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Abstract

Despite longstanding interest in gene-by-environment (GxE) interactions, the
contribution of GxE interactions to complex disease in humans remains poorly
characterised. Studies of GxE interaction are statistically challenging due to the
inherent high dimensionality of environmental exposures, the increased sample size
required to robustly detect GxE effects and the historic lack of large datasets that
combine genetic and environmental data. In this thesis I introduce a new approach
for GxFE interactions with multiple environmental variables on biobank scale datasets
called LEMMA (Linear Environment Mixed Model Analysis). LEMMA uses a
Bayesian whole genome approach to jointly model SNP marginal effects and SNP
GxE interaction effects with an Environmental Score (ES). The ES is a linear
combination of multiple environmental variables, and ‘interaction weights’ used
to construct the ES are learnt in the same Bayesian framework. The ES can
subsequently be interpreted directly, used in single SNP hypothesis or used for
heritability estimation. Using variational inference to fir the model and a distributed
computational architecture allows LEMMA to be computationally tractable on
Biobank scale datasets.

LEMMA is compared to existing single-SNP approaches that jointly model
the effects of multiple environmental variables at each locus. Results suggest
that LEMMA has substantially greater power to detect GxE effects when the
underlying model assumptions hold.

I have applied LEMMA to model GxE interactions in body mass index, systolic,
diastolic and pulse pressure, using 42 environmental variables and approximately
280, 000 white British individuals from the UK Biobank. LEMMA uncovered 3 loci
with GxE interactions at genome wide significance levels, and estimated that 9.3%,
3.9%, 1.6% and 12.5% of phenotypic variance is explained by GxE interactions,
and that rare variants explain most of this variance.

In my final chapter I suggest a new model, referred to as RHE-NLS, that
promises to achieve many of the same objectives as LEMMA with improved

computational complexity.
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1.1 Background
1.1.1 Basic concepts

Deoxyribonucleic acid, or DNA, is the molecular storage unit used to pass hereditary
information from one generation to the next by humans, or indeed by all animals.
Most cells in the human body contain almost identical copies of the same DNA,
which is transcribed to single-stranded messenger ribonucleic acid (mRNA) that
is, in turn, translated into proteins. Proteins are sometimes called building blocks

of the cell; patterns of protein expression govern cell type and behaviour.
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The genetic information stored in DNA is encoded in sequences of four primary
nucleobases; adenine (A), cytosine (C), guanine (G) and thymine (T). DNA typically
exists in a double helix structure, with two strands of nucleotides that coil around
each other and are joined by hydrogen bonds. Each nucleotide consists of a
phosphate, a sugar molecule and a nucleobase. The nucleobases bind together
according to base pairing rules due to hydrogen bonding, such that A bonds with
T and C bonds with G and the strands in the double helix are complementary to
one another. The human genome, the complete set of genetic material contained
within a single cell, is estimated to contain approximately 3.3 billion base pairs.
DNA is packaged into condensed structures called chromosomes. Humans possess
46 chromosomes organised into 23 pairs; 22 pairs of autosomes and one pair of
sex-determining chromosomes (allosomes). Human cells are either haploid, with a
single copy of each chromosome, such as egg or sperm cells, or diploid, meaning
that they carry two homologous (identical in structure but small differences in
DNA) copies of each autosome and two allosomes.

In humans, there are two key processes that introduce variation into the genome;
mutation and recombination. Mutations are caused by errors in the cells” machinery
during DNA replication or DNA repair. Mutations vary drastically in scale, from
point mutations at a single nucleotide to insertion, deletion or repeated copying
of regions of the genome. Genetic studies usually focus on point mutations, or
single nucleotide polymorphisms (SNPs). Some mutations can be inherited; if a
mutation occurs in a germline cell (progenitor of sperm or egg cell), it can be
passed onto offspring in the next generation.

Recombination is the process during which homologous chromosomes physically
exchange genetic material. Through complicated cellular machinery, matching
sections are broken off from each chromosome, swapped and then reattached.
Recombination occurs during meiosis; when a diploid cell divides into four haploid
gametes each with a single copy of each chromosome. In sexually reproducing species,
offspring inherit one combination from each parent and, due to recombination, each

chromosome is a mosaic of the DNA inherited from the respective grandparents.
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The International HapMap project[l] was a landmark study that published a
catalogue of common SNPs present in the human genome and an estimate of the
correlation structure between them. Because the breakpoints at which recombination
occurs are highly conserved, the correlation structure of the human genome typically
displays a block-diagonal-like structure. Blocks are known as linkage disequilibrium
(LD) blocks and are separated by recombination hotspots, of which there are
estimated to be approximately 20,000[2]. Although each LD block might cover
many thousands of bases and thousands of commonly occurring SNPs, there are
frequently only a small number of combinations of those SNPs (haplotypes) observed
in a population. Thus researchers were able to identify a relatively small set of
500,000 ‘tag’ SNPs that were representative of the majority of genetic variation from
10 million common SNPs [3] |4]. In association testing these ‘tag’ SNPs could be used
to identify haplotypes that contained a causal SNP. Alternatively, comparing those
same SNPs to reference panels of known haplotypes enabled researchers to impute
the missing variants [5]. In subsequent genetic studies, much larger datasets could
be assembled because individuals could be genotyped at a relatively small number of
sites instead of using whole genome sequencing methods. In this thesis, the phrase

‘'genotyped SNPs’ is indicative of SNPs that tag common variation in the genome.

1.1.2 Genome-wide association studies

Since 2007, the genome-wide association study (GWAS) has been one of the dominant
statistical approaches to studying the genetic basis of complex disease|6, |7]. The
GWAS is an agnostic statistical analysis that performs a univariate hypothesis test
at each variant, from a set of variants that cover the genome, to assess if there is
statistically significant correlation between carriers of the mutation and disease
burden. To control for multiple hypothesis testing, a threshold of p < 5 x 1078
is typically used to denote statistical significant[8|, 9], which is roughly equivalent
to a p-value threshold of 0.05 adjusted for the number of independent (common)
variants in the genome. Crucial to the success of GWAS was the International

HapMap project and the availability of cheap genotyping arrays. Genotyping arrays
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offered a cheap way to detect the alleles present at up to 500,000 specific sites per
individual, whilst researchers were able to choose sites that would capture most
variation due to common SNPs first using the HapMap project[1] and subsequently
the 1000 Genomes Project[10-12].

The first GWAS was a study of age-related macular degeneration using 96
cases and 50 controls, published in 2005[13]. By 2007, over 200 studies had
been published including the Welcome Trust Case Control Consortium|7] which
was the largest GWAS at the time (14,000) people and was awarded ‘paper of
the year’ by the Lancet [14].

One of the main difficulties with GWASs can be controlling for confounding
factors. Confounding occurs in a statistical analysis when a covariate C affects
both the dependent variable X and the independent variable Y. Unless the
effect of C' is controlled for, the association between X and Y will be spuriously
inflated. In GWASSs, confounding can occur when related individuals have similar
phenotype due to shared environmental exposures (family structure) or when two
subpopulations with different genetic ancestry also have a mean difference in the
phenotype (population structure) [15].

The two most common approaches to GWASs are linear regression and linear
mixed models (LMMSs). I define the dosage of a SNP as the (expected) number of
alternative alleles present at a given site. Let y be a disease phenotype, &y the
dosage of the focal SNP to be tested, C' a matrix of covariates and € ~ N(0,021)
the residual variance. Both approaches test the hypothesis Siest 7 0.

The basic model used in linear regression is given by
Y= Ca+ xtestﬁtes‘c + €.

Population structure is usually controlled for by including the top genetic principal
components (PCs) as covariates [16]. Related individuals are typically excluded
from the analysis to control for family structure. However, this approach is imperfect
and is still vulnerable to cryptic relatedness; a form of confounding due the sample

structure between distantly related individuals with no known family structure[17].
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LMMs have been used for quantitative genetics by animal breeders for decades

[18]. The basic model used in LMMs is given by
yNN(Oa+xtestﬂtest’0'§K+0'2]); (1.1)

where the kinship matrix K models relatedness between samples. In animal breeding
studies, the pedigree of all samples is known so K can simply be filled in with this
information. In large human studies however, the pedigree is generally unknown.
Thus the kinship matrix can be estimated from genotype data|l9]. Specification
of the kinship matrix K is still an area of active research [20-23] but the most
simple approach is to let K = X X7 /M where X is the N x M genotype matrix
(where N is the number of samples and M is the number of SNPs) and columns
of X are normalised to have mean zero and variance one.

LMMs are able to capture the effects of both family relatedness and population
structure with the kinship matrix [24], so they have no need to exclude related
samples. In addition they have the property that they have higher power than
univariate linear regression in heritable traits, because they are able to implicitly

condition on other causal SNPs in the genotype matrix X [25] [26].

1.1.3 Missing heritability

Heritability is defined as the proportion of trait variance in a population that is
attributable to genetic effects [27]. Typically a phenotype (P) can be decomposed
into contribution from genetic effects (G), from environmental effects (E) and

interactions between the two (GxE).
P=G+ FE+GxE.

Assuming that Cov (G,GxFE) = 0, Cov (F,GxE) = 0, and Cov (G, E) = 0, the

phenotypic variance can then be written as
Var (P) = Var (G) 4+ Var (E) + Var (GxE) .

Historically the contribution of GxE effects to heritability has been ignored,

partly because methods to estimate this component of variance have been lacking
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[27]. ‘Broad sense’ heritability is defined as the proportion of trait variance

Var(G)
Var(P)

explained by the total genetic variance (Hg2 = ) whereas ‘narrow sense’

heritability is the proportion of trait variance explained by additive genetic effects

2 __ Var(Additive—G)
(hg - Var(P) ))

Before GWASs started to allow geneticists to interrogate the genetic architecture
of complex traits, it was expected that complex traits would be driven by a handful
of moderate-effect loci[28]. By 2009, GWASs had been successful in identifying
hundreds of robust associations between variants and complex human diseases|29).
However, it became clear that for many of these diseases, the sum of the independent
effects estimated from GWASs accounted for a very small proportion of the total
heritability estimated from family or twin studies. This became known as the
problem of missing heritability |29, |30].

Multiple explanations for the missing heritability problem have been proposed[31].
Manolio et al. [29] argued that missing heritability might lie amongst the effects of
rare or structural variants that are not well tagged by genotyping arrays, or amongst
many small effects of common SNPs that GWASs at the time were not powered to
discover. The latter was motivated by the observation that selection may act to keep
effect sizes low, as variants of large effect are selected against[32]. Other explanations
focussed on the heritability estimates of twin studies; as gene-gene iteractions|33],
gene by environment interactions|34] or violations of the assumptions about shared
environments|35] might caused heritability estimates from twin studies to be inflated.

A partial answer was provided in a seminal paper by Yang et al. [24]. The authors
showed that the majority of missing heritability for height could be explained by
genetic variation by common SNPs. Because LMMs are able to capture effects from
population structure, family relatedness and causal SNPs in the kinship matrix[25],
they observed that in a cohort of unrelated individuals with the same ancestry
the kinship matrix will only capture effects from causal SNPs. Thus heritability

could be estimated with the formula

~2
B2 _ %
g 6-2+a-2
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A

where ( ) are restricted maximum likelihood estimates from the LMM

2
g)
y ~N(0,07K +021), (1.2)

where K = X XT /M and X is the normalised genotype matrix with column mean
zero and column variance one.

Some of the implicit assumptions in this model encountered criticism[36]; in
particular, the assumption that SNP effect sizes have a gaussian distribution, the
implicit assumption that rare SNPs have larger effects or the assumption that SNP
effect sizes are independent of linkage disequilibrium. However, the concept of

heritability estimation in humans has been an active area of research ever since.

1.2 Gene by environment interactions

Despite longstanding interest in gene-by-environment (GxE) interactions[37} 38|, the
contribution of GxE interactions to complex disease in humans remains poorly char-
acterised.

The term interaction has different meanings depending on the context[38]. A
biological interaction can refer to two interacting factors in the body. A statistical
GxE interaction is typically defined[39] as the joint effect of genetics and environment

that causes a departure from the additive model
E[Y[G, E] = a1(G) + ax(E).

In this thesis I focus on multiplicative interactions with a quantitative trait. That

is, on interactions that take the form
Y = B0+ GBa+ EBe + G X Efaxg + €.

Better characterisation of the contribution of GxE interactions to human genetics
has many possible benefits. Identification of GXE interactions could offer greater
insight into the biological pathways underlying complex traits[37, 38]. Alternatively,
it could allow improved public health policy if subpopulations have significantly

elevated risk of exposure to a given environmental hazard. From a genetic prediction



8 1.2. Gene by environment interactions

perspective, it could allow insight into the portability of genetic risk scores within
and between ancestry groups [40]. Finally, if GxE effects do make a significant
contribution to phenotypic variance then methods that better characterise GxE

effects could inform the debate on missing heritability in complex traits [37, 41].

1.2.1 Challenges faced by GxE interaction studies

Studies of GxE interactions face several challenges over and above the usual
challenges faced by GWASs of additive genetic effects. These challenges include
problems of sample size, confounding and lack of exposure variation.

A commonly cited rule of thumb in epidemiology suggests that detection of
interaction effects requires a sample size at least four times larger than that required
to detect a main effect of comparable effect size [42]. This particular rule of thumb
is based on a case control study and a single dichotomous environmental variable,
however the general observation that GxE studies require larger sample sizes has
been made many times|38, |43-45]. Higher sample sizes are required for two principal
reasons; to offset the multiple testing burden imposed by the multiple plausible
environmental exposures that could have interaction effects and to capture enough
variation along each environmental exposure.

Confounding is another issue for which GxE studies must have additional care.
Consider a phenotype y, variant z, environment E and confounder C. If C' is
confounded with G (ie it has causal effects on G and y) then unless the interaction
between C' and FE is controlled for, the interaction between G and £ may be biased
[46]. In particular, this refers to population structure which is often controlled for
using genetic PCs or LMMs in a conventional GWAS. In the case of adjustment
by PCs, Keller [47] shows analytically that the PC' x E should be controlled for
in order to avoid confounding in the interaction effect. For LMMs, Sul et al. [4§]
observed empirically that the usual single component LMM failed to control for
confounding in the GxE interaction test when the mean environmental exposure

differed between two subpopulations for a dichotomous environmental variable.
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In simulation, the authors further show that this form of confounding can be

controlled for using the LMM given by
y ~ N(Ca + Liest Brest, 00K + 00,5 K7 + 021)

where K7 = K;; if individuals 7 and j have the same level of exposure or K7 =0
otherwise. Whilst this model is simple to fit for a single categoric environment, a
continuous environment would have to be binned according to some threshold(s) (as
performed by Robinson et al. [49]). The MTG2 software package allows extensions
to multiple environmental variables, and can accommodate either continuous or
discrete variables [50,[51]. Finally, in the same way that genetic principal components
(PCs) are analogous to controlling for population structure with a low dimensional
representation of the kinship matrix, the PCxXE terms are analogous to controlling
for population structure with a low dimensional representation of K.

Lack of exposure variation is another important challenge that GxE studies can
face [52, |53]. A compelling, and frequently used, example is provided by that of
GxE interaction between physical activity (PA) and the FTO locus for body mass
index. This GxE interaction was reported by several single cohort studies, one of
which reported a statistically significant interaction (p=0.008) using a relatively
small cohort (N = 1,129) of Indian ethnicity, but included individuals with a wide
range of physical activity levels (from sedentary city dwellers to active farmworkers)
[54]. On the other hand, a qualitatively similar interaction was replicated in a
meta-analysis of Caucasian populations. However, due to lower variation in physical
activity levels, a much larger sample size was required (N > 200, 000) to achieve
statistical significance (p = 0.001).

Jointly modelling multiple environmental variables is an alternative approach
that may boost power, as a combination of multiple variables could act as a proxy
for the true (unobserved) driver of interaction [55]. From the perspective of exposure
variation, such a proxy would also have higher variability. Continuing with the
previous example of Gene x PA in BMI; physical activity is typically measured using

questionnaire data on the frequency and duration of exercise at different intensity
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levels. However, other measures such as sedentary time, hours spent watching
TV and diet can also act as proxies for an obesogenic environment [56]. In GXE
study of BMI in the UK Biobank using N = 89,552 samples, Young, Wauthier,
and Donnelly [57] reported GxE interactions at FTO with multiple environments
including physical activity (p = 3.1 x 107), alcohol frequency (p = 3.0 x 10™*) and
diet (p = 5.0 x 1079), where each environmental was modelled separately. Using
N = 252,188 samples, a similar set of environmental variables also from the UK
Biobank and a novel method that jointly modelled GxE interaction from multiple
environmental variables, Moore et al. [55] replicated GXE interaction at the FTO
locus in BMI with much stronger statistical evidence (p = 4.4 x 10719).

Using a conceptually similar framework, Kraft and Aschard [53] argue that
testing for GxE interactions against a multi-SNP genetic risk score could have
higher power to detect GxE interactions than tests against a single SNP because the
multi-SNP approach captures a greater range of genetic variation. They acknowledge
that this approach implicitly assumes that most SNPs in the genetic risk score
interact with the same environmental exposure. This idea is present in several
relatively recent studies that assess GxE interaction using a linear predictor of
BMI-associated SNPs [58] or variance component tests [49} 55]. However, in each
of these cases only a single environmental variable was used.

Finally, GxE studies are particularly vulnerable to scale effects. Consider for
example a monogenic phenotype Y = Fa + G + ¢, where Y, E, G, e are all N x 1
vectors denoting the phenotype, environment, genetic effect at a causal SNP and
residual noise respectively and a and 3 are non-zero fixed effects. Then applying
a non-linear transformation, say measuring Y2, could induce spurious correlation

between the phenotype Y and the environment FE.

1.2.2 Current approaches

Tests for GxE effects have traditionally been performed using single-SNP, single-
environment approaches. Testing all combinations of SNPs and plausible envi-

ronments is both computationally and statistically burdensome, so a variety of



1. Introduction 11

approaches have been employed to narrow down the search space. These approaches
include hypothesis driven studies, ‘two-step’ approaches or, more recently, variance
quantitative trait loci (QTL) methods. Separate from this, there has been growing
interest in methods that model either SNPs or environmental variables jointly.

Many of the current GxE success stories have been identified through hypothesis
driven (or candidate gene) studies, particularly those focusing on metabolic genes
[59]. Examples include the interaction between variation in the NAT2 gene and
smoking for bladder cancer[60], or variation in the ALDH2 gene and alcohol intake
on esophageal cancer[61]. These approaches benefited from an extremely low
multiple testing burden, but required strong prior knowledge regarding which genes
and which environmental variables might be relevant. More agnostic methods will
be required in order to more broadly characterise the total contribution of GxE
effects to complex disease. Further, the fact that most GWAS hits for complex
traits are located in non-coding regions|28| suggests that studies of GxE should
also consider non-coding regions.

Several ‘two-step’ approaches have been proposed[62-64] that attempt to improve
the efficiency of GWASs of GxE effects by reducing the number of GxE tests
performed. These methods typically perform a normal GWAS scan for SNP main
effects, and prioritise SNPs for testing GxE effects based on some p-value threshold
from the main effects tests. The validity of this filtering approach depends on
the independence of the main and GxE tests; if the two tests are dependent then
this procedure will cause the GxE test statistics to be inflated. Consequently the
number of tests performed, and thus the multiple testing correction, is reduced.
This approach can be more powerful than performing an exhaustive scan, but is
likely to miss any GxE effects with weak marginal effects[65].

A separate class of methods attempt to detect GxE effects by testing for variance
quantitative trait loci (vQTLs). These methods leverage the insight GxE effects
cause the phenotypic variance to change as a function of the genotype [66} |67]. This
effect is known as conditional heteroskedasticity, and is shown in Figure[I.I] Several

recent studies have applied these methods on biobank scale data[68, |69]. One
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Figure 1.1: Conditional heteroskedasticity caused by a multiplicative GxE
interaction. Differences in phenotypic variance by genotype group (top) and by strength
of the environmental exposure (bottom). The phenotype was simulated using 2000
individuals on the basis of a multiplication interaction between a single genotype (minor
allele frequency 0.3) and an environment (uniformly distributed over [—2,2]). From left
to right; the GxE interaction explained 0%, 20%, 40% of trait variance.

advantage of these methods is that they do not require any data on environmental
exposure, but are consequently less interpretable because they do not identify

the interacting environment.

1.3 Methods

In this section, I provide a brief review of two methods commonly used in additive

genetics that I build upon later on in my thesis.

1.3.1 Bayesian whole genome regression

The LMM in Equation (|1.1]) is mathematically equivalent to the Bayesian whole
genome regression (WGR) model, given by

y=Ca+ X[ +e¢,

B~ N(0,02).
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Here 3 is a M-vector modelling the random effect of each SNP. This form corresponds
to the so called ‘infinitesimal model’, where every SNP affects the phenotype,
SNP effects are normally distributed, and SNP effects have identical variance.
These are implicit assumptions encoded in the usual LMM[36]. Bayesian WGR
models allow a generalisation of the model, using non-gaussian priors to model non-
infinitesimal genetic architecture. This flexibility comes at some computational cost,
as typically the effect sizes can no longer be analytically integrated out. Therefore
Bayesian WGR methods must infer a posterior on [, using either variational
inference or MCMC based methods.

This approach has been applied previously in human genetics [70-75] and by
the ‘Bayesian alphabet® of genomic prediction methods in the animal breeding
literature [76-7§].

The current state of the art WGR model, at least for the purposes of GWAS
of quantitative traits, is BOLT-LMM]|75, [79]. BOLT-LMM fits a whole genome
regression model on genotyped SNPs using a mixture of gaussians prior on SNP
effects. Inference of the latent variables is performed using variational inference,
conditional on hyperparameters that are trained using cross validation. Loh et al.
[75] show empirically that the algorithm runs in O(N'®M) time, for N samples and
M genotyped SNPs. After convergence, the authors perform single SNP hypothesis
testing on a much larger set of imputed SNPs against a residualised phenotype, which
they show empirically to be well calibrated. They show that by using a mixture
of gaussians prior instead of the implicit gaussian prior used by a standard LMM,

BOLT-LMM has increased power to detect associated loci in many complex traits.

1.3.2 Haseman-Elston regression

The first of a growing family of approaches that measure heritability using genotype
array data was ‘genomic relationship matrix-REML’ (GREML)[24], which assigned
contribution of all SNPs to a single kinship matrix (as in Equation (1.2))). This is
commonly referred to in the literature as the single component model. Subsequent

research has shown that the single component model makes assumptions about
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the relationship between MAF, LD and trait architecture that may not hold up in
practice[36,, [80]. There have been many follow up methods, including; generalisations
that stratify variance into different components by MAF and LD [81], approaches
that assign different weights for the kinship matrix |21} 36], methods that replace
the gaussian prior with a spike and slab on SNP effect sizes [82] and methods that
estimate heritability only from summary statistics and LD reference panels |20, 83].

An alternative method used to compute heritability is known as HE-regression.
HE-regression is a method of moments estimator that optimises variance components
(02,02) in order to minimise the squared difference between the observed and
expected trait covariances. HE-regression methods are widely acknowledged to
be more computationally efficient|84-86] and do not require any assumptions on
the phenotype distribution beyond the covariance structure [84] (in contrast to
maximum-likelihood estimators). However, HE-regression based estimates typically

have higher variance [85], thus implying that they have less power.

Assuming a single component model
y ~N(0,07K +021),

optimization of the variance components can be expressed in the regression frame-

work

vec (ny> = o.vec (K) 4 oZvec (I) + €

where vec (A) is the vectorization operator that transforms an N x M matrix into an

N M-vector. In matrix format, this corresponds to solving the following linear system

(u (KK) tr(K )) (0 ) _ (@/}i@/) (1.3)

tr (K) N o
Recent method developments[86, 87] have shown that HE-regression can be

O QN

computed efficiently on genetic datasets with hundreds of thousands of samples
using a randomised approach called RHE. I introduce this in detail here as I have

used this method in combination with my own work in subsequent sections.
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Wu and Sankararaman [86] observed that Equation can be solved efficiently
without ever having to explicitly compute the kinship matrix K by using Hutchkin-
sons estimator [88], which states that tr (4) = E [ZTAZ} for any matrix where z
is a random vector with mean zero and covariance given by the identity matrix.
The proposed method involves approximating tr (K) and tr (K?) using only matrix

vector multiplications with the genotype matrix X with the following expressions

1

1
tr(K) & = > |[X" a3,
M
b

1
WZHXXT%H%
b

@~ W

tr (K2) ~

Thus an approximate solution can be obtained in O(N M B) time, where B denotes
a relatively small number of random samples.
Subsequent work by Pazokitoroudi et al. [87] showed that heritability estimates

for the multiple component model
y ~ N0, 0i K, + Io7)
k
can also be efficiently obtained as solution to the linear system given by

F Y- (9

where

T = tr (K K)) (1.5)
b, = tr (K}) (1.6)
cr =yl Kyy. (1.7)

Using Hutchkinson’s estimator as in the single component model allows the algorithm
to scale in O(NM BK), where K is the number of components used. Pazokitoroudi
et al. [87] also show how covariates can be efficiently projected out of the system,
and how variance estimates can be computed with the block jacknife estimator
without changing the computational complexity of the algorithm. These extensions

are detailed in Appendix [A.2]
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1.4 Thesis outline

Chapter 2 describes the Linear Mixed Model Analysis (LEMMA) method that
I have developed for identifying GxE interactions with a linear combination of
multiple environmental variables. I give a description of the probabilistic model,
followed by the inference procedure and details of the implementation required
to enable LEMMA to scale to biobank scale datasets.

Chapter 3 contains two simulations studies; one that compares LEMMA to
several existing single SNP methods when the phenotype is simulated from the
LEMMA model, and one that compares the same set of methods in a scenario
of model misspecification.

Chapter 4 contains results from applying LEMMA to body mass index (BMI)
and three blood pressure traits using 42 environmental variables and approximately
280,000 white British individuals from the UK Biobank. In a GWAS of multiplicative
GxE interactions, I find three loci with genome wide significant effects. For three of
the four traits I estimate that multiplicative GXE interactions with the ES make
non-negligible contributions to trait variance, and that this contribution to trait
variance is concentrated amongst rare SNPs.

In Chapter 5 I present a novel approach that aims to estimate the same ES
used by LEMMA | but from within the framework of randomised HE-regression.
Such an approach promises to be more efficient.

Chapter 6 contains a discussion on the work presented in this thesis along

with possible extensions of the methods.
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Models that consider environmental variables jointly can be advantageous,
particularly if several environmental variables drive interactions at individual loci
or if an unobserved environment that drives interactions is better reflected by a

combination of observed environments. StructLMM models the environmental

17
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similarity between individuals (over multiple environments) as a random effect, and
then tests each SNP independently for GxE interactions, but does not model the
genome wide contribution of all the markers, which is often a major component
of phenotypic variance.

In this chapter I present a new method called Linear Environment Mixed
Model Analysis (LEMMA) which aims to combine the advantages of WGR and
modelling GxE with multiple environments. Instead of assuming that the GxE
effect over multiple environments is independent at each variant, as StructLMM
does, LEMMA learns a single linear combination of environmental variables with a
common role in interaction effects genome wide. I refer to this linear combination as
an environmental score (ES). One advantage of this approach is that the ES provides
a readily interpretable way to examine the combined effect of many environmental
variables. The ES is estimated jointly with SNP effects within a Bayesian WGR
model and variational inference is used to fit the model.

The LEMMA analysis has several distinct steps. First, the Bayesian WGR model
is fitted using genotyped SNPs. Sections to give a formal specification of the
WGR model, describe model inference and give details of the implementation. Sec-
tion shows how the estimated ES can then be used to estimate the proportion of
phenotypic variability that is explained by GxXE interactions (SNP GxE heritability),
using randomised Haseman-Elston (RHE) regression on UK Biobank scale datasets
[86, 87]. Finally Section details how the ES can be used to perform hypothesis
tests for multiplicative GXE interactions at each SNP in a larger set of imputed SNPs.
[ use “robust" standard errors when testing each variant for a GXE interaction, which

helps to control for the conditional heteroskedasticity caused by GxE interactions.

2.1 LEMMA Model Structure

The usual Bayesian whole genome regression model is given by

y=Ca+ X[ +e¢,
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where y is the centred and scaled N x 1 vector of phenotypes, C is an N x L’
matrix of covariates with fixed effects «, € is an N-vector of residual effects, X is
the N x M genotype matrix normalised to have column mean zero and column
variance one, and [ is a M-vector modelling the random effect of each SNP. I
extend this setup to model multiplicative GxE interactions genome-wide with a

linear combination of multiple environmental variables using
Y =Ca+ Xp+ 27y +e, (2.1)
where

Z = diag (n) X,
n = Ew,
w NN(O,IL)

where F is an N x L matrix of environmental variables that could potentially be
involved in GXE interactions and 7 is a linear combination of those environments
that is learnt in tandem with SNP effects. I use the phrase ‘environmental score’,
or ES, to refer to n throughout this thesis. All environmental variables contained in
E are also contained in C'. The interaction weights w are modelled with a gaussian
prior, but in theory one could consider sparser priors such as a spike and slab.

I place mixture of normals priors on both the main effects and the interaction

effects, given by

ﬁj’)‘& Ug,lﬂ UZ’Q ~ )‘ﬁN(()’ U%J) + (1 - )\B)N(O’ Ué’2>’

2 2 2 2
Vil Ay 041509 ™ MN(0, 07,1) + (1 = A)N(0, 07,2)
and standard normal priors on the covariate and error terms.

elog ~ N(0,07),

aloe, 05 ~ N(0,0007).
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2.2 Variational Inference

For notational convenience let D := {X, E} denote the genetic and environmental
data, 6 = {a, 3,7, w} the set of variables and ¢ = {07, {03 ;}7_1, {02, }i-1, Ag, Ay, 00}
the set of hyperparameters.

The posterior distribution p(0|y, D, ¢), given by

P01y, D, ¢) o< p(yl0, D, ¢) [ [ plewel@) [Tp(w) [Tp(B;, us16) I Tp(v, vs1),

l J

is intractable. The two principal tools available to statisticians to evaluate intractable
distributions are Markov chain Monte Carlo (MCMC) and Variational Inference
(VI) [89]. MCMC methods characterise the posterior distribution using an ergodic
Markov chain that generates samples from that same distribution. MCMC methods
are both asymptotically unbiased and quite flexible, and often all that is required
is to be able to compute the density for a given sample up to a scalar factor.
However, they can also be slow to converge on large datasets or complex models.
Variational inference, on the other hand, generates a biased approximation of the
posterior distribution in a manner that is usually faster and easier to scale to large
datasets [90]. Typically this bias exists only in estimates of posterior variances,
and estimates of the posterior mean are unbiased. As this method is intended
for use on biobank scale datasets with hundreds of thousands of samples, I use
variational inference for model inference.

Variational inference approximates the true posterior p(f|y, D, ¢) with a tractable
alternative distribution ¢(6; ) governed by (variational) parameters v. Typically v
is high dimensional, allowing ¢(#; v) to be highly flexible. The variational parameters
v are then optimized to make ¢(f;v) as close as possible to the true posterior, where

‘close’ is defined in terms of the KL Divergence

KL(alp) = [1og™0 020

where E, [.] denotes the expectation with respect to ¢(#;v). Intuitively, the KL

. _ p(0ly, D, $)
q(0;v)df = —E, llog CJ(Q,V)l

Divergence is a measure of the difference between two distributions. Viewed from
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another perspective, minimising the KL Divergence is equivalent to maximising a

lower bound on the marginal log-likelihood. One can see this by observing

p(0ly, D, ¢)
q(0;v) |’
. p(0,y|D, )]

g _logw + E, [logp(y|D, ¢)]
. p(8,yD, )
q_log q(0;v)

hence as K L(q||p) is always greater than zero we can write

I X0
Fvi0) = tog 2012

As a consequence F(v;¢) is known colloquially as the Evidence Lower Bound

KL(qllp) = —Eq, |log

+1log p(y|D, ¢),

] < logp(y|D, ¢)

(ELBO)[90]. Alternatively, the ELBO can be decomposed into the expected log-
likelihood conditional on the data and the KL Divergence between the variational
distributions and their respective priors

F(v;0) = E,logp(yl0, D, ¢)| + K L(q(0)||p(0]¢))

conditional log-likelihood =~ KL-divergence between prior
and approximate posterior

In this way the ELBO can be viewed as a balancing act between finding configu-
rations of v that explain patterns in the observed data, and forming variational
densities that are close to the prior|90].

To make evaluating K L(q||p) tractable, I use a popular assumption known as
the Mean Field approximation, which assumes that the approximating distribution

factorises. Consequently the approximate posterior ¢(6;v) can be written as
q(0;v) = [T a(ae) [T alw) [Ta(Bs,us) [T alvs. v9)-
c l J J

2.2.1 Coordinate Ascent Variational Inference

Under the mean field assumption, the optimal distribution for the j’th parameter

conditional on all other parameters is given by

q"(0;) o< expE_q,) [log (05105, y, D, 9)] (2.2)



22 2.2. Variational Inference

where E_, g, [.] denotes the expectation taken over all variables except 6; (for clarity,
the standard derivation[91] is provided in Appendix [A.1)).

Until this point nothing has been said about the densities used for the approxi-
mating distributions ¢(#;). In some instances it is popular to simply specify the
densities, for example gaussian distributions are computationally and analytically
advantageous, but this imposes an additional assumption on the inference strategy.
However, when the priors and the conditional likelihood are conjugate the optimal
approximating distribution (as well as optimal variational parameters for that
form) can be simply obtained from Equation . For LEMMA, gaussian and
mixture of gaussian priors are both conjugate priors. Thus the optimal posterior

approximations for the set of latent variables are given by

i) = %BN(M] 155, 1) (1- wﬁ) (M?,Z’SJ/{Q)

)

q(oe) = N(ue, s2),
)
) = @WN(MJ 1) ]1) (1 _@ZJ})N(N},zaslz),

and the set of parameters of the variational approximation is given by

V:{/fl‘wasw7/1‘aa3aa¢ﬁv{“z i= 1’{’3/8}1 17"#77{“‘7 i= 17{8 :1}'

Each Coordinate Ascent Variational Inference (CAVI) update is convex, conditional
on the current estimates for all of the other parameters. CAVI updates can then
be applied in a cyclic coordinate ascent scheme. I refer to one ‘iteration’ as a full
cycle of updates, where every parameter is updated once. Analytic updates for

each of these variational parameters are given below.
V1 parameter updates
In the following updates, I make frequent use of the following intermediate variables

Ym = Ca + XB)
= X7,

n = Ew.
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These are not just for notational convenience; keeping copies of these variables

updated is a frequently used trick in whole genome regression algorithms that reduces

the cost of each CAVI iteration from O(NP) to O(N). I also use X_; to denote the

matrix X excluding the j’th column, and 3_; to denote 8 excluding the j'th element.

Updates for ¢(5;)

I provide a derivation of the update for ¢(53;) as an example. Derivations of the

other updates follow by similarity.
The CAVI update scheme (see Appendix [A.1)) states that

q"(0;) o< expE_gq,) [log p(y|0;, 05, D, ¢) + log p(3;)] (2.3)
The conditional log likelihood can be written as
1
logp(y|ﬁj’ 0—j7 D’ ¢) = _T"Q (||X]||%5]2 - 2X3Tyresid, -jﬁj) + CTLSt, (24)
where Cnst is a constant independent of 3; and
yresid,fﬁj =Yy —- Ca — X*jﬁ*j - dlag (77) X7
Substituting eq. (2.4) into eq. (2.3) yields
) o< exp (E_g(0,) [log p y|ﬁg79—g,D 6)]) exp (E_qq0,) [log p(5;)]) (2.5)
X;
= exp ( H H2 XTE—q(O i) [yremd J] ﬁ]) exXp <E7q(9j) [Ing(ﬁj)]) s
(2.6)
X; 1
= ( T ||2 X E40)) [Wresia, 5] ﬁj) exp (log p(5;)) , (2.7)
1
—ox (- ”2 g"w 2 XTE0) i 515 ) (5. 25)

where eq. (2.7)) follows because the prior on f; is indepedent of §_;. Recall that

the prior on f3; is given by

p(B;) = AsN(B1;0,0%5 1) + (1 = Ag)N(8};0,0% ),
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and note that

pPl|— HXJH%52 + i)(T]Efq(O) [yresid -j] 5]' (5]? 0 0-,8 z) = €Xp N2 2 N(ﬁ]ay’ (2l z)
252 11T g27 i ; 23]-7 o2, 5iir 9,
(2.9)
where
B = o for i =1,2 (2.10)
PGB+ o2/ od, ’ ‘
3 S T
Wi = 032 X E g5 [yresid,fﬁj] ; fori=1,2. (2.11)
Therefore we can rewrite Equation (2.8) as
X (N;ﬁn)? J,
q"(0;) x \gexp 5.7 p N(ﬁj,uﬂ, ]1)—1- (2.12)
4,1 B;1
(M52)2 2
1— Xg)exp | 2 232N (Br i, 2.13
( 5) p( 25?72 052 (6] lu]2 ]2) ( )
= YN (B3 1, 851) + (1= OIN(Bji 112, 55). (2.14)
5y Hj15 551 70 15,25 25,2

For ¢*(#;) to be a valid distribution the mixture component ¢ must sum to one.

Therefore we obtain

2 sP
A €xp (wjé) ) 4=

b= o (2.15)
Ag exp Wy o + (1 — Ag) exp (135)° 2
B 2851 0271 55’2 0123,2
For convenience of notation, I rearrange Equation (2.15]) to yield
ﬂ B N2 B 2
@D = logistic | logit (A\g) — flog B’l ; + (u]g) — (MJ’§> .
s] 1052 2554 255
Therefore, the update equations for ¢(/;) can be summarised as
q(8;) = VN (Bl s50) + (1= 0 )N (Bjl152, 575).
2
B O¢ .
85, = , fori=1,2
T IXG1E + o2/ oh
5 $5. .
Hji = (:2 X] ]E,q(/jj) [yresid,—ﬁj] ) for i = ]-7 2

_ Lo (ohasin) | (W) (u)s)?
B isti i B.1%5,2 1 2
Y} = logistic (loglt (As) 210%( 5 ) + -3 ’

3
$j193,2 2551 2555
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where

Yresid,—B; = Y — Ca — X—jﬁ—j - dlag (77) X’%

E_q() [yresid,—ﬂj} =y — CE;[a] — X_;E, [B-;] — diag (Eq [n]) XE [7]

Updates for ¢(v;)

q(v;) = VIN (jlif 1, 551) + (L= IN (V5118 25 572),

v oz
sl, = € , fori=1,2
8 E—qm [11Z;113] + 02 /0% ;
;= a]; XTE,q () [dlag( )yresid7_w} , fori=1,2
Lo (9382 | (50)?*  (uge)?
7 = logistic ( logit (\,) — = log | =122 L 2
Y] = logis 1c<og1 (Ay) 5 log (3;{103,2 + 257, 257, )
where

Yresid,—y; — Y — Ca — Xﬂ - dlag (77) X—j’y—j’
E (s, |diag (1) Yresia,, | = diag (7) (y — §n) + diag (112) X B, [y-]
E—qtv) {HZH} ZE [ ijMi) j|7

= ZE wz wz' ZXEJ-ENEW
Ll

Z Var, (w Z Xf]Efl

Naively recomputing the expected L2-norm of Z; for every CAVI update would
cost O(NL?). Instead I precompute ;3 l,X EyEy for every 1 <1l <l' <L
and 1 < j < M, which is an O(NL?) operation but need only be computed
once. Therefore the cost of the expected L2-norm of Z; is O(L?) and the cost
of the CAVI update is O(N).

Updates for ¢(w;)

q(wl) = N<wlm;l}’ 3}1})7

2

O¢

atwy [ Bill3] + o2’

s}”:

M}U = Zlg E*‘](wl) [BlTyreSidv_wl} ’
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where

B = diag (Xv) E,
Yresid,—w; = Y — Ym — dlag (ym) E—lw—ly
E—q(wl) [BlTyresid,—wz] - Elelag (Qa:) (y - gM) - Elelag (gi) ﬁ—l

— Z Varg (v;) > By [wi] Y EqEw X7,

j V£l i
E—ywn) |IBilf3] = 3 Eegun) |[(Buge)’]

= Z E29? + Z\/arq (v5) Z Elefj
% J %

Naive computation of E_ ) [BlTyresid7,wl} and E_ () [||Bi][3] would cost O(NML)
and O(NM) per CAVI update respectively. However given precomputation of
> Elefj for 1 <l <l'<Mand1<j< M (similar to updates of 7;), these

calculations can be performed in O(ML) and O(M).

Updates for ¢(a.)

qlae) = Naelpg, s2),

0.2

e T 1ozt (N—1)
o _ Se
He = EEZ]E—q(aC) [yresid,—ac] 5

where

Yresid,—a. — Y — C,CO(,C - Xﬁ - dlag (ﬁ) X77

E_y(ae) [yresid,fac] =y - C_E, ] — XE, (8] — diag (1) F-

2.2.2 Evidence lower bound

Variational inference involves maximising the evidence lower bound (ELBO) F(¢; v)
on the model log-likelihood log p(y|D, ¢). The ELBO can be separated into the

expected conditional log-likelihood and the KL divergence between the variational
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distribution and the respective priors. This is given by

F(p;v) = Ey [logp(yl0, D, ¢)] — KL(q(6; v)|[p(0]9)),
= E, [logp(y|0, D, ¢)] — Eq [log q(0; v) — log p(0]¢)] ,

= E, [logp(y|0, D, ¢)] — ZE [log q(6;; v;) —log p(6]¢)] ,

= E, [log p(y[6. D, )] ZKL (055 v)|Ip(65]9)). (2.16)

The expected conditional log-likelihood is given by

N
E, [log p(yl0, D, ¢)] = = 5 log(2ma?)
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For two univariate gaussian distributions u ~ N(0,0%) and v ~ N(u,s), the

KL Divergence is given by

s+ p?
202

KL(v]lu) = — ~ loa(0?) + log(s) -

The KL Divergence between two mixtures of gaussians is not analytically tractable.
However the matched bound approximation |92] can be used to provide an upper
bound when both have the same number of components. Thus for two mixtures

of gaussians given by

u~ MN(0,07) + (1 — A)N(0,03),

v~ PN (p, s1) + (1= )N (2, 52),
the matched bound on the KL divergence is given by
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Use of the matched bound approximation retains a valid variational algorithm,
because it maintains the bound on the KL divergence|93]. Substituting these KL
divergences into eq. (2.16]) yields the full ELBO

Flov) =~y log(2n0?)
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2.2.3 Hyperparameter maximisation

For whole-genome regression methods using variational inference|71-73, [75], the
core variational inference updates are typically very similar up to the choice of
prior over SNP effects. There is however some diversity in the strategies used to

optimise the hyperparameters, which for LEMMA are given by

Qb {O- {O-Bz = 17{0 jaJi= 17/\57)\’770-04}
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Some authors have essentially performed a grid search over possible hyperparameter

combinations, using either predictive mean squared error [75] (ie cross-validation)

or the approximate log-likelihood|73] to choose the optimal hyperparameter val-

ues. Others have optimised the hyperparameters within the variational inference

framework, using either unconstrained maximisation of the ELBO[72] or penalised

maximisation having placed priors on the hyperparameters|71] (sometimes known

as hyperpriors).

For LEMMA, T set 02 to a large constant (1000) to create a flat prior on covariate

effect sizes. This is similar to the unconstrained maximisation on covariate effect sizes

used by Logsdon et al. [72]. A grid search over the remaining seven hyperparameters

would be computationally demanding, both because the set of hyperparameters

is larger and because LEMMA cannot efficiently perform multiple runs in parallel

as done by Loh et al.[75]. Instead, I perform unconstrained maximisation of the

ELBO with respect to the hyperparameters in a similar manner to that proposed

previously[72]. In this manner, the LEMMA approach can be viewed as a variational

expectation maximisation algorithm [94] 95].

Partial derivatives of the ELBO F(¢;v) with respect to the seven hyperpa-
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rameters ¢ are given by

OF v (1=
aAﬁ_Z(Aﬁ 1—>\; )

J

OF :Z% 1 +sﬁ1+(u§f1)2
3 ; 2 0}?,1 (0%71)2 ,

doj 4
OF _ -1ty (L $hat (o)
003 ] 2 0% (032)?

oF _ (3 (1—@[’7)>

I\, A, 1=,

oF _ Z% (_ 1 N )1+ (u],1)2> |

80371 T 2 0371 (0,2%1)2

OF _ 1= (_ L s +2(u},2)2>’

807,2 j 2 0-7,2 (07 2)2

OF N 1 L

=— - X X3 -

507 203 + 20 E, [|ly — Co— X3 — diag(n) X~|[3] 23t

202 > (s +( ) .

Setting the partial derivatives to zero yields the hyperparameter maximization steps
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2.2.4 SQUAREM accelerator

Similar to the EM algorithm, the hyperparameter maximization step can lead
to slow exploration of the hyperparameter space and thus to slow convergence
of the LEMMA algorithm. I use an accelerator, SQUAREM [96], to speed up
convergence. Given two estimates of the hyperparameters ¢; o and ¢; 1, the

maximised estimate ¢, can be adjusted as follows

Ot(vr) = o — 20, A1 + U?A2¢t7

where Agy_1 = ¢y_1 — 4o and A%¢, = ¢y — 2¢4_1 + P4_o. Thus the new adjusted
estimate &t(vt) is a continuous function of the step size v;, which yields the original
estimate ¢; for v; = —1. As recommended by Varadhan and Roland [96] I set
v; = min(—1, —||A¢;_1][3/]|A%¢¢||3). Occasionally this leads to a parameter state
with worse ELBO than the previous state, yields an estimate that is either outside
of the domain of ¢ or causes numerical instability if the change in o2 is particularly
large (ie from ¢ = 0.8 to 02 = 0.1). To solve the later two issues I use a simple
backtracking method of halving the distance between v; and —1 until the proposed
change in o2 is less than 0.05 and &t(vt) is within the proper domain. To account
for the former issue I simply judge model convergence when the absolute change
in ELBO drops below a given threshold. I judge the algorithm to have converged
when a full pass through all variables yields an absolute change of less than 0.01

in the aproximate log-likelihood (ELBO).

2.3 Implementation and computational efficiency

I implemented the LEMMA algorithm in C++, using a number of steps to improve
computational and memory efficiency including parallel computing with OpenMPI,
use of the well optimised Intel Math Kernel Library, compressed data formats,
precomputation of some SNP-environment correlations (detailed below). I also take
advantage of vectorisation using SIMD extensions in a manner similar to previous

methods [75], [79], however, this is simply a matter of using the right compilation flags.
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As no code was provided for the multi component model by Pazokitoroudi
et al. [87] and the code provided by Wu and Sankararaman [86] does not contain
extensions to multiplicative GxE I included my own implementation of the multi

component RHE method within the LEMMA software package.

2.3.1 Computational efficiency

Using mean field variational inference, estimation of the posterior means of the
variables [3,~,w can be reduced to an iterative algorithm that cycles through the
variational parameters sequentially, updating each conditional on the values of
the others. Taking the main effect of the j'th SNP as an example, the update

scheme for ; can be written heuristically as

Bj - X]Tyresidy (217)
BA; = regularise(3;; ¢'), (2.18)
yﬁesid - yllze_s}d - (B; - B;_I)XjT (219)

Equation computes the correlation between the ;7 SNP and the residual
phenotype vector. Equation computes the posterior mean of 3; which depends
on the correlation with the residual phenotype, the prior on 3; and the current
hyperparameters. Finally Equation updates the residual phenotype vector.

CAVI is not an algorithm that lends itself naturally to parallelisation because it
specifies that each posterior update should be computed in serial. For each update,
the majority of computational time is spent on the dot product in Equation (2.17)
and updating the residual phenotype in Equation . Both are O(NN) BLAS Level
1 operations, which implies that memory access is often the principle bottleneck
rather than the number of cores available. It is possible to step up to BLAS Level
2 by updating a block of SNPs in parallel (and performing adjustments with the
covariance of that block of SNPs to obtain updates equivalent to treating each
SNP one at a time) [75], however this is still a memory bound operation. Instead
I use a parallel computing strategy suggested by [97] for use in whole genome

regression, and subsequently used by [82], to compute the dot product and perform
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the residual update in parallel using OpenMPI. Briefly, I partition the samples such
that blocks of rows of the phenotype y, genotypes X and environmental variables
E are assigned to each core. For a given update step, each core calculates the dot
product for the locally held block of samples and then shares the local dot product
with the rest of the network. From this, the dot product for the entire cohort can be
reconstructed cheaply. After computing the posterior mean, each core then updates

the residual phenotype for the block of samples stored locally.

2.3.2 Missing data

Samples with missing data in the phenotype, environmental variables or covariates
are excluded. Missing genetic data is imputed to the mean dosage of that SNP.
Excluding samples with missing data could lead to a reduction in samples
size if many environmental variables are included. When the amount of missing
data is small this should not pose a problem. In cases when the amount of
missing data is significant then data imputation methods could be applied as a
preprocessing step. These methods can range in sophistication from mean imputing
each variable independently, to PCA based methods that use covariance of the
phenotypes, to methods that leverage covariance of both genetic and phenotypic
data[98]. If LEMMA is applied in situations where the missing data structure is
related to the phenotype of interest then simply excluding missing data could

cause bias in the results.

2.3.3 Precomputed quantities

To improve computational efficiency of updates for w; and +v;, I precompute
S S X5 EgEy for every 1 <1 <1’ < M and 1 < j < M. This has a one
off cost of O(NML?), but is embarrassingly parallel over SNPs so is feasible to
compute on biobank scale data with tens of environmental variables on a cluster. I
do this with a separate binary written in C++ which produces a (compressed) text
file that LEMMA can read from during setup. For analyses of different traits using

the same set of environmental variables this need only be performed once.
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2.3.4 Parameter initialisation

I initialise the variational mean parameters of the SNP effects 5 and v at zero and
the mean parameters of the environment weights w at % (ie a uniform weighting).
Mean parameters of the covariate effects o are initialised at the least squares fit

of the covariates on the phenotype.

2.3.5 RAM usage

Naively storing the entire N x M centred and scaled genotype matrix in RAM
would be hugely expensive for biobank scale datasets (approximately 730 gigabytes
of RAM for 280, 000 participants and 650,000 SNPs using single precision floats).
To reduce RAM usage, LEMMA stores a compressed version of the genotype matrix
using N M bytes. To do this LEMMA splits the interval [0,2] into 2® segments and
stores the index of the segment that each dosage falls into, as well as the mean and
variance for each SNP. Then when operating on a SNP, LEMMA reconstructs the
centred and scaled dosages for that SNP. This approach is similar to that used by
the BGEN data format [99] and results in a small loss of accuracy, but is more
flexible that assuming dosages are hardcoded to {0, 1,2}.

To describe this explicitly, let M be the compressed dosage matrix, Jyxas an
N x M matrix of ones and w be the width of the segment (w = 2/28). Then the
reconstruction of the j'th column of X is given by

X i w(Mj + 1Jnx1) — colMeans(D);
J colSds(D); '

2.3.6 Controlling for covariates

Unlike in BOLT-LMM (75|, it is not possible to efficiently project covariates out
of the model (y, X, Z), because the multiplicative interaction matrix Z changes
after each full cycle of VI updates. Instead LEMMA models covariate effects

within the variational framework with a gaussian prior. The variance of this prior

2

- = 1000 so the prior provides little penalisation of

is fixed at a large value o
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covariate effect sizes. This is roughly equivalent to the unconstrained maximisation

approach used by Logsdon et al. [72].

2.4 Partitioned heritability estimation

Originally I investigated heritability estimation using the output of the LEMMA

VI method using the formula

2 S% Var (3)
hy = Var () S% + Var (y) S + 1’ (220)
S% Var, (3) (2.21)

~ Var, () S% + Var, (v) S + 1

where Var, () = 5\55/2371 +(1—- 5\5)6;2, Var, (7) = A\62, + (1= \,)62,, S% =M

5,25
is the sum of column variances of X and S% is the sum of column variances of Z.

There is some evidence in the literature that this should be a sensible approach.
The first bayesian whole genome regression method to estimate heritability [73]
(known as BVSR) implemented a model with a spike and slab prior on SNP effects,
used VI for model inference and a similar formula for heritability. A follow up
paper from the same group|74] compared BVSR with a new model BSLMM that
used MCMC along with a mixture of gaussians prior on SNP effects. The authors
were able to show that BVSR produced accurate heritability estimates in traits
with a sparse genetic architecture but underestimated heritability as traits grew
more polygenic, whereas BSLMM was accurate in both scenarios. The authors
suggested that the poor performance of BVSR was due to the assumptions of
sparsity inherent in its spike and slab prior.

However, I found that even with a mixture of gaussians prior, in simulation
LEMMA still underestimated heritability in polygenic scenarios [results not shown].
I suggest that this tendency to underestimate heritability in polygenic scenarios is

actually due to the mean field assumption. This can clearly be seen by substituting
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—

the hyperparameter maximisation steps from Section [2.2.3| into Var ()

>

Var (5) = A21+(1 Aﬂ)am,

— (w (s + (52)%) + (1= ¥ (s)s + (1)) »
; (5]

E

E

It is well documented that one drawback of the mean field assumption is that it
causes variational inference algorithms to underestimate the variance of variables
[90]. Thus Var, () is therefore likely to underestimate Var () and hence this
approach will underestimate hf].

Lending strength to this argument, a more recent method[82] has subsequently
shown that accurate heritability estimates can be obtained in a whole genome
regression method with a spike and slab prior and MCMC inference. As far as I
am aware, the fact that using VI causes whole genome regression methods to be
inappropriate for heritability estimation has not been explicitly acknowledged in the
literature. Finally I note that previous work has suggested that for estimation of
SNP main effects, VI and MCMC frameworks have produced equivalent results [75].

Instead I use both single component and multi component implementations
of the recent method called Randomised HE-regression (RHE)[86], 87| to esimate
partitioned heritability attributable to additive genetic and multiplicative GxE
effects. This has been introduced in Section [1.3.2] Briefly, the single component

method estimates variance parameters (03,02, 07) from the model

v e

y~ N (Ca, 0Ky + 02 Ks(i) + 02T, (2.22)

where K; = XXT/M, Ky(w) = diag(n) XX*diag (7)) /M and /) = Ew@. Co-
variates C' are projected out of the system using the residual maker matrix

W =1 - C(CTC)~'C". Estimates of 03,072,072 are obtained by solving the

following system of linear equations
tr (WKWK W) tr ( WK\ WEK,W) tr (WK, W) O'% yIWEK, Wy
2
7

o (WEWEK,W) tr (WEWEKW) (WKW | |02 | = | "W KWy
tr (WK, W) tr (WK,W) tr (W) o2 yTWy
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When applying RHE to estimate heritability of multiplicative GxE effects with 7, I
make one adjustment to the basic method (see Section [1.3.2)). The usual equation

for converting variance components to heritability, given by

relies on the assumption that sum(Ky) = 0 and tr (K) = N [36], which is satisfied
when X}, is standardised to have column mean zero and variance one. Both 7
and X are standardised to have column mean zero and column variance one, so
the Ky(w) will also satisfy sum(K3) = 0 and tr (K3) = N in expectation if the
covariance between 7 and each SNP is zero. To satisfy sum(K5) = 0 more explicitly,
I include an intercept amongst the covariates that are projected out of the system.
Finally tr (K3) is already estimated as part of the inference process. Thus variance

components can be converted to unbiased heritability estimates using the equations

tr(K1) A2
2, = e
tr( K.
ali sz (N2> 52 57
tr(Kz)
Bé 5= N G$E
X tr( K.
(N) + (Nz) GmE+02

2.5 Single SNP hypothesis testing

Posterior mean estimates of B,’y and 77 = Fw are obtained after convergence of
the LEMMA variational inference algorithm. From these I construct residualised

phenotypes following a Leave One Chromosome Out (LOCO) scheme;

Yresia-Loco = ¥ — Cé — XrocoBroco — diag(7) XLocoYLoco-

Xroco denotes the genotype matrix excluding SNPs on the same chromosome
of the test SNP, and f[roco and yoco are constructed similarly. Whilst it is
computationally feasible to leave out only the region of interest, I use a LOCO scheme
both for simplicity and to match current convention in the genetics literature[25,
100]. Using a LOCO scheme has been shown to increase power in LMMs as the
effect of the test SNP is conditioned on the effects on a large proportion of the
rest of the genome [25, |100].
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For each imputed SNP, I then perform hypothesis tests Siest 7 0 and Yiess 7 0
using the linear model
Yresid-LOCO = TtestBrest + (7 © Trest ) Veest + €,
= H71 +e¢,
where H be formed from the column-wise concatenation of [Ziest, ] © Ttest] and 7
is the corresponding vector of fixed effects. Assuming that ¢ has mean zero and

covariance matrix €2, the standard OLS estimator can be used
# = (HTH) ' Hy,

which (under certain regularity conditions) is asympototically normally distributed
with mean 7 and variance Var (7). By assuming the residual phenotype is ho-

moskedastic, that is that € = 621, the usual variance estimator is given by
Var (7) = 6*(HTH) ™.

Almli et al. [101] have previously observed that GxE interaction tests are likely to
suffer from conditional heteroskedasticity, and hence the homoskedastic variance
estimator is likely to underestimate the true variance [102]. I give a detailed
explaination of this phenomenon in the next section.

To overcome this I use robust standard errors, alternatively called Huber-White,
sandwich or heteroskedastic-consistent errors [103, [104], that are standard tools
in economics [105] and have previously been proposed for use in GXE interaction
studies [101} 106, [107]. T further include a small adjustment that reduces bias in

small samples |108]. This yields the variance estimator
Var (7) = (HTH) '"H"SH(HTH) ™,

A A 22
where Y is a diagonal matrix with ;; = (I_ET)Q, where € = y — HT and h =

H(HTH)'HT. Hence our GxE test statistic is given by
,S/tZest
Var (/S/test)
and under the null hypothesis is asympototically distributed as x?. As main effects

tests are not sensitive to assumptions of heteroskedacity in the same way that GxE

tests are [101], I use a simple t-test to test the hypothesis Sies; 7 0.
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2.5.1 Robust standard errors in GXE Studies

Figure shows how a multiplicative GxE interaction effect on a quantitative trait
can cause the conditional trait variance given an interacting SNP Var(Y|go) to
differ according to the interacting SNPs genotype. This is known as conditional
heteroscedasticity and is the key insight behind several recent methods to detect
SNPs with non-zero GXE effects in the UK Biobank [68, 69].

In the same figure, we can observe that the conditional trait variance Var(y|FE)
also displays signs of conditional heteroskedasticity. Previous studies [101] have
observed that methods that assume homoskedasticity can display substantial
inflation when testing for GxE effects at SNPs where there is no true GxE effect.
In simulations, I observed that inflation of GxE tests statistics from LEMMA-S
and the F-test, both of which assume homoskedasticity, increased with SNP-GxE
heritability. Below I give an explanation for this phenomenon.

Consider a polygenic quantitative trait Y that has multiplicative GXE interac-
tions with the same environmental exposure F at multiple SNPs

M M
Yy = ae; + Z B9 + Z vj€igij + €
j=1 j=1
where the coefficients represent true effects. For simplicity I assume that £ and
SNPs G are normalised to have mean zero and variance one, that the set of
with all causal SNPs {E} U{G; : 5; # 0} is pairwise independent and that the
influence from population structure is negligible.

Suppose E has been identified as an environmental variable that may plausibly
have GxE interactions with the phenotype and we then conduct a GWAS for
GxE effects. Then at the k’th SNP we wish to test the hypothesis v # 0 in

the following linear model

Y=o+ GpfBr + E - Gy + u,

= X7+ u,
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where in the second line 7 = (ag, Bk, %)? is the vector of coefficients from the
model fit of SNP £, and X is the corresponding design matrix encapsulating all
fixed effects. Here u is a random effect that captures
u= ) (G;f; + EGyy) + e, (2.23)
J#k
all of which are unobserved. Further assume that E [u|X] = 0. Then the usual least

squares estimate of 7, 7 = (X7 X)~' X7y, has asympotic distribution

7 — N (7, Var (7)),

where
Var (#) = Ex [Var (7| X)] + Vary (E [#|X]),
= Ex [Var (7| X)] + Vary (1),
- ]EX [Var (%lX)] )
and

Var (7| X) = Var (7‘ + (XTX)_lXTu|X) :
= (XTX)Var (X"u|X) (X"X) 7.

The usual approach is to assume homoskedasticity, which yields the standard
variance estimator Var (#|X) = o(XTX)~!. However, given the functional form of

u from Equation ([2.23)), we can show that the conditional variance is given by

J#k
=Y Var(8;G;) + > Var (v;eG;) + 2> Cov (8;G;,7;eG;) + o,
7k 7k 7k
+ Z Cov (ﬁjij Bme) + Z Cov (/yjeij ereGm)
J#Ekm#k j#k,m#£k

=2 (Bi+ew) + ol
J#k

Var (U|E =6 Gy = gk) = Var (Z (Gjﬁj + €Gj’}/j) + 6) ,

where the covariances in the second line are all zero due to pairwise independance

of the set {E}U{G, : B; # 0} and Var (¢) = o2. Thus the conditional trait variance
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will vary depending on the strength of environmental exposure either if there are
a few SNPs with GxE interactions of large effect or if there are many SNPs with
small yet non-zero interaction effects, and in either case homoskedasticity is unlikely
to be an appropriate assumption. As noted earlier, the Huber-White variance

estimator|104] is a standard way to correct for this issue[105].

2.6 Discussion

In this chapter I have suggested a new method for characterising gene by environment
interactions in biobank scale datasets with multiple environmental variables. The
method estimates a linear combination of those environments (which I refer to as
an environmental score; or ES) that interacts with a polygenic risk score. Both the
ES and the polygenic risk score are modelled jointly. Interaction weights used to
construct the ES can then be interpreted to discover which environmental variables
are involved in GxE interactions, or the ES can then for single SNP hypothesis
testing or in heritability estimation.

LEMMA is designed to be a method that runs on biobank scale datasets. The
per-iteration complexity, O(N M), is independent of the number of environmental
variables; however, there are no theoretical guarantees on the rate of convergence.
This is tested empirically in simulation in the next chapter. Use of OpenMPI means
that RAM (complexity O(NM)) is limited only by the size of the cluster. OpenMPI
should also help to make LEMMA computationally tractable for biobank scale
datasets. Again, this is tested empirically in the next chapter.

LEMMA uses a mixture of gaussian priors to model SNP effects, a gaussian prior
to model covariate main effects and a gaussian prior to model the interaction weights.
A mixture of gaussians prior on SNP main effects has been shown to improve power
to detect associated loci in GWAS|75], depending of the genetic architecture of the
trait in question. Through maximisation of the hyperparameters, LEMMA has
the flexibility to approximate a gaussian prior on SNP effects if the mixture of
gaussians prior is not appropriate. The primary purpose of the gaussian prior on

interaction weights is to make the model identifiable rather than to provide much
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shrinkage (due to the fixed prior variance). Future improvements could explore
using a sparse prior, such as a spike and slab, to provide more shrinkage.

At the core of this method is a hypothesis that if two loci have GXE interaction
effects and we know that which environment (or combination of environments)
drive GXE interactions at the first, then the same (combination of) environment(s)
is likely to be relevant in GxE interactions at the second locus. LEMMA takes
this assumption to the extreme by assuming that any SNPs with GxE effects
will interact with the same ES. The simplest way to relax this assumption would
be to partition SNPs into groups (perhaps based on annotations) and learn a
single ES for each group. Learning more than one ES per group would be a more
complex generalisation; as it is not clear if additional modelling assumptions (such

as orthogonality of the different ESs) would need to be enforced.
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This chapter starts by comparing the performance of LEMMA against three
existing methods using synthetic data where the phenotype is simulated according
to the LEMMA model. In the second half of this chapter, I use simulated data to
evaluate how all four methods perform in scenarios of model misspecification; where

the phenotype depends non-linearly on a heritable environmental variable.
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3.1 Method Comparisons

I compared LEMMA with three existing single-SNP methods that jointly model
multiplicative GxE interactions with multiple environments. The first, StructLMM
[55], is a recently published method that adopts a linear mixed model framework to
test for and characterise loci that interact with multiple environmental variables.
The second and third methods, which I refer to as the F-Test and the robust F-Test,
similarly test for loci that interact with multiple environmental variables, but use

standard techniques from linear modelling theory [105].

3.1.1 StructLMM

StructLMM [55] is a single SNP method that builds upon Linear Mixed Modelling
theory used commonly in GWAS, using the random effects term u that is normally
used to model genetic similarity to instead model environmental similarity between
participants. As StructLMM does not account for genetic similarity with a kinship
matrix, population structure is controlled for by including genetic PCs as covariates.
This means that StructLMM does not benefit from the usual power boost that
conventional LMMs applied to GWAS get from implicitly conditioning on other
causal loci[25]. The StructLMM GxE interaction model is given by

Yy~ N(C/O/ + thestﬁ, UéXEdlag (Itest) Edlag (Itest) + 0‘32 —+ 0'721_[)7 (31)

where C” is the matrix of covariates with fixed effects o, xi; is an N-vector
containing the dosage of the focal variant, ¥ = EE” is the N x N environmental
similarity matrix and F is the N x L matrix of environmental variables. For
continuity with previously introduced notation, I use C” and o' to distinguish
between the matrix of covariates including environmental main effects introduced
as C' in Section 2.1 and the covariate matrix that excludes environmental main
effects used here.

StructLMM then tests the null hypothesis 02,z = 0, using the score-based
variance component testing framework proposed by the Sequence Kernal Association

Test (SKAT) method [109]. This approach is computationally advantageous as
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it only requires the null model to be fitted. However even fitting the null model
is prohibitively expensive in large samples due to the dense N x N covariance
structure. Hence the authors additionally adopt methodological developments
from the Fast-LMM method [100] which leverages that fact that ¥ is low rank
to perform a single spectral decomposition that allows hypothesis testing to scale
linearly in the number of samples.

Finally I note that although StructLMM is also able to perform a joint test that
jointly tests for non-zero main and interaction effects at each SNP, I only use the

interaction test in the following section for compatibility with the other methods.

3.1.2 F-Test

The StructLMM model in Equation (3.1]) is mathematically equivalently to the

Bayesian linear regression given by

Yy = C/O/ + xtestﬁtest + EaE + Ttest © FEw + €, (32)
Fixed effects Random effects
0.2
ap ~ N(0, TE)’ (3.3)
0.2
w ~ N(0, %‘E), (3.4)
e ~ N(0,021). (3.5)

Dropping the priors on ag and « allows Equation (3.2) to be written as a linear

regression model
Y = O+ Tiest Brest + diag(rest) By + €, (3.6)

where € is the (unobserved) residual vector and C' = [C', E].

The alternate hypothesis Hy : v # 0 jointly tests for evidence that the
combination of L environments have significant multiplicative GxE effects, and is
analgous to the interaction test used by StructLMM. For notational convenience
let H be formed from the column-wise concatenation of [C) Zyest, diag(xies ) E] and

7 is the corresponding vector of fixed effects. Assuming y is homoskedastic so
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that e is Gaussian with mean zero and covariance ¢2] means that the standard
F-test can be used. The test statistic is given by

(R)T(R(H"H)"'R")"'(R7)/L

A~ )
0-2

Eest =

where R is a binary matrix such that R7 =~ and 7 is the least squares estimator
given by (HT H)~'H™y. Under the null hypothesis v = 0, Fios follows an Fy, —do,N—dy
distribution, where d; is the column rank of H and d; is the column rank of
H under the null hypothesis.

Moore et al. [55] do compare against the linear model given in Equation (3.6)),
but use different inference procedures. In their first approach, which the authors
refer to as ‘SingleEnv-Fenv‘, each environment is tested indepedently for GxE
association with the alternate hypothesis w; # 0. A joint p-value that corresponds
to an alternative hypothesis of at least one environment having significant GxE
effects is then constructed by taking the smallest p-value (from testing w; # 0)
and performing a Bonferroni correction. As one might expect, this incurred a
substantial multiple testing burden and performed poorly against StructLMM][55],
especially when a combination of several environments is required to represent
the true environment driving the interation. For their second approach, refered
to as ‘MultiEnv-Fenv‘, the authors use both the score and the likelihood ratio
tests (LRTS) to test the joint alternate hypothesis w # 0 using L degrees of
freedom. The authors results show that ‘MultiEnv-Fenv’ was miscalibrated, but
that calibration improved as sample size increased, in simulations with 1000, 2000
and 5000 samples. I note that the score and LRTs depend on asymptotic results
(ie the null distribution holds as sample size tends to infinity) whereas the F-Test
is analytic. Further, 5000 samples is small compared to sample sizes available in

modern genetic datasets such as the UK Biobank.

3.1.3 Robust F-test

The theoretical argument presented in Section [2.5.1] suggests that when performing

hypothesis tests with single SNP GxE effects, the residual variance will become
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increasingly heteroskedastic as GxE heritability increases. Thus assuming that
Var (¢) = 02 may be unwise. Instead, the robust Huber White[104] variance
estimator can be used (in a similar manner to that of the LEMMA test statistic).

Let Var (¢) = Q. Then under the null hypothesis, the least squares estimator

4 = R(HTH) 'H"y has asympototic distribution
¥ ~ N(0, Var (%)),

where Var (§) = R(HTH)"'HTQH(HT H)'RT. Using the Huber-White[103, [104]

variance estimator results in the test statistic given by

Fropust = (R T(R(HTHY "H™QH(HTH) ' R")"Y(R#),

where ) is a diagonal matrix with ; = %, é=y—H7and h=HH"H)'H.
Under the null hypothesis, Fiobust iS asympototically distributed as X?zg where d3 is
the rank of HRT. Although this technically does not make use of the F-distribution,
I refer to this as the robust F-test to make clear that it is analagous to the F-test

but uses slightly different assumptions.

3.2 Baseline simulations
3.2.1 Data simulation

In all simulation studies I used genetic data subsampled from genotyped SNPs in
the UK Biobank[110], drawing SNPs from all 22 chromosomes in proportion to
chromosome length and using unrelated samples of mixed ancestry (N = 25k; 12500
white British, 7500 Irish and 5000 white European, N = 50k; 29567 white British,
7500 Irish and 12568white European, N = 100k; 79567 white British, 7500 Irish
and 12568 white European; using self-reported ancestry in field f.21000.0.0). All
samples were genotyped using the UKBB genotype chip and were included in the
internal principal component analysis performed by the Uk Biobank. Environmental

variables were simulated from a standard Gaussian distribution.
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Phenotypes for the baseline simulations were all simulated according to the
LEMMA model. More formally, given a set of parameters

{h3, e, Ny M, Meansal, Gy Meausal, Gxi L, Lactive } €ach phenotype was constructed as

ylape,, Bi, Ba; 1y, M, € = PCrape, + X (81 + Ba)
+diag () X(m +72) + €
njw = Ew,
e ~N(0,1),

where X represents the N x M genotype matrix after columns have been standardised
to have mean zero and variance one, PC' is the first principle component of the
genotype matrix and E is the N x L matrix of environmental variables. In all
simulations ape, was set such that PCiape, explained one percent of trait variance.

Non-zero elements of the interaction weight vector w were drawn from a
decreasing sequence

o { é_lm — ) /sw L

One advantage of modelling the interaction effects of multiple environmental vari-
ables jointly is that it should allow researchers to use many environmental variables
that are plausibly relevant, with the intention that all environmental variables that
truely have GxE interactions are included in the analysis. Varying the number
of environmental variables with a non-zero interaction weight, which are referred
from here as active environmental variables, thus allows the ability of LEMMA to
distinguish active environmental variables from inactive ones to be tested.

Background genetic effects, denoted by £, and v, were simulated from a spike
and slab prior such that the number of non-zero elements was governed by Mcausal, ¢
and Mcausal, oxe for main and interaction effects respectively. Non-zero elements were
drawn from a standard Gaussian, and then subsequently rescaled to ensure that the
heritability given by main and interaction effects was h% and hi respectively. SNPs

with non-zero main effects are referred to as causal through this simulation study.



3. Simulation Study 49

In a similar fashion to Loh et al.[75], an additional 60 SNPs with non-zero
effects were included in vectors 5 and ~,. Non-zero coefficients in these vectors
standardised to each explain 0.00016% of trait variance, thus allowing direct power
comparisons across different scenarios.

All non-zero effects were drawn from SNPs in the first half of each chromosome,
leaving ‘null’ SNPs on the second half of each chromosome to quantify inflation
in test statistics under the null hypothesis.

The default parameter choices were: N = 25K; M = 100K; L = 30; Lactive =
6, Meausal, ¢ = 25005 Meansal, GxE = 1250;h% = 20%;h5 = 5%.

The first principal component was provided as a covariate to all methods.

3.2.2 Simulation results

Inference of the Environmental Score
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Figure 3.1: Estimation of the ES in simulation. Absolute correlation of the inferred
ES with the true ES while varying (a) the total number of environmental variables, (b)
active environmental variables, (c) proportion of variance explained by GxE effects, (d)
the number of non-zero SNP effects. Simulations parameters used were the defaults given
in Section Abbreviations; PVE, proportion of variance explained.

One core aim of LEMMA is to collapse multiple environmental variables down
to a single linear combination; referred to as the Environment Score (ES). The
absolute correlation between the simulated ES and the inferred ES, which acts as a
useful proxy for the accuracy of LEMMAS estimate of the ES, is shown in Figure 3.1}
Simulation results showed that the correlation between the true ES and the inferred
ES was largely invariant to the number of active environmental variables, and

suffered only mild degradation as the number of environmental variables increased
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from 30 to 50. Reducing the heritability of interaction effects will intuitively make
inference harder, and using N = 25K samples the mean absolute correlation with

the true ES dropped from 0.938 at h ; = 0.05 t00.484 at hi = 0.01.
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Figure 3.2: Type I error and Power of tests to detect GxE effects in simulation.
(a-c) Comparison of false positive rate (FPR) as (a) the number of environments increases,
(b) phenotype variance explained by GxE effects increases or (c) sample size increases.
(e-f) Analagous comparison of the power to detect GxE interations. Default parameter
values denoted by stars. FPR was assessed a the proportion of ‘null” SNPs with p-value
< 0.05. Power was assessed as the proportion of the 60 causal SNPs of standardised effect
detected at a p-value threshold of 0.01. Results from 20 simulations shown.

Power and statistical calibration of the GxE interaction test is shown in
Figure[3.2] for each of the four methods, while the number of environmental variables,
background GxE heritability and sample size were varied. Power was assessed as
the proportion of the 60 SNPs of standardised effect with p-value less than 0.01, and
statistical calibration was assessed using False Positive Rate (FPR; the proportion
of ‘null’ SNPs with a p-value less than 0.05).

In all scenarios LEMMA achieved a substantial power boost, suggesting that
LEMMA gains a significant advantage from leveraging the assumption that SNPs
with GxE interactions interact with the same linear combination of environments
when the assumption holds. The LEMMA power increase occurs due to two
sources. First, by collapsing multiple environmental variables down to a single

linear combination, the LEMMA GxE interaction test statistic has one degree of
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freedom rather than L. Second, by modelling the effects all SNPs jointly, LEMMA
is able to reduce phenotypic variance (a feature common to all LMMs in genetics).

The standard F-test and StructLMM appeared to have equivalent power and
false positive rate (FPR) in large sample sizes (although previous work suggests
that StructLMM may outperform the F-test in small samples [55]). It is notable
that the FPR of both of these methods seemed to increase with the background
GxE heritability (Figure ) As both of these methods assume that the residual
variance is homoskedastic, this result is consistent with the theory presented in
Section [2.5.1] which suggests that heteroskedasticity in the phenotype variance
will increase as a function of hi_ .

Interestingly calibration of the robust F-test appeared to suffer as the number
of environments increased (Figure ) and improve as the number of samples
increased. This is consistent with the notion that the robust F-test is asymptotically
correct, but not efficient, as described on page 193 of Greene [105].

In general, LEMMA controlled the FPR at least as well as other methods. The
one scenario when LEMMA displayed slightly elevated FPR was when hi =
2%; N = 25k. This is the same scenario where LEMMA had poor ability to uncover
the true ES; suggesting that there might be some possibility of overfitting with
large L and a (relatively) small number of samples. When sample size was large

however (N=100k; Figure ), all methods had reasonable control of FPR.

Comparison of main effects results

Figure [3.3| compares the power and statistical calibration of LEMMA, the F-test and
BoltLMM to detect SNP main effects. Figure (a) suggests that LEMMA achieves
similar control of FPR to BoltLMM; which also tests SNPs for association against a
residualised phenotype. Both methods also achieve a slight power increase over the F-
test, which is consistent with the notion that jointly modelling SNPs allows LEMMA
and BoltLMM to reduce the phenotypic variance and thus achieve a power increase.
One might expect LEMMA to have greater power as it has the opportunity to

reduce phenotypic variance further by accounting for multiplicative GxE interactions,
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Figure 3.3: Type I error and Power of tests to detect main effects in
simulation. Comparison of (a) false positive rate and (b) power as the sample size
increases. FPR was assessed a the proportion of ‘null’ SNPs with p-value < 0.05. Power
was assessed as the proportion of the 60 causal SNPs of standardised effect detected at a
p-value threshold of 0.01. Results from 20 simulations shown.

however the heritable contribution of GxE effects in this simulation is relatively

small so this effect would be subtle.
These results serve as a useful common sense check, but are not regarded as

primary results for LEMMA whose main purpose is to identify GxE interactions.

Heritability estimation
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Figure 3.4: Heritability of additive genetic effects. Estimates of additive genetic
heritability whilst varying the number of random draws (a), the number of samples (b)
and trait polygenicity (c). The red dotted line denotes the true SNP-G heritability used
whilst constructing the simulation. Stars denote default values of simulation parameters.
Results for 20 replicates of each scenario shown.

Figure shows estimates of the additive genetic heritability using my own
implementation of randomised HE-regression, whilst varying the number of random
draws used, sample size and trait polygenicity. As expected, higher sample size
leads to more precise estimates and RHE regression is relatively robust to the
number random draws. Although HE-regression makes an implicit assumption

that all SNPs contribute to the kinship matrix equally, RHE appeared quite robust
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to reducing the polygenicity of the trait architecture (similar to observations made

previously about GCTA-GREML [36]; see Figure [3.4/c)).
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Figure 3.5: Estimation of GxE heritability in simulation. Estimates of SNP-GxE
heritability whilst varying the number of environmental variables (b, d) and sample
size (a, c¢). Simulations in the left column had L = 30 environmental variables, the
red dotted line denotes the true SNP-GxE heritability used whilst constructing the
simulation. We observed some upwards bias as the number of environmental variables
increases (b, d), which is ameliorated with increased sample size (d). Phenotypes were
constructed using M = 100,000 SNPs with M¢ausal, ¢ = 80,000 causal main effects and
Mausal, gxE = 40,000 causal interaction effects. Results for 20 replicates of each scenario
shown.

When estimating the GxE heritability of the LEMMA ES using randomised HE
regression with a single component (RHE-SC), I observed some upward bias (see
Figure . The upwards bias increased with the number of environmental
variables, was mitigated with increased sample size and was not present for
heritability estimates of SNP main effects. This suggests that the upwards bias
is a result of overfit of the LEMMA ES.. In twenty simulations with L = 30
environmental variables, N = 100k samples and true GxE heritability of 5% we
observed mean GxE heritability of 5.2% (Figure [3.5(c)).

I then compared the performance of randomised HE-regression with a single
component (RHE-SC) and with SNPs partitioned according to MAF and LD score
(RHE-LDMS). As no code was provided by Pazokitoroudi et al. [87] for a multi-
component analysis, I only show results from my own implementations. Simulation

results using N = 25k samples are shown in Figure [3.6] As expected, when causal
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Figure 3.6: Heritability estimates stratified by LD and MAF in simulation.
Comparison of heritability estimates using RHE-SC and RHE-LDMS when causal SNPs
were drawn (a) at random or (c) only from rare (MAF < 0.1) SNPs. Heritability estimates
(using RHE-LDMS) stratified by MAF when causal SNPs were drawn (b) at random
or (d) only from rare (MAF < 0.1) SNPs. Simulations performed with N = 25K
samples, M = 100K SNPs and the default baseline simulation parameters. Abbreviations;
MAF, minor allele frequency; RHE-SC, randomised HE regression with a single SNP
component [86]; RHE-LDMS, multi-component randomised HE-regression[87].

SNPs were chosen at random estimates RHEreg-SC were unbiased whereas when
only rare SNPs were causal (MAF< 0.1) estimates from RHEreg-SC were biased
downwards. In contrast RHEreg-LDMS was unbiased in both scenarios and was

able to appropriately attribute the relative heritability for each SNP component.

Computational complexity

Figure [3.7(a, b) displays the strong scaling propertied!] of the LEMMA variational
inference algorithm using OpenMP and OpenMPT architectures. Parallelising with
OpenMP seems to give little improvement beyond two cores; intuitively this is

because the LEMMA variational inference algorithm is dominated by BLAS level 1

!Strong scaling refers to how runtime varies with the number of cores whilst keeping data size
constant (eg. the number of samples)
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Figure 3.7: Computational complexity of LEMMA in simulation. Strong
scaling of LEMMA WGR algorithm using MP and OpenMPI architectures with (a)
N = 50k samples and (b) N = 100k samples. Comparison of iterations to convergence
of the LEMMA WGR algorithm whilst varying the number of samples, the number
of environments, the number of active environments and trait polygenicity. Default
parameter values denoted by stars (default sample size was N = 25k). Results are
shown for 20 replicates in each scenario. When using more than 16 cores the OpenMPI
implementation was distributed across several nodes, otherwise it used only a single node.

and BLAS level 2 operations which are memory-bound rather than compute-bound.
In contrast, partitioning samples with OpenMPI ensures that LEMMA makes best
possible use of the available bandwidth from RAM to processors. Figure (a, b)
suggest that parallelising with OpenMPI is highly efficient (ie doubling the number
of cores almost doubles computational speed) up to the number of samples per core
is a couple of thousand, after which adding extra cores yields diminishing returns.
Using OpenMPI has the additional advantage of allowing users to utilise cores from
across a cluster rather than being restricted to a single node.

Figure (c, d, e, f) show how the number of iterations required for convergence
scales with sample size, the number of environments, trait polygenicity and the
number of active environments. Loh et al.[75] have previously noted that for BOLT-
LMM the number of iterations to convergence scales roughly as N%5, however, this
seems too conservative for our LEMMA (see Figure [.7](c)).

The number of iterations LEMMA required for convergence appeared to increase
rapidly as a function of L (possibly polynomial scaling). This suggests that

LEMMA is appropriate for running with tens of environmental variables, but
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further methodological changes would be necessary to run LEMMA with hundreds
of environments. Finally, iterations to convergence appeared to be independent of
the number of active environmental variables and decreased slightly with increased
polygenicity. The later possibly reflects the fact that a polygenetic trait with
10,000 causal variants is closer to the mixture of Gaussians prior than a trait

with 2500 causal variants.

3.2.3 Discussion

The primary result from this simulation study is that, if the assumptions behind
the LEMMA model hold (namely that the same ES is driving GxE iterations
with SNPs across the genome) then LEMMA can leverage these assumptions
to gain a substantial power increase to detect SNPs with true GxE interactions
over competing methods. I also show that, in general, LEMMA is at least as
well calibrated as competing methods and is able to estimate the proportion of
variance explained by GxE effects with a small amount of bias (that is ameliorated
with increased sample size).

I also show that the F-test, which relies on well established linear modelling
theory, behaves similarly to a recently published method StructLMM in large
datasets. I confirm that both of these methods are likely to have spurious inflation
in traits with non-negligible GxXE heritability. Finally, I suggest a robust alternative
to the F-Test, which also relies on standard results from linear models. In large
datasets, this appears appropriate for use with tens of environmental variables

but has poor calibration in smaller datasets.

3.3 Model misspecification simulations

The theory presented so far has assumed that the functional form of the relationship
between phenotype and environmental variables is linear. In practice, there is no
guarantee that relationships between measures of the environment in real datasets
will be quite so convenient (for example age has a non-linear effect on complex traits

such as blood pressure, and GWAS of blood pressure often adjust for both age and
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age?[111-113]). Previous work in GxE studies|106] has shown that misspecifying
the functional form of the environment in a simple linear test of GxE interaction (ie
the F-Test) can cause inflation. If the environment is independent of the genotypes,
then this inflation is caused only be heteroskedasticity and can be solved with a
robust variance estimator[106]. Correlation between the environment and genotypes,
however, will cause bias in the least squares estimator and thus robust variance
estimators are not sufficient [105].

Many environmental variables however have a genetic basis and thus will not
be independent of genotypes. For example, drinking status can be used as an
environmental variable and has been implicated in GxE interactions for esophageal
squamous-cell carcinoma in Chinese populations|61} |114]. Drinking status is also
known to be at least somewhat heritable as individuals who carry the ALDH2*2
allele are less likely to drink regularly or heavily|115] due to ‘the alcohol flushing
response’. In this section I perform simulations to characterise the bias in GxE
tests from LEMMA, StructLMM, the F-test and the robust F-test caused when a
phenotype depends on the non-linear (squared) effects of a heritable environmental
variabld’l T also suggest that relatively smooth non-linearities, such as squared
effects, can be easily detected with standard regression methods in a preprocessing

step and subsequently included as covariates.

3.3.1 Data simulation

The misspecified environmental variabled denoted by S was generated accord-

ing to the model
S|Bs,€s = XBs + ¢,
€s ~N(0,1),
where SNP effects 5, had a spike and slab prior

Bsjlvj ~ 0N (0,02) + (1 — v)d0(Bs;),
vj ~ Ber(\s).

2I thank Prof. Richard Durbin, who suggested this line of enquiry when this work was presented
at the Bertinoro Computational Biology conference 2018 by Prof. Jonathan Marchini
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Let ypaseline denote the baseline phenotype simulated using the procedure described
in Section [3.2.1] Then the misspecified phenotype used in this simulation study

was constructed as

Yy = QSSQ + Ybaseline-

SNP effects were sampled such that the causal SNPs for the misspecific environmental
variable S were sampled from the first half of chromosomes 1 — 11 only whilst causal
SNPs for y were sampled from the first half of chromosomes 12 — 22. This meant
that it was possible to quantify the inflation in test statistics amongst SNPs
with no effect on either trait and amongst SNPs that were causal for S but had
no true effect on y separately.

By default S was simulated with 2500 causal SNPs and a heritability of 30%.
The default parameter choices for the baseline phenotype were: N = 25K; M =
20K; L = 5; Lactive = 2, Mcausal, ¢ = 2500; Meausal, axe = 1250; h = 30%; h2 = 5%,
and a range of values for ay was used to vary the strength of the non-linear

relationship between y and S.

3.3.2 Simulation results

Initially, I tested the performance of LEMMA in simulation with no attempt to
control for non-linear dependency between S and the phenotype (referred to as
(-SQE) in the figures). Results shown in Figure confirmed that this form of
confounding does lead to inflated FPR at heritable sites of S (but not at null
SNPs) and that the strength of the inflation varies as a function of the strength of
the non-linear dependency (scale parameter o). However the power of standard
regression techniques to identify squared effects should also increase as a function
of the strength of the non-linear dependence. Therefore I investigated two simple
processing strategies; one where significantly associated squared effects were first
regressed out of the phenotype, and one where significantly associated squared effects

were included as additional covariables. Finally, I have included results from running
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LEMMA on the baseline phenotype using the same parameter settings as a control.
These are referred to as (rmSQE), (+SQE) and (control) respectively in the figures.

Figure 3.8 shows the FPR of the GxE test statistics at null SNPs, the FPR
of the GxE test statistics at heritable sites of S and power to detect true GxE
interactions from all of the competing methods. Figure [3.8(b) shows that this form
of model misspecification does cause LEMMA(-SQE) to have inflated GxXE test
statistics at heritable sites of S but not at null SNPs. This is consistent with the
results of Tchetgen and Kraft [106], who showed that robust variance estimators
can control for misspecification of the functional form of the environment but only
if the environment is not correlated with the genotypes. Model misspecification
of this form also causes LEMMA (-SQE) to place too much weight on S in the ES
(Figure which then results in a loss of power (Figure [3.§(c)).

Figure also suggests that regressing detected squared environmental effects
from the phenotype [LEMMA (-SQE)| mitigates the inflation in the FPR and
increases power, but still has reduced power compared to the control. Including
detected squared effects in the model achieves well-calibrated GxE test statistics and
similar power to that of the control. As the cost of the (+SQE) procedure is small,
I use the (+SQE) strategy for LEMMA by default for all analyses of real data.

Finally T compared the calibration and power of LEMMA, StructLMM, the
F-Test and the robust F-test, with and without testing for significant squared effects.
Simulation results shown in Figure [3.10] suggest that all methods are vulnerable to
this form of model misspecification and that the (+SQE) strategy is effective at
controlling for it. The difference in calibration between the F-test-(SQE) with and
without robust variance estimators suggests that part, but not all, of the inflation

in this scenario is due to heteroskedasticity; consistent with theory[105] [106].

3.3.3 Discussion

In this simulation study, I confirmed that if the phenotype depends non-linearly on a

non-heritable environmental variable, then methods using robust variance estimators
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p < 0.01 (Bonferroni correction for multiple envs) regressed from the phenotype; (control),
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will still be well calibrated. However when the environmental variable is heritable,
all GxE methods will be miscalibrated at heritable sites of the environment.

To mitigate the problem, I suggest that when the non-linear effects are strong
enough to be problematic, they are also strong enough to be detectable with standard
regression methods. Thus non-linear dependencies (particularly if the relationship
is squared) can be detected and controlled for with a simple preprocessing step.

One caveat of this study is that I have not explored cases where the non-linearity
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F-Test. False positive rate of the GXE test statistic at (b) null SNPs and (c) heritable
SNPs of S with no GxE effect. Results from 20 simulations shown. Abbreviations;
(-SQE), no attempt to control for squared effects; (+SQE), squared effects with p < 0.01
(Bonferroni correction for multiple envs) included as covariates; (rmSQE).

has a functional form other than a squared effect. In cases where users suspect a
different functional form of the non-linearity, this could be adopted very easily. Use
of spline functions to model non-linear effects could be a more robust approach,
however, this is reserved for future work.

Finally, I note that both simulation studies have assumed that all GxE interaction
effects occur with a constant ES. It would be interesting to conduct a (perhaps
more realistic) simulation study where the ES used in each GxE interaction is a
random effect that occurs with some non-zero mean and variance. However this

study is outside the scope of this thesis.
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4.1 Introduction

In the previous chapter, I showed simulation results characterising the ability of
LEMMA to identify SNPs with GxE interactions and comparing LEMMA against
several competing single SNP methods.

Until recently, searching for GxE interactions with multiple environmental

variables has been difficult due to the lack of large datasets with high dimensional

63



64 4.2. Data

phenotyping. The recently released UK Biobank [116] dataset, a large population
cohort study with deep genotyping and sequencing and extensive phenotyping, offers
a unique opportunity to explore GxE effects [49| 55, |58, 68} [117-119]. Therefore
in this chapter, I used LEMMA to search for GxE interactions in body mass
index (BMI), systolic blood pressure (SBP), diastolic blood pressure (DBP) and
pulse pressure (PP) using N = 280,000 white British individuals from the full
release of the UK Biobank. I also compare LEMMA against existing approach
StructLMM and the F-Tests on logBMI.

The LEMMA analysis has several distinct steps. First, the WGR model was
fitted using approximately 642,000 genotyped SNPs with minor allele frequency
(MAF) greater than 0.01. The estimated environmental score (ES) was then used
to estimate the proportion of phenotypic variability that is explained by GxE
interactions (SNP GxE heritability), using recently developed randomised Haseman-
Elston regression methods [86} 87]. Finally, a GWAS was performed on 10, 295, 038
imputed SNPs, testing each SNP for multiplicative GxE interactions with the
ES against a residualised phenotype. “Robust" standard errors were used when
testing each variant for a GxE interaction, which helps to control for the conditional

heteroskedasticity caused by GxE interactions.

4.2 Data
4.2.1 Genetic data

The UK Biobank is a large prospective cohort study of approximately 500,000
middle-aged individuals living in the UK [116]. Participants were recruited between
2006 to 2010 from NHS patient registers, conditional on age (40-69 years) and
proximity to one of 22 assessment centres spread across the UK in urban areas [120)].
As well as extensive phenotypic and environmental data, the Biobank contains
imputed genetic data of 92,693,895 SNPs, short indels and large structural variants
from 487,442 individuals. Individuals were assayed using either the UK BilLeve
Axiom™ Array (49,950 individuals) or the UK Biobank Axiom™ Array (438,427

individuals), and imputation was carried out on a combined reference panel from
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the Haplotype Reference Consortium and the UK10K haplotype resource. The
Biobank is both ethnically diverse, with over 22,000 participants from outside of
Europe (self-reported), and to has elevated levels of relatedness (147731 individuals
related to another participant in the Biobank, 3rd degree or closer) when compared
to the general population [116].

To account for potential confounding effects of population structure, samples
were first restricted to the set of 344,068 white British unrelated individuals used
by Bycroft et al.[116] in a GWAS on human height. This represents unrelated
individuals with white British ethnicity (self-reported) and whose genetic data
projected onto principal components lies within the white British cluster. After
subsetting down to individuals who had complete data across the phenotype,
covariates and environmental factors (see below) I was left with approximately
280,000 samples per trait (Table [C.3).

Finally T filtered genetic data based on minor allele frequency (> 0.01) and
IMPUTE info score (> 0.3), leaving approximately 642,000 genotyped variants
and 10,295,038 common imputed variants per trait (Table . The phrase
common imputed SNPs is used to refer to the set of imputed SNPs with MAF
> 0.01 in the full UK Biobank cohort.

Multi-component HE-regression was performed after stratifying SNPs into 20
different components based on five MAF groups and four LD score quantiles. The
MAF groups used were; MAF < 0.1, 0.1 < MAF <0.2, 0.2 < MAF <0.3,0.3 <
MAF < 0.4, 0.4 < MAF < 0.5. LD score was defined as the sum of the 72 values
between the target variant and all variants within a 1 MB region centred on the
variant. LD scores were computed using GCTA[121] on 10,000 randomly chosen

unrelated white British participants from the UK Biobank.

4.2.2 Phenotypes

BMI was computed as weight over height squared, using height and weight measure-
ments made during the first assessment visit (instance ‘0° of field 21001). Participants

whose BMI was more than six standard deviations from the population mean were
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excluded. Finally, I applied a log transformation (for clarity I refer to the resulting
variable as logBMI) as recommended by Young, Wauthier, and Donnelly [57],
because BMI fits a log-normal distribution better than a normal distribution [57].

After calculating the mean SBP and DBP from two automated blood pressure
readings made during the first assessment visit (fields 4080 and 4079), I adjusted for
medication usage by adding 15mmHg and 10mmHg to SBP and DBP respectively
[122]. Data from manual measurements (fields 93 and 94) was used in the rare
instance that no automated reading was available. Participants whose SBP or DBP

was more than four standard deviations from the population mean were excluded.

PP was then calculated as SBP minus DBP.

4.2.3 Environments

From the data provided by the UK Biobank I included 7 continuous environmental
variables (“Age when attended assessment centre”, “Sleep duration”, “Time spent
watching television”, “Number of days/week walked 104+ minutes”, “Number of
days/week of moderate physical activity 10+ minutes”, “Number of days/week
of vigorous physical activity 104 minutes”, “Townsend deprivation index at re-
cruitment”), 1 ordinal environmental variable (“Alcohol intake frequency”), 9
dietary ordinal variables (“Salt added to food”, “Oily fish intake”, “Non-oily fish
intake”, “Processed meat intake”, “Poultry intake”, “Beef intake”, “Lamb intake”,
“Pork intake”, “Cheese intake”) and 2 dietary continuous variables (“Tea intake”,
“Cooked vegetable intake”). We further derived one categoric variable (“Is Current
Smoker” from the responses given in the UK Biobank field “Smoking status”)
and one continuous variable (“Sleep sd” as the number of standard deviations the
participants estimated hours of sleep was from the population mean). For analyses
of blood pressure, I additionally included one further continuous variable “Waist
circumference”. In all cases, where participants responded with “Prefer not to
answer”, “Do not know” or “None of the above” I set the value to missing. For three
continuous variables (“Time spent watching television”, “Tea intake”, “Cooked

vegetable intake”) I removed the 99’th percentile and for “Sleep duration” I removed
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both the 1st and 99th percentiles. This left 11 dietary variables and 10 non-dietary
variables (11 for blood pressure traits). In addition, I included a binary indicator
column for gender and for each non-dietary variable I included multiplicative
interactions with age and gender. In total, this resulted in 42 environments in
the BMI analysis and 45 environments for the blood pressure analyses. The set
of environments used for the BMI analysis was similar to those used in previous
GxE analyses of BMI in the UK Biobank [55 57].

In all cases, where participants responded with “Prefer not to answer”, “Do not
know” or “None of the above” the value was set to missing. For three continuous
variables (“Time spent watching television”, “Tea intake”, “Cooked vegetable
intake”) the 99’th percentile was removed and for “Sleep duration” both the 1st
and 99th percentiles was removed.

Before running LEMMA each column was standardised using the formula

E;j — mean(FE. ;)

By =
J Sd(E;J)

Excluding participants with any missing data across phenotypes or environments
left 281, 149 samples for the logBMI analysis and 280, 749 samples for the blood

pressure analyses.

4.2.4 Covariates

In addition to controlling for the main effects of the environmental variables, I
included age?, age?x gender, age3x gender, a binary indicator for the genotype
chip and the top 20 genetic principal components as covariates for each trait. For

the blood pressure traits, I additionally controlled for BMI.

4.2.5 Post-processing

Recoding environmental variables

To aid interpretation, after running LEMMA I transformed the interaction weights

to correspond to a recoded envirnonental data matrix F;. Assuming that the
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recoded matrix E; is a simple linear transformation of the original data matrix F,

the recoded interactions weights w; can be obtained using the formula

Wy = (EfEH)_lElTﬁLEMMA,

= (E{ E)) 'El Ew

Although multivariate linear regression is invariant to a rescaling of the design
matrix, ridge regression is not due to the penalisation place on the magnitude of the
learned parameters. However, as the magnitude of the weights from our UK Biobank
analysis is typically small (less than 0.2) compared to the standard deviation of our
gaussian prior (1) in this case the rescaling makes minimal difference.

Recoded data matrix E; was formed with one column for each of the 11 dietary
variables (normalised to have mean zero and variance one), and three columns
for each of the 10 (11 for blood pressure traits) non-dietary variables; the first
augmented by a binary male indicator vector, the second by a binary female indicator
vector and the third by a continuous vector of participant age. Columns augmented
by male and female binary indicator vectors were normalised to have mean zero and
variance one (not including zeros due to augmentation), apart from age which was
scaled to represent the number of decades aged past 40. Columns augmented by age
were normalised first and then multiplied by age on the per decade scale. Binary
indicator columns for men and women were also included, which can be interpreted
as gender-specific intercepts and is equivalent to including an intercept and a binary
column for only one gender (men or women). This left 43 (46) columns where the
extra column comes from including an intercept within the column space of F; and
is necessary because some columns have mean not equal to zero. Thus the column

space of I is equivalent to E under the constraint that the ES has mean zero.

4.3 Results
4.3.1 Partitioned heritability estimates

I performed a partitioned heritability analysis, jointly estimating the proportion of

trait variance explained by additive genetic effects (h%) and by GxE interactions
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with the ES (h, ). Previous studies have established that estimating heritability
using a single component makes assumptions about the relationship between MAF,
LD and trait architecture that may not hold up in practice[36, 80]. In comparison,
stratifying SNPs into bins according to MAF and LD score (the LDMS approach)
is relatively unbiased[80, 81, [123]. Therefore I performed three analyses using
M = 639,005 genotyped SNPs with a single SNP component (SC), M = 639, 005
genotyped SNPs stratified by LD score and MAF (LDMS), and M = 10,270, 052
common imputed SNPs stratified by LD score and MAF (LDMS). LDMS analyses
were performed using 5 MAF bins and 4 LD score quantiles.

Using imputed SNPs I estimated GxE heritability of 9.3%, 12.5%, 3.9% and 1.6%
for logBMI, PP, SBP and DBP respectively (see Table [4.3). Table compares
heritability estimates for each of the three runs and each trait. On genotyped SNPs
the GxE heritability estimates were slightly lower for logBMI and PP (hZ, 5 = 8.6%
and h g = 11.1% respectively) and almost identical for SBP and DBP. For all
traits the heritability of additive SNP effects were slightly higher on imputed data,
consistent with previous results [81].

The heritability assigned to each SNP component is displayed in Figure 4.1
for each trait. Theoretical work on models of natural selection has shown that
variance explained by additive genetic effects should be uniformly distributed as
a function of MAF in a neutral evolutionary setting with constant population
size[124]. For all four traits I found that additive genetic variance explained
by low frequency SNPs was greater than would be expected under the neutral
evolutionary model, consistent with observations of negative selection in these traits
made previously[82]. Additionally, the distribution of additive genetic effects by
MAF for logBMI was qualitatively similar to that found by GREML-LDMS is a
previous study[81]. In contrast I found that variance explained by GxE effects was
overwhelming attributed to low frequency SNPs (MAF < 0.1), especially those
with low LD. However I am not aware of any theory linking the MAF distribution

of GxE heritability to evolutionary models.



70 4.3. Results

Iog(BMI) PP
0.08 0.100
= 0.064 = 0075 LDscore
s -
o o [ Lpscore_Q1
L 0,044 2 0.0501
] I [ Loscore_q2
£ E [ Loscore_qs
2 0.02- % 0.025
it it || LDSCORE_Q4
0.004 --gg 0.000 | . [ [,
v o; 9 SRS PG I Y
5 5 5 p
0.0\’ o 0?’ 07" 0‘? 0.0 AN NS Q.Q'\’ AN RN RN 0.0\’ AN RN AN
MAF MAF
SBP DBP
G || GXE [ GxE |
0.06 0.06 1
e S LDscore
s -
8 0.041 g 0.04 { [ Lpscore_Q1
£ 2 [ Loscore_q2
£ 0024 E 0021 B Loscore o3
) 17}
it it - || LDSCORE_Q4
0.00 e E— 0.00 1 — T
ST P S S ST . S S \, w ’b o
PO S S I TS S N IS A oF
D7 Q7 07 o7 S D7 87 97 97 S N7 N7 07 07 07 07 7 o7 o7
0.0\’ SERN RN 0.0\’ o o &F ¥ Q.Q'\’ e-\’ 0’1’ 00-7 QP‘ 00\’ ¥ ¥ F ¥
MAF MAF

Figure 4.1: Partitioned heritability estimates for four quantitative traits
in the UK Biobank. Heritability estimates partitoned into additive genetic and
multiplicative GxE interaction effects for four quantitative traits in the UK Biobank
using approximately 280,000 unrelated white British individuals (see Table and
M = 10,270,052 common imputed SNPs (MAF > 0.01 in the full UK Biobank
cohort). Multiplicative GxE iteractions were computed using the ES from each model
fit. Heritability estimation was performed using a multi-component implementation of
randomised HE-regression|[86) with 20 random samples and SNPs stratified into 20
components (5 MAF bins and 4 LD score quantiles).

4.3.2 Interpretation of the Environmental score

For logBMI LEMMA estimated an ES score that put high weight on alcohol intake
frequency, Townsend Index and physical activity measures (Figure ) Almost
all of the non-dietary environmental exposures had a higher effect in women than
in men, with smoking status being the one exception. This is reflected in the facts
that (a) the ES had much higher variance in women and (b) those with a negative
ES were almost all female (97%) (see Figure [4.2b). The ES can alternatively
be interrogated by examining how participants in the bottom or top 5% of the
ES compare with the cohort as whole.

Summary statistics of participants on the tails of the ES against those of the

whole cohort. When comparing the characteristics of those in the bottom 5% of the
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ES to the whole cohort (using the mean for continuous variables and the mode for
categoric), I found that those in the bottom 5% were predominantly female (100%
vs 53%), younger (51 vs 56), had higher Townsend deprivation index (0.91 vs -1.74),
drank less often (‘Special occasions’ vs ‘Once or twice a week) and watched more TV
(3.28 vs 2.69 daily hours of TV) (Table[C.F)). Positive values of the Townsend index

indicate material deprivation, whereas negative values indicate relative afHuence.

Table 4.1: Partitioned heritability estimates for four quantitative traits in the
UK Biobank.

Trait h% (s.e) hi g (s.e)

log BMI 0.274 (0.056) 0.093 (0.028)
PP 0.228 (0.051) 0.125 (0.028)
SBP  0.251 (0.05) 0.039 (0.023)

DBP  0.254 (0.05) 0.016 (0.02)

Heritability estimates obtained using common imputed SNPs (MAF> 0.01 in the full
UK Biobank cohort) with RHE-LDMS. GxE heritability estimates were were obtained
using the ES from each model fit. All analyses controlled for the same covariates used
in the WGR analysis (including the top 20 principal components). Abbreviations; s.e,
standard error estimated using the block jacknife (see Appendix ; hé, heritability
due to additive genetic effects; h2GXE, heritability due to multiplicative GxE effects; RHE,
randomised HE-regression[86, |87]; LDMS, SNPs stratified by minor allele frequency and
LDscore (20 components).

Previous cross-sectional studies have reported GxE interactions between a linear
predictor formed from BMI-associated SNPs and alcohol intake frequency [125],
Townsend Index [125], physical activity measures |[117] |125| |126] and time watching
TV [125] 126], all of which are upweighted in the LEMMA lifestyle score. An
alternative approach from Robinson et al.[49], called GCI-GREML, binned samples
according to a single environmental exposure and tested for significant differences
in SNP heritability using a likelihood ratio test. They reported strong interaction
effects with age in a cohort of 43,407 individuals whose ages spanned 18 — 80, but
only reported significant interactions with smoking in the UK Biobank interim
release after testing eight environmental variables. This suggests that one might
expect age to play a more dominant role in the logBMI ES in a cohort that included

younger individuals. Finally, one category that is notably downweighted is the
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Figure 4.2: GxE analysis of logBMI in the UK Biobank. (a) LEMMA association
statistics testing for multiplicative GxE interactions at each SNP. The horizontal grey
line denotes (p = 5 x 1078), p-values are shown on the — log;, scale. (b) Distribution of
the environmental score (ES), stratified by gender and age quantile. (c) Weights used
to construct the ES. Dietary variables have a single weight shown on the per standard
deviation (s.d) scale. ‘Gender’ has two weights; a gender specific intercept for women
(first) and men (second). Remaining non-dietary variables have three weights; (first) a
per s.d effect for women only, (second) a per s.d effect for men only, (third) a per s.d per
decade effect which is the same for both genders. s.d for the male and female specific
weights is computed for each gender separately. Age is computed as the number of decades
aged from 40. See Section for details.

contribution from dietary variables. Although significant interactions with fried
food consumption and sugar-sweetened drinks have previously been
reported in a cohort of US health professionals, these dietary variables were not
included in the diet questionnaire used by the UK Biobank.

The ES for PP was dominated by the effects of age and gender (age, age?, age-
x-gender, gender together explained 94.9% of variance in the ES). The magnitude
of the ES was strongly associated with increased age whilst the sign of the ES was
strongly associated with gender, implying that GxE effects were stronger in the
elderly but acted in the opposite direction in men and women (Figure [4.3)).

Similarly, the variance of the ES increased with age in both SBP and DBP.

However age itself was not highly weighted in the ES; instead it appeared to
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be interactions between age and other environmental. Specifically for SBP, age
interactions with smoking, Townsend index and alcohol frequency explained 86% of
variance in the ES (Figure . When compared to the cohort average, participants
in the top 5% of the SBP ES were older (63 vs 58), had higher Townsend deprivation
index (1.2 vs -1.74) and were more likely to smoke (59% vs 9%) whereas those in
the bottom 5% were also older (65 vs 58), predominantly female (91.5%), rarely
drank alcohol (43.9% drank “Never”) and had low Townsend deprivation index
(-2.9 vs -1.74) (Table [C.7).

Finally, variance in the ES for DBP was notably higher amongst men, most of
which appeared to be driven by high gender-specific weights for smoking status
and alcohol frequency (Figure . Also, alcohol frequency and smoking status
became increasingly influential with age. The total SNP-GxE heritability for

this ES however was quite low.

4.3.3 Loci with significant multiplicative GxXE interactions

For the final step in the LEMMA analysis I performed a GWAS on 10,295,038
common imputed SNPs, testing each SNP for multiplicative interaction with the
estimated ES against a residualised phenotype. This process was performed twice
for each trait, with and without robust variance estimators. A comparison of the
QQ plots from all eight GWASs makes it clear that robust variance estimators
make a noticeable difference (Figure [4.6).

Using hypothesis tests with robust variance estimators, I identified two loci for
logBMI (Figure [4.2h) and one locus for DBP (Figure [4.5) with significant GxE
interactions at the standard threshold for genome-wide significant (p < 5 x 107%).
The sentinel SNPs are shown in Table . For logBMI, LEMMA identified
GxE interactions at rs2153960 (p = 6.5 x 107%; Figure and at rsHb39515
(p = 6.5 x 107'%; Figure [£.8). 152153960 is an intron in the FOXOS3 gene and has
previously been associated with Insulin-like growth factor 1 (IGF-I) concentration
in a cohort of 10k middle-aged Europeans [129]. IGF-I is known to be a central

mediator of metabolic, endocrine and anabolic effects of growth hormone and is also
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Figure 4.3: GxE analysis of PP in the UK Biobank. (a) LEMMA association
statistics testing for multiplicative GxE interactions at each SNP. The horizontal grey
line denotes (p = 5 x 1078), p-values are shown on the — log;, scale. (b) Distribution of
the environmental score (ES), stratified by gender and age quantile. (c) Weights used
to construct the ES. Dietary variables have a single weight shown on the per standard
deviation (s.d) scale. ‘Gender’ has two weights; a gender-specific intercept for women
(first) and men (second). Remaining non-dietary variables have three weights; (first) a
per s.d effect for women only, (second) a per s.d effect for men only, (third) a per s.d per
decade effect which is the same for both genders. s.d for the male and female-specific
weights is computed for each gender separately. Age was computed as the number of
decades aged from 40. See Section for details.

involved in carbohydrate homeostasis . rs539515 is located 6kb downstream
of SEC16B. Multiplicative GxE interactions have been reported at Sec16B with
multiple environmental variables in a similar analysis in the UK Biobank, and
with physical activity separately in Europeans (p = 0.025) and in Hispanics
[130] (p = 8.1 x 107°). Highly significant variance effects (p = 3.88 x 107!7),
which can be indicative of GXE, have also been reported at the Sec16B locus using
N = 456,422 Europeans in the UK Biobank[131]. SEC16B transcribes one of
the two mammalian homologues of the Sec16 protein, which has a key role in
organising endoplasmic reticulum exit sites by interacting with COPII components
[132]. Although several GWASs have identified associations between SECI6B and
BMI[133],[134], the relevance of SEC16B to BMI is not well characterised [135]. Some
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Figure 4.4: GxE analysis of SBP in the UK Biobank. (a) LEMMA association
statistics testing for multiplicative GXE interactions at each SNP. The horizontal grey
line denotes (p = 5 x 1078), p-values are shown on the —log;, scale. (b) Distribution of
the environmental score (ES), stratified by gender and age quantile. (c) Weights used
to construct the ES. Dietary variables have a single weight shown on the per standard
deviation (s.d) scale. ‘Gender’ has two weights; a gender-specific intercept for women
(first) and men (second). Remaining non-dietary variables have three weights; (first) a
per s.d effect for women only, (second) a per s.d effect for men only, (third) a per s.d per
decade effect which is the same for both genders. s.d for the male and female-specific
weights is computed for each gender separately. Age was computed as the number of
decades aged from 40. See Section for details.

evidence exists to suggest that SEC16B has a role in the transport of peroxisome
biogenesis factors; peroxisomes being an organelle involved in the catabolism of
long chain fatty acids found ubiquitously in eukaryotic cells. Previous authors have
also speculated that the SEC16B might play a role in the transport of appetite
regulatory peptides; however, I am not aware of any evidence for this theory.
For DBP one locus around rs8090962 reached genome-wide significance for
multiplicative GxE with the ES. The interaction effect estimated for rs8090962 is
qualitative (see Figure ; increased exposure is estimated to increase DBP
in carriers and reduce it in non-carriers (and vice versa). Thus it is not surprising
that LEMMA does not find a significant effect at rs8090962 or in the surrounding
region (Figure . rs8090962 is located within an enhancer, approximately 100KB
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Figure 4.5: GxE analysis of DBP in the UK Biobank. (a) LEMMA association
statistics testing for multiplicative GxE interactions at each SNP. The horizontal grey
line denotes (p = 5 x 1078), p-values are shown on the — log;, scale. (b) Distribution of
the environmental score (ES), stratified by gender and age quantile. (c) Weights used
to construct the ES. Dietary variables have a single weight shown on the per standard
deviation (s.d) scale. ‘Gender’ has two weights; a gender-specific intercept for women
(first) and men (second). Remaining non-dietary variables have three weights; (first) a
per s.d effect for women only, (second) a per s.d effect for men only, (third) a per s.d per
decade effect which is the same for both genders. s.d for the male and female-specific
weights is computed for each gender separately. Age was computed as the number of
decades aged from 40. See Section for details.

downstream of the SEC11C gene and 50KB upstream of the ZNF532 gene. However
neither rs8090962 nor the two genes have previously been associated with blood

pressure traits, the biological impact of rs8090962 is hard to interpret.

4.3.4 Comparison with other methods
Comparison with StructLMM, the F-Test and the robust F-Test

To compare LEMMA with existing single SNP methods I also ran StructLMM, the
F-test and the robust F-test on logBMI using the same set of environmental variables
as used by LEMMA (but not including the significant squared environments as
covariates). Manhattan plots from each method are shown in Figure and the

—logyy(p) values are compared directly in scatter plots in Figure As expected,
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Figure 4.6: Effect of using robust standard errors for GxE interaction tests
in the UK Biobank. QQ plots of the observed LEMMA —log;,(p) values for GXxE
interactions at imputed SNPs for four UK Biobank traits, with and without robust standard
errors. The grey dotted line denotes expected — log,(p)-values under a null model.
Association tests using ‘Robust’ standard errors are well calibrated in both homoskedastic
and heteroskedastic regimes (see Online Methods) and are used in all follow up analysis.
Genomic control statistics were 1.275,1.271,1.163,1.111 for logBMI, PP, SBP and DBP
respectively using homoskedastic standard errors and 1.062, 1.047,1.037,1.027 for logBMI,
PP, SBP and DBP respectively using robust standard errors.

the F-test and StructLMM produced quite similar p-values, especially amongst SNPs
with suggestive evidence of GXE Interaction results (Pearson r? = 0.502 amongst
SNPs with p < 1 x 107%; see Figure . Furthermore, test statistics from
both the F-test (Aqc = 1.37) and StructLMM (Agc = 1.235) were substantially
inflated when compared to the robust F-test and LEMMA (Agc = 1.03 and
Aac = 1.062 respectively; see Table , suggesting that StructLMM does not
properly control for heteroskedasticity.

When comparing LEMMA and the robust F-test, I found low correlation between
the respective p-values and that genome-wide significant loci identified by one
method were not identified by the other and vice-versa (see Figure [4.10¢). LEMMA

relies on the assumption that all GxE interaction effects for a single trait share a com-
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Figure 4.7: Estimated GxE effect rs2153960 on logBMI. (a) Regional plot of the
main and interaction effects of SNPs within 250KB of rs2153960, (b) the estimated effect
of rs2153960 on logBMI as a function of the environmental score (ES).

mon ES; and I have shown in simulation that when this assumption holds LEMMA
achieves substantial increases in power. However I would expect LEMMA to have
little power to detect SNPS which interact with a combination of environments that
is not well correlated with the genome-wide ES estimated by LEMMA.

As an example the FTO is the strongest known susceptibility locus for BMI
and was identified as genome-wide significant for GxE interactions by the robust
F-test, the F-test and StructLMM in this analysis (Figure as well as in multiple
previous studies with a variety of environmental variables [55, 57} |58, 68, 136]. After
extracting an estimate of the SNP specific interaction profile at FTO using the
robust F-test, I found that it’s correlation with LEMMA’s ES was low (Pearson
r? = 0.3). In comparison, a similar analysis at SEC16B and FOXO3 yielded much
higher correlations (Pearson r* = 0.725 and r* = 0.713 respectively).

Comparison with MVRM

Finally I briefly compare LEMMA against the recently published Multivariate
Reaction Normal Model (MRNM)[51]. The MRNM proposes to model GxE inter-

action with a single continuous environmental variable whilst carefully controlling
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Figure 4.8: Estimated GxXE effect rs539515 on logBMI. (a) Regional plot of the
main and interaction effects of SNPs within 250KB of rs539515, (b) the estimaetd effect
of 1s539515 on logBMI as a function of the environmental score (ES).

for G-E correlation (eg shared genetic architecture), R-E correlation (eg shared
environmental influences) and R-E interaction in a variance components framework.

The two methods have slightly different aims. LEMMA models GxE with an
aggregate variable (the ES) made up of multiple environmental variables and then
performs heritability estimation and single SNP testing. In contrast MRNM only
performs a variance component analysis, but does so whilst explicitly account for
confounding factors that LEMMA does not (G-E correlation, R-E correlation and
R-E interaction). In particular, there is nothing in LEMMA’s modelling framework
to control for R-E interaction. However Ni et al. [51] note that in simulation "in
the absence of G-E interactions but with R-C interactions, type I error rate was
well controlled by all methods"; suggesting that this sort of effect is unlikely to
bias estimates of GxE heritability.

In simulation Ni et al. [51] show that controlling for G-E correlation is important
to obtain unbiased GxE estimates when comparing against the RNM model; a sub-
model within the MRNM framework that makes no attempt to control for the main

effect of E. Ni et al. [51] also acknowledge that simply regressing out the main effect
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Figure 4.9: Estimated GxE effect rs8090962 on DBP. (a) Regional plot of the
main and interaction effects of SNPs within 250KB of rs8090962, (b) the estimated effect
of rs8090962 on DBP as a function of the environmental score (ES).

of E can provide a 'somewhat crude’ method of controlling for G-E correlation. I
find this somewhat unsurprising; standard linear modelling theory suggests that the
best way to control for a variable (in this case E) is to model it jointly (as LEMMA
does) or regress it out of all terms in the system of equations (as RHE does; see the
Frisch—-Waugh—Lovell theorem). I therefore suggest that LEMMA should be robust
to G-E correlation - although this has not been empirically tested in simulation.

In terms of computational efficiency, LEMMA appears to be superior to MRNM.
Ni et al. [51] state that the full MRNM model (ie including terms for R-E correlation
and interaction) takes 300 hours on a dataset of 60K samples using 14 cores. As
a consequence, Ni et al. [51] run their main data analysis using 66,281 samples
from the UK Biobank first release and further split this cohort into two for a
meta analysis approach. I finally note that Ni et al. [51] state that extending their
framework to model GxE with multiple environments is theoretically simple, but
chose not to do so due to computational limitations (as the number of parameters
would increase exponentially). Thus this computational bottelneck has practical

implications for their method.
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Figure 4.10: Comparison of GxE association statistics for logBMI. Comparison
of negative logig p values obtained from LEMMA, StructLMM, the F-test and the robust
F-test in an analysis of logBMI in the UK Biobank. Grey lines denote (p = 5 x 10~%)
and the y = z axis. Pearson correlation is shown in a label at the top left of each plot.
Red points denote the sentinel SNP for each locus.

Comparison with an ES estimated from marginal environmental effects

As a final comparison, I used the main effect of each environment (from a multivariate
linear regression with all of the non-genetic covariates used by LEMMA) to construct
an environmental score based on the marginal environmental effects. I refer to this
as ESain. If ESjain is similar to the LEMMA ES, then this would suggest that the
entire LEMMA analysis could be simplified by using E'S,.in as a fixed effect in the
Bayesian WGR instead of modelling the interactions weights as latent variables.

The correlation between the ESs estimated from the two approaches was
—0.062, —0.019, —0.297 and —0.088 for logBMI, PP, SBP and DBP respectively.
Low correlation here suggests that replacing the LEMMA ES with ESp.i, would be
a poor heuristic, however confirming this is a possible direction of future research

Figure shows a comparison of the interaction weights used to construct the
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LEMMA ES and ES,,.;, for each of the four traits. Visually the weights learnt
through each approach look quite distinct. In particular, age, age? and agexgender

appear to have stronger main effects in £S, ., than in the LEMMA ES.

Correlation of beta and gamma

The predicted main and interaction effects learned by LEMMA, namely the N-
vectors X3 and X+ could be interpreted as polygenic risk scores. One simplifying
assumption that could used when searching for GXE interactions is to replace the
interaction effects PRS X~ with the main effects PRS X .

Table displays the absolute correlation for cor(f,v) and cor(X 3, X~) for
each trait analysed by LEMMA. It is interesting to note that these correlations
are all quite low, suggesting that LEMMA benefits from the additional flexibility

allowed from modelling S and vy as separate effects.

Table 4.2: Correlation between main SNP effects and interaction SNP effects

Trait abs(cor(X g, Xv)) abs(cor(s, 7))
log(BMI) 0.13680 0.05810
PP 0.05306 0.03324
SBP 0.01741 0.00816
DBP 0.02464 0.00732

Correlation between main SNP effects and interaction SNP effects learnt during the
LEMMA variational algorithm. Absolute correlation is used as « is invariant to being
multiplied by —1 (as LEMMA would apply the same transform to the ES).

4.3.5 Computational cost

The number of iterations and the time taken for the WGR model (the most
computationally expensive part of the LEMMA algorithm) to converge is shown in
Table Each run was performed using 196 GB of RAM and 32 cores distributed
across a cluster with Xeon E5-2667 v4 3.2Ghz processors.

The number of iterations required for the WGR algorithm to converge ranged
from 646 (on DBP) to 3821 (on PP). An earlier implementation of LEMMA using

multithreading based on OpenMP took approximately 2000 seconds per iteration
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Table 4.3: Partitioned heritability estimates for four quantitative traits in the
UK Biobank.

Trait h% (s.e) hZ g (s.e)

log BMI  0.274 (0.056) 0.093 (0.028)
PP 0.228 (0.051)  0.125 (0.028)
SBP 0.251 (0.05) 0.039 (0.023)

DBP  0.254 (0.05) 0.016 (0.02)

Heritability estimates obtained using common imputed SNPs (MAF> 0.01 in the full
UK Biobank cohort) with RHE-LDMS. GxE heritability estimates were were obtained
using the ES from each model fit. All analyses controlled for the same covariates used
in the WGR analysis (including the top 20 principal components). Abbreviations; s.e,
standard error estimated using the block jacknife (see Appendix ; hé, heritability
due to additive genetic effects; hQGXE, heritability due to multiplicative GxE effects; RHE,
randomised HE-regression[86, 87]; LDMS, SNPs stratified by minor allele frequency and
LDscore (20 components).

(using 16 cores and the same processor), meaning that the PP analysis would have
taken over 88 days to converge. However using 32 cores and OpenMPI meant that
the PP analysis took (only) 183 hours 26 minutes to converge. Thus use of OpenMPI
was crucial to making LEMMA computationally tractable on biobank scale datasets.
Figure shows the evolution of the interaction weights after each full cycle of
VI updates, for all four traits. Many of the interaction weights display trajectories
that are akin to slowly climbing a shallow plateau, which suggests that employing a
momentum based inference strategy|[137, [138] could lead to faster convergence.
Figure compares the per-iteration improvement in the ELBO from running
LEMMA with and without the SQUAREM algorithm on each of the four traits.
The SQUAREM algorithm is an iterative scheme (implemented within LEMMA)
that promises to accelerate the convergence of EM-like algorithms|96]. On average,
running LEMMA with the SQUAREM algorithm reduced the number of iterations
required for convergence by 543 and lowered the converged ELBO by 3.59. Varia-
tional inference is sensitive to initialisation[90]; thus, a small amount of variation

around the converged ELBO is to be expected.
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Figure 4.11: Comparison of hyperparameter maximization strategies on four quantitative
traits in the UK Biobank.

4.4 Discussion

In this chapter, I have described results from applying LEMMA in a GxE analysis
of four quantitative traits using data from the UK Biobank. First, a novel WGR
framework was used on genotyped SNPs to jointly estimate SNP effects and the
weights in a linear combination of environments that interacts with SNPs genome
wide (referred to here as the ES). Second I estimated the proportion of trait variance
attributable to multiplicative interactions with the ES and found that GxE effects
among common imputed SNPs make a non-trivial contribution to trait variance for
logBMI and PP (9.3% and 12.5% respectively), which is found primarily amongst low
frequency SNPs (MAF < 0.1). Finally, I tested each SNP for non-zero interactions
with the ES and identified three loci with statistically significant interactions. Two
of these loci, rs539515 (FOXO03%) and rs8090962, are novel and for the other, rs539515
(SEC16B), we show stronger evidence for than in the previous study|[55].

The advantage of modelling mutliple environments within the LEMMA frame-
work can be highlighted by comparing to Robinson et al.[49], who used GCI-GREML
to quantify GxE heritability for BMI with a single environmental variable. GCI-
GREML requires ordinal variables, but the authors convert continuous measures
to ordinal using 4 quantiles. The authors performed GxE analyses with eight
environmental variables (including measures of smoking, hours of TV watched and
alcohol frequency) using data from the interim UK Biobank release and reported

significant GxE heritability for smoking only (h%,; = 4%). In contrast, the ES
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Figure 4.12: Inference of environmental score weights from GxE analyses of
four quantitative traits in the UK Biobank. Evolution of the environmental score
weights as LEMMA performs successive passes through the data.

estimated for logBMI in our analysis had upweighted contributions from many

environmental variables, including hours of TV watched and smoking, suggesting

that multiple environmental variables can influence on the genetic predisposition to

BMI. Modelling these environmental variables jointly allowed LEMMA to capture

a combination whose GxE interactions explained 9.3% of heritability.

In this chapter, I also compared LEMMA with three existing single SNP methods
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(StructLMM, the F-test and a robust F-test), using logBMI as a model trait. The
performance of StructLMM and the F-test appeared similar in this analysis; both
identified similar sentinel SNPs and had inflated genomic control statistics (1.236
and 1.372 respectively). Use of robust variance estimators reduced genomic control
for the F-Test to 1.034, suggesting that this inflation is due to heteroskedasticity
and not to polygenicity of GxE effects. The two F-test methods further benefit from
a wealth of existing theory|105] and, being theoretically simpler than StructLMM,
could be easily implemented as an R-plugin with PLINK[139] (for example [101]).
StructLMM is also arguable less interpretable than the F-Tests because identification
of the relative importance of each environment is ascertained by comparing the
log-marginal likelihood with and without that environment[55]. Therefore the
robust F-test appears to be the most appropriate of the three single SNP methods
to model GxE effects with tens of environments in biobank scale datasets. Finally,
comparing LEMMA to the robust F-Test suggested that each method is powered
to detect quite different GxE effects, consistent with the different assumptions

made by each method.
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This chapter introduces two extensions of the randomised HE-regression frame-
work[86l, 87| for modelling GXE interactions with multiple environmental variables.
The first, which I refer to as RHE-multiE, is a simple extension of the randomised HE-
regression framework that uses an additional L components to model multiplicative
interactions, one for each of the L environmental variables.

The second, which I refer to as RHE-NLS, attempts to estimate the same
environmental score used in LEMMA but using the framework of randomised HE-
regression. Simulation results in this chapter suggest that such an approach could be

a more computationally efficient way of achieving the same aims as LEMMA as once

87
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estimated the ES could be used to discover which environments are most relevant
for GxE, used in single SNP hypothesis testing or to estimate the GxE heritability.
The work in this chapter was all done in the last month before submission, so

the methods presented here are less mature than those presented earlier.

5.1 Methods
5.1.1 RHE-multiE

Here I extend the RHE framework defined in Section[[.3.21to model GxE interactions
with L environmental variables. Let E be an N X L matrix of environmental
variables, where each column has been normalised to have mean zero and variance

one. Then the RHE-multiE model is given by
y~N(0,05K +> 00 BL0 K ® E] +021). (5.1)
1

For convenience of notation I define the matrices

XXT if k=1,

K, = diag(Ek_l)XA);Tdiag(Ek_ﬁ ifl<k<L+1,

I ith=L+2,
and let 0 = {03, (03,){~;, 0¢}. Thus Equation (5.1)) can be re-written as

k

As shown previously, fitting the variance components is done analytically by solving

the following system of equations

T0 =c (5.2)

where
Ty = tr (WK, WEKW) (5.3)
e =y WKWy, (5.4)

and W = [ — E(ETE)"'ET. As shown in the original RHE method|86, [87],
Hutchinson’s estimator can be used to efficiently estimate Ty;. Finally, the variance

components are converted to heritability estimates using the following formula
}Alz _ thr (K k)
>k Ortr (K)
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Efficient computation

To build the system of equantions in Equation (5.2), genotypes were streamed from
file to compute y? WX XTWy and the following N-vectors

w = XX W2,

Uy = XXTEZWZ(,,

where 2, for 1 < b < B are random N-vectors drawn from a Gaussian distribution

with mean zero and identity covariance.

Let & be defined as

Up if k= 1,
&=Suy ifl<k<L+1,
Then Equation (5.2) can be filled using the following equations
1 T ¢k
Ty = m;(&;) & -
RHE-multiE costs O(NMLB) in compute and O(NLB) in RAM.

5.1.2 RHE-NLS

Here I describe a new method to collapse multiple environmental variables down
to a single linear combination that is involved in multiplicative GxE interactions
at SNPs genome-wide. As with LEMMA, this linear combination is referred to as
an environmental score. The method aims to estimate the ES by minimising the
squared loss between the expected and observed covariance matrices with respect
to the variance parameters o2, 0%, 02, and the interaction weights w.

Consider the Bayesian whole genome regression model given by

y=XB+n0 Xv+e,
n=Euw,

B~ N(0,031),

v ~N(0,021).
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This is the same model used by LEMMA in Equation (2.1]), except the mixture of
Gaussians priors on SNP effects have been replaced with Gaussian priors. Integrating

out the SNP effects yields the model
y ~ N(0,05K + 03 Ky (w) + 021),

where

XXT

==

Ky (w) = diag (Fw) Kdiag (Ew) ,

K

1
= Mdiag (Bw) X XTdiag (Ew) ,
1

i > wwdiag (E) X X" diag (E,,) -

lm
Minisiming the squared loss between the expected and observed covariance is

equivalent to the following regression problem

vec (ny) = aﬁvec (K) + Uivec (Ky(w)) + o?vec (I) + €,

- azvec (K)+> inlwmvec (diag (Ey) Kdiag (E,,)) + o2vec (I) + €.
I,;m

(5.5)

In this format it is clear that optimising 03,02, w,0? is a non-linear regression

2

problem. Further, including a parameter for o7

is no longer necessary. From here

on [ set w; = /02w, and drop the T parameterisation without loss of generality.

Levenburg-Marquardt algorithm

Unlike in linear regression, where ordinary least squares provides an analytic
solution to the global minimum, there is no dominant algorithm for non-linear least
squares. Linear approximations are effective once the current estimate is in the
neighbourhood of a minimum, but can display erratic or divergent characteristics
if initialised in the wrong place [105].

I first attempted to use the Nelder-Mead[140] algorithm to minimise the squared
2 )L

loss with respect to {03, (05, )1, 07}. Nelder-Mead is a numerical method used to

find the minimum of a function by using a simplex to explore the function surface.
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It uses a series of heuristics to expand, contract or reflect points in is the simplex as
appropriate. Nelder-Mead is advantageous when the gradient is unknown or hard
to compute, because it only requires the ability to evaluate the objective function
at different points. However I found that it look a long time to converge, especially
as the number of environmental variables increased (results not shown).

Instead I used the Levenburg-Marquardt[141] algorithm, which is commonly
used for non-linear least squares problems. The algorithm effectively interpolates
between the Gauss-Newton algorithm and the method of steepest gradient descent,
by use of an adaptive damping parameter. In this manner, it is more robust than
the straight forward Gauss Newtown algorithm but should have faster convergence
than a gradient descent approach.

Without loss of generality, consider the following model non-linear regression

problem

Y = f(6) +e (5.6)

Given a starting point 6y, Levenburg-Marquardt proposes a new point 0,0, = 6o + 0

by solving the normal equations
(7(80)"(00) + T ) & = 7 (00) " e(6), (5.7)

where J(0y) = 6’;(9900) and €(6y) = Y — f(6y) are respectively the Jacobian and

the residual vector evaluated at 6.

If 0,.ey has lower squared error than 6y, then the step is accepted and the adaptive
damping parameter p is reduced. Otherwise, u is increased and a new step 0 is
proposed. For small values of u Equation approximates the quadratic step
appropriate for a fully linear problem, whereas for large values of u Equation ([5.7))
behaves more like steepest gradient descent. This allows the algorithm to defensively
navigate regions of the parameter space where the model is highly non-linear. If
0 4+ 6 reduces the squared error, then the step is accepted and p is reduced,
otherwise p is increased and a new step 0 is proposed. A complete description

of the algorithm is given in Appendix [A 3]
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To apply Levenburg-Marquardt, all that is needed are efficient ways to compute
J()TJ(), J(0)Te(f) and the squared error S(#). Equation (5.6)) is equivalent
to Equation (5.5)) if

0 = {og,w,af},

Y = vec (ny> ,
f(0) = ofvec (K) + > wiwy,vec (diag (£;) Kdiag (E,,)) + ozvec ().
Im
Preprocessing

In a preprocessing phase, the genotypes are streamed from file and the following

N-vectors are stored in RAM

w = XX Wz,

Vv = XXTEZWZb

where 2, for 1 < b < B are random N-vectors drawn from a Gaussian distribution
with mean zero and identity covariance, W denotes the residual maker matrix
I — CT(CTC)7IC for any covariates. If no covariates are present then this is
just the identity.

In addition I also compute the following quantites

yTWXXTWy

Eldiag (Wy) X XTdiag (Wy) E,for 1 <1,m < L,
which can also be computed as genotypes are streamed from file.

Efficient computation

Define v,(w) = > wyvp,. In this manner the trace of Ky(w) is efficiently be computed

by

tr (o) o)~ 3 2 o)



5. GzE with multiple environmental variables using randomised HE-regression 93

Let (J7J), 0, to denote the entry of the J”.J that corresponds to 89) 0) for

0:,0; € {w,03,0.}. Therefore the (L + 2) x (L + 2) matrix J(6)"J(0) is given by

(JTJ> = tr (diag (n) Kdiag (F;) diag (E,,) Kdiag (n)),

B M123 Xb: (vb(w)" diag (Ey) diag (Ey) vy(w))

= tr (diag () Kdiag (£;) K) ,

(77)

1

= 325 3 () ding (B) ).

=tr(KK),

1
= Z ||ub||2v
M2B 4 ?
(") , = tr(K),
MQB Z 2 Wy,
(JTJ) , =tr (dlag (n) Kdiag (E})),

wi,0¢
1 T
= ——> z Wu(w),
M?B <

(J7) , ,=tr(W).

2 52
O¢:0¢

J(0)Te(0) is given by

(JO)e0) , =tr (y"WEWy) — J(O)"J(0)03,

(J0)"e(0)) = tr (y Wdiag (E) Kdiag (Ew) Wy) — J(0)" J(0)wy,

(JO)e0) , =t (y"Wy) - J(0)" I (0)0?.

I note that tr (yTWK Wy) is computed in the preprocessing stage, and that

tr (y" Wdiag (Fr) Kdiag (Ew) Wy) = ZE diag (Wy) X XTdiag (Wy) E,,
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Finally S(0) is given by

S(o5,w) = [|(yy" — Cov ()|,
= tr ((yy" — Cov ())(yy" — Cov (y))),

o2\T (o (oK)
= tr (nyny) —-211 tr (yTK2<w)y)

o; tr (yTy)
a3\ [ tr(KK) tr (K Ko (w) tr (K) o3
+11 tr (KKy(w)) tr(Ky(w)Ky(w)) tr(Ky(w)) 1
o? tr (K) tr (K (w)) N o?

Complexity

The initial preprocessing step has costs O(NMLB + NML?) in compute and
O(NLB) in RAM.

The remaining algorithm does not require much RAM in addition to that
required in the preprocessing step, so also costs O(NLB) in RAM. Construction of
the summary variable v,(w) = >, wyvy,; costs O(NLB) in compute. Each iteration
of the Levenburg-Marquardt algorithm costs O(NL?B).

It is possible to parallelise RHE-NLS using OpenMPI by partitioning samples
across cores, in a similar manner to that used by LEMMA (see Section [2.3.1). Given
that evaluating the objective function S (0’%, w) is characterised by BLAS level 1
array operations, a distributed algorithm using OpenMPI should have superior
runtime versus an the same algorithm using OpenMP as well as providing RAM

limited only by the size of a researchers compute cluster.
Initialisation

The Levenburg-Marquardt is only guaranteed to find a local minimum. There-
fore I perform 10 repeats of the Levenburg-Marquardt algorithm with different
initialisations, and keep results from the solution with lowest squared error S (é)

Each run is initialised with a vector of interaction weights w, where each entry

1

set to and a smal amount of Gaussian noise is added.

~ 1. 2
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To transform the initial weights vector @ to the initial parameters 6, I do the

following. Let (63,62,62) be solutions to

(6-%7 O-?{v &2) - argminaé,a%,aEHny - (O%K + O',%Kg(ﬂ?) + USI) H%’

Then I initialise the RHE-NLS algorithm with 6y = (63, w,5?) where w = o1.

5.1.3 Relationship between RHE-NLS and RHE-multiE

The RHE-NLS model is given by
y ~N(0,05K + 02 Ky (w) + 021), (5.8)
which, when expanded into a Bayesian regression model, can be re-written as

y=XB+ (Ew) ® X7y +e, (5.9)
B~ N(0,03),
v~ N(0,03),
e ~ N(0,02).

The RHE-multiE model is given by
y ~ N(0, aﬂK+Za E,0K®E] +02I), (5.10)
which, when expanded into a Bayesian regression model, can be re-written as

y=XB+> EOX\+e, (5.11)
l

B~ N(0,03),

)\1 NN(O CT )

) wy

e ~ N(0,02).

Comparing Equation ([5.9) with Equation , suggests that RHE-NLS
is a contrained version of the RHE-multiE model (under the constraint that
SN = v wy).

We can expect the two models to give similar heritability estimates, under

the simplifying assumptions that GxE interactions do occur with a single linear
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combination of the environments and that the set of random variables {g, (E;©0g)% ,}
is mutually independent. Let g ~ N(0, K) and € ~ N(0,62). Then connection

between the two models is revealed by observing

Y = N(0,05K + 02 Kz (w) + 021),
= 0gg + (awalEl) ® g+ €,
1

=059+ > 0w B ®g+e,
]
:N<O,U§K+ZailEl®K®ElT—i—azI>,
I

», = 02wi. Thus we should expect both models to have the same estimate

where o
for the proportion of variance explained by GxE interaction effects.

Even in that case that RHE-multiE and RHE-NLS have the same expected
heritability estimate, there are still some differences between the two. RHE-NLS
is a constrained model, so the variance of its heritabiity estimates may be smaller.
Further, although 63” is proportional to the square of the weights used to construct

the ES the sign of the interaction weight w; has been lost. Thus it is not possible

to reconstruct an ES for use in single SNP testing from RHE-multiE.

5.2 Simulation results
5.2.1 Data

As in Chapter [3] I used genetic data subsampled from genotyped SNPs in the UK
Biobank[110], drawing SNPs from all 22 chromosomes in proportion to chromosome
length and using unrelated samples of mixed ancestry (N = 25k; 12,500 white
British, 7,500 Irish and 5,000 white European, N = 50k; 29,567 white British,
7,500 Irish and 12, 568white European, N = 100k; 79, 567 white British, 7, 500 Irish
and 12,568 white European; using self-reported ancestry in field f.21000.0.0). All
samples were genotyped using the UKBB genotype chip and were included in the
internal principal component analysis performed by the UK Biobank. Environmental

variables were simulated from a standard Gaussian distribution.
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I performed simulations where the phenotype was simulated from the LEMMA
model and where the phenotype depended on the squared effect of a heritable

environmental variable. These phenotype simulations strategies are described in

detail in Sections [3.2.1] and [3.3.1] respectively.

The default parameter choices were: N = 25K; M = 100K ; L = 30; active— L =
6, Meausal, ¢ = 2,500; Meausal, axe = 1,250; h3 = 20%; h2 = 5%.

For avoidance of doubt, the model ‘LEMMA’ in the simulation results presented
below refers to running the WGR model described in Chapter [2] and subsequently

applying RHE to estimate the proportion of trait variance explained by multiplicative

GxE effects as described in Section 2.4

5.2.2 Results

Comparison on baseline simulations

I first compared LEMMA, RHE-NLS and RHE-multiE in simulations where the
phenotype was simulated from the LEMMA model (referred to as the baseline pheno-
type).

The top row of Figure [5.1] compares estimates of the variance explained by
GxE effects from all three methods. In general, all methods had upwards bias
that decreased with sample size and increased with the number of environments.
While heritability estimates from LEMMA and RHE-NLS appeared quite similar,
estimates from RHE-multiE had much higher variance and also appeared to have
higher upwards bias as the total number of environments increase (see [5.11).

The bottom row of Figure [5.1] compares the absolute correlation between the
simulated ES and the ES inferred by LEMMA and RHE-NLS. In general, the
estimated ES from RHE-NLS had lower absolute correlation with the true ES
than the estimated ES from LEMMA, implying that RHE-NLS has lower power.
However, in large sample sizes (N = 100k), both methods achieve a correlation

of over 0.98 with the simulated ES.
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Figure 5.1: Comparison on baseline simulations. The top row shows estimates of
the proportion of variance explained by GxE effects by LEMMA, RHE-NLS and RHE-
multiE, whilst varying the number of environments, the number of active environments and
the number of non-zero SNP effects and GxE heritability. The bottom row compares the
absolute correlation between the true ES and the ES inferred by LEMMA and RHE-NLS.
Results from 15 repeats shown.
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Figure 5.2: Comparison on simulations with a misspecified heritable environ-
ment Estimated proportion of trait variance explained by GxE effects is shown on the left,
absolute correlation between the inferred ES and the true ES shown in the right. Results
shown using LEMMA, RHE-NLS and RHE-multiE. Phenotypes simulated with a squared
effect from a heritable confounder (see Section [3.3.1)). Results from 20 repeats shown.
Abbreviations; (-SQE), no attempt to control for squared effects; (+SQE), squared effects
with p < 0.01 (Bonferroni correction for multiple envs) included as covariates
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Figure 5.3: Computational complexity of RHE-NLS in simulation. Strong
scaling of RHE-NLS using OpenMPI to parrallelise across cores with (a) N = 25k samples
and (b) N = 50k samples. Comparison of the runtime of the Levenburg-Marquardt
algorithm (¢, d) and runtime of the preprocessing step (e, f). By default each run
used; four cores, N = 25k samples, L = 30 environments and 10 random starts of the
Levenburg-Marquardt algorithm. Results from 15 repeats shown.

Comparison with a misspecified heritable environment

Subsequently I compared LEMMA, RHE-NLS and RHE-multiE in simulation where
the functional form of a heritable environmental variable was misspecified (or
more specifically; the phenotype depended on the squared effect of a heritable
environment). Results are shown in Figure Following the approach used
in Section [3.3] I tested all methods without any attempt to control for model
misspecification and using a preprocessing strategy where each environment was
tested for squared effects and significant squared effects were included as covariates.
These are referred to as (-SQF) and (+SQE) respectively in the figures. Using the
(-SQE) strategy, all methods showed upwards bias in estimates of GXE heritability
that increased with the strength of the squared effect on the phenotype. Model
misspecification also caused bias in the ES of both RHE-NLS and LEMMA, however
bias in the ES from RHE-NLS appeared to be much worse. Using the (+SQF)
strategy, all GxE heritability estimates were unbiased, consistent with earlier

simulation results.
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Computational complexity in simulation

Figure [5.3| displays simulation results on the computational complexity of RHE-NLS.

Figures [5.3a] and [5.3b] show that RHE-NLS achieved perfect strong scaling| on

the range of cores tested. This suggests that RHE-NLS has superior scalability to
LEMMA, as for LEMMA the speedup due to increased cores began to decay after
the number of samples per core dropped below N = 3k (see Figure .

Time to compute the preprocessing step and solve the non-linear least squared
problem are shown in Figures to [5.31, while the number of environments and
sample size were varied. As expected, the preprocessing step appeared to be linear
in both the number of environments and sample size. Time to solve the non-linear
least squares problem appeared to be quadratic in the number of environments and
approximately linear in sample size N. As a single Levenburg-Marquardt iteration
should have complexity O(NL?B), this suggests that the number of iterations
required for convergence of the Levenburg-Marquardt algorithm was independent of
sample size and the number of environments (at least for the range of values tested).

Finally, to give a direct comparison between LEMMA and RHE-NLS, I ran each
method on simulated data with N = 100k samples, M = 100k SNPs and L = 30
environmental variables using 4 cores for each run. Over 20 repeats, LEMMA took

an average of 648 minutes to run whereas RHE-NLS took an average of 233 minutes.

5.3 Discussion

In this chapter, I have presented two new approaches, referred to as RHE-multiE and
RHE-NLS, for modelling GxFE interactions with multiple environmental variables.
The former only estimates GxE heritability, whereas the latter estimates both GxE
heritability and an ES that interacts with SNPs genome-wide. This ES is very
similar to the ES estimated by LEMMA; The difference being that the RHE-NLS
model assumes explicitly that interaction weights are unconstrained and implicitly

that a Gaussian is placed on SNP coefficients.

LA parallel algorithm has perfect strong scaling if the runtime on 7T processors is linear in %7
including communication costs.
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I compared all three of these methods in simulation. Estimates of GxE
heritability from RHE-multiE had much higher variance than estimates from
LEMMA and RHE-NLS, suggesting that the usefulness of RHE-multiE is limited.
Although RHE-NLS had less power than LEMMA to estimate the true ES, both
methods were reasonably accurate in estimating the ES in large samples. Both
methods also produced similar estimates of GxE heritability. The primary advantage
of RHE-NLS over LEMMA is in computational complexity, as the empirical
complexity of RHE-NLS appeared to be linear in sample size whereas LEMMA was
shown to be super-linear in Section [3.2.2] Therefore for the purposes of biobank
scale datasets with hundreds of thousands of samples, the RHE-NLS is likely to
be more computationally tractable than LEMMA.

A comparison with LEMMA is not entirely fair, because LEMMA is also able
to perform single SNP hypothesis testing whereas RHE-NLS (currently) does not.
Several approaches could use the ES estimated by RHE-NLS for hypothesis testing.
The simplest approach would be to use standard linear regression, with genetic
PCs to control for population structure, after running RHE-NLS. Explicitly, this
could be achieved by fitting the model

Yy = OCYC + ﬁaE + 77 ® OaCxE + CUtestﬁtes‘c + ﬁ © Ltest Vtest + €, (512)

where 7) denotes the estimated ES and C' is a matrix of covarites including genetic
PCs. Alternatively, we could expect that an LMM with two kinship matrices (one
for additive genetic similarity and one for multiplicative GxXE similarity) might yield

superior performance. This could be achieved with the model
Yy~ N(ﬁ& + 'Z'testﬁtest + ﬁ © Ttest Vtest O-EK + ngeﬁ ®© K ®© 77 + UZI), (513)

where K = XTXT and X is the genotype matrix normalised to have mean zero
and variance one. In the same way that an LMM has better power and control of
confounding that linear regression for a standard GWAS[25], the LMM in Equa-
tion should have better power and control of confounding than linear regression
in Equation (5.12)). Naively fitting this model on large datasets with hundreds of



102 5.3. Discussion

thousands of samples is computationally prohibitive. However recent advances|142]
have suggested that, for a standard GWAS in biobank scale datasets, the kinship
matrix K can be replaced with a sparse approximation. Preliminary evidence
suggested that this approach yields vastly superior computational performance with
minimal sacrifice in model performance|142]. Finally, the estimated ES could be used
as the only environmental variable in the WGR regression algorithm implemented

by LEMMA. However, exploring these approaches is reserved for future work.



Conclusion

This primary contribution of this thesis is a novel approach, LEMMA, for modelling
multiplicative GXE interactions with multiple environmental variables in quantitative
traits. The core of LEMMA is a Bayesian WGR algorithm that jointly models
the main effect and GxE interaction effect of SNPs genome-wide. Instead of
modelling a separate GxE interaction effect for each SNP and each environment,
LEMMA assumes that each SNP has a GxE interaction with a weighted average of
the environmental variables (referred to as the environmental score or ES). This
assumption corresponds to a hypothesis that the same environmental variable
(or combination of variables) might be involved in GxE interactions at multiple
locations across the genome.

In Chapter 3, I compared LEMMA to existing single SNP methods that
model multiplicative GxE interactions with multiple environmental variables. In
simulations where the hypothesis underlying LEMMA was true, I showed that
LEMMA has much higher power to identify GxE interactions than existing methods.
I also showed that the estimated ES could be combined with randomised HE-
regression to estimate the proportion of variance explained by multiplicative GxE
interaction effects. This approach is biased upwards, but with bias that reduces

with sample size.
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Chapter 4 contained an analysis of GxE interactions in BMI, PP, SBP and
DBP, using approximately 280, 000 white British participants and 42 environmental
variables from the UK Biobank. I estimated that 9.3%, 12.5%, 3.9% and 1.6%,
respectively, of phenotypic variance, is explained by GxE interactions with the
ES, and that rare variants explain most of this variance. LEMMA also identified
three loci that interact with the estimated environmental scores at genome-wide
significance levels (—log,,p > 7). In a comparison of LEMMA against StructLMM,
the F-Test and the robust F-test on BMI with the same set of environmental
variables, I showed that LEMMA is powered to detect loci that are distinct from
those detected by the single SNP methods. This suggests that the underlying
hypothesis of LEMMA has potential (at least for BMI). I also showed that state-of-
the-art method StructLMM|[55] shows substantial inflation when applied to BMI,
which I suggest is due to conditional heteroskedasticity.

There are several ways in which LEMMA could be improved. The central
hypothesis (that all GXE interactions occur with a single environmental score) is a
strong one. I have suggested that this hypothesis could be relaxed by partitioning
SNPs into groups (perhaps based on annotations) and learning a single ES for
each group. Alternatively, I have suggested that a more complex generalisation
could be achieved by learning more than one ES per group. Both of these could
be pursued in future work.

At the moment LEMMA has only been tested in traits with a continuous
phenotype. BOLT-LMM][75, 79], a WGR algorithm that models the SNP additive
effects in a manner similar to LEMMA | has been shown to be statistically well-
calibrated for balanced case-control studies and to have inflated type I error in
unbalanced case-control studies[143]. This suggests that LEMMA may also be
able to run on balanced case-control studies; however, this has not yet been tested.
Extensions to case-control studies are a topic for future work.

Finally, LEMMA is a computationally intensive algorithm. Even though I
have implemented several approaches to make LEMMA scalable, such as use of

OpenMPI for parallelisation or the SQUAREM algorithm, LEMMA still required
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over a week to converge using 32 cores in the analysis of PP presented in Chater
4. In chapter 5, I explored a different approach, RHE-NLS, that estimates a
similar ES to that estimated by LEMMA and its contribution to GxE heritability.
RHE-NLS appeared to have less power than LEMMA but superior computational
efficiency, suggesting that RHE-NLS might be more appropriate for GxE analyses
with hundreds of thousands of samples. In simulation, RHE-NLS had empirical
computational complexity that was linear in sample size and quadratic in the number
of environments. I have also suggested ways in which RHE-NLS could be extended to
perform single SNP hypothesis testing in a manner that is computationally efficient
and is likely to have similar power and calibration as LEMMA does. However

this approach is, again, the subject of future work.
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A.1 Derivation of mean field Coordindate Ascent
Variational Inference

We use Coordinate Ascent Variational Inference to optimize the ELBO F(v;¢) [91].

Recall that the evidence lower bound (ELBO) is defined by

= E, [log p(y|D, ¢) + log p(8ly, D, ¢) — log q(6; v)],

Using the mean field assumption, that the variational distributions factorise, we
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110 A.2. Details of Randomised HE-regression

can rewrite the ELBO as

F(v;¢) = log(p(y|¢) + E, [log p(dly, )] — > E, [log q(6;)] .

J
For notational convenience, dependance on data D and variational parameters v
have been suppressed. Using C to denote a constant that is not necessarily the

same between lines, we can consider F as a function of ¢(6;)
Fj = By [log p(Bly, ¢)] — Eq [log q(6;)] + C,
— [ TLa(6:) {108 p(6ly, 6)} d6 — [ a(6;)10g a(6;)a8; + C.

= /Q<6j) {/qui)logp(@Iy,cb)d@—j} db; — /Q(@') log q(0;)d0; + C,

i#]
= [ 4(6;) {E- 0, log p(6ly. )]} db; — [ a(6;) 108 q(8;)d0; + C.
= —KL (q(0;)[E_y0,) log p(0ly, 6)]) + C,
where E_g, is the expectation taken over all variables except ;. From the last line

it is clear that to maximise F,; we minimise the KL divergence between log ¢(6;)

and E_g@,) [log p(f]y, ¢)]. This minimization occurs when

log " (0;) = E_y,) [log p(0ly, D, ¢)] + C.

Equivalently, the CAVI identity could be stated as one of the following

q*(0;) o< expE_g, [log p(0ly, D, ¢)] , (A1)

q*(0;) o< expE_y 0, [log p(6;10—;,9, D, 9)] (A.2)

A.2 Details of Randomised HE-regression

HE-regression is a method of moments estimator that minimizes the squared

difference between the observed and expected covariance from the folowing model
Yy NN(O,J§K+U§[),.
More explicitly, HE-regression solves the following optimization problem

(637 63) = argminaﬁ,a?”ny - (O’;K + O-g[) H%‘
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Recent work by Wu and Sankararaman [86] showed that HE-regression can be
computed efficiently using Hutchkinsons estimator [88|. This is termed randomised
HE-regression. Subsequently, Pazokitoroudi et al. [87] showed that heritability

estimates for the multiple component model
y ~N(0,> 0p Ky + I07)
i
can also be efficiently obtained as solution to the linear system given by

F Y- (9

where

Tkl = tr (KkKl) (A4)
b, = tr (Ky) (A.5)
cr =y Ky, (A.6)

Using Hutchkinsons estimator as in the single trait model allows the algorithm

to scale in O(NMB).

A.2.1 Controlling for covariates

To control for covariates, the matrix of covariates C' can be efficiently regressed out
of all terms in the model without changing how the algorithm scales. Let W =

I—CT(CTC)~1C. Then by re-writing Appendix as a bayesian regression model

y|B,e = XB +e,
B~ N(0,03),
e~ N(0,02),

it is clear that applying W to all terms in the bayesian regression has the effect

of projecting covariates out of the system

Wy ~ N0, WKW + Wo?).
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Therefore Equation ([1.4) with covariates projected out is given by

Tk:j = tr (WKkWKJW) s
tr (WX, XT)
by = —
o =y WKWy,

using the property that W is idempotent.

A.2.2 Block jacknife variance estimator

Statistical resampling methods are a useful tool in computational statistics for
parametric estimation, hypothesis testing and model validation. Commonly used
resampling methods include permutation tests, the bootstrap and the jacknife.
The jacknife has previously been used to estimate the variance of HE-regression
heritability estimates, with one individual is left out at a time [85]. Such an approach
is not efficient using the randomised HE regssion framework. Instead Pazokitoroudi

at al.[87] use the block jacknife, leaving out blocks of SNPs.

Let
T b
=4 )

so that the system we want to solve is given by

Ac? = C}
7 {yTy

Partition the columns of genotype matrix X into J disjoint blocks X1, ..., X/
such that X = [X!, ..., X’], where X7 is an N x M; matrix.
To compute the j'th jacknife replicate of hZ, the heritability estimate for the

k’th component, we first solve

2 Clj
Aoy = {yz@]y}

where Ap;) and ¢ refer to A and ¢ computed excluding SNPs from the j’th
block. Then we compute hj ; as

2
Tk,1j]

B2 = =l
U Sty
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Note that a priori we expect hi[j] to be an ascending function of the number of
SNPs used. Thus we would expect the jacknife estimates of hi to systematically be
smaller than the full data estimate. That is that hi,m < hZ on average. Therefore

we define the per-SNP heritability

B2
h:=_t
M
2
P2 i
kT A — M,;
The per-SNP jacknife variance is then

VarJack (ili) - J(]_l Z (ilzvm B iLivH)2 ’

J
where

- 1 .
2 2
M = 7 2 iy
j
is the mean per-SNP h? estimate for the k’th component over all jacknife samples.

Finally the jacknife variance over all SNPs is

Varjack (hi) = M*Varj,« (BZ) )
A.2.3 Efficient computation

Let
uf = X XFWwz,
where k refers to the £’th SNP component, b is the b’th random draw and W is the

identity if there are no covariates. Then Equation ({A.3]) can be solved efficiently

by substituting in the following expressions

Tkj = tr (WKkWKJW) s
1

ENT k
- W
BM, M, Xb:(ub) U

e (WXXT)

My,
1

_ T
= BMk zb:(ub) WZ],,

a =y WKWy,

by

1
= m||XgWy!|§,
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To efficiently compute block jacknife estimates, further define

uf ;= X (X 2,

Thus
v Ky =y Ky — y" Ky, (A7)
_j 1 1 ;
tr (Kk]) :EMk'ZszKkZb_ZbTKIZZb’ (A.8)
7] b
1 1 T, k T, k
J b
o 1 1 . ,
tr (K"K 7)) = =———Y 2} (K}, — K])(K; — K{)z, (A.10)
(KK BMkJMl,jzb: ' * l
1 1
. (uf —uf )T (ud -l ). (A.11)
B My,; M ; v

So we just need to store N-vectors u'l;j for1<b<B,1<j<J, 1<k<K

which costs 8SNBJK bytes of RAM.

A.3 Levenburg-Marquardt algorithm

The Levenburg Marquardt algorithm described here is almost identical to that
described by Madsen, Nielsen, and Tingleff |144], however it is included here
for completeness.

Levenburg Marquardt|141] is a commonly used algorithm for non-linear least
squares problems, which interpolates between the Gauss-Newton algorithm and the
method of steepest gradient descent by using an adaptive damping parameter.

Consider the problem

y = f(z;0) +e.

If f(x;0) is linear in the parameters then the normal least squares solution can
be applied. If not then there is no analytic expression for the global maximum.

Instead Levenburg-Marquardt applies the iterative solution

(J'T +pul)d = T (y — f(x;0)),
— JTe(0))
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Levenburg Marquardt is an iterative algorithm. At time ¢, the algorithm proposes

a new point 0, = 0; + ¢ by solving the normal equations
(JO)T(O) + ) 6 = J(0,)"e(6r), (A.12)

where 1 is an adaptive damping parameter, and J(6;) = 6f (et and €(0;) =Y — f(0y)
are respectively the jacobian and the residual vector evaluated at 0;.
The proposed step O,y is accepted if it results in a positive value of the gain

ratio. The gain ratio p is defined by

S(6) + S(Buen)
55T (ud + T (6)Te(6r)’

I use two stopping criteria. At a local minimum, one would expect the gradient
25(6,) = J(0,)"e(6,) = 0. Therefore the first criterion should reflect if the algorithm

is at a local minimum, and is given by

17(6:)" €(00) |l < €1,

where €; is some small constant. The second stopping criterion is given by
10112 < €(|[6el]2 + €),

where €5 is some small constant. The second criterion terminates the algorithm
if the proposed step size is too small.
The adaptive damping scheme is given by
S(@) — S0+ 9)
L(0) = L(6)

S(0) — 50 +9)
x (07 + 07 JTe(6))

p_

The full algorithm is described in Algorithm [I} and a function for the gain
ratio is given in Algorithm [2l Thus the Levenburg marquardt algorithm can be

applied given values for S(6), J(0)TJ(0) and J(0)7€(6).
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Input: 6,
Output: 0
begin
// Constants
v=2; T7:=107% € =107 =107
// Initialise parameters
stop = false
t=0
A= J0)TJ0,); g:=J(0,)Te(0;)
p = 7 X max{diag (A)}
// Start loop
while t < T),,, and Istop do
A= JO0)TJ0:); g:=J(0;)Te(6,)
d=(A+ul) 'y
if ||6]|2 < €x(||6:][2 + €2) then
‘ stop = true
else
enew = et +90
p = GainRatio(6;, 6, u)
if p > 0 then
// Accept step
9t+1 = enew
t=t+1
// Reduce damping parameter
p=pxmax{1/3,1— (2p—1)*}
v =2
// Check termination
g = J(0:)"e(0r)
stop = ([|g[l < €1)
else
// Increase damping parameter
f=fpxv
v =20
end
end
end
0 =0,

end
Algorithm 1: Levenburg-Marquardt algorithm
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Function GainRatio(#, 9, u):
/* Compute gain ratio between current and proposed parameter
values */

S(0) = S(0+9)
P05 % 6T (4 + J(0)Te(6))

return p
end
Algorithm 2: Gain ratio function
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Figure B.1: Partitioned heritability estimates using genotyped SNPs for four
quantitative traits in the UK Biobank. Heritability estimates partitoned into
additive genetic and multiplicative GxE interaction effects for four quantitative traits
in the UK Biobank using approximately 280,000 unrelated white British individuals
(see Table and M = 639,005 genotyped SNPs. Multiplicative GxE iteractions were
computed using the EFLS from each model fit. Heritability estimation was performed
using a multi-component implementation of randomised HE—regression with SNPs
stratified into 20 components (5 MAF bins and 4 LD score quantiles).
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Figure B.2: GxE association statistics for logBMI. Manhattan plots displaying the
negative log;0 p values from GxE interaction tests at 10,295, 038 imputed SNPs applied
to logBMI in the UK Biobank. GxE interaction tests were computed using (a) LEMMA,
(b) StructLMM, (c) the F-test and (d) the robust F-test. The horizontal grey line denotes
(p=5x107%).
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Figure B.3: Comparison of the LEMMA vs marginal environmental score.
Interaction weights of the marginal environmental score were estimated from a multivariate
linear regression, using all the non-genetic covariates used by LEMMA. Interactions weights
were all rescaled so that the corresponding ES had variance one.
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Table C.1: Comparison of partitioned heritability estimates using genotyped
and imputed SNPs for four quantitative traits in the UK Biobank

Trait Genotyped (SC) Genotyped (LDMS) CommonImputed (LDMS)

h% (s.e) hi. . (s-e) h (s.e) hi. g (s.e) h (s.e) hi . (s.e)

log BMI 0.259 (0.069) 0.071 (0.009) 0.237 (0.126) 0.086 (0.024) 0.274 (0.056) 0.093 (0.028)
PP 0.233 (0.039) 0.075 (0.018) 0.203 (0.084) 0.111 (0.021) 0.228 (0.051) 0.125 (0.028)
SBP 0.24 (0.053)  0.033 (0.003) 0.223 (0.095) 0.038 (0.017) 0.251 (0.05)  0.039 (0.023)
DBP  0.277 (0.034) 0.014 (0.001) 0.231 (0.079) 0.016 (0.017) 0.254 (0.05)  0.016 (0.02)
Comparison of the heritability estimates obtained using genotyped SNPs with RHE-SC,
genotyped SNPs with RHE-LDMS, and common imputed SNPs (MAF> 0.01 in the full
UK Biobank cohort) with RHE-LDMS. GxE heritability estimates were were obtained
using the ELS from each model fit. All analyses controlled for the same covariates used
in the WGR analysis (including the top 20 principal components). Abbreviations; s.e,
standard error estimated using the block jacknife (see Appendix ; h2., heritability
due to additive genetic effects; h%}xEv heritability due to multiplicative GxE effects; RHE,
randomised HE-regression[86), [87]; SC, single SNP component; LDMS, SNPs stratified by
minor allele frequency and LDscore (20 components).
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Table C.2: Loci with genome-wide significant GxE interaction effects with the ELS

p-values
Trait SNP Chr BP A0 Al AF GxE GxE Main effect GxE Nearest gene
Effect  Effect
Size SE

log(BMI) 1rs539515 1 177,889,025 A C  0.208 -0.01166 0.00170 1.6 x 107% 6.5 x 1072 SECI16B
log(BMI) 1rs2153960 6 108,988,184 G A 0.713 -0.00984 0.00170 1.6 x 1078 6.5x 107  FOXO03
DBP rs8090962 18 56,694,404 A G 0.443 0.00867 0.00157 4.5 x 107! 3.6 x 108 OACYLP / SEC11C

Independent loci with genome-wide significant (P < 5 x 107%) GxE interaction effects with the environmental latent score (ELS). Loci
atleast 0.5cM apart were judged to be independent. SNP locations follow the GrCh37 human genome assembly. Abbrevations are as follows;
Chr, chromosome; A0, reference allele; Al, alternative allele; AF, reference allele frequency; ¢cM, centimorgan. All loci had IMPUTE INFO
score > 0.99

§2)q0} fiuvguawa)ddng 1)



Table C.3: Quality control and time to convergence of the WGR analyses Q

n

S

Trait No. samples No. SNPs No. envs No. No. covars Iterations for Time for WGR §
envs-sq total WGR converge  to converge* §

log(BMI) 281149 642095 42 30 96 1631 78 hours 18 mins §
PP 280749 642102 45 13 83 3821 183 hours 26 mins =
SBP 280749 642102 45 15 85 967 46 hours 25 mins Ny
DBP 280749 642102 45 15 85 646 31 hours 00 mins %

Time for the whole genome regression analysis to converge is reported for each analysis of UK Biobank traits, as well as the number of
SNPs and samples passing quality control and the number of covariates controlled for. ‘Other covariates’ consisted of the top 20 genetic
principal components as reported by the UK Biobank, age®, age?x gender, age® x gender, a binary indicator for the genotype chip and (for
blood pressure traits only) BMI. The environmental variables used (including lower orders of age and gender) is described in (Section .
To control for potential bias due to non-linear dependance between the phenotype and heritable environmental variables, I tested each
environmental variable and included any significant squared effects as additional covariates (as described in Section . *based on the
average per-iteration cost of 243 seconds, using 32 cores distributed across a cluster with Xeon E5-2667 v4 3.2Ghz processors.
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Table C.4: Comparison of the number of genome-wide significant GxE
associations and genomics control statistics from a GxE analysis of logBMI
in the UK Biobank

Method No. signals Genomic control (x?) Genomic control (p-values)*
LEMMA 2 1.062 1.038

LEMMA-S D 1.275 1.164

StructLMM (-SQE) 3 NA 1.236

F-test (-SQE) 4 NA 1.372

robust F-test (-SQE) 2 NA 1.034

LEMMA (-SQE) 3 1.065 1.04

LEMMA-S (-SQE) 6 1.288 1.171

The number of independent loci (atleast 0.5¢M apart) with genome-wide significant GxE
interaction effects and genomic control statistics for seven different methods applied
to logBMI in the UK Biobank. Genomic control is computed from GxE interaction
tests statistics from 10,295,038 imputed SNPs. Abbreviations; LEMMA-S, LEMMA
with a homoskedastic test statistic (see Online Methods); (-SQE), significant squared
environmental variables (Bonferroni correction) not included as additional covariates.
*The test statistics from StructLMM, F-test and the robust F-test are not X% distributed.
Hence for these methods we use Agc = logyo(m)/log; 0(0.5), where m is the median
p-value, to denote the genomic control statistic as suggested by Moore et al.[55].
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Table C.5: Summary statistics of the environment for participants in the
top and bottom 5% of the environmental latent score for logBMI. The mean
and standard deviation (in brackets) are shown for continuous variables, counts and
proportions (in brackets) of each factor are shown for ordinal variables.

Bottom 5% Top 5% Whole cohort

Mean hours of sleep

Mean (SD) 7.18 (1.08) 7.41 (0.95) 7.28 (0.89)

Median 7 7 7
Variance of hours of sleep

Mean (SD) 1.02 (0.65) 0.86 (0.62) 0.81 (0.56)

Median 0.7968124 0.7968124 0.7968124
TV watched (hours/day)

Mean (SD) 3.28 (1.68) 3.03 (1.92) 2.69 (1.49)

Median 3 3 3

Current smoker

Non-smoker
Current-smoker

11,970 (85.15%)
2,088 (14.85%)

10,006 (71.18%)
4,052 (28.82%)

255,381 (90.83%)
25,768 (9.17%)

Walking (days/week)

Mean (SD) 1.32 (2.29) 5.81 (1.93) 5.38 (1.04)
Median S 7 6

Moderate activity (days/week)
Mean (SD) 2.56 (2.28) 111 (2.48) 3.50 (2.31)
Median 2 4 3

Vigorous activity (days/week)
Mean (SD) 0.81 (1.36) 2.40 (2.28) 1.84 (1.92)
Median 0 2 1

Alcohol Intake (freq)
Daily or almost daily 15 (0.11%) 6,801 (48.38%) 63,359 (22.54%)
Three or four times a week 135 (0.96%) 2,200 (15.65%) 71,457 (25.42%)
Once or twice a week 1,111 (7.90%) 1,750 (12.45%) 74,047 (26.34%)
One to three times a month 2,497 (17.76%) 868 (6.17%) 30,468 (10.84%)
Special occasions only 5,541 (39.42%) 1,258 (8.95%) 26,289 (9.35%)
Never 4759 (33.85%) 1,181 (8.40%) 15,529 (5.52%)

Townsend index
Mean (SD) 0.91 (3.31) "0.83 (3.87) 174 (2.82)
Median 0.818634 -2.1192 -2.47572

Age
Mean (SD) 51.68 (7.40) 59.58 (3.05) 56.60 (3.02)
Median 51 62 o8

Gender
Female 14,058 (100.00%) 6,961 (49.52%) 149,093 (53.03%)
Male 0 (0.00%) 7,007 (50.48%) 132,056 (46.97%)
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Table C.6: Summary statistics of the environment for participants in the top
and bottom 5% of the environmental latent score for PP. The mean and standard
deviation (in brackets) are shown for continuous variables, counts and proportions (in
brackets) of each factor are shown for ordinal variables.

Bottom 5% Top 5% Whole cohort

Mean hours of sleep

Mean (SD) 7.96 (1.03) 7.36 (0.97) 7.28 (0.89)

Median 8 7 7
Variance of hours of sleep

Mean (SD) 1.13 (0.77) 0.89 (0.60) 0.81 (0.56)

Median 0.7968124 0.7968124 0.7968124
TV watched (hours/day)

Mean (SD) 3.53 (1.70) 3.57 (1.56) 2.69 (1.49)

Median 3 4 3

Current smoker
Non-smoker
Current-smoker

Walking (days/week)

9,363 (66.70%)
4,674 (33.30%)

13,849 (98.65%) 255,018 (90.83%)
189 (1.35%) 25,731 (9.17%)

Mean (SD) 571 (1.82) 559 (1.79) 5.38 (1.94)
Median 7 6 6

Moderate activity (days/week)
Mean (SD) 3.82 (2.40) 1.02 (2.31) 3.59 (2.31)
Median 4 4 3

Vigorous activity (days/week)
Mean (SD) 171 (2.04) 1.69 (1.92) 1.84 (1.92)
Median 1 1 1

Waist circum
Moan (SD) 103.81 (11.78) _ 80.33 (9.28) 89.87 (13.20)
Median 103 80 89

Alcohol Intake (freq)
Daily or almost daily 5,804 (41.35%) 1,473 (10.49%) 63,271 (22.54%)
Three or four times a week 3,399 (24.21%) 1,941 (13.83%) 71,378 (25.42%)
Once or twice a week 2,883 (20.54%) 3,229 (23.00%) 73,959 (26.34%)
One to three times a month 827 (5.89%) 1,976 (14.08%) 30,409 (10.83%)
Special occasions only 700 (4.99%) 3,082 (21.95%) 26,235 (9.34%)
Never 424 (3.02%) 2,337 (16.65%) 15,497 (5.52%)

Townsend index
Mean (SD) 0.06 (3.35) 2.26 (2.48) 174 (2.82)
Median -0.477834 -2.848015 -2.47572

Age
Mean (SD) 65.26 (2.99) 67.12 (1.74) 56.59 (8.02)
Median 66 67 58

Gender
Female 0 (0.00%) 14,038 (100.00%) 148,857 (53.02%)
Male 14,037 (100.00%) 0 (0.00%) 131,802 (46.98%)
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Table C.7: Summary statistics of the environment for participants in the
top and bottom 5% of the environmental latent score for SBP. The mean and
standard deviation (in brackets) are shown for continuous variables, counts and proportions
(in brackets) of each factor are shown for ordinal variables.

Bottom 5% Top 5% Whole cohort

Mean hours of sleep

Mean (SD) 7.41 (0.98) 7.37 (0.95) 7.28 (0.89)

Median 7 7 7
Variance of hours of sleep

Mean (SD) 0.91 (0.61) 0.87 (0.61) 0.81 (0.56)

Median 0.7968124 0.7968124 0.7968124
TV watched (hours/day)

Mean (SD) 2.94 (1.54) 3.20 (1.71) 2.69 (1.49)

Median 3 3 3

Current smoker

Non-smoker

14,022 (99.80%)

5,737 (40.87%)

255,018 (90.83%)

Current-smoker 16 (0.11%) 8,301 (59.13%) 25,731 (9.17%)
Walking (days/week)
Mean (SD) 5.43 (1.92) 5.69 (1.84) 5.38 (1.94)
Median 6 7 6
Moderate activity (days/week)
Mean (SD) 3.50 (2.38) 417 (2.36) 3.50 (2.31)
Median 3 ) 3
Vigorous activity (days/week)
Mean (SD) 1.43 (1.84) 1.91 (2.13) 1.84 (1.92)
Median 1 1 1
Waist circum
Mean (SD) 8452 (12.03)  95.21 (12.25)  80.87 (13.20)
Median 83 95 89

Alcohol Intake (freq)

Daily or almost daily

Three or four times a week
Once or twice a week

One to three times a month
Special occasions only

0 (0.00%)

0 (0.00%)

232 (1.65%)
1,704 (12.14%)
5,939 (42.31%)

8,868 (63.17%)
3,049 (21.72%)
1,643 (11.70%)
318 (2.27%)
129 (0.92%)

63,271 (22.54%
71,378 (25.42%
73,959 (26.34%

(

(

(

NN AN

30,409 (10.83%
26,235 (9.34%)

Never 6,163 (43.90%) 31 (0.22%) 15,497 (5.52%)
Townsend index
Mean (SD) -2.90 (1.92) 1.20 (3.39) -1.74 (2.82)
Median -3.22619 1.26566 -2.47572
Age
Mean (SD) 64.43 (3.49) 62.98 (4.14) 56.59 (8.02)
Median 65 63 58
Gender
Female 12,841 (91.47%) 3,722 (26.51%) 148,857 (53.02%)
Male 1,197 (8.53%) 10,316 (73.49%) 131,892 (46.98%)
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Table C.8: Summary statistics of the environment for participants in the
top and bottom 5% of the environmental latent score for DBP. The mean
and standard deviation (in brackets) are shown for continuous variables, counts and
proportions (in brackets) of each factor are shown for ordinal variables.

Bottom 5% Top 5% Whole cohort

Mean hours of sleep

Mean (SD) 7.49 (1.15) 7.24 (0.89) 7.28 (0.89)

Median 7 7 7
Variance of hours of sleep

Mean (SD) 1.09 (0.71) 0.81 (0.56) 0.81 (0.56)

Median 0.7968124 0.7968124 0.7968124
TV watched (hours/day)

Mean (SD) 3.30 (1.69) 3.02 (1.64) 2.69 (1.49)

Median 3 3 3

Current smoker

Non-smoker
Current-smoker

14,013 (99.82%) 496 (3.53%)
25 (0.18%)

13,542 (96.47%)

255,018 (90.83%)
25,731 (9.17%)

Walking (days/week)

Mean (SD) 123 (2.32) 5.75 (1.76) 5.38 (1.94)

Median 5 7 6
Moderate activity (days/week)

Mean (SD) 2.82 (2.32) 3.03 (2.40) 350 (2.31)

Median 2 4 3
Vigorous activity (days/week)

Mean (SD) 1.37 (1.85) 1.76 (2.07) 1.84 (1.92)

Median 0 1 1

Waist circum

Mean (SD)
Median

105.08 (13.33)  88.64 (11.47)
104 89

89.87 (13.20)
89

Alcohol Intake (freq)

Daily or almost daily

Three or four times a week
Once or twice a week

One to three times a month
Special occasions only
Never

155 (1.10%)

607 (4.32%)

2,819 (20.08%)

2,657 (18.93%) 944 (6.72%)
( ) 902 (6.43%)
( )

421 (3.00%)

3,838 (27.34%
3,962 (28.22%

6,300 (44.88%)
3,006 (21.41%)
2,465 (17.56%)

63,271 (22.54%
71,378 (25.42%
73,959 (26.34%

(

(

(

o

30,409 (10.83%
26,235 (9.34%)
15,497 (5.52%)

Townsend index

Mean (SD) -1.81 (2.81) -0.41 (3.37) -1.74 (2.82)
Median -2.55106 -1.12539 -2.47572

Age
Mean (SD) 61.73 (5.84) 59.47 (6.04) 56.59 (8.02)
Median 63 60 58

Gender
Female 78 (0.56%) 6,211 (44.24%) 148,857 (53.02%)
Male 13,960 (99.44%) 7,827 (55.76%) 131,892 (46.98%)
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