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Statistical techniques for estimating causal effects in biomedical research

Abstract

Causal inference methods are statistical techniques used to analyse the causal effect
of a treatment/exposure on an outcome. Their use is increasing in the last decade, especially
in the framework of observational studies where the no randomization of the
treatment/exposure may lead to confounding bias. These methods present great advantages
versus classic regression models due to their capability of reducing and controlling for
confounding bias.

This thesis begins with the use of known techniques applied in real clinical scenarios,
second, a lack of developed statistical methods to estimate causal effects in complex
epidemiological scenarios is noted. These findings support the main objective of this thesis,
which is the development of causal inference methods to better understand and diagnose

clinical and epidemiological outcomes.

A comparison between the Propensity Score and classic regression models was made
using an Intensive Care Unit database where it was shown that, in presence of confounding
bias, Propensity Score performed better. Moreover, based on a systematic review and meta-
analysis, causal estimates from Propensity Score and Randomized Controlled Trials were

compared. It was observed that similar estimations were obtained in both approaches.

The Mendelian Randomization and Causal Mediation Analysis techniques were applied
to study the causal effect of type 2 diabetes mellitus subtypes (new-onset, and long-standing,
respectively) and obesity on pancreatic cancer. While long-standing diabetes did not present
evidence of causality on pancreatic cancer, pancreatic cancer showed a causal effect on new-
onset diabetes. Moreover, obesity acted as a mediator for the effect of type 2 diabetes mellitus
on pancreatic cancer. These results justified the need for the development of new statistical

IX



Abstract

techniques to further study the complex relationship between diabetes, obesity, and pancreatic

cancer.

First, a new statistical methodology, MRinCMA, was proposed. This is an extension of
Causal Mediation Analysis using Mendelian Randomization, to obtain unbiased estimates in the
mediation framework. Using simulation studies, it was shown that MRinCMA provided unbiased
estimates in comparison to the Structural Equation Models, used as the reference method. This
approach was applied to study the effect of obesity on pancreatic cancer considering long-

standing diabetes as a mediator where no evidence for causality was found.

Second, an extension of Mendelian Randomization which allows researchers to stratify
the population without introducing collider bias was proposed. Using simulation studies, we
proved that the new approach was able to obtain unbiased estimates and to detect
heterogeneity across strata of the population.

Overall, we have shown the importance of correctly applying causal inference
approaches and their differences with classic regression models. Moreover, we have proposed
some extensions to the classic Mendelian Randomization that can be used in other biomedical

scenarios.



Statistical techniques for estimating causal effects in biomedical research

Resumen

Los métodos de inferencia causal son técnicas estadisticas utilizadas para analizar el
efecto causal de un tratamiento/exposicidon sobre un desenlace de interés. Su uso ha
aumentado en la ultima década, especialmente en estudios observacionales donde la no
aleatorizacion del tratamiento deriva en resultados sesgados. Esta metodologia presenta
enormes ventajas frente a modelos de regresién clasicos, debido a su capacidad de reducir y
ajustar por el sesgo de confusién.

Esta tesis comienza con la aplicacion de técnicas ya conocidas en escenarios clinicos
donde se muestra la falta de desarrollo estadistico para estimar el efecto causal en escenarios
biomédicos mas complejos. Estos hallazgos justifican el objetivo principal de esta tesis que es
desarrollar métodos de inferencia causal para entender y diagnosticar mejor eventos clinicos

y epidemioldgicos.

Se compard el Indice de Propensién con los modelos clasicos de regresién, utilizando
una base de datos de pacientes ingresados en UCI y se observd que, en presencia del sesgo
de confusion, el Indice de Propensién aportd mejores resultados. Ademds, mediante una
revision sistematica y un meta-analisis, se compararon las estimaciones causales obtenidas
aplicando el indice de Propensién en estudios observacionales y las obtenidas en Ensayos
Clinicos Aleatorizados. Se observé que en ambos casos las estimaciones obtenidas eran muy

similares.

Las técnicas de Aleatorizacion Mendeliana y Analisis de Mediacién Causal se aplicaron
para estudiar el efecto causal de los subtipos de la diabetes mellitus tipo 2 (temprana y tardia,
respectivamente) y de la obesidad sobre el cancer de pancreas. Se concluyé que, mientras la

diabetes tardia no presentaba un efecto causal sobre el cancer de pancreas, éste uUltimo si que

Xl



Resumen

tenia un efecto sobre la diabetes temprana. Ademas, se observd que tanto obesidad como la
diabetes tardia actuaban como mediadoras frente al cancer de pancreas. Este estudio justificd
la necesidad de desarrollar nuevas propuestas metodoldgicas que permitieran comprender

mejor la compleja relacién entre obesidad, diabetes y cancer de pancreas.

En concreto, primero se propuso una nueva metodologia, MRinCMA, como una
extension del analisis de mediacion utilizando la Aleatorizacion Mendeliana, que permite
obtener resultados insesgados dentro del contexto de mediacion. Utilizando técnicas de
simulacion, se mostro que el sesgo de las estimaciones obtenidas con MRinCMA era menor que
el observado cuando se utilizaron los modelos de ecuaciones estructurales, considerados como
método de referencia. Se aplico esta nueva propuesta para evaluar el efecto de la obesidad en
cancer de pancreas, considerando la diabetes tardia como mediadora y no se encontrd

evidencia de causalidad.

En segundo lugar, se planted una extensidn de la aleatorizacion Mendeliana que
permite estratificar la poblacidn sin introducir sesgo collider. Considerando de nuevo métodos
de simulacién, se mostré que el nuevo enfoque da lugar a estimadores insesgados y a la vez

facilita la identificacion de la heterogeneidad entre los diferentes estratos de la poblacion.

De manera global, se ha mostrado la importancia de aplicar correctamente métodos
de inferencia causal y las diferencias con modelos cldsicos de regresién. Ademas, se han
propuesto extensiones para la Aleatorizacion Mendeliana que pueden ser usadas en otros

escenarios biomédicos.
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Statistical techniques for estimating causal effects in biomedical research

Chapter 1

1.1. Causal inference language and concepts

Causal inference is the use of statistical concepts, statistical assumptions, and
diagrams to answer causality-related questions. First, it is important to distinguish
the difference between association and causation. In classical association analysis,
the main objective is the assessment and inference of the relationship between two
or more random variables and to study the aspects of the joint distribution of those
observed variables, using, for example, means, variances, regression analysis, etc
(Hernan and Robins 2020; Pearl 2010a). In other words, we can say that two
variables are independent when the value of one variable does not provide any
information on the second variable. On the other hand, to be able to infer causality,
where the objective is to study how a variable is affecting the behaviour of another
variable, association analysis is not sufficient. In general terms, causality implies
association (i.e., if a variable causes another, indisputably, they are associated), but
association does not imply causation: two variables may be associated but do not
present a causal relationship between them (Hernan and Robins 2020; Pearl 2010a).
Causal language and inference can be applied when the study aims to know if a

variable changes when the other variable is modified.

In many fields, the use of causal inference methodology has been increased in the
last decades, due to the property of inferring causal relationships among two or more

variables using experimental and observational data (Imbens and Rubin 2015).
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Chapter 1: Introduction

Specifically, in epidemiological and clinical settings, researchers have been interested
in studying the causal effect of a treatment (i.e., medication) or an exposure (i.e.,
smoking), on the development of some health outcome (i.e, headache, or cancer
development, respectively). To infer causal relationships between the
treatment/exposure and the outcome, classical statistical analysis is not adequate
since it will only provide information regarding the association between the variables.
In the associational analysis, the association between the variables would not only
represent the relationship between the treatment/exposure and the outcome, but it
would also represent the association constellation of all the other variables that may

influence that specific relationship.

In recent years, the “evidence-pyramid” has been proposed as a potential study-
design hierarchy (Murad et al. 2016; Rosner 2012), upon on the potential evidence
that each study-design may offer. The pyramid of evidence classifies as the best
source of evidence the systematic reviews and meta-analysis (of both experimental
and observational studies), followed by randomized controlled trials (RCTs),
observational cohort studies, observational case-control studies, and case-reports,

Figure 1.

Systematic reviews and meta-analysis are the standard methods to assess the causal
relation between health interventions and events/conditions. For instance, Ren et al.
(2015) conducted a systematic review and meta-analysis to evaluate the survival
benefit of a preoperative induction treatment vs. combined chemoradiotherapy, in
patients with lung cancer. They included information from three randomized
controlled trials. This study design, where all the relevant studies are considered
regardless the impact factor of the journal in which they are published, provides very

strong evidence about the effect of the treatment on the outcome.

However, systematic reviews and meta-analyses have been criticized for the poor
quality of the included studies (Esterhuizen and Thabane 2016; Ganeshkumar and
Gopalakrishnan 2013), and, more important, based on our concern about causation,
systematic reviews and meta-analysis may include papers in which the aim is not to

assess causality, but only association.
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Figure 1. Pyramid-evidence of study-designs

On the other hand, when the main objective is to study the causal effect of a
phenomenon on an outcome, the randomized experiments (i.e., RCT) are the gold
standard. In these studies, the treatment/exposure is randomly assigned. In clinical
practice, RCTs are very common when researchers are interested in the assessment
of a new treatment for a specific disease. For instance, Zenke et al. (2021) evaluate
the 10 year survival rate for patients with lung cancer who have received
chemotherapy with thoracic radiotherapy. In this study, patients were randomly
assighed to receive one of three different treatments: A, B, or C. Based on this
randomization, the observed differences among groups would be only due to the
allocated treatment, which means that association and causation are equivalent.
Therefore, the main advantage of running a RCT is the robust evidence that it
provides in terms of causal inferences, which is not easy to observe in other studies
that do not include the randomization assignment. However, despite this strong
advantage, the RCT presents some disadvantages that will be explained in detail in
Section 1.1.4.

Fortunately, several studies have shown the similarities between RCT and
observational studies (Faraoni and Schaefer 2016; Hannan 2008). Other authors
such as Anglemyer, Horvath, and Bero (2014) assessed the impact of the study
design on the effect estimated. They evaluated several methodological reviews which
compared RCT, and observational studies and the results showed little evidence of
differences on the effect estimates between both designs across all reviews,
suggesting that observational studies may be a valid alternative when RCT are not

suitable.
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However, some important differences between RCT and observational studies should
be pointed out. For example, Schad et al. (2018) carried out research similar to Zenke
et al. (2021) study but under the framework of the observational studies They
evaluated the effect of Viscum album L. jointly with chemotherapy as a treatment for
lung cancer patients. In this case, patients were non-controlled, and non-randomized
to any treatment, therefore the obtained results only refer to associational analysis
as they were not obtained using the proper statistical methodology to infer causal
relationships. Moreover, observational studies have to rely on untestable
assumptions (e.g., no unmeasured confounding, or instrument validity) to obtain

results as good as RCT.

Unlike the randomized allocation in RCT, in the clinical practice, the decision of giving
or not a treatment to a patient is usually made by a clinician, being influenced by the
clinical characteristics and health status of the individual and the physician
preferences. Analogously, in the epidemiological setting, it would difficult or even

unethical to randomize an individual to a specific damaging exposure (e.g., smoking).

For that reason, there is an increasing demand for causal inference methods for
observational studies, since such methods allow researchers to make causal
statements using observational data when RCTs are not applicable. For example,
Kato et al. (2020) applied the Propensity Score technique in observational studies to
assess the effect of chemotherapy in lung cancer patients, offering a valid solution to
answer causal questions as the treatment was not randomized. As we will discuss in
this thesis, the Propensity Score technique may provide causal conclusions if it is

applied correctly.

With these examples, we illustrated the wide range of scenarios that can be used to
answer a unique clinical or epidemiological question, causality, and how choosing a
specific study-design may affect final results. Moreover, we also showed the similarity
between randomized experiments (i.e., RCT) and observational designs and the
emerging use of causal inference methodology in observational studies to answer
causal questions. Nevertheless, important assumptions about the data and the causal
structure must be made before starting with the causal inference analysis (see
Section 1.1.2.).

1.1.1. Identification of causal effects

The first step in the causal inference analysis is the identification of the causal effects.
In this section, the individual and average causal effects will be defined using the

Potential Outcome notation, as described by Rubin (1974).



Statistical techniques for estimating causal effects in biomedical research

Let us start by considering a binary variable X (e.g. treatment with aspirin), which
presents two different values: X=1, and X=0 according to the assignment or not to
the treatment, the outcome Y (e.g. y=1, and y=0 according to the presence/absence
of a headache) and a set of covariates, Z, for i=1,...,n individuals. To know whether
X has a causal effect on Y, first, the individual i should be treated with level x=1;
second, the same individual i, should be treated with the level x=0. If there is a

difference in both outcomes after receiving (or not) the treatment, that would indicate

that X has a causal effect on Y.

Definition: Potential Outcome

Rubin defined the potential outcome, Y (X), as the value that the outcome Y would

have taken if X had been set to the treatment level X. More specifically, the potential

outcome Y (1) is the value that Y would take if the treatment level was set to x=1.
The potential outcome Y (0) is the value that Y would take if the treatment level was

set to Xx=0. For a specific individual, i:

Y.(x) = Y, (1) observed potential outcome if x =1 for the ith-individual
"“71Y,(0) observed potential outcome if x = 0 for the ith-individual

The potential outcome refers to the possibility of observing either one of these two

outcomes depending on the treatment value that the individual i truly received. To
study whether X has a causal effect on Y in the individual i, we should compare both

potential outcomes, under the different levels of X.

Definition: ICE

The individual causal effect (ICE) for an i-th individual, would be the comparison of

both potential outcomes in the same individual:

ICE, =Y.()-Y,(0) i=12,...,n

The identification of this effect is not possible because an individual i, in practice, will

experience only one of the two potential outcomes, Y; (1) or Y;(0) .

Assuming that the identification of the individual causal effects is not feasible because

only one potential outcome is observed, there is the need to identify an average
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causal effect (ACE), where the potential outcome observed for one individual would

be considered as the potential outcome for another individual.

Definition: ACE

An average causal effect, (ACE) is the comparison of two potential outcomes, and it

is obtained by comparing both distributions of Y (x), as it is shown in Table 1.

ACE =Y (1)-Y (0)

Treatment Control
Covariates X=1 X=0
Individual Potential Potential )
Z ICE;i ACE
Outcomes Outcomes
Y(1) Y(0)
1 Z; Y1(1) Y1(0) Y1(1) - Y1(0)

. . . : . Comparison of
i Zi Yi(1) Yi(0) Yi(1) - Yi(0) Y.(1) and Y, (0)
. . : . in a set of n units

n Z Yo(1) Yo(0) Ya(1) — Y1(0)

Table 1. Causal inference notation. Adapted from Rubin (2005)

If the difference between both potential outcomes is zero (ACE=0), it would mean
that there is a null causal effect, indicating that, in average, the treatment does not

have a causal effect on the outcome. Otherwise, it would mean that X has a causal

effect on Y.

1.1.2. Assumptions

Because both potential outcomes in practice cannot be observed and the only
information available is the one provided by the data, some assumptions needed

under which the causal effects can be identified are the following.
i. Assumption I: Interference between subjects

Statement: A subject’s potential outcome under treatment X does not depend on
other subjects’ treatment values (Hudgens and Halloran 2008; Tchetgen and
Vanderweele 2012).



Statistical techniques for estimating causal effects in biomedical research

This assumption state that two or more individuals are independent to each other

and what happens to one individual will not interfere with the others.
ii. Assumption II: Consistency

Statement: For each individual, one of the two potential outcomes, (i.e., the potential

outcome that corresponds to the treatment level that the individual truly received) is

the true observed outcome: X, =X —Y, =Y;(X) (Pearl 2010b; VanderWeele 2009)

iii. Assumption III: Conditional exchangeability

Statement: Conditioning on a set of covariates, Z, the treatment level X is

independent of the two potential outcomes: X LY (X)|Z,VX,z

This is the formulation of the "no unmeasured confounding” assumption. The treated
and untreated participants would be exchangeable if the assignment of the treatment
only depends on the covariates Z. This assumption would hold if all the possible

covariates that would influence the treatment assignment are measured.

Under the assumptions of conditional exchangeability and consistency, the causal
estimands in terms of potential outcomes can be rewritten in terms of observational

data, also known as identification of the effects.

If X and Y are binary, the marginal causal risk difference, MCRD, is defined as
MCRD = Pr(Y @ :1)— Pr (Y 0) :1)

which compares the probabilities of event between both treatments.

i Based on the Law of Total Probability, the marginal probability can be

written as:
Pr(Y(x)=1)=>_ Pr(Y(x)=1|Z =z)Pr(Z =z) [1]
ii. Based on the assumption of conditional exchangeability, this can be
written as:
Pr(Y(x)=1)=)_ Pr(Y(x)=1| X =x,Z =z)Pr(Z =z) [2]

iii. And, based on the assumption of consistency, this is:

Pr(Y(x)=1)=>Pr(Y =1|X =x,Z =2)Pr(Z =z) [3]

The focus of interest is no longer defined in terms of the potential outcome. Now, the

causal effect can be identified because it depends on real observed data:
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MCRD =Pr(Y (1) =1)-Pr(Y (0)=1)=
[4]
=Y Pr(Y=1|X =1,Z=z)Pr(Z=2)-)_Pr(Y =1| X =0,Z =z)Pr(Z =z)

The first stage to identify the effects is to rewrite the estimand as a new one that
does not involve any variables that are not in the real data and any potential
outcome. Once we have the estimand in terms of observational data, we can estimate

the causal effect.
iv. Assumption V: Positivity

Statement: Treated and untreated subjects are observed and measured in any

categories of the covariates Z:

if Pr(Z=2)>0=0<Pr(X=x|Z=2)<1

1.1.3. Directed Acyclic Graphs (DAGS)

A DAG is a diagram where the nodes (vertices) represent random variables, V, with
directed edges (arrows) and no directed cycles used to representing the factorization
of a joint distribution. In causal inference, DAGs are used to draw the causal

assumptions regarding the relationships among two or more variables.

4

A4

£

A/

Vs by

A

Figure 2. Example of DAG with four nodes

- A variable denoted as parent or ancestor is the node from which an arrow goes
to another node. In Figure 2, V1is parent of V2, and V2 is a parent of V3 and Va.
Analogously, V2 is denoted as a child or descendant of Vi, and V3 and V4 are
children of V2, because they are nodes that are a consequence of another node.
V3 and V4 are descendants of V1 and V2. In the same way, V1 is an ancestor of V4

and V.

10
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- Common effect, or colliders, are a set of variables that are children of two other

variables. In Figure 2, V3 and V4 are both common effects, or colliders, on the

path:V, -V, <V, and V, >V, <V, , respectively.

- Common cause is the set of variables that are parents of two other variables. V>

is a common cause of V3 and V3.

- A path is any arrow-based route between two variables on the graph. Paths can

be open or blocked according to a set of graphical rules known as D-separation

rules.

Conditional on its parents (direct causes), a variable Vj is independent of any variable

for which it is not a cause. Using DAGs, the lack of an arrow between two nodes

indicates that these variables are conditionally independent given the other variables

that have arrows into the variable. For example:

V, 1V, |V,,V,

represents that variables V1 and Vs are conditionally independent given V2 and V3.

The D-separation rules are criteria used to decide whether two variables are

directional separated, or also named, d-separated. These definitions were described
by (Pearl 1995):

Rule n1: If there are no variables being conditioned on, a path is blocked if
and only if two arrowheads on the path, collide at some variable (i.e., to a
collider variable). In Figure 3A, the path from V1 to V3 is open because there
is no collider variable between Vi1 and V3. However, in Figure 3B, the path
between V1 and V2 is blocked through the collider Vs.

Rule n%2: Any path that contains a non-collider that has been conditioned on
(represented using a squared or box around the variable) is blocked. In Figure
3C, the path is blocked after conditioning on V2 (there is no possible pathway
from V1 to V3 because it is blocked by V>).

Rule n°3: A collider that has been conditioned on, does not block the path,
Figure 3D.

Rule n%4: A collider that has a descendant that has been conditioned on, does
not block the path, Figure 3E.

11
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A) B)
Vi -V, -V

4 "
\ , /
Vl Vz - V3 Vl V2

o

) D)

Figure 3. Examples of DAG. A), D) and E) represent open paths, B) and C) represent blocked pathways

To summarize, the three key concepts for using DAGs are:

v A path is blocked if, and only if, there is a non-collider that has been
conditioned on (Figure 3C) or if there is a collider variable that has not been
conditioned on (Figure 3B).

v Two variables are D-separated if all the paths between them are blocked.

v" Two variables are marginally independent if they are D-separated without

conditioning.

To use DAGs to infer causality and considering them as causal DAGs, some

assumptions are needed:

v The lack of an arrow between two nodes would be interpreted as the
absence of a causal effect between both variables, meaning that a variable
does not cause a second variable.

v All common causes must be represented in the diagram (in practice, all

the variables must be measured).

v Any variable is a cause of its child.
1.1.4. Types of studies: randomized controlled trials and observational
studies

In clinical and public health settings, RCTs are the gold standard for the evaluation
of the intervention effect, either being a treatment or a preventive action (Del Rey
Calero et al. 1996).

12
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These types of studies are characterized for being:

i) Experiments, where the investigators decide which is the intervention and
outcome of interest.

i) Prospective, where the information is collected at the study conception or
while the study is ongoing.

iii) Randomized, where the assignment to the intervention is randomized.
Based on this randomization, the distribution among individuals that
received and did not receive the intervention would be balanced: the
characteristics of both groups would be similar and the only difference
between both groups would be the allocated intervention, considering that

the other characteristics are homogeneous among both groups.

With this design, the potential outcomes can be considered equivalent to the
observed outcomes, and additionally, the association between the intervention and

the outcome would be interpreted as causation.

However, RCTs also present several drawbacks that make them inappropriate in
some specific contexts. In general, to conduct them is expensive and time
consuming. Moreover, ethical concerns regarding the randomization have an
important role in the use of RCT, and some specific clinical questions cannot be
answered using this design. For example, it would not be ethical to randomize
individuals to the smoking group or to living in neighbourhoods with more air
pollution. Furthermore, the selection criteria defined in RCTs, in general do not
consider specific subgroups of the population (children, pregnant women, elderly

patients, etc.), leading to a non-representative sample of the general population.

Observational studies are another type of study designs where the exposure or
treatment assignment is not at random (Hernan and Robins 2020; Del Rey Calero et
al. 1996). These types of studies are very common, and they present several
advantages compared to the RCT. With this design, both costs and follow up times
can be reduced and since it allows to include broader patient profiles, findings
obtained can be extrapolated to a larger population. Besides in several settings,
random allocation of the treatment/exposure may not be possible. For example, in
clinical studies it is the clinician who decides which treatment is more appropriate to
each individual of the study, based on specific clinical or demographic information.
In the epidemiological setting, the exposure of interest cannot be randomized, and it

will be observed by the researchers.

However, considering that baseline factors can influence the exposure or treatment

assignment, many biases can arise from observational studies. The main reason is

13
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the potentially unbalance distribution of these characteristics between groups,
therefore any observed difference in the outcome, may be due to the
exposure/treatment received, but also due to other covariates. Consequently, when
the aim of a study is to analyse the causal effect of a treatment or exposure on an

outcome, observational studies can present some limitations.

1.1.5. The biases in observational studies

A systematic bias regards to the association between two variables that does not
arise from the direct association among them. These biases are consequences of
certain causal structures, which can be represented using causal DAGs and can be
classified according to their causal structure. An arrow from the exposure X to the
outcome Y would represent a direct causal effect. This is the effect of interest to be
estimated. In this thesis, we focused on two sources of systematic bias, confounding

and collider bias, described in more detail in Sections 1.1.5.1 and 1.1.5.2.

In a randomized experiment, where there are no common causes thanks to

randomization, the arrow from X to Y, as shown in Figure 4A, would represent
causation. On the other hand, when there is no arrow from X to Y, Figure 4B, would
mean that there is no causal effect of X on Y, but based on the common causes C,
an association would be detected between X and Y, as described in the Section 1.1.3.
(“when a non-collider is not conditioned, it will open the path between X and Y
through C"). In general, an association between X and Y is formed by two

components: i) the true causal effect of X on Y- Figure 4A, and ii) the common
causes- Figure 4B, also known as confounding variables, which generates

confounding bias, Figure 4C.

1.1.5.1. Common causes: Confounding bias

Confounding is the bias that results from the presence of common causes of X and
Y, or also defined as the presence of an open backdoor path between X and Y. It is

possible to block this open backdoor path conditioning to the confounder (Greenland
2003; Hernan and Robins 2020).

A backdoor path is the path which connects X and Y without using any of the arrows
that leave from X to Y. For instance, in Figure 4C, the path from X to Y through C is
a backdoor path. The backdoor path criterion states that a causal effect of X on Y can

be identified if there is enough data to block all potential backdoor paths between X

14
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and Y. Conditioning on the common causes, C, would eliminate the confounding bias,

blocking the backdoor path that goes from X to Y through C. As the d-separation

statement claimed, conditioning in a non-collider variable blocks the path, as shown

in Figure 4D.
A) Causal effectof X on'Y B) Common causes of X and Y
C
X . Y /\
X Y
C) Confounding bias D) Eliminating confounding bias
C C
X > Y X » Y

Figure 4. Definitions of confounding bias through causal DAGs

To eliminate or reduce confounding bias, it is crucial that all the variables considered
as confounders, which are needed to block the backdoor path, are known, and
measured. To find the proper confounder variables, it is important to consider the
information available about the causal structure and the causal DAG. Two main

definitions of what confounder is, can be used in practice:

= “Conventional”: a variable C is a confounder if it is associated with X, C is
associated with Y regardless of X, and C is not in the causal pathway from X to
Y.

» “Structural”: is the existence of a confounder variable which is part of an open
backdoor path from X to Y, based on the causal structure and knowledge from

the data. This allows identifying the confounders that are needed to be adjusted

to block the open backdoor path.

Both “structural” and “conventional” definitions are valid to identify confounders, and

both rely on the adjustment of the confounders to eliminate confounding bias.
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1.1.5.2. Conditioning on common effects: Collider stratification bias or

selection bias

Collider bias may occur when conditioning on a common effect of the
treatment/exposure and the outcome, Figure 5 (Greenland 2003; Hernan et al. 2004;
Hernan and Robins 2020):

C

T

X > Y

Figure 5. Example of collider bias adjusting for common effects, using causal DAGs

Conditioning on a common effect (i.e., collider variable) of X and Y opens the
backdoor path that goes from X to C and Y, generating bias. Selecting a specific
stratum of a collider variable creates an association between X and Y even when
there is no association among them. Depending on the variable that C represents,
collider bias can be known as collider stratification bias or selection bias. Collider
stratification bias may occur, for instance, when the aim is to study the causal effect
of X on Y but restricted to specific values of a third variable, which is a collider. On
the other hand, selection bias is the bias that is due to the process by which

individuals are recruited.

1.2. Statistical methods for causal inference

In general, causal inference methods are used to control and adjust for confounding
bias, since it is one of the most common biases in observational studies, as it is
mentioned in Section 1.1. The best way to control for confounding would be using a
randomized experiment, where the treatment/exposure is randomly assigned. The
possible common causes (i.e., confounders) of the treatment/exposure and outcome
will not affect the treatment assignment because of the randomization. Due to the
difficulties in applying RCTs in many clinical and epidemiological scenarios,
observational studies are used as valid designs to answer causal questions.
Nevertheless, using observational studies without the proper methodology would lead
to biased and non-reliable results, because of the possible biases that could arise due

to confounding. For that reason, during the last decades, there has been observed
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an increased use of the causal inference methodology in observational studies, which

provide valid and unbiased results in terms of causal inference interrogations.

The developed methodology has been divided into two main types, according to
whether the confounding variables are collected or not in the study and if they can
be used in the analysis (i.e., if the conditional exchangeability assumption holds). If
all the potential confounders are collected in the study, they can be used to block the
backdoor path between the treatment/exposure and the outcome, avoiding potential
confounding bias. However, if there is a possibility of having potential
unknown/unmeasured confounders that are not collected in the study (i.e,,
unmeasured confounders), this criterion is no longer valid. According to the type of
confounder available in the data, the methods that rely on observable and measured
confounders are the Propensity Score (PS), and the Causal Mediation Analysis (CMA).
On the other hand, if there is a possibility of having unmeasured confounders,

Instrumental Variable approaches, such as Mendelian Randomization (MR), are used.

Figure 6 represents the evolution in the number of publications for the following
terminologies for the last ten years: CI = Causal Inference, CMA = Causal Mediation
Analysis, MR = Mendelian Randomization, and PS = Propensity Score. The search
was done using the PubMed platform (November 2021) in which each terminology
has been searched independently. The Propensity Score was the most used approach,
followed by the Mendelian Randomization. As it will be described in the following
sections, the Propensity Score can be used with clinical and epidemiological variables,
while the Mendelian Randomization requires information about genetic variants,

which are not always available and easy to obtain.
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Figure 6. Number of publications of the different causal inference methods, where CsI: Causal Inference,
CMA: Causal Mediation Analysis, MR: Mendelian Randomization, PS: Propensity Score. Information
extracted from PubMed.

These results suggested that the Propensity Score, defined for the first time in 1983
by Rosenbaum and Rubin (1983), has been widely used in the last decade, mainly
due to accessibility of the variables needed (it would require only clinical and
epidemiological information). On the other hand, Mendelian Randomization was
described for the first time in the early 2000’s, by Davey Smith and Ebrahim, (Smith
and Ebrahim 2003, 2005) because of the emerging use of genetic information in the
epidemiological practice, considering that the first read of the human genome was
performed in 2003. Moreover, only a few years ago, (Imai et al. 2010, 2011; Pearl
2012b) the extension of the mediation analysis in the causal inference framework
was described. On the other hand, Mendelian Randomization (MR) and Causal
Mediation Analysis (CMA) are novel methodologies which development and extension

are still far away from Propensity Score.

1.2.1. Methods that rely on the backdoor criterion: measured

confounders

To eliminate or mitigate confounding, assuming that all the confounders are
measured, we could adjust for them to block the open backdoor path, as it is
described in Section 1.1. One methodology widely used in the clinical settings is the

Propensity Score.
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1.2.1.1. Propensity Score (PS):

Rosenbaum and Rubin (1983) defined the Propensity Score as the probability of being
treated, based on the confounders. For instance, considering a binary treatment X,
that is modelled using logistic regression, and a vector C of confounders Ci to Cy,

the Propensity Score is defined as:

e(a0+a1C1+...+anCn)

PS=Pr(X;=1|C,,....C;)) = 14 glaotaCir-+aiCy) >

This Propensity Score models the probability for each individual of being treated
(X=1) based on the Cjy, ...,Cn confounders. One of the key properties of the Propensity
Score is being a balancing score, where the distribution of the confounders’ vector,
conditioning on the PS, is similar between treated and untreated individuals. A pair
of individuals with similar PSs, would be also similar in their covariate values. To

correctly use the Propensity Score, two main assumptions must be hold:

Propensity Score assumptions

i. Treatment assignment is independent of the potential outcomes,
conditional on the observed confounder variables.

Y(x)LX]|C,x=0,1
This can be also written in terms of the PS:
Y(X)LX,C,X=0,1—>Y(X)LX|PS,X=0,1

ii. Any subject has a non-zero probability of receiving the treatment:
0<Pr(X=1/C,Z)<1

Box 1. Propensity Score assumptions

Once the PS is obtained, it can be used in several forms (Austin 2011):

o Matching subjects, is the most common way to use the PS. It creates a new
subset of data generating pairs of subjects that present similar PS values. The

objective of matching is creating a balanced dataset, where the confounding
variables are balanced between treated and untreated subjects, eliminating (or
reducing) the possible differences that could exist between the two groups. The

matching PS is often compared to a RCT, in which the matched individuals are
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similar in terms of their baseline characteristics and any observed difference
would be due to the treatment assignment.

Inverse Probability Treatment Weighting (IPTW) method, generates a pseudo-
population without confounding bias. In this method, weights are assigned to
individuals of the study based on the inverse of their conditional probability of
receiving the treatment level that they actually received, which is estimated by

the PS. These weights are defined as:

W =4 i i=1..n [6]
PS. 1-PS

with X; taking value x=1 if the ith individual received the treatment or x=0, other
case, and PS;, is the Propensity Score for the ith individual. Then weights can be

rewritten as:

L if X, =1
PS, .
W, = L 1=1..n [7]
— ifX,=0
1-PS,

The causal estimate is obtained using a weighted least squares (WLS) regression
model considering the individuals’ Wi as their respective weights. In this context,
where a pseudo-population is used, the association estimate obtained would be

the causal estimate.

Stratifying the analysis, this method consists of dividing the whole sample in
different subsamples based on the PS score values. Rosenbaum and Rubin
(1984), demonstrated that 5 subsamples are the optimal scenario and that with
this number of subsamples, the bias can be reduced at least in a 90%.

Including the PS as a covariate, this method fits a multivariate regression model

where treatment and PS are considered as explicative variables.

Independently of the approach used, the average causal effect (ACE) can be

estimated as it is explained in Section 1.1.1.

1.2.1.2. Causal Mediation Analysis (CMA):

Mediation analysis is a specific technique used to study the effect of a

treatment/exposure, X, on an outcome, Y, when there is a third variable, called the
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mediator, M, which is present in the path between X and Y. Based on these variables,

three effects can be defined:

i) Direct effect, is the effect of X on Y and is not influenced by the
mediator M.

i) Indirect effect, defined as the effect of X on Y that goes through M.

iii) Total effect, is the sum of both direct and indirect effects, defined as

the effect of X on Y considering all potential pathways, Figure 7.

— Direct effect

Confounders —> Indirect effect
(Cl) —+— Total effect
Confounders  Treatment/Exposure Outcome Confounders
(€ ® T ©

, Mediator
M)

Figure 7. Mediation Analysis diagram. Direct effect is represented with the red arrow from X to Y, the
indirect effect as the two green arrows, from X to M and from M to Y. The total effect is the sum of direct
and indirect effect

There are two traditional approaches to run mediation analysis, defined by Baron and

Kenny (1986), known as the difference and the product methods.

» The difference method, consists of fitting two regression models in which the
outcome Y is the dependent variable. Suppose that Y, M and C, are continuous

variables and X is a binary variable referring to the exposure variable.
The first regression model is defined as:
Y=a,+a, X +a,C+eg, [8]
where ¢, represents the total effect of the risk factor X on the outcome Y.

The second regression model is similar to [8], but now the mediator variable is

included as covariate in the model:

Y=8+BX+LM+BLC+eg [9]

where f, is the direct effect.
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With these two equations, the indirect effect will be estimated through the

difference @, — 3, .

> The product method is also based on two equations. The first model is equal

to [9] and the second regression model is:
M=6,+6X+6,C+g, [10]

The direct effect is f, as in the difference method, while in this case the

indirect effect will be estimated using the product of ﬁ’z and él, and the total

effect is the sum of direct and indirect effects.

Definition: NDE

Robins and Greenland (1992) and Pearl (2001) formalized, in causal terms, the notion

of mediation. The natural direct effect (NDE) is defined as:
NDE:E[Y(l,M(O))—Y(O,M(O))] [11]

where M(X) are the potential values of M under different assignments of the exposure
and Y(x,M(x)) are the potential values of the outcome under different assignments of
exposure and mediator. The NDE is interpreted as the change in the outcome Y if
the exposure X were set at level Xx=1, versus x=0, but for each individual when M is

maintained at the level it would have taken in the absence of exposure (VanderWeele
2016).

Definition: NIE

The natural indirect effect (NIE) is:
NIE:E[Y(l,M(l))—Y(l,M(O))] [12]

The NIE is interpreted as the average change observed in the outcome Y if the
exposure were controlled to x=1, but the mediator changed from the level it would

have taken if X=0 versus the level it would have taken if x=1.
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Definition: TE

The total effect (TE), as in Baron and Kenny terminology, is the sum of NDE and
NIE, defined as the overall change of the outcome Y for a change in the exposure of

x=0 to x=1.

In order to identify the estimands of interest (i.e., NDE, NIE, and TE), four
assumptions regarding no unmeasured confounding of X, M and Y are necessary,

using notation presented in Figure 7:

Causal Mediation Analysis assumptions

i) All the confounder variables between exposure and outcome (Ci) are
measured

i) All the confounder variables between exposure and mediator (Cz) are
measured

iii) All the confounder variables between mediator and outcome (C3) are
measured

iv) None of the mediator-outcome confounders are affected by the
treatment/exposure (VanderWeele 2016; VanderWeele and Vansteelandt
2009)

These assumptions are similar to the “unmeasured confounders” assumption
described in Box 1 for the Propensity Score method, which states that all the possible
confounders in the study have to be known and measured in order to block all the
potential backdoor pathways between variables of interest. These assumptions are
very important in CMA, and possible violations of them could lead to invalid results
(VanderWeele 2016; VanderWeele and Vansteelandt 2009).

In epidemiological and clinical settings, it is quite common that the variables of
interest are binary. For instance, X may be measuring whether the patient has
received or not a treatment (i.e., yes, no), and the same would occur for M (diabetes
yes/no) and Y (event yes/no), respectively. For that reason, in CMA, authors
proposed special definitions of the causal effects of interest, which differ from the
continuous case. In terms of regression modelling, the outcome Y is regressed using

a logit transformation:
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Iog(l PYP j=ﬂ0+ﬂlx + M+ BC+e, [13]
Ty

where R, =Pr(Y =1) represents the probability of event. The mediator M is regressed

as in Eq. [10] but using a logit transformation:

log o] 6,+6,X +6,M +0,C + ¢, [14]
1-P,
with P, =Pr(M =1).

When the outcome is rare (Valeri and VanderWeele 2013; VanderWeele 2016) and

the i)-iv) assumptions (Box 2) hold, the effects can be defined as:

OR, o ;exp(ﬁl) [15]
ORNIE ;exp(él'ﬁz) [16]

The total effect (TE) is the product of both. Standard errors can be obtained using
the delta method or by bootstrapping techniques.

1.2.2, Methods that do not rely on the backdoor criterion: unmeasured

confounders

1.2.2.1. Instrumental Variables

The instrumental variable (IV) approach was defined in the econometrics fields and
it is used in the structural equation models context. The utilization of instrumental
variables (IVS) to answer causal questions was described by Angrist, Imbens, and
Rubin (1996). This statistical approach allows to estimate properly the causal effect
of a treatment/exposure on an outcome when there are unmeasured confounders
(i.e., the backdoor path cannot be blocked). It is noteworthy that Angrist and Imbens

were recently awarded (October 2021) with the Economy Nobel Prize® due to their

contribution to the IV approach.

1 https://www.nber.org/news/joshua-angrist-david-card-and-guido-imbens-awarded-nobel-prize
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Suppose that X is the treatment or exposure, Y is the outcome of interest, and C a
vector of (measured and/or unmeasured) confounders, Figure 8. A variable is defined

as an Instrumental Variable (1V) if it satisfies the following conditions:

Instrumental Variables assumptions

i. The IV is associated with treatment X, (relevance condition): IVZX

ii. The IV does not affect the outcome Y except through X, (exclusion

restriction): IV LY |X,C

iii. The IV is not associated with any confounders, (marginal exchangeability):
Iv.1C

Box 3. Instrumental Variables assumptions
Considering these assumptions, only the first one can be verified, supposing that the
association between IV and X can be validated, but it will be difficult to know whether

there are other pathways where there would be an association between IV and Y, or

C, respectively.

Confounders
©
Instrumen; Variable o Expo‘sure Out::ome
(IV) (X) (Y)

-

Figure 8. Instrumental Variable (IV) diagram, where the three IV assumptions are represented with the
arrows from IV to X, C to IV, and IV to Y, respectively.

The IV and Y are independent if and only if, there is no causal effect of X on Y (i.e.,

no arrow from X to Y):
IV.IY< XL1Y|C

Therefore, testing the association of IV on Y implies testing the causation of X on Y
conditioning on C. However, even if the |V satisfies the assumptions described in Box

3, these are not sufficient to allow the identification of a causal effect of X on Y.

In the case of binary IV and assuming that the causal effect of X on Y, S, is the same

for all individuals:
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Y, (1)-Y,(0)= 4, Vi [17]
Therefore, ACE is S and it can be estimates as:

~  E[Y]IV=1]-E[Y|IV=0]
p= E[X|IV=1]-E[X]|IV =0]

[18]

This ratio is known as the Wald estimate and represents the causal effect of X on Y,
where the numerator in [18] denotes the effect of IV on Y, and the denominator is

the effect of IV on X (S Burgess et al. 2017; Imbens and Angrist 1994).

For binary treatment and outcome, X and Y, the same notation can be used, in terms

of probabilities:

- Pr[Y =1| IV =1]-Pr[Y =1[ IV =0]

3=Pr[Y (1)]-Pr[Y (0 19
P [ ] [ Pr X =1|IV = 1] Pr[X =1|IV =0] [19]
Note that with this formulation, there is no need to adjust for the confounders C,

because of the conditions on IV, (Box 3).

This estimand (i.e., the causal effect) can also be derived fitting two simple linear
regression models, the so-called two-stage-least-squares (2SLS):

- The first model is:

X=a,+lV +&, [20]

- The second model is:

Y =4+BX+¢, [21]
where X is the prediction vector obtained in [20].

Model [21] yields the estimated parameter, ﬁ’l, which is the estimator of the causal

effect of X on Y, we emphasize that unlike in [8] and [9], in this case it is not
necessary to adjust for C. This method can also be considered if either X or Y or both
are binary, replacing linear models [20] or/and [21] by logistic regression models.
However, non-linear equations may not guarantee that residuals from the second
model [21] are uncorrelated with the IV, which could lead to misinterpretation of the

results (Burgess and Thompson 2015a).
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In addition to the assumptions described in Box 3, and for the point estimation of the

causal effect, one of these two parametric assumptions is needed:

- The homogeneity assumption, which assumes that the causal effect of Xon Y

is constant for all individuals in the population (Swanson and Hernan 2013).
- The monotonicity assumption (Sheehan and Didelez 2020; Small et al. 2017;

Swanson et al. 2015; Swanson and Hernan 2018), which assumes a
monotonic relationship between the IV and X, (any change in X from changing

IV should be in the same direction for all individuals).

Specifically, if we denote by X(IV) the potential outcome of X under the IV
assignment, this monotonicity condition can be expressed as:

X, (0)< X, (1) Vi, or X,(0)> X, (1) Vi

which implies that the effect of IV on X is in the same direction for all individuals in

the study.

Under the monotonicity assumption, an IV estimate represents a local average
treatment effect (also known as complier average causal effect). The compliers are
the subgroups of the population whose value of X is influenced by the IV. Under the
homogeneity assumption the IV estimate can be interpreted as an average causal

effect, since assumes a constant causal effect in the population.

1.2.2.2. Mendelian Randomization

The Mendelian Randomization (MR) is the use of genetic variants as instrumental
variables to study the causal effect of an exposure or risk factor on an outcome and
is widely used in epidemiology (Burgess, Timpson, et al. 2015; Lawlor et al. 2008).
The instrumental variable is built from one or more genetic variants, also called Single
Nucleotide Polymorphisms (SNPs). These SNPs are genetic variations in the four
nucleotides in the DNA (i.e., cytosine, adenine, guanine, and thymine) which can

occur in any subject, and can differ between individuals, Figure 9.

The genetic instrument in any Mendelian Randomization study can be define as i) a
single genetic variant, ii) more than one SNPs simultaneously, or iii) using an allele

score.
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Individual 1

[ﬁJ
Individual 2 @
Individual 3 @

Figure 9. Example of three individuals with different SNP values. SNP: Single Nucleotide Polymorphism,
G: Guanine, A: Adenine, T: Thymine, C: Cytosine

The allele score is a weighted score that is obtained as the sum of two or more SNPs
weighted by their respective effects in the exposure and it is define as (Burgess and
Thompson 2013):

G =) B;SNR;, i=1..n [22]
j=1

where G;i is the allele score for the ith individual, m is the total number of SNPS used;
SNPjj is the value of the jth SNP in the ith individual, which can take values 0, 1, 2;

ﬁj is the effect of the SNPj on the exposure and is derived using a linear/logistic

regression model where the exposure is regressed on the SNP.

A

The causal estimate, €, can be obtained using the Wald ratio estimate:

6= D [23]
Prie

where ﬂAY‘G and ﬁxp are obtained from models [24] and [25]:
Y =L, +B,cC+s [24]
X = By + PrcG +&x [25]

G is either a single SNP or the allele score defined in [22]. Afterwards, the 95%

confidence interval is constructed considering the standard error as:

se(e):% [26]
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Analogously, this causal estimate can also be obtained using the Two-Stage-Least-

Square (2SLS) or applying the Wald ratio estimate as described in Section 1.2.2.1.

As for the general IV approach, three assumptions must be considered before running

a MR study:

Mendelian Randomization assumptions:

)

iii)

The genetic instrument, G, is associated with the exposure, X:

G A X

The genetic instrument, G, does not affect the outcome, Y, directly, only

indirectly through the exposure, X:
GLY|X

The genetic instrument, G, is not associated with any measured or

unmeasured confounders, C:

G1LC

In practice, the second and third assumptions can be violated in presence of

horizontal pleiotropy, linkage disequilibrium (LD), or population stratification. Some

limitations can occur when running a MR analysis, which are the following (Stephen
Burgess et al. 2017; Zheng et al. 2017):

Weak instrument bias, which could arise when the selected genetic variants
are not strongly associated with the risk factor of interest.

The horizontal pleiotropy (i.e., genetic confounding), that occurs when a
genetic variant is associated with the outcome Y in different pathways than
the risk factor of interest.

Another form of pleiotropy is the vertical pleiotropy, also known as mediation,
which occurs when a genetic variant is associated with multiple traits that are
in the same pathway.

The linkage disequilibrium (LD) is a type of confounding that occurs when
there is a correlation between two or more genetic variants, especially in those
genetic variants that are closer in the same chromosome.

The population stratification bias occurs when subgroups within the total

sample have different genetic ancestries.
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According to the available information of the participants, Mendelian Randomization

can be divided in:

- Individual level data: This approach is used when all the information from
the individuals is collected and available.
- Summary data: This method uses summarized genetic associations that are

already published, (i.e., the genome-wide association study UKBiobank?,

GWAS catalog3?, TCGA*).

Based on the sources used, Mendelian Randomization can be defined as:

- One sample MR: As its name suggests, a unique dataset is used for all
participants. For this case, either the 2SLS or the Wald estimate can be
considered to estimate the causal effect.

-  Two sample MR: Two datasets are used for the analysis, one for the risk

factor and one for the outcome.
In this way, there are four different cases of MR:

1. One sample, individual level data: Similar to classic IV analysis, where
both Wald estimate and TSLS can be used.

2. Two sample, individual level data: More uncommon in practice, due to the
difficulty of having two complete sources.

3. Two sample, summary data: This is the standard source in MR analysis,
and where different MR approaches can be used.

4. One sample, summary data: Similar to the two-sample summary data case,

where all the MR approaches can be applied.

Another common MR approach, a part from the Wald ratio and 2SLS, is the Inverse
variance weighted (IVW), described by Bowden et al. (2015), which uses a meta-
analysis to combine the Wald estimates obtained from different SNPS. The IVW causal

effect, is estimated as:
N2 -2
R Zﬂxpjejo'vj
_
Bw =" [27]
Zﬂxpj Oy,
j

2 https://www.ukbiobank.ac.uk/

3 https://www.ebi.ac.uk/gwas/home
4 https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
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~

where f3, . are the Gj-X association estimates, @, are the causal estimates
J

on the jth SNP and oy, is the standard error of éj , for J=1,...,m.

The same estimand can also be obtained from a weighted linear regression:
ﬁYlGj :ﬁIWﬁX|Gj +&, where g, ~N (O,aY]_ ); j=1..m [28]

The IVW is in general used in the two sample summary data settings, since it does

not require individual level data, as the 2SLS.
Robust Mendelian Randomization methods:

Several robust methods were proposed in order to avoid potential biases due to IV

violations:

- MR- Egger regression: This approach considers the violation of the IV3
assumption, Box 3, which may occur when there is directional pleiotropy.
Contrary to the IVW method, the MR-Egger regression does not constrain the

intercept to zero. The MR-Egger model is defined as:

Boe, = Boe + BeBx, +&, Wheres, ~N (O,GYJ_ ); j=1...m
[29]
If the intercept term equals zero, then /AflE would be the same as ,éww-
However, if the intercept term differs from zero, there is evidence of
directional pleiotropy and ﬁlE will be a consistent estimate of the
causal effect, under de InSIDE assumption (i.e. correlation between

ﬁxp and :éwe is zero) (Bowden et al. 2015), when both the sample
J ]

size and the number of SNPs increase (Burgess and Thompson 2017).
In this case the intercept would be the average pleiotropic effect of a

genetic variant 0.

-  Weighted median: It is used in the specific scenario where there are invalid
instruments (i.e., genetic variants with pleiotropy effects). If 50% or more of
the genetic variants are considered valid instrumental variables, then the IV
estimates for these variants would be consistent estimates of the causal
effect. The median of all the IV estimates based on the individual genetic

variants will be a consistent estimate. More efficiently, it is better to use a
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weighted median, in which the more precise genetic variants receive more

weight than others, (Bowden et al. 2016).

- Multivariable Mendelian randomization (MVMR): It is used when the
genetic variants are associated with two or more correlated exposures, and
the aim is to study how two or more exposures affect the outcome.
Furthermore, this technique is used also when ii) and iii) assumptions in Box
3 are violated. The MVMR would use genetic variants that are associated with
the multiple exposures but do not affect the outcome. With this method,
possible causal effects per each exposure can be estimated (Burgess and
Thompson 2015b).

1.3. Data sources and applied examples
1.3.1. Intensive Care Unit (ICU) database

Intensive Care Units (ICU) are specialized units where critical patients receive
constant care and they are monitored by a highly specialized team. The first hours in
ICU, jointly with the treatment decision made by the physician, are crucial to increase
their survival probabilities. Moreover, ICU patients are heterogeneous: they are
admitted due to different health diseases and conditions, and they may present
different baseline characteristics, which will influence the physician’s decisions.
Altogether, ICU patients pose a challenge in their analysis, especially for studying

causal treatment effects.

In the second chapter of this PhD thesis, a database from several Intensive Care
Units (ICU) in Spanish hospitals was used. This dataset included information between
1998 and 2016, where the material was collected every six years (i.e., 1998, 2004,
2010, 2016). During the stay in the ICU, the patients were followed up and several
variables on the clinical conditions were collected. The initial number of patients was
3,857, with a total number of clinical variables of 590. We restricted the database to
the years 2010 and 2016, which were the years where specific variables such as
mechanic ventilation were collected. Restricting to patients with no missing values
for some variables of interest, the final dataset used had 2,335 individuals and it

includes, around 30 variables of interest.

The complexity of using this database relies on the strong confounding bias that could

be present between many variables, mainly because the nature of the study was
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observational. Moreover, considering that the information was related to ICU
patients, the clinical decision based on the patients’ health status was crucial and the
final analysis could be biased. Furthermore, in this type of studies, it would not be
ethical to randomize any treatment considering the health condition of many patients.
For that reason, causal inference approaches such as the Propensity Score took into
consideration all the possible confounding variables and could be easily applied in
this type of context where the randomization was not a valid option, but it still was

interesting studying the causality among specific variables.

1.3.2. Pancreatic cancer and the PanGenEU study

Pancreatic cancer is the seventh most common cause of cancer related mortality
worldwide, with an overall 5-year survival rate of 9% (Allemani et al. 2018). China
and the United States of America (USA) are the countries with the highest pancreatic
cancer incidence worldwide and it is expected that it will be the second most common
cause of death by cancer in the USA by 2030 and Europe (Rahib et al. 2014). Although
pancreatic cancer does not present the highest incidence among cancer types, it is

shown that it presents the highest mortality rate (Figure 10).

The most common type of pancreatic cancer (>90%) is the infiltrating ductal
adenocarcinoma (PC). This in an aggressive disease, with a serious resistance to
chemotherapy and radiotherapy treatments. Moreover, most of the patients with PC
have been diagnosed in an advance stage of the disease with cancer metastasis,
being one of the reasons that there is not yet a reliable screening for the early

detection of this disease.
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Estimated number of incident cases and deaths worldwide, both sexes, all ages
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Figure 10. Pancreatic cancer incidence and mortality across the 10 most deadly cancer types®.

The aetiology of pancreatic cancer is complex, and it is still not well characterized. It
is known that some risk factors are related to lifestyle or the environment, whereas
specific heritable factors may contribute to pancreatic cancer development. Based on
the World cancer report, as non-heritable factors, smoking, heavy alcohol
consumption, race, age, obesity, type-2 diabetes mellitus, chronic pancreatitis, or
non-O blood group are defined as important risk factors (Huang et al. 2021;

Maisonneuve and Lowenfels 2015).

As for type 2 diabetes mellitus (T2DM) and obesity, while both are considered risk
factors, they present a complex interaction because both conditions are related, and
they often coexist, Figure 11. Moreover, T2DM can be split into two subtypes
according to the time of diagnosis: long-standing diabetes mellitus (LSDM) if it is
diagnosed two years before PC diagnosis, while a new-onset diabetes mellitus
(NODM) is defined when the diabetes diagnosis occurs less than two years before
pancreatic cancer diagnosis. The NODM is also known as the type 3c diabetes, and it

can be considered as an early sign of pancreatic cancer.

5 Figure obtained from GLOBOCAN https://gco.iarc.fr/
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Obesity

LSDM PC NODM

Figure 11. Interplay between pancreatic cancer, Type 2 Diabetes Mellitus subtypes, and obesity. LSDM:
Long standing diabetes mellitus, PC: Pancreatic ductal adenocarcinoma, NODM: New onset diabetes
mellitus.

Pancreatic cancer is a deadly disease, with poor and unknown characterized risk
factors. Therefore, it is crucial to study the epidemiological and genetic causes of this
disease, to be able to identify risk factors that could be used for early prevention and
detection. Until the day, the most common approach to study which risk factors are
associated with pancreatic cancer risk was based on associational approaches, while

there are not many studies using causal inference methodology.

In this PhD thesis, we focussed on two main important risk factors, the T2DM
subtypes (LSDM and NODM) and obesity, due to their coexistence. Only few recent
Mendelian Randomization studies analysed the causal effect of T2DM and obesity on
pancreatic cancer disease (Carreras-Torres et al. 2017; Lu et al. 2020; Yuan et al.
2020). However, none of them differentiated between LSDM or NODM subtypes. We
hypothesize that new insights regarding the complex relationship between pancreatic
cancer, T2DM subtypes and obesity can arise using Mendelian Randomization and

Causal Mediation Analysis.

To carry out this analysis, we used the resource of the PanGenEU (the European
Study into Digestive Ilinesses and Genetics), which is a hospital-based case-control
study of pancreatic cancer conducted in six European countries (Spain, Germany,
Ireland, United Kingdom, Italy and Sweden) and 28 centres. It is designed to evaluate
environmental and genetic factors associated with pancreatic cancer, from 2007 to
2014, where 2,018 cases and 1,540 controls were recruited, and 1,162 cases and
752 controls were considered to extract genetic information. A standardized
epidemiological questionnaire including self-reported socio-demographic and
anthropometric data, family history of cancer and in particular also PC, medical
history (i.e., chronic pancreatitis, diabetes, and others) that involves regular use of
specific medication, and lifestyle behaviours (i.e., smoking and alcohol habits) was
administered by trained personnel in a face-to-face interview, generating more than

300 variables of information.
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1.3.3. Bladder cancer epidemiology and the UK Biobank

According to the World Cancer Report, bladder cancer (BLCA) is the 9t most common
cancer worldwide and the 13™ most common cause of death by cancer worldwide.
The incidence and mortality rates are higher in North America, Europe, North Africa,
Middle East, and Australia. The 72% of the new cases occurred in areas with high
levels of human development. The mean age of BLCA diagnosis is around 67 years,
being rare in persons aged 40 years or younger. Moreover, BLCA is 4 times more
frequent in men than women, probably due to the smoking habits, and occupational

exposures (Malats and Real, 2015).

Smoking is one of the most important causes of bladder cancer, yielding a 2-6 fold
increased risk in smokers compared with the non-smokers. More specific, there are
differences according to the type of tobacco: black tobacco smokers present higher
risk of being diagnosed with BLCA than blond tobacco smokers. Considering smoking
as a risk factor for bladder cancer, it is important to highlight the difference that
smoking individuals present on their weights in comparison to the non-smokers. It is
known that smoking and bodyweight are associated (Munafo et al. 2009; Piirtola et
al. 2018), since smokers trend to present lower bodyweight levels than former or

non-smokers.

In order to better disentangle the causal effect of smoking on bladder cancer disease,
we attempted to differentiate the causal effect based on different bodyweight levels,
to identify specific subgroups that present higher risk of bladder cancer. These groups
would benefit from early screenings or clinical interventions. Using the proper
Mendelian Randomization extension, we were able to identify those specific

subgroups that present higher risk of bladder cancer.

For this PhD project, we used the resources from the UK Biobank® (Sudlow et al.
2015), which is a large and detailed prospective study with more than 500,000
individuals, with age between 40-69 years, recruited in 2006 and 2010 in 22 different
centres of the United Kingdom (UK). This study collected the information regarding
phenotypic and genotypic characteristics about the participants, and longitudinal
follow-up for a wide range of health-related outcomes. For this specific study, a total

of 367,643 individuals and 160 variables were considered.

6 https://www.ukbiobank.ac.uk/
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1.3.4. Simulation studies

An important source used in this PhD project are the simulations databases
considered for the Chapters 5 and 6, respectively. Simulations studies are the most
valid approach to assess and validate any new methodological proposal (Morris et al.
2019). An important advantage of using simulation studies is the possible assessment

under different values and parameters considered.

In Chapter 5, to evaluate potential mediation effects using two genetic instruments,
we simulated several datasets under different correlation values, effect sizes, variable

types, and sample sizes, based on the PanGenEU information.

In Chapter 6, to assess the impact of collider bias, we generated datasets considering

different variable types and parameters but keeping a fixed sample size of n=10,000.

1.4. Hypotheses, objectives, and thesis organization

1.4.1. Hypotheses

Due to the increased use of the causal inference methodology in the recent years,
especially in the medical and epidemiological field, in this thesis it is hypothesized
that:

1. The Propensity Score is a proper approach for evaluating treatment effects in
clinical scenarios, while the Mendelian Randomization, and Causal Mediation
Analysis are valid methodologies to answer epidemiological questions. These
approaches lead to unbiased estimates even in the presence of measured or
unmeasured confounding; however, in several scenarios, they may present
some limitations which requires further methodological developments.

2. By extending the causal inference approaches, the disentanglement of causal
mechanisms can be improved while offering a novel methodological solution.
Here, I hypothesize that extended Causal Mediation analysis jointly with
Mendelian Randomization yields a valid alternative to estimate the causal
effect of interest, without any source of bias.

3. By extending the Mendelian Randomization, I propose a new approach that
allows the stratification of the population without introducing collider bias. This
new extension may offer new insight regarding high-risk population subgroups

that would benefit from early interventions.
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1.4.2. Objectives

The main objective of this thesis is to develop two new methodologies for the correct
estimation of the causal effect in different clinic-epidemiological scenarios and
simulation settings. More specific, to develop and extend the Causal Mediation
Analysis using the genetic information provided by the Mendelian Randomization, in
a new approach called MRinCMA and, to propose an extension of the Mendelian
Randomization to correct for potential collider bias that can arise when the analyses

are stratified by a collider variable.
Specific objectives are:

1. To apply the Propensity Score in different clinical scenarios to study the effect
of neuromuscular blockers on delirium, and to study the causal effect of the
interruption of sedation on the health status in ICU patients.

2. To apply the Mendelian Randomization and Causal Mediation Analysis in an
epidemiological real study, to analyse the causal mechanism between T2DM-
subtypes, BMI/obesity, and pancreatic cancer.

3. To further explore the causal effect of BMI on pancreatic cancer and the
potential mediator role of T2DM-subtypes.

4. To study the effect of smoking on bladder cancer across different bodyweight

levels.

1.4.3. Thesis organization

First, in Chapter 1, I have introduced a comprehensive set of concepts regarding the
causal inference theory, the assumptions that are behind the field, and some key
concepts that will be used along the thesis, including confounding bias, study designs,

and a brief description of the used methodology.

Second, in Chapter 2, I present the Propensity Score methodology using a clinical
scenario to study the causal effect of neuromuscular blockers on delirium, and the
effect of the interruption of sedation in the health status of the patients that are in
the ICU. This project entitled “Analysis of causality from observational studies and its
application in clinical research in Intensive Care Medicine” has been published in the

journal Medicina Intensiva in 2018.

In Chapter 3, I present a comparison between Propensity Score studies and
Randomized Controlled Trials to assess the VTE treatment effect on patients’
mortality, with a systematic review and meta-analysis. This project entitled

“Comparison of All-cause Mortality Following VTE Treatment Between Propensity
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Score-Adjusted Observational Studies and Matched Randomized Controlled Trials:

Meta-Epidemiological Study” has been published in the journal Chest in 2019.

In Chapter 4, the Mendelian Randomization and Causal Mediation analysis techniques
were applied in a real case scenario to analyse the causal effect of T2DM-subtypes
and BMI/obesity on pancreatic cancer risk. The results of this project were published
in GUT in 2020. The manuscript is titled “"Deciphering the complex interplay between
pancreatic cancer, diabetes mellitus subtypes, and obesity/BMI through causal

inference and mediation analyses”.

In Chapter 5, I propose a new extension of Causal Mediation Analysis using the
genetic information provided by Mendelian Randomization to further study the causal
mechanisms between BMI and pancreatic cancer, considering the mediator role of
T2DM. The resulting work is now under revision, in a paper entitled "MRinCMA: a new
proposal to address mediation analysis interrogations by using genetic variants as

instrumental variables”.

In Chapter 6, I propose a new approach to stratify the population avoiding collider
bias in Mendelian Randomization. This paper, entitled “Stratification on a collider in
Mendelian randomization without collider bias” is nhow under the second revision at
the European Journal of Epidemiology. This paper is a joint effort with Dr. Stephen
Burgess, senior researcher at the MRC Biostatistics Unit of the University of
Cambridge. This is the result of a virtual internship I held from February to September
2021 to obtain the international mention of the PhD. The preprint is available in

medRxiv.

https://www.medrxiv.org/content/10.1101/2021.08.17.21262178v1

In Chapter 7, I discuss the obtained results in the previous chapters, as well some

limitations and possible future perspectives.
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Chapter 2

In this chapter I present the study comparing the Propensity Score approaches to

the classic regression models, applied in different ICU scenarios.

2.1. Background

Confounding bias is common in Intensive Care Unit databases since the treatment
assighment is made based on the clinical status of the patients and any randomization
is not feasible, leading to potential biased results. The Propensity Score method is
commonly used in this type of scenarios, and it allows to analyse the causal effect of

the treatment on the outcome reducing potential confounding bias.

2.2. Objectives

The main objective is to illustrate the different Propensity Score approaches that can
be used to adjust for confounding bias in clinical settings and to compare them to

classic regression models in different ICU scenarios.

2.3. Methods

The Propensity Score is the probability of receiving a treatment based on the

observed baseline covariates of the patients, as it is explained in Chapter 1.
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Considering this score, treated and untreated individuals can be compared, and
causal conclusions can be made without any confounding bias. In this work, we
applied four Propensity Score approaches, matching, Inverse Probability Treatment
Weighting, Stratification and Covariate-adjustment using a Spanish database of ICU
patients. The aim is to estimate the causal effect of neuromuscular blockers on
delirium events and the interruption of sedation on the mortality of the patients. We
compared the Propensity Score causal estimates to those obtained from a univariate
and multivariate logistic regression models adjusted for the baseline covariates and

confounding variables.

2.4. Results

Similar results in term of point estimates and 95%CIs across the different Propensity
Score approaches and univariate and multivariate regression models were observed
when estimating the causal effect of the interruption of sedation on mortality, Table
2.

Method OR 95%Cl
PS:Matching 0.64 (0.49;0.83)
PS:IPTW 0.67 (0.52;0.85)
PS:Stratification 0.68 (0.53;0.86)
PS:Covariate-adjustment 0.67 (0.52;0.85)
Univariate logistic regression model 0.64 (0.52;0.80)
Multivariate logistic regression model 0.63 (0.49;0.81)

Table 2 OR and 95%CI estimates for the interruption of sedation on mortality.

On the other hand, the Propensity Score approaches differed when studying the effect
of the neuromuscular blockers on delirium compared to univariate and multivariate

logistic regression, Table 3.

Method OR 95%Cl
PS:Matching 1.73 (0.55;5.97)
PS:IPTW 2.08 (0.83;5.24)
PS:Stratification 1.82 (0.74;4.42)
PS:Covariate-adjustment 2.07 (0.87;5.11)
Univariate logistic regression model 2.79 (1.26;6.17)
Multivariate logistic regression model 3.18 (1.42;7.13)

Table 3. OR and 95%CI estimates for the neuromuscular blockers on delirium.
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2.5. Conclusions

Different OR values were obtained depending on the clinical scenario, humber of
events observed and potential confounding variables. The number of covariates that
can be adjusted for depended on the number of events observed and affected the
final causal estimates and approaches used. Propensity Score approaches and classic
logistic regression models lead to similar results when patients were similar, while
the results differed when patients presented different baseline characteristics. When
the number of events is low and the number of covariates to adjust for is high,

Propensity Score approaches are the best method to adjust for confounding bias.

2.6. Publication

The full manuscript of our study is included in this chapter and was published in the
journal Medicina Intensiva (Impact Factor Journal Citation Reports 2018: 1.982; Q3;
24/33 Category Critical Care Medicine)

Coscia Requena C, Muriel A, Pefiuelas O. Analysis of causality from observational
studies and its application in clinical research in Intensive Care Medicine. Med
Intensiva (Engl Ed). 2018 Jun-Jul; 42(5):292-300. English, Spanish. doi:
10.1016/j.medin.2018.01.002.

The citations counts of this article (21/11/21) provided by Google Scholar was 3 and

by Scopus was also 3.
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Andlisis de la causalidad desde los estudios observacionales y su aplicacion en la
investigacion clinica en Cuidados Intensivos

Resumen Una de las caracteristicas fundamentales de los ensayos clinicos es la asignacion
aleatoria de un tratamiento o intervencion sobre los pacientes. Esta asignacion divide los
pacientes en dos grupos que, aunque difieran por el tratamiento recibido, presentan unas
caracteristicas basales homogéneas haciendo que ambos grupos sean comparables y se pueda
evaluar el efecto causal del tratamiento. Por otro lado, los estudios observacionales se carac-
terizan por la asignacion no aleatoria del tratamiento y por lo tanto que los grupos de pacientes
no solo difieran por el tratamiento recibido, sino también por otras caracteristicas basales, a
menudo relacionadas con la variable de intervencion. En numerosas ocasiones, los ensayos clini-
cos aleatorizados no son factibles por razones éticas, logisticas, economicas o de otro tipo. Uno
de los retos de la investigacion clinica en Cuidados Intensivos deberia ser aprovechar los datos
que provienen de la practica clinica habitual y analizarlos como si fueran ensayos clinicos. Los
estudios observacionales utilizando métodos de analisis con indices de propension (propensity
score) han ido en aumento en los articulos cientificos de Cuidados Intensivos. Los analisis de
indices de propension intentan controlar la confusion en estudios observacionales ajustando
la probabilidad de que un determinado paciente esté expuesto. Sin embargo, los estudios con
indices de propension pueden ser confusos, y los intensivistas no estan familiarizados con esta
metodologia y pueden no comprender plenamente la importancia de esta técnica. Los obje-
tivos de esta revision son: describir los fundamentos de los métodos del indice de propension;
presentar las técnicas para evaluar adecuadamente los modelos de indices de propension, y
discutir las ventajas y los inconvenientes de estas técnicas.

© 2018 Elsevier Espana, S.L.U. y SEMICYUC. Todos los derechos reservados.

Introduction

In clinical research carried out in Intensive Care Units (ICUs),
one of the common objectives is to evaluate the causal
relationship between a given treatment or intervention
(exposure) and the health outcome of a patient (death, heal-
ing, discharge from the ICU). Clinical trials are the reference
research design when assessing the efficacy of a treatment
in relation to the event of interest, since they reduce the
risk of confounding influences or selection bias. Clinical tri-
als involve the random assignment or allotment of a series
of patients with a similar disease stage in order to assess
the impact of such treatment upon the outcome. In the ICU
setting, this outcome is usually defined as mortality during
admission to the Unit or during the first 28 days after admis-
sion, or as the need for more aggressive treatment (e.g.,
tracheotomy).'3

Assignment to treatment is the principal characteristic
of clinical trials. The type of treatment for each patient
is determined on a random basis in order to ensure that
both the treated and the untreated patients present homo-
geneous features, thereby preventing the effect of the
treatment from being confounded by the characteristics of
the patients.

Although clinical trials are considered to be the high-
est quality studies for estimating causality, they also have
some limitations: the sample size is typically of limited
size and difficult to achieve; external validity is low; the
application of inclusion criteria narrows down the popu-
lation analyzed (since elderly patients, individuals with

comorbidities or pregnant women tend to be excluded); eth-
ical issues must be taken into account; and the duration of
follow-up is limited.*

In the case of the ICU there are additional factors that
make the designing of clinical trials in this setting partic-
ularly difficult, such as nosographic shortcomings (patients
admitted to the ICU present syndromes such as for exam-
ple acute respiratory distress syndrome [ARDS] instead of
diseases); problems in defining adequate control groups;
the concomitant use of different treatments (in many cases
the intervention is not a drug but a therapeutic approach);
randomization prior to treatment; or the obtainment of
informed consent (which poses problems due to the moment
in which consent is required).®

A possible solution to some of the difficulties of clini-
cal trials is the conduction of observational studies. These
represent a type of research in which treatment selec-
tion is conditioned to the baseline characteristics of the
patient. The supervising physician decides the type of treat-
ment according to the patient features. This is one of the
main differences between observational studies and clinical
trials.®™?

Observational studies have a number of advantages with
respect to clinical trials: the population setting is broader;
the duration of follow-up is longer; and the sample size is
greater. In contrast, the fact that treatment allocation is
not randomized implies that the estimation of causality is
biased, and that the treated patients and untreated patients
therefore differ not only in the treatment received but also
in their baseline characteristics. If these baseline variables
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Figure 1  Representative diagram of the relationship between
the confounding variables and the event in the observational
studies.

were associated to the event of interest, they would act as
confounders between exposure and outcome'®'" (Fig. 1).

Statistical techniques are continuously developing, and
new methods are increasingly used in clinical research to
estimate causality in observational studies, considering the
possible confounding factors - specifically the propensity
score (PS) and marginal structural models.

Articles using PS methods have become increasingly com-
mon in the Intensive Care literature over the last 10 years
(Fig. 2). Since PS methodology is still not very familiar to
intensivists, the present study establishes the underlying
concept and describes the best practice for applying the
method. Specifically, the aims of our study are to describe:
(1) the principles of PS methods; (2) the main methods
for using the propensity score (matching, stratification,
covariate adjustment, and inverse probability of treatment
weighting [IPTW]) in an Intensive Care example; (3) statisti-
cal analysis in the presence of time dependent confounders;
and (4) the strong and weak points of these techniques.

The propensity score in observational studies

According to Rosenbaum and Rubin,'? the PS allows us to
estimate the probability of assignment to a treatment, con-
ditioned to the baseline characteristics of the patient. This
is a balanced score, since treated patients and untreated
patients with similar PS will have equivalent baseline char-
acteristics. In this way we would control the confounding
effect produced by the baseline characteristics.

Two conditions must be met in order to apply the PS:
there must be no unmeasured confounding factors, and
each subject must have a probability different from zero
of receiving a treatment. If these two conditions are met,
treatment allocation can be regarded as independent with
respect to the results, when conditioning for the covari-
ables.

In clinical trials the PS is known, since the probability of
patient assignment to a given treatment is known (e.g., in
the case of a study with two treatment arms, the proba-
bility of assignment of a patient to either arm will be 0.5).
However, in observational studies this score is not known.
It could be estimated through logistic regression, where the
dependent variable is the treatment and the independent
variables are the possibly confounding baseline covariables.

Variables to be considered in calculating the
propensity score

The variables included in the PS can generate bias, modify-
ing the variance of the estimator or error, if not correctly

chosen. There is no consensus regarding the choice of such
variables, since this depends on the clinical approach -
defining the variables based on clinical criterion - and the
statistical approach used."?

A given set of baseline variables can be classified into:
(1) variables related to the event; (2) variables related to
the exposure; and (3) variables related to both the event
and to the exposure.

As we are dealing with a logistic regression model, the
number of variables is determined by the total number of
exposed/unexposed patients, following the rule of Peduzzi,
i.e., 10 patients per event of interest (exposed/unexposed).

Simulation studies have shown that the variables related
to the result (event) must be included, along with the
variables showing an association to the event and to the
exposure.' Variables only showing an association to the
treatment are not to be included.

The choice of variables is a challenge in which balanced
agreement between statistical findings and clinical criterion
must be established.

Propensity score application methods

Once the PS has been estimated for all the patients,
different application methods can be used: matching, strat-
ification, IPTW, and adjustment of the final model, including
it as a confounding covariable.

Matching

Matching is based on creating a new patient sample accord-
ing to the previously estimated PS. Patients with similar
PS are selected to create pairs of treated patients and
untreated patients. The aim of this method is to create
a new balanced sample and reduce the differences there
may be between patients in the two groups. Matching allows
the generation of pairs considering different aspects. In this
regard, replacement could be considered, and therefore it
could be decided whether an individual can be matched
twice. The patient may be matched to the ‘‘neighboring’’
patient that is closer. Likewise, a caliper may be established,
indicating the maximum separating distance with which two
patients can be matched - the value usually being 0.25 times
the standard deviation of the PS.

With this new sample, presenting a structure very similar
to that of a clinical trial, we could solve the confound-
ing problem and would be reducing the differences in the
characteristics of the treated patients and controls.

In the matched sample, and based on standardized dif-
ferences, we would have to check that the difference in
baseline characteristics of the treated patients and the
untreated patients after matching is less than 10%."°

The standardized differences are expressed as follows for
continuous variables:

X — X-,—-
/2 a2
ST+S?

2

where X7, }; are the means of the variables in the treated
and untreated patients, respectively, and S%, S% are the
variances of those variables.

d=
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Flow chart of the publications in adult critical patients with use of the propensity scores.

Source: chart generated by the authors (PubMed search up until March 2017).

Likewise, we define the standardized differences for
dichotomic variables:

(br — b7)

br(1-pr)+h7 (1-P7)
2

d=

where pr is the proportion of events of a variable for the
treated individuals, and p- is the proportion for untreated
individuals.

The last step is to estimate the effect of the treatment
upon the event of interest in the matched sample. If the
response variable is continuous, we can estimate the dif-
ference between the two groups by means of the Student
t-test or the Wilcoxon test in the absence of a normal dis-
tribution. If the response variable is dichotomic, the effect
is estimated using the McNemar test.

Inverse probability treatment weighting (IPTW)

This method involves weighting estimates based on the PS,
calculated as the inverse of the probability for treated and
untreated patients, followed by estimation of the effect
of the treatment weighted for the previously calculated
weight.

Stratification

The stratification method consists of dividing the sample
into several subsamples based on the PS. The number of
groups is usually 5, according to quintiles or other per-
centiles of the estimated PS. Rosenbaum et al. indicate that
bias can be lowered 90%. The effect of the treatment is
estimated based on the Mantel-Haenszel (MH) odds ratio
(OR).

Propensity score

The last alternative is to calculate the effect of the treat-
ment entering the PS as covariable in the model. This
method is based on the premise that the relationship
between the outcome (event) and the confounding variable

must be correctly specified, i.e., that it has been established
correctly; the use of nonlinear models, splines or fractional
polynomials could help to establish adequate models.

Comparison of the different methods

The advantage of the matching method is that once the
pairs have been obtained, the new structure is similar to
that of a clinical trial. In contrast, this technique requires
a large sample in which there are more untreated patients
than treated patients, in order to ensure that all treated
patients can be matched. By matching we moreover would
lose all the information corresponding to those patients that
could not be matched.

The main advantage of the stratification method is that
we can use the entire patient sample. Furthermore, it is
a more robust technique in the event the PS has not been
correctly specified in comparison with the IPTW method or
covariable.

According to Deb et al.,” a disadvantage of the IPTW
method is that the calculated weights may be unstable if
there are patients with low probabilities of receiving treat-
ment: if the weight is regarded as the inverse of the PS,
those patients with a low PS will be assigned a greater weight
than those with a high PS.

Considering PS as covariable of the model, we obtain a
simple way to include many variables in the latter. In order
to use this method, it must be checked that the relationship
between PS and the outcome has been correctly specified;
the assumption of a normal distribution should be confirmed
if the regression model is linear. The inconvenience here is
that checking the balance of the baseline variables (diag-
nostic balance) is more complicated than in other methods,
and it has been demonstrated that more biased estimates
are obtained.’ Lastly, implementation of this method does
not allow the estimation of absolute risk reduction or of the
number needed to treat (NNT).
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Propensity score and regression

Under certain conditions, the estimated obtained by the
multivariate regression models and PS are coincident. The
difference between PS and logistic regression is strongly
conditioned to the number of events and to the number of
covariables to adjust for.'®

According to Harrell et al.,"” the optimum number of
independent variables that should be entered in a logistic
regression model is 10 times the number of events in the
sample—a condition known as the ‘‘rule of 10°’. In other
words, if the number of events is 30 (deaths, for example),
the optimum number of explanatory variables for estimating
the probability of death would be three. Logistic regression
therefore will depend on the number of events and conse-
quently on the sample size.'®

However, in the logistic regression of PS, the dependent
variable is not the event but exposure. The number of varia-
bles for estimating exposure will depend not only on their
association to the event as commented above, but also on
the number of exposures there are. If for example the num-
ber of exposures is 60 (60 smokers), we should adjust PS with
6 variables.

Depending on the prevalence of the event and on the
number of subjects exposed to the treatment, PS allows us
to fit a model with more variables than the logistic regression
model.

Time dependent confounders. Marginal structural
models

The PS is a statistical technique that allows us to estimate
the effect of the treatment upon the patient outcome. When
the clinical confounding variables are time dependent, esti-
mation of the score is more complex, since the values of the
confounding variables vary over time.

Example. In evaluating the causal relationship between
sedation (A) and the failure of noninvasive mechanical venti-
lation (Y), we may encounter confounding variables (L) such
as for example the RASS sedation scale or certain respiratory
markers such as pH or PaC0,."®"°

Both the RASS sedation scale and the respiratory mark-
ers (pH or PaC0O;) are measured in different time intervals.
They therefore are regarded as time dependent confound-
ing parameters if the weighted values of the covariables can
predict current treatment or if the current values can pre-
dict future results, conditioned to the treatment received
in the past.

In this example, and as can be seen in Fig. 3, we seek
to estimate the effect of treatment in the form of seda-
tion (A) in both instant 0 (Ag) and in instant 1 (4;). On the
other hand, L; represents the confounding variables (RASS
score and pCO;) measured in instant 1, and Y represents the
outcome of interest (failure of noninvasive ventilation). On
studying the relationship between the treatment in instant
0 and the outcome, two causal routes appear: Ap-Y and
Ao-L1-Y. Route Ap-Y is a direct route.

However, in route Ay-L;-Y, the relationship established
between the treatment and the outcome is conditioned to
the confounding variables L,. To estimate the effect, accord-
ing to the classical models, we could resort to regression

LO—V,, /,/vL1 ‘*~7

L = Confounders (RASS, pCO2...)
A = sedation
Y = failure

Figure 3  Representative diagram of the time dependent con-
founding variables in the observational studies. Ay is the study
or exposure variable; Y is the outcome of interest; Ly repre-
sents the variables that modify the study variable as a function
of time.
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Figure 4 Representative diagram of the time dependent con-
founding variables in the observational studies. The possibility
exists that a relationship could be established between the
exposure variable and outcome simply influenced by the pres-
ence of the time dependent confounding variables (alternative
route in red), and not really by the existence of a causal rela-
tionship between exposure and outcome.

without considering the confounders L4, since they are found
in the same causal chain between the effect (4p) and the
outcome (Y) (Fig. 4).

If we estimate the effect without adjusting for L, bias
would be produced, since we would not be taking into
account the causal route between A; and Y which is condi-
tioned by L. The regression methods can pose problems of
bias even in the absence of residual confounding elements.
This is possibly due to the confusion created by the time
dependent variables in assignment of the previous treat-
ment.

There are a number of alternatives for estimating the
effect of a treatment in the presence of time dependent
confounders: marginal structural models and nested struc-
tural models.?°

Marginal structural models'® are considered an alterna-
tive to regression models when there is a time dependent
confounding variable associated to the outcome of interest
and which is also related to the treatment being evaluated.
The term *‘structural’’ indicates a causal effect, not only a
statistical association.

Instead of combined distributions, use is made of
marginal distributions conditioned to the baseline variables:
the term ‘‘marginal models’’ is therefore used.

Estimation of effect based on a marginal structural
model

In creating the marginal structural models, the first step is
to estimate PS based on logistic regression or probit models,
in which the dependent variable is the treatment and the
independent variables are those parameters associated with
the start of treatment and/or with the event of interest.
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Each patient contributes as many observations as number
of time units followed (months, weeks, etc.). The variable
follow-up time is to be added as covariable.

The weight of each patient and time is estimated accord-
ing to the probabilities predicted by this model, based on the
inverse of the probability of treatment actually received.
In this context, it is assumed that there are no competing
events, since each patient is considered to be followed-up
on until the event of interest occurs, or the patient is lost
to follow-up.

In the same way as above, a weight is estimated for each
patient, for censoring.

Based on their product, we combine the weights obtained
of the treatment and of the probability of censoring.
With such weighting, we can simulate a sample in which
treatment and censoring are independent of the measured
confounders. In the event of very small probabilities, the
outlier weightings are replaced by near lying percentiles?'
(1 and 99 or 2.5 and 97.5), thereby avoiding the presence of
very large weighting values.

If the event of interest is a binary variable, the OR of
the logistic regression between the event and treatment,
weighted for the combined weight, offers a good approxi-
mation to the instantaneous relative risk of the Cox model,
because the risk of events is low in all the months.

Assumptions

In order to use the above described statistical methods we
need to check certain assumptions:

e The time order: exposure to treatment occurs before the
event.

e Consistency: the potential result of an individual, condi-
tioned to the observed treatment history, coincides with
the true result observed.

e Positivity: the individuals of the population must show a
probability of over zero of receiving the treatment in each
treatment category and in each of the levels of the con-
founding variables. In this way, the mean causal effect of
the treatment can be estimated within each subgroup of
the population established by the confounding variables.

e Correct specification of the model: the model has been
estimated adequately. The assumption of linearity is to
be evaluated.

e Absence of residual confusion: this can be checked by
means of a sensitivity analysis, since it cannot be assumed
using only the data of the patients.

Application of the propensity score in patients
admitted to Intensive Care Units

The fundamental advantage of the PS is that it summarizes
the baseline characteristics of the investigated individuals
in a single number. The score summarizes the probability of
exposure with a number.

For example, if the objective of the study is to evaluate
the effect of noninvasive ventilation in children admitted
to the ICU in an observational study of over 30,000 patients
of which almost one-third receive noninvasive ventilation as

first option, this type of research question could have been
addressed—with difficulties—by means of a clinical trial.??

This type of analysis has also been used to estimate the
adjusted effect of cancer upon mortality in the ICU,?* since
this investigation can only be addressed in clinical research
by means of observational studies.

We could also use these analytical techniques to estimate
the effect of a complication such as weakness acquired in
the ICU (WICU) upon weaning failure or patient mortality
during admission to the ICU.24%

We will develop this latter example step by step. The
study involved is a prospective, international multicenter
trial involving 4157 patients subjected to mechanical ven-
tilation during more than 12h. The appearance of WICU
during admission was associated to an increased incidence
of weaning failure and to higher mortality in the ICU. The
PS was estimated with the following variables: age, SAPS
Il score upon admission to the ICU, main reason for start-
ing mechanical ventilation (chronic obstructive pulmonary
disease, heart failure, sepsis, acute respiratory distress syn-
drome and pneumonia).

In order to evaluate the impact of sedation and anal-
gesia in patients subjected to noninvasive ventilation upon
the need for endotracheal intubation, and in the presence
of time dependent confounders such as the RASS (Rich-
mond Agitation-Sedation Scale) or PCO,, we must consider
a marginal structural model. To illustrate the use of these
methods comparing the different PS options, and exhibit-
ing the results based on classical methods such as logistic
regression, we will use a series of data from a multicenter
study in the ICU involving mechanical ventilation.

First part

Considering as treatment the interruption of sedation and
as event the death of the patient, PS has been applied to
assess causality. On applying different PS modalities (match-
ing, stratification, IPTW, and as covariable of the model) for
this clinical scenario, we obtained similar estimates in terms
of OR and 95% confidence intervals (95%Cl). These ORs have
been compared with those obtained estimating the effect
without PS (Table 1).

These such comparable results are attributable to the
fact that in relation to the baseline characteristics, the
treated and untreated patients do not differ, and the esti-
mated PS is therefore very similar in both sets of individuals.

Second part

If we consider a series of patients with more different base-
line characteristics, the obtained estimates of the effect
of treatment would not be consistent among the different
methods. For example, if we only consider those patients
with respiratory disease and wish to study the effect of
neuromuscular blockers upon patient delirium, the different
methods would yield different estimates (Table 2).

The weightings obtained from IPTW span the following
values: [1.037; 12.75].

When treated and untreated patients differ, and the num-
ber of events and exposures is small, the statistical methods
show significant differences.
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Table 1
propensity analytical strategies.

Relationship between mortality risk on day 28 (status day 28) and the interruption of sedation, according to different

Applications of the propensity score

Without propensity score

Matching IPTW

Stratification MH

Covariable LR univariate LR multivariate

OR  95%CI OR  95%ClI

OR  95%CI

OR  95%ClI OR  95%Cl OR  95%ClI

Status day 28 0.64 (0.49; 0.83) 0.67 (0.52; 0.85) 0.68 (0.53; 0.86) 0.67 (0.52; 0.85) 0.64 (0.52; 0.80) 0.63 (0.49; 0.81)

Cl: confidence interval; IPTW: inverse probability of treatment weighting; MH: Mantel-Haenszel; OR: odds ratio; LR: logistic regression.

Table 2
propensity analytical strategies.

Relationship between mortality risk on day 28 (status day 28) and the interruption of sedation, according to different

Applications of the propensity score

Without propensity score

OR 95%Cl OR 95%Cl
Matching 1.72 (0.55; 5.97) Univariate 2.79 (1.26; 6.17)
IPTW 2.08 (0.83; 5.24) Multivariate 3.18 (1.42; 7.13)
Stratification 1.81 (1.14; 7.14)
Covariable 2.06 (0.84; 5.11)

Cl: confidence interval; IPTW: inverse probability of treatment weighting; OR: odds ratio.

In order to see how the treated and untreated patients
are distributed based on the estimated PS, we examine the
zone of common support, i.e., the range of common values
which PS presents in both groups.

Therefore, the more similar the treated and untreated
patient groups, the larger the number of patients of both
groups included in the zone of common support.

If the treated and untreated patients are very similar, the
zone of common support includes all the individuals, since
the maximum and minimum of both PS will be similar. In
contrast, if both groups are very different, the most likely
result is that the number of patients entering the zone of
common support will be smaller (Fig. 5 and Table 3).

In order to establish whether the order of the subjects
in the matching method exerts an influence, we simulated
100 models and obtained the corresponding OR estimates.
We see that when the number of variables for which PS is
adjusted is high, the order of matching exerts no influence,
and similar estimates are obtained. When the number of
variables for which the order of matching is adjusted does
exert an influence, different estimates are obtained.

Advantages and inconveniences of these
techniques

Depending on the number of events and exposures involved,
it has been seen that PS and logistic regression could be
regarded as equivalent, yielding similar estimates when no
differences are observed between treated and untreated
patients, and the number of events is high.

When the number of events is low, PS allows adjustment
for more variables than logistic regression, and moreover
quantifies the effect of treatment.

Matching of the PS results in a structure similar to that
of a clinical trial (the pairs show similar characteristics),

with the disadvantage that those patients not matched are
excluded from the study.

Because of the random patient allotment involved, ran-
domized clinical trials have the advantage of being able to
assess the causal relationship directly. When such studies are
not viable, however, observational studies can be regarded
as an alternative. In order to assess causality in observa-
tional studies, we first must solve the confounding problems
they imply.

Conclusions

Clinical trials represent the best methodological design
for analyzing causality in clinical research. However, cer-
tain hypotheses cannot be tested clinically due to ethical,
methodological or economical limitations. In order to over-
come such limitations, observational studies are able to
simulate the hypothetical scenario of a clinical trial, using
PS and marginal structural models to provide the desired
answers. The growing interest in this new methodology
makes it necessary to familiarize intensivists with it in order
to facilitate its application to clinical research in the Inten-
sive Care setting.

As an example, Delaney et al.?' described the use of
the statistical methods detailed in this article to evaluate
the effect of corticosteroids upon mortality among patients
with influenza A (H1N1pdmQ9). The ORs associated to these
models ranged from 1.85 (95%Cl: 1.12-3.04) in the classi-
cal multivariate logistic regression models to 1.71 (95%Cl:
1.05-2.78) in the logistic regression model adjusted for PS,
1.52 (95%Cl: 0.90-2.58) after matching of the PS, and 0.96
(95%Cl: 0.28-3.28) in the marginal structural model adjus-
ting for the time dependent variables. On adjusting for the
time dependent variables in the marginal structural model,
no association was observed between corticosteroid use and
patient mortality.
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Figure 5 Box plot for comparing—in this case for observing—that the patients treated with neuromuscular blockers (NMBs) are
different from the patients that have not been treated with NMBs.

Table 3 Comparison of the standardized differences of the baseline variables in treated and untreated patients, before and
after matching, to confirm that the propensity score (PS) is correctly specified. If these differences exceed 10%, PS has not been
adequately calculated.

Before matching After matching

NMB =yes
(n=148)

NMB =no
(n=390)

Standardized
differences
(%)

NMB =yes
(n=141)

NMB =no
(n=381)

Standardized
differences
(%)

Baseline variables
Age (years) mean (SD)

SAPS_II (points), mean (SD)

Gender (M)

Invasive ventilatory

support (yes)

Presence of cardiovascular

failure (Yes)

Presence of renal failure

(yes)

Presence of Hematological

failure (yes)

Sepsis during mechanical

ventilation

Duration of ventilatory

support (days)

59.53 (13.53)
43.74 (15.49)
56.8

21.6

68.9

42.6

24.3

43.24

15.90+13.14

65.33 (13.58)
46.83 (16.76)
48.5
21.3
40.8
21.28
8.97
24.1

8.21+£14.82

42.79
19.15
16.63

0.59
58.37
40.87
25.75
37

54.91

60.53 (14.53)
44.99 (15.67)
55

23.3

67.5

36.7

19.2

40.88

14.35+11.60

58.96 (13.64)
43.41 (14.78)
58.3

21.7

68.3

40

16.7

45.83

11.97 £19.04

11.17
10.37
6.73
3.98
1.78
6.85
6.52
10.10

15.09
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Chapter 3

In this chapter I present the study where we compared the results obtained when
considering Propensity Score approach versus Randomized Control Trials. In
particular we studied the effect of treatment for venous thromboembolism on

patients’ mortality.

3.1. Background

Venous thromboembolism (VTE) is a worldwide major health issue. Until the date,
different clinical practice guidelines have been proposed in order to better manage
it, but only few are supported by high-quality evidence studies. There is a need to
further study potential guidelines to improve treatment decision for pulmonary

embolism. RCTs are the gold standard to assess treatment effects.

3.2. Objectives

To assess differences in mortality outcomes reported by Propensity Score matching

versus RCT using a systematic review and meta-analysis.
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3.3. Methods

A research on PubMed and Web of Science was carried out to identify Propensity
Score studies and RCT that were posteriorly matched based on the clinical treatment
issue. Meta-analyses were run on these group of studies. Relative ORs were used as
treatment efficacy measures to compare paired observational and RCT studies, where

final summary relative ORs were also calculated.

3.4. Results

Seven clinical treatment issues were found and used to match observational and RCTs
studies. Overall, we observed that Propensity Score and RCTs did not present
differences in their mortality estimates [ROR=0.89; 95%CI (0.32;1.46)].

However, two of the seven treatment issues considered (thrombolysis vs
anticoagulation for pulmonary embolism; once- vs twice-daily enoxaparin for VTE)
showed differences in the treatment effect direction while two studies (rivaroxaban
vs vitamin K antagonists for VTE; home treatment vs home hospitalization for DVT)

showed non-significance difference in the magnitude of the effects.

3.5. Conclusions

This systematic comparison across seven VTE treatment topics suggests that the
Propensity Score approach may lead to similar results in comparison to RCT.
However, according to the treatment considered, differences in the direction of the

magnitude of the treatment estimates may occur.

3.6. Publication

The full manuscript of our study is included in this chapter and published in the
journal Chest (Impact Factor Journal Citation Reports 2019: 9.41; Q1; 8/139

Category Pulmonary and Respiratory Medicine).

Coscia C, Jaureguizar A, Quezada CA, Muriel A, Monreal M, Villén T, Barbero E,
Chiluiza D, Yusen RD, Jimenez D. Comparison of All-Cause Mortality Following VTE
Treatment Between Propensity Score-Adjusted Observational Studies and Matched
Randomized Controlled Trials: Meta-Epidemiologic Study. Chest. 2019; 155(4):689-
698. doi: 10.1016/j.chest.2018.10.016.

The citations counts of this article (21/11/21) provided by Google Scholar was 4 and

by Scopus was 3.
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enoxaparin for VTE) exhibited a significantly different treatment effect direction, and there was
a substantial (nonsignificant) difference in the magnitude of the effect in another two of the study
pairs (rivaroxaban vs vitamin K antagonists for VTE; home treatment vs hospitalization for DVT).

concLusIons: This systematic comparison across seven VTE treatment topics suggests that
propensity score-adjusted observational studies and RCTs often exhibit similar all-cause
mortality, although differences in the direction or the magnitude of estimated treatment
effects may occasionally occur.
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Chapter 4

In this chapter I present the study where we applied Mendelian Randomization and Causal
Mediation Analysis to better study causal risk factors for pancreatic cancer, more

specifically the role of type 2 diabetes mellitus subtypes and obesity.

4.1. Background

Pancreatic cancer (PC) presents a complex aetiology, with many potential risk factors
involved in the development of the disease. Many efforts have been made in order to
establish the relevant risk factors using observational studies but until the date only few
studies applied causal inference to unravel these causal mechanisms. T2DM and obesity,
are the most important risk factors for PC development and they present a complex

relationship because they very often co-exist.

4.2. Objectives

The objective is to disentangle the causal effect of type 2 diabetes mellitus (T2DM)
subtypes: long-standing (LSDM) and new onset (NODM) diabetes mellitus, on pancreatic

cancer (PC), and to assess the potential role of BMI-obesity as mediator, applying causal
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inference methodologies such as Mendelian Randomization (MR) and Causal Mediation
Analysis (CMA).

4.3. Methods

Using the information from the PanGenEU European case-control study, with 2,018 cases
and 1,540 controls, we applied the MR to study the causal effect of LSDM and NODM on
PC, and vice versa, using genetic variants associated with T2DM-subtypes and PC. MR was
also used to analyse the causality of obesity on PC. We considered MR-Egger regression,
MR-IVW and multivariable MR to discard potential pleiotropy bias, as it was described in
Chapter 1. Finally, we utilised Causal Mediation Analysis (CMA) to assess the potential

mediator role of obesity between T2DM-subtypes and PC.

4.4. Results

Considering the results based on the MR technique, a causal effect of LSDM on PC could
not be confirmed [OR=1.08; 95%CI (0.86;1.29)], however, we observed a significant
causal effect of PC on NODM [OR=2.85, 95%CI (2.04;3.98)]. The same conclusion was
obtained when multivariable MR was applied to discard potential pleiotropy bias [OR=1.31,
95%CI (1.10;1.52)].

Considering the CMA results, potential mediation effects of being overweight/obese were
observed between NODM and PC [ORdirect=10.14; 95%CI (5.48;22.69); ORindirect=0.55;
95%CI (0.23;0.92); ORtota=5.58; 95%CI (3.65;5.92)] and between LSDM and PC [ORudirect
=1.61; 95%CI (1.31;2.00); ORindirect=1.03; 95%CI (1.01;1.08); ORtota=1.67; 95%CI
(1.35;2.06)].

4.5. Conclusions

Results based on the MR approach did not support a causal effect of LSDM on PC, however,
our study showed that PC can cause NODM, suggesting that, in practice, NODM could be
an early sign of PC. Moreover, being overweight/obese may be considered as a potential
mediator between both T2DM-subtypes and PC. Nevertheless, more analyses should be

carried out in order to further unravel these associations.

4.6. Publication

The full manuscript of our study is included in this chapter and was published in the journal
GUT (Impact Factor Journal Citation Reports 2021: 23.059; Q1-first decile; 3/92 Category
Gastroenterology & Hepatology)

74



Statistical techniques for estimating causal effects in biomedical research

Molina-Montes E, Coscia C, Gdmez-Rubio P, Fernandez A, Boenink R, Rava M, Marquez M,
Molero X, L6hr M, Sharp L, Michalski CW, Farré A, Perea J, O'Rorke M, Greenhalf W, Iglesias
M, Tardén A, Gress TM, Barbera VM, Crnogorac-Jurcevic T, Mufioz-Bellvis L, Dominguez-
Mufioz JE, Renz H, Balcells J, Costello E, Ilzarbe L, Kleeff J, Kong B, Mora ], O'Driscoll D,
Poves I, Scarpa A, Yu J], Hidalgo M, Lawlor RT, Ye W, Carrato A, Real FX, Malats N;
PanGenEU Study Investigators. Deciphering the complex interplay between pancreatic
cancer, diabetes mellitus subtypes and obesity/BMI through causal inference and
mediation analyses. Gut. 2021 Feb;70(2):319-329. doi: 10.1136/gutjnl-2019-319990.

Despite being a recent publication, from February 2021, it is worth noting the high number
of citations that it has received, 21 by Google Scholar and 13 by Scopus (21/11/21)

Supplementary Material of this manuscript is included in Appendix A.
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ABSTRACT

Objectives To characterise the association between
type 2 diabetes mellitus (T2DM) subtypes (new-onset
T2DM (NODM) or long-standing T2DM (LSDM)) and
pancreatic cancer (PC) risk, to explore the direction

of causation through Mendelian randomisation (MR)
analysis and to assess the mediation role of body mass
index (BMI).

Design Information about T2DM and related factors
was collected from 2018 PC cases and 1540 controls
from the PanGenEU (European Study into Digestive
linesses and Genetics) study. A subset of PC cases and
controls had glycated haemoglobin, C-peptide and
genotype data. Multivariate logistic regression models
were applied to derive ORs and 95% Cls. T2DM and
PC-related single nucleotide polymorphism (SNP) were
used as instrumental variables (IVs) in bidirectional MR
analysis to test for two-way causal associations between
PC, NODM and LSDM. Indirect and direct effects of the
BMI-T2DM-PC association were further explored using
mediation analysis.

Results T2DM was associated with an increased PC

risk when compared with non-T2DM (OR=2.50; 95% Cl:
2.05 to 3.05), the risk being greater for NODM (OR=6.39;
95% Cl: 4.18 t0 9.78) and insulin users (OR=3.69;

95% Cl: 2.80 to 4.86). The causal association between
T2DM (57-SNP IV) and PC was not statistically significant
(OR =108, 95%Cl: 0.86 t0 1.29, OR,,,,
0.95 to 1.17). In contrast, there was a causal association
between PC (40-SNP V) and NODM (OR=2.85; 95% Cl:
2.04 to 3.98), although genetic pleiotropy was present
(MR-Egger: p value=0.03). Potential mediating effects of
BMI (125-SNPs as IV), particularly in terms of weight loss,
were evidenced on the NODM-PC association (indirect
effect for BMI in previous years=0.55).

=1.06, 95%Cl:

> Lucas Ilzarbe,”® Jorg Kleeff,®® Bo Kong,®
Josefina Mora,'® Damian O'Driscoll,>’ Ignasi Poves,?” Aldo Scarpa
3931 Rita T Lawlor, ”® Weimin Ye,? Alfredo Carrato,”*

," On behalf of the PanGenEU Study

% Jingru Yu,”

Significance of this study

What is already known on this subject?

» The association between type 2 diabetes
mellitus (T2DM) and risk of pancreatic cancer
(PC) has been evidenced in numerous studies.

> Few studies have suggested the distinct role of
T2DM subtypes, new-onset T2DM (NODM) and
long-standing T2DM (LSDM), in PC aetiology;
while both were associated with PC risk, they
may exhibit a different causal relationship with
PC.

» Uncertainties surrounding the association
between T2DM and PC risk also concern
confounding or mediation by obesity, T2DM
medication effects and the causal pathway
linking both diseases.

Conclusion Findings of this study do not support a
causal effect of LSDM on PC, but suggest that PC causes
NODM. The interplay between obesity, PC and T2DM is
complex.

INTRODUCTION

Pancreatic cancer (PC) has a high case-fatality
rate in Western countries,’ expected to rise
in coming years if no immediate actions are
taken.? > Many unknowns in PC aetiology remain
even regarding some of the well-established risk
factors of this disease.* This also applies to type 2
diabetes mellitus (T2DM), despite representing an
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Chapter 5

In this chapter I present a methodological study where a new approach was proposed in
order to answer mediation analysis questions. This approach consists of using genetic
variants as instruments, like in the Mendelian Randomization, to study the potential
mediation effects. We run several simulation studies to assess our proposal and we applied
it to study the causal effect of BMI/obesity on pancreatic cancer considering LSDM as

mediator.

5.1. Abstract
Background

Mendelian Randomization (MR) is the use of genetic variants as instrumental variables to
evaluate the causal effect of an exposure on an outcome. On the other hand, Causal
Mediation Analysis (CMA) is used to study the causal effect of the exposure on the outcome,
considering a third variable, the mediator, that occurs in between. In CMA three different
effects can be estimated: direct, indirect, and total effect. However, strong assumptions
surround CMA. Further developments of CMA are needed in order to obtain unbiased

effects.

Objectives

The use of Causal Mediation Analysis (CMA) to obtain the direct, indirect, and total effects
of an exposure on an outcome, considering the mediation effect of a third variable, is

increasing in epidemiological studies but it requires strong assumptions on confounding
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bias. The aim of this study is to propose a new alternative as an extension of CMA and
Mendelian Randomization (MR), that uses genetics variants as instrumental variables, and
to analyse the causal effect of BMI/obesity or diabetes on pancreatic cancer, considering

each factor as potential mediators.

Methods

We propose the MRinCMA approach to obtain unbiased estimates of the direct, indirect,
and total effects. This proposal consists of using two genetic instruments, for exposure and
mediator respectively, relaxing the CMA assumptions. We generate several simulated
datasets based on the PanGenEU study features, modifying the type of variables, either
continuous or categorical, correlations, sample sizes and effect sizes. We compare the
results obtained using this new approach with the Structural Equation Model (SEM). We
assess the proposed method’s performance calculating values of mean squared error,
coverage, bias-eliminated coverage, and empirical standard errors, as performance
measures. We apply MRinCMA to analyse the effect of BMI/obesity on PC, with the
mediation effect of LSDM.

Results

In general, unbiased estimates for direct, indirect, and total effect were obtained using
MRinCMA. When continuous variables were considered, MRinCMA and SEM produce similar
values across the performance measures, suggesting that both approaches are valid to
obtain unbiased estimates. When at least one non-continuous variables was considered,
MRIinCMA presented overall lower bias and better coverage values than SEM. When
analysing the effect of obesity on PC considering LSDM, as a potential mediator, we did
not find any evidence of causality [ORdirect=0.97; 95%CI (0.62; 1.53); ORindirect=1.13;
95%CI (0.89;1.88); ORwta=1.12; 95%CI (0.72; 1.65)].

Conclusions

With this new approach, MRinCMA, we showed that researchers may obtain unbiased
estimates for the direct, indirect, and total effect using two independent genetic
instruments, by appropriately accounting for the confounding bias assumption under

different scenarios.

Publication

This study has been submitted to American Journal of Epidemiology.
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5.2 Introduction

In epidemiological studies, an important goal is to analyse the causal relationship between
an exposure and an outcome. In general, epidemiological analysis relies on observational
data and may present bias generated by other factors that are associated with the outcome
and the exposure and can distort the real effect of the exposure (Hernan and Robins 2020;
Imbens and Rubin 2015; Pearl 2010a). According to the availability of the information on
these uncontrolled factors, they are defined as measured (VanderWeele 2016) (i.e., all the
confounders are collected and measured) or unmeasured (Hernan and Robins 2020;
Imbens and Rubin 2015; Pearl 2010a). Several statistical methods have been developed
for dealing with intermediate and confounder variables, among them Causal Mediation
Analysis for measured confounding, and Mendelian Randomization and Structural Equation
Models (Belope 2019; Muthén and Asparouhov 2015; Pearl 2012a) for unmeasured

confounding.

As it was already explained in Chapter 1, the Causal Mediation Analysis (CMA) is used to
estimate the causal effect of the exposure on the outcome considering the effect of a third
variable, called mediator, which occurs in the pathway from the exposure to the outcome
(Valeri and VanderWeele 2013; VanderWeele 2016; VanderWeele and Vansteelandt 2009).
CMA estimates three parameters: a) the direct effect: effect of the exposure on the
outcome independent of the mediator, b) the indirect effect: effect of the exposure on the
outcome that occurs through the mediator, and c) the total effect: effect of the exposure
on the outcome considering all previous effects (Figure 12A). They usually are estimated
by either the Product or the Difference methods proposed by Baron and Kenny (BK) (De
Stavola et al. 2015; VanderWeele and Vansteelandt 2009) according to the nature of the
outcome. Strong assumptions are required when applying CMA (i.e., all the confounding
variables are known and measured), which are difficult to meet (Carter et al. 2021) and

may lead to biased and not representative results.

Mendelian Randomization (MR) analysis is extensively used in epidemiology to analyse
causality between an exposure and an outcome (Burgess et al. 2013; Davies et al. 2018).
This procedure applies an Instrumental Variable (IV) approach leading to unbiased
estimates of the causal effect, even when there is unmeasured confounding bias (S Burgess
et al. 2017; Burgess and Thompson 2013; Davies et al. 2018; Uddin et al. 2015). The MR
uses either genetic variants or a genetic score (Burgess and Thompson 2013), as IV to
estimate the causal effect of the exposure on an outcome (Figure 12B), assuming that: i)
the IV is associated with the exposure, ii) the IV is associated with the outcome only
through the exposure, and iii) the IV is not associated with any confounder (Burgess and
Thompson 2013). One of the classical estimation methods applied in MR is the 2-Stage-

Least-Squares (2SLS). The 2SLS is a regression-based method consisting in using the
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predicted values of the exposure to estimate the causal effect on the outcome (S Burgess
et al. 2017; Uddin et al. 2015). There are some extensions of the 2SLS depending on the
type of the variables, such as the 2-Stage-Residual-Inclusion (2SRI), which is a good

alternative for non-continuous variables (Palmer et al. 2017; Terza et al. 2008).

A) B)
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Figure 12. Causal diagrams

A) Causal Mediation Analysis (CMA) graph. B) Mendelian Randomization graph. C) Mediation Analysis with
Instrumental Variables IVs (MRinCMA as specific case). D) Structural Equation Model SEM, where directed arrows
represent causal effect, bidirectional arrows indicate a correlation between variables. Measurement variables are
represented by squares and latent variables i.e., not observed are represented by circles.

Some authors already suggested that using IVs in the CMA context could be a good
alternative to relax the CMA assumptions and to obtain unbiased results (Carter et al.
2021). Burgess et al. (2015), (Figure 12C), proposed an extension of the 2SLS regression-
based method adding a third stage (i.e., 3SLS) when regressing continuous outcome
variables, and they compared the performance of this method to SEM (Figure 12D) when
analysing the causality between Body Mass Index (BMI), C-reactive protein, and uric acid.
Also, in the context of continuous outcomes. Frolich and Huber (2017) applied a four-stage
extension (i.e., 4SLS and 4SRI) to analyse the effect of education and income on the social
functioning using school leaving and windfall income as IVs. While Burgess et al. (2015),
considered the exposure, mediator and outcome as continuous variables, Frélich and Huber
(2017) included the exposure as binary, maintaining mediator and outcome as continuous.
Furthermore, North et al. (2019) used the same causal diagram as Burgess et al. (2015)
to estimate the interaction terms between the exposure and the mediator considering two
different instruments. Other authors like Sanderson (2021) proposed an approach based
on multivariable MR (MVMR), while Relton et al. (2012) considered a two-step MR. Finally,
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we made a comprehensive summary of the current methods using MR in mediation analysis

and they proposed an alternative combining both approaches.

Up to now, only Carter et al. (2021) have suggested an alternative for categorical
outcomes, indicating a lack of development of methods when modelling categorical
variables, despite the fact that such variables are those commonly used in epidemiological
studies. For that reason, in this paper, we proposed to extend Burgess et al. (2015) and
Frolich and Huber (2017) approaches, offering a simple, valid and flexible methodology
that would consider not only continuous and normally distributed variables, but also

categorical variables.

Therefore, the aim of this study was to propose four extensions of the CMA, which we
named “Mendelian Randomization in Causal Mediation Analysis” (MRinCMA), by applying
MR to correct for potential confounder bias. We estimated direct, indirect, and total effects
by incorporating two IVs in the CMA context, considering as MRinCMA approaches the
extension of the 2SLS (3SLS and 4SLS) and 2SRI (3SRI and 4SRI) methods. We compared
their performances to SEM, as a reference method. Furthermore, we applied MRinCMA to
assess causality between BMI/obesity, type-2 diabetes mellitus (T2DM), and pancreatic
cancer (PC) risk in the context of a previously published CMA and MR effort conducted
within the PanGenEU case-control study (Molina-Montes et al. 2021).

5.3. Methods
5.3.1. The MRIinCMA approaches to estimate direct, indirect, and total effects

We define four MRinCMA approaches: the 4-Stage-Least-Squares (4SLS), 3-Stage-Least-
Squares (3SLS), 4-Stage-Residual-Inclusion (4SRI), and 3-Stage-Residual-Inclusion
(3SRI). The causal graph is presented in Figure 12C, where Y is the outcome; E, the
exposure; M, the mediator; 1V1, the exposure weighted genetic score; 1V2, the mediator

weighted genetic score; and C, the vector of confounders.

The 4SLS approach required fitting the following four regression models to estimate direct,

indirect, and total effects:

1. First model:
E=4,+4IV,+5,C+g [30]
2. Second model:

M :,uo+,ul|é+,uz|V2+,L13C+$2 [31]
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3. Third model:

Y =ao+a1|§+a2|\7| +a,C + ¢, [32]
4. Fourth model:

M :y0+ylé+y2C+g4 [33]

A

where E and M are the predictor vectors obtained from [30] and [31] respectively.

Based on BK methodology (De Stavola et al. 2015; VanderWeele and Vansteelandt 2009),

the direct effect is the estimated effect of E over Y, 0?1, derived from [32]; the indirect
effect is the product (7, X, ), where J; is the estimated effect of E over M, derived from
[33]; and 0?2 is the estimated effect of M over Y, derived from [32]. The total effect is
the sum of both effects, 0?1+(}91><0?2) for continuous outcomes and the product
&, x(7,xa,) for binary outcomes.

The 3SLS approach only needs three regression models, [30] to [32]. The direct effect is

0?1 the indirect effect is (,[tl><d2), and the total effect is the sum, or the product, as

appropriate, of both effects.

The 4SRI approach is similar to 4SLS but replacing the fitted values (E, |\7|) by both the

observed values (E, M) and the residuals (51,52) , therefore fitting the following models:

E=r,+7,IV,+7,C+g [34]
M =n,+n,E+n,6 +1m,1V, +1,C +¢, [35]
Y =v,+v,E+v,& +v,M +v,&,+v.C+e, [36]
M=24,+LE+4E+AC+e, [37]

where 51 and 52 are the residual vectors obtained from [34] and [35] respectively.

The direct effect is 171; the indirect effect is (/11 ><173) and the total effect is the sum of both,

171+(ﬂ1><‘73) or the product ﬁlx(ﬂle%) for continuous and categorical outcomes,

respectively.

96



Statistical techniques for estimating causal effects in biomedical research

Analogously to 3SLS, the 3SRI method only requires models [34] to [36] The direct effect
is 171, the indirect effect is (ﬁ1><193), and the total effect is the sum, or the product, as

appropriate, of both effects.
5.3.2. Structural Equation Model as a reference method

We also estimated the three effects using the Structural Equation Model (SEM) as it was
previously done by Burgess et al. (2015). It is a multivariate technique widely used (Belope
2019; Pearl 2012a), that specifies measurement errors of the variables and permits to
incorporate both observed and unobserved variables (Muthén 1984, 2011; Pearl 20103,
2012a).

We defined the equations as shown in Figure 12D. Coefficient estimates of E and M in SEM
represent direct and indirect effects; and the total effect is the sum of both assuming no
interaction. The Maximum Likelihood (ML) approximation is used for continuous and
normally-distributed variables while the Weighted Least Squares (WLS) method was
considered for categorical variables (Li 2016; Muthén 1984; Muthén and Asparouhov 2015;
Olsson et al. 2000).

5.3.3. Simulation efforts

Simulation studies are an important tool for assessing the performance of statistical
methods (Morris et al. 2019). We evaluated the performance of the five aforementioned
methods in estimating our parameters of interest: direct, indirect, and total effects, under

different scenarios. Summary is shown in Figure 13.

Datasets were generated based on the epidemiological, clinical, and genetic data gathered
from the PanGenEU study, a European case-control study including 2500 PC patients and
1500 controls (Lépez de Maturana et al. 2021; Molina-Montes et al. 2021) (Appendix B).

Independent variables and outcomes of interest. The outcomes, exposures, and mediators
have been defined as either quantitative or binary variables. We considered two outcomes,
a binary trait reflecting the PC status and a continuous one corresponding to the pancreatic
cancer risk score. BMI (continuous) and obesity (categorized as 1 if BMI >30 and O
otherwise (Kent et al. 2017; Molina-Montes et al. 2021)) were the exposures (E). Long-
standing diabetes mellitus (LSDM) (i.e., diabetes diagnosed > 2 years before the study
recruitment (Molina-Montes et al. 2021) and categorized as yes/no) and glycated

haemoglobin (HbA1lc, continuous) were considered as mediators (M). We included two

continuous genetic scores (Vi and 1V,) weighting by the effect of each genetic variant on
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the exposure and the mediator respectively. We incorporated sex (categorical:
man/woman), age (continuous), and smoking status (categorical: non-

smoker/occasional/former/ current smoker) as confounding variables (C).

Step 1 K
\/ Scenarios Correlation values Effect size Sample size
- §1(Cont+Cont) » $4 (Bin +Mix) + 05 ' FPa::gengTJ) real study | | . 1,000
+ 52(Bin + Cont) - S5 (Cont + Bin) * 02 + Double of PanGenEU (x2) 2500
\/ * 83 (Cont +Mix) « 6 (Bin +Bin) " 08 + Half of PanGenEU (+2) + 10000
Step 2
\/ Methods Effects
* 48LS + 3SRl + Direct effect
+ 35LS ¢+ SEM * Indirect effect
\/ * 4S8RI * Total effect
Step 3
Performance
\/ * Bias » Coverage
*« MSE * Bias-eliminated
+ EmpSE coverage
Step4 \/ 4SLS  3SLS  4SRI 3SRl SEM Comments
S1 (Continuous + Continuous) ()] (D) © © ) | MRinCMA and SEM performed well
$2 (Binary + Continuous) © © (D) © (2 | SEM showed poorer results in large sample sizes
$3 (Continuous + Mixed) © © (®) © SEM showed poorer results in large sample sizes
S4 (Binary + Mixed) (D) © () | SEM showed poorer results in large sample sizes
85 (Continuous + Binary) © 4SLS was the best alternative in large studies
Step5 86 (Binary + Binary) © © 4SLS and 3SLS improved as sample size increased
Genetic SCOre  mmmmmp BMI/Obesity ey PC Genetic Score = LSDM e PC
(Iv1) (Exposure) (Outcome) (Iv1) (Exposure) (Outcome)
Genetic Score LSlDM / Genetic Score Ob: lt /
(v2) (Mediator) (1v2) (Mediater)

Figure 13. Simulations steps and workflow.

S1-S6: Different simulation scenarios; 4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares; 4SRI=4-
Stage-Residual-Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models; MSE=Mean
Squared Error; EmpSE: Empirical standard error; BMI: Body Mass Index; LSDM: Long-standing Diabetes Mellitus;
PC: Pancreatic Cancer

Data-generating mechanisms. According to the definition of the variables Y, E, and M, the

following six scenarios were studied:

S1: Y, E, and M as continuous.

S2: Y as binary and both E and M as continuous.

S3: Y as continuous, E as continuous, and M as binary.
S4: Y as binary, E as continuous, and M as binary.

S5: Y as continuous and both E and M as binary.

S6: Y, E, and M as binary.
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Variables Y, E, and M were simulated as continuous in all cases, using probit and logit
transformation (Y*, E* and M*) for the binary settings. Therefore, initial linear regression
models were assumed regardless of the character of these variables. The original Y, E and
M were recovered subsequently by inverting this transformation (either probit or logit),
obtaining the final binary variables of interest. Note that Y equalled Y*, E equalled E*, and

M* equalled M when they were continuous.

We simulated Y*, E* and M* using a multivariate normal model, assuming random errors

with vectors of means x =(0,0,0) and variance-covariance matrix:

Ok POEgOy  POEOy
_ 2
X =| pocoy Owm POMOy
2
POeOy POy Oy Oy

Standard deviations (o¢,0,,,0,) were considered, based on PanGenEU results. Correlation,

p , ranged from weak (0.2), and moderate (0.5) to strong (0.8).

We proposed different simulation settings according to: i) the nature of the variables (S1

to S6), ii) the correlation between variables p = (0.2, 0.5, 0.8), iii) the effect sizes (based

on PanGenEU estimates, half and double of PanGenEU estimates), and iv) the study sample
size (1,000, 2,500 and 10,000). Each setting was repeated m=2,000 times. Additional details
about the simulation procedure are available in Appendix C and values of the prefixed
coefficients considered are shown in Table D1 (Appendix D). When dealing with categorical
variables, the probit transformation was always considered for SEM, while for MRinCMA,
we considered the probit transformation for scenarios S3 and S5 (continuous outcome)

and logit transformation otherwise, because better performance results were observed.

5.4. Performance indicators

We evaluated the five approaches using the following metrics: bias, mean squared error
(MSE), empirical standard error (EmpSE), 95% confidence interval coverage rate (CI-C),
and bias-eliminated coverage rate (BE-C). A detailed definition of these performance

measures is presented in Appendix E and in Morris et al. (2019).

All analyses were performed using R software version 4.0.1. SEM were fitted using package
lavaan (Rosseel 2012) which implements WLS for categorical data fitting a probit

regression model.
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5.5. Results
5.5.1. Results from the simulation study

Here we present a summary of the performance of the five methods, also described in

Figure 13.

S1:Y, E, and M as continuous. All methods yielded a null or negligible bias in the
estimation of the three effects, Table 4. In Tables 5 and Table D2 we present the estimated
95% confidence interval coverage rate (CI-C) and bias-eliminated coverage rate (BE-C).
For the direct effect, SEM outperformed the MRinCMA methods with results around the
nominal 95%CI cut-off point. On the other hand, for the indirect and total effects, we noted

that CI-C and BE-C were reasonably close to the cut-off point for the five methods.

S2:Y as binary and both E and M as continuous. The results obtained for MRinCMA
methods were similar to those from S1, with good performance results overall, Tables 5,
6 and Table D2. By contrary, SEM showed higher bias and presented poor results with CI-
C deteriorated to a clearly unacceptable coverage for indirect and total effects when the

sample size increased, Tables 5 and Table D2.

S3: Y and E as continuous, and M as binary. All methods provided unbiased

estimates, Tables 7 and Table D3. The coverage rates for MRinCMA approaches were
better, SEM led to rates utterly different from the nominal level (95%), regardless of the

sample size, Tables 5 and Table D2.

S4: Y as binary, E as continuous, and M as binary. In this case, 4SRI and 3SRI
methods achieved the best results for direct and indirect effects in terms of bias, Tables 7
and Table D3. For the total effect, results obtained with SEM were better, but this method
presented poor coverage rates, Table 5, worsening with large sample size, i.e., N=10,000,

Table D2.

S5: Y as continuous, and E and M as binary. Biased estimates and high MSE values
were obtained in both MRinCMA and SEM, Table 8. SEM showed poorer coverage rates than
MRIinCMA, Table 4. 4SLS was the best method with large sample size, Table D2 and D3.

S6: Y, E, and M as binary. Similar conclusions as those obtained in scenario S5
could be derived here, 4SLS was, in general, the best option, Tables 5 and 8. Its

performance improved as sample size increased, Tables D2 and D3.
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A sensitivity analysis has been done considering higher and lower effect sizes and stronger
or weaker correlations between Y, E, and M, and we obtained similar performance results

(data not shown).
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Direct Indirect Total
Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
n=1,000 Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)
4SLS -0.001 (0.001) 0.003 (0.000) 0.055 (0.001) 0.002 (0.001) 0.001 (0.000) 0.030 (0.000) 0.001 (0.001) 0.004 (0.000) 0.066 (0.001)
3SLS -0.001 (0.000) 0.003 (0.000) 0.055 (0.001) -0.004 (0.001) 0.001 (0.000) 0.029 (0.000) -0.004 (0.001) 0.004 (0.000) 0.066 (0.001)
4SRI -0.001 (0.001) 0.003 (0.000) 0.053 (0.001) 0.002 (0.001) 0.001 (0.000) 0.028 (0.000) 0.001 (0.001) 0.004 (0.000) 0.066 (0.001)
3SRI -0.001 (0.001) 0.003 (0.000) 0.053 (0.001) -0.003 (0.001) 0.001 (0.000) 0.027 (0.000) -0.004 (0.001) 0.004 (0.000) 0.066 (0.001)
SEM -0.001 (0.001) 0.003 (0.000) 0.053 (0.001) -0.003 (0.001) 0.001 (0.000) 0.027 (0.000) -0.004 (0.001) 0.004 (0.000) 0.066 (0.001)
n =2,500
4SLS 0.000 (0.001) 0.001 (0.000) 0.034 (0.000) 0.004 (0.000) 0.000 (0.000) 0.018 (0.000) 0.004 (0.001) 0.002 (0.000) 0.040 (0.001)
3SLS 0.000 (0.001) 0.001 (0.000) 0.034 (0.000) -0.001 (0.000) 0.000 (0.000) 0.017 (0.000) -0.002 (0.001) 0.002 (0.000) 0.040 (0.001)
4SRI -0.001 (0.001) 0.001 (0.000) 0.033 (0.000) 0.004 (0.000) 0.000 (0.000) 0.017 (0.000) 0.004 (0.001) 0.002 (0.000) 0.040 (0.001)
3SRI -0.001 (0.000) 0.001 (0.000) 0.033 (0.000) -0.001 (0.000) 0.000 (0.000) 0.016 (0.000) -0.002 (0.001) 0.002 (0.000) 0.040 (0.001)
SEM -0.001 (0.001) 0.001 (0.000) 0.033 (0.000) -0.001 (0.000) 0.000 (0.000) 0.016 (0.000) -0.002 (0.001) 0.002 (0.000) 0.040 (0.001)
n =10,000
4SLS 0.000 (0.000) 0.000 (0.000) 0.016 (0.000) 0.005 (0.000) 0.000 (0.000) 0.009 (0.000) 0.005 (0.000) 0.000 (0.000) 0.019 (0.000)
3SLS 0.000 (0.000) 0.000 (0.000) 0.016 (0.000) 0.000 (0.000) 0.000 (0.000) 0.008 (0.000) 0.000 (0.000) 0.000 (0.000) 0.019 (0.000)
4SRI 0.000 (0.000) 0.000 (0.000) 0.016 (0.000) 0.005 (0.000) 0.000 (0.000) 0.008 (0.000) 0.005 (0.000) 0.000 (0.000) 0.019 (0.000)
3SRI 0.000 (0.000) 0.000 (0.000) 0.016 (0.000) 0.000 (0.000) 0.000 (0.000) 0.008 (0.000) 0.000 (0.000) 0.000 (0.000) 0.019 (0.000)
SEM 0.000 (0.000) 0.000 (0.000) 0.016 (0.000) 0.000 (0.000) 0.000 (0.000) 0.008 (0.000) 0.000 (0.000) 0.000 (0.000) 0.019 (0.000)

Table 4. Bias, Mean Squared Error (MSE), and Empirical Standard Error (EmpSE) in Scenario S1 according to different sample sizes, based on coefficients shown in Table D1.
S1:Y, Eand M continuous; MSE=Mean Squared Error; EmpSE=Empirical Standard Error; SE=Standard Error; 4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares;
4SRI=4-Stage-Residual-Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models.
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1 n=1,000 n=2,500
S Direct Indirect Total Direct Indirect Total
CI-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C
4SLS 99.40% 99.40% 93.70% 93.80% 92.00% 92.10% 99.60% 99.60% 93.80% 93.00% 91.90% 92.55%
3SLS 99.40% 99.40% 92.20% 93.60% 91.50% 91.75% 99.60% 99.60% 92.70% 93.25% 92.90% 92.70%
4SRI 88.30% 88.65% 93.30% 92.70% 92.60% 92.30% 88.30% 87.95% 93.00% 93.20% 91.90% 92.40%
3SRI 88.30% 88.65% 91.40% 92.65% 92.50% 92.50% 88.30% 87.95% 92.60% 92.85% 92.50% 92.45%
SEM 94.70% 94.78% 91.40% 92.00% 92.10% 91.95% 94.70% 94.40% 93.10% 93.45% 93.10% 93.10%
n=1,000 n=2,500
s2 Direct Indirect Total Direct Indirect Total
Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C
4SLS? 99.00% 99.00% 93.00% 93.00% 92.00% 92.00% 99.00% 99.00% 94.00% 93.00% 91.00% 92.00%
3SLSs? 99.00% 99.00% 92.00% 93.00% 92.00% 92.00% 99.00% 99.00% 94.00% 93.00% 93.00% 93.00%
4SRI° 88.00% 89.00% 94.00% 94.00% 92.00% 92.00% 88.00% 88.00% 93.00% 93.00% 93.00% 92.00%
3SRI° 88.00% 89.00% 92.00% 93.00% 92.00% 92.00% 88.00% 88.00% 93.00% 93.00% 93.00% 92.00%
SEMP 96.00% 97.00% 78.00% 94.00% 96.00% 99.00% 94.00% 95.00% 67.00% 92.00% 78.00% 97.00%
n =1,000 n=2,500
53 Direct Total Total
Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C
4SLSP 96.90% 97.00% 98.80% 98.80% 96.50% 97.00% 97.20% 97.20% 92.10% 95.70% 92.90% 94.70%
3SLSh 96.90% 97.00% 99.00% 99.10% 95.60% 97.00% 97.20% 97.20% 92.00% 96.60% 92.30% 94.90%
4SRIb 90.70% 90.50% 95.00% 94.30% 93.30% 93.40% 91.90% 91.90% 93.20% 92.90% 92.80% 93.10%
3SRIP 90.70% 90.50% 93.80% 93.80% 93.20% 93.30% 91.90% 91.90% 93.30% 92.80% 93.40% 93.70%
SEM® 97.00% 95.20% 79.80% 94.00% 86.60% 91.70% 96.10% 96.10% 38.50% 96.70% 76.70% 93.30%
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n=1,000 n=2,500
S4
Direct Indirect Total Direct Indirect Total
Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C
4SLS? 95.00% 95.00% 98.00% 98.00% 98.00% 98.00% 94.00% 94.00% 93.00% 96.00% 89.00% 96.00%
3SLS? 95.00% 95.00% 99.00% 99.00% 97.00% 98.00% 94.00% 94.00% 94.00% 96.00% 90.00% 97.00%
4SRI? 95.00% 95.00% 98.00% 98.00% 93.00% 96.00% 95.00% 95.00% 94.00% 94.00% 82.00% 96.00%
3SRI® 95.00% 95.00% 99.00% 99.00% 94.00% 96.00% 95.00% 95.00% 93.00% 95.00% 83.00% 96.00%
SEMP 96.00% 96.00% 79.00% 99.00% 93.00% 100.00% 96.00% 97.00% 36.00% 98.00% 51.00% 99.00%
n=1,000 n=2,500
S5
Direct Total Total
Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C Cl-C BE-C
4SLSP 97.20% 96.90% 99.50% 99.50% 98.70% 98.30% 97.10% 96.20% 98.80% 98.80% 95.90% 96.30%
3SLse 97.20% 96.90% 99.50% 99.50% 98.10% 98.00% 97.10% 96.20% 98.80% 98.70% 95.90% 95.60%
4SRIb 94.40% 94.10% 99.60% 99.60% 98.80% 98.70% 93.10% 94.00% 99.40% 99.50% 94.80% 96.60%
3SRIP 94.40% 94.10% 99.70% 99.80% 98.40% 99.00% 93.10% 94.00% 99.60% 99.60% 95.00% 96.60%
SEMP 91.90% 91.60% 73.70% 98.60% 93.60% 95.20% 93.60% 94.40% 39.30% 96.00% 81.80% 93.40%
n=1,000 n=2,500
S6
Direct Total Total
Cl-C BE-C Cl-C BE-C Cl-C BE-C CI-C BE-C CI-C BE-C CI-C BE-C
4SLS? 95.00% 95.00% 99.00% 99.00% 98.00% 97.00% 95.00% 95.00% 99.00% 99.00% 95.00% 96.00%
3SLS? 95.00% 95.00% 99.00% 99.00% 98.00% 98.00% 95.00% 95.00% 99.00% 99.00% 97.00% 97.00%
4SRI? 95.00% 95.00% 99.00% 99.00% 99.00% 99.00% 96.00% 96.00% 99.00% 99.00% 97.00% 98.00%
3SRI° 95.00% 95.00% 99.00% 99.00% 99.00% 99.00% 96.00% 96.00% 99.00% 99.00% 97.00% 98.00%
SEMP 99.00% 99.00% 89.00% 99.00% 97.00% 100.00% 96.00% 98.00% 57.00% 99.00% 75.00% 99.00%

Table 5. 95% confidence interval coverage rate and bias-eliminated coverage for the direct, indirect, and total effect estimation in Scenarios S1-S6 and according to different
sample sizes, based on PanGenEU coefficients shown in Table D1.

S1: Y, E and M continuous; S2: Y binary and E and M continuous; S3: Y continuous, E continuous and M binary; S4: Y binary, E continuous and M binary; S5: Y continuous
and E and M binary; S6: Y, E and M binary; CI-C= 95% confidence interval coverage rate; BE-C= Bias-Eliminated coverage; 4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-
Least-Squares; 4SRI=4-Stage-Residual-Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models. @Logit model were used. "Probit model were used,
when appropriated.
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Direct Indirect Total
Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
n=1,000 Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
48L8? -0.001+0.001 0.003+0.000 0.098+0.001 0.002+0.000 0.000+0.000 0.044+0.001 0.001+0.001 0.004+0.000 0.038+0.001
3sLs? -0.001+0.001 0.003+0.000 0.098+0.001 -0.004+0.001 0.001+0.000 0.040+0.001 -0.004+0.001 0.004+0.000 0.034+0.001
48RP -0.001+0.001 0.003+0.000 0.131+0.001 0.002+0.000 0.000+0.000 0.058+0.001 0.001+0.001 0.004+0.000 0.047+0.001
3SRFP -0.001+0.001 0.003+0.000 0.131+0.001 -0.003+0.000 0.000+0.000 0.053+0.001 -0.004+0.001 0.004+0.000 0.043+0.001
SEMP -0.012+0.002 0.004+0.000 0.060+0.007 -0.021+0.001 0.001+0.000 0.024+0.007 -0.001+0.000 0.000+0.000 0.027+0.001
n =2,500
48L8° -0.000+0.000 -0.001+0.000 0.062+0.000 0.004+0.000 0.000+0.000 0.026+0.001 0.004+0.000 0.002+0.000 0.022+0.001
3sLs? -0.000+0.000 -0.001+0.000 0.062+0.000 -0.001+0.000 0.000+0.000 0.024+0.001 -0.002+0.000 0.002+0.000 0.020+0.001
4SRFP -0.000+0.000 -0.001+0.000 0.082+0.000 0.004+0.000 0.000+0.000 0.033+0.000 0.004+0.000 0.002+0.000 0.028+0.001
3SRP -0.000+0.000 -0.001+0.000 0.082+0.000 -0.001+0.000 0.000+0.000 0.031+0.000 -0.002+0.000 0.002+0.000 0.026+0.001
SEMP -0.012+0.001 0.002+0.000 0.038+0.000 -0.020+0.000 0.001+0.000 0.014+0.000 -0.001+0.000 0.000+0.000 0.014+0.001
n =10,000
48L8? -0.000+0.000 0.000+0.000 0.029+0.000 0.005+0.000 0.000+0.000 0.013+0.000 0.005+0.000 0.000+0.000 0.012+0.000
3sLs? -0.000+0.000 0.000+0.000 0.029+0.000 -0.000+0.000 0.000+0.000 0.011£0.000 -0.000+0.000 0.000+0.000 0.011£0.000
48RP -0.000+0.000 0.000+0.000 0.039+0.000 0.005+0.000 0.000+0.000 0.017+0.000 0.005+0.000 0.000+0.000 0.016+0.000
3SRP -0.000+0.000 0.000+0.000 0.039+0.000 -0.000+0.000 0.000+0.000 0.016+0.000 -0.000+0.000 0.000+0.000 0.015+0.000
SEMP -0.011+0.000 0.000+0.000 0.019+0.000 -0.020+0.000 0.000+0.000 0.007+0.000 -0.001+0.000 0.000+0.000 0.006+0.000

Table 6. Bias, Mean Squared Error (MSE), and Empirical Standard Error (EmpSE) in Scenario S2 according to different sample sizes, based on coefficients shown in Table D1.
MSE=Mean Squared Error; EmpSE=Empirical Standard Error; SE= standard error;4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares; 4SRI=4-Stage-Residual-
Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models. @Logit model were used. °Probit model were used, when appropriated.
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Direct Indirect Total
S3 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
n=1,000 Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLSh -0.001+0.001 0.003+0.000 0.058+0.001 -0.014+0.002 0.007+0.000 0.086+0.001 -0.015+0.002 0.007+0.000 0.084+0.001
3SLSh -0.001+0.001 0.003+0.000 0.058+0.001 -0.018+0.002 0.006+0.000 0.083+0.001 -0.019+0.002 0.007+0.000 0.082+0.001
4SRIb -0.006+0.001 0.003+0.000 0.050+0.001 0.006+0.001 0.003+0.000 0.052+0.001 -0.000£0.002 0.006+0.000 0.076+0.001
3SR -0.006+0.001 0.003+0.000 0.050+0.001 0.000+0.001 0.003+0.000 0.051%0.001 -0.006+0.002 0.006+0.000 0.076+0.001
SEMp -0.021£0.010 0.193+0.106 0.439£0.007 -0.017£0.010 0.193+0.106 0.439£0.007 -0.038+0.001 0.004+0.000 0.054+0.001
n=2,500
4SLSh -0.000+£0.001 0.001£0.000 0.003+0.000 -0.011£0.001 0.002+0.000 0.043+0.001 -0.011£0.001 0.002+0.000 0.047+0.001
3SLSh -0.000+£0.001 0.001£0.000 0.003+0.000 -0.015+0.001 0.002+0.000 0.040£0.001 -0.015+0.001 0.002+0.000 0.046+0.001
4SRIb -0.004+0.001 0.001£0.000 0.030+0.000 0.007+0.001 0.001+0.000 0.033+0.000 0.003+0.001 0.002+0.000 0.047+0.001
3SRIP -0.004+0.001 0.001£0.000 0.030+0.000 0.002+0.001 0.001£0.000 0.032+0.000 -0.003+0.001 0.002+0.000 0.046+0.001
SEMPp 0.000+0.001 0.001£0.000 0.033+0.000 -0.035+0.000 0.001+0.000 0.014+0.000 -0.035+0.001 0.002+0.000 0.033+0.001
S4 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
n=1,000 Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLS? -0.007+0.005 0.024+0.001 0.155+0.001 -0.026+0.010 0.108+0.008 0.327+0.001 0.135+0.010 0.108+0.008 0.551+0.001
3SLSs? -0.007+0.005 0.024+0.001 0.155+0.001 -0.037+0.010 0.096+0.007 0.308+0.001 0.124+0.009 0.099+0.006 0.549+0.001
4SRP -0.003+0.005 0.023+0.001 0.153+0.001 -0.012+0.007 0.053£0.003 0.231£0.001 0.154+0.008 0.085+0.004 0.323+0.001
3SRP -0.003+0.005 0.023+0.001 0.152+0.001 -0.024+0.007 0.049+0.003 0.21940.001 0.14240.007 0.077+0.004 0.307+0.001
SEMb -0.005+0.002 0.006+0.000 0.088+0.001 -0.042+0.001 0.003+0.000 0.036+0.007 -0.002+0.000 0.000+0.000 0.052+0.001
n=2,500
4SLS? -0.001£0.003 0.009+0.000 0.095+0.000 -0.036+0.006 0.035+0.002 0.185+0.001 0.131£0.005 0.046+0.002 0.249+0.001
3SLSs? -0.001£0.003 0.009+0.000 0.095+0.000 -0.047+0.005 0.031£0.002 0.169+0.001 0.121£0.005 0.040+£0.002 0.230+0.001
4SRP 0.000£0.003 0.008+0.000 0.090+0.000 -0.007+0.004 0.015+0.001 0.122+0.000 0.163+0.004 0.045+0.002 0.132+0.001
3SRP 0.000£0.003 0.008+0.000 0.090+0.000 -0.020+0.004 0.014+0.001 0.115+0.000 0.149+0.004 0.040+£0.002 0.122+0.001
SEMb -0.006+0.001 0.002+0.000 0.053+0.000 -0.042+0.000 0.002+0.000 0.018+0.000 -0.001+0.000 0.000+£0.000 0.028+0.001

Table 7. Bias, Mean Squared Error (MSE), and Empirical Standard Error (EmpSE) in Scenarios S3 and S4 according to different sample sizes, based on coefficients shown in
Table D1.

MSE=Mean Squared Error; EmpSE=Empirical Standard Error; SE= standard error;4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares; 4SRI=4-Stage-Residual-
Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models. @Logit model were used. °Probit model were used, when appropriated.
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Direct Indirect Total
S5 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
n=1,000 Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLSb -0.027+0.068 4.647+0.329 2.156+0.001 0.113+0.1000 10.005+0.827 3.162+0.001 0.904+0.108 12.532+0.825 10.720+0.001
3SLSP -0.027+0.068 4.647+0.329 2.156+0.001 -0.027+0.097 9.493+0.784 3.082 £0.001 0.764+0.106 11.889+0.783 10.185+0.001
4SRIP 0.026+0.082 6.750+0.461 2.599+0.001 0.204+0.152 23.180+2.237 4.813+0.001 1.049+0.157 25.876+2.058 11.450£0.001
3SRIb 0.026+0.082 6.750+0.461 2.599+0.001 0.025+0.149 22.194+2.114 4.712+0.001 0.87+0.155 24.685+1.923 12.575+0.001
SEMP -0.110£0.014 0.211£0.010 0.447+0.002 -0.128+0.005 0.040+.003 0.255+0.002 -0.033+0.003 0.011£0.002 0.119+0.001
n=2,500
4SLSb -0.085+0.037 1.376+0.066 1.170+0.000 -0.189+0.044 1.996+0.145 1.401+0.001 0.544+0.054 3.184+0.185 2.130£0.001
3SLSP -0.085+0.037 1.376+0.066 1.170+0.000 -0.314+£0.042 1.840+0.132 1.320+0.001 0.419+0.052 2.893+0.165 2.212+0.001
4SRIP -0.080+0.046 2.124+0.116 1.456+0.000 -0.208+0.063 3.993+0.293 1.988 +0.000 0.531£0.074 5.739+0.327 3.347+0.001
3SRIb -0.080+0.046 2.124+0.116 1.456+0.000 -0.389+0.060 3.697+0.268 1.884+0.000 0.350+0.071 5.222+0.294 3.284+0.001
SEMP -0.110£0.008 0.077+0.004 0.154+0.001 -0.126+0.002 0.019+0.000 0.061+0.001 -0.020+0.001 0.001+0.000 0.018+0.001
S6 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
n=1,000 Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLS? -0.107+0.032 2.026+0.331 1.420+0.022 0.023+0.033 2.161£0.373 1.470+0.023 -0.084+0.039 2.998+0.353 1.730+0.027
3SLSs? -0.107+0.032 2.026+0.331 1.420+0.022 -0.014+0.032 2.098+0.362 1.448+0.023 -0.121£0.039 3.052+0.365 1.743+0.027
4SRP -0.268+0.032 2.972+0.124 1.415+0.022 -0.119+0.036 2.666+0.282 1.629+0.026 -0.388+0.039 3.292+0.189 1.773+0.028
3SRP -0.268+0.032 2.97240.124 1.4150.022 -0.130+0.036 2.598+0.027 1.607+0.025 -0.398+0.039 3.260+0.184 1.764+0.028
SEMP 0.004+0.005 0.049+0.002 0.223+0.003 -0.119+0.002 0.026+0.001 0.109£0.002 -0.116+0.006 0.081+0.003 0.260+0.004
n=2,500
4SLS? -0.046+0.013 0.366+0.020 0.603+0.009 -0.004+0.011 0.225+0.015 0.475+0.007 -0.050+0.016 0.533+0.039 0.729+0.011
3SLSs? -0.046+0.013 0.366+0.020 0.603+0.009 -0.038+0.010 0.211£0.015 0.458+0.007 -0.084+0.016 0.536+0.044 0.727+0.011
4SRP -0.251+0.016 0.601+0.027 0.738+0.012 -0.108+0.012 0.335+0.021 0.569+0.009 -0.358+0.019 0.875+0.043 0.866+0.013
3SRP -0.251+0.016 0.601+0.027 0.738+0.012 -0.118+0.012 0.318+0.021 0.551+0.009 -0.369+0.019 0.875+0.047 0.860+0.014
SEMP -0.009+0.003 0.017+0.001 0.129+0.002 -0.120+0.001 0.017+0.000 0.054+0.001 -0.130£0.003 0.037+0.001 0.144+0.002

Table 8. Bias, Mean Squared Error (MSE), and Empirical Standard Error (EmpSE) in Scenarios S5 and S6 according to different sample sizes, based on coefficients shown in
Table D1.

MSE=Mean Squared Error; EmpSE=Empirical Standard Error; SE= standard error;4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares; 4SRI=4-Stage-Residual-
Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models. @Logit model were used. °Probit model were used, when appropriated.
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5.5.2. Application to real data: The PanGenEU case-control study

Considering the performance of the five approaches, we applied the appropriate

methodology to the PanGenEU study.

We defined the Biological Model A, where the aim was to study the causal effect of
BMI (continuous) on PC risk (binary, case/control) considering LSDM (binary) as
mediator, which corresponds to scenario S4, the Biological Model B, to study the
causal effect of obesity (binary) on PC risk also considering LSDM as mediator,
scenario S6, and the Biological Model C, to analyse the causality of LSDM on PC
considering obesity as mediator, scenario S6. We included those participants with
available genetic information, (1,040 cases and 738 controls). More details are
provided in Appendix B, in Molina-Montes et al. (2021) and Lépez de Maturana et al.
(2021).

The method selected to estimate each effect was based on the results shown in Tables
7 and 8. Based on the good performance values of bias, MSE, and coverage values,
we applied the 3SRI for Biological Model A and 4SLS for Biological Models B and C.
Results are shown in Table 9, also reporting those previously obtained in Molina-
Montes et al. (2021), to compare MRinCMA with a classic CMA. We conclude that,
unlike CMA, after adjusting by genetic scores, we did not find any evidence of

causality.
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Biological model A Direct Effect Indirect Effect Total effect
Exposure Mediator Method OR CI95%(OR) OR CI95%(OR) OR Cl95%(OR)
BMI at age 50 LSDM 3SR 1.02 [0.84;1.22] 1.21 [0.81;1.95] 1.00 [0.94;1.05]
Biological model B Direct Effect Indirect Effect Total effect
Exposure Mediator Method OR CI95%(OR) OR CI95%(OR) OR Cl95%(OR)
Obesity at age LSDM 48LS 0.97 [0.62;1.53] 1.13 [0.89;1.88] 1.12 [0.72;1.65]
50 CMA2 0.88 [0.72;1.07] 1.07 [1.04;1.15] 0.94 [0.78;1.14]
Biological model C Direct Effect Indirect Effect Total effect
Exposure Mediator Method OR CI195%(OR) OR CI195%(OR) OR CI195%(OR)
LSDM Obesity atage ~ 4SLS 1.20 [0.87;1.64] 1.00 [0.87;1.12] 1.19 [0.83;1.73]
50 CMA2 153 [1.13;2.09] 0.99 [0.87;1.07] 15 [1.14;2.17]

Table 9. Direct, indirect and total effects and 95%CI from the PanGenEU case-control study

BMI: Body Mass Index; LSDM: long-standing diabetes mellitus; 3SRI: 3-Stage-Residual-Inclusion; 4SLS: 4-Stage-Least-Squares; CI: Confidence Interval. Confidence Interval
were calculated using bootstrap, considering 2.5% and 97.5% percentiles. Logit models were considered. ®CMA: Causal Mediation Analysis previously obtained in Molina-
Montes et al. (2021).
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5.6. Discussion

In this chapter we propose an extension of CMA and MR approaches (MRinCMA) to
relax the potential confounding bias assumptions in the CMA by incorporating two
IVs, which can deal with continuous and categorical variables. It is important to
highlight that the 4SLS, 4SRI and 3SLS approaches, were already proposed but only
for continuous and normally distributed variables. Moreover, we propose a 3SRI
approach using three stages considering observed and residual values rather than
predicted values. We showed that MRinCMA provided unbiased estimates of the

direct, indirect, and total effects among most of the simulations considered.

In the first scenario (S1) where E, M, and Y were defined as continuous variables,
we conclude that MRinCMA worked properly, obtaining unbiased results equivalent or
better than SEM, in all simulation settings. Our results, in terms of bias, are similar
to those obtained by Burgess et al. (2015) when they considered 3SLS and SEM.
Frélich et al. (2017) also confirmed that 4SLS worked properly in several simulation

scenarios.

In the other scenarios, where we have at least one categorical variable, as it was
already described by Burgess (2013) and by Carter et al. (2021), these approaches
can lead to less precise estimations due to the non-collapsibility of the odds-ratio,
resulting in higher bias. Even so, in these cases, MRinCMA always outperformed SEM,
where worst coverage rates were obtained. Up to now, only Carter et al. (2021) and
our proposal provide unbiased estimates with non-continuous variables, but our
proposal used the residual values instead of predicted values, an approach that has
been described to work better for categorical variables (Burgess, Daniel, et al. 2015;
Frolich and Huber 2017; Terza et al. 2008).

Some issues regarding the estimation of the standard errors (SE) should be
mentioned. As it was already described (Palmer et al. 2011, 2017; Terza et al. 2008),
approaches that involve several stages underestimates the SE and consequently this
effect would impact on the performance of MRinCMA. To avoid this limitation, the SE

and the 95%CI were derived using bootstrapping.

This work represents an exhaustive analysis, where different MRinCMA approaches
were tested in several settings. We proved that MRinCMA can also be used when the
variables of interest are non-continuous, as is often the case in epidemiological
studies. Considering the range of simulations implemented, we also believe this
project could be considered as a guideline for investigators that are interested in
applying CMA incorporating instrumental variables. However, some possible

extensions of these methods could be explored in further studies. For example, we
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did not consider a horizontal pleiotropy affecting the IV (Bowden et al. 2015; Burgess
and Thompson 2017; Carter et al. 2021; Rees et al. 2017; Sanderson 2021).
Moreover, it could be interesting to study the possible weaknesses of the various
methods when the IV assumptions do not hold (Burgess, Daniel, et al. 2015; Frdlich
and Huber 2017; North et al. 2019). Lastly, in our study we did not consider a

possible interaction between E and M (Burgess, Daniel et al. 2015; Frélich and Huber

2017; North et al. 2019).

5.7. Conclusion

This study provides new methods to address CMA interrogations by incorporating
genetic information related to exposure and mediator to correct confounding bias.
MRIinCMA can be easily applied in a wide range of epidemiological and clinical
scenarios, regardless the nature of the variables and it could be considered as a
solution in those studies where the main objective is to apply CMA, but confounding

assumptions do not hold.
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Chapter 6

In this chapter I present a new approach proposed to avoid potential collider bias
when Mendelian Randomization analyses are stratified by a collider variable. This new
extension allows researchers to conduct MR in subgroups of the population while

avoiding introducing bias.

6.1. Abstract
Background

Mendelian randomization (MR) uses genetic variants as instrumental variables to
investigate the causal effect of a risk factor on an outcome. A collider is a variable
influenced by two or more other variables. Naive calculation of MR estimates in strata
of the population defined by a collider, such as a variable affected by the risk factor

can result in collider bias.

Methods

We propose an approach that allows MR estimation in strata of the population while
avoiding collider bias. This approach constructs a new variable, the residual collider,
as the residual from regression of the collider on the genetic instrument, and then
calculates causal estimates in strata defined by quantiles of the residual collider.

Estimates stratified on the residual collider will typically have an equivalent
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interpretation to estimates stratified on the collider, but they are not subject to
collider bias. We apply the approach in several simulation scenarios considering
different characteristics of the collider variable and strengths of the instrument. We
then apply the proposed approach to investigate the causal effect of smoking on

bladder cancer in strata of the population defined by bodyweight.

Results

The new approach generated unbiased estimates in all the simulation settings. In the
applied example, we observed a trend in the stratum-specific MR estimates at
different bodyweight levels that suggested stronger effects of smoking on bladder

cancer among individuals with lower bodyweight.

Conclusions

The proposed approach can be used to perform MR studying heterogeneity among

subgroups of the population while avoiding collider bias.

Publication

We present the paper that has been submitted to the European Journal of
Epidemiology, which is now under the second revision.

Published in MedRxiv, August 2021:
https://www.medrxiv.org/content/10.1101/2021.08.17.21262178v1
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6.2. Introduction

Mendelian randomization (MR) is the use of genetic variants as instrumental variables
to assess the causal relationship between a risk factor and an outcome (Burgess et
al. 2015; Haycock et al. 2016). A valid instrumental variable (IV), or genetic
instrument, must meet the following assumptions (Burgess et al. 2016): IV1, the
instrument is associated with the risk factor; IV2, the instrument cannot affect the
outcome directly, only potentially indirectly via the risk factor; and IV3, the
instrument is not associated with any measured or unmeasured confounders (Figure
14A). If these assumptions are satisfied, an association of the instrument with the
outcome is indicative of a causal effect of the risk factor on the outcome (Haycock et
al. 2016; Hernan and Robins 2006). For point estimation of a causal effect, a further
parametric assumption (known as IV4) is required. Two common assumptions are 1)
monotonicity: the effect of the IV on the exposure is in the same direction (either an
increase or a decrease) for all individuals in the population; or 2) homogeneity: a
sufficient assumption is that the causal effect of the exposure on the outcome is
constant for all individuals in the population (Herndan and Robins 2006). Under
monotonicity, the IV estimate can be interpreted as a local average causal effect;
under homogeneity, it can be interpreted as an average causal effect (Swanson and
Hernan 2013). If either the IV2 or IV3 assumption is not satisfied, then the
instrument could be associated with the outcome in the absence of a causal effect of
the risk factor. However, only the IV1 assumption can be verified based on measured
data (Bowden et al. 2016).

Collider bias can occur when conditioning on a collider, defined as a variable that is
a common effect of two or more variables (Hernan et al. 2004; Munafo et al. 2018;
Paternoster et al. 2017; Pearl 1995). The existence of a collider can be recognized in
a causal diagram when there are two arrows pointing at the same variable; the node
at which the arrowheads “collide” together is a collider. For example, in the standard
MR diagram, the risk factor is a collider as it is affected by both the instrument and
the confounders. Moreover, any variable that is a causal descendent of a collider is
also affected by the same variables and so is itself a collider; hence in MR any variable
influenced by the risk factor is a collider (Figure 14B). Even if the variables influencing
a collider are independent, they will typically become dependent when conditioning
on the collider. Hence conditioning on a variable affected by the risk factor will
typically generate a conditional association between the instrument and the
confounders, violating the IV3 assumption, and biasing Mendelian randomization

estimates of the risk factor on the outcome.
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Selection bias is a form of collider bias that occurs when selection of individuals into
a dataset is dependent on a collider. For example, when disease progression is
considered as an outcome, only patients who have already developed the disease
would be recruited into the study (Paternoster et al. 2017). If the risk of developing
the disease is influenced by the risk factor, then it is a collider when considering
disease progression as the outcome, and selection of the study sample would result
in collider bias. Several papers related to selection bias in the context of IV analysis
and MR have been already published (Boef et al. 2015; Canan et al. 2017; Gkatzionis
and Burgess 2019; Hughes et al. 2019; Smit et al. 2019). Inverse probability
weighting (IPW) on the probability of selection has been proposed as a method to

avoid selection bias (Canan et al. 2017; Gkatzionis and Burgess 2019).

A) Confounders B) Confounders
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Figure 14. Directed Acyclic Graphs (DAGS) illustrating relationships between the variables.

A) Mendelian Randomization causal diagram with the instrumental variable assumptions. The dashed
lines between G and Y and between G and U, represent violations of the IV2 and IV3 assumptions
respectively.

B) DAG considering a collider variable C, being a common child of genetic instrument G and confounders
U. When conditioning on C (indicated by the square box on C), G and U become correlated (dashed
line between G and U) and a violation of the IV3 assumption occurs.

C) DAG considering a collider variable C, being a common child of risk factor X and outcome Y.

D) DAG illustrating the variables and parameters used for the simulation study. Dash line from Y to C
correspond to simulation scenarios B1 to B3

Collider bias could also occur when stratifying the population based on a collider. As
an example, we consider investigating the causal effect of the risk factor on the
outcome for individuals with specific levels of a stratifying variable. Stratification is
important for identifying whether there are subgroups of the population for which

causal effects of the risk factor are different, and so the outcome would be affected
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more strongly by an intervention on the risk factor. However, if the stratifying
variable is a collider, an association between the instrument and the outcome in
strata of the population could arise due to collider bias, invalidating the results. In
particular, collider bias could affect some estimates more than others, leading to
heterogeneity in the stratum-specific causal estimates even if the true causal effect
is the same across strata. Although several previous papers have considered collider
bias arising due to differential selection into the study sample (Canan et al. 2017;
Gkatzionis and Burgess 2019; Swanson 2019), including when selection is driven by
differential survival (a specific example of collider bias known as survival bias) (Hu
and Mustillo 2016; Martinussen et al. 2017; Tchetgen et al. 2015), we are not aware
of previous work considering the impact of stratification on a collider variable. IPW is
unlikely to be a viable solution in this case, as the stratifying variable is typically

continuous.

The aim of this paper is to present an MR approach that obtains estimates in strata
of the population that do not suffer from collider bias. The structure of this paper is
as follows: first, we demonstrate the bias that arises from conditioning on a collider;
second, we propose an approach to calculate MR estimates in strata of the population
and evaluate heterogeneity between estimates in the different strata; third, we
illustrate this new technique in simulation studies and an applied example using the
UK Biobank resource; and finally, we discuss the interpretation of estimates and

limitations of the approach.
6.3. Methods

6.3.1. Illustration of collider bias

The simplest MR method to estimate the causal effect of a risk factor X on outcome
Y with a genetic instrument G is the ratio method (S Burgess et al. 2017). With a

single instrument, a continuous risk factor and outcome, and under assumptions of

linearity and no effect modification, the ratio estimate previously defined in [23] is:

o B

S, where ﬁ'YG the coefficient from regressing Y on G, and BXG is the coefficient
XG

from regressing X on G (Burgess, Small et al. 2017). If data on G, X, and Y are
available in the same individuals (known as “one-sample MR"”), the same estimate

with a single IV can be obtained using the two-stage-least-squares method.

Collider bias will occur when adjusting for a collider variable C in the regression

models for the ratio estimate, since an association between the instrument and the
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outcome will occur through conditioning on the collider. To demonstrate the impact
and magnitude of collider bias, we performed a simulation study in which we

compared estimates when no adjustment on C is made versus when the outcome
regression is adjusted for C. It is also possible to adjust the risk factor regression for

C; however, while this will distort estimates, this adjustment alone will not bias

causal estimates when the true causal effect is null.
6.3.2. Stratification in Mendelian randomization

To further illustrate the impact of collider bias, we performed a simulation study in
which we calculated causal estimates using the ratio method within strata of the
population defined using a variable that is influenced by the risk factor, and hence is
a collider. We compared two approaches: first, we stratified directly on the collider
C, and second, we stratified on a new variable Cp, referred to as the “residual
collider”. The residual collider was generated as the residual from regression of the

collider on the genetic instruments:

C,=C —C, where C are the fitted values from regression of C on G.

The residual collider Co is not associated with the instrument, and hence it is not itself
a collider. It is influenced by the component of the risk factor that is not a function
of G, but not by the component that is a function of G. However, provided that the
genetic instrument does not explain much of the variance in the risk factor (as is
typical in a MR application), it is likely not to explain much of the variance in the
collider, and so the residual collider will be highly correlated with the collider. Hence,
while stratifying on the residual collider is important to avoid bias, the strata defined
by stratifying on the collider or residual collider are likely to be similar and so any
difference in the interpretation of stratum-specific estimates is minimal. If the genetic
instrument explains a substantial portion of variance in the risk factor, then the

residual collider will not be as highly correlated with the collider.

Here we considered estimates in four strata of the population defined by quartiles of
the distribution of the collider or residual collider; however, in practice any number
of strata could be considered. We estimated genetic associations with the outcome
in each stratum separately. We estimated genetic associations with the risk factor in
the full dataset, although if it is believed that these associations vary between strata,
it would be possible to estimate these within each stratum as well. The stratum-
specific estimate is calculated as the ratio of the stratum-specific genetic association
with the outcome divided by the genetic association with the risk factor. The

interpretation of stratum-specific estimates is equivalent to that of IV estimates
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obtained in the whole population; depending on the version of the IV4 assumption,
they either target an average or a local average causal effect. We also investigated
heterogeneity between the stratum-specific estimates using Cochran’s Q statistic
(Higgins et al. 2003), and (in the applied example) we examined the presence of a
trend in the estimates by meta-regression of the stratum-specific estimates on the

median value of the collider in each stratum (Thompson and Higgins 2002).
6.4. Simulation set-up

To investigate the impact of collider bias in realistic scenarios, we generated

simulated data using the following data-generating model:

G,U,&,,&,6 ~ N(0,1) independently

X=a,+aG+al +¢&, [38]
Y=5+pX+pU +e [39]
C=py+uX+uU+e¢. [40]

We simulated the instrument G, the confounder U, and the error terms for X, Y and
C, ex ey and ec, as independent normally distributed variables. The risk factor X is
defined as a linear combination of the instrument, the confounder, and the error term.
The outcome Y and the collider C are both linear combinations of the risk factor,
confounder, and their error terms. In each simulated dataset, we also generated the

residual collider Co as the residual from regression of C on G as previously described.

The causal estimate of interest is 1, while a2 and 2 represent the effects of U on X
and Y respectively; a1 is the effect of G on X; and U1 and 2 are the effects of X and

U on C, respectively.

We considered three scenarios based on the parameter f1: Scenario A1, where there

is a null causal effect of X on Y (3, =0) ; Scenario A2, where the effect is constant
and positive (£, =0.5); and Scenario A3, where the effect depends on the collider
(£,=0.5+0.2C) . In Scenario Al, we considered estimates from the ratio method

with and without adjustment for the collider. In Scenarios A2 and A3, we consider

stratum-specific estimates from stratification on the collider C or the residual collider

Co.
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We varied the other parameters to consider the impact of different settings on collider
bias:

i) a1=(0.05,0.1,0.3), in order to study the impact of the strength of the

instrument on estimates.
ii) Positive confounding (&, =0.8, 3, =0.8), negative (a, =-0.8, 8, =-0.8)

and mixed (a,=0.8, B, =-0.8), to study how the direction of confounding

affects the estimates.

iii) 44 and 1, =(—l,—0.5,0,0.5,1) to study how the strength of the collider

effects influences bias.

We also considered scenarios where the collider is a common effect of X and Y (Figure

14C). In these scenarios, the collider is generated as:

C = gty + 4. X + U + 1Y + &, where g, =0.3 and p,=(-1,-05,0,0.5,1).

In Scenario B1, the causal effect of X on Y is null (,Hl =0) , in Scenario B2, the causal
effect is constant and positive (f,=0.5), and in Scenario B3, the causal effect

depends on U (,Bl =0.5+0.2U ), as it is not possible for the causal effect to depend

on C when C is a function of Y.

Finally, we investigated additional scenarios with a binary outcome Y. We generate
Y from a Binomial distribution where the probability is obtained from a logit

transformation as:

logit(P(Y =1))= B, + BX + BU , where B, =0.5.

In Scenario C1, the causal effect of X on Y is null (ﬁl = 0) , in Scenario C2, the causal

effect is constant and positive (,8120.5) and in Scenario C3, the causal effect

depends on C (f,=0.5+0.2C).

In the binary outcome scenarios, genetic associations with the outcome were

estimated by logistic regression. For these additional scenarios, we only consider
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a,=0.1 and the positive confounding values; otherwise, we consider all parameters as

in scenarios Al to A3.

We considered a sample size of n = 10,000 and m = 500 replications for each set of
parameter values. A directed acyclic graph illustrating the simulation parameters is

shown in Figure 13D.

6.5. Applied example: effect of tobacco smoking on bladder cancer risk
across bodyweight strata

We applied the proposed MR stratification approach to investigate the causal effect
of tobacco smoking on bladder cancer across strata of the population defined by
bodyweight. Tobacco smoking is one of the strongest risk factors for cancer, and it
has already been reported to be causally associated with bladder cancer risk in a
previous Mendelian randomization study (Larsson et al. 2020). With our current
example, the objective was to investigate whether the effect of smoking on the risk
of developing bladder cancer is homogeneous across the bodyweight distribution of
the population, while avoiding potential collider bias by applying our new stratification

approach.

We performed analyses in the UK Biobank study, a population-based cohort of more
than 500,000 United Kingdom residents recruited between 2006 and 2010 (Sudlow
et al. 2015). For our analysis, we restricted to unrelated European ancestry
participants, resulting in a final sample size of 367,643 individuals following sample
selection and quality control procedures as described previously (Larsson et al.
2020). The risk factor is a binary variable representing the smoking behaviour,
defined as being a current smoker versus a former or never smoker; the stratifying
variable is bodyweight, measured in kg; and the binary outcome is bladder cancer
status, defined based on the data from national registries (International Classification
of Diseases 9t edition codes: 188, 189.1, 189.2, V10.51, V10.53; or International
Classification of Diseases 10t edition codes: C67, C65, C66, Z85.51, Z85.54,
Z85.53), and self-reported information from an interview with a nurse practitioner.
The instrument for smoking was a weighted genetic risk score comprising 378
conditionally independent SNPs obtained from a genome-wide association study
(GWAS) assessing associations with smoking initiation (i.e., probability of ever
smoked regularly), and weighted by the associations with smoking initiation (Liu et
al. 2019). Genetic associations with the risk factor and outcome were obtained by
logistic regression in UK Biobank with adjustment for age, sex, and 10 genomic

principal components. While age, sex, and principal components cannot logically be
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colliders as they are not affected by the risk factor or outcome, bodyweight is likely

to be a collider, as it is influenced by smoking status (Taylor et al. 2019).

6.6. Results

6.6.1. Illustration of collider bias

Results from Scenario Al ( 8 =0, null causal effect) are presented in Table 10 for
a, =0.1 (corresponding to R?=0.006 for the mean proportion of variance in the risk
factor explained by the instrument and a mean F statistic of 60.8) and Tables F1 and
F2 (Appendix F), for o, =0.3(corresponding to R?=0.051, mean F statistic of 548.6)
and ¢, =0.05 (corresponding to R?=0.001, mean F statistic of 15.3). In each case,
we report the median estimate of g, across simulations, and the empirical type I

error rate, representing the proportion of simulated datasets where the 95%
confidence interval for the ratio estimate excludes zero. With no adjustment for the
collider, median estimates were close to zero and empirical type I error rate was
close to the expected value of 5%. When adjusting for the collider in the regression

of Y on G, estimates were biased, and type I error rates were substantially above

5%. The only exception was for 4 =0; in this case, the variable C is not a function

of the risk factor, and so does not act as a collider. Bias and type I error rates

generally increased for more extreme values of ,, and g, (both positive and
negative values). The direction of bias depended on 4, and 4, and the direction of

confounding.
6.6.2. Stratification in Mendelian randomization

Results from Scenario A2 ( g, =0.5, constant positive effect) are presented in Table
11 for ¢ =0.1 with positive confounding. Table F3 shows results for ¢ =0.1 with
negative and mixed confounding, and Table F4 and F5, for¢, =0.3 and «, =0.05. We
report the median estimate of g, in four strata of the sample defined by quartiles of

the collider C or residual collider Cy, and the proportion of simulated datasets for
which the heterogeneity test statistic is rejected. When stratifying on the collider,
median estimates were somewhat variable between the strata, although the
proportion of datasets in which the heterogeneity test rejects the null hypothesis of
homogeneity was not much above 5% in any scenario, reaching a maximum of 11%

when «, =0.3. However, if we considered stronger instruments or larger sample
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sizes, we would see this proportion considerably exceed 5% (see Table F6 where we

first set , =0.5 and n=10,000, and then set « =0.1 and n = 50,000, and the type

I error rate reached 16% in each case). This was due to increased precision of
estimates; the magnitude of bias did not depend strongly on instrument strength.
Median estimates differed substantially from the true value of 0.5 across strata,
especially when the collider was strongly affected by the risk factor. In contrast, when

stratifying on the residual collider, median estimates of B were close to 0.5

throughout, and there was no suggestion in any case that the heterogeneity test

rejected the null above the expected 5% rate.

Results from Scenario A3 (variable effect) are presented in Table 12 for  =0.1 with
positive confounding. Table F7 shows results for o, =0.1 with negative and mixed
confounding, and Table F8 and F9 for ¢ =03 and ¢, =0.05.Estimates differed

somewhat when stratifying on the collider versus the residual collider, although in
both cases median estimates increased across the four strata. The proportion of
datasets in which the heterogeneity test was rejected, which in this case represents
the empirical power to detect heterogeneity in the stratum-specific estimates, was
consistently higher when stratifying on the residual collider, indicating that true
differences in the stratum-specific estimates were better detected when stratifying

on the residual collider.
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Positive confounding (a2 and B2 = 0.8)

Negative confounding (a2 and B2=-0.8)

Mixed confounding

a2=0.8 and B2=-0.8)

Median Type | error Median Type | error Median Type | error Median Type | error Median Type | error Median Type | error
estimate rate (%) estimate rate (%) estimate rate (%) estimate rate (%) estimate rate (%) estimate rate (%)

M M2 No adjust for collider Adjust Y/G for collider No adjust for collider Adjust Y/G for collider No adjust for collider Adjust Y/G for collider
-1 -1 0.01 7% -0.27 70% 0.01 5% 0.09 10% 0.00 5% 0.28 69%
-0.5 0.00 6% -0.28 66% -0.01 3% -0.12 15% 0.00 6% 0.29 69%
0 0.00 5% -0.24 50% -0.01 4% -0.26 53% 0.01 5% 0.25 54%
0.5 0.01 6% -0.10 15% 0.01 6% -0.28 69% 0.00 6% 0.12 15%
1 0.00 5% 0.08 8% 0.01 3% -0.27 68% 0.00 4% -0.08 11%
0.5 -1 0.01 6% -0.16 30% 0.00 6% 0.15 21% 0.00 5% 0.17 34%
0.5 0.00 6% 0.18 32% 0.00 5% 0.04 % 0.01 4% 0.18 30%
0 0.00 5% -0.11 16% 0.00 3% -0.12 14% 0.00 3% 0.11 14%
0.5 -0.01 5% 0.02 5% 0.00 6% -0.17 30% 0.00 4% -0.03 7%
1 0.01 5% 0.15 25% 0.00 6% -0.18 34% 0.01 4% -0.15 21%
0 -1 -0.01 % 0.00 6% 0.00 6% 0.00 6% 0.00 6% 0.00 6%
0.5 0.00 % 0.00 6% 0.00 6% 0.00 6% 0.00 5% -0.01 5%
0 0.00 6% 0.01 6% 0.01 6% 0.01 6% 0.00 6% 0.00 6%
0.5 -0.01 6% 0.00 6% 0.00 5% 0.00 6% 0.00 % 0.00 %
1 0.00 5% 0.01 6% 0.00 4% 0.00 4% -0.01 6% -0.01 5%
0.5 -1 0.01 4% 0.16 22% 0.01 6% -0.17 35% 0.00 4% -0.15 23%
0.5 -0.01 5% 0.02 5% -0.01 % -0.19 36% 0.01 6% -0.03 %
0 0.00 5% -0.11 14% 0.00 4% -0.11 15% -0.01 4% 0.10 15%
0.5 0.01 4% -0.17 28% 0.00 5% 0.03 % 0.00 5% 0.18 34%
1 0.01 6% -0.17 31% 0.01 5% 0.15 23% 0.00 5% 0.17 33%
1 -1 0.01 5% 0.08 8% 0.01 5% -0.27 70% 0.01 3% -0.07 9%
-0.5 0.01 4% -0.10 13% 0.01 5% -0.27 64% -0.01 5% 0.11 18%
0 0.01 6% -0.24 52% 0.00 5% -0.24 50% -0.01 3% 0.24 48%
0.5 0.01 5% -0.27 66% 0.01 4% -0.11 15% 0.00 4% 0.28 66%
1 0.01 4% -0.26 68% 0.00 4% 0.08 10% 0.02 5% 0.29 75%

Table 10. Median of B, estimates and empirical Type I error rates for Scenario Al (null causal effect, g, =0) with positive, negative, and mixed confounding, and «, =0.1.
Empirical Type I error rate represents the proportion of simulated datasets where the null hypothesis is not rejected
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Positive confounding (o2 and B2=0.8)
Stratifying on collider, C Stratifying on residual collider, Co
” "2 hz:gg:r:zsy Median estimates !Vledian !Vledian Median hz:cr:g;:z;y !Vledian I_Vledian I_Vledian !Vledian
rejected (%) Q1 estimates Q2 estimates Q3 estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4
-1 -1 8% 0.11 -0.01 0.01 0.10 8% 0.49 0.48 0.49 0.50
-0.5 6% 0.09 -0.05 -0.05 0.09 5% 0.53 0.48 0.51 0.53
0 % 0.07 0.01 -0.04 0.07 6% 0.50 0.52 0.50 0.49
05 7% 0.19 0.10 0.09 0.17 6% 0.49 0.50 0.49 0.48
1 4% 0.41 0.37 0.40 0.40 4% 0.50 0.48 0.52 0.49
05 -1 7% 0.30 0.21 0.23 0.26 5% 0.53 0.53 0.52 0.48
-0.5 5% 0.24 0.16 0.18 0.25 5% 0.48 0.47 0.51 0.48
0 4% 0.29 0.23 0.21 0.29 4% 0.50 0.47 0.45 0.49
0.5 6% 047 0.42 047 0.46 6% 0.50 0.50 0.50 0.50
1 3% 0.59 0.65 0.64 0.60 5% 0.48 0.50 0.51 0.50
0 -1 6% 0.50 0.50 0.48 0.48 6% 0.51 0.50 0.48 0.47
-0.5 4% 0.48 0.48 0.52 0.50 4% 0.47 0.47 0.52 0.50
0 4% 0.49 0.48 0.51 0.52 4% 0.49 0.49 0.51 0.51
05 5% 0.52 0.49 0.49 0.53 6% 0.54 0.49 0.48 0.53
1 4% 0.48 0.48 0.51 0.49 4% 0.48 047 0.52 0.50
0.5 -1 4% 0.62 0.63 0.66 0.63 4% 0.51 0.49 0.52 0.52
-0.5 5% 0.45 0.44 0.44 047 4% 0.49 0.50 0.49 0.51
0 4% 0.32 0.23 0.23 0.29 4% 0.51 0.51 0.47 0.49
0.5 5% 0.25 0.18 0.19 0.25 3% 0.51 0.49 0.52 0.50
1 5% 0.26 0.23 0.20 0.28 5% 0.46 0.51 0.49 0.50
1 -1 5% 0.41 0.37 0.34 0.40 5% 0.49 0.50 0.46 0.49
-0.5 5% 0.16 0.1 0.09 0.21 4% 0.49 0.49 0.50 0.51
0 6% 0.12 -0.03 0.00 0.11 6% 0.50 0.50 0.53 0.51
05 6% 0.04 -0.03 -0.02 0.07 4% 0.47 0.51 0.51 0.50
1 6% 0.14 0.00 0.03 0.10 6% 0.54 0.49 0.50 0.49

Table 11. Median of causal estimates in different quartiles, and proportion of datasets in which the homogeneity test was rejected for Scenario A2 (fixed causal effect of
B: =0.5) with positive confounding and «; =0.1

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Positive confounding (a2 and .= 0.8)

Stratifying on collider, C

Stratifying on residual collider, Co

Proportion Median Median Median Median Proportion Median Median Median Median

[V F V homogeneity estimates estimates estimates estimates homogeneity estimates estimates estimates estimates
rejected (%) Q1 Q2 Q3 Q4 rejected (%) Q1 Q2 Q3 Q4

-1 -1 48% -0.39 -0.07 0.14 0.58 95% -0.46 0.19 0.64 1.27
-0.5 30% -0.33 -0.06 0.00 0.44 88% -0.36 0.24 0.59 1.15

0 19% -0.25 -0.08 0.00 0.38 78% -0.25 0.22 0.55 1.09
05 15% -0.11 0.05 0.14 0.46 61% -0.19 0.24 0.56 0.99

1 16% 0.09 0.32 0.44 0.63 40% -0.09 0.28 0.54 0.88
05 -1 36% -0.11 0.15 0.32 0.71 68% -0.07 0.34 0.64 1.08
0.5 19% -0.07 0.14 0.30 0.58 48% -0.01 0.38 0.64 0.94

0 14% 0.08 0.23 0.36 0.57 25% 0.11 0.41 0.59 0.87
0.5 1% 0.22 0.46 0.55 0.76 16% 0.16 043 0.56 0.83

1 16% 0.35 0.58 0.77 0.98 16% 0.19 0.40 0.57 0.81

0 -1 24% 0.24 0.49 0.66 0.95 24% 0.24 0.51 0.70 0.94
-0.5 14% 0.33 0.52 0.67 0.90 15% 0.33 0.50 0.66 0.89

0 13% 0.34 0.52 0.66 0.86 13% 0.35 0.53 0.66 0.87

05 13% 0.33 0.51 0.69 0.88 13% 0.33 0.52 0.69 0.89

1 25% 0.24 0.51 0.69 0.98 26% 0.25 0.52 0.70 0.99

05 -1 18% 0.45 0.69 0.87 1.07 18% 0.38 0.59 0.77 1.01
-0.5 15% 0.34 0.50 0.64 0.88 18% 0.37 0.61 0.79 1.03

0 14% 0.17 0.30 0.41 0.68 26% 0.30 0.61 0.77 1.07

0.5 19% 0.05 0.22 0.37 0.72 45% 0.20 0.57 0.84 1.17

1 34% 0.00 0.25 0.41 0.81 63% 0.13 0.56 0.83 1.27

1 -1 16% 0.25 0.46 0.55 0.88 40% 0.26 0.68 0.90 1.33
-0.5 12% 0.03 0.16 0.30 0.58 53% 0.19 0.65 0.97 1.37

0 18% -0.10 -0.02 0.11 0.49 70% 0.13 0.63 0.97 1.46

05 23% -0.16 -0.02 0.11 0.60 83% 0.04 0.59 0.98 1.54

1 35% -0.23 0.01 0.20 0.71 94% -0.07 0.55 1.04 1.65

Table 12. Median of causal estimates in different quartiles, and proportion of datasets in which the homogeneity test was rejected for Scenario A3 (varying causal effect)

with positive confounding and «; =0.1
Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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6.6.3. Additional scenarios

In Scenarios B1, B2 and B3, where the collider was a function of both the risk factor
and outcome, similar results were observed, with collider bias evident when
conditioning on the collider (Table F10) and when stratifying on the collider (Table
F11). Collider bias in Scenarios B1 and B2 was greater compared with Scenarios Al
and A2 where the collider was a function of the risk factor only. Similarly, bias was
not observed when stratifying on the residual collider (Table F11). For Scenario B3,
the power of the homogeneity test was lower in comparison to Scenario A3 (Table
F11), as the dependence of effect heterogeneity on the collider was weaker; however,
heterogeneity was detected more often when stratifying on the residual collider than

on the collider.

For Scenarios C1, C2 and C3, where the outcome was binary, again similar results
were observed, with collider bias evident when conditioning on the collider in Scenario
C1 (Table F12) and when stratifying on the collider in Scenarios C2 and C3 (Table
F13). Bias was smaller than in cases with a continuous outcome, although direct
comparison is somewhat unfair as estimates with a binary outcome were obtained
from logistic regression and so represent log odds ratios. Estimates when stratifying
on the residual collider were slightly attenuated from 0.5 due to the non-collapsibility
of the odds ratio (Burgess 2013, 2017). Despite this, in Scenario C2 we observed
similar estimates across the different strata of Cy for each set of parameter values.
Similarly, in Scenario C3 we observed that median stratum-specific estimates
increased across the four strata when stratifying on either the collider or residual
collider. Power to detect heterogeneity was lower compared with Scenario A3 as the
stratum-specific estimates are less precise, although again power was consistently

higher when stratifying on the residual collider.

6.6.4. Applied example: effect of tobacco smoking on bladder cancer risk
across bodyweight strata

Estimates for the causal effect of smoking on bladder cancer in strata of bodyweight
and residual bodyweight are shown in Table 13. Estimates represent the odds ratio
for bladder cancer per one unit increase in the log odds of being a current smoker.
Estimates were positive in all strata, although larger in strata 1 and 2 for both
bodyweight and residual bodyweight, and 95% confidence intervals excluded the null
in these strata only. Although the homogeneity test was not rejected for either
collider variable (p-value = 0.151 and p-value = 0.084 for bodyweight and residual
bodyweight, respectively), there was evidence of trend in the stratum-specific
estimates for residual bodyweight from meta-regression on the mean value of

bodyweight in each stratum (p-value = 0.019). These results suggest that the effect

129



Statistical techniques for estimating causal effects in biomedical research

of smoking on bladder cancer is stronger for subgroups of the population with lower

bodyweight.
Bodyweight Quartile Heterogeneity  Trend
OR [95%Cl] Test test
Qi Q. Qs Qs p-value p-value
Stratifying on 1.59 1.58 1.13 1.11 0451 0.051
bodyweight [1.08; 2.33] [1.16; 2.14] [0.87; 1.45] [0.88; 1.41] : :
Stratifying on
residual i 01)'-621 37] i 2:3'-7 g 3] 0 917'-2:3 62] 0 817'-1:) 39] 0.084 0.019
bodyweight e R R R

Table 13. Applied example using UK Biobank to investigate the effect of smoking status on bladder cancer
risk in different bodyweight strata.

Bodyweight Qi, Q2, Qs3, Q4, represent the four quartiles for both collider and residual collider in which the
causal effect of smoking on bladder cancer risk is estimated.

Odds ratios (OR) and 95% confidence intervals (95% CI) for bladder cancer are represent estimates per
one unit increase in the log odds of being a current smoker.

6.7. Discussion

In this chapter, we have demonstrated that conditioning or stratifying on a variable
that is a collider can have a serious impact on MR estimates. We have introduced a
simple approach that constructs a new variable, the residual collider, which is
typically highly correlated with the collider, but is independent of the instrument.
Estimates obtained from stratification on the residual collider did not suffer from bias
in a range of simulation studies. Stratification on the residual collider allows
investigators to explore causal estimation in relevant subgroups of the population.
We applied our new approach to demonstrate that MR estimates for the effect of
smoking on bladder cancer differ within strata of bodyweight, suggesting that the

effect of smoking is stronger for subgroups of the population with lower bodyweight.

The approach of stratifying on the residual collider follows the same logic as a
previously proposed method for non-linear MR, in which causal estimates are
obtained in strata of the population defined by the “residual risk factor” or “IV-free
exposure” (Burgess et al. 2014; Staley and Burgess 2017). This variable is defined
similarly to the residual collider, except the collider variable is the risk factor itself.
This method has been used previously to estimate the causal effect of blood pressure
on coronary heart disease risk within strata of blood pressure, resulting in a curve
that represents the shape of the causal relationship between the risk factor and the
outcome (Malik et al. 2021). This paper extends on that method, showing that the
same idea can be used to provide causal estimates stratified on a separate variable
even if that variable is a collider. A strength of this method is that its implementation
does not depend on the causal structure of the data, in particular the relationships

between the collider and other variables in the model.
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There are some limitations to this approach. First, while the independence of the
residual collider from the instrument is theoretically justified, we demonstrated the
validity of our approach through simulation studies. Although we considered a range
of different scenarios and parameter values, it is not possible to consider every
possible data-generating mechanism by which that a collider could arise. Second, in
practice, the relationships between variables are unknown, and so it may be unclear
whether a proposed stratifying variable is a collider. However, even if the variable is
not a collider, it is unlikely stratification on the residual variable will lead to invalid
estimates, suggesting that this approach would be valid for stratifying on variables
that are not colliders. This was demonstrated in the simulation study when the effect
of the risk factor on the “collider” was zero (p; = 0), and so the stratifying variable
was not a collider. One exception is if the stratifying variable is on the causal pathway
from the risk factor to the outcome. Stratification on such a variable (a “"mediator”)
will lead to biased estimates even in the proposed approach. Third, the degree of
collider bias depends on the strength of the effects of the risk factor and confounder
on the collider, and the direction of confounding. Previous work provides an analytical
solution to estimate the magnitude of selection bias (Elwert and Segarra 2020). It is
possible that collider bias may not be substantial in practice, as observed in the
applied example, where estimates were broadly similar when stratifying on
bodyweight or residual bodyweight. However, the power to detect heterogeneity in
stratum-specific estimates in the simulation study was greater when stratifying on
the residual collider, especially when the proportion of variance of the risk factor
explained by the instrument was higher. This was also observed in the applied
example, where a lower p-value was observed in both the heterogeneity test and the
trend test when stratifying on residual bodyweight. Finally, we assumed that the IV
assumptions hold; if they do not, estimates will typically be biased. However, several
estimation methods that are robust to IV violations are available that allow for

consistent estimation under a weaker set of assumptions (Slob and Burgess 2020).

The finding that the effect of smoking on bladder cancer is greater in lower
bodyweight subgroups is plausible, because for any given level of cigarette
consumption smaller individuals will tend to be exposed to greater concentrations of
carcinogens (Luo et al. 2011). An alternative explanation is that the genetic variants
could associate more strongly with smoking intensity in individuals of lower
bodyweight. However, we would be cautious not to interpret estimates in the higher
bodyweight quartiles as implying an absence of a causal effect in heavier individuals;
it is possible that the null estimates reflect limited power. Another possible
explanation for the results observed is differential survival bias induced by the age

of UK Biobank participants. However, as UK Biobank participants were recruited at a
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relatively young age (40-65 years), substantial survival bias is unlikely. A limitation
of the applied example is overlap between the discovery dataset for the genetic
variants, and the dataset used in the MR analysis, which can lead to winner’s curse,

and the one-sample setting, which can lead to weak instrument bias.

In conclusion, we recommend that researchers performing MR to investigate causal
effects in strata of a population defined by a collider stratify on residual values of the

collider rather than stratifying on the collider directly.
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Chapter 7

In this doctoral thesis, I have extensively reviewed the causal inference methodology,
I have applied different statistical approaches to estimate the causal effect of an
exposure/treatment on an outcome in both clinical and epidemiological settings under
the framework of observational studies and, importantly, I propose further

developments to address some of the limitations in the field.

The main limitations of observational studies are the emergence of spurious findings
because of the lack of randomization, as well as the presence of confounding bias if
proper methodology is not used. In the clinical practice, i.e., in studies that involve
intensive care unit (ICU) patients (Chapter 2) and venous thromboembolism patients
(Chapter 3), the assigned treatment is usually based on the severity of the disease
and randomization is not feasible or unethical. On the other hand, classic
epidemiological studies rely on subjects’ self-reported information on past exposures
allowing to group them as exposed and not-exposed without any randomized
intervention. The lack of randomization, in both clinical and epidemiological
scenarios, may generate biases in the estimation of the causal effect of interest
(Hernan and Robins 2020; Pearl 2010a). This justifies the need to study and develop
proper methodology allowing the adjustment for potential confounders to obtain

unbiased causal estimates.
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The Propensity Score (PS) approach is an increasingly popular causal inference
method, commonly used in studies involving ICU patients. Using this methods offer
several advantages over classic regression models, i.e., logistic regression, and we
implemented it to answer two different clinical questions, based on data from an ICU
database (Chapter 2).

In the presence of confounding, when the distribution of the baseline covariates
differed between treated and untreated patients and also between patients with and
without the event, we showed that the two approaches differed in their causal
estimates. In particular, we estimated the causal effect of the neuromuscular blockers
(the exposure) on delirium events (the outcome) and unlike logistic regression

model, a non-significant effect of the exposure was obtained when considering PS.

However, in the absence of confounding, when baseline characteristics were balanced
between both the exposure and the outcome groups, results from both approaches
were similar in terms of point estimation and confidence intervals. Specifically, we
studied the effect of the interruption of sedation on mortality where we observed that

both PS and classic logistic regression led to analogous results.

The differences between both methodologies (i.e., PS and logistic regression) are
related with the frequency of the events and the number of variables used for
adjustment. Following Peduzzi et al. (1996), the optimal number of covariates to
adjust for in a logistic regression model is related with the number of events observed
in the outcome (i.e., 1 covariate per 10 events observed). The same consideration is
valid for the Propensity Score, whereas the probability of receiving the treatment is
modelled (i.e., 1 covariate per 10 treated patients observed). When the outcome is
a rare disease, or it presents low frequency of events, the use of the PS would allow

to adjust for more covariates than logistic regression models.

Moreover, similar results in terms of relative odds-ratio and confidence intervals were
obtained when comparing PS and Randomized Controlled Trials (RCTs). More
specifically, we run a systematic review and meta-analysis considering studies
involving the assessment of the effect of Venous Thromboembolism (VTE) treatments
on patients’ mortality (Chapter 3). In most of the scenarios considered, both

observational studies and RCT led to similar conclusions.

Therefore, we showed that PS is a valid method that can be used by clinicians who
are interested in studying the causal effect of a treatment on an outcome when all
the potential confounders are measured. However, when confounders are not

measured, PS is no longer valid, and biased results can be obtained. In such a case,
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other methods can be used to estimate a causal effect of interest when unmeasured

confounding is present.

The Mendelian Randomization (MR) approach is a novel and appealing causal
inference method allowing the estimation of the causal effect of an exposure on an

outcome when there are unmeasured confounders.

The advantage of this technique relies on the use of genetic variants as instrumental
variables. Here, we showed that different results were obtained by MR and logistic

regression models in specific scenarios.

In this framework, we focused on studying the causal effect of T2DM-subtypes (New-
Onset Diabetes Mellitus-NODM and Long-Standing Diabetes Mellitus-LSDM) and BMI-
obesity on pancreatic cancer risk. We observed a significative association between
LSDM and pancreatic cancer using a logistic regression model, i.e., association
probably caused by common causes of LSDM and PC. However, using the genetic
variants as instrumental variables in a MR model, this association was no longer
significant. On the other hand, logistic regression models and MR offered similar

results when analysing the causal effect of PC on NODM.

These results offered new insights for pancreatic cancer epidemiology studies as only
a few authors have studied the causal effect of diabetes on pancreatic cancer using
MR analysis (Carreras-Torres et al. 2017; Lu et al. 2020; Yuan et al. 2020), and none
of these studies differentiated between NODM and LSDM. Importantly, our results
suggested that although there was no evidence for a causal effect of LSDM on
pancreatic cancer risk, pancreatic cancer itself presented a significative causal effect

on NODM, which could be considered as an early sign of this disease.

However, despite the advantages that MR presents in terms of confounding bias,
other biases may be present. Therefore, we run several sensitivity analyses, such as
MR-Egger regression or MR-IVW method, to assess the presence of potential
pleiotropy or weak instrument bias. Furthermore, we used a multivariable Mendelian
Randomization (MVMR) where both T2DM-subtypes and obesity were considered as
exposures and correlated genetic variants were accounted for. With this method
pancreatic cancer kept showing a causal effect on NODM, reaching to the same
conclusions obtained in the single MR and in the logistic regression model. With that,
we showed that MR, including its extensions, can be used to estimate the causal
effect of an exposure on an outcome when the no unmeasured confounding

assumption does not hold.
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There are two main limitations (Bowden et al. 2015) in the context of MR analyses
that may generate biased results, and by which interpretations of the results must
done carefully. First, due to the low proportion of variation of the exposure explained
by the genetic variants, a large sample size is needed in order to obtain precise
estimates and to have enough statistical power (Burgess 2014; Burgess and Malarstig
2013; Burgess and Thompson 2011; Davies et al. 2018). In the practice, where the
sample size may not be large enough, results could be biased. The second main
constraint in MR is related to the IV assumptions, more specific, with the exclusion
restriction assumption (see Box 3) (Bowden et al. 2015). As VanderWeele et al.
(2014) described, there are many scenarios by which this assumption can be violated
in the practice, and by which biased results can be obtained. Based on these
limitations, cautious interpretations must be done when running MR analyses,
considering that causal estimates may be affected by external sources of bias that

were not considered in the analysis.

In addition to confounder variables, another type of variables that could also affect
the relationship between the exposure and the outcome are the mediators, defined
as consequences of the exposure, but causes of the outcome. One approach to model
mediation effects in the causal inference field is the Causal Mediation Analysis (CMA).
CMA relies on strong assumptions of unmeasured confounders, similarly to PS. This
technique is not commonly used in cancer epidemiology, but it may offer new insights
regarding causal pathways among two exposures and the outcome. We applied, for
the first time, CMA to study the mediation effects between T2DM-subtypes and
obesity on pancreatic cancer risk. The results obtained suggested that LSDM could
act as mediator between obesity and pancreatic cancer and, in the other way around,
they showed evidence that obesity can also be considered as a mediator between

LSDM and pancreatic cancer.

Because the unmeasured confounding assumption requirement in CMA cannot always
hold, we ran a sensitivity analysis considering the E-value to evaluate how potential
unmeasured confounding would affect the causal estimates of interest, as proposed
by Swanson and VanderWeele (2020) The E-values obtained suggested that
unmeasured confounders were unlikely to explain the effect of the observed
association. However, in practice, researchers cannot know whether there are other
unmeasured confounders that have not been accounted for but that may introduce

bias.

Another important aspect in mediation analysis relates to the requirement of

hypotheses regarding the interaction between exposure and mediator, which would
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change the definitions of direct, indirect, and total effects (Valeri and VanderWeele
2013). For the development of this thesis, potential interactions between exposure

and mediator were excluded.

To address the main limitation of CMA, we proposed a methodological extension,
namely Mendelian Randomization in Causal Mediation Analysis (MRinCMA), by
incorporating two genetic instrumental variables, as in MR, to obtain unbiased
estimates of the direct, indirect, and total effects even with potential unmeasured

confounding bias.

To assess this new proposal, we considered several simulation scenarios, where we
modified variable types, correlation, and effect sizes. We compared the performance
of MRIinCMA with Structural Equation Models (SEM). The results suggested that
unbiased estimates can be obtained using this new method. Furthermore, MRinCMA
outperformed SEM when at least one categorical variable was considered. We applied
MRinCMA to study the causal effect of obesity on pancreatic cancer risk considering
LSDM as a mediator. With this analysis no evidence of causality was found. One
potential explanation is the lack of statistical power as a large sample size is required

to correctly run MRinCMA.

Altogether, MRinCMA appears a valid alternative to CMA, where researchers could
analyse causal mediation effects without the strong assumptions of confounding bias
using genetic variants as instrumental variables for both the exposure and the

mediator.

In summary, PS, MR, and MRinCMA approaches focus mainly in solving and adjusting
for potential confounding bias in the estimation of the causal effect. However, other

sources of bias may arise in observational studies.

In this regard, collider bias is another form of bias that may occur when we perform
a MR analysis stratifying by a collider variable. There is a well-known risk of bias in
the stratum-specific estimates if the original collider variable is considered. For that
reason, we propose an extension of the MR technique considering the residual collider
as an alternative to the original collider. We hypothesised that this proposal could
reach unbiased estimates in each stratum. To confirm it, we generated several
simulation datasets under different conditions. We showed that residual collider leads
to unbiased estimates across all scenarios and presented greater power to detect
heterogeneity compared to the original collider. This approach presents two
important advantages: first, the interpretation of the obtained results is almost

identical between the collider and residual collider and, second, the latter is not
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suffering from bias. We applied this approach to study the causal effect of smoking
on bladder cancer in different quartiles of bodyweight. We observed that smokers
with lower bodyweight presented a higher risk of bladder cancer. This result can be
easily translated into clinical practice, justifying specific screening interventions for

early prevention of this disease.

However, all these approaches present limitations. As already said, to properly apply
PS and CMA, all the potential confounder variables must be measured, which is not
always feasible using observational studies. Moreover, the true relationships between
variables are unknown, and hence it is not clear whether a variable is a collider, or a
confounder. Last, large sample sizes are required to run MR analyses, as well as an

optimal selection of the genetic variants, to avoid pleiotropy and other genetic biases.

Therefore, I envision further studies to overcome the aforementioned caveats
according to the methodology used and the type of data available. Regarding CMA,
two main additional studies can be done. First, considering potential interactions
between the exposure and mediation, for instance between T2DM-subtypes and
obesity. We could extend the MRinCMA, as proposed by North et al. (2019), running
other simulations when the interaction affects the final causal estimate. Second, by
including two or more mediators simultaneously. Recently, some authors developed
alternative methodologies to implement CMA with multiple mediators, considering
both exposure-mediator and mediator-mediator interactions (Daniel et al. 2015;
Steen et al. 2017a; VanderWeele and Vansteelandt 2013). Steen et al. (2017b,
2017a) proposed a flexible mediation analysis to consider multiple mediators. In our
epidemiological scenario, to better understand the aetiology of pancreatic cancer, it
would be interesting to consider more than one mediator simultaneously, such as

pancreatitis, or diabetes treatment.

Further studies can be proposed to study collider bias in MR. Here, we focused on a
continuous collider, but in practice, the collider variable of interest may be binary or
categorical. For that reason, we could study whether our residual collider approach
in MR would be applicable to other variable types. Furthermore, since selection bias
is a form of collider bias, (Gkatzionis and Burgess 2019; Munafo et al. 2018), we
could study how to implement this residual collider technique in a selection bias

framework.

In clinical-epidemiological scenarios, there is an increased use of omics data, which
refers to the collection of large biomarkers datasets that characterize biological
features, including genomics, transcriptomics, proteomics, among others (Hasin et

al. 2017; Lépez de Maturana et al. 2019). In general, these types of data can be used
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to study the diagnosis and prognosis of diseases, and to better characterize the
exposome and the genome. The analysis of omics data presents several statistical
and computational challenges (Lopez de Maturana et al. 2019; Pineda et al. 2015).
However, only a few authors have considered the use of omics data in the causal
inference framework until now. For instance, Zuber et al. (2020, 2021) proposed a
two-sample multivariable MR approach based on Bayesian model averaging (MR-
BMA) for dealing with many highly correlated exposures. They applied MR-BMA on
metabolites to prioritise likely causal biomarkers for age-related macular
degeneration (Zuber et al. 2020). In a similar context combining MR and Bayesian
theory, Howey et al. (2020) proposed a Bayesian network extension to complement
MR studies. They analysed the causal effect of fatty acid metabolites on body mass
index, using the genetic variants as anchors/instrumental variables. In analogous
scenarios, Yazdani et al. (2019) proposed a metabolomic causal network to represent
the relationship among metabolites, using the principal components from the
genomic variation as instrumental variables to identify a metabolite network. They
applied this approach to combine SNPs and metabolites to study the causal
determinants of atherosclerosis disease. The use of omics data in the pancreatic
cancer studies would help to better understand this disease. For instance, it is known
that the gut microbiome has an important role in pancreatic cancer (Li et al. 2020;
Wei et al. 2019) and it would be interesting to apply MR-BMA as in Zuber et al. (2020)
or a Bayesian network as in Howey et al. (2020) with the most relevant microbiome
features to study their causal impact on pancreatic cancer. Furthermore, a
relationship between methylation and pancreatic cancer has been previously been
established (Mishra and Guda 2017; Tan et al. 2009). Another potential application
would be creating a methylation-causal network as in Yazdani et al. (2019) by using
genetic variants as instrumental variables to study the effect of the methylation on

pancreatic cancer.

Altogether, causal inference methodologies are needed to answer clinical and
epidemiological interrogations. The further development of these methods is crucial
to continue exploring the causal biological mechanisms behind complex diseases. The
methodological extensions proposed in this thesis, as well as the biomedical
applications considered, further support the wide range of application that causal

inference methods offer and my contributions to the field.
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Chapter 8

The main methodological conclusions of this thesis are the following.

First, regarding the application of the Propensity Score approach (Chapter 2):

1. In the absence of confounding bias, the Propensity Score and logistic
regression approaches presented similar point estimates and confidence
intervals.

2. In the presence of confounding bias, the Propensity Score and logistic
regression models presented different point estimates and heterogeneous
confidence interval values due to its capacity of adjusting for more covariates

than logistic regression models for rare outcomes.

Second, regarding the comparison of the Propensity Score approaches versus
Randomized Controlled Trials (Chapter 3):
3. Propensity Score can be considered as valid as Randomized Controlled Trials
(i.e., the gold-standard for causality), based on an exhaustive systematic
review and meta-analysis and the relative odds ratio obtained, to study the

effects of VTE treatments on patient mortality.
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Third, regarding the Mendelian Randomization and Causal Mediation Analysis
(Chapter 4):

4. Mendelian Randomization and logistic regression models differed in their point
estimates and confidence interval values when potential unmeasured
confounding bias was present.

5. Mendelian Randomization approaches provided valid causal estimates
considering strong instruments and accounting for potential pleiotropy effects.

6. Causal Mediation Analysis was an optimal method to study mediation effects
for measured confounders, while unclear results were obtained due to the

potential presence of unmeasured confounding bias.

Fourth, regarding the new methodology proposed to answer mediation
interrogations, MRinCMA (Chapter 5):

7. MRinCMA and Structural Equation Models led to similar results when
continuous variables were considered.

8. MRIinCMA performed better than Structural Equation Models when categorical
variables are considered, regardless of the sample size, the correlation
between variables, and the magnitude of the effect.

9. MRInCMA led to unbiased estimates for most of the direct, indirect, and total

effects regardless the simulation scenarios.

Fifth, regarding the new approach in Mendelian Randomization used to stratify the

population (Chapter 6):

10.The residual collider in Mendelian Randomization was a valid alternative to
stratifying on the original collider.

11.Using the residual collider, a greater power to detect heterogeneity in
stratum-specific estimates was achieved in comparison to using the original

collider.

The main clinical and epidemiological conclusions are the following.

First, regarding the clinical ICU scenario (Chapter 2):

1. There was evidence of a causal effect of the interruption of sedation on
mortality of patients in ICU, using both Propensity Score and logistic

regression models.
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2.

There was no evidence of a causal effect of neuromuscular blockers on

delirium events in ICU patients using Propensity Score analysis.

Second, regarding the clinical VTE scenario (Chapter 3):

3.

Different mortality results were obtained according to the treatment
assignment for venous thromboembolism patients. Future clinical decisions to
improve venous thromboembolism survival must take into consideration not

only Randomized Controlled Trials, but also results from observational studies.

Third, regarding the epidemiological scenarios (Chapters 4-6):

4.

10.

11.

12.

13.

There was no evidence of a causal effect of LSDM on pancreatic cancer using
Mendelian Randomization.

There was no evidence of a causal effect of NODM on pancreatic cancer using
Mendelian Randomization.

There was evidence for a causal effect of pancreatic cancer on NODM using
Mendelian Randomization.

There was no evidence for a causal effect of obesity on pancreatic cancer using
Mendelian Randomization.

NODM acted as a mediator between being overweight/obese and pancreatic
cancer, using Causal Mediation Analysis.

Being overweight/obese acted as a mediator between LSDM and pancreatic
cancer, suggesting that LSDM may lead to weight gain, using Causal Mediation
Analysis.

LSDM acted as a mediator between being overweight/obese and pancreatic
cancer.

Using the MRinCMA proposal, there was no evidence of a causal effect of BMI
and obesity on pancreatic cancer, considering LSDM as a mediator.

Using the MRinCMA proposal, there was no evidence of a causal effect of LSDM
on pancreatic cancer, considering obesity as a mediator.

The new residual collider approach in Mendelian Randomization showed that

smoker with lower bodyweight presented a higher risk of bladder cancer.
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Study population: PanGenEU (the European Study into Digestive Ilinesses and Genetics) is a
mostly hospital-based case-control study of PC conducted in six European countries (Spain,
Germany, Ireland, United Kingdom, Italy and Sweden) and 28 centers, designed to evaluate
environmental and genetic factors associated with PC. Recruitment of PC cases and
corresponding controls matched by region, sex and age (% 10 years) took place from 2007 to
2014 in all participating centers, except in those from Italy were only cases were ascertained.
Inclusion criteria were cases diagnosed or suspected of having PC, who had lived in one of the
study areas and aged older than 18 years. All medical records were reviewed to ensure the PC
diagnosis for study entry. Participants incapable of participating in the study due to impairment
of physical ability were excluded. Response rates varied by center and were on average 76%

among cases and 85% among controls.

Data collection: A standardized epidemiological questionnaire including self-reported socio-
demographic and anthropometric data (location of body fat, height and weight at different
ages: age 20 and 50 years, 2 years before recruitment and at PC diagnosis), the likely fat
accumulation zone (abdominal, hips, all equally, no extra weight gain), family history of cancer
including PC, medical history (e.g., chronic pancreatitis, diabetes and others) including regular
use of specific medication, and lifestyle behaviors (e.g., smoking and alcohol habits) was
administered by trained personnel in a face-to-face interview. This information was used as
input to generate other variables such as body mass index (BMI: weight in kg / height in m2:
<25, 25-30, =230 kg/m?) at different ages (20, 50 and two years before recruitment). Weight
gain (> 5 or 10 kg) between 20 and 50 years, and weight loss from age 50 until two years
before recruitment, was also derived (younger than 50 years, yes weight gain/loss, no weight

gain/loss).

T2DM biomarker assays: Non-fasting erythrocyte and serum samples collected at subject
recruitment and stored at -80°C from 509 PC cases and 413 controls of the Spanish PanGenEU
study were analysed blinded to the disease status. All individuals had epidemiological
information; 356 cases and 298 controls also participated in the genetic study. Glycated
haemoglobin or Hb1Ac (as percentage of haemoglobin and mmol/mol) was measured with an
automated HPLC analyzer (Menarini Diagnostics, Spain) at the Hospital 12 de Octubre, Madrid
(Spain). Mean intra-batch and inter-batch coefficients of variations were 0.42% and 8.46%,
respectively. Diabetes status based on Hb1lAc data was established for values above 6.5%.
Undiagnosed T2DM, most likely NODM, was identified on this basis. Other predefined levels of
Hb1Ac were considered to distinguish between prediabetes (=6% and <6.5%) and non-
diabetes (<6%). Furthermore, undiagnosed or uncontrolled T2DM (Hb1Ac=>6.5%), or HbAlc
levels <6.5% but self-reported T2DM diagnosis, i.e., controlled T2DM patients, were
considered in separate categories. C-peptide was measured at University Hospital Giessen and

Marburg using a Cobas e411 (Roche Diagnostics, Mannheim, Germany) by means of Electro-

164



Statistical techniques for estimating causal effects in biomedical research

chemiluminescence immune assay. Coefficients of variations were <5%. Type 3c-like diabetes

was defined as NODM with C-peptide levels below the median (4.2 pg/L in controls).

SNP selection and genotyping: Consistent quality SNP data was available for 1,162 cases and
540 controls who provided blood samples. DNA samples were genotyped on the Infinium
OncoArray-500K at the CEGEN (Spanish National Cancer Research Centre, CNIO). The
genotype data was filtered for call rate, relatedness, European ancestry <80% and sex
chromosome abnormalities. Overall, 451,883 SNPs passed these quality filters and underwent
imputation of missing genotypes using IMPUTE v2. The control group was enlarged with 212
controls participating in two Spanish bladder cancer case-control studies (EPICURO and
ISBlaC), with analogous characteristics to the source population (Spanish PC cases; 44%
females and mean age=64.7 years) and with genotype and epidemiological data available.
Similar protocols for data collection and genotyping were used in all studies. Genotype
distributions of each SNP and deviation from Hardy-Weinberg equilibrium were assessed
separately in each of the geographical areas. Principal components to control for population

stratification were calculated with the prcomp function in R.

Imputation: Missing data (9.8% in the dataset containing 63 variables with predictors to
improve the imputation performance), assumed to be at random, was substituted by the
random forest (RF) imputation algorithm. RF tress (n=100) trained on the observed values of
the data set predicted the missing values of the data. The out-of-bag error (OOB) was
considered as a measure of the imputation error. A further test of imputation performance
consisted of comparing observed imputed values versus the expected values (% of
concordance) in a test set resembling the pattern of missingness of the original data. Mean
OOB error (0.05) and concordance estimates (92.5%) demonstrated good imputation

performance (Supplementary Table 2).

Statistical analysis for the observational association study: There were 2,018 PC cases and
1,540 controls available for assessing the observational association between T2DM and PC risk
(Supplementary Figure 1A). Descriptive statistics by case-control status were performed,
evaluating differences between the groups via Pearson chi-square and Student’s t-test or
Mann-Whitney test, where appropriate. Multivariate unconditional logistic regression was
applied to evaluate the association between T2DM and PC risk by Odds Ratios (ORs) and 95%
Confidence Intervals (CIs). The influence of smoking, obesity (BMI variables), alcohol status,
asthma and/or allergies, educational level, and family history of PC, was evaluated in age, sex
and country-adjusted models (Model 1), whereby only smoking (non-smokers and smokers in
tertiles of pack-years) proved to be a confounder (>10% change of the risk estimators). The
lowest Akaike s Information Criterion value was reached by further including BMI 2 years
before recruitment (normal weight/overweight/obese) (Model 2).

Effect modification by country, center, age, gender, smoking and alcohol status, and BMI
variables was evaluated by adding interaction terms in the models, and comparing them with
models lacking this interaction (likelihood ratio test, LHR). Effect measure modification was

further evaluated in stratified analyses by subgroups of these variables.

165



Appendix A

Dose-response and trend analysis was conducted by fitting the categorized variables (time
since T2DM, age at T2DM diagnosis and Hb1Ac levels) as an ordinal score in the logistic models.
The dose-response curve was evaluated by applying restricted cubic splines (3 knots at the
10%, 50% and 90% percentile). Linearity tests were performed by comparing via the LHR test
the continuous variable models as nonlinear or as linear. Interaction by centre but not by
country was apparent; therefore, random centre effects in mixed models when appropriate

were applied.

Mediation analysis: The counterfactual mediation model for binary mediators and outcomes
was used to explore mediation effects on the associations. We explored whether obesity leading
to T2DM, and subsequently to PC, could explain the observational association between T2DM
and PC. With this method, we estimated the total effect (TE) of obesity on PC by determining
a natural direct effect (NDE) of obesity on PC and a natural indirect effect (NIE) of obesity on
T2DM accounting for the influence of observed confounders. Standard errors were generated
using Monte Carlo bootstrapping with 1,000 replications. Similarly, potential mediating effects

of obesity on the association between T2DM and PC risk were explored.

Mendelian Randomization Analysis (MRA): The causal effect of T2DM subtypes on PC
(Supplementary Figure 1 B) was estimated using several MRA approaches (Wald ratio, 2-stage
least squares -TSLS, inverse variance weighted method-IVW, and simple median), adjusting
estimates for the aforementioned potential confounders. Some of these methods were applied
via the MendelianRandomization R package. A total of 16 variants in high LD (R?>0.8) were
removed for these analyses (Supplementary Table 1). Since genetic variants for T2DM can be
confounded by BMI effects due to sharing of variants (i.e., pleiotropy), we tested for the
association between the variants and BMI, as well as other confounders, and removed those
variants showing an association with other traits (Supplementary Table 3). After removing
them, 35 T2DM-SNPs remained to build the IV. The genetic association of this IV with T2DM
was estimated in controls only, and subsequently the association with PC was estimated in the
full case-control sample. Logistic regression models adjusted for age, sex and five principal
components to control for population stratification were used to assess the per allele effect of
each SNP and of the genetic score. In addition, the weighted median estimation and the MR-
Egger approach were applied to detect and correct bias due to pleiotropy. The weighted median
estimator reflects the median of the distribution of weighted Wald ratio estimates. This test is
less sensitive to the influence of pleiotropic variants since less weight is given to outlying
estimates. The MR-Egger approach performs a weighted linear regression of the genetic
associations with the outcome on the genetic associations with the exposure, while keeping
the intercept unconstrained. This test provides evidence for directional pleiotropy when the

intercept differs from zero.
Bidirectional MRA: The same procedure was used to explore the causal effect of PC on T2DM

(Supplementary Figure 1 C). We kept 33 PC-related SNPs for the analyses after removing SNPs

in LD and those associated with other traits (Supplementary Tables 1 and 3). The association
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of the IV with PC was estimated in individuals without T2DM, followed by its association with
T2DM in all subjects.

MRA using pleiotropic genetic variants: Causal assessment of obesity (at age 50 and 2 years
before the interview) and PC was explored considering 85 obesity-related SNPs (41 SNPs were
removed due to LD and associations with other traits: Supplementary Tables 1 and 3).
Multivariable MRA was used to disentangle further the causal effect of T2DM and obesity on
PC using T2DM-SNPs as IV (Supplementary Figure 1 D), or PC-SNPs as IV in the opposite
direction (Supplementary Figure 1 E). The IVW, TSLS and Egger methods were applied in these
analyses. In line with the aforementioned mediation analyses, we explored potential mediating
effects of obesity or T2DM (mediators) using separate IVs (Supplementary Figure 1 F and G).

Direct and indirect effects were estimated using the counterfactual method.

Sensitivity analyses: We compared estimates from the unimputed and imputed data to assess
the robustness of the results. Although heterogeneity by country was absent, we evaluated
the consistency of the results across countries by removing each country at a time from the
analyses. This was particularly relevant for PC cases from Italy due to the lack of matched
controls. Sensitivity analyses also comprised the assessment of T2DM status based on
guestionnaire, i.e. self-reported (SR) data, or biomarker data in different study settings. In
MRA, to further detect potential pleiotropic variants, we also removed SNPs that were outliers
based on Cook ‘s distances and removed additional variants potentially associated with other
phenotypes. The latter were identified in publicly available data from GWAS studies
(PhenoScanner database).The MR-base platform was also used to inspect the presence of
pleiotropy. For instance, scatter plots of the gene-outcome and gene-exposure associations
and for the SNP risk increase against the strength of instrumental SNPs were constructed,
along with leave-one out analyses funnel plots for visual assessment of pleitropy. In addition,
since unmeasured confounding is a major concern of causal inference in observational studies,
we tested by estimating the E-Value how strong such confounders would have to be related to
the exposure and the outcome to explain away the observed association. High E-Values reflect
less impact of these confounders on the observed associations.

Results were comparable to those seen in analyses of the original data, regarding the use of
unimputed missing data (Supplementary Tables 14), country-specific data (data not shown),
reclassified T2DM status with biomarker data (e.g., Supplementary Table 15), and in analyses
of the influence of pleiotropic effects in MRA (Supplementary Table 16 and Supplementary
Figure 3). The E-value for the causal effect between NODM or LSDM with PC risk (E-value =
12.29 and 3.12, respectively) suggested that unmeasured confounders are unlikely to explain
away the effect of the observed association, especially with regard to NODM (Supplementary
Table 17).
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Supplemental Table 1. Selected Genetic variants of T2DM, PC, and obesity.

Appendix A

T2DM PC Obesity
ID SNP Chr Position SNP Chr Position SNP Chr Position
1 rs2641348 1 120437884 rs13303010 1 894573 rs11208659 1 65979280
2 rs340874 1 214159256 rs1747924 1 64538961 rs3101336 1 72751185
3 rs13414140 2 43671176 rs351365 1 113046395 rs2568958 1 72765116
4 5243021 2 60584819 rs10919791 1 199965168 rs7531118 1 72837239
5 rs2943641 2 227093745 rs2816938 1199985368 rs1993709 1 72838529
6 rs780094 2 27741237 rs3790844 1 200007432 rs1514177 1 74991402
7 rs1801282 3 12393125 rs962856 2 67593803 rs1514174 1 74993063
8 rs1470579 3 185529080 rs1486134 2 67639769 rs17381664 1 78048331
9 rs4402960 3 185511687 rs12478462 2 153654720 rs12408810 1106640943
10 rs11708067 3 123065778 rs9854771 3 189508471 rs17024258 1 110147321
11 rs2877716 3 123094451 rs6537481 4 148396094 rs633715 1 177852580
12 rs4411878 3 64703665 rs2736098 5 1294086 rs12130212 1 209727257
13 rs6802898 3 12391207 rs35226131 5 1295373 rs2605100 1 219644224
14 rs10012946 4 6293350 rs401681 5 1322087 rs6429082 1 235600129
15 rs7708285 5 76425867 rs31490 5 1344458 rs12145833 1 243483754
16 rs9472138 6 43811762 rs17688601 7 40866663 rs6711012 2 624034
17 rs1535500 6 39284050 rs73328514 7 47488569 rs12463617 2 629244
18 rs4712523 6 20657564 rs6971499 7 130680521 rs11127485 2 632028
19 rs10946398 6 20661034 rs2941471 8 76470404 rs10189761 2 646364
20 rs7754840 6 20661250 rs10094872 8 128719884 rs10182181 2 25150296
21 rs7766070 6 20686573 rs1561927 8 129568078 rs17025867 2 40578559
22 rs7756992 6 20679709 rs10991043 9 106797388 rs6726292 2 55156630
23 rs13234407 7 130438214 rs2417487 9 106887581 rs6731302 2 58833493
24 51635852 7 28189411 rs687289 9 136137106 rs887912 2 59302877
25 rs2191348 7 15064255 chr9_136149229 9 136149229 rs7581710 2 121195181
26 rs4607517 7 44235668 rs7310409 12 121424861 rs16867321 2 181362379
27 rs13266634 8 118184783 chr12_121454622 12 121454622 rs7603514 2 206836612
28 rs3802177 8 118185025 rs9554197 13 28476978 rs2943650 2 227105921
29 rs896854 8 95960511 rs9581943 13 28493997 rs11680012 2 238672425
30 rs2383208 9 22132076 rs9543325 13 73916628 rs12635698 3 16408489
31 rs10811661 9 22134094 chr16_75263661 16 75263661 rs1435703 3 25560231
32 rs10512085 9 81924713 rs7200646 16 86335351 rs13078807 3 85884150
33 rs7903146 10 114758349 rs4795218 17 36078510 rs7638110 3 138903985
34 rs5015480 10 94465559 rs77038344 17 38644214 rs1516725 3 185824004
35 rs1111875 10 94462882 chr17_70400166 17 70400166 rs9816226 3 185834499
36 rs7901695 10 114754088 rs7214041 17 70401476 rs13130484 4 45175691
37 rs11257655 10 12307894 rs1517037 18 56878274 rs10938397 4 45182527
38 rs11603334 11 72432985 rs6073450 20 43086648 rs4833407 4 113311790
39 rs1552224 11 72433098 rs450960 22 18316304 rs10433903 4 118093137
40 rs5215 11 17408630 rs16986825 22 29300306 rs4864201 4 130731284
41 rs5219 11 17409572 rs925642 4 187678866
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88 rs7141420 14 79899454
89 rs2370983 14 79903376
90 rs8028313 15 68043057
91 rs970843 15 98876029
92 rs2531995 16 4013467
93 rs12446554 16 19935073
94 rs12446632 16 19935389
95 rs11639988 16 19944363
96 rs7498665 16 28883241
97 rs7184597 16 28921809
98 rs1421085 16 53800954
99 rs1558902 16 53803574
100 rs1121980 16 53809247
101 rs17817449 16 53813367
102 rs8043757 16 53813450
103 rs8050136 16 53816275
104 rs7185735 16 53822651
105 rs9941349 16 53825488
106 rs9923451 16 78952439
107 rs1424233 16 79682751
108 rs7187365 16 86511915
109 rs9299 17 46669430
110 rs7503807 17 78591111
111 rs1805081 18 21140432
112 rs17697518 18 38765659
113 rs1631486 18 53026357
114 rs17700144 18 57811982
115 rs538656 18 57850422
116 rs17782313 18 57851097
117 rs10871777 18 57851763
118 rs476828 18 57852587
119 rs11162213 18 57852948
120 rs17773430 18 57963117
121 rs1800437 19 46181392
122 rs10423928 19 46182304
123 rs6110577 20 15335754
124 rs13041126 20 51092996
125 rs11088859 21 22689344
126 rs5762430 22 28378472

SNPs in LD (>0.8) for T2DM-related variants: rs4712523, rs10946398, rs7754840, rs7756992,
rs9939609, rs8050136, rs5215, rs1552224, rs11603334, rs5015480, rs7903146, rs10811661,
rs3802177, rs1801282, rs2877716, rs1470579

SNPs in LD (>0.8) for PC-related variants: rs31490, rs9554197

SNPs in LD (>0.8) for Obesity-related variants: rs2568958, rs7531118, rs1514174, rs12463617,
rs11127485, rs10189761, rs10938397, rs2112347, rs987237, rs734597, rs2207139, rs1412239,
rs7184597, rs1558902, rs1121980, rs17817449, rs8043757, rs8050136, rs7185735, rs9941349,
rs9923451, rs12446554, rs12446632, rs11639988, rs538656, rs17782313, rs10871777, rs476828,
rs11152213, rs10423928
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Supplemental Table 2. Evaluation of the performance of the missing data imputation

Proportion of OOB Error Test'  Imputed Proportion of OOB Error Test!
Variable missings (%) in test set values concordance () in full set
status 0.00 0.0000 0 NA 0.0000
country 0.00 0.0000 0 NA 0.0000
gender 0.11 0.1315 2 50 0.1320
smoking status 3.29 0.0103 30 96.67 0.0015
alcohol status 1.83 0.4893 21 57.14 0.4117
chronic pancreatitis status 3.7 0.0052 37 100 0.0053
diabetes by type 2.67 0.0031 26 100 0.0003
educational level 2.22 0.6254 21 47.62 0.5677
FH of pancreatic cancer 3.57 0.0576 26 100 0.0498
FH of diabetes? 20.15 0.4210 226 100 0.3537
periodontitis 26.39 0.1903 257 81.7 0.1745
recession 37.16 0.4041 362 67.96 0.2862
diabetes diet control 3.99 0.0031 41 100 0.0000
diabetes oral medication 3.23 0.0021 42 97.62 0.0000
diabetes insulin control 3.65 0.0021 29 100 0.0000
Pancreatitis type 3.71 0.0294 46 93.48 0.0330
asthma status 9.33 0.0215 113 100 0.0015
nasal allergies 8.63 0.0088 94 98.94 0.0018
cancer 8.12 0.1393 86 90.70 0.1367
diabetes status 1.60 0.0000 15 100.00 0.0000
metabolic syndrome 18.27 0.0061 182 97.25 0.0007
center 0.00 0.0000 0 NA 0.0000
weighton body site 8.68 0.0621 96 91.67 0.0160
BMI 2 years before 4.86 0.0000 42 100 0.0000
BMI at age 20 19.93 0.0447 192 95.31 0.0074
BMI at age 50 27.18 0.0351 257 94.55 0.0108
pack-years in tertiles 10.20 0.0055 90 96.67 0.0006
age in categories 0.37 0.0643 2 100 0.0220
place fat deposition 8.68 0.0132 92 97.83 0.0031
weight gain 5 kg 32.66 0.0029 309 95.15 0.0008
weight gain 10 kg 32.66 0.0000 324 94.75 0.0004
weight at age 20 in tertiles 18.94 0.0109 173 98.27 0.0010
weight at age 50 in tertiles 25.74 0.0202 257 94.55 0.0019
Weight since age 50 26.45 0.0000 250 98.00 0.0000
hypertension 9.19 0.0044 96 94.79 0.0009
cholesterol 10.85 0.0000 116 98.28 0.0022
height in tertiles 2.22 0.0206 27 100 0.0040
smoking duration in tertiles 9.47 0.0143 90 97.78 0.0053
smoking intensity in tertiles 3.20 0.0145 31 100 0.0044

NA=not applicable; FH=family history

Covariates used to improve imputation were case-control status, country, center, medical history (cancer,
asthma, allergies, chronic pancreatitis), smoking variables (intensity and duration) and weight and height.
1 Qut of bag (OOB) error rates: normalized squared error for continuous variables (e.g. age) and proportion
of falsely classified entries for categorical variables. Values close to zero indicated good performance and
values close to one indicated bad performance.

2 Concordance test applied to the study population without Ireland since this country did not collect
information on family history of the disease.
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Supplemental Table 3. Genetic variants associated individually at p-value level <0.05 with
T2DM and PC, as well as with selected covariates in the study population (752 controls).

T2DM-SNPs
NODM
any

PC-SNPs
NODM

rs2816938.199985368.

TA
(p=0.006)
rs7310409
(p=0.016)

chr12_121454622_C_T

(p=0.005)

NA: not applicable

LSDM
rs2943641
(p=0.018)
rs1801282
(p=0.051)
rs7901695
(p=0.045)
rs7903146
(p=0.016)

LSDM
any

PC
rs2191348
(p=0.015)
rs13266634
(p=0.006)
rs3802177
(p=0.005)
rs7965349
(p=0.011)

PC
rs351365.11304639
5

(p=0.002)
rs2816938.1999853
68

(p=0.001)
rs1486134.6763976
9

(p=0.049)

rs31490

(p=0.029)
rs73328514.474885
69

(p=0.024)
rs6971499
(p=0.007)
rs2941471.7647040
4

(p=0.031)
rs9543325
(p=0.003)
chr16_75263661
(p=0.001)
chr17_70400166
(p=0.005)
rs7214041.7040147
6

(p=0.005)
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smoking
rs2641348
(p=0.006)
rs13234407
(p=0.011)
rs1111875
(p=0.018)
rs5015480
(p=0.020)
rs2334499
(p=0.043)

smoking
rs6537481.1483960
94 (p=0.001)

obesity
rs10830963
(p=0.044)
rs4430796
(p=0.031)

obesity
rs1747924.645389
61 (p=0.011)
rs2816938.199985
368 (p=0.012)
rs2736098.129408
6 (p=0.005)
rs17688601.40866
663 (p=0.026)
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Supplemental Table 4. General characteristics of the study population. PanGenEU study
(2,018 cases and 1,540 controls). Imputed data

Cases Controls
N=2018 N=1540
N % N % p-value OR [95%ClI]

Country <0.001

Spain 884 43.80 770 50.00

England 126 6.24 22 1.43

Germany 131 6.49 1M1 7.21

Ireland 173 8.57 290 18.80

Italy 533 26.40 0 0.00

Sweden 171 8.47 347 22.50
Gender 0.143

females 873 43.30 705 45.80 Ref.

males 1145 56.70 835 54.20 1.1 [0.97;1.27]
Age (years) 64.3 12.10 66.8 12.50 <0.001  0.98 [0.98;0.99]
Age in categories <0.001

<55y 409 20.30 261 16.90 Ref.

55-65y 500 24.80 323 21.00 0.99 [0.80;1.22]

65-75y 708 35.10 500 32.50 0.90 [0.74,1.10]

275y 401 19.90 456 29.60 0.56 [0.46;0.69]
BMI 2 years before 0.971

<25 761 37.70 575 37.30 Ref.

25-29.99 868 43.00 668 43.40 0.98 [0.85;1.14]

=30 389 19.30 297 19.30 0.99 [0.82;1.19]
BMI at age 20 0.263

<25 1750 86.70 1330 86.40 Ref.

25-29.99 228 11.30 189 12.30 0.92 [0.75;1.13]

=30 40 1.98 21 1.36 1.44 [0.85;2.51]
BMI at age 50 <0.001

<25 620 30.70 612 39.70 Ref.

25-29.99 929 46.10 604 39.20 1.52 [1.30;1.77]

=30 468 23.20 324 21.00 143 [1.19;1.71]
Weight gain >5kg (age 20-50) 0.343

no 391 19.40 319 20.70 Ref.

yes 1627 80.60 1221 79.30 1.09 [0.92;1.28]
Weight gain >10kg (age 20-50) <0.001

no 742 36.80 676 43.90 Ref.

yes 1276 63.20 864 56.10 1.35 [1.18;1.54]
Weight loss since age 50 0.012

no 1346 66.70 1089 70.70 Ref.

yes 672 33.30 451 29.30 1.21 [1.04;1.39]
Smoking status <0.001

never 760 37.70 691 44.90 Ref.

former 683 33.80 563 36.60 1.10 [0.95;1.28]

current 575 28.50 286 18.60 1.83 [1.53;2.18]
Pack-years in tertiles <0.001

never smokers 760 37.70 691 44.90 Ref.

[0.05,12.95] 259 12.80 269 17.50 0.88 [0.72;1.07]

[13,36] 583 28.90 327 21.20 1.62 [1.37;1.92]

[36.3,240] 416 20.60 253 16.40 1.49 [1.24,1.80]
Alcohol status <0.001

never 599 29.70 390 25.30 Ref.
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former 508 25.20 234 15.20 1.41 [1.16;1.73]

current 911 45.10 916 59.50 0.65 [0.55;0.76]
Pancreatitis type <0.001

no 1918 95.00 1523 98.90 Ref.

acute 81 4.01 15 0.97 4.25 [2.51;7.71]

chronic 19 0.94 2 0.13 7.06 [2.03;48.0]
Educational level (years of education) <0.001

<5y 343 17.00 177 11.50 Ref.

6to9y 486 24.10 399 25.90 0.63 [0.50;0.79]

10t0 13y 698 34.60 508 33.00 0.71 [0.57;0.88]

214y 491 24.30 456 29.60 0.56 [0.44,0.69]
Family history of PC <0.001

no 1889 93.60 1499 97.30 Ref.

yes 129 6.39 41 2.66 2.49 [1.76;3.60]
Periodontitis 0.643

no 1744 86.40 1340 87.00 Ref.

yes 274 13.60 200 13.00 1.05 [0.87;1.28]
Recession 0.003

no 1481 73.40 1197 77.70 Ref.

yes 537 26.60 343 22.30 1.27 [1.08;1.48]
Asthma <0.001

no 1887 93.50 1381 89.70 Ref.

yes 131 6.49 159 10.30 0.60 [0.47;0.77]
Nasal allergies <0.001

no 1771 87.80 1236 80.30 Ref.

yes 247 12.20 304 19.70 0.57 [0.47;0.68]
Hypertension <0.001

no 1324 65.60 913 59.30 Ref.

yes 694 34.40 627 40.70 0.76 [0.67;0.88]
Cholesterol <0.001

no 1459 72.30 1000 64.90 Ref.

yes 559 271.70 540 35.10 0.71 [0.61;0.82]

Differences between cases and controls evaluated via Chi-squared test (categprocal variables) and

Student s t-test or Mann-Whitney (continuous variables).
Odds Ratios (OR) derived from unadjusted unconditional logistic resgression models.

Data of all variables was self-reported.
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Supplemental Table 5. Baseline characteristics of NODM and LSDM in the PanGenEU study
(538 cases and 198 controls). Imputed data.

LSD M NODM
N=509 N=227 OR 95%ClI
N % N % p-value NODM vs LSDM
Age (years) <0.001
<b5 37 7.27 28 12.30 Ref.
55-65 92 18.10 67 29.50 1.04 [0.58;1.86]
65-75 213 41.80 83 36.60 1.94 [1.11;3.37]
>75 167 32.80 49 21.60 2.57 [1.42;4.63]
Gender 0.818
females 180 35.40 83 36.60 Ref.
males 329 64.60 144 63.40 1.05 [0.76;1.46]
Smoking status 0.441
never 199 39.10 78 34.40 Ref.
former 201 39.50 94 41.40 0.84  [0.58;1.20]
current 109 21.40 55 24.20 0.78 [0.51;1.18]
Alcohol status 0.127
never 155 30.50 57 25.10 Ref.
former 140 27.50 78 34.40 0.66 [0.44;1.00]
current 214 42.00 92 40.50 0.86 [0.58;1.26]
Chronic pancreatitis 0.298
no 504 99.00 222 97.80 Ref.
yes 5 0.98 5 2.20 0.44  [0.12;1.65]
Educational level (years) 0.632
<5y 114 22.40 44 19.40 Ref.
6to9y 138 27.10 66 29.10 0.81 [0.51;1.27]
10t013y 164 32.20 69 30.40 0.92 [0.58;1.43]
214y 93 18.30 48 21.10 0.75 [0.46;1.23]
Family history PC 0.318
no 478 93.90 218 96.00 Ref.
yes 31 6.09 9 3.96 1.55 [0.75;3.54]
Family history Diabetes 0.667
no 252 49.50 117 51.50 Ref.
yes 257 50.50 110 48.50 1.08 [0.79;1.48]
Periodontitis 0.221
no 421 82.70 197 86.80 Ref.
yes 88 17.30 30 13.20 1.37 [0.88;2.17]
Recession 0.667
no 381 74.90 174 76.70 Ref.
yes 128 25.10 53 23.30 1.1 [0.77;1.60]
Diabetes age diagnosis <0.001
< 55y 207 40.70 37 16.30 Ref.
55 to < 65y 167 32.80 63 27.80 0.48 [0.30;0.75]
> 65y 135 26.50 127 55.90 0.19 [0.12;0.29]
Diabetes with diet 0.770
yes 395 77.60 174 76.70 Ref.
no 114 22.40 53 23.30 0.95 [0.65;1.38]
Diabetes with oral medication <0.001
yes 407 80.00 139 61.20 Ref.
no 102 20.00 88 38.80 04 [0.28;0.56]

0.916
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yes 293 57.60 129 56.80 Ref.

no 216 42.40 98 43.20 0.97 [0.71;1.33]
Asthma 0.135

no 467 91.70 216 95.20 Ref.

yes 42 8.25 11 4.85 1.75 [0.91;3.65]
Nasal allergies 0.46

no 453 89.00 197 86.80 Ref.

yes 56 11.00 30 13.20 0.81 [0.51;1.32]
Metabolic syndrome 0.116

Any one 146 28.70 58 25.60 Ref.

Any two 170 33.40 96 42.30 0.7 [0.47;1.04]

Any three 151 29.70 60 26.40 1 [0.65;1.53]

All four 42 8.25 13 5.73 1.27 [0.65;2.64]
BMI 2 years before 0.172

<25 128 25.10 47 20.70 Ref.

25-29.99 245 48.10 126 55.50 0.72 [0.48;1.06]

230 136 26.70 54 23.80 0.93 [0.58;1.47]
BMI at age 20 0.713

<25 421 82.70 184 81.10 Ref.

25-29.99 72 14.10 37 16.30 0.85 [0.55;1.32]

230 16 3.14 6 2.64 1.15 [0.46;3.29]
BMI at age 50 0.99

<25 110 21.60 48 21.10 Ref.

25-29.99 241 47.30 108 47.60 0.97 [0.64;1.46]

230 158 31.00 71 31.30 0.97 [0.62;1.51]
Pack-years in tertiles 0.585

never

smokers 199 39.10 78 34.40 Ref.

[0.05,12.95] 51 10.00 27 11.90 0.74 [0.43;1.28]

[13,36] 129 25.30 64 28.20 0.79 [0.53;1.18]

[36.3,240] 130 25.50 58 25.60 0.88 [0.59;1.32]
Weightgain >5kg (age 20-50) 0.943

no 58 11.40 27 11.90 Ref.

yes 451 88.60 200 88.10 1.05 [0.64;1.70]
Weightgain >10kg (age 20-50) 0.797

no 155 30.50 72 31.70 Ref.

yes 354 69.50 155 68.30 1.06 [0.75;1.48]
Hypertension 0.596

no 241 47.30 113 49.80 Ref.

yes 268 52.70 114 50.20 1.1 [0.81;1.51]
Cholesterol 0.981

no 316 62.10 140 61.70 Ref.

yes 193 37.90 87 38.30 0.98 [0.71;1.36]
Weight loss since age 50 0.429

no 333 65.4 156 68.7 Ref.

yes 176 34.6 71 31.3 1.16 [0.83;1.63]

Differences between cases and controls evaluated via Chi-squared test (categprocal variables) and
Student s t-test (continuous variables).

Odds Ratios (OR) derived from unadjusted unconditional logistic resgression models.
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Supplemental Table 6. Association between diabetes-related variables and PC risk in the
PanGenEU study (2,018 cases and 1,540 controls) when adjusting for T2DM treatment and
duration of the disease.

Age, sex, country- Model 1 + use of  Model 1 +use of Model 1 +
adjusted (Model 1) oral medication insulin duration of
diabetes

OR [95%C] OR [95%Cl] OR  [95%Cl] OR  [95%CI]

Diabetes status:
no diabetes Ref. Ref. Ref. Ref.
yes 2.56 [2.10;3.11]  3.01  [2.13;4.26] 1.77 [1.37,229] 119 [0.76;1.85]

Diabetes status by subtype

no diabetes Ref. Ref. Ref. Ref.
yes, < 2 years 6.36  [3.95;10.26] 4.51 [2.88;7.06] 2.64 [1.4;4.97]
(NODM) 6.49 [4.25;9.90]

yes, > 2years (LSDM)  1.90 [1.53;2.37] 1.85 [1.25273] 127  [0.96,1.69] 1.19 [0.76;1.85]
Family history of diabetes!
no diabetes Ref. Ref. Ref. Ref.

107 [0.89;1.28] 1.07 [0.89:12 1.07 [0.89:1.28
yes 125  [1.05:1.49] 8] ]

Diabetes by age at diagnosis

(years)?
no diabetes Ref. Ref. Ref. Ref.
<55y 1.56 [1.15211] 1.83 [1.21;2.76]  0.91 [0.62,1.32] 1.17 [0.75;1.83]
55to<65y 2.68 [1.92;3.73] 3.23 [2.02,5.19] 1.81 [1.252.61] 150 [0.79;2.86]
475 [3.13;7.28] 2.79 [1.96;3.9
>65y 4.06 [2.94;5.60] 7]
p-trend  2E-16 p- 1.2E-05 p- 6.6E-07  p- 0.122
trend trend trend
Diabetes by time since
diagnosis (years)?
no diabetes Ref. Ref. Ref. Ref.
[6.09;20.37 11.04 [5.83;2093] 7.24  [389135] NA  NA
<1y 11.14 ]
1to<2y 2.64 [1.40,4.97] 261 [1.3,5.22] 1.72 [0.89:3.35] NA NA
236 [1.35:4.14] 1.73 [1.09;27 NA NA
2to<by 2.40 [1.54;3.73] 6]
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263 [157:447] 173 [11426 NA NA

5t0<10y 2.67 [1.81;3.93] 6]
156 [0.94;2.62] 0.91 [0.58;14 NA NA
10to <20y 1.59 [1.09;2.32] 2]
117 [0.69;1.98] 0.61 [0.36;1.0 NA NA
>20y 1.19 [0.76;1.89] 4]
p-trend  9.6E-08 p- 5.5E-10 p- 1.4E-11 p- NA
trend trend trend

Diabetes controlled with diet

no diabetes Ref. Ref. Ref. Ref.
yes 2.60 [2.09;3.24] 3.08 [2.14;4.43] 1.75 [1.32,2.32] 1.22 [0.78;1.92]
no use 243 [1.69;3.49] 2.84 [1.81;4.47] 1.82 [1.24,269] 1.04 [0.6;1.82]

Use of oral medication

no diabetes Ref. Ref. Ref. Ref.

yes 2.41 [1.93;3.000 NA NA 174 [1.33228] 119 [0.751.9]

no use 3.01 [213426) NA NA 189  [1.252285] 1.17  [0.69;1.98]
Use of insulin

no diabetes Ref. Ref. Ref. Ref.

yes 3.76 [2.854.95] 3.96 [2.71579] NA NA 1.61  [1.01;2.58]

no use 1.77 [1.37,2.29] 189 [1.252.85  NA NA 0.61 [0.36;1.04]

t Information on family history of diabetes was not collected in Ireland; results are based on data for 1,845
cases and 1,250 controls

2 Linear associations for age since T2DM diagnosis and nonlinear association for time since T2DM
(Supplemental Figure 1)

Model 1: adjusted for age (<55, 55-65, 65-75, =75 years), gender, country.

Model 2: Model 1 also adjusted for use of oral medication.

Model 3: Model 1 also adjusted for use of insulin.

Model 4: Model 1 also adjusted for duration of T2DM.

NA=not applicable
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Supplemental Table 7. Association between T2DM status based on Hb1Ac levels and questionnaire data and PC risk in the PanGenEU study.

Cases Controls Crude Model Model1 Model2
P50 QR P50 IQR p-value! OR [95%CI] OR [95%CI] OR [95%ClI]
HbA1c (%)23 per 1 unit increase 6.1 56,69 56 54,60 <0.001 148 [1.30;1.69] 1.50 [1.31;1.71] 1.49 [1.30;1.70]
C-Peptide2? per log2 increase 23 1437 42 2564 <0.001 045 [0.38;0.56] 0.46 [0.39;0.54] 0.46 [0.39;0.53]
N % N %

Diabetogenic status by HbA1c levels3 <0.001

HbA1c <6.5% 336 66 354 857 Ref. Ref. Ref.

HbA1c 26.5% 173 34 59 143 3.08 [2.22;4.32] 3.29 [2.34;4.62] 3.27 [2.32;4.60]
Biomarker and self-reported diabetes status <0.001

no diabetes 286 562 322 78 Ref. Ref. Ref.

self-reported but normal Hb1Ac levels 50 98 32 7.7 176 [1.10;2.84] 1.9 [1.18;3.10] 192 [1.19;3.13]

self-reported and HbA1c 26.5% 173 34 59 143 3.3 [2.37;4.65] 3.59 [2.55;5.11] 3.58 [2.53;5.11]
Diabetes status? <0.001

no diabetes 350 687 341 826 Ref. Ref. Ref.

yes 159 313 72 17.40 2.15 [1.57;2.96] 2.26 [1.64;3.15] 2.26 [1.64;3.15]
Reclassified diabetes status® <0.001

no diabetes 286 562 322 78 Ref. Ref. Ref.

self-reported and/or HbA1¢ 26.5% 223 438 91 22 2.76 [2.07;3.70] 2.99 [2.21;4.06] 2.99 [2.21;:4.07]
Diabetes status by subtype? <0.001

no diabetes 350 687 341 826 Ref. Ref. Ref.

NODM 66 13 15 3.6 4.29 [2.47;7.93] 453 [2.59;8.42] 4.58 [2.61;8.55]

LSDM 93 183 57 138 1.59 [1.11;2.29] 1.65 [1.14;2.41] 1.64 [1.13;2.40]
Reclassified diabetes status by subtypes? <0.001

no diabetes 286 562 322 78 Ref. Ref. Ref.

NODM 130 255 34 8.2 4.3 [2.89;6.57] 4.63 [3.08;7.12] 4.63 [3.07;7.15]

LSDM 93 183 57 138 1.84 [1.28;2.66] 1.98 [1.35;2.90] 1.97 [1.35;2.90]
Biomarker Hb1Ac levels? <0.001

<55 100 196 129 312 Ref. Ref. Ref.
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55-5.8 72 141 121 293 0.77  [0.52;1.14] 0.71 [0.47;1.06] 0.71 [0.47;1.06]
5.8-6.0 50 99 51 125 126  [0.79;2.03] 126  [0.78;2.04] 123  [0.76;1.99]
6.0-6.5 114 224 53 13 276  [1.83:4.22] 275  [1.80;4.24] 272 [1.77:417]
6.5 173 34 59 14 3.77  [2.555.62] 403  [2.69;6.08] 3.99  [2.64,6.01]
p-trend 2.70E-10 p-trend 2.00E-16 p-trend 2.00E-16
Reclassified NODM into type 3c-like diabetes?
no diabetes 286 56.20 322 77.97 Ref. Ref. Ref.
NODM and C-Peptide >4.2 ug/L 37 720 21 508 1.98 ]1.15;3.52] 230 [1.31:4.13] 2.28 [1.30;4.10]
NODM and C-Peptide <4.2 pg/L (T3c) 93 1830 13 315 8.05 [4.57;15.37] 8.31 [4.69;15.93] 8.38 [4.71;16.11]
LSDM 93 1830 57 13.80 1.84 [1.28;2.66] 199 [1.36;2.92] 1.98 [1.352.92]
Diabetes status? <0.001
no diabetes 1480 733 1342 8741 Ref. Ref. Ref.
yes 538 267 198 129 246  [2.06;2.95] 256  [2.10;3.11] 25 [2.05;3.05]
Reclassified diabetes status* <0.001
no diabetes 1416 702 1323 859 Ref. Ref. Ref.
self-reported and/or HbA1c 26.5% 602 298 217 141 2.59 [2.18;3.08] 2.85 [2.36;3.45] 2.79 [2.31;3.39]
Diabetes status by subtype PanGenEU* <0.001
no diabetes 1480 73.3 1342 871 Ref. Ref. Ref.
NODM 200 991 271 175 6.68  [4.52;10.3] 649  [4.25;9.90] 6.39  [4.18,9.78]
LSDM 338 167 171 111 179 [1.47,219] 1.9 [1.53;2.37] 186  [1.49;2.32]
Reclassified diabetes status by subtypes* <0.001
no diabetes 1416 702 1323 859 Ref. Ref. Ref.
NODM 264 131 46 3 536  [3.93;7.49] 574  [4.14;8.11] 567  [4.09;8.03]
LSDM 338 167 171 111 185  [1.52;2.26] 203  [1.62;2.53] 198  [1.59;2.48]
Reclassified NODM into type 3c-like diabetes* <0.001
no diabetes 1416 70.2 1323 859 Ref. Ref. Ref.
NODM and C-Peptide >4.2 ug/L 171 85 33 2.2 484  [3.36;7.20] 465  [3.16;7.02] 4.51 [3.06;6.83]
NODM and C-Peptide <4.2 ug/L (T3c) 93 46 13 0.8 6.68  [3.86;12.58] 8.83  [5.06;1.67] 8.86  [5.07;1.68]
LSDM 338 167 171 111 185  [1.52;2.26] 206  [1.65;2.56] 2.00 [1.61;251]
diabetes status® <0.001
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no diabetes 596
yes 288
Reclassified diabetes status®
no diabetes 532
self-reported and/or HbA1c 26.5% 352
Diabetes status by subtypes
no diabetes 596
NODM 109
LSDM 179
Reclassified diabetes status by subtypes’
no diabetes 532
NODM 173
LSDM 179
Reclassified NODM into type 3c-like diabetes®
no diabetes 532
NODM and C-Peptide >4.2 ug/L 80
NODM and C-Peptide <4.2 pg/L (T3c) 93
LSDM 179

67.4
32.6

60.2
39.8

67.4
12.2
20.3

60.2
19.6
20.2

60.2

9.1
10.5
20.2

628
142

609
161

628
20
122

609
39
122

609
26
13

122

81.6
18.4

19.1
80.9

81.6
26
15.8

79.1
5.1
15.8

79.1
3.4
1.7

15.8

<0.001

<0.001

<0.001

Ref.
2.14

Ref.
2.5

Ref.
5.74
1.55

Ref.
5.08
1.68

Ref.
3.52
8.19
1.68

[1.70:2.70]

[2.01;3.12]

[3.60:9.63]
[1.20:2.00]

[3.56,7.42]
[1.30;2.18]

[2.26:5.66]
[4.70:15.50]
[1.30:2.18]

Ref.
2.09

Ref.
2.57

Ref.
5.7
1.47

Ref.
54
1.63

Ref.
3.49
9.46
1.65

[1.64;2.66]

[2.04;3.24]

[3.54:9.62]
[1.12:1.93]

[3.75:7.94]
[1.24:2.15]

[2.21:5.68]
[5.40;17.96]
[1.26:2.18]

Ref.
2.07

Ref.
2.54

Ref.
5.67
1.45

Ref.
5.35
1.62

Ref.
3.41
9.47
1.63

[1.62:2.64]

[2.01;3.22]

[3.52;9.60]
[1.11;1.91]

[3.71;7.88]
[1.23:2.14]

[2.15;5.57]
[5.40;18.02]
[1.24:2.16]

! Differences between groups evaluated by the Chi-square test (categorical variables) and Mann-Whitney test (continuous variables).
2 Linear association for Hb1Ac levels and non-linear for C-Peptide (Supplemental Figure 1).
3NODM and LSDM was classified with questionnaire and biomarker data in the biomarker study population (509 cases and 413 controls).
4 NODM and LSDM was classified with questionnaire and biomarker data in the entire study population (2,018 cases and 1,540 controls).

5> NODM and LSDM was classified with questionnaire and biomarker data in the PanGenEU-Spain study population (884 cases and 770 controls).

Crude Model: unadjusted.

Model 1: adjusted for age (<55, 55-65, 65-75, =75 years), sex and center (Spain) or country.

Model 2: Model 1 also adjusted for pack years (never-smokers and tertiles of pack-years) and BMI (<25, 25-30, =30 kg/m?2).
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Supplemental Table 8. Association between T2DM and PC risk by T2MD subtypes and other

covariates in the PanGenEU study (2,018 cases and 1,540 controls).

No diabetes (Ref.) NODM

Cases;Controls Cases;Controls  OR'[95%ClI] Cases;Controls OR' [95%CI]
Alcohol status
never 451;326 47,10 3.62[1.81;7.90] 101,54 1.43[0.95;2.16]
former 329,195 ;7 6.59 [3.09;16.33] 108;32 2.61[1.66;4.20]
current 700;821 82;10 8.21[4.30;17.34] 129;85 1.71[1.24;2.37]
p-value for interaction 0.3530 0.3914
Chronic pancreatitis
no 1469;1342 195;27 6.31 [4.2,9.83] 335;169  1.92[1.55;2.40]
yes 11,0 5,0 NA 3;2 NA
p-value for interaction NA NA
Family history PC
no 1378;1305 191;27 6.26 [4.16;9.77] 311;167  1.88 [1.50;2.35]
yes 93;37 9,0 NA 274 2.79
[0.90;10.72]
p-value for interaction 0.2209 0.4220
Asthma
no 1378;1207 192;24 6.83 [4.46;10.9] 317,150 2 [1.59;2.52]
yes 102;135 83 2.56 [0.6;13.26] 21,21 1.34[0.61;2.9]
p-value for interaction 0.1853 0.1832
Nasal allergies
no 1292;1065 172,25 5.5[3.59; 8.75] 307,146  1.84[1.46; 2.34]
yes 188;277 28;2 17.39[4.92;110.72] 31,25 2.1[1.14; 3.88]
p-value for interaction 0.1131 0.8289
BMI 2 years before
<25 635;524 452  20.351[6.11;126.34] 79,49 1.22[0.79;1.87]
25-29.99 593;570 109;17 5.411[3.2;9.65] 165,80 2.16 [1.57;2.99]
=30 252;248 46;8 5.01[2.34;12.04] 94,42 2.37[1.53;3.71]
p-value for interaction 0.1222 0.0496
BMI at age 20
<25 1311;1162 163;21 6.72 [4.26;11.12] 271,147 1.78 [1.40;2.26]
25-29.99 143;161 31,6 5.06 [2.08;14.28] 53;19 3.11[1.69;5.93]
=30 26;19 6;0 NA 11,5 2.69
[0.63;13.71]
p-value for interaction 0.5767 0.3708
BMI at age 50
<25 516;562 39;9 4.21[2.04;9.57] 66;44 1.58[1.02;2.44]
25-29.99 665;517 100;8 11.03 [5.55;25.21] 164;77 1.93[1.39;2.70]
230 299;263 61;10 4.98[2.48;10.92] 108;50 2.14 [1.40;3.28]
p-value for interaction 0.1333 0.635
Age categorized:
<b5 356,249 24:4 4.73[1.69;16.79] 29;8 3.17[1.42;7.78]
55-65 369;295 61;6 7.94 [3.56;21.15] 70;22 2.20[1.28;3.86]
65-75 482;430 758 7.54 [3.72,17 45] 151,62 2.18 [1.54;3.11]
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275 273;368
p-value for interaction
Place fat deposition

Never carried 90;72
any extra weight

Abdominal 966;927
Hips 127,120
All over equally 297,223

p-value for interaction
Weight gain >5kg between age 20-50
no 326;299
yes 1154;1043
p-value for interaction
Weight gain >10kg between age 20-50
no 578;613
yes 902;729
p-value for interaction

40:9
0.7985

41

140,20
10;2

46:4
0.8896

26;1
174,26
0.1841

62;10
138,17
0.8334

4.74[2.27:10.89]

4.95[0.59;111.11]

6.24 [3.87;10.53]
7.52 [1.66;53.69]

8.9[3.43;30.4]

19.9 [4.08;359.30]
6.12 [4.02;9.67]

6.08 [3.17;12.90]
6.62 [3.98;11.66]

88,79
0.2534

10;4

239;134
12,5

77,28
0.5682

39,19
299;152
0.4969

102,53
236;118
0.7456

1.340.93;1.94]

2.71
[0.77;11.19]
1.78 [1.38;2.30]

4.94
[1.55;18.11]
2.05[1.24;3.47]

1.64 [0.89;3.10]
2.04[1.61;2.59]

2.06 [1.42:3.01]
1.87 [1.42;2.46]

1 Odds ratios (ORs) adjusted for age (<55, 55-65, 65-75, =75 years), gender, country, pack years (never-smokers
and tertiles of pack-years) and BMI (<25, 25-30, =30 kg/m?), except: sex in analyses stratified by sex, BMI in

analyses stratified by obesity and pack-years in analyses stratified by smoking status.

2 Obesity status defined based on BMI 2 years before recruitment.
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Supplemental Table 9. Factors associated with PC risk among patients with NODM and LSDM
in the PanGenEU study (2,018 cases and 1,540 controls).

NODM LSDM NODM SR + BIOM
(N=227) (N=509) (N=310)
Cases; OR!' [95%ClI] p- |Cases; OR!' [95%CI] p- |Cases; OR!' [95%CI] p-
Controls value |Controls value Controls value
Gender females [67;16  Ref. 11565 Ref. 103;22  Ref.

males 133,11 259 [1.07,6.32] 0.04 [223;106 1.07 [0.7;1.63] 0.75 [161;24 1.2 [0.62;2.35] 0.59

Age groups <65y 8510  Ref. 99;30 Ref. 106;17  Ref.

265y 11517 3.94 [0.8;19.44] 0.09 (239,141 1.33 [0.67,2.67] 0.42 [15829  1.73 [0.54;5.60] 0.36

Pbese? no 154:19 Ref. 244:129 Ref. 207;:32  Ref.

yes 46,8 06 [0.221.61] 031 9442 1.22 [0.78;1.93] 0.39 |57;14 0.56 [0.27;1.19] 0.13

Smoking status never 67:11  Ref. 120;79  Ref. 96;18 Ref.
former  |87;7 1.03 [0.32;3.32] 096 [139;62 1.46 [0.88;2.40] 0.14 |108;15 0.87 [0.36;2.1] 0.76

current  |46;9 0.52 [0.15;1.74] 0.29 |79;30 1.25 [0.69;2.28] 0.46 |60;14 0.56 [0.22;1.46] 0.24

Alcohol status  never 47:10  Ref. 101:54  Ref. 69;16 Ref.
former 71,7 197 [0.59;6.60] 0.27 [108;32 1.91 [1.06;3.43] 0.03 [91;13 1.64 [0.66;4.06] 0.29

current 8210 1 [0.29:345] 1  |129:85 076 [0.45:1.3] 032 10417 127 [0.51;3.14] 0.61

Family history

PC no 19127 et 311167 Ret 25244  Ref.
yes 90  NA NA1  27:4 398 [1.33711.93] 001 122  1.34 [0.27:6.61] 0.72
Family history )
diabetes o 10512 per 16190 Neh 15426 Ref
ves 95:15 102 [042:247] 097 [176:81 1.34 [0.89:2.02] 0.16 11020  1.07 [0.54:2.10] 0.84
Periodontitis no 17522 Ref. 280:141 Ref. 234:37  Ref.
ves 255 048 [0.15157] 022 58:30  1.01 [060;170] 098 309 05 [0.2122] 0.13
Diabetes with )
diet® yes 19618 pet 264131 et 156:18  Ref.
no 449 08 [03212] 066 7440 104 [0.651.67] 0.86 449  NA
Diabetes with ) .
oral medication? 12019 pot 278129 et 12019 et
no 808 275 [1.04:726] 004 60:42 073 [046:1.18] 02 1808  NA
Diabetes with ) )
insulin® yes 1236 per 20073 Ret 1236 pet
no 7721 02 [007:055 O  [11898 052 [035078 0 7721  NA
Diabetes age at ) )
diagnosis? <55 825 Ref. 130;77 Ref. 325 Ref.

55-65  [56;7 202 [0.17;24.06] 0.58 [117;50 1.81 [1.06;3.08] 0.03 (567 NA
>65 112,15 10.48 [0.41;270.43] 0.16 [91;44 3.15 [1.74,5.69] 0 112,15 NA
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Educational level <5y 61;9 Ref. 74:40 Ref. 61;9 Ref.

6to9y (70,16 0.39 [0.11;1.4]  0.15 [78;60  0.57 [0.32;1.01] 0.06 [70;16  0.49 [0.19;1.28] 0.15

10t0 13y|70;13  0.78 [0.18;3.34] 0.74 |120;44 0.97 [0.51;1.84] 093 [70;13  0.65 [0.23;1.85] 0.42

214y 638 152 [0.29;7.96] 062 |66;27  1.17 [0.59;2.30] 0.65 [63;4 0.92 [0.29;2.87]
ngllfeleears normal 452 pef, 7949 Ref. 66:8  Ref

over 109;17 0.2 [0.04;,0.99] 0.05 [16580 1.59 [0.97;2.62] 0.07 [141;,24  0.57 [0.24;,14] 0.22

obese 468  0.17 [0.03;,0.94] 0.04 |94;42  1.62 [0.93;2.84] 0.09 |57;14  0.38 [0.14;1.03] 0.06
BMI at age 20 normal  [163;21 Ref. 274,147 Ref. 218,37  Ref.

over 31,6 0.64 [0.22;1.88] 042 [53;19 148 [0.81,2.69] 02 (38,7 0.79 [0.33;1.92] 0.61

obese 16,0 NA NA1 11,5 1.22 [0.38;3.89] 0.74 8;2 0.94 [0.10;8.55] 0.96
BMI at age 50 normal  [39;9 Ref. 66,44 Ref. 60;17 Ref.

over 1008 362 [1.12;11.75] 0.03 [164;77 129 [0.78;2.13] 0.33 129,13  2.48 [1.07;5.74] 0.03

obese  [61,10 1.28 [0.43;3.79] 066 [10850 1.09 [0.62;1.89] 0.7 75116 1  [0.44;2.29] 0.9
Weight gain >5kg no 26;1 Ref. 39;19 Ref. 39,7 Ref.

yes 174,26 024 [0.03;1.95] 0.18 [299;152 0.9 [0.48;1.68] 0.74 |22539  0.97 [0.39;2.39] 0.94
ﬁ?ﬁ’;t o 6210 pet. 10253  Ref. 9020  Ref.

yes 138,17 1.17 [0.47;2.89] 0.74 [236;118 0.81 [0.53;1.25] 0.35 [174;26  1.27 [0.65;2.47] 0.49
:Y::;geh;g;zssso yes 13521 pet 217:116  Ref. 175:36  Ref.

no 65;6 04 [013;1.21 041 (121,55 0.72 [0.451.15] 0.17 (89;10 0.43 [0.2,0.96] 0.04

'0dds ratios (ORs) adjusted for age (<55, 55-65, 65-75, =75 years), gender, country, pack years (never-
smokers and tertiles of pack-years) and BMI (<25, 25-30, =30 kg/m?), except: sex in analyses stratified
by sex, BMI in analyses stratified by obesity and pack-years in analyses stratified by smoking status.

2Obesity status defined based on BMI 2 years before recruitment.
3The association with PC risk could not be evaluated in reclassified NODM for diabetes-related variables
due to lack of information on these variables.
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Supplemental Table 10. Estimates for the observational and causal association between
T2DM and PC and viceversa, applying different MRA methods, conducted among 1,162 cases
and 752 controls with epidemiological and genetic data. T2DM status based on self-reported
(SR) data.

SR-based classification of T2DM status

SR-based classification of T2DM status

LSDM (N=289)! NODM (N=136)" LSDM (N=289)"

NODM (N=136)"

Diabetes-- - PC-->Diabetes -

SPC OR [95%CI]2 ﬁalue OR[95%CI2  p-value OR [95%CI]? Calue OR[95%CI2  p-value

Observational

association Observational association study

study

T2DMand PC  1.43[1.09:1.88] 0.011 6.10[3.4510.8] 540E-13 | PC and T2DM 145[1.10;1.91] 0.008 6.08[3.44;10.7] 4.80E-10

T2DM-allele

score® and ) 1.20E- ) PC-allele score* and PC (without ) 9.30E- )

oM 115[1.09:1.21) <05 131[115:147) 00007 | oo 110 [106;1.13] "0 1.10[1.06;1.14] 4.10E-09

controls

T2DM-allele _ _ . .
101[098:1.04] 05 1.02[0.98:1.05]  0.315 [ PC-allele score* and T2DM 1.03[0.99:1.06] 0121 1.09[1.04:1.14]  0.0002

score® and PC

Causal

estimates: Causal estimates: MR study

MR study

MRA Wald  1.08[0.86:1.29] 05 1.06[0.95:1.17]  0.315 | MRA_Wald 132[0.97:167] 0121 252[2.07:3.03]  0.0002

Eg;ﬁates 108[0,87;1.33] 05 1.07[0.96;120]  0.239 | TSLS Estimates 131[0.97;,1.66] 0.123 252[2.182.88]  0.0002

Inverse-

variance 090[0.77:1.07] 0238 098[0.961.02] 0692 | Nverse-variance weighted method 4 1 v ag-141) 0326 157[1.13:212]  0.007

weighted (IVW)

method (IVW)

r,\g;;igs%?orn 0.98[0.74:1.30] 0.918 0.98[0.96:1.02]  0.694 | Mr-Egger regression 1.09[0.78:151] 0614 094[057:155  0.804

m;e'fggpetr -0.022(0.030) 0.468  0.006(0.018)  0.964 | Mr-Egger Intercept 0.007(0.028) 0.807  0.090(0.042)  0.027

xqvgé?:;ed 0.94[0.73:1.22] 0649 0.99[0.98:1.02]  0.905 | Weighted median 1.18[0.851.65] 0323 1.36[0.852.16]  0.197

Simple median  0.83[0.60;1.06] 0.117 1.03[0.94;1.13]  0.496 | Simple median 150[1.00;2.26] 0.049 2.37[1.78;296]  <0.001

1 LSDM and NODM was evaluated in comparison to non-diabetics (1,489 subjects: 851 PC cases and 638
controls), with subjects classified as either NODM (N=136) or LSDM (N=289) being removed, respectively.
2 All estimates were adjusted for age (<55, 55-65, 65-75, =75 years), gender, BMI (<25, 25-30, =30
kg/m2), smoking (never-smokers and tertiles of pack-years), country and the first five principal
components for population ancestries.

3 From the 57 T2DM-SNPs, 16 were excluded due to high LD with other SNPs (r2>0.8) (Supplementary
Table 1), and 6 SNPs were excluded due to their association with BMI (rs10830963, rs4430796) and
smoking (rs2641348, rs13234407, rs1111875, rs2334499). The allele score, as instrumental variable,
included the remaining 35 SNPs.

4 From the 40 PC-SNPs, 2 were excluded due to high LD (r2>0.8) (Supplementary Table 1), and 5 SNPs
were excluded due to their association with BMI (rs1747924.64538961, rs2816938.199985368,
rs2736098.1294086, rs17688601.40866663) and smoking (rs6537481.148396094). The allele score, as
instrumental variable, included the remaining 33 SNPs.

186



Statistical techniques for estimating causal effects in biomedical research

Supplemental Table 11. Estimates for the causal association between T2DM and PC and
viceversa, applying different Multivariable MRA methods, conducted among 1,162 cases and
752 controls with epidemiological and genetic data. T2DM status based on self-reported (SR)

data.

SR-based classification of T2DM status

Single MRA Multivariable MRA

OR [95%CI]' OR[95%CI' ___ OR [95%CI]' OR [95%CI]'
Diabetes-->PC LSDM NODM LSDM?2 (X1) + BMI (X2) NODM? (X1) + BMI (X2)

(N=289  (N=136  ->PC >PC
TSLS Estimates 1.08 .07 1.08[0.84:1.41] 1.06 [0.95;1.19]

087:133  [0.96,1.20] 08[084:1. 061095:1.
Inverse-variance weighted 0.90 0.98 ) )
method (IVW) 077107 [0.96;1.02] 0.9410.80:1.10] 1.0010.99:1.01)
Mr-Egger regression 074 19'390*; 06 1%925; 1,00 0.76:1.30] 1.00 [0.99:1.01]
Mr-Egger Intercept p':%(lzgg p=06090664; -0.014; p=0.54 0.001; p=0.93
PC-->Diabetes PC (X1) + BMI (X2) ->  PC (X1) + BMI (X2) ->
LSDM NODM
. 1.03 252
TSLS Estimates [0.99:1.06]  [2053.03] 1.05 [0.90:1.20] 1.311.10:1.52]
Inverse-variance weighted 1.12 1.57 ) )
method (IVW) 089141  [1.13:2.12] 1.20[0.98,1.48] 1.58[1.15:2.17]
Mr-Egger regression 078 11_501? 057 19'5951 1.21[0.87:1.69] 119[0.72:1.96]
Mr-Egger Intercept 0.007: p=0.81 p:06009207; .0.002: p=0.93 0.063; p=0.14
PC-->Diabetes (without PC (X1) + BMI (X2)->  PC (X1) + BMI (X2) ->
outliers)® LSDM NODM
. 138 285

TSLS Estimates 095199  [2.04:398]
Inverse-variance weighted 1.18 1.52 . .
method (IVW) 093151  [1.082.13] 1.191097:1.42] 1.7711.46:2.08)
Mr-Egger regression 084 11_'616? [0.80_21.532? 128 [0.87:1.87] 1.65[0.98:2.77]
Mr-Egger Intercept 0.001; p=0.96  0.023; p=0.6 "-0.01; p=0.645 0.01; p=0.73

From the 57 T2DM-SNPs, 16 were excluded due to high LD with other SNPs (r2>0.8) (Supplementary
Table 1), and 4 SNPs was excluded due to its association with smoking (rs2641348, rs13234407,
rs1111875, rs2334499). The allele score, as instrumental variable, included the remaining 37 SNPs. SNPs
associated with obesity were not excluded.

From the 40 PC-SNPs, 2 were excluded due to high LD (r2>0.8) (Supplementary Table 1), and 1 SNPs
was excluded due to its association with smoking (rs6537481.148396094). The allele score, as
instrumental variable, included the remaining 37 SNPs. SNPs associated with obesity were not excluded.
1 All estimates were adjusted for age (<55, 55-65, 65-75, =75 years), gender, BMI (<25, 25-30, =30
kg/m2), smoking (never-smokers and tertiles of pack-years), country and the first five principal
components for population ancestries.

2 LSDM and NODM was evaluated in comparison to non-diabetics (1,489 subjects: 851 PC cases and 638
controls), with subjects classified as either NODM (N=136) or LSDM (N=289) being removed, respectively.
BMI to define obesity (yes, no) two years before recruitment.

3 Outliers removed: "rs1747924:64538961:C:A", "rs1486134:67639769:G:T",
"rs17688601:40866663:C:A" for LDSM and "rs6971499" and "rs7310409” for NODM
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Supplemental Table 12. Estimates for the observational and causal association between
obesity measures and PC, applying different MRA methods, conducted among 1,162 cases and
752 controls with epidemiological and genetic data.

SR-based classification of obesity status

BMI 2 years (N=343 obese)

BMI 50 years (N=401 obese)

BMI-->PC OR [95%ClI]" p-value OR [95%ClI]" p-value
Observational association study

BMI and PC 0.89[0.69;1.14] 0.356  0.83[0.64;1.07] 1.41E-01
BMI-allele score2 and BMI in controls 1.11[1.08;1.15] 3.06E-09 1.16[1.12;1.21] 1.71E-11
BMI-allele score? and PC 1.01[0.98;1.02] 0.927 1.01[0.99;1.03] 0.311
Causal estimates: MR study

MRA_Wald 1.01[0.98;1.03] 0.927 1.07[0.94;1.21] 0.311
TSLS Estimates 1.01[0,85;1.20] 0.927 1.09[0.95;1.25] 0.293
z?\‘/’\?\;)se"’a”a”ce weighted method 1.01[0.90:1.15] 0828 1.03[0.93:1.14] 0.542
Mr-Egger regression 0.98 [0.74;1.30] 0.794 0.97[0.82;1.15] 0.705
Mr-Egger Intercept 0.009(0.015) 0.573 0.016 (0.017) 0.343
Weighted median 0.96 [0.80;1.32] 0.688 1.03[0.88;1.20] 0.728
Simple median 1.10[0.92;1.32] 0.278 1.05[0.90;1.22] 0.554

1 All estimates were adjusted for age (<55, 55-65, 65-75, =75 years), gender, smoking (never-smokers
and tertiles of pack-years), country and the first five principal components for population ancestries.

4 From the 126 obesity-SNPs, 30 were excluded due to high LD (r2>0.8) (Supplementary Table 1), and
11 SNPs were excluded due to their association with T2DM and smoking. The allele score, as instrumental

variable, included the remaining 85 SNPs.

There were few obese subjects at age 20 years; BMI at this age was therefore not considered.
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Supplemental Table 13. Results of causal mediation analyses evaluating mediator effects of
T2DM on the obesity and PC association considering different obesity measures, and mediator

effects of obesity on the T2DM and PC association. Estimates are derived from counterfactual
models (2,018 cases and 1,540 controls) and MRA (1,162 cases and 752 controls with

epidemiological and genetic data).

OR' [95%CI]  OR' [95%CI] OR' [95%CI] |OR' [095%CI] OR' [95%CI]  OR' [95%CI]
Counterfactual model NDE NIE TE NDE NIE TE
NODM mediator LSDM mediator
Obese? 090 [0.73:1.10] 1.04 [1.01;1,11] 0.94 [0.77:1.17]| 095 [0.80;1.15] 1.05 [1.02;1.10] 1.00 [0.84:1.22]
Overweight/obese? 0.83 [0.71;0.98] 1.09 [1.08;1,3] 0.91 [0.79:1.11] | 092 [0.80;1.08] 1.03 [1.01;1.06] 0.95 [0.82;1.11]
Weight gain > 5 kg? 0.82 [0.66;0.97] 1.08 [1.07;1.10] 0.89 [0.72;1.07] | 0.86 [0.70;1.03] 1.05 [1.03;1.08] 0.89 [0.74;1.08]
Weight loss® 104 [0.85:1.38] 095 [0.73:1.02] 1.00 [0.831.19] | 0.98 [0.821.15] 1.02 [1.00;1.04] 1.00 [0.84:1.17]
Obese at age 50° 0.83 [067:1.01] 1.07 [1.04;1,13] 089 [0.73:1.08] | 088 [0.72:1.07] 1.07 [1.04;1.15] 094 [0.78:1.14]
Overweightiobese at age 50° 1.21 [1.01;1.44] 1.03 [0.98;1.08] 1.25 [1.07;1.51]| 118 [1.01;1.37] 1.04 [1.03;1.07] 1.23 [1.06;1.43]
Obese? mediator Overweight/obese? mediator
NODM 592 [3.69;9.14] 097 [0.78:1.01] 5.72 [3.76:9.11] | 10.14 [5.48;22.69] 0.55 [0.23;0.92] 5.58 [3.65;8.92]
LSDM 165 [1.34;2.03] 1.02 [0.99:1.07] 1.68 [1.37;2.06] | 1.61 [1.31;2.00] 1.03 [1.01;1.08] 1.67 [1.352.06]
Obese at age 50° mediator Overweight/obese at age 50° mediator
NODM 499 [2.54;10.87] 0.87 [0.4311.04] 4.35 [2.359.65] | 4.27 [2.14;8.08] 1.08 [1.03;1.12] 4.63 [2.66;10.82]
LSDM 153 [1.13;2.09] 099 [0.87:1.07] 1.50 [1.14;247]| 1.38 [1.08;1.94] 1.09 [1.03;1.15] 1.49 [1.17;2.02]
Counterfactual IV NDE NIE TE NDE NIE TE
NODM mediator LSDM mediator
Obese? 083 [0.63;1.15] 1.03 [1.00;1.11] 0.85 [0.68;1.24]| 088 [0.63;1.27] 1.02 [0.99;1.04] 0.89 [0.68;1.27]
Overweight/obese? 093 [0.721.12] 1.05 [1.00;1.08] 097 [0.81;1.26] | 098 [0.81;1.27] 1.01 [0.99:1.02] 0.98 [0.79;1.27]
Weight gain > 5 kg® 115 [0.68;1.53] 1.03 [1.00;1.07] 1.19 [0.681.56] | 116 [0.94:1.58] 1.02 [1.00;1.03] 1.18 [0.95;1.78]
Weight loss? 120 [096;1.69] 0.94 [0.90,0.98] 113 [0.92148] | 113 [0.88:1.35] 1.01 [0.99:1.02] 1.14 [0.88:139]
Obese at age 50° 082 [0.66:122] 106 [1.00;112] 087 [0.701.31]| 84 [0.66;1.12] 102 [1.00;1.06] 0.86 [0.68:1.13]
Overweight/obese atage 50° 1.44 [1.18;1.89] 1.03 [1.00,1.06] 1.49 [1.23;1.96] | 147 [1.17;1.88] 1.02 [1.01;1.03] 1.49 [1.19;1.90]
Obese? mediator Overweight/obese? mediator
NODM 5.06 [3.15;13.19] 0.92 [0.40;1.01] 4.67 [2.97;9.77] | g.21 [6.64;11.58] 0.53 [0.38:0.75] 4.37 [3.02;7.75]
LSDM 146 [1.02;1.91] 1.02 [0.97,1.07] 1.47 [1.07;2.01]| 145 [1.12;2.18] 1.01 [0.94:1.04] 1.46 [1.22;2.29]
Obese at age 50° mediator Overweight/obese at age 50° mediator
NODM 501 [3.02;12.20] 0.86 [0.37;1.06] 4.32 [2.78;8.77] | 4.28 [2.72;9.79] 1.09 [1.051.20] 4.68 [3.04;11.49]
LSDM 151 [1.24;2.20] 098 [0.87,1.04] 1.49 [1.252.32] | 1.37 [0.88;1.81] 1.08 [1.03;1.16] 1.48 [1.07;2.15]

CI, confidence interval; TE, marginal total effect; NDE, natural direct effect; NIE, natural indirect effect;
L All estimates were adjusted for age (<55, 55-65, 65-75, =75 years), gender, smoking (never-smokers

and tertiles of pack-years), country, and the first five principal components for population ancestries in

network MRA

2 Obesity status defined based on BMI 2 years before recruitment
3 Obesity-related variables based on information collected at age 50 years, such as weight gain from age
20 to 50 and weight loss since age 50 years
Significant estimates are marked in bold.
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Supplemental Table 14. Association between diabetes-related variables and PC risk in the

PanGenEU study (2,018 cases and 1,540 controls). Unimputed data.

Cases Controls
N=2,018 N=1,540 Model1 Model2
N % N % p-value' OR [95%Cl] OR [95%Cl]
Diabetes status <0.001
no diabetes 1479 73.30 1340 87.00 Ref. Ref.
yes 498 24.70 184 11.90 2.60 [2.13;3.18] 2.55 [2.04;3.18]
Diabetes status by subtype <0.001
no diabetes 1479 73.30 1340 87.00 Ref. Ref.
yes, < 2 years (NODM) 200 9.91 27 1.75 6.41 [4.2,9.79] 6.43 [4.06;10.2]
yes, > 2years (LSDM) 265 13.10 152 9.87 1.82 [1.45;2.3] 1.77 [1.37;2.28]
Missing 74 3.67 21 1.36
Family history of diabetes?
no diabetes 1069 58.0 821 65.7 Ref. Ref.
yes 594 322 357 28.6 124 [1.04;1.49] 1.14 [1.00;1.38]
Missing 182 9.9 72 5.8
Diabetes by age at diagnosis?® <0.001
no diabetes 1479 73.30 1340 87.00 Ref. Ref.
<55 years 141 6.99 72 4.68 1.66 [1.21;2.28] 1.59 [1.12;2.26]
55 to < 65 years 138 6.84 50 3.25 248 [1.74;3.55] 248 [1.69;3.64]
> 65 years 197 9.76 58 3.77 3.97 [2.88,5.54] 3.79 [2.67;5.44]
Missing 63 3.12 20 1.30 p-trend 2E-16 2E-16
Diabetes by time since diagnosis® <0.001
no diabetes 1479 73.30 1340 87.0 Ref. Ref.
<1 159 7.88 12 0.78 10.98 [6;20.09] 9.39 [5.08;17.34]
1t0<2 41 2.03 15 0.97 2.64 [1.4;4.97] 3.19 [1.56;6.52)
2to<b 71 3.52 32 2.08 2.38 [1.54;3.75] 243 [1.52;3.94]
5t0<10 86 4.26 36 2.34 243 [1.60;3.73] 241 [1.52;3.86]
10 to <20 56 2.78 40 2.60 1.50 [0.96;2.33] 1.38 [0.85;2.25]
>20 52 2.58 44 2.86 1.21 [0.78;1.90] 111 [0.67;1.81]
Missing 74 3.67 21 1.36 p-trend  1.5E-06 4 5E-05
Diabetes control measures
Diet <0.001
no diabetes 1479 73.30 1340 87.00 Ref. Ref.
yes 297 14.70 133 8.64 2.50 [1.98;3.15] 244 [1.9;3.14]
no use 118 5.85 49 3.18 241 [1.68;3.46] 2.38 [1.6;3.55]
Missing 124 6.14 18 117
Use of oral medication <0.001
no diabetes 1479 73.30 1340 87.00 Ref. Ref.
yes 304 15.10 130 8.44 2.36 [1.86;2.99] 224 [1.73;2.9]
no use 140 6.94 50 3.25 3.00 [2.12:4.24] 321 [2174.74]
Missing 95 4.71 20 1.30
Use of insulin <0.001
no diabetes 1479 73.30 1340 87.00 Ref. Ref.
yes 236 11.70 59 3.83 4.26 [3.12;5.81] 418 [2.97;5.89]
no use 195 9.66 119 7.73 1.77 [1.37;2.28] 1.77 [1.34;2.35]
Missing 108 5.35 22 143

! Differences between groups evaluated by the Chi-square test
2 Information on family history of diabetes was not collected in Ireland; results are based on data for
1,845 cases and 1,250 controls
3 Linear association for age since T2DM diagnosis and nonlinear association for time since T2DM
(Supplemental Figure 1) Model 1: adjusted for age (<55, 55-65, 65-75, =75 years), gender, country.
Model 2: Model 1 also adjusted for pack years (never-smokers and tertiles of pack-years) and BMI (<25,

25-30, 230 kg/m?)
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Supplemental Table 15. Estimates for the observational and causal association between
T2DM and PC and vice versa, applying different MRA methods, conducted among 1,162 cases
and 752 controls with epidemiological and genetic data. T2DM status based on self-reported

(SR) and biomarker data.

SR + biomarker-based classification of

SR + biomarker -based classification of T2DM

T2DM status status

LSDM (N=289)" NODM (N=190)" LSDM (N=289)" NODM (N=190)"
Diabetes-- OR p- o 112 PC-->Diabetes oo P o/ (112
SPC [95%CI]2  value OR [95%CI] p-value OR [95%ClI] value OR [95%CI] p-value
Observational
association Observational association study
study
T2DM and PC 0 14'11958% 0.003 5.08[3.27;7.90] 4.40E-13 | PC and T2DM 1.51[1.15;2.00) 0.003 5.15[3.31;8.00] 3.22E-13
T2DM-allele
score3 and 1.11 3.73E- ) PC-allele score* and PC (without ) 1.54E- )
T2DM in [1.05:1.16] 04 1.23[1.13;1.33] 4.74E-05 T2DM) 1.10 [0.75;1.45] 08 1.09[1.07;1.13] 1.54E-08
controls
T2DM-allele 1.02 . , .
score®and PC [0.99:1.05] 0.146 0.99[0.96;1.02] 0.461 | PC-allele score and T2DM 1.03[0.99;1.06) 0.119 1.07[1.03;1.11]  0.0014
Causal
estimates: Causal estimates: MR study
MR study
MRA_Wald 0 95,114271] 0.146 0.95[0.96;1.02] 0.461 [ MRA_Wald 1.32[0.97;1.67]  0.12 2.01[1.58;2.43] 0.0014
T2LS 1.19 , . . .
Estimates [0.92:1.54] 0.194 0.95[0.84;1.08] 0.461 | T2LS Estimates 1.03[0.99;1.06]) 0.12 2.86[2.07;3.97] 2.37E-10
Inverse-
variance 1.06 ) Inverse-variance weighted method ) .
weighted [0.79:1.42] 0.708 0.99[0.93;1.05] 0.725 (VW) 1.12[0.89;1.41] 0.316 1.29[0.98;1.70] 0.078
method (IVW)
Mr-Egger 1.31 , - . .
regression [0.80:2.15] 0.278 1.00[0.94;1.06] 0.921 | Mr-Egger regression 1.05[0.76;1.47] 0.756 0.83 [0.55;1.26] 0.382
Mr-Egger "-0.049 . :
Intercept (0.045) 0.283 "-0.019(0.029) 0.538 | Mr-Egger Intercept 0.015(0.028) 0.604  0.095(0.034) 0.005
Weighted 0.97 , : : 47 .
median [0.72:1.30] 0.823 1.00[0.96;1.04] 0.812 [ Weighted median 1.22[0.88;1.17* 0.238 1.16[0.78;1.75] 0.446
Simple median | 86,11'720(} 0284 100[085:1.17]  0.95| Simple median 155[1.00232] 005 156[0.96254]  0.075

* LSDM and NODM was evaluated in comparison to non-diabetics after reclassifying T2DM status with the
biomarker data (obtained for 654 subjects with epidemiological and genetic data), with subjects
reclassified as either NODM (N=190) or LSDM (N=289) being removed, respectively.
2 All estimates were adjusted for age (<55, 55-65, 65-75, =75 years), gender, BMI (<25, 25-30, =30
kg/m2), smoking (never-smokers and tertiles of pack-years), country and the first five principal
components for population ancestries.
3 From the 57 T2DM-SNPs, 16 were excluded due to high LD with other SNPs (r2>0.8) (Supplementary

Table 1), and 6 SNPs were excluded due to their association with BMI (rs10830963, rs4430796) and

smoking (rs2641348, rs13234407, rs1111875, rs2334499). The allele score, as instrumental variable,

included the remaining 35 SNPs.

4 From the 40 PC-SNPs, 2 were excluded due to high LD (r2>0.8), and 5 SNPs were excluded due to

their association with BMI (rs1747924.64538961, rs2816938.199985368, rs2736098.1294086,
rs17688601.40866663) and smoking (rs6537481.148396094). The allele score, as instrumental
variable, included the remaining 33 SNPs.

Removal of SNPs potentially associated with other traits (at p-value 10-8) according to PhenoScanner

database led to similar results.
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Supplemental Table 16. Estimates for the observational and causal association between
T2DM and PC and vice versa, after removing other potential pleiotropic variants and outliers
(based on Cook s distances) and applying different MRA methods, conducted among 1,162
cases and 752 controls with epidemiological and genetic data. T2DM status based on self-
reported (SR) data.

SR-based classification of T2DM status SR-based classification of T2DM status

LSDM (N=289)" NODM (N=136)" LSDM (N=289)" NODM (N=136)"
Diabetes--  ooroscr P oRposuce P-. | PC>Diabetes OR[95%CI? P°.  OR[95%CI?  p-value
>PC value value value
Obseryagional Observational association
association stud
study y
T2DM and PC 1.43[1.09;1.88] 0.011 6.10[3.45;10.8] <0.001 PC and T2DM 1.45[1.10;1.91] 0.008 6.08[3.44;10.7] 4.80E-10
T2DM-allele 1 49E- 410E-
score® and 1.16[1.09;1.22] 05 1.32[1.15;1.48]  0.001 | PC-allele score* and PC 1.10[1.06;1.13] 08 1.10[1.06;1.13] 3.10E-08
T2DMin (without T2DM)

controls

T2DM-allele 1.00[0.97;1.03]
score3 and PC

9.93E-

o1 10100.981.05] 0389 | b iele scoret and T2DM  1-03[1.00:1.06]  0.00 1.08[1.03,1.13] 00023

Cat_JsaI . Causal estimates: MR

estimates: stud

MR study y

MRA_Wald 1.00[0.79;1.22] 0.273 1.05[0.99;1.09] 0.389 MRA_Wald 1.38[0.99;1.74]  0.09 247[1.71;2.74] 0.00053
TSLS 0.98[0.79;1.22] 0.864 1.05[0.93;1.19]  0.39| 15 S Estimates 1.3810.95;1.99] 0.09 2.85[2.04;3.98] 2.80E-09
Estimates

Inverse-

variance 0.92[0.79;1.08] 0.315 1.00[0.96;1.02] 0.538 | Inverse-variance weighted 1.18[0.93;1.51] 0.16 1.52[1.08;2.13] 0.016
weighted method (IVW)

method (IVW)

Mr-Egger 1.00[0.77;1.20] 0.992 0.98[0.96;1.02] 0.534 Mr-Egger regression 1.18[0.84;1.66] 0.348 1.36[0.80;2.32] 0.251
regression

Mr-Egger 0.019(0.025) 0.448  0.001(0.018)  0.936 | s er Intercept 0.001(0.028) 0.963  0.023 (0.043) 0.06
Intercept 99

Weighted 0.96[0.74:1.24] 0.481 1.01[0.95:1.04] 0.966 Weighted median 1.181[0.84;1.67] 0.321 1.43[0.88;2.33] 0.15
median

Simple median 0.86[0.69;1.07] 0.174 1.02[0.92;1.11] 0.735 Simple median 1.51[1.00;2.27] 0.052 2.84[2.27;3.41] <0.001

1 LSDM and NODM was evaluated in comparison to non-diabetics (1,489 subjects: 851 PC cases and 638
controls), with subjects classified as either NODM (N=136) or LSDM (N=289) being removed, respectively.
2 All estimates were adjusted for age (<55, 55-65, 65-75, =75 years), gender, BMI (<25, 25-30, =30
kg/m2), smoking (never-smokers and tertiles of pack-years), country and the first five principal
components for population ancestries.

3 From the 57 T2DM-SNPs, 16 were excluded due to high LD with other SNPs (r2>0.8) (Supplementary
Table 1), and 6 SNPs were excluded due to their association with BMI (rs10830963, rs4430796) and
smoking (rs2641348, rs13234407, rs1111875, rs2334499). In addition, 3 SNPs potentially being outliers
were removed (rs2191348, rs13266634, rs7965349). The allele score, as instrumental variable, included
the remaining 32 SNPs.

4 From the 40 PC-SNPs, 2 were excluded due to high LD (r2>0.8) (Supplementary Table 1), and 5 SNPs
were excluded due to their association with BMI (rs1747924.64538961, rs2816938.199985368,
rs2736098.1294086, rs17688601.40866663) and smoking (rs6537481.148396094). In addition, 2 SNPs
potentially being outliers were removed (chrl12_121454622, chrl6_75263661). The allele score, as
instrumental variable, included the remaining 31 SNPs.
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Supplemental Table 17. Magnitudes of the E-value for different combinations of the
Exposure-Confounder Association RREU and the Confounder-Outcome Association RRUD for
the estimation of the causal effect of NODM on PC (OR=6.39 (4.18;9.78)) and of LSDM on PC
(OR=1.86 (1.49;2.32)).

NDOM

RRup

35 6.5 9.5 12.5 15.5 18.5 21.5 24.5 275

3.5 2,04 2,53 2,77 2,92 3,01 3,08 3,14 3,18 3,21
6.5 2,53 3,52 4,12 4,51 4,80 5,01 518 5,31 5,42
9.5 2,77 4,12 5,01 5,65 6,14 6,51 6,81 7,05 7,26
12.5 2,92 4,51 5,65 6,51 7,18 7,71 8,14 8,51 8,81
RRev 15.5 3,01 4,80 6,14 7,18 8,01 8,69 9,26 9,74 10,15
18.5 3,08 5,01 6,51 7,71 8,69 9,51 10,20 10,79 11,31
21.5 3,14 5,18 6,81 8,14 9,26 10,20 11,01 11,71 12,32
24.5 3,18 5,31 7,05 8,51 9,74 10,79 11,71 12,51 13,21
27.5 3,21 5,42 7,26 8,81 10,15 11,31 12,32 13,21 14,00

LSDM

E-value

RRup

E-value
1.5 2.5 35 4.5 5.5 6.5 7.5 8.5 9.5 10.5

1.5 1,13 1,25 1,31 1,35 1,38 1,39 1,41 1,42 1,43 1,43
25 1,25 1,56 1,75 1,88 1,96 2,03 2,08 2,13 2,16 2,19
3.5 1,31 1,75 2,04 2,25 2,41 2,53 2,63 2,70 2,77 2,83
4.5 1,35 1,88 2,25 2,53 2,75 2,93 3,07 3,19 3,29 3,38
5.5 1,38 1,96 2,41 2,75 3,03 3,25 3,44 3,60 3,73 3,85
6.5 1,39 2,03 2,53 2,93 3,25 3,52 3,75 3,95 4,12 4,27
7.5 1,41 2,08 2,63 3,07 3,44 3,75 4,02 4,25 4,45 4,63
8.5 1,42 2,13 2,70 3,19 3,60 3,95 4,25 4,52 4,75 4,96
9.5 1,43 2,16 2,77 3,29 3,73 4,12 4,45 4,75 5,01 5,25
10.5 1,43 2,19 2,83 3,38 3,85 4,27 4,63 4,96 5,25 5,51

RReu
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Supplementary Figures

Supplemental Figure 1. Directed acyclic graphs illustrating the single MR and multivariable
and network MR approaches used to explore causal associations and mediation in the causal
pathways between T2DM, obesity and PC.

Ao -G @ o0——& @

NODM/LSDM v NODM/LSDM PC v PC NODM/LSDM

E
D A
—=>( >
v NODM/LSDM I’C PC NODMILSDM

Obesity

F G

O D O
o © 2

w2 Obesity Iv2 NODM/LSDM

Obesity

A: Observational association between T2DM (Exposure) and PC (Outcome)

B: Single Mendelian Randomization (MR) between T2DM (Exposure) and PC (Outcome)

C: Single Mendelian Randomization (MR) between PC (Exposure) and T2DM (Outcome) - bidirectional MR
D: Multivariable Mendelian Randomization (MR) between T2DM (Exposure) and PC (Outcome)

E: Multivariable Mendelian Randomization (MR) between PC (Exposure) and T2DM (Outcome) -
bidirectional MR

F: Network Mendelian Randomization (MR) between T2DM (Exposure), Obesity (Mediator) and PC
(Outcome)

G: Network Mendelian Randomization (MR) between Obesity (Exposure), T2DM (Mediator) and PC
(Outcome)

194



Odds Ratio
-

Odds Ratio

Statistical techniques for estimating causal effects in biomedical research

Supplemental Figure 2. Linear and Non-linear association between T2DM-related continuous
variables and pancreatic cancer risk, with non-diabetics as a reference group: (A) time since
T2DM diagnosis; (B) age at T2DM diagnosis; (C) Hb1lAc levels and (D) C-Peptide levels with
the minimum value (Hb1Ac=4; C-Peptide=0.05) as the reference group.
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Supplemental Figure 3. Pleiotropy visualization plots regarding the directional association between PC and NODM risk.
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A: funnel plot for IV made up of SNPs without SNPs in LD and SNPs associated with obesity and smoking. B: funnel plot for IV excluding further SNPs that were outliers (based
on Cooks distances). Y-axes represent SNP to outcome effect corrected by SNP to exposure standard error of the effect. X-axes (SNP to exposure effect) are in logarithmic
scale. C: Correlation plot of per-allele associations (genetic score of the IV) with the outcome and exposure. D: Forest plot of per-allele MR effect size for exposure on outcome
and E: leave-one-out analyses.
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Appendix B. PanGenEU Study

The PanGenEU (the European Study into Digestive Ililnesses and Genetics) is a multicentre
hospital-based case control study of pancreatic cancer conducted in six European countries
(Spain, Germany, Ireland, United Kingdom, Italy and Sweden) and 28 centres, designed to

evaluate environmental and genetic factor associated with pancreatic cancer risk.

Epidemiological information was obtained through an epidemiological questionnaire including
self-reported socio-demographic, anthropometric data (height, weight), family history of
cancer including pancreatic cancer, medical history (diabetes), lifestyle behaviours (e.g.,

smoking and alcohol habits).

Genetic information as SNPs (Single Nucleotide Polymorphism) was available for 1,162 cases
and 540 controls who provided blood samples. DNA samples were genotyped on the Infinium
OncoArray-500K at the CEGEN (Spanish National Cancer Research Centre, CNIO). The
genotype data was filtered for call rate, relatedness, European ancestry <80% and sex
chromosome abnormalities. Overall, 451,883 SNPs passed these quality filters and underwent
imputation of missing genotypes using IMPUTE v2. The control group was enlarged with 212
controls participating in two Spanish bladder cancer case-control studies (EPICURO and
ISBlaC), with analogous characteristics to the source population (Spanish pancreatic cancer
cases; 44% females and mean age=64.7 years) and with genotype and epidemiological data

available. Similar protocols for data collection and genotyping were used in all studies.

The construction of the Genetic Score as an Instrumental Variable was made considering SNPs
that were statistically associated with the exposure of interest. The genetic score is a weighted
score where each value of the SNP multiplying by the real effect () of each SNP to the

exposure.

i
IV =Z/Uj : SNPBMIJ-
=1

IV, :Zﬂj - SN 550
1

j=

Where 1V, is the weighted genetic score as IV for body mass index (BMI) exposure and nji is
the number of significative SNPs associated with BMI. 1V, is the weighted genetic score for
type 2 diabetes mellitus (T2DM) and n; is the number of SNPs associated with T2DM. For this
study, we discarded those SNPs that were associated with both BMI and T2DM and SNPs
associated to each other, in order to prevent any pleiotropy problem and Linkage
Disequilibrium (LD).
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Appendix C. Simulation process

Based on the PanGenEU features, we create several simulation datasets considering different

parameters and scenarios.

S1: Y, E, and M continuous

Step 1. Selecting effect sizes based on the real dataset, PanGenEU.

To select the effect sizes, we fitted the following regression models for E, body mass index,

M, glycated haemoglobin, and Y, pancreatic cancer, respectively:

E =a, + a,Sex + a,Smoke[1] + a,Smoke[2] + a,Smoke[3] + a, Age + a, IV, + & [C1]

M =b, + b, Sex + b, Smoke[1] + b,Smoke[2] + b, Smoke[3] + b, Age + b, IV, +b,E + ¢, [C2]
Y" =c, +¢,E+c,M +c,Sex + ¢, Age + ¢, Smoke[1] + c,Smoke[2] + ¢, Smoke[3] + &,  [C3]

Y corresponds to the probit score of pancreatic cancer.

A

The estimated coefficients 4= (&),4,,..,4,); b=(0,,b,...b,); €=(6,6,...¢;) and the
estimated standard deviations of the errors (6;,0,,,0,) associated to E, M and Y, respectively
will be used in Step 4. For the sake of simplicity, vector (6;,6,,,6,) has been denote

(0¢,0,,0,) in the whole paper.

Step 2. Simulating correlated errors.

The errors were simulated assuming a multivariate normal distribution:

(€esims Ensims Evsin) ~ N3 (u,Z)

with 2 =(0,0,0) and s, the variance-covariance matrix defined as:

2
Ok POeOy  POgOy
_ 2
2L =| poeoy Owm POy Oy
2
POeOy  PONOy Oy

where (o;,0,,,0,) were those obtained in Step 1.

Step 3. Selecting confounders, and instrumental variables.
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Instead of simulating artificial datasets, confounders, and instrumental variables were

randomly extracted from the real dataset with replacement.

Step 4. Simulating E, Mand Y.

In the simulated datasets, the exposure, E, the mediator, M, and the outcome, Y, were

obtained as follows:

Step 4.1:
Egm = & +a,5ex+ a,Smoke[1] + &,Smoke[2] + &,Smoke[3] + &;Age + 8, IV, + & [C4]

M., = b, +b,Sex +b,Smole[1] + b,Smoke[2] + b, Smoke[3] + b, Age + b IV, +b,E,, +&,,, [C5]

sim
where Esim are the values obtained from [C4]

Step 4.3:

Yim =C +CE

sim T 6 Mg, +€;5ex + €, Age + ¢, Smoke[1] + ¢;Smoke[2] + ¢, Smoke[3] + &, [C6]
where Esim and Msim are the values obtained from [C4] and [C5], respectively.

The process for the rest of the scenarios only differs in Steps 1 and 4.

S2 : Y binary, E continuous and M continuous

Step 1. Selecting effect sizes based on the real dataset, PanGenEU.

As [C1], [C2] and [C3], but in this case Y * corresponds to the probit score in SEM and logit
score in MRinCMA.

Step 4. Simulating E, M and Y.
Step 4.1: As [C4]
Step 4.2: As [C5]

Step 4.3:

Score =Y’ =€, +GE,, +6M,, +C¢,Sex+¢,Age + ¢, Smoke[1] + ¢,Smoke[2] + ¢, Smoke[3] + &y,

where Esim and Msim are the values obtained from [C4] and [C5], respectively.

We recovered Y inverting the corresponding transformation.
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Y, ~ Binomial (1, g7 (Y g )) [C7]
Denoting g the cumulative distribution function of the standard normal distribution or the

logistic distribution, as appropiated.

S3: Y continuous, E continuous and M binary

Step 1. Selecting effect sizes based on the real dataset, PanGenEU.

To select the effect sizes, we fitted the following regression models for E, body mass index,

M, long-standing diabetes mellitus and Y, pancreatic cancer, respectively:

E" =a, +aSex + a,Smoke[1] + a,Smoke[2] + a,Smoke[3] + a, Age + a; IV, + &, [C8]
M™ = b, +b,Sex + b, Smoke[1] + b, Smoke[ 2] + b, Smoke[3] + b, Age + b IV, + b, E + &,, [C9]
Y™ =c, +¢,E +¢,M +c,Sex +c, Age + ¢, Smoke[1] + ¢, Smoke[2] + ¢, Smoke[3] + &, [C10]

M* and Y* corresponds to the probit score of long-standing diabetes mellitus and pancreatic
cancer, respectively.

Step 4. Simulating E, M and Y.

Step 4.1: As [C4]

Step 4.2:

Score =M

b, +b,Sex + b, Smoke[1] + b, Smoke[2] + b, Smoke[3] + b, Age + b, IV, +b,E,, +¢,,

sim

where Esim are the values obtained from [C4].

We recovered M inverting the corresponding transformation.
M, ~ Binomial (l, gfl(M*sim)) [C11]

Denoting g the cumulative distribution function of the standard normal distribution.

Step 4.3: As [C6]

S4: Y binary, E continuous and M binary
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Step 1. Selecting effect sizes based on the real dataset, PanGenEU.

As [C7], [C8] and [C9], but in this case M* and Y* correspond to the probit score in SEM and
logit score in MRinCMA.

Step 4.

Step 4.1: As [C4]

Step 4.2: Similar to [C11] denoting g the cumulative distribution function of the standard

normal distribution or the logistic distribution, as appropriated.

Step 4.3: Similar to [C7] denoting § the cumulative distribution function of the standard

normal distribution or the logistic distribution, as appropriated.

S5: Y continuous, E binary and M binary

Step 1. Selecting effect sizes based on the real dataset, PanGenEU.

To select the effect sizes, we fitted the following regression models for E, obesity, M, long-

standing diabetes mellitus and Y, pancreatic cancer, respectively:

E” =a, +a,Sex + a,Smoke[1] + a,Smoke[2] + a, Smoke[3] + a,Age + a, IV, + &, [C12]
M”™ =D, + b Sex + b,Smoke[1] + b,Smoke[2] + b, Smoke[3] + b, Age + b, IV, + b, E + &,, [C13]
Y =c, +C,E+c,M +c,Sex +c, Age + ¢, Smoke[1] + c,Smoke[2] + ¢, Smoke[3] + &, [C14]

E*, M* and Y* corresponds to the probit score of obsesity, long-standing diabetes mellitus and

pancreatic cancer, respectively.

Step 4. Simulating E, M and Y.

Step 4.1.1:
Score =E_, "~ =4, + 4 Sex + 4,Smoke[1] + &,Smoke[2] + &,Smoke[3] + 4, Age + &IV, + &,  [C15]

We recovered M inverting the corresponding transformation.
E,, ~ Binomial (1,g™* (E', ) [ C16]

Denoting g the cumulative distribution function of the standard normal distribution.

Step 4.1.2: As [C11]
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Step 4.1.3: As [C7]

S6: Y binary, E binary and M binary

Step 1. Selecting effect sizes based on the real dataset, PanGenEU.

As [C12], [C13] and [C14], but in this case E*, M" and Y" correspond to the probit score in
SEM and logit score in MRinCMA.

Step 4. Simulating E, M and Y.

Step 4.1 As [C15] denoting ¢ the cumulative distribution function of the standard normal

distribution or the logistic distribution, as appropiated.

Step 4.2 As [Cl11] denoting ¢ the cumulative distribution function of the standard normal

distribution or the logistic distribution, as appropiated.

Step 4.3. As [C7] denoting § the cumulative distribution function of the standard normal

distribution or the logistic distribution, as appropiated.

For the six scenarios (S1-S6) we simulated datasets of different sample sizes (i.e., 1,000, 2,500

and 10,000) and we repeated the same simulation process across m = 2,000 replications.
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Appendix D. Additional Tables Chapter 5

Table D1. True coefficients considered in each scenario by method based on the effect sizes

of PanGenEU

Based on MRinCMA SEM

PanGenEU Direct Indirect Total Direct Indirect Total
S$1 0.024 0.045 0.070 0.024 0.045 0.070
S2 0.0422 0.134 0.006 0.024> 0.045 0.001
S3 0.024b 0.045 0.070 0.024b 0.045 0.070
S4 0.0422 0.134 0.006 0.024b 0.045 0.001
S5 0.129> 0.133 0.261 0.129° 0.133 0.261
S6 0.199 0.774 0.154 0.129° 0.133 0.017

MRinCMA= Mendelian Randomization in Causal Mediation Analysis. SEM = Structural Equation Models.
S1:Y, E and M continuous; S2: Y binary and E and M continuous; S3: Y continuous, E continuous and M
binary; S4: Y binary, E continuous and M binary; S5: Y continuous and E and M binary; S6: Y, Eand M

binary. 2Logit coefficients; "Probit coefficients
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Table D2. 95% CI coverage and bias-eliminated coverage for estimation of direct, indirect, and total effects for S1, S2, S3, S4, S5 and S6, considering a

sample size of n=10,000

n=10,000
S1 Direct Indirect Total S2 | Direct Indirect Total
C BE-C C BE-C C BE-C C BE-C C BE-C C BE-C
4SLS 99.40% 99.40% 93.70% 93.80% 92.00% 92.10% 4SLS 99.00% 99.00% 93.00% 93.00% 92.00% 92.00%
3SLS 99.40% 99.40% 92.20% 93.60% 91.50% 91.75% 3SLS 99.00% 99.00% 92.00% 93.00% 92.00% 92.00%
4SRI 88.30% 88.65% 93.30% 92.70% 92.60% 92.30% 4SRI 88.00% 89.00% 94.00% 94.00% 92.00% 92.00%
3SRI 88.30% 88.65% 91.40% 92.65% 92.50% 92.50% 3SRI 88.00% 89.00% 92.00% 93.00% 92.00% 92.00%
SEM 94.70% 94.78% 91.40% 92.00% 92.10% 91.95% SEM 96.00% 97.00% 78.00% 94.00% 96.00% 99.00%
S3 Direct Indirect Total S4 Direct Indirect Total
C BE-C C BE-C C BE-C C BE-C C BE-C C BE-C
4SLS 96.70% 96.70% 88.20% 94.00% 88.90% 93.60% 4SLS 93.00% 93.00% 90.00% 93.00% 59.00% 92.00%
3SLS 96.70% 96.70% 83.50% 93.00% 85.60% 93.40% 3SLS 93.00% 93.00% 86.00% 92.00% 60.00% 93.00%
4SRI 89.40% 91.20% 92.60% 94.10% 93.80% 93.60% 4SRI 93.00% 93.00% 94.00% 94.00% 28.00% 93.00%
3SRI 89.40% 91.20% 93.40% 93.20% 92.60% 93.10% 3SRI 93.00% 93.00% 92.00% 94.00% 32.00% 93.00%
SEM 95.10% 95.10% 1.10% 93.00% 36.10% 93.30% SEM 94.00% 96.00% 24.00% 94.00% 73.00% 99.00%
S5 Direct Indirect Total S6 Direct Indirect Total
C BE-C C BE-C C BE-C C BE-C C BE-C C BE-C
4SLS 95.50% 95.60% 97.10% 97.40% 93.60% 93.70% 4SLS 94.00% 94.00% 91.00% 93.00% 86.00% 94.00%
3SLS 95.50% 95.60% 96.00% 98.30% 93.30% 93.40% 3SLS 94.00% 94.00% 86.00% 93.00% 89.00% 94.00%
4SRI 89.10% 93.20% 97.00% 99.40% 84.10% 94.60% 4SRI 93.00% 93.00% 92.00% 95.00% 92.00% 94.00%
3SRI 89.10% 93.20% 97.20% 99.60% 83.60% 94.70% 3SRI 93.00% 93.00% 88.00% 97.00% 92.00% 94.00%
SEM 95.70% 96.40% 1.60% 92.50% 45.00% 92.40% SEM 89.00% 96.00% 0.00% 98.00% 42.00% 99.00%

C = 95% CI coverage rate, BE-C: bias-eliminated coverage;4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares; 4SRI=4-Stage-Residual-Inclusion; 3SRI=3-Stage-
Residual-Inclusion; SEM= Structural Equation Models.
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Table D3. Bias and MSE for S3, S4, S5 and S6, considering a sample size of n=10,000

n=10,000 Direct Indirect Total
s3 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLSh 0.000+0.000 0.000+0.000 0.016+0.000 -0.011£0.000 0.000+0.000 0.019+0.000 -0.011£0.000 0.001+0.000 0.023+0.000
3SLSP 0.000£0.000 0.000£0.000 0.016£0.000 -0.014£0.000 0.000£0.000 0.017£0.000 0.015£0.000 0.001£0.000 0.022+0.000
4SRIb -0.004£0.000 0.000£0.000 0.015£0.000 0.006+0.000 0.000£0.000 0.015£0.000 0.001 £0.000 0.001£0.000 0.023£0.000
3SR -0.004+0.000 0.000£0.000 0.015£0.000 0.000£0.000 0.001£0.000 0.0151£0.000 -0.004£0.000 0.001£0.000 0.023£0.000
SEMP 0.000£0.000 0.000£0.000 0.016+0.000 -0.03540.000 0.002+0.000 0.006+0.000 -0.036+0.000 0.002+0.000 0.017£0.000
s4 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLS? -0.003+0.001 0.002+0.000 0.048+0.001 -0.034+0.003 0.008+0.000 0.086+0.001 0.132+0.003 0.024+0.001 0.088+0.001
3SLS? -0.002+0.001 0.002+0.000 0.048+0.001 -0.045+0.002 0.008+0.000 0.078+0.001 0.121+0.002 0.020+0.001 0.080+0.001
4SRI? -0.002+0.001 0.002+0.000 0.047%0.001 0.002+0.002 0.004+0.000 0.0610.001 0.169+0.002 0.034+0.001 0.0510.001
3SRI? -0.002+0.001 0.002+0.000 0.047+0.001 -0.011£0.002 0.003£0.000 0.057£0.001 0.155£0.002 0.029+0.001 0.046+0.001
SEMP 0.008+0.001 0.001+0.000 0.027+0.001 0.008+0.001 0.001+0.000 0.008+0.001 -0.001+0.000 0.000+0.000 0.009+0.001
S5 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLSP -0.009 +£0.006 0.075£0.002 0.274£0.004 -0.002+0.004 0.026+0.001 0.161£0.002 -0.011£0.007 0.102+0.003 0.320+0.005
3SLse -0.009 +£0.006 0.075£0.002 0.274£0.004 -0.034+0.003 0.023+0.001 0.145£0.002 -0.043£0.007 0.101£0.003 0.316+0.005
4SRIb -0.211£0.008 0.162+0.005 0.342+0.005 -0.11540.003 0.035+0.001 0.148+0.002 -0.326+0.008 0.241£0.006 0.366+0.006
3SRl -0.211+0.008 0.162+0.005 0.342+0.005 -0.124+0.003 0.003+0.001 0.129+0.002 -0.335+0.008 0.241+0.007 0.359+0.006
SEMP -0.009+0.001 0.004+0.000 0.062+0.001 -0.117+0.000 0.014+0.000 0.021+0.000 -0.127+0.001 0.020+0.000 0.066+0.001
S6 Bias MSE EmpSE Bias MSE EmpSE Bias MSE EmpSE
Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE Estimate+SE
4SLS? -0.057+0.018 0.32740.016 0.570£0.001 -0.13440.018 0.330+0.015 0.559+0.001 0.628+0.024 0.957+0.040 0.489+0.001
3SLS? -0.057+0.018 0.32740.016 0.570£0.001 -0.254+0.016 0.316£0.012 0.501£0.001 0.508+0.023 0.771£0.033 0.439+0.001
4SRI? -0.045+0.023 0.521£0.025 0.721£0.001 -0.12940.023 0.569+0.033 0.744+0.001 0.645+0.032 1.429+0.069 0.717£0.001
3SRI? -0.045+0.023 0.521£0.025 0.721£0.001 -0.30140.021 0.527+0.026 0.661+0.001 0.473£0.030 1.134+0.056 0.682+0.001
SEM® -0.107+0.004 0.026+0.001 0.270£0.001 -0.126+0.000 0.016+0.000 0.125£0.001 -0.01740.000 0.000£0.000 0.027+0.001

MSE=Mean Squared Error; EmpSE=Empirical Standard Error; SE=

standard error;4SLS=4-Stage-Least-Squares; 3SLS=3-Stage-Least-Squares; 4SRI=4-Stage-Residual-

Inclusion; 3SRI=3-Stage-Residual-Inclusion; SEM= Structural Equation Models. @Logit model were used. °Probit model were used, when appropriated.
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Appendix E. Performance measures formulas

1. Bias:

Nsim A

Bias= — > @

1 0 [E1]
r]si

m il

where Ngim is the total number of simulations (runs), 9' are the parameter estimates and 0 is

the real estimand. The standard error can be obtained with the following formula:

2(9 —5)2 [E2]

Bias,= |— -
o N (nsim _1) i=1

2. Mean Squared Error (MSE)

MSE — ﬁl (6-0) [E3]
and

n,

Z[(a -0) —MASET

MSE, == E4
> Ngim (nsim _1) (e
3. Coverage and Bias-eliminated Coverage
coverage = —il(é’,ow‘i <0< éupp,i) [E5]
sim i=1
bias_eliminated_coverage = —il(é’,owyi <0< éupp,i) [E6]
sim 1=
4. Empirical Standard Error (EmpSE)
1 Nsim A —\2
EmpSE = |———Y (4 -6 [E7]
(nsim _1) |Z=1:( )
EmpSE,,,,, = _EmpSE [E8]
2(ng, —1)
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Bias (B), can be obtained as the men difference of estimates from the real parameter value,

where n is the total number of simulations (runs),@i are the simulated estimates and @ is the

real estimand. A value close to zero represents less bias, indicating that estimates obtained in

the simulations are similar to the estimand that we are setting.

The mean squared error (MSE) is the sum of the squared bias and variance of . As in the
case of bias, we aim to obtain a value as close to zero as possible, indicating a good

performance.

The empirical standard error (EmpSE) indicates the precision of the estimator to & . The

A

EmpSE estimates the standard deviation of the o,

L across the Ny, runs.

On the other hand, coverage measures the probability that the confidence intervals from all
estimations obtained in the n simulations contains the real value of the estimand.

Bias-eliminated coverage measures the probability that the confidence interval of all simulated

estimands contains the mean value of the same estimands.
These measures were calculated for direct, indirect, and total effects, respectively.

There is a close connection between these measures. When bias is high, it is possible that the
coverage results do not reach the nominal levels. It is important to consider also the bias-

eliminated coverage, being an extension of coverage that should be used when bias is present.
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Appendix F. Additional Tables Chapter 6

Table F1. Scenario Al, results for positive, negative, and mixed confounding, adjustment approach, a1=0.3

Positive confounding (a2 and B2 = 0.8) Negative confounding (a2 and B2 =-0.8) Mixed confounding (o2 =0.8 and B2 =-0.8)
Median of causal estimates Typel irror Median of causal estimates Type| irror Median of causal estimates Type| %rror
rate (%) rate (%) rate (%)
1 M2 No adjust for collider
0.5 0.5 0.00 6% 0.00 5% 0.00 6%
0 0.01 4% 0.00 6% 0.00 2%
0.5 0.00 5% 0.00 4% 0.00 5%
0 0.5 0.00 4% 0.00 4% 0.00 4%
0 0.00 5% 0.00 5% 0.00 6%
0.5 0.00 4% 0.00 5% 0.00 5%
0.5 0.5 0.00 4% 0.00 5% 0.00 5%
0 0.00 7% 0.00 4% 0.00 4%
0.5 0.00 6% 0.00 6% 0.00 4%
M1 M2 Adjust Y/G for collider
0.5 0.5 -0.17 100% 0.04 13% 0.18 100%
0 -0.12 81% -0.12 7% 0.11 76%
0.5 0.03 1% -0.18 100% -0.03 10%
0 0.5 0.00 6% 0.00 5% 0.00 6%
0 0.00 4% 0.00 5% 0.00 5%
0.5 0.00 4% 0.00 4% 0.00 6%
0.5 0.5 0.04 13% -0.18 99% -0.03 12%
0 -0.11 75% -0.11 76% 0.11 7%
0.5 -0.17 99% 0.03 9% 0.18 100%

Empirical Type I error rate represents the proportion of simulated datasets where the null hypothesis is not rejected
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Table F2. Scenario Al, results for positive, negative, and mixed confounding, adjustment approach, a1=0.05

Positive confounding (a2 and B2 = 0.8)

Negative confounding (a2 and B2 =-0.8)

Mixed confounding (02 =0.8 and B2 =-0.8)

Median of causal estimates  Type | error rate (%)

Median of causal estimates  Type | error rate (%)

Median of causal estimates  Type | error rate (%)

M1 M2 No adjust for collider

05 -05 -0.02 3% 0.00 7% -0.03 5%
0 -0.01 5% 0.01 5% -0.01 4%
05 -0.01 5% 0.00 5% 0.03 5%

0 -05 0.05 5% 0.00 3% 0.00 6%
0 -0.01 4% -0.01 5% -0.02 5%
05 0.02 5% 0.00 5% -0.04 6%

05 -05 0.00 7% 0.00 5% 0.00 5%
0 -0.01 4% -0.01 5% -0.01 4%
05 -0.01 5% 0.03 3% 0.00 4%

[V V7 Adjust Y/G for collider

05 -05 -0.18 1% 0.04 5% 0.16 13%
0 -0.13 8% -0.11 6% 0.13 7%
05 0.02 5% -0.18 13% -0.05 6%

0 -05 -0.01 4% -0.02 6% -0.02 5%
0 0.02 5% 0.00 5% -0.04 6%
05 0.00 6% 0.01 7% -0.01 5%

05 -05 0.02 5% -0.19 13% -0.04 4%
0 -0.12 7% -0.08 6% 0.11 8%
05 -0.16 9% 0.03 5% 0.17 12%

Empirical Type I error rate represents the proportion of simulated datasets where the null hypothesis is not rejected
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Table F3. Scenario A2, results for negative, and mixed confounding, stratification approach, a1=0.1

Negative confounding (a2 and B2 = -0.8)

Stratifying on collider, C

Stratifying on residual collider, Co

Proportion

Median Median

Median

Proportion

Median Median Median

M1 M2 homogeneity estimates estimates estimates I_Vledian homogeneity estimates estimates estimates I_Vledian
rejected (%) Q1 Q2 Q3 estimates Q4 rejected (%) Q1 Q2 Q3 estimates Q4
05 -05 6% 0.44 0.45 0.46 0.45 3% 0.48 0.48 0.51 0.52
0 4% 0.28 0.25 0.24 0.32 5% 0.49 0.49 0.49 0.5
0.5 6% 0.26 0.17 0.19 0.22 6% 0.52 0.49 0.5 0.46
0 0.5 4% 0.51 0.51 0.50 0.49 4% 0.52 0.51 0.49 0.49
0 7% 0.49 0.50 0.50 0.49 5% 05 0.49 0.5 0.49
0.5 4% 0.47 0.50 0.49 0.48 5% 0.47 0.49 0.5 0.48
05 0.5 7% 0.23 0.18 0.18 0.24 7% 0.47 0.48 0.51 0.49
0 4% 0.28 0.27 0.25 0.32 5% 0.47 05 0.5 0.51
05 6% 0.46 0.44 0.46 0.47 6% 0.48 0.5 0.49 0.53
Mixed confounding (02 =0.8 and B2 =-0.8)
05 -05 6% 0.54 0.53 0.52 0.52 5% 0.52 0.51 0.49 0.49
0 6% 0.47 0.45 0.47 0.47 5% 0.51 0.48 0.48 0.50
0.5 5% 0.43 0.39 0.38 0.39 5% 0.51 0.51 0.48 0.49
0 0.5 7% 047 0.50 0.50 0.50 7% 0.47 0.50 0.50 0.49
0 5% 0.50 0.49 047 0.49 4% 0.49 0.49 0.48 0.48
0.5 5% 0.50 0.52 0.51 0.50 5% 0.50 0.51 0.51 0.49
05 0.5 5% 0.42 0.39 0.41 0.43 6% 0.51 0.51 0.50 0.54
0 5% 0.46 0.46 0.48 0.47 5% 0.49 0.49 0.51 0.50
0.5 5% 0.51 0.52 0.54 0.54 4% 0.48 0.50 0.51 0.51

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected

210




Appendix F

Table F4. Scenario A2, results for positive, negative, and mixed confounding, stratification approach, a1=0.3

Positive confounding (a2 and 2 = 0.8)
Stratifying on collider, C Stratifying on residual collider, Co
Proportion homogeneity Median Median Median Median Proportion homogeneity Median Median Median Mgdlan

b H2 rejected (%) estimates Q1  estimates Q2  estimates Q3  estimates Q4 rejected (%) estimates Q1  estimates Q2  estimates Q3 estlg:tes
-0.5 -0.5 1% 0.25 0.19 0.19 0.26 5% 0.50 0.49 0.50 0.50
0 7% 0.31 0.25 0.25 0.30 7% 0.51 0.50 0.49 0.50
0.5 5% 0.47 0.44 0.46 0.46 5% 0.50 0.50 0.50 0.50
0 0.5 4% 0.51 0.50 0.50 0.50 5% 0.51 0.50 0.50 0.50
0 5% 0.50 0.51 0.50 0.50 5% 0.50 0.51 0.50 0.50
0.5 6% 0.51 0.49 0.50 0.50 6% 0.50 0.49 0.50 0.50
0.5 0.5 6% 0.47 0.46 0.45 0.46 5% 0.51 0.51 0.50 0.50
0 8% 0.30 0.25 0.25 0.30 6% 0.50 0.51 0.50 0.49
0.5 6% 0.26 0.20 0.18 0.25 4% 0.50 0.50 0.49 0.50

Negative confounding (02 and 82 = -0.8)
-0.5 0.5 6% 0.46 0.45 0.46 0.46 5% 0.49 0.50 0.50 0.50
0 7% 0.31 0.24 0.25 0.31 5% 0.50 0.50 0.50 0.50
0.5 8% 0.25 0.19 0.18 0.25 6% 0.49 0.50 0.50 0.50
0 -0.5 3% 0.50 0.51 0.49 0.49 4% 0.50 0.50 0.49 0.50
0 4% 0.50 0.51 0.49 0.50 4% 0.50 0.50 0.49 0.50
0.5 4% 0.50 0.51 0.51 0.49 3% 0.50 0.51 0.51 0.49
0.5 0.5 8% 0.26 0.19 0.19 0.24 6% 0.50 0.50 0.51 0.49
0 8% 0.31 0.25 0.24 0.31 4% 0.50 0.51 0.49 0.49
0.5 3% 0.46 0.45 0.45 0.46 5% 0.50 0.50 0.49 0.50
Mixed confounding (a2 =0.8 and . = -0.8)

-0.5 -0.5 4% 0.52 0.53 0.53 0.52 4% 0.50 0.50 0.50 0.50
0 6% 0.48 0.48 0.46 0.47 4% 0.51 0.51 0.51 0.49
0.5 4% 0.41 0.39 0.39 0.42 3% 0.50 0.50 0.50 0.50
0 -0.5 7% 0.50 0.50 0.51 0.50 % 0.50 0.51 0.51 0.50
0 5% 0.50 0.50 0.50 0.50 5% 0.50 0.50 0.50 0.50
0.5 5% 0.50 0.50 0.49 0.50 5% 0.49 0.50 0.49 0.50
0.5 0.5 5% 0.41 0.39 0.39 0.41 5% 0.50 0.50 0.51 0.50
0 4% 0.48 0.47 0.47 0.48 4% 0.50 0.50 0.50 0.50
0.5 6% 0.52 0.54 0.52 0.52 6% 0.49 0.51 0.50 0.50

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F5. Scenario A2, results for positive, negative, and mixed confounding, stratification approach, a1=0.05

Positive confoundi

ng (o2 and B2 =0.8)

Stratifying on collider, C

Stratifying on residual collider, Co

Proportion

Proportion

" "2 homogeneity !Vledian !Vledian !Vledian !Vledian homogeneity !Vledian !Vledian !Vledian !Vledian
rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4
0.5 0.5 7% 0.29 0.21 0.19 0.25 6% 0.53 0.51 0.48 0.50
0 6% 0.24 0.26 0.23 0.32 5% 0.45 0.50 0.48 0.51
0.5 6% 0.37 0.48 0.39 0.41 5% 0.45 0.56 0.46 0.47
0 0.5 6% 0.48 0.48 0.53 0.51 6% 0.49 0.51 0.49 0.52
0 4% 0.49 0.47 0.54 0.47 4% 0.49 0.49 0.55 0.47
0.5 5% 0.57 0.49 0.53 0.49 5% 0.55 0.51 0.58 0.48
0.5 0.5 8% 0.44 0.50 0.45 0.48 8% 0.50 0.53 0.47 0.54
0 6% 0.31 0.20 0.27 0.31 6% 0.52 0.44 0.54 0.53
0.5 6% 0.24 0.16 0.16 0.23 5% 0.49 0.51 0.50 0.48
Negative confounding (02 and 82 = -0.8)
0.5 0.5 5% 0.49 0.43 0.45 0.48 5% 0.50 0.45 0.47 0.48
0 5% 0.28 0.21 0.25 0.28 5% 0.46 0.50 0.53 0.47
0.5 4% 0.30 0.22 0.14 0.29 4% 0.54 0.52 0.49 0.56
0 0.5 4% 0.49 0.52 0.48 0.52 5% 0.49 0.55 0.47 0.54
0 4% 0.55 0.46 0.46 0.48 4% 0.53 0.48 0.49 0.46
0.5 6% 0.48 0.49 0.47 0.57 6% 0.47 0.50 0.49 0.58
0.5 0.5 7% 0.26 0.22 0.19 0.24 6% 0.51 0.48 0.52 0.49
0 4% 0.32 0.23 0.33 0.33 5% 0.52 0.51 0.59 0.52
0.5 6% 0.49 0.40 0.40 0.46 6% 0.52 0.50 0.45 0.47
Mixed confounding (a2 = 0.8 and B2 =-0.8)
0.5 0.5 6% 0.51 0.52 0.55 0.49 5% 0.48 0.49 0.51 0.49
0 6% 0.47 0.46 0.41 0.50 6% 0.50 0.51 0.46 0.52
0.5 6% 0.44 0.39 0.35 0.38 6% 0.54 0.51 0.51 0.46
0 0.5 6% 0.50 0.52 0.49 0.53 6% 0.52 0.50 0.50 0.53
0 6% 0.50 0.55 0.53 0.49 5% 0.48 0.55 0.53 0.50
0.5 6% 0.51 0.51 0.45 0.51 6% 0.53 0.50 0.47 0.54
0.5 0.5 5% 0.45 0.41 0.32 0.42 6% 0.53 0.53 0.43 0.50
0 5% 0.49 0.46 0.45 0.45 5% 0.51 0.52 0.46 0.46
0.5 5% 0.49 0.54 0.50 0.54 4% 0.49 0.48 0.49 0.52

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F6. Scenario A2, results for positive confounding, stratification approach, when a1=0.5 and n=50,000, respectively

Positive confounding (o2 an

d B2 =0.8), a1=0.5, n =10,000

Stratifying on collider, C Stratifying on residual collider, Co
Proportion homogeneity Median Median Median Median Proportion homogeneity Median Median Median Median
B e rejected (%) estimates Q1  estimates Q2  estimates Q3  estimates Q4 rejected (%) estimates Q1  estimates Q2  estimates Q3  estimates Q4
05 -05 16% 0.26 0.19 0.19 0.26 6% 0.5 0.5 0.5 0.5
0 10% 0.31 0.25 0.25 0.31 5% 0.5 0.5 0.5 0.5
0.5 5% 0.46 0.45 0.45 0.46 4% 0.5 0.5 0.5 0.5
0 -05 5% 05 0.5 0.5 0.5 5% 05 0.5 0.5 0.5
0 6% 05 0.5 0.5 0.5 5% 0.49 0.5 0.5 0.5
0.5 4% 0.5 0.51 0.5 0.5 6% 0.5 0.51 0.5 0.5
05 -05 4% 0.46 0.45 0.45 0.46 4% 05 0.5 0.5 0.5
0 9% 0.31 0.25 0.25 0.31 6% 0.5 0.49 0.5 0.5
0.5 14% 0.26 0.18 0.19 0.26 5% 0.5 0.5 0.5 0.5
Positive confounding (a2 and B2 = 0.8), a1=0.1, n =50,000
1A 1% 0.12 0 0.01 0.13 6% 0.51 0.49 0.49 0.53
0 16% 0.09 -0.04 -0.02 0.09 5% 0.51 0.51 0.5 0.49
1 4% 0.36 0.4 0.38 0.39 3% 0.49 0.48 0.53 0.5
05 -1 9% 0.27 0.21 0.22 0.27 4% 0.47 0.51 0.51 0.5
0 7% 0.31 0.23 0.26 0.32 5% 0.5 0.49 0.5 0.52
1 4% 0.59 0.63 0.61 0.62 2% 0.48 0.48 0.47 0.49
0 -1 7% 0.5 0.49 0.49 0.5 10% 0.49 0.49 0.51 0.5
0 6% 0.48 0.52 0.53 0.51 6% 0.47 0.52 0.52 0.51
1 4% 0.48 0.53 0.5 0.5 3% 0.48 0.54 0.49 0.51
05 -1 4% 0.61 0.65 0.65 0.63 7% 0.5 0.48 0.52 0.5
0 % 0.31 0.29 0.23 0.29 4% 0.51 0.52 0.48 0.48
1 6% 0.27 0.21 0.21 0.28 5% 0.48 0.51 0.5 0.49
1 4 5% 0.4 0.37 0.37 0.39 7% 0.5 0.49 0.49 0.49
0 10% 0.08 -0.04 -0.03 0.06 6% 0.49 0.49 0.49 0.5
1 13% 0.12 0 0.01 0.11 4% 0.52 0.5 0.51 0.49

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F7. Scenario A3, results for negative, and mixed confounding, stratification approach, a1=0.1

Negative confounding (a2 and 2 = -0.8)

Stratifying on collider, C

Stratifying on residual collider, Co

" " hz:cr:;:l:z;:y !Vledian !Vledian Median Median hz:r(:op;:;:::y Median Median Median I_Vledian
rejected (%) estimates Q1  estimates Q2 estimates Q3  estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3  estimates Q4
05 -05 15% 0.22 0.45 0.55 0.76 21% 0.22 0.45 0.55 0.76
0 19% 0.10 0.23 0.33 0.61 29% 0.10 0.23 0.33 0.61
0.5 24% -0.03 0.14 0.30 0.64 50% -0.03 0.14 0.30 0.64
0 -05 17% 0.31 0.53 0.68 0.87 16% 0.31 0.53 0.68 0.87
0 14% 0.34 0.54 0.61 0.88 13% 0.34 0.54 0.61 0.88
0.5 15% 0.28 0.54 0.66 0.93 15% 0.28 0.54 0.66 0.93
05 -05 23% 0.10 0.23 0.36 0.72 42% 0.10 0.23 0.36 0.72
0 13% 0.18 0.27 0.43 0.69 29% 0.18 0.27 0.43 0.69
0.5 14% 0.32 0.47 0.66 0.89 22% 0.32 0.47 0.66 0.89
Mixed confounding (o2 = 0.8 and 2 = -0.8)
-05 -05 32% 0.22 0.45 0.55 0.76 63% 0.02 0.40 0.60 1.01
0 18% 0.10 0.23 0.33 0.61 43% 0.14 0.40 0.62 0.89
0.5 23% -0.03 0.14 0.30 0.64 35% 0.15 0.42 0.61 0.84
0 -05 27% 0.31 0.53 0.68 0.87 27% 0.29 0.55 0.67 0.90
0 23% 0.34 0.54 0.61 0.88 24% 0.35 0.54 0.67 0.89
0.5 27% 0.28 0.54 0.66 0.93 27% 0.34 0.53 0.68 0.91
05 -05 35% 0.10 0.23 0.36 0.72 36% 0.38 0.62 0.79 1.03
0 20% 0.18 0.27 0.43 0.69 43% 0.30 0.60 0.80 1.10
05 26% 0.32 0.47 0.66 0.89 56% 0.25 0.56 0.81 117

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F8. Scenario A3, results for positive, negative, and mixed confounding, stratification approach, a1=0.3
Positive confounding (a2 and B2 = 0.8)

Stratifying on collider, C

Stratifying on residual collider, Co

Proportion

Proportion

" "2 homogeneity !Vledian !VIedian !Vledian !Vledian homogeneity !Vledian Median Median !Vledian
rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4
05 -05 98% -0.04 0.15 0.29 0.61 100% 0.04 0.37 0.62 0.99
0 88% 0.06 0.22 0.34 0.61 100% 0.10 0.40 0.61 0.88
0.5 81% 0.24 0.42 0.55 0.76 96% 0.18 0.42 0.58 0.84
0 0.5 88% 0.31 0.54 0.67 0.88 88% 0.31 0.54 0.67 0.88
0 76% 0.35 0.55 0.65 0.85 76% 0.34 0.55 0.66 0.85
0.5 90% 0.31 0.53 0.67 0.88 89% 0.31 0.53 0.68 0.88
05 -05 75% 0.34 0.52 0.64 0.87 93% 0.37 0.61 0.78 1.03
0 82% 0.17 0.30 043 0.70 99% 0.31 0.60 0.80 1.10
0.5 98% 0.07 0.23 0.37 0.70 100% 0.23 0.58 0.82 1.17
Negative confounding (a2 and B2 =-0.8)
05 -05 85% 0.23 0.43 0.55 0.79 97% 0.16 0.42 0.59 0.84
0 86% 0.06 0.23 0.33 0.60 100% 0.1 0.40 0.59 0.88
0.5 98% -0.04 0.15 0.29 0.60 100% 0.02 0.38 0.62 0.97
0 0.5 88% 0.31 0.53 0.66 0.88 88% 0.31 0.53 0.66 0.88
0 76% 0.35 0.53 0.67 0.85 7% 0.35 0.53 0.66 0.85
0.5 89% 0.31 0.52 0.67 0.89 88% 0.31 0.53 0.67 0.89
05 -05 97% 0.06 0.24 0.36 0.70 100% 0.23 0.58 0.82 1.16
0 83% 0.16 0.30 0.42 0.71 99% 0.31 0.59 0.80 1.09
0.5 7% 0.34 0.51 0.65 0.88 93% 0.37 0.61 0.79 1.03
Mixed confounding (a2 = 0.8 and 2 =-0.8)
05 -05 100% 0.23 0.50 0.63 0.87 100% 0.04 0.38 0.62 0.97
0 99% 0.23 0.45 0.55 0.78 100% 0.10 0.40 0.60 0.89
0.5 99% 0.18 0.37 0.50 0.72 100% 0.17 0.42 0.59 0.84
0 0.5 100% 0.31 0.52 0.67 0.89 100% 0.31 0.52 0.66 0.89
0 98% 0.35 0.53 0.66 0.86 98% 0.35 0.53 0.66 0.86
0.5 99% 0.31 0.53 0.68 0.88 99% 0.31 0.53 0.68 0.88
05 -05 98% 0.30 0.46 0.58 0.83 100% 0.38 0.62 0.78 1.04
0 98% 0.33 0.52 0.64 0.88 100% 0.31 0.60 0.80 1.09
0.5 100% 0.32 0.56 0.71 0.97 100% 0.23 0.58 0.82 1.17

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F9. Scenario A3, results for positive, negative, and mixed confounding, stratification approach, a1=0.05

Positive confoundi

ng (o2 and B2=10.8)

Stratifying on collider, C

Stratifying on residual collider, Co

Proportion

Proportion

” M2 homogeneity !\IIedian !Vledian !VIedian !Vledian homogeneity !Vledian Median Median !Vledian
rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4
05 -05 10% -0.02 0.14 0.32 0.63 17% 0.05 0.35 0.66 0.99
0 8% 0.11 0.22 0.31 0.53 9% 0.14 0.38 0.60 0.85
0.5 8% 0.22 0.44 0.58 0.77 9% 0.17 0.41 0.61 0.86
0 0.5 8% 0.33 0.57 0.66 0.79 8% 0.33 0.55 0.66 0.81
0 6% 0.27 0.48 0.65 0.84 6% 0.27 0.51 0.64 0.86
0.5 7% 0.32 0.50 0.73 0.93 8% 0.33 0.51 0.75 0.93
05 -05 4% 0.37 0.48 0.66 0.89 7% 0.41 0.61 0.85 1.03
0 6% 0.15 0.34 0.41 0.68 9% 0.27 0.60 0.79 1.05
0.5 8% 0.03 0.26 0.41 0.71 16% 0.18 0.60 0.84 1.19
Negative confounding (02 and 82 =-0.8)
05 -05 8% 0.20 0.39 0.57 0.78 1% 0.14 0.38 0.61 0.88
0 7% 0.10 0.17 0.37 0.56 10% 0.13 0.33 0.61 0.85
0.5 7% 0.01 0.14 0.27 0.60 14% 0.07 0.37 0.61 0.95
0 0.5 6% 0.28 0.55 0.67 0.89 8% 0.26 0.56 0.69 0.88
0 7% 0.33 0.55 0.66 0.87 6% 0.35 0.55 0.65 0.90
0.5 5% 0.27 0.56 0.68 0.87 5% 0.26 0.51 0.70 0.87
05 -05 8% 0.08 0.22 0.37 0.74 14% 0.26 0.55 0.80 1.19
0 8% 0.16 0.29 0.45 0.67 10% 0.31 0.61 0.81 1.07
0.5 6% 0.37 0.55 0.69 0.91 5% 0.40 0.66 0.82 1.08
Mixed confounding (a2 = 0.8 and .= -0.8)
05 -05 10% 0.25 0.50 0.64 0.87 20% 0.07 0.36 0.62 0.95
0 % 0.30 0.46 0.53 0.78 10% 0.16 0.42 0.58 0.91
0.5 8% 0.18 0.35 0.53 0.73 13% 0.15 0.43 0.63 0.84
0 0.5 7% 0.35 0.54 0.68 0.86 8% 0.35 0.54 0.67 0.88
0 7% 0.33 0.52 0.63 0.89 8% 0.34 0.53 0.63 0.90
0.5 9% 0.31 0.57 0.66 0.88 9% 0.30 0.58 0.65 0.88
05 -05 8% 0.29 0.42 0.54 0.77 9% 0.39 0.58 0.74 0.99
0 9% 0.31 0.47 0.61 0.87 14% 0.26 0.55 0.78 1.09
0.5 1% 0.31 0.55 0.75 0.99 20% 0.20 0.55 0.85 1.19

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F10. Scenario B1, results for positive confounding, adjustment approach, a1=0.1,
considering C as a function of both risk factor and outcome

Positive confounding (a2 and 2= 0.8)
Median estimate Type | error rate (%) Median estimate Type | error rate (%)
M1 M3 No adjust for collider Adjust Y/G for collider
0.5 0.5 -0.01 4% -0.27 65%
0 0.00 7% -0.03 7%
0.5 -0.01 5% 0.23 52%
0 0.5 0.01 6% 0.00 5%
0 0.00 6% 0.00 6%
05 0.00 5% 0.01 7%
0.5 0.5 -0.01 6% 0.08 8%
0 -0.01 3% -0.17 28%
05 0.02 5% -0.25 74%

Empirical Type I error rate represents the proportion of simulated datasets where the null hypothesis is

not rejected
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Table F11. Scenario B2 and B3, results for positive confounding, stratification approach, a1=0.1, considering C as a function of both risk factor and
outcome, when the causal effect is constant (Scenario B2) and it when depends on U (Scenario B3)

Scenario B2 Positive confounding (a2 and B2= 0.8), where B1=0.5
Stratifying on collider, C Stratifying on residual collider, Co
homoPL%Z(i,trt“r):'ecte d Median Median Median Median homopg:li(i)trtl?;ecte d Median Median Median Median
Bt b 9 0 yrel estimates Q1 estimates Q2 estimates Q3 estimates Q4 g o yrel estimates Q1 estimates Q2 estimates Q3 estimates Q4
(%) (%)
05 -05 8% 0.07 -0.05 -0.03 0.06 6% 0.49 0.49 0.50 0.51
0 5% 0.39 0.37 0.37 0.37 5% 0.51 0.49 0.52 0.51
05 5% 0.60 0.66 0.65 0.61 5% 0.47 0.52 0.49 0.49
0 -05 6% 0.36 0.32 0.35 0.34 6% 0.50 0.51 0.51 0.49
0 % 0.48 0.50 0.52 0.48 6% 0.49 0.52 0.51 0.48
05 5% 0.35 0.31 0.32 0.36 5% 0.50 0.50 0.51 0.50
05 -05 5% 0.54 0.54 0.58 0.54 5% 0.49 0.49 0.53 0.50
0 6% 0.24 0.21 0.20 0.28 5% 0.48 0.52 0.49 0.52
0.5 6% 0.10 0.01 0.02 0.10 5% 0.48 0.51 0.51 0.50
Scenario B3 Positive confounding (a2 and 2= 0.8), where 1=0.5+0.2U
homopz::siitm?;ecte d Median Median Median Median homopzi?tm?;ecte d Median Median Median Median
Bt M 9 o yrel estimates Q1 estimates Q2 estimates Q3 estimates Q4 g o yrel estimates Q1 estimates Q2 estimates Q3 estimates Q4
(%) (%)
05 -05 6% 0.09 -0.07 -0.07 0.00 9% 0.65 0.52 0.45 0.35
0 7% 0.40 0.35 0.38 0.38 7% 0.52 0.50 0.51 0.48
05 12% 0.45 0.59 0.69 0.85 1% 0.32 0.45 0.52 0.71
0 -05 7% 0.50 0.32 0.27 0.24 8% 0.69 0.50 043 0.36
0 5% 0.43 0.46 0.51 0.57 4% 0.42 0.48 0.50 0.56
05 9% 0.20 0.28 0.32 0.51 13% 0.34 047 0.53 0.70
05 -05 7% 0.66 0.58 0.58 0.41 7% 0.63 0.52 0.48 0.36
0 5% 0.17 0.19 0.21 0.34 6% 0.36 0.49 0.55 0.64
05 8% -0.01 -0.03 -0.02 0.16 13% 0.31 0.46 0.53 0.69

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected
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Table F12. Scenario C1, results for positive confounding, adjustment approach, a1=0.1,
considering a binary outcome Y

Positive confounding (a2 and 2= 0.8)
Median estimate Type | error rate (%) | Median estimate Type | error rate (%)

[T P 1 No adjust for collider Adjust Y/G for collider
05 -05 0.02 6% -0.14 13%
0 -0.01 5% -0.11 8%

0.5 -0.01 4% 0.02 5%

0 -05 -0.01 4% -0.01 4%
0 -0.01 4% -0.01 4%

0.5 0.00 5% 0.00 5%

0.5 -05 0.00 4% 0.02 6%
0 0.02 5% -0.09 7%
0.5 -0.01 6% -0.18 14%

Empirical Type I error rate represents the proportion of simulated datasets where the null hypothesis is
not rejected
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Table F13. Scenario C2 and C3, results for positive confounding, stratification approach, al=0.1, considering a binary outcome Y, when the causal effect
is constant (Scenario C2) and it when depends on C (Scenario C3)

Scenario C2  Positive confounding (a2 and 2= 0.8), where B1=0.5
Stratifying on collider, C Stratifying on residual collider, Co
T hzzgggr::iqy I_Vledian Median I_Vledian Median hz::g;;:z:;y I_Vledian I_Vledian I_Vledian I_Vledian
rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4
05 -05 8% 0.17 0.16 0.15 0.22 6% 0.43 0.42 0.39 0.41
0 6% 0.21 0.19 0.18 0.22 7% 0.37 0.38 0.40 0.36
0.5 5% 0.39 0.37 0.38 0.36 4% 0.42 0.40 0.39 0.38
0 -05 4% 0.44 0.41 0.37 0.37 4% 0.43 0.39 0.37 0.37
0 3% 0.41 042 0.41 0.38 4% 0.41 0.39 0.39 0.36
0.5 5% 0.38 0.41 0.39 0.40 4% 0.40 0.41 0.39 0.40
05 -05 8% 0.28 0.29 0.36 0.38 7% 0.32 0.35 0.37 0.41
0 6% 0.23 0.20 0.19 0.23 5% 0.38 0.38 0.42 0.39
0.5 5% 0.27 0.16 0.13 0.23 5% 0.50 0.44 0.41 0.46
Scenario C3  Positive confounding (a2 and 2= 0.8), where B1=0.5+0.2C
T hzms;tr::ﬂy I_Vledian Median I_Vledian Median h::::g;g:z::y I_Vledian Median I_Vledian I_Vledian
rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4 rejected (%) estimates Q1 estimates Q2 estimates Q3 estimates Q4
-05 -05 7% -0.07 0.14 0.30 0.44 13% 0.01 0.37 0.57 0.70
0 7% 0.04 0.18 0.26 0.44 10% 0.09 0.34 0.49 0.61
0.5 6% 0.24 0.39 0.41 0.49 8% 0.19 0.37 0.47 0.54
0 -05 5% 0.27 0.38 0.49 0.62 5% 0.26 0.39 0.49 0.60
0 6% 0.28 0.40 0.48 0.58 8% 0.27 0.40 0.49 0.58
0.5 6% 0.31 0.39 0.52 0.61 6% 0.29 0.40 0.53 0.62
05 -05 7% 0.22 0.40 0.50 0.60 10% 0.23 043 0.58 0.66
0 5% 0.14 0.23 0.33 0.50 7% 0.26 0.41 0.59 0.73
0.5 6% 0.06 0.21 0.27 0.42 11% 0.22 0.50 0.62 0.78

Proportion homogeneity rejected represents the proportion of simulated datasets where the null hypothesis of homogeneity is rejected

220




	Tesis Claudia Coscia Requena
	Portada
	Anteportada
	Agradecimientos
	Index
	Index of Tables, Figures, and Boxes
	Glossary and abbreviations
	Abstract / Resumen
	Abstract
	Resumen

	Chapter 1: Introduction
	Chapter 2: Propensity Scoreapplied in an Intensive Care Unitdatabase
	Analysis of causality from observational studies and its application in clinical research in Intensive Care Medicine
	Introduction
	The propensity score in observational studies
	Variables to be considered in calculating the propensity score
	Propensity score application methods
	Matching
	Inverse probability treatment weighting (IPTW)
	Stratification
	Propensity score

	Comparison of the different methods
	Propensity score and regression
	Time dependent confounders. Marginal structural models
	Estimation of effect based on a marginal structural model
	Assumptions

	Application of the propensity score in patients admitted to Intensive Care Units
	First part
	Second part

	Advantages and inconveniences of these techniques
	Conclusions
	Conflict of interest
	References


	Chapter 3: Propensity Scorecompared to Randomized ControlTrials to assess venousthromboembolism treatment onmortality
	Comparison of All-Cause Mortality Following VTE Treatment Between Propensity Score-Adjusted Observational Studies and Match ...
	Materials and Methods
	Study Design
	Eligibility Criteria
	Search Strategy
	Identification of Eligible Observational Studies and Observational Study Meta-Analyses
	Data Extraction From Observational Studies
	Identification of Eligible RCT Meta-Analyses and RCTs and Matching of Observational Studies/Observational Study Meta-Analys ...
	Data Extraction From RCT Meta-Analyses and RCTs
	Risk of Bias Assessment
	Statistical Analysis

	Results
	Study Selection, Distinct Treatment Issue Identification, and Matching of RCTs to Observational Studies
	Risk of Bias and Study Quality Assessments
	Treatment Effects and Comparisons
	Sensitivity Analyses

	Discussion
	Conclusions
	Acknowledgments
	References


	Chapter 4: Mendelian Randomization and Causal Mediation Analysis
	Deciphering the complex interplay between pancreatic cancer, diabetes mellitus subtypes and obesity/BMI through causal inference and mediation analyses
	Abstract
	Introduction﻿﻿﻿﻿
	Methods
	Results
	Discussion
	References


	Chapter 5: Mendelian Randomization in Causal Mediation Analysis, MRinCMA
	Chapter 6: Stratification in Mendelian Randomization
	Chapter 7: Discussion
	Chapter 8: Conclusions
	References
	Appendices




