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Abstract

DNA methylation (DNAm) is a biomolecular mechanism of gene regulation involving the
addition of methyl groups to DNA molecules, often playing a crucial role in various disease
mechanisms, including CardioVascular diseases (CVD). Contrary to the genetic sequence,
DNAm is influenced by internal and external exposures, and it is widely modifiable. Re-
cent evidence shows that DNAm is linked to CVD risk and food intake, but its role in
mediating the association of different types of nutrients with cardiovascular risk factors
has not been fully investigated.

In this study, we analyse DNAm profiles as an intermediate biological layer between the
independent variables (dietary nutrient intakes) and the dependent variable (CVD risk),
representing an essential but complex additional information to understand the molecular
mechanisms linking dietary habits with CVD risk. We conduct a systematic compari-
son and evaluation of three distinct methods. The core of the analyses is represented
by two developments of the Meet-in-the-Middle (MITM) method, an innovative imple-
mentation of high-dimensional mediation framework. The first application employs the
methylome layer to identify potential new exposures likely to be causally associated with
CVD, while the second application focuses on selecting potential mediators for exposures
associated with CVD and to assess their significance. Finally, we compare the results of
the MITM approaches with a third method consisting of a stability selection approach,
which sought to identify causal associations between nutrients and CVD without consid-
ering the intermediate layer. Through a comprehensive comparison, we discuss strengths
and weaknesses of each method, and we identify two nutrients showing statistical evidence
of a causal association with CVD risk, with the methylome layer playing a mediating role
in this process.

While our work acknowledges certain limitations, our results contribute to a rapidly ad-
vancing research domain, for the understanding of the molecular mechanisms linking
dietary habits with the risk of CVD.

Keywords: DNA methylation; DNAm; nutrients; CardioVascular disease; CVD; Meet-

in-the-Middle; mediation analysis; causal inference; stability selection; expsome
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Abstract in lingua italiana

La metilazione del DNA (DNAm) ¢ un meccanismo biomolecolare di regolazione genica
che comporta 'aggiunta di gruppi metilici alle molecole di DNA e che spesso svolge un
ruolo cruciale in vari meccanismi patologici, tra cui le malattie cardiovascolari (CVD). A
differenza della sequenza genetica, DNAm é influenzata da esposizioni interne ed esterne
ed ¢ ampiamente modificabile. Recenti evidenze dimostrano che DNAm ¢ legata al rischio
di CVD e all’assunzione di cibo, ma il suo ruolo nel mediare ’associazione di diversi tipi
di nutrienti con i fattori di rischio cardiovascolare non ¢ stato completamente indagato.
In questo studio, analizziamo i profili della DNAm come strato biologico intermedio tra
le variabili indipendenti (assunzione di nutrienti con la dieta) e la variabile dipendente
(rischio di CVD), rappresentando un’informazione aggiuntiva essenziale ma complessa per
comprendere i meccanismi molecolari che collegano le abitudini alimentari al rischio di
CVD. Abbiamo condotto un confronto sistematico e una valutazione di tre metodi dis-
tinti. Il nucleo delle analisi é rappresentato da due sviluppi del metodo Meet-in-the-Middle
(MITM), un’implementazione innovativa del quadro di mediazione ad alta dimensional-
ita. La prima applicazione impiega lo strato del metiloma per identificare potenziali nuove
esposizioni che potrebbero essere causalmente associate alla CVD, mentre la seconda ap-
plicazione si concentra sulla selezione di potenziali mediatori per le esposizioni associate
alla CVD e sulla valutazione della loro significativita. Infine, confrontiamo i risultati degli
approcci MITM con un terzo metodo consistente in un approccio di selezione di stabilita,
che ha cercato di identificare associazioni causali tra nutrienti e CVD senza considerare
lo strato intermedio. Attraverso un confronto completo, discutiamo i punti di forza e di
debolezza di ciascun metodo e identifichiamo due nutrienti che mostrano evidenza statis-
tica di un’associazione causale con il rischio di CVD, con lo strato metilico che svolge un
ruolo di mediazione in questo processo.

Pur riconoscendo alcune limitazioni, i nostri risultati contribuiscono a un settore di ricerca
in rapida evoluzione, per la comprensione dei meccanismi molecolari che collegano le abi-

tudini alimentari al rischio di CVD.

Parole chiave: Metilazione del DNA; nutrienti; malattie cardiovascolari; CVD; Meet-

in-the-Middle; analisi di mediazione; inferenza causale; selezione di stabilita; esposoma
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Introduction

The concept of exposome was introduced over 15 years ago to re ect the important role
that the environment exerts on health and disease [1]. It is used to describe all the
simultaneous environmental exposures that an individual encounters throughout life, and
how these exposures impact biology and health. It encompasses both external and internal
factors, with the former including general external factors, such as air pollution, diet and
socio-economic factors, as well as specic external factors like chemicals and radiation,
and the latter comprising endogenous factors, such as hormones, in ammation, oxidative
stress, and gut microbiota.

Exploiting the exposome is crucial as it holds the key to discover the signi cant impact
the environment has in chronic disease development: understanding the environmental
factors that contribute to a disease has signi cant implications for public health and for
the development of more e ective strategies for prevention and treatment of the disease
[2].

In this thesis the focus will be on a study considering a single disease and an exposome
restricted to the dietary exposures (e.g. estimates of intake of speci ¢ nutrients) in relation
to the CardioVascular disease (CVD).

Moreover, it is widely known that DNA methylation is linked to both CVD and nutrient
intake [3], but only a limited amount of researches has investigated the role of DNA
methylation in mediating the association of di erent type of nutrients with CardioVascular
risk factors, which is the goal of this thesis project. In this work DNA methylation will

be used as an intermediate biological layer measured between the independent variable
(nutrients intake) and the dependent one (CVD), representing an essential but complex
additional information about the link between the two. A schematic representation of the
relation between exposome, intermediate biological layers and health outcome is reported
in Figure 1.
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Figure 1. Schematic representation of the link between exposome, intermediate biological
layers and health outcome, with a particular highlight on our case study.

Causal inference methods can be implemented to help answer these questions, by o ering
evidence regarding the presence or absence of a causal e ect from the exposure to the
disease and by identifying its direction and estimating its magnitude. We focus on a
particular category of such methods, the mediation framework. The goal is indeed to
identify modi able factors (here nutrients intake) that, when changed, should lead to a
change in the outcome of interest (here CVD).

In this context of causal inference, several methods have been proposed to assess whether
DNA methylation's mediation is a signi cant intermediary and to quantify its magnitude.
Among them, a Meet-in-the-Middle (MITM) framework [4] has been developed in the
context of studies considering a single exposure and single outcome.

In this work we illustrate two di erent ways to use a MITM approach to relate a set of
dietary exposures to an outcome, here CVD:

" one uses the methylome layer to help pointing potential new exposures likely to be
causally associated with CVD,

" the other helps to select potential mediators for exposures associated with CVD.

Moreover, we will compare the results derived from both methodologies with the expo-
sures identi ed using a variable selection method, speci cally stability selection. Notably,
this method does not take DNA methylation levels into consideration, allowing us to dis-
cern the actual impact of introducing the intermediate biological layer under a MITM
framework.
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Aim and structure of the thesis:

This work is designed to serve as a systematic comparison and evaluation of three method-
ologies, all converging toward the ultimate goal of establishing causal associations between
a set of nutrients and the development of CardioVascular Disease (CVD). The distinctive
feature of our approach is the use of the methylome layer as an informative mediator, a
critical biological intermediate layer o ering precious information on the complex inter-
play between nutrients and CVD. More in details, our work is structured in the following

way:

A

Chapter 1: General context.

In this chapter, we furnish a contextual foundation on both the medical and method-
ological contexts. Regarding the medical background, we o er an exhaustive explo-
ration of three pivotal concepts to this thesis: DNA methylation, CardioVascular
disease, and nutrients intake. On the methodological front, we navigate through the
methodologies and concepts employed in the study. This includes an exploration of
exposome-related issues, causal inference, mediation analysis, Meet-in-the-Middle
(MITM) and stability selection methods. It is important to emphasize that a com-
prehensive understanding of the underlying concepts and methodologies is crucial,
given the strong theoretical component of this thesis.

Chapter 2: Data.

In this chapter, we delve into the analysis of the datasets. We start by introducing
the origin of the data and then provide a detailed and comprehensive description of
all the factors that will be considered in our analysis: sample characteristics, follow-
up information, nutrients, methylation levels and technical covariates. The goal is
to o er a clear and thorough understanding of the components that constitute the
dataset for the upcoming analysis.

Chapter 3: Preliminary and descriptive analysis of the dataset.

In this chapter, we conduct the initial exploratory analysis of the dataset. Our
journey begins with the careful selection of the de nitive samples to be employed
in our analysis. Subsequently, we analyse the distributions of the chosen covariates
to gain insights into their behavior. Given the pivotal role of correlation among the
nutrients constituting the exposome and the CpG sites forming the intermediate
layer, we conclude this section with a correlation analysis for both the nutrients and
the CpG sites.

Chapter 4. Meet-in-the-Middle and mediation analysis.
This is the main chapter of the thesis. It presents in details two distinct applications
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of the Meet-in-the-Middle approach to relate a set of dietary exposures, the nutrients
intakes, to the CVD. The rst approach employs the methylome layer to pinpoint
new exposures for subsequent testing of their correlation with CVD. The second
application aids in the identi cation of potential mediators linked to CVD exposures
and quanti es their impact.

Chapter 5: Stability selection.

In this chapter we implement a stability selection algorithm with the nal aim of
selecting potential causal predictor for CVD without considering the intermediate
layer.

Chapter 6: Comparison.
In this chapter we present an extensive comparison of the results obtained with the
three methods, highlighting weaknesses and strengths of all of them.

Chapter 7: Conclusions and future developments.
With this chapter we summarize our results and discuss limitations as well as pos-
sible future developments.
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1.1. General medical context

In this section, our aim is to establish clear de nitions for key concepts related to DNA
methylation, cardiovascular disease, and nutrient intake, while also highlighting the es-
tablished connections between them.

1.1.1. DNA methylation

Genetics is the study of heritable changes in gene activity or function due to the direct
alteration of the DNA sequence. Such alterations include point mutations, deletions, in-
sertions, and translocation. In contrast, epigenetics is the study of heritable changes in
gene activity or function that is not associated with any change of the DNA sequence
itself [5]. One of the major mechanisms that produce such changes is DNA methylation.
DNA methylation is an epigenetic mechanism involving the addition of a methylGH3)
group to the DNA strand itself. It is considered as the major response regulation mech-
anism for the cell response to environmental changes. DNA contains combinations of
four nucleotides which include cytosine, guanine, thymine and adenine [5]; theoretically,
each of the DNA bases can be modi ed, however, only modi cations of cytosine and ade-
nine only are known so far. Cytosine methylation is widespread in both eukaryotes and
prokaryotes and is the only well-studied DNA modi cation with established maintenance
mechanisms, while adenine methylation has been observed in bacterial, plant, and recently
in mammalian DNA, but has received considerably less attention. A visual representation
of the adenine and cytosine methylations are shown in Figure 1.1.
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Figure 1.1: DNA methylation occurs at the C-5 or N-4 positions of cytosine and at the
N-6 position of adenine, catalyzed by enzymes DNA MethylTransferases (MTases)

DNA methylation is predominantly found at CpG sites. A CpG site refers to a specic
DNA sequence where a cytosine (C) nucleotide is followed by a guanine (G) nucleotide
in the linear sequence of bases along the DNA molecule. The "p" in CpG stands for
the phosphodiester bond that links the cytosine and guanine nucleotides in the DNA
backbone.

In mammals, 70%to 80% of CpG cytosines are methylated.

Figure 1.2: On the left a representation of a CpG site (yellow strand) and a GpC site
(blue strand), on the right a base pairing between a cytosine and guanine basis.

1.1.2. Cardiovascular Disease

CardioVascular diseases (CVDs) are the leading cause of death globally [6]. With this
term we indicate any disease involving the heart or blood vessels; the four main types
of CVDs are coronary heart disease, stroke, peripheral arterial disease and aortic disease
[8]. According to the Global Burden of Disease (GBD) study by the Institute for Health
Metrics and Evaluations (IHME) an estimated 18.5 million people died from CVDs in
2019, representing33% of all global deaths [7].
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The World Health Organisation (WHO) estimate that over 75% of premature CVDs is
preventable and for this reason understanding the speci c risk factors is essential to re-
duce the growing CVD burden [6].

Figure 1.3: Worldwide causes of death in 2019, according to IHME.

It is likely that epigenetic changes mediate, at least in part, the environmental risk for
developing or progressing CVD; one prominent factor that is thought to play an important
role is DNA methylation. In recent years, numerous studies have solidi ed the signi cant
association between DNA methylation as a global process and CVD. These ndings not
only validate this link but also open the way for more focused investigations aimed at
yielding speci ¢ and re ned insights into this established relationship [9].

1.1.3. Nutrients intake

Among all the various exposures individuals encounter during every-day life, dietary ex-
posure is one of the most signi cant and controllable factors. Indeed, unlike air pollution
or chemical exposures, managing our dietary choices is more accessible and o ers imme-
diate impact. The term "dietary exposure" refers to the measurement of the amount of
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a substance consumed by a person or animal in their diet that is intentionally added or
unintentionally present (e.g. a nutrient, additive or pesticide) [10]. In our case we are
interested to the daily ingested quantity of nutrients, since several studies have elucidated
the roles of dietary risk factors on CVD burden [11]. Some nutrients, assumed in speci ¢
guantities, can indeed be proven to be harmful or bene cial in the cardiovascular disease
matter, so that identifying and regulating them can signi cantly contribute to enhanc-
ing overall health [12]. Moreover, literature regarding experimental studies conducted on
animals and humans also supports the idea that diet-induced DNA methylation changes
likely contribute to CVD [13].

1.2. General methodological context

Now that we have clari ed the key components of our analysis, it is necessary to show
which role they will have in the development of the analysis. In this section, we will
rst address certain challenges associated with the exposome (1.2.1), which forms the
foundation of our investigation, and outline the strategies we employ to overcome them
(2.2.2). Subsequently, we will delve into the theory behind causal inference (1.2.3) and
mediation analysis (1.2.4). Finally, we will introduce the two primary methodologies we
will utilize and whose outcomes will be compared at the end, namely Meet-in-the-Middle
(1.2.5) and stability selection (1.2.6) methods.

1.2.1. Exposome-related issues

Exposome studies, while o ering invaluable insights into the complex relation between en-
vironmental exposures and health outcomes, face signi cant challenges related to di erent
factors.

" The rst one lies is the assessment phase. Exposure may be a single event, but
more often it is prolonged and varies over time, with one or more exposure periods.
Especially in the latter case, the collected data are often fragmentary and exposure
is de ned only as a baseline covariate. This approximation might be more relevant
when considering some speci ¢ kind of exposures (for example chemical o radiation
ones), but could be easily overcome when dealing with dietary exposure, like in our
case, considering the daily intake [14].

In exposome studies, one of the main goal is to gure out which causal predictors
actually in uence the outcome among all the exposures we face, and eventually to
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assess their e ect [15].

The rst method used for this purpose was the Exposome - Wide Association Stud-
les (ExXWAS), which looks at how all measured environmental factors in relation to
various health outcomes. It uses univariate regressions (adjusted for confounders)
relating independently each exposure to the health outcome of interest and possi-
bly corrected for multiple testing. However, a signi cant downside associated with
EXWAS studies is the likely limitation in statistical power. The extensive evalu-
ation of numerous exposures entails substantial costs, rendering it challenging to
conduct these studies on a scale large enough to achieve adequate statistical power.
Insu cient sample sizes may result in spurious correlations between exposures, con-
tributing to both false negatives (low sensitivity) and false positive ndings. Indeed,
as for the latter, relying on traditional techniques from basic epidemiology, like uni-
variate linear regression, within EXWAS, may substantially raise the chances of
encountering false positives. [15].

1.2.2. Reduce the rate of false positive and false negative signals
In exposome studies

Using re ned statistical methods and/or reducing the dimensionality by adding biological
information is helpful in order to reduce the rate of false positive and false negative signals
of the classical EXWAS studies [15]. Here, we present both the approaches to address these
issues.

" In studies involving numerous comparisons, the likelihood of observing statistically
signi cant results by chance alone is high. Multiple testing corrections reduce the
occurrence of false positives by adjusting the p-value to account for the number
of comparisons made, thereby controlling the overall Type | error rate. Without
correction, the risk of falsely detecting signi cant results increases as more tests
are performed. Two commonly used methods for multiple testing correction are
the Benjamini-Hochberg (BH) method and the Bonferroni correction [16]. The
Benjamini-Hochberg (BH) method is a widely used procedure for controlling the
False Discovery Rate (FDR), which is the expected proportion of false positives
among all rejected hypotheses. The Bonferroni correction is a conservative method
for controlling the FamilyWise Error Rate (FWER), which is the probability of
making one or more Type | errors in a set of tests.

" Another way to cope with the burden of false positive and false negative rate could
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be dimension reduction. One way to do dimension reduction is to rely on existing
knowledge, using a priori information [15].

A good starting point would be to focus a priori on one exposure (or one set of ex-
posures), using pregressed knowledge about the relation with the health outcome of
interest [15]. Focusing on a single exposure in research could allow for more precise
and targeted results, avoiding the complexity of the wider set of di erent (and often
strongly correlated) factors that make up the exposome.

A further step would be to use the information coming by the introduction of an
intermediate biological layer. In general, there are several biological mediators that
can be assessed between the exposures and the considered health outcome: the
epigenome (DNA methylation), transcriptome (RNA), proteome, and metabolome.
These markers can reveal physiological responses to external exposures, e ectively
serving as internal indicators of health outcomes. These 'omics data, potentially
serving as biomarkers for early exposure e ects or markers of disease risk, o er
valuable but complex additional information regarding the connection between ex-
posures and health. Analyzing the relationship between these biomarkers and the
variations in exposure levels or health outcomes may shed light on how the health
impact of a given exposure or multiple exposures is biologically mediated, but also
to help to select exposures of interest, thus reducing the dimension [15].

Moreover, when dealing with an intermediate layer of high dimension, testing the
associations between these potential biomarkers, exposures, and health outcomes
can lead to an increased risk of false positive results. In these cases it becomes es-
sential to reduce the dimension of the intermediate layer [17]. Once again, relying on
existing knowledge, as for instance comprehensive catalogues and reviews of stud-
ies on the same subject, can be a pertinent instrument in achieving the necessary
reduction.

1.2.3. Causal inference

The task of association analysis, which involves nding interesting connections in large
datasets, is not very e ective in uncovering the workings of complex diseases [18].

In recent years, there has been a growing realization of the need to transition genomic
analysis from association-based approaches to causal inference-based methods and indeed,
as a result, a signi cant portion of recent studies has been moving in this direction. There
are big but subtle di erences between association and causation. A statistical association
between two variables indicates that having knowledge of the value of one variable o ers
information about the value of the other. However, it doesn't automatically imply a
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causal relationship where one variable causes changes in the other. [19]. On the other
hand causation means that one variable produces the e ect on the other, meaning that
the value of one variable changes if measured before and after being subjected to the
e ect of the other variable. Generally, association does not imply causation (hence the
mantra: association is not causation ), but it could under some speci c conditions. To
assert that this correlation signi es a causal e ect, we must initially address and eliminate
two potential issues that can result in a non-causal association: confounding and collider
bias. As our aim is to establish a causal relationship between two speci ¢ variables, the
exposure and health status, we will henceforth refer to the involved variables using this
precise terminology, even if causation theory can be applied to more general frameworks.

" Confounding arises when there is a common cause (the confounder) shared between
an exposure and an outcome. Failing to account for the confounder may create
the appearance of an association between the exposure and the outcome. In re-
ality, both may be in uenced by the confounder and may not be directly related
(or not as strongly). Only by thoroughly considering and adjusting for all poten-
tial confounders can we con dently assert that the exposure causes the outcome.
However, identifying and measuring all conceivable confounders in an observational
dataset may prove impractical. Consequently, making robust causal claims becomes
challenging in practice, especially when dealing with unknown and unmeasured con-
founders.

Figure 1.4: Causal diagram illustrating the structure of confounding?[ ].

Collider bias arises when an exposure and outcome have a shared e ect, the collider.
When we control for this collider, it results in a distorted association between the
exposure and outcome. It is possible that both the exposure and the outcome
in uence a common factor. In such instances, controlling for the collider can lead
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to an altered association between the exposure and outcome.

Figure 1.5: Causal diagram illustrating the structure of collider bias? ].

Colliders introduce bias they are controlled for, while confounders introduce bias when left
uncontrolled. To mitigate both biases, it is essential to identify and control for as many
confounders as possible during the analysis. Simultaneously, recognizing all colliders and
leaving them uncontrolled is crucial for minimizing bias in research outcomes.
Associations may represent causal e ects, but this is only potentially valid when we e ec-
tively control for all confounders, refrain from controlling for colliders, and establish the
temporal precedence of the exposure and outcome. Despite these e orts, the presence of
unknown confounders, colliders, and other biases can compromise our conclusions. While
excluding confounders and colliders among the measured variables is a crucial step in
establishing causation, it alone is insu cient for ensuring robust causal inferences.
Causality has revealed to be more important than a merely association because it unveils
the underlying biological mechanisms driving genetic associations between exposures and
outcome. Understanding causal relationships allows for targeted interventions and per-
sonalized treatments based on a solid understanding of how speci c certain exposures
directly in uence diseases.

1.2.4. Mediation analysis

Mediation analysis is a method from the eld of causal inference which, in the last years,
Is increasingly being applied in many research elds, including the epidemiology one [20].
In epidemiology, it is used to explore the mechanism through which an exposure exposure
or a treatment in uences the outcome. Assuming a causal relationship from an exposure
to an outcome, the mediation analysis aims at decomposing the total exposure-outcome
e ect into a direct e ect and an indirect e ect through a mediator variable [20] and
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guantifying each of them.

Mediation analysis was developed as path analysis in the genetic eld, and later in the
area of social sciences, and then further formalized in biomedical research in connection
with regression modeling in the counterfactual outcome framework of causal inference
[21].

If we assume that part of the e ect of the Exposure (E) is mediated by a Mediator (M)
then the proportion of the association between E and the outcome () that occurs through
M is termed the indirect (or mediated) e ect of E. The fraction of the e ect of E that
occurs independently of M is called direct e ect.

It is important to specify that at the basis of all the theory there is the strong assumption

of knowing that the e ect from E to Y is causal. Rigorous causal inference methods and
study designs are necessary to establish a causal relationship and con rm the mediator
as true mediators in the pathway between exposure and outcome.

In Figure 1.6 we see how the total exposure-outcome e ect can be decomposed into direct
and indirect e ect through a mediation variable.

(a)

(b)

Figure 1.6: The total e ect between the Exposure (E) and the Outcome (Y), represented
in Figure 1.6a can be decomposed in direct and indirect e ect through the mediation of
M, as in Figure 1.6b

The more popular guidelines for mediation analysis have been developed assuming that
both the mediator and the outcome are continuous variables, but this is not our case since
the outcome of interest (which is the development or non-development of the cardiovas-
cular disease) is a binary variable indicating if the cardiovascular event had happened
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or not. For this reason we will present here the adapted relative equations under the
hypothesis that the mediator is a continuous variable, the outcome is a binary variable
and the residuals are normally distributed. We can t two regression models regarding
the two indirect e ect contributions, then the direct e ect can then be estimated as the
sum of the two contributions. [21] [22]

" Exposure-outcome model:
|Og|t(P(Y = lJE, M ) = o+ E+ M+ 3C

Here we use a logistic regression since the output is binaly.is the probability of
obtaining an event, E is the exposure variable, C is a matrix including all the possible
confounders of the exposure-outcome associations. The betas are the unknown
parameters estimate.

Exposure-mediator model:
E(MJE)= o+ 1E+ »C°

Here we use a normal regression since the mediation is a continuous variable. E is
the mathematical expectation,C%is a matrix including all the possible confounders
of the exposure-mediator associations.

In the setting of binary outcomes, one can de ne the direct e ect using odds ratios. The
direct e ect corresponds to the change in the odds of the outcome for an increase by one
In exposure, assuming that the mediator remains xed at a speci c level.

In this context we are hypothesizing that there is no interaction between the exposure E
and the mediator M, and indeed the term comprising the combined e ect of the two is
put to zero in the equation related to the exposure-outcome model.

The estimation of direct and indirect e ects requires two major assumptions: a lack of
exposure outcome confounding (i.e. in the equation e cient adjusting for C) and a lack

of mediator outcome confounding (e cient control for C') [21].

Mediation analysis can prove to be e cient in revealing hidden mechanisms, but it needs
to face some big challenges. First of all, the causal relationship between the exposure and
the outcome must be known. Secondly, the extension of mediation analysis to the case
of several mediatordM 4; :::; M, where p is much higher than the number of observations

n (as it happens in our case when the mediator is the DNA methylation, which has a
dimension of 4 1(P CpG sites) is challenging and need to be threaten with the proper
accuracy [21].

Changes in DNA methylation at CpG sites caused by exposures can in uence gene expres-
sion patterns and, subsequently, biological processes relevant to health outcomes. This is
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the reason why, generally CpG sites are suitable and good candidates as mediators, even
if it depends on the speci ¢ exposure, outcome, and biological pathways involved.

1.2.5. Meet-in-the-Middle method

In recent years, there has been a remarkable increase in the incorporation of endogenous
(‘omic) biomarkers of e ect in applied environmental health research. This trend has
paved the way for the need to develop new and more targeted methods, including the
Meet-in-the-Middle (MITM) approach, which is one implementation of high-dimensional
mediation frameworks [23].

The concept of identifying the overlap between markers of exposure and predictive mark-
ers of disease has been de ned as "Meet-in-the-Middle" by Vineis and Perera in 2007
[24]. According to this original idea, nding out that some biomarkers are both related to
speci c exposures and a speci ¢ disease would strenghten the causal links between expo-
sures and disease, even without a formal mediation analysis. This approach, according to
Vineis and Perera, has potential for prevention by identifying the speci ¢ environmental
factors involved in the disease process.

A few years later, in 2010, Chadeau-Hyam and colleagues [4] developed a possible im-
plementation of the MITM approach, with the objective of identifying a list of putative
intermediate biomarkers that link exposure and disease outcome. This MITM approach
consist in measuring intermediate biomarkers and studying how they respond to external
exposures and how these responses are linked to subsequent health outcomes. If the same
set of markers is robustly associated with both ends of the exposure-to-disease contin-
uum, this is a validation of a causal hypothesis according to the pathway perturbation
paradigm. [25]. This means that, in this scenario the MITM approach has been conceived
as a research strategy to identify biomarkers that are related to specic exposures and
that are, at the same time, predictive of disease outcome. Finding this overlap between
exposure and disease of “intermediate' biomarkers can potentially disclose useful informa-
tion on the exposure-to-disease pathway [26].

In 2020 Cadiou and collegues developed a tailored MITM approach [17], which was named
oriented Meet-in-the-Middle (oMITM) in a later work in 2021 ([15]) to underline the dif-
ferences between this new design and the classical Meet-in-the-Middle. The oMITM relies
on an intermediary biological layer to restrict the exposures associated with relevant inter-
mediary features, whose association with health is then tested. The idea is that oMITM
could 1) allow lowering the high false discovery proportion (FDP) reported for agnostic
EXWAS, and 2) could be less sensitive to reverse causality than agnostic dimension reduc-
tion methods. This might be obtained at a cost of a decreased sensitivity, in particular as
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the proportion of exposures whose health e ect is not mediated by the considered layer
increases.

Figure 1.7: Important steps in the development of the MITM apporoach

Since the Meet-in-the-Middle method has been developed and deepened in the very last
years, the existing literature and research on this subject remain somewhat limited. This
presents both an opportunity for the exploration of groundbreaking techniques and appli-
cations and a challenge when it comes to validating these applications and their outcomes.

1.2.6. Stability selection

Stability selection is a variable selection method based on subsampling in combination
with (high dimensional) selection algorithms [63]. It is not a new variable selection tech-
nique, but instead its aim is rather to enhance and improve existing methods. It uses an
existing selection algorithm and complement it with resampling techniques to estimate the
probability of selection of each variable using its selection proportion over the resampling
iterations. Stability selection ensures reliability of the ndings through error control.

In our regression framework, the variable selection algorithm we use is the least absolute
shrinkage and selection operator (LASSO). LASSO is a regression analysis method that
performs both variable selection and regularization in order to enhance the prediction
accuracy and interpretability of the resulting statistical model.

LASSO regression starts with the standard linear regression model and then introduces
an additional penalty term based on the absolute values of the coe cients. The goal of
the algorithm is to minimize the following:
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where:
"y is the dependent variable (target)
o 1, 2 ..., parethe coe cients (parameters) to be estimated
" Xy, Xo, ..., X are the independent variables
is the regularization parameter that controls the amount of regularization applied.

Ee opt for a stability selection method because stability is a pivotal prerequisite for gen-
eralizability [27]. The ability of the predictor set to generalize is indispensable for es-
tablishing causality within the chosen predictors. Consequently, techniques focused on
optimizing "estimation stability," emphasizing the stability of both the predictor set and
their estimates, are more inclined to identify causal predictors compared to approaches
centered on "prediction stability” [28].
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2 ‘ Data

2.1. Data presentation

Having outlined both the necessary medical and methodological framework, we can now
delve into a more detailed and aware articulation of the thesis's objectives.

In this section, we will provide an overview of the datasets that we used in our analysis,
with a speci ¢ focus on the variables we selected to use in our study.

2.1.1. EPIC

The data we use in our analysis were collected from the European Prospective Investiga-
tion into Cancer and Nutrition (EPIC) study [29], which is a large-scale study that aims

to investigate the relationship between diet, lifestyle, environmental factors, and the de-
velopment of chronic diseases, including cancer, cardiovascular disease, and diabetes. Itis
one of the largest cohort studies in the world, including over 521,000 participants enrolled
from 23 centres in 10 western European countries. Recruitment of study participants and
collection of data and biological samples started in 1993 in four countries (Spain, Italy,
France, and the United Kingdom) and was extended between 1994 and 1998 to include
six more countries (Greece, Germany, the Netherlands, Denmark, Sweden, and Norway).
During the recruitment phase of the study, EPIC collected extensive information on vari-
ous aspects of participants' lifestyles, including their diet, physical activity levels, medical
history, and anthropometric measurements. Additionally, biological samples were taken
from a subset of 387,889 individuals at baseline, from which DNA methylation levels were
extracted. These samples are currently stored at the International Agency for Research
on Cancer (IARC), which is a part of the World Health Organization (WHO).

The EPIC cohort in Italy was initially established in four regions based on cancer reg-
istries: the provinces of Florence, Ragusa, Varese and Turin. Subsequently, an additional
location, the city of Naples, was included as part of the EPIC study through the Progetto
ATENA research program.

The recruitment of participants in each of these regions was motivated by di erent reasons






	Abstract
	Abstract in lingua italiana
	Contents
	List of Figures
	List of Tables
	Introduction
	General context
	General medical context
	DNA methylation
	Cardiovascular Disease
	Nutrients intake

	General methodological context
	Exposome-related issues
	Reduce the rate of false positive and false negative signals in exposome studies
	Causal inference
	Mediation analysis
	Meet-in-the-Middle method
	Stability selection


	Data
	Data presentation
	EPIC
	Dataset


	Preliminary and descriptive analyses of the dataset
	Sample selection
	Exploratory analysis
	Sample characteristics
	Nutrients' characteristics
	DNA methylation levels' characteristics


	Meet-in-the-Middle and mediation analysis
	Methods for the first MITM approach
	Overall strategy
	Step a): a priori selection of CVD-relevant CpG sites
	Step b): Model and assumptions
	Step c): Model and assumptions
	Visualization tools: Volcano plot, inflation plot, dose-response relationships plot

	Results for the first MITM approach
	Results step b)
	Results step c)

	Methods for the second MITM approach
	Overall strategy
	Step a) : Models and assumptions
	Step b) : A priori selection of CVD-relevant CpG sites
	Step c) : Model and assumptions
	Step d) : Models and assumptions
	Step e): Assess the mediation proportion
	Visualization tools: Manhattan Plot

	Results for the second MITM approach
	Results step a)
	Results step c)
	Results step d)
	Results step e)


	Stability selection
	Methods
	Results

	Comparison
	Conclusions and future developments
	Bibliography
	Appendix A
	Appendix B
	Preliminary and descriptive analysis of the dataset
	MITM 1
	MITM 2
	Stability selection


