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Abstract

Thousands of genetic mutations have been associated with many human complex

traits and diseases, improving our understanding of the biological mechanisms un-

derlying these phenotypes.

The great majority of genetic association studies have focused exclusively on the

direct effects of single mutations, ignoring possible interactions (epistasis). However,

since genes operate within complex networks, interactions are expected to exist. The

modelling of epistasis could further biological understanding, but the detection of

such effects is complicated by a vast search space.

In this thesis, we present a new statistical method to detect genetic interactions

affecting quantitative traits in large-scale datasets. Our approach is based on testing for

an interaction between a variant and a polygenic score (PGS) comprising a group of

other mutations. We develop a new computational algorithm for PGS construction,

and show through simulations that this method is robust to false-positives while

retaining statistical power.

We apply our approach to 97 quantitative traits in the UK Biobank (UKB) and

find 144 independent interactions with the PGS for 52 different traits, including

important variants known to affect disease risk at the APOE, FTO and LDLR genes,

for example.
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We also develop a test to identify, for each variant interacting with the PGS, the

variants driving that interaction. This recovers previously-known interactions and

identifies several novel signals, primarily for biomarker traits. An example is a large

network of genes (including ABO, ASGR1, FUT2, FUT6, PIGC and TREH) affecting

alkaline phosphatase levels, or an interaction between IL33 and ALOX15 impacting

eosinophil count, potentially implicated in asthma.

Lastly, we extend our analysis to a new dataset of imputed variation atHLA genes

in the UKB and find, among others, a new interaction for glycated haemoglobin

involving HLA-DQA1*03:01, an allele previously associated with diabetes.

Our results demonstrate the potential for detecting epistatic effects in presently-

available genomic datasets. This can allow the uncovering of key ‘core’ genes mod-

ulating the impacts of other regions in the genome, as well as the identification of

subgroups of interacting variants of likely functional relevance.
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1 Introduction

Understanding the connection between genotype and phenotype is a central goal

of genetics. In the past 25 years, rapid progress in DNA sequencing technology has

enabled the generation of large datasets of human genetic sequences with associated

phenotypes – a wide array of complex traits and diseases – which in turn have made

possible the discovery of many genetic variants associated with these phenotypes.

A 2016 review of genome-wide association studies (GWASs) identified approx-

imately 10,000 independent1 associations between single-nucleotide polymorphisms

(SNPs) and complex traits and diseases listed in the EMBL-EBI GWAS Catalog, a

central repository of such associations [1, 2], as of September 2016. More recently,

a separate article reported in 2019 that more than 3000 GWASs for over 1000 traits

were represented in that repository [3]. As of 25 September 2023, 553,000 associations

are listed in the Catalog. This great number of associations detected in little more

than ten years2 reflects the swift pace of sequencing technology development, and of

data collection and analysis, in this period.
1Genetic variation in the human genome is organised into haplotype blocks. These are short

regions – relatively to the size of the genome – within which genetic variants are highly correlated, a
correlation termed linkage disequilibrium (LD). High LD within a region is caused by the absence
of meiotic recombination between neighbouring variants, which means that these haplotypes tend
to be transmitted as a single unit from parent to offspring. Because of this high correlation between
variants in close physical proximity, human genetic associations generally appear as groups of neigh-
bouring variants that are considered to constitute the same genetic signal. An important procedure in
association testing is then the ‘thinning’ of these clusters into independent signals of association.

2The first GWAS, undertaken for age-related macular degeneration, the leading cause of blindness
in the developed world, was published in 2005 [3–5].
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Statistical studies of genetic association have contributed to our understanding

of the genotype–phenotype map along three main dimensions. First, looking at the

aggregate patterns of the associations discovered has provided insights into the genetic

architecture of complex traits, i.e., the structure and statistical distribution of associated

variants in the genome within and across traits. One robust finding in this regard

is that complex traits are highly polygenic [1, 3], with the majority of traits having

hundreds to thousands or tens of thousands of genetic associations [6]. A second

observation is that the majority of variants identified through GWASs fall in non-

coding regions of the genome [7], i.e., regions whose DNA is not directly translated

into protein – this complicates the understanding of their biological function. Yet

another conclusion is that many genetic variants are pleiotropic [1, 8], i.e., they have

an effect on multiple phenotypes.

Beyond the statistical study of genetic architecture, and in spite of the challenges

in discerning the function of most associated variants as mentioned in the preceding

paragraph, GWASs have also enabled a better understanding of specific functional

mechanisms underlying different complex traits and diseases [5, 9]. A prominent

example of such a phenotype is Crohn’s disease, whose connection with autophagy

was only discovered after SNPs in the ATG16L1 and IRGM genes (known to play a role

in autophagy) were found to associate with this disease [5, 10]. For Crohn’s disease

but also for other autoimmune conditions such as psoriasis, ankylosing spondylitis

and inflammatory bowel disease (IBD), the implication of the IL-23 pathway through

statistical association led to the use of medications targeting this pathway in the

treatment of these diseases [1, 5, 11].

Other examples of diseases whosemechanisms are nowbetter understood because

of genetic associations identified through GWASs include obesity and type 2 diabetes

(T2D). For the former, the statistical association with the FTO gene – first reported
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in 2007 [12–14] and widely replicated since then – led to the finding of a role for this

gene in the regulation of food intake and less-established suggestions of an impact on

processes related to the storage of fat [5, 14–16]. And for T2D, an association with

SLC16A11 led to further research that recognised its role in cellular fatty acid and

lipid metabolism [5, 17] and to the observation that most disease-associated variants

are linked to reduced insulin secretion rather than insulin action [1].

A third way in which statistical association testing has contributed to the general

task of understanding the link from genotype to phenotype is the development of

risk prediction models for complex diseases – as well as models to predict complex

traits more generally – known as polygenic risk scores or simply polygenic scores

(PGSs). PGSs are computed as weighted sums of relevant alleles at many sites along

the genome, where the variants included and their weights can either be obtained

from GWAS summary statistics or through specialised statistical methods for PGS

construction.3 The enthusiasm driving the development of PGSs is motivated by their

potential for clinical application: an accurate model for predicting disease risk based

on genetic factors could enable the prioritisation of patients at higher risk for clinical

intervention [19–21], thus contributing to the realisation of one of the promises of

‘personalised medicine’, an idea which has received much attention in recent years.

The development in the last decade of several methods for building PGSs – some

based only on summary statistics fromGWASs, others taking advantage of individual-

level genetic and phenotypic data4 – has enabled the construction of reasonably

well-performing scores for a variety of diseases. These include breast and prostate

cancers [24, 25], coronary artery disease [26, 27], type 1 and 2 diabetes [20, 28,

29], Alzheimer’s disease [30], atrial fibrillation or IBD [20]. PGSs have also been
3A recent article by Choi et al. [18] provides a protocol for building such scores, highlighting the

different statistical issues involved.
4See Ni et al. [22] and Zhang et al. [23] for reviews of the different methods available.
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developed to assist with discrimination between disease subtypes in diabetes [31, 32]

and forecast the progression of Alzheimer’s disease [33].

In spite of the rapid development of PGSs for different diseases, the adoption

of these prediction models in clinical practice has been much slower.5 Despite the

popularity of PGSs in the academic literature, doubts have been raised regarding their

clinical relevance [37, 38] and parts of the medical genetics community have urged

caution in their application: for example, a very recent article by the AmericanCollege

of Medical Genetics and Genomics emphasises that limited evidence exists for the

effective use of PGSs to improve clinical outcomes and advises against their general

implementation [39]. It should also be noted that the predictive performance of PGSs

for disease risk prediction is often limited: for instance, the best-performing scores

in Mavaddat et al. [24] and Inouye et al. [27] explain only 45% and 27%, respectively,

of the estimated SNP heritability of the phenotypes in question, indicating that most

genetic factors underlying disease risk are still not covered by these models.6

Beyond themodest performance ofmost disease PGSs currently available, amajor

challenge to the future incorporation of these models into clinical care is their lack

of transferability across populations. It has often been noted that the great majority

of GWASs have been undertaken using data from European populations [41–44]:

for example, Mills and Rahal [45] reported in 2020 that 88.5% of the individuals

included in more than 4300 studies listed in the GWAS Catalog [2] were of European

ancestry. This in turn has resulted in genetic associations and prediction models

that generalise poorly when applied to individuals of non-European ancestries [46–
5One of the few examples of PGSs in use in the clinic is that of BOADICEA, a 313-variant PGS

for breast cancer which is reported to have been accessed (via an online platform) in over 100 different
countries [34–36].

6SNP heritability is defined as the proportion of phenotypic variation in a population that can
in principle be explained by the combined additive effects of common SNPs [40], while broad-sense
heritability is the proportion of variation that can be attributed to all the genetic factors impacting the
phenotype (including non-linear effects, which we will discuss below).
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1.1. Definitions of epistasis

48]. A pressing challenge preventing the clinical use of PGSs is therefore that this

would exacerbate existing inequalities in access to healthcare both within and across

countries. This problem has received much attention in the literature in recent years,

andmultiple methods have been developed that seek to improve the cross-population

transferability of PGSs.7 However, the improvement achieved has been limited and

transferability therefore remains an open problem. We return to this issue below

when motivating the project described in this thesis.

The great progress in statistical association testing described above – as well as

the risk prediction models based on such testing – has been achieved by focusing

almost exclusively on estimating the direct or additive effects of genetic variants on

phenotypes. A SNP is tested for association with a phenotype by comparing simple

statistics for that phenotype – usually the average for a quantitative phenotype and

the odds ratio for a disease – between individuals carrying zero, one or two copies of

an allele at that locus.

In contrast, comparatively little attention has been paid to the effect of com-

binations of or interactions between two (or more) mutations on a phenotype, a

phenomenon often referred to as epistasis. Different definitions of epistasis have

been used in the literature since the term was first coined. Therefore, and before

considering the question of why its study may be relevant, we first review its different

possible meanings and define the sense in which it will be used in this thesis.

1 .1 DEFINITIONS OF EPISTASIS

The term epistasis, which translates to ‘standing upon’, was first coined by William

Bateson (1861–1926) in 1908 [50]. In his book, Mendel’s Principles of Heredity,
7Kachuri et al. [49] provide a review of these methods and discuss the underlying causes of the

lack of generalisability.
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1.1. Definitions of epistasis

published in the following year [51], Bateson defines epistasis in the context of a

dihybrid cross with two dominant alleles, i.e., a cross between two individuals both

of which are heterozygous at the same two distinct sites and where one allele at each

site is dominant over the alternative allele.8

It had been observed that some dihybrid crosses resulted in an unexpected set

of phenotypes: instead of four different phenotypes being observed with a ratio

of frequency of occurrence of 9:3:3:1,9 some experiments had yielded only three

observed phenotypes with ratio 9:4:3.10 Bateson used the now classical example of

mouse coat colours (grey, black and albino) and noted that the locus determining

presence/absence of coat colour appeared to ‘stand above’ that determining colour: a

mouse possessing two copies of the recessive allele responsible for albinism had no

pigmentation regardless of their allele at the locus determining black or grey colour11

– in other words, the allele determining black/grey colour can only be expressed if the

individual is not homozygous for the recessive albinism allele.12 The allele for colour

is therefore said to be ‘masked’ (or blocked) by that for albinism, which suggests an

ordering of the corresponding genes within a biological pathway; the blocked allele

is called ‘hypostatic’ and the masking allele ‘epistatic’ [53].

A few years later, in 1918, R. A. Fisher (1890–1962) employed a similar term,

epistacy, to refer to the more general phenomenon of a statistical deviation from

the expected combined additive effect of two loci on a phenotype [53, 55].13 The
8An allele is said to be dominant over another if the presence of a single copy of it leads to the

same phenotypic effect as that of two copies of that allele.
9A dihybrid cross has 16 possible genotypes: if we denote the alleles at two loci by A/a and B/b,

we obtain AABB, AABb, AAbB, AAbb, etc. Assuming A is dominant over a and B is dominant over b,
we expect all nine genotypes with at least one A and B allele to have the same phenotype. Extending
this reasoning leads to the ratio of 9:3:3:1.

10Bateson attributes the first remark on this difference to Cuénot in 1902 [52].
11See Phillips [53] for a modern biochemical explanation of this phenomenon.
12This type of epistasis has since been termed ‘recessive epistasis’ [54].
13Fisher presented this concept in the same seminal paper that reconciled Mendelian inheritance

with the infinitesimal model and introduced the statistical concept of variance [50].
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1.1. Definitions of epistasis

similarity between the two terms led to the original term, epistasis, being adopted

by the population genetics community to refer to such statistical deviations, while it

continued being used in classical genetics in its original sense [50].

Adding to this confusion, the term epistasis has also been used to refer simply

to functional interactions between proteins in the same pathway, or between other

biological components more generally [53]. We note that such ‘interactions’ are

widespread in complex biological systems and that a functional interaction between

the proteins produced from two different genetic loci need not imply an interaction

of either type described above, and the converse is also true.

For clarity, we adopt here a comprehensive classification of the different con-

cepts of epistasis proposed by Patrick C. Phillips in a widely-cited review article

[53]. Phillips distinguishes functional, compositional and statistical forms of epistasis.

Functional epistasis refers to protein-protein interactions and other such functional

relationships between biological components. Compositional epistasis means a block-

ing of an allele’s effect by another allele in the original sense of Bateson. We highlight

that compositional epistasis assumes variation only at the two loci in question, with

an invariant genetic background – because of this, this concept is most useful for the

analysis of artificially-bred as opposed to natural populations. Finally, statistical epi-

stasis is defined in the sense of Fisher and does not assume a fixed genetic background

but is instead a statistical estimate that is averaged over the genetic backgrounds

observed in the sample being examined.

This thesis concerns statistical epistasis: we will aim to detect pairs or larger

groups of loci whose effect on a continuous phenotype requires the inclusion of an

interaction term in a statistical model. Since estimation of such effects is generally

done through linear regression, by construction these interactions are measured

against an average of the genetic background at other loci in the genome.
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1.2. Motivation

1.2 MOTIVATION

Statistical epistasis, i.e., a deviation from pure additivity in the combined effect of two

(or more) loci, is a concept with a rich history which can be seen – and indeed was

originally introduced – as a natural component of a decomposition of quantitative

phenotypic variation into additive, dominance and interactive effects. Yet despite its

fundamental role in this canonical decomposition of heritability, such non-linear

effects remain an under-explored component of genetic variation – at least when

compared to their additive counterparts – and their role in the genetic architecture

of complex traits has been an object of controversy [56].

Why has epistasis not received more attention in the many association studies

undertaken in the past decade? A reason that has sometimes been proposed to

justify the importance of research on epistasis in the past two decades is its potential

to account for part of the currently-unexplained heritability of complex traits and

diseases [56–59]. However, since the early days of GWAS, it has been shown in

theory and subsequently verified empirically that the variance of complex traits is

almost entirely additive [60–62].14 Epistatic interactions are therefore unlikely to

substantially increase the fraction of heritability explained by known genetic factors

or improve the performance of PGSs.15

14This is partly because estimates of additive heritability will implicitly incorporate part of the
variation driven by interactions if these exist [61].

15In contrast with results from human studies, research on epistasis in model organisms such as
Drosophila or yeast has often produced evidence for an important role for interactions in the genetic
architecture of a variety of traits [61, 63–65]. However, and as emphasised by Sackton and Hartl [61],
themodel organisms studied are part of artificial populations bred so as to achieve approximately-equal
frequencies at all segregating loci, which is in stark contrast with natural populations in which most
variants are rare [60]. Since the frequency of an interaction between two loci will be the product
of their individual frequencies, the variance of an interaction will be largest for equally common
variants [61] and therefore very small for pairs of mutations in which at least one is rare, as expected
for humans. This discrepancy between frequency distributions in model organisms when compared
to humans is thought to underlie the differences in the role of epistasis observed in model vs. natural
populations [61].
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1.2. Motivation

A second motivation sometimes cited for the study of epistasis is the potential

for the modelling of interactions to improve the cross-population transferability of

PGSs [56], which as noted above is currently limited. The lack of PGS transferability

is likely to be driven by multiple factors; some which have been proposed in the

literature are differences in the allele frequencies and effect sizes of causal variants

across populations as well as in patterns of linkage disequilibrium (LD) combined

with difficulties in identifying the causal SNPs at many loci [49].

A difference in causal variant effect sizes between populations could be driven by

epistasis: since an estimate of the additive effect of a genetic variant obtained through a

linear regressionmodel will also capture part of the epistatic effect from an interaction

between this variant and another if such an effect exists, this estimated additive effect

would depend on the allele frequency at the second interacting locus. And since

differences in allele frequencies across populations are known to be common, such

interactions could therefore lead to different estimated additive effect sizes in the

two populations. However, recent research has found no evidence to support a

widespread difference in effect sizes across populations [66, 67], making it unlikely

that the modelling of interactions would directly lead to improved PGS transferability.

We have seen how two previously-proposed reasons for testing for and modelling

epistasis are likely to be ill-founded. Is there then any reason to work on the study of

interactions in the present GWAS era?

The primary motivation for continuing to investigate statistical epistasis is the

same as that for research in statistical and population genetics more generally: to im-

prove our understanding of human biology, regardless of whether this new knowledge

can be directly applied to the prediction of disease risk.

While a functional epistatic relationship between proteins does not imply a stat-

istical non-linearity between variation at their corresponding genes, the reverse
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1.3. Methods to detect statistical epistasis

relationship is likely to often hold true: if the best model of the effect of two or more

loci on a phenotype involves an interaction term, it seems probable that these loci

play a role in a functional interaction in a pathway involved in the manifestation

of the trait in question [53]. Detecting and examining epistatic interactions could

therefore improve our understanding of various biological processes characterised

by interdependencies between multiple components such as protein–protein [53, 68]

and protein–DNA/RNA (physical) interactions [68], the functioning of regulatory

pathways [53], genetic homeostasis [56], speciation [56, 69], genetic robustness [70]

and the structure and evolution of complex biological systems more generally [53].

1 .3 METHODS TO DETECT STATISTICAL EPISTASIS

Numerous methods have been proposed in the literature to identify epistatic interac-

tions, and these have been the object of multiple reviews [71–74]. In this section, we

do not attempt an exhaustive analysis of all existing methods but focus instead on

providing a comprehensive overview of the different statistical strategies that have

been used to address this question.

Our brief review below draws heavily on the excellent review article published by

Wei et al. in 2014 [72] but extends it to include more recent methods as well as a few

other approaches not originally covered in that article. Methods are grouped into

five different categories corresponding to classes or types of statistical approaches; we

note that these categories are not always mutually exclusive and that some methods

could plausibly be listed under more than one category.

Before proceeding with our review, we would like to first highlight the central

challenge to the detection of epistatic interactions. Consider a standard genomic

dataset: this may include a few hundred thousand individuals with corresponding
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1.3. Methods to detect statistical epistasis

DNA sequences which, after applying quality control procedures, may contain sev-

eral million variants. Conceptually, the simplest approach to identifying pairwise

interactions in such a dataset would be to exhaustively test for an epistatic effect

on the phenotype for every possible pair of SNPs – if there are P SNPs, this would

require P(P − 1)/2 tests. For a modern dataset, however, this number of tests – in

the order of P2 – would likely be in the trillions, which reflects the enormously-vast

search space of possible interactions.

The challenge presented by such a huge search space is two-fold. First, simply

carrying out all these association tests is an expensive computational task – however,

as we will see below, modern computing infrastructure and methods can allow for

such an operation. An even greater obstacle that cannot be surmounted throughmore

efficient computation is statistical in nature: setting aside the practical challenges

of undertaking billions or trillions of tests, any approach that involves such a large

number of statistical tests will be liable to generating a large number of false-positive

findings; this would then require a strict procedure to keep the type-I error rate

at a reasonable level, which would significantly diminish power to identify true

interactions.

Methods for the detection of epistatic interactions must operate within this trade-

off between the exhaustiveness with which they search the space of possible inter-

actions and the power they have to identify true effects. The different categories of

methods listed below take different approaches to this challenge, sometimes com-

promising power for exhaustiveness or vice-versa.

1.3.1 Exhaustive search for pairwise interactions

While exhaustive testing of pairwise interactions can be very expensive computation-

ally, multiple methods exist that take advantage of modern computing infrastructure
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1.3. Methods to detect statistical epistasis

and data structures to undertake a complete search for interacting pairs at reasonable

cost.16

One strategy is simply to parallelise the testing over a cluster of CPUs, as these

are currently available to most researchers working in computational biology [75].

A similar but more efficient approach is to instead parallelise operations over the

cores of a GPU card, and several methods have been developed for this task [76–

79]. Yet another alternative is to recode the genetic data into a data structure that

allows for fast bitwise operations to be performed directly on it [80, 81]. Finally, one

can use approximate test statistics that are simpler to compute when carrying out a

genome-wide scan [80].

LD- and haplotype-based tests: The exhaustive approaches described above directly

used the genotypes at a pair of loci to test for an interaction using standard statistical

approaches – significance testing for the interaction term in a linear regression [75,

78], comparison of odds ratios for sample groups defined by combinations of gen-

otypes [76], F-tests if interaction effects are allowed to vary between homozygous

and heterozygous individuals at either site [77, 81] or likelihood-ratio tests and their

approximation [79, 80]. An alternative is to make use of the following statistical

implication of an interaction given the correlation structure of the genome: if two loci

interact to increase the risk of a binary phenotype, then that interaction should be

observed more frequently in cases than controls – this is equivalent to the correlation

between the two loci (i.e., the LD between them) being higher in cases than controls,

and at least two methods base their testing on this comparison (see refs. [82] and [83],

implemented for large-scale analysis in ref. [84]).
16Upton et al. [74] provide a review of these approaches.
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1.3. Methods to detect statistical epistasis

A related approach is to compare the joint occurrence of the two mutations on

genomic segments inherited from the same parent, which therefore requires phasing

of the data (i.e., the determination of the parent of origin for heterozygous mutations).

Both kinds of approaches are reviewed in ref. [85].

1.3.2 Two-stage approaches

A possible solution to the statistical and computational challenges of exhaustive testing

is to proceed in two stages: first, a filtering step is applied to select a moderately-sized

subset of loci; then, pairwise interactions are tested only between loci in this set.17

This approach can improve power by sacrificing exhaustiveness.

A widely-cited study on the genetics of psoriasis susceptibility that identified an

interaction between a variant in the human leukocyte antigen (HLA) HLA-C gene

and a mutation in ERAP118 employed this approach: first, a small set of distinct loci

was selected based on previous literature and a new GWAS; then, interactions were

tested only between SNPs in this set using a simple likelihood ratio test [87].

Two-stagemethods have been compared with exhaustive approaches in simulated

data [88, 89]. Perhaps surprisingly, these simulations showed that exhaustive testing

can have greater power than a two-stage approach in some settings. It is therefore

important that the initial filtering step used to select loci for interaction testing be

optimised for finding loci for which epistatic effects are plausible.

While marginal association with the phenotype is a sensible criterium to be used

in a first stage as in the psoriasis study above, some interacting SNPs may not show

such direct signal. Alternatively, loci can be selected based on biological knowledge

(for example, information retrieved from databases of gene pathways or protein–
17See ref. [86] for a review of some methods of this kind.
18We examine interactions involving HLA genes in Chapter 7.
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protein interactions [72]) or through alternative computational approaches such as

stochastic search [90].

Variance effect-based methods: Another way in which variants can be prioritised

for downstream interaction testing is through statistical features other than their

marginal association with the phenotype, and in particular by testing for an effect of

individual markers on the phenotypic variance. It has been shown that an interaction

between two SNPs leads to a difference in the phenotypic variance across the three

groups defined by the allele count at either SNP [91, 92].19 A possible strategy to

prioritise SNPs for interaction testing is therefore to individually test them for an

effect on the variance of the phenotype [93–95].

Testing for marginal epistasis: A related approach is to test for ‘marginal epistasis’, a

concept introduced by Crawford et al. in 2017 [96] that refers to the combined effect

of the interaction between one variant and all other variants in the genome. Crawford

et al. developed a variance-components model for the estimation of marginal epistasis

in quantitative traits, which was later extended to binary phenotypes [97]. More

recently, a new algorithm for the estimation of a similar random effects model of

marginal epistasis has been proposed by Fu et al. [98] that can scale to very large

datasets, and which the authors apply to the UK Biobank (UKB). We consider these

methods in more detail when comparing them with our approach below.

1.3.3 Group-based approaches

All the approaches discussed so far focus exclusively on individual SNPs or loci, which

can either be exhaustively tested or pre-filtered in a two-stage approach. A natural
19The intuition behind this simple probabilistic result is that, if an interaction is present, there will

be an additional term in the expression for the phenotypic variance for individuals with a mutation at
one of the sites.
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alternative given the size of the search space and the fact that individual variants can

be grouped in various ways according to their biological properties is to use such

groupings to reduce the number of interactions for which to test.

More specifically, variants can be grouped at the level of the genes in which they

are located or that they are believed to affect – although not all variants can be linked

to a unique gene in this way – and a test can then be carried out for an interaction

between different genes [99]. Since there are many fewer genes than variants, this is a

much more tractable problem. Beyond gene-associations, variants can be grouped

based on other genetic features such as whether they fall into evolutionarily-conserved

regions or haplotype blocks, or even in simple moving windows [100].

1.3.4 A non-parametric statistical method: multifactor-dimensionality reduction

A popular non-parametric method that can be used to identify potentially-interacting

loci is multifactor-dimensionality reduction (MDR) [101]. This method does not

directly test for an interaction but instead finds combinations of factors (genetic loci)

– these can be pairs or of higher order – that influence a binary trait, where their

effect on the trait need not be additive and can therefore include an interaction

component [71]. It is then possible to investigate such factors for interactions using

traditional approaches.

For pairwise interactions (i.e., no higher order terms), MDR works as follows:

given a set of bi-allelic variants, enumerate all the possible two-variant combinations

and identify the nine groups of samples resulting from the nine possible combinations

of genotypes at each pair of loci. For each group, compute the odds ratio and use

this information to define high- and low-risk groups that partition the sample in two.

Through cross validation, find the best-performing pair of loci. These can then be

tested for an interaction.
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One of the appealing properties of this method is that it can non-parametrically

test for higher order interactions by considering, e.g., all sets of three SNPs. A disad-

vantage is that the definition of high- and low-risk groups is arbitrary. And the major

shortcoming of this approach is that it becomes very expensive for large numbers of

SNPs, as it again requires exhaustive testing; to address this difficulty, implementa-

tions of MDR for GPUs have been developed [102, 103].

1.3.5 Machine learning approaches

Perhaps unsurprisingly given the high dimensionality of the space of possible inter-

actions, multiple machine learning methods have been developed that attempt to

navigate this search space efficiently to identify interactions. These include classical

algorithms such as support vector machines [104], random forests [105–108] or en-

semble learning/boosting [109], as well as Gaussian process regression [110] and

kernel-based methods [111]. Several methods based on information-theoretic met-

rics have also been proposed for this problem [112–117]. Finally, other approaches

such as reconstructability analysis [118] and ant colony optimisation [119, 120] have

also been used.

1.4 A NEW APPROACH TO TESTING FOR EPISTASIS

In this thesis, we propose a new approach to the statistical testing of epistatic ef-

fects. This approach consists of testing, within a linear regression framework, for an

interaction between each SNP and a PGS.

The PGS is constructed so as to approximately capture all the additive genetic

signal for a quantitative phenotype. By this we mean that, if this score is regressed out

from the phenotype – together with the usual covariates measuring demographics

and ancestry – and standard testing of association is carried out at each of the SNPs
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included in the PGS, none of these SNPs remain significantly associated with the

phenotype. As we will explain in detail in Chapter 3, guaranteeing that the additive

signal is exhausted in this way improves statistical power and reduces the likelihood

of false-positive findings.

Once we have obtained a PGS in this manner, we carry out a GWAS for the

phenotype in question which includes, for each SNP, a first term for that SNP’s direct

effect on the trait, a second term for the effect of the PGS and, crucially, a statistical

interaction term between the SNP and the PGS (we regress covariates out from the

phenotype in advance so as to minimise computational cost). We then analyse the

results of significance testing for this third term to identify loci that interact with the

PGS in this setting. Finally, the set of independent SNPs that interact with the PGS

can be tested for pairwise interaction with other SNPs either genome-wide or only

with those included in the PGS – in this way, we are able to detect some pairwise

interactions without the computational and multiple-testing burden of an exhaustive

test.

Relation to existing approaches: The method we propose is related to a few of the

existing strategies for the testing of epistasis that we described in the previous section.

First, it can be regarded as a two-stage approach, since the loci found to interact

with the PGS can be subject to downstream pairwise testing; however, unlike other

two-stage approaches whose first stage serves only as a basis for the final, second

stage, interactions between an individual variant and a PGS can be meaningful and

interesting in themselves, as we explain below.

Among the different two-stage strategies covered in Section 1.3.2, our approach is

most similar to the recently-developed concept of testing for marginal epistasis, but

differs from it in significant ways. First, marginal epistasis refers to the effect of a ‘lead’
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variant on all other variants in the genome; by contrast, we test for interactions only

with a specific set of variants with a direct effect on the trait – reflecting functional

importance – which are combined into a PGS. Second, the random effects models

estimated by Crawford et al. [96] and Fu et al. [98] specify an interaction of a more

general form than a SNP×PGS term, allowing each of the variants interacting with

the ‘lead’ variant to have a different interaction effect coefficient, possibly with a

different sign; we instead estimate a directional epistatic effect in which the ‘lead’ SNP

modulates the additive effect of all the variants in the PGS in the same direction and

with the same magnitude. Since our model is less parsimonious, it can be specified

as a simple linear model with fixed effects and estimated with standard statistical

techniques and software. While this is not necessarily an advantage a priori, it will

allow us to find many more instances of epistasis (which also correspond to more

specific genetic effects) than those found in the analysis of Fu et al., as we will argue

in our discussion in Chapter 8.

Finally, in testing for an interaction with a score comprised of multiple variants,

our method is reminiscent of group-based testing (Section 1.3.3), where the ‘group’ is

in this case a PGS.

Motivation: The motivation for our approach is two-fold. First, testing for an

interaction between each SNP and the PGS is a one-dimensional procedure as each

SNP is tested only once. Compared to the exhaustive testing of every possible pairwise

combination of SNPs, this approach is therefore much simpler computationally and

requires only the usual multiple-testing correction employed in a standard GWASs.

However, the most important advantage of this approach is not statistical but

rather driven by biology. We noted above that biological systems are complex and

driven by functional interactions between their constituent parts. While, as we saw,
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these functional interdependencies do not generally equate to statistical interactions

between individual genetic variants, the grouping of genes into pathways that underly

the manifestation of complex traits nevertheless suggests a possible role for statistical

interactions involving groups of SNPs. More specifically, we hypothesise that a

disruptive mutation at a site of central importance in the architecture of a phenotype

may have downstream effects on several other mutations at genes in downstream

pathways – for example, a mutation affecting the functioning of a transcription

factor may interact with mutations at genes whose expression is controlled by this

transcription factor. In general, it seems plausible that the functional interdependency

between regions of the genome could be better captured by a statistical interaction

involving several mutations representative of one or more such regions as opposed to

the pairwise interactions on which the epistasis literature has focused so far. We now

consider illustrative examples of biological phenomena that may be well-modelled

by an interaction between a single SNP and a PGS.

1.4.1 Biological interpretation of SNP×PGS interactions

In Figure 1.1, we plot three idealised examples of the relationship between the effects

of an individual variant and of the PGS on a quantitative phenotype. The horizontal

axis represents the range of values of the PGS: lower values of the PGS result in a

lower value of the phenotype, displayed in the vertical axis, which may be a true

quantitative trait such as height or instead a probability of developing or displaying a

binary phenotype, such as a disease.20 A statistical interaction between an individual

SNP and the PGS corresponds to a change in the slope of the line linking the PGS to

the phenotype depending on the genotype at this SNP (an individual may have 0, 1

or 2 copies of the mutated allele).
20In the latter case, the vertical axis corresponds to a ‘liability scale’ for this phenotype [121].
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Figure 1.1: Examples of possible relationships between the effects of a SNP and of the PGS
on a quantitative phenotype.
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Considering the first plot, we see that the single variant increases the value of the

phenotype with an effect that is much more pronounced for individuals in the upper

range of the PGS distribution – indeed, there is no effect at all at the very bottom of the

PGS range. Since the effect of the interaction on the phenotype operates in the same

direction as that of the variant, we may detect an interaction of this form in real data

by identifying a similar pattern in the signs of the estimated coefficients. This type

of effect could represent that of a damaging mutation in a key gene for a particular

disease: it is often hypothesised that biological systems exhibit a degree of redundancy

such that it is only if multiple components of the system fail to perform adequately that

a function is disrupted; a high value of the PGS for a disease could represent a ‘system

at risk’ and whose function can be compromised by a final important mutation.

The middle plot represents a hypothetical SNP that has no direct effect on the

phenotype – its average is unchanged regardless of the genotype at this locus – but

which does show an interaction with the PGS. While we expect such a case to

be unusual, we do find several examples of SNPs whose interaction with the PGS

is significant but which have no detectable direct effect on the phenotype. The

interpretation of an effect of this kind is difficult – it suggests that a SNP decreases

the phenotype for individuals at the lower end of its distribution but increases it at

the upper end – but deserves further investigation given the multiple examples of

this behaviour that we identify.

Finally, the example displayed in the third figure is complementary to the first:

here a SNP has an effect on the phenotype that is marked at the lower end of the

PGS distribution but non-existent at the top – the interaction has an opposite sign

to the marginal effect of the variant. This mutation could be thought to disrupt

homeostasis: wemay conceive of a scenario where, at the lower end of the distribution,

a homeostasis mechanism is preventing the phenotype from becoming harmfully low;

23



1.5. Overview of thesis

a mutation then disrupts this mechanism, leading to a sharp fall in the phenotype.

On the upper end of the PGS distribution, on the other hand, the fundamental

mechanisms driving this phenotype have not been compromised and the homeostatic

mechanism is not necessary, so that the mutation in question has no effect.

1 .5 OVERVIEW OF THESIS

The remainder of this thesis is organised as follows. In Chapter 2, we describe the

dataset to which we will apply our interaction testing approach. This is followed by

a detailed description of this method in Chapter 3, which includes a discussion of

relevant statistical challenges and how we address them.

Having explained our approach, we proceed to examine its properties – focusing

on propensity for false-positive findings and statistical power – in a simulated dataset;

the generation and analysis of this artificial data is reported in Chapter 4.

We proceed to apply our method to a real-world dataset (the UK Biobank) and

examine the interactions it identifies. This analysis is divided into two chapters: in

Chapter 5, we focus on a single trait (serum levels of alkaline phosphatase), whose

interaction results we explore in detail; then in Chapter 6, we give an overview of the

results for all the remaining traits analysed in this project, highlighting specific traits

and interactions of particular relevance.

In the final chapter before concluding, we present an on-going project in which

we apply our approach to a dataset of genetic variation in HLA genes, also in the UK

Biobank.

Finally, in Chapter 8, we summarise our work, discuss its limitations and impact,

and point to future research.

24



2 Data

We use phenotypic and genetic data from the UK Biobank (UKB) study [122].

2 .1 PHENOT YPE SELECTION

We begin by selecting the quantitative traits for which we will test for the presence of

genetic interactions. Our aim is to have as large and diverse a selection of traits as

possible. To this end, we begin by selecting the majority1 of traits from the following

categories in the UKB data:

● Blood assays:

- Blood biochemistry;

- Blood count;

● Physical measures:

- Blood pressure;

- Body-size measures;

- Hand-grip strength;

- Impedance measures;

● Urine assays.
1When multiple closely-related traits were available (for example, measurements from the left

and right side of the body), we keep only one.
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In addition to the above, we also select a smaller list of traits of general interest

(excluding technical measurements related to sample collection, for example) from

the following more specialised categories:

● Bone densitometry of heel;

● Fluid intelligence;

● Numeric memory;

● Memory tests (pairs matching card game);

● Prospective memory (recollection of shapes and colours);

● Reaction time;

● Spirometry;

adding up to a total of 103 quantitative phenotypes.

We then filter this combined list as described below to obtain a final set of pheno-

types.

2.1.1 Genetic heritability

Given the central role played by polygenic scores (PGSs) in our method, as will be

explained below, we choose traits for which we expect to be able to build a PGS with

some predictive power. To assess this, we use estimates of each phenotype’s genetic

heritability (specifically, additive common single-nucleotide polymorphism (SNP)

heritability2 estimated through LD Score Regression [123] for many phenotypes in

the UKB by Benjamin M. Neale and collaborators [124]) and filter out traits whose

heritability is less than 15%.
2We define heritability more precisely in Section 3.6.6 of the next chapter.
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2.1.2 Sample size

In addition to choosing traits that are moderately heritable, we also restrict our

analysis to traits available for a sizeable number of individuals, with the aim of

ensuring sufficient power to detect both direct associations (which will be used to

build PGSs) and interactions.

We retrieve the sample size available for each phenotype from the heritability

dataset mentioned above3 and apply a threshold of 100,000 individuals.

In selecting the final list of traits, we allow a lower heritability value to be com-

pensated for by a larger sample size and vice-versa (e.g., if a trait has a heritability

estimate that is 5% greater than 0.15 but a sample size 5% smaller than 100,000, we

consider it to (exactly) satisfy our threshold). Specifically, we require the following

condition to hold for each trait:

h2SNP × N ≥ 0.15 × 100,000,

where h2SNP is the SNP heritability and N the sample size for a particular trait.

This selection procedure yields 84 quantitative traits from the following six main

categories:

● Blood biochemistry;

● Blood count;

● Blood pressure;

● Body size measures;

● Impedance measures;

● Urine assays;
3The full set of samples considered in the Neale Lab’s heritability analysis is comprised of approx-

imately 361,000 people of European ancestry. This is similar to, but slightly larger than, the set of
unrelated White British individuals that we use for our analysis.
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and eight traits from these six more specialised categories which we group into an

‘Other traits’ category in our results:

● Bone-densitometry of heel;

● Fluid intelligence score;

● Hand grip strength;

● Pairs matching;

● Reaction time;

● Spirometry.

To these 92 traits, we add five others that we compute based on existing traits:

● Waist-to-hip ratio;

● Leg length (computed as the difference between standing and sitting heights);

● Relative leg length and sitting height; and

● FEV1/FVC ratio (forced expiratory volume in 1 second divided by forced vital

capacity).

In total, therefore, we analyse 97 traits. These are listed in Table B.1 in the appendix.

2.2 COVARIATES

We account for the following individual covariates in our statistical analyses (how

these are included in our models is described in Chapter 3):

● Age (at recruitment) and its square;

● Sex;

● Age × Sex and Age2 × Sex;

● Genotype measurement batch (encoded as a set of 105 binary variables);

● Assessment centre attended (encoded as a set of 21 binary variables);

28



2.3. Sample selection

● ‘Ancestry Components’.

Ancestry Components (ACs) were designed as an alternative to Principal Compon-

ents (PCs) to account for genetic ancestry in genomic analyses [67]. They are a set

of 127 variables corresponding to different regions within the UK, Europe and the

world which form a partition of each individual’s ancestry.

2.3 SAMPLE SELECTION

We begin by identifying all individuals in the UKB who satisfy the following condi-

tions:

● They had not withdrawn from the study as of 14 June 2021;

● Imputed SNP dosage data is available for them;

● All covariates above are also available.

There are 487,255 such individuals. We then filter these into three subsets as described

below.

2.3.1 Main set of unrelated White British individuals

All our primary analyses are performed on a set of 343,969 unrelated individuals of

‘White British’ (WB) ancestry. To identify these individuals, we rely on a previously-

defined set used in the statistical analyses in the main UKB publication [122] and

which we obtained directly from the authors. To define this subsample, Bycroft et al.

identify a maximal set of individuals who satisfy all the following conditions:

● Report their ethnic background as ‘British’;

● Have ‘very similar ancestral backgrounds’ according to Principal Component

Analysis (using PCs 1 to 6);

● Have imputed genotype dosages available;
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● Have an inferred sex that matches their self-reported sex;

● Are unrelated (i.e., with no 3rd-degree relative or closer as inferred through

estimation of kinship coefficients).

We take the intersection of this set and the full set above to obtain 343,969 WB

individuals.

2.3.2 Validation and test sets

While our main analyses are undertaken on the set of 343,969 unrelated WB indi-

viduals discussed above, for parameter tuning and evaluation of PGS performance

it is important to have separate sets of observations who are similar to those in the

main sample but which are not used for building the PGSs.

For this purpose, and following standard practice in the literature, we define

validation and test sets of 10,000 and 9071 individuals, respectively.

To define these two subsets of samples, we first identify all individuals in the full

sample whose ancestry (as measured through ACs) is at least 90% from Great Britain

(we exclude Ireland) but who are not part of the subset of unrelated WB individuals

above (52,729 individuals).

Then, using the estimates of kinship coefficients4 between pairs of individuals

related to the 3rd degree or closer provided by the UKB, we filter out individuals

related to the 2nd degree or closer5 with someone in the WB set above (this gives us

32,148 individuals).

Finally, we remove individuals from this set to ensure that they are also unrelated

to one another while aiming to keep as large a number of individuals as possible

for the validation and test sets. For this, we begin by removing individuals with the
4These were computed with the software package KING [125].
5This corresponds to a kinship coefficient of at least 0.0884 according to the KING software

manual.
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highest number of relatives until each person appears only once in the list of related

pairs, and then exclude half of these at random.

This procedure gives us 19,071 individuals from which we randomly sample

10,000 to make the validation set while the remaining 9071 are assigned to the test

set.

2 .4 VARIANT QUALIT Y CONTROL AND FILTERING

In this analysis, we consider only autosomal genetic variation. The UKB dataset

includes imputed genotype calls (unphased dosages) for 93,095,623 variants in the

22 autosomes.6 To this set of variants, we apply the following quality control filters:

● Minor allele frequency (MAF) ≥ 0.001;

● Genotype missing rate ≤ 0.05;

● Hardy-Weinberg equilibrium p-value ≥ 10−10;

● ‘INFO’ imputation score ≥ 0.8.

The four filtering variables above are standard in the literature (see, e.g., [122,

126, 127]). The first filter ensures that the SNPs used in our analyses are not very

rare; this is important as rare SNPs can lead to false positive associations as will be

discussed in the next chapter. With the second and third filters, we aim to remove

SNPs for which genotyping errors are plausible. Finally, the imputation score filter

corresponds to a filter on effective sample size.7

6Note that multi-allelic sites are recorded as separate variants.
7Bycroft et al. [122] report that an information score of 0.3 corresponds to an effective sample

size of approximately 150,000. Our imputation score filter is therefore stringent in requiring the
imputation quality to equate to a large effective sample size.

31



2.5. Functional annotations

Applying the filters above to the set of imputed variants8 yields a total of 12,690,793

variants that we use in our analysis.

2 .5 FUNCTIONAL ANNOTATIONS

When reporting association results, we include information on the likely function

of each variant and the gene within which it lies (or which it is predicted to affect)

obtained from the Ensembl Variant Effect Predictor (VEP) [128] database.

8We compute MAF, genotype missing rate and Hardy-Weinberg equilibrium p-values for our
main set of WB individuals only rather than relying on estimates for the whole UKB sample. The
INFO imputation score is taken directly from the variant quality-control information supplied with
the dataset.
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3 Methods

Our aim is to identify statistical interactions between a variant and one or more other

variants that are significantly associated with a quantitative phenotype after taking

into account possible confounders. We want to detect interactions that reflect true

biological interdependencies between genetic mutations rather than spurious inter-

actions driven by statistical artefacts, and we will describe below which confounders

we believe are most likely to be problematic when testing for interactions and how

we have designed our method to be robust to them.

3.1 A LINE AR MODEL OF A QUANTITATIVE PHENOT YPE

The framework underlying our approach is a linear statistical model for a quantitative

trait which is decomposed as the sum of additive and possible epistatic and domin-

ant/recessive effects, the contributions of multiple covariates (these are thought to

be primarily demographic – age, sex and some measure of genetic ancestry) and a

zero-mean stochastic error term.

Consider a sample ofN individuals indexed by i = 1, . . . ,N and a set ofK positions

along the genome indexed by k = 1, . . . ,K, and denote by xik the genotype (minor

allele count) of individual i at position k. Denoting the (mean-centred) phenotype
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by yi , we can write this model as follows:

yi =
K

∑
k=1

βkxik +
K

∑
k=1

γkI(xik = 1) + ∑
k<k′

δk,k′xikxik′ +

+ ηai + θbi +
M

∑
m=1

ιmcim + εi , (3.1)

where:

● βk is the ‘additive’ or ‘direct’ effect of SNP k;

● I(⋅) is the indicator function and γk a possible dominant/recessive effect of

SNP k;

● δk,k′ is the epistatic effect – which may be zero – of the interaction between

SNPs k and k′;

● η and θ represent the effects of age and sex, respectively, on the phenotype;

● the set of M variables indexed by m = 1, . . . ,M with effect ιm represents addi-

tional covariates (including a measure of ancestry); and

● εi is a zero-mean stochastic error term which is independent and identically

distributed (i.i.d.) across individuals.

We note that a trait may need to be scaled or transformed (e.g., through a log-

arithmic function) for this model to be appropriate – this will be important as we

consider how to test for interactions below.

We also note that it is possible for a SNP to affect the phenotype only by modulat-

ing the effect of another SNP (e.g., it is possible for δk,k′ ≠ 0 while either βk = 0 or

βk′ = 0), and we do find examples of such SNPs in our analysis of real data.

Lastly, while we have not included gene–environment interactions in the model

above as we will not examine such non-linear effects in this thesis, we note that these

are also of scientific interest and that multiple interactions of this kind have been

identified for a variety of human phenotypes [129–131].
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3.2 THE NAIVE APPROACH TO INTERACTION TESTING

The simplest approach to testing for interactions between P SNPs is to test for a

possible interaction between each pair of SNPs. The computational cost of such a

method is quadratic in the number of SNPs considered, as with P SNPs one would

need to perform (P2) = P(P − 1)/2 tests.

There are two important drawbacks to exhaustively testing for all possible pair-

wise interactions in this way. First, given the large number of SNPswhich are routinely

available in genetic datasets, carrying out P(P− 1)/2 tests can be prohibitively expens-

ive computationally. However, this challenge can be partly overcome through the

use of modern computing infrastructure – by parallelising operations using graphical

processing units (GPUs) or a cluster of central processing units (CPUs) – or compu-

tational methods that leverage high-efficiency data structures and operations, such as

bitwise computing [72].

The second drawback is the low statistical power that methods that rely on such

a large number of statistical tests will necessarily have. This challenge is more severe

than that posed by their computational burden, because it is inherent to any statistical

approach that undertakes a large number of independent statistical tests and so cannot

be solved with more computational resources or greater efficiency in computation.

3.3 TESTING FOR SNP × PGS INTERACTIONS

We propose a new approach to detecting interactions that does not require exhaustive

pairwise testing and is computationally tractable.

Consider a PGS for a trait y denoted by Ŝi for individual i and defined as a

weighted sum of mutation counts at a set of L positions along the genome indexed

by l = 1, . . . L, i.e., Ŝi = ∑L
l=1 β̂lxi l . Ideally, this PGS would correspond exactly to the
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set of additive effects in the ‘true model’ given in equation (3.1), i.e.,∑K
k=1 βkxik . In

practice, however, we will need to rely on an empirically-derived PGS for which both

the SNPs included and their coefficients may be different from the set of SNPs and

coefficients in the true PGS.1 We will discuss below how this will affect our inference

and the steps we take to minimise its impact.

Given an inferred PGS Ŝi for each individual, we propose to test for statistical

interactions genome-wide between each SNP xi j under consideration and the PGS.

More specifically, we fit the following model (containing an interaction term between

the SNP xi j and the estimated PGS Ŝi) once for each SNP in the genome present in

the data:

yi = β jxi j + κŜi + λ jxi jŜi +

+ ηai + θbi +
M

∑
m=1

ιmcim + εi , . (3.2)

Our motivation in looking for interactions between single genetic variants and a

PGS is two-fold. First, this approach requires only P tests and is therefore a possible

solution to the computational challenges and low power of exhaustive approaches.

More significantly, however, this approach has greater power than standard meth-

ods to find genetic variants that interact with multiple other variants. We consider

this to be an important advantage as we expect such interactions to exist: given the

importance of gene regulatory networks – where a SNP that impacts the expression

of one gene can have downstream effects on many others – we expect some SNPs

to interact statistically with mutations in multiple loci along the genome. To our

knowledge, this is the first method to specifically target such interactions.

We will study the performance of our interaction-testing strategy both theoretic-

ally and in simulations, and will show that this approach performs well in the realistic
1We denote the ‘true’ PGS by S i and the estimated PGS by Ŝ i ; similarly, β represents true coeffi-

cients and β̂ their estimated counterparts.
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case where a variant interacts with only a subset (i.e., a proportion) of the variants in

the PGS.

3.4 BIA S AND POWER CONSIDERATIONS

We now proceed to consider our method’s propensity to lead to inferential errors of

either type I or type II.

Our first concern is to avoid false positives, i.e., type I errors: we aim to find

interactions between groups of SNPs which reflect real biological relationships rather

than being the result of statistical artefacts.

We will consider potential sources of false positives by deriving the bias of the

ordinary least-squares (OLS) estimator of coefficient λ j in equation (3.2) in a simpli-

fied setting and examining the different components making up this bias term. In the

process, we will also gain insight into factors that can reduce the method’s statistical

power to identify true effects. Then, in Section 3.5, we will examine how we may

prevent false positives while increasing statistical power whenever possible.

3.4.1 Asymptotic properties of the OLS estimator of the SNP×PGS interaction term

We again consider a sample of N individuals indexed by i for whom we observe

a quantitative phenotype yi . We assume the following simple model for yi which

contains both additive and interaction genetic effects:

yi = Si + λ jxi jRi + εi , (3.3)

where Si is the (true) PGS, xi j is a SNP, Ri is part of the PGS Si as explained next,

and εi is a zero-mean error term with finite variance which is i.i.d. across individuals.

For simplicity and without loss of generality, all variables are assumed to have mean

zero and xi j is also assumed to have variance one.
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We further assume that the PGS Si can be decomposed as follows:

Si = Qi + Ri , (3.4)

where

Qi ∶=
O

∑
o=1

βoxio (3.5)

Ri ∶=
P

∑
p=1

βpxip. (3.6)

Under this model, therefore, yi is driven by an additive component Si and also by an

interaction between a single SNP xi j and a component Ri of the PGS.

As noted previously, in real applications we do not observe the true PGS Si and

instead have to rely on an approximation or estimate Ŝi . Here, we will assume that

this is observed with an additive and independent measurement error relative to the

true score, i.e.:

Ŝi = Si + ζi , (3.7)

with ζi a zero-mean, finite-variance error which is i.i.d. across individuals.

Equations (3.4) and (3.7) imply the following expression for Ri , the part of the

PGS that interacts with SNP xi j:

Ri = Si − Qi

= Ŝi − ζi − Qi . (3.8)

Finally, wemake the following assumptions regarding independence relationships

and correlations between variables. First, the general error term εi is assumed to be

independent of the explanatory variables xi j and Si , as well as of ζi , which implies

independence from Ŝi . Second, the variant xi j is assumed to be uncorrelated with

all the variables related to the PGS and its components, i.e., E(xi jQi) = E(xi jRi) =
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E(xi jSi) = E(xi jS2i ) = E(xi jζi) = E(xi jŜi) = E(xi jŜ2i ) = 0, while x2i j is assumed to be

uncorrelated with ζi , Ŝi and Ŝ2i .

The first assumption is required for the OLS estimator to be unbiased, as we

will see in more detail below.2 The second assumption is more interesting as it

has biological meaning: assuming that the SNP and the PGS are uncorrelated is

equivalent to assuming that they are not in LD. One way to achieve this is by making

sure that the PGS does not contain any variant present in the same chromosome as

the SNP being tested for an interaction, i.e., building a ‘leave-one-chromosome-out’

(LOCO) PGS, as we will discuss in Section 3.5.3.

Our goal is to recover the interaction coefficient λ j. To this end, we fit the following

linear regression model,3 estimating its coefficients through OLS:

yi = α0 + α1Ŝi + α2xi jŜi + ui .

We now proceed by formally deriving basic properties of our estimator under dif-

ferent scenarios. We will focus on large-sample properties (in particular, consistency)

as these are the most relevant to our application in a setting with many thousands of

samples. The aim of this theoretical analysis is to formalise some of our arguments as

we consider how to best build a PGS and perform interaction testing in our context.

We will begin with a trivial example (Case 1) in which we assume that the inter-

action in the true model involves the full PGS which we observe perfectly – this will

serve as a baseline for subsequent derivations.

We will then relax these two assumptions in turn: first, we will consider a scenario

in which the interaction is with only part of the PGS as above (Case 2); then, we
2For consistency, it is sufficient to assume no correlation between the error term and the explanat-

ory variables.
3Not including a main term for x i j in the regression model will greatly simplify the derivations

below. When running regressions in practice, however, we will always include main terms for all
variables.
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will assess the consequences of additive measurement error in the PGS when the

interaction again involves the full PGS for simplicity (Case 3).

Finally, in Case 4, we will consider what happens when both issues (interaction

with only part of the PGS, which is measured with additive error) are present sim-

ultaneously, and will examine the consequences of relaxing the assumptions made

above of no correlation between the variant and the PGS.

Case 1: interaction with the full PGS which is perfectly observed: We begin by

considering the OLS estimator of λ j under the simplest possible setting: we assume

that the SNP xi j interacts with the full PGS and that we observe the true value of this

PGS without error, i.e., Ri = Si = Ŝi .

The true model is therefore:

yi = Si + λ jxi jSi + εi (3.9)

and we fit the regression model through OLS:

yi = α0 + α1Si + α2xi jSi + ui . (3.10)

Proposition 3.4.1. The OLS estimator α̂2 of the coefficient λ j in the true model given

in equation (3.9) obtained from the regression model in equation (3.10) is unbiased,

efficient4 and consistent.

Proof. These properties follow from classic results for least-squares estimators of

linear models under standard assumptions (see, e.g., refs. [132, Sections 1.3 and 2.3]).

We now briefly list the assumptions required for our three claims (unbiasedness,

efficiency and consistency) and explain why they are met in this toy model.

Unbiasedness requires (i) the ‘strict exogeneity’ assumption (E(εi ∣Si , xi jSi) = 0

for all i); and (ii) the ‘no multicollinearity’ assumption (xi jSi is not a linear function
4Efficiencymeans that it achieves the lowest variance within the class of linear unbiased estimators.
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of Si). We assumed strict exogeneity in the general model setup at the start of this

session and no multicollinearity is met whenever xi j segregates in the sample.

Efficiency is guaranteed by the Gauss-Markov Theorem. In addition to the two

assumptions required for consistency, this theorem requires (iii) the ‘spherical error

variance’ assumption, which comprises homoscedasticity (constant variance across

observations, i.e., E(ε2i ∣Si , xi jSi) = σ2 > 0 for all i) and no correlation of errors

between observations (i.e., E(εiε j∣Si , xi jSi) = 0 for all i , j with i ≠ j), conditions

which are implied by our assumption of i.i.d. errors with finite variance.

Finally, and moving on from the two finite-sample properties above to asymptotic

results, consistency (i.e., convergence in probability5 of the least-squares estimator

to the true value of the parameter as the sample size tends to infinity6) requires (i)

i.i.d. samples,7 (ii) no correlation between explanatory variables and the errors (i.e.,

E(Siεi) = E(xi jSiεi) = 0 for all i)8 and, finally, (iii) no multicollinearity, as before.

All these assumptions are met by construction in this toy example.

Case 2: interaction with only part of the PGS which is perfectly observed: We now

return to the setting introduced at the start of this section (equation (3.3)), assuming

that the interaction is with only part of the PGS, Ri . However, for simplicity we

assume that we still observe the full PGS perfectly.

The true model is now:

yi = Si + λ jxi jRi + εi (3.11)

5Consider a sequence of estimators X̂1 , X̂2 , . . . , X̂n , where X̂ j is computed using the first j obser-
vations. Convergence in probability of this sequence of estimators to a value a means that, for any
ε > 0, limn→∞ Pr(∣X̂n − a∣ < ε) = 1, which we denote more concisely by X̂n

p
Ð→ a. See, e.g., ref. [133,

Section 5.2].
6See, e.g., ref. [133, Section 6.3].
7Strictly speaking, it requires ‘ergodic stationarity’, of which the i.i.d. samples setting is a special

case.
8Note that this is a weaker assumption than independence – which we had to assume for un-

biasedness and efficiency – and is implied by that stronger assumption.
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but as we do not know Ri – indeed, our goal is to identify the SNPs which it contains

– we fit the following regression:

yi = α0 + α1Si + α2xi jSi + ui . (3.12)

We begin by noting that the least-squares estimator of α2 in the simple two variable

linear model yi = α0 + α1x1i + α2x2i + ui can be shown to be [134]:

α̂2 =
∑i x21i∑i x2i yi −∑i x1ix2i∑i x1i yi
∑i x21i∑i x22i − (∑i x1ix2i)

2 .

The estimator for the model in equation (3.12) is therefore:

α̂2 =
∑i S2i ∑i xi jSi yi −∑i S2i xi j∑i Si yi
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2 . (3.13)

Proposition 3.4.2. The OLS estimator α̂2 of the coefficient λ j in equation (3.11) con-

verges in probability according to the following expression:

α̂2
p
Ð→ λ j

Cov(Ri , Si)
Var(Si)

.

Proof. See Appendix A.1.

Proposition 3.4.2 shows formally that our ability to detect an interaction between

a SNP and the PGSwill depend on the correlation between the fraction of the PGS with

which the SNP interacts and the full score: the estimated coefficient will be attenuated

(i.e., biased towards zero) with a degree of attenuation inversely proportional to the

fraction of the PGS affected.

It is worth noting that Ri and Qi represent the weighted contribution of the SNPs

contained in them to the PGS, with weights given by each variant’s β coefficient.

Therefore, if a SNP interacts with a small fraction of the SNPs that comprise the PGS

but the SNPs with which it interacts have large effect sizes, this will reduce the degree

of dilution.
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In summary, our method will have greater power to detect associations that involve

either a large fraction of the SNPs that are part of the PGS, or especially impactful SNPs

within that PGS.

Case 3: interaction with the full PGS which is estimated with additive error: We

proceed by considering the slightly more complex setup under which the PGS is

estimated with additive error (i.e., we observe Ŝi = Si + ζi) while, for simplicity, the

SNP xi j again interacts with the full PGS as in Case 1.

The true model is:

yi = Si + λ jxi jSi + εi (3.14)

but we now fit a regression model with an estimated PGS Ŝi:

yi = α0 + α1Ŝi + α2xi jŜi + ui . (3.15)

This setting is reminiscent of the classical errors-in-variablesmodel in the statistics

and econometrics literatures (see, e.g., [135, Section 9.14], [136, Section 1.1] or [137,

Section 8.8.1]). However, unlike in those models, in which the error is purely additive

for all the variables observed with error, here the error in our variable of interest,

xi jŜi , is multiplied by the allele count of the SNP under consideration.

We will now derive the impact of this error on the estimator of λ j and show that

it will again be attenuated, with the strength of attenuation increasing as the signal-to-

noise ratio in the PGS decreases. This is again similar to the basic errors-in-variables

model.

Adapting equation (3.13), we see that the estimator for themodel in equation (3.15)

is:

α̂2 =
∑i Ŝ2i ∑i xi jŜi yi −∑i Ŝ2i xi j∑i Ŝi yi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 . (3.16)
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Proposition 3.4.3. The OLS estimator α̂2 of the coefficient λ j in equation (3.14) con-

verges in probability according to the following expression:

α̂2
p
Ð→ λ j

Cov(Ŝi , Si)
Var(Ŝi)

.

Proof. See Appendix A.2.

We see first from Proposition 3.4.3 that, in the case of no noise in the estimated

PGS (i.e., ζi = 0 for all i), the OLS estimator converges to the true parameter value

λ j as we had seen previously in Case 1. What is new in this setting is that, as the

expected noise fraction in the PGS increases, the estimate of the interaction coefficient

is attenuated towards zero. This implies that the less accurate our PGS, the less power

we will have to detect interaction signals. We will discuss below how we may define

‘accuracy’ of a PGS in this context.

Case 4: interaction with only part of the PGS which is estimated with additive error:

We conclude this brief theoretical analysis of the OLS estimator of the toy model

given in equation (3.3) by considering a case in which both conditions examined

separately above are present simultaneously. We now assume:

● That the SNP xi j interacts with only part of the PGS, denoted again by Ri; and

● That the PGS is estimated with additive error, i.e., we observe Ŝi = Si + ζi .

The true model is:

yi = Si + λ jxi jRi + εi (3.17)

and we fit:

yi = α0 + α1Ŝi + α2xi jŜi + ui . (3.18)
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The OLS estimator for α2 is given in equation (3.13). Proceeding similarly to

our previous derivations but without assuming no correlation between xi j, x2i j and the

different variables related to the PGS as before, we arrive at the following expression

for the probability limit of α̂2 (see Appendix A.3):

α̂2
p
Ð→ λ j

⎡⎢⎢⎢⎢⎢⎣
1 −

E(Ŝ2i )E(x2i jŜiQi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2 (3.19)

+
E(Ŝ2i xi j)E(Ŝixi jQi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2 (3.20)

−
E(Ŝ2i )E(x2i jŜiζi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2 (3.21)

+
E(Ŝ2i xi j)E(Ŝixi jζi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2

⎤⎥⎥⎥⎥⎥⎦
(3.22)

−
E(Ŝ2i )E(xi jŜiζi) −E(Ŝ2i xi j)E(Ŝiζi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2 . (3.23)

The limit above allows us to see at a glance three sources of bias in the estimator

α̂2 of λ j:

1. In lines (3.19) and (3.20), we see the attenuation bias caused by the fact that

we are testing for an interaction with the full PGS while the SNP xi j interacts

only with a fraction Ri of it, similarly to what we saw in Case 2. Note that, if

we assumed that xi j is uncorrelated with Ŝ2i , and that x2i j is uncorrelated with

Qi , Ŝi and Ŝ2i , the first fraction would simplify to Cov(Qi , Ŝi)/Var(Ŝi) while

the second would be zero;

2. In lines (3.21) and (3.22), we again see an attenuation bias, this time caused by

the additive error ζi in the inferred PGS. If we assumed that xi j is uncorrelated

with Ŝ2i , and that and x2i j is uncorrelated with ζi , Ŝi and Ŝ2i , we would obtain a

similar result to that in Case 3;
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3. Lastly, in line (3.23), we see a general bias term driven by ζi , the additive error

in the PGS. Importantly, this bias is present even if there is no interaction

involving this locus, i.e., λ j = 0. This is significant as it is liable to cause false

positives: our estimate of the interaction term may be non-zero in cases where

there is no interaction. However, assuming that xi j is uncorrelated with ζi , Ŝi

and Ŝ2i makes this term disappear. In other words, there being no correlation

(or LD) between the focal SNP and the PGS can reduce the potential for false

positives; this source of bias can also be minimised by having an ‘accurate’ PGS

with as little error as possible.

Of these three sources of bias, the first is unavoidable while the second and third

can in principle be reduced through careful design of themethods used for interaction

testing. More specifically, the attenuation bias caused by the fact that we test for an

interaction with the full PGS while many interactions may involve only a small subset

of this PGS is a natural and necessary result of our testing strategy – it implies that

this approach will be more likely to detect interactions with a substantial proportion

of the PGS, as we noted above in Case 2. By contrast, the attenuation bias caused by

the additive error in the inferred PGS can be reduced by using a more ‘accurate’ PGS

– we discuss how we may define accuracy in this context below.

Finally, the general bias term that results from additive error in the PGS can be

eliminated by ensuring that the variant being tested for an interaction is not in LD

with any of the variants in the PGS, or reduced byminimising the additive error in the

inferred score. We will make use of these observations below when describing how

we will construct our PGS and perform interaction testing to avoid false positives. For

now, we take a second look from a different perspective at the potential consequences

of LD between genetic variants being tested for an interaction.
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3.4.2 LD as a source of false positives in interaction testing

Consider the toy example of genetic variation for a sample of three individuals a, b

and c given in Figure 3.1. We assume:

● Three segregating sites in the sample at relative positions 0.2, 0.4 and 0.7 in the

genome;

● The genealogical history given in Figure 3.1(b), which includes a recombination

event at position 0.3.9

Position

Ind. 0.2 0.4 0.7

a 1 0 0
b 1 1 1
c 0 0 1

(a) Genotype table

a

0.2

0.7

0.4

0.3

b

L R

c

(b) Ancestral recombination graph

Figure 3.1: Example of genetic variation at three sites with genealogical history.

The recombination event means that different parts of individual b’s genome

coalesce first with either individual a (the left part) or individual c (the right part),

and leads to b having all three mutations as shown in the genotype table.

We define three variables x1i , x2i and x3i for individuals indexed by i ∈ {a, b, c}

corresponding to mutations at positions 0.2, 0.4 and 0.7, respectively. These variables

take the value 1 if a mutation is present for an individual at that site and the value 0

otherwise. Note that, in this sample, we have the following relationship between the
9We are grateful to Anastasia Ignatieva for conceiving of the ancestral recombination graph for

this example.
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three genotypes:

x2i = x1ixi3 for all i . (3.24)

We now consider a quantitative phenotype y and assume the following model:

yi = α1x1i + α2x2i + εi , (3.25)

where α1, α2 are the coefficients of SNPs x1i , x2i and εi is an error term as before.

Using equation (3.24), the model in equation (3.25) can be equivalently rewritten

as:

yi = α1x1i + α2x1ix3i + εi .

From this we see that, even though there is no interaction in the original model given

in equation (3.25), a test for an interaction between x1i and x3i could nevertheless

suggest an interaction between these two variants. However, this interaction is not

‘real’ in the sense that it can be equivalently accounted for by a single variant, x2i , and

results from the particular genealogical history of this sample.

We note in conclusion that this is caused by the close pattern of LD between the

three variants, each of which is correlated with the other two. We will return to this

example when discussing how to address potential false positives caused by LD below.

3.4.3 Dominant variants

The concepts of dominance and recessiveness were introduced by Gregor Mendel

in reference to discrete phenotypic traits when reporting on his experiments with

peas [138], and were later generalised to refer to alleles rather than phenotypes and

to apply to quantitative traits as well as discrete ones [139].

In modern usage, an allele is considered dominant if the effect of a single copy of

this allele being present is larger in magnitude than the additional effect of a second
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copy of the allele on the phenotype [140]. Indeed, the second copy of the allele may

have no effect at all on the phenotype beyond that caused by the first copy.

We denote by xi j a variant whose value is 0, 1 or 2 depending on whether 0, 1 or

2 copies of the allele in question are present, respectively, for an individual, and write

the following linear model of a quantitative phenotype:

yi = α I(xi j = 1) + β I(xi j = 2) + θ⊺xi ,− j, (3.26)

where xi ,− j is a vector of genotypes at locations other than j that have an effect on the

phenotype and θ⊺ is a transposed vector of their effects. Based on this simple model,

we can define the allele whose number of copies the variable x j counts as dominant

(which makes the alternative allele at that position recessive) if and only if ∣α∣ > ∣β∣/2.

We note two relevant facts about dominant effects in the context of modelling

epistasis. First, representing dominance for a genetic variant requires two parameters.

This is because the typical assumption that the second copy of an allele has the

same effect as the first, which is implicit in linear genetic models that do not consider

dominance, does not hold. Moreover, themodel in equation (3.26) could equivalently

be written as:

yi = γxi j + δ I(xi j = 1) + θ⊺xi ,− j

or as:

yi = ζxi j + ηx2i j + θ⊺xi ,− j. (3.27)

As long as there are two free parameters available to represent the distinct effects

of the first and second copy of the mutated alleles, dominance effects can be fully

captured by these different parameterisations of the model.

Second, we see from equation (3.27) that dominance may be thought of and

represented as a self-interaction. This is important in the context of our work because
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it suggests that dominance could potentially be detected by our method to test for

interactions. While dominance is certainly worthy of further study, it is not the focus

of this work and in fact has already been explored recently and in depth for over 1000

phenotypes in the UKB [140]. Because of this, we will treat dominance as a possible

confounder in our search for interactions and seek to prevent our method from

detecting these non-linearities as potential interactions, as described in Section 3.5.

3.4.4 Non-linear functional form of the genetics–trait mapping

When introducing the general statistical model in equation (3.1), we noted that it

may be necessary to transform the trait in question for this simple linear model to be

appropriate. By this we mean that the most appropriate model for a particular trait

may take the following form:

yi = f
⎛
⎝

K

∑
k=1

βkxik +
K

∑
k=1

γkI(xik = 1) + ∑
k<k′

δk,k′xikxik′

+ ηai + θbi +
M

∑
m=1

ιmcim
⎞
⎠
+ εi , (3.28)

where f ∶ R → R is a function that non-linearly transforms the linear genetic and

environmental effects (e.g., f can be a quadratic, exponential or sigmoid function) to

generate the trait on the scale in which it is observed.

In general, there is no biological or mathematical reason to expect genetic vari-

ation, even if it can be additively combined, to translate linearly onto the scale of

the trait. This is especially true for traits whose scale is in some sense ‘artificial’ by

construction – for example, the body mass index (BMI), which does not measure

a directly observable phenotype but is rather the non-linear transformation of two

different phenotypes.

Such ‘global’ non-linearities involving all SNPs relevant for a trait are interesting in

themselves and have been studied before (see, e.g., Otwinowski et al. [141], who refer
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to this non-linear mapping as ‘global epistasis’). However, they are not our object of

focus and, importantly, may produce spurious statistical interactions between smaller

sets of SNPs if unaccounted for. For example, if f is quadratic, then even in the

absence of dominance effects and pairwise interactions (i.e., γk = 0 and δk,k′ = 0 for

all k ∶ k < k′), and ignoring the effects of covariates, by the Binomial Theorem the

expression (∑K
k=1 βkxik)

2 will result in pairwise interaction terms for every possible

pair of mutations.

3.4.5 Phenotypic outliers

We conclude this sub-section on bias and power by considering the potential effects

of phenotypic outliers.

In its simplest form, association testing using genotyping array data (where allele

counts take values 0, 1 or 2 rather than being an imputed dosage taking values in [0, 2])

is a test for the differences in the mean phenotypic value across the three discrete

groups of samples defined by the allele count. Since means are notoriously sensitive

to outlying values, association tests for the effect of a variant can be affected by

observations with extreme phenotypes, which may lead to false-positive associations.

Consider for example a rare variant (with MAF < 0.001, for example), as these

are usually the most likely to yield false-positive associations. Since the frequency of

this mutation is very low, the group of samples who are homozygous for this mutation

will also be very small. Because of this, if a few observations in that group happen to

have a very low or very high value for their phenotype, this can sufficiently decrease

or increase the mean phenotypic value in that group such that the null hypothesis

of no association is rejected – while it would not be if the observations in question

were removed from the sample. These associations may be spurious because they

are driven by a small number of observations, and so their significance is sensitive
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to departures from modelling assumptions such as normality. This problem is even

more severe when testing for the effects of interactions, since the relevant frequency

will then be the product of the frequencies of the two individual variants, and this

will be very small for two rare variants.

Due to the potential for rare variants to be incorrectly classified as being associated

with a phenotype, it is common to filter out variants with very low frequency before

undertaking association testing – we also perform such filtering, as discussed in

Section 2.4 of the preceding chapter. Moreover, it is also standard practice to identify

and pre-process observations with extreme phenotypic values to ensure that these do

not carry a disproportionate weight in the analysis, a procedure which we will also

undertake, as described below.

3.5 AVOIDING FALSE POSITIVES WHILE INCRE ASING POWER

In Section 3.4, we identified five factors that may lead to false-positive associations

and potentially also reduce our power to identify true interactions. We list them here

in the order in which each will be addressed in our data analysis pipeline, which we

describe in detail in Section 3.6:

1. Observations with extreme phenotypic values;

2. Errors in the inferred PGS;

3. LD between variants being tested for an interaction;

4. Global non-linearities in the genetics–trait map; and

5. Genetic dominance.

We now consider each of these five factors in order, describing our strategies to

pre-empt their potential for causing false positives and, where possible, increase the

statistical power of our approach.
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3.5.1 Truncation and quantile-normalisation of the phenotype

We begin with extreme phenotypic values or outliers. Outliers are common in real-

world data and as such different methods have been developed in the statistics literat-

ure to correct for their potentially-harmful effects. We use two standard approaches,

Winsorisation and rank-based inverse Normal transformation (INT), to obtain two

alternative versions of each phenotype, and then run the remaining of our data

analysis pipeline in parallel for each version.

Employing two alternative approaches in parallel gives us the opportunity of

comparing our findings under common transformations of the phenotype and in this

way assess their robustness.

Winsorisation (named after statistician Charles P. Winsor, 1895–1951) consists

of truncating the values of all outliers below and above two given percentiles in the

empirical distribution of a variable to the values at those percentiles. For example, if

the percentiles chosen are the 1st and the 99th, observations whose value is lower

than the 1st percentile of the distribution have their value reassigned to that of the 1st

percentile, and similarly for the 99th percentile (see, e.g., [142] or [143, Section 9.1]).

In our analysis, we first regress out the covariates (listed in the previous chapter

in Section 2.2) from the phenotypes and then apply Winsorisation at the 1st and 99th

percentiles to the residuals of this regression.

INT consists of ranking the values of the variable in question and mapping those

to the quantiles of a standard Normal distribution, thus ensuring that the transformed

variable is Normally distributed. More precisely, if ri is the rank of subject i of N , we

can compute a transformed value yi as follows [144, 145]:

yi = Φ−1 (
ri − c

N − 2c + 1
) , c ∈ [0, 1/2],

where Φ(⋅) is the cumulative density function of the standard Normal distribution.
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Common values for c include 3/8, 1/2 and 0, with different values considered

unlikely to have an impact on the results of the analysis [144]. In our pipeline, we will

use the value 0 as this is the default adopted in the R package bestNormalise [146,

147] which we employ for this purpose.

3.5.2 An iterative linear regression algorithm for PGS construction

Our approach to testing for interactions relies on first obtaining an inferred PGS

against which interactions involving individual mutations will be tested. We now

consider the question of how to build a suitable PGS for this application.

While several methods for PGS construction have been proposed in the literature

in recent years (see, e.g., Ni et al. [22] for a comparison of ten popular methods

and Zhang et al. [23] for a helpful graphical summary of eight alternative Bayesian

approaches), none of these methods has the properties that we believe are ideal in

this setting. We therefore propose a new PGS construction algorithm designed to

perform well in our context.

In Section 3.4, we explored the consequences of additive error in the PGS on

the asymptotic behaviour of the OLS estimator of the coefficient of the SNP×PGS

interaction term. While assuming a purely additive error term is a simplification, it

nevertheless allowed us to derive two insightful results: additive error in the inferred

PGS (i) reduces power to detect true interactions and (ii) can lead to biased estimates

– in an unpredictable direction – of the interaction coefficient.

This second result is particularly important as it suggests that a poorly constructed

PGS could lead to false-positive evidence of interactions. We will therefore seek to

build a score that makes false positives less likely while retaining power to discover

true interactions.
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We begin by considering the following question: in what ways can a PGS be

‘wrong’ or poorly estimated? Our goal is to estimate the additive genetic component

of the trait given by the term∑K
k=1 βkxik in equation (3.1) as accurately as possible.

We note first that a PGS is defined and computed based on two vectors:

● A vector of the SNPs included in the PGS; and

● A vector of the same length with the coefficients of each of these SNPs.

Each of these vectors is a source of potential error: the SNPs that we choose to

include in the PGS will not always be the true causal SNPs (they may only imperfectly

tag a causal variant, for example, or even miss it completely) and their effect sizes will

be imperfectly estimated. Therefore, when inferring a PGS for interaction testing,

our aim will be to minimise both sources of error.

Our approach involves two steps which we now summarise and then explain in

greater detail below:

1. We will first build an initial PGS which is designed to account for as great a

fraction of the SNPs with a direct (i.e., additive) effect on the trait as possible.

To achieve this, we include in our PGS a large selection of SNPs found to have

an effect of some significance on the phenotype in a simple GWAS. In this first

stage, the SNPs’ effect sizes are those obtained in that initial GWAS;

2. The inclusion of a large number of SNPs in the PGS – many of which will be

in close physical proximity with one another – with effects obtained through a

(univariate)GWASwill lead to a ‘double counting’ of the effects of neighbouring

variants.

To address this, in a second stage we employ an iterative algorithm that calib-

rates the effect sizes of SNPs in close proximity to account for the LD between

them.
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The goal of this algorithm – which is also its stopping condition – is that none

of the SNPs in the PGS remain significant after running it. This means that,

if we regress out the final PGS from the trait and perform a GWAS on the

resulting residuals, none of the PGS SNPs should be ‘genome-wide significant’

(GWS; i.e., have a p-value lower than or equal to 5 × 10−8).

Through this two-step approach, we are able to obtain a PGS which includes

most of the relevant SNPs for the trait in question while also exhausting the additive

signal for these SNPs. In the context of our list of three potential sources of bias in

the estimator of the SNP–PGS interaction term, exhausting the additive signal can be

seen as minimising the additive error ζi – this can reduce both the attenuation bias

caused by this error (the second item in this list) as well as potential false-positives

(the third item in the list).

Recent results in the epistasis literature highlight the importance of accounting

for all additive signal for a trait when testing for interactions: it has been shown, both

in theory and in practice, that imperfectly-tagged additive causal effects in the vicinity

of SNPs being tested for an interaction can lead to the incorrect detection of spurious

epistatic associations (termed ‘phantom epistasis’) [148–150]. In accounting for as

many relevant variants as possible and exhausting their additive signals, our method

seeks to pre-empt this potential source of false positives.

Training, validation and test sets: Our PGS construction method requires, in addi-

tion to a main dataset which we will term the ‘training set’, two other smaller datasets

for calibrating parameters (the ‘validation set’) and testing the final performance

of the scores (the ‘test set’). We described how we constructed these three separate

datasets in our data in the previous chapter (Sections 2.3.1 and 2.3.2).
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Step 1: Building an initial PGS with lax Clumping and Thresholding: To build

an initial PGS which includes as many variants with a direct effect on the trait as

possible, we use Clumping and Thresholding (C+T) with a very loose threshold for

the correlation between nearby SNPs. An advantage of employing C+T is that it is an

easily-interpretable approach: we can justify precisely why certain variants were or

were not included in the PGS. The motivation for using a loose LD threshold is that

– after adjusting for the ‘double counting’ of the signal of highly-correlated SNPs as

we explain below – it allows us to achieve a higher performance than that obtained

by using a low threshold which does not require such an adjustment.10

C+T is based on the LDClumping procedure, which we now define. Given a set of

GWAS summary statistics, begin by ordering SNPs in decreasing order of significance.

Then, iteratively select themost significant SNP and discard all SNPs within a window

of size 2ϖ around it if their LD with the variant selected is greater than a threshold ρ

(see, e.g., [151]). We provide a more formal definition in Algorithm 3.1.

For each trait, therefore, we first run aGWAS in the training set to obtain estimated

effect sizes and p-values for each SNP. We then run C+T (Algorithm 3.2) with a

threshold ρ = 0.9 for the squared correlation between nearby SNPs, a window size

of 1Mb (i.e., ϖ = 500kb) and 1000 different p-value thresholds τ equally spaced on

the logarithmic scale between 10−9 and 0.05, computing estimated phenotypes in the

validation set.

We evaluate the performance (measured through the coefficient of determination,

R2, from a linear regression of the trait – after regressing out covariates as we will
10Comparing the performance on the held-out test set of our final PGS (beginning with C+T with

a loose LD threshold of 0.9 and then applying our iterative algorithm as described below) with that of
a standard PGS obtained through C+T with a low LD threshold of 0.1 shows that the former achieves
an average improvement of approximately 26% (standard deviation of 25.2%) compared to the latter
across our set of 97 phenotypes with quantile-normalised residuals.
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Algorithm 3.1: LD clumping.

Input:
For each SNP j in array J = (1, . . . , J):

● A (log-transformed) p-value p j for association with the trait;a
● The SNP’s physical position q j.

For each pair of distinct SNPs j, j′ such that ∣q j − q j′ ∣ ≤ ϖ:
● A measure of the LD between j and j′, denoted r2j, j′ .

Parameters:
● ϖ: threshold for distance between SNPs;
● ρ: threshold for LD (squared correlation) between SNPs.

Output: Array of filtered SNPs, denoted by J ′.

Initialisation
Sort array J by p j in decreasing order.
Initialise empty array J ′.

Iterative procedure
while array J is not empty do

Denote the first element of J by α.
Remove α from J and add it to J ′.
if J is empty then

break
end

Generate an array Jα containing all SNPs j ∈ J ∶ ∣q j − qα ∣ ≤ ϖ.

for j ∈ Jα ∶ j ≠ α do
if r2j,α ≤ ρ then

Remove j from J and add it to J ′.
else

Remove j from J .
end

end
end

return J ′

aOne may use any other statistic representing the importance of a SNP – this could be derived
from functional annotations, for example. All that is needed is an ordering of SNPs so that more
important variants can be prioritised.
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Algorithm 3.2: Clumping and Thresholding.

Input:
● An array J = (1, . . . , J) of SNPs with effect sizes β̂ j;
● All inputs required for LD Clumping (Algorithm 3.1) on array J ;
● Genotypes xi j for each SNP j and each observation i.

Parameters:
● The same parameters as in Algorithm 3.1;
● A p-value threshold τ.

Output:
● Filtered array L of independent SNPs for which p j ≥ τ;
● Array of estimated phenotypic values ŷi for each individual i.

Initialisation
Discard all SNPs j for which p j < τ.

Main procedure
Run LD Clumping (Algorithm 3.1) on this filtered array of SNPs and obtain
array L of (approximately) independent SNPs.

Compute estimated phenotype ŷi for each i using L, the array containing the
subset of SNPs that survived LD Clumping, and effect sizes β̂ j:

ŷi = ∑
j∈L

β̂ jxi j.

return
● L;
● Array of estimated phenotypes ( ŷ1, . . . , ŷN).

describe in Section 3.6.1 – on the PGS in the validation set) of the PGS resulting from

each of the 1000 p-value thresholds and select the best-performing threshold.

Finally, we compute a PGS from this set of SNPs using the coefficients from the

original GWAS for the full set of samples (training, validation and test sets). This
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gives us a starting set of SNPs and associated coefficients which we will improve upon

through the iterative approach described below.

Step 2: Calibrating the coefficients of neighbouring SNPs with an iterative algorithm:

C+T achieves our first goal of obtaining a PGS with a large selection of relevant

SNPs. However, since it includes many SNPs in close proximity and high LD with

one another (due to the loose R2 threshold used for LD) and whose coefficients –

obtained through univariate linear regressions – do not account for these correlation

patterns, it suffers from significant bias due to double counting of neighbouring

effects.

To correct for this, we propose an iterative algorithm that adjusts the effect sizes

of each SNP in the PGS until their additive signal is fully accounted for. By this we

mean that, after running the algorithm, if we regress the PGS out from the trait and

perform a GWAS, none of the PGS SNPs should be genome-wide significant.

The iterative algorithm is formally described below (Algorithm 3.3) and we now

summarise it more informally. We begin by regressing out the initial PGS from the

trait and obtaining the resulting residuals (intuitively, these represent the signal in

the trait that remains to be explained). We then take these residuals, run a GWAS

only on the SNPs included in the PGS and build a new score through C+T as above

(but now with a much more stringent LD threshold of ρ = 0.1 so as to only update

approximately-independent SNPs). We add this new PGS to the existing one (their

relative weights are allowed to differ), regress out this combined PGS and continue

iterating in this manner until no significant SNPs are left. (Note that the set of SNPs

included in the PGS is fixed from the start by the C+T algorithm with which we

build the initial PGS – only the coefficients of the included SNPs are updated by the

iterative algorithm.)

60



3.5. Avoiding false positives while increasing power

Algorithm 3.3: Iterative PGS algorithm (setup only).

Input:
● Initial PGS:

- Array L = (1, . . . , L) of SNPs that comprise the PGS;
- Effect sizes β̂0l and physical positions ql for each SNP;
- A measure r2l ,l ′ of LD between pairs (l , l ′) ∶ ∣ql − ql ′ ∣ ≤ ϖ;
- Genotypes xi l for each SNP and each observation i ∈ 1, . . . ,N;
- Array of estimated phenotypic values Ŝ0i for each individual i;

● Phenotype yi for each observation (from which covariates have been
regressed out);

● A partition of observations i ∈ 1, . . . ,N into separate training and
validation sets.

Parameters:
● LD Clumping parameters ϖ and ρ (for Algorithm 3.1);
● An ordered array T = (τ1, . . . , τT) of p-value thresholds for C+T
(Algorithm 3.2);

● A threshold of significance υ for termination of the algorithm.

Output:
● Updated effect sizes β̂R

l for each SNP after R iterations;
● Array of final estimated phenotypic values ŜRi for each individual i.

This algorithm is a slightlymodified version of the simple boosting algorithm [152,

153] known as Least-Squares Boosting or LS-Boost [154], which is equivalent to

gradient descent boosting on a squared-error (or L2) loss function with a linear

model as the ‘base learner’. LS-Boost differs from the algorithm above in two main

ways: it begins with all coefficients equal to zero (while we take the initial PGS as the

starting point); and it updates only the most significant variable (strictly speaking,

the variable that achieves the greatest reduction in squared error) at each step rather

than several variables simultaneously as we do.
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Initialisation
r ← 0; // start iteration counter

Regress original trait yi on the initial PGS Ŝ0i in the training set and obtain
the resulting residuals û0

i :

yi = α̂ + ψ̂0Ŝ0i + û0
i ;

Run a GWAS of the residuals û0
i in the training set for each SNP l and obtain

coefficients δ̂0l and corresponding (log-transformed) p-values p0l :

û0
i = α̂′ + δ̂0l xi l + ε̂0i .

Iterative procedure
whilemaxl∈L prl ≥ υ do // while there are GWS SNPs in GWAS

r ← r + 1; // update iteration counter

for τt ∶ τt ≤ τr−1 do // build intermediate PGS

Build temporary PGS Ŝ′ri for all samples using C+T(ϖ, ρ);
Run the following regression in the training set:

yi = α̂ + ϕ̂r Ŝr−1i + ψ̂r Ŝ
′r
i + ε̂0i ;

Compute an updated PGS for the validation set:

Ŝr,τi = ϕ̂r Ŝr−1i + ψ̂r Ŝ
′r
i ;

Evaluate the updated PGS’s performance on the validation set.
end

The new PGS is Ŝri = Ŝ
r,τ
i for the best-performing threshold (τr);

Regress out new PGS from the trait in the training set (yi = α̂ + ψ̂r Ŝri + ûr
i )

and obtain the resulting residuals ûr
i ;

Run GWAS of residuals ûr
i in the training set (ûr

i = α̂′ + δ̂rl xi l + ε̂ri) and
obtain coefficients δ̂rl and p-values prl .

end

return
● Updated effect sizes β̂R

l for each SNP where R is the final iteration;
● Array of final estimated phenotypic values ŜRi for each individual i.
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Despite its simplicity, LS-Boost has appealing theoretical properties: Freund et

al. [155] have recently shown that this algorithm converges linearly to the multiple

regression OLS solution. This property would be appealing in our context as it would

guarantee that our algorithm would converge in a finite number of steps and that it

would indeed exhaust all additive signal (since this is true by construction for multiple

regression solutions as they ensure E(xi ε̂i) = 0 for every regressor x, where ε̂i are the

residuals).

Since our algorithm is slightly different, this theoretical property may not hold.

However, our algorithm does converge in practice for all traits (real and simulated)

for which we have run it and, since we only update variants that are not in high LD

with one another simultaneously, our multiple updating seems unlikely to disrupt

convergence (these modifications increase speed considerably in our context with a

very large number of SNPs).

This iterative algorithm achieves our goal of exhausting all the additive GWS

signal for a trait after the PGS is regressed out from it, which in turn allows us to

focus on detecting non-additive GWS signal for the trait by testing for interactions

with the PGS.

3.5.3 Leave-one-chromosome-out PGS to counter LD-driven confounding

To avoid potential confounding caused by LD between the SNP being tested for

an interaction with the PGS and neighbouring SNPs in that PGS, after building a

PGS we also compute 22 LOCO versions of that score that exclude SNPs from each

chromosome in turn. Then, when fitting models like the one in equation (3.2), for

each SNP we run both a model with the regular (i.e., full) PGS and the corresponding

LOCO PGS (i.e., the PGS without any SNPs in the same chromosome as the SNP

being tested for an interaction).
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By testing for an interaction with the LOCO PGS, we eliminate LD as a source of

possible confounding since none of the SNPs in the LOCO PGS can be in LD with

the SNP being tested. Under our simplified theoretical scenario above, this would

eliminate the general bias term (the third item in our list of potential sources of bias),

thus preventing false-positive findings.

3.5.4 Data-driven adjustment of the functional form of the PGS

We noted previously that our goal is to detect interactions between specific pairs or

larger groups of SNPs rather than global non-linearities where the additive effect of

all relevant SNPs is transformed by some function f to yield the final phenotype

(equation (3.28)).

To account for a possible global transformation of this kind, after obtaining an

estimate of the PGS we will transform it by a function f̂ with which we aim to

approximate f . We perform this transformation as follows:

● Webegin by sorting all individuals in our training set by their PGS in increasing

order;

● We then divide them into bins of 1000 individuals. (To increase granularity at

the ends of the PGS distribution, the first and last 1000 individuals are allocated

into 20 bins of 50 samples;)

● For each bin, we compute the mean of the true phenotype (after regressing out

covariates) for the individuals in that bin;

● Finally, we perform linear interpolation of these values (with the x-values given

by the median PGS in each bin) and replace each individual’s PGS with this

‘mean-corrected’ version.
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The aim of applying this transformation is to account for global non-linear genetic

effects on the phenotype through the PGS, and so reduce the likelihood of detecting

false-positive interactions driven by such effects, as discussed in Section 3.4.4. In the

simulation study that we describe in the next chapter, we will generate phenotypes

with global non-linear effects (by applying sigmoidal transformations) and show that

our method is robust to this potential source of spurious interactions.

3.5.5 Testing whether dominance explains interaction signals

Our primary interaction testing model, given in equation (3.2), does not include a

dominance term for the SNP being tested. While in principle we could have included

such a term, in practice this would increase the computational cost of fitting themodel

and, more importantly, for rare variants it would lead to a nearly-perfect correlation

between the allele count xi j and its square, further complicating estimation.

As an alternative, we test whether an interaction can be explained by a dominance

term after we have obtained initial summary statistics for the SNP×PGS interaction

model. We will include dominance terms as we filter these first results down to an

independent set of loci as described below in Section 3.6.5.

3 .6 DATA ANALYSIS PIPELINE

In this final section, we describe in more detail the computational implementation of

our approach, including the main software packages used. We implemented our data

analysis pipeline as a Snakemake workflow [156], with simple statistical operations

undertaken in R [157] and most analyses of genetic data run with PLINK 2.0 [158,

159]. All analyses were performed on the Oxford Biomedical Research Computing

Cluster (BMRC).
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We provide a diagram of the pipeline in Figure 3.2 and now proceed to briefly

describe the different steps involved.

Regress out covariates

Winsorisation of outliers Inverse-rank normalisation

Basic GWAS

LD Clumping

Initial PGS (C+T)

Iterative PGS algorithm

Mean correction

Regress out interactions with
assessment centre and ACs

SNP×PGS interaction GWAS

Stepwise regression to find
independent hits

Estimate combined
heritability explained

GWAS of pairwise interactions

Stepwise regression to find
independent hits

Figure 3.2: Diagram of data analysis pipeline.
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3.6.1 Pre-processing of traits

Our main regression model will include a large number of covariates that we listed in

Section 2.2. Because of this, fitting the model exactly as described in equation (3.2)

would substantially increase the computational cost of the interaction GWAS. There-

fore, and as is common practice in the field, we begin by first regressing these out

from the trait and then proceed to analyse the resulting residuals.11

After regressing out the covariates from each trait, we then process the resulting

residuals in two alternative ways: as described in Section 3.5.1, we either perform

Winsorisation at the 1st and 99th percentiles of their empirical distribution; or we

simply transform them into a Normal distribution by applying a rank-based inverse

Normal transformation. These operations are undertaken in R, where the orderNorm

function of the bestNormalise [146, 147] package is used for INT.

3.6.2 GWAS

We continue by running a basic GWAS, i.e., we regress the residuals obtained in the

previous step on each SNP in turn, without including any interaction terms or PGSs

in these regressions. This first GWAS provides the summary statistics used to build

the initial PGS in the next step.

The UKB imputed genetic data is provided in BGEN format [160]. We chose to

use PLINK 2.0 [158, 159] for operations involving genetic data whenever possible

due to its versatility, stability and speed. Since PLINK cannot directly operate on

BGEN files, we first convert the imputed genetic data from the original BGEN format
11By the Frisch-Waugh-Lovell Theorem (see, e.g., [137, Section 3.3]), this procedure is equivalent

to fitting the larger model with all covariates as long as these are uncorrelated with the explanatory
variables of interest – in our case, the allele count of the SNP, the PGS and their product.
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into PGEN, PLINK 2.0’s native format. The basic GWAS is then run using PLINK

2.0’s --glm function.

3.6.3 Building the PGS

To build the PGS, we begin by running C+T on the results from the basic GWAS.

Since an LD Clumping function had not yet been implemented in PLINK 2.0 at

the time of analysis, we instead use the bed_clumping function in the R package

bigsnpr [161], which can work directly on the original BGEN files.

We run LD with two alternative thresholds ρ ∈ {0.1, 0.9} for the squared correl-

ation between neighbouring SNPs. The results for ρ = 0.9 are used as the starting

point for the iterative step as described in Section 3.5.2 while the results for ρ = 0.1

give us a set of approximately independent SNPs within each PGS.

Having obtained the LD Clumping results, we then build a series of PGSs on

the validation set for 1000 different p-value thresholds τ equally spaced on the log-

arithmic scale between 10−9 and 0.05 using PLINK’s --score function, assess their

performance on this sample set and, finally, extend the best-performing score to all

samples as described above.

We proceeded by running the second (iterative) step in our PGS construction

algorithm. Since this consists of multiple iterative steps each involving GWAS, C+T

and intermediate PGS construction, we found PLINK was not fast enough and use

the bigsnpr and bigstatsr R packages [161] instead.

3.6.4 Testing for interactions

To test for interactions between each SNP and a trait, we again use PLINK’s --glm

function to fit linear regressions of the residuals from regressing out covariates from

the trait on an intercept, theminor allele count for the SNP, the PGS and an interaction
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term between the SNP and the PGS. We fit each regression twice, once with the

LOCO version of the PGS (which is robust to LD as a confounder) and once with

the full PGS.

The residuals used in this stage are different from those used for the basic GWAS:

from those first residuals we also regress out interaction terms between the (full)

PGS and each of the assessment centre and ancestry component (AC) variables

described in the previous chapter. This is to account for any potential ‘generalised

interaction effects’ between an individual’s ancestry (measured directly through the

ACs and also correlated with the assessment centre where each individual had their

data collected, since these tend to be located in the same region where they reside)

and their genome-wide additive effects for a trait as aggregated in the PGS.

3.6.5 Identifying independent interaction hits

GWASs identify association peaks consisting of tens of closely-linked SNPs in a

single region of the genome that is not usually split by recombination. It is generally

accepted that only one or a few of these SNPs will have a ‘causal’ effect on the trait

(meaning that there is a biological mechanism – such as disruption of a protein or

regulation of gene expression, for example – linking the mutation to the phenotype,

rather than the SNP simply being highly correlated with another such SNP) and

many methods have been developed that attempt to distil or ‘fine-map’ these sets of

associations into smaller groups of likely causal variants (see [162, 163] for recent

reviews).

After obtaining summary statistics from our interaction GWAS, we filter these

down to a set of independent associations for each trait. A first use of this filtering is

to provide us with an estimate of the number of independent associated loci which

is not upwardly biased by LD as described in the previous paragraph. A second
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advantage of this approach in our setting is that it prioritises specific SNPs for further

investigation: in the section below, we describe how we proceed to search for specific

SNPs within the PGS that drive each observed interaction.

For fine-mapping in a standard GWAS, it can be helpful to use functional inform-

ation on associated SNPs to prioritise those which are likely to be causal, possibly

integrating these formally into a statistical fine-mapping approach. However, in our

context, the priority is to increase power to detect loci in the PGS driving the inter-

action in a subsequent step. Because of this, we did not use functional information

or sophisticated fine-mapping methods to filter loci with statistical evidence of an

interaction but rather chose the most-significantly-associated SNP at each locus.

In more detail, we employ a stepwise regression procedure of variable selec-

tion to identify independent interacting SNPs. This consists of the following steps

(Algorithm 3.4):

1. Sort all GWS SNPs in decreasing order of significance;

2. Beginning with the most significant SNP, run a regression of the residuals

on an intercept, the SNP’s minor allele count, its square (to account for a

possible dominance effect), the PGS and an interaction between the SNP and

the PGS. Keep the SNP as an independent association if the interaction term

is genome-wide significant;

3. Iteratively add the remaining SNPs one-by-one together with their squares

and interactions with the PGS, keeping those with significant interactions after

more significant SNPs have already been accounted for and discarding the rest.

We begin by running this procedure for the SNPs that interact with the LOCO

PGS, using this PGS in the regression at each step. We then continue with the same

procedure for the SNPs interacting with the full PGS while including the independent
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Algorithm 3.4: Stepwise regression.

Input:
For each SNP j in array J = (1, . . . , J):

● A (log-transformed) p-value p j for the interaction term between the SNP
and the PGS in a regression with the trait;

● Genotypes xi l for each observation i ∈ 1, . . . ,N .

Phenotypic residuals yi for each observation.

Parameters: A p-value threshold of significance τ.

Output: Array of independent interacting SNPs.

Initialisation
Remove from J all SNPs j for which p j < τ.
Sort array J by p j in decreasing order.
Initialise empty array J ′.

Main procedure
while array J is not empty do

Denote the first element of J by α and remove it from J .
Run a regression of yi on:

● An intercept term;
● All SNPs j in J ′, their squares and their products with the PGS;
● The SNP α, its square and its product with the PGS.

if the p-value of the interaction term between α and the PGS is ≤ τ then
Add α to J ′.

end
end

return J ′

LOCO hits and their interactions with the full PGS in each regression. This produces a

set of independent SNPs interacting with the full PGS that is disjoint from the set of

SNPs interacting with the LOCO PGS: since LOCO associations are preferable (as

they are not confounded by LD), we prioritise these and only include interactions

with the full PGS that cannot be accounted for by a LOCO interaction.
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3.6.6 Estimating heritability explained

A natural question when new genetic associations are identified is what is the fraction

of heritability for which they account. Broad-sense heritability is normally defined

as the proportion of the variation of a trait in the population that can be attributed

to genetic factors [164], while narrow-sense or additive heritability can be defined

as the proportion of variation that can in principle be explained by additive genetic

effects [40].

One motivation to study genetic interactions is that these may explain additional

(broad-sense) heritability (although it is thought that they are unlikely to account for

a significant share of population variation [60]). We therefore would like to provide

an approximate estimate of how much heritability is explained by the independent

interaction hits we find.

Traditional approaches to (broad-sense) heritability estimation are based on

correlations of phenotypes across family members [165], with perhaps the most

common method being a comparison between monozygotic and dizygotic twins [40].

More recent methods12 focus on narrow-sense heritability, and a prominent example

among them is LD Score Regression [123]. However, neither classic family-based

study designs normodernmethods for (additive) heritability estimation are applicable

in our setting in which our sample is comprised of unrelated individuals and we wish

to estimate the heritability accounted for by interactions between mutations rather

than additive genetic effects.

We propose a simple method for obtaining an approximate estimate of the herit-

ability explained by the combined set of independent interaction hits identified for
12See Evans et al. [166] and Barry et al. [167] for two recent reviews.
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each trait that is based on measuring improvement in predictive performance on the

held-out test set.

We first regress a trait on its PGS, main terms for the independent interaction hits

and their squares (to account for possible dominance effects), and the SNP×PGS

interactions in the training set, storing the coefficients of the different variables.

We then evaluate the predictive performance (measured through the coefficient of

determination) in the test set of the PGS and these additional terms while keeping

the coefficients fixed to their value in the regression in the training set (so as to avoid

overfitting through additional degrees of freedom). Finally, this performance is then

compared to that of only the PGS in the held-out test set, and an estimate of the

heritability is obtained by taking the difference of the two.

We make two observations about the procedure outlined above. First, it can

lead to negative estimates of heritability since the coefficients of the additional terms

included in the ‘full model’ with interactions are fixed to the values obtained in the

training set – there are no additional degrees of freedom compared to a model with

only the PGS. Second, because of this fixing of coefficients and of the fact that the

PGS was itself computed based on the training set (implying that the coefficients of

terms involving the PGS computed in the training set may not translate well to the

test set due to overfitting in the former), this approach can be thought of as yielding a

lower bound on the true value of the heritability.

Two obtain an upper bound, we repeat the procedure above but using only the test

set and letting the coefficients be determined from the regression in this set. Given

the increase in degrees of freedom in this model and the fact that estimating these

coefficients requires ‘seeing’ the phenotypes of the test set (something impossible in

a real-life prediction scenario), we think of this as an upper bound.
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Finally, we take the mid-point of the lower and upper bounds computed to

get a final estimate of heritability, which we divide by the performance of the PGS

on the held-out test set to obtain a relative measure of improvement in predictive

performance.

3.6.7 Identifying the targets of interaction signals

For each independent interaction hit identified in the previous step we wish to find, if

possible, the SNP(s) within the PGS driving the interaction signal, or potentially other

SNPs in the genome which also interact with this hit. As discussed when motivating

our approach, we believe it is likely that some SNPs may interact with a large group

of other SNPs. For such SNPs, it may not be possible – and nor would it be sensible

– to reduce the interaction to a pairwise one, or one involving a small set of SNPs.

However, pairwise or other interactions involving a subset of SNPs that have a large

(interaction) effect size may be captured by our interaction test, and for these it may

be possible to identify the SNPs in the PGS that drive them.

To attempt to find which locus or loci in the PGS lie behind each independent

interaction hit, for each of these hits we run a simple GWAS of pairwise interaction

with every SNP in the genome (not only those in the PGS) one-by-one. We then use

stepwise regression again to filter these down to a final set of pairwise interactions,

including terms for the squares of the genotypes of all SNPs considered, as before.

For many cases, we do not find GWS ‘partners’ for the independent SNP–PGS hits

through this analysis; however, several independent hits can be linked to specific

SNPs, and these pairwise interactions can provide interesting biological insights, as

we will discuss in Chapters 5 and 6.
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4 Simulations

In this chapter, we describe the simulation study we have undertaken to assess our

method’s performance in settings where the underlying genetic architecture is known.

In the description of our approach in a previous chapter, we presented some

simple mathematical derivations that gave us a first glimpse into its potential pitfalls

(specifically, sources of potential false positives) and power to detect associations.

However, given the complexity of the data analysis pipeline, deriving precise math-

ematical properties would be very challenging and indeed we were only able to derive

basic properties for a toymodel. We have therefore built an extensive set of simulation

scenarios to assess performance under realistic settings relevant to our analysis of

real data.

When assessing amethod for statistical association testing, it is natural to examine

two different properties: the potential of the method to yield false-positive findings

(type I error) and its power to detect true effects (the avoidance of type II error).

As discussed in our exposition of the method, we are chiefly concerned with false

positives: given how challenging detecting interactions has proven and the well-

documented possibility of arriving at spurious results [148–150], we wish to be

confident that our findings are likely to reflect true statistical interactions.

We have noted previously that the astronomical search space of potential inter-

actions has limited the statistical power of methods for their detection. While our
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approach has been designed to increase power – by testing for interactions with

groups of SNPs – we are not able to fully circumvent this challenge and therefore

expect our method’s power to be only modest.

Themain goal of this simulation study when it comes to assessing statistical power

is therefore to understand which types of interactions we have the greatest power to

detect: as explained in more detail below, we expect interactions with stronger effects

or involving larger numbers of variants to be easier to detect, and we will indeed find

this to be the case. This can then guide our interpretation of results in the aggregate:

the lack of evidence for certain kinds of interactions – namely those with small effect

sizes or involving few SNPs – need not imply that they do not exist, since our method

is unlikely to detect them in any case.

To evaluate the occurrence of errors of types I and II, we build two classes of sim-

ulated traits based on the same dataset of imputed genotypes used in the subsequent

analysis of real traits:

1. Purely-additive traits with a wide range of genetic architectures (varying in

number and positioning of causal loci, their effect sizes, possible non-linear

monotonic transformations of the combined additive genetic effects, and herit-

ability) – we term these ‘null simulations’; and

2. Traits that are partly determined by interactions, which we denote by ‘positive

simulations’. For these, we keep the parameters relating to causal loci and

their heritability fixed to mid-range values and instead explore variation in the

number, strength and range of interactions as explained in detail below.

We now describe in turn the two classes of simulated traits and the empirical

results from applying our method to them.
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4.1. Null simulations

4.1 NULL SIMUL ATIONS

4.1.1 Setup

We begin by building a series of traits without any interactions. This requires selecting

a set of SNPs, indexed by k = 1, . . . ,K, attributing them effect sizes βk and obtaining

phenotypes yi for each observation i = 1, . . . ,N , given genotypes xik , as follows:

yi =
K

∑
k=1

βkxik + εi ,

where εi is a stochastic error term drawn independently for each observation from a

zero-centred Normal distribution whose variance is set so as to obtain a desired level

of (additive) heritability.

Since we do not want to mistake a global non-linear functional form of the

genetics–trait mapping (as described in Section 3.4.4) for a localised interaction,

we also build two additional versions of each trait in which we apply a non-linear

function f ∶ R→ R as follows:

yi = f (
K

∑
k=1

βkxik) + εi , or (4.1)

yi = f (
K

∑
k=1

βkxik + εi) , (4.2)

i.e., we either transform the additive genetic effects and then add Normal noise, or we

first add noise and then apply the transformation (we expect this latter transformation

to not be a challenge to our approach since this non-linearity is not affected by noise

and should thus be easily reversed by quantile normalisation of the trait). We choose

f to be a scaled sigmoidal function with the scaling factor given by the standard

deviation of the additive genetic effect: denoting the observed standard deviation of

∑K
k=1 βkxik across observations i by σ̂S , we set f (x) = 1/[1 + exp(−x/σ̂S)].
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4.1. Null simulations

We make a series of simulated phenotypes by setting different parameters along

five axes:

1. Number of causal SNPs;

2. Positioning of causal SNPs relative to one another;

3. Effect sizes of these SNPs;

4. Possible global, non-linear transformation of the additive genetic effects; and

5. Level of heritability,

as we now describe.

Number of causal SNPs: We set 100, 1000 or 10,000 causal SNPs to cover a realistic

range for the number of independent associations observed for real traits.

Positioning of causal SNPs: For each number of causal SNPs, we either place these

uniformly at randomalong the genome (i.e., any of the 12.7million SNPs that survived

variant filtering is equally likely to be chosen) – we term this a ‘regular architecture’ –

or we place half of them into clusters while the remaining half are placed uniformly

at random again – we term this a ‘clustered architecture’.

More precisely, a clustered architecture is obtained as follows:

1. We first place (# causal SNPs)/(5 × 2) regions of physical length 1,000 kb uni-

formly at random along the genome into which we will place (# causal SNPs)/2

SNPs, resulting in an average of five variants per region;

2. We then draw the number of causal variants to place into each region from

a Multinomial distribution with equal probabilities and thus place half the

number of causal variants into these regions;

3. Finally, we place the remaining half of the causal variants at random anywhere

on the genome.
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4.1. Null simulations

Effect sizes: All effect sizes are drawn independently from a standard Normal distri-

bution.

Since different causal SNPs have different frequencies, without further adjustment

this setup would lead to rarer SNPs having a lower expected contribution to the

heritability of the trait.1 This is generally seen as undesirable because, under a

theoretical model that assumes that the average value of a phenotype in a population

is at its optimum, many newly arising mutations will have a negative effect on fitness

and therefore be selected against and so kept at low frequency.

To incorporate this expected negative relationship between effect size and the

allele frequency, it is common practice in the literature to multiply the effect sizes

obtained from a standard Normal distribution by [2pk(1 − pk)]−0.5, a transforma-

tion that completely nullifies the positive relationship between allele frequency and

heritability contribution. This approach has been adopted in the simulation studies

undertaken for prominent recent methods in the field of statistical genetics [168–170].

However, a recent empirical assessment of variant-level contributions to herit-

ability where these are modelled as being proportional to [2pk(1 − pk)]1+α suggests

that a value of α = −0.25 provides the best fit to real phenotypes [171].2 We therefore

choose to set two possible values for α of 0 (in which case we do not transform the

effect sizes) and -0.5 (where we multiply the effect sizes by [2pk(1 − pk)]−0.25) with

the aim of capturing the full realistic range for this parameter.

Possible non-linear transformation of the additive genetic effects: For each combina-

tion of number of causal SNPs, their positioning and the scaling of their effect sizes,
1The heritability contribution of a particular SNP xk can be written as Var(βkxk) = β2kVar(xk) =

2β2k pk(1 − pk), where βk is fixed and pk is the MAF of xk , since xk is binomial.
2In their paper, Speed et al. [171] model heritability as depending also on the level of LD between

a SNP and its neighbours and the confidence in the accuracy of its imputation, factors which we ignore
in this exposition.
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we build three traits: one without any global transformation ( f (z) = z), one where

the transformation is applied before adding noise as in equation (4.1) and one where

it is applied after adding noise as in equation (4.2). The function f is a scaled sigmoid

as described above.

Heritability: Heritability is set to either 30% or 60%. To achieve this, we simply add

to each individual’s ‘PGS’ (i.e., their total additive genetic effect obtained above) an

error term drawn from a zero-mean Normal distribution whose variance is set so

that the ratio of the variance of this PGS to that of the resulting trait is 30% or 60%.3

To summarise, we have three possible numbers of causal SNPs, positioned in two

possible ways, with two possible sets of effect sizes, with either no transformation or

one of two alternative transformations (three possibilities) and two possible levels

of heritability: this yields 72 null traits in total. After regressing out the covariates,

the resulting residuals will be either quantile normalised (QN) or Winsorised, and

therefore each of the 72 traits will be tested for interactions under these two alternative

forms.

4.1.2 Results

Having conducted interaction testing on all 72 traits with both Winsorised and QN

residuals, we now list the number of GWS hits in each GWAS, the resulting false-

positive rate (FPR; number of GWS hits divided by the total number of SNPs tested,

approximately 12.7million) and the number of independent hits from among the

GWS hits obtained through stepwise regression. Note that, for each trait, we run two

GWASs, one with the LOCO PGS and the other with the full score.
3The Normal distributions are i.i.d. across individuals.
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Table 4.1: False positives in null simulations with α = 0, a heritability of 0.3 and
QN residuals.

Each row shows data for one of 18 traits, with the first three columns containing
trait information (number of causal SNPs, architecture – regular or clustered
– and transformation – none, before adding noise or after adding noise). The
GWS columns show the number of genome-significant hits in the GWAS, the FPR
columns the FPR (number of GWS hits divided by the total number of SNPs tested,
12.7million) and the Ind. columns the number of independent hits. The combined
FPR across all 18 traits is shown in the last row for the LOCO and full PGS GWASs
separately.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 2 1.58 × 10−7 1 2 1.58 × 10−7 0
100 Reg. Bef. 4 3.15 × 10−7 2 1 7.88 × 10−8 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 0 0 0 0 0 0
100 Cl. Bef. 0 0 0 0 0 0
100 Cl. Aft. 1 7.88 × 10−8 1 1 7.88 × 10−8 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 0 0 0 0 0 0
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 0 0 0 0 0 0
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 0 0 0 0 0 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 1 7.88 × 10−8 1 2 1.58 × 10−7 0
10K Cl. Bef. 1 7.88 × 10−8 1 6 4.73 × 10−7 0
10K Cl. Aft. 1 7.88 × 10−8 1 1 7.88 × 10−8 0
Combined FPR 4.38 × 10−8 5.69 × 10−8

Table 4.1 shows results for all combinations of number of causal loci, architecture

and possible transformation of the additive genetic effects for traits with an α para-

meter of 0, a heritability of 0.3 and QN residuals. We see that the majority of traits

have no false positives, while the ones that do have only a few.

We report also the combined FPR across all traits in the table, which is close the

GWS p-value threshold as expected for a well-calibrated test in simulation scenarios
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with no true interaction signal. Note that the combined FPR is slightly lower for

the LOCO tests than for those with the full PGS as may be anticipated due to the

potential for local LD to lead to false positives as discussed previously.

We now examine the results of the GWAS for the trait on the second row of

Table 4.1, which has 100 causal loci, a regular architecture and a sigmoid transform-

ation applied before noise (Figure 4.1). We see the peak with four genome-wide

significant (GWS) SNPs on chromosome nine in the LOCO PGS GWAS and the

corresponding deviation in the QQ plot below. In the full PGS GWAS, this peak does

not reach genome-wide significance.

Looking at the Winsorised version of this trait in Figure C.1 in the appendix, we

see that the situation is largely the same, suggesting general concordance between

results fromeithermethod of transforming residuals for subsequent analysis (although

for other traits there will be important differences between the two, with the QN

version generally being less prone to false positives, as we will see below).

We continue by inspecting results from the opposite combination of parameters

than in the previous table: Table 4.2 shows false positive hits for traits with an α

parameter of -0.5, a larger heritability of 0.6 and Winsorised residuals. (Tables for the

other six combinations of these three parameters are included in Appendix C.)

While the overall results are similar to the previous set of traits, one now stands

out as having a high number of false positives: the trait with 100 causal SNPs, a

clustered architecture and a sigmoid transformation applied before adding noise has

81 GWS hits in the interaction GWAS with the LOCO PGS and 62 in the full PGS

GWAS, leading to FPRs of 6.38 × 10−6 and 4.89 × 10−6, respectively. This is one of

three traits in the full set of 144 (72 traits each analysed with two types of residuals)

that show a high rate of false positives. We will now examine in more detail the one

trait in these three that has the highest FPR and will return to this first trait below.
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure 4.1: Manhattan and QQ plots of results from the SNP×PGS interaction GWASs with
the LOCO or full PGSs: null simulation with 100 causal loci, a regular architecture, a sigmoid
transformation applied before adding noise, an α parameter of 0, a heritability of 0.3 and QN
residuals. The horizontal line represents the usual genome-wide significance threshold of
5 × 10−8.
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Table 4.2: False positives in null simulations with α = −0.5, a heritability of 0.6
and Winsorised residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 0 0 0 0 0 0
100 Reg. Bef. 0 0 0 0 0 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 4 3.15 × 10−7 1 0 0 0
100 Cl. Bef. 81 6.38 × 10−6 6 62 4.89 × 10−6 2
100 Cl. Aft. 0 0 0 0 0 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 0 0 0 0 0 0
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 1 7.88 × 10−8 1 1 7.88 × 10−8 0
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 0 0 0 0 0 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 0 0 0 0 0 0
10K Cl. Bef. 0 0 0 0 0 0
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 3.76 × 10−7 2.76 × 10−7

The trait with most concerning results across all the null simulations has 100

causal SNPs, a clustered architecture, a sigmoid transformation applied before noise

is added, an α parameter of 0, a heritability of 0.6 andWinsorised residuals. As shown

in Table C.5, for this trait we have 311 GWS hits in the LOCO GWAS and 494 in the

full GWAS. (Note that no other trait in this table has any false positive hits at all.)

Looking at the Manhattan and QQ plots for this trait shown in Figure 4.2, we

see that there are several clear peaks in different chromosomes clearly reaching

significance. These are reflected in the QQ plots where we see large deviations from

the expected distribution of p-values under a null uniform distribution as would be

expected for a well-calibrated test.
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure 4.2: Manhattan and QQ plots of results from the SNP×PGS interaction GWASs
with the LOCO or full PGSs: null simulation with 100 causal loci, a clustered architecture, a
sigmoid transformation applied before adding noise, an α parameter of 0, a heritability of 0.6
and Winsorised residuals.
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We note, however, that these results are for Winsorised residuals and that, in

general, we expect results for QN traits to be more conservative and therefore less

prone to false positives. (This is because the rank-based inverse Normal transform-

ation is more wide-reaching in its impact in changing all the values of the variable

to which it is applied, unlike Winsorisation which affects only outliers at the tails of

the distribution.) And indeed, when we look at the results for the trait with the same

architecture but with QN residuals shown in Figure 4.3, we see that there are no false

positives at all.

We mentioned previously that there are two other traits with a large number of

false positives, one of which appears in Table 4.2 above. These other two traits again

have 100 causal loci, a clustered architecture and a sigmoid transformation before

noise is added; their α parameter is -0.5 and their heritability 0.6.

Unlike in the worst-case example above, here the Winsorised and QN residuals

still individually yield a sizeable number of false positives. In the Winsorised case,

there are 81 false positives in the LOCO GWAS and 62 in the full; in the QN case,

there are only 3 false positives in the LOCO GWAS but 38 in the full. The Manhattan

and QQ plots for these GWASs are shown in Figures C.2 and C.3.

While, in this scenario, the quantile normalisation of residuals does not fully

remove false positives, interaction testing with the LOCO PGS yields a very low

number of spurious findings. Therefore, while this example shows that quantile

normalisation is not guaranteed to yield an acceptably low FPR, fixing potential

issues in the Winsorised version, it may reassure us in that the most conservative of

our approaches (i.e., QN residuals tested with a LOCO PGS) is not generally prone

to type I errors.

86



4.1. Null simulations 87

(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure 4.3: Manhattan and QQ plots of results from the SNP×PGS interaction GWASs
with the LOCO or full PGSs: null simulation with 100 causal loci, a clustered architecture, a
sigmoid transformation applied before adding noise, an α parameter of 0, a heritability of 0.6
and QN residuals.
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Finally, we note that the three traits across 144 for which we observe a large

number of false positives have a very similar architecture which we believe makes

them prone to spurious results. In particular, all three traits have:

● A small number of causal loci (100);

● A clustered architecture (in which 50 of the 100 loci are placed into small

regions of 1 kb with an average of five SNPs in each);

● A non-linear transformation applied before noise is added (which makes it

challenging to ‘undo’ it); and

● High heritability (leading to large effect sizes for the causal loci).

We included such traits in our simulations to assess the performance of our

method under unfavourable circumstances and are reassured to see that it is only in

this worst-case scenario that it leads to more than a few occasional false positives.

We expect that most of the real traits that we analyse will not be characterised by

these four problematic properties simultaneously and are therefore confident that

the results from our analysis of real data are generally not spurious.

We conclude this exposition of the results from the null simulations by aggregating

in Table 4.3 the FPRs across all traits, making a distinction only between QN and

Winsorised residuals and LOCO and full PGSs.

Table 4.3: FPR for all null simulations by type of residuals and PGS.

LOCO PGS Full PGS

QN residuals 3.61 × 10−8 7.44 × 10−8

Winsorised residuals 4.48 × 10−7 6.19 × 10−7

As suggested above when looking at individual traits and aggregating FPRs across

smaller groups, we see here in greater generality that interaction testing of QN re-

siduals against the LOCO PGS yields the lowest FPR (which is lower than the usual
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genome-wide significance threshold). We will therefore be most confident in the

results from this test in our analysis of real data. We note also that the LOCO PGS

yields fewer false positives than its full counterpart and that QN residuals similarly

perform better than Winsorised residuals as expected.

Finally, we break down the rates in the table above by the type of transformation

that is applied to the additive genetic component: either no transformation or a

scaled sigmoid applied either after or before noise is added. These results are shown

in Table 4.4.

Table 4.4: FPR for null simulations by type of residuals and PGS, split by type of transforma-
tion applied.

(a) Traits without non-linear transformations.

LOCO PGS Full PGS

QN residuals 3.28 × 10−8 2.95 × 10−8

Winsorised residuals 1.31 × 10−8 3.28 × 10−9

(b) Sigmoid transformation after adding noise.

LOCO PGS Full PGS

QN residuals 1.97 × 10−8 6.57 × 10−9

Winsorised residuals 0 0

(c) Sigmoid transformation before adding noise.

LOCO PGS Full PGS

QN residuals 5.58 × 10−8 1.87 × 10−7

Winsorised residuals 1.33 × 10−6 1.86 × 10−6

From this table we see that it is only when applying a sigmoid transformation

before noise is added that we obtain larger FPRs that are above the threshold for

genome-wide significance. This is as we might expect: if there is no transformation
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and the trait is fully additive, our method infers very few false positives; similarly, a

transformation that is applied after noise is added can be easily reversed; therefore it

is only if noise is added on top of the transformation that our method does less well.

In summary, our method appears quite robust to false positives, breaking only

in the worst possible scenario with few causal loci that are clustered, an impactful

non-linear transformation to which noise is added –making its reversal difficult – and

high heritability. Across these results, we see that the test with QN residuals and the

LOCOPGS is themost reliable; however, other tests do not generally yield a high FPR

and may capture useful signal, therefore needing only more careful interpretation.

4.2 SIMUL ATIONS WITH INTERACTIONS

We proceed by examining a series of simulated traits whose architecture includes

interactions between two or more SNPs.

4.2.1 Setup

As explained in the introduction to this chapter, our primary goal in building simu-

lated traits with interactions is to understand which types of interactions we are more

likely to be able to detect. To this end, we start from one of the simplest frameworks in

our null simulations (1,000 causal loci, a regular architecture, no transformation and a

heritability of 0.6) and extend it by adding a variety of interactions to its architecture.

In total, we will have eight traits: we will allow the α parameter to vary (it can be

0 or -0.5 as before) and, as explained in more detail below, we will have four possible

magnitudes for the interaction effect sizes. As before, we transform residuals either

through quantile normalisation or by Winsorising them prior to subsequent analysis.

While we have a smaller number of simulated traits than in the null simulations,

there is a significant degree of variety in the interactions included, as we now explain.
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To create our simulated traits, we begin by randomly placing 22 ‘left-hand side’ (LHS)

SNPs at random along the genome; these are required to have an MAF greater than

or equal to 5%. We then introduce variation in the types of interactions we create

along four axes:

1. Whether or not the LHS has a direct effect on the trait;

2. How many SNPs each LHS interacts with;

3. The sign of the interaction; and

4. Its effect size,

as we now describe.

Presence of a direct effect on the trait: An important question when we analyse

the interactions we will detect in real data is whether or not the interacting SNPs

have a main effect: do they affect the trait in an additive manner in addition to their

non-linear interaction with another SNP (or SNPs), or does their effect operate purely

by modulating the effect of other variants? From the perspective of having enough

power to detect interactions, we may also wonder whether variants with a direct effect

are easier to detect, or on the contrary whether, by having their estimated main effect

partially account for their interaction, they become more evasive.

To shed some light on these questions, we build interactions with different prop-

erties. Of the 22 LHS interacting SNPs, we choose eight from among those 1,000

SNPs that have a direct effect on the trait; eight from among those other SNPs in

the genome which do not have such an effect; and, for a middle ground scenario,

we choose six SNPs which, while not having a direct effect on the trait (i.e., their

main coefficient is zero) will have a ‘biased interaction’ by interacting primarily – at a
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four-to-one proportion as outlined below – with SNPs with a positive effect.4 SNPs

with a ‘biased interaction’ of this kind may be estimated to have a positive main effect

even though this is zero in reality, since the OLS estimator of a main effect will partly

capture interactions if these exist, as we have previously noted.

Number of SNPs that each LHS SNP interacts with: We have remarked before than

an important motivation for our approach is the possibility that some SNPs may

interact with several or even many others, and how our method will be especially

powerful to capture such instances.

To test this, we vary the number of SNPs that each LHS SNP interacts with. More

specifically, each LHS SNP may interact with either one other SNP with an additive

effect, with 2% of the SNPs with an additive effect (i.e., those in the set of 1,000 causal

SNPs, which we denote by PGS in this context), with 10% of these SNPs or with the

full PGS (i.e., 100% of its SNPs).

The presence of a direct effect and the number of SNPs that each LHS interacts

with are jointly distributed as follows:

● The eight LHS SNPs with a direct effect are divided into four groups of two,

each affecting one SNP or 2%, 10% or 100% of SNPs in the PGS;

● The same is true for the eight LHS SNPs that do not have a direct effect;

● The six LHS SNPs that do not have a direct effect but will have a ‘biased

interaction’ effect are divided into three groups of two SNPs, each interacting

with: one other SNP which must have a positive effect; in the case where 2%

of 1,000 PGS SNPs (i.e., 20 SNPs) are affected, 16 are chosen from among

those with a positive main effect and the remaining four from among those

with a negative effect; in the case where 10% of PGS SNPs (i.e., 100 SNPs) are
4This is without loss of generality: an interaction primarily with SNPs with a negative effect would

have a symmetric effect.
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affected, 80 are chosen to have a positive effect and the remaining 20 a negative

effect.5

Note that the 22 LHS SNPs and their RHS counterparts are always the same

across all eight simulated traits.

Sign of the interaction: Each LHS SNPwill affect all the SNPswith which in interacts

(if there is more than one) in the same way: it will be randomly chosen to have either

a positive or a negative effect, where in the former case it increases the main effect

of the SNPs with which it interacts (they become more positive if their main effect

is positive and more negative if it is negative) while in the latter case it reduces the

magnitude of the RHS SNPs.

Effect size: We will have four traits for each level of α (0 or −0.5) which arise from

four different magnitudes of the interaction effect size: the interaction pairs selected

as determined above will have an effect that is 1%, 10%, 50% or 100% of the effect

size of the RHS SNP, respectively for each trait. We may therefore conceive of the

interactions we simulate as rotating the increasing line connecting the additive PGS

to the trait: if their interaction sign is negative, they decrease its slope (with this

change being more pronounced the greater the proportion of PGS SNPs affected),

while if it is positive they increase it.

Finally, all traits are constructed to have an additive heritability of 60%.
5Note that it is not possible to have a biased interaction effect if a LHS SNP affects 100% of the

PGS SNPs as these are equally likely to have positive or negative main effects and therefore we expect
there to be approximately 500 of each.
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4.2.2 Results

In Table 4.5, we show the log-transformed p-values – with a sign given by that of the

interaction term’s estimated coefficient – from testing each of the 22 LHS SNPs for a

SNP×PGS interaction for the four traits with α = 0, QN residuals and the full range

of effect sizes. (The results for the three remaining combinations of α and residual

transformations are included in the appendix in Tables C.7, C.8 and C.9.)

From inspecting these four tables, we make the following observations:

1. We are not able to detect any LHS SNPs that interact with only one other SNP

(pairwise interactions) regardless of the strength of this interaction;

2. As can be seen from the first two columns of signed p-values, we are not able to

detect any LHS interacting SNPs regardless of the number/proportion of SNPs

in the PGS that they affect when their effect size is only 1% of that of the RHS

SNP with which they interact;

3. For a given effect size percentage, we are more likely to be able to detect LHS

SNPs that interact with a larger fraction of the PGS;

4. For a given percentage of SNPs affected, our method performs better at detect-

ing LHS SNPs whose interactions have a larger effect size;

5. We are able to detect LHS SNPs equally well regardless of whether or not they

have a direct effect.

These results are generally as we expected: interactions that are stronger in effect

size, or in number or proportion of PGS SNPs affected, are naturally easier to detect.

We note that neither the two different values of the α parameter, on the one

hand, nor quantile normalisation instead of Winsorisation, seem to result in a clearly

discernible effect on our ability to detecting interactions. The latter observation is in
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contrast with our hypothesis that Winsorisation would yield greater power to detect

interactions.

Our inability to capture pairwise interactions is not surprising since we are testing

for an interaction with an entire PGS and a single SNP will have only a very modest

effect on the whole score. This is in concordance with the motivation for our method,

which was to find SNPs that interact with multiple others.

4 .3 SUMMARY

In this chapter, we have described simulation scenarios we generated in order to test

the propensity of our method to yield false-positive results and assess its power to

detect true interactions.

The null simulations showed that in most simulation settings – when there is no

strong non-linear transformation applied before adding Normal noise – our method

leads to null or very moderate FPRs. Even considering also the more challenging

settings where such transformations are applied, the aggregate FPR is still lower than

5 × 10−8 – as expected for a well-calibrated method – for the QN residuals tested for

interaction with the LOCO PGS.

Therefore, in our analysis of real data, wewill havemore confidence in results from

this test. However, we will still consider results from Winsorised residuals and the

full PGS, as we expect most traits to not have the rather extreme characteristics – very

low number of causal loci which are clustered and a strong non-linear transformation

of the additive genetic effects – present in the few traits that yielded large numbers of

false positives.
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Our simulations of traits with interactions yielded the results we expected, show-

ing greater power for stronger interactions and highlighting that we are more likely

to detect interacting SNPs the greater the number of SNPS with which they interact.
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Table 4.5: Log-transformed p-values with sign of corresponding coefficient obtained from
SNP×PGS interaction testing for simulated traits with α = 0 and QN residuals.

Each row shows one of 22 left-hand side SNPs with their MAF, coefficient, sign of interaction
terms, type of effect and number or proportion of SNPs affected. Columns correspond to the
effect size of the interaction terms as a fraction of the effect size of the right-hand side SNP.
Genome-wide significant p-values are highlighted in bold.

MAF Coeff. Sign Type # SNPs
affected

Trait 1
Effect: 1%

Trait 2
Effect: 10%

Trait 3
Effect: 50%

Trait 4
Effect: 100%

LOCO Full LOCO Full LOCO Full LOCO Full

0.38 0.7 - Direct effect 1 -0.1 0.2 -0.7 -0.9 -1.3 -1.7 -2.3 -2.6
0.42 -0.1 + Direct effect 1 -0.3 -0.3 0.1 0.1 0.5 0.6 1 0.9
0.28 0.84 - Direct effect 2% 0.1 0 0.5 0.5 -0.8 -0.8 -7.9 -8.1
0.46 1.09 - Direct effect 2% -0.2 -0.2 -1 -1.4 -3.9 -3.6 -8.5 -8.2
0.13 -1.04 + Direct effect 10% 3.6 3.7 3.9 4.2 59.2 61.2 214.3 216.9
0.34 -1.86 + Direct effect 10% 0.4 0.5 1.1 0.9 32.1 34.3 128.6 127.5
0.12 -0.18 - Direct effect 100% -1.2 -1 -153 -142.8 -3426.4 -3242.4 -2210.1 -2089.4
0.42 -0.01 + Direct effect 100% 3.7 4.4 350 341.4 7660.7 7425.4 5213.2 5055.9
0.11 0 - No direct effect 1 -0.1 -0.1 0.2 0.1 -1.2 -1.3 -0.2 -0.2
0.45 0 + No direct effect 1 1.1 1 -0.3 -0.4 1 1 1.6 1.5
0.08 0 - No direct effect 2% -0.6 -0.6 -1 -1.3 -4 -3.6 -6.3 -6.1
0.29 0 - No direct effect 2% -1.7 -1.5 -0.7 -0.7 -3.4 -3.7 -22 -22.6
0.25 0 + No direct effect 10% 0.1 0.1 1.7 1.8 35.5 36.5 147 150.3
0.39 0 - No direct effect 10% 0.4 0.5 -3.1 -2.7 -35.8 -34.9 -151.6 -147.2
0.08 0 + No direct effect 100% 4.3 3.5 113.4 110 2061.2 2000.6 1428.7 1380.4
0.29 0 + No direct effect 100% 4.3 3.8 320.6 296.2 6039.7 5660.4 4144.7 3869.2
0.05 0 - Biased inter. sign 1 0.5 0.6 -1 -1.3 -2.7 -2.7 -1 -1.1
0.1 0 - Biased inter. sign 1 0.1 0.2 0.1 0 0.2 0.1 0.1 0.1
0.08 0 + Biased inter. sign 2% 0.2 0.3 0.3 0.4 2.8 3.4 8.2 8.8
0.08 0 + Biased inter. sign 2% 0.3 0.3 0.6 0.5 0.6 0.6 1.9 2
0.14 0 + Biased inter. sign 10% -0.1 0 3.5 4 33.9 33.5 145.3 135.5
0.3 0 + Biased inter. sign 10% 0.9 0.7 1 0.9 32.9 22 190.8 128.9



5 Results: alkaline phosphatase

We begin our analysis of real data by examining the results of interaction testing for a

specific blood biomarker, the levels of serum alkaline phosphatase. We chose to focus

on this phenotype for two main reasons: first, it is one of the traits for which we find

the greatest number of interactions; and second, at least three pairs of interacting loci

have already been identified in the literature, so it serves as a positive control. As we

will see, we are able to recover these three known interactions and to significantly

extend the set of interacting loci for ALP.

5.1 BACKGROUND

Alkaline phosphatases are a group of isoenzymes widely present in nature: they form

a super family of proteins produced bymany organisms, from archaea to humans [172,

173]. In vertebrates, ALP is an ectoenzyme that binds to the outer side of the cell

membrane and whose basic function is to catalyse the hydrolysis of phosphate groups

in an alkaline environment, thus freeing inorganic phosphate [173, 174].

5.1.1 Location in humans

In humans, ALP is found, in decreasing order of concentration, in the placenta, ileal

mucosa, kidney, bone and liver, with the majority of ALP in serum – which is the

object of our analysis in this chapter – being released from the liver and bone (with a
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small amount released from the intestine also present in some individuals as will be

explained in greater detail below) [172].

ALP can be classified according to its origin and location as either tissue spe-

cific (from the intestine, placenta or germinal tissues) or tissue non-specific, which

comprises most of the amount circulating in serum [172].

5.1.2 Variation in ALP levels in healthy individuals

ALP levels in healthy individuals change with age: they are high during childhood

and puberty (due to bone growth and development, one of the key known functions

of ALP), then decrease from the ages of 15 to 50 (when they are slightly higher in

men than women) and gradually increase again in old age [172]. Women in the third

trimester of pregnancy tend to have elevated ALP levels due to an influx of placental

ALP into blood [175]. ALP levels are known to be affected bymany drugs, food intake,

smoking, alcohol intake and medical conditions [172].

5.1.3 Physiological functions

In spite of their ubiquitousness in nature, suggestive of an important role in funda-

mental biochemical processes, the precise function of alkaline phosphatases is still

not well understood [173, 174, 176]. It is believed that ALP plays a mediating role

in processes such as molecular transportation (including of lipids), metabolism and

gene expression [176, 177].

One of the functions of ALP that was first suggested (by Robert Robinson in

1923 [176]) – and which partly justifies its widespread use as a clinical biomarker – is

that of skeletal mineralisation, specifically for tissue-non-specific ALP. This process

is essential in vertebrates as it contributes to the maintenance of body mass and the
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preservation of soft tissues and enables movement and mastication [174]. ALP is also

thought to play a role in vitamin B6 metabolism and neurogenesis [173].

5.1.4 Disease associations and clinical relevance

The level of ALP in serum is one of the most commonly measured biomarkers in

clinical medicine [176]. While it is especially used to assist in the diagnosis of liver

and bone diseases [176], ALP levels have also been linked to disorders of the prostate

and endocrine system [177].

High levels of ALP have been linked to cholestatic liver disease (patients with

this condition have some of the highest recorded levels of this biomarker), bili-

ary obstruction (due to cancer, choledocholithiasis, biliary stricture and sclerosing

cholangitis), intrahepatic cholestasis, infiltrative liver disease, severe alcoholic hep-

atitis and AIDS [172], among others. Conversely, abnormally low levels of ALP

have been linked to Wilson’s disease, chronic myelogenous leukemia and aplastic

anemia [177].

5.1.5 Relationship with ABO blood group and secretor status

Levels of ALP have long been known to depend on ABO blood group and ABH

secretor status, which determines whether soluble ABO blood antigens are present in

bodily fluids. The accumulated evidence from multiple studies in different popula-

tions [178–182], beginning with a first article by Bamford et al. in 1965 [178], has

yielded the following conclusions:

1. Total serum ALP levels are higher for individuals with B/O blood type than

those with A/AB;
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2. Total serum ALP levels are higher for ABH secretors than non-secretors. This

seems to be driven by IALP, which is more frequently detectable in the serum

of secretors;

3. Within secretors, B/O blood types have higher ALP levels than those with

blood types A/AB, a pattern again caused at least partly by differences in IALP;

4. Finally, the difference in IALP levels across blood types – decreasing with A

antigens – is more pronounced in secretors than non-secretors.

As explained by Nakano et al. in a recent article [182], two alternative but non-

mutually-exclusive hypothesis have been proposed to explain the lower levels of

serum IALP seen in secretors with blood type A compared to those with blood type

B/O. In 1968, Langman et al. [179] suggested that this could be due to a genetic

down-regulation of IALP in A types leading to a lower rate of production of ALP

by the mucosal cell which is then absorbed into the blood. Alternatively, in 1980,

Bayer et al. [180] found that red cells of blood group A bind IALP to a much higher

degree than erythrocytes of groups B/O and proposed instead that it is the regulation

of the clearance of IALP in plasma through adsortion by blood group antigens that

underlies the difference in levels of IALP. To our knowledge, this debate has not been

resolved but the literature appears to lean towards the latter hypothesis [183–185].

This physiological interdependence between serum ALP levels (in particular,

IALP), ABO blood group and secretor status, combined with the differential effect

on IALP levels of blood antigens depending on secretor status, and the fact that both

blood group and secretor status are genetically determined, suggests that a statistical

interaction between variants contributing to the determination of blood group or

secretor status may impact ALP. This is indeed the case and such an interaction has

been found and successfully replicated, as we will see below.
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5.1.6 Genetics

The production of the different types of ALP has been linked to four different

genes [174]:

● Tissue-non-specific ALP (present in the liver, bone and kidney) is encoded by

ALPL in chromosome 1;

Among the tissue-specific types:

● Placental ALP is encoded by PLAP in chromosome 2;

● Germ cell ALP is encoded by GCAP in chromosome 2; and

● IALP is encoded by ALPI , also in chromosome 2.

Early GWASs naturally identified ALPL loci as being associated with ALP levels

in blood plasma or serum. For example, in [186] four associations were found at

ALPL, GPLD1, JMJD1C-REEP3 and ABO in a discovery cohort of 7700 individuals of

European ancestry; ABO was the most strongly associated locus. In a Japanese cohort

of 14,700 individuals, ALPL, ABO and GPLD1 were again found to be associated

with ALP and a newly-associated locus in region 15q26 was identified [187]. And in

another ‘smaller scale’ GWAS of 56,400 primarily-European samples, Chambers et

al. [188] identified 14 hits at the 1 × 10−8 significance level and ten new genes involved

in determining ALP levels, including FUT2 and ASGR1.

Of direct relevance to the previous section on the relationship between ALP and

blood types, Li et al. [189] replicated the association of ABO and found in their sample

of 8800 Chinese Han individuals that blood type correlated with serum ALP, with

A, AB, B and O types showing ALP levels in increasing order. They also found a

gene-by-environment interaction between rs651007, a variant upstream of ABO, and

obesity.
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More recently, modern biobanks have enabled the discovery ofmanymore genetic

associations with ALP. For example, Sinnott-Armstrong et al. [190] used a set of

363,000 samples of primarily White British ancestry in the UKB (which largely

overlaps our own) to identify four protein-truncating variants at three different genes

(ADH1C, GPLD1 and RAP1GAP) and an additional 86 protein-altering variants

impacting 65 different genes, where 74 of these associations were novel. In another

article from the same year, Backman et al. [191] used the exome sequencing data in

the UKB to identify 123 rare coding variants (i.e., with minor allele frequency not

greater than 1%) in 19 genes associated with ALP in 431,000 European samples.

5.1.7 Interactions

The genetic architecture of ALP has been shown to include a few interactions. One of

these was first reported by Masuda et al. [184], who analysed 3000 Japanese subjects

and identified a positive interaction between rs550057 (C to T), located in an intron

of ABO, and rs2071699 (C to T), a non-synonymous exonic variant of FUT1: in a

linear regression model including rs550057, rs2071699 and their interaction, both

variants had negative main effects but their interaction was positive; these terms

explained 12.4, 0.9 and 0.3% of the total variability in serum ALP levels, respectively.

The authors also examined the mode of inheritance of these mutations and estimated

rs2071699 to be additive while the T allele was thought to be dominant for rs550057.

Masuda et al. also imputed rs1047781 (A to T), a missense mutation in FUT2 not

sequenced in their data, and found evidence for an interaction with rs550057 affecting

ALP. However, rs1047781 is in high LD with rs2071699 (the variant interacting

with ABO discussed in the previous paragraph) in the Japanese population (squared

correlation of 0.59) and therefore these two interactions may not represent truly

distinct signals.
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To understand the functional significance of this interaction, we begin by noting

that rs550057 is an important determinant of ABO blood group (in both Japanese

and European individuals), with the T allele being (positively) associated with the

number of A-type blood alleles [184, 192]: in fact, Masuda et al. show that the number

of A alleles matched the number of alternative T alleles at rs550057 for 98% of their

samples. Therefore, individuals with one or two mutated alleles at rs550057 will

likely have blood types AO/AB or A, respectively.

Moreover, the interacting SNP rs2071699 is thought to reduce the amount of

ABH antigens in erythrocytes: the FUT1 gene that it affects is responsible for H

antigen formation, which undergoes further modification to result in A or B antigens,

and the SNP rs2071699 has been shown to reduce this activity [184]. Given the high

correlation between FUT1 SNP rs2071699 and FUT2 SNP rs1047781, and the fact

that the latter SNP also shows a significant interaction signal, this interaction may

also be thought to more directly involve the ABH secretor status – the secretor phen-

otype is primarily determined by the missense mutation rs1047781 in the Japanese

population [184] (and in Chinese [193] and East and Southeast Asian populations

more generally [194]). We will interpret the second interaction found between ABO

polymorphism rs550057 and FUT2 SNP rs1047781 as it shows the same interaction

patterns (negative main effects of T mutations on either SNP and positive interaction

coefficient) and is more directly linked to the ABH secretor status, whose relationship

with ABO blood type in determining ALP levels has been extensively studied, as

discussed previously.

The positive interaction between rs550057 and rs1047781, with both SNPs having

negative main effects, matches the variation in ALP levels by ABO blood type and

ABH secretor status reported above. More specifically:
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● Given the nearly-perfect correlation between the genotype at rs550057 and the

number of A alleles, the fact that individuals with genotypes CT/TT at rs550057

had lower ALP levels than those with genotype CC implies that individuals

with blood types A/AB/AO had lower ALP levels than types B/O, as expected

from the literature;

● Similarly, given that ABH secretor status is determined by FUT2 SNP rs1047781

(with homozygosity for the missense mutation T leading to the absence of

a functional FUT2 enzyme and to the consequent lack of ABH antigens in

bodily fluids, i.e., non-secretor status [195, 196]), the negative main effect

for rs1047781 reflects the fact that non-secretors have lower ALP levels than

secretors, again as expected;

● Finally, the positive interaction term means that the decrease in ALP levels

with A blood antigens is more pronounced for secretors than non-secretors, as

had been previously reported.

This interaction between ABO rs550057 and FUT2 rs1047781 in a Japanese cohort

has recently been successfully replicated in the UKB by Lyon et al. [185], who report

a positive interaction between ABO rs635634 and FUT2 rs281379. While the specific

variants identified at each gene are different, their effect on blood group and secretor

status are very similar.

Considering first the ABO blood group, rs635634 (C to T) was found to discrim-

inate between A and non-A blood types with an accuracy of 92% in a sample of 1000

Han Chinese individuals [197] and is in high LD (squared correlation of 65%) with

rs550057 in our dataset of White British individuals in the UKB. Regarding the ABH

secretor status, while the missense mutation rs1047781 is the most prevalent non-

functional FUT2 allele in East and Southeast Asian populations [194], the equivalent
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SNP in Europeans is rs601338 (G to A) [194, 195, 198, 199], which is in high LD

(squared correlation of 84.1%) with rs281379.

The interaction between ABO rs550057 and FUT1 rs2071699 does not replicate

in Lyon et al.’s analysis of the UKB. However, and as noted by Masuda et al., this may

be due to the much lower frequency of the FUT1 SNP in European compared to

Japanese populations (0.022 vs. 0.36 in the HapMap database [184]).

Finally, Lyon et al. report two new interactions affecting ALP levels, between

TREH rs12225548 and FUT2 rs281379 and between ABO rs635634 and TREH

rs12225548, both with positive effects.

5 .2 SNP × PGS INTERACTION GWAS

Figures 5.1 and 5.2 show Manhattan and QQ plots of the summary statistics from

the SNP×PGS interaction GWASs with LOCO and full PGSs for ALP with QN and

Winsorised residuals, respectively.

In the QN results in Figure 5.1, we see two clear GWS peaks on chromosomes 1

and 9 in both the LOCO and the full PGS results. In the results for the Winsorised

version of the trait, we can see an additional peak in the long arm of chromosome

1 as well as in chromosome 19 and, in the full PGS results only, a peak in the short

arm of chromosome 1 and in chromosomes 3, 4 and 22.

We note that these GWASs show no obvious signs of inflation. To investigate

a possible correlation between results in the original GWASs (Manhattan and QQ

plots for these are shown in Figure D.1 in the Appendix) and these GWASs of interac-

tions with the PGS, we plot log-transformed p-values (with sign given by that of the

coefficients) in the original against interaction GWAS for all SNPs that are GWS in at
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure 5.1: Manhattan and QQ plots of results from SNP×PGS interaction GWASs with
LOCO or full PGS: ALP with QN residuals.
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure 5.2: Manhattan and QQ plots of results from SNP×PGS interaction GWASs with
LOCO or full PGS: ALP with Winsorised residuals.
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least of one the two GWASs. These scatter plots are shown in Figure 5.3 for the QN

trait and in Figure 5.4 for the Winsorised version.1

From inspecting the R-squared coefficient of the linear regression fitted for each

of the four plots, we note that the correlation between original and interaction GWAS

varies significantly by type of PGS and residual, ranging from2.3% for the full PGS and

QN residuals to 70.2% for the LOCO PGS with Winsorised residuals. By examining

also the Manhattan plots in Figures 5.1 and 5.2, it appears that the higher correlations

observed in the Winsorised results compared to their QN counterparts are due in

part to the strong interaction signal in chromosome 19, which seen only in the former

and is also present in the original GWAS (Figure D.1).

By examining the patterns of correlation for the different SNPs and chromosomes,

we see clearly distinct trends for different groups of SNPs, even within the same

chromosome. In particular, some SNPs show no signal in the original GWAS but

are significant in the interaction GWAS, with either positive or negative sign. In

contrast, other SNPs have a strong direct association with the trait but no evidence

of interaction. Interestingly, there are several SNPs that have a significant positive

effect in the original GWAS but a negative interaction effect, or vice-versa.

This brief analysis allows us to conclude that there is no consistent pattern of

correlation, either in strength or sign of effect, between the original and interaction

GWAS results, as one might fear if the latter were simply a spurious truncation of the

former. However, there are strong general tendencies reflecting, as we expected, that

interactions are more likely to involve SNPs that also have a direct effect on the trait

detected in the original GWAS.
1Note that, for making these plots, we included all GWS SNPs at a locus, i.e., we did not apply

LD Clumping or any other technique to identify independent hits.
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(a) LOCO PGS

(b) Full PGS

Figure 5.3: Scatter plot of signed log-transformed p-values from original and SNP×PGS
interaction GWASs with LOCO or full PGS: ALP with QN residuals.
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(a) LOCO PGS

(b) Full PGS

Figure 5.4: Scatter plot of signed log-transformed p-values from original and SNP×PGS
interaction GWASs with LOCO or full PGS: ALP with Winsorised residuals.



5.2. SNP×PGS interaction GWAS

5.2.1 Independent LHS hits

The independent LHS hits obtained from the SNP×PGS interaction GWASs are

listed in Tables 5.1 and 5.2 for the QN and Winsorised versions of the phenotype,

respectively.

Beginning with the QN phenotype, we see that our stepwise regression procedure

yielded eight independent hits: six of these, from two different regions, arose from

the interaction with the LOCO PGS and the remaining two from the full. The LOCO

results show five different SNPs located in chromosome 1: two of these are intronic

variants of ALPL while the remaining three are linked to nearby EIF4G3, LDLRAD2

and LINC00339. We note that four of these had significant direct signal in the original

GWAS, while EIF4G3 variant rs77569513 did not.

The LHS hit in chromosome 9 is rs635634, a variant upstream of ABO that, as we

saw previously, accurately discriminates between ABO blood types A and non-A. To

visualise this interaction, we plot the linear relationship between the PGS and the

phenotype (after regressing out covariates) by the allele count at this SNP in Figure 5.5.

We see that the slopes of the lines increase with the allele count, corresponding to

an interaction with positive sign – of the conceptual examples given in Figure 1.1 in

Chapter 1, this real data plot resembles the third panel the most.

Finally, the two SNPs in chromosome 1 that interact with the full PGS fall in

intergenic regions: the first SNP is located betweenNBPF3 and ALPL, and the second

between MIR4418 and ZBTB40, according to the ANNOVAR database [200].

Turning now to theWinsorised phenotype, we have eight LHS hits from the inter-

action GWAS with the LOCO PGS and an additional three hits from the GWAS with

the full PGS. We first note that we identify three distinct ALPL SNPs as interacting

with the PGS. The first of these, rs75746521, is in high LD (squared correlation of
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5.2. SNP×PGS interaction GWAS

Figure 5.5: Plot of relationship between the LOCO PGS and the phenotype (after regressing
out covariates) for ALP with QN residuals by genotype at rs635634.

Lines shown are obtained by linear interpolation through median PGS values and average
phenotype value across a set of bins of size 1000 for genotypes 0 and 1 (these contain 217,700
and 100,000 individuals, respectively) and of size 500 for genotype 2 (11,100 individuals),
with 20 smaller bins of sizes 50/50/10 for genotypes 0/1/2, respectively, at either end of the
PGS distribution.

63%) with rs10465542, a neighbouring SNP identified in the QN results, and may

therefore constitute the same signal. The second ALPL SNP, rs149356924, had also

been identified in the QN results, but the third SNP, rs1697405 (a 3’-UTR variant), is

new and very common (MAF of 39.6%). Regarding ABO, we identify two separate

SNPs (rs550057 and rs635634) as independent signals even though they are in high

LD (squared correlation of 65%), as mentioned in Section 5.1.7 – both SNPs have

strong signal for interaction in the QN results but rs550057 does not survive stepwise

filtering once rs635634 (which is more significant) is included. Between LOCO

and full results, five new genes are identified as interacting with the PGS: NBPF3,

ST6GALNAC3, MAMSTR, LMX1A and RP3-434P1.6. We note that, of the LOCO

hits, only one (ST6GALNAC3 variant rs143104384) does not show a significant direct
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association in the original GWAS. By contrast, none of the full PGS hits show such

a direct association – given that they also have very low MAFs, there is a strong

possibility that they might be spurious associations.

5.3 PAIRWISE INTERACTION GWAS

Having identified independent LHS hits, and as detailed in Chapter 3, we proceed by

running a simple pairwise interaction GWAS for each LHS hit.

The results from such a GWAS for ABO variant rs635634 are shown in Figure 5.6

for both QN andWinsorised residuals. In both cases, we see strong interaction signals

in chromosomes 9, 11 and 19; however, the peak in chromosome 9 is likely to be

driven by LD as this is where ABO is located. We also see, in the QN phenotype,

smaller peaks in chromosomes 1 and 21 and, in the Winsorised version, a prominent

peak in chromosome 17.

Running a stepwise regression algorithm on the results from these pairwise

GWASs yields a set of independent pairwise interactions which we list in Tables 5.3

and 5.4 for the QN and Winsorised residuals, respectively. The interactions listed

survived two different filtering steps. First, we only list interactions between SNPs on

different chromosomes to ensure that these are not driven by LD, as we suspect is

the case for the interaction peak in chromosome 9 above, for example. Second, we

exclude rare interactions: as noted in Chapters 2 and 3, rare variants can lead to false-

positive associations; while we removed rare individual SNPs (MAF < 0.001) from

our data at the start of this analysis as explained in Chapter 2, the interaction between

two SNPs with MAF ≥ 0.001 can still be very rare as its frequency will depend on the

product of the frequencies of individual SNPs. Therefore, and for consistency with
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(a) QN residuals

(b) Winsorised residuals

(c) QN residuals (d) Winsorised residuals

Figure 5.6: Manhattan and QQ plots of results from pairwise interaction GWASs with LHS
hit rs635634: ALP with QN or Winsorised residuals.



5.3. Pairwise interaction GWAS

our filtering of individual variants, we remove from our results interactions whose

frequency2 is less than 0.1%.

A first conclusion that we may draw from examining these tables is that we have

uncovered evidence for networks of interacting loci where a single LHS SNP interacts

with multiple RHS SNPs. (We note, however, that our approach is more powerful for

detecting interactions involving multiple other variants as discussed in Chapters 3

and 4; therefore, the fact that most of the interactions we identify here are of this kind

does not imply that this is the most common kind of interaction affecting complex

traits – we only wish to emphasise that such networks do exist.)

We note also that the same LHS SNP can have interactions with different signs for

different RHS SNPs: for example, in theQN results, ALPL intron variant rs149356924

has two interactions with positive sign (with SNPs in chromosomes 3 and 12, whose

effects in the original GWAS are negative and positive, respectively) and five other

interactions with negative sign (the effects of these five SNPs in the original GWAS

are also negative except for rs7684999, the second chromosome 4 SNP).

Moreover, while, as we saw previously, we have a greater number of LHS hits

for the Winsorised residuals than for their QN counterparts (as expected), we nev-

ertheless have fewer independent pairwise hits for the former than the latter – this

again suggests that the QN LHS hits are more robust than those obtained with the

Winsorised version of the trait.
2Defined as the ratio of the number of samples with non-zero allele count at both loci to the total

number of samples. We note that this may overestimate the frequency of rare interactions since our
genetic data has imputed dosages (which can take any value between 0 and 2) rather than integer
allele counts for most SNPs – we will address this in future work.
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5.3.1 Results for QN residuals

We now highlight four findings from our list of independent pairwise interaction

hits, focusing first on the QN version of the trait. We begin by discussing three

instances in which a LHS SNP interacts with several RHS SNPs, forming networks of

interacting loci. However, we caution that all three LHS SNPs are rare (MAF below

1%) and therefore that further evidence is needed for us to be fully confident that these

interactions are non-spurious. In contrast – and as implied by our filtering procedure

– most of the RHS SNPs that interact with these rare LHS SNPs are reassuringly

somewhat-common. In general, we will be most confident in interactions between

two non-rare variants.

We begin by considering the LHS hit rs77569513, an intronic variant of EIF4G33

which is found to interact with five different loci linked to as many genes in four

different chromosomes. We noted before that this SNP does not show a direct effect

on ALP; however, other EIF4G3 loci have been associated with this trait [190, 202].

Second, we find seven pairwise interactions involving rs149356924, an intronic

variant of ALPL that shows a strong signal of direct association with the trait. That

a variant at the primary gene responsible for producing the protein whose levels in

blood are being measured as a phenotype shows evidence of interactions with several

others is in a sense expected. However, interactions involving ALPL and affecting

ALP levels had not been found previously, to the best of our knowledge.

It is interesting that, of the two ALPL SNPs with independent evidence for an

interaction with the PGS (rs10465542 and rs149356924, as can be seen in Table 5.1),

we are only able to find RHS partners for the latter, which has a weaker signal for

interaction (which would imply lower power for detecting interaction pairs). This
3EIF4G3 is involved in mRNA cap recognition and in the transport of mRNAs to the ribo-

some [201].
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may mean that the interaction identified between rs10465542 and the PGS may be

capturing an interaction of this SNP with a substantial proportion of the score that

cannot be adequately captured by a few pairwise interactions.

Third, we identify a large network of interactions involving rs573303250, a variant

upstream of LDLRAD2, and at least nine other genes. This variant has a strong

direct association with the trait; moreover, three other SNPs linked to this gene had

previously been associated with ALP levels [190]. This interaction may shed light

on a biological pathway involving LDLRAD2 and other genes which merits further

investigation.

Having briefly examined these first three groups of interacting loci, which as

we noted above require caution in their interpretation as their LHS SNPs are rare,

we proceed to consider in greater detail a key network of interacting loci driven

by ABO variant rs635634, an ABO upstream variant that correlates strongly with

blood type, as mentioned previously. This variant was found to interact with five

other loci/genes: C1orf105, TREH , FUT2, FUT6 andMIS18A. Since the LHS SNP

driving these interactions, rs635634, is common (MAF of 18.6%), and only one of

the interacting SNPs (MIS18A variant rs533852698) has a low MAF of 0.2% – and

given also the previous evidence for interactions involving this locus, as we discuss

below – we are very confident that this network of interactions is real and biologically

meaningful.

The interaction between ABO rs635634 and FUT2 rs681343 is the same interac-

tion between variants determining ABO blood group and secretor status that was

originally identified by Masuda et al. [184] in a Japanese sample and recently replic-

ated in the UKB [185]. As described previously, Lyon et al. [185] found a positive

interaction between ABO rs635634 and FUT2 rs281379. The ABO SNP we identify is
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the same4 while the FUT2 variant is different. However, rs681343 is in nearly-perfect

LD (squared correlation of 99.8%) with rs601338, a stop-gain mutation in the same

gene and which, as we noted previously, is the relevant non-functional FUT2 allele

in European populations, determining ABH secretor status [194, 195, 198, 199]. In

fact, rs601338 has nearly as significant an interaction with the ABO SNP rs635634

as rs681343, but only the latter survives our stepwise regression procedure. Finally,

the sign of the interaction we report is negative while previous results show it to be

positive; however, this is an artefact caused by a different allele being counted: the

non-functional FUT2 mutation at rs601338 is G to A, but the count of allele A is

nearly-perfectly negatively correlated with the count of theminor allele C of rs681343,

which is used in our regression. Therefore, the interaction in fact has a positive sign

if the non-functional FUT2 allele is counted, as expected.

We have seen that we recover, with identical sign, the interaction between ABO

variant rs635634 and the non-functional FUT2 mutation in Europeans, rs601338.

We also identify a positive interaction between the same ABO variant and the TREH

missense variant rs2276065. rs2276065 is in very high LD (squared correlation of

97.2%) with rs12225548, the TREH variant identified by Lyon et al. as interacting

positively with ABO. Since rs12225548 is an intronic variant while rs2276065 is a

missense mutation, it seems likely that the latter is the ‘causal’ variant. In lieu of a

functional interpretation of this interaction, we simply note that trehalase, the protein

encoded by TREH , hydrolyses trehalose to release glucose [203], and that this TREH

mutation has been linked to trehalase deficiency, according to the VEP database.

Beyond replicating the interactions of the key ABO blood group-tagging variant

in Europeans with the FUT2 secretor status mutation and a TREH missense variant,
4In the results for the Winsorised residuals, we identify both rs635634 and rs550057 – the ABO

intronic SNP originally identified in the Japanese sample and which is in high LD (squared correlation
of 65%) with rs635634 in our data – as can be seen in Table 5.4 in the Appendix.
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we extend this network of interactions to include three other newly-reported loci:

FUT6, C1orf105 and MIS18A.

FUT6 is a gene involved in the processing of sugar molecules that plays a role

in the biosynthesis of blood group systems, according to the pathways database

PathCards [204]. We note that rs12019136, the FUT6 variant in question, has a

direct association with the trait (log-p-value of 7.89) is not in LD with FUT2 variant

rs681343 discussed above (squared correlation of approximately zero).

Turning now to C1orf105 SNP rs2301455, we first note that it does not have a

direct association with the trait. Moreover, while both VEP and ANNOVAR link this

SNP to C1orf105, it is located in an intron of PIGC, as reported by Open Targets

Genetics [205, 206]. PIGC is part of a gene complex ofwhichmultiple genes (including

PIGH , PIGV and PIGW ) have been associated with severe neurodevelopmental and

skeletal anomalies, sometimes accompanied by significantly elevated ALP levels

(hyperphosphatasia) [207–209]. Like other genes in this family, PIGC is involved in

glycosylphosphatidylinositol (GPI) lipid anchor biosynthesis, whose function is to

anchor proteins to the cell surface [201].

ALP is a GPI-anchored protein, and the mechanisms by which genetic variation

at another PIG– gene, PIGW , relates to circulating ALP levels have recently been

explored in connection with a condition known as hyperphosphatasia with men-

tal retardation syndrome (HPMRS) or Mabry syndrome [208, 210]. As reviewed

in ref. [208], Chiyonobu et al. [210] first found that the levels of cell-surface GPI-

anchored ALP in blood granulocytes were lower in a patient with this syndrome,

something they attributed to two loss-of-function mutations in PIGW . In cells de-

fective in PIGW, the GPI anchor is never attached to ALP proteins, which become

soluble and are secreted, thus entering circulation. A similar mechanism involving

PIGV had also been previously found for HPMRS in a separate study [207].
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Lastly, an interaction between ABO and MIS18A for ALP has not been previously

reported. However, given that the MIS18A SNP is rare (MAF of 0.2%) and that it

does not have a direct effect on the trait (log-p-value of 0.18), this association may be

a false positive.

5.3.2 Results for Winsorised residuals

We conclude our analysis of pairwise interactions for ALP by examining the results

for the Winsorised version of this trait (shown in Table 5.4) and comparing them

with the QN results discussed in the preceding paragraphs.

First, we note that we also detect interactions between rs635634 (as the LHS

SNP) and the same variants in FUT2, FUT6 and TREH (as RHS SNPs) as for the QN

case, and that all interactions have the same sign in both versions of the trait – this

adds strength to our evidence for an epistatic network involving these loci. We do

not detect ABO–C1orf105 or ABO–MIS18A interactions as before5 but find a novel

interaction between rs635634 and rs186021206, a variant 13.5 kb away from ASGR1.6

The ASGR1 gene plays a crucial role in the homeostasis of circulating glycopro-

teins [201], of which ABO antigens are an example, and rs186021206 closely tags

(squared correlation of 0.86 in Icelanders [211]) a 12-base-pair deletion in intron 4 of

this gene that leads to a truncated protein prone to degradation [211]. Interestingly in

our context, heterozygous carriers of this deletion were found to have lower levels of

non-HDL cholesterol and a lower risk of coronary artery disease than non-carriers,

which is evidence for a role of this variant in lipid-related processes; carriers were also
5We noted above that the latter may be a false positive.
6This interaction has a log-p-value of 7.27 (also with a negative sign and with an effect of ap-

proximately similar magnitude) in the QN results. This adds credibility to this signal, which is only
genome-wide significant in the Winsorised trait. Notice the difference in the evidence for interaction
at this locus in the QN vs. Winsorised Manhattan plots in Figure 5.6.
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found to have higher ALP and vitamin B12 levels, but lower levels of triglycerides.

We return to this SNP and its tagged deletion below.

Second, rs550057, a second independent ABO LHS hit, is associated with the

same variants of TREH , ASGR1, FUT2 and FUT6, and with the same sign, as before –

this would be expected if these two ABO loci represent the same functional signal.

However, for rs550057, we identify an additional interaction with an intronic variant

of PDE1C (but given its very low frequency (0.2%), this finding may be spurious).

The evidence for the two signals at ABO (rs635634 and rs550057) being distinct

is mixed. On the one hand, they survive as independent LHS hits in the Winsorised

results (though not in the QN version). On the other hand, they are in reasonably-

high LD in our White British sample (squared correlation of 65%, as noted above)

and are seen to interact with the exact same variants (and with the same sign) of

TREH , ASGR1, FUT2 and FUT6. Further research is needed to understand whether

these two SNPs have distinct biological functions in the determination of serum ALP

levels.

Third, we note that the ASGR1 variant rs186021206 interacts not only with the

two ABO mutations but also with rs281380, a very common (MAF of 35.8%) variant

downstream ofMASMTR. In turn, rs281380 interacts also with ABO variant rs550057

and TREH variant rs10892251. While rs281380 is physically closest to MASMTR

(distance of 8.5 kb), the gene reported as associated with this SNP in the VEP database,

the evidence from eQTL (expression quantitative trait loci) studies aggregated by the

Open Target Genetics Variant-to-Gene (V2G) pipeline [205, 206] assigns this variant

firstly to FUT2. Moreover, its squared correlation with FUT2 synonymous variant

rs681343 is 51.5%. We may therefore consider the interactions involving rs281380

as the LHS SNP with ABO, TREH and ASGR1 to correspond in fact to interactions

between FUT2 and these three genes. This would then replicate the interaction
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between TREH rs12225548 and FUT2 rs281379 previously reported by Lyon et

al. [185], given also that the LD between these two variants and our corresponding

variants rs10892251 and rs281380 is 96.8% and 57%, respectively.7

Again considering the rs186021206 SNP, which we have seen interacts with

both ABO andMAMSTR/FUT2 and is a strong proxy for the 12-base-pair deletion

discussed above, we highlight that the strong functional relevance of this ASGR1

deletion, combined with the large effect sizes of rs186021206’s interactions with

ABO and MAMSTR/FUT2 (-0.22, -0.26 and 0.16 standard deviations for ABO SNPs

rs550057 and rs635634, andMAMSTR/FUT2 SNP rs281380, respectively), emphasise

the likely functional importance of this novel interaction in the mechanistic system

underlying serum ALP levels.

Lastly, we note that interactions involving loci at ALPL, the gene encoding tissue-

non-specific ALP, are only seen for one somewhat-rare SNP (rs149356924 with

MAF of 0.4%, covered above). The interactions we identify instead appear to reflect

functional interdependencies between genes that do not directly encode ALP proteins

but instead function together with the ALP genes in determining serum ALP levels.

5 .4 SUMMARY

In this first results chapter, we have analysed the output of our method to detect

interactions on the widely-used blood biomarker ALP.

We saw first that our approach produces sensible results for this non-simulated

phenotype, with the interaction GWASs showing no inflation and a different signal

signature to the original GWASs.
7These correlations were computed in the ‘GBR’ population of the 1000 Genomes Project using

the Ensemble LD Calculator.
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On closer examination, we were able to identify several loci that interact with

a PGS for this trait, and for some of these could detect specific loci driving the

interactions. We recovered the three previously-know interaction pairs (importantly,

we identified an ABO blood group-tagging mutation as interacting with the expected

positive sign with the main non-functional FUT2mutation in European populations)

and discovered several new interaction pairs.

This first analysis also confirmed that LOCO results are likely more robust than

those for the full PGS, while QN residuals similarly seem less prone to false positives

than their Winsorised counterparts. This was expected from the simulation results

described in the previous chapter and will inform our analysis of the remaining traits,

to which we now turn.
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Table 5.1: Independent ‘LHS’ hits with signed log-transformed p-values from SNP×PGSGWAS
of ALP with QN residuals.

The ID column shows a ‘positional’ identifier for each SNP (CHR:POS:REF:ALT), the A1
column the minor allele whose effect is measured in the GWAS and the Consequence and Gene
columns functional information taken from the VEP dataset. The p-values shown in the final
two columns are log-transformed and have the same sign as the corresponding coefficient.

rsID ID A1 MAF PGS Consequence Gene SNP×PGS Orig.

rs77569513 1:21449335:G:A A 0.009 LOCO Intron var. EIF4G3 12.4 -3.3
rs10465542 1:21859507:A:G G 0.222 LOCO Intron var. ALPL -22.8 -27.7
rs149356924 1:21875506:T:C C 0.004 LOCO Intron var. ALPL 15.7 -46.4
rs573303250 1:22138578:G:A A 0.001 LOCO Upstream gene var. LDLRAD2 10.8 -19.1
rs145223095 1:22361255:C:T T 0.008 LOCO Downstream gene var. LINC00339 14.4 -28.5
rs635634 9:136155000:C:T T 0.186 LOCO Upstream gene var. ABO 49.1 -2348.5
rs578180252 1:21826729:G:A A 0.019 Full Intergenic var. – 13.9 4.3
rs190334281 1:22726028:T:A A 0.005 Full Intergenic var. – 18.8 -7.3



Table 5.2: Independent ‘LHS’ hits with signed log-transformed p-values from SNP×PGSGWAS
of ALP with Winsorised residuals.

rsID ID A1 MAF PGS Consequence Gene SNP×PGS Orig.

rs1976403 1:21766453:A:C C 0.408 LOCO Upstream gene var. NBPF3 -21.7 719
rs75746521 1:21854901:T:C C 0.152 LOCO Intron var. ALPL -20 48.7
rs149356924 1:21875506:T:C C 0.004 LOCO Intron var. ALPL 7.9 -28.1
rs1697405 1:21904206:C:T T 0.396 LOCO 3’-UTR var. ALPL 19.7 -303.3
rs143104384 1:76767763:C:T T 0.035 LOCO Intron var. ST6GALNAC3 7.8 1.1
rs550057 9:136146597:C:T T 0.257 LOCO Intron var. ABO 103.6 -2336.3
rs635634 9:136155000:C:T T 0.186 LOCO Upstream gene var. ABO 99.1 -2026.5
rs281380 19:49214470:T:C C 0.358 LOCO Downstream gene var. MAMSTR -12.2 289.4
rs141920409 1:165285620:C:T T 0.005 Full Intron var. LMX1A 7.6 0.5
rs183514251 4:135666299:T:C C 0.001 Full Intergenic var. – 7.5 0
rs117640538 22:38819061:C:T T 0.005 Full Upstream gene var. RP3-434P1.6 7.4 0.5



Table 5.3: Independent pairwise interaction hits for ALP with QN residuals. (continued on the
next page)

The Beta and P-value columns show the coefficient and associated log-transformed p-value,
respectively, of the interaction term of the two SNPs in a regression in which the main effects
(and the squares of their allele counts) are also present.

LHS SNP RHS SNP Beta P-value
PGS rsID Chr. MAF Consequence Gene rsID Chr. MAF Consequence Gene

LOCO rs77569513 1 0.009 Intron var. EIF4G3 rs144406757 3 0.012 Intron var. NAALADL2 -0.56 7.86
LOCO rs77569513 1 0.009 Intron var. EIF4G3 rs182976181 8 0.007 Intron var. UNC5D -0.64 7.64
LOCO rs77569513 1 0.009 Intron var. EIF4G3 rs7329258 13 0.403 Intron var. ENOX1 0.12 7.87
LOCO rs77569513 1 0.009 Intron var. EIF4G3 rs1801248 13 0.042 Synonymous var. ATP7B -0.28 7.49
LOCO rs77569513 1 0.009 Intron var. EIF4G3 rs3918095 14 0.022 Intron var. CCNK -0.41 8
LOCO rs149356924 1 0.004 Intron var. ALPL rs12636326 3 0.26 Regulatory region var. – 0.19 7.6
LOCO rs149356924 1 0.004 Intron var. ALPL rs62297580 4 0.065 Intron var. FIP1L1 -0.34 7.68
LOCO rs149356924 1 0.004 Intron var. ALPL rs7684999 4 0.057 Regulatory region var. – -0.35 7.55
LOCO rs149356924 1 0.004 Intron var. ALPL rs17123355 12 0.062 Intergenic var. – 0.36 8.6
LOCO rs149356924 1 0.004 Intron var. ALPL rs149786005 13 0.201 Intron var. SGCG -0.2 7.72
LOCO rs149356924 1 0.004 Intron var. ALPL rs147817132 13 0.034 Intergenic var. – -0.45 7.35
LOCO rs149356924 1 0.004 Intron var. ALPL rs8065491 17 0.45 Intergenic var. – -0.17 7.95
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs76571364 5 0.057 Intergenic var. – -0.7 9.08
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs9297078 6 0.441 Intergenic var. – -0.29 7.43
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs13229792 7 0.135 Intron var. DOCK4 -0.46 8.86
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs34819186 8 0.473 Intron var. TS–RE1 0.3 7.83
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs4745057 9 0.251 Intron var. TRPM3 -0.34 8.38
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs7043546 9 0.475 Intron var. GLDC -0.31 8.14



Table 5.3: (continued from the previous page)

LHS SNP RHS SNP Beta P-value
PGS rsID Chr. MAF Consequence Gene rsID Chr. MAF Consequence Gene

LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs2796866 13 0.331 Intergenic var. – -0.35 9.96
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs9540399 13 0.132 Intergenic var. – -0.48 9.43
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs12884672 14 0.282 Intron var. RP11-1152H15.1 0.33 7.58
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 15:76145831:TTA:T 15 0.036 Intron var. UBE2Q2 -0.85 8.04
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs1634419 17 0.366 Upstream gene var. SLC5A10 0.33 9.04
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs72891768 18 0.044 Intron var. FHOD3 -0.73 8.08
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs528777301 21 0.469 Intron var. SH3BGR 0.34 9.99
LOCO rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs1893383 21 0.241 Intergenic var. – -0.36 8.42
LOCO rs145223095 1 0.008 Downstream gene var. LINC00339 rs534037265 6 0.024 Intergenic var. – -0.38 7.33
LOCO rs145223095 1 0.008 Downstream gene var. LINC00339 rs145058027 8 0.014 Intergenic var. – -0.46 8.01
LOCO rs635634 9 0.186 Upstream gene var. ABO rs2301455 1 0.441 Intron var. C1orf105 0.03 8.05
LOCO rs635634 9 0.186 Upstream gene var. ABO rs2276065 11 0.228 Missense var. TREH 0.05 20.75
LOCO rs635634 9 0.186 Upstream gene var. ABO rs681343 19 0.492 Synonymous var. FUT2 -0.1 113.07
LOCO rs635634 9 0.186 Upstream gene var. ABO rs12019136 19 0.042 Intron var. FUT6 -0.08 13.56
LOCO rs635634 9 0.186 Upstream gene var. ABO rs533852698 21 0.002 Intron var. MIS18A 0.31 7.41
Full rs578180252 1 0.019 Intergenic var. – rs149363855 6 0.002 Regulatory region var. – -1.06 7.51
Full rs190334281 1 0.005 Intergenic var. – rs192184224 22 0.006 Intergenic var. – -1.06 7.71



Table 5.4: Independent pairwise interaction hits for ALP with Winsorised residuals.

LHS SNP RHS SNP Beta P-value
PGS rsID Chr. MAF Consequence Gene rsID Chr. MAF Consequence Gene

LOCO rs1976403 1 0.408 Upstream gene var. NBPF3 rs117735761 9 0.033 Intron var. FREM1 -0.04 7.33
LOCO rs149356924 1 0.004 Intron var. ALPL rs17123355 12 0.062 Intergenic var. – 0.28 7.97
LOCO rs550057 9 0.257 Intron var. ABO rs554626792 7 0.002 Intron var. PDE1C -0.25 8.09
LOCO rs550057 9 0.257 Intron var. ABO rs2276065 11 0.228 Missense var. TREH 0.04 27.37
LOCO rs550057 9 0.257 Intron var. ABO rs186021206 17 0.007 Intergenic var. – -0.22 22.14
LOCO rs550057 9 0.257 Intron var. ABO rs681343 19 0.492 Synonymous var. FUT2 -0.09 192.71
LOCO rs550057 9 0.257 Intron var. ABO rs12019136 19 0.042 Intron var. FUT6 -0.07 15.71
LOCO rs635634 9 0.186 Upstream gene var. ABO rs2276065 11 0.228 Missense var. TREH 0.04 21.6
LOCO rs635634 9 0.186 Upstream gene var. ABO rs186021206 17 0.007 Intergenic var. – -0.26 26.27
LOCO rs635634 9 0.186 Upstream gene var. ABO rs681343 19 0.492 Synonymous var. FUT2 -0.08 111.56
LOCO rs635634 9 0.186 Upstream gene var. ABO rs12019136 19 0.042 Intron var. FUT6 -0.07 13.77
LOCO rs281380 19 0.358 Downstream gene var. MAMSTR rs550057 9 0.257 Intron var. ABO -0.07 106.44
LOCO rs281380 19 0.358 Downstream gene var. MAMSTR rs10892251 11 0.228 Intron var. TREH -0.02 8.45
LOCO rs281380 19 0.358 Downstream gene var. MAMSTR rs186021206 17 0.007 Intergenic var. – 0.16 13.71
Full rs141920409 1 0.005 Intron var. LMX1A rs140913877 15 0.056 Intron var. AGBL1 0.27 7.66
Full rs183514251 4 0.001 Intergenic var. – 2:177097855:GA:G 2 0.486 Intergenic var. – -0.25 7.59



6 Results: remaining traits

In this second results chapter, we give an overview of the interactions we found

(both SNP×PGS and pairwise interactions) for the remaining traits examined in

this project.

As we saw in the simulation results and also in the previous chapter on ALP,

interactions involving the LOCO PGS for QN traits appear to be the most reliable,

yielding the lowest number of false positives. Moreover, and as discussed in the

second chapter on methods, LD between potentially-interacting variants is a primary

concern as it can lead to such false positives. Therefore, in this chapter we focus

exclusively on interactions detected with the LOCO PGS, for the QN version of

traits and between variants on different chromosomes. Further work may allow us

to identify additional interactions that do not obey these three requirements but are

still not the result of statistical artefacts.

We will begin by analysing the set of independent LHS interactions (i.e., interac-

tions with the LOCO PGS) and will then move on to consider pairwise interactions

involving some of these LHS hits.
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6.1. Distribution of LHS hits across traits

6.1 DISTRIBUTION OF LHS HITS ACROSS TRAITS

Our statistical approach identified 144 independent LHS hits across 52 distinct traits,

which we list in full in Table E.1 in the appendix. We now consider the distribution

of these 144 interacting hits across the different traits plotted in Figure 6.1.

We first note that LHS hits are concentrated in molecular biomarkers, and in

particular in traits in the blood biochemistry and blood cell count categories. Glycated

haemoglobin, total bilirubin and direct bilirubin are the traits with the highest number

of LHS hits, in that order, followed by ALP, which we analysed in detail in the previous

chapter.

Despite the pre-eminence of interactions affecting biomarker traits, other categor-

ies are also represented. Among these, impedance measures of body fat are the most

numerous, and fat-related body size measures such as waist circumference, BMI or

waist-to-hip ratio also show interactions. We highlight the conspicuous absence of

the different measures of height in our list of traits (standing and sitting height, and

leg length) for which – and despite their well-known polygenicity – we were not able

to find interactions with the PGS.

Finally, we see a few interactions for blood pressure traits (three for pulse rate

and one for diastolic blood pressure) and two interactions for ankle spacing width,

which may be considered a proxy for the amount or distribution of body fat.

6 .2 COMPARISON OF ASSOCIATIONS IN THE ORIGINAL AND INTERACTION

GWAS

We proceed by comparing the signal for association of each LHS hit in the original

vs. the SNP×PGS interaction GWAS. As discussed before in this thesis, a potential

concern when developing a GWAS-based method for interaction testing is that it will
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Figure 6.1: Number of independent LHS hits from SNP×PGS interaction GWAS with
LOCO PGS and QN residuals by trait. Traits not shown do not have hits.



6.3. LHS hits are enriched for functional relevance

produce results that are merely a truncation of the evidence for direct association of

the different SNPs tested. Therefore, in the previous chapter on ALP, we examined,

for all SNPs with GWS signal in either original or interaction GWASs, the correlation

between these signals. We found that there was moderate correlation but clearly

differentiated patterns, both across and within chromosomes. In keeping with this

approach, we now plot the original against the interaction signed log-transformed

p-values for all the LHS hits, coloured by trait category, in Figure 6.2.

We see from this figure that there is again no obvious correlation between the

original and interaction p-values, and this is also true within individual traits (data

not shown). This is as expected if our test is capturing real signal as opposed to a

transformed version of the original GWAS associations. We also note that, similarly

to what we saw for ALP, some hits show strong evidence of interaction but have weak,

or no, signal for direct association with the trait.

6 .3 LHS HITS ARE ENRICHED FOR FUNCTIONAL RELEVANCE

A natural question when examining a moderately-sized set of genetic associations

is how functionally relevant they are, and one way to answer this question is to

compare the set in question to the genome at large. For this, we need a measure of

functional significance for each variant considered. Fortunately, the VEP database

of annotations [128] not only includes variant consequences – there are 29 different

categories in our full set of 12.9M variants – but also provides a ranking of these

consequences by severity.

In Figure 6.3, we show the distribution of variants by consequence categories

for our set of 144 independent LHS hits and for a random sample of 100,000 of the

12.9M variants that passed our initial filters. (We chose to take a small random sample
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Figure 6.2: Scatter plot of signed log-transformed p-values from original and SNP×PGS
interaction GWASs for LOCO LHS hits with QN residuals.
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6.3. LHS hits are enriched for functional relevance

rather than consider the full set because we wish to test for a difference in the two

distributions and standard statistical tests for this comparison assume independent

distributions in the two groups being compared. By considering only 1% of the full

set of variants, we hope to obtain a set of approximately independent variants for

comparison with the interaction hits, which are independent within traits and are

sufficiently low in number that significant overlap across traits is unlikely.)

From this figure, we can see that the most frequent category in both the set of

LHS hits and the sample of variants along the genome is ‘Intron variant’, followed

by ‘Intergenic variant’. The plot of the ratio of the fraction of hits in each category

of the LHS hits to the full set of SNPs, shown in the bottom panel, shows a marked

enrichment of the interaction hits in categories of greater functional severity.

The hypothesis that the set of LHS interaction hits tends to have more severe

consequences than the set of variants randomly chosen from the genome can be

formally tested by specifying as the null hypothesis the assumption of stochastic

equality: for any two values taken at random from each of the two sets, the probability

that the first ranks higher than the second is equal to the probability that the second

ranks higher than the first.

A standard nonparametric test of the assumption of stochastic equality is the

Mann-Whitney U Test, also known as theWilcoxon Rank-SumTest [213–215]. A one-

sided test of this null hypothesis against the alternative hypothesis that the probability

of a LHS interaction hit having a more severe consequence than a randomly chosen

variant is greater than its converse yields a highly-significant p-value of 4.65 × 10−7.

Despite the popularity of theMann-WhitneyUTest, it has recently been remarked

in the applied statistics literature that this test makes the very strong assumption of

exchangeability, which is likely to be violated in practice, in which case the test can

yield highly-inflated type I error rates [215]. In the context of this test, exchangeability
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(a) 144 LHS hits with LOCO PGS and QN residuals.
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(b) Random sample of 100,000 of the full set of 12.9M SNPs.
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(c) Ratio of fractions in LHS hits to random sample of all SNPs.

Figure 6.3: Histograms of distribution of SNPs by VEP Consequence functional categories
for the 144 LHS hits with LOCO PGS and QN residuals, for a random sample of all SNPs
considered in the analysis, and for their ratio. Consequence categories are sorted from left
to right in decreasing order of severity according to the ranking provided by Ensembl [212].
Only categories whose share of the random sample of 100,000 variants is greater than or
equal to 0.1% are shown in either plot. The horizontal line in the plot of ratios is set at 1.



6.4. SNP×PGS interactions account for little heritability

means that, under the null hypothesis, the two distributions are not only stochastically

equal but are in fact fully identical [215]. We would like to be able to test stochastic

equality without making such an assumption as this would allow, for example, for

one distribution to have greater dispersion than the other without being ‘shifted’,

something which could reasonably happen in our comparison of interaction hits

against the genome.

A more recently proposed test that adequately controls type I errors even if the

exchangeability assumption is violated is the Brunner-Munzel Test, also known as

the Generalised Wilcoxon Test [215, 216], which is implemented in R in the package

brunnermunzel [217]. A one-sided test of the same hypothesis as above now yields a

higher but still highly-significant p-value of 1.11 × 10−6.

We therefore conclude that there is strong evidence that the SNP×PGS inter-

actions identified by our approach tend to have more severe consequences than a

random set of variants.

6 .4 SNP × PGS INTERACTIONS ACCOUNT FOR LITTLE HERITABILIT Y

Two motivations for searching for epistatic interactions are that these may shed

light on the biological mechanisms underlying different traits and diseases, and that

they may account for some of the estimated heritability of such phenotypes. It is

therefore relevant, once new interactions have been found, to attempt to estimate the

proportion of variance of the trait in the population for which they account.

As discussed in the chapter on methods, we do not currently have a well-tested

and calibrated procedure for estimating the heritability of our interactions. However,

we have computed approximate estimates of heritability for the combined LHS hits
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6.5. Distribution of pairwise hits across traits

found for each trait based on out-of-sample predictive performance and, while not

precise, this can give us a first sense of how much heritability they account for.

We show three plots displaying the distribution of these estimates for the 52 traits

for which we have identified interactions in Figure 6.4. (We recall that it is possible

for the heritability estimates produced by this naive approach to be negative since,

for the computation of the lower bound, we compare the performance of adding

interaction terms to a linear model including the PGS in a held-out test set where the

coefficients of the interactions and of the PGS are fixed based on estimates obtained

in the training set, and therefore do not increase the degrees of freedom of the model.)

From these plots, it is clear that the LHS hits explain very little heritability even

when combined (for the traits that have multiple such interactions) and taken as

a fraction of the performance of the PGS on the held-out test set – the two largest

estimates are for vitamin D (0.0074) and pulse rate (0.0071), followed by glycated

haemoglobin (0.005). However, our (approximate) heritability estimates are never-

theless positive for most traits, which is evidence for a (limited) role for interactions

in their genetic architecture.

6.5 DISTRIBUTION OF PAIRWISE HITS ACROSS TRAITS

So far in this chapter, we have focused exclusively on the LHShits, i.e., the independent

interacting loci identified through the SNP×PGS interaction GWASs. We now

proceed by considering the independent GWS pairwise interactions detected through

subsequent standard pairwise GWASs.

We identified 145 independent pairwise interactions across 26 different traits.

The full list of interactions is given in Table F.1 and their distribution by trait is plotted

in Figure 6.5.
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(b) Box-and-whiskers plot.
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(c) Gaussian kernel density estimate.

Figure 6.4: Distribution of estimates of combined heritability explained by all LOCO LHS
hits as a fraction of the performance of the PGS on the held-out test set for traits with QN
residuals for which we identified SNP×PGS interactions.

Box plot details: the central line is the median; the lower and upper hinges of the box
correspond to the 25th and 75th quartiles, respectively; the upper whisker extends to the
largest data point within 1.5 × Inter-quartile Range from the upper box hinge, and similarly
for the lower whisker; data points beyond the limits of the whiskers are plotted individually.

From this plot we can see that, generally in line with the LHS results that form

the basis of the procedure to identify pairwise hits, the great majority of pairwise

interactions were found for molecular biomarkers and in particular for blood bio-
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Figure 6.5: Number of independent GWS pairwise interaction hits with LOCO PGS and
QN residuals by trait. Traits not shown do not have hits.

chemistry traits. We also found a few pairwise interactions for blood cell count traits

(especially platelets, as we will see below), as well as for impedance measures and

two fat-related body size traits (hip circumference and BMI).

6.6 HIGHLIGHTS OF PAIRWISE INTERACTIONS

In this final section, we highlight some of the pairwise interactions detected by our

statistical approach. In contrast to our analysis of the ABO–FUT2 interaction for ALP,

for which we were able to provide a reasonably-detailed biological interpretation, here

we do not attempt to analyse potential mechanisms driving the observed interactions

but instead only provide additional context. The brief comments on six different traits
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6.6. Highlights of pairwise interactions

and their interactions written below are therefore only suggestive of the potential

functional importance of these hits, which could be explored in further research.

Platelet-related traits: For two traits related to platelets, mean platelet volume and

platelet distribution width, we detected multiple interactions that have the ARHGEF3

intron variant rs1354034 as the LHS SNP. This variant is very common (MAF of

39.9% in our sample) and had previously been associated with multiple traits relating

to both platelets and other types of blood cells [202, 218, 219]. Interestingly, in our

original GWAS, it is extremely-highly associated (log-transformed p-value of 1862.8)

with mean platelet volume but shows no direct association with distribution width

(log-transformed p-value of 0.1). This SNP is an eQTL for ARHGEF3 [205, 206],

which is likely to be one of the two driving genes in these interactions as it has been

associated with blood cell maturation (specifically, the formation of erythroids); its

relevance for bone cell biology is also well known [220].

The RHS SNPs for these interactions are linked to a few different genes. For

mean platelet volume, these are RNPEPL1, IQGAP2 (a missense mutation), WDR66

and RUNX1. The specific SNPs involved in the first two interactions have both been

previously associated with platelet counts [219, 221]. WDR66 encodes a protein

belonging to theWD family and which is thought to be involved in determining mean

platelet volume [201]. Finally, RUNX1 is a transcription factor that is believed to

be important in normal haematopoiesis [201] – a monoallelic mutation of this gene

causes RUNX1 familial platelet disorder, a condition whose characteristics include

platelet functional defects [222]. This RUNX1 SNP shows a GWS direct signal for

platelet count and crit, a non-GWS but moderate signal for mean platelet volume

(log-p-value of 6.08) and no direct association with platelet distribution width.
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6.6. Highlights of pairwise interactions

Turning now to platelet distribution width, the RHS genes appear to be RP5-

1086L22.1, CTB-111H14.1, ODF3, WDR66 again and BET1L. The mutation involved

in the interaction for RP5-1086L22.1 has been linked with red blood cell-related

traits [221, 223], the CTB-111H14.1 SNP with platelet distribution width [223] and

mean platelet volume and count [219, 221, 223], and the ODF3 and BET1L variants

also with platelet crit [223] in addition to mean platelet volume and count [219, 221,

223].

The fact that all the RHS SNPs have been linked to platelets or other blood cell

types gives us confidence that these interactions represent true functional interde-

pendencies between different genes rather than being statistically spurious.

Eosinophil count: We detected a negative interaction between a variant upstream of

IL33 and a missense variant of ALOX15. Both SNPs have highly-significant direct

effects on the trait, the former with a positive and the latter a negative sign – this

negative interaction can therefore be seen as reducing the positive effect of the IL33

variant, or as further increasing in magnitude the negative effect of the ALOX15

mutation. IL33 is involved in thematuration of eosinophils while ALOX15 encodes an

enzyme that has been shown to regulate inflammation and immunity processes [201].

We tentatively suggest that this interaction may shed light on the aetiology of asthma

as a recent study in mice showed that ALOX15 plays a role in reducing IL33-induced

airway eosinophilic inflammation [224].

Alanine aminotransferase and lipoprotein(a): Alanine aminotransferase (ALT) is

an enzyme found in many tissues but primarily in the liver that plays an important

role in amino acid metabolism and gluconeogenesis [225]. Serum levels of ALT are

the most widely used biomarker of hepatic health in the clinic [226]. Lipoprotein(a)
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(LPA) is a lipoprotein produced primarily by the liver [227] whose levels are highly

heritable [228]. Lipoproteins play a crucial role in the transport of lipid proteins in

circulation [229]. The function of LPA specifically is not well understood [227, 229]

but is thought to include wound healing, tissue repair and vascular remodelling [230].

LPA is used as a clinical biomarker as high levels of this lipoprotein are recognised as

a risk factor for atherosclerotic cardiovascular disease (ASCVD) [228, 231].

For ALT, we identified a positive interaction between APOE missense variant

rs429358 and rs2176521, an intergenic variant in chromosome 3. For LPA, we

detected a negative interaction between a different APOE missense variant, rs7412,

and rs571848809, an intron variant of the LPA gene. The APOE variants rs429358

and rs7412 are well know for their strong associations with Alzheimer’s Disease (AD)

risk, with rs429358 increasing risk and rs7412 being protective [232].

Again very tentatively, we propose that this interactionmay partly explain a recent

suggestion in the literature of a potential link between AD and liver function [233].

Aspartate aminotransferase: This is the trait for which we find the greatest number

of independent pairwise interactions (43). Forty-one of these have the same LHS

SNP, the CNNM1 intronic deletion variant at position 101,101,889 on chromosome

10, with reference allele GT and alternative G.1 This variant is rare (MAF of 0.2% in

our sample) but has strong signals in both the original and SNP×PGS interaction

GWASs (log-transformed p-values of 84.2 and 35.1, respectively). The second most

significant hit at this locus in the SNP×PGS GWAS, intron variant rs527506472

which is in high LD (squared correlation of 91.7%) with the lead SNP, has also been

previously associated with aspartate aminotransferase levels [234].
1We were not able to find an rsID for this SNP.
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We chose to highlight the group of interactions discussed in the previous para-

graph because they share the same LHS SNP, which suggests a large network of

interacting loci. However, given the very low frequency of this variant, we cannot

be fully confident in these results without further testing, potentially in an external

cohort.

A second interaction for this trait that involves only two SNPs but for which the

functional evidence is perhaps more convincing is a negative interaction between

rs3747207, a PNPLA3 intron variant, and rs13150834, a variant upstream ofMIR5705.

The first SNP has been found to strongly associate with levels of aspartate amino-

transferase [235], including in the context of high alcohol intake [236]. The RHS

SNP, rs13150834, shows a highly-significant signal of association with this trait in

our own original GWAS (log-transformed p-value of 41.6).

Cholesterol: Our final highlight is (total) cholesterol andHDL-cholesterol, for which

we identify two and three pairs of interacting loci, respectively. Beginning with total

cholesterol, we have first a negative interaction between a BUD13 deletion (TA to

T) at position 116623213 of chromosome 112 and rs56043443, an intron variant of

CTC-559E9.6, both of which are common (MAFs of 13.9% and 15.1%, respectively).

TheBUD13 deletion has previously been associatedwith triglycerides [237] and shows

a very strong (positive) direct signal of association with cholesterol in our GWAS

(log-p-value of 79.95), while the CTC-559E9.6 SNP rs56043443 (which ANNOVAR

links instead to ZNF56) does not have a direct association.

The second interaction, also with a negative coefficient, is between APOC1 SNP

rs814573 and ZNF259 SNP rs964184, another two common variants (MAFs of 18.8%

and 13.2%, respectively). rs814573 has previously been found to associate very
2The UKB does not provide an rsID for this variant but other sources suggest rs66505542 and

rs398017699 have been used to refer to this deletion.
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strongly with LDL-cholesterol [238] (increasing its levels) and has an extremely low

p-value (log-p-value of 453.84) for direct association in our own GWAS for total cho-

lesterol, and APOC1 more generally is known to be relevant for this phenotype [239].

rs964184, a 3’-UTR variant of ZNF2593 (a gene which is known to play a key role in

the metabolism of high-density and very low-density lipoproteins [201]), has previ-

ously been found to have a negative association with LDL-cholesterol levels [238], but

a positive association with triglycerides and HDL-cholesterol [240], and has a strong

positive association with cholesterol in our data. Given the common frequency of

both SNPs in each interaction pair and their previous association with lipid-related

traits, these two interactions seem likely to constitute real signals.

Continuing with HDL-cholesterol, we highlight two interactions involving mis-

sense variants as LHS SNPs: one between deleterious CD300LG missense variant

rs72836561 and STX6 intron variant rs147648373 (with a large negative effect of

-0.26 standard deviations (s.d.)), and the other between APOE variant rs7412 and

NAALADL2 intron variant rs62284708 (with a large positive effect of 0.36 s.d.). Be-

ginning with the first interaction, we note that, while rs72836561 is somewhat rare

(MAF of 3.2%), it has previously been found to be the lead variant in its region affect-

ing both triglycerides and HDL-cholesterol [241]; this missense mutation affects the

immunoglobulin domain of CD300LG, which binds to lymphocytes and is expressed

in endothelial cells – however, the function of CD300LG in lipid metabolism is not yet

well understood [241]. Moreover, the protein encoded by the STX6 gene with which

it interacts binds cholesterol, regulating the transport of cholesterol-rich domains to

and from the cell surface [242]. The CD300LG variant in this interaction has a strong

negative effect on HDL-cholesterol levels (−0.18 standard deviations with log-p-value

of 139.07) while the STX6 mutation does not have a direct association with the trait.
3This gene is also known by the alias ZPR1.
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Lastly, we note regarding the second interaction that its LHS SNP, APOE variant

rs7412, is the same well-know mutation that is protective against Alzheimer’s disease

and that we identified above as interacting with an LPA variant to affect LPA levels.

rs7412 is known to have a large positive effect on total cholesterol levels and has

been linked to familial type III hyperlipoproteinemia [241], and the APOE gene that

it affects plays an important role in maintenance of cholesterol levels through the

reverse transport pathway that directs excess HDL cholesterol to the liver for elimin-

ation [243]. This variant has a significant positive direct effect on HDL-cholesterol

in our GWAS, while the NAALADL2 variant with which it interacts does not.

6 .7 SUMMARY

In this chapter, we have given an overview of the results of our interaction testing

framework for all traits other than ALP, which we examined in detail in the preceding

chapter.

Focusing exclusively on the hits obtained from an interaction with the LOCO

PGS and for the QN versions of the traits, we saw first that we were able to identify

144 independent LHS hits across 52 different traits. The great majority of these

interactions affects molecular biomarker traits: 86 of 144 affect blood biochemistry

measurements and another 26 impact counts of different blood cell types. However,

there are also several interacting loci with an effect on body fat traits. We noted that

our method did not detect any interactions for height-related traits in spite of their

great polygenicity.

We examined the correlation between the evidence of association in the original

and SNP×PGS GWASs for all the LHS hits and found no clear pattern of strong
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dependence between the two, an observation consistent with our statistical approach

capturing real interactions.

By comparing the distribution of functional consequences ranked by severity for

the LHS hits against the genome as a whole, we found that these interacting loci are

enriched for functional relevance. Finally, we saw that, even when aggregated within

each phenotype, the LHS loci account for little heritability.

We proceeded by considering independent pairwise interaction hits, of which we

found 145 affecting 26 different traits. Naturally, given the results of the SNP×PGS

interaction testing, the large majority fell under the blood biochemistry trait category

(120 out of 145), followed by blood cell count traits (18).

We concluded our analysis by highlighting some of the pairwise interactions we

detected. Key highlights were several pairwise hits for two different platelet-related

traits where the genes associated with both LHS and RHS SNPs had previously been

linked to phenotypes in this vein, suggesting these statistical findings are credible

and worthy of further investigation. A second interesting finding was an interaction

between IL33 and ALOX15 for eosinophil count which may have a potential connec-

tion to the aetiology of asthma. Finally, we saw interactions involving two key APOE

AD risk modifiers for liver proteins ALT and LPA, interesting in the light of recent

suggestions of a connection between liver function and this disease.
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7 Interactions involvingHLA genes

Contributions to this chapter: The imputation of HLA alleles for the UKB used for

the interaction analysis described in this chapter was undertaken by Esther Ng. This

work was jointly supervised by Yang Luo and Simon R. Myers.

In this chapter, we describe in-progress work on a smaller project in which we apply

our interaction testing framework to genetic variation in human leukocyte antigen

(HLA) genes. We will begin by introducing the major histocompatibility complex

(MHC) – in which HLA genes are located – describing its structure and function, its

unique characteristics related to genetic variation, and its known associations with

many complex diseases. We will then report on our imputation of this region for the

UKB and on the results of interaction testing involving HLA genetic variants.

7 .1 BACKGROUND

7.1.1 Structure and function

The MHC is a gene-dense, highly-polymorphic genomic region located in the short

arm of chromosome 6 (6p21). Genes located in this region, including HLA genes,

encode proteins that are key to the functioning of the immune system, controlling
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antigen processing and presentation and thus regulating both innate and adaptive

immune responses [244, 245].

More than 200 genes are located in the MHC region [246]. These are divided into

three subclasses (denoted I, II and III) but most research into this region has focused

on the first two as these are responsible for the key process of antigen presentation to T

cells and are highly polymorphic. Class I includes classicalHLA genesHLA-A,HLA-B

and HLA-C; class II includes HLA-DRB1, HLA-DQA1, HLA-DQB1, HLA-DPA1 and

HLA-DPB1 [247]. These eight classical genes will be the focus of our analysis below.

Both class I and class II genes encode glycoprotein molecules that bind peptides

and present them to receptors on T cells [244, 247]. Class I molecules are expressed

by nearly all nucleated cells; they bind antigenic epitopes derived from intracellular

pathogens and present antigens to CD8+ T cells. By contrast, class II molecules are

primarily expressed by cells with a dedicated antigen-presenting function such as

dentritic cells, macrophages, B cells or thymic epithelial cells; these molecules primar-

ily bind peptides of extracellular origin and present them to CD4+ T cells [248, 249].

The biochemical tripartite interaction between HLA cells, peptides and T-cell recept-

ors is crucial in enabling the adaptive immune system tomount a response to infection

while maintaining self-tolerance and so preventing autoimmune disease [247].

7.1.2 Genetic variation

In addition to its high gene-density, two other defining genomic characteristics of the

MHC locus are the strong LDobservedwithin it and its extreme polymorphism: more

than 15,000 alleles have been identified for class I and II genes [247]. This diversity

is thought to maximise the probability that at least a small number of individuals

in the human population would be able to survive a new infection by mounting

an effective immune response [247]. Polymorphisms in HLA genes often result in
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nonsynonymous amino acid changes in the peptide-binding groove of the encoded

molecules that specify which foreign peptides are presented to T-cell receptors [247,

249]. The extreme genetic diversity in this region suggests the action of a strong

balancing selective pressure, but the driving mechanisms of this diversity are still

poorly understood [244].

HLA polymorphisms are reported according to a specific, standardised nomen-

clature whose development is overseen by the WHO Nomenclature Committee for

Factors of the HLA System, established in 1968 [250]. The need for a common nam-

ing system was recognised from the early days of the field, and this nomenclature

evolved in parallel with methods to detect HLA variation [250]. The designation of

eachHLA locus begins with the gene name followed by an asterisk (e.g.,HLA-C*).

This is followed by allele designations that are unique numbers comprised of up to

four fields (sets of digits) separated by colons. The first two fields, each with two

digits, are the most commonly used. The first of these two-digit fields refers to the

type (often corresponding to the serological antigen) and the latter to the subtype,

a unique identifier of the amino acid sequence [244, 250]. We will analyse genetic

variation data in this format, i.e., HLA alleles determined at the two-field resolution.

As noted above, HLA genes are in tight LD, and it has been observed that short

blocks of conservedDNA sequence containing specificHLA allele combinations (hap-

lotypes) can be shared by many unrelated individuals in a population [251]. Longer

blocks, termed ‘conserved extended haplotypes’, also exist, sometimes spanning sev-

eral megabases [244, 251]. The mechanisms driving the formation and maintenance

of these haplotypes is not fully understood and multiple explanations have been pro-

posed. These include instances of geographic isolation in a population’s history, lower

recombination at this locus and the maintenance of functionally-coordinated sets of
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alleles [244]. It is thought that these haplotypes originally arose through imperfect

sequence duplication combined with insertions and deletions [245, 252].

For our analysis, wewill define two sets of haplotypes for classes I and II separately:

one set for theHLA-A,HLA-B andHLA-C genes, and another for theHLA-DRB1,

HLA-DQA1, HLA-DQB1, HLA-DPA1 and HLA-DPB1 genes. We will analyse these

jointly with alleles at the four-digit resolution as explained below.

7.1.3 Disease associations

Genetic variation in HLA genes has been associated with a large number of diseases.

While this regionmakes up only 0.3%of the human genome, it was reported to account

for 6.4% of the significant SNP associations in the EMBL-EBI GWAS Catalog [2,

253]. HLA variants have been linked to nearly all autoimmune diseases as well as to

multiple infectious and inflammatory diseases [254] – in line with the crucial role

played by this region in the functioning of the human immune system – but also to

cancers and neurological diseases.

The first disease to be linked to HLA variation was Hodgkin’s lymphoma in

1967 [254–256]. Other early findings were associations with lupus [257, 258] and

coeliac disease [258, 259]. More recent research on the latter has identified vari-

ation within HLA genes as driving this association: the DQ2 molecule encoded

by alleles DQB1*02:01 and DQA1*05:01, which was found to be present in 95% of

coeliac patients compared to 20–30% of controls in a sample of Northern European

ancestry [260].

Two of the strongest disease associations with HLA variation are for two autoim-

mune diseases, ankylosing spondylitis (AS) and Behçet’s disease. For AS, the B*27

allele has an odds ratio larger than 100 [253] while, for Behçet’s disease, B*51 accounts

for 32–52% of cases [253, 261].
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Other diseases whose connection to HLA variation has been extensively stud-

ied include type 1 diabetes (T1D), rheumatoid arthritis (RA) and multiple scler-

osis (MS). For T1D, the class II loci HLA-DRB1 and HLA-DQB1 have been estab-

lished as having the strongest associations [262]: risk variant DQB1*03:02, which

encodes an alanine at DQB1 position 57 and whose link to T1D was first identified

in 1987 [263], was recently found to explain 15.2% of the phenotypic variance, with

an odds ratio of 6.29, in a European sample [264]; haplotypes of DR3 and DR4 are

also known to increase risk, while a DR2 haplotype is protective [265]. For RA,

the association ofHLA variation to disease risk has been shown to be almost com-

pletely explained by positions 11, 71 and 74 at DRB1, by a single SNP in HLA-B

and by DPB1 [266]. For MS, an early association was found in the 1970s between

class II serotype DR2 [267] which was later fine-mapped to the extended haplotype

DRB5*01:01~DRB1*15:01~DQA1*01:02~DQB1*06:02 [268, 269]; the DRB1*15:01

allele is currently thought to be the strongest genetic risk factor for this disease [270,

271], with an odds ratio of 3.92 in individuals of European ancestry [270].

With respect to infectious diseases, multiple associations have been identified

between HLA variation and the development of AIDS for carriers of HIV. Class I al-

leles B*35, C*04 andC*07 are linked to rapid development of AIDS in Europeans [272,

273]; conversely, alleles B*57:01, B*27:05, B*14/C*08:02, B*52 and A*25 delay disease

progression [249, 273]. Finally, very recently a strong association has been found

between B*15:01 and asymptomatic SARS-CoV-2 infection [274].

We conclude this brief section on disease associations by noting that, while

much evidence has been gathered on the statistical connection between variation

inHLA genes and a vast array of diseases, the biological mechanisms linkingHLA

variants to disease aetiology remain poorly understood. Perhaps the most common

model to explain this association is that the biochemical interactions between HLA
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molecules, the peptides which they bind and the T-cell receptors to which they are

presented – which underlie discrimination between self and nonself – are disrupted

in immunopathology [247].

7.1.4 Epistasis

In addition to the disproportionately large number of disease associations located in

this small segment of the genome, another interesting finding from studies ofHLA

and disease has been a series of epistatic interactions involvingHLA alleles that affect

disease risk.

The most well-established example is perhaps the interaction of allele B*27 with

ERAP1missense variant rs30187 for AS: this ERAP1 SNP increases AS risk only in

B27-positive individuals [275]. This interaction is thought to be informative about

disease aetiology since the primary function of the ERAP1 enzyme is to trim peptides

to the ideal length for presentation by the HLA-B molecule [68]. A second interaction

between this variant and another HLA allele, B*40, has also been identified [276].

Polymorphisms at ERAP1 have been found to interact with otherHLA loci for

at least two other autoimmune diseases: Behçet’s disease, for which ERAP1 SNP

rs17482078 increases risk only in B*51-positive individuals [277], and psoriasis, for

which HLA-C variant rs10484554 and ERAP1 mutation rs27524 interact to increase

disease risk [87].

A second important non-MHC locus found to interact with HLA variation to

affect disease risk is the cluster of killer-cell immunoglobulin-like receptors (KIR)

genes. For AIDS, the activating KIR allele KIR3DS1 is associated with delayed pro-

gression to the disease in individuals infected with HIV-1 who also carry the B4-80Ile

allele [278]. For psoriatic arthritis, activating KIR alleles KIR2DS1 and KIR2DS2

were found to disease risk more when the HLA-C groups 2 and 1, respectively, were
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absent [279]. For T1D, positivity for the inhibitory KIR2DL1 allele interacts with

HLA-C alleles to increase risk, while positivity for KIR2DL1 interacts withHLA-C

to decrease risk; positivity for KIR3DL1 interacts with HLA-Bw4 alleles to reduce

risk [280].

Evidence for non-MHC interactions withHLA alleles or genes in theMHC region

more generally exists for various other diseases. For example, for systemic lupus

erythematosus (SLE), risk-increasing interactions were found between CTLA4 risk

allele rs231775 and both the rs3131379 SNP of MSH5 and the rs1270942 SNP of

CFB [281], where the last two genes are located in the MHC class III region [244]. As

a second example, an epistatic interaction betweenHLA-G 3’-UTR variant rs9380142

(known to play a role inmRNA stability) and LILRB1 SNP rs9380142 [282] was found

to associate with vitiligo. Finally, the simultaneous presence of the DRB1*04 allele

and the homozygous T to Cmutation at position 809 ofDSG1 increased susceptibility

to pemphigus foliaceus in a European sample [283].

Beyond interactions between HLA and non-MHC loci, many interactions have

been reported among HLA genotypes for multiple diseases including AS [258],

MS [270, 284–286], T1D [258, 264, 287, 288], adult glioma [289], coeliac disease [288]

and RA [288].

7.2 IMPUTING hla alleles for the ukb

The vital role ofHLA alleles in immune-mediated diseases, together with the existing

evidence for epistatic effects involving HLA genes, motivated us to apply our new

method for interaction testing to this region of the genome, which is not well covered

by the main UKB imputed dataset used for the analyses discussed so far in this thesis.
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However, this task – as well as HLA association testing more generally – has

been complicated by challenges to the genotyping of variants within HLA genes:

its extreme genetic diversity, which is also population specific, renders traditional

genotyping methods slow and costly [246, 290]. These challenges have led to the

development of several methods for statistical imputation ofHLA alleles based on

array sequencing which are inexpensive, fast and reasonably accurate [290–294].

For our analysis of interactions involving HLA alleles, we imputed genotypes in

this region using the array data in the UKB together with a high-resolution multi-

ancestry reference panel (version 2) [294]. This imputation was performed using

Minimac4 on the Michigan Imputation Server (MIS) [295]. Phasing was performed

as a first step with Eagle2 [296] and the default quality control procedures of the MIS

pipeline were applied.

This imputation procedure yielded genotypes for 423 HLA alleles at two-field

resolution: 251 for HLA-A, HLA-B and HLA-C, and the remaining 172 for HLA-

DRB1, HLA-DQA1, HLA-DQB1, HLA-DPA1 and HLA-DPB1. We then applied filters

based on frequency of the alleles, which we required to be greater than or equal to

0.001, and imputation quality score, which we required to be at least 0.7. This filtering

step resulted in a final set of 93 two-field resolution alleles, 44 for class I genes and

the remaining 49 for class II.

From the set of 93 filtered alleles, we also identified long-range haplotypes [246]

separately for genes in classes I and II – when carrying out association testing, we

then treated alleles and haplotypes equally and processed them jointly. In the process

of identifying haplotypes, we first removed any whose sample count was lower than

ten as well as the individuals carrying those haplotypes; we then removed haplotypes

whose frequency was (strictly) lower than 0.1% and also the individuals who carried

two of the rare haplotypes (separately for classes I and II). This resulted in 151
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haplotypes for 323,836 individuals for class I genes, and in 122 haplotypes and

331,258 individuals for class II.

7 .3 RESULTS OF INTERACTION TESTING

We processed this set of 93 two-field alleles and 273 haplotypes through our pipeline

for interaction testing, which we described extensively in previous chapters. We

began by running standard direct association testing for these variants and then

proceeded to test them for interactions against the PGSs we had built for our 97 traits.

Finally, we identified independent LHS hits from theHLA allele/haplotype × PGS

interaction results. We report the 25 independent interaction hits identified in the

LOCO test results for either Winsorised or QN versions of the residuals in Table 7.1.

This work is ongoing and we have not yet been able to run pairwise interaction

GWASs to attempt to identify pairs of interacting loci driving the LHS hits we found,

but will do so in the future.

We begin by noting that we used a less stringent p-value threshold of 10−6 to

identify the independent LHS hits in Table 7.1 because we are performing a much

smaller number of tests compared to the genome-wide framework we employed in

previous chapters. While for a test for associations of only 366 variants – if taken

in isolation – we could have used a much higher threshold, this would have been

problematic for a few different reasons. First, an even less stringent threshold would

be likely to increase the rate of false positives. Second, interaction hits with high

p-values have a lower ‘signal-to-noise’ ratio and it would therefore be less likely that

we would be able to identify corresponding RHS hits for these hits. And finally, while

we undertook this work separately from the main project described in this thesis,

we are nevertheless merely extending the interaction tests we had already carried
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out for the whole genome to a small additional region – seen in the context of this

larger work, the interaction testing of these few HLA variants is effectively part of

a genome-wide test and therefore should approximately satisfy the usual stringent

threshold for significance for us to be confident that its results are unlikely to be false

positives.

Now examining the 25 LHS hits listed in Table 7.1, we first draw attention to the

fact that the general relationship between interaction and original GWAS signal across

variants is similar to that which we observed for non-HLA SNPs before. In particular,

while most variants (16/25) also showed a direct association (at the 10−6 significance

threshold) with the trait in question, a sizeable proportion appear to affect that trait

only via modulating the effects of other variants on different chromosomes.

Second, we observe that there are more hits with the Winsorised traits (16/25)

than with their QN counterparts (9/25). We note that only one allele (DQA1*03:01)

shows an interaction for both QN and Winsorised versions of a trait, glycated haemo-

globin.

Third, we found no evidence of interactions involving haplotypes that could not

be explained by alleles showing a stronger signal for an interaction. As mentioned

before, we treated alleles and haplotypes equally when carrying out interaction testing.

Therefore, when distilling the set of all significantly associated alleles/haplotypes for

a particular trait, we applied stepwise regression considering both types of variants

jointly. While a few haplotypes (13 across six traits) did show significant interaction

signal, these either did not survive our stepwise filtering procedure (indicating that a

single allele whose p-value was lower rendered the haplotype no longer significant
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once included in the regression) or looked very likely to be false positives and so we

decided to exclude them.1

We proceed by examining some of our interaction hits more closely and highlight

the interaction involving DQA1*03:01 for glycated haemoglobin, which as noted

above is seen in both QN and Winsorised results. This interaction has a positive

effect, while the DQA1*03:01 allele does not show a direct association with the trait.

This finding is of potential relevance for diabetes since DQA1*03:01 has previously

been linked to T1D risk [297], and glycated haemoglobin is routinely used as a

diagnostic and clinical management tool for this disease [298].

Many of the remainingHLA alleles for which we found evidence of interaction

with the PGS for one or more traits have also previously been found to associate with

disease risk. Beginning with the class I genes, we draw attention to the following

interactions involving:

● A*01:01, for fat-related traits: waist circumference, BMI and arm fat mass. This

allele has been linked to T1D [299];

● A*02:01, for eosinophil count and percentage. This allele has been linked to

MS [300], AS [301] and spontaneous clearance of hepatitis C virus (HCV) [302];

and

● B*07:02, for total bilirubin, which has also been connected to progression of

HIV infection [273].

Now turning to alleles of the class II genes, we found interactions involving,

among other alleles:
1Five haplotypes for eosinophil percentage and gamma glutamyltransferase did survive stepwise

regression but were very rare (frequency of at most 0.5%), were all associated only with the Winsorised
version of the traits, had abnormally large effect size estimates (but still moderate p-values, indicating
large standard errors) and did not show direct association with the trait.
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● DPB1*03:01, for aspartate aminotransferase, which has been associated with

MS susceptibility [303];

● DQA1*01:01, also for aspartate aminotransferase, linked to MS [270];

● DQB1*06:02, for eosinophil count, which is associated with multiple autoim-

mune diseases including narcolepsy, MS, SLE, sarcoidosis, primary sclerosing

cholangitis and T1D [304];

● DRB1*03:01, for eosinophil count and percentage, and aspartate aminotrans-

ferase. This allele is known to influence SLE susceptibility [305, 306];

● DRB1*04:01, for FEV1/FVC ratio, linked to treatment-resistant Lyme arth-

ritis [307];

● DRB1*07:01, for alanine aminotransferase, previously found to confer higher

risk of asparaginase allergies [308];

● DRB1*14:01, for BMI and leg fat mass, known to be linked to SEL [306];

● and, finally,DRB1*15:01, for eosinophil percentage, which has been reported to

be the strongest genetic risk factor forMS [270, 271] as mentioned before and is

also linked to Epstein–Barr virus infection [309], a well-known environmental

risk factor for this disease. Interestingly, eosinophilic esophagitis (EoE), a

chronic allergic condition in which eosinophils build up in the esophagus

leading to inflamation, was recently found to correlate with excess risk for a

series of autoimmune diseases, including MS, both in EoE patients and in their

first-degree relatives [310].

7 .4 SUMMARY AND FUTURE WORK

In this chapter, we described an in-progress extension of our work on identifying

interactions to HLA genetic variants. After reviewing the structure and functionality

of the MHC region and the HLA genes within it, we proceeded to consider previous
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HLA associations with different diseases, paying special attention to existing evidence

for epistasis. We then described how we imputedHLA alleles for our UKB dataset

and finally reported the results of ourHLA allele/haplotype × PGS interaction testing.

Our approach identified 25 independent HLA alleles interacting with the PGS for

15 different traits. We then concluded by examining these different hits – of which 17

are unique – and listed their previously-known associations with various diseases.

Future work on this project will consist first of running pairwise interaction

GWASs for each of the 25 independent LHS hits identified above. We will then

attempt to detect significant pairwise interactions based on the results from these

pairwise GWASs as we did for the rest of the genome in the previous chapters.

Finally, we will consider extending the analysis above to include disease pheno-

types, with a particular emphasis on autoimmune diseases. Given the well-known

relevance of HLA genetic variation for susceptibility to different diseases (especially

those related to the immune system) and the several epistatic associations previously

identified for this locus, this research direction may allow us to expand the set of

known HLA interactions.
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Table 7.1: Independent ‘LHS’ hits with beta coefficients and log-transformed p-values from
HLA allele × PGS and original GWASs with QN or Winsorised residuals for all traits.

Trait Residuals Allele Freq. Int. beta Int. p-value Orig. beta Orig. p-value

Waist circumference QN A*01:01 0.193 0.017 6.1 0.004 0.7
BMI QN A*01:01 0.193 0.014 6.4 0.011 3.7
BMI Winsorised DRB1*14:01 0.021 -0.042 6.1 0.021 2.3
Leg fat mass Winsorised DRB1*14:01 0.021 -0.049 8.9 0.006 0.5
Arm fat mass QN A*01:01 0.193 0.016 6.3 0.014 5.0
Red blood cell dist. width QN B*08:01 0.144 0.018 6.0 0.039 28.8
Neutrophil count Winsorised C*05:01 0.113 -0.020 6.8 0.050 46.7
Eosinophil count Winsorised A*02:01 0.280 -0.023 17.9 0.037 62.5
Eosinophil count Winsorised C*03:03 0.059 -0.025 6.3 0.021 6.3
Eosinophil count QN DRB1*03:01 0.147 -0.020 7.6 -0.063 72.5
Eosinophil count Winsorised DQB1*06:02 0.144 0.020 8.5 -0.029 24.6
Eosinophil % Winsorised A*02:01 0.280 -0.026 21.6 0.032 45.1
Eosinophil % QN DRB1*03:01 0.147 -0.019 6.9 -0.038 26.5
Eosinophil % Winsorised DRB1*15:01 0.145 0.017 6.1 -0.019 10.6
Alanine aminotransferase Winsorised DRB1*07:01 0.136 -0.020 7.7 0.009 3.1
Apoliprotein A QN DQB1*02:01 0.247 0.019 10.3 -0.011 3.3
Aspartate aminotransferase Winsorised B*08:01 0.144 0.038 27.1 -0.033 50.7
Aspartate aminotransferase QN DRB1*03:01 0.147 0.021 7.9 -0.078 108.0
Aspartate aminotransferase Winsorised DQA1*01:01 0.141 -0.019 6.7 0.022 23.4
Aspartate aminotransferase Winsorised DPB1*03:01 0.100 -0.026 9.4 0.020 13.9
Glycated haemoglobin QN DQA1*03:01 0.209 0.020 11.7 -0.005 0.9
Glycated haemoglobin Winsorised DQA1*03:01 0.209 0.017 8.7 0.002 0.5
Total bilirubin Winsorised B*07:02 0.148 -0.025 11.0 0.017 8.7
Triglycerides Winsorised DQA1*05:01 0.236 0.018 10.0 -0.024 22.0
FEV1/FVC ratio Winsorised DRB1*04:01 0.111 0.025 8.8 0.041 26.3



8 Conclusion

8.1 SUMMARY

In this thesis, we have introduced a new statistical approach to the testing of epistatic

interactions between genetic variants affecting quantitative traits. This approach

consists of first building a PGS exhausting all additive signal for a trait, and then

testing for interactions between each SNP and this PGS in a genome-wide analysis.

Genetic loci found to be significant in this test can also be examined further to identify

pairwise interactions.

As discussed in Chapter 1, our method is related to existing approaches to detect

epistasis: in particular, it has similarities with methods that aim to to prioritise loci for

interaction testing in a two-step manner. However, it is distinct from these methods

in that the central test of interaction between a SNP and the PGS through which SNPs

can be prioritised for pairwise testing is scientifically meaningful in itself. Specifically,

we conjecture that, give our understanding of regulatory mechanisms, it is plausible

that a mutation could interact statistically with multiple other mutations whose effect

operates downstream along a biological pathway.

Having described our method in Chapter 3 – along with a series of statistical

challenges to identifying true interaction effects in this manner, and how we designed

our method to overcome them – we proceeded in Chapter 4 to examine its perform-
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ance in simulated data. We constructed a sizeable set of phenotypes based on a wide

and realistic range of genetic architectures and tested our method’s statistical power

and propensity to yield false-positive findings. We found that type I-error could be

effectively controlled by carefully dealing with outliers in the phenotypic distribution

(through quantile-normalisation of the trait) and testing only for trans interactions

(between variants in different chromosomes). Regarding statistical power, we con-

cluded, as expected, that testing for SNP×PGS interactions is more effective for

detecting interactions with a large impact, either in the number of SNPs affected or

in their effect size.

We applied our method to the UKB (described in Chapter 2) and divided our

exposition of the results of this analysis into two chapters. In Chapter 5, we focused

on ALP and gave extended context on the biology of this phenotype, including

the functional interaction between ABO blood group and secretor status that has

long been known to affect serum ALP levels. Our interaction results identified

an interaction between ABO variant rs635634 and FUT2 variant rs681343 – the

former is highly correlated with blood group, while the latter corresponds to the

functional FUT2 allele that determines secretor status. This interaction, which was

previously known, therefore models the functional interdependence between these

two regions. Beyond merely detecting this known interaction, we are able to extend it

to a set of interacting loci involving TREH (also identified recently) as well as variants

nearby C1orf105, FUT6 and MIS18A, which are novel. In addition to these and a

few other pairwise interactions, we also identify multiple other independent SNPs

whose evidence for interaction with the PGS we are unable to distill into pairwise

interactions – this is suggestive of a non-linear effect involving large groups of variants.

In Chapter 6, we described the results of applying our method to the remaining

96 traits analysed in this project. Examining these results in the aggregate allowed us
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to draw the following general conclusions. First, we find that interaction signals are

quite common: we observe 144 independent hits for interaction with the PGS across

52 different traits. Second, there is no consistent pattern of correlation between the

results of our test for SNP×PGS interactions and those of a standard GWAS – this is

significant as it is evidence that the non-linear relationships identified through this

approach are not mere truncations of additive signal and are therefore more likely to

be capturingmeaningful biological relationships. Third, we saw that the ‘independent

LHS hits’ for interaction with the PGS are enriched for functional relevance, again

highlighting their potential functional importance. Fourth, our (very) approximate

estimates of the heritability explained by the independent SNP×PGS interactions

that we identified suggests that they account for nearly zero phenotypic variation,

which is in agreement with previous literature. Fifth, we found that both LHS and

pairwise hits were concentrated in molecular traits in the blood biochemistry and

blood cell count categories – we comment on this finding below.

In the remainder of Chapter 6, we discussed some of the pairwise interactions

identified for these traits. Among these, we highlight a network of interacting loci

for mean platelet volume and platelet distribution width: rs1354034, a very com-

mon intronic variant of ARHGEF3, was found to interact with variants near RN-

PEPL1, IQGAP2, WDR66 and RUNX1 for platelet volume, and with variants near

RP5-1086L22.1, CTB-111H14.1, ODF3,WDR66 again and BET1L for platelet distri-

bution width. All these ‘RHS genes’ had previously been linked to platelets or other

blood cell traits, suggesting that this network of interactions is likely to be meaningful.

Other significant findings include: two interactions, in opposite directions, between

two key Alzheimer’s disease mutations in APOE and the liver-associated proteins

alanine aminotransferase and LPA, suggestive in line of recent evidence for a possible
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link between AD and liver function; and an interaction between IL33 and ALOX15

for eosinophil count which may be related to the aetiology of asthma.

Finally, in Chapter 7, we described an on-going effort to apply our interaction-

testing approach to genetic variation in HLA genes, a promising project given the

many disease-associations found in this region and the substantial evidence that

exists for epistatic effects. The work we have undertaken so far allowed us to identify

25 independent LHS hits associated with 15 different traits. A highlight from this

preliminary analysis is an interaction between DQA1*03:01 and the PGS for glycated

haemoglobin, which could be relevant to the mechanisms underlying the develop-

ment of diabetes given the known link between this allele and that disease and the

importance of glycated haemoglobin as a diagnostic and clinical management tool.

8 .2 LIMITATIONS

The project described in this thesis suffers from multiple limitations. First regarding

our statistical approach, we are restricted to analysing quantitative (as opposed to

case–control) traits because our strategies for normalising the phenotype (either

through quantile-normalisation or through Winsorisation), as well as our iterative

approach to building a PGS that accounts for all additive signal, do not directly apply

to binary phenotypes.

A second limitation related to our interaction-testing strategy is that, while our

PGS construction algorithm is well-motivated and theoretically sound, we did not

consider alternative algorithms or perform a comparison with them in simulated data.

It is therefore possible that a current state-of-the-art method could lead to greater

power for the detection of interactions – our method’s performance is not as good
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as that of leading PGS construction algorithms1 – while maintaining an appropriate

type-I error rate.

Yet another limitation related to our method is that, as we postulated using simple

mathematical derivations in Chapter 3 and later confirmed in simulated data as

described in Chapter 4, we are not able to identify interactions that involve a small

number of SNPs with small effect sizes. This means that, although we identify a large

number of interactions for a sizeable fraction of our traits, a more powerful method

could potentially detect many more.

A fourth shortcoming is that we cannot reliably test for cis interactions – i.e.,

interactions between variants in close physical proximity – as our approach is liable to

yield false-positives in such settings. However, given the importance of cis-regulation

of gene expression, it is conceivable that the majority of interactions would involve

neighbouring variants. The detection of cis interactions in a way that is robust to

statistical artefacts caused by potential unmeasured variants in LD with those being

tested remains an important open problem in the field.

Turning now to our empirical analysis of the UKB, an important limitation is

that we did not attempt to replicate our findings in other biobank datasets. This

would be valuable in the future by giving us greater confidence in the reliability of

the interactions that could be seen in multiple cohorts; a challenge is that it requires

access to raw genetic data for a large number of individuals of closely-related genetic

backgrounds to the White British sample from the UKB that we used in this analysis.

A sixth limitation is that our analysis and interpretation of possible functional

mechanisms underlying the identified interactions is limited – we hope to improve

on this in future work.
1For height, for example, our predictive performance on a held-out test set is approximately 86%

of that achieved by BOLT-LMM.
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8.3 DISCUSSION

We now proceed to consider the broader implications of our work, and to compare

our findings with those of a recent related method to detect marginal epistasis that

we introducted in Chapter 1. First, our analysis concurs with previous literature

in showing that epistatic effects generally explain very little heritability. This well-

established finding suggests that the focus of attention for improving the predictive

performance of PGSs should be on further refining and expanding our knowledge

of direct associations through larger samples of more diverse ethnicities, and better

annotations of function.

Second, while the interactions we identified do not contribute significantly to

phenotypic variation and consequently to heritability, a first examination of their

functional implications suggests that much can be learned about key biological

processes, such as gene regulation – and, more generally, the pathways underlying

different traits and diseases – by modelling non-linear genetic effects. A key open

problem in statistical genetics remains the large gulf that exists between the results

of statistical association testing and the functional basis of phenotypes – greater

attention to epistatic interactions could contribute towards bridging this gap.

Third, we noted above that the great majority of the interactions detected through

our method affect only molecular traits, whose genetic architecture is simpler and

which are generally more heritable than more polygenic traits. However, complex

traits like height or BMI are in effect an aggregate result of multiple simpler biological

traits and functions. Therefore, it appears likely to us that highly-polygenic traits – for

which we have found only a few interactions – nevertheless contain several epistatic

interactions in their architecture, and in fact more so than simpler biomarkers. This
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would suggest that a lack of statistical power stands in the way of the identification of

many more interactions for human complex traits.

Fourth, we arguedwhenmotivating our approach that it is biologicallymeaningful

to test for interactions between single variants and groups of other variants that have a

known direct effect on the trait: such interactions could represent the functioning of

homeostatic mechanisms or the final breakdown of a genetically-robust systemwhose

functioning is hampered in disease. That we identified nearly 150 such interactions

for a variety of traits, and that that we could not find pairwise epistatic signals driving

many of these, suggests that this type of interaction is meaningful and deserving of

further study.

Turning now to a comparison with the most closely related existing approach

to interaction testing in the literature, the test for marginal epistasis of Fu et al. [98],

and its application to the UKB, we first note that our analysis covers a larger number

of phenotypes (97 vs. 53). However, even taking this difference into account, our

method is able to identify many more interactions between independent LHS SNPs

and a PGS (these correspond much more closely to marginal epistatic effects than

pairwise interactions): we identify 144 hits across 52 different traits, while Fu et al.

detect only 16 trait–loci pairs. On the surface, the approach proposed in this thesis

therefore appears to be more powerful. Moreover, and as we noted in Chapter 1,

interactions with a PGS are more specific in scope and therefore easier to examine in

downstream analyses – however, a more parsimonious model may be able to identify

different kinds of effects not covered by our framework, such as pure variance effects.

Comparing the 16 trait–loci pairs identified by Fu et al. to our independent LHS

associations, we note that we are able to identify at least seven of these, as we find

either the same variant or a neighbouring SNP in the same region and for the same

trait. This partial overlap between the results of the two methods gives strength to
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both approaches: first, by making the overlapping interactions more credible, thus

validating these two alternative ways of identifying epistatic effects; and second, by

emphasising that the two methods can capture different effects, as might be expected

given their different designs.

8.4 FUTURE WORK

There are multiple avenues for extending the work we have done so far that may

prove fruitful, and we hope to explore some of them. Beginning with the main

project presented in this thesis, future work could focus first on enlarging the list

of interactions found by carefully examining hits for Winsorised traits or where the

interaction was with the full PGS – since such interactions are more likely to be false

positives, this would require careful manual examination. Second, the functional

interpretation of the interactions detected could be improved. Third, we could test

the robustness of our hits by verifying whether they can be replicated in external

datasets, such as FinnGen [311] or the American biobank All of Us [312].

A fourth promising direction for future research is to consider interactions with

sub-components of the PGS determined from biological knowledge, and we believe

this might help overcome some of the shortcomings of our current approach. For

example, one could identify all the variants in a PGS that are located on or near the

binding sites of a particular transcription factor through an analysis of binding motifs,

and then test for an interaction of mutations affecting this transcription factor with a

‘sub-PGS’ comprised of only those variants. In this way, we may be able to identify

promising interactions whose functional interpretation would be powerful and clear.

Now considering the smaller project on HLA variation that we described in

Chapter 7, future work could involve testing for pairwise interactions for the inde-
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pendent LHS hits that we have identified, investigating the functional meaning of the

SNP×PGS and pairwise interactions found – perhaps with special attention paid to

the interaction of DQA1*03:01 for glycated haemoglobin – and, finally, extending the

analysis to a set of diseases for which a reasonable number of cases can be found in

the UKB – given the importance of HLA variation for disease biology, particularly of

autoimmune diseases, this may lead to relevant and clinically-useful findings.
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A Methods: proofs

A .1 PROOF OF PROPOSITION 3.4.2

Proof. We begin by plugging in the true model of yi given in equation (3.11) into the

expression for the OLS estimator given in equation (3.13):

α̂2 =
∑i S2i ∑i xi jSi(Si + λ jxi jRi + εi)
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2 − ∑i S2i xi j∑i Si(Si + λ jxi jRi + εi)
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2 .

Replacing Ri with Si − Qi following equation (3.4), we obtain:

α̂2 =
∑i S2i ∑i xi jSi[Si + λ jxi j(Si − Qi) + εi]

∑i S2i ∑i x2i jS2i − (∑i S2i xi j)
2

− ∑i S2i xi j∑i Si[Si + λ jxi j(Si − Qi) + εi]
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2 .

We now isolate λ j:

α̂2 = λ j

⎡⎢⎢⎢⎢⎣

∑i S2i ∑i x2i jS2i −∑i S2i ∑i x2i jSiQi

∑i S2i ∑i x2i jS2i − (∑i S2i xi j)
2

−∑i S2i xi j∑i S2i xi j −∑i S2i xi j∑i Sixi jQi

∑i S2i ∑i x2i jS2i − (∑i S2i xi j)
2

⎤⎥⎥⎥⎥⎦

+ ∑i S2i ∑i xi jSi(Si + εi)
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2

− ∑i S2i xi j∑i Si(Si + εi)
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2 .
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A.1. Proof of Proposition 3.4.2

Rearranging the first two fractions and cancelling terms in the second two, we

get:

α̂2 = λ j

⎡⎢⎢⎢⎢⎣
1 −
∑i S2i ∑i x2i jSiQi −∑i S2i xi j∑i Sixi jQi

∑i S2i ∑i x2i jS2i − (∑i S2i xi j)
2

⎤⎥⎥⎥⎥⎦

+ ∑i S2i ∑i xi jSiεi −∑i S2i xi j∑i Siεi
∑i S2i ∑i x2i jS2i − (∑i S2i xi j)

2 .

We can now use the Weak Law of Large Numbers (since our samples are assumed

to be i.i.d.) and Slutsky’s Theorem to examine the estimator’s behaviour as the sample

size becomes large:

α̂2
p
Ð→ λ j

⎡⎢⎢⎢⎢⎣
1 −

E(S2i )E(x2i jSiQi) −E(S2i xi j)E(Sixi jQi)

E(S2i )E(x2i jS2i ) − [E(S2i xi j)]
2

⎤⎥⎥⎥⎥⎦

+
E(S2i )E(xi jSiεi) −E(S2i xi j)E(Siεi)

E(S2i )E(x2i jS2i ) − [E(S2i xi j)]
2 .

Since, by assumption, xi j is uncorrelated with Si and S2i , and εi is independent

from xi j and Si , and given that xi j is also assumed to have mean zero, we have:

E(S2i xi j) = E(xi jSiεi) = 0.

Moreover, we assumed E(x2i j) = 1 and that x2i j is uncorrelated with Si ,Qi and S2i ,

which gives:

E(x2i jSiQi) = E(x2i j)E(SiQi) = E(SiQi), and

E(x2i jS2i ) = E(x2i j)E(S2i ) = E(S2i ).

Removing null terms and substituting in these simplified expressions, we obtain:

α̂2
p
Ð→ λ j [1 −

E(S2i )E(SiQi)
[E(S2i )]2

]

p
Ð→ λ j [1 −

E(SiQi)
E(S2i )

] .
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A.2. Proof of Proposition 3.4.3

Finally, since Si = Ri + Qi and all variables have mean zero, we can write:

1 − E(SiQi)
E(S2i )

= E(Si(Si − Qi))
E(S2i )

= Cov(Ri , Si)
Var(Si)

,

which gives the desired result.

A .2 PROOF OF PROPOSITION 3.4.3

Proof. We plug the true model of yi given in equation (3.14) into the expression for

the OLS estimator given in equation (3.16):

α̂2 =
∑i Ŝ2i ∑i xi jŜi(Si + λ jxi jSi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 − ∑i Ŝ2i xi j∑i Ŝi(Si + λ jxi jSi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .

Since Si is now observed with error, we use equation (3.7) to replace it:

α̂2 =
∑i Ŝ2i ∑i xi jŜi[Ŝi − ζi + λ jxi j(Ŝi − ζi) + εi]

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

− ∑i Ŝ2i xi j∑i Ŝi[Ŝi − ζi + λ jxi j(Ŝi − ζi) + εi]

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .

Isolating λ j:

α̂2 = λ j

⎡⎢⎢⎢⎢⎢⎣

∑i Ŝ2i ∑i x2i jŜ2i −∑i Ŝ2i ∑i x2i jŜiζi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

−∑i Ŝ2i xi j∑i Ŝ2i xi j −∑i Ŝ2i xi j∑i Ŝixi jζi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

⎤⎥⎥⎥⎥⎥⎦

+ ∑i Ŝ2i ∑i xi jŜi(Ŝi − ζi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

− ∑i Ŝ2i xi j∑i Ŝi(Ŝi − ζi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .
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A.3. Derivation of main result for Case 4

Rearranging the first two fractions and cancelling terms in the second two, we

get:

α̂2 = λ j

⎡⎢⎢⎢⎢⎢⎣
1 −
∑i Ŝ2i ∑i x2i jŜiζi −∑i Ŝ2i xi j∑i Ŝixi jζi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

⎤⎥⎥⎥⎥⎥⎦

+ ∑i Ŝ2i xi j∑i Ŝi(ζi − εi) −∑i Ŝ2i ∑i xi jŜi(ζi − εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .

Using the Weak Law of Large Numbers and Slutsky’s Theorem as before:

α̂2
p
Ð→ λ j

⎡⎢⎢⎢⎢⎣
1 −

E(Ŝ2i )E(x2i jŜiζi) −E(Ŝ2i xi j)E(Ŝixi jζi)
E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]2

⎤⎥⎥⎥⎥⎦

+
E(Ŝ2i xi j)E(Ŝi(ζi − εi)) −E(Ŝ2i )E(xi jŜi(ζi − εi))

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]2
.

Since, by assumption, xi j is uncorrelated with Ŝi , Ŝ2i , ζi and εi , and x2i j is uncorrel-

ated with Ŝi , Ŝ2i and ζi , the expression above simplifies to:

α̂2
p
Ð→ λ j [1 −

E(Ŝi , ζi)
E(Ŝ2i )

] .

And given that Ŝi = Si + ζi by construction, we can write:

α̂2
p
Ð→ λ j

Cov(Ŝi , Si)
Var(Ŝi)

.

A .3 DERIVATION OF MAIN RESULT FOR CASE 4

We plug the truemodel of yi from equation (3.17) into the expression for the estimator

given in equation (3.16):

α̂2 =
∑i Ŝ2i ∑i xi jŜi(Si + λ jxi jRi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 − ∑i Ŝ2i xi j∑i Ŝi(Si + λ jxi jRi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .
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A.3. Derivation of main result for Case 4

We now use equation (3.8) to replace Ri:

α̂2 =
∑i Ŝ2i ∑i xi jŜi[Ŝi − ζi + λ jxi j(Ŝi − ζi − Qi) + εi]

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

− ∑i Ŝ2i xi j∑i Ŝi[Ŝi − ζi + λ jxi j(Ŝi − ζi − Qi) + εi]

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .

Isolating λ j:

α̂2 = λ j

⎡⎢⎢⎢⎢⎢⎣

∑i Ŝ2i ∑i x2i jŜ2i −∑i Ŝ2i ∑i x2i jŜiζi −∑i Ŝ2i ∑i x2i jŜiQi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

−∑i Ŝ2i xi j∑i Ŝ2i xi j −∑i Ŝ2i xi j∑i Ŝixi jζi −∑i Ŝ2i xi j∑i Ŝixi jQi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

⎤⎥⎥⎥⎥⎥⎦

+ ∑i Ŝ2i ∑i xi jŜi(Ŝi − ζi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

− ∑i Ŝ2i xi j∑i Ŝi(Ŝi − ζi + εi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .

Rearranging and cancelling terms, we obtain:

α̂2 = λ j

⎡⎢⎢⎢⎢⎢⎣
1 −
∑i Ŝ2i ∑i x2i jŜi(ζi + Qi) −∑i Ŝ2i xi j∑i Ŝixi j(ζi + Qi)

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

⎤⎥⎥⎥⎥⎥⎦

− ∑i Ŝ2i ∑i xi jŜiζi −∑i Ŝ2i xi j∑i Ŝiζi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2

+ ∑i Ŝ2i ∑i xi jŜiεi −∑i Ŝ2i xi j∑i Ŝiεi

∑i Ŝ2i ∑i x2i jŜ2i − (∑i Ŝ2i xi j)
2 .
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A.3. Derivation of main result for Case 4

Finally we compute the probability limit:

α̂2
p
Ð→ λ j

⎡⎢⎢⎢⎢⎢⎣
1 −

E(Ŝ2i )E(x2i jŜiζi) −E(Ŝ2i xi j)E(Ŝixi jζi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2

−
E(Ŝ2i )E(x2i jŜiQi) −E(Ŝ2i xi j)E(Ŝixi jQi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2

⎤⎥⎥⎥⎥⎥⎦

−
E(Ŝ2i )E(xi jŜiζi) −E(Ŝ2i xi j)E(Ŝiζi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2

+
E(Ŝ2i )E(xi jŜiεi) −E(Ŝ2i xi j)E(Ŝiεi)

E(Ŝ2i )E(x2i jŜ2i ) − [E(Ŝ2i xi j)]
2 .

Since εi is assumed to be independent of xi j and Ŝi , the fraction in the last line is

equal to zero. Rearranging terms gives the desired expression.
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B Data: list of traits

Table B.1: List of 97 quantitative traits analysed.
(continued on the next two pages)

Trait category Description

Body size measures Waist circumference
Body size measures Hip circumference
Body size measures Waist-to-hip ratio
Body size measures Standing height
Body size measures Sitting height
Body size measures Sitting height, relative
Body size measures Leg length
Body size measures Leg length, relative
Body size measures Body mass index (BMI)
Body size measures Weight
Impedance measures Body fat percentage
Impedance measures Whole body fat mass
Impedance measures Whole body fat-free mass
Impedance measures Whole body water mass
Impedance measures Basal metabolic rate
Impedance measures Leg fat percentage (left)
Impedance measures Leg fat mass (left)
Impedance measures Leg fat-free mass (left)
Impedance measures Leg predicted mass (left)
Impedance measures Arm fat percentage (left)
Impedance measures Arm fat mass (left)
Impedance measures Arm fat-free mass (left)
Impedance measures Arm predicted mass (left)
Impedance measures Trunk fat percentage
Impedance measures Trunk fat mass
Impedance measures Trunk fat-free mass
Impedance measures Trunk predicted mass

198



199

Table B.1: (continued from the previous page)

Trait category Description

Blood pressure Pulse rate
Blood pressure Diastolic blood pressure
Blood pressure Systolic blood pressure
Urine assays Creatinine (enzymatic) in urine
Urine assays Sodium in urine
Blood count White blood cell (leukocyte) count
Blood count Red blood cell (erythrocyte) count
Blood count Haemoglobin concentration
Blood count Haematocrit percentage
Blood count Mean corpuscular volume
Blood count Mean corpuscular haemoglobin
Blood count Mean corpuscular haemoglobin concentration
Blood count Red blood cell (erythrocyte) distribution width
Blood count Platelet count
Blood count Platelet crit
Blood count Mean platelet (thrombocyte) volume
Blood count Platelet distribution width
Blood count Lymphocyte count
Blood count Monocyte count
Blood count Neutrophil count
Blood count Eosinophil count
Blood count Lymphocyte percentage
Blood count Monocyte percentage
Blood count Neutrophil percentage
Blood count Eosinophil percentage
Blood count Basophil percentage
Blood count Reticulocyte percentage
Blood count Reticulocyte count
Blood count Mean reticulocyte volume
Blood count Mean sphered cell volume
Blood count Immature reticulocyte fraction
Blood count High light scatter reticulocyte percentage
Blood count High light scatter reticulocyte count
Blood biochemistry Albumin (g/L)
Blood biochemistry Alkaline phosphatase (U/L)
Blood biochemistry Alanine aminotransferase (U/L)
Blood biochemistry Apoliprotein A (g/L)
Blood biochemistry Apoliprotein B (g/L)
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Table B.1: (continued from the previous page)

Blood biochemistry Aspartate aminotransferase (U/L)
Blood biochemistry Direct bilirubin (umol/L)
Blood biochemistry Urea (mmol/L)
Blood biochemistry Calcium (mmol/L)
Blood biochemistry Cholesterol (mmol/L)
Blood biochemistry Creatinine (umol/L)
Blood biochemistry C-reactive protein (mg/L)
Blood biochemistry Cystatin C (mg/L)
Blood biochemistry Gamma glutamyltransferase (U/L)
Blood biochemistry Glucose (mmol/L)
Blood biochemistry Glycated haemoglobin (mmol/mol)
Blood biochemistry HDL cholesterol (mmol/L)
Blood biochemistry IGF-1 (nmol/L)
Blood biochemistry LDL direct (mmol/L)
Blood biochemistry Lipoprotein A (nmol/L)
Blood biochemistry Phosphate (mmol/L)
Blood biochemistry SHBG (nmol/L)
Blood biochemistry Total bilirubin (umol/L)
Blood biochemistry Testosterone (nmol/L)
Blood biochemistry Total protein (g/L)
Blood biochemistry Triglycerides (mmol/L)
Blood biochemistry Urate (umol/L)
Blood biochemistry Vitamin D (nmol/L)
Other traits Hand grip strength (left)
Other traits Heel bone mineral density (BMD) T-score
Other traits Number of incorrect matches in round
Other traits Ankle spacing width
Other traits Fluid intelligence score
Other traits Mean time to correctly identify matches
Other traits Forced expiratory volume in 1-second (FEV1)
Other traits Forced vital capacity (FVC), Best measure
Other traits FEV1/FVC ratio



C Simulations: supplementary results

Table C.1: False positives in null simulations with α = 0, a heritability of 0.6 and
QN residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 0 0 0 0 0 0
100 Reg. Bef. 0 0 0 0 0 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 0 0 0 0 0 0
100 Cl. Bef. 0 0 0 0 0 0
100 Cl. Aft. 1 7.88 × 10−8 1 0 0 0
1K Reg. – 1 7.88 × 10−8 1 0 0 0
1K Reg. Bef. 0 0 0 0 0 0
1K Reg. Aft. 1 7.88 × 10−8 1 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 0 0 0 5 3.94 × 10−7 1
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 1 7.88 × 10−8 1 1 7.88 × 10−8 0
10K Reg. Bef. 1 7.88 × 10−8 1 0 0 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 0 0 0 0 0 0
10K Cl. Bef. 0 0 0 0 0 0
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 2.19 × 10−8 2.63 × 10−8
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Table C.2: False positives in null simulations with α = −0.5, a heritability of 0.3
and QN residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 1 7.88 × 10−8 1 1 7.88 × 10−8 0
100 Reg. Bef. 2 1.58 × 10−7 1 2 1.58 × 10−7 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 0 0 0 1 7.88 × 10−8 1
100 Cl. Bef. 0 0 0 0 0 0
100 Cl. Aft. 0 0 0 0 0 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 1 7.88 × 10−8 1 1 7.88 × 10−8 1
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 0 0 0 0 0 0
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 1 7.88 × 10−8 1 0 0 0
10K Reg. Aft. 1 7.88 × 10−8 1 0 0 0
10K Cl. – 0 0 0 1 7.88 × 10−8 1
10K Cl. Bef. 0 0 0 0 0 0
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 2.63 × 10−8 2.63 × 10−8
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Table C.3: False positives in null simulations with α = −0.5, a heritability of 0.6
and QN residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 0 0 0 0 0 0
100 Reg. Bef. 0 0 0 0 0 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 4 3.15 × 10−7 1 0 0 0
100 Cl. Bef. 3 2.36 × 10−7 2 38 2.99 × 10−6 2
100 Cl. Aft. 0 0 0 0 0 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 0 0 0 0 0 0
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 1 7.88 × 10−8 1
1K Cl. Bef. 1 7.88 × 10−8 1 1 7.88 × 10−8 0
1K Cl. Aft. 1 7.88 × 10−8 1 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 3 2.36 × 10−7 2 1 7.88 × 10−8 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 0 0 0 0 0 0
10K Cl. Bef. 0 0 0 2 1.58 × 10−7 1
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 5.25 × 10−8 1.88 × 10−7
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Table C.4: False positives in null simulations with α = 0, a heritability of 0.3 and
Winsorised residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 0 0 0 0 0 0
100 Reg. Bef. 2 1.58 × 10−7 1 0 0 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 0 0 0 0 0 0
100 Cl. Bef. 0 0 0 0 0 0
100 Cl. Aft. 0 0 0 0 0 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 0 0 0 0 0 0
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 0 0 0 0 0 0
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 0 0 0 0 0 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 0 0 0 0 0 0
10K Cl. Bef. 0 0 0 0 0 0
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 8.76 × 10−9 0
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Table C.5: False positives in null simulations with α = 0, a heritability of 0.6 and
Winsorised residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 0 0 0 0 0 0
100 Reg. Bef. 0 0 0 0 0 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 0 0 0 0 0 0
100 Cl. Bef. 311 2.45 × 10−5 6 494 3.89 × 10−5 1
100 Cl. Aft. 0 0 0 0 0 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 0 0 0 0 0 0
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 0 0 0 0 0 0
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 0 0 0 0 0 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 0 0 0 0 0 0
10K Cl. Bef. 0 0 0 0 0 0
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 1.36 × 10−6 2.16 × 10−6
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Table C.6: False positives in null simulations with α = −0.5, a heritability of 0.3
and Winsorised residuals.

SNPs Arc. Tr. LOCO PGS Full PGS
GWS FPR Ind. GWS FPR Ind.

100 Reg. – 0 0 0 0 0 0
100 Reg. Bef. 2 1.58 × 10−7 1 0 0 0
100 Reg. Aft. 0 0 0 0 0 0
100 Cl. – 0 0 0 1 7.88 × 10−8 1
100 Cl. Bef. 7 5.52 × 10−7 1 7 5.52 × 10−7 0
100 Cl. Aft. 0 0 0 0 0 0
1K Reg. – 0 0 0 0 0 0
1K Reg. Bef. 0 0 0 1 7.88 × 10−8 0
1K Reg. Aft. 0 0 0 0 0 0
1K Cl. – 0 0 0 0 0 0
1K Cl. Bef. 0 0 0 0 0 0
1K Cl. Aft. 0 0 0 0 0 0
10K Reg. – 0 0 0 0 0 0
10K Reg. Bef. 1 7.88 × 10−8 1 0 0 0
10K Reg. Aft. 0 0 0 0 0 0
10K Cl. – 0 0 0 0 0 0
10K Cl. Bef. 0 0 0 0 0 0
10K Cl. Aft. 0 0 0 0 0 0
Combined FPR 4.38 × 10−8 3.94 × 10−8
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure C.1: Manhattan and QQ plots of results from the SNP×PGS interaction GWASs
with the LOCO or full PGSs: null simulation with 100 causal loci, a regular architecture, a
sigmoid transformation applied before adding noise, an α parameter of 0, a heritability of 0.3
and Winsorised residuals.
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure C.2: Manhattan and QQ plots of results from the SNP×PGS interaction GWASs
with the LOCO or full PGSs: null simulation with 100 causal loci, a clustered architecture, a
sigmoid transformation applied before adding noise, an α parameter of -0.5, a heritability of
0.6 and Winsorised residuals.
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(a) LOCO PGS

(b) Full PGS

(c) LOCO PGS (d) Full PGS

Figure C.3: Manhattan and QQ plots of results from the SNP×PGS interaction GWASs
with the LOCO or full PGSs: null simulation with 100 causal loci, a clustered architecture, a
sigmoid transformation applied before adding noise, an α parameter of -0.5, a heritability of
0.6 and QN residuals.



Table C.7: Log-transformed p-values with sign of corresponding coefficient obtained from
SNP×PGS interaction testing for simulated traits with α = 0 and Winsorised residuals.

MAF Coeff. Sign Type # SNPs
affected

Trait 1
Effect: 1%

Trait 2
Effect: 10%

Trait 3
Effect: 50%

Trait 4
Effect: 100%

LOCO Full LOCO Full LOCO Full LOCO Full

0.38 0.7 - Direct effect 1 -0.1 0 -0.4 -0.5 -1.5 -2 -2 -2.3
0.42 -0.1 + Direct effect 1 -0.3 -0.3 0 0.1 0.7 0.9 1.1 1.1
0.28 0.84 - Direct effect 2% 0 -0.1 0.3 0.3 -0.9 -1 -6.9 -7.2
0.46 1.09 - Direct effect 2% -0.3 -0.2 -0.9 -1.3 -4.4 -4 -8.4 -8.2
0.13 -1.04 + Direct effect 10% 3 3.3 4.2 4.3 63.3 65.3 217.2 220.2
0.34 -1.86 + Direct effect 10% 0.3 0.4 1.1 0.8 38 39.7 134.7 132.3
0.12 -0.18 - Direct effect 100% -1 -0.7 -135.7 -127.1 -3788.7 -3574.5 -2326.1 -2200.5
0.42 -0.01 + Direct effect 100% 2.2 2.8 301.3 293.6 8754.7 8474.6 5445.6 5279.4
0.11 0 - No direct effect 1 -0.1 -0.1 0.1 0 -1 -1 0 0
0.45 0 + No direct effect 1 1.3 1.1 -0.1 -0.2 1.4 1.4 2.2 2
0.08 0 - No direct effect 2% -0.3 -0.3 -0.7 -0.9 -4.6 -4.1 -6.2 -6.2
0.29 0 - No direct effect 2% -1.4 -1.2 -1.1 -1.1 -3.5 -3.8 -22.2 -22.9
0.25 0 + No direct effect 10% 0.2 0.4 1.4 1.6 36.4 37.5 151.7 155.6
0.39 0 - No direct effect 10% 0.4 0.5 -2 -1.8 -39.7 -38.4 -158.3 -153.4
0.08 0 + No direct effect 100% 3.6 2.9 93 90.8 2293.3 2222.2 1448.9 1400.8
0.29 0 + No direct effect 100% 4.5 3.9 282.1 258.3 6887.3 6436.9 4335.4 4047.1
0.05 0 - Biased inter. sign 1 0.4 0.5 -0.9 -1.2 -2.3 -2.4 -1.5 -1.6
0.1 0 - Biased inter. sign 1 0 0.1 -0.1 -0.2 0.1 0.1 -0.3 -0.2
0.08 0 + Biased inter. sign 2% 0.2 0.2 0.3 0.4 4 4.5 9.6 10.3
0.08 0 + Biased inter. sign 2% 0.4 0.4 0.8 0.6 0.5 0.6 1.8 1.8
0.14 0 + Biased inter. sign 10% -0.2 -0.1 2.8 3.4 36.4 35.6 150.3 141.4
0.3 0 + Biased inter. sign 10% 0.8 0.7 1.5 1.3 39.1 26.6 199 134.3



Table C.8: Log-transformed p-values with sign of corresponding coefficient obtained from
SNP×PGS interaction testing for simulated traits with α = −0.5 and QN residuals.

MAF Coeff. Sign Type # SNPs
affected

Trait 1
Effect: 1%

Trait 2
Effect: 10%

Trait 3
Effect: 50%

Trait 4
Effect: 100%

LOCO Full LOCO Full LOCO Full LOCO Full

0.38 0.7 - Direct effect 1 0 -0.1 0.6 0.6 -1.7 -1.7 -1.8 -2
0.42 -0.1 + Direct effect 1 0.2 0.3 0.3 0.3 0.9 1 0 0.1
0.28 0.84 - Direct effect 2% 0.2 0.3 -0.5 -0.6 -3.1 -3.1 -11.5 -11.3
0.46 1.09 - Direct effect 2% 0.2 0.1 -0.5 -0.3 -4.8 -4.6 -8.6 -8.3
0.13 -1.04 + Direct effect 10% 1.5 1.3 3.6 3.6 46.5 48 199 201
0.34 -1.86 + Direct effect 10% -0.2 -0.1 2.8 3.2 32.4 34 156.7 157.8
0.12 -0.18 - Direct effect 100% -4.1 -3.2 -161.1 -152.8 -3651.2 -3434.4 -2220.7 -2099.1
0.42 -0.01 + Direct effect 100% 5 4.9 358.9 351.7 8104.4 7856.3 5108.2 4973.7
0.11 0 - No direct effect 1 -0.2 -0.2 0.5 0.4 -0.5 -0.5 -0.1 0
0.45 0 + No direct effect 1 0.2 0.2 -0.6 -0.7 1.4 1.5 1.1 1.2
0.08 0 - No direct effect 2% -0.1 -0.1 -0.3 -0.2 -4.1 -3.8 -7.7 -7.1
0.29 0 - No direct effect 2% -0.4 -0.4 -1.2 -1.3 -3.1 -3.3 -15.2 -16.3
0.25 0 + No direct effect 10% 0 0.1 1.7 1.9 36.3 37.2 143.2 147
0.39 0 - No direct effect 10% -0.1 -0.2 -4.1 -4.7 -45.5 -42.1 -168.7 -159.8
0.08 0 + No direct effect 100% 3.7 3.5 120.7 115.9 2172.1 2094.4 1401.9 1355
0.29 0 + No direct effect 100% 4.5 3.5 299.4 289.9 6441.1 6050.5 4067.1 3833.2
0.05 0 - Biased inter. sign 1 -0.2 -0.2 0.1 0 -0.8 -1.1 -0.8 -0.9
0.1 0 - Biased inter. sign 1 -0.6 -0.6 -0.4 -0.3 0.3 0.3 -0.2 -0.2
0.08 0 + Biased inter. sign 2% 0 0.2 0.7 0.6 2.1 2.2 6 6.6
0.08 0 + Biased inter. sign 2% -0.4 -0.4 -0.1 -0.1 1.1 1.3 2.5 2.5
0.14 0 + Biased inter. sign 10% 0.4 0.4 0.8 0.7 34.1 32.3 158 149.6
0.3 0 + Biased inter. sign 10% -0.7 -0.6 1.7 1.3 40.5 32.4 194.4 148.4



Table C.9: Log-transformed p-values with sign of corresponding coefficient obtained from
SNP×PGS interaction testing for simulated traits with α = −0.5 and Winsorised residuals.

MAF Coeff. Sign Type # SNPs
affected

Trait 1
Effect: 1%

Trait 2
Effect: 10%

Trait 3
Effect: 50%

Trait 4
Effect: 100%

LOCO Full LOCO Full LOCO Full LOCO Full

0.38 0.7 - Direct effect 1 -0.3 -0.4 0.4 0.3 -1.4 -1.4 -1.9 -2.1
0.42 -0.1 + Direct effect 1 0.1 0.2 0.2 0.2 0.8 0.9 0 0.1
0.28 0.84 - Direct effect 2% 0.4 0.4 -0.3 -0.3 -3.2 -3 -10.3 -10.4
0.46 1.09 - Direct effect 2% 0.2 0.1 -0.3 -0.2 -5.8 -5.7 -9.3 -9.1
0.13 -1.04 + Direct effect 10% 1.3 1 2.8 2.8 48.6 50.2 204.8 206.4
0.34 -1.86 + Direct effect 10% -0.2 -0.1 2.6 2.9 36.4 37.3 166.5 166.7
0.12 -0.18 - Direct effect 100% -3.1 -2.4 -137.9 -130.9 -3548.4 -3344.1 -2307.7 -2180.4
0.42 -0.01 + Direct effect 100% 4.1 4 294.4 290 8251.9 8019 5320.1 5176.1
0.11 0 - No direct effect 1 -0.1 -0.2 0.4 0.3 -0.3 -0.3 -0.1 0
0.45 0 + No direct effect 1 0.2 0.3 -0.8 -0.8 2.3 2.3 1.5 1.6
0.08 0 - No direct effect 2% 0 0 -0.3 -0.2 -3.9 -3.6 -6.5 -6
0.29 0 - No direct effect 2% -0.5 -0.4 -1.5 -1.6 -3 -3.2 -15.7 -16.4
0.25 0 + No direct effect 10% 0.3 0.5 1.8 1.9 35 36 143.8 148.1
0.39 0 - No direct effect 10% 0 -0.1 -3.3 -3.8 -46 -42.6 -179.8 -168.7
0.08 0 + No direct effect 100% 3.8 3.8 100.8 97.2 2164.3 2085.3 1420.2 1372.1
0.29 0 + No direct effect 100% 4.4 3.3 247 239.5 6625 6248.2 4239.1 3989.8
0.05 0 - Biased inter. sign 1 -0.4 -0.4 0 0 -0.7 -1 -0.6 -0.8
0.1 0 - Biased inter. sign 1 -0.5 -0.5 -0.5 -0.3 0.1 0.1 -0.3 -0.3
0.08 0 + Biased inter. sign 2% -0.1 0.1 1 0.8 2.3 2.1 6.6 7.1
0.08 0 + Biased inter. sign 2% -0.5 -0.4 -0.3 -0.3 0.8 0.9 2.2 2.2
0.14 0 + Biased inter. sign 10% 0.3 0.3 0.4 0.3 35.1 33.5 161.3 153.5
0.3 0 + Biased inter. sign 10% -1 -1.1 1.8 1.3 40.4 33.2 203 154.7



D Alkaline phosphatase: supplementary
results

213



214

(a) QN residuals

(b) Winsorised residuals

(c) QN residuals (d) Winsorised residuals

Figure D.1: Manhattan and QQ plots of results from original GWAS: ALP with QN or
Winsorised residuals.
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Table E.1: Independent ‘LHS’ hits with signed log-transformed p-values from SNP × PGS
GWASs with QN residuals for all traits. (continued on the next six pages)

The ID column shows a ‘positional’ identifier for each SNP (CHR:POS:REF:ALT), the A1
column the minor allele whose effect is measured in the GWAS and the Consequence and Gene
columns functional information taken from the VEP dataset. The p-values shown in the final
two columns are log-transformed and have the same sign as the corresponding coefficient.

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Waist circumference rs6691427 1:203510048:G:C C 0.489 Intergenic var. – 7.6 1.2
Waist circumference rs35608615 6:27040402:G:C C 0.136 Intergenic var. – 9.7 0.3
Hip circumference rs13219354 6:27185664:T:C C 0.137 Intergenic var. – 8.2 5.7
Waist-to-hip ratio rs5835988 2:165501927:T:TG TG 0.406 Intergenic var. – 8.0 -22.2
BMI rs112132062 3:131655987:A:C C 0.035 Intron var. CPNE4 7.3 0.7
BMI rs13191326 6:27031029:A:G G 0.136 Upstream gene var. VN1R13P 11.1 2.1
Body fat % rs34927463 1:219652467:T:TG T 0.332 Regulatory region var. – 9.7 22.5
Body fat % rs35526527 6:27042287:C:A A 0.136 Intergenic var. – 7.9 4.1
Body fat % rs56094641 16:53806453:A:G G 0.404 Intron var. FTO 8.1 97.9
Whole body fat mass rs67457459 6:27198343:T:G G 0.137 Intergenic var. – 8.7 4.4
Whole body fat mass rs35924649 17:73181927:G:GT GT 0.050 Upstream gene var. SUMO2 7.5 1.1
Whole body fat-free mass rs72934653 6:97654656:A:G G 0.010 Intron var. MMS22L 7.7 -0.3
Whole body water mass rs72934653 6:97654656:A:G G 0.010 Intron var. MMS22L 7.4 -0.3
Basal metabolic rate rs59373875 6:149509343:T:G G 0.075 Intergenic var. – 7.7 1.3
Leg fat % rs34927463 1:219652467:T:TG T 0.332 Regulatory region var. – 8.7 11.8
Leg fat % rs10195252 2:165513091:T:C C 0.407 Intron var. COBLL1 7.4 15.3
Leg fat mass rs779470261 3:131646163:CTCTAA:C C 0.263 Intron var. CPNE4 7.8 12.0
Leg fat mass rs67457459 6:27198343:T:G G 0.137 Intergenic var. – 9.7 3.3



Table E.1: (continued from the previous page)

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Arm fat % rs13191326 6:27031029:A:G G 0.136 Upstream gene var. VN1R13P 9.8 2.2
Arm fat % rs1421085 16:53800954:T:C C 0.402 Intron var. FTO 8.5 120.7
Arm fat mass rs6801798 3:131589085:T:G G 0.278 Intron var. CPNE4 7.6 14.2
Arm fat mass rs35608615 6:27040402:G:C C 0.136 Intergenic var. – 10.6 2.6
Arm fat mass rs1421085 16:53800954:T:C C 0.402 Intron var. FTO 7.8 152.4
Arm predicted mass rs72934653 6:97654656:A:G G 0.010 Intron var. MMS22L 7.6 -0.2
Trunk fat % rs2605111 1:219656650:C:G C 0.328 Intergenic var. – 8.5 29.4
Trunk fat mass rs13212921 6:27205422:C:T T 0.137 Intergenic var. – 8.0 5.0
Pulse rate rs116372144 5:137287666:G:A A 0.127 Intron var. FAM13B 7.5 -19.6
Pulse rate rs236352 6:36817113:A:G A 0.339 Intergenic var. – 8.2 -21.0
Pulse rate rs11047527 12:24762501:A:C C 0.151 Intergenic var. – 16.6 -84.2
Diastolic blood pressure rs12321528 12:642276:A:G G 0.007 Intron var. B4GALNT3 -7.6 0.0
White blood cell count rs145164263 18:38541168:G:A A 0.012 Intergenic var. – 7.8 0.2
Red blood cell count rs1435547 2:11738091:T:C T 0.002 Synonymous var. GREB1 7.4 0.2
Mean corpuscular haemoglobin rs570013781 16:149539:G:A A 0.002 Intron var. NPRL3 14.8 -172.8
Red blood cell distribution width rs3811444 1:248039451:C:T T 0.334 Missense var. TRIM58 18.2 -169.9
Red blood cell distribution width rs3812049 5:127418850:C:G C 0.259 Noncoding transcript exon var. CTC-228N24.3 13.7 -342.2
Red blood cell distribution width rs2596546 6:31329386:A:G G 0.323 Upstream gene var. HLA-B 7.4 11.0
Platelet count rs35350651 12:111907431:A:AC A 0.496 Intron var. ATXN2 7.9 315.0
Platelet crit rs7310615 12:111865049:C:G C 0.482 Intron var. SH2B3 11.2 447.1
Mean platelet volume rs1354034 3:56849749:T:C T 0.399 Intron var. ARHGEF3 -29.1 1862.8



Table E.1: (continued from the previous page)

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Mean platelet volume rs415064 20:57597971:G:C C 0.047 Missense var. TUBB1 12.8 -91.4
Platelet distribution width rs1354034 3:56849749:T:C T 0.399 Intron var. ARHGEF3 21.1 -0.1
Platelet distribution width rs4841097 8:8946163:G:A G 0.222 Intron var. ERI1 -9.0 122.4
Platelet distribution width rs55966801 11:200343:T:C C 0.231 Intron var. BET1L -14.4 19.0
Platelet distribution width – 17:27833678:AGATT:A A 0.450 Intron var. TAOK1 -9.7 -2.4
Lymphocyte count rs200932087 9:77077999:T:TA TA 0.005 Intergenic var. – -7.5 1.3
Eosinophil count rs9271681 6:32592918:C:T T 0.321 Upstream gene var. HLA-DQA1 -9.5 -36.5
Eosinophil count rs2024049 7:75496097:C:T C 0.499 Intron var. RHBDD2 -10.2 2.7
Eosinophil count rs928413 9:6213387:G:A G 0.259 Upstream gene var. IL33 9.3 247.5
Monocyte % rs6429432 1:236107241:A:C A 0.108 Upstream gene var. RP5-940F7.2 -10.5 33.2
Neutrophil % rs115866005 4:27925743:T:C C 0.017 Intergenic var. – -7.4 0.4
Eosinophil % rs2239704 6:31540141:A:C A 0.383 5’-UTR var. LTA 11.5 -5.6
Eosinophil % rs2024050 7:75460393:A:G A 0.104 Upstream gene var. AC005102.1 -9.1 49.1
Eosinophil % rs2381416 9:6193455:C:A C 0.264 Upstream gene var. RP11-575C20.1 10.4 258.1
Eosinophil % rs34108746 11:57146225:A:G G 0.078 Missense var. PRG3 15.4 -40.7
Eosinophil % rs4766897 12:112179471:T:C T 0.340 Intron var. ACAD10 -7.4 107.1
Reticulocyte count rs192425119 6:103929691:G:A A 0.001 Intergenic var. – 8.2 -0.6
Alkaline phosphatase rs77569513 1:21449335:G:A A 0.009 Intron var. EIF4G3 12.4 -3.3
Alkaline phosphatase rs10465542 1:21859507:A:G G 0.222 Intron var. ALPL -22.8 -27.7
Alkaline phosphatase rs149356924 1:21875506:T:C C 0.004 Intron var. ALPL 15.7 -46.4
Alkaline phosphatase rs573303250 1:22138578:G:A A 0.001 Upstream gene var. LDLRAD2 10.8 -19.1



Table E.1: (continued from the previous page)

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Alkaline phosphatase rs145223095 1:22361255:C:T T 0.008 Downstream gene var. LINC00339 14.4 -28.5
Alkaline phosphatase rs635634 9:136155000:C:T T 0.186 Upstream gene var. ABO 49.1 -2348.5
Alanine aminotransferase rs13141441 4:88212722:G:A A 0.284 Regulatory region var. – -16.4 -52.1
Alanine aminotransferase rs756350040 19:19370340:TGACA:T T 0.074 Intron var. HAPLN4 13.1 79.6
Alanine aminotransferase rs429358 19:45411941:T:C C 0.156 Missense var. APOE -8.8 -40.7
Alanine aminotransferase rs738409 22:44324727:C:G G 0.216 Missense var. PNPLA3 59.6 274.1
Apoliprotein A rs9274474 6:32633683:C:T T 0.257 Intron var. HLA-DQB1 11.1 -4.0
Aspartate aminotransferase rs1150755 6:32038550:C:T T 0.174 Intron var. TNXB 10.2 -79.8
Aspartate aminotransferase rs1926736 10:17891705:A:G A 0.380 Missense var. MRC1L1 11.6 -649.9
Aspartate aminotransferase – 10:101101889:GT:G G 0.002 Intron var. CNNM1 35.1 -84.2
Aspartate aminotransferase rs756350040 19:19370340:TGACA:T T 0.074 Intron var. HAPLN4 9.5 42.4
Aspartate aminotransferase rs3747207 22:44324855:G:A A 0.215 Intron var. PNPLA3 21.2 277.0
Direct bilirubin rs34983651 2:234668879:C:CAT CAT 0.312 Intron var. UGT1A6 -195.7 12889.0
Direct bilirubin rs78833965 6:25804921:T:A A 0.114 Intron var. SLC17A1 -8.2 28.1
Direct bilirubin rs72805692 10:71099109:A:G G 0.116 Intron var. HK1 -10.8 60.4
Direct bilirubin rs10841648 12:20954557:C:A C 0.339 Intergenic var. – -19.1 112.4
Direct bilirubin rs7132068 12:21099892:G:C G 0.252 Intron var. LST3 -25.0 176.4
Direct bilirubin rs11045630 12:21125521:T:C C 0.198 Intron var. LST3 -18.6 130.0
Direct bilirubin rs11519275 12:21363713:G:C C 0.213 Intron var. SLCO1B1 -17.4 205.4
Direct bilirubin rs57743625 12:21367633:G:A A 0.159 Intron var. SLCO1B1 -42.5 426.1
Direct bilirubin rs4149074 12:21370682:C:T T 0.349 Intron var. SLCO1B1 -15.7 127.2



Table E.1: (continued from the previous page)

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Cholesterol rs2954018 8:126477153:C:T C 0.298 Upstream gene var. RP11-136O12.2 7.9 39.3
Cholesterol – 11:116623213:TA:T TA 0.139 Intron var. BUD13 10.6 79.9
Cholesterol rs747875948 19:11189298:CG:C C 0.114 Intergenic var. – -20.7 -391.3
Cholesterol rs814573 19:45424351:A:T T 0.188 Downstream gene var. APOC1 9.3 453.8
Cystatin C rs144750909 18:49054586:G:A A 0.010 Intron var. RP11-267C16.1 7.4 0.0
Cystatin C rs185932638 20:21931106:T:C C 0.002 Intron var. RP5-1185K9.1 7.7 -0.2
Cystatin C rs2405367 20:23622880:G:A A 0.216 Upstream gene var. CST3 28.7 -4056.8
Cystatin C rs139450906 20:23626256:C:T T 0.017 Intergenic var. – 8.0 -4.9
Cystatin C rs77149469 20:24100352:C:T T 0.002 Regulatory region var. – 13.2 -31.5
Glycated haemoglobin rs560887 2:169763148:T:C T 0.299 Intron var. G6PC2 8.5 -351.3
Glycated haemoglobin rs1799945 6:26091179:C:G G 0.151 Missense var. HFE 10.7 -122.2
Glycated haemoglobin rs1800562 6:26093141:G:A A 0.078 Missense var. HFE 8.7 -172.6
Glycated haemoglobin rs35371668 6:32561638:C:T T 0.182 Upstream gene var. HLA-DRB1 13.5 -1.2
Glycated haemoglobin rs34265667 8:41542093:G:A A 0.035 Synonymous var. ANK1 14.6 -114.2
Glycated haemoglobin rs4737010 8:41630447:G:A A 0.228 Intron var. ANK1 -12.4 169.9
Glycated haemoglobin – 9:91392686:TTC:T T 0.054 Intergenic var. – 7.6 -94.5
Glycated haemoglobin rs17476364 10:71094504:T:C C 0.110 Intron var. HK1 38.9 -1615.1
Glycated haemoglobin rs7903146 10:114758349:C:T T 0.290 Intron var. TCF7L2 30.4 180.7
Glycated haemoglobin rs3184504 12:111884608:T:C T 0.482 Missense var. SH2B3 7.4 -29.7
Glycated haemoglobin rs17817288 16:53807764:A:G G 0.482 Intron var. FTO 7.7 12.4
Glycated haemoglobin rs2748424 17:76124865:C:G G 0.190 Intron var. TMC6 -9.0 182.9



Table E.1: (continued from the previous page)

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Glycated haemoglobin rs59616136 19:17252041:G:A A 0.093 Intron var. MYO9B 7.7 -75.8
Glycated haemoglobin rs6000553 22:37469192:A:G A 0.468 Intron var. TMPRSS6 -11.0 135.1
HDL cholesterol rs2740488 9:107661742:A:C C 0.264 Intron var. ABCA1 -10.6 -151.4
HDL cholesterol rs191986139 11:39515079:T:C C 0.005 Intergenic var. – -7.9 -0.2
HDL cholesterol rs56228609 16:56987765:C:T T 0.316 Upstream gene var. AC012181.1 9.6 1813.0
HDL cholesterol rs72836561 17:41926126:C:T T 0.032 Missense var. CD300LG 7.9 -139.1
HDL cholesterol rs7412 19:45412079:C:T T 0.081 Missense var. APOE 12.3 60.7
IGF-1 rs1065656 16:1838836:C:G C 0.302 3’-UTR var. NUBP2 -15.2 -77.9
LDL direct rs142158911 19:11190534:G:A A 0.116 Intergenic var. – -12.3 -477.8
Lipoprotein A rs73014164 6:160976620:C:T T 0.187 Intron var. LPA -10.8 -363.1
Lipoprotein A rs6938647 6:160986915:A:C A 0.218 Intron var. LPA -15.1 -4452.1
Lipoprotein A rs571848809 6:161005388:G:A A 0.107 Intron var. LPA 11.7 -520.2
Phosphate rs4713663 6:33674197:G:A A 0.429 Intron var. UQCC2 -8.8 22.3
SHBG rs191712309 5:65173182:C:T T 0.010 Intergenic var. – -8.0 -0.7
SHBG rs117986105 12:51064266:G:A A 0.004 Intron var. DIP2B -7.6 -0.1
SHBG rs62059839 17:7533015:C:T T 0.261 Intron var. SHBG 13.9 1499.5
SHBG rs9282846 17:7533742:C:T T 0.008 Synonymous var. SHBG -17.0 -107.6
SHBG rs6258 17:7534678:C:T T 0.007 Missense var. SHBG -10.2 -1306.2
Total bilirubin rs1976391 2:234665983:A:G G 0.315 Intron var. UGT1A6 -201.3 21268.1
Total bilirubin rs78273613 6:25866075:A:G G 0.103 Intron var. SLC17A3 -8.9 33.3
Total bilirubin rs72805692 10:71099109:A:G G 0.116 Intron var. HK1 -13.5 98.2



Table E.1: (continued from the previous page)

Trait rsID ID A1 MAF Consequence Gene SNP × PGS Orig.

Total bilirubin rs10841648 12:20954557:C:A C 0.339 Intergenic var. – -20.9 173.7
Total bilirubin rs12371715 12:21067724:T:G G 0.199 Intron var. SLCO1B3 -11.0 125.9
Total bilirubin rs12814270 12:21097329:A:G G 0.221 Intron var. LST3 -11.9 158.5
Total bilirubin rs7132068 12:21099892:G:C G 0.252 Intron var. LST3 -18.6 194.8
Total bilirubin rs11045816 12:21323272:A:G G 0.165 Intron var. SLCO1B1 10.0 -93.3
Total bilirubin – 12:21344313:GA:G G 0.239 Intron var. SLCO1B1 24.4 -203.3
Total bilirubin rs73067080 12:21388829:T:C C 0.157 Intron var. SLCO1B1 -54.8 603.9
Total bilirubin rs855791 22:37462936:A:G A 0.440 Missense var. TMPRSS6 8.7 -30.8
Testosterone rs727428 17:7537792:T:C T 0.444 Downstream gene var. SHBG -8.5 -385.9
Triglycerides – 11:116623213:TA:T TA 0.139 Intron var. BUD13 17.6 1134.6
Triglycerides – 15:58679807:CAGA:C C 0.357 Intron var. ALDH1A2 -9.6 30.5
Triglycerides rs2070895 15:58723939:G:A A 0.219 Intron var. LIPC -9.4 45.0
Triglycerides rs738408 22:44324730:C:T T 0.216 Synonymous var. PNPLA3 -8.0 -2.5
Urate rs7696092 4:10025320:C:A C 0.214 Intron var. SLC2A9 14.9 -2899.7
Vitamin D – 4:72610152:GGAGACAGAGC:G G 0.292 Intron var. GC -8.1 -1101.1
Vitamin D rs549227613 11:14009148:G:A A 0.002 Intron var. SPON1 15.2 16.9
Vitamin D rs1037378 11:14852490:G:A G 0.460 Intron var. PDE3B 91.8 382.6
Vitamin D rs117913124 11:14900931:G:A A 0.028 Synonymous var. CYP2R1 -54.0 -553.6
Vitamin D rs10500804 11:14910273:T:G G 0.422 Intron var. CYP2R1 -88.8 -272.5
Ankle spacing width rs540963451 1:31563102:G:A A 0.006 Downstream gene var. SEPW1P -7.6 -0.1
Ankle spacing width rs7746082 6:106435269:G:C C 0.286 Intergenic var. – -8.3 -0.5
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Table F.1: Independent pairwise interaction hits with LOCO PGS and QN residuals for all
traits. (continued on the next six pages)

The Beta and P-value columns the coefficient and associated log-transformed p-value, respect-
ively, of the interaction term of the two SNPs in a regression in which the main effects (and the
squares of their allele counts) are also present.

Trait LHS SNP RHS SNP Beta P-value
rsID Chr. MAF Consequence Gene rsID Chr. MAF Consequence Gene

Hip circumference rs13219354 6 0.137 Intergenic var. – rs999728 7 0.009 Intron var. ZNF467 0.16 7.31
BMI rs112132062 3 0.035 Intron var. CPNE4 10:56260995:AT:A 10 0.035 Intron var. PCDH15 0.16 7.70
Whole body fat-free mass rs72934653 6 0.010 Intron var. MMS22L rs16848445 2 0.043 Downstream gene var. AC092578.1 0.23 7.45
Whole body water mass rs72934653 6 0.010 Intron var. MMS22L rs16848445 2 0.043 Downstream gene var. AC092578.1 0.23 7.49
Leg fat % rs10195252 2 0.407 Intron var. COBLL1 rs566108812 9 0.003 Intron var. PTPRD 0.21 7.60
Leg fat mass rs67457459 6 0.137 Intergenic var. – rs540144621 3 0.002 Intron var. CAPN7 0.30 7.40
Arm fat mass rs35608615 6 0.136 Intergenic var. – rs146511665 11 0.017 Intergenic var. – 0.11 7.46
Red blood cell count rs1435547 2 0.002 Synonymous var. GREB1 rs9559732 13 0.191 Intergenic var. – -0.31 8.42
Red blood cell count rs1435547 2 0.002 Synonymous var. GREB1 rs7257522 19 0.381 Intron var. CYP4F11 -0.24 7.47
Mean corp. haemoglobin rs570013781 16 0.002 Intron var. NPRL3 rs12940324 17 0.103 Intron var. AC061992.2 0.43 10.02
Red blood cell dist. width rs3811444 1 0.334 Missense var. TRIM58 rs75349470 14 0.012 Intron var. MDGA2 -0.10 8.34
Red blood cell dist. width rs3812049 5 0.259 Noncod. transc. exon var. CTC-228N24.3 rs184736239 13 0.022 Intergenic var. – -0.08 7.34
Red blood cell dist. width rs2596546 6 0.323 Upstream gene var. HLA-B rs561857559 19 0.002 Intergenic var. – -0.30 9.09
Mean platelet volume rs1354034 3 0.399 Intron var. ARHGEF3 rs78909033 2 0.135 Intron var. RNPEPL1 0.03 10.47
Mean platelet volume rs1354034 3 0.399 Intron var. ARHGEF3 rs34592828 5 0.046 Missense var. IQGAP2 -0.05 7.77
Mean platelet volume rs1354034 3 0.399 Intron var. ARHGEF3 rs11615667 12 0.117 Intron var. WDR66 -0.06 24.65
Mean platelet volume rs1354034 3 0.399 Intron var. ARHGEF3 rs71329093 21 0.054 Intron var. RUNX1 0.05 10.16
Platelet dist. width rs1354034 3 0.399 Intron var. ARHGEF3 rs79920678 6 0.019 Upstream gene var. RP5-1086L22.1 0.07 7.55
Platelet dist. width rs1354034 3 0.399 Intron var. ARHGEF3 rs342263 7 0.445 Intron var. CTB-111H14.1 0.03 11.80



Table F.1: (continued from the previous page)

Trait LHS SNP RHS SNP Beta P-value
rsID Chr. MAF Consequence Gene rsID Chr. MAF Consequence Gene

Platelet dist. width rs1354034 3 0.399 Intron var. ARHGEF3 rs11604127 11 0.232 5’-UTR var. ODF3 -0.05 28.18
Platelet dist. width rs1354034 3 0.399 Intron var. ARHGEF3 rs12817046 12 0.113 Intron var. WDR66 -0.03 7.76
Platelet dist. width rs55966801 11 0.231 Intron var. BET1L rs1354034 3 0.399 Intron var. ARHGEF3 -0.05 28.10
Eosinophil count rs928413 9 0.259 Upstream gene var. IL33 rs34210653 17 0.021 Missense var. ALOX15 -0.11 13.70
Eosinophil % rs2381416 9 0.264 Upstream gene var. RP11-575C20.1 rs34210653 17 0.021 Missense var. ALOX15 -0.09 11.22
Eosinophil % rs34108746 11 0.078 Missense var. PRG3 rs74116771 1 0.033 Intergenic var. – -0.10 7.87
Alkaline phosphatase rs77569513 1 0.009 Intron var. EIF4G3 rs144406757 3 0.012 Intron var. NAALADL2 -0.56 7.86
Alkaline phosphatase rs77569513 1 0.009 Intron var. EIF4G3 rs182976181 8 0.007 Intron var. UNC5D -0.64 7.64
Alkaline phosphatase rs77569513 1 0.009 Intron var. EIF4G3 rs7329258 13 0.403 Intron var. ENOX1 0.12 7.87
Alkaline phosphatase rs77569513 1 0.009 Intron var. EIF4G3 rs1801248 13 0.042 Synonymous var. ATP7B -0.28 7.49
Alkaline phosphatase rs77569513 1 0.009 Intron var. EIF4G3 rs3918095 14 0.022 Intron var. CCNK -0.41 8.00
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs12636326 3 0.260 Regulatory region var. – 0.19 7.60
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs62297580 4 0.065 Intron var. FIP1L1 -0.34 7.68
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs7684999 4 0.057 Regulatory region var. – -0.35 7.55
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs17123355 12 0.062 Intergenic var. – 0.36 8.60
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs149786005 13 0.201 Intron var. SGCG -0.20 7.72
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs147817132 13 0.034 Intergenic var. – -0.45 7.35
Alkaline phosphatase rs149356924 1 0.004 Intron var. ALPL rs8065491 17 0.450 Intergenic var. – -0.17 7.95
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs76571364 5 0.057 Intergenic var. – -0.70 9.08
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs9297078 6 0.441 Intergenic var. – -0.29 7.43
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs13229792 7 0.135 Intron var. DOCK4 -0.46 8.86



Table F.1: (continued from the previous page)

Trait LHS SNP RHS SNP Beta P-value
rsID Chr. MAF Consequence Gene rsID Chr. MAF Consequence Gene

Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs34819186 8 0.473 Intron var. TSNARE1 0.30 7.83
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs4745057 9 0.251 Intron var. TRPM3 -0.34 8.38
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs7043546 9 0.475 Intron var. GLDC -0.31 8.14
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs2796866 13 0.331 Intergenic var. – -0.35 9.96
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs9540399 13 0.132 Intergenic var. – -0.48 9.43
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs12884672 14 0.282 Intron var. RP11-1152H15.1 0.33 7.58
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 15:76145831:TTA:T 15 0.036 Intron var. UBE2Q2 -0.85 8.04
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs1634419 17 0.366 Upstream gene var. SLC5A10 0.33 9.04
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs72891768 18 0.044 Intron var. FHOD3 -0.73 8.08
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs528777301 21 0.469 Intron var. SH3BGR 0.34 9.99
Alkaline phosphatase rs573303250 1 0.001 Upstream gene var. LDLRAD2 rs1893383 21 0.241 Intergenic var. – -0.36 8.42
Alkaline phosphatase rs145223095 1 0.008 Downstream gene var. LINC00339 rs534037265 6 0.024 Intergenic var. – -0.38 7.33
Alkaline phosphatase rs145223095 1 0.008 Downstream gene var. LINC00339 rs145058027 8 0.014 Intergenic var. – -0.46 8.01
Alkaline phosphatase rs635634 9 0.186 Upstream gene var. ABO rs2301455 1 0.441 Intron var. C1orf105 0.03 8.05
Alkaline phosphatase rs635634 9 0.186 Upstream gene var. ABO rs2276065 11 0.228 Missense var. TREH 0.05 20.75
Alkaline phosphatase rs635634 9 0.186 Upstream gene var. ABO rs681343 19 0.492 Synonymous var. FUT2 -0.10 113.07
Alkaline phosphatase rs635634 9 0.186 Upstream gene var. ABO rs12019136 19 0.042 Intron var. FUT6 -0.08 13.56
Alkaline phosphatase rs635634 9 0.186 Upstream gene var. ABO rs533852698 21 0.002 Intron var. MIS18A 0.31 7.41
Alanine aminotransf. rs13141441 4 0.284 Regulatory region var. – rs1823740 15 0.474 Intron var. AGBL1 0.02 7.78
Alanine aminotransf. rs13141441 4 0.284 Regulatory region var. – rs3747207 22 0.215 Intron var. PNPLA3 -0.03 8.98
Alanine aminotransf. rs429358 19 0.156 Missense var. APOE rs2176521 3 0.103 Intergenic var. – 0.04 7.37
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Alanine aminotransf. rs738409 22 0.216 Missense var. PNPLA3 rs13130041 4 0.284 Intron var. HSD17B13 -0.03 9.23
Alanine aminotransf. rs738409 22 0.216 Missense var. PNPLA3 rs138165101 5 0.010 Intergenic var. – 0.12 7.37
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs34472802 1 0.145 Intergenic var. – -0.33 7.35
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs200725569 2 0.269 Downstream gene var. AC068042.1 -0.26 7.79
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs61029446 2 0.360 Intergenic var. – -0.24 7.86
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs6760787 2 0.422 Regulatory region var. – -0.23 7.49
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs62170982 2 0.034 Downstream gene var. CBX3P6 -0.68 7.37
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs7631623 3 0.196 Downstream gene var. AC117444.1 -0.31 9.27
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs35655659 3 0.447 Intergenic var. – 0.24 8.92
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 3:26881066:AT:A 3 0.378 Intergenic var. – 0.24 7.43
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs2256056 4 0.333 Intron var. AF146191.4 -0.27 9.59
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs34825759 4 0.077 Intergenic var. – 0.46 7.65
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs775719730 4 0.069 Intergenic var. – 0.43 7.31
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs369295678 5 0.074 5’-UTR var. ZFP62 0.50 9.53
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs3828668 5 0.153 Intron var. MARCH3 0.31 7.57
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs750903495 5 0.125 Intron var. THBS4 -0.34 8.13
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs79225032 6 0.110 Intergenic var. – -0.46 11.66
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs13192694 6 0.101 Intergenic var. – -0.38 7.60
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs188932246 6 0.365 Intron var. PHACTR2 0.25 8.23
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs9389752 6 0.297 Intergenic var. – 0.25 7.65
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs36199275 7 0.195 Intergenic var. – -0.32 8.67
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Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs60191378 7 0.305 Intron var. CPVL 0.25 8.08
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs501190 7 0.315 Intergenic var. – 0.25 8.09
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs13250709 8 0.399 Intron var. SAMD12 0.22 7.34
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs12155626 8 0.129 Intergenic var. – -0.35 8.84
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs9325660 8 0.143 Intron var. RP11-145O15.3 -0.32 7.54
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs75759636 9 0.135 Intron var. C9orf153 -0.41 10.88
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs11604937 11 0.337 Intron var. RP11-35J10.5 -0.26 8.59
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs7120587 11 0.294 Intron var. PIWIL4 0.27 8.82
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs7296542 12 0.208 Noncod. transc. exon var. RP4-601P9.1 0.28 7.41
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs28522347 14 0.372 Intergenic var. – 0.27 9.82
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs210306 14 0.211 Intron var. AL163953.3 0.31 9.22
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs3784351 15 0.398 Intron var. ITGA11 -0.26 9.25
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs74851099 15 0.154 Regulatory region var. – 0.35 9.32
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs2930581 15 0.423 Intergenic var. – 0.23 7.39
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs113438694 15 0.128 Intron var. IL16 0.37 7.97
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs7213009 17 0.069 Intron var. CACNG5 -0.48 7.78
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs8096114 18 0.118 Intron var. ZNF521 0.35 7.53
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs72887889 18 0.201 Intron var. RP11-449D8.5 -0.30 7.94
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs111811849 18 0.442 Regulatory region var. – 0.25 9.09
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs6090229 20 0.456 Intron var. RP11-305P22.9 -0.25 8.65
Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs4810671 20 0.278 Intron var. SULF2 -0.27 8.12
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Aspartate aminotransf. 10:101101889:GT:G 10 0.002 Intron var. CNNM1 rs425541 21 0.368 Intergenic var. – 0.26 9.73
Aspartate aminotransf. rs756350040 19 0.074 Intron var. HAPLN4 rs141986761 16 0.002 Intron var. RBFOX1 0.43 8.38
Aspartate aminotransf. rs3747207 22 0.215 Intron var. PNPLA3 rs13150834 4 0.438 Upstream gene var. MIR5705 -0.03 12.33
Direct bilirubin rs34983651 2 0.312 Intron var. UGT1A6 rs13071085 3 0.126 Intron var. PCCB 0.03 7.38
Direct bilirubin rs34983651 2 0.312 Intron var. UGT1A6 rs537623375 5 0.004 Intergenic var. – -0.17 7.38
Direct bilirubin rs78833965 6 0.114 Intron var. SLC17A1 rs140283467 3 0.003 Regulatory region var. – 0.34 7.49
Cholesterol 11:116623213:TA:T 11 0.139 Intron var. BUD13 rs56043443 19 0.151 Intron var. CTC-559E9.6 -0.04 7.68
Cholesterol rs814573 19 0.188 Downstream gene var. APOC1 rs964184 11 0.132 3’-UTR var. ZNF259 -0.04 8.20
Cystatin C rs185932638 20 0.002 Intron var. RP5-1185K9.1 rs149514716 12 0.048 Intron var. SDS -0.68 10.19
Cystatin C rs139450906 20 0.017 Intergenic var. – rs11652995 17 0.025 Intron var. TTYH2 -0.25 7.91
Cystatin C rs77149469 20 0.002 Regulatory region var. – rs77823120 2 0.033 Intron var. PQLC3 -0.63 7.37
Cystatin C rs77149469 20 0.002 Regulatory region var. – 6:44066943:TA:T 6 0.498 Intergenic var. – -0.21 8.06
Cystatin C rs77149469 20 0.002 Regulatory region var. – rs4872091 8 0.255 Intron var. RP11-1149O23.3 0.28 9.57
Cystatin C rs77149469 20 0.002 Regulatory region var. – rs199892857 11 0.046 Upstream gene var. ARL2 -0.47 7.55
Glycated haemoglobin rs1800562 6 0.078 Missense var. HFE rs574802604 9 0.004 Intron var. UBAP1 -0.29 7.51
Glycated haemoglobin rs7903146 10 0.290 Intron var. TCF7L2 rs139168400 12 0.004 Intron var. UBE3B -0.19 7.44
Glycated haemoglobin rs59616136 19 0.093 Intron var. MYO9B rs149233151 6 0.014 Regulatory region var. – 0.15 8.13
HDL cholesterol rs56228609 16 0.316 Upstream gene var. AC012181.1 rs557467562 3 0.008 Intron var. AC136289.1 0.14 8.04
HDL cholesterol rs72836561 17 0.032 Missense var. CD300LG rs147648373 1 0.014 Intron var. STX6 -0.26 7.45
HDL cholesterol rs7412 19 0.081 Missense var. APOE rs62284708 3 0.003 Intron var. NAALADL2 0.36 8.03
Lipoprotein A rs6938647 6 0.218 Intron var. LPA rs11007996 10 0.054 Intergenic var. – -0.06 7.89
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Lipoprotein A rs571848809 6 0.107 Intron var. LPA rs7412 19 0.081 Missense var. APOE -0.10 19.32
SHBG rs62059839 17 0.261 Intron var. SHBG rs111631648 6 0.028 Intergenic var. – -0.07 7.86
Total bilirubin rs12371715 12 0.199 Intron var. SLCO1B3 rs78231801 3 0.037 Intron var. ST6GAL1 0.07 7.90
Total bilirubin rs12814270 12 0.221 Intron var. LST3 rs543050186 13 0.001 Intergenic var. – -0.42 8.41
Total bilirubin rs7132068 12 0.252 Intron var. LST3 rs527860769 8 0.002 Intergenic var. – -0.32 7.99
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs34890943 1 0.285 Intron var. GREM2 -0.30 8.28
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs7609126 2 0.422 Intron var. C2orf42 0.26 7.90
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs34115555 3 0.448 Intergenic var. – 0.28 9.61
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs6792646 3 0.321 Intergenic var. – 0.27 8.22
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs10063011 5 0.415 Upstream gene var. GRXCR2 -0.28 9.28
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs80281693 7 0.073 Intron var. PDE1C -0.47 7.91
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs17145897 7 0.180 Intron var. ICA1 -0.34 8.44
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs10046752 8 0.384 Intron var. CSMD1 0.26 7.80
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs7072473 10 0.457 Downstream gene var. RN7SL232P -0.26 7.95
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs6588742 10 0.159 Intergenic var. – 0.40 8.74
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs35443850 12 0.084 Intron var. ERC1 0.45 7.62
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs10847657 12 0.181 Intron var. TMEM132C -0.32 7.43
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs3825720 14 0.474 Noncod. transc. exon var. KRT18P7 -0.27 8.11
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs1687668 16 0.230 Intergenic var. – 0.31 8.20
Vitamin D rs549227613 11 0.002 Intron var. SPON1 rs75661931 21 0.023 Intron var. TMPRSS15 0.98 8.06
Vitamin D rs10500804 11 0.422 Intron var. CYP2R1 4:31131887:AC:A 4 0.034 Intron var. PCDH7 0.06 7.79
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