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Abstract | Variation is a universal property of life, and much of contemporary genet-
ics research is directed towards understanding the causes of variation in traits. Here I present
the results of my investigations into the genetic and other causes of trait variation in humans
and mice. I address these questions in the context of two distinct research projects, which
use pre-existing data to investigate the causes of trait variation, through a range of analytic
techniques.

I first extract trait data from historic breeding records from the incipient Collaborative Cross (a
genetic reference population of recombinant inbred mice) and use them to map genetic factors
affecting litter size and other reproductive traits. Mapping reveals significant quantitative trait
loci associated with litter size and time between litters, as well as a number of suggestive loci. 1
characterise the genetic effects at these loci and investigate candidate genes. The most robust
finding, a litter size locus on chromosome 5, explains around 3% of observed variation and 24%
of the variation attributable to genetics.

Using data obtained from the Netherlands Twin Registry—a longitudinal database of Dutch
twins—I investigate the prevalence of parent of origin effects on gene expression traits in
peripheral blood in humans. I first phase individuals’ genotypes by parental origin and use these
genotypes to calculate the heritability of over 44,000 gene expression traits partitioned into
that attributable to matching and nonmatching parent of origin. I replicate prior genomewide
heritability estimates for many traits, but I find little evidence of widespread parent-of-origin
effects on human gene expression in blood. On further examination, the small sample size
severely limits the power to detect such effects. Nonetheless, I identify approximately 200 genes
enriched for immune system processes that show evidence of parent-of-origin-specific effects on

heritability.



Genetic analysis of variation in complex traits

Nick Groves-Kirkby

DOMI | MINA
NVS TIO
ILLV | MEA

Linacre College

University of Oxford

A thesis submitted for the degree of

Doctor of Philosophy

Hilary Term 2016



To Anna

ii



Contents

Chapter 1 | Introduction
Variation and genetics . . . . . . .. ..o
Genetics and data . . . . . . ...
Genetic analysis of reproduction in Collaborative Cross mice . . . . . . . . ..
Parent-of-origin effects on gene expression in humans . . . . . . . .. ... ..

Common themes . . . . . . . . .

Chapter 2 | Reproduction in the Collaborative Cross
Reproduction in mammals . . . . . . . ... oo
Definitions . . . . . . . . .
Genetics of reproduction . . . . .. ...
The mouse as a model organism . . . . . . . .. ... ... ... ... ...
Reproduction in mice . . . . . . . .. ...
Hybrid sterility . . . . . . . .. .
The Collaborative Cross . . . . . . . . . . . .
Breeding scheme . . . . .. .. oo
Mapping and other studies . . . . . . . . ... oL

Breeding performance . . . . .. . ..o

Chapter 3 | Collaborative Cross breeding records
The CC at Tel Aviv University . . . . . . . . . . . ... ... ..

Data structure . . . . . . . ..

iii

10

10

11

12

14

16

17

19

21

21

28

31



Cousin lines . . . . . . . . 36

Data cleaning . . . . . . . . ..o 37
Exploratory data analysis . . . . . . . . ... ... L 44
Initial observations . . . . . . . ... Lo L 45
Litter size . . . . . . . . . 45
Calculated dates . . . . . . .. ..o 48
Suitability for mapping . . . . . .. ..o o 51
Covariates . . . . . . . . . e 55
Inbreeding . . . . . . .. Y
Breeding histories . . . . . . .. ..o 58
First litters . . . . . . . . . 60
Cousins . . . . . .. 60
SUMMAry . . . . . 64
Genotypes . . . . .. 67
Genotyped CC lines . . . . . . . . .. . 68
Unrecorded cousins . . . . . . . ... 69
Chapter 4 | Genetic analysis of reproductive traits 73
Genetic analysis of complex traits . . . . . . . . ... ... 73
Heritability . . . . . . . . . 74
Broad-sense heritability . . . . . . ... 00000 74
Genetic coefficient of variation . . . . . . . ... ..o 76
Narrow-sense heritability . . . . . . . .. ... 0oL 78

iv



Genetic mapping of reproductive traits . . . . . . . . ... ... 79

Linear mixed effect models . . . . . . .. .. ..o 80
QTL mapping . . . . . . . . . . 82
QTL mapping for litter size . . . . . . . . . . .. ... L. 86
Modeling generation effects . . . . . . . . ... ... L. 89
Effects of subpopulation . . . . . ... ... ... oL 91
QTL mapping for time between litters . . . . . . . ... ... ... ... 94
QTL mapping for other traits . . . . . . . .. ... ... .. ... ... 94
SUMMATY . . . . . e 97
Genetic effects . . . . . . .o 101
Chromosome 5 locus . . . . . . . ... 101
Chromosome 1 locus . . . . .. .. .. ... 104
Chromosome 17 . . . . . . . . . . .. 104
Time between litters . . . . . . . .. ... L 104
Candidate genes . . . . . . . . . 108
Discussion . . . . . . . L 110
Results . . . . . . . 110
Phenotype . . . . . . .. 118
Inbreeding depression . . . . . . . ... 121
CC population . . . . . . ... 122
Data quality . . . . . . . . . 124
SUMMATY . . . o o o o e 126



Chapter 5 | Parent-of-origin effects
The epigenetic basis of variation . . . . . . . . . .. ... ... L.
Parent-of-origin effects . . . . . . ... oo
Examples . . . . . . .
Genomic imprinting . . . . ...
Other parent-of-origin mechanisms . . . . . .. .. ... ... ... ... ...
Detecting parent-of-origin effects . . . . . . . . ... ...

Human gene expression . . . . . . . . . . . . ...

Chapter 6 | Netherlands Twin Register data
NTR cohort . . . . . . . o
NTR research . . . . . . . . . .
NTR genotypedata. . . . . . . . . . ..
Expression data . . . . . . .. Lo

Covariates . . . . . . .

Chapter 7 | Parent of origin effects on gene expression
Phasing NTR genotype data . . . . . . . . . .. ... ... ... .. ......
Kinship . . . . . . o
Method . . . . . . .
Family structure . . . . . . .. ..o
Heritability of gene expression . . . . . . . . . . . ... ... .. ... ...

Total heritability . . . . . . . . ...

vi



Parent-of-origin heritability . . . . . ... ...

Imprinted genes . . . . . . . ..

Discussion

Phasing . . . . . . .

Kinship . . . . . . o

Heritability . . . . . . . . . .

Strong cis effects . . . . ..o

Context . . . . .

Chapter 8 | Conclusions and perspectives

Outcomes

Further work . . . . . .

Critical perspectives . . . . . . . . . .

Data in biological research . . . . . . . . . . . ... ... ...

Reproducibility . . . . . . . .

Postscript

References

vii

199

199

200

201

202

203

205

206



Rule 3: "The Truth Can Wait"



Chapter 1 | Introduction

One can state, without exaggeration, that the observation of and the search
for similarities and differences are the basis of all human knowledge.

—Alfred Nobel, from his ‘black notebook’ (unpublished)

Variation and genetics

Variation—Iloosely defined as a measure of the similarities and differences between indi-
viduals, cells or groups—is a universal property of life, and a central pillar of evolutionary
biology. We see great variation in all manner of traits between species, and within species.
Variation is so ubiquitous that it is frequently taken for granted. We very rarely question
why some humans are taller than others—we just understand that humans are different
sizes. We seldom ask how we comprehend the differences between humans and dogs—we

just understand that dogs are dogs, and that they are not humans.

In certain situations, however, we have great incentive to understand biological variation.
One important example is in the practice of medicine. We frequently see differences in
disease severity or response to treatment between otherwise similar individuals. Under-
standing the causes of such differences would allow the identification of high-risk patients
and the selection of appropriate therapies. Similarly, understanding the causes of variation
in animals and crops would contribute to agricultural production. Understanding the
causes of human trait variation should also make an important contribution to how we
frame discussions of history, identity, and equality," * and to our understanding of cultural

activities, such as sporting performance.®

While individuals show variation across a range of traits, related individuals tend to be
more similar than are nonrelated individuals. We intuitively understand that offspring

resemble their parents, and that siblings are somewhat alike and twins more so. From the



work of early geneticists, most notably Gregor Mendel, we know that such resemblences
are attributable to the action of paired heritable factors—genes—which are transmitted
one from each parent. For some traits, a few such genetic factors are sufficient to explain
observed variation. Classical examples of such Mendelian inheritence include Mendel’s
canonical experiment with peas,® and the autosomal recessive pattern of inheritence of

sickle cell disease.”

The Human Genome Project, completed in 2003, provides a haploid reference genome and
means of cataloging variation among humans at the genetic level.® Around 20,000 genes
are identified, fewer than generally expected and probably too few to support a one-gene—
one-trait paradigm. Sequencing the human genome has enabled much progress in the
understanding of genetic contributions to hereditary disease and other traits.® Nevertheless,
population-based mapping approaches such as genome-wide association studies (GWAS),
which aim to identify common single nucleotide polymorphisms associated with specific
traits, have not yet identified individual genes with effects sufficient to explain all observed
variation in the majority of traits.!®!3 Encouragingly, efforts are now starting to shed

light on the whereabouts of this missing heritability.!4®

Many traits do not exhibit simple Mendelian patterns of inheritance (an observation
made by Mendel himself in studies of other plants and traits®). In fact, variation in most
traits seems to arise from the actions of many genes (i.e. hundreds to thousands).!%2
Contemporary genetic techniques allow the mapping of only the most powerful of these
effects. In addition, environmental effects (broadly defined to include any effect on trait
not caused by genetic factors, and in this case including epigenetic effects) contribute
to the observed trait variation.?! Inter-individual variation in these complex traits is

nonetheless attributable to biologic processes, and thus represents a domain of study for

geneticists.

Nowadays, we understand that individuals show considerable variation at the genetic

level, in the form of mutations, epigenetic marks and structural variants. Such variation



propagates into downstream processes (e.g. transcription and translation), and ultimately
presents as observed trait variation. The processes involved are complex, involving
multiple factors, mechanisms and interactions. Environmental effects also seem to have
an important role. A number of projects aim to catalog and make sense of human
genetic variation (e.g. Encyclopedia of DNA Elements [ENCODE], 1000 Genomes Project,
International HapMap Project, and Human Variome Project).?? 2> Nevertheless, much
about the processes involved remains unknown, both in terms of their general nature and

in terms of specific mechanisms and effects.

While we often think of variation as a property of individuals (e.g. height or disease
susceptibility), in fact multicellular organisms can show considerable variation in form and
function at the cellular level (~200 distinct cell types in humans; estimated 3.72x10'3 total
cells®®). Such variation is in some ways remarkable, because within a given individual
each of these cell types is the product of an identical genetic code. Within each cell type,
a subset of genes are typically expressed, specific to cellular function; such expression is
often dynamic and responsive. The factors governing how the genetic code is processed
and read—epigenetic marks and modifications—are also crucial determinants of observed
trait variation. Epigenetic processes can be modified by environmental factors, with the
caveat that environmental factors might be external to the individual, or a manifestation
of complex internal interactions. Epigenetics is a burgeoning field of research, and the

full extent of the effects of epigenetic processes on trait variation is yet to be defined.?”

Thus, much remains unknown about the causes of inter-individual variation. Genetic
factors are an important contributor; however, very few phenotypes conform to the
textbook example of a ‘gene for’ a trait. Unravelling the cause of variation in a trait
is certainly aided by identifying the genetic factors involved, but is also dependent on
understanding how they function and interact with each other and with a broadly defined
environment. Much of contemporary genetics research is in one way or another involved in

addressing such questions. In this thesis I report research that builds on these approaches,



in the context of a number of high-level questions:

To what extent and under what circumstances do genetic factors explain observed

trait variation?

« What specific genetic (and other) factors explain observed trait variation?

o By what mechanisms do these genetic factors affect trait variation?

o Are these mechanisms predictable and generalizable across traits, individuals, and
populations?

o To what extent is knowing about these factors useful for medical and other applica-

tions?

I present here the results of my investigations into the genetic and other causes of trait
variation in humans and mice. I address these questions in the context of two distinct
research projects, which use pre-existing data to investigate the causes of trait variation,
through application of a range of analytic techniques. Below I provide brief outlines of
these projects and their major outcomes. While this is in many ways a thesis in two parts,

I endeavour to identify links and highlight common themes throughout.

Genetics and data

The other notable focus of this thesis is the use of data in genetic research. The past
years have seen an immense increase in the quantity of data available to a researcher
in genetics. An assumption exists—probably correctly—that more data leads to better
research, both in terms of resolution and robustness. Furthermore, genetic and other data
are widely believed to be the key that unlocks a new wave of innovation in health care
and related technologies. Such ideas are held not just among researchers and clinicians,

but are also gaining traction among the press and public.2®33



The obvious source of the growth of data in genetics research is the increasing availability
of sequencing data, and the rapid decreases in the cost of obtaining such sequences. A
related development is an increase in the availability of high-powered computing clusters,
which enables analysis of large data sets, and in cloud and server methods for data storage.
Sequence data is complemented by other large data sets, including those reporting gene
and protein expression. Analyses run on such data generate additional datasets in the
form of results and intermediaries. Finally, published articles and results comprise a
growing body of data in themselves, as do curated resources such as the ENSEMBL and

UCSC genome browsers.34:3°

The growth in genetic and related data offers the opportunity for novel research and
discovery. The challenge in this setting is to identify good, well-documented data
resources that are suitable for addressing important research questions. In this regard,
comparatively little published guidance on issues of data management and good practice
exists in the genetics literature. As the research reported in this thesis relies primarily on
computational methods and data analysis, I take the opportunity to comment on some of

these pertinent issues.

Genetic analysis of reproduction in Collaborative Cross mice

The first part of this thesis investigates the factors affecting reproductive traits—chiefly in
the form of litter size (i.e. fecundity)—in inbred mice from the Collaborative Cross genetic
reference population. Reproduction is a fundamental property of life; yet we see dramatic
differences in reproductive strategies between species, including among mammals. We also
observe differences in reproductive performance between individuals within a species. An
understanding of the genetic and other factors affecting mammalian reproduction would
potentially contribute to a number of domains, including improvement of agriculture

and animal husbandry, treatment of infertility, development of novel contraceptives, and



government policy in multiple areas.

Inbred mouse lines are a cornerstone of genetic research. Individuals within an inbred line
are (theoretically) genetically identical, allowing any differences within and between lines
to be investigated. The Collaborative Cross population is a collection of recombinant
inbred lines with known founders designed to enable trait mapping and systems genetics
approaches. I extract trait data from historic breeding records from the incipient Collab-
orative Cross lines (Chapter 2) and use them to map genetic factors affecting litter size
and other reproductive traits (Chapter 3). Mapping reveals significant quantitative trait
loci associated with litter size and time between litters, as well as a number of suggestive
loci for litter size and other traits. I then apply a number of techniques to dissect these
loci, to characterise the effect sizes and to identify candidate genes (Chapter 4). The
most robust finding, a litter size locus on chromosome 5, explains around 3% of observed

variation and 24% of the variation attributable to genetics.

Parent-of-origin effects on gene expression in humans

The second part of this thesis discusses parent-of-origin effects on gene expression in
humans. While it is possible to identify genetic factors that show association with specific
traits, many complex traits show substantial ‘missing heritability’. A number of possible
explanations for this missing heritability are suggested, including epigenetic effects. One
particular class of epigenetic effects is parent-of-origin effects, in which the parental origin
of an allele (i.e. maternal or paternal) is associated with its contribution to a given trait.
Such effects have been observed in a number of species and traits but it remains an
open question how widespread they are, and what their contribution is to observed trait

variation.

[ first provide a review of the current state of knowledge on parent-of-origin effects (Chapter

5). Using data obtained from the Netherlands Twin Registry—a longitudinal database



comprising approximately 50% of Dutch twins (Chapter 6)—I investigate the prevalence
of parent of origin effects on gene expression traits in peripheral blood in humans. I first
identify individuals for whom both parental genotypes are available, and use these data
to phase the individuals’ genotypes by parental origin. I then calculate the heritability
of over 44,000 gene expression traits partitioned into that attributable to matching and
nonmatching parent of origin (Chapter 7). I replicate prior genomewide heritability
estimates for many traits, but I find little evidence of widespread parent-of-origin effects
on human gene expression in blood. On further examination, the small sample size
severely limits the power to detect such effects as a result of comparatively low variance
in kinship between unrelated individuals. Nonetheless, I identify approximately 200 genes
enriched for immune system processes that show evidence of parent-of-origin-specific

effects on heritability.

Common themes

These two projects share several common biological themes, including relationships be-
tween generations, the effects of genotype on observed phenotype and phenotypic variation,
and conflicts between parental genomes. Of these possibilities I have chosen to focus my
narrative on the topic of the genetic and other factors affecting trait variation, as such
questions have implicitly and explicitly guided the design, execution and interpretation
of the research. Nonetheless, throughout this thesis I will endeavour to highlight areas of

overlap between the two projects as they become apparent.

Both projects also rely heavily on data and computational analysis. The application of
data to investigate complex problems has been a common theme throughout my doctoral
work, and thus a notable component of this thesis will be a discussion of the role of data
and other resources in the contemporary life sciences and beyond. Much of this discussion

can be found in the concluding chapter (Chapter 8).



Finally, in the spirit of good research practice, I have made every effort to ensure
that the work reported here reflects open, reproducible research. All data analysis is
done using the open-source language R (https://www.r-project.org). The thesis itself is
written in R Markdown (http://rmarkdown.rstudio.com/) and the code used to generate
the vast majority of figures and analyses is embedded within the raw text file. On
occasion, code blocks are presented in the final text when they enhance understanding.
A final electronic version will be deposited in the Oxford University Research Archive
(http://ora.ouls.ox.ac.uk/) and all relevant files will be available via an open repository
on GitHub (https://github.com/). I evaluate my experiences with such open reproducible

research in the concluding chapter (Chapter 8).



Chapter 2 | Reproduction in the Collaborative Cross

It is certainly true that the natural scheme for preservation of the species
discourages incest in an extremely effective manner. .. For stragglers able to
survive these hazards, a barrier of sterility looms as the tenth generation of
inbreeding is approached. Few scientists seriously believed that a viable strain
of inbreds could be continued, even if briefly achieved.

—Leonell C Strong, in Origins of Inbred Mice (1978) Ed. Herbert C Morse
I113¢

Reproduction in mammals

Reproduction is a fundamental property of life, and is central to determining evolutionary
fitness. Among mammals sexual reproduction is the norm, with each zygote inheriting one
set of chromosomes from each parent. Sexual reproduction maintains trait variation in a
population, necessary for the action of natural selection. Within Mammalia, monotremes,
marsupials and placentals have notable differences in reproductive strategy, and substantial
variation occurs between species within each clade. As the investigations in this thesis

primariliy involve mice and humans, I focus the discussion on placental mammals.

Successful mammalian reproduction depends on the correct function of multiple biological
processes, including sex determination of the parents (beginning in embryonic devel-
opment), sexual maturation, gametogenesis, endocrine function, sexual behaviour and
physical function, fertilization, early embyonic development of the offspring, gestation,
parturition, lactation, and neonatal care. These processes occur over what can be a
substantial period of time, and they interact with environmental stimuli. Reproduction
in mammals is, therefore, undoubtedly a complex trait, comprising multiple interacting

processes.

Placental mammals show marked inter-species differences in reproductive traits including

litter size, gestation time, birth weight, and investment in postnatal care. Variation in

10



such traits also exists within species, including humans and mice. Although heritability
of reproductive traits is generally reported to be lower than other quantitative traits,

much variation remains heritable and attributable to genetic factors.3™ 40

Mammalian reproduction is studied in diverse contexts, including health care (i.e. infertil-
ity and contraception; often shared between gynecological and andrological specialties),
animal husbandry, conservation, and ethics. Research approaches include clinical sciences,
developmental biology, epigenetics, molecular biology and genomics. While much pub-
lished work exists in each of these disciplines, articles tend to be domain-specific with
comparatively little overlap between disciplines. Thus, while much information on the

factors affecting mammalian reproduction exists, it is not well synthesised and curated.

Definitions

Some confusion exists as to how precisely to describe reproductive capacity, particularly
in the uses of the terms ‘fertility’ and ‘fecundity’. In fact, failure to adequately define
these terms at the outset of this project resulted in ambiguous scope and poorly defined
project goals, which I discuss in more detail in Chapter 8. Throughout this thesis I
endeavor to adhere to a strict biological definition, whereby fecundity is a measure of
the reproductive output of an individual (e.g. the number of offspring produced), and
fertility is a measure of the potential for reproduction (e.g. fertile versus infertile, and
grades in between). In human demography, however, the two terms seem to have broadly

acquired the opposite meaning, and day-to-day they are often used interchangeably.

In the context of mammalian reproduction traits such as litter size or total offspring
production can be regarded as a measurement of the fecundity of an individual or mating,
which can be representative of the fertility of an individual, mating or inbred line. Other
measurable traits such as gestation time or time to first litter are reproductive traits, also

representative of fertility.

11



How best to measure and define reproductive phenotypes to enable their investigation
remains an open question. Simple measures such as litter size are appealing, as they are
easy to measure. However, as highlighted above, litter size represents the cumulative
action of multiple biological and environmental processes. It is likely to be something of
a crude tool for identifying specific factors associated with these processes. By contrast,
biologically relevant phenotypes such as ovulation rate require more resources to evaluate,

and often destruction of the organism under investigation.

Genetics of reproduction

Mammalian reproduction is a complex trait, representing the outcome of many different
biological processes. Several thousand gene products are ultimately suggested to be
involved in reproductive success. To date hundreds of genes are implicated in these
processes and shown to be associated with reproductive phenotypes. Many of these genes
are associated with developmental abnormalities, or with male factors—spermatogenesis
is a remarkably complex process with ~4% of mammalian genes specifically expressed in
the male germline.*! Thus, many such genes are identified in the context of sometimes
extreme reproductive defects, rather than in the context of continuous natural variation

in reproductive traits. These findings have been extensively reviewed elsewhere.? 45

In the clinical setting, research similarly focuses on disorders of reproduction, typically in
couples who present with infertility. The first genes identified to affect reproduction were
associated with sexual differentiation (e.g. SRY in Turner and Klinefelter Syndromes),
or hormone production and sensitivity (e.g. GnRH, KAL1, LHB, and FSHB in disorders
of the hypothalamic—pituitary—gonadal axis). Subsequent investigations using mouse
knockout models have revealed over 500 null mutations associated with reproductive
processes; however, while the action of hormonal and sexual differentiation genes is
comparable across species, few of the mouse genes necessary for gametogenesis have

known mutations in their human orthologs.*

12



More-recently, candidate gene and genome-wide association studies in women have
identified loci associated with endometriosis, uterine fibroids, polycystic ovary syndrome
and premature ovarian failure, as well as age at menarche and menopause.*47 These
loci follow the expected pattern of many genes with small effect sizes. Similarly, small
genomewide studies have reported loci associated with male fertility.**>! Nonetheless,
despite the many genes linked to fertility traits, clinically relevant mechanisms and
interventions are not well defined; most clinical presentations still result in the diagnosis

of idiopathic infertility.

While male factors account for the majority of genes implicated in reproductive processes,
the contributions of male and female factors to clinical infertility are about equal,’® and
female factors are reported to have much greater impact on overall determination of
reproductive traits. This apparent contradiction makes some sense in the context of the
biology of reproduction—male factors can be expected to affect the success or failure
of conception, but female biology governs ovulation, gestation, parturition and other
reproductive processes. The genetic factors so far associated with female reproduction are

perhaps less-extensively reviewed®®® than are the genetics of male factor infertility.??-°6-65

Knowledge of normal reproductive function is clinically relevant, for preventative ap-
proaches to treating infertility, for family planning and for the application of contraceptive
therapies. In this regard, large-scale genomewide studies of nonpathogeneic human repro-
ductive traits are somewhat impractical, owing to long generation times and the invasive
nature of clinical investigations. While many of the underlying pathways are well known,
better understanding of the specific genetic and other factors that affect these traits might

better inform clinical decision making and therapeutic discovery.

One domain in which investigation into the factors affecting quantitative trait variation
has been done is animal husbandry and agriculture. Productivity is important to the
practice of agriculture, and the genetics of reproductive traits have been investigated

in several species, chiefly cows, pigs, goats and sheep. In particular, studies in sheep

13



have identified genes involved in the transforming growth factor beta superfamily (GDFY,
BMP15 and BMPRIB), which are associated with offspring production through their
effects on ovulation rates.%® These genes are since shown to have similar effects in human
and mouse reproduction. While genomewide association studies and other approaches
have identified regions associated with reproductive traits, better predictive markers of
reproductive output are required as fecundity is often below the maximum attainable

level, or has declined owing to selection for milk or wool production.

The mouse as a model organism

The house mouse (Mus musculus) is the most popular mammalian model organism for
the study of health and disease genetics. Mice breed quickly, are relatively cheap, tolerate
inbreeding well (at least compared to other mammals), and exhibit a wide range of genetic
and phenotypic diversity, similar to humans. Mice are commensal with humans, with a
worldwide distribution comprising several subspecies (Figure 1). They have been kept as
pets since as long as 3,000 years ago, and have been used in biomedical research since
the early 16th Century and in genetic research since the rediscovery of Mendel’s laws in

1900.57

A key breakthrough in mouse genetic research was the development of the first fully
inbred lines in the 1920s. Such lines facilitated reproducible experiments and enabled
investigation of the observed genetic linkage of traits.® Inbred strains are now defined
as having undergone strict brother—sister mating for at least 20 consecutive generations,
resulting in ~99% homozygosity.”® Most classical laboratory inbred mouse strains are
derived from pet-shop and fancy mice, which were often bred without specific protocol;
selected for good health, ease of handling and docility; and subject to a range of bottleneck
effects. In fact, classical laboratory strains are all derived from no more than a few M. m.

domesticus females, with inter-strain polymporphism contributed by six M. m. musculus

14
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Figure 1: Worldwide distribution of mouse subspecies. Colour code relates to the
individual subspecies (green—M. m. domesticus, blue—M. m. musculus, red—M. m.
castaneus). Purple colour indicates the hybrid zone of M. m. musculus and M. m.
castaneus. A much narrower hybrid zone of M. m. domesticus and M. m. musculus
exists in central Europe. The definition of M. m. castaneus in the Indian subcontinent is
complex. © 2013 Lilue et al.. Modified with permission under CC-BY.%®
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males. A number of resources document the unusual origins of modern laboratory

mice,36,67,71-74

The Jackson Laboratory currently offers around 200 inbred strains to researchers, and
many more have been generated, from varying origins and with diffuse characterstics.”™ 7"
The mouse is now by a distance the mammal with the greatest number of genetically
distinct laboratory strains. Notably, while the origins—and many contemporary uses—of
inbred mice lie in investigating the genetic causes of disease, the creation and maintenance

of inbred stocks provides insight into fundamental biological processes such as those

surrounding reproduction, inbreeding and speciation.

Over time, a number of mouse genetic resources have been developed for trait mapping,
including recombinant inbred panels, advanced intercross lines and heterogeneous stocks.
These resources have typically been derived from classical inbred strains, which show
limited allelic diversity. They have facilitated trait mapping in mice, but variously suffer
from lack of phenotypic diversity, widespread linkage and limited allelic diversity in regions
of the genome. A key consequence of these limitations is low mapping precision. Novel
resources such as the Collaborative Cross (see below) and Diversity Outbred populations

have been developed to address these issues.™

Reproduction in mice

The process of reproduction in mice is generally similar to that of other mammals. As a
result of the long history of breeding mice for research, details of reproductive processes
in the mouse are well characterized and documented.”™®" Mice have a high reproductive
potential, with a gestation period of 18-21 days, multiple pups born per litter, immediate
postpartum estrus, and a generation time of 812 weeks. The mouse thus represents a
good candidate for the investigation of reproductive processes. Females produce multiple

litters in their lifetime, typically up to 5 in inbred strains and up to 10 when not inbred.

16



Inbred females show greatly reduced fecundity from the age of 8-10 months.®°

Reproductive traits investigated in mice include litter size, ovarian function, gestation
time, ovulation rate and response to gonadotropins, number born alive, number of
implantations, testis weight, sperm count, nursing properties, and stress resistence during
pregnancy. Some of these traits have been associated with genetic factors, but much
variation remains unexplained. Substantial variability is seen in reproductive traits
among mouse populations, and differences among inbred strains are common. Most
features of mouse reproduction are alterable by environmental factors, including physical
environment and presence of other animals; these environmental effects also vary among

inbred strains.”™

Much of the current knowledge on reproduction in mice has developed alongside the
breeding and maintenance of research populations including inbred lines. Inbreeding is
associated with a strong decline in fertility and other fitness traits, and as a result the
creation of fully inbred mouse lines is difficult. This ‘inbreeding depression’ probably
results from accumulation of homozygosity for mutations with recessive effects.®! In
mice, inbreeding is repeatedly demonstrated to reduce the number of offspring born
alive by approximately 0.5 per 10% inbreeding.®? Nonetheless, the loss of fitness effect
of inbreeding depression can be overcome, and inbred strains exist with a range of

reproductive phenotypes including good breeders.

Hybrid sterility

An important contributor to fertility phenotypes in mice is hybrid sterility, in which
matings of individuals from different mouse subspecies produce sterile hybrid offspring.
Hybrid sterility is described in a range of taxa, and contributes to speciation by re-
stricting gene flow between populations. It generally results from incompatibile epistatic

interactions between independently evolving genes in two or more subpopulations (the
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Dobzhansky—Muller model®®). Hybrid sterility is often asymmetric; in mice, sterile F1
males result from one direction of cross, consistent with Haldane’s rule that sterility
affects the heterozygous sex,* and indicating a role for sex chromosomes. The relative
closeness of evolutionary distance between mouse subspecies (compared with other model
organisms) makes the mouse a popular model for investigation of causal hybrid sterility

and speciation genes.

In mice, a well-documented narrow hybrid zone exists between M. m. musculus and
M. m. domesticus populations in eastern and western Europe, respectively (see Figure
1), within which males show significantly reduced (but variable) fertility.*> Laboratory
crosses between representatives of these two subspecies show that F1 hybrid sterility
is asymmetric, with male sterility caused by the interaction of one locus, Hstl on
chromosome 17, subsequently identified as Prdm9,8¢ with Hstzl on the middle region of
M. m. musculus chromosome X.%” These loci are necessary but not sufficient for sterility,
and thus other weak loci also seem to contibute to this process. Recessive loci also
contribute to hybrid male sterility traits, indicating a need for investigation beyond the

F1 generation.®

An underlying mechanism of hybrid sterility in these laboratory crosses is failure of pairing
of paternal and maternal chromosomes during meiosis (termed asynapsis), the effects of
which are more severe in males than in females.®® The asymmetric effect on asynapsis
has been localized to a 4.7Mb region of chromosome X (named Hstz2, which overlaps
with Hstr1).%° This region contains several plausible candidate genes for the Hstrl and

Hstz2 loci.

Genomewide association mapping of sterility traits in mice from the European hybrid zone
identifies multiple associated loci; however, these loci are expected to have epistatic effects,
and few cases of incompatibilities exist in which all partner loci are known.?! Several
such interactions are identified in an expression study of F2 hybrids, including several

autosome—X-chromosome interactions and novel autosome—autosome interactions.”?
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Studies of other mouse subspecies hybrids also identify a number of autosome and sex
chromosome loci associated with hybrid sterility.?®° While some overlap of identified
chromosome regions is seen in these crosses, different genes seem to be involved. Similarly,
differences seem to exist in the genes involved in determining sterility in crosses of different
M. m. musculus and M. m. domesticus strains.®® Female hybrid sterility,”® assortative
mating,” and reduced hybrid immune function might also contribute to reproductive

isolation between mouse subspecies.

The Collaborative Cross

The Collaborative Cross (CC; csbio.unc.edu/CCstatus/) is a systems genetics resource of
recombinant inbred lines descended from eight common mouse inbred strains. The CC
was initiated in 2002, with the aim of providing a powerful tool for the dissection of the
genetic architecture of complex traits.”®% Simulation'® and intermediate analyses!'%!:102
report successful creation of the CC, with balanced allele frequencies, an even spread of
recombination sites, good phenotypic distributions, and an anticipated genetic mapping

resolution of ~1Mb. The CC is anticipated to offer a number of improvements over

existing mouse genetic resources.

The eight CC founder strains were chosen on the basis of their popularity in mouse genetics,
availability of sequence data, medical relevance, and their genetic diversity (Table 1).
To maximise diversity, wild-derived strains from the three main mouse subspecies were
included. Most common laboratory mouse strains and resources are overwhelmingly M.
m. domesticus in origin and consequently they represent a relatively small part (~26%)
of the possible genetic diversity.'%%* This limited diversity is not evenly distributed
across the genome, resulting in blind spots for genetic mapping. By contrast, the eight
CC founder strains capture 89% of the known genetic diversity in mice, randomly spread

across the genome.'%
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Breeding scheme

The CC breeding scheme is shown in Figure 2. Each CC line results from mating of the
eight founder strains in a funnel design (to generate heterozygous animals containing
approximately equal contributions from each founder), followed by many generations
of inbreeding. The order of the parent strains across funnels is randomised to ensure
a diverse range of genotypes in the final (fully inbred) CC lines, and also balanced sex
chromosome and mitochondrial contributions. At each generation of inbreeding, mating
is initiated from randomly selected siblings from the previous generation. As breeding has

progressed, the randomisation process has been adjusted to avoid funnel combinations

that breed poorly or are infertile.'%7

Breeding began in 2004 at three sites: Oak Ridge National Laboratory, TN (now moved

to University of North Carolina [UNC]);'%7 International Livestock Research Institute,

Kenya (now moved to Tel Aviv University, Israel [TAU]);!%® and Western Australian

Institute for Medical Research, Australia.!?® Updates were published in 2008 from each

of these sites, outlining the status of the three breeding populations. In 2012, the first

CC inbred lines were announced as ready for distribution.!?

Mapping and other studies

To date a number of traits has been mapped in the partially inbred (pre-CC) mice

111-114

(Table 2), including infection response, white head spotting,''® coat colour,'*® body

g, 115,117 0 7

weigh gene expression, 1211518119 haematological parameters,'?® energy balance, !

122 118,123

albuminuria,'?! immune cell phenotypes,?? allergic inflammation, and multiple other
phenotypes.'?* These results illustrate the suitability and potential of the CC as a resource

for trait mapping.

CC mice and founders have been used in a number of other studies (Table 3). Individual

CC inbred lines have the potential to act as models for human disease, for example irritable
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Figure 2: Breeding scheme of Collaborative Cross lines. The figure shows the breeding
scheme for three independent CC lines. Each line has a funnel section followed by an
inbreeding section. The eight founder strains are arranged in different positions (1-8) in
each line, and this order determines the funnel code on the basis of a single letter code
for each line. Founder order is randomized and not repeated across lines. The colors
used for founder strains are seen throughout this article. Each mouse is represented by a
pair of homologous autosomes and a symbol denoting its sex. © 2015 Genetics Society of
America. Reproduced with permission
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bowel disease.'?> Intercrossed CC lines were used to demonstrate genetic variation in
susceptibility to Ebola hemorrhagic fever and West Nile virus, and proposed as a means
to investigate pathogenesis and test therapeutic strategies.'?%12” A number of studies have
shown heritability of traits and genetic variation in phenotype, demonstrating suitablility
of these traits for genetic mapping. Other studies have documented phenotypes in the

CC founder strains.

Despite the demonstrated suitability of the CC for mapping studies and other experi-
mentation the CC has been slow to achieve its potential. One reason for this delay is the
slower than expected breeding of the inbred lines, and thus a limited availability of the
final inbred lines to date.'®® At the time of writing (April 2015), 69 CC lines are listed
as available to order from UNC (csbio.unc.edu/CCstatus/index.py?run=AvailableLines).
Despite this availability, however, the mapping studies done to date have almost exclu-
sively used the incipient (pre-CC) lines of the cross rather than the distributable and

completed lines.

To examine the reach of the CC to date, I searched PubMed for publications related to
the CC using the search term “Collaborative Cross” (done 23 April 2015). The search
returns 129 articles, 73 of which relate to the CC. As expected the number of publications
remained low until 2010, and has increased rapidly in the past 5 years. I categorize these
articles according to their content (Figure 3a). I identify 16 mapping studies and a further
19 papers describing methods for use in mapping and analysis. Encouragingly, several
studies are starting to use the CC founders in their experimental populations, which will
facilitate integration of differing data sets based on the CC genotypes. Several additional

mapping studies have been published in the remainder of 2015.1287130
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As CC mapping studies have to date been done using the incipient CC lines, they have
been conducted almost exclusively by the CC breeding centres. Over time the quantity of
mapping and other studies will offer a measure of the uptake of the CC resource beyond
the breeding centres. In this regard, CC papers represent 8 of 95 (8.42%) papers identified
on a PubMed search for “mouse” + “qtl” from 2014. Although very roughly calculated,

this proportion provides a baseline for monitoring impact of the CC over time.

I also use citation data to investigate the wider impact of the CC to date. Overall,
the 73 CC papers have generated 1,320 citations in 887 articles outside the 73 (data
from Thomson Reuters Web of Science; done 23 April 2015). Initially, all citations
were to overview papers describing the structure and purpose of the CC (Figure 3b).
Encouragingly, since the the first mapping studies in 2011, both the total number of
citations has increased and a sizable proportion of citations is attributable to mapping
and other experimental studies. The 16 mapping studies have generated downstream
citations from authors in 25 countries (not shown). It would be interesting to further
map these results to see the geographical and institutional downstream reach of the CC

publications.

At present, the users of the CC resource are clustered around the project breeding centres,
without much overlap between these centres. Step-by-step guidelines to using the CC
resource for mapping and other studies would be very welcome, as would consensus on
the methods for following up on genetic associations discovered through mapping. In this
regard, a centralised knowledge base, perhaps in the form of a collaborative wiki would
be useful, as would a clear platform for data integration (for example, GeneNetwork;?
www.genenetwork.org). Two 2015 papers highlighting CC bioinformatics pathways and

shared data through the Mouse Phenome Database are very encouraging.!5%:151
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Figure 3: Published Collaborative Cross papers by category. The left panel (a) shows
published articles categorized according to their purpose, into overviews, methods articles,
mapping studies, investigation of founder strains, nonmapping experiments, and studies in
the related DO or HS-CC mice. Mapping studies have been published steadily since 2011,
and novel methods continue to be developed and discussed. Data obtained by searching
PubMed for the term ‘Collaborative Cross’, and excluding nonrelevant articles. The right
panel (b) shows Citations to the first 73 published articles on the Collaborative Cross
by year. The majority of citations have been to overviews of the project. Since the first
mapping studies were published in 2011 they have generated a number of downstream
citations. Data from Thomson Reuters Web of Science, excluding citations within the
CC corpus. Abbreviations: CC, Collaborative Cross; DO, Diversity Outbred; HS-CC,
Heterogeneous Stock Collaborative Cross.
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Breeding performance

The CC breeding program is somewhat behind schedule, owing to slower-than-expected
inbreeding,'®? and in large part to the difficulty of creating fully inbred lines from the
eight founders. The initial CC plans anticipated a strain attrition rate of 30-40%;” in
fact, extinction rates have been considerably greater, reported in excess of 70% in the
UNC arm.'®' As a result, the anticipated final number of inbred lines has dropped from

1,000, first to approximately 500 and now in all likelihood to fewer.

Breeding performance in the CC seems to be a line-specific heritable trait, as shown
by parent-offspring regression coefficients for reproductive traits.'>* This observation

supports previous reports that traits such as litter size and time to first litter are heritable

40,152 153,154

(h? in the range 0.1-0.2) in mice and in agricultural and domesticated animals.
Furthermore, selection studies on litter size have been successful in laboratory mouse
populations, with significant changes seen within 30 generations of breeding.®?!5® Genetic
components associated with litter sizes have been identified, including the genes Bmp15
and Gdf9, which act through modulation of ovarian function and are also reported to

affect reproduction in sheep and other mammals. 56160

Data from the UNC arm of the CC, obtained from the Mouse Phenome Database
(phenome.jax.org)'6! show that the eight founder strains of the CC exhibit notable
variation in litter size (Figure 4a).'® Whereas NOD /ShiLtJ mice have a mean litter size
greater than 8 pups, the wild-derived strains PWK/PhJ and WSB/EilJ typically have
much smaller litters. With the exception of the C57BL/6J mice, sample sizes are low (n
=3 ton = 7). For pre-CC females, mean litter sizes were typically within the range of
the founders (Figure 4b), indicating a trait amenable to mapping in the CC. A study
of gestation length in inbred mouse strains reports much the same litter sizes for the

founder strains.'63

Taken together, these observations suggest that while the eight founder strains of the
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Figure 4: First litter size for CC mice. The upper panel (a) shows first litter sizes
produced by females and males (females shown first in each pair). The calculated male
and female means share some data, but only A/J uses exactly the same samples for
both sexes. Any observed differences between sexes in first litter sizes are likely to result
from the small sample sizes. Error bars depict SEM. The lower panel (b) shows first
litter size of incipient Collaborative Cross lines. The incipient inbred lines are arranged
in descending order along the x axis. The range of mean first litter sizes for females
in the incipient lines of the Collaborative Cross exceeds that of the founders, and the
variation between lines is greater than that within lines indicating litter size is amenable
to quantitative trait locus mapping. Light gray bars depict SEM. Data from the Mouse
Phenome Database: 43541.%62
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CC breed reasonably well and are relatively easy to maintain, when crossed and inbred
they show significant variation and frequent problems in fertility. Decreasing fertility
attributable to inbreeding depression is expected with inbred lines, but the systematic
variation between lines and the existence of founder combinations that breed poorly

suggest that specific genetic factors also affect breeding performance.

The existence of records of the CC breeding process offers the opportunity to investigate
this phenomenon, and to potentially identify genetic mechanisms by which breeding
performance is enhanced or impaired. The observed difficulties in breeding performance
might result from several overlapping factors including inbreeding depression caused by
accumulation of deleterious mutations, and specific allelic incompatibilities such as those
causing hybrid sterility between M. m. musculus and M. m. domesticus. In addition,
some of the observed variation between inbred lines is likely to result from additive
variation that is amenable to quantitative trait mapping approaches. In the next chapters,
I analyse breeding records from one of the CC populations to investigate genetic factors

associated with reproductive performance in these mice.
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Chapter 3 | Collaborative Cross breeding records

The idea that the data must certainly, if properly massaged, be able to answer
the burning question is most seductive and dangerous

—John W Tukey (1993)'64

The CC at Tel Aviv University

In order to investigate the genetics of reproductive traits in the CC, it is necessary to
have phenotypic data on these traits. Having been advised that the breeding records for
the CC populations would contain suitable phenotype data, I obtained these records from
the CC population maintained at Tel Aviv University, Israel (TAU). These records exist
in the form of three extensive interrelated .xls workbooks, which respectively recorded
those CC lines initiated in Kenya (two workbooks) and those subsequently started in
Tel Aviv. It is immediately obvious that these breeding records are not in fact true
pedigrees in which individuals are assigned unique identifiers and family relationships
can be tracked. Instead, the records are organized to record littering events and their

associated information.

The workbooks each comprise multiple data sheets, and have been maintained by hand.
As a result they contain numerous duplicate records and empty cells, which has required
careful curation and cleaning before analysis to minimise the risk of systematic error.
In particular, the spreadsheets are arranged such that information from a particular
breeding funnel is spread over several rows, often with labelling only on the first line;
consequently they contain many empty cells that might or might not be informative.
I invested significant time into translating these spreadsheets into a format that was
suitable for computational analysis. As the structure of the breeding records affects the

conclusions drawn from the data I illustrate the three workbooks in Figures 5-7.
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Figure 5: Breeding records for Kenyan lines before move to TAU. CC_in_ Kenya_ 8-07-
06.xIs contains records from inbred lines initiated in Kenya. Successive generations of
inbreeding are recorded across three sheets. Some of the numbers of offspring given seem
to be summaries—most likely means—which limits their use for subsequent mapping.
The workbook is dated July 2006, which means a gap of around 1 year exists between the
period covered by this workbook and the resumption of record keeping in the subsequent
workbooks.
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Figure 6: Breeding records for Kenyan lines after
2012.xIs contains two sheets of records from these Kenyan lines after the move to TAU.
The first sheet contains some brief notes on death and termination of inbred lines (not
shown); the second sheet contains records of parent generation, date of birth, litter size,
number of weaning males and females, and date of subsequent mating. Data are arranged
consistently by column, but the spreadsheet rows are only informative within a given
colour block (i.e. for a given row, the mating listed in the blue columns [I:P] does not
necessarily occur between the offspring of the mating listed in the white columns [A:H]).
Thus time between mating and birth cannot be easily tracked; neither can the first litter
for a mating be differentiated from subsequent litters.
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Figure 7: Breeding records for CC lines initiated at TAU. CC__from_ORNL_ 24-6-2012.xIs
contains 21 sheets of records for the CC lines initiated at TAU. Each sheet represents a
succesive stage of the inbreeding process, with some duplication and redundancy. Mice
arrived from ORNL as G1 founder strain crosses (e.g. A x B). Several sheets then document
the formation and progress of the G2 generation. Sheet ‘!8-WAY-YELLOW-3’ documents
the outcomes of the G2 matings, with the litter sizes reported representing the G2:F1
generation—the first generation with genetic contributions from all founders. Finally, the
remainder of the sheets document successive generations of inbreeding. These records are
stored in a reasonably sensible manner, with both columns and rows of the spreadsheet
informative, and details of successive generations of inbreeding kept in separate sheets.
Nonetheless, the use of rows is not consistent, with most representing the outcomes of
particular mating or littering events, but some detailing subsequent breedings (e.g. rows
17:19) or apparent duplicates (e.g. rows 24:25).
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Data structure

Before acting to clean the data for analysis, it is useful to consider the structure of the
breeding records. Unlike a conventional pedigree, the dataset does not record the existence
of individual mice. Instead the breeding records are organized to record littering events,
although these events are not given unique identifiers; unique events can be inferred by
the unique combinations of variables. The data are structured so that each informative
row documents a discrete littering event (additional information is logged in incomplete
rows and columns, requiring careful curation). The net result is that the dataset logs
the characteristics of each existing littering event, along with associated data such as a
CC inbred line identifier and generation number. It offers limited direct information on
nonexisting littering events (i.e. those in which mating took place, but litters were not

brought to term).

While no data exist on individual mice within the CC population, this is not necessarily an
obstacle to further investigation. A core assumption of genetic reference populations such
as the CC is that individuals within a given inbred line are genetically identical. As each
littering event is associated with a CC inbred line identifier, the data can be interpreted as
providing multiple measurements from a small number of genetically identical individuals.
Knowledge of the exact individuals involved is therefore not necessarily important for
analysis of the dataset. One important caveat is that the data log the breeding of
the incipient CC lines, so the individuals in question are by definition not fully inbred
and therefore not genetically identical (although they will be increasingly similar with
increasing inbreeding). A second caveat is that the dataset interpreted in this way contains
multiple litters from within a CC line (as well as multiple litters from a given mating

pair), with the possibility that these measurements are not independent of each other.

Although litter size is likely to be influenced by both parental and offspring factors it

is most commonly treated as a characteristic of the parental generation. Some other
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phenotypes recorded in the breeding records, such as the time from birth to first mating,
are by contrast better defined as characteristics of the fillial generation. In reality, the
organization of the records by litter means that some of the traits logged in a given row of
the dataset actually represent the characteristics of different individuals (i.e. the parents
versus their offspring), which restricts the intuitive interpretation of these data and limits
the use of certain parameters as covariates. Owing to the lack of unique identifiers and
the absence of a true pedigree, it is difficult to accurately link phenotype values across

generations.

The final point to note is that labelling of the generation of inbreeding seems inconsistent
among the three workbooks. For the CC lines initiated at TAU the litters that result
from the G2 cross are designated as ‘G3’ whereas biologically they make more sense
as a characteristic of the G2 cross (and technically the offspring are G2:F1 rather than
G3). By contrast, the records for the lines initiated in Kenya seem to label the litters
by parental generation rather than fillial generation (although the column headers are
inconsistent). I discuss the impications of this possible inconsistency of labelling in detail

below.

Cousin lines

The breeding records for the lines initiated at TAU also hold data on a number of ‘cousin’
lines (Figure 8). These cousin lines are pairs of lines that originated from the same
founder crosses (e.g. ABCDEFGH founder order) and were subsequently inbred for a
variable number of generations before being separated and inbred in parallel. Cousin lines
are labeled using the format IL-3XXX (for cousins of lines IL-1XXX) and IL-4XXX (for
cousins of lines IL-2XXX). Lines IL-2XXX are the reciprocals of lines IL-1XXX (i.e. if
[L-1XXX is ABCDEFGH, IL-2XXX is EFGHABCD).

These cousin lines therefore all appear in the breeding records at generation 4 (G2:F2)
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or later. However, the breeding records for the earlier generations are relevant (as
cousins were indistinguishable before parallel inbreeding began). I therefore duplicate
the breeding records for prior generations to ensure that cousins have full data. The
existence of additional cousin lines from the lines initiated in Kenya became apparent when
investigating genotypes (see below). The reasoning behind generating and maintaining
these cousin lines is somewhat unclear, although they are briefly described in the published

CC literature.!0!

Data cleaning

The three workbooks have been maintained by hand over a considerable period of time,
and as a result they contain numerous obvious errors and inacuraccies in data entry. I
have invested significant time in systematically identifying and correcting any apparent
errors. As the structure of the workbooks does not facilitate computational manipulation,

much of the cleaning has been done by hand.

The most notable recurring error is in the recording of dates. The breeding records contain
a mix of little-endian and middle-endian (i.e. DD/MM/YYYY vs MM/DD/YYYY) date
formats. The sheets are formatted to accept little-endian entries; however, much data
entry seems to have been in middle-endian format with Excel automatically changing
the format of any entry where the day (DD) entry is greater than 12, which keeping the
remainder of entries as they were input. Not all input styles are, however, consistent; for
example 3 May is variously recorded as 03/05 and 05/03. As a result the data contain
numerous cases of mice that breed before they are born, with subsequent generations

born before the prior breeding has occurred. Such cases make little biological sense.

Fortunately, knowledge of the breeding pedigree and the biology of the mouse has enabled
correction of most of these errors. Specifically, young mice should be removed from their

home cage before the age of sexual maturity, to ensure control over the next generation’s
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Figure 8: Collaborative Cross breeding and cousin lines. In the CC breeding scheme,
pairs of mice are crossed to produce the two-founder G1 (e.g. AC), which are then
crossed to produce the four-founder G2 (e.g. ACBE). G2 mice are crossed to produce the
eight-founder G2:F1, which are then sibling-mated in order to generate inbred lines. In
this example, G2 mating of ACBE with GHFD mice creates two different G2:F1 lines,
designated 1L-1032 and IL-2032, depending on whether the ACBE mice were female or
male, respectively. From within the G2:F'1 litters, two or more new sibling matings are
set up, with one carried forward into the subsequent generation of inbreeding. Sometimes,
G2:F1 sibling matings are used to initiate a cousin line, which is inbred in parallel with
the original line. For example, inbred line 11.-3032 is a cousin of line I1.-1032. Siblings
from among the G2:F1 were crossed to produce the G2:F2 of IL-1032. Further offspring
of the G2:F1 siblings (it is not clear whether from the same mating pair or different,
or whether this is consistent across lines) were labelled 1L-3032 and inbred in parallel.
Thus IL-1032 and IL-3032 are cousins that share a G2:F1 and I therefore duplicate this
generation in our records. [L-2032 and IL-4032 are also cousins, with 1L-4032 initiated
one generation later than was IL-3032.
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breeding. This removal happens within approximately 30 days of birth. By systematically
searching for all cases where the recorded time interval is too long or too short I have
been able to identify suspicious date entries. In addition the records are largely ordered
chronologically, which provided extra information to identify date entry errors. Ultimately,
swapping the date and month on these suspicious date entries resolved the vast majority

of implausible birth-mating and mating—birth intervals.

Finally, the workbooks contain numerous incomplete rows and empty cells. It is not
immediately clear whether these gaps are informative (perhaps representing unsuccessful
breeding attempts) or whether they represent individual styles of data entry among
personnel. During data cleaning I have retained these empty rows for further investigation.
These incomplete rows do highlight a particular issue of working with reproductive
phenotypes, which is that unsuccessful and difficult matings are likely to be informative.
At this stage it is unclear how much data exists on unsuccessful attempted matings, and
whether mating producing no offspring from nonattempted mating (i.e. 0 vs NA values)

can be differentiated.

Data cleaning took place via several cumulative steps (file and version names given in

square brackets):

1. Data from the individual generation sheets were combined into one large sheet.
Unique record numbers were added to allow safe reconstruction of original data if
necessary, and potentially to facilitate pedigree building at a later date [v1].

2. General data tidying was done, including removal of obviously unnecessary entries
and deletion of uninformative ‘XXX’ from breeding records [v2].

3. The ‘A’ rows were carefully combined with the spurious ‘B’ rows. Now, rather than
having A and B subcages noted in separate rows, where necessary these have been

combined into a single record, with the subcage designation ‘AB’. Extra rows were

deleted [v3].
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4. Empty and duplicate rows were identified and highlighted, along with anything else
that needed attention [v4].

5. Empty lines with birth dates matching the previous record were marked as ‘DUP’, as
likely to be a duplicate record. Any empty records past the last breeding generation
+1 were deleted [v5].

6. A final file was saved as a .csv for analysis with R [CCdataclear|. This file was used
for all initial analyses.

7. During preparation of this thesis a further final file was generated for archiving
with the thesis and sharing with subsequent publication. Some uninformative
columns were deleted, as were duplicate rows. Missing reciprocals (i.e. ABCDEFGH
designation) were input from cousin lines. Dates of mating were duplicated across
generations to facilitate analysis of time to first littering. Dates were corrected when
input incorrectly, or when reformatting from MM/DD/YYYY to DD/MM/YYYY
format was consistent with the chronology of the pedigree. Additional ‘0’ columns
replace NAs with 0 values in cases where litters have birth dates but no pup counts.
First matings are labelled and date subtractions done. NAs were added to all empty
cells [ccdata_final].

8. Additional breeding records for the TAU-NEW data (up to summer 2013) were

later added to the file [ccdatal3_final].

The final dataset contains 16,550 record rows, documenting littering events and associated
information. Its structure is illustrated below, along with an explanation of the variables
(Table 4). From the available data, the reproductive outcomes of interest are litter size,
number of weaning males and females, and time to first litter. Secondary outcomes are
time to subsequent litter, average time to litter, maximum generation number reached,
time per generation, and total number of offspring produced. I initially focus on litter
size, as this a straightforward and common phenotype investigated in mice. The final

dataset will be corrected to the appropriate YYYY-MM-DD format as per ISO 8601 and
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archived in an online repository.
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Exploratory data analysis

Before attempting to map reproductive traits, I first examine the data using extensive
analysis and visualisation. I use exploratory data analysis (EDA) techniques to look for
obvious errors in data entry, assess assumptions about the data, determine relationships
among explanatory variables, and assess the direction and size of any such relationships.
I also use this exploratory process to identify appropriate hypotheses and models for sub-
sequent genetic mapping. All data analysis was done using R version 3.1.3,'6° distributed

as Revolution R Open version 8.0.3 (Revolution Analytics, Redmond, WA, USA).

EDA is an approach championed by the US mathematician John W Tukey (1915-2000)
that uses numerical and graphical techniques to interrogate data with minimal prior
assumptions. Tukey himself describes EDA as “detective work”, analagous to the search
for evidence in a criminal investigation.'%¢ More-generally, EDA typically refers to a set of
techniques used in the relatively unbiased investigation of distributions and relationships

within datasets, with a strong emphasis on visualisation rather than formal significance

164,166,167 168-172

tests. A number of resources, both historic and contemporary outline the

principles and practices of EDA.

The term EDA has become increasingly fashionable in the past few years, and the field
has undergone something of a rennaissance driven by the growth of the data analytics and
visualisation industries and the ever-growing availability of large datasets. Most researchers
employ some form of EDA in their work; however, reports of these processes are very
rarely included in published papers, with the result that the structure and management
of datasets are rarely discussed. As this project illustrates, however, understanding these
features of a dataset is important for drawing correct conclusions and offering biological

insight.

44



Initial observations

In total, I obtained breeding records from 460 CC lines initiated or maintained at TAU,
albeit some of which have very limited data. FEach line has a mean of 36 litters recorded.
The distribution of litter records is skew, with many lines having few recorded litters,
and only a small number of lines having very large numbers of recorded litters (Figure
9). The breeding data comprise 16,550 litter records, of which 14,712 (88.9%) contain
obviously meaningful data. The remaining records seem largely empty, but have been
retained in case they represent failed matings or are otherwise informative. As previously
noted, the breeding records have been maintained in separate workbooks, representing
different breeding histories and record-keeping practices. In total I have 1,219 records
from the lines initiated and maintained in Kenya; an additional 5,559 records cover these
lines after their transfer to TAU. 9,772 records are from the lines initiated and maintained

at TAU.

While some CC lines have reached very high numbers of generations of inbreeding, the
majority of lines in the dataset are less than 10 generations inbred (mean 9.04 generations;
Figure 10). Some of these lines will have died out, whereas others will have continued the
inbreeding process since the dataset was censored in 2013. Thus the majority of litters in
the breeding records are from the early stages of inbreeding (Figure 11). Note, I have not
adjusted the generation numbering, so G3 actually denotes the results of the outbred G2
cross, rather than the third generation of inbreeding; that is, the CC lines are less inbred

than the generation labelling suggests.

Litter size

As litter size is the most obvious trait detailed in the breeding records, I start the
examination of phenotypes with this trait. Litter size in the complete TAU cohort ranges

from 0 to 19, with a mean of 5.69 and an interquartile range of 3-8 (Figure 12). These
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Figure 9: Number of litters per inbred CC line. A large number of inbred lines have fewer
than 10 recorded litters, and few inbred lines have more than 100 recorded litters.
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Figure 10: Maximum generation of inbreeding per CC line. The majority of CC lines are
less than 10 generation inbred.
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Figure 11: Number of breeding records per generation. Most of the litters in the dataset
are from the early generations of the inbreeding process.
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observed litter size parameters are consistent with our expectations based on other mouse
breeding populations. The majority of recorded litter sizes are integers as expected from
count data. However, a small minority of litter sizes are reported as fractions (seen in the
rug under the histogram on Figure 12). On examination, all the relevant records are from
the first generation of the lines initiated and maintained in Kenya, where some litter sizes
have potentially been recorded as means or other summary statistics. Noninteger data

are also seen for the recorded number of weaning males and females in these records.

In general, the numbers of weaning males and females are consistent with the reported
total litter sizes, and no excess of one sex is seen. Nonetheless, in several cases the total
number of weans is reported to be greater than the birth litter size. Figure 13 shows the
reported litter size plotted against the sum of male and female weans. As expected, the
number of reported weans is generally the same as or smaller than the total reported
litter size. A small number of datapoints (n = 136) are plotted above the x = y line,
indicating errors in the records. Interestingly, a number of large litters report no weans,

suggesting a possible phenotype for follow-up.

Calculated dates

Similarly, the two calculated date columns (representing days from mating to birth, and
days from birth to subsequent mating) contain values that are biologically implausible
(Figure 14). While manipulations of date formats corrected many such errors, a number of
recorded date values offered no plausible correction. The onset of puberty varies between
animals and among inbred strains, but typically occurs 6-8 weeks after birth in females
and 34-38 days after birth in males.®® Thus young mice in breeding populations are
typically separated by sex and new matings initiated before these ages are reached. 1
conservatively mark a boundary of 34 days on Figure 14a. While the majority of matings
are recorded as having been initiated within this time, a number of records show a

substantially longer period. Similarly, a number of records show very short and even
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Figure 12: Litter size in the CC breeding records. The Figure shows the distribution
of litter sizes in the complete dataset. The rug underneath the histogram shows the
individual datapoints and indicates a number of non-integer values, which are biologically
implausible.
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Figure 13: Total litter size vs weans in the CC breeding records. The reported litter
size from the CC breeding records is plotted against the sum of the reported numbers of
male and female weans. The data are jittered to facilitate visualisation of overlapping
points. The x = y line is marked in red. The total number of weans is expected to lie
on or beneath this line in all cases. In fact, a number of points are seen above this line,
indicating errors in the breeding records.
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negative durations. Incidentally, the median and interquartile statistics indicate that
these data denote the date that mating was intiated (i.e. well within 34 days), rather

than when pregnancy was achieved.

The recorded time from mating to birth also contains implausible values. The gestational
period in mice is 18-22 days.®Y I mark the lower bound of this range on Figure 14b,
and see that a number of recorded durations are shorter than 18 days (again including
negative values). Among the litter records, I have noted which are first litters (i.e. earliest
birth dates for a given mating), and which are subsequent litters. This information is only
generally available for the lines initiated and maintained at TAU. In total, 2,724 litters
are noted as first litters, 5,701 are subsequent litters, and 8,125 have no information. As
matings were set up before mice reached puberty, the mating-to-birth parameter for first
litters includes an unspecified period of time until the mice became sexually mature, in
addition to a period of time before successful mating occurred. Thus, while time to birth
of first litter seems longer than for subsequent litters (Figure 15), some of this difference

is an artifact of the data recording process.

Suitability for mapping

Mean litter size varies by CC line, generally within the range of the founder strains
(Figure 16; parent strains not shown). Within-strain variance (shown as SEM) is generally
low, indicating that litter size is amenable to QTL mapping. I see an indication that
within-strain variance increases slightly with increasing litter size (r = 0.126, P =
0.0184) These observations are consistent with the first litter data from the UNC lines.!'®?
Fitting a simple linear model suggests that CC inbred line (denoted as ‘Funnel’) is a
significant predictor of litter size (F (371, 14,3400 = 7.39, P <2.2e-16), indicating a line-
specific (i.e. genetic) component that can be investigated further. Similar parameters for
other simple reproductive phenotypes are given in Table 5, suggesting that many of these

traits are also amenable to mapping.
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Figure 14: Calculated dates in the CC breeding records. The left panel (a) shows the
number of days from birth of a litter to the time the subsequent sibling mating was set
up. Some of the values are reported as <0 days, which is biologically implausible. The
red line at 34 days indicates the onset of male puberty. Theoretically, new matings should
have been initiated before this point. The right panel (b) similarly shows the number of
days from the initiation of mating to subsequent birth. The red line at 18 days marks
the lower bound of the the reported gestational period. Some data points are <18 days,
and these include negative values.
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Figure 15: Days from mating to birth for first versus subsequent litters. The number
of days from mating to birth is significantly greater for first litters. This difference is
attributable to the fact that mating pairs are generally set up before the mice are sexually
mature, and the measured duration includes a period of time before the first mating can
take place.
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Figure 16: Litter size of incipient TAU Collaborative Cross lines. The lines are ordered
by decreasing mean litter size. Within-strain variance (shown as SEM) is generally low,
indicating that litter size is amenable to QTL mapping.

A number of other phenotypes can be derived from the data. For example, the numbers
of weaning male and female offspring could be considered as a ratio or proportion of
total litter size rather than a difference. Similarly, the number of total weans could be
considered as a proportion of the reported litter size, or could be otherwise analysed in
the context of overall litter size. Litter size itself might be better expressed as a litter
size index that takes into account information from relatives,*’ or by measuring total
offspring production or the rate of offspring production for a line. Failed matings could
be accounted for by inserting zero litter size values at ~30-day intervals (or another

appropriate distance) between successful matings.
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The recorded litter sizes currently comprise multiple litters from the same parents, denoted
by subcage. Subcage-level phenotypes might therefore be appropriate for mapping. These
phenotypes include total offspring production; number of litters produced; time from
mating to next generation mating (time per generation); line survival (a binary measure
of at least one viable litter produced); and variation in litter size. It might also be possible
to analyse line-specific traits, such as average time to produce a litter, total offspring
production, total number of litters; variation in litter size; and maximum generation

achieved.

To facilitate analysis of the calculated phenotypes (i.e. sex difference, total weans, not
weans), I add these parameters to the data file. Other secondary parameters can be
calculated for specific analyses. I also remove all calculated day values below 0 days from
the dataset. For the moment, other outlier values are retained and adjusted as necessary

on a per-analysis basis.

Covariates

I next explore associations between the variables in the dataset, to check overlap in
outcome variables and to identify covariates for inclusion in the mapping models. I

continue to treat litter size as the main outcome variable.

First, as expected, the numbers of male and female weans are each associated with total
litter size (r = 0.755 and r = 0.753, respectively). The numbers of male and female weans
are less well associated with each other (r = 0.485; Figure 17a). The difference between
the numbers of male and female weans is well centered on 0 (Figure 17b); however, this
difference also understandably tends to increase with litter size (Figure 17c¢). The number
of reported weans is closely associated with the total reported litter size. However, as
previously identified a notable cluster of records has no reported weaning despite large

litter size (Figure 13).
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Figure 17: Male vs female weans. The left panel (a) shows the number of male weans
plotted against the number of female weans for each litter. The data are jittered to
facilitate visualization of overlapping data points. The center panel (b) shows the difference
between the numbers of male and female weans for each litter. This difference is well
centered on 0, but extreme values exist. The right panel (c¢) shows the difference between
numbers of male and female weans plotted against total litter size. This sex difference
is capped at low litter size, constrained by the total number of offspring. The data are
again jittered to facilitate visualization of overlapping data points.

The time from birth to mating shows no notable association with litter size (Figure 18a).
By contrast, increasing time from mating to birth seems associated with smaller litter
size, suggesting a tendency for the later litters of a mating to be smaller (Figure 18b).
Earlier litters show more bias to one sex and slightly more offspring that do not wean
(not shown); however, these effects are confounded by the association of early litters with
higher litter size (i.e. larger litters show more extreme sex differences and more offspring
not weaning). Finally, increasing time between litters (measured as the time between
litters born to the same mother) also shows an association with decreasing litter size,

suggesting a poor-performance phenotype characterized by difficulty breeding and small

resulting litters (Figure 18c).
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Figure 18: Associations between time and litter size. The left panel (a) plots time from
birth to mating against litter size. As expected no significant relationship is seen between
these variables. The center panel (b) plots time from mating to birth against litter size. A
negative relationship is seen, suggesting that litter size decreases throughout the lifetime
of a mating. The right panel (c) plots the time between litters against litter size. A similar
negative relationship is seen, suggesting that litters that take a long time to produce are
also small. The red lines depict linear regression fits in each case.

Inbreeding

Among possible explanatory variables, I expect the number of generations of inbreeding
to be strongly associated with reproductive outcomes. As they inbreed, mice (similar
to most species) typically suffer from problems of inbreeding depression, and each CC
breeding center has reported such problems. Thus, as the CC lines inbreed, I expect the
average litter size, along with other markers of reproductive success, to decrease. The
underlying genetic cause of inbreeding depression is thought to be related to accumulation
of homozygosity—probably via accumulation of deleterious alleles with recessive effects,

or perhaps through a loss of overdominance effects.8!

The data do indeed show a characteristic decrease in litter size with successive generation
number, followed by a stabilization at around generation 10 of inbreeding (Figure 19).
This decline matches very closely that seen in the UNC lines of the CC.17 Litter size seems

to rise past generation 24 of inbreeding, but this effect is driven by a small number of
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lines with good fertility, which bred fast. A similar effect has been previously reported.®?

Among other outcomes, the numbers of male, female and total weans show a similar
relationship with generation, and the difference between numbers of male and female
weans remains constant with increasing generation (not shown). Similarly, the number
of offspring not weaning decreases only slightly with increasing generation. Both these
outcomes will, however, be confounded by the general decline in litter size with increasing
generation of inbreeding. Finally, time between litters seems to increase with increasing
generation, consistent with increasing problems of fertility with inbreeding (Figure 20).
This duration seems to plateau at high generations; however, similar to the late-generation
rise in litter size, this effect is probably also driven by a small number of more-fertile lines

that breed well.

15
1

Heportea litter size
10

T T T T

T
0 5 10 15 20 25 30 35
Generation of inbreeding

Figure 19: Decrease in litter size with inbreeding. Litter size declines with increasing
inbreeding before reaching a plateau at a level around 4 offspring. The slight rise in litter
size seen in later generations is driven by a small number of inbred lines that bred well.
The red line depicts a loess fit.

Breeding histories

The TAU lines have varied breeding histories. 190 lines were initiated in Kenya and sub-

sequently transferred to Tel Aviv at approximately generation 6 of inbreeding (i.e. around
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Figure 20: Increase in time between litters with inbreeding. Overall, time between litters
increases with increasing inbreeding. The plot indicates that while many times between
litters remain around 25 days, some are considerably higher. These higher values might
be the result of poor fertility in the inbred lines, or poor record keeping. The red line
depicts a loess fit.

G2:F3). The remaining 270 lines were initiated in Tel Aviv in response to the poor breed-
ing of the initial CC lines. Plotting the breeding history (i.e. the variable ‘Source’) against
litter size shows a notable difference between groups (Figure 21). However, this variable
is confounded with generation: the data from Kenya represent only early generations;
data from these lines after the move to TAU represent only later generations; data from

lines initiated at TAU represent all generations (but not extreme late generations; Figure

22).

Plotting litter size by breeding history and generation suggests the sets of CC lines have
similar breeding performance; however, the lines initiated at TAU produce systematically
larger litters than do those transferred to TAU (Figure 22). In fact, place of origin shows
a significant association with litter size, with the lines transferred to TAU producing
~0.65 fewer pups per litter at each generation compared with the lines initiated at TAU.
If anything, the difference is more marked when the number of weaning offspring is

considered, with the TAU-initiated lines consistently displaying more weans, and fewer
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offspring not weaning.

Such an effect could easily be the result of environmental differences such as feeding or

™ or intestinal biota. Similar environmental effects have been suggested

handling regime,*
to affect litter size in other long-term mouse breeding experiments.'™ Alternatively, the
differences in litter size might reflect differences in generation numbering between the data
workbooks, as previously discussed. This possibility is supported by the observation that
the within-generation difference in litter size in between populations is of approximately

the same magnitude as the per-generation decrease in litter size estimated from a linear

model in individual populations.

First litters

Across the whole dataset, I see some evidence that first litters are smaller than subsequent
litters (by ~-0.138 offspring, P = 0.0689; Figure 23a). This observation is consistent with
our expectations, but the association is not significant when also plotted by generation
(Figure 24), indicating that the data contains proportionally more first litters in later
generations. By contrast, first litters are associated with significantly longer time between
litters than are subsequent litters (by 21.5 days, P = <2.2e-16; Figure 23b). This
association is consistent across generations (Figure 25). It results from the fact that the
time between litters variable is estimated in a different way for first versus subsequent

litters.

Cousins

The data also contain inferred cousin status, and some duplicate records that represent the
early breeding generations of cousin lines (among the lines initiated at TAU). Surprisingly,
cousin status is associated with higher litter size across generations, presumably because

productive lines were more likely to be selected to generate cousin lines (Figure 26). These
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Figure 21: CC litter size by breeding history. The CC inbred lines have different breeding
histories in different geographic locations. 190 lines were initiated in Kenya (KEN-OLD),
and subsequently transferred to TAU (TAU-OLD). 270 lines were subsequently initiated
at TAU (TAU-NEW). Litter sizes vary significantly among these populations, but are
confounded with the varying level of inbreeding.
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Figure 22: CC litter sizes plotted by generation of inbreeding and breeding history. The
boxplot shows that the lines initiated and maintained in Kenya (KEN-OLD) are only
represented in the early generations; these lines were transferred to TAU (TAU-OLD).

Additional lines were

initiated at TAU (TAU-NEW), spanning all generations from 3-22.

For any given generation, the lines initiated at TAU have larger litter sizes than those
initiated in Kenya, indicating systematic differences between these populations in either
generation labeling or biology.
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Figure 23: Litter sizes and times between litters for first versus subsequent litters. The
left panel (a) indicates first litters are typically smaller than are subsequent litters. The

right panel (b) shows

that first litters have a significantly longer time between litters than

do subsequent litters.
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Figure 24: Litter sizes for first versus subsequent litters by generation. When generation
is taken into account, first litter status has no association with litter size. The line depicts
a loess fit for first and subsequent litters.
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Figure 25: Time between litters for first versus subsequent litters by generation. When
generation is taken into account, first litter status retains a significant association with
time between litters. The line depicts a loess fit for first and subsequent litters.
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cousin lines potentially represent a sample of high-fertility inbred lines. Similarly, the
breeding subcage is also associated with litter size, presumably because the need to use

C,D and E subcages linked to poor breeding performance (not shown).
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Figure 26: Litter size by cousin status and generation. Cousin lines have higher litter
sizes than do non cousins, across generations.

Summary

To check our findings on possible covariates, I compute correlation between all pairs
of numeric variables (Figure 27). As expected, the various litter size phenotypes are
correlated with each other in the expected direction, and litter size is negatively correlated
with generation, and less strongly with time from mating to birth and time between

litters. The plot reveals no additional relationships of interest.

After checking all combinations of covariates, I attempt to draw some conclusions about
the data. On the basis of extensive plotting and analysis, litter size remains a reasonable
outcome variable for assessment. The time from mating to birth (re-expressed as time
between litters, i.e. the variable Gdays_Adj) is also a relevant outcome. Other outcomes,
particularly the relationship between male and female weans, and the number of mice

not weaning might also merit further examination.
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Figure 27: Correlations between variables in the CC TAU data. Litter size shows strong
correlations with the number of weans and with generation of inbreeding. Time between
litters (Gdays__Adj) is correlated with first litter status.
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In terms of explanatory variables, generation of inbreeding is an important predictor of
litter size and should be included in any model for mapping. As discussed above, Funnel
(as a surrogate for a heritable genetic effect) is also a predictor of litter size in a linear
model. On close examination of the linear model terms, this effect is initially driven by
the lines initiated in Kenya, and is therefore confounded with the breeding history of the
mice (the ‘Source’ variable). Generation and Funnel are also significant predictors of time

between litters.

Source is a significant predictor of litter size, and will need to be accounted for either
by inclusion in a model, or by adjusting (possibly by altering the generation number,
which might be systematically mislabelled) or discarding the affected data. In a linear
model with generation and Source, Funnel remains significant, however, with the effect
driven by both old and new lines. While first litter status might have been expected to
predict smaller litter size, I see only a small effect of borderline significance. First litter is,
however, a significant predictor of time between litters. Table 6 shows the proportion of
the observed variance in litter size and time between litters explained by these variables

in a simple linear model.

Table 6: Variance explained by model variables

Variable Litter size Time between litters
Gen 0.147 0.0404

Funnel 0.161 0.0472

Source 0.107 NA

First litter 0.000396 0.111

A number of other factors are typically associated with litter size and reproductive

function in mice. For example, increased body weight is typically associated with larger
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litters, probably because increased uterine capacity allows more offspring to develop
to term. Similarly, litter size in the maternal generation is negatively associated with
litter size in the filial generation, probably as a result of body size variations owing to
competition for resources. Thus litter size selection experiments typically standardize
litter sizes. Unfortunately, as the the TAU data do not identify individuals, they do not

provide information on these possible covariates of reproductive traits.

Genotypes

I obtained genotypes for the inbred CC lines from the TAU pre-CC genome cache, main-
tained at the Wellcome Trust Centre for Human Genetics, Oxford, UK. This cache contains

13,114 and interim

genotypes of pre-CC lines previously used for mapping experiments
analysis,'®! plus additional lines subsequently genotyped on the mouse-specific Mouse
Diversity Array (MDA), Mouse Universal Genotyping Array (MUGA) and MegaMUGA
(approximately 550,000, 7,500 and 77,800 SNPs, respectively).101:110:150.175,176 Genotype

data are stored as a probabilistic reconstruction of the genome mosaic, generated using

the HAPPY package.!7"1™

The TAU CC lines have been genotyped at a variety of generations of inbreeding, data
on which are not included in the genome cache. In general, one individual has been
genotyped from each line; the assumption is that mice from a given inbred line can be
treated as genetically identical to the genotyped individual. Unlike previous CC mapping
studies, however, our data include phenotypic measurements made across generations,
including those from very early generations of inbreeding before genotyping was done.
While the genotyped pre-CC individuals are not completely inbred, a large portion of the
genome will be homozygous in any given individual, and a smaller portion of the genome
will be fixed in the population. The precise quantities will depend on the generation of

inbreeding at the time of genotyping (Figure 28).

67



o

1.0

0.8
1
o

1
o

\

N

Froportion homozygosity

AN

1
[

1
[

N

T T T T T

0 5 10 15 20
Generation of inbreeding

Figure 28: Theoretical homozygosity in each CC line with increasing inbreeding. The
proportion of loci homozygous in each individual increases with increasing generation of
inbreeding. The proportion of loci in which homozygosity is fixed in the population will
be somewhat lower.

Genotyped CC lines

Of the 460 inbred lines in the CC TAU breeding records, 223 had genotype information
available for initial analyses (Table 7); these lines represent the vast majority of the total
records in the dataset. Each genotyped CC line has reached a minimum of generation 6
of inbreeding (in the notation of the TAU breeding records; which corresponds to around
G2:F3). The lines that are not genotyped have typically died out early in the inbreeding

process (Figure 29). The genotype mosaics report CC founder status at 5,788 locations.

A number of additional lines were subsequently genotyped, which provided a larger
dataset for analysis during preparation of this thesis. The additional genotypes increase
the number of genotyped lines to 256, including I1.-170 and 11.-2513, which are labeled
IL-170A and IL-2513A in the original genotypes and are therefore not correctly matched

to our data. This genotype set reports CC founder status at 11,339 locations.

As the genome cache contains no information of the generation of inbreeding at which

the CC lines were genotyped, I estimate the amount of homozygosity from the haplotype
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probabilities of each of the CC lines in the TAU dataset (Figure 30). The genotypes are a
mean of 0.655 homozygous (equivalent to 5 generations of inbreeding; range 0.361-0.938).
Thus half the genotyped lines are at least 5 generations inbred, and most lines seem to

have been genotyped at less than 10 generations inbred. 32 of the genotypes were done

on MDA, 186 on MUGA and 38 on MegaMUGA.

When only the data from lines with available genotypes are considered, some interesting
differences can be observed. Total litter size is greater in the ungenotyped lines, perhaps
reflecting their lower amount of inbreeding (Figure 31a). However, the total number of
weans seems higher in the genotyped lines, perhaps indicating a reason for the noncontinu-
ation of the ungenotyped lines (Figure 31b). In general though, the identified trends hold
when only the records with associated genotypes (which in any case comprise the majority
of the full dataset) are considered. To facilitate analysis, I have added information on

genotype availability to the data file.

Table 7: CC lines and available genotypes

Source Lines Genotypes No genotypes
KEN-OLD 189 59 130
TAU-OLD 91 60 31
TAU-NEW 270 163 107

Other 65 65 0

Unrecorded cousins

The initial version of the cache contained genotype data from 288 inbred lines. Surprisingly,
no breeding records existed for 65 of these lines (all numbered IL-5XX, IL-6XX, IL-7XX

and IL-8XX [plus IL-170A and IL-2513A]). After extensive investigation, it seems that
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Figure 29: Maximum generation of inbreeding achieved by genotyped versus ungenotyped
CC lines. All genotyped CC lines reached at least generation 6 of inbreeding. By contrast,
very few of the ungenotyped lines survived past generation 6. The majority of litters in
the TAU breeding records are therefore associated with genotypes.

these lines are also cousin lines (of IL-XX, IL-1XX, IL-2XX and IL-3XX, respectively),
established at relatively late generations (earliest recorded is G10, although they in fact
seem to have begun before this point). They are partially noted in the breeding records

using a complex notation comprising letters and numbers; unfortunately the records do

not contain sufficient information the make these CC lines useful.

From what I have established, ‘A’ denotes the original breeding line, and ‘B’ denotes the
newly numbered cousin line. Approximately 60% of these lines for which I have genotypes,
however, have no obvious breeding records (e.g. IL-511). Any notation indicating cousin
status appears late (generation 9-18 of inbreeding), and it is not clear that this is when
cousining occurred. In many cases, only one subline (A or B) continues past the first
noted occurrence. Data from a partial list of available tail clips suggest that the cousining
process (i.e. division into A and B sublines) occurs much earlier than this time (e.g. by
GT7 for IL-72, versus G16 in the breeding records). I therefore have no accurate breeding
records for the cousin lines (IL-500+) and no indication of which of the recorded litters

should actually be regarded as these cousins.
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Figure 30: Proportion of homozygosity among the genotyped CC lines. Homozygosity
is estimated from the hapotype probabilities for each CC line. The lines are a mean
of 65.5% homozygous at the time of genotyping. Some lines are almost completely
homozygous across all loci, whereas others have low levels of homozygosity. The vertical
red lines denote the expected proportions of homozygosity at 4, 5, 7 and 10 generations
of inbreeding, from left to right.
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Figure 31: Properties of genotyped versus ungenotyped CC lines. The left panel (a) shows
that litter size is in fact higher in the ungenotyped lines, probably because they represent
the earliest generations of inbreeding. The right panel (b) shows that the ungenotyped
lines have a greater number of offspring not weaning.

All in all, the lack of a clear breeding history for the lines and cousins initiated in Kenya,
coupled with their uncertain generation labelling and missing data during the move from
Kenya to TAU call into question the reliability of these data. I investigate further during
the mapping process, but one tempting option is to discard these lines from the anlaysis

and rely solely on the lines initiated at TAU, for which the breeding records seem more

complete (if not without their own quirks and errors).
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Chapter 4 | Genetic analysis of reproductive traits

Litter size is a quantitative character of some considerable complexity, and
the title of this paper should more properly have been “Some aspects of the
genetics of litter size.”

—Douglas S Falconer (1960)%2

Genetic analysis of complex traits

In Chapter 3 I explore the TAU CC breeding records and present exploratory analysis
of the breeding data, which identifies reproductive traits suitable for genetic mapping
as well as significant covariates. Here I analyse of the heritability of reproductive traits
in the TAU CC mice, and map genetic loci associated with litter size and time between
litters (Table 8). Both these traits show notable variation among the eight CC founders

and among the incipient CC lines.

Table 8: Reproductive traits for QTL mapping

Trait n lines mean median SD
Litter size 8,374 190 6.29 6 3.25
Time between litters 8,289 170 42 33 30.1

: Data are from only the CC lines initiated at TAU, which were used for most of the

heritability estimates and QTL mapping in this Chapter.

The data used in this analysis are described in detail in Chapter 3. The reproductive
trait data are extracted from the breeding records of the incipient (pre-CC) lines initiated
at TAU, and the genotypes represent multiple generations of inbreeding (mostly less than

10 generations inbred).

73



Heritability

In Chapter 3 I highlight the extent of variation in litter size and other reproductive
traits in the CC population, and demonstrate that CC inbred line is a significant linear
predictor of many of these traits, indicating a line-specific (i.e. genetic) component. Here

I provide a more-formal estimation of the heritability of such traits.

Heritability is a summary measure of the proportion of the variation in a trait that is
attributable to variation in genetic factors.!™ This parameter provides a measure of the
importance of genetic factors in explaining the differences between individuals. Several
methods exist for estimating heritability, which typically involve estimating the genetic
and environmental components of variance based on sample characteristics.

Previous work has observed that litter size is a heritable trait within CC lines,'0%124

and litter size and other reproductive traits are heritable in other mouse and mammal

populations.

Broad-sense heritability

[ estimate broad-sense heritability (H?) of the litter size trait in each generation of
the TAU CC population from one-way analysis of variance (ANOVA). I use a method
previously applied to other traits in the CC TAU lines.!**145:146 This method determines
the fixed effects of CC line on litter size by least squares in a standard normal linear

model.

It estimates H? as the proportion of the phenotypic variation that is attributable to

genetic factors:

Where Vg is the environmental variance within CC lines (estimated as the mean squares
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within lines, taken from the ANOVA table), and V4 is the genetic variance among CC
lines. Vi is also estimated from the ANOVA table as:

VG — MSI;.L_VE

M Sy, is the mean squares between lines, taken from the ANOVA table, and n is the
mean number of mice per line. As the CC mice are assumed to be inbred and therefore
homozygous at all loci, this estimate includes additive (V) and epistatic (Vi), but not

dominance (Vp) effects.

The H? estimates of litter size for each generation of the CC lines initiated at TAU are
shown in Table 9. In general, these estimates are in the range 0.15-0.30, compatible with
estimates for other traits in the TAU population. 95% confidence intervals indicate that
the true heritability is nonzero. The implication is that 15-30% of the observed variation
in litter size in each generation is attributable to genetic factors. H? estimates for the

lines initiated in Kenya are also within this range (not shown).

I also calculate H? of litter size for each generation from the variance components of a
linear mixed effect model in which litter size is the response to the random effect of CC

line:

Yir, = |+ UL + €,

y;r is the littersize of litter ¢ in CC line L, p is the overall mean, uy is a random effect
that models the differences between lines, and e;;, is the residual error. The estimate is
in each case near identical to the values calculated by ANOVA (Table 9). This mixed-
model approach estimates Vg by maximum likelihood rather than by least squares. The
estimates from the two methods will converge if the line effects do resemble a sample of

random deviates from the normal distribution, as assumed by the mixed model.
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Across all generations of inbreeding, a mixed model that includes generation of inbreeding

as a fixed effect estimates broad-sense heritability of litter size in the lines initiated at

TAU as 0.104, in the lines initiated in Kenya as 0.2 and in the combined population as

0.115. These values are consistent with previous estimates for the heritability of litter

size, which is generally reported to be low.

Table 9: Heritability of litter size among TAU and

UNC CC lines

Generation H? 95% CI H?ivea CVg A2 (UNC) CVa (UNC) A2

4 0.149 0.107, 0.198  0.152 0.139 0.02 (G2:F1) 0.0486 0.0325
5} 0.281 0.228, 0.34 0.288 0.226 0.14 (G2:F2) 0.148 0.202
6 0.169 0.118,0.228 0.164 0.186 0.10 (G2:F3) 0.143 0.0338
7 0.25 0.192,0.315  0.239 0.251 0.31 (G2:F4) 0.268 0.275
8 0.273 0.211, 0.343  0.281 0.275 0.26 (G2:F5) 0.252 0.229
9 0.265 0.194, 0.345  0.278 0.274 0.22 (G2: F6) 0.246 0.137
10 0.313 0.232, 0.402  0.309 0.284 0.22 (G2:F7) 0.269 0.273
11 0.356 0.266, 0.456  0.369 0.337 0.07 (G2:F8) 0.15 0.148
12 0.193 0.109, 0.298 0.2 0.236 NA NA 0.146
13 0.172 0.0796, 0.291 0.176 0.243 NA NA 0.0462
14 0.184 0.0712, 0.329 0.196 0.257 NA NA 0.288
15 0.223 0.0813, 0.405 0.229 0.269 NA NA 0.442

Genetic coefficient of variation

Also following previous methods,'#5 T calculate the genetic coefficient of variation (CVg)

for each generation of the TAU CC lines (Table 9). I use the following method:

SDg
Mean
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which is equivalent to:

0.5
VG
Mean

where:

Mean = mean trait value across all CC lines

Theoretically, this parameter provides an estimate of the absolute amount of genetic varia-
tion that is generated by the genetic factors responsible for the heritability estimate.!80:18
Our moderate heritability estimates are compatible with low CV¢ if total phenotypic
variation is low, and high CVg if total phenotypic variation is high. It is best thought of
as the unit-free ratio of standard deviation to the mean (interpreted as the mean of the
individual line means, although in this case using the population mean makes no notable
difference to the parameter estimates). Iraqi and colleages suggest comparing CVg values
with a benchmark of 0.071 to assess how the genetic variation among CC lines compares

to that of typical outcrossing populations.!4®

The estimates of CVg for each generation are in the range of 0.14-0.33, again comparable
with those for other traits in the TAU population. Such values theoretically show that the
absolute magnitude of genetic variation surpasses that seen in outcrossing populations and
that large-effect QTLs might segregate in the CC lines.!*® Iraqi and colleagues attribute
this effect to the inclusion of the three wild-derived strains in the CC breeding scheme.
In fact, traits closely related to fitness (which I assume include reproductive phenotypes)
are expected to have relatively high CVg values (in contrast to their often low reported
heritability).!® Our estimated CV¢ values suggest that the absolute magnitude of this

genetic variation for litter size is of reasonable size, and thus this trait is amenable to

mapping.
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Narrow-sense heritability

Narrow-sense heritability (h?) is an estimate of the proportion of the phenotypic variation
that is attributable to additive (V4 ), but not epistatic (Vi) or dominance (Vp) effects. h?
of litter size and other reproductive traits has previously been estimated in the UNC arm
of the CC.12* After accounting for differences in labeling of generation (i.e. G2 in the UNC
data refers to the offspring produced by G2 parents, whereas the TAU data records these
offspring as G3 litters) I present this parameter in Table 9 along with additive coefficient

of variation (CV,) parameters calculated from the published narrow-sense heritability.

I also calculate narrow-sense heritability from the TAU CC lines by parent—offspring
regression. In theory the difference between this parameter and our calculated broad-sense
heritability would reveal Vi (although in practice the estimates are likely to be both
similar and affected by noise). I use the Subcages field of our data (which can be used
to link litters to their parent litter) to identify the corresponding parental litter for all
offspring litters. I treat this parental litter size as the midparent value (parental mean)
and estimate h? by the slope of the regression of offspring litter size on this value (Table 9).
I report the regression of Generation 4 offspring on Generation 3 parents as a property of
Generation 3 (technically G2:F1, with parents representing G2), although this assumption

is not necessarily correct.

The h? estimates show a similar range to our estimates of H?2, although with greater
variation; for some early and late generations the estimate of h? is essentially zero. Our
estimates match those from the UNC arm of the CC reasonably well.!?* However, on
the basis of the per-litter structure of our dataset, and the fact that litters represent
discrete events rather than parent or offspring traits, I urge caution in interpretation of
this statistic. The broad-sense heritability calculations by ANOVA and mixed model are

likely to be more reliable.

Estimates of broad sense heritabilty and coefficient of genetic variation for time between
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litters are presented in Table 10. These parameter estimates are of approximately the same
magnitude as are those for litter size, indicating that a portion of the phenotypic variation
between lines is attributable to genetic variation and that this trait is also amenable
to genetic mapping. By contrast, broad-sense heritability estimates for the difference
between the number of male and female weans (Sexdiff) and the number of offspring
not weaning (Notweans) are consistently <0.05 for each phenotype across generations
indicating a lack of a mappable genetic component (not shown). These phenotypes
might however make some sense re-expressed as ratios or proportions of total litter size,

respectively.

Table 10: Heritability of time between litters

Generation H? 95% CI H? ived CVe

4 0.215  0.169, 0.269 0.11 0.234
) 0.16 0.115, 0.213 0.0582  0.249
6 0.0716 0.0286, 0.123  0.0531 0.164
7 0.191  0.136, 0.254 0.17 0.314
8 0.269  0.206, 0.34 0.282 0.322
9 0.25 0.178, 0.33 0.181 0.314

10 0.111  0.0435, 0.194 0.0971 0.227
11 0.271  0.184, 0.373 0.306 0.358
12 0.169  0.0881, 0.273  0.145 0.251
13 0.126  0.0382, 0.242 0.134 0.253
14 0.194  0.0794, 0.342  0.159 0.258
15 0.0795 -0.0343, 0.248 0.00427 0.167

Genetic mapping of reproductive traits

Mapping of quantitative trait loci (QTLs) is a common approach to investigating the
genetics of complex traits. Mapping is the process of identifying the physical regions of

the genome that are associated with trait variation.

A QTL is a section of the genome that contains genetic variation that is associated with
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variation in phenotype. A number of methods have been used for identifying QTLs in
different populations. At the time of writing, 5,050 QTLs for a wide range of traits are
listed in the Mouse Genome Informatics database (http://www.informatics.jax.org/),
with many more identified in other species including humans. QTL mapping can indicate
the genetic architecture of a particular trait and the number of causative genes. QTLs

can subsequently be investigated further to identify causal variants and genes.

QTL mapping strategies have traditionally been developed for diallelic (i.e. two-parent)
populations. The development of multiparental populations such as the CC has necessi-
tated alternative mapping approaches, as single marker and interval mapping approaches
can fail to identify QTLs if the marker do not segregate between founders in the same
manner as the causative variants. In general, the recombinant inbred lines produced from
such populations are represented as mosaics of their founders and traits are mapped using
these mosaics.'® Such approaches are well established in multiparental populations and

have been shown to be effective for mapping QTLs.'®2

One of the stated aims of developing the CC was to create a resource for QTL mapping,
with good power and resolution. As discussed previously, this goal has seen some success
with identification of QTLs associated with a variety of traits using the incipient lines of
the cross. Trait mapping in the CC has typically used regression of the trait of interest
on the haplotype founder doses generated from the haplotype mosaics to calculate a LOD
score, with significance assessed by permutation. I use a variation on this approach to

map reproductive traits in the TAU CC population.

Linear mixed effect models

I map QTLs associated with reproductive traits in the pre-CC lines, using a linear
mixed modelling (mixed model) approach with the Ime4 R package.'®¥®> Mixed models

comprise both fixed and random effects, and are suitable for analysis in settings where
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repeated measures are made on related statistical units (i.e. the same individual, or
individuals with different degrees of relatedness) and when the repeated measures are
made on individuals who are representative of a larger population (i.e. when variation
between subjects is more relevant than are subject-specific effects). In essence, the mixed
model approaches used for genetic mapping act to decorrelate the phenotypes from related
individuals (including repeated measures of a given individual or within a CC line), which

can then be analysed as if independent.

As with the exploratory analyses I begin by examining the total recorded litter size
phenotype. Given our observation of the differences between the CC lines initiated in
Kenya and those initiated at TAU, I initially investigate only the latter cohort. I fit a
model in which generation of inbreeding is included as a fixed effect, and CC inbred line

is included as a random effect:

Yir, = [+ Bain +ur + e

yir, is the littersize of litter ¢ in CC line L, p is the overall mean, x;;, is the generation
number for the combination i, L, § is the regression coefficient relating litter size to
generation, uy, is a random effect that models the differences between lines, and e;;, is
the residual error. uy, is sampled from a normal distribution with between-line variance
estimated from the data, and the residuals are sampled from a normal distribution with

variance also estimated from the data.

Within a given generation there is variability in litter size, but also considerable variability
between inbred lines. This model fits a random intercept with a fixed mean (i.e. it
estimates the mean and standard deviation of the intercepts, with the slope of the fixed
effect generation of inbreeding being constant among funnels). I include generation of
inbreeding as a fixed-effect covariate because of the strong effect of inbreeding depression
on litter size. I expect this effect to result from accumulation of homozygosity during the

inbreeding process, and to not be easily mapped using fixed inbred genotypes that assume
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homozygosity. Thus I include generation as a fixed effect and aim to map reproductive
loci independent of the inbreeding depression process. Including generation of inbreeding
as a fixed effect significantly improves the model fit over the random effect only (i.e. versus

the model y;r, = pu + ur + e;p; x*=2,167, P=0e+00).

Profile zeta plots show balanced nonzero confidence intervals for the model terms (Figure
32), and profile pairs plots shows that the conditional estimates of most parameters are
constant; however, the conditional effect of Generation (given the intercept) depends
on the intercept and vice versa (Figure 33). A plot of the best linear predictors of the
random effects against standard normal quantiles show that many prediction intervals for
the random effects do not overlap zero (not shown). The distribution of random effects
seems reasonably balanced, potentially with a few extreme values at the high end of the

distribution.

QTL mapping

I evaluate genetic effects on reproductive phenotypes (litter size in this initial case) by
including a genetic effect for each locus in turn as a fixed effect in the mixed model, and

comparing the model fit with that of a reduced model by likelihood ratio test.

This is the comparison of our previous model:

Yir, = b+ Bri, +up + e

versus the genetic model:

Vi, = b+ ap + Bri, +ur + e

Where 1,7, is the littersize of litter ¢ in CC line L, u is the overall mean, x;;, is the

generation number for the combination 7, L, [ is the regression coefficient relating litter
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Figure 32: Profile zeta plot for the fitted model fm02. The confidence intervals for the
parameter estimates are nonzero, and are well balanced (shown by the reasonably linear
nature of the blue lines).
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Figure 33: Profile pairs plot for the fitted model fm02. The conditional estimates of
most parameters are constant, and do not depend on the other estimates. However, the
conditional effect of Generation depends on the estimate of the intercept, and vice versa.



size to generation, uy, is a random effect that models the differences between lines, e;, is

the residual error, and aj, is the genetic effect at the locus assessed as haplotype doses.

This genetic model has an implicit intercept for the locus, plus a fixed effect of generation
of inbreeding. Funnel is fitted as a random effect to account for the different levels of
relatedness between CC lines, the fact that the CC lines represent a sample of all possible
lines, and the repeated measures taken from each line. The comparison tests whether
the inclusion of a genetic effect at a locus (in this case represented by 7 fixed effects
comprising the uncorrelated principal components of a matrix of 8 correlated haplotype

doses) significantly improves the model fit at the cost of 7 degrees of freedom.

In the terminology of the lme4 R package this method is executed as:

fm02 <- lmer( Litter ~ Gen + ( 1 | Funnel ))
fm02a <- lmer( Litter ~d + Gen + ( 1 | Funnel ))

anova( fm02, fmO2a )

Here lmer() is the R function that fits the specified mixed model, ‘Litter’ denotes litter
size, ‘Gen’ denotes generation number, ‘Funnel” denotes CC line, ‘d” denotes the genetic

effect at the locus, and anova() is the R function used to compare the model fits.

I use permutation tests to calculate genome-wide thresholds of significance for each scan.
Such tests are described in detail elsewhere.'®® Briefly, the CC line identifiers are permuted
and the genomewide maximum association (in this case reported as —log;oP) across all loci
is recorded for each permutation, to generate the empirical distribution of test statistics
under the null condition of no QTL. Permutation is done by reallocating the observed
litter sizes among CC lines, while preserving the variation within lines, to simulate a null

hypothesis of no effect of genotype on phenotype at any locus.

Following the procedures used in previous CC mapping studies I test QTLs by running 500

1,000 permutations. I modify scripts used in previous studies to optimize computational
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efficiency, and to correct an error in genotype assignment (in which genotypes from outside
the original dataset are included in the permutations). I calculate 95% genomewide
thresholds of significance for each model, and 50% thresholds for suggestive loci. I also

investigate pointwise (or comparisonwise) thresholds when appropriate.

QTL mapping for litter size

QTL mapping using a model with a fixed effect of generation and a random effect of
CC line identifies two QTLs on chromosomes 1 and 5 that are genomewide significant
at the 95% level by permutation testing (Figure 35a). A number of other QTLs (on

chromosomes 2, 4, 6, 7, 11, 17 and 18) are suggestive at the 50% level.

The model treats all litters within a given funnel as independent events. In fact among
the TAU lines two or more distinct matings (Subcages) are initiated at each generation,
with litters then representing repeated measures over time. I generate a new variable
(Mating) from a combination of Gen, Funnel and Subcages, to represent each unique
mating pair. Mating is nested within the combination of Funnel and Generation. The
inclusion of the variable ‘Mating’ (denoting litters produced by a specific mating pair
within a CC line) as a random effect variable makes no material difference to these results,

with additional suggestive loci on chromosomes 9 and X (Figure 35b).

I then fit a model in which the slope of the generation effect is allowed to vary by CC line,
which potentially better reflects the fact that the decline in litter size associated with
increasing generation of inbreeding is not uniform across CC lines (Figure X). Importantly,
the slope (and to a lesser extent intercept) is generally a reflection of how well each line
has bred, and how many generations it reaches. I therefore refit the model allowing the
slope of the fit to vary according to funnel. I see a strong negative correlation (—0.87)
between the random effects for intercept and slope, suggesting that litter sizes in the first

generations of inbreeding give information on litter size in subsequent generations.
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Figure 34: QTL mapping for litter size. The upper panel (a) shows two QTLs significant
at the genomewide 95% level (red line), and several suggestive QTLs (blue line). The
fixed effects of generation and genetics are uncorrelated based on a sample of loci. Ime4
model: Litter ~ Gen + (1 | Funnel). The lower panel (b) shows the inclusion of a random
effect of Mating. The mapping results are not materially different from the simpler model

used in (a). lme4 model: Litter ~ Gen + (1 | Funnel) + (1 | Mating).
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Figure 35: Litter size with increasing generation of inbreeding among the genotyped CC
lines. The slope of the linear regression for each inbred line varies, and generally reflects
how well the line has bred and the maximum generation of inbreeding reached. Each
panel shows litter sizes for one inbred line. Intercepts are resonably constant among lines,
but some between-line variation is seen.
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Mapping using this model identifies significant QTLs on chromosomes 5 and 17, with
suggestive QTLs on chromosomes 1 (two loci), 6, 7, 8, 11, 15, 18 and X (Figure 36a).
The inclusion of the Mating variable in the model does not materially affect the mapping
results (Figure 36b). Importantly, allowing the slope of the fitted model to vary is
computationally intensive, but does not materially affect mapping results compared with
the simpler models used to produce Figure 35. I thus omit the variable-slope and Mating

variable from subsequent analyses.

Together, these scans show overlapping significant peaks of interest on chromosomes 1, 5
and 17, with magnitudes similar to those reported as significant in prior CC mapping
studies. Interestingly, the model with a variable slope (which well explains the phenotype
being examined) produces a better resolution of the chromosome 17 peak than does either
fixed slope model. Variable slope models are, however, notably more computationally

intensive than are fixed slope models.

Modeling generation effects

I also investigate other features of the data: initially by truncating the dataset in various
ways. Evidence indicates that lines that reach late generations of inbreeding are good
breeders unrepresentative of the broader population; truncating the data limits the
potential for these outliers to unduly influence the fit of the model. Removing later
generations from the data removes the tail of high-littering lines seen in Figure 9 and
retains the peaks on chromosomes 1 and 5, but increases the magnitude of suggestive
peaks on chromosomes 6 and 7. I illustrate such a scan with the dataset censored after

Generation 9 (Figure 37a).

By contrast, truncating the early generations of the dataset (in this case G3-G7) results
in the progressive loss of the chromosome 5 peak (Figure 37b). A previous attempt

to map litter size QTLs in the UNC arm of the incipient CC used only animals from
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allowed to vary. The upper panel (a) identifies two QTLs significant at the genomewide
95% level (red line), and several suggestive QTLs (blue line). lme4 model: Litter ~ Gen
+ (Gen | Funnel). The lower panel (b) shows the inclusion of a random effect of Mating.
The mapping results are not materially different from the simpler model used in (a). lme4

Figure 36: QTL mapping for litter size in which the slope of the generation effect is
model: Litter ~ Gen + (Gen | Funnel) + (1 | Mating).
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G2:F5 onwards (equivalent to Generation 8 in our data).!?* This prior study found only
a suggestive QTL on chromosome 6 at approximately the same location as does our
mapping. The lack of early generations in the UNC study might explain its limited success
in identifying litter size QTLs. Notably, the size and balance of our dataset decreases

with successive generations, and especially past Generation 10.

I also explore the effect of fitting generation of inbreeding as a nonlinear covariate. During
exploratory scans I accidentally fitted Generation as a factor, and the resulting parameter
estimates suggested its effect on litter size might not be linear. Fitting Generation as a
factor again identifies peaks on chromsomes 1 and 5, as well as suggestive loci similar
to our earlier scans (Figure 38a). Fitting generation as a nonlinear effect whereby the
estimated heterozygosity is used rather than the generation number returns the same

pattern of peaks (Figure 38b).

Effects of subpopulation

Exploratory data anaysis demonstrates notable differences in litter size between the CC
lines initiated in Kenya and those initiated at TAU. So far, I report genetic mapping from
only the lines initiated at TAU. Being able to reliably include the Kenyan data would
increase the size of our data set for mapping, possibly increasing power to detect QTLs.
In fact, mapping litter size in just those lines initiated in Kenya produces no notable
peaks (not shown). I see this result as reinforcing suspicions that problems of generation
labeling and genotyping (including unspecified cousins, with different genotypes but

undifferentiated breeding records) exist within these lines.

I map litter size using all data without accounting for Source, which identifies a novel
pattern of peaks, including significant peaks on chromosomes 4 and 17 (Figure 39a).
Interestingly a similar pattern emerges when the TAU data are truncated at early

generations, and particularly when these data are mapped without including Generation
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Figure 37: QTL mapping for litter size in early and late generations. The upper panel (a)
shows the results of QTL mapping in the early generations of the CC (3-9) and identifies

three QTLs significant at the genomewide 95% level (red line), and several suggestive
QTLs (blue line). lme4 model: Litter ~ Gen + (1 | Funnel). By contrast the lower panel
(b) shows QTL mapping in the late generations of the CC (>8), which results in the

progessive loss of the peak on chromosome 5, and the disappearance of all significant

QTLs. lme4 model: Litter ~ Gen + (1 | Funnel).
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Figure 38: QTL mapping for litter size using different generation effects. In the upper
panel (a) QTL mapping for litter size treating generation of inbreeding as a factor identifies

one QTL significant at the genomewide 95% level (red line), and several suggestive QTLs

(blue line). Ime4 model: Litter ~ as.factor(Gen) + (1 | Funnel). The lower panel (b) fits

the generation effect as the estimated heterozygosity at each generation of inbreeding.

Ime4 model: Litter ~ I1(0.8"(Gen-3)) + (1 | Funnel); ccdataTAU
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as a covariate. This observation provides some evidence that the generation labeling is
inconsistent in the whole population, and that mapping in the whole population is similar
to mapping in later generations where the effect of Generation is expected to be low. It
also suggests that mapping in late generations of the CC might be possible without the

inclusion of a generation covariate.

By contrast, mapping using the residuals of a linear model that regresses litter size on
the interaction of Generation with Source shows the re-emergence of a suggestive peak on
chromosome 5, and a pattern of peaks similar to mapping using just the lines initiated
at TAU (Figure 39b). I conclude that regressing out this interaction is successfully
accounting for some, but not all of the variation between data sources. I suspect that
some within-population variation also exists in the recorded generation numbers in the

dataset.

QTL mapping for time between litters

I also investigate genetic associations with time between litters. I include first litter status
in the mapping model, as exploratory analysis revealed that first litter times from mating
to birth included a period of time before the parents were sexually mature. Mapping
revealed one QTL on chromosome 12 significant at the 95% level, and one QTL on
chromosome 3 significant at the 90% level (Figure 40a). Additional inclusion of litter size
as an explanatory variable in the mapping model results in 95% genomewide significant
QTLs on both chromosomes 3 and 12 (Figure 40b). Litter size is known to be associated

with gestation time, with larger litters being born sooner.!¢3

QTL mapping for other traits

Heritability analyses suggest that discovering significant genetic associations by QTL

mapping for other reproductive traits in the TAU CC population is unlikely. Nonetheless,
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Figure 39: QTL mapping for litter size in the entire TAU CC population. The upper
panel (a) shows two QTLs significant at the genomewide 95% level (red line), which are
not identified in just the CC lines intiated and maintained at TAU. Ime4 model: Litter ~
Gen + (1 | Funnel). The lower panel (b) shows mapping for litter size using the residuals
of a linear model that regresses litter size on the interaction of Generation with Source.
The scan shows the re-emergence of a suggestive peak on chromosome 5, and a pattern of
peaks similar to mapping using just the lines initiated at TAU. lme4 model: Litter res ~

(1 | Funnel ).
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The upper panel (a) shows one

Figure 40: QTL mapping for time between litters.

(1]

Funnel). The lower panel (b) shows the results of mapping with the addition of litter size

~ First_litter + Gen +

significant QTL on chromosome 12. Ime4 model: Gdays_ Adj

as an explanatory variable. Two significant QTLs are identified on chromsomes 3 and 12.

(1 | Funnel).

~ Litter + First_ litter + Gen +

Ime4 model: Gdays_Adj
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I scan traits for which there is an indication of possible line-specific differences, including
number of offspring not weaning and difference between number of weaning males and
females. T also test the total number of weans, in case any litter size QTLs emerge that
were masked by the number of offspring not weaning; I see no material differences to the

scan for reported litter size (not shown).

Scans of the difference between weaning males and females, and the proportions of
male and female weans among the total weans reveal a plausible suggestive QTL on
chromosome X (not shown). This male:female ratio phenotype might benefit from further
examination in a generalised linear mixed model (GLMM) framework. Interestingly, a
scan for number not weaning is suggestive for QTLs on chromosomes 6 and 17 indicating
genetic associations with early-age survival (not shown). Similar to sex ratios, the number

not weaning might benefit from analysis as a proportion within a GLMM framework.

Summary

The results of the various genome scans are summarized in Table 11 and Figure 41.
Overall, I present evidence for significant QTLs associated with litter size on chromosomes
1, 5 and 17 in the CC TAU population, and a number of suggestive QTLs (including those
in previously reported locations). Truncating the CC TAU data at Generation 10 reveals
additional significant QTLs on chromosomes 6 and 7 at locations that are suggestive in
the other analyses. The QTL on chromosome 5 is present across different scan types, and
account for ~3% of total variation and 24% of genetic variation in litter size (Table 12).

Other litter size QTLs each explain 1.4-2.6% of total variation.

Encouragingly, subsetting and otherwise re-expressing the dataset results in no material
changes in the position of peaks, although it does result in some changes in magnitude.
Mapping using the whole CC dataset identifies possible significant QTLs on chromosomes

4 and 17; however, mapping residuals after accounting for differences in the data sources
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results in the disappearance of this peak on chromosome 4.

I see evidence for significant associations with litter size for QTLs on chromosome 17 across
multiple mappings; however, in most scans much of this chromosome shows suggestive
association with litter size and consequently resolution to dissect these effects is poor. I see
a significant association of time between litters with QTLs on chromsomes 3 and 12, and
suggestive associations for other reproductive phenotypes, including with chromosomes
17 and X, which have known roles in reproductive function. The QTLs for time between
litters each explain <1% of total variation, but >15% of genetic variation. The identified

QTLs are summarized in Table 12.
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Figure 41: Summary of the various QTL scans. The QTL mapping scans described in
the above section and Table 3 are illustrated in order. For each scan, the locations of
95% genomewide significant QTLs are marked in red. Suggestive QTLs (above 50%
genomewide threshold) are shown in black. The litter size QTL on chromosome 5 is
identified often among the various mapping analyses.
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Genetic effects

I investigate the genetic effects of the CC founders at the identified litter size loci on
chromosomes 5 and 1. I first investigate the relative contributions of the CC founders at
the identified litter size QTL on chromosome 5 (Figure 42). T expect to see 12.5% of each
of the eight founders at each locus; deviations from this proportion might indicate selection
has occurred at the locus. I find an excess of WSB/EiJ haplotypes at the chromosome
5 locus (17.2%; P=0.0101; measured at the QTL peak), and possible deficiency of
CAST/FEiJ (9.24%; P=0.0714). Previous work suggests that an excess of the WSB/EiJ
haplotype spans half of chromosome 5 in the CC inbred lines, consistent with these
findings.'®! By contrast, the chromosome 1 locus shows an excess of PWK/PhJ (19.4%;

P=0.000147).

Chromosome 5 locus

I next extract estimates of the effect of each CC haplotype from the fitted genetic model
to investigate the effect of each CC founder haplotype on litter size across the chromosome
5 locus (Figure 43). PWK/PhJ founder is consistently associated with lower litter size
across this locus, whereas NZO/HILtJ and 12951/SvimJ founders are associated with
larger litter sizes. WSB/EiJ alleles are not obviously associated with litter size, despite
their apparent enrichment at this locus. The effect sizes are reasonably constant across
the QTL. C57BL/6J founder seems associated with smaller litter size at this locus, despite

these mice typically being good breeders.

Across the QTL, none of the poorest 30% of breeding lines (determined by mean litter
size) carries 129S1/SvlmJ haplotypes, indicating that presence of 12951 /SvlmJ is typically
associated with good breeding performance (P=0.006 for test of top 80 vs bottom 80

lines). CAST/EiJ and PWK/PhJ haplotypes at this locus are typically found in low

performing lines, and in a few high performing lines, but rarely in intermediate lines.
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Figure 42: Chromosome 5 and 1 allele contributions. The upper panel (a) shows the
proportion of each founder haplotype across chromosome 5. An excess of WSB/EiJ is
seen at the QTL. The lower panel (b) shows the proportion of each founder haplotype
across chromosome 1. An excess of PWK/PhJ is seen at the QTL.
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Figure 43: Allelic effects attributed to each founder across chromosome 5. The upper panel
(a) shows the allelic effects across the chromosome relative to WSB/EiJ. PWK/PhJ founder
haplotype is associated with smaller litter size across the QTL, whereas 12951/SvimJ is
associated with large litter size. The lower panel (b) shows the absolute allelic effects
across the QTL.
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Chromosome 1 locus

A similar plot of the chromosome 1 locus is shown in Figure 44, with WSB/EiJ founder
seemingly associated with smaller litters and 12951/SvlmJ associated with larger litters
across the QTL. A distinct drop in litter size associated with PWK/PhJ founder is seen

in proximal chromosome 1, at a region with some evidence for a second suggestive QTL.

Chromosome 17

The genetic mapping repeatedly identify chromosome 17 as showing a significant associ-
ation with litter size. However, the mapping scans identify nonoverlapping significant
QTLs, covering most of the chromosome. These mapping results suggest the involvement
of multiple loci on chromsome 17. I show here the effect sizes across the whole chromosome
for two QTL scans (Figure 45). These results suggest a complex effect on litter size
from chromosome 17, which the mapping resolution of this study has been unable to
disentangle. Chromosome 17 loci also show suggestive associations with time between

litters indicating more-widespread involvment with reproductive traits.

Time between litters

Finally, I investigate the founder contributions and effect sizes for the significant chromo-
some 12 QTL for time between litters (Figure 46). This locus shows no notable variation
in founder contribution, and some notable differences in effect between founders, with
indication of clustering of founder effects. A/J haplotypes show a consistent associa-
tion with the fastest time between litters, while CAST /EiJ, PWK/PhJ and NOD/LtJ

haplotypes are associated with the slowest time between litters.
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Figure 44: Allelic effects attributed to each founder across chromosome 1. The upper panel
(a) shows the allelic effects across the chromosome relative to WSB/EiJ. WSB/EiJ founder
haplotype is associated with smaller litter size across the QTL, whereas 12951/SvimJ is
associated with large litter size. The lower panel (b) shows the absolute allelic effects
across the QTL.
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Figure 45: Allelic effects attributed to each founder across chromosome 17. The upper
panel (a) shows the allelic effects across the chromosome relative to WSB/EiJ from QTL
Scan 3. NOD/LtJ founder haplotype is associated with larger litter size across the QTL,
whereas PWK /PhJ is associated with small litter size. The lower panel (b) shows the
allelic effects across the chromosome relative to WSB/EiJ from QTL Scan 10. Two
distinct QTLs have distinct patterns of effects.
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Figure 46: Allelic effects attributed to each founder across chromosome 12. The upper
panel (a) shows the allelic effects on time between litters across the chromosome relative
to WSB/EiJ. PWK/PhJ, CAST/EiJ and NOD/LtJ founder haplotypes are associated
with longer time between litters across the QTL, whereas A/J is associated with shorter
time between litters. The lower panel (b) shows the absolute allelic effects across the
QTL. This QTL shows clear clustering of strain effects, which might be amenable to
merge analysis.
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Candidate genes

I further examine the identified litter size QTL on chromosome 5 to search for puta-
tive candidate genes and causal variants. The QTL spans ~11Mb and contains 215
genes (count includes predicted genes, RNA genes and pseudogenes; data from Archive
EnsEMBL browser; http://may2012.archive.ensembl.org/index.html). Of these genes,
15 are reported to be associated with the term “reproductive system phenotype” in
the Mouse Genome Informatics database (http://www.informatics.jax.org/) and seven
are specifically associated with the term “abnormal litter size”: QOasld, Ptpnli, Aldh2,
Atzn2, Atp2a2, Stx2, Tpstl. These 15 genes are detailed in Table 13. Among these
a number are expressed widely; only Oasld and Tpstl are reported to be expressed
exclusively in reproductive and related tissues (data from BioGPS [biogps.org] and MGI
[http://www.informatics.jax.org/]). Among the remainder of the 15 genes Scarb1, Adamla
and Piwill are also exclusively expressed in reproductive tissues, as are Lhz5, B3gnt/,
and Adam1b, which are identified by Gene Ontology overrepresentation analysis (below),
but not listed as associated with reproductive function in the Mouse Genome Informatics
database. Other genes in the region, including Abcb9, Brap and Ccdc92, are also reported

to be highly expressed almost exclusively in the testis.

Genes associated with reproduction and gamete generation are overrepresented threefold in
the QTL, but are not significantly overrepresented after correction for multiple comparison
(Adam1b, Lhx5, B3gnt], Adamla, Gpri33, Piwill, Rilpll, Rilpl2; analysis done using
Gene Ontology Enrichment http://geneontology.org/page/go-enrichment-analysis and
PANTHER www.pantherdb.org).!87 The genes in the QTL are strongly overrepresented
for response to interferon-y (Bonferroni-corrected P-value = 2.76 x 101?), as a result of
the presence of ten members of the 2’-5" oligoadenylate synthetase family (which includes
Oasd1). Interferon-v enhances blood flow to the site of implantation during pregnancy,

and aids the development of the placenta suggesting a potential mechanism of action.
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[ examine the CC founder haplotypes using the CC viewer (http://csbio.unc.edu/CCstatus/),
to identify any regions of common haplotype between founder strains. Of particular
interest is the region 126.8-128.9Mb where 12951/SvimJ and NZO/H1LtJ—the two
founder haplotypes associated with largest litter size—largely share a haplotype (Figure
47). This region corresponds to the chromsome 5 QTL peak. It is also a region of very
few genes, containing none of our previously identified candidates. It is however in close
proximity to Piwill and Scarbl on the forward and reverse strands respectively. This
region also contains the transmembrane protein Tmem132¢c, which is expressed in uterus

and umbilical cord.

Discussion

This work identifies putative loci associated with litter size in mice, and catalogs plausible
candidate genes and functional variants at these loci. It also identifies loci associated
with time between litters. Initial assessment show that the TAU cohort properties are
consistent with those of the CC lines maintained at UNC,°%197 and that the heritability

4 and the wider

of reproductive traits is consistent with that seen in the UNC mice!?
literature. The strongest reported locus—the litter size QTL on chromosome 5—seems
novel and not identified in other litter size mapping studies in mouse. This QTL explains

around 3% of total variation in litter size, which is consistent with the effect size of other

QTLs for complex traits.

Results

Investigation of the identified locus on chromosome 5 has identified a number of plausible
candidate genes. These analyses suggest Oasid and Scarbl as the most likely female
factors in the target locus. Other genes in the locus are, however, reported to be

associated with reproductive traits, and the possibility remains that male factors, multiple
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Figure 47: Genes and haplotypes within the chromosome 5 QTL. The upper panel shows
the location and distribution of genes across the QTL. The QTL peak corresponds to
a region with few genes. The lower panel shows the haplotype diversity of the eight
CC founders across the QTL. Haplotypes are assigned greedily from top to bottom
across the QTL, so that each color represents a distinct haplotype. 129S1/SvIimJ and
NZO/H1LtJ—the two founder haplotypes associated with largest litter size—largely share
a haplotype in the region 126.8-128.9Mb, which also corresponds to the QTL peak.
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genes or novel genes are involved. Investigation of sequence variants across this locus
might help to further narrow the list of candidate genes. QOasld is reported to be
involved in ovarian follicle development and ovulation, and probably interacts with Oasla
(also found in this locus) to prevent cellular destruction during oogenesis.!®® The 2'-5’
oligoadenylate synthetases also have a reported role in interferon-gamma sensing in the
uterus, which modulates blood flow to the site of implantation during pregnancy, and

aids the development of the placenta.

Scarbl encodes a high density lipoprotein (HDL) receptor that mediates the selective
uptake of plasma HDL cholesterol by liver and steroidogenic tissues. It is reported
to affect fertility in humans and mice, through a range of potential mechanisms.!89193
Female mice with Scarbl knockouts are infertile, possibly as a result of premature
activation of eggs caused by excess cholesterol.!®* During luteinisation, Scarb! expression
increases dramatically to supply circulating HDL cholesterol to ovarian cells; Scarb!
expression is essential for maintaining normal ovarian cholesterol homeostasis and luteal
steroid synthesis.!® Scarbl protein is also present in the yolk sac and placenta during
development, and might therefore affect fetal growth by modulating maternal-fetal

transport of cholesterol and other lipids.!?® A liver-HDL-ovarian axis is thus a plausible

candidate for further investigation of fertility phenotypes in humans and model organisms.

In support of this theory, a study that mapped HDL cholesterol in outbred mice identified
significant QTLs on chromosomes 1 and 5 at locations that closely match our identified
QTLs (Figure 48).17 These authors identified Scarb! within the chromosome 5 locus
and Apoa2 within their chromosome 1 locus as candidate HDL cholesterol genes, raising
the possibility that our measured litter size phenotype is conflated with circulating HDL
cholesterol levels. Apoa?2 lies just outside our identified QTL, and contains a polymorphism
associated with high HDL cholesterol levels that is only present in 12951/SvIimJ among the
CC founders.’® 129S1/SvImJ is also associated with larger litter size at the chromosome

1 locus. Future studies might explore HDL in CC lines in the context of Scarbi.
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Our identified QTL on chromosome 1 contains nine genes previously associated with
reproductive phenotype in mouse, and one (Serpinc1) associated with abnormal litter size
phenotpye. Among these genes, Adcy10 is reported to affect fertility with homozygous
females exhibiting increased cholesterol and triglyceride levels. This QTL might also
overlap with the reported modifier of obesity related sterility 1 (Mors1) QTL,'® and
with a large number of reported HDL cholesterol QTLs. Other QTLs identified in this
study contain genes associated with embryonic cholesterol uptake, including the low
density lipoprotein (LDL) receptor related proteins Lrp2 on chromosome 2 and Lrp6 on
chromosome 6. The relationship of cholesterol with reproductive function, which might

interact with obesity and metabolic syndrome, is discussed in several reviews,!89:200-202

Litter size has previously been investigated within the CC, as reproductive performance
has been important to delivering the completed resource. An analysis of 102 traits in the
UNC mice found one suggestive litter size QTL on distal chromosome 6 (93.9-128.3Mb;
Build 36).12* The authors report A/J haplotype to be associated with larger litter size,
and NZO/HILtJ haplotype associated with smaller litter size. Our QTL mapping shows
a suggestive peak in an overlapping but nonidentical region (113.9-128.4Mb; Build 37),
and a nearby significant peak in the early generations of the inbreeding cross (143.6—
149.3Mb; Build 37). A different pattern of strain effects is evident, with 129S51/SvimJ and
C57BL/6J haplotypes associated with larger litter sizes (Figure 49), and 129S1/SvIimJ is

largely absent in the lines with the smallest mean litter sizes.

129S1/SvImJ and A/J share a haplotype in the distal region of chromosome 6, which is
reflected in the HAPPY founder probabilities. This region contains the known reproductive
genes Capza3, Plekhad, Pde3a and Kras, and corresponds to the low testis weight and
sperm hammerhead QTLs Ltsw2 and Shi1, respectively.2® One possible reason for the
difference betwen studies is that the UNC study used data from G2:F5 generation and
greater for mapping, whereas our strongest peaks in this region were associated with

the early generations of inbreeding. Our analysis also uses substantially more data, by
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Figure 48: Genomewide association mapping with mixed model analysis (EMMA) over
44,428 SNPs for traits HDL, SBP, TG, GLU, and the log-transformed ACR. © 2012
Zhang et al.. Reproduced with permission under CC-BY.*97
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Figure 49: Allelic effects attributed to each founder across chromosome 6. C57BL/6J
and 12951/SvImJ founders are associated with larger litter size, particularly in the far
distal portion of the chromosome.

using approximately the same number of CC lines, but including multiple generations

and multiple litters from the same parents.

In our study, mapping in the early generations of the cross also identified a significant
QTL on chromosome 7. This QTL contains 10 genes associated with reproductive
phenotype, and one, Ifitm5, previously associated with bone defects and small litter
size. Chromsome 7 was previously identied as litsq (litter size QTL) in chromosome
substitution strain analysis of chromosome 7 derived from 12951/SvimJ on a C57BL/6J
genetic background, which also identified QTLs for body weight and composition.?** In
this study, the substitution strains had significantly larger litter sizes. Interestingly, the
TAU CC lines show an excess of 12951/SvImJ haplotype across much of chromosome 7
(although not at the QTL), and 129S1/SvImJ is associated with larger litter size at the

QTL, with PWK/PhJ associated with smaller litter size (Figure 50).

The chromosome 7 QTL also contains two imprinted gene clusters—the Igf2—H19 and
Kcengl clusters—of four and fifteen genes, respectively, which are associated in mice

with early embryonic lethality (paternal inheritance) and late fetal lethality (maternal
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Figure 50: Allelic effects attributed to each founder across chromosome 7. The upper
panel (a) shows the founder contributions across the chromosome. 12951/SvimJ is
overrepresented across much the chromosome, although not at the identified QTL. The
lower panel (b) shows the allelic effects across the chromosome relative to WSB/EiJ.
PWK/PhJ founder is associated with smaller litter size and 12951/SvImJ with larger
litter size.
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inheritance). Genomic imprinting is thought to have a key role in fetal and placental
growth, development and nutrition; it is discussed in more detail in Chapter 5. Some
imprinted genes, including /gf2,2> have been reported to be associated with litter size
in pigs.2’® Parent-of-origin-specific effects, which might include imprinting effects, are
also reported in female reproductive success in mice (defined as lifetime number of young
surviving to sexual maturity), although the underlying mechanisms are unclear.?°” Our
litter size phenotype is likely to result from many complex processes including some
influenced by imprinting effects. While our mapping approach might identify such regions,
it lacks the capacity to discriminate between paternally and maternally inherited alleles.
At later stages of inbreeding all individuals are likely to be homozygous at the locus so
it would be impossible to identify imprinting effects. It might, however, be possible to

further explore these effects using reciprocal crosses of well genotyped CC lines.

This analysis reveals evidence for involvement of chromsome 17 in determining litter
size phenotype, with multiple loci likely to be involved. While our scans reveal signifi-
cant peaks on this chromsome, the significant and suggestive regions span most of the
chromosome. This extended region contains nine genes with reported associations with
litter size including Mepla, Vegfa, Safb, Lbh and Fshr, and overlaps with the previously
reported mouse pregnancy rate QTL Pregq4. Also within the region is the luteinizing
hormone/choriogonadotropin receptor Lhcgr, knockouts of which affect both male and
female reproductive function, the major histocompatability complex, which is suggested

to be involved in mate choice in a range of taxa,208 210

and the linked ¢ haplotype—a
well-characterized selfish genetic element that contains recessive lethal alleles.?!! Interest-
ingly, our scans did not report an association with litter size on the proximal region of
chromosome 17, a region that contains several genes with strong effect on reproductive
function including Prdm9, Igfr2 and Sox8. Two separate regions of chromosome 17

were also suggestive QTLs for time between litters indicating a widespread effect on

reproductive function.

117



This study also identified significant QTLs for time between litters on chromsome 12 and
3. Gestation length—a component of time between litters—has been demonstrated to
have a genetic basis in mice, primarily controlled by maternal genetics.!%® Notably, the
founder effects seen at the chromosome 12 locus are inversely correlated with the reported
gestation lengths for the CC founder strains in this prior study, with A/J haplotype
associated with the shortest time between litters at this locus, despite exhibiting the
longest gestation times.'% One possible explanation for this contrast is that the QTL
is associated with relative ease of initiating pregnancy, and gestation length is in fact
a confounder. The chromosome 3 locus does not show the same distribution of effects.
This prior study also reports a strong inverse correlation between gestation length and
litter size, which was included as a covariate in our data, and a small seasonal effect on

gestation length (most-notable in C57BL/6J mice).

Phenotype

Litter size is an extremely complex phenotype, in large part because it is a characteristic

82

of both the parental and filial generations,®” as well as being affected by inbreeding

depression and selection, and confounded with maternal and other indirect effects. Males

82,152 414

are thought to contribute no more than 10% to observed variation in litter size,
I therefore focus discussion in this chapter mainly on female factor genes. However, a
2015 study reports that male reproductive phenotypes vary greatly among CC founder
strains, with CAST/EiJ mice displaying a notable combination of deleterious male
reproductive traits.?'2 The inclusion of the wild-derived founders in the CC population is
intended to maximise diversity, and it is possible that prior studies that report a small
contribution of males to oberved variation investigated inbred lines lacking in relevant
genetic variation. Nonetheless, the authors report that male infertility caused a large

portion of the extinction of the inbred CC lines, and it seems likely that these male factors

mainly affect the success or failure of mating, rather than quantitative variation in litter
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size. A lack of information on failed matings, and on individuals and their sex, probably

limits the ability of our approach to detect male factors that affect reproductive traits.

Litter size in mice has primarily been investigated in the context of informing animal
husbandry, but the published research is fragmented and no coherent overview of the
genetics of this phenotype is available. Litter size is reported to be responsible for most
of the variation in reproductive performance in polytocous species (i.e. those ovulating

213 which makes it a trait of interest for agricultural science. Nonetheless,

multiple eggs),
polytocous and monotocous species are likely to have experienced differing selection
pressures, meaning that the mechanisms governing litter size in laboratory mice might
be different from those that are important in animal husbandry. Selection for both high

82,152,155,214-217

and low litter sizes in mice is possible, although mouse litter size is a trait

40,155,174,216,217 511d consequently I might expect low power

with low realized heritability,
to detect genetic associations. In this regard, our calculated heritability and CVg values

indicate that relatively large-effect variants might be segregating in the population.

Litter size as a phenotype is determined by the interaction of many component traits
including ovulation rate, fertilization rate, implantation rate, embryonic mortality and
uterine capacity. Ovulation rate sets an upper limit to litter size, and increased ovulation
rate is the primary cause of increasing litter size in mice selected for this trait. Litter size
is a trait for which intermediate levels are likely to be evolutionarily optimal (although
this pressure might be relaxed in laboratory populations). Adjustment to an intermediate
level is probably most efficiently done by control of ovulation rate, as control of litter
size mediated by implantation rates or embryonic mortality is wasteful of reproductive
resources. Nonetheless, inbred mouse lines that produce large litters have been shown
to do so using different adaptive strategies,?!® indicating that multiple male and female
processes are involved in determining litter size phenotype; among female parameters,
differences between lines were observed in progesterone concentrations, oocytes per follicle,

ovulation rates and gestational loss.
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Several genes are known to affect litter size in mice and agricultural animals. In par-
ticular, strong evidence exists that Gdf9 (mouse chromosome 11) and Bmpl15 (mouse
chromosome X) have roles in determining ovarian function and especially in regulating
polyovulation.1?®219224 BAP15 and GDF9 are also associated with ovarian function and
premature ovarian failure in humans.??!22%226 QTL mapping in our study did not identify
these genes as being significantly associated with litter size in the TAU CC mice, maybe
due to lack of functional variants in the founder strains. Mapping does, however, identify
a suggestive QTL at a locus near Bmp15 on chromosome X. Gdf9 and Bmp15 might
act by inducing cholesterol synthesis in cumulus cells, suggesting a possible link with the

postulated action of Scarbi, and other candidate genes??”

40,159,160,228-231

Other QTLs have been associated with litter size in mice, often in crosses

of lines with extreme phenotypes, although few underlying genes are identified; epistatic*®

229

and dominance®*” effects are reported to have a notable role in determining this phenotype.

QTLs have been identified for other reproductive phenotypes in mice including hormone-

156,157,229,232 and male factor infertility.2®® The loci identified in our

induced ovulation,
study do not greatly overlap with these prior loci, although this result is not necessariliy
surprising given the range of possible mechanisms that combine to produce the litter size
phenotype. Many QTLs for litter size and reproductive traits are reported to overlap
QTLs for growth traits.??? Selection for increased body weight results in increased litter
size and a corresponding increase in ovulation rate, reinforcing a link between reproductive
performance and body mass.?!® Selection for increased litter size also caused an increase in
ovulation rate (60%), but showed an accompanying 87% decrease in luteinizing hormone
receptor induction indicating that different mechanisms are involved. Many additional
loci have been associated with reproductive traits in cattle, sheep, pigs and rabbits, and

hundreds of genes are shown to be necessary for fertility and viability in mouse knockout

studies.
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Inbreeding depression

This study assesses genetic associations with litter size in a large mouse population
in the context of severe inbreeding. In a progressively inbred population such as the
CC, determination of litter size is confounded with the process of inbreeding depression,
probably as a result of the accumulation of recessive deleterious alleles in both parents
and offspring. Mice are consistently reported to suffer a decline of 0.5 offspring per 10%
inbreeding and our data support this rate of decline. In addition, many matings during
inbreeding are functionally infertile and unproductive, resulting in a reduction in the
total number of litters produced. In the context of inbreeding, the effects on litter size
are reported to be mediated largely through maternal factors (~40% of effect; especially
implantation rates) and embryonic viability (~60% of effect),®? although inbreeding might
also have different effects on components of litter size in different stocks of mice, and
an interaction might exist between levels of inbreeding in the mother and offspring (in
particular affecting preimplantation mortality).?*3 In this setting, it is likely that most
oocytes get fertilized and become corpora lutea. These corpora lutea are, however, highly
sensitive to the environment, including handling of the mother.'™ The effect of inbreeding
on litter size is likely to not be mediated by an effect on body size, which tends to stay
the same during inbreeding as the reduction in number of offspring caused by inbreeding

leads to an improved maternal environment for growth.

In this study, I account for the effect of inbreeding depression by including generation
of inbreeding in the mapping model as a linear effect, as a factor and as the estimated
heterozygosity at each generation, all with largely similar results. Thus while I have
mapped genetic associations with litter size in a progressively inbred population, the
mapped trait is in effect the variation in litter size once the variation attributable to
generation of inbreeding (as an approximation of the effect of inbreeding depression) is

accounted for. Once the CC lines are fully inbred, parental and offspring genotypes will
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be theoretically identical at all loci, negating the differences between the three different
genotypes influencing a trait; inbreeding depression resulting from the accumulation of
deleterious alleles and hybrid incompatibility will also not be issues in the fully inbred
lines. Thus investigation of litter size in the completed CC lines might reveal more about

the genetics of this trait.

CC population

The CC has been designed as a ‘genotype once, phenotype many times’ resource, whereby
the final inbred lines will be genotyped and QTL mapping can be done on the assumption
that the mice in which phenotype is measured will be at least as homozygous as the
genotyped individual. This analysis, by contrast, uses genotypes from partly inbred
mice and probably from later generations than many of the measured trait values. The
precise identity and generation number of the genotyped individuals is not documented,
although the mean seems to be 5 generations of inbreeding (see Chapter 3). Many of the
recorded trait values, therefore, represent the phenotypes of individuals with more genetic
variation than is recorded in the genotypes, which will have decreased the power to detect
genetic associations. The full dataset even includes litter size data for the offspring of
the F2 generation, who are not yet inbred. Including data from the earliest generation
of inbreeding increased the number of litter size measurements that could be included
in the analysis at the cost of the precision of the genotypes associated with them. As
giving birth is a discrete event, I believe it appropriate to include multiple measurements
from the same inbred lines and matings, analagous to taking measurements from multiple
individuals in the final genetically identical lines. In this regard, it is reassuring that the
inclusion of the Mating variable that denotes the individual matings within an inbred

line has no material effect on the outcome of the mapping analysis.

One potential confounder of QTL mapping of litter size in mice is hybrid sterility—a

well-known phenomenon in mice, which has chiefly been investigated in M.m.domesticus
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x M.m.musculus crosses.?>23423% These crosses produce sterile males, resulting from inter-
actions between the M.m.musculus X chromosome and Prdm9 on chromosome 17, as well
as other loci.?"?3¢ The CC design took this incompatibility into account, with PWK/PhJ
mice selected instead of the better-studied PWD/PhJ (which are known to be infertile in
crosses with C57BL/6J).%3" Evidence now shows that M.m.domesticus x M.m.castaneus
crosses also result in male hybrid sterility.”® Other incompatibilities were discovered during
the CC breeding process, including NZO/HILtJ x CAST/EiJ (incompatible), NZO /HILtJ
x PWK/PhJ (incompatible), PWK/PhJ x 129S1/SvimJ (infertile male offspring), and
12951/SvimJ x NZO/HILtJ (low litter size with 129S1/SvImJ females).!9"12* These
incompatibilities have been investigated in more detail in the UNC lines of the CC,
although no full published report is yet available (D Aylor, personal communication).
Such incompatibilities represent another mechanism that might influence litter size in
the incipient CC lines. Nonetheless, incompatabilities should typically result in infertile
phenotype, which is not well measured by the TAU CC breeding records, and they should
manifest early in the inbreeding process. Any inbred lines that suffered from hybrid
sterility before the lines were genotyped is not included in the mapping analysis. Thus,
primarily I map litter size and other traits in a population that has escaped the effects of

hybrid sterility.

Previous work has shown that the pre-CC data is an appropriate resource for QTL
mapping, with sufficient power to identify QTLs for a range of traits. In this context, our
identified QTLs are wider than might be expected, and are of relatively low significance
when assessed by permutation. Several factors might have confounded the mapping of
litter size in these animals, and diminished our power to detect significant associations.
First, as discussed above, traits such as litter size are extremely complex, representing the
outcome of multiple processes. Second, many of our traits are measured in generations
prior to the genotyped individual for each line, with the result that some variation

in phenotype is not accounted for by the measured genotypes. Third, processes such
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as inbreeding depression and hybrid sterility are highly likely to affect reproductive
phenotypes in the CC lines, and our models might not adequately correct for these

processes.

Data quality

Finally, the quality of the original litter size dataset might have affected the outcome of
this analysis. Unfortunately, the quality and scope of available breeding records turned
out to not meet the expectations I had when I initiated the project, which resulted
in time-consuming data curation, and a lack of ability to investigate many aspects of
fertility. I critique our project design further in Chapter 8. The TAU breeding records
contain visible errors and duplications, which are likely to reduce the power of the QTL
mapping. Efforts were made to correct these errors during data curation, but some may
still remain. In addition, it is possible that errors in these files have led to inaccuracies in
the mating of mice at TAU. This suspicion is reinforced by the fact that a number of the
CC lines maintained at TAU have been found to contain contributions from fewer than

101 In the context of obvious errors in the TAU breeding records, it

eight founder strains.
is reassuring that efforts to clean the data improve the strength of the identified genetic
associations with reproductive traits. For example, careful curation and correction of the
recorded dates of mating and birth resulted in the emergence of QTLs for time between
litters that were not evident from the raw dataset. More insight might well be obtained
from applying a better understanding of the biological processes involved to the QTL

mapping. I discuss the importance of such biologically sensitive data management further

in Chapter 8.

Similarly, despite much effort and time investment, I have been unable to satisfactarily
unravel the natural history of the CC lines initiated in Kenya and subsequently maintained
at TAU. I see at least two obvious problems: first, inconsistent generation labeling; and

second, cousin lines that have been genotyped, but for which breeding records are absent.
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The CC population initiated and maintained at TAU seems to not share these problems
and I therefore base mapping results and analyses on this population—while not perfectly

recorded, its history is at least more-consistently documented.

The manner of maintenance of the breeding records potentially discards important
information relevant to reproductive phenotypes. For example, it might be that the most
important points within our data are those at which a given line fails to breed, which
typically involves a severe drop in litter size between generations from a normal number
of births to none. In the context of mouse inbreeding, around half of vaginal plugs fail
to be pregnancies (i.e. implantations) and could conceivably be regarded as a litter size
of zero.!™ Owing to the nature of our dataset, it is difficult to identify failed matings,
and indeed to differentiate these informative data points from those in which lines have
been discontinued. I requested from TAU details of which lines are extant, in the hope
that this would facilitate survival analysis of these data; to date this information has
not been forthcoming. Nonetheless, some form of per-line survival analysis, investigating
the maximum generation of inbreeding achieved by each inbred line (or a binary trait of
surival to a given generation of inbreeding) might reveal additional loci associated with

reproductive traits.

In this context it is important to be clear about definitions of fertility (the potential for
reproduction) versus fecundity (the reproductive output of an individual). Our study
has mapped a measure of fecundity (i.e. litter size), and owing to the structure of the
TAU breeding records—which selectively omit data from unproductive matings—it can
offer little insight into the genetics of fertility (i.e. proportion of successful matings). In
fact, this study in effect maps QTLs associated with litter size as a quantitative but
non-zero trait among a subpopulation of mice who bred relatively well in the context
of severe inbreeding and which was presumably selected to some degree for large litter
size (necessary for initiating matings to produce the subsequent inbred generation).

Disentangling the various contributory factors in this setting is not straightforward, even

125



before the poor quality of the breeding records is considered.

Summary

In this chapter I report the mapping of QTLs for litter size and time between litters, and
identify a number of significant loci. Unlike most previous studies, which have focused on
identifying QTLs that affect litter sizes in high versus low litter size lines, this work maps
litter size QTLs in the context of an inbreeding population. It identifies novel QTLs,
which might reflect different underlying biology that determines litter size between the
CC population and the mice used in prior studies. Importantly, the dataset only provides
information on succesful littering events, so the trait mapped is litter size among only
successful litters. Failed matings, which could theoretically be regarded as litter size
of zero are not reliably included in the dataset. The most robust litter size QTL on
chromosome 5 contains plausible candidate genes, including Scarbi. This QTL explaind
around 3% of total variation in litter size, and 24% of the variation attributable to genetic
factors. Other QTLs with effects of similar magnitude are also identified for litter size

and time between litters.

In the next chapters I move on to descibe a separate investigation of parent-of-origin

effects in humans. I return to a further discussion of this mouse work in Chapter 8.
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Chapter 5 | Parent-of-origin effects

Clever father, clever daughter; clever mother, clever son

—Russian proverb, unattributed

The epigenetic basis of variation

In prior chapters, I describe an investigation that links specific regions of the mouse
genome with variation in reproductive traits. This study identifies loci associated with
variation in litter size and time between litter traits, and suggests plausible candidate
genes underlying these effects. One of the identified QTLs, for litter size on chromosome
7, contains two well characterized imprinted gene clusters associated with embryonic and

fetal lethality.

At present, the extent of the contribution of epigenetic processes, including imprinting and
other parent-of-origin effects, to complex trait variation remains to be fully determined.
In the remainder of this chapter I discuss the definitions of parent-of-origin phenomena,
and then give an overview of these effects and their underlying mechanisms. In subsequent
chapters I report the results of an investigation into the prevalence of parent-of-origin-

specific gene expression in humans, in a population of Dutch twins.

Genetic studies of mammalian complex traits, such as genomewide association studies,
have not yet identified individual genes with effects sufficient to explain all observed
heritable trait variation in most cases. A number of suggestions have been made as to the
location of this missing heritability.'® First, heritable variation could result from rare and
poorly tagged structural and copy number variants. Second, it could be caused by many
common small-effect additive variants, rare large-effect variants or rare combinations
of variants, which are not well analysed in genomewide association studies. Third, the

causes of variation could be undetected owing to insufficient understanding of the genetic
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architecture of investigated traits and the use of underpowered detection methods. Fourth,
gene—gene and gene—environment interactions might have a significant role in determining
variation. Fifth, epigenetic inheritence might contribute to observed heritable trait

variation.

A number of epigenetic effects are suggested to contribute to the heritability of variation
in complex traits.!3238239 Epigenetics—“the structural adaptation of chromosomal regions

"240_has a clear role in

so as to register, signal or perpetuate altered activity states
determining cellular and organismal phenotype, and epigenetic marks are (to varying
degrees) stable and heritable through mitotic cell division. Several underlying mecha-
nisms of epigenetic inheritence between generations are proposed, which form two broad
groups: parental effects (i.e. fetal programming and behavioural transfer); and germline
transmission (e.g. DNA methylation, persistent histone marks, and RNA transmission),
which might include bona fide transgenerational germline transmission (i.e. transmission

of acquired epigenetic modifications to the F3 generation and beyond).?4!

The extent to which these mechanisms affect heritable traits is uncertain, and the
proposed role of transgenerational germline transmission remains controversial 2427245
Importantly, only persistent epigenetic modifications will contribute to estimates of
heritability; such modifications are equivalent to DNA mutations and are likely to
be in linkage disequilibrium with marker SNPs, meaning they are not a source of
missing heritability in genomewide association studies.?*¢ A mutation study in arabidopsis
demonstrates the action of such epigenetic quantitative trait loci,?*” although such
heritable epigenetic modifications are thought to have more of a role in plants than in

mammals.
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Parent-of-origin effects

One particular class of (primarily, although not exclusively) epigenetic effects that
contribute to heritable trait variation are parent-of-origin effects, in which the phenotypic
effect of a genetic factor is associated with the sex of the parent from which it is inherited.
Such phenomena conflict with the expectations of mendelian inheritance, which assumes
functional equivalence of maternally and paternally inherited genomes. To date, most
genetic analyses of complex traits have similarly assumed equivalence of maternally and
paternally inherited alleles, in part owing to the cost and difficulty of identifying parental
origin. Nonetheless, differential effects of genetic variants depending on from which parent
they are inherited is a plausible mechanism proposed to explain some of the observed

missing heritability.'3

Parent-of-origin phenomena are observed when the phenotypic effect of a genetic factor
is associated with the sex of the parent from which it was inherited. This difference in
phenotype manifests in heterozygotic offspring, such that an offspring that is A;A, at a
given locus shows a different phenotype to a sibling that is AsA; (where, for example, the
maternally inherited genotype is presented first; Figure 51). Parent-of-origin phenomena
are reported in a wide range of traits and disorders across many taxa, with several possible
underlying mechanisms. Such phenomena are typically loosely dentified and discussed in
published articles as ‘parent-of-origin effects’.

While reviews specifically addressing the topic exist,?*®249 the term ‘parent-of-origin effect’
is not well defined in the published literature. It is often conflated with ‘genomic imprinting’
(see below), and is therefore associated with potentially misleading assumptions about
the underlying mechanism of action. In addition, some confusion in definition results
from the multiple meanings of the word ‘effect’, which is variously interpreted as the
outcome of an event (i.e. Process A results in Effect B) and the mechanism or process

of generating that outcome (i.e. Observation B results from Effect A). As an example,
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Figure 51: Example parent-of-origin effect in a heterozygote cross of H2-ab1 knockout
mice. When the H2-ab! knockout is inherited from the father (left side), significant
changes in Igf2 hippocampal gene expression are seen compared to homozygotes. When
the H2-abl knockout is inherited from the mother (right side) no such change is seen.
In this case H2-abl is differentially expressed by sex, so the parent-of-origin effect is
only seen in female mice (green vs blue). Copyright Mott et al. 2014. Modified with
permission under CC-BY.
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the statement “the parent-of-origin effect of gene X produces a parent-of-origin effect
on trait Y” uses two valid but distinct meanings of the term ‘parent-of-origin effect’.
Such imprecision results in a lack of clarity as to what processes and phenomena are
being discussed. Throughout the following chapters I thus endeavor to provide precise

descriptions, such as parent-of-origin-specific gene expression when possible.

Examples

A classical example of a parent-of-origin phenomenon is in the breeding of hybrid species
such as mules. A mule is the offspring of a male donkey and a female horse; it is
phenotypically distinct from the offspring of the reciprocal cross—the hinny.?*" Similar
differences in phenotype are seen between the offspring of reciprocal matings of other

°land in reciprocal matings of phenotypically distinct breeds

closely related species,?
within a species.????%3 In such hybrids, the offspring phenotype is associated with parental
origin of the inherited chromosomes. Note, that such phenotypic differences can be

observed without invoking assumptions about underlying mechanisms.

Karyotype-associated parent-of-origin phenomena are also seen in clinical phenotypes:;
for example, parental origin of the extra X chromosome is associated with symptoms in
Klinefelter Syndrome (47,XXY),?* and parental origin is possibly important in other
chromosomal disorders. Parental origin of the deleted region of the long arm of chromosome
15 determines phenotype of the reciprocally inherited disorders Prader—Willi and Angelman
Syndromes.?>® Importantly, these syndromes result from the action of two complementary
parent-of-origin mechanisms: parent-specific loss of the chromosomal region interacts
with parent-of-origin-specific expression of a number of imprinted genes in the same
region.?’¢ Parent-specific chromosomal deletions are also associated with phenotype in

other disorders (e.g. William Syndrome).257:258

A range of other human traits and disorders are reported to exhibit parent-of-origin-specific
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genetic associations, including type 2 diabetes,?%* 26! obesity and metabolism,?62 26

259,266 267 268-270

cancer, age at menarche,”®’ autoimmune disease, and specific language

impairment.2™

Genomic imprinting

The best-documented parent-of-origin mechanism is genomic imprinting (often simply
referred to as ‘imprinting’), whereby offspring express only the maternally or paternally
inherited copy of certain genes. Forms of imprinting are found across many taxa including
flowering plants, funghi, insects and mammals; here I focus discussion on genomic
imprinting in eutherian mammals—primarily mouse and human. Genomic imprinting
results in silencing of an allele: a maternally imprinted gene results in only the allele from
the father being expressed, and vice versa. Evidence suggests that genomic imprinting
is a dynamic tissue-specific process, possibly associated with regulation of gene dosage.
The mechanisms, origins and effects of genomic imprinting are comprehensively reviewed

elsewhere,249,272-276

The canonical demonstration of genomic imprinting effects in mammals was the cre-
ation of mouse uniparental embryos (and uniparental disomy) in the 1980s, whose gene

277,278 Prior work had identified paternal

function differed depending on parental origin.
imprinting of the X chromosome in marsupials as a mechanism of sex-chromosome dosage
compensation.?™ These observations were followed by the identification of specific mam-
malian imprinted genes in the 1990s (e.g. Igfr2,2%0 Igf2%1282 and H19%*3), and diverse
methods have since identified a range of additional imprinted genes in both mice and

humans. The timeline of the emergence of genomic imprinting as an explanation for

parent-of-origin effects is discussed in detail in the above reviews and elsewhere.?%*

The number of imprinted mammalian genes is not known with certainty, but is thought to

be low, with no more than a few hundred imprinted genes predicted. Currently 100-150
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imprinted genes are verified in mouse, with around half these genes also verified in humans.
Reported imprinted genes generally concur in mouse and humans, but some discordance
exists between reports; around 12 loci containing a core of imprinted genes seem conserved
between the two species. While some studies showing much higher numbers of imprinted

286,287

genes®®® have been shown to be at risk for false positives, novel imprinted loci

continue to be reported.?3829

Catalogs of imprinted genes in humans and mouse are available online (e.g. MouseBook
Imprinting Resource,®®' geneimprint,?*?> Web Atlas of Murine Genomic Imprinting and
Differential Ezpression,?*>?** and Catalogue of Parent of Origin Effects®®2%), although

whether all these resources are actively maintained is unclear.

Allele-specific expression from imprinted genes is potentially tissue specific, varies by
individual and depends on developmental stage.?%2% Such variation might explain why
surveys of imprinting typically identify overlapping but nonidentical sets of imprinted
genes. Random monoallelic expression—single allele expression in which the random

allelic choice occurs somatically—also contributes to this variation.300 392

A number of epigenetic mechanisms are associated with differential gene expression in
imprinted genes: primarily DNA methylation, but also allele-specific histone modification

284 Tmprints are transmitted intact (sometimes

and the action of long noncoding RNAs.
modified) through mitotic cell division but are erased during germline development,
with imprinting patterns re-established in a sex-specific manner in spermatogenesis and
oogenesis. This erasure of methylation and other imprinting marks limits the opportunity
for transgenerational inheritence of acquired epigenetic modifications. Similarly, DNA
methylation and chromatin modifications are almost entirely erased during epigenetic
reprogramming at fertilization; the persistence of imprint marks into the zygote seems to
involve an array of factors (e.g. Dnmtl, PGC7, Zfp57), which act to preserve a small
number (i.e. 20-30) of gametic differentially methylated regions that subsequently control

the establishment of more-widespread imprinting.303304
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The majority of mammalian imprinted genes are located in clusters,?* indicating that
silencing is in some way coordinated and regulatory elements are shared across genes.
Regulatory sequences that affect the imprinting of multiple genes are termed imprinting
control regions (ICRs). All verified ICRs are characterized by profound differences in DNA
methylation between maternally and paternally inherited genomes, which are initiated

303,304

in the germline. The properties of these differentially methylated regions can vary,

with methylation variously associated with the silenced allele or the expressed allele.2"
Methylation at the majority of gametic differentially methylated regions is acquired in the
female germline,?°® perhaps consistent with the suggestion that the majority of silencing
(for both maternally and paternally inherited alleles) is under matrilineal control.307:3%8
Notably, both the distribution of methylation and the process of epigenetic reprogramming
differ markedly between male and female gametes, indicating possible mechanisms of

postzygotic imprint specification.?*%304

The origin of genomic imprinting in mammals remains uncertain, as is the benefit of
functional haploidy caused by gene silencing (which would be expected to negatively
affect fitness). The most-cited hypothesis invokes conflict between the maternal and
paternal genomes, which from an evolutionary stand point have conflicting interests
during offspring development (also described as the kinship theory of imprinting, as the
alleles in question are posited to affect interactions among kin).3%*31! In polygamous
species such as mice, in which paternity of future litters is uncertain, paternal genes
within an embryo are most likely to be passed on if the mother invests more resources in
the pregnancy (which theoretically results in larger, healthier litters at birth, at a cost to
the mother’s future potential for reproduction). Thus a parental conflict exists, whereby
paternal genes expressed in the embryo and later are expected to increase nutritional
demands on the mother, whereas maternal genes are expected to alleviate these excess

demands.

In support of a parental conflict theory, many parent-of-origin effects are observed in
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traits associated with growth or nutritional behaviour, and a large portion of imprinted
genes are reported to have effects in the placenta,?3'3 brain,>'* and early embryo.?% An
excess of strongly expressed maternal-paternal gene pairs is seen among imprinted genes,
also consistent with a hypothesis of genetic conflict.?”° Nonetheless, a number of other

explanations for the origin of genomic imprinting exist, including defence against ovarian

315 3 7

trophoblastic disease,'® sexual antagonism,3!% and maternal-offspring coadaptation.3!
The contrasting features of these models are reviewed in detail elsewhere.?'®32% Notably,
none of the available hypotheses perfectly explains observed data, and imprinting of

different genes could plausibly have varied mechanisms of origin.

Importantly, some level of imprinting seems necessary for normal mammalian develop-
ment, and aberrant imprinting is associated with several diseases and disorders. For
example, the first recognized human imprinting disorders—Prader—Willi and Angelman
Syndromes—are reciprocally inherited disorders caused by loss of a region of the long
arm of human chromosome 15; maternal inheritence of the deletion is associated with
Angelman Syndrome, and paternal inheritence with Prader—Willi Syndrome. This re-
gion contains both maternally and paternally imprinted genes, which are thought to be
associated with the differential symptoms.?*® Other imprinting disorders include Beckwith—
Wiedermann Syndrome, Silver—Russell Syndrome, transient neonatal diabetes mellitus
type 1, pseudohypoparathyroidism and uniparental disomy 14.3217324 Notably, an increased
incidence of imprinting disorders has been reported in children conceived through in vitro

fertilization and other assisted reproductive techniques.???

Mammalian imprinted genes are typically reported to have roles in embryonic and pla-
cental growth and development, and postnatal development, metabolism and nutritional
behavior. More-recently, however, diverse roles for imprinted genes have been reported
after birth and into adulthood.?”® Genomic imprinting is associated with phenotypic
differences in reciprocal hybrids and is is implicated in hybrid sterility.>*® Abberant

expression of imprinted genes is suggested to contribute to many common diseases, in-
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cluding obesity, diabetes mellitus, cancer, intrauterine growth restriction and psychiatric
disorders. Genomic imprinting thus makes a contribution to complex trait variation in
humans, and mapping such traits using additive models might fail to identify correct
genetic architecture. One study in mice suggests that one-third of identifiable variance
in BMI was lost if imprinting was not accounted for in the mapping model.??® Thus
genomic imprinting—i.e. parent-of-origin-specific gene silencing—is a prominent mech-
anism resulting in observable parent-of-origin phenomena (i.e. parent-of-origin-specific

gene expression, and potentially affecting complex traits).

Other parent-of-origin mechanisms

Besides genomic imprinting, a number of other possible explanations exist for the parent-of-
origin phenomenon. First, the different phenotypes of reciprocal heterozygotes might result
from strictly maternal effects—*“the causal influence of the maternal genotype or phenotype

"32T__for example, through direct gametic transmission of

on the offspring phenotype
protein or RNA factors to the offspring,*?® or the provision of the in utero environment

or maternal care. Paternal effects are also plausible, but assumed to be less influential.

Maternal effects are reported in traits such as offspring viability and size at birth as
well as postnatal traits such as offspring aggression.??® One possible explanation for the
persistence of such effects is that maternal genetics, environment or diet affect offspring
methylation and other epigenetic marks, which persist into later life.33%333 Such maternal
effects can be confounded with genomic imprinting, and produce the same patterns
of phenotypic variation, as homozygotic parents can produce only one of the possible
reciprocal heterozygotes.?* They can be distinguished by using genetic data from both

parents and offspring and restricting analysis to offspring of heterozygous mothers.

Several other mechanisms can also result in parent-of-origin effects,?*® although their

relative contribution to observed parent-of-origin effects is not well documented. First,
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mothers and fathers might have different rates of mutational transmission, leading to a
greater likelihood of the offspring inheriting disease-associated mutations from one parent.
Examples include differential risk of trinucleotide repeat expansion in male versus female
meiosis associated with onset and severity of triplet repeat disorders; differential risk of
X chromosome rearrangement; and possible sex-linked differences in de novo germline
mutation rates. Finally, certain genetic factors are transmitted exclusively from one
parent; for example, mitochondrial DNA and the non-pseudoautosomal region of the Y
chromosome. These factors are associated with diseases and traits, and might interact

with other regions of the genome in a parent-of-origin-specific manner.

Detecting parent-of-origin effects

A number of methods can be used to detect parent-of-origin effects. First, a number of stud-
ies have investigated genomic imprinting by examining parent-of-origin-specific gene expres-
sion by sequencing the transcriptome, coupled with careful technical control.286:290,335,336
This approach can also be used to examine related phenomena including cis-regulated
expression, X chromosome inactivation and random monoallelic inactivation. Such studies
have revealed incomplete imprinting in many genes, pervasive cis-regulatory variation, and
genomewide parent-of-origin allelic imbalance favoring the paternal allele in brain (at genes
338 1

associated with CpG islands).3'*337 Other studies have used DNA sequence analysis

identify potential imprinted genes, which can then be validated experimentally.

The other general approach to identifying parent-of-origin effects does not assume these
effects to be synonymous with genomic imprinting. Instead of investigating differential
expression, it is possible to do association mapping for binary disease or quantitative traits
using genotypes phased by parent of origin, where reciprocal heterozygotes are classified
340

as distinct genetic classes. Such approaches typically use trio,* extended family,

or long-range phasing®®® information to assign parental origin to alleles. Increasingly
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common is to use surrounding SNPs to incorporate haplotype estimation to improve
the estimates of parental origin at a given test SNP.2%9:340:341 Thege approaches can be

extended to identify and control for maternal (and paternal) effects.

Human gene expression

While parent-of-origin effects have been linked to a range of diseases and disorders, the
extent to which they contribute to determining variation in complex traits remains to
be determined. A 2014 Cell article3*? suggests that parent-of-origin effects contribute
to the majority of 97 traits in mice, possibly mediated by interaction of nonimprinted
genes with imprinted loci. This study uses a method that partitions heritability of the
investigated traits into portions accounted for by inheritance of alleles from matching

versus nonmatching parent of origin.

The method used relies on being able to define the kinship between pairs of individuals and
subsequently partition this kinship into two parts representing matching and nonmatching
parent of origin. The heritability attributable to each of these two partitions can then
be calculated using standard methods. Traits with evidence of parent-of-origin effects
will show a high proportion of heritability attributable to matching parent of origin. The

methods are detailed in the supplement to the published paper.3*?

In the following chapters I describe the extension of this method to investigate the
incidence of parent-of-origin effects on human gene expression in peripheral blood. Gene
expression is known to be a heritable trait in humans, and is expected to be affected by

parent-of-origin mechanisms, including genomic imprinting.

In order to apply this approach, a number of items are needed. First, a genotyped
population of individuals (with differing degrees of relatedness) for whom gene expression
trait data are available, and whose parents have also been genotyped. This role is fulfilled

by the Netherlands Twin Register (NTR) population, which is discussed in detail in
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Chapter 6. Second, a method for identifying parent-of-origin effects on gene expression.

342

This proposed method is adapted from the above article®** and its application is presented

in Chapter 7.
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Chapter 6 | Netherlands Twin Register data

“I don’t need to speak to him to know what he thinks. He is my twin. I don’t
wish to see him. I don’t need to. Do you understand the nature of twins? Do
you understand the meaning of the word cleave?”

—Magid Igbal, in White Teeth (2000)343

NTR cohort

The Netherlands Twin Register (Nederlands Tweelingen Register; NTR) is a longitudinal
research cohort initiated in 1986 and based at Vrije Universiteit, Amsterdam, The
Netherlands (www.tweelingenregister.org). The NTR supports two main lines of research:
following young twins from birth, primarily to investigate the development of emotions
and behavior;*** and following adolescents, adults and their family members to investigate

variability in personality, health and disease.3%®

The adult NTR cohort was initiated with recruitment of young adult twins during 1991—
1993, and it remains open to additional eligible participants. Parents, siblings, spouses
and offspring of twins are also invited to participate. To date, over 34,000 individuals
have taken part in NTR research, and the cohort comprises approximately 25,000 twins
and other multiples over 18 years of age. The cohort spans a wide age range, with the

oldest male and female participants born in 1918 and 1909, respectively.

NTR participants are asked to complete a survey on health, lifestyle and personality
every 2-3 years. The questions have varied from survey to survey. Initially these surveys
were sent to families; individual respondents were subsequently targeted. A number of
phenotyping studies have been done in parallel with the surveys, including measures of

cardiovascular function, depression, cognition, brain function, diabetes and asthma.

During 2004-2008, the NTR project developed a biobank, which comprises phenotypic
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measures, a DNA collection, biological measures and samples from NTR participants
(twins and family members).3¢ The biobank recruited 9,530 participants from 3,477
nuclear families (some of whom form larger pedigrees), representing 3,554 male and 5,976
female participants (Table 14). The biobank collected blood (for DNA, RNA, cell line
creation, hematology and biomarkers), urine (for metabolomics), and buccal tissue (for
DNA). Additional phenotypic information was collected by interview. Gene expression

data have subsequently been generated from the biobank RNA samples.?*7

Table 14: NTR Biobank cohort—2010 update

Role Number of participants
Twin/multiple 4,293

Sibling 2,070

Father 1,209

Mother 1,587

Spouse 371

Complete twin pairs 1,663

Monozygotic male 273
Monozygotic female 622
Dizygotic male 144
Dizygotic female 309
Dizygotic opposite sex 299
Unknown zygosity 16
Triplet trios 7

By 2013, DNA samples have been collected for 15,437 (45%) of the NTR research
participants.?*> These samples have been collected through various efforts, including
cardiovascular research projects, the NTR-biobank projects and research into anxious
depression and nicotine addiction. DNA measures have been integrated into the assessment
of zygosity, which interestingly is not completely concordant with questionnaire reports

(i.e. self-reported monozygous versus dizygous status is not completely concordant with

DNA).
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Initial genotyping in the NTR was done using microsatellite markers. Subsequently, a
number of rounds of genotyping were done using a range of SNP microarrays (Table
5). Importantly, a number of parents and other family members have been genotyped
alongside the index twins. Genotype data obtained from the various SNP platforms are

stored as a single merged dataset.

Table 15: NTR genotyping platforms—2013 update

Genotype platform Number of participants
Microsatellite 2,694

Affymetrix—Perlegen 5.0 1,982

Illumina 370 166

Affymetrix 5.0 24

Illumina 660 1,340

Illumina Omni Express 1M 439

Affymetrix 6.0 9,056

Affymetrix 6.0 1,285 (not yet added to main data)
Unknown 1,000 (not yet added to main data)

NTR research

The NTR is an established research resource, and has formed the basis for over 100 peer-
reviewed studies. The register was originally created to follow the development of young
twins from birth.3*® The adult NTR population was recruited from 1991 as a population-
based longitudinal twin family study of lifestyle, personality and psychopathology.?49 It

has since developed into a resource that offers extended and complex family pedigrees for

genetic epidemiology and heritability studies.3%°

Longitudinal questionnaire studies in the NTR have revealed the genetic contributions
and causes of individual variation in many traits, including demographic characteristics,
behaviour, personality, physical and mental health, and cognition.?*> Experimental and

laboratory studies of cognition and cardiovascular health have also been done in subsets
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of NTR individuals.

The rich phenotype data generated by these projects have led to the use of the NTR
for linkage and genome-wide association studies. To date, over 15,000 participants
have been genotyped and the NTR has contributed to a number of international gene-
finding consortia and the Genome of the Netherlands project.?® The NTR data are also

crosslinked to other databases within the Netherlands to facilitate research.?%°

Over time, the NTR has grown into an important resource that enables a broad range of
research question to be addressed. Its longitudinally followed population has contributed
to epidemiological studies that track behavioural changes within individuals and between
generations. Similarly, the NTR has evolved into a rich source of genetic data among family
trios. The NTR biobank population is a control population in the Genetic Association
Information Network study of major depressive disorder.?>? Twinning is ubiquitous among
all socioeconomic strata, and the NTR cohort is therefore representative of the broader
Dutch population. The NTR exemplifies the value of long-term, maintained research

resources.

A 2014 Nature Genetics paper used the adult NTR cohort to quantify the heritability of
human gene expression.?*” The authors used a classical twin design in which resemblence
in MZ twin pairs is compared to that in DZ twin pairs (690 and 618 complete pairs,
respectively, plus 136 individual twins). They use expression data from the NTR biobank
to calculate the heritability of steady state transcription in peripheral blood for 43,628

probe sets from 18,392 genes.

The researchers conservatively highlight 777 genes with significant heritabilty of expres-
sion, and suggest that the frequency of expressed genes with heritability >0.3 is 7.9%
(corresponding to 1,453 genes in their sample). This work confirms that gene expression
is a heritable trait in humans and highlights the possibility of exploring this trait in the

NTR population.
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The NTR, therefore, provides a resource through which the heritability of human gene
expression can be calculated, and thus the parent of origin effects on human gene expression
can be estimated by partitioning of heritability. The following properties of the cohort

are important:

1. Genotyped offspring with good covariate and pedigree data—for genetic trait
analysis;

2. Genotyped parents (especially cases in which both parents are genotyped)—for
phasing of offspring data by parent of origin;

3. Availability of a suitable phenotype for trait analysis, in this case genome-wide
expression data;

4. A mixture of related and unrelated individuals (i.e. family trios not part of a larger
pedigree) to allow comparison of true parent of origin effect versus maternal or

shared environmental effects.
As per the project brief, I specifically requested the following information from the NTR:

1. Genotype data for those families in which both parents have been genotyped and
for which gene expression data is available (i.e. genotypes from both parents and
offspring, and/or phased imputed genotypes if these are available);

2. Gene expression data for these individuals;

3. Covariates and meta-information such as pedigree, sex, anonymised family ID, age,
tissue used for gene expression etc., and any other covariates that NTR recommend

for genetic analysis.

NTR genotype data

In total, I obtained pedigree and genotype information from the NTR for 2,762 individuals,

comprising 638 family pedigrees. Among these data, 1,066 individuals from 448 families

144



have two parents who have been genotyped, and are therefore suitable for phasing by
parent of origin. These individuals comprise 382 monozygotic twins and 684 other offspring
(a mix of dizygotic twins and other siblings). The number of offspring per family ranges
from one to eight, with the vast majority of families having two or three offspring (Figure
52). Monozygotic twins are labelled and matched to a co-twin ID in the pedigree, but

dizygotic twins are not distinguished from non-twin siblings.
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Figure 52: NTR family size. Most families in the dataset have two or three offspring. A
few families are notably larger.
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I use parental identities to check for non-nuclear families and monozygotic triplets. The
population contains no monozygotic triplets; eight family IDs are assigned to non-nuclear
families—two with grandparent relationships and six with two sets of parents and offspring,
possibly representing sibling or cousin relationships at the parent level (Figure 53). In
the context of this study, these families will contain individuals who share alleles, but

who aren’t identified as siblings.

As anticipated, the NTR individuals had been genotyped using a range of platforms,
and for multiple projects (Tables 16-18). The number of genotyped SNPs per individual
ranges from 289,786 to 1,139,661, with a mean of 618,411 SNPs. For each platform the
individual SNP markers have been lifted over to build 37 (hgl9) of the human reference
genome and aligned with the 1000 Genomes phase I integrated variant set. DNA has
been extracted from whole blood or buccal samples. Further details of the quality control

process are appended at the end of this chapter.

Table 16: NTR genotyping projects and platforms

Cohort  Array n

NTR1  Perlegen-Affymetrix 5.0 614

NTR2 Illumina 660 360
NTR3 Illumina 1M 194
GO1 Affymetrix 6.0 1,186
GO2 Affymetrix 6.0 394
SDE1  Affymetrix 6.0 308
ADHD Affymetrix 6.0 2
GEUT Illumina 370 176
M2000 Affymetrix 6.0 11
SCHZ  Illumina 660 36

146



Family A

m oji; e o= &

Family B

8

370

1

Family C

Family E

Family F

B A e

Family G

Family D

Family H

Figure 53: Unusual family pedigrees. Eight families demonstrate unexpected relationships,
two with grandparent relationships and six with two sets of parents and offspring, possibly
representing sibling or cousin relationships at the parent level. Monozygotic twins are

shaded.
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Array n

Perlegen—Affymetrix Human SNP Array 5.0 614

Illumina Human660W-Quad 396
Illumina OmniExpress 1M 194
Affymetrix Human SNP Array 6.0 1,901
Illumina HumanCNV370-Duo 176

Table 18: Individuals genotyped on multiple platforms

Platforms used n

1 2,323
2 363

3 72

4 4

I received genotype data from the NTR in binary PLINK (.bed, .bim, .fam) format. I
used the read.plink() function from the snpStats Bioconductor R package to examine the
binary data.?>® The whole-genome dataset is too big for R’s memory capability®>* so the
data were split using PLINK,?**® and each autosome has been examined and summarized

individually as Class ‘SnpMatrix’ objects (Table 19).

Of the 1,416,992 SNPs covered by the five arrays, only 2,088 (0.00147%) were evaluated
in all individuals. 31,788 (0.0224%) were assessed in >99% of individuals. In addition,
individuals within a family are not always typed on the same platform. Thus there is

substantial missingness in the data, which complicates subsequent analysis.
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Expression data

I obtained peripheral blood expression data from 1,535 individuals in the NTR population,
provided as a .csv file with two header rows. 889 of these individuals have been genotyped
and have both parents with genotypes, suitable for phasing by parent of origin. Expression
levels were measured using the Affymetrix u219 chip, and reported for 44,241 probes.
The expression data were generated from samples collected as part of the NTR biobank
project, and have been subject to heritability estimation.?” Details of the expression

pipeline are appended to this chapter.

The Affymetrix u219 array contains 530,467 probes for 49,293 transcripts (~11 probes
per transcript), plus control probes (labeled ‘AFFX’).356 Arrays were hybridised using
the GeneTitan system. Probes were mapped to the human genome version 19 (build
37) using Bowtie**” and annotated against GENCODE version 14;3® those probes with
uncertain location or within polymorphic SNPs were removed. The NTR mapping might,
therefore, differ from the manufacturer’s mapping and I will consider this possibility in

our subsequent analyses. The NTR mappings are saved for future reference.

The distributions and mean values of the expression data vary by probe. The distributions
for the first 100 expression traits are shown in Figure 54, with whiskers depicting data
extremes. In general, probes are consistently expressed across individuals, although
between-individual variation in expression is also evident. Expression data are typically

not normally distributed, and do not show consistent distributions (Figure 55).

Covariates

I obtained data on 17 covariates for the 1,535 individuals with expression data. Covariate
data is likely to have been obtained via the NTR biobank project. The covariate file is
illustrated in Tables 20-22. 1,351 individuals have complete covariate records, 762 of

whom have available expression data and both parents genotyped.
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Frobe Iintensity

Probe location (sorted)

Figure 54: Variation in measured values of 100 expression traits. The traits are ordered
by increasing mean probe intensity. There is substantial variation in the mean probe
intensities, and in the range and skew of the intensities.

347 used these data in its heritability analysis, finding

The NTR gene expression study
“significant associations for plate, hybridization well position, age at blood sampling, sex,
time interval between extraction and hybridization steps, total white and red blood cell

counts, hematocrit and the top five expression principal components.” The covariate data

that I received largely match these significant covariates, with minor differences.

The supplement to the paper3® lists the covariates that were included in the heritability
and eQTL analyses, and their relative order of importance. Covariates were selected by
type III sum of squares testing, which compares a full model containing all covariates
with a partial model excluding the given covariate. This list does not agree exactly with

that presented in the published paper methods, but is potentially more precise.
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Figure 55: Normal Q-Q plots for selected expression traits. The data are not typically
normally distributed and do not show consistent distributions.
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The supplementary note identifies three classes of covariate:

1. Covariates related to technical variation;
2. Clinical covariates that are subject-specific;
3. Covariates related to blood counts, which if not properly accounted for

might produce spurious ‘eQTL’ relationships.

The technical covariates include the hybridization plate, well position and sample pro-
cessing dates. In our data, hybridization plate has 50 unique levels, compared to 41
degrees of freedom listed in the NTR supplement; this number drops to 47 when only the
individuals with complete covariate data are considered. Well position is provided with
96 unique levels, although this has been collapsed to 24 sets of 4 in the NTR supplement.
Processing dates are provided for blood sampling to RNA extraction and extraction to

amplification, but not for amplification to fragmentation or overall draw to hybridisation.

The subject-specific clinical covariates include sex, age at blood draw, BMI, blood counts,
and month and time of day of blood draw. All these data are available, although some
measurements are missing for white cell counts (n = 127) and red blood cell counts (n =
14; overlapping with missing white cell counts). The NTR paper report complete white
blood cell counts for ~93% of the samples.3®® By contrast, our rate of missing data is
11.9% for the full covariate set and 14.3% for those individuals with two parents and

expression data, perhaps reflecting the larger sample in the previous NTR study.

The NTR project imputed missing total white and red blood cell counts by regressing on
BMI and BMI?, although the prediction accuracy was low (multiple R? ~0.03 for each;
done separately by zygosity status). It does not report imputing individual white cell
counts. As omitting the individuals with missing data would notably reduce the size of
our dataset, I investigated the possibility of imputing the missing values. Plotting the
distributions show that white blood cell counts are typically right skew, with a small

proportion of relatively extreme values. Red blood cell counts seem roughly normally
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distributed (Figure 56). Of note, blood cell subtypes contain many cell subpopulations

and the measurements here represent relatively broad classes of cell subtypes.

Histogram of covariates$neutn Histogram of covariates$lympn Histogram of covariates$monon

Figure 56: Blood count covariates. White blood cell counts are typically right skew,
with a small proportion of relatively extreme values. Red blood cell counts seem roughly
normally distributed

For imputation, a number of options are available.?®® Most simply, the overall mean or
the observed value from another similar case can be assigned to each missing value. More-
complex methods include conditional mean imputation, which involves imputing missing
values based on regression models, and multiple imputation (fully conditional specification),
which involves specifying univariate models or each missing variable conditional on all

other variables. I explored these more complex approaches.

Among the available clinical covariates, possible predictors of blood cell counts are sex,

age, BMI and smoking status. I first regressed each blood cell type count on these
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covariates and used the model predicted values to impute the missing blood cell count
values. The predicted values match the observed values reasonably well, but as expected
do not predict extreme outliers (Figure 57). I compared these predicted values to those
generated by a multiple imputation method that uses a bootstrapping approach (Amelia
[1360:361) " Multiple imputation produces a broader range of values, more-consistent with
the distributions of the observed measurements (Figures 58, 59). Masking the observed
values individually, using the overimpute() function shows reasonable performance for

the imputation (not shown). I use the multiple imputation approach for all subsequent

analyses.
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Figure 57: Predicted versus observed values for blood cell counts. The predicted values
are based on regression of blood cell counts on sex, age, BMI and smoking status. The
distributions of predicted results are typically narrower than the distribution of observed
values.
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Figure 58: Regression versus multiple imputation methods. Multiple imputation methods
produce similar estimates to regression, but with a wider distribution of predicted values.
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observed results.
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The NTR heritability study also identified 109 potentially confounding SNPs associated
with blood cell count phenotypes (through GWAS and the NHGRI GWAS catalog). These
SNPs are used as covariates for analysis, but initially none was found in our genotype
data. On closer examination, the SNPs are mislabeled in the study’s supplementary
information,?> with both chromosome and position wrongly given. After correcting the
labeling, 70 of the SNPs were found in our genotype data (generally incomplete with
much variation in missingness). As the genotype status of these 109 SNPs is largely
missing from our dataset, I omit them from the analysis at this stage. If data on these
SNPs existed they might also improve prediction ability for imputation of missing blood

cell subtypes.

Finally, a calculated D-statistic was reported in the list of covariates. This statistic reflects
the correlation of each array with all other arrays, and was used to identify and remove
poor quality arrays. D is correlated with many transcripts, and is therefore included as a
covariate. Once I had established the appropriate covariates, I reduced the expression

data to residuals to remove the effect of the covariates on the expression phenotypes.

Following the approach of the NTR paper I calculated expression principle components
on the residualised data and re-residualised the data to remove the effect of the first

362) " None of

five of these components (described as analogous to surrogate variables
these components explains a substantial amount of variance (all <10%), although the
components do seem to capture some variation in the data (cumulatively 14.9% of variance).
Finally I again followed the approach of the NTR paper and inverse quantile normal
transformed each expression trait to limit the possibility of identifying spurious eQTLs

caused by expression outliers. Before transformation I first checked for possible bimodality

of the variables (not shown). These normalised values are used for all subsequent analyses.

An example of the distribution of an expression variable during data transformation is
shown in Figure 60. The final expression object is saved as a list comprising raw and

transformed expression data and covariates (Table 23). This expression object is used for
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the heritability analysis described in Chapter 7.

Table 23: Final expression data

Name Description
exp Raw expression data
exp_ resids Residualised expression data

exp_ resids_nosex
exp_resids pca

exp_ resids_ pca_ norm
covariates
covariates_ imp
NTR_annotes

Residualised expression data without sex
PCA residualised expression data
Normalised PCA expression data

Raw covariate data

Imputed covariate data with PCs

NTR probe annotations
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Figure 14 | Expression data transformation example
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Figure 60: Sequential transformation steps, illustrated by one expression trait. The panels
step through the distribution of trait values in (a) the raw data, (b) the residualized data,
(c) the residualized data after accounting for principal components, and (d) the final
normalized data. The final data is approximately normally distributed. Other expression
traits show the same patterns across the transformation steps.
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Chapter 7 | Parent of origin effects on gene expression

A little more than kin, and less than kind

—Hamlet (1.2.65), aside

Phasing NTR genotype data

In order to assess parent of origin effects on gene expression, I first needed to phase the
genotypes with respect to parent of origin. The NTR twin data used in this analysis are
discussed in detail in Chapter 6. To reiterate, the data used here comprises 889 genotyped
individuals with expression data, each of whom have two parents also genotyped and
are therefore suitable for phasing by parent of origin. This population contains 337
monozygotic twins (not all of whom have a corresponding twin pair), and 552 siblings

(including dizygotic twins). 531 individuals are female and 358 male.

Phasing (also know as haplotype estimation) involves sorting genotype data to identify
which alleles co-locate on a chromosome. Sequencing and array data are typically
generated unphased; computational methods can determine which parental chromosome
or haplotype a given allele is found on. Identification of haplotype phase has a number of
uses in research, including imputation of untyped variation and modeling cis-regulated
gene expression.?%® For the current investigation, phasing by parental origin is essential

to correct identification of parent of origin effects.

In general, computational haplotype phasing works by identifying common haplotypes
that can explain observed patterns in genotype data. These common haplotypes can
be informed by the genotypes of individuals in a sample, publicly available haplotype
frequencies and reference sets (e.g. 1000 Genomes), and known pedigree information. A
number of approaches to haplotype phase estimation have been used, with coalescent-based

and hidden Markov model methods the state of the art at the time of the Browning and
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Browning review (e.g. PHASE, BEAGLE, MACH and IMPUTE2).3%3367 Other phasing
programs have since been developed (e.g. SHAPEIT, HAPI-UR).!}49:368 All methods rely on

the insight that a small number of distinct common haplotypes segregate in a population.

In related individuals with known pedigrees, Mendelian inheritence constrains and informs
haplotype phase estimation at many loci. For example, a given individual will have
inherited a distinct chromosomal haplotype from each parent, allowing for a low number
of recombination events. Such shared parent—offspring haplotypes also provide information
as to which parent (i.e. mother or father) a given haplotype has been inherited from. Thus,
when gentoypes are known for both parents, parent of origin can be relatively assigned
to each chromosome. More-generally, segments of long-range identity by descent (IBD)
among unrelated individuals can also be used to inform phasing.?*?3%9 Incorporating
known relatedness and IBD considerations can improve the accuracy of phasing, by

constraining the number of possible common haplotypes.

In order to investigate parent of origin effects on gene expression in the NTR population
I first need to obtain accurate estimates of haplotype phase for each individual. As
noted previously, I obtained genotype data for 2,762 individuals, 889 of whom had both
parents available within the genotype dataset and available gene expression data. These
individuals had been genotyped on a variety of SNP arrays, and as a result our genotype
dataset contained substantial missing data. Members of a family were not necessarily
genotyped on the same SNP platform. Thus, our phasing process has to handle this

missing data.

I use SHAPEIT?6337 to phase our haplotypes. SHAPEIT is a hidden Markov model
haplotype estimation tool developed in collaboration by groups at the Conservatoire
National des Arts et Métiers, Paris, France and Department of Statistics, University
of Oxford, UK. SHAPEIT uses a graph structure to represent all possible haplotypes
consistent with an individual’s genotype data; a pair of paths through this graph represent

a pair of possible haplotypes. It has proved effective for whole-chromosome phasing
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projects, and for phasing individuals with all levels of relatedness.”’* Our initial
pilot tests were done with version v2.r727 and the final haplotype sets were made using
the last major updated version v2.r788 (which was current at 14 January 2014; now

updated to v2.r837 as of 17 August 2015).

The primary function of SHAPEIT is to infer haplotypes from SNP genotypes; a genetic
map specifies the genetic position of the sample SNPs in centimorgans and allows
estimation of recombination rates between these SNPs. SHAPEIT only works on individual

chromosomes so I split the NTR dataset accordingly using PLINK.35

Given the level of missingness in our data I had no guarantee that the phasing process
would work as intended. However, several factors indicated that SHAPEIT could handle
these data. First, SHAPEIT is recommended as a tool for pre-phasing before using
IMPUTE2 to produce a fully imputed sequence.3™ This suggests that it can accurately
phase haplotypes in the presence of a relatively small number of informative SNPs. Second,
the NTR population is mainly European in origin and the relevant haplotypes are likely
to have good coverage on the 1000 Genomes and Genome of the Netherlands reference
panels. Third, I obtained a larger sample of individuals than the 889 trios to be phased
by parent of origin (n = 2,762). This large sample provides additional common haplotype
coverage for haplotype estimation. Finally, the presence of good pedigree information
increases the performance of phasing, as Mendelian constraints limit the possible common
haplotypes. The process is analagous to creation of a phased scaffold, which is expected
to be highly accurate in the presence of family trios and duos.?™ I evaluate the program’s

performance below.

I phased the data using a reference panel generated from the 1000 Genomes Project,
which matches that used in the NTR genotype data pipeline (phase 1, v3; current as
of 14/01/143™; since updated to phase 3 in October 2014 by integration of sequence
data®™37). As per the suggested protocol, I excluded sample SNPs that were not

found in the reference panel (around 20-100 per chromosome). I used the standard
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SHAPEIT model and algorithm parameters, with the window size parameter set to 5Mb
as recomended for populations with large amounts of IBD sharing. Phasing has the
additional effect of imputing missing SNP calls in the dataset, based on the haplotype
estimates. Full imputation can follow later, using a combined reference panel incorporating
1000 Genomes?*3773™ and Genome of The Netherlands®*3%2 data. Prephasing with
SHAPEIT allows imputation to be done rapidly, and enables repeat imputation with

updated reference panels.

[ initially used an in-development version of the software DuoHMM to incorporate pedigree
information and to phase each of the returned outputs with respect to its relevant family
members (provided by J O’Connell). DuoHMM “infers the inheritance pattern in parent—
child duos, detects genotyping errors and can correct switch errors.” This functionality

)372,383

was subsequently incorporated into SHAPEIT (since version v2.r788 and I have

since re-done the phasing using the ~duohmm flag within SHAPEIT.

The SHAPEIT output is saved in the haps/sample file format (example below). Each
row of the .haps file represents one called SNP. The first five columns show chromosome,
SNP ID, SNP location, minor allele, and major allele. Each subsequent pair of columns
(e.g. columns 6 and 7) then show the two haplotypes for each of the 2,762 individuals in
the full dataset. 0 denotes the minor allele and 1 denotes the major allele. The paternally
inherited haplotype is shown first, and the maternally inherited haplotype second. The
.haps files each have a matching .sample file that contains IDs for the individuals in the
haps file (not shown). I have also output haplotype graphs, which can be used to identify

uncertainty in phasing for subsequent analysis.

#i#t Vi V2 V3 V4 V5 V6 V7 V8 V9 V10 Vi1
## 22:160565171 22 22:16055171 16055171 A G 1 1 1 1 1 1
## 22:16058758 22 22:16058758 16058758 A C 1 1 1 1 O 1

## 22:16415579 22 22:16415579 16415579 T G 1 1 1 O 1 0
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## 22:16425814 22 22:16425814 16425814 T C 1 1 O 1 1 1
## 22:16489239 22 22:16489239 16489239 G A 1 1 O 1 1 1
## 22:16491206 22 22:16491206 16491206 T C 1 1 O 1 1 1
## 22:16504399 22 22:16504399 16504399 C T 1 1 1 1 1 1

## 22:16642256 22 22:16642256 16642256 T C 1 1 1 1 1 1

As expected SHAPEIT recognises substantial missingness in the input data. It outputs
haplotype estimates with the missing SNP calls imputed (based on the most likely calls
from the haplotype graphs). I use a standalone implementation of duoHMM (version
0.1.4) to check these haplotype estimates on one chromosome (chromosome 22), using the
function for detecting subtle genotype errors (defined as those that would require unlikely
recombination patterns). Among the 1,066 offspring with genotyped parents, such errors
occur at a median of 1,526 of 19,965 (7.64%) chromosome 22 sites per individual (Figure
61).

Overall the subtle genotyping errors affect 19,926 of the 19,965 (99.8%) SNPs on chromo-
some 22. Most SNPs show errors in relatively few individuals (median 58), with a small

number of SNP locations across the genome showing higher error rates (maximum 605 of

1,066 (56.8%; Figure 62).

I examined the chromosome 22 genotypes before and after phasing for one family trio. Of
the 19,965 SNPs in the phased data, 15,479 have been genotyped in the child; all these
phased SNP calls are consistent with the calls in the unphased data. In addition, 7,675
SNPs are called in the offspring and both parents. At 17 sites, SHAPEIT reported an
offspring haplotype phase inconsistent with the unphased parental genotypes—in 4 cases
the SNP had not been called in the child; in the remaining 13 the called SNP was phased
the wrong way around compared to parent genotypes. These inconsistent calls might
result from constraints of the SHAPEIT model parameters, particularly the conditioning

states (-K) parameter, which specifies the number of conditioning states upon which
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Figure 61: Proportion of genotyping errors on chromosome 22. A median of 7.64% of the
SNP calls in each individual are reported as subtle genotype errors; i.e. those that would
require unlikely recombination patterns.
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Figure 62: Per-SNP subtle genotyping errors across chromosome 22. The SNPs with
the highest error rates are distributed relatively evenly across the chromsome. Most
SNPs, however have relatively few subtle genotype errors (median 58), as shown in the
accompanying boxplot.

haplotype estimation is based.

I investigated haplotype concordance among the monozygotic twins in the sample, as
an indicator of phasing and imputation accuracy. 278 of 292 twin pairs show >95%
concordance across the 19,965 chromosome 22 SNP locations after phasing and imputation
(Figure 63). 14 twin pairs show poorer concordance (81-89%), probably as a result of a
small number of poorly inferred recombination events. Examination of discordant loci
generally shows matching genotypes with opposite phase, indicating discordance is the
result of misphasing rather than poor imputation. Discordance generally results from a
small number of haplotype blocks incorrectly phased in a given twin pair, but no region

of the chromosome is particularly prone to discordance.

These results suggest that SHAPEIT is building sensible haplotypes despite the need
to impute at many sites (a median of ~55% of the total SNPs were imputed for each
individual; see Chapter 6 for details of the genotypes). Some of the errors will be a
results of erroneous haplotype estimation among parents in the pedigree (who do not

themselves have parental information available to help the phasing process). In addition,
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Figure 63: Haplotype concordance among monozygotic twins. Most monozygotic twin
pairs show >95% concordance across the chromsome 22 SNP locations. 14 twin pairs
show poor concordance, which probably results from a small number of poorly inferred
recombination events.
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the haplotypes tested are merely the most likely estimates based on the haplotype graphs
generated by SHAPEIT. Subseqent kinship calculations can take into account the phase

uncertainty, which alleviates the effect of some of the reported subtle errors in genotyping.

Kinship

In order to calculate heritability of the NTR expression traits by parent of origin, it
is necessary to estimate the level of relatedness (kinship) among the members of the
population. A number of tools are available to perform this task using either family
pedigree information or genetic data. However, an analysis of parent of origin effects
requires a more-complex approach. Specifically, this approach needs to adequately

partition total kinship to determine how much is attributable to each parent of origin.

A number of methods exist for measuring relatedness between individuals. These ap-
proaches have classically been based on identifying expected sharing between individuals
in pedigrees based on probabilities of being identical by descent. More-recently, methods
have been developed to measure genome sharing directly from SNP data; such methods
are reviewed in detail elsewhere.?8 3% Nonetheless, no best practice is defined, and a
number of problems exist in defining and measuring relatedness. One such problem that
is important for the current study is that sequence identity at SNPs between any two
haploid human genomes is typically much lower than the identity at non-SNP loci. Thus
SNP-based measures for estimating relatedness are very dependent on the minor allele

frequencies of the SNP set.

Many SNP-based methods exist for estimating relatedness.®®® A common way to measure
the similarity of individuals at a SNP is as the probability of a match between alleles

drawn at random from them (K,q).

o8

Kos(B,C) = 5 + 5

2m

(SB; = 1)(S¢; — 1)

1

J
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Where K,s(B,C) is the estimated relatedness between two individuals, B and C; m is
the number of SNPs; and Sp; and S¢; are the respective genotypes of individuals B and
C at the j diallelic SNP (coded 0, 1, 2). The diagonal elements of this matrix are not

equal to unity and are instead defined by the level of homozygosity among individuals.

This scheme scores heterozygotes as having a relatedness of 0.5 (based on the probability
of a match); in reality the identity by descent is actually 1 or 0 depending on phase, which

is often known. Thus another possibility is to score matching heterozygotes as 1 (K’,5).
! 1 UL
Kas(B7O) =1- om Zl |SBj - SCj|
]:

These approaches give all SNPs equal weight, whereas greater weight can be given to
rare shared alleles (e.g. by centering the genotype scores; K.p). This genetic relationship

matrix can contain negative values and be scaled so the diagonal is unity.
Ko(B,C) =, > (S8 = 20;)(Scs — 2p)"
J:
= LXpX{

Where p; is the population minor allele frequency at the 5 SNP.

Finally, it’s also then common to standardize (which assumes each SNP to be equally

informative; K. 1).

K.1(B,C) = LXpXZ where Xp; = 752_5{(‘1{”;)

The K and K. ; approaches are in fact part of the same one-parameter family (K.,),

with & = -1 and « = 0; studies can consider alternative values for o« when searching for
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appropriate genetic relationship matrices. These methods correspond to equations (6-10)

in Speed and Balding (2015).3%

Importantly, no interpretable relatedness parameter exists with which to measure different
approaches against; thus we lack good criteria with which to choose among approaches.
This lack of a canonical method does, however, allow approaches to be adapted to
best suit applications and the genomic architectures of the traits of interest.?®® Other
possible approaches to estimating relatedness include genome-wide distributions of time
since most-recent common ancestor, and haplotype-based methods that account for the
length of genomic regions shared by two individuals. This latter approach is particularly

interesting in the context of our already-phased genotype data.

Method

[ initially follow the methods for calculating and partitioning the kinship between individ-
uals published by Mott and colleagues.?*? This method was developed for a heterogeneous
stock population of mice descended from eight inbred founder strains and is described
in detail in the published article and supplement. The method denotes kinship as the
genomewide average number of shared founder haplotypes between individuals, broadly
equivalent to K, described above.?*? It also describes the partitioning of total kinship
(the genetic relationship matrix K) into two components: “the genomewide average
number of haplotypes inherited from parents of the same sex” (K, ), and “the genomewide
average number of haplotypes inherited from parents of opposing sexes” (K_). The genetic

relationship matrices are additive, such that K = K, + K_.

Central to the published method is the assumption that “if two individuals (not necessariliy
siblings) share an allele, then either it was inherited from parents of the same sex, or
from parents of the opposite sex.” Actually, this is not strictly the case; for example,

two matching homozygotes share alleles inherited from both parents of origin. This
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description caused major issues in replicating the method. It would be more correct to
say that the probability of a match between alleles drawn at random from two individuals
can be further partitioned according to whether or not a match also exists in parent of
origin.

For a human population, which is not described in terms of founder haplotypes, the
same method can be adapted to score the similarity of two individuals at a SNP as the
probability of a match between alleles drawn at random from each of them. This approach
can be further extended so that the similarity is partitioned by parent of origin so that
the scoring represents the probability of a match between alleles and parental origin on a

random draw.

Following the published method I construct kinship matrices for each chromosome
individually, and then combine them into a genomewide kinship matrix. Conservatively,
SNPs with a Mendelian error rate greater than 0.05 (~20% of SNPs) are removed from
the kinship calculation. The published method scales the kinship matrices so that the
diagonal elements are unity. In fact, the diagonal elements in a K,4 relationship matrix

388 and variation exists in levels of self relationship between

are by definition not unity
individuals (Figure 64). I therefore construct kinship matrices both with and without

this scaling step.

The above method was developed for a population of heterogeneous stock mice, comprising
eight founder haplotypes in approximately equal proportions. In human populations such
as the NTR the calculated allele sharing at any SNP will in fact be determined by the
minor allele frequency at that SNP. As a result, kinship matrices for this project were also
built using an alternative method, equivalent to K. ; described by Speed and Balding
(2015).

K. 1(B,0) = %XBXE where Xp; = %

Xpj can be partitioned into maternal and paternal components
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Figure 64: Evaluation of kinship estimated by allele sharing. The left panel (a) shows the
distribution of self-kinship values (i.e. the kinship matrix diagonal) for the chromosome 1
kinship matrix. As expected some variation in kinship is seen, including some outliers
with relatively high self-kinship. In fact, one individual (ID 999001996) from the parental
generation has almost perfect self-kinship indicating that they are homozygous at all
SNPs across the chromosome (not shown). The right panel (b) shows kinship calculated
from raw allele sharing plotted against the rescaled kinship where the matrix diagonal is
scaled to unity. Three distinct groupings are seen, corresponding to unrelated individuals,
siblings, and monozygotic twins and self. The two approaches are relatively consistent,
although the rescaling dramatically reduces the variability seen in the monozygotic
twin/self grouping.
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Xpj = Xp, + X5

SM _p. SE —p;
M __ Bj P P _ Bj Fi
XM = 228 and Xf, =

v 2pi(1=p;) \/2p;(1-p;)

Written in simple matrix form
K=GG =M+ P)(M+P) =(MM'+ PP")+ (MP' + PM')
K=Kt+ K~

where K represents total kinship (genetic relatedness), which is partitioned into K+ and
K~ elements representing allele sharing from matching and nonmatching parent of origin
respectively. G is the matrix of total number of references alleles (0, 1, 2; subjects x
SNPs), and M and P are matrices of the number of reference alleles on the maternally

and paternally inherited chromosomes, respectively.

This method centers the genotype scores and standardizes the outputs, and in theory
is more appropriate for human populations (it is equivalent to the method used for
calculating genetic relationship matrices in GCTA). In practice, the results are very
consistent with those of the K,s method outlined above (Figure 65). Similarities between

the outcomes of different matrices have previously been reported.3%?

The final step in the creation of the kinship matrices was to transform them into a format
suitable for passing to GCTA as a genetic relationship matrix (see below). These matrices
are “always relative to an arbitrary base population in which the average relationship is
zero. We use the individuals in the sample as the base so that the average relationship
between all pairs of individuals is 0 and the average relationship of an individual with
him- or herself is 1.”!® Thus most of the subsequent analysis is done with the K, ;-format

matrices, which match this description.
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Figure 65: Comparison of the scaled K,5 and K. ; kinship methods. The panels show total
kinship (K; top left), parent-of-origin kinship (K+; top right) and non-parent-of-origin
kinship (K—; bottom left). Note the difference in x axis scale. In general, the results are
consistent across kinship methods, with distinct groups representing unrelated, sibling
and monozygotic/self kinship. Similar results are seen for the unscaled K,s kinship (not
shown).
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Family structure

Overall, as expected, nonsiblings do not differ in levels of allele sharing between parents
of matching versus non-matching sex. By contrast, siblings show greater allele sharing
between parents of matching sex than between parents of nonmatching sex (Figure 66).
This excess of shared alleles between parents of matching sex is responsible for almost all
the additional genetic similarity among siblings compared to nonsiblings. Interestingly,
however, the allele sharing between parents of nonmatching sex does seem to be greater
among siblings than among nonsiblings. In some cases this is likely to be attributable to
errors introduced by the phasing process. The other option here is that siblings do in
fact also share more alleles by nonmatching parent of origin. One possible cause is that
the parents in the NTR cohort might be slightly more related than average, as a result of

spatial structure in the Dutch population (D Boomsma, personal communication).

Heritability of gene expression

Heritability is a summary measure of the proportion of the variation in a trait that is
attributable to variation in genetic factors.'™ In Chapter 4 I present an analysis of the
heritability of reproductive traits in CC mice, using several methods to estimate broad
and narrow sense heritability. In the remainder of this Chapter I build on the NTR study
of heritability of gene expression in peripheral blood*” and present an analysis of parent

of origin effects on the heritability of these traits.

Common approaches to heritability estimation model the similarity between individuals
to separate the effects of genotype and environment—in humans a common deisgn is the
twin study in which the differing similarity of monozygotic and dizygotic twins is used
to estimate heritability. The NTR study used three separate methods for heritability
estimation: first, twin-based heritability via a REML mixed model with random additive

genetic components of variation and shared and individual-specific environmental effects,
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Figure 66: Allele sharing among siblings and nonsiblings. Overall (top left panel),
nonsiblings do not differ in levels of allele sharing between parents of matching versus
nonmatching sex. By contrast, siblings show greater allele sharing between parents
of matching sex than between parents of nonmatching sex. This excess kinship is
accounted for almost entirely by allele sharing from matching parent of origin (bottom
left). Nonetheless, siblings also show consistently greater allele sharing by nonmatching
parent of origin (bottom right). The double peak in the parent-of-origin kinship panel
at genetic correlation of 1.0 results from a small number of misphasing events between
monozygotic twin pairs in the population.
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corresponding to a standard ACE model; second dizygotic only heritability following a
constrained ACE mixed-model approach for full siblings; third, heritability estimated
from a genetic relationship matrix, implemented in the software GCTA (discussed in
more detail below). The NTR study used the first approach (standard ACE model) as

their primary method.

In this Chapter I estimate the heritability of the 44,241 gene expression traits using the
software GCTA.?% One of the functions of GCTA is to estimate the variance in complex
traits explained by all SNPs on a chromosome or genomewide. The basic method fits
the effects of all SNPs as random effects in a linear mixed model, and estimates Vg by
restriction maximum likelihood based on a genetic relationship matrix estimated from
the SNPs. The subsequent analysis was done with GCTA version 1.24.3 (current as of 5

June 2014; most recent is 1.25.2 as of 22 December 2015).

Total heritability

I first use GCTA with the total kinship matrix (K) to calculate heritability of each gene
expression trait. The heritability of most transcripts is low (mean h?=0.0636), indicating
that many gene expression traits show no notable heritability in this population (Figure
67a). This finding is consistent with previous reports in peripheral blood,34"3% although
higher mean expression heritabilities have been reported in tissues with more-homogeneous

cell type. 3917393

I compare the heritability of the gene expression traits with the twin-based h? reported
by the NTR expression study for 18,392 genes (selecting for each the transcript with the
largest h? in the NTR study).?'” In general, there is agreement between the results of this
approach and the results provided by the NTR paper (Figure 67b). This agreement is
improved slightly by selecting for each gene the transcript with the largest h? regardless

of whether this matched the transcript used by the NTR. Nonetheless, the distributions
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of reported heritability differ, with the NTR expression study generally reporting larger
h? estimates, despite using an unbiased estimate of h? (i.e. not bounded by zero; Table
24). Other studies report even greater h? for peripheral blood gene expression (e.g. mean

h% = 0.150).391

The NTR study reports that heritability is strongly associated with expression mean and
variance. In fact, our efforts to transform and normalize the data (see Chapter 6), make
comparatively little difference to the heritability estimates, although they do bring them

more in line with those of the NTR study.

Table 24: h? estimates for different study populations

NTR_h2 match h2 max_ h2

Min. :-0.430 Min. :0.003 Min. :0.003
1st Qu.: 0.010  1st Qu.:0.018  1st Qu.:0.030
Median : 0.100 Median :0.040 Median :0.065
Mean : 0.101 Mean :0.067 Mean :0.086
3rd Qu.: 0.180 3rd Qu.:0.085  3rd Qu.:0.112
Max. : 0.910 Max. :0.811 Max. :0.826

:The table lists the parameters from the NTR study>*”, and from our GCTA estimates with the same
probes as the NTR and with the most-heritable probe for each gene.

The NTR study conservatively highlights 777 genes with significant expression h? (¢ <
0.05). 755 of the identified probes are present in our expression dataset, and in general
these genes also show high heritability (Figure 67¢). Not all of these probes have high
heritability by GCTA, however, possibly as a result of innacurate genetic imputation
during the phasing process (Figure 67d). In fact, the NTR study notes “almost no
correlation” of GCTA estimation with twin-based heritability.?¥” In this context, it
is interesting that the present study does see a reasonable relationship between the
two methods of estimating h?. The NTR study “reasoned that genomewide [identity
by descent] might have reduced power for those genes influenced largely locally”, and

therefore re-ran GCTA using kinship estimation performed in the local region within
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1Mb of each transcript.

Parent-of-origin heritability

I next partition the heritability of gene expression traits into two portions, attributable to
allele sharing from matching parent of origin (K+) and allele sharing from nonmatching
parent of origin (K-). The variances associated with these components should be equal

when no parent-of-origin effect exists.
V=K'o?+K o2 +Io?

where the heritability attributable to K+ and K- is

2= % and h2 = %,
+ 7 oi40% 402 - oi40?+02

I again use GCTA for the analysis. GCTA has the functionality to estimate the heritability
components from multiple kinship matrices. This functionality is most commonly used to
partition the heritability of a trait between chromosomes,?**3% but also between subsets
of SNPs and genomewide SNP sets3”® and between cis versus trans components.?9! It
also has the option to submit multiple genetic relationship matrices, which estimates
the variance explained by the SNPs that were used to estimate the genetic relationship
matrix. [ use this option to partition heritability between matching and nonmatching

parent of origin.

Among the full range of expression traits, little evidence is seen for widespread parent
of origin effects (Figure 68). Among those traits that do show substantial differential
heritability between the matching and nonmatching parent of origin components, the
majority show a greater component attributable to allele sharing from nonmatching parent
of origin (i.e. the K- genetic relationship matrix). The standard errors for these estimates

are, however, large. One possibility is potential population substructure with parents
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Figure 67: GCTA heritability estimation. The upper left panel (a) shows the distribution
of heritability for the 44,241 gene expression traits. Most traits have relatively low h2.
The upper right panel (b) shows the GCTA heritability estimates plotted against the
NTR estimates for 18,074 genes. The black line is the line of x=y and the red line is the
regression fit. The lower left panel (c) shows the GCTA heritability estimates for 755
of the 777 genes identified by the NTR study as having significant heritability. Some of
these genes have very little heritability estimated by GCTA. The lower right panel (d)
shows these GCTA heritability estimates plotted against the NTR estimates. There is
reasonable correlation (r? = 0.57) between the two estimates, but some GCTA estimates
of heritability are very low.
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who share a geographic location also sharing slightly more genome IBD than expected.
Another more prosaic possibility is that the imputation done during phasing inserts
an excess of shared versus non-shared alleles. The standard error for the heritability
explained by matching parent of origin increases with increasing heritability, whereas the
standard error for the heritability explained by nonmatching parent of origin decreases
with increasing heritability (Figure 69). These large standard errors mean the results of
this analysis should be treated with caution, as most h? estimates are not significantly

different from zero.

As already established, the majority of traits have relatively low heritability, and these
data points pontentially confuse interpretation of these results. When only the 777 genes
with significant expression h? are considered, however, the split becomes relatively even
between those genes with a high matching parent of origin component and those with a
high nonmatching parent of origin component (Figure 70). Using cutoff K+ of 0.3, similar
to the cutoff for significant heritability in the NTR study, 270 probes in 200 genes show
evidence of parent of origin effects. 142 of these genes are among the 777 NTR-identified
genes. The sample of 200 genes is enriched for genes involved in a range of immune
system processes (Bonferroni-corrected P<0.05; Table 25). As it turns out, however, the
full sample of 777 genes with significant heritability is also enriched for these processes.
Immune system processes are among the traits for which substantial heritability makes
sense in peripheral blood. I also see an indication of enrichment of some of these traits
among the 142 traits with high parent of origin heritability within the 777 genes with

highly heritable expression.
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Figure 68: Heritability attributable to allele sharing by matching versus nonmatching
parent of origin. Most gene expression traits tend to have a larger component of heritability
attributable to nonmatching parent of origin. Some, however, show an indication of
parent of origin effects.
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Figure 70: Heritability attributable to allele sharing by matching versus nonmatching
parent of origin among 777 genes with significant heritability. The left panel (a) shows
the 777 genes plotted in a similar manner to Figure 68. A much higher proportion of
genes show evidence of parent of origin effects. The right panel (b) shows the distribution
of the difference between the H24 and H2- components. Roughly equal proportions of
genes have a majority of heritability attributable to matching versus nonmatching parent
of origin.
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To further check the method, I have similarly calculated and partitioned the heritability
of the quantitative covariate traits according to parent of origin (Figure 71; Table 26).
The results are interesting and in general they are consistent with the trends seen for the
expression traits with no notable parent of origin effect and a tendency towards a greater
component attributable to allele sharing by nonmatching parent of origin. Standard
errors are resonably large, especially for the nonmatching parent-of-origin portion of the
heritability estimate. Importantly, not all these traits are expected to be heritable. For
example the most extreme result is for participant age, a trait that seems to be completely
heritable, with all heritability attributable to parent of origin. The ndays and D variables
also make little sense in the context of heritable traits. The age results probably illustrate
a problem with mixed model heritability estimation in humans—inferences vary according
to levels of relatedness between individuals.?®® In this case the age trait is shared between
the most related individuals—i.e. monozygotic twins.

Table 26: Heritability estimates of the sample covariates

Trait H2.POE H2.NOPOE SE.POE SENOPOE N

age 1 0 0.345 0.34 889
ndays  0.523 0.319 0.241 0.29 889
neutn  0.306 0.211 0.207 0.429 762
lympn  0.361 0.252 0.226 0.397 762
monon  0.229 0.463 0.119 0.214 762
eosn 0.038 0.704 0.03 0.067 762
bason  0.018 0.018 0.094 0.559 762
rbe 0.389 0.51 0.137 0.157 875
D 0.078 0.126 0.095 0.409 889
bmi 0.226 0.703 0.054 0.06 889

Imprinted genes

I compare our parent of origin results with a known list of imprinted genes. As discussed
in Chapter 5 several options are available for the source of this list. Notably, none of

these resources provides downloadable gene lists in a simple machine-readable format
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Figure 71: Heritability estimates partitioned by parent of origin for the 10 covariate
traits. Some of these traits would be expected to be heritable, while others would not
be. The traits generally show no evidence for an excess of heritability attributable to
matching parent of origin. The exception is age, a trait that would not be expected to be
heritable, but for which the results show almost 100% heritability completely attributable
to matching parent of origin.
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such as a text or .csv file. It is also not clear how well maintained the resources are, or

what are the criteria for inclusion in the databases.

I obtained a list of imprinted human genes from GeneImprint (http://www.geneimprint.com/)?%

via the html table on the web page source. This resources lists 246 genes, categorized
accoring to whether they are known to be imprinted, predicted or uncertain (Table 27).

295,2967has a

The other available resource—the Catalogue of Parent of Origin Effects
comparable list of 82 imprinted human genes among 340 entries for human parent-of-origin
effects, but without simple categories.

Table 27: Human imprinted genes

Status ExpressedAllele

ConflictingData: 8 Biallelic : 17

Imprinted : 97 Isoform Dependent: 4
NotImprinted : 15  Maternal :100
Predicted :107 Paternal :109
ProvisionalData: 6 Random : 2
Unknown : 13 Unknown : 14

:Data from Genelmprint (http://www.geneimprint.com/)22

Among the 246 human genes in the Genelmprint database, 186 are annotated in the
NTR gene expression dataset (a further 10 are denoted by aliases). However, among the
97 genes categorized as ‘imprinted’ only 55 are annotated in the NTR dataset. 4 of the
‘imprinted’” genes and 12 of the total Genelmprint dataset are found in the 777 genes
with significant heritability of expression, and in fact the heritability of gene expression
in peripheral blood is low for such genes in the NTR and other studies. When overlaid
on the prior plot of heritability attributable to matching versus nonmatching parent of
origin it is clear that the majority of imprinted genes show no strong effect on heritability
from allele sharing between matching parent of origin (Figure 72). The seven imprinted

genes that do show these effects are noted in Table 28.
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Figure 72: Imprinted genes show little evidence of heritability attributable to allele
sharing from parents of matching sex. 246 human genes with confirmed or predicted
imprinting are depicted in red.
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Table 28: Imprinted genes showing parent-of-origin heri-
tability

H2.POE H2.NOPOE SE.POE SENOPOE N gene.symbol

X11715394 s _at 0.238 0.15 0.161 0.419 889 (CDS1
X11715670_a_at 0.253 0.155 0.167 0.416 889 IFITM1
X11715671_x_at 0.258 0.183 0.164 0.393 889 IFITM1
X11718350_s_at 0.357 0.179 0.212 0.408 889 NLRP2
X11723050_a_at 0.419 0.096 0.265 0.491 889 TISPA6
X11723419 _a_at 0.347 0.195 0.204 0.393 889 COL9A3
X11741832_a_at 0.382 0.125 0.238 0.46 889 SNRPN
X11754601_s_at 0.398 0.18 0.233 0.411 889 SPON2

Discussion

In this chapter I report the estimation of the heritability of gene expression traits in
the NTR population of Dutch twins, and the subsequent partitioning of this heritability
according to parent of origin. I have applied a method that partitions kinship between
matching and nonmatching parent of origin, and used this to investigate differential
contributions to the heritability of gene expression traits. I find genomewide h? estimates
consistent with previous results, but little evidence of widespread parent of origin effects
on gene expression. In fact the majority of the heritability of these traits seems to
be attributable to allele sharing between nonmatching parent of origin. Nonetheless,
approximately 270 probes in 200 genes enriched for immune system processes show
evidence of parent-of-origin-specific differences in heritability. Known imprinted genes
show little evidence of heritable expression attributable to allele sharing between matching

parent of origin.

These findings contradict a previous report, in which an analagous method found evidence
for parent-of-origin effects in the majority of 97 traits in mice (Figure 73a).>*? Two
general possibilities exist for this discrepancy. First, the results might reflect problems

with the method, specifically phasing, kinship calculation or heritability estimation. As
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support for the correct application of the analytic approach, I confirm the heritability of
gene expression traits in peripheral blood reported in the NTR gene expression study.?*”
Second, the results might reflect the gene expression trait, the choice of tissue, or errors

in the prior reports. Below, I discuss each of these issues in turn.

Phasing

Correct partitioning of heritability and identification of parent-of-origin effects depends
on accurate phasing by parent of origin. Errors in the phasing process will propagate into
downstream analyses, where they affect the estimates of kinship and the construction of
genetic relationship matrices in which alllele sharing is partitioned between matching and
nonmatching parent of origin. In this regard, it is important to note that our method
uses SHAPEIT and DuoHMM—tools designed for accurate phasing of genetic data, but
not validated in the context of large amounts of missing data resulting from multiple
nonintersecting SNP platforms. Thus these tools are also imputing a large proportion
of the data points during the phasing process. Encouragingly, evidence supports the
approach of combining individuals genotyped on different platforms into a single genetic

relationship matrix, by phasing together with a reference set.?

In general, the phasing method performs relatively well. The outputs resemble well-formed
genotypes (however, how well they resemble the ‘true’ genotypes of the individuals is
an open question). Subtle genotype errors (i.e. those requiring unlikely recombination
patterns) are present at <10% of SNP sites per individual. Mendelian errors in which
offspring genotypes are incompatible with parental genotypes are similarly common. It
would be instructive to quantify the accuracy of the haplotype-based imputation done by
SHAPEIT—one approach that would not require gold-standard data is masking the real

data and assessing how many alleles are correctly imputed by the phasing algorithm.3%3

Importantly, while tests suggest the imputation works reasonably well, some monozygotic
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twin pairs show poor haplotype concordance, with different parent of origin allocated
to a given haplotype. These errors propagate downstream into kinship estimation, and
presumably also affect kinship estimates between other pairs of individuals. Such errors

do not affect the total kinship, but are important for the partitioned kinship.

Several steps could be taken to improve the quality of the phasing, which might ultimately
improve the heritability estimates. First, the phasing could be redone with the latest
SHAPEIT version, with the most recent 1000 Genome reference set. Second, the reference
set could be enhanced by incorporating the Genome of the Netherlands data, which is a
reference set specific to the Dutch population.?®°3%2 Third, the SHAPEIT phasing process
uses famliy pedigree information to inform possible haplotype states; being able to use
monozygotic twin status would provide additional information to the algorithm. Finally,
SHAPEIT also outputs phasing uncertainly for use in downstream analysis. At present
this work uses the definitive haplotype calls, but adapting these methods to take into
account the phasing uncertainty (i.e. using allele doses) might result in more-accurate

kinship estimates.

Kinship

Estimation of genetic relatedness from genomewide SNPs is a well-established method
for estimating heritability of traits. However, no optimum method exists, and how well
genomewide kinship represents biological processes is not well defined.?®® Our application
of kinship estimation produces genetic relationship matrices that clearly differentiate un-
related, sibling and monozygotic pairs. Nonetheless, a number of potential improvements

would be possible.

First, while our method accurately partitions kinship according to inheritence from
matching or nonmatching parent of origin, it does produce a larger than expected K—

element for some individuals. One reason for this is likely to be inaccurate phasing, which
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mistakenly assigns haplotypes to nonmatching parent of origin in related individuals. A
second possibility is that for some reason related individuals do in fact share more alleles
by nonmatching parent of origin than do unrelated individuals. A solution to these issues
might be to adapt the kinship calculation method to take into account the uncertainty in

the phased haplotypes, as discussed above.

A potential problem with estimating heritability from genomewide SNPs is bias intro-
duced by linkage disequilibrium. In short, contributions to A% are overestimated in
regions of strong linkage disequilibrium and underestimated in regions of weak linkage
disequilibrium. Another obvious extension to this kinship method would be to develop a

linkage-disequilibrium-adjusted kinship method, analagous to tools such as LDAK 3%

One further option for the extension of the kinship method would be to redefine genetic
relationship as a measure of haplotype sharing.3®® This approach is particularly appealing
in the context of this study, as it would tie the kinship estimation to the process of

phasing by parent of origin.

Heritability

The overall heritability results are consistent with previously published results and suggest
that heritability estimation using GCTA is appropriate in this population. Nonetheless,
a major problem with the GCTA approach to partitioning heritability seems to lie in the
standard errors of the heritbability estimates. While the standard errors are low for the
overall heritability estimates they are high for the partitioned heritability estimates and
seem to scale with the magnitude of the estimate (positively for hy™ versus negatively
for hy™). In fact the GCTA-GREML power calculator and associated article suggest that

standard errors should not vary with SNP heritability.39%:3%

The standard error of the heritability estimate depends on the sample size and the genetic

relatedness of the individuals (measured as the variance of the off-diagonal elements of
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the genetic relationship matrix). This value is 0.000615 for the total kinship matrix (K),
and the resulting standard error of 0.0641 agrees closely with the observed standard
error of the total kinship estimates among the 889 individuals, with 95% power to detect
significant h? at a true SNP heritability of 0.23 and above. By contrast, the empirical
varainces of the K+ and K— matrices are 0.000507 and 0.0000143, respectively, which
translates to expected standard errors of 0.071 and 0.421 for the h?+ and h%- estimates.
Much larger sample sizes would seem to be needed to reliably estimate heritability in

these cases.

An additional point to note with this approach to estimating heritability is the inclusion
of related individuals. In cases when individuals who share SNP genotypes more often
than the average also tend to share a common environment then the heritability explained
by the SNPs will be overestimated.?®” In this case the partitioning of heritability between
matching and nonmatching parent of origin requires that individuals in the study be
differentially related. It is not clear whether the magnitude of this differential relationship
needs to be so severe. Nonetheless, removing for example one of each monozygotic
or sibling pair would noticeably reduce the sample size and thus the power to detect
significant heritability. The NTR population are all adults, and siblings are therefore less

likely to share a common environment than child participants would be.

The linear-mixed model approach for estimating heritability from genomewide SNPs, as
used in GCTA, is a commonly used tool in statistical genetics. Nonetheless, at the time
of finalizing this writing the validity of GCTA has been called into question.?*4%3 Public

discussion of these criticisms will no doubt continue.

Strong cis effects

One possible explanation for the relative absence of parent of origin effects on heritability is

that unlike complex traits gene expression could be governed largely by local effects, with

196



the result that they are not significantly heritable by genomewide estimation. A related
point is that peripheral blood is a highly heterogeneous tissue, comprising many cell types,

404 Nonetheless, a

with expression subject to sex effects and other hormonal influences.
portion of these traits is significantly heritable by genomewide assessment, and these
traits largely overlap those previously reported. The genes with significant heritability

of expression are enriched for immune system processes, which is consistent with the

expectation of peripheral blood.

Importantly, while trans regulation is reported to make a notable contribution to the
heritability of gene expression, cis regulation is suggested to be more important in tissues
comprising heterogeneous cell types.?*! Thus an expectation exists that local effects might
be relevant in this case. While the majority of genes have cis regulatory variation,37
genomewide effects continue to represent a major component of heritability of gene
expression traits, possibly through action of trans factors on cis-regulatory variants.%
The role of local effects could be investigated further by further partitioning the heritability

of expression into local and genomewide components. This approach would, however,

likely require a larger sample size.

Context

The work in this chapter investigates the partitioning of heritability according to parent
of origin for gene expression traits. This finding contradicts a previous report, in which
a similar method found evidence for parent-of-origin effects in the majority of 97 traits
in mice (Figure 73a).3*2 These partitioned heritability estimates have surprisingly small
standard errors relative to the size of the population (especially for the K- partition).42:3%8
For example, to obtain the observed standard error for the Biochem.HDL trait the variance

of genetic relationship in the K— matrix must be 40 times greater than in the NTR data,

at a level comparable to the variance of total kinship in the NTR data.
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Figure 73: Heritability of parent-of-origin effects.(a) Heritability estimates for 97 traits
measured in HS mice. Each black dot represents one trait. y axis, the heritability h2+
attributed to allele sharing from parents of the same sex; x axis, heritability h2— from
parents of the opposite sex. Gray dots are correpsonding estimates from simulations of
nonimprinted complex traits. The diagonal is the line of equality between the heritabilities.
In 91 of 97 (93%) of the traits, I found h2+>h2- (P <10722 under the null hypothesis
that h2+=h2—, one-sided binomial test). Copyright Mott et al. 2014. Modified with
permission under CC-BY.

An understanding of the incidence and mechanisms of parent-of-origin effects will enable
phase-aware analysis and modeling of complex traits. The work presented in this chapter
investigates the partitioning of heritability according to parent of origin, and would be

enhanced by further investigation of cis-QTLs, parental effects and bona fide parent-of-

origin effect. Such work is, however, outside the scope of this thesis.
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Chapter 8 | Conclusions and perspectives

Science—and engineering, which here includes agriculture and medicine—
DOES NOT BEGIN WITH A TIDY QUESTION. Nor does it end with a

tidy answer.

—John W Tukey (1980)*0¢

Outcomes

In this thesis I discuss two separate research projects unified by the broad general theme
of measuring and explaining variation in complex traits. The first project identifies QTLs
for reproductive traits in the Collaborative Cross population of mice through analysis of
breeding records. I show that litter size and other traits are heritable in this population,
and do genetic mapping using a mixed model approach. The most-robust QTL, on
chromosome 5, explains around 3% of the total variation in litter size and approximately
24% of the variation attributable to genetics. This work also identifies QTLs for time

between litters and identifies candidate genes suitable for follow up.

The second project uses a previously described method to investigate parent-of-origin
effects on gene expression traits in a populations of 889 human twins. This work replicates
prior genomewide heritability estimates for many of the gene expression traits in peripheral
blood, but finds little evidence for widespread parent-of-origin effects on the heritability of
these traits. This finding contradicts a prior report of widespread parent-of-origin effects
on the heritabilty of 97 traits in mice. On close examination, the sample size severly
limits the power to detect such effects. Nonetheless, I identify approximately 200 genes
enriched for immune system processes that show evidence of parent-of-origin-specific

effects on heritability.

These results provide incremental additions to the body of evidence in the domains of

reproductive genetics and parent-of-origin effects.
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Further work

A number of options are available to take this work forward. For further investigation of
reproduction in mice, knockout studies of candidate genes might be fruitful, especially of
Scarbl as a candiate for litter size. Another option would be to investigate crosses of
high and low litter size lines with the correct genotypes at the QTL from the TAU CC
population. An additional promising avenue of investigation might be a type of ‘survival’
analysis, where the CC lines are assessed for their survival through each successive
generation, or to a given time point. Finally, bearing in mind the poor quality of the
breeding records used in this analysis it might be productive to replicate the findings in

another breeding population—potentially one of the other CC populations.

Some additional options for the project as it currently stands would be to calculate
confidence intervals for the QTLs by simulation,''® and to do merge analysis of sequence
variants over the QTLs.*" Merge analysis might work particularly well for the QTL for
time between litter on chromosome 12, where the founder effects split into clear groups.
Nonetheless, although merge analysis has been used in several CC mapping projects only
acts to eliminate possible causal variants and has yet to provide any notable results in

this population.

Further investigation of parent-of-origin effects in the NTR population would ideally entail
further partitioning of the heritability of gene expression traits into local and genomewide
components. Additional work includes investigation of cis-QTLs, parental effects and
genuine parent-of-origin effects via association mapping. Some of this work has been done
outside the remit of this thesis. Improving the quality of the phasing by parent of origin
might also improve the heritability study; ultimately, however, the heritability estimation
approach has been restricted by sample size and a population of 4,000-5,000 individuals
would seem to be necessary to sufficiently reduce the standard error of the heritabilty

estimates for the K_ components.
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The identification of appropriate follow-up work for these studies should, however, be
guided by the wider context of knowledge and need. Research in genetics provides a
means to improve health care, to increase the efficiency of agriculture, and to generate
societal and economic benefit. It also offers a perspective on the origins of life and what
makes us human. Too often, however, results are not well contextualized within these
domains. In this regard, the question of what follow up work to do should really be
reframed as whether follow-up work is beneficial. In this regard, considering the resources
involved it is possible that these results are not sufficiently interesting to be high priority

for follow up.

Critical perspectives

In terms of assessing the success of the two projects, it is instrictive to evaluate them
against the respective project proposals. The research done in the CC was initially
intended to “dissect the genetic basis of variation in fertility” on the basis of preexisting
“fertility statistics and DNA samples within each line from each generation”. Unfortunately
the breeding records for the population were not as described, and should probably have
prompted an immediate reevaluation of the project goals. The dataset is undocumented

and poorly maintained, and is a definite limitation of this study.

The study of parent-of-origin effects on heritability of gene expression traits in humans
has ultimately been hampered by small sample size resulting in low power to detect
significant heritabilities. In fact this human population shows considerably less variation
in kinship between unrelated individuals that does the mouse population used in which
similar methods were previously applied. In this regard, it might have been instructive to
evaluate the power of the analysis at the design stage to enable decisions about the value

of the project to be taken.

When developing this thesis developing a coherent narrative proved a difficult task. The
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conventional advice is to identify a clear problem definition that can be summarised in a
single statement. Unfortunately, I can formulate two such statements, which are only
loosely related. With the benefit of hindsight, this thesis would have benefitted from a
very different approach to its design and planning, with the research projects focused

around a clear question (or series of related questions).

With respect to John Tukey (quoted above), while science does not necessarily begin
with a tidy question, some effort to clearly define a research question in the context
of current knowledge does seem to be time well spent. This argument has been made
elsewhere—although a research project is unlikely to follow a linear path from A to B,
beginning with a well-defined question enables the researcher to make sensible decisions
about the project. Beginning a project without well defined goals means there is no
context with which to take decisions. Moreover, by not defining the parameters of a

project one also does not define the criteria for success, or an objective measure of how

to assess progress.

Data in biological research

The increasing availablility of data, coupled with rapid development in technology, has
had a substantial impact on biological research in the past decades. Within the domain
of genetics, large data resources have become commonplace, and their maintenance and

management has grown in importance.

A substantial portion of this thesis focuses on the technical details of data management
and analysis. Although none of the observations on data maintenance in these sections is
particularly novel, 0?49 they do highlight issues that are rarely openly acknowledged and
discussed in research articles—namely that the origins and maintenance of data matter.
While universities and journals now typically offer repositories for data, there is very little

by way of professional standards or institutional policy to ensure that data are collected,
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stored and made available in appropriate forms.

For example, the CC TAU breeding records have been poorly maintained and on exam-
ination contain obvious errors and inconsistencies. I have invested substantial time in
correcting as many of these errors as possible while ensuring all corrections are carefully
documented—a somewhat thankless task. The cleaned dataset will be made available
online once the dates have been further adjusted to meet the ISO-8601 standard, to
facilitate replication of this research. The NTR data are much better documented;
however, reconciling the differences in methodology between the published NTR gene
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expression paper,”*’ its methods section, and its supplementary information still required

a considerable amount of work.

Reproducibility

This thesis also represents an experiment in reproducible research. All data analysis has
been done with the open source R language, and the thesis itself is written in R Markdown,
with almost all code used to create the figures and run the analysis contained within the
source file. The source file and related documents will ultimately be available via the
Oxford University Research Archive (https://ora.ox.ac.uk/) along with raw data where
possible. This approach is, however somewhat over-reliant on a given computational
environment and is vulnerable to package incompatabilities and system updates. One way
around this would be to develop the R Markdown document within a Docker container

with a known reproducible computational environment.

There are, however, a number of disincentives to working at this level of reproducibility.
I have developed this system for reproducible research independently in response to a
perceived need. Despite being good practice, the adoption of reproducible methods gets
little recognition, and working in this manner is time consuming. Ultimately reproducible

work shoul be better encouraged, and institutions should actively work to develop and
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enforce best practices rather than relying on individual ad hoc practices.
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Postscript

“You think you’ve got problems,” said Marvin as if he was addressing a
newly occupied coffin, “what are you supposed to do if you are a manically
depressed robot? No, don’t bother to answer that, I'm fifty thousand times
more intelligent than you and even I don’t know the answer. It gives me a
headache just trying to think down to your level.”

Trillian burst in through the door from her cabin.
“My white mice have escaped!” she said.

An expression of deep worry and concern failed to cross either of Zaphod’s
faces.

“Nuts to your white mice,” he said.

—From The Hitchhiker’s Guide to the Galaxy, Douglas Adams (1979)
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