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ABSTRACT

With increasing availability of sequencing methods, a wide range of omics markers
have redeemed a central role in health sciences. The exposome, i.e. the range of life-
course influences from external environment, life style and internal environment, are
known to affect health and also influence various omics markers. These markers in
turn can play a role in health and disease, and thus they hold promise as mediating
links between the exposome and health outcomes.

Causal mediation analysis provides a statistical framework for quantifying indi-
rect effects of exposures carried through mediators, i.e. variables that serve as mech-
anistic pathways transmitting the effects of exposures on health outcomes. Some
properties of omics data pose challenges in the conduct of mediation analysis. For
example, sequencing count data may not be suitable in their raw form but require
appropriate methods to account for their compositional nature. Omics data also of-
ten exhibit sparsity (excess zero counts). Furthermore, in high-dimensional omics
datasets, the meaningful signals need to be identified from a large number of vari-
ables to quantify the mediating role of multiple simultaneous mediators.

This thesis is motivated by empirical research questions concerning the role of
the epigenome and gut microbiome in the association between exposome and health,
both within individuals and across generations. The objective is to develop statistical
approaches in the frameworks of mediation analysis and compositional data analy-
sis for investigating the mediating role of various omics markers in the relationship
between the exposome and health. To this end, a method for compositional media-
tion analysis is presented and its performance is evaluated using extensive simulation
studies and empirical data. An asymptotic normal approximation for compositional
log-ratio coordinates is derived and its applicability under varying levels of sparsity
is investigated in a simulation study. Compositional methods are found to perform
well when sparsity is not extreme. In the empirical analyses, the methods presented
in this thesis are applied to examine the mediating role of the gut microbiome and
DNA methylation between exposures and cardio-metabolic health of an individual.
Finally, the potential application of these methods in investigating questions con-
cerning paternal influences via sperm epigenome across generations is discussed.

KEYWORDS: mediation analysis, compositional data analysis, omics, causal infer-
ence
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THVISTELMA

Sekvensointimenetelmien kehittyminen on kasvattanut kiinnostusta yhd monipuo-
lisempia biologisia muuttujia, kuten omiikoita, kohtaan terveyden tutkimuksessa.
Omiikka-aineistot sisiltdvdt suuren midrdn tietoa kiinnostuksen kohteena olevista
biologisista molekyyleistd, ja niitd tutkimalla pyritddn ymmaértiméin kokonaisval-
taisesti terveyteen liittyvid tekijoitd. Eksposomi, joka sisdltdd ulkoisen ja sisdisen
ympdriston sekd elintavat koko elinién ajalta, vaikuttaa sekd yksilon terveyteen etté eri-
laisiin omiikoihin. Omiikoita onkin kiinnostavaa tutkia mahdollisina vélittdjini eli
mediaattoreina eksposomin ja terveyden vililla.

Mediaatioanalyysi on kausaalipdéttelyn menetelmd, jonka tarkoituksena on arvioi-
da paljonko altisteen ja vasteen yhteydestd johtuu mediaattorista eli muuttujasta, joka
vilittdd altisteen vaikutuksia vasteeseen. Sekvensointiaineistot ovat usein lukumiara-
arvoisia, ja havainnoissa voi olla runsaasti nollia. Téllaiset aineistot eivat valttdmatta so-
vi mediaaatioanalyysiin sellaisenaan, vaan niitid voidaan tutkia esimerkiksi rakenneosa-
aineistoille kehitetyilli menetelmilld. Aineistot ovat usein my0s korkeaulotteisia,
sisdltiden jopa satoja tuhansia muuttujia joiden joukosta mediaattorit on 10ydettdvé.

Téssi viitoskirjassa tutkitaan erilaisten omiikoiden vilittdvii eli medioivaa roo-
lia eksposomin ja terveyden vililld sekéd kehitetddn tilastollisia menetelmid, joilla
omiikoiden vélittimid epésuoria vaikutuksia voidaan arvioida. Tyon motivaationa
ovat empiiriset tutkimuskysymykset epigenomin ja mikrobiomin roolista. Viitoskir-
jassa esitetdin menetelmé kompositionaalisten muuttujien vilittdvin roolin tutkimiseen,
ja sen sopivuutta sekvensointiaineistoon tutkitaan seki simulaatioilla ettd empiiriselld tut-
kimusaineistolla. Rakenneosa-aineistoa kuvaaville logaritmisuhdekoordinaateille joh-
detaan asymptoottinen normaaliapproksimaatio, jonka soveltuvuutta nollia sisdltaviin
lukumiirdaineistoon tutkitaan simulaatioiden avulla. Nollien méérin pysyessi koh-
talaisena nimd menetelmait soveltuvat sekvensointiaineistojen tutkimiseen. Empiiri-
sissd tutkimuksissa esiteltyjd menetelmié sovelletaan suolistomikrobiomin ja epigenomin
roolien tutkimiseen yksildiden eksposomin ja kardiometabolisen terveyden vililla.
Lopuksi pohditaan mediaatioanalyysin kehikon soveltuvuutta epigeneettisen periy-
tymisen tutkimisessa, kun kiinnostuksen kohteena on isédn altisteiden vaikutukset
jélkeldisten terveyteen siittididen epigeneettisten mekanismien vélityksella.

ASTASANAT: mediaatioanalyysi, rakenneosa-aineiston analyysi, omiikat, kausaalipaittely
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1 Background and Motivation

An essential part of population health research is to understand how the exposome,
i.e. the totality of environmental and other exposures from conception through the
life course, affects human health and disease. [1] The exposome consists of inter-
related collection of components, such as chemical exposures, physical and built
environment, socio-economic context, and lifestyle factors. [2] To support the de-
sign of preventive measures or interventions through, for example, individual level
support or macro-level health and social policies, it is critical to identify modifiable
risk factors that have a causal role in the development of disease. [3; 4]

When aiming to understand the causal role of exposome in health, the mechanis-
tic pathways through which its effects occur are of particular interest. It is unlikely
that a single factor in the exposome or a single mechanistic pathway is the sole cause
for a disease or condition. More likely several pathways play a causal role, and
among them, the rapid development of sequencing methods have made a range of
omics markers an important focus. [5; 6] Omics, in brief, are a collection of molec-
ular measurements from biological samples, such as tissues or cells, that provide
information of the underlying biological system. [7] They may play a role in pheno-
types and in complex pathogenesis of disease and furthermore, they are susceptible
to various environmental stressors, thus providing a potential bridge between the
exposome and health.

From the perspective of statistical analysis, various omics, serving as potential
mechanistic pathways, can be considered as mediators, i.e. intermediate variables
between exposures and health outcomes. Their role may thus be investigated using
methods designed for causal mediation analysis, which aims to quantify the effects
transmitted through mediating pathways. [8] While various omics markers are po-
tentially relevant intermediate variables that could transmit the effects of exposures
on health, investigating their mediating role presents challenges. One such challenge
stems from the high-dimensional nature of the omics data. Methods suitable for such
high dimensional settings tend to focus on prediction at the cost of causal interpreta-
tion, and as such, have been described as “hypothesis-generating”. [9; 10]

Furthermore, sequencing count data are often non-normally distributed and char-
acterised by excess zero-counts (sparsity) and excess variability (overdispersion). As
such, they may not be directly suitable for standard regression models for which me-
diation analysis approaches, often relying on specific functional forms of associa-
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tions between the variables of interest, have been developed. As sequencing count
data are often constrained by the total reading depth, it has been suggested that they
need to be treated as compositional. [11] The mediating role of omics markers,
measured as sequencing counts, could thus be investigated using compositional data
analysis approaches, such as log-ratio transformations. Usually, these transforma-
tions are assumed to produce normally distributed variables suitable for standard
regression models. However, under extremely sparse counts with excess zero-count
observations, the normality assumption may not hold.

In this thesis, statistical approaches for investigating the mediating role of omics
markers are reviewed, developed, examined and applied. These approaches are based
on the frameworks of causal mediation analysis and compositional data analysis. The
objective is to introduce a statistical framework for mediation analysis with compo-
sitional, sparse, and high-dimensional omics mediators. Statistical properties, such
as limiting distributions of these omics mediators, are derived and investigated. An
empirical implementation of compositional mediation analysis is presented and the
performance of the approach is evaluated with respect to some special features of
omics data sets, such as sparsity, using extensive simulation studies. Finally, the
methods are applied on empirical data to demonstrate their ability in real-life medi-
ation problems pertaining to the role of microbiome and epigenome. The method-
ological contributions of this thesis are motivated by empirical research questions
where omics markers are considered as mediators between the exposome and health
outcomes. Below, the three motivating examples are briefly introduced.

First, variation in gut microbiome composition has been suggested as a potential
mechanism carrying the effects of the exposome on health. Diet, including various
dietary components, can affect the gut microbiome, which in turn has been asso-
ciated with cardio-metabolic health. [12] In publication I, the gut microbiome is
investigated as a mediator in the effect of fibre intake on insulin levels. Microbial se-
quencing counts are treated as compositional data, and mediation analysis approach
is built within the compositional data analysis framework. Taxonomic knowledge is
utilised to adopt a hypothesis-driven approach rather than a data-driven one. Impact
of sparsity (excess of zero-count observations) on the performance of the mediation
analysis is assessed. Publication II further investigates the impact of varying amounts
of sparsity on the suitability of compositional methods for sequencing count data.

Second, DNA methylation, an epigenetic mechanism that can up- or downregu-
late gene expression, plays a key role in development, health, and disease. [13; 14]
Furthermore, many aspects of the exposome, such as exposure to environmental tox-
icants, have been linked to variation in DNA methylation, suggesting that it may act
as a mechanistic link between the exposome and health. [15; 16] DNA methylation
data are typically very high-dimensional, often encompassing hundreds of thousands
of variables, necessitating selection of potential mediators before their joint mediat-
ing role can be quantified. In publication III, the mediating role of DNA methylation
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in the association between exposure to polychlorinated biphenyls and type 2 diabetes
was investigated.

Finally, mounting evidence, especially from animal studies, suggests that fathers
contribute to the health of their offspring pre-conceptionally via epigenetic markers
in their germ cells. [17] Although more challenging to investigate in humans, pre-
liminary evidence indicates that paternal exposures, such as smoking, environmental
chemicals and traumatic events, can impact offspring health. The exposome has also
been found to affect the sperm epigenetic profile, but human data linking paternal
sperm epigenome to offspring phenotypes remain limited. [18] Investigating inter-
or transgenerational epigenetic effects in humans is complicated by potential con-
founding, various sources of bias and the long follow-up times needed to observe
the health and phenotypes of subsequent generations. Publication IV of this thesis
reports the field study and dataset collected by the MULTIEPIGEN project, set out to
investigate paternal contributions to offspring health via sperm epigenetic markers.
A statistical analysis plan, also presented in publication IV, outlines how the role of
the sperm epigenome in transmitting the effects between generations can be framed
as a mediation question. Compositional and high-dimensional mediation analysis
approaches can then be applied to identify mediators and quantify their effects.

The remainder of this thesis is organised as follows. Chapter 2 reviews the main
aspects of causal mediation analysis. In Chapter 3, approaches for multiple and
high-dimensional mediators are reviewed. In Chapter 4, some principles of compo-
sitional data analysis are introduced. Furthermore, a new approach for mediation
analysis with compositional data is presented alongside theoretical and simulation-
based findings on the applicability of compositional data analysis for omics datasets
characterised by sparsity. In Chapter 5, the empirical research questions motivat-
ing this thesis and the datasets are presented, and the use of mediation analysis and
compositional data analysis in these questions is outlined. Finally, some conclud-
ing remarks are provided in Chapter 6. The thesis introduction is followed by four
original publications.



2 Causal Mediation Analysis

In this thesis, mediation analysis plays a crucial role as the main statistical approach
for the empirical research questions (publications I, III and IV). Hence, in this chap-
ter, those key ideas of mediation analysis applied in the publications of this thesis are
presented, providing context to the remainder of the work.

2.1 Background

In observational studies, establishing causal effects is challenging because treatments
or exposures are not randomly assigned, unlike in randomised controlled trials, re-
garded as the gold standard for causal inference. To uncover causal effects based on
observational studies and to address biases, such as those due to confounding, a wide
range of approaches are available. These include, but are not limited to, instrumental
variable methods, which exploit variables that influence the exposure and provide an
unconfounded source of variation, difference-in-differences method, which mimic
an experimental design by comparing outcomes over time between exposed and un-
exposed groups, inverse probability weighting, which balances the study population
and makes the exposure independent of underlying confounders, and causal graph
theory, which is used to encode causal assumptions. [9] Triangulation, i.e. combin-
ing multiple lines of evidence based on a number of different approaches that are
based on different assumptions and have different, preferrably unrelated, sources of
bias, can strengthen causal inference in observational studies. [19; 20]

When the interest is in quantifying the extent to which a causal effect between
an exposure and outcome is transmitted through an intermediate variable, mediation
analysis techniques are required and thus, of the vast and rich literature on causal
inference, the statistical approaches of this thesis focus on causal mediation analysis.
The aim is to uncover causal pathways by which the effects of treatment or exposure
on the outcomes are transmitted. The interest in mediation analysis thus lies not only
in the effect of exposure on an outcome but also in understanding and quantifying
the causal (mechanistic) pathway between the two. The intermediate variable that
transmits the effects from exposures to outcomes is called the mediator. [21] In the
publications of this thesis, various omics markers (gut microbiome, DNA methyla-
tion, and small non-coding RNA molecules) are the mediators of interest.

Mediation questions can be presented as directed acyclic graphs (DAG), such



Causal Mediation Analysis

(a)
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Figure 1. Directed acyclic graphs (DAGs) illustrating the pathways of interest in a mediation
analysis with a single mediator. Panel (a): pathway (i) corresponds to the total effect of exposure
on the outcome. Panel (b): pathway (ii) corresponds to the direct effect, and pathways (iii) and (iv)
together constitute the indirect effect via the mediator.

as the one in Figure 1, where a very basic idea of mediation setting with a single
mediator is shown. [22; 23] Figure 1 (a) describes the total effect, i.e. the effect of
exposure on the outcome of interest without accounting for the mediator. In Figure 1
(b), the total effect is decomposed into two pathways: the indirect effect (consisting
of paths (iii) and (iv)) through the mediator, and the direct effect (ii), i.e. the part of
the total effect not transmitted through the mediator. [21]

In this chapter, mediation effects are first defined based on counterfactuals, which
do not require specifying a parametric model. Then, the identifiability assumptions
under which the effects can be estimated from observational data are introduced.
Lastly, parametric forms for the mediation effects are introduced in the case of con-
tinuous and binary outcomes and some principles of statistical inference in mediation
analysis are presented. The counterfactual definitions and identifiability assumptions
allow interpreting the mediation effects through a causal lens. [24]
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2.2 Counterfactual Effects

In the potential outcomes framework, the causal effect of a treatment or an exposure
for an individual is the difference in the outcome in the presence versus in the absence
of the treatment of exposure. However, the fundamental problem of causal inference
is that these two alternatives cannot be observed simultaneously for one individual, as
it is impossible to go back in time to set the individual under an alternative treatment.
[25; 26] Hence, the counterfacual framework often referred to as Neyman-Rubin
causal model, defines the causal effect as the difference in the outcomes that would
have been observed under alternative circumstances. [27; 26] The individual-level
causal effect is thus the difference of the individual’s outcomes under two different
exposure levels or, in causal literature, treatments: the outcome under the treatment
that they actually received, and the outcome that would have been observed if they
had been the under the treatment they did not receive. [22; 9] The latter of these
outcomes is counterfactual, i.e. non-observable, as in reality, only one outcome is
observed for any one individual. [9] The individual-level causal effects thus cannot
be directly identified from the observed data. [9] However, population-level effects,
such as average causal effects, can be identified under certain assumptions, described
in more detail in Section 2.3.

While the Neyman-Rubin framework serves as a basis for causal inference us-
ing potential outcomes, the potential outcomes framework has also been extended
to address mediation questions. In the counterfactual framework for mediation, the
counterfactual outcomes are defined for both the exposure and the mediator. [24]
To formulate mediation effects in the counterfactual framework, denote a binary ex-
posure variable as X with levels = (often considered as “exposed”) and x* (“un-
exposed”), a continuous outcome variable as Y, and a continuous mediator as M.
Let 2/, 2" € {x,z*}, and let Y (2/,m) be the level of the outcome variable if the
exposure was, possibly contrary to fact, set to level 2’ and the mediator to level
m. Let M (') be the level of the mediator that would be observed if the exposure
was, possibly contrary to fact, set to level 2’. Finally, let the nested counterfactual
Y («', M (")) denote the level of the outcome Y that would occur, possibly contrary
to fact, if X was set to level 2’ and M would obtain the value if would naturally have
when exposure was set to /. [21] Note that this counterfactual is a “cross-world”
counterfactual, as it involves two different levels of the exposure.

In the standard approach to counterfactual mediation analysis, following the sem-
inal ideas of Pearl (2001, 2014) [22; 8], the total effect, the controlled direct effect,
the natural direct effect, and the natural indirect effect are derived as the average
changes in the outcome if certain interventions took place over the whole popula-
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tion. These effects are defined based on the counterfactual notation as follows: [21]

TE =E[Y(z, M(x))] = E[Y (2%, M(2"))], (D
CDE =E[Y(z,m)] — E[Y(z*,m)],
NDE = E[¥ (, M(s"))] — E[¥ (z*, M(z"))]

NIE = E[Y (2, M(2))] —E[Y (z, M(z"))].

The total effect (TE) is the difference in the average counterfactual outcome Y
when all individuals are set to have exposure = versus when all individuals are set
to have exposure z*, with the mediator taking the values that would naturally occur
under = and z*, respectively. The controlled direct effect (CDE) is the difference
in the outcome when the exposure is changed from x* to x, while the level of the
mediator is held fixed at a pre-specified value m for each individual.

The natural direct effect (NDE) is the difference in the average counterfactual
outcome Y when the exposure changes from z* to  while the mediator obtains the
value that would naturally occur under exposure level =*, corresponding to the effect
of exposure on the outcome if the pathway through the mediator was disabled. [8; 24]
Lastly, the natural indirect (NIE) effect is the change in the average counterfactual
outcome Y when the exposure is held constant at level x and the level of mediator
changes from what it would have obtained under exposure level = to what it would
have obtained under exposure level z*.

The key distinction between controlled and natural effects is that the controlled
direct effect involves an intervention on the exposure while the mediator is fixed at
the same level in the whole population, whereas the natural effects allow the mediator
to obtain the levels it would naturally have under given (counterfactual) exposure
level. Natural effects are applicable specifically in observational studies. [22]

Based on the counterfactual definitions, it is straightforward to see that the total
effect decomposes into the NIE and NDE: [21]

TE = E[Y (2, M(x))] - E[Y (", M(c")) @)
= E[Y (e, M(2))] - E[Y (2, M(z"))] + E[Y (2, M(z"))] — E[Y (2", M(a"))]
= NIE + NDE.

A similar decomposition is not possible for controlled effects as there are no con-
trolled indirect effects. Nevertheless, TE—CDE can be interpreted as the portion
eliminated, the part of the effect of exposure that could be eliminated if, for every
individual, the mediator M was set to the level m. [21]
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Figure 2. Directed acyclic graphs of a mediation setting with confounders for exposure-outcome,
exposure-mediator and mediator-outcome relationships.

2.3 Identifiability of Causal Effects

As opposed to randomised trials, the estimation of causal effects in observational
settings poses more challenges, as the exposure levels are not assigned randomly. In
order to estimate the average causal effect of a treatment, the treated and nontreated
(or exposed and nonexposed) groups need to be comparable and to this end certain
exchangeability assumptions need to be stated. [26] In addition, for the general case
of average causal effects, the stable unit treatment value assumption (SUTVA) re-
quires that the assigned treatment has the same effect regardless of what treatment
other units received and regardless of how the treatment was assigned, i.e., whether
the treatment was randomised or received in an observational setting. [26]

The literature on identification of counterfactual mediation effects is widely fo-
cused on assumptions about confounding. Confounding variables (confounders) are
common causes of two variables of interest which, if not properly taken into account,
can influence the relationship between these two and cause bias in the estimates
of causal effects. Confounding is particularly problematic in observational studies,
where various underlying factors could affect the exposure, mediator and outcome.

Directed acyclic graphs (DAGs) are non-parametric causal models, widely used
in the graph-based causal inference ([22]), describing the (assumed) causal relation-
ships between the different variables without the need to specify their functional
forms. [23; 21] The arrows capture causal dependencies between the parent and
child nodes (variables) while the unexplained variation (errors) associated with the
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nodes are assumed to be mutually independent. [21; 28]

Figure 2 extends the DAG of Figure 1 (b) to include three sets of potential
confounders: the exposure-outcome confounders C'xy, the exposure-mediator con-
founders C'x s and the mediator-outcome confounders C'ysy. The collection of these
three sets of confounders is here denoted as C'. For identification of causal effects, a
complete causal DAG, which describes the causal structure and includes all known
or assumed causes of the exposures, mediators, and outcomes, is built. [23] In a stan-
dard setting for causal analysis, the so-called backdoor paths indicating confound-
ing can be identified based on the DAG. Controlling for the sufficient confounders
“blocks” these paths, i.e. “deconfounds” the relationships. [23]

The causal structure of the DAG implies certain identifiability (also called ex-
changeability or conditional independence) conditions, based on which the causal
effects can be identified from observational data. The conditions that are required to
estimate natural direct and indirect effects in observational studies can be delineated
as follows: [8; 22; 21]

1. No unmeasured confounding of the exposure-outcome relationship (i.e., Cxy
deconfounds the relationship)

2. No unmeasured confounding of the mediator-outcome relationship (i.e., Cpry
deconfounds the relationship)

3. No unmeasured confounding of the exposure-mediator relationship (i.e., C'x s
deconfounds the relationship)

4. The mediator-outcome confounders C)sy must not be affected by the expo-
sure.

In brief, exchangeability here means that conditionally on the confounders, the rela-
tionships between exposure, mediator, and outcome can be interpreted as if they were
based on a randomised experiment and thus, individuals who have different levels of
exposure are comparable in terms of their counterfactual outcomes. The assumptions
rule out the role of confounding as the explanation of observed relationships between
the exposure, mediator and outcome.

While condition 1 is sufficient for identifying the total effect, and conditions 1
and 2 for identifying controlled direct effects, all four conditions need to be fulfilled
for the identification of natural direct and indirect effects. [24] The last assump-
tion is referred to as a cross-world independence assumption. Under the absence
of mediator-outcome confounders affected by the exposure, the expectation of the
cross-world counterfactual E [Y (z/, M (2"))], 2/ # 2" can, based on the exhange-
ability conditions, be identified. [29]

In addition to the four identifiability conditions, consistency, which links counter-
factuals to the observations, and positivity, which ensures that the effects of interest
are estimable from the data, are assumed. [21; 29] Consistency means that if X = z
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then Y = Y'(x), meaning that if the individuals’s exposure level is in reality x, their
observed outcome Y corresponds to the potential outcome Y (z). [29] Positivity is
defined as P(X = z|C) > 0, which means that, conditionally on the confounders,
each individual has a non-zero probability of receiving each possible level of expo-
sure. Unlike the other conditions, the positivity assumption only relates to observed
data and as such is also testable. [29]

Under the identifiability conditions presented above, the natural direct and indi-
rect effects can be derived from the observed data with the following non-parametric
expressions: [30; 8; 22]

TE:/{E[Y|X:1:,C:c] ~E[Y|X =2*,C = c]}dFc(c), 3)
CDE = /{E YIX=2,M=m,C=c —E[Y|X =2*,M=m,C = c|}dF(c),
NDE://{IE[Y|X:x,M:m,C:c] ~E[Y|X =2*,M =m,C = c|}

dF | x =4+ c=c(m)dFc(c),
NIE://IE[Y|X::1:,M:m,C:c]

{dFy x=2,0=c(M) — dFy | x =3+ c=c(m) }dFc(c).

In practice, building a causal DAG and recognising all confounders that need to
be accounted for needs not only statistical knowledge but also substantive knowl-
edge of the research question at hand. Sensitivity analysis for violations of the no
unmeasured confounding assumption is briefly introduced in Section 2.5. In addi-
tion, approaches for estimating mediation effects even when condition 4 does not
hold have been introduced. [31]

2.4 Parametric Formulation

If the identifiability assumptions hold, the non-parametric expressions in Equation
(3) can be used to derive parametric expressions for the total, controlled direct, natu-
ral direct and natural indirect effects. For this, parametric models need to be specified
for the outcome (conditional on the exposure, mediator and confounders) and for the
mediator (conditional on the exposure and confounders). [24]

Historically, mediation effects were first considered for continuous outcomes and
mediators under the linear model with no exposure-mediator interaction. The advan-
tage of the nonparametric counterfactual approach is that direct and indirect effects
can be defined and estimated under various statistical models, including those with
non-linear outcomes and mediators and in presence of interactions. [24] In what fol-
lows, the parametric formulations are presented for continuous and binary outcomes
in the absence of exposure-mediator interaction.

10
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2.4.1 Continuous Outcomes

Denote a binary exposure variable as X with levels « and «* and a continuous out-
come variable as Y and the mediator as M, and define a set of variables C' that con-
tain the exposure-outcome, exposure-mediator and mediator-outcome confounders,
and no unmeasured confounders. In addition, assume that there is no exposure-
mediator interaction. Now, based on the non-parametric expressions of Equation (3)
that follow from the DAG of Figure 2, the following parametric linear models can be
defined for the relationship between M and X & C'and Y, X, M and C.

E[M‘X:I‘7C:C]:ﬁo—|-ﬂlx+ﬁéc, (43.)
E[Y|X =2, M =m,C = ¢| =y + 712 + 7am + vsc. (4b)

Of note, although for continuous outcomes the standard parametric approach in me-
diation analysis literature is linear regression model (as in Equation 4), which as-
sumes linearity and i.i.d. error terms, more flexible models, such as non-linear mod-
els, generalized models or mixed-effects models for clustered data, can be specified
to study more complex relationships between the exposure, mediator and outcome.

If the identifiability conditions hold and the regression models are correctly spec-
ified, the parametric expressions for the direct and indirect effects can now be derived
by plugging models (4a) and (4b) in their corresponding non-parametric expressions.
[32] The effects thus become the following:

CDE= /[(70 +mz +y2m + yse)dFe(e) = (Yo + ma’ + yam + yie)dFe(e)]
=7z —2%),

NDE = //[(’Yo + M + y2m + Y5¢)
— (70 +mz" + v2m + 136)|dFy x =g c=c(m)dFc(c) = 1 (z — z7),

NIE = //[(70 + @+ v2m + v3¢)dF iy x = c=cdFc(c)

— (Y0 + 7% +y2m + V36)dF )y x =+ c=cdFo(C)]
= (0 +mz +RE[M|z,c +75¢) — (0 + nz +RE[M|z", d + y3¢))
=721 (z — x%).

Of note, while in this simplified scenario the CDE is equal to the NDE. In the pres-
ence of exposure-mediator interaction, their expressions would differ. A more de-
tailed explanation on how the parametric expressions for the natural effects follow
from the regression models, independence assumptions and definitions can be found
e.g. from the Appendix of VanderWeele and Vansteedlandt (2009) [32].

Parameter v, (i.e., the direct effect) can be seen to correspond to pathway (ii)
of Figure 1 (b) while parameters 31 and 5 correspond to pathways (iii) and (iv) in
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Figure 1 (b), respectively. The expression for the indirect effect, 812, corresponds to
the product-of-coefficients approach or the product method, presented e.g. by Baron
and Kenny (1986) [33]. Based on the decomposition of Equation (2), the total effect
can be written as vy; + B17s.

An alternative method for obtaining the total effect, used frequently especially
before the development of the counterfactual framework for mediation analysis is to
fit a separate regression model: [33]

E[Y|X =2,C =] = ap + a1x + dhe, )

where parameter o is the total effect, corresponding to pathway (i) in Figure 1
(a). This approach provides an alternative method for obtaining the indirect effect,
referred to as the difference method, where indirect effect is given by a; — 71, i.e.
as the difference of the total and direct effects. [33; 22] The indirect effect thus
corresponds to the reduction of the total effect when mediator is accounted for. Under
the assumption of linear models for the outcome and mediator and no exposure-
mediator interaction, the product and difference methods yield the same estimates for
indirect effects. However, in the presence of interaction or under non-linear models,
the difference method may produce biased results. In the empirical applications of
this thesis, the product approach has been used to derive indirect effects.

In alignment with the decomposition of the total effect, the proportion mediated
(PM) and proportion eliminated (PE) can both be simply calculated as

pyt = NE. pg _ CDE,
TE TE

The proportion mediated helps summarise the results of a mediation analysis by de-
scribing the extent to which the mediator transmits the effect of exposure in an unit-
independent manner. However, it only has a meaningful interpretation if the direct
and indirect effects have the same sign.

2.4.2 Binary Outcomes

For a binary outcome, modelled using logistic regression, and continuous mediator
the parametric regression models corresponding to those in Equation (4) are:

E[M|X =z,C = c] = By + iz + fae, (62)
logit[P(Y = 1|X =2, M =m,C = ¢)] = v + 1z + yam + Y5¢. (6b)

Similarly to the case with the continuous outcome, making the exchangeability as-
sumptions and assuming no exposure-mediator interaction, the parametric versions
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of the direct, indirect and total effects become:

log[ORNDE] =~ 71(z — 27),
log|ORNiE] = f172(z — 27),
log[ORTE] = (71 + f172)(z — ™).

The approximations hold when the outcome is rare. [34] On the odds ratio level, the
total effect is a product, instead of a sum, of the O Rypg and O Rnig. [24]

Corresponding to model (5) in the continuous outcome scenario, the total-effects
model may be formulated as:

logit[P(Y = 1|X = 2,C = ¢)] = ap + 17 + aje.

However, some complications may emerge from the non-collapsibility of the odds ra-
tio. In many cases, indirect effects obtained by the difference method do not coincide
with those obtained by the product-of-coefficients method. [35; 34] Namely, the dif-
ference method could yield too conservative estimates, as the regression coefficients
of exposures in logistic regression are not comparable when the set of covariates in
the model is changed. [24] When the outcome is rare, the product and difference
methods lead to approximately similar results. However, when the outcome is not
rare, the results from the two methods differ, and it has been argued that neither the
product nor the difference method produces an effect that has an interpretation of a
causal indirect effect. [34] For outcomes that are not rare, log-binomial models will
yield direct and indirect effects at the risk ratio scale that will coincide if there is no
exposure-mediator interaction.

2.4.3 Statistical Inference

After specifying the counterfactual effects of interest, setting their identifiability con-
ditions, and constructing the parametric models, the models can be fitted to the ob-
servations and the mediation effects estimated.

The standard errors of the total and direct effects are typically readily available
from the regression software. By contrast, the indirect effects are based on estimates
from two different statistical models and thus, their standard errors need to be calcu-
lated. The two most commonly used methods for obtaining standard errors are the
delta method and standard bootstrapping. While the more traditional delta method
is computationally less demanding, bootstrapping has been suggested to yield more
accurate inferences, especially with small sample sizes. [36]

For the indirect effect obtained by the product-of-coefficients approach, an ap-
proximate formula for its standard error is derived based on the multivariate delta
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method (Sobel 1982) [37]:

s.e.(Bﬁg) = 1/7%0[231 + 5%032,

where ng and 0%2 are the variances of the estimators of 5; and 79, respectively. This
can be conveniently rewritten as:

Aoa N 2 9 61 2 72 2
s.e.(/192) = 05,03, g + P ) @)
1 Y2

The confidence intervals can then be obtained using the standard error.

In standard bootstrapping, data are resampled repeatedly and, for each sample,
mediation models are fitted to estimate the total, direct and indirect effects. The dis-
tribution of these effects, based on multiple samples, is then used to derive confidence
limits. [38] Bootstrapping does not rely on distributional assumptions, allowing the
sampling distribution of the indirect effect to be non-normal, although bias-corrected
options for bootstrapping have been suggested to handle the asymmetric sampling
distributions of the indirect effects that may occur under small sample sizes. [39]

In practice, whether the mediated effect is null can be inferred based on the con-
fidence intervals obtained via the delta method, which entails an assumption of a
normal distribution of the indirect effect, which may be incorrect. Equivalently, if
testing the null hypothesis of no indirect effect is of interest, the test can be based on
standard z-scores. [40] This test, often referred to as Sobel’s test, has been noted to
be underpowered. [40; 41] On the other hand, due to the dependence of the standard
error of the estimate of the indirect effect on the magnitudes of the 51 and -5 effects,
it tends to be smaller for indirect effects compared to the corresponding direct or total
effects. [42] Thus the statistical power to detect mediation may become larger than
that regarding the direct or total effects. [38] Due to this reason, statistical inference
and testing based on the standard errors in case of indirect effects has been criti-
cised [42], even though other arguments highlight the importance of characterising
the uncertainty around the indirect effect [43].

An alternative method for testing mediation is to consider path-specific p-values
in a joint significance (MaxP) test, where the hypothesis of no mediation is rejected
if both pathways included in the indirect effect are non-null. [40; 38]. However, it
should be noted that the mediation test actually has a composite form, as the null
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hypothesis consists of three different elemenents (Hg1, Hoz, Hosz): [40; 41]
Hoy : 81 = 0,72 # 0, (3)
Hp : p1 # 0,72 =0,
Hoz : 1 = 0,72 =0,
Hy: 1 # 0,72 # 0.

The fourth case, where both pathways are non-null, is the alternative hypothesis.
[41; 38] If any of the three null hypotheses is not rejected, absence of mediation is
concluded. An application of the composite null hypothesis framework in a high-
dimensional setting is presented in publication III of this thesis. In previous liter-
ature, this approach has been suggested to have a better statistical power than the
Sobel’s test or MaxP test.

2.5 Unmeasured Confounding

Unmeasured confounding may lead to biased estimates of causal effects. A frame-
work of sensitivity analysis for unmeasured confounding, presented in VanderWeele
(2010 & 2011) [44; 45] but also applied much earlier in epidemiology [46], provides
an approach to assess how much unmeasured confounding would explain away the
inferred effects. Biases can come about in any observational setting, not just the
ones pertaining to mediation. However, the strong identification assumptions make
unmeasured confounding a crucial issue especially in the analysis of mediation.

The bias in total, direct and indirect effects is defined as the difference between
the mediation effects of Equation (3) and the true mediation effects that are condi-
tioned on the unmeasured confounders. [44; 45] Obviously, the effect of any unmea-
sured confounder on the exposure, mediator and the outcome cannot be known, and
hence, in practice the true, unbiased effects are not observable.

For simplicity, the basic idea of sensitivity analysis is here presented for the total
effects under the linear model. Assume a binary exposure X, a continuous out-
come Y, a set of measured confounders C'yy and a binary unmeasured confounder
Uxy, which is not causally associated with the measured confounders and does not
have interaction with exposure X. The effect of the unmeasured confounder on the
outcome, conditional on the exposure and the observed confounders, is denoted as
0 = ElY|z,c,Uxy = 1] — E[Y |z, ¢, Uxy = 0], which is further assumed to be
constant across the strata defined by C'xy. In addition, the dependence between the
unmeasured confounder Uxy and exposure, conditional on the confounders, is de-
fined as 0 = P(U = 1|z,¢) — P(U = 1|z*,¢), which is further assumed to be
constant across the confounder strata.
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In this simple case, the bias of the total effect can be shown to be the product
of the two parameters, 66. [24] Subtracting this bias from the estimate of the total
effect yields the bias-corrected estimate. [24] In practice, both # and § are unknown.
However, their plausible values can be hypothesised based on expert knowledge or
assumptions. A common practice is to specify for both parameters a range of plausi-
ble values and calculate the extent of bias under each combination of varying 6 and
0. It is then inspected whether under any combination of the realistic values for the
two parameters the unmeasured confounder could explain away the effects that were
obtained without bias correction. The standard errors of the bias-adjusted estimates
are the same as those of the original ones, and thus bias-corrected confidence inter-
vals are easily obtained. [45] This approach can easily be extended to non-linear
outcomes and continuous Uxy .

Analogously, the sensitivity analysis framework can be used for the controlled
direct effect, assuming that Uy confounds the mediator-outcome relationship, by
deriving the two aboove-mentioned bias parameters conditionally on the mediator as
0., and 0,,. The bias becomes: Bias(CDE) = 6,,,0,,,. In the absence of exposure-
mediator interaction, the sensitivity analysis for the natural direct effect is essentially
the same as it is for the controlled direct effect. For an unmeasured mediator-outcome
confounder, both natural direct and natural indirect effects can be biased, altough
they still sum up to an unbiased total effect, as the unmeasured confounder is not
assumed to affect the exposure. It thus naturally follows that the bias of the natural
indirect effect is —6,,,0,,.

The presence of unmeasured confounding may be assumed e.g. based on a pri-
ori knowledge of potential common causes of the exposure, mediator and/or the out-
come. Furthermore, presence of residual confounding can be assessed based on the
correlation between the error terms in the models of the mediator and the outcome.
[47] In pubication I of this thesis, sensitivity analysis for unmeasured confounding
was conducted.
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3 Multiple and High-Dimensional
Mediators

In the empirical research questions of this thesis, the exposure is assumed to affect
the outcome through multiple distinct mediators. The omics datasets are often high-
dimensional, with p (the number of variables) > n (the number of observations),
and thus it is necessary to identify the true mediators from a large set of candidates
and to estimate their individual and joint mediation effects. In mediation analysis
with multiple mediators, both the pathways through individual mediators (consisting
of pathways (iii.1),..., (éi.J) and (iv.1),...,(iv.J) in Figure 3) as well as the
overall or “total” mediated effect through the collection of all identified mediators
(pathways (iii) and (iv) in Figure 3) may be of interest.

M, (iv.1)
M, (iv.2)
X . . Y
(iii) : (iv)

(iii.J) M; (iv.d)

(i)

Figure 3. Directed acyclic graph visualising a mediation problem with multiple mediators. The
individual arrors 4.5 and iv.j, j = 1,..., J, correspond to mediator-specific effects, while the
bolded arrows i and iv represent the overall effects through the entire set of mediators. Pathway
(i) describes the direct effect.
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(a) M, (b) M,

/
]
\ M3 M;

Figure 4. Directed acyclic graphs visualising two approaches to mediation analysis with multiple
mediators. Panel (a): Contemporaneous mediators: the mediators are not assumed to affect each
other causally. Panel (b): Causally ordered mediators.

3.1 Multiple Mediators

Mediation analysis can be extended to accommodate multiple mediators, and various
approaches for multiple mediators have been proposed in the literature. In the case of
multiple mediators, the set of mediators is a J-dimensional vector denoted as M =
(My, Ma, ..., My). The approaches can be classified as methods for mediators that
are contemporaneous, i.e. without a causal ordering (visually described for J = 3 in
Figure 4 (a); e.g. [48; 49; 50]) or mediators that are causally ordered (Figure 4 (b);
e.g. [51;52; 47]).

In the empirical analyses of this work, omics mediators are considered as con-
temporaneous rather than causally ordered, as the omics data are obtained from a
single time point without a priori knowledge of any potential causal interrelation-
ships between the mediators. However, in other settings the omics markers may also
be causally ordered or the set of mediators may include both contemporaneous as
well as causally ordered mediators.

3.1.1  Contemporaneous Mediators

To be able to derive counterfactual mediation effects for multiple contemporaneous
mediators (Figure 4 (a)), a nested counterfactual for J mediators is defined as

Y(wo, Mi(z1), Ma(z2), ..., My(21)); zo,21,22,...,25 € {z,2"}. (9

A special case is the counterfactual Y (z', M (z")) = Y (2!, My(2"),... M (")),
which describes the counterfactual outcome that would occur if exposure was set at
2’ and the entire vector of mediators would obtain the values that would naturally
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occur if exposure was set at 2, with 2/, 2” € {z, 2*}. From this definition follows
the counterfactual definition of the overall indirect effect (OIE), i.e. the indirect effect
through the entire vector of mediators:

OIE=E[Y(z,M(z))] —E[Y(z, M (z"))] (10)
=E[Y(z, Mi(x),...,M;(x))] — E[Y(z, M1(z¥),..., Ms(z"))].

In addition, mediator-specific counterfactual indirect effects can be defined. To
this end, special attention should be paid to how the levels of the other mediators,
apart from the jth mediator of interest, are defined in the counterfactual expression
(9), as there are are 27 different ways to choose the levels for x1,...,25. One
choice, suggested by Wang et al. (2013) [50], results in a particularly convenient
way for defining counterfactual mediator-specific indirect effects:

I, = E[Y (¢, M,_(2), M; (), M 1. (2"))] (1
~E[Y (2, Mj_(2), Mj(a"), M4 ()] j = L., J.

Here, the counterfactual outcome is the level of outcome when exposure is set to
x, the first j — 1 mediators M ;_ = (M, ..., M;_1) obtain the values they would
obtain when exposure is z, the jth mediator is changed from the value it would take
under z to the value it would take under x*, and the rest of the mediators M ;. =
(Mjt1,..., M) obtain the values they would obtain under x = z*. Although the
mediators here do not have a causal ordering, in the interpretation of these mediator-
specific indirect effects the order of coordinates is of importance. The use of this
definition is demonstrated in publication I of this thesis, where the mediators were
contemporaneous but had a natural ordering due to how they were built. Under this
definition, regardless of the order of the mediators, the J mediator-specific indirect
effects sum up o the overall indirect effect (OIE), which was also demonstrated in
the supplemental material of publication I of this thesis.

An alternative, rather intuitive way is to set all mediators except the jth to the
level X = z so that the indirect effects are: [49]

E[Y (2, M;—(z), Mj(z), M (x))] — E[Y (2, M;_(z), M;(z"), M4 ())],

j = 1,...,J. While this definition appears straightforward, the mediator-specific
indirect effects now do not sum up to the overall indirect effect. However, the inter-
pretation of these counterfactual effects is more intuitive and does not depend on the
ordering of the mediators.

The exchangeability conditions for multiple mediators are analogous to those in
the case of a single mediator, presented for each mediator separately. [47] Under
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these conditions, the counterfactual outcomes in (11) can be expressed as: [50]

//E Y|X =20, M (1) = mj—, Mj(x2) = my, M, (x3) = mjy, C = ¢
(12)

X AFpg, - (20),M; (03),M, 1 () (M=, mj, myy )dFo(c),

xo,x1,x2,x3 € {x,z*}. As shown in Wang et al. (2013) [50], provided that the
joint distribution of the mediators can be estimated, the mediation effects are iden-
tifiable. The total effect, direct effect, and overall indirect effect require estimating
only the joint distributions of (M (x),..., M (z)) and (Mi(z*),..., M;(z*)) and
thus, these effects are identifiable without further assumptions. [50]

For the mediator-specific indirect effects, however, the joint distributions of the
mediators involve both x and * simultaneously, leading to a cross-world problem:
for an individual, a vector of simultaneous mediators under both x and z* cannot
be observed. To be able to estimate the joint distributions of the mediators, Wang
et al. (2013) [50] suggested pre-specifying (a common) cross-world correlation co-
efficient py; between each My () and M;(x;), k # [, which allows identification
of the mediator-specific indirect effects. In the simple case of linear models for the
outcome and mediator and assuming no exposure-mediator interaction, the expres-
sion (12) depends only on the marginal distributions of the mediators, as explained
in the supplemental material of publication I of this thesis. In this case, parametric
mediator-specific indirect effects become identifiable even without pre-specifying
the between-mediator correlations. However, if the outcome needs to be modelled
using e.g. a logistic regression model, the cross-world correlation coefficients need
to be specified to estimate the joint distribution of the mediators. [50]

In the case of continuous mediators and outcome, no exposure-mediator inter-
action, and assumption of linear relationships between the outcome, mediator and
exposure, the following parametric linear models for the set of mediators and the
outcome can be defined as:

E[M;|X = z,C = ¢| = fo; + frjz + fae, (13a)
J

EY[X =20, M =m,C=d =y +mz+) yymj+e.  (13b)
j=1

Under the sequential exhangeability conditions, similarly to the case with one medi-
ator, the parametric expressions of the causal effects then follow based on the coun-
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terfactual definitions and Equation (12):

NDE = 71 (x — z¥),

J
OIE = > 72,815,

j=1
IE] :72j/81j7 ] = ]-a"'a‘]'

Regardless of how the counterfactual definitions of mediator-specific indirect ef-
fects (IE;’s) are formulated, in the case of continuous outcome and mediators and
no exposure-mediator interaction, the additivity of the IE;’s to the OIE holds with
the parametric models used here.

Of note, in the empirical modeling, the mediators should be modelled jointly
using a multivariate regression, allowing correlated residuals. The covariances of the
1 and B as well as those of q; and 1, are in fact involved in the standard errors
of the OIE when based on the delta method, as demonstrated in the supplementary
material A.2 of publication I of this thesis.

3.1.2 Causally Ordered Mediators

When the mediators are causally ordered, as in Figure 4 (b), the dependence of M> on
M, the dependence of M3 on My and M, and so on, leads to more complex nested
counterfactuals. For example, in the case of two causally dependent mediators, the
nested counterfactual for the outcome is written as Y (zo, M1 (x1), Ma(xq, M (z3))),
xo,x1, T2, x3 € {x,x*}. [52] In this case, the direct effect, indirect effects via M;
only and via M> only, and the indirect effects via both mediators, can each be de-
fined in 8 different ways depending on how the levels of xgx1, x2 and x4 are assigned
in the nested counterfactuals. Furthermore, Daniel et al. (2015) [52] demonstrated
that for two mediators, there are 4098 (8%) ways to build a sum of these four ef-
fects. However, only 24 of these ways allow decomposing the total effect coherently
into the four distinct effects. With increasing numbers of mediators, nested coun-
terfactuals become increasingly complex, with J mediators the number of possible
decompositions of the total effect being (27)!. [52]

Also the confounding assumptions are challenged when dealing with causally or-
dered mediators. In Figure 4 (b), the first mediator M is in fact a mediator-outcome
confounder for M>. However, as M is also affected by exposure X, its presence
violates the assumption that no mediator-outcome confounders are themselves af-
fected by the exposure. [51] Of note, when investigating the vector of mediators M
jointly, the assumption may still hold. In the case of causally dependent mediators,
the exchangeability conditions are sequential. [47]

The estimation of natural direct and overall indirect effects proceeds in the same
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way as with contemporaneous mediators. However, no straightforward solution for
mediator-specific indirect effects exists. Daniel et al. (2015) [52] decomposed the
total effect into a direct effect (i.e., through none of the two mediators), indirect
effects through only each of the mediators, and indirect effects through all mediators.
VanderWeele and Vanseelandt (2014) [51] suggested utilising a known causal order
of the mediators by defining indirect effects sequentially. Specifically, subsets of
mediators are investigated .J times, each model defining the indirect effect as:

1B = (E[Y (2, M- (@))] — E[Y (2, My (2")])
~ (B[ (2, M- (@))] - BV (2, My (&)]), 5 =1,.... .

where M (;,1)_(x) is the vector of mediators 1, ..., j. Thus, IE; is the increment
in the mediated effect when the j{th mediator is added. In practice, the first stage
corresponds to a mediation analysis for the first mediator M7, providing the indirect
effect and proportion mediated through M. In the next stage, the second mediator
in the causal pathway, M>, is added to the models. The difference between the
overall indirect effect in the second versus the first model characterises the additional
contribution of mediator My compared to mediator M; only. This process can then
be carried forward by adding one mediator at a time, following their assumed causal
order, to learn the incremental effect of each of the sequential mediators. [51]

3.1.3 One Versus Multiple Models for the Outcome

The overall indirect effect through all mediators jointly, based on a single model for
Y, may differ from the sum of the indirect effects of the mediators considered sepa-
rately, as highlighted in Vanderweele 2014 [51]. Only if the mediators are indepen-
dent of each other (conditional on the exposure and the covariates) and do not have
interactive effects on the outcome, the single-mediator effects summed up will yield
same results as the multiple-mediator analysis. In practice, regardless of whether the
mediators are contemporaneous or causally ordered, this means that the model for Y’
should involve all the mediators simultaneously. In the case of causally ordered me-
diators (Figure 4 (b)), the path through the first mediator (X — M; — Y) would be
also included in the pathway through the second mediator (X — M; — My — Y)
and hence, separate mediator-specific models would lead to counting these paths
twice when summing the indirect effects into the overall indirect effect. Hence, the
proportion mediated could be inflated. [51] Even if the mediators do not causally
affect one another but have an additive interactive effect on the outcome or an un-
derlying correlation structure, the overall indirect effect will differ from the sum of
mediator-specific indirect effects. [48]
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3.2 High-Dimensional Mediators

The approaches outlined above for multiple mediators apply to settings where the
number of mediators is relatively small, and in particular, smaller than the number of
observations. Omics datasets are often high-dimensional, i.e. the number of variables
p is much larger than the number of observations n (p > n). [53] If, for example, the
relationship between DNA methylation and an exposure or phenotype is of interest,
an epigenome-wide association study (EWAS) can be used to assess this relationship
across cytosine-guanine dinucletoide (CpG) sites measured throughout the genome.
[54] CpG sites are DNA regions in which a cytosine nucleotide is followed by a
guanine nucleotide and are susceptible to methylation, a process that can influence
gene regulation. [55] In EWAS settings, the number of variables describing DNA
methylation levels across CpG sites is often hundreds of thousands.

From the perspective of causal mediation analysis, high-dimensional mediators
pose challenges. The causal structure of the effects of the numerous mediators as
well as their interrelationships is not likely known a priori. In addition, knowledge
of mediator-specific confounders is also often lacking. Hence, more data-driven,
hypothesis-generating approaches are often needed to begin uncovering potential
causal mechanisms.

In the case of high-dimensional mediators, prior to estimating the causal effects
of interest, the key mediators need to be sieved from the large number of candidates.
Various approaches, summarised by Blum et al [56], have been proposed to assess
the mediating role of high-dimensional omics markers. Some approaches, utilised
especially in the field of epigenetics, rely on identifying candidate mediators based
on a high-dimensional set of exposure-mediator models and then conducting sepa-
rate mediator-outcome analyses only for the set of identified mediators, appropriately
accounting for multiple testing in both stages. This approach is to some extent anal-
ogous to the joint significance (MaxP) test, where it is required for each mediator
that both the exposure-mediator and mediator-outcome associations separately show
strong enough evidence against the null, ignoring the composite form of the media-
tion null hypothesis. However, considering the effects of each mediator individually
does not take into consideration correlation or interactions between mediators. [56]

The mediators may also be considered jointly, treating them as whole (i.e., con-
sidering only the overall indirect effect transmitted through all mediators). Such
approach however does not allow identifying which specific mediators could play a
role in the exposure-outcome associations and thus, the specific mechanistic path-
ways that could be targeted by, for example, therapeutic interventions remain un-
covered. [56] The high-dimensional set of mediators in the outcome model also
requires regularisation approaches, which often prioritise prediction yet lack causal
interpretation. [57; 9; 56] Thus, this approach is not able provide insights on what
interventions would be needed to modify the outcomes.
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A high dimension of mediators can also be an advantage, as demonstrated by Liu
etal. (2022). [41] They suggest the divide-aggregate composite null test (DACT) for
high-dimensional mediators, based on the idea of the composite nature of the null
hypothesis as presented in Equation (8). The test leverages the information of the
distribution of p-values provided by the large number (.J) of tests in order to provide
a composite p-value for the hypothesis of mediation. This approach was applied in
publication III of this thesis.

In practice, two large omics-wide analyses, usually EWAS, encompassing each
of the J omics markers are conducted. Both EWAS provide a set of p-values related
to each of the J 1 and 2 parameters, denoted as pg, and p,,, j = 1,...,J, respec-
tively. The distributions of the two high-dimensional sets of p-values testing 5 = 0
and v = 0 can be investigated and the large number of tests is leveraged to estimate
the “proportions of true nulls”. [58] These proportions are denoted as ﬁg and 7
and they describe the proportions of the CpG sites that are not associated with the
exposure and outcome, respectively. Typically, both proportions are very close to 1.

Based on frg and 7, Liu et al. (2022) suggest that the probabilities of the three
hypotheses pertaining to the composite null hypothesis (see Definition (8)) and the
alternative hypothesis can be calculated as follows: [41]

Ho) =701 — 7)) (14)

The relative proportions of the three null cases are further normalised to sum to 1,
denoted by 101, w9 and w3, and then used as weights to derive the so-called divide-
aggregate composite-null test p-value of no mediation for each of the J mediators
as:

DACT; = w1pg, + wap,, + ws(Max(pg,,py,)%), §=1,...,J. (15)

Here, Max(pg, , p%.)2 refers to the squared maximum of the two path-specific p-
values, which was noted to be the p-value of MaxP test by Liu et al. (2022).

While the test statistic of Equation (15) often follows the uniform distribution
due to w3 being close to 1, in some cases w; or wy may become larger and hence
the distribution of the DACT test statistic may deviate from uniformity. In this case,
Liu et al. (2022) [41] suggest calibrating the original DACT p-values of Equation
(15) using the empirical null framework developed by Efron (2004) [59]. Briefly,
the calibration is done by transforming the DACT p-values into z-scores in order
to estimate the empirical null distribution. [58] This approach can aid in correcting
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the inflation and bias in the p-values stemming from, for example, correlatedness of
multiple tests due to dependencies in the underlying epigenetic data.

In Liu et al. (2022) [41], the more traditional approaches to infer the statistical
significance of the mediator, Sobel’s test and joint significance test, were concluded
to have too low statistical power and too high type I error rates when applied for
high-dimensional mediators. These tests were suggested to be overly conservative
due to the small numbers of signals in high dimension, multiple testing approaches
and for not accounting for the composite nature of the null hypothesis. In contrast,
the type I error rate of the DACT test was found to be close to the nominal levels,
and its statistical power was superior to the two traditional approaches.
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4 Compositional Mediators

Over the recent years, the compositional nature of sequencing count data has been
acknowledged. [11; 60] Such data consist of counts of reads that are assigned to
various groups, for example, taxonomic units in microbial data. As the read counts in
sequencing studies are restricted by the capacities of the sequencing instruments and
as such, are arbitrary, such data can be interpreted to carry relative information rather
than absolute information, as opposed to e.g. more traditional ecological settings,
where the abundance of species is of key interest. [11]

The patterns inferred from sequencing data depend on whether the data are con-
sidered as abundances (counts) or composition (relative information). This is demon-
strated in Figure 5, following a similar example presented in Gloor et al. (2017) [11].
The example consists of three samples, each having two features. When considering
these data as read counts (left-hand panel), samples 1 and 2 have the same amount
of the first feature, whereas the amount of that feature is twofold in sample 3. When
treating the data as compositions (relative information; right-hand panel), the rel-
ative proportion of the first feature is the same between samples 1 and 3. Thus,
even though the total abundances between samples 1 and 3 were clearly different,
the relative information carried is the same, i.e. the two samples are compositionally
equivalent. Thus, approaches treating the features as two independent count variables
(e.g. those relying on negative binomial models) would lead to different conclusions
compared to the methods that treat the data as relative abundances.

4.1 Introduction to Compositional Data Analysis

Compositional data comprise of elements that together constitute a whole entity,
summing to unity or, more generally, to a constant. Compositional data often arise
as non-negative observations, such as counts that are meaningful when scaled by
their total. [61] For example sequencing-based omics data are constrained by their
sequencing depth, daily time use is constrained to 24 hours, and election polls are
constrained to sum to 100%. An important property of compositional data follows
from this: compositions only carry relative, not absolute, information, and as the
interest lies in the parts of composition that are scaled into proportions of the whole,
compositional data are scale invariant. [61; 62] The unit-sum constraint also leads
to negative correlation between the parts of composition, sometimes referred to as

26



Compositional Mediators
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Figure 5. Example of sequencing count data treated as counts (left-hand panel) or proportions
(right-hand panel). The graph follows a similar example presented in Gloor et al. (2017) [11].

spurious correlation [61]. If the relative amount of one part (for example in daily
time use, sedentary time) increases, the relative amount of at least one another part
(for example, time spent for physical activity or sleep) inevitably decreases.

A J-part composition is defined as a vector z = (z1,...,z27), where all com-
ponents are positive and represent only relative information, while the absolute nu-
merical values of the components are not of interest. The closure operator is used to
scale the composition z to a constant sum x [62]:

KRZzZ1 RZJ
C(z) = < e ) .
RS RS

Often « is set to 1 so that the composition represents proportions. However, in se-
quencing count data, 10° is a common choice, allowing the parts of composition to
represent reads per million.

Due to the constant-sum constraint, compositional data reside in the simplex
space, where this constraint is naturally built in. A .J-part simplex is denoted by S”
and defined as

J
ST=Rz=(a,...,20); >0, j=1,....J; Y zj=#r}.
j=1

This simplex is the sample space of compositional data. A three-part composition
that resides in S? can be visually presented using a ternary diagram, as demonstrated
in Figure 6. Figure 6 also presents the locations of three distinct compositions, z; =
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Figure 6. Ternary plot in S representing three distinct compositions: z; = (0.70, 0.20, 0.10),
z2 = (1/3,1/3,1/3), 23 = (0,0, 1).

(0.70,0.20,0.10), zo = (1/3,1/3,1/3) and z3 = (0,0,1). Of note, in some older
treatises (e.g. Aitchison (1982) [63]), the simplex S” is defined with .J proportions
for which Z}-le zj < 1 with an additional fill-up value z;4; = 1 — Z}']:1 zj. This
convention emphasises the fact that in compositional data, due to the constant-sum
constraint, knowing all parts but one is enough to know the full composition.

Due to the constraints and properties of compositional data, neither the vector
operators defined in Euclidean space nor standard multivariate methods, which often
assume a real-valued sample space, are directly applicable to compositional vectors
and their analysis. Instead, the framework of compositional data analysis, suggested
initially by Aitchison, provides a collection of statistical methods suited for handling
compositional data. [63; 64] The Aitchison geometry on the simplex refers to the
algebraic-geometric structure of the simplex, and the set of operators defined on the
simplex, Aitchison inner product, norm, and distance, are based on logratios of the
parts of the composition, taking into account the relative nature of the data. [65]

4.2 Log-Ratio Transformations

Because the algebraic-geometric structure of compositional data residing on the sim-
plex differs from that of observations residing on the real space, using standard sta-
tistical methods for compositional data may lead to incoherent inferences. [65] The
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principle of working on coordinates refers to representing the data in log-ratio coor-
dinates, and treating these coordinates as random variables when applying standard
statistical methods in the Euclidean geometry. [65] Log-ratio transformations are
tools to map the data from the simplex to Euclidean space. They allow handling
the relative nature of the data as well as the constant-sum constraint so that standard
statistical models are applicable.

There are three widely-used log-ratio transformations for compositional data:
additive and centered log-ratio transformations, both first suggested by Aitchison
(1986) [64], and isometric log-ratio transformation, presented by Egozcue et al.
(2003) [66]. The additive and centered log-ratio transformations are here covered
briefly before focusing on the isometric log-ratio transformation, which was the fo-
cus in Publications I and II of this thesis, in more detail.

4.2.1 Additive and Centered Log-Ratio Transformations

Additive log-ratio (alr) transformation is used to transform a .J-part composition z =
(z1,...,27)in 87 into R/~ It is defined as the logarithm of the ratios of the parts
of a composition to a chosen reference part, as follows:

alr(z) = (lnzl, e lnzj_l) .

zJ zJ

The alr transformation is not symmetric as it depends on the reference part. Choos-
ing another part of the composition as reference would mean a different transforma-
tion and hence, a different interpretation. Especially when the reference part has a
meaningful role in the composition in terms of the empirical research question, alr
coordinates carry a rather straightforward interpretation. [67] The alr transformation
is an isomorphism, i.e. it preserves the relative relationships between the parts. How-
ever, it is not isometric, i.e. it does not preserve the distances between the data points
when moving from the simplex to real space. [67; 66].

The centered log-ratio (clr) transformation is defined as a logarithm of the ratios
of each part of the composition to the geometric mean of all parts:

clr(z) = (mgn’iz), . ,1ng;‘(’z)> ,

where gm(z) denotes the geometric mean of the components: (H;’zl zj> 7. 167;66]

While the clr transformation is symmetric in the components, it keeps the same di-
mension, i.e. transforms the J-part composition from S” into R’. The transfor-
mation is both isomorphic and isometric. However, its components are constrained
to sum to zero, leading to a singular covariance matrix, and thus, to a degenerate
distribution. [67]
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Initially, the alr transformation was used by Aitchison for statistical modeling of
compositional data and the clr transformation for methods relying on distances, such
as principal components analysis. However, their issues regarding preservation of
distances and singular covariance matrices, respectively, motivated the development
of the isometric log-ratio transformation (ilr). [67; 66] The ilr transformation was of
interest in publications I and II of this thesis due to its straightforward applicability in
mediation setting and flexibility in choosing the parts to contrast against each other.

4.2.2 Isometric Log-Ratio Transformation

The isometric log-ratio (ilr) transformation was first introduced by Egozcue et al.
(2003) [66] to overcome the shortcomings of the additive and centered log-ratio
transformations. The transformation, built on an orthonormal basis, is isometric due
to its ability to preserve the metric properties (i.e. angles and distances) when map-
ping the compositions from the simplex to the real space. The ilr transformation
preserves the Aitchison operators in the simplex as ordinary Euclidean operators in
the real space, and the results of statistical analyses using the ilr coordinates are the
same as could be obtained using compositions and Aitchison geometry. [67; 66].
The J-dimensional composition z is transformed from the simplex intoa J — 1
dimensional vector of isometric log-ratio coordinates, denoted here as m, as follows:

m = ilr(z) = V'In(2).

Here, the J x (J — 1) -dimensional orthonormal basis matrix V is called a contrast
matrix, and its elements are based on a given sign matrix ¥, which consists of values
+1, -1, and 0, as follows:

ntn- 1 I[sign(jr)==+] 1 I[sign(t;x)=-]

j=1....J;k=1,...,J — 1. Here, n: and n, are the numbers of cells with
values +1 and —1 in the kth column of W. The choice of the sign matrix ¥ is
further discussed below. Thus, the ilr coordinates are obtained as

+, - +
mp = | 8GE) g
n;+n; gm(zk_)’ N ’

where gm(z;") and gm(z; ) denote the geometric means of the proportions in the
classes denoted by +1 and —1 in the kth column of the sign matrix, respectively.

Choosing the contrasts

There is no a simple canonical basis to construct ilr coordinates. Instead, various
alternatives have been suggested, and the best choice often depends on the research
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question at hand. [61] One way to build the coordinates is to use a sequential binary
partition (SBP), where the composition is recursively split into two groups that are
contrasted against each other. This choice leads to so called balance coordinates.
[68] Natural examples for building balance coordinates based on a priori knowledge
stem from applications that contain natural hierarchies. For example, in election polls
the parties can be roughly categorised to left-wing and right-wing parties, and further
categorised within these categories; whereas the analysis of microbial data can rely
on the known taxonomic/phylogenetic hierarchies within the data. [68; 69] If the
data represent natural groups or hierarchies, the SBP can be built based on these hi-
erarchies so that both the relationships between distinct groups and the relationships
between members within groups can be investigated. These two relationships are re-
ferred to as inter-group and intra-group analysis by Egozcue and Pawlowsky-Glahn
(2005). [68]

For illustration, an example regarding a simplified question on taxonomic data
from publication I of this thesis is used. In a five-part taxonomic composition, as-
sume that there are three groups and within these groups, five distinct taxa. Taxon
A belongs to the first group; taxa B and C to the second group; and taxa D and E to
the last group, as visualised in Figure 7(a). One example of a set of balance coordi-
nates with intuitive interpretation is obtained by building the 5 x 4 sign matrix for
the sequential binary partition (SBP) as follows:

+1 0 0 0
1 41 +1 0
U= (Yp)=|-1 41 -1 0 (17)

-1 -1 0 +1
-1 -1 0 -1

Each column of matrix (17) defines how the components are contrasted against each
other when building the four isometric log-ratio coordinates. The first coordinate
is the logratio of taxon A against all other taxa, describing the role of this specific
taxon in the composition; it can also be considered as an inter-group comparison
of group 1 against groups 2 and 3 combined. The second coordinate contrasts the
taxa {B, C} against taxa {D, E} into an inter-group balance between the second and
the third group. Lastly, the third and fourth coordinates correspond to intra-group
balances of the second and the third groups, respectively. The hierarchy as encoded
by the matrix (17) is visualised in Figure 7(b). In addition to this example approach,
presented in Publication I of this thesis, also more data-driven approaches that utilise
the phylogenetic information have been suggested. [69]

A special case of balance coordinates is the pivot coordinates, where the parts
of composition are organised in a particular order and each part of the composition
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Figure 7. An illustrative example of a taxonomic hierarchy among five distinct taxa. (a) Taxonomy
describing a known or an assumed relational structure between the five taxa. (b) Hierarchy
encoded by SBP matrix (17). The example is from publication | of this thesis

is sequentially contrasted against the remaining parts of the composition. [70] For a
J-dimensional composition, the J x (J — 1)-dimensional pivotal SBP matrix is

+1 0 0 ... 0
-1 +1 0 ... 0
-1 -1 41 ... 0
U=Wp=|: + = (18)
-1 -1 -1 : +1
-1 -1 -1 : 1]

Thus, the pivotal choice of contrasts leads to the following coordinates: [70]

mk:\/( (J+1)—k In “k Jk=1,...,J.

J+ 1) —k+1 ((J+1)— k)/l—[éj—&l;l o
+1

The first pivot coordinate has a particularly straightforward interpretation as the first
part of composition contrasted against all other parts, and it is useful in the analysis
of compositional data especially if one part of the composition is of interest.

In addition to the more hypothesis-driven approaches presented here and utilised
in publication I of this thesis, also data-driven approaches have been suggested. For
example, in the context of sequencing data, often characterised by high dimension,
the logratios with best predictive abilities can be identified. [71]
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4.3 Mediation Analysis with Compositional Data

Due to the increasing interest in sequencing count markers as mediators in the ef-
fects of exposome on health and disease, and the observation that sequencing count
data may be compositional, various approaches have been suggested for mediation
analysis with compositional mediators, especially in the context of microbial data.
[72; 73; 74; 75] One of these approaches, as well as comparison with some of the
other approaches, is presented in publication I of this thesis.

In general, these approaches are based on transforming microbial data from the
simplex to ilr or alr coordinates and using the ensuing coordinates as mediators in
a multiple-mediator analysis. In addition to taking into account the compositional
nature of the data, log-ratio coordinates are better suited for simple regression models
than raw sequencing counts characterised by large variability and sparsity.

In publication I of this thesis, both hypothesis-driven taxonomic and pivotal ap-
proaches for building mediating ilr coordinates were introduced, corresponding to
the matrices (17) and (18). In the former, each coordinate was treated as the medi-
ator of interest whereas in the latter, the first pivotal coordinate was the only causal
mediator of interest. It was also noted that while each different contrast matrix used
to build ilr coordinates entails a different causal hypothesis and interpretation, the
overall indirect effect (i.e. the inner product of the two vectors of coefficients) re-
mains the same, as alternative contrast matrices correspond to choosing different or-
thonormal basis for the simplex. In publication I of this thesis, the mediator-specific
indirect effects were defined following Equation (11). Conveniently, this definition
complies with the sequential binary partition method used to build the coordinates.

While the approach suggested in publication I of this thesis is based on low-
dimensional data and an a priori hypothesis, other, high-dimensional approaches
have been presented. In these approaches, the aim is often to sieve potential me-
diating taxa from a large number of candidate mediators. Sieving approaches and
regularisation methods, such as Lasso regression, have been suggested to identify
the signals of mediation from a high-dimensional composition. [73; 72] In addition
to ilr coordinates, also the use of alr coordinates as well as modelling microbial taxa
in the simplex space using Aitchison geometry have been suggested. [73; 74] A more
comprehensive comparison of the different approaches is presented in Publication I
of this thesis.

In previous literature, the use of pivotal contrast matrices in a data-driven manner,
rather than hypothesis-driven, has also been suggested. If each part of composition
is of interest separately, the pivot coordinates are built J times, using each part of
the composition at a time as the pivot element. [72] Mediation analysis is then used
to assess the mediating role of each part of the composition. However, as noted
in Publication I of this thesis, under these so-called alternating pivot coordinates,
the sum of individual indirect pivot effects would not sum up to the overall indirect
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effect. Each of the J analyses relies on a separate contrast matrix and corresponds to
a different hypothesis, aiming to identify or sieve signals of mediation from a number
of potentially misspecified matrices.

In Chapter 3, methods for multiple mediators were classified into methods for
contemporaneous and causally ordered mediators. In case of compositional media-
tors, the set of mediators is inherently contemporaneous rather than causally ordered.
[76] However, these mediators are correlated (cf. Section 4.4 for their covariance
structure), also conditionally on the exposure and confounders. This correlation, al-
though not causal, arises from how the coordinates are built and encompasses also
the underlying correlations between the parts of the composition.

One important point noted by Arnold et al. (2020) [76] is that causal infer-
ence with compositional data is framed differently depending on whether absolute
or relative values are used. The absolute values, such as microbial counts or energy
from dietary components, can affect the outcome of interest either directly or indi-
rectly through the increase in the total quantity (e.g. total energy intake). However,
when scaled to relative abundances, the total becomes a collider variable and builds
a dependence between the parts of the composition. Thus, the effect of the relative
abundance of one component reflects both the change in that component as well as
in all other components.

4.4 Asymptotic Normality of llr Coordinates

Sometimes in the context of compositional mediation analysis, the normality of ilr
or alr coordinates is directly assumed when modelling the relationships between ex-
posure, mediators and outcome based on a standard linear model. [72] However,
if the underlying sequencing data exhibit excess variability, this assumption can be
wrong. In compositional mediation analysis, the coordinates have a twofold role as
both dependent variables (cf. Equation (13a)) as well as explanatory variables for the
response (cf. Equation (13b)). Highly non-normal coordinates can thus violate the
assumptions of standard linear regression models and hence, in case of extremely
non-normally distributed residuals, affect the efficiency of estimation and produce
misleading confidence intervals and distort the relationships. The asymptotic nor-
mality of ilr coordinates under simple multinomial sampling has been shown before
and is reviewed below. [77; 78] In publication II of this thesis, the normality of ilr
coordinates was investigated under compositional data exhibiting sparsity and excess
variability.
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4.4.1 Multinomial Counts

The asymptotic normality of the ilr coordinates when the composition is based on
multinomial sampling of counts was noted by Graffelman in 2011 [77] and formally
proven by Graffelman et al. in 2015 [78]. Assuming a multinomial experiment
with J possible categories and total size K, denote the vector of counts in the cat-
egories as K = (Kj,...,K) and their relative frequencies, i.e. proportions as
f= o f0); fi=Kj/K, j=1,...,J; %/, fj = 1. The vector f is hence a
composition in S”. The proportions are maximum likelihood estimates of the under-
lying multinomial probabilities p = (p1,...,ps). Asymptotically, the distribution
of f approaches a multivariate normal distribution with expected value E [f] = p
and variance-covariance matrix Cov (f) = Xy = D, —pp’, where D, is a diagonal
matrix with elements pq,...,p;.

Following the presentation of Casella and Berger (2002) [79] and Graffelman et
al. (2015) [78], the centered asymptotic distribution of maximum likelihood estima-
tor of g(f) for a function g that has continuous first partial derivatives is:

VE(g(f) — g(p)) » N (0, (6)%(5)> P (%?)) . (19)

When g is the ilr transformation, i.e. g(p) = ilr(p) = V'In(p), the partial
derivatives become:

op P
where D, ! is a diagonal matrix with elements 1/p;,...,1/p;. In this case, the

covariance matrix in (19) is V'’ D; ! fD; ly =v/ D:; LY. The covariance matrix
of the ilr coordinates thus only depends on the multinomial probabilities p and the
contrast matrix V. [78]

Based on (19), under large enough total count (X — o0) it holds for the ilr

coordinates that )

ilr(f) — N(ilr(p), %

—1
V/D; V). (20)

4.4.2 Counts with Sparsity

Sequencing count data often involve excess heterogeneity compared to purely
multinomial counts. Especially taxon-specific probabilities are characterised by ex-
cess of zero-count observations (sparsity) and, at the extreme levels of such hetero-
geneity, counts are concentrated into specific classes and hence, the distributions of
class-specific proportions may become multimodal. Figure 8 demonstrates how the
compositions as whole (left-hand panels) and distributions of the proportions of each
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Figure 8. Three-part compositions under varying extents of sparsity. For each scenario, n = 1000
observations were simulated from the underlying Dirichlet-multinomial distribution with varying
extents of Dirichlet-multinomial sparsity (cf. Equation (21)) and class-specific probabilities of 0.10,
0.30, and 0.60. In the left-hand panels, each vertical line corresponds to one observation scaled
into proportion. For each observation, the proportion of counts belonging to each of the classes
are presented in different colors. The observations are presented in descending order of the third
class. The horizontal lines represent the expected proportions. The right-hand figures present the
smoothed marginal distributions of the simulated class-specific proportions.
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class (right-hand panels) behave under varying extents of sparsity. In each case, the
three-part compositions are based on counts in classes that have probabilities of 0.10,
0.30 and 0.60, respectively. When data are extremely sparse, the first of the classes
is absent from majority of the samples, and some of the samples consist of counts
from only one of the classes. The distributions or the class-specific proportions thus
range from O to 1 and do not have a clear mode. When sparsity becomes more mod-
erate, the samples become more similar with each other, and especially the two most
abundant classes lack zero-count observations. The distributions of the class-specific
proportions are well-defined and have modes. With no sparsity, for each sample, the
class-specific proportions are very close to the underlying probabilities and the dis-
tributions of the class probabilities are extremely concentrated.

In publiction II of this thesis, the asymptotic normality of ilr coordinates was
investigated under a general compound multinomial distribution exhibiting excess
variability. The derivation of the asymptotic normality of the ilr coordinates under
multinomial counts, presented by Graffelman et al. [78] and summarised above, is
rather straightforward due to the known asymptotic normality of the proportions.
However, under a compound multinomial distribution with extra-multinomial vari-
ation in the probabilities, the distribution of the proportions may deviate from the
normal distribution.

In order to investigate the normality of the coordinates under overdispersed com-
pound multinomial counts, the normality of the proportions based on the general
compound multinomial model was investigated first. Briefly, it was found that when
the total of the counts increases and the variation induced by the mixing distribu-
tion becomes negligible, the compound multinomial proportions reach asymptotic
normality.

In addition to the general compound multinomial distribution, the special case
of Dirichlet-multinomial distribution was investigated. Briefly, the Dirichlet distri-
bution describes the variation in (compositional) proportions. [70] The Dirichlet
probability density function for J categories is

J
H‘.’F(?(L) PP =1,
j=1 3) j=1

where o = (a1,...,ay), oj > 0, E}J:laj = ag is the vector of the so-called
concentration parameters. [80] Their total, ag, defines the sparsity of the distribu-
tion: the smaller its value, the more the data are concentrated to a specific class. The
expectation of jth class is a;/ag and the variance-covariance matrix is (diag(o —
ac’))/(as + 1). The class-specific mode, (c; — 1)/(co — J), is only defined when
aj > 1.

Dirichlet-multinomial distribution is a compound multinomial distribution where
class-specific probabilities are first drawn from the Dirichlet distribution, and the
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sample of counts x follows a multinomial distribution with the Dirichlet probabilities
and number of trials K:

7 ~ Dirichlet(aq, ..., ay) 20
x| K, ~ Multinomial (K, ).

For the Dirichlet-multinomial distribution, E [z;] = K«;/ag and

Cov(z) =K If%of“ss (diag(ar) — ad’). Again, the parameter «g controls the sparsity,
and when ag — o0, the Dirichlet-multinomial distribution approaches the multino-
mial distribution. [81]

Based on the results for general compound multinomial distribution, in Publica-
tion II the normal approximation was formulated for Dirichlet-multinomial propor-
tions when both K — oo and ag — oo under two scenarios: K/ag = o(1) and
as/K = o(l), i.e. when ag — oo faster than K or when K — oo faster than
as. The normal approximation for the proportions p based on Dirichlet-multinomial
counts is: . "
p~N <a, e <O<;Z4—_i-1> (diag(a) — ozo/)) (22)
when g — oo and K — oo, irrespective of which converges faster.

Based on the result (22), following the approach by Graffelman et al. (2015)
[78], in Publication II of this thesis, the asymptotic normal approximation of ilr co-
ordinates when the counts follow a Dirichlet-multinomial distribution was derived.
This asymptotic normal approximation for the coordinates is

ilr(p) ~ N (ilr(a), V' D' 2, D' V), (23)

where the variance-covariance matrix can be also expressed as %ngs fl{ V’D; lyv.
Due to the excess variation in p induced by sparsity, it was noted that in practice,
ilr(a/) may considerably deviate from E [ilr(p))]. To overcome this, it was further-
more suggested using a first-order Taylor approximation for the log-transformation.

The performance of the normal approximation (23) was investigated using a sim-
ulation study under varying extents of sparsity. When the total count K was large
enough and the extra-multinomial variability was not extreme, ilr coordinates were
indeed found to follow well a normal distribution. Furthermore, the approximation of
Equation (23) perfomed well and under any amount of extra-multinomial variability,
better than the normal approximation presented in Equation (20) by Graffelman et al.
[78]. The structure of the composition and choice of the contrast matrix affected the
performance, and especially if the coordinates involved rare classes that were more
likely to involve (an excess amount of) zero-count observations, the moments of the
normal approximation did not correspond to simulated data so well.

In addition to extra-multinomial variability, the variability in the total count K
was also investigated. In sequencing studies, the total count is often highly variable,
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although in the analysis of compositional data it is discarded when the counts are
scaled into relative abundances. While the total count is non-informative, it can affect
the precision of the estimated proportions. However, inducing additional variation to
K did not largely affect the performance of the approximation.

4.5 Zero-Count Observations

The previous sections have relied on the assumption that a composition consists of
strictly positive values, i.e. the data do not contain zeroes. In practice, zero-count
observations are common in real-world data, such as sequencing counts. As the
logarithm of zero is undefined, the log-ratio methods are not directly applicable to
compositional data with zero-count observations. Instead, zeroes need to be treated
in an appropriate manner. Zero values can occur in compositional data for multiple
reasons, and hence multiple approaches on how to handle zeroes exist.

4.5.1 Types of Zeroes

In the literature of compositional data analysis, at least three types of zero obser-
vations have been introduced, even though the terminology varies. The following
terminology follows the presentation of Pawlowsky-Glahn et al. (2015) [62] and
Pawlowsky-Glahn and Buccianti (2011) [82].

Rounded zeroes. Rounded zeroes refer to values that are reported as zero even
though the underlying data contain a non-zero, such as values below the detection
limit. These zeroes are thus considered as indicating left censoring.

Structural zeroes. Structural zeroes, sometimes also called as essential or ab-
solute zeroes, refer to components that are truly zero. A classical example of struc-
tural zeroes in compositional data analysis literature is the household budget patterns,
where a subset of households report a zero-budget for e.g. tobacco products. Sim-
ilarly, in microbial data, various taxa can be expected to be entirely absent from a
subset of samples. [83]

Count zeroes. Count zeroes are zero-count observations that can occur due to
a limited sample size. For example, in microbiome studies, certain taxa remain un-
observed in some samples due to a limited sequencing depth, but could have been
observed if the total count was larger. Being largely dependent on the sample size,
the interpretation of count zeroes can be either rounded or structural: with a large
sample size, zero-count is more likely structural whereas under smaller sample size
the possibility of rounded zeroes cannot always be ruled out.
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4.5.2 Treatment of Zeroes

Replacement. One widely-used solution for zero-count observations in sequencing
count data is to replace them with a fixed value, so-called pseudo-count. [84] Quite
frequently, a fixed value of 0.5 is used. [73; 72] However, as this approach may
distort the structure of the data, other imputation techniques have been suggested,
such as multiplicative zero replacement, which aims to preserve the compositional
structure of the data. The zeroes can, for example, be imputed in a Bayesian manner
by replacing them by their posterior expectations under a Dirichlet prior. [85] This
imputation choice is claimed to preserve better ratios between the parts of the com-
position. [86] The zero-replacement and imputation techniques suit best for such
zeroes that can be considered as rounded (count) zeroes. As such zeroes are not con-
sidered as “true” zeroes, replacing them with a well-justified small value can be a
sensible solution. [84; 87].

In publication II of this thesis, the distributions of the ilr coordinates were inves-
tigated under both fixed pseudo-counts and using the Bayesian multiplicative zero
replacement. Unsurprisingly, the normal approximation of the ilr coordinates corre-
sponded better to the empirical moments under Bayesian zero treatment than to the
empirical moments under fixed pseudo-counts. The fixed pseudo-counts may distort
the structure of the data and ratios, and thus using more sophisticated approaches
could be more adequate. [86]

Filtering. In some cases, removing very sparse, zero-inflated classes (and then
re-scaling the remaining classes into a new composition) may be justifiable. For
example, in the context of microbiome data, in publication II of this thesis it was
suggested that the taxa that are non-unimodal due to their sparsity should be dis-
carded prior to compositional data analysis using log-ratio coordinates, especially if
modelling will be based on assuming normality. However, in some cases if sparse
taxa are informative although being sparse, it may be meaningful to retain them in
the data and rely on models that accommodate highly sparse overdispersed data. In
general, taxa can be filtered out based on some heuristics, for example due to a low
abundance or prevalence. Keeping only classes that can be considered as informative
can improve the reliability of the results of statistical analyses. [88]

Amalgamation. Amalgamation, i.e. summing parts of the composition together,
has been suggested as a method to reduce the dimension of compositional data and
a tool to investigate relationships between subcompositions. [68] However, amal-
gamation is non-linear in the simplex: for example, it does not preserve Aitchi-
son distances. Thus, when analysing amalgamations as well as the original non-
amalgamated parts of the composition, the results of the two analyses may lead to
incoherent interpretations. [68] It is important to note that amalgamations should
be applied over all observations in the data. If classes are amalgamated over only
a subset of observations (e.g. in elections, parties form a coalition in only some
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municipalities), data analysis becomes problematic. [62]

Presence vs. absence. Especially essential zeroes can also be considered as
grouping factors so that the rest of the composition is stratified based on the presence
or absence of one part and then continuing the analysis of the remaining parts of the
composition in a standard manner. In the context of microbiome data, it has been
suggested that investigating the presence/absence of taxa using logistic regression
yields more replicable results than some benchmark methods for analysis of mi-
crobial abundances. [83] While the compositional mediation analysis methods pre-
sented here rely on compositional log-ratio transformations of the microbial counts,
mediation analysis can be also extended for dichotomous mediators and thus, it is
possible to treat the presence/absence of a taxa as a mediator. [35]
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5.1 Mediating Role of the Gut Microbiome Between Fi-
bre Intake and Insulin Levels

5.1.1 Background

Publication I of this thesis focuses on developing a compositional mediation anal-
ysis approach to quantify the mediating role of the gut microbiome in the effects
of exposures on health, utilising a priori knowledge of the potential mediators and
their taxonomic interrelationships. The motivating question concerns the role of the
microbiome as a mediator of the effects of sufficient fibre intake on insulin levels.
[12; 89] The gut microbiome is sensitive to changes in dietary patterns, and various
dietary components as well as the overall diet have been found to influence the gut
microbiome composition and abundance of numerous microbial species. These, in
turn, can affect for example inflammation, insulin sensitivity, adiposity and, subse-
quently, cardio-metabolic health. Overall, the gut microbiome has been linked with
various phenotypes and diseases, such as obesity and type 2 diabetes and, through
gut-brain axis, even neurodevelomental outcomes. It thus serves as a plausible mech-
anistic link, i.e., a mediator, between the exposome and health. [90]

5.1.2 Study Setting

The hypothesis was investigated using data from The Special Turku Coronary Risk
Factor Intervention Project (STRIP) study, which is a prospective randomised inter-
vention study promoting heart-healthy diet with a specific focus on low intake of
saturated fat and cholesterol. [91; 92] The subjects (n = 1116), born in 1989-1991,
were recruited from well-baby clinics in Turku at the age of 5 months. The interven-
tion group was followed up and received intervention at 1-3 month intervals until
age 2, and thereafter twice a year, while the control group was followed up twice
a year until age 7 and yearly thereafter. The intervention period and regular study
visits lasted until the participants were 20 years of age. [91] The first follow-up visit
took place 6 years after the intervention period had ended when the participants were
26 years of age. [92]

In publication I of this thesis, data from the age-26 follow-up were used. Prior
to the study visit, the participants filled a four-day food diary, including at least one
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weekend day. Based on the diary, fibre intake was quantified and, in the analyses,
treated as binary indicator of sufficient fibre intake (> 25 grams per day). [93; 94]
Insulin levels were measured from the serum samples taken at the follow-up visit and
treated as log, transformed in the statistical analyses. After excluding participants
with missing data on diet, faecal sample or insulin levels and those who had type 1
diabetes, did not fast before the blood sample or had used antibiotics in the past three
months, or were obese, the analysis sample size was n = 264. Sex and intervention
group were considered as confounders in the analyses. Furthermore, a sensitivity
analysis for physical activity as an unmeasured confounder was conducted.

The raw gut microbiome sequence data were processed into an amplicon se-
quence variant (ASV) table that describes the abundances of distinct microbial se-
quences. [95; 96] The ASVs were further taxonomically classified into phyla, classes,
orders, families, and genera. The individual-specific total read counts varied between
11800 and 839000, the median being 160000. [95] In total, 6591 unique ASVs were
identified, assigned to 20 phyla and 291 genera. The genus-level dataset contains
information on how many times different microbial genera were found in each par-
ticipants’ faecal sample. In this thesis, genera from the Actinobacteria phylum were
investigated as mediators.

5.1.8 Statistical Analysis and Results

In the empirical analyses of publication I, the mediating role of the gut microbiome
between fibre intake and insulin levels was investigated. The Actinobacteria phylum
was considered as the a priori mediator of interest. The use of both taxonomic
and pivotal SBP matrices was demonstrated by investigating two hypotheses related
to the role of the Actinobacteria phylum and and the genera within it. First, the
genera within the Actinobacteria phylum were considered in an intra-group analysis,
where the genera were contrasted against each other using a SBP matrix based on
the taxonomy within the phylum. Second, an inter-group analysis was conducted by
building a pivotal SBP matrix, using Actinobacteria phylum as the pivot element,
contrasted against the other phyla.

The inter- and intra-group mediation analyses highlight differences between co-
ordinates based on taxonomic (cf. Matrix (17)) and pivotal (cf. Matrix (18)) SBP
matrices. In the intra-group analysis, where the coordinates were built based on tax-
onomic knowledge, each ilr coordinate was given a relevant biological interpretation.
Each of the coordinates was also treated as a potential causal mediator in a multiple-
mediator analysis, and both the mediator-specific and overall indirect effects were of
interest (cf. Equations (11) and (10) of Chapter 3). On the contrary, in the second
analysis with the pivotal SBP matrix, only the first pivot coordinate was of interest,
while the remaining coordinates were treated as nuisance parameters.

In the simulation studies conducted in publication I, the sparsity of counts was
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found to affect the performance of the mediation analysis in a complex manner.
Briefly, the presence of sparsity increases the variation of the coordinates. Sub-
sequently, the standard error of the effect of exposure on mediator (0g,) increases
whereas the standard error of the effect of mediator on outcome (o,) decreases.
Hence, both extreme cases of sparsity (i.e., extrene sparsity and high variability of
coordinates, and multinomial counts and very little variation in the coordinates) led
to inflation in one of the coefficient-specific standard errors and deflation in the other
and thus affected the statistical power to identify the indirect effects in an unexpected
manner. To avoid excess sparsity in the empirical analyses, taxa that appeared in less
than 10 % of the samples were filtered out. To be able to calculate the isometric
log-ratio coordinates, the remaining zero-count observations were replaced with a
pseudo-count of 0.5.

In the empirical mediation analysis, sufficient fibre intake was found to be asso-
ciated with insulin levels, log-transformed insulin levels being 0.106 units lower in
individuals with sufficient fibre intake (90% CI [—0.202; —0.011]).

Of the mediators in the intra-group analysis, the most prominent was a logratio
that contrasted the genera Enterohabdus to the other genera within the order Cori-
obacteriales. The ratio was larger within participants who had higher fibre intake
(8 = 0.409, [0.060;0.759]). In addition, this log-ratio coordinate was associated
with lower log-transformed insulin levels (y = —0.041, [-0.074; —0.008]. The in-
direct effect of this log-ratio coordinate was —0.017, [—0.036; 0.003]. Of note, while
the MaxP test here would suggest presence of mediation, the Sobel-type confidence
intervals do not support this conclusion. Some of the mediator-specific effects coun-
teracted, having different directions of mediation effects. Thus, in the intra-group
analysis, the overall indirect effect of the genera within the Actinobacteria phylum
was —0.011, [—0.073;0.051].

In the inter-group analysis, sufficient fibre intake was associated with the log-
ratio coordinate of the entire Actinobacteria phylum contrasted against the other
phyla (—0.451, [—-0.762; —0.140]). The effect of this pivot coordinate on the log-
transformed insulin levels was 0.042 [—0.004; 0.088] and thus the indirect effect for
this mediator was —0.019 [—0.043;0.006]. No mediation via the Actinobacteria
phylum contrasted agains the other phyla was concluded.
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5.2 Mediating Role of DNA Methylation Between Envi-
ronmental Toxicant Exposure and Type 2 Diabetes

5.2.1 Background

Epigenetic mechanisms regulate gene expression without alterations in the underly-
ing DNA sequence. While the genetic sequence remains unchanged through the life,
epigenetic mechanisms are dynamic, playing a pivotal role during development in
cell differentiation. [97] The dynamic changes in the epigenome continue through-
out the life-course in response to aging as well as external stressors. [15] Epige-
netic mechanisms include DNA methylation, histone modifications, and small RNA
molecules, each of them affecting gene expression in concert by up- or downregulat-
ing gene activity. [97] Of these, DNA methylation, i.e. the addition of a methyl group
to a DNA molecule, is perhaps the most widely studied. [15] In addition to playing a
role in development, epigenetic mechanisms are also involved in health and disease,
especially non-communicable diseases such as cardio-metabolic and autoimmune
diseases, as well as cancer. [13; 14] Due to their responsiveness to the exposome as
well as their role in disease pathogenesis and health, epigenetic mechanisms serve as
a plausible link between the two. [16]

In publication III of this thesis, the mediating role of DNA methylation in the
association between exposure to environmental toxicants and type 2 diabetes (T2D)
is investigated. Environmental toxicants, such as polychlorinated biphenyls (PCBs),
can function as endocrine-disruptors, and mounting evidence suggests their role as
both obesogens and diabetogens. [98; 99] Variation in DNA methylation has been
linked with PCBs and other environmental toxicants [100], and the (causal) role of
DNA methylation in the pathogenesis of T2D has also been established. [101; 102]
Thus, DNA methylation is a plausible mediator between exposure to environmental
toxicants and cardio-metabolic health.

5.2.2 Study Setting

The Cardiovascular Risk in Young Finns Study (YFS) is a prospective study
initiated in 1980 to follow risk factors of cardiovascular disease in Finnish children
and adolescents in the five Finnish cities with medical schools (Helsinki, Kuopio,
Oulu, Tampere, Turku) and the rural areas nearby. [103] The baseline study included
n = 3596 participants, males and females, who were 3, 6, 9, 12, 15 and 18 years old
in year 1980. The YFS cohort has been subsequently followed up in the years 1983,
1986, 1989, 1992, 2001, 2007, 2011 and 2018. Figure 9 presents an overview of the
study follow-up visits and participant ages in each of the six birth-year cohorts.

In publication III, data from the follow-up visits from year 2001 onward were
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Figure 9. Overview of the follow-up of the Cardiovascular Risk in Young Finns Study, showing the
ages of the participants in the six birth-year cohorts at each of the 9 study visits.

used. Serum PCB concentrations were measured in 2001 as proxies for participants’
exposure to these chemicals. Altogether ten PCB congeners were assessed. Because
the congeners were highly correlated, principal component analysis was applied to
reduce the dimensionality of the exposure variables. The first three principal com-
ponents (PC), which together explained 96.1 % of the total variance, were used in
the subsequent mediation analyses. All congeners had positive loadings of approx-
imately 0.30 on the first PC, which describes the overall exposure level. The sec-
ond PC was characterised by high positive loadings of low-chlorinated PCBs and
negative loadings of certain higher-chlorinated congeners, thus capturing differences
between the low-chlorinated (lower half-lives and less correlated with age) and high-
chlorinated (more resistant to degradation and more correlated with age) congeners.

Type 2 diabetes follow-up data were used from year 2011 onward. The diagnostic
criteria included fasting glucose > 7 mmol/L, haemoglobin Alc level > 6.5%, self-
reported T2D, self-reported use of glucose-lowering mediation, diagnoses in registry
data, and registered drug reimbursement. T2D diagnosis was treated as binary. The
analysis sample consisted of n = 1216 participants, of whom 71 were T2D cases.

Genome-wide DNA methylation levels were assessed from whole blood samples
taken at the 2011 follow-up visit. After pre-processing, altogether 770881 probes
remained in the data set, each pertaining to a specific CpG site. The level of DNA
methylation, called 5 value, represents the proportion of methylation detected at the
specific CpG site within a sample, calculated by dividing the methylated signals
from the sample by the sum of methylated and unmethylated signals. The 5 value
is constrained between 0 and 1 and is often concentrated near the extreme values,
showing multimodality. Thus, for statistical analyses, the 5-values were transformed
into M-values by M = log,(3/(1 — 3)). [104]
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Figure 10. Venn diagram describing the overlap in the number of CpG sites with p-value
< 0.00005 in Step 1 EWAS, Step 2 EWAS, MaxP test and DACT test.

5.2.3 Statistical Analysis and Results

Briefly, the analysis of total effects showed that especially the second principal
component (PC2) as well as the three low-chlorinated PCB congeners that had high
loadings to PC2, PCBs 74, 99 and 118, were associated with an increased risk of
T2D. Subsequently, the mediation analyses focused on the second principal compo-
nent as an exposure and DNA methylation as the mediator. Two large (p = 770881
variables) epigenome-wide association studies were conducted for the effects of the
principal components on DNA methylation (Step 1 EWAS) and for the effects of
DNA methylation on risk of T2D (Step 2 EWAS). The divide-aggregate composite
null test (DACT) was used to identify potential mediators. [41] Altogether five me-
diating CpG sites were identified, including CpG sites from the CPTIA and ABCG1
genes, which have been linked with T2D in previous studies. A multiple-mediator
analysis was conducted to quantify their combined indirect effect. Together, DNA
methylation in these five CpG sites corresponded to a proportion mediated of 40 %.
While these results were reassuringly consistent with some previous studies, it is
noteworthy that the number of T2D cases in our sample was relatively small for a
large epigenome-wide association study compared with prior literature. [101]

The Venn digram of Figure 10 presents the overlaps in the number of CpG sites
with p-values smaller than the nominal significance level of 0.00005 for the two
distinct EWASs (Step 1 and Step 2), MaxP test, and DACT. One of the identified
CpG sites (cg00574958) was identified in each of the four sets. In addition, DACT
was able to identify four additional CpG sites as potential mediators, whose p-values
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were not below the nominal threshold in the path-specific EWASs.

To gain better insight into the behaviour of DACT-derived p-values obtained in
publication III, Figure 11 presents the empirical distributions of the p-values from
the two EWASs (first row), from the MaxP test (second row), and both raw and
corrected DACT p-values (third row). The EWAS p-values (first row) appear slightly
enriched towards 0, indicating some signals of association. Based on these two sets
of p-values, the proportions of true nulls were estimated as 0.84 and 0.95 for the PC2
and T2D EWASs, respectively. Obviously, the distribution of the p-values based on
the MaxP test (second row, left panel) is extremely right-skewed, demonstrating its
conservativeness in concluding mediation. The distribution of the squared MaxP p-
values (MaxP?) (second row, right panel), on the other hand, resembles more those
of Step 1 and Step 2.

Based on the null proportions for step 1 and step 2 EWAS, the probabilities of
the three composite null cases (cf. Equation ((8)) presented in Equation (14) were
respectively 0.154, 0.0404 and 0.798, the non-null probability being estimated as
0.0078. The DACT p-values, built as linear combinations of path-specific p-values
and squared MaxP p-values, using weights based on the probabilities, exhibits a
nearly-uniform behaviour. However, the DACT p-values that are corrected using the
empirical null framework to account for the correlatedness between the methylation
sites, are more strongly enriched towards O.

5.3 Paternal Sperm Non-Coding RNAs as Mediators
Between the Paternal Exposome and Offspring Health

5.3.1 Background

Beyond the life-course exposome of an individual, also embryogenesis and in utero
conditions have been shown to influence health in adulthood. [105] To most extent,
the role of mothers has been a focus in studies of developmental origins of health and
disease, with plenty of evidence pointing to the adverse effects of various maternal
exposures during pregnancy on offspring health. [105] For example, the offspring
of mothers who suffered from the famine during pregnancy had an increased risk
of for example cardio-metabolic disease, potentially due to developmental program-
ming. [106; 107] Various other in utero exposures, such as smoking, environmental
toxicants, and traumatic experiences have also been associated with a wide range
of offspring health phenotypes. [108; 109; 110; 111; 112] Even transgenerational
effects, persisting to subsequent generations, have been observed. [113; 114]

In addition to intrauterine conditions, paternal contributions to offspring health
have been acknowledged and are gaining increasing interest. [17] In brief, the hy-
pothesis of paternal epigenetic inheritance refers to non-genetic inheritance of phe-
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Figure 11. Distributions of the p-values for Step 1 EWAS (PC2), Step 2 EWAS (T2D), MaxP test
and its square (as used in DACT), and DACT p-values both without and with the empirical null
distribution correction. For the Step 1 and Step 2 EWAS p-value distributions, the dark line
represents p-values that were < 0.05 and the light line p-values that were below the empirical

non-null proportions.
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notypes and diseases via germ cells, i.e. paternal sperm. This type of inheritance is
not based on changes in the DNA sequence but instead relies on epigenetic marks
in the sperm that contribute to gene expression. [115] The epigenetic information
carriers of interest include DNA methylation, histone modifications and sperm non-
coding RNA molecules that can contribute to early emryonic development. [116]
While research often focuses on adverse effects of paternal exposures, they can also
confer adaptive benefits to subsequent generations. [17]

In animal studies, epigenetic inheritance has been demonstrated for induced
traits, such as pre-diabetic phenotype, as well as for the effects of exposure to var-
ious stressors, such as environmental toxicants. [117; 118; 119; 120] Some evi-
dence on human studies also suggests that paternal exposures, such as abundance or
surfeit of food, smoking especially at puberty, as well as environmental chemicals,
can influence both paternal sperm epigenome and health in the subsequent gener-
ations. [121; 122; 123; 124; 18] However, to date, no single study in humans has
been able to combine data of paternal exposures, offspring health, and the paternal
sperm epigenome, and thus paternal epigenetic inheritance in humans remains to be
established. [18]

From the perspective of statistical analysis, the role of paternal sperm epigenome
in epigenetic inheritance, i.e. in the association between paternal exposures and off-
spring health, can be thought as a mediation question and thus investigated using
mediation analysis approaches applied to omics markers.

5.3.2 Study Setting

The MULTIEPIGEN project is a three-generational extension of the YFS, where, in
addition to the original study participants, denoted as G1 (n = 2127), also their par-
ents (GO, n = 2452) and offspring (G1, n = 2762) took part in the follow-up study
of year 2018. The aim of the project is to investigate familial transmission of phe-
notypes and inter- and transgenerational effects of paternal exposome on offspring
health via sperm epigenetic mechanisms. The dataset includes 2385 separate three-
generational triads (GO-G1-G2) from 817 families. There were in total 1879 GO-G1,
2499 G1-G2 and 2520 GO-G2 dyads.

Previously, life-course exposome data, including smoking, environmental toxi-
cants, socio-economic status, life style habits, and cardiometabolic health, have been
collected from the G1 participants. Life-style and socio-economic factors from the
GO participants have been measured at the early follow-up visits during the child-
hood/youth of G1 participants. Current exposure to various stressors and life style
habits was assessed from all participants in the 2018 follow-up. In addition, history
of tobacco smoking and stressful or traumatic life events were assessed from the
GO and Gl participants using a retrospective questionnaire. In these questionnaires,
participants were asked to report stressors with respect to the development and life-
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course stages of their participating offspring (around the time of conception, dur-
ing pregnancy, early childhood, and later childhood/adolescence of the offspring).
The pre-specified offspring phenotypes on cardio-metabolic health and subclinical
atherosclerosis, cognitive function, and psychosocial well-being were also measured
from all participants at the 2018 follow-up.

In publication IV of this thesis (cohort profile), the multigenerational field study
is reported in detail. The supplementary statistical analysis plan characterises how
the inter- and transgenerational questions can be addressed as mediation questions.
[125] The intergenerational questions here refer to transmission of the paternal ex-
posures to the subsequent generations via the sperm epigenome. In this scenario,
the father and his sperm cells are exposed to the stressors of interest, and the sub-
sequent generation is therefore considered “directly” or intergenerationally exposed.
The transgenerational questions extend this framework to multiple successive gener-
ations, and the effects of grandfathers (GO) exposure levels on G2 phenotypes are of
interest. In this case, the sperm cells of the GO participants are exposed, while those
of the G1 generation are not considered directly exposed and thus, the G2 generation
is not considered directly exposed either.

Sperm non-coding small RNA molecules Altogether n = 1410 semen samples
were received. From these samples, altogether 823 were sequenced to obtain data on
sperm small non-coding RNAs (sncRNAs) (GO n = 111, Gl n = 418, G2 n = 294).
The remaining samples were not sequenced mostly due to biological reasons, such
as insufficient amount of RNA, low sperm count, or too much somatic cells.

The sperm small non-coding RNA molecules are short RNA molecules that do
not participate in protein synthesis but can play a role e.g. in gene regulation and
expression by RNA interference. [126] For each participant, four distinct sets of
non-coding RNA molecules were obtained: transfer RNA-derived fragments (tsR-
NAs), micro RNAs (miRNAs), piwi-interacting RNA (piRNA) clusters, and piRNA
sequenes. While each of these sncRNA types have been suggested to play a role in
offspring development and outcomes, especially tsSRNAs are enriched in sperm and
have been proposed as key contributors in inter- and transgenerational inheritance.
[127; 115]

Table 1 presents for each sncRNA type the dimension of the data set (number
of variables), characteristics of the distribution of the total count, and summaries of
proportions of variable-specific zero-count observations. The tsRNAs and piRNA
clusters are clearly less sparse, the median proportion of zero-counts for tsRNAs
being 10 % (IQR 1 % — 62 %), whereas the miRNAs and piRNA sequences are
characterised by higher sparsity, i.e. larger number of zero-count observations. In
fact, the vast majority of the nearly 300000 piRNA sequences assessed are zeroes for
nearly all samples. Of note, the counts of the sncRNAs are often scaled into reads
per million, giving the data compositional interpretation. [128; 129]
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Table 1. Characteristics of the four distinct sets of non-coding RNA molecules in the three

generations of males in the MULTIEPIGEN project (n = 823).

RNA class Dimension | Median | IQR Min Max
tsRNA 276 457602 | [457602;704531] | 4851460 | 4851460
prop zeroes 276 10 % [1 %; 62 %] 0 % 99.4 %
miRNA 1218 137692 | [137692;221780] | 4117 1634365
prop zeroes 1218 89 % [41 %; 97 %] 0 % 99.9 %
piRNA clusters 180 56573 [30187; 77280] 214 654512
Prop zeroes 180 4 % [0.6 %; 19 %] 0% 58 %
piRNA sequences | 262320 67168 | [35488; 119369] 225 816549
prop zeroes 262320 99 % [96 %; 99%] 0 99.9%

5.3.3 How to Investigate Multigenerational Questions?

The statistical analysis plan (SAP), presented as a supplementary material of pub-
lication IV of this thesis, details how the multigenerational epigenetic hypotheses
motivating the MULTIEPIGEN project can be framed as mediation questions and
analysed using mediation analysis approaches. The analysis plan is mostly based
on the methodological results from publications I-III and therein we suggest using
the compositional and multiple mediator frameworks in analysing the sperm non-
coding RNA molecules as intermediates between the paternal exposome and off-
spring phenotypes. Briefly, each of the four separate sets of the ncRNAs will be
investigated separately using mediation analysis within the compositional data anal-
ysis framework. As outlined in Table 1, the dimension of each separate dataset varies
from some hundreds to hundreds of thousands potential molecules, and thus, ap-
proaches for high-dimensional mediators and multiple-mediator mediation analysis
are required. The extent of sparsity varies between the datasets, tsSRNAs and piRNA
clusters having, on average, less sparse variables, whereas in the miRNAs and piRNA
sequences most variables have large numbers of zero-count observations.

However, to investigate epigenetic hypotheses in an observational multigenera-
tional setting, aspects beyond the mediating role of omics markers, relating to e.g.
the structure of the dataset, need to be taken into consideration. The analysis plan
included in publication IV also considers these aspects from the perspective of the
three-generational MULTIEPIGEN dataset. In addition, a few more general thoughts
are provided below.

In multigenerational studies, the sampling schemes and data structure require
special methodological considerations. The correlatedness of phenotypes within
families needs to be accounted for. The cluster (family) sizes can be informative if
an underlying factor or the exposure of interest affects both the offspring phenotypes
as well as the number of offspring, for instance due to subfertility. [130; 131] This
could manifest as selection bias require specific statistical considerations to avoid bi-
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ased estimates and misinterpretation. [131; 132; 133] The family data often remain
incomplete in multigenerational settings. For example, in the MULTIEPIGEN study,
only the G1 index participants were recruited while data from the second parent of
the G2 participants were not obtained and hence, contributions from G1 mothers
and fathers simultaneously cannot be investigated. In addition, the siblings of G1
participants were not studied.

In retrospective assessment of the exposome, recall bias is possible. Also con-
founding bias can occur if, for example, environmental and social factors, shared
across the generations, are unmeasured. [134] Both the shared environment as well
as genes need to be taken accounted for. Not only inherited alleles but also alleles
not transmitted from the parent to the offspring can influence the offspring pheno-
types due to genetic nurturing, i.e. the parents’ genetic influence to the offspring
environment. [135]

The timing of measurements also plays a key role. To rule out reverse causality,
there should be a clear temporal order of paternal exposure, mediating epigenetic
markers, and offspring phenotype. Due to the dynamic nature of the epigenome,
in the optimal case epigenetic markers would be measured at the time of concep-
tion. However, obtaining human data from pre-conceptional exposome to sperm
epigenome at the time of conception and long-term health of subsequent generations
requires decades of effort and hence, such data are currently unavailable.

Mendelian randomisation has been suggested as a tool to strengthen causal in-
ference in epigenetic mediation, and genetic instruments for especially DNA methy-
lation are widely known. [136] While Mendelian randomisation has been recently
applied to circulating miRNAs, to date, large population cohort studies with both ge-
netic information and data on sperm sncRNAs are sparse and thus, to our knowledge,
instrumental variables for the sperm ncRNAs are not available. [137] Specifically,
when investigating transgenerational effects (e.g. the effect of GO exposure on G2
phenotype), the G1 exposome, epigenome and phenotype represent an alternative
pathway that must be considered in order to assess the causal effect of interest.
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6 Concluding Remarks

This thesis was motivated by the question of epigenetic inheritance, namely how the
paternal exposome may contribute to offspring health via sperm epigenetic modifica-
tions. Due to the overdispersed and compositional nature of sequencing count data,
frameworks of mediation analysis, particularly those designed for multiple and high-
dimensional mediators, were applied within the framework of compositional data
analysis to enable treating non-normally distributed sequencing counts, constrained
by their reading depth, as mediators in a formal mediation analysis framework. Pub-
lications I, II and III of this thesis focus on those aspects of mediation analysis and
compositional data analysis that are relevant in investigating the mediating role of
omics markers. They thus provide methodological grounds for investigating the mo-
tivating research questions about paternal contributions on offspring health via the
sperm epigenetic markers, especially the non-coding RNAs, as outlined in publica-
tion IV.

The contributions of this thesis are briefly as follows. An approach for causal
hypothesis-driven mediation analysis with compositional mediators was developed
and its performance under different underlying data-generating assumptions was in-
vestigated using a simulation study (publication I). The applicability of the com-
positional data analysis framework for sparse sequencing count data was investi-
gated and conditions under which the compositional isometric log-ratio coordinates
are asymptotically normal were derived (publication II). The appropriateness of the
normal approximation for a special case of sparse counts was investigated using a
simulation study (publication II). The methods for compositional mediation analy-
sis, mediation analysis with multiple mediators, sensitivity analysis for unmeasured
confounding, and high-dimensional mediator identification were applied on empir-
ical data sets (publications I and III), and novel CpG sites mediating the effects of
environmental toxicants to type 2 diabetes were identified (publication III). Finally,
the lessons learned from both the theoretical and empirical aspects of studies I-I11
were synthesised in a statistical analysis plan outlining how inter- and transgenera-
tional questions of can be investigated within the three-generational MULTIEPIGEN
project (publication IV).

The methods presented in this thesis are applicable for a wide range of omics
markers. Furthermore, the collection of approaches are broadly applicable across
multiple stages of the research continuum, from the hypothesis-generating exploratory
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sieving studies, which aim to uncover any potential mediators, to more targeted,
hypothesis-driven stages where understanding specific mechanistic pathways are of
interest. When it comes to investigating epigenetic inheritance, where very little re-
search on humans has been conducted to date, this whole continuum is naturally of
importance. Although the ultimate aim is to understand the molecular mechanisms
through which the paternal exposome contributes to the health of subsequent genera-
tions, the causal roles of the large number of omics markers as well as their complex
interactions and underlying confounders remain widely unknown. [56] Hence, the
current research is still inevitably hypothesis-generating.

In this thesis, the focus has been in causal, hypothesis-driven approaches, while
data-driven high-dimensional methods were contrasted as alternatives for sieving
studies that lack causal interpretation. However, the gap between the two is de-
creasing as causal thinking is more often being taken into consideration in high-
dimensional techniques and machine learning approaches. [138] The use of causal
machine learning has been advocated, for example, in assessing individualised treat-
ment effects. [139] In observational life-course epidemiology, machine learning
methods have been suggested to contribute to identifying causal pathways. [140]

It is also worth noting that the statistical methods presented in this thesis stem
from a set of very specific empirical research questions. As such, the analytical ap-
proaches may not be directly applicable in different settings. In publications I and
I, the simulation studies relied on an underlying Dirichlet-multinomial distribution.
However, due to the spurious correlations between groups, other distributions with
more flexible variance-covariance matrix could have been more realistic. Further-
more, one of the focal points here concerned the normality of the ilr coordinates
in mediation analysis. However, instead of forcing sparse overdispersed count data
into models assuming normality, future studies should investigate whether these fea-
tures of count data could be accommodated also within the framework of mediation
analysis.

Although the limitations of the MULTIEPIGEN setting have been to some ex-
tent covered in the statistical analysis plan and in Section 5.3.3, it is likely that some
unanticipated challenges may arise when proceeding from the planning of the multi-
generational analyses to their execution, stemming from the complexities of the re-
search question and the data at hand. In fact, while the MULTIEPIGEN project may
be able to provide valuable insights into the role of the paternal life-course expo-
some on offspring health and epigenetic mechanisms, to be able to fully understand
the phenomenon of epigenetic inheritance in humans, a prospective periconceptional
setting with a focus on paternal sperm epigenome at the time of conception, long oft-
spring follow-up times, a carefully characterised (pre-conceptional) exposome, and
control for confounding is necessary.

With increasing availability of omics data in epidemiological research and mount-
ing evidence of their role both in pathogenesis of health and disease as well as the

55



Noora Kartiosuo

burden of exposome on them, the mediating role of various omics can be expected to
gain more interest. When replication in independent samples and triangulation yield
deeper understanding of potential mechanisms, the shift from hypothesis-generating
exploratory studies to more formally formulated causal investigations is incumbent
upon the field.
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Summaries of Original Publications

II

III

The role of the gut microbiome as a transmitter of effects of exposures or
lifestyle on health is of increasing interest. In Publication I of this the-
sis (Kartiosuo et al. (2024)), we suggest a causal mediation analysis ap-
proach for investigating the mediating role of the gut microbiome composi-
tion when a priori hypothesis or knowledge is available. In this approach,
the hierarchies between the taxa can be utilised to build hypothesis-driven
isometric log-ratio coordinates that are subsequently used as mediators in a
framework for multiple contemporaneous mediators. A simulation study is
used to demonstrate use of the method and investigate its performance un-
der various scenarios. Sparsity, often present in microbial abundance data,
affects the precision and efficiency of estimation of mediation effects. Fi-
nally, the use of the approach is demonstrated in practice to investigate and
quantify the mediating effects of the taxa within the Actinobacteria phylum
in the association between sufficient fibre intake and insulin levels.

Isometric log-ratio transformation is a common tool in compositional data
analysis, used to map compositions from the simplex to the Euclidean space.
If the underlying data follow a multinomial distribution, the distribution of
isometric log-ratio coordinates is known to asymptotically follow a multi-
variate normal distribution. Publication II (Kartiosuo et al. (2025a)) in-
vestigates the asymptotic distribution of ilr coordinates when the underly-
ing observations follow a compound compound multinomial distribution,
characterised by overdispersion. Conditions for asymptotic normality are
derived. Under the special case of Dirichlet-multinomial distribution, a nor-
mal approximation for the coordinates is derived and investigated using a
simulation study. The simulation study demonstrates that the approxima-
tion works well asymptotically unless overdispersion is high.

DNA methylation can be affected by a range of exposures and, through its
regulatory effects on gene expression, can in turn affect health outcomes,
making it a mechanistically plausible mediating pathway for effects of ex-
posures on health. Publication III of the thesis (Kartiosuo et al. (2025b))
investigates the mediating role of DNA methylation in the association be-
tween polychlorinated biphenyls and cardio-metabolic health. Based on
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two high-dimensional epigenome-wide association studies, the composite
nature of the null hypothesis of no mediation is utilised to identify candi-
date mediating CpG cites. Altogether five potential mediators are identified
and their combined indirect effect is quantified using mediation analysis
for multiple contemporaneous mediators. The proportion mediated through
these mediators is 40 % of the total effect of exposure to polychlorinated
biphenyls on type 2 diabetes. The mediating CpG sites are, for example,
from the genes CPTIA and ABCG1, which have previously been linked to
type 2 diabetes risk.

The MULTIEPIGEN project is an extension of the Cardiovascular Risk in
Young Finns Study (YFS), set out to investigate the multigenerational ef-
fects of paternal exposome on health of subsequent generations through
epigenetic changes in sperm. The original YFS participants as well as their
parents and offspring were invited to the clinics and semen samples were
collected for all volunteering males over 18 years of age to assess their
sperm epigenome. Publication IV of this thesis (Pahkala et al., 2026) is
the cohort profile of this project. The contributions of this thesis relate es-
pecially to the statistical analysis plan (SAP) reported in the supplement of
the publication. The SAP conceptualises how the questions on trans- and in-
tergenerational epigenetic inheritance can be formulated as mediation prob-
lems, where the sperm epigenetic marks are considered as mediators. Two
types of data on sperm epigenome are available: the sequencing counts of
the sperm non-coding RNAs of four distinct types (transfer RNAs-derived
fragments, microRNAs, piwi-interacting RNA clusters ans sequences), and
DNA methylation. The analysis pipeline for investigating the multigenera-
tional hypotheses is outlined and statistical methods pertaining to each stage
of analysis are explained.
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