80 92 92 92 88 96 92 80 80
100 92 88 88 88 92 92 92 88 96 96 92 92 100 96 96 92
200 96 96 92 92 100 96 96 96 100 96 96 96 100 100 100 100
300 96 100 100 100 100 96 96 96 100 96 96 96 100 100 100 100
400 100 100 100 96 100 100 100 100 100 100 100 100 100 100 100 100
Simmental 50 100 92 68 36 92 92 80 60 96 84 68 40 88 68 44 32
100 100 92 84 80 96 100 96 96 100 100 88 76 92 92 76 56
200 100 100 100 96 100 100 100 100 100 100 96 92 92 88 76 68
300 100 100 100 96 100 100 100 100 100 96 96 96 96 92 88 76
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 96 92
Welsh Black 50 100 100 933 76.7 96.7 933 833 80 100 96.7 90 833 96.7 96.7 90 833
100 100 100 100 100 96.7 933 933 933 100 100 100 100 96.7 96.7 96.7 96.7
200 100 100 100 100 100 100 100 100 100 100 100 96.7 100 100 96.7 96.7
300 100 100 100 100 100 100 100 100 100 100 100 100 100 96.7 96.7 96.7
400 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

127



There was a positive significant correlation between the percentage of correctly
assigned individuals and a breed’s average level of genetic differentiation (Fig 5.4;

Spearman’s rank correlation, tho = 0.635, p = 0. 0082).
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Figure 5.4 Scatterplot of percentage correct assignment using the top-ranked 20 SNP
markers versus average pairwise breed genetic differentiation correlated (Wright’s Fsr

method; Spearman’s rank correlation = 0.635).
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Table 5.5 Error rates | and Il for each breed following individual assignment analysis using SNP markers ranked by the pairwise Wright’'s Fgr

selection method.
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Two error rates of mis-assignment were calculated. Error rate | was calculated as the
proportion of individuals of a breed that were assigned to another breed, instead of
the breed of origin. Error rate Il was calculated as the proportion of individuals
assigned to a breed that actually originated from another breed. In Table 5.5a each
column shows the error rate | indicating the proportion of individuals from a known
breed origin that were allocated to each breed category (such that each column sums
to 100%). In Table 5.5b each row shows error rate Il indicating the proportion of
individuals assigned to each breed category according to their known breed of origin
(such that each row sums to 100%). Table 5.5a and 5.5b show error rates | and Il
that occurred in the individual assignment analysis, using pairwise Wright’s Fsr at
the lowest stringency threshold level (LLR > 0). With 50 SNP markers, five breeds
(Brown Swiss, Finnish Ayrshire, Jersey, Piedmontese and Red Poll) were assigned

with 100% assignment success, and the remaining breeds had an error rate | < 15%.

The error rate |1 was highest for Angus (14.6%), followed closely by Red Angus
(13.3%); for these breeds, if an individual was not assigned to its correct origin it was
assigned to the other breed. Using 50 SNP markers, eight breeds (Brown Swiss,
Guernsey, Hereford, Holstein, Jersey, Norwegian Red, Shorthorn and Welsh Black)
had no individuals assigned from other breeds, and the remaining breeds displayed a
an error rate 1l of < 17% (except for the Red Angus breed, where 35% of the
assigned individuals were Angus; and this may have been inflated by the relatively
low sample size of Red Angus breed (15), compared to Angus (41)). By 150
markers, error rates | and Il decreased to < 5% and occurred in the following breed

pairs: Angus and Red Angus, Charolais and Simmental and Shorthorn and Charolais.
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5.3.4 Ascertainment bias

The SNP markers on the BovineSNP50 beadchip were discovered through various

breed sources. The majority of the markers were discovered from Angus, Holstein

and Hereford breeds (others included Charolais, Jersey, Limousin, Norwegian Red ,

Red Angus and Simmental, but fewer SNPs were found through these breeds)

(Matukumalli et al. 2009).

Table 5.6 Average minor allele frequency for each breed across the 40, 483 SNP

markers, ranked by MAF in ascending order.

1

breed contribution to the SNP

discovery process with ‘1’ representing a ‘major’ contribution and ‘2’ a ‘minor’

contribution.

SNP discover process*

Breed MAF
1 Jersey 0.196 2
2 Brown Swiss 0.199
3 Guernsey 0.202
4 Shorthorn 0.204
S Red Poll 0.215
6 Red Angus 0.218 2
7 Finnish Ayrshire 0.219
8 Welsh Black 0.221
9 Norwegian Red 0.227 2
10 Angus 0.230 1
10 Limousin 0.230 2
10 Piedmontese 0.230
11 Holstein 0.231 1
12 Hereford 0.236 1
13 Charolais 0.243 2
14 Simmental 0.244 2

Although Jersey was one of the breeds used for SNP discovery, it had the lowest

average minor allele frequency (MAF) (Table 5.6). MAF values for Angus, Hereford
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and Holstein were relatively high but lower than for Charolais and Simmental. The
power of assignment at a breed level revealed that the breeds used for the SNP
discovery process were not amongst those (except for Jersey) that required the fewest
markers to achieve 100% assignment success (Table 5.5). The top 500 SNP markers
were ranked by decreasing informativeness with their corresponding SNP discovery
method (7 in total, (Matukumalli et al. 2009)). A X-test revealed that the proportions
of SNP discovery methods represented in the pairwise Wright’s Fst 500 top SNP
markers were not significantly different from those of the overall Bovine SNP50 set

(X?= 42, df = 36, p = 0.23).

5.4 Discussion

5.4.1 Behaviour of the marker selection methods

Similar levels of success in individual assignment of the European cattle breed
genotypes were observed across the four selection methods, delta, pairwise Wright’s
Fsrt, pairwise W&C’s Fst and PCA (Fig 5.3). This was likely due to an overall
agreement between these selection methods as to which were the informative SNP
markers (and uninformative markers). The resulting estimates of genetic
informativeness of each SNP marker were highly correlated across the four selection
methods, and there was a large degree of overlap among the top-ranked 500 SNP
markers (Table 5.2). This was expected because all methods were employed using
individual SNP marker allele frequencies. It has been demonstrated that delta and
Wright’s Fst function similarly (Rosenberg et al. 2003). Wiener et al (2011), using
the Bovine HapMap dataset, similarly observed a high correlation between delta and

W&C’s Fgr for the Holstein and Charolais breed pair. When more than two

133



populations are under consideration, PCA is certainly an attractive choice to
determine marker informativeness because it provides an overall estimate for a SNP
marker, as compared to other selection methods where it is necessary to estimate an
average from pairwise calculations (Paschou et al. 2007). However, of the four
selection methods, PCA exhibited the poorest correlation with the other methods and
lowest overall individual assignment power (Fig 5.3, Table 5.3). The PCA approach
developed by Paschou et al (2007) was recently applied to the Bovine HapMap
dataset, consisting of 19 cattle breeds (12 European, 3 Bos indicus and 4 other
taurine breeds), to identify ancestry informative SNPs (Lewis et al. 2011). By
selecting PCA informative markers using individual genotypes, between 200 and 450
markers (1.5% of 30,000 SNPs) were needed to achieve 95% assignment accuracy
for the 12 European cattle breeds in that study. This range of informative markers
required for accurate individual ancestry prediction was far greater than that found
using delta and the pairwise Fst methods where between 55 and 160 (0.40% of
40,843 SNPs) were required to achieve the same level of accuracy in ancestry
prediction for the 17 European cattle breeds (Fig 5.3, Table 5.3). PCA is an approach
used to characterise the structure of a set of variables (in this case SNPs). The
inferred relationships between objects (e.g., populations/breeds) are determined by
the structure of the covariance matrix between the marker allele frequencies. Using
the covariance matrix (instead of the correlation matrix) should select SNPs with
large affects (i.e. large variance) and, thus, should select informative SNPs.
However, an underlying assumption of PCA is that variables are correlated, therefore
the informativeness of a given marker will depend on the other markers included in

the analysis and this could influence the informative markers that PCA identified
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(Paschou et al. 2007). In contrast, delta and Fst do not take into account the
relationships amongst markers and the level of information of each marker is

estimated independently of the others.

Two other selection methods implemented here, global Wright’s and W&C’s Fsr,
performed comparatively poorly in the individual assignment test. As similarly
observed in another study (Kersbergen et al. 2009), global Fst may not be
appropriate to assess the level of genetic information in SNP markers when more
than two populations are under consideration, as the method could result in the
selection of SNP markers which are segregating in very few populations (Fig 5.2).
As a result, the performance of individual assignment tests using global Fst selected
markers may be compromised compared to the other selection methods.
Consequently, when more than two populations are under consideration, it is
preferable to estimate Fsr, either Wright’s or W&C’s, on a population pairwise basis
and then estimate the average across the pairwise comparisons to obtain an overall

estimate for a marker.

5.4.2 Assignment success: individual breeds

Breaking down the accuracy of genetic identification of individuals to focus on
specific breeds, it was evident that the number of markers required to achieve a high
assignment success varied markedly across breeds, regardless of the selection
method used (Table 5.4). For example, the Jersey, Brown Swiss, Guernsey and

Piedmontese breeds achieved 100% assignment success, even at strict stringency
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thresholds, using only 50 SNP markers. In contrast, the French beef breeds like the
Charolais, Limousin and Simmental achieved around 90% assignment success at the
lowest stringency threshold with 50 SNP markers, which fell to less than 50% with

increasing stringency threshold.

Differences in the individual assignment success of breeds could be attributed to
SNP ascertainment bias (Morin et al. 2004). Ascertainment bias can arise due to the
inclusion of few breed sources during the SNP discovery process, such that
represented breeds could show higher SNP variability and breeds not included in the
SNP discovery process could have lower minor allele frequencies (MAF) (Decker et
al. 2009; Kijas et al. 2009). Breeds with the lowest average MAF generally had the
highest power of individual assignment, requiring the fewest markers to attain 100%
assignment success (Table 5.4-5.6). The lowest average MAF values were found in
breeds that were not a part of the SNP discover process (Table 5.6) suggesting that
SNP ascertainment bias did have some effect on the individual assignment of certain
breeds. However, the Jersey breed had the lowest MAF value yet was part of the
SNP discovery process, though not central to the process. The highest average MAF
was observed in breeds that contributed to the SNP discovery process, however, they
were not central to it, like the three breeds, Angus, Hereford and Holstein, though
their average MAF values were high. In addition, the average MAF values were
variable amongst the breeds that had a minor contribution to the SNP discover
process (Table 5.6). The results suggest that SNP ascertainment bias may have had
some effect on the individual assignment of breeds, but the bias would certainly have

been more pronounced if Bos indicus breeds had been included in this study (Decker
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et al. 2009). In addition, no one particular SNP discovery method was over-
represented in the top identified SNP markers as the discovery method proportions
were similar to that represented on the Bovine SNP50 assay. Morin et al (2004)
concluded that ascertainment bias may be an issue in the assessment of population
size and demographic changes but that it has the least effect on individual
identification and assignment tests, where the intentional selection of informative

markers provides greater power than do randomly chosen markers.

It is generally considered that the number of markers required to obtain a high
accuracy of individual assignment is influenced by the level of population genetic
differentiation (Cornuet et al. 1999; Maudet et al. 2002). That is, the power of
assignment success and variation in power of assignment between breeds depends
closely on the populations under consideration and respective levels of genetic
heterogeneity. As demonstrated in Figure 5.4, the level of genetic differentiation of a
breed, measured by Fsr, was correlated with power of assignment success. Low
breed genetic differentiation was observed in Charolais and Simmental, which
similarly had higher error rates (Fig 5.4). False positive assignments also occurred
between breeds of known recent ancestry, for example, Angus and Red Angus, and
Finnish Ayrshire and Norwegian Red. In addition, cases of mistaken assignment
occurred between Charolais, Simmental, Limousin and Shorthorn, where the
pairwise Fstvalues amongst these breeds were less than 0.1 (Table 5.5). Difficulty in
discriminating the Charolais and Limousin breeds has even been encountered with

polymorphic microsatellite markers (Ciampolini et al. 2006).

137



5.4.3 Informative marker panels in population genetics

Earlier studies on the population genetics of cattle breeds focused on the analysis of
limited data from either microsatellites or SNPs (e.g. (Ciampolini et al. 2006; Maudet
et al. 2002)). The identification of the origin of individuals using sparse markers was
a means to characterise population genetic differentiation and did not focus on the
extraction of informative markers. For instance, in a study of French cattle breeds,
Maudet et al (2002) found that using 23 microsatellite loci, greater than 93% of
individuals could be assigned to their breed origin and Negrini et al (2009) found that
with 90 SNP markers genotyped in 24 European cattle breeds, 85% of individuals

could be assigned to breed origin.

Dense genome-wide SNP marker arrays now allow the prospect of marker selection
and the creation of marker panels. Evaluation of the selection methods revealed that
only a small proportion of the markers from the BovineSNP50 beadchip were highly
informative for discriminating among European cattle 17 breeds, and the majority
contained medium to low levels of genetic information (Fig 5.1). This is consistent
with the development of the assay in which SNPs with high MAF across Bos taurus
breeds were preferentially selected in the assay design. Consequently, sets of
randomly chosen SNP markers contained sufficient genetic information to produce
moderate levels of individual assignment power (Fig 5.3). In contrast, the prior
selection of informative SNP markers produced a reduced panel of highly
informative markers with substantially more power thus achieving precise

discrimination amongst the European cattle breeds. For instance, in a study on 6 Bos
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taurus breeds STRUCTURE vyielded the correct number of clusters in only 40% of
cases when using 150 randomly chosen loci (from a dataset of 2,641 loci) (McKay et
al. 2008). This is consistent with reduced assignment power for randomly-selected
markers found in this chapter (Fig 5.3). The lower power was likely a direct

consequence of using an insufficient number of informative loci.

Panels of informative markers are of value for studying evolutionary history and
population structure. A reduced set of selected informative markers has been shown
to effectively capture the genetic structure of human populations (Lao et al. 2006;
Paschou et al. 2007). For instance, Lao et al (2006) found that 10 SNP markers from
a 10K SNP array contained enough genetic information to differentiate individuals
from Africa, Europe, Asia and America and additional loci contributed very little
extra information. Indeed, it is generally considered that the inclusion of
uninformative markers (i.e., monomorphic loci) may compromise performance in
population genetic studies and add noise to the results (Liu et al. 2005; Smouse et al.
1982). It would also be useful to create a minimum panel of maximum power when
elucidating population structure when using Bayesian genotypic clustering software
such as STRUCTURE because these approaches are computationally demanding
(which intensifies as the number of markers increases). In addition, genotype
imputation can also be a computationally intensive exercise, especially with the high
density SNP chips. Panels of informative markers could be used for genotype
prediction with reduce computational cost. Consequently, it is practical and cost-
effective to apply a selection method to a large-scale marker set to isolate the highly

diagnostic markers and increase the power of analysis.
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The more practical application of panels of informative makers ranges from tracing
the origin of food products to tracking the illegal translocation of wildlife from one
geographical location to another. The availability tailor-made genetic kits permit the
routine regulatory use of genetic kits to expose fraudulent practices (Woolfe and

Primrose 2004).

5.5 Conclusion

While the marker selection methods explored agreed to a large extent on which SNPs
were the most informative and yielded reduced marker panels capable of breed
identification, the power of assignment varied markedly among resulting ranked SNP
panels, with delta and pairwise Wright’s Fst outperforming all other approaches.
These results illustrate that with effective exploration of available high density
genetic markers, it is possible to identify the most informative markers and produce

an optimal minimum set of markers that can differentiate among populations.
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CHAPTER SIX

Development of a DNA marker assay for the genetic verification of
British traditional pig breed products
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6.1 Introduction

Industrial consolidation of the agriculture sector as part of production improvement
has led to the dominance of food products derived from very few sources. More
recently, a growing appreciation and awareness of the potential diversity of food
products and their origins has led the promotion of more local and less industrially
derived food products. These less commercially available ‘exotic’ food products

often attract a premium value.

In the livestock industry in Britain there has been a marked rise over the past decade
in meat sold by breed name, with traditional British livestock breed products
attracting a premium price. This trend is exemplified by British pork products and
there are several contributing factors to explain the premium value of the traditional
breed products and changing consumer preferences. The traditional pig breeds are
slow growing relative to their commercial counterparts, increasing production costs.
The traditional breeds also have relatively low population sizes and the rarity makes
them a more valuable commaodity (Table 6.1). In addition, traditional breeds possess
certain meat qualities: high fat concentrations in the muscle and a fine muscle grain
(Warriss et al. 1996). These physiological attributes may contribute to an enhanced
eating experience and increased preference for traditional pig breed meat. The
enriched quality is not going unnoticed in the food industry; it is becoming common
to see pork products labelled with a traditional pig breed names on restaurant menus,
in butchers, in supermarkets and at town farmers markets in Britain. For instance,

Middle White pork is now a mainstay on the menus of top restaurants (BPA 2002).
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The increasing population sizes of the traditional pig breeds also bear testimony to
their rising popularity (RBST 2008). This trend has led to increased concerns over
the authenticity of traditional breed meats, as the consumer is unlikely to be aware
when substitution has taken place and fraud may therefore be perceived as a low risk
crime. In addition to defrauding the consumer, breed mislabelling threatens the
livelihoods of traditional breed farmers by undermining their brand and undercutting

their prices through the illegal substitution with commercially mass-produced meat.

DNA-based analysis offers the possibility to identify animals and verify the origin of
animal derived food products at the breed taxonomic level (Primrose et al. 2010;
Teletchea et al. 2005; Woolfe and Primrose 2004). The ability to genetically
authenticate the claimed origin of food products is well established and has led to its
use by industry to self-regulate, by eco-labels to promote sustainability and by
government authorities to monitor the food supply chain and enforce legislation
(Primrose et al. 2010). A number of genetic studies have addressed the potential use
of genetic markers for food authentication in livestock breeds through individual
assignment analysis (Blott et al. 1999; Ciampolini et al. 2006; Negrini et al. 2009;
Ramos et al. 2011), which have been important in laying the groundwork for the use
of DNA analysis to expose fraudent breed-labelling practices. However, these studies
in essence, have been explorative and discursive: illustrating that DNA markers can
be applied to food forensics, but without leading to the actual development of

specific genetic Kits.
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Whole genome sequencing, genotyping of genome-wide Single Nucleotide
Polymorphism (SNP) markers and the availability of dense genome-wide SNP
markers provided in SNP chips for many livestock species now permits the
development of transferable and affordable genetic identification assays designed for
regulatory purposes. The PorcineSNP60 beadchip (Ramos et al. 2009) can be
exploited to verify British pig breed-labelled pork products and, in particular,
samples allegedly originated from traditional pig breeds sold at a premium (Table

6.1).

With the aim of developing a genetic tool for the verification of meat from British
traditional pig breeds for food authentication purposes, the objectives of this study
were to: (1) select SNP markers that contain sufficient genetic information to be able
to discriminate amongst the pig populations, (2) create a custom-made assay with an
appropriate number of informative SNP markers, (3) demonstrate the effectiveness of

the assay as a diagnostic tool, and (4) validate the application for product regulation.

6.2 Materials and Methods

6.2.1 Data

A total of 14 British pig breeds were used in this study (Table 6.1). The sample set
comprehensively includes the two classification types of pig breeds (traditional and
commercial) and majority of both breed types present in Britain (BPA 2002). Also
included are the Meishan and Mangalica, two breeds of foreign origin that have been
imported in high numbers to Britain (Table 6.1). By covering an almost complete

spectrum of pig breeds present in Britain these dedicated samples have the potential
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Table 6.1 The British pig breeds.! population status quantified by the number of breeding females: Vulnerable = 300; At Risk = 500; Minority =

1000; taken from Rare Breeds Survival Trust (http://www.rbst.org.uk/watch-list/pigs), ? first imported to Britain from Hungary in 2006, * first

imported to Britain from China in 1800s, *the sampling protocol is further described in section 6.2.1.

Breed Sample size Type Status’ Sampling®
1 Berkshire 73 Traditional At Risk PigBioDiv and USA
2 British Saddleback 30 Traditional Minority PigBioDiv
3 Duroc 31 Commercial 2 Eur%%%?ﬂa?igdnsz USA
4 Gloucestershire Old Spots 24 Traditional Minority PigBioDiv
5 Hampshire 30 Commercial PigBioDiv
6 Landrace 30 Commercial 3 Eur%%%?j?a?igdns USA
7 Large Black 30 Traditional Vulnerable PigBioDiv
8 Large White 34 Commercial 3 European qnd 4 USA
populations
9 Mangalica 26 European’ PigBioDiv
10 Meishan 24 Asian® PigBioDiv
11 Middle White 30 Traditional Vulnerable PigBioDiv
12 Pietrain 21 Commercial 2 European af‘d 1USA
population
13 Tamworth 30 Traditional At Risk PigBioDiv
14 Welsh 33 Traditional At Risk Welsh Pig Society
446
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to be used as custom sets for future food authentication investigations and regulatory
purposes in the country’s porcine food industry. A total of 446 individuals were
genotyped using the PorcineSNP60 beadchip (Ramos et al. 2009), which features
~60 000 SNPs with an estimated marker per 40kb across the pig genome. Breed
sample sizes ranged from 24 (in Gloucestershire Old Spots and Pietrain) to 73 (in
Berkshire), with an average of 32 individuals genotyped per breed (Table 6.1). The
majority of the traditional breed DNA samples used in this study were previously
extracted and genotyped using microsatellite loci as part of the PigBioDiv, whereby
breed sampling constituted a pair of siblings from 25 litters in order to have 25 sires
and 25 dams as unrelated as possible (SanCristobal et al. 2006a). Breed samples for
the following commercial breeds, Duroc, Landrace, Large White and Pietrain, were
obtained from several European and USA populations (Amaral et al. 2009).
Additional samples in this study were collected from a separate Berkshire pig

population in the U.S.A and Welsh pigs.

Loci selected for analysis had a call rate of at least 80% across all the British pig
breeds and in total 59,436 SNP matched the call rate criterion. The individual
multilocus genotypes were then used to identify genetically informative SNP
markers and subsequently assess the genetic power of a selected panel of diagnostic

markers chosen to create a custom-made genotyping multiplex assay.
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6.2.2 SNP selection and assay development

The genetic informativeness of each SNP was measured by estimating delta from the
allele frequency matrix (for further details see section 5.2.2 in chapter 5). The
pairwise comparisons for each marker were averaged to obtain an overall estimate of

the level of genetic information contained in each marker.

SNPs were subsequently ranked according to their delta value. To determine the
numeric range of informative markers that would be appropriate for a custom-made
GoldenGate Veracode™ multiplex assay, an individual assignment test was
performed using cumulatively increasing numbers of top-ranked markers. A ‘self-
assignment’ test, as described by Piry et al (2004), was performed in GENECLASS 2
using a partially Bayesian assignment method (Rannala and Mountain 1997). Prior to
assignment testing of each individual, the observed allele frequencies of its
respective reference population were re-estimated excluding the genotype in
question, commonly referred to as the ‘leave-one-out’ validation method (Efron
1983). The likelihood of the multilocus individual genotypes occurring in each
population was estimated based on their observed allele frequencies and an
individual was assigned to a reference population for which it had the highest
likelihood of assignment. If this was the known origin of the individual then the
assignment test was deemed successful. This was a preliminary analysis to gauge the
approximate number of markers that would be required and, consequently, the self-

assignment test was used as it is straightforward to implement.
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6.2.3 Assessment of the assay for breed genetic discrimination

The performance of the selected informative SNP markers as the diagnostic marker
panel for a custom-made 96-plex assay was assessed. The extent of population
genetic divergence of the reference populations based on this assay was evaluated
using a combination of traditional population genetic statistics and individual-based

methods.

Weir and Cockerham’s (Weir and Cockerham 1984) unbiased estimator of Wright’s
fixation index (Fst) was calculated between pairs of breeds using FSTAT 2.9.3
(Goudet 1995) (for further details see section 2.2.5 in chapter 2). Reynold’s genetic
distance (Reynolds et al. 1983) was calculated between pairs of breeds from the
allele frequency matrix using GENDIST (Phylip v 3.67) (Felsenstein 1989) (for
further details see section 4.2.2 in chapter 4). An unrooted neighbour-joining tree
was constructed from the genetic distance matrix using the R package APE (Paradis
et al. 2004 (for further details see section 2.2.4 in chapter 2). A total of 1000
bootstrap replicates were created in SEQBOOT, for each replicate Reynold’s genetic
distance was calculated between pairs of breeds in GENDIST and a consensus
cladogram was calculated using CONSENSE (Phylip v 3.67) (Felsenstein 2008) (for

further details see section 2.2.4 in chapter 2).

Population discrimination, group membership and levels of mixed ancestry in

individuals were assessed using the Bayesian genotypic clustering method
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implemented in BAPS (Corander et al. 2008) (for further details see section 2.2.2 in

chapter 2).

An exclusion-simulation test using a partially Bayesian method (Rannala and
Mountain 1997) was performed using GENECLASS 2 (Piry et al. 2004). For each
reference population 10,000 independent individual genotypes were constructed from
the observed allele frequencies. The likelihood that each simulated individual
genotype was assigned to its respective reference population was calculated and a
likelihood distribution for all 10, 000 simulated individuals for each reference
population was constructed. The likelihoods of the individual genotypes were then
compared to the distribution of likelihoods of simulated genotypes for each reference
population. A critical rejection region (o) was implemented on the likelihood
distribution such that an individual genotype was excluded from a population if the
likelihood fell below the a * 10, 000™ lowest value of the distribution. Unlike the
self-assignment test, under the exclusion-simulation method an individual genotype
may be excluded from all reference populations; hence, it does not require that the

population of origin is sampled.

6.2.4 Power of the assay for pairwise breed discrimination

The power of breed assignment using the 96-plex assay was also assessed by
calculating the probability that an animal of an assigned breed was actually from that
breed rather than from another breed. This allowed an assessment of probabilities of

correct assignment in specific breed comparisons and was undertaken in order to
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represent a typical investigation in which there are specific claims and counter claims
made concerning the breed origin of a pork product. The likely defence hypothesis
that an observed individual genotype belongs to its designated breed origin (breed A)
was tested against the likely prosecution hypothesis that an observed individual
genotype may in actuality belong to another (breed B). If the defence hypothesis
(that the observed individual genotype belongs to breed A) is rejected when it is in
fact true, a Type | error has occurred (correct labelling undetected). If the defence
hypothesis (that the observed individual genotype belongs to breed A) is accepted
when it is in fact false, a Type Il error has occurred (mislabelling undetected). Using
these error rates, the posterior probability that a product is actually from breed A (its
claimed breed origin) instead of from breed B can be estimated (Ciampolini et al.
2006). In brief, the log-likelihood that an individual originated from each breed was
estimated in GENECLASS2 (Piry et al. 2004) as above and the log-likelihood ratio
(log(LR)) of an individual originating from breed A versus breed B was calculated.
The means and standard deviations of the observed log(LR) distributions were
calculated and the false positives (&) and true positives (1 — ) were obtained for test
values log(LR) > 0 and log(LR) > 2. Thus, the log(LR) of a positive result was
estimated as the ratio between the likelihood of having a true positive result against
the likelihood of having a false positive result: (1 — )/ a, which gives the odds that
the claimed breed origin (breed A) is correct when a test is positive. The posterior
probability that an individual actually originated from breed A given the alternative
hypothesis that it originated from breed B, assuming equal priors, was calculated as
follows: (1 - )/ a) ! (1 —p) / &) + 1), which represents the proportion of individuals

from claimed breed origin (breed A) correctly testing positive.
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6.2.5 Validation of the assay using independent samples

Following selection of a panel of 96 SNP markers, a custom GoldenGate Veracode™
multiplex assay was designed and tested to assess its performance across a range of
samples. This assay was then produced and run against a set of control samples.
Three sets of independent samples were used to validate and test the assay:

i) Control DNA from 70 samples from target breeds and comparative breeds
at a concentration of 50 ng/ul (Table 6.1). These were included to demonstrate the
ability of the assay to correctly assign samples to their breed origin.

ii) Processed/treated meat samples. These were included to examine the
performance of the assay across a range of sample types, including various cooking
methods (fried, baked, boiled, grilled, cooked in sauce). Samples were obtained from
the market sources (see below).

iii) Market/commercial samples sold by named breed. These were included as
a final examination of how the assay would perform using market samples and to
take an initial look at what breeds could be identified from a small sample of
traditional breed products on sale in the UK. Samples of pork meat (pork chops
unless otherwise stated) labelled by breed were purchased from 26 specialist
suppliers and one supermarket by Minton Treharne & Davies Ltd, a Welsh Public
Analyst involved in validating the assay. Names of individual suppliers are subject to

confidentiality.

DNA from all samples was extracted using the Qiagen DNEasy Blood and Tissue kit

following the manufacturer’s instructions and initially normalized to 50 ng / ul as
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suggested for the GoldenGate Veracode™ assay. DNA was then processed following
the Illumina protocol and the data analysed using the proprietary Genome Studio
software. Individual genotypes were exported for assignment analysis in

GENECLASS2 (exclusion-simulation tests), as described in section 6.2.3.

6.3 Results

6.3.1 Selection of markers for a breed informative panel

The power of the individual assignment test with cumulatively increasing number of

top-ranked informative SNP markers is presented in Figure 6.1.
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Figure 6.1 Plot of the individual assignment success for cumulatively increasing

numbers of top-ranked informative SNP markers.
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With the top-ranked 50 SNP markers 93.7% of the individual genotypes (418) were
correctly assigned. Correct assignment increased to 95% (426) with 60 SNP markers.
For 90 SNP markers, an individual assignment accuracy of 98.2% (438) was
attained. The 8 incorrectly assigned individuals involved the following breed pairs:
British Saddleback and Large Black (3), Landrace and Large White (1), Landrace
and Welsh (3) and Middle White and Large White (1). For 140 SNPs, 98.9% (441)
of the individual genotypes were correctly assigned (Fig 6.1). The 5 incorrectly
assigned individuals involved Landrace and Welsh (4) and Middle White and Large
White (1). Given the observed plateau of assignment success beyond 100 SNPs (Fig
6.1), the top 96 SNP markers were selected to form a marker panel for the

subsequent production of a 96-plex genotyping assay.

The genomic distribution of the final 96 SNPs is given in Table 6.2. As can be seen,
the informative SNP markers were located on all chromosomes except for 2, 9, 10
and 18. The number of SNP markers selected from chromosomes ranged from 1 on
chromosomes 12 and 17 to 25 on chromosome 8, with an average of 4 selected SNP
markers per chromosome. A remaining 20 SNP markers were selected that have yet

to be mapped to the porcine genome.

A disproportionately large number of SNPs were located on chromosome 8 (Table
6.2). Paschou et al (2007) observed that panels of informative SNPs selected from
genome-wide arrays tend to contain a large number of markers that are in high
linkage disequlibrium (LD). This introduces redundant information into a panel

because markers in complete LD will contain the same genetic information. The
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extent of LD between the 25 SNPs mapped to chromosome 8 was explored using
Haploview (Barrett et al. 2005). Out of 600 marker pairs, 18 pairs exhibited
moderate to high levels of LD in one or more pig breeds (r* > 0.4; Figure 6.2). The
high levels of LD for each of the 18 marker pairs were not present in all 14 pig
breeds, indicating that though a given marker pair may contain redundant

information for one breed that it is not necessarily the case for another breed.

Table 6.2 Properties of the 96 SNP panel. ! the average distance between pairs of
markers is provided with the minimum and maximum distance between pairs of

markers in brackets.

Chromosome  Occurrences distance (bp)l
1 9 84,849,030 (97,690-221,777,480)
2 0 n.a.
3 2 10,181,626
4 4 20,026,279 (215,501-33,004,030)
5 5 4,864,199 (47,779-12,111,040)
6 2 18,925,439
7 6 8,294,008 (142,325-23,742,753)
8 25 14,218,857 (18,524-71,017,493)
9 0 n.a.
10 0 n.a.
11 4 15,622,017 (18,731-28,458,841)
12 1 n.a.
13 4 27,645,655 (39,053-55,278,293)
14 3 522,828.7 (127,875 — 784,243)
15 5 32,778,555 (91,640-81,029,219)
16 3 654,860 (70,990 — 982,290)
17 1 n.a.
18 0 n.a.
X 2 5,045,381

Undetermined 20 n.a.
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Figure 6.2 Level of linkage disequlibrium (LD), measured using r?, between the 25
markers on chromosome 8 for each pig breed. r? represents the correlation of allele
frequencies between two loci such that SNPs in complete LD have a value of 1. The
darker the colour. the higher the LD with white indicating no LD between a pair of
SNPs.

6.3.2 Assessment of the assay for breed genetic discrimination

Based on the reference data, the average pairwise breed genetic differentiation (Fsr)
using the 96-SNP panel was 0.54 (Table 6.3). The genetic differentiation (Fst)
between pairs of breeds ranged from 0.10 (Landrace vs Welsh) to 0.82 (Hampshire
vs Meishan), with average breed Fst values ranging from 0.39 for British Saddleback

to 0.71 for Meishan.
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Table 6.3 Population genetic differentiation among 14 pig breeds using 96 SNP markers. The lower diagonal contains the pairwise genetic

differentiation between breeds estimated using Weir & Cockerham’s Fsr (Weir and Cockerham 1984). The column on the far-right of the table

presents the average breed Fsrand the standard deviation.

Breed BK BS DU GLS HA LR LB LW MA MS MW PI TA W Fst
1 Berkshire 0.51 (0.10)
2 British Saddleback 0.29 0.39 (0.08)
3 Duroc 0.42 0.36 0.53 (0.08)
4 Gloucestershire Old Spots 0.47 0.43 0.56 0.62 (0.12)
5 Hampshire 0.51 0.45 0.60 0.75 0.64 (0.10)
6 Landrace 0.52 0.32 0.44 0.64 0.63 0.45 (0.19)
7 Large Black 0.39 0.23 0.50 0.43 0.56 0.53 0.50 (0.11)
8 Large White 0.56 0.35 0.50 0.67 0.60 0.19 0.55 0.46 (0.18)
9 Mangalica 0.51 0.40 0.57 0.68 0.63 0.53 0.52 0.50 0.58 (0.10)
10 Meishan 0.65 0.55 0.69 0.71 0.82 0.71 0.57 0.71 0.78 0.71 (0.08)
11 Middle White 0.64 0.45 0.60 0.75 0.69 0.36 0.61 0.22 0.63 0.78 0.56 (0.16)
12 Pietrain 0.63 0.46 0.59 0.77 0.71 0.30 0.64 0.33 0.63 0.81 0.47 0.57 (0.18)
13 Tamworth 0.45 0.43 0.53 0.61 0.66 0.62 0.45 0.64 0.64 0.75 0.70 0.74 0.61 (0.11)
14 Welsh 0.55 0.37 0.48 0.67 0.65 0.10 0.57 0.23 0.56 0.73 0.43 0.33 0.65 0.49 (0.19)
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Reynolds' pairwise genetic distance ranged from 0.34 between British Landrace and
Welsh to 0.91 between Hampshire and Meishan. Average pairwise genetic distance
across all breeds ranged from 0.63 for British Saddleback to 0.85 for Meishan. The
phylogenetic reconstruction of breed relationships is shown in Figure 6.3 (bootstrap
support > 50% indicated). There was high support for a clade of five white-skinned
breeds (Landrace, Large White, Middle White, Pietrain and Welsh) with additional
support of the depicted branching within the clade. For the remaining breeds, there

was overall low bootstrap support for the depicted genetic relationships.
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Figure 6.3 Phylogenetic reconstructions of the British pig breeds using Reynold’s

genetic distance. Bootstrap support values greater than 50% are indicated.

The results of the BAPS analysis are presented in Figure 6.4. Given that there are 14
pig breeds sampled in this study, if all breeds were genetically distinct entities each

pig breed would form an independent homogenous cluster for K = 14.
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Figure 6.4 Individual assignment based on BAPS analysis at K = 14. The histogram
demonstrates the proportion of each individual’s genome that originated from each of
populations. Each individual is represented by a vertical line corresponding to its

membership coefficient (q).

However, at K = 14 the individuals of the Landrace and Welsh breeds clustered
together, whilst the British Saddleback was split into two clusters. The other pig
breeds were essentially distinct homogenous populations, with minimal individual
genetic admixture. Large White and Middle White clustered together until K = 14, at

which point they split to form separate clusters. The genetic subdivision in the
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British Saddleback breed was observed from K = 9. At K = 15, the Landrace and
Welsh breeds still clustered together whilst Berkshire individuals split over two
groups (mirroring the sampling of two geographic origins: USA and UK). Landrace
and Welsh split at K = 16 to form two distinct clusters. A plot of the posterior
likelihood of K values produced an asymptotic curve with a plateau that started at K
= 15 and extended to K = 20 (at K > 16 the different populations within the

commercial breeds split).

The exclusion-simulation test results are presented in Table 6.4. At a critical
rejection region (a) of 0.001, 99.1% (442) of the individual genotypes were not
excluded from their reference population origin. The individuals excluded from their
presumed origin (one each from Hampshire, Landrace, Large White and Pietrain

breeds) were also excluded from all other reference populations.

Table 6.4 Exclusion-simulation analysis of the reference populations for a = 0.001.

Breed Number of samples excluded from claimed breed origin
1 Berkshire 0/73
2 British Saddleback 0/30
3 Duroc 0/31
4 Gloucestershire Old Spots 0/24
5 Hampshire 1/30
6 Landrace 1/30
7 Large Black 0/30
8 Large White 1/34
9 Mangalica 0/26
10 Meishan 0/24
11 Middle White 0/30
12 Pietrain 1/21
13 Tamworth 0/30
14 Welsh 0/33
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6.3.3 Power of the assay for pairwise breed discrimination

The posterior probability that any individual with a log likelihood ratio greater than a
given threshold originated from the claimed breed origin rather than from another
specified breed, was calculated for all breed pairs at two thresholds (log(LR) > 0 and
log(LR) > 2). At the test value of log(LR) > 0 the posterior probability of correct
assignment was > 99.5% in 174 of the 182 and > 99.9% in 172 out of the 182
contrasts (Table 6.5a). A posterior probability of correct assignment of < 99.5% of
individuals to claimed breed was only observed in 4 breeds: Landrace, Large Black,
Large White and Welsh. The remaining 10 breeds had a high level of assignment
evident across their 13 pairwise contrasts (Berkshire, British Saddleback, Duroc,
Gloucestershire Old Spots, Hampshire, Mangalica, Meishan, Middle White, Pietrain
and Tamworth). Three contrasts had a posterior probability of correct assignment <
99.0% at the test value of log(LR) > 0: Large White against Landrace (0.97),
Landrace against Welsh (0.97) and Welsh against Landrace (0.91) (Table 6.5a). At
the test value of log(LR) > 2 the posterior probability of correct assignment was >
99.5% and > 99.9% in 175 of the 182 contrasts and 173 out of the 182 contrasts,
respectively (Table 6.5b). There were 2 contrasts with a posterior probability of <
99.0% at test value of log(LR) > 2: Large White against Landrace (0.98) and Welsh
against Landrace (0.95) (Table 6.5b). The lowest posterior probability of assignment

at both log(LR) test values was the Welsh against Landrace contrast (Table 6.5a,b).
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Table 6.5a The posterior probability any individual with log(LR) > 0 originates from the claimed breed.

Contrasted breed

Claimed breed BK BS DU GLOS HA LR LB LwW MA MS MW PI TA w
Berkshire - 0.999946 1 1 1 1 1 1 1 1 1 1 1 1
British Saddleback 1 - 1 1 1 0.999997 0.999695 0.999612 0.999927 1 1 1 1 1
Duroc 1 0.999998 - 1 1 1 1 1 1 1 1 1 1 1
Gloucester Old Spot 1 1 0.999998 - 1 1 1 1 1 1 1 1 1 1
Hampshire 1 1 1 1 - 1 1 1 1 1 1 1 1 1
Landrace 1 0.991010 0.999570 1 1 - 1 0.998634 1 1 0.999989 0.999992 1 0.971693
Large Black 0.999968 0.990014 0.999968 1 1 1 - 1 0.999889 1 1 1 1 1
Large White 1 0.992750 0.999633 1 1 0.972057 1 - 1 1 0.994449 1 1 0.999673
Mangalica 1 0.999991 1 1 1 1 1 1 - 1 1 1 1 1
Meishan 1 1 1 1 1 1 1 1 1 - 1 1 1 1
Middle White 1 0.999747 1 1 1 0.999819 1 0.999401 1 1 - 1 1 1
Pietrain 1 0.999739 0.999967 1 1 0.999107 1 0.999805 1 1 1 - 1 0.999817
Tamworth 0.999996 1 0.999978 1 1 1 1 1 1 1 1 1 - 1
Welsh 0.999997 0.993296 0.998325 1 1 0.907609 1 0.999993 1 1 1 1 1 -
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Table 6.5b The posterior probability any individual log(LR) > 2 originates from the claimed breed.

Contrasted breed

Claimed breed BK BS DU GLOS HA LR LB LW MA MS MW Pl TA w
Berkshire - 0.999976 1 1 1 1 1 1 1 1 1 1 1 1
British Saddleback 1 - 1 1 1 1 0.999910 0.999811 0.999965 1 1 1 1 1
Duroc 1 1 - 1 1 1 1 1 1 1 1 1 1 1
Gloucester Old Spot 1 1 1 - 1 1 1 1 1 1 1 1 1 1
Hampshire 1 1 1 1 - 1 1 1 1 1 1 1 1 1
Landrace 1 0.993502 0.999727 1 1 - 1 0.999662 1 1 0999997 1 1 0.991931
Large Black 0.999985 0.993539 0.999981 1 1 1 - 1 0.999929 1 1 1 1 1
Large White 1 0.994595 0.999749 1 1 0.984738 1 - 1 1 0998120 1 1 0.999923
Mangalica 1 0.999995 1 1 1 1 1 1 - 1 1 1 1 1
Meishan 1 1 1 1 1 1 1 1 1 - 1 1 1 1
Middle White 1 0.999824 1 1 1 0.999913 1 0.999814 1 1 - 1 1 1
Pietrain 1 0.999813 0.999977 1 1 0.999549 1 0.999912 1 1 1 -1 0.999922
Tamworth 0.999998 1 0.999987 1 1 1 1 1 1 1 1 1 - 1
Welsh 1 0.994867 0.998787 1 1 0.945844 1 1 1 1 1 1 1 -
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6.3.4 Validation of the assay using independent samples

The results of the validation analysis using three sets of independent samples are

presented in Table 6.6.

Table 6.6 Exclusion-simulation analysis of the independent test samples.

Number of samples excluded

Breed Test Cooked Market
1 Berkshire 0/5 - 1/6
2 British Saddleback 0/5 - 0/3
3 Duroc 0/5 - -
4 Gloucestershire Old Spots 0/5 0/6 2/10
5 Hampshire 0/5 - 8/8
6 Landrace 2 /5 (to Welsh) - -
7 Large Black 0/5 - 0/1
8 Large White 1/5 (to Middle White) - -
9 Mangalica 0/5
10 Meishan 0/5
11 Middle White 0/5 0/6 0/3
12 Pietrain 0/5 - -
13 Tamworth 0/5 0/6 0/4
14 Welsh 0/5 0/6 0/5

For each of the 70 control samples, 90 polymorphic SNP markers were

unambiguously genotyped from the 96-plex assay (two SNPs failed to amplify and

another four were monomorphic). In the validation analysis, 96% of the control

samples were assigned to breed origin (Table 6.6). Only two breeds did not attain

100% assignment success, Landrace (2) and Middle White (1), for which test

samples were assigned to Welsh and Large White, respectively.
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The performance of the 96-plex assay following various cooking treatments (fried,
baked, boiled, grilled, baked in sauce) showed correct assignment of all samples to
their five breeds of origin, although the genotyping success rate (SNPs per sample)

fell to a minimum of 88% (Table 6.6).

Out of 45 market samples, the individual assignment analysis resulted in 2 samples
not assigned to claimed breed origin but assigned to another breed, indicating
possibly mislabelled meat (1 claimed Gloucestershire Old Spot and 1 claimed
Hampshire sample) (Table 6.6). While all 8 Hampshire samples were excluded from
the Hampshire reference population, 7 out of 8 samples were not assigned to any

other breed.

6.4 Discussion

6.4.1 Development of the assay

The objective of this study was to develop a custom-made diagnostic genetic tool for
the authentication of products originating from traditional British pig breeds and
future regulation in the British porcine food industry. The availability of robust
genotyping systems, where users can design their own multiplex assays using
existing genetic markers, conveniently allows the achievement of this goal. In this
study the GoldenGate Veracode™ system was used to develop the assay and certain
pre-defined multiplex sizes were available: 48-, 96-, 144-, 192- and 384-plex.
Careful analysis of the large number of markers available from the PorcineSNP60
beadchip indicated that the 96-marker assay would be sufficient to achieve a high

level of assignment power. It was our assessment that more than 96 SNP markers did
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not sufficiently enhance the power of individual assignment analysis to warrant the

development of a 144-plex assay for pork product authentication (Fig 6.1).

6.4.2 The genetic power and utility of the assay

It is important to establish whether the both the sampling of genetic markers for the
96-plex assay and individuals for the British pig breeds were adequate, such that the
developed assay and set of reference populations can be repeatedly used for future
porcine food authentication. An earlier study using a panel of 50 microsatellites
showed that European pig breeds are generally highly distinct populations
(SanCristobal et al. 2006a). One biological factor that could influence the levels of
genetic differentiation amongst populations is hybridisation (cross-breeding).
Bayesian genotypic clustering analysis indicated that very few individuals showed
evidence of shared genetic ancestry in the British pig breeds (Fig 6.4). The lack of
evidence of genetic admixture within most populations and the genetic homogeneity
of British pig breeds is consistent with previous work using microsatellite markers
presented in chapter 2. Strict breeding practices in Britain appear to maintain the
genetic distinction of the pig breeds. This was further substantiated in this study
where population genetic estimates demonstrated that the 96-plex assay was a highly
effective selection of markers as it was able to genetically discriminate the British
pig breeds. As can be seen in Figure 6.3, the predominantly long branches of breeds
coupled with the high reported Fsr values are indicative of high breed genetic
differentiation (Table 6.3). As a result of prior SNP selection, the 96-plex assay
captured a large proportion of the genetic variation between the British pig breeds,

with estimates of Fst exceeding those previously reported using a standard diversity
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panel of 50 microsatellite loci (SanCristobal et al. 2006a). Although the high Fst
estimates of the SNPs on the 96-plex assay could be due to the process of random
genetic drift, locus-specific breed genetic differences could also be a result of past
artificial selection. A large proportion of the genetically informative SNPs were
found on chromosome 8 (SSCB8) (Table 6.2), which harbours the KIT gene, a locus
involved in coat colour variation in domestic pig breeds. High linkage disequilibrium
(LD) between some of these markers, especially in the commercial Large White and
Pietrain breeds (Fig 6.2), could be a signature reflecting positive selection. This is in
agreement with a recent genome wide study of commercial pig breeds in which low
nucleotide diversity was found in regions of SSC8 (Amaral et al. 2011). High
bootstrap support for the clustering of the white-skinned breeds and the Pietrain
using phylogenetic reconstruction in the current study (Fig 6.3) was probably due to
the selection of informative SNPs that are also associated with the KIT gene. Markers
that show high breed differentiation due to positive selection for breed-specific

characteristics may also be highly informative for breed assignment analyses.

The power of the individual assignment tests provided an indication that the breadth
of actual genetic variation within each of the British pig breeds has also been
effectively captured. That is, with sufficient numbers of individuals sampled, the
estimated allele frequencies will provide a reasonable estimate of the actual
population allele frequencies and, as a result, the individual assignment tests should
perform well. The vast majority of the test samples used to validate the 96-plex assay
were unambiguously authenticated, supporting the notion that the sampled breed

populations are good representatives of the breeds (Table 6.6). The validation step
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was a vital exercise, not only to test the effectiveness of the SNP panel and the
suitability of the reference population data, but also to demonstrate the application of
the assay by a UK public analyst on case-type samples. It supported the accuracy and
performance of the previous assignment tests and the overall low error rate indicated
that the sampled British pig breed populations are genetically representative of the
actual populations. The one possible exception to this was the observed lack of
assignment in market samples of Hampshire. While it is not possible to determine if
the failure was due to insufficient sampling of genetic variation within the reference
population or mislabelled test samples, in many countries the male Hampshire is
often used to sire cross-bred pigs (BPA 2002) and this practice could have altered the
genetic composition of the breed to an extent that the reference Hampshire
population (sampled in 1999) is not a good representative of the contemporary breed

population.

Although the prior selection of genetically informative markers allowed a high rate
of correct assignment there were, nonetheless, a few instances of incorrect
assignment of individuals. However, this was concentrated to a few breed pairings:
the majority of the incorrectly assigned individuals were between the Landrace and
Welsh breeds (Table 6.5-6.6). Relatively low genetic differentiation was observed
between Landrace and Welsh with the 96-plex assay (Table 6.3, Fig 6.3). It would
not be surprising to the pig breeding community that a close genetic relationship was
observed between these two morphologically similar breeds. Dwindling numbers of
the Welsh in the mid-20" century resulted in the introduction of Landrace blood to

boost the breed population size (Porter 1993) and today the two breeds look
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remarkably similar. The results from this study show that the 96-plex assay does not
allow differentiation of Welsh and Landrace pigs with sufficient accuracy for
authenticity testing. Incorrect assignment also occurred in one case between Large
White and Middle White (Table 6.6). Close genetic relationships between breeds

need to be carefully considered in product authentication.

6.4.3 The British pig breed market

The diversity of British pig breeds, expanding consumer preference and disparity in
price between pork products create the potential for the substitution of labelled breed
names in this food market. The conceivably profitable scenario of labelling a pork
product with a traditional breed name when it actually originated from another
source can be readily exploited. Therefore, it is in the interests of the food industry

and consumer confidence to be able to verify traditional pig breed labelled products.

The 96-plex assay has the ability to authenticate pork products labelled with
traditional breed names and thus expose the mislabelled products. The levels of
individual assignment accuracy were extremely high in the traditional breeds for both
the reference populations and the test samples (Table 6.4, Table 6.6). More
importantly, except for the Landrace/Welsh pairing, very few (commercial breed)
individuals were falsely assigned to a traditional breed. Therefore, there is a high
likelihood that an individual assignment test would assign a sample that was
correctly labelled with a traditional pig breed name to that breed origin.

Consequently, there was an extremely high probability of correct assignment for
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majority of the traditional pig breeds: Berkshire, British Saddleback, Gloucestershire
Old Spots, Large Black, Middle White and Tamworth, particularly when contrasted
against the other breeds (Table 6.5). Given the scenario that a food product labelled
with one of these traditional pig breed names is in fact derived from another source

then the probability of detecting such a swap is high.

Furthermore, the validation step of this study revealed a high level of breed label
conformity across a range of samples tested for the traditional British pig breeds
(Table 6.6). The molecular technology of the 96-plex assay can be confidently
applied to not only raw samples, but also meat subjected to various cooking
treatments which is particularly relevant to verifying claims made on restaurant

menus.

The power of the 96-plex assay as a genetic tool for British pig breed product
authentication was only really compromised when confronted with Landrace and
Welsh breed pair, as indicated by the notably reduced posterior probability of correct
assignment (Table 6.5). A lower posterior probability of assignment of Welsh
samples was obtained due to the relatively higher proportion of Landrace individuals
falsely assigned to the former breed. These results are in concordance with the
double cross-validation analysis in which two out of five Landrace individuals were

assigned to the Welsh breed (Table 6.6).

This study illustrates the potential of the 96-plex assay to authenticate the origin of

pork products labelled with traditional pig breed names. However, although
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commercial breed types were included in this study, in general commercially
produced meat does not normally originate from purebred animals. Instead,
commercial pork products are usually derived from lines that represent a broader
cross of multiple from, perhaps including genetic components from traditional
breeds. Although the 96-plex assay may be powerful at discriminating traditional pig
breed from commercial pork products, actual samples from these crosses from a
range of companies would need to be incorporated. This would then conclusively
demonstrate that traditional pig breeds products may be discriminated from
commercial pork products and validate the applicability of this genetic tool in the

pork industry.

6.5 Conclusion

The false labelling or mis-description of food is considered prevalent in the industry
and the need to authenticate product origin is a long-standing challenge. The
development of the 96-plex assay using markers available from the PorcineSNP60
beadchip will contribute to on-going product authentication and future regulation in
the British food industry. This genetic tool provides a powerful method for

authenticating products claimed to originate from traditional pig breeds.
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CHAPTER SEVEN

General Discussion
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7.1 Thesis motivation and objectives overview

Molecular characterisation of breeds is of primary interest for animal breeders. Aside
from lending a perspective on the historical development of breeds, genetic
surveying of breeds can contribute to conservation initiatives of livestock diversity.
This thesis concentrated on the characterisation of genetic diversity, structure and
individual genetic admixture in livestock breeds. It also focused on breed
identification with aim of developing panels of informative genetic markers for breed

verification.

7.2 Conclusions, relevance of findings and implications

7.2.1 Genetic diversity and structure of livestock breeds

This research first evaluated the performance of individual-based population genetic
clustering tools at characterising population structure using an empirical dataset of
British pig breeds. As was described in chapter 2, inconsistent results between the
Bayesian genotypic clustering methods were observed in terms of detection of breed
substructure, detection of individual genetic admixture and determining the number
of underlying populations (K). Of the Bayesian genotypic clustering methods, BAPS
detected known structuring not only between the British and French Meishan, but
also within the British population whilst STRUCTURE detected substructure in the
British Saddleback breed. Low genetic differentiation can cause the Bayesian
genotypic clustering algorithms to perform poorly (Waples and Gaggiotti 2006) and
variability in the inference of the more weakly differentiated subpopulations may

have been because the different algorithms were operating at their extremes. With
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regards to determining K, the Bayesian methods were not in agreement over the
optimal K value where BAPS detected finer genetic differentiation resulting in a
higher number of detected populations that were all biologically credible. In contrast,
in chapter 3 both BAPS and STRUCTURE concurred that there were two
underlying populations in the British Saddleback and the two approaches identified
the same two subpopulations in the breed. Li et al (2011) also found that with a
dataset of 7 cattle populations the same number of populations could be determined
using both BAPS and STRUCTURE. The nature of the population genetic structure
Is another factor that could affect the behaviour of different clustering (Waples and
Gaggiotti 2006). The genetic histories of livestock breeds can be complex due to an
assortment of processes that may have occurred during breed development. Hence,
the variability in the ascertainment of population structure of the British pig breed
with the different Bayesian genotypic clustering approaches could have been due to
greater complexity in the dataset (chapter 2), compared to the simpler structure
present in the dataset of the British Saddleback breed (chapter 3). Since population
structure can be complex it may be more feasible and constructive to conduct
Bayesian genotypic clustering analyses on identified subgroups within a large
population dataset (e.g. analysis presented in chapter 3). For instance, the uppermost
hierarchical layer of the population structure could be identified using delta K
(Evanno et al. 2005) and the genetic structuring within the inferred subgroups could

then be elucidated separately.

Based on the inconclusive genetic clustering results of the British Saddleback

reported in chapter 2 and its known history the genetic structure of the breed was
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further characterised in chapter 3. Two genetically differentiated subpopulations
were identified (Fst = 0.084) and were found to correspond with herd, where one
subpopulation consisted of individuals from the Rainbarrow herd and the other of
individuals that originated from other sampled herds. In chapter 4 a heterozygote
deficit was observed in a majority of the British traditional chicken breeds and
subsequent individual-based clustering analyses also revealed genetic substructure in
many breeds. For two breeds, the Sussex and Leghorn, the within-breed genetic
structuring was associated with morphological varieties. A prior assumption was that
breeders would want to maintain distinct morphological types and this would result
in breed substructure that corresponded with the different types. However, for
another eight breeds the observed genetic subpopulations were associated with flock
supplier. The extensive genetic substructure observed in many of the British
traditional chicken breeds was in contrast to the overall consensus that livestock
breeds tend to be homogenous genetic populations that rarely deviate from the
Hardy-Weinberg equilibrium (HWE) proportions (Lawson Handley et al. 2007).
Deviations from HWE due to a heterozygote deficit and further detection of genetic
subpopulations using individual-based clustering methods tend to be limited to the
odd sampled breed, as was found in French horse breeds (Glowatzki-Mullis et al.
2006), Italian chicken breeds (Zanetti et al. 2010) and the British pig breeds (chapter
2). Thus, overall phenotypically defined livestock breeds equate to genetic
populations. This could be due to the efforts of regulatory bodies, such as individual
breed societies and organisations like the British Pig Association and Rare Breeds
Survival Trust, which strive to preserve and maintain genetic diversity,

distinctiveness and integrity of livestock breeds. For the British chicken breeds,
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however, the genetic situation appears to be more complex and the genetic
substructure may be a reflection of the absence of a regulatory body commonly in
place for other livestock species. It appears that chicken breeders may be
implementing certain management practices within breeds, such as restricting gene
flow between flocks, thus producing subtle genetic substructure within breeds. Such
practices may have profound implications on levels of genetic diversity. The British
Saddleback pig breed as a whole exhibited high genetic diversity, but there was an
absence of allelic diversity and higher individual inbreeding in the Rainbarrow herd
(chapter 3). Microsatellite markers revealed moderate to high within-population
genetic diversity in the British traditional chicken breeds (chapter 4) and in the
interests of preserving current levels of genetic diversity the exchange of genetic

material within breeds should be encouraged.

Breed structure was surveyed in this thesis by quantifying the levels of genetic
variation between breeds and substantial genetic differentiation was observed in both
the British pig (chapter 2) and chicken breeds (chapter 4). Even breeds that shared a
common ancestry were moderately differentiated from one another, such as Landrace
and British Lop pig breeds and Brahma and Cochin chicken breeds. Although gene
flow may have occurred between breeds in the past through upgrading schemes, the
British pig and chicken breeds represent differentiated genetic populations.
Restrictions on contemporary gene flow between breeds have possibly contributed to
the genetic distinctiveness of the breeds. In addition, many livestock breeds have
small population sizes, sometimes a result of population contractions, which

increases the effects of random genetic drift driving alleles to fixation thereby rapidly
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enhancing breed genetic differentiation (Hartl and Clark 1997). For instance, some of
the British chicken breeds studied in this thesis are listed as ‘Endangered’ or
‘Critical’, such as the Ixworth, Lincolnshire Buff, Scots Grey and Spanish (DEFRA
2010) and these were found to be amongst the most genetically distinctive of the

British traditional chicken breeds.

Genetic distances between breeds were used to further characterise breed structure
through the identification of groups of genetically similar breeds using both
population-based and individual-based phylogenetic reconstruction. Two main
genetic groups were identified in the British traditional chicken breeds: an Asian
cluster consisting of Brahma, Cochin, Buff Orpington, Croad Langshan, Silkie and
Lincolnshire Buff and an indigenous breed group consisting of Derbyshire Redcap,
Dorking, Old English Pheasant Fowl and Hamburg (chapter 4). In the British pig
breeds genetic affinities were highlighted between Berkshire, British Saddleback and
Gloucestershire Old Spots and between Landrace and British Lop (chapter 2). The
genetic proximity of these breeds is probably due to shared ancestry and historical
cross-breeding, such as the once popular Berkshire pig breed that was used to
improve other breeds (BPA 2002; Porter 1993) and Asian chicken breeds used to
improve Sussex, which in turn contributed to the development of the white-feathered
Ixworth (Hams 2004; Vorwald Dohner 2001). However, beyond these few identified
breed groups, the genetic relationships of the other breeds and the overall
hierarchical structure could not be discerned. Even though the breeds were highly
differentiated, phylogenetic reconstruction of both the pig and chicken breeds

produced cladograms with low bootstrap support for relationships between breeds,
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star-shaped topologies and short internal branches that separated breeds. As a result,
the evolutionary radiation of the breeds was left largely unresolved and there was no
evidence of which breeds were ancestral or first established. Although livestock
breeds are genetically distinct, it has proven difficult to unravel the evolutionary
relationships of modern breeds using phylogenetic reconstruction as the reproduced
trees often lacks robustness (cattle (Li et al. 2007); pig (Megens et al. 2008;
SanCristobal et al. 2006a); cat (Menotti-Raymond et al. 2008); sheep (Peter et al.
2007)). A possible cause could be the complex developmental histories of livestock
breeds, which often involved genetic introgression or cross-breeding. These
processes do not adhere to the assumptions of linear bifurcation of the tree-building
methods where an ancestral population gives rise to a pair of descendant populations
(Eding and Bennewitz 2007; Rosenberg et al. 2001; Toro and Caballero 2005). The
effect of these human-mediated processes may be that breeds are equally related to
one another due to their complex historical genetic foundations, making it difficult to
genetically infer the evolutionary history of breeds. In addition, bottlenecks are
known to rapidly increase the genetic distinctiveness of populations and these altered
genetic distance values can distort the phylogenetic reconstruction of evolutionary
relationships (Takezaki and Nei 1996). Many traditional livestock breeds have
experienced substantial bottlenecks and their historic genetic relationships may be
untraceable through phylogenetic reconstruction of microsatellites. Another
possibility of the lack of bootstrap support of phylogenetic reconstruction of genetic
relationships between breeds is insufficient sampling of loci and individuals. By
focusing on maximising the probability of exactly recovering the one true tree

topology, several studies conducted by Nei and colleagues have addressed the
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number of microsatellite loci required in diversity studies, with recommendations
varying from 30 to at least 50 (Nei et al. 29183; Takezaki and Nei 1996; Takezaki
and Nei 2008). Since only 30 microsatellite loci were genotyped for the British
traditional chicken breeds, a greater sample of markers may produce a more resolved
topology (chapter 4). In addition, since microsatellite loci constitute only a small
portion of the genome, sampling greater genomic data (e.g. DNA sequences) could

provide additional information on the history of livestock populations.

7.2.2 ldentification of the breed of origin of individuals

Due to the maintenance of genetic integrity and distinctiveness of livestock breeds,
the clustering of individuals to breed of origin using both Bayesian genotypic
clustering approaches and phylogenetic reconstruction has proved to be successful,
as was found in dog breeds (Koskinen 2003), horse breeds (Glowatzki-Mullis et al.
2006), and, in this thesis, British pig breeds (chapter 2). Although individuals
clustered to breed of origin for many of the British traditional chicken breeds, other
breeds were subdivided and, in effect, individuals of these breeds appeared to cluster
to a subpopulation of origin (chapter 4). Although, from a perspective of population
management, the result highlights possible breeding practices (as discussed earlier),
the ease of implementation of a genetic test to verify the claimed breed origin of
marketed chicken products could be affected the genetic substructure. Nonetheless,
at present there does not appear to be a market for chicken products labelled with

premium value breed names. However, there is an increasing market for traditional
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British pig breed products and, consequently, the individual-based clustering results

for the British pig breeds in chapter 2 were promising.

In chapters 5 and 6 of this thesis breed identification in both European cattle and
British pig breeds was further explored using likelihood-based individual assignment
methods and dense genome-wide assays. Following the selection of markers using
different population genetic differentiation methods in chapter 5, the power of
individual assignment varied markedly amongst marker panels, with those generated
by delta and pairwise Wright’s Fst outperforming other panels and agreeing to a
large extent on which were the most informative markers. Individual assignment
success followed an asymptotic curve as a function of cumulatively increasing
number of informative markers, a result often observed in breed assignment analyses
(Bjornstad and Roed 2002; Blott et al. 1999; Cornuet et al. 1999). No further gain in
power of assignment was achieved by sampling in excess of 200 SNP markers in the
European cattle breeds. Similarly, the 96-marker panel developed in chapter 6 was
sufficient at discriminating the British pig breeds; including the next 50 informative
markers did not substantially improve the power of assignment to warrant the
development of a larger assay. In chapter 5 it was shown that prior selection of
informative markers produced a higher level of correct breed identification than
panels of randomly selected markers. Similarly, the 96-SNP panel of breed-
informative markers in chapter 6 exhibited levels of genetic differentiation (average
Fst = 0.54) that far exceeded that using the FAO-recommended panel of
polymorphic microsatellite markers in chapter 2 (average Fst = 0.29). However,

although the individual assignment success was high in both the European cattle and
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British pigs, a small proportion of individuals tended to remain mis-classified or
unassigned in both analyses, regardless of the number of genetic markers. This
appears to be less to do with an inadequate number of genetic markers and instead
was a reflection of genetically atypical individuals (Bjornstad and Roed 2002). The
power of individual assignment was variable across breeds, with more markers
required to distinguish the closely related breeds. For instance, the dairy breeds,
Jersey and Guernsey, and the traditional beef breeds, Red Poll and Welsh Black,
required fewer than 100 markers to achieve 100% assignment success, whilst the
closely related commercial beef breeds Charolais, Simmental and Limousin required
more than 200 markers to achieve greater than 95% assignment success. In the
British pig breeds, the 96-SNP panel could not effectively discriminate between the
Welsh and Landrace breeds as indicated by a relatively low posterior probability of
correct assignment. In contrast, in the other traditional British pig breeds the
posterior probability of correct assignment that a sample was truly from a traditional

breed, when contrasted against other breed sources, was extremely high.

The power of breed assignment was related to levels of genetic differentiation of a
breed. In particular, breeds that have small population sizes, often the traditional
breeds, were found to be genetically distinct and were amongst the breeds that were
effectively discriminated using assignment tests. Consequently, the breed assignment
results were encouraging because it is more likely that product label substitutions
would involve the premium breed ‘brand’ names of the traditional livestock breeds.
Furthermore, independent test samples validated the effectiveness of the 96-SNP

panel at verifying the origin of the traditional pig breed products. However, there are

180



potential practical limitations with regards to the use of SNP panels for food
authentication such as the breed verification of products like sausages and burgers,
where DNA could be extensively mixed during processing (Primrose et al. 2010).
Second, such tests can be expensive to implement on a widespread basis.
Nonetheless, the availability or at least the knowledge that a test is being
implemented can deter further potential fraudulent practice, as was found with
basmati rice (Dr Rob Ogden, personal communication 2010). Third, the genetic
composition of the reference populations used in the assignment test is important. As
was seen in chapter 6, not one of the Hampshire independent market test samples
could be verified using the current reference population. It is difficult to speculate as
to whether the test samples were not purebred Hampshires or whether the Hampshire

reference population was a poor representative of the contemporary breed gene pool.

From a conservation perspective, the panel of informative SNP markers identified in
chapters 5 and 6, for the European cattle and British pig breeds respectively, also
represent an important resource for the conservation of livestock breed genetic
variation as the panels encompass some of the genetic differences between the

breeds.

7.2.3 Data sampling

Prior to characterisation of genetic diversity and structure of livestock breeds,

sampling criteria are generally established. The general aim is to obtain an adequate

sample size from a range of breeders’ flocks or herds, such that as much population
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variation as possible is captured in the genetic dataset. In chapter 2 the dataset on
the British pig breeds was from the PigBioDiv project, where the aim was to collect
up to 50 individuals with two siblings per litter from as many herds as possible
(SanCristobal et al. 2006a). Such large sample sizes are not always easily achieved in
livestock biodiversity studies as an inherent challenge is that traditional breeds can
be low in population size. This can be further compounded by identifying
trustworthy animal breeders and, hence, relying on samples from a restricted number
of herds or flocks from breeders of known provenance. As a consequence, sampling
objectives may not be fulfilled. For instance, although the aim was to collect 30
samples from at least 5 or 6 flocks for the British traditional chicken breeds, only 19
samples could be obtained for the Norfolk Grey breed (chapter 4). Similarly, an
extremely low sample size of 15 individuals was collected for the Red Angus cattle

breed (chapter 5).

A second issue that may arise during the data collection process is a possible mix-up
of samples resulting in mis-labelling. Preliminary analysis of the microsatellite data
of the British traditional chicken breeds produced evidence to surmise that this may
have occurred in a few cases (chapter 4). Individual-based phylogenetic
reconstruction resulted in one or two individuals not clustering to origin in a number
of breeds. On closer examination, the suppliers of several of those mis-assigned
individuals also provided samples for the breed to which they clustered with (these
samples were removed). However, no evidence of a possible egg mix-up was found
for several other mis-assigned individuals (these individuals were retained).

Subsequent Bayesian genotypic clustering analysis indicated that some of these
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individuals were admixed, which could help explain the mis-assignment found in the
phylogenetic reconstruction. However, not all of the mis-assigned individuals were
admixed, such as two Scot Grey individuals clustering with Old English Pheasant
Fowl. Since no potential evidence of an egg mix-up was found for the two Scot Grey
individuals it is difficult to speculate as to the cause. It is possible that the suppliers
possessed Old English Pheasant Fowl since their full breed stock is unknown. Mis-
labelling of samples was probably not as relevant for the pig and cattle breeds
(chapters 2, 3, 5 and 6) because, unlike the chicken breeds where DNA was obtained

from eggs, biological samples were obtained directly from animals.

7.3 Future work

The thesis revealed challenges posed mainly by the population genetic statistical
tools and practical applications in breed identification, as well as opportunities for

further research.

Although novel Bayesian genotypic clustering techniques are useful at detecting
certain genetic patterns of populations, the behaviour of these sophisticated
approaches can make it difficult to evaluate the reliability and correctness of results
(Ball et al. 2010; Frantz and Cellina 2009; Rowe and Beebee 2007; Safner et al.
2011). The methods can be used to detect individual genetic admixture, the result of
hybridisation between populations, but, as demonstrated in chapter 2, the detection
of this biological phenomenon can vary between approaches. Although both BAPS

and STRUCTURE identified genetic admixture in certain individuals, sometimes
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only one approach detected genetic introgression in other individuals. Recent studies
have evaluated the ability of Bayesian genotypic clustering tools at detecting
hybridisation using both simulated data (Latch et al. 2006; Sanz et al. 2009) and
naturally occurring animal populations (Bohling and Waits 2011), with reported
variability in the detection of introgression and first and second generation hybrids
between the different approaches. However, simulated conditions are sometimes
unrealistic. Furthermore, the extent of hybridisation in natural populations is often
unknown due to the lack of a pedigree and, consequently, it is difficult to conclude
which detected levels of individual genetic admixture are more accurate. More
extensive testing is required and livestock populations offer the prospect of
evaluating the ability of these Bayesian tools at detecting individual admixture due to
the availability of pedigrees. The individual genetic admixture compositions
estimated by the Bayesian genotypic clustering tools could be compared with
ancestral predictions derived from a pedigree. Although, checks on the pedigree
should be conducted to assess their accuracy as pedigrees can contain errors. More
complex patterns of hybridisation could also be investigated using genotyped
experimental animal populations that incorporate pure-bred founder animals (FO),
first generation hybrids (F1), second generation hybrids (F2) and backcrosses (FO x
F1) (e.g. Bovine Genome (RoBoGen) herd; Charolais and Holstein cattle breeds

(Gutierrez-Gil et al. 2007)).

Another challenge that arose with the application of Bayesian genotypic clustering

tools was the identification of the optimal number of underlying populations (K),

particularly with STRUCTURE the most commonly used clustering approach in
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population genetic studies. Even with delta K, an ad-hoc statistic developed
explicitly to be used on STRUCTURE outputs, the identification of the optimal K
was a challenge. To that end, other statistical methods could be used to identify K.
The deviance information criterion (DIC), which measures model fit and complexity,
is widely used to compare Bayesian models (Spiegelhalter et al. 2002). Using an
empirical dataset of known population structure or simulated datasets encompassing
various demographic scenarios (varying gene flow/migration rates), further analysis
could determine if DIC would be a more appropriate alternative than delta K at

determining K.

Chapter 3 reported that the British Saddleback breed was divided into two
genetically differentiated subpopulations, one of which was composed of individuals
that originated from the Rainbarrow herd. A subtle pattern of herd structuring in the
British Saddleback may not be an exceptional result because breeds are generally
composed of herds, which are likely to contain individuals that are more genetically
similar to one another than to individuals from other herds (Blott et al. 1998b). The
Rainbarrow herd individuals constituted nearly half the sample size of the British
Saddleback breed. Herd sampling information is currently not available for the other
British pig breeds so it is unknown if the herd representation in the other breeds was
more balanced. This raises the question of whether the sampling composition of the
British Saddleback breed affected the performance of the individual-based clustering
approaches and whether the observed substructure was instead an artefact of an over-
represented subpopulation. If the other British Saddleback herds had had a similar

sample size would the same genetic substructure still have been detected? A study
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using simulated data illustrated that certain sampling scenarios, such as line transect,
trapper sampling and multi-generational, can affect the performance of Bayesian
genotypic clustering methods (Schwartz and McKelvey 2009). More extensive
testing is required to address the effect of sampling schemes on the performance of
these methods. Livestock breeds offer the prospect of evaluating whether irregular or
unbalanced sampling of individuals from genetically distinct breeds and
subpopulations (or herds) within breeds could affect the detection of clusters using

Bayesian genotypic clustering methods.

As described in chapters 5 and 6, using purebred cattle and pig breeds, markers can
be selected from the genome-wide assays to create genetic panels for individual
identification and authentication of traditional breed products. However, in practical
terms the implementation would be more complicated because market meat products
are not usually derived from purebred breeds. Instead, breeding companies specialise
in commercial lines that are derived from 2 or 3 way breed crosses (BPA 2002). To
fully validate the genetic tool developed in chapter 6 additional samples that are
representative of marketed meat products derived from commercial breeding
companies, as both reference populations and independent test samples, need to be
incorporated. These samples would then allow complete determination of whether

purebred traditional breeds and their products can be genetically distinguished.

Another issue in food authentication is that some meat products are of mixed

ancestry derived from cross-breeding, such as the highly prized Iberian pig ham

which is allowed to have a genetic composition of a maximum of 50% Duroc (Garcia
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et al. 2006). Similarly, the British traditional pig breeds could also be marketed as
cross-bred. To tackle this issue ‘dummy’ mixed breed reference populations could be
created and a Bayesian genotypic clustering analysis could be performed to
determine the genetic composition of marketed cross-bred products. In addition,
sometimes supermarkets explicitly label the breed of origin of the sire of meat, such
that the named breed would attract a premium value to the product. In this situation,
the dense genome wide assays offer the prospect of screening Y-chromosome SNPs
to identify those that are breed-specific and a tailor-made genetic assay could be
developed to address this specific food product claim. Dense genome-wide marker
arrays also allow more specific points of food authentication to be addressed. Beyond
developing a genetic panel to discriminate amongst a group of breeds, breed-specific
genetic tests could be developed by identifying the alleles that are private to the
given breed. This is particularly relevant for the verification of meat products derived

from the premium value traditional livestock breeds.

With dense genome wide assays, not only can the population structure and genetic
diversity of be studied, but also additional population genetic concepts like linkage
disequilibrium (LD) and effective population size (Ne) can also be more fully
investigated. As LD and N vary across chromosomes and across the genome the
availability of dense genome wide assays allow a more accurate description of these
properties.N, is an important population genetic concept as it measures the number
of individuals in an ideal population. Because there are factors that can affect Ne
(such as inbreeding, population fluctuation, selection, population structure), its

population estimation can contribute to the body of knowledge of the history of a
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breed. It would be of particular interest to compare and contrast LD and N, between
commercial and traditional breeds considering that the two breed types have

experienced different developmental and demographic trajectories.

7.4 Conclusion

In conclusion, this thesis demonstrated that animal breeders continue to maintain
high levels of genetic diversity between, and genetic homogeneity within most
livestock breeds. This ensures the protection and preservation of traditional breeds.
In particular, the phenotypically distinct British pig breeds could be identified as
separate populations. However, the British chicken breeds showed evidence of
population structuring and a continuation of this form of breed management may be
detrimental for overall breed diversity. Certain genetic differentiation methods were
shown to be highly useful for screening dense genome-wide assays for information
population genetic markers. Breeds could be effectively discriminated using panels
of informative markers, in particular the traditional breeds, which will aid in the

protection of the economic value of these breeds and their products.
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