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Abstract

Genotype microarrays assay hundreds of thousands of genetic variants on an
individual’s genome. The availability of this high throughput genotyping ca-
pability has transformed the field of genetics over the past decade by enabling
thousands of individuals to be rapidly assayed. This has lead to the discovery
of hundreds of genetic variants that are associated with disease and other phe-
notypes in genome wide association studies (GWAS). These data have also
brought with them a number of new statistical and computational challenges.
This thesis deals with two primary analysis problems involving microarray

data; genotype calling and haplotype inference.

Genotype calling involves converting the noisy bivariate fluorescent signals
generated by microarray data into genotype values for each genetic variant
and individual. Poor quality genotype calling can lead to false positives and
loss of power in GWAS so this is an important task. We introduce a new
genotype calling method that is highly accurate and has the novel capability
of fusing microarray data with next-generation sequencing data for greater
accuracy and fewer missing values. Our new method compares favourably to

other available genotype calling software.

Haplotype inference (or phasing) involves deconvolving these genotypes into
the two inherited parental chromosomes for an individual. The development
of phasing methods has been a fertile field for statistical genetics research for
well over ten years. Depending on the demography of a cohort, different phas-
ing methods may be more appropriate than others. We review the popular
offerings and introduce a new approach to try and unify two distinct problems;
the phasing of extended pedigrees and the phasing of unrelated individuals.
We conduct an extensive comparison of phasing methods on real and simu-
lated data. Finally we demonstrate some preliminary results on extending

methodology to sample sizes in the tens of thousands.
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Chapter 1

Introduction

Despite the unabated growth in popularity of next-generation sequencing data, genotype
microarrays continue to play a significant role in genetic research. Novel variants that
contribute to disease risk and other phenotypes continue to be found in genome-wide
association studies (GWAS) (Ripke et al2013) and associated meta-analyses (Evangelou
& loannidis), [2013). Studies that estimate the additive heritability of phenotypes using
microarray data have also furthered our understanding of disease aetiology (Lee et al.,
2011} [2012). Cohorts assayed on microarrays continue to provide interesting results in
population genetics (Ralph & Coop, 2013; Lawson et all 2012). Hence high quality
methods and associated software for the analysis of microarray data are an important
component of any bioinformatics toolkit. In this thesis we investigate two important

areas of primary analysis for microarray data; genotype calling and haplotype inference.

Genotype calling involves converting the bivariate allelic intensities produced by microar-
rays into hard genotype calls (or the relevant posterior probabilities) via cluster analysis.
This is obviously the first step in any analysis involving such data. Haplotype inference
(often referred to as phasing) involves deconvolving the two parental haplotypes from
this genotype data. Phasing is a crucial component of genotype imputation from dense
reference panels which is a standard part of GWAS pipelines. Haplotypes also have util-

ity in their own right, for example in the investigation parent-of-origin effects and for



population genetics research. Statistical methods for both of these problems need to be

as accurate as possible whilst remaining computationally tractable.

In chapter two we introduce a model that can call genotypes for individuals who have been
assayed on both microarrays as well being sequenced, the method effectively fuses both
pieces of information for more accurate genotypes and less missing data. The method is
also competitive with other state of the art microarray callers when no sequence data is
available. We describe the model and evaluate it and other genotype calling software on

1000 Genomes individuals who have been assayed on the Illumina Omni2.5S microarray.

In chapter three we give an overview of phasing methodology for dealing with cohorts that
have differing levels of relatedness. We cover popular techniques for unrelated individuals,
explicit pedigrees and finally the intermediate case of long range phasing in cohorts
sampled from population isolates. We also introduce a simple method for combining
unrelated phasing methods with extended pedigree information. This gives a sense of

what tools are appropriate for cohorts with various demographies.

In chapter four we evaluate these phasing methods on simulated and real data. We pre-
dominantly focus on data from population isolates in Europe and cohorts with a mixture
of pedigrees and nominally unrelated individuals. To date, there has been limited evalu-
ation of haplotype inference in these scenarios. We demonstrate, somewhat surprisingly,
that the SHAPEIT2 method is incredibly robust across the full spectrum of relatedness.
Combined with our new method for extended pedigrees, we provide evidence that it can
even outperform traditional pedigree phasing techniques that take into account explicit

pedigree structure.

In chapter five we investigate how SHAPEIT2 scales with sample size. We introduce some
modifications to the SHAPEIT2 algorithm to enable linear scaling for sample sizes up to
(at least) 50,000 individuals. We evaluate the accuracy of this modification on simulated
and real data. This new approach compares well with the fastest phasing method that is

currently public available, HAPI-UR.



Chapter 2

Genotype Calling

2.1 Introduction

Data are now available where individuals have been either sequenced at low coverage,
assayed on a genotyping microarray, or both. Whilst genotypes from the current genera-
tion of microarrays are very accurate (greater than 99% accuracy and call rate) (Ritchie
et all 2011), it is possible to extract even more accuracy and better call rates for similar
computational expense by combining both sources of data. It may be that both sequence
and array data are available on all individuals or only a subset of individuals is assayed
on both technologies. Ideally both sources of data will be of high quality and agree on
the genotypes at a SNP. Genotype arrays tend to produce good data at common SNPs
where there is good separation between clusters of allele intensities. Sequencing data
quality improves with sequencing coverage and where the SNP being called is located in
a region where read mapping quality is good. In this chapter, we present a model that
accommodates both data types and demonstrate its efficacy on recent 1000 Genomes

Project data (The 1000 Genomes Project Consortium, 2010, [2012)) .

Genotype calling from arrays will be harder at low frequency SNPs where some clusters
have very few (or no) observations as models can be difficult to fit reliably. Where the

SNP is monomorphic in the study sample there should only be one cluster. This can



be problematic for genotype calling algorithms, as most tend to fit models that assume
three clusters of allele intensities exist. It is also not difficult to find instances of SNPs
where clusters are poorly separated, in which case there is significant ambiguity about

genotypes that lie at the boundaries between clusters.

Calling genotypes from sequencing data at low frequency SNPs does not involve a cluster-
ing step so in theory is better able to produce accurate calls, given a sufficient number of
reads span the SNP being called (sequence coverage). Since cost increases with coverage,
datasets that consist of low-coverage sequencing are not uncommon. For example, the
1000 Genomes Project used low-coverage sequencing (approximately 4X per sample) to
obtain genome-wide data on its Phase I study samples. If coverage is low then it may
be that there is limited information about which individuals carry the rare alleles. It
may also be the case that mapping errors lead to false calls in the reads. Such errors can
occur at SNPs near indels and while considerable progress has been made to avoid such

problems (Lunter & Goodson, 2011; |Li, 2011)) they cannot be completely discounted.

The model we present in this chapter has been designed with these considerations in
mind. We jointly model the array and sequence data at each SNP but allow the model
to adapt to data quality. So for example, if there is disagreement between the sequence
data and the array data at a SNP the model has the flexibility to down weight the set
of data with the lower quality. For example, if the sequencing is very good but the array
data contains ambiguous observations or poorly separated clusters then the model will
tend to exploit the sequence data to “mop up” ambiguous array samples and delineate
clusters. At rare SNPs it may be that there is partial information in both the sequence

and array data so that by fusing these data types together we can improve the calling.

Our method is developed within a Bayesian framework that allows us to use prior infor-
mation to inform model fit. By extracting information about likely locations of cluster
centres from training datasets we have developed useful priors for situations where a
genotype cluster has very few observations. In addition, we have analysed how cluster

centre positions relate to maximum allele intensities and have developed useful ways to



initialise the EM algorithm we use to fit our model. A useful feature of our method is
that we can handle data sets where individuals were only assayed on microarrays, have
both microarray and sequence data available or only a subset of individuals were se-
quenced. We investigate the performance of our method and other popular software in

these scenarios.

This chapter largely covers the research published in |O’Connell & Marchini (2012). Our

method is implemented in a program named Chiamante which is available onlineﬂ

2.2 Background

2.2.1 Illumina microarray data

The [llumina HumanOmni2.5 microarray assays ~ 2.45 million SNPs that were identified
in the 1000 Genomes pilot project using Infinium HD assays (Steemers et al. 20006).
Locus specific 50-mer probes hybridise up to one base before the SNP of interest, a
single base extension then labels the allele and two colour fluorescent staining produces
a signal intensity for the allele. Illumina’s normalisation routine (Kermani, 2006) was
applied to the raw intensities which aims to make distributions comparable between chips
and hence aid genotype calling. Figure (left) shows data for a high quality SNP for
1,525 individuals that are coloured according to genotype assigned by Illumina’s standard
software. Various cluster analysis methods (described in the proceeding sub-sections)
can then applied to the normalised intensities to convert them into hard genotype calls.
Whilst there is good discrimination between genotypes for the vast majority of SNPs,
more challenging loci are present which is where the performance of different calling

methods can be important. Figure in the results section demonstrates some more

difficult loci.

Ihttp://www.stats.ox.ac.uk/~oconnell/chiamante/
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Figure 2.1: Ezample microarray data from a typical high quality SNP from the Illumina
Omni2.5S array assaying 1525 samples. The horizontal axis is the allelic intensity (or a
transformation of it) for allele 1, the vertical axis is the intensity of allele 2. Points are
coloured by genotype called by Illumina’s genotyping software. Clusters are well separated
and calling genotypes is not problematic. Left: The normalised values. Centre: The log
transformed values which is the scale our algorithm works on. Right: The ‘strength’ S
(vertical) and ‘contrast’ C' (horizontal) transformations used by the Illuminus algorithm.

2.2.2 Genotype calling

Assume we have microarray data on N samples at a bi-allelic SNP as position [ and use
G to denote the unobserved genotype of the ith sample at this locus. The genotypes
G are the count of the number of non-reference alleles or a missing value (NULL),
that is Gy € {0,1,2, NULL}. We use {I}, I3} to denote the normalised bivariate signal
intensities of the two alleles (1 and 2) at the SNP. In the following sections, we discard ¢
or [ when we are only describing one particular SNP or individual respectively. The goal
of genotype calling is to find the posterior probability of each genotype value given the
microarray data, P(G|I', I?). Most methods achieve this via assuming some probability

distribution f;(I', I?;6;) with parameters 6; for the array data under genotype j, we can

then calculate the posterior probability for each genotype via Bayes Rule:

T P(G:j)xfj(II,IQ;Gj)
PG =l 1) = S2 o P(G = k) x fi(1', I2;60)

where P(G = j) is the marginal probability of genotype j. We can then take

G= argmax P(G = j|I*, I?)

J



as the hard genotype call for individual . Additionally, if the posterior probability does
not exceed some threshold we may flag it as missing. Alternatively (and more correctly),
these posterior probabilities can be propagated through to other analyses such as phasing,

imputation and association testing.

Genotype calling methods differ in three key ways; the choice of of probability distribution
for f;(I*, I?;0;), the parameter estimation routine for #; and choice of data transforma-
tion. We briefly describe the models and inference used by other methods the next

section, we detail our own technique in section [2.4]

2.2.3 Statistical distributions

We define several common statistical distributions that will be used throughout this

chapter here.

The bivariate Gaussian distribution:
1
BXii 1y D) = () S| eap (5(Xs = )T (X - )

where d = 2, p and X are the dimension, mean and covariance.
The bivariate Student-¢ distribution:

(“4*)

$(Xi 3 0) = & 2

Wm‘m X [14 i(Xi — TSN — M)]_(‘”“)/?

where v are the degrees of freedom. The Student-¢ can be useful (as opposed to a
Gaussian) if the data are over dispersed. We can also introduce a latent scale variable u

and represent the Student-¢ as a scaled mixture of normal distributions

St Z,0) = [ (X5, S/ w) Gam(uifo/2,v/2)du



where Gam is the pdf of the Gamma distribution:

Gam(, v, ) = gz e

This latent variable representation is useful as it allows proper estimation of the covariance
matrix via the EM algorithm (Peel & McLachlan) 2000). This is important for the

inference routine we describe in the section 2.4.3]

2.3 Existing methods

2.3.1 Illumina’s GenTrain2 Algorithm

[lumina provides a proprietary algorithm (GenTrain) for genotype calling from its geno-
type microarrays as part of its Genome Studio software, the current version of the software
is GenTrain2 ([lluminaj, 2010). In the typical use case, the end-user performs calling us-
ing a “cluster file” which contains pre-defined cluster centroids for each locus. These
centroids were found using HapMap samples where genotypes at each locus are already
known from previous assays. Genotypes on new data are assigned according to which
cluster an observation is nearest to. There is no formal description available of exactly
what distance measure is used or how these initial clusters are estimated. Nevertheless,
as can be seen the results section the method produces highly accurate calls. We evaluate
GenTrain2 calls that were created at the Broad Institute using the standard cluster file

for the Omni2.5S chip. These are available on the 1000 Genomes FTP site [

2.3.2 Illuminus

[Muminus (Teo et al., 2007) fits a four component mixture of truncated bivariate Student-

t distributions to the “contrast” and “strength” of the signal intensities at each locus.

2ftp://ftp.1000genomes.ebi.ac.uk/voll/ftp/technical/working/20110527 bi_omni_1525_
v2_genotypes/
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Contrast and strength for a given SNP are defined respectively as,

It — I?
RV

S; = log(I} + I7)

we plot the contrast and strength values for a SNP in Figure (right). Posterior prob-

abilities for individual ¢ are found via,

P(G; = j|C;, S;) o< A t5(C5, Sis s 5, v5)

where \; are the frequencies of the genotypes for j € {0, 1,2} constrained to be in Hardy-
Weinberg Equilibrium, and Ayyrp is the proportion of missing data. The density used
for observations, ¢; is a truncated Student-¢ distribution with mean, variance and degrees

of freedom equal to p;, X; and v; respectively;

s(C, S; o, Xo, o)

t C,S, ,27 = -
of o0, X0, Vo) 1— [, 5(C, S po, S, vo)dC

s(C, S; p1, X1, v1)
fi15(Ca S, X1, v1)dC

tl(C,S;,Ul,Zl,Ul) =

s(C, S; pz2, X9, v2)
. Z pr—
tg(c, S, H2, 2u2, UQ) 1 — floo S(C, S’ U2, EQ,Ug)dC

where s is the bivariate Student-¢ distribution. The truncation is used since C' is bounded
in [—1,1]. Finally a flat bivariate Gaussian density with constant parameters is used for
the NULL density with mean pyyrr = (0.0,0.0) and covariance Yy having zero

covariance and diagonal equal to 100,000. The likelihood of the data is then

N
L( e, ps Sy vr; C3, Si) = [ > e te(Cl, Sks e, e, Uk)

i=1ke{0,1,2,NULL}



which we can be maximised with respect to the parameters via an Expectation-Maximisation
(EM) algorithm. This can be considered a “population-based” caller in that it optimises

model parameters per SNP based on all individuals assayed at that SNP.

2.3.3 GenoSNP

GenoSNP (Giannoulatou et al., 2008) takes a novel approach in that it performs cluster-
ing ‘within-chip’ to determine genotypes, this means it is agnostic towards the number of
individuals genotyped (it can accurately call one sample) and should be relatively unaf-
fected by allele frequency. It fits a four component student Student-¢ distribution to all
the (log transformed) SNP intensities within each chip. Let X;; = {log(I}+1),log(I3+1)}
be the log transformed intensities for marker [ and individual ¢, we drop ¢ henceforth.
Under the GenoSNP model, the posterior probability for genotype j at locus [ (within a

given individual) is proportional to

P(Gl = j|Xl) X 7T]' S(X]”LLJ,E],U])

where s is the bivariate student Student-¢ distribution for each genotype class with mean
{5, covariance ¥;, degrees of freedom v; and 7; is the frequency of genotypes occurring

across all SNPs within an individual. The likelihood for the GenoSNP model is

L
L(m, p, 2,05 X)) = H Z T (X0 ey 2k, Ug)
I=1ke{0,1,2,NULL}

Note the likelihood is the product of all SNPs within an individual as opposed to all
individuals within a SNP as was the case with Illuminus (and our method). Inference
is performed within a Bayesian framework with suitable priors on all parameters. Pos-
terior distributions of the parameters are found via Variational-Bayes (Archambeau &

Verleysen, 2007)).
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2.3.4 Genotype likelihoods generated from sequencing data

Genetic variant detection from sequencing data is an ongoing topic of research in statis-
tical genetics and bioinformatics (Nielsen et al., 2011), but this is not an issue for our
application since we know the physical locations and variants on the chip. We simply
require the genotype likelihoods (GLs) at these locations. We used the pre-computed like-
lihoods from the 1000 Genomes project Phase I samples, sequenced at 4X. These were
calculated using BAM-specific binomial mixture modelling (BBMM) from the SNPTools

software suite (Wang et al., 2013) which we briefly describe here.

We denote sequence data from individual ¢ at locus [ as Y;; = {Ry, Ay}, where R; and
A;; are the expected base depth (EBD) for the reference and alternate alleles respectively.
The EBD is defined as

EBD, = Y P(Read k correct) x P(Alignment k correct)
Vk=g

here we sum over all reads reporting allele g. The probabilities correspond to the base
quality and alignment quality. This measure gives a read depth for each allele that
is corrected for uncertainty. The corrected read depths are modelled as a mixture of
binomial distributions within each individual where p; is defined as the probability of
a reference read given genotype j. If read and alignment quality was error free than

pj = 1,0.5,0 for j = 0, 1, 2 respectively.

The genotype likelihood for a genotype j at position [ is then

. . Ry + A; ,
P(YylGu =j) = P(Ry, AulGy = j) = ( l l) i

Ay
A, D; (1 —pjy)™
The parameter p; is estimated via EM. The model we describe in the next section is
ignorant towards the details of these calculations and simply takes the value of P(Y};|Gy;)
as input. Hence GLs calculated by other software/models such as SAMtools (Li, 2011))
or GATK (McKenna et all 2010) could also be easily used. We utilised pre-calculated

GLs (using the SNPTools software) from 4X sequencing data on 1094 individuals from
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1000 Genomes Phase I that were obtained from the 1000 Genomes FTP server in August

2011.

2.4 A joint model for microarray and sequence data

2.4.1 Overview of the model

We use X; = {log(I} + 1),log(I? + 1)} to denote the microarray data for individual i
at a specific SNP within our framework (taking the logarithm was found to stabilise
the variance and give better results). We assume that the sequence data for the ith
sample at the SNP is available in the form of a Genotype Likelihood (GL), P(Y;|G; = j)
for j € {0,1,2}. In situations where the ancestry of the samples are known it can be
useful to allow for some model parameters to have population specific values, so we use
Q; € (1,..., M) to denote a population label for the ith sample. In addition, we introduce
latent variables, Zx,, Zy, € {0, 1}, that dictate the “success” or “failure” of the array or
sequence data for the 1th sample. That is, if Z = 0 for a technology, we wish to utilise the
information and if Z = 1 the data can be considered spurious and discarded. Note that
is straight forward to use this model when some (or all) individuals are not sequenced or
not genotyped on the array, we simply set P(Zy = 1) =1 or P(Zx = 1) = 1 for those

individuals as appropriate.

In general terms, the focus of our inference is the estimation of the unobserved genotypes,
G, conditional upon the observed data, (X,Y’). Using a Bayesian framework we can
achieve this goal by formulating a probabilistic model of the distribution of G given X
and Y. Applying Bayes rule and making the assumption that the array and sequence

data are conditionally independent given GG we have

P(GIX,Y) x P(X,Y|G)P(G) = P(Y|G)P(X|G)P(G).

12



We can then further partition on the “success” or “failure” of the array data

P(X|G) = ﬁ (P(Xi|Gy, Zy, = 1)P(Zx, = 1) + P(Xi|Gs, Zx, = 0)P(Zx, = 0)).

i
i=1

We further assume that given a failure the array is independent of genotype so that this

simplifies slightly to

PX|G) = ﬁ (P(XilZx; = 1)P(Zx, = 1) + P(Xi|Gi, Zx, = 0)P(Zx, = 0)).

=1

There are three parts of this model that we need to specify. When the array has “failed”
we use a bivariate uniform distribution across the range of the allele intensities (across
all SNPs) denoted as hx(x;). This is equivalent to the NULL class used in other geno-
type calling approaches. We consider two possible distributions for when the array was

successful, a bivariate Gaussian with mean and variance that depend upon genotype:
P(Xi|Gi = j, Zx, = 0) = ¢(Xy; pj, 5y)

where p1; and ¥; are the mean and covariance for genotype G; = j. We also consider a

bivariate Student-t distribution:
P(X;|Gi = j, Zx, = 0) = s(X; pj, Xj,v5)

where v are the degrees of freedom for genotype G; = j. We found the Student-¢ with
v = 5 to produce more accurate results than the Gaussian (experiments detailed in

Appendix A).

We specify the failure probability P(Zx, = 1) =1 — P(Zx, = 0) = nx and estimate this

k3

parameter.

13



Similarly, for the sequence data we use

PY|G) = ﬁ (P(Yi|Zy, = 1)P(Zy, = 1) + P(Yi|G;, Zy, = 0)P(Zy, = 0)).

=1

Again, there are three parts to this model that we need to specify. The first one is
the model of the sequence data when the sequencing has “failed”. This is not an easy
distribution to parameterise. A detailed model might include contextual information
about the read quality, mapping quality and depth of coverage that could considerably
complicate the modelling. We have found that setting P(Y;|Zy, = 1) equal to a small

constant, hy (y;) = 0.01 to work well,

The second part of the model is the term P(Y;|G; = j, Zy, = 0) when the sequencing
is a success. This is just the GL as described above. The three likelihoods were scaled
to sum to one to ensure they were on a comparable scale to the “failure” likelihood,
hy (y;). These specify the failure probability P(Zy, = 1) = 1 — P(Zy, = 1) = ny
which we estimate. Finally, we model the distribution of unobserved genotypes, P(G),
as G; ~ Multinomial(\g,) where A\, is a vector of genotype probabilities for population
Q; € {1... M}, where @); indexes which of the M populations individual i comes from.

That is, we allow genotype frequencies to differ for different sub-populations in that data

(such as the ethnicities present in 1000 Genomes data).

We use this model in a Bayesian Framework using maximum a posteriori probability
(MAP) estimates of parameters. A detailed description of the priors used is in the

following sub-section and we give full details of there inference used in section [2.4.3]

2.4.2 Priors

We place informative priors on the parameters of our model in the following way. We
model the population genotype proportions A, with a Dirichlet distribution parame-

terised to favour Hardy-Weinberg equilibrium with reference allele frequency, «,,, and a
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variance parameter, §:
Am ~ Dirichlet(a?, 8, 20, (1 — a,, )6, (1 — a,)?6), me (1,...,M). (2.1)

This form of model was used in the CHIAMO and CNVCALL methods for calling geno-
types and CNVs respectively (The Wellcome Trust Case Control Consortium), 2007}, [2010;
Cardin et al. [2011). We use 0 = 10 based these models. The released version of our

software uses a flat Beta prior for the reference allele frequency,
am, ~ Beta(1,1), me (1,...,M),

Different choices of priors for o and A are evaluated in Appendix[A] The different choices

of prior do not appear to have a substantial effect on accuracy.

Beta priors were also used for the sequence and array failure probabilities;
nx ~ Beta(1,30),

ny ~ Beta(1,30).

We chose priors for sequence and array failure that reflect the fact that both these tech-
nologies “fail” relatively rarely. However, some loci will be particularly difficult, hence

our priors have a reasonable amount of mass over 0 < n < 0.2.

For the covariance matrix for each cluster, 3;, we us a standard conjugate Inverse-Wishart

distribution,

d -1
p(Ej) _ <2wjd/27rd(dl)/4 H F(Wj +1- k)>

k=1 2
> ‘¢j‘qu/2|Ej’—(wj+d+1)/2 (2.2)
1 _
X eXp(—itrace(?ﬁijl)).

We undertook an exploratory analysis of the signal intensities to determine suitable values
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for the hyper-parameters in these prior distributions which is described section [2.5.1

2.4.2.1 Priors for p

For the priors on cluster means, x;, we investigated three priors of increasing complexity.
Firstly the standard Normal-Inverse Wishart conjugate prior where the covariance of p;
is dependent on X;,

115135 ~ MVN(po 3, 35/ ko) (2.3)

Secondly, a prior where the covariance of the cluster means, X, is not dependent on 33,

pj ~ MVN(pg 5, 5,) (2.4)

note this is not a conjugate prior. Finally we tried a six variate Gaussian prior for all

three means, that is, the centroids of each cluster are dependent on one another,

i~ MVN (1o, 5, (2.5)

where pi is
10,0
Ho,1
10,2

again this is not a conjugate prior.

The first prior is the standard conjugate prior and requires the covariance of p;, ¥, to

1j
be linearly related to the covariance of the data X;, exploratory analyses of the signal
data suggested this was not the case. The second, non-conjugate, prior removes this
relationship. The third prior enforces correlation between the genotype centroids which
was suggested by our exploratory analysis, this may be particularly useful in the case of a
cluster with very few observations, because we can borrow information from the location

of the other cluster centroids. We found the third prior to be the most accurate (albeit

slightly) in some initial comparisons that are described in Appendix .
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2.4.3 Inference

Ideally, we would like to obtain a full characterization of the posterior distribution of our
model parameters and use this to obtain marginal estimates of the unobserved genotypes.
This could be approximated using MCMC (Gelman), [2004) or Variational Bayes (Ar-
chambeau & Verleysen| 2007) but previous work (The Wellcome Trust Case Control
Consortium| (2007) Supplementary) on similar problems suggests that a MAP (Maxi-
mum a posteriori) estimation approach, in which parameters that maximize the posterior
distribution are sought, and then conditioned on to make inference is sufficient and sta-
ble. We use a Expectation Conditional-Maximisation (ECM) algorithm to maximize the
posterior. Through exploratory analysis (see section we found a strong linear rela-
tionship between the maximum intensity and the location of the centroids at a SNP. We
exploit this relationship to find starting values for p that provide robust convergence to

the desired mode. Priors and starting values for ¥ were also found via this analysis.

2.4.3.1 The Expectation Conditional Maximisation algorithm

The posterior probability of the parameters, 6, for observations ¢ = 1,..., N in our model
is,
N 2
pOlz) =p@O) [1>° A (ixhx(z:) + (1 = nx)P(Xi|Gi = j, Zx, = 0))

i=1j=0
x (nyhy (i) + (1 —ny)P(Y; = ui|Gs = j, Zy, = 0)) (2.6)

where p(0) = p(nx)p(ny) TIn—1 P(m)D(Am|aim) IT5—o P15, 2;) is our prior distribution of
the parameters and h are the failure densities of each data type. Finding parameter
values that maximise the posterior is not possible analytically. We utilise an Expectation

Conditional-Maximisation (ECM) algorithm which is described in this section.

We introduce latent variables, (gi;, 2}, 2 ), where g;; is one or zero according to whether
observation i belongs to j class (genotype). 2} equals one if the i sequence assay has

failed and zero otherwise. Similarly z;X equals one if the i'" sequence assay has failed and
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zero otherwise. We can then write the complete-data posterior probability as

Oy =pO TTTT (Aalnshx ()™ (1 =) PUXAGE =, Zx, = )

i=13j=0

Xy hy () (1= ) POY = lG =) )" (2)

We can iteratively compute the expectation of our latent variables, and hence the expected
log posterior probability (the E-step), and then substitute these expectations into, and
maximise, the complete data log posterior probability (the CM-step). We repeat these

two steps until convergence. We can write the complete-data log posterior probability as,

log p“(0]z) = La(nx) + La(ny) + La(c, A) + La(v) + Le(u, X) + Lg

where
Li(nx) = logp(nx)+ Y 2x,lognx + > (1 — zx,) log(1 — nx) (2.8)
i=1 i=1
La(ny) = logp(ny)+ ZZX log ny + Z (1 —zx,)log(1l —ny) (2.9)
=1 =1
M n 2
L3(a> )‘) - Z 1ng<am) + 1ng(>‘m|am) Z Z I(Ql = m)gij log )\m,j (210)
m=1 1=17=0
n 2 1 1 1 1
Liyv) = Y (1 -z, Z { logT'(= 5 v) + ivlog(iv) + §v(loguij — u;;) — loguij}

@
Il
—

h
=
u

[
M

> log plyj, ;)
n 2 1 1 1 Tt
+ Z 1—zx,) Z_: {—leog ) = 5 log |Zy] = Sui(yi — p5)" %; (yi—uj)}
+ an sz gijhx () (2.11)
Lg = izgzj{(l—ziﬁ)P(Y:yi|G:j)‘f’ZYihY(yz‘)} (2.12)
X {(1 = 2x, ) P(X = ;|G = j) + 2x,hx (7:)} (2.13)

We exploit the independence of these terms in the CM-step. Recall that u;; is the weight

in the infinite mixture formulation of the Student-t¢ distribution described in section[2.2.3]
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Expectation step:

From to 2.11] we can see that we need to calculate

Eo[Gijlzi, yi]l = Gij

E@t [ZXz

i, yi) = Zx,
Eoi[Zy, i, yi] = 2y,
Eg|uijlz;, zx, = 0] = G5
Egt[logugj|z;, zx,; = 0]

Given a set of parameters from the previous iteration, #°4, the first three expectations

are straightforward to calculate,

~old _ 221?,3' ](?ld(xi7 Yi)

ij T 2 Id_ fold
N > k=0 )‘OQk 3 ($i7yi)

o () X2 ABY (19 hy () + (1= ) P(Y = 4] G = j))

i, = 2 I ]
> k=0 Xé?,k igd(% Yi)

a9y () S5m0 AGY (mhx (X0) + (1= mg) sy (s 5, 99, o) )

A0. _

Y; T 2 1d 1d
k=0 )\(Egk 0 (i, yi)

where

ffld(l‘z'a Yi) = (U?édhx (i) + (1 = n%Y)s; (s pg', 299, UOld))

x (1§4hy (i) + (1 = ) P(Y = 53| G = j))

It can be shown (Peel & McLachlan, 2000) that

Y o (yy = TS (g — )

ANew

u
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and
Qld

+ old
E@old[loguijlwiazxz' — O] = logﬁzew + ’lp ( J 2 p) — log (U 2+p>

We can use these terms to calculate the expected complete-data log posterior probability.

Conditional-maximisation step:

We cannot maximise the terms Ls(cv, ) (2.10) and Ls(p, %) independently for each
parameter; «,, is dependent on \,, and vice versa. Additionally ; may be dependent on o
for some choices of priors. Hence we need to use the Expected Conditional Maximisation
(ECM) algorithm, a variant of the EM algorithm. The E-step is unchanged, while the
M-step is replaced by a set of conditional maximisations. Here we will choose «,, and u

to maximise Lz(c, \) and Ls(p, ) given the current estimates of \,, and o respectively.

new

We choose a new value for «a,, by finding the value, o

, that maximises L3(«, \) with
the current estimate of \,, substituted in (note we can drop the last term in the sum as

it does not depend on «,,),

ar™ = arg max log p(ay,) + 108;]9()\;)711d|am)

Qm

this does not have an analytical solution but the derivative can be calculated. It is then

straightforward to solve numerically (and quickly) by using Brent’s Method (Brent|, 2002).

Finding new values for )\, is a straightforward constrained optimisation problem which

can be solved by using Lagrange multipliers, giving the update rules;

(o)?0 — 1+ i, 1(Qi = m)gis™

)\new —
™0 0((ape)? + 205 (1 — anev) + (1= apev)? = 3+ Ny
new _ ap (1 — ™) — 1+ 350, 1(Qs = m) g™
™ 0((ape)? + 208 (1 — anev) + (1 — apev)? = 3+ Ny,
A — (1— )20 — 14 Y, 1(Qi = m)g™

O((ape)? 4 200 (1 — agev) + (1= anev)? = 3+ Ny,

where N,,, = Zf\il I(Q; =m)
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Similarly for nx and ny we have

X n znew
vt =1+ 2 2

vX +wX + N —2

new

Nx =

new __ UY_1+Z?=1 2;1/?\"/
T Y W A N =2

The value of ¥ that maximises the expected log posterior probability can also be calcu-

lated analytically (conditional on the current value of u),

vo+ ¥ iy (1= 2R (yi — 15 (yi — 15"
U d+ 24 Ty g (1 — )

new __
Ej =

Finally, the CM-step for y; varies depending which of the priors was used. We considered

three possible priors for the cluster means, p;.

Model 1: The standard Normal-Inverse Wishart conjugate prior where the covariance
of p; is dependent on ¥;
15155 ~ MVN(po,5, 5; /Ko 5)-

Model 2: A prior where the covariance of the cluster means, ¥, , is not dependent on

)

7

t; ~ MVN(po5,,,)

Model 3: A six variate Gaussian prior for all three means, that is, the centroids of each

cluster are dependent on one another,

B~ MVN(:U'07 E#)

where pi is
H0,0
Ho,1

Ho,2
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The last two choices are not conjugate priors, but the mode can be found which is

sufficient for ECM. The M-step for each possible prior is:

Model 1:

Anew snew ) Snew
new __ Ho,j K +Zz lgz] (1 ZX )uij L

J e n Anew snew ) fnew
:U“OJKJJ+Zz 192] (]' ZX )uij

Model 2:

—1
,ul;ew . (E;(]l Enew Z g;eWAil]ew> (EMO JPJUJ + Z gnew Anew(Enew) xz)

=1

Model 3:

For model 3 we exploit the property of the conditional distribution of a subset of variables
from a multivariate normal distribution with mean gy and covariance X, also being

multivariate normal. If we partition py and ¥, as follows

Ho,j
Ho =
Ho,j"
with sizes
2x1
4x1
and
DIFEEDY
ZM _ 7 12
Yo1 Yoo
with sizes
2x2 2x4
4x2 4x4
Given p3™™ = a, where pi™ are the row vectors of p"*" not including j, the conditional
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distribution of p; is bivariate normal with mean

fio; = fhoj + L1235, (@ — fio,57)

and covariance

iuo,j =Y - E1222_21221

given these values, we can apply the same update rule as used for Model 2. When

performing inference for the mixture of Gaussian distribution, we simply fix u;; = 1.

We stop the ECM algorithm when ZfL E?:o |§fjew - gg;d\ < 1073, that is, when the

posterior probabilities of the genotypes have stabilised.

2.5 Implementational details

2.5.1 Exploratory analyses to determine prior and starting val-

ues

We have described how to fit our model, but have not given specific values for the priors
distributions on g and X, nor have we described how starting values are chosen. We
undertook an exploratory analysis of high quality SNPs to resolve these issues. We took
the signal intensities from 1000 SNPs with MAF > 0.1 and < 1% missingness (calculated
from GenTrain2 genotypes), that is, SNPs with sufficient observations in each genotype
cluster to easily fit a mixture distribution. We then fitted a four component bivariate
Gaussian mixture distribution in a frequentist framework using EM. The means and
covariances at each of these easy SNPs were used to determine sensible prior values. We
also found a strong relationship between the means of the centroids and the maximum

allelic intensity, this was used to choose starting values for SNPs ‘on the fly’.
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2.5.1.1 Prior values for centroids and covariance matrices

The cluster means of the three genotype clusters are plotted in Figure (left panel) and
show clear clustering of the centroids for each genotype class. Since each SNP produces
six parameter estimates (estimates of the mean for the intensities of alleles 1 and 2 of
each genotype cluster centroid) we can examine the correlation between these values.
Figure [2.3| shows a plot of all pairs of parameter estimates and illustrates that clear
correlations exist both between the allele 1 and 2 mean estimates within each genotype
class and between genotype classes. This suggested the use of a joint prior for the cluster
centroids (Model 3 in section 2.4.2.1)). We estimated po and ¥, using the standard
maximum likelihood estimators. To estimate the parameters of the inverse-Wishart prior
on the distribution of the within cluster errors (equation , we used the estimated
covariance matrices from the 1000 SNPs applied the downhill simplex algorithm (Nelder
& Mead, 1965) to maximise the log-likelihood of this sample, using suitable transforms
to keep 1; positive definite and w; positive. It is difficult to visualise observations from
the inverse-Wishart distribution, but we simulated some covariance matrices from our
estimated distributed and overlaid the contours of the results distribution on some real

signal data (Figure bottom) and the results appear reasonable.

Given we estimated our priors using data from “easy” SNPs, we were interested to see
if they were reasonably consistent with our MAP estimates for all loci. We plot MAP
estimates using the full Bayesian model with sequence data of centroid for all loci on
chromosome 20 in Figure (top right) and shade the points according to allele frequency.
The priors and the posteriors appear reasonably consistent with one another and the

distributions of centroids do not vary greatly with MAF.
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Figure 2.2: Top left: The estimated centroids for 1000 SNPs, the contour is the 99.9%
confidence interval of the centroid prior. Top right: MAP estimates of centroids (using
array and sequence data) for 55126 SNPs on chromosome 20 with points shaded according
to MAF. There does not appear to be any strong relation between allele frequency and
centroid location. Bottom: Signal intensities from four SNPs with 99.9% confidence
contours of ten simulated covariance matrices from the prior.
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Figure 2.3: A pairs plot of the values for each mean estimate from the 1000 training
SNPs. We can see there is a strong correlation between the locations of the cluster cen-
troids which may be exploited when choosing our priors. The covariance of this data was
used for the second (one off diagonal) and third priors.
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2.5.1.2 Starting values

Sensible starting values are crucial for fast convergence of our algorithm as well as con-
verging to the desired mode of the posterior distribution. Whilst the majority of SNPs
have very good separation between genotype clusters, the location of the centroids of
these clusters vary greatly between SNPs. Figure [2.4] gives an example of two loci with
high quality data but very different centroid locations. This means that using a constant
set of starting values for parameters can be problematic. We undertook exploratory anal-
yses on the centroid means estimated from easy SNPs to see if sensible starting values
could be found from some simple sample statistic (for example, maximum allelic signal

intensity).

We regressed each of the values in the three bivariate centroid means against the 95%

quantile of the allele intensity magnitude (\/ (X2 4+ (X 2)2> for each allele, giving us
six regressions in total. We can see there is a strong relationship between magnitude
quantile and the centroids of the clusters (Figures . We exploit this relationship to
select starting values that allow quick convergence of our ECM algorithm to the desired
mode by calculating the quantile at each SNP and setting the centroid starting values

according to the least squares estimates show in Figure 2.5

o | - o
' '
$

Figure 2.4: Signal intensities from two
] separate SNPs, whilst discrimination is
T | | . good, the locations of the cluster centroids
0 > 10 15 vary greatly. This makes it difficult to rely
Alete 1 intensity on constant starting values between SNPs.
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Figure 2.5: The scalar elements of each centroid regressed against the 95% quantile of

the allele intensity magnitude. There is a strong relationship between this value and the
location of the means.




2.5.2 Posterior probabilities in output

The Illuminus and GenoSNP methods both output posterior probabilities P(G = j|Data)
for genotypes G € (0,1,2,NULL). Observations are assigned to the “NULL” class by
these methods when the array data does not appear to come from one of the three
genotype clusters. Our method uses two latent variables to indicate failed sequence and
array assays for each genotype which allows us to call genotypes when at most one of the
assays fails. This means when the failure parameters are high, causing P(Data|G = j)
to be flat, the posterior probability will tend towards to population frequency of the
genotypes since we have no explicit “NULL” class. This is reasonable behaviour but
means our method is not directly comparable to other callers. This is issue is easily

circumvented by calculating a slightly different probability.

We calculate the posterior probability of a “NULL” genotype as the posterior probability

that both assays have failed

P(G; =NULL|X,,Y;) = P(Z*=1n2Z=1X,Y)).

We call genotypes when at least one of the assays has succeeded using

P(G; = j|Xi, Y, ZX =002 =0) x P(G=j)P(X,Y|ZX=00uZ" =0) j€0,1,2.

We use these probability values for methods evaluation in section as it makes Il-
luminus, GenoSNP and Chiamante directly comparable. GenTrain2 does not provide
a posterior probability per genotype although does flag genotypes as missing when the

array data is atypical, we just take the hard calls from GenTrain2.
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2.6 Data sets

We evaluated our method in several ways using real data from Phase 1 of the 1000
Genomes Project. The data consist of a total of 1,525 samples from 15 populations. There
are 1,525 samples with allele intensity data from the Illumina Omni2.5S genotyping chip.
A subset of 1094 of these samples also have low-coverage (4X) sequencing data available,
summarised in the form of genotype likelihoods. In addition, we used genotype data on
1261 samples from an Affymetrix Axiom genotyping chip to assess the performance of
methods, by taking the Affymetrix genotypes to constitute the true genotypes. There
are 828 samples typed on both Omni2.5S and Axiom chips. There are 623 samples with
data from all three technologies. This data is summarised in Figure and full details

of the samples are in supplementary table [ST]

lllumina
Sequence Omni 2.5S

© L S 3

Figure 2.6: Venn diagram sum-
marising the available samples as-
sayed on each technology. We devel-
oped models and made genotype calls

for the sequence and Illumina Omni AT‘;T;;{% fg;g‘:
2.58 data and used genotypes from (431)

the Affymetriz Axiom chip as vali- )
dation data.

2.6.1 Evaluating accuracy

The easiest way to compare methods is to force each method to make a call of each
genotype and then calculate the concordance with the calls made on the Axiom chip.
In a real study it is usual to apply filters that exclude individual genotypes or whole
SNPs that seem to have spurious genotype calls and then measure concordance on the
genotypes that have passed the filters. We use the notation G to denote the genotype

call made in the ith individual at the [th SNP. By default this genotype call (either 0,
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1, 2 or NULL) will be the one which has the highest posterior probability. The result of

applying a filter will be to set some of these genotype calls to NULL.

Once the filter has been applied we can calculate the genotype call rate (GCR), which is

the percentage of all non-NULL genotypes, defined as

YN >E 1(Gy # NULL)
N x L

GCR = 100 x (2.14)

and the percentage concordance of the non-NULL genotype calls with the non-NULL

Affymetrix Axiom genotypes, defined as

Zf\; Z?:O Zlel I(GﬁXiom - j)](éil = j)
YN L I(GAx¥em £ NULL)I(Gy # NULL)

Concordance = 100 x (2.15)

We considered three standard filters. The first filter removes all genotypes with a posterior
probability (PP) below 0.9. The second filter removes whole SNPs that show departures
from Hardy-Weinberg Equilibrium (HWE). Since the data we use for the comparisons
consists of multiple populations we calculate a p-value for a test of HWE in each of M
populations separately and then consider the minimum p-value across populations which
has a Beta(1, M) distribution under the null of independent populations all in HWE. We
exclude SNPs for which the resulting p-value is less that 10~7. The third filter removes
whole SNPs where the SNP call rate (SCR) is below 0.9. SNP call rate is defined as
the percentage of genotypes that were not NULL. When the posterior probability filter
is applied in conjunction with the SCR filter, a NULL genotype is defined as one having
a posterior probability below 0.9. We consider all combinations of these filters which
allows us to investigate the properties of our method compared to GenoSNP, llluminus
and GenTrain2. Note that GenTrain2 does not produce posterior probabilities so we just

report the call rate and accuracy according to its hard genotype calls.
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2.7 Evaluating different genotype calling algorithms

2.7.1 Data sets with only array data on all samples

We compared our method to a range of other approaches in the standard genotype calling
scenario where only array data is available on the study samples. We called genotypes for
the 1,525 1000 Genomes project individuals using only the Omni2.5S signal intensities (no
sequence data) and assessed performance using the 828 individuals who were also assayed
on the Affymetrix Axiom chip. Table shows the results of our method compared to
[Numinus, GenoSNP and GenCall on the unfiltered data as well as all combinations of
these filters. The table shows the overall call genotype call rate (GCR), the SNP call rate
(SCR) and the concordance (Conc) for each method. Without any filters applied all the
methods seem perform broadly the same with genotype call rates roughly between 99.72%
and 99.93% and concordance between 99.63% and 99.71%. A more realistic comparison

is how the methods perform after applying different QC filters.

The different filters have different effects on the different methods. Possibly the most
striking result is the filter on HWE which removes a relatively large number of SNPs for
GenoSNP and Tlluminus (but not Chiamante or GenTrain2). This filter removes 0.33%
and 0.5% of SNPs for GenoSNP and Illuminus respectively without very much effect
on concordance. Figure highlights this feature of the methods further by showing
the quantile-quantile plots of the HWE p-values for each method. The figure shows
that substantially more SNPs have extreme HWE p-values when using GenoSNP and
Mluminus compared to using Chiamante or GenTrain2. In practice, this translates to
> 5000 extra SNPs that would pass QC and hence be available for downstream analyses

when using Chiamante or GenTrain2 versus Illuminus or GenoSNP.

When all the filters are combined we find that all the methods have a Concordance of

between 99.71%-99.73% but the methods have differing GCR and SCR. Chiamante in-
creases GCR over GenoSNP and Illuminus by 1% and 0.1% respectively. It also increases

SCR over GenoSNP and Illuminus by 0.9% and 0.2% respectively. Comparing all the
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methods when just the SCR and HWE filters are applied the best two methods are Chia-
mante and GenTrain2. The concordance between these two methods is roughly the same,

Chiamante has a better GCR by 0.03% and GenTrain2 has a better SCR by 0.07%.

We also examined the effect of each individual filter on the different methods by varying
the filter thresholds. Figure [2.8shows the percentage of missing data versus concordance
for each of the methods as the filters thresholds are varied. This figure highlights how
GenTrain2 seems remarkably robust to the various filters and that the PP and HWE

filters have a much bigger effect on the performance of Illuminus and GenoSNP.

Chiamante GenoSNP Illuminus GenTrain2
Filter GCR SCR  Conc | GCR SCR  Conc | GCR SCR  Conc | GCR SCR  Conc
None 99.824 100.000 99.696 | 99.802 100.000 99.632 | 99.930 100.000 99.670 | 99.720 100.000 99.707
SCR 99.646  99.765 99.698 | 99.516  99.634 99.666 | 99.877  99.927 99.678 | 99.605  99.822 99.710
HWE 99.766  99.941 99.708 | 99.509  99.669 99.683 | 99.436  99.496 99.701 | 99.677  99.955 99.712
PP 99.744 100.000 99.715 | 99.470 100.000 99.683 | 99.896 100.000 99.679

SCR+HWE | 99.590  99.710 99.709 | 99.345  99.457 99.693 | 99.406  99.455 99.706 | 99.568  99.783 99.714
PP+SCR 99.520  99.694 99.722 | 98.605  98.857 99.710 | 99.826  99.905 99.692 - - -
PP+HWE | 99.696 99.940 99.722 | 99.095  99.508 99.715 | 99.413  99.501 99.708
All 99.486  99.659 99.726 | 98.508  98.756 99.721 | 99.381  99.456 99.713

Table 2.1: Genotype call rate (GCR), SNP call rate (SCR) and concordance (Conc) in %
for different genotype calling methods applied to 1,525 samples assayed on the Omni2.58
chip and validated against a subset of 828 of these samples also assayed on the Affymetrix
platform. Each row corresponds to a different combination of filters applied to the data.
The PP filter removes all genotypes with a posterior probability below 0.9. The HWE
filter removes whole SNPs that show departures from HWE. The SCR filter removes
whole SNPs where the call rate is below 0.9. Call rate is defined at the percentage of
genotypes that were not “NULL”
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Figure 2.8: Concordance against percentage missing data plots as increasingly stringent
filter thresholds are applied. The left hand plot shows the effect of the filter on posterior
probability (PP) of the methods Chiamante without using sequence data (red solid), Chia-
mante with use of sequence data (red dashed), GenoSNP (blue) and Illuminus (green).
There is no comparison with GenTrain2 as the PP filter cannot be applied to this method.
The middle plot show the effect of changing the threshold of the filter on HWE p-value.
The right hand plot shows the effect of changing the threshold on the SNP call rate.
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2.7.2 Data sets with a subset of samples with only array data
and a subset of samples with both sequencing and array

data

Having established that our method performs well in the situation in where only array
data is available we investigated the gains in accuracy that could be achieved by utilising
sequencing data on a subset of the samples. We again used the 1,525 individuals assayed
on the Omni2.5S, 1,094 of these samples also have sequence data available. We applied

our method with and without use of the sequence data.

Table shows the results of our method with and without the use of sequence data on
the unfiltered data as well as all combinations of these filters. We examine performance on
all 828 samples with Affymetrix Axiom data so that we can make a direct comparison with
the results in Table and shows clearly that overall the addition of sequence data leads
to a clear boost in performance across a range of filtering options. When all the filters
were applied the SCR, GCR and Concordance increase from 99.66, 99.487 and 99.727 to
99.954, 99.903 and 99.736. When sequence data is used the various filters have much less
effect. For example, the GCR, SCR and Concordance never drop below 99.9%, 99.95%
and 99.721% respectively for any combination of filters. The fact that concordance does
not seem to increase much (99.721% without sequence data and 99.736% with sequence
data) maybe due to errors in the Axiom data that effectively put an upper bound on this

measure that is below 100%.

Figure shows the advantages of combining sequence and array data (red dotted line)
compared to the methods that do not use sequence data via the missing data versus
concordance plots. Figure shows quantile-quantile plots for the HWE p-values for
the different methods and further highlights that combining sequence and array data can
noticeably reduce the number of SNPs failing HWE filters. Both highlight the ability of

Chiamante+Sequence to improve call rate whilst maintaining accuracy.
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Method Chiamante Chiamante+Sequence

Filter GCR SCR  Conc| GCR SCR  Conc
None 99.824 100.000 99.696 | 99.986 100.000 99.721
GCR 99.646  99.765 99.698 | 99.974  99.985 99.722
HWE 99.766  99.941 99.708 | 99.970  99.984 99.723
PP 99.744 100.000 99.715 | 99.940 100.000 99.733

GCR+HWE | 99.590  99.710 99.709 | 99.958  99.969 99.723
PP+GCR 99.520  99.694 99.722 | 99.914  99.966 99.734
PP+HWE 99.696  99.940 99.722 | 99.927  99.986 99.734
All 99.486  99.659 99.726 | 99.903  99.954 99.736

Table 2.2: Comparison of Chiamante’s performance applied to the 1,525 samples with
data from the Illumina Omni2.5S chip without (left) and with (right) the use of sequence
data. Genotype call rate (GCR), SNP call rate (SCR) and concordance (Conc) with
the Affymetriz Axiom chip in % are listed for each call set. Table rows correspond to a
different combination of filters applied to the data. The PP filter removes all genotypes
with a posterior probability below 0.9. The HWE filter removes whole SNPs that show
departures from HWE. The GCR filter removes whole SNPs where the call rate is below
0.9. Call rate is defined at the percentage of genotypes that were not “NULL”.
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Figure 2.9: Chiamante+Sequence metrics versus GenTrain2 metrics for 8§28 individuals
assayed on both microarrays. The blue points are individuals that also have sequence data
available, the red points are individuals whom were only assayed on microarrays. We can
see that concordance is roughly the same between both methods but GCR is substantially
larger for Chiamante+Sequence. It is notable that there is improvement both for sequenced
and non-sequenced samples.
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So far we have described metrics on 828 validation individuals, but 205 of these do
not have any sequencing data available. It is interesting to see if these individuals also
have improved calls, or just the sequenced individuals. Figure [2.9] plots metrics for
Chiamante+Sequence versus GenTrain2 for each individual and colours points according
to whether individuals are sequenced or not. There is improvement for individuals with
no sequence data as well as the sequenced individuals, we suspect this is due to the
sequence data leading to improved model fit, hence benefiting all samples. In table
we have split the results on the 828 samples with Axiom data into the subset of 623 that
have 4X sequence data available and the remaining 205 samples that have no sequence
data. The GCR and Concordance on the 205 samples are 99.423% and 99.728% when
no sequence data is used and all post-calling filters have been applied. When sequence
data is used on the calling the GCR rises by 0.4% to 99.841% and there is a slight rise

in Concordance to 99.732%.

Perhaps of greatest interest are the gains that can me made from using a combination
of array and sequence at low frequency variants. To evaluate this we took sites with a
minor allele frequency less than 0.05 across all populations (estimated from the Axiom
data) giving us 62,666 loci with 33,759,388 genotype calls (31,807,602 major homozygotes,

1,868,371 heterozygotes and 83,415 minor homozygotes).

We then calculate sensitivity and specificity for each genotype j and method, where

YN (G = j)Z(Gfi(iom =7J)
YN (G = j)

Sensitivity; = 100 x j€(0,1,2,NULL))

SN I(Gimy = §)I(GAxom — j ) GAxiom £ NULL)
YN I(Giey = j N GAXem £ NULL)

Specificity; = 100 x

that is, sensitivity is the percentage of the “true genotypes” (defined by Axiom) called
by a method whilst specificity is the percentage of genotypes called by a method that are

correct.
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Method Genotype (G) TPR (%) | 1-FPR (%)
Major homozygote | 99.78178 | 99.90596
Chiamante Heterozygote 98.11328 | 98.65827
Minor Homozygote | 95.62908 88.78019
Major homozygote | 99.94782 | 99.90693
Chiamante+Sequence Heterozygote 98.25222 | 99.19872
Minor Homozygote | 96.11221 90.87426
Major homozygote | 99.78903 | 99.90625
GenoSNP Heterozygote 97.95581 | 98.26359
Minor Homozygote | 95.81610 | 89.10256
Major homozygote | 99.80620 | 99.90755
[Numinus Heterozygote 97.38227 | 98.06591
Minor Homozygote | 95.28982 | 80.46608
Major homozygote | 99.67136 | 99.90829
GenCall Heterozygote 97.98680 | 98.94823
Minor Homozygote | 95.60631 89.88650

Table 2.3: Sensitivity and specificity per genotype (for variants with MAF < 0.05) for
different calling methods using array data (and in Chiamante’s case, sequence data) from
1094 individuals with validation data on a subset of 623 of these individuals. Chiamante
calls a higher rate of the low frequency variants whilst maintaining better sensitivity (true
positive rate) and specificity (1 - false positive rate).

In this low frequency scenario we see more substantial improvements. The results are
shown in Table[2.3] Chiamante (with sequence) has consistently higher detection rate and
lower false positive rate for all genotypes compared to the other methods. In particular,
we identify an extra 0.3% minor homozygotes with 1.8% fewer false positives compared
to GenoSNP (the next best method for minor homozygotes). We detect an additional
0.27% heterozygotes with 0.25% fewer false positives compared to GenCall, the next best
method for heterozygotes. It is important to note here that the Axiom chip is also likely
to be inaccurate for low frequency variants hence the error rate will be inflated, however
this is still a reasonable way to compare each method on a relative scale. Illuminus has

a much lower specificity 80.4% on minor homozygotes than all the other methods which

are all above 88.7%.
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To further illustrate the performance of our method and the benefit of using sequence and
array data together Figure [2.10|shows the cluster plots for three example SNPs shown on
the three rows of the plot. The first column shows the cluster plots with points coloured
using a RGB colour scheme based on the scaled GLs. In this way points that are very
clearly coloured red, green and blue indicate genotypes where sequence data strongly
supports reference homozygotes, heterozygotes and alternate homozygotes respectively.
Genotypes for which the GLs are relatively flat across genotypes will be plotted as a
mixture of red, green and blue. This way of plotting points helps to illustrate the general
agreement between intensity clusters and GLs. The next three columns show the calls

made by Chiamante, [lluminus and GenoSNP respectively.

The first row shows an ‘easy’ SNP where all methods agree. The second row shows
a SNP where there are several points that lie between obvious clusters that could be
hard to classify using array data alone. Here the use of sequence data leads to a boost
in concordance by correctly classifying these ambiguous points. The third row shows a
challenging SNP with atypical cluster centroids and where Allele 2 has low frequency,
resulting in very few rare homozygotes which makes model fitting to array data only
quite challenging. The concordance of Chiamante is considerably higher on this SNP
due to both the use of sequence data and the priors we use on cluster locations which

contribute to this increase in accuracy at rare SNPs.
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Figure 2.10: Scatter plots of allele intensities at three different loci. In the far left
column, points are coloured using a RGB colour scheme based on the scaled GLs. In this
way points that are very clearly coloured red, green and blue indicate genotypes where
sequence data strongly supports reference homozygotes, heterozygotes and alternate ho-
mozygotes respectively. Note the first probe of the Omni2.5S chip can be for either the
reference or alternate allele so the colour of the homozygotes can differ between loci.
Genotypes for which the GLs are relatively flat across genotypes will be plotted as grey.
The other four columns are coloured by genotypes from call sets generated by the respective
algorithms. Top: Intensities from a typical well clustered SNP. The array-only methods
call genotypes accurately but with one missed call. Chiamante can ‘mop up’ such ambigu-
ous micro-array assays by exploiting the sequence information for this sample resulting
in a higher call rate than the other callers. Centre: A more difficult SNP. There are
several uncertain samples between clusters which the other callers misclassify or exclude
as missing, Chiamante can use the sequence information to accurately call these samples.
Bottom: A SNP with relative low allele 2 frequency. Illuminus and GenoSNP have both
completely failed at this locus (this is likely due to incorrect convergence in the Illuminus
case) whilst GenTrain2 has a large amount of missing data. This SNP would typically be
filtered in any reasonable QC pipeline. The sequence data drives Chiamante to the correct
parameter estimates for the mizture distribution resulting in accurate classification and
high call rate at this locus.
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2.7.3 Examining errors

Our method estimates the rate at which the sequence and array assays have “failed” at
each locus via the 7y and nx parameters respectively. Figure 2.11] shows histograms of
these parameter estimates for all of the SNPs that were on the lllumina Omni2.5S chip
and in the 1000 Genomes Phase I call set. The failure rate parameter for the sequence
assay is noticeably elevated compared to the array assay. The majority of SNPs have an
estimated sequence assay failure of between 0.001-0.0001, while for the array assay the

failure rates are almost always below 0.0001.

We found that there were 754 SNPs with ny > 0.5 but only 33 of these SNPs were on the
Axiom array. Figure [2.13] compares the properties of the calls at these SNPs with and
without the use of sequence data. For the majority of the SNPs the calls are very similar
with and without the use of sequence data, due to the sequence information being mostly
discarded by the model. There are some SNPs where the use of sequence data has led to
greater divergence from HWE and some where the sequence data has modestly improved
concordance. This suggests that model is largely robust to problematic sequencing data.
Figure shows a SNP flagged as having erroneous sequence level data (ny = 0.63).
There is clear signal from the array assay showing good cluster separation whilst the
sequencing data appears heavily biased towards the reference. The model has correctly
discarded the sequence data for many individuals at this locus and made high quality

genotype calls (100% Axiom concordance and call rate).

Figure shows various metrics for 235 SNPs that have the array failure rate, nx > 0.5
for Chiamante with and without sequence. The introduction of sequence data improves
metrics on average, the HWE p-values are less extreme and both GCR and concordance
are higher. However call rates and concordance are frequently too low for these loci to be
useful. Figure shows a typical example SNP flagged as having erroneous array level
data (nxy = 0.71). There are a large number of points with 0 intensity, for most values
here the genotype will be derived purely from sequence data. The high concordance

(98.6%) should be considered in light of the very low call rate (73.9%). Such a locus is
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unlikely to be useful regardless of the calling method and would be filtered due to high

missingness.

We have shown that our method is quite robust to extreme cases where the majority of
sequencing or array data at a particular locus is spurious. However these loci still tend
to be of relatively poor quality and it may be to desirable to filter them. Hence the
two failure parameters may also be useful as quality control measures. We calculated the
average concordance for binned values of —log,,(nx) and — log,,(ny) for Chiamante with
and without sequence. Figure plots these averaged concordances against — logy,(7x)
and —log,,(ny). The left panel shows how concordance changes with the array failure
parameter, when sequencing data is present concordance is largely maintained even when
array quality is low. However high values of nx will also lead to a large amount of
missing values and SNPs are likely to be filtered on those grounds. The right plot shows
concordance across the range of sequence failure rates, even when sequencing data is
of poor quality Chiamante still benefits from its presence. That said, low values of
Ny tend to imply poor quality SNPs making this a useful QC parameter. Filtering on
—logyy(ny) < 2 may be prudent and would result in the removal of only very few SNPs

as can be seen in the histograms in Figure [2.11
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Figure 2.11: Histograms of the estimated failure rate parameters —log,,nx for array
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Figure 2.12: Left: Average concordance with Aziom against —log,,nx, the rate of
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sequence failure. Filtering SNPs with values of —logny < 2 may be a good additional
QC measure.
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Figure 2.14: [llustration of a SNP with high estimated failure rate for the sequence assay
(ny = 0.63). The left plot shows the cluster plot for the SNP with points coloured using

a RGB colour scheme based on the scaled GLs for each genotype. The right hand plots
shows the same cluster plot with points coloured according to the Chiamante posterior

probabilities.
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Figure 2.15: Comparison of metrics on the 235 SNPs called with high array failure
rate, nx > 0.5 . Plots of —log,(HWE p-value) (top), GCR (middle) and concordance
(bottom) on these SNPs called with and without the use of sequence data.
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Figure 2.16: [llustration of a SNP with high estimated failure rate for the array assay
(nx = 0.71). The left plot shows the cluster plot for the SNP with points coloured using
a RGB colour scheme based on the scaled GLs for each genotype. The right hand plots
shows the same cluster plot with points coloured according to the Chiamante posterior
probabilities.
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2.8 Discussion

In this chapter we have introduced a genotype calling method for micro-array data that
can leverage additional information from sequenced individuals and compared this model
to other state of the art techniques. As a traditional “array only” calling routine it is
competitive with Illumina’s proprietary software, achieving similar call rate and accuracy
and substantially better that Illuminus and GenoSNP. The addition of sequencing data
makes our method the most accurate across a range of scenarios, although only by a
modest margin. This allows a greater number of SNPs (1000s) to pass standard QC
filters. The gains at low frequency sites were more substantial than common sites. The

failure indicators of the model also show potential as useful QC parameters.

An important limitation to note with this model is that it can identify when one of the
assays has failed, but not both. Since we have reasonably realistic distribution for the
failure mode of microarray data, observations that fit this failure distribution better than
any of the genotype clusters can be flagged as uninformative and the sequence likelihoods
are used. However, sequence failures can only be identified when the GLs are strongly
discordant with the information from microarrays. Hence in the case of very poor quality
microarray data and poor quality sequence data, the sequence data will not be flagged as
erroneous. In practice it would be prudent to filter SNPs where either assay has a high

failure rate.

The model we have proposed may not capture the full complexity of imperfect sequence
and array data. Our model assumes that assays have either succeeded or failed but they
may include partial information. For example, errors in some reads covering a SNP site
might contain sequencing errors or mapping errors that we do not model explicitly. To
a certain extent the use of genotype likelihoods accounts for some of these error modes.
Also, we have assumed errors are independent but errors could be correlated due to
local sequence features such as GC content or proximity of SNPs to short insertions and

deletions.

46



Despite these limitations, the model performs well in general and even in the very extreme
scenarios such as those shown in Figures [2.16 and [2.14 The gains we make are modest,
this is perhaps not surprising given that Illumina’s standard software calls 99.72% of
genotypes with 99.71% accuracy which is a testament to the high quality of the current
generation of micro-array data. Nevertheless, the computation required for our method
is not substantial (< 1 day for the data set described here) and there is always a case for

producing the most accurate set of genotypes as possible.

47



48



Chapter 3

Haplotype inference across the

spectrum of relatedness

3.1 Background

The estimation of haplotypes from SNP genotypes, commonly referred to as ‘phasing’,
is a well studied problem in statistical genetics. Existing approaches can be categorised
according to the type of cohort each method is designed to phase, and the level of relat-
edness between the individuals in that cohort. Much of the recent literature is devoted to
phasing so-called unrelated individuals, such as cohorts that have been collected in many
genome-wide association studies (GWAS). The term unrelated used here is not strictly ac-
curate, since the study individuals will share an evolutionary history. Individuals within
such cohorts are usually distantly related, although it can be the case that cryptic rela-
tives, which exhibit much closer relationships, can exist within these cohorts (Voight &
Pritchard, 2005). Methods that have been developed for estimating haplotypes in such
cohorts take advantage of linkage disequilibrium (LD). Over relatively short regions some
individuals will share short stretches of sequence due to shared ancestry in that part of
the genome. Another way to describe this is that individuals will share short stretches

of sequence identical by descent (IBD). The most accurate methods use hidden Markov
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models (HMMs) that model local haplotype sharing between individuals (Stephens et al.,
2001; Delaneau et al.l 2013).

Some of the methods designed for unrelated individuals can also handle mother-father-
child trios and parent-child duos (Marchini et al., [2006; Browning & Browning, |2009;
Delaneau et al., 2011, |2013; |Williams et al) 2012). Phasing of such small families is
relatively easy since the close family relationships place constraints on the underlying
haplotypes, substantially reducing the amount of phase information that needs to be
determined. Methods also exist for phasing more complex pedigrees, typically as part of
more general pedigree analysis software (Lange et al., 2013 Sobel & Lange, 1996} |Abecasis
et all [2002; Gudbjartsson et al., 2000). Whilst accurate, these methods are difficult to
incorporate into pre-phasing and imputation pipelines that are now a standard part of

genome-wide association studies and meta-analyses (Howie et al., [2012).

The task of phasing in isolated populations is some what of a special case, as individuals
from such populations exhibit much higher levels of relatedness. Isolated populations arise
when a sub-population is isolated from the main population, which increases the degree
of endogamy or within population marriage. This has the effect of reducing the effective
population size, reduces genetic diversity and creates ‘long range’ LD between sites in
the genome. The reduced population size increases the chance that individuals share a
very recent common ancestor, say between 1-10 generations ago. When comparing any
two individuals from such populations we would expect to observe that they will share
much longer stretches of sequence identically by descent (IBD) than a pair of unrelated
individuals from a non-isolated population. These long IBD stretches can be exploited
to infer very accurate haplotypes, an idea originally proposed by [Kong et al| (2008) who
applied it to a large sample from the rather unique Icelandic population with high quality

results.

A related problem to phasing is the detection of recombination events. Accurate detection
of recombination events in a meiosis is important for the study of fine scale recombination,

investigating the association between recombination rates and genetic variation, as well as
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other covariates and for the creation of genetic maps. A duo or trio is usually insufficient
to detect recombination events, as phasing with Mendel rules produces the haplotypes
transmitted from the parent to the child, rather than the true parental haplotypes. While
this is sufficiently accurate for many applications, such as construction of haplotype
reference sets (The International HapMap Consortium, 2005) for imputation (Marchini

& Howiel 2010)), it is clearly not useful for studying recombination.

Recombination events can be inferred from a three generation pedigree since accurate
phasing of both parents (via the grandparental genotypes) allows detection of recombi-
nation events in their children. Alternatively, nuclear families with > 2 children can be
used to identify recombination events by examining differences in the transmitted haplo-
types between siblings. This was the approach used to create the deCODE family based
map (Kong et al., [2002) from families sampled from the Icelandic population, as well as
by (Coop et al. (2008)) using individuals from a Hutterite population. As genotyping error
complicates such approaches, Coop applied ad-hoc filtering to detect clusters of unlikely
recombination events and achieved good results. Both of these studies exploit pedigrees
that are informative about recombination. In the absence of such data, we need to be
able to very accurately phase the parental haplotypes using information from the wider
population. This was recently achieved using a long-range phasing approach to obtain the
true parental haplotypes (and hence recombination events) in Icelandic individuals (Kong

et al., 2010).

It would appear that different phasing tools (or a mixture thereof) should be applied
depending on the demography of a cohort. In this chapter we give an overview of the
popular methods for phasing cohorts of unrelated individuals, individuals that exhibit
large tracts of IBD sharing (long range phasing) and the Lander-Green algorithm for
extended pedigrees. We also introduce our own technique for incorporating extended
pedigree information into haplotypes that were inferred using methods for unrelated in-
dividuals, with the aim of overcoming the limitations of traditional pedigree approaches.
This method, called the duoHMM, ensures haplotypes are consistent with pedigree struc-

ture and can also detect recombination events. In chapter 4 we evaluate the accuracy of
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all of these approaches on real and simulated data.

3.1.1 The switch error metric

Given a set of “true” validation haplotypes and some haplotypes inferred via a method,

we require a sensible metric to evaluate the accuracy of each of our inferred haplotype

sets. Switch error (SE) rate was introduced by |Lin et al| (2002)) and has become the

defacto metric for phasing evaluations (Stephens & Donnelly} 2003). It is defined as

the proportion of adjacent heterozygote sites that are incorrectly aligned, each of these
incorrect alignments is referred to as a switch error. We can think of this as the number of
times an inferred haplotype needs to be switched (or flipped) so that it matches the true
haplotype. Figure (top) illustrates this idea showing an inferred haplotype which has

two switch errors and six heterozygous sites resulting in a switch error rate of % =04

1 1 1 1 1 1
Truth 0 0O O O 0 O

Estimate 1

Estimate 2

Switch

Figure 3.1: Ezxamples of the switch error metric. The true underlying parental chromo-
somes are in pink and light blue with heterozygous sites (the sites of interest) highlighted
in red and dark blue. Estimate 1 has two switch errors present meaning that we would
need to flip the estimated haplotype twice to arrive at the true underlying haplotype. Es-
timate 2 is only partially phased (which can be the case with SLRP’s output) and whilst
there is a switch error between the heterozygous sites flanking the unphased region, we
ignore this for comparison purposes since the algorithm was not attempting to align these
sites correctly.
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In this chapter we describe methods that are not capable of resolving every heterozy-
gous site, the Lander-Green (LG) algorithm and SLRP, this complicates the evaluation
of switch error rates. There are two types of missingness to consider here. The first is
where a heterozygous site is left unphased because that locus is heterozygous throughout
a pedigree (LG) or throughout an IBD cluster (SLRP). In this case the flanking heterozy-
gote sites should still be aligned correctly if the method has not made an error and the
IBD status has not changed. We simply ignore such sites when calculating switch errors.
The second case only occurs with SLRP’s estimated haplotypes. A chromosome may have
large regions which are left completely unphased due to a lack of IBD sharing. The flank-
ing heterozygous sites of such a region will be phased at random, and we ignore switch
errors in such cases essentially treating the phasing IBD blocks as mini-chromosomes.
Figure (bottom) gives a toy example of two phased IBD chunks separated by an

unphased region and how we calculate switch errors in such a situation.

3.1.2 Statistical framework

After genotype calling on microarrays similar to that described in the previous chapter,
we are left with a vector of genotypes at L markers across a chromosome for individuals
i = 1..N, that is G; = {Gy,...,Gir}. We assume bi-allelic variants so G € {0,1,2} is
the sum of the two inherited parental alleles (coded as 0/1) at the [th SNP. Throughout
this chapter, we denote the underlying pair of haplotypes (or diplotype) for an individual
as (h', h?) where h! and h? are vectors of binary variables of length L such that G =
hl + h?. Generally speaking, we typically wish to obtain the posterior distribution of an
individual’s haplotypes, conditional on their genotypes as well as other genotypes in a
cohort (or within the same pedigree), that is P(h', h?|G4,...,Gy). All of the methods
described in this chapter utilise HMMs of varying structure where the hidden states
correspond to some relatedness between individuals in the cohort. Depending on the
sample this relatedness ranges from very distant (linkage disequilibrium) to very recent

(explicit pedigree relationships).
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3.1.3 Hidden Markov Models

Every model described in this chapter utilises some form of HMM to estimate haplo-
types. We briefly cover some key concepts following the well known tutorial given by
Rabiner| (1989). Phasing applications typically involve discrete state Markov chains
with inhomogeneous transition probabilities. We have a sequence of random states
Z =A{Z,...,Zy} that follow the Markov property with transition probabilities that
vary with position [. We do not observe these states directly, but rather some emitted
variables, X = {Xj,...,X}. The distribution of X; depends on the hidden state Z.
Hence we have two components for a HMM, the transition probabilities that describe the
Markov process; P(Z;) and P(Z;41]7;) as well as the conditional distribution of the ob-
served variable X given the state, P(X|Z) (often referred to as the emission distribution).

The likelihood of some observed data is then

P(X) =Y P(Z) [ P(2|Z-) ] P(Xi|Z)

i=2 i=1

where we are summing over every possible state sequence Z. Performing this calculation
naively is clearly intractable for any problem of moderate size, but can be found via a

dynamic programming technique known as the Forward-Backward algorithm.

The forward variable is defined as:
a(k)=P(Xy,..., X, Z,=k)
which can be calculated by induction with initialisation step
ar(k) = P(X1|Z, = k)P(Z, = k)
and induction step

K
041+1<k) = P(Xl+1’Zl+1 = k) Z al(k/)P(ZHl = k’Zl = k/)
k'=1
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then S5 | a(k) is the likelihood of the observed sequence. Similarly we have the back-
ward variable:

Bi(k) = P(Xiqa,..., Xp|Z = k)

which is calculated by induction with with initialisation step

Br(k) =1

and induction step

K
Bi(k) = Z P(X111Zier = K) B (K) P(Zia = K2 = k)

k'=1

Typically we are interested in the posterior distribution of the sequence Z given the
observed data X, that is P(Z|X). The forward and backward variables allow us to

calculate the posterior probabilities of states at a specific location [:
P(Zl = k’|X1, ce ,XL) X Ozl(k‘)ﬁl(l-{?)

alternatively, we may be interested in the most likely state sequence rather than just the
most likely state at one specific position. The most likely state sequence can be found

via the Viterbi algorithm which involves calculating the variable:

S(k)= max P(Zi,...,Z =k X1,..., X))

ki,..ki—1

which is the most likely state sequence leading up to state k at time [. This can be

calculated recursively similarly to the forward variable with initialisation:
(k) =P(X1|Z1 =k)P(Zy = k)
and induction:

O (k) = P(Xin|Zipr = k) max (6(K) P(Zi = k[ Z1 = )
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in addition to §, we require the value of k&’ that maximises this term for each k and [ + 1.

Again using induction we have initialisation

(k) =0
and induction step

wl(k?) = argkrlnax (51(/{3,)P(Zl+1 = ]{J’Zl = k/)) .

We can then infer the most likely state sequence, {21, 7 1} with initialisation
7, = argmax(dp(k))
k
and induction

7 = Y1 (Zin)).

Rather than obtain the most likely state sequence, we may wish to sample a state sequence
from the distribution P(Zy,...,Z.|X). This is an effective way of taking into account
the uncertainty in the estimated sequence and is of use in the Markov Chain Monte Carlo
(MCMC) routines described later in this chapter. To sample a sequence, we only require

the calculation of the forward variable. We first sample a state at position L from

P(ZL = k|X) x ar(k)
and then recurse backwards sampling at each (:

P(Z = k|Zi =K, X) < q(k)P(Z) = k| Zyyy = K)

terminating at [ = 1.

It is important to note that the complexity of calculating the forward, backward and

Viterbi variables is O(LK?). This means computation will scale well with the number
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of markers (which can be very large in phasing applications) but will rapidly become
intractable as the state space increases. Many of the advances in phasing described
in this chapter involve innovative ways of reducing the state space whilst maintaining

accuracy.

3.2 Methods for nominally unrelated individuals

3.2.1 The Li and Stephens Model for Linkage Disequilibrium

The Li and Stephens model (Li & Stephens| [2003) is now a classic approximate model
for linkage disequilibrium that was originally proposed to perform inference on recombi-
nation rates across a chromosome. It forms the basis for various phasing (and associated
imputation) software such as IMPUTE1L (Marchini et al., [2007)), IMPUTE2 (Howie et al.,
2009), MaCH (Li et al), 2010), HAPI-UR (Williams et al., |2012)) and both versions of
SHAPEIT (Delaneau et al., [2013, 2011)).

Consider the case where we have K known haplotypes sampled from the population,
H = {H,...Hg} where Hy, = {Hg,...,Hyr}. The K + 1 sampled haplotype, h =
{h1,...,hr}, is modelled as a mosaic of the K already sampled haplotypes, along with
some sporadic allelic differences due to mutation events. Put another way, haplotype h
“copies from” different haplotypes in the sample at different regions along the chromo-
some. We use Z; € {1,..., K} to denote which of the K haplotypes is being copied from
at position [. This forms a Hidden Markov Model with transition probabilities varying
according to recombination rates where h is the observed variable and Z are the hidden

states of the chain. The initial state is distributed uniformly:

P(Z =k)=1/K
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at subsequent markers, state transitions are

1*eXP(*%) k’ 7& kfl
P<Zl+1 = k‘Zl = k/) = “ 1—exp(—2L)
exp(—£2) + 71}){ B k=Fk

where p; = 4N, and r; is the genetic distance (in Morgans) between sites [ and [+ 1. This
transition matrix has two intuitively sensible properties. First, when the distance between
markers is small, then those markers are highly likely to copy the same chromosome.
Second, as the sample size K increases, the chance of a change in copying state decreases,

meaning longer haplotype chunks tend to me copied.

Mutation events are handled by the emission distribution:

11— m=A
Plhy = Al Z = k) = 20+K) P (3.1)

0
20+K) hi # A

where Ay, denotes the allele carried by the kth haplotype at site [. The parameter
6= (251 %)*1 controls the rate of mutation. The intuition behind this choice of 0 is
that 6 x (X821 L) is the expected number of mutations events at a single site for K

m=1

individuals, the model sets this expectation to 1 and solves for 6.

The Li and Stephens model has the desirable property that the length and fidelity of
haplotypes copied increases with K, reflecting the fact that as sample size increases,
individuals will tend to share larger and more similar haplotypes. It also has the crucial

benefit of allowing tractable inference using well developed HMM inference machinery.

3.2.1.1 Inference with the Li and Stephens Model

The likelihood for an individual haplotype is

L

P(hy,... h|H) ZZH (| Z)P(20) [ P (21| Zi-)

=2
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here we need to integrate over every possible configuration of copying sequences (Z2),
which is a standard operation for HMMs using the Forward-Backward algorithm. Whilst
in general inference on a HMM with K states will have computational cost of O(LK?),
inference on the Li and Stephens model can be performed in O(LK) due to the proba-
bility of a change in copying state being the same regardless of which states are being

transitioned between. For example if we take the standard HMM forward variable:
Oél(k) = P(hl, .. .,hl,Zl = k‘)
which is calculated by induction with initialisation step
1
Oél(k‘) = ?P(h1|Z1 = k’)

and induction step

K
a1(k) = PlhialZip = k) Y (K )P(Ziyy = k| Z = F)
k'=1
P L—exp(—%) &,
= P(h|Ziy = k) [ exp(—=) (k) + ——3- Z oy (k")
K K =1

the right term of the summation is the same for all £ and hence only needs to be evalu-
ated once per site so computation scales with O(LK) complexity. For the same reason,
calculation of the backward variable and the Viterbi algorithm are both O(LK). Hence
the Li and Stephens model offers a powerful tool for the tractable analysis of genetic data

where both the sample size K and number of sites L can be very large.

3.2.2 Phasing with the Li and Stephens Model

The previous section gave us a useful model for observed haplotypes in a sample, but in
practice we observe genotypes. IMPUTE1 and IMPUTE2 extended the Li and Stephens
model to genotype data for the purposes of phasing and genotype imputation from hap-

lotype reference panels (a closely related problem). We summarise the general approach
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of this extension here.
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Figure 3.2: An example of a pair of copying paths for the diploid Li and Stephens model
used to infer an individual’s underlying haplotypes, (hy, hs), from that individual’s geno-
type data G. The individual’s haplotypes are inferred as a mosaic of other conditioning
haplotypes, H in the population.

Given a set of conditioning haplotypes, H, an individual’s diplotype, (h', h?), originates
from a pair of sequences of hidden states (Z',Z?) where (Z},Z?) € {1... K} denote
which conditioning haplotypes an individual’s haplotype pair is copying from at site [.
Using the model defined in the previous section and assuming an individual’s haplotypes
are independent of one another, we now have a Hidden Markov Model with K? states

(every possible pairing of copying states).

The initial state probabilities for Markov chain are:

P(Z{ =k, 7% = ko) = 1/K?

and the transition probabilities are:

12
<exp( oy 4 oo by = K k= k)
p(—2L) ex
P(Z}y =k, 2} = ka|Z) = K}, 2} = k) = < K ) (eXP + = %( K)> ki # k) @ ko # kb
(152*) B K, b # K

these probabilities correspond to 0, 1 and 2 “jumps” between which conditioning hap-

lotypes an individual’s diplotype is copying from. Figure [3.2] provides an example of a
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genotype and corresponding paths through the conditioning haplotypes.

Given an observed genotype Gy at position [ and hidden states (7}, Z7), the emission

distribution P(Gy|Z}, Z}#) for each possible combination is:

Ga
0 1 2 Missing

0] (1=X)2  2X\1-X) A2 1.0
hogr+hge [ 1] 2X(1=X) X+ (1-N?2 2\1-2X) 1.0
2 A2 2A(1=))  (1-X2% 10

where A = SCe) + ) , the mutation probability seen in the Li and Stephens model (Equa-
tion [3.1)). Note that this model easily accommodates missing genotypes by placing a flat
likelihood across also possible genotype values. The likelihood for an observed genotype

vector is then

™~

G |H Z ﬁP(Z;?ZZQ) HP(Gﬂ’le,le). (3'2)

here we are summing over all possible unobserved paths (7, Z,).

We are primarily interested in the posterior distribution of an individual’s haplotypes
conditional on all other information, P(hy, he|G;, H) which in turn is determined by the
pair of copying paths P(Z;, Z5|G;, H). The complexity of our state space has increased
substantially compared to the haploid model described previously. Consider the calcula-

tion for the forward variable of this model:
Oél(/ﬁ, kz) = P(Gu e Gil+17 leﬂ = ki, Zl2+1 = k2|H)
with initialisation step:

X (Gil’le = 1{51,212 = ]{52)

1
al(k17k2> = ﬁ
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and induction step:

appr (ke ko) = P(GulZ] = ki, Z7 = k) x

(exp(—ié) + 1—eXKp(—§é)> oy (K, k)

_ _aWN\?2 [/ K K
1 e);]!()( K)> (;2 g::l a,(k;g,k;)) ]
the middle summations require 2K? operations to calculate across all pairs of (ki, ko).
Scheet & Stephens| (2006) provide derivations which exploit the symmetry «o;(ky, ko) =
ay(ka, k1) to avoid redundant computations, approximately halving the computational
burden. This is an important implementational detail but we exclude it for clarity. The
essential point is that inference procedures for HMMs on genotype data under the Li and

Stephens model now scale quadratically with the size of H.

We have described the model assuming that conditioning haplotypes were known, we
could possibly use a reference panel of haplotypes such as those available from the 1000
Genomes Project, which was in fact how IMPUTEL1 functioned. However results from the
development of IMPUTE2 showed that phasing using in-sample conditioning haplotypes
was more effective than the reference panel only approach. Hence using conditioning
haplotypes present in the sample is preferable, but of course these are unknown, so we

need to integrate over this uncertainty. This can be achieved via an MCMC approach.

Given a sample of N genotyped individuals, G = G ... Gy, we wish to infer each individ-
ual’s diplotypes (2N haplotypes), H = {H;, ..., Hon}. We can initialise the haplotypes
of all individuals by randomly assigning phase at all heterozygous sites. We can then it-
erate over each individual, sampling a diplotype from P(h', h?|G;, H\ (Ha;_1, Ho;)). This
process is repeated for a set number of iterations. Finally we can either run the Viterbi
algorithm to find the most likely haplotypes for an individual or take the most likely

diplotype per site [. An issue with this approach is that computation scales quadratically
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with sample size N meaning the method rapidly becomes intractable with increasing
sample size. This problem can be circumvented by only conditioning on a subset of size

K < 2(N — 1) of the haplotypes in the sample, constraining computation to O(LK?).

3.2.2.1 Choosing conditioning haplotypes

We could choose these K conditioning haplotypes at random from the cohort which is the
approach used by MaCH. Alternatively, we could try to choose conditioning haplotypes
such that they are likely to be “copied” from by the individual being phased. This is the
“surrogate-family” approach introduced by IMPUTEZ2. In this approach, the Hamming
distance between the individual’s previously sampled haplotypes H; = (h}, h?) and all
other 2(N — 1) haplotypes present in the sample is calculated. The Hamming distance
is simply the sum of alleles that are different across a region. The K haplotypes with
the smallest distance measures, H* = {H,..., Hg}, are used as the conditioning set
for individual i. We then work with the posterior P(hy, hy|G;, H*) which restrains the
HMM computations to O(K?L) complexity. Since an individual’s closest ancestors in a

sample will vary across a chromosome, it was recommended to run IMPUTE2 on chunks

of several Mb so that a different H* would be used in different genomic regions.

This can be thought of as conditioning on all haplotypes in the cohort in a very crude
manner, as all haplotypes are still being compared. Since the distance calculations involve
comparing each individual to all N samples in a cohort at all loci, they have O(N?L)
complexity. However because these operations are very rapid, the HMM calculations
dominate computation for N < 10000. As sample sizes increase to tens of thousands of

individuals, these distance calculations begin to comprise the majority of computation.

3.2.3 The SHAPEIT2 approach

The Segmented HAPlotype Estimation and Imputation Tool version 2 (SHAPEIT2) (De-

laneau et al., 2013) is a recently developed method for phasing unrelated individuals. It
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Figure 3.3: The SHAPFEIT?2 diploid model, within each segment containing B = 2 two
heterozygous genotypes there are 28 possible haplotypes. Transitions between different
haplotype labels are only possible between segments, not within them. The green and
orange colouring labels a pair of paths consistent with the genotype vector.

01011><010011O
00011 1100010

combines a novel data structure for efficiently representing the space of possible haplo-

types of an individual which was introduced in the original SHAPEIT1 (Delaneau et al.,

along with the “surrogate-family” conditioning haplotype selection idea introduced
by IMPUTE2. The main advantage of this approach over IMPUTE2 is that the HMM
calculations scale linearly with the number of conditioning haplotypes, this means com-
putation can performed tractably with larger values of K leading to greater accuracy and

less computation time.

An individual’s genotype vector G; can be partitioned into C' segments where each seg-
ment contains B heterozygous sites. There will be 22 consistent haplotypes within each
of these segments. The vector S; € {1...C} denotes which segment contains locus . A
haplotype that is consistent with G; across the chromosome can now be represented as a
sequence of labels X = {xy,..., 2.} where x; is now the label of the segmental haplotype
at position [. We allow the label X to change only between segments, that is, when
Sy # Spy1. Figure [3.3| shows an example of this graph for three segments and B = 2. A

sequence X now uniquely defines a haplotype that is consistent with G.

Furthermore, the sequence X also implies its unique complementary haplotype (to enforce
consistent genotypes with G), so X in fact implies a diplotype consistent with G. This is
the key to SHAPEIT2’s linear complexity calculations, inference is now being performed

on one haploid path, X, rather than a pair of haploid paths as in IMPUTE2.
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This segmentation provides a graph that captures every possible haplotype for an individ-
ual, we can weight the edges of this graph using patterns of LD present in the conditioning
haplotypes H and the Li and Stephens model. This introduces a second latent variable
7, denoting the haplotype in H being copied from. For a single consistent haplotype,
there are now two unobserved sequences, X and Z. Hence we perform inference on the

likelihood:

L
P(X,Z|H) = P(X.|Z, H)P(Z,) | | P(Xi. Z| Xio1, Z11, H)

=2

We take the same transition probabilities as used in the haploid Li and Stephens model,
but with the added restriction that the haplotype label (X;) can only change when posi-
tions [ and [ —1 are on different segments. So when S; = S;_; then transition probabilities

are

P(Z =kl Zi =kK) i=j

0 L F ]

PX,=i,Z=klX;-1=4,Z1.1 =K ,H) =

and when sites are on different segments (S; # S;_1) any transition is possible so
p(Xi=0,Z=k|Xi1=j, 211 =k, H)=P(Z =k|Z_1 = k)

The emission probability is also the same as the Li and Stephens mutation model (Equa-

tion :

_0 I A,
PX;=ilZi=k H) = 2(0+K) k7 A

o _
l -5z Hu=Aa

where Aj; is the allele carried by the ith haplotype segment at position [.

SHAPEIT2 then applies a custom Forward-Backward algorithm to calculate the marginal

distribution of X with respect to hidden sequence Z. This calculation is linear with

65



respect to the size of H. The forward variable in this case is
O./l(i,k) = P(Xl = ’i,Zl = k‘,Gl, e ,GZ|H)

with initialisation:

Oél(i,k) = P(Xl = ’L’Zl = k‘)P(Zl = k)

and induction step:
28 K
aH_l Z ]{ Z Z Xl+1 i, Zl+1 = k?|Xl = j, Zl = k?l)

because the transitions probabilities vary according to whether [+ 1 and [ are in the same
segment we need to consider two cases for the forward variable. When S; = ;1 we only

need to consider transitions where ¢ = j so:

K
Oél+1ll€ Z XZ—Z Zl—k Gl,...,Gl’H)

= P(Xy1=1iZ1 =k H) (exp(—fé)oq(i, k) + KK> S i, k”))

note the term Y4 _, a;(i, k') only needs to be computed once per k. When S; # S;;; any

segment transition is possible so:

2B K
Oéz+1lk ZZ Xl+1—l Zl+1—k’Xl—j,Zz—/€)
27 1 —exp(—£) 28 K
= P(Xi1=i|Z1;1=k) | exp(—=) Zozl(j,k:) + e K Z Z (g, k)
Jj=1 j=1k'=1

the terms S5 _, a;(i, k') and 22 L SF_, au(4, k') only need to be computed once per i and
[ respectively. Hence the complexity of the forward variable calculations is only O(K L),

this is the primary advantage of introducing the intermediate latent variable X.
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By similar derivations we have a linear complexity calculation for the backward variable

as well. Initialisation:

ﬁL(L k) =

and induction:

e K By (i, k) P( X4y = i| Ziq = k)
LR K (0K P(Xes = il Zi = K S = Siu,
e K Z?Bl 5l+1(j7 k)P(Xip1 = j|Zi41 = k)
+ 1= £ Z b B G KV P (X = | Zii = k) S # St

Bi(i, k)

Once we have the forward and backward variables, we can take the marginal distribution
of X with respect to Z and work with the posterior distribution P(X|H). Since there are
only 27 states, inference on the segmented graph is very rapid. We can obtain marginal

distribution of being in a certain state ¢ at position [ from
K
P(X, =i|H) x Z (i, k)Bi(i, k)
and the transition probabilities at each site [:

P(X;=i|Xpp =4, H) o Y > i, k1)P(Zigr = ka|Zy = k1) P(Xi41 = 1 Zi1 = ka) By (4, k2)

k1 ks
o< Y (i k1) > P(Ziyr = kol Zp = k1) P(X11 = j|Zig1 = k2) Bia1(J, k2)
k:l k2
o Y aliski) (exp(—K)P(Xz+1 = jlZ14+1 = k1) Bis1(J, k1)
1 —exp(—%
T ;P X1 = jlZip1 = k2) B (4, k2)
2

Since the term Y-, P(Xip1 = j|Zip1 = k2)Bip1(J, k2) does not depend on k; it can be
pre-computed (per ,7) and so this calculation is linear with K. Hence SHAPEIT2 can
find the posterior distribution of X in linear time with respect to K, this provides a
powerful new way of performing inference using the Li and Stephens model in the diploid

setting.
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The calculation of the marginal transition probabilities (and the marginal state proba-
bility at { = 1) for Z allow us to simulate consistent haplotypes directly from the diploid
graph which is a very quick operation. Similar to IMPUTE2, SHAPEIT2 performs an
MCMC updating scheme to integrate over the uncertainty in haplotypes in a sample. It
performs this for a fixed number of burn-in iterations, then performs a number of pruning
operations where unlikely segment transitions are given a probability of 0 (removed from
the graph), finally a number of sampling iterations are performed to average over the
transition probabilities just described. SHAPEIT2 then finds the most likely haplotype

pairs for individuals by performing the Viterbi algorithm on its segmented graph.

Conditioning haplotypes are selected based on minimum Hamming distance as described
previously for IMPUTE2. SHAPEIT2 uses K = 100 conditioning haplotypes by default
and divides a chromosome up into windows (default 2Mb) choosing a different H* in
each of these windows. The HMM calculations dominate computation for SHAPEIT2
up to NV =~ 10000, for larger sample sizes the quadratic cost of the distance calculations
becomes a substantial portion of compute time. We discuss further modifications to the

algorithm to circumvent the quadratic cost for N >> 10000 in chapter 5.

3.2.4 Beagle

The methods described so far have relied on a model for linkage disequilibrium based
on an approximation to the coalescent. Beagle takes a different approach in that it
determines patterns of LD from the data using a variable length Markov chain (VLMC)
to create a “localised haplotype-cluster model”. Given a set of haplotypes H, Beagle
builds a directed acyclic graph with L 4 1 levels. Where edges of the graph correspond
to alleles and vertices correspond to the configurations of two adjacent alleles. Every
haplotype in H can be represented by a path through this graph. A realisation of this
model for some toy data is presented in Figure [3.4] this is the example given in the

original Beagle phasing paper (Browning & Browning, [2007)).

The edges of this graph are weighted according to the frequencies with which haplotypes
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Haplotype Count

0000 21
0001 79
0011 95
0110 116
1000 25
1001 112 e
1011 152
| I [ |
1 2 3 4
Position

Figure 3.4: Left: Observed haplotypes across four sites. Right: The Beagle haplotype
cluster graph that represents these haplotypes. Red edges correspond to the 0 allele and
blue correspond to the 1 allele. Each path from the root to terminal node is a haplotype
listed in the table. The bold edges denote the path representing the 1001 haplotype.

pass through them. If we consider the edges at each level (position) of the graph to be
states of a Markov chain we can calculate transition probabilities from these weights.
Then the transition probabilities for leaving state ¢ at position [ and entering state j at
positions [ + 1 are easily calculated as the proportion of haplotypes using edge j that
leave the vertex edge 7 enters, if edge ¢ has a different child vertex to j’s parent then
the probability is 0. For example, haplotypes 0000, 0001, 1000 and 1001 (237 total) pass
through edge er and haplotypes 0011 and 1011 pass through es (247 total) giving us
P(eplec) = Plerlep) = s = 0.49 and P(epleg) = 0 since eg’s child is not ep’s

parent. This Markov process is the basis of Beagle’s phasing routine.

Beagle initialises all individuals’ haplotypes by assigning random phase to heterozygous
sites. It then builds its haplotype graph and calculates the forward variable for each indi-
vidual, which can then be used to sample a consistent haplotype pair for each individual.
The haplotype graph is then rebuilt from these newly sampled haplotypes. On the final
pass the Viterbi algorithm is applied rather than path sampling to obtain final haplotype
estimates. Perhaps the most impressive aspect of Beagle is the speed with which the
model converges, ten iterations are used by default and increasing this number yields

little improvement in accuracy (Browning & Browning, [2007)). Whilst the Beagle graph
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greatly reduces the state space of the HMM, the construction of the graph is somewhat
computationally expensive with cost somewhere between linear and quadratic time. This

will limit Beagle’s utility for very large samples.

3.2.5 HAPI-UR

The HAPIotype Infer-ence for UnRelated samples (HAPI-UR) (Williams et al., 2012)
method is a relatively new phasing method developed with very large samples in mind.
Similar to Beagle and SHAPEIT1 it collapses conditioning haplotypes H into a graph
structure which is then used to infer haplotype pairs per individual. The difference
between Beagle and HAPI-UR is that the states that this graph represents are no longer

bi-allelic configurations but multi-allelic haplotype chunks.

Figure 3.5: The HAPLUR haplotype Haplotype 1: 01001000

graph. The three conditioning haplotypes

are represented in the graph structure Ha p | Otype 2: 01111000
pictured below them. All haplotypes are Ha D | Otype 3: 10110110

distinct for the first four markers, creat-
ing three distinct states. The last four
markers are the same for the first two
haplotypes allowing them merge to the
same state. This representation reduces
both the state space and the number of
locations where transitions can occur. In
practice, the length of the segments is al-
lowed to vary.

Figure gives a toy example of this graph across eight markers with three observed
haplotypes. The markers are split into two segments with three and two states respec-
tively. This graph not only reduces the statespace but also the number of locations where
state transitions can occur. This graph structure is similar to one used in SHAPEIT1
but with the key difference that the number of markers per segment is allowed to vary
within the model. The edges are weighted via modified Li and Stephens model and no
mutation events are allowed, so an individual’s haplotypes have to exactly match a path

through this graph. This rather rigid model allows very fast inference but comes at some
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cost in flexibility, new states need to be added to the graph for a single base pair change.
HAPI-UR is currently the fastest algorithm for unrelated individuals, but is less accu-
rate than SHAPEIT2. The recommended pipeline for HAPI-UR is to run it three times
with different seeds, then the outputs from individual runs “vote” on the phase at each

heterozygous locus. We follow this procedure in our experiments and denote the method

as “HAPI-UR 3X”.
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3.3 Phasing explicitly related individuals

The phasing methods described in the previous section infer haplotypes by leveraging
linkage disequilibrium, which typically reflects very distant relatedness of an unknown
degree between individuals within a sample. When we deal with explicit pedigrees con-
taining very close relationships, the model we need to use is simpler (at least conceptu-
ally). We know a child receives one haplotype from each parent and that we can expect
very few recombination crossover events per chromosome, meaning the haplotype a par-
ent transmits to a child is a mosaic of that parent’s two haplotypes containing very few
breaks. Routines for using parent-child (duo) and mother-father-child (trio) relationships
are included in SHAPEIT2, Beagle and HAPI-UR and we describe how these work here.
Routines for complex pedigrees of general structure require more specialised inference
machinery, probably the most well known being the Lander-Green algorithm of which we

also give an overview. We also discuss the limitations of each of these approaches.

3.3.1 Simple Duo/Trio Phasing

Given a father-mother-child trio and ignoring crossover events (of which there are only
several per chromosome) we only need to consider four haplotypes for the six individu-
als. These are the two haplotypes the child receives from its parents (transmitted) and
their complements (untransmitted). Enforcing Mendelian inheritance then constrains
the phase at any site that is not heterozygous throughout the proband. In the case of
SHAPEIT?2 this is achieved by placing constraints on its segmented haplotype graph.
Beagle performs this by modelling the trio as four independent haplotypes and sam-
pling haplotypes (based on its graph) that are consistent with the trio data (Browning
& Browning, 2009). This simple Mendel phasing is relatively easily to integrate with
LD based phasing methods, and will result in the same haplotype estimates as the more
sophisticated Lander-Green algorithm (described next) in the case of a standalone duo

or trio.
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Whilst useful, the duo/trio phasing available in several standard software packages has
limitations. It does not elegantly generalise to larger complex pedigrees, such pedigrees
could partitioned into small duos and trios but this is sub-optimal. Consider a nuclear
family with five children, it could be partitioned into two duos, but one child would not be
able to exploit any parental relationship. It is uninformative of meiosis, Figure [3.6] shows
a trio with its true underlying haplotypes (left) and those inferred by Mendel phasing
(centre), a switch error is induced on the paternal haplotypes due to a crossover event.
Crossovers are of course rare so this is not a serious issue unless a researcher wishes to
study recombination. Mendel phasing is also sensitive to genotyping error. Genotyping
errors that cause Mendelian inconsistent genotypes will be flagged as missing in any
sensible QC pipeline, for example a site where the mother was AA, the father was AA
and the child was BB would be flagged as missing throughout the proband. However not
all errors cause Mendelian inconsistency, and if these are left in the data they can induce

a switch error throughout the proband, see figure [3.6| right.
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Figure 3.6: Father-mother-child trio phasing examples. The paternal haplotypes are
in light/dark blue and the maternal in light/dark red. Genotype values are to the left
of haplotypes. Left: True underlying haplotypes, a crossover event has occurred on the
paternal meiosis meaning the child’s haplotype is a mosaic of the father’s two haplotypes.
Centre: The haplotypes that will be inferred by phasing with Mendel’s rules. The site
that is heterozygous in all three individuals cannot be phased with the pedigree information
alone, but will be resolved using LD information from the wider population. The father’s
haplotypes have been inferred as the transmitted and untransmitted haplotypes (the re-
combined haplotypes) inducing a switch error. Since there are very few crossovers per
chromosome this is not a serious issue unless we wish to study recombination explicitly.
Right: A genotyping error has been introduced in the mother (denoted by *) this causes
incorrect phasing to propagate to the father and child. Since the error is still Mendelian
consistent, it is difficult to detect.
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3.3.2 The Lander-Green Algorithm

The simple Mendel phasing rules described in the previous section do not elegantly gener-
alise to situations where there is > 1 meiosis present in a pedigree since parents transmit
different haplotypes to different siblings due to recombination. The Lander-Green (LG)
algorithm (Lander & Green, 1987) finds the most likely haplotypes for individuals in a
pedigree, conditional on the pedigree structure and the individual’s genotypes. The al-
gorithm is computationally expensive, and there have been many clever implementations
(and approximations) to improve efficiency (Sobel & Lange, 1996; Gudbjartsson et al.l

2000; |Abecasis et al., 2002; Lange et al.,|2013). We describe a naive implementation here.

Given a pedigree with Np founders and Np descendants (and hence Np meioses), there
are 22Np possible patterns of gene flow (which founder haplotype a descendant has in-
herited) in the pedigree. Patterns of gene flow can change due to recombination events
as we move along the chromosome. Figure visualises the gene flow for a three sibling
nuclear family with paternal (P), maternal (M) and child (C1-C3) haplotypes. There are
two changes in gene flow due to recombinations in first the paternal meiosis (to C2) and
then the maternal meiosis (to C3). This process can be modelled as a Markov chain with
22Np possible states across the chromosome with transition probabilities calculated from
the genetic distance between markers and with emission distribution that is a function

of allelic frequencies.

We enumerate each possible inheritance pattern at site [ and store them in inheritance
vector V; of length 2Np. The (2i — 1)th position of this vector is 0 if the ith non-founder
individual received their parents first haplotype and 1 if they received the second. The
(2i)th position has the same property but for the maternal chromosome. The pattern
of inheritance can change across the chromosome so we have a sequence of inheritance
vectors, V = {Vi,...,V.} . These vectors are visualised (along with changes due to

crossovers) in the bottom row of figure 3.7
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Figure 3.7: An example of the Lander-Green Markov process for a three sibling nuclear
family. The paternal (P) chromosomes are in blue and the maternal (M) in red. Children
C1, C2 and C3 receive one (possibly recombined) chromosome from each parent coloured
accordingly. The horizontal bars denote the haplotypes of individuals across a genomic
region, with the colour of the bar changing when a crossover has occurred on the haplotype
received from the parent. The edges in the pedigree diagram indicate the current state of
gene flow, with the bold edge indicating a change in inheritance from the previous position.
The state V' is the binary inheritance vector representing the gene flow pattern at each

position.
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The inheritance pattern can change between sites [ and [ 4+ 1 according to the transition

matrix T®2N b which is calculated by recursively taking the Kronecker product of the
matrix
T, — L=—pi  p
p L—=p
with

T®n+1 _ (1 o pl>T®n plT®n
! =

p T (1= p)To"

where p; is the per-generation recombination rate between sites [ and [ 4+ 1. The matrix
TP?NP s then a symmetric 22V2 x 22Np matrix where the diagonal corresponds to 0
crossovers for all meioses. The transition probability P(Vi,; = k|V; = k') is then the

(k, k')th entry of T{*NP.
We also require the emission distribution which is

INp

Gl’V ZHfaz

a =1

1

where a = [al,...,2VF] enumerates every possible set of founder (haploid) alleles that

are consistent with G; and V;, and f,, is the frequency of allele a;.

The likelihood for this process is then:

—1 L
ZP (V1) H (VilVign) [T P(GiVD)
=1 =1
We can apply the Viterbi algorithm to this likelihood to obtain the most likely sequence
of inheritance vectors across a chromosome and then choose the most likely set of alleles
from a, for V;. Note that for bi-allelic loci, when at least one individual at site [ is
homozygous then there is at most one possible a per state. When all individuals are
heterozygous there are two equally likely versions of a meaning phase cannot be reliably

assigned.
The Mendel phasing rules for duos/trios described at the start of this section are actually
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a special case of phasing with the LG algorithm. When there is only one descendant
present in a pedigree the emission distributions for each possible gene flow pattern will be
equal and since the probability of recombination between markers are typically p; << 0.5
there will be no state transitions. This means that there are four equally likely state
paths across the chromosome where the state is just one of the four possible inheritance
patterns and is unchanging across the chromosome. Each path corresponds to a different
arbitrary ordering of parental haplotypes. This is an example of what we will refer to
as an uninformative meiosis, in that it is uninformative towards recombination events.
We define informative meioses as those where either grandparents are genotyped or > 2

siblings are genotyped. Such data allow us to determine crossover events unambiguously.

3.3.2.1 Limitations of the LG approach

Complexity A naive implementation of the LG algorithm must evaluate 22V x 227p
possible state transitions between loci giving the algorithm exponential complexity O(24Vp ).
Merlin utilises sparse binary trees to avoid unnecessary calculations such as inheritance
patterns that are either impossible (incompatible with observed genotypes) or are equally
likely (redundant) making it more efficient than a naive implementation. However com-
putation still scales exponentially and pedigrees with say Np > 30 non-founders are
intractable to analyse. In practice such large pedigrees can be partitioned for tractable

analysis so this issue is largely one of inconvenience.

Sensitivity to genotyping error Non-Mendelian genotyping errors that induce switch
errors such as that pictured in figure (right) can often only be accommodated via un-
likely patterns of recombination with the erroneous marker typically being flanked by
two crossover events. Merlin and other pedigree software provide some functionality to
detect probable errors based on these unlikely recombination patterns. Genotypes at
these loci can then be marked as missing throughout a pedigree. However the power to
detect errors decreases with pedigree size and is non-existent for parent-child duos and

father-mother-child trios.
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Resolution of heterozygous sites throughout a pedigree Heterozygous founder
genotypes where neither haplotype passes through a homozygote descendant cannot be
resolved (both haplotypes are equally likely under the LG model). For research groups
applying pre-phasing and imputation pipelines, which are now a standard part of GWAS,
this is particularly problematic. Such incomplete haplotypes cannot be readily used
with available imputation software. Whilst it would be possible to incorporate these
haplotype constraints into, say the SHAPEIT?2 segmented graph, such functionality would

be complicated to implement.

3.4 Long-Range Phasing

As sample sizes increase, becoming a substantial fraction of the total population (>1%),
the chances of an individual having a recent ancestor in the sample becomes substantial.
At any particular location, the chance of two individuals inheriting genetic material from
an ancestor M generations ago rapidly becomes small with probability equal to 272M+1,
but when common material is inherited it will be a relatively large tract of DNA that
is distributed approximately exponentially with mean 100M ! centiMorgans (Browning
& Browning, 2012). This sharing of relatively large haplotypes has been referred to as
‘long-range LD’ (Kong et al., [2008)).

This long range sharing of haplotypes can be exploited to aid haplotype estimation. This
idea was first proposed by Kong et al.| (2008) who made the observation that sampling a
large enough fraction of a population (which was possible in the rather unique Icelandic
population) will increase the chance that two individuals will share a long region of
genetic material IBD. A method was proposed in which ‘surrogate parents’ (IBD sharers)
are identified for each individual in a given region of the genome. These surrogate parents
allow the haplotypes to be determined with high accuracy using Mendel’s rules, effectively
as if the true parents had been observed and the family could be phased as a trio. Kong
described a rule based approach and applied it to a large cohort of individuals from

Iceland to produce highly accurate haplotypes. Whilst this was a novel idea, software for
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general use was not provided.

3.4.1 The Systematic Long Range Phasing Algorithm

Systematic Long Range Phasing (SLRP)(Palin et al|, 2011) implements a probabilistic
approach to this problem and jointly models the IBD status of all individuals. The IBD
status for each pair of individuals ¢ and j is modelled as a Markov process with hidden

state Vl” €{1,2,3,4,5} for [ = 1... L where the states correspond to;

1. No IBD

2. IBD between the first two haplotypes

3. IBD between the first haplotype of ¢ and second of j

4. IBD between the second haplotype of ¢ and first of j

5. IBD between the second two haplotypes
We can write the joint distribution of H and V' given genotype data G as

P(H,V|G) «x P(G|H,V)P(H,V)= P(G|H)P(V|H)P(H)
N L
- BO

(2

(P(Gil’H(Qi—l)h H2iy) P(H i1y, He2iyt)

N
x [ PV |\Vi¥, Haivy, Hei, Hej—1ys H(Qj)l))

j=it+1

The first two terms here are straightforward. SLRP does not model genotyping error so
P(Gy|H i1, H (gi)l) is just an indicator variable on whether the haplotypes are consistent

with the genotype. A flat prior is used for P(H 2;—1y;, H2iy1)-

The final term can be factorised to obtain

PV Vi, Heiovys Heaps Heajo1yis Heagy) o< P(Vi|Vier) P(H i-1yi, Heaipts Hezj—1yi, Hioju| Vi)
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the emission distribution on the haplotypes is simply the product of the four allele fre-
quencies if not in IBD or the product of three allele frequencies if the individuals are in

IBD.

The IBD transition probabilities, P(V;|V;_1), come from a continuous time Markov process
with rate parameters Anomp for V = 1 and Agp for V' # 1 with the constraints that
IBD states always transition to the non-IBD state and the non-IBD state transitions to
the four IBD states with equal probability. Hence the transition probabilities between

markers [ and [ + 1 are

e>\N01BDPl> E=1k=1

%(1 _ eANOIBDpl) k' = 1,k 7& 1

PV =kVi=F)= eMBDAI K +41,k#1L,k=F
1 — elimort K#1,k=1
0 otherwise

SLRP fits this model as a Bayesian network and produces MAP estimates of the both H

and V.

3.4.2 Limitations of Long-Range Phasing

Both the original approach by |Kong et al.| (2008) and SLRP demonstrated very accurate
haplotype estimates within IBD regions, but suffer from the problem that phase can only
be inferred for genomic regions where IBD sharing is found. Even in IBD regions, if all
individuals are heterozygotes, the phase at that particular locus cannot be inferred. This
is essentially the same problem encountered in pedigree phasing, only partial haplotypes
are inferred. These partial haplotypes could potentially be ‘filled in’ by one of the LD
approaches described above, in a manner similar to duo/trio phasing. Computational
complexity is also an issue, SLRP evaluates V(N —1)/2 HMMs (every pair of individuals)
meaning computational complexity is O(N2L). This limits the sample sizes that can be

tractably analysed.
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3.5 Integrating extended pedigree information into

SHAPEIT2 haplotypes

The Lander-Green algorithm is traditionally the method of choice for phasing pedigrees
but has several limitations described previously. The results in the next chapter demon-
strate that SHAPEIT?2 can in fact phase extended pedigrees extremely accurately, even
when completely ignoring any pedigree relationships. Given this result, there seemed lit-
tle need to implement a sophisticated LG algorithm within the SHAPEIT2 software itself.
However we would still like to take advantage of the pedigree information for maximum

accuracy.

We developed a method for analysing SHAPEIT2 haplotypes in a post-hoc fashion when
pedigrees are present within a cohort. First SHAPEIT2 is run ignoring all familial rela-
tionships, that is, all individuals are treated as if they were unrelated. We then apply a
simple HMM to the SHAPEIT2 haplotypes that corrects phasing errors that are incon-
sistent with pedigree information and to detect subtle genotyping errors. The method
focuses on each parent-child duo separately and this circumvents several issues with the

Lander-Green algorithm, namely;

o complexity: our HMM has 4 states so there are 16 possible state transitions for
each meiotic event, so our method scales as O(NpL) where Np is the number of
non-founders and L is the number of markers. This compares well to the O(2Vp L)

scaling for a naive Lander-Green implementation.

e heterozygous markers: markers that are heterozygous throughout a pedigree will

be phased via leveraging population haplotypes

e sensitivity to genotyping error: the low computational complexity of the model

allows us to accommodate genotype uncertainty

We describe the model and several useful applications of it below, we refer to this frame-

work as the duoHMM in later sections of the thesis.
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3.5.1 The Duo HMM

Let p = (p1,p2) and ¢ = (¢, ¢2) denote a pair of observed (ordered) parental and child
haplotypes respectively. Here p; = {pj1,...,pir.} denotes the ith parental haplotype at
the L sites across a chromosome. The same notation is used for the ith child haplotype
¢;. There are four possible patterns of gene flow between the parent and child. The true
pattern of gene flow will remain constant over long stretches of a chromosome due to
the low rate of recombination in any given meiosis. We use 5; to denote the pattern of
gene flow at the [th locus, where S; = (j, k) means that the parents jth haplotype and
the child’s kth haplotype are identical by transmission (IBT). Here j, k € {1,2}, so there
are just four possible transmission patterns, which we denote A = (1,1),B = (2,1),C =
(1,2),D = (2,2). The true transmission states S = {Si,...,Sp} are unobserved across
each chromosome and we wish to infer them from our imperfect observations of the
parental and child haplotypes p and c¢. The intuition behind our approach is that true
recombination events and switch errors will cause changes to the pattern of gene flow as
we move along a chromosome. Thus we can think of the observed pattern of gene flow as
the superposition of two point processes: one with a rate dictated by true recombinations,
and a second process with a rate relating to switch errors. Our aim is to deconvolve these

two processes to detect the true recombination events and correct switch errors.

To carry out this inference we have developed an HMM that allows for switch errors in
the parental and child haplotypes. We use d; and d5 to denote the probability of a switch
error on the parental or child haplotypes between two adjacent markers respectively. We
also use p; to denote the probability of a recombination occurring between markers [
and [ + 1. Specifically we use p; = 1 — e™" where r; is the genetic distance between
markers [ and [+ 1. We use the genetic distances from the HapMap LD based map (The
International HapMap Consortiuml 2005)) (which are inherently sex averaged) and scale
them to the sex-specific genetic lengths from the deCODE 2002 map (Kong et al., 2002)

according to the sex of the parent.

The initial states of the Markov model are given by P(S;) = 1/4. The transition rates
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on the IBT states S are then given by

(1= 32) x (1= 61)(1— py) + dupy) if (u,0) € Ty

)
(1 — 52) X ((1 — 51)Pl + 51(1 — pl)) if u,v) el
)
)

(
(
P(SlJrl = 1)|Sl = u) =
da x (1 =061)(1 — pp) + 01p) if (u,v) € Ty
(

d2 X (1= 61)pr + 61(1 — p1)) if (u,v) €Ty

The sets T1, 15, T3, T, denote the different types of transition that can occur. The set T} =
{(A,A), (B, B),(C,C),(D, D)} contains the transitions where no change in gene flow oc-
curs. The set Ty = {(A, B), (B, A),(C, D), (D, C)} are the transitions with a change only
to which of the parent’s haplotypes are IBT. The set T3 = {(A, C), (B, D), (C, A), (D, B)}
are the transitions with change only to which of the child’s haplotypes are IBT. The set
T, ={(A,D),(B,C),(C,B),(D,A)} are the transitions with a change to both of child
and parental IBT haplotypes. Figure shows examples of how true recombination
events and switch errors in parental or child haplotypes lead to changes in the transmis-

sion pattern in terms of T, T3 and Ty events.

We accommodate genotyping error by allowing for errors in the emission part of the HMM.
We model the observed haplotypes at the [th locus conditional upon the transmission

state S; as follows

. 1—e€ if Pii = Cig
P(pi,a|S = (4, k) = ’
€ if pi; # cu

Our full model can then be written down as

L-1 L

P(p,c,S) = P(S1) [] P(Si1lS) TT P(pi, il Sh).
=1 =1
This method can be applied to any set of estimated haplotypes from parent-child pairs.
We run one iteration of the Forward-Backward algorithm, to estimate €, 4; and d5. Since
there is little uncertainty in the state path this was found to be adequate for convergence.
This estimation is carried out on each duo separately. Since the HMM has just four states

the computation involved is negligible.
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Figure 3.8: Ezamples of inferred haplotypes with true recombination events and switch
errors. In each examples py, pa, ¢1 and co denotes the two parental and child haplotypes
and S denotes the pattern of gene flow. Top: Correctly inferred haplotypes in a region
of a true recombination event that causes a Ty transition in the duo HMM. The other 4
examples in the figure add switch errors to these true parental and child haplotypes. Mid-
dle left: addition of a switch error in the child’s haplotypes that causes a T3 transition.
Middle right: addition of a switch error in the parent’s haplotypes that causes a Ty
transition. Bottom left: addition of a switch error in the parent’s haplotypes at the site
of the recombination event that causes the Ty transition to be missed. Bottom right:
addition of a switch error in both the child’s and parent’s haplotypes at the same position
that causes a Ty transition.
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3.5.2 Correcting haplotypes

We now describe how to use our model to adjust haplotypes so that they are consistent
with a given pedigree structure. After estimating parameters, we run the Viterbi algo-
rithm to find the most likely state sequence. There are sixteen possible state transitions
in our model. The eight transitions in the sets T3 and T, imply a switch error in the
child haplotypes, so when we observe one of these transitions in the Viterbi sequence we
infer a switch error in the child. The eight transitions in the sets Ty and T} imply either
a switch error or a recombination event in the parental haplotypes. Inferring whether
a recombination or a switch error has occurred in the parental haplotypes is difficult.
When more than one sibling is present in a pedigree, we can correct probable parental
switch errors via identifying the minimum recombinant haplotypes for the family. When
one of the T or Ty transitions is present in the same location for the majority of siblings,
this is most likely a switch error on the parental haplotypes and they can be corrected
accordingly (see Figure for an example of this process). This is not strictly the
maximum-likelihood solution, but the minimum-recombinant and maximum likelihood
solutions often yield the same result (Williams et al. 2010). When we infer a switch
error in either a parent or a child we correct the haplotypes by switching the haplotype
phase of all loci proceeding the switch error. This procedure is carried out left to right

along the sequence.

Corrections are applied sequentially ‘down’ through each pedigree. For example, in a three
generation (grandparent-parent-child) pedigree we first apply the method to those duos
containing grandparents. Any corrections made to the parents haplotypes are used when
processing duos involving those parents and their children. This removes any (detectable)

switch errors for individuals that have parents, before their descendants are phased.

86



Uncorrected Corrected
[
[ I I
[ ] I

[ I I [ I I
0 50 100 0 50 100

Chromosome 10 physical position (Mb)

Figure 3.9: Haplotype correction example using the DuoHMM. The Duo HMM Viterbi
paths for a three father-child duos from a nuclear family (ie. 3 siblings) from the FVG
cohort on chromosome 10. The four possible IBT states (A, B, C, D) are shown using
colours pale blue, dark blue, light red and dark red respectively (although states A and B
do not occur in this example). The left panel shows the path prior to any corrections,
and the right panel after a minimum recombinant correction is applied. The second and
third sibling initially had a C' — D transition at around 25mb, this is more likely a
recombination event in the first child hence the parental haplotypes are switched after this
point. The panel on the right has the corrected haplotypes, the number of recombination
events required to explain the observed data has been reduced.

3.5.3 Detecting recombination events

Once all the haplotypes have been corrected the duo HMM is re-run in order to infer
recombination events. We do this by calculating the probability of a recombination event
between markers. A transition between the parental haplotypes corresponds to either a
switch error or a genuine recombination. A recombination event can only be resolved
down to the region between its two flanking heterozygous markers in the parent. We
use R;;m to be the indicator variable of a recombination event between heterozygous
markers [ and [ +m. We evaluate the posterior probability of such a recombination event

as

P(Rl,l+m =1Jp,c) x Z P(S; = u, Siym = v, Ripym = 1,p, c)

(u,0)

where

P(Si=u,Si4m =0, Riym =1,p,¢) = Ppr,.1,¢1,.0,5 =u)

XP(SH_m =, Rl,l+m = 1|Sl = u)
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The first and last probabilities can be calculated from the forward-backward algorithm,

and the transition rates that include a recombination event are as follows

(1 — (52)51pl if (u,v) el

(1 — 52)(1 — 51)Pl if (u,v) €Ty
P(Siym = v, Rijym = 1S = u) =

(5251[)[ if (u,v) S T3

52(1—(51)/)[ if (u,v) €Ty

Note since the loci between [ and | + m are homozygous the emission probability is
the same regardless of state, hence we do not require this term in the calculation. A

recombination event is inferred when

P(Rl,l+m = Hpv C) >1

for some threshold ¢ € (0,1). Rather than calculate these probabilities from SHAPEIT2’s
best guess haplotypes, we simulate ten haplotypes pairs from SHAPEIT?2’s diploid graph,
repeatedly calculate the recombination probabilities and average the resulting maps. This

approach effectively integrates over uncertainty in SHAPEIT2’s haplotype estimates.

In the next chapter we compare our method’s ability to detect recombination events with
the maximum likelihood solution to the Lander-Green algorithm which also will infer

crossovers in informative meioses.

3.5.4 Detecting genotyping error

We can also use this model to detect genotyping error at locus [, by summing over the
posterior probabilities of inheritance states that have inconsistent haplotypes. We use
the indicator variable E; € {1,0} to denote the presence/absence of a genotyping error

at locus [ in a duo. Then we have

P(E, =1|p,c) =>_> I(pj # cu)P (S, = (4, k)|p, c)

j=1k=1
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where P(S; = (4, k)|p, ¢) is the posterior probability of transmission pattern (j, k) and can
be efficiently calculated from the HMM model. This is the probability of a genotyping

error occurring in at least one member of the duo given the observed haplotypes.

3.6 Discussion

In this chapter we have described a variety of phasing techniques applicable to different
types of relatedness present in a sample. The ideal method would be some form of
unified approach that could implicitly exploit the appropriate relationships in a sample.
It would be theoretically possible to accurately assign phase (where possible) using the LG
algorithm and a long-range phasing technique, and then place these phasing constraints
on the SHAPEIT2 segmented graph. Unphased sites could then finally be resolved via

exploiting LD. However such an approach would be very complicated to implement.

We have introduced a simple HMM that can integrate extended pedigree information with
haplotypes that have been phased using an unrelated method. This technique enables the
detection of recombination events and subtle genotyping errors within pedigrees. This
technique is largely a “clean-up” method that relies on the input haplotypes being already

quite accurate.

The next chapter extensively evaluates the methods described on both real and simulated
data. We evaluate the “long-range phasing” performance of the unrelated methods. We
also investigate several strategies for dealing with pedigrees that are part of a larger
cohort of unrelated individuals. We evaluate the potential accuracy improvements of our
duoHMM and also contrast its ability to detect crossover events and genotyping error

with Merlin’s detection capabilities.
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Chapter 4

Case study - Phasing on a variety of

real and simulated data

4.1 Introduction

The methods described in the previous chapters were all evaluated in their respective
introductory papers. Most recently, the initial paper on SHAPEIT2 (Delaneau et al.|
2013) compared it with several methods all designed to phase nominally unrelated sam-
ples; (SHAPEIT1 (Delaneau et al., 2011), Beagle (Browning & Browning, 2009), HAPI-
UR (Williams et al., 2012), IMPUTE2 (Howie et al. 2009), MaCH (Li et al., |2010),
fastPHASE (Scheet & Stephens, [2006))) and found that SHAPEIT2 was the most accu-
rate method in this setting. It was not clear how these methods would perform as the
levels of relatedness between samples increase, whether that be in isolated populations, or
in pedigrees. It was also not clear how these methods would perform on pedigrees when
compared to pedigree analysis software, such as Merlin (Abecasis et al., 2002)), that infer
haplotypes based on explicit pedigree structure. Additionally a method such as SLRP
may be preferable in population isolates due to the presence of large IBD sharing which

SLRP was designed to exploit.
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We used cohorts from six different isolated populations (and one additional cohort from a
non-isolated population) to compare the popular unrelated phasing methods; SHAPEIT?2,
Beagle and HAPI-UR, as well as SLRP. Each of these cohorts contain some extended
pedigrees allowing us to determine phase in a subset of (founder) individuals very accu-
rately using Merlin. We then assessed the performance of methods when phasing just
the founder individuals together with other putatively unrelated individuals (although

absence of any explicit relationship does not necessarily imply unrelatedness).

We also investigated the performance of each method when phasing explicitly related
individuals who are part of extended pedigrees. We ran these programs ignoring any of
the pedigree information in the cohorts and investigated how robust and accurate these
methods are to the inclusion of very close relatives. Whilst SHAPEIT2, Beagle and HAPI-
UR can explicitly handle duos and trios, they have no functionality for larger pedigrees;
large pedigrees can be partitioned into sets of duos and trios and we also investigate this
approach. We find that SHAPEIT?2 constructs haplotypes almost identical to those of a
method which takes explicit pedigree information into account even when it is treating all
individuals as unrelated. We also perform a realistic simulation study which corroborates

these results.

We also demonstrate the ability of our duoHMM, in conjunction with SHAPEIT2, to
make (modest) reductions in haplotype errors, detect genotyping error and perhaps most
impressively, detection recombination events with a high level of sensitivity and speci-
ficity. The method even shows some power to detect recombination events in nominally
uninformative duos and trios, a problem for which there is no general use software. We
present evidence on both simulated and real data, that this procedure is actually more
accurate than a Lander-Green based approach due to robustness to genotyping error.
Using our method we are able to demonstrate that the recombination events that we
infer from otherwise uninformative duos and trios can add power to association scans for
recombination phenotypes. Specifically, at the established PRDMY locus we are able to
show that including these extra recombination events increases the signal of association

for a hot spot usage phenotype.
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4.2 Materials and Methods

4.2.1 Real Datasets

To provide a comprehensive assessment of the accuracy of methods we analysed eight
different cohorts that vary in the extent of the relatedness between individuals. The
cohorts are summarised in Table [L.1] six of these are considered to be from isolated
populations. The Orkney Complex Disease Study (ORCADES) is an ongoing study in
the isolated Scottish archipelago of Orkney (McQuillan et al., 2008). The CROATIA-
VIS (Vis) and CROATIA-KORCULA (Korcula) studies contain individuals recruited
from the Dalmation islands of Vis and Korcula (McQuillan et al., [2008; Zemunik et al.,
2009)). The INGI-Val Borbera population is a collection individuals collected in the Val
Borbera region, a geographically isolated valley located within the Appennine Mountains
in Northwest Italy. The valley is inhabited by about 3,000 descendants from the original
population, living in 7 villages along the valley and in the mountains (Traglia et al.,2009).
The INGI-FVG Cohort is a collection of six different isolated villages in the Friuli Venezia
Giulia region of northern Italy (Esko et al) [2012). The INGI-CARL cohort contains
individuals from Carlantino, a small isolated village in the province of Foggia in southern
Italy (Esko et al [2012). The CROATIA-Split (Split) cohort contains individuals from

the Croatian city of Split (Rudan et al., 2009)).

With the exception of Split, all of these cohorts are considered to be isolated populations
(we also evaluate the degree of this isolation). Each of these cohorts contain pedigrees
of varying sizes (see Table which can be used to evaluate phasing accuracy. All
the cohorts were genotyped using either the Illumina HumanHap300 or HumanCNV370

chips.

In addition to quality control (QC) performed on each cohort by their respective research
groups, we applied stringent filters to remove genotypes inconsistent with pedigree struc-
ture. Firstly, we ran Pedstats (Wigginton & Abecasis| 2005]) to detect any genotypes that

violated Mendelian constraints, and these loci were marked as missing for all individuals
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in a pedigree where violations were found. Loci that produced Mendelian violations for
> 5% of samples were filtered for all individuals in a cohort. Secondly, Merlin’s error
detection algorithm was used on all pedigrees, and genotypes which were unlikely were
also flagged as missing. This final set of genotypes were used as input in all subsequent

analyses.

Pedigree Size
Cohort | Total 1 2 3 4 5 6 7 >8| Founders | Unrelated
CARL 630 | 327 35 26 15 6 2 1 5 130 457
FVG 1236 | 612 65 61 20 9 7 4 11 274 886
KOR 897 1661 50 26 8 1 1 1 1 118 779
ORC 889 1439 64 51 20 7 3 1 3 201 640
SPL 500 | 404 25 14 1 0 0 O 0 50 454
VB 1664 | 590 142 127 54 14 9 5 4 481 1071
VIS 960 | 663 67 28 11 4 3 1 0 150 803

Table 4.1: Frequencies of different pedigree sizes within each of the cohorts. Pedigrees
of size 1 are individuals not part of an explicit pedigree. “Unrelated” is the sum number
of pedigree founders and the number of individuals not in any pedigree. Note due to
unspecified relationships, some of these individuals may still be closely related.

4.2.1.1 Creating validation haplotypes

We phased the pedigrees in each cohort using Merlin, which produces the most likely
haplotypes given the pedigree structure using the Lander-Green algorithm. These haplo-
types should be highly accurate and hence suitable for validation purposes. The accuracy
of the haplotypes will increase with pedigree size, so in some of our experiments we only

use those haplotypes from larger pedigrees.

Merlin can only phase loci where at least one pedigree member is homozygous. We
found that 50.16 % of heterozygotes sites could be phased for duos, 77.79 % for trios
and >99% sites for pedigrees of size > 8 (Figure . Running times for Merlin increase
exponentially as pedigree size increases (see Figure but in general were not excessive

on these data sets (< 1 hour per cohort).
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Figure 4.1: The proportion of heterozy-
gote sites phased by Merlin against the
size of the pedigree (all cohorts). Note
pedigrees of the same size may have dif-
] ferent structures. For example some pedi-
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Figure 4.2: Computational performance of Merlin on simulated nuclear families of in-
creasing size. Computation time (left) and memory usage (right) for Merlin’s haplotyping
routine applied to simulated nuclear families with increasing numbers of siblings assayed at
16,297 loci on chromosome 10 (Intel Xeon CPU E5-2690 2.90GHz with 256GB RAM).
For pedigrees with < 12 non-founders, Merlin’s computation time is negligible but the
method will clearly become intractable for larger pedigrees.
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4.2.1.2 Haplotype accuracy in founder individuals

We merged the pedigree founders with individuals who were not in any pedigree for each
cohort, that is, all non-founders from pedigrees were excluded. This gave us a sample of
(nominally) unrelated individuals that we phased using each of the methods. We applied
SLRP, SHAPEIT?2, Beagle and HAPI-UR to these founder data sets. We then calculated
the switch error (SE of the haplotype estimates of the pedigree founders, treating the

Merlin haplotypes as the truth. This evaluation pipeline is visualised in Figure [4.3]

SLRP does not produce whole chromosome haplotypes. It only phases regions of the
genome where IBD sharing is detected, and can only resolve the phase of heterozygous
sites when at least one of the individuals sharing IBD is homozygous at those loci. This
complicates the calculation of SE between methods. We treated each of the IBD segments
inferred by SLRP separately and evaluated SE within these regions. We refer to this
metric as the “within IBD SE”, using it to evaluate SLRP’s performance against methods
that phase every site. We also calculated the SE of the SHAPEIT2, Beagle and HAPI-UR
haplotypes across the whole of chromosome 10. We also report the yield of SLRP, defined

as percentage of genotypes that are phased.

~ Validation samples Unrelateds

O

\\

y

L g ©

Pedigreeé:phased with Merlin

Figure 4.3: Schematic of unrelated phasing evaluation pipeline. This figure shows a toy
example to illustrate the way in which we have used mixtures of pedigrees and unrelated
samples to assess the performance of different methods. The figure shows two families
of size 8 and /j respectively and 2 unrelated samples. We used Merlin to phase the two
families (blue), providing accurate haplotypes in the founders. We then ran each of the
methods SHAPFEIT?2, Beagle and SLRP on the data from the founders and the unrelated
samples (pink). The haplotypes estimated in the founder individuals was then compared
to the Merlin phased haplotypes from these samples.
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4.2.1.3 Haplotype accuracy in explicitly related individuals

Individuals in pedigrees obviously share large amounts of their genome IBD. Algorithms
that have the ability to exploit IBD sharing in distantly related individuals, may also
work well on explicitly related individuals. Hence, we also evaluated the accuracy of
SHAPEIT2, SLRP, HAPI-UR and Beagle applied to the full cohorts described here, with
the full extended pedigrees included. We ran each of the methods using no information
regarding relatedness of samples. We calculated SE for each method on the haplotypes of
any individual in a pedigree larger than a mother-father-child pedigree, using the Merlin

haplotypes as truth.

SHAPEIT2, Beagle and HAPI-UR all provide functionality to phase parent-child duos
and mother-father-child trios, by constraining the possible haplotypes to those consistent
with the transmitted and untransmitted haplotypes of each parent (the child having each
of the parents’ transmitted haplotypes). This approach should produce very accurate hap-
lotypes although will return the recombined haplotypes for each parent, rather than the
true parental haplotypes. Since only several recombinations occur per chromosome, this
is not introducing a substantial amount of error in the context of pre-phasing/imputation

but is obviously problematic for researchers wishing to study recombination.

Larger pedigrees could be divided into subsets of duos and trios but often there will exist
no subdivision that allows all samples to exploit a parental relationship. For example, a
family with two parents and two siblings may be divided into two duos, but partitioning
a nuclear family with three children means at least one child will be phased without
using parental information. There is no obvious optimum way to partition pedigrees
of arbitrary size and structure. We investigated a simple method where we enumerate
every possible partitioning of a pedigree into duos/trios and choose the partition that
minimises the number of individuals that are not included in a duo/trio (many partitions
often share the same minimum in which case one is picked at random). We applied this
partitioning to the datasets and then ran Beagle (since it was the next most competitive

method) taking the implied duo and trio information into account. We refer to this as
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the Beagle duo/trio method.

On duos and trios this method will agree perfectly with Merlin at sites that Merlin can
phase. This introduces a possible confounding effect when using the Merlin haplotypes as
the truth, as any errors in the Merlin haplotypes will not be detectable when compared
to the Beagle duo/trio method. We show below using simulated data that Merlin is quite
sensitive to genotyping error and that this does result in elevated switch errors. For
this reason we only consider pedigrees that are more complex than a parent-child duo
or father-mother-child trio when comparing methods. Larger pedigrees also give Merlin

better ability to remove genotyping errors yielding more accurate validation haplotypes.

4.2.1.4 Using detected recombinations for association scans of hotspot usage

To demonstrate the utility of our recombination detection method we conducted associ-
ation testing between genetic variants in the PRDMY region (chr5:23007723-24028706)
and the “hotspot usage” phenotype described in |Coop et al.| (2008). Substantial associ-
ation in this region was also found in [Kong et al| (2008) and [Hinch et al.| (2011). We
calculated the same phenotype as|Coop et al.| (2008), the proportion of crossover events,
«;, that occur in a recombination hotspot for individual (the parent) i. This value was
corrected for the probability that events occur in one of these hotspot regions by chance

via simulation.

The accuracy with which «a; is measured increases with the number of crossovers ob-
served for that parent, hence parents with more observed crossovers should be given
higher weighting (large nuclear families are advantageous in this situation). We weighted
individuals by creating pseudo-counts of hotspot events k; = n; X a; where n; is the
number of crossover events observed for parent . We then fit a standard Binomial Gen-
eralised Linear Model (GLM) with (k;, n;) as the response and the genetic dosage at each
SNP as the covariate. We then performed a likelihood ratio test between this model
of association and the ‘null’ model where no genetic variant is included. Variants were

imputed from the 1000 Genomes March 2012 reference panel and filtered such that all
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variants had MAF>0.01 and INFO>0.4 in all cohorts.

The use of the Binomial GLM allows us to leverage parents who are part of a typically
uninformative meioses, where it is unlikely the majority of crossover events were detected,

such individuals are simply down weighted in our association testing.

4.2.2 Simulation study

In our experiments using real data we use haplotypes inferred by Merlin as the ‘truth’
haplotypes for our methods comparison. In the Results section we show that SHAPEIT2
phases extended pedigrees with close to perfect concordance with the Merlin haplotypes
produced by Merlin (typically < 0.1% average SE). This level of discordance is of a similar
order to both the number of recombination events, and genotyping error (O’Connell &
Marchini, 2012) which the Lander-Green algorithm is known to be sensitive to. Whilst
we have applied standard quality control procedures (including Merlin’s error checking)
to these data, genotyping errors are likely to still be present hence at least some of this
discordance may be in fact due to errors in Merlin haplotypes. We also compare the
recombination events detected by Merlin in extended families to those detected by our
duoHMM approach. Any discordance between these two methods may also be due to
errors in the Merlin calls. We also wanted to investigate the ability of our method to
call crossover events in duos and trios which cannot be done with the Lander-Green
algorithm. For these reasons we created several simulated datasets to investigate these

issues.

We utilised male chromosome X haplotypes as the basis for these simulated datasets.
Since males only have one copy of chromosome X, phase is unambiguously known. As in
previous phasing studies (Lin et al., [2002; Browning & Browning, 2007 Delaneau et al.,
2013), two male X chromosomes were combined to create a pseudo autosomal diploid
founder individual where the true underlying haplotypes are known. We then randomly
mate these new diploid individuals to produce offspring with recombined haplotypes.

Crossover events were simulated as a Poisson process on the genetic lengths from the
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HapMap Chromosome X genetic map for females and the same map scaled by 0.605
for males, this ratio was taken from the 2002 DeCODE study where sex specific genetic

lengths were reported Kong et al.| (2002).

In all experiments, we applied a simple rejection sampling scheme to avoid large amounts
of consanguinity in our new diploid individuals and their offspring. The X chromosomes
used to create pedigree founders were sampled such that no pair of chromosomes came
from pairs of males with genome wide relatedness r > 0.01 (Hayes et al., [2009)). We
conducted these experiments using the 1071 (607 females and 464 males) nominally un-
related individuals from the Val Borbera cohort. This allowed use to create up 232 to

diploid individuals with known haplotypes.

4.2.2.1 A simulated dataset with extended pedigrees

We wished to investigate accuracy on pedigrees that are collected as parts of a larger
cohort, hence we simulated pedigrees with the same structures as those observed in the Val
Borbera cohort. We only used those pedigrees having “informative” meioses (> 3 siblings
or three generations) and generated founder individuals using male X chromosome data,
these simulated founders were then “mated” to create descendants (and the descendants
were also mated in cases of three generation pedigrees). There were 65 such pedigrees,
with 199 founders although only 108 of these founders were assayed. We carried out two
sets of simulations: one realistic scenario where we attempt to emulate the type of data

collected in practice and one ideal scenario which should be advantageous for Merlin.

In the realistic scenario we simulated genotyping errors based on the confusion matrix
(Table from the genotype calling results in Chapter 2, that was estimated by compar-
ing genotypes called on both an Affymetrix Axiom chip and a Illumina Omni 2.5S chip
(GenTrain2 calls after filtering) on 1000 Genomes individuals. There were many cases
where founders were missing in practice, that is, only one parent was genotyped. To
make things as realistic as possible, we also removed the 91 unassayed founders leaving

108 assayed founders and a total of 314 individuals in pedigrees. Finally these extended
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pedigrees were merged with the 607 female chromosome X data (and the remaining 33
pseudo-autosomal males not in a pedigree) to create a cohort of 954 individuals contain-
ing 314 individuals in pedigrees and 640 unrelated individuals. We created 10 versions of
this simulated dataset. In the ideal scenario we do not add any genotyping error and do
not remove founders (leaving all 199 founders in the data giving us a data set with 1045

individuals (405 within a pedigree).

We use the realistic dataset to compare three different versions of our method for phas-
ing extended pedigrees. First we applied SHAPEIT2 ignoring all pedigree information.
Secondly, we applied our duoHMM method to this set of haplotypes to correct SEs. We
also used the duoHMM output to identify positions where there was strong evidence of
genotyping error, and we investigate the effect of excluding these sites for accuracy com-
parisons. Finally, we applied our method of partitioning the extended pedigrees into trios
and duos and then ran Beagle using this level of family information. We also evaluate

Merlin’s haplotype accuracy on this simulated data.

We also ran Merlin and our duoHMM method on these datasets to detect recombination
events on all informative meioses which allowed us to investigate sensitivity and specificity
of the methods in both a realistic and ideal scenario. In the realistic and ideal simulation
simulations, there were 183 and 212 informative meioses containing a total of 2422 and

3131 crossover events (across all simulations) on which to evaluate accuracy.

Observed genotype
AA AB BB Missing
AA | 99.69100 0.04764  0.01286 0.24850
True genotype | AB | 0.24437 99.35964  0.12842 0.26757
BB 0.04536  0.11429 99.56244 0.27791

Table 4.2: The genotype confusion matriz used to simulate genotyping errors in our
simulation studies. This is based on the discordance between Illumina Omni2.5S (after
quality control filtering) and Affymetriz Axiom chips on 1000 Genomes individuals. We
took the Aziom genotypes as “truth” but halved the discordance and normalised the diago-
nal appropriately (the missing rate was left unchanged). This is to account for discordance
that was actually due to Aziom chip errors.
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4.2.2.2 A simulated dataset of uninformative duos

The ability to detect recombination events is enhanced if an individual is part of a large
pedigree. Such pedigrees will contain parent-child relationships where the parent’s het-
erozygous sites can be phased independently of that child’s loci (such as from a grand-
parent or another child) this allows changes in the pattern of inheritance (recombination
events) to be detected. Previous work on detecting recombination events in pedigrees
have used such informative pedigrees (Coop et al., [2008; |Kong et al., 2002; Matise et al.,
2007; Hinch et al., 2011). We wanted to assess the power of our method to detect recom-

bination events in uninformative duos.

We created a simulated dataset of 116 mother-father-child trios using the 464 chromosome
X haplotypes from the Val Borbera cohort. These trios were merged with the diploid
female chromosome X data to increase sample size. We created a second version of
this simulated dataset by first removing all individuals from the Val Borbera dataset
that had a genome wide relatedness r > 0.35. This reduced the dataset from 1071 to
778 individuals (440 females and 338 males) allowing us to simulate a dataset with 84
mother-father-child trios, merged together with the original 440 females. By removing
closely related individuals from the cohort we create a simulated dataset more like a
non-isolated population. Detection of recombination events will be harder in this setting

due to reduced levels of IBD sharing.

The merging, mating and recombination was simulated ten times (each simulation anal-
ysed separately) creating 2270 and 3190 recombination events to evaluate sensitivity and
specificity of our method. We then attempted to detect the recombination events using

the pipeline previously described in the previous chapter.
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4.3 Results

4.3.1 Levels of relatedness within each cohort

Figure (left) shows the proportion of heterozygote sites phased by SLRP, which we
call the yield. SLRP’s yield ranged from 31.82% for the Split cohort to 88.15% for the
ORCADES cohort. Split was the only cohort with less than 60% yield demonstrating
low levels of IBD sharing between individuals in these cohorts. Following |Palin et al.
(2011) we also examined individuals who were not “closely” related by excluding all
individuals with a realised relatedness (Hayes et al., [2009)) of » > 0.125. We found the
yield was substantially lower in the CARL and FVG cohorts demonstrating some of the
IBD sharing present was between closely related individuals rather than distant cousins in
these cohorts. All the other cohorts did not exhibit as large a drop in yield after removing
closely related individuals, highlighting the large amounts of IBD sharing between more

distantly related individuals in these cohorts.
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Figure 4.4: Summary of IBD sharing in cohorts. Left: The proportion of heterozygote
sites phased by SLRP for all individuals (pink) and when individuals with close relatives
(r > 0.125) are removed (blue). Right: The distributions of the average number of
“surrogate” parents for each cohort when closely related pairs (r > 0.125) are removed.
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Similar to |[Kong et al| (2008), we took each individual in turn and at each locus we
calculated the number of other individuals that share an IBD segment (exclude closely
related individuals with relatedness r > 0.125). We then took the average across all loci
on chromosome 10 for each individual and plotted the distribution of this average IBD
sharing in Figure[4.4] (right). The average IBD sharing is a function of both the sample size
and the amount of relatedness between individuals in the population. Split again clearly
has very small amounts of IBD sharing whilst the other cohorts have broadly similar
distributions. It is notable that all cohorts have some individuals with < 1 surrogate

parent on average and some individuals in some cohorts have > 10 surrogate parents.

4.3.2 Haplotype accuracy in founder individuals

Table shows the SE rates for SHAPEIT2, SLRP, Beagle and HAPI-UR when run on
the founder individuals of each cohort, both within and outside SLRP IBD segments.
SHAPEIT2 consistently produced the most accurate haplotypes of all methods within
IBD regions. SHAPEIT2 had a mean SE rate of between 0.14% (ORCADES) and 0.75%
(CARL), the next closest method was SLRP with SE rates between 0.33% (ORC/VB)
and 1.99% (Split). The next best method is Beagle with SE rates between 0.94% (ORC)
and 4.38% (Split). HAPI-UR has high SE rates ranging between 1.93% (VB) and 8.30%
(Split). It is interesting that the CARL cohort consistently has high SE rates, despite the
high degree of relatedness relatedness between founders (Figure (right)). Figure
(left) shows the SLRP IBD SE rate against the SHAPEIT?2 rate for each individual in
the Val Borbera cohort. This highlights that while both methods produce SE rates close

to zero on most individuals, SHAPEIT?2 is more accurate.

When calculating SE rate across the whole of chromosome 10 (not just in IBD regions),
SHAPEIT?2 also has the lowest error rate, ranging from 0.49% (ORC) to 2.85% (CARL
cohort) opposed to 1.78% and 5.57% for Beagle and 4.20% and 11.10% for HAPI-UR.
Switch error rates for SLRP cannot be evaluated across the whole of chromosome 10

due to the method only producing partially phased haplotypes. We observe that all the
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methods perform relatively better within IBD regions than across the whole chromosome.
However, the difference for SHAPEIT?2 is much larger than for Beagle and HAPI-UR.
These results suggest that whilst none of these methods explicitly model IBD sharing, its
presence tends to be exploited implicitly, and particularly so in SHAPEIT2. Figure [4.5
(right) plots the SHAPEIT2 SE rate within IBD regions (detected by SLRP) against
the rate outside these regions. Switch error is clearly close to zero when IBD sharing is

present and has a rate more comparable to outbred populations when no IBD sharing is

present.
Cohort CARL FVG KOR ORC SPL VB VIS
Chip 370K 370K 370K 300K 370K 370K 300K
N validation individuals 130 274 118 201 50 481 150
SLRP Yield 71.82 73.82 67.52 &88.15 31.82 87.63 71.09
SHAPEIT2 (IBD) 0.75 021 018 0.14 0.60 0.17 0.19
SLRP (IBD) 1.15 040 045 033 199 0.33 043
Beagle (IBD) 257 118 125 094 438 1.07 1.30
HAPI-UR 3x (IBD) 543 225 255 259 830 193 294
SHAPEIT2 (No IBD) 5.03 4.10 3.11 243 335 274 3.65
Beagle (No IBD) 7.73 572 555 5.05 6.00 503 6.36
HAPI-UR 3x (No IBD) 1597 10.31 10.20 9.94 12.09 7.92 1247
SHAPEIT?2 2.85 1.81 1.05 049 265 0.62 1.16
Beagle 531 3.11 253 1.78 557 1.88 2.78
HAPI-UR 3x 11.21 583 4.82 420 11.10 3.21 5.77

Table 4.3: Switch error rates for samples containing nominally unrelated individuals.
All individuals not explicitly related in the defined pedigrees were phased. We calculate
overall SE rate (All), for chromosome 10 (this is not possible for SLRP) as well as SE
rates within(IBD) and outside (no IBD) SLRP detected IBD regions. SHAPEIT2 con-
sistently produces the most accurate haplotypes. Chip abbreviations: 370K - Illumina
HumanHap 370CNV. 300K - Illumina HumanHap 300, 2.5S - Illumina Omni 2.58.

105



[ J
Te) S o
7 Q
R £
o (o))
= a7}
[} o _| n
§ N .. g © —
& o _ ° £
N ES
= s <
w o ° )
o pa— o =
< - ° ° ° @ °
I ° o <
@ To) ° 2 N 1, °
X S T ® W ° e ° =
° n ° °
] [ ] ° o\o o .. () .~ [ ]
g — %° o - %oy L
T T T T T T T T T T T
00 05 10 15 20 25 0 2 4 6 8
% SLRP switch error % Switch error outside IBD segment

Figure 4.5: Fvaluation of SHAPEIT2 and SLRP accuracy in IBD regions for the Val
Borbera cohort. Left: The SHAPEIT2 switch error rates (within IBD regions) against
the SLRP rates for each founder individual in the Val Borbera cohort. Both methods
achieve low error rates but SHAPEIT2 has lower rates for most individuals. Right: The
switch error rate for SHAPEIT?2 within SLRP IBD regions against the rate outside SLRP
IBD regions. Haplotypes are far more accurate when IBD sharing is present.

4.3.3 Haplotype accuracy in extended pedigrees
4.3.3.1 Treating all individuals as unrelated

Table shows the SE rates for SHAPEIT2, SLRP, Beagle and HAPI-UR when run on
all individuals in each cohort and ignoring any of the information about explicit family
relationships between individuals. We calculated SE for each method on the haplotypes
of any individual within an extended pedigree more complex than a simple duo or trio,
using the Merlin haplotypes as truth. All of the methods have lower SE rates than when
run on just the founders of the pedigrees (Table but the improvement for SHAPEIT2
is most striking. We find that SHAPEIT2 achieves between 0.059 % (Korcula) and 0.241
% (CARL) SE rate on individuals within pedigrees. SLRP achieves a very high yield
in most cohorts (> 90% except in Split) for individuals within pedigrees and improved
accuracy within the IBD regions it detects. Both Beagle and HAPI-UR (3X) are also

more accurate in this setting as well but do not obtain the same gains as SHAPEIT2.
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Cohort CARL FVG KOR ORC SPL VB VIS
Chip 370K 370K 370K 300K 370K 370K 300K
N validation individuals 228 460 118 300 38 739 154
SLRP Yield 90.870 96.094 96.319 98.344 81.523 98.613 97.818
SHAPEIT2 (IBD) 0.209  0.086 0.058 0.066 0.090 0.073  0.075
SLRP (IBD) 0.683 0.319 048 0.301 1.075 0.387 0.116
Beagle (IBD) 1.211 0.825 0.970 0.353 4.073 0492 0.923
HAPI-UR 3x (IBD) 2773 1445  1.755  1.072 7.599 0.860  1.952
SHAPEIT2 (No IBD) 0.768 0424 0.105 1.217 0.112 0423 0.162
Beagle (No IBD) 3.893  3.338 3.211  3.741 4.293 2462 3.673
HAPI-UR 3x (No IBD) 8.150  5.698 6.186 5.898  8.747  3.544  7.233
SHAPEIT2 0.241  0.097 0.059 0.083 0.093 0.078 0.076
Beagle 1.362  0.907 1.034 0403 4.096 0.516 0.973
HAPI-UR 3x 3.074 1.582 1.880 1.141 7.722 0.892  2.049
SHAPEIT2+4duoHMM 0.232  0.092 0.058 0.079 0.091 0.073 0.073
Beagle+duoHMM 0934 0.643 0.789 0.255 3.200 0.318 0.703
HAPI-UR+duoHMM 3x 2134  1.108 1415 0.640 6.193 0.502 1.494
Beagle Duo/Trio 0.445 0.265 0.113 0.151  0.595 0.175  0.129
Masked SHAPEIT2+duoHMM | 0.088  0.056  0.047 0.052 0.060 0.045 0.060
Masked Beagle Duo/Trio 0.360 0.238 0.111 0.146 0.584 0.165 0.127

Table 4.4: Switch error (SE) rates for different methods applied to extended pedigrees.
We evaluate SE for individuals who are members of a complex pedigree (pedigrees that
are larger than a parent-child duo and father-mother-child trio). The first row is the
number of individuals from each cohort in such pedigrees. The second row shows the yield
of SLRP when applied to each cohort. Rows 3-7 show the SE for SHAPEIT2, SLRP,
Beagle and HAPI-UR within SLRP detected IBD regions. Rows 7-8 show the SE for
SHAPFEIT?2, Beagle and HAPI-UR outside SLRP detected IBD regions. Rows 10-12 show
the overall SE for SHAPFEIT?2, Beagle and HAPI-UR. Rows 13-15 show the overall SE for
SHAPFEIT?2, Beagle and HAPI-UR haplotypes after correction with the duoHMM method.
Row 16 show the overall SE for Beagle applied to pedigrees partitioned into duos and trios
where possible. Rows 17-18 show the switch error rate for the SHAPEIT2+duoHMM and
Beagle Duo/Trio phasing after masking genotypes flagged as erroneous by the duoHMDM.

4.3.3.2 duoHMDM corrected haplotypes

We applied our duoHMM method to the SHAPEIT2, Beagle and HAPI-UR haplotypes
that were estimated ignoring all family information. To give a sense of the output of
applying this model Figure [4.6| shows the Viterbi paths of 50 male parent duos from
the Val Borbera cohort for both SHAPEIT2 and Beagle. The four possible IBT states
(A, B,C, D) are shown using colours pale blue, dark blue, light red and dark red respec-
tively. Changes between a blue and red colour correspond to a T3 or 7} transition, both

of which imply a SE in the child. Changes of colour between light and dark blue or be-
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tween light and dark red correspond to 75 transitions, which correspond to a change on
IBT state in the parent, and could be caused by a recombination or a SE in the parent.

Figure [3.8| provides examples that can be helpful in interpreting Figure [4.6]

Figure shows a striking difference between the output on the SHAPEIT2 and Beagle
haplotypes. The SHAPEIT2 paths have very few transitions of all types, and when
transitions occur they are predominantly 75, transitions. The figure shows only father-
child duos and chromosome 10 has been estimated to have a genetic length 1.34 Morgans
for paternal meioses (Kong et all [2002). The numbers of T3 transitions in the 50 duos
in Figure looks reasonably consistent with this genetic length, suggesting that the 75
transitions are indeed true recombination events. We note that there are some duos with
no transitions. This is a possible outcome of a meiosis and is more likely to occur on the

shorter chromosomes and can also be the product of an undetected recombination event.

The Beagle haplotypes contain many more 75, T5 and T} transitions. In the Val Borbera
cohort when we compared the SHAPEIT2 and Beagle haplotypes to those estimated by
Merlin we found that SHAPEIT2 produced 4,613 SEs in 1,074 individuals corresponding
to 4.3 switches per individual, whereas Beagle produced 29,681 switches or 27.6 switches
per individual. These numbers seem consistent with what we observe in Figure [£.6 The
higher rate of SEs in the Beagle haplotypes cause a large number of changes in estimated

IBT state.

Table shows the mean number of state transitions in paternal and maternal duos for
each cohort for SHAPEIT2 and Beagle. Note that T3 and T} transitions are biologically
impossible as they represent a change in which child haplotype the parent is transmitting
genetic material to. The SHAPEIT2 haplotypes have < 0.5 of these transitions occurring

per duo in all cohorts whilst Beagle ranges from 7.49 to 97.17 for T transitions.

Transitions 75 and T) may correspond to crossover events or SEs in the parental haplo-
types. The 2002 deCODE map gives the chromosome 10 genetic length as 1.34 and 2.18
Morgans for males and females respectively (Kong et al., 2002). The mean numbers of

T, or T} transitions in the SHAPEIT2 show rough agreement with the expected number
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Figure 4.6: The DuoHMM Viterbi paths for 50 father-child duos from the Val Borbera
cohort on chromosome 10. The four possible IBT states (A, B, C, D) are shown using
colours pale blue, dark blue, light red and dark red respectively. The left and right panels
show the results of the duo HMM applied to the SHAPEIT2 and Beagle haplotypes respec-
tively. Changes between a blue and red colour correspond to a Ty or Ty transition, both of
which imply a SE in the child. Changes of colour between light and dark blue or between
light and dark red correspond to Ty transitions, which correspond to a change on IBT
state in the parent, and could be caused by a recombination or a SE in the parent. The
z-axis shows the sex-averaged genetic distance across the chromosome in centiMorgans.
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SHAPEIT2 Beagle
Duos Paternal Maternal Paternal Maternal

P M Ty Ty Ty T T T, T Ty Ty T Ty Ty
CARL | 72 120 || 1.47 0.26 0.00 | 2.73 0.72 0.07 || 34.35 24.19 0.83 | 50.99 25.09 1.07
FVG 163 289 || 1.29 0.26 0.02 | 2.25 0.42 0.03 | 30.17 19.23 0.73 | 27.06 13.99 0.43
KOR 49 104 | 0.71 0.04 0.00 [ 1.15 0.00 0.00 || 32.84 24.35 1.24 | 42.68 25.52 1.38
ORC | 148 187 |1 0.90 0.00 0.00 | 2.00 0.04 0.00 9.16 949 031 | 11.41 749 0.22
SPL 18 35 ([ 0.17 0.00 0.00 | 1.20 0.00 0.00 || 122.33 97.17 6.17 | 128.20 88.69 6.54
VB 303 479 | 146 0.31 0.02 |2.25 0.38 0.05| 13.89 14.82 0.33 | 15.35 13.53 0.32
VIS 68 130 1.29 0.16 0.03 | 2.07 0.49 0.02 || 19.74 1856 0.60 | 43.25 15.15 0.72

Table 4.5: Summary of DuoHMDM state transitions for each cohort. The mean number of
switches occurring (excluding Ty ) found by the Viterbi path through our four state HMM
for SHAPFEIT?2 and Beagle maximum likelihood haplotypes for chromosome 10 for paternal
(P) and maternal (M) duos. SHAPEIT2 has very few impossible transmissions (T3 and
T4) and the number possible recombinations (Ty+T4) are much closer to the genetic length
of chromosome 10 than Beagle. The 2002 deCODE map gives the chromosome 10 genetic
length as 1.34 and 2.18 Morgans for males and females respectively.

of recombinations on chromosome 10 in most cohorts. For example, in the VIS cohort we
observe Ty + T, = 1.32 and 15 + T, = 2.09 transitions in males and females respectively.
The female rates in CARL are higher than we might expect at 2.8. Both the male and
female rates are lower than we might expect in the Korcula and Split cohort. This is
likely due to insufficient information in the data to infer the true parental haplotype and
hence we are seeing a parental SE at the recombination event, that is, we are inferring

the transmitted haplotypes.

Table [4.4] shows the mean SE rate after applying haplotype corrections. The corrections
lead to a consistent but small improvement for the SHAPEIT2 haplotypes, the largest
improvement was a .009% decrease in SE for the CARL cohort. These results further
highlight the very high quality haplotype estimates that SHAPEIT2 produces even though

it is ignoring all explicit pedigree information.

We also find the duoHMM method is beneficial to Beagle and HAPI-UR when used to cor-
rect those haplotypes. For example the SE rate for HAPI-UR drops from 7.72% to 6.19%
for the Split cohort. Table gives the average number and type of correction applied to
each cohort for each method. SHAPEIT2’s haplotypes require less than 0.5 corrections

on average for chromosome 10, this is consistent with the very small improvement in SE.
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SHAPEIT2 Beagle HAPI-UR 3X

‘ P M C P M C P M C
CARL | 0.010 0.058 0.010 | 1.505 2.507 0.828 | 3.461 5.491 1.576
FVG ]0.040 0.134 0.028 | 3.248 3.629 2.203 | 5936 8.224 3.818
KOR | 0.156 0.427 0.078 | 4.516 5.967 3.368 | 10.305 14.314 6.473
ORC | 0.045 0.038 0.008 | 1.816 1.426 0.531 | 6.022 5.201 2.490
SPL 0.010 0.103 0.008 | 1.447 3.350 0.651 | 2.645 6.667 1.331
VB 0.076 0.143 0.019 | 2.900 4.367 1.176 | 6.127 9.112 2.373
VIS 0.058 0.200 0.006 | 4.378 7.326 1.092 | 7.264 12.404 1.990

Table 4.6: The average number of corrections applied to haplotypes for each method.
‘P’ and ‘M’ denotes when we correct a child’s haplotypes using information from the
paternal (P) or maternal (M) haplotypes, to ensure consistent gene flow. ‘C” denotes
when multiple children were used to find the minimum recombinant parental haplotypes.
Very few corrections are required for the SHAPEITZ haplotypes compared to Beagle and
HAPI-UR, this is also evident from the switch error improvements shown in Table 2. It
is interesting to note that maternal meioses tend to yield more corrections, this is possibly
due to (assayed) mothers tending to be in larger nuclear families.

4.3.3.3 Partitioning pedigrees into Duos/Trios

Table also shows the haplotype accuracy for pedigrees that were partitioned into
duos and trios and then phased accordingly using Beagle (denoted as Beagle Duo/Trio).
Not surprisingly, adding the duo/trio relationships yields a substantial improvement to
the Beagle haplotypes across all cohorts, for example we see a drop from 1.362% SE to
0.445% SE in CARL. However they are still consistently less accurate than SHAPEIT2’s

haplotypes (even though SHAPEIT2 is not using any relationships).

When using the Beagle Duo/Trio method some individuals will not be phased as part of
a duo or trio, for example one of the children in a three sibling nuclear family. Figure [4.7]
(top and centre left) plots the SE for such “unrelated” individuals (for all cohorts) for
Beagle Duo/Trio versus SHAPEIT2 and Beagle Duo/Trio versus SHAPEIT2+duoHMM
respectively. These plots shows that these individuals are phased much more accurately

using our methods. Duos and trios are phased almost equally well by all methods.

We used our SHAPEIT2+duoHMM method to flag sites of possible genotyping error
and then re-calculated the SE rates for SHAPEIT2+duoHMM and the Beagle Duo/Trio

method excluding these sites. The results are shown in the last two rows of Table [4.4]
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Figure 4.7: Switch error rates for individuals in extended pedigrees for different phasing
pipelines across all European cohorts (chromosome 10). Points are coloured according to
what relationship was used to phase that individual (red meaning no relationships were
used). Left: Beagle using duo/trio phasing versus SHAPEIT2 using no relationships.
Centre: Beagle using duo/trio phasing versus SHAPFEIT2+duoHMM using no relation-
Right: Beagle using duo/trio phasing versus SHAPEIT2+duoHMM using no
relationships when masking loci flagged as probable genotyping errors by the duoHMDM.
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Switch error is reduced for both methods suggesting the masking is sensible.
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Comparing these results to the unmasked results we see that the reduction in SE is
greatest for SHAPEIT2+duoHMM, suggesting that genotyping error causes the results of
Beagle Duo/Trio to appear better than they are. Our simulation study results described
in the next subsection agree further weight to this point. Figure (right) shows in
more detail the effect of masking our genotyping errors, and that SHAPEIT24+duoHMM

outperforms Beagle Duo/Trio in unrelateds, duos and trios.

4.3.3.4 Results on the simulated dataset with extended pedigrees

The simulated pedigree data allows us to evaluate the confounding effect of genotype

errors in the Merlin and duo/trio phased haplotypes.

Figure 4.8 (top right) plots the SE of SHAPEIT2+duoHMM versus Merlin on simulated
data with realistic levels of genotyping error. SHAPEIT24+duoHMM is generally more
accurate (average of 0.033% versus 0.215% for Merlin on sites resolved by Merlin). With-
out any genotyping error (Figure bottom right) the performance is much improved
for Merlin (SHAPEIT2+duoHMM SE=0.005%, Merlin=0.021%). Overall, these results
suggest that at least some of the observed discordance in the analysis of real data sets is
due to errors in the Merlin haplotypes caused by genotyping error. The true error levels

are likely to be lower but the masking can help to remove the confounding effect.

The SE rates of SHAPEIT2, SHAPEIT24+duoHMM and Beagle Duo/Trio were 0.104%,
0.065% and 0.269% respectively. When we removed sites flagged as genotyping errors
by our method the SE rates were 0.073%, 0.034% and 0.231% respectively, suggesting
that the masking can remove switch errors caused by genotyping errors. Figure plots
the SE rates on the simulated pedigrees for Beagle Duo/Trio SE rates of all individuals
versus those of SHAPEIT2 (left) and SHAPEIT24+duoHMM (centre). The plot shows
that the most accurate haplotypes are attained by the SHAPEIT2+duoHMM approach,
that the duo/trio constrained phasing can be somewhat susceptible to genotyping error
and that individuals that cannot be phased as a duo/trio are substantially less accurate

with the Beagle approach.
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Figure 4.8: Detection of recombination in simulated extended pedigrees and comparison
of SHAPEIT2 and Merlin haplotype accuracy for realistic data (top) and ideal data (bot-
tom). Left: True positive rate (TPR) versus false discovery rate (FDR) for recombi-
nation detection using SHAPEIT2+duoHMM (red) versus Merlin (blue). Merlin detects
89.93% of crossovers with a substantial FDR of 63.48% whilst SHAPEIT2+duoHMM de-
tect 92.25% of events with an FDR of 3.87% (the red point at P(R) > 0.5. On ideal data
SHAPEIT2+duoHMM achieve a 95.75% TPR and 0.71% FDR and Merlin has 95.66%
and 3.478% respectively. Right: Switch error for SHAPEIT2 (DuoHMM corrected) ver-
sus Merlin. The black point is the mean for each method. Merlin had 0.215% (0.021%
ideal scenario) switch error while SHAPEIT2 had a rate of 0.033% (0.005% ideal sce-
nario).
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Figure 4.9: Switch error results on simulated data for extended pedigrees. Points are
coloured according to what family information was used by Beagle in duo/trio mode; red
meaning an individual could not be included in a duo or trio. Left: Beagle duo/trio
switch error rate (0.269% average SE) against switch error rate for SHAPEIT2 when
all individuals are treated as unrelated (0.104% average SE). Centre: After applying
the duoHMM haplotype corrections to SHAPEIT2 (0.065% average SE). Right: Switch
error after masking genotypes flagged as erroneous by the SHAPEIT2+duoHMM, Beagle
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duo/trio phasing is reduced to 0.231% and SHAPEIT2+duoHMM to 0.034%.
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4.3.4 Detecting recombination events
4.3.4.1 Informative pedigrees

We evaluated the sensitivity and specificity of our recombination detection routine as
well as Merlin on our simulated data. Figure shows the true positive rate (TPR)
against the false discovery rate (FPR) for 2422 realistic (3131 ideal) simulated crossover
events from 1830 (2120 ideal) informative meioses. In the simulations with realistic levels
of genotyping error (Figure top left), Merlin detects 88.2% of events but with a
substantial FPR of 63.5% while SHAPEIT2 has a FPR of 1.94% at the same rate of
detection. SHAPEIT?2 has the additional advantage of have a probability associated with
each event, which can be thresholded. For example, by setting a threshold of P(R) > 0.5
we can achieve a FPR=3.78% and TPR=92.4% or P(R) > 0.9 for 0.58% and 69.45%
respectively. In the absence of genotyping error (Figure bottom left) the performance
of Merlin is improved (FPR=3.48% and TPR=95.66%) but SHAPEIT2 is marginally
better (FPR=0.71% and TPR=95.75% at P(R) > 0.5).

Figure compares the gene flow (and hence recombination) inferred by Merlin and the
recombination probabilities inferred by our method for 10 informative meioses between
parent-child duos from the Val Borbera cohort on chromosome 10. This figure shows good
agreement between our estimated probabilities and the events inferred by Merlin. How-
ever, these examples highlight that Merlin does infer some rather implausible, sporadic

events in some meioses (even after running Merlin’s error detection).

Table[d.7reports the percentage of Merlin recombinations that fall within a recombination
region found by our method, and the percentage of our recombination regions that contain
a Merlin recombination event. Percentages are given for each cohort separately. These
results show only a rough concordance between Merlin and our method, with between
41% and 61% of Merlin recombinations detected by SHAPEIT2 and 80% to 89% of

SHAPEIT?2’s recombination events concordant with Merlin.
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Figure 4.10: Inferred gene flow by Merlin (purple) and our method (grey) for ten in-
formative meioses on chromosome 10 taken from Val Borbera cohort pedigrees. The light
and dark purple represent genetic material from the grand-paternal and grand-maternal
chromosomes (as inferred by Merlin’s Viterbi algorithm), hence changing from light to
dark implies a a recombination event. The grey rectangles contain the posterior probabil-
ity of recombination from our method. The two methods broadly agree, although Merlin
has inferred a number of implausibly small crossover events.
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Meioses SHAPEIT?2 Merlin Merlin SHAPEIT2
Cohort | P M | concordance % concordance % P M P M
CARL | 24 47 80.40 41.28 | 63.08 74.57 | 25.46 41.81
FVG 50 96 88.97 60.65 | 34.90 61.04 | 25.02 42.23
KOR 4 11 80.59 57.16 | 39.75 63.64 | 28.75 44.82
ORC 40 45 86.33 50.89 | 30.85 &5.11 | 25.73 43.47
VB 72 104 88.72 52.26 | 55.19 61.07 | 25.17 40.91
VIS 12 14 82.81 58.84 | 43.75 52.57 | 26.83 41.00

Table 4.7: Comparison of recombination detection using our method and Merlin for all
informative paternal (P) and maternal (M) meioses events in each cohort. Specificity is
the proportion of recombination events flagged by our method that were also flagged by
Merlin. SHAPFEIT?2 concordance is the percentage of SHAPEITZ crossover events that
intersected a Merlin crossover event the proceeding column is vice versa. We also pro-
vide the mean number of paternal/maternal recombination events detected for informative
meioses by Merlin and SHAPEIT2. For comparison, the frequently cited deCODE 2002
genetic map estimated an average of 42.81 and 25.9 autosomal recombinations per pater-
nal and maternal meioses respectively. SHAPEITZ2’s estimates are consistently closer to
the deCODE values which are considered to be of high quality.

Table table also shows the mean number of recombination events found by each
method in maternal and paternal meioses. For comparison, the frequently cited deCODE
2002 genetic map estimated an average of 25.9 and 42.81 autosomal recombinations per
maternal and paternal meioses respectively. The average number of recombinations for
Merlin was substantially inflated across most cohorts (53 to 105 for maternal and 31
to 79 for paternal events) whilst SHAPEIT2’s were in a more reasonable range (25 to
29 for paternal events and 41 to 47 for maternal events). Figure plots the num-
ber of events found per meiosis by SHAPEIT24+duoHMM versus Merlin, there is obvi-
ous correlation but Merlin is typically reporting a much larger number of events than

SHAPEIT2+duoHMM.
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Figure 4.11: Genome-wide number of
recombinations found per individual for
SHAPEIT versus Merlin for all informative
meioses in real data sets. The number of
recombinations found by SHAPFEIT2 against
Merlin for each of 661 meioses (all informa-
tive duos from all cohorts). Maternal are in
green and paternal purple. Triangles repre-
sent a truncated value. While there is corre-
lation between the two methods, Merlin more
frequently finds an implausible number of re-
combinations.

Figure 4.12: Recombination rates in re-
gions around crossover detections by each
method. Average recombination rate (from
the HapMap LD map) centred on the location
(the average of the two flanking heterozy-
gous positions) of 34344 crossovers found by
both SHAPEIT2 and Merlin (black), 4127
crossovers found only by SHAPEIT?2 (red)
and 32580 crossovers found only by Merlin
(blue). Events found only by Merlin are in
regions with less recombination on average
than those found by by SHAPEIT2 suggest-
ing a higher false detection rate. The Merlin
map s still peaked, suggesting not all events
detected were false positives.
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Figure compares the distribution of the number of recombination events found by
Merlin and our method to what we would expect according to the 2002 deCODE fam-
ily based map. Figure m (top) plots the observed against expected number of re-
combinations in paternal and maternal meioses for each chromosome. The results from
SHAPEIT2 are well calibrated against the expectation, whereas the Merlin haplotypes
exhibit elevated levels of recombination. Figure (bottom) shows QQ-plots comparing
the observed and expected number of genome-wide recombinations in paternal and ma-
ternal meioses for each duo when using a Poisson distribution with rates 25.9 (paternal)
and 42.81 (maternal) as our expected distribution. SHAPEIT?2 rates are well calibrated
against the expectation for paternal meioses, with some over-dispersion present in ma-

ternal meioses compared to the Poisson model.

Figure shows the average fine-scale recombination rate as a function of distance from
the inferred recombination events inferred by both SHAPEIT2 and Merlin (black), only
SHAPEIT?2 (red) and only Merlin (blue). The distribution of recombination rates around
the SHAPEIT2-only crossovers is close to the distribution of crossovers found by both
methods, whilst the recombination rates near Merlin events are on average lower. It is
notable that the Merlin average is still very peaked, there are several contributing factors
to this. Some of the Merlin detections will be true events that duoHMM has missed, some
will be true events that duoHMM has also detected but the methods have assigned the
event to a slightly different region (for example the adjacent pair of heterozygote sites)
and finally some of the events will be completely spurious. The first two cases are not
false positives and will occur in regions with high recombination rates. The final case

should occur uniformly across the chromosome, flattening the average map.

These results on both simulated and real data point to elevated false discovery rates for
recombination detection with Merlin, corroborating what has previously been reported
in the literature (Coop et al., 2008) whereas the SHAPEIT24+duoHMM method can

constrain FPR whilst still detecting a substantial proportion of true crossover events.
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Figure 4.13: Distributions of the number of detected crossovers for all cohorts. Top:
The mean number of recombinations per meiosis (for all informative duos from all co-
horts) found for each chromosome against the expected number (from the 2002 deCODE
map) for paternal meioses (left) and maternal meioses (right). Merlin’s values are sub-
stantially inflated whilst SHAPEIT2’s are more consistent with the well known deCODE
map. Bottom: Q-0 plots for the observed against expected number of recombinations
estimated by each method for paternal meioses (left) and maternal meioses (right), only
duos that were part of an informative pedigree were used. For the expected distribution
of recombination rates, a Poisson distribution using the genetic lengths from the 2002
deCODE Map was used (with rate parameter 42.81 and 25.9 for maternal and paternal
recombinations respectively). SHAPEIT2’s rates are less inflated than those of the Merlin.
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4.3.4.2 Uninformative duos

Figure (left) shows ROC curves for detecting recombination events applied to our
simulated uninformative meioses. We found that recombination events could be detected
with low false discovery rates, but the power of the method to detect recombination events
is clearly limited by the demography of the sample. When closely related individuals were
not removed we see that 53.51% of events could be detected with a false discovery rate
of 5%, but when closely related individuals were filtered we could only detect 34.10% of
events with 5% false discovery rate (posterior probability threshold of 0.7). Importantly,
the posterior probabilities of a recombination event appear roughly calibrated (Figure m
right) so by setting a high probability threshold, researchers can be confident they are

detecting true events with our method.
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Figure 4.14: Recombination detection accuracy in uninformative duos simulated from
chromosome X data in the Val Borbera cohort. The green values are for a cohort with
nominally unrelated individuals and the orange values are for a cohort that has been fil-
tered such that no individuals are closely related (r < 0.35) Left: The ROC curves for
recombination detection in uninformative duos for our duo HMM using the SHAPEIT2
haplotypes. Right: The average number of correct detections against the average pos-
terior probability. Setting a high probability threshold ensures a very low false discovery
rate.
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4.3.4.3 Using detected recombinations for association scans of hotspot usage

Figure m (top) shows the signal of association in the PRDMY region for a meta analysis
of all cohorts. When only the 618 informative parents were used (top) we found a mini-
mum P-Value of 6.25 x 107! at SNP rs2162866. The addition of 466 individuals lead to
a modest increase in signal (P-value = 3.31 x 107!2) at the same SNP. Figure [4.15] (right)
plots the —log;, P-values when all individuals are used against the — log,, P-values when
only informative individuals are used, demonstrating a consistent increase in signal in the

region and suggests that our method is indeed detecting true recombination events.
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Figure 4.15: Association testing between PRDMY9 region and hotspot usage phenotype
for European cohorts. Top: The —log,, P-values for the European meta-analysis for
association between PRDMY9 variants and the ‘hotspot usage’ phenotype. We used 618
informative and 466 uninformative parents in this analysis. Right: The —log,, P-values
of this analysis plotted against the —log,, P-values when only the 618 informative parents
are used. The additional samples yield a modest increase in power.
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4.3.5 Performance of error detection routine

Throughout the pedigree experiments detailed in this chapter (both real and simulated)
we have applied Merlin’s error detection routine and flagged likely erroneous genotypes
as missing throughout the pedigree before continuing with downstream analyses for all
methods. This was to ensure all methods are analysing exactly the same data so that
comparisons are fair. In practice, converting genotype data to and from Merlin’s file
formats is an arduous process that many practitioners will find inconvenient. Hence we

evaluated whether our duoHMM error detection routine would be sufficient.

We ran SHAPEIT?2 on the realistic extended pedigree data described in section
without removing genotypes flagged as erroneous by Merlin. Mendelian inconsistent
genotypes were still removed throughout a pedigree as there is no uncertainty about where
an error has occurred (100% TPR and 0% FPR). Since we know where true genotyping
errors occurred in this data we can evaluate the TPR and FPR of the duoHMM and
Merlin. Figure [4.16| plots the ROC curve for both methods. Both methods can control
false positives well but SHAPEIT2+duoHMM have substantially higher rate of detection.
At a 1% FPR SHAPEIT2+duoHMM detect 71.1% of errors whilst Merlin can only find
31.3% of errors.
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Figure 4.16: ROC"  curve for the
duoHMM’s and Merlin’s genotyping er-
ror detection routines applied to the sim-
ulated extended where founders were cre-
ated by merging male X chromosome
data. Both methods can control FPR ° 1 : : : :
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4.4 Discussion

Long range phasing has been a topic of interest since its inception by Kong et al.| (2008)
and has great potential for the analysis of genomic data, particularly as cohort sizes
increase and hence more IBD sharing becomes present within individuals. Whilst the
deCODE project has generated some excellent results, they have the advantage of an
extremely powerful data set containing substantial amounts of IBD sharing which allows
a rule based approach to long range phasing that yields very accurate haplotypes. This is
not a luxury available to many research groups. We demonstrate that SHAPEIT2 implic-
itly performs this very accurate long range phasing when possible whilst still leveraging

LD when it is not.

Using seven cohorts from isolated and non-isolated populations, all containing explicitly
related individuals, we have carried out a comprehensive evaluation of approaches for
haplotype estimation in the presence of IBD sharing. We compared approaches that are
specifically focused on estimation of haplotypes in isolated samples (SLRP) and others
(SHAPEIT2, Beagle and HAPI-UR) that were designed predominantly for cohorts of
nominally unrelated individuals. Our experiments show convincing evidence that the
SHAPEIT2 method provides high quality haplotypes that are more accurate than those
estimated by SLRP, whereas Beagle and HAPI-UR produce results that are worse than
SLRP. We find that the SE rates of SHAPEIT2 are a fraction of a percent in all co-
horts, whereas the approaches BEAGLE and HAPI-UR produce SEs that are an order

of magnitude larger.

Although pedigree analysis software such as Merlin is very mature and highly regarded, its
utility for phasing large cohorts containing mixtures of pedigrees and unrelateds is limited
for several reasons. In particular, the inability to leverage wider cohort information
to resolve sites that are heterozygous throughout a particular pedigree prevents such
software being conveniently used as part of pre-phasing and imputation pipelines. Such
pipelines are of special of interest to groups who are sequencing pedigree founders as a

cost effective way to infer novel variants throughout their cohorts via imputation. Hence

125



there is a need for software that can fully leverage the relatedness within pedigrees for
accurate phase whilst overcoming the limitations of traditional pedigree analysis software.

We have shown via analysis of real and simulated that SHAPEIT?2 fills this niche.

Even though the SHAPEIT2 haplotypes inferred by ignoring all explicit pedigree infor-
mation are very accurate we have also developed a method of incorporating available
pedigree information to further increase accuracy. To do this we have developed a novel
HMM that infers the inheritance pattern in parent-child duos. Having applied this ap-
proach to the SHAPEIT2 haplotypes we can detected genotyping errors, correct SEs
within child haplotypes and sometimes in the parental haplotypes when enough pedigree
information is available. When we apply this correction procedure to the haplotypes

inferred by Beagle and HAPI-UR we observed substantial improvements in SE rate.

We have found that the resulting haplotypes from our method are so accurate that we
can infer recombination events in parent-child duos. We use the output of our duoHMM
to estimate the probability that a recombination event occurs between each pair of het-
erozygous markers in the respective parents. When applied to all seven cohorts across the
whole genome we find that the number of recombination events inferred by our method
shows close agreement with the genetic map length of each chromosome. We also find
that the observed number of recombination events per individual closely matches what
we expect to observe based on genetic map estimates. These results are also much better
than those produced from Merlin, which shows elevated rates of recombination events
across all chromosomes. Simulation results corroborate that our method has good power

and well controlled false discovery rates when detecting crossovers.

An additional benefit of our method is that we can attempt to infer recombination events
in trios and duos. Methods that explicitly phase trios and duos using the pedigree infor-
mation cannot infer recombination events since they infer only the transmitted haplotypes
of the parents. We evaluated this approach via simulation and found that we have have
~53% power to detect events at a 5% false discovery rate when the duo is phased in an

isolated cohort that may contain close relatives. When close relatives are removed we
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have ~34% power to detect events at a 5% false discovery rate. Cohorts that contain
explicit trios and duos could be phased using methods that explicitly use this information
if desired although the ability to infer recombination events would be lost and parents

would be estimated as a pair of transmitted and untransmitted haplotypes.

Using our method we are able to demonstrate that the recombination events that we
infer from otherwise uninformative duos and trios can add power to association scans for
recombination phenotypes. Specifically, at the established PRDMY locus we are able to
show that including these extra recombination events increases the signal of association

for a hot spot usage phenotype.

Precisely determining why these large differences in performance between the methods
exist is difficult. We suspect that the reason resides in the fact that within the SHAPEIT2
method the haplotypes of each individual are explicitly modelled as a mosaic of the under-
lying haplotypes of other individuals (Li & Stephens|, 2003). In other words the underlying
haplotype sharing between two individuals can be explicitly captured by allowing each
individual to ‘copy’ the haplotypes of another individual over a long stretch of sequence.
Beagle and HAPI-UR take a different approach by collapsing the haplotype information
of the conditioning haplotypes into compact graphs. Each individual’s haplotypes are
then updated within the method conditional upon this graph. Thus no direct compar-
ison between pairs of individuals is made and the information regarding long stretches
of shared sequence between individuals is lost. Hence whilst these collapsing approaches
allow fast computation, they appear to have a substantial cost in terms of accuracy when

there is large IBD sharing within a cohort.

SHAPEIT2 has already been shown to be the most accurate phasing method for cohorts of
unrelated individuals but performance in cohorts with different demographies had not yet
been evaluated. The results in this chapter demonstrated SHAPEIT2’s surprising ability
to leverage the full range of relatedness for accurate haplotype inference. The duoHMM
we introduced builds on SHAPEIT2’s accuracy even further enabling some of the analyses

available in more typical pedigree phasing routines such as recombination detection and
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the detection of subtle genotyping error as well as slightly improving haplotype accuracy.
These results should have a unifying effect on the field meaning researchers need not worry

about running multiple pieces of software for phasing cohorts with eclectic demographies.
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Chapter 5

Phasing very large samples

SHAPEIT?2 was initially published with the goal of phasing unrelated samples of individ-
uals, and was shown to be the most accurate method for this task in its original paper.
In the previous chapter we demonstrated that SHAPEIT2 is in fact the most accurate
method over a surprisingly large range of demographic scenarios. Whilst computation-
ally tractable, SHAPEIT?2 is not the fastest algorithm available. On the samples analysed
in the previous chapter, both HAPI-UR and Beagle were substantially faster. Running
times on chromosome 10 for each cohort are shown in figure We argue that for
these sample sizes a factor of &~ 5 in computation time is not a large sacrifice to make
for the accuracy gains of SHAPEIT2. Additionally SHAPEIT2 has a very convenient
multi-threading functionality which means end-users can exploit multi-core systems with

ease, hence the computational cost is largely mitigated for these ranges of N.

However, the age of N > 100,000 is upon us. For example the UK Biobank intends to
genotype 500,000 individuals on Affymetrix Axiom microarray{]and 100,000 individuals
were recently assayed in Kaiser Permanente’s Research Program on Genes, Environment
and Healthﬂ Phasing and imputation will be necessary to fully exploit such data sets

and hence computationally tractable software for these tasks is needed.

"http://www.ukbiobank.ac.uk/about-biobank-uk/
Zhttp://www.rpgeh.kaiser.org/
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In this chapter we concern ourselves with the scalability of different algorithms. For
N = 1,000 all algorithms mentioned in the previous chapter will run within one day
on a modern server with multiple CPUs, but when N >> 10,000 the computational
costs of phasing become a serious concern. None of the techniques described in this
thesis scale linearly with sample size, so naively extrapolating from figure [5.1] would be
foolish. SHAPEIT?2’s distance calculations incur a quadratic complexity term, but these
are performed very rapidly with look-up tables so it was not clear when this quadratic
component will begin to dominate computation. HAPI-UR and Beagle both need to
build their respective haplotype graphs on each iteration which has complexity that
is sub-quadratic but super-linear. HAPI-UR’s primary use-case is to phase very large
samples tractably and it is currently the fastest method available as demonstrated in
recent publications (Williams et all [2012; Delaneau et all [2013), although it is less
accurate than SHAPEIT2.

In this chapter we evaluate the scalability and accuracy of HAPI-UR and SHAPEIT2 as
sample sizes become very large. We also introduce a further approximation to SHAPEIT2
to reduce the number distance calculations it has to perform, with the goal of making
the non-HMM component of the algorithm scale linearly. Since large data sets (N >>
10,000) are currently not easy to obtain, we use a combination of real and simulated data

for evaluation purposes.
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5.1 Reducing the complexity of SHAPEIT2’s distance

calculations

The current release of SHAPEIT2 selects a set of K conditioning haplotypes for an
individual being updated. The set of K conditioning haplotypes are denoted as H* and
are a subset of the full set of haplotypes in the cohort, H. Computational cost and
accuracy both increase with K, the default of K = 100 generally gives good results.
Chromosomes are divided into roughly equally size windows and a different set of H* is
chosen for different windows. Window size is a tuneable parameter and the default size
for microarray data is 2Mb. Conditioning haplotypes are selected for an individual being
phased by taking the K haplotypes in the sample with the closest Hamming distances
from the individual’s haplotypes from the previous iteration, say (h',h?). The idea
being that this will yield more closely related conditioning haplotypes which are more

informative of phase.

One caveat with this approach is that individuals that share a region of genome where
both haplotypes are identical-by-descent (IBD=2) are uninformative of phase and can
cause the algorithm to get stuck in a poor quality solution. Hence individuals that are
IBD=2 within a region are excluded from the set of possible conditioning haplotypes.
Details of how the IBD=2 individuals are determined are described in the supplementary

of Delaneau et al.| (2013]).

The algorithm for selecting conditioning haplotypes is then as follows:

Algorithm 1 SHAPEIT2 haplotype selection

Select W C H such that haplotypes in W are unlikely to be from IBD=2 individuals
for all H; € W do
Calculate D(H;) = min(hamming(h', H;), hamming(h?, H;))
end for
Sort W by ascending D(H) values
return the first K haplotypes in W

where hamming(h, H) is the Hamming distance between the two haplotypes, that is the

count of binary differences.
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If we assume that the number of haplotypes in W is M ~ 2(N —1) then this algorithm has
complexity O(N?L) which is undesirable when N becomes large. However, the filtering
of IBD=2 individuals suggests an obvious way of controlling complexity. If we could
limit the size of W to M elements then the algorithm would have complexity O(NML),
if we could keep M constant then we would have an algorithm with complexity O(NL)
which is our desired outcome. Most simply, we could create W by randomly sampling
M haplotypes, we refer to this method as SHAPEIT2-random. We evaluate such an
approach as well a more sophisticated partitioning approach described next. We refer to
the set W as the ‘candidate haplotypes’ In all comparisons we set M = 1000, further

work will involve tuning this parameter.

5.1.1 K-Means clustering to partition the data

Given a set of haplotypes within a window, H = {Hy,..., Hy}, we could assign class
labels to each observation, say C; € {1,...,J}, such that observations with the same
label are similar according to some metric. We can then assign the candidate haplotypes
for each individual ¢ as W; = {H; : C; = C;}. This is a more a principled approach than

choosing W at random, but does require a fast clustering method.

K-Means clustering is a well known technique that minimises the within-cluster sum of
squares:

N L

Z Z — Heg)

i=1 =1
where uc is the cluster mean for class C. The simplest way to minimise this objective
function is to iteratively assign class labels to each observation based on which cluster
mean is closest and then recalculate the mean, continuing until convergence (Lloyd, 1982).
Arthur & Vassilvitskii| (2007)) proposed “K-means++" which provides an algorithm for
choosing starting values that are well dispersed and tend to lead to convergence to better

optima with less iterations.

We implemented K-means+-+ within SHAPEIT2 and applied it to all haplotypes within
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each window running it for 10 iterations or until convergence, 10 iterations is usually
insufficient for convergence but we only require a rough partitioning. If we want clusters of
roughly size M then we set the number of clusters J = 2N/M. If we make the assumption
that K-Means results in a perfectly equal partitioning then the SHAPEIT2 distance
calculations will have complexity O(NML). The K-Means algorithm has complexity
O(NI1J) = O(N?I/M) where [ is the number of iterations. Whilst this is still scaling
quadratically with N, the divisor M controls computation well for the sample sizes we

investigate. We refer to this modification as SHAPEIT2-kmeans.

A problem with this approach is that a haplotype’s nearest neighbours are not guaranteed
to be within the same cluster and hence may not be identified. This is likely to be the case
for individuals on the boundary of a cluster. Figure[5.2]gives a toy example demonstrating

this problem.

Figure 5.2: A toy example for K-Means
on some simulated bivariate data with
three clusters coloured red, green and
blue.  Whilst an observation’s nearest
neighbours are usually within the same
cluster, points on the boundary will have
nearest neighbours in a different cluster.
If we only search for nearest neighbours
within the same cluster, the solution will
be sub-optimal. This data is simulated
on from a bivariate normal distribution
which is obviously different to the hap-
. lotype data we work with, but the same
principal applies.

5.2 Data

5.2.1 Real data

We merged all the cases and controls from the Wellcome Trust Case Control Consortium

1 (The Wellcome Trust Case Control Consortium), 2007) (WTCCC1) along with the 60
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European individuals taken from the parents of 90 mother-father-child trios available from
the HapMap cohorts (The International HapMap Consortium|, 2007). The parents from
the trios provide us with true underlying haplotypes for individuals of similar ethnicity
to those individuals in the WTCCC1 cohort. The WTCCC1 individuals were assayed
on the Affymetrix 500K genotype microarray and the HapMap individual’s SNPs were
filtered to match the markers on this chip. This provides us with a sample of N = 16239
with 60 validation individuals. We analysed 10Mb of data from chromosome 10 in these

experiments (60Mb-70Mb).

5.2.2 Simulated data

We simulated genetic variants across 10Mb of DNA for 100,000 haplotypes, to create
50,000 diploid individuals. Simulations were performed using the Markovian Coalescent
Simulator (MaCS) software (Chen et al., 2009) which allows approximate simulation
from the coalescent for genomic sequences up to the length of whole chromosomes with
arbitrary demographic histories. We used the demographic model specified by |Schatiner
et al. (2005) whom calibrated the model to empirical measures of linkage-disequilibrium
and the variant frequency spectrum observed in real data. The combined genetic map
from the HapMap project (The International HapMap Consortium)|, 2007)) for chromosome
1 (63Mb - 73Mb) was supplied to MaCS for simulations. Finally we sampled variants
from this simulated data in a stratified manner giving similar physical spacing between
SNPs and allele frequency spectrum to the Affymetrix 500K chip that was used on the
WTCCCI1 cohort described previously. Genotyping error was introduced in the same way

as described in the chapter 4 simulation experiments.

5.3 Results

We randomly sampled subsets of differing size on both the real and simulated data to

evaluate how the accuracy and computation scales with sample size for each method.
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5.3.1 Profiling

We first profiled the computation of the standard implementation of SHAPEIT2 on our
simulated data. Figure [5.3| shows what proportion of time SHAPEIT2 spends on each of
its computational components as N increases. For small sample sizes the HMM compo-
nent of the model completely dominates computation. Once sample sizes increase past
10,000 the distance calculations begin to account for a substantial amount of the compu-
tation time. For N=50,000 we estimate SHAPEIT2 would take 377.7 days to phase the
whole genome (although this task would be easily parallelised), 83.6% of this computation

time would involve distance calculations.

HMM calculations
Hamming distance calculations Figure 5.3:  Profiling of the standard

8 - version SHAPFEIT2’s computational load
on our simulated data set for increasing
5 values of N. Computation time is in
& 7 days (extrapolated from computations on
a 10Mb region). The blue area is the time
3 spent on Hamming distance calculations.
-

The light red area is the time spent on
all other computations. The height of the
o curve 1s total computation time. When
[ ‘ ‘ ‘ ‘ ‘ N > 10000 the Hamming distance calcu-
0 10000 20000 30000 40000 50000 j4tions rapidly begin to dominate compu-

Sample size tation.

Total computation time (days) — Intel Xeon E5-2690

5.3.2 Performance on real data

Figure 5.4 (top) plots the switch error rate (left) and computation time in days (right) for
varying sample sizes on the HapMap+WTCCC1 data. Switch error rates for N=1,000
were 2.1%, 2.0%, 2.15% and 2.9% for SHAPEIT2, SHAPEIT2-Random, SHAPEIT2-
kmeans and HAPI-UR respectively which is in line with previously published results. It
is interesting the random approach does marginally better here but this could just be

due to the fact SHAPEIT?2 is using stochastic algorithm to estimate haplotypes. Switch
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error for SHAPEIT2, SHAPEIT2-kmeans and HAPI-UR improve substantially as sample
size increases with switch error rates of 1.28%, 1.42% and 1.66% for the largest sample
size of N=16,239. SHAPEIT2-random has an error rate of 1.84% at this sample size and
appears to be beginning to plateau. SHAPEIT2-kmeans has consistently ~ 0.1% higher
switch error than SHAPEIT2 but is still consistently more accurate than HAPI-UR. For
N=16,239, SHAPEIT2-kmeans and HAPI-UR are about 1.5 and 1.6 times faster than
SHAPEIT2. SHAPEIT2-kmeans and SHAPEIT2-random appear to be scaling linearly

across this range of N whilst HAPI-UR and SHAPEIT2 show greater than linear scaling.

5.3.3 Performance on simulated data

The accuracy on the simulated data is somewhat higher than what we observe on the real
data sets. At N=1,000 SHAPEIT2, SHAPEIT2-random, SHAPEIT2-kmeans and HAPI-
UR have switch error rates of 3.66%, 3.77%, 3.62% and 8.79% respectively, decreasing
to 0.47%, 3.25%, 0.629% and 0.85% for N=50,0000. The random selection method sees
little improvement in accuracy after N=10,000 in this data. SHAPEIT2 remains the most
accurate method across the range of sample sizes, followed by SHAPEIT2-kmeans and

then HAPI-UR.

The more interesting results are the computation times. SHAPEIT2-kmeans scales lin-
early across this range of N whilst the super-linear scaling of HAPI-UR means it is
slightly slower than SHAPEIT2-kmeans at N=50,000. SHAPEIT2-kmeans is 4.57 times
faster than SHAPEIT2 and 1.08 times faster than HAPI-UR at N=50,000. The K-means
approach is also faster than SHAPEIT2-random despite having greater theoretical com-
plexity. This is because we put considerable effort into optimising the K-means clustering
routine whilst the random generation of candidate haplotypes was implemented with a

simplistic rejection sampling scheme.
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Figure 5.4: Accuracy and computational cost of different phasing routines on
the WTCCC1+HapMap data (top) and the simulated Affymetriz 500 data (bottom).
SHAPFEIT? is the standard implementation with a quadratic distance cost, ‘Random’
does distance calculations on M randomly chosen haplotypes, ‘K-means’ compares all in-
dividuals within the same cluster resulting ~ M comparisons per individual. We used
M = 1000 in all cases. HAPI-URS3X is three averaged runs of HAPI-UR. Left: The
switch error rate against sample size. Right: The single CPU computation time in days
for whole genome phasing (extrapolated from 10Mb) for each method on an Intel Xeon
CPU E5-2690 (2.90GHz) CPU with 256GB of RAM.
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5.4 Discussion and Further Work

The methods and results in this chapter are very preliminary, but are proof of the concept
that SHAPEIT2 can be extended to larger samples. We saw that the K-means approach
was quite effective at controlling computation whilst maintaining accuracy, resulting in a
method that was more accurate and faster than HAPI-UR at 50,000 samples. We hope to
remove the modest loss of accuracy introduced with further modifications to the K-means

partitioning technique. We also need to investigate how to correctly set the value of M.

The loss of accuracy when using K-means is likely due to the fact that a haplotype’s
nearest neighbour is not always in the same cluster, particularly for haplotypes that lie
on the boundary between clusters. A possible workaround to this problem would be to
allow observations to lie in multiple clusters, this is a similar idea to “Canopy Clustering”
which is a popular method in data mining communities (McCallum et al.,2000) for rapidly

clustering large high-dimensional data sets.

We have restricted our evaluations to using the Hamming distance metric, but there is no
reason a more sophisticated distance measure could not be used. One obvious measure
would be to use the Euclidean distance between normalised alleles, xz; = %, where
p; is the MAF at site [. This would put greater weight on low frequency variants, which
is sensible as they correlate with longer shared haplotype length. This measure still
ignores correlation between variants, we could also use the Mahalanobis distance measure

which would involve modelling all SNPs in a window jointly with a multivariate normal

distribution, providing a simple way of taking into LD into account.

This chapter touches on one small aspect of the issue that data is growing faster than
computing power in the field of genetics. This means that new approximate (but accurate)
algorithms constantly need to be developed to allow tractable computation. This trend is
abundantly clear in the field of haplotype phasing where the real benefit of new methods
such as SHAPEIT2 and HAPI-UR has not only been improved accuracy, but substantially

decreased computation time.
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Appendix A

Evaluations to determine the final

genotype calling model

We have described our genotype calling method with a number of possible different

variations on the model:
e choice of distribution for array data - bivariate Gaussian or Student-¢ with v =5
e three possible prior distributions for the cluster centroids,
e prior allele frequency distribution «

We evaluated these options using chromosome 20 Omni2.5S data for 1,525 individuals
(described in section [2.6). Concordance with the Affymetrix data (equation was
evaluated for different parameterisations of the genotype calling method and was used
(amongst other considerations) to determine the final choice of model that was used in
our final comparisons with other genotype calling software in section 2.7, We assessed
both the array-only scenario (1,525 individuals assayed on Illumina’s chip) and the mixed

array and sequence scenario (1094 of these individuals having 4X sequence data).
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Choice of centroid priors and distribution

When making genotype calls using only array data, the combination of the Student-
t distribution and the third choice of priors (correlated centroids) performed the most
accurately, albeit slightly, across the range of posterior probability thresholds (Figure .
When the genotype calls were made with both array and sequence data, the Student-
t distribution again performed better than the Gaussian, but the priors appear to have
little effect on accuracy. This makes intuitive sense as we have more data in this scenario,
hence the priors are having limited effect on parameter estimates. Given these results,

we chose to use the mixture of Student-t¢ distributions with the third choice of priors

(Equation [2.4.3.1)).

Array only Array augmented with 4X sequence
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Figure S1: Comparison of our three possible choices of priors (coloured) and a mizture
of Gaussian distributions (solid lines) versus a mizture of Student-t distributions with
v =5 (dashed lines) for array only calls (left) and array data augmented with sequence
data (right). We can see that Student-t is consistently more accurate for both data sets
and all choices of priors. In the array only context, our third prior performs the most
accurately (albeit slightly) when combined with the Student-t distribution. Whilst when
sequence data is included in the modelling, the choice of prior appears to have limited
effect on accuracy. Note the vertical scale varies between the plots, that is, the array
augmented with sequence calls are = 0.1% more accurate than the array-only calls.
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Choice of allele and genotype frequency prior

In section [2.4.2] we described a flat Beta prior for the reference allele frequency. A well
known result in population genetics (Fu, [1995) states that the distribution of alternate
allele frequencies (a in our model) is inversely proportional to the frequency, that is
P(a) < 1/a. This result is not necessarily consistent with the loci frequencies present on
a microarray. We took an empirical approach to modelling the allele frequency spectrum
of loci on the Omni2.5S chip. Loci information was downloaded from the 1000 Genomes
FTP server [[| global allele frequencies for the Omni 2.5S positions were then extracted
from this file and we estimated parameters for the Beta(a,b) distribution using maximum

likelihood (a = 0.363,(3 = 1.254). The fit of this distribution appears very reasonable

(Figure [S2).

S
©
Q |
o
Lo
© — < ©
= B S
£ >
<+ [0
a I g
@)
N o
o
o =
T T T T I I I T T T T |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Alternate allele frequency Expected AF

Figure S2: Left: Kernel smoothed density estimate of the alternate allele frequency
spectrum on the Omni2.58 chip (black) and a Beta distribution fitted to these frequencies.
Right: Q-Q plot of the empirical quantiles of the frequencies against theoretical quantiles
of the Beta distribution.

Lftp://ftp.1000genomes.ebi.ac.uk/voll/ftp/release/20110521/ALL .wgs.phasel_release_
v3.20101123.snps_indels_sv.sites.vcf.gz
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We used a Dirichlet prior for the genotype frequencies that allows some deviation from
Hardy-Weinberg Equilibrium. After one generation of random breeding a population will
be in HWE. However, in a case-control GWAS the cases may deviate from HWE due
to biased sampling of causative alleles so allowing some departure from HWE may be

desirable.

To investigate the effect of our choice of priors on accuracy we called genotypes using
only array data on the 1,525 samples for all loci on chromosome 20 using five different

priors.

1. a flat Beta prior for reference allele frequency with departure from HWE allowed

(0 =10)
2. a flat Beta prior for reference allele frequency with no departure from HWE allowed

3. the estimated Beta distribution for reference allele frequencies with departure from

HWE allowed (§ = 10)
4. the estimated Beta distribution for reference allele no departure from HWE allowed
5. a flat Dirichlet prior for genotype frequencies A ~ Dirichlet(1, 1, 1)

We found the forced HWE priors to be slightly more accurate than our Dirichlet prior
(with some HWE penalty) and than the flat Dirichlet prior with no HWE deviation
penalty (Figure . However, in case-control GWAS allowing deviation from HWE may
be desirable. Whilst the Beta prior estimated from population data was (marginally)
more accurate we left the Beta prior as flat since this accuracy is conceivably due to
over fitting. In any case, the choice of priors for a and A clearly have a limited effect on
accuracy. We leave 0 as a tuneable parameter in our software (with § = 10 as the default

value).
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Figure S3: Concordance against missing
data rate for five different priors described
in[A]; 1. a flat Beta prior for reference al-
lele frequency with departure from HWE
allowed (6 =10 in Eq. 2) 2. a flat Beta
prior for reference allele frequency with no
departure from HWE allowed 3. the es-
timated Beta distribution for reference al-
lele frequencies with departure from HWE
allowed (6 = 10 in Eq. 2) 4. the esti-
mated Beta distribution for reference al-
lele no departure from HWE allowed 5. a
flat Dirichlet prior for genotype frequen-
cies X\ ~ Dirichlet(1,1,1)
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Appendix B

Supplemental Tables

Nlumina  Affymetrix 4X Omni2.5S  Omni2.5S Omni2.55/
Population | Omni2.5S Axiom sequence 4Xsequence Axiom Axiom/
Sequence

ASW 96 90 61 61 88 53
CEU 104 180 87 87 101 84
CHB 100 90 97 97 86 85
CHD 0 90 0 0 0 0
CHS 150 0 100 100 0 0
CLM 107 0 60 60 0 0
FIN 100 0 93 93 0 0
GBR 96 0 89 89 0 0
GIH 0 90 0 0 0 0
IBS 69 0 14 14 0 0
JPT 100 91 89 89 91 80
LWK 100 90 97 97 90 87
MKK 31 180 0 0 31 0
MXL 100 90 66 66 90 56
PUR 111 0 55 55 0 0
TSI 100 90 98 98 90 90
YRI 161 180 88 88 161 88
ALL 1525 1261 1094 1094 828 623

Table S1: Summary of the samples that have been assayed on the three technologies as
well as the intersections of these technologies.
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Chiamante (no sequence)

828 623 205
Filter SCR| GCR Conc| GCR Conc| GCR Conc
None 100.000 | 99.824 99.696 | 99.838 99.695 | 99.788 99.696
GCR 99.765 | 99.646 99.698 | 99.661 99.698 | 99.607 99.698
HWE 99.941 | 99.766 99.708 | 99.781 99.708 | 99.730 99.707
PP 100.000 | 99.744 99.715 | 99.767 99.714 | 99.686 99.717

GCR+HWE | 99.710 | 99.590 99.709 | 99.605 99.710 | 99.552 99.709
PP+GCR 99.694 | 99.520 99.722 | 99.545 99.722 | 99.457 99.724
PP+HWE 99.940 | 99.696 99.722 | 99.719 99.722 | 99.636 99.724
All 99.659 | 99.486 99.726 | 99.511 99.726 | 99.423 99.728

Chiamante + Sequence

828 623 205
Filter SCR | GCR Conc GCR Conc | GCR  Conc
None 100.000 | 99.986 99.721 | 100.000 99.723 | 99.950 99.714
GCR 99.985 | 99.974 99.722 | 99.985 99.724 | 99.946 99.715
HWE 99.984 | 99.970 99.723 | 99.984 99.725 | 99.934 99.716
PP 100.000 | 99.940 99.733 | 99.968 99.734 | 99.869 99.729

GCR+HWE | 99.969 | 99.958 99.723 | 99.969 99.726 | 99.930 99.717
PP+GCR 99.966 | 99.914 99.734 | 99.938 99.736 | 99.853 99.731
PP+HWE 99.986 | 99.927 99.734 | 99.955 99.735 | 99.856 99.730
All 99.954 | 99.903 99.736 | 99.927 99.737 | 99.841 99.732

Table S2: Top: SCR, GCR and concordance with Aziom data for a call set produced
using Chiamante with Omni2.5S data on 1525 1000 Genomes individuals (no sequence
data was used in this analysis). Metrics were calculated on 828 individuals with Axiom
data available, and then on the same 828 individuals split into two groups; 623 who had 4X
sequence data available and 205 who had no sequence data available. Bottom: The same
metrics for a call set produced with the same array data, but augmented with sequence
information from a subset of 1094 individuals. We can see that there is an improvement
in call rate and accuracy not only for the 623 individuals with sequence data, but also for
the 205 individuals without sequence data.
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Appendix C

Data sets

Isolates data
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WTCCC data

This work makes use of data generated by the Wellcome Trust Case Control Consortium.
A full list of the investigators who contributed to the generation of the data is available at
www.wtccc.org.uk. Funding for the project was provided by the Wellcome Trust under

awards 076113 and 085475.
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