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The complex evolutionary forces that shape genomes result in sequences that are part utility

and part history. The randomness involved in this process makes it di�cult to imagine ever

being able to read a genome and completely understand the e�ect of every base. But with

large–scale mapping approaches, we can relate specific genetic variants present in natural

populations to specific di�erences in traits of interest. The budding yeast Saccharomyces

cerevisiae is one of the most useful model organisms in the study of genetics, and also has

a long history of association with human activity. In this dissertation, I explore several

methodological aspects related both to mapping traits in S. cerevisiae and to understanding

how specific regions of budding yeast genomes have evolved over time. I begin by discussing

the two main approaches to positionally mapping trait variation: association and linkage.

Both of these approaches are aided by the recent sequencing of hundreds of S. cerevisiae

isolates, along with the less extensive but complementary sequencing of other members of

the Saccharomyces genus. Genome–wide association is a simple way of taking advantage of

the extensive diversity of available sequences, but su�ers from inflated false positive rates

due to population structure. Linkage mapping has traditionally been more widely applied

in yeast, since it is relatively simple to generate very large pools of individuals that are

ideal for mapping. This approach remains powerful, but the great number of sequences now

available makes it appealing to create larger crosses that incorporate more of this diversity.



However, simply mapping trait variation to specific loci does not directly inform us about

the mechanisms by which genetic variants a�ect phenotypes, or about how this variation

has arrived at its current state. I also discuss some specific evolutionary aspects of budding

yeast genomes. In particular, the ability of these substantially diverged yeasts to hybridize

creates interesting possibilities for adaptation. I describe the development and application of

an approach for identifying introgressed regions that remain from past hybridization events,

and that therefore may have played significant evolutionary roles. Overall, the extensive

genetic and phenotypic variation uncovered in budding yeast opens up exciting opportunities

to discover the genetic basis of complex traits, and to investigate the larger picture of how

evolutionary forces have shaped and continue to shape these experimentally and economically

important organisms.
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Chapter 1: INTRODUCTION

1.1 What does it mean to understand a genome?

Although we sometimes talk about reading genomes, the term sequencing captures the limi-

tations of the approach more accurately. Like a list of the 0s and 1s of a computer program’s

machine code, a genetic sequence is meaningless unless we know the rules for interpreting its

components. If we know how a specific sequence of logical bits translates into corresponding

programmatic commands, we can gain a complete understanding of the result of running a

piece of code. But what does an equivalent kind of understanding look like for a genome?

While computer programs are designed, genomes are evolved. There is chance involved, and

the results are not necessarily optimal. Evolution has thus been aptly compared to the pro-

cess of tinkering rather than engineering.1,2 The way in which genomes develop over time

makes them much more di�cult to decode than blocks of machine code since they are the

product of not only logical rules but also the randomness embedded in their history.3 What

would it mean to solve a genome—to fully comprehend the e�ects of every base it comprises?

Simulating every molecule in every cell of an organism, as well as the interactions between

those molecules, could theoretically allow us to interpret any genetic variant. Although

whole-cell simulations at the molecular level have been carried out and have successfully

predicted novel e�ects of genetic perturbations in single-celled organisms,4,5 these models

require extensive prior knowledge of cellular networks and do not function at the resolution

of individual nucleotide variants. There are limits to the complexity of interactions we can

simulate, and we will probably never have a model detailed enough to tell us about everything

happening inside of one cell or the trillions of cells in a single human.

But what we can more realistically strive for—and this goal lies at the heart of the study

of genetics—is characterizing all of the observed genetic variants that underlie traits of

interest.6 Even if we do not have a complete model elegantly and completely describing how
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sequence maps to function, we can create an extensive database of knowledge of all the genetic

variants that are major contributors to various functions. Mapping phenotypic variance to

genetic variance is incredibly important in medicine, agriculture, industrial applications, and

beyond. With an understanding of how specific variants lead to trait di�erences, we can more

accurately predict disease risk, breed better crops, and design more e�ective microbial tools.

1.2 Quantity and quality of genomic sequences

In the nearly thirty years since the initiation of the Human Genome Project, we have made

astounding strides in technologies for sequencing genomes and cataloguing variants. We have

gone from having a single bacterial genome sequence in 1995,7 to a single eukaryotic genome

in 1996,8 a single invertebrate9 and plant10 genome a few years later, and a single complete

human genome in 2001.11,12 Today, so many distinct species and individuals within those

species have been sequenced that there is no comprehensive list. We have not sequenced only

the human genome, but hundreds of thousands of human genomes;13 not just one individual

yeast, but many yeast species and thousands of strains.14,15 This great diversity of genomic

sequences is crucial for inferring the evolutionary relationships between organisms, as well

as for characterizing the e�ects of individual genetic variants.

But of equal importance to the diversity of available genomes is the quality of those

genomes. Resequencing approaches that map short reads to a preexisting reference genome

have trouble resolving larger structural variations, indels, copy number variants, and variants

in regions that are AT– or GC–rich or highly diverged between individuals.16 In addition,

in the case of clinically important variation, the sequencing accuracy is paramount.17 Our

ability to sequence genomes to higher coverage, and to do so more quickly and cheaply,

goes some way towards generating more complete and accurate genomes, but does not in

itself guarantee high–quality genomes that will allow for the analysis of all types of variation

of interest. De novo genome assembly is in general a much more challenging task, but

algorithmic and technological improvements in recent years have continued to make the
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approach more feasible.16 Our ability to map phenotypic variation to specific genotypic

variation will continue to advance with improvements in the quality of the genomic sequences

these analyses rely upon.

1.3 How to decipher a genome

Even before the completion of the first human genome sequence, it was already realized that

simply having this sequence would not be enough to tell us what it meant; new statistical and

technological approaches would need to be developed to decipher its meaning.18,19 While

simply sequencing more genomes is not a panacea for all the di�culties of interpretation,

aggregating many varying sequences in conjunction with varying phenotypes can reveal a

great deal about the e�ects of genetic variation.

The di�culty of mapping observed traits to the ever–increasing pool of known genetic

variants varies greatly depending on the specific phenotype of interest. In particular, mono-

genic traits that follow a Mendelian inheritance pattern are simpler to map because di�erent

a�ected individuals have causal variants that are identical or, at the least, located very close

to each other in the genome. On the other hand, complex traits depend on variation at

multiple locations in the genome that may di�er between individuals. These traits are more

di�cult to map because the e�ect of any one genetic variant may be small and may depend

on variants at other locations. Some disease phenotypes were early mapping successes fol-

lowing developments in sequencing technology—particularly common diseases with incidence

mainly depending on only one or a few possible variants. In the first decade following the

completion of sequencing the human genome, 2,850 genes involved in a variety of Mendelian

diseases were identified, and more than 1,100 variants influencing more complex disorder were

mapped.20 A few years later, genes underlying approximately 50% of all known monogenic

disorders had been discovered.21 But more complex diseases and other traits have proved

far more di�cult to dissect, with vast numbers of variants contributing vanishingly small

e�ects, or variants interacting in nonlinear ways. In addition, for traits that are rare, or that
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depend on underlying variants that are rare, it is challenging to obtain su�cient sample sizes

for mapping.22

The main approaches for connecting phenotypic variation to naturally occurring genetic

variation are candidate gene screening, linkage mapping, and association studies.22,23 In the

simplest cases, we can employ candidate gene screening, in which we make educated guesses

about genes that might be involved in a trait based on genetic functions that have already

been characterized, sometimes in other organisms. But given the complex, polygenic nature

of many traits—in addition to the pleiotropic nature of many genes—this approach often

fails. For example, as researchers first began to investigate the genetic factors underlying

psychiatric disorders, the only apparent candidates were the neurotransmitters that existing

drugs targeted, but no association was found between variation in these genes and those

disorders.24 In cases like these where the current literature does not point to useful gene

candidates, positional approaches to pinpointing relevant genetic variation have been pursued

instead.

Linkage analysis, which utilizes variation within families, has historically been a pow-

erful approach for understanding the genetic basic of Mendelian disorders and sometimes

more complex conditions; its utility, however, is mostly confined to highly penetrant genetic

variants, for which most individuals with the causal allele express the trait of interest.25

Genome–wide association (GWA), on the other hand, utilizes the variation in large groups

of unrelated individuals and gained popularity for its potential to provide insight into the

causes of common diseases with more complex genetic architectures. I discuss the strengths

and weaknesses of both of these mapping approaches in an experimentally and economically

important organism—the budding yeast Saccharomyces cerevisiae—in more detail later in

this introduction and in subsequent chapters.
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1.4 Yeast: an old friend and a modern model

“Ever since man became sapient he has devised means of intoxicating himself,

principally in order to create, albeit temporarily, a more pleasurable milieu. In

all but a few cultures, the most common means of intoxication has resulted from

the metabolic by-products of the anaerobic metabolism of certain species of yeast,

a process that has historically been elicited in a variety of ways.” 26

Yeast, and particularly the budding yeast Saccharomyces cerevisiae, has been an important

part of human civilization for several millennia. Evidence of fermented beverages comes from

China in 7000 BCE,27 Iran in 6000 BCE,28 and Egypt in 3000 BCE.29 It is hypothesized that

yeast–leavened bread originated in Egypt around 1500 BCE, either through the substitution

of beer for water when making bread, or through pieces of dough being left to sit long enough

that they collected wild yeast.30 Yeast is also used in the fermentation of a variety of other

food products, including cacao, in a practice that likely began in 1900 BCE or earlier.31 The

close association of yeast with human food and beverage production has shaped its evolution

and current diversity in profound ways.32–35

The tradition of fermenting beverages, bread, and chocolate with the yeast S. cerevisiae

and its close relatives has continued to the present day, but humanity has in recent history

also found new uses for this organism. S. cerevisiae has been used for bioremediation in

filtering heavy metal pollutants from industrial wastewater,36 for generating biofuels,37 and

in the production of biopharmaceuticals, including insulin and vaccines for hepatitis and

human papillomavirus.38 In addition, S. cerevisiae has become one of the most important

model organisms in genetics, and together with its relatives is one of the most useful systems

in comparative evolutionary genomics.39 S. cerevisiae was the first eukaryote to have its

complete genome sequenced,8 and currently has an extensive set of experimental tools avail-

able for its study: an extensively annotated reference sequence40 housed in a well-curated

genome database,41 a large experimental toolkit,42 and a wealth of other resources including

the gene deletion collection43,44 and detailed maps of genetic networks.45
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Budding yeast has gained prominence as a model organism to due several attractive

characteristics of its biology. The S. cerevisiae genome is approximately 12 million bp, about

one two-hundredth the size of the human genome; in addition, it is much more compact, with

far fewer introns and far less intergenic sequence. Budding yeast can reproduce both sexually

and asexually depending on environmental conditions. This flexible lifestyle allows for the

generation of large pools of (almost) genetically identical individuals, but also allows for the

combination of di�erent genotypes through mating and meiotic segregation. The generation

time of yeast is also short, with cells dividing as quickly as every 90 minutes under ideal

experimental conditions.42

Budding yeast are also, perhaps surprisingly, a good model for human cells in many ways.

For example, it is estimated that nearly half of essential genes in S. cerevisiae that have a

human ortholog can be functionally replaced with that ortholog; furthermore, these genes

that can be successfully humanized also tend to cluster together in function, suggesting the

possibility of humanizing entire metabolic pathways.46 This complementation of yeast genes

by human orthologs—or even paralogs—allows for testing the pathogenicity of variants in

human disease genes in a much more tractable experimental system.47

1.5 Yeast: not always friendly

Despite providing an array of culinary and experimental benefits to humanity, S. cerevisiae

is also an opportunistic pathogen. Although the incidence of S. cerevisiae infections is rare,

it is thought to be increasing.48,49 Some of its relatives, including Candida albicans and Can-

dida glabrata, are currently much more clinically significant pathogens.48 It is di�cult to

evaluate the mortality rates due fungal infections because they usually occur in the immuno-

compromised who have other medical conditions. But mortality for C. albicans infections

is estimated at 30-40% and is even higher for some other types of fungal infections.50,51 In

addition, the number of fungal infections is growing, as is resistance to current antifungal

treatments.52 Yet there are currently only three structural classes of antifungal drugs, two
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of which have been used since 1980.50

Drugs in the azole and polyene classes both target the sterol ergosterol, a cell membrane

component unique to fungi. Amphotericin B is the only polyene used to treat systemic infec-

tions; it acts by binding ergosterol, but can also bind human cholesterol, and is thus highly

toxic and used infrequently.50 Azole antifungals inhibit ERG11, an important enzyme in the

synthesis of ergosterol; although they are generally well tolerated, they can interfere with

other drugs through cytochrome P450 inhibition. Drugs in the third class, echinocandins,

inhibit the synthesis of an essential component of the fungal cell wall.50 Resistance has

been commonly acquired to both azoles and echinocandins. Developing antifungal drugs is a

challenge because of the large degree of homology between humans and fungi. One approach

to developing new antifungals is identifying molecules that synergize with existing antifun-

gals.50,53 And, in general, increasing our understanding of the genetic basis of resistance

and susceptibility of pathogenic yeasts to existing antifungal drugs will help us explore new

avenues of treatment.

1.6 The state of deciphering budding yeast genomes

Historically, both forward and reverse genetic approaches in yeast relied on random muta-

genesis as a source of genetic variation.54 In reverse genetics, we start with a particular

genetic variant and attempt to determine any e�ects it has on phenotype, while in forward

genetics, we start with trait variation of interest and attempt to locate the genetic variants

that contribute to it.54 In both cases, if we have just one or a few individuals of a species,

we can mutate specific genes or randomly mutagenize the entire genome to create a pool

of variation to study. But with the sequencing of a large number of genetically diverse S.

cerevisiae strains, focus has shifted to mapping phenotypes resulting from naturally occur-

ring variation, which is a useful way of limiting sequence space. As discussed earlier, the

two main approaches to mapping phenotypic variance to specific locations in the genome are

linkage analysis and genome–wide association, but the way these approaches are applied in
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yeast is somewhat di�erent than in humans.

Linkage analysis has typically been the more common approach for dissecting quantitative

traits in yeast. In humans, this approach is limited by our ability to obtain genetic sequence

data from a large number of families in which a trait is segregating, but in yeast it is

possible to generate much larger, informative families by crossing two or more divergent

parental strains—and to do so in a reasonable amount of time because the generation time

in yeast is typically only a few hours. Linkage analysis is therefore primarily limited only

by the genotypic and phenotypic divergence between the parental strains and the amount

of recombination that occurs in the genetic cross cross. It requires more experimental work

to generate a pool of segregants than to use a set of preexisting natural strains, but this

approach has the advantage of being able to assign causation to variants rather than just

correlation, due to the random nature of the segregant genomes. Isolating a variant from

the genetic background in which it evolved makes statistical associations simpler, but it is

also important to consider how it may not reflect the evolved genetic architecture of traits

as accurately.

Early linkage analyses in yeast mapped the complex traits of high tolerance growth55

and mRNA expression levels56 to underlying genetic loci, and the success of these studies

led to similar work across many other organisms.57 In recent years, yeast crosses have been

generated at a large enough scale to allow for the study of broader questions about the ge-

netic architecture of traits and the ways in which many loci can collectively contribute to a

quantitative trait.58 Two–parent crosses have in general been the most common experimen-

tal design, but even with very large numbers of progeny, these crosses fail to capture much of

existing natural genetic variation in the species and also limit the types of epistatic interac-

tions that can be found.59 Implementing new study designs that utilize linkage to map traits

with greater precision in diverse yeast strains remains an important area of exploration.

Although genome–wide association was first pioneered in humans, the recent sequencing

of hundreds of S. cerevisiae isolates from diverse geographical and ecological locations14,60–62

has made the approach appealing in this species. Some characteristics of budding yeast can
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make genome–wide association studies more powerful than in humans—including a high

level of genetic diversity and a the fast breakdown of linkage disequilibrium63—but the

potential for population structure to cause unacceptably elevated false positive rates is a

known concern.64 Statistical methods for reducing false positive rates exist, but the extent

to which these methods succeed while maintaining power is of interest and is discussed in

detail in the following chapter.

1.7 A brief tour of the Saccharomyces yeasts

Some of the characteristics that make budding yeast a useful model for molecular genetics

also make it a somewhat challenging organism in which to study population genetics. The

fact that yeast are single–celled means there they generally leave no fossil record, and also

that it takes concerted sampling e�ort to determine where they live in the present day. In

addition, their ability to reproduce both sexually and asexually, and to exist in both haploid

and diploid states, makes the application of population genetic models less straightforward.

On the other hand, budding yeast have interesting patterns of diversity and evolutionary

history. The Saccharomyces genus consists of eight known species, together comprising a

large amount of both genetic and phenotypic diversity. These species, and strains within

these species, exist in a wide variety of both human–associated and wild environments—from

hospitals to vineyards, and primeval forests to suburban oak trees. Today, more than 2,000

yeast genomes have been sequenced, providing incredible opportunities for characterizing

the variation among them. Pairs of these species are 15-30% diverged from each other at

the nucleotide level. Despite this large divergence—and despite species often being defined

by reproductive isolation—various pairs of distinct Saccharomyces species can mate and

occasionally produce viable o�spring in laboratory, industrial, and wild environments.65
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1.8 Hybridization and introgression

Hybrid yeasts are of particular interest in part because they are frequently useful in com-

mercial applications. In general, hybrids can have more extreme phenotypes than either of

their parents, a phenomenon known as heterosis or hybrid vigor.66 For example, the hybrid

brewing yeast S. pastorianus (S. cerevisiae ◊ S. eubayanus) is useful in the fermentation

of lager ales because of its superior cold tolerance.67 In addition to the existence of such

hybrid diploid yeasts that can propagate clonally indefinitely, it is possible for hybrids to

occasionally produce viable haploid spores. Prezygotic barriers in yeast are generally weak,

implying that the spore viability of these hybrids must generally be low to maintain dis-

tinct species—and indeed, this viability is typically less than 1%.68 However, the presence of

introgressions—relatively short genomic segments originating from another species—suggests

that these species barriers sometimes break down.

The mechanisms by which introgression occurs in budding yeast are not well understood,

but a few possibilities have been proposed. In other eukaryotes, including plants and hu-

mans, introgression typically occurs through hybridization followed by repeated backcrossing

with one of the original parental species, resulting in individuals that have genomes mainly

matching one species but with interspersed introgressed segments from the other species.65,68

This scenario is possible in yeast, but somewhat less plausible due to the large divergence

between species, the low spore viability of hybrids, and the theorized infrequency of sexual

reproduction.68 There are, however, ways in which this process may be accelerated. For

example, if aneuploidy occurs during the formation of ascospores, it could result in an indi-

vidual with most chromosomes originating from one parent, and only a few from another.

Alternatively, a single chromosome or portion of a chromosome could be directly transferred

from the nucleus of one individual to another of a di�erent species in incomplete karyogamy.68

There is also the possibility that observed “introgressions” actually result from horizontal

gene transfer through asexual means—a phenomenon that is common in bacteria but not

well understood in Saccharomyces.69
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Although many questions still remain about their origins, the introgressed segments that

remain in modern yeast genomes are interesting for a few reasons. First, they may sug-

gest interesting adaptive functions; that is, if specific introgressions remain from long-ago

hybridization events, they may have persisted because they allowed yeast individuals adapt

more e�ectively to new environments. Of course, these introgressions may also remain purely

through random drift—and certainly some of them do—but it is possible that some of them

have had more interesting evolutionary functions. In addition, introgressions can provide

insight into how di�erent species have interacted during their evolutionary history. Looking

at overall patterns of introgression can inform us about how important of a role hybridization

or other contact has played in the evolution of these the Saccharomyces yeasts, and perhaps

how this role has varied among di�erent species or populations.65

1.9 The state of identifying introgression in yeast

There are a variety of approaches for identifying introgression. One category of methods

involves analyzing patterns of linkage disequilibrium (LD). These methods do not require

a sequence for the species from which the introgression originated, but instead rely on the

observation that admixture will leave signatures of LD for many generations in the population

that was the recipient of introgression. For example, the S* statistic identifies long stretches

of polymorphisms that are shared among a subset of individuals in a population that has

experienced admixture, and that are absent from a non–admixed reference population.70

This statistic has been used extensively to detect archaic hominin introgression in modern

human genomes, and has been combined with archaic sequence data to detect introgressions

from specific species.71

In yeast, it has been more common to rely on sequence identity from the beginning of

the analysis—not only because making accurate demographic model assumptions in yeast

is more di�cult, but also because there are generally still surviving descendants of both

species involved in the genetic exchange. In addition, incomplete lineage sorting (ILS) is not
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as significant of a concern as a source of false positives in analyzing yeast genomes, since

the divergence times between yeast species are so much larger; the potential role of ILS as a

confounding factor in identifying introgression in yeast genomes is discussed in more detail

in Chapter 4.

Researchers using sequence identity to infer introgression in yeast have typically focused

on entire genes or ORFs, determining whether they more closely match those found in indi-

viduals of the same species or those found in a di�erent species, according to preset identity

thresholds.14,62 This approach is often partially successful, but is unable to identify smaller

pieces of genes that are introgressed, intergenic introgressions, and larger introgressed re-

gions that span many genes. It also provides no information about the breakpoints or length

distributions of introgressed regions. Methods that instead scan across the genome site–

by–site or in windows—without regard to gene boundaries—can potentially address these

shortcomings. Hidden Markov models (HMMs), which infer an unobserved state underlying

each observation in a sequence, are one possible way to consider the possibility of introgres-

sion at every site in a statistically principled way. PhyloNet–HMM is a computational tool

designed for detecting introgression in eukaryotes that simultaneously infers the gene tree at

each site72 and another, simpler HMM–based approach is discussed in detail in Chapters 4

and 5.

1.10 Not just what is, but what could be

Returning to our original discussion of what it means to fully understand a genome, there are

a few new points to add. While having a complete catalogue describing the way that existing

genetic variants map to phenotypes of interest would be a powerful resource that would help

us figure out how to treat many types of disease and solve a variety of other problems, it would

still not provide a complete picture. Such associations between genotype and phenotype

tell us about the current state of genomes, but do not tell us how genomes came to be

the way they are or, conversely, how they might change in the future. Understanding the
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evolutionary forces that have shaped and continue to shape genomes is crucial both in helping

us understand the variation we uncover, and in predicting outcomes such as how pathogens

are likely to develop resistance to current treatments, how microbial communities might

respond to environmental perturbations, or how a whole ecosystem might adapt to a changing

climate. Developing tools and techniques for understanding the past, present, and future of

genomes is crucial to answering many practical questions in genetics.

1.11 Outline of this dissertation

In the chapters that follow, I describe my work in several areas related to characterizing

genetic variation in the Saccharomyces yeasts. In Chapter 2, I summarize the extent to

which population structure contributes to false positives in GWA studies in yeast. I evaluate

the performance of existing methods of correcting for this phenomenon, as well as some novel

extensions to those methods. In Chapter 3, I outline several aspects of the design of a large

and diverse yeast cross for mapping quantitative traits with unprecedented precision. This

cross has recently been completed by members of the Dudley lab, and work is now underway

to map a variety of phenotypes in the final pool of segregants. In Chapter 4, I discuss

the development and application of a hidden Markov model–based method for identifying

introgression in yeast genomes. In Chapter 5, I extend this method to incorporate more of

the diversity within Saccharomyces. Finally, I conclude with some thoughts on the future of

characterizing genetic variation in budding yeast and beyond.
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Chapter 2: A COMPARISON OF METHODS FOR CORRECT-
ING FOR POPULATION STRUCTURE IN GENOME–
WIDE ASSOCIATION STUDIES IN BUDDING YEAST

2.1 Abstract

In recent years, a large number of diverse budding yeast genomes have been sequenced,

leading to an interest in conducting genome–wide association (GWA) studies in this model

organism. In some ways, S. cerevisiae is ideal for GWA studies: strains are highly diverse,

phenotypes are relatively easy to quantify, and linkage disequilibrium extends over a short

distance. However, the extensive population structure among S. cerevisiae strains can lead

to spurious associations and highly inflated false positive rates. In this chapter, we examine

the population structure present in a set of 302 S. cerevisiae isolates. We simulate phenotype

measurements for a variety of traits with di�erent genetic architectures, and compare the

performance of multiple methods of correcting for population structure when conducting

GWA. We find that the mixed–model method GEMMA outperforms an uncorrected t–test,

as well as the inverse–regression method GCAT. In addition, the original formulation of

GEMMA outperforms several novel extensions that incorporate more localized information

about population structure.

2.2 Introduction

How can we identify the genetic factors that underlie heritable trait variation? In the sim-

plest cases, we can make educated guesses about genes that might be involved based on

functions that have already been characterized. But given the complexity of most traits

of interest, this approach often falls short, and statistical approaches to systematically test

for a relationship between genotype and phenotype are necessary. Most broadly, we can

locate relevant variation within the genome through either linkage analysis or association
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mapping.73

In linkage studies, the genomes of related individuals with di�ering trait values are com-

pared, and variants that are present in only the individuals with the trait of interest are

candidates for being causative. With more families and/or more individuals within those

families, we can narrow down the region in which a causal variant lies. Linkage studies have

been used extensively to map traits in yeast, in part because it is relatively simple to generate

very large pools of segregants that are ideal for mapping. But with the great diversity of

yeast genomes now being sequenced, there has in recent years been interest in conducting

genome-wide association (GWA) studies in yeast, as well.

The GWA study design was pioneered in humans, for which obtaining the large, infor-

mative families necessary for successful linkage analysis is challenging. In GWA studies,

individuals in a population are typically divided into a�ected and control groups; every

marker or SNP in the population is then tested for a statistically di�erent frequency in the

two groups, with a correction for the large number of SNPs being tested.24 GWA stud-

ies can also be used to analyze quantitative—rather than binary or case/control—traits by

regressing the measured trait values on the genotype for every individual at each SNP.74

Early GWA studies were undertaken with the hope that they would help fulfill the promise

of the Human Genome Project “to provide tools for identifying genetic factors that contribute

to common, complex diseases such as cancer and diabetes,” and ultimately suggest possible

treatments.23 Although we are still far from solving all the mysteries of heritable disease and

health traits, GWA studies have proved to be a powerful investigative tool in many cases.

Early successes of GWA studies included mapping risk of myocardial infarction to two SNPs

in a single gene,75 mapping risk of age-related macular degeneration to a single SNP that

increases risk approximately fourfold,76 and identifying the gene in which variation can lead

to Crohn’s disease.77

The success of GWA studies depend on several factors of the study design as well as

the genetic architecture of the trait, including the heritability and the number of variants

underlying it, as well as the frequencies and e�ect sizes of those variants78 (Fig. 2.1). Most
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early successes were in common diseases with a small number of underlying genetic variants

of large e�ect, but subsequent work has identified variants underlying traits with increasingly

complex underlying genetic architectures. By 2009, GWA studies had provided evidence of

specific polymorphisms related to 40 di�erent common diseases.24 Hundreds of complex

traits have now been linked to specific genetic variants, and genetic variants identified by

GWA studies now total more than 10,000.78

Although linkage studies do not have the same downsides in yeast and other model

organisms as they do in humans, GWA is still appealing because it takes advantage of

naturally occurring variation rather than requiring the construction of new strains. The

budding yeast Saccharomyces cerevisiae was the first eukaryote to have its whole genome

sequenced,8 but the sequencing of a greater diversity of strains within the species lagged by

several years. In 2012, there were 36 S. cerevisiae genomes available from the Saccharomyces

Genome Resequencing Project.60,64 Today, there are more than one thousand.14,61,62 In

the past several years, GWA methodology has been explored in S. cerevisiae,64,80 and has

been applied broadly in the species to find variants associated with clinical versus nonclin-

ical backgrounds81 and variants associated with resistance to copper, lithium, and certain

antifungal drugs,62 among others.

S. cerevisiae is a good organism to use for this type of genetic mapping because strains are

highly diverse and linkage disequilibrium extends over a relatively short distance.14,33,64 A

challenge for GWA studies in yeast, however, is the existence of extensive, complex population

structure than can lead to high false positive rates. When subpopulations di�er in their

average trait values and in allele frequencies at certain sites, spurious associations can arise

(Fig. 2.2). Even when using tools to correct for population structure, false positive rates can

still be approximately double what they should be.64

In this chapter, we examine the population structure present in a set of 302 S. cerevisiae

genome sequences (provided by Joseph Schacherer), which are now available as part of the

published 1,011 genomes collection.14 We characterize the power and false positive rate for

mapping traits with a variety of genetic architectures in these strains, using simulated trait
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Figure 2.1: Applicability of GWA studies to identification of variants with varying e�ect sizes
and frequencies in the population. GWA studies are primarily useful for identifying moderately
common variants with small to intermediate e�ect sizes. For very rare variants (or “mutations”),
other approaches, such as more targeted sequencing of a�ected families, may be necessary. Common
variants of large e�ect are, of course, the easiest to detect but in general are not responsible for
complex diseases. Adapted with modification from Bush and Moore 2012.79

data and a variety of methods for performing association tests with and without corrections

for population structure.
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Figure 2.2: Population structure can result in spurious associations. If populations A and B express
the phenotype of interest at di�erent rates, then alleles that di�er in frequency between the two
populations can be spuriously associated with the phenotype. In this simple example, allele A is
associated with a phenotype represented by a dark outline. The association is real but is due to
population structure rather than a causal relationship.

2.3 Results

2.3.1 Population structure in 302 S. cerevisiae isolates

The genome sequences of 1,011 S. cerevisiae isolates from diverse geographical and ecological

environments were recently published.14 All analyses in this chapter are based on a subset

of 302 of those sequences shared prior to the publication of the full data set. Using the

maximum–likelihood program ADMIXTURE,82 we estimate that there are eight distinct

subpopulations represented in these strains (Fig. 2.3). This estimate falls between the five

lineages recognized in the 39 S. cerevisiae strains of the Saccharomyces Genome Resequencing
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Project60 and the thirteen lineages proposed for all of S. cerevisiae.83 The populations we

identify correspond roughly to the location and/or type of environment from which the

isolates were obtained, but approximately half of the strains show evidence of admixture.

The minor allele frequency spectrum shows a small bump at approximately 0.35, possibly

due to population structure or selective forces (Fig. 2.4).
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Figure 2.3: Populations determined by ADMIXTURE analysis. Each column shows the com-
position of one of the 302 strains, with the eight subpopulations represented by di�erent colors.
These subpopulations roughly correspond to assorted Asian strains (red), assorted European strains
(blue), North and South American clinical strains (green), African wine strains (purple), European
beer strains (orange), wild Asian strains (yellow), European wine strains (brown), and wild North
American strains (pink).

2.3.2 False positive rates and power for di�erent approaches to conducting GWA studies

We performed simulations to evaluate our ability to map quantitative traits with a variety

of genetic architectures. For each simulation we (1) randomly chose between one and three
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Figure 2.4: Minor allele frequency spectrum for 302 strains. Only variants present in at least
three strains are shown. Variants with MAF less than 0.05 are considered rare (green), with MAF
between 0.05 and 0.1 are considered intermediate (orange), and with MAF greater than 0.1 are
considered common (purple).

quantitative trait loci (QTLs), (2) generated phenotypes for each strain based on the alleles

at those loci, and (3) used multiple methods to calculate association between genotype and

phenotype at every marker across the genome (Fig. 2.5). The methods we compared were

a basic t-test, a linear mixed model method called GEMMA,84 and an inverse regression

method called GCAT.85

We set a threshold for significance such that we expect approximately seven false positives
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Figure 2.5: Simulation framework for comparing methods of associating phenotype and genotype.
First, a random diallelic site is chosen as the causal site. Phenotypes are drawn for each individual
based on their genotype at that site and the predetermined e�ect size. A variety of methods are
used to test for association at every polymorphic site, and sites that exceed a specified threshold of
significance are predicted to be causal.

per genome–wide scan (with 73,053 tested markers). We calculated the number of false

positives observed in simulations with varying trait heritability, minor allele frequency, and

number of QTLs (Fig. 2.6a). For the basic t–test, the observed false positive rate remains

approximately the same when the total additive heritability of the trait is split between one,

two, or three QTLs, but increases as the total heritability increases and as the minor allele

frequency of each QTL increases.

When using GEMMA to correct for population structure, the false positive rate is much
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Figure 2.6: Comparison of the number of false positives and power for three di�erent association
methods. In both panels, the significance threshold is 10≠4, corresponding to an expected number
of approximately 7 false positives per genome–wide scan. Blocks are separated vertically by the
number of QTLs and horizontally by the method used. Each block is divided vertically by the
total heritability of the trait and horizontally by the minor allele frequency of each QTL. (a) Colors
correspond to the average number of false positives observed across approximately 100 simulations,
ranging from blue for fewer to red for more in each block, with 95% bootstrapped confidence intervals
shown for each combination of QTL number, heritability, minor allele frequency, and method. (b)
Colors correspond to the average power observed across approximately 100 simulations, ranging
from blue for low to red for high in each block, with 95% bootstrapped confidence intervals shown.
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lower—approximately 2– to 700–fold depending on the specific simulation parameters. With

this method, the false positive rate is highest for intermediate minor allele frequencies, and

again increases with total heritability. The false positive rate decreases when the total

heritability is split between more QTLs. When using GCAT, the false positive rate is in

general lower than when using GEMMA; in fact, for most of the simulations, GCAT appears

to overcorrect for population structure, frequently resulting in fewer than the expected seven

false positives per scan. With GCAT, QTLs with lower minor allele frequency result in more

false positives, as do traits with higher heritability.

For each set of simulations, we also calculated the power of each method to detect the

causative QTL(s) (Fig. 2.6b). Across all simulations, the t-test has the highest power,

followed by GEMMA and then GCAT. Combining the calculated power and false positive

rates gives a better sense of the tradeo�s each method makes and which is overall most

useful—reducing the false positive rate is beneficial, but not if it comes with too large of a

reduction in power. For simulations with a total heritability of 15% divided evenly between

1-3 QTLs, we compared ROC curves for the three methods (Fig. 2.7a). GCAT is an

improvement over the uncorrected t–test, but GEMMA outperforms both of these methods

by a wide margin. A similar pattern holds for higher and lower heritabilities (data not

shown).

In addition to evaluating the abilities of GEMMA and GCAT to correct for popula-

tion structure in this data set, we also evaluated the performance of some modifications to

GEMMA. We theorized that correcting for patterns of allele sharing in a way more specific

to the marker currently being tested might result in a lower false positive rate. Accordingly,

since population structure varies across the genome,86 we replaced the global kinship matrix

that GEMMA utilizes with a matrix computed from only sites within a variable distance

from the marker being tested, ranging from 10 sites to the entire chromosome (Fig. 2.7b,d).

We separately tried using a kinship matrix constructed from only sites with similar allele

frequencies to the marker being tested, rather than all sites (Fig. 2.7c). Neither of these

approaches resulted in improvements over GEMMA’s performance when using a global kin-
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Figure 2.7: Figure legend continued on following page.
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Figure 2.7: ROC curves comparing methods of correcting for population structure. (a) ROC curve
for a total heritability of 15%. GEMMA outperforms both GCAT and a basic t-test. This result
holds when the heritability is split equally between one, two, or three QTLs. The gray line shows
the case where the power is equal to the false positive rate. (b) GEMMA performs similarly to
mixed models with kinship matrices based on either all sites on the chromosome of the marker being
tested (“marker chromosome K”) or all sites not on that chromosome (“other chromosomes K”).
Models where the kinship matrix is based on only sites within 1000 base pairs of the tested marker
(“window (1000 markers) K”), or sites within 1000 markers of the closely linked markers surrounding
the tested marker (“LD window (1000 markers) K”), perform similarly to the t–test. Trait values
are determined by a single QTL and have a heritability of 10%. (c) A mixed model in which the
kinship matrix is based only on sites with similar allele frequencies to the tested marker performs
equivalently to the model with the whole genome kinship matrix. Trait values are determined by a
single QTL and have a heritability of 5%. (d) Models with local kinship matrices based on numbers
of sites ranging from 10 to 20,000 on either side of the tested marker show decreasing performance
as they become more localized. Trait values are determined by a single QTL on chromosome I and
have a heritability of 5%. (e) Adding the ADMIXTURE population fractions as a fixed e�ect in the
model results in worse performance than using only the whole-genome kinship matrix. Trait values
are determined by a single QTL and have a heritability of 10%. (f) Adding principle components
from performing PCA on the genotypes of all individuals results in worse performance. Trait values
are determined by a single QTL and have a heritability of 10%.

ship matrix. Finally, introducing principle components or admixture proportions as fixed

e�ects in the model also failed to improve the performance of GEMMA’s original model (Fig.

2.7e,f).

2.4 Methods

2.4.1 Sequence data, markers, population structure analysis

We obtained VCF files for 302 S. cerevisiae isolates prior to their publication as part of the

1,011 S. cerevisiae genomes collection.14 In total, there are approximately 1,000,000 poly-

morphic sites in this set of isolates, and approximately 100,000 diallelic sites with minor allele

frequency greater than 5%. Using ldselect,87 we obtained a final set of 74,053 unlinked

markers to test for association with simulated phenotypes.
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2.4.2 Simulation framework

To compare the performance of di�erent association mapping methods when applied to

these strains, we simulated traits of varying heritabilities divided between di�erent numbers

of QTLs of di�ering allele frequencies. The simulation framework consists of the following

steps.

1. The heritability is set to a value between 5 and 25%, and a minor allele frequency range

is chosen (1-5%, 5-10%, or 10-50%). Between one and three random diallelic variant

sites with allele frequencies in that range are chosen to be the causal loci.

2. A phenotype is generated for each isolate based on the allele it has at each causal locus

chosen in the previous step. These phenotypes are drawn from a normal distribution

with mean zero for the major allele and mean a for the minor allele, with a variance

of 1 for each allele. The fixed e�ect a is calculated based on the heritability, h2, using

the formula a =
Ú

h2(n≠1)

nq(q≠1)(h2≠1)
, where n is the number of strains and q is the minor

allele frequency.88

3. Each marker is tested for association with the simulated phenotypes using a t–test or

one of the multiple association mapping methods described below.

4. The power and false positive rate for the di�erent mapping methods are calculated,

given a defined significance threshold (or expected false positive rate).

2.4.3 Approaches to correct for population structure

Genome-wide e�cient mixed model analysis (GEMMA)

GEMMA84 is an e�cient implementation of a linear mixed model with a random e�ect that

depends on the relatedness between strains: y = – + x— + u + ‘, where y is the vector of

quantitative trait measurements, – is the intercept, x is the vector of genotypes at the site

being tested for association, — is the e�ect of the genotype, u is the random e�ect, and ‘ is
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the residual error. The random e�ect, u, is distributed normally with mean zero and variance

‡2
gK, which is the variance in phenotype due to genotype multiplied by the kinship matrix.

The kinship matrix represents the relatedness between all pairs of strains. Thus, when the

random e�ect based on the kinship can explain most of the phenotypic variance, our estimate

of the genotypic e�ect, —, will be reduced. In this way, we can reduce the number of false

positives due solely to population structure. We will, however, also reduce our power since in

some cases the population structure may be correlated with the causal variant. In addition

to testing the e�cacy of GEMMA in its standard implementation, we also tested versions

with modified estimates of the kinship matrix, described later.

Genotype-conditional association test (GCAT)

GCAT85 is a recently developed method that uses an inverse regression approach. According

to its model, non–genetic factors—such as population structure, lifestyle, and environment—

influence the trait both directly and through genotype. The test for association thus becomes:

Pr(xi|y,fii(z)) = Pr(xi|fii(z)), where xi represents the alleles at the ith site being tested for

association, y represents the trait measurements, z represents the genetic factors, and fii is

the function describing how population structure and other non–genetic factors a�ect the

distribution of observed alleles. If the above equality holds, then the population structure

is su�cient to explain the observed genotype. If it does not hold, then there is a significant

relationship between the genotype and phenotype that is not solely explained by z. This

method was designed to handle more arbitrarily complex situations in which population

structure and other non–genetic factors may be correlated.

Modifications to GEMMA kinship matrix and model

Since the patterns of relatedness between strains vary substantially across the genome, it

is possible that estimating the kinship matrix K from the entire genome is not ideal. We

therefore implemented mixed models that use more localized versions of K for each marker,
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computed based on a variety of window sizes ranging from the nearest 10–20,000 sites on

either side of the marker. In addition, we computed kinship matrices based on only the chro-

mosome containing the marker, and based on every chromosome except the one containing

the marker. Finally, we implemented a mixed model that contained fixed e�ects instead of,

or in addition to, the random e�ect of the kinship matrix; these fixed e�ects were either the

population fractions obtained from ADMIXTURE or one of a range of numbers of principal

components (the first 2, 4, or 6) obtained from conducting PCA on the genotype data.

2.5 Discussion

As more S. cerevisiae genomes have been sequenced from isolates collected from diverse en-

vironments, the complex patterns of population structure within the species have become

more evident.14,83 When performing association studies in this species, existing methods of

controlling for population structure do, based on simulated phenotype data, substantially

reduce inflated false positive rates. We find that the mixed-model method GEMMA84 out-

performs an uncorrected t-test, as well the inverse-regression method GCAT.85 In addition,

GEMMA outperforms several novel extensions to its model incorporating more localized

information about population structure.

However, for quantitative traits influenced by QTLs of large e�ect sizes, false positives

remain prevalent even when using these more sophisticated models of testing for association.

Although GWA studies in yeast are appealing due to the ease with which they can be

conducted on the large number of sequenced isolates now available, results should be carefully

verified to avoid attributing trait variation to spuriously related genetic variation. As always,

positional mapping methods are only a starting point for understanding the molecular causes

of phenotypic di�erences between individuals.
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Chapter 3: A LARGE AND DIVERSE CROSS FOR MAPPING
QUANTITATIVE TRAITS IN S. CEREVISIAE

3.1 Abstract

The loci we identify underlying complex traits generally only account for a small fraction of

the total expected heritability. In addition, when we identify causal loci, the resolution is

generally not fine enough to suggest possible molecular mechanisms. Designing a cross that

generates a large number of very diverse segregants can help us achieve both the power to

identify loci with small e�ect sizes and the resolution to locate them within individual genes

or regulatory regions. The recent sequencing of large numbers of diverse S. cerevisiae strains,

combined with advances in experimental techniques for mating and sequencing large numbers

of these strains, makes it possible to generate a pool of segregants ideal for quantitative trait

mapping. In this chapter, we outline several aspects of the design of a funnel cross between

eight diverse parental strains. We select the parental strains to capture a maximal fraction

of all observed polymorphic sites. We then simulate a cross between these eight strains to

estimate the mapping power and resolution for traits with varying heritabilities influenced

additively by multiple loci. We find that with a pool of 10,000 segregants, we should be able to

map loci with small e�ect sizes, often with single–gene resolution. By using a hidden Markov

model to impute missing sequence data in the segregants, low–cost sequencing approaches

will be su�cient, making this experiment an e�cient approach to dissecting quantitative

traits in S. cerevisiae.

3.2 Introduction

One of the primary goals of the study of genetics is to associate observed trait variation

with the underlying genetic variation that contributes to it. As discussed in the previous

chapter, genome–wide association studies can allow us to link naturally occurring variation
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in a population to di�erences in trait values. However, these types of studies result only in

correlation, rather than causation. In addition, they can su�er from inflated false positive

rates due to population structure, and they can also lack power in cases where it is di�cult

to establish a well–matched control group.24 Instead of relying on natural variation that

occurs in existing populations, we can use linkage to analyze families of related individuals

that have randomized and potentially more informative combinations of variants.

In humans, linkage analysis is limited by the number of families that are informative for

a given trait that can be found and sequenced. For example, to detect an allele at moderate

frequency that confers a twofold greater risk for a trait, we would need to analyze thousands of

families.18 In model organisms such as budding yeast, however, the possibility of generating

very large, diverse pools of segregants from genetic crosses makes linkage mapping a very

powerful approach. Saccharomyces cerevisiae is an ideal organism for mapping quantitative

traits for several other reasons, as well. Linkage disequilibrium extends over a relatively

short distance, and the species contains a large amount of diversity in both genotype and

phenotype.14 These characteristics allow for the fine–scale mapping of a wide variety traits.

For these reasons, linkage mapping has been a successful technique for dissecting com-

plex traits in yeast for decades, but there still in exists a significant amount of “missing

heritability” for most traits that have been studied.58,89 That is, the fraction of the total

estimated heritability explained by all of the causal variants identified is generally less than

1, and often substantially less.89,90 There are several hypotheses about the source of this

missing heritability, and it likely involves a combination of rare variants that we have not

yet had the power to detect, variants with small e�ect sizes, and higher–order interactions

between variants at di�erent locations in the genome.58,91

Another challenge of linkage mapping, even in a model organism such as S. cerevisiae,

is moving from large regions that are identified as causal to specific, mechanistic variants in

genes or regulatory sequences.92 Understanding the mechanisms by which genetic variation

leads to phenotype will always rely on more extensive knowledge of gene annotations and

careful functional experiments, but performing genetic crosses that result in greater mapping
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resolution can help us narrow in on specific genes or regulatory mechanisms more easily.

Mapping resolution is determined by both the density of markers, or polymorphisms, that

exist among the strains used in a cross and the amount of recombination that has occurred

to randomize the combinations of alleles at those sites.

In addition to the resolution with which we can locate relevant genetic variants, the

power of a cross to identify QTLs that influence variation in a trait of interest is also a

crucial aspect of experimental design. The power of a cross depends on the total number

of individuals we examine, as well as the genetic architecture of the trait, which we do not

have any influence over. Traits with higher heritability—for which more of their variance

is explained by genetics—are easier to detect, as are traits that are influenced by QTLs

with individually larger e�ect sizes. Conversely, traits that depend heavily on higher–order

interactions between loci, or that depend on many QTLs of very small e�ect, are more

di�cult to map.

QTL mapping in yeast has typically been carried by analyzing the progeny from a cross

of two divergent parental strains. Such crosses have successfully identified QTLs underlying

a wide range of traits, but there is a limit to the amount of diversity that can be captured—

and relatedly, the mapping resolution that can be achieved—when using only two strains.

To address this shortcoming, a study was carried out with a cross of four parental strains

from diverse lineages.93 Dowever, since only a few hundred segregants were generated, the

resulting power was low and mapping intervals were large. With the extreme QTL mapping

(X–QTL) approach, millions of segregants from this same four–parent cross were subjected

to a variety of selective pressures, and those with the most extreme growth traits were ex-

amined.89 Pooled analysis methods such as X–QTL can result in high power for detecting

additive loci with small e�ect sizes, but they are not e�ective for detecting epistasis and can

only be applied to traits that can be reasonably selected for.94 In addition, they can be

confounded by aneuploidy and by di�erent genotypes causing similar phenotypes.95 Imple-

menting new study designs that utilize linkage to map traits with greater precision in diverse

yeast strains remains an important area of exploration.
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Figure 3.1: Eight parent funnel cross.

In general, crosses that utilize more diverse parents, that involve more recombination,

and that produce more segregants will give us the greatest mapping power and resolution

for a given trait. We have therefore designed a cross to make full use of our experimental

capabilities that we anticipate will have unprecedented power and resolution for mapping

QTLs. Our funnel cross design (Fig. 3.1) is inspired by the Mouse Collaborative Cross,96

but while this approach in mice required a decade and an entire consortium to develop,97 a

similar cross in yeast can be carried out in yeast in a few years by a single laboratory.

Before carrying out this cross in the laboratory, however, we investigated several aspects

of its design using simulations. In particular, we wanted to determine how successfully we

could expect to map traits with a variety of underlying genetic architectures. We first selected

specific parental strains to use. To do so, we calculated the fraction of the total known

genetic diversity in S. cerevisiae that could be captured using varying numbers of parental

strains, and ultimately selected a highly diverse set of eight strains. We used simulations to

estimate the power and resolution a cross of these parental strains should provide. Finally,
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we investigated approaches to sequencing a large pool of segregants that the cross could

generate. While whole genome sequencing has become inexpensive enough to apply to a

large number of strains, it is more cost–e�ective to perform low coverage sequencing and

impute the missing information, a process that should be straightforward since we have

high quality sequences of the parental strains. We implemented a hidden Markov model to

perform this imputation and used simulations to assess its accuracy.

3.3 Results

3.3.1 Choosing parental strains for funnel cross

We chose parental strains for the cross to capture a large fraction of the diversity present in

total set of 302 strains, using a simple greedy algorithm. We chose sets of strains of size two

through sixteen, then calculated the fraction of polymorphic sites in the set of all strains that

were captured in each subset of a given size (Fig. 3.2). With eight strains, it is possible to

more than half of all variants present in the whole set of strains, and approximately 89% of

common variants (defined as those being present in at least 5% of strains). Although there

is not a large di�erence in the fraction of variants captured with slightly more or fewer than

eight strains, we chose this number as a compromise between total diversity and experimental

di�culty. With eight strains, we can use a simple three–level funnel cross design (Fig. 3.1). In

the course of performing the crosses between the parental strains we chose for their diversity,

some pairs had low spore viability and thus were replaced with others chosen to maintain as

high of a level of diversity as possible.

3.3.2 Mapping power and resolution of eight–parent funnel cross

We performed simulations of this eight–parent funnel cross to analyze both the power (the

ability to detect a QTL when present) and the resolution (the size of the region containing

the correctly–detected QTL). In all simulations, we assumed that QTLs influenced traits

additively, but we varied the heritability of the trait. We also varied the size of the final
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Figure 3.2: Fraction of total diversity captured by di�erent–sized subsets of strains. It takes fewer
strains to capture the same amount of common variants (present in >5% of strains) than rare
variants (present in <5% of strains).

segregant pool between 1,000 and 10,000. For a pool of 5,000-10,000 segregants and total

heritability greater than 5%, the mapping resolution is less than the average gene size in S.

cerevisiae (Fig. 3.3a; Table 3.1). For 5,000 segregants, power is very high for loci contributing

a heritability of 1%; for 10,000 segregants, the power is very high for those contributing a

heritability of 0.5% (Fig. 3.3b).

Although these simulations are useful for comparing mapping performance on traits of

di�ering heritabilities and pools of di�ering sizes, it is important to acknowledge their lim-

itations. We have only simulated traits with simple additive genetic architectures, while

mapping more complex traits is generally more di�cult. In addition, we have made sim-

plistic assumptions about the way that recombination will occur in the cross: we have not

modeled the heterogeneity of recombination across the genome, instead assuming crossovers
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Figure 3.3: Power and resolution of eight-parent funnel cross. (a) The average power from simula-
tions mapping a single QTL with varying heritability (at a LOD score threshold of 5.64) for 1,000
(orange), 5,000 (blue), and 10,000 (purple) segregants. Error bars are 95% bootstrapped confidence
intervals. (b) The mean size of the Bayesian credible interval containing the detected locus (with
LOD score above 5.64) for 1,000 (orange), 5,000 (blue), and 10,000 (purple) segregants. Error bars
are the standard error of the mean.
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Table 3.1: Resolution for mapping simulated QTLs of varying heritabilities.

Heritability explained Avg. Interval Size (bp) 95% CI (bp)

1% 4768 4033–5502

5% 624 494–754

10% 244 185–302

occur according to a Poisson process with a uniform rate across the genome.

3.3.3 Imputation of segregant haplotypes from incomplete sequencing data

In order to reduce the cost of performing this cross, we investigated the possibility of us-

ing RAD–seq rather than whole–genome sequencing on the segregant genomes, followed by

imputation of the missing sites based on the high–quality parental genomic sequences. We

implemented a hidden Markov model to impute the missing sequence data and tested its

performance on simulated segregant genomes. For the case of a restriction cut site every

900 bp on average (which is what we would expect with the proposed restriction enzymes),

imputation accuracy is approximately 99.5%, or 32 out of 6703 markers incorrect on chro-

mosome I (Fig. 3.4). Further tuning of the model parameters would likely result in even

greater accuracy. In addition, it may be possible to develop a more sophisticated model that

considers the sequences of all segregants at once to maximize the information about where

recombination events occurred. In this case, sequencing some of the strains at intermedi-

ate levels of the cross could provide more information about the locations of recombination

events if necessary. Finally, this model could also be used for imputation with low–coverage

whole–genome sequencing data if that approach was used instead.
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Figure 3.4: Imputation accuracy as a function of cut site frequency. Error bars are 95% boot-
strapped confidence intervals.

3.4 Methods

3.4.1 Parental strain choice

The total set of strains we considered consisted of 302 sequenced S. cerevisiae isolates pro-

vided by Joseph Schacherer, which are a subset of the recently published 1,011 genomes.14

To choose parental strains that captured a large amount of the total diversity in this set of

strains, we implemented the following greedy algorithm:

1. Choose the two most highly diverged strains.

2. To choose k strains, use the algorithm to choose k ≠ 1 strains. Then add the strain

that results in the greatest increase in diversity over those k ≠1 strains.
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This algorithm is not guaranteed to maximize the diversity, but considering all strain sets of

size k is generally not feasible (for example, with k = 8 strains, there are
1

1000

8

2
¥ 2.4◊1019

possibilities).

Only diallelic sites present in at least three di�erent strain sequences were considered.

Rare variants were defined as those with the minor allele present in fewer than 5% of strains,

while common variants had the minor allele present in at least 5% of strains. Sites with

missing sequence calls in some strains were retained, but any sites with missing data in the

current subset of strains being considered were ignored in diversity calculations.

3.4.2 Simulations to inform cross design

We simulated the generation of segregant sequences from an eight–parent funnel cross, based

on the chromosome I sequences from the parental strains previously selected for their di-

versity. In each mating, one crossover was required on the chromosome, with additional

crossovers occurring according to a Poisson distribution with an expected value equal to

the chromosome size multiplied by the empirically determined 6.1 ◊ 10≠6.98 All crossover

locations were chosen randomly, which is a notable simplification since there exist highly con-

served recombination hotspots in yeast;99 assuming that recombination events are instead

uniformly distributed across the genome likely results in estimates of mapping resolution

that have too low of variance.

We next randomly selected one of the four gametes from a given simulated mating to use

in the next level of the cross, and repeated this process to populate the whole level of the

cross. We simulated random mating in the same way to produce the next level of the cross.

We generated a specified number of segregants (1,000, 5,000, or 10,000) in the final pool,

and used these sequences for mapping simulated trait values.

To map traits and determine mapping resolution, we performed a t–test at each marker,

corrected for multiple testing. From the residuals, we calculated a logarithm of odds (LOD)



41

score with the formula:

LOD = N

2 log10

A
RSStotal

RSSmajor +RSSminor

B

,

where N is the number of segregants from the cross, RSStotal is the residual sum of squares

for the phenotype across all segregants, and RSSmajor and RSSminor are the residual sum

of squares of the phenotypes for individuals with the major and minor alleles at the marker

being tested. If RSSmajor and RSSminor are small, then the marker successfully partitions

individuals by phenotype, and the LOD score is larger. Using the LOD scores, we then

determined the Bayesian credible interval by finding the region that contained 95% of the

area under 10LOD for the maximum LOD score, as implemented in R/qtl.100

3.4.3 Sequence imputation

One strategy for e�ciently sequencing the genomes of the 10,000 segregants is RAD-seq.

With this approach, the genome is cut with two restriction enzymes, MboI and ApoI, result-

ing in one cut every 900 base pairs on average. A barcode is then ligated onto the cut sites,

and the fragments are sequenced with 150 base pair reads, resulting in approximately 140 bp

of usable sequence. In the case of our eight–parent funnel cross, there would be one variant

site roughly every 40 base pairs, and so we would sequence only about 15% of the variant

sites in each segregant. Given the whole genome sequences of the parental strains, however,

it should be possible to impute many of the missing variant sites. We have implemented a

Hidden Markov Model to perform this imputation (Fig. 3.5).

In this model, there are eight states for each variant site, each representing one of the eight

parental genomes. Transitions between states can only occur at adjacent variant sites. There

is a probability of transitioning between states for di�erent parental genomes at adjacent

sites that is proportional to the genetic distance between those sites, but there is a larger

probability of remaining in the state for the same parent. The highest probability path

through the states is determined using Viterbi decoding, resulting in a predicted allele at

each variant site in a given segregant.
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Figure 3.5: Hidden Markov model for imputing missing segregant sequence data. There are eight
possible states at each site, representing each parental strain. Each state at site i can transition to
any state at site i+1. For simplicity, only transitions from the P1 states are shown with arrows in
this diagram.

To assess the accuracy of this model, we sampled 140 bp segments of simulated segregant

genomes, geometrically distributed with an average spacing of 900 bp. We then imputed

alleles at the missing variant sites using the described hidden Markov model and determined

the overall accuracy of the imputed bases.

3.5 Discussion

In this chapter, we have outlined several aspects of the design of an eight–parent funnel cross

to be used for QTL mapping in S. cerevisiae. Members of the Dudley lab have carried out

this cross in the laboratory, with 12,000 segregants now generated. These segregants will be



43

phenotyped under a variety of conditions, including various sugar sources and small molecules

studied in previous crosses,58,101 as well as di�erent categories of antifungal drugs. After

the segregants are phenotyped and sequenced, traits will be mapped using the LOD score

approach discussed in the Methods. A 2-dimensional scan for pairwise interactions between

loci will also be conducted. We expect to be able map QTLs contributing additively to traits

with low heritability with single–gene precision in some cases, though our simulations likely

underestimate the variation in mapping resolution we will obtain for di�erent traits.

Near the completion of this cross, two preprints were recently published describing mul-

tiparent crosses in S. cerevisiae on a similar scale.92,102 In one,92 sixteen diverse individuals

were selected from the 1,011 S. cerevisiae strain collection; this subset of strains captures

82% of common diallelic polymorphisms present in the whole set of strains. 13,950 segre-

gants were generated using a round–robin cross design and were phenotyped for 38 fitness

traits. Across all traits, the authors mapped 4,552 QTLs (at an FDR of 5%) and were able

to resolve approximately 9% of these QTLs to individual genes (at an FDR of 20%). In the

other recent study,102 55 strains from the 1,011 strains collection were crossed in pairs to

form 2,970 di�erent heterozygous hybrids and 55 homozygous diploids, which were pheno-

typed for 49 growth traits. Through a GWA study on this panel, the authors were able to

locate 1,723 SNPs significantly associated with the measured traits. Both of these studies

reported a disproportionate impact of rare variants on phenotypic variance.

It will be interesting to see how the mapping ability of our cross compares to that of these

other large–scale crosses. In particular, the sixteen–parent round–robin cross incorporates

more of the variation within S. cerevisiae in total than our eight–parent funnel cross does,

but less within each recombinant segregant. Overall, the availability of such diverse strains,

combined with progress in experimental techniques for crossing and sequencing strains, has

ushered in an era in which QTL mapping in S. cerevisiae may be more fruitful than ever. It

remains to be seen which specific experimental designs will allow us to successfully dissect

complex traits with a variety of genetic architectures.
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Chapter 4: THE GENOMIC LANDSCAPE OF S. PARADOXUS
INTROGRESSION IN GEOGRAPHICALLY DIVERSE
S. CEREVISIAE STRAINS

4.1 Abstract

Natural hybrids between many pairs of the Saccharomyces species have been observed. Hy-

bridization can allow for rapid adaptation to new environments, and when followed by re-

peated backcrossing can lead to small pieces of introgressed sequence from an individual

of one species remaining in the genome of an individual of another species. Introgressed

sequences that persist over time are interesting both because they provide evidence of past

hybridization events and because they may contribute to functional and phenotypic diversity.

Previous studies have identified some examples of introgressed sequences in S. cerevisiae, but

we sought to gain a more comprehensive understanding of the landscape of introgression in

this species. We developed a simple, flexible approach based on a hidden Markov model to

identify introgression in yeast genomes. We used our method to look for introgression in 93

diverse S. cerevisiae genomes from its closest relative, S. paradoxus. We found evidence of

introgression in all strains we considered, but the amount and location of introgression varied

widely. We show that introgression contributes substantially to the total genetic diversity

within these strains, and has the potential to confound inferences of their evolutionary re-

lationships. Further characterizing introgression across diverse Saccharomyces species may

help us better understand their evolution and the role that hybridization has played in

adaptation to new environments.

4.2 Introduction

Since the original formulation of the theory of evolution, it has been apparent that the

evolution of di�erent species cannot be understood in isolation. Charles Darwin wrote of
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the “complex relations of all animals and plants to each other in the struggle for existence,”

drawing on many examples of the evolution of one species being influenced by another.103

As species compete or cooperate in shared environments, their interactions influence the

composition of the genomes that evolve. But species can also a�ect each other’s genomes

more directly via hybridization or horizontal gene transfer. The ongoing improvement of

sequencing technology has enabled more detailed studies of the movement of genetic material

between species.104

The acquisition of genetic material from another species or strain can allow for more

rapid adaptation to new environments by taking advantage of existing evolutionary innova-

tion. For example, horizontally transferred genes have allowed for the evolution of multiple-

drug-resistant Staphylococcus aureus.105 In sexual organisms, hybridization can also facil-

itate adaptation, and hybrids are frequently useful in agricultural and industrial applica-

tions.104,106,107 When hybridization is followed by repeated backcrossing, it can result in

genomes that are mainly one species with interspersed introgressed sequences remaining from

the other species. Introgressed sequences that originated from relatively old hybridizations

but are still present in modern genomes may have remained because they are adaptive.104,108

The Saccharomyces yeast species were originally defined by the relatively low spore vi-

ability between them. However, this viability is not zero,107 and the diversity of naturally-

occurring hybrids that has been observed suggests that they hybridize relatively frequently.68

One of the first such hybrids was found in the common brewing strain S. carlsbergensis (now

S. pastorianus), and more extensive sequencing has since revealed additional hybrids within

the genus, as well as a number of shorter introgressed sequences.68 In particular, the se-

quencing of a great variety of strains of multiple Saccharomyces species has made it possible

to consider global patterns of introgression among these organisms, and to examine how this

introgression may have influenced their evolution.109,110

In addition to including the most well-characterized laboratory strain, S. cerevisiae has

had the most strains sequenced out of all the Saccharomyces species. In particular, the

100-genomes strain collection provided 93 new S. cerevisiae genomes assembled de novo,
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with quality approaching that of the S288c reference genome.62 Hundreds of other wild,

fermentation, and clinical strains have also been sequenced in the past few years,14,61,111,112

though variants have most often been called using S288c as a reference.

S. paradoxus is on average ≥14% diverged from S. cerevisiae at the nucleotide level.

Examples of S. paradoxus introgressions in S. cerevisiae have been identified that consist

of very large segments68 or individual genes.62 These analyses suggest that introgression is

widespread in S. cerevisiae. In addition, some introgressions have been found in S. paradoxus

from S. cerevisiae, most notably a large subtelomeric segment on the left arm of chromosome

XIV.113 However, the methodological approaches used to identify introgression in yeast have

relied on sequence identity—broadly, searching for regions of the genome that match a S.

paradoxus reference better than a S. cerevisiae one. Although this pattern is a reasonable

expectation for introgressed sequence, it may also be a consequence of incomplete lineage

sorting (ILS),104,114 which occurs when the divergence time between species is recent relative

to the divergence time between individuals within the same species. In this scenario, lineages

of di�erent species can share a more recent common ancestor than lineages of the same

species, resulting in patterns of sequence similarity that can look like introgression. To

determine whether ILS was likely to confound our predictions of introgression, we first used

coalescent theory to establish that relying on sequence identity is appropriate given the

evolutionary history of these organisms.

We then developed a hidden Markov model (HMM)–based method to predict the species

of origin of each site in a yeast genome. This approach allowed us to infer the boundaries

of introgressed regions more precisely, instead of focusing only on individual genes. We

evaluated the performance of our method on simulated sequence data, and found it to be

faster, more accurate, and simpler to parameterize than an existing phylo–HMM–based

method for identifying introgression.

We used our HMM–based approach to search for S. paradoxus introgression in the set of

93 diverse S. cerevisiae strains sequenced for the 100-genomes collection.62 We found some

level of introgression on nearly every chromosome of every strain considered, though strains
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vary substantially in the amount of introgression that contain. Overall, the introgressions

we predict represent a substantial contribution to genetic diversity, accounting for approxi-

mately 7% of the total nucleotide diversity among the strains. In some cases, introgressed

sequences can influence our inference of the phylogenetic relationship of the strains. We

identify genes previously suggested to be introgressed but also many novel introgressions. In

general, this method has allowed us to characterize the global distribution of S. paradoxus in-

trogression across a set of diverse S. cerevisiae genomes, and may allow us to further expand

our understanding of introgression within the Saccharomyces yeasts.

4.3 Results

4.3.1 Establishing the validity of sequence identity–based approaches for identifying intro-

gression

Incomplete lineage sorting (ILS) can occur when lineages within a species coalesce farther

back in time than when that species diverged from another species.115 When such ancient

coalescences exist, individuals from di�erent species may look more similar to each other

than to other members of their own species (Fig. 4.1a), potentially resulting in false positives

when using sequence identity to infer the presence of introgression. But ILS is only likely

to occur when the time of divergence is recent relative to the e�ective population sizes of

the species.116 Looking backward in time, when the species are more diverged there is more

time for within-species coalescences to finish before the species join, so ILS is less likely

(Fig. 4.1b); conversely, when population sizes are larger the coalescences finish less quickly,

so ILS is more likely. Given the divergence time and e�ective population sizes of two species,

we can analytically calculate the probability of ILS for these species using equations based

on coalescent theory.117

Although the divergence time and e�ective population sizes for S. cerevisiae and S. para-

doxus are not known with certainty, we find that the probability of ILS is essentially very

small for much of the parameter space that is plausible based on empirical data (Fig. 4.1c).
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Figure 4.1: The probability of ILS in S. cerevisiae and S. paradoxus. (A) ILS can occur when the
divergence time between species is short relative to their e�ective population sizes. (B) A longer
divergence time (or a smaller population size) makes it more likely that coalescences occur within
species than between them. (C) We calculate the probability of ILS for a range of values of the
scaled divergence time—which is directly proportional to the actual divergence time, but inversely
proportional to the e�ective population size. For our best estimate of T = 47, the probability of
ILS is very small (≥ 10≠20), but for a value of T an order of magnitude smaller, the probability of
ILS is substantial (≥ 10≠2).
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For example, assuming an e�ective population size of 8 ◊ 106 for each species118 and a di-

vergence time of 3.75◊108 generations (see Methods for the rationale behind these values),

the probability of ILS is ≥ 10≠20. But if we allow for uncertainty in our parameter estimates

by shortening the divergence time or increasing the e�ective population size, the probability

of ILS increases. In general, however, the probability of ILS is small over the most likely

range of the parameter space. Thus, these data show that ILS is unlikely to significantly

confound detection of introgressed S. paradoxus sequences in S. cerevisiae and justify the

use of sequence based approaches.

4.3.2 Developing and evaluating a hidden Markov model to detect introgressed sequences

To detect introgression, we implemented a hidden Markov model (HMM) that has one state

for each reference species (S. cerevisiae and S. paradoxus) in addition to one unknown state

(Fig. 4.2a). The model is used to assign a state to each alignment column in a given three-

way alignment. Because the genomes of S. cerevisiae and S. paradoxus are almost entirely

collinear,119 it is possible to align and analyze entire chromosomes. Only alignment columns

that are polymorphic and contain no gaps are considered.

In order to rigorously evaluate our method, we tested its performance on sequences with

introgression generated using the coalescent simulator ms120 with a variety of migration rates.

We evaluated the true and false positives rates of our method (Fig. 4.2b), as well as those of

an existing method for detecting introgression, PhyloNet–HMM.72 Instead of simply inferring

the species of origin of individual alignment columns, PhyloNet–HMM infers the underlying

gene tree and species tree, which results in six possible states at each site compared to our

three. As a result of this reduced complexity, our method requires fewer parameter estimates

and also runs ≥40x faster on the simulated sequence data.

Both methods were run on sets of sequences generated using a range of migration rates.

The performance of both is highly dependent on the specific parameters used to simulate the

sequences; in particular, for higher migration rates, the level of introgression in the reference

sequence makes it di�cult for either method to detect introgression. For all sets of sequences
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Figure 4.2: Structure and performance of our HMM for identifying introgression. (A) The chro-
mosome of the current test strain is aligned to the corresponding chromosomes of the reference
strains, and polymorphic alignment columns are coded by whether the test strain matches each of
the references. The HMM is then used to assign a state to each of these alignment columns, with
the paradoxus state indicating introgression. Consecutive occurrences of each state are grouped
into regions. (B) True positive versus false positive rate for our method for a variety of migration
rates, where the units are the fraction of the S. cerevisiae population made up of S. paradoxus
individuals in each generation. Our method performs worse for higher migration rates, primarily
because the high level of introgression in the reference cerevisiae sequence makes it di�cult to
identify introgression in the test sequence. (C) Comparison of performance of our HMM method
and PhyloNet–HMM for a migration rate of 5◊10≠10. Our method outperformed PhyloNet–HMM
for all migration rates tested, as shown in Fig. A.1.



52

analyzed, however, our method outperformed PhyloNet–HMM (Fig. 4.2c).

Landscape of S. paradoxus–like introgressed sequences in S. cerevisiae strains and comparison

to previously–identified introgressions

We analyzed the genomes of the 93 strains that were newly sequenced for the 100–genomes

collection.62 Each chromosome of each strain was aligned to S. cerevisiae S288c and S.

paradoxus CBS432 using MAFFT.121 Using our hidden Markov model–based approach, we

predict introgressions on every chromosome (Fig. 4.3a). In total, we identify 3,147 intro-

gressed regions across the 93 strains, ranging in size from 27 to 35,072 bp (median = 149 bp,

mean = 1,071 bp; Table A.1). These introgressions collectively cover approximately 7.7% of

the genome.

As expected, the introgressions we identify generally match the S. paradoxus reference

more closely than the S. cerevisiae one, with the greatest concentration falling near 100%

identity with S. paradoxus and 85-90% identity with S. cerevisiae (Fig. A.2). However, some

regions we identify do not match the S. paradoxus reference well. For example, approximately

30% of regions have a sequence identity of less than 90% to the S. paradoxus reference,

but because these tend to be shorter regions, they only account for approximately 6% of

introgressed bases we identify. These regions may be a better match to another S. paradoxus

strain or another species—or may just be in poorly–aligned regions.

Previously, 287 genes were identified as putatively introgressed from S. paradoxus in these

93 strains;62 these genes were found by individually comparing the sequence identity with S.

cerevisiae and S. paradoxus references across the entire gene to predefined thresholds. We

identify nearly all of these genes, as well as an additional 201 genes (Fig. 4.3b). The five genes

we fail to identify are due to translocations that we do not account for in our alignments,

while the additional 201 genes we identify are mainly due to our ability to identify smaller

parts of genes that appear to be introgressed (Fig. 4.3c).

We were concerned that some of the genes we identified might have been subject to

paralogous gene conversion rather than introgression. To evaluate whether this was the case,
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Figure 4.3: The introgressed regions and genes we identify, compared to previously identified genes.
(A) The distribution of introgression across the entire genome. Regions that we identify as intro-
gressed in one or more strains are colored blue. Telomeres are colored black, and centromeres are
marked with a black line and circle. (B) The introgressed regions we identify overlap a total of
483 genes, 282 of which were previously identified as introgressed.62 We fail to find five previously-
identified genes because of translocations. (C) The genes we newly identified as introgressed tend
to have only a fraction of their sequence introgressed, resulting in greater identity with the S.
cerevisiae reference across the whole gene sequence.
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we examined the 104 genes we identified that had a paralog. We used BLAST122 to compare

the introgressed portion of each gene to (1) the gene from the S. cerevisiae reference, (2) the

gene from the S. paradoxus reference, (3) the paralog from the S. cerevisiae reference, and (4)

the paralog from the S. paradoxus reference. We then examined the genes for which the best

hit was in the S. cerevisiae paralog (rather than the S. paradoxus gene, as we would expect

for introgression). In the case of four genes (RPL8B, SSB2, SSF1, and SSF2), paralogous

gene conversion appeared to be a more likely explanation than introgression. Thus, this

phenomenon does appear to result in some false positives in our predictions, but is not likely

to be responsible for a substantial fraction of the paralogs we identify as introgressed.

4.3.3 Introgression in specific strains

The amount of the genome we predict to be introgressed ranges from 0.03% to 4.4% across

all the strains (Fig. 4.4a). As noted previously,62 strains YJM1252, YJM248, and YJM1078

appear to have far more introgression than the other strains. Much of this introgression is

shared (Fig. 4.4b) and is comprised of longer regions (Fig. 4.4c), suggesting that an ancestor

of these three strains hybridized with S. paradoxus relatively recently.

Most of the introgressed genes we identify are introgressed in only a few strains, but some

are more widespread (Fig. 4.5). The most frequent number of strains for an introgressed

gene is three because of the large amount of introgression shared between the three strains

mentioned above; however, there are also many examples of gene introgressions shared among

other sets of strains. For example, the same small part of the gene SIR4—which is involved

in the assembly of silent chromatin domains—is introgressed in YJM1199, YJM1202, and

YJM1304. A 603 bp introgressed region of this gene has introduced 142 polymorphisms

and one 3 bp insertion into these three strains, resulting in 82 amino acid changes and one

insertion.



55

Figure 4.4: Introgression across all strains, and in three highly–introgressed strains. (A) We predict
less than half a percent of most genomes to be introgressed from S. paradoxus, but three strains
have a much higher level of introgression. (B) Much of this introgression is shared among all
three strains, and about two-thirds is shared between at least two of the strains. (C) Most of the
introgressed regions we find are short (less than 150 bp), but these three highly-introgressed strains
have many longer introgressed regions, including a quarter of the regions that are greater than 5
kb in length.
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Figure 4.5: The number of strains each introgressed gene is found to be introgressed in. Inset
shows an example of one gene, SIR4, that is partially introgressed in three strains. A strain
without introgression in this gene is shown for comparison. For each strain, vertical lines indicate
alignment columns at which the strain matches the S. cerevisiae reference but not the S. paradoxus
reference (purple), the S. paradoxus reference but not the S. cerevisiae reference (blue), or neither
reference (gray). Alignment columns containing gaps or ambiguous sequence calls are not shown.
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4.3.4 Impact of introgression on global polymorphism and phylogenetic inference

Although we only predict a small fraction of most S. cerevisiae genomes to be introgressed

from S. paradoxus, the level of divergence between the two species suggests that this small

amount of sequence could account for a relatively large amount of the nucleotide diversity

present in S. cerevisiae. We calculated nucleotide diversity among the 93 strains across the

entire genome to be 0.81%. We separately calculated nucleotide diversity excluding sites

predicted to be introgressed to be 0.76%, indicating that 6.6% of the nucleotide diversity

is contributed by these putatively introgressed regions (Figure 6a). Repeating the same

analysis only in coding regions, we find that slightly less (5.5%) of the nucleotide diversity is

contributed by the introgressed regions, consistent with the hypothesis of purifying selection

acting more strongly on protein versus non-coding regions. Furthermore, there is marked

heterogeneity in the contribution of introgressed sequences to nucleotide diversity across

chromosomes (Fig. 4.6a).

Given the relatively large e�ect of these introgressed sequences on nucleotide diversity,

we next tested whether failing to account for introgression would influence inferences of the

evolutionary history of these strains. We found that excluding introgressed regions resulted

in a substantially di�erent phylogeny than one constructed using all sites (Fig. 4.6b). Unsur-

prisingly, removing introgressed sites moves the three highly–introgressed strains YJM1252,

YJM248, and YJM1078 to be more closely related to other S. cerevisiae strains, but several

other strains also move to di�erent clades in the phylogeny for less obvious reasons.

We were also interested in whether introgressions cluster together on a phylogeny of these

species, which would indicate they may have come from common hybridization events. We

looked at all genes that overlapped an introgressed region in at least one strain, and clustered

the genes based on their phylogenetic distribution, using a tree constructed from sites without

introgression (Fig. A.3). If most introgressions are due to just a few hybridization events, we

would expect to see distinct clusters falling within clades. There are some examples of such

patterns, and further analysis of specific shared introgressions may allow for the inference of
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Figure 4.6: The impact of introgression on overall diversity and phylogenetic relationships within
S. cerevisiae. (A) The fraction of nucleotide diversity contributed by introgressed regions on each
chromosome, for all sites and all coding sites. Genome-wide averages are shown with dotted lines.
(B) Tanglegram of phylogenies constructed from sites across the entire genome and from only non-
introgressed regions. The whole-genome phylogeny is a consensus tree of 50 jackknife replicates
generated by removing a number of random sites equal to the number of introgressed sites removed
for the non-introgressed tree.
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when hybridizations are likely to have occurred.

4.4 Methods

4.4.1 Analytical theory to estimate probability of incomplete lineage sorting

The probability of incomplete lineage sorting (ILS) is given by one minus the probability that

a given gene tree and species tree are concordant. The formula for this probability can be

derived using coalescent theory, and depends on the number of samples for each species and

the scaled divergence time between the species.117 The scaled divergence time is given by

T = t/N , where t is the divergence time in generations, and N is the e�ective population size

of each species. We are specifically interested in monophyletic concordance, the scenario in

which both the gene tree and species tree are monophyletic. The probability of monophyletic

concordance can be calculated as

P (r,s, t) =
rÿ

m=1

sÿ

n=1

grm(T )gsn(T )◊ [1≠F A,B
2 (m,n)],

where gij(T ) is the probability that i lineages derive from j lineages that existed T coalescent

time units in the past, and is given by

gij(T ) =
iÿ

k=j

e≠k(k≠1)T/2
(2k ≠1)(≠1)k≠jj(k≠1)i[k]

j!(k ≠ j)!i(k
.

The quantity F A,B
k (a,b) is the probability that an interspecific coalescence occurs in coalesc-

ing a and b lineages from species A and B respectively to k total lineages:
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To estimate the probability of ILS when looking at S. paradoxus and S. cerevisiae sequences,

we assume one individual from the former species and 94 individuals from the latter, to

correspond to the numbers of genomes we examine later. We estimate the time, T , from

coalescent simulations (described in more detail in Simulated Sequences) that produce the
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expected approximate sequence identity between the species of 86%. These simulations re-

quire as parameters the e�ective population size and mutation rate. The e�ective population

size of S. paradoxus has been estimated as 8.6 ◊ 106 for the European clade and 7.2 ◊ 106

for the Far Eastern clade, and these estimates are in turn based on estimates of the muta-

tion rate and inbreeding coe�cient.118 We set the e�ective population sizes for S. cerevisiae

and S. paradoxus as 8 ◊ 106 individuals each. Using a mutation rate of 1.84 ◊ 10≠10,33 we

estimated the time of divergence as 3.75◊108 generations.

4.4.2 Hidden Markov model

The hidden Markov model has one state for each reference species as well as one unknown

state. The model was used to assign a state to individual alignment columns in each three-

way whole chromosome alignment. Only alignment columns that were polymorphic and

contained no gaps were considered. The initial, emission, and transition probabilities were

set by a combination of (1) initial estimates of the number and sizes of introgressed regions,

and (2) the number of alignment columns in which the test strain matched each of the

reference strains. These probabilities were updated by Baum-Welch training until the log

likelihood decreased by less than 0.1% between iterations.

In analyzing simulated sequences, alignment columns with a high posterior probability

(above a given threshold) of being in the S. paradoxus (introgressed) or unknown state were

assigned those respective states, and were assigned the S. cerevisiae (non-introgressed) state

otherwise. In analyzing actual chromosomes, the Viterbi algorithm was used to find the most

likely state sequence. In both cases, introgressed regions were defined as continuous blocks

of alignment columns assigned to the introgressed state, including any intervening alignment

columns that were monomorphic or contained gaps. All regions are indexed relative to the

S. cerevisiae reference genome.
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4.4.3 Simulated Sequences

Sequences were simulated using ms.120 Two samples were simulated for S. cerevisiae, one

for S. paradoxus, and one for an outgroup. The e�ective population size was set to 8 ◊ 106

for all species. This value was previously estimated for the European clade of S. paradoxus

based on calculating variation at neutrally evolving regions in the genome;118 for simplicity

and for lack of a reliable estimate of the e�ective population size of S. cerevisiae, we set all

e�ective population sizes to this same value.

Migration rate, expressed as the fraction of the S. cerevisiae population made up of S.

paradoxus individuals in each generation, was set to either zero or a value ranging from

5 ◊ 10≠10 to 5 ◊ 10≠8, and was set to only occur in the most recent 5% of time since the

species diverged. The recombination rate was set to 7.425◊10≠6, which was calculated from

the formula 1 + 6.1 crossovers/Mb,98 using the average S. cerevisiae chromosome size. The

mutation parameter, � = 4N0µ, was set using a mutation rate of µ = 1.84◊10≠10.33 Simu-

lated sequences were 100,000 bp in length. An example ms command with a migration rate

of 5◊10≠10 is:

ms 4 100 -t 5.888 -r 0.09494496 100000 -p 8 -I 3 2 1 1 -m 1 2 0.32 -m 1 3 0.0

-em 0.5859375 1 2 0 -em 11.71875 1 3 0 -ej 11.71875 2 1 -ej 35.15625 3 1 -T

4.4.4 PhyloNet–HMM

PhyloNet–HMM72 was run with trees of three species (representing S. cerevisiae, S. para-

doxus, and an outgroup), for a total of six possible states for each alignment column. Se-

quences were generated from the ms simulation output using seq-gen (https://github.com/

rambaut/Seq-Gen/releases/tag/1.3.4).
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4.4.5 Strain genomes, annotations, and alignments

The reference S. cerevisiae S288c and S. paradoxus CBS432 genomes were downloaded from

SGD (https://downloads.yeastgenome.org/sequence/). The 93 non-reference strains were

downloaded from GenBank (https://www.ncbi.nlm.nih.gov/genbank/) based on the table of

accession numbers provided by Strope et al. 2015.62 The lists of all verified ORFs and all

paralogs in S. cerevisiae S288c were downloaded from SGD using YeastMine.

Three–way alignments between the S. cerevisiae and S. paradoxus reference genomes and

each S. cerevisiae test strain were performed on each chromosome separately using MAFFT121

with default settings. The two reference genomes were also aligned separately. Changing the

ep parameter from 0.0 to 0.321 did not result in substantially shorter alignments.

4.4.6 Filtering

Low-complexity regions of individual genomes were masked using dustmasker from BLAST

version 2.7.1 (ftp://ftp.ncbi.nlm.nih.gov/blast/executables/blast+/2.7.1/). Introgressed re-

gions predicted by the HMM were included in final analysis if and only if they met all of the

following criteria:

1. the fraction of alignment columns containing at least one gap or at least one masked

base did not exceed 0.5,

2. the number of sites at which the test strain matched the S. paradoxus reference but

not the S. cerevisiae reference was at least seven, and

3. the divergence between the test strain and the S. cerevisiae reference (calculated on

all alignment columns without gaps or masked bases) was less than 0.3.

4.4.7 Phylogenies

A FASTA file was generated with a position for every site in the reference S. cerevisiae S288c

genome. The corresponding nucleotides for the other 93 S. cerevisiae strains were extracted
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from the three-way alignments, and for the S. paradoxus CBS432 reference from a two-way

alignment. All alignment columns with gaps were removed, leaving a total of 6,033,510

sites. Then, all 376,536 of these sites that overlapped an introgressed region in any strain

were removed, leaving a total of 5,656,975 sites. A phylogeny was constructed from these

non-introgressed, non-gapped sites.

Phylogenies were constructed using PHYLIP (http://evolution.genetics.washington.edu/

phylip/) dnadist and neighbor, using the UPGMA algorithm. In addition, a phylogeny was

constructed in the same way from a dataset generated by removing a random set of sites

equal in size to the set of introgressed sites; this sampling was repeated 50 times using PHYLIP

seqboot, and a consensus tree was generated using PHYLIP consense. The tanglegram was

plotted using the R package dendextend.123

4.5 Discussion

We have implemented a simple, flexible, and powerful method for identifying introgression

among the Saccharomyces yeasts. By applying this method to look for S. paradoxus intro-

gression in a set of 93 geographically and ecologically diverse S. cerevisiae strains, we have

found introgression to be pervasive but highly variable across strains.

Although we have identified some amount of introgression in all of these strains, it is

important to recognize that our inferences are dependent on our choice of reference genomes.

In particular, we are unlikely to identify introgressions in S. cerevisiae strains that are also

present in the S. cerevisiae reference we are using. Using a di�erent S. cerevisiae reference

genome may allow us to identify additional introgressions; however, sequence identity–based

approaches like ours will always struggle to identify introgressions that are relatively old or

that fall within highly conserved regions of the genome. Conversely, our set of introgressed

regions likely also contains some false positives. We have filtered out many of these, and the

ones that remain are on the whole more likely to be due to poorly aligned regions than to

incomplete lineage sorting or paralogous gene conversion.
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Our analysis of introgression has so far only concerned the presence of S. paradoxus

sequence in S. cerevisiae genomes, but we would expect to find evidence of introgression in

the opposite direction, as well. Furthermore, there is a substantial amount of population

structure within S. paradoxus, with divergences between its di�erent populations ranging

from 1-3%.124 Our model can be easily extended to include additional S. paradoxus reference

genomes or even references for other Saccharomyces species; such an expanded analysis could

allow us to identify more introgression, and perhaps to gain a clearer picture of when and

where hybridization occurs.

Although we have mainly focused in this study on general patterns of introgression among

the strains we analyzed, our method may also allow for the identification of specific examples

of adaptive introgression that could be further characterized experimentally. Overall, we hope

this approach may yield further insights into the evolution of Saccharomyces yeasts, and

specifically the role that hybridization has played and continues to play in their adaptation

to new environments.

4.6 Data access

The implementation of our hidden Markov model and downstream analyses are available for

download on GitHub (https://github.com/hyperboliccake/introgression).
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Chapter 5: DIVERSITY WITHIN S. CEREVISIAE AND S. PARA-
DOXUS REVEALS A MORE COMPLETE PICTURE
OF INTROGRESSION

5.1 Abstract

The Saccharomyces yeasts are among the most genetically well–characterized model eukary-

otes, but we understand relatively little about how their genomes have changed over time.

Despite the substantial sequence divergence within the genus, these species hybridize in nat-

ural and industrial environments. Previous work has identified introgressions in some of

these species remaining from past hybridization events with other species. We previously

developed a simple, flexible approach based on a hidden Markov model to identify introgres-

sion in yeast genomes. Here we extend this approach to incorporate more of the diversity

within S. cerevisiae and S. paradoxus, which allows us to partially account for introgression

in the reference strains we use, and to make more specific inferences about the origins of

introgression. Overall, taking advantage of the full range of known diversity in S. cerevisiae

and S. paradoxus results in a clearer picture of the pervasive exchange of genetic material

through hybridization between these species.

5.2 Introduction

With the recent sequencing of hundreds of budding yeast genomes from geographically and

ecologically diverse environments,14,61,62,111,112 there has been a growing interest in disen-

tangling the complex evolutionary history of these organisms. The Saccharomyces yeasts

are among the most genetically well–characterized model eukaryotes, but we understand

relatively little about how their genomes have changed over time. Their ability to live in

both haploid and diploid states—and to reproduce both asexually and sexually depending on

environmental conditions—creates unusual evolutionary opportunities. Although the species
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within this genus are highly diverse, their flexible life cycle allows them to more easily form

natural hybrids that in some cases can produce viable spores.68,125

Ecological sampling has revealed some locations where S. cerevisiae and S. paradoxus

coexist,126 but we have little in the way of historical or fossil evidence to determine where

these species have lived and encountered each other in the past. With a large set of diverse

genomes, however, we can make inferences about how di�erent genomic regions have changed

and been exchanged between di�erent species over time. Identifying introgressed regions

remaining from past hybridization events can tell us about the evolutionary history of these

species, and can also potentially suggest specific adaptions that helped them colonize new

environments.127

Some examples of large introgressions have been identified in S. cerevisiae and S. para-

doxus strains,113,128,129 but most research on introgression in yeast so far has focused on

individual genes or ORFs.14,62,111 This gene–centric approach is particularly useful when

considering the pangenome of a species because it can explicitly handle di�ering gene con-

tent among strains, rather than making inferences about large insertions or deletions. We

intend, however, to gain a more comprehensive view of introgression across the entire genome

without regard to gene boundaries. By doing so, we can establish more precise boundaries

of introgressed regions, and can also identify genes that are only partially introgressed. We

previously developed a simple hidden Markov model–based approach to look for introgression

in yeast genomes, and applied it to identify introgression from S. paradoxus in a set of 93 di-

verse S. cerevisiae genomes from the 100–genomes collection.62 We now extend this analysis

to explicitly consider that introgression may originate from detectably di�erent S. paradoxus

strains, and to account for the presence of introgression in the S. cerevisiae reference we use.

There is substantially more population structure within S. paradoxus than within S.

cerevisiae.60 The known S. paradoxus strains fall into four main clades, with European and

Far Eastern strains more closely related, and American and Hawaiian strains more closely

related (Fig. 5.1a). By looking at introgression from these highly diverged S. paradoxus

strains, we thought it might be possible to more accurately pinpoint which introgressions
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were due to di�erent hybridization events, as well as when those events occurred relative to

each other.

Within the 100–genomes S. cerevisiae strains, pairwise divergence is typically <1%, but

the sequencing of strains from Chinese forests has greatly increased the amount of known

diversity in S. cerevisiae.111 The Chinese strain we use in this study is approximately

as diverged from the 100–genomes strains as European S. paradoxus is from Far Eastern

S. paradoxus, or American is from Hawaiian (Fig. 5.1b). We expected that using a more

diverged strain as a reference for S. cerevisiae in our model would allow us to identify more

introgression in the 100–genomes strains, since the Chinese forest strain should share less

introgression with those other strains.

We have found that using these diverse references for S. cerevisiae and S. paradoxus

instead of relying on a single representative for each species does allow us to identify more

introgression in S. cerevisiae. Most of the introgression we identify in the 100–genomes

S. cerevisiae strains appears to originate from European S. paradoxus, but we also find

evidence of introgression from all four major clades of S. paradoxus. Strains vary widely in

the amount of introgression they share with other strains. As expected, the Chinese strain

shares little of its introgression with other strains, while the lab strain shares a much larger

proportion—making it possible to identify more introgression when using the Chinese strain

as the reference for S. cerevisiae. We identify multiple clusters of introgressed sites that are

present in distinct sets of strains, suggesting that multiple hybridization events have led to

the patterns we see. Overall, taking advantage of the full range of known diversity in S.

cerevisiae and S. paradoxus results in a clearer picture of the pervasive exchange of genetic

material through hybridization between these species.
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Figure 5.1: Divergence between S. cerevisiae and S. paradoxus reference strains used in this study.
(A) Phylogeny of two S. cerevisiae reference strains (S288c, JXXY10.1) and four S. paradoxus
reference strains (CBS432, N–45, DBVPG6304, UWOPS91–917.1). (B) Divergence between all
pairs of reference strains in non–overlapping 200 bp windows across the genome.
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5.3 Results

5.3.1 Divergence within S. paradoxus is great enough to distinguish between introgression

originating from di�erent populations

In order to distinguish between introgression in S. cerevisiae genomes that originates from

di�erent S. paradoxus populations, the S. paradoxus references we use for those populations

need to be adequately diverged. Many of the introgressions we identified previously were

relatively short, with a median length of 150 bp (see Chapter 4). If the divergence between

S. paradoxus populations was relatively small, regions of this size might typically only vary

by a few base pairs, which could make it impossible to confidently assign an introgressed

region to a specific S. paradoxus origin.

We calculated divergence in 200 bp windows between all pairs of S. cerevisiae and S.

paradoxus references used later in this study (Fig. 5.1b). The median window is 1% diverged

between European and Far Eastern S. paradoxus, and about 2% between American and

Hawaiian S. paradoxus. For shorter introgressed regions, this level of divergence would often

not be large enough to confidently assign the region’s origin to a specific population. But

between the two larger clades of S. paradoxus, the median divergence is 3.5%, with approx-

imately one–fifth of windows more than 5% diverged. Thus, it should be possible to more

specifically classify some introgressions as originating from specific S. paradoxus populations,

particularly if they are relatively recently introgressed.

Between S. cerevisiae and S. paradoxus the median window approximately 11% diverged,

so in general it should at least be possible to detect the presence of introgression, if not to

determine which specific population the introgression came from. The divergence between

the two S. cerevisiae references used in this study is 1.5%, roughly equivalent to that between

either the European and Far Eastern, or American and Hawaiian, S. paradoxus populations.
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5.3.2 Extending hidden Markov model–based approach to incorporate multiple S. cerevisiae

and S. paradoxus reference genomes

In order to incorporate multiple reference strains for S. cerevisiae and S. paradoxus in our

analysis, we needed to extend the hidden Markov model (HMM)–based approach we previ-

ously developed (cite; Fig. 5.2 a). Our HMM can theoretically handle an arbitrary number of

states, so it would be possible to simply include multiple S. cerevisiae and S. paradoxus ref-

erences in the same model. For example, with two di�erent S. cerevisiae references and four

di�erent S. paradoxus references, our model would have a total of seven states (including the

unknown state), as opposed to the three states used in the previous analysis. However, this

approach is problematic because by definition HMMs assign a single state to each alignment

column, while logically there are some sites in the genome that should be assigned to mul-

tiple S. cerevisiae or S. paradoxus states because the test strain matches multiple references

equally well. In practice, since the model must choose a single state, it assigns most of the

introgressed sites to one of the S. paradoxus states, and assigns groups of sites to the other S.

paradoxus states in an uninterpretable way. Incorporating multiple S. cerevisiae references

results in similarly nonsensical predictions.

To resolve this issue, we could create one state for each possible combination of references,

instead of only one state for each reference. However, with six references, this strategy would

result in 26 = 64 states. Such a model would take far longer to run and also be much more

di�cult to parameterize and train properly. In addition, comparing predictions obtained

using di�erent references would require running an entirely new, even larger model that

incorporated all of the references at once. Thus, instead of introducing more states into

our model, we ran the model separately for each pair of S. cerevisiae and S. paradoxus

reference strains. We then combined the results from the eight di�erent runs of the model

in a principled way (Fig. 5.2b).

Specifically, after filtering out low–quality regions (as described in the Methods), we con-

verted the predicted regions from all models into combined regions that were each predicted
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Figure 5.2: Figure legend continued on following page.
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Figure 5.2: Extending HMM–based approach to utilize multiple references. (A) Outline of the
method we described previously (see Chapter 4) for predicting introgression in a single test strain
with one reference each for S. cerevisiae and S. paradoxus. (B) Outline of method for combining
predicted introgressed regions from multiple runs of the model with di�erent references. Regions
predicted by each model are first filtered based on criteria including the identity of the test strain
with both reference strains. The regions from di�erent runs are then combined based on their
overlap; in this step, regions rejected in filtering are added back into the analysis if they overlap a
region from another model that passed filtering. After regions are combined, an attempt is made
to increase the specificity of the reference(s) associated with each region. If one or more references
are clearly better matches than the others across the length of a region, only those references are
retained.

by the same set of models across the entire length. In combining these regions, we also

considered the regions that failed the first filtering step, in order to avoid assigning a given

region to one specific reference when it was on the border of being called by a model using

another reference. We only added those filter–rejected regions back in if they overlapped

at least one filter–accepted region from another model. After combining the regions, we

attempted to assign them to S. paradoxus references with more specificity. To do so, we

calculated the identity of the test strain with each predicted S. paradoxus reference strain

across the region. If one or more references were significantly better matches than the others,

we kept only those references. Thus, our final set of regions encompasses all sites collectively

predicted by all of the contributing models, but with some predicted references eliminated

as possibilities for some regions.

5.3.3 Chinese S. cerevisiae reference allows for the identification of more introgression than

does lab reference

The reference–based approach to identifying introgression that we have taken cannot in

general identify introgression that is shared with the reference strain. Therefore, in addition

to using the well–annotated S. cerevisiae lab strain S288c as a reference, we also used the

Chinese primeval forest strain JXXY10.1 from the CHN–IX population,111 which comprises
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the S. cerevisiae strains most diverged from the 100–genomes strains. We expected to find

more introgression when using the Chinese reference than when using the lab reference, since

the lab strain is more closely related to—and should thus share more introgression with—the

100–genomes strains. Overall, nearly half of all introgression we identified could be found

using either of these references, but in almost all of strains, we found more introgression

using the Chinese reference than using the lab reference (Fig. 5.3a).

We can also identify introgression in each of these S. cerevisiae reference strains by

utilizing the other reference. The large majority of introgression we identified in the lab

reference is shared with at least one other strain, whereas more than one–quarter of the

introgression identified in the Chinese reference is unique among all strains we considered

(Fig. 5.3b). Of course, even using the highly diverged Chinese reference when looking for

introgression in other strains, we will still generally only be able to identify introgression

that originated after the reference and test strains diverged.

5.3.4 S. cerevisiae strains di�er in how much introgression they share with other strains

Because we have run our model separately with two di�erent S. cerevisiae references, it

is possible to identify introgression in each one of these strains while using the other as

a reference. The Chinese S. cerevisiae reference strain has the greatest fraction of unique

introgression, while the lab reference strain has a comparatively low fraction (Fig. 5.3b). The

other test strains vary widely in the amount of introgression they share with other strains, as

well as how many strains they share it with (Fig. 5.3c). Three strains (YJM248, YJM1078,

YJM1252) uniquely share a large amount of introgression, as seen previously,62 presumably

due to a relatively recent hybridization event.

It is in general possible that a region we call introgressed in a set of strains is actually

flagged due to the presence of introgression or some other type of sequence anomaly in

the reference strain. This scenario is particularly likely to occur with introgressed regions

that are shared among many strains. Although our filtering should remove many poorly

aligned regions from the analysis, our current approach cannot always distinguish between
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Figure 5.3: Amount of introgression identified using two di�erent S. cerevisiae references, and
di�erences in how much introgression is shared between strains. (A) Each bar represents a Venn
diagram of the amount of introgression found when using each S. cerevisiae reference separately for
each test strain. Strains are sorted by total amount of introgression predicted. Inset shows sites
found with each reference across all strains. (B) Fraction of introgression in each strain that is
uniquely predicted to be introgressed in that strain. The Chinese reference strain has the greatest
fraction of unique introgression, but several other strains have nearly as much. (C) For each strain,
a boxplot summarizes the distribution of the number of strains each introgressed site is shared with.
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introgression in the test strain and introgression in the reference strain. The introduction

of one additional state in the model to capture sites at which both reference strains match

well, but di�er from the test strain, could help separate these distinct phenomena.

5.3.5 The majority of introgression identified is from European S. paradoxus

In addition to running our model with two di�erent S. cerevisiae strains as references, we

also ran it with four di�erent S. paradoxus references—one from each of the European, Far

Eastern, American, and Hawaiian populations. Because our model does not handle non–

mutually–exclusive states in a useful way (as explained above) we ran it separately with

each S. paradoxus reference, combined the regions predicted by each model, then assigned

each region to a specific S. paradoxus reference—or a combination of references—if possible.

Strains di�er widely in the amount of introgression originating from di�erent S. paradoxus

populations (Fig. 5.4a). But overall, most of the introgression we can assign to a single S.

paradoxus reference is assigned to the European strain (Fig. 5.5a). This pattern is partially

driven by the three strains mentioned above that share a large amount of introgression,

which is mainly classified as European S. paradoxus, but most other strains also have more

introgression assigned to the European reference than to any other reference (Fig. 5.4b).

Aside from the overall preponderance of European introgression, a few other trends

stand out in the introgression assigned to other S. paradoxus populations. The amount

of introgression from Hawaiian S. paradoxus varies less across the strains than does the

amount from other S. paradoxus populations (Fig. 5.4b), which is consistent with the obser-

vation that a substantial fraction of the Hawaiian S. paradoxus introgression is shared among

many strains (Fig. 5.5b). The amount of introgression from American S. paradoxus, on the

other hand, is more highly variable between strains. The four strains (YJM1399, YJM451,

YJM1355, YJM320) that have the largest quantity of introgression from American S. para-

doxus (Fig. 5.4b) do not fall into any observed category: three are mosaic strains while one

falls into the Wine/European population, two are clinical while one is from a cherry tree

and one is from molasses, and two are from the United States while the other two are of
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A

B

Figure 5.4: Amount of introgression from di�erent S. paradoxus populations in individual test
strains. (A) Fraction of introgression in each strain assigned to individual or combinations of S.
paradoxus references. Strains are sorted by amount of introgression that is European and/or Far
Eastern over amount of introgression that is American and/or Hawaiian. (B) Total amount of
introgression in each strain assigned to each S. paradoxus reference.
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S. paradoxus origin

Figure 5.5: (A) Total amount of introgression assigned to every possible combination of S. paradoxus
states across all strains. The majority of introgressed sites are assigned to the European reference
alone. (B) Amount of introgression shared among di�erent numbers of strains for each S. paradoxus
reference or selected combination of references.
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unknown geographical origin.

5.3.6 Introgressions cluster among distinct sets of strains, supporting the occurrence of

multiple hybridization events

Since using the Chinese S. cerevisiae reference should allow us to identify some older intro-

gressions that we were not able to previously, we wanted to see whether it was possible to

group introgressed sites into larger, possibly discontinuous regions that are likely to have

originated from the same hybridization event. We first grouped consecutive introgressed

sites into regions introgressed in the same set of strains (regardless of their assigned S. para-

doxus population(s)). We then hierarchically clustered these regions based on the pattern of

presence/absence of introgression in all the strains. From the resulting dendrogram, seven

clusters appeared to capture much of the variation. We then used k–means clustering to

group the sites into seven clusters, which largely corresponded to the structure of the den-

drogram. Although at least one of these clusters appears to be based on noise, several others

identify groups of sites shared in similar sets of strains (Fig. 5.6). In addition, the sites

in many of the clusters are mainly (though not entirely) predicted to be from the same S.

paradoxus population(s), as we would expect if they were from the same hybridization event.

While we are not able to pinpoint a precise number of distinct hybridization events, these

data clearly support at least four distinct hybridization events occurring at di�erent points

in the evolutionary history of these strains.

5.3.7 Introgression in the S. cerevisiae lab strain S288c

As it is often appealing to think of the well–annotated lab strain S. cerevisiae S288c as

a reference for all of S. cerevisiae, we were interested in the introgressions present in that

strain—and particularly in any of those introgressions that are not common among the other

strains we examined. We identified very few sites uniquely introgressed in S. cerevisiae S288c;

most of this strain’s introgressed sites are introgressed in more than half of the other strains
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Figure 5.6: Introgressed regions clustered by the pattern of strains they are identified in. Top left
shows matrix of strains by introgressed sites, with colors indicating the S. paradoxus reference(s) the
region is assigned to. Regions are shown in sequential order, with all chromosomes concatenated.
Strains are hierarchically clustered by their shared introgression across all sites. The width of each
column is scaled by the square root of the corresponding region length in order to allow all regions
to be visible. The regions in each of the seven clusters are individually highlighted in the remaining
seven panels. Cluster 3 consists primarily of regions introgressed in the three strains YJM1078,
YJM1252, and YJM248. Clusters 1, 2, and 5 appear to capture regions introgressed in distinct sets
of strains. Clusters 6 and 7 are noisier, and cluster 4 captures regions introgressed in nearly all the
strains.



80

(Fig. 5.3c). There are however, a few examples of sizeable introgressions in S288c that are

uncommon among these strains.

One large introgression present in S288c and six other strains (YJM1381, YJM1385,

YJM1386, YJM1399, YJM689, YJM1444) is a 3.9 kb region on the right arm of chromosome

I, downstream of SWH1 and upstream of FLO1. Another region is near the centromere

of chromosome VIII, containing part of the gene YHL008C, and is introgressed in S288c

and a small number of other strains (YJM1307, YJM1401, YJM451, YJM1419, YJM1400,

YJM1479). This predicted region is only 140 bp in length, but based on visually examination

of the alignment, it clearly extends for another 1.8kb. It does not match any of the S.

paradoxus references well, however, nor any of the genomes in the SGD fungal database

(https://www.yeastgenome.org/blast-fungal).

Overall, however, we find few clear examples of introgressed regions that are introgressed

in the lab strain S288c but not in many other strains. Thus, it is perhaps not a great concern

that introgression has introduced dramatic changes that make the strain a poor model for

other strains. On the other hand, it is possible that introgressions present in other strains

cause those strains to be di�er in important ways from S288c. In general, though, regions

that are predicted to be introgressed in most strains, but excluding S288c, may be due to

introgression in one of the reference strains we use, rather than in the test strains. Our

current approach is not always able to distinguish between these possibilities.

5.4 Methods

5.4.1 Strain divergence, alignment, and phylogeny

The S. cerevisiae S288c genome was downloaded from the Saccharomyces Genome Database

(https://downloads.yeastgenome.org/sequence/). The 93 S. cerevisiae strain genomes newly

sequenced as part of the 100–genomes project,62 as well as the S. cerevisiae JXXY10.1

genome,111 were downloaded from GenBank (https://www.ncbi.nlm.nih.gov/genbank/). All

S. paradoxus reference strains (European CBS432, Far Eastern N–45, American DBVPG6304,
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Hawaiian UWOPS91–917.1) were downloaded from the Saccharomyces Genome Resequenc-

ing Project website (ftp://ftp.sanger.ac.uk/pub/users/dmc/yeast/latest). Alignments among

reference strains and between reference and test strains were generated using MAFFT121 with

default settings. Divergence was calculated in 200 bp windows based on these alignments, ex-

cluding columns containing gaps or ambiguous characters. The phylogeny of reference strains

was constructed from the 6–way alignment of the reference genomes using PHYLIP dnadist

and neighbor (http://evolution.genetics.washington.edu/phylip/) with the UPGMA option.

5.4.2 Hidden Markov model for identifying introgression

We previously described a hidden Markov model–based approach to identifying introgression

in budding yeast genomes (see Chapter 4 and Fig. 5.2). We first align a given S. cerevisiae

test strain chromosome to the corresponding chromosomes of two reference strains—one for

S. cerevisiae and one for S. paradoxus. We then run a hidden Markov model to assign

the most likely of three states (S. cerevisiae/non–introgressed, S. paradoxus/introgressed,

or unknown) to each polymorphic, non–gapped alignment column. The model is trained

using the Baum–Welch algorithm until the likelihood between runs increases by less than

0.1%. Introgressed regions are defined as consecutive sets of sites in the S. paradoxus state,

including any intervening non–polymorphic or gapped alignment columns.

5.4.3 Filtering predicted introgressed regions

Introgressed regions predicted by the HMM pass the first stage of filtering if they meet the

following criteria, calculated across the entire region:

1. None of the three aligned sequences (S. cerevisiae reference, S. paradoxus reference, S.

cerevisiae test strain) has greater than 50% gapped or ambiguous sites.

2. The identity of the test strain with the S. cerevisiae reference is at least 60%.
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3. The identity of the test strain with the S. paradoxus reference is greater than the

identity of the test strain with the S. cerevisiae reference.

4. The number of sites at which the test strain matches the S. paradoxus reference but

not the S. cerevisiae reference is at least seven.

Regions that do not pass these filters are excluded from downstream analysis with one

exception: when combining regions from multiple models (see below), if a filter–rejected

region overlaps a filter–accepted region predicted by another model, it is added back in.

5.4.4 Combining predictions made using di�erent references

To incorporate multiple reference genomes in our analysis, it would be possible to introduce

additional states into the model. However, including multiple references for a single species

results in uninformative predictions because those states are not mutually exclusive at every

alignment column. To address this issue, we could create states for every possible combina-

tion of the references, but the model becomes slower and much more di�cult to parameterize

in that scenario. We therefore found it to be simplest and most extensible to run separate

models for all references of interest, then combine the predictions in a principled way.

To combine the di�erent sets of predictions, we first index all of the regions relative to

the same reference genome, using alignments to convert between coordinates if necessary.

We then iterate over the superset of regions, and generate a new set of combined regions,

in which each region is comprised of a maximal set of consecutive sites called introgressed

in the same set of models (Fig. 5.2b). Regions that failed to pass the first filtering step

are added back in if they overlap a region that did pass filtering from a di�erent model;

this step helps prevent us from being overconfident in assigning a region to a specific model

later if it was on the border of being called by a di�erent model. Finally, each of these

combined regions is assigned a final state or set of states depending on the sequence identity

to introgressed references in di�erent models. Specifically, if out of all the references the

maximum identity was XM bp over an aligned length of LM bp, then we set the threshold
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for retaining the other references at an identity of 1≠ (LM ≠XM +2
Ô

LM ≠XM )/LM . This

threshold represents two standard deviations from the number of mismatches in the reference

with the maximum identity, assuming mismatches are Poisson–distributed. In this way, some

regions are assigned to a single reference genome, but others are assigned with less specificity.

5.4.5 Clustering introgressed sites

We converted the lists of regions for individual strains into one list of regions shared among

strains by finding the largest consecutive blocks of sites called introgressed in the same set of

strains. We then created a matrix of the presence/absence of introgression in each of these

regions in each strain. Treating this as a binary matrix, we created a (hamming) distance

matrix using the R function rdist.130 We hierarchically clustered the regions based on

these distances using the R function hclust.131 We plotted the resulting dendrogram and

visually determined that approximately seven clusters would capture much of the structure

in the data. We then clustered the sites into seven clusters using the R function kmeans131

with nstart=20. The resulting clusters corresponded reasonably well to the hierarchical

clustering dendrogram. We also clustered the strains based on a (manhattan) distance

matrix also generated with rdist, and clustered using hclust. We plotted the sites for the

clustered strains using ggplot2.132 We colored each region for each strain by the reference(s)

it was finally assigned, as described above. We scaled the plotted lengths of the regions by

the square root of the region length so that shorter regions would also be visible.

5.5 Discussion

We have extended our approach to identifying introgression in S. cerevisiae genomes from S.

paradoxus by incorporating more diverse reference strains for both species. In doing so, we

have identified more instances of introgression, and in some cases have been able to assign

the origin of an introgression to a more specific population within S. paradoxus. In other

cases, we are not able to determine a specific population of origin, due to the fact that too
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little divergence is present in the region or the introgression originated too distantly in the

past. It is also clear that we sometimes erroneously assign regions to a specific S. paradoxus

population, particularly when nearby regions are assigned to di�erent populations; this issue

can arise because the sequence or alignment quality in the region is insu�cient for some of

the strains.

Despite the potential for further refinements to our approach, we can see general patterns

in di�erent levels of introgression among strains, and also in how often that introgression is

shared with other strains. In the future, looking for introgression in the opposite direction—

from S. cerevisiae in S. paradoxus—in combination with these findings may help clarify

cases in which one or more of the reference genomes have introgression rather than the test

strains. In general, introgression is quite prevalent in S. cerevisiae and likely within the

Saccharomyces yeasts more broadly. We have shown that incorporating a larger range of

within–species variation is useful for identifying these introgressions, but we will still always

be limited in our ability to detect ancient introgressions.
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Chapter 6: FINAL THOUGHTS

6.1 Lessons about mapping with association and linkage

In the preceding chapters, we have explored some of the benefits and challenges that come

with di�erent approaches for relating trait variation to naturally occurring genetic variation.

We have seen how genome–wide association can be a simple approach to utilizing the large

numbers of diverse S. cerevisiae genomes that have been sequenced in recent years, but

have also seen how this approach can su�er due to the extensive population structure that

exists within the species. We have discussed how we can instead use linkage to analyze the

recombinant o�spring from crossing a small but carefully chosen set of strains, and how this

approach can provide very high power and fine mapping resolution for traits with amenable

genetic architectures.

In general, our options for locating trait–related variation within the genome all involve

comparing the genomes of individuals with a range of trait values, in order to find polymor-

phic sites at which specific alleles correspond to the observed trait di�erences. With more

individual genomes that collectively contain more polymorphic sites, we are able to locate

relevant variation with greater precision. But in some ways this type of positional mapping

will always be inadequate. In particular, when variants at di�erent locations in the genome

interact with insignificant marginal e�ects, it can be di�cult or even impossible to find them

when only scanning for individual causal sites. In some cases it is reasonable to perform

2–dimensional scans to detect some of these interactions, but as the number of interacting

sites grows, it quickly becomes infeasible to test all possible combinations of sites.

There are a variety of ways in which we might imagine dealing with this complexity.

A candidate gene approach that relies on knowledge already existing in the literature may

allow us to focus only on interactions between sites we have reason to expect might be related

to the trait of interest, vastly constraining the total space of interactions that need to be
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considered. But this strategy will of course be unable to help us uncover entirely novel e�ects

of specific genetic variants. Other approaches such as X–QTL89 or experimental evolution

are able to screen many possible combinations of variants in bulk, ultimately retaining only

the most successful ones. These experimental techniques are a powerful way of exploring

a larger portion of sequence space and can also help us determine what types of genetic

architectures we should be searching for. However, they are only useful for phenotypes that

can be reasonably selected for, and they may still have di�culty finding interactions involving

many sites. Other possibilities involve statistical heuristics, such as scanning for individual

locus e�ects with a lenient cuto�, then examining interactions between only the smaller set

of sites that remain.133 The success of these various approaches will depend on the specific

nature of interactions we are trying to discover, and continuing to develop an understanding

of the frequency of di�erent kinds of genetic architectures will therefore be important.

6.2 Leveraging diversity within Saccharomyces

In both mapping traits and identifying introgression, we have seen how the extensive variation

within S. cerevisiae can be both a powerful experimental tool and a source of more questions.

With a large pool of phenotypic variation, there are many possibilities of traits to explore and

engineer, and understanding the workings of an individual genome becomes more tractable in

the presence of many related genomes. Studying the e�ects of genetic loci in a single sequence

in isolation is di�cult because for every site we want to characterize, we need to engineer the

sequence change and determine whether there is a phenotypic e�ect; or conversely, we can

make random genetic changes, then try to identify those that underlie resulting phenotypic

changes. But since sequence space is enormous, having a large pool of variation as it occurs

in natural populations is a profoundly useful way to establish a smaller set of interesting

genetic possibilities.

Moving from one well–sequenced and –annotated reference sequence for S. cerevisiae to a

highly diverse collection of genomes within the species and genus is an immensely useful de-
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velopment that will undoubtedly continue to contribute greatly to our understanding of the

genomes of individual strains and entire species. The diversity within Saccharomyces more

broadly provides opportunities for studying the unique evolutionary trajectories of closely

related species. Despite the substantial sequence divergence between these species, hybridiza-

tion appears to be a relatively frequent occurrence, providing interesting opportunities for

rapid adaptation to new environments. We still have a lot to learn about the specific ways

in which hybridization and introgression have shaped the evolution of domesticated, clinical,

and wild yeasts, and how they may continue to do so in significant ways in the future.

6.3 Moving from location to mechanism

We have so far focused mainly on locating interesting variation within the genome—whether

through association or linkage or by identifying regions that have a particular evolutionary

history. But in doing so, what we have avoided is transitioning from identifying this variation

to determining important details about how it leads to observed phenotypic di�erences.

For example, in linkage mapping, we may identify a very specific causal site, but without

knowledge of the mechanism by which it actually impacts a trait of interest, it will likely

be di�cult to utilize that information; we may find that a particular site causes increased

resistance to an antifungal drug, and while this is an important first step, it does not directly

provide us with a strategy for preventing or combating that resistance.

Thus, positional mapping approaches are only one step in understanding the complex

ways in which genomes produce phenotypic e�ects, and they in general need to be comple-

mented by carefully designed experiments. The same is true for the identification of intro-

gressed regions; certainly some of the regions we identify have simply persisted over time by

chance, while others may have had—or continue to have—an adaptive benefit. Distinguish-

ing between these di�erent scenarios requires us to test the e�ects of the introgressed regions

in di�erent genetic backgrounds, and to observe any e�ects on phenotypes that we think

they might be involved in. Although there a few known examples of introgressions linked
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to specific functional consequences, we still have work to do in understanding the overall

impact that hybridization and introgression have had in the evolution of the Saccharomyces

yeasts.

6.4 A more comprehensive reference

While the longstanding S. cerevisiae reference genome continues to be an invaluable resource,

it also seems increasingly inadequate given the vast quantities of genomic sequences and re-

lated data currently being generated. How can we move from curating a single—and in

many ways arbitrary—reference genome, to maintaining a resource that is more represen-

tative of the total range of variation within the species while still being tractable to work

with? The Saccharomyces Genome Database has taken steps towards generating a panel of

several reference genomes, rather than providing only the single S288c reference,134 but this

panel still lacks much of the diversity present within the species. This challenge of dealing

with significant variation between populations—not only in terms of the single nucleotide

polymorphisms we have focused on here, but also in larger di�erences in gene content and

structure—is not specific to yeast genetics. Similar concerns arise whenever species are sam-

pled more thoroughly; for example, in the study of human genomes, it has been recently

observed that a pan–genome constructed from many individual African genomes di�ers sub-

stantially from the standard (mostly–European) reference genome.135

With the advent of next–generation sequencing technologies, it often seems that genomes

can be sequenced much faster than the data we generate can be understood. There is immense

potential for discovery in data sets that we have already collected if we can find ways to

more e�ectively connect disparate findings. Developing methods of integrating diverse data

sets in a way that can be easily maintained, updated, and searched continues to be an

important problem in the field of genomics. Ultimately, the utility of data from large–

scale experiments is only useful to the extent that they can be linked with past and future

findings to generate more a more comprehensive understanding of genetic principles. In
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addition to integrating many diverse genomes into more comprehensive reference panels,

there also remains the challenge of integrating data from many types of assays related to

genetic function. For example, having an easily accessible way to see current knowledge

about the evolution of a region could be informative when we are trying to determine the

function of an uncharacterized gene. Or as another example, having a comprehensive picture

of the variation in a given gene among all strains from a similar environment could help us

put the gene sequence from a particular strain in context. Moving forward, the e�ective

management of data will be a crucial aspect of large–scale genomics experiments, as will

the task of moving from one specific genome to a large cloud of genomes that are related in

complex ways. The future of genomics lies in appreciating the extraordinary diversity of life.
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Appendix A: CHAPTER 4 SUPPLEMENT

A.1 Supplementary Figures
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Figure A.1: Comparison of performance to PhyloNet–HMM for a variety of migration rates. Our
method outperforms PhyloNet–HMM in all cases. Both methods perform worse for higher migration
rates because more introgression is shared with the non-introgressed reference genome, making it
di�cult to detect.



107

Figure A.2: Identity of introgressed regions with introgressed and non–introgressed reference strains.
Points are scaled by the region length, with most longer regions falling near 100% identity with the
introgressed reference and 80-90% identity with the non–introgressed reference.
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Figure A.3: Clusters of introgressed genes shared among closely related strains. Columns are
strains, ordered by phylogenetic relationship shown at top. Rows are genes, and cells are colored
black if any portion of the given gene is introgressed in the given strain. Gene rows are hierarchically
clustered.
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A.2 Supplementary Tables

Table A.1: Introgressed regions across all strains.

region id strain chromosome start end
r1 yjm470 I 527 664
r2 yjm1401 I 1780 2067
r3 yjm248 I 1845 2067
r4 yjm1389 I 2112 2261
r5 yjm1592 I 2112 2261
r6 yjm1338 I 2476 2542
r7 yjm1574 I 2500 2610
r8 yjm1450 I 2511 2644
r9 yjm1419 I 12189 12362
r10 yjm1389 I 12266 12395
r11 yjm1527 I 25400 25802
r12 yjm1418 I 25439 25508
r13 yjm1447 I 25448 25535
r14 yjm326 I 25451 26150
r15 yjm450 I 25451 25514
r16 yjm555 I 25451 25514
r17 yjm682 I 25451 26150
r18 yjm1342 I 25505 25628
r19 yjm1573 I 25518 25607
r20 yjm1252 I 25574 25618
r21 yjm1434 I 25712 25928
r22 yjm1615 I 25712 25943
r23 yjm554 I 25757 25815
r24 yjm1388 I 25826 26078
r25 yjm450 I 25871 26047
r26 yjm1273 I 25892 26048
r27 yjm978 I 25925 26063
r28 yjm1342 I 25970 26047
r29 yjm1573 I 25994 26225
r30 yjm1389 I 26022 26085
r31 yjm1460 I 26022 26085
r32 yjm1592 I 26022 26085
r33 yjm451 I 26027 26085
r34 yjm1083 I 26033 26078
r35 yjm1479 I 26033 26120
r36 yjm1433 I 26061 26258
r37 yjm1389 I 26157 26213
r38 yjm1460 I 26157 26213
r39 yjm1592 I 26157 26213
r40 yjm1307 I 26170 26317
r41 yjm193 I 26170 26231
r42 yjm978 I 26170 26231
r43 yjm1434 I 26292 26375
r44 yjm1342 I 26303 26414
r45 yjm1450 I 26304 26333
r46 yjm450 I 26304 26387
r47 yjm682 I 26304 27209
r48 yjm1273 I 26307 26507
r49 yjm1527 I 26307 26519
r50 yjm1389 I 26317 26386
r51 yjm1307 I 26411 26452
r52 yjm451 I 26427 26507
r53 yjm1083 I 26439 26528
r54 yjm450 I 26439 26693
r55 yjm1479 I 26441 26558
r56 yjm1434 I 26442 26495
r57 yjm1083 I 26564 26657
r58 yjm1273 I 26564 26693
r59 yjm1433 I 26564 26642
r60 yjm1434 I 26564 26693
r61 yjm1527 I 26564 26648
r62 yjm195 I 26564 26625
r63 yjm1479 I 26574 26693
r64 yjm1133 I 26699 26747
r65 yjm1527 I 26699 26744
r66 yjm470 I 26699 26933
r67 yjm1401 I 26709 26828
r68 yjm450 I 26709 27065
r69 yjm1615 I 26711 26792
r70 yjm1573 I 26712 26747
r71 yjm555 I 26712 26939
r72 yjm1252 I 26777 33128
r73 yjm1273 I 26834 26939
r74 yjm1434 I 26834 26939
r75 yjm195 I 26834 26882
r76 yjm451 I 26834 26939
r77 yjm1401 I 26877 26963
r78 yjm1527 I 26877 27209
r79 yjm1273 I 26969 27098
r80 yjm1389 I 26969 27098
r81 yjm1433 I 26969 27098
r82 yjm1434 I 26969 27098
r83 yjm1460 I 26969 27098
r84 yjm1477 I 26969 27098
r85 yjm195 I 26969 27098
r86 yjm987 I 26969 27098



110

region id strain chromosome start end
r87 yjm1133 I 27289 27404
r88 yjm1342 I 27289 27422
r89 yjm1388 I 27289 27452
r90 yjm1389 I 27289 27452
r91 yjm1443 I 27289 27422
r92 yjm1447 I 27289 27563
r93 yjm1460 I 27289 27452
r94 yjm1592 I 27289 27452
r95 yjm320 I 27289 27404
r96 yjm541 I 27289 27404
r97 yjm554 I 27289 27404
r98 yjm428 I 27323 27404
r99 yjm1129 I 27355 27422
r100 yjm470 I 27458 27822
r101 yjm1418 I 27469 27822
r102 yjm1549 I 27469 27824
r103 yjm1133 I 27475 27557
r104 yjm1208 I 27475 27824
r105 yjm1248 I 27475 27824
r106 yjm1273 I 27475 27824
r107 yjm1307 I 27475 27824
r108 yjm1342 I 27475 27822
r109 yjm1381 I 27475 27505
r110 yjm1388 I 27475 27822
r111 yjm1389 I 27475 27557
r112 yjm1399 I 27475 27822
r113 yjm1401 I 27475 27557
r114 yjm1419 I 27475 27824
r115 yjm1433 I 27475 27824
r116 yjm1439 I 27475 27824
r117 yjm1443 I 27475 27557
r118 yjm1460 I 27475 27822
r119 yjm1478 I 27475 27621
r120 yjm1527 I 27475 27824
r121 yjm1574 I 27475 27824
r122 yjm1592 I 27475 27557
r123 yjm193 I 27475 27824
r124 yjm428 I 27475 27557
r125 yjm451 I 27475 27824
r126 yjm541 I 27475 27557
r127 yjm554 I 27475 27505
r128 yjm627 I 27475 27824
r129 yjm693 I 27475 27824
r130 yjm984 I 27475 27621
r131 yjm1129 I 27485 27618
r132 yjm1190 I 27485 27824
r133 yjm1199 I 27485 27621
r134 yjm1202 I 27485 27621
r135 yjm1242 I 27485 27621
r136 yjm1244 I 27485 27621
r137 yjm1250 I 27485 27824
r138 yjm1304 I 27485 27824
r139 yjm1326 I 27485 27621
r140 yjm1332 I 27485 27824
r141 yjm1336 I 27485 27824
r142 yjm1338 I 27485 27621
r143 yjm1341 I 27485 27824
r144 yjm1356 I 27485 27621
r145 yjm1383 I 27485 27621
r146 yjm1387 I 27485 27618
r147 yjm1402 I 27485 27824
r148 yjm1415 I 27485 27621
r149 yjm1434 I 27485 27824
r150 yjm1450 I 27485 27824
r151 yjm1463 I 27485 27842
r152 yjm1477 I 27485 27847
r153 yjm1526 I 27485 27824
r154 yjm1573 I 27485 27621
r155 yjm189 I 27485 27824
r156 yjm270 I 27485 27824
r157 yjm271 I 27485 27618
r158 yjm453 I 27485 27824
r159 yjm681 I 27485 27621
r160 yjm683 I 27485 27621
r161 yjm689 I 27485 27621
r162 yjm969 I 27485 27621
r163 yjm972 I 27485 27621
r164 yjm975 I 27485 27621
r165 yjm978 I 27485 27847
r166 yjm981 I 27485 27621
r167 yjm987 I 27485 27847
r168 yjm990 I 27485 27621
r169 yjm993 I 27485 27621
r170 yjm1078 I 27590 27621
r171 yjm1311 I 27590 27621
r172 yjm1444 I 27590 27621
r173 yjm248 I 27590 27621
r174 yjm456 I 27590 27621
r175 yjm1415 I 27662 27824
r176 yjm1478 I 27662 27824
r177 yjm1129 I 27667 27824
r178 yjm1401 I 27683 27824
r179 yjm1389 I 27699 27822
r180 yjm1592 I 27699 27822
r181 yjm541 I 27700 27822
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region id strain chromosome start end
r182 yjm1133 I 27702 27822
r183 yjm1202 I 27702 27824
r184 yjm1242 I 27702 27809
r185 yjm1244 I 27702 27824
r186 yjm1338 I 27702 27824
r187 yjm1387 I 27702 27824
r188 yjm1443 I 27702 27822
r189 yjm1447 I 27702 27822
r190 yjm1573 I 27702 27824
r191 yjm244 I 27702 27824
r192 yjm271 I 27702 27824
r193 yjm428 I 27702 27822
r194 yjm681 I 27702 27824
r195 yjm969 I 27702 27809
r196 yjm972 I 27702 27847
r197 yjm975 I 27702 27809
r198 yjm981 I 27702 27809
r199 yjm984 I 27702 27847
r200 yjm990 I 27702 27847
r201 yjm993 I 27702 27847
r202 yjm1078 I 27715 27760
r203 yjm1199 I 27715 27824
r204 yjm1311 I 27715 27824
r205 yjm1326 I 27715 27824
r206 yjm1355 I 27715 27822
r207 yjm1356 I 27715 27824
r208 yjm1383 I 27715 27824
r209 yjm1417 I 27715 27824
r210 yjm1444 I 27715 27824
r211 yjm248 I 27715 27760
r212 yjm320 I 27715 27822
r213 yjm456 I 27715 27824
r214 yjm554 I 27715 27822
r215 yjm683 I 27715 27824
r216 yjm689 I 27715 27824
r217 yjm470 I 30264 30480
r218 yjm1252 I 33164 35606
r219 yjm1078 I 66116 76608
r220 yjm248 I 66116 69416
r221 yjm1252 I 68204 69416
r222 yjm1252 I 72621 77043
r223 yjm248 I 74682 76608
r224 yjm1342 I 139967 140156
r225 yjm1356 I 179600 179728
r226 yjm1399 I 179600 180926
r227 yjm320 I 179600 179728
r228 yjm456 I 179600 179728
r229 yjm541 I 179600 179728
r230 yjm1199 I 179874 180126
r231 yjm1383 I 179874 180126
r232 yjm681 I 179874 180126
r233 yjm689 I 179874 180092
r234 yjm1311 I 179940 180048
r235 yjm1311 I 180400 180885
r236 yjm1444 I 180400 180926
r237 yjm1386 I 181196 182604
r238 yjm1399 I 181196 182604
r239 yjm541 I 181196 182604
r240 yjm689 I 181196 182604
r241 yjm1133 I 181263 182502
r242 yjm1199 I 181263 182502
r243 yjm1202 I 181263 182502
r244 yjm1311 I 181263 182502
r245 yjm1326 I 181263 182502
r246 yjm1355 I 181263 182502
r247 yjm1356 I 181263 182502
r248 yjm1383 I 181263 182502
r249 yjm1417 I 181263 182502
r250 yjm1444 I 181263 181839
r251 yjm320 I 181263 182502
r252 yjm428 I 181263 182502
r253 yjm554 I 181263 182502
r254 yjm681 I 181263 182502
r255 yjm456 I 181268 182502
r256 yjm1444 I 182091 182502
r257 yjm1356 I 183406 184749
r258 yjm1417 I 183406 184749
r259 yjm450 I 183674 183726
r260 yjm1208 I 183814 183932
r261 yjm1388 I 183834 183921
r262 yjm1083 I 184077 184182
r263 yjm1478 I 184107 184247
r264 yjm451 I 184137 184321
r265 yjm1208 I 184272 184519
r266 yjm683 I 186167 190146
r267 yjm555 I 186301 186354
r268 yjm1386 I 186886 190146
r269 yjm1399 I 186886 189084
r270 yjm1199 I 187081 187176
r271 yjm1383 I 187081 187176
r272 yjm428 I 187081 187176
r273 yjm456 I 187081 187176
r274 yjm554 I 187081 187176
r275 yjm681 I 187081 187176
r276 yjm1439 I 187374 187651
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region id strain chromosome start end
r277 yjm195 I 187374 187461
r278 yjm1415 I 187419 187458
r279 yjm1248 I 187435 187531
r280 yjm627 I 187435 187531
r281 yjm1385 I 187507 187556
r282 yjm555 I 188105 188150
r283 yjm1444 I 188441 189803
r284 yjm1199 I 189771 190146
r285 yjm1202 I 189771 190146
r286 yjm1311 I 189771 190146
r287 yjm1326 I 189771 190146
r288 yjm428 I 189771 190146
r289 yjm456 I 189771 190177
r290 yjm554 I 189771 190146
r291 yjm681 I 189771 190146
r292 yjm689 I 189771 190146
r293 yjm1444 I 190061 190146
r294 yjm456 I 190929 191181
r295 yjm1399 I 192195 192281
r296 yjm470 I 198556 198675
r297 yjm682 I 198559 198712
r298 yjm1248 I 198581 198712
r299 yjm1439 I 198581 198712
r300 yjm1083 I 198600 198733
r301 yjm1190 I 198600 198733
r302 yjm1208 I 198600 198733
r303 yjm1615 I 198600 198733
r304 yjm450 I 198600 198733
r305 yjm1129 I 198604 198712
r306 yjm1133 I 198604 198712
r307 yjm1199 I 198604 198712
r308 yjm1202 I 198604 198712
r309 yjm1242 I 198604 198712
r310 yjm1244 I 198604 198712
r311 yjm1250 I 198604 198712
r312 yjm1273 I 198604 198712
r313 yjm1304 I 198604 198712
r314 yjm1307 I 198604 198712
r315 yjm1311 I 198604 198712
r316 yjm1326 I 198604 198712
r317 yjm1332 I 198604 198712
r318 yjm1336 I 198604 198712
r319 yjm1338 I 198604 198712
r320 yjm1341 I 198604 198712
r321 yjm1342 I 198604 198744
r322 yjm1356 I 198604 198712
r323 yjm1381 I 198604 198712
r324 yjm1385 I 198604 198712
r325 yjm1387 I 198604 198712
r326 yjm1388 I 198604 198712
r327 yjm1389 I 198604 198712
r328 yjm1401 I 198604 198712
r329 yjm1415 I 198604 198712
r330 yjm1434 I 198604 198712
r331 yjm1443 I 198604 198712
r332 yjm1450 I 198604 198712
r333 yjm1460 I 198604 198712
r334 yjm1463 I 198604 198712
r335 yjm1477 I 198604 198712
r336 yjm1478 I 198604 198675
r337 yjm1526 I 198604 198712
r338 yjm1527 I 198604 198712
r339 yjm1549 I 198604 198675
r340 yjm1574 I 198604 198712
r341 yjm1592 I 198604 198712
r342 yjm189 I 198604 198712
r343 yjm193 I 198604 198712
r344 yjm244 I 198604 198712
r345 yjm270 I 198604 198712
r346 yjm271 I 198604 198675
r347 yjm326 I 198604 198712
r348 yjm451 I 198604 198712
r349 yjm453 I 198604 198712
r350 yjm554 I 198604 198712
r351 yjm555 I 198604 198712
r352 yjm627 I 198604 198712
r353 yjm681 I 198604 198712
r354 yjm683 I 198604 198712
r355 yjm693 I 198604 198712
r356 yjm969 I 198604 198712
r357 yjm972 I 198604 198712
r358 yjm975 I 198604 198712
r359 yjm978 I 198604 198712
r360 yjm981 I 198604 198712
r361 yjm984 I 198604 198712
r362 yjm987 I 198604 198712
r363 yjm990 I 198604 198712
r364 yjm993 I 198604 198712
r365 yjm996 I 198604 198712
r366 yjm1355 I 198618 198712
r367 yjm1383 I 198618 198712
r368 yjm1386 I 198618 198712
r369 yjm1417 I 198618 198712
r370 yjm1419 I 198618 198712
r371 yjm195 I 198618 198712
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r372 yjm248 I 198618 198712
r373 yjm320 I 198618 198712
r374 yjm456 I 198618 198712
r375 yjm541 I 198618 198712
r376 yjm689 I 198618 198712
r377 yjm1400 I 198641 198712
r378 yjm428 I 198647 198712
r379 yjm1399 I 198725 198927
r380 yjm1208 I 200904 200982
r381 yjm1083 I 202625 202739
r382 yjm1133 I 202625 202709
r383 yjm1190 I 202625 202739
r384 yjm1199 I 202625 202709
r385 yjm1202 I 202625 202709
r386 yjm1208 I 202625 202762
r387 yjm1307 I 202625 202762
r388 yjm1326 I 202625 202709
r389 yjm1388 I 202625 202762
r390 yjm1389 I 202625 202762
r391 yjm1400 I 202625 202739
r392 yjm1402 I 202625 202762
r393 yjm1433 I 202625 202762
r394 yjm1450 I 202625 202739
r395 yjm1460 I 202625 202762
r396 yjm1479 I 202625 202739
r397 yjm1573 I 202625 202762
r398 yjm1574 I 202625 202731
r399 yjm1592 I 202625 202762
r400 yjm1615 I 202625 202762
r401 yjm326 I 202625 202762
r402 yjm428 I 202625 202709
r403 yjm450 I 202625 202762
r404 yjm683 I 202625 202709
r405 yjm693 I 202625 202762
r406 yjm1399 I 202630 203132
r407 yjm1399 I 203247 204228
r408 yjm1573 I 205172 205219
r409 yjm1419 I 205197 205279
r410 yjm682 I 205322 205615
r411 yjm554 I 205442 205549
r412 yjm1573 I 205585 205657
r413 yjm1399 I 205759 205927
r414 yjm1433 I 206008 206083
r415 yjm1389 I 206044 206392
r416 yjm1388 I 206359 206551
r417 yjm1400 I 206509 206585
r418 yjm1527 I 206935 207034
r419 yjm1447 I 215923 215961
r420 yjm1447 I 216018 216104
r421 yjm1447 I 216923 217003
r422 yjm1208 I 218637 219078
r423 yjm1615 I 218637 218913
r424 yjm1419 I 218646 218913
r425 yjm1083 I 218757 218820
r426 yjm1273 I 218757 218820
r427 yjm1386 I 218757 218820
r428 yjm1418 I 218757 218913
r429 yjm1434 I 218757 218820
r430 yjm1447 I 218757 218820
r431 yjm1573 I 218757 218820
r432 yjm451 I 218757 218820
r433 yjm1399 I 219686 221335
r434 yjm1385 I 220208 220381
r435 yjm1383 I 220214 220381
r436 yjm689 I 222514 222958
r437 yjm689 I 223018 223368
r438 yjm1355 I 223305 226026
r439 yjm554 I 223877 223917
r440 yjm627 I 223877 224003
r441 yjm683 I 223877 223917
r442 yjm554 I 224219 224458
r443 yjm683 I 224219 224458
r444 yjm554 I 224734 224808
r445 yjm683 I 224734 224808
r446 yjm1248 I 225359 225548
r447 yjm1307 I 225359 225464
r448 yjm1439 I 225359 225548
r449 yjm1460 I 225359 225464
r450 yjm627 I 225359 225548
r451 yjm693 I 225359 225635
r452 yjm1385 I 225400 226142
r453 yjm1083 I 225959 226094
r454 yjm1355 I 226220 226556
r455 yjm1304 I 227300 227422
r456 yjm1304 I 227482 227548
r457 yjm1355 I 227680 228136
r458 yjm1399 I 227680 228136
r459 yjm1399 I 228350 229091
r460 yjm1273 I 228377 228701
r461 yjm1355 I 228377 228505
r462 yjm1434 I 228377 228672
r463 yjm1250 I 228553 228672
r464 yjm1385 I 228553 228672
r465 yjm244 I 228553 228755
r466 yjm450 I 228553 228652
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r467 yjm451 I 228553 228790
r468 yjm981 I 228553 228672
r469 yjm993 I 228553 228672
r470 yjm1338 I 228577 228672
r471 yjm1402 I 228577 228790
r472 yjm1444 I 228577 228652
r473 yjm1573 I 228577 228790
r474 yjm320 I 228577 228672
r475 yjm554 I 228577 228672
r476 yjm1355 I 228611 228881
r477 yjm1383 I 228611 228672
r478 yjm1417 I 228611 228672
r479 yjm1355 I 228989 229091
r480 yjm271 II 642 1777
r481 yjm1463 II 2194 2272
r482 yjm271 II 2353 2467
r483 yjm1479 II 6525 6618
r484 yjm1615 II 6537 6594
r485 yjm1248 II 6543 6591
r486 yjm1381 II 6543 6591
r487 yjm1386 II 6543 6592
r488 yjm627 II 6543 6592
r489 yjm1311 II 7760 8046
r490 yjm1338 II 7823 8083
r491 yjm189 II 7823 8083
r492 yjm1381 II 7913 8016
r493 yjm682 II 7913 8018
r494 yjm1479 II 7917 8032
r495 yjm1385 II 7918 8016
r496 yjm1463 II 7918 8016
r497 yjm1242 II 7932 8046
r498 yjm1477 II 7932 8046
r499 yjm627 II 7932 8046
r500 yjm990 II 7932 8046
r501 yjm993 II 7932 8046
r502 yjm1450 II 7944 8033
r503 yjm975 II 7969 8046
r504 yjm1433 II 8045 8083
r505 yjm451 II 8220 8330
r506 yjm1450 II 9167 9315
r507 yjm1399 II 188646 188787
r508 yjm1252 II 248609 252607
r509 yjm248 II 248609 252607
r510 yjm1078 II 250480 252607
r511 yjm1078 II 252787 256305
r512 yjm1252 II 252787 256305
r513 yjm248 II 252787 256305
r514 yjm1252 II 315708 324670
r515 yjm248 II 319785 321057
r516 yjm248 II 321165 321210
r517 yjm1338 II 327077 327196
r518 yjm456 II 327077 327196
r519 yjm1078 II 331268 335120
r520 yjm1078 II 335210 335504
r521 yjm1078 II 361644 373569
r522 yjm1252 II 361644 373569
r523 yjm248 II 361644 373569
r524 yjm1078 II 382334 391428
r525 yjm248 II 382334 391428
r526 yjm1078 II 391449 395664
r527 yjm248 II 391449 395664
r528 yjm1252 II 391834 395664
r529 yjm1381 II 427997 428063
r530 yjm1419 II 427997 428063
r531 yjm451 II 427997 428063
r532 yjm682 II 602076 602254
r533 yjm1355 II 787152 793900
r534 yjm1399 II 787152 793824
r535 yjm320 II 787152 792487
r536 yjm450 II 787152 793282
r537 yjm320 II 793135 793612
r538 yjm320 II 793795 793896
r539 yjm1355 II 793966 799581
r540 yjm320 II 793975 794341
r541 yjm320 II 794447 795773
r542 yjm320 II 796685 800336
r543 yjm1078 II 801660 801692
r544 yjm1133 II 801660 801813
r545 yjm1190 II 801660 801698
r546 yjm1250 II 801660 801698
r547 yjm1252 II 801660 801692
r548 yjm1326 II 801660 801698
r549 yjm1336 II 801660 801698
r550 yjm1356 II 801660 801698
r551 yjm1381 II 801660 801698
r552 yjm1383 II 801660 801698
r553 yjm1549 II 801660 801698
r554 yjm1574 II 801660 801698
r555 yjm248 II 801660 801692
r556 yjm270 II 801660 801698
r557 yjm326 II 801660 801698
r558 yjm541 II 801660 801698
r559 yjm554 II 801660 801698
r560 yjm683 II 801660 801698
r561 yjm969 II 801660 801698
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r562 yjm972 II 801660 801698
r563 yjm975 II 801660 801698
r564 yjm978 II 801660 801698
r565 yjm981 II 801660 801698
r566 yjm984 II 801660 801698
r567 yjm987 II 801660 801698
r568 yjm990 II 801660 801698
r569 yjm993 II 801660 801698
r570 yjm996 II 801660 801698
r571 yjm1341 II 809397 809461
r572 yjm1401 III 1303 1404
r573 yjm1083 III 2041 2565
r574 yjm1326 III 4066 4185
r575 yjm1400 III 4076 4185
r576 yjm1478 III 4076 4183
r577 yjm1401 III 4083 4196
r578 yjm470 III 84492 84734
r579 yjm1304 III 104464 104936
r580 yjm248 III 104464 107957
r581 yjm451 III 104538 104813
r582 yjm1304 III 107459 133556
r583 yjm248 III 108047 108256
r584 yjm248 III 108397 133255
r585 yjm320 III 110480 130740
r586 yjm541 III 110480 130740
r587 yjm554 III 110480 130740
r588 yjm555 III 110480 130740
r589 yjm689 III 110480 130740
r590 yjm248 III 133298 133382
r591 yjm1399 III 149488 149781
r592 yjm1342 III 149745 149806
r593 yjm1252 III 242253 247693
r594 yjm1078 III 297618 302145
r595 yjm1252 III 297618 299930
r596 yjm248 III 297618 302145
r597 yjm1463 III 300960 301034
r598 yjm1326 III 301206 301667
r599 yjm1386 III 301206 301667
r600 yjm451 III 301206 301667
r601 yjm681 III 301206 301667
r602 yjm470 III 301726 301916
r603 yjm195 III 301789 301896
r604 yjm1326 III 302008 302079
r605 yjm1386 III 302008 302079
r606 yjm451 III 302008 302079
r607 yjm681 III 302008 302093
r608 yjm1326 III 302260 302585
r609 yjm1386 III 302260 302585
r610 yjm451 III 302260 302585
r611 yjm681 III 302260 302585
r612 yjm1326 III 304546 304681
r613 yjm1419 III 304546 304681
r614 yjm1439 III 304546 304607
r615 yjm1460 III 304546 304675
r616 yjm326 III 304546 304681
r617 yjm450 III 304546 304607
r618 yjm1389 III 307718 307854
r619 yjm1208 III 307734 307979
r620 yjm693 III 307734 307823
r621 yjm1133 III 307767 307979
r622 yjm1326 III 307767 307881
r623 yjm428 III 307832 307898
r624 yjm470 III 307832 307898
r625 yjm1304 III 307863 308042
r626 yjm1338 III 307863 307979
r627 yjm1478 IV 601 716
r628 yjm1447 IV 2225 2312
r629 yjm248 IV 16191 16616
r630 yjm1433 IV 16751 16880
r631 yjm248 IV 16770 34010
r632 yjm1463 IV 16976 17265
r633 yjm1311 IV 18194 18515
r634 yjm990 IV 18194 18388
r635 yjm1252 IV 18302 19601
r636 yjm1248 IV 18317 18498
r637 yjm1439 IV 18317 18498
r638 yjm195 IV 18317 18476
r639 yjm1083 IV 18324 18476
r640 yjm1129 IV 18324 18376
r641 yjm1133 IV 18324 18515
r642 yjm1190 IV 18324 18398
r643 yjm1199 IV 18324 18515
r644 yjm1202 IV 18324 18398
r645 yjm1208 IV 18324 18498
r646 yjm1242 IV 18324 18398
r647 yjm1244 IV 18324 18398
r648 yjm1250 IV 18324 18376
r649 yjm1273 IV 18324 18515
r650 yjm1307 IV 18324 18503
r651 yjm1326 IV 18324 18398
r652 yjm1336 IV 18324 18398
r653 yjm1338 IV 18324 18398
r654 yjm1355 IV 18324 18476
r655 yjm1356 IV 18324 18398
r656 yjm1381 IV 18324 18476
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r657 yjm1383 IV 18324 18476
r658 yjm1385 IV 18324 18476
r659 yjm1386 IV 18324 18398
r660 yjm1387 IV 18324 18376
r661 yjm1388 IV 18324 18515
r662 yjm1389 IV 18324 18503
r663 yjm1399 IV 18324 18515
r664 yjm1400 IV 18324 18515
r665 yjm1401 IV 18324 18515
r666 yjm1402 IV 18324 18515
r667 yjm1415 IV 18324 18388
r668 yjm1417 IV 18324 18398
r669 yjm1418 IV 18324 18515
r670 yjm1419 IV 18324 18515
r671 yjm1433 IV 18324 18398
r672 yjm1434 IV 18324 18515
r673 yjm1443 IV 18324 18515
r674 yjm1444 IV 18324 18515
r675 yjm1447 IV 18324 18515
r676 yjm1450 IV 18324 18476
r677 yjm1460 IV 18324 18503
r678 yjm1463 IV 18324 18515
r679 yjm1478 IV 18324 18398
r680 yjm1479 IV 18324 18515
r681 yjm1527 IV 18324 18398
r682 yjm1549 IV 18324 18515
r683 yjm1573 IV 18324 18515
r684 yjm1574 IV 18324 18376
r685 yjm1592 IV 18324 18476
r686 yjm1615 IV 18324 18498
r687 yjm193 IV 18324 18515
r688 yjm244 IV 18324 18376
r689 yjm270 IV 18324 18398
r690 yjm271 IV 18324 18476
r691 yjm320 IV 18324 18398
r692 yjm326 IV 18324 18376
r693 yjm428 IV 18324 18398
r694 yjm451 IV 18324 18515
r695 yjm456 IV 18324 18512
r696 yjm470 IV 18324 18398
r697 yjm541 IV 18324 18398
r698 yjm554 IV 18324 18398
r699 yjm555 IV 18324 18515
r700 yjm627 IV 18324 18398
r701 yjm681 IV 18324 18498
r702 yjm682 IV 18324 18398
r703 yjm683 IV 18324 18398
r704 yjm689 IV 18324 18503
r705 yjm693 IV 18324 18398
r706 yjm969 IV 18324 18376
r707 yjm972 IV 18324 18376
r708 yjm975 IV 18324 18398
r709 yjm978 IV 18324 18398
r710 yjm981 IV 18324 18398
r711 yjm984 IV 18324 18398
r712 yjm987 IV 18324 18398
r713 yjm993 IV 18324 18388
r714 yjm996 IV 18324 18398
r715 yjm1342 IV 18341 18515
r716 yjm1252 IV 19627 34010
r717 yjm1078 IV 160478 167372
r718 yjm1078 IV 167416 175063
r719 yjm1078 IV 325705 330618
r720 yjm1252 IV 325705 330618
r721 yjm1342 IV 383492 383539
r722 yjm320 IV 383937 383988
r723 yjm981 IV 383937 383988
r724 yjm987 IV 383937 383988
r725 yjm1419 IV 384082 384124
r726 yjm456 IV 384188 384224
r727 yjm248 IV 426510 428271
r728 yjm1078 IV 428547 432400
r729 yjm1252 IV 429197 439146
r730 yjm248 IV 429197 432400
r731 yjm1478 IV 513300 513396
r732 yjm1208 IV 513314 513396
r733 yjm1615 IV 513314 513396
r734 yjm1133 IV 527332 527523
r735 yjm1273 IV 527332 527523
r736 yjm1418 IV 527332 527523
r737 yjm320 IV 527332 527523
r738 yjm456 IV 527332 527523
r739 yjm683 IV 527332 527523
r740 yjm1463 IV 527333 528012
r741 yjm1341 IV 527481 527600
r742 yjm1133 IV 527904 528012
r743 yjm1199 IV 527904 528012
r744 yjm1248 IV 527904 528012
r745 yjm1273 IV 527904 528012
r746 yjm1304 IV 527904 528012
r747 yjm1342 IV 527904 528012
r748 yjm1418 IV 527904 528012
r749 yjm1433 IV 527904 528012
r750 yjm1439 IV 527904 528012
r751 yjm1447 IV 527904 528012
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r752 yjm320 IV 527904 528012
r753 yjm456 IV 527904 528012
r754 yjm541 IV 527904 528012
r755 yjm683 IV 527904 528012
r756 yjm1133 IV 529743 529797
r757 yjm1273 IV 529743 529797
r758 yjm1418 IV 529743 529797
r759 yjm320 IV 529743 529797
r760 yjm456 IV 529743 529797
r761 yjm683 IV 529743 529797
r762 yjm1433 IV 529760 529797
r763 yjm1199 IV 530349 530465
r764 yjm1248 IV 530349 530465
r765 yjm1273 IV 530349 530514
r766 yjm1304 IV 530349 530465
r767 yjm1307 IV 530349 530449
r768 yjm1336 IV 530349 530449
r769 yjm1342 IV 530349 530465
r770 yjm1400 IV 530349 530449
r771 yjm1418 IV 530349 530514
r772 yjm1433 IV 530349 530465
r773 yjm1439 IV 530349 530465
r774 yjm1447 IV 530349 530465
r775 yjm1463 IV 530349 530465
r776 yjm1549 IV 530349 530514
r777 yjm320 IV 530349 530514
r778 yjm451 IV 530349 530514
r779 yjm456 IV 530349 530465
r780 yjm541 IV 530349 530514
r781 yjm683 IV 530349 530514
r782 yjm689 IV 530349 530514
r783 yjm1133 IV 530379 530514
r784 yjm1202 IV 531789 531897
r785 yjm1386 IV 531789 531897
r786 yjm1388 IV 531789 531897
r787 yjm1402 IV 531789 531897
r788 yjm1443 IV 531789 531897
r789 yjm1444 IV 531789 531897
r790 yjm1527 IV 531789 531897
r791 yjm195 IV 531789 531897
r792 yjm554 IV 531789 531897
r793 yjm555 IV 531789 531897
r794 yjm627 IV 531789 531897
r795 yjm1443 IV 533628 533682
r796 yjm555 IV 533628 533682
r797 yjm1388 IV 533645 533682
r798 yjm1402 IV 533645 533682
r799 yjm1202 IV 534234 534350
r800 yjm1386 IV 534234 534350
r801 yjm1388 IV 534234 534350
r802 yjm1402 IV 534234 534399
r803 yjm1443 IV 534234 534350
r804 yjm1527 IV 534234 534350
r805 yjm555 IV 534234 534399
r806 yjm627 IV 534234 534350
r807 yjm1444 IV 534264 534363
r808 yjm195 IV 534264 534350
r809 yjm554 IV 534264 534350
r810 yjm1338 IV 535674 535782
r811 yjm1389 IV 535674 535782
r812 yjm1399 IV 535674 535782
r813 yjm1401 IV 535674 535782
r814 yjm1419 IV 535674 535782
r815 yjm1434 IV 535674 535782
r816 yjm1460 IV 535674 535782
r817 yjm1573 IV 535674 535782
r818 yjm1592 IV 535674 535782
r819 yjm470 IV 535674 535782
r820 yjm682 IV 535674 535782
r821 yjm1419 IV 537513 537567
r822 yjm1434 IV 537513 537567
r823 yjm682 IV 537513 537567
r824 yjm1460 IV 537530 537567
r825 yjm1573 IV 537530 537567
r826 yjm1389 IV 538119 538220
r827 yjm1399 IV 538119 538220
r828 yjm1401 IV 538119 538220
r829 yjm1419 IV 538119 538220
r830 yjm1434 IV 538119 538220
r831 yjm1460 IV 538119 538220
r832 yjm1573 IV 538119 538220
r833 yjm450 IV 538119 538182
r834 yjm470 IV 538119 538220
r835 yjm682 IV 538119 538220
r836 yjm1338 IV 538149 538220
r837 yjm1592 IV 538149 538220
r838 yjm1244 IV 538242 538383
r839 yjm1078 IV 556184 560535
r840 yjm1252 IV 556184 571463
r841 yjm248 IV 556184 560535
r842 yjm1078 IV 561356 571463
r843 yjm248 IV 561356 571463
r844 yjm1402 IV 757579 757634
r845 yjm1415 IV 757579 757634
r846 yjm1573 IV 757579 757634
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r847 yjm456 IV 757579 757634
r848 yjm1463 IV 759541 759607
r849 yjm1336 IV 759562 759607
r850 yjm1355 IV 759562 759607
r851 yjm1401 IV 759562 759607
r852 yjm451 IV 759562 759607
r853 yjm1273 IV 759565 759607
r854 yjm1386 IV 871836 872129
r855 yjm1415 IV 871838 871909
r856 yjm1399 IV 871932 872059
r857 yjm1402 IV 877655 877757
r858 yjm1199 IV 920798 921397
r859 yjm1202 IV 920798 921397
r860 yjm1304 IV 920798 921397
r861 yjm1252 IV 959196 962306
r862 yjm1252 IV 969551 996226
r863 yjm1078 IV 973071 996226
r864 yjm248 IV 973071 996226
r865 yjm1355 IV 986847 987030
r866 yjm1460 IV 986990 987036
r867 yjm1399 IV 1088292 1088482
r868 yjm1273 IV 1088326 1088482
r869 yjm1450 IV 1088326 1088482
r870 yjm451 IV 1088326 1088482
r871 yjm682 IV 1088326 1088482
r872 yjm1400 IV 1088410 1088482
r873 yjm1434 IV 1088410 1088482
r874 yjm1479 IV 1088410 1088482
r875 yjm1078 IV 1138207 1151026
r876 yjm1252 IV 1138207 1140929
r877 yjm248 IV 1138207 1151026
r878 yjm1252 IV 1149220 1150965
r879 yjm1078 IV 1151226 1153896
r880 yjm248 IV 1151226 1153896
r881 yjm1078 IV 1153916 1154204
r882 yjm1252 IV 1153916 1154204
r883 yjm248 IV 1153916 1154204
r884 yjm1133 IV 1154467 1154582
r885 yjm1190 IV 1154467 1154582
r886 yjm1199 IV 1154467 1154582
r887 yjm1202 IV 1154467 1154582
r888 yjm1208 IV 1154467 1154582
r889 yjm1248 IV 1154467 1154582
r890 yjm1273 IV 1154467 1154582
r891 yjm1304 IV 1154467 1154582
r892 yjm1326 IV 1154467 1154582
r893 yjm1342 IV 1154467 1154582
r894 yjm1383 IV 1154467 1154582
r895 yjm1389 IV 1154467 1154582
r896 yjm1399 IV 1154467 1154582
r897 yjm1400 IV 1154467 1154582
r898 yjm1402 IV 1154467 1154582
r899 yjm1418 IV 1154467 1154593
r900 yjm1419 IV 1154467 1154582
r901 yjm1433 IV 1154467 1154582
r902 yjm1434 IV 1154467 1154582
r903 yjm1439 IV 1154467 1154582
r904 yjm1478 IV 1154467 1154582
r905 yjm1479 IV 1154467 1154582
r906 yjm1549 IV 1154467 1154582
r907 yjm1573 IV 1154467 1154582
r908 yjm1592 IV 1154467 1154582
r909 yjm1615 IV 1154467 1154582
r910 yjm195 IV 1154467 1154582
r911 yjm320 IV 1154467 1154582
r912 yjm450 IV 1154467 1154582
r913 yjm451 IV 1154467 1154582
r914 yjm470 IV 1154467 1154582
r915 yjm541 IV 1154467 1154582
r916 yjm554 IV 1154467 1154582
r917 yjm555 IV 1154467 1154582
r918 yjm627 IV 1154467 1154582
r919 yjm682 IV 1154467 1154582
r920 yjm683 IV 1154467 1154582
r921 yjm689 IV 1154467 1154582
r922 yjm693 IV 1154467 1154582
r923 yjm1307 IV 1154506 1154582
r924 yjm1385 IV 1154506 1154582
r925 yjm1460 IV 1154506 1154582
r926 yjm456 IV 1154506 1154582
r927 yjm1387 IV 1154508 1154582
r928 yjm1078 IV 1154599 1154760
r929 yjm248 IV 1154599 1154760
r930 yjm1078 IV 1155010 1155166
r931 yjm248 IV 1155010 1155166
r932 yjm1133 IV 1155151 1155257
r933 yjm554 IV 1155151 1155257
r934 yjm193 IV 1155196 1155262
r935 yjm1190 IV 1155204 1155340
r936 yjm1199 IV 1155204 1155340
r937 yjm1202 IV 1155204 1155340
r938 yjm1208 IV 1155204 1155340
r939 yjm1248 IV 1155204 1155340
r940 yjm1273 IV 1155204 1155340
r941 yjm1304 IV 1155204 1155340
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r942 yjm1307 IV 1155204 1155325
r943 yjm1311 IV 1155204 1155340
r944 yjm1326 IV 1155204 1155340
r945 yjm1399 IV 1155204 1155257
r946 yjm1400 IV 1155204 1155340
r947 yjm1401 IV 1155204 1155340
r948 yjm1402 IV 1155204 1155340
r949 yjm1418 IV 1155204 1155340
r950 yjm1419 IV 1155204 1155340
r951 yjm1433 IV 1155204 1155340
r952 yjm1434 IV 1155204 1155340
r953 yjm1439 IV 1155204 1155340
r954 yjm1443 IV 1155204 1155340
r955 yjm1447 IV 1155204 1155340
r956 yjm1460 IV 1155204 1155262
r957 yjm1479 IV 1155204 1155340
r958 yjm1549 IV 1155204 1155340
r959 yjm1573 IV 1155204 1155340
r960 yjm1615 IV 1155204 1155340
r961 yjm195 IV 1155204 1155340
r962 yjm320 IV 1155204 1155340
r963 yjm326 IV 1155204 1155340
r964 yjm450 IV 1155204 1155340
r965 yjm451 IV 1155204 1155340
r966 yjm541 IV 1155204 1155340
r967 yjm555 IV 1155204 1155340
r968 yjm627 IV 1155204 1155340
r969 yjm681 IV 1155204 1155340
r970 yjm682 IV 1155204 1155340
r971 yjm683 IV 1155204 1155340
r972 yjm689 IV 1155204 1155340
r973 yjm1078 IV 1155369 1155475
r974 yjm1252 IV 1155369 1155475
r975 yjm248 IV 1155369 1155475
r976 yjm1199 IV 1155439 1155660
r977 yjm1202 IV 1155439 1155660
r978 yjm1208 IV 1155439 1155660
r979 yjm1304 IV 1155439 1155660
r980 yjm1311 IV 1155439 1155712
r981 yjm1326 IV 1155439 1155660
r982 yjm1400 IV 1155439 1155660
r983 yjm1401 IV 1155439 1155660
r984 yjm1402 IV 1155439 1155660
r985 yjm1419 IV 1155439 1155660
r986 yjm1433 IV 1155439 1155660
r987 yjm1434 IV 1155439 1155660
r988 yjm1443 IV 1155439 1155660
r989 yjm1479 IV 1155439 1155660
r990 yjm1549 IV 1155439 1155660
r991 yjm1573 IV 1155439 1155660
r992 yjm1615 IV 1155439 1155660
r993 yjm271 IV 1155439 1155660
r994 yjm320 IV 1155439 1155697
r995 yjm326 IV 1155439 1155660
r996 yjm450 IV 1155439 1155697
r997 yjm451 IV 1155439 1155660
r998 yjm541 IV 1155439 1155697
r999 yjm555 IV 1155439 1155660
r1000 yjm682 IV 1155439 1155697
r1001 yjm683 IV 1155439 1155660
r1002 yjm689 IV 1155439 1155660
r1003 yjm1273 IV 1155442 1155660
r1004 yjm1190 IV 1155475 1155660
r1005 yjm1248 IV 1155475 1155660
r1006 yjm1439 IV 1155475 1155660
r1007 yjm195 IV 1155475 1155660
r1008 yjm693 IV 1155475 1155660
r1009 yjm1307 IV 1155498 1155660
r1010 yjm1342 IV 1155498 1155660
r1011 yjm1418 IV 1155498 1155660
r1012 yjm193 IV 1155498 1155660
r1013 yjm456 IV 1155498 1155660
r1014 yjm1389 IV 1155528 1155660
r1015 yjm1592 IV 1155531 1155660
r1016 yjm1387 IV 1155606 1155754
r1017 yjm1078 IV 1155706 1158952
r1018 yjm1252 IV 1155706 1158952
r1019 yjm248 IV 1155706 1158952
r1020 yjm1078 IV 1158964 1159658
r1021 yjm248 IV 1158964 1159796
r1022 yjm1388 IV 1159859 1159974
r1023 yjm1078 IV 1159991 1160152
r1024 yjm1078 IV 1160309 1160558
r1025 yjm320 IV 1160543 1160649
r1026 yjm450 IV 1160543 1160649
r1027 yjm682 IV 1160543 1160649
r1028 yjm1199 IV 1160596 1160649
r1029 yjm1202 IV 1160596 1160649
r1030 yjm1208 IV 1160596 1160649
r1031 yjm1273 IV 1160596 1160717
r1032 yjm1304 IV 1160596 1160649
r1033 yjm1326 IV 1160596 1160649
r1034 yjm1401 IV 1160596 1160717
r1035 yjm1402 IV 1160596 1160649
r1036 yjm1418 IV 1160596 1160649
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r1037 yjm1419 IV 1160596 1160649
r1038 yjm1433 IV 1160596 1160649
r1039 yjm1434 IV 1160596 1160717
r1040 yjm1443 IV 1160596 1160717
r1041 yjm1444 IV 1160596 1160649
r1042 yjm1447 IV 1160596 1160717
r1043 yjm1463 IV 1160596 1160717
r1044 yjm1549 IV 1160596 1160649
r1045 yjm1573 IV 1160596 1160649
r1046 yjm1615 IV 1160596 1160649
r1047 yjm193 IV 1160596 1160732
r1048 yjm271 IV 1160596 1160732
r1049 yjm451 IV 1160596 1160649
r1050 yjm555 IV 1160596 1160649
r1051 yjm681 IV 1160596 1160649
r1052 yjm683 IV 1160596 1160649
r1053 yjm689 IV 1160596 1160649
r1054 yjm693 IV 1160596 1160649
r1055 yjm1078 IV 1160761 1160969
r1056 yjm1252 IV 1160761 1160969
r1057 yjm1078 IV 1161011 1161167
r1058 yjm1252 IV 1161011 1162649
r1059 yjm248 IV 1161011 1161167
r1060 yjm1199 IV 1161205 1161363
r1061 yjm1202 IV 1161205 1161363
r1062 yjm1208 IV 1161205 1161363
r1063 yjm1273 IV 1161205 1161363
r1064 yjm1304 IV 1161205 1161363
r1065 yjm1326 IV 1161205 1161363
r1066 yjm1342 IV 1161205 1161363
r1067 yjm1388 IV 1161205 1161363
r1068 yjm1389 IV 1161205 1161363
r1069 yjm1401 IV 1161205 1161363
r1070 yjm1402 IV 1161205 1161363
r1071 yjm1418 IV 1161205 1161363
r1072 yjm1419 IV 1161205 1161363
r1073 yjm1433 IV 1161205 1161363
r1074 yjm1434 IV 1161205 1161363
r1075 yjm1443 IV 1161205 1161363
r1076 yjm1444 IV 1161205 1161363
r1077 yjm1549 IV 1161205 1161363
r1078 yjm1573 IV 1161205 1161363
r1079 yjm1592 IV 1161205 1161363
r1080 yjm1615 IV 1161205 1161363
r1081 yjm193 IV 1161205 1161363
r1082 yjm271 IV 1161205 1161363
r1083 yjm451 IV 1161205 1161363
r1084 yjm555 IV 1161205 1161363
r1085 yjm627 IV 1161205 1161363
r1086 yjm681 IV 1161205 1161363
r1087 yjm683 IV 1161205 1161363
r1088 yjm689 IV 1161205 1161363
r1089 yjm693 IV 1161205 1161363
r1090 yjm1248 IV 1161212 1161363
r1091 yjm1439 IV 1161212 1161363
r1092 yjm195 IV 1161212 1161363
r1093 yjm1463 IV 1161241 1161363
r1094 yjm1078 IV 1161406 1162649
r1095 yjm248 IV 1161406 1162649
r1096 yjm1078 IV 1162676 1162965
r1097 yjm1252 IV 1162676 1162965
r1098 yjm248 IV 1162750 1162965
r1099 yjm1078 IV 1163313 1164186
r1100 yjm1252 IV 1163313 1164186
r1101 yjm248 IV 1163313 1164186
r1102 yjm1078 IV 1164453 1171656
r1103 yjm1252 IV 1164453 1173132
r1104 yjm248 IV 1164453 1171656
r1105 yjm1078 IV 1268257 1273523
r1106 yjm1252 IV 1268257 1273523
r1107 yjm248 IV 1268257 1273523
r1108 yjm1083 IV 1307666 1307716
r1109 yjm1199 IV 1307666 1307716
r1110 yjm1202 IV 1307666 1307716
r1111 yjm1208 IV 1307666 1307716
r1112 yjm1388 IV 1307666 1307716
r1113 yjm1433 IV 1307666 1307721
r1114 yjm1444 IV 1307666 1307716
r1115 yjm1460 IV 1307666 1307716
r1116 yjm1549 IV 1307666 1307721
r1117 yjm1615 IV 1307666 1307716
r1118 yjm320 IV 1307666 1307716
r1119 yjm451 IV 1307666 1307721
r1120 yjm541 IV 1307666 1307716
r1121 yjm555 IV 1307666 1307716
r1122 yjm1573 IV 1307669 1307714
r1123 yjm1401 IV 1352901 1352967
r1124 yjm975 IV 1460797 1460931
r1125 yjm978 IV 1460797 1460931
r1126 yjm981 IV 1460797 1460931
r1127 yjm987 IV 1460797 1460931
r1128 yjm993 IV 1460797 1460931
r1129 yjm996 IV 1460797 1460931
r1130 yjm1244 IV 1461967 1462015
r1131 yjm1479 IV 1467034 1467064
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r1132 yjm1400 IV 1469396 1469554
r1133 yjm1479 IV 1469398 1469554
r1134 yjm1078 IV 1477834 1490900
r1135 yjm1252 IV 1477834 1485568
r1136 yjm248 IV 1477834 1485568
r1137 yjm248 IV 1486399 1490900
r1138 yjm1252 IV 1487964 1490900
r1139 yjm1252 IV 1490922 1503752
r1140 yjm1078 IV 1490964 1503752
r1141 yjm248 IV 1490964 1503752
r1142 yjm1252 IV 1504000 1518287
r1143 yjm248 IV 1504053 1504381
r1144 yjm248 IV 1504480 1518287
r1145 yjm1078 IV 1504481 1518287
r1146 yjm248 IV 1525053 1525097
r1147 yjm470 V 18890 19548
r1148 yjm1078 V 20046 20367
r1149 yjm1252 V 20097 20157
r1150 yjm1252 V 20292 22340
r1151 yjm1078 V 21221 38199
r1152 yjm248 V 21221 38199
r1153 yjm1342 V 21289 21557
r1154 yjm1252 V 22664 38199
r1155 yjm1078 V 167344 169057
r1156 yjm1252 V 167344 169057
r1157 yjm1078 V 169082 174008
r1158 yjm1252 V 169094 174008
r1159 yjm248 V 171779 172813
r1160 yjm1078 V 174034 174935
r1161 yjm1252 V 174034 174935
r1162 yjm248 V 174034 174935
r1163 yjm1078 V 175387 175477
r1164 yjm1078 V 176094 176222
r1165 yjm1078 V 177171 178175
r1166 yjm1252 V 177171 178175
r1167 yjm248 V 177171 178112
r1168 yjm1078 V 272724 281150
r1169 yjm1252 V 272724 281150
r1170 yjm248 V 272724 281150
r1171 yjm1078 V 281160 293195
r1172 yjm1252 V 281160 293195
r1173 yjm248 V 281160 293195
r1174 yjm1078 V 303116 305228
r1175 yjm1252 V 303116 305228
r1176 yjm248 V 303116 305228
r1177 yjm1078 V 310719 311270
r1178 yjm1252 V 310719 311270
r1179 yjm248 V 310719 311270
r1180 yjm1078 V 311355 311456
r1181 yjm1252 V 311355 311456
r1182 yjm248 V 311355 311456
r1183 yjm470 V 311613 312495
r1184 yjm1078 V 311696 313618
r1185 yjm1252 V 311696 313618
r1186 yjm248 V 311696 313618
r1187 yjm1401 V 311762 312150
r1188 yjm428 V 311785 312495
r1189 yjm195 V 311788 312495
r1190 yjm1307 V 311836 312495
r1191 yjm1342 V 311836 312495
r1192 yjm1388 V 311836 312495
r1193 yjm1389 V 311836 312150
r1194 yjm1450 V 311836 312495
r1195 yjm1460 V 311836 312495
r1196 yjm1592 V 311836 312150
r1197 yjm682 V 311836 312495
r1198 yjm683 V 311836 312495
r1199 yjm470 V 313587 316221
r1200 yjm1248 V 435139 435225
r1201 yjm1439 V 435139 435225
r1202 yjm1248 V 435305 435344
r1203 yjm1439 V 435305 435344
r1204 yjm1388 V 435308 435344
r1205 yjm451 V 435308 435344
r1206 yjm682 V 435885 435998
r1207 yjm683 V 435885 435998
r1208 yjm1252 V 501091 508420
r1209 yjm1078 V 519698 522360
r1210 yjm1252 V 519698 532988
r1211 yjm248 V 519698 532988
r1212 yjm1342 V 560640 566138
r1213 yjm470 V 560640 566138
r1214 yjm1129 V 561144 572598
r1215 yjm1133 V 561144 565207
r1216 yjm1190 V 561144 565207
r1217 yjm1199 V 561144 572057
r1218 yjm1202 V 561144 572598
r1219 yjm1242 V 561144 572598
r1220 yjm1244 V 561144 571067
r1221 yjm1250 V 561144 565207
r1222 yjm1304 V 561144 565207
r1223 yjm1311 V 561144 572598
r1224 yjm1326 V 561144 572447
r1225 yjm1332 V 561144 571721
r1226 yjm1336 V 561144 572433
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r1227 yjm1338 V 561144 561485
r1228 yjm1341 V 561144 568970
r1229 yjm1356 V 561144 571067
r1230 yjm1387 V 561144 571067
r1231 yjm1415 V 561144 572598
r1232 yjm1417 V 561144 572598
r1233 yjm1433 V 561144 571067
r1234 yjm1444 V 561144 569833
r1235 yjm1477 V 561144 572598
r1236 yjm1478 V 561144 572598
r1237 yjm1526 V 561144 572598
r1238 yjm1527 V 561144 571067
r1239 yjm1549 V 561144 565207
r1240 yjm1574 V 561144 572150
r1241 yjm189 V 561144 572447
r1242 yjm244 V 561144 572598
r1243 yjm248 V 561144 571067
r1244 yjm450 V 561144 572433
r1245 yjm453 V 561144 570075
r1246 yjm541 V 561144 561460
r1247 yjm554 V 561144 561460
r1248 yjm555 V 561144 561460
r1249 yjm627 V 561144 572598
r1250 yjm693 V 561144 572433
r1251 yjm969 V 561144 568460
r1252 yjm972 V 561144 572447
r1253 yjm975 V 561144 571067
r1254 yjm978 V 561144 572447
r1255 yjm981 V 561144 571067
r1256 yjm984 V 561144 570982
r1257 yjm987 V 561144 572598
r1258 yjm990 V 561144 571067
r1259 yjm993 V 561144 572598
r1260 yjm996 V 561144 572447
r1261 yjm541 V 561544 565207
r1262 yjm554 V 561544 565207
r1263 yjm555 V 561544 565207
r1264 yjm1386 V 561701 566138
r1265 yjm195 V 561701 565006
r1266 yjm689 V 562517 572598
r1267 yjm1399 V 562880 563512
r1268 yjm1381 V 562915 572433
r1269 yjm682 V 562915 563969
r1270 yjm683 V 562915 563969
r1271 yjm1383 V 563248 563619
r1272 yjm1385 V 564808 565207
r1273 yjm193 V 565207 571067
r1274 yjm271 V 565207 571067
r1275 yjm1304 V 565650 569283
r1276 yjm1385 V 565650 569640
r1277 yjm541 V 565650 569789
r1278 yjm554 V 565650 568896
r1279 yjm195 V 565736 566138
r1280 yjm1386 V 567019 568460
r1281 yjm195 V 567019 567742
r1282 yjm470 V 567019 568848
r1283 yjm195 V 567854 568460
r1284 yjm555 V 571896 572598
r1285 yjm554 V 571931 572598
r1286 yjm1129 V 572823 573248
r1287 yjm1202 V 572823 573020
r1288 yjm1242 V 572823 575057
r1289 yjm1311 V 572823 573020
r1290 yjm1415 V 572823 574993
r1291 yjm1417 V 572823 574244
r1292 yjm1477 V 572823 575057
r1293 yjm1478 V 572823 575496
r1294 yjm1526 V 572823 575219
r1295 yjm244 V 572823 575496
r1296 yjm554 V 572823 575101
r1297 yjm555 V 572823 575496
r1298 yjm627 V 572823 575034
r1299 yjm689 V 572823 573020
r1300 yjm987 V 572823 574993
r1301 yjm993 V 572823 573113
r1302 yjm1202 V 573206 575496
r1303 yjm1311 V 573206 575057
r1304 yjm1417 V 574450 575101
r1305 yjm1415 V 575120 575496
r1306 yjm1242 V 575132 575496
r1307 yjm1417 V 575165 575264
r1308 yjm627 V 575165 575219
r1309 yjm1477 V 575168 575496
r1310 yjm682 VI 4974 5154
r1311 yjm682 VI 5239 5454
r1312 yjm450 VI 13251 13455
r1313 yjm969 VI 13341 15032
r1314 yjm1190 VI 13746 15032
r1315 yjm1381 VI 13954 15032
r1316 yjm1399 VI 14403 16829
r1317 yjm1273 VI 14427 14511
r1318 yjm1342 VI 14427 14511
r1319 yjm1402 VI 14427 14511
r1320 yjm1418 VI 14427 14511
r1321 yjm1434 VI 14427 14511
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r1322 yjm1573 VI 14427 14511
r1323 yjm320 VI 14427 14511
r1324 yjm456 VI 14427 14511
r1325 yjm554 VI 14427 14511
r1326 yjm1190 VI 15110 15317
r1327 yjm1381 VI 15110 16829
r1328 yjm969 VI 15110 15317
r1329 yjm1190 VI 15392 16829
r1330 yjm969 VI 15392 16829
r1331 yjm248 VI 60883 61060
r1332 yjm1252 VI 68317 75107
r1333 yjm248 VI 72120 75107
r1334 yjm1252 VI 97299 103868
r1335 yjm1078 VI 111036 118535
r1336 yjm1252 VI 115087 118069
r1337 yjm1078 VI 118562 121848
r1338 yjm1078 VI 122229 123762
r1339 yjm248 VI 162798 164936
r1340 yjm681 VI 192044 192171
r1341 yjm1078 VI 248548 249960
r1342 yjm1252 VI 248548 252650
r1343 yjm248 VI 248548 249960
r1344 yjm1399 VI 252773 259527
r1345 yjm1078 VI 253076 253672
r1346 yjm1252 VI 253076 253672
r1347 yjm248 VI 253076 253672
r1348 yjm1252 VI 253864 254503
r1349 yjm1078 VI 253924 254503
r1350 yjm248 VI 253924 254503
r1351 yjm1252 VI 254848 270138
r1352 yjm248 VI 254848 269731
r1353 yjm1399 VI 259799 260058
r1354 yjm1399 VI 260494 260673
r1355 yjm681 VI 268665 268751
r1356 yjm1592 VI 269765 269791
r1357 yjm1307 VII 377 403
r1358 yjm1415 VII 377 403
r1359 yjm270 VII 377 403
r1360 yjm681 VII 6602 6731
r1361 yjm1338 VII 6962 7109
r1362 yjm1418 VII 6962 7088
r1363 yjm683 VII 6962 7088
r1364 yjm693 VII 8009 8406
r1365 yjm244 VII 8323 8406
r1366 yjm1326 VII 8332 8390
r1367 yjm1402 VII 8332 8390
r1368 yjm1419 VII 8332 8390
r1369 yjm1434 VII 8332 8390
r1370 yjm1450 VII 8332 8406
r1371 yjm1463 VII 8332 8406
r1372 yjm1477 VII 8332 8406
r1373 yjm1573 VII 8332 8390
r1374 yjm450 VII 8332 8379
r1375 yjm1307 VII 8357 8406
r1376 yjm271 VII 8357 8390
r1377 yjm456 VII 8357 8390
r1378 yjm541 VII 8357 8406
r1379 yjm1450 VII 10799 10855
r1380 yjm1447 VII 10802 10876
r1381 yjm1083 VII 10803 10876
r1382 yjm1190 VII 10803 10876
r1383 yjm1199 VII 10803 10855
r1384 yjm1202 VII 10803 10855
r1385 yjm1208 VII 10803 10876
r1386 yjm1250 VII 10803 10855
r1387 yjm1273 VII 10803 10876
r1388 yjm1304 VII 10803 10876
r1389 yjm1336 VII 10803 10855
r1390 yjm1338 VII 10803 10876
r1391 yjm1341 VII 10803 10855
r1392 yjm1342 VII 10803 10876
r1393 yjm1355 VII 10803 10855
r1394 yjm1381 VII 10803 10855
r1395 yjm1388 VII 10803 10876
r1396 yjm1401 VII 10803 10876
r1397 yjm1419 VII 10803 10876
r1398 yjm1434 VII 10803 10876
r1399 yjm1443 VII 10803 10876
r1400 yjm1444 VII 10803 10855
r1401 yjm1463 VII 10803 10892
r1402 yjm1477 VII 10803 10855
r1403 yjm1549 VII 10803 10855
r1404 yjm1573 VII 10803 10876
r1405 yjm1574 VII 10803 10855
r1406 yjm195 VII 10803 10876
r1407 yjm320 VII 10803 10876
r1408 yjm326 VII 10803 10876
r1409 yjm428 VII 10803 10855
r1410 yjm450 VII 10803 10876
r1411 yjm456 VII 10803 10876
r1412 yjm470 VII 10803 10876
r1413 yjm541 VII 10803 10855
r1414 yjm683 VII 10803 10876
r1415 yjm693 VII 10803 10892
r1416 yjm969 VII 10803 10855
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r1417 yjm972 VII 10803 10855
r1418 yjm978 VII 10803 10855
r1419 yjm981 VII 10803 10855
r1420 yjm993 VII 10803 10855
r1421 yjm996 VII 10803 10855
r1422 yjm1383 VII 11163 11285
r1423 yjm541 VII 11163 11255
r1424 yjm554 VII 11163 11255
r1425 yjm555 VII 11163 11285
r1426 yjm681 VII 11163 11285
r1427 yjm693 VII 11207 11525
r1428 yjm428 VII 20913 21040
r1429 yjm693 VII 20913 21512
r1430 yjm1447 VII 20916 21040
r1431 yjm1083 VII 21217 21351
r1432 yjm428 VII 21217 21512
r1433 yjm470 VII 21217 21524
r1434 yjm1342 VII 21317 21512
r1435 yjm1273 VII 21327 21533
r1436 yjm1326 VII 21327 21512
r1437 yjm1385 VII 21327 21533
r1438 yjm1400 VII 21327 21512
r1439 yjm1402 VII 21327 21533
r1440 yjm1418 VII 21327 21524
r1441 yjm1434 VII 21327 21533
r1442 yjm1573 VII 21327 21533
r1443 yjm1574 VII 21327 21512
r1444 yjm195 VII 21327 21492
r1445 yjm270 VII 21327 21512
r1446 yjm326 VII 21327 21512
r1447 yjm541 VII 21327 21512
r1448 yjm554 VII 21327 21512
r1449 yjm683 VII 21327 21512
r1450 yjm555 VII 21349 21512
r1451 yjm681 VII 21349 21512
r1452 yjm1248 VII 21663 21721
r1453 yjm1326 VII 21663 21721
r1454 yjm1439 VII 21663 21721
r1455 yjm1574 VII 21663 21721
r1456 yjm195 VII 21663 21721
r1457 yjm270 VII 21663 21721
r1458 yjm326 VII 21663 21721
r1459 yjm627 VII 21663 21721
r1460 yjm683 VII 21663 21721
r1461 yjm1381 VII 110800 110847
r1462 yjm693 VII 323737 324061
r1463 yjm1419 VII 324534 324753
r1464 yjm1573 VII 324534 324753
r1465 yjm450 VII 324534 324753
r1466 yjm693 VII 324534 324804
r1467 yjm1083 VII 324600 324753
r1468 yjm1208 VII 324600 324753
r1469 yjm1401 VII 324600 324753
r1470 yjm1433 VII 324600 324753
r1471 yjm195 VII 324600 324753
r1472 yjm195 VII 327906 327994
r1473 yjm1083 VII 385518 385569
r1474 yjm1129 VII 385518 385569
r1475 yjm1133 VII 385518 385569
r1476 yjm1190 VII 385518 385569
r1477 yjm1199 VII 385518 385618
r1478 yjm1202 VII 385518 385618
r1479 yjm1208 VII 385518 385569
r1480 yjm1242 VII 385518 385569
r1481 yjm1244 VII 385518 385569
r1482 yjm1248 VII 385518 385569
r1483 yjm1250 VII 385518 385569
r1484 yjm1273 VII 385518 385569
r1485 yjm1304 VII 385518 385569
r1486 yjm1307 VII 385518 385569
r1487 yjm1311 VII 385518 385618
r1488 yjm1326 VII 385518 385569
r1489 yjm1332 VII 385518 385569
r1490 yjm1336 VII 385518 385569
r1491 yjm1338 VII 385518 385569
r1492 yjm1341 VII 385518 385569
r1493 yjm1342 VII 385518 385569
r1494 yjm1355 VII 385518 385569
r1495 yjm1356 VII 385518 385569
r1496 yjm1381 VII 385518 385618
r1497 yjm1383 VII 385518 385618
r1498 yjm1385 VII 385518 385618
r1499 yjm1386 VII 385518 385569
r1500 yjm1387 VII 385518 385569
r1501 yjm1388 VII 385518 385569
r1502 yjm1389 VII 385518 385569
r1503 yjm1399 VII 385518 385569
r1504 yjm1400 VII 385518 385569
r1505 yjm1401 VII 385518 385569
r1506 yjm1402 VII 385518 385618
r1507 yjm1415 VII 385518 385569
r1508 yjm1417 VII 385518 385569
r1509 yjm1418 VII 385518 385569
r1510 yjm1419 VII 385518 385618
r1511 yjm1433 VII 385518 385569
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r1512 yjm1434 VII 385518 385569
r1513 yjm1439 VII 385518 385569
r1514 yjm1443 VII 385518 385569
r1515 yjm1444 VII 385518 385569
r1516 yjm1450 VII 385518 385569
r1517 yjm1460 VII 385518 385569
r1518 yjm1463 VII 385518 385569
r1519 yjm1477 VII 385518 385569
r1520 yjm1478 VII 385518 385569
r1521 yjm1479 VII 385518 385569
r1522 yjm1526 VII 385518 385569
r1523 yjm1527 VII 385518 385569
r1524 yjm1549 VII 385518 385569
r1525 yjm1573 VII 385518 385618
r1526 yjm1574 VII 385518 385569
r1527 yjm1592 VII 385518 385569
r1528 yjm1615 VII 385518 385569
r1529 yjm189 VII 385518 385569
r1530 yjm193 VII 385518 385569
r1531 yjm195 VII 385518 385569
r1532 yjm244 VII 385518 385569
r1533 yjm270 VII 385518 385569
r1534 yjm271 VII 385518 385569
r1535 yjm320 VII 385518 385569
r1536 yjm326 VII 385518 385569
r1537 yjm428 VII 385518 385569
r1538 yjm450 VII 385518 385618
r1539 yjm451 VII 385518 385569
r1540 yjm453 VII 385518 385569
r1541 yjm456 VII 385518 385569
r1542 yjm470 VII 385518 385569
r1543 yjm541 VII 385518 385569
r1544 yjm554 VII 385518 385569
r1545 yjm555 VII 385518 385569
r1546 yjm627 VII 385518 385569
r1547 yjm681 VII 385518 385569
r1548 yjm682 VII 385518 385569
r1549 yjm683 VII 385518 385569
r1550 yjm689 VII 385518 385569
r1551 yjm693 VII 385518 385569
r1552 yjm969 VII 385518 385569
r1553 yjm972 VII 385518 385569
r1554 yjm975 VII 385518 385569
r1555 yjm978 VII 385518 385569
r1556 yjm981 VII 385518 385569
r1557 yjm984 VII 385518 385569
r1558 yjm987 VII 385518 385569
r1559 yjm990 VII 385518 385569
r1560 yjm993 VII 385518 385569
r1561 yjm996 VII 385518 385569
r1562 yjm1078 VII 399493 402273
r1563 yjm1252 VII 399493 401981
r1564 yjm248 VII 399493 401981
r1565 yjm1399 VII 401974 402281
r1566 yjm1252 VII 402034 402273
r1567 yjm248 VII 402046 402273
r1568 yjm1479 VII 402072 402128
r1569 yjm1252 VII 405237 408278
r1570 yjm248 VII 405237 408278
r1571 yjm1078 VII 405393 408278
r1572 yjm1078 VII 416839 416985
r1573 yjm248 VII 416839 416985
r1574 yjm1252 VII 416844 420785
r1575 yjm1078 VII 417402 420785
r1576 yjm248 VII 417402 420785
r1577 yjm1078 VII 420804 430918
r1578 yjm1252 VII 420804 430918
r1579 yjm248 VII 420804 430918
r1580 yjm1252 VII 452651 452717
r1581 yjm1252 VII 452882 458796
r1582 yjm1447 VII 480161 480626
r1583 yjm451 VII 480164 480383
r1584 yjm1199 VII 480191 480383
r1585 yjm1248 VII 480191 480443
r1586 yjm1273 VII 480191 480611
r1587 yjm1338 VII 480191 480611
r1588 yjm1400 VII 480191 480611
r1589 yjm1402 VII 480191 480611
r1590 yjm1418 VII 480191 480626
r1591 yjm1434 VII 480191 480611
r1592 yjm1439 VII 480191 480443
r1593 yjm1443 VII 480191 480383
r1594 yjm1444 VII 480191 480383
r1595 yjm1479 VII 480191 480611
r1596 yjm1573 VII 480191 480611
r1597 yjm193 VII 480191 480611
r1598 yjm195 VII 480191 480443
r1599 yjm693 VII 480191 480611
r1600 yjm1399 VII 480356 480611
r1601 yjm1208 VII 561966 562159
r1602 yjm1399 VII 561966 562159
r1603 yjm1615 VII 561966 562159
r1604 yjm1252 VII 588422 589536
r1605 yjm1450 VII 609643 609733
r1606 yjm1078 VII 838109 838561
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r1607 yjm248 VII 838109 838561
r1608 yjm1078 VII 877745 878464
r1609 yjm1252 VII 877745 878464
r1610 yjm248 VII 877745 878464
r1611 yjm1250 VII 1061962 1062358
r1612 yjm1383 VII 1061962 1062310
r1613 yjm1250 VII 1062700 1067314
r1614 yjm1250 VII 1067629 1068247
r1615 yjm1250 VII 1068343 1070343
r1616 yjm1242 VII 1070276 1071421
r1617 yjm1336 VII 1070276 1071638
r1618 yjm1341 VII 1070276 1071272
r1619 yjm1385 VII 1070276 1071638
r1620 yjm1477 VII 1070276 1071421
r1621 yjm1574 VII 1070276 1071602
r1622 yjm627 VII 1070276 1071638
r1623 yjm972 VII 1070276 1071638
r1624 yjm978 VII 1070276 1071602
r1625 yjm981 VII 1070276 1071638
r1626 yjm993 VII 1070276 1071638
r1627 yjm984 VII 1070354 1071602
r1628 yjm990 VII 1070354 1071602
r1629 yjm1381 VII 1070398 1071272
r1630 yjm682 VII 1070417 1071272
r1631 yjm1078 VII 1070850 1070953
r1632 yjm1252 VII 1070861 1070953
r1633 yjm1078 VII 1071076 1071270
r1634 yjm987 VII 1071076 1071270
r1635 yjm1252 VII 1071092 1071270
r1636 yjm248 VII 1071092 1071270
r1637 yjm1341 VII 1071387 1071602
r1638 yjm1381 VII 1071387 1071638
r1639 yjm1208 VII 1081847 1081915
r1640 yjm450 VII 1081847 1081915
r1641 yjm1083 VII 1084102 1084161
r1642 yjm1252 VIII 45505 47737
r1643 yjm1083 VIII 93416 93557
r1644 yjm1190 VIII 93416 93557
r1645 yjm1304 VIII 93416 93557
r1646 yjm1311 VIII 93416 93557
r1647 yjm1342 VIII 93416 93664
r1648 yjm1355 VIII 93416 93573
r1649 yjm1381 VIII 93416 93557
r1650 yjm1402 VIII 93416 93557
r1651 yjm1417 VIII 93416 93557
r1652 yjm1434 VIII 93416 93557
r1653 yjm1443 VIII 93416 93573
r1654 yjm1450 VIII 93416 93573
r1655 yjm1463 VIII 93416 93557
r1656 yjm1478 VIII 93416 93557
r1657 yjm1573 VIII 93416 93557
r1658 yjm193 VIII 93416 93557
r1659 yjm271 VIII 93416 93557
r1660 yjm450 VIII 93416 93557
r1661 yjm554 VIII 93416 93557
r1662 yjm681 VIII 93416 93557
r1663 yjm689 VIII 93416 93573
r1664 yjm693 VIII 93416 93573
r1665 yjm975 VIII 93416 93557
r1666 yjm984 VIII 93416 93573
r1667 yjm990 VIII 93416 93557
r1668 yjm993 VIII 93416 93557
r1669 yjm1342 VIII 93823 94980
r1670 yjm627 VIII 93823 95002
r1671 yjm1078 VIII 93838 94270
r1672 yjm1083 VIII 93838 94389
r1673 yjm1129 VIII 93838 94330
r1674 yjm1133 VIII 93838 94980
r1675 yjm1190 VIII 93838 94980
r1676 yjm1199 VIII 93838 94330
r1677 yjm1202 VIII 93838 94980
r1678 yjm1208 VIII 93838 94999
r1679 yjm1242 VIII 93838 94330
r1680 yjm1244 VIII 93838 94980
r1681 yjm1248 VIII 93838 95002
r1682 yjm1250 VIII 93838 94330
r1683 yjm1252 VIII 93838 94098
r1684 yjm1273 VIII 93838 94330
r1685 yjm1304 VIII 93838 94980
r1686 yjm1311 VIII 93838 94980
r1687 yjm1326 VIII 93838 94980
r1688 yjm1332 VIII 93838 94980
r1689 yjm1336 VIII 93838 94330
r1690 yjm1338 VIII 93838 94330
r1691 yjm1341 VIII 93838 94330
r1692 yjm1355 VIII 93838 94330
r1693 yjm1356 VIII 93838 94389
r1694 yjm1381 VIII 93838 94389
r1695 yjm1383 VIII 93838 94330
r1696 yjm1385 VIII 93838 94330
r1697 yjm1386 VIII 93838 94330
r1698 yjm1387 VIII 93838 94389
r1699 yjm1388 VIII 93838 94330
r1700 yjm1389 VIII 93838 95007
r1701 yjm1399 VIII 93838 94330
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r1702 yjm1402 VIII 93838 94980
r1703 yjm1415 VIII 93838 94976
r1704 yjm1417 VIII 93838 94980
r1705 yjm1418 VIII 93838 94330
r1706 yjm1433 VIII 93838 94330
r1707 yjm1434 VIII 93838 94980
r1708 yjm1439 VIII 93838 95002
r1709 yjm1443 VIII 93838 94330
r1710 yjm1444 VIII 93838 94330
r1711 yjm1447 VIII 93838 94980
r1712 yjm1450 VIII 93838 94999
r1713 yjm1460 VIII 93838 94999
r1714 yjm1463 VIII 93838 94980
r1715 yjm1477 VIII 93838 94270
r1716 yjm1478 VIII 93838 94389
r1717 yjm1526 VIII 93838 94330
r1718 yjm1527 VIII 93838 94330
r1719 yjm1549 VIII 93838 94330
r1720 yjm1573 VIII 93838 94980
r1721 yjm1574 VIII 93838 94330
r1722 yjm1592 VIII 93838 94330
r1723 yjm1615 VIII 93838 94999
r1724 yjm189 VIII 93838 94270
r1725 yjm193 VIII 93838 94980
r1726 yjm195 VIII 93838 94976
r1727 yjm244 VIII 93838 94330
r1728 yjm248 VIII 93838 94261
r1729 yjm270 VIII 93838 94330
r1730 yjm271 VIII 93838 94330
r1731 yjm320 VIII 93838 94980
r1732 yjm326 VIII 93838 94330
r1733 yjm428 VIII 93838 94330
r1734 yjm450 VIII 93838 94980
r1735 yjm453 VIII 93838 94330
r1736 yjm456 VIII 93838 94999
r1737 yjm470 VIII 93838 94330
r1738 yjm541 VIII 93838 94980
r1739 yjm554 VIII 93838 94980
r1740 yjm555 VIII 93838 94980
r1741 yjm681 VIII 93838 94980
r1742 yjm682 VIII 93838 94330
r1743 yjm683 VIII 93838 94980
r1744 yjm689 VIII 93838 94980
r1745 yjm693 VIII 93838 94389
r1746 yjm969 VIII 93838 94330
r1747 yjm972 VIII 93838 94330
r1748 yjm975 VIII 93838 94980
r1749 yjm978 VIII 93838 94330
r1750 yjm981 VIII 93838 94330
r1751 yjm984 VIII 93838 94980
r1752 yjm987 VIII 93838 94330
r1753 yjm990 VIII 93838 94980
r1754 yjm993 VIII 93838 94980
r1755 yjm996 VIII 93838 94330
r1756 yjm1252 VIII 94161 94261
r1757 yjm1342 VIII 133588 133652
r1758 yjm1355 VIII 190088 191619
r1759 yjm1381 VIII 229723 229927
r1760 yjm1083 VIII 229760 229927
r1761 yjm1342 VIII 229760 229927
r1762 yjm1463 VIII 229760 229927
r1763 yjm693 VIII 229760 229927
r1764 yjm1078 VIII 285603 287284
r1765 yjm1252 VIII 285603 287284
r1766 yjm248 VIII 285603 287284
r1767 yjm1078 VIII 287737 289490
r1768 yjm1252 VIII 287737 302083
r1769 yjm248 VIII 287737 289490
r1770 yjm1083 VIII 291155 291373
r1771 yjm1133 VIII 291155 291373
r1772 yjm1190 VIII 291155 291373
r1773 yjm1199 VIII 291155 291373
r1774 yjm1202 VIII 291155 291373
r1775 yjm1326 VIII 291155 291373
r1776 yjm1419 VIII 291155 291373
r1777 yjm1433 VIII 291155 291373
r1778 yjm1444 VIII 291155 291373
r1779 yjm1478 VIII 291155 291410
r1780 yjm1549 VIII 291155 291373
r1781 yjm428 VIII 291155 291373
r1782 yjm470 VIII 291155 291373
r1783 yjm555 VIII 291155 291373
r1784 yjm681 VIII 291155 291373
r1785 yjm689 VIII 291155 291373
r1786 yjm1078 VIII 291311 291370
r1787 yjm1129 VIII 291311 291410
r1788 yjm1242 VIII 291311 291410
r1789 yjm1244 VIII 291311 291410
r1790 yjm1248 VIII 291311 291410
r1791 yjm1273 VIII 291311 291410
r1792 yjm1307 VIII 291311 291410
r1793 yjm1311 VIII 291311 291410
r1794 yjm1332 VIII 291311 291410
r1795 yjm1336 VIII 291311 291443
r1796 yjm1338 VIII 291311 291410
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r1797 yjm1341 VIII 291311 291410
r1798 yjm1342 VIII 291311 291410
r1799 yjm1356 VIII 291311 291410
r1800 yjm1387 VIII 291311 291410
r1801 yjm1388 VIII 291311 291410
r1802 yjm1389 VIII 291311 291410
r1803 yjm1399 VIII 291311 291413
r1804 yjm1400 VIII 291311 291410
r1805 yjm1401 VIII 291311 291410
r1806 yjm1402 VIII 291311 291410
r1807 yjm1415 VIII 291311 291410
r1808 yjm1417 VIII 291311 291410
r1809 yjm1418 VIII 291311 291425
r1810 yjm1434 VIII 291311 291410
r1811 yjm1439 VIII 291311 291410
r1812 yjm1443 VIII 291311 291410
r1813 yjm1447 VIII 291311 291410
r1814 yjm1460 VIII 291311 291410
r1815 yjm1463 VIII 291311 291410
r1816 yjm1477 VIII 291311 291410
r1817 yjm1479 VIII 291311 291410
r1818 yjm1527 VIII 291311 291410
r1819 yjm1573 VIII 291311 291410
r1820 yjm1574 VIII 291311 291410
r1821 yjm1592 VIII 291311 291410
r1822 yjm189 VIII 291311 291410
r1823 yjm193 VIII 291311 291410
r1824 yjm195 VIII 291311 291410
r1825 yjm244 VIII 291311 291410
r1826 yjm248 VIII 291311 291370
r1827 yjm270 VIII 291311 291410
r1828 yjm271 VIII 291311 291410
r1829 yjm451 VIII 291311 291410
r1830 yjm453 VIII 291311 291410
r1831 yjm627 VIII 291311 291410
r1832 yjm969 VIII 291311 291410
r1833 yjm972 VIII 291311 291410
r1834 yjm975 VIII 291311 291410
r1835 yjm978 VIII 291311 291410
r1836 yjm981 VIII 291311 291410
r1837 yjm984 VIII 291311 291410
r1838 yjm987 VIII 291311 291410
r1839 yjm990 VIII 291311 291410
r1840 yjm993 VIII 291311 291410
r1841 yjm996 VIII 291311 291410
r1842 yjm1078 VIII 296754 302083
r1843 yjm248 VIII 296754 302083
r1844 yjm1252 VIII 362914 367255
r1845 yjm1381 VIII 389123 389169
r1846 yjm1078 VIII 452764 456995
r1847 yjm248 VIII 452764 456995
r1848 yjm1400 VIII 463887 465243
r1849 yjm1479 VIII 463887 465243
r1850 yjm627 VIII 464896 466484
r1851 yjm1332 VIII 465578 466498
r1852 yjm1418 VIII 465768 466142
r1853 yjm1190 VIII 465995 466484
r1854 yjm1242 VIII 465995 466484
r1855 yjm1244 VIII 465995 466498
r1856 yjm1304 VIII 465995 466484
r1857 yjm1341 VIII 465995 466484
r1858 yjm1356 VIII 465995 466484
r1859 yjm1386 VIII 465995 466484
r1860 yjm1387 VIII 465995 466484
r1861 yjm1402 VIII 465995 466484
r1862 yjm1415 VIII 465995 466484
r1863 yjm1417 VIII 465995 466484
r1864 yjm1433 VIII 465995 466484
r1865 yjm1463 VIII 465995 466484
r1866 yjm1478 VIII 465995 466484
r1867 yjm1527 VIII 465995 466484
r1868 yjm1573 VIII 465995 466484
r1869 yjm193 VIII 465995 466484
r1870 yjm195 VIII 465995 466484
r1871 yjm244 VIII 465995 466484
r1872 yjm271 VIII 465995 466484
r1873 yjm428 VIII 465995 466484
r1874 yjm451 VIII 465995 466484
r1875 yjm689 VIII 465995 466484
r1876 yjm693 VIII 465995 466484
r1877 yjm975 VIII 465995 466498
r1878 yjm984 VIII 465995 466484
r1879 yjm990 VIII 465995 466498
r1880 yjm993 VIII 465995 466484
r1881 yjm1443 VIII 466142 466497
r1882 yjm1248 VIII 466249 466484
r1883 yjm1439 VIII 466249 466484
r1884 yjm1199 VIII 466268 466484
r1885 yjm1336 VIII 466268 466498
r1886 yjm1355 VIII 466268 466484
r1887 yjm1400 VIII 466268 466484
r1888 yjm1477 VIII 466268 466484
r1889 yjm1479 VIII 466268 466484
r1890 yjm1549 VIII 466268 466484
r1891 yjm1574 VIII 466268 466484
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r1892 yjm270 VIII 466268 466484
r1893 yjm682 VIII 466268 466484
r1894 yjm987 VIII 466268 466484
r1895 yjm996 VIII 466268 466484
r1896 yjm1307 VIII 466323 466484
r1897 yjm1311 VIII 466323 466484
r1898 yjm1381 VIII 466323 466484
r1899 yjm1460 VIII 466323 466484
r1900 yjm450 VIII 466323 466484
r1901 yjm554 VIII 466323 466484
r1902 yjm1078 VIII 466333 466484
r1903 yjm1133 VIII 466333 466484
r1904 yjm1202 VIII 466333 466484
r1905 yjm1383 VIII 466333 466484
r1906 yjm1389 VIII 466333 466484
r1907 yjm1592 VIII 466333 466484
r1908 yjm681 VIII 466333 466484
r1909 yjm1252 VIII 504856 505120
r1910 yjm248 VIII 504856 505120
r1911 yjm1399 VIII 515129 520411
r1912 yjm1399 VIII 520639 522909
r1913 yjm1355 VIII 520945 522909
r1914 yjm1342 VIII 525100 525180
r1915 yjm1083 VIII 525440 525855
r1916 yjm1129 VIII 525440 525855
r1917 yjm1133 VIII 525440 525855
r1918 yjm1190 VIII 525440 525855
r1919 yjm1199 VIII 525440 525855
r1920 yjm1202 VIII 525440 525855
r1921 yjm1242 VIII 525440 525855
r1922 yjm1244 VIII 525440 525855
r1923 yjm1248 VIII 525440 525855
r1924 yjm1273 VIII 525440 525855
r1925 yjm1304 VIII 525440 525855
r1926 yjm1326 VIII 525440 525855
r1927 yjm1332 VIII 525440 525855
r1928 yjm1336 VIII 525440 525855
r1929 yjm1338 VIII 525440 525855
r1930 yjm1341 VIII 525440 525855
r1931 yjm1342 VIII 525440 525901
r1932 yjm1356 VIII 525440 525855
r1933 yjm1381 VIII 525440 525855
r1934 yjm1383 VIII 525440 525855
r1935 yjm1385 VIII 525440 525855
r1936 yjm1386 VIII 525440 525855
r1937 yjm1400 VIII 525440 525855
r1938 yjm1401 VIII 525440 525855
r1939 yjm1402 VIII 525440 525855
r1940 yjm1415 VIII 525440 525855
r1941 yjm1417 VIII 525440 525855
r1942 yjm1418 VIII 525440 525855
r1943 yjm1419 VIII 525440 525855
r1944 yjm1433 VIII 525440 525855
r1945 yjm1434 VIII 525440 525855
r1946 yjm1439 VIII 525440 525855
r1947 yjm1443 VIII 525440 525855
r1948 yjm1447 VIII 525440 525855
r1949 yjm1450 VIII 525440 525855
r1950 yjm1463 VIII 525440 525855
r1951 yjm1477 VIII 525440 525855
r1952 yjm1478 VIII 525440 525855
r1953 yjm1526 VIII 525440 525855
r1954 yjm1527 VIII 525440 525855
r1955 yjm1549 VIII 525440 525855
r1956 yjm1573 VIII 525440 525855
r1957 yjm1574 VIII 525440 525855
r1958 yjm189 VIII 525440 525855
r1959 yjm193 VIII 525440 525855
r1960 yjm195 VIII 525440 525855
r1961 yjm244 VIII 525440 525855
r1962 yjm270 VIII 525440 525855
r1963 yjm271 VIII 525440 525855
r1964 yjm320 VIII 525440 525855
r1965 yjm428 VIII 525440 525855
r1966 yjm450 VIII 525440 525855
r1967 yjm451 VIII 525440 525855
r1968 yjm453 VIII 525440 525855
r1969 yjm456 VIII 525440 525855
r1970 yjm470 VIII 525440 525855
r1971 yjm541 VIII 525440 525855
r1972 yjm555 VIII 525440 525855
r1973 yjm627 VIII 525440 525855
r1974 yjm681 VIII 525440 525855
r1975 yjm682 VIII 525440 525855
r1976 yjm689 VIII 525440 525855
r1977 yjm693 VIII 525440 525855
r1978 yjm969 VIII 525440 525855
r1979 yjm972 VIII 525440 525855
r1980 yjm975 VIII 525440 525855
r1981 yjm978 VIII 525440 525855
r1982 yjm981 VIII 525440 525855
r1983 yjm984 VIII 525440 525855
r1984 yjm987 VIII 525440 525855
r1985 yjm990 VIII 525440 525855
r1986 yjm993 VIII 525440 525855
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r1987 yjm996 VIII 525440 525855
r1988 yjm1479 VIII 525577 525855
r1989 yjm1078 VIII 525606 525855
r1990 yjm1252 VIII 525606 525855
r1991 yjm248 VIII 525606 525855
r1992 yjm1387 VIII 526026 526104
r1993 yjm1460 VIII 526026 526104
r1994 yjm1342 VIII 526230 526291
r1995 yjm1244 VIII 526263 526314
r1996 yjm1478 VIII 526263 526314
r1997 yjm975 VIII 526263 526314
r1998 yjm984 VIII 526263 526314
r1999 yjm990 VIII 526263 526314
r2000 yjm993 VIII 526263 526314
r2001 yjm326 VIII 526269 526461
r2002 yjm1463 VIII 526270 526410
r2003 yjm1342 VIII 526365 526467
r2004 yjm1443 VIII 526383 526602
r2005 yjm1399 VIII 526389 526704
r2006 yjm1273 VIII 526398 526602
r2007 yjm683 VIII 526404 526632
r2008 yjm271 VIII 526473 526551
r2009 yjm1402 VIII 526497 526560
r2010 yjm1381 VIII 526677 526794
r2011 yjm555 VIII 526728 526770
r2012 yjm1242 VIII 526731 526770
r2013 yjm1338 VIII 526731 526770
r2014 yjm1574 VIII 526731 526782
r2015 yjm270 VIII 526731 526770
r2016 yjm320 VIII 526731 526770
r2017 yjm681 VIII 526731 526770
r2018 yjm453 VIII 526857 526954
r2019 yjm1400 VIII 526938 527091
r2020 yjm1479 VIII 526938 527091
r2021 yjm1573 VIII 526989 527070
r2022 yjm450 VIII 526998 527091
r2023 yjm1463 VIII 527001 527273
r2024 yjm1450 VIII 527133 527232
r2025 yjm1355 VIII 540288 541986
r2026 yjm1399 VIII 540288 541922
r2027 yjm1383 VIII 540810 540972
r2028 yjm1385 VIII 540810 540972
r2029 yjm1388 VIII 550514 550615
r2030 yjm1447 VIII 550514 550615
r2031 yjm195 VIII 550514 550615
r2032 yjm1388 VIII 550856 551445
r2033 yjm1447 VIII 550856 551445
r2034 yjm195 VIII 550856 551445
r2035 yjm1418 VIII 554071 554279
r2036 yjm1527 IX 9728 44799
r2037 yjm1450 IX 18858 18964
r2038 yjm1615 IX 18858 18964
r2039 yjm554 IX 18891 18964
r2040 yjm1401 IX 20481 20888
r2041 yjm689 IX 20586 20888
r2042 yjm681 IX 20685 20888
r2043 yjm1250 IX 20888 21081
r2044 yjm1202 IX 21064 21195
r2045 yjm1401 IX 21064 21195
r2046 yjm681 IX 21064 21195
r2047 yjm1338 IX 21445 44799
r2048 yjm1433 IX 21445 44799
r2049 yjm693 IX 21445 30991
r2050 yjm1311 IX 24546 24795
r2051 yjm1244 IX 24744 24795
r2052 yjm244 IX 24744 24795
r2053 yjm969 IX 24744 24795
r2054 yjm1133 IX 27089 27131
r2055 yjm1199 IX 27089 27131
r2056 yjm1202 IX 27089 27131
r2057 yjm1208 IX 27089 27131
r2058 yjm1273 IX 27089 27131
r2059 yjm1307 IX 27089 27131
r2060 yjm1326 IX 27089 27131
r2061 yjm1342 IX 27089 27131
r2062 yjm1386 IX 27089 27131
r2063 yjm1399 IX 27089 27131
r2064 yjm1401 IX 27089 27131
r2065 yjm1402 IX 27089 27131
r2066 yjm1418 IX 27089 27131
r2067 yjm1434 IX 27089 27131
r2068 yjm1443 IX 27089 27131
r2069 yjm1444 IX 27089 27131
r2070 yjm1447 IX 27089 27131
r2071 yjm1450 IX 27089 27131
r2072 yjm1460 IX 27089 27131
r2073 yjm1478 IX 27089 27131
r2074 yjm1573 IX 27089 27131
r2075 yjm1615 IX 27089 27131
r2076 yjm320 IX 27089 27131
r2077 yjm456 IX 27089 27131
r2078 yjm554 IX 27089 27131
r2079 yjm555 IX 27089 27131
r2080 yjm681 IX 27089 27131
r2081 yjm682 IX 27089 27131
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r2082 yjm689 IX 27089 27131
r2083 yjm972 IX 27089 27131
r2084 yjm1202 IX 37428 37578
r2085 yjm1417 IX 49913 50618
r2086 yjm1202 IX 138638 138982
r2087 yjm1273 IX 138638 138982
r2088 yjm1434 IX 138638 138982
r2089 yjm1078 IX 257104 262104
r2090 yjm248 IX 257104 262104
r2091 yjm1078 IX 266113 270299
r2092 yjm248 IX 266113 270299
r2093 yjm1252 IX 269792 270299
r2094 yjm1078 IX 324075 325465
r2095 yjm1252 IX 324075 325465
r2096 yjm248 IX 324075 332458
r2097 yjm1419 IX 324825 324868
r2098 yjm1248 IX 325046 325129
r2099 yjm1381 IX 325046 325129
r2100 yjm1439 IX 325046 325129
r2101 yjm1252 IX 325499 328929
r2102 yjm1078 IX 325508 330924
r2103 yjm248 IX 333296 334005
r2104 yjm1078 IX 333387 334005
r2105 yjm1252 IX 333387 334005
r2106 yjm1078 IX 334621 335824
r2107 yjm1252 IX 334621 335824
r2108 yjm248 IX 334621 335824
r2109 yjm1252 IX 377249 389752
r2110 yjm1443 IX 388519 388585
r2111 yjm456 IX 388519 388585
r2112 yjm1443 IX 393048 393182
r2113 yjm1078 IX 393055 393105
r2114 yjm248 IX 393055 393105
r2115 yjm1479 IX 394649 394846
r2116 yjm1418 IX 426431 426461
r2117 yjm1381 IX 433911 434233
r2118 yjm1401 IX 433991 434245
r2119 yjm456 IX 433991 434101
r2120 yjm683 IX 433991 434259
r2121 yjm689 IX 433991 434050
r2122 yjm1419 IX 433996 434101
r2123 yjm1526 IX 433996 434155
r2124 yjm1574 IX 433996 434215
r2125 yjm271 IX 433996 434112
r2126 yjm993 IX 433996 434155
r2127 yjm1418 IX 437250 437344
r2128 yjm1418 IX 437630 437840
r2129 yjm1208 IX 438431 438481
r2130 yjm1443 IX 438431 438481
r2131 yjm195 IX 439032 439138
r2132 yjm1208 IX 439053 439131
r2133 yjm1444 IX 439080 439138
r2134 yjm456 IX 439083 439131
r2135 yjm1386 X 18841 18946
r2136 yjm195 X 18841 18946
r2137 yjm1439 X 18928 19047
r2138 yjm1311 X 24343 24441
r2139 yjm1338 X 24343 24441
r2140 yjm1381 X 24343 24441
r2141 yjm1387 X 24343 24487
r2142 yjm1450 X 24343 24487
r2143 yjm1527 X 24343 24441
r2144 yjm541 X 24343 24441
r2145 yjm1387 X 24709 25357
r2146 yjm541 X 24802 25357
r2147 yjm1381 X 24925 24985
r2148 yjm555 X 24925 24995
r2149 yjm1338 X 25132 25357
r2150 yjm1450 X 25132 25357
r2151 yjm1549 X 25132 25357
r2152 yjm1129 X 25150 25357
r2153 yjm1242 X 25150 25357
r2154 yjm1311 X 25150 25357
r2155 yjm1332 X 25150 25357
r2156 yjm1336 X 25150 25357
r2157 yjm1381 X 25150 25358
r2158 yjm1415 X 25150 25357
r2159 yjm1417 X 25150 25357
r2160 yjm1477 X 25150 25357
r2161 yjm1527 X 25150 25357
r2162 yjm990 X 25150 25357
r2163 yjm1433 X 25207 25357
r2164 yjm1463 X 25207 25357
r2165 yjm1447 X 25303 25384
r2166 yjm1190 X 25309 25357
r2167 yjm1199 X 25309 25357
r2168 yjm1202 X 25309 25357
r2169 yjm1244 X 25309 25357
r2170 yjm1341 X 25309 25357
r2171 yjm1356 X 25309 25357
r2172 yjm1383 X 25309 25357
r2173 yjm1385 X 25309 25384
r2174 yjm1526 X 25309 25357
r2175 yjm1615 X 25309 25357
r2176 yjm189 X 25309 25357
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r2177 yjm193 X 25309 25357
r2178 yjm244 X 25309 25357
r2179 yjm270 X 25309 25357
r2180 yjm271 X 25309 25357
r2181 yjm450 X 25309 25357
r2182 yjm554 X 25309 25384
r2183 yjm689 X 25309 25357
r2184 yjm972 X 25309 25357
r2185 yjm975 X 25309 25357
r2186 yjm978 X 25309 25357
r2187 yjm981 X 25309 25357
r2188 yjm984 X 25309 25357
r2189 yjm987 X 25309 25357
r2190 yjm993 X 25309 25357
r2191 yjm996 X 25309 25357
r2192 yjm1444 X 30723 33957
r2193 yjm681 X 30723 33831
r2194 yjm1250 X 32680 35262
r2195 yjm248 X 32689 32788
r2196 yjm1252 X 95080 95539
r2197 yjm1078 X 98270 104562
r2198 yjm1252 X 98270 104562
r2199 yjm248 X 98270 104562
r2200 yjm1078 X 105933 107623
r2201 yjm1252 X 105933 107623
r2202 yjm248 X 105933 107623
r2203 yjm1083 X 120867 120922
r2204 yjm1129 X 120867 120922
r2205 yjm1190 X 120867 120922
r2206 yjm1199 X 120867 120922
r2207 yjm1202 X 120867 120922
r2208 yjm1242 X 120867 120922
r2209 yjm1250 X 120867 121044
r2210 yjm1273 X 120867 120922
r2211 yjm1304 X 120867 120922
r2212 yjm1307 X 120867 120922
r2213 yjm1326 X 120867 120922
r2214 yjm1332 X 120867 120922
r2215 yjm1338 X 120867 121044
r2216 yjm1341 X 120867 120994
r2217 yjm1342 X 120867 120922
r2218 yjm1356 X 120867 120922
r2219 yjm1381 X 120867 120925
r2220 yjm1386 X 120867 120922
r2221 yjm1399 X 120867 120922
r2222 yjm1402 X 120867 120922
r2223 yjm1415 X 120867 120922
r2224 yjm1417 X 120867 120922
r2225 yjm1433 X 120867 120922
r2226 yjm1460 X 120867 120922
r2227 yjm1477 X 120867 120922
r2228 yjm1526 X 120867 120922
r2229 yjm1574 X 120867 120922
r2230 yjm189 X 120867 120994
r2231 yjm193 X 120867 120922
r2232 yjm428 X 120867 120925
r2233 yjm451 X 120867 120922
r2234 yjm453 X 120867 120922
r2235 yjm470 X 120867 120922
r2236 yjm554 X 120867 120922
r2237 yjm555 X 120867 120922
r2238 yjm681 X 120867 120972
r2239 yjm972 X 120867 120922
r2240 yjm975 X 120867 120922
r2241 yjm981 X 120867 120922
r2242 yjm987 X 120867 120922
r2243 yjm990 X 120867 121044
r2244 yjm993 X 120867 120922
r2245 yjm996 X 120867 120922
r2246 yjm1419 X 120873 120925
r2247 yjm450 X 120873 120972
r2248 yjm456 X 120873 120922
r2249 yjm1450 X 120948 121191
r2250 yjm1242 X 121020 121191
r2251 yjm1477 X 121020 121191
r2252 yjm1433 X 121056 121191
r2253 yjm1078 X 143501 143656
r2254 yjm1129 X 204278 204386
r2255 yjm1242 X 204278 204386
r2256 yjm1250 X 204278 204386
r2257 yjm1332 X 204278 204386
r2258 yjm1336 X 204278 204386
r2259 yjm1356 X 204278 204386
r2260 yjm1415 X 204278 204386
r2261 yjm1417 X 204278 204386
r2262 yjm1433 X 204278 204386
r2263 yjm1450 X 204278 204386
r2264 yjm1477 X 204278 204386
r2265 yjm972 X 204278 204386
r2266 yjm975 X 204278 204386
r2267 yjm978 X 204278 204386
r2268 yjm981 X 204278 204386
r2269 yjm984 X 204278 204386
r2270 yjm987 X 204278 204386
r2271 yjm990 X 204278 204386
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r2272 yjm993 X 204278 204386
r2273 yjm996 X 204278 204386
r2274 yjm1463 X 204308 204386
r2275 yjm1248 X 204338 204386
r2276 yjm1383 X 204338 204386
r2277 yjm1439 X 204338 204386
r2278 yjm193 X 204338 204386
r2279 yjm1478 X 204352 204386
r2280 yjm1574 X 204352 204386
r2281 yjm1311 X 253061 253449
r2282 yjm1242 X 355049 355136
r2283 yjm1387 X 355049 355136
r2284 yjm1417 X 355049 355136
r2285 yjm1477 X 355049 355136
r2286 yjm1244 X 355061 355100
r2287 yjm1332 X 355061 355100
r2288 yjm1341 X 355061 355100
r2289 yjm1356 X 355061 355100
r2290 yjm1526 X 355061 355100
r2291 yjm987 X 355061 355100
r2292 yjm993 X 355061 355100
r2293 yjm996 X 355061 355100
r2294 yjm1252 X 405492 407511
r2295 yjm248 X 405492 407511
r2296 yjm1418 X 606757 606791
r2297 yjm1443 X 606757 606791
r2298 yjm1447 X 606757 606791
r2299 yjm193 X 606757 606840
r2300 yjm1078 X 662573 667789
r2301 yjm248 X 662573 669487
r2302 yjm1252 X 662678 668929
r2303 yjm1078 X 698664 702323
r2304 yjm1252 X 698664 702128
r2305 yjm248 X 698664 707017
r2306 yjm1342 X 701943 702602
r2307 yjm1479 X 701943 702602
r2308 yjm1526 X 702128 702602
r2309 yjm1252 X 702407 702782
r2310 yjm1078 X 702596 708568
r2311 yjm248 X 707064 707797
r2312 yjm248 X 707938 708568
r2313 yjm1078 X 708596 711685
r2314 yjm248 X 708598 709437
r2315 yjm248 X 709649 709734
r2316 yjm248 X 709843 710135
r2317 yjm1463 X 714909 715022
r2318 yjm1078 X 715377 715984
r2319 yjm1078 X 716025 716530
r2320 yjm1078 X 716629 719113
r2321 yjm1078 X 719169 720804
r2322 yjm248 X 719895 720762
r2323 yjm1078 X 721156 721887
r2324 yjm248 X 721156 721303
r2325 yjm248 X 721805 721887
r2326 yjm1078 X 721952 723608
r2327 yjm248 X 721981 724087
r2328 yjm248 X 725564 726013
r2329 yjm248 X 726778 727062
r2330 yjm1401 X 727469 727556
r2331 yjm248 X 727610 727688
r2332 yjm1332 X 727736 727922
r2333 yjm248 X 728036 728142
r2334 yjm248 X 728533 728738
r2335 yjm554 X 729068 729185
r2336 yjm1199 X 742961 743123
r2337 yjm1250 X 743000 743357
r2338 yjm1250 X 743494 743574
r2339 yjm1386 XI 1759 2117
r2340 yjm1463 XI 1759 1922
r2341 yjm1478 XI 1783 2112
r2342 yjm1342 XI 1857 2117
r2343 yjm1573 XI 1857 2112
r2344 yjm1252 XI 1863 1920
r2345 yjm1388 XI 1863 2117
r2346 yjm1387 XI 1953 2112
r2347 yjm189 XI 1953 2117
r2348 yjm244 XI 1953 2117
r2349 yjm1252 XI 1992 2099
r2350 yjm1418 XI 2075 2117
r2351 yjm1252 XI 2236 9558
r2352 yjm1388 XI 2253 2326
r2353 yjm1389 XI 2491 2549
r2354 yjm1592 XI 2491 2549
r2355 yjm1341 XI 2503 2556
r2356 yjm189 XI 2503 2549
r2357 yjm244 XI 2503 2549
r2358 yjm1129 XI 2514 2556
r2359 yjm1199 XI 2514 2556
r2360 yjm1208 XI 2514 2555
r2361 yjm1242 XI 2514 2556
r2362 yjm1304 XI 2514 2556
r2363 yjm1338 XI 2514 2556
r2364 yjm1386 XI 2514 2556
r2365 yjm1400 XI 2514 2555
r2366 yjm1419 XI 2514 2555
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r2367 yjm1443 XI 2514 2556
r2368 yjm1447 XI 2514 2556
r2369 yjm1477 XI 2514 2556
r2370 yjm1479 XI 2514 2555
r2371 yjm1526 XI 2514 2556
r2372 yjm193 XI 2514 2549
r2373 yjm969 XI 2514 2549
r2374 yjm972 XI 2514 2556
r2375 yjm975 XI 2514 2556
r2376 yjm978 XI 2514 2556
r2377 yjm981 XI 2514 2556
r2378 yjm984 XI 2514 2556
r2379 yjm987 XI 2514 2556
r2380 yjm990 XI 2514 2556
r2381 yjm993 XI 2514 2556
r2382 yjm1078 XI 6948 7137
r2383 yjm1078 XI 7266 9558
r2384 yjm1252 XI 10101 15515
r2385 yjm1252 XI 62900 64351
r2386 yjm248 XI 63101 64328
r2387 yjm1252 XI 95151 96177
r2388 yjm1078 XI 257816 258700
r2389 yjm1252 XI 257816 258700
r2390 yjm248 XI 257816 258700
r2391 yjm689 XI 257816 264688
r2392 yjm1078 XI 258799 264688
r2393 yjm1252 XI 258799 264688
r2394 yjm248 XI 258799 264688
r2395 yjm1399 XI 326460 327352
r2396 yjm1383 XI 458300 458454
r2397 yjm1332 XI 458396 458454
r2398 yjm555 XI 458396 458454
r2399 yjm554 XI 458420 458454
r2400 yjm248 XI 512100 513325
r2401 yjm1078 XI 512970 513325
r2402 yjm1252 XI 512970 513325
r2403 yjm1078 XI 513673 524989
r2404 yjm1252 XI 513673 525080
r2405 yjm248 XI 513673 525080
r2406 yjm1383 XI 647290 647344
r2407 yjm554 XI 665790 665890
r2408 yjm627 XI 665974 666122
r2409 yjm1311 XI 666215 666303
r2410 yjm1208 XI 666272 666420
r2411 yjm975 XII 5669 5842
r2412 yjm450 XII 12014 12071
r2413 yjm1338 XII 47927 48365
r2414 yjm1399 XII 47927 48296
r2415 yjm1592 XII 47927 48296
r2416 yjm975 XII 47927 48365
r2417 yjm1434 XII 48091 48371
r2418 yjm1443 XII 48185 48296
r2419 yjm1434 XII 64367 64442
r2420 yjm1311 XII 64547 64613
r2421 yjm1399 XII 64553 64661
r2422 yjm1244 XII 64664 64733
r2423 yjm996 XII 64664 64691
r2424 yjm1129 XII 64667 64762
r2425 yjm1208 XII 64667 64762
r2426 yjm1242 XII 64667 64762
r2427 yjm1326 XII 64667 64762
r2428 yjm1332 XII 64667 64762
r2429 yjm1336 XII 64667 64762
r2430 yjm1341 XII 64667 64762
r2431 yjm1383 XII 64667 64762
r2432 yjm1387 XII 64667 64762
r2433 yjm1415 XII 64667 64762
r2434 yjm1417 XII 64667 64762
r2435 yjm1450 XII 64667 64762
r2436 yjm1477 XII 64667 64762
r2437 yjm1478 XII 64667 64762
r2438 yjm1526 XII 64667 64762
r2439 yjm1549 XII 64667 64762
r2440 yjm1615 XII 64667 64762
r2441 yjm189 XII 64667 64762
r2442 yjm326 XII 64667 64762
r2443 yjm428 XII 64667 64762
r2444 yjm453 XII 64667 64762
r2445 yjm555 XII 64667 64762
r2446 yjm682 XII 64667 64762
r2447 yjm683 XII 64667 64762
r2448 yjm693 XII 64667 64762
r2449 yjm969 XII 64667 64762
r2450 yjm978 XII 64667 64762
r2451 yjm984 XII 64667 64762
r2452 yjm987 XII 64667 64762
r2453 yjm990 XII 64667 64762
r2454 yjm1418 XII 64775 64889
r2455 yjm1417 XII 95934 96168
r2456 yjm1434 XII 95934 96039
r2457 yjm1447 XII 95934 96039
r2458 yjm450 XII 95934 96168
r2459 yjm1252 XII 285894 291887
r2460 yjm1342 XII 287376 287603
r2461 yjm1252 XII 296678 297908
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r2462 yjm1078 XII 385069 385174
r2463 yjm1252 XII 385069 385174
r2464 yjm248 XII 385069 385491
r2465 yjm1078 XII 385342 385491
r2466 yjm1252 XII 385342 385491
r2467 yjm248 XII 385672 385809
r2468 yjm248 XII 385931 386150
r2469 yjm1078 XII 385959 386052
r2470 yjm1252 XII 386003 386052
r2471 yjm248 XII 386985 387067
r2472 yjm1078 XII 402952 403120
r2473 yjm1252 XII 402952 403120
r2474 yjm248 XII 402952 403360
r2475 yjm1078 XII 540053 541766
r2476 yjm1252 XII 540053 541766
r2477 yjm1248 XII 658149 658456
r2478 yjm1342 XII 658149 658418
r2479 yjm1439 XII 658149 658456
r2480 yjm627 XII 658149 658456
r2481 yjm1447 XII 734398 734572
r2482 yjm1434 XII 811753 812488
r2483 yjm1434 XII 813019 813148
r2484 yjm1434 XII 814870 815191
r2485 yjm1388 XII 1012269 1012327
r2486 yjm1401 XII 1012269 1012327
r2487 yjm1419 XII 1012269 1012327
r2488 yjm1460 XII 1012269 1012327
r2489 yjm456 XII 1012269 1012327
r2490 yjm1078 XII 1034374 1052154
r2491 yjm1252 XII 1034374 1053561
r2492 yjm248 XII 1034374 1053924
r2493 yjm1078 XII 1053619 1053924
r2494 yjm1252 XII 1053619 1058097
r2495 yjm1078 XII 1057961 1059011
r2496 yjm248 XII 1057961 1059028
r2497 yjm975 XII 1059868 1060076
r2498 yjm1083 XII 1059908 1060077
r2499 yjm1129 XII 1059908 1060077
r2500 yjm1208 XII 1059908 1060127
r2501 yjm1242 XII 1059908 1060127
r2502 yjm1244 XII 1059908 1060077
r2503 yjm1307 XII 1059908 1060077
r2504 yjm1332 XII 1059908 1060077
r2505 yjm1336 XII 1059908 1060077
r2506 yjm1341 XII 1059908 1060077
r2507 yjm1342 XII 1059908 1060077
r2508 yjm1355 XII 1059908 1060077
r2509 yjm1356 XII 1059908 1060077
r2510 yjm1381 XII 1059908 1060127
r2511 yjm1387 XII 1059908 1060127
r2512 yjm1417 XII 1059908 1060077
r2513 yjm1433 XII 1059908 1060077
r2514 yjm1447 XII 1059908 1060077
r2515 yjm1450 XII 1059908 1060077
r2516 yjm1463 XII 1059908 1060077
r2517 yjm1477 XII 1059908 1060077
r2518 yjm1478 XII 1059908 1060077
r2519 yjm1526 XII 1059908 1060077
r2520 yjm1549 XII 1059908 1060077
r2521 yjm1574 XII 1059908 1060077
r2522 yjm189 XII 1059908 1060077
r2523 yjm193 XII 1059908 1060077
r2524 yjm244 XII 1059908 1060077
r2525 yjm270 XII 1059908 1060077
r2526 yjm320 XII 1059908 1060077
r2527 yjm451 XII 1059908 1060127
r2528 yjm453 XII 1059908 1060077
r2529 yjm554 XII 1059908 1060077
r2530 yjm627 XII 1059908 1060077
r2531 yjm969 XII 1059908 1060077
r2532 yjm978 XII 1059908 1060077
r2533 yjm981 XII 1059908 1060077
r2534 yjm984 XII 1059908 1060077
r2535 yjm987 XII 1059908 1060077
r2536 yjm990 XII 1059908 1060077
r2537 yjm996 XII 1059908 1060077
r2538 yjm1248 XII 1060014 1060077
r2539 yjm1439 XII 1060014 1060077
r2540 yjm195 XII 1060014 1060077
r2541 yjm450 XII 1060014 1060098
r2542 yjm1418 XIII 21606 21714
r2543 yjm1444 XIII 24981 25167
r2544 yjm1252 XIII 96172 100073
r2545 yjm1129 XIII 162715 162906
r2546 yjm1208 XIII 162715 162906
r2547 yjm1242 XIII 162715 162906
r2548 yjm1244 XIII 162715 162906
r2549 yjm1250 XIII 162715 162906
r2550 yjm1311 XIII 162715 162906
r2551 yjm1332 XIII 162715 162906
r2552 yjm1336 XIII 162715 162906
r2553 yjm1338 XIII 162715 162906
r2554 yjm1341 XIII 162715 162906
r2555 yjm1355 XIII 162715 162906
r2556 yjm1385 XIII 162715 162906
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r2557 yjm1387 XIII 162715 162906
r2558 yjm1415 XIII 162715 162906
r2559 yjm1417 XIII 162715 162906
r2560 yjm1477 XIII 162715 162906
r2561 yjm1526 XIII 162715 162906
r2562 yjm1574 XIII 162715 162906
r2563 yjm1615 XIII 162715 162906
r2564 yjm189 XIII 162715 162894
r2565 yjm244 XIII 162715 162906
r2566 yjm326 XIII 162715 162906
r2567 yjm450 XIII 162715 162906
r2568 yjm453 XIII 162715 162906
r2569 yjm681 XIII 162715 162906
r2570 yjm682 XIII 162715 162906
r2571 yjm683 XIII 162715 162906
r2572 yjm689 XIII 162715 162906
r2573 yjm693 XIII 162715 162839
r2574 yjm972 XIII 162715 162906
r2575 yjm975 XIII 162715 162906
r2576 yjm978 XIII 162715 162906
r2577 yjm981 XIII 162715 162906
r2578 yjm984 XIII 162715 162906
r2579 yjm987 XIII 162715 162906
r2580 yjm990 XIII 162715 162906
r2581 yjm993 XIII 162715 162906
r2582 yjm996 XIII 162715 162906
r2583 yjm1326 XIII 216320 216367
r2584 yjm1450 XIII 216320 216367
r2585 yjm683 XIII 216320 216367
r2586 yjm1078 XIII 280531 282239
r2587 yjm1078 XIII 336129 344768
r2588 yjm1252 XIII 336129 356015
r2589 yjm248 XIII 336129 339666
r2590 yjm1078 XIII 344815 348503
r2591 yjm1202 XIII 481230 481314
r2592 yjm1078 XIII 509571 509985
r2593 yjm1252 XIII 509571 510465
r2594 yjm248 XIII 509571 509985
r2595 yjm1078 XIII 510197 510465
r2596 yjm248 XIII 510197 510465
r2597 yjm1078 XIII 510492 518522
r2598 yjm1252 XIII 510492 518522
r2599 yjm248 XIII 510492 518522
r2600 yjm1078 XIII 534979 535381
r2601 yjm1341 XIII 599963 600011
r2602 yjm1386 XIII 599963 600004
r2603 yjm693 XIII 599963 600011
r2604 yjm1341 XIII 600077 600343
r2605 yjm244 XIII 600077 600343
r2606 yjm693 XIII 600170 600214
r2607 yjm1341 XIII 600440 600542
r2608 yjm1386 XIII 600440 600542
r2609 yjm244 XIII 600440 600542
r2610 yjm693 XIII 600440 600542
r2611 yjm1444 XIII 609659 609800
r2612 yjm248 XIII 613049 625296
r2613 yjm1273 XIII 798591 798753
r2614 yjm1402 XIII 798591 798846
r2615 yjm1434 XIII 798591 798846
r2616 yjm1573 XIII 798591 798846
r2617 yjm1402 XIII 799780 799876
r2618 yjm1573 XIII 799780 799876
r2619 yjm1402 XIII 807182 807254
r2620 yjm1573 XIII 807182 807254
r2621 yjm1248 XIII 873884 874139
r2622 yjm1273 XIII 873884 874139
r2623 yjm1338 XIII 873884 874139
r2624 yjm1342 XIII 873884 874139
r2625 yjm1399 XIII 873884 874139
r2626 yjm1400 XIII 873884 874139
r2627 yjm1402 XIII 873884 874139
r2628 yjm1418 XIII 873884 874139
r2629 yjm1434 XIII 873884 874139
r2630 yjm1439 XIII 873884 874139
r2631 yjm1443 XIII 873884 874139
r2632 yjm1447 XIII 873884 874139
r2633 yjm1479 XIII 873884 874139
r2634 yjm1573 XIII 873884 874139
r2635 yjm1311 XIII 873895 874139
r2636 yjm1326 XIII 873895 874139
r2637 yjm1401 XIII 874034 874139
r2638 yjm1244 XIII 874091 874139
r2639 yjm1356 XIII 874091 874139
r2640 yjm972 XIII 874091 874139
r2641 yjm975 XIII 874091 874139
r2642 yjm981 XIII 874091 874139
r2643 yjm984 XIII 874091 874139
r2644 yjm987 XIII 874091 874139
r2645 yjm990 XIII 874091 874139
r2646 yjm1133 XIII 874095 874139
r2647 yjm1336 XIII 874095 874139
r2648 yjm451 XIII 874095 874139
r2649 yjm453 XIII 874095 874139
r2650 yjm681 XIII 874095 874139
r2651 yjm1078 XIII 879845 880565
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r2652 yjm248 XIII 879845 880565
r2653 yjm1078 XIII 885915 886054
r2654 yjm248 XIII 885915 886054
r2655 yjm1078 XIII 886356 886534
r2656 yjm248 XIII 886356 886534
r2657 yjm1242 XIII 908628 908659
r2658 yjm1244 XIII 908628 908659
r2659 yjm1338 XIII 908628 908659
r2660 yjm1356 XIII 908628 908659
r2661 yjm1387 XIII 908628 908659
r2662 yjm1450 XIII 908628 908659
r2663 yjm1526 XIII 908628 908659
r2664 yjm683 XIII 908628 908659
r2665 yjm975 XIII 908628 908659
r2666 yjm987 XIII 908628 908659
r2667 yjm555 XIII 917862 917936
r2668 yjm248 XIV 69 605
r2669 yjm1443 XIV 872 1814
r2670 yjm1399 XIV 1341 1712
r2671 yjm1273 XIV 4390 4885
r2672 yjm1399 XIV 4506 4885
r2673 yjm1443 XIV 4506 4885
r2674 yjm1460 XIV 6828 6915
r2675 yjm1549 XIV 7002 7061
r2676 yjm1385 XIV 7009 7100
r2677 yjm1307 XIV 12970 14135
r2678 yjm450 XIV 14165 14509
r2679 yjm1342 XIV 15857 15918
r2680 yjm1385 XIV 15857 16585
r2681 yjm1386 XIV 15857 16567
r2682 yjm1443 XIV 15857 16800
r2683 yjm451 XIV 15857 16567
r2684 yjm1129 XIV 15954 16444
r2685 yjm1338 XIV 15954 16444
r2686 yjm1415 XIV 15954 16444
r2687 yjm1450 XIV 15954 23458
r2688 yjm1463 XIV 15954 16444
r2689 yjm1526 XIV 15954 16444
r2690 yjm326 XIV 15954 23458
r2691 yjm627 XIV 15954 16444
r2692 yjm682 XIV 15954 16444
r2693 yjm683 XIV 15954 16444
r2694 yjm993 XIV 15954 16444
r2695 yjm1311 XIV 16089 16444
r2696 yjm1381 XIV 16089 16444
r2697 yjm1399 XIV 16089 18045
r2698 yjm189 XIV 16089 16444
r2699 yjm1078 XIV 16723 21525
r2700 yjm1129 XIV 16723 21634
r2701 yjm1133 XIV 16723 21400
r2702 yjm1202 XIV 16723 21400
r2703 yjm1242 XIV 16723 21525
r2704 yjm1244 XIV 16723 21525
r2705 yjm1250 XIV 16723 21525
r2706 yjm1252 XIV 16723 21525
r2707 yjm1311 XIV 16723 21525
r2708 yjm1326 XIV 16723 21400
r2709 yjm1332 XIV 16723 21525
r2710 yjm1336 XIV 16723 21525
r2711 yjm1338 XIV 16723 21525
r2712 yjm1341 XIV 16723 21525
r2713 yjm1356 XIV 16723 21525
r2714 yjm1381 XIV 16723 21400
r2715 yjm1383 XIV 16723 21525
r2716 yjm1387 XIV 16723 21525
r2717 yjm1415 XIV 16723 22816
r2718 yjm1417 XIV 16723 21525
r2719 yjm1433 XIV 16723 21525
r2720 yjm1463 XIV 16723 21525
r2721 yjm1477 XIV 16723 21525
r2722 yjm1526 XIV 16723 21634
r2723 yjm1527 XIV 16723 21525
r2724 yjm1549 XIV 16723 22089
r2725 yjm1574 XIV 16723 21948
r2726 yjm189 XIV 16723 21525
r2727 yjm244 XIV 16723 21525
r2728 yjm248 XIV 16723 21525
r2729 yjm270 XIV 16723 21525
r2730 yjm320 XIV 16723 21400
r2731 yjm453 XIV 16723 21525
r2732 yjm456 XIV 16723 21525
r2733 yjm541 XIV 16723 21400
r2734 yjm554 XIV 16723 21400
r2735 yjm555 XIV 16723 21400
r2736 yjm627 XIV 16723 21525
r2737 yjm682 XIV 16723 22816
r2738 yjm683 XIV 16723 21634
r2739 yjm693 XIV 16723 21525
r2740 yjm969 XIV 16723 21525
r2741 yjm972 XIV 16723 21525
r2742 yjm975 XIV 16723 21525
r2743 yjm978 XIV 16723 21525
r2744 yjm981 XIV 16723 21525
r2745 yjm984 XIV 16723 21525
r2746 yjm987 XIV 16723 21525
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r2747 yjm990 XIV 16723 21525
r2748 yjm993 XIV 16723 21634
r2749 yjm996 XIV 16723 21525
r2750 yjm1385 XIV 17164 25172
r2751 yjm450 XIV 17164 19191
r2752 yjm1418 XIV 17834 22020
r2753 yjm450 XIV 20017 24615
r2754 yjm681 XIV 21300 25136
r2755 yjm1248 XIV 24220 33539
r2756 yjm1439 XIV 24220 33539
r2757 yjm1573 XIV 24220 33539
r2758 yjm1447 XIV 24615 33650
r2759 yjm1450 XIV 24615 28674
r2760 yjm326 XIV 24615 31526
r2761 yjm1418 XIV 25368 28601
r2762 yjm1199 XIV 26952 33539
r2763 yjm1273 XIV 26952 33539
r2764 yjm1385 XIV 26952 33539
r2765 yjm1400 XIV 26952 34395
r2766 yjm1402 XIV 26952 33539
r2767 yjm1434 XIV 26952 33539
r2768 yjm1479 XIV 26952 36501
r2769 yjm450 XIV 26952 34650
r2770 yjm451 XIV 26952 33539
r2771 yjm1450 XIV 29546 31526
r2772 yjm1415 XIV 29974 31526
r2773 yjm682 XIV 29974 31526
r2774 yjm1342 XIV 32092 33539
r2775 yjm1450 XIV 32092 37854
r2776 yjm326 XIV 32092 37854
r2777 yjm993 XIV 32092 34650
r2778 yjm1478 XIV 32200 34192
r2779 yjm1415 XIV 32284 34650
r2780 yjm682 XIV 32284 37854
r2781 yjm1381 XIV 33229 34395
r2782 yjm1418 XIV 34133 37890
r2783 yjm1447 XIV 34133 37890
r2784 yjm1385 XIV 34171 37890
r2785 yjm1401 XIV 34585 37890
r2786 yjm1208 XIV 77909 78036
r2787 yjm1248 XIV 77909 78036
r2788 yjm1311 XIV 77909 78036
r2789 yjm1338 XIV 77909 78036
r2790 yjm1386 XIV 77909 78036
r2791 yjm1388 XIV 77909 78036
r2792 yjm1389 XIV 77909 78036
r2793 yjm1401 XIV 77909 78036
r2794 yjm1419 XIV 77909 78036
r2795 yjm1439 XIV 77909 78036
r2796 yjm1443 XIV 77909 78036
r2797 yjm1444 XIV 77909 78036
r2798 yjm1460 XIV 77909 78036
r2799 yjm1592 XIV 77909 78036
r2800 yjm1615 XIV 77909 78036
r2801 yjm195 XIV 77909 78036
r2802 yjm428 XIV 77909 78036
r2803 yjm451 XIV 77909 78036
r2804 yjm450 XIV 102346 102432
r2805 yjm1415 XIV 102352 102449
r2806 yjm1399 XIV 102397 102506
r2807 yjm1078 XIV 234226 236523
r2808 yjm1252 XIV 234226 236523
r2809 yjm248 XIV 234226 236523
r2810 yjm1443 XIV 253581 253851
r2811 yjm1478 XIV 567826 567980
r2812 yjm450 XIV 567832 567980
r2813 yjm682 XIV 567832 567980
r2814 yjm1450 XIV 704279 704500
r2815 yjm681 XIV 704279 704500
r2816 yjm1478 XIV 704401 704500
r2817 yjm1444 XIV 750739 750914
r2818 yjm1450 XIV 750742 751384
r2819 yjm326 XIV 750742 751384
r2820 yjm682 XIV 750742 750914
r2821 yjm1248 XIV 751003 751158
r2822 yjm1386 XIV 751003 751257
r2823 yjm1400 XIV 751003 751158
r2824 yjm1439 XIV 751003 751257
r2825 yjm1443 XIV 751003 751257
r2826 yjm1447 XIV 751003 751158
r2827 yjm1479 XIV 751003 751158
r2828 yjm451 XIV 751003 751257
r2829 yjm1273 XIV 751147 751257
r2830 yjm1381 XIV 751147 751257
r2831 yjm1401 XIV 751147 751257
r2832 yjm1418 XIV 751147 751257
r2833 yjm1573 XIV 751147 751257
r2834 yjm627 XIV 751147 751257
r2835 yjm682 XIV 751147 751257
r2836 yjm1444 XIV 751263 751384
r2837 yjm1447 XIV 751263 751384
r2838 yjm681 XIV 751263 751384
r2839 yjm1450 XIV 751717 752755
r2840 yjm326 XIV 752121 753127
r2841 yjm1447 XIV 752146 752308
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r2842 yjm1418 XIV 752156 752308
r2843 yjm1381 XIV 752157 752308
r2844 yjm1386 XIV 752157 752308
r2845 yjm1400 XIV 752157 752308
r2846 yjm1401 XIV 752157 752308
r2847 yjm1444 XIV 752157 752536
r2848 yjm1460 XIV 752157 752308
r2849 yjm681 XIV 752157 753068
r2850 yjm1385 XIV 752168 752368
r2851 yjm1400 XIV 752365 753039
r2852 yjm1401 XIV 752365 753039
r2853 yjm1447 XIV 752365 753039
r2854 yjm1444 XIV 752826 753068
r2855 yjm1386 XIV 752932 753063
r2856 yjm1418 XIV 752932 753039
r2857 yjm1443 XIV 752932 753039
r2858 yjm1479 XIV 752932 753039
r2859 yjm689 XIV 752932 753039
r2860 yjm1400 XIV 754574 754630
r2861 yjm1444 XIV 754574 754621
r2862 yjm1479 XIV 754574 754630
r2863 yjm1273 XIV 754578 754621
r2864 yjm195 XIV 754578 754621
r2865 yjm1252 XIV 773555 775841
r2866 yjm1252 XIV 775973 776072
r2867 yjm1129 XIV 776429 776460
r2868 yjm1387 XIV 776429 776460
r2869 yjm1526 XIV 776429 776460
r2870 yjm978 XIV 776429 776460
r2871 yjm993 XIV 776429 776460
r2872 yjm1386 XIV 781348 781522
r2873 yjm1447 XIV 781371 781522
r2874 yjm1450 XIV 781405 781522
r2875 yjm1401 XIV 781470 781522
r2876 yjm1311 XIV 781472 781522
r2877 yjm1338 XIV 781472 781522
r2878 yjm195 XIV 781472 781522
r2879 yjm244 XIV 781472 781522
r2880 yjm1400 XIV 781504 781567
r2881 yjm1479 XIV 781504 781567
r2882 yjm1415 XIV 781508 781567
r2883 yjm1248 XIV 781567 781647
r2884 yjm1386 XIV 781567 781688
r2885 yjm1439 XIV 781567 781647
r2886 yjm1450 XIV 781832 782018
r2887 yjm1244 XIV 781838 781952
r2888 yjm1133 XIV 781851 781952
r2889 yjm1326 XIV 781851 781952
r2890 yjm1433 XIV 781851 781949
r2891 yjm1443 XIV 781851 781970
r2892 yjm1526 XIV 781851 781952
r2893 yjm456 XIV 781851 781949
r2894 yjm987 XIV 781851 781952
r2895 yjm993 XIV 781851 782215
r2896 yjm450 XIV 782524 782586
r2897 yjm1402 XV 192 230
r2898 yjm996 XV 313 828
r2899 yjm1341 XV 14287 26534
r2900 yjm1307 XV 14988 15099
r2901 yjm1399 XV 17553 17897
r2902 yjm1199 XV 17718 18216
r2903 yjm1388 XV 17718 18216
r2904 yjm1401 XV 17718 18216
r2905 yjm1574 XV 17718 18216
r2906 yjm1592 XV 17718 18216
r2907 yjm689 XV 17718 18216
r2908 yjm1399 XV 19388 19425
r2909 yjm1399 XV 19561 19910
r2910 yjm1399 XV 20126 20456
r2911 yjm1244 XV 20853 20945
r2912 yjm1381 XV 20853 20945
r2913 yjm1388 XV 20853 20945
r2914 yjm1400 XV 20853 20945
r2915 yjm1401 XV 20853 20945
r2916 yjm1479 XV 20853 20945
r2917 yjm1574 XV 20853 20945
r2918 yjm1592 XV 20853 20945
r2919 yjm1190 XV 21163 23588
r2920 yjm451 XV 22620 26172
r2921 yjm682 XV 23661 23741
r2922 yjm1444 XV 24691 24827
r2923 yjm1444 XV 25317 25427
r2924 yjm1447 XV 25745 26132
r2925 yjm451 XV 26252 26522
r2926 yjm693 XV 26486 26642
r2927 yjm451 XV 30052 30208
r2928 yjm451 XV 30448 31222
r2929 yjm1387 XV 30468 30541
r2930 yjm1477 XV 31260 31300
r2931 yjm451 XV 32118 39973
r2932 yjm1399 XV 35145 39973
r2933 yjm1399 XV 40195 43517
r2934 yjm451 XV 40195 42548
r2935 yjm1399 XV 43585 49402
r2936 yjm451 XV 45131 48160
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r2937 yjm1383 XV 75940 76504
r2938 yjm1399 XV 75940 76504
r2939 yjm326 XV 75940 76504
r2940 yjm682 XV 75940 76504
r2941 yjm1383 XV 76654 78552
r2942 yjm1399 XV 76654 78552
r2943 yjm326 XV 76654 78552
r2944 yjm682 XV 76654 78552
r2945 yjm1250 XV 88074 91410
r2946 yjm1250 XV 91693 91998
r2947 yjm1418 XV 113389 113431
r2948 yjm1250 XV 160138 160621
r2949 yjm1355 XV 160138 160189
r2950 yjm1383 XV 160138 160419
r2951 yjm1387 XV 160138 160419
r2952 yjm1417 XV 160138 160471
r2953 yjm1252 XV 163017 163942
r2954 yjm1399 XV 226865 226934
r2955 yjm1273 XV 227867 227967
r2956 yjm1402 XV 227867 227939
r2957 yjm1463 XV 227867 227967
r2958 yjm1573 XV 227867 227939
r2959 yjm1400 XV 227871 227945
r2960 yjm1434 XV 227871 227939
r2961 yjm1443 XV 227871 227967
r2962 yjm456 XV 227871 227967
r2963 yjm1078 XV 288075 289895
r2964 yjm1252 XV 288075 289895
r2965 yjm248 XV 288075 289895
r2966 yjm682 XV 299707 299764
r2967 yjm244 XV 463538 463618
r2968 yjm1078 XV 483905 485606
r2969 yjm1399 XV 523610 523803
r2970 yjm1133 XV 622025 622069
r2971 yjm1190 XV 622025 622059
r2972 yjm1199 XV 622025 622069
r2973 yjm1304 XV 622025 622059
r2974 yjm1326 XV 622025 622065
r2975 yjm320 XV 622025 622069
r2976 yjm450 XV 622025 622065
r2977 yjm541 XV 622025 622069
r2978 yjm554 XV 622025 622069
r2979 yjm681 XV 622025 622059
r2980 yjm683 XV 622025 622069
r2981 yjm689 XV 622025 622069
r2982 yjm1190 XV 622406 622500
r2983 yjm554 XV 622406 622500
r2984 yjm689 XV 622406 622500
r2985 yjm1133 XV 622415 622500
r2986 yjm1199 XV 622415 622500
r2987 yjm1304 XV 622415 622500
r2988 yjm1326 XV 622415 622500
r2989 yjm320 XV 622415 622500
r2990 yjm428 XV 622415 622500
r2991 yjm450 XV 622415 622500
r2992 yjm541 XV 622415 622500
r2993 yjm681 XV 622415 622500
r2994 yjm683 XV 622415 622500
r2995 yjm1133 XV 623420 623468
r2996 yjm1190 XV 623420 623468
r2997 yjm1199 XV 623420 623468
r2998 yjm1304 XV 623420 623468
r2999 yjm1326 XV 623420 623468
r3000 yjm320 XV 623420 623468
r3001 yjm450 XV 623420 623468
r3002 yjm541 XV 623420 623468
r3003 yjm554 XV 623420 623468
r3004 yjm681 XV 623420 623468
r3005 yjm683 XV 623420 623468
r3006 yjm689 XV 623420 623468
r3007 yjm1133 XV 624147 624290
r3008 yjm1190 XV 624147 624290
r3009 yjm1199 XV 624147 624290
r3010 yjm1304 XV 624147 624290
r3011 yjm1326 XV 624147 624290
r3012 yjm320 XV 624147 624290
r3013 yjm428 XV 624147 624191
r3014 yjm450 XV 624147 624290
r3015 yjm541 XV 624147 624290
r3016 yjm554 XV 624147 624290
r3017 yjm681 XV 624147 624290
r3018 yjm683 XV 624147 624290
r3019 yjm689 XV 624147 624290
r3020 yjm1078 XV 960088 980700
r3021 yjm1252 XV 960088 980700
r3022 yjm248 XV 960088 980700
r3023 yjm1078 XV 1049614 1050940
r3024 yjm1252 XV 1049614 1050940
r3025 yjm248 XV 1049614 1050940
r3026 yjm1078 XV 1051792 1052359
r3027 yjm248 XV 1051792 1052359
r3028 yjm1307 XV 1057193 1057412
r3029 yjm1381 XV 1057311 1057418
r3030 yjm195 XV 1069613 1069833
r3031 yjm1444 XV 1069719 1069800
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r3032 yjm1450 XV 1069719 1069785
r3033 yjm1248 XV 1069776 1070049
r3034 yjm1439 XV 1069776 1070034
r3035 yjm1387 XV 1069925 1070103
r3036 yjm1417 XV 1069925 1070103
r3037 yjm1477 XV 1069925 1070103
r3038 yjm555 XV 1069925 1070103
r3039 yjm1418 XV 1069962 1070103
r3040 yjm1383 XV 1070456 1070543
r3041 yjm1418 XV 1070456 1070543
r3042 yjm554 XV 1070456 1070543
r3043 yjm1083 XV 1070472 1070537
r3044 yjm1190 XV 1070472 1070535
r3045 yjm1208 XV 1070472 1070537
r3046 yjm1248 XV 1070472 1070545
r3047 yjm1273 XV 1070472 1070537
r3048 yjm1304 XV 1070472 1070535
r3049 yjm1388 XV 1070472 1070535
r3050 yjm1399 XV 1070472 1070537
r3051 yjm1401 XV 1070472 1070537
r3052 yjm1419 XV 1070472 1070535
r3053 yjm1434 XV 1070472 1070535
r3054 yjm1439 XV 1070472 1070535
r3055 yjm1443 XV 1070472 1070545
r3056 yjm1447 XV 1070472 1070535
r3057 yjm1573 XV 1070472 1070545
r3058 yjm195 XV 1070472 1070545
r3059 yjm271 XV 1070472 1070545
r3060 yjm320 XV 1070472 1070537
r3061 yjm326 XV 1070472 1070537
r3062 yjm450 XV 1070472 1070535
r3063 yjm456 XV 1070472 1070545
r3064 yjm470 XV 1070472 1070535
r3065 yjm683 XV 1070472 1070537
r3066 yjm1450 XV 1070482 1070537
r3067 yjm1250 XV 1070493 1070543
r3068 yjm555 XV 1070493 1070543
r3069 yjm1248 XV 1073359 1074236
r3070 yjm1401 XV 1073359 1074128
r3071 yjm1439 XV 1073359 1074236
r3072 yjm1399 XV 1073378 1074236
r3073 yjm1447 XV 1073378 1074128
r3074 yjm627 XV 1073378 1073838
r3075 yjm689 XV 1073378 1073838
r3076 yjm987 XV 1073378 1074348
r3077 yjm990 XV 1073378 1073838
r3078 yjm993 XV 1073378 1073838
r3079 yjm1444 XV 1073436 1074128
r3080 yjm1083 XV 1073791 1073838
r3081 yjm244 XV 1073791 1073838
r3082 yjm1244 XV 1073870 1074236
r3083 yjm1273 XV 1073870 1074236
r3084 yjm1307 XV 1073870 1074236
r3085 yjm1336 XV 1073870 1074128
r3086 yjm1388 XV 1073870 1074236
r3087 yjm1415 XV 1073870 1074310
r3088 yjm1417 XV 1073870 1074236
r3089 yjm1443 XV 1073870 1074236
r3090 yjm1477 XV 1073870 1074236
r3091 yjm1549 XV 1073870 1074069
r3092 yjm1574 XV 1073870 1074348
r3093 yjm244 XV 1073870 1074069
r3094 yjm453 XV 1073870 1074236
r3095 yjm554 XV 1073870 1074236
r3096 yjm555 XV 1073870 1074236
r3097 yjm627 XV 1073870 1074310
r3098 yjm689 XV 1073870 1074069
r3099 yjm969 XV 1073870 1074310
r3100 yjm975 XV 1073870 1074310
r3101 yjm984 XV 1073870 1074123
r3102 yjm990 XV 1073870 1074236
r3103 yjm993 XV 1073870 1074236
r3104 yjm1450 XV 1073876 1074123
r3105 yjm456 XV 1073876 1074236
r3106 yjm1342 XV 1073975 1074123
r3107 yjm1190 XV 1074058 1074236
r3108 yjm1202 XV 1074058 1074236
r3109 yjm1381 XV 1074058 1074236
r3110 yjm320 XV 1074058 1074236
r3111 yjm326 XV 1074058 1074348
r3112 yjm541 XV 1074058 1074236
r3113 yjm682 XV 1074058 1074236
r3114 yjm693 XV 1074058 1074236
r3115 yjm1401 XV 1074147 1074348
r3116 yjm1447 XV 1074147 1074256
r3117 yjm1336 XV 1074175 1074348
r3118 yjm1549 XV 1074175 1074245
r3119 yjm689 XV 1074175 1074236
r3120 yjm450 XV 1074853 1074940
r3121 yjm1133 XV 1080247 1080575
r3122 yjm1133 XV 1080965 1081006
r3123 yjm1307 XV 1082378 1082470
r3124 yjm1463 XV 1082378 1082648
r3125 yjm1252 XV 1082405 1082452
r3126 yjm1439 XV 1082439 1082497
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r3127 yjm1307 XV 1082517 1082648
r3128 yjm975 XV 1082959 1083016
r3129 yjm1574 XV 1089487 1089536
r3130 yjm1388 XVI 6681 6729
r3131 yjm554 XVI 8019 8184
r3132 yjm1402 XVI 97098 97164
r3133 yjm975 XVI 97608 98055
r3134 yjm1252 XVI 333928 334671
r3135 yjm1252 XVI 336339 336369
r3136 yjm1252 XVI 489612 494471
r3137 yjm1342 XVI 572037 572115
r3138 yjm1388 XVI 572040 572115
r3139 yjm627 XVI 572060 572115
r3140 yjm1078 XVI 811220 811403
r3141 yjm248 XVI 811220 811403
r3142 yjm1078 XVI 817521 841738
r3143 yjm248 XVI 817521 841786
r3144 yjm1355 XVI 839114 839225
r3145 yjm681 XVI 839115 839225
r3146 yjm1311 XVI 868998 869166
r3147 yjm1399 XVI 869136 869184
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