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Abstract

Understanding the structure and function of genomic variation within and be-
tween individuals will be crucial for the translation of genomics into improved
health and clinical outcomes. This thesis addresses current issues around the

study of genomic variation in that context.

Variant annotation is a vital step in the analysis of whole-genome and whole-
exome sequence data. I compared variant annotations for 80 million variants
from a clinically-focused whole-genome sequencing study, obtaining annota-
tions with two different sets of transcripts and two different software tools. I
found that choice of transcripts and choice of software both have a large effect
on variant annotation. The extent of discrepancy in annotations has implica-
tions for all research that relies on variant annotation, especially as we try to

use whole-genome sequencing in the clinic.

Type 2 diabetes (T2D) is a common, complex genetic disease imposing a large
global health burden. Although over 80 genomic loci have been associated with
increased risk for T2D, many questions remain about the genomic architec-
ture of the disease. I used 11 million rare, low-frequency and common single-
nucleotide variants obtained from whole-genome sequence data from 2,657 in-
dividuals with and without T2D to assess the contributions of different classes
of genomic variation to T2D susceptibility. Using linear mixed model meth-
ods and variance partitioning approaches I characterised contributions from
variants in different allele frequency classes. Partitioning variance into differ-
ent functional classes revealed significant four-fold enrichment (P < 0.01) for
variants in enhancer regions identified in pancreatic islet cells and significant

depletion for variants without any functional annotation (P < 0.01).

Single-cell RNA-sequencing (scRNA-seq) technologies are rapidly gaining trac-
tion to interrogate transcriptomic heterogeneity across individual cells. How-
ever, raw scRNA-seq data require a large amount of processing to obtain a
clean, tidy dataset ready for statistical modeling. I have developed a new, self-
contained R software package, SCATER, to fill the niche between raw scRNA-seq
data and downstream analysis. The package streamlines the pre-processing,
quality control and data normalisation procedures while enabling flexible ways

to visualise data and integration with other scRNA-seq analysis tools.

Keywords: genomic variation, variant annotation, type 2 diabetes, heritability, linear
mixed models, variance partitioning, enhancers, single-cell, RNA-seq, gene expression,

quality control, software
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Chapter 1

From Mendel to genomics

1.1 Introduction

When Gregor Mendel was breeding pea plants in an Austrian monastery in the mid-
nineteenth century he could scarcely have imagined the impact that genetics would have
on biology and medicine over the next 150 years. From abstract investigations into the na-
ture of heritable traits grew a vast scientific enterprise, multi-billion dollar industries and
clinical treatments based on an improved understanding of the genome. As we seek to
exploit remarkable technological developments to improve disease outcomes and advance
human health, we must further our understanding of genomic variation. This thesis ad-
dresses some current problems in understanding the relationships between genomic vari-
ation and human health and disease. Specifically, the thesis discusses issues surrounding:
(1) the functional annotation of genomic variants; (2) the relative contributions of different
classes of genomic variation to variability in susceptibility to type 2 diabetes; and (3) soft-
ware for pre-processing, quality control and visualisation of single-cell RNA-sequencing
data.

Around one hundred years ago, theoretical and experimental breakthroughs revolu-
tionised physics and presaged a century of extraordinary discoveries. From theories of
general relativity and quantum mechanics through harnessing nuclear fission to the de-
velopment of the “standard model” and recent discovery of the Higgs boson (Chatrchyan
et al., 2012), remarkable intellectual and technological progress has derived from break-
throughs in the first decades of the twentieth century. Physics enthusiasts might look back
at that time with a mixture of admiration and envy: admiration for the individuals who
developed the field, especially with the knowledge of where fundamental theories and
particle acceleration would lead; envy for not having been present during one of science’s
most exciting epochs.

The fields of genetics and genomics currently find themselves in a similarly revolution-

ary era. Staggering advancements over the past two decades have fundamentally changed



the practice of genetics and biomedical research. High-throughput technologies have dras-
tically reduced the cost of DNA sequencing, ushering in the “genomic era”. The genomic
revolution builds on the foundations of population, quantitative and disease genetics first
laid by Mendel, combining genetics with molecular biology, statistics and computer sci-
ence (Figure 1.1). The ability to assay all of an organism’s genetic material (the “genome”)
at once instead of one gene at a time, achieved within the last twenty years, has expanded
the horizons of genetic research. As population-scale cohorts are being characterised with
genomic assays, genomic technologies are being married to molecular cell biology to link
genomic and cellular variation at hitherto implausibly fine-grained resolution. Biomedi-
cal research today generates vast quantities of data, resulting in deep collaboration with
statisticians, mathematicians and computer scientists to make sense of the data deluge.
Bioinformatics, a term rarely heard (if at all) twenty years ago, is now a crucial aspect of
any undertaking in genomics and biomedical research.

Whereas Mendel may not have suspected where research in genetics could lead, today
we have grand ambitions for the field. Questions that five years ago would have been
impossible, or impossibly expensive, can now be addressed. The hope for the twenty-
first century is that the genomics revolution can revolutionise health care, with “precision
medicine” delivering individually-tailored genomic solutions for drug treatment, clinical
care and preventative measures to improve human health. Nevertheless, we are only at
the beginning of the path that we hope will lead to the genomic transformation of disease
treatment and understanding of healthy biology. The early years of genomics have demon-
strated that human health and disease are incredibly complex. Understanding the extent of
genomic variation within and between individuals, and how this variation relates to health
and disease, is an imposing challenge, but also an exciting opportunity that underpins all
of the work described in this thesis.

Genetics and DNA have infiltrated the contemporary zeitgeist. Mainstream novels,
movies and television programmes regularly incorporate analysis of DNA in their plots,
from identifying criminals to creating theme parks with live dinosaurs. The term “gene”
is ubiquitous today. More importantly, the term is central to biomedical research and,
increasingly, clinical medicine. With the rise of genetics in the public consciousness has
risen the level of expectation about what benefits the “genomic revolution” can provide to

society.

1.2 Historical overview: the path to genomics

In 1866, Gregor Mendel published a paper on plant hybridisation, revealing that certain

characteristics differing in parents, such as height and flower colour, are not “blended”
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Figure 1.1: From Mendel to genomics: a brief and naive schematic of the history of genomics. The
diagram maps out the key inputs to and outcomes from the genomics revolution.



in the offspring, but are passed on as distinct, discrete entities. Mendel’s paper is gen-
erally regarded as the moment that genetics was born. It was ignored for approximately
thirty years. In 1900, Carl Correns, Erich von Tschermak-Seysenegg, and Hugo De Vries
repeated and rediscovered Mendel’s work (Tschermak, 1900; de Vries, 1900; Rheinberger,
1995). From this point the study of inheritance as the field of “genetics”, a term first used
by William Bateson in 1905 in a letter to Adam Sedgewick (Bateson, 2002), gathered steam.
The term “gene” itself was first used by Wilhelm Johannsen in 1909 (Johannsen, 1909),
deriving from the term “pangene”, itself referring to “pangenesis”, Charles Darwin’s pro-
posed mechanism of heredity (Heimans, 1962).

In the early years, Mendelian geneticists were frequently at odds with Darwinian evo-
lutionists, but by 1932, R. A. Fisher, J. B. S. Haldane and Sewall Wright had combined
Mendelian genetics and Darwin’s theory of evolution, to develop a theory of genetic change
that is still broadly accepted today (Mayr & Provine, 1998). This “evolutionary synthesis”
resolved differences among geneticists, but many naturalists, concerned with speciation
and the origin of organismal diversity, remained unaware of the advances in genetics.
The divide between the population geneticists and naturalists was eventually bridged by
Dobzhanksy in 1937 with the publication of his Genetics and the Origin of Species (Dobzhan-
sky, 1937). Dobzhansky’s newly synthesised, integrated evolutionary theory was widely
accepted by 1947 (Mayr & Provine, 1998).

While Mendel was breeding his peas, researchers began to think about how heritable
traits are transmitted. Ernst Haeckel proposed in 1866 that the cell nucleus contains the fac-
tors responsible for the transmission of heritable traits. Chromosomes in the nucleus were
tirst described by Walther Flemming in 1879, who went on to examine their behaviour dur-
ing cell division (Flemming, 1882). In 1902, Theodor Boveri and Walter Sutton postulated
that the heredity units are located on chromosomes, as they observed that the segrega-
tion pattern of chromosomes during meiosis matched the segregation pattern of Mendel’s
genes (Sutton, 1903).

In the early twentieth century, Thomas Hunt Morgan’s laboratory at Columbia Uni-
versity used fruit flies (Drosophila) as a model organism to study heredity and found the
first mutant (white) with white eyes. In 1910-11, Morgan and his students showed that
genes, strung like “beads on a string” on chromosomes, are the units of heredity (Morgan
et al., 1915). They showed that chromosomes carry genes, discovered genetic linkage (the
fact that genes are arranged on linear chromosomes) and described chromosome recom-
bination (Morgan et al., 1915). In 1913 (during his PhD), Alfred Sturtevant, with Morgan,
produced the first genetic linkage map, for the Drosophila fruit fly (Sturtevant, 1913b,a).

Researchers tried to establish the molecule of heredity. In 1923, Frederick Griffith pos-
tulated that a “transforming principle” permits properties from one type of bacteria (heat-

inactivated virulent Streptococcus pneumoniae) to be transferred to another (live non-virulent



S. pneumoniae) (Griffith, 1923). In 1944, Oswald Avery, Colin MacLeod and Maclyn Mc-
Carty demonstrated that Griffith’s “transforming principle” is not a protein, but in fact
deoxyribonucleic acid (DNA), suggesting that DNA may function as the genetic material
(Avery et al., 1944). DNA was confirmed as the genetic material in 1952, when Alfred Her-
shey and Martha Chase demonstrated that during infection with bacteriophage T2, viral
DNA enters the bacterium, while the viral proteins do not, and that this DNA can be found
in progeny virus particles (Hershey & Chase, 1952).

In 1869, Friedrich Miescher isolated a peculiar substance from the nucleus of white
blood cells, which he called “nuclein” (Dahm, 2005). With the benefit of hindsight, it is
clear that Miescher had obtained the first crude purification of DNA. The building blocks
of DNA, the four bases adenine (A), cytosine (C), guanine (G) and thymine (T), were iden-
tified within 50 years. Establishing its structure took longer. Phoebus Levene wrongly
predicted a constantly repeating four-base sequence, so he is not remembered as fondly
as he might be (Levene, 1919). In 1943, however, William Astbury obtained the first X-
ray diffraction pattern of DNA, which revealed that DNA must have a regular, periodic
structure (Astbury, 1947). At the close of the decade, Erwin Chagaff found that the bases
in DNA are always present in fixed ratios: the same number of As as Ts and the same
number of Cs as Gs (Chargaff, 1950). In 1952, Rosalind Franklin and Maurice Wilkins used
X-ray analyses to demonstrate that DNA has a regularly repeating helical structure, before
James Watson and Francis Crick published the molecular structure of DNA: a double helix
in which A always pairs with T, and C always with G (Watson et al., 1953). It was clear
that this structure could copy and transmit genetic information. Connecting the abstract
“gene” to a physical model was a major advance, and inextricably linked genetics with
molecular biology.

Understanding of the relationship between DNA and proteins progressed quickly, with
Francis Crick proposing the “central dogma” that information in DNA is translated into
proteins through ribonucleic acid (RNA). He speculated that three-base sequences in DNA
(“codons”) always specify one amino acid in a protein (Crick, 1970). Sydney Brenner, Fran-
cois Jacob and Matthew Meselson discovered in 1961 that messenger RNA (mRNA) is the
molecule that ferries information from DNA in the nucleus to the protein-making machin-
ery in a cell’s cytoplasm (Brenner et al., 1961). During the first half of the 1960s, Robert Hol-
ley, Har Khorana, Heinrich Matthaei, Marshall Nirenberg and colleagues cracked the “ge-
netic code”, describing how DNA sequences encode protein sequences (Nirenberg et al.,
1963, 1965a). The genetic code is remarkably elegant, but discoveries like that of “introns”,
sequences in genes and mRNA that are not translated into protein sequences, began to re-
veal the deeper complexity of the genome (Berget et al., 1977; Berk & Sharp, 1977; Chow
etal., 1977).



After the structure of DNA had been established, a major goal was to find ways to read
the information it encodes—to sequence DNA. In 1955, Arthur Kornberg discovered DNA
polymerase, an enzyme that replicates DNA. DNA polymerase has since been used for
all kinds of recombinant DNA techniques and DNA sequencing (Kornberg, 1974). From
the late 1960s, restriction enzymes were first used to cut DNA in specific places (Mesel-
son & Yuan, 1968; Smith & Wilcox, 1970; Linn & Arber, 1968; Arber & Linn, 1969; Smith &
Nathans, 1973; Danna & Nathans, 1971; Danna et al., 1973), which paved the way for Paul
Berg to use restriction enzymes to create the first piece of recombinant DNA in 1972 (Jack-
son et al., 1972; Cohen et al., 1973). The following year, the first animal gene was cloned.
Researchers fused a segment of DNA containing a gene from the African clawed frog Xeno-
pus with DNA from the bacterium E. coli and placed the resulting DNA back into an E. coli
cell, where the frog DNA was copied and a specific frog protein was produced from the
gene it contained (Morrow et al., 1974). In 1977, Frederick Sanger, Allan Maxam and Walter
Gilbert developed methods to sequence DNA (Sanger & Coulson, 1975; Sanger et al., 1977;
Maxam & Gilbert, 1977), work that has profoundly shaped the trajectory of genetics and
genomics to this day.

In the early 1980s, the first transgenic mice and fruit flies were produced (Gordon &
Ruddle, 1981; Hogan & Williams, 1981; Costantini & Lacy, 1981; Rubin & Spradling, 1982).
The GenBank databases were formed, receiving and sharing DNA sequence data (Benson
et al., 2005), a precursor to the vast public databases of genomic data available today. Kary
Mullis invented PCR (polymerase chain reaction) in 1983 as a method for amplifying DNA
in vitro (Saiki et al., 1988), which has played a crucial role in sequencing ever since.

Marking the start of human disease genetics, Archibald Garrod observed the orderly
inheritance of disease in 1902. He noted that the disease aklaptonuria is inherited accord-
ing to Mendelian rules, and involves a rare recessive mutation (Garrod, 1902). The gene
responsible for alkaptonuria was eventually mapped ninety years later (Pollak et al., 1993).
A major disease-related breakthrough came in 1956, when sickle-cell anaemia was traced
to a specific chemical alteration in a haemoglobin protein (Ingram, 1956). Chromosome
abnormalities were first linked to disease in 1959, with publications on Down’s syndrome
(Lejeune et al., 1959), Turner’s syndrome (Ford et al., 1959), and intersexuality (Jacobs &
Strong, 1959). Two years later, Robert Guthrie developed the first screen for detecting a
metabolic defect in newborns (Guthrie, 1961).

In 1982, Genentech released to market the first drug based on recombinant DNA, hu-
man insulin, which replaced animal insulin for treating diabetes. The following year, the
tirst disease gene was mapped. Ultilising DNA polymorphisms, researchers linked a ge-
netic marker on chromosome 4 to Huntington disease, making Huntington disease the
first disease to be genetically mapped (Gusella et al., 1983). In 1986 a gene for chronic

granulomatous disease was the first human disease gene identified by positional cloning



(Royer-Pokora et al., 1986). The first comprehensive genetic map of human chromosomes
was produced in 1987, based on 400 restriction fragment length polymorphisms (RFLPs),
which are variations in DNA sequence that can be observed by digesting DNA with re-
striction enzymes (Donis-Keller et al., 1987). Genetic maps have been used for finding
disease genes, utilising genetic markers such as microsatellites (Weber & May, 1989) and
sequence-tagged sites (Olson et al., 1989). The identification of markers in genomic DNA
was to prove crucial both for sequencing the human genome and finding associations be-
tween regions of the genome and diseases.

In 1990, the Human Genome Project (HGP) (Olson, 1993) was launched and the era of

genomics began.

1.3 The genomic revolution

Dating back to the start of the HGP, the genomic revolution has transformed biomedical
science. Remarkable developments in high-throughput technologies have continuously,
and drastically, increased capabilities for genetics research and are gradually being trans-
lated into improvements in disease prevention and clinical care. The genomics era can
be split into two roughly equal time periods: the time before the completion of the HGP
in 2003 and the time since. In this section I will describe the path to completion of the
HGP, and in the next section I will discuss the “contemporary” approaches in genomics—
essentially methods developed after (and to a large extent, out of) the HGP—that are rele-
vant to current research practices.

A major waypoint on the route to determining the sequence of all 3.2 billion bases of
the human genome was to complete a physical map of the whole human genome with a
marker every 100,000 base pairs. Steadily improving physical maps were produced first
with microsatellites (Weissenbach et al., 1992; Murray et al., 1994) and later with sequence-
tagged sites (Hudson et al., 1995), aided by the development of bacterial artificial chromo-
somes (BACs) for cloning longer human DNA sequences (Shizuya et al., 1992). To com-
plement the physical map of the genome, researchers began to characterise genes using
expressed-sequence tags (ESTs), stretches of DNA sequence made by copying a portion of
an mRNA molecule. Thus, ESTs replicate sequences from genes. First proposed as a useful
way to find genes in the genome in 1991 (Adams et al., 1991), a set of 260,000 ESTs was
published in 1996 (Hillier et al., 1996), and two years later a human gene map was released
that contained 30,000 human genes (Deloukas et al., 1998). At the time, this was thought
to represent about one third of all human genes. In actual fact, there may be fewer than
20,000 human protein-coding genes if current estimates are correct (Ezkurdia et al., 2014).

Whole-genome sequencing had its first successes with much simpler organisms than

humans. The very first complete sequence of the genome of a free-living organism was



published in 1995 when researchers sequenced the genome of the bacterium Haemophilus
influenzae (Fleischmann et al., 1995), which causes respiratory and other infections, as well
as flu. Sequencing its 1,803,137 base-pair genome (a little over 5% of the size of the hu-
man genome) aided development of efficient methods for sequencing. Sequencing of the
smallest known genome, that of the bacterium Mycoplasma genitalium, was completed a few
months later (Fraser et al., 1995). The complete genome sequence of the Saccharomyces cere-
visiae (yeast used for brewing and baking) was obtained the following year (Mewes et al.,
1997). This was the first eukaryotic organism to be completely sequenced and the first ar-
chaea genome was sequenced in 1996 (Bult et al., 1996), confirming the existence of a third
branch of life on Earth. In 1998 the first complete genome sequence was obtained for a
multicellular organism, the nematode worm Caenorhabditis elegans (C. elegans Sequencing
Consortium, 1998), paving the way for full-scale human genome sequencing.

In May 1998, the private company Celera Genomics announced its plan to sequence the
human genome within three years (Venter et al., 1998). Celera positioned itself as a direct
competitor to the international HGP effort, with a novel “shotgun sequencing” method, in
which the entire genome is fragmented and random segments are sequenced and then put
in order. This strategy contrasted with the HGP’s approach of building detailed maps be-
fore sequening defined regions. Driven by the intense competition between the public and
private sequencing efforts, the HGP completed the first “finished”, full-length sequence of
a human chromosome (the relatively small chromosome 22) in December 1999 (Dunham
etal., 1999).

The first draft of the whole human genome sequence was released, to great fanfare,
in 2001. The HGP international consortium published its first draft and initial analysis
of the human genome sequence (Lander et al., 2001) at the same time as J. Craig Ven-
ter and colleagues at Celera Genomics published another version of the human genome
sequence (Venter et al., 2001). The draft sequence covered more than 90 percent of the
human genome and was immediately and freely released into the public domain, a phi-
losophy in the field that has underpinned much of the extraordinary growth in genomics
since. In 2003, a “finished” version of the human genome was released, covering 99 percent
of the genome with an accuracy of 99.99 percent, completing the HGP two years ahead of
schedule and under budget (International Human Genome Sequencing Consortium, 2004).
Immediately on the heels of the completion of the HGP, the Encyclopedia of DNA Ele-
ments (ENCODE) project began (ENCODE Project Consortium et al., 2012), one of many
efforts around the globe involved in the ongoing endeavour to understand function in the
genome.

A goal of the HGP had been to develop DNA sequencing technology and encourage
commercial investment in genomics. What followed must surely be beyond the wildest

hopes of members of the HGP. New technologies rapidly appeared that decreased the



cost of sequencing DNA by approximately four orders of magnitude in about seven years
(National Human Genome Research Institute, 2015). In 2015, population-scale sequencing
technologies have broken the almost-mystical barrier of the “$1,000 genome”. It is now
possible to obtain a high-quality, individual human genome sequence for less than the cost
of many routine medical tests.

The staggering reduction in DNA sequencing costs along with rapid development of
many different types of genomic assay have driven massive increases in data volume in
biomedicine. Traditionally, biology and genetics had been “small data” enterprises, where
data analysis could feasibly be done by researchers without particular statistical expertise
and computing and data storage needs were negligible. Today, genomics is truly a “big
data” field. As such, statistics and computing are vital cogs in the wheel of genomics. Re-
search into specialised computational and statistical methods for genomics is a substantial
field in its own right, and old divides between data analysis and biology are diminishing,
accelerated by increasing the interdisciplinarity of individual researchers and collabora-
tions.

The “open data” philosophy from the HGP, permeating both publicly and privately
generated data, must not be underestimated as a force driving the genomic revolution. In-
credible value for public and private research efforts has been gained from access to a pub-
lic human reference genome, and reference genomes for the major model organisms, and
many non-model organisms. A virtuous cycle has arisen, with a culture in the genomics
field of depositing experimental data in public databases that make the data, often pro-
cessed or otherwise organised to increase its utility, available for use by other researchers.
As discussed below, the field now has a range of powerful tools to continue research into
understanding the relationships between genomic variation and disease, and understand-

ing function in the genome.

1.3.1 Studying genomic variation in health and disease

Genomic methods can be used for numerous distinct, but connected, areas in biomedical

research:

¢ population genetics, quantitative genetics and evolution;
* disease genetics/genomics, discovering associations between genomic variation and
disease states; and

¢ elucidating the path from genotype to phenotype, studying function in the genome.

These three broad areas are developing simultaneously, in concert, as advances in any one

area assists progress in the other areas.



We are living in a “golden age of human population genetics” with unprecedented op-
portunities to reconstruct the entire genealogical and mutational history of humans (Prze-
worski, 2011). The affordability of DNA sequencing has made it possible to sequence the
genomes of many individuals from distinct populations across the globe. Comparing se-
quences allows inferences to be made about population history and past demographic
events (for example Schiffels & Durbin, 2014; Hellenthal et al., 2014; Haak et al., 2015; Bryc
et al., 2015). Recent sequencing of ancient DNA has revealed the fascinating history of hu-
mans interbreeding with Neanderthals (Fu et al., 2015; Sankararaman et al., 2014; Priifer
et al.,, 2014).

Population genetics is interconnected with quantitative genetics, which focuses on the
inheritance of traits, both continuous (like milk yield of dairy cattle) and binary (like pea-
flower colour or disease status). A great deal of progress in quantitative genetics has
come out of agricultural and livestock genetics, where, for example, selective breeding
programmes have developed much of the theory and methods around the study of heri-
tability of traits and trait prediction from genotypes (discussed in detail in Chapter 3).

Population and quantitative genetics, underpinned by evolutionary concepts, are vi-
tal foundations for disease genetics. Evolutionary and genetic forces have shaped every
region of the genome, to a greater or lesser extent, so population genetics can help to an-
swer questions like why disease mutations are present in human populations and what the
sequence of demographic events was that led to the colonisation of the globe by modern
humans (Przeworski, 2011). Understanding the evolutionary and genetic forces at work,
therefore, greatly informs disease-focused studies, which can easily be confounded by pop-
ulation structure effects. Similarly, characterising natural variation in human populations
is very important for building the tools for assaying genomic variation for disease stud-
ies and also for interpreting results of disease studies. For example, the first International
HapMap project (International HapMap Consortium, 2005) catalogued single nucleotide
polymorphisms in the population and quantified correlation between genetic variants,
which enabled genome-wide association studies (GWAS) as a relatively small number of
“tag” single nucleotide polymorphisms (SNPs) can provide most of the information on the
pattern of genetic variation in a given region. The International HapMap 3 project inte-
grated common and rare genetic variation in diverse human populations (International
HapMap 3 Consortium et al., 2010), further expanding the range of GWAS in terms of the
allele frequencies of variants that could be assayed and the variety of human populations
that could be studied.

Large-scale whole-genome sequencing (for example the 1000 Genomes Project: 1000
Genomes Project Consortium et al., 2012) characterising rare variation (minor allele fre-

quency (MAF) less than 0.5%) is increasing our ability to probe the effects of rare variation
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on common disease genetics. Debate continues about the extent of the role that rare vari-
ation may play in common disease (Witte et al., 2014), as the genome-wide genotyping
arrays that have been used for GWAS to this point are unable to assay rare variation. Thus,
large cohort studies for common disease have been limited to exploring the effects of com-
mon (MAF greater than 5%) and low-frequency (MAF between 0.5% and 5%) variation.
The Genetics of Type 2 Diabetes Project (discussed in Chapters 3 & 4), the first whole-
genome sequencing study for complex, commmon disease, and similar projects such as
the UK10K (http://www.uk10k.org/), along with large-scale cancer projects (see Weinstein
et al., 2013, for example), are drastically increasing efforts to understand the role of rare
variation in complex disease, which has proven so important for solving rare, Mendelian
diseases.

The first genetic marker linked to disease was only discovered in 1983, when a marker
on chromosome 4 was linked to Huntington disease using DNA plymorphisms (Gusella
et al., 1983). Available technologies had limited the identification of causal, or markers for
causal, variants. In the 1980s, however, family-based linkage and candidate gene assoca-
tion studies became mainstream techniques (see Lander & Schork, 1994, for an overview).
Since then, discovery of causal genes for disease has followed three main waves (Mc-
Carthy, 2010):

1. Family-based linkage analyses;

2. Tests of association for candidate genes; and

3. Systematic large-scale surveys of association between common DNA variants and
disease (following the advent of the GWAS).

We now appear to be cresting a fourth wave in which relatively inexpensive whole-genome
and whole-exome sequencing enables association studies on the full catalogue of genetic
variation (or of coding variation in the case of whole-exome sequencing), extending asso-
ciation studies to now include low-frequency, rare and structural variation.

Genetic linkage, first conceived by Alfred Surtevant and Thomas Hunt Morgan, has
had a very important role in disease genetics. For Mendelian (typically rare) diseases,
family-based linkage studies have been very successful for mapping disease genes (Jimenez-
Sanchez et al., 2001). As technologies have steadily improved, the resolution for link-
age studies has increased, along with abilities to fine-map disease-associated loci to iden-
tify causal variants. Literally thousands of genetic variants have been associated with
Mendelian diseases using linkage methods, as recorded in the “Online Mendelian Inheri-
tance in Man” database (McKusick-Nathans Institute of Genetic Medicine, 2015). Surpris-
ingly, given the success of linkage studies, genomics has revolutionised human Mendelian
genetics, making it much easier to “solve” the genetic cause of rare diseases (Gibbs, 2011;

Boycott et al., 2013). Affordable whole-genome and whole-exome sequencing, particularly
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using trio (sequencing both parents and an affected proband) or other family-based exper-
imental designs, have proven to be powerful tools for Mendelian disease gene discovery
and for diagnosing previously undiagnosed rare genetic disorders (Bamshad et al., 2011;
Jacob et al., 2013; Taylor et al., 2015).

It is now clear that the characteristics of linkage studies mean that they are not well
suited to finding genetic variants associated with common, complex diseases (Hirschhorn
& Daly, 2005; McCarthy, 2010). The major issues affecting the efficacy of linkage studies are
“incomplete penetrance” and “locus heterogeneity”. For linkage analysis to succeed, mark-
ers that flank disease genes must segregate with the disease in families (that is, affected
individuals must possess the disease alleles and unaffected individuals the non-disease al-
leles.) This brings us to the concept of “penetrance”: the proportion of individuals with
a specific genotype who manifest the genotype at the phenotype level. For example, if all
individuals with a specific disease genotype show the disease phenotype, then the disease
is said to be “completely penetrant”. Thus, a disease is said to be “incompletely penetrant”
if not all individuals with the disease genotype manifest the disease phenotype. Linkage
analysis is much less powerful for detecting common alleles that have low penetrance,
which (we now know) is typical for common, complex diseases such as type 2 diabetes.
Locus heterogeneity, the situation in which a single disorder or trait is caused by variation
in genes at different chromosomal loci, is also challenging for linkage analysis. When locus
heterogeneity is present, clinical use of linkage analysis can be problematic because it is of-
ten not possible to determine the locus at which mutations are occurring in a given family.
A further challenge for pedigree-based analyses lies in mapping de novo causal mutations,
as they cannot be analysed with traditional linkage methods (Hu et al., 2014), a task with
which association testing using whole-genome or whole-exome sequencing can assist.

An alternative approach to linkage studies, with many advantages over linkage analy-
sis but also its own disadvantages, is to test for association between genetic variants and
disease status in unrelated individuals with and without a given disease (Risch & Merikan-
gas, 1996). These tests of association are intrinsically more powerful than linkage studies,
but signals of association are limited to variants that are directly assayed, or tagged by
(correlated with) variants assayed (McCarthy, 2010). Depending on the technology used,
assayed and tagged variants could include just a single locus or a substantial fraction of the
genome. Prior to the cheap chip-based genotyping that enabled GWAS, researchers were
limited to testing association for specific candidate variants or genes of interest, based on
prior knowledge from biological and pharmacological studies of protein function, animal
models, monogenic or syndromic forms of the disease and positional information from
linkage studies.

By the end of the HGP, candidate-gene association studies had identified some genes
that contribute to susceptibility to common disease (Cardon & Bell, 2001; Tabor et al., 2002).
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However, candidate-gene studies rely on having predicted the identity of the correct gene
or genes, usually on the basis of biological hypotheses or the location of the candidate
within a previously determined region of linkage. Even if these hypotheses are broad (for
example, involving the testing of all genes in the glycolysis pathway), they will, at best,
identify only a fraction of genetic risk factors, even for diseases in which the pathophysiol-
ogy is relatively well understood. When the fundamental physiological defects of a disease
are unknown, the candidate-gene approach will clearly be inadequate to fully explain the
genetic basis of the disease (Hirschhorn & Daly, 2005). On the whole, candidate-based
tests of association were not very successful for complex disease. They were hampered by
lack of power (driven both by small sample size and lower than expected effect sizes) and
confounding, or focused on inappropriate candidates (Hattersley & McCarthy, 2005). A
meta-analysis revealed that much fewer than half of the reported candidate genetic asso-
ciations were correct (Lohmueller et al., 2003). It is now clear that we were generally not
very good at choosing candidate genes. A new approach was needed and genome-wide
association studies arrived, subsequently uncovering many completely unexpected genes
associated with disease.

In a review of association study designs in 2001, Cardon & Bell had predicted that the
discovery of large numbers of genetic markers coupled with the development of better
tools for genotyping would lead to the inevitable proliferation of GWAS. The approach
for GWAS is the inverse of that in candidate gene studies. Instead of starting with a gene
of interest, GWAS begin with a large sample of individuals with and without a disease
of interest (or, alternatively, varying in a quantitative trait like height), and in a relatively
unbiased fashion look across the entire genome to find regions associated with the trait
(e.g. higher or lower risk of disease; increased or decreased height).

The events of the last fifteen years have profoundly vindicated that prediction (Fig-
ure 1.2). In 2007, GWAS came of age in a major way, profoundly changing the direction
and focus of genetics research (WTCCC, 2007; Sladek et al., 2007; Diabetes Genetics Initia-
tive, 2007; Scott et al., 2007; Steinthorsdottir et al., 2007; Zeggini et al., 2007). Since then,
GWAS has become a standard approach for studying the genetics of complex diseases.
With genotype data from SNP microarrays, GWAS have been successful in identifying
over 9,000 genome-wide associations with over 1,300 traits (Burdett et al., 2015; Welter
et al., 2014b). Now, instead of working on model organisms and trying, generally unsuc-
cessfully, to leverage discoveries into insight on specific genetic associations with human
disease, the focus has turned to uncovering the mechanisms underlying the robust genetic
associations found directly in humans. In the vast majority of cases, the causal mechanisms
for GWAS associations are currently not known, with the search for function taking us to

the limits of our abilities to understand and interpret the genome.
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Figure 1.2: Diagram of the catalogue of loci robustly associated with diseases and traits using genome-wide
association studies. The diagram shows the human chromosomes 1-22 (the “autosomes”) and chro-
mosomes X and Y (the sex chromosomes) as banded rectangles. Overlaid on the chromosomes are
coloured dots representing loci associated with diseases and traits through GWAS, with lines indi-
cating roughly where they are located on the various chromosomes. The different colours represent
different categories of disease or trait (though distinguishing between them is not a focus here),
such as metabolic disease, immune system disease, cancer and so on. Almost all of these thousands
of associations have been discovered since 2006. The catalogue is manually curated from the pub-
lished literature by the National Human Genome Research Institute (NHGRI) and the European
Bioinformatics Institute (EBI) with strict quality control. It contains several thousand associations
for over one thousand diseases and traits (Welter et al., 2014a). This figure is reproduced with
permission from the NHGRI-EBI GWAS catalogue website (www.ebi.ac.uk/gwas/).

The ten thousand-fold decrease in sequencing costs in the last decade now means that
association studies covering (very nearly) the full catalogue of genomic variation are pos-
sible. Progress is being made on understanding the genomics of common disease, and
genomic methods have been very successful for finding underlying genetic causes of rare,
Mendelian diseases. Ending the expensive and emotionally fraught “diagnostic odyssey”
for patients and their families is justification enough for widespread use of genomics in the
clinic, but the next step is to turn diagnoses into successful treatments. In the current era,
we can practise “genomic epidemiology”, using the multitudinous genomic assays avail-
able to better understand human population health and disease. A major challenge, and
aim, for the next phase of the genomics era is to improve our understanding of function in
the genome so that we can make sense of disease associations and gain insight into how

diseases can be better prevented and treated.

14


www.ebi.ac.uk/gwas/

1.3.2 Understanding function in the genome

Understanding function in the genome is fundamental for basic science and disease ge-
nomics. The overarching goal of genetic association studies has been, and remains, the
discovery of relationships between genomic and disease variation that can be used to un-
derstand disease aetiologies and potential treatments. Studying variation in DNA is a
powerful approach for advancing genetics and disease research, but there is much more
to genomic variation than variation in the sequence of genes and other genomic elements
encoded in DNA. To make the most of discovered associations, the function of disease-
associated genomic variation must be understood. There are now several genomic sub-
fields that can be integrated with genomic DNA variation to better understand function in
the genome. Variation in gene expression (transcriptomic variation), protein expression,
the epigenome, and the metabolome can be assayed across time, tissues and biological
conditions using high-throughput, genome-scale technologies (Table 1.1).

Following Crick’s “central dogma” of molecular biology (Crick, 1970), we often study
RNA levels as a proxy for gene and protein expression. This approach was proved success-
ful over 15 years ago with the advent and wide adoption of gene expression microarrays,
arguably the first genome-wide “genomic” assay. In the last 8 years or so we have seen mi-
croarrays largely superseded by RNA-sequencing (RNA-seq). RNA-seq takes advantage
of our ability to reverse-transcribe RNA into complementary DNA (cDNA), which we can
sequence on the usual high-throughput DNA sequencing platforms. As sequencing cost
has decreased, RNA-seq has become cheaper and more accessible, and risen in popularity
due to its reduced bias and increased flexibility in comparison to microarrays. RNA-seq
has much higher dynamic range (can measure a wider range of expression values) and is
not reliant on pre-defined “probes” in order to measure a gene’s expression, and so is less
dependent on prior knowledge of transcript isoforms and known genes. Assaying gene
expression genome- or transcriptome-wide enables deeper understanding of functional ef-
fects of changes to DNA or the expression of other genes or regulatory mechanisms. With
microarrays and then bulk-tissue RNA-sequencing it became cost-effective to study the
whole transcriptome in hundreds of samples.

To understand the regulation of gene expression, it is necessary to study the epigenet-
ics, the layer of modifiable chemical markers added to DNA and associated molecules
such as histones that act as signals for genomic regulation. Thus, epigenomics covers
DNA methylation, histone modifications, transcription factor binding, chromatin acessi-
bility, and more. Unlike DNA, which under normal circumstances is identical in all cells
in an organism, epigenetic marks can vary greatly across time (e.g. development), tissue

and environment (Zhu et al., 2013, among many others). Thus, there is great interest in
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conducting epigenomic assays across many individuals, tissues, timepoints and other con-
ditions, and large consortia projects like ENCODE and the Roadmap Epigenomics Project
(Roadmap Epigenomics Consortium et al., 2015) are building database resources with rich
epigenomic resources available for use by other researchers.

Quantitative RNA expression assays, such as those described above, are typically used
as a proxy for protein expression. In many settings, it is of greater interest to know the
quantities of different types of proteins under different conditions or times, than of the
mRNA per se. However, proteomic assays have traditionally been noisy and lacked cover-
age across the whole proteome. Nevertheless, recent developments with mass spectrome-
try are enabling high-throughput, multi-dimensional proteomic assays. Current technolo-
gies enable the measurement of multiple properties for thousands of proteins (see Larance
& Lamond, 2015, for an overview of the field). Supported by complementary data analysis,
integration and visualisation tools, mass spectrometry-based proteomics can assay protein
abundance, isoform expression, turnover rate, sub-cellular localisation, post-translational
modification and interactions, adding valuable information about cell biology to layer onto
other types of “omics” data.

Beyond transcriptomics, epigenomics and proteomics there is a large set of other omics
approaches with varying degrees of maturity and utility, from established sub-fields like
metabolomics (studying small molecules involved in the metabolism; see Zamboni et al.,
2015) to currently less widely adopted approaches. As further technologies develop we
can expect to see more omics approaches to add to the genomics toolbox for biomedical
research.

The many different omics technologies for exploring genomic function are feeding
back into directly understanding the function of DNA-sequence variation. Large consor-
tium projects, for example ENCODE (ENCODE Project Consortium et al., 2012), FANTOM
(Ravasi et al., 2010; Andersson et al., 2014; Arner et al., 2015), GTEx (GTEx Consortium,
2013) and Geuvadis (Lappalainen et al., 2013), have generated very large datasets of func-
tional information that are now added to bioinformatic databases. Adding to genome an-
notations in this way provides ever-improving possibilities for interpreting discovered ge-
netic associations in terms of likely function. Despite becoming something of a buzzword,
however, genomic data integration remains challenging in practice in spite of the large

potential it has to add value to present and future research.

1.3.3 Single-cell genomics: from inter-individual variation to intra-individual
variation:

Bulk-tissue analyses have revealed much about the effects of functional genomic variation
(for example Lappalainen et al., 2013), and how genomic DNA, epigenomic marks, gene

expression and protein expression vary between individuals. Major questions, however,
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Field Assay

Traditional genomics
Genomic DNA SNP-chips
whole-exome sequencing
whole-genome sequencing
Transcriptomics

gene/transcript/exon expression expression microarrays
RNA-sequencing (RNA-seq)

Epigenomics

methylation DNA methylation arrays
bisulfite chip and sequencing (BS-seq)
methyl-CpG binding domain (MBD) protein-
enriched genome sequencing (MBD-seq)
methylated DNA immunoprecipitation (MeDIP)
chip and sequencing (MeDIP-seq)

histone modifications, transcrip- chromatin immuno-precipitation sequencing

tion factor binding sites, open (ChIP-seq)

chromatin/nucleosomes
DNAse 1 hypersensitivity with sequencing
(DNAse-seq)
assay for transposase-accessible chromatin with
sequencing (ATAC-seq)
micrococcal nuclease (MNase) sequencing
(MNase-seq)

Proteomics

multiple properties of proteins mass spectrometry

Table 1.1: Major sub-fields of genomics and some of the major assays used to investigate the
genome and its function.

remain about the role of genomic variation within individuals. Heterogeneity of genomic
variation (broadly conceived) and its effects between individual cells within an individual
could be important for developing better understanding of complex traits and diseases,
and causal variation with heterogeneous effects across different people. With recent devel-
opments in cell handling and genomics technologies, researchers can now apply many of
the most common genomics approaches at the level of individual cells. Genomics methods
are now available at unprecedented resolution to study single-cell dynamics and genomic
heterogeneity across biological systems, treatment conditions or throughout processes like
cell differentiation.

Single-cell genomics (encompassing DNA-sequencing, RNA-sequencing, epigenomic
and proteomic assays at the individual-cell level) offers new perspectives on cell biology
and will revolutionise whole-organism science (Shapiro et al., 2013). They have already

illuminated dynamic localised hormonal control of cellular variation (Shalek et al., 2014)
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and have been used to study the dynamics of genomic clones in breast cancer (Eirew et al.,
2015). Eventually, single-cell RNA, DNA and bisulfite sequencing, sequencing of accessi-
ble chromatin, mass spectrometry and proteomic technologies will help us understand the
extent, basis and function of intercellular variation in genomic DNA, gene expression and
regulation and protein expression. However, these are early days for single-cell genomics
technologies, and as a field we are still coming to terms with the inherent biases and fail-
ure modes of the experimental protocols and the data produced. Much further work is
required, but in the near future we should be able to explore the relationships between
inter-individual genomic variation and intra-individual genomic variation and thus come
to a more detailed and comprehensive understanding of genomic function to continue the

extraordinary arc of progress in biomedicine driven by the genomic revolution.

1.4 Looking ahead

As discussed above, the major outcomes of the genomics revolution include:

¢ the development of large-scale biological databases (such as the human genome se-

quence);

* powerful methods for characterising patients (such as proteomics, transcriptomics,

genomics, diverse cellular assays, and even mobile health technology);
e statistical and computational tools for analyzing large sets of data.

The extraordinary outcomes of the genomics revolution are allowing us to study genomic
(in the broadest sense) variation both between and within individuals. The field now has
many genomic assays available for studying variation within and between individuals.

A potential opportunity for genomics research in the twenty-first century is to use
genomic technology and discoveries to deliver precise, individually-tailored approaches
to improve disease prevention and treatment. One possible direction for this is so-called
“precision medicine”, which like many promising avenues in science has been hyped too
much too soon. At risk of becoming just another buzzword, precision medicine is never-
theless a strategic priority for the United States government and many major biomedical
research institutions and funding bodies (Collins & Varmus, 2015). Truly population-scale
sequencing is now on the doorstep, with endeavours like the 100,000 Genomes Project
(http://www.genomicsengland.co.uk/) in the UK’s National Health Service aiming to
bring genomics into the clinic and linked to electronic health records in the context of
real-world healthcare systems. Currently, the emphasis for precision medicine is on rare

diseases and cancer, but complex diseases will surely follow soon.
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Cystic fibrosis provides an example of the hopes for precision medicine. The story of
the cystic fibrosis gene, CFTR, traces a fascinating arc (Tsui & Dorfman, 2013). Cystic fibro-
sis was identified as a recessive disorder in the 1950s and linkage analysis and positional
cloning were used to locate the gene on chromosome 7 in the 1980s. Confirmation of nu-
merous disease-causing mutations was achieved in the 1990s and recently the cystic fibro-
sis treatment “kalydeco”, which specifically targets the effects of certain CFTR mutations,
has been made available (Vertex Pharmaceuticals Incorporated, 2015). Instead of facing an
inevitable early death, patients with one of nine particular CFTR mutations may be able to
treat the symptoms of cystic fibrosis with daily tablets and, it is hoped, live longer, fuller
lives.

Aside from some very promising case studies in precision medicine, all of the research
in genomics to this point confirms that the human genome is incredibly complex and entan-
gled. Delivering precision medicine to all people is thus a huge challenge. Understanding
the genome and its function, through better characterisation of genomic variation and its
many roles in human health and disease, will be vital to the success of precision medicine.
This thesis addresses some small, specific questions in the context of this large, interna-

tional endeavour.

1.5 Outline

In this thesis I discuss three distinct facets of studying the structure and function of ge-
nomic variation.

Chapter 2 discusses the problem of variant annotation, a vital step in the analysis of
whole-genome and whole-exome sequence data. I compare variant annotations for 80 mil-
lion variants from a clinically-focused whole-genome sequencing study, obtaining annota-
tions with two different sets of transcripts and two different software tools. I found that
choice of transcripts and choice of software both have a large effect on variant annota-
tion. The extent of discrepancy in annotations has implications for all research that relies
on variant annotation, especially as we try to use whole-genome sequencing in the clinic.
The work described in Chapter 2 was published in McCarthy et al. (2014). In addition, the
analysis in that chapter guided variant annotation approaches used for the WGS500 Project
(Taylor et al., 2015).

In Chapters 3 & 4, I discuss the use of whole-genome sequence data to investigate the
genomic architecture of type 2 diabetes. Chapter 3 presents the estimation of heritability for
susceptibility to type 2 diabetes using whole-genome sequence data. Chapter 4 describes
partitioning variance in liability for type 2 diabetes to assess the relative contributions of
different classes of genomic variation to variability in susceptibility to type 2 diabetes. I

use linear mixed model methods to analyse genomic variation in 2,657 individuals with
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and without type 2 diabetes. This dataset from the Genetics of Type 2 Diabetes (GoT2D)
project was, at the time of writing, one of the largest samples for whole-genome sequencing
for a complex disease. It provides a novel opportunity to apply methods developed for
chip genotype data to a very dense set of variants from whole-genome sequence data. I
estimate the narrow-sense heritability of type 2 diabetes using these data and characterise
the relative contributions to the heritability of type 2 diabetes from variants of different
allele frequency classes. I also analyse the contributions to susceptibility to type 2 diabetes
from variants in different functional classes, finding enrichment for variants in enhancer
regions in pancreatic islet cells. Throughout, I assess and comment on the performance
of the models used. The GoT2D project has recently submitted two papers, one focusing
on the analysis of whole-exome data (Teslovich et al., 2015) and one focusing on whole-
genome data (Flannick et al., 2015). Some of the work described in Chapters 3 & 4 appears
in the GoT2D Genomes paper (Flannick et al., 2015).

Chapter 5 presents software and methods for the pre-processing, quality control and
normalisation of single-cell RNA-seq data. Single-cell RN A-seq is rapidly gaining traction
as a tool for investigating transcriptomic profiles and variation in individual cells. As a
relatively new technology, however, there is much yet to be understood about experimental
protocols, biases, failure modes, and how analysis could be affected by artifacts. Many
statistical methods for analysis have already been proposed, but all assume a clean, tidy
dataset ready to analyse. The reality is that raw single-cell RNA-seq data requires a large
amount of processing to prepare it for analysis. I have developed an R software package
to fill the niche between raw single-cell RNA-seq data and downstream analysis methods,
focusing on streamlining the pre-processing and quality control procedure while enabling
flexible ways to visualise the data.

Across the three distinct projects runs the theme of understanding the function of ge-
nomic variation as it relates to human health and, in particular, complex human disease.
This thesis is my own work, but it was conducted in collaboration with several other indi-

viduals as described in the individual chapters.
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Chapter 2

Choice of transcripts and software has
a large effect on variant annotation

2.1 Background and introduction

The advent of accessible and relatively inexpensive high-throughput sequencing technol-
ogy has resulted in extensive sequencing of whole human genomes or exomes in a research
setting and seems likely to lead to an explosion of genomic sequencing in a clinical context.
While there remain challenges in unambiguously determining an individual’s genome or
exome sequence (Green et al., 2011; Schrijver et al., 2012), the focus here is on the down-
stream interpretation of that sequence. Let us take as a starting point a specified list of
positions, assumed to be correct, at which the nucleotides in the individual’s sequence dif-
fer from the human reference sequence. I will restrict the scope here to single nucleotide
variants and short indels. A crucial step in linking sequence variants with changes in phe-
notype is variant annotation. This chapter describes a comparison of variant annotation
methods. The material presented here expands on results in McCarthy et al. (2014). I car-
ried out this analysis and wrote the paper, but benefited greatly from conversations with
Peter Humburg, Alexander Kanapin, Kyle Gaulton, Manny Rivas and Jean-Baptiste Cazier.

Variant annotation is the process of assigning functional information to DNA variants.
There are many different types of information that could be associated with variants, from
measures of sequence conservation (Cooper et al., 2005) to predictions about the effect
of a variant on protein structure and function (Kumar et al., 2009; Adzhubei et al., 2010;
Schwarz et al., 2010). Here I focus on the most fundamental level of variant annotation,
which is categorising each variant based on its relationship to coding sequences in the
genome and how it may change the coding sequence and affect the gene product.

The coding sequences of the genome are, broadly speaking, the genes: “gene” has come
to refer principally to a genomic region producing (through transcription) polyadenylated
mRNAs that encode a protein (Gingeras, 2007). I refer to these polyadenylated mRNAs

as “transcripts”, although the term transcript can refer to any RNAs produced from the
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transcription of genomic DNA sequence. Thus, there are non-coding transcripts that do not
encode a protein, but nevertheless can have a function, for example in regulation. When
considering transcripts in the context of genomic DNA sequence, a transcript is defined by
its exons, introns and untranslated regions (UTRs), and their locations (Figure 2.1). Many
separate transcripts may overlap any given position in the genome, and it is not uncommon
for genes to have many different transcripts (or “isoforms”), of which they can express

many simultaneously (Djebali et al., 2012).
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Figure 2.1: Transcript structure. A cartoon showing a simplified schematic of the structure of a
transcript in genomic DNA and how it is modified through transcription and splicing before being
translated into a protein. A single gene typically has multiple transcript isoforms that may yield
modified proteins.

Our understanding of the protein-coding sequences in the genome is summarised in
the set of transcripts believed to exist. In addition to protein-coding sequences, there
are also transcribed regions of the genome that are relevant for gene expression regula-
tion (non-coding transcripts). Thus, variant annotation depends on the set of transcripts
used as the basis for annotation. The widely-used annotation databases and browsers—
ENSEMBL (Flicek et al., 2012), REFSEQ (Pruitt et al., 2012) and UCSC (Fujita et al., 2011)—
contain sets of transcripts that can be used for variant annotation, as well as a wealth of
information of many other kinds as well, such as ENCODE (ENCODE Project Consortium,

2012) data about the function of non-coding regions of the genome. Current transcript sets
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for variant annotation usually consist solely of protein-coding and non-coding transcripts,
but in the future we may see the definition of a transcript set expanded to enable anno-
tation of regulatory variants. As we improve our understanding of enhancer, promoter
and transcription factor binding regions of the genome that affect the regulation of the ex-
pression of transcripts, we should see such annotations become part of the standard set of
annotation terms. For the time being, however, the focus remains firmly on transcribed
regions.

To annotate DNA variants we therefore require a set of transcripts that summarises
our understanding of the genome. In addition, we need a software tool to determine
the likely effect of each variant based on the transcripts (or other genomic features) that
overlap the variant’s position. One or more possible annotations for the variant can then
be reported. An individual’s genome will typically differ from the reference genome at
over three million positions (Levy et al., 2007). Annotation pipelines for whole-genome
and whole-exome sequencing studies thus need to process many millions of variants effi-
ciently. Both annotation algorithms and particular software implementations are designed
with this need for speed in mind, so software tools use shortcuts and heuristics where
possible to enable rapid annotation of variants. Differences in how tools apply heuristics
and algorithms—as well as deeper conceptual differences in how they approach variant
annotation—result in differences in annotations for the same variants. Substantial down-
stream processing of variant annotation output is usually required to prioritise variants for
follow-up investigation.

Let us start with a straightforward example of variant annotation, looking at the variant
NC_000011.9:g.57983194A>G. This variant is here written in Human Genome Variation So-
ciety (HGVS) nomenclature, a commonly-used syntax for representing sequence variation
in scientific literature, clinical reports and databases of variation. HGVS variant descrip-
tions are always made relative to a reference sequence: either genomic DNA, coding DNA,
mitochondrial, non-coding RNA, RNA or protein sequence. For this variant, the reference
sequence is NC_000011.9, which refers to homo sapiens chromosome 11, version 9 from

" 1

version 37 of the human reference genome (GRCh37). The “g” indicates that the refer-

£“_ 7 7”7
C

ence sequence is genomic DNA (we use for coding DNA, “m” for mitochondrial, “n
for non-coding RNA, “r” for RNA and “p” for protein sequence). The number 57983194
provides the position of the variant on this reference sequence (on chromosome 11), and
A>G indicates that there is a substitution at this position, with the reference allele A re-
placed by G. HGVS nomenclature provides a compact, human-readable way to represent
and communicate genomic variation.

Although the HGVS recommendations (Taschner & den Dunnen, 2011) are widely en-
dorsed by journals and professional societies, including the HGVS itself, using HGVS

nomenclature can be challenging. HGVS nomenclature was developed before the advent
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of high-throughput sequencing, and guidelines for the nomenclature continue to evolve.
This makes the nomenclature difficult to understand and to use for experts and non-experts
alike, even though tools have been developed to represent variants correctly with HGVS
nomenclature (Hart et al., 2015). Given these difficulties, variants are often represented
more simply in terms of genomic coordinates. When representing a variant in terms of ge-
nomic coordinates, a common format is Chromosome:Position_ReferenceAllele_ Alternate
Allele. Thus, one would write NC_000011.9:g.57983194A>G simply as 11:57983194_A_G.
Genomic coordinates refer to a specific “build” (version) of the reference genome, which is
not included in the variant description (as is the case for HGVS nomenclature). Therefore,
the genome build needs to be made clear when expressing variants in terms of genomic
coordinates. In this chapter, I use genomic coordinates as well as HGVS notation to repre-
sent variants. In all cases I use the GRCh37 build of the human reference genome (Genome
Reference Consortium, 2015).

Returning to the task of annotating the variant NC_000011.9:g.57983194A>G, we find
that only two transcripts in the ENSEMBL transcript set, a Consensus Coding Sequence
(CCDS) (Pruitt et al., 2009a) transcript and a merged ENSEMBL/HAVANA (GENCODE)
transcript (Searle et al., 2010; Harrow et al., 2012), overlap the variant. In this case, the
annotation of the transcript is the same regardless of which transcript is used (Figure 2.2a).
This variant is unambiguously a stop-loss variant, as the final codon is changed from TGA
(stop codon) to TGG (tryptophan) (Nirenberg et al., 1965b; Flicek et al., 2012). Both of the
software tools that I use for the present study correctly annotate this variant as “stop-loss”.
With the stop-codon “lost”, the cellular machinery will mistakenly continue to translate
the RNA sequence which will disrupt the amino acid sequence of the resulting protein,
meaning that the mRNA could be subject to nonstop-mediated decay (Frischmeyer et al.,
2002; van Hoof et al., 2002; Maquat, 2002), or otherwise disrupt the protein’s function.

Frequently, however, variant annotation is more complex. Typical pipelines are not
well-suited to handling a variant that could have one consequence for one transcript and
a different consequence for a different transcript. Even where a gene is relatively well
defined and does not overlap other genes, there may be many transcripts (isoforms of the
gene) to choose from, often supported by varying levels of evidence for their existence
and structure. It is common for a gene to have multiple transcripts overlapping a given
position in the genome, so given a set of transcripts a software tool has to choose which
one to use. If it provides an annotation for the variant for each transcript, then the question
becomes what annotation to report. If the software reports all possible annotations from
all possible transcripts then the user must decide how to prioritise different, competing
annotations, or how to integrate them into downstream analysis. This issue is further

exacerbated in the uncommon case of a single variant affecting multiple genes (each of
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(b) More complex annotation example

Figure 2.2: Annotation Examples. These screenshots from the ENSEMBL web browser (Flicek
et al., 2013) shows a straightforward example (top) and a more complex example of annotation
(bottom). A browser image consists of several “tracks”, each of which provides certain informa-
tion about the DNA sequence at each base position. Two tracks, labeled “Sequence (+)” and “Se-
quence (-)”, show the DNA sequence on the forward and reverse strands, respectively. Above
these, there is a track that shows start and stop codons, and above that, there are several tracks
indicating the presence and structure of different transcripts (labeled on the left as “Genes” and
“CCDS set”; transcripts are read, in both examples here, from left to right). The “hollowed-out”
parts of transcripts indicate that the sequence is non-coding at those positions. Below the DNA se-
quence, a track labeled “Sequence variant” shows known sequence variants from dbSNP, the NCBI
database of genetic variation (Sherry et al., 2001) and the 1000 Genomes Project (1000G) (The 1000
Genomes Project Consortium, 2010). Appropriately, the “Variation Legend” and “Gene Legend”
provide more information about the features referred to by different colours in the browser. The
variant NC_000011.9:g.57983194A>G (rs7103033) (Figure 2.2a) is the final base of the final exon in
both transcripts available at this position (here there is a CCDS transcript (green), and a “merged”
ENSEMBL/HAVANA (GENCODE) transcript (gold)). The final codon is changed from TGA (stop
codon) to TGG (tryptophan). Thus the variant is unambiguously a stop-loss variant. Indeed, using
the ENSEMBL transcript set, both ANNOVAR and VEP correctly annotate this variant as “stop-loss”.
The variant NC_000006.11:g.30558477_30558478insA (rs72545970) (Figure 2.2b) is an example of a
variant that is more complex to annotate. The variant is the penultimate base of the exon (so in
the stop codon) for all but one of the transcripts shown. On one hand, the variant is a single-base
insertion, so could be annotated as a frameshift variant. On the other hand, the variant is an inser-
tion in a stop codon, so we might expect this to be a stop-loss variant. In fact, the final codon, TGA
(stop codon), remains TGA with this variant (the insertion of a single base A), so it is actually a syn-
onymous variant. One of the software tools used for this study (ANNOVAR) reports a “frameshift
insertion” annotation and the other (VEP) a “stop-loss” annotation for this variant, when using
ENSEMBL transcripts.

which likely has multiple transcripts). Current annotation tools vary in approaches to
reporting consequences of a variant in multiple genes at once.
Choice of the underlying set of transcripts used for annotation can give the user more

control over transcript use. Transcript sets from different sources can have different char-
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acteristics. For example, both ENSEMBL and REFSEQ contain transcripts established from
experimental evidence utilising automated annotation pipelines and manual curation, but
their precise requirements for inclusion of transcripts differ. The result is that the ENSEMBL
transcript set is larger than the REFSEQ set (see Section 2.2.2), but the REFSEQ transcript set
is not simply a subset of the ENSEMBL transcript set.

Both ENSEMBL and REFSEQ contain transcripts established from experimental evidence.
REFSEQ transcripts are constructed from sequence data submitted to the International Nu-
cleotide Sequence Database Collaboration (INSDC) (Pruitt et al., 2002 [Updated 2012 Apr
6]). Similarly, all ENSEMBL transcripts are based on experimental evidence, namely mR-
NAs and protein sequences deposited in public databases (Ensembl, 2013b). Both tran-
script sets contain transcripts produced by automated pipelines run on the database se-
quences and manually-curated transcripts.

A portion of the REFSEQ dataset is manually curated by National Center for Biotech-
nology Information (NCBI) staff, with the remainder produced from the automated an-
notation pipeline. External information is incorporated entirely into REFSEQ’s organiz-
ing framework. In contrast, ENSEMBL more explicitly imports information from external
sources, such as the Consensus Coding Sequence (CCDS) set and HAVANA gene models.
The ENSEMBL and HAVANA transcript models are compared where manual curation is
available, and are merged when they agree on the same coding sequence (Ensembl, 2013b).
This combined, merged geneset is the default gene set from the GENCODE project.

Although their approaches to building transcript sets are broadly similar, the result-
ing transcript sets for REFSEQ and ENSEMBL are substantially different. Unfortunately,
detailed information about the automated pipelines and manual curation processes is not
generally available. The quality assessment processes and inclusion requirements for both
transcript sets are necessarily extensive and complicated. Furthermore, the transcript sets
change regularly according to planned release schedules. As a result, detailed information
on the breakdown of levels of support (evidence) for the human transcripts included in
each set (e.g. proportion of transcripts from an automated pipeline versus the proportion
that are manually curated) is not available, preventing us from a thorough characterisa-
tion of why certain transcripts may appear in the REFSEQ set and not the ENSEMBL set
and vice versa. However, the REFSEQ frequently asked questions website (Pruitt & Brown,
2013) notes that, due to curation decisions made for REFSEQ transcript curation, alternately
spliced gene products are underrepresented in the REFSEQ collection. The difference in the
treatment of alternately spliced gene products is likely to contribute to the substantially
greater number of transcripts in the ENSEMBL set than in the REFSEQ set. More informa-
tion on the REFSEQ and ENSEMBL datasets is available from the NCBI Handbook (Pruitt
et al., 2002 [Updated 2012 Apr 6]), and the REFSEQ and ENSEMBL websites (National Cen-
ter for Biotechnology Information, 2013; Ensembl, 2013a).
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Related to the issue of a variant frequently overlapping multiple transcripts and some-
times even multiple genes is the fact that any given variant can have several plausible
annotations, even when considering just a single transcript as the basis for annotation.
Choosing the “best” annotation is frequently not clear-cut, as in the case of the variant
NC_000006.11:g.30558477_30558478insA, a single-base insertion at the end of an exon (Fig-
ure 2.2b). This variant could be annotated as a frame-shift insertion in a coding sequence
(which it is), or as a stop-loss variant (as it falls in a stop codon). In fact, the correct annota-
tion is that this is a synonymous variant. In many cases we would be misled into thinking
that the variant is a frameshift or stop-loss variant, and therefore be likely to assume it to
be of functional effect and include it in any list of variants of interest for further investiga-
tion. Indeed, one of the software tools used for this study reports a “frameshift insertion”
annotation and the other a “stop-loss” annotation for this variant, when using ENSEMBL
transcripts. In this example there seems to be a single “best” annotation, but many cases
are more ambiguous, with several equally valid possible annotations. The software tool
must make some sort of choice in such cases as to which annotation to report for the vari-
ant (and transcript used). Often, the software tool will apply a prioritisation rule, which
typically prefers annotation terms perceived to have more severe consequence.

There are many other annotation tools available (for example, Mutalyzer 2 (Wildeman
et al., 2008), VAT (Habegger et al., 2012), VAAST 2.0 (Hu et al., 2013), GATK VariantAnno-
tator (McKenna et al., 2010) and SnpEff (Cingolani et al., 2012)). Different tools will have
better or worse performance for certain variants, but here I want to make the more general
point, using two very widely used annotation tools, that there is a large degree of discrep-
ancy between any two annotation tools, and researchers need to be aware of this when
choosing a tool and conducting analysis.

Another major issue complicating variant annotation is the question of how to deal
with genes and pseudogenes. There are widely varying levels of information available for
different genes. Should we treat variants in well characterised genes in the same way as
those in pseudogenes or non-genic regions of the genome? There is not currently a clear
solution to this issue, although distinctions are usually made between annotations given
from coding and non-coding transcripts. Again, careful choice of transcript set used for
annotation can help.

Although there are many complications for variant annotation, we identify two major

components:

1. Transcript set: a summary of information about genomic features, particularly the
structure of transcripts (sequence and locations of exons, introns, UTRs and regula-
tory regions), used as the basis for determining the likely functional consequence of

a variant.
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2. Software tool: a piece of software that when given a particular variant can query a
transcript set and return the functional annotation (or possibly annotations) of that
variant. An annotation tool uses a particular algorithm applied to a given set of

transcripts for annotating variants.

I examine the effects of fixing one component and then the other on a set of over 80 mil-
lion single nucleotide variants (SNVs) and short indels from a large clinical sequencing
project (see Section 2.2). ANNOVAR (Wang et al., 2010) is a popular annotation software
tool, so I compare the results from ANNOVAR when used with the REFSEQ and ENSEMBL
transcript sets. I also compare the annotation results from ANNOVAR and another popular
annotation tool, VEP (McLaren et al., 2010) , the “Variant Effect Predictor” tool from EN-
SEMBL, when using the ENSEMBL transcript set and characterise the sorts of differences in
annotation between the two tools and the apparent errors that ANNOVAR and VEP tend to
make in annotation. Beyond issues specific to these particular transcript sets and software
tools, I consider good practice for whole-genome and whole-exome variant annotation and

problems that are yet to be solved.

2.2 Methods

2.21 Data generation

The data used in this study come from the “WGS500 Project”, a collaboration between the
University of Oxford and Illumina to sequence 500 genomes of clinical relevance. Sam-
ples were sought from patients where positive findings would have immediate clinical
translational relevance in terms of clinical diagnosis, prognosis, genetics counselling and
reproductive options, or treatment selection. The large umbrella project consists of many
smaller sub-projects, each focusing on a particular patient cohort, as seen in some of the
published studies that participated in the WGS500 project (Palles et al., 2013; Sharma et al.,
2013; Cossins et al., 2013; Babbs et al., 2013; Lise et al., 2012; Martin et al., 2014; Ceroni et al.,
2014). The research conformed to the Helsinki Declaration and to local legislation. Each
individual project’s ethics process was reviewed by the WGS500 Steering Committee and
deemed to be sufficient for the WGS500 programme, including whole-genome analysis.
As this was primarily a clinical study, clinical informed consent was considered sufficient
for most samples. A small number of samples were part of research projects with separate
ethical approval (references: MREC/06/Q1702/99; Riverside REC/09/H0706/20; Oxford-
shire REC/06/Q1605/3; REC/09/H0606/74; and REC/09/H1204/3).

I focus here on whole genomes of 276 individuals sequenced as part of the WGS500
project. Only 276 whole genomes were used (not 500) as this was the number of non-

tumour samples available at the time this work was carried out (this was “freeze 5” of
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the WGS500 data). The samples included 80 patients with immune disease, 151 individ-
uals from Mendelian disease studies (primarily parent-child trios) and 45 germline DNA
samples from cancer patients. The sequencing was conducted using 100bp paired-end
protocols on either the Illumina HiSeq 2000 instrument (Illumina, Inc, 2013a) or the Illu-
mina HiSeq 2500 in standard mode (Illumina, Inc, 2013b), with a mixture of v2.5 and v3.0
chemistries, to at least 25x average coverage. Sequence reads were generated using the
[Nlumina Off-Line Basecaller (v1.9.3) (Illumina, Inc, 2013c) and mapped to the human refer-
ence genome GRCh37d5/hg19d5 using Stampy, predominantly versions 1.0.12_(r975) and
1.0.13_(r1160) (Lunter & Goodson, 2011). Picard (picard-tools v1.67) was used to merge
data and de-duplicate merged BAM files (Broad Institute, 2013). Variants were called from
the aligned sequence reads using Platypus, version 0.1.9 (Rimmer et al., 2014). The raw
data for annotation are variant call format (VCF) files (Danecek et al., 2011) containing
information about the called variants.

In total, 80,995,744 unique variant calls were obtained from 276 individual genomes in
the fifth “freeze” of the project’s data, and merged into a preliminary “union” file. I com-
pare functional annotations for 80,981,575 variants from the preliminary union file using
different genome annotation databases and different annotation software tools, restricting
ourselves to the set of variants for which an annotation was obtained using at least one

transcript set or software tool.

2.2.2 Variant annotations

Variant annotations were obtained using the software ANNOVAR (version “2013Feb21”),
using both the REFSEQ (release 57, January 2013) and ENSEMBL (version 69, October 2012)
transcript sets (Pruitt et al., 2012; Flicek et al., 2013). I used the default transcript sets from
REFSEQ and ENSEMBL. REFSEQ records are selected and curated from public sequence
archives, so a REFSEQ record represents a synthesis, by a person or group, reducing the
redundancy in the database. The REFSEQ database does not contain all possible (or even
all observed) transcripts or gene models, but those that it does annotate feature strong ev-
idence for their existence, structure and (possibly) function. Of a total of 105,258 human
transcripts in REFSEQ release 57, 41,501 were used by ANNOVAR in the reported annota-
tions for the variants in this study. Not all transcripts are used in reported annotations,
because ANNOVAR reports only the most severe consequence of the variant, which cor-
responds to a subset of transcripts overlapping the variant. Typically, only one of many
transcripts is reported, and so only about 40% of all REFSEQ transcripts are used for re-
ported annotations across all 80 million variants.

Similarly, ENSEMBL, provides genome resources for chordate genomes with a particu-
lar focus on human genome data. ENSEMBL makes available substantial and diverse tran-

script information, including the Consensus Coding Sequence (CCDS) (Pruitt et al., 2009a;
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Harte et al., 2012), Human and Vertebrate Analysis and Annotation (HAVANA) (Wellcome
Trust Sanger Institute, 2012), Vertebrate Genome Annotation (Vega) (Ashurst et al., 2005),
ENCODE data (ENCODE Project Consortium, 2012) and the GENCODE gene and tran-
script sets (Harrow et al., 2012). There are 208,677 transcripts in ENSEMBL version 69, of
which 115,901 were used in reported annotations for this comparison. As for the REF-
SEQ transcripts, ANNOVAR’s behaviour of reporting only one annotation from (typically)
one of many possible transcripts for each variant results in only a subset of all ENSEMBL
transcripts being used in reported annotations.

A broad interpretation of “splicing” regions was used for ANNOVAR annotations, so
that all variants within 6 bases of an intron/exon boundary would fall into ANNOVAR's
“splicing” annotation category. ANNOVAR returns a single annotation for each variant. If
there are several relevant transcripts for a particular variant, then ANNOVAR will return
the annotation with the most severe consequence according to its rules of precedence.

Variant annotations were also obtained using version 2.7 of ENSEMBL’s VEP (Variant
Effect Predictor), based on the ENSEMBL version 69 transcript set. As VEP returns all pos-
sible annotations for each variant (given the transcripts present at each variant’s location
in the genome), I prioritised annotations using a common-sense ranking of the “severity”
of the consequence of the variant (Table 2.1) to make the VEP annotation results directly
comparable with those from ANNOVAR. This prioritisation for consequences from VEP is
just one possible way to prioritise variants and this subjectivity could affect the extent of
matching between annotations from ANNOVAR and VEP. The most severe consequence

for each variant was reported and compared to the ANNOVAR results.

2.2.3 Comparisons of variant annotations

I compare results across all annotation categories for the REFSEQ/ENSEMBL comparison.
A comparison table was produced with a custom Perl (The Perl Foundation, 2013) script
from VCF files containing ANNOVAR annotations when using REFSEQ and ENSEMBL tran-
scripts and gene information for the transcript(s) used for each annotation. ANNOVAR
reports only the “most damaging” annotation, but can return transcript information for all
transcripts that would give the annotation reported. Subsequent statistical analysis was
done in R version 2.15.0 (R Core Team, 2013).

For the comparison of ANNOVAR and VEP I focus on exonic variants (and especially
loss-of-function (LoF) and nonsynonymous variants) for the ANNOVAR/VEP comparison
as these are currently of the greatest interest in the majority of annotation applications in
WGS studies. A VCF file containing all variants for comparison with annotations from AN-
NOVAR was processed to obtain VEP annotations, and the results were processed with a
custom Python (Python Software Foundation, 2013) script to create a table of variants. The

table provides annotation results obtained using ENSEMBL transcripts with ANNOVAR and
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VEP, and information on transcripts used. The table was then analysed with R. I used the
ENSEMBL Web Browser (archive version of ENSEMBL 69) (Flicek et al., 2013) and the UCSC
Genome Browser (Rhead et al., 2010a) to inspect sets of variants identified to be of par-
ticular interest by comparing annotations using the DNA sequence and other information
available in the browser. Files containing variant lists with annotations and source code
for the analyses described here have been made available online in the figshare repos-
itory (http://dx.doi.org/10.6084/m9.figshare.798828), along with a “README" file
that provides more details about the data and source code files, enabling these results to be

reproducible.

2.2.4 Categories of variant annotations

To present, explain and discuss the results of these comparisons I need to introduce the
different types of annotations produced by the different annotation tools. I define three

categories of variants that are of particular interest for many functional studies:

1. Putative loss-of-function variants (LoF): variants that are likely to cause a gene prod-
uct to be subject to nonsense-mediated decay and result in lost (or impaired) function
of the gene. Included in this category are frameshift deletions, frameshift insertions,
stop-gain, stop-loss and (most) splicing variants. Where finer resolution splicing cat-
egories are available (for example from VEP and some other annotation tools), we
classify variants in splice acceptor and splice donor sites as LoF and other splicing
variants as generically “exonic” (defined below). ANNOVAR does not provide sub-
categories of splicing variants. For this study I include all ANNOVAR splicing vari-
ants in the LoF category, but only include “splice donor” and “splice acceptor” an-
notations from VEP as LoF. While certain LoF variants have well-established causal
roles in severe Mendelian diseases such as cystic fybrosis (Kerem et al., 1989), not all
putative LoF variants seriously disrupt gene function. If a stop-gain or frameshift
variant occurs towards the end of a transcript, the gene product may have residual
or slightly modified function. Similarly, depending on surrounding sequence context
and other factors, splicing and stop-loss variants may not result in serious disruption
of gene function. MacArthur et al. (2012) present a systematic survey and discussion
of loss-of-function variants, which explores these ideas in detail. Annotation as a LoF
variant does not guarantee that the variant is of functional importance, but does flag
it as likely to be of greater interest than other variants. As such, the LoF category is
commonly used in discussions of genomic variation with the acceptance that anno-
tation as a LoF variant does not always correspond to the variant having a genuine

(or even if genuine, a serious) functional impact in a biological system.

31


http://dx.doi.org/10.6084/m9.figshare.798828

Table 2.1: Common-sense precedence values used to prioritise VEP annotations for comparison
with ANNOVAR annotations. I defined this prioritisation for this study based on on general expec-
tations of the expected strength of effect of a typical variant with the given consequence. Higher
values indicate higher precedence for the consequence, so if a variant receives more than one anno-
tation the consequence with the higher precedence value is reported for the comparison.

VEP Consequence Precedence
transcript_ablation 100
splice_donor_variant 87
splice_acceptor_variant 86
stop_gained 99
frameshift_variant 85
stop_lost 95
initiator_codon_variant 75
inframe_insertion 71
inframe_deletion 70
missense_variant 65
transcript_amplification 60
splice_region_variant 63
incomplete_terminal_codon_variant 50
synonymous_variant 40
stop_retained_variant 45
coding_sequence_variant 35
mature_miRNA_variant 30
UTR5_prime_UTR_variant 26
UTR3_prime_UTR_variant 25
intron_variant 24
NMD_transcript_variant 21
non_coding_exon_variant 20
nc_transcript_variant 19
upstream_gene_variant 18
downstream_gene_variant 17
TFBS_ablation 15
TFBS_amplification 16
TF_binding_site_variant 14
regulatory_region_variant 11
regulatory_region_ablation 12
regulatory_region_amplification 13

feature_elongation
feature_truncation
intergenic_variant

SO~ N

2. Nonsynonymous/Missense variants: variants in exons that change the amino-acid
sequence encoded by the gene (but are not LoF), including single-base changes and
nonframeshift indels. For this study I include VEP’s “splice_region_variant” annota-
tion in the missense category as this reflects the fact that general splice region variants

are usually of a similar level of interest as canonical missense variants.

3. Synonymous variants: variants located in exons that do not change the translated

amino acid sequence.
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4. Exonic variants: variants that fall anywhere in exons or splicing regions, so this in-

cludes all variants in the LoF, nonsynonymous and synonymous categories above.

The exact terms used to denote annotation categories differ between ANNOVAR and VEP,
but the correspondence in terms is almost always clear (Table 2.2). There are three exonic

categories used by VEP (“initiator codon variant”, “stop retained variant” and “other cod-
ing”) for which there is no direct equivalent among the ANNOVAR categories.
Table 2.2: ANNOVAR and VEP terms in LoF, nonsynonymous/missense and exonic categories.

In some figures and tables, frameshift insertions and deletions are combined into one “frameshift”
category, with similar treatment for “nonframeshift” variants.

Category ANNOVAR Terms VEP Terms

Loss-of-function “frameshift_deletion” “frameshift_variant”
“frameshift_insertion” “splice_donor_variant”
“splicing” “splice_acceptor_variant”
“stopgain_SNV” “stop_gained”
“stoploss_SNV” “stop_lost”

“transcript_ablation”

Missense/Nonsynonymous  “nonframeshift_deletion” “inframe_insertion”
“nonframeshift_insertion” “inframe_deletion”
“nonsynonymous_SNV” “splice_region_variant”

“initiator_codon_variant”

Synonymous “synonymous_SNV” “synonymous_variant”
“stop_retained_variant”

Exonic All of the above All of the above plus
“coding_sequence_variant”
“incomplete_terminal_codon_variant”

2.3 Results

2.3.1 Same annotation tool, different transcript sets

The comparisons below of annotation results from ANNOVAR using either the REFSEQ or
ENSEMBL transcript sets shows that the choice of transcript set has a large effect on the
ultimate variant annotations. To summarise results, I look at the matching annotation
rate, the percentage of variants that receive the same annotation with the two transcript
sets. When looking at variants in particular classes (for example LoF variants), I define the
match rate to be the percentage of all variants that receive an annotation in that class from
either REFSEQ or ENSEMBL transcript sets (or both) that receive the same annotation from
both REFSEQ and ENSEMBL transcripts. Across all 80 million variants there is an overall
match rate of 85%. However, the matching annotation rate is 44% for LoF variants, the
set of variants of most interest for biological and medical studies. The match rate is also

substantially lower than the overall match rate for variants in non-coding RNA and UTR
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regions, but there is better agreement for exonic and intronic variants. This observation ac-
cords with what one would expect: in areas of the genome where more is known about the
protein-coding structure of the sequence the annotations agree more closely when using
the two different transcript sets.

There are 590,893 variants given exonic annotations by ANNOVAR using REFSEQ or EN-
SEMBL (or both), of which 488,113 (83%) had precisely matching annotations when using
the two different transcript sets (Table 2.3). The breakdown of matching variants by an-
notation reveals annotation categories showing greater and lesser difference when using
REFSEQ or ENSEMBL. The extent of annotation matching is also summarised by category:
“LoF”, “LoF and missense (nonsynonymous)”, “exonic” and “all annotated”.

Visual comparison of transcript sets using REFSEQ- and ENSEMBL-normalized counts
of variants with each combination of annotation terms from the two transcript sets high-
lights patterns in the differences in annotations provided by REFSEQ and ENSEMBL (Fig-
ures 2.3 & 2.4). By “REFSEQ-normalized”, I mean that for each annotation term we con-
sider all of the variants given that annotation using REFSEQ across all annotations using
ENSEMBL and then normalize the count for each ENSEMBL annotation within the REFSEQ
annotation by subtracting the mean number of counts per ENSEMBL annotation and di-
viding by the standard deviation. I do this independently for each REFSEQ annotation
term. To obtain “ENSEMBL-normalized” values precisely the same thing is done, but the
roles of the ENSEMBL and REFSEQ annotations are exchanged. Thus, for a given anno-
tation term for a given transcript set, we can see the relative breakdown of annotations
obtained when using the other transcript set. The REFSEQ-normalized values (Figure 2.3)
show good agreement for indels (frameshift and nonframeshift), stop-gain, stop-loss and
nonsynonymous variants, that is, a large proportion of variants given a particular annota-
tion when using REFSEQ also get that annotation when using ENSEMBL. The agreement
is not as good for synonymous and splicing variants, but we observe that variants given
an exonic annotation when using REFSEQ usually get the same annotation when using
ENSEMBL. Looking at ENSEMBL-normalized values (Figure 2.4), one sees generally lower
matching rates. Agreement is good for variants called stop-gain, nonframeshift, nonsyn-
onymous and synonymous by ENSEMBL, but variants annotated as frameshift, stop-loss

and splicing are frequently given a different annotation when using REFSEQ.
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Table 2.3: Same software, different transcript sets: This table summarises the number of annota-
tions that match between the REFSEQ and ENSEMBL results for each category of annotation. The
table shows the number of variants given each type of annotation when using either REFSEQ or EN-
SEMBL (“REF+ENS”; union), by REFSEQ (“REF”) and ENSEMBL (“ENS”), the number of variants
that have matching annotations (i.e. the same annotation when using both transcript sets; inter-
section) and the match rate for each transcript set, which expresses the proportion of matching
annotations for an annotation term relative to the total number of annotations in the category from
the particular transcript set, as a percentage. The final column shows the “Overall match rate”,
which is the percentage of the variants with an annotation when using either REFSEQ or ENSEMBL
(“REF+ENS”) that have a matching annotation when using the two transcript sets. Categories
are loosely ordered by the severity of effect, with LoF annotations listed before nonsynonymous,
synonymous, non-exonic categories and so on. Within each loose group, categories are sorted in
descending order of overall matching rate. The bottom four rows show the total degree of matching
across, respectively, all putative loss-of-function (LoF) categories, all LoF and missense categories,
all exonic categories and, finally, all categories.

REF+ENS REF ENS Match REF ENS Overall
Match Match Match
Rate Rate Rate
(%) (%) (%)

stopgain_SNV 15835 14183 14960 13308 93.83 88.96 84.04
frameshift_insertion 6980 5298 6495 4813 90.85 74.10 68.95
frameshift_deletion 7491 4547 7380 4436 97.56 60.11 59.22
stoploss_SNV 946 503 906 463 92.05 51.10 48.94
splicing 47878 14154 45839 12115 85.59 26.43 25.30
frameshift_substitution 1960 195 1947 182 93.33 9.35 9.29
nonsynonymous_SNV 321669 291898 315592 285821 97.92 90.57 88.86
nonframeshift_insertion 3506 2888 2844 2226 77.08 78.27 63.49
nonframeshift_deletion 5136 3321 4963 3148 94.79 63.43 61.29
nonframeshift_substitution 933 226 843 136 60.18 16.13 14.58
synonymous_SNV 178559 167561 172463 161465 96.36 93.62 90.43
UTR3 724802 574255 622441 471894 82.17 75.81 65.11
UTR5 177832 94545 162684 79397 83.98 48.80 44.65
UTR5_UTR3 2183 292 2092 201 68.84 9.61 9.21
ncRNA_intronic 8992009 2113428 8244441 1365860 64.63 16.57 15.19
ncRNA_exonic 654098 140303 597947 84152 59.98 14.07 12.87
ncRNA_UTR3 53379 10712 47133 4466 41.69 9.48 8.37
ncRNA_UTR5 10683 1989 9444 750 37.71 7.94 7.02
ncRNA_splicing 13931 1051 13562 682 64.89 5.03 4.90
ncRNA_UTR5_ncRNA_UTR3 107 1 106 0 0.00 0.00 0.00
intronic 29289037 26805864 27743749 25260576 94.24 91.05 86.25
intergenic 50305202 49797113 41307708 40799619 81.93 98.77 81.10
downstream 991811 474684 840376 323249 68.10 38.46 32.59
upstream 910818 440728 762664 292574 66.38 38.36 32.12
upstream_downstream 53608 15621 47293 9306 59.57 19.68 17.36
unknown 11205 6215 5703 713 11.47 12.50 6.36
ALL LOF 81090 38880 77527 35317 90.84 45.55 43.55
ALL LOF and MISSENSE 412334 337213 401769 326648 96.87 81.30 79.22
ALL EXONIC 590893 504774 574232 488113 96.70 85.00 82.61
ALL 80981575 80981575 80981575 69181552 85.43 85.43 85.43
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Figure 2.3: REFSEQ-normalized heatmap: This heatmap shows scaled numbers of variants (with
log10 transformation with offset of 1 applied) for all different combinations of ANNOVAR categories
of annotations when using the ENSEMBL transcript set (columns) and REFSEQ transcript set (rows).
Values are Z-scaled (mean-centred, divided by standard deviation) by row (each row is scaled sep-
arately; contrast with Figure 2.4). The key above the heatmap shows the values indicated by dif-
ferent colours. This row-normalized heatmap allows us to see which categories of annotation are
overrepresented (relative to the total number of variants in the column/category) in the ENSEMBL
annotations for each category (i.e. row) of REFSEQ annotation. Ideally, all of the dark red squares
would lie on the diagonal, with white squares on the off-diagonals, indicating complete agreement
in the annotations from the two databases. Compare with Table 2.4, which provides the numbers
used for this heatmap. Categories are ordered as per Table 2.3.

36



Color Key
and Histogram

1 2

0
Column Z-Score

stopgain_SNV
frameshift_insertion
frameshift_deletion
stoploss_SNV
splicing
frameshift_substitution
nonsynonymous_SNV
nonframeshift_insertion
nonframeshift_deletion
nonframeshift_substitution
synonymous_SNV
B umrs
UTR5
UTR5_UTR3
_ ncRNA _intronic
ncRNA_exonic
ncRNA_UTR3
ncRNA_UTR5
ncRNA_splicing
ncRNA_UTR5_ncRNA_UTR3
intronic

RefSeq annotation

intergenic

downstream

upstream
upstream_downstream
unknown

>SS SC>DE>CSC S CS>MOLMOO0MW OMOOEEEC
Z o00ZzZc o0Zz000Z2xaxxcclX XSS dad o =
hEEHhSEHEEEHEEEESSEESES TS OO O 8
105 152 1052 |1DD2De 52235 202e2s 5558
c 2l 0ggualgo 1EC T & IE g2 @
T E 9 34 3&59383 Ol L £EE£E5E 5
o e 2 S5 2 _lg 35 2 X <g ZzZ2<Z2 £ 23 2
2 £a E & £ g EZz Z e} <]
= = 0 = = 0 Z rxx zox S S
S e 2 2w 2 o S O O |

IR ERT] £S5 0 g £ S c 2 ¢ S ¢
GJE J:o‘DE.CO c < c | £
E 5 n S E SO S Te) ]
g 8 s 894 o4 g
= E c & E E [ 2
G Q@ S g & ) =}
-.’:Cg:-t | S

S <

e Z

< o

o

c

Ensembl annotation

Figure 2.4: ENSEMBL-normalized heatmap: This heatmap shows scaled numbers of variants (with
log10 transformation with offset of 1 applied) for all different combinations of ANNOVAR cate-
gories of annotations when using the ENSEMBL transcript set (columns) and REFSEQ transcript set
(rows). Values are Z-scaled (mean-centred, divided by standard deviation) by column (each col-
umn is scaled separately; contrast with Figure 2.3). The key above the heatmap shows the values
indicated by different colours. The column-normalized heatmap allows us to see which categories
of annotation are overrepresented (relative to the total number of variants in the column/category)
in the REFSEQ annotations for each category (i.e. column) of ENSEMBL annotation. Ideally, all of
the dark red squares would lie on the diagonal, with white squares on the off-diagonals, indicating
complete agreement in the annotations when using the two transcript sets. Compare with Table 2.4,
which provides the numbers used for this heatmap. Categories are ordered as per Table 2.3.
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The asymmetry in the differences in annotations between REFSEQ and ENSEMBL is
striking. There are many more exonic annotations, across all LoF, nonsynonymous and
synonymous categories, when using ENSEMBL transcripts (Table 2.3 and Supplementary
Table 1). There are several thousand variants that are called exonic by ENSEMBL and yet
are called as intergenic, intronic or in a non-coding RNA by REFSEQ. Conversely, there
are only a few hundred exonic variants from REFSEQ that are annotated as intergenic, in-
tronic or in non-coding RNA according to ENSEMBL. Using ENSEMBL here would gain
over 2000 frameshift indels and over 1000 stop-gain/stop-loss variants compared with us-
ing REFSEQ, all LoF variants of substantial interest for follow-up. This asymmetry is not
surprising when one considers the composition of the two transcript sets. The REFSEQ set
contains 105,258 human transcripts in release 57, for which the protein-coding sequences
cover approximately 1.07% of the genome (34Mb). ANNOVAR actively used 41,501 of these
transcripts for annotation of this set of variants. The ENSEMBL version 69 set contains
208,677 transcripts (192,635 on chromosomes 1-22, X and Y, excluding patches and alter-
nate loci), covering approximately 28% of the genome (892Mb), including introns. The
protein-coding sequences in the ENSEMBL transcript set cover approximately 1.12% of the
genome (35Mb). Of these transcripts, 115,091 were actively used for the annotation of this
set of variants, including the set of 92,776 transcripts containing protein-coding sequences.

This extent of discrepancy in annotations can be partially explained by the fact that
a high proportion of REFSEQ transcripts have an equivalent or highly similar transcript
in ENSEMBL, but in the other direction there are many transcripts in ENSEMBL that do
not appear to have a similar transcript in REFSEQ. ANNOVAR reports the most severe
consequence for a variant across all transcripts present at that position in the genome, so
with more transcripts available when using ENSEMBL there is an elevated chance of finding
a more severe consequence for one of the ENSEMBL transcripts. There were no significant

differences in annotation agreement rates across different variant frequencies (Table 2.5).

MAF Range Total Match Match Rate (%)
0-1% 67313352 57701490 85.72
1-5% 5802063 4882133 84.14
5-10% 1656880 1388842 83.82
104-% 6209280 5209087 83.89
ALL 80981575 69181552 85.43

Table 2.5: Same software, different transcript sets: This table summarises the number of anno-
tations that match between the REFSEQ and ENSEMBL results for different ranges of minor allele
frequency (MAF). The match rates across the different ranges of MAF are not substantially different
from the match rate across all variants.
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2.3.1.1 Examples of variants with differing annotations

Studying examples of variants with striking differences in annotation helps to characterise
the sorts of differences seen when using REFSEQ and ENSEMBL transcripts.

The variant 1:26879920_T_C is annotated as synonymous when using REFSEQ tran-
scripts, but as stop-loss when using ENSEMBL transcripts (Figure 2.5). It looks like this
difference in annotation is caused by there being more ENSEMBL transcripts available to
use for annotation, and thus a higher chance of seeing a more severe consequence. ANNO-
VAR reports the most severe consequence, so there is a better chance of getting a “stop-loss”
annotation when using ENSEMBL transcripts than REFSEQ transcripts. In the case of this
variant, there are many ENSEMBL transcripts that would give the same annotation as from
the REFSEQ transcript, but the one used is the one that gives the most severe consequence
(stop-loss). Noteworthy is the fact that the ENSEMBL transcript used is labelled as being
subject to nonsense-mediated decay (NMD). So although it is a possible choice of tran-
script, it may not be the best possible choice, as any changes to this transcript would likely
be irrelevant as the transcript is believed to be subject to NDM. This case highlights the
value of careful curation of transcript sets for annotation. More transcripts is not necessar-
ily better. If transcripts that are of poor quality or in some way of lesser interest are used
as the basis for annotation, then we risk diluting the set of truly interesting variants for
follow-up study with variants that are of substantially lesser interest.

The variant 15:44093914_T_C provides an example of how the use of transcripts with
different structures can give rise to different annotations (Figure 2.6). The variant is anno-
tated as synonymous when using ENSEMBL transcripts, but stop-loss when using REFSEQ.
In this case there are many ENSEMBL transcripts that look similar to one of the REFSEQ
transcripts, but one REFSEQ transcript is noticeably different from the others, and this one
transcript yields a stop-loss annotation. Following ANNOVAR'’s precedence rules, the stop-
loss annotation is reported in preference to the synonymous annotation that would follow
from using one of the other transcripts. Given the transcripts used, both annotations look
valid here.

The variant 11:70279766_C_T (annotated as synonymous using REFSEQ and stop-gain
with ENSEMBL transcripts) gives another example of differing annotations caused by the
use of transcripts with different structures. In this case there are many ENSEMBL transcripts
that look similar to one of the REFSEQ transcripts, but the ENSEMBL transcript used to
give the annotation reported is noticeably different from the others, and again noted to be
subject to NMD. Given the transcripts used, both annotations look “correct” here. I note
that a difference in the reading frames for the transcripts used accounts for the variant
being a “synonymous” variant for many of the transcripts shown and “stop-gain” for the

ENSEMBL transcript used.
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Position of variant: 1:26879920_T_C

Transcripts used for
RefSeq-based annotation

"synonymous_SNV"

Genes
Ensembl/Havana) e

Transcript used for

Ensembl-based annotation
ENST00000374163

"stoploss_SNV"

Figure 2.5: Browser Image: REFSEQ synonymous, ENSEMBL stoploss. For this variant,
1:26879920_T_C, the different annotations from REFSEQ and ENSEMBL are due to the use of tran-
scripts with substantially different structures. There are many ENSEMBL transcripts that would
give the same annotation as from the REFSEQ transcript, but the one used is the one that gives the
most severe consequence, in this case a stoploss variant. Noteworthy is the fact that the ENSEMBL
transcript used is labelled as being subject to nonsense-mediated decay (NMD). So although it is
a possible choice of transcript, it may not be the best possible choice, as any changes to this tran-
script would likely be irrelevant as the transcript is subject to NDM anyway. See Figure 2.2 for an
explanation of the elements of Ensembl Web Browser images.

Position of variant: 15:44093914 T _C
—

Transcript used for
RefSeg-based annotation
"stoploss_SNV"

Transcript used for
( Ensembl-based annotation
ENST00000406925

"synonymous_SNV"

Figure 2.6: Browser Image: REFSEQ stoploss, ENSEMBL synonymous. For this variant,
15:44093914_T_C, the different annotations from REFSEQ and ENSEMBL are due to the use of tran-
scripts with different structures (as seen in Figure 2.5). In this case there are many ENSEMBL tran-
scripts that look similar to one of the REFSEQ transcripts, but one REFSEQ transcript is noticeably
different from the others. Given the transcripts used, both annotations look “correct” here. See
Figure 2.2 for an explanation of the elements of Ensembl Web Browser images.
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Position of variant: 11:70279766_C_T

RefSeq import

Transcripts used for
1( RefSeg-based annotation
"synonymous_SNV"

Transcript used for

Ensembl-based annotation
ENST00000533931

2 . - - - - - x - = 3 "stopgain_SNV"

Figure 2.7: Browser Image: REFSEQ synonymous, ENSEMBL stopgain. For this variant,
11:70279766_C_T, the different annotations from REFSEQ and ENSEMBL are again due to the use
of transcripts with different structures (as seen in Figure 2.5). In this case there are many ENSEMBL
transcripts that look similar to one of the REFSEQ transcripts, but ENSEMBL used to give the an-
notation reported is noticeably different from the others, and again noted to be subject to NMD.
Given the transcripts used, both annotations look “correct” here, and we note that a difference in
the reading frames for the transcripts used accounts for the variant being a “synonymous” variant
for many of the transcripts shown and “stopgain” for the ENSEMBL transcript used. See Figure 2.2
for an explanation of the elements of Ensembl Web Browser images.

The variant 16:4745030_C_T is annotated as stop-gain using REFSEQ transcripts and as
synonymous using ENSEMBL transcripts (Figure 2.8). Again, this discrepancy is due to the
use of transcripts with different structures. Looking at the transcripts used from REFSEQ
and ENSEMBL, both annotations look correct. Again, a difference in the reading frames
for the transcripts used accounts for the variant annotated as synonymous for many of
the transcripts shown and as stop-gain for the REFSEQ transcript used. It is not clear why
ANNOVAR used the ENSEMBL transcript that it did, which returns the synonymous an-
notation, and not the shorter red transcript below it. It appears that if ANNOVAR used
that red transcript it would yield a stop-gain annotation like the blue REFSEQ transcript,
which it seems to match. While not common, one does see instances like this—where the
software tool shows behaviour that is not immediately explicable to the end user—across
all software tools. In some cases, inexplicable behaviour can be attributed to complicated
annotation decisions in which it is not straight-forward to “eye-ball” the variant and de-
termine what the correct annotation should be. In other cases, inexplicable behaviour can
arise due to programming bugs in the software. Out of necessity, current variant anno-
tation tools are complex pieces of software. Despite the best efforts of their developers,
a certain number of bugs (or other unexpected “features”) in these software tools is in-
evitable. Understanding how bugs can arise and affect variant annotations is therefore

useful for users of annotation software.
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Position of variant: 16:4745030_C_T

—

Transcript used for
‘ RefSeg-based annotation
"stopgain_SNV"

3

Transcript used for
Ensembl-based annotation
ENST00000304301
"synonymous_SNV"

Figure 2.8: Browser Image: REFSEQ stopgain, ENSEMBL synonymous. For this variant,
16:4745030_C_T, the different annotations from REFSEQ and ENSEMBL are again due to the use
of transcripts with different structures (as seen in Figure 2.7). Given the transcripts used, both an-
notations look “correct” here, and again it is noted that a difference in the reading frames for the
transcripts used accounts for the variant being a “synonymous” variant for many of the transcripts
shown and “stopgain” for the REFSEQ transcript used. What is unclear is why ANNOVAR used the
ENSEMBL transcript that it did, returning a “synonymous” annotation, rather than the shorter red
transcript below it, which (it appears) would yield a “stopgain” annotation like the blue REFSEQ
transcript, which it seems to match. See Figure 2.2 for an explanation of the elements of Ensembl
Web Browser images.

Inspecting the variant 11:8149801_CAT_T highlights the large number of isoforms a
gene can have (Figure 2.9). As the browser image shows, there are eleven “merged EN-
SEMBL” transcripts, nine Vega/HAVANA transcripts, four CCDS transcripts and five REF-
SEQ transcripts overlapping this position. Although the annotations (intronic from REFSEQ
and frameshift from ENSEMBL) are straight-forward to understand here, it is easy to imag-
ine how such large numbers of transcripts and gene isoforms lead to great complexity in
variant annotation. At this position, all of the multiple REFSEQ transcripts and an even
larger number of ENSEMBL transcripts have an intron. There is one ENSEMBL transcript
that has coding sequence at this position, and this is the one used by ANNOVAR for the
ENSEMBL-based annotation. Given the transcripts used, both annotations look “correct”
here.

The position 1:28785729 provides a peculiar example of annotation behaviour from AN-
NOVAR. There are two variants at this position, 1:28785729_GA_G and 1:28785729_G_GA.
If there is a transcript with coding sequence at this location, then one would expect the
tirst variant to be annotated as “frameshift deletion” and the second to be annotated as
“frameshift insertion”. However, ANNOVAR behaves oddly here as the two variants are
both annotated as “frameshift insertion” when REFSEQ transcripts are used and both anno-
tated as “frameshift deletion” when ENSEMBL transcripts are used. There are 373 variants
in the dataset for which this or similar behaviour occurs, but it is not at all clear why
ANNOVAR would behave in this way for these variants. As mentioned above, a certain

number of bugs are inevitable in complex software. This is a particularly inexplicable ex-
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Position of variant: 11:8149801_CAT_C

i 3 - - . ~ < D . . Transcript used for

| ! S — ey B B E— Ensembl-based annotation
ENST00000396677

"frameshift_deletion"

Transcripts used for
( RefSeq-based annotation
"intronic"

Figure 2.9: Browser Image: REFSEQ intronic, ENSEMBL frameshift deletion. For this variant,
11:8149801_CAT_T, the different annotations from REFSEQ and ENSEMBL are again due to the use
of transcripts with different structures. At this position in the genome there are multiple REF-
SEQ transcripts and even more ENSEMBL transcripts that have an intron. There is one ENSEMBL
transcript that has coding sequence at this position, and this is the one used by ANNOVAR for the
ENSEMBL-based annotation. Given the transcripts used, both annotations look “correct” here. This
image shows how many isoforms (i.e., transcripts) a gene can have. See Figure 2.2 for an explana-
tion of the elements of Ensembl Web Browser images.

ample of behaviour from ANNOVAR, but thankfully the 373 variants where this sort of
behaviour occurs represent only a very small proportion of the roughly 15,000 variants
that receive either a frameshift insertion or frameshift deletion annotation when using ei-
ther REFSEQ or ENSEMBL transcripts. Overall, the match rates for frameshift insertions
(69%) and frameshift deletions (59%) are resonably good (Table 2.3), although there is
much higher concordance for REFSEQ annotations than ENSEMBL annotations. The par-
ticular bug that causes the peculiar behaviour for this variant does not seem to have a very
large effect on frameshift annotations overall.

The variant 11:104761100_T_C (nonsynonymous using REFSEQ and splicing using EN-
SEMBL) highlights how difficult it can sometimes be to assess the validity of variant anno-
tations by eye. Here, the reason for the different annotations from REFSEQ and ENSEMBL
is not apparent from looking at the Ensembl Web Browser image (Figure 2.11, top). At
this position in the genome there are multiple ENSEMBL transcripts with the same struc-
ture and one REFSEQ transcript that matches them (at least in this region shown). The
“splicing” annotation given by the ENSEMBL transcript looks correct. Looking at the REF-

SEQ transcript, the nonsynonymous annotation looks incorrect. However, if this variant
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Position of variants: 1:28785729_GA_G and 1:28785729_G_GA

Transcripts used for
RefSeg-based annotation
"frameshift_insertion" for

nnnnnnnnnnn

both variants

Ensembl-based annotation
"frameshift_deletion" for
both variants

f— Transcripts used for

Figure 2.10: Browser Image: REFSEQ frameshift insertion, ENSEMBL frameshift deletion. This
browser image shows quite a peculiar example of annotations. At this location two variants are
observed, 1:28785729_GA_G and 1:28785729_G_GA. If there is a transcript with coding sequence at
this location, then one would expect the first variant to be annotated as “frameshift deletion” and
the second to be annotated as “frameshift insertion”. However, ANNOVAR behaves oddly here as
the two variants are both annotated as “frameshift insertion” when REFSEQ transcripts are used and
both annotated as “frameshift deletion” when ENSEMBL transcripts are used. There are 373 variants
in the dataset for which this or similar behaviour occurs, but it is not at all clear why ANNOVAR
would behave in this way for these variants. See Figure 2.2 for an explanation of the elements of
Ensembl Web Browser images.

is inspected in the UCSC Web Browser (Figure 2.11, bottom), then one sees that there are
five REFSEQ transcripts available at this position that, if used, would give an annotation
of “nonsynonymous”. Thus it looks like both annotations are reasonable based on the
transcripts used, although this is not clear from looking only at the (archived version 69)
Ensembl Web Browser.

The variant 17:38064469_T_C provides a final example of different transcript structures
giving rise to different annotations. Here, the variant is annotated as intronic when using
REFSEQ transcripts and as synonymous when using ENSEMBL transcripts. At this position
in the genome there are two REFSEQ transcripts and several more ENSEMBL transcripts
that share structure and have an intron. There is one ENSEMBL transcript that has coding
sequence at this position, and this is the one used by ANNOVAR for the ENSEMBL-based

annotation. Given the transcripts used, both annotations look valid.
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Position of variant: 11:104761100_T_C
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Figure 2.11: Browser Image: REFSEQ nonsynonymous, ENSEMBL splicing. For this variant,
11:104761100_T_C, the reason for the different annotations from REFSEQ and ENSEMBL is not ap-
parent from looking at the Ensembl Web Browser image (top). At this position in the genome there
are multiple ENSEMBL transcripts with the same structure and one REFSEQ transcript that matches
them (at least in this region shown). The “splicing” annotation given by the ENSEMBL transcript
looks correct. Looking at the REFSEQ transcript, the nonsynonymous annotation looks incorrect.
However, inspecting this variant in the UCSC Web Browser (bottom) reveals that there are five
REFSEQ transcripts available at this position that, if used, would give an annotation of “nonsynony-
mous”. Thus it looks like both annotations are reasonable based on the transcripts used, although
this is not clear from looking only at the (archived version 69) Ensembl Web Browser. See Figure 2.2
for an explanation of the elements of Ensembl Web Browser images.
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Position of variant: 17:38064469_T_C

Transcript used for

Ensembl-based annotation
ENST00000394179
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Figure 2.12: Browser Image: REFSEQ intronic, ENSEMBL frameshift deletion. For this variant,
17:38064469_T_C, the different annotations from REFSEQ and ENSEMBL are again due to the use
of transcripts with different structures. At this position in the genome there are two REFSEQ tran-
scripts and several more ENSEMBL transcripts that share structure and have an intron. There is one
ENSEMBL transcript that has coding sequence at this position, and this is the one used by ANNO-
VAR for the ENSEMBL-based annotation. Given the transcripts used, both annotations look “correct”
here. See Figure 2.2 for an explanation of the elements of Ensembl Web Browser images.
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2.3.2 Same transcript set, different annotation tools

I also investigate the extent to which using different software tools influences the final an-
notations. Here I compare annotations from ANNOVAR and VEP using the ENSEMBL tran-
script set, focusing on exonic annotation categories. I look at the rate of “exactly matching”
annotations and the rate of “category matching” annotations. I refer to an exact match
when the annotations from both software tools are exactly equivalent given the annotation
terms used by the two tools, for example both tools annotate a variant as “frameshift”.
By “category match”, I mean that annotations from both software tools are in the same
higher-level category of “LoF”, “Missense” or “Synonymous and other coding” (with cat-
egories defined in Table 2.2). So if a variant received an annotation of “frameshift” from
one tool and “stop gain” from the other, I would designate this as a “category match” as
both are LoF annotations. Overall, there is only a small difference in matching rates when
considering category matches as opposed to exact matches, with category matching rates
approximately 1% higher than exact matching rates (Table 2.6).

In total, 637,841 variants were given exonic annotations by either ANNOVAR or VEP
(Table 2.6). Of these, 551,983 (86.5%) had exactly matching annotations from the two tools
and 556,387 (87.2%) have category matching annotations. However, the match rate is sub-
stantially lower (65% for exact matches, 66% for category matches) for LoF annotations
(Table 2.6). We observe that 89% of exonic variants from VEP get an exactly matching
annotation from ANNOVAR and 96% of exonic variants according to ANNOVAR get an ex-
actly matching annotation from VEP. These percentages of agreement should not be taken
to show that ANNOVAR is “more accurate” than VEP—the difference between the tools for
exonic variants is driven by the larger number of “splicing” annotations from VEP, which
is due to a difference in the definition of a splicing variant used by the two tools.

Considering all annotation categories for VEP and ANNOVAR annotations shows a sub-
stantial amount of disagreement in annotations from the two tools, even when using the
same transcripts (Figures 2.13 & 2.14). The heatmaps in Figures 2.13 & 2.14 represent the
normalized counts for each combination of VEP and ANNOVAR annotation. The ANNO-
VAR- and VEP-normalized counts were computed in an analogous fashion to the compu-
tation of the REFSEQ- and ENSEMBL-normalized counts in the transcript set comparison
above. For an annotation term category under consideration for one software tool, counts
across all categories from the other software tool are mean-centered and divided by the
standard deviation, giving normalized counts that indicate, for a given annotation term for
a given software tool, the relative breakdown of annotations from the other software tool.
Ideally, one would like to see, for example, that all variants called “synonymous” by VEP
are also annotated as “synonymous” by ANNOVAR and vice-versa. We would like to see

agreement in annotations across all categories. ANNOVAR-normalized values (Figure 2.13)
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Table 2.6: Same transcript set, different software: This table summarises the number of annota-
tions that match between the ANNOVAR and VEP results for each exonic category of annotation.
Columns one to five show the number of variants given each type of annotation by either AN-
NOVAR or VEP (“ANV+VEP”; union), by ANNOVAR (“ANV”) and VEP (“VEP”), the number of
variants that have exact matching annotations (i.e. exactly the same annotation from both tools;
intersection), and category-matching annotations (i.e. annotations from the two tools in the same
high-level category—LoF, Missense, Synonymous and Other Coding—even if not an exact match).
Columns six and seven show the match rate for each tool, which gives the percentage of match-
ing annotations for an annotation term from ANNOVAR and VEP, respectively, relative to the total
number of annotations in the category from the particular software tool. Column eight gives the
percentage of variants with annotations from ANNOVAR and VEP in the same high-level category
(“Overall Category Match Rate”). Column nine shows the “Overall Exact Match Rate”, which is
the percentage of the variants with an annotation from either ANNOVAR or VEP (“ANV+VEP”)
that have an exactly matching annotation from the two tools. Here, the specific annotations from
equivalent terms for ANNOVAR and VEP have been aggregated to enable the comparison (see Sup-
plementary Table 4). The final three rows of the table show aggregate counts and match rates for
all loss-of-function categories, all LoF and missense categories and all exonic categories, respec-
tively. Note that the “all splicing” category for VEP includes 5,011 “splice acceptor” variants, 8,544
“splice donor” variants and 49,298 more general “splice region” variants. ANNOVAR, in contrast,
only has one general “splicing” category, and does not distinguish between acceptor, donor and
other splicing variants.

ANV ANV VEP Exact Category ANV VEP  Overall Overall

+ Match Match Match Match Cate- Exact
VEP Rate Rate gory Match
(%) (%) Match Rate
Rate (%)
(%)
LOF Total 104915 77527 96761 68284 69373 88.08 7057 66.12  65.09
frameshift 19021 15822 16685 13486 - 8524 8083 - 70.90
stop gained 16758 14960 16146 14348 - 9591 88.86 - 85.62
stop lost 1113 906 1077 870 - 96.03 80.78 - 7817
all splicing 69112 45839 62853 39580 - 8635 6297 - 5727
MISSENSE Total 350806 324242 347752 318056 321188 98.09 9146 9156  90.66
inframe indel 9455 8650 6600 5795 - 6699 87.80 - 61.29
missense 343284 315592 339953 312261 - 9894 9185 - 90.96
initiator codon 1199 0 1199 0 - - 0.00 - 0.00
SYNONYMOUS and
OTHER CODING Total 182120 172463 175483 165643 165826 96.05 9439  91.05 90.95
synonymous 181873 172463 175053 165643 - 96.05 94.62 - 91.08
stop retained 203 0 203 0 - - 0.00 - 0.00
other coding 227 0 227 0 - - 0.00 - 0.00
ALL LOF 104915 77527 96761 68284 69373  88.08 70.57 66.12  65.09
ALL LOF and MISSENSE 455721 401769 444513 386340 390561 96.16 86.91 85.70 84.78
ALL EXONIC 637841 574232 619996 551983 556387 96.13 89.03 8723  86.54

indicate generally good agreement of ANNOVAR annotations with VEP annotations. Nev-
ertheless, there are substantial numbers of variants receiving differing annotations from
the two tools across all categories of variants. The VEP-normalized values (Figure 2.14)
confirm this view.

Relatively lower concordance is observed for intergenic, intronic, miRNA and splic-

ing variants. Even in well-defined categories such as nonsynonymous (missense) and
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frameshift, there is a large amount of disagreement in annotations between the two tools.
There were no significant differences in annotation agreement rates across different variant

frequencies (Table 2.7).
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Figure 2.13: ANNOVAR-normalized heatmap: This heatmap shows scaled numbers of variants
for all different combinations of categories of annotations when using the VEP annotation tool
(rows) and the ANNOVAR software (columns), with the ENSEMBL transcript set. The values (log10
of the count of variants with that combination of annotations from the two tools, with an offset of
1 applied; see Supplementary Table 2 for raw counts) are Z-scaled (mean-centred, divided by stan-
dard deviation) by column (i.e. standardising ANNOVAR annotations). The key above the heatmap
shows the values indicated by different colours. ANNOVAR annotation categories are ordered sim-
ilarly to Table 2.6, but with all categories of annotation represented in loosely decreasing order of
severity, and VEP categories are ordered to correspond (as far as possible) with their matching
ANNOVAR categories. This column-normalized heatmap allows us to see which categories of an-
notation are overrepresented (relative to the total number of variants in the column/category) in
the VEP annotations for each category (i.e. column) of ANNOVAR annotation. Contrast this figure
with Figure 2.14 and compare with Supplementary Table 2, which provides the counts used for this
heatmap.

To characterise the sorts of apparent errors or inconsistencies that commonly emerge in
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Figure 2.14: VEP-normalized heatmap: This heatmap shows scaled numbers of variants for all
different combinations of categories of annotations when using the VEP annotation tool (rows) and
the ANNOVAR software (columns), with the ENSEMBL database. The values (log10 of the count of
variants with that combination of annotations from the two tools, with an offset of 1 applied; see
Supplementary Table 2 for raw counts) are Z-scaled (mean-centred, divided by standard deviation)
by row (i.e. standardising VEP annotations). The key above the heatmap shows the values indi-
cated by different colours. Categories are ordered as per Figure 4. This row-normalized heatmap
allows us to see which categories of annotation are overrepresented (relative to the total number
of variants in the row/category) in the ANNOVAR annotations for each category (i.e. row) of VEP
annotation. Contrast this figure with Figure 4 and compare with Supplementary Table 2, which
provides the counts used for this heatmap.

annotation by ANNOVAR and VEP, I investigate cases for which annotations from ANNO-
VAR and VEP disagree. Although it is counter-intuitive (since the annotations were based
on the same set of transcripts), ANNOVAR and VEP do not always use the same transcript
for the annotation of a variant. This is a result of the interaction of different annotation
categories, different precedence rules and the fact (for this study) of reporting only one

consequence for each variant.
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MAF Range Total Matching Match Rate

0-1% 67327521 61819362 91.82
1-5% 5802063 5308312 91.49
5-10% 1656880 1510709 91.18
10+% 6209280 5667996 91.28

Table 2.7: Same transcript set, different software: This table summarises the number of anno-
tations that match between the ANNOVAR and VEP results for different ranges of minor allele
frequency (MAF). The match rates across the different ranges of MAF are not substantially different
from the match rate across all variants.

I focus on loss-of-function variants—frameshift, stop-gain, stop-loss and splicing—as
they are currently of most interest in disease studies, and better than 90% agreement is
observed between ANNOVAR and VEP annotations for nonsynonymous and synonymous
variant categories (Table 2.6). Where possible (as in the case of splicing annotations), I dis-
cuss differences in annotation algorithms that are likely causes of differences in annotation,
but detailed information on annotation algorithms is not available for ANNOVAR or VEP,
even in online documentation (Wang, 2013; Ensembl, 2013c). The numbers of variants that
are given a particular annotation by ANNOVAR and not VEP, and vice versa, are inspected,
as are the categories that most frequently feature amongst the “disagreeing” annotations.
Further, I examine (in the ENSEMBL Web Browser; browser results not shown) some spe-
cific examples of variants with disagreeing annotations to try to characterise the causes
of some of the differences in annotations from ANNOVAR and VEP. When characterising
differences and apparent errors in annotation, I focus particularly on variants for which it
is known ANNOVAR and VEP used the same transcript as the basis for annotation. These
cases are better able to give us insight into the different characteristics of the differing an-

notations.

2.3.2.1 Frameshift variants

ANNOVAR annotates 15,822 variants as “frameshift”, of which 13,486 (85%) also receive
a “frameshift” annotation from VEP (Table 2.6). This leaves 2,336 variants annotated as
“frameshift” by ANNOVAR that get a different annotation from VEP. Of these, both tools
used the same transcript for 2,015 variants and they used different transcripts for the re-
maining 321 variants (Table 2.8).

When matching transcripts were used, 905 of the 2,015 variants were annotated as “mis-
sense” by VEP, and 257 as “synonymous” (the two most common categories; Table 2.8a).
Remarkably, 54% of these variants are single nucleotide variants (data not shown), which
means that ANNOVAR annotates over 300 variants as frameshift despite them being SNVs,

so the ANNOVAR annotation is unequivocally incorrect for these variants. For the majority
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of these variants, however, it is not possible to say conclusively from manual inspection
whether the ANNOVAR or VEP annotation is correct.

There are some cases where neither tool seems to get the annotation correct. For ex-
ample, the variant 1:52499090_G_GGGTTCT is a 6bp insertion, so it seems that “inframe
insertion” would be the best annotation, but it is annotated as “frameshift” by ANNOVAR
and “missense” by VEP. From looking at specific examples it appears that only a tiny frac-
tion of variants get an incorrect annotation from both software tools.

There are 16,685 variants that VEP annotates as “frameshift”, of which 13,486 (81%) also
receive a “frameshift” annotation from ANNOVAR (Table 2.6). This leaves 3,199 variants
annotated as “frameshift” by VEP that get a different annotation from ANNOVAR. The
two tools used the same transcript for 1,300 of these variants and different transcripts for
the remaining 1,899 variants (Table 2.8b. All of the variants annotated as “frameshift” by
VEP are indels (not single nucleotide variants) and none are a multiple of three bases, so
VEP looks to be correctly identifying these variants as frameshift indels.

Several hundred variants get “nonframeshift”, “nonsynonymous” and “synonymous”
annotations from ANNOVAR, which are incompatible with the frameshift annotations from
VEP. When matching transcripts are used, 394 variants of the 1,300 variants are annotated
as “nonframeshift” by ANNOVAR, 437 as “stopgain” and 283 as “nonsynonymous” (Ta-
ble 2.8b). The “nonframeshift” and “nonsynonymous” annotations from ANNOVAR are
incompatible with the “frameshift” annotations from VEP and the “frameshift” annota-
tions seem reasonable, so ANNOVAR seems to give incorrect annotations for these variants.

The several hundred variants annotated as “stop-gain” by ANNOVAR and frameshift
by VEP provide an interesting case study. A stop-gain annotation is not necessarily in-
compatible with a frameshift annotation from VEP, as ANNOVAR inspects the transcript
produced by the insertion/deletion and sometimes finds that a stop codon is introduced
by the indel. Following its precedence rules, it then returns an annotation of stop-gain
rather than frameshift. The disagreement between annotations for such variants is thus
reasonable once one takes into account how the two tools report annotations. From look-
ing at specific examples it appears that only a small fraction of variants get an incorrect

annotation from both software tools.

2.3.2.2 Stop-gain variants

ANNOVAR annotates 14,960 variants as “stopgain” and 96% of these are annotated as “stop-
gain” by VEP too (Table 2.6). This leaves 612 variants that get different annotations from
VEP. The two tools use the same transcript to annotate 570 of these variants, and different
transcripts for the remaining 42 variants (Table 2.9).

When matching transcripts are used, 437 of the 570 variants with discrepant annota-

tions are given “frameshift” annotations by VEP. It was noted above that ANNOVAR's
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Table 2.8: Differences in annotations for variants annotated as frameshift by only one of ANNOVAR

or VEP.

Consequence Matching_Tx Mismatching_Tx

3_prime_UTR _variant 18 7

5_prime_UTR_variant 10 2

coding_sequence_variant 102 2

inframe_deletion 37 18

inframe_insertion 217 12 Consequence Matching_ Tx  Mismatching_Tx
initiator_codon_variant 8 1 . 0 16
intron_variant 9 33 downstream 0 2
missense_variant 905 39 intergenic 0 1115
nc_intron_variant 0 13 intronic 0 94
nc_splice_acceptor_variant 0 32 ncRNA_exonic 0 5
nc_splice_donor_variant 0 23 ncRNA_intronic 0 1
nc_splice_region_variant 5 11 nonframeshift 394 27
non_coding_exon_variant 24 4 nonsynonymous 283 12
splice_acceptor_variant 113 38 splicing 28 40
splice_donor_variant 178 58 stopgain 437 14
splice_region_variant 52 8 stoploss 25 0
stop_gained 74 4 synonymous 133 4
stop_lost 5 1 unknown 0 518
stop_retained_variant 1 0 UTR3 0 18
synonymous_variant 257 13 UTR5 0 33
upstream_gene_variant 0 2 TOTAL 1300 1899
TOTAL 2015 321

(b) ANNOVAR consequences for vari-
ants that were annotated as frameshift
variants by VEP but not ANNOVAR.

(a) VEP consequences for variants that were an-
notated as frameshift by ANNOVAR but not VEP.

precedence rules can lead it to give a “stopgain” annotation to an indel for which “frame-
shift” would otherwise be a reasonable annotation. Here too, all of the variants annotated
as “frameshift” by VEP seem to be genuine frameshift variants (as they are indels that are
not a multiple of 3bp in size). These discrepancies, therefore, reflect a difference in prece-
dence for reporting annotations, rather than a true difference between the annotation al-
gorithms, and the ANNOVAR annotation (assuming it correctly identifies introduced stop
codons) adds information of interest. There is a much smaller number of variants given
“missense” (77) and “synonymous” (39) annotations by VEP (Table 2.9a). Manual inspec-
tion in the ENSEMBL Genome Browser of ten of those discrepant variants on chromosome 1
shows that for eight of the ten “missense” (from VEP) variants, the VEP annotation looks
correct (for two variants neither annotation looks correct). Of the two given “synonymous”
annotations by VEP, the ANNOVAR annotation looks correct for one and the VEP anno-
tation looks correct for the other. For other variants with discrepant annotations, manual
inspection reveals that the VEP annotation looks correct more often than the ANNOVAR
annotation (data not shown).

VEP annotates 16,146 variants as “stop-gain” and 89% of these are also annotated as
“stopgain” by ANNOVAR (Table 2.6). Thus, 1,798 variants get different annotations from
ANNOVAR, of which the two tools used the same transcript for 225 variants and different
transcripts for 1,573 variants (with 91% of those getting an “intergenic” or “unknown”
annotation from ANNOVAR; Table 2.9b).

When matching transcripts are used, the breakdown of the ANNOVAR annotations for
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the 225 variants is 74 “frameshift”, 52 “nonframeshift”, 77 “nonsynonymous” and 22 “syn-
onymous” (Table 2.9b). Approximately 20% (30) of the “frameshift” or “nonframeshift”
(from ANNOVAR) variants are single nucleotide variants, so an annotation of “frameshift”
or “nonframeshift” cannot be correct. I conclude that these ANNOVAR annotations must
be a result of a software bug. For the remaining genuine indels, VEP finds a stop codon
introduced where ANNOVAR does not—these variants are difficult to assess by eye to de-
termine which annotation is correct. The “frameshift” and “nonframeshift” annotations
from ANNOVAR are reasonable, but if the VEP annotations are correct then annotating the
variants as “stop-gain” provides more useful information. Checking the 8 variants on chro-
mosome 1 given “nonsynonymous” or “synonymous” annotations by ANNOVAR indicates
that the VEP annotation is correct for 5 variants, and for the other 3 the correct annotation
was not possible to determine by visual inspection of the variant in the ENSEMBL Genome
Browser. For the remaining variants it is difficult to assess whether the ANNOVAR or VEP
annotation is better. Even after taking into account the differences in annotation caused
by different precedence rules, the stop-gain annotations from VEP look more reliable than

those from ANNOVAR.

Table 2.9: Differences in annotations for variants labelled as stop-gain by either ANNOVAR or VEP.

Consequence Matching_Tx  Mismatching_Tx
downstream 0 1
Consequence Matching_Tx  Mismatching_Tx frameshift 74 4
3_prime UTR_variant 0 2 intergenic 0 1271
frameshift_variant 437 14 intronic 0 31
inframe_insertion 7 0 ncRNA_exonic 0 2
intron_variant 0 1 nonframeshift 52 11
missense_variant 77 4 NONSynonymous 77 55
nc_intron_variant 0 6 splicing 0 3
nc_splice_region_variant 1 0 synonymous 22 33
non_coding_exon_variant 6 4 unknown 0 154
splice_acceptor_variant 2 4 upstream 0 1
splice_donor_variant 1 1 UTR3 0 4
synonymous_variant 39 6 UTR5 0 3
TOTAL 570 42 TOTAL 225 1573
(a) VEP consequences for variants annotated (b) ANNOVAR consequences for variants an-
as stop-gain by ANNOVAR but not VEP. notated as stop-gain by VEP but not ANNO-
VAR.

2.3.2.3 Stop-loss variants

There are only small numbers of variants that are annotated as “stop-loss” by ANNOVAR
and not by VEP, but almost all of these are annotated as “frameshift” by VEP. ANNOVAR
annotates 906 variants as “stop-loss” of which 870 are also annotated as “stop-loss” by VEP
(Table 2.6). Therefore, only 36 variants get different annotations from VEP, 30 of which
were annotated with the same transcript by both tools, and 6 of which were annotated
with different transcripts.

When matching transcripts are used, 25 of the 30 variants are given “frameshift” an-

notations by VEP (Supplementary Table 2.10a). These “frameshift” variants are all indeed
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indels that are not a multiple of three bases—as such, annotations of “frameshift” from
VEP are reasonable. Across a selection of 22 of the 30 variants, it seems that ANNOVAR
gives the best annotation for 8 variants, VEP gives the best annotation for 11 variants and
neither appears to give the best possible annotation for the remaining 3 variants. Thus,
for these variants there is a roughly even split between when the ANNOVAR and the VEP
annotation look better.

There are only 16 variants that are annotated as “stop-loss” by VEP and as some-
thing else by ANNOVAR when the two tools use the same transcript for annotation (Ta-
ble 2.10). VEP annotates 1,077 variants as “stop-loss”, of which 870 (81%) are also an-
notated as “stop-loss” by ANNOVAR (Table 2.6). That leaves 207 variants that are given
different anntoations by ANNOVAR. The two tools use the same transcript for only 16 of
these variants, using different transcripts for the other 191 (Table 2.10b). When matching
transcripts are used one therefore sees a negligibly small number of variants that are not
given a “stop-loss” annotation by ANNOVAR when they are annotated as “stop-loss” by
VEP. These results support the notion that VEP is doing an excellent job of annotating
“stop-loss” variants.

Table 2.10: Differences in annotations for variants labelled as stop-loss by either ANNOVAR or
VEP.

Consequence Matching_Tx  Mismatching_Tx
frameshift 5 1
Consequence Matching_Tx  Mismatching_Tx intergenic 0 40
3_prime_UTR_variant 1 0 intronic 0 17
frameshift_variant 25 0 nonframeshift 5 4
missense_variant 1 1 nonsynonymous 4 32
nc_intron_variant 0 3 splicing 0 2
non_coding_exon_variant 1 0 synonymous 2 14
splice_donor_variant 0 1 unknown 0 77
stop_retained_variant 2 0 UTR3 0 3
synonymous_variant 0 1 UTR5 0 1
TOTAL 30 6 TOTAL 16 191
(a) VEP consequences for variants annotated (b) ANNOVAR consequences for variants an-
as stop-loss by ANNOVAR but not VEP. notated as stop-loss by VEP but not ANNO-
VAR.

2.3.2.4 Splicing variants

The category (or categories) of splicing variants is a source of many differences in annota-
tions from different annotation software tools. Unlike most other categories of annotation,
there are still multiple notions in the field of what entails a “splicing” variant. ANNOVAR
defines just one broad category, “splicing”, for these variants: any variant within x-bp of a
splicing junction receives the annotation “splicing”. The value of x can be specified by the
user of ANNOVAR, and for the annotations here a broad definition of splicing was used, by
setting x = 6. In contrast, VEP uses three categories of splicing variant: (1) “splice donor

variant”, a splice variant that changes the 2-base region at the 5" end of an intron; (2) “splice
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acceptor variant”, a splice variant that changes the 2-base region at the 3" end of an intron,
and (3) “splice region variant”, a sequence variant in which a change has occurred within
the region of the splice site, either within 1-3 bases of the exon or 3-8 bases of the intron.
VEP thus gives more useful information, through its subcategories of “splicing” variants,
about the likely function of a variant.

Differences in annotation can also arise simply as a result of differing definitions of
what a “splicing” variant is, rather than any truly substantial differences in the algorithms
producing the annotations. I investigated these differences in annotation on variants where
both tools used the same transcript for annotation, and annotations did not match, that is,
a variant with a “splicing” annotation from ANNOVAR did not get an annotation of one of
“splice donor variant”, “splice acceptor variant” or “splice region variant”, or the inverse.

ANNOVAR annotates 45,839 variants as “splicing”, of which 86% receive a splicing an-
notation from VEP (Table 2.6). Of those 6,259 variants with differing annotations from
VEP, the two tools used the same transcript for 119 variants and different transcripts for
the remaining 6,140 variants. The major source of difference in splicing annotations is that
the overwhelming proportion of ANNOVAR “splicing” variants that receive non-splicing
annotations from VEP actually receive one of VEP’s three splicing annotations, but re-
ported as being in a non-coding transcript (Table 2.11a). This result suggests that VEP
does a better job at reporting when the transcript it uses for annotation is non-coding, but
that there may actually not be such a large degree of difference between splicing annota-
tions as appears initially.

VEP annotates 62,853 variants in one of its three “splicing” categories, of which 63%
are also annotated as “splicing” by ANNOVAR. Thus, there are 23,273 variants that are an-
notated as “splicing” by VEP and not by ANNOVAR. Of these, the two tools used the same
transcript for 3,540 variants (15%) and different transcripts for the other 19,733 variants.

When matching transcripts are used, 88% of the 3,540 variants are given “synonymous”
annotations by ANNOVAR (Table 2.11b). Looking closely in the ENSEMBL Web Browser at
20 of these “synonymous” (according to ANNOVAR) variants reveals them all to be anno-
tated as “splice region variant” by VEP, and all are in an exon, either in the first 3 bases (5’
end) or last 3 bases (3" end) of the exon. Thus, these annotation differences seem to be a
systematic result of differences in the annotation algorithms used by ANNOVAR and VEP,
and for these variants the VEP annotations look to be preferable.

These splicing variants highlight the combined effect of different definitions of splicing
variants and precedence rules that result in a splicing variant found in one transcript being

reported instead of a less “serious” variant seen in another transcript.
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Table 2.11: Differences in annotations for variants labelled as splicing by either ANNOVAR or VEP.

Consequence Matching_Tx  Mismatching_Tx
. 0 6
downstream 0 7
Consequence Matching_Tx  Mismatching_Tx frameshift 343 104
coding_sequence_variant 28 3 intergenic 0 153

frameshift_variant

28

40

intronic 0 13375

inframe_deletion 0 1 ncRNA_exonic 0 514
inframe_insertion 9 9 ncRNA_intronic 0 659
intergenic_variant 0 3 ncRNA_splicing 2 5
intron_variant 0 1 ncRNA_UTR3 0 51
missense_variant 1 21 ncRNA_UTR5 0 100
nc_intron_variant 0 2 nonframeshift 74 49
nc_splice_acceptor_variant 11 630 nonsynonymous 15 386
nc_splice_donor_variant 6 1169 stopgain 3 5
nc_splice_region_variant 36 4249 stoploss 0 1
non_coding_exon_variant 0 2 synonymous 3103 1020
stop_gained 0 3 unknown 0 125
stop_lost 0 2 upstream 0 24
upstream_gene_variant 0 5 UTR3 0 884
TOTAL 119 6140 UTR5 0 2265
(a) VEP consequences for variants annotated TOTAL 3540 19733

(b) ANNOVAR consequences for variants an-
notated as splicing by VEP but not ANNO-
VAR.

as splicing by ANNOVAR but not VEP.

2.4 Discussion

The results of the comparison of annotations obtained using REFSEQ and ENSEMBL tran-
script sets emphasise the importance of the choice of transcript set used for annotation.
Applying the same annotation software with different transcript sets saw a matching rate
of 44% for putative loss-of-function annotations. Through these results we see that the
choice of transcript set has a large effect on variant annotations, especially on variants of
most interest. In this study we used the “default” transcript sets provided by REFSEQ and
ENSEMBL. More selective choice of transcripts would alter the comparison results, and
could also improve annotation results in many practical settings.

Though not done here, transcript sets from REFSEQ and ENSEMBL (or other sources)
can be restricted to a subset of transcripts to exclude low confidence annotations. For
many applications, the cost of a false positive (following up an interesting variant in a
transcript that proves not to exist, not to be expressed, or similar) is higher than miss-
ing a possibly-relevant variant. In such cases, one would want to be very selective with
the choice of transcripts, providing more confidence in the relevance of variants that ob-
tain LoF or missense annotations. For example, excluding transcripts expected to undergo
nonsense-mediated decay would be sensible, since any consequence of a variant in such
a transcript is unlikely to be of functional importance or particular clinical or biological
interest. Making better use of information about canonical transcripts and consensus cod-
ing sequence, or demanding the highest-level of experimental support for a transcript to be
included in the set used for annotation could further increase confidence in variant annota-

tions. Projects like GENCODE aim to provide a carefully curated transcript set supported
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by experimental evidence (Harrow et al., 2006; Coffey et al., 2011; Derrien et al., 2012; Har-
row et al., 2012). As we improve the quality and precision of our transcript sets, so will
variant annotations improve.

Where a specific tissue of interest is known, annotation could be restricted to use only
the set of transcripts known to be expressed in that tissue. Defining a targeted set of tran-
scripts will not always be easy, but for sequencing studies where the cost of false positives
(e.g. through follow-up experiments) is high, and where information on the expression of
specific transcripts exists, a set of high-confidence transcripts tailored to the study at hand
may be preferable. Incorporating information about tissue-specific expression from, for
example, the GTEx (Lonsdale et al., 2013) and ENCODE projects should allow us to build
tissue-specific transcript sets, which may be of use for particular studies.

Through efforts such as GENCODE, GTEx, and ENCODE, as well as the ongoing work
to constantly improve the REFSEQ, ENSEMBL and UCSC databases, we may see annotation
results converge as (ideally tissue-specific) transcript sets align across different reposito-
ries. For the time being, though, large differences remain.

Variant annotation remains challenging for current software tools—differing choices
made in annotation packages on how to analyse, categorise and prioritise annotations for
a variant lead to differing annotations from different tools, even when using the same set of
transcripts as the basis for annotation. Differences in annotations from different software
tools (e.g. 64% overall agreement for LoF annotations) are not as large as those seen when
using different transcript sets (44% overall agreement for LoF annotations), and are often
caused by differences in the annotation categories defined by different tools. Nevertheless,
the extent of the differences seen shows that, again, careful consideration must be given
when choosing a software tool to make sure that it is well suited to the goals of the scientific
investigation.

Standardising definitions of variants across the field, to reduce the scope for apparent
differences in annotations returned by different software tools and to crystallise the (epis-
temic) meaning of terms used for annotations, could be of value. The Global Alliance for
Genomics and Health (GA4GH) project (GA4GH Project, 2015) could help to achieve this
goal. Although currently in its early stages, a Variant Annotation Task Team has been es-
tablished. This team is already working on the standardisation of annotation terms and
formats for reporting of annotations from software tools. The team may also undertake
systematic benchmarking of variant annotation approaches, extending the work discussed
here. In the results here, for example, differing definitions of splicing variants cause tens of
thousands of annotation differences. The Sequence Ontology Project (Eilbeck et al., 2005)
may help with this. Indeed, VEP and SNPEFF have now adopted SO terms for reporting
annotations, and we may hope that other software tools will follow suit. The SO terms

themselves likely need expansion and further refinement to ensure that the information
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that we would like to express about variant annotations can be expressed. However, with
interaction between the SO team and developers of annotation tools (possibly under the
umbrella of GA4GH) we should see the suitability of SO terms for summarising variant
annotations to continually improve.

It would be beneficial for phase information to be used in annotating variants in close
proximity, given the extent of “rescue” of LoF variants by nearby variants (MacArthur
et al.,, 2012). LoF rescue can occur when, for example, a frameshift insertion occurs and
then, shortly downstream another, in-phase, insertion or deletion occurs that restores the
transcript’s proper reading frame. Without phase information, one may conclude that both
variants are LoF variants. However, if when accounting for the phase information, it be-
comes apparent that the second variant “rescues” the first LoF variant, and the combined
consequence of the two variants is more akin to that of a missense variant, and one would
not see the function of the transcript lost. Variant phasing can be computationally expen-
sive, but for some applications could provide very useful information.

Currently, annotation tools typically do not associate any measure of uncertainty with
reported variant annotations. Such information could be useful for downstream analy-
sis, especially for consideration when allocating resources for follow-up experiments on
variants of interest. When a high level of certainty about the validity of an annotation is re-
quired, annotations could be obtained with two software tools and variants with differing
annotations could be flagged to be treated with caution. Information about variant fre-
quency is commonly used with variant annotations when prioritising interesting variants
for follow-up study. Resources like the 1000 Genomes Project (1000 Genomes Project Con-
sortium, 2010), Exome Variant Server (NHLBI GO Exome Sequencing Project (ESP), 2015)
and, most recently, the Exome Aggregation Consortium (EXAC) (Exome Aggregation Con-
sortium (ExAC), 2015) contain a great deal of information about variant frequency. It may
be possible to incorporate frequency information more formally into variant annotations.
EXAC may prove to be most useful for this purpose, given its explicit focus on linking
variants to function at a very large scale.

In the comparison of annotation tools here, I restricted each tool to report only the anno-
tation of most severe consequence for each variant. This was necessary to directly compare
ANNOVAR and VEP and to avoid comparisons becoming too unwieldy. However, VEP
and other annotation tools can (and often by default do) report annotations for all tran-
scripts, providing extra information that is often valuable. Adding this extra information,
as with utilising phase information or tissue-specific transcripts, increases the challenges
of data processing and interpretation by adding complexity to the treatment of variant an-
notation, but with good reason—this added complexity reflects the underlying biology, so
taking this information into account potentially adds significant value to analyses of DNA

variants.
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Our understanding of the human genome continues to improve rapidly as we gain a
better appreciation of the genome’s complexity. As a result, at some point we may see
the variant annotations from different approaches converge. For the time being, though,
we confront an epistemic challenge (determining the meaning or function of variants ob-
served) because our ontological foundations (knowledge and understanding of what all
sequences in the genome actually do) remain unresolved or unclear. Thus, the choices
of transcript set and software tool can have substantial effects on the annotation results
obtained, and from there, large effects on all downstream aspects of the analysis of whole-
genome and whole-exome data. Variant annotation is not yet a “plug-and-play” procedure
and should not be treated as such.

In addition to different variant annotation approaches (of which there are many more
than I have compared here), there are different sequencing technologies, read mappers
and variant callers. Each of these can potentially have substantial impact on the final vari-
ants and annotations obtained, but comparison of other sources of variation is beyond the
scope of this work. Interested readers may refer to systematic comparisons of other aspects
of the NGS pipeline, for example, comparisons of benchtop high-throughput sequencing
technologies (Loman et al., 2012), short-read mappers (Hatem et al., 2013), variant callers
(Yu & Sun, 2013) and variant-calling pipelines as a whole (Jason et al., 2013; Pabinger et al.,
2014).

I have aimed to highlight the impact on final annotation results that can arise from two
aspects of analyses of whole genome (or whole exome) sequence data, namely choice of
transcripts and choice of annotation software. While I am not advocating any particular
software or transcript set, I suggest researchers be aware of the impact of these choices and
tailor their decisions to suit the particular requirements of any given study. I hope these

comparisons may inform such decisions.
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2.5 Conclusions

This study quantified the extent of disparity in variant annotation when different transcript
sets and different software tools are used. This comparison of annotations for 80 million
human DNA variants revealed many substantial differences between annotations based
on different transcript sets and different software tools. The extent of differences in an-
notations was particularly large in annotation categories of most interest, namely putative
loss-of-function and nonsynonymous variants. I found many more variants with anno-
tations in interesting categories when using ENSEMBL transcripts compared with REFSEQ
transcripts only. If it is important not to miss potential loss-of-function variants, then there
are advantages to using ENSEMBL transcripts. If it is important to reduce false positives,
then a carefully curated set of transcripts tailored to the study at hand may be preferred.
Even when using the same transcript set, different annotation software packages can pro-
vide substantially different annotations.

There are variants with potentially severe effects that are identified with one method
and not another. We require consistent, accurate and reliable annotation of variants to
support the use of whole-genome and whole-exome sequencing in making diagnostic and
treatment decisions. The dependence of current annotation results on the set of transcripts
and software used can be managed, with sufficient care, in the research context. However,
more work is required to improve variant annotation for clinical use. The differences in
annotation due to choice of transcript set and software package quantified here should be
given due consideration when undertaking variant annotation in practice. Careful thought
needs to be given to the choice of transcript sets and software packages for variant anno-
tation in sequencing studies. As discussed, making blanket recommendations is difficult,
but from the comparisons of annotation approaches conducted in this chapter I would rec-
ommend the VEP software in preference to the ANNOVAR software, because: (1) detailed
investigation of discrepant annotations from the two packages revealed VEP to provide a
better annotation more often than ANNOVAR; and (2) VEP offers more refined variant an-
notation categories, particularly for splice variants, which is valuable in practice. Choice of
transcript set should be more study-specific, but for general research purposes when anno-
tating human genome data I would recommend the GENCODE set of transcripts (Harrow
etal., 2012), as it is very carefully curated and I think it strikes a good balance between sen-
sitivity (detecting potentially interesting annotations) and specificity (interesting annota-
tions are “real” or relevant to actual biology). The GENCODE set of transcripts is available

as a subset of the ENSEMBL transcripts.
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Chapter 3

Estimating the heritability of type 2
diabetes susceptibility using
whole-genome sequence data

“Man may be the captain of his fate, but he is also the victim of his blood sugar” —
Wilfrid Oakley (Oakley, 1962)

3.1 Background and introduction

This chapter and the next investigate the heritabilty of type 2 diabetes (T2D) and the rel-
ative contributions of different classes of genetic variant to explaining variance in suscep-
tibility to T2D. Linear mixed model (LMM) methods are applied to partition variance in
T2D susceptibility using whole-genome sequence data on a set of 2,700 individuals with
and without T2D. The chapter begins with an introduction to the study of T2D and an
overview of research into the genetics of T2D. I introduce the concept of heritability and
the use of LMMs in genetics and then discuss the datasets available for analysis. Specific
methods used for estimating heritability using LMMs are described and then I discuss the
implementation of the analysis, including quality control. In this chapter, I present the
results for estimating the heritabiity of T2D with a single variance component, and then
discuss the robustness of these results.

In the next chapter, I present the analyses using variance partitioning to investigate
the contribution of different classes of genetic variation to T2D. I describe the approach
taken for variant annotation for this study and introduce the methods that I use to assess
the relative importance of different classes of genetic variation to T2D susceptibility. The
results sections begin by presenting a streamlined version of the analysis that focuses on
presenting the key findings. I then replicate the key findings using a second, larger cohort

with imputed data. Following those results I present a section with detailed discussion of
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the robustness of the results to changes to many different modeling assumptions, including
permutation and other empirical testing results probing the behaviour of the models and
the significance of the results. Finally I check corresponding results in sub-populations of
the complete cohort.

The work presented in this and the next chapter was conducted as part of the Genetics
of Type 2 Diabetes (GoT2D) project. Assigning appropriate credit in a large collaborative
project like this can be complicated. The work presented here is primarily joint work be-
tween Loukas Moutsianas and myself, but utilises data from the GoT2D project prepared
by others. Broadly, all credit for ascertaining, sequencing, and genotyping individuals, in-
tegrating data across platforms, calling variants, applying quality control and integrating
genotypes into haplotypes goes to “the GoT2D project”—Loukas and I made use of the
“Integrated Panel” data (after QC) for our analyses. Kyle Gaulton was responsible for the
annotation of variants, as described in Section 4.2. He also provided us with the imputed
data where variants from the 1000 Genomes Project (1000 Genomes Project Consortium,
2010; Consortium et al., 2012) were used as the reference panel.

Loukas Moutsianas and I planned, discussed and interpreted analyses and results to-
gether, but there was a broad split in our contributions. Loukas was primarily responsible
for organising and managing the genotype data and generating lists of annotated variants
that define the classes of variants that used across analyses. Loukas also generated the
imputed data using GoT2D as the reference panel and imputing variants into a larger UK
cohort (see Section 3.2.5). I was responsible for the statistical analyses, running the linear
mixed model software, compiling results, deriving necessary theoretical results, comput-
ing enrichment scores, and plotting results and producing display items. I wrote up the
chapters presented here, with advice from Loukas on structure and content. Loukas did,
however, also run statistical analyses using only SNPs passing quality control in the first
Wellcome Trust Case-Control Consortium study and using genotype dosages rather than
hard calls. Conscious attempt is made below to give appropriate credit for contributions,
especially when contributions differ from the schema described here. When the term “1” is
used below, it should be taken to include contributions from Loukas as above. I will try to

be specific when others deserve credit.

3.1.1 Introduction to the study of type 2 diabetes

Diabetes mellitus (diabetes) is a group of metabolic diseases characterised by inadequate
production or utilisation of the hormone insulin resulting in high blood sugar levels (hy-
perglycaemia) persisting over a prolonged period. Insulin regulates how the body uses
and stores glucose and fat. Crucially for diabetes, insulin signals to the body’s cells for
them to take in glucose and use it as energy (Figure 3.1). If insufficient insulin is produced,

or if cells become resistant to insulin, glucose is not taken up from the blood resulting in
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prolonged high blood glucose levels. In the final decade of the nineteenth century, Oskar
Minkowski and Joseph von Mering identified the crucial role of the pancreas in diabetes,
when they discovered that removing the pancreas caused diabetes in dogs (von Mering &
Minkowski, 1889, 1890; Minkowski, 1893). In the early 1920s, Frederick Banting, Charles
Best, John MacLeod and Bertram Collip discovered that insulin was the critical product
of the pancreas by isolating the hormone and demonstrating its efficacy as a treatment on
diabetic dogs and rabbits (Banting et al., 1922a,b, 1923; Banting & Gairns, 1924). Banting
and MacLeod were awarded the 1923 Nobel Prize in Physiology and Medicine “for the
discovery of insulin” (Nobel Media AB, 2014). Since the first successful insulin treatment
for human diabetes, administered to 14-year-old Leonard Thompson in Toronto in 1922
(Banting et al., 1922a), the production of synthetic insulin and its use has saved the lives
of millions of people with diabetes. Nevertheless, the full aetiologies of the major forms of
diabetes confound us to this day.

The different types of diabetes differ with respect to how insulin production or sensi-
tivity, or both, are compromised. There are three main types of diabetes (type 1, type 2
and gestational) and many rarer types, such as various forms of maturity-onset diabetes
of the young (MODY) and other monogenic disorders. Type 1 diabetes (T1D) is caused by
an absolute deficiency of insulin secretion, often identified by evidence of an autoimmune
pathologic process occurring in the pancreatic islets (American Diabetes Association, 2010).
Typically, T1D occurs in children or young adults, although it can affect people of any
age (International Diabetes Federation, 2013). T2D, in contrast, features insulin resistance,
when the cells of the body no longer respond properly to insulin, usually combined with
relative (rather than absolute) insulin deficiency (American Diabetes Association, 2010).
The specific aetiology of T2D is not fully understood, and there are probably many forms
of this disease. Indeed, T2D is in a sense a catch-all category for diabetes that does not fea-
ture autoimmune destruction of B-cells (as in T1D), present during pregnancy (gestational
diabetes) or have the genetic and phenotypic hallmarks of a form of MODY or monogenic
diabetes. (American Diabetes Association, 2010). Gestational diabetes features insulin re-
sistance and glucose intolerance similar to T2D, but arises in women during pregnancy and
entails risks for both mother and child (International Diabetes Federation, 2013). MODY
denotes many hereditary forms of diabetes, typically characterised by an autosomal dom-
inant mode of inheritance (Fajans et al., 2001). As such, the forms of MODY are sometimes
referred to as “monogenic” forms of diabetes.

Despite our knowledge for almost a century of the link between insulin and diabetes ,
the incidence of diabetes worldwide has increased dramatically over the last hundred years
due to changes in diet and lifestyle (Zimmet et al., 2001). Today approximately 350 million
people are afflicted with the disease (International Diabetes Federation (2013) estimates

382 million people; World Health Organisation (2014) estimates 347 million), with almost
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Figure 3.1: Insulin production and action. This figure provides an overview of metabolic inter-
actions between the pancreas, liver and tissue cells that influence blood glucose levels. The pan-
creas produces the hormones insulin and glucagon. Both hormones affect formation and storage
of glucose in the liver. Glucagon stimulates the breakdown of glycogen into glucose, raising blood
glucose levels. High blood glucose then promotes insulin release in the pancreas. Insulin release
stimulates formation of glycogen from glucose in the liver, and also stimulates glucose update from
blood in tissue cells. Both of these processes lower blood glucose. Low blood glucose levels then
promote glucagon release from the pancreas. If the pancreas produces insufficient insulin, or if tis-
sue cells no longer respond properly to insulin and do not take up glucose appriopriately, then this
can lead to chronic high blood glucose levels and diabetes. Reproduced with permission, courtesy
International Diabetes Federation (2013).

half of these people remaining undiagnosed (International Diabetes Federation, 2013). All
types of diabetes are increasing, T2D particularly, and the number of people living with
diabetes is expected to rise to approximately 600 million by 2035 (International Diabetes
Federation, 2013). In both human and financial terms, the burden of diabetes is immense.
The International Diabetes Federation (2013) estimates that in 2013 diabetes cost US$548
billion in health spending (11% of the total spent worldwide) and caused 5.1 million deaths.
Worldwide, 6% of deaths are caused by high blood glucose (Mathers et al., 2009). More
than 80% of deaths from diabetes occur in low- and middle-income countries (Mathers &
Loncar, 2006).

Of all the types of diabetes, T2D is by far the most prevalent, accounting for approxi-
mately 90% of all diabetes cases (World Health Organisation, 2014). Increasingly, across the
world, children and adolescents are being diagnosed with T2D, previously considered a
lifestyle disease of adults (Fazeli Farsani et al., 2013). T2D afflicts many people in develop-
ing countries and vulnerable populations, with particularly high prevalence rates among

indigenous peoples of Australia, North and Central America and people in Mauritius, In-
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dia, China and the island nations of the Western Pacific (International Diabetes Federation,
2013). A chronic disease, T2D can be managed effectively where healthcare services are
adequate. Where they are not, T2D sufferers face a higher risk for the worst complications
of the disease: cardiovascular illness, kidney disease, eye disease, nerve damage (which
can lead to limb amputation), pregnancy complications, coma and death (International Di-
abetes Federation, 2013).

Tackling diabetes represents a daunting global health challenge, and our failure to un-
derstand the pathophysiology of T2D frustrates efforts to prevent and cure the disease
(McCarthy, 2010). Genetics gives us another lens (along with epidemiology, physiology,
molecular biology and clinical practice) through which to examine T2D. It is hoped that
improving understanding of how genomic variation influences variation in T2D predispo-
sition will provide clues to the processes involved in disease pathogenesis. Here, I address

some of the challenges of developing a better understanding of the genetics of T2D.

3.1.2 The genetics of type 2 diabetes: an overview

T2D, in the public consciousness, is often seen as a lifestyle disease. The links between
obesity, physical activity and T2D are well known and well publicised, while genetic in-
fluences on the disease are often overlooked. However, the simple observation that there
are many obese people who do not have T2D and many non-obese people who do, shows
that there is much more involved in the aetiology of T2D than just obesity, and allows for
a substantial contribution from genetics (Frayling, 2007). Certainly, by the 1930s the idea
that diabetes was at least partly heritable had been well established (Allan, 1933; Pincus &
White, 1933, 1934a,b; Levit & Pessikova, 1934; White et al., 1934). This was driven by the
observation of concurrence of diabetes in twins (Curtis, 1929, for example) and increased
risk of diabetes in relatives of diabetic patients compared with a control population.
Available technologies limited the identification of causal, or markers for causal, vari-
ants until the 1980s when family-based linkage and candidate gene assocation studies be-
came mainstream techniques (see Lander & Schork, 1994, for an overview). Since then,

discovery of causal genes for diabetes has followed three main waves (McCarthy, 2010):

1. Family-based linkage analyses;

2. Tests of association for candidate genes; and

3. Systematic large-scale surveys of association between common DNA variants and
disease (following the advent of the GWAS).

The field is now, possibly, entering a fourth wave in which relatively inexpensive whole-
genome and whole-exome sequencing enables association studies on the full catalogue of
genetic variation (or of coding variation in the case of whole-exome sequencing), extending

GWAS to now include low-frequency, rare and structural variation.

67



Significant breakthroughs in diabetes genetics were made with family-based linkage
analyses and candidate gene studies, which proved effective in identifying genes respon-
sible for extreme forms of diabetes segregating as monogenic (Mendelian) disorders (Mc-
Carthy, 2010). For several distinct, familial forms of diabetes that did not have autoimmune
characteristics, researchers characterised genes in which specific mutations are believed to
cause the disease (see Waterfield & Gloyn, 2008). These discoveries yielded insights into
processes for maintenance of normal blood glucose levels, energy balance, and the inner
workings of the pancreatic f-cell and the hypothalamus. For many families, identifica-
tion of the monogenic basis for disease improved their diagnostic and therapeutic options.
However, attempts to apply similar approaches to families in which common forms of
diabetes were segregating proved to be largely unrewarding (McCarthy, 2010).

An alternative approach to linkage studies, with different advantages and disadvan-
tages, was to test association between genetic variants and disease status in unrelated
individuals with and without diabetes. These tests of association are intrinsically more
powerful than linkage studies, but signals of association are limited to variants that are
directly assayed, or tagged by (correlated with) variants assayed (McCarthy, 2010). De-
pending on the technology used, assayed and tagged variants could include just a single
locus or a substantial fraction of the genome. Prior to the cheap chip-based genotyping
that enabled GWAS, researchers were limited to testing association for specific candidate
variants or genes of interest.

The candidate gene approach, based on prior knowledge from biological and pharma-
cological studies of protein function, animal models, monogenic or syndromic forms of
the disease and positional information from linkage studies, uncovered a small number
of genuine susceptibility variants. The first unequivocal evidence for common variants
involved in T2D (Frayling, 2007) came from candidate gene studies: the E23K variant in
KCNJ11 (Nielsen et al., 2003; Gloyn et al., 2003; Florez et al., 2004), the P12A variant in
PPARG (Altshuler et al., 2000), and common variation in TCF2 (Gudmundsson et al., 2007;
Winckler et al., 2007) and WFS1 (Sandhu et al., 2007). Each of these genes advanced un-
derstanding of known biology and drug treatments, as well as yielding new avenues of
inquiry into biological processes underpinning T2D. For example, sulfonylureas and thi-
azolidinediones are classes of therapeutic agents widely and long-used in diabetes man-
agement. The prior knowledge of the targets of these agents led to the study of KCNJ11,
which encodes a protein target for sulfonylureas, and PPARG, which encodes a protein
target for thiazolidinediones, in candidate gene studies (Pacanowski et al., 2008). KCNJ11
(potassium inwardly-rectifying channel, subfamily ], member 11) encodes the inwardly
rectifying potassium channel (Kir6.2) subunit of the pancreatic B-cell ATP-sensitive potas-
sium (Karp) channel (which controls insulin secretion). PPARG (peroxisome proliferator-

activated receptor-7) is a transcription factor involved in adipocyte differentiation. On the
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whole, though, candidate-based tests of association were not very successful, hampered
by lack of power (driven both by small sample size and lower than expected effect sizes)
or focused on inappropriate candidates (Hattersley & McCarthy, 2005). A new approach
was needed, which came in the form of genome-wide association studies.

A first proof of concept for the genome-wide association approach in T2D came through
the identification of a T2D risk variant in TCF7L2. Grant et al. (2006) discovered this associ-
ation by genotyping 228 microsatellite loci in Icelandic individuals with and without T2D,
in a previously reported 10.5Mb linkage region on chromosome 10. This association pro-
vided indirect evidence that suggested GWAS could work and be valuable, because: (1) the
variant found did not explain the linkage signal, indicating that association testing could
tind signals independent of those found by linkage approaches; and (2) the associated
gene, TCF7L2, would not have been linked to T2D through candidate gene approaches.
TCF7L2 was a completely unexpected gene—it encodes a transcription factor expressed in
the foetal pancreas and involved in the WNT signaling pathway—and no previous con-
nection between the gene and T2D had been made, so it would not have been studied as a
candidate gene (Frayling, 2007). The association in TCF7L2 remains the strongest genome-
wide signal for T2D even after many subsequent GWAS investigating T2D.

In 2007, the year following the TCF7L2 discovery, six papers from five separate GWAS
collectively identified six new loci associated with T2D (WTCCC, 2007; Sladek et al., 2007;
Diabetes Genetics Initiative, 2007; Scott et al., 2007; Steinthorsdottir et al., 2007; Zeggini et
al., 2007). In a study of obesity, Frayling et al. (2007) found that the FTO locus, which had
just been associated with T2D, was also associated with body mass index (BMI). The six

GWAS loci discovered in 2007 were (with descriptions from Frayling, 2007):

CDKAL1: CDK5 regulatory subunit associated protein 1-like; highly expressed in human
islets; shares sequence with CDK5RAPI, a known inhibitor of CDK5 (implicated in
reduced B-cell function) activation; association between CDKALI risk allele and re-
duced insulin secretion;

CDKN2A-CDKN2B: cyclin-dependent kinase inhibitor genes; CDKN2A encodes p16INK,
overexpression of which leads to decreased islet proliferation in ageing mice;

FTO: fat-mass and obesity associated gene; expressed in the hypothalamus;

HHEX-IDE: haematopoietically expressed homebox-insulin degrading enzyme; encodes a
transcription factor with a key role in pancreatic development and a target of TCF7L2;

IGF2BP2: insulin-like growth factor 2 mRNA-binding protein 2; binds to IGFII and is ex-
pressed in the pancreatic islet

SLC30AS8: a zinc transporter that is expressed in the B-cell.

These six loci cover a potentially wide range of physiology, with genes expressed from

pancreatic islets (perhaps expected) to the hypothalamus (probably less so). Of these six
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GWAS loci, only the SLC30A8 variant (non-synonymous, changing an arginine to a tryp-
tophan) has an obvious functional implication. That the remaining five fell outside coding
regions is typical of what was to follow in subsequent GWAS across all traits. A GWAS
SNP is likely just a tag for causative variants, so most associated loci do not have an ob-
vious mechanism to affect protein function, necessitating fine-mapping of associated re-
gions and substantial downstream functional work. Even with such work being done,
most associated loci elude complete functional characterisation (Hindorff et al., 2009). In-
deed, the example of SLC30A8 itself neatly encapsulates the challenge. Previous functional
studies, including mouse knockouts, were inconclusive in determining the physiology un-
derpinning the assocation, and it took genotyping of loss-of-function mutations in 150,000
individuals across several populations to provide strong evidence that SLC30A8 haploin-
sufficiency protects against T2D (Flannick et al., 2014).

About 80 loci have now been associated with T2D across the genome, from 39 stud-
ies recorded in the NHGRI GWAS Catalog (Welter et al., 2014a) up to the end of June
2013 (Morris et al., 2012; DIAbetes Genetics Replication And Meta-analysis (DIAGRAM)
Consortium et al., 2014). Whereas early GWAS studied individuals of European descent,
subsequent studies broadened their reach to include people of Native American, Mexican,
African, South and East Asian descent. Large consortia have succeeded in sharing data
across studies and countries to conduct trans-ancestry meta-analyses, revealing shared
and novel loci for T2D risk in different populations (see DIAbetes Genetics Replication
And Meta-analysis (DIAGRAM) Consortium et al., 2014, for the most recent, and largest,
example). Details of the many recent T2D GWAS are too extensive to be presented here,
but recent reviews by Kahn et al. (2014), Hivert et al. (2014), Hara et al. (2014), and Grarup
et al. (2014) provide a survey for the interested reader of the current understanding of the
genetic architecture and pathophysiology of T2D, as well as coverage of the now sizeable
literature in this area.

The success of GWAS for T2D underlined the genetic complexity of the disease, but
also highlighted how much remains to be discovered. One outstanding question for the
genetic architecture of diabetes—as for most common traits—regards so-called “missing
heritability” (Maher, 2008; Manolio et al., 2009; Eichler et al., 2010). Heritability estimates
for T2D, which I will discuss further below, range from 30% to 70% in twin- and family-
based studies (Poulsen et al., 1999; Almgren et al., 2011). However, the common genetic
variants discovered through GWAS each impose only a modest risk increment for T2D
and in total explain less than 10% of the variance in T2D risk. The question of where the
heritability “missing” between estimates from GWAS loci and family studies resides has
been a point of much discussion in the literature. Debate continues about the potential
roles of rare variants, epistasis (interactions), parent-of-origin effects, and the collective

effect of large numbers of common SNPs, and the best ways to attempt to resolve these
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questions (Makowsky et al., 2011; Zuk et al., 2012, 2014; Hunt et al., 2013; Zaitlen & Kraft,
2012; Mott et al., 2014; Bloom et al., 2013). As an alternative to the family- and associated
variant-based approaches to estimating heritability, Yang et al. (2010a) demonstrated the
utility of variance components analysis using LMMs to obtain estimates of heritability from
chip-genotype data in unrelated individuals.

The strength of the LMM approach comes from being able to consider all variants as-
sayed as contributing to trait variance, rather than only computing variance explained
from variants that reached very stringent thresholds for evidence of genome-wide assoca-
tion. The success of these methods, which I discuss in much greater detail below, motivates
the use of variance components analysis with LMMs to investigate further the genetic ar-
chitecture of T2D using the near-complete catalogue of genetic variation available from the

GoT2D project. I will use these models to try to answer two questions:

1. How much do variants across the allele-frequency spectrum contribute to variance
in T2D risk?
2. How much do variants in different functional classes contribute to variance in T2D

risk?

Answers to these questions could have useful implications for the interpretation of associ-

ated variants and the design of future studies on the genetics of T2D.

3.1.3 Heritability and linear mixed models in genetics

The above summary of the study of genetics in T2D introduced us to a crucial concept in
genetics: heritability. This concept is used (among other applications) to help understand
the genetic component of risk to disease, independently of known environmental risk fac-
tors.

Heritability is the proportion of total variance in a population for a particular measure-
ment (among comparable individuals) that is attributable to variation in genetic values
(Visscher et al., 2008). In defining heritability, one refers to additive and non-additive genetic
values. The additive genetic value (or breeding value) is defined as the sum of the average
effects of parents” alleles that give rise to the mean genotypic value of their progeny (Viss-
cher et al., 2008). The genotypic value for a polygenic trait is defined as the mean pheno-
typic value of all those individuals with that genotype in the population. Breeding values
can be measured even when the average effects of individual loci cannot, a fact crucial for
agricultural and livestock genetics. The individual average allelic effects (or additive ef-
fects) across loci are treated as independent of each other. The non-additive (or interaction)
genetic value, in contrast, is an aggregate effect that is not simply the sum of the individual
additive effects taken in isolation. Non-additive effects include dominance (interactions

within a locus) and epistatic (interactions between loci) effects. Two easily confused types
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of heritability are used: “narrow-sense” heritability (or just heritability, h?), the proportion
of total variance in a population for a particular measurement that is attributable to varia-
tion in additive genetic values, and “broad-sense” heritability (H?), the proportion of total
variance attributable to variation in total genetic values (including dominance and epistatic
effects). To define these terms formally, I follow the treatment by Visscher et al. (2008).
According to biologically plausible nature-nurture models, observed phenotypes (P) of
a trait of interest can be partitioned into a statistical model representing the contribution of

the unobserved genotype (G) and unobserved environmental factors (E):
Phenotype (P) = Genotype (G) + Environment (E). (3.1)

This model assumes that genotype and environment are uncorrelated and do not interact.
The observable phenotypic variance ((7%), which usually excludes variation that is due to
known fixed factors and covariates such as sex, age and cohort, can be expressed as a sum
of unobserved underlying variances (¢4 and ¢?):

oy = 0%+ 0. (3.2)

Heritability is defined as a ratio of variances, expressing the proportion of the phenotypic
variance that can be attributed to variance of genotypic values:
Lo

Broad-sense heritability = H? = >
Tp

(3.3)

The genetic variance itself can be partitioned into the variance of additive genetic effects
(also known as “breeding values”; 03), of dominance genetic effects (interactions between
alleles at the same locus; 0123), and of epistatic genetic effects (interactions between alleles

2

at different loci; o7): (7(2; = (7124 + Ulz) + (712. Thus we obtain:

2
94

Narrow-sense heritability = h? = —4. (3.4)
y (T%

In general, aez can be broken down into any number of identifiable, but random, con-
tributing factors. However, here I use the simplest partitioning and let ¢? represent the
environmental residual variance, which includes individual stochastic error variance and
measurement error. This partitioning of the phenotypic variance (Equation 3.2) assumes
the absence of genotype by environment covariance (0 .), and it ignores the interaction
between the genotype and environment (G * E). Although similar terms, G * E covariation
and G * E interaction are different. G * E interaction refers to different genotypes respond-
ing to environmental variation in different ways, whereas G x E covariation is said to occur
when exposure to environmental conditions depends on an individual’s genotype, which
can arise by both causal and non-causal mechanisms (Jaffee & Price, 2007). At a global scale

there will surely be G x E covariation, but both G and E covariation and G * E interaction
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are often ignored, especially in human genetic studies. This is usually because they cannot
be estimated or one lacks power to study interactions at current sample sizes.

Studing G * E interactions is underpowered with current sample sizes, because the re-
quired sample-size for finding G * E interactions can be enormous. Testing for interaction
terms in regression models drastically increases the multiple-testing burden, which is al-
ready high for testing marginal genetic effects in GWAS. A useful rule of thumb is that
the detection of an interaction requires a sample size at least four times greater than that
required for the detection of a main effect of comparable magnitude (Smith and Day, 1984).
Thus, studies designed to have reasonable power to detect main genetic effects are un-
likely to have adequate power to find interaction effects of a similar magnitude. Assuming
that G x E effects in human studies will be relatively modest (say interaction odds ratios of
0.8—1.2), then sample sizes in the hundreds of thousands will be required to detect them
(Thomas, 2010). We are only just starting to see GWAS on this scale emerging through
large consortium and meta-analysis projects (see Wood et al., 2014, for example). Follow-
ing standard practice, then, G * E covariation and interactions are ignored in analyses here,
which means that if G and E covariation is present then estimates of 02 will be inflated and
if G x E interaction is present ¢ estimates will be inflated. I will use the simple partitioning
focusing on additive effects. Henceforth, I use U§ to denote the variance of additive genetic
effects ((7124, above), and use “heritability” to refer to narrow-sense heritability.

Traditionally, heritability was estimated from simple and often balanced designs, such
as simple functions of the regression of offspring on parental phenotypes, the correlation of
full or half siblings, and the difference in the correlation of monozygotic and dizygotic twin
pairs (Falconer & Mackay, 1996). However, when phenotypic measurements are available
for individuals with a mixture of relationships, or in general when the design is unbal-
anced (as in GWAS), the most efficient way to estimate additive genetic variance and envi-
ronmental components is to use an LMM.

LMMs are a well-established and widely-used element of the statistician’s toolkit, even
though, remarkably, variance components models were used by astronomers before they
were known to statisticians (Airy, 1861; Chauvenet, 1863). An LMM is known as “mixed”
because the dependent variable is a linear function of both fixed and random independent
variables. Fixed effects are constant across the taking of repeated samples, whereas random
effects are a sample from a distribution of effects. These models have a long history of use
in genetics, in particular, tracing back to Fisher (1918) who introduced the term “variance”
and implicitly used variance components in his classic paper. Often, aggregated genetic
effects are treated as one or more random effects (sometimes called “polygenic” effects),
as the individual genetic effects cannot be estimated, but the sampling distribution of the

genetic effect(s) can be characterised.
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LMMs play an important role in contemporary genetics. LMMs are primarily used in
two ways: one in which the polygenic random effect is a nuisance parameter, and one in
which it is of primary interest. The analysis of genome-wide association studies is an ex-
ample of the first case, where LMMs have been shown to be effective in improving power
and controlling for population structure and other technical artefacts by fitting a polygenic
random effect that captures relatedness between individuals (Kang et al., 2008; Astle &
Balding, 2009; Zhang et al., 2010; Kang et al., 2010; Pirinen et al., 2013; Lippert et al., 2011;
Listgarten et al., 2012, 2013). However, in my analysis, I focus on the second type of case,
in which the random effect itself is of primary interest. In this setting, I use the LMMs to
estimate the proportion of variance in phenotype attributable to different types of genetic
effects. The model of choice for this application was originally derived in the context of
livestock genetics (Quaas & Pollak, 1980; Meuwissen et al., 2001; Goddard & Hayes, 2009),
but Peter Visscher and colleagues have pioneered its use for quantifying the collective con-
tribution of a set of genetic variants to variance in human traits and susceptibility to disease
(Yang et al., 2010a, 2011b; Lee et al., 2010, 2011, 2012a,b). In this model, the focus is not on
individual variant associations, but on fitting a random polygenic effect for each individ-
ual designed to capture aggregate additive effects of a set of variants. Genomic similarity
is computed between all pairs of individuals in a way that accounts for additive genetic
effects and is used to define the covariance structure for the random effect in the LMM.

More formally, given phenotypic values Y = (Y3,..., Yn), a typical form is
Var(Y) = 03K+ 07 Iy, (3.5)

where K is a matrix of pairwise additive relationships between individuals, and Iy is the
N x N identity matrix, which implicitly assumes independence across individuals of en-
vironmental effects and measurement error (Speed et al., 2012). In the LMM context, es-

timates 6§ and 02 are typically obtained via residual (or restricted) maximum likelihood

(REML) (Corbeil & Searle, 1976a). Under certain conditions, #? can be estimated by:

@.2

= 3.6
57+ 62 (36)

We can derive Equation 3.5 by assuming a model in which all measured genetic markers
contribute to the phenotype through (unknown) effects. Depending on the assumptions
one makes about the effect sizes at the markers (or, equivalently, how one scales the ob-
served genotypes at these markers), Equation 3.6 may not hold for estimating h?. Specifi-
cally, if the genotypes have been normalised to have mean of zero and unit variance, then
Equation 3.6 holds. This normalisation of genotypes implicitly assumes that the variance
of genetic effect sizes increases as variant allele frequency decreases. If one makes any dif-

ferent assumption about the distribution of effect sizes (or transform the raw genotypes
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in any different way), then h? cannot be estimated using Equation 3.6. In such cases, a
more general form is available (Speed et al., 2012). The models I use for my analysis are
discussed in much greater detail in Section 3.3.

Heritability is a widely-used but often misunderstood term. The definition of heritabil-
ity means that it depends on the population, as both the variation in additive and non-
additive genetic factors, and the environmental variance, are population-specific (Visscher
etal., 2008). Only under specific conditions are the ratios of variance components estimated
from linear mixed models interpretable as heritability estimates. Furthermore, estimates
of heritability obtained from observed genotype data depend on the set of markers used
and how well those markers tag the actual causal variants for the trait. Heritability esti-
mates from SNP-chip genotype data are often referred to as “chip-heritability” estimates,
to acknowledge this effect. Thus, it is often preferable to talk about the proportion of phe-
notypic variance explained (VE) by available genotypes. Later in this chapter, I explore
possible formulations of mixed models, which make different assumptions about the ef-
fect sizes of the markers. I also discuss various considerations for and complications with

applying these models to the analysis of the GoT2D data.

3.1.4 The Genetics of Type 2 Diabetes project

The work described in this chapter was conducted as part of the GoT2D project, a large-
scale international collaboration. The consortium responsible for the project comprised
over 80 researchers, primarily from the Broad Institute in Boston, US, the University of
Michigan in Ann Arbor, US, the Helmholtz Zentrum Miinchen in Munich, Germany, Lund
University in Lund, Sweden and the University of Oxford in Oxford, UK. Substantial fund-
ing was received from the National Institutes of Health and the National Human Genome
Research Institute in the United States and the Wellcome Trust in the United Kingdom.
The GoT2D project generated genomic data on a then unprecedented scale to gain further
insight into the genetics of T2D.
The GoT2D project comprised three main studies:

1. Genomes Study: an investigation of the whole genome sequence of around 2,700

European individuals with and without T2D (Flannick et al., 2015).

2. Exomes Study: an investigation of the whole exome sequence of over 13,000 individ-
uals and exome chip data on 44,000 individuals with and without T2D across five

populations worldwide (Teslovich et al., 2015).

3. Pedigrees Study: an investigation of the genetics of T2D in large Mexican-American

families with high incidence of T2D.
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The work presented in this chapter and the following chapter was part of the GoT2D
Genomes Study. That study aimed to extend our understanding of the as-yet-unexplained
heritability and genetic architecture of T2D using the much more complete catalogue of
variation captured by whole-genome sequencing. Some regions of the genome and many
variants (particularly those at rare or low frequency) are tagged poorly by genotyping ar-
rays. Thus, whole-genome sequencing greatly extends the catalogue of genomic variation
available for study, particularly in the low-frequency and rare variant spectrum. The key

areas of investigation for the GoT2D Genomes Study were therefore:

1. associations missed by common-variant GWAS, particularly associations with low-
frequency (minor allele frequency 0.5-5%) and rare variants (minor allele frequency
less than 0.5%);

2. causal genes and variants at T2D loci;

3. helping the design of future studies of T2D by expanding our knowledge of where

causal variants could lie; and
4. models for the genetic architecture of T2D.

This chapter and the following chapter focus on addressing goals 3 and 4. The analysis
presented focuses on investigating models for the genetic architecture of T2D. Here, I seek
to estimate the heritability of susceptibility to T2D and in the next chapter I assess and
present the contribution to the variance in T2D risk from DNA variants across the minor-

allele frequency spectrum and in different functional classes.

3.1.5 Areas of focus

Common-variant GWAS have hugely advanced the study of the genetics of T2D (as out-
lined in Section 3.1.2). It is well established from common-variant GWAS and variance-
partitioning analyses that common variants explain a large proportion of the variance in
susceptibility to T2D. Gusev et al. (2013) report genome-wide heritability estimates of be-
tween 30% and 60% for T2D depending on the method used for the analysis. These anal-
yses have used LMMs to measure the collective contribution of (almost exclusively) com-
mon SNPs, and so we are moving from a general definition of heritability (introduced in
Section 3.1.3) to one which is specific to LMMs and SNP genotype data. Having access
to whole-genome sequence data in the GoT2D Integrated Panel dataset (described in de-
tail below in Section 3.2.1) allows us to investigate a much broader catalogue of genetic
variation. We have assayed millions of variants that did not feature on previous GWAS
genotyping chips, and so can ask: what have we missed in GWAS so far? Or, framed
more positively: what more can we discover when using the near-complete catalogue of

genomic variation in the GoT2D data?
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The field has begun to investigate the contribution of rarer variants to T2D risk. One
hypothesis (Goldstein, 2009) states that common-variant associations may in fact be “syn-
thetic associations” due to tagging by a common SNP of multiple rare variants of larger
effect. Under this model, numerous as yet undiscovered rare variants of large effect may,
in aggregate, contribute substantially to complex disease risk. The GoT2D project (Flan-
nick et al., 2015) ascertained 98% of all variants with MAF > 0.1% in the 2,657 studied
samples in the Integrated Panel and propagated variants via imputation into 44,414 addi-
tional European samples. This gave the association meta-analyis 80% power to identify a
low-frequency (0.5%) variant in the dataset with relative risk > 5. The GoT2D study pro-
duced no associations for rare (0.1-0.5%) or low-frequency (0.5-5%) variants, from which
bounds on the effect size distributions for rare and low-frequency T2D risk variants can
be inferred. These results suggest that the majority of unexplained heritability in T2D is
not due to low frequency variants of large effect, nor due to variants not tagged by GWAS
arrays.

However, the possible hypothesis remains that rare and low-frequency variants in ag-
gregate could explain a substantial proportion of variance in T2D risk, even if effect sizes
for rare and low-frequency variants are modest and individual variants cannot be signif-
icantly associated with T2D. For the analysis here, 3,123,033 rare variants and 3,550,861
low-frequency variants are used. Thus, even if on average the rare and low-frequency
variants individually contribute a very small amount to T2D risk, in aggregate they could
explain a substantial proportion of the overall genetic risk for T2D. A large number of
rare and low-frequency variants are included in the estimates of heritability here, probing
the contribution to heritability from lower frequency variants to an extent not previously
possible.

This chapter introduces the datasets and LMM methods that used for heritability anal-
yses. I outline the quality control procedures undertaken on the data, and report estimates
for heritability using a single-variance component model under a range of settings and
modeling assumptions. The next chapter discusses the partitioning of heritability onto

different classes of genetic variant.

3.2 Data

To study the as-yet-unexplained heritability of T2D, the GoT2D project analyzed whole-
genome sequence data in a large number of individuals with and without T2D (Flannick
et al., 2015). This dataset represents the largest cohort for a complex disease sequenced to

this point.
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3.2.1 GoT2D Integrated Panel data

The primary dataset used for this analysis is known as the “GoT2D Integrated Panel”
dataset. To generate this dataset, 2,874 individuals were selected from Northern and Cen-
tral Europe, comprising approximately 50% cases who had early-onset T2D, were lean
and/or had a familial form of the disease, and 50% normoglycaemic controls who were
overweight. This extreme-phenotypes study design has been demonstrated to increase
statistical power to detect associations (Voight et al., 2010). The genome of each indi-
vidual was characterised through a combination of low-coverage whole-genome sequenc-
ing (~5x), deep-exome sequencing (~100x) (Teslovich et al., 2015), and dense genotyp-
ing (2.5M SNPs on the HumanOmni2.5 array (Illumina, Inc, 2014b). SNPs, short indels,
and large deletions were identified, genotyped, and phased as haplotypes (Flannick et al.,
2015). In total, 26.6 million variants were identified with an estimated heterozygous geno-
type accuracy of 99.1%. The 26.6 million variants comprise 25.1 million SNPs, 1.5 mil-
lion short indels and 8,900 large deletions. This set is estimated to offer near-complete
ascertainment of low-frequency and common variants in the GoT2D sample, since it con-
tains 98.2% of variants observed with an allele count greater than five in study participants
(MAF > 0.1%).

3.2.2 Variant calling

The GoT2D project processed whole genome sequence reads across the 2,772 studied indi-
viduals using two SNP calling pipelines: GotCloud (http://genome.sph.umich.edu/wiki/
GotCloud) and GATK (DePristo et al., 2011). Unfiltered SNP calls were merged across the
two call sets. The merged site list was then processed through the SVM and VQSR fil-
tering algorithms implemented by those pipelines, respectively. SNPs that failed both fil-
tering algorithms were removed before genotyping and haplotype integration. The GATK
UnifiedGenotyper was used to call SNPs in whole exome sequence data.

The GATK UnifiedGenotyper was also used to call short insertions and deletions (less
than 50kb) from the whole-genome sequence (WGS) and whole-exome sequence (WES)
data. Short insertions and deletions are known to have high false positive rates due to sys-
tematic sequencing and alignment errors (1000 Genomes Project Consortium et al., 2012).
To counter this, used stringent filtering critera in SVM and VQSR were applied and vari-
ants that failed either algorithm were excluded. Illumina’s GenomeStudio (Illumina, Inc,
2014a) software was used to call genotypes from the Omni2.5 data, with the default clus-
tering provided by Illumina.
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3.2.3 Haplotype integration

To produce a set of high-quality variants to take forward into downstream analyses the
GoT2D project integrated variant calls from the WGS, WES and chip data into haplotypes.

The following strategy was used to avoid sample mismatch across the three sequenc-
ing and genotyping platforms. Sample pairs with less than 98% genotype concordance
from the exome sequence and Omni2.5 genotypes were identified. For whole genome se-
quence and other platforms, verifyBamID (Jun et al., 2012) was used, setting exome or
Omni2.5 genotypes as known. As verifyBamID had already been used for DNA contami-
nation detection, it was possible to identify samples as matched or mismatched. If a sam-
ple showed evidence of mismatch in any of these three comparisons it was excluded from
downstream analysis. Samples with exome sequence data only were also excluded due to
lack of genome-wide coverage.

Genotype likelihoods were computed across all sites separately for each platform after
merging SNPs discovered from the three different platforms into a single site list. Like-
lihoods were calculated across the genome combining the genome and exome sequence
data, utilising the substantial off-target coverage of exome sequencing. Genotype likeli-
hoods were calculated using GotCloud for genome sequence and GATK UnifiedGenotyper
for exome sequence. Omni2.5 hard genotype calls were converted into genotype likeli-
hoods assuming uniform small error rates (10~°).

The GoT2D project integrated the genotypes from the three platforms by calculating
combined genotype likelihoods across each of the 2,874 individuals as the product of the
corresponding genome, exome and Omni2.5 likelihoods, assuming independence across
platforms. The integrated genotype likelihood data were phased into a single haplotype
map using Beagle (Browning & Browning, 2007), with 10,000 variants in each chunk and
1,000 overlapping variants between consecutive chunks. The phased sequences were re-
fined to improve genotype and haplotype quality using Thunder (Li et al., 2011) as imple-
mented in GotCloud with 400 states.

3.2.4 Using dosages instead of hard genotype calls

Most variance partitioning analyses using the approaches described above use hard geno-
type calls (or “best guess” genotype calls). Hard genotype calls provide the minor allele
count for each variant, and so are 0, 1, or 2. The genotype assigned is the one determined
to be most likely (i.e., the best guess) according to the variant calling algorithm. A geno-
type dosage, in contrast, represents the predicted dosage of the minor allele given the data
available (posterior mean genotype), and so gives a value for the genotype on a continuous
scale between 0 and 2 (Li et al., 2009; Howie et al., 2011). Thus, a genotype dosage incor-

porates information about the uncertainty in the genotype call in the reported genotype.
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When imputation is used, the dosage value indicates how well the genotype is supported
by the imputation method. For example, a dosage of 1.95 implies very high confidence that
the true genotype is homozygous alternative. A dosage of 1.5, halfway between the geno-
type for heterozygous and homozygous alternative, indicates that the calling algorithm
has equal confidence in the heterozygous or homozygous alternative calls.

The models described above for hard genotype calls can be used directly for the analy-
sis of dosage data. The only differences are that when one mean-centres the genotypes one
could assume that the mean was 2py, where py is the observed minor allele frequency for
the marker k. However, one cannot make this assumption for the dosages, so the sample
mean of the dosages for marker k is used to mean-centre the dosage genotypes. Similarly,
for hard genotypes one has the variance of the genotypes as 2p,(1 — py), but for dosages
one does not have such a functional form, so must use the sample variance for marker k

when this variance is required for weighting.

3.2.5 Imputed data for a UK cohort

Later in this chapter I attempt to replicate the key results from the analysis of the Inte-
grated Panel data in a second dataset. Through the GoT2D consortium I was able to access
genotype data from the Wellcome Trust Case Control Consortium (Wellcome Trust Case
Control Consortium, 2007). Two separate imputed datasets from these samples were gen-
erated: Kyle Gaulton imputed 1000 Genomes variants into these samples (1000G-Imputed)
and Loukas Moutsianas imputed GoT2D variants into these samples (GoT2D-Imputed). In
both cases, IMPUTE2 (Howie et al., 2009) was used.

Loukas removed individuals who were sequenced for GoT2D so that there was no over-
lap of individuals between the Integrated Panel dataset and the imputed datasets. Loukas
followed QC approaches taken by Gusev et al. (2014), filtering out samples with missing
genotype rates greater than 5% and filtering out variants with missingness greater than
5% and imputation “info score” less than 0.5. For partitioning analyses, I also filtered out
variants in the regions that were excluded for the Integrated Panel analyses (see 3.4.1.2).

After this filtering, I retained 4,525 individuals (1,587 cases and 2,938 controls) for analysis.

3.3 Methods

This section presents the theory and methods underpinning the use of linear mixed models
for the analysis of the contribution of different classes of genetic variant to variance in T2D
susceptibility.

The material presented here is primarily an exposition and synthesis of previous work.
In particular, I draw heavily on the work of the team responsible for the Genome-wide

Complex Trait Analysis (GCTA) software presented in the following publications: Hayes
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et al. (2009); Yang et al. (2010a); Lee et al. (2010); Yang et al. (2011b,a); Lee et al. (2011,
2012b,a, 2013). Ideas from these papers underpin Sections 3.3.1, 3.3.2, 3.3.3 & 3.3.7. Sec-
tion 3.3.4 presents an alternative effect-size model first described explicitly for this appli-
cation in Speed et al. (2012). Section 4.3.1, looking at models with multiple variance com-
ponents, presents material presented in the GCTA team’s publications listed above (most
technical detail in Yang et al. (2011a)), but follows the treatment by Gusev et al. (2014),
which focuses (as I do), on partitioning variance by functional class. Likewise, Section 4.3.2
on enrichment scores is from Gusev et al. (2014).

To the best of my knowledge I have made original contributions in Section 3.3.5, Sec-
tion 4.3.1 and Section 4.3.2.1. Section 3.3.5 is a synthesis of the preceding sections, putting
the models in Sections 3.3.3 & 3.3.4 into a unified framework. Although a simple exten-
sion of previous work, I have not seen a general framework that contains the more specific
models previously described in the literature. Section 4.3.1 describes a model for non-
hierarchical partitioning of variants. The suggestion was made to me by Hilary Finucane
(personal communication), but I specify the details of this particular model, which I have
not seen described elsewhere. Section 4.3.2.1, applying the delta method to obtain the re-
quired results for standard errors for enrichment estimates, is hardly a groundbreaking
result, but has been independently derived for the setting here (Gusev et al. (2014) suggest
this approach, but provide no details or results).

In the remaining sections (and, in fact, across all sections), I have tried to give appro-
priate credit in the text. The novelty of the work overall is primarily in the application of
these methods and theory to the whole-genome sequence data at hand (as far as I know,
a first), rather than, with the exception of the original contributions described above, the

development of new theory and methods for these applications.

3.3.1 A linear mixed model framework for estimating heritability

Let there be n individuals with observed phenotypes, genotyped at m markers. Consider a
linear model relating phenotypes Y to genotypes X through additive genetic effects of the
genotyped markers:

Y=1,u+ Xu+e¢, (3.7)

where
e ~ MVN,,(0, I,02),

and:

¢ Xis an n X m matrix of observed genotypes or genotype dosages. I assume that the
raw genotypes are coded as 0, 1 and 2 copies of a reference allele at each marker
(or are values between 0 and 2 if dosages are used), and that the columns of X are

mean-centred, but not variance-standardised.
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* Y is an n-vector of phenotypes measured at 7 individuals.
* uis an m-vector of (unknown) genetic marker effects.

® 1, is an n-vector of 1s.

* uis ascalar representing the phenotype mean.

* ¢ is an n-vector of independent error terms that have variance 2.

MVN,, denotes the n-dimensional multivariate normal distribution.

One could extend this model to allow more flexible modelling of fixed effects by replacing
1, by ZB, where B is a vector of fixed effects and Z the corresponding design matrix.

Let us consider the genotypes as random variables. In this model, we let X3 denote
the number of copies in an individual of the minor allele for marker k. If we let p; de-
note the minor allele frequency (MAF) of marker k in the population and assume Hardy-
Weinberg equilibrium (Hardy, 1908; Weinberg, 1908) then it follows that X;*", takes the
value 0 with probability (1 — px)?, 1 with probability 2p;(1 — px) and 2 with probability
pz. Thus, X1 has expected value 2p; and variance 2p,(1 — pi). We then define the mean-
centred genotype X; = X* — 2py, which has mean 0 and the same variance as the raw
genotype, 2pi(1 — px). Since we do not usually know py we estimate it from the sample
with the sample mean py.

In our sample, we make an observation of X for each of the n individuals, represented
(k)

as X, the kth column of the observed (mean-centred) genotype matrix. Let X;" denote

the observed mean-centred genotype for marker k for individual i. We estimate the allele
(k)

frequencies from our samples as pr = 1/n Y/ X;"/, and the variance of X; as var(Xy) =
2pk(1 = p)-

In the type of genomic datasets that we are considering, we have m (e.g. > 1 million)
much larger than n (<100,000), so genetic variant effects, u, cannot be estimated individ-
ually. Instead, we need to make further modelling assumptions to get estimates of the
proportion of variance in T2D risk explained by genetic effects.

The LMM approach from Yang et al. (2010a) is equivalent to the assumption that ge-
netic effect sizes are normally distributed. Indeed, different specifications for an LMM to
partition phenotypic variance onto different categories of genetic variants can be defined
through different assumptions about the effect size for each marker. Zhou et al. (2013)
provide a comprehensive overview of various effect size distributions that have been used
for similar applications as that considered here (often in animal breeding) and their corre-
sponding models.

Two particular models are considered below in more detail:

1. A model where the effect size depends on the reference allele frequency of the marker.

This the “allele-frequency dependent” or AFD model.
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2. A model where effect size does not depend on allele frequency. This is the “constant

effect size” or CES model.

The AFD model is the standard (default) model for such LMM analyses, so it is the obvious
starting point. Under this model, estimates of the proportion of variance explained can be
interpreted as estimates of the narrow-sense heritability. This has driven their widespread
use in the investigation of “missing heritability” in chip-genotype data. Implicit in the
model are the assumptions that all variants, on average, contribute equally to variance ex-
plained, and that effect-size increases as MAF decreases, which suggests a link to selection.
The CES model, on the other hand, assumes a constant effect size for all variants, regardless
of MAF. This has the effect of assuming that rarer variants contribute, on average, less to
variance explained than more common variants. The decoupling of effect size from allele
frequency is a plausible architecture for a disease with onset typically after reproductive
years.

At first glance, the assumption that all variants make a non-zero contribution to the
phenotype seems unrealistic. Indeed, it probably is not the case that all variants contribute
to the phenotype, but the LMM approach has been shown to be robust to this assumption
being violated (Speed et al., 2012).

Both models were studied to see how they perform in different settings, and see which
findings are consistent, regardless of the effect-size distribution assumed. Below, I also de-
scribe a general framework for assumptions on marker effect sizes that can include marker
weights. This general framework easily describes the two models above, and many more

sophisticated weighting schemes as well.

3.3.2 The Genetic Relatedness Matrix

This section focuses on the interpretation of linear mixed models from the perspective that
each variant has an effect (Equation 3.7). In this framework, one makes assumptions about
the distribution of effect sizes and these assumptions define the model. However, one
could just as well reframe Equation 3.7 as an equivalent polygenic model.

Under a polygenic model, we assume a single “polygenic” random effect, g;, for each
individual. We then assume a covariance structure for the random effect vector g based
on the genetic (or genomic) similarity between individuals. The genetic relatedness matrix
(GRM), sometimes also called a kinship matrix, is defined to be an n x n matrix contain-
ing the pairwise relatedness values between individuals. Although perhaps not as inter-
pretable as the effect-size focused interpretation of the LMM, the GRM has been an im-
portant feature of the study of heritability and phenotypic variance explained by genetic
effects (Hayes et al., 2009; Yang et al., 2010a; Lee et al., 2011). Let K denote the GRM, and
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define it as:
K = X - diag(v) - X© (3.8)

where X is the matrix of mean-centred observed genotypes and v is a vector of variant-
specific weights.

The off-diagonal entries of this matrix provide a measure of the genetic (or genomic) re-
latedness between two individuals i and j. We can see how relatedness for two individuals

is defined explicitly by expanding out the weights term:
m
Kij =Y v XX, (3.9)
k=1

where Xj; denotes the mean-centred genotype for marker k in individual i (the ikth entry
of the genotype matrix). This definition of K shows the equivalence between the effect-
size interpretation and the polygenic interpretation of the LMM: the effect-size distribution
defines K, or, alternatively, a particular way of computing K imposes implicit assumptions
about the effect-size distribution.

The diagonal entries of the GRM, Kj;, would naively be equal to 1, but Yang et al. (2011a)
instead propose that the value for an individual’s relatedness with itself take into account
possible inbreeding. As such, the diagonal entries of K are computed as 1 + £ in the
GCTA software, where ﬁim is an unbiased estimator of F, the inbreeding coefficient, defined
in Yang et al. (2011a).

This gives us an expression for the phenotypic variance:
var(Y) = E(K)og + L,07. (3.10)

In practice, we assume that the genotypes are known (as measured) and take E(K) = K.
In this case, the GRM K is called the “realised relatedness matrix” (Hayes et al., 2009), and
we have

var(Y) = Koy + 1,07, (3.11)

and so
Y ~ MVN,(ZB, Koy + 1,07). (3.12)

In describing the models in more detail below, I will focus on the effect-size interpre-
tation of the models, but also explicitly define the GRM K for each model. Both ways of
thinking about the model can be useful for understanding results of the models and poten-

tial pitfalls in their use.
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3.3.3 Default Model: Effect sizes depend on allele frequency

Consider the effect size u; of marker k. The default model in GCTA, which has become the
model most widely used in the field, assumes that the variance of the distribution of effect
sizes increases with decreasing MAF. I will refer to this model as the “allele-frequency
dependent” (AFD) model.

In this setting, we assume the following effect-size distribution:

2
~ —g
ue ~ N (0 TRCE m) (3.13)

where 0'§ is the component of the phenotypic variance attributable to additive genetic ef-
fects at the genotyped markers. We can then consider the distribution of ¥ under this
model. This model allows each marker the same contribution to the VE, regardless of al-
lele frequency.

Under this model, the GRM, KAFP  is:

KA =~y SR (3.14)
m =1 Zpk(l — Pk)
From these results it follows that
Y ~ MVN, (1n 1, KAFDG2 Inaf) . (3.15)

Apart from some adjustments to the diagonal entries of KAfP to account for inbreed-
ing (Yang et al., 2011a), as described above, this is the default model used in the GCTA
software. Hence we see that this Default Model implicitly models genetic effect sizes that

increase as the variant minor allele frequency decreases.

We can also consider E(KAP) through:
E KAFD l i E szX]m)
m = 2pu(1— pw)
l i 6V (Xim, Xjm)
M m=1 \/var(Xiy) - y/var(Xm)
~ Ly pm
=5 P

Il
—_

m

(m)

using p;; -~ to denote the sample correlation in genotypes between individuals i and j at
marker m, cSrr( X, ij). Thus, the relatedness between two individuals can be inter-

preted as the average sample genotypic correlation across all measured variants.
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3.3.4 Alternative Model: Effect sizes do not depend on allele frequency

This section considers a model in which effect sizes do not depend on allele frequency, so
that effect size is constant across the allele frequency range. This results in different model
behaviour from the Default Model described above, in which it assumed that effect size is
larger for rarer variants. I will refer to this alternative model as the “constant effect-size”
(CES) model.

The distribution of effect sizes under this model is then:

1 2
N (0 ) 10
and the GRM, K<FES is:
1
KCES ST Z Xixe X (3.17)
k=1

Just as above, it follows that
Y ~ MVN, (1,1% KEBSg2 4 Inag) . (3.18)

This alternative model can be computed in more recent versions of the GCTA software.
The assumption of constant genetic effect sizes across the allele frequency spectrum means
that, on average, individual variants that are more common will explain more phenotypic
variance than individual variants that are rarer, because the genotypic variance is larger
for more common variants while the effect-size variance is the same regardless of allele
frequency. In comparison to the AFD model, then, the CES model will give less weight
to rare or low-frequency variants, and these variants will contribute comparatively less in
aggregate to phenotypic variance explained than in the AFD model.

We can also consider E(K®FS) as we did E(KAP):

1 m
E KCES (Xim X
™) = ki1 2Pc(1 — Pr) Z:: inXim)
1 m
E sz/X]m

T 2p(1— )
Thus the relatedness between two individuals can be interpreted as the average sample

genotypic covariance across all measured variants.

3.3.5 A general LMM with marker weights

Next, I describe a general framework for estimating genetic variance explained using lin-
ear mixed moels. Let us reframe the LMM by taking a closer look at the distribution of
effect sizes assumed for the genetic effects u#, which allows a more general description of

such models. This section presents a model that is a synthesis of the two models described
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above. I have not seen this general model described in the literature, so believe this formu-
lation of a general LMM framework to be a new contribution.

Consider again Model 3.7, but allow each marker k to be assigned a weight wy. Let us
assume the following normal distribution for the effect sizes u:

~N [0, . 3.19
i ( W -varm)”g) (3.19)

The scaling of the individual marker weight wy by the sum of the weighted genotype vari-
ances ensures that the ultimate estimate of (ng does not depend on the number of mark-
ers used. Replacing var(X;) gives a convenient general form for variant effect sizes with

weighting of variants:

W 2
ue ~N (0, = L 2. 3.20
¢ ( 7 wr 21— Be) g) (3.20)

Crucial for the uses of this model in the current work is the variance attributable to a

single variant. If we consider the marker k, then we have:

var(Xgug) = E(var(Xyug| X)) + var(E(Xyur|Xy))
E(x}-var(u)) +0

= B YLy we th(l - ﬁt)aé%

= 2pi(1 — px) - "Wy -LZU;t(l _ ﬁt)agz'

[as E(X}) = var(%,)]

If we plug in the estimate 2p;(1 — py) for the variance of X, then the phenotypic variance
explained by a given marker in the sample is a fraction of the total additive genetic 0’;, and
a function of the observed minor allele frequency and marker weight:

Wy - 2px(1 — py) 2

g we - 2p¢(1—pe) & (521

var(Xguy) =

We can apply this variant-weighting effect-size model back into the framework of Equa-
tion 3.7. This allows us to characterise the phenotypic variance, var(Y). Using the inde-
pendence of the genetic and environmental (error) effects and the law of total variance, we
find:

var(Y) = var(ZB + Xu +€)
= 0+ var(Xu) + var(e)
= E(var(Xu|X)) + var(E(Xu|X)) 4 I,02
= E(X -var(u) - XT) + var(XE(u)) + I,02

If we let v = var(u) be a vector with entries
then:

m arising from the variant weights,
var(Y) = E(X - diag(v) - XT)%? + I,02.
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Applying Equation 3.8 we write a form for the estimation of the relatedness for a pair of

individuals i and j when we apply arbitrary marker weights:

1
o wr - 2pe(1— py

m

K ] Y we XXk, (3.22)
k=1

where Xj; denotes the mean-centred genotype for marker k in individual i (the ikth entry

of the genotype matrix).

This framework is general, so it incorporates practically any variant-weighting scheme
in which a weight is assigned to each variant. In practice, however, we focus our atten-
tion on a smaller number of models that have been shown to be useful in decomposing
phenotypic variance into variance components.

I focus here on using weights of the form
w = [2p1(1— PO (3.29)

By setting s equal to an integer, most commonly -1 or 0, I can define convenient and inter-
pretable effect-size distributions for the linear model. I discuss the AFD and CES models
below and present variance-partitioning results for these models. Recently, other weight-
ing approaches have been proposed attempting to address various aspects of variance par-
titioning using LMMs (Speed et al., 2012; Gusev et al., 2013).

This model is equivalent to a model with a polygenic term for each individual (rather

than assuming an effect for each marker):
Y=Z72B+g+e€

where
g ~ MVN,(0,Kc3)

with K defined as above. Indeed, when estimation of ng and ¢? is done using restricted
maximum likelihood (REML), this polygenic alternative characterisation of the model is
used, with the GRM K, which expresses the relatedness between individuals, defining the
covariance structure of the random effect g. Since the covariance structure of the model
is exactly the same as that obtained when taking the individual variant effects model de-
scribed above, the two models are completely equivalent.

It is typical to think about the polygenic model formulation when it comes to the actual
model fitting with REML, but the individual variant effects model when thinking about
contributions of different types of variant to phenotypic variance explained by the model.
Switching between the two equivalent models can sometimes aid insights into how the

models work.
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3.3.6 Estimating variance components using residual maximum likelihood

Once covariance structures (GRMs in this setting) are defined for the polygenic random
effect using the approaches outlined above we need a method for obtaining estimates of
the variance components, (7; and ¢? in the simplest case. Maximum likelihood (ML) is the
obvious starting approach, but using ML to estimate variance components in LMMs re-
sults in estimates that depend on the fixed effects fitted in the model (see Quenouille, 1956;
Harville, 1977, for example). To obtain variance component estimates that are indepen-
dent of the fixed effects used, I use restricted (or residual) maximum likelihood (REML),
proposed by Corbeil & Searle (1976a,b), as is standard.

The REML approach partitions the likelihood into two parts, one part being free of
the fixed effects. Maximising this part of the likelihood yields the REML variance compo-
nent estimators that retain the property of invariance under translation (Corbeil & Searle,
1976b). There are multiple algorithms available for the computation of REML estimates
(see Section 3.4.2).

3.3.7 LMM heritability analysis of case-control data

The normal linear mixed models described above were originally designed for quantitative
(continuous) phenotypes, such as height or blood glucose level. For continuous traits,
the assumption that error terms should be normally distributed is reasonable. However,
for binary traits, such as disease, it is not immediately obvious that normal linear mixed
models are appropriate.

Lee et al. (2011) raise three particular issues that need to be addressed in order to esti-

mate genetic variance without bias :

1. Scale — For disease traits, the phenotypes (case-control) are measured on the 0-1
scale, but heritability is most interpretable on a scale of liability (see Section 3.3.8

below).

2. Ascertainment — In case-control studies, the proportion of cases is usually (much)
larger than the prevalence in the population. For example, in the GoT2D sample, the
proportion of cases is approximately 50%, whereas the prevalence of T2D in Euro-
pean populations is approximately 8%. To make estimates of genetic variance inter-

pretable, they should not be biased by this ascertainment.

3. Quality Control (QC) of SNPs — QC is more of a concern for case-control than quan-

titative traits.

Note that the binary trait data is analysed using the same models described above, not

a logistic mixed model (which would be a reasonable expectation for 0-1 data). Logistic

89



mixed models are not used primarily for reasons of computational efficiency, but it has
also been shown that (normal) linear mixed models perform well in terms of accuracy as
well as computational efficiency when effect sizes are small (Pirinen et al., 2013). This is
expected to be the case in genetic data, especially for a complex disease like T2D, for which
even the strongest GWAS hits have relatively small odds-ratios (e.g. Morris et al., 2012).
Instead, variance components (e.g. 0'; and ¢?) and heritability are estimated on the “ob-
served scale” using REML, and then transformed to the more interpretable liability scale.
The relationship between observations on the observed risk scale and liabilities on the
unobserved continuous scale can be modeled using a probit transformation to generate
the classical liability threshold model (Falconer, 1965, 1967). Under the liability threshold
model, it is assumed that each individual in a population has an unobserved liability for
any binary trait (particularly, disease). Liability of disease is assumed to be the sum of
environmental and additive genetic components from independent normal distributions,
and so the liability distribution is assumed to be standard normal. All affected individuals
(cases) have liability phenotypes exceeding some threshold t. REML estimates of the ge-
netic variance on the observed scale can be transformed to obtain liability-scale estimates
of the genetic variance and heritability as described in the next section. As Lee et al. (2011)

state, working on the scale of liability has two major advantages:

1. Population parameters such as variance components and heritability are indepen-

dent of prevalence, and

2. Statistical methods developed for quantitative traits can be applied to the trait liabil-
ity.

The independence of variance components and heritability from prevalence enables us to
compare variance partitioning results across populations and traits. This is important here,
as I have the Integrated Panel data and imputed data wish to compare results between

them.

3.3.8 Transforming variance estimates and heritability to the liability scale

Variance components estimates on the observed scale need to be transformed to the liabil-
ity scale for case-control data. The transformation needs to account for the binary pheno-
type and, if present, ascertainment. For completeness and ease of understanding a brief
summary is presented Lee et al. (2011)’s derivations of linear transformations of the heri-
tability on the observed scale /2 to that on the liability scale h?.

Here, K denotes the population prevalence of the disease trait, and d the density of the

normal distribtution at the truncation threshold t. In a random sample from the population
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(so that the proportion of cases in the sample is equal to the prevalence of disease in the

population), then the required transformation is relatively straight-forward:
h? = h2K(1—K)/d>. (3.24)

This result was originally derived by Alan Robertson in the Appendix of Dempster &
Lerner (1950). Briefly, it is obtained by applying the properties of truncated normal dis-
tributions and linking the observed and liability scales through a linear regression coef-
ficient. The approximation is valid in samples of “unrelated” (in the conventional sense)
individuals, such as those studied here, in which the non-additive component of the ge-
netic variance is small relative to the additive component (Lee et al., 2011). However, this
transformation does not take into account the inflated proportion of cases present in ascer-
tained case-control samples.

To obtain a valid transformation in an ascertained sample, Lee et al. (2011) use the same
liability model as above. However, the normality of liability is violated in a case-control
study with ascertainment because we sample individuals from the tails of the liability dis-
tribution. Thus, the transformation also depends on, P, the proportion of cases in the
sample. The derivation of the transformation to the liability scale is considerably more in-
volved for case-control studies, but the crux is still the idea of regressing phenotype on the
observed risk scale on genetic liability in the case-control study.

In this case, we estimate the genetic variance on the observed case-control scale ((ATLZ,CC)
and we can obtain flogc, an estimate of the heritability on the liability scaled in an ascer-
tained case-control study. The heritability on the liability scale, h?, is equal to the genetic
variance on the liability, (ng (as the liability distribution is standard normal). After sub-
stantial algebraic manipulations, Lee et al. (2011) present (in Equation 23 of that paper) the
transformation required to take an estimate of heritability from an ascertained case-control

study to an estimate of heritability on the liability scale:

B =02 = o [1K(1—K)]2: , K(1—-K)K(1-K) (325)

s~ ue |4P(1-P) % g2 p(1-P)
This simple result makes it easy to transform REML variance component estimates to
liability-scale heritability estimates. It only depends on the prevalence of the disease (K)
and P, the proportion of cases in the ascertained case-contol sample (the prevalence deter-
mines the value of d, as defined above). Importantly, for the focus on partitioning variance
into multiple components defined by different classes of genetic variation, the transforma-
tion is linear in hgm. Thus, when I look at the relative contributions of different variant
classes (enrichment; in the next chapter), these remain unaffected by changing the preva-

lence value assumed.
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Lee et al. (2011) apply a Taylor series expansion to derive the sampling variance of

estimated heritability on the liability scale transformed from that on the observed scale:

2
var(h?) ~ [ (k) ] var(h} ) = [K(l — K K1 -K) 2Var(hgm). (3.26)

(2 ) 2  P(1-P)

Thus, from REML estimates of the heritability in ascertained case-control samples we can
obtain liability-scale heritability estimates with estimates of the standard errors for those

estimates.

3.4 Quality contol and implementation of analysis

Quality control is important for these analyses as LMM estimates of heritability can be
sensitive to effects of artefacts in the data (Lee et al., 2011). This section describes standard
quality control steps that were undertaken to exclude potentially problematic individuals
and variants from the analysis. I also outline the implementation of the various analyses,

including default parameter settings.

3.4.1 Quality control

In a sense, linear mixed models are a crude instrument for characterising the genetic contri-
bution to a complex trait. There are many possible sources of biases that could distort the
variance component estimates on which inferences are based. It is thus crucial to conduct
quality control (QC) procedures on the input data to attempt to minimise such problems.
This means that one needs to perform QC on both the variants and the samples included

in the analysis.

3.4.1.1 Individual exclusions

For LMM analyses I used individuals that had passed GoT2D quality control. Individuals
who were closely related, population outliers or structural variant outliers were excluded.
After excluding these individuals the GoT2D project settled on a QC-passed set of 2,657
individuals as the Integrated Panel dataset consisting of 1,326 cases who had early-onset
T2D, were lean and/or had a familial form of the disease, and 1,331 normoglycaemic con-
trols who were overweight. Individuals came from five populations across Europe: Botnia
(a homogeneous Swedish-speaking population in northern Finland with a shared Scan-
dinavian and Finnish genetic background), Finland, Germany, Sweden and the United
Kingdom (UK). There was an almost even split between cases and controls within each
population (Table 3.1).

The LMM approach to estimating VE (and in the right settings, heritability) differs

markedly from classical approaches to estimating these quantities by using “unrelated”
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Cases Controls N

GoT2D individuals after integration 2,874
Population outliers (excluded) -43
Related individuals (excluded) -44
Structural variant outliers (excluded) -137
GoT2D sequenced QC+ 1,326 1,331 2,657
Botnia 199 159 358
Finland 486 517 1,003
Germany 104 101 205
Sweden 222 227 447
UK 322 322 644

Table 3.1: GoT2D sequenced case-control cohort after QC.

individuals rather than closely related individuals (as exemplified by twin studies, the
gold standard for estimating heritability). One possible criticism of the use of twin studies
for estimating VE is that it can be difficult to tease apart the effects of shared environments
from the genetic effects of interest. The approach to estimating VE used here can potentially
avoid such problems, but only if care is taken to avoid using closely related individuals
in the analysis. Typically, a threshold of “relatedness” between two individuals (the off-
diagonal entries of the GRM) is set, often between 0.025 and 0.05 (Yang et al., 2010b; Lee
et al., 2012a; Speed et al., 2012; Gusev et al., 2013), and a minimal set of individuals is
removed such that the pairwise relatedness between individuals no longer exceeds the
threshold.

For the GoT2D dataset, which contains individuals from five distinct groups (Botnia,
Finland, Germany, Sweden and the UK), care needs to be taken when applying a threshold
to remove closely related individuals. I observe that the “relatedness” measure used in a
GRM is a relative term—relatedness is defined relative to the average level of genomic sim-
ilarity in the group of individuals under consideration at a given time. Thus, one obtains
different values for the relatedness of pairs of Botnian individuals if one computes GRMs
using only Botnian samples, or if one includes other samples along with the Botnian indi-
viduals when computing GRMs.

Exploratory analysis of relatedness in the 2,657 individuals in the dataset showed that
the individuals across the five countries divided broadly into two groups: the Botnian and
Finnish samples on the one hand, and the German, Swedish and UK samples on the other
hand. Thus I computed GRMs from the Botnian and Finnish samples and, separately,
from the German, Swedish and UK samples. I found that the number of individuals to be
removed from the analysis at a relatedness threshold of 0.025 or 0.05 differs according to the
minimum MAF used when computing the GRMs, with higher minimum MAFs resulting in
more conservative sample removal lists (that is, more samples removed from the analysis).
By default, I use the sample inclusion lists produced using this approach with a minimum

MATF of 5% to get a more conservative sample exclusion list. This approach retains 2,554

93



samples at a relatedness threshold of 0.05 and 2,261 at a relatedness threshold of 0.025. I
used a relatedness threshold of 0.05 for our primary analyses as has become standard for

these types of analyses.

3.4.1.2 Variant exclusions

Not all regions of the genome are suitable for inclusion when estimating variance explained
using LMMs. 1 first obtained a list of complex regions of the genome (for example the
major histocompatability region) that had been excluded from other analyses in the GoT2D
project (Hyun Min Kang, personal communication). From the genome-focused analysis
done by others in the GoT2D project, principal components had been computed from a
carefully selected set of SNPs from the Omni chip to characterise population structure.
Variants were selected to be informative for ancestry and reasonably independent of each
other (correlation less than 0.1 between genotypes). Various numbers of these PCs (the
number depending on the particular anlaysis) were fitted in statistical models to account
for population structure in analyses of the association of SNPs with T2D phenotype.

Following standard practice for estimating phenotypic variance explained using LMMs
(Yang et al., 2010a, 2011b; Lee et al., 2011; Janss et al., 2012; Speed et al., 2012), I planned
to fit a number of these Omni PCs in the LMMs to account for (some of the) population
structure effects. To identify regions with markers that could be problematic for inclusion
in the LMMs, we sought to find marker loadings with respect to the PCs. Given the PCs and
the genotype data, I used the software shellfish (version from January 2014) to compute
marker loadings (Davison, 2009).

I inspected plots of marker loadings with respect to the first 30 PCs after variants in the
first list of complex regions had been excluded. Ideally, one would like to see PC-loadings
to be more-or-less constant across the genome. Regions with very high PC-loadings are
likely to be problematic, as PCs are expected to identify population structure and other
artefacts in the data. Variants highly correlated with these PCs are therefore likely to have
more information about structure or effects other than the genetic effects of interest. Thus,
I sought to identify such regions and exclude variants in them. We took a loading value of
6 from shellfish to indicate a “high” value as this value was the 99" percentile loading
value for the first principal component. I set 6 as the threshold value, and manually identi-
tied contiguous regions with substantial (greater than 100) numbers of variants with loads
above the threshold. The exclusion list created was used to exclude variants, and GRMs
were recomputed. I then repeated the procedure. After these two iterations of identify-
ing exclusion regions I was satisfied that there were no substantially problematic regions
remaining. This strategy excluded approximately 300,000 variants in potentially problem-
atic regions from the analysis and left a total of 12,034,435 variants with MAF greater than

0.1%. These second-iteration exclusion lists were used for the analyses that follow.
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I set a global minimum MATF threshold of 0.1% for this study because: (1) the LMM ap-
proaches I use are expected to break down when very rare variants are included (I observed
this breakdown when including all variants, obtaining severely deflated heritability esti-
mates; data not shown); and (2) rarer variants are also likely to be enriched for genotyping
errors and artefacts (a variant with MAF < 0.1% would be observed fewer than five times
in the Integrated Panel dataset). LMM methods are expected to break down when very
rare variants are used, because they distort the estimated relatedness between individu-
als. Under the default model for computing relatedness between individuals (described
in Section 3.3 below), sharing rarer variants is assigned much greater weight than sharing
common variants. Thus the relatedness value for a pair of individuals could be dominated
by sharing of a small number of very rare variants. However, there are a very large number
of variants in the dataset with MAF <0.1% (over 12 million), almost all of which are not
shared between any given individuals. As a result, relatedness values, which are in a sense
averaged over all variants, are depressed by incorporating in the relatedness calculation
a very large number of variants with very little information about genomic similarity be-
tween individuals. These two effects combined led to the decision to restrict all analyses to
variants with MAF >0.1%.

3.4.2 Software for variance partitioning analysis

Loukas and I were unable to get the LD,,; method (Gusev et al., 2013) implemented in
EIGENSOFT (Price et al., 2006; Patterson et al., 2006) to run on the Integrated Panel data,
and we were not confident about the reliability of the results obtained using LDAK (Speed
et al., 2012). Therefore, I only used the GCTA software for the variance partitioning anal-
yses. Analysis with GCTA requires two main steps: computing GRMs (and merging if
necessary) and obtaining variance component estimates from the LMM using the REML
approach.

The GCTA software (Yang et al., 2011a) provides two options for computing GRMs,
the AFD and CES models described above, and implements three different algorithms for
computing REML estimates:

1. Average Information (Al)
2. Fisher-Scoring (FS)

3. Expecation Maximization (EM)

The default method is AI (Gilmour et al., 1995), as this is the fastest algorithm computation-
ally. In preliminary investigations on our data, I found that the Al algorithm often gave
VE estimates of exactly zero when fitting multiple variance components. For example,

when obtaining estimates for each chromosome individually (fitting chromosomes jointly
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in a single model), I found that the Al algorithm frequently constrained variance compo-
nent estimates for several chromosomes to be zero. These contrained estimates arise when
multiple successive iterations of the algorithm give a negative estimate for a variance com-
ponent. To avoid returning (implausible) negative estimates, GCTA by default constrains
these negative estimates to be exactly zero. When comparing the Al estimates to those ob-
tained from Fisher-Scoring (Jennrich & Sampson, 1976) and EM (Dempster et al., 1977), 1
found that FS similarly constrained multiple estimates at zero, but that EM did not. Thus,
I have used the EM algorithm for this study, which requires more time to compute but

avoids these constrained zero estimates.

3.4.3 Code implementing the analysis

As is usual for a large computational and data analysis project, a significant amount of
code was generated implementing the analyses presented in this chapter. There are three

main code outputs from this project:

¢ The “GCTAtools” package, a lightweight Python module implementing a suite of
tools useful for processing GCTA output files, computing enrichment scores and as-
sociated statistics and results, and returning results in a convenient form for down-
stream analysis and plotting.

* Many bash scripts for running GCTA jobs, R markdown documents, and R and
Python scripts implementing analyses described here.

¢ [Python notebooks detailing the steps undertaken in the analysis (including calls
used for scripts and dates run), providing an almost complete record of the analy-

sis.

The GCTAtools package is publicly available on GitHub (http://github.com/davismcc/
GCTAtools), as it might prove useful for others conducting similar analyses. I plan to sub-
mit the IPython notebooks recording the computations and other scripts to the figshare

repository (http://figshare.com/) to aid the reproducibility of the analysis.

3.4.4 Default parameter settings for LMM analyses

The focus of the analyses is the contribution to VE from different classes of variants, and
not on the influences of the various fixed effects that one can fit in LMMs. Thus, following
the QC steps described above, I fix a set of default parameters that I use (unless specifically
stated) in the results that follow.

I keep the fixed effects the same across models, fitting both Sex (factor with two levels),
Batch (two levels), and Country (five levels) as categorial covariates and the first 10 Omni
PCs (see above) as continuous covariates. I use the 2nd-iteration variant exclusion lists

described above, so variants in these exclusion lists are not used for analysis regardless of
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what MAF or functional class they may fall into, leaving a total of 11,892,083 variants with
MAF > 0.1%. Ilook at partitioning VE by MAF of variants (described in detail below),
but only using variants with MAF > 0.1%. By default, I present results using a relatedness
threshold of 0.05 (as described in Section 3.4.1.1 above), having observed no substantially
different results thresholds of 0.05, 0.025 and no threshold (data not shown).

When the GCTA software is used for the computation of GRMs and REML estimates
of variance components, version 1.24 is used. I use the EM algorithm to obtain REML
estimates. In all cases I report VE estimates on the liability scale so that they are comparable
across models and with previous studies.

With these parameters all but fixed, I investigate the effects on partitioning VE by ap-
plying different MAF cutoffs, different LD-correction methods, different effect size models

and separation of variants by functional class.

3.5 Results for estimating the heritability of type 2 diabetes

I first look at results from single-variance component models. That is, models that use all
variants for given parameter settings in a single variance component in the mixed model.
These are the standard models used in the computation of the “heritability” of a trait from
chip-genotype data. As such, single-variance component results provide a baseline to
which other results can be compared. Analyses will show, however, that the interpreta-
tion even of single-variance component results can be fraught.

This section presents the analysis of single variance component estimates of pheno-
typic variance explained by genetic effects. I begin here, as the single-variance component
(VC) approach was the first approach taken to estimating narrow-sense heritability using
LMMs. Multiple-VC approaches were proposed later as a solution to some of the objec-
tions raised against the inflexible, and highly parameterised single-VC approach. Noting
the results obtained using the simplest LMM approach to understanding the proportion
of T2D risk that could be explained by genetic effects provides a platform for investigat-
ing more complicated—and scientifically interesting—models for partitioning phenotypic
variance in the next chapter.

I obtain estimates of the effect of all variants with MAF above a certain threshold. In
such cases, I compute MAF-bin GRMs (useful for later analyses) and merge the appropriate
GRMs together to obtain a single GRM that utilises variants with MAF above the threshold.
Merging GRMs is a trivial operation, as one just needs to take a weighted average of the
relatedness value across GRMs for each pair of individuals. Merging is performed easily
with the GCTA software. The weighting is given either by the number of variants used to
compute each GRM (default, allele-frequency dependent model) or the total sample geno-

typic variance of the variants used to compute the GRM (alternative, constant effect-size
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model). I then fit the merged GRM as a single variance component in the model and es-
timate c7§ and ¢? to obtain an estimate of the phenotypic variance explained by additive
genetic effects. In the context of the AFD model, the variance explained estimate is in-
terpretable as a heritability estimate. I report estimates on the liability scale (as described
above).

I compare results using thresholds of MAF > 0.1% (i.e. rare, low-frequency and com-
mon variants), MAF > 0.5% (i.e. low-freqency and common variants), MAF > 1% and
MAF > 5% (common variants only). To begin with, I look at estimates using the In-
tegrated Panel data from GoT2D. I then compare these results to those obtained using
the same models from the two imputed datasets (Imputed-GoT2D and Imputed-1000G),
which feature a larger UK cohort. This section focuses on presenting “baseline” results
for the default allele-frequency dependent model. Section 3.6 explores the robustness of

these baseline results to changes in modeling assumptions, approaches to accounting for

population structure and linkage disequilibrium, and other considerations.

3.5.1 Single-variance component model using whole-genome sequence data

I first consider results for the default, allele-frequency dependent model when using a
single genetic variance component to estimate liability-scale T2D heritability. Heritability
estimates for the Integrated Panel data vary to a large degree when different minor allele
frequency thresholds for variants used are applied (Table 3.2).

The heritability estimate increases as rarer variants are included in the model. Us-
ing only common variants (MAF greater than 5%; 5,360,541 variants) yields an estimate
of 0.49 (s.e. 0.12). The point estimate increases slightly when low-frequency variants are
added, as can be seen see when using all variants with MAF greater than 1% (0.50, s.e. 0.14;
7,753,493 variants) and variants with MAF greater than 0.5% (0.54, s.e. 0.15; 8,911,402 vari-
ants). These estimates are broadly concordant (given the uncertainty in the estimates)
with recent estimates of liability-scale heritability for T2D from genome-wide SNPs (Gu-
sev et al., 2013). A striking increase in the heritability occurs when using all variants with
MATF greater than 0.1% (12,034,435 variants). When rare variants are included the estimate
jumps to 0.68 (s.e. 0.19). In a sense, this is what one would expect to see. In the AFD model,
each variant is assumed on average to make the same contribution to variance explained.
Thus, this model assumes a substantial contribution from rare variants, and when one adds
over three million rare variants (in addition to the variants with MAF greater than 0.5%) a
marked increase in the heritability estimate is observed.

Uncertainty in these heritability estimates is large across the different minimum MAF
thresholds. For all of the estimates in Table 3.2 the standard errors overlap, so one cannot
make confident statements about the true differences in heritability from different sets of

variants. This has little effect on the interpretation of results using variants with MAF
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MAF Threshold Number of variants Heritability (s.e.)

MAF > 0.1% 12,034,435 0.682 (0.193)
MAF > 0.5% 8,911,402 0.536 (0.154)
MAF > 1% 7,753,493 0.503 (0.140)
MAF > 5% 5,360,541 0.490 (0.115)

Table 3.2: Estimates of liability-scale heritability (variance in risk for T2D explained) by single
variance-components for the Integrated Panel data. The standard error (s.e.) for each estimate is
shown in brackets. Estimates are shown for the default model in which variant effect-sizes are
allele-frequency dependent (AFD model). Estimates were obtained for minimum MAF thresholds
of 0.1%, 0.5%, 1% and 5% using the corresponding number of variants that passed quality control at
that MAF threshold. Here, models with lower minimum MAF threshold contain all of the variants
used in models with higher minimum MATF threshold.

greater than 5%, 1% and 0.5%, since the heritability estimates are so similar. However, it
means that we cannot make strong statements about potentially the most interesting aspect
of the analysis, namely the contribution to heritability of T2D from rare variants.

Another way to tease out the contribution of variants to T2D heritability using single-
variance component models is to fit a variance component for rare variants, low-frequency
variants and common variants in separate models. That is, I fit a model with a single ge-
netic variance component that only uses rare variants (MAF 0.1-0.5%; 3,123,033 variants),
tit a separate model with a single genetic variance component using low-frequency vari-
ants (MAF 0.5-5%; 3,550,861 variants), and a third separate model using only common
variants (MAF greater than 5%; 5,360,541 variants). The results from these models show a
large estimate for the liability-scale heritability from common variants (0.49, s.e. 0.12; ex-
actly the model above with MAF greater than 5%), a small estimate from low-frequency
variants (0.097, s.e. 0.15) and a substantial estimate of 0.29 (s.e. 0.17) from rare variants
(Table 3.3).

MAF Variant Class Number of variants Heritability (s.e.)
Rare (MAF 0.1-0.5%) 3,123,033 0.286 (0.174)
Low-frequency (MAF 0.5-5%) 3,550,861 0.0972 (0.154)
Common (MAF > 5%) 5,360,541 0.490 (0.115)

Table 3.3: Estimates of liability-scale heritability (variance in risk for T2D explained) by single
variance-components for disjoint MAF ranges. The standard error (s.e.) for each estimate is shown
in brackets. Estimates are shown for the default model in which variant effect-sizes are allele-
frequency dependent (AFD model). Estimates were obtained separately for rare variants (variants
with MAF 0.1-0.5%), low-frequency variants (MAF 0.5-5%) and common variants (MAF > 5%).
The number of variants in each class is shown.

I note that the sum of the estimates from the three separate models (0.87) is substan-
tially larger than the estimate when I fit a single variance component in a model using all
variants with MAF greater than 0.1% (0.68; cf. Table 3.2). This increase arises because vari-

ants included in a model can tag genetic variation not explicitly used in the computation of
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the genetic relatedness matrix. When I use common variants only in the model, these com-
mon variants will, to a certain unknown extent, tag lower frequency variants with which
they are correlated. Conversely, when I use only rare variants in the model, those rare vari-
ants will tag low-frequency and common variants to some extent. Low-frequency variants
will tag some rare and some common variation. Thus, the heritability estimates for rare
variants alone will not be strictly the variance explained by rare variants but the variance
explained by those rare variants and other (predominantly higher frequency) variants that
they tag. As a consequence, the estimates of the heritability from rare, low-frequency and
common variants when fitted in separate models are slightly inflated by tagging variation
not explicitly included in the model. This is not the case when I fit one variance component
using all variants with MAF greater than 0.1%.

As a result, the sum of the separate rare, low-frequency and common variant estimates
is substantially larger than the estimate from a single variance component using all variants
with MAF greater than 0.1%. Nevertheless, even bearing in mind the inflation effects in a
separate model fit, the point heritability estimates from rare variants estimate is large (0.29),
and much larger than the standard error for the estimate. This suggests that there is a truly
non-zero aggregate contribution of rare variants to heritability. The next chapter examines
the use of models with multiple variance component models to fit variance components
using variants in different allele frequency classes simultaneously. These models will allow
us to probe the question of the contribution of rare variants more thoroughly.

Taken together these results for the default model for the Integrated Panel data show
that variants identified with whole-genome sequence data (combined with chip and ex-
ome sequence data) can, indeed, be used to estimate the heritability of T2D using linear
mixed models. The heritability estimates from common variants agree broadly with pre-
viously reported results using chip genotype data. With the near-complete catalogue of
variation from the GoT2D Integrated Panel data we can begin to probe the contribution of
rare variants to the heritability of T2D. The results leave open the possibility of a substan-
tial contribution from rare variants, but there is considerable uncertainty in the heritability
estimates obtained from the Integrated Panel data, so we cannot claim with confidence
a large contribution from rare variants. I explore the robustness of these results in Sec-
tion 3.6, below. In the next section I conduct the same analyses, using the same models, on
two datasets consisting of genetic variants imputed into a larger cohort. I will assess how
closely the results from whole-genome sequence data agree with results from data (with
a larger sample size) of the kind that has been used to conduct this type of heritability

analysis previously.
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3.5.2 Single-variance component model using data imputed into a larger cohort

In this section I conduct analyses of single-variance component models, as above, using
data imputed into a larger cohort. Through the GoT2D project I have access to a set of 4500
UK individuals who have been genotyped using a SNP array (see Section 3.2.5). For these
individuals I have further genotypes imputed using the 1000 Genomes reference panel
(Imputed-1000G data) and, separately, using the GoT2D Integrated Panel as a T2D-specific
reference panel (Imputed-GoT2D data). I want an independent set of individuals for repli-
cation, so take the individuals in this dataset who did not feature in the Integrated Panel
dataset. After removing individuals who were sequenced (and thus appear in the Inte-
grated Panel dataset) and subsequent quality control, I have 4525 individuals (1587 cases
and 2938 controls) in the UK imputation cohort. This gives roughly 300 more cases and
more than twice as many controls in the imputation cohort as in the Integrated Panel. After
removing closely related individuals, I use 4498 individuals with genome-wide relatedness
less than 0.05, computed using variants with MAF greater than 5%.

I can compare the single-variance component results across MAF thresholds for the im-
puted data with those from the Integrated Panel data. Overall, the single-VC estimates
are very similar for the Integrated Panel and imputed data, especially taking into account
the standard errors of estimates (Table 3.4). The largest differences between Integrated
Panel and imputed data results occur for MAF greater than 0.1% variants (8,26,421 variants
for Imputed-GoT2D; 6,974,853 variants for Imputed-1000G) and the MAF greater than 5%
variants (3,791,288 variants for Imputed-GoT2D; 3,316,072 variants for Imputed-1000G).
When rare variants are included, as in the MAF greater than 0.1% model, the imputed
results are larger than the Integrated Panel results, quite noticeably so in the case of the
Imputed-GoT2D estimate. At the other extreme, for common variants, one sees that the
estimates from imputed data are substantially lower than the estimate from the Integrated
Panel data, with the discrepancy largest for the Imputed-1000G dataset. One would con-
clude that the estimates when using variants with MAF greater than 0.5% and MAF greater
than 1% are highly concordant.

The estimates from the imputed data get progressively smaller relative to the Inte-
grated Panel estimates as the MAF threshold increases. There are many fewer variants in
the imputed datasets (approximately 30% fewer for the Imputed-GoT2D dataset and 40%
tewer for the Imputed-1000G dataset than in the Integrated Panel; see Table 3.4) across all
MAF thresholds, which could reduce the capacity for genomic similarity to explain pheno-
typic variance. Interestingly, though, this reduction effect is only apparent for higher MAF
thresholds.

Estimates for the Imputed-1000G data are always lower than the estimates from the

Imputed-GoT2D data. This difference must be due to the set of variants used for the anal-
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Data Number of variants Heritability (s.e.)

MAF >0.1% Integrated Panel 12,034,435 0.682 (0.193)
Imputed-GoT2D 8,261,421 0.744 (0.102)
Imputed-1000G 6,974,853  0.692 (0.0963)

MAF >0.5% Integrated Panel 8,911,402 0.536 (0.154)
Imputed-GoT2D 6,100,925 0.552 (0.0807)
Imputed-1000G 5,159,547 0.522 (0.0756)

MAF >1% Integrated Panel 7,753,493 0.502 (0.140)
Imputed-GoT2D 5,344,929 0.505 (0.0734)
Imputed-1000G 4,587,286 0.471 (0.0697)

MAF >5% Integrated Panel 5,360,541 0.490 (0.115)
Imputed-GoT2D 3,791,288 0.429 (0.0611)
Imputed-1000G 3,316,072 0.403 (0.0593)

Table 3.4: Single-variance component results for liability-scale heritability (proportion of variance
explained) for the Integrated Panel, Imputed-1000G and Imputed-GoT2D datasets. The Imputed-
1000G dataset refers to the imputation of variants from the 1000 Genomes project into the larger
UK cohort, and Imputed-GoT2D refers to the imputation of GoT2D variants into this cohort. The
proportion of cases in the imputed datasets is 35.1% compared with 50.4% in the integrated panel
dataset. These liability-scale estimates were obtained using a prevalence value of 8%.

yses, because the cohort of individuals and the model parameters are the same for the two
imputation analyses. The Imputed-GoT2D dataset contains roughly 15% more variants
than the Imputed-1000G dataset (see Table 3.4). Using more variants in the model, all else
being equal, thus appears to increase heritability estimates (though due to the overlapping
standard errors one cannot claim this with great confidence). We have seen this to be the
case when progressively including variants with lower MAF in the Integrated Panel data
and both imputed datasets, but comparing the two imputed datasets shows this to be case
even within fixed MAF ranges for the same set of individuals.

The estimates from the imputed datasets have smaller standard errors than those from
the Integrated Panel data. We expect to obtain smaller standard errors with a larger sample
size (such as for the imputed datasets). It is difficult to quantify the expected change in
standard errors with increased sample size, however, because of the complexity of the
form of the estimate of the variance of a REML variance component estimator (Corbeil &
Searle, 1976b; Henderson, 1953). Standard errors for Imputed-1000G estimates are smaller
than for the Imputed-GoT2D estimates in all cases. Since the same cohort of individuals
and model parameters are used, the difference in the standard errors between the Imputed-
GoT2D and Imputed-1000G estimates must arise from the difference in the set of variants
used for the analysis. When more variants are used, standard errors are larger. This effect
could contribute to the large standard errors for the Integrated Panel estimates, where a

very large number of variants are used.
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The LMM methods for estimating heritability were developed and shown to work ef-
fectively for chip-genotype and imputed data. Applying these methods to whole-genome
sequence data, as done with the Integrated Panel data, is a new step. Obtaining single-
variance component heritability results from two imputed datasets, which are comparable
with those from the Integrated Panel data, provides us with reassurance that the LMM
estimation methods can be used for whole-genome sequence data. These results provide
some confidence that it will be possible to make meaningful comparisons when partition-
ing heritability and phenotypic variance onto more classes of genetic variation in the next
chapter. However, the differences in the single-VC results at higher minimum MAF thresh-
olds does indicate that differences in the sets of variants available between the two datasets
could drive differences in the variance-component estimates. As will be seen in the next
section, there are also issues with the interpretation of heritability estimates that need to
borne in mind when drawing conclusions from the results, and indeed from all results that

use a single variance component in an LMM to estimate heritability for a binary trait.

3.6 Robustness

This section explores the robustness of the single-variance component heritability esti-

mates [ have obtained in relation to:
1. Changing the effect-size model;
2. Effects of population structure;
3. Effects of linkage disequilibrium, and
4. Changing the assumed prevalence of T2D.

Each of these factors has the potential to affect the estimates of heritability and the inter-

pretation of heritability results from LMMs, both in this study and more generally.

3.6.1 Changing the effect-size model

Section 3.3 described the linear mixed model framework that was used to estimate her-
itability in this context. In particular, we introduced the “default” model (Section 3.3.3)
in which the effect-size distribution for individual variants is assumed to depend on the
minor allele frequency of the variants. I refer to this model as the “allele-frequency de-
pendent” (AFD) model. This default AFD model was used for the results presented in the
preceding section. However, as described in Section 3.3.4, an alternative model for the ef-
fect size distribution is possible. Under this alternative model, I assume a constant effect
size for all variants, thus removing the link between effect size and allele frequency. I refer

to this alternative model as the “constant effect size” (CES) model.
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MAF Threshold Number of variants  AFD Model CES Model

MAF > 0.1% 12,034,435 0.682 (0.193)  0.466 (0.112)
MAF > 0.5% 8,911,402 0.536 (0.154)  0.461 (0.111)
MAF > 1% 7,753,493 0.502 (0.140)  0.458 (0.111)
MAF > 5% 5,360,541 0.490 (0.115)  0.443 (0.106)
MAF > 30% 928,498 0.228 (0.0724)  0.225 (0.0723)

Table 3.5: Estimates of liability-scale variance in risk for T2D explained (standard error in brackets)
by single variance-components for the Integrated Panel data. Estimates were obtained using the
default model in which variant effect-sizes are allele-frequency dependent (AFD model) and the
alternative model in which variant effect-sizes are constant (CES model). Estimates were obtained
for minimum MAF thresholds of 0.1%, 0.5%, 1%, 5% and 30%.

The assumed effect-size model has a large effect on heritability estimates obtained from
an LMM with a single genetic variance component. The difference in heritability estimates
between the AFD and CES models is larger when more variants with lower MAFs are
included (Table 3.5 shows results for the Integrated Panel data).

To briefly recap the results from the AFD model discussed above, the highest heritabil-
ity estimate arises when using variants with MAF greater than 0.1%, then there is a sharp
drop when the minimum MAF threshold is raised to 0.5% and then relatively small de-
creases in the estimates for variants with MAF greater than 1% and MAF greater than 5%.
When I raise the minimum MAF threshold to an extreme of MAF greater than 30% (928,498
variants) there is a large, significant decrease in the heritability estimate. These AFD model
results suggest a large contribution to heritability from common variants (MAF greater
than 5%), which is to be expected as previous chip-heritability estimates have shown this.
The contribution from low-frequency variants with MAF in the range of 0.5-5% appears
to be small. The large point estimate for the MAF greater than 0.1% suggests a potentially
substantial aggregate contribution to heritability from rare variants (MAF 0.1-0.5%), but
the uncertainty in the estimates prevents making any such claims with confidence.

A different picture emerges when looking at the results from the constant effect-size
model. For the CES model, heritability estimates are almost constant across minimum
MAF thresholds of 0.1%, 0.5%, 1% and 5%. There is only a very small increase in esti-
mates when low-frequency and rare variants are included in the model (with differences
not significant considering the standard errors). This is to be expected for the CES model.
Under the CES model one expects variants, on average, to contribute to the heritability
estimates in proportion to their genotypic variance. As the genotypic variance is taken to
be 2p(1 — p), where p is the variant’'s MAF, genotypic variance is, relatively speaking, high
for common variants, low for low-freqency variants and very low for rare variants. The
CES model thus gives low-frequency and rare variants less “opportunity” to contribute to

the heritability estimate, and this is exactly what is observed in these results.
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For a restricted MAF range one expects to see better agreement between the AFD and
CES model results, as there is less scope for the different effect-size distribution assump-
tions to affect the heritability estimates. This is exactly what is observed when using only
variants with MAF greater than 30% (928,498 variants). The AFD and CES model heri-

tability estimates and standard errors are almost identical when only using variants in this

restricted MAF range.
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Figure 3.2: Liability-scale heritability (or variance explained) estimates showing the effect of
changing assumptions about the effect-size distribution in the model. Estimates are obtained from
a model with a single variance component for genetic effects. Results are shown for a range of
minimum minor allele frequency (MAF) thresholds for the Integrated Panel, Imputed-GoT2D and
Imputed-1000G datasets. Error bars represent +1 standard error.

The observations from the Integrated Panel data about the effects of changing the mod-
eling assumptions hold true for the Imputed-GoT2D data and Imputed-1000G data as
well (Figure 3.2). As was shown in the previous section, the AFD model heritability es-
timates from both imputed datasets are highly concordant with those from the Integrated
Panel data. For the imputed data, the estimates decrease as the minimum MAF threshold
increases, and we observe a large contribution from common variants, little from low-
frequency variants and a potentially substantial contribution from rare variants. Unsur-
prisingly, then, given the agreement in results between imputed and Integrated Panel data
for the AFD model, we also see highly concordant results for the CES model. Heritability
estimates from the Imputed-GoT2D and Imputed-1000G data stay practically constant as
the minimum MAF threshold decreases from 5% to 0.1%. For the imputed datasets, CES

model estimates appear lower than the AFD model estimates across all of these minimum
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MAF thresholds, with the most substantial difference between the models seen for MAF
greater than 0.1% variants.

These results show that the modeling assumptions made about the effect-size distribu-
tion for variants have a large effect on heritability estimates obtained across varying MAF
ranges. The results are highly concordant between the Integrated Panel, Imputed-GoT2D
and Imputed-1000G datasets, demonstrating that this is an effect of the modeling assump-
tions, and not an effect particular to the data used. The difference in estimates between
the constant effect-size model and the allele-frequency dependent model is largest, and
substantial, when rare, low-frequency and common variants are all included. The field is
currently interested in the possible contribution of rare variants to complex disease, so it is
relevant to the interpretation of reported heritability results that the inferred contribution
from rare variants could be large if using the AFD model but virtually non-existent if using
the CES model.

When estimating heritability using a single variance component across a wide MAF
range it seems to be a case of “seeing what you assume you will see” (c.f. confirmation
bias) with regard to the contribution from rare variants. Put another way, the estimates of
the collective contribution of rare variants are very sensitive to prior assumptions about
their effect sizes. If we use a model that gives equivalent weight to rare and common vari-
ants (AFD model), then we see a substantial contribution from rare variants, whereas if we
fit a model that implicitly gives little weight to rare variants (CES model) then we do not. A
possible resolution, allowing us to probe the contribution from rare variants further, is sug-
gested by the near-identical estimates obtained from the two models when using variants
with MAF greater than 30%. This result shows that estimates from the two models agree
if variants used are restricted to a narrow MAF range. The next chapter explores this fur-
ther by fitting models with multiple genetic variance components partitioning phenotypic

variance by allele-frequency class.

3.6.2 Accounting for and estimating effects of population structure

It is known that population structure can inflate heritability and variance explained esti-
mates from LMMSs (Browning & Browning, 2011; Goddard et al., 2011). Unfortunately, de-
spite some recent suggested approaches (Janss et al., 2012), there is no established method
to adequately account for population structure. The standard approach, first demonstrated
by Yang et al. (2010a) and used in many subsequent studies (Yang et al., 2011b; Lee et al.,
2011, 2012a, 2013; Gusev et al., 2013), is to fit a certain number of principal components
(PCs; typically computed as the eigenvectors of the GRM) as fixed effects in the LMM. Typ-
ically between ten and twenty principal components are included in the model, and this
is assumed to account for population structure sufficiently well. In theory there should

be an ideal number of principal components to fit, so that the minimum number of PCs
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to account for population structure are included, but not any unnecessary PCs that could
be removing signal of interest from the results. In practice, there is no commonly-used
approach in the field to select the ideal number of PCs to use (in spite of attempts in that
direction by Janss et al. (2012)). Below, I look at the stability of heritability estimates to
changing the number of PCs included in the model, and then explore two approaches to
estimating the remaining population structure effects on the estimates when fitting ten PCs

in the model.

3.6.2.1 Fitting principal components as fixed effects

Our default approach has been to fit ten principal components (PCs) as fixed effects in
the linear mixed model. Here I assess the robustness of the heritability estimates to fit-
ting different numbers of PCs in the model. Across all minimum MAF thresholds and
both effect-size models the highest heritability estimate is obtained when no PCs are fit-
ted (Figure 3.3). As more PCs are fitted the heritability estimates decrease steadily before
appearing to stabilise once nine PCs are included. Virtually no change in heritability esti-
mates is seen when between nine and 25 PCs are included in the model. The robustness of
the heritability results shown here once at least nine PCs are used justifies the decision to
tit ten PCs as the default approach for these analyses.

One cannot assume that fitting ten principal components in the model actually accounts
for all of the population structure effects, but it is clear from Figure 3.3 that including more
PCs has no further effect on removing any population structure (or other) effects from the
heritability estimates. Having thus settled on including 10 PCs for these analyses, I can
proceed, in the next section, to use two different approaches to try to quantify remaining

effects of population structure on the heritability estimates.

3.6.2.2 Estimating the effects of population structure on heritability estimates

The approach of fitting PCs as fixed effects is not entirely satisfactory, but having shown
the robustness of heritability estimates to the number of PCs fitted for the data here, there
are two diagnostic approaches available to probe the remaining influence of population
structure on the obtained estimates of heritability. In all of these analyses I fit ten PCs as

fixed effects, as well as our other default covariates (see Section 3.4.4).

Assessing population structure through individual chromosome heritability estimates
Yang et al. (2011b) propose estimating heritability from variants on individual chromo-
somes as individual variance components jointly in one model (h? (joint)), and also sepa-
rately as single variance components in separate models, one at a time (h2(sep)). The gen-
eral idea is that population structure effects will manifest as correlation between variants

on one chromosome with variants on other chromosomes. This correlation would lead to
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Figure 3.3: Liability-scale heritability (or percentage of phenotypic variance explained) estimates
showing the effect of changing the number of principal components fitted as fixed effects in the
linear mixed model. Estimates are obtained from a model with a single variance component for
genetic effects. Results are shown for the Integrated Panel dataset with no LD-pruning of variants,
for a range of minimum minor allele frequency (MAF) thresholds, distinguised by different colours.
The left panel shows results when using the default effect-size model (allele-frequency dependent
model) and the right panel shows results for the alternative model (constrant effect size model).
Error bars represent £1 standard error.

overestimation of the genetic variance components in the separate analysis (i?(sep)). The
difference between the heritability estimates for each chromosome from separate (h2(sep))
and joint fits (12 (joint)) are plotted against chromosome length. A non-zero intercept to a
fitted linear regression line indicates inflation due to cryptic relatedness amongst samples,
while a non-zero slope indicates other population structure affecting estimates (under the
assumption that longer chromosomes track population structure better than smaller chro-
mosomes). Thus, an ideal result would be to obtain a fitted line with intercept of zero
and slope of zero, which would indicate no population structure effects on the heritability
estimates.

I apply the Yang et al. (2011b) approach to the Integrated Panel for minimum MAF
thresholds of 0.1%, 0.5%, 1% and 5% (as used above) and for three approaches to excluding
individuals from the analysis according to their relatedness to other individuals in the
cohort (Figure 3.4). I compare the default approach of filtering the individuals so that no
pair of individuals has a pairwise-relatedness value greater than 0.05 (see Section 3.4.1.1) to

applying a stricter relatedness threshold of 0.025 and to applying no relatedness threshold
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(all individuals in the cohort included).

For the default relatedness threshold of 0.05, there is no significant slope to the fitted
lines, so no evidence of “other” population structure effects on these estimates. For mini-
mum MAF thresholds of 5% and 1% there is no significant evidence that the intercept of the
fitted line is non-zero, so cryptic relatedness does not look to have an effect. For minimum
MATF thresholds of 0.5% and 0.1%, however, the intercept looks to be non-zero, albeit small
(less than 0.02). Taken together, this analysis suggests little effect of cryptic relatedness or
other population structure on the heritability estimates.

Results when applying a relatedness threshold of 0.025 or no relatedness threshold tell
a similar story. None of the fitted slopes are significantly different from zero, and only
for a minimum MAF threshold of 0.1% does it look like there may be a significant effect
for cryptic relatedness. Even in these cases, though, the 95% confidence interval spans
approximately zero to less than 0.05, so even in the worst case scenarios here the cryptic
relatedness effect is not large. However, there is substantial variability in the difference
in per-chromosome estimates (particularly for chromosomes 10 and 11) across all models
here, and even small amounts of inflation could become noticeable if I fit multiple variance
components (as I will in the next chapter) that are all affected by these inflation effects. The
greatest discrepancies in per-chromosome estimates arise for chromosomes 10 and 11. This
effect appears to arise because there are relatively large genetic effects on chromosomes 10
and 11. TCF7L2 and other GWAS-associated loci such as HHEX, IDE and KIF11 lie on chro-
mosome 10, and the TCF7L2 association is the strongest genome-wide for T2D and explains
the largest proportion of heritability of any variant or locus. The MTNRIB locus, another
strong association, lies on chromosome 11. I repeated the analysis shown in Figure 3.4, but
excluded variants in or within 1IMb of GWAS-associated loci (data not shown). Compared
with the results shown including GWAS loci, the overall differences between jointly fitted
and separately fitted estimates are substantially smaller, particularly for chromosomes 10
and 11, and chromosomes 10 and 11 do not appear to have outlying variance explained for

their size.

Assessing population structure effects with half-genome heritability estimates An-
other approach, proposed by Speed et al. (2012), involves dividing the genome roughly in
half (using odd chromosomes and even chromosomes) to form two variance components.
Similar to the approach above, I then fit the two components jointly in a single model, and
separately in two separate single-variance component models. I also compute the vari-
ance explained by a single variance component composed of all variants genome-wide.
I then compare the sum of the odd and even chromosome components” estimates from
the single-variance component models to the single-variance component whole-genome

estimate and the sum of the joint fit estimates. If there is no inflation in estimates due to
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Figure 3.4: Diagnostics for assessing effect of population structure following the approach of Yang
et al. (2011b). This approach plots the difference of the per-chromosome estimate of heritability
(h2) when fit individually in separate models (12 (sep)) to that when all chromosomes are fit jointly
in a single model (1% (joint)) against the length of the chromosome in megabases. The columns in
the plot show results using all variants outside the second-iteration exclusion regions defined in
Section 3.4.1.2 for minimum minor allele frequency (MAF) thresholds of 0.1% (far left, red), 0.5%
(green), 1% (blue) and 5% (far right, orange). Rows show results when applying different related-
ness thresholds to exclude individuals (see Section 3.4.1.1). Results are shown when no relatedness
threshold is applied (top row), when the maximum relatedness between individuals is 0.025 (mid-
dle row) and 0.05 (bottom row; default approach). The chromosome number is given in the circle
for each point plotted.

population structure, then one expects that the sum of estimates from the odd and even
chromosomes in the separate fits will be equal to the sum from the whole genome. If there
is a population structure effect, then this should be captured equally by the odd chromo-
some, even chromosome and whole-genome estimates (as the two halves of the genome
should be large enough to capture the full effects of cryptic relatedness and population
stratification). Thus, the difference in the sums gives an estimate of the effect of population
structure on the heritability estimates.

I apply this approach to the heritability estimates from the Integrated Panel data for
minimum MAF thresholds of 0.1%, 0.5%, 1% and 5% (Table 3.6). Unlike in the diagnostic

analysis above, this approach estimates a substantial structure effect for the data when us-
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ing variants with MAF>0.1% (0.098). The estimated structure effect is greatly reduced (is
less than 0.05) as the the minimum MAF threshold is raised to 0.5% and reduces further for
minimum MAF of 1% (0.044) and 5% (0.028). The sum of the odd and even chromosome
estimates from the joint fit are slightly higher than the estimate from the single-variance
component model. This suggests that a small degree of inflation in the total heritability es-
timate occurs when taking the sum of estimates from multiple variance components fitted
jointly. This could be due either to upward bias in the individual REML variance compo-
nent estimates or inflation due to correlation between the variance components, or both.
These effects are important for the multiple variance component models explored in the

next chapter, and are discussed in more detail there.

MAF Component Single VE Est (SE) Joint VE est (SE) Single Sum Joint Sum Single WG Est (SE)  Difference (Inflation due to structure)
MAF >0.1% Odd Chr 0.347 (0.141) 0.299 (0.140) 0.780 0.688 0.682 (0.193) 0.098
Even Chr 0.432 (0.140) 0.388 (0.139)
MAF >0.5% Odd Chr 0.254 (0.111) 0.244 (0.110) 0.585 0.570 0.536 (0.154) 0.049
Even Chr 0.331 (0.110) 0.326 (0.110)
MAF >1%  Odd Chr 0.226 (0.101) 0.216 (0.100) 0.546 0.531 0.502 (0.140) 0.044
Even Chr 0.320 (0.101) 0.315 (0.100)
MAF >5%  Odd Chr 0.225 (0.0830) 0.216 (0.0821) 0.518 0.504 0.490 (0.115) 0.028
Even Chr 0.292 (0.0827) 0.287 (0.0822)

Table 3.6: Half-genome variance explained (or heritability) estimates for T2D to assess the effects of
population structure in the Integrated Panel dataset. Results are shown for four different minimum
MATF thresholds and use individuals with relatedness less than 0.05 (Section 3.4.1.1). This table
gives estimates of variance explained (VE) by variants on the odd- and even-numbered chromo-
somes when the variance components are fitted in separate models (“Single VE Est”) and in a joint
model (“Joint VE Est”). The sum of the estimates from the odd and even chromosomes (“Single
Sum”/*’Joint Sum”) is compared to the VE estimate from a single, whole-genome variance compo-
nent. Therefore, we can estimate inflation by subtracting the whole-genome estimate (“Single WG
Est”) of VE from the sum of the estimates from odd and even chromosomes (“Single Sum”). The es-
timated inflation due to structure is shown in the column “Difference (Inflation due to structure)”.
The “joint” estimates show how inflation effects in individual components are reduced when two
components are fit jointly in a model compared with when the same components are fit as single
components in separate models.

These two diagnostic approaches both suggest that there is not a large effect of popu-
lation structure on heritability estimates when using variants with MAF greater than 0.5%.
The Yang et al. (2011b) per-chromosome approach suggested that the population structure
effects are negligible, while the Speed et al. (2012) approach suggested that inflation from
population structure should be less than 0.05 when using variants with MAF greater than
0.5%. This degree of inflation is not too large in the context of a liability-scale heritability
estimate of approximately 50%. When rare variants are included in the model, however,
the population structure effect seems to be substantial. The Yang et al. (2011b) approach
hinted that structure effects could be present when using variants with MAF greater than
0.1%, while the Speed et al. (2012) approach indicated that the structure effect could be as
large as 0.1 for these estimates. Overall, these analyses suggests that there is a population
structure effect on the estimates, but that it is not too large when minimum MAF is greater

than 0.5%, but is potentially large for variants with MAF greater than 0.1%.
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These effects should be borne in mind when interpreting heritability estimates, and will
be relevant when assessing inflation of total heritability estimates in the next chapter. In the
analyses in the next chapter I do not explicitly account for the effects of structure identified
here. Thus, heritability estimates from those models will be slightly inflated by the upward
bias introduced by structure effects. One should, therefore, take the “raw” heritability
estimates from these models (especially the total heritability estimate in multiple variance
component models) with a grain of salt. However, the focus of subsequent analyses is
to compare and assess the relative contributions of different classes of genetic variation to
heritability. As such, even if the estimates of multiple variance components in a given
model are all slightly upwardly biased one expects this effect will have little impact on
the comparison of relative contributions to variance explained. Indeed, this expectation is

borne out by extensive robustness checking of results in the second half of the next chapter.

3.6.3 Adressing linkage disequilibrium

In principle, and possibly in practice, correlations between markers, called linkage disequi-
librium (LD) in the genetics context, can bias estimates of the true variance explained or
heritability of a set of markers (Speed et al., 2012). LD between variants is often expressed
using R? to quantify the strength of the correlation between the genotypes of a pair of
variants. The conceptual model is that unknown and typically un-genotyped causal vari-
ants are “tagged” by genotyped “marker” variants. The problem introduced by LD is that
the signal for causal variants across the genome can be tagged with differing efficiencies.
Causal variants in LD with many marker variants could have their signal replicated by
these correlated markers, giving them more influence than they should in the computa-
tion of a GRM. Conversely, causal variants that are only in relatively low LD with a small
number of marker variants will not have their contribution measured appropriately. Of
course, causal variants that are not in LD with genotyped markers are missed entirely in
this analysis.

The LMM approach to estimating heritability grew in popularity with the rise of large
sets of samples genotyped on chip arrays. The earlier generations of these genotyping
arrays assayed a relatively sparse set of markers across the genome (say 200,000 mark-
ers or fewer). LD between these markers was typically low, so the issues caused by LD
among marker variants were ignored. However, contemporary genotyping platforms as-
say much denser variants sets. For example, the Illumina Human Omni 2.5 chip (Illumina,
Inc, 2014b) (one of the technologies used for the GoT2D project) contains 2.5 million mark-
ers, and the GoT2D Integrated Panel dataset takes this to an extreme with high-confidence
genotype calls for over 26 million variants produced by combining Omni array, low-pass
whole-genome sequence, and high-depth whole-exome sequence data. With these much

higher density genotyping platforms, effects of LD among marker variants could become
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problematic. Indeed, Speed et al. (2012) suggest that estimating the narrow-sense heritabil-
ity for a trait using LMMSs can be biased by differential LD-tagging of causal variants by
marker variants.

For the single-variance component heritability estimates presented in this chapter, LD
effects could influence the results. In the analyses in the next chapter, however, we are
much more interested in the relative contributions of variants in different allele-frequency
and functional classes to heritability than we are in estimates of the total heritability. So,
the pertinent question there is whether or not LD is an issue for the variance partitioning
analyses. In the paper in which they introduce the variance partitioning approach used in
Chapter 4, Gusev et al. (2014) argue that pervasive LD across functional categories is han-
dled by the joint estimation of the variance components in a single model. Joint estimation
allows all components to compete for shared variation due to LD (Gusev et al., 2014). They
argue that this LMM-based variance components analysis leverages the entire polygenic
architecture of the trait and this feature of the LMM approach allows it to perform better
than enrichment analyses of top GWAS hits (demonstrated in their analyses). Through
simulations, Gusev et al. (2014) show that the LMM partitioning approach gives accurate
genome-wide estimates of functional enrichment across varying genetic architectures.

In the Integrated Panel data the near complete catalogue of variation with MAF > 0.1%
has actually directly genotyped. Thus, the causal as well as marker variants in this allele
frequency spectrum have presumably been directly genotyped. Therefore, issues raised
in the analysis of chip-genotype data (such as questions about tagging of causal variants)
will not necessarily apply to genotype data from whole-genome sequencing. There could
still be “double-counting” of the effects of some causal variants if they have many tagging
variants, but no published work yet discusses LD issues in whole-genome sequence data
such as that from the GoT2D study.

The arguments made by Gusev et al. (2014) provide confidence that the LMM parti-
tioning approach in the next chapter should work appropriately on the dense variants in
the GoT2D Integrated Panel dataset. As such, the “default” analysis approach includes all
Integrated Panel variants (after quality control) with MAF greater than 0.1%. Nevertheless,
one could apply “LD-pruning”, that is thinning the set of variants used so that remaining
variants have pairwise correlations below some R? threshold value. As a sanity check, I
apply LD-pruning to the set of Integrated Panel variants to check how enrichment results
are affected by LD. With a reasonable degree of LD-pruning the “whole-genome” variant
set of the Integrated Panel can be reduced to a set that looks much more similar to an im-
puted dataset (for which Gusev et al. (2014) showed that the LMM partitioning methods
perform well).

The obvious objection to LD-pruning genotyped variant sets is that it can be a self-

defeating strategy. Either we prune so few variants that we make little change to the re-
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sults, or we remove so many variants through stricter LD-pruning that we remove true
signal along with “unwanted” correlations. Whatever set of variants we use to define
GRMs will effectively “tag” variants that are not directly used in the model. This is, of
course, how LMM methods have been able to explain a substantial proportion of “missing
heritability” across traits: a relatively small set of directly genotyped SNPs (say 200,000)
can tag a large amount of genome-wide variation. Thus, if we prune the set of variants
so that remaining variants in the model have a maximum R? of, say, 0.8, then we would
expect that a very large proportion of genome-wide variation would be captured by the
remaining variants, and so we would expect to see little change in results. With stricter
LD-pruning, say using an R? threshold of 0.3, much of the genome-wide variation will still
be tagged by the remaining variants in the model, but we risk removing the signal that
we are most interested in. Indeed, Gusev et al. (2014) obtain much better partitioning re-
sults when using (dense) imputed data rather than (relatively sparse) chip-genotype data,
suggesting that we should not undertake LD-pruning for the partitioning of variance into
functional classes.

There is one aspect of the investigation into the genetic architecture of T2D that can ben-
efit from an approach originally designed to account for issues that LD causes in obtaining
an absolute estimate of narrow-sense heritability. Lee et al. (2013) propose an approach to
accounting for LD in response to the findings of Speed et al. (2012) that SNP-heritability es-
timates are sensitive to uneven LD between markers in dense genotype data. By “uneven
LD”, Speed et al. (2012) mean that across the genome local patterns of LD between vari-
ants will vary, and so causal variants in certain (unknown) regions will be better tagged
by genotyped variants than causal variants in other (also unknown) regions. Speed et al.
(2012) speculated that such “uneven LD” may bias heritability estimates and in response
Lee et al. (2013) proposed a minor allele frequency (MAF)-stratified approach that gives
heritability estimates that are robust to genotyping density and the underlying genetic ar-
chitecture of the trait. This MAF-stratified, or MAF-binning, approach also provides the
appealing possibility of providing insight into genetic architecture by dissecting out the
heritability for variants in different MAF-classes.

Lee et al. (2013) claim that their “GCTA MAF-binning” approach breaks down the im-
plicit relationship between SNP allele effects and heterozygosity (i.e. 2p(1 — p) where p is
the frequency of a given SNP), and that VE estimates with this approach are more robust
to a range of underlying genetic architectures, different MAF-density distributions, and
hence unequal tagging of causal variants. They also claim that the MAF-binning approach
performs better than the LD-weighting of variants proposed by Speed et al. (2012), which
can give upwardly-biased VE estimates because its weighting strategy is suboptimal for

dense genotyping data and attributes too much weight to low-MAF variants.
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As mentioned above, the primary focus (presented in the next chapter) is on partition-
ing phenotypic variance by variant class rather than obtaining an estimate of the narrow-
sense heritability for T2D. However, we are interested in the contribution to variance ex-
plained from variants across the MAF spectrum. The MAF-binning approach from Lee
et al. (2013) provides the means to do this, and also accounts for uneven LD between
markers. The single-variance component heritability estimates presented in this chapter
represent a standard, but more naive, approach to estimating variance explained by ge-
netic effects. I present them in this chapter because they are a standard analysis conducted
in this sort of setting, and provide a baseline against which to compare the partitioning

results presented in the next chapter.

3.6.3.1 Single-variance component heritability estimates when LD-pruning variants

In spite of these arguments against LD-pruning outlined above, I undertook some analyses
with LD-pruning as a sanity check. I used standard parameter settings in the PLINK (Purcell
etal., 2007) software package to conduct LD-pruning with thresholds on R? between geno-
types of 0.8, 0.5 and 0.3. LD-pruning substantially reduces the number of variants used
for analysis, particularly in the common variant MAF range (Table 3.7). Here, I look at
effects of LD-pruning just on single-variance component estimates for the Integrated Panel
data. The next chapter explores effects of LD-pruning on results from multiple variance

component partitioning analyses.

MAF Range LD-pruning Approach Number of Variants
Rare (MAF 0.1-0.5%) No pruning 3,123,033
R?<0.8 2,110,658
R?2 <05 1,576,114
R?2 <03 1,221,178
Low-frequency (MAF 0.5-5%) No pruning 3,550,861
R?2 <08 1,462,902
R%2 <05 964,908
R? <03 650,101
Common (MAF > 5%) No pruning 5,360,541
R? < 0.8 936,797
R?2 <05 476,465
R2<03 264,721

Table 3.7: Number of Integrated Panel variants used when applying different LD-pruning ap-
proaches. When LD-pruning was undertaken, it was done using the default method in the PLINK
software to prune variants to have a maximum correlation (R?) between remaining variants of 0.8,
0.5 or 0.3. Here I show the number of variants after pruning for rare (MAF 0.1-0.5%), low-frequency
(MAF 0.5-5%) and common (MAF > 5%) variants.

The LD-pruning results for single-variance component heritability estimates on the In-

tegrated Panel data suggest that LD-pruning is not the appropriate strategy here for deal-
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ing with any worries about the effects of LD (Figure 3.5). For all models except the allele-
frequency dependent model with minimum MATF threshold of 0.1%, the heritability esti-
mates are larger with LD-pruning of variants (with R? threshold of 0.8, 0.5 or 0.3) than
without any LD pruning. In the most extreme case (AFD model, MAF greater than 0.5%;
number of variants 2,399,599, 1,441,373 and 914,822 variants for R? thresholds of 0.8, 0.5
and 0.3, respectively) some of the LD-pruned estimates are 50% larger than the no-pruning
estimate. The LD-pruned estimates for the AFD model with MAF greater than 0.1% are
more like what we might expect to see: the estimate for R> < 0.8 (4,510,257 variants) is
very close to the estimate obtained without pruning, and when more variants are removed
(3,017,486 variants used for R? < 0.5 and 2,136,000 variants for R?> < 0.3) the heritability
estimate decreases. It seems likely that these results are closer to what we expect, because
LD-pruning has much less of an impact for rare variants than it does for low-frequency
variants and (most extreme) common variants (Table 3.7). This accords with the results
for the CES model, where the results for minimum MAF of 0.1% are very similar to those
applying higher MAF thresholds. This is what is expected from the CES model, in which
rare variants are given very little weight (as discussed above).

The standard errors for the LD-pruned estimates are substantially larger than those
from the no-pruning estimates. This, again, is a somewhat surprising outcome, as for some
models, such as when increasing the minimum MAF threshold, smaller standard errors are
observed when fewer variants are used. Thus, when fitting far fewer variants in the model
when applying LD-pruning than without LD-pruning, one might expect smaller standard
errors. Results for the imputed datasets showed that generally smaller standard errors are
obtained when fewer variants are used in the model, although that comparison is a little
problematic as those smaller standard errors are likely also influenced by the larger sample
size for the imputed data and different characteristics of that particular sample. Neverthe-
less, the fact that larger standard errors arise for the LD-pruned results when using fewer
variants suggests that some aspect of LD-pruning upsets the heritability estimates, at least
on the Integrated Panel data.

Overall, LD-pruning does not look like a good strategy for accounting for any LD ef-
fects for these data. Other methods exist that try to adjust heritability estimates to account
for LD effects, but we did not have any success in applying the software implementations
of those methods to the large Integrated Panel dataset (data not shown). On the basis of

these results, it looks better to avoid LD-pruning for heritability analyses.

3.6.4 Effects of changing the disease prevalence value

Throughout all of the analyses I report heritability estimates on the liability scale as it is
more interpretable and allows comparison of results between datasets and traits. As dis-

cussed in Section 3.3.8, transforming raw-scale variance component estimates to liability-
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Figure 3.5: Liability-scale heritability (or percentage of phenotypic variance explained) estimates
showing the effect of changing the approach to pruning variants to reduce linkage disequilibrium.
Estimates are obtained from a model with a single variance component for genetic effects. Results
are shown for the Integrated Panel dataset, for a range of minimum minor allele frequency (MAF)
thresholds. Different colours distinguish between the LD-pruning approaches: no LD-pruning (our
default), and pruning variants such that the maximum correlation (R?) between variants used for
the analysis is 0.8 (R? < 0.8), 0.5 (R? < 0.5) or 0.3 (R* < 0.3). The left panel shows results when
using the default effect-size model (allele-frequency dependent model) and the right panel shows
results for the alternative model (constrant effect size model). Error bars represent £1 standard
€error.

scale heritability estimates is straight-forward. However, the transformation strongly de-
pends on the value assumed for the prevalence of the binary trait. In the default analyses,
I have assumed the widely-used prevalence of T2D in European populations of 8%. How-
ever, since the liability-scale heritability estimates are sensitive to the prevalence value, I
examine here the effects on our heritability estimates of using different prevalence values.
After all, a prevalence value of 8% could be slightly misspecified (King et al., 1998), and we
also face the possibility that a prevalence of 8% is not the appropriate value for the GoT2D
cohort. After all, an opportunistic version of extreme-phenotype sampling was applied for
the GoT2D project (see Section 3.2.1). Thus, the population-wide prevalence of 8% for T2D
may be too high. It could be argued that a lower prevalence would be more appropriate
when looking at more extreme T2D case-control phenotypes.

As expected from the theoretical results, changing the prevalence value has a large
effect on liability-scale heritability estimates (Figure 3.6). Across the Integrated Panel,
Imputed-GoT2D and Imputed-1000G datasets, doubling the assumed prevalence from 8%
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Figure 3.6: Liability-scale heritability (or percentage of phenotypic variance explained) estimates
showing the effect of changing value assumed for the prevalence of the binary trait (here T2D case-
control status). The x-axis shows possible assumed prevalence values on a log2-scale, and the y-
axis shows the liability-scale heritability estimate corresponding to applying that prevalence value
to transform observed-scale REML estimates to the liability scale. The vertical, black dotted line is
placed at a prevalence of 0.08 (8%), which is the default value used for the analyses. Estimates are
obtained from a model with a single variance component for genetic effects. Results are shown for
the Integrated Panel, Imputed-GoT2D and Imputed-1000G datasets, for a range of minimum minor
allele frequency (MAF) thresholds. Different colours distinguish between the different datasets. The
four panels show results when using different minimum minor allele frequency (MAF) thresholds
for the variants used in the analyses (MAF > 5%, MAF > 1%, MAF > 0.5% and MAF > 0.1%).
Error bars represent 1 standard error.

to 16% would increase the heritability estimates by roughly 20%, while halving the preva-
lence to 4% would reduce heritability estimates by a similar amount. Completely misspec-
ifying the prevalence can lead to nonsensical results: if one assumes a prevalence of 24%
(grossly inflated for a contemporary European population, but actually a realistic preva-
lence for a country like Nauru with very high incidence of T2D), then when using variants
with MAF greater than 0.1% one could actually obtain a liability-scale heritability estimate
greater than 100%. At the other extreme, if one assumes a prevalence value of 0.1%, then
one would get a liability-scale estimate of approximately 20% across all MAF thresholds
and datasets.

The dependence of liability-scale heritability estimates on the assumed prevalence is
strong. Thus, the assumed prevalence value has a large influence on our interpretation of

liability-scale heritability estimates. If the assumed prevalence is lower than it should be
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then we will underestimate the heritability, and if it is higher than it should be then we will
overestimate the heritability. Given the extreme-sampling approach in the GoT2D project,
it could be argued that a lower prevalence value would be more appropriate, although it is
not clear exactly what a better prevalence value would be. Taking a prevalence value of 4%
instead of 8%, which does not seem unreasonable, would reduce the heritability estimates
by about 20%. Such a change would affect the interpretation of our heritability results
and how they compare to heritability estimates from other studies. For example, a large
estimate from these results of 68% (Integrated Panel, MAF greater than 0.1%) when using
a prevalence of 8% would be less than 60% with a prevalence of 4%, and then a result more
concordant with previous estimates of the heritability for T2D. If we do see heritability
estimates that seem high, one possibility is that the prevalence assumed is higher than it
should be.

3.7 Discussion

This chapter introduced the study of heritability and phenotypic variance explained for
type 2 diabetes. It described the GoT2D project of which this work forms a part, and the
Integrated Panel and imputed datasets that were used for the analyses. Here, I restricted
the analyses to single-variance component estimates of heritability from linear mixed mod-
els, a standard approach in the field for obtaining heritability estimates from genome-wide
variants in unrelated individuals in a case-control setting. To my knowledge, this is the first
time that whole-genome sequence data has been used for these types of analyses, which
have been previously been conducted on chip-genotype data (with and without imputa-
tion of larger numbers of variants).

The results show that common variants explain a large amount of the variance in lia-
bility for T2D. Using the default model, I obtained a liability-scale heritability estimate of
0.49 (s.e. 0.12) when using variants with MAF greater than 5%. The contribution from rare
variants to susceptibility in T2D remains unclear. I obtained a high point estimate (0.68,
se.e. 0.19) for the liability-scale heritability when using variants with MAF greater than
0.1%, but the uncertainty in the estimate is high. There is the possibility of a substantial
contribution to T2D heritability from rare variants, but I cannot claim this with confidence.
I also observed that the apparent contribution from rare variants depends greatly on the
effect-size model assumed. When the default, allele-frequency dependent model is used,
the contribution looks large, but when the alternative, constant effect size model is used,
the contribution from rare variants appears negligible. Larger sample sizes will be required
to characterise the contribution from rare variants more definitively.

Heritability estimates from the Integrated Panel dataset (incorporating whole-genome

sequence data) were broadly concordant with estimates from two imputed datasets with
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larger cohort size. I did observe, however, lower heritability estimates for common vari-
ants from the imputed datasets (0.43, s.e. 0.06 and 0.40, s.e. 0.06). The imputed dataset
results showed the same patterns across different minimum MAF thresholds and the two
effect size models as the Integrated Panel results. The agreement of the imputed data
and Integrated Panel results provide evidence that the LMM-based approach to estimating
heritability originally developed for sparse chip-genotype data does perform comparably
when applied to very dense genotype data derived from whole-genome sequence, exome
sequence and chip data.

The robustness of the heritability estimates was examined in various ways. The liability-
scale heritability estimate is strongly affected by the assumed prevalence value for a binary
trait. Prevalence of T2D can vary greatly between populations, from approximately 8%
in western Europe to more than 30% in certain Pacific Island populations (Zimmet et al.,
2001). The strong effect of the assumed prevalence value is important for the interpreta-
tion of the heritability results, since it is possible that the standard prevalence of 8% for T2D
that I have applied is higher than it ought to be for the extreme-phenotype study design of
GoT2D. The dependence of liability-scale estimates on prevalence is vital to bear in mind
when interpreting heritability results for any binary trait. I saw that LD-pruning variants
resulted in suspiciously high heritability estimates, and concluded that LD-pruning is not
a good strategy for the types of analyses conducted here.

The heritability estimates that I have obtained here (ranging between 40% and 70%
across minimum MAF thresholds and modeling assumptions) are broadly consistent with
previously published estimates of the heritability of T2D. I note, however, that previously
published estimates cover an even wider range than my results, from as low as 26% in a
study from the Danish Twin Register (Poulsen et al., 1999) to as high as 69% in patients
with age at onset 3560 years in a family-based Botnian cohort (Almgren et al., 2011). From
the point of view of study design (with an emphasis on early-onset T2D cases) the GoT2D
cohort seems most similar to the cohort in the Almgren et al. (2011) study, so perhaps it is
not unreasonable to see heritability estimates up to 68% in my analyses. More recent anal-
yses on chip-genotype data (with and without imputation) which obtained estimates of
T2D heritability between 30% and 60% depending on modeling assumptions and whether
imputed variants were used or not (Gusev et al., 2013). Overall, then, while some of the
heritability estimates appear large at first glance, they are eminently plausible in the con-
text of other published estimates for the heritability of T2D.

These single-variance component estimates of the liability-scale heritability of T2D pro-
vide a useful baseline. The results look broadly sensible, and have been able to probe the
robustness of the LMM-based heritability estimates in various ways. However, the results
here are not conclusive regarding the contribution to T2D risk from rare and low-frequency

variants, but the baseline that these results provide will be useful to bear in mind for the
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analyses I conduct in the next chapter. Analyses in Chapter 4 partition the heritability onto
variants in different allele-frequency and functional classes. The aim is to gain a finer-
grained view of the contributions to heritability from different classes of genetic variation,
probing further the contribution to disease liability from rare variants and, possibly, func-

tional variants of different types identified from multiple cell types.
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Chapter 4

Using variance partitioning to
investigate the contribution of
different classes of genetic variation
to type 2 diabetes susceptibility

4.1 Introduction

This chapter extends the analyses presented in the previous chapter to investigate the rel-
ative contributions of different classes of genetic variation to T2D susceptibility. These
investigations build on the baseline results provided by the single-variance component es-
timates of heritability. Using the same datasets I will partition phenotypic variance onto
variants in different allele-frequency classes, and variants in different functional annotation
classes. Linear mixed model methods continue to be used for estimating heritability and
variance explained, but here I will fit models with multiple genetic variance components
to partition heritability onto different classes of genetic variation in various ways.

There are two main thrusts to the variance-partitioning analysis of the GoT2D data:

1. MAF classes models: Variance components are computed using sets of variants strat-

ified by minor allele frequency.

2. Annotation classes models: Sets of variants are defined based on annotation class

(for example, “enhancer”, “coding” and so on) and variance components are fitted

using the variants for each annotation class.

In both cases, I fit multiple variance components in the LMM simultaneously and obtain
REML estimates of VE for each class. The analysis of variance partitioning by functional
class begins with high-level annotation categories (e.g. coding, UTR, promoter, and so on),
but then homes in on enhancer variants, particularly those active in pancreatic islet cells.
The focus is on enhancer variants as the analysis highlights their importance and they have

also recently been shown to be particularly relevant for T2D (Pasquali et al., 2014).
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In the previous chapter I used LMM methods to estimate the heritability of T2D from
whole-genome sequence and imputed genotype data. Larger estimates were obtained for
the estimates of T2D heritability when including rare and low-frequency variants along
with common variants in a single-variance component model. However, results showed
that modeling assumptions had a substantial effect on single-variance component esti-
mates of heritability. This chapter, seeks to establish the contribution to T2D risk from
rare and low-frequency variants in a finer-grained way by partitioning phenotypic vari-
ance into multiple allele frequency classes. Similar estimates were observed from the two
effect-size models when restricting variants used to a narrow MAF range. Below, I fit mul-
tiple variance components covering in combination a wide MAF range, but each individ-
ually using variants in a narrow MAF range. From these results we will be able to assess
agreement between the two effect-size models when using this partitioning approach. I
will also attempt to separate contributions to heritability from variants in different MAF
ranges, which may give us further insight into the collective importance of rare and low-
frequency variance in explaining risk for T2D.

In addition, an aim is to identify what types of functional variants contribute more or
less to T2D risk. As demonstrated in Chapter 2, great effort goes into assigning functional
annotations to sequence variants (even though the resulting annotations remain imperfect).
Since almost all thus-far T2D-associated loci fall outside genic regions (Morris et al., 2012),
the debate continues about whether genic or non-genic variation is more important for
the aetiology of the disease. It seems an excellent opportunity, especially given the vastly
increased coverage of genomic variation afforded by the GoT2D Integrated Panel data, to
add functional annotation information to augment the analyses.

The results of the GoT2D Genomes association analysis (Flannick et al., 2015) show
that, in existing sample sizes, it is not possible to resolve most common variant signals to
individual causal variants through genetic association alone. However, functional anno-
tations can be used to add value to the interpretation of association signals. Schaub et al.
(2012) proposed the intersection of variant sets with functional annotations as a comple-
mentary approach to pinpoint causal variants, as did Maurano et al. (2012) to pinpoint
disease-relevant annotations. However, previous annotation-based analyses have primar-
ily used association summary statistics (for example, p-values or estimated effect sizes)
derived from incomplete variant catalogues (ENCODE Project Consortium et al., 2012;
Trynka et al., 2013; Schaub et al., 2012; Maurano et al., 2012; Parker et al., 2013; Pasquali
et al., 2014; Gaulton et al., 2010). Here I use an alternative LMM-based variance parti-
tioning methodology proposed by Gusev et al. (2014) and a more extensive catalogue of
variation to gain further insight into the genetic architecture of T2D. This approach may

help to prioritise potential causal variants.
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I use the same datasets here as in the previous chapter for the single-variance compo-
nent heritability estimates. Thus, most of the information on these datasets is described in
Section 3.2. Some further information on the datasets, primarily related to variant annota-
tion, is presented in this chapter in Section 4.2. Similarly, I again use the LMM framework
for estimating heritability described in Section 3.3. To partition heritability onto multiple
variant classes, extensions to these methods are needed. The necessary methodological
extensions are presented in Section 4.3. Primarily, I present a brief exposition of methods
proposed by Gusev et al. (2014). Credit for the idea to partition heritability onto different
functional classes of variant and development of methods to do so goes to Gusev et al.
(2014). However, the suggestion to partition variants by allele-frequency was first made
by Lee et al. (2013), albeit with the focus there on obtaining more accurate total heritabil-
ity estimates, rather than assessing the relative (and absolute) contributions to heritability
from variants in different allele-frequency classes. I have made original contributions as
described in the introductory paragraphs of Section 3.3.

The analyses here are complicated. I fit many different models on three datasets, and
there are many factors that could influence the results obtained. To simplify the narrative
for the reader, I present “streamlined” versions of the main results, followed by detailed
examination of the robustness of those results. Section 4.4 presents the main results when
partitioning into multiple allele frequency classes using Integrated Panel data. Section 4.5
describes the main results when partitioning into multiple functional classes using Inte-
grated Panel data. In Section 4.6, I present results when fitting the same models on the
two imputed datasets both for allele-frequency partitioning (Section 4.6.1) and functional-
class partitioning (Section 4.6.2). Following the presentation of the main results in those
sections, Section 4.7 addresses the robustness of the variance partitioning results in many
different ways, with discussion about many possible sources of bias in variance partition-
ing analyses. Finally, Section 4.8 contains discussion and conclusions.

Learning about the different contributions to variance in T2D risk from variants in dif-
ferent allele-frequency or functional annotation classes could be helpful for our under-
standing of the disease. Such information would complement everything the field has
learned from association approaches, and could help with the prioritisation of associated
variants for follow-up study (see Flannick et al., 2015), help with future study design and
enable other forms of analysis, and help researchers to gain a better understanding of the
disease using a top-down (overall aggregate effects of classes of variation) to complement

the usual bottom-up (individual variant associations) approach.
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4.2 Variant annotation

I use the same datasets for the variance partitioning analyses in this chapter as for the
single-variance component analyses in the previous chapter (described in Section 3.2). To
conduct partitioning analyses based on functional classes, however, more information on
the variants is needed than was provided in Section 3.2, namely functional annotations.
Exactly the same variant annotation approach was taken for the Integrated Panel, Imputed-
GoT2D and Imputed-1000G datasets. Genomic and functional information from a number
of sources was combined to annotate variants, work carried out by Kyle Gaulton.

The decision was taken to do variant annotation directly using raw data sources instead
of using standard automated tools, as discussed in Chaper 2, for two reasons. First, for vari-
ance partitioning, we can only use a relatively small number of broad annotation classes,
so fine-grained annotation of exonic variants (e.g. stop-gain, stop-loss, non-synonymous
and so on) is not required. For these analyses it is sufficient simply to know if a variant falls
in any coding or non-coding transcript or UTR. Such information can be obtained easily
from GENCODE (Harrow et al., 2012). Thus, for this annotation there was no need to use
standard tools and chose to minimise the issues that come from their use. Second, stan-
dard tools do not annotate variants in regulatory regions in sufficient detail for this study.
Here, I am particularly interested in annotating promoter, insulator, enhancer (for many
cell types) and transcription factor binding site (TFBS) variants. These annotation classes
are not provided by standard tools, which focus on variants in protein-coding regions.

Gene transcript annotations were obtained from GENCODE version 14 (Harrow et al.,
2012). For protein-coding genes, transcripts with a ‘protein-coding’ tag were filtered for ei-
ther presence in the conserved coding DNA sequence (CCDS) database (Pruitt et al., 2009b)
or with experimentally confirmed start and end, and 5" UTR, exon, and 3" UTR regions
were identified from the resulting set of transcripts. Transcripts with a tag of ‘IncRNA’,
‘miRNA’, ‘snoRNA’ or ‘snRNA” were identified for non-coding genes.

Regulatory function information was obtained using published resources for epigenetic
data. Data were used from nine ENCODE cell types (ENCODE Project Consortium et al.,
2012), pancreatic islet cells from a T2D study (Pasquali et al., 2014) and two types of hu-
man adipose stromal cells (hASC-t1 and hASC-t4) from a study of adipogenesis (Mikkelsen
et al., 2010). Sequence reads were collected from these sources for five chromatin immuno-
precipitation (ChIP) assays (H3K4mel, H3K4me3, H3K27ac, H3K36me3 and CTCEF), using
the following nine ENCODE cell types (ENCODE, 2012):

GM12878 B-lymphocyte, lymphoblastoid, cells with Epstein-Barr Virus exposure from a
European Caucasian individual in the International HapMap Project
hESC embryonic stem cells

HepG2 hepatocellular carcinoma (liver cancer)
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K562 leukemia cell line established from lung fluid of a 53-year-old female with chronic
myelogenous leukemia in terminal blast crisis (the final phase in the evolution of
CML)

HSMM normal skeletal muscle myoblasts

HUVEC umbilical vein endothelial (organ-lining) cells

NHEK epidermal keratinocytes (normal skin)

NHLF normal lung fibroblasts

HMEC normal mammary epithelial cells

Reads were mapped to the human reference sequence, hg19 (Rhead et al., 2010b) using BWA
(Li & Durbin, 2009). ChromHMM (Ernst & Kellis, 2012) was applied to the resulting mapped
reads for all cell types to call regulatory states, assuming 10 states. The following names
were assigned to the resulting 10 state definitions, characterised by the following combi-

nations of chromatin marks:

Active promoter: High H3K4me3 and H3K27ac

Strong enhancer 1: H3K4me3 and H3K27ac and H3K4mel

Strong enhancer 2: H3K27ac and H3k4mel

Weak enhancer: H3K4mel

Poised promoter: H3K27me3 and H3K4me3 and H3K4mel

Repressed: H3K27me3

Low/no signal: the state identified by the algorithm was characterised by having few or
no chromatin marks present

Insulator: CTCF

Low/no signal: another state characterised by few or no chromatin marks

Transcription: H3K36me3

Regulatory state maps for pancreatic islets were also collected from Parker et al. (2013).
Transcription factor binding ChIP sites were obtained from three sources: 141 proteins
from ENCODE, five proteins from Pasquali et al. (2014) and one protein from Mikkelsen
et al. (2010).

From these collective annotation data were defined seven functional classes across cell
types, and given interest in enhancer elements, twelve cell-type specific enhancer anno-
tations were also created (Table 4.1). Thus, there are also annotation classes for islet-
enhancers (enhancer elements identified specifically in pancreatic islet cells), skeletal-mus-
cle-enhancers (enhancer elements identified in HSMM cells), hASC-t1 and hASC-t4 adipose-
enhancers (enhancer elements from the hASC-t1 and hASC-t4 cells), and specific classes for
the remaining ENCODE cell types.

Using this annotation approach, the following seven broad functional classes were de-

fined, using the generic promoter, insulator and enhancer classes:
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Functional Class Description

Coding Exons from GENCODE protein coding transcripts

UTR 3" and 5" UTR regions from GENCODE protein coding transcripts

Promoter Active and poised promoter elements from ChromHMM defini-
tions pooled across 12 cell types

Insulator Insulator elements from ChromHMM definitions pooled across 12
cell types

Enhancer Strong and weak enhancer elements from ChromHMM definitions
pooled across 12 cell types

TFBS ChIP-seq binding sites pooled across 165 transcription factors

ncRNA non-coding RNA transcripts from GENCODE

Gm12878 enhancer Strong and weak enhancer elements identified in Gm12878 cells

hESC enhancer Strong and weak enhancer elements identified in hESC cells

hASC-t1 enhancer
hASC-t4 enhancer

HepG2 enhancer
HI (Islet) enhancer

Strong and weak enhancer elements identified in pre-adipose stem
cell (hASC-t1) cells

Strong and weak enhancer elements identified in mature adipose
stem cell (hASC-t4) cells

Strong and weak enhancer elements identified in HepG2 cells
Strong and weak enhancer elements identified in pancreatic islet
cells

HMEC enhancer Strong and weak enhancer elements identified in HMEC cells
HSMM enhancer  Strong and weak enhancer elements identified in HSMM cells
HUVEC enhancer  Strong and weak enhancer elements identified in HUVEC cells
K562 enhancer Strong and weak enhancer elements identified in K562 cells
NHEK enhancer Strong and weak enhancer elements identified in NHEK cells
NHLF enhancer Strong and weak enhancer elements identified in NHLF cells

Table 4.1: Genomic annotation categories used in variance component analysis. All enhancer ele-
ments are assigned using the ChromHMM definition of enhancer elements, namely the presence of
H3k4mel marks, where co-occurrence with H3K27ac marks or both H3K27ac and H3K4me3 marks
defines a strong enhancer.

Coding protein coding transcripts

ncRNA non-coding RNA transcripts

UTR 3’ and 5" UTR regions of coding transcripts

Promoters active and poised promoter elements, union across all cell types
Insulators union across all cell types

Enhancers strong and weak enhancer elements, union across all cell types

TFBS transcription factor binding sites, with sites pooled across all factors.

I used these annotation classes (plus an “Other” class for remaining variants) for several
of the annotation models discussed below.

Across the analyses here, I only use the generic promoter and insulator categories.
However, prompted by general interest in the influence of enhancer and other noncoding

regulatory variants in T2D and other complex traits (Harismendy et al., 2011; Parker et al.,
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2013; Pasquali et al., 2014; Gusev et al., 2014), I looked at the enhancer variants more closely.
In models discussed in this section, I define finer-grained, cell-type specific categories for
enhancer variants for each of the twelve cell types. That is, for each cell type (such as islet
cells) separately, we identify strong and weak enhancer elements by conducting genome
segmentation only using the ChIP-seq data for that cell type (see Section 4.2). This ap-
proach allows the definition of Islet-Enhancers, Gm12878-Enhancers, K562-Enhancers and
so on, as listed in Table 4.1. The Islet-Enhancers, strong and weak enhancer elements iden-
tified from pancreatic islet cells (Pasquali et al., 2014), become a major focus of the analysis,
so I also define the “Other-Enhancer” class, which comprises variants that fall in the union
of strong and weak enhancer regions combined across the eleven non-islet cell types, but
do not overlap Islet-Enhancer regions.

These annotation categories enable the exploration of the contribution to variance in
susceptibility to T2D through the lens of genomic function. The aim is to identify cer-
tain functional categories that explain a large proportion of phenotypic variance. Further,
through enrichment scores one can assess which functional categories appear to explain
more genetic variance than expected under the null model that all variants contribute
equally to phenotypic variance explained, regardless of the functional class to which they
belong. The enrichment scores (see Section 4.3.2) compare the observed proportion of total
genetic variance explained by a given variance component to the proportion expected. For
the allele-frequency dependent effect-size model presented in this section, the expected
proportion of variance explained is simply the proportion of all variants used in the model

that appear in the given annotation class.

4.3 Methods

This section presents some extensions to the linear mixed model methods for estimating
heritability in a single-variance component model described in Section 3.3. Section 4.3.1
characterises the multiple-variance component LMMs used to partition heritability onto
different classes of variant. Section 4.3.2 describes the “enrichment scores” that we use
to quantify the extent to which a class of variants contributes more or less to the total

heritability than would be expected.

4.3.1 Extending the model to multiple variance components

The first model, presented in Section 4.3.1.1, is a non-overlapping, multiple-component
model, as proposed by Gusev et al. (2014). In this model, any given variant is only used
for one variance component. This application of this model is obvious when partitioning
variants into different components by allele frequency (as a variant cannot have more than

one value for its allele frequency), but more subtle when partitioning variants by functional
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class. It is not uncommon for a variant to have more than one possible annotation. If
this is the case, then a choice must be made with regard to which component the variant
contributes. This leads to a “hierarchical” prioritisation of annotation classes to give us
disjoint sets of variants to use for each variance component. This approach is closely related
to the “MultiBLUP” method from Speed & Balding (2014), although MultiBLUP focuses on
prediction of SNP effect sizes.

The second model, in Section 4.3.1.2 offers one possible alternative to enforcing a hier-
archy on annotation classes. It is a simple extension to the first model that allows a given
variant to contribute to multiple variance components, useful when a variant has multiple
possible annotations and to provide another perspective on the contributions to heritabil-
ity from different variant classes. Hilary Finucane suggested this approach to me (personal
communication), but I believe that the details of this particular non-hierarchical partition-

ing approach are novel and have not been described in the literature.

4.3.1.1 Non-overlapping (hierarchical) variance components

Let us first consider a disjoint categories of variants—these could be functional or MAF
classes—each containing a set of variants defined by M., c = 1,...,a. The categories are
non-overlapping, so a variant will appear in only one category. This setting leads to a
hierarchy of annotation categories to enforce disjoint variant sets. We extend the model
described in preceding sections to express the phenotype as a sum of individual variant
effect sizes, but here allow different variance components (and therefore effect-size distri-

butions) for the different categories:
a
Y=28+Y, Y Xx®uy+te (4.1)
c=1keM,

where variant effect sizes u; are drawn from individual normal distributions:

ur,~N|(0O, — — 0 , 4.2
¢ ( Ykem, Wk - 2Pk(1 — pr) gc) *.2)

and e ~ N(0, [,0?) as previously. This gives us a vector of variance components O'é% =

(@311 Tg)-

Extending the result from Equation 3.11, we then model the variance of the phenotype

as:
a
V(Y) = var(Y) = Y Keog. + I07 (4.3)
c=1

where each K, is a GRM computed from the SNPs in category c:
1

"~ Trem, e 29(1— py)

where X, represents the genotype matrix for category c, and v is a vector of weights,

(w1, wy, ..., wy). The corresponding variance components (0’?, 0?2

K. X. - diag(v) - X7, (4.4)

) are then jointly inferred
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using the REML algorithm in GCTA. This yields the term for the variance explained by

each category of variant:

2
Ugc

(2?:1 Ugj +03)

The REML output yields an estimate of the error-covariance matrix of the variance com-

VEgC - (4.5)

ponent estimates, whichever fitting algorithm is used. For example, if the Average In-
formation algorithm is used, the inverse of the final Al matrix gives an estimate of the
error-covariance matrix.

From the variance-component estimates we can compute the total variance explained
Z;'l:l Uéc
(Lo 77
of variant, %V E,.. Using the error-covariance matrix and the delta method we can com-

by measured genetic factors, VE, = and an enrichment score for each category
pute standard errors on VE, and each %V Eg while accounting for error correlations. I

refer to standard errors from the delta method as “analytical” standard errors.

4.3.1.2 Non-hierarchical partitioning of variants

As alluded to above, many variants will have multiple valid functional annotations. For
example, a variant could be at a location that is in both an enhancer region and a TFBS
region. In this setting, we might want to permit a variant to contribute to more than one
annotation class, if appropriate. If we could do this, then imposing a hierarchy on the an-
notation categories (where we must prioritise, say, the enhancer annotation over the TFBS
annotation) would not be required. A “non-hierarchical” partitioning of variants could
provide us with an alternative perspective on the relative contibutions to heritability of
variants in different annotation classes. The non-hierarchical multiple-component model
presented in this section allows us to do this, in one particular way. As explained above,
the description of this model is, to the best of my knowledge, a novel contribution.

As above, let us consider a categories, each containing a set of variants defined by M,
c =1,...,a, which may be overlapping. I use the same model as in Equation 4.1, but now

we assume the following effect-size distributions:

]11(72 * Wy 120'2 * Wi
ur ~N |0, 81 R — + 82 — — +
Ykem Wk 2Pk(1 = Px)  Lkem, Wk - 2Px(1 — pr)

T (4.6)
Ykem, Wk 2pk(1—pe) ) )7

where 1. is an indicator variable, which is equal to 1 if variant k € M, and zero otherwise.

This model effectively assumes additive effects from the different annotation classes, so
that a variant with both an “enhancer” annotation and a “TFBS” annotation contributes

both the “enhancer effect” and the “TFBS effect” to variance explained. Put another way,
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we effectively use a variant with multiple annotations multiple times in the model. Other
approaches to allowing non-hierarchical partitioning of variants are certainly possible; this
is a simple approach that fits easily into the previously developed LMM framework.

As above, we then model the variance of the phenotype as:
V(Y) = var(Y) = E(X - var(u) - XT) + L,02. (4.7)

If we let A = E(X -var(u) - XT), then we can decompose this matrix, as:

110§1 N ]12(7§2
Ykem, Wk 2Pk(1 = Px)  Lkem, Wi - 2Px(1 — pr)

m
Aij =) Wi XXk +o

k=1

2
N La0g,
Ykem, Wk - 2Pk (1 — Px)
Eszl kaikak]llo-{é 221:1 kaikak]12(7§2 Zszl kaikak]laUgZa

- Tem, Wk 2Pk(1—Pr)  Tkean, Wk 2Pk(1— D) Lkem, Wi 20%(1 — pr)

1 m
= — — ka'kX‘kO’Z +
Ykem, Wk - 2Pc(1 — Pr) keZM] RS

1 m
+ — — ka‘kX‘kU'z .
Yrem, Wi - 2Pk(1 — pr) kEZMﬂ RS

This then gives us the same variance function as for the hierarchical model above (Equa-
tion 4.3), but we can allow a variant to contribute to multiple variance components. The
GRMs are computed as above, but we use all variants with the appropriate annotation
even if they are also used for the computation of other GRMs. The particular assumptions
of this model enable us to compute the necessary GRMs in this convenient way.

Just as above, REML estimates are obtained for the variance components and variance
explained and enrichment scores can be computed for the various categories in the same
way. Larger standard errors are expected for these estimates due to the overlap in variants
between classes, but such an “unbiased” partitioning of variants into annotation classes

may prove useful in interpreting relative contributions from different variant classes.

4.3.2 Enrichment scores

Following the approach proposed by Gusev et al. (2014), we define an enrichment score
%V Eg for each category c that expresses the proportion of the total phenotypic variance
attributable to genetic factors, VEg, that can be attributable to variants in category c. The
enrichment score is defined in the obvious way:

O/OVEgC - (4.8)

a

j=1"gj
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It is trivial to show that %V E,. has the same form if we define it as a function of VE; =
(VEg, ..., VEg,) instead of o7:

VEg
Lj1 VEg

If we assume the allele-frequency dependent effect size model (in which each variant

%V Ege =

explains the same proportion of the overall heritability) then the expected value for %V Eg.
is simply the proportion of variants in category c relative to the total number of variants
m, that is |[M.|/m (Gusev et al., 2014). To assess the significance of an enrichment score we

can define a Z-score:

7 _ %VEg —1/m|M,|
‘ se(%VEg)
where se(%VE,.) denotes the standard error of %V Eg. We can use the delta method to

(4.9)

obtain these standard errors, as described below.

4.3.2.1 Delta method for enrichment score standard errors

To conduct inference on the enrichment scores obtained, we need to compute standard
errors for the estimated enrichment scores. Gusev et al. (2014) mention using the delta
method (Dorfman, 1938; Ver Hoef, 2012) to compute standard errors for enrichment scores,
but provide no details. Here, for completeness and ease of reading, I summarise the deriva-
tion of the standard errors for enrichment scores using the delta method. This is not a
particularly novel contribution, but it does not seem to appear elsewhere in the literature.

Let us use the standard notation of V for the vector differential operator, del, so that
the vector derivative of a scalar field f is represented as Vf (the gradient of f, “grad f”).
Then, given a parameter vector 8 with a consistent estimator § and a function / with the

property that VI exists and is invertible, the delta method implies that:

A D
V(h(B) —h(B)) = N(0,Vh(B)" - = - Vh()). (4.10)
Given that we have estimators aé% and VE; which can be used to compute enrichment

scores using the same functional form, we define our function h tobe h(x) = h(xy,...,x;) =

X1 Xq

(o
ment score, % VE,.

) apply h either to estimates &§ or VE, to obtain estimates of the enrich-

Consider Vh:
Vh(x) = Vh(x1,...,%,) (4.11)
8h(x)1 E)h(x)l - E)h(x)l
axl dxo X,
ah(x)z ah(x)z . ah(x)2
_ dxq dxn dx, ) (412)
oh(x), ah('x)a . oh(x),
8x1 dxo 9x,



We see that:

ah(x)c _ d X1
e o <M> (4.13)
_ (D@4 4 xa) = (%) (1) w1
[x1 4+ -+ - + x,)? .
Y
=T 2 (4.15)
()
and for k # c:
ah(x)c o d X1
_ (0)(x1 4 4 xq) — (xc)(1) w17)
[xl_|_...+xa]2 .
—X
= (4.18)
()
Combining these results gives us Vh(x):
]u'zz x]‘ —X1 . e —X1
1 —X2 24:1,. o Xj e —Xo
Vh(x) = [r ‘ =12 | W
/=1 xj a—.l
—X, —X, . Z](':l ) X;

Thus, if we let Z¢ denote the error-covariance matrix for the variance components ¢, or

the variance explained VE, as appropriate, then we have from the delta method (say for

h((’)";)):

A D
Vn(h(83) —h(03)) = N(0, Vi(03)" - Z¢ - Vh(0y)). (4.20)
Say we have an estimate i}g of X¢ from REML, as well as &é%, and we estimate Vh(o:%) with
Vh(é'éz,), then we would estimate the covariance matrix for our enrichment scores h(&;) as:

1 n o A
Visz) = Ew(%%)?zg - Vh(83). (4.21)

8
The standard error for each %V Eg is then the square root of the c" diagonal entry of the
variance matrix Vy &2)-
With these methods available to us we can fit multiple-variance component models and

assess the relative contributions of different variant classes to variance in risk for T2D.

4.4 Results when partitioning into multiple classes by allele fre-
quency

This section presents a focused version of the variance partitioning results when partition-
ing by allele frequency. Two different approaches for MAF-stratified models are investi-

gated: one that seeks to determine the contributions to VE from rare, low-frequency and
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common variants (Section 4.4.2), and one that uses more MAF bins to try to get greater
resolution in the VE estimates (Section 4.4.1). In both settings I will investigate the propor-
tion of phenotypic variance explained by variance components constructed from variants
in different allele-frequency classes, and look at enrichment results to find allele-frequency
classes that explain more phenotypic variance than expected.

Picking up on the differences between the two effect size models on single-variance
component estimates of heritability in Section 3.6.1, I discuss the effects of the effect-size
assumptions on heritability estimates from multiple allele-frequency class models through-
out this section. However, in an attempt to present a more streamlined thread to follow
through the analysis I deliberately postpone discussion of the effects of LD-pruning. The
effects of LD-pruning on results when partitioning into multiple allele-frequency classes
are covered in Section 4.7.1.1, part of the section of the chapter that addresses the robust-
ness of variance partitioning results, both partitioning by allele frequency and partitioning
by functional class. Section 4.7 delves into many different factors that could possibly affect

the results to assess the robustness of the partitioning results observed.

4.4.1 Partitioning into eight allele-frequency classes

To try to gain finer resolution information on the contribution to VE from variants across
the allele-frequency spectrum, I bin the Integrated Panel variants into the following MAF
bins: 0.1-0.5%, 0.5-1%, 1-5%, 5-10%, 10-20%, 20-30%, 30-40% and 40-50% (see Table 4.2
for the number of variants and total genotypic variance for variants in each MAF bin). That
is, one bin for rare variants (MAF 0.1-0.5%), two bins for low-frequency variants (MAF 0.5-
5%) and five bins for common variants (MAF greater than 5%). A GRM is then computed,
Kmp, p = 1,...,8, from the variants in each MAF-bin. As above, each GRM Ky, defines
the covariance structure for a polygenic random effect M,,. We then have an eight-variance

component model:

8
Y=1u+) My,+e (4.22)
p=1
where

M, ~ MVN,,(0, Ku1,07).

The variance components 0';% are estimated using REML, fitting all 8 variance components
jointly. The “default” modeling approach as described in Section 3.4.4 is used.

Lee et al. (2013) proposed this MAF-binning of variants as a way to obtain more ac-
curate heritability estimates from dense genotype data. The idea is that fitting multiple

variance components jointly, where each component is computed only using variants in
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a relatively narrow allele-frequency range weakens the assumptions on effect-size under-
pinning the LMM approach. A multiple MAF-bin model fits many more parameters than

a model that computes a single GRM across all variants, yielding a more flexible model.

MAF Range Number of Variants Total Genotypic Variance
0.1-0.5% 3,123,033 14,933
0.5-1% 1,157,909 16,559
1-5% 2,392,952 114,073
5-10% 1,101,527 148,186
10-20% 1,402,087 348,857
20-30% 1,060,766 394,312
30-40% 928,498 420,350
40-50% 867,663 428,037
Rare (0.1-0.5%) 3,123,033 14,933
Low-frequency (0.5-5%) 3,550,861 130,633
Common (5-50%) 5,360,541 1,739,745

Table 4.2: Number of variants and total sample genotypic variance in different minor allele fre-
quency ranges

When fitting MAF-binned variance components, the estimates from the AFD and CES
models are almost identical, with the only noticeable difference appearing in the 0.01%-—
0.5% MAF bin (Figure 4.1a). The point estimates of VE remain stable as lower-frequency
MAF-bin components are omitted, raising the minimum MAF included from 0.1%, to 0.5%,
to 1% and finally to 5% (Figure 4.1). The total variance explained from the MAF-binned
models (the sum of the contribution from each bin) is slightly higher (0.74, s.e. 0.23 with
the AFD model) than from the corresponding single-VC AFD models (recall this was ap-
proximately 0.68, s.e. 0.19) and substantially higher than the corresponding single-VC CES
models (0.47, s.e. 0.11; compare with Table 4.3). This difference is expected, because fit-
ting a single variance component across the full MAF range with the CES model gives
very little weight to low-frequency and rare variants. When fitting the CES model with
multiple MAF bins, however, the model estimates a separate variance parameter for each
MAF range, allowing the possibility of contributions to variance explained from rare and
low-frequency variants. Whereas in the single-VC models there were large differences in
estimates from the AFD and CES models, such differences are not apparent for the MAF-
bin models. This suggests that the MAF-binning approach removes (or at least weakens)
dependency in the results on the distributional assumptions made about effect sizes.

As in the single-variance component results (see Sections 3.5.1 and 3.6.1), the multiple-
variance component results here, partitioning by allele frequency, show a large contribu-
tion to heritability from common variants (MAF greater than 5%). Splitting the common
variants into five variance components in this eight-VC model reveals that the contribu-

tions to variance explained come more or less evenly across the common allele-frequency
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spectrum, and these estimates are stable whether or not rare and low-frequency compo-
nents are included in the model (Figure 4.1).

These results suggest only a small contribution to total genetic variance explained from
low-frequency variants (MAF 0.5%-5%). The point estimates for the low-frequency variant
components are close to zero (and not significantly different from zero), and the sum of
total variance explained by additive genetic effects hardly changes when moving from
a minimum MAF of 0.5% through 1% to 5% (Figure 4.1 and Table 4.3). These findings
hold across the two effect-size models. In contrast to the very substantial contribution to
variance explained from common variants, seen across all of the models investigated so
far, the contribution from low-frequency variants appears negligible.

It is more difficult to interpret the results obtained here for the contribution from rare
variants (MAF 0.1%—-0.5%). The estimates are substantial under both the AFD and CES
models, even allowing for the large standard errors. In both cases the rare component
yields the highest point estimate from any component. However, the estimate for the con-
tribution from rare variants is the only one for which there is any notable discrepancy in
estimates under the AFD and CES models. Perhaps surprisingly, the estimate from the
CES model is actually larger than that from the AFD model, but given the uncertainty in
the estimates I am wary of drawing any conclusions from this. The total sum for variance
explained when the rare component is included is higher for both the AFD model (0.74,
s.e. 0.23) and the CES model (0.80, s.e. 0.23) than for the single-variance component AFD
model (0.68, s.e. 0.19). The standard errors overlap between these estimates, so we cannot
claim significant differences in these results, but the fact that the total estimate from the
multiple-component CES model is so high, and higher than the estimates from the AFD
models, suggests that these estimates should be treated with caution. The total sum for
variance explained is higher for the CES model than the AFD model in the eight, seven, six
and five-component MAF-binned models (Table 4.3), but the difference is not significant in
any of the four models, and since there is no prior expectation that either the AFD or CES
model should yield higher totals, seeing all four CES models give a higher total is not sig-
nificantly unlikely due to chance (binomial p-value 0.06). Section 4.7.1 explores effects that
inflate total estimates from MAF-binned models, but further investigation in larger cohorts
will be required to clarify the contribution to variance in risk for T2D from rare variants.

The enrichment results also look similar across the AFD model (Figure 4.2) and CES
model (Figure 4.3) in terms of the percentage of the genetic variance explained (GVE) by
each MAF-bin (top panels of these plots). Recall that the GVE for a given component is the
proportion of the total genetic variance explained by the model, where the total GVE for
the model is the sum of the variance explained estimates for all of the genetic components
in the model. This is expected, since results above showed that the VE estimates (upon

which the enrichment scores are based) are very similar. However, close inspection reveals
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Figure 4.1: Variance component estimates for allele frequency classes in the eight-variance compo-
nent partitioning for multiple minimum MAF thresholds using the Integrated Panel data. Results
are show for the AFD model (black circles) and CES model (open triangles) when there is no LD-
pruning of variants. Variance components for the given MAF-ranges are fit jointly in a multiple-
variance component model. Error bars show standard errors (truncated at zero). Table 4.2 gives
the number of variants in the corresponding MAF-bin used for computation of variance compo-
nents. Table 4.3 lists the estimates of the total variance explained estimates for these models more
precisely.

that there are differences in interpretation of the enrichment results driven by differences
in the proportion of genetic variance expected to be explained by each component under the
two effect-size models.

Under the AFD model, each variant is expected to contribute the same amount to the
overall genetic variance explained, as discussed in the previous chapter. Thus, under the
AFD model, the rarer MAF-bins (MAF 0.1%-5%), which contain a sizeable proportion of
variants used, are expected to explain a correspondingly substantial percentage of GVE.
Exactly this result is observed in Figure 4.2, where the rare variants account for just over
25% of all variants used, and the rare variant component accounts for just over 25% of the
total genetic variance explained by the model. The “fold-enrichment” for the rare compo-
nent is almost exactly one (Figure 4.2, lower panel), re-inforcing the fact that using the AFD

model yield exactly the expected contribution from rare variants. In contrast, there is de-
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Number of genetic

MAF Threshold components in model ~AFD Model CES Model
MAF > 0.1% 8 0.737 (0.234)  0.795 (0.228)
1 0.682 (0.193) 0.466 (0.112)

MAF > 0.5% 7 0.562 (0.179)  0.572(0.173)
1 0.536 (0.154) 0.461 (0.111)

MAF > 1% 6 0.528 (0.149)  0.544 (0.141)

1 0.502 (0.140)  0.458 (0.111)

MATF > 5% 5 0.519 (0.117)  0.535(0.116)

1 0.490 (0.115)  0.443 (0.106)

Table 4.3: Total estimates of liability-scale variance in risk for T2D explained (standard error in
brackets) by multiple allele-frequency component and single variance-component model for the
Integrated Panel data. Estimates were obtained using the default model in which variant effect-
sizes are allele-frequency dependent (AFD model) and the alternative model in which variant effect-
sizes are constant (CES model). The column “Number of genetic components in model” gives the
number of genetic variance components used in the model for each minimum MAF threshold. This
is 1 for the single-variance component results and the appropriate number based on the minimim
MATF threshold for the multiple allele-frequency class models, where MAF bins are 0.1-0.5%, 0.05—
1%, 1-5%, 5-10%, 10-20%, 20-30%, 30-40% and 40-50%. Estimates were obtained for minimum
MATF thresholds of 0.1%, 0.5%, 1%, 5% and 30%. The AFD 1VC and CES 1VC results are heritability
estimates from the single-variance component allele-frequency dependent and constant effect size
models, respectively (see Sections 3.5.1 and 3.6.1).

pletion in the contributions from low-frequency components and mild enrichment in four
of the five common-variant components (although none of these enrichment or depletion
results are significant).

Alternatively, when using the CES model a different picture emerges in terms of enrich-
ment relative to expectation. Under the CES model, each variant is expected to contribute
to the overall GVE in proportion to its genotypic variance. Rarer variants (say with MAF
0.1%-5%) have much smaller genotypic variance than more common variants. As such,
even if there are many variants in the rare and low-frequency MAF-bins (which there are),
the rarer MAF-bin components are expected to contribute only a very small proportion of
the total genetic variance explained under the CES model (see Table 4.2). The expectation
of smaller contributions from less common variants under this model drastically changes
the interpretation of the enrichment results for this model. Despite the point estimates for
the variance components and the enrichment results being very similar for the AFD and
CES models, the fold-enrichment for rare variants in the CES model is over 32 (although
not significant). This large fold-enrichment arises because the total genotypic variance, and
thus the expected enrichment, for rare variants is so low. There are differences relative to
the AFD model in the fold-enrichment across the MAF spectrum, but these differences are

not significant.
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Figure 4.2: Enrichment estimates for allele frequency classes in the 8VC model using the AFD
model (i.e. s = —1). Results are shown for different MAF thresholds, where variance components
for the given MAF-ranges are fitted jointly. P-value and fold-enrichment is shown above the bar
for each annotation class. Error bars show standard errors. Dotted bars with transparent fill show
the expected proportion of the total genetic variance for each MAF-bin given the proportion of
all variants used for the analysis fall into that bin. Table 4.2 gives the number of variants in the
corresponding MAF-bin used for computation of variance components.

Ultimately, given the low precision for the enrichment results, I cannot make strong
claims about differences in enrichment implied by the two effect-size models. No MAF-
bins show significant enrichment under the AFD model, even the MAF 5%-10% compo-
nent, which exhibits greater than two-fold enrichment. This same component shows three-
to four-fold enrichment using the CES model, although not at anything more compelling
than the most nominal significance level. Despite the lack of significant enrichment results
here, the influence of modeling assumptions on the interpretation of heritability results
is again apparent. In Section 3.6.1 results showed the effect that the changing the effect-
size model has on single-variance component heritability estimates. When partitioning
heritability onto multiple allele-frequency classes as done here, the heritability estimates
stabilise and are almost independent of the variant effect-size distribution assumed. How-
ever, our effect-size assumptions determine the expected relative contributions to heritabil-

ity from variants in different allele-frequency ranges. Thus, modeling assumptions influ-
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Figure 4.3: Enrichment estimates for allele frequency classes in the 8VC model using the CES
model (i.e. s = 0). Results are shown for different MAF thresholds, where variance components
for the given MAF-ranges are fitted jointly. P-value and fold-enrichment is shown above the bar
for each annotation class. Error bars show standard errors (truncated at zero). Dotted bars with
transparent fill show the expected proportion of the total genetic variance for each MAF-bin given
the proportion of total genotypic variance accounted for by variants in that bin. Table 4.2 gives the
total genotypic variance for each MAF-bin.

ence the interpretation of enrichment results for the different MAF classes, even though

the variance component estimates from the two models are very similar.

4.4.2 Partitioning into three allele-frequency classes

This section looks at results for a three-component MAF-bin model that aims to estimate
variance explained from rare, low-frequency and common variants. I condense the eight
variance components explored in the previous section to three here for two reasons. First,
it could be informative to look at the effect of including variants in a wider MAF range in
components. Second, researchers in the field often distinguish between rare, low-frequency
and common variants, but rarely use finer resolution bins, so this three-VC model reflects
the way that researchers most often discuss questions of genetic architecture.

Here rare variants are defined to be those with MAF < 0.5% (although a minimum

MAF of 0.1% is applied), low-frequency variants to be those with MAF 0.5-5% and com-
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mon variants to be those with MAF greater than 5%. Applying the same variant exclu-
sions as previously retains 3,123,033 rare variants, 3,550,861 low-frequency variants and
5,360,541 common variants (Table 4.2). One can assume an effect size distribution using
the AFD model (Equation 3.13) or the CES model (Equation 3.16) and compute a GRM
from each set of the rare, low-frequency and common variants, denoted by Kare, Kiow and
Keom. Each of these GRMs defines the covariance structure for a polygenic random effect,
denoted for an individual i by R;, L; and C; respectively. We thus have a three-variance

component model (with bold symbols representing vectors):

Y=1u+R+L+C+e (4.23)

where

R ~ MVN,,(0, KrareOiae ), L ~ MVN,;(0, Kio 0t ), C ~ MVN,, (0, Keom0Pom)

The variance components 02, 05, and 0%, are estimated using the standard REML ap-

proach as described previously.

The variance explained results, with no LD-pruning, from this three-VC model (Fig-
ure 4.4) are broadly very similar to those obtained from the eight-VC model (Figure 4.1).
For both the AFD and CES models, the largest contribution to variance explained comes
from common variants, the contribution from low-frequency variants is negligible and the
point estimates and their standard errors for the rare variant component is almost identical
to those obtained with the eight-VC model. There are small, and not significant, differences
in the estimates from the AFD and CES models.

The enrichment results for the three-VC model with no LD-pruning (Figure 4.5, bottom
row) show broadly similar results to those from the eight-VC models (Figure 4.2 and Fig-
ure 4.3). None of the enrichment estimates are significant for either the AFD model or the
CES model, even though, as above, the interpretation of fold-enrichment changes substan-
tially depending on which model is used. Unfortunately, with the uncertainty in estimates
from the Integrated Panel data we cannot tease out any real differences in the results from
the different effect-size models.

The estimates for the total variance explained by additive genetic effects in multiple
allele-frequency component models (Table 4.3) (the “Total” components in Figure 4.1) ob-
tained for the MAF > 0.5%, MAF > 1%, and MAF > 5% models are plausible given
the standard errors for these estimates and what is known about the heritability of T2D.
As mentioned in the previous chapter, heritability estimates for T2D range from 30% to
70% in twin- and family-based studies (Poulsen et al., 1999; Almgren et al., 2011). Esti-
mates at the higher end of that range come from studies that looked at individuals with

early-onset T2D, most comparable to the “extreme sampling” design of the GoT2D project.
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Figure 4.4: Variance component estimates (percentage of phenotypic variance explained, or heri-
tability, on the liability scale) for three allele frequency classes using the Integrated Panel data. Re-
sults using allele-frequency dependent and constant effect size models when there is no LD-pruning
of variants. Variance components for the given MAF-ranges are fit jointly in either three-variance
component model. Error bars show standard errors (truncated at zero). Table 4.2 gives the number
of variants in the corresponding MAF-bin used for computation of variance components.

SNP-chip heritability estimates using variance components analysis similary range from
roughly 30% to 60% based on variant inclusion and modeling strategies (Gusev et al., 2013).
I compare and discuss the total heritability estimates from different models in more detail
in Section 4.7.4, but estimates of 70-80%, such as we obtain using the AFD and CES models
when fitting three and eight allele-frequency classes in which rare variants are included are
not unreasonable.

The jointly fit eight-variance component MAF-bin model can be helpful in gaining in-
sight into the performance of LMMs for estimating heritability. The MAF-bin estimates in
the eight-VC model are very similar for the AFD and CES models (Figure 4.1). However,
when fitting a single variance component, as in the previous chapter, the AFD and CES
model results diverge as the minimum MAF threshold is lowered. Results from the three-
VC MAF-bin model fall in between these extremes, but observed differences are not signif-
icant. One possibility is that jointly fitting variance components constructed from variants
in small MAF ranges weakens the influence of the modeling assumptions on whether or
not effect-sizes increase with decreasing MAF (AFD model or CES model), but further in-
vestigation would be required to confirm this suggestion.

Our results for variance-partitioning by allele frequency are not conclusive with regard

to the contribution to T2D heritability from rare variants. As in the single-variance com-
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Figure 4.5: Enrichment results estimates for allele frequency classes in the 3VC model. Results are
shown for the AFD model (s = —1) and CES model (s = 0) when there is no LD-pruning. Variance
components for the given MAF-ranges are fit jointly. P-value and fold-enrichment is shown in the
lower panel of each plot. Error bars show standard errors (truncated at zero). Dotted bars with
transparent fill show the expected proportion of the total genetic variance for each MAF-bin given
either the proportion of all variants used that are that MAF-bin (AFD model) or the proportion
of total genotypic variance accounted for by variants in that bin (CES model). Table 4.2 gives the
number of variants for each MAF-bin and the total genotypic variance for each MAF-bin. Fold-
enrichment results vary greatly depending on the assumptions about effect-size distributions even
though the VE estimates are almost identical.

ponent results, the MAF-binning results suggest a small-to-negligible contribution from
low-frequency variants and a substantial contribution from rare variants. These results
are strengthened somewhat by the fact that the AFD and CES models agree closely when
multiple allele-frequency classes are fitted, but the high uncertainty in the estimates pre-
vents us from calling these observations significant (Figures 4.1 and 4.4). Large standard
errors on the estimates for variance components, as with the single-variance component
results, prevent us from drawing strong conclusions about the extent to which rare and
low-frequency variants contribute to T2D risk. These results suggest a potentially impor-
tant collective contribution from rare variants, but further analyses in larger cohorts would
be required to state this with confidence. If we could obtain variance components estimates
with better precision it may be possible to use these models to answer questions about the

genetic architecture of T2D definitively.

4.5 Results when partitioning into functional classes

This section presents variance partitioning results when partitioning into multiple func-

tional classes. To try to keep the narrative coherent, I provide a streamlined version of the
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results for the Integrated Panel data, only showing results from models assuming allele
frequency-dependent effect sizes and using hard genotype calls for all variants that pass
QC and have MAF greater than 0.1%. As with previous results, I use data after applying
quality control procedures described in Section 3.4.1 and use the default model parameters
(unless otherwise specified) as defined in Section 3.4.4.

When partitioning into multiple functional classes we are primarily interested in the
relative contributions from different classes, rather than the absolute liability-scale heri-
tability (or variance explained) estimates. As such, I focus on enrichment results in this
section, and defer consideration of the underlying heritability estimates to Section 4.7.3.
In Section 4.6, I show results attempting to replicate the key findings from the Integrated
Panel data using two imputed datasets on a different set of samples. Results for other mod-
elling settings are presented in Section 4.7, where I focus specifically on the robustness of

the results.

4.5.1 Partitioning into broad functional classes

First, phenotypic variance will be partitioned using eight broad functional classes previ-
ously defined: Coding, noncoding ribonucleic acid (ncRNA), UTR, Promoter, Insulator,
Enhancer, TFBS, and Other. Attempting to partition phenotypic variance by annotation
class is complicated by the fact that variants commonly have more than one applicable an-
notation (see Chapter 2). In particular, there is substantial overlap in annotations between
the enhancer and TFBS classes for this study, because enhancer and TFBS regions are func-
tionally similar, and these annotations came from separate sources, not designed to give
mutually exclusive annotations.

The methods for obtaining the functional annotations are described in Section 4.2, but
I recap them briefly here to avoid confusion. Recall that the coding, ncRNA and UTR
classes are derived from GENCODE, and so are independent of any particular cell types.
A variant can be annotated as TFBS if it falls in the union of all transcription factor bind-
ing sites across all cell types and transcription factors used. For the other classes derived
from ChIP-seq data (promoters, insulators and enhancers), it is possible to use one or more
cell types to define the genomic regions used as the basis for annotation. Specifically, the
genome segmentation was conducted for each of the twelve cell types separately (nine
ENCODE cell types, plus pancreatic islet cells, pre-adipose and mature adipose stem cells,
per Table 4.1). Thus, promoter, insulator and enhancer regions “specific” to each of the
twelve cell types are available. I use the union of promoter regions across all cell types
for generic “promoter” annotations, the union of insulator regions across all cell types for
generic “insulator” annotations and the union of enhancer regions across all cell types for
generic “enhancer” annotations. I will ignore cell-type specific promoter and enhancer

annotations, but will explore cell-type specific enhancer annotations in later analyses.
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When fitting hierarchical partitioning models (see Section 4.3.1.1), annotations need to
be prioritised so that each variant is only used for the variance component corresponding
to its highest-priority annotation. The priority of annotations in terms of interest is clear
for the transcript-based categories (Coding takes precedence over ncRNA over UTR), and
promoters take precedence over insulators, which are in turn prioritised over enhancers.
The annotation approach yields mutually exclusive annotations for promoters, insulators
and enhancers (within cell type), so there is little overlap in promoter, insulator and en-
hancer annotations and prioritising annotations is unproblematic. However, the enhancer
and TFBS annotations come from different sources (not designed to be mutually exclusive)
and as functional classes are of similar interest. Further, many variants are annotated as
both Enhancer and TFBS. Thus, it is not straight-forward to decide whether the enhancer
or TFBS class should be prioritised in a hierarchical partitioning model (Section 4.3.1.1),
which affects the interpretation of the results.

Thus, the first model combines enhancer and TFBS annotations in a 7-variance compo-
nent hierarchical annotation model (see Section 4.3.1.1 for details of the hierarchical mul-
tiple variance component model). Variants are prioritised roughly in order of expected
functional “importance” (see Table 4.4: classes are listed from highest priority at the top of
the list to lowest priority). Mathematically, the model is the same as the model above parti-
tioning variants into eight allele-frequency classes (Equation 4.22, but the (seven, instead of
eight) GRMs, Kj1p, are computed from variants in a given annotation category, instead of a

given MAF range. Table 4.4 provides the number of variants in each annotation category.

Model Annotation MAF > 0.1%
Hierarchical Coding 84,903
Model UTR 138,792
Promoter 600,000

Insulator 324,829

Enhancer 2,939,356

TFBS 209,842

ncRNA 33,281

Other 7,703,454

Enhancer Islet-Enhancer 1,677,562
3VC Model Other-Enhancer 1,853,377
Other 8,503,498

Table 4.4: Number of variants in annotation categories for the 8-variance component hierarchical
model and the islet-enhancer 3-variance component model.

The primary result from partitioning into these seven broad functional classes is that
by far the largest contribution to variance in susceptibility to T2D comes from variants in
(combined) enhancer and TFBS regions. Enhancers and TFBS variants explain approxi-
mately 75% of the total genetic variance, and coding variants, the next largest contributor,

explain approximately 10% (Figure 4.6). The contribution to total genetic variance from

145



enhancer/TFBS is almost 3 times what would be expected given the proportion of all vari-
ants that are annotated as enhancer/TFBS, which is substantial, if not significant (P ~ 0.1).
All other annotated categories, except insulators, show positive, but not significant, enrich-
ment, but the remaining variants (“Other” class) explain significantly less than expected
(<0.05-fold enrichment, i.e. 20-fold depletion; P ~ 0.02). Coding variants, with 15-fold en-
richment, potentially explain a large proportion of genetic variance relative to their number
in the genome, but the statistical evidence for the significance of the effect in these data is
weak (P =~ 0.4).
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Figure 4.6: Enrichment when partitioning into 7 broad functional classes using the Integrated Panel data.
Functional class enrichment results for the 7-variance component model assuming allele-frequency
dependent effect sizes and using variants with MAF > 0.1%. Variance components for the different
functional classes are fit jointly. The upper panel shows the percentage of total genetic variance
contributed by each functional class (total given by the sum of the estimate for all of the genetic
components in the model). Dotted bars with transparent fill show the expected proportion of the
total genetic variance for each functional class given the proportion of all variants used that are
in that class. Error bars show +1 standard error (truncated at zero). The lower panel shows fold-
enrichment for each class, that is the ratio of percentage of total genetic variance explained to the
percentage expected, which is the percentage of all variants that are assigned to that class. P-values
testing for a difference between observed and expected enrichment are shown at the end of the bar
for each annotation class. Table 4.4 gives the number of variants for each functional class.

To tease out the contributions from enhancer and TFBS variants to see which of the two
classes might be more important I fit eight-variance component models in which enhancer

and TFBS variants define different components. This can be done in two ways:

¢ A non-hierarchical model (see Section 4.3.1.2 for model details) in which variants

with multiple annotations contribute to each relevant functional class, and
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* a hierarchical model in which functional classes do not overlap, and for which the

prioritisation of classes described above is used (Table 4.4).

As discussed in Section 4.3.1.2, the non-hierarchical approach effectively double-counts the
effect of variants with multiple annotations, but is unbiased with regard to the functional
classes, as no prioritisation of the classes is imposed.

Results look very similar for the non-hierarchical and hierarchical models (Figure 4.7).
The main observable differences are a slightly larger enrichment estimate for TFBS vari-
ants and correspondingly smaller estimate for the enhancer variants in the non-hierarchical
model (as expected) and much larger standard errors in the non-hierarchical model where
overlapping variant classes are allowed.

In these models, the contribution and enrichment from enhancer variants looks large
(greater than 60% GVE, 3-fold enrichment), but uncertainty in estimates of variance ex-
plained is high and statistical evidence for the significance of the enrichment is modest.
Again, there are high fold-enrichment for coding variants and very strong depletion for
other variants (P < 0.05 in the hierarchical model). One concern is the high estimate for
total percentage of phenotypic variance explained (> 90%, s.e. 20%), even though it is
not statistically different from the eight-variance component MAF-bin estimate of variance
explained with MAF greater than 0.1% (74%, s.e. 23%). I discuss this concern in detail in
Section 4.7.4, but note here that the results for enrichment (relative contribution from vari-
ant classes) remain valid even if there is inflation in the total phenotypic variance explained
by these models.

Given that the enhancer class seems to be more important in enrichment and fold-
enrichment terms than the TFBS class and that there is substantial biological interest in
enhancer variants with regard to T2D (Harismendy et al., 2011; Parker et al., 2013; Pasquali
et al., 2014; Gusev et al., 2014), I now focus our analysis on approaches to identifying a cell

type-specific source for this large enhancer enrichment.

4.5.2 Partitioning into enhancer classes

Following up on the strong enrichment seen in enhancer variants in the preceding analysis
I explore further ways to examine whether or not the effect observed from enhancers is real
and whether or not it stems from a particular type of enhancer variants. Partitioning more

specifically into enhancer classes is done using the following models:

1. 14VC non-hierarchical model, partitioning into 12 cell-type specific enhancer classes
plus “other-functional” (any functional class but not enhancer) and “other-nonfunc-

tional” (all remaining variants) classes,
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Figure 4.7: Enrichment when partitioning into 8 broad functional classes using Integrated Panel data.
Functional class enrichment results for the non-hierarchical (a) and hierarchical (b) 8-variance com-
ponent models assuming allele-frequency dependent effect sizes and using variants with MAF
> 0.1%. Variance components for the different functional classes are fit jointly. The upper panel
shows the percentage of total genetic variance contributed by each functional class (total given by
the sum of the estimate for all of the genetic components in the model). Dotted bars with transpar-
ent fill show the expected proportion of the total genetic variance for each functional class given the
proportion of all variants used that are in that class. Error bars show +1 standard error (truncated
at zero). The lower panel shows fold-enrichment for each class, that is the ratio of percentage of
total genetic variance explained to the percentage expected, which is the percentage of all variants
that are assigned to that class. P-values testing for a difference between observed and expected
enrichment are shown at the end of the bar for each annotation class. Table 4.4 gives the number of
variants for each functional class.

2. 4VC hierarchical model partitioning into islet-enhancer, other-enhancer, other-func-
tional and other-nonfunctional classes, and

3. 3VC hierarchical model partitioning into islet-enhancer, other-enhancer and other (all

remaining variants) classes.

Why these partitionings were pursued should become clear as I present and discuss the

results.

4.5.2.1 Partitioning into cell type-specific enhancer classes

I would like to identify any specific cell-types that seem to be driving the observed signal
from enhancer variants. This analysis begins by fitting a 14-variance component model
that partitions variance into 12 cell-type enhancer classes plus other functional variants

and other non-functional variants. When combined across all cell types, there is a large

148



number of enhancer variants. However, it may be possible to identify a small number of
cell types as being disproportionately important.

Seeking a relatively unbiased approach to determining which cell-type enhancers might
be more important in explaining variance in liability to T2D, I fit non-hierarchical cell-type
enhancer classes. This means that variants that fall in enhancer regions identified in mul-
tiple cell types are used for all relevant variance components. Allowing variance compo-
nents to overlap in terms of variants used increases the uncertainty of the estimates, but
means that one does not need to decide a priori how to prioritise different possible anno-
tations of variants. Finding a satisfactory prioritisation of cell-type enhancer classes here
would be all but impossible, as there is a large degree of overlap between enhancer regions
identified from different cell types. Using a non-hierarchical partitioning side-steps this
problem, at the cost of increasing the uncertainty in the variance component estimates.

This partitioning approach identifies pancreatic islet enhancers as by far the most im-
portant class of enhancer variants (Figure 4.8). The islet-enhancer class accounts for 50%
of the total genetic variance, with over 4-fold enrichment (p ~ 0.2). The only other class
that looks of potential importance is Hmec-enhancers (mammary epithelial cell line). The
Hmec-enhancers show greater than 3-fold enrichment (not significant), but explain less
than 15% of the total genetic variance. In this model, there is substantial depletion of vari-
ance explained by the other functional (i.e. functional but not enhancer) variants. The pre-
vious enrichment observed for coding and ncRNA gets “washed out” when these variants
are included in a single component with UTR, promoter, insulator and TFBS variants, for
which either minimimal enrichment or depletion was observed. As in previous models,
there is very strong depletion for other non-functional variants in this model (greater than
20-fold depletion; P < 0.1). Given the aetiology of T2D, pancreatic islet cells are highly
relevant, so it is tantalising to see such strong enrichment for variants located in enhancer

regions identified in pancreatic islet cells.

4.5.2.2 Partitioning into islet and non-islet enhancers

The analysis above highlights islet-enhancer variants as explaining the vast majority of
the enhancer signal. None of the other cell-types look remotely as important, so I focus
now on the islet-enhancer variants. I do this by partitioning into three- and four-variance
component hierarchical class models. This partitioning, of course, gives islet-enhancers
the best possible chance of explaining the variance in susceptibilty to T2D because there
are now non-overlapping annotation classes and any variant that falls in an islet-enhancer
region is allocated to that class. However, this seems appropriate given how much stronger
the enrichment (both percentage of total genetic variance and fold-enrichment) for islet-

enhancers is compared with other cell type-enhancers.
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Figure 4.8: Enrichment when partitioning into non-hierarchical cell-type enhancer classes using Integrated
Panel data. Functional class enrichment results for a model with 14 variance components: 12 non-
hierarchical cell-type enhancer classes, plus a component containing all variants with other (non-
enhancer) functional variants and a component using all remaining non-functional variants. The
non-hierarchical enhancer classes mean that variants that are identified as falling in an enhancer
region in multiple cell types are used in all relevant cell-type enhancer components. Results shown
here assume allele-frequency dependent effect sizes and use variants with MAF > 0.1%. Variance
components for the different functional classes are fit jointly. The upper panel shows the percentage
of total genetic variance contributed by each functional class (total given by the sum of the estimates
for all of the genetic components in the model). Dotted bars with transparent fill show the expected
proportion of the total genetic variance for each functional class given the proportion of all variants
used that are in that class. Error bars show £1 standard error (truncated at zero). The lower panel
shows fold-enrichment for each class, that is, the ratio of percentage of total genetic variance ex-
plained to the percentage expected, which is the percentage of all variants that are assigned to that
class. P-values testing for a difference between observed and expected enrichment are shown at the
end of the bar for each class.
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Partitioning variance in susceptibility to T2D onto islet-enhancer, other-enhancer and
other (functional and non-functional, separate or combined) variants shows that islet en-
hancers explain almost all of the total genetic variance (Figure 4.9) in such models. This
is the case whether or not other-functional and other-nonfunctional are fitted variants in
separate components (Figure 4.9a) or all non-enhancer variants are used in one component
(Figure 4.9b). The islet-enhancer class shows significant, greater than 6-fold enrichment
relative to the expected amount (P < 0.005), while the other class in the 3VC model and
the other-nonfunctional class in the 4VC model explain significantly less than expected
(P <0.01,3VC; P < 0.05,4VC), with greater than 10-fold depletion. The “other-enhancer”
class in these models explains less than the expected proportion of the total genetic vari-

ance (not significant).
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Figure 4.9: Enrichment when partitioning into islet- and non-islet enhancers. Functional class enrich-
ment results for the 4-variance component (a) and 3-variance component models (b) partition-
ing into islet-enhancer, non-islet enhancer and other classes. In the 4VC model there are other-
functional (i.e. non-enhancer functional variants) and other-nonfunctional variants as the two non-
enhancer components, whereas in the 3VC model there is a single other component for all non-
enhancer variants. For these models we assume allele-frequency dependent effect sizes and use
variants with MAF > 0.1%. Variance components for the different functional classes are fit jointly.
The upper panel shows the percentage of total genetic variance contributed by each functional class
(total given by the sum of the estimate for all of the genetic components in the model). Dotted bars
with transparent fill show the expected proportion of the total genetic variance for each functional
class given the proportion of all variants used that are in that class. Error bars show +1 standard
error (truncated at zero). The lower panel shows fold-enrichment for each class, that is the ratio of
percentage of total genetic variance explained to the percentage expected, which is the percentage
of all variants that are assigned to that class. P-values testing for a difference between observed and
expected enrichment are shown at the end of the bar for each class.

As a final attempt to specify the set of variants driving the enhancer enrichment results
I fitted a 4-variance component model partitioning into “islet-only enhancers” (variants

identified as located in enhancers in islet cells but not other cell types), “islet-shared en-
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hancers” (variants identified as located in enhancer regions in islet cells and at least one
of the other cell types), “other enhancers” (remaining non-islet enhancer variants) and all
other variants. This model revealed significant eight-fold enrichment in islet-shared en-
hancers (P < 0.01) and significant 20-fold depletion for the “other” category (P < 0.01).
Islet-only enhancers showed non-significant three-fold enrichment and other enhancers
showed non-significant depletion.

Taken together, the results from cell type-specific partioning of enhancer variants show
that islet enhancers are very strongly enriched, and significantly so, and explain a large
proportion of variance in susceptibility to T2D. Enrichment in enhancers seen in previous
models seems primarily to be driven by effects from islet enhancer variants, in particu-
lar variants that are located in enhancer regions identified in islet cells and at least one
other cell type. After effects from islet enhancers have been accounted for, other enhancer
variants, other functional variants and other non-functional variants appear to have little
capacity to explain variance in susceptibility to T2D. However, the dampening effect of
including so many different types of variant in the other category (for example a relatively
small number of coding variants with a very large number of unannotated variants) should
be borne in mind. In such cases we fit one parameter in the model (a variance component)
that tries to account for the effects of all of those variants and so signal from a small number
of variants with larger effects can get “washed out” when included in the same component
as a large number of variants that make little contribution to variance explained.

Coding and ncRNA variants look substantially enriched relative to expectation, but
these enrichment results are not significant in these models and compared to islet enhancer
variants coding and ncRNA variants explain a very small proportion of the total genetic
variance. Partitioning into multiple functional classes, with potentially enriched func-
tional classes such as coding and ncRNA variants, islet-enhancer, other-enhancer, other-
functional and other-nonfunctional classes could be worthwhile, but only when larger
sample sizes become available in which the precision of estimates could be substantially
better than in the sample analysed here. Given the uncertainty in the partitioning estimates
obtained here, I do not expect a different six-variance component partitioning to yield con-
clusive results on this dataset.

These results from the Integrated Panel data indicate strong enrichment from islet-
enhancer variants, but there remains substantial uncertainty in the results and there are
many factors that could affect enrichment estimates. To address these considerations I
replicate, in the next section, the analysis in a second, larger cohort for which imputed
data are available (Section 4.6), and then take a detailed look at the robustness of variance

partitioning results in Section 4.7.
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4.6 Results using imputed data in a larger UK cohort

The variance partitioning analyses to this point have provided further insight into the
partitioning of phenotypic variance by allele-frequency and shown strong enrichment for
enhancer variants, particularly those identified from pancreatic islet cells. However the
uncertainty in heritability and enrichment estimates was high for most analyses. Thus, I
sought to replicate the findings from the Integrated Panel data in a second cohort of indi-
viduals.

Through the GoT2D project I have access to a set of over 4,500 UK individuals who
have been genotyped using a SNP array (see Section 3.2.5 for details). For these indi-
viduals further genotypes imputed using the 1000 Genomes reference panel (Imputed-
1000G data) and, separately, using the GoT2D Integrated Panel as a T2D-specific reference
panel (Imputed-GoT2D data) are available. Imputation was done by Kyle Gaulton for the
Imputed-1000G data, and by Loukas Moutsianas for the Imputed-GoT2D data (see Sec-
tion 3.2.5 for details). After removing individuals who were sequenced (and thus appear
in the Integrated Panel dataset) and applying quality control filtering to variants and in-
dividuals, there are 4,525 individuals (1,587 cases and 2,938 controls) in the UK imputed
dataset. Imputation errors are inevitable in the imputed datasets, but imputation errors
are expected to introduce noise into variance component estimates rather than produce
specific biases. I undertake the same variance partitioning analyses that were conducted
on the Integrated Panel data (described above) on these imputed datasets to see if the her-

itability and enrichment patterns replicate.

4.6.1 Imputed data: partitioning by allele frequency

I partition the variants for both the Imputed-1000G and Imputed-GoT2D datasets into
three allele-frequency classes—rare, low-frequency and common variants—and, in a finer-
grained model, into eight allele-frequency classes. In both cases, multiple variance com-
ponents are fitted jointly in the LMM. Again, as for the Integrated Panel data, I compare
results for the default, allele-frequency dependent effect-size model and the alternative,
constant effect size model. In the Integrated Panel data a large contribution to phenotypic
variance explained was observed from common variants, a very small contribution from
low-frequency variants and a substantial point estimate (though with high uncertainty) for
rare variants (see Section 4.4.2).

Results for variance explained from the imputed data (Figure 4.10) are entirely consis-
tent with the results from the Integrated Panel data (Figure 4.4). Again, there is a large

contribution from common variants, a small contribution from low-frequency variants, a
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substantial estimate for rare variants, and in each model the estimate for common vari-
ants is larger than for low-frequency or rare variants. Observed differences between the

estimates from the imputed datasets and the Integrated Panel data are not significant.
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Figure 4.10: Phenotypic variance explained using the Imputed-1000G and Imputed-GoT2D datasets when
partitioning into three allele frequency classes: rare, low-frequency and common. Percentage of phenotypic
variance explained by each MAF class in the 3-variance component and 8-variance component
models assuming allele-frequency dependent effect sizes (circles) or constant effect sizes (triangles).
The total shows the sum of the contributions from each allele frequency class, with standard error
computed using the delta method. Variance components for the different allele frequency classes
are fitted jointly and error bars show £1 standard errors (truncated at zero and 100%).

Estimates for the total phenotypic variance explained for the imputed data from the
three allele-frequency class model are 85.3% (s.e. 14%; AFD model) and 74.7% (s.e. 13%;
CES model) for the Imputed-GoT2D data, and 80.0% (s.e. 14%) and 74.0% (s.e. 12%) for the
Imputed-1000G data. These point estimates are higher than, but not significantly different
from, the corresponding estimates from the Integrated Panel data (70.5%, s.e. 23% for the
AFD model; 71.5%, s.e. 22% for the CES model).

Across the two imputed datasets and two effect-size models, the rare variants explain
30-36% of the liability-scale variance. The standard errors of the estimates are smaller than
for the Integrated Panel data, but are large enough that one cannot claim to observe any
significant difference between the variance component estimates or total heritability esti-
mates between the two imputed datasets themselves or between the imputed data results
and the Integrated Panel results. However, the imputed data results do provide further
modest evidence of a non-zero contribution from rare variants. It is problematic to assign

significance to individual variance component estimates in this type of model, but all of
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the imputed data estimates for the heritability from rare variants are at least two stan-
dard errors away from zero. Thus, I would be cautious about claiming exactly what the
collective contribution from rare variants is, but one can be reasonably confident that the
contribution is truly non-zero.

Partitioning variants into eight allele frequency classes using both imputed datasets
yielded qualitatively very similar results to those obtained with the Integrated Panel data
(data not shown). In both imputed datasets, the estimated contribution from rare vari-
ants in the eight-variance component model was almost identical to that obtained in the
three-variance component model. Enrichment results for the two imputed datasets agree
with each other very closely and tell the same story as the Integrated Panel data (data not
shown). Again, interpretation of the enrichment results when partitioning by allele fre-
quency depends greatly on the modeling assumptions made about the variant effect-size

distributions.

4.6.2 Imputed data: partitioning by functional class

Partitioning into functional classes using the Integrated Panel data revealed strong enrich-
ment for islet-enhancer variants and significant depletion for variants without a functional
annotation. The same models are now fitted to the imputed data. Exactly the same seg-
mentation of the genome into functional regions was used to assign variants to functional
classes as was used for the integrated panel data. I show results using all variants in the
Imputed-1000G dataset (after quality control and applying a minimum MAF threshold of
0.1%). No significant differences between the Imputed-1000G and Imputed-GoT2D results
were observed for any of the models discussed below (data not shown). I also obtained
results using the set of variants that appear both in the integrated panel dataset and the
Imputed-1000G dataset and found that these gave qualitatively very similar results with
only small, non-significant changes in variance component estimates (data not shown).

The Imputed-1000G results for the 8-variance component hierarchical model yield sig-
nificant depletion for the “other” class, as variants without a functional annotation exhibit
4-fold depletion (P < 0.005), which is less extreme in terms of effect size but more signifi-
cant than the depletion in this category observed in the Integrated Panel data (Figure 4.11a).
There is no significant enrichment after accounting for multiple testing for any of the other
classes. (Figure 4.11b). There are no significant differences between the enrichment or fold-
enrichment estimates for any functional classes between the imputed and Integrated Panel
data.

Fitting the 14VC non-hierarchical cell type-enhancer model (see Section 4.5.2.1 yields
no significant enrichments for either the Imputed-1000G or Imputed-GoT2D data, and no
significant differences in enrichment compared to the Integrated Panel results (data not

shown).
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Figure 4.11: Enrichment results using imputed data when partitioning into functional classes. Results
are shown for: the 8-variance component hierarchical model using Integrated Panel data (a) and
Imputed-1000G data (b), the 3-variance component islet-enhancer hierarchical model using Inte-
grated Panel data (c) and Imputed-1000G data (d), and the 4-variance component islet-enhancer
hierarchical model using Integrated Panel data (e) and Imputed-1000G data (f). For each plot, the
percentage of genetic variance explained by each functional class in the model assuming allele-
frequency dependent effect sizes is shown in the top panel, and the fold-enrichment is shown in
the bottom panel. Variance components for the different functional classes are fitted jointly. Results
shown here are when using all variants passing QC from each dataset (both integrated panel and
imputed data) using variants with MAF > 0.1%. Enrichment results when using only variants that
are shared between the imputed and integrated panel datasets are very similar (data not shown).
Error bars show +1 standard errors (truncated at zero).
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Fitting a three-variance component hierarchical islet-enhancer model (see Section 4.5.2.2
for details) leads to the same conclusions as for the Integrated Panel results. There is sig-
nificant, 3-fold enrichment for islet-enhancer variants (P < 0.01), nominally significant
depletion for the “other” class (P < 0.05) and no significant enrichment for the “other-
enhancer” class (Figure 4.11d).

Fitting the four-variance component hierarchical model with a component for islet-
enhancer variants, one for other enhancer variants, one for other functional variants and a
final component for all other, non-functional variants to the imputed data produces very
similar results (Figure 4.11d). We observe nominally significant, 3-fold enrichment for islet-
enhancer variants (P < 0.05) and no significant enrichment for other-enhancer variants.
Splitting the “other” class from the 3-VC model into an “other-functional” and “other-
nonfunctional” class gives significant, 4-fold depletion for the “other-nonfunctional” vari-
ants (P < 0.005) and a substantial enrichment estimate that is not significant for the “other-
functional” variants. Further investigation in larger cohorts would be required to clarify if
there is any true signal for the other functional variants.

Smaller estimates are observed for total variance explained from these models for the
imputed datasets than for the Integrated Panel data (data not shown), but the differences
are not significant.

Overall, the imputed datasets provide a useful set of results against which to compare
the Integrated Panel results. The key findings from the Integrated Panel data replicate in
the imputed data.

4.7 Robustness and exploration of factors affecting variance par-
titioning results

The previous three sections presented streamlined results in which I laid out the narrative
for the variance partitioning analyses. Recall that I undertook analyses partitioning vari-
ance by allele frequency (Section 4.4) and functional class (Section 4.5) using the GoT2D
Integrated Panel data, and replicated the key findings in a larger UK cohort using im-
puted data (Section 4.6). In the preceding sections we did not, generally, discuss changes
to parameter settings that could potentially affect the partitioning results. In this section I
examine in detail the robustness of the variance partitioning results.

For the analyses partitioning variance by allele frequency I discussed the effects of
changing model assumptions in Section 4.4. Assuming either the allele-frequency depen-
dent effect-size model or the constant effect-size model had no substantial impact on heri-

tability estimates, but strongly influenced the interpretation of enrichment results. I did not

157



discuss, in Section 4.4, the effect that LD-pruning could have on the allele-frequency par-
titioning results. I explore the effects of LD-pruning on partitioning heritability by allele-
frequency class in Section 4.7.1.

In Section 4.5, above, I presented one strand of the enrichment analysis when partition-
ing variance by functional class. Only results obtained using hard genotype calls for all
variants passing QC with MAF greater than 0.1% were discussed. There was evidence of
enrichment in enhancer variants, particularly those identified in pancreatic islet cells, and
depletion for variants without a functional annotation. However, I noted in passing that
raw estimates of variance explained were higher than might be expected, and that results
from these models can be sensitive to assumptions and model parameters.

I discuss many aspects of the robustness of the enrichment results in Section 4.7.2 and
the robustness of the liability-scale variance explained, or heritability, estimates in Sec-
tion 4.7.3. I undertook many parallel analyses on partitioning into multiple functional
classes to assess the effects on the results of varying modeling parameters. These included
varying assumptions about effect-size distributions, setting different minimum allele fre-
quency thresholds, excluding regions around known T2D GWAS loci, LD-pruning vari-
ants, and using genotype dosages instead of hard genotype calls. I also undertook “shifted-
enhancer” and “pseudo-enhancer” analyses to probe further the enhancer signal, which I
will explain and discuss in Sections 4.7.2.2 and 4.7.3.2, respectively.

To get another perspective on how likely or unlikely it is to obtain certain partitioning
results due to chance alone, I conducted analyses in which I permuted the phenoype (T2D
case-control status) and then fitted variance partitioning models. I discuss permutation
results in Sections 4.7.1.2 (allele-frequency partitioning), 4.7.2.3 and 4.7.3.3 (functional-class
partitioning).

When partitioning by functional class, due to space considerations, I will generally only
present robustness results for the three-variance component hierarchical islet-enhancer
model (see Section 4.5.2.2). We carried out the same robustness analyses for the eight-
variance component broad functional classes model (cf. Section 4.5.1) and other cell-type
specific enhancer partitionings (data not shown), and found that the general conclusions
drawn about robustness hold across different functional-class partitioning models. Due
to the consistency of conclusions about robustness across partitioning models I do not re-
peat all of the robustness analyses for the imputed data in Section 4.7.2.4, focusing instead
solely on the robustness of the partitioning results for the imputed datasets to changing the
minimum MAF threshold, changing the effect-size model and using only variants shared
between the Imputed-1000G and Integrated Panel datasets.

Across many of the partitioning analyses there were high total heritability estimates. I
discuss this issue in Section 4.7.4. The Integrated Panel cohort consists of individuals from

five distinct European populations. This structure could potentially influence partitioning
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results, so in Section 4.7.5 I discuss results obtained from fitting the partitioning results on

sub-populations within the Integrated Panel cohort.

4.7.1 Robustness of allele-frequency partitioning results

In Section 4.4, which presented the main allele-frequency partitioning results, I discussed
the effect of assumptions about the variant effect-size distribution on the interpretation
of results. In this section, I check the robustness of multiple allele-frequency class her-
itability estimates to LD pruning (Section 4.7.1.1) and assess permutation results for the

allele-frequency partitioning models.

4.7.1.1 Effects of LD-pruning variants

Section 3.6.3.1 showed that LD-pruning variants had a noticeable effect on single-variance
component heritability estimates. Given the considerations about LD-effects on estimates
of heritability discussed in Section 3.6.3, I repeated the 3VC MAF-bin analysis described
above, using variants after LD-pruning with the PLINK software, applying maximum R?
thresholds of 0.8, 0.5 and 0.3 (see Section 3.6.3.1). LD-pruning drastically reduces the num-
ber of variants used for analysis (Table 4.5). Patterns in variance partitioning results when
applying LD-pruning appear slightly different from those obtained when all variants are

used, but differences are not statistically significant (Figure 4.12).

MAF Range No LD pruning R?<08 R><05 R?<03
0.1-0.5% 3,123,033 2,110,658 1,576,114 1,221,178
0.5-1% 1,157909 595,468 405,021 282,961
1-5% 2,392,952 867,434 559,887 367,140
5-10% 1,101,527 236,602 137,316 81,837
10-20% 1,402,087 239,020 120,741 66,392
20-30% 1,060,766 170,743 78,524 35,901
30-40% 928,498 145,963 61,194 23,666
40-50% 867,663 144,469 78,690 56,925
Rare (0.1-0.5%) 3,123,033 2,110,658 1,576,114 1,221,178
Low-frequency (0.5-5%) 3,550,861 1,462,902 964,908 650,101
Common (5-50%) 5,360,541 936,797 476465 264,721

Table 4.5: Number of variants and total sample genotypic variance in different minor allele fre-
quency ranges when LD pruning has been applied to variants at maximum R? thresholds of 0.8, 0.5
and 0.3. Numbers of variants when no LD pruning is done are shown for comparative purposes.

The estimates of total variance explained are higher when using LD-pruned variants
than non-pruned variants for both the three-variance component model (Figure 4.12a) and
the eight-variance component model (Figure 4.12b). Given the size of the standard errors
for these estimates, one cannot confidently claim significant differences in the total esti-

mates, but the pattern is consistent across both the three- and eight-variance component
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models here and are reasonably consistent with the single-variance component results (Sec-
tion 3.6.3.1). The total liability-scale heritability estimates are high using LD-pruned vari-
ants. For the three-variance component model they range from 79% (s.e. 28; R* < 0.3, CES
model) to 83% (s.e. 31%; R?> < 0.8, AFD model). For the eight-variance component model
total variance explained estimates range from 83% (s.e. 28%; R? < 0.3, CES model) to 87%
(s.e. 30%; R? < 0.5, AFD model). These estimates are a little larger than the corresponding
estimates obtained without LD-pruning, but are not significantly different. Again, the total
estimates from the eight-variance component models are slightly higher than the total es-
timates from the three-variance component models, suggesting that fitting more variance
components slightly inflates the total variance explained by the model. The increases ob-
served in the total variance explained from the models with LD-pruning could be driven
by higher correlation between GRMs induced by LD-pruning. This idea is explored in
further detail in Section 4.7.4.4.

The total variance explained estimates are relatively consistent across LD-pruning thres-
holds, but there is much more variability when one looks at individual variance component
estimates (Figure 4.12). Across the individual components in the two models there does not
appear to be a consistent pattern as to which LD-pruning settings lead to higher or lower
heritability estimates. Higher estimates are observed for the rare variant component when
there is no LD-pruning than when there is LD-pruning at any threshold, higher estimates
for the low-frequency component for all of the LD-pruning approaches than when there is
no LD-pruning, but differences are not statistically significant. Enrichment results across
varying LD-pruning do not show significant enrichment for any frequency classes, or any
significant differences from results obtained without LD-pruning. Thus, bearing in mind
the large standard errors for the estimates, the general picture is one of consistency, espe-
cially for estimates from common variants.

LD-pruning produced larger standard errors on obtained variance-component esti-
mates, so as previously discussed, it appears that LD-pruning variants may introduce un-
wanted effects into the variance partitioning results. LD-pruning is expected to have lim-
ited effects on heritability estimates because genomic segments shared from a recent com-
mon ancestor will usually extend well beyond the usual range of LD, and so LD-pruning
should have little consequence for estimating the relatedness between individuals that de-
fine the GRMs in the LMMs (Speed et al., 2012). However, if one looks closely at the set of
variants retained for analysis after LD-pruning (Table 4.5), one sees that at an R? threshold
of 0.3, over 60% of rare variants, 80% of low-frequency variants and over 95% of common
variants are filtered out. The filtering is less extreme for higher R? thresholds, but still
substantial: even at an R? of 0.8 over 80% of common variants are filtered out. Thus, LD-
pruning dramatically changes the allele-frequency distribution of the variants used for the

analyses. This may affect the partitioning results obtained, and if applied naively could
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Figure 4.12: Variance component estimates for multiple allele frequency classes with LD-pruning
of variants. Results using AFD model (circles) and CES model (triangles) when there is no LD-
pruning (blue points) and LD-pruning using PLINK with a maximum R? threshold of 0.8 (dark
grey points), 0.5 (light grey points) and 0.3 (orange points). Here, variance components for the
given MAF-ranges are fitted jointly in a three-variance component model (a) or an eight-variance
component model (b). Error bars show standard errors (truncated at zero). The total shows the sum
of the contributions from each allele-frequency class, with standard error computed using the delta
method. Table 4.2 gives the number of variants in the corresponding MAF-bin used for computation
of variance components.
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affect inferences about the relative importance of rare and low-frequency variants to ex-
plaining variance in susceptibilty to T2D.

With very large numbers of rare and low-frequency variants in the dataset, it seems that
the default PLINK algorithm for LD-pruning preferentially filters out common variants.
Different settings for the LD-pruning could possibly yield better results, but I conclude
from this analysis, as from the analysis of single-variance component estimates, that LD-
pruning (at least using default settings) is not a good approach to apply to these sorts of

variance partitioning analyses.

4.7.1.2 Permutation results for partitioning by allele frequency

I conduct permutation studies to test empirically to see if the estimates of variance ex-
plained and enrichment from variants in different allele frequency classes are larger than
expected by chance. To study the model partitioning into three variance components by
allele frequency, I use the same GRMs as for the “real” results, but permute case-control

status. I permute in two ways:
1. permuting case-control status across all samples, and

2. permuting case-control status between individuals within each population (country

of origin).

For each permutation approach, REML estimates of the variance components and corre-
sponding enrichment results are obtained in the usual way for the rare, low-frequency and
common variants for n = 100 permutations of the phenotype (Figure 4.13).

When case-control status is permuted there should be no relationship between genetic
effects and phenotype, so one can obtain a null distribution for the variance component
estimates. I show results only for the allele-frequency dependent effect size model. Sec-
tion 4.4 showed that the variance component estimates for the three-variance component
model are almost identical for the AFD and CES models, so it seems reasonable to expect
that using either of these models for the permutation study would yield qualitatively iden-
tical results. These results show that there is little difference in permutation results whether
permuting phenotype across all samples or permuting phenotype only among individuals
within the same country of origin (Figure 4.13).

These permutation results tell broadly the same story as the analyses of the real pheno-
types. That is, it looks like there is a real effect from common variants, negligible effect for
low-frequency variants and the contribution from rare variants is substantial, but could be
obtained by chance. The contribution from common variants in real data is much larger
than the largest estimate using permuted phenotypes, and so is much larger than you

would expect to obtain if there was no true contribution from common variants. Thus, one
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Figure 4.13: Results permuting phenotype for a model with three allele frequency classes using the In-
tegrated Panel data. Results for the percentage of phenotypic variance explained by each allele
frequency class when permuting case-control status across all individuals in the sample (a) and
permuting case-control status across individuals separately within sub-populations (b). Boxplots
show results from n = 100 permutations. Blue triangles show the results obtained when the true
case-control status is used.

would conclude that there is a true non-zero heritability estimate for common variants.
The contribution observed for low-frequency variants is very close to the median from the
permuted phenotype results, consistent with a negligible contribution.

The heritability estimate for the rare component is higher than all but 2—4 of the esti-
mates for that component when using permuted phenotypes. Thus, it is unlikely to observe
an estimate greater than that observed if there is no contribution from rare variants, but it
is possible to obtain such a large estimate, even from only 100 permutations. This accords
with the conclusions drawn from the standard errors for the rare component estimates: the
contribution from rare variants to variance in susceptibilty to T2D could be substantial, but
one cannot claim this with high confidence.

The total variance explained when using the real phenotypes is substantially larger
than any of the totals when using permuted phenotypes. One concludes, then, that it
would be very unlikely to have obtained such a large total for variance explained solely
from chance effects. I note, however, that the total variance explained, even with per-
muted phenoytypes, can be large. The upper quartile total heritability estimate from the
permutations is over 25% and we see several totals of over 50% for the liability-scale heri-
tability. These results establish that there are substantial upward biases in the heritability
estimates. The REML fitting approach used here gives non-zero variance component es-
timates, even in “null” cases such as with the permuted phenotypes here. The median
permutation liability-scale heritability estimate across the rare, low-frequency and com-

mon components can be as high as 10%. When taking the sum of several variance com-
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ponents, the total variance explained by the model can appear much higher than might be
expected. These permutation results go some way to explain the higher totals seen in the
eight-variance component models compared with the three-variance component models.
When more upwardly-biased variance estimates are obtained, then the total is correspond-
ingly inflated. Our enrichment estimates, however, are relative measures of contribution
to heritability, so enrichment results should not be adversely affected by a small amount of
inflation, or upward bias, in the estimate for each individual variance component. I check

this notion via permutation analyses in Section 4.7.2.3.

4.7.2 Robustness of functional class enrichment results

Section 3.6 demonstrated that the estimates of heritability from single-variance component
models can change to a large extent based on the prevalence assumed for the disease, the
MAF threshold applied and the effect-size model used. In this section, I explore the effects
of many different modeling parameters on enrichment results when partitioning by func-
tional class. Due to space constraints, I show results only for the three-variance component
hierarchical islet-enhancer model. Results shown should be taken as representative across
all different models unless otherwise stated. We conducted the same investigations for the
eight-variance component hierarchical model and observed qualitatively identical robust-
ness results (data not shown). We observe that over many different models enrichment

results are robust to many different parameter settings.

4.7.2.1 Varying modeling parameters

To investigate the effects of varying modeling parameter settings on enrichment results I
present results for the 3-variance component hierarchical islet-enhancer model. I inspect

the impact of:
¢ Varying the minimum MAF threshold;
¢ Changing the effect-size model;
¢ Excluding variants in known T2D-associated loci;

¢ Using only variants shared between the Integrated Panel and the Imputed-1000G

datasets;
¢ Using genotype dosages instead of hard genotype calls;
¢ LD-pruning variants.

I display enrichment results (Figure 4.14) and fold-enrichment results (Figure 4.15) for the

different modeling parameters side-by-side and discuss findings below.
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Figure 4.14: Robustness of enrichment results for many parameter settings in the 3-variance component
islet-enhancer model using Integrated Panel data. Variance components for the given classes are fit
jointly. Error bars show standard errors (truncated at zero and 100%). Results are shown for many
different parameter settings, including: different minimum MAF threshold, when excluding vari-
ants in GWAS regions (a window of either 1Mb or 2.5Mb around the GWAS lead SNP), using geno-
type dosages instead of hard calls, using variants shared between the integrated panel and the
Imputed-1000G datasets, and for various LD-pruning settings. I also show results using the allele-
frequency dependent and constant effect size models for variant effect size. The size of the points
on the plot reflect the p-value for enrichment for the class.

Varying MAF threshold Enrichment results are very consistent across different minor
allele frequency thresholds (Figure 4.14). This consistency holds even though (as shown
below) the raw variance explained estimates differ greatly across differing minimum MAF
thresholds. There is a slight tendency for enrichment estimates for the islet-enhancer class
to decrease as minimum MATF threshold increases. For example, enrichment estimates
when using the allele-frequency dependent effect-size model and all variants passing QC
are somewhat higher if a minimum MAF threshold of 0.1% is applied than if a minimum
MAF threshold of 5% is applied. When using the constant effect size model, which allows
for very little contribution from rare and low-frequency variants, there is practically no
change in enrichment when all variants (that is, without any LD-pruning) are used.
Fold-enrichment results are even more consistent across minimum MAF thresholds

than the enrichment results (Figure 4.15). There is virtually no change in fold-enrichment
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and for various LD-pruning settings. I also show results using the allele-frequency dependent and
constant effect size models for variant effect size. The size of the points on the plot reflect the
p-value for enrichment for the class.

for islet-enhancer variants and fold-depletion for other variants depending on whether
rare and low-frequency variants are included or only common variants are used.

Overall, the pattern of results, both for total genetic variance explained and fold-enrich-
ment across the functional classes, is consistent as with changes to the minimum MAF
threshold. Our conclusions do not change depending on whether or not we include rare

and low-frequency variants in the analysis.

Varying effect size model Using multiple MAF-binned variance components (Section 4.4)
there were negligible differences in the heritability estimates between the allele-frequency
dependent effect-size model and the constant effect size model. However, there were sub-
stantial differences between the two effect size models for single variance-component her-

itability estimates (Section 3.6.1). When partitioning by functional class, there is only one
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MAF bin for each class, so one might expect to see differences in enrichment results for the
functional class depending on the effect-size model.

In fact, the enrichment results are reasonably robust to changing the effect size model
assumed (Figure 4.14). We see slightly lower enrichment using the CES model with a min-
imum MAF of 0.1%, but for higher minimum MAF thresholds the enrichment results are
very similar whether using the allele-frequency dependent effect-size model (the default)
or the constant effect-size model. The fold-enrichment results are almost identical across
the two effect-size models (Figure 4.15). Differences between the equivalent models are not
significant.

The CES model can result in lower total heritability estimates than the AFD model. Re-
assuringly, however, the enrichment results, giving the relative contribution from different
functional classes of variant are highly robust to changes in the total variance explained
from a model. As seen here, the enrichment results are also robust to the effect-size model
assumed. It is interesting, and perhaps surprising, that major differences in modeling as-
sumptions do not translate into major differences in which functional classes of variant

appear to be the major contributors to explaining variance in risk for T2D.

Excluding variants in known T2D GWAS loci With over 80 loci associated with T2D,
one might wonder if the partitioning results seen are driven by variants in these T2D
GWAS loci. To test this, I fitted partitioning using models that excluded variants in known
T2D GWAS loci. The 99% credible sets produced by the GoT2D project for the known loci
were used to generate “known GWAS regions” as the region between the two variants in
the set most distant from each other. These regions were then extended either by 0.5Mb
on each side (to get 1Mb exclusion regions) or by 1.25Mb on each side (2.5Mb exclusion
regions).

Enrichment results are robust to excluding variants in 1IMb and 2.5Mb windows around
known GWAS loci (Figure 4.14). There is slight reduction (not significant) in the enrich-
ment from islet-enhancer variants, hinting at a possible attenuation of signal when associ-
ated regions are removed. However, fold-enrichment results are almost identical whether
variants around known GWAS loci are excluded or not (Figure 4.15).

Overall, one concludes that the enrichment results observed are not driven by variants

in T2D GWAS regions. This suggests a couple of possibilities:

1. that variants with explanatory power may not be confined to previously associated

loci, and

2. variants outside known T2D loci may effectively tag variation in the T2D loci, even

with exclusion regions of 1Mb or 2.5Mb at these loci.
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Both of these possibilities could simultaneously be true. Using only variants that passed
QC in the first Wellcome Trust Case-Control Consortium project gives similar enrichment

results (data not shown).

Using genotype dosages instead of hard genotype calls Inoted above (Section 3.2.4) that
measured genotypes could be expressed either as hard genotype calls (the default used) or
as genotype dosages. The models presented thus far can be fitted to either type of data.
Thus, one may wonder if enrichment results differ when using genotype dosages instead
of hard calls.

Reassuringly, enrichment and fold-enrichment results are robust to using genotype
dosages instead of hard genotype calls (Figure 4.14 and 4.15). In fact, results using geno-
type dosages are all but indistinguishable from results using hard calls, so it does not mat-

ter for these models if the observed genotypes are expressed in one form or the other.

LD-pruning variants I discussed earlier the possible effects of linkage disequilibrium
(LD) on variance partitioning results using LMMs (Sections 3.6.3.1 and 4.7.1.1). From those
analyses I concluded that LD-pruning of variants did not appear to be a good approach for
the heritability analyses we are interested in. However, the concern here is with relative
contributions of classes of variants to VE instead of absolute estimates of heritability or VE.
In the main results section above (Section 4.5), I fitted models ignoring any LD effects, so
here apply a sanity check on the effects of LD-pruning on enrichment and fold-enrichment
results. As previously, I1ook at results using LD-pruned variants with maximum R? thresh-
olds of 0.8, 0.5 and 0.3.

LD-pruning variants does not materially affect the enrichment and fold-enrichment
results (Figure 4.14 and 4.15, respectively). The enrichment and fold-enrichment results for
the islet-enhancer variants are are very similar with and without LD-pruning. However,
the depletion of the other (non-enhancer) class decreases when using LD-pruned variants,
especially when using the CES model, and this decrease becomes more pronounced as the
the minimum MAF threshold increases.

The overall robustness of functional-class enrichment results to LD-pruning is perhaps
surprising given LD-pruning had a noticeable effect on the allele-frequency partitioning
models. On reflection, however, this robustness to LD-pruning is perfectly consistent with
the robustness to MAF thresholds for the enrichment results shown above. If LD structure
is more or less equivalent across functional classes, then one would not expect LD pruning

to change the enrichment results. This appears to be the case for the data here.
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4.7.2.2 Shifted-enhancer models

In the results presented above, enhancer variants explained a large amount of the genetic
variance in susceptibility to T2D. However, it might be possible that the signal seen for
enhancer variants is due not to the variants in enhancer regions themselves, but rather
to variants in LD with (i.e. correlated with) variants in enhancer regions. To exclude this
explanation for the signal attributed to enhancer variants, “shifted-enhancer” regions were
defined by Kyle Gaulton. The “shifted-enhancer” regions corresponding to each enhancer
region are regions flanking the enhancer region on either side, of equal size in base-pairs
to the enhancer region, and not overlapping any other enhancer regions. The idea is that
these shifted-enhancer regions will contain many of the variants in LD with variants in
the enhancer regions. Thus, we can fit enhancer and shifted-enhancer components in the
model and compare their contributions to variance in T2D risk. If the shifted-enhancer
component explains a large amount of phenotypic variance, then one would doubt that
the enhancer variants themselves are as important for the genetic architecture of T2D. This
approach is similar to the very recently published “GoShifter” method (Trynka et al., 2015),
which develops such ideas to a greater extent than was attempted here.

When fitted jointly in a three-variance component model applying minimum MAF
thresholds of 0.1% and 0.5%, the enhancer component shows three-fold enrichment, where-
as the shifted-enhancer component exhibits roughly 1.4-3-fold depletion and explains less
than 20% of total genetic variance (Figures 4.16a and 4.16a). The large standard errors on
the estimates preclude one from making strong statements about the significance of this
result, but the implication is nevertheless clear. When enhancer and shifted-enhancer com-
ponents are fit jointly, the model shows a very strong tendency to assign variance in T2D
risk to the enhancer variants rather than variants in the flanking shifted-enhancer regions.

I also fit the shifted-enhancer component together with the other component in a two-
variance component model, from which enhancer variants are excluded completely (Fig-
ures 4.16b and 4.16d). Across minimum MAF thresholds, the shifted-enhancer class ex-
hibits enrichment of roughly 90%, four-fold enrichment relative to expectation. This very
strong enrichment from shifted-enhancers shows that these variants successfully tag the
enhancer variants. When enhancer variants are excluded from the model, their signal is
captured by the shifted-enhancer variants. However, when enhancer and shifted-enhancer
components are fit jointly in an LMM, they are made to “compete” to explain the phe-
notypic variance, and this case, the real enhancers explain almost all of the total genetic
variance, with only a small contribution from shifted-enhancer variants.

Results from shifted-enhancer analyses indicate that while shifted-enhancer variants
effectively tag enhancer variants, the true signal comes from the enhancer variants them-

selves. These results support the claim made by Gusev et al. (2014) that jointly fitting in an
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Figure 4.16: Enrichment when partitioning into enhancers and shifted-enhancers using Integrated Panel
data. Functional class enrichment results for the 3-variance component model partitioning into
enhancer, shifted-enhancer and other classes (a,c) and the 2-variance component model that fits
just the shifted-enhancer and other classes (b,d). Results presented here assume allele-frequency
dependent effect sizes and use variants with MAF > 0.1% (a,b) or MAF > 5% (c,d). The “shifted-
enhancer” class consists of variants in regions flanking enhancer regions (of the same size as the
enhancer regions, and excluding variants that overlap with other enhancer regions). Variance com-
ponents for the different functional classes are fit jointly. The upper panel for each plot shows the
enrichment (percentage of total genetic variance contributed) for each functional class (total given
by the sum of the estimates for all of the genetic components in the model). Dotted bars with trans-
parent fill show the expected proportion of the total genetic variance for each functional class given
the proportion of all variants used that are in that class. Error bars show +1 standard error (trun-
cated at zero). The lower panel shows fold-enrichment for each class, that is the ratio of percentage
of total genetic variance explained to the percentage expected, which is the percentage of all vari-
ants that are assigned to that class. P-values testing for a difference between observed and expected
enrichment are shown at the end of the bar for each class.
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LMM variance components constructed from variants in various functional classes forces
the variance components to “compete” to explain phenotypic variance, and that yields en-
richment estimates that capture true signal even if there is extensive LD between variants

in the various functional classes.

4.7.2.3 Permutation results for enrichment

Permuted case-control results for percentage of genetic variance explained support the
notion that the observed enrichment in the enhancer class is unlikely to occur by chance
(Figure 4.17). I conducted analyses permuting case-control status across individuals, as
outlined previously. Here, I present results when permuting case-control status across all
individuals in the Integrated Panel cohort, but observe qualitatively identical results if I
permute phenotype within country of origin (data not shown). Similarly, I restrict myself
to the allele-frequency dependent model using a minimum MAF threshold of 0.1%, but
note that changing the effect-size model or the minimum MAF threshold yield equivalent
results (data not shown). I inspect permutation results for both the eight-variance com-
ponent hierarchical model and the three-variance component hierarchical islet-enhancer
model.

In 100 permutations, no estimate of percentage of genetic variance (%GVE) explained
for the enhancer class is obtained that is as large as that observed when the true case-control
labels are used (Figure 4.17a). Furthermore, across functional classes, the distribution of
%GVE estimates is centred roughly on the expected value of 12.5% for the eight-variance
component model (expected if the total genetic variance were evenly spread across the
eight classes), suggesting that calibration here is reasonable.

Considering the percentage of total genetic variance explained by the islet-enhancer,
other-enhancer and other classes in the three-variance component model confirms that the
enrichment in islet-enhancers is unlikely due to chance (Figure 4.17b). The distributions
of %GVE from the three components are centred on roughly 33% (as expected when there
are three classes), again, suggesting resonable calibration of the permutation estimates for
enrichment. Although there is substantial variability in the %GVE values obtained from
the permutations, there are no permutation enrichment estimates greater than the value
obtained for the true case-control status (87%). There are not any enrichment values for the
other class that are lower than that observed for the true case-control status. The caveats
about inflation in the estimates as previously discussed apply here too, but the overall pic-
ture supports the proposition that the enrichment in islet-enhancer variants and the deple-
tion in non-enhancer variants are real effects. Similar permutation results for other models

discussed above yield the same conclusions as those presented here (data not shown).
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Figure 4.17: Permutation results for enrichment when permuting phenotype across all samples with min-
imum MAF of 0.1% and using Integrated Panel data. Results for the percentage of genetic variance
explained (enrichment) by each functional class in (a) an hierarchical 8-variance component model
with broad functional categories (b) and a 3-variance component hierarchical islet-enhancer model.
These results were obtained using the allele-frequency dependent effect-size model when permut-
ing case-control status across all individuals in the sample (boxplots; n = 100). Blue triangles show
the results obtained when the true case-control status is used.

4.7.2.4 Robustness of results from imputed data

The previous sections assessing the robustness of enrichment results have focused on re-
sults obtained using the Integrated Panel data. I fitted the same models to the two imputed
datasets, which generally produced results comparable with those from the Integrated
Panel data (see Section 4.6). Thus, we do not repeat all of the above robustness checks
on the imputed datasets, assuming that results on imputed data will be similarly robust to
effects of excluding variants in known T2D loci and LD-pruning variants. Using the CES
model across minimum MAF thresholds yields enrichment results very similar to those
obtained with the AFD model and a minimum MAF threshold of 5% (data not shown). In
this section I briefly discuss the effects on the imputed data results of varying the mini-
mum MAF threshold and using only variants shared between the Integrated Panel and the
Imputed-1000G datasets.

In Section 4.6.2, I only showed results for the Imputed-1000G data. Here, I observe
that the enrichment results are very similar for the Imputed-1000G and Imputed-GoT2D
data, especially if the minimum MAF is increased from 0.1% to 5% (Figures 4.18a & 4.18b).
Perhaps as a side-effect of poorer imputation for rare and low-frequency variants, we see
close to perfect agreement in enrichment results when only using common variants in the
imputed datasets. Therefore, the imputed data enrichment results are not as robust to
varying the minimum MAF threshold as the Integrated Panel results. When only using
variants shared between the Integrated Panel and Imputed-1000G datasets (Figures 4.18¢c
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& 4.18d), the results agree closely with those obtained using all variants passing QC in
the Imputed-1000G dataset. These results suggest, therefore, that the enrichment results
obtained with the imputed datasets are robust to changing the minimum MAF used for
variants and also to changing the set of variants used for the analysis.

Taken together, the results presented in this section show that the observed enrichment
in enhancer and islet-enhancer variants is robust to many different parameter settings and

other factors that could affect enrichment results.

4.7.3 Robustness of functional class variance-explained results

This section explores the robustness of the variance explained, or heritability, estimates
underlying the enrichment results. Again, the effects of varying modeling parameters are
investigated then “pseudo-enhancer” and permutation results are assessed to gain further

insight into the enhancer and islet-enhancer signals observed.

4.7.3.1 Varying modeling parameters

Following on from the investigation of the robustness of enrichment results in Section 4.7.2.1,
I assess the impact of the same factors on the underlying variance explained or heritability

estimates:
¢ Varying the minimum MAF threshold;

¢ Changing the effect-size model;

Excluding variants in known T2D-associated loci;

Using only variants shared between the Integrated Panel and the Imputed-1000G

datasets;

¢ Using genotype dosages instead of hard genotype calls;

LD-pruning variants.

Here, I show results for the three-variance component hierarchical islet-enhancer model
using Integrated Panel data (Figure 4.19).

Broadly speaking, there are differences in heritability estimates (at the level of individ-
ual components and in the total from the model) when changing these parameter settings.
The overall pattern of the contributions from the different functional classes stays very
consistent. Across all modeling settings that we explore here, the highest contribution to
heritability always comes from the islet-enhancer component. For some of the modeling
parameters, differences are observed at lower minimum MAF thresholds (0.1% or 0.5%)

that diminish and even disappear for higher minimum MAF thresholds (1% or 5%). Given
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Figure 4.18: Enrichment results using imputed data when partitioning into three hierarchical islet-
enhancer classes. Results are shown here for a minimum MAF of 0.1% (a,c) and 5% (b,d), when using
either all imputed variants (a,b) or only variants shared between the Integrated Panel and Imputed-
1000G datasets. Percentage of genetic variance explained by each functional class in the 3-variance
component islet-enhancer hierarchical model assuming allele-frequency dependent effect sizes is
shown in the top panel for each plot. The bottom panel shows fold-enrichment for each functional
class. Variance components for the different functional classes are fit jointly. Both imputed datasets
use the same set of individuals, but the “Imputed-1000G” dataset consists of 1000 Genomes variants
imputed into those individuals and the “Imputed-GoT2D” uses GoT2D Integrated Panel variants
imputed into those individuals. Results shown here are when using all variants passing QC from
each dataset (both imputed datasets) or a subset of variants from the Imputed-1000G dataset that
also pass QC in the Integrated Panel dataset. Error bars show +1 standard errors (truncated at
Z€ero).

174



the uncertainty in the estimates obtained, very few observed differences could be claimed
to be significant.

In Section 4.7.2.1, I discussed the effects of the various factors listed above in detail.
Many of the observations made regarding effects on enrichment results hold for variance
explained results, so I will not discuss all of these factors again in great detail. Instead, I
will focus on some of the larger effects and simply note that, as for the enrichment results,
heritability or variance explained estimates differ little when excluding regions around

known T2D GWAS loci and using genotype dosages instead of hard genotype calls.
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Figure 4.19: Robustness of phenotypic variance explained results for the islet-enhancer partitioning. Per-
centage of phenotypic variance explained by each functional class in the 3-variance component
model islet-enhancer model under many different parameter settings, using variants with MAF
>0.1% (top left), MAF >0.5% (top right), MAF >1% (bottom left) and MAF >5% (bottom right).
Variance components for the different annotation classes are fit jointly. Error bars show £1 stan-
dard errors (truncated at zero). The total shows the sum of the contributions from each functional
class, with standard error computed using the delta method.

The minimum minor allele frequency threshold is the factor with the largest effect on
heritability estimates. The total percentage of phenotypic variance explained by the model
increases as the minimum minor allele frequency decreases from 5% to 0.1%, universally
across other parameter settings (Figure 4.19). In making these comparisons, it becomes
clear that the total variance explained by multiple-variance component models partitioning

by functional class can become very, almost implausibly, large. An AFD model with MAF
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>0.1% gives a liabilty-scale heritability estimate of over 90%, indicating issues with using
such models to obtain an estimate of the total heritability for a binary trait. In Section 4.7.4
I examine effects that could inflate the total heritability estimates from models partitioning
into multiple functional classes and discuss this issue in more detail.

Compared with the effects of changing the minimum MAF threshold, the differences
in VE estimates introduced by changing other parameters are subtle. There are some sub-
stantial differences in estimates from the AFD model compared with the CES model, with
differences generally more pronounced for lower minimum MAF thresholds (as we have
come to expect). LD-pruning variants yields many larger estimates for heritability, but
these are not significantly different from results from corresponding models different levels
of LD-pruning (including no LD-pruning). When the analysis is restricted to use the much
smaller set of variants that are shared between the Integrated Panel and the Imputed-1000G
datasets, the heritability estimates are lower (as to be expected when using fewer variants),
but the overall pattern for the partitioning results is concordant with that observed with
other parameter settings.

The heritability estimates, for each component and the total, vary in functional-class
partitioning models when changing modeling assumptions and parameters. This variabil-
ity means that making statements about “the” heritability of a trait is difficult, especially
from these types of partitioning models. However, the differences in raw variance ex-
plained estimates observed here do not greatly affect the relative contributions from dif-
ferent classes of variant, as demonstrated in the robustness of the enrichment and fold-

enrichment results discussed in Section 4.7.2.

4.7.3.2 Pseudo-enhancer results

Another approach to determining if the observed enrichment in enhancers reflects a real
effect is to check results obtained when fitting two classes in the model, one “pseudo-
enhancer” class and one “other” class. The pseudo-enhancer class consists of the same
number of variants as the true enhancer class, with very similar allele-frequency distri-
bution. The aim is to test whether any randomly chosen selection of the same number
of variants with similar characteristics could give heritability estimates as large as the
actual enhancer variants. No pseudo-enhancer estimates are observed to be as large as
the value obtained for the true enhancer variants across 150 pseudo-enhancer sets (Fig-
ure 4.20). There are also no estimates for the “other” class in the pseudo-enhancer models
that are as small as the estimate for other variants when the true enhancer variants define
the second component of the model.

Across many replications for four different MAF thresholds (only MAF 0.1% and 5%
shown) the distributions for the pseudo-enhancer estimates are very similar to those from

the other variants. Only for MAF greater than 0.1% is there a tendency for larger estimates
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Figure 4.20: Variance explained results for pseudoenhancer models using Integrated Panel data. Results
are shown for the allele-frequency dependent effect-size model for (a) MAF >0.1% and (b) MAF
>5%. Variance components for the “Pseudoenhancer” and “Other” classes are fit jointly. The box-
plots show results for 150 replications of fitting this two-variance component model with different
sets of pseudoenhancer variants. The blue triangles show the results obtained when the real en-
hancer variants were used (so are actually “Enhancer” rather than “Pseudoenhancer” variants, but
are included for ease of comparison).

from the other variants. The distributions for the totals from the pseudo-enhancer models
are very tight, indicating that there is some balancing between the pseudo-enhancer and
other estimates in a given model. That is, if the pseudo-enhancer estimate in a given model
is higher, then the estimate from the other class will be correspondingly lower such that the

total of the two components remains consistent across replications.

Two-VC True Median Total from

Single-VC Model Enhancer Model Pseudo-enhancer Models (IQR)
MAF > 0.1% 68.15 (19.25) 92.22 (19.44) 70.73 (69.45-72.43)
MAF > 0.5% 53.61 (15.44) 77.81 (15.58) 56.87 (56.18-57.31)
MAF > 1% 50.15 (14.02) 70.43 (14.14) 52.91 (52.31-53.32)
MAF > 5% 49.03 (11.46) 62.15 (11.54) 48.12 (47.79-48.41)

Table 4.6: Estimates of total liability-scale percentage of variance in risk for T2D explained (stan-
dard error in brackets) by single variance-components, two-variance component models with true
enhancers and other variance, compared with the median total from two-variance component
pseudo-enhancer models. The median is obtained from n = 150 replications and the interquar-
tile range (IQR) is shown in brackets. Estimates shown for the single-VC model were obtained
using the default model in which variant effect-sizes are allele-frequency dependent (AFD model).
Estimates were obtained for MAF thresholds of 0.1%, 0.5%, 1% and 5%.

The total variance explained in the pseudo-enhancer models is very similar to the
single-variance component results (Table 4.6). The median total percentage phenotypic
variance explained in the pseudo-enhancer models tends to be slightly larger than the esti-
mate from a single-VC model. This makes sense, as the same variants are used, they are just

(mostly) randomly assigned to two variance components in the pseudo-enhancer models
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instead of all being used in one variance component in the single-VC model. Partitioning
variants into two large sets without separating variants by functional class and estimating
a variance component for each set leads to, on average, roughly equal partitioning of the
phenotypic variance between these two components.

These results present a contrast with the results from the two-VC model with “real” en-
hancers and other variants, in which the VE estimates for the enhancer class and the total
are substantially higher. These pseudo-enhancer results suggest that partitioning of vari-
ants into classes that are more specific and relevant to the disease allows these models to
explain more of the variance in risk for T2D. Variability in the pseudo-enhancer estimates
is high, but for all replications the estimates are substantially lower that the estimates ob-
served for true enhancer variants. These results provide further support for the idea that
enhancer variants explain a large proportion of variance in susceptibility to T2D, and the

observed estimates are likely to represent a true effect.

4.7.3.3 Permutation results for variance explained results when partitioning by func-
tional class

To test empirically if the observed contribution from enhancers is likely occur by chance I
fit the eight-variance component hierarchical model and the three-variance component hi-
erarchical islet-enhancer model, but permute case-control status to obtain a set of estimates
under the null of genetic effects having no capacity to explain phenotypic variance. In Sec-
tion 4.7.2.3 I looked at enrichment results from these permutation analyses. This section
assesses the estimates of variance explained from the permutation analyses and compare
them against the results obtained with the true phenotypes. As above, I only present re-
sults for the allele-frequency dependent model, applying a minimum MAF threshold of
0.1% and permuting case-control status across all individuals in the Integrated Panel co-
hort. Permuting case-control status within country of origin instead of across all samples
yields qualitatively identical results (data not shown).

In 100 permutations of case-control status across all samples there were no estimates
of the percentage of phenotypic variance explained by enhancer or islet-enhancer vari-
ants close to the value obtained with the true case-control status (Figure 4.21). Similarly,
the total phenotypic variance explained with permutated phenotypes never reached the
value observed with true case-control status, in either model. However, even when per-
muting case-control status, the total phenotypic variance explained could be substantial,
with a median of approximately 15% and 75th percentile of 22% in the three-VC model
and median of approximately 22% and 75th percentile of roughly 29% in the 8-VC model.
Analyses described in Section 3.6.2 suggested that at this MAF threshold, the inflation ef-
fect of population structure is at least 2% (percentage points) and could be as high as 10%

if fitting a single-variance component model. The permutation results here are consistent
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Figure 4.21: Permutation results for variance explained when permuting phenotype across all samples
using Integrated Panel data. Results for the percentage of phenotypic variance explained (VE) by each
functional class in (a) an hierarchical 8-variance component model and (b) a 3-variance component
hierarchical islet-enhancer model. These results were obtained when permuting case-control status
across all individuals in the sample (boxplots; n = 100). Blue triangles show the results obtained
when the true case-control status is used.

with this, as the 75th percentile of variance explained estimates across functional classes is
3.4%, with median 2.1% in the 8VC model and 75th percentile of 7.1% and median 4.5% in
the 3-VC model, although individual estimates can be substantially larger.

Thus the per-component inflation in the 3-VC model is higher than in the 8-VC model,
but the total inflation is higher in the 8-VC model by virture of having many more compo-
nents. Taking the sum of estimates over eight or three functional classes (as appropriate)
can therefore lead to a substantial total, even if each individual estimate is inflated only a

little by structure, bias and other effects.

4.7.4 High estimates for total phenotypic variance explained

High total heritability estimates have been observed in models with multiple variance com-
ponents both when partitioning by allele frequency (recall Figure 4.22) and when parti-
tioning into multiple functional classes, especially if enhancer or islet-enhancer variants
are used in a distinct component (recall Figure 4.19). Here, I investigate the high totals
in greater depth and discuss possible causes for inflated totals for variance explained. I
examine increased totals when fitting more variance components in allele-frequency par-
titioning models, effects of changing prevalence values, effects of fitting highly-correlated

variance components, and inflation from population structure and other biases.

4.7.4.1 Higher totals when fitting more variance components

Across all of the analyses partitioning into multiple variance components (whether by al-

lele frequency or functional class), higher totals for variance explained are obtained than
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when fitting a single-variance component. One might ask to what extent the increase in
the total is due solely to fitting more variance components in the model. This can be inves-
tigated in the allele-frequency partitioning setting by comparing the total heritability esti-
mates, with both effect-size models and LD-pruning of variants, from single-component,

three-component and eight-component models (Figure 4.22).
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Figure 4.22: Comparing total phenotypic variance explained on the liability scale for different parameter
settings for models with different allele-frequency partitioning of variants using Integrated Panel data. Here
we can directly compare total variance explained Totals are the sum of all variance component
estimates for a given model. For the MAF > 0.5%, > 1% and > 5% results, the “8VC” model
actually has 7, 6 and 5 components respectively, as we drop variance components for lower MAF
ranges, raising the minimum MATF threshold. Error bars represent &1 standard error, truncated at
100%.

With a minimum MAF threshold of 0.1% there is a steady increase in total from the
1-VC to the 3-VC to the 8-VC model. There is a similar increase in total from the 1-VC
model to the 8-VC model as the minimum MAF threshold is increased to 0.5%, 1% and 5%.
(Note that for the minimum MAF of 0.5%, 1% and 5% results, the “8-VC” model actually
has 7, 6 and 5 components respectively, as variance components are dropped for lower
MAF ranges, raising the minimum MAF threshold.) The increase in totals as we use more
variance components appears across all LD-pruning approaches. As discussed previously,
substantially higher totals are obtained when applying LD-pruning, for reasons that are
not entirely clear.

Overall, the inflationary effect of fitting more variance components is relatively small,

accounting for an increase in total heritability estimates of 5-10%. This size of increase
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does not account for all of the increase in total seen in models partitioning into multiple

functional classes, but appears very likely to contribute to some of the inflation observed.

4.7.4.2 Effects of changing disease prevalence value

As previously discussed, it is desirable to convert variance-component estimates from the
observed scale to the more interpretable liability scale (see Section 3.3.8). One only needs
to apply a linear transformation to the observed-scale estimates, and the transformation
depends only on the proportion of cases in the sample and the proportion of cases in the
population (the prevalence). Results above showed that heritability results are generally
robust to changes in the subset of variants used. However, the assumed value for the preva-
lence of the disease has a large effect on the estimates of heritability on the liabilty scale, as
discussed in the case of single-variance component estimates in Section 4.7.4.2. This is ex-
pected to be the case in multiple-variance component models too, so in this section I show
the effects of changing the prevalence value from the default of 8% in the eight-variance
component hierarchical model. I present results for the allele-frequency dependent effect-

size model and minimum MAF thresholds of 0.1% and 5%.
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Figure 4.23: Robustness of phenotypic variance explained results to changing the prevalence value for
the eight-variance component hierarchical model using Integrated Panel data. Percentage of phenotypic
variance explained by each functional class in the eight-variance component hierarchical model
with many different prevalence values. Results are shown using the allele-frequency dependent
effect-size model and variants with (a) MAF >0.1% and (b) MAF >5%. Variance components for
the different annotation classes are fit jointly. Error bars show £1 standard errors (truncated at
zero). The total shows the sum of the contributions from each functional class, with standard error
computed using the delta method.

I investigated the effect on VE estimates of changing the assumed prevalence for T2D
(Figure 4.23). When partitioning the variance into eight variance components using the hi-
erarchical model with MAF greater than 5% and applying prevalence values ranging from

0.4% to 20%, the point estimate for the total percentage of phenotypic variance explained
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by the genetic effects ranges from approximately 30% for a prevalence of 0.4% to about 90%
for a prevalence of 20% (Figure 4.23b). Even a small change in the prevalence value can
lead to a substantial change in liability-scale estimates of variance explained. For example,
the default prevalence value of 8% gives a total variance explained estimate of approxi-
mately 68%, but if one uses a prevalence value of 4% the VE estimate reduces to roughly
55%. If one uses a prevalence value of 2%, then the VE estimate reduces further to 45%. If
the appropriate prevalence were actually 10% of that which has been taken as the default
(actually 0.8% instead of 8%), then the VE estimate would be 37%, only just over half the
estimate obtained with the default prevalence.

Conversely, if higher prevalence values are used, the liability-scale estimate of the VE
increases. If one uses an inappropriate prevalence value, then VE estimates can become
nonsensical. This effect is obvious when using variants with MAF greater than 0.1% (Fig-
ure 4.23a). An estimate of approximately 95% for the total %VE is obtained when using the
default prevalence of 8%. If the prevalence value is increased, to 12% or more, then the VE
estimates increase to over 100%. It is, of course, impossible for the VE or heritability to be
truly greater than 100%, so applying the wrong prevalence value could lead to problems
with inference. The effect of reducing the prevalence value is emphatic with a minimum
MATF threshold of 0.1% than MAF 5%. The absolute differences in the VE estimates when
using different prevalence values are larger when the underlying observed-scale estimates
from the REML fit are larger, which is the case when including more variants with lower
MAF.

Overall, the assumed value for the disease prevalence has a large effect on the interpre-
tation of the model results. Liability-scale estimates of VE depend strongly on the preva-
lence value assumed for the disease. Larger prevalence values lead to larger VE estimates,
and smaller prevalence values reduce VE estimates. Applying an inappropriate preva-
lence value can lead to nonsensical VE estimates or otherwise misleading inference. On
one hand, this strong effect of the prevalence value is known. Prevalence appears in the
equation for converting observed-scale heritability estimates to the liability scale in the
original paper by Lee et al. (2011), and is necessarily quoted for any liability-scale heri-
tability estimates for binary traits obtained using the LMM approach. On the other hand,
I am not aware of any discussion in the literature quantifying the effect on liability-scale
heritability estimates of varying the prevalence value, as shown here. In the analyses of
variance partitioning for the GoT2D data presented above I noted that there appeared to
be inflation in the VE estimates in the multiple-component models, and that the total VE
estimates from these models were implausibly high (for example, total %VE of 95% when
partitioning into eight annotation categories using variants with MAF greater than 0.1%).

One possible explanation for why the total VE for these models is so high is that the

prevalence value used is too high. Given that an opportunistic “extreme phenotype” sam-
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pling approach was taken to ascertain the GoT2D samples, it seems plausible that a preva-
lence of 4% or 2% (or even lower) could be more appropriate than the standard prevalence
value for T2D of 8%. If one were to adopt a lower prevalence value, then the total VE would
be substantially lower, and one would have less concern about the total VE or heritability
estimates being too high. If a lower prevalence value were used then all liability-scale her-
itability estimates would be reduced. Thus, relative differences in the totals between the
single-variance component models, allele-frequency partitioning models and functional-
class partitioning models would still exist. In this case, one would not be as concerned
about high total heritability estimates overall, but would still seek an explanation for why
functional-class partitioning models tend to yield higher total heritability estimates than

allele-frequency models with the same number of variance components.

4.7.4.3 Inflation from population structure and other biases

Population structure and permutation results have been discussed in greater detail pre-
viously, but I briefly recap results here and discuss their consequences in relation to the
consideration of high total heritability estimates observed from multiple-component vari-
ance partitioning models.

I previously noted upward bias in variance component estimates when looking at per-
mutation results (Sections 4.7.1.2 and 4.7.3.3). Null estimates, obtained when permuting
case-control status, are always non-zero with a median heritability estimate of 3-5%. The
total heritability estimates for permuted phenotypes from models with multiple variance
components, correspondingly, commonly fall in the range of 15-30%. The permutation
estimates are likely inflated by both upward bias in the raw REML variance component
estimates and population structure effects. It is problematic to relate the inflation observed
in permutation results directly to results obtained using the true phenotypes, because in-
flation at the boundary of the parameter space (namely zero, for variance component es-
timates) may well be different from inflation for estimates away from the boundary (and
heritability estimates for many components in many models are well away from the bound-
ary). Nevertheless, the most reasonable conclusion from the permutation results and es-
timates of population structure effects is that population structure and upwardly-biased
REML estimates are likely to contribute to inflation in total heritability estimates from vari-
ance partitioning models.

When fitting variance components constructed by partitioning variants by functional
class, several variance components are defined that use tens of thousands to millions of
variants across the full MAF spectrum. These variance components each contain very
many variants that are slightly informative for population structure, leading to the cu-

mulative effect that each variance component captures population structure effectively.

183



Thus, a possible reason for greater inflation of total heritability estimates in the functional-
class partitioning models is that there are several components in the model which are all
inflated by population structure effects. Compared with the allele-frequency partition-
ing, functional-class variance components tag population structure to a greater extent. If
functional-class partitioning is affected by population structure in this way, then it would
also lead to higher correlation between variance components, which as the next section
shows, appears related to higher total heritability estimates.

Assessing the overall inflationary effect of population structure over all modeling con-
texts is challenging, but it seems reasonable to assume that population structure effects

may inflate total heritability estimates in the partitioning models by 5-10%.

4.7.4.4 Effect of correlated variance components

Another posited explanation for inflated total heritability estimates in multiple-variance
component models is LD “leakage” between components. We might imagine that comput-
ing GRMs from sets of variants that tend to be correlated to a reasonable extent would lead
to correlated relatedness values in the GRMs. These GRMs are used to define the covari-
ance structure of the random effects in the LMM. It may be the case that fitting more highly
correlated variance components, in which LD or correlation between variants “leaks” be-
tween variance components, inflates heritability estimates (per component and in total)
from the LMM.

To test the effect of correlated variance components on total heritability estimates, I
compare total variance explained in a selection of representative examples of three-variance
component models with different levels of correlation between variance components. For
this comparison I use the allele-frequency dependent effect size model and minimum MAF
of 0.1%. I define correlation between components as the Pearson correlation between re-
latedness values from the GRMs that define the variance components. Correlations were
computed from a random sample of 10,000 off-diagonal relatedness values from the GRMs.

Fitting more highly correlated variance components relates to higher total variance ex-
plained by the model (Table 4.7). As a basis for comparison I start with the 3-VC MAF-bin
model without LD-pruning using Integrated Panel data. This model has a moderate de-
gree of correlation between variance components and yields an estimate for total variance
explained of 70.5%. Fitting this same model, but applying LD-pruning of variants with a
maximum R? threshold of 0.3, leads to the degree of correlation between components in-
creasing markedly, as does the total variance explained, to 79.4%. When one moves from
the 3-VC MAF-bin model to a 3-VC hierarchical islet-enhancer model (no LD-pruning)
even higher correlation between variance components and the highest total seen for any

three-variance component model (total heritability estimate of 92.5%) is observed.
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Correlation

Model Data between components Total VE
3VC MAF-bin model, no LD- Integrated Panel 0.63,0.56, 0.79 70.5%
pruning

3VC MAF-bin model, LD pruned Integrated Panel 0.78,0.71,0.90 79.4%
R?2<03

3VC islet-enhancer model, no LD- Integrated Panel 0.89, 0.86, 0.91 92.5%
pruning

3VC islet-enhancer model, LD Integrated Panel 0.57,0.72, 0.67 68.6%
pruned R? < 0.3

3VC islet-enhancer model, no LD- Imputed-1000G 0.54, 0.46, 0.59 73.5%
pruning

Table 4.7: Comparing total variance explained (VE) in 3-variance component models with different
levels of correlation between variance components. I defined correlation between components as
the Pearson correlation between relatedness values from the GRMs that define the variance compo-
nents. Correlations were computed from a random sample of 10,000 off-diagonal relatedness values
from the GRMs. Correlations are given in order to represent correlation between: first and second
components, first and third components, second and third component. For the MAF-bin model,

/7

variance components are “Rare”, “Low-frequency” and “Common”. For the islet-enhancer model,
variance components are “Islet-Enhancer”, “Other-Enhancer” and “Other”. Results presented here
were obtained using allele-frequency dependent effect sizes and used variants with MAF > 0.1%.

Next, to change the direction of these comparisons, I look at a 3-VC islet-enhancer
model with lower correlation between components by LD-pruning variants with maxi-
mum R? of 0.3. For this model there is slightly less correlation between components than
for the first model (3-VC MAF-bin) and also a lower total (68.6%). So even when fitting
the islet-enhancer partitioning model which initially yields a very high total, if the corre-
lation between variance components is reduced then there is a drop in the total variance
explained. Finally, I compare these results to results from the 3-VC islet-enhancer model
when using the Imputed-1000G datasets without LD-pruning. Here, there is slightly lower
correlation between components, and a total variance explained estimate of 73.5%, which
is comparable if slightly higher than the totals for the 3-VC MAF-bin model without LD-
pruning and the 3-VC islet-enhancer model with strong LD-pruning.

Overall, the relationship between increasing correlation between variance components
and increasing total variance explained by the model appears strong. This effect could go a
long way to explaining why such high total heritability estimates are observed from some
of the multiple-component partitioning models. One perhaps counter-intuitive result aris-
ing from this investigation is that there is higher correlation between variance components
for Integrated Panel data when LD-pruning is applied to variants. This increase in corre-
lation between variance components provides the best explanation so far for why higher

total heritability estimates are obtained when LD-pruning variants than when variants are
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not LD-pruned, even though variants are removed from the model that could potentially

tag genetic signal.

4.7.5 Results in sub-populations

The GoT2D cohort that I have been using in this study consists of individuals from five
distinct sub-populations: Botnia, Finland, Germany, Sweden and the UK. In the analyses
described above, I have controlled for population structure effects by fitting principal com-
ponents as fixed effects in the models (see Sections 3.4.4). In Section 3.6.2.1 I determined
that fitting more than 10 principal components in the model made no further difference to
single-variance component heritability estimates, and I attempted to calculate the remain-
ing effect of population structure in Section 3.6.2.2. Nevertheless, one might worry that
population structure has further effects on the enrichment results observed beyond what
could be accounted for with principal components or captured by computing inflation
from population struture. To test this idea, I fit the eight-variance component hierarchical
functional class model separately on individuals in the distinct sub-populations and look
for major discrepancies in the partitioning results.

I first split the GoT2D cohort roughly in half, looking at the German, Swedish and UK
individuals as a group (1,290 individuals) and the Finnish and Botnian individuals as a
group (1,264 individuals). This is a natural division of the cohort, as analysis of GRMs and
principal components cleanly separated Finnish and Botnian individuals from German,
Swedish and UK individuals (data not shown). I then conduct the same analysis separately
on the Finnish cohort (968 individuals), the UK cohort (643), the Swedish cohort (442), the
Botnian cohort (296) and the German cohort (205). For each sub-population I recompute
principal components using only the individuals in that sub-population and fit the first ten
population-specific principal components along with a Sex effect and (where appropriate)
a Batch effect as fixed effects in the LMM. It is expected that the uncertainty in the estimates
increases substantially as the sample size decreases, but one hopes to see similar patterns
in the partitioning of variance in the sub-populations as seen when studying the whole
GoT2D cohort combined.

4.7.5.1 Enrichment results

I investigate enrichment results for variants with MAF greater than 0.1% (Figure 4.24). As
the robustness results above suggested, the enrichment results are qualitatively the same
for different minimum MAF thresholds (data not shown). For the smaller cohorts, there is
less stability in the estimates as the minimum MAF changes, but high standard errors on

estimates mean that differences are not significant.
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The German, Swedish and UK individuals make up slightly more than one half of the
GoT2D sample after filtering (1,290 individuals with relatedness less than 0.05). The vari-
ance partitioning results for these individuals are very comparable to those obtained from
the whole sample combined (Figures 4.24). With this sample size, the standard errors of the
variance component errors are large so no significant enrichment results are obtained, but
there is very similar apportioning of the genetic variance across functional classes as seen
for the full GoT2D cohort. The enhancer class here explains around half of the total genetic
variance (more than 50% for variants with MAF greater than 5%, slightly less than 50%
for MAF greater than 0.1%). Such enrichment corresponds to approximately two-fold en-
richment. Greater than 20-fold enrichment is observed for the coding variants and strong
depletion for the “Other” class of variants.

There are 1,264 individuals (after filtering) in the Finnish and Botnian cohorts com-
bined, just under half of the whole GoT2D cohort. Just as for the German, Swedish and
UK samples, above, the variance partitioning results for these individuals are very com-
parable to those obtained from the whole sample combined (Figures 4.24). Again, there
are large standard errors and correspondingly high p-values (not shown) for enrichment.
Nevertheless, the enhancer variants still explain 50% of the total genetic variance, exhibit-
ing two-fold enrichment. Just as above, the coding variants show approximately 20-fold
enrichment and there is strong depletion in the “Other” class.

Variance component and enrichment estimates become very noisy for the individual-
country cohorts, and standard errors for enrichment results cover the whole parameter
space (0-100% of total genetic variance). Thus, the enrichment results for the Finnish,
UK, Swedish, Botnian and German cohorts are consistent with results in larger, combined
cohorts as there are no significant differences in results. Reassuringly, the patterns of en-
richment looks generally similar to those observed in larger samples and strong depletion
is consistently observed (not significant) in the “other” class along with high estimates for

fold-enrichment for coding variants.

4.7.5.2 Permutation results

Permutation results in sub-populations provide modest support for the idea that the ob-
served enrichment in the enhancer class is unlikely to have been observed by chance (Fig-
ure 4.25). In at most one out of 100 permutations is there an estimate for the enhancer
variants greater than that observed for the true phenotypes for the German, Swedish and
UK individuals combined, Finnish and Botnian individuals combined, or Finnish individ-
uals. In the smaller cohorts, as discussed above, estimates are less stable. This is reflected
in the permutation results, where for the UK, Swedish, Botnian and German individuals,

there are numerous permuted results producing an estimate larger than that obtained with
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Figure 4.25: Permutation results for sub-populations when partitioning into eight hierarchical func-
tional classes. Results for the percentage of the phenotypic variance obtained when permuting
case-control status across individuals within sub-populations. comparing results obtained in sub-
populations: “ALL” (all individuals), “GERSWEUK”, (German, Swedish and UK individuals),
“FINBOT” (Finnish and Botnian individuals), “FIN” (Finnish individuals), “UK” (UK individu-
als), “SWE” (Swedish individuals), “BOT” (Botnian individuals) and “GER” (German individuals).
The cohorts as written here appear in decreasing order of sample size. Results shown here are for
variants with MAF > 0.1%. Boxplots show results from n = 100 permutations. Coloured triangles
show the results obtained when the true case-control status is used.

the true phenotypes. Compared with the previous permutation results on the whole co-
hort, there is much higher variability in the permutation results across all functional classes
for the smaller cohorts, and the variability increases as the sample size decreases. Seeing
higher variability in the estimates from a smaller sample is, of course, what one would
expect.

Overall, patterns of enrichment are consistent as the GoT2D sample is broken down
into smaller sub-populations. It does not look like the enrichment results we observe in the
full sample are being driven by enrichment signals arising in just one or two of the distinct
country cohorts. The possiblities for interpretation of the results from smaller cohorts is
limited by high uncertainty in estimates, but we conclude that population structure effects

are not a major factor in the observed enrichment results.

4.7.5.3 Higher totals for smaller sample sizes

Throughout these variance partitioning analyses, particularly when partitioning by func-

tional class, we have seen high estimates for the total percentage of phenotypic variance
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explained by these models. In Section 4.7.4.1 I noted slightly higher total heritability es-
timates when more variance components are fitted in the model and in Section 4.7.4.2 1
demonstrated that changing the assumed prevalence value for the disease has a large ef-
fect on the variance component estimates and the total variance explained by the model.

In the sub-population permutation analyses above, another factor is observed that
seems to influence the total variance explained by model: sample size. In an eight-variance
component model partitioning by hierarchical functional class on our “full” cohort (2,554
individuals), the median total for the percentage of variance explained was approximately
20% (Figure 4.21a). The median totals were lower (approximately 15%) for models in which
fewer variance components were included (see Figure 4.21b). When the sample size is
halved when permuting phenotype (by taking either the 1,290 German, Swedish and UK
individuals as a group, or the 1,264 Finnish and Botnian individuals) then the median total
percentage of phenotypic variance explained by the model increases to 30-45%. When the
sample size is reduced further by looking at permutation results for the individual sub-
populations, the median total variance explained steadily increases, from approximately
30% for the Finnish cohort (964 individuals) to approximately 75% for the UK cohort (643
individuals), 45% for the Swedish cohort (442 individuals), 87% for the Botnian cohort
(296 individuals) and finally over 90% for the German cohort (205 individuals). Note that
the median total variances can vary considerably for different minimum MAF thresholds
(data not shown), but in a similar sort of range, and generally with higher totals for smaller
sample sizes.

Total estimates of phenotypic variance explained from LMMs are sensitive to sample
size. The individual variance components estimates become more variable as the sam-
ple size decreases and the overall phenotypic variance explained by the model appears
to increase (albeit with large variability in these totals). This means that, especially for
small sample sizes, models that should not actually explain the phenotypic variance (as
when phenotypes are permuted) can give sizeable totals for the phenotypic variance coex-
plained. Thus, it is possible that the high totals observed in the partitioning analysis on the
real data are influenced by this sample-size effect. In the context of association studies and
LMM analyses, 2,554 individuals is a relatively small sample.

In a paper proposing an alternative approach to REML for estimating heritability from
genotype data, Golan et al. (2014) argue with analyses simulating case-control status that
REML estimates are downwardly biased as the sample size increases. Here, the same effect
is apparent: higher estimates for smaller samples. Estimates of the total variance explained
by these models tends to increase as the sample size decreases and lower estimates for
total variance explained are obtained in imputed data sets with more samples (although

there are other reasons why one could see these results, sample variation being one). It is
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difficult to tease out the differences that are due to increased sample size from those due to
a different set of variants and samples used for the analysis.

The results from Golan et al. (2014) and the results here indicate that the LMM approach
when partitioning into multiple functional classes has weaknesses for estimating the abso-
lute value of the heritability. The particular models fitted here, partitioning variance into
many variant classes, do not give reliable estimates for the absolute heritability of T2D.
Happily, this is not the aim. The enrichment results, which are based on the relative con-
tributions to variance explained from different classes of variants, do not depend on the

absolute estimates of variance explained and are robust.

4.8 Discussion and conclusions

In this and the previous chapter I have presented many analyses investigating the genetic
architecture of type 2 diabetes by estimating and partitioning heritability using whole-
genome sequence data for a cohort of 2,554 individuals with and without T2D. I estimated
heritability using linear mixed model methods and used multiple variance components to
partition variance into multiple allele-frequency classes and multiple functional classes. To
the best of my knowledge, this is the first application of these variance-partitioning models
to whole-genome sequence data. I replicated key findings using imputed genotype data
from a larger UK cohort.

Using variants with minor allele frequency greater than 0.1% in the Integrated Panel
dataset I obtained a heritability estimate of 68% (s.e. 19%) with the most standard approach
currently used in the field. When I repeated this analysis in a second, larger cohort using
two sets of imputed variants I obtained heritability estimates of 69% (s.e. 10%; Imputed-
1000G data) and 74% (s.e. 10%; Imputed-GoT2D data). These estimates are higher than
previous esimates from chip genotype data that do not study rare variation (Gusev et al.,
2013), but comparable to family-based heritability estimates from T2D patients with age at
onset 35-60 years (Almgren et al., 2011).

Single-variance component heritability estimates confirmed that common variants ex-
plain a large proportion of variance in risk for T2D. However, single-variance component
results did not clarify the collective contribution that low-frequency and rare variants make
to T2D heritability. To probe further the contribution from low-frequency and rare variants
I analysed multiple variance component models partitioning variance into multiple allele-
frequency classes. This approach was suggested by Lee et al. (2013) as a better way to
obtain heritability estimates using dense genotype data, where there is extensive linkage
disequilibrium between assayed variants.

When partitioning variance into multiple allele-frequency classes, results confirmed

that common variants explain a large amount of variance in liability for T2D. The contri-
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bution from rare variants remains unclear, as point estimates were high, but so was the
uncertainty in the estimates. The contribution from low-frequency variants appeared neg-
ligible. I observed very similar results in the imputed datasets, and these estimates did
not depend greatly on assumptions about the effect-size model for variants. The smaller
standard errors on the imputed data estimates provided modest evidence that the collec-
tive contribution of rare variants to T2D heritability is indeed non-zero. Thus, the results
suggest a potentially important role for the collective contribution of rare variants to T2D
liability, but larger sample sizes with greater precision in the estimates will be required to
place meaningful bounds on the extent of the contribution to variance explained from rare
variants.

These results suggest a future approach to seeking a parsimonious model that remains
flexible enough to capture differences in the effects of variants across the allele-frequency
spectrum. It appears a four- or five-variance component model should perform well, with
variance components from rare (MAF 0.1-0.5%), low-frequency (MAF 0.5-5%) and MAF
5-10% variants, and then either one MAF 10-50% component or a MAF 10-30% and a
MAF 30-50% component. Such a MAF-partitioning model could provide the right trade-
off between fitting a small number of variance components and having sufficient flexibility
to characterise the aggregate contribution of variants across the allele-frequency spectrum
to variance in T2D risk. With more data, such a model could yield more definitive results.

Changing tack, from allele-frequency to function, I then analysed multiple-variance
component models partitioning variance into different functional classes. Results showed
that different functional classes explain substantially different proportions of the variance
in susceptibility to T2D. I observed significant three- to four-fold enrichment for variants in
enhancer regions identified from pancreatic islet cells and significant depletion for variants
that did not receive any functional annotation. These findings replicate in a second, larger
cohort using imputed data. In the Integrated Panel data, shared islet enhancers (variants in
enhancer regions identified in islet cells and at least one other cell type) showed significant
eight-fold enrichment, potentially further specifying the set of variants driving enhancer
enrichment results.

Permutation and empirical testing results confirm that the large estimates for the con-
tributions from enhancer, particularly islet-enhancer, variants are estimating real contri-
butions. Permutation results also show that the raw estimates of variance explained are
inflated, possibly due to population structure and upward bias in estimates. However,
high totals for variance explained from some models do not invalidate the enrichment re-
sults. As enrichment is computed relative to the total variance explained by the model,
enrichment results hold even if the totals are higher than they should be. Lower total esti-
mates from a larger sample using imputed data are consistent with observations about the

effect of sample size on estimates of total variance explained. The permutation and other
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robustness results suggest that partitioning by functional class would be a poor approach
to obtaining an estimate of the narrow-sense heritability, if that is the goal of an analysis.
However, the primary interest is in the relative contributions from different classes of vari-
ation and for this purpose the permutation results confirm that the observed enrichment
estimates for islet-enhancer variants and depletion for non-functional variants are unlikely
to occur by chance.

I conducted many parallel analyses partitioning into multiple functional classes to as-
sess the robustness of the results. I investigated the effects of varying assumptions about
effect-size distributions, setting different minimum allele-frequency thresholds, excluding
regions around known T2D GWAS loci, LD-pruning variants and using genotype dosages
instead of hard genotype calls. Enrichment results are highly concordant across these
different settings even though the underlying raw variance-explained estimates change.
Thus, I conclude that the islet-enhancer enrichment and non-functional depletion results
are robust to varying experimental assumptions and settings.

Throughout my analyses various technical effects were encountered from the LMM
methods used that can affect estimates of heritability. I observed that liability-scale her-
itability estimates (preferred because they are more interpretable and can be compared
across different datasets and traits) are strongly affected by the prevalence assumed for the
binary trait. Misspecifying the prevalence by even a small amount can lead to substantial
changes in inference on heritability. This is a general and important point for interpreting
any results from variance component analyses on binary traits. LD-pruning does not seem
to be a necessary or useful approach when estimating heritability from whole-genome se-
quence data, and it appears that high correlation between relatedness values (kinship ma-
trices) can inflate totals for variance explained by variance-partitioning models. As with
all association analyses in genetics, population structure must be carefully considered and
accounted for when estimating and partitioning heritability. Colocalisation of unobserved
functional annotations as recently described by Trynka et al. (2015) may be one confound-
ing factor not addressed in this analysis that could be worth exploring in detail in future
work.

In summary, these results show that variation in islet enhancers explains a large pro-
portion of variance in susceptibility to T2D, with significant enrichment for variants in
enhancer regions active in pancreatic islet cells, and significant depletion for variants with
no functional annotation. Future work could include applying two or three MAF classes
to some of the analyses partitioning into functional classes, for example having rare, low-
frequency and common components for each class among islet-enhancers, other-enhancers
and other variants. However, we would require a substantially larger sample to obtain es-
timates with sufficient precision to characterise definitively enrichment in T2D heritability

from islet-enhancer and other functional variants across the MAF spectrum. Conducting
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these or similar analyses on a larger dataset could potentially clarify the importance (or
otherwise) of other functional classes, some of which had fold-enrichment that was high
but non-significant in these analyses.

Overall, the variance partitioning methods used here appear to translate well from the
chip-genotype data context for which they were originally conceived, and have been suc-
cessfully used, to the whole-genome sequence data from the GoT2D study. The sorts of
analyses undertaken here should be useful for other complex traits as well. As larger co-
horts with whole-genome sequence data become available, we should be able to obtain
more precise estimates for enrichment, and will be able to compare MAF and functional
class partitioning results across traits. Enrichment of functional classes could be used to
inform priors for variant prioritisation in association studies. Developing such approaches
was beyond the scope of the work here, but represents a potentially useful application of
this type of analysis. Our variance partitioning analyses demonstrate a role for genomic
variation in pancreatic islet enhancer regions in explaining variance in risk for T2D. These
results also offer further tantalising, if not entirely conclusive, possibilities for the genetic
architecture of T2D. Further application of these approaches should contribute to advanc-
ing our understanding of the genetic architecture of type 2 diabetes and other complex

traits.
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Chapter 5

Introducing SCATER: Software tools
for the pre-processing, quality control
and visualisation of single-cell
RNA-sequencing data

5.1 Introduction and background

In the preceding chapters I have discussed the identification and annotation of genomic
variation and some of the relationships between genomic variation and human disease.
Studying variation in genomic DNA is powerful, especially when utilising knowledge of
genetics to guide analyses. A person’s germline genome, encoded in their DNA, is gener-
ally stable and largely consistent across individual cells and over time, although somatic
variation is implicated in ageing, neurodegeneration and, of course, cancer (Kennedy et al.,
2012). In addition, assaying genomic variation is becoming ever cheaper with SNP chips
and, increasingly, whole-exome and whole-genome sequencing. The combination of af-
fordable assays and the idea that a person’s genome need only be assayed once (and conve-
niently so from a blood or saliva sample) has driven population-scale genome sequencing
studies and the push to establish whole-genome and whole-exome sequencing as routine
aspects of clinical medicine.

To understand how and why certain genetic variants are associated with disease we
must go beyond changes to DNA sequence and explore function. Outside the disease con-
text, better understanding genomic function would greatly benefit basic science as well.
For example, it would aid research on cellular differentiation and developmental biology.
There are many critically important functional mechanisms that operate in the genome,
including gene and protein expression, epigenetic processes like DNA methylation and
histone modification, non-coding RNA and many more. Here the focus will be on the
transcriptome and, specifically, the measurement of cellular mRNA levels. Even though

large-scale investigations have been undertaken to characterise genomic function through
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epigenomic, transcriptomic and proteomic variation, until recently such studies have been
limited to interrogating variation between individuals (or cell lines) in bulk samples of cells
(for example ENCODE Project Consortium et al., 2012; Lonsdale et al., 2013; Lappalainen
et al., 2013; Maarten Altelaar et al., 2012). The next frontier for the study of genomic vari-
ation in human health and disease is to investigate intra-individual variation by applying
genome-scale assays at the level of individual cells.

In a sense, single-cell analysis is nothing new in biology. Since the identification of
the cell as the fundamental unit in biology, biologists have been studying the intricacies of
individual cells. A technological breakthrough, the invention of the microscope, allowed
Hooke and van Leeuwenhoek to identify cells (Gest, 2004), and the microscope has become
a fundamental instrument for cellular and molecular biology in the centuries since. The
close study of the behaviour of cells has underpinned major advances in molecular biol-
ogy and medical science. Further technological advancements are now driving changes in
the world of single-cell biology that could prove as transformative to the field as the micro-
scope. Astonishing technological breakthroughs in recent years in nucleic acid chemistries
and cell handling (for example, microfluidics) are enabling high-throughput genomic as-
says on individual cells. Today, we can perform whole-genome, whole-transcriptome,
epigenomic and proteomic studies on hundreds to thousands of individual cells, with mea-
surements becoming more precise at the same time as assays are scaled up to process tens
of thousands of cells, or more, in parallel.

Single-cell genomics enables the exploration of new data dimensions. For example,
bulk-tissue RNA sequencing (RNA-seq) experiments (Mortazavi et al., 2008; Marioni et al.,
2008) have been highly successful for investigating the transcriptome, but with single-cell
RNA-seq we can go further and begin to understand the bimodal, or even multimodal, dis-
tribution of gene expression levels across cells (Hebenstreit et al., 2011; Shalek et al., 2013).
With single-cell genomics we can begin to understand heterogeneity as never before (Fig-
ure 5.1A). Rare cell types can be interrogated, known and unknown cell sub-populations
uncovered, effects of the cell cycle studied, high-resolution data on catalytic processes ob-
tained, insights gained into the dynamics of developmental processes such as stem cell
differentiation and much more (Figure 5.1B). Within the last five years, single-cell “omics”
approaches have blossomed, enabling unbiased identification of cell “type”, broadly con-
ceived.

Most of the major bulk-tissue “omics” technologies now have their single-cell coun-
terpart. We can sequence DNA in individual cells, and this has already been used for
preimplantation genetic diagnosis (Van der Aa et al., 2013). Many epigenomic assays can
now be conducted at single-cell level, such as bisulfite sequencing to measure methyla-
tion (Guo et al., 2013; Smallwood et al., 2014; Farlik et al., 2015) and methods for sequenc-

ing regions of accessible chromatin (ATAC-seq; Cusanovich et al., 2015; Buenrostro et al.,
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Figure 5.1: Single-cell genomics: a tool for the post-GWAS era. Single-cell genomics can be used to study intra-
individual variability through inter-cellular heterogeneity. (A) Heterogeneous cell populations can be explored
at the resolution of individual cells with single-cell genomics assays. Single-cell RNA-seq, in particular, can
be used to interrogate inter-cellular transcriptomic heterogeneity in mixed cell populations. (B) Modelling
intra- and inter-individual heterogeneity requires four levels of information, the first being high-resolution
estimates of (1) genetic, (2) epigenetic and (3) structural variation both in germline and, where relevant, cancer
cells. This is complemented by integration with high-resolution estimates of functional variation, such as
the example gene-expression heatmaps in samples (4-6). Cells in sample 4 form two clusters, based on low-
level gene expression (shown as red and blue squares) and undetectable or no expression (shown as white
squares). The genes in sample 5 show different patterns of altered expression. While there is an increase in the
proportion of cells expressing gene 1 at a low level, gene 2 suggests a new sub-population of cells in which
it is highly expressed (shown as dark blue squares). Cells in sample 6 cluster into the same four groups as
the cells in sample 5. However, this is due to differential co-expression rather than altered expression level
or expression prevalence. Bulk sequencing would not be able to differentiate sample 4 from sample 6. The
grey square in sample 6 indicates a “dropout event” where a gene with substantial true expression in a cell
appears not to be expressed because the gene’s transcripts were “missed” for technical reasons. Spatiotemporal
information during treatment is required to understand the influence of genomic variation, intervention and
cell population dynamics on emergent behaviours such as differentiation processes or drug resistance. Cell
microenvironment (such as cells in colour in 7) is thought to play a major role in most cancers, as well as
in healthy tissues. Cell microenvironment is also thought to affect the plasticity of cell phenotype over time
to allow distant metastases (8) and processes of cell differentiation. Translating models of intra-individual
heterogeneous processes into models of heterogeneous individual response, as shown in (9) by the cartoons of
good and poor responders to treatment amongst a population of neutral or unaffected individuals, is a goal of
so-called “precision” and/or “stratified” medicine. Adapted from Figure 2 of Wills & Mead (2015).
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2015a,b). Single-cell Hi-C (Nagano et al., 2013) and single-cell ChIP-seq are also available,
although utility of the latter is currently limited by low sensitivity of antibody-based work
on single cells. Single-cell proteomics is also developing rapidly with technologies such
as inductively coupled plasma mass spectrometry (Miyashita et al., 2014), mass cytometry
(Bendall et al., 2011, 2014) and proteomic chips (Shi et al., 2012) enabling experiments on
thousands of individual cells. Multiple single-cell genomic assays can even be applied in
parallel to the same cell, such as with “G&T-seq” (Macaulay et al., 2015) and other methods
to sequence the genome and transcriptome of the same cell (Klein et al., 2002; Dey et al.,
2015; Li et al., 2015). Recently, Wilson et al. (2015) combined various single-cell functional
assays with single-cell gene expression data to design a method to sort haematopoietic
stem cells from other blood cells. Live cell imaging (Hoppe et al., 2014) will enable the
study of individual cell behaviour over time before the application of genomic assays to
those individual cells. Approaches that collect multiple data modalities from a single cell
look set to gain momentum as single-cell genomics technologies develop further.

Single-cell transcriptomics has progressed a long way already. Single-cell RNA se-
quencing (scRNA-seq), discussed in detail below, can disentangle cell progressions and
be used for marker discovery, from which cell-specific markers can be used to purify cell
populations. Studying transcriptomic heterogeneity in space and time is possible with
scRNA-seq, and spatial transcriptomics is developing quickly. Building on single-molecule
fluoresence in-situ hybridisation (FISH; Taniguchi et al., 2010), methods such as MERFISH
(multiplexed error-robust FISH; Chen et al., 2015b), FISSEQ (Lee et al., 2015), Tomo-seq
(Junker et al., 2014), Seurat (Satija et al., 2015) and others (Achim et al., 2015) are mak-
ing high-throughput spatial mapping possible, assaying expression levels of thousands of
genes in parallel (Crosetto et al., 2015).

With the marriage of single-cell biology and high-throughput genomic assays, we stand
on the threshold of the single-cell genomics era. Single-cell genomics enables the ex-
ploration of both genetic and non-genetic heterogeneity in individual cells (Spudich &
Koshland, 1976; Kern et al., 2005). Like the microscope centuries before it, the potential
for single-cell genomics is immense, and it could revolutionise whole-organism science
(Shapiro et al., 2013). Of the new single-cell genomics methods, scRNA-seq is arguably the
most mature and is the focus of the work described here. However, new analytical tools
are needed to take full advantage of this new data type. Pre-processing, quality control
and data normalisation are crucial to account for its novel characteristics and biases. Nu-
merous statistical methods and several software tools have been published for scRNA-seq
data (reviewed in detail below), but there is currently a gap in the scRNA-seq workflow
between raw read data and clean, tidy gene- or transcript-level expression data ready for
downstream analysis. In this chapter I present a new R software package, SCATER, which

provides tools for the pre-processing, quality control, normalisation and visualisation of
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single-cell RNA-seq data. Such fundamental tools are not necessarily sexy, but they are
vitally important to the successful application of single-cell RNA-sequencing to myriad

questions about inter-cellular, intra-individual transcriptomic variation.

5.1.1 Chapter outline

This chapter introduces a new R software package called SCATER: “single-cell analysis
tools for expression in R”. The chapter describes, demonstrates and discusses the function-
ality of SCATER and how it interacts with other tools for scRNA-seq analysis. Development
of scater was supervised by Quin Wills, who made many suggestions for functionality
to include. I made all decisions about software design and implementation, and wrote all
of the code, with the exception of two functions contributed by Kieran Campbell. I con-
ducted all of the analyses presented in the chapter, using data provided by collaborators as
described in Section 5.2.

The chapter comprises three main sections, which correspond to the major themes of

SCATER:
1. Data pre-processing and quality control (Section 5.3);
2. Data visualisation (Section 5.4);
3. Software and data integration (Section 5.5).

Describing an R package is not straightforward, so I demonstrate the use of SCATER on
real data before discussing further features and aspects of the package in greater detail.
Datasets used for the demonstration of SCATER are described in Section 5.2.

Section 5.3 walks through the use of the SCATER package for pre-processing, quality
control and normalisation in the context of real data analysis. This section acts like a “vi-
gnette” of the software, demonstrating the capabilities of SCATER with live code and out-
put. I introduce the tools used in SCATER for the quantification of transcript abundance
from raw RNA-seq reads. After expression quantities are obtained I discuss strategies for:
(1) accessing annotation information on genomic features; (2) computing quality-control
metrics in an (almost) automated way; (3) undertaking quality control of problematic and
lowly-expressed genes or features; (4) conducting quality control of cells; (4) applying sim-
ple normalisation methods and (5) identifying covariates that likely need to be accounted
for in further normalisation steps or downstream statistical modeling. Throughout, I will
demonstrate how SCATER’s plotting capabilities can be used to explore the dataset and
guide decisions on pre-processing and quality control.

Section 5.4 provides more detail on SCATER’s data visualisation capabilities. Specifi-

cally, I introduce cumulative expression plots as an approach to gaining an overview of
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expression across all cells in a dataset. Cumulative expression plots are superior to box-
plots for this purpose in the scRNA-seq context. I also discuss in greater detail the use of
reduced-dimension representations of cells to explore cell-type structure, including sub-
populations of cells. Further, I demonstrate the use of gene sets defined using a priori
knowledge with projection plots to investigate certain effects in the data, such as those due
to the cell cycle. At the end of the section, useful gene-wise expression plots and density
plots of expression values before and after normalisation are shown.

Section 5.5 discusses “software and data integration”, broadly conceived. Specifically,
I outline SCATER’s integration with other software, providing further details on the imple-
mentation of SCATER and how it builds on the R and Bioconductor ecosystems of statistical
and bioinformatic tools. The SCESet class and its advantages are described in detail. Var-
ious options for tools that can integrate with SCATER for data normalisation, differential
expression analysis, heterogeneous gene expression analyses, and cell and gene clustering
are suggested. I also provide in-depth discussion of rapid transcript quantification with
KALLISTO and SCATER, and the automated quality control output possible with SCATER.
The section ends with a discussion of integration of other data modalities with SCATER,
an important aspect of scRNA-seq analysis particularly and, looking ahead, single-cell ge-
nomics generally.

To set the scene for the SCATER package, the remainder of this section comprises two
main subsections. First, Section 5.1.2 introduces the opportunities and challenges of scRNA-
seq. I review existing technologies and experimental protocols, characteristics of scRNA-
seq data, approaches to normalisation and methods for exploring expression heterogeneity.
I then discuss the importance of quality control, particularly for scRNA-seq data, and make
the case for producing a new software package for this task. Second, Section 5.1.3 provides
an overview of the SCATER package, introducing its key features, summarising the SCATER
workflow and discussing general recommendations for pre-processing and quality control.

The chapter concludes with some general discussion and plans for future work on the

SCATER package.

5.1.2 Single-cell RNA-seq: data, methods, opportunities and challenges

5.1.2.1 Single-cell RNA-seq technologies and data generation

To sequence mRNA from individual cells, one must overcome two challenges not present

when sequencing from populations of cells in bulk RNA-seq:
1. Capturing single cells, and

2. Amplifying minute amounts of mRNA from a cell.
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These two steps form the basic strategy of any scRNA-seq experiment (Kolodziejczyk et al.,
2015). A single cell is captured and lysed, then reverse transcription is performed to select
for mRNA (with poly[T] priming) and to obtain complementary DNA (cDNA). The very
small amounts of cDNA are amplified by either polymerase chain reaction (PCR) or in vitro
transcription (IVT), and then used for sequencing library preparation. After sequencing,
expression levels of genomic features (typically transcripts or genes, or both) are quanti-
tied, and then analysis of the data can proceed (Figure 5.2B).

Manual and automatic methods are available for capturing single cells (Figure 5.2B).
Manual methods such as micromanipulation or micropipetting (Tang et al., 2009; Grind-
berg et al., 2013; Xue et al., 2013; Yan et al., 2013) or laser capture microdissection (Keays
et al., 2005; Frumkin et al., 2008) are time consuming and low throughput, but enable cells
to be derived directly from tissues and ensure that a single cell is captured at each isolation
attempt. Automatic methods for cell capture are much higher throughput. Fluorescence-
activated cell sorting (FACS), pysical capture microfluidic and reverse emulsion microflu-
idic (microdroplet) methods require cells to be dissociated and suspended in a buffer, a step
that can be challenging as enzymatic treatment may have an effect on cell viability and thus
a cell’s transcriptional profile (Kolodziejczyk et al., 2015). FACS enables very fast sorting
of hundreds of cells into microtitre plates and can be used to enrich for particular cells of
interest (Hayashi et al., 2010; Wilson et al., 2015). Using the Fluidigm C1 microfluidic robot
platform (Streets et al., 2014; Fluidigm Corporation, 2015), up to 96 cells can be analysed
per chip after capture with integrated fluidic circuits. Captured cells can be inspected un-
der a microscope and the nanolitre reaction volumes save on reagent costs (Shalek et al.,
2014; Trapnell et al., 2014; Treutlein et al., 2014). However, the method requires at least 1000
cells as input, only works for cells relatively homogeneous in size and can have low cap-
ture efficiency for sticky or non-spherical cells (Kolodziejczyk et al., 2015). Microdroplet-
based methods are the highest-throughput technology currently available with the ability
to capture thousands to tens of thousands of cells in a single experiment (Brouzes et al.,
2009; Mazutis et al., 2013; Fan et al., 2015; Macosko et al., 2015; Klein et al., 2015). Their
highly parallel nanolitre and picolitre reaction volumes further reduce costs for large-scale
scRNA-seq experiments.

After cells have been captured, clever chemistry is required to produce sequencing li-
braries from the very small amounts of mRNA present in individual cells. The first scRNA-
seq protocol was developed by Tang et al. in 2009 (see also Tang et al., 2010). The STRT-seq
protocol introduced the approach of sequencing the 5-prime end of mRNA transcripts and
increased throughput (Islam et al., 2011, 2012). In 2012, Smart-seq enabled full-length tran-
script pre-amplification (Ramskold et al., 2012), and CEL-seq developed multiplexed linear
amplification with IVT to avoid PCR bias (Hashimshony et al., 2012). The following year,

Smart-seq2 reduced cost and increased sensitivity for full-length transcriptome profiling
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(Picelli et al., 2013, 2014), and further protocols Quartz-seq (Sasagawa et al., 2013) and
DP-seq (Bhargava et al., 2013) appeared. The MARS-seq (Jaitin et al., 2014) and SCRB-seq
(Soumillon et al., 2014) protocols arrived in 2014. Further innovation was achieved in the
form of unique molecule identifiers (UMIs), which barcode individual mRNA molecules
within a cell during reverse transcription (Hug & Schuler, 2003; Fu et al., 2011; Shiroguchi
et al.,, 2012). Use of UMIs can improve the quantification of expression levels in single
cells by counting RNA molecules directly. The UMIs technique has been adapted for the
STRT-seq (Kivioja et al., 2012; Islam et al., 2014), CEL-seq (Griin et al., 2014) and MARS-seq
(Jaitin et al., 2014) methods. Recently, the new protocols Cyto-seq (Fan et al., 2015), SC3-
seq (Nakamura et al., 2015) and Drop-seq (Macosko et al., 2015) have increased through-
put for scRNA-seq experiments even further (Figure 5.2A). The sequencing libraries pro-
duced with any of these protocols are sequenced (usually with multiplexing) on any high-
throughput sequencing platform to produce raw read data for each cell.

Once raw read data, either single-end or paired-end reads, have been obtained, the
expression level of genomic features must be quantified. Essentially, the problem is to
identify from which genomic feature each read originated. The term “read” refers to both
single-end or paired-end reads, as a single single-end read or a pair of paired-end reads
each represents an mRNA fragment that was sequenced. Expression features can be any
genomic regions containing a sequence that can normally appear in an RNA-seq experi-
ment, so are typically transcripts, genes, transcript isoforms or exons. Approaches to ex-
pression quantification from raw reads are exactly the same for scRNA-seq as they are for
bulk RNA-seq. Here, I focus on using reference genomes/transcriptomes. De novo assem-
bly and analysis of RNA-seq data is possible, but I will not discuss de novo approaches
here as, to this point, the application of scRNA-seq has been limited to humans, cell lines
and model organisms.

Let us use the random variable Y; to denote the observed expression from a feature of
interest i. There are two general approaches to obtaining Y;, and two natural kinds of raw

expression values:

1. “align-and-count”: in this approach, sequenced reads are aligned against a reference
genome or transcriptome. There are many alignment tools available that align reads
in ways that account for transcript isoforms and (possibly novel) exon skipping in
transcripts (for example Trapnell et al., 2009; Dobin et al., 2013; Liao et al., 2013). A
set of genomic features of interest is defined (typically transcripts, genes or exons),
reads are assigned to features and a “count” of the number of reads assigned to each
feature is returned as the expression value, Y;. Assignment can either be done in
a “naive” way (simple counting, as with Anders et al., 2015; Liao et al., 2014) or a

“probabilistic” way in which E(Y;) is used, estimated using the EM algorithm with a
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method like EXPRESS (Roberts & Pachter, 2013), RSEM (Li & Dewey, 2011), SAILFISH
(Patro et al., 2014) or CUFFLINKS (Trapnell et al., 2010), among other tools. With the
align-and-count approach, the raw expression data are counts (or expected counts)

for each feature.

2. “transcript compatibility”: this approach builds on the idea of “lightweight align-
ment” introduced by Patro et al. (2014) with SAILFISH. Read alignment expends un-
necessary computational effort finding the precise location in a transcript from which
a read originates, which often is not possible to do unambiguously. Instead, the
“transcript compatibility” approach taken by very recent methods such as KALLISTO
(Bray et al., 2015) and SALMON (Patro et al., 2015) aims to determine the set of tran-
scripts with which each sequenced read is compatible. An expectation maximisation
approach is then used to obtain estimates of transcript expression levels. This ap-
proach does not requre traditional read alignment and can be done extremely quickly,
with apparently little or no decrease in accuracy of expression quantification (Bray
et al., 2015; Patro et al., 2015). The transcript compatibility approach naturally gives
transcripts-per-million (TPM) values as raw expression values, although expected

counts are typically also returned.

The raw expression values then form the basis of all downstream analyses. Until mid-
2015, almost all RNA-seq expression quantification was done with some version of the
align-and-count approach, but I predict that the sheer speed of the KALLISTO and SALMON
tools will lead to their rapid adoption. Removing the need for read alignments (although
lightweight or pseudo-alignments can be produced) alters standard RNA-seq read process-
ing pipelines. New workflows with these tools will be much faster and need significantly
fewer computational resources, but adjustment will be required for established quality

control procedures. I discuss the issues of quality control in detail below.

5.1.2.2 Characteristics and novelties of single-cell RNA-seq data

Single-cell RNA-seq data has characteristics that distinguish it from bulk-tissue RNA-seq
data. This fact has implications for the analysis of scRNA-seq data, as the well-developed
statistical methods for bulk RNA-seq will not necessarily be appropriate for scRNA-seq.
RNA-seq has become the dominant platform for so-called “bulk-tissue” gene expres-
sion studies. In bulk experiments, we combine RNA across a pool of thousands to millions
of cells. Pooling cells increases the amount of mRNA available and thus reduces the extent
of amplification of the cDNA reverse-transcribed from RNA that is required to generate
sufficient material for sequencing. One effect of pooling across cells, however, is that we

are only able to measure the “average” expression levels of genes. The information on the
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gene expression behaviour of individual cells is lost. Even so, studying the average ex-
pression of genes across cells is of much interest, a fact to which the near-ubiquitous use of
bulk-tissue RNA-seq attests. Single-cell RNA-seq offers a higher resolution look at expres-
sion heterogeneity, not limited to studying mean expression across cells (Figure 5.1B).
Three prominent characteristics of scRNA-seq data make it substantially different to

analyse compared with bulk RNA-seq data:
1. Zero-inflation;
2. Overdispersion;
3. Highly prone to certain biases.

Zero-inflation and overdispersion in scRNA-seq data are closely linked and arise for both
biological and technical reasons, also in connection to certain experimental biases. Depend-
ing on the units used for expression in scRNA-seq data (discussed below), the data used
for analysis may be treated either as count data, or something closer to log-normal. What-
ever units are used, scRNA-seq data are both “overdispersed”, that is, more variable than
allowed for by many standard statistical models, and “zero-inflated”, meaning that there
are more zero values (or values at a minimum threshold, if transformed) than accounted
for by standard models for count or log-normal data.

For example, a Poisson model would be a natural starting point when analysing count
data, but, as has been very clearly established for bulk RNA-seq data, there is much more
variability in RNA-seq data (especially when biological replicates are present) than can be
accounted for by the Poisson model. This observation drove the widespread adoption of
Negative Binomial models for count data in bulk RNA-seq analysis (Robinson & Smyth,
2007, 2008; Robinson et al., 2010; Anders & Huber, 2010; Hardcastle & Kelly, 2010; Mc-
Carthy et al.,, 2012; Anders et al., 2013, among others). Single-cell RNA-seq data is even
more overdispersed, due to the extra sources of technical and biological variability dis-
cussed below. The same sources of variability drive an excess of zero-values in the data.

As discussed above in relation to scRNA-seq experimental protocols, there are substan-
tial technical challenges when studying gene expression in individual cells. Consideration
of these challenges informs approaches to analysing RNA-seq data from single-cell studies.

Islam et al. (2014) identify the two main challenges in single-cell RNA-seq as:

1. The efficiency of cDNA synthesis, which sets the limits of detection, and

2. Amplification bias, which reduces quantitative accuracy.

With tiny amounts of RNA available in individual mammalian cells (~10 picograms),

currently-available protocols for scRNA-seq have limits of detection of between five and
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ten mRNA molecules (Islam et al., 2011; Ramskold et al., 2012; Hashimshony et al., 2012).
This corresponds to a capture efficiency of approximately 10%.

All current methods use amplification, either by PCR or by in vitro transcription, before
sequencing reverse-transcribed cDNA (Figure 5.2). Amplification biases, discussed above,
and their effects on obtained transcript abundance measurements vary depending on the
specific protocol used. Allelic dropout is also a key technical effect in scRNA-seq data.
Dropout refers to the false quantification of a gene or transcript as “unexpressed” due to
the corresponding transcript being “missed” during the reverse-transcription step (Stegle
et al., 2015). If a transcript is not reverse-transcribed then it cannot be detected during
sequencing. Furthermore, cell lysis does not always work perfectly, and it is also possible
to sequence “background RNA” from a chip or plate, which can be wrongly assigned to
individual cells. Inevitable variability introduced in library preparation and sequencing
adds further to the overall technical variability. Protocols for scRNA-seq are still relatively
new. As such, substantial variability and unexpected problems often arise even when they
are “correctly” applied.

There are three dominant sources of biological variation in scRNA-seq data: (1) het-
erogeneity arising from sub-populations, (2) heterogeneity arising from transcription kine-
matics and (3) heterogeneity arising from biological process like cell cycle (Kolodziejczyk
et al., 2015). If a sample of cells contains multiple sub-populations of cells (as, for example,
a sample of blood cells does), then substantially different transcriptomic profiles for the dif-
ferent cell types (large sets of genes with high expression in one sub-population and little
or no expression in other sub-populations) will lead to zero-inflation and overdispersion
in measured expression levels across the sample as a whole.

Transcription kinematics, reflecting dynamic transcript expression and its regulation,
also generates zero-inflation and overdispersion in scRNA-seq data. For example, “bursty”
expression is a feature of single-cell transcriptomic behaviour, thought to occur due to
promoters flipping between “on” and “off” states (Dar et al., 2012). Gene expression is
assayed with scRNA-seq as a “snapshot” at a specific point in time, so the stochastic nature
of gene expression in single-cells (Elowitz et al., 2002; Raj & van Oudenaarden, 2008, 2009)
can lead to measured expression values of zero (or near-zero) for a gene in a set of cells,
even if the gene is otherwise “highly expressed” in cells of that type.

Biological processes, often unrelated to the biological sources of variability of interest,
add further levels of heterogeneity between cells, and produce zero-inflation and overdis-
persion in expression measurements. For example, a cell’s RNA content and transcrip-
tional profile changes dramatically throughout the cell cycle, regardless of what else might
be happening inside or outside the cell. The cell cycle and other such processes can thus
have large effects on assayed expression values and will often need to be accounted for in

statistical analyses (see Buettner et al., 2015, for a detailed discussion).
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The richness of single-cell data allows us to ask, and possibly answer, questions of bi-
ological interest that were not possible with bulk-tissue RNA-seq data. However, the spe-
cific characteristics of scRNA-seq data need to be taken into account in statistical models

and analysis.

5.1.2.3 Normalisation of single-cell RNA-seq data

In almost all scRNA-seq experiments, many sources of unwanted variation should be ac-
counted for before proceeding with more sophisticated analyses (Bhargava et al., 2014).
Data normalisation is therefore necessary to make meaningful comparisons between cells
of different known and unknown types. Library size and composition will inevitably vary
between cells, and this needs to be taken into account. Often, correct choice of expres-
sion units for scRNA-seq data will suffice for library size differences and in some settings
size-factor normalisation can ameliorate apparent expression differences driven by differ-
ing library composition. Feature controls (such as spike-in gene controls) can help correct
technical artifacts appearing in scRNA-seq data, but there are known issues with their use.
Important experimental variables and latent factors (if used) can be regressed out, so that
normalised data have these effects removed. Standard quantile normalisation, as com-
monly performed for microarray analysis, for example, is not appropriate for scRNA-seq
data (discussed further below). However, single cell-specific quantile normalisation and

rank-based normalisation methods hold potential (Scialdone et al., 2015).

Appropriate units for single-cell RNA-seq expression data. There are several distinct
units for RNA-seq expression: raw counts, normalised counts, counts-per-million (CPM),
TPM, and fragments per kilobase per million mapped (FPKM). The units CPM, TPM, and
FPKM all seek to normalise the data (in a simple way) to account for differences in se-
quencing depth between libraries, an unavoidable feature of RNA-seq data generally.

For bulk RNA-seq data, TPM are the most appropriate units, although FPKM has been
widely used, and raw counts have been successfully used for differential expression testing
(Robinson & Smyth, 2007, 2008; Robinson et al., 2010; Anders & Huber, 2010; Hardcastle &
Kelly, 2010; McCarthy et al., 2012; Anders et al., 2013, among others). In packages for dif-
ferential expression using count data, CPM are often used for reporting (mean) expression
levels (introduced in Robinson et al., 2010). However, there are issues for certain types of
inference when using counts as the unit of expression that can be avoided by using TPM
instead (Trapnell et al., 2013).

The most appropriate units for scRNA-seq data depend on the experimental proto-
cols used. For example, TPM is most appropriate for protocols that sequence full-length
transcripts, although care may be required for highly biased protocols, such as those with

pronounced 3-prime bias (Ramskold et al., 2012). For other protocols, for example when
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using unique molecular identifiers (UMIs) (Kivioja et al., 2012; Islam et al., 2014; Griin et al.,
2014; Jaitin et al., 2014) or protocols that only sequence the 5-prime end of transcripts (Is-
lam et al., 2011), counts and CPM could be appropriate units, although TPM should still
be appropriate in most settings. The SCATER package endeavours to support the widest
range possible of single-cell RNA-seq data, so it enables computation of TPM, CPM and
FPKM values. The package is designed so that scRNA-seq data expressed in any of the

units discussed here can easily be stored, accessed and used with appropriate methods.

Sequencing depth and library composition. The RNA-seq expression units TPM, CPM,
and FPKM account for differences in sequencing depth between libraries. There are, how-
ever, further factors to consider in the normalisation of scRNA-seq data. In particular,
differences in library composition or “use of sequencing real estate” can create problems
for comparisons between cells, just as they can be problematic for between-sample com-
parisons in bulk RNA-seq. Such problems can be ameliorated in bulk RNA-seq analysis
by using “size-factor normalisation”. Size-factor normalisation refers to a suite of methods
that essentially compare libraries based on some robust metric and compute normalisation
factors by which expression quantities are multiplied or divided so that the expression
quantities are more comparable between libraries. The canonical example, described by
Robinson & Oshlack (2010), involves comparing bulk RNA-seq expression levels between
liver and kidney tissue. The total RNA output differs between samples from the two tis-
sues, as there is a prominent set of genes with high expression in liver, which skews appar-
ent differences in expression levels between kidney and liver for other genes. The different
methods for size-factor normalisation aim to account for differences between libraries due
to such effects.

There are three main methods for computing size-factors for RNA-seq normalisation:

e TMM: “trimmed mean of M-values” from Robinson & Oshlack (2010);
¢ RLE: “relative log expression” from Anders & Huber (2010);

¢ upperquartile: “upper quartile of expression values” from Bullard et al. (2010).

They generally produce similar size-factors, so results tend not to vary greatly depending
on which method is used (data not shown). I prefer to use the TMM method due to its
explicit expectation of, on average, no bias in fold changes between libraries.

For scRNA-seq data, normalisation should generally use feature controls, if they are
available (discussed in the next section). If feature controls are not available, then library
size and size-factor normalisation can be done using all genes (as is usually the case for
bulk RNA-seq) or, if desired, a set of housekeeping genes (Treutlein et al., 2014). The diffi-
culty with using housekeeping genes for normalisation is a problem that has dogged such

approaches since the era of microarrays, namely the challenge of defining a large enough,
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but specific, set of genes that should display constant expression across cells and condi-

tions. This is rarely achievable in practice.

Using extrinsic spike-in feature controls. A strongly recommended approach to aid qual-
ity control and normalisation for all scRNA-seq experiments is to use extrinsic “spike-in”
molecules as feature controls. Either a whole-transcriptome spike taken from a different
species from the cells of interest or a specially designed set of artificial spike-in moleclues is
added to each cell’s lysate (Stegle et al., 2015). The most widely used artificial spike-in mix
is that from the External RNA Control Consortium (ERCC; Jiang et al., 2011), which com-
prises a set of 92 synthetic spikes based on bacterial sequences. The spike-in mix should be
added in constant volumes to each cell extract. Some care needs to be taken, as variation
in cell size or cell cycle could lead to substantial differences in RNA content, in which case
cell extracts may need to be normalised themselves before spike-in molecules are added, or
the spike-in volume may need to be varied. An equal number of molecules of each spike-
in RNA species should be present in each single-cell library, a fact that can be exploited
to normalise gene expression levels and to estimate technical sources of variation (Stegle
etal., 2015).

With extrinsic spike-in controls, it is possible accurately to estimate relative differences
in the total RNA content between cells. The assumption of a constant amount of spike-in
material across cells makes it easy to compute the ratio of assayed transcript quantities for
the transcriptome of interest to assayed “transcript” quantitites for the spike-ins, allowing
differences in the amount of RNA between cells to be inferred (Stegle et al., 2015).

Extrinsic spike-ins are unequivocally useful for scRNA-seq experiments, but there are
some caveats regarding their use. The 92-spike ERCC set of spike-ins, the most common
set, are 500 to 2,000 nucleotides in length, which is shorter than the average human mRNA
(approximately 2,100 nucleotides including UTRs; Krebs et al., 2014). The issue is that
many scRNA-seq protocols have an inherent 5-prime-to-3-prime length bias, where the
3-prime bias is more pronounced for longer transcripts (Ramskold et al., 2012). Thus, a
conversion based on the shorter ERCC spike-ins may be problematic, and, additionally, the
ERCC spike-ins have comparatively short poly(A) tails and lack 5-prime caps, which may
cause different reverse transcription efficiency for ERCC spike-ins relative to endogenous
RNA molecules (Stegle et al., 2015).

With the many different scRNA-seq protocols available, with different characteristics
and biases, in addition to complications with using ERCC spike-ins, it is challenging to
devise a universally applicable normalisation strategy. For the time being, normalisation
strategies will need to be developed or adapted carefully for each experiment to properly
acount for variability in sequencing depth, cellular RNA content and further technical ef-

fects. Stegle et al. (2015) propose calculating two alternative size factors when spike-ins are
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available: one for the spike-ins and one for the endogenous mRNA molecules. The size
factor from spike-ins accounts for sequencing depth (as the spike-in molecules are present
at the same quantity in all cells). The size factors from the endogenous features, in contrast,
enable normalisation for relative differences in RNA content. The normalised spike-ins can
be used to estimate the degree of technical variability across the whole dynamic range of
expression, because they are adjusted for library size (Brennecke et al., 2013; Griin et al.,
2014). The ratio of the two normalisation factors could be used to estimate the total mRNA
content of each cell (Stegle et al., 2015).

Very recently, more sophisticated normalisation methods using spike-in controls have
been proposed using integrated Bayesian hierarchical models (BASiCS; Vallejos et al., 2015)
and a gamma regression model (GRM; Ding et al., 2015). Both are implemented in R, so
they could easily be incorporated into a SCATER workflow, as normalised expression data

can be manually added to and easily accessed from SCATER data objects.

Removing effects of known covariates. Sometimes in genomics it feels like with the ar-
rival every new technology all of the previous knowledge about the importance of exper-
imental design is lost or ignored. It took some years of bulk RNA-seq experiments before
experimental design for bulk RNA-seq studies was directly addressed (Auer & Doerge,
2010). Similarly, it seems that in the general excitement at the possibilities for scRNA-seq
discussion of experimental design has been largely neglected, except insofar as regards re-
quirements for the number of cells and depth of sequencing per cell (Stegle et al., 2015).
However, scRNA-seq studies, like any in genomics (or science broadly), require careful ex-
perimental design to avoid confounding and batch effects (Leek et al., 2010). Even assum-
ing a carefully designed experiment, there will be a large number of covariates (recorded
by the conscientious researcher) affecting measured expression levels.

With judicious exploratory data analysis as part of the pre-processing, quality control
and normalisation of scRNA-seq data, important known covariates can be identified. Once
identified they can be flagged for inclusion in downstream statistical models, or their ef-
fects regressed out of normalised expression values and the residuals used as expression
values for downstream analyses. The latter approach will be preferable in many cases, as
many of the most recent statistical methods for scRNA-seq data (discussed below) are not
able to handle arbitrarily complex experimental designs, in contrast to many bulk RNA-seq

methods, such as those introduced by McCarthy et al. (2012) in EDGER.

Removing effects of unknown latent factors. It is one thing to remove the effects of
known covariates on expression values, but another to identify and possibly remove ef-
fects of unknown factors. Latent variable approaches have proven useful in bulk RNA-

seq analysis for removing unwanted variation from expression data, with tools such as
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SVASEQ (Leek & Storey, 2007; Leek, 2014), RUV (Risso et al., 2014), PEER (Stegle et al.,
2012) and CELLCODE (Chikina et al., 2015) proving popular. Details differ between the
various methods, but all aim to learn a low-dimensional set of hidden factors from the
dataset that capture unwanted variation in the data. Latent variables can be estimated us-
ing a subset of features. Sometimes this is an explicit feature of the method, for example
RUYV, which uses control features to characterise and remove unwanted variation. In bulk
RNA-seq data, latent factors commonly identify batch or population effects, such as the
effect of sequencing time or location.

Given the many extra possible sources of variability in scRNA-seq data discussed above,
extending successful latent variable methods to scRNA-seq seems a sensible course of ac-
tion. Indeed it has been, with Buettner et al. (2015) demonstrating the utility of a single-cell
latent variable model (SCLVM) method for identifying hidden sub-populations of cells. In
principle, such a method can identify whatever latent variables are present in an scRNA-
seq dataset, but identification of latent variables can be guided by prior knowledge used to
define specific feature sets. In particular, sets of cell cycle genes can be used for latent factor
analysis, which greatly improves the ability of such methods for ascertaining the cell cycle
phase of assayed cells (Buettner et al., 2015; Scialdone et al., 2015). The identification of
cell cycle phase is relevant to most scRNA-seq studies (typically as a nuisance factor to be
conditioned out), so I expect such methods to prove popular and be developed further in
coming years. Just as with bulk RNA-seq data, latent variables identified from scRNA-seq

data can be regressed out or included in downstream modeling.

Non-parametric methods. The final class of normalisation methods to explore is the as-
yet under-explored area of non-parametric normalisation approaches. Quantile normalisa-
tion proved highly successful for microarray data, but standard microarray-style quantile
normalisation is not appropriate for scRNA-seq data. I applied the QUANTRO method
(Hicks & Irizarry, 2015) to the datasets analysed later in this chapter, which uses a data-
driven approach to determine whether or not multi-sample global quantile normalisation
is appropriate for a dataset, based on comparing expression distributions between sam-
ples. The QUANTRO results (not shown) strongly confirm the expectation that global ex-
pression distributions between individual cells are too variable to apply standard quantile
normalisation on scRNA-seq data, especially as large differences in expression distribu-
tions will often reflect true biology of interest. Nevertheless, non-parametric normalisa-
tion techniques do hold promise. Scialdone et al. (2015) used rank-based normalisation
as part of their best method for identifying the cell cycle phase of cells. Work in Oxford
also suggests that rank-based and quantile normalisation methods adapted specifically for

single-cell data could prove effective (Quin Wills, personal communication). Although far

211



from mature at this point, non-parametric normalisation methods warrant further, serious

attention.

5.1.2.4 Methods for exploring expression heterogeneity

Characterising heterogeneity between single cells is of substantial scientific interest in many
areas of biology and medicine (see Saadatpour et al., 2014, for example). This applies to
finding genes (transcripts) with high variability and/or differential variability between
groups of cells. It also applies to the identification of novel cell types and sub-populations
in samples of cells (see Zeisel et al., 2015, for one recent example among many). With
suitably normalised expression data, there are many methods available for exploring ex-
pression heterogeneity. These methods include both approaches developed for the analysis
of bulk RNA-seq data that may be applied to scRNA-seq data and approaches specifically
designed for single-cell data.

Methods fall into two broad categories, either studying known heterogeneity in de-
signed experiments (e.g. differential expression) or discovering unknown heterogeneity
(e.g. clustering, uncovering heterogeneous expression). Methods can also be categorised
as either cell-centric (focusing on making inference about cells) or gene-centric (for infer-
ence on genes or features).

Naturally, given the new avenues opened for exploration by scRNA-seq data, cell-
centric methods have prodominated in the single-cell milieu thus far. Cell-centric methods

can be used for:

¢ Identifying known and novel cell types;
¢ Cell clustering;

¢ Tracing differentiation or cell progression along some sort of pathway;

among many other possible applications. To enable these goals, substantial effort has al-
ready been placed in developing appropriate visualisation techniques for scRNA-seq data.

Principal components analysis (PCA) is a standard element of the statistician’s toolkit,
which produces a set of orthogonal components consisting of linear combinations of a set
of variables with maximum variance subject to the orthogonality constraint (Pearson, 1901;
Hotelling, 1933). PCA can be useful for visualising scRNA-seq data, but as a linear method
is unlikely to be optimal for exploring the often highly non-linear relationships within
scRNA-seq data. Alternatives such as probabilistic PCA (Buettner et al., 2014), multireso-
lution correlation analysis (MCA; Feigelman et al., 2014), diffusion maps (Haghverdi et al.,
2015) and t-distributed stochastic neighbour embedding (t-SNE) from Van der Maaten &
Hinton (2008) have been used for better visualisation of cell-type structure from scRNA-seq
data, with t-SNE proving particularly popular (Amir et al., 2013; Bendall et al., 2014; Ma-

cosko et al., 2015). Closely related and often overlapping with visualisation techniques are
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methods for clustering single cells from their expression data, such as SNN-Cliq, a shared
nearest-neighbour approach (Xu & Su, 2015). Latent variable models, such as SCLVM
(Buettner et al., 2015) and others discussed above in the context of normalisation, can also
be useful for exploring cell population structure.

One of the largest areas of interest for RNA-seq is exploring expression relationships in
cells through their progression along some sort of development or differentiation pathway.
The MONOCLE package (Trapnell et al., 2014) is one of the most popular for this purpose,
using dimension reduction and minimum spanning trees to produce a “pseudo-temporal
ordering” of cells. The SINCELL package provides metrics to evaluate cell-to-cell similari-
ties and a graph-building algorithm to assess cell-state hierarchies (Julia et al., 2015). The
SEURAT package (Satija et al., 2015) is primarily for spatial reconstruction of single-cell gene
expression data, but includes visualisation methods applying t-SNE and can identify rare
cell populations and cell sub-types (Macosko et al., 2015). Taking a slightly different tack,
Efroni et al. (2015) attempt to identify cell types using a method for the quantification of
cell identity that compares single-cell expression profiles to repositories of cell type-specific
transcriptomes. Chen et al. (2015a) combine cell lineage trees with scRNA-seq data to un-
cover regulatory circuits driving cell fate decisions. The methods developed by Bendall
et al. (2014) for uncovering progression trajectories in human B cells using mass cytometry
should also be applicable to scRNA-seq data.

Gene-centric analyses seek to identify features with particular characteristics, typically
those that differ in some way between cell groups of interest. An obvious application
in the single-cell setting is to find differentially genes to use as biomarkers to help with
the identification of cell types in a sample. The “classical” differential expression problem
from bulk RNA-seq, finding genes that differ in average expression level across conditions,
is also of interest in the single-cell world. In addition, scRNA-seq data can be used to find
genes that are statistically more or less variable in a group of cells and to find differentially
variable genes between conditions.

7”7

As in bulk RNA-seq studies, “known heterogeneity”” can be studied using scRNA-seq
data, for example differential gene expression between groups of cells defined in the exper-
imental design. In principle, count-based methods for differential expression (DE) testing,
such as EDGER’s exact test (Robinson & Smyth, 2007, 2008) and EDGER’s likelihood ratio
test (McCarthy et al., 2012), and approaches derived from these, such as EDGERUN (Dimont
et al., 2015), DESEQ (Anders & Huber, 2010), and DESEQ2 (Love et al., 2014)), handle ze-
roes in the data. However, with zero-inflated data, these models can only account for large
numbers of zeroes by estimating a large value for the dispersion parameter (variance). The
effect of this is that statistical significance is reduced, possibly unnecessarily. The quasi-
likelihood F-test in EDGER (Lund et al., 2012), should be the best of the bulk-tissue meth-

ods (Gordon Smyth, personal communication) because the variance function can account
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for “bursty” expression characteristic of scRNA-seq through the quasi-likelihood variance
function. I found the QLF-test to be very conservative in comparison to methods like MON-
OCLE and SINGLECELLASSAY (those DE methods discussed below; data not shown). Fur-
ther investigation would be required to determine if this conservatism is an appropriate
response to highly variable data, or if this approach is poorly powered compared with
other methods.

DE methods based on transformed data have also been proposed for bulk RNA-seq
data, the most successful of which is VOOM (Law et al., 2014) in the LIMMA package (Ritchie
et al., 2015). Unfortunately, VOOM does not work well, because the observation-weighting
approach developed for bulk RNA-seq does not work for scRNA-seq data exhibiting high
levels of zero-inflation (data not shown). CELLCODE (Chikina et al., 2015) implements
a latent variable model explicitly for DE analysis with heterogeneous cell mixtures. The
description of the method suggests that it could be useful for scRNA-seq analyses, but it
was designed for bulk transcriptomic data and it is not yet established how well it will
perform with scRNA-seq data.

Methods designed with scRNA-seq data in mind account for the particular character-
istics of scRNA-seq data in various ways. Most focus, sensibly enough, on accounting for
zero-inflation, but typically not on other issues like biases in the data. Such unwanted
sources of variability are implicitly assumed to have been dealt with in pre-processing,
quality control and normalisation of the data, before these methods are applied. The MON-
OCLE package (Trapnell et al., 2014) uses a thresholded “Tobit” model (Tobin, 1958) for
differential expression testing. SINGLECELLASSAY (Finak et al., 2014; McDavid et al., 2014)
explicitly models the bimodality of gene expression and can test for differential expres-
sion frequency (“binary”), for differential mean expression (“continuous”) or a combined
version (“hurdle”). This style of hurdle model was proposed earlier for single-cell quan-
titative PCR data by Wills et al. (2013). SEURAT provides a likelihood ratio test for zero-
inflated data as its default DE method, but also includes methods for a receiver operating
characteristic test, a t-test and a likelihood ratio test based on Tobit-censoring models.

The SCDE package (Kharchenko et al., 2014) takes a more complicated approach us-
ing hierarchical Bayesian models that aim to characterise individual-cell noise models that
can account for allelic dropout and incorporate them into a DE testing framework. With
explicit modelling of error models and many characteristics of scRNA-seq data, SCDE pro-
vides an intuitively pleasing model. However, I found that the software implementation
occasionally returned internally inconsistent results (significance levels for a gene differing
depending on whether it was tested individually or with all other genes), and the method
appeared to perform poorly when very heterogeneous libraries were present in the sample
of cells (data not shown). Careful quality control should limit the impact of the latter issue,

while the former, one presumes, simply reflects a bug in the software implementation.
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Several of the clustering/sub-type methods described above aim to identify DE genes
between cell groups inferred from the dataset, but so far these have not been done with
particularly sophisticated significance-testing frameworks. Correct assessment of statisti-
cal significance can be challenging in settings where differential expression testing is car-
ried out between groups learned from the dataset as if it were a designed experiment. In
particular, the false discovery rate may not be correctly controlled. To this point, this issue
seems not to have been discussed in the scRNA-seq literature.

There is insufficient space in this chapter to discuss all of these methods in detail, but
to provide an impression of how some of the challenges of DE are tackled I briefly discuss
the models from MONOCLE and SINGLECELLASSAY. In MONOCLE a Tobit model (Tobin,
1958) is used to model each gene’s expression levels across cells. Under this model, each
gene’s observable (log-transformed) expression level, Y, depends on an underlying latent
variable Y*:

Y:{Y ifY > A (5.1)

A ify* <A
where A is a detection threshold. The latent variable Y* may depend on covariates x;,
such as experimental group, day cells were collected, processing batch and so on. The
parameter A is a user-specified value, taken to be FPKM = 0.1 by default in MONOCLE.
Of course, one could allow Y = 0 for genes not expressed, but the censoring approach
allows for “background” expression to be taken into account. If there is a threshold below
which expression values are very noisy and not regarded as reliable, then the Tobit model
allows these values to be censored at the threshold value. If conducting an analysis using

pseudo-temporal ordering, MONOCLE uses a generalized additive model (GAM):
E(Y) = s(¥:(by,si)) + €, (5.2)

where ¥;(by, s;) denotes the assigned pseudotime of a cell and s is a cubic smoothing func-
tion with (by default) three effective degrees of freedom (Trapnell et al., 2014). If testing
for differential expression between cells in different experimental groups, then the GAM
simply uses the categorical labels as predictor variables, with no smoothing. In both cases,
testing for differential expression is performed with an approximate chi-square likelihood
ratio test.

Bimodality of gene expression is an established feature of single-cell gene expression
data (Hebenstreit et al., 2011; McDavid et al., 2013; Shalek et al., 2013). Both technical effects
and true biology are likely to drive bimodal expression. Despite its utility, the MONOCLE
approach avoids the bimodality of single-cell expression data (through censoring) rather
than modeling it explicitly. Wills et al. (2013) introduced the use of the hurdle model for
single-cell quantitative PCR, and in SINGLECELLASSAY McDavid et al. (2014) adopt this

semi-continuous modeling framework that explicitly accounts for expression bimodality.

215



Their hurdle model (Cragg, 1971; Jones, 1989) uses a probabilitistic mixture-model-based
approach to separate positive expression values from background noise with gene-specific
thresholds. Then, their framework models separately the frequency of expression and the
continuous, positive expression values. Using the general linear model, they are able to
test arbitrary contrasts and, if desired, estimate variance components or allow for random
effects with mixed models.

Non-parametric methods for differential expression hold promise for scRNA-seq. As
discussed above, Scialdone et al. (2015) reported that pre-processing scRNA-seq data using
rank-based normalisation improved the robust capture of transcriptional cell-cycle signa-
tures. Given the levels of inherent technical noise in currently-available scRNA-seq pro-
tocols, non-parametric, rank-based methods may prove to be appropriate for many more
types of analysis in scRNA-seq data. The scRNA-seq analysis methods described so far
are all parametric and have been designed to handle characteristic features of single-cell
RNA-seq data. However, their current utility may be limited by the degree of variability
in present scRNA-seq datasets.

Although not the focus of this chapter, I have conducted some investigations into the
use of non-parametric methods for single-cell DE analysis. In particular, I explored an ap-
proach called “rank product”, which was originally proposed for DE analysis for microar-
ray data (Breitling et al., 2004; Breitling & Herzyk, 2005; Hong et al., 2006). Adapted to the
scRNA-seq context, the rank product approach assumes appropriately normalised expres-
sion values Yg; for gene g in cell i. We assume that cells in two experimental conditions are
to be compared, and define the set .4 to contain the cells under the first condition and set
B to contain the cells under the second condition. Fold-change is computed for all pairs
of cells under the two conditions, that is, all pairs i, j such thati € A and j € B. For each
pair 7, j we thus obtain a fold-change value FCgy;; for each gene g, where FCg;; = Y,;/Y,; if
expression values are on the natural scale, and FCgq;; = Y¢; — Yy; if expression values have
been log2-transformed.

For each pair of cells, a fold-change rank r;; is computed across all genes as rg;; =
rank(FCg;;). The rank product for gene g is then simply the product of the ranks across all
pairs, thatis, RPy = [T;jc 4 [ Ijep 7gij- The rank-product statistics are then used to rank genes
in terms of differential expression. As written, these fold-change values treat higher ex-
pression in condition A to be “up-regulation”. To compute rank-products treating higher
expression in condition B as up-regulation, i and j simply need to be switched in the com-
putation of the fold changes FC,;;.

The attractive features of rank-product approaches are that they are simply understood,
preserve the correlation structure of genes in the dataset, are robust to departures from ex-

pected (parametric) expression distributions and perform well (on microarray data) when
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samples are inhomogeneous. However, apart from the limitation of only being able to com-
pare two conditions at a time, there are two major challenges for applying rank-product to
scRNA-seq data:

1. Rank-product assumes equal relative measurement variance for all genes, and

2. Assigning significance to rank-product statistics is problematic for large sample sizes.

The first challenge can be tackled with judicious variance-stabilising data normalisation.
The second challenge is more difficult to resolve even with methods available for calcu-
lating exact P-values (Eisinga et al., 2013) and a fast algorithm for approximate P-values
(Heskes et al., 2014). The crux of the problem is that raw rank-products become extremely
large in the setting of thousands of genes and hundreds of cells, and the established meth-
ods for assigning significance to rank-product statistics either require the raw rank-product
statistics (for computing exact or approximate P-values) or time-consuming permutation
methods. Rank-product methods were developed in the context of small, designed mi-
croarray experiments or gene expression meta-analyses, but scRNA-seq experiments have
sample sizes (i.e. number of cells) at least an order of magnitude larger.

In my experience, rank products provide good ordering of genes for differential ex-
pression (data not shown), but alternatives to direct computation of exact or approximate
P-values for rank-product statistics are required. One alternative is FCROS, which uses
“fold-change rank ordering statistics” (which rank genes very similarly to rank products)
and an approximate normal distribution to determine significance of the FCROS values
(Dembélé & Kastner, 2014). Treating pairwise fold-change rankings as empirical P-values
and applying methods for combining correlated P-values could be an effective approach
similar to rank-products for which assigning significance would be feasible even in very
large samples. This approach would require further work to develop. The SCATER package
includes a fast implementation of the original rank-product approach, but conducts rank-
product computations on the log scale to avoid numeric overflow that arises if using raw
rank-products even on “small” scRNA-seq datasets. Though further work is required to as-
sign significance for DE genes in a dataset, rank-product can be used effectively for “meta-
analysis”, combining results from different datasets or methods. The aggregateResults
function in SCATER enables such meta-analyses, with exact and approximate rank-product
P-values, which can be used to aggregate results to find a consensus set of DE genes based
on DE rankings across different datasets or from a set of different DE methods.

Discovering genes with differential mean expression levels is often of interest, but the
higher resolution of scRNA-seq data compared with bulk RNA-seq data means that new
questions can be asked. One novel possibility of scRNA-seq data is the identification of

differentially variable genes. Exploring heterogeneity of expression variability remains a
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nascent area of scRNA-seq analysis. Brennecke et al. (2013) made an important contribu-
tion with an approach to distinguish biological variability from the high levels of tech-
nical variability in scRNA-seq data. Their approach quantifies the statistical significance
of observed cell-to-cell variability in expression on a feature-by-feature basis, based on
characterising the relationship between the squared coefficient of variation and average
expression for spike-in features, and defining a chi-square test statistic for high expression
variability for each gene.

Following the Brennecke et al. (2013) paper, Kumar et al. (2014) used a permutation
approach to find genes with significantly high or low coefficiant of variation. Dueck et al.
(2015) use an F-statistic as a measure of variation across single-cell samples, scaling ob-
served variation by variation measured in spike-in control features at matched expression
levels. Through its hierarchical Bayesian model, the BASICS method (Vallejos et al., 2015)
quantifies technical variabiliity using spike-in features and decomposees the total variabil-
ity of expression counts into technical and biological components. BASICS also includes a
method to identify highly or lowly variable features.

One might also be interested in how feature variability is affected under different condi-
tions in a designed experiment. Phipson & Oshlack (2014) introduced the DIFFVAR method
for testing for differentially variable features in data from bulk transcriptomic and epige-
nomic assays. DIFFVAR is based on a robust extension of Levene’s test (Levene, 1961)
and uses the empirical Bayes linear model and testing framework from LIMMA (Ritchie
et al., 2015), proven to be efective in genomic contexts. Further work is required to deter-
mine how well this approach works for scRNA-seq data, but at the very least it suggests
a direction worth pursuing for identifying differentially variable genes between designed
conditions.

The summary of scRNA-seq methods provided here shows that a substantial amount
of work has already been done to improve the analysis of scRNA-seq data. The bulk of the
effort has been spent, quite reasonably, on cell-centric methods. There is still large scope
for improvement in methods to detect differentially expressed genes and, particularly, dif-
ferentially variable genes. The best bulk RNA-seq methods for DE analysis model mean-
variance relationships carefully and share information across genes, but they do not take
into account the specific characteristics of scRNA-seq data. Newer methods developed for
scRNA-seq data account for the characteristics of scRNA-seq data in various ways, but,
with the possible exception of SCDE, do not model gene-specific mean-variance relation-
ships or share information across genes as effectively as the best bulk-tissue methods. Fur-
ther necessary avenues of development appear to be combining approaches from the best
bulk-tissue methods with scRNA-seq methods. Non-parametric approaches look promis-
ing. On this point, it may be worth putting more effort into an appropriate framework

for determining the significance of rank-product statistics in the scRNA-seq context. Deep
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investigation is beyond the scope of this chapter, but more research is required to resolve

how best to perform differential expression analyses for scRNA-seq data.

5.1.2.5 The importance of quality control and dedicated software tools

This overview of the data characteristics, experimental protocols and analysis methods for
scRNA-seq demonstrates how complicated the data can be and how many known and un-
known factors can affect assayed expression values. Everything discussed establishes the
crucial importance of proper pre-processing, quality control and normalisation of scRNA-
seq data ahead of downstream statistical modeling and inference on scientific questions of
interest. Exploratory data analysis is necessary for quality control, so versatile visualisation
methods are needed in the preparation of scRNA-seq datasets for further analysis. All of
this was true for single-cell quantitative PCR data (McDavid et al., 2013), and remains true
for the newer, higher-throughput scRNA-seq platform. There are many analytical meth-
ods already available for scRNA-seq data to visualise cells in reduced-dimension spaces
and to explore both gene-centric and cell-centric heterogeneity in a dataset. To this point,
two normalisation methods designed for scRNA-seq data, BASICS and GRM, have been
proposed. However, all existing methods presuppose a clean, tidy matrix of expression
values. Clean, tidy data do not come directly off the sequencer.

There is currently a large, and important, gap in the scRNA-seq workflow between
raw, sequenced reads and clean, tidy expression data ready for statistical analysis. Expe-
rience analysing scRNA-seq thus far has convinced me that this gap would be best filled
by a self-contained set of dedicated software tools for the pre-processing, quality control
(QC), normalisation and visualisation of single-cell RN A-seq data. For successful analysis
of scRNA-seq data, many different data types must be integrated. This data integration
requires an appropriate data structure to organise the expression and accompanying data,
but the options currently available, even through the outstanding Bioconductor project
(Huber et al., 2015), do not have all of the required functionality for scRNA-seq data. As
a new type of data, scRNA-seq analysis currently needs to be exploratory and hands-on.
Thus, built on top of a sensible data structure, a software solution must support interac-
tivity for the user. It thus requires many user-friendly, flexible methods to provide a man-
ageable, but rigorous, workflow to go from raw scRNA-seq data to a clean, tidy dataset
ready for downstream analysis. An R package is the best option, as R is the most common
environment for interactive data analysis in genomics and the majority of existing tools for

scRNA-seq analysis have been written in R.

5.1.3 The SCATER package

Having recognised the need for a self-contained R package for the pre-processing, quality

control, normalisation and visualisation of scRNA-seq data, I have produced the SCATER
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package to fill the gap in the analysis workflow from raw reads to data ready for down-
stream analysis. This chapter presents SCATER. I provide an overview of the package in this
section, then Section 5.2 describes the datasets used for the analyses presented. Section 5.3
demonstrates the use of the package with a case study on real data, Section 5.4 discusses
SCATER’s visualisation methods in more depth and Section 5.5 covers broad issues of soft-
ware and data integration. Key features of SCATER include: (1) the “single-cell expression
set” (SCESet) class that I developed in the package as a sensible data structure for scRNA-
seq data; (2) automated calculation of quality control metrics; (3) extensive visualisation

capabilities and many more capabilities.

5.1.3.1 Workflow for data pre-processing and quality control

The diagram in Figure 5.3 outlines the key steps to the SCATER workflow to go from raw
RNA-seq reads to a tidy SCESet object ready for further analysis. The broad workflow is:

1. Obtaining feature abundance values.
2. QC and filtering of features.

3. QC and filtering of cells.

4. Simple normalisation.

5. QC of explanatory variables, such as experimental covariates like batch, cell source

and other recorded experimental information.

Optionally, one might do another round of normalisation to remove effects of particular
explanatory variables from the data. Automated computation of many quality control met-
rics and extensive plotting functionality support the workflow.

After this procedure the user has a clean, tidy scRNA-seq dataset ready for downstream

statistical modelling and analysis.

5.1.3.2 Architecture of the package

The SCATER package is built around the SCESet class (Figure 5.4), which provides a sophis-
ticated container for scRNA-seq data. The many methods available in the package build
on the foundation of the SCESet class, which, briefly, is an R 54 class that inherits the Ex-
pressionSet class from Bioconductor’s BIOBASE package (Huber et al., 2015). Further details
on the class, including its motivation and execution, are available in Section 5.5.1.2. Dis-
cussion of the implementation of SCATER and how the package uses and integrates other

software tools is provided in Section 5.5.
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scater pre-processing and quality control workflow
From raw RNA-seq reads to a clean, tidy dataset ready for downstream analysis

Summarised feature

Raw RNA-seq Reads expression values
[Fastq format] [e.g. produced by
bioinformatics core]
1. Obtain RNA-seq
e
runKallisto

readkallisto newSCESet
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[Container: S4 class inheriting
Bioconductor’s ExpressionSet]

Object that contains assay
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. . (6. Further
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Figure 5.3: Diagram of the SCATER pre-processing and quality control workflow.

5.1.3.3 Recommendations for quality control

In general, it is difficult to make precise prescriptions for how to conduct quality control

for scRNA-seq data, because each experiment will have specific requirements or quirks to

be taken into account. At this time, scRNA-seq is still new, and so QC requirements are not

yet as well established as they are for other types of studies such as GWAS (see Anderson

et al., 2010, for example). Nevertheless, I attempt to make some recommendations for

quality control here that I will show in action on real data in the next section. The SCATER
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SCESet: an R S4 class for single-cell RNA-seq data
Inherits Bioconductor's ExpressionSet class, so contains all ExpressionSet slots not listed below

Required Slots ‘ l Optional Slots
The assay data slot holds all of the expression f q
data, both raw and transformed. It can hold any Dimensions A numeric matrix with columns representing
number of numeric matrices of the correct size. components for a reduced dimension
1) representation of cells (rows), for example
o Accessor functions are available for expected 2| Reduced principal components.
3 slots: ‘exprs’, ‘is_exprs’, ‘tpm’, ‘cpm’, ‘fpkm’, 8 Di . X
o] ‘norm_exprs’, ‘stand_exprs’ imension Accessor and assignment function
L? ‘reducedDimension’, plus plotting methods.
Variables Cell phenotype information. An Cells
‘AnnotatedDataFrame’ with cells as rows and Pairwise distances between cells, using any
columns as phenotype variables. Columns can CeII appropriate distance metric.
2 Phenotype include quality control metrics. ©0 .
O [0 PalrW|se Accessor and assignment function
O Data Accessor and assignment function ‘pData’, plus O A ‘cellPairwiseDistances’.
many associated plotting methods. Distances
Variables Feature annotation information. An Features
‘AnnotatedDataFrame’ with features as rows Pairwise distances between features, using any
% and columns as feature variables, which can 8 Feature appropriate distance metric.
5 Feature include quality control metrics. 5 o
= 2| Pairwise Accessor and assignment function
8 Data Accessor and assignment function ‘pData’, plus 8 A ‘featurePairwiseDistances’.
L many associated plotting methods. L Distances
Scalar slots
logged: logical scalar indicating whether or not the expression data in the “exprs’ slot
have been log2-transformed. Cells . -

A numeric array containing bootstrap samples
logExprsOffset: numeric scalar, providing an offset applied to expression data in the %) of expression values, as_for example _prpduced
“exprs’ slot when undergoing log2-transformation to avoid trying to take logs of zero. o by the _software tool kallisto for quantifying
Default is one. 2 |Bootstra ps transcript abundance.

)
lowerDetectionLimit: numeric scalar giving the lower limit for an expression value to E
be classified as "expressed". Default is zero.

Figure 5.4: Diagram of the most important features of the SCESet class.

package is able to compute a large number of QC metrics automatically, which can be used
to guide QC, especially feature and cell filtering. QC and pre-processing for scRNA-seq
is necessarily exploratory and hands-on at present, so all of the general recommendations
below should be adapted depending on the context and questions of interest for a given

study.

Feature-level QC:

¢ Filter features with very little expression across the dataset, as they contain little to
no useful information. Having defined a “detection limit” threshold below which an
observation is deemed not to be expressed, only keep a feature if it has measurable
expression in at least some given number of cells. A conservative approach is to
demand expression in at least 10% of cells to retain the feature. Such filtering can
increase power for certain types of inference (Bourgon et al., 2010). In some cases,
such filtering will not be appropriate, but in all cases features with no expression at
all in any cells should be filtered out.

¢ Check that the most-expressed features look “sensible” (this is unavoidably subjec-

tive), and that the top 20, 50 or 100 most-expressed features do not account for most
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of the expression across the whole dataset. It is expected to see many spike-in con-
trols and mitochondrial genes/transcripts among the 50 most-expressed features, but
some endogenous features should also be present.

Check a plot of frequency of expression (number of cells in which a feature is ex-
pressed) against mean expression. This can give a broad view of technical noise in
the data.

Check a plot of frequency of expression by feature biotype (protein-coding, pseudo-
gene, etc) that the distribution of expression frequency for protein-coding features
and other important categories are reasonable (that is, not overly skewed towards
Z€ero).

Filter out any feature types not of interest.

Cell-level QC:

Filter out cells with a high percentage of expression from feature controls (e.g. ERCC
spike-ins). By default, I filter out cells with greater than 80% expression from feature
controls.

Filter out cells with low sequencing depth. By default, I filter out cells with log10(total
counts) more than five median absolute deviations away from the median log10(total
counts). Libraries with fewer than 10,000 counts should almost always be discarded,
and in certain settings this threshold could be raised to 100,000 (for example, if library
size for most cells is in the millions).

Filter out cells with low “total features” (that is, number of features with detectable
expression). By default, I filter out cells with total features more than five median
absolute deviations away from the median total features. Some caution should be
applied if using very heterogeneous cell populations as, for example, primary tissue
cells can have much lower total features than cell line cells for biological rather than
technical reasons.

Inspect plots of reduced-dimension representations of the cells and filter out cells
clustering with libraries sequenced from “blank” wells or other cells/libraries known
to be problematic. Generally, sequencing a number of blank libraries as negative
controls is a useful strategy to aid QC.

Explore relationships between cell phenotype variables (including experimental vari-
ables and QC metrics), including plotting with SCATER functions, and filter cells that

appear suspicious.

Normalisation: In SCATER, the following size-factor normalisation methods are avail-

able in the function normaliseExprs: TMM, RLE, “upperquartile” (in fact any percentile

can be used to compute normalisation factors) and “none” (i.e. all size factors are set to
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1). See Section 5.1.2.3 for details of these approaches. Internally, normaliseExprs calls
calcNormFactors from the EDGER package (Robinson et al., 2010). I recommend normal-
ising to ERCC spike-in features, if available, and applying TMM size factors.

A strength of SCATER, discussed in Section 5.5.1, is its modularity and ease of interop-
erability with other packages and normalisation methods. Thus the simple normalisation
methods currently included in SCATER are complementary to more specific normalisation

methods, which can easily “plug in” to SCATER and its pre-processing workflow.

Experimental variable QC: Experimental design for scRNA-seq studies has been given
short shrift in the literature to this point, an oversight reflected in the lack of tools avail-
able for exploring the importance of different experimental variables in the dataset. Thus,

recommendations for QC of experimental variables include:

¢ Make full use of the capabilities of the p1lotQC function in SCATER to identify “impor-
tant” experimental variables. Here, too, “important” is a subjective term, but a good
heuristic is to take serious consideration of variables that appear more “important”
in QC plots than variables that by design should explain a large amount of variability
in the data (for example, tissue of origin or batch).

¢ Either flag important variables for inclusion in downstream statistical modeling or
regress out the effects of those variables and use residuals as expression values in

downstream analyses.

As mentioned above, quality control will almost certainly need to be tailored for each
individual scRNA-seq dataset. The SCATER package offers a straight-forward pre-proces-
sing, QC and normalisation workflow with a great deal of flexibility for the user and an

array of visualisation methods for exploratory data analysis vital to quality control.

5.2 Single-cell datasets

This chapter demonstrates the use of the scater package on two real data sets. I use a
dataset produced to explore heterogeneity in colon and ileum cells as an example of a
well-behaved dataset, for which pre-processing and QC are relatively straight-forward.
As a contrast, I also use a dataset from a study of the cell cycle in haematopoietic stem
cells, which due to various aspects of the study design and execution is substantially more
challenging. Both datasets are described below.

For both datasets, sequencing libraries for the individual cells were sequenced in the
Genomics Core at the Wellcome Trust Centre for Human Genetics (WTCHG), Oxford us-
ing an Illumina HiSeq 2500 machine (Illumina, Inc, 2013b). Sequence reads were gener-

ated using the standard Illumina pipeline to produce Fastq files containing raw read data.
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These Fastq files were the input files for the transcript abundance quantification carried
out with SCATER as described in the next section. Independently, Eshita Sharma and John
Broxholme at the WTCHG Genomics Core produced summarised gene-level count data
by aligning reads with TOPHAT version 2.0.12 (Trapnell et al., 2009) and assigning reads
to genomic features and counting totals per feature using HTSEQ version 0.6.1p1 (Anders
etal., 2015).

5.2.1 Dataset: Simmons Data

The first dataset comes from Alison Simmons’s lab at the Weatherall Institute of Molecu-
lar Medicine, Oxford (hence I call it the “Simmons Data”). The dataset was designed for
exploring cellular heterogeneity in primary colon and ileum cells. The data (“Simmons
Data”) were collected in three phases, a "pilot" consisting of 59 libraries from colon cells,
and larger samples of 96 libraries from colon cells and 96 libraries from ileum cells. Li-
braries from the colon cells (pilot and first experiment) were generated by James Kinchen
and libraries from ileum cells were generated by Ana Catuneanu. Cells came from one in-
dividual patient in the pilot phase, and from three individual patients for the latter phases.
Three separate sequencing runs were done for the Simmons Data, corresponding to the
pilot and the two subsequent experiments. The pilot is denoted as “P140471” (59 libraries),
the second experiment on colon samples as “P150057” (96 libraries) and the third exper-
iment on ileum samples as “P150058” (96 libraries). In total 229 libraries were generated
from individual single cells, 12 libraries were generated from bulk tissue samples and 12

libraries were generated from blank wells as negative controls.

5.2.2 Dataset: Cell Cycle Data

The second dataset that I will use to demonstrate the capabilities of the SCATER pack-
age, the “Cell Cycle Data”, consists of 348 haematopoietic stem cells (HSCs) from pri-
mary mouse tissue, human and mouse cell lines. The study aims to investigate quies-
cence (cell inactivity or dormancy) and the regulation of the cell cycle in HSCs and the
relationship between quiescence and drug resistance in the context of cancer. Synchronis-
ing cell cycle across cells is difficult, so conducting bulk-tissue genome-scale assays (such
as RNA-seq) to study cell cycle has been challenging. Using scRNA-seq one can study
whole-transcriptome gene expression in individual cells. At the time that expression mea-
surements are made, cells naturally occur at different phases in the cell cycle. Thus, with
single-cell assays there is higher resolution to relate gene expression to cell cycle and qui-
escence.

The study sampled HSCs from mouse bone marrow (“primary tissue”) at two weeks

and six weeks after birth. To compare with the primary mouse cells, data was also obtained
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from human cell lines (K562 and HL60) and mouse cell lines (BAF3 and EML). Sequencing
libraries were generated from individual cells by Ben Povinelli in Adam Mead’s lab at
the Weatherall Institute of Molecular Medicine, Oxford. For the purposes of this chapter,
I will only use the first dataset to be produced from the single-cell study. This dataset
comprises 348 sequenced libraries with scRNA-seq data for 187 primary mouse HSCs at
the two-week (114 cells) and six-week (73 cells) timepoints, 144 cells from the four cell
lines and 17 “blank” libraries (no cell present; used as negative controls). Three Fluidigm
C1 chips were used for the preparation of the cell-line libraries, while FACS was used for
quantifying DNA and RNA content (with Hoechst and pyronin-Y staining, respectively) in
primary mouse cells and sorting those cells onto three separate plates for the preparation
of sequencing libraries (El-Naggar, 2004). Ben Povinelli used the Hoechst and pyronin-Y
fluorescence values to assign cell phase status to each of the primary mouse cells.

For the plates containing the primary mouse cells, their provenance is clear, namely that
they are primary mouse HSCs, and we know at which timepoint they are from. However,
as a result of an experimental design aimed at reducing batch effects (Leek et al., 2010), this
is not the case for the cell line cells processed with the C1 system. To avoid introducing con-
founding of cell-line type (human or mouse, as well as specific cell lines) and batch (here, a
chip corresponds to a “batch”), human and mouse cells were mixed prior to isolation on a
chip. Mixing cells from different cell lines prevents the situation in which technical (chip or
batch) variability cannot be distinguished from biological variability (differences between
cells of different cell lines). However, the tradeoff for avoiding batch effects in this way
is that we do not know, at the point that cells are sequenced, the source of the individual
cells. It should be a straight-forward bioinformatic problem to identify human and mouse
cells from the RNA-seq data alone, but analyses presented later in this chapter reveal that
for various reasons this is not the case. This fact reinforces the great importance of careful

quality control and pre-processing of single-cell RN A-seq at the current time.

5.3 Data pre-processing and quality control

The aim of this section is to demonstrate the functionality and utility of SCATER using real
data. I will walk through transcript and gene expression quantification, pre-processing,
QC and normalisation procedures for the Simmons Data. A major goal of SCATER is to im-
prove the reproducibility of analyses by providing easy-to-use analytical tools, so all of the
analyses following the transcript abundance quantification in this section were produced
as “live” code in this document. That is, I wrote this chapter as a KNITR document (Xie,
2013) with the R code embedded and compiled the document to produce the code output

and figures shown. Thus, it is a case of “what you see is what you get” with the SCATER
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code here: the code shown directly produces the results presented. I used SCATER’ version
0.1.6 for the analyses in this chapter.

The analyses presented here are necessarily highly “streamlined”. QC and pre-proces-
sing analysis for a new dataset typically requires extensive exploratory analyses and vi-
sualisations, for which SCATER enables flexible solutions. Unfortunately, there is simply
insufficient space in a thesis chapter to do justice to all of the functionality of SCATER. The
suite of plotting functions is listed in Figure 5.3 describing the SCATER workflow and key
functions, and visualisations are discussed further in Section 5.4. Nevertheless, I cannot
cover all the ways in which these functions can be used to explore relationships between
experimental metadata, QC metrics computed by SCATER and the expression data. Supple-
mentary Tables A.3, A.2 & A.1 list SCATER’s accessor and assignment functions, cell-centric

QC metrics and feature-level QC metrics, respectively.

5.3.1 Transcript abundance quantification using wrappers for KALLISTO

Transcript abundances can be computed with KALLISTO from within R using SCATER’s
wrapper functions. I computed transcript abundances using version 0.42.2 of KALLISTO
with the most recent human transcriptomes from Ensembl release 80 from May 2015 (Cun-
ningham et al., 2015) and version 75 from February 2014 (Flicek et al., 2014), which was
the version used to generate results previously produced by the “Genomics Core” at the
Wellcome Trust Centre for Human Genetics, Oxford.

Before running KALLISTO one needs to generate a “kallisto index”, which is a hash
table of k-mers in the transcriptome. Generating the index beforehand allows subsequent
computation by KALLISTO to be very efficient. In this case, I create indexes that incorporate
both the human transcripts and the ERCC spike-in controls (Jiang et al., 2011) so that the
“expression” of feature controls can be quantified as well as human transcripts (commands
not shown here).

The Simmons Data consists of paired-end reads, so KALLISTO estimates the average
fragment length (a required parameter for the KALLISTO quantification model) from the
reads. Version 0.42.2 of KALLISTO introduced a method for adjusting the estimated tran-
script abundance values to account for sequence-specific biases. Single-cell RNA-seq pro-
tocols are known to have biases, particularly a 3-prime bias to reads, as discussed above,
so I obtained transcript abundances using KALLISTO with this bias correction (some com-
parison of the overall differences in results produced is presented in Section 5.5.1.3).

To run KALLISTO using SCATER, one needs access to the Fastq-format files containing
the sequenced reads, one or more KALLISTO indexes (as described above) and a “targets”
tile, a tab-delimited text file that lists the cell ID names and corresponding Fastq files. The
“targets” file is used by the SCATER function runKallisto to generate the KALLISTO tran-

script quantification results. As described earlier, three separate sequencing runs were
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done for the Simmons Data, a pilot and two subsequent experiments. The pilot is denoted
as “P140471” (59 cells), the second experiment on colon samples as “P150057” (96 cells)
and the third experiment on ileum samples as “P150058” (96 cells). I ran KALLISTO sepa-
rately for each set. Subsequently, I combined the results to obtain a single SCESet object
that contains all of the transcript abundances for all of the cells.

Here, I show the SCATER commands for quantifying transcript abundance for the 96
“P150057” cells, after having generated an appropriate targets file. I show the code for
using the Ensembl release 80 version of the human transcriptome and use KALLISTO's bias
correction method. Generating transcript quantities using a different transcriptome build,
or without bias correction, simply requires changing arguments to runKallisto. I took

exactly the same approach for the “P140471” and “P150058” cells (code not shown).

kallisto_P150057_rel80_wi_bias_corr <- runKallisto("/data/P150057/targets.txt",
"/data/annotations/Homo_sapiens.GRCh38.rel80.cdna.all.ERCC.idx",
output_prefix = "/data/P150057/kallisto_output_rel80_with_bias_corr",

n_cores = 18, single_end = FALSE, correct_bias = TRUE, verbose = TRUE)

[1] "Analysis started: 2015-06-29 16:55:29"
[1] "Analysis completed: 2015-06-29 17:26:43"

[1] "Processed 96 samples"

The output above shows the extraordinary speed of transcript quantification with KALL-
I1STO. Using 18 threads on a Linux server with moderate specifications, I obtained transcript
abundances for 96 cells for over 170,000 transcripts from over 120 million reads in roughly
half an hour of clock time. To put this in perspective, the align-and-count approach taken
by the WTCHG Genomics Core using TOPHAT version 2.0.12 and counting reads using
HTSEQ version 0.6.1p1 would require over 200 times the computing resources (Bray et al.,
2015), so processing time would be measured in days rather than minutes. This dramatic
increase in speed of processing raw RNA-seq read data has large implications for how we
can conduct and analyse scRNA-seq studies (further discussion in Section 5.5.1.3). The
readKallisto function makes it easy to read KALLISTO results into an SCESet object in an

R session.

sce_P150057_rel80_wi_bias_corr <- readKallistoResults(

kallisto_P150057_rel80_wi_bias_corr, read_h5 = TRUE)

This SCESet object contains matrices of raw counts, transcripts-per-million and log2-
transformed transcripts-per-million data, as well as a logical matrix indicating which ob-
servations are “expressed” (here defined as any non-zero expression value). The pheno-

type data and feature data slots of the SCESet object contain information from the KALLISTO
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runs about cells and transcripts, respectively (see Figure 5.4 for more details). Thus, in two
lines of R code, the SCATER tools produce an object ready for transcript-level analysis.

For the Simmons Data, I combined the quantification results from the three sequencing
runs to produce a single SCESet object (sce_simmons) containing all of the transcript-level

data, which is analysed below.

5.3.2 Adding feature information and collapsing expression to the gene level

Before proceeding with analysis, it is typically useful to add further feature annotation in-
formation. This is done with SCATER’s getBMFeatureAnnos function. Building on the R
package biomaRt (Durinck et al., 2005), I define a set of transcript attributes from the En-
sembl database that I want to add to the SCESet object. The function getBMFeatureAnnos
obtains them using biomaRt (by default using the current version of Ensembl, here version
80) and adds them to the object. The flexibility of the arguments means that any infor-
mation accessible with biomaRt can be added to an SCESet object. Thus, virtually any
annotation information available from Ensembl or other major genomic databases can be
added to an SCESet object.

attr_wanted <- c("ensembl_transcript_id", "ensembl_gene_id", "hgnc_symbol",
"chromosome_name", "transcript_biotype", "transcript_start",
"transcript_end", "transcript_count")

sce_simmons <- getBMFeatureAnnos(

sce_simmons, attributes = attr_wanted, biomart = "ensembl",
dataset = "hsapiens_gene_ensembl", feature_symbol = "hgnc_symbol",
feature_id = "ensembl_gene_id")

As well as being useful for quality control and analysis, adding transcript annotation
information makes it possible to summarise expression data at the gene level, which is still
the most common approach to analysing single-cell and bulk RNA-seq data. There is a
SCATER function, summariseExprsAcrossFeatures, to summarise abundance data at the
level of any set of features of interest. I demonstrate the most likely use-case here, which is
collapsing transcript-level data to the gene level.

I summarise by feature_id in the featureData slot of the SCESet objects. The feature_id
is the Ensembl gene ID if biomaRt was able to locate it and the transcript ID defined by
KALLISTO otherwise. The default behaviour of SCATER is to use TPM values for expression

where possible.

sce_simmons <- summariseExprsAcrossFeatures(

sce_simmons)
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Collapsing expression to 38102 features.

As the output above shows, collapsing transcript-level expression values to Ensembl
gene IDs yields expression for 38,102 features. This number of “gene” is much higher than
the actual number of human genes thought to exist (likely fewer than 20,000). Neverthe-
less, there are at least that many unique Ensembl gene IDs, so I collapse expression to these
features and use them as “genes” for gene-level expression analyses.

It is straightforward to summarise TPM values at the gene level. As TPM values take
into account the length of transcripts, they can simply be summed across all transcripts
to obtain accurate expression values for each gene. It is not as straight-forward to sum-
marise read counts at the gene level. The “naive” approach of summing counts across
transcripts to get gene-level counts can be problematic for RNA-seq protocols that se-
quence fragments from full-length transcripts (Trapnell et al., 2013). However, the SCATER
function retains all of the data in the transcript-summarised SCESet object, following a
general philosophy of respecting and retaining raw data. Thus, the object produced by
summariseExprsAcrossFeatures sums counts (and CPM and FPKM values too, if present)
across all transcripts for each gene. The TPM values are recommended for downstream
analyses, but ultimate discretion is left to the user.

To obtain the dataset used in the subsequent “live” parts of the analysis, I add gene
annotation information using getBMFeatureAnnos, as shown above for transcripts, and use
gene symbols (where available) combined with Ensembl gene IDs as feature IDs for the

analysis that follows (code not shown).

5.3.3 Adding cell metadata

Henceforth, I go through the pre-processing and QC methods in SCATER to prepare the
Simmons Data for downstream analysis, using the dataset produced as described in the
preceding sections. From this point until the end of the section, the R code used has been
included in the document and compiled using knitr (Xie, 2013). Thus the code shown
(on a peach-coloured background) directly produces the output provided, including the
various different plots.

The first step is to read the SCESet containing the data into R.

load("../../022_Simmons/cache/sce_simmons_rel80_wi_bias_corr_gene.RData")

This loads the object sce_simmons, which contains the gene-level expression values and
associated metadata computed above. The file combined_cell_annotation.csv contains

cell annotation information that I will use for the analysis:
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cell_annos <- read.csv("../../022_Simmons/metadata/combined_cell_annotation.csv")

There are many more rows in the cell annotation file than in the SCESet object, indicat-
ing that not all cells annotated were subsequently sequenced. The first task is thus to match
the annotations to the cells in the SCESet object. This can be done using the “Readgroup”
column of the annotation data-frame, which corresponds to the “sample names” (i.e., cell
IDs) in the SCESet.

There is annotation information for all cells for which I have abundance information.
Thus, I can match up the cell IDs with the Readgroup IDs and pull out the relevant rows

of the cell annotation data-frame.

mm <- match(sampleNames(sce_simmons), cell_annos$Readgroup)
cell_annos_filt <- cell_annos[mm,]

The information missing from the annotations data-frame is about the tissue used. For
this study, the pilot samples and second run were conducted by James Kinchen using colon
tissue. The third run was generated by Ana Catuneanu and used ileum tissue. I add this

information to the annotations data-frame.

cell_annos_filt$tissue_type <- ifelse(cell_annos_filt$study == "ana",
"ileum", "colon")
cell_annos_filt$batch <- reorder(plyr::revalue(
cell_annos_filt$study, c(pilot = "Batchl", james = "Batch2", ana = "Batch3")))
rownames (cell_annos_filt) <- sampleNames(sce_simmons) <- cell_annos_filt$X

Above, I also assign the “X” column of the cell annotations data-frame as the rownames
for that data-frame and the sample names for the SCESet, because those names are more
informative than the Readgroup IDs (and shorter). The names have to match so that this
information can be added to the SCESet, or a (protective) error will be thrown. To add the

cell annotation information to the SCESet I use the pData function.

pdata_new <- new("AnnotatedDataFrame", cbind(cell_annos_filt, pData(sce_simmons)))
pData(sce_simmons) <- pdata_new

This approach retains all of the previous phenotype (cell) data generated with the
kallisto quantification.

The final consideration in organising the dataset at this point is dealing with genes that
are not expressed in any cells. Specifically, I remove genes with no expression at all across
any cells. Since there is no information available for these genes, they can be of no interest
to the study.

all_zero <- rowSums(tpm(sce_simmons)) ==
sce_simmons <- sce_simmons[!all_zero,]
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This filtering removes from the analysis 5823 genes for which we have no information.
The code above also demonstrates the ease with which we can subset SCESet objects. With
the expression, feature and cell annotation information all added to the SCESet object I can

proceed with QC.

5.3.4 Calculation of QC metrics

To help with the QC of the dataset, SCATER enables straight-forward calculation of many
QC metrics with the calculateQCMetrics function. To help produce useful metrics, it is
good to identify feature and cell controls, if present. In this case, I use ERCC spike-ins and
mitochondrial genes as gene controls (called “feature_controls” in SCATER) and blank and

bulk “cells” (more correctly “sequenced libraries”) as cell controls.

ercc_genes <- grepl(""ERCC", featureNames(sce_simmons))

mt_genes <- grepl("~"MT-", featureNames(sce_simmons))
blank_cells <- sce_simmons$sample_information == "Blank"
bulk_cells <- sce_simmons$sample_information == "Bulk"

sce_simmons <- calculateQCMetrics(sce_simmons,
feature_controls = list(ERCC = ercc_genes, MT = mt_genes),
cell_controls = list(Blank = blank_cells, Bulk = bulk_cells))

The calculateQCMetrics function calculates many feature-level and cell-level QC met-
rics directly from the expression data, as discussed in more detail later in the chapter and
listed in full in Supplementary Tables A.1 & A.2. Thus, after running calculateQCMetrics
on an SCESet object, a large amount of useful information is produced, at the cell level
(added to the phenoData slot of the object) and the feature level (added to the featureData),
that can be used to aid QC.

5.3.5 QC and filtering of features

The first step in the QC process is filtering out unwanted features. It is often desirable,
depending on the experimental context, to filter out features with very low overall expres-
sion, and any others that plots or other metrics indicate may be problematic, as outlined in
Section 5.1.3.3 above, or of no interest to the study at hand.

First let us look at a plot that shows the top 50 (by default) most-expressed features. By
default, “expression” for this plot is defined using the feature counts (if available), TPM,
CPM or FPKM values. The values in the exprs slot of the object can be used instead, if
desired. This plot can be produced for subsets of the cells by simply subsetting the SCESet
used.

It can be particularly useful to inspect the most-expressed features in just the cell con-
trols (for example blanks or bulk samples). Here, I show the most-expressed genes in

blanks and non-blank cells (Figure 5.5). In the previous section, I defined two sets of cell
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controls in the call to calculateQCMetrics. That function added the “is_cell_control_Blank”
column to the phenotype data of the SCESet object, which simply indicates if a cell is de-
fined as a blank cell control. The ‘$* operator makes it easy to access the “is_cell_control
Blank” column and use it to subset the SCESet, as below. One can thus compare the most-
expressed features in the cell controls (Figure 5.5B) and in the cells of biological interest
and the bulk libraries (Figure 5.5A).

The multiplot function included in SCATER allows a very simple way to plot multiple
GGPLOT2 plots (Wickham, 2009), output by most of SCATER’s plotting functions, on the
same page. In Figure 5.5, however, we use plot_grid from the excellent COWPLOT (Wilke,
2015) package, available on CRAN (R Core Team, 2015a) which provides more sophisti-
cated possibilities for arranging multiple GGPLOT2 plots on a single page.

For blank libraries (Figure 5.5B), feature controls, especially ERCC spike-in controls, ac-
count for almost all of the library (>99% of all counts). ERCC spike-ins and mitochondrial
genes still contribute a large amount to the libraries for non-blank libraries but their con-
tribution to the total is reduced. Endogenous, but biologically uninteresting genes, such as
GAPDH, typically appear in the top 50 for non-blank libraries (Figure 5.5A).

Another way to obtain an idea of the level of technical noise in the dataset is to plot
the mean expression level against frequency of expression (that is, number of cells with
expression for the gene above the defined threshold (default is zero)). A set of specific
features to plot can be defined, but need not be. By default, the function will look for
defined feature controls (as supplied to calculateQCMetrics). If feature controls are found,
then these will be plotted, in a different colour from the endogenous features. Figure 5.6
thus shows both ERCC and MT feature controls. The mitochondrial genes are all very
highly expressed. The ERCC spike-in genes cover a range of expression levels, and a range
of frequency of expression (number of cells in which the gene has non-zero expression).
The spike-in genes should, of course, be present in all cells, so looking at their frequency
of expression across the mean expression range provides some insight into “dropout” of
signal due to technical effects.

Beyond these QC plots, the function plotFeatureData exists as a general and flexible
function for plotting sets of feature metadata variables. The featureData slot of the SCESet
object behaves largely like a data frame, so we can always pass it to GGPLOT directly if we
wish. Thus if we want to make more complicated plots we can do this instead of using the
convenience function plotFeatureData. Taking this approach, Supplementary Figure A.1
shows a sensible distribution for number of cells expressing genes with different biotypes.
The median number of cells expressing each protein-coding gene is just under 100 (out
of 251), whereas it is much lower for the various kinds of pseudogene. A distribution of
expression frequency for protein-coding genes centred closer to zero could indicate large-

scale problems with the experiment, as it would be concerning if a substantial proportion
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pl <- plotQC(sce_simmons[, !sce_simmons$is_cell_control_Blank],
type = "highest-expression")
p2 <- plotQC(sce_simmons[, sce_simmons$is_cell_control_Blank],
type = "highest-expression")

plot_grid(pl, p2, labels =
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Figure 5.5: The “highest-expression” method for the plotQC function on SCESet objects plots the
expression levels for each cell of the (by default) 50 most-expressed genes across the whole dataset.
The subsetting capabilities of SCESet objects make it easy to look at the most-expressed genes in
subsets of the cells. Here, the most-expressed genes are plotted separately for (A) non-blank cells
and (B) blank wells (no cell should have been present in the well). If present, feature controls
are shown in a different colour from endogenous features. The colour for cell-level values can
be defined by cell phenotype data, by default the total features (number of genes with non-zero
expression) for the cell.
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plotQC(sce_simmons, type = "exprs-freq-vs-mean" )
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Figure 5.6: The “exprs-freq-vs-mean” method for the plotQC function on SCESet objects plots the
expression frequency for features against the expression mean. By default, all features are plotted
with the feature controls plotted in a contrasting colour. However, any specific subset of the features
can be plotted by specifying the appropriate arguments in the plotQC function. Here, the default
is used with the Simmons Data, so ERCC and mitochondrial genes are plotted in orange and the
other features are plotting in blue.

of protein-coding genes were detected in only a small number of cells. The figure also
shows that there is a moderate number of IG and TR genes that are generally expressed in
only a handful of cells and are not of biological interest here. I will drop these from the
analysis.

keep_genes <- !(grepl("~IG", fData(sce_simmons)$gene_biotype)

| grepl("~TR", fData(sce_simmons)$gene_biotype))
sce_simmons <- sce_simmons [keep_genes,]

The subsetting of rows of SCESet objects makes it easy to drop unwanted features. This
is generally a well-behaved dataset, so in this case little filtering of genes is required. In
other cases, however, a more thorough investigation of feature-level QC metrics (utilising
plotQC and plotFeatureData) may be required. The final step shown here is simply to
filter out very lowly-expressed genes as in many cases such features are not of interest
because they contain so little information and some types of inference can benefit from
removal of very lowly-expressed features (Bourgon et al., 2010). In general, the pattern of
expression and non-expression could be interesting, and some information will be lost by

discarding such genes. The particular requirements for a given study will dictate whether
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lowly expressed features ought to be retained or not. For illustrative purposes here, I show
how it can be done. There are 251 cells (including blanks and bulks) in this dataset, so to
retain a gene for analysis I demand that it is expressed (above the threshold of zero here)

in at least 10% of libraries.

drop_genes <- fData(sce_simmons)$n_cells_exprs < ceiling(0.1 * ncol(sce_simmons))
sce_simmons <- sce_simmons[!drop_genes,]

This filtering step drops 15388 genes, so the subsequent analysis is restricted to just
16576 genes (or, strictly, features with unique Ensembl gene IDs, as discussed above). Dif-
ferent thresholds for defining an observation as expressed or not, or for proportion of cells
expressing a feature may be appropriate in different settings.

I recalculate the QC metrics on the new, smaller SCESet.

ercc_genes <- grepl(""ERCC-", featureNames(sce_simmons))
mt_genes <- grepl(""MT-", featureNames(sce_simmons))
blank_cells <- sce_simmons$sample_information == "Blank"
bulk_cells <- sce_simmons$sample_information == "Bulk"
sce_simmons <- calculateQCMetrics(sce_simmons,
feature_controls = list(ERCC = ercc_genes, MT = mt_genes),
cell_controls = list(Blank = blank_cells, Bulk = bulk_cells))
sce_simmons$filter_on_total_counts_or_features <- (
sce_simmons$filter_on_total_counts | sce_simmons$filter_on_total_features

)
With genes filtered, analysis can proceed to QC and filtering of cells.

5.3.6 QC and filtering of cells

When conducting quality control of cells, the aim is to identify potentially problematic cells
(and there are many ways in which cells could be problematic) and filter them out of the
dataset. Plotting functions help the exploration of computed QC metrics and other cell
phenotype information, as well as looking at reduced-dimension representations of cells.
The subsetting of columns (which correspond to cells) of SCESet objects makes it easy to
drop unwanted cells.

The function plotPhenoData can be used to plot cell metadata variables. This func-
tion is useful for exploring the relationships between the many QC metrics computed by
calculateQCMetrics and other experimental metadata. Often, problematic cells can be
identified from such plots. A particularly useful plot for cell QC is plotting the percentage
of expression accounted for by feature controls against total features (Figure 5.7). There is a
modest tendency for the percentage of expression from feature controls to decrease as total
features increases. One expects to see well-behaved cells with relatively high total features

(number of features with detectable expression) and low percentage of expression from
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feature controls. High percentage expression from feature controls and low total features
are indicative of blank and failed cells.

To decide which cells to filter out, I look at reduced-dimension representations of the
cells. The SCATER package provides the functions plotPCA and plotTSNE to produce prin-
cipal components analysis plots and t-SNE plots simply from SCESet objects. Briefly, t-SNE
is a probabilistic dimension-reduction technique that uses conditional probabilities to rep-
resent similarities between high-dimensional datapoints. It is discussed in more detail in
Section 5.4.2. Here I use t-SNE (Van der Maaten & Hinton, 2008), which tends to do a better
job than PCA of placing similar cells close together in low-dimensional space. Both PCA
and t-SNE visualisations are discussed in more detail in Section 5.4. A first step for cell fil-
tering cells is to produce a two-dimensional t-SNE plot colouring cells in the plot according
to whether or not filtering the cell is suggested based on the computed QC metrics suggest
filtering (Figure 5.8).

By default, the t-SNE plot, like the PCA plot, is produced using the 500 features with
the most variable expression across all cells. The number of most-variable features used
can be changed with the ‘ntop” argument, and alternatively, a specific set of features to use
for the t-SNE plot can be defined with the ‘feature_set’ argument. This option is discussed
in detail in Section 5.4.3. One option would be to identify a set of highly variable genes
using a method such as that proposed by Brennecke et al. (2013) to produce a t-SNE or
PCA plot. The perplexity parameter (analogous to defining the number of neighbours that
each cell is expected to have) can be adjusted to explore better visualisations for a given
dataset.

Following the general QC recommendations discussed in Section 5.1.3.3, there are good
groups for suspicion of cells with greater than 80% of expression from ERCC spike-in
genes, so I will remove genes that SCATER’s automated QC metrics suggest to filter on
percentage of expression from ERCC controls. I will also remove cells clustering with the
blanks on the t-SNE plot, so will filter out cells with a value between -1.5 and 2 on the first
dimension and less than zero in the second dimension (read off the plot), and also cells
with a t-SNE value less than -9 in the second dimension. I also filter out libraries annotated
as either “Blank” (ten libraries) or “Bulk” (twelve libraries) to focus on the real, better qual-
ity cells. Further, I also filter cells with low total counts and low total features, as identified
with the computed QC metrics. The two-dimensional coordinates for the embedding can
be saved by plotTSNE to the reducedDimension slot of the SCESet object, which helps for
filtering cells based on t-SNE analysis.

sce_simmons <- plotTSNE(sce_simmons, rand_seed = 201506, return_SCESet = TRUE,
draw_plot = FALSE, perplexity = 20)
keep_cells <- !(sce_simmons$filter_on_pct_exprs_feature_controls_ERCC |
sce_simmons$filter_on_total_counts |
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pl <- plotPhenoData(sce_simmons, theme_size = 8, aesth = aes(x = total_features,
y = pct_exprs_feature_controls, colour = sample_information)) +
theme (legend.position = "bottom")
p2 <- plotPhenoData(sce_simmons, theme_size = 8, aesth = aes(x = total_features,
y = pct_exprs_feature_controls, colour = filter_on_total_counts)) +
theme (legend.position = "bottom")
p3 <- plotPhenoData(sce_simmons, theme_size = 8, aesth = aes(x = total_features,
y = pct_exprs_feature_controls, colour = filter_on_total_features)) +
theme (legend.position = "bottom")
p4 <- plotPhenoData(sce_simmons, theme_size = 8, aesth = aes(x = total_features,
y = pct_exprs_feature_controls,
colour = filter_on_total_counts_or_features)) +
theme (legend.position = "bottom")
plot_grid(pl, p2, p3, p4, labels = c("A", "B", "C", "D"))
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Figure 5.7: The plotPhenoData function provides a convenient way to plot cell phenotype, meta-
data, and QC metrics. Here, for the Simmons Data, the total features (number of genes expressed in
each cell) is plotted against the total counts (total size of the library; total counts). Libraries with low
total counts or total features are likely to be problematic and will be filtered out of the analysis in
later steps. Points are coloured by (A) ‘sample_information’, and showing that there is a tendency
for the bulk libraries to have high total features, which is expected; (B) whether or not to filter on
library depth, (C) whether or not to filter based on total features, and (D) whether or not to filter on
either total counts or total features.
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pl <- plotTSNE(sce_simmons, colour_by = "batch", rand_seed = 201506,

perplexity = 20) + geom_vline(xintercept = c(-1.5, 2), linetype = 2) +
theme (legend.position = "bottom")
p2 <- plotTSNE(sce_simmons, colour_by = "sample_information", rand_seed = 201506,

perplexity = 20) + theme(legend.position = "bottom") +
geom_vline(xintercept = c(-1.5, 2), linetype = 2)
p3 <- plotTSNE(sce_simmons, rand_seed = 201506, perplexity = 20,
colour_by = "filter_on_pct_exprs_feature_controls_ERCC") +
geom_vline(xintercept = c(-1.5, 2), linetype = 2) +
theme (legend.position = "bottom")
p4 <- plotTSNE(sce_simmons, colour_by = "filter_on_total_features",
rand_seed = 201506, perplexity = 20) +
theme (legend.position = "bottom") +
geom_vline(xintercept = c(-1.5, 2), linetype = 2)
plot_grid(pl, p2, p3, p4, labels = c("A", "B", "C", "D"), ncol = 2)
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Figure 5.8: Scatter plots of the first two components from a t-distributed stochastic neighbour
embedding of the cells of the Simmons Data are plotted with points coloured by (A) percentage of
expression from ERCC spike-in control genes, (B) whether or not to filter cells based on percentage
of expression from ERCC genes, (C) whether or not to filter on library depth, and (D) whether or
not to filter on total features. Vertical lines at x-intercepts of -1.5 and 2 indicate a region of cells that
might be filtered out on the basis of being similar to the blank wells.
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sce_simmons$filter_on_total_features |
(redDim(sce_simmons) [, 1] > -1.5 &
redDim(sce_simmons) [, 1] < 2 &
redDim(sce_simmons) [, 2] < 0) |
(redDim(sce_simmons) [, 2] < -9 ) |
sce_simmons$sample_information == "Bulk" |
sce_simmons$sample_information == "Blank")
sce_simmons_filt <- sce_simmons[, keep_cells]

In this analysis, 210 cells are retained for analysis. A t-SNE plot can be produced using
only endogenous genes (that is, not control genes) after filtering (Figure 5.9). The first
dimension of the t-SNE plot strongly separates the ileum cells (batch 3) from the colon
cells (batches 1 and 2), although a handful of ileum cells cluster with the colon cells. The
second dimension appears generally to order cells by the percentage of the cell’s expression

accounted for by feature controls.

5.3.7 Simple data normalisation

Normalisation of scRNA-seq is discussed in Section 5.1.2.3 and options currently available
in SCATER in Section 5.1.3.3. Here, I undertake normalisation using the ERCC spike-in
genes as the feature set to which to normalise expression values. The default behaviour
in the normaliseExprs function (if the “use_as_exprs” argument is not specified) is to nor-
malise the count data, computing size factors from the raw counts. I use the TMM method
to compute normalisation factors. Similar results (not shown) are obtained with RLE or

“upperquartile” size factors.

ercc_genes <- grep(""ERCC-", featureNames(sce_simmons_filt))
sce_simmons_filt <- normaliseExprs(sce_simmons_filt, method = "TMM",
feature_set = ercc_genes)

Since I have normalised to ERCC genes, the normalised counts-per-million values com-
puted are strictly “counts-per-million-ERCC-counts”, and expression becomes relative to
the TMM-scaled ERCC counts. The effect on the overall expression densities for ERCC
genes and all genes is subtle (Supplementary Figure A.3). The normalisation tightens the
distributions of highly expressed genes across cells, but there is slightly more variability
for moderately expressed genes. The whole distribution is shifted to the right with nor-
malisation since CPM values are relative to just the ERCC genes instead of all genes.

One can also normalise the TPM values instead of the counts by specifying the “use_as_
exprs” argument.
ercc_genes <- grep("~ERCC", featureNames(sce_simmons))

sce_simmons_filt <- normaliseExprs(sce_simmons_filt, method = "TMM",
feature_set = ercc_genes, use_as_exprs = "tpm", logratioTrim = 0.1)
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endog_genes <- !fData(sce_simmons_filt)$is_feature_control_ERCC
pl <- plotTSNE(sce_simmons_filt[endog_genes,], colour_by = "batch",
rand_seed = 201506, perplexity = 20) +
theme (legend.position = "bottom")
p2 <- plotTSNE(sce_simmons_filt[endog_genes,], rand_seed = 201506,
colour_by = "pct_exprs_feature_controls", perplexity = 20) +
theme (legend.position = "bottom")
plot_grid(pl, p2, labels = c("A", "B"), ncol = 2)
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Figure 5.9: Scatter plots of the first two components from a t-distributed stochastic neighbour em-
bedding using only endogenous genes of the cells of the Simmons Data after filtering problematic
cells. Points are coloured by (A) batch (batches 1 and 2 are colon samples, batch 3 ileum), and (B)
the percentage of expression in the cell accounted for by feature controls.

Using ERCC spike-ins as the features to use for normalisation, means that the unit
for expression becomes "transcripts-per-million-ERCC-transcripts”. Looking at densities of
ERCC genes, and all genes, after normalisation (Supplementary Figure A.4) yields similar
conclusions to the ERCC-count normalisation (Supplementary Figure A.3), but the normal-
isation based on TPM values seems to do a better job of increasing similarity in expression
distributions across all genes. For this well-behaved dataset with a relatively high degree
of consistency between cell libraries, these simple normalisation approaches do not sub-
stantially change the expression distributions across cells. Repeating the t-SNE plot from
earlier yields a slightly cleaner separation of colon and ileum cells, but overall a very simi-
lar picture (not shown).

More sophisticated, or situation-specific, normalisation methods are possible (for ex-
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ample, BASICS and GRM). Existing normalisation methods can easily be “plugged in”
to SCATER, because the accessor and assignment functions (see Supplementary Table A.3)
make it simple to extract or replace an SCESet’s expression and normalised expression val-
ues. Further developments of normalisation methods in SCATER, particularly exploring

quantile and rank normalisation, are planned.

5.3.8 QC of experimental variables

Experimental design is a critical, but neglected, aspect of scRNA-seq studies, as discussed
in Section 5.1.3.3. To the best of my knowledge, methods like those described in this section
for exploring experimental and QC variables and the experimental design, do not feature
in any scRNA-seq software packages apart from SCATER. As discussed in Section 5.1.2,
there are a very large number of potential confounders, artifacts and biases in scRNA-seq
studies. Exploring the effects of such explanatory variables (both those recorded during the
experiment and computed QC metrics) is crucial for appropriate modeling of the data. The
SCATER package provides a set of methods specifically for quality control of experimental
and explanatory variables, which will be demonstrated briefly here.

The relative importance of different explanatory variables can be explored with some of
the plotQC function options. Supplying the type = ‘‘expl’’ argument to plotQC computes
the marginal R? for each variable in the SCESet when fitting a linear model regressing
expression values for each gene against just that variable, and displays a density plot of the
gene-wise marginal R? values for the variables. The default approach looks at all variables
in the phenoData slot of the object and plots the top “nvars_to_plot” variables (default is 10).
Alternatively, one can choose a subset of variables to plot in this manner, which I do here
(Figure 5.10). The density curves for marginal R? show the relative importance of different
variables for explaining variance in expression between cells. For this dataset, the marginal
R? density curves are very similar with and without the ERCC-TPM normalisation carried
out in the previous section, reinforcing that this is a nicely behaved dataset.

With the same calls as above, but with method = "pairs", plotQC can produce a pairs
plot to visualise the relationships between explanatory variables, ranked by their median
marginal R? (Figure 5.11). From this pairs plot the confounding of batch and tissue type is
obvious (of course, we already knew this), demonstrating that this type of plot is useful for
finding correlations between experimental and QC variables with substantial explanatory
power.

This analysis indicates that batch and tissue type (which are confounded), total features
and percentage of expression from feature controls have substantial explanatory power for
many genes, so these variables are good candidates for conditioning out in a normalisation
step, or including in downstream statistical models. Sequencing depth (on the log10-scale)

does not appear to be an important explanatory variable.
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pl <- plotQC(sce_simmons_filt, type = "expl", use_as_exprs = "exprs",
variables = c("total_features", "loglO_total_counts",
"pct_exprs_feature_controls", "tissue_type", "batch"))
p2 <- plotQC(sce_simmons_filt, type = "expl", use_as_exprs = "norm_exprs",
variables = c("total_features", "loglO_total_counts",
"pct_exprs_feature_controls", "tissue_type", "batch"))
plot_grid(pl, p2, labels = c("A", "B"), nrow = 2)
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Figure 5.10: Density plots of marginal R? values for a set of explanatory variables for the Simmons
Data. A linear model is fitted to each feature with one explanatory variable as the only covariate
(a “marginal” model) and the R? value from the model is recorded. For each explanatory variable,
the density of the marginal R? values is plotted. The explanatory variables “batch”, “total features”
(number of features with non-zero expression), “tissue type”, percentage expression from feature
controls and “total counts” (number of counts for the cell, on the log-10 scale) are shown. The plot
(A) uses the expression values in the exprs slot of the SCESet object, and plot (B) uses normalised
expression values obtained using the TPM-ERCC normalisation approach described in the text.
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plotQC(sce_simmons_filt, type = "expl", method = "pairs",
variables = c("total_features", "loglO_total_counts",
"pct_exprs_feature_controls", "tissue_type", "batch"))
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Figure 5.11: Scatter plots (pairs plot) of five explanatory variables ranked by their median
marginal R?. Jittering is used for categorical variables. Each point represents a cell. The
variables shown here, from top-left to bottom-right are “batch” (experimental batch), “total
features” (number of genes with non-zero expression), “tissue_type” (either colon or ileum),
“pct_exprs_from_feature_controls” (percentage of total expression of the cell from feature controls,
here ERCC spike-ins and mitochondrial genes) and “log10_total_counts” (sequencing depth, or to-
tal counts, on the log10-scale).

244



One can also easily produce plots to identify principal components that correlate with
experimental and QC variables of interest. The function plotQC with the option type =
"find-pcs" ranks the principal components in decreasing order of R? from a linear model
regressing PC value against the variable of interest. The default behaviour is to show the
relationships between the variable of interest and the six principal components with the
strongest relationship to the variable (as measured by R?). This works both for continous
and categorical variables (Figure 5.12).

After important explanatory variables have been identified with the tools shown above,
their effects can be accounted for in subsequent statistical models, or they can be condi-
tioned out using normaliseExprs, if so desired. If a design matrix incorporating a selection
of explanatory variables is supplied as an argument to normaliseExprs, then normalised
expression values returned for each feature will be the residuals from a linear model fitted
with the design matrix, after any size-factor normalisation has been applied to the expres-
sion data. This functionality is not shown here due to space constraints.

Thus, after convenient pre-processing, QC and normalisation with SCATER, the data are
well organised (with feature and cell metadata and many data transformations), clean and

tidy, and are ready for further statistical modeling and analysis.

5.4 Data visualisation

Visualising the data and metadata in various ways is crucial for exploring and understand-
ing a dataset, as shown in Section 5.3. In that section, I demonstrated the p1lotQC function to
produce various specific types of plot useful for QC. I also introduced plotPhenoData for
convenient plotting of cell phenotype information (including QC metrics), and the function
plotFeatureData for plotting feature information. Finally, I used the plotTSNE function to
produce reduced-dimension t-SNE plots to identify potentially problematic cells to filter
out of the dataset. The SCATER package has further plotting capabilities for exploring and
analysing aspects of a single-cell RNA-seq dataset.

This section demonstrates more of the SCATER package’s suite of plotting functions to
produce informative and attractive exploratory, summary and diagnostic plots. I use the
Cell Cycle Data as well as the Simmons Data to demonstrate further SCATER’s capabilities.
As described in detail in Section 5.2.2, the Cell Cycle Data consists of 348 HSCs from pri-
mary mouse tissue and cell lines (human and mouse). There are libraries from 144 cell-line
cells, 187 primary mouse cells (114 harvested from mice at 2 weeks of age, 73 at 6 weeks)
and 17 blank wells. Human and mouse cell-line cells were mixed together before capture
on C1 chips, so the specific organism of origin is not known for these cells. Thus, I pro-
duced two versions of the Cell Cycle Data, taking the raw RNA-seq reads and quantifying

transcript abundance with KALLISTO using the human transcriptome and, also, the mouse
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pl <- plotQC(sce_simmons_filt, type = "find-pcs",
variable = "pct_exprs_feature_controls")

p2 <- plotQC(sce_simmons_filt, type = "find-pcs",
variable = "tissue_type")

plot_grid(pl, p2, labels = c("A", "B"), nrow = 2)
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Figure 5.12: Plots of values for the top six most-associated principal components for (A) percentage
of expression from feature controls, and (B) tissue type, against the values for the variable of interest.
Principal components are ranked by their R> when the PC values are regressed against the variable
of interest in a linear model. A scatter plot is used for continuous variables, with a fitted line from a
linear model (with 95% confidence interval) shown. For categorical variables, a violin plot overlaid
with a boxplot and a dotplot showing the actual PC values is plotted.
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transcriptome (Ensembl release 80, in both cases), including ERCC spike-in sequences.
Thus, I have a “human” version and a “mouse” version of the whole dataset.

I prepared the Cell Cycle Data for the results presented in this section by following
the same procedure for pre-processing and QC as for the Simmons Data in Section 5.3, in
parallel, for the mouse and human versions of the data. For the primary mouse cells, cell-
cycle phase was identified by Ben Povinelli using fluorescence values from Hoechst 33342
staining (which stains cellular DNA) and pyronin-y staining (which stains RNA). Thus, we
can explore differences between mouse and human cell line cells and primary mouse cells
in different phases of the cell cycle with visualisation tools available in SCATER.

In particular, I will look at:

1. Cumulative expression plots;

2. Exploring cell-type structure with reduced-dimension representations
3. Using gene sets from a priori knowledge with projection plots

A further important function not previously mentioned, is plotExpression for plotting
expression levels (using any available transformation of the data) against any of the cell
phenotype variables. The function has options to use cell phenotype variables to define the
colour, size and shape of points plotted. Often, in the course of an analysis it is necessary
to inspect the expression levels of a feature or set of features in full detail, instead of relying
only on summary information and plots. The plotExpression function in SCATER enables

the user to do this conveniently, with great flexibility (see Figure 5.19).

5.4.1 Cumulative expression plots

Boxplots are a standard method used to gain an overall impression of expression distri-
butions across samples in microarray and bulk RNA-seq datasets. However, boxplots do
not work well for single-cell data. For many cells, the median expression level for fea-
tures, especially before any feature-level filtering is done, is zero. It is not uncommon
for the 75th percentile of expression values also to be zero for a substantial number of
cells. Thus, boxplots are not particularly informative when trying to obtain an overview
of expression across the whole dataset. Instead, plotting the cumulative expression of the
most-expressed features for each cell provides a better overview of expression distribu-
tions across all cells. In scRNA-seq data there is a very long tail of low-expression and
zero-expression observations, so it is more meaningful to focus on the expression of the
most-highly expressed features in a dataset.

In SCATER, the default plot method for an SCESet object produces a cumulative expres-
sion plot, so simply applying the function plot to an SCESet object produces this useful

overview of the dataset. By default, the cumulative proportion of each library accounted
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plot(sce_simmons, blockl = "batch", colour_by = "sample_information") +
theme (legend.position = "top")
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Figure 5.13: The plot method for SCESet objects plots the cumulative proportion of each library’s
total expression accounted for by the 500 highest-expressed genes. The “blockl” and “block2”
arguments can split the cells to be plotted onto multiple panels, while the “colour_by” argument
can be used to define different colours for different cells. The plot method accesses variables defined
in the phenotype data slot of the SCESet object.

for by the top 500 most-expressed genes is plotted. For the Simmons Data (Figure 5.13),
there is substantial variability in use of “sequencing real estate” (or transcriptional com-
plexity) between cells across the three experimental batches. The 500 most-expressed fea-
tures (here, genes) account for between 70% and 100% of a cell’s total expression. For the
blank “cells”, fewer than 50 genes account for practically all of the expression; ERCC spike-
ins and mitochondprial genes as shown by Figure 5.5. There are some cells with profiles very
similar to the blanks, suggesting the failure of these cells at some point in the experiment.

Cell phenotype variables can be used as “blocking factors” to split the cumulative ex-
pression plot into distinct “facets”, showing different sets of cells (here, cells are faceted by
experimental batch), as shown in Figure 5.13. Cell phenotype variables can also be used to
colour cumulative expression curves (here, curves are coloured by the type of the sample,
“Blank”, “Bulk” or “Cell”), helping to highlight differences in expression distributions for
different types of cells.
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Cumulative expression plots are a useful innovation for scRNA-seq data and should
take over from boxplots as a default method for gaining an overview of expression distri-

butions across all cells in a dataset.

5.4.2 Exploring cell-type structure with reduced-dimension representations

To understand relationships, similarities and differences between cells it can be helpful to
visualise the cells in a reduced-dimension space. With expression values typically avail-
able for thousands to tens of thousands of features, it is not possible to visualise cells in
“expression space” with thousands of dimensions. Reducing the dimensionality of the cell
information enables visualisation of cell relationships in a small number of dimensions,
which can be plotted. Often just plotting the first two dimensions of a reduced-dimension
representation of cells can highlight important structure in the data. Dimension reduction
is not only useful for visulaisation: some downstream analyses, for example clustering
and pseudotemporal ordering methods (see Section 5.1.2), are better in a reduced space.
Reduced-dimension representations can be used for cell filtering, for example by identi-
tying cells that cluster with blank wells and are likely to be problematic. Once outlier or
otherwise problematic cells have been identified they can be filtered out of the analysis, as
in Section 5.3.6.

The SCATER package makes it easy to conduct principal components analysis (PCA;
see Jolliffe, 2014, for example) and t-distributed stochastic neighbour embedding (t-SNE;
Van der Maaten & Hinton, 2008). PCA is arguably the most widely-used method for di-
mension reduction across many fields, and t-SNE is a newer dimension-reduction method
that has been proven to be an excellent tool for visualising high dimensional data (Van der
Maaten, 2009; Van der Maaten & Hinton, 2012). It has recently been successfully ap-
plied to scRNA-seq data (Amir et al., 2013; Bendall et al., 2014; Macosko et al., 2015). In
Section 5.3.6, above, I demonstrated the utility of visualising cells in reduced-dimension
spaces (specifically, using t-SNE) for identifying cells to filter out of the dataset. More gen-
erally, reduced representations of cells enable the exploration of cell population structure.

Again, SCATER provides simple, but flexible, ways to visualise cells in reduced dimen-
sions directly from an SCESet object, with the functions plotPCA (for PCA plots), plotTSNE
(for t-SNE plots) and plotReducedDim, which will plot whichever values are stored in the
reducedDimension slot of an SCESet object. This final approach means that any reduced-
dimension representation of cells (for example, an independent component analysis pro-
duced by MONOCLE or similar) can be stored in an SCESet object and plotted conveniently.
Iinclude PCA methods in SCATER because PCA is a very widely used and well-understood
method that many users will be comfortable using.

While less familiar than PCA, t-SNE tends to produce better visualisations. However,

t-SNE is a stochastic method, which means that plots can change, typically in a minor
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fashion but occasionally in a major way, with repeated runs. In practice, I have found it
valuable to set a “random seed” for t-SNE plots (done for the t-SNE plots in this chapter)
to make them reproducible. Unlike PCA, which is deterministic and will only produce one
visualisation from a given dataset, t-SNE has several parameters that can be adjusted. Most
important is the perplexity parameter. The perplexity parameter can be loosely thought of
as the expected number of neighbours for each datapoint and its value can be experimented
with to improve visualisations (Van der Maaten & Hinton, 2008). The default plot for the
above methods shows the first two components. If any cell controls have been defined,
then those cells are plotted in a different colour. For all of SCATER’s reduced-dimension
plotting functions, cell phenotype variables can be used to define the colour, shape and
size of points on the plot, which is convenient for exploratory analyses.

Using t-SNE is particularly good for cell filtering and exploring cell populations, as it
tends to do a better job at placing similar cell types close together in the reduced-dimension
space. The idea forming the basis of stochastic neighbour embedding is converting high-
dimensional Euclidean distances between datapoints (in our context, cells in expression
space) into conditional probabilities that represent similarities. The idea of measuring sim-
ilarity between datapoints using conditional probabilities is extended to the “map points”,
the low-dimensional representation of the cells, and t-SNE aims to find a low-dimensional
data representation that minimises the mismatch between the conditional probabilities in
the high-dimensional space and the conditional probabilities in the low-dimensional space
(Van der Maaten & Hinton, 2008). Producing two-dimensional representations of high-
dimensional data is inherently challenging because pairwise distances in a two-dimensional
map cannot faithfully model distances between points in the high-dimensional space due
to the “crowding problem”. The crowding problem is that the area of the two-dimensional
map available to accommodate moderately distant datapoints will not be nearly large
enough compared with the area available to accommodate nearby datapoints. Very briefly,
t-SNE generally produces better two-dimensional visualisations of high-dimensional data
than PCA or other approaches because it better solves the “crowding problem” (see Van der
Maaten & Hinton, 2008, for detailed discussion).

For the Simmons Data, the first dimension of the t-SNE plot clearly distinguishes be-
tween cells from ileum and colon samples (as seen in the previous section), whereas PCA
needs a combination of the first two principal components to distinguish between the tis-
sue types (Supplementary Figure A.5). Both PCA and t-SNE do a good job of clustering
blank wells (and with them, presumably failed cells).

Observing separation of colon and ileum cells is good, but a more subtle problem is
distinguishing between human and mouse cell-line cells in the Cell Cycle Data. One ba-
sic attempt to determine the species of origin of the cell-line cells (conducted by Eshita

Sharma and John Broxholme) was to take 100 random sequenced reads for each cell and
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align them against sequences in the BLAST “nr” (non-redundant) database (Altschul et al.,
1990; Johnson et al., 2008). The best species match was recorded for each read, and the
species for the cell was assigned based on which species had the most “votes” from the 100
reads. In some cases, this approach identified with confidence which species the cell was
most likely to have come from, but in many cases it did not, with 30—40% of reads mapping
best to human and a similar proportion maping best to mouse. Thus, this approach was
not particularly effective, and it may be possible to do better at determining the species of
origin for the cells and uncovering other structure in the sample of cells using visualisa-
tions. Just looking at the cells from Chip 12 with t-SNE shows four distinct “populations”
(Figure 5.14). Two clusters (when using either the mouse or human transcriptome data)
can clearly be identified as either human or mouse cells, while two other clusters appear
“mixed”, possibly due to lower quality sequencing libraries being produced for these cells
due to biological or technical reasons (or both). PCA plots show a similar picture, but with
noisier clusters (Supplementary Figure A.6).

When all cells in the Cell Cycle Dataset are included in a t-SNE plot, the primary mouse
cells separate clearly from the cell-line cells, using human or mouse data (Figure 5.15).
Several distinct clusters of cell-line cells can be observed. Using PCA does a reasonable job
of separating cell types but, as noted above, gives a noisier visualisation (not shown).

The plotPCA and plotReducedDim functions allow more than just the first two compo-
nents to be plotted by specifying the ncomponents argument (Supplementary Figure A.7).
When more than two components are plotted, the boxes on the diagonal in the scatter plot
matrix show the density for each component. If so desired, the top principal components

can be added to the reducedDimension slot, as so:

sce_simmons <- plotPCA(sce_simmons, ncomponents = 30, return_SCESet = TRUE,
draw_plot = FALSE)

The function reducedDimension (as well as the shorthand redDim) can be used to ac-
cess and assign the reduced dimension coordinates. This means that any other dimension
reduction method can be applied and the coordinates stored. For example, we might wish
to use diffusion maps (Haghverdi et al., 2015) or Gaussian process latent variable models
(Buettner et al., 2015) or any other dimensionality reduction method. One can store these in
the SCESet object and produce plots just as with PCA and t-SNE, using the plotReducedDim
function. By default, for both t-SNE and PCA, feature expression is scaled to have mean
of zero and unit variance, but both can alternatively be done without variance scaling by
changing the “scale_features” argument to plotTSNE and plotPCA. For the Simmons Data,
not scaling the expression data makes only a slight difference (rotation) to the visualisation

produced (not shown), but with other data the effects could be greater.
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Figure 5.14: Scatter plots of the first two components from a t-distributed stochastic neighbour
embedding of the cells from Chip 12 of the Cell Cycle Data are plotted with points coloured by (A,C)
log-10 counts from endogenous genes (i.e. non control genes) tissue type and (B,D) best genome
hit from blasting 100 random reads from the library against the non-redundant BLAST database,

when using expression quantities obtained with the mouse transcriptome (A,B) and the human
transcriptome (C,D).
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Figure 5.15: Scatter plots of the first two components from a t-distributed stochastic neighbour
embedding of all cells from the Cell Cycle Data are plotted with points coloured by (A,C) sample
type and (B,D) chip ID using the mouse transcriptome (A,B) and the human transcriptome (C,D).
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Figure 5.16: Scatter plots of the first two principal components of the Simmons Data computed
only using feature controls with points coloured by (A) tissue type, and (B) percentage of expression
accounted for by feature controls.

As the plots shown in this section demonstrate, reduced-dimension representations of
the cells can be very informative. Providing simple, flexible functions for producing PCA
and t-SNE visualisations in SCATER is thus of great utility for exploring cell populations
in an scRNA-seq dataset. Furthermore, SCATER provides the means to store and plot any

reduced-dimension representation of cells.

5.4.3 Using feature sets from a priori knowledge with reduced-dimension plots

Thus far, the plots of reduced-dimension representations of cells (or projection plots) have
used all available features in the SCESet object. By default, the PCA and t-SNE plots are
produced using the 500 features with the most variable expression across all cells, which
can be changed with the ntop argument. This default approach produces general reduced-
dimension visualisations of the cells that are agnostic towards any particular sources of
variation. This approach is useful for exploring large-scale similarity and difference be-
tween cells. However, in many settings we will want to investigate specific processes
affecting cell-to-cell similarity. Applying a priori knowledge to define feature sets of in-
terest for particular processes can be highly informative. For example, Scialdone et al.
(2015) recently found that using prior knowledge to define feature sets is vital for explor-
ing processes like cell cycle, which can have substantial effects on single-cell expression

measurements (Buettner et al., 2015).
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Figure 5.17: Scatter plots of the first two t-SNE dimensions for the Simmons Data computed only
using feature controls with points coloured by (A) sample information, and (B) batch.

With SCATER, any specific set of features based on prior knowledge can be used for
PCA or t-SNE. A feature set to use can be defined by supplying the feature_set argument
to plotPCA or plotTSNE. This allows, for example, using only housekeeping features or
control features or cell cycle genes to produce reduced-dimension plots. In Figure 5.16,
only the features previously defined as “feature controls” for the Simmons Data, namely
ERCC spike-ins and mitochondrial genes, are used for the PCA. When restricted to feature
controls, the tissue types are no longer separated by the first two principal components,
but there is still a strong relationship visible between the principal components and the
percentage of expression from feature controls. Similarly, in t-SNE plots for the Simmons
Data using only the features defined as “feature controls” the tissue types and three batches
are no longer separated in the first two dimensions (Figure 5.17).

In the Cell Cycle Data there are cells in different phases of the cell cycle, as described
briefly above. A result of this is that the RNA content of cells differs greatly between cells.
This is one feature of single-cell data that often ought to be accounted for in a normalisation
procedure, and one that can be assessed by looking at how gene expression distributions
for sets of genes change after normalisation. I use a set of known cell-cycle genes taken
from Cyclebase 3 (Santos et al., 2015) and augmented with a set of quiescence genes and
lineage differentiation genes from MSigDB (Liberzon et al., 2011) with additional curation
from the literature by Ben Povinelli. I load these gene sets, which I previously saved into
an RData object, and define an SCESet with only the primary mouse cells. I now explore

the cell population structure shown when using only the cell-cycle genes compared with
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using all genes. I also show results before and after normalising TPM expression values to
ERCC spike-ins as done for the Simmons Data in Section 5.3.7.

Reduced-dimension plots produced using a specific gene set can provide a clearer view
of processes operating in a data set. Here, using only cell-cycle genes to produce t-SNE and
PCA plots produces much clearer separation of cells in different phases of the cell cycle
than the corresponding plots using all genes (Figure 5.18). In both the t-SNE and PCA
plots when using cell cycle genes, most of the G2/M and S phase cells cluster together
and are distinguishable from the GO and G1 cells. However, even when using only cell
cycle genes it is difficult to distinguish between GO and G1 cells, a fact that reflects the
underlying biology. When using all genes, distinct clusters for the different cell phases are
not obtained.

The simple normalisation approach does have a useful effect on adjusting expression
levels. Before normalisation there is a noticeable downward trend in average expression
levels when looking at cells in the GO, G1, G2/M and S phases (Figure 5.19A). This effect
is likely driven by the fact that cells in the GO and G1 phases will have lower RNA content
than cells in the G2/M and S phases. Of course, the ERCC spike-ins should show, on
average, the same expression levels across all cells. After normalisation this is closer to
being the case, with similar distributions achieved for ERCC spike-ins across genes in the
four defined cell phases (Figure 5.19B). Thus, normalising to expression levels of ERCCC
spike-ins does seem to account for this RNA content effect.

Looking at expression densities for cells before and after normalisation shows more
consistency across cells for the expression distributions of the ERCC genes, but large dif-
ferences in expression distributions including all genes for a number of cells (Figure 5.20).
After normalisation, expression distributions across cells are much more similar than be-
fore normalisation, where there are numerous cells with expression distributions very dif-
ferent from the majority of the cells. For the well-behaved Simmons Data, with a relatively
high degree of consistency between cell libraries, the normalisation to ERCC controls did
not drastically change the relationships between cells. For the Cell Cycle Data’s primary
mouse HSCs, where we observe much larger differences in expression profiles between
cells (likely driven, it appears, by cell cycle effects), normalisation to ERCC controls has a
large effect on expression distributions, stabilising expression distributions to a large extent
between cells (Figure 5.20).

After data normalisation, the t-SNE and PCA plots generated using only the cell cy-
cle genes look qualitatively very similar to those produced with data before normalisation
(Figure 5.21A,C). However, the t-SNE and PCA plots generated using all genes after nor-
malisation (Figure 5.21B,D) show a little more separation of cells in different phases of the
cell cycle than in the corresponding plots before normalisation (Figure 5.18B,D). These re-

sults suggest that even applying this simple normalisation method may usefully remove
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Figure 5.18: For the primary mouse cells in the Cell Cycle Data, t-SNE plots using log2-
transformed TPM values before normalisation using (A) only cell cycle genes and (B) all genes.
PCA plots after ERCC TPM normalisation using (C) only ERCC genes and (D) all genes. Cells are
coloured by observed cell cycle phase, determined by Hoechst and pyronin-Y staining.
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Figure 5.19: Expression plots for four ERCC spike-in genes for the primary mouse cells in the Cell
Cycle Data (A) before ERCC TPM normalisation, and (B) after normalisation.

some unwanted variation from the data, emphasising differences between cells in different

phases of the cell cycle.

5.5 Software and data integration

To be as effective as possible, contemporary bioinformatics tools ought to build on existing
tools, operate in familiar environments and interact and integrate with other tools offering
complementary functionality. The SCATER package achieves these goals as it is written
in the R language, possibly the most popular environment for statistical computing (at
least in the life sciences), and builds on many general statistical R packages and other
Bioconductor packages focused on bioinformatics. The package is also able to integrate
many different forms of data useful for scRNA-seq data, enabling better data organisation
and thus more efficient and reproducible analyses.

There are two subsections in this section. The first subsection discusses SCATER’s in-
tegration with other software. It describes: (1) the other software packages upon which

SCATER builds directly and other packages that provide methods that could be integrated
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transformed TPM values (left column) or ERCC-TPM normalised log-transformed TPM values as
expression values. Each curve represents the expression distribution for one primary mouse cell in
the Cell Cycle Dataset.

with SCATER and be incorporated into a SCATER workflow; (2) the SCESet class and its ad-
vantages in further detail; (3) rapid quantification of transcript abundance using SCATER’s
wrappers to KALLISTO; and (4) details of SCATER’s automated QC output. The second

subsection describes SCATER’s integration of scRNA-seq data with other data modalities.

5.5.1 Integration with other software

5.5.1.1 Building SCATER on R and Bioconductor

As previously mentioned, SCATER is an R package that builds on the R (R Core Team,
2015b) and Bioconductor (Gentleman et al., 2004; Huber et al., 2015) ecosystems of statis-
tical and bioinformatic tools. The SCATER package uses many recent packages for best-
practice functionality.

I build on numerous packages from the Comprehensive R Archive Network (CRAN)
that provide general tools for statistical computing. In particular, I make use of the ggplot2
(Wickham, 2009, 2011a), ggthemes (Arnold, 2015), cowplot (Wilke, 2015), and Rtsne (Kri-
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Figure 5.21: t-SNE plots using log2-transformed TPM values after ERCC TPM normalisation using
(A) only cell cycle genes and (B) all genes. PCA plots after ERCC TPM normalisation using (C) only
cell cycle genes and (D) all genes. Cells are coloured by observed cell cycle phase, determined by
Hoechst and pyronin-Y staining.
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jthe, 2015) for producing the flexible, attractive and user-modifiable plots shown earlier in
this chapter. For reading in and manipulating data, SCATER uses data.table (Dowle et al.,
2014), dplyr (Wickham & Francois, 2015), plyr (Wickham, 2011b), reshape2 (Wickham,
2007), rhdf5 (Fischer & Pau, 2015) and rjson (Couture-Beil, 2014). I use the matrixStats
package (Bengtsson, 2015) for several functions that allow high-speed computations on
matrices, and the parallel package (R Core Team, 2015b) to run computations on multi-
ple threads.

For added functionality specific to bioinformatics problems, SCATER uses many pack-
ages from the Bioconductor project. Following good programming practice to maximise
code reuse (Wilson et al., 2014), I build on the foundation of the Bioconductor architecture
made available in the packages Biobase and BiocGenerics (Huber et al., 2015). In par-
ticular, as discussed in further detail in the next section, SCATER’s SCESet class builds on
the Bioconductor ExpressionSet class. In SCATER, functions from the edgeR package (Robin-
son et al., 2010) are used to compute normalisation factors and counts-per-million values,
the 1imma package (Smyth, 2004; Ritchie et al., 2015) is used for highly efficient fitting of
feature-wise linear models and SCESet objects can be converted to CellDataSet objects for
use with the monocle package to produce pseudo-temporal orderings of single cells (Trap-
nell et al., 2014).

Even with extensive use of existing R and Bioconductor packages, SCATER adds a great
deal of extra functionality. The package defines approximately 75 functions. About one
third of these are user-level functions and the remainder are internal. These functions
comprise approximately 3,500 lines of code with 2,500 lines of documentation. To help the
user take advantage of the SCATER’s functionality, the package is fully documented and
comes with a “vignette” explaining and demonstrating the main workflows available.

Section 5.1.2.4 reviewed the major analysis methods for scRNA-seq data. Almost all of
the existing analysis tools are implemented in R, which makes it easy to incorporate them
into a SCATER workflow. Furthermore, almost all of the statistical modelling methods as-
sume a tidy, pre-processed dataset, so quality control and normalisation remains necessary,
even if one wishes to do sophisticated analyses with other tools downstream. The mod-
ular design of SCATER and the convenience of the flexible SCESet class as a container for
scRNA-seq datasets makes SCATER a very useful foundation for all scRNA-seq analyses.
The SCESet class has slots for cell-cell and gene-gene similarity matrices (see Figure 5.4), so
output from the many cell and gene clustering methods can be stored in an SCESet object
and plotted, as can reduced-dimension representations of cells (discussed in the previous
section). The package also provides an implementation of rank-product methods for dif-
ferential expression, which can be used for identifying DE genes in a single dataset, for
meta-analysis or for obtaining a consensus DE ranking from a set of DE methods (as dis-

cussed in Section 5.1.2.4).
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The SCATER package thus builds on a large number of excellent R software tools and,
by acting as a hub in the scRNA-seq analysis network, can facilitate the use of many more

existing packages for downstream analysis.

5.5.1.2 The SCESet class and its advantages

The cornerstone of the SCATER package is the SCESet class, which I developed as the data
structure for scRNA-seq data upon which all of the methods for the package are built.
As well as enabling the suite of tools available in SCATER, the SCESet offers some specific
advantages over alternative possible data structures for scRNA-seq data. Below, I outline
some aspects of the SCESet class not covered in Section 5.1.3.

In SCATER, single-cell expression data is organised in objects of the SCESet class (Fig-
ure 5.4). The class is derived from the Bioconductor ExpressionSet class, which provides a
general, structured and common interface for expression data (microarray, RNA-seq, etc),
which may be familiar to those who have analysed microarray or RNA-seq experiments
with Bioconductor (Huber et al., 2015). The class requires a minimum of three input ob-

jects:

1. exprs, a numeric matrix of expression values, where rows are features, and columns

are cells;

2. phenoData, an AnnotatedDataFrame object (a Bioconductor class), where rows are cells,
and columns are cell attributes (such as cell type, culture condition, day captured,

etc.);

3. featureData, an AnnotatedDataFrame object, where rows are features (e.g. genes), and

columns are feature attributes, such as gene identifier, biotype, GC content, etc.

In addition, an SCESet object can contain much more information, as summarised in Fig-
ure 5.4 and discussed below.

The requirements for the SCESet class (as with other 54 classes in R and Bioconductor)
are strict. The idea is that enforcing strictness when generating a valid class object ensures
that downstream methods applied to the class will work reliably. Thus, the expression
value matrix must have the same number of columns as the phenoData object has rows,
and it must have the same number of rows as the featureData dataframe has rows. Row
names of the phenoData object need to match the column names of the expression matrix.
Likewise, row names of the featureData object need to match row names of the expression
matrix. Further sanity checks are carried out in SCATER when generating or modifying
SCESet class objects and an error is returned to the user if any of the checks fail.

A new SCESet object can be constructed directly from Fastq files using the wrapper

functions to KALLISTO (as demonstrated in Section 5.3.1), or by using raw count or other
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data matrices with the newSCESet function. If count data are supplied, then the exprs slot
in the SCESet object will be generated as either log, (TPM + 1) or log, (CPM). Transcripts-
per-million (TPM) is the preferred unit for RNA-seq expression (bulk or single-cell), as
discussed above, but calculation of TPM requires feature lengths (specifically transcript
lengths; Trapnell et al., 2013). If, for example, only gene-level counts are available, or if
feature lengths are unavailable for transcript-level counts, then CPM can be used instead.
In SCATER, values are computed using the cpm function from EDGER (Robinson et al., 2010).
Although not generally recommended for analysis, FPKM values can be stored in and
accessed from SCESet objects. Almost all of SCATER’s QC, normalisation and visualisation
methods work with count, TPM, CPM, and FPKM data stored in an SCESet object, so the
full functionality of the package is available for whichever units the user wishes to employ
for their scRNA-seq data.

The SCESet class in SCATER has several slots that are not present in the Bioconductor

ExpressionSet class, but are necessary or useful for scRNA-seq data (see also Figure 5.4):

* logged: alogical scalar indicating whether or not the expression values in the exprs slot
have been transformed to the log2-scale most commonly used for gene expression
data.

* logExprsOffset: a numeric scalar providing an offset value applied to expression data
when undergoing log2-transformation to avoid trying to take logarithms of zero val-
ues.

¢ lowerDetectionLimit: a numeric scalar giving the threshold above which observations
are deemed to be “expressed”, that is, have a non-negligible expression value.

¢ cellPairwiseDistances: a numeric matrix containing pairwise distances between cells.
There is no restriction on how the distances are computed, only that the matrix has
the correct size.

e featurePairwiseDistances: a numeric matrix containing pairwise distances between fea-
tures (usually genes or transcripts). As with the cell distances, there are no restric-
tions other than the requirement that the matrix is the correct size.

¢ reducedDimension: a numeric matrix containing a reduced dimension representation
of the cells. Rows represent cells, and columns represent coordinates for components
in the reduced dimensional space. For example, this slot may contain the first 20
principal components for the cells.

* bootstraps: a numeric array containing bootstrap samples of the expression (possibly
count) values. If KALLISTO is used to quantify transcript abundance there is the op-
tion to compute bootstrap samples of the estimated counts. This slot exists to store

any bootstrap samples produced. It has row and column dimensions the same as the
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assayData slot (which holds exprs, counts and other expression assay data), and the

third dimension represents the different bootstrap samples.

The slots above are utilised in many settings but are not required for a valid SCESet ob-
ject. The logged, logExprsOffset and lowerDetectionLimit values can be defined by the user or
computed automatically on generation of an SCESet object.

The SCESet object acts as a container for all of the different types of information that we
need to associate with the expression data itself, greatly simplifying the organisation of an
scRNA-seq analysis. This container can contain many transformations of the expression
data (for example, count data, TPM data, FPKM data, log2-transformed data, standardised
expression values, and normalised expression values), feature information, and cell meta-
data, along with all of the information in the slots described above. Critically, complete
subsetting methods are available for SCESet objects. This may sound trivial, but it means
that one can select any subset of features and cells and know, with full confidence, that
the correct feature information, cell metadata, and everything else, will be subsetted as
well. Instead of an R environment containing many separate objects that need to be very
carefully managed, the SCESet object allows the analyst to have just one data object.

Crucially, SCESet objects have many methods assigned to them. This approach of
object-orientation is important from a programming perspective, enabling “safe” program-
ming practices based on the strict class definition of the SCESet (Chambers & Lang, 2011).
Methods for SCESet objects can be more stable, and more modular (and should be less likely
to have bugs), since the method “knows” the structure of the data object and what infor-
mation it can contain. The package contains many user-level functions that are designed to
work on SCESet objects (Figure 5.3 shows the most important of these). In addition, there
are many specific functions for accessing data from and assigning data to slots in an SCESet
object (Supplementary Table A.3).

As well as the direct advantages of the SCESet class within the SCATER package, the
SCESet class allows almost seamless interaction of SCATER with other Bioconductor pack-
ages. The SCESet class “inherits” the ExpressionSet class, which means that any functions
in other packages that work on ExpressionSet objects will work on SCESet objects. For ex-
ample, in the previous sections I produced expression density plots using the matdensity
function from the QUANTRO package (see FIgure 5.20 and Supplementary Figures A.3 &
A.4). Using the QUANTRO (Hicks & Irizarry, 2015) function on the SCESet object “just
works” because the design of the class, and the whole SCATER package, is geared towards
such seamless interoperability for SCATER and other packages, particularly those in the

Bioconductor project.
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5.5.1.3 Rapid quantification of transcript abundance

Quantification of transcript (or gene) abundance from RNA-seq data has typically been
done with an “align-and-count” strategy, as described earlier in the chapter. As RNA-
seq datasets reach the scale of tens of millions of reads across hundreds or thousands of
samples, however, the align-and-count strategy for abundance quantification becomes a
significant bottleneck in the analysis of RNA-seq data. For single-cell RNA-seq data, typ-
ical datasets currently consist of millions of reads from hundreds of cells, but the largest
published single-cell RNA-seq studies are already reaching the tens of thousands of cells
(Macosko et al., 2015, for example). Such scale will inevitably become widespread as high-
throughput technologies are further developed and adopted. Quantification strategies that
require computational time measured in hours of core time per sequenced library are not
suited to such large single-cell RN A-seq datasets.

An alternative to the “align-and-count” approach has recently emerged enabling ex-
tremely rapid transcript quantification using “pseudoalignment” (Bray et al., 2015) or “light-
weight alignment” (Patro et al., 2015) strategies. As discussed in Section 5.1.2.1, these ap-
proaches use a probabilistic framework based on the idea of “transcript compatibiity” with
sequenced reads to estimate transcript abundance. Instead of requiring each RNA-seq read
to be mapped to a specific location in the transcriptome (or genome), these new methods
seek to answer the question, with which transcripts is each read compatible? With appar-
ently little or no loss of accuracy, these new approaches reduce the computational time
required for transcript quantification by orders of magnitude compared with the align-
and-count strategies, with low memory requirements. Results presented by Bray et al.
(2015) indicate that transcript abundance quantification with KALLISTO could be over 200
times faster than the combination of TOPHAT and HTSEQ currently used in the standard
pipeline by the Genomics Core at WTCHG, Oxford. My experience suggests that at least
a 200-fold increase in speed seems achievable in practice on real data (data not shown as
precise timings were not available from the WTCHG Genomics Core).

As demonstrated in Section 5.3.1, SCATER enables a user to conduct rapid transcript
abundance quantification from raw read data within R. Currently, KALLISTO is supported
in SCATER with the function runKallisto (parallelised using multiple threads, if available)
to quantify abundance, and the results can be read into the R session, directly into an
SCESet object using the function readkallisto. Support for SALMON will be added to
SCATER in the next development cycle. As the results for the Simmons Data case study
above showed, these methods in SCATER enable the user to go from millions of raw reads
for hundreds of cells to transcript abundances in an SCESet object in R within a couple of

hours, compared to waiting weeks for summarised count data from a bioinformatics core
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facility, or using a week of cluster time. Remarkably, transcript abundance quantification
for datasets of this size could even be done overnight on a laptop.

Importantly, there seems to be no downside in terms of data quality when quantifying
transcript abundance with KALLISTO. On the Simmons Data, KALLISTO tends to provide
higher counts than the align-and-count approach used in the WTCHG Genomics Core (Fig-
ure 5.22A). Across the full range of expression values, KALLISTO appears to extract more in-
formation out of the raw read data than the align-and-count approach. Agreement is very
close for ERCC spike-in genes and mitochondrial genes, which are highly expressed (Fig-
ures 5.22D and 5.22E). For cyclin genes and eukaryotic translation factor genes, agreement
between the two approaches is high for highly expressed genes, but there are large differ-
ences at low expression levels (Figures 5.22B and 5.22C). In particular, many observations
with low expression according to the align-and-count method obtain counts many orders
of magnitude higher with KALLISTO. Thus, KALLISTO is able to find transcript compatibil-
ity for more reads than can be assigned and counted for features with the align-and-count
strategy, which discards multiply-mapping reads.

Rapid transcript quantification with KALLISTO and pre-processing and QC with SCATER
enables rapid prototyping for scRNA-seq studies. The field of single-cell genomics is pro-
gressing remarkably quickly, so researchers in the field need to produce results within
short time frames. However, technologies and protocols are also developing quickly and
prone to all manner of failures and biases. The nature of single-cell genomics at present
thus makes rapid prototyping crucial for successful scRNA-seq studies. For example, one
might wish to run a pilot experiment using one 96-cell C1 chip, before proceeding (or not)
with the study. The pilot may reveal experimental or technical weaknesses to be remedied
before spending more time, money and effort on a larger experiment. If prototyping time,
specifically data pre-processing, QC and analysis time (once reads are obtained from the
sequencer), for an experiment can be reduced from weeks to days, then large benefits to

researchers accrue.

5.5.14 Automated QC output

With extremely fast tools like KALLISTO and SALMON likely to become the standard tools
for RNA-seq expression quantification in the near future, current RNA-seq quality control
workflows need to change. Current RNA-seq pipelines, particularly in large bioinformat-
ics “core” facilities, use the standard align-and-count approach to quantification, so map
RNA-seq reads and typically produce QC metrics from the mapped read output. Tools
like KALLISTO and SALMON will not necessarily produce equivalent output. Thus, quality
control workflows for the future cannot rely on using mapped reads to define QC metrics.

This expectation for the future of RNA-seq analysis drives SCATER’s focus on generating
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Figure 5.22: Scatterplots of gene counts for the batch 2 and batch 3 cells from the Simmons Data
computed using KALLISTO (version 0.42.2) and the standard “align-and-count” approach from the
WTCHG Genomics Core, which uses TOPHAT version 2.0.12 and HTSEQ version 0.6.1p1. The hu-
man transcriptome, with ERCC spike-in sequences added, from Ensembl Release 75 (Flicek et al.,
2014) was used for both quantification approaches. Plots are shown for: (A) a random sample of
100,000 observations; (B) cyclin genes (involved in the cell cycle); (C) EIF family genes (eukary-
otic translation factor genes); (D) ERCC spike-in control genes, and (E) mitochondrial genes. Raw
counts are plotted with an offset of 0.5 on the log2-scale. Pearsons’s r? values are shown on each
plot, computed from the log-transformed counts. A smoothed fit from a generalised additive model
is shown in blue on each plot.
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QC metrics directly from the transcript- and gene-level abundance data, without needing
read mapping information.

To make single-cell RN A-seq as seamless as possible, SCATER automatically computes
a large number of QC metrics with the calculateQCMetrics function, as shown in Sec-
tion 5.3.4. With that function, a large number of the feature-level QC metrics (Supple-
mentary Table A.1) and cell-level QC metrics (Supplementary Table A.2) are automatically
calculated. These metrics are very useful for pre-processing and quality control, as demon-
strated throughout the Simmons Data case study in Section 5.3. The data analyst does not
need to spend time ruminating on appropriate QC metrics to compute, or writing code to
compute them. Instead, they can proceed to explore the dataset through the lens of the
automatically computed metrics and the visualisation tools provided in the package (as
seen in Sections 5.3 & 5.4). There is sufficient information in the feature-level expression

data that quality control metrics derived from mapped reads are not required.

5.5.2 Integration with other data modalities

Integration of different data types with single-cell expression data is a key aspect of sScRNA-
seq studies, and one which will only become more important as single-cell genomics tech-
nologies develop further. The SCATER package currently has substantial capacity for inte-
grating other data modalities with single-cell expression data, discussed below along with
ideas for future work that would extend these capabilities further in exciting directions.

With expression data, possibly in several forms, for a large number of cells and features
(transcripts or genes) stored in an SCESet object, it is usually necessary to add annotation
information about the features. I showed in Section 5.3.2 how easily SCATER can integrate
feature annotations with expression data. The getBMFeatureAnnos function allows a user
to add a large range of feature information to the SCESet object. Thus, with a single func-
tion call, just about any desired feature information can be added to an SCESet object. The
feature data can be obtained from an SCESet object with the accessor function fData. The
Simmons Data case study showed that feature annotation information is useful through-
out the QC process, as well as for more biologically-focused downstream analyses (not
shown). Adding this information to the SCESet is convenient, as it then becomes securely
“attached” to the expression data, even as subsetting of cells and features takes place.

As important as feature annotation information (if not more so) is incorporating cell
metadata into an SCESet object. Any responsible experimentalist will record a large amount
of experimental metadata for each cell, typically in the form of a spreadsheet or data frame.
This information is crucial for quality control (the focus here) and for answering inter-

esting scientific questions about the biology of the system under study (the focus almost
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everywhere else). The accessor/assignment function pData makes it easy to add cell meta-
data (“phenotype data” in SCATER/Bioconductor parlance) to an SCESet object, as demon-
strated in Section 5.3.3. Validity checks on the object make sure that the cell names of the
phenotype data match the cell names of the expression data. This double-checking reduces
the chance of the wrong metadata being assigned to a cell: an easy mistake, but one that
can be hard to catch and have serious downstream consequences (Baggerly & Coombes,
2009; Hutson, 2010).

The SCATER package is therefore capable of integrating any kind of cell-level data with
the expression data in an SCESet object. To take a particularly useful example, cell imaging
data (obtainable with certain protocols; see Figure 5.2), such as Hoechst staining of cells
for DNA content (Latt et al., 1975) or pyronin-Y staining for RNA content (Darzynkiewicz
et al., 1986), can provide valuable information about cell viability or cell cycle (mentioned
in passing for the Cell Cycle Data above). Any quantitative or qualitative information
from cell imaging is, obviously, cell-level phenotype data (or metadata), so can naturally be
added to the phenoData slot of an SCESet object to be safely integrated with the expression
and other data for the experiment. This functionality will be particularly useful with the
arrival of Fluidigm’s new “Polaris” instrument, which enables more interaction with, live
imaging of, and genomic assaying of, single cells (Fluidigm, 2015) and will provide even
richer cell phenotype information than is currently available.

An important current trend for single-cell genomics appears to be assaying multiple
data modalities from the same cells. It is already possible to sequence the genome and tran-
scriptome of single cells (Dey et al., 2015; Li et al., 2015; Macaulay et al., 2015) in parallel,
and singlecell epigenomic assays are developing rapidly, with single-cell bisulfite sequenc-
ing for assaying genome-wide methylation (Guo et al., 2013; Smallwood et al., 2014; Farlik
et al., 2015) and a single-cell assay for transposase-accessible chromatin using sequencing
(ATAC-seq; Cusanovich et al., 2015; Buenrostro et al., 2015a,b) already available. It seems
likely that in the near future we will be able to measure genomic DNA, transcript and gene
expression and multiple epigenetic data types in parallel in individual cells. Integrating
such diverse data modalities into a single analytical framework is challenging, but this is
a major goal for the future development of the SCATER package, discussed further in the

context of future work below.

5.6 Discussion and conclusions

Single-cell RNA-seq is an exciting new technology for studying the transcriptome at the
resolution of individual cells. However, with this new data type, pre-processing, quality
control and data normalisation are crucial. This chapter introduced the SCATER package

for pre-processing, quality control, normalisation and visualisation of scRNA-seq data. The
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package fills a current gap in the scRNA-seq workflow between raw read data and clean,
tidy gene- or transcript-level expression data ready for downstream analysis.

The integration of KALLISTO with SCATER enables extremely fast quantification of tran-
script abundance using raw read data, from within an R environment. Until early in 2015
the idea that one could process and analyse raw RNA-seq read data from hundreds of sin-
gle cells in a matter of hours on a laptop was fanciful. However, the combination of SCATER
and the new extremely rapid transcript-compatibility tools for transcript abundance quan-
tification now make this possible. For researchers who have grown accustomed to tran-
script and gene abundance estimates for RNA-seq data to take on the order of weeks of
computation time to generate (plus delays due to inevitable backlogs in data centres and
bioinformatics core facilities), this increase in speed of processing and flexibility for the
end user to run everything themselves expands the possibilities for scRNA-seq studies.
The traditional “pipeline” of multiple bioinformatic tools needing to be connected with
ad hoc glue scripts and careful checkpointing can be almost completely replaced with a
SCATER workflow in R.

The SCATER package helps address the fundamental problems of normalisation and
quality control for scRNA-seq data. The functionality of the package is a long way ahead of
existing software in terms of the completeness and flexibility of the tools it provides and the
workflow it enables. To achieve this, SCATER also solves the fundamental problem of how
to organise scRNA-seq data in a sensible fashion. The SCESet class, tailored specifically
for scRNA-seq data, underpins the SCATER package and enables the large suite of methods
shown throughout this chapter. A thorough and consistent approach to accessing data
from, and assigning data to, an SCESet object and seamless subsetting methods make the
data analyst’s life much easier. As I hope this chapter has demonstrated, SCATER provides
a simple, but flexible and thorough, workflow for pre-processing, QC and normalisation of
scRNA-seq data. The workflow makes use of many types of QC plots available in SCATER,
which features deep visualisation capabilities for scRNA-seq data.

In the world of RNA-seq and, as is becoming evident, scRNA-seq—unlike in many
areas of statistical genetics—data analysis is often not done by expert statisticians, genomi-
cists and bioinformaticians. Instead, it is frequently done by lab biologists who wish to
(or have no choice but to) analyse their own data, but have limited statistical, bioinfor-
matic and programming experience. For such people, coming to terms with a single en-
vironment for data analysis (R/SCATER) is greatly preferable to having to learn multiple
command line tools. The SCATER package is fully documented and has an accompanying
vignette (a document combining code examples and explanation) to introduce users to the
package’s capabilities and demonstrate the basic workflow.

Big clusters and data centres are not necessarily required for “big data”. Instead, a

“distributed model” is possible for scRNA-seq, in which individual researchers analyse
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their data locally on their laptop, desktop or server. Such a model benefits the researchers
themselves as well as reducing demand on overworked core facilities. The SCATER package
enables this model for scRNA-seq data analysis.

By providing a single workflow, in a single environment, that starts with raw read
data and ends with data prepared for downstream analysis, SCATER can aid reproducible
research. As demonstrated by this chapter, itself a “live” KNITR document with embedded
R code, SCATER is well suited to analyses written as “literate programming” documents in
ETEX or R Markdown (RStudio, 2015). To provide just one example of many possibilities,
SCATER could be used for automatic QC report generation. Essentially, a “targets” file
could be supplied indicating the files containing raw read data and a QC report could be
produced providing many of the diagnostic plots and analyses illustrated in this chapter.
For the time being, hands-on QC and analysis is likely to be required, but such automatic
report generation could be a useful starting point for core facilities or groups generating a
large number of scRNA-seq datasets.

The SCATER package is open-source and I have made the source code available on
GitHub (github.com/davismcc/scater). I plan to submit the package to Bioconductor for
release in early 2016. The utility of SCATER is already being proved in practice. The package
is currently used by a number of colleagues at the Wellcome Trust Centre for Human Ge-
netics and the Weatherall Institute for Molecular Medicine in Oxford. Furthermore, SCATER
forms the basis of Kieran Campbell’s EMBEDDR package (github.com/kieranrcampbell/
embeddr).

The SCATER package has now reached the stage of a stable beta release, but is under
continuing development. A great deal of future work is planned to improve and broaden
SCATER's capabilities.

To improve the computed QC metrics I would like to develop a way to convey library
complexity in a single metric in a similar way to how PCR duplicate reads are currently
used. There are other also other, more sophisticated, methods under development for
identifying problematic cells from scRNA-seq data (Sarah Teichmann, personal commu-
nication), so I plan to integrate or incorporate such methods once they become available.

I would also like to increase the options for normalisation offered in SCATER. Single-
cell quantile and rank normalisation methods require substantially more development, but
I would like to add these type of methods to the package once they are mature. In the
shorter term I plan to integrate more sophisticated normalisation routines such as BASICS
and GRM into the SCATER workflow. I also plan to incorporate testing for overdispersed
or highly variable genes in the package in the near future.

I plan to extend the plotting capabilities further, in particular by expanding the range
of dimension reduction methods available. For example, I would like to add functional-

ity to produce visualisations from zero-inflated factor analysis (Yau & Pierson, 2015) and
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diffusion maps (Haghverdi et al., 2015) as easily as PCA and t-SNE. I plan on making
adjustments to some of the existing plotting functions to ensure that all of the plots pro-
duced feel the same thematically. Along similar lines, I plan to revise naming conventions
throughout the package to ensure that they are consistent and intuitive.

Developing the SCATER architecture and methods to handle multiple genomic, tran-
scriptomic and epigenomic data modalities from the same cells is a major priority for the
next development cycle. Current trends in the field suggest that integrating and cross-
mapping different data types will be crucial for future single-cell analyses (Wills & Mead,
2015). Integrating genomic and epigenomic data types requires non-trivial extensions to
the SCESet class, but is eminently achievable. Adding such functionality would ensure that
SCATER remains an ideal foundation for a wide-range of analyses with single-cell genomics
data.

The SCATER package provides a very useful set of software tools for pre-processing,
quality control, normalisation and visualisation of single-cell RNA-seq data. Future devel-
opment will improve the package further and expand its range to handle more types of
single-cell genomic data. Using the foundation provided by SCATER my future work will
focus again on developing downstream analysis methods and applying them to answer

biologically-focused scientific questions.
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Appendix A

Supplementary Material for Chapter 5

A1 Supplementary tables

QC metric Description

mean_exprs The mean expression level of the gene/feature.

exprs_rank The rank of the feature’s mean expression level in the cell.

n_cells_exprs The number of cells for which the expression level of the fea-
ture is above the detection limit (default detection limit is zero).

total_feature_counts The total number of counts assigned to that feature across all
cells.

loglO_total_feature_counts Total feature counts on the log10-scale.

pct_total_counts The percentage of all counts that are accounted for by the
counts assigned to the feature.

is_feature_control Is the feature a control feature? Default is ‘FALSE’ un-

less control features are defined by the user. If more than
one feature control set is defined (as above), then a column
of this type is produced for each control set (e.g. here,
is_feature_control_ERCC and is_feature_control_MT) as
well as the column named is_feature_control, which indi-
cates if the feature belongs to any of the control sets.

Table A.1: Feature-level QC metrics computed in SCATER with the calculateQCMetrics function.
These QC metrics are added as columns to the “featureData” slot of the SCESet object so that they
can be inspected and are readily available for other functions to use. As with the cell-level metrics,
wherever “counts” appear in the above, the same metrics will also be computed for “exprs”, “tpm”
and “fpkm” values (if TPM and FPKM values are present in the SCESet object), with the appropriate
term replacing “counts” in the name.
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QC metric

Description

total_counts
loglO_total_counts
total_features

filter_on_total_counts
filter_on_total_
features

counts_from_feature_
controls

logl0_counts_from_
feature_controls

pct_counts_from_
feature_controls

filter_on_pct_counts_
from_feature_controls

pct_counts_from_
top_50_features

counts_from_
endogenous_features
logl0_counts_from_
endogenous_features

n_detected_
feature_controls

is_cell_control

Total number of counts for the cell (aka “library size”)

Library size on the log10-scale

The number of features for the cell that have expression above the detection
limit (default detection limit is zero)

Would this cell be filtered out based on its log10-total counts being (by default)
more than 5 median absolute deviations from the median log10-total counts for
the dataset?

Would this cell be filtered out based on its total features being (by default)
more than 5 median absolute deviations from the median total features for the
dataset?

Total number of counts for the cell that come from (one or more sets of
user-defined) control features. Defaults to zero if no control features are
indicated. If more than one set of feature controls are defined (for ex-
ample, ERCC and MT genes are defined as controls), then this metric is
produced for all sets, plus the union of all sets (so here, we get columns
counts_from_feature_controls_ERCC, counts_from_feature_controls_MT
and counts_from_feature_controls).

Just as above, the total number of counts from feature controls, but on the
log10-scale. Defaults to zero (i.e. log10(0 + 1), offset to avoid negative infinite
values) if no feature control are indicated.

Just as for the counts described above, but expressed as a percentage of the total
counts. Defined for all control sets and their union, just like the raw counts.
Defaults to zero if no feature controls are defined.

Would this cell be filtered out on the basis that the percentage of counts from
feature controls is higher than a defined threhold (default is 80%)? Just as with
counts_from_feature_controls, this is defined for all control sets and their
union.

What percentage of the total counts is accounted for by the 50 highest-count
features? Also computed for the top 100 and top 200 features, with the obvious
changes to the column names.

Total number of counts for the cell that come from endogenous features (i.e. not
control features). Defaults to ‘total counts’ if no control features are indicated.
Total number of counts from endogenous features on the log10-scale. Defaults
to zero (i.e. log10(0 + 1), offset to avoid infinite values) if no control features are
indicated.

Number of defined feature controls that have expression greater than the
threshold defined in the object (that is, they are “detectably expressed”;
see object@lowerDetectionLimit to check the threshold). As with other
metrics for feature controls, defined for all sets of feature controls (set names
appended as above) and their union. So we might commonly get columns
n_detected_feature_controls_ERCC, n_detected_feature_controls_MT
and n_detected_feature_controls (ERCC and MT genes detected).

Has the cell been defined as a cell control? If more than one set of cell controls
are defined (for example, blanks and bulk libraries are defined as cell controls),
then this metric is produced for all sets, plus the union of all sets (so we could
typically get columns is_cell_control_Blank, is_cell_control_Bulk, and
is_cell_control, the latter including both blanks and bulks as cell controls).

Table A.2: Cell-level QC metrics computed in SCATER with the calculateQCMetrics function.
These QC metrics are added as columns to the “phenotypeData” slot of the SCESet object so that
they can be inspected and are readily available for other functions to use. Furthermore, wherever
“counts” appear in the above metrics, the same metrics will also be computed for “exprs”, “tpm”
and “fpkm” values (if TPM and FPKM values are present in the SCESet object), with the appropriate
term replacing “counts” in the name.
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Function

Description

counts (object), counts(object)<-

norm_counts (object),
norm_counts (object)<-

exprs(object), exprs(object)<-

norm_exprs (object),
norm_exprs (object)<-
stand_exprs(object),
stand_exprs(object)<-

is_exprs(object), is_exprs(object)<-

tpm(object), tpm(object)<-
norm_tpm(object), norm_tpm(object)<-
cpm(object), cpm(object)<-
norm_cpm(object), norm_cpm(object)<-
fpkm(object), fpkm(object)<-
norm_fpkm(object),
norm_fpkm(object)<-
reducedDimension(object),
reducedDimension(object)<-

redDim(object), redDim(object)<-
norm_tpm(object), norm_tpm(object)<-

pData(object), pData(object)<-

fData(object), fData(object)<-

cellPairwiseDistances(object),
cellPairwiseDistances(object)<-
featurePairwiseDistances(object),
featurePairwiseDistances(object)<-

Returns/assigns the matrix of read counts. If no counts
are defined for the object, then the counts matrix slot is
simply NULL.

Returns/assigns the matrix of normalised read counts.

Returns/assigns the matrix of feature expression
values. Typically these should be log2(transcripts-
per-million) values, although log2(counts-per-million)
or log2(fragments-per-kilobase-per-million-mapped)
could also be used. For many statistical analyses, ex-
pression values need to be appropriately normalised.
The SCATER package will generally assume that the
values in the ‘exprs’ slot are the values to use for
expression.

Returns/assigns the matrix of normalised feature ex-
pression values.

Returns/assigns the matrix of standardised feature ex-
pression values.

Returns/assigns a logical matrix indicating whether
each gene expression observation is above the de-
fined ‘lowerDetectionLimit’ (default is 0). This can
be determined on the count scale or the “expression”
(i.e. ‘exprs(object)’) scale. Changing the threshold by
which we decide whether or not observations count as
“expressed” is straight-forward with the calcIsExprs
function.

Returns/assigns the matrix of TPM values.
Returns/assigns the matrix of normalised TPM values.
returns/assigns the matrix of CPM values.
Returns/assigns the matrix of normalised CPM values.
returns/assigns the matrix of FPKM values.
Returns/assigns the matrix of normalised FPKM val-
ues.

Returns/assigns the matrix of reduced-dimenion coor-
dinates for cells.

Returns/assigns the matrix of reduced-dimenion coor-
dinates for cells.

Returns/assigns the matrix of normalised TPM values.
Returns/assigns the “AnnotatedDataFrame” with the
phenotype (cell) metadata.

Returns/assigns the “AnnotatedDataFrame” with the
feature metadata.

Returns/assigns the matrix containing cell-cell dis-
tances.

Returns/assigns the matrix containing feature-feature
(i.e. gene-gene) distances.

Table A.3: Accessor and assignment functions for SCESet objects.
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is_feature_control)) +
"aliceblue",

A.2 Supplementary figures

ggplot (fData(sce_simmons),
aes(x = gene_biotype, y = n_cells_exprs, colour
geom_violin(group = fData(sce_simmons)$gene_biotype, fill
colour = "gray50", scale = "width") +
geom_boxplot(colour = "gray30", width = 0.3, outlier.size = 0) +
ggthemes: :scale_colour_tableau() + theme_cowplot(8) +
theme (axis.text.x = element_text(angle = 75, vjust = 0.5),
legend.position = c(0, 1), legend.justification = c(0, 1))
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Figure A.1: For the Simmons Data, the number of cells expressing a feature is plotted against
the gene biotype defined for each feature. For each biotype, a boxplot overlaid on a violin plot
illustrates the distribution of number of cells expressing for the features in the category. Ensembl’s
automatic annotation system classifies genes and transcripts into biotypes, meaning the category

of biological function that the gene is expected to have. For details, consult the Ensembl website
(www.ensembl.org/). The “NA” biotype here is in fact the ERCC spike-in control features, which

are not given a biotype from getBMFeatureAnnos, because they are not in the appropriate BIOMART
database. The featureData slot of an SCESet object can be accessed easily with the fData function.

It returns a data frame, which can be used directly as an input to GGPLOT, as shown. As well as
providing a great deal of functionality, SCATER is highly interoperable with other R packages and

methods.
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Figure A.2: Scatter plots of the first two t-SNE components of the Simmons Data with points
coloured by (A) total features, (B) total counts (log-10 scale), (C) percentage of expression accounted
for by feature controls, and (D) counts from endogenous features (log-10 scale).
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Figure A.3: Density plots for expression data in the Simmons Data for ERCC genes (top row) and
all genes (bottom row) when using log2-transformed TPM values (left column) or ERCC-count nor-
malised log-transformed CPM values as expression values. Each curve represents the distribution
of expression values for one cell.
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Figure A.4: Density plots for the Simmons Data for ERCC genes (top row) and all genes (bot-
tom row) when using log2-transformed TPM values (left column) or ERCC-TPM normalised log-
transformed TPM values as expression values. Each curve represents the distribution of expression
values for one cell.
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Figure A.5: Scatter plots of the first two principal components from PCA of the cells of the Sim-
mons Data are plotted with points coloured by (A) tissue type and (B) sample type.
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Figure A.6: Scatter plots of the first two components from a principal components analysis of
the cells from Chip 12 of the Cell Cycle Data are plotted with points coloured by (A,C) log-10
counts from endogenous genes (i.e. non control genes) tissue type and (B,D) best genome hit from
blasting 100 random reads from the library against the non-redundant BLAST database, when using
expression quantities using the mouse transcriptome (A,B) and the human transcriptome (C,D).
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Figure A.7: Paired scatter plots of the first four principal components of the Simmons Data. Points
(cells) in the plot are coloured by experimental batch. Boxes on the diagonal in the scatter plot
matrix show the density for each component.
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“Session information” providing details about the R environment used to conduct the

analysis:
sessionInfo()

R version 3.2.2 (2015-08-14)
Platform: x86_64-apple-darwinl3.4.0 (64-bit)
Running under: 0S X 10.11.1 (E1 Capitan)

locale:
[1] en_GB.UTF-8/en_GB.UTF-8/en_GB.UTF-8/C/en_GB.UTF-8/en_GB.UTF-8

attached base packages:
[1] parallel methods stats graphics grDevices utils datasets

[8] base

other attached packages:

[1] Rtsne_0.10 cowplot_0.5.0 scater_0.1.10

[4] ggplot2_1.0.1 Biobase_2.30.0 BiocGenerics_0.16.1
[7] dplyr_0.4.3 reshape2_1.4.1 scales_0.3.0

[10] RColorBrewer_1.1-2 gplots_2.17.0 knitr_1.11

loaded via a namespace (and not attached):

[1] nlme_3.1-122 bitops_1.0-6

[3] matrixStats_0.15.0 doParallel_1.0.10

[5] GenomeInfoDb_1.6.1 tools_3.2.2

[7] doRNG_1.6 norlmix_1.2-1

(9] R6_2.1.1 irlba_2.0.0

[11] KernSmooth_2.23-15 DBI_0.3.1

[13] lazyeval 0.1.10 colorspace_1.2-6
[15] gridExtra_2.0.0 base64_1.1

[17] preprocessCore_1.32.0 formatR_1.2.1
[19] pkgmaker_0.22 rtracklayer_1.30.1
[21] labeling 0.3 caTools_1.17.1
[23] quadprog_1.5-5 genefilter_1.52.0
[25] Rsamtools_1.22.0 stringr_1.0.0
[27] digest_0.6.8 illuminaio_0.12.0
[29] siggenes_1.44.0 GEOquery_2.36.0
[31] XVector_0.10.0 limma_3.26.3
[33] highr_0.5.1 ggthemes_2.2.1
[35] RSQLite_1.0.0 VGAM_1.0-0
[37] quantro_1.4.0 combinat_0.0-8
[39] BiocParallel_1.4.0 mclust_5.1
[41] gtools_3.5.0 RCurl_1.95-4.7
[43] magrittr_1.5 futile.logger_1.4.1
[45] Matrix_1.2-3 Rcpp_0.12.2
[47] munsell_0.4.2 S4Vectors_0.8.3
[49] proto_0.3-10 viridis_0.3.1
[51] stringi_1.0-1 edgeR_3.12.0
[63] MASS_7.3-45 SummarizedExperiment_1.0.1
[55] zlibbioc_1.16.0 plyr_1.8.3
[57] bumphunter_1.10.0 grid_3.2.2
[569] minfi_1.16.0 gdata_2.17.0
[61] lattice_0.20-33 Biostrings_2.38.2
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[63]
[65]
[67]
[69]
[71]
[73]
[75]
[77]
[79]
[81]
[83]
[85]
[87]
[89]
[91]
[93]
[95]
[97]

splines_3.2.2
GenomicFeatures_1.22.6
locfit_1.5-9.1
igraph_1.0.1
corpcor_1.6.8
mixOmics_5.2.0
biomaRt_2.26.1
futile.options_1.0.0
evaluate_0.8
foreach_1.4.3
reshape_0.8.5
xtable_1.8-0
survival_2.38-3
iterators_1.0.8
GenomicAlignments_1.6.1
registry_0.3
cluster_2.0.3
rgl_0.95.1429

multtest_2.26.0
annotate_1.48.0
beanplot_1.2
GenomicRanges_1.22.1
rngtools_1.2.4
codetools_0.2-14
stats4_3.2.2
XML_3.98-1.3
lambda.r_1.1.7
gtable_0.1.2
assertthat_0.1
monocle_1.4.0
HSMMSingleCell_0.104.0
ellipse_0.3-8
AnnotationDbi_1.32.0
IRanges_2.4.4
fastICA_1.2-0
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Glossary

B-lymphocyte a lymphocyte not processed by the thymus gland, and responsible for pro-
ducing antibodies (a.k.a. B-cell). 125

epithelial of the thin tissue formin the outer layer of a body’s surface and lining the ali-

mentary canal and other hollow structures. 126

Epstein-Barr Virus a herpesvirus causing glandular fever and associated with certain can-

cers; one of the most common viruses in humans. 125

exon a segment of a DNA or RNA molecule containing information coding for a protein

or peptide sequence. 22
fibroblast a cell in connective tissue which produces collagen and other fibres. 126

glucagon a hormone formed in the pancreas which promotes the breakdown of glycogen

to glucose in the liver. 66
GRM genetic relatedness matrix. 83, 88, 89, 93-95, 114, 131, 134, 141, 160, 162, 184-186

GWAS genome-wide association study. 10-14, 67-70, 73, 76, 77, 90, 109, 113, 167, 193, 221

heritability degree of trait variance in a population attributable to genetic factors. 70-72,
141

hormone a regulatory substance, either produced in an organism or synthetically, and
transported in tissue fluids such as blood or sap to stimulate specific cells or tissues

into action. 64

insulin a hormone produced in the pancreas by the islets of Langerhans, which regulates

the amount of glucose in the blood. 64-66

intron asegment of a DNA or RNA molecule which does not code for protein sequence; in
humans, introns are transcribed from genomic DNA, but spliced out of the transcript

before translation of the RNA sequence into protein sequence. 22
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keratinocyte an epidermal cell that produces keratin. 126

lymphoblast an immature lymphocyte that can by activated by an antigen and differenti-

ate to form mature lymphocutes while making clones of its original naive cells. 125
myoblast embryonic stem cell which becomes a muscle cell or fibre. 126

pancreas alarge gland behind the stomach which secretes digestive enzymes into the duo-
denum. Embedded in the pancreas are the islets of Langerhans, which secrete into

the blood the hormones insulin and glucagon. 65, 66

pancreatic islet or islet of Langerhans is a region of the pancreas that contains its en-
docrine (i.e. hormone-producing) cells. Pancreatic beta cells (3 cells) produce insulin.
65
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Acronyms

BMI body mass index. 69

c¢cDNA complementary DNA. 201, 204-206
ChIP chromatin immunoprecipitation. 125, 126, 144, 198

CPM counts-per-million. 207, 208, 230, 232, 240, 263, 275

DE differential expression. 213-218, 261

DNA deoxyribonucleic acid. 5-11, 15, 16, 18, 23, 76, 195, 196, 226, 247, 269
EST expressed-sequence tag. 7

FACS fluorescence-activated cell sorting. 201, 226

FPKM fragments per kilobase per million mapped. 207, 208, 215, 230, 232, 263, 264, 275

GAM generalized additive model. 215

GoT2D Genetics of Type 2 Diabetes. 64, 71, 75-80, 89, 92-94, 98, 100, 101, 112, 113, 117,
119,120, 122, 123, 141, 153, 157, 167, 182, 183, 186, 188, 189, 194

HGP Human Genome Project. 7-9, 12
HGVS Human Genome Variation Society. 23, 24

HSC haematopoietic stem cell. 225, 226, 245, 256
IVT in vitro transcription. 201

LD linkage disequilibrium. 112-114, 134, 160, 168, 169, 171, 184

LMM linear mixed model. 63, 71, 73, 74, 76, 77, 82-84, 86-89, 92, 94-97, 103, 104, 106,
112-114, 120, 122-124, 128, 131, 142, 153, 160, 168, 169, 171, 182, 184, 186, 190, 191, 193

LoF loss-of-function. 30-35, 39, 48, 49, 58-60
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MAF minor allele frequency. 10, 11, 77, 78, 82, 83, 85, 93-95, 97-111, 113-116, 118-120, 122,
123, 129, 133-148, 150, 151, 154-156, 158, 159, 161, 164-178, 180-190, 192-194

mRNA messenger RNA. 5, 7, 195, 200, 201, 203, 204
ncRNA noncoding ribonucleic acid. 144, 145, 149, 152

PCA principal components analysis. 212, 237, 249-251, 255-257, 272

PCR polymerase chain reaction. 201, 214, 215, 219, 271

REML residual (or restricted) maximum likelihood. 74, 88, 90-92, 95, 102, 111, 118, 122,
131, 141, 162, 163, 182, 183, 190

RNA ribonucleic acid. 5, 18, 23, 195, 203-206, 208-210, 226, 247, 255, 256, 269

RNA-seq RNA sequencing. 196, 197, 199, 203-205, 207, 208, 210-214, 217-219, 225, 228,
230, 245, 262, 265, 266, 269, 270, 272

scRNA-seq single-cell RNA sequencing. 198-222, 224-226, 228, 240, 242, 249, 254, 258,
259, 261-264, 266, 268-271

SNP single nucleotide polymorphism. 10, 13, 64, 70, 75-79, 94, 98, 101, 114, 129, 142, 153,
165, 166, 195

T1D type 1 diabetes. 65

T2D type 2 diabetes. 63, 65-71, 75-78, 80, 82, 89, 90, 92, 94, 97-101, 103, 104, 109, 111, 114,
115, 117-120, 122-125, 127, 128, 133, 136, 138, 141-143, 145, 147, 149, 151-153, 158,
162-164, 167, 169,172,173, 177,178, 181, 183, 191-194

TFBS transcription factor binding site. 125, 130, 144-147, 149
TPM transcripts-per-million. 204, 207, 208, 229, 230, 232, 240, 241, 256, 263, 264, 275

t-SNE t-distributed stochastic neighbour embedding. 212, 213, 237, 240, 245, 249-251, 254
257,272

UMI unique molecule identifier. 203

UTR untranslated region. 22, 27, 33, 125, 144, 145, 149, 209

VC variance component. 97, 101, 103, 135, 140-142, 177-180, 184, 185

VCF variant call format. 29, 30
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VE variance explained. 75, 85, 92, 122, 168, 176, 178, 181-183

WES whole-exome sequence. 78, 79

WGS whole-genome sequence. 78, 79
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