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Abstract

During the past two decades, human genomics has increasingly become a data-driven
field, resting on the availability of large-scale datasets and computational tools
for their analysis. This thesis built infrastructure and data resources to facilitate
the analysis of large human genomic datasets, focusing on genotype phasing and
imputation, as well as data simulation. Genotype phasing and imputation are
crucial steps in genome-wide association studies (GWAS), which allow for the
augmentation of an existing dataset with additional genomic variation, thereby
increasing the statistical power to detect associations.

A significant fraction of this thesis is devoted to the processing and analysis
of data from the Genomics England (GEL) 100,000 Genomes project, one of the
largest high coverage sequencing datasets in the UK. We built a reference panel
consisting of 78,195 GEL samples and 342 million autosomal variants. This panel
has been made available to the wider research community, constituting a novel
resource for genotype imputation and phasing of existing datasets. We used the
GEL reference panel to impute autosomal variants in 488,315 samples from the
UK Biobank (UKB) data set, increasing the number of available variants from
631,081 to 342 million. We obtained state-of-the-art accuracy for both phasing and
imputation, with a mean phasing switch error rate of 0.18% in European samples
and an imputation r2 of 0.75 at MAF= 2 × 10−4 in White British samples.

To demonstrate the potential of downstream analyses performed using this
GEL-imputed UKB data set, we conducted a GWAS of four exemplar traits:
standing height, BMI, systolic and diastolic blood pressure. Across these four traits,
the GEL-imputed UKB data allowed the discovery of 988 more rare associations
(MAF ≤ 0.05) compared to a previous version of imputed using HRCUK10K [1].
In addition, imputation using the GEL resource allowed the discovery of 76%
of the exome-wide rare associations that were previously identified using direct
exome sequencing, including several novel associations of missense and TF-binding
variants. We also show that the GEL imputation benefits downstream analyses
such as Bayesian fine-mapping.

Finally, this thesis develops a novel software package for the simulation of large-
scale genomic data sets, called ARGON2. It allows fast backward discrete-time
Wright Fisher (DTWF) simulation, with a performance comparable or superior



to state-of-the-art DTFW simulators across different scenarios. We show that,
under complex demographic models involving multiple populations, ARGON2 is
significantly faster than currently available coalescent simulators. In addition,
ARGON2 enables performing data augmentation of existing data sets, by simulating
new samples over inferred genealogical data. This strategy may be used to generate
large genomic data sets to support study design and methodological development,
particularly for populations that are under-represented in large sequencing studies.
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I suggest ... the term Genetics, which suffi-
ciently indicates that our labours are devoted
to the elucidation of the phenomena of heredity
and variation.

William Bateson, Address to the third
Conference on Hybridisation, 1906
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1.1 Genetics and genetic datasets

1.1.1 Heredity and variation

Genetics was a well established scientific field long before the discovery of the

helical structure and nucleotide compositions of DNA molecules in 1953 [2]. The

1



2 1.1. Genetics and genetic datasets

relationship between the hereditary process and the variation of biological traits

is always at the centre of genetic research. As early as the late 19thcentury, the

Mendelian school derived a set of hereditary principles based on the observations

of discrete and monogenic traits such as the colour of peas. However, it was soon

challenged by the biometric school, focusing on continuous traits. The biometricians

pointed out that the observation of the continuous traits such as height cannot be

fully explained by Mendelian inheritance with monogenic large effect genes [3].

One of the most notable examples is Galton’s 1886 observation of “regression

towards mediocrity” in height measurements. It was until the 1918 landmark paper

by Fisher [4] reconciled the two views, showing that in his famous infinitesimal

model, where numerous genes affects a trait under the Mendelian laws, each with

a small effect, can yield theoretical results that fit the observation of continuous

traits. The model proposed by Fisher shaped our understanding of genetics for

the rest of the century. The infinitesimal model is also known for the modern day

geneticists as the additive effect polygenic model [3].

Mirroring the debate from a century ago about heredity, the ongoing division

between monogenic traits and complex traits continues to drive advancements in

human genetics research well into the late 20thcentury. In the 1980s and 1990s,

Sanger sequencing technique allowed mapping genes to rare and monogenic diseases

by linkage analysis and fine-mapping within pedigrees [5]. During this period, more

than 1000 monogenic diseases were mapped with a single causal gene, including most

notably Huntington’s disease and cystic fibrosis [5]. However, little success were

made for complex traits and common diseases, such diabetes and cardiovascular

disease, until large genetic datasets became available in the 2000s [6], making it

possible to perform genome-wide association studies, testing millions of genetic

markers from thousands of individuals.

Besides the intellectual pursuit of the knowledge of “heredity and variation”,

the research on how genetic variation affects the variation of the phenotypes opened

the doors for many applications. The associated sites, found by GWAS, provided

many potential drug and therapeutical targets for genomics medicine [7]. It is
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also one of the focal points of the personalized medicine and healthcare with

the ever improving accuracy of polygenic risk score, fuelled by better algorithms

and bigger datasets [8, 9].

The future progress in human genetics research relies on the large genetic

datasets. We are witnessing the data being collected at an unprecedented speed

using various sequencing technologies. The academia is no longer the only source

of the genetic data, private sector and public healthcare system are increasingly

involved in this endeavour. To contribute to the grand narrative in the human

genetics research, this thesis is focus on the imputation reference panel building

on large sequencing dataset. Genotype imputation refers to a procedure in which

a sparsely genotyped data, typically using microarray chips, are imputed using a

densely sequenced reference panel, which is widely used in GWAS to boost the

number of testing sites and statistical power [10].

Academia is no longer the main source of novel genetic data, and the private

sector and public healthcare systems are increasingly involved in the endeavour

of gathering such data. To contribute to the grand narrative in human genetics

research, this thesis to focus on building the infrastructure and data resources

for Genome-wide association studies.

1.1.2 Genome-wide association studies
The linear mixed model for GWAS

Quantitative traits can be tested using linear regression, while binary traits use

a logistic regression [11]. Covariates such as age, sex and ancestry are often

introduced to account for stratification and population confounding effect. The

state of the art GWAS methods use a linear mixed model to increase statistical

power by introducing an additional random effect term u to account for the genetic

relatedness. Such methods include BOLT-LMM [12], fastGWA [13], and REGENIE

[14] Suppose we try to test a single SNP in a GWAS with N samples, the linear

mixed model can be stated as follows,

Y ∼ Xβ + u+ ε (1.1)
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where Y is a phenotype vector with length of N , X is N × (1 + c) genotype and

covariate matrix. u ∼ N (0, σ2
gA), where A is a N ×N general relationship matrix,

for instance for parent-child relationship, the value is 0.5. ε ∼ N (0, σ2
eI) is residual

variance due to the environmental effects.

The main goal of GWAS is to obtain the P-value in association tests and estimate

the effect size β for each SNP to identify robust association and elucidate clues

about diseases. Allele frequencies and effect sizes could affect the power to find

associations. Rare variant associations are particularly difficult to find.

Linkage Disequilibrium and fine-mapping

Linkage disequilibrium (LD) refers to non-random correlation between alleles in

different positions along the genome [15]. It can be affected by the population

history, breeding system, recombination, natural selection, mutation, etc [16].

GWAS significant SNPs are not necessarily causal for traits. However, they might

be highly correlated with the neighbouring causal SNPs, in which case they can

be served as “tag SNPs” [17–19].

Fine-mapping methods including, heuristic fine-mapping which is also known as

LD-clumping [11, 17], conditional forward stepwise regression or conditional joint

analysis [20, 21], penalized regression fine-mapping [22] and Bayesian fine-mapping

[23–26], are widely used in order to give a better indication of the causal variants [17].

Functional annotations are also informative for fine-mapping analyses [27–29]. We

used conditional forward step-wise regression analysis and a rudimentary Bayesian

fine-mapping method for fine-mapping rare and common variants (see Chapter 4).

Missing heritability

Despite the early success, the GWAS approach encounters an issue of “missing

heritability”, which was difficult to explain at the time. Heritability broadly refers

to the proportion of phenotype variation explained by the genetic variation [30–32].

The narrow-sense heritability takes only additive genetic effect into account, whereas

the broad-sense heritability takes both additive and non-additive effects, such as

gene-gene interactions into account [30–32].
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The early GWAS tagged markers can only explain a very small fraction of

heritability estimated by twin studies [33]. For instance, the heritability estimated

by GWAS is 0.03, in contrast to the twin study estimation (0.64) for human

standing height. Complex traits are not mere aggregations of Mendelian conditions,

but thousands of common variants with small to modest effects [7, 34, 35]. The

potential places where we can find the missing heritability are common variants with

small effects, often under-powered by the GWAS and rare variants often cannot be

observed or grossly under-powered with smaller datasets [7, 33, 34, 36]. Increasing

the number of variants and sample sizes is the key to gain more insights on the

genetic architecture of complex traits. A recent successful study showed, by testing

on 5.4 million samples, a significant improvement of heritability estimation has

been made for height, with the heritability estimate to be 40% - 50% [35].

1.1.3 Rare variants associations

Rare variants are of great importance to understand the genetic architecture and

human diseases. It is a less explored area than common variants, largely due to the

unavailability of large genetic datasets earlier. Rare variants with additive small

effects might contribute to the missing heritability, while those with large effect

sizes could be biologically important. Causal variants for Mendelian diseases tend

to be rare [34]. In addition, it was predicted by the evolutionary theory that disease

mutations should be rare due to the negative selection [34]. Rare variations are much

more numerous than the common variations across the human species, as shown in

many large genetic datasets [37, 38], including the GEL reference panel we built in

the next chapter, where 84% of the variants were with allele frequency lower than

10−4. When common variants are shared across all populations, rare variants are

often private [39], and more geographically localized [40] to individual populations.

For a causal variant with moderate an effect size, the rarer it goes in terms

of the allele frequency, the bigger the sample size it requires to be detected by

association tests. Not to mention that it is also hard to estimate the haplotype

and impute the rare variants, which are essential to modern GWAS.
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The two main topics of this thesis revolved around the accuracy of estimating

rare variants. First, we built a reference panel to impute the rare variants at a

higher precision, measured by the squared correlation between the imputed variants

and the ground truth directly observed by sequencing, in order to find more rare

associations, so that benefits the downstream analyses. Second, we built a more

precise and efficient simulation specialized in simulating geographically localized

rare variants in a large scale.

1.1.4 DNA genotyping and sequencing technologies

The first method for sequencing DNA is developed in 1977, known as Sanger-

sequencing. , the first human genome was sequenced at a cost of $2.7 billion

using the labour-intensive Sanger-sequencing method in 2001 [41, 42]. Reported by

NHGRI the cost of sequencing one human genome has reduced from $100 million

per human genome to $450 in 2021 [43], largely thanks to the development of

high throughput “next-generation sequencing (NGS)”, allowing massive parallel

sequencing of a single molecule DNA in the early 2000. NGS is currently the most

widely-used DNA sequencing technology, including whole genome sequencing (WGS),

whole exome sequencing (WES), epignome sequencing, and targeted sequencing,

depending on the sequencing template used [42]. NGS is also called as the short-

reads sequencing, which is capable of producing reads with the length of a few

hundreds of base pairs or lower. Inaccurate readings of long structural variants may

happen when ligating and assembling millions of short reads. The error of NGS

is typically between 1% to 0.1% [44]. In addition, short-reads creates huddle for

de-novo assembly [42] and computational phasing (see Section 1.2).

Microarrays DNA testing emerged in the early 2000s [45], is popular for

customized research projects and large-scale biobank datasets because of its cost

efficiency. Unlike NGS, it collects mRNA and then compares the cDNA of the

sample to the reference samples on a selected set of loci using florescent DNA probes.

This process is called hybridization [46]. Microarray is more cost-effective than

WGS and WES, and it has been the first choice for Biobank scale datasets over a
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decade [1], despite the fact the cost gap between microarray and WGS is shrinking

due to the rapid decrease of the price of WGS and WES.

The third-generation sequencing, focusing on long-reads over thousands of base

pairs, is maturing over the last decade, represented by Pacific Biosciences (PacBio)

and Oxford Nanopore technologies. It was reported 5% of PacBio can be greater

than 100 Kb and Oxford Nanopore can reach 1 Mb in length. The third-generation

sequencing technologies are usually more time efficient than NGS. Apart from the

advantages, currently, the main problem of these new sequencing methods is that

they tend to have much higher sequencing error rate than NGS.

1.1.5 Large DNA datasets and reference panels

Since the first human genome being sequenced in 2001, there are millions of

DNA sequencing or genotyping data available for genome-wide association studies

[5]. Launched in 2002, HapMap project sequenced 270 individuals from diverse

populations, allowing to study the genetic architecture [47] and selection [48] at a

population level. Started in 2007, the Wellcome trust Case Control Consortium

genotyped over 19,000 individuals using microarray technology. It conducted the

largest GWAS and turned out to be a huge success, advanced our understanding of

the genetic architecture of common diseases [49]. Following by this, 1000 Genomes

Project, gnomAD, UK Bionbak, HRC, TOPMed and GEL are the major sequencing

datasets, among which the 1000 Genomes Project, HRC, TOPMed are popular

reference panel for phasing and imputation [50]. These datasets are used to cross-

compare various measures in Chapter 2 and 3. We will describe these datasets in

more detail and leave the GEL description in Section 2.2.

The 1000 Genomes Project (1000G)

The landmark sequencing dataset of the 1000 Genomes Project was accomplished in

2015, combining low coverage sequencing, deep exome sequencing, and microarray

genotyping on 2,504 individuals from 26 diverse populations [51]. The 1000 Genomes

phase 3 increased the sample size to 5,008 samples and 88 million variants. Recently,
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the 1000 Genomes samples are resequenced at a 30x coverage by the New York

Genome Center [38]. In the later chapter, we will mainly use the high coverage

data for benchmarks of GEL phasing and imputation accuracy.

Genome Aggregation Database (gnomAD)

GnomAD is a high quality aggregated dataset, containing 125,748 exomes and 15,708

genomes from WGS in v2.1.1. The GnomAD v3.1.2 is called with GRCh38 reference

genome, consisting of 76,156 low coverage WGS samples, among which 34,029

are categorized as Non-Finnish Europeans [52]. The non-Finnish European site

list and allele frequency was used in the quality control of the GEL reference

panel (see Section 2.3).

UK Biobank (UKB)

The UK Biobank (UKB) is one of the most comprehensive and deeply phenotyped

dataset used by thousands of researchers since it was published in 2017 [1]. The UK

Biobank has around 500,000 samples, mainly from the UK, genotyped by microarrays

with approximately 800,000 markers. The imputation using HRCUK10K reference

panel [1] increased the testable markers by over 100 folds, reaching 96 million

markers. The UKB sequencing data has been produced in the last years. The WES

for 450,000 UKB samples are made available in 2021 [53] and the high coverage

WGS for 150,000 individuals are made available in 2022 [54]. The rest of the UK

Biobank samples are planned to be sequenced by late 2023. Similar to the UKB,

there are biobanks around the world, typically using microarray technology such

as FinnGen [55], Chinese Kadoori Biobank [56] and Biobank Japan [57].

Haplotype reference consortium (HRC)

Haplotype reference panel consortium (HRC) is an aggregation of low coverage

datasets from 30 populations, consisting of 32,000 samples and 39 million variants.

HRC and 1000 Genomes reference phase 3 panel are the most popular low coverage

sequencing reference panel.
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Panel Year Haplotypes Populations Variants (M)
HapMap3 2009 2,368 11 1.4
1000 Genomes phase 1 2012 2,186 14 38.2
1000 Genomes Phase 3 2014 5,008 26 88
UK10K 2014 7,562 1 26
HRC 2016 64,976 30 39.2
TOPMed r2 2021 194,512 Multi-ethnic 308.1*
GEL 2021 156,390 Multi-ethnic 342.6*

Table 1.1: Summary of imputation reference panels, showing the release year, the number
of population, the number of haplotypes, and the number of variants, including SNPs and
INDELs, in millions. TOPMed and GEL are multi-ethnic dataset, without a specified
number of populations. (*) indicates the autosome variants only.

NHLBI Trans-Omics for Precision Medicine (TOPMed)

TOPMed consists of over 180,000 deep whole genome sequencing samples from 85

different studies, focusing on heart, lung, blood, and sleep disorders. TOPMed sam-

ples are collected from the US with a diverse ancestry and ethnicity, approximately

40% European, 29% African and 19% Hispanic ancestries. TOPMed is widely

used as an imputation reference panel. The high coverage sequencing data allowed

TOPMed to impute rare and ultra-rare variants, which were not possible to be

observed in lower coverage sequencing panels such as HRC [37]. The latest publicly

available TOPMed reference panel is TOPMed r2, consisting 97,256 samples with

308 million autosomal variants [37].

1.2 Haplotype phasing and genotype imputation

1.2.1 The phasing problem

Human genomes consists of maternal and paternal genetic material or alleles, as

a result of the recombination process during meiosis [58]. A haplotype is a set of

alleles inherited from a single parent, and it can be regarded as a fundamental unit

of inheritance [59]. Haplotypes has its application to a wide range of statistical

and population genetics, to answer questions such as, relationship between genetic

variation and diseases [60], the detection of selection [48], recombination rate

estimate [61], and ancestry inference [62–64].
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Sequencing and SNP array doesn’t include explicit haplotype information. The

current laboratory methods to obtain haplotypes are either not sufficiently accurate

or not cost-effective to operate on a large scale [65]. It is a common practice to use

computational methods to estimate the haplotypes, as we call it phasing. Phasing

is also a necessary step for many modern imputation algorithms [10].

The coalescent based hidden Markov models (HMM) consider new haplotypes as

a product of mutation and recombination processes of the known haplotypes. The

modern computational phasing methods are proven to be cheap and highly accurate,

especially for the common variants [59, 65]. The first algorithm that uses this

method is PHASE [66], released in 2001. The latest methods include Eagle2 [67],

beagle5[68], SHAPEIT4 [69]. We choose to use SHAPEIT4 to phase the Genomics

England samples (Section 2.4), as it is the fastest phasing algorithm to phase a

large population by the time we carried out the experiment, 3.6x faster than the

second best phasing algorithm Beagle 5 [69]. Multi-allelic SNPs are phased with

one alternative allele at a time, and short Indels and structural variants are treated

the same as SNPs. Diploid samples can be phased with or without a reference panel.

Details of coalescent based methods will be discussed in Section 1.2.3.

1.2.2 Genotype imputation and its application in GWAS

The amount of genetic variation captured by genotyping array is limited, typically

up to several million markers [70], leaving hundreds of millions of less common

variants in human populations remained unobserved [71]. Genotype imputation

is to statistically infer these unobserved genotypes. It is a common practice used

in association studies. For example, the UK Biobank data increased the number

of testable markers from 800,000 to 96 million by imputing from the SNP array

data [1]. Imputation can also boost the power of GWAS and fine-mapping and

enable the integration of different datasets in meta analysis [59].

A combination of SNP array and imputation is still the most affordable way to

create large genetic data, since the SNP array data is considerably cheaper than WGS

or WES and computation cost for imputation is as low as one US penny per genome
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[72]. In Chapter 4, we will show the sample size is still a major limitation of GWAS,

despite a relatively large sample size of the UK Biobank (0.5 million). Sample size

is very much in tandem with the cost. The cost benefit is one of the most attractive

feature of SNP array + imputation approach, compared to WGS and WES.

The state-of-the-art imputation methods are based on Li-Stephens model,

requiring a phased reference panel and phased target SNP array data [10, 70,

72, 73]. The Li-Stephens HMM estimates a phased genotype by matching an

imperfect mosaic of copying segments among the reference panel samples (Figure

1.1). IMPUTE5 [74], minimac4 [50] and Beagle5 [72] implemented such model,

which are suitable for imputing with large reference panels. Online imputation

servers, such as the Michigan imputation server [50] and TOPMed imputation server

[37], allowed the data to be imputed by a wide range of reference panels. In Chapter

3, we used IMPUTE5 to impute the UK Biobank data by the GEL reference panel,

as it is up to 30x faster than minimac4 and 3x faster than Beagle5 [74].

Measuring imputation quality

MaCH r̂2 and IMPUTE information (INFO) are the most commonly used imputation

quality metrics. Both are ranged from 0 to 1, with 0 standing for full uncertainty

and 1 no uncertainty. MaCH r̂2 measures a ratio of the variance of the imputed

alleles to the expected binomial variance under Hardy-Weinberg equilibrium. The

IMPUTE information (INFO) metric measures the information of imputed allele

frequency [10]. Suppose we try to impute N individuals,

INFO =

1−
∑N

i=1(p1,i+4p2,i−dosage2
i )

2Nθ̂(1−θ̂) when θ̂ ∈ (0, 1)
1 when θ̂ = 0, θ̂ = 1

(1.2)

where θ̂ is the imputed allele frequency of the imputed marker. The dosagei is

calculated as in equation 1.3 for individual i. p1,i and p2,i are the imputed posterior

probability of imputed alleles being 1 and 2 for individual i, respectively. MaCH r2

and INFO are highly correlated and can be used interchangeably [10]. INFO can

be used as a post-imputation quality control measure. If a GWAS has N=500,000
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samples, in which an SNP with INFO=0.3 can be roughly interpreted as having

the equivalent statistical power of 150,000 (INFO × N) samples.

Testing imputed data for association

Imputation methods usually produce a posterior distribution pg, g ∈ {0, 1, 2} for each

marker per individual to determine the imputed genotype. It is not recommended

to use genotype estimates by using a simple threshold in genome-wide association

studies, as it may cause the loss of power and spurious associations [59], instead

using expected allele count or allele dosage is often used to test imputed data for

associations [59], which can be computed directly from the posterior distribution,

dosage =
2∑
g=0

pgg (1.3)

Factors affecting the accuracy of imputation

Essentially, imputation models copy segments of genetic data from the reference

panel. The higher the number of haplotypes in the reference panel, the higher the

chance of finding a longer matching segments. For similar reason, the imputation

accuracy is better, when the reference panel ancestry matches the target sample

ancestry [59], which effectively increases the chance of finding distant relatives.

Therefore, a good general purpose reference panel is expected to have high genetic

diversity and large sample sizes [59]. Other factors include the SNP array density

and allele frequency. Imputation algorithm tends to perform better in common

variants and worse in rare variants [75]. Squared correlation r2 is considered to

be a good measure for imputation accuracy, since it directly linked to the power

of association tests. The power of detecting a causal imputed variant is r2 times

the power, had it been directly observed [59].

1.2.3 The Li-Stephens model for phasing and imputation

The Li-Stephens model [76] is a widely adopted approach in the latest development of

phasing and imputation algorithms [10, 77]. It uses a hidden Markov model (HMM)
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framework, modelling a diploid sample as a mosaic of haploid segments copied from

a haploid reference panel. The transition probability models the recombination and

the emission probability to model the mutation process. Before talking about the

details of the method, we will first review the hidden Markov model.

Hidden Markov model

The hidden Markov model (HMM) is the backbone of phasing and imputation

algorithms [10, 65, 68, 78, 79]. We will use this section to briefly introduce the

concepts and notations of HMM.

A Markov model consists of the following components,

• a sequence of L observations X = [x1, x2, ..., xL], in the phasing and imputa-

tion, observation is the observed genotypes.

• a set of K states Z = [z1, z2, ..., zK ]

• transition probability matrix A, where aij represents the probability of moving

from i state to j state.

• emission probability b, where bi(ol) is the probability of observing at position

l, ol, from state i.

• initial probability π = [π1, π2, ...πK ], signify the probability that the Markov

chain will start in state i.

Rabiner pointed out in his 1989 tutorial [80] that there are three basic problems

that HMM are trying to solve. First the (1) likelihood problem, that we want

to know the likelihood P (X|θ) of the observation sequence, given the parameters

θ = (A, b); the second problem is the (2) decoding problem, that we want to

find the best hidden state Z to explain the observation X, given the parameter

θ; the third question is the (3) learning problem, that we want to learn the

parameter θ, given the observation X and states Z [80]. The solution to the first

problem is a forward algorithm, to the second problem is Viterbi algorithm and
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forward-backward algorithm can solve the third problem [80]. We will go through

the forward algorithm and forward-backward algorithm in more detail.

To solve the first problem, we can calculate the likelihood using the forward

algorithm. The forward algorithm taking advantage of the Markovian assumption

that each state only depends on its immediate previous state, P (zi|z1, ..., zi−1) =

P (zi|zi−1), the likelihood can be expressed as the sum of forward probability αl(i)

at the state i, at the last position n.

α1(j) = πjbj(o1)) (1.4)

αl(j) =
N∑
i=1

αl−1(i)aijbj(ot) (1.5)

P (X|θ) =
K∑
i=1

αn(i) (1.6)

Similarly, the backward probability is derived from the backward recursion,

βl(j) =
K∑
i=1

aijbj(Xl)βl+1(i) (1.7)

forward-backward algorithm

P (Zl|X) = P (X|Zl)P (Zl)
P (X)

= P (X1:l, Zl)P (Xl+1:L|Zl)
P (X)

= α(Zl)β(Zl)
P (X) ∝ αl(Zl)βl(Zl)

(1.8)

The Li-Stephens model

When a reference panel has a sufficiently large number of haplotypes, sampled from

a particular population, then new haplotypes from this population can be modelled

as a mosaic of copying segments from a haploid reference panel. This intuition is

formalized by the Li-Stephens model. Suppose there are K haplotypes with length

L in the reference panel and each are labelled from 0 to K−1. The label from which

the current haplotype is copied at position l is Zl, the hidden state in HMM. H is
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denoted as the haplotype reference panel, where the haplotype of uth the sample at

lth position is expressed as Hi,l ∈ {0, 1}. The observed haplotype is denoted as O.

A switching between copying state can happen, if there is a recombination

happened in the genealogy. Derived from Kingman’s coalescent [81], the transition

probability of the Li-Stephens model is specified as follows [76],

P (Z1 = u) = 1
K

P (Zl = u|Zl−1 = v) =
e−ρl/K + 1−e−ρl/K

K
if u = v

1−e−ρl/K

K
if u 6= v

(1.9)

where ρl = 4Nerl and rl is the per generation average rate of crossover recom-

bination per unit physical distance between sites l and l − 1. Ne is the effective

population size, which is insensitive to changes for phasing and imputation purposes

[82]. By default, the Ne is set to be 15,000 in SHAPEIT2 [82]. It has also been

shown that Ne is not sensitive to the phasing results [82].

The emission model follows the mutation process,

P (Ol = a|Zl = u) =


θ
2(θ+K) Hu,l 6= a

1− θ
2(θ+K) Hu,l = a

(1.10)

where θ is the Watterson’s coefficient (∑N−1
n=1

1
N

)−1.

Haplotype phasing without a reference panel

Phasing diploid samples without a reference panel is more complex than the Li-

Stephens model we described earlier. It requires the modelling of two hidden states

and the MCMC iterations to improve the haplotype estimate. To demonstrate how

Li-Stephens HMM works with phasing without a reference panel, we will describe

the phasing model, largely based on SHAPEIT2 [83]. Suppose we try to estimate the

haplotype of N diploid samples with genome length of L, the individual’s genotypes

are denoted as G = [G1, G2, ..., GL], where Gl ∈ {0, 1, 2} and each individual is

assigned with a label from 0 to N − 1. We also define X as the labels of consistent

haplotypes to the genotypes based on the current haplotype estimate H, where H

is a matrix containing K current haplotype estimates. The copying state is denoted
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as Z = Z1, Z2, ..., Zl. This phasing model is an HMM with two hidden states X

and Z. We are mainly interested in the conditional distribution of P (X|H).

The joint distribution of both hidden states X and Z can be expressed by

a Markov chain,

P (X,Z|H) = P (X1|Z1, H)P (Z1)
L∏
l=2

P (Xl, Zl|Xl−1, Zl−1, H) (1.11)

where P (Xl, Zl|Xl−1, Zl−1, H) is the product of the transition probability (e.q.

1.9) and emission probability (e.q. 1.10) in the Li-Stephens model. Since the

direct computation of such distribution is intractable, we will use the forward-

backward algorithm. The forward probabilities can be calculated through the

following iterations.

αl+1(i, u) = P (Xl = i, Zl = u,G1:l|H)

= P (Xl+1 = i|Zl+1 = u,H)
K∑
v=1

αl(i, v)P (Zl+1 = u|Zl = v)
(1.12)

In the right-hand side of the second equation, P (Xl+1 = i|Zl+1 = u,H) is

the emission probability (e.q. 1.10) and P (Zl+1 = u|Zl = v) (e.q. 1.9) is the

transition probability of the Li-Stephens model. The forward probabilities is

initialized as follows,

α1(i, u) = P (X1 = i|Z1 = u,H)P (Z1 = u) (1.13)

The backward probabilities can be calculated as

βl(i, u) = P (Gl+1:L|Xm = i, Zm = u,H)

=
K∑
v=1

βl+1(i, v)P (Xl+1 = i|Zl+1 = v)P (Zl+1 = v|Zl = u)
(1.14)

and it is initialized as

βL(i, u) = 1 (1.15)

The marginal probability of the unobserved states X and Z at position l is

P (Xl = i, Zl = u|H) ∝ P (Xl = i, Zl = u,G1:l|H)P (Gl+1:L|Xl = i, Zl = u,H)

= αl(i, u)βl(i, u)
(1.16)
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Hence the marginal probability of Xl can be calculated as,

P (Xl = i|H) ∝
K∑
u=1

αl(i, u)βl(i, u) (1.17)

Pre-phased genotype imputation with a reference panel

Genotype imputation requires a densely sequenced haplotype reference panel and

a phased set of target haplotypes [10, 59]. The phasing algorithm uses a haploid

Li-Stephens’ model, modelling one haploid copying state along the genome. A

haplotype target (T ) is modelled as an imperfect mosaic of copying states (Z).

Following equation 1.8, the marginal posterior distribution of copying state can

be written as a product of forward and backward probability

P (Zl|T,H) ∝ P (T1:l, Zl|H)P (Tl+1:L|Zl, H) (1.18)

The marginal posterior distribution of the unobserved site (Tl) can be imputed as [59],

P (Tl = d|T,H) =
M∑
Tl=1

P (Xl = d|Tl)P (Tl|X,H) (1.19)

The advantage of haploid imputation algorithm is that it doesn’t require updating

the haplotype estimate of the reference panel, as it does in phasing. Therefore,

imputation is an order of magnitude faster than phasing. Phasing and imputation

algorithm assumes the reference panel and target samples are called by the same

reference genome [69, 74]. In case of misalignment of the reference genome, for

instance, UK Biobank SNP array data is called on hg19 and the GEL reference panel

is hg38 (see Chapter 3). Tools converting genome coordinates between assemblies

are called LiftOver tools, such as Picard LiftOver [84]. During this process, some

variants might be lost due to conversion failures [84].

1.2.4 Phasing related samples and scaffolding

There are many methods to phase related samples [77], yet the easiest way is

to infer by transmission. In table 1.2, in a trio family nearly all genotype cases

can be inferred by transmission, apart from triple-het case. The phased related
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Figure 1.1: The schematic of pre-phased genotype imputation.

Unphased Genotypes Phased Haplotypes
Father Mother Child Father Mother Child

0 1 0 0|0 0|1 0|0
0 1 1 0|0 0|1 0|1
0 2 1 0|0 1|1 0|1
1 0 0 1|0 0|0 0|0
1 0 1 0|1 0|0 1|0
1 1 0 1|0 1|0 0|0
1 1 1 ? ? ?
1 1 2 0|1 0|1 1|1
1 2 1 1|0 1|1 0|1
1 2 2 0|1 1|1 1|1
2 0 1 1|1 0|0 1|0
2 1 1 1|1 1|0 1|0
2 1 2 1|1 0|1 1|1

Table 1.2: In this table we listed all the consistent genotype cases in a trio family and
their phasing results.
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samples then can be used as scaffold, which was a concept introduced as part

of SHAPEIT2 [85]. It sets the transition probability of haplotype pairs that are

inconsistent to the scaffold pre-phased results to zero. This means not only the final

phasing dataset would not be produce inconsistent result to the scaffold, but also

brings a huge advantage when ligate phasing segments, as the order of haplotypes

of a sample will be fixed. SHAPEIT2 [83] and SHAPEIT4 [69] allows phasing

with pre-phased scaffold. We used makeScaffold program to produce the partially

phased trio/duo dataset. For parents, the transmitted alleles are on the right and

for children, the alleles transmitted from the mother are on the right and from

the father on the left, as shown in table 1.2. For phasing the GEL samples, all

the undetermined sites, including the ones with Mendelian errors are treated as

unphased, but not removed from the dataset, instead their phases are determined

by computation phasing using the Li-Stephens model.

1.3 Genetic variation data simulation

1.3.1 Population genetics and simulation

Population genetics is a field that studies the genetic composition within a popula-

tion, modelling quantities such as allele frequencies and the genealogical history of

a population. There are four key drivers which give arise to the genetic variation

in a population, namely mutation, recombination, genetic drift and selection.

Simulations that model these factors enable creating synthetic genetic data sets,

which may be used to assist theoretical modelling and to test experimental designs in

statistical genetics [86–88]. Chapter 5 of this thesis is dedicated to the development

of an efficient simulator of the discrete-time Wright-Fisher process, called ARGON2.

1.3.2 The discrete-time Wright-Fisher and the coalescent
processes

Independently developed by Wright (1931) and Fisher (1930), the Wright-Fisher

model is one of the simplest and most commonly used models in population genetics,

describing the evolutionary and transmission dynamics in an idealized population.
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In each discrete, non-overlapping generation, individual genes are copied at random

from an individual in the previous generation. In its simplest form, the model

assumes neutrality, namely that each individual has equal fitness, as well as no

recombination, random mating, and that the effective population size is constant.

The number of offspring of an individual, X, follows a binomial distribution, causing

random drift in the frequency of genetic variatiants (genetic drift), which are created

through random mutation events. A new generation is created by repeatedly copying

randomly sampled individuals. For a population of effective size 2N , each individual

is chosen with a probability of p = 1/2N , having 1 child in expectation.

P (X = k) =
(

2N
k

)
pk(1− p)2N−k (1.20)

E(X) = 2Np = 1 (1.21)

Kingman (1983) introduced a stochastic process, called the coalescent, that

approaches the Wright-Fisher process as the effective population size goes to infinity.

The coalescent starts at generation 0 (present time) and proceeds backward until

all the genetic material reaches a most recent common ancestor (MRCA) [81, 89].

Under this model, the coalescence times Ti at which two lineages merge by finding

a common ancestor are independent and exponentially distributed [81],

fTi(ti) =
(
i

2

)
e−(i2)ti (1.22)

The coalescent process operates on a continuous timescale, in contrast to the

Wright-Fisher model [90]. Though the coalescent can be seen as an approximation

of the Wright-Fisher process, it is often more tractable, and can be used to obtain

significant insights into the behaviour of quantities of interest, such as the expected

height of a marginal coalescence tree (1.23) or the expected number of segregating

sites (1.24). These easy-to-calculate from the coalescent model are useful in

examine the topology and the variation pattern, during in the development of

ARGON2 in Chapter 5.
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Under the coalescent, the time for the most recent common ancestor TMRCA

[91, 92] may be computed as

E[TMRCA] = 2
(

1− 1
n

)
. (1.23)

If we know the population-scaled mutation rate θ, Watterson’s estimator [93] can

be used to estimate the number of segregating sites S:

S = θ
n−1∑
j=1

1
j
. (1.24)

The coalescent process may also be used to model recombination [91], and the

expected number of recombination events in a sample history may be computed as

E(Rn) = ρ
n−1∑
i=1

1
n
. (1.25)

In 1990, Hudson proposed an algorithm to sample from the coalescent process [91].

Many modern simulators such as ms [94] and msprime [95, 96] are developed based on

Hudson’s algorithm. Since both coalescence and recombination events independently

follow a Poisson process, sampling in the coalescent with recombination may be

described as waiting for competing events with exponentially distributed arrival

times. A brief sketch of Hudson’s backward algorithm is as follows (also see

[97]). Going backwards in time, first draw a random number as the waiting time

for the next event to happen from an exponential distribution with parameter

k(k − 1)/2 + kρ/2. Upon reaching the waiting time, draw a Bernoulli random

sample to determine whether the event is a coalescent or recombination event, with

the probability of coalescent event to be (k− 1)/(k− 1 + ρ). In case of a coalescent

event, randomly choose two individuals and merge them into one ancestral genome,

while, in the case of recombination, randomly choose an individual and break the

genome at a position chosen uniformly at random. These operations are repeated

until all present day genetic material reaches a most recent common ancestor.

Although the coalescent with recombination process may be used to effectively

approximate the discrete-time Wright-Fisher (DTWF) process, this approximation

is only accurate if the sample size is small compared to the effective population
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size. The two processes may otherwise diverge significantly [98–102]. The coalescent

may for instance underestimate the count of rare variants expected in a population,

especially singletons (count=1) and doubletons (count=2), or distort patterns of

long-range LD. Some of these distortions may be ascribed to the fact that the

coalescent does not allow multiple lineages to be merged in a single generation to

form a polytomy [100]. These cases affect the simulation of the recent evolutionary

past more than the distant past, due to a gradual decrease of the number of lineages.

This observation has been leveraged to improve accuracy by performing hybrid

calculations involving both the DTWF and coalescent processes [100, 102].

1.3.3 An overview of genome simulators

Genomic simulators of the processes described above can be broadly categorized

as forward simulators, simulating from the past to recent generations; backward

simulators, simulating from the recent generations to the past; and spatial simulators,

simulating along the genome. The modeling of natural selection is more difficult in

backwards simulation, so complex models of selection are often simulated forward

in time. This section will provide a brief overview of existing simulators that

are most closely related the work described in Chapter 5, focusing on coalescent,

spatial, and discrete-time simulators, as well as other paradigms based on the

Li-Stephens model [76].

In the early 2000s, ms [94, 103] introduced recombination into the simulation

process, allowing the simulation of short segments with LD for a limited number

of samples. Several authors also developed models of the coalescent process where

events are sampled along the genome, rather than backwards in time [104–106].

Such a spatial approach led to the development of several simulators, such as MaCH

[107], Fastsimcoal [108, 109] and SCRM [110], that rely on the sequential Markovian

coalescent (SMC) approximation of the coalescent, making the simulation and

genealogical inference more tractable [105, 106].

A number of simulators have also been developed to extend and improve the

efficiency of Hudson’s backwards-in-time simulation algorithm. msHOT [111] added
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the possibility to perform simulations including crossover and gene conversion

hotspots. The COSI simulator [86] was used in conjunction with data from the

HapMap Project [47] to obtain realistic simulation parameters for human populations.

A subsequent implementation, COSI2 [112], made significant improvements to

computational performance, and enabled the simulation of some modes of natural

selection. The msprime simulator provided further improvements in computational

efficiency using better data structure, enabling to simulate larger sample sizes and

chromosome lengths [95, 96]. msprime is currently one of the most popular genomic

simulators; it is extensively documented, actively maintained, and implements

several features.

While Hudson’s algorithm efficiently skips between subsequent coalescence or

recombination events (see 1.3.2), discrete-time Wright-Fisher simulators require

processing genomic and genealogical information at each discrete generation. Be-

cause the coalescent is an inaccurate approximation of the DTWF process when

the sample size is increased [98–102], however, DTWF simulation may still be

desirable. Furthermore, as further discussed in Chapter 5, sampling from the

DTWF can be more efficient than sampling from the coalescent process under

complex demographic or evolutionary models.

Several DTWF simulators have been developed. The GENOME simulator [113]

allowed efficiently sampling from the DTWF by relying on an approximation where

genomic regions are only allowed to recombine at user-specified intervals. The

ARGON simulator, extended in Chapter 5 and hereafter referred to as ARGON1,

enabled DTWF simulations involving large sample sizes and chromosome lengths,

including support for non-crossover gene conversion. The mspime software package

was also recently extended to support efficient DTWF and hybrid coalescent/DTWF

simulation [96, 102].

Progress in coalescent and DTWF simulation has been driven by several

algorithmic advances, including the use of graph-based representations of the

simulated genealogies, which underpins some of the work described in Chapter 5.

The msprime [95] coalescent simulator and the ARGON [101] DTWF simulator,
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in particular, relied on graph based representations of the simulated genealogies,

referring to these as “succinct tree sequences” and “ancestral recombination graphs”

(ARG [114]), respectively. This kind of representation is significantly more compact

than a representation based on storing a new marginal tree whenever a recombination

event affects the genealogy [95] and enables to efficiently compute several quantities

of interest, such as identical-by-descent (IBD) segments [101] and several other

summary statistics [115].

The synthetic data generated using the above simulators has no relationship

with any existing genomic data set. In some applications, it may be useful to

generate data that is closely related and in some sense extends an existing data

set. The Li-Stephens model [76] further approximates the genealogical processes

described above. It underpins several algorithms used for genotype phasing an

imputation, and has also been used to enable reference-based simulation in software

packages such as HAPGEN2 [87]. This approach is fast and can capture the

unique genetic characteristics of a set of reference genomes, although compared to

coalescent and DTWF simulation the generated data may more strongly deviate

from what would be expected under realistic evolution. The ARGON2 simulator,

developed in Chapter 5, enables simulating new samples on top of an ARG that

has been inferred from real genomic data (see 5.4).

1.4 Thesis outline

The outline of this thesis is as follows. The introduction chapter describes the

evolution of DNA sequencing technologies, landmark genetic datasets, and provides

background information on genotype phasing and imputation. In Chapter 2 we

describe how the GEL reference panel was built using 78, 195 WGS samples from

the 100, 000 Genome project, as well as its performance in genotype phasing and

imputation. Chapter 3 describes the imputation of 488, 315 UK Biobank samples

using the GEL reference panel. The GEL imputed UKB data are then used to

perform genome-wide association studies on four continuous traits, including height,

BMI, systolic and diastolic blood pressure; GWAS and fine-mapping analysis are
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shown in Chapter 4. Finally, we describe the development of ARGON2, a new

algorithm for DTWF simulation, in Chapter 5.
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2.1 Overview

Genomics England 100,000 Genomes project sequenced over 120,000 genomes from

over 80,000 individuals across the UK. We built a GEL reference panel from 78,195

high coverage WGS samples. The main challenge comes from the quality control of

the variants. We designed variant filters to ensure that predominantly high quality

27
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variants were included in the reference panel. This resulted in a reference panel

containing 342 million autosomal variants, a reduction from 722 million variants

prior to the quality control. In Section 2.2, we will summarize the main features of

the GEL reference panel, including the population structure, relatedness and allele

frequency spectrum. The site list will be compared to other reference panels, such

as HRC and TOPMed. The details of QC filters and the effect of these filters are

discussed in Section 2.3. Leveraging the high relatedness of the GEL dataset, the

phasing of 47,340 related and 30,855 unrelated samples are carried out separately,

using SHAPEIT4 [69]. The details of the phasing pipeline will be described in

Section 2.4. In Section 2.5, Finally, we will examine the phasing accuracy and

imputation accuracy of the GEL reference panel in Section 2.5 and 2.6, respectively.

2.2 Genomics England reference panel

2.2.1 The aggregated variant (aggVCF) calls

The Genomics England 100,000 Genomes Project was launched in 2013, focusing

on rare diseases and cancer patients. Over 120,000 genomes, including germline and

cancer genomes, have been sequenced by the time of writing. It comprises genomes

from 73,700 rare diseas patients (disorders affecting ≤ 1 in 2000 persons) and their

close relatives, and 46,539 genomes from cancer patients[116]. The GEL reference

panel is built on the aggregated dataset (aggV2), comprising 78,195 samples from

both rare disease and cancer germline genomes. Samples are sequenced with 150bp

paired-end reads on the IlluminaHiSeq X and processed with the Illumina North

Star Version 4 Whole Genome Sequenced Workflow (iSAAC Aligner v03.16.02.19

and Starling small variant caller v2.4.7). The resulting gVCF files are aligned to the

GRCh38 human reference genome. Then, the individual gVCF files are aggregated

into multi-sample VCF files, using Illumina gVCF genotyper and normalized with

vt v0.57721. Sample level quality control has been carried out by Genomics

England, including sample contamination less than 0.03, ratio of SNP heterozygous

to homozygous calls less than 3, total number of SNPs between 3.2M to 4.7M per

sample, array concordance greater than 90%, median fragment size greater than
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Figure 2.1: The mean genome-wide coverage for the 78,195 GEL reference panel
sequencing samples. This figure is downloaded from the GEL website, https://re-
docs.genomicsengland.co.uk/sample_qc/

250bp, excess of chimeric reads less than 5%, percentage of mapped reads greater

than 60% and the percentage of AT dropout less than 10%. Finally, the resulting

aggregated VCF dataset (aggVCF) was created, comprising over 722 million SNPs

and short indels (≤ 50bp). Multi-allelic variants were decomposed into bi-allelic

variants. The average genome-wide coverage of the aggVCF samples is 42.2 and

median mean coverage is 39.11 (Figure 2.1).

2.2.2 Population structure

The reference panel consists of 78,195 samples, recruited from hospitals across

England (Figure 2.2). It has a wide representation of ethnic groups, including 49,641

samples (63.48%) self-identified as White British, 4,100 (5.24%) as other white, 2,885

(3.69%) as Pakistani and 1,751 (2.24%) as Indian. Table 2.1 provides a breakdown

of self-reported ancestry. The large White British/Irish and relatively large South
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Self-reported ethnicity Number of samples
(percentage)

White or White British
White British 49,641(63.48%)
White Irish 1,048 (1.34%)
Other White 4,100 (5.24%)

Asian or Asian British

Pakistani 2,885 (3.69%)
Indian 1,751 (2.24%)
Bangladeshi 647 (0.82%)
Chinese 209 (0.27%)
Other Asian 1,180 (1.5%)

Black or Black British
African 991 (1.2%)
Caribbean 652 (0.83%)
Other Black 217 (0.27%)

Other Other ethnic groups 1,151 (1.47%)
Mixed Mixed 1,446 (1.85%)
Unknown Unknown 12,277 (15.7%)

Table 2.1: Breakdown of self-reported ethnicity in reference panel.

Asian sample size will later prove helpful in boosting phasing and imputation

accuracy for these populations [10, 77]. Notably, the population structure of GEL

reference panel resembles that of the UK Biobank [1], making it an ideal reference

panel for the UK Biobank imputation.

In addition, we also used the unpublished software provided by Hu et al., to

obtain ancestry components of the GEL individuals. The admixture plots (Figure

2.2-b) show that the inferred ancestry components are consistent with the self-

reported ethnicity. The ancestry component (defined by Hu et al.) results also

indicate the vast majority of the self-reported unknown group have British and

South Asian ancestry. In this thesis, we will use the self-reported ethnicity for

QC and phasing (see Section 2.3).

2.2.3 Relatedness

The sample relatedness in the reference panel is high. According to the self-reported

data, 27,346 samples (34.97%) are unrelated, whereas 11,584 (14.81%), 32,679

(41.79%), and 6,586 (8.43%) samples have 2, 3 and >3 first degree relatives in the

dataset, respectively. Among the related samples, 17,871 (22.85%) are marked
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Figure 2.2: a) GEL sample residential postcode density map. The colour scale is from
red to yellow, with yellow representing more densely sampled regions. b) Admixture
plots grouped by self-reported ethnicity. The label consists of self-reported ethnicity, the
number of sample and the proportion of the ethnicity group in GEL reference panel. The
ancestry component assessment for each individual is produced by unpublished software
(Hu et al., shared with permission) and then grouped using UPGMA hierarchical clustering
(hcluster) in R.

as proband, 15,908 (20.34%) as mother to the proband, 12,409 (15.8%) as father

to the proband, 3,149 (4.03%) as siblings to the proband, and 1,512 (1.93%) as

other relatedness, such as grandparents or cousin to the proband. High relatedness

improves the performance of Mendel error filter and phasing accuracy, for example

allowing phasing of singletons by transmission: singletons cannot otherwise be

phased by the phasing algorithms. We estimated that the reference panel contains

approximately 63,000 unique genomes (a 20% reduction in sample size).

To identify parent-child relationship for phasing, we combined information from

self-reported relatedness, IBD (identity by descent)[11] and Mendel errors. Firstly,

30,000 autosomal variants that meet the following criteria are randomly selected for

the analysis: (1) passing the mean genotype quality and depth filter; (2) passing

allele balance filter; (3) missingness < 1%; (4) inbreeding coefficient > -0.1; (5)

LD-pruned r2 < 0.1 with window size of 500Kb; (6) the Hardy Weinberg equilibrium
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Figure 2.3: Relatedness in 78,195 GEL reference panel samples. The first row shows
samples being allocated in duo/trio/unrelated families for phasing and imputation. The
second and third row are derived from self-reported data, showing samples being allocated
in family with different sizes and relationship within the family. As one might have
noticed, some related samples by self-reporting are treated as unrelated in phasing and
imputation, due to stringent screening process described in Section 2.2.3

test p-value > 0.01; (7) in the set of 1000 Genomes phase 3 data; (8) excluding high

LD sites identified in Price et al. (2008) [117]. We then carried out the following

procedure on the selected variants. We selected samples with pairwise IBD0 < 0.1

and IBD1 > 0.7 as potential parent/child pairs inferred by PLINK [11]. For all

potential parent/child pairs matching the self-reported relationships, we calculated

the Mendel errors, separating duo (parent-child) and trio (mother-father-child)

families. The Mendel error cut-offs are Q3+1.5IQR, and Q3+4.5IQR in terms

of their mean for trios and duos in order to identify mislabelled and uniparental

disomy (UDP) cases. There are 54 potentially UDP cases, often occurring on

one chromosome in an affected child-parent pair, yet we still removed all UDP

affected pairs and treated them as unrelated.

Furthermore, we marked samples as unrelated when parenthood was inconsistent

with the self-reported age, i.e. the parent should be at least 14 years older than
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Figure 2.4: Venn diagram comparing variants from GEL, HRC and TOPMed reference
panel. Allele frequency for variants existing in more than one reference panel is assigned
with the highest allele frequency among all the panels. The Venn diagrams show variants
with (a) AF < 10−5, (b) 10−5 ≤ AF < 10−4, (c) 10−4 ≤ AF < 10−2, (d) 10−2 ≤ AF < 1,
and (e) all variants. The numbers show the variants count of each region (in millions of
variants), followed by Ts/Tv ratio of these variants.

the child. Through this procedure, we identified 12,816 (16.39%) samples as in a

duo family and 35,106 (44.9%) in a trio family. As such, 30,273 (38.71%) samples

were treated as unrelated for phasing. (Figure 2.3)

2.2.4 GEL reference panel with 342 million autosomal vari-
ants

The resulting GEL reference panel (see Section 2.3 for the QC detail) consisting

of 341,922,205 autosomal variants, among which 31,502,703 (9.26%) are INDELs

with an average length of 4.54 and maximum length of 50 bases. The rare variants

constitute the bulk of the GEL reference panel, 287.2 million (84.1%) variants

are rare with frequency lower than 10−4, among which 66.7 million (19.5%) and

91.1 million (26.7%) are singletons and doubletons, mutations that have only been

observed once and twice in the dataset, respectively.
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We compared the GEL reference panel to the widely used TOPMed [37] and

HRC reference panels [118]. The GEL reference panel has 8 times and 1.1 times more

autosomal variants than the HRC v2 and TOPMed r21 panels, respectively. Figure

2.4 compares the three datasets overall and in different frequency bins. Limited by

the low coverage sequencing technology, HRC has very few ultra-rare variants with

allele frequency lower than 10−4. The number of rare variants captured are more

comparable between TOPMed and GEL, as both used high coverage sequencing data.

Despite the different sequencing depths and sample sizes, all three panels captured a

similar set of relatively common variants (AF > 10−4), with less than 4% unique to

each panel (Figure 2.4 c-d), whereas around half of the rarer variants (AF ≤ 10−4)

from GEL and TOPMed cannot be found in each other (Figure 2.4 a-b).

2.3 GEL reference panel quality control

Since the variants are called sample-by-sample, there are many false calls on the

original list of variants. Even though false calls are rare in one genome, the

aggregated number of such calls can be large. The QC pipeline has been run in

chunks on the aggregated VCF files (aggVCFs), creating a merged QC’d VCF per

chromosome for phasing. The following filters are applied to SNPs and INDELs

alike. The filters are applied sequentially, reducing the number of variants from 722

million to 341 million. bcftools v1.9 was used to filter and create new VCF files,

and the Mendelian error was calculated using PLINK v1.90b6.16.

• Genotype quality (GQ) + depth (DP) : Individual genotypes with either

GQ < 15 or DP <10 were marked as missing.

• Missingness: remove sites that have a missing rate higher than 5%, including

the missing genotypes flagged by GQ + DP filter.

• Allele balance (ABhet): allele depths (AD) for REF and ALT are expected

not to have a huge discrepancy for each heterozygous individual genotype.
1TOPMed r2 site list is not provided to the public. We obtained the site list from the imputation

results of the TOPMed imputation server [37]
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We first obtained the allele balance for each genotype, i.e. ADREF/(ADREF +

ADALT). We then counted the number of sites where 0.25 < ABhet < 0.75

and marked them as pass. Sites of less than a 75% pass rate were removed.

• Mendel Errors (MErr): No more than 3 Mendelian errors among all duo

and trio families for sites with AF < 0.001 and 7 Mendelian errors for sites

with AF ≥ 0.001.

• Hardy-Weinberg equilibrium (HWE): Sites where the Hardy-Weinberg

Equilibrium (HWE) p-value < 10−5 in self-reported White British samples

were removed.

• gnomAD allele frequency (gnomAD): We removed sites that showed

discrepancy in allele frequency between White British GEL and non-Finnish

European gnomAD r3.0 samples[52]. To do this, we used a Fisher’s exact test

of the allele frequency difference and a p-value threshold of 10−10.

• Unrelated singletons: We removed singletons that did not occur in related

families, due to no phasing information at such sites.

• Additional filters : We chose a set of more lenient filters for those relatively

common sites (AF>0.001) overlapping with external datasets (TOPMed[37],

HRC[118], 1000 Genomes[116] and GnomAD (non-Finnish European and

South Asian samples only)). For these sites, we used the missingness threshold

of 25%, Mendel error threshold of 250 per site and gnomAD allele frequency

filter p-values of 10−20. All other filters on GQ, DP, ABHet and HWE were

kept the same as above.

Before we start delving into the efficacy of the filters, it’s important to understand

one widely used QC metric, transition vs transversion ratio (Ts/Tv) [84]. Adenine

(A) and Guanine (G) are two-ring purine-based nucleotides, while Cytosine (C)

and Thymine (T) are one-ring pyrimidine-derived nucleotides. Interchanges within

the same type of nucleotide are called transitions, i.e. C/T and G/A mutations,
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while interchanges between types are called transversion, which involves A/C, A/T,

C/G and G/T mutations. Transversions are less likely to happen in the human

genome than transition. In addition, Cytosine (C), especially when adjacent to a

Guanine (G), can be easily methylated, turning C into uracil (U), and consequently

causing C to T mutations. Different regions in the genome have different Ts/Tv

ratios. For example intergenic regions usually have lower Ts/Tv ratios than the

genome-wide average, while exomes have higher Ts/Tv than the average [119].

The genome-wide Ts/Tv ratio is thought to be around 2.1 [84]. We examined the

TOPMed r2 and HRC reference panel, finding that for sites with allele frequency >

10−5, the Ts/Tv ratios were all around 2.1 (Figure 2.4). However, rarer variants in

TOPMed have a much lower ratio of 1.6, and a similar ratio can be observed in the

GEL dataset. Lower sequencing quality of rare variants could be the reason causing

large sequencing datasets to have low Ts/Tv ratios. It is also possible that the

Ts/Tv ratio is pushed down due to the lack of CpG variants, i.e. C to T mutation

(transition), in rare variants. In this study, we will use the 2.1 overall Ts/Tv ratio

only as a guideline of the whole genome Ts/Tv ratio.

The GQ+DP filter and missingness filter combined were responsible for 32%

of the site removal from the raw data (Table 2.2), with the removed variant Ts/Tv

ratio to be 0.54, improving the overall Ts/Tv ratio from 1.28 to 1.84 (Figure 2.5).

Though the rest of the filters did not change the overall Ts/Tv ratio, they are still

crucial to the detection of low quality sites at a different allele frequency. The

MErr filter with over 47 thousands duo/trio samples is extremely powerful at

detecting problematic variants with AF > 10−3. However, MErr cannot capture

errors when the variants are too rare, due to lack of mutations observed within

a family. In addition, the MErr filter is also not effective to exclude common

variants with excessive heterozygosity or homozygosity. The following two filters are

orthogonal to MErr, covering the area within the allele frequency spectrum that

are not covered by MErr. The allele balance filter (ABHet) is responsible for the

ultra-rare side of the spectrum (AF < 10−3), removing 30 million rare variants, 4%

of the raw data, with the removed sites Ts/Tv ratio to be around 1.0. (Figure 2.2).
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Figure 2.5: The effect of the quality control filters applied to chromosome 20 in terms
of the number of removed and remaining sites (First row) and the Ts/Tv (Second row),
stratified by minor allele frequencies. The filters GQ/DP + missingness, Mendel (MErr)
and allele balance (ABhet) are sequentially applied to the raw data. The dotted lines are
the overall Ts/Tv ratio of remaining (blue) and removing (yellow) variants of the filter.

The Hardy Weinberg filter (HWE) is mainly set to detect excessive homozygote

or heterozygote issues, removing a further 189,000 variants.

The variants are expected to be roughly evenly distributed along the chromo-

somes. We often observe an increased number of variants in regions that are difficult

to sequence, such as centromeres or telomeres. In Figure 2.6, we plotted the number

of variants in chromosome 20 for raw aggregated VCF (aggVCF) and the data after

QC (GEL). Excessive variants in aggVCF around centromeres and telomeres were

removed, resulting in more evenly distributed variant count along the chromosomes.

2.3.1 Lenient filters for common variants

By cross-comparing the common variants to other datasets (Table 2.3), we noticed

that 4.1%, 7.7%, 7.4%, and 17% of common variants (AF > 0.1) in 1000 Genomes,
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Number of SNPs
left after applying
the filter (removed
%)

Number of Indels
/ SVs left after ap-
plying the filter (re-
moved %)

Total number of
variants after ap-
plying the filter (re-
moved %)

Raw 630,967,910 91,374,497 722,342,407
GQ/DP + miss-
ingness

428,701,462 (-32%) 55,702,335 (-39%) 484,403,797 (-32%)

ABhet 411,285,423 (-3%) 42,963,226 (-14%) 454,248,649 (-4%)
Mendelian errors 410,854,761 (-0.07%) 41,905,560 (-1%) 452,760,321 (-0.2%)
HWE 410,764,722 (-0.01%) 41,868,797 (-0.04%) 452,633,515 (-0.01%)
gnomaAD 410,628,878 (-0.02%) 41,815,306 (-0.05%) 452,444,184 (-0.02%)
Singleton 309,825,243 (-16%) 31,639,011 (-11%) 341,464,254 (-15%)
Lenient filters 310,844,262 (+0.16%) 31,716,292 (+0.08%) 342,560,554 (+0.15%)

Table 2.2: : Variant filtering. The table shows the effect of each filter applied sequentially
from top to bottom. The number of variants (SNPs, Indels/SVs and Total variants) and
the percentage removed is shown in each row.

Figure 2.6: Number of site along chromosome 20. The top plot compares the site count
before QC (GEL aggVCF) and after QC (GEL). The bottom plot compares GEL reference
panel (after QC) with TOPMed. The black dashed box signifies the centromere.
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1000G (%) HRC (%) TOPMed (%) UKB (%)
Not in aggVCF 0.073 0.039 0.049 1.98

GQ/DP 3.5 1.27 3.12 7.99
AB 0.028 0.018 0.042 0.079

MErr 2.3 2.07 2.82 4.54
HWE 0.5 0.13 0.44 0.1

GnomAD 0.22 0.16 0.31 0.41
Multiple filters 0.85 0.36 0.56 1.69
Total missing 7.47 4.04 7.34 16.79

Table 2.3: The effect of standard filters on the common variants (AF>0.01). This
table shows the percentage of 1000G, HRC, TOPMed and UKB common variants in
chromosome 20 that cannot be found in the standard filter GEL dataset, breaking down
by the filters that are responsible for the removal of the variants. UKB is the UK Biobank
data imputed by HRCUK10K reference panel [1].

Not overlapping with
GEL TOPMed HRC UK10K UKB

GEL (9,284,802) 0 482,255 1,497,927 853,110 403,068
TOPMed (12,830,650) 197,955 0 1,628,650 2,663,743 4,538,480

HRC (8,021,801) 85,462 96,365 0 244,174 373,528
UK10K (9,769,637) 1,170,315 1,428,019 2,099,068 0 1,255,342

UKB (9,884,806) 919,686 1,121,825 2,079,515 1,203,865 0

Table 2.4: Common variants (AF>0.01) overlapping situation across reference panels,
showing the number of common variants unique to row datasets that are not present in
the column datasets. For instance, the second row and second column shows the number
of TOPMed common variants that cannot be found in the entire GEL dataset is 197,955.
The numbers in parentheses show the number of common variants in each dataset. The
GEL variant count in this table include the sites added by the lenient filters. UKB is the
imputed UK Biobank data by HRCUK10K.

HRC, TOPMed, and HRCUK10K, respectively, are not present in the GEL data

with the standard filters. The removal of the common variants in the GEL standard

filter set is largely explained by the GQ/DP and Mendel error filters. We relaxed

the filters by increasing the missingness threshold from 5% to 25%, the MErr

threshold from 7 per site to 250 per site, and in addition, decreased the GnomAD

allele frequency concordance (GnomAD) p-value to 10−20. These filters are applied

on a set of GEL common variants (in raw aggVCF) that have AF > 0.001 in either

HRC, TOPMed, 1000G, or the GnomAD dataset. The lenient filters introduced

1,096,300 additional sites which were phased and imputed separately (See Section
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2.4). The lenient filter sites are marked in the GEL reference panel and UKB

imputed data to remind the users to take caution on these sites.

Common variants with AF > 0.01 constitutes the bulk of GWAS findings (see

Chapter 4). The final GEL reference panel contains 9.2 million common variants

(AF>0.01), comparing to 12.8, 9.7, and 9.8 million in TOPMed, HRC, UK10K and

UKB datasets (Table 2.4). Over 1 million UK10K common variants (more than

10% of total common variants call in UK10K) are not found in GEL and TOPMed.

Given that the UK10K is a much smaller reference panel in terms of sample size,

and lower coverage (7×) [120] compared to GEL and TOPMed, this indicates an

inflation of the number of common variant calls in the UK10K reference panel,

which subsequently affected the imputation of UKB. In Chapter 4, we will discuss

the implication of these inflated common variants to the GWAS results in detail.

Table 2.4 also showed that GEL has over 3 million less common variants than

TOPMed, yet almost all these excessive TOPMed common variants can be found in

GEL. Similarly, TOPMed has 4.8 million more common variants than HRC, among

which 3 million variants were present in HRC with a lower allele frequency. GEL

and HRC consist of predominantly samples with European ancestry, while nearly

half of the samples in TOPMed either have African or South American ancestry.

The difference in the sample ethnicity can explain the shift of allele frequencies.

2.4 Haplotype phasing

2.4.1 Phasing pipeline for autosomes

Haplotype phasing was carried out using SHAPEIT4.2.2 [69]. We used a multi-stage

strategy to leverage the relatedness within the GEL dataset.

In the first stage, makeScaffold2 was used to determine the phase of samples

in a duo and trio family by transmission (see Section 1.2.4). The vast majority

of genotypes can be phased using this process, with a few genotypes whose phase

is ambiguous due to heterozygosity or missingness patterns. These genotypes

were phased using SHAPEIT4.2.2.
2https://github.com/odelaneau/makeScaffold
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To phase the unrelated samples, we first created a phased scaffold of common

variants, with the remaining variants phased onto this scaffold. To create the

scaffold, common variants with the minor allele frequency > 0.01 are phased using

the phased related samples as the reference panel.

The remaining rarer variants were then phased onto the scaffold in chunks,

containing approximately 300,000 sites with 30,000 sites on each side as buffers. The

phased duo/trio data was used as a reference panel in this step. The chunks and are

merged and concatenated using bcftools [121]. Concatenation of the phased chunks

is possible as each set of variants have been phased onto the scaffold. The phasing

step was computationally intensive and took about 6500 CPU days to accomplish.

The sites identified using the additional lenient filters (Section 2.3) were phased

separately. The additional variants were initially selected from a common variant

set (AF > 0.001), variants appeared in either 1000G, HRC, TOPMed, or GnomAD

datasets. The aggVCF variants passing the lenient filters and are in common

with the common variant set were chosen as the additional common variants. To

ensure phase consistency to the initial phased data, the additional common variants

were phased independently, using the initial phased data at UKB Axiom array

sites as scaffold. The phased reference panel and additional common variant panel

are available on the GEL server.

2.5 GEL reference panel phasing accuracy

Phasing accuracy could affect the quality of imputation and other downstream

applications. We phased the 1,178 parents from 589 mother-father-child trio families

in the 1000 Genomes Project high coverage sequencing data [38], using HRC and

GEL reference panel. We assessed the phase accuracy by comparing the phase

estimate to the phase derived by transmissions. We measured the phasing accuracy

using switch error rate, which is the ratio of the number of possible switches required

to obtain the true haplotype phase and the number of heterozygotes minus one [65].

The HRC reference panel was lifted over from the GRCh37 to the GRCh38

reference genome using GATK Picard LiftoverVCF [84]. The original GRCh37
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HRC reference panel has 39,131,578 autosomal variants. 13,813 variants were

removed either due to the incompatibility between reference genomes or mismatching

chromosome between the two reference genomes. The resulting autosomal GRCh38

HRC reference panel contains 39,115,765 variants and 27,165 samples. To make a

fair comparison of phasing and imputation performance, the 1000 Genomes samples

were removed from the HRC reference panel.

The site quality control was carried out on 2,405 high coverage sequencing 1000

Genomes samples. It is based on the missingness and Hardy Weinberg equilibrium

test (HWE). The missingness threshold is 5% and the HWE P-value threshold is

10−10 on 26 1000 Genomes populations3. This QC’d 1000 Genomes dataset will

also be used in the imputation experiment in the coming section.

The phasing experiment was carried out using SHAPEIT 4.2.2 [69]. Parents from

the trio families are phased using the reference panels. We tested 1.04× 109 (1.76

million per trio family) and 1.16× 109 (1.9 million per trio family) heterozygotes

in HRC and GEL phased samples, respectively.

Figure 2.7 shows the switch error of samples, phased by GEL vs HRC. The GEL

phased haplotypes obtained a lower switch error rate than HRC phased haplotypes

for all samples with CEU (Northern European from Utah), African, South Asian and

East Asian ancestry. The mean GEL phased haplotype switch error rate is 0.18%,

0.33%, 0.31% and 0.73% for European, African, South Asian and East Asian samples,

in comparison to 0.22%, 0.43%, 0.31%, 1.07% using the HRC reference panel. The

population structure of the reference panel is a key factor in determining the phasing
3Populations in 1000 Genomes high coverage sequencing data: Han Chinese South (CHS),

Finnish in Finland (FIN), Kinh in Ho Chi Minh City, Vietnam (KHV), African Caribbean in
Barbados (ACB), Puerto Rican in Puerto Rico (PUR), Bengali in Bangladesh (BEB), African
Ancestry in Southwest US (ASW), Gambian in Western Division, The Gambia - Mandinka (GWD),
Mende in Sierra Leone (MSL), Han Chinese in Beijing, China (CHB), Esan in Nigeria (ESN),
Japanese in Tokyo, Japan (JPT), Toscani in Italy (TSI), Iberian populations in Spain (IBS),
Colombian in Medellin, Colombia (CLM), Peruvian in Lima, Peru (PEL), Mexican Ancestry in
Los Angeles, California (MXL), Yoruba in Ibadan, Nigeria (YRI), Punjabi in Lahore, Pakistan
(PJL), Luhya in Webuye, Kenya (LWK), Utah residents (CEPH) with Northern and Western
European ancestry (CEU), Chinese Dai in Xishuangbanna, China (CDX), Gujarati Indians in
Houston, TX (GIH), British in England and Scotland (GBR), Indian Telugu in the UK (ITU),
and Sri Lankan Tamil in the UK (STU).
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Figure 2.7: 1000 Genomes high coverage sequencing trio data phasing switch error rate
comparing haplotypes inferred by trio transmission and computationally inferred using
reference panels.

performance [65]. Due to the absence of the South American samples in GEL, HRC

outperforms GEL when phasing Peruvians, Mexicans, and Puerto Ricans.

2.6 GEL reference panel imputation accuracy

We assessed the utility of the GEL reference panel for imputation, compared to

the TOPMed and HRC reference panels. The aim is to assess the imputation

accuracy of these three panels on 2,405 highly diverse 1000 Genomes samples

[38]. The data went through the same quality control procedure as in the phasing

experiment (see Section 2.5).

SNP positions in the UK Biobank Axiom array [1] were used to create a pseudo-

SNP array dataset, masking genotypes in 1000 Genomes sequencing samples, except

the sites existing in the Axiom array, resulting in 716,473 bi-allelic SNPs across
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all autosomes. The pseudo-SNP array dataset was then phased one chromosome

at a time using SHAPEIT4.1.2 without a reference panel [69]. The liftOver HRC

reference panel used here is the same as that used in Section 2.5. TOPMed

imputation was carried out using the TOPMed imputation server with TOPMed r2

reference panel[37] with the imputation software minimac 1.5.7 [122]. IMPUTE5

[74] was used to impute from the GEL and HRC panels. We converted the reference

panels to the IMP5 format to facilitate efficient imputation [74].

The imputed genotypes from the GEL, TOPMed and HRC reference panels

were then compared to the sequencing data (QC’d) as the ground truth, stratified

by allele frequency. Squared correlation r2 between the imputed allele dosages D

and the 1000 Genomes sequencing data true genotype G were calculated, stratified

by gnomAD (v3.3.1) minor allele frequency. For numerical stability, we used an

online algorithm to calculate the variance and covariance [74].

r2 = Cov(D,G)
Var(D)Var(G) (2.1)

As we focus on showing the overall performance of the reference panel across

different allele frequencies, only variants that are in common with the gnomAD

variants are taken into account. As a result, the number of variants measured may

differ across reference panels. We also stratified the imputation results from the

2,405 1000G samples into 6 groups : 661 African (AFR), 347 American (AMR), 504

Eastern Asian (EAS), 489 South Asian (SAS), 313 non-Finnish European (NFE)

samples and 91 British (GBR) samples.

Figure 2.8 shows the imputation results. The GEL imputation accuracy

outperforms HRC panel in all allele frequency bins for all ethnicities. The GEL panel

out-performs the TOPMed panel in GBR and SAS samples, especially for rarer

variants. This is likely due to the GEL panel having a larger number of individuals

with British and South Asian ancestry than the TOPMed panel. At MAF < 10−5,

the GEL imputation performance (r2) for GBR samples is 0.6, compared to 0.3 and

0.29 using TOPMed and HRC, respectively. At MAF < 2× 10−4, the r2 are 0.75,

0.64, and 0.48 for GEL, TOPMed and HRC, respectively. These results suggest
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Figure 2.8: The x-axis shows non-reference allele frequency on a log scale, focusing
in on rarer variants. The y-axis is imputation performance (r2). The performance of
the reference panels HRC (yellow), TOPMed (grey), GEL (blue) are shown as lines
in each plot. The variants are stratified by GnomAD allele frequency (v3.3.1) of their
corresponding population.

that the GEL reference panel is a well-matched reference panel to impute the UK

Biobank samples, of which over 80% are White British or Irish, and for which South

Asian is the second-largest ethnic group. The TOPMed panel out-performs GEL

and HRC in African, American and marginally in East Asian samples.

2.7 Discussion

In this chapter, we built the GEL reference panel with 78,195 sample and 342

million autosomal variants. The GEL reference panel has a diverse population,

with more than 49,641 White British and 5,283 South Asian individuals. We also

identified the relatedness in the dataset, where 16% of samples are in a duo family

and 44% in a trio family, leaving only 39% of samples unrelated. The GEL reference

panel is 8.7 times more samples than the HRC and 1.1 times more samples than

the TOPMed r2 reference panel. Nearly 200 million rare variants are not seen in

either HRC or TOPMed (Figure 2.4). The relatedness of the GEL dataset allowed

phasing of singletons by transmission. It resulted in GEL possessing slightly more

variants than TOPMed, despite TOPMed having 24% more samples than GEL.
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A major challenge of building the reference panel is to ensure good quality

variant calls. We introduced the site level quality control filters which removed

nearly half of the variants included in the raw aggVCF data, whilst covering the

entire allele frequency spectrum. The Ts/Tv ratio was improved from 1.28 to

1.84. We then cross-examined the common variants captured by GEL to other

popular reference panels: HRC, TOPMed, and UK10K. GEL contains over 1 million

more common variants than HRC and a similar common variant count to UK10K.

However, based on our findings, we have strong suspicion that UK10K has inflated

their common variant count, which would cause the potential false positive GWAS

results in the UKB imputed by HRC and UK10K panels. More analysis of this

issue will be discussed in Section 4.2.3.

The reference panel size and matching population are important factors affecting

the phasing and imputation accuracy. In the trio phasing experiment, the GEL

reference panel outperformed HRC for all 1000 Genomes populations, except for

the South American populations. By imputing the 1000 Genomes samples on

the UK Biobank Axiom array, the White British imputation achieved r2 = 0.75

at allele frequency of 2 × 10−4.

The reference panel is made accessible for all GEL registered researchers. We plan

in future to work on chromosome X phasing, once the aggregate VCF files are ready.
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3.1 Overview

In this chapter, we will describe the imputation of 488,315 UKB samples using

the GEL reference panel. We will examine the imputation quality in terms of

INFO score, and compare it to the previous UKB imputation, imputed by the

HRC and UK10K reference panel. The imputed data are now available on the

UKB platform under the field ID 21008.
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3.2 UK Biobank imputation pipeline

3.2.1 UK Biobank SNP array data quality control and
phasing

The UK Biobank SNP array data consist of 784,256 autosomal variants. We

removed the set of 113,515 sites identified by the previous centralized UK Biobank

as failing quality control[1], and also removed an additional set of 39,165 sites

failing a test of the Hardy-Weinberg equilibrium in 409,703 White British samples,

with the p-value threshold of 10−10. The SNP array data were mapped using the

LiftOver tool, GATK Picard LiftOver [84], from GRCh37 to GRCh38. Alleles with

mismatching strand were flipped wherever possible. 495 variants were removed due

to incompatibility between the two reference genomes, resulting in a final SNP array

dataset with 631,081 autosomal variants, to be phased and imputed at GEL sites.

Haplotype estimation of the SNP array data is a prerequisite for imputation.

Phasing was carried out one chromosome at a time using SHAPEIT4.2.2 without a

reference panel. We ran SHAPEIT4 using its default 15 MCMC iterations and 30

threads. The runtime varied from 2 hours to 30 hours for each chromosome.

3.2.2 UK Biobank imputation using GEL reference panel

The imputation of normal filter set and lenient filter set were carried out indepen-

dently to ensure the lenient filter phasing doesn’t alter the result of the normal

filter set. The autosomal imputation by GEL reference panel was carried out using

IMPUTE5 (v1.1.4). The SNP array data were divided into 408 consecutive and

overlapping chunks across the genome, and each chunk was further divided into

24 sample batches, with each batch containing 20,349 samples. IMPUTE5 was

run on each of the 9,792 subsets using a single thread and default settings, on

average below 4 minutes per genome, totalling about 1200 CPU days to impute

all UK Biobank samples. Sample batches were merged using QCTOOL and the

non-overlapping chunks were concatenated using cat-bgen [123].
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3.3 GEL imputed UK Biobank data

3.3.1 Imputation quality

IMPUTE information (INFO) estimates the genotype imputation uncertainty via a

score ranging from 0 to 1. A high INFO implies higher imputation quality, with a

value of 1 indicating no uncertainty, and 0 indicating complete uncertainty about

the genotype imputation. If an imputed variant on N samples has an INFO score α,

it implies that the statistical power of association tests are approximately equivalent

to αN perfectly observed genotype data. There is no single correct answer for

which threshold to use. To perform GWAS on the UK Biobank data with 500,000

samples, it is typical to use the variants with INFO above 0.3, equivalent to >150,000

perfectly observed samples [1] (see Section 1.2.2 for the definition of INFO).

We compared GEL imputed UK Biobank INFO scores to those from the

existing HRCUK10K imputed dataset[1]. The proportion of GEL imputed variants

passing the INFO threshold of 0.3 are 8%, 78% and 98% for MAF ≤ 10−6,

10−6 < MAF <= 10−5, and 10−5 < MAF ≤ 10−4, compared to 4%, 54%, and 78%

for the HRC+UK10K imputed data (Figure 3.1). Among the 65 million variants

imputed by both GEL and HRC+UK10K panels, 87% achieved better INFO score

using the GEL panel (Figure 3.2). Furthermore, we also found there to be more

imputation INFO improvement in INDELs than SNPs and more improvement in

common variants (MAF>0.001) than less common variants. (Figure 3.3).

3.3.2 GEL Imputed UKB dataset

The GEL imputed UK Biobank data consists of 488,315 samples and 342,573,817

autosomal variants, which is 3 times more than its predecessor. Using effect

prediction tool VEP (release 105) [124] to annotate the variants, we found 5 times

more high impact consequence variants (Table 3.1). It is worth pointing out

that GEL has 10-20 times more frameshift variants, due to better imputation

quality of INDELs (Figure 3.3).
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Figure 3.1: Imputation INFO score histogram comparison between GEL and HRCUK10K
imputed UKB data. Each panel shows the distribution of INFO scores for GEL and
HRCUK10K imputed variants in different MAF bins. The total number of variants in
each bin is provided in the panel legend.

Figure 3.2: Comparison of INFO scores at sites that are in both GEL and HRCUK10K
reference panels. A heatmap shows the number of sites in INFO score categories. In total,
65 million sites in both GEL and HRC+UK10K panels are examined.
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Figure 3.3: INFO score comparison of the common sites imputed by GEL and
HRCUK10K, separating in SNPs and INDELs (above) and minor allele frequency bins
(below). The pixel colour indicate the fraction of variant count in terms of the total
variant count. The fraction is in a log scale.

The imputed data are stored in 22 8-bit zstd compressed BGEN files [123].

Variants are aligned to the GRCh38 reference genome. Each chromosome is stored

in a separate BGEN file, with the filesize ranging from 19Gb to 103Gb, and totalling

1.2Tb. All variants are assigned with a unique ID, either using the rsid from dbSNP

build 155 1 wherever possible, or in the form of chr:pos_ref_alt, when the rsid is

unavailable for the variant. Imputed genotypes are stored as genotype posterior
1https://ftp.ncbi.nih.gov/snp/latest_release/
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High impact consequences HRCUK10K (A) GEL (A) HRCUK10K (B) GEL (B)
Splice acceptor 7,593 41,532 5,637 25,777
Splice donor 10,730 55,730 8,221 35,493
Stop gained 16,525 78,227 11,910 50,691
Frameshift 5,536 102,695 5,000 62,333
Stop lost 1,510 6,900 1,173 4,366
Start lost 2,406 10,541 1,803 6,730
Total 44,300 295,625 33,744 185,390

Missense 704,682 2,485,273 526,700 1,673,850

Table 3.1: The number of variant breaking down by high impact consequences predicted
by VEP[124] (release 105). (A) indicates all variants in the imputed UKB data. (B) is a
subset of GEL imputed UKB data with INFO > 0.3 and minor allele count > 5, which
are common thresholds to be set for GWAS.

probabilities, consisting of three 8-bit floating numbers, representing the probability

of the genotype being homozygote reference, heterozygote or homozygote alternate,

respectively. Despite having more than 3 times the number of variants, the GEL

imputed UKB BGEN files are nearly half of the size to its predecessor, HRCUK10K

imputed BGEN files (2.2Tb). This is mainly due to the storage method, with the

genotype dosages stored in 8-bit instead of 16-bit. The compression of the rare

variants is highly efficient using the BGEN format.

The imputed data are made available on the UKB platform under the field ID

21008. IMPUTE5 allows output of the imputation data with the phase information.

We stored the phase genotypes in VCF format. Due to the filesize, we only stored

the rounded dosage as the phased genotypes. The phased imputed UKB data

will be uploaded to the UKB platform soon.

3.4 Discussion

There are several existing UK Biobank imputation, including the imputation using

the reference panel of HRCUK10K [1], TOPMed [37], and 200K UK Biobank

[54]. The UK Biobank exome data has also been imputed using the 200K UK

Biobank WES data [125]. The GEL imputed UK Biobank is an addition to the

the imputation data resources.
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The GEL imputed UKB data have 3 times more variants than HRCUK10K

imputed UKB (H-UKB). In addition, they have 5 times more high consequence

variants than HRCUK10K, with a very large 10-20 fold increase in frameshift variants,

indicating a significant improvement in calling of INDELs (Figure 3.3). Comparing

the variants in common between both imputed datasets, 87% of GEL imputed

variants achieved better INFO score than HRCUK10K. The better common variant

(MAF>0.001) imputation quality in Figure 3.3 also echoes the findings in Chapter

4. Well imputed rare as well as common variants are vital for downstream analyses.

Due to the delay of the chromosome X aggregated VCF files by GEL, we

have been unable to produce the phased chromosome X phased data as yet.

However, there are plans to work on the phasing of chromosome X as soon as

the aggregated VCFs are ready.
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4.1 Overview

GEL imputed UK Biobank data provide a unique opportunity for the discovery of

novel genetic associations. We performed exemplar genome-wide association studies

(GWAS) on four quantitative UK Biobank traits, namely standing height, body mass

index (BMI), systolic blood pressure (SBP) and diastolic blood pressure (DBP).
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Compared to the HRCUK10K imputed UK Biobank data (H-UKB), the GEL

imputed UK Biobank (G-UKB) data found 1,699 potential more rare associations

(AF < 0.05), including 38 rare functional associations. The GWAS using G-

UKB discovered more than 70% of the EWAS findings [53], compared to 56%

found by H-UKB.

Section 4.2.1 describes details of the GWAS pipeline. The rare variant GWAS

results will be discussed in Section 4.2.2, focusing on the factors that affect the power

of GWAS, including effect size, allele frequency, and sample size. In Section 4.2.3,

we will explain why G-UKB found fewer common variant associations, presenting

evidence that the H-UKB common variant calls are less reliable. G-UKB data

also benefits other downstream analyses, such as conditional joint analysis (Section

4.3.2) and Bayesian fine-mapping (Section 4.4). We also list ten putative causal

rare association findings by the conditional joint analysis.

4.2 Genome-wide association studies

4.2.1 The genome-wide association studies for four quan-
titative traits

We selected four quantitative traits to demonstrate the GWAS performance of

difference between G-UKB and H-UKB. These traits are standing height (HEIGHT),

body mass index (BMI), systolic (SBP) and diastolic (DBP) blood pressure. Samples

from 40 to 70 years old are included. For all traits, outliers that are beyond ±4

standard deviations to the mean value are removed.

SBP and DBP are based on the automated blood pressure readings. We

calculated mean SBP and DBP values from two automated blood pressure readings

(n = 418,755) or two manual readings (n = 25,888), when the automated readings

are not available. For individuals with one manual and one automated blood

pressure measurement (n = 13,521), the mean value is calculated between these two

values. For individuals with only one available blood pressure reading (n = 413),

we used this singular value. The mean blood pressure readings are then adjusted
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based on the pressure-lowering medication (n=94,289). Adding 15 and 10 mmHg

to SBP and DBP, respectively, if pressure-lowering medication is taken [126].

Variants with minor allele count lower than 5 are not included in the association

tests. The trait measures were transformed using rank inverse normal transformation

(RINT) to ensure the input phenotype to be normally distributed, in order to increase

the power of GWAS and reduce false positives at rare variant due to outliers [127].

Suppose the number of sample in a GWAS is n,e RINT transformation of ith

sample’s phenotype Xi is as follows,

RINT(Xi) = Φ−1
(
rank(Xi)− c
n+ 1− 2c

)
(4.1)

with the constant c = 3/8 as the Blom offset. RINT(X) ∼ N (0, 1) [127].

The genome-wide association studies were carried out using REGENIE [14],

which estimates a shrinkage parameter for each consecutive block of 1000 SNPs

from the array data in a ridge regression (step 1), which can be treated as a

prediction of local polygenic scores from that block. In step 2, REGENIE uses

the step 1 prediction to perform a linear regression on quantitative traits using

the “leave-one-chromosome-out” (LOCO) scheme [12, 14]. We used the UKB SNP

array data for REGENIE step 1 and imputed data for step 2, accounting for sex,

age, sex squared, sex × age, and 20 principal components as the covariates [128].

Tests are carried out on 429,460 White British samples. The association tests for

G-UKB and H-UKB used the identical setup to facilitate comparison. H-UKB is

called based on the reference genome GRCh37. In order to compare the results

between G-UKB and H-UKB, the summary statistics of H-UKB are lifted over

from GRCh37 to GRCh38, using Picard LiftOver [84].

In the following analysis, we split the findings into two categories, rare variant

(MAF ≤ 0.05) and common variant (MAF > 0.05) associations. If unspecified,

both categories used the same genome-wide significant P-value threshold, which is

5× 10−8. The INFO threshold is 0.8 for rare variants and 0.3 for common variants.

Figure 4.2 shows that rare variant associations with low INFO tend to have inflated

effect sizes, which justified our choice of higher INFO threshold for rare variants.
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Figure 4.1: Comparing the Z-scores from G-UKB and H-UKB for the markers that
were shown to be significant for height association (p-value < 5 × 10−8) with INFO >
0.3. The blue line shows the linear regression line estimated on these data. The Pearson
correlation r2 is 0.99.

REGENIE tested, in total, 194 million and 67 million variants from G-UKB and

H-UKB, respectively. G-UKB dataset had 102 million rare variants and 6.6 million

common variants, passing the INFO threshold, whereas H-UKB had 14 million and

7.3 million such rare and common variants, respectively. Across all four traits, 31,699

rare associations and 455,392 common associations were found in G-UKB, when H-

UKB found 30,711 and 494,215 rare and common associations, respectively (Figure

4.1). The detailed GWAS hits analysis results will be discussed in the next section.

The GWAS results using H-UKB and G-UKB are highly correlated. The variants

that are present in both datasets showed a high correlation (r2 = 0.99) (Figure 4.1).

Over 90% of the genome-wide significant associations (GWAS hits) are common

variants (MAF>0.05), as they are better powered. In the following sections, we will

carry out more detailed analysis to show the advantage of using G-UKB to H-UKB,

in terms of rare variant associations as well as common variant associations.
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P-value INFO G-UKB H-UKB
Common associations 5× 10−8 0.3 455,392 494,215
Rare associations 5× 10−8 0.8 31,699 30,711
Common functional 5× 10−8 0.3 2,701 (0.59%) 2,747 (0.56%)
Rare functional 5× 10−8 0.8 511 (1.64%) 473(1.57%)
In common to EWAS 5× 10−8 / 26 (76%) 22 (65%)
In common to EWAS 2.18× 10−11 / 24 (70%) 19 (56%)

Table 4.1: Genome-wide significant association counts across all four traits. Common
variants are variants with MAF > 0.05 and rare variants are those with MAF ≤ 0.05,
excluding the HLA region in chromosome 6. The number of functionally important variants
including high and moderate impact variant effect annotated by VEP are presented in the
table, followed by the percentage found in genome-wide significant in the same category.
We also showed the associations that are in common with UK Biobank EWAS results
and its proportion in all the EWAS findings [53].

Exome-wide association studies (EWAS) examined 430,998 UKB individuals with

European ancestry focusing on predicted loss of function variants, including stop-

gain, frame-shift, stop-lost, start-lost and essential splice variants, using REGENIE

RINT transformed data [53]. The genome-wide significant threshold is set at

2.18× 10−11. EWAS has reported 31, 0, 1, and 2 rare (MAF ≤ 0.053) genome-wide

significant variant-trait associations across height, BMI, SBP, and DBP, respectively

[53]. The GWAS procedure by Backman et al. (2021) was very similar to what we

have done, though not necessarily identical [53]. Across all four traits, we discovered

70% of the EWAS findings can be found in G-UKB GWAS, whereas H-UKB only

found 56%. If we relax the P-value threshold to 5× 10−8, G-UKB could discover

76% of these reported rare associations (Figure 4.1).

4.2.2 Rare variant associations

Statistical power of a regression analysis is influenced by effect size, allele frequency

and the number of samples [129]. In a linear regression model for quantitative traits,

y = µ+ βX + ε (4.2)

where y is the phenotype measurement, β is the effect size, X is the genotype matrix,

and ε ∼ N (0, σ2). The effect size estimate is β̂ ∼ N (β, σ2
β̂
) and the squared z-score

is z2 = (β̂/σβ̂)2 ∼ χ2
1(λ), with the non-centrality parameter λ = (β/σβ̂)2. Under
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the assumption of the Hardy Weinberg equilibrium, the variance of a genotype

is approximately 2f(1 − f), where f is the allele frequency, and the standard

error of the effect size estimate σβ̂ is

σβ̂ = σ√
Var(X)N

≈ σ√
2f(1− f)N

(4.3)

Hence, the non-centrality parameter is

λ = 2f(1− f)β2N/σ2 (4.4)

When the allele frequency decreases, the minimum effect size has to increase, in

order to reach a particular significant level. Figure 4.2 shows that there were rarely

any significant associations to be detected beyond the theoretical curve, where the

statistical power is 0.5. Although real rare variant associations tend to have higher

effect sizes, an inflated effect size still implies problems. This issue was well-captured

by imputation INFO score. Figure 4.2 also shows rare variant associations with

the allele frequency below 5 × 10−4 are exclusively detected by G-UKB. Similar

results can be observed in the other three traits as well (Figure A.1).

We further validated the GWAS findings by examining the concordance between

imputed variants and the 200,000 UK Biobank exome sequencing samples [53].

Among the 487,091 associations across all four traits, we found 18,740 associations

corresponding to 15,362 associated markers in the exome sequencing data. In Figure

4.3, we demonstrate a high overall r2 correlation between the GEL imputed dosages

and the exome sequencing data at the genome-wide significant sites, with 97% of

them having r2 > 0.8. The proportion of variants surpassing the r2 > 0.8 threshold

are as follows: 97% (AF > 10−1), 97% (10−2 < AF ≤ 10−1), 96% (10−3 < AF ≤

10−2), 79% (10−4 < AF ≤ 10−3), and 51% (AF ≤ 10−4). Assuming that variants

passing the r2 > 0.8 threshold are reliable imputation for association tests, we can

consider the GEL imputed UKB to be generally "trustworthy" for allele frequencies

above 10−4. We need to take caution for rare variant associations (AF ≤ 10−4).

In Figure 4.2 and Figure A.1, we observed a consistent trend towards negative

(detrimental) effect sizes in rare variant associations. In Figure 4.3, we grouped
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Figure 4.2: Genome-wide significant rare variants (MAF < 0.05) associations for
standing height using G-UKB data shows rare associations require higher effect sizes to
be detected. The triangles are G-UKB variants that can be found in H-UKB and the dots
are those unique to G-UKB. The dotted line shows the theoretical minimum effect size
for different allele frequency when the statistical power is 0.5, assuming α = 5× 10−8 and
N = 418, 755. The dots/triangles are coloured by the G-UKB imputation INFO score.
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Figure 4.3: The histograms of squared correlation r2 between the exome sequencing
variants and GEL imputed variants in 200,000 UK Biobank samples that are available
in the exome sequencing data, considering the GWAS significant variants with INFO >
0.3, stratified by allele frequencies. 97% examined GWAS hits are with r2 > 0.8. The
proportion of variants surpassing the r2 > 0.8 threshold are as follows: 97% (AF > 10−1),
97% (10−2 < AF ≤ 10−1), 96% (10−3 < AF ≤ 10−2), 79% (10−4 < AF ≤ 10−3), and
51% (AF ≤ 10−4). The bars in histograms are coloured by the effect size directions. We
considered negative effect sizes in HEIGHT and positive effect sizes in BMI, SBP, and
DBP as indicative of negative or detrimental effects.

the GWAS and exome overlapping variants based on positive and negative effects.

We consider negative effect size in HEIGHT and positive effect size in BMI, SBP

and DBP as negative or detrimental effects. In this analysis, we also observed

higher proportion of negative (detrimental) effect associations with rare variants

and most of these rare imputed variants have a considerably high imputation

quality. We also found similar negative effect sizes in rare associations reported

by the exome analysis [53].

A genetic mutation that causes the alteration of the molecular function of a

protein is called a functional variant.They are particularly informative for association

studies and fine-mapping [17]. By examining the functional variants with the
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Figure 4.4: The number of significant rare associations captured by G-UKB and H-UKB
data, stratified by variant effects with high and moderate consequences, defined by VEP.

following high and moderate predicted consequences: start lost, stop lost, stop

gained, frame-shift, splice donor, splice acceptor, inframe insertion, inframe deletion,

and missense, the G-UKB found more rare associations than in H-UKB in all these

categories (Figure 4.4). Variants were annotated using VEP (release 105) [124].

4.2.3 Common variant associations

G-UKB detected 38,823 fewer common variant GWAS hits than H-UKB. Regarding

concerns described in the previous chapter about potential false common variant

calls in H-UKB, mainly caused by the excess of common variants in UK10K, we

examine whether some of the excessive H-UKB GWAS hits could be false.

In total, there were 64,579 common significant associations that were detected

by H-UKB, but failed to be detected by G-UKB, either because the variants were
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Figure 4.5: The number of significant common associations captured by G-UKB and
H-UKB data, stratified by variant effects with high and moderate consequences, defined
by VEP.

not present in H-UKB (35,823) or marked as not significant by the H-UKB GWAS.

Among 22,549 (70%) of unique G-UKB GWAS hits, only 12,455 (19.2%) of them

can be found in TOPMed r2. This suggests that the excessive H-UKB common

variant associations might be compromised.

In Figure 4.6, we further compared the significant associations that are unique

to each dataset, in terms of the allele frequency concordance to the TOPMed

allele frequency. We found that the G-UKB unique GWAS hits match with the

TOPMed allele frequency better than H-UKB unique GWAS hits. Many rare

variants in TOPMed have an inflated allele frequency in H-UKB. In spite of having

lower concordance in general, the allele frequency of H-UKB GWAS hits matched

the TOPMed allele frequency quite well, indicating most of the H-UKB unique

associations, when existed in TOPMed, are likely to be real. However, the variants
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Figure 4.6: Comparing allele frequency concordance of GWAS significant sites to
TOPMed between associations that are unique to G-UKB (left panel) and unique to
H-UKB (right panel). Variants that don’t locate within the HLA region and with INFO
> 0.3 that are included in both datasets are included.

that are in common between the H-UKB unique GWAS hits and the TOPMed

variants make up less than 20% of the H-UKB unique sites.

We further examined the imputed variant allele frequency concordance to

TOPMed among associations, where a large P-value discrepancy was produced by

between G-UKB and H-UKB. The large P-value discrepancy sites were defined as

variants that were significant (P-value < 5× 10−8) in one dataset but 1,000 times

larger in the other dataset (P-value > 5× 10−5). 14,898 GEL standard filter sites

and 9,168 GEL lenient filter sites were identified. The GEL standard filter sites had

a much better allele frequency concordance in both H-UKB P-value underestimation

and overestimation cases (Figure 4.7). The GEL lenient filter sites in G-UKB

showed potential for false negative GWAS hits, but no sign of false positives hits

(Figure 4.8). These results strengthened our belief that, despite having less common

variant associations, G-UKB associations are more reliable and less likely to be

false positives. Regarding the standard filter sites, the G-UKB insignificant sites

that are marked as significant in H-UKB are not likely to be false negative.
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Figure 4.7: Comparing allele frequency concordance to the TOPMed allele frequency
between large P-value discrepancy sites. Associations that are significant in H-UKB
but with much bigger P-value (> 5× 10−5) in G-UKB are allocated in the left column,
separated by GEL normal filter sites and GEL lenient filter sites. Associations that are
significant in G-UKB, but with much bigger P-Value (> 5× 10−5) in H-UKB.
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Figure 4.8: Comparing allele frequency concordance to TOPMed between large P-value
discrepancy sites. Associations that are significant in H-UKB but with much bigger
P-value (> 5 × 10−5) in G-UKB are allocated in the left column, separated by GEL
normal filter sites and GEL lenient filter sites. Associations that are significant in G-UKB,
but with much bigger P-Value (> 5× 10−5) in H-UKB.



68 4.3. Fine mapping rare variant associations

4.3 Fine mapping rare variant associations

4.3.1 Conditional joint analysis

A standard GWAS procedure uses marginal models, considering one variant at

a time, in order to make the GWAS computationally tractable. Meanwhile, a

joint model, considering all the selected variants and estimating their joint effect

simultaneously, is more time-consuming. However, finding non-correlated variants

are advantageous for fine-mapping of causal variants.

In order to use the joint model and compute in a reasonable timeframe, we

carried out a conditional joint analysis using a step-wise forward selection procedure,

one chromosome at a time. Our approach is similar to that was mentioned in

[130]. First, we defined a set of genome-wide significant variants in one chromosome

(P-value < 5× 10−8) identified in the marginal regression by REGENIE, as S. Use

another set of variants R as the conditional variables in a joint regression, starting

with the most significant variant in the marginal regression. For each step, we

calculated the P-value for all the remaining variants in S, one at a time, conditioned

on R. Move the variant with smallest P-value from set S to set R, and then repeat

until there are no more variants in set S remaining significant. All the above joint

regression are conditioned on the covariates mentioned in Section 4.

The step-wise forward selection approach identifies a “smallest” subset of variants,

for which the joint regression model explains the data so well that any additional

variants would not lead to a better fit to the data. Variants that are included

in the final selected set R should show incomplete LD among each other, since

the colinearity among variants with high LD ensures only one in such a region

is included in R. Step-wise forward selection is often used to find regions for

Bayesian fine-mapping [17]. To demonstrate the performance on finding rare causal

variants using G-UKB in comparison to H-UKB, we will focus on the putative

causal variants found by the step-wise forward selection approach.
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rsid Phenotype MAF Data Effect size − log10 P-value
rs535071161 BMI 0.0008360 G-UKB 0.969368 8.80021
rs948848696 BMI 0.0000895 G-UKB 3.416520 10.08210
rs1286160511 BMI 0.0000376 G-UKB 5.120000 9.47132
rs577620983 SBP 0.0041567 G-UKB 1.754600 8.01582
rs746206908 SBP 0.0000487 G-UKB 16.249800 7.56910
rs151036307 SBP 0.0020308 G-UKB 2.846980 9.46999

chr12:118537814_T_C SBP 0.0000166 G-UKB 32.867900 9.45829
rs200999181 SBP 0.0011677 H-UKB 3.376680 8.61512
rs1327113379 SBP 0.0012055 G-UKB 3.404630 8.92087
rs374660188 SBP 0.0044004 G-UKB -1.845340 9.59273

8:135602725_TCAC_T SBP 0.0046057 H-UKB -1.837860 9.60753
chr1:21479845_T_TGTGTGG DBP 0.0000125 G-UKB 19.378300 7.90003

rs757561770 DBP 0.0000093 G-UKB 22.383400 8.85968
chr3:159719798_A_G DBP 0.0000125 G-UKB 20.784000 9.36453

rs773828312 DBP 0.0020958 G-UKB -1.482880 8.06360

Table 4.2: Ultra-low frequency associations flagged by step-wise regression (INFO >
0.8), see Figure 4.9

4.3.2 Results

We found a directional effect of ultra-rare variant associations (Figure A.1), for

example, there are more associations being found with the effect of increasing the

blood pressure than blood pressure lowing. By only looking at the independent

variants flagged by conditional joint analysis (Figure 4.9), the directional trends

are diminished compared to what we see in Figure A.1, but not fully eliminated

in blood pressure traits and BMI. We list all the ultra-low frequency associations

flagged by the step-wise regression in Table 4.2. Many of these associations are in

or adjacent to genes that were found associated with the traits in the literature,

hence plausible. The effect size negative trend still persists from the associations

selected by the conditional joint analysis.
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Figure 4.10: Manhattan plot comparing G-UKB and H-UKB results for DBP association.
rs757561770 is an ultra-rare variant near FGD4, which known to be associated with systolic
blood pressure [135] and hypertension [136].

We also hand-picked 10 LD-independent rare putative causal associations that

are only significant in G-UKB, flagged the G-UKB conditional joint analysis. (Table

4.3). Some of these variants are selected because they are functionally important,

and the others are selected because they are in or adjacent to genes that were found

associated with the traits in the literature. The rarest association was rs757561770

(MAF=9.3× 10−6), an intron variant of FGD4 gene associated with DBP with an

effect size of 22.38 mmHg (Figure 4.10), containing 9 heterozygote carriers in the

entire imputed dataset, none of which were outliers. FGD4 gene is known to be

associated with systolic blood pressure [135] and hypertension [136].

4.4 Fine-mapping common variant associations

4.4.1 Bayesian fine-mapping

Bayesian fine-mapping aims to find the posterior of probability of a model given

the data. The model M is an indicator vector, where the ith element is 1 when

the ith variant is causal and 0 when non-causal.

Pr(Mi|X) = Pr(X|Mi)Pr(Mi)∑
M∈m Pr(X|M)P (M) (4.5)
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The Bayesian fine-mapping methods try to find the posterior inclusion probability

(PIPi), by summing up all model posteriors that include site i to be causal. We

then rank the PIPs from high to low, and take the cumulative sum of PIPs until

it is at least α, which we call the α-credible set.

The number of models increases exponentially with the increasing number of

variants. The integral for the marginal likelihood and the posterior probability for

many models posed huge challenges in computation [17].

For the purpose of demonstrating the performance of GEL imputed data, we

used the method developed in Maller et al. 2012 [138]. Assuming only one causal

variant within the defined region, the posterior is proportional to the Bayes factor,

which can be subsequently be estimated using the asymptotic Bayes factor (ABF)

described in Wakefield 2019 [139]. The benefit of using ABF is that it only requires

the regression summary statistics.

Here is a brief sketch to show how the posteriors can be expressed as the

Bayes factor. Suppose we define a region with k sites, the genotypes of the

region forms a vector X, and assume a uniform prior Pr(Mi|M) = 1
K
. The

Bayes factor (BFi) comparing model Mi and M0 (no causal variant) depends

only on the genotype at site i.

BFi = Pr(X|Mi)
Pr(X|M0) = Pr(Xi|Mi)

Pr(Xi|M0) (4.6)

The posterior of having one causal variant is proportional to the causal variant’s BFi.

Pr(Mi|X,M) = Pr(X|Mi,M)Pr(Mi|M)
Pr(X|M)

= 1
k

Pr(X|Mi)
Pr(X|M)

= 1
k

Pr(X|Mi)/Pr(X|M0)
Pr(X|M)/Pr(X|M0)

= 1
k

Pr(X|Mi)/Pr(X|M0)∑k

i=1 Pr(X|Mi)Pr(Mi|M)
Pr(X|M0)

(4.7)

Based on (4.6) and (4.7), the posterior for one causal variant can be expressed

as the following,
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W = 0.022 W = 0.22

Traits HRCUK10K GEL HRCUK10K GEL
Height 15 (0.2%) 15 (0.07%) 15 (0.19%) 15 (0.07%)
BMI 26 (0.29%) 25 (0.1%) 27 (0.3%) 30 (0.11%)
SBP 21 (0.25%) 21 (0.09%) 21 (0.25%) 21 (0.09%)
DBP 19 (0.2%) 20 (0.07%) 19 (0.26%) 21 (0.95%)

Table 4.4: The median number of variants included in the Bayesian fine-mapping 95%
credible set and the the median proportion of the credible set to the number of sites
contained in the region.

Pr(Mi|X,M) = BFi∑k
i=1 BFi

≈ ABFi∑k
i=1 ABFi

(4.8)

According to Wakefield 2019 [139], the asymptotic Bayes factor (ABFi) in favour

of having one causal variant, can be derived only using the regression summary

statistics, where Vi the standard error, Z is the Z score. It assumes a normal prior

∼ N (0,W ), where W is the variance. Common choices of W are 0.22 and 0.022 [1].

ABFi =
[√

Vi +W

W
exp

(
− z2

2
W

Vi +W

)]−1

(4.9)

Since we assume there is only one causal variant within a region, the PIPi is

equivalent to the model posterior Pr(Mi|X).

We used GWAS summary statistics from Section 4, to compare G-UKB and H-

UKB Bayesian fine-mapping performance. Using the genetic distance in the HapMap

recombination map [140], the fine-mapping regions are defined as 0.125 centimorgans

(cM) plus 25 kb each side of the H-UKB genome-wide significant marker (p-value

< 5× 10−8). Regions are merged into one if they overlap. With this method, we

defined 1,660, 711, 505, 546, and 505 non-overlapping regions for HEIGHT, BMI,

SBP and DBP, among which 60, 30, 33, 51 regions for each respective trait found no

genome-wide significant markers in G-UKB, and were removed from this analysis.

4.4.2 Results

95% credible sets for each region were derived by the PIP of variants enclosed in

the region using the summary statistics from (4.8). We found that the choices
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Figure 4.11: Compare 95% credible sets size ranging from 1 to 20 variants for standing
height. This plot used the prior of W = 0.022. The size of the dots represents the number
of fine-mapping regions.

of prior variance do not affect the results of H-UKB, but smaller priors (0.022)

benefit the G-UKB results (Table 4.4). The median 95% credible set size are almost

identical using G-UKB and H-UKB, but the proportion of variants in credible

set of each region is around 3 times smaller in G-UKB than H-UKB (Table 4.4).

Across all four traits, we found 44% of the regions have a lower 95% credible

set size using G-UKB comparing to H-UKB, 30% remained the same and 25%

H-UKB outperformed G-UKB (Figure 4.11).

4.5 Discussion

G-UKB found 1,699 more rare variant association and 38 rare functional associations

than H-UKB. G-UKB found 70% of the associations found in EWAS [53], while

H-UKB found only 56% of them. The main difficulty in detecting rare associations

is that the GWAS approach has less power to detect ultra-rare associations with
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moderate effect size, despite a drastic increase in testable rare variants in G-UKB

(102 million), a seven fold increase to H-UKB (14 million). The low number of novel

ultra-rare GWAS findings are also seen in UKB exome sequencing analysis [53, 141].

G-UKB detected less common variant associations than H-UKB. We conjectured

that this is largely due to the inflation of false common variant calls in H-UKB,

introduced by UK10K reference panel. We have the following evidence,

1. Over 1 million (11%) H-UKB common variants are not found in TOPMed

(Table 2.4) and 16.75% of common variants are not found in GEL standard

filter sites (Table 2.3).

2. We saw no inflation of common functional GWAS hits in H-UKB (Table 4.1).

3. 80% of common GWAS hits that are unique to H-UKB cannot be found in

TOPMed.

4. The G-UKB standard filter sites tend to match the TOPMed allele frequency

better, when H-UKB P-value estimates have large discrepancies to those

estimated by G-UKB (Figure 4.7).

We demonstrated the imputation using large high coverage reference panel,

such as GEL, could benefit the discovery of novel causal associations. Ten rare

putative causal associations are flagged by the conditional joint analysis, which

were not found to be significant in H-UKB. It also improved the Bayesian fine-

mapping performance. Over 74% of the regions has achieved lower or equal credible

set size, using G-UKB data.

We used four traits as a demonstration of the GEL imputed data. In terms

of future work, we plan to expand the analysis to other UK Biobank phenotypes.

We would also like to work on more rare variant analyses, including burden

testing of genes.
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5.1 Overview

Genome simulation has served as an important tool in the development of population

and statistical genetics during the past two decades [86–88]. With large genetic

sequencing datasets becoming increasingly accessible, the demand for large-scale

simulation in terms of sample size, genome length and complex demographic

histories has been growing. In this chapter, we present a new implementation of a

simulator sampling from the discrete time Wright Fisher (DTWF) process, called

ARGON2. Simulating from the DTWF process is in general more computationally

demanding than the coalescent simulation, However it leads to more accurate

simulation results in terms of long range LD and recent generation relatedness

[100–102, 142]. In addition, simulating specific aspects of genealogical histories,

such as high migration rates or non-crossover gene conversion events, is cumbersome

using standard coalescent simulation. In this chapter, we show that ARGON2 may

be substantially faster than state-of-the-art coalescent simulation in some of these

scenarios. We also develop new methodology to generate new samples conditional

on existing simulated or inferred ARGs, which may be used to obtain increasingly

realistic simulated data and used to aid study design.

The structure of this chapter is as follows: Section 5.2 describes the details of

the ARGON2 simulation algorithm and its implementation. In Section 5.3, we

assess simulated ARGs by comparing their topological properties, and benchmark

the performance of several simulators. In Section 5.4, we describe a novel approach

to perform data augmentation using inferred ARGs.

5.2 The ARGON2 DTWF simulator

5.2.1 The ancestral recombination graph

The term “ancestral recombination graph” (ARG) was originally used to redefine

the coalescent process with recombination [114, 143, 144], referring to both the

stochastic process and the encoding of the genealogy.
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The term ARG has been increasingly used to solely refer to the graph-based

encoding of a genealogical object (e.g., [145, 146]), while the process itself is most

often referred to as the coalescent with recombination [81, 90, 91]. An ARG

implicitly defines a genealogical tree for each position, which are often referred to

as marginal tree or local tree. The topology of consecutive trees is progressively

modified by the occurrence of recombination events. There is some variation in

how nodes and edges in an ARG may be used (see e.g., [101, 146] or [95]). To store

the simulated genealogy, ARGON2 uses a data structure similar to that used in

ARGON, which we refer to as SimpleARG. This structure consists of two main

elements, Edges represented by the parent node ID and child node ID, alongside

with the corresponding genome range and the Height of each node, in number

of generations. SimpleARG may be easily converted to the ARG format used in

the ARG-Needle and tskit software packages.

Coalescent events are usually rare compared to the number of simulated indi-

viduals across generations, implying that the genetic material in the simulation is

more likely transmitted from one generation to another without changes. Using

an ARG node for each individual would therefore lead to the creation of a large

number of unary nodes, where a parental node has only one child, leading to very

large memory costs. However, recording unary nodes, may be desirable in some

cases. By recording the unary nodes, an entire pedigree of past ancestors will be

recorded. For instance it is possible to keep track of recombination events in the

genealogy with a fully recorded pedigree. ARGON2 optionally allows retaining this

kind of information, at the cost of a significant increase in required resources.

5.2.2 Simulation algorithm

ARGON2 proceeds backwards in time and processes one generation at a time, using

an approach similar to that of ARGON. All present day samples are initialized as

instances of the class Individual, which contains a list of Block objects, representing

genetic materials travel along the genealogy from the present day samples. A Block

stores the starting position, ending position, number of descendants, and pointers
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to Edges. Throughout the simulation, Blocks become increasingly fragmented and

each segment become increasingly smaller due to coalescent and recombination

events. A Block will only be freed from memory when it reaches the root. Block is

the backbone of the DTWF simulation, whilst Individual may be used to enable

additional optional features, such as pedigree tracking, diploid simulation, or sex-

specific mutation and recombination maps. Diploid simulation mode allows an

individual only to recombine in between two randomly chosen parental individuals,

while in the haploid mode, an individual can have any number of parents.

ARGON2 allows the simulation of multiple populations (demes) with different

sizes. Suppose there are K demes, each with population size Ne,k, with a generation

specific pairwise-migration rate across demes. An Individual is stored in a 2-

D array Cg
k,i for each generation g. The haploid DTWF simulator algorithm

is described below.

Algorithm 1 Discrete time Wright Fisher haploid simulation algorithm with
multiple populations, migration, and gene conversion.
Initialize: assign individuals of all K populations in C0

k,i at generation (g = 0)
while existing blocks not reaching the root do

g ← g + 1
Initialize: Cg with an empty vector.
for individual ∈ C(g−1) do

while crossover/non-crossover recombination do
Process the recombinant (s).

end while
Draw a random integer k ∈ [1, K] based on migration rate.
Draw a random integer i ∈ [0, Ne,k].
if Cg

i,k is occupied then
Coalesce the two individuals and record the events in SimpleARG.
if any block reached the root then Free the block
end if

else
Cg
i,k ← current individual.

end if
end for

end while
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Figure 5.1: Schematic of coalescent and recombination implementation in ARGON2.
Coalescent scenario 1 depicts two coalescing individuals with overlapping segments;
coalescent scenario 2 shows two coalescing individuals without overlapping segments.
Among all the cases, only coalescent with overlapping segments can create new edges.

5.2.3 The merging algorithm for coalescence events

When a coalescent event happens, the fragmented Blocks of two coalesced individuals

are merged. The merging operation is the most time-consuming part of the

simulation, taking up more than 70% of the total run-time. For larger simulations,

this proportion is expected to be even higher, as the fragmentation will be more

severe. In Figure 5.2, we show that individuals have much more fragmented genome

segments (i.e. more Blocks) when the sample size, genome length or Ne are large.

ARGON2 uses the forward sweeping algorithm, used in ARGON [101], to merge
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the coalesced blocks. When merging the Blocks of two individuals, it scans the

genome from left to right. Blocks are stored in a linked list (data structure), which

has O(1) complexity for insertion and deletion of a given node. When merging two

individuals with comparable numbers of blocks, the forward sweeping algorithm

complexity is close to optimal and linear in terms of number of blocks. When

individuals are more fragmented, i.e. high block count per individual, the forward

sweeping algorithm is more efficient than binary tree structure (adopted e.g. in

[95]), which require log(n) cost for insertions.

5.2.4 Recombination and gene conversion

Hudson’s coalescent with recombination algorithm allows an individual genome to

recombine multiple times and have more than two parents across two generations.

In large-scale simulations, this may cause an inflation of lineages and distort the

relatedness pattern [100–102]; in some extreme cases, this could make every pair of

individuals second or third degree cousins. Nelson et al. (2020) [102] showed that

the number of lineages in Hudson’s coalescent algorithm tends to grow beyond the

population size. In DTWF simulation, on the other hand, the number of lineages

can never grow over the population size. DTWF models such as ARGON [101]

and msprime-dtwf [102] increased the simulation accuracy by only allowing the

recombination to happen back-and-forth between two ancestors in one generation.

This approach is also adopted in ARGON2.

There are two types of DNA repair mechanisms during the meiotic recombi-

nation, namely, the cross-over (CO) and non-crossover (NCO) DNA repair. Both

mechanisms are modelled in ARGON and ARGON2. Non-crossover recombination,

often referred to as gene conversion, is not as commonly modelled, though it has

been estimated to be an order of magnitude more likely to occur, compared to CO

recombination [147]. The NCO gene conversion fills the double strand break (DSB)

with a short homologous segment, usually from 50-1000 base pair [148], whereas

CO recombination affects several mega-base long segments. NCO gene conversion

could affect local LD [149], increase GC content over time [150].
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Figure 5.2: The fragmentation situation (Number of block per individual) using different
parameters in each generation during the simulation. The upper left plot shows the
simulation of a 10mb genome with varying sample sizes. The average number of blocks
per individual increases increased sample size. The upper right plot shows the simulation
of 1, 000 samples. By increasing the genome length, the average number of blocks per
individual increases. The lower left plot shows the simulation of 100mb genome with
10, 000 samples, showing the increase of effective population size (Ne) can also increase
the fragmentation.
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Figure 5.3: The schematic of crossover recombination and non-crossover gene conversion.
DSB stands for double strand break.

To implement NCO gene conversion, we adopted an infinite sites approximation

and assumed that the length of a NCO tract is exponentially distributed [151].

Suppose the per generation recombination rate is ρ and gene conversion rate is

ρGC , to simulate the recombination with gene conversion, we first draw from an

exponential distribution with the rate of ρ + ρGC to determine the next break

point for either CO and NCO recombination. Then we draw a sample from a

Bernoulli distribution with the parameter of ρGC/(ρ+ ρGC) to determine whether

the “breaking” event is a gene conversion event. The operation of gene conversion

is accomplished by two recombination events and a coalescent event back to the

original individual, once the gene conversion tract length is determined (Figure 5.3).

When the right boundary of the gene conversion tract exceeds the genome, the

NCO gene conversion will be indistinguishable from the CO recombination event.

5.2.5 Mutation

Edges in an ARGON2 ARG represent ancestral relationships and allow retrieving

the genomic extent (l) during which this relationship holds, as well as the height of

the parent and child nodes involved. Suppose the per generation mutation rate is µ,

we can simulate the number of mutation Ni on edge i using a Poisson distribution,

Ni ∼ Poi(µl(hp−hc)). Generating mutations on edges is a highly efficient operation,

but determining which samples carry a mutation is time-consuming, and requires
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significant optimization. A naive implementation requires the traversal using post-

order tree traversal for every mutation. In ARGON2 we used the ARG traversal

functions in ARG-Needle [146], which is based on the ARG traversal algorithm

used in the ARGON simulator and enables efficiently computing the carriers of

a set of mutations on the ARG.

5.3 ARGON2 validation and performance

5.3.1 Generating the ARG

We performed extensive simulations to verify the calibration of the ARGON2

simulator. To this end, we extracted a number of summary statistics from each

simulation, including the number of segregating sites, heterozygosity, and average

pairwise correlations. We used these statistics to test for significant deviations across

different simulators, including ARGON [101], msprime v1.0 (Hudson algorithm) and

msprime-dtwf v1.0 (DTWF ancestry simulation) [95]. We tested the following

statistics (also see [101]):

• S: number of segregating sites in the sample.

• Srare: number of polymorphic sites with minor allele frequency below 10% in

the sample.

• Smid: number of polymorphic sites with minor allele frequency between 10%

and 40%.

• Scommon: number of polymorphic sites with minor allele frequency higher than

40% in the sample.

• singleton: number of sites with one mutation in the samples.

• doubleton: number of sites with two mutations in the samples.

• θ heterozygosity: computed as in (5.1)

• r50: average pairwise correlation of markers at distance between 0 and 50Kb.
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• r100: average pairwise correlation of markers at distance between 50 and

100Kb.

• r150: average pairwise correlation of markers at distance between 100 and

150Kb.

• r2
50: average pairwise squared correlation of markers at distance between 0

and 50Kb.

• r2
100: average pairwise correlation of markers at distance between 50 and

100Kb.

• r2
150: average pairwise correlation of markers at distance between 100 and

150Kb.

For n samples with the genome length of l, and allele frequency for position

i is pi, the heterozygosity θ is calculated as follows,

θ = n

(n− 1)

l∑
i=1

2pi(1− pi)
l

(5.1)

The number of segregating sites and heterozygosity were computed using bcftools

[121] and the correlation was calculated using PLINK 1.9 [11], accounting for

all variants above minor allele frequency 1%. We used the aforementioned four

simulators to perform 1, 000 independent simulations of 10 Mb genome with 50

haploid samples. The recombination rate was set to 10−8 per basepair, per generation

and the mutation rate was set to 2× 10−8 per basepair, per generation. The results

are shown in the tables below, where we report the mean value, standard error

(S.E.), and Z-score of each comparison. Z-scores (−1.94 < Z < 1.94) that are

corresponding to p-value lower than 0.05 are marked as red for caution, though

multiple testing should be taken into account when evaluating these results.

The tests were carried out for four demographic models, including a constant

population size model, exponential expansion model, bottleneck model, and island

model [101]. We chose a relatively small sample size, where the Hudson’s coalescent

algorithm [97] is a reasonable approximation of the discrete-time Wright Fisher
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process [89], so that all simulators should produce comparable results regardless of

the model they adopt, as less distortion would be made due to polytomy [96]. The

tables below show ARGON2 results match all the other three simulators.
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5.3.2 Performance on a single constant sized population

Like ARGON, ARGON2 adopted a two-stage simulation approach, consisting of

ARG building and mutation generation. We compared ARGON2 ARG building,

mutation + I/O, and the total run-time (Figure 5.4) against ARGON1 (version

0.1.160415 with OpenJDK 11.0.15), msprime (v1.2.0) and its DTWF module

msprime-dtwf, with varying genome length and effective population size.

All benchmark experiments were run on a single Intel Xeon E5-2690 CPU.

In particular, for running ARGON1, the Java flag “-XX:+UseSerialGC" was

used to ensure a single processor simulation. The total run-time and memory

were measured using the Bash command time. To test the ARG building time,

simulate_ancestry function in ARGON1, generate_ARG function in ARGON2

and sim_ancestry function in msprime were used for respective simulators. tskit

provides two approaches to generate mutation data in VCF format, a Python

function write_vcf or the tskit command line tool. Although it requires writing

the out “TreeSequence” output, the latter is at least 10 times faster, was therefore

adopted it in our benchmarks. Since the msprime mutation generation and I/O

processes are inseparable, we measured the mutation generation and I/O together.

In particular for msprime, we measured mutation and I/O in the following way.
# Simulating the mutation
mts = msprime . sim_mutations (ts , rate=mu)
mts.dump( output + ".tsk")
cmd = " python3 -m tskit vcf " + output + ".tsk | bgzip -c > " +

output
os. system (cmd)

The performance of ARGON2 is comparable to that of msprime when simulating

a small population size and short genome length. For larger genome size, ARGON2

still shows better performance than msprime-dtwf and ARGON1. For much larger

simulation, ARGON2 is slower than msprime-dtwf, but still around 2 times faster

than ARGON1. With increased the genome length and effective population size,

the number of Blocks increases exponentially, namely, the genomes become more

fragmented, likely causing the drop in performance. In future work, we plan to

implement defragmentation operations, which are likely to lead to an improvement
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Figure 5.4: The runtime of ARGON1, ARGON2, msprime, and msprime-dtwf, breaking
down in ARG building (the first row), mutation generation + I/O (the second row) and
the total runtime (the third row). The performance is measured by simulating 1,000
haploid samples with a varying genome length (x-axis) and effective population size
(columns). The population size Ne is specified on the top of each panel.

in performance. The mutation performance of ARGON and ARGON2 is currently

slower than msprime and msprime-dtwf (Figure 5.4), likely due to the same

fragmentation issue. In terms of the total run-time, ARGON2 is faster than msprime-

dtwf for small simulations and has comparable performance for larger simulations.
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Figure 5.5: The performance (total runtime) comparison of ARGON2, msprime
coalescent model, and msprime discrete time Wright Fisher model (msprime-dtwf) in the
Island model simulation up to 50 demes. The left plot shows a low pairwise migration
rate and the right plot shows a high pairwise migration rate.

5.3.3 Performance on multiple populations with migration

Unlike in the case of Hudson’s coalescent algorithm, simulation of migration events

under the DTWFs creates very little computational overhead. The difference in

performance becomes noticeable when the number of demes and migration rates in

the simulated demographic model increase. We simulated an island model, where

we allowed all-to-all pairwise migration, with a varying number of demes. We set

the total effective population size as 20,000 (haploid), equally divided among all

the demes, and sampled 100 individuals from each deme. In this setting, when

the number of demes is increased, the total sample size also increases. Figure 5.5

shows that the runtime of the Hudson’s algorithm (msprime) rapidly increases with

the number of demes, while that of DTWF stays constant. As a result, msprime

becomes extremely inefficient compared to DTWF models in complex demographic

models that involve multiple demes (e.g. > 10) and high migration rates.

5.4 ARG augmentation: simulating new samples
on an existing ARG
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5.4.1 New data structure: Genealogy and fixed blocks

In order to facilitate generating new samples on an existing ARG, we developed

a new ARG data structure, referred to as Genealogy in the remainder of this

chapter. It contains a collection of interconnected Nodes at discrete generations.

In the ARG augmentation algorithm, numerous operations of querying lineages

over a given segment were required.

Such operation is efficiently achieved using an interval tree, which requires

O(log n) computation for queries of this kind. We therefore used interval tree to

store parent and children information within nodes. Genealogy can be converted from

and to the ARGON2 SimpleARGs format, as well as ARG-Needle and tskit formats.

The conversion overhead is an order of magnitude smaller than the simulation

algorithm, and therefore negligible. The Genealogy data structure was used to store

the existing ARG as a reference, which is not modified during the process of ARG

augmentation simulations. Genealogy also implements a built-in ARG traversal

algorithm and a naive mutation generation function, in contrast to the more efficient

ARG-Needle mutation function used in previously described simulations.

In our ARG augmentation algorithm, it is important to differentiate between

genetic material that is already present in the existing ARG and new material that

belongs to new samples to be added to the ARG. We refer to these former type of

genetic materials as fixed Blocks, while free Block refers to novel simulated material.

A free Block is simulated following the DTWF procedure (Algorithm 1), while a

fixed block is only allowed to follow the lineages specified in the existing ARG.

Whenever a free Block coalesces with a fixed block, it becomes fixed. From

that time on, during the simulation, such a block will track the lineages of the

fixed Block, until it reaches a root of the existing ARG.

5.4.2 Simulation heuristics

In this section, we will address four major issues that we faced, when simulating

new samples over an augmented ARG, namely, recovering hidden recombination

events, the presence of incompatible lineages, information loss regarding individuals,
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and the conversion between continuous and discrete timescale. We develop heuristic

strategies to efficiently address each of these issues. These heuristics may introduce

biases to the ARG augmentation procedure, compared to a standard DTWF

simulation. The main application of ARG augmentation, however, is in the

simulation of new samples starting from an ARG inferred from real data. In this

context, the biases introduced by these heuristic strategies are largely overshadowed

by the biases introduced when an ARG is inferred from data (Discussed in 5.4.4).

Hidden recombinations

The exact time of recombination events is often not recorded in simulated ARGs [95,

101] or in inferred ARGs [63, 146, 152], as knowledge of the time of recombination

events does not influence downstream operations such as mutation generations. In

ARGON, ARGON2, and ARG-Needle inferred ARGs, recombination events are

implicitly assumed to occur between neighbouring recombination and coalescent

nodes. Specifically, when an ARG contains a recombination node (where multiple

parents are present), one can only ascertain that such a recombination occurred

within an interval of time (ta, tb], where ta is the time of the recombination node,

and tb is the time of the closest coalescence node backwards in time. In such cases,

the recombination time trec can be assumed to be uniformly distributed within

the region of (ta, tb], i.e. P (trec|recombination ∈ (ta, tb]) ∼ unif(ta, tb). Note that

this approach ignores the case of lineages recombining and coalescing multiple

times, which are expected to occur frequently [106, 107], as this information is

permanently lost in these encodings of an ARG.

Incompatible lineage merging

The second issue is that random coalescent processes could cause the merging

of nodes that are incompatible to the reference genealogy. Specifically, during

a simulation sampling from the DTWF backwards in time, two Individuals who

select the same parent may be merged with no restrictions. However, during ARG

augmentation there are additional constraints to consider, in order to make sure that

the existing ARG (composed of fixed Blocks) is preserved. Specifically, the algorithm
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should not allow coalescing Individuals in a way that would lead to the merging

of fixed lineages that are incompatible with the existing ARG. To ensure this, we

adopted a heuristic approach where all incompatible blocks are shifted into a new

Individual whenever a conflict arises. These individuals are chosen at random; if the

choice of individual continues to lead to a conflict, the random sampling is repeated

until no incompatible blocks are found. This approach is equivalent to introducing

recombination events at the beginning and the end of each conflicting block.

No Individual information

In an inferred ARG, genetic segments do not come with the Individual information,

namely we don’t have the information on how the inferred genetic segments travel

together within Individuals of an underlying population pedigree. In order to enable

performing data augmentation using an inferred ARG, we needed to somehow assign

ancestral genetic blocks to Individuals. We achieved this by assigning inferred genetic

segments to a unique Individual when initializing the simulation. In cases where

the number of inferred segments exceeds the number of effective Individuals in

an assumed demographic model, we randomly coalesce the Individuals using the

coalescent paradigm discussed above for the case of incompatible lineage merging.

Continuous scale vs discrete scale

Algorithms for genealogical inference produce ARGs using a continuous timescale,

while in the DTWF process, Individuals and Blocks belong to discrete generations.

To perform data augmentation using inferred ARGs, we therefore need to perform

a discretization step. This discretization rounds the time assignment of each

block, pushing up and down the nodes to match a discrete timescale. In some

cases, this leads to the formation of polytomies (coalescence events involving

more than 2 Individuals).

5.4.3 Simulation results on simulated ARGs

Unlike in the case of an inferred ARG, simulated ARG sampled using ARGON2 are

on a discrete timescale and preserve the “Individual” structure. We evaluated the
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ARGON2 (S.E.) ARG augmentation (S.E.) Z-score
S 4.5× 103 (2.82× 101) 4.52× 103 (2.23× 101) -0.57
θ 6.56× 10−4 (6.78× 10−6) 6.67× 10−4 (5.97× 10−6) -1.19
Singleton 6.67× 102 (7.52) 6.75× 102 (7.94) -0.76
Doubleton 3.34× 102 (5.92) 3.24× 102 (6.41) 1.18
Srare 3.06× 103 (2.14× 101) 3.05× 103 (1.64× 101 0.37
Smid 1.18× 103 (1.49× 101) 1.2× 103 (1.28× 101) -0.99
Scommon 2.59× 102 (5.81) 2.7× 102 (6.2) -1.34
R50 4.58× 10−2 (3.76× 10−4) 4.65× 10−2 (3.24× 10−4) -1.3
R100 1.74× 10−2 (1.82× 10−4) 1.75× 10−2 (1.56× 10−4) -0.23
R150 1.27× 10−2 (1.17× 10−4) 1.26× 10−2 (1.52× 10−4) 0.63
R2

50 5.44× 10−1 (3.47× 10−3) 5.42× 10−1 (2.68× 10−3) 0.43
R2

100 5.72× 10−1 (1.8× 10−3) 5.68× 10−1 (2.15× 10−3) 1.53
R2

150 5.69× 10−1 (2.04× 10−3) 5.66× 10−1 (2.7× 10−3) 0.68

Table 5.5: Verifying the ARG augmentation algorithm to ARGON2 simulations. The
simulated ARG had 500 samples and 10 new samples were added to it. The ARG
augmentation simulation results were compared to an independent simulation of ARGON2
with 510 samples (ARGON2). Z-scores that are corresponding to P-value lower than
0.05 are marked as red for caution, otherwise as green. Both simulations used a constant
population size of 20,000 haploid samples.

ARGON2 (S.E.) ARG augmentation (S.E.) Z-score
S 4.94× 104 (6.13× 101) 5.25× 104 (300) -10.3
θ 6.58× 10−4 (1.65× 10−6) 6.58× 10−4 (1.45× 10−6 -0.24
Singleton 6.64× 103 (2.43× 101) 8.03× 103 (1.76× 102) -7.85
Doubleton 3.31× 103 (1.5× 101) 4.24× 103 (7.6× 101) -12.04
Srare 3.49× 104 (5.93× 101) 3.81× 104 (3.1× 102) -9.99
Smid 1.18× 104 (3.14× 101) 1.18× 104 (3.6× 101) -0.11
Scommon 2.66× 103 (1.64× 101) 2.65× 103 (1.44× 101) 0.11
R50 4.28× 10−2 (1.06× 10−4) 3.92× 10−2 (1.76× 10−4) 17.44
R100 1.54× 10−2 (3.98× 10−5) 1.27× 10−2 (6.58× 10−5) 35.16
R150 1.07× 10−2 (2.7× 10−5) 8.67× 10−3 (4.95× 10−5) 36.5
R2

50 5.45× 10−1 (9.37× 10−4) 5.46× 10−1 (1.51× 10−3) -0.36
R2

50 5.77× 10−1 (3.75× 10−4) 5.72× 10−1 (8.34× 10−4) 5.15
R2

150 5.72× 10−1 (4.74× 10−4) 5.65× 10−1 (8.49× 10−4) 6.83

Table 5.6: Verifying the ARG augmentation algorithm by comparing metrics to ARGON2
simulations, where the simulated ARG has 500 samples and 500 new samples are added
to it (ARG augmentation). These metrics are compared to an independent simulation
of ARGON2 with 1000 samples (ARGON2). Z-scores that are corresponding to P-value
lower than 0.05 are marked as red for caution, otherwise as green. Both simulations used
a constant population size of 20,000 haploid samples.
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performance of our ARG augmentation algorithm by sampling new individuals on

top of an existing simulated ARG output by ARGON2. The simulated ARG still

presents issues linked to the problems of incompatible lineage merging and missing

recombination timings. We refer to the simulated ARG as the “old ARG” on top

of which we aim to simulate new samples. Ideally, the augmented ARG should

have the same characteristics, measured using summary statistics, as an ARG of

the same total size simulated in one go using the same parameters.

We created the “old ARG” with 500 samples, using ARGON2. We devised two

ARG augmentation scenarios: in the first simulation, we added 10 samples to the

reference ARG (Table 5.5) and in the second scenario, we added 500 samples (Table

5.6). The ARG augmentation with small new sample sizes has little distortion

of the property of simulated ARG, whereas the distortion is significant when the

new sample size is big in relation to the “old ARG”. However, in the next section,

we will show that the biases introduced by the heuristics are still secondary, in

comparison to the biases introduced by the ARG inferences.

5.4.4 Simulation results on inferred ARG

Rather than simulating on a true ARG, in this section, we aim to simulate new

samples on an inferred ARG. First, we generated synthetic sequencing data and

then inferred the ARG using the ARG-Needle algorithm [146]. Specifically, we

simulated 1, 000 haploid samples using msprime with a constant population size

(20, 000 haploid samples), to be used as a reference panel. We aim to compare

the performance when simulating 1, 000 additional samples using HAPGEN2 and

ARGON2’s ARG augmentation based on an ARG-Needle inferred ARG. To infer

the ARG using ARG-Needle we proceeds as follows,

(1) We built a set of decoding quantities (used by the ASMC algorithm [153]

within ARG-Needle) assuming a constant demographic model of size Ne = 20, 000

and providing the reference panel encoded in a VCF file. (2) We inferred the ARG

using ARG-Needle in sequencing mode. (3) We performed “ARG normalization”

of the inferred ARG [146].
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Figure 5.6: The simulated allele frequency spectrum comparison between ARGON2
ARG augmentation and HAPGEN2. The reference panel consists of 1,000 haploid samples
was created using msprime. The inferred reference panel ARG used by ARGON2 is
produced by ARG-Needle. The allele frequency was obtained by 1,000 additional samples
simulated by ARGON2 and HAPGEN2, respectively. The baseline allele frequency is the
reference panel allele frequency.

Figure 5.6 shows ARGON2 using ARG-Needle inferred ARG had better matching

to the reference allele frequency for rare allele frequency bins compared to HAPGEN2,

though with a sizeable distortion for common variants. Copying rare variants using

the Li-Stephens model is often challenging, it is expected that ARGON2 approach is

superior to the Li-Stephens approach, especially simulating with larger sample size

where more rare variants could emerge. We also noticed that that the distortion of

the common variant count is largely due to the bias introduced by ARG inference.

To demonstrate this, we simulated directly on the ARG-Needle inferred reference

ARG, by randomly assigning mutations to existing edges. In Figure 5.7, we show

the excess common variants is an artefact without ARG augmentation.
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Figure 5.7: Allele frequency spectrum of the mutation simulation of ARG inferred
by ARG-Needle. The reference panel is created using msprime and the baseline allele
frequency is derived from the reference panel. The ARG-Needle mutations are randomly
simulated on the ARG inference of the reference panel.

5.5 Discussion

In this chapter, we described ARGON2, a new implementation of the ARGON dis-

crete time Wright Fisher simulator. We compared ARGON2 to existing simulators,

including ARGON1, msprime, and msprime-dtwf, using various metrics such as the

number of segregating sites, heterozygosity, and LD, to verify that the topology and

the mutation process of ARGON2 is well aligned with other existing simulators. The

ARGON2 implementation is consistently faster than its predecessor, ARGON, and

more than 2 times faster than msprime-dtwf for smaller simulations (Ne = 10, 000,

genome length = 50 Mb) for ARG building. Despite the similar performance for

larger simulations, ARGON2 has a worse scaling property than msprime-dtwf, which

is likely due to the substantial increase in fragmentation in these regimes. We have

also shown that DTWF is much faster than Hudson’s coalescent algorithm when

simulating large number of demes on a fully connected Island model, especially
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when there is a high migration rate among the demes; we observed a 40x speed-up

when simulating 50 demes with high migration rate (Figure 5.5).

We also explored a new simulation strategy, which we refer to as ARG aug-

mentation, where we simulate new samples on an existing simulated or inferred

ARG. We showed that, using this approach to simulate from an inferred ARG,

ARGON2 is able to mimic features of samples in the reference panel, producing

a more realistic rare allele frequency spectrum than other popular methods that

are based on the Li-Stephens copying model, such as HAPGEN2 [87]. We expect

this approach to improve as methods for ARG inference continue to be developed.

ARGON2 is currently a work in progress, and we plan to take a number of steps to

improve its scalability. One immediate such step is the implementation of a strategy

to reduce fragmentation, which is likely to benefit simulation as well as a number

of downstream applications. This may be facilitated by the adoption of a better

representation of Block objects that can better support the merging of adjacent

blocks, that done in ARG-Needle [146]. In addition, we have observed ARGON2

to be more efficient than coalescent based models for the simulation of complex

models, but complex demographic models are difficult to work with without a

user-friendly interface.We therefore intend to work on a better Python interface

for the specification of demography models in the future. Finally, the distortion

of Hudson’s coalescent algorithm affects the recent generation disproportionally

compared to the distant past. The combination of coalescent and DTWF simulation,

adopted in [100] and [102], may therefore lead to improved performance.
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This thesis revolved around the construction of data resources and infrastructure

to facilitate large-scale genomic analyses, including genome-wide association and

simulation. One of the major contributions of this thesis is the development of

the GEL reference panel with hundreds of millions of novel rare variants unique

to the GEL populations. The reference panel enables high quality rare variant

imputation for White British and South Asian populations, which benefits the

discovery of novel rare variants associations and other downstream analyses. The

phasing reference panel is available for all Genomics England registered users. A

second contribution is the delivery of a GEL-imputed version of the UK Biobank

data set, which contains over three times more variants than a previous version

imputed using HRC+UK10K [1]. This unique data resource will allow thousands

of UK Biobank researchers to detect associations to rare and common genomic

variation in hundreds of heritable traits. The third contribution is the development

of an efficient discrete-time Wright-Fisher simulator, ARGON2. ARGON2 allows

accurate simulation of large genomic data sets, as well as data augmentation, which

may be used to test novel methodology and experimental designs.

In Chapter 2.3, we set out to build a reference panel using the Genomics England

100,000 Genome project samples. The project has sequenced 120,000 genomes from

over 85,000 rare disease and cancer patients alongside their close relatives. The

103
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use of high coverage sequencing produced an almost complete characterization of

genetic variation in this cohort, one of the largest human genetic variation resources

ever collected in the UK. The dataset consists of a diverse set of ancestries with

percentages self reporting as White, Asian, Black and Mixed ancestry of 70%, 9%,

2.3% and 1.85% respectively, and contains a large number of related individuals.

For example, 44% and 16% of the individuals have at least one and two first degree

relative also in the study, respectively, which greatly aids genotype phasing.

We designed a set of quality control filters to remove more than half of the

variants, resulting in a reference panel of 342 million autosomal variants. The

overall Ts/Tv ratio has been improved from 1.1 to 1.8, with the removed variant

Ts/Tv ratio to be 0.54. We developed a multi-stage phasing strategy to phase

the reference panel, which required 6500 CPU days. The reference panel phasing

accuracy was assessed using 1,178 parents from 589 father-mother-child trio families

in the 1000 Genomes project, for which the phasing ground truth can be directly

estimated. The mean switch error rate was 0.18% for the CEU population. Most

populations achieved better switch error rate than those obtained using the HRC

panel, especially Southern Asian populations, which saw a nearly 3-fold reduction

in switch error rate (Figure 2.7). In the imputation experiment, we compared the

imputation accuracy results of 2,405 1000 Genomes project samples across three

reference panels: TOPMed, HRC and GEL. We did so by subsetting the data to

emulate the UKB Axiom SNP array. Samples were imputed using the reference

panels and the results were compared in terms of the correlation between imputed

dosages and sequencing ground truth. GEL-imputed data resulted in a better

imputation r2 than HRC-imputed data in all populations and across the entire

allele frequency spectrum. GEL has also demonstrated an advantage in imputing

rare variants of White British and South Asian samples compared to the TOPMed

reference panel. For example, at MAF = 10−4 and in White British samples, the r2

is 0.6 using GEL and 0.3 using TOPMed. The South Asian samples imputation at

MAF = 10−4 had GEL r2 = 0.32 and TOPMed r2 = 0.02 (Figure 2.8).
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The imputation of 448,315 UK Biobank samples, described in Chapter 3, was

carried out using a fast imputation method, IMPUTE5, taking 1,200 CPU days

to accomplish. We benchmarked imputation quality in terms of IMPUTE INFO.

Using the GEL reference panel, over 87% of existing markers in the HRCUK10K

imputed UKBiobank data (H-UKB) achieved a higher imputation INFO (Figure

3.2). In comparison to the H-UKB data, the number of variants imputed using

GEL has tripled, while the number of functional variants of likely high impact

was nearly 5 times higher (Table 3.1).

In Chapter 4, we demonstrated how the G-UKB dataset may be used to facilitate

GWAS and other downstream analyses. We conducted a GWAS of four quantitative

traits, standing height, BMI, systolic and diastolic blood pressure using both

G-UKB and H-UKB. The rare associations are very hard to find and usually

under-powered as discussed in 4.2.2. G-UKB rare association results are reliable

for AF > 10−4 and over 50% of the associations below the allele frequency of

10−4 are reliable by comparing the imputed markers and WES data (Figure:

4.3). G-UKB found 1,699 more rare associations and 38 functional variants,

including stop-loss, stop-gain, frameshift, inframe insertion/deletion, missense,

and etc., identified by VEP [124] than H-UKB across all four traits (see 4.2.2).

The functional importance is informative for fine-mapping the causal variants in

GWAS [17]. Over 70% of associations identified by exome-wide association studies

[53] were found using G-UKB, while H-UKB only found 56% of them. We used

conditional joint analysis (step-wise regression) to identify 10 novel rare variants

associations that are independent of the LD with other variants, including one

missense, one TF-binding site and one synonymous variants. Using G-UKB also

benefited Bayesian fine-mapping.

Finally, in Chapter 5, we described the implementation of a discrete time

Wright Fisher (DTWF) simulator, ARGON2, which enables accurate large-scale

simulation of genomic data. DTWF simulators can produce more realistic patterns

of genomic variation than coalescent simulators when the sample size is very

large, particularly in terms of long range LD and the distribution of rare genomic
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variation [98–102]. Although coalescent simulation is generally very efficient, our

simulations show that ARGON2 is significantly faster than state-of-the-art coalescent

simulation under complex demographic models. ARGON2 also enables generating

new synthetic genomes using an existing reference panel, by simulating new samples

on a genealogy inferred from existing data. Similar to imputation, this strategy

enables augmenting the data with novel variation. This approach can be used

to create large synthetic data sets for populations for which extensive genotyping

or sequencing reference panels have not yet been built, enabling the testing of

experimental designs and novel methodology.
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Figure A.1: Genome-wide significant associations (p-value < 5× 10−8) with INFO >
0.8 are plotted along the imputed MAF, showing with the decreasing of the MAF, the
associations captured requires higher effect size, due to the declining of power. Blue dots
are associations found both in GEL (G-UKB) and HRCUK10K (H-UKB) imputed UKB
data, and yellow dots are those unique to each dataset.
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Figure A.2: Manhattan plot comparing G-UKB and H-UKB results for standing height
association rs554308136 is a variant in ZBTB14 gene.

Figure A.3: Manhattan plot comparing G-UKB and H-UKB results for BMI association.
rs150391548, near COX6A1 Gene which was found to be associated with BMI in [131].
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Figure A.4: Manhattan plot comparing G-UKB and H-UKB results for SBP association.
rs577620983 is a TF-binding site near PTP4A2 and KPNA6 genes.

Figure A.5: Manhattan plot comparing G-UKB and H-UKB results for SBP association.
rs9332745 is a missense variant in KMT2A gene, which is known to be associated with
triglycerides level. [132, 133].
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Figure A.6: Manhattan plot comparing G-UKB and H-UKB results for SBP association.
rs151036307 is a synonymous variant in TNS2, also found significant in UKB whole exome
imputation, associated with SBP [125].

Figure A.7: Manhattan plot comparing G-UKB and H-UKB results for SBP association.
rs1755838777 is a variant belong to ADRA1B gene. The gene is found to be associated
with SBP and DBP in the literature [134].
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Figure A.8: Manhattan plot comparing G-UKB and H-UKB results for SBP association.
rs575127487 is an intron variant of KCNK9, which controls the potassium pathway.

Figure A.9: Manhattan plot comparing G-UKB and H-UKB results for DBP association.
rs773828312 belongs to BZW2 gene, which was found to be associated with diastolic
blood pressure [137].
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Figure A.10: Manhattan plot comparing G-UKB and H-UKB results for DBP association.
The deletion is known as rs368338720, in MTUS1 gene.
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