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Abstract

Background. Several risk factors for stroke are well established, including overweight and obesity
as well as metabolic conditions such as high cholesterol, high blood pressure, and diabetes.
However, because these risk factors are closely related, it is not fully understood how much of the
increased risk among overweight and obese individuals could potentially be reduced through
interventions on these metabolic risk factors.

Method. This thesis uses causal mediation analysis to estimate how much the difference in risk
of first-time stroke or death between individuals with overweight or obesity and normal weight
individuals could potentially be reduced through hypothetical interventions on high cholesterol,
high blood pressure, and diabetes. The analysis is based on data from health examinations within
the Northern Sweden Health and Disease Study (NSHDS), combined with data from the Swedish
Stroke Register (Riksstroke) and the National Patient Register. The analysis focuses on stroke or
death occurring approximately between 60 and 70 years of age.

Results. After adjustment for age, sex, education level, examination period, and smoking, the
estimated risk of stroke or death was 7.63% among overweight and obese individuals and 6.72%
among normal weight individuals. A hypothetical intervention shifting the joint distribution
of cholesterol, blood pressure, and diabetes among overweight and obese individuals toward
the joint distribution observed among normal weight individuals was estimated to reduce the
risk difference by 0.43 percentage points (95% CI: (0.26, 0.60)). Separate interventions on blood
pressure and diabetes were estimated to decrease the risk difference by 0.19 (95% CI: (0.06, 0.32))
and 0.25 (95% CI: (0.13, 0.36)) percentage points, respectively. The estimated effect for cholesterol
was close to zero and not statistically significant, suggesting little evidence of a mediating role in
this analysis.

Conclusions. The results suggest that high blood pressure and diabetes may be important targets
for preventive interventions aimed at reducing differences in risk of stroke or death between BMI
groups.



Abstrakt

Titel: Kan interventioner på metabola riskfaktorer minska skillnader i stroke eller död mellan
BMI-grupper? En kausal mediationsanalys baserad på hälsoregisterdata

Bakgrund. Flera riskfaktorer för stroke är väl etablerade, bland annat övervikt och obesitas samt
metabola tillstånd som högt kolesterol, högt blodtryck och diabetes. Dessa riskfaktorer är nära
sammankopplade, och det är inte fullt klarlagt hur mycket av den ökade risken bland individer
med övervikt eller obesitas som potentiellt skulle kunna reduceras genom interventioner på dessa
metabola riskfaktorer.

Metod. Den här uppsatsen använder kausal mediationsanalys för att uppskatta hur mycket av
skillnaden i risk för första stroke eller död mellan individer med övervikt eller obesitas och nor-
malviktiga individer som potentiellt skulle kunna reduceras genom hypotetiska interventioner
på högt kolesterol, högt blodtryck och diabetes. Analysen är baserad på data från hälsounder-
sökningar inom Northern Sweden Health and Disease Study (NSHDS), kombinerat med data
från svenska strokeregistret (Riksstroke) och Nationella patientregistret. Analysen fokuserar på
stroke eller död som inträffade ungefär mellan 60 och 70 års ålder.

Resultat. Efter justering för ålder, kön, utbildningsnivå, undersökningsperiod och rökning var
den skattade risken för stroke eller död 7.63% bland individer med övervikt eller obesitas och
6.72% bland normalviktiga individer. En hypotetisk intervention som skiftade simultanfördel-
ningen av kolesterol, blodtryck och diabetes bland individer med övervikt eller obesitas mot si-
multanfördelningen observerad bland normalviktiga individer skattades minska riskskillnaden
med 0.43 procentenheter (95% KI: (0.26, 0.60)). Separata interventioner på blodtryck och dia-
betes skattades minska riskskillnaden med 0.19 (95% KI: (0.06, 0.32)) respektive 0.25 (95% KI:
(0.13, 0.36)) procentenheter. Den skattade effekten för kolesterol var nära noll och inte statistiskt
signifikant, vilket inte gav stöd för någon tydlig medierande roll för kolesterol i denna analys.

Slutsats. Resultaten tyder på att högt blodtryck och diabetes kan vara viktiga mål för preventiva
interventioner som syftar till att minska skillnader i risk för stroke eller död mellan BMI-grupper.



Popular Scientific Summary

Stroke is a medical emergency that can cause damage to the brain. It is a type of cardiovascular
disease, and one of the most common causes of death and disability. It has major consequences
both for affected individuals and for society. In Sweden, around 25000 people experience a stroke
each year, and stroke and other cardiovascular diseases are together the most common cause of
death in Sweden.

A stroke occurs when the brain does not receive enough oxygen because blood flow to part of the
brain is interrupted, either by a blood clot or by bleeding in the brain. The resulting disabilities
can vary greatly between individuals and can include both physical and cognitive disabilities,
such as reduced ability to perform everyday activities or difficulties with speech or memory.

Several risk factors for stroke are well known, including overweight and obesity, and metabolic
risk factors such as high cholesterol, high blood pressure, and diabetes. These conditions are also
closely related to each other. For example, overweight and obesity increase the risk of developing
high blood pressure, which in turn may increase the risk of stroke. Because these factors influence
each other, it can be difficult to understand how much each of these factors contributes to the
increased stroke risk.

This thesis studies the difference in risk of stroke or death between individuals with overweight
or obesity and individuals with normal body weight. In particular, the study investigates how
much of this difference could potentially be reduced if overweight and obese individuals had
metabolic risk factor values more similar to those observed among normal weight individuals.
These interventions should be understood as hypothetical. The analysis does not study one
specific treatment, but instead asks how the risk difference might change if cholesterol, blood
pressure, and diabetes were more similar between BMI groups.

The analysis is based on data from a large health study in northern Sweden, combined with
register data on stroke. Approximately 22000 individuals were included in the study. The
participants were followed for at least 10 years after their health examination at around 60 years
of age, and only deaths or first-time strokes that happened within this 10-year window were
included in the analysis. Death was included together with stroke because individuals who die
during follow-up can no longer experience a later first-time stroke. The outcome should therefore
be understood as the combined risk of stroke or death, rather than stroke alone.

The results suggest that high blood pressure and diabetes appear to be important contributing
factors to the increased risk of stroke or death among overweight and obese individuals. If the
distributions of cholesterol, blood pressure, and diabetes among overweight and obese individ-
uals were shifted toward the levels observed among normal weight individuals, the difference in
risk of stroke or death between overweight or obese individuals and normal weight individuals
could potentially be reduced by about 48%. The results may contribute to a better understanding
of which risk factors are important to target in preventive efforts aimed at reducing the risk of
stroke or death among overweight and obese individuals.
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1 Introduction

1 Introduction

Stroke is one of the most common types of cardiovascular disease (CVD). It occurs when a blood
clot or bleeding in the brain disrupts blood flow, leading to death of brain cells (World Health
Organization 2025). Because stroke affects the brain, its consequences can vary substantially
between individuals depending on the location and severity of the damage. Disabilities caused
by stroke can range from mild to severe and can include both cognitive and physical impairments
(Strokeförbundet n.d.).

In Sweden, around 25000 people experience a stroke each year, and together with other CVDs,
they are the most common cause of death. This has major consequences for both individuals and
society, as stroke is also one of the leading causes of disability (Hjärt-Lungfonden n.d.). Stroke
has a substantial impact on the Swedish healthcare system and society, with high costs related
to medical care, rehabilitation, and long-term support for affected individuals (Strokeförbundet
n.d.).

Several risk factors for stroke are well established, including overweight and obesity, high blood
pressure, diabetes, and high cholesterol (World Health Organization 2025). Overweight and
obesity are also associated with several of these conditions (1177 Vårdguiden 2025), suggesting
that part of the effect of overweight and obesity on stroke may operate through these intermediate
factors. Understanding whether a substantial proportion of the increased risk associated with
overweight and obesity operates through these metabolic conditions is important from a public
health perspective, since they may be targets for preventive interventions.

Causal mediation analysis is a useful method for studying how a risk factor, such as overweight
or obesity, may affect an outcome, such as stroke or death, through intermediate factors such as
metabolic conditions (Daniel et al. 2015). In addition to decomposing the effect into an indirect
component operating through intermediate factors and a direct component not operating through
these factors, the method can be used to evaluate how interventions on factors such as high
cholesterol, high blood pressure, or diabetes may change the outcome (Vansteelandt and Daniel
2017).

A related study on this subject by Jee et al. (2023) examined how obesity may affect stroke and
other cardiovascular diseases, both directly and indirectly through metabolic risk factors using
mediation methods based on natural effects. These methods are mainly exploratory, aiming to
decompose the effect of obesity on stroke into different pathways and estimate how much of the
effect is transmitted through the mediating variables. However, natural effects rely on strong
assumptions that may be difficult to justify when multiple intermediate factors are involved
(Vansteelandt and Daniel 2017).

In this thesis, interventional direct and indirect effects are instead used as an alternative approach
that can better account for complex relationships between the intermediate factors where media-
tors can influence each other, while relying on weaker assumptions. This interventional approach
focuses on estimating how much of the effect of overweight and obesity on stroke or death could
potentially be reduced through hypothetical interventions on high cholesterol, high blood pres-
sure, and diabetes. Because death may occur before a first stroke event during follow-up, creating
a competing-event problem, the analysis considers the combined outcome of stroke or death.

1



2 Causal mediation analysis

1.1 Aim of this thesis

The aim of this thesis is to investigate how much of the difference in risk of first-time stroke or
death between overweight/obese and normal weight individuals could potentially be reduced
through hypothetical interventions on the metabolic risk factors high cholesterol, high blood
pressure, and diabetes, and how interventions on these factors could change this difference.

The specific research questions are:

1. Does the difference in risk of first-time stroke or death between overweight or obese and
normal weight individuals change when intervening jointly on all three mediators?

2. Do separate interventions on each of the three mediators (cholesterol, blood pressure, and
diabetes) change the difference in the risk of first-time stroke or death between overweight
or obese individuals and normal weight individuals?

2 Causal mediation analysis

Causal mediation analysis is used to study whether and to what extent the effect of an exposure on
an outcome operates through one or more intermediate variables, called mediators. The method
can also be used to study how hypothetical changes in these mediators could potentially change
the outcome distribution across exposure groups. This may be particularly relevant from a public
health perspective, since it focuses on potentially modifiable risk factors.

For example, as mentioned in the introduction (Section 1), overweight and obesity (exposure) in-
crease the risk of stroke or death (outcome). However, overweight and obesity are also associated
with metabolic risk factors such as high blood pressure (mediator), which themselves increase the
risk of stroke or death. Causal mediation analysis makes it possible to distinguish the part of the
effect operating directly from overweight and obesity to stroke or death from the part operating
through metabolic risk factors. It also allows evaluation of how the risk among overweight and
obese individuals could change if these metabolic risk factors were modified.

The traditional approach to mediation analysis, formalized by Baron and Kenny (1986), is based
on regression models for the mediator and the outcome. The effects are typically defined as
functions of the estimated regression coefficients. The idea is to assess whether the effect of
the exposure on the outcome operates through the mediator. However, this approach has been
criticized, among other things, because the effects are defined through the statistical models rather
than independently of them. As a result, there is no clear separation between the definition of
the effect and the method used to estimate it, and the interpretation of the effects depends on the
chosen model specification (Nguyen, Schmid, and Stuart 2021).

In contrast to the traditional approach, modern causal mediation analysis is commonly formulated
within the causal inference framework, where causal questions are separated from the statistical
methods used to answer them (Hernán and Robins 2020). In mediation analysis, this framework
is usually divided into three steps (Nguyen, Schmid, and Stuart 2021; Moreno-Betancur et al.
2021):

1. Effect definition.

2. Effect identification.

3. Effect estimation.

2



2 Causal mediation analysis

In the first step, the causal effect that addresses the research question is formally defined. In the
second step, the assumptions required for identification of the causal effect from the observed
data are introduced and discussed. In the final step, statistical methods are used to estimate
the defined effect. After a general introduction to the causal structure, the following subsections
provide a more detailed description of each step.

2.1 Causal structure

The causal structure of a mediation analysis is often represented using a Directed Acyclic Graph
(DAG). A DAG provides a visual representation of the assumed causal relationships between
variables, where nodes represent variables and arrows represent causal effects. Figure 1 illustrates
a simple mediation model with the exposure (A), one mediator (M), and the outcome (Y), as well
as confounders (C).

C

A M Y

Figure 1: Directed acyclic graph (DAG) illustrating the assumed causal relationships between the
exposure (A), mediator (M), outcome (Y), and confounders (C).

The arrow from A to Y represents the direct effect of the exposure on the outcome, that is, the part
of the effect that does not operate through the mediator. The arrows from A to M and from M to
Y represent the indirect pathway, where the effect of A on Y operates through M.

In addition, confounders (C) may affect the exposure, mediator, and outcome, and should there-
fore be adjusted for in the analysis to avoid biased estimates. While Figure 1 shows a single
mediator for simplicity, many real-world settings involve multiple mediators that may jointly
influence the outcome (Daniel et al. 2015), which is also the case in this thesis.

The assumed causal structure for the analysis in this thesis is illustrated in Figure 2. The exposure
(A) is the binary indicator of overweight/obesity. The mediators are high cholesterol (M1), high blood
pressure (M2), and diabetes (M3). The outcome (Y) is a binary indicator of stroke/death. Baseline
confounders (C) include age, sex, education level, time period of baseline examination, and smoking.
The variables are described in more detail in Section 3.

The DAG in Figure 2 also reflects the temporal ordering of the variables, as the exposure and
confounders are measured at the 40- or 50-year examination (referred to as baseline), the medi-
ators at the 60-year examination and the outcome during the follow-up time after the 60-year
examination. Temporal ordering is important for causal interpretation, requiring that the expo-
sure precedes the mediators and that the mediators precede the outcome (VanderWeele 2015,
p. 25). This is discussed further in Section 2.3 together with other assumptions needed for causal
interpretation. The dotted lines between the mediators in Figure 2 indicate that the mediators
may be associated, while the causal ordering between them is left unspecified (Moreno-Betancur
et al. 2021).

3



2 Causal mediation analysis

C

Overweight/obesity

A

(at 40 or 50 years)

Cholesterol
M1

Blood pressure
M2

Diabetes
M3

(at 60 years)

Stroke/death
Y

(10-year follow-up)

Figure 2: DAG illustrating the assumed causal structure between overweight and obesity (A),
high cholesterol (M1), high blood pressure (M2), diabetes (M3), stroke or death (Y), and the baseline
confounders (C), including age, sex, education level, time period of baseline examination, and
smoking.

2.2 Step 1: Effect definition

The first step in the causal mediation framework, effect definition, consists of clearly specifying
the causal effect of interest. As emphasized by Nguyen, Schmid, and Stuart (2021), this step is
crucial, as the choice of effect determines what research question is being answered.

2.2.1 Potential outcomes framework

In causal inference, an effect is understood as a difference in an outcome under different exposure
conditions. This framework is called the potential outcomes framework, as causal effects are for-
mulated as comparisons between potential outcomes corresponding to different exposure levels.
Since only one of these potential outcomes can be observed for each individual at a given time,
the focus is typically on different causal effects at the population level (Hernán and Robins 2020,
p. 4).

The potential outcomes framework is used to define different types of causal effects. For ex-
ample, an average causal effect in a population is defined as the difference between the mean
potential outcome if all individuals were exposed (A = 1), E[Y1], and the mean potential outcome
if all individuals were unexposed (A = 0), E[Y0] (Hernán and Robins 2020, p. 4). More gener-
ally, the framework also allows for the definition of effects under hypothetical interventions on
intermediate variables (mediators).

Causal mediation analysis can be approached from two different perspectives (Nguyen, Schmid,
and Stuart 2021). The first is the explanatory perspective, where the goal is to decompose the total
effect of the exposure on the outcome into a type of direct and indirect effects called natural effects.

The natural direct effect measures the change in outcome when the exposure value changes while
the mediator is held fixed at the value it would naturally have for a specific exposure level for
each individual. The natural indirect effect measures the change in outcome when the exposure
is held fixed while the mediator changes for each individual from the value it would naturally
have under one exposure level to the value it would naturally have under another exposure level.
These effects are based on cross-world potential outcomes, meaning that they cannot be observed

4



2 Causal mediation analysis

in practice, since an individual cannot simultaneously have one exposure level and the mediator
value that would naturally occur under another exposure level (Nguyen, Schmid, and Stuart
2021).

Natural effects require strong assumptions because they rely on cross-world potential outcomes.
These assumptions become particularly restrictive in settings with multiple mediators, especially
when the causal ordering between mediators is unknown (Vansteelandt and Daniel 2017). Since
the analysis in this thesis involves multiple mediators, and the research questions focus on
hypothetical interventions, natural effects require assumptions that are difficult to justify in this
setting.

The second perspective is the interventional perspective, where the focus is instead on hypothetical
interventions on the mediators. While natural effects use the mediator values that each individual
would naturally have under a specific exposure setting, interventional effects instead consider
mediator values generated from specified mediator distributions, i.e. through stochastic inter-
ventions on the mediators. Here, the focus shifts from explaining the pathways of the effect to
studying how the outcome would change under hypothetical modifications to the exposure or
mediators (Nguyen, Schmid, and Stuart 2021).

The interventional perspective is used in this thesis because it allows for the evaluation of how the
risk difference in stroke or death between BMI groups would change if the mediator distributions
among overweight and obese individuals were shifted to resemble those among normal weight
individuals. Here, causal effects are defined as the difference in the potential outcomes Y (stroke
or death) for different exposure levels (overweight/obese or normal weight), or under different
hypothetical interventions on the mediators (cholesterol, blood pressure, and diabetes).

2.2.2 Total effect

Several different causal effects can be considered, but one of the most fundamental is the total
effect (TE). It represents the overall effect of the exposure on the outcome at the population level.
It is defined as the difference between the average outcome when all individuals are exposed
(A = 1) and the average outcome when all individuals are unexposed (A = 0)

TE := E[Y1] − E[Y0]. (1)

For a binary outcome, the total effect can be expressed as TE = P[Y1 = 1] − P[Y0 = 1], i.e. the
difference in the probability of the outcome Y = 1 under exposure compared to no exposure
(Nguyen, Schmid, and Stuart 2021).

The total effect provides a measure of the difference in expected outcome under the two exposure
levels. In the context of this thesis, it represents the difference in risk of stroke or death between
overweight or obese and normal weight individuals. It also serves as a reference for evaluating
how much of this difference can be explained or reduced through interventions on the mediators.

2.2.3 Interventional effects

In the interventional framework, the aim is to evaluate what would happen if the distribution of
one or more mediators could be changed while otherwise preserving the assumed relationships
between the variables. The effects defined under this framework are referred to as interventional
effects.

5



2 Causal mediation analysis

For a single mediator setting, let M denote the mediator and let C denote baseline confounders. In
the real world, without any intervention, the mediator values among exposed individuals follow
the mediator distribution under exposure. In this context, this means that the mediator values
of overweight or obese individuals, such as blood pressure, are assumed to follow the same
distribution as that observed among overweight or obese individuals. More generally, when the
exposure level is a, the mediator distribution is defined as P(Ma | C). This distribution describes
how the mediator is expected to vary among individuals with exposure level a, conditional on
the baseline confounders C (Nguyen, Schmid, Ogburn, et al. 2022).

When performing an intervention on the mediator, the mediator distribution for exposed indi-
viduals will no longer be the same as it would naturally have been. Instead, the intervention is
defined so that, although the individuals remain exposed, the mediator follows the distribution
observed in the unexposed group with the same covariates C. More generally, for each individ-
ual, a random mediator valueMa∗ |C is generated from the observed mediator distribution under
exposure level a∗ given C, such that

Ma∗ |C ∼ P(Ma∗ | C).

This represents a stochastic intervention on the mediator, where the mediator values are generated
from a specified target distribution instead of the distribution naturally observed under exposure
(Nguyen, Schmid, and Stuart 2021). In this context, for example, an intervention on blood pressure
means that overweight and obese individuals are assigned randomly drawn blood pressure values
that follow the blood pressure distribution observed among normal weight individuals with the
same covariates C.

Let Ya,Ma∗ |C denote the potential outcome under exposure level a, when the mediator value is a
random draw from the mediator distribution under exposure level a∗ (conditional on C) (Nguyen,
Schmid, and Stuart 2021). In this thesis, this could represent the potential outcome for overweight
or obese individuals, when the blood pressure values are drawn from the distribution observed
among normal weight individuals, conditional on C.

Within this framework, different types of effects can be defined. The most common are the
interventional direct and indirect effects. These decompose the total effect into a part operating
directly from the exposure to the outcome, and a part operating through the mediator.

The interventional indirect effect (IIE) represents the part of the effect operating through the mediator.
It is defined as

IIE(1·) := E
[
Y1,M1|C

]
− E
[
Y1,M0|C

]
, (2)

where 0 indicates non-exposed, 1 indicates exposed, M0|C denotes the mediator values gener-
ated from the mediator distribution under no exposure, andM1|C denotes the mediator values
generated from the mediator distribution under exposure. Equation 2 captures the change in the
expected outcome when the mediator distribution is shifted from that under exposure to that
under no exposure, while keeping the exposure fixed (Nguyen, Schmid, and Stuart 2021). In the
notation IIE(1 ·), 1 indicates that the exposure level is held fixed at exposed, while the dot indi-
cates that the mediator distribution is varied in the comparison. In this thesis, the interventional
indirect effect corresponds to the part of the effect of overweight/obesity (exposure level A = 1)
on the risk of stroke or death that is captured by shifting the mediator distribution from that

6



2 Causal mediation analysis

among overweight/obese individuals to that among normal weight individuals (A = 0). In the
DAG in Figure 2, this corresponds to the arrows from "Overweight/obesity" (A), via the media-
tors (M1,M2,M3), to "Stroke/death" (Y). Since the analysis here includes multiple mediators, the
corresponding formulas for the interventional indirect effects for this thesis are given by Equation
4 and 5.

It is also possible to define the interventional indirect effect while keeping the exposure level fixed
at unexposed, i.e. IIE(0·) (Nguyen, Schmid, and Stuart 2021). In this context, the comparison
would instead be made under the outcome distribution for unexposed individuals. This is not
of interest in this thesis, and the interventional indirect effect defined in Equation 2 will therefore
from now on simply be denoted IIE.

The remaining part of the total effect after an intervention is referred to as the interventional
direct effect (IDE). It captures the part of the effect not operating through the mediator under
intervention. The total effect can therefore be decomposed as

TE = IIE + IDE.

An explicit definition of the interventional direct effect is given in Equation 8 in Appendix A.

2.2.4 Interventional effects with multiple mediators

When the analysis involves multiple mediators, the same reasoning as in the single mediator
setting applies. The following discussion considers three mediators, as is the case in this thesis,
but the same principle extends to any number of mediators.

Let M = (M1,M2,M3) denote the mediator vector, and letM = (M1,M2,M3) denote a random
draw from the joint mediator distribution

Ma|C ∼ P(Ma | C), (3)

for exposure a, conditional on C. A joint intervention on the mediators means shifting the joint
mediator distribution (Equation 3) from the distribution observed under exposure level a to the
corresponding distribution under exposure level a∗ (Moreno-Betancur et al. 2021).

In this thesis, this means that overweight and obese individuals are assigned mediator values
that are randomly drawn from the joint mediator distribution observed among normal weight
individuals, while the exposure itself remains fixed at overweight or obese. In other words,
the mediators are changed jointly to resemble those of the unexposed group, even though the
individuals are still considered exposed.

The potential outcome under exposure level a, with joint mediator distribution shifted to the
corresponding distribution under exposure level a∗, is denoted Ya,Ma∗ |C (Vansteelandt and Daniel
2017).

The interventional indirect effect under joint intervention on all mediators is analogous to the
single mediator case (Equation 2), but using the joint mediator distributions instead. It is defined
as

IIEall := E
[
Y1,M1|C

]
− E
[
Y1,M0|C

]
, (4)

7



2 Causal mediation analysis

(Vansteelandt and Daniel 2017).

IIEall measures the part of the effect of the exposure on the outcome that operates through changes
in the joint mediator distribution. The corresponding interventional direct effect, IDEall, is the
part of the total effect that does not operate through any of the mediators. IDEall is explicitly
defined in Equation 9 in Appendix A.

For the definitions of IIEall (Equation 4) and IDEall (Equation 9) to hold when intervening jointly
on all mediators, Moreno-Betancur et al. (2021) explicitly state that the following assumption is
required to define the target effect:

• Conditional on the confounders, an intervention on all mediators jointly would set the joint
mediator distribution to equal the corresponding distribution in the unexposed group.

Instead of a joint intervention, one can do interventions on one mediator at a time. This is useful to
identify which of the mediators contribute most to the indirect effect, and may provide insight
into which mediators could be important targets for future interventions (Moreno-Betancur et al.
2021).

Two different approaches to interventions on a single mediator have been proposed, depending on
what assumptions can be made about the causal ordering between mediators (Moreno-Betancur
et al. 2021). In this thesis, the causal ordering between the mediators is unknown, and therefore
no assumptions are made about how the mediators affect one another.

For this approach, Moreno-Betancur et al. (2021) propose three assumptions that define a hypo-
thetical intervention on a single mediator when defining the corresponding direct and indirect
effects:

• The intervention targets one mediator at a time, and does not affect the distributions of the
other mediators.

• Conditional on the confounders, the intervention makes the mediator behave as it would
under no exposure. In practice, this means assigning the mediator a random value from
the distribution it would have under no exposure.

• Under the hypothetical intervention, the dependence between the intervened mediator
and the remaining mediators is removed, while preserving the joint distribution of the
non-intervened mediators under exposure, conditional on the confounders.

To connect the assumptions to this thesis, consider an intervention on blood pressure among
overweight or obese individuals. The intervention would modify only blood pressure, while
cholesterol and diabetes remain non-intervened mediators. Blood pressure would then follow
the distribution observed among normal weight individuals with the same confounder values,
whereas cholesterol and diabetes would retain their joint distribution among overweight or obese
individuals.

Under the assumptions above, the mediator distributions under the hypothetical intervention
can be defined formally. LetM(k)

a∗ |C denote a random draw from the mediator distribution under
an intervention on mediator k, where mediator k is shifted to exposure level a∗, conditional on C.
Under the assumptions above, the mediator distribution is defined as

M
(k)
a∗ |C ∼ P(M(k)

a∗ | C) × P(M(−k)
a | C),
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2 Causal mediation analysis

where M(k) is the mediator targeted by the intervention, and M(−k) are the other mediators, not
under intervention (Moreno-Betancur et al. 2021).

The mediator-specific interventional indirect effect is calculated as

IIEk := E
[
Y1,M1|C

]
− E
[
Y1,M(k)

0|C

]
. (5)

(Moreno-Betancur et al. 2021).

The corresponding interventional direct effect IDEk corresponds to the part of the effect of the
exposure on the outcome that does not operate through the specific mediator under intervention.
This is explicitly defined in Equation 10 in Appendix A.

As described by Nguyen, Schmid, and Stuart (2021), interventional effects are useful for evaluating
hypothetical interventions on mediators, even when such interventions may not be feasible in
practice. Moreno-Betancur et al. (2021) point out that even if a real intervention on a mediator
were possible, its effect could depend on how the intervention is implemented. Therefore, rather
than focusing on specific real-world interventions, interventional effects consider hypothetical
interventions that modify the mediator distribution.

2.3 Step 2: Effect identification

The second step in the causal mediation framework, effect identification, concerns whether the
causal effects defined in Section 2.2 can be learned from the observed data. Since causal effects
are defined in terms of potential outcomes, they cannot be directly observed in practice. For each
individual, only one outcome is observed, either under exposure or non-exposure, but never both
simultaneously (Nguyen, Schmid, Ogburn, et al. 2022).

The purpose of the identification step is therefore to determine under what assumptions the
unobserved potential outcomes can be linked to the observed data. In causal mediation analysis,
this is done by comparing individuals with similar observed characteristics, represented by
the confounders C. Under appropriate assumptions, the observed outcomes among individuals
with the same covariate values can then be used to estimate the corresponding potential outcomes
(Nguyen, Schmid, Ogburn, et al. 2022).

Formally, the mean potential outcome under exposure level a can be expressed as

E[Ya] = EC[E[Ya | C]]. (6)

This is the potential outcome used when calculating the total effect (Section 2.2.2). This equation
means that the average potential outcome in the population is obtained by averaging the potential
outcomes within subgroups defined by the confounders C (Nguyen, Schmid, Ogburn, et al. 2022).
In practice, this corresponds to comparing individuals with, for example, the same sex, age, and
education level.

However, the conditional potential outcomes cannot themselves be observed directly. Assump-
tions are therefore required to identify the causal effects from the observed data. These assump-
tions are needed both for the total effect, which involves potential outcomes E[Ya | C], and for
the interventional effects, which involve potential outcomes under hypothetical mediator in-
terventions, such as E[Ya,M(k)

a∗ |C
]. Nguyen, Schmid, Ogburn, et al. (2022) summarize three main

assumptions required for identification:
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2 Causal mediation analysis

1. Consistency: The observed outcome for an individual under the exposure level actually
observed is equal to the corresponding potential outcome,

Y = Ya,m if A = a and M = m.

In other words, if an individual is overweight or obese, the observed outcome corresponds
to the potential outcome under overweight/obesity. For the interventional effects, the
same assumption also applies to the mediator values generated under the hypothetical
interventions

M =Ma∗ if A = a∗.

2. Conditional independence: Conditional on the observed confounders, there are no unmea-
sured variables affecting the relationship between the exposure and outcome, exposure and
mediators, or mediators and outcome. Here, ⊥⊥ denotes statistical independence. This can
be written as

A ⊥⊥ Ya,m | C

for all m in the mediator distribution,

M ⊥⊥ Ya,m | C,A = a,

and

A ⊥⊥Ma∗ | C.

3. Positivity: For all combinations of the confounders included in the analysis, there must be a
positive probability of observing each exposure and mediator level:

P(A = a | C) > 0 and P(A = a∗ | C) > 0,

and

P(M = m | C,A = a) > 0,

for all m in the joint mediator distribution. This means that individuals with similar
covariate values must exist in both the overweight/obese and normal weight groups, and
for different mediator levels.

In addition, Moreno-Betancur et al. (2021) describe an assumption regarding the intervention:

4. The hypothetical intervention affects the outcome only through changes in the mediator
distribution. Thus, the intervention is assumed not to affect the outcome except through
the induced changes in the mediator distribution.

The assumptions described above concern identification of the effects from the observed data. The
hypothetical interventions used to define the interventional effects also rely on assumptions about
how the mediator distributions are modified. These assumptions were introduced in Section 2.2.
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2 Causal mediation analysis

Another important requirement for causal interpretation, connected to the assumption about
conditional independence, is correct temporal ordering of the variables. The variables must be
temporally ordered sequentially, such that the exposure precedes the mediator, and the mediator
precedes the outcome (VanderWeele 2015, p. 25). If there is no clear chronological ordering
between variables, the results must be interpreted as statistical associations rather than causal
pathways (Nguyen, Schmid, and Stuart 2021).

Under the assumptions above, the potential outcomes can be linked to the observed data. The
mean conditional potential outcome under exposure level a can be identified as

E[Ya | C] = E[Y | A = a,C]

(Nguyen, Schmid, Ogburn, et al. 2022). This means that, conditional on the confounders, the
observed outcomes among individuals with exposure level a can be used to estimate the corre-
sponding potential outcomes. Combining this with the definition of the total effect (Equation 1)
gives

TE = EC[E[Y | C,A = 1]] − EC[E[Y | C,A = 0]].

(Nguyen, Schmid, Ogburn, et al. 2022).

For the interventional effects, the mean potential outcomes needed are of the form of E[Ya,M(k)
a∗ |C

], or

corresponding for joint intervention. The identification formula for this, under the assumptions
above, is given by

E
[
Ya,M(k)

a∗ |C

]
=

EC

 ∑
m=(m1,m2,m3)

E[Y | A = a,M = m,C] × P(M(k) = mk | A = a∗,C) × P(M(−k) = m−k | A = a,C)


(Moreno-Betancur et al. 2021).

Now the mean potential outcomes, and the total effect and interventional direct and indirect
effects can be estimated from the data.

2.4 Step 3: Effect estimation

The third step in the causal mediation framework, effect estimation, concerns how the causal
effects defined and identified in the previous steps are estimated from the observed data. In this
thesis, this is done using a Monte Carlo simulation-based g-computation approach, as described
by Moreno-Betancur et al. (2021).

The estimation procedure combines regression models with simulation of hypothetical mediator
values. The purpose is to emulate hypothetical interventions on the mediators and estimate how
these interventions would change the risk of stroke or death.

First, regression models for the mediators and outcome are fitted to the observed data (Moreno-
Betancur et al. 2021). The mediator models describe how each mediator depends on the exposure
and the confounders, while the outcome model describes how the outcome depends on the
exposure, mediators, and the confounders. Since both the mediators and the outcome are binary
in this thesis, logistic regression models are used.
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After fitting the regression models, new mediator values M = (M1,M2,M3) are simulated
for each individual under the exposure and mediator distributions relevant for the effect being
estimated. These simulated values are drawn from the mediator distributions estimated by the
fitted regression models, conditional on the individual’s confounders (Moreno-Betancur et al.
2021). This is the step where the hypothetical interventions on the mediators are represented
in the estimation procedure. For a mediator under intervention, for example blood pressure,
the individuals remain under exposure (overweight/obese), but their simulated blood pressure
values are instead drawn from the blood pressure distribution observed among normal weight
individuals with the same confounder values.

When several mediators are included, some mediator values are simulated step by step, so that
later mediators can be simulated conditional on mediator values that have already been drawn.
This is necessary to preserve the joint distribution of the mediators, both when intervening
jointly on all mediators and when intervening on a single mediator while keeping the remaining
mediators under their distribution observed among exposed individuals. For example, the joint
intervention of the three mediators (used in Equation 4 and 9), can be rewritten using the law of
total probability as

P(M1,M2,M3 | A = a,C) =

P(M3 |M1,M2,A = a,C) × P(M2 |M1,A = a,C) × P(M1 | A = a,C).
(7)

This means that M1 is simulated first, then M2 conditional on M1, and finally M3 conditional on
M1 and M2. In this way, the simulation preserves the dependence between the mediators, rather
than treating them as independent (Moreno-Betancur et al. 2021).

The simulated mediator values are then used in the fitted outcome model. This gives a predicted
outcome probability for each individual under the exposure and mediator values corresponding
to the effect being estimated. For individual i, under exposure level ai, with simulated mediator
valueMi, and covariates Ci, the predicted probability of the outcome Y = 1 is calculated as

P(Yi = 1 | A = ai,Mi,Ci)

Since the outcome is binary, this probability can be interpreted as the predicted risk of stroke or
death for that individual under the specified exposure and mediator values (Moreno-Betancur
et al. 2021). However, since the mediator values are randomly simulated, these predicted risks are
not interpreted at the individual level. The quantities of interest are instead the average predicted
risks in the population (Nguyen, Schmid, and Stuart 2021).

By repeating this simulation many times and averaging the predicted outcome probabilities
over all individuals, an estimate of the mean potential outcome is obtained. Finally, the effect
estimate is obtained by comparing the relevant estimated mean potential outcomes. To account
for statistical uncertainty, non-parametric bootstrap is used to obtain standard errors, confidence
intervals, and p-values (Moreno-Betancur et al. 2021).

3 Data

The analysis in this thesis is based on data from health examinations within the Northern Sweden
Health and Disease Study (NSHDS), combined with data from the Swedish Stroke Register
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(Riksstroke) and the National Patient Register managed by the National Board of Health and
Welfare.

NSHDS is a large population-based cohort study with a long follow-up period, established in
the mid-1980s in the Swedish regions of Norrbotten and Västerbotten. It consists of three sub-
cohorts: The Västerbotten Intervention programme (VIP), The Northern Sweden MONICA Study,
and The Mammography Screening Project (MSP). The study focuses, among other things, on
cardiovascular disease, diabetes, and their risk factors. For the Northern Sweden MONICA study,
random sampling is used, and for MSP, individuals are included through planned mammography
examinations. For VIP, however, residents in Västerbotten are invited to health examinations,
which are carried out within primary healthcare during the years when an individual turns 40,
50, and 60 years old (Späth et al. 2025).

Riksstroke is a national quality register for stroke care established in 1994. It includes patients
with acute stroke or TIA who received hospital care. The register collects information on stroke
onset and hospital care. For stroke patients, information about health and functional ability is
also collected through questionnaires three months and one year after the stroke (Riksstroke n.d.).

3.1 Variables

The outcome used in the analysis is a binary variable indicating stroke or death (versus neither
event). Stroke and death were combined because individuals who die during the follow-up
period can no longer experience a stroke, but would otherwise remain in the data as if they
were still at risk. This will be further discussed in Section 6. The exposure is a binary variable
representing overweight or obesity (BMI ≥ 25) or normal weight (18.5 ≤ BMI < 25). Three binary
mediator variables are included in the analysis:

• High cholesterol (S-cholesterol > 6.2 mmol/L)

• High blood pressure (systolic pressure ≥ 140 mmHg or diastolic pressure ≥ 90 mmHg)

• Diabetes (diabetes status at the 60-year health examination)

Because of the importance of temporal ordering, the exposure variable is measured at the health
examination conducted when the individual was approximately 50 years old (or at the 40-year
examination if the 50-year examination is missing). This examination is referred to as the baseline.
The mediators are measured later, at the 60-year health examination. Diabetes status at the 60-
year examination indicates whether the individual had diabetes at that time, regardless of when
diabetes first developed. The outcome (stroke or death) is only considered if it occurs after the
60-year examination and within the following 10 years.

The analysis also adjusts for several confounders:

• Age at baseline

• Sex

• Education level at baseline (three levels: primary school, secondary school, or university)

• Time period of baseline examination (four levels: 1986–1990, 1991–1995, 1996–2000, 2001–
2006)

• Smoking (three levels: current, former, occasional/never)
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3.2 Modifications to data

The original dataset consisted of 35464 individuals. Because individuals who have previously
experienced a stroke have a substantially higher risk of recurrent stroke, and a high combined
risk of recurrent stroke or death (Burn et al. 1994), only individuals without a history of stroke
before the 60-year health examination were included in the analysis.

All variables had missing values in less than 2% of cases. Because the proportion of missing
values was low, a complete-case analysis was performed. Multiple imputation could have been
considered, but was not used due to the computational intensity of combining imputation with
the Monte Carlo simulation-based g-computation procedure and bootstrap resampling.

Since earlier studies showed a higher risk of stroke for underweight compared to normal weight
individuals (Park, Lee, and Han 2017), and because underweight individuals were few in the
dataset (approximately 0.5% of the individuals in the original dataset were underweight at the
baseline examination), these individuals were excluded from the analysis. Before excluding
underweight individuals, 2.7% of individuals in the underweight category had experienced a
stroke, compared with 2.1% of individuals in the normal weight category. This comparison was
made after applying all other exclusion criteria.

According to recommendations from Northern Sweden Health and Disease Study (2026), S-
cholesterol values below 2.0 mmol/L should be treated as missing, and the corresponding indi-
viduals were therefore excluded from the analysis. Some observations contained inconsistencies
between the combined datasets, where an event was recorded in one register after the end of
follow-up in another. These observations were excluded from the analysis. In addition, some
individuals first experienced a stroke and later died within the follow-up period. To ensure that
each individual contributed only one outcome event, only the first event was retained, meaning
that individuals who first had a stroke and later died were counted once, at the time of stroke.

Finally, to ensure a consistent study period, the analysis was restricted to individuals with at least
10 years of follow-up time from the 60-year health examination. Only outcomes observed within
this 10-year period were included in the analysis.

After all exclusions, the final analytical dataset consisted of 22429 individuals. The target pop-
ulation for this analysis therefore consisted of approximately 60–70-year-old individuals who
were not underweight and who had not experienced a stroke prior to the start of follow-up. A
flowchart of the exclusion process is presented in Figure 3.

3.3 Descriptive statistics

Of the 22429 individuals included in the analysis, 10546 (47.0%) are classified as normal weight
at baseline, 9229 (41.1%) as overweight, and 2654 (11.8%) as obese. Descriptive statistics for the
confounders, mediators and outcome are presented in Table 1.

The distribution of confounders differed somewhat between BMI groups. The overweight group
included a higher proportion of men, whereas the normal weight and obesity groups included a
higher proportion of women. Education level also varied across groups, with individuals with
obesity having the largest proportion with primary education and normal weight individuals
having the largest proportion with university education. Current smoking was slightly higher
among normal weight individuals than among overweight and obese individuals.
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35464 observations
(original dataset)

34994 observations

32320 observations

32155 observations

32050 observations

31890 observations

22429 observations
(final analytical dataset)

Excluded: 470 individuals with
stroke before the 60-year exam-
ination

Excluded: 2674 observations
with missing values

Excluded: 165 underweight
individuals

Excluded: 105 observations
with S-cholesterol below 2.0
mmol/L

Excluded: 160 observations
with inconsistent follow-up
records

Removed: 433 second outcome
observations among individu-
als who first had a stroke and
later died

Restricted to individuals with
at least 10 years of follow-up
from the 60-year examination.
Excluded: 9461 observations

Figure 3: Flowchart of exclusions leading to the final analytical dataset.

As shown in the table, high blood pressure and diabetes are clearly more common among
overweight and obese individuals than among normal weight individuals. In addition, both
conditions are more common among obese individuals than among overweight individuals.

In contrast, high cholesterol shows the opposite pattern. High cholesterol is more common among
normal weight individuals (34.1%) than among overweight individuals (30.1%) and obese indi-
viduals (25.5%). Since overweight and obesity are generally associated with higher cholesterol,
this result may appear unexpected. Possible explanations and implications of this pattern are
discussed further in Section 6.

A total of 1619 cases of stroke or death were observed in the data. This corresponds to 7.2% of
the analyzed data. Among normal weight individuals, 6.5% experienced a stroke or died, while
the corresponding proportions among overweight and obese individuals were 7.5% and 9.0%,
respectively.
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Table 1: Descriptive statistics by baseline BMI category. Confounders are measured at baseline,
mediators at 60-year health examination, and outcome during the 10-year follow-up time after
the 60-year health examination.

Normal weight Overweight Obesity Total

Confounders
Age, mean (SD) 49.3 (2.6) 49.6 (2.1) 49.6 (1.9) 49.5 (2.3)
Sex

Female 6448 (61.1%) 3912 (42.4%) 1478 (55.7%) 11838 (52.8%)
Male 4098 (38.9%) 5317 (57.6%) 1176 (44.3%) 10591 (47.2%)

Education
Primary 2406 (22.8%) 2415 (26.2%) 863 (32.5%) 5684 (25.3%)
Secondary 4970 (47.1%) 4729 (51.2%) 1333 (50.2%) 11032 (49.2%)
University 3170 (30.1%) 2085 (22.6%) 458 (17.3%) 5713 (25.5%)

Time period of
baseline examination

1986-1990 886 (8.4%) 611 (6.6%) 157 (5.9%) 1654 (7.4%)
1991-1995 3562 (33.8%) 2918 (31.6%) 746 (28.1%) 7226 (32.2%)
1996-2000 3421 (32.4%) 3204 (34.7%) 909 (34.3%) 7534 (33.6%)
2001-2006 2677 (25.4%) 2496 (27.0%) 842 (31.7%) 6015 (26.8%)

Smoking
Current 2330 (22.1%) 1804 (19.5%) 489 (18.4%) 4623 (20.6%)
Former 2298 (21.8%) 2539 (27.5%) 810 (30.5%) 5647 (25.2%)
Never/occasional 5918 (56.1%) 4886 (52.9%) 1355 (51.1%) 12159 (54.2%)

Mediators
High cholesterol 3601 (34.1%) 2777 (30.1%) 676 (25.5%) 7054 (31.5%)
High blood pressure 3336 (31.6%) 4030 (43.7%) 1407 (53.0%) 8773 (39.1%)
Diabetes 124 (1.2%) 344 (3.7%) 336 (12.7%) 804 (3.6%)

Outcome
Stroke/death 684 (6.5%) 695 (7.5%) 240 (9.0%) 1619 (7.2%)

Stroke 223 (2.1%) 264 (2.9%) 80 (3.0%) 567 (2.5%)
Death 461 (4.4%) 431 (4.7%) 160 (6.0%) 1052 (4.7%)

3.4 Comparison of included and excluded individuals

To compare individuals included in the analysis with individuals excluded before the final follow-
up restriction, descriptive statistics for these excluded individuals are presented in Table 3 in
Appendix B. Individuals excluded because they did not have at least 10 years of follow-up after
the 60-year examination are not included in this comparison. For comparability with the main
analysis, outcomes among excluded individuals were defined in the same way as in the main
analysis, including only the first event during the 10-year follow-up period after the 60-year
examination.

The excluded group had a higher proportion of stroke or death during follow-up than the group
included in the analysis. This pattern was seen across the BMI groups. Among individuals
included in the analysis, 7.2% experienced a stroke or died during follow-up, compared with
10.0% among excluded individuals. This could partly be explained by the exclusion of individuals
who had experienced a stroke before the 60-year examination, since these individuals have a
higher risk of recurrent stroke or death.
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The mediators high blood pressure and diabetes showed similar patterns among excluded indi-
viduals as among individuals included in the analysis. The unusual pattern of a higher proportion
of individuals with high cholesterol among normal weight individuals than among overweight
and obese individuals was also seen in the excluded group.

3.5 Ethical considerations

Since the data contain sensitive personal information, such as BMI and health conditions, only
aggregated results will be presented, and no individual-level information will be presented. The
analysis has been approved by an ethics review board (Dnr: 2023-07750-01).

4 Method

The mediation analysis follows the three-step causal mediation framework described in Section 2
(definition, identification, and estimation of effects), focusing on the total effect and interventional
direct and indirect effects. The aim is to estimate how hypothetical interventions on the mediators
would change the difference in risk of stroke or death between exposure groups.

4.1 Definition of effects (Step 1)

The definition of the target effects is based on the research questions stated in Section 1.1. Since
the research questions are framed in terms of hypothetical interventions, the effects of interest
are interventional effects. Interventional effects were also preferred over natural direct and
indirect effects because they can be defined in settings with multiple mediators without requiring
assumptions about the causal ordering between mediators.

To answer the first research question, concerning joint interventions on the mediators, the joint
interventional indirect effect IIEall (Equation 4) is the primary estimand. This effect provides an
estimate of how much the risk difference in stroke or death between overweight or obese and
normal weight individuals would be changed under a joint intervention on cholesterol, blood
pressure and diabetes.

The second research question, concerning separate interventions on the mediators, is addressed
using the mediator-specific interventional indirect effects IIEk (Equation 5). These effects estimate
how much the risk difference in stroke or death would change when intervening on one mediator
at a time. This also provides insight into which mediator-specific intervention gives the largest
change in the risk difference.

To put the results into perspective, the total effect TE (Equation 1) is also relevant. The total
effect represents the overall difference in risk of stroke or death between overweight or obese and
normal weight individuals and provides a reference for evaluating the size of the interventional
effects.

To further provide context for interpretation, the analysis also includes estimates of the inter-
ventional direct effects IDEall and IDEk, defined in Equations 9 and 10 in Appendix A. While the
interventional indirect effects quantify the part of the effect operating through the mediator(s),
the interventional direct effect represents the remaining difference in risk not operating through
the mediator(s) targeted by the intervention. Presenting both effects provides a more complete
description of how the total effect is distributed across mediated and non-mediated pathways.
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In addition, the results include the proportion of the total effect accounted for by the interven-
tional indirect effects, as well as the proportion of the total effect remaining after the mediator
intervention.

Below follows a brief recap of the variables used in the analysis. For a more detailed explanation,
see Section 3, and for a visualization of the causal structure, see Figure 2.

The exposure is the binary variable indicating overweight or obesity (BMI ≥ 25) versus normal
weight (18.5 ≤ BMI < 25), measured at the baseline examination at approximately 50 years of
age. The outcome is also binary, indicating stroke or death during the 10-year follow-up period
after the examination at approximately 60 years of age.

The mediator vector M = (M1,M2,M3) consists of the binary variables high cholesterol (M1), high
blood pressure (M2), and diabetes (M3). These mediators were measured at approximately 60
years of age. The baseline confounders included in the analysis are age, sex, education, time
period of examination, and smoking.

4.2 Identification and assumptions (Step 2)

Nguyen, Schmid, Ogburn, et al. (2022) state that the consistency and conditional independence
assumptions cannot be empirically tested, since they concern potential outcomes that can never
be fully observed in practice.

In contrast, the positivity assumption is in principle testable from the observed data (Nguyen,
Schmid, Ogburn, et al. 2022). This would require that both exposure groups, as well as both
levels of each binary mediator, are represented within subgroups defined by the confounders.
However, because the number of possible subgroup combinations increases substantially when
conditioning on multiple confounders with several levels, a complete assessment of positivity is
generally not practically feasible.

Lastly, the requirement of temporal ordering is met because of how the data were collected. The
exposure and confounders were measured at the 50-year (or 40-year) health examination, the
mediators at the 60-year health examination, and the outcome during the 10 years following the
60-year examination.

4.3 Estimation procedure (Step 3)

To estimate the interventional effects and the total effect, the Monte Carlo simulation-based
g-computation procedure described in Section 2.4 was used.

The analyses were performed in R (R Core Team 2026). The code used in this thesis was adapted
from code made available on GitHub by Lindmark and Darehed (2024) for the study by Lindmark
and Darehed (2025), which in turn is based on the Monte Carlo simulation-based g-computation
procedure described by Moreno-Betancur et al. (2021).

Since the mediators are binary variables, logistic regression models were fitted for the media-
tor distributions. These models included the exposure and confounders, as well as preceding
mediators where needed to estimate the joint mediator distribution, as described in Equation 7.
The outcome was also modeled using logistic regression, with separate terms for the exposure,
mediators, and confounders. Two-way interactions were included between the exposure and
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mediators and between the mediators themselves. For the mediator models, corresponding two-
way interactions were included only among variables available in each respective model, that is,
between the exposure and preceding mediators and between preceding mediators themselves.

The random draws for mediator values were generated based on the probabilities estimated from
the fitted mediator models. The fitted outcome model was then used to predict the risk of stroke
or death under each simulated mediator scenario. These random draws were repeated 500 times,
corresponding to 500 Monte Carlo repetitions.

To estimate standard errors, a non-parametric bootstrap procedure with 1000 bootstrap samples
was used, implemented using the boot package (Canty and Ripley 2025). The bootstrap dis-
tributions of the estimates appeared approximately normally distributed, and 95% confidence
intervals and p-values were therefore computed assuming approximate normality.

4.4 Sensitivity analysis

Since the main outcome is a combined outcome of stroke and death, and death is not cause-specific
to stroke, a sensitivity analysis was conducted using stroke only as the outcome. Individuals who
died before any recorded stroke were excluded, since they could no longer experience a first-time
stroke. The same mediation analysis was then repeated using this stroke-only dataset to assess
whether the main results were sensitive to the outcome definition.

5 Results

The target population for this analysis, after the exclusions described in Section 3.2, consists of
approximately 60–70 year old individuals who are not underweight and who had not experienced
a stroke prior to the start of follow-up. This is the population referred to throughout the results
section, even when not explicitly stated.

For this target population, the causal mediation analysis estimated a risk of stroke or death of
7.63% under overweight or obesity, compared with an estimated risk of 6.72% under normal
weight, after adjusting for the confounders age, sex, education level, time period, and smoking.

Table 2 presents estimates of the total effect and interventional direct and indirect effects on the
risk difference scale. The mediators are coded as high cholesterol (M1), high blood pressure (M2),
and diabetes (M3). All estimates, confidence intervals, and standard errors are multiplied by 100,
and the proportion of total effect is expressed as a percentage. The estimates should therefore be
interpreted as percentage point differences in risk.

The estimated total effect, corresponding to the risk difference between exposure levels, is 0.91
percentage points. This indicates that overweight and obese individuals had a higher risk of
stroke or death than normal weight individuals. The 95% confidence interval (0.21, 1.61) does not
include zero, and the effect is therefore statistically significant at the 5% level (p = 0.0109).

A joint intervention on all three mediators gives an estimated reduction of 0.43 percentage points,
corresponding to approximately 48% of the total effect. This is statistically significant with 95%
confidence interval (0.26, 0.60) (p < 0.0001). In other words, if overweight and obese individuals
had the same joint distribution of cholesterol, blood pressure, and diabetes as normal weight
individuals given covariates, the estimated difference in risk of stroke or death between the
exposure groups would be reduced by approximately 0.43 percentage points.
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Table 2: Estimated interventional effects on risk difference scale. Estimates, confidence limits and
standard errors are multiplied by 100. Proportion of total effect is shown as a percentage.

Effect Estimate 95% CI SE p-value
Proportion of
total effect (%)

Total effect 0.91 (0.21, 1.61) 0.357 0.0109 100.00

Indirect effects
IIEall (joint) 0.43 (0.26, 0.60) 0.087 <0.0001 47.53
IIE1 (cholesterol) -0.04 (-0.15, 0.07) 0.054 0.4507 -4.49
IIE2 (blood pressure) 0.19 (0.06, 0.32) 0.066 0.0035 21.27
IIE3 (diabetes) 0.25 (0.13, 0.36) 0.058 <0.0001 27.30

Direct effects
IDEall (joint) 0.48 (-0.22, 1.17) 0.355 0.1787 52.47
IDE1 (cholesterol) 0.95 (0.24, 1.65) 0.360 0.0083 104.49
IDE2 (blood pressure) 0.72 (0.02, 1.41) 0.356 0.0444 78.73
IDE3 (diabetes) 0.66 (-0.04, 1.36) 0.357 0.0639 72.70

When considering interventions on mediators separately, there is no clear evidence that interven-
tion on cholesterol (M1) changes the risk difference in outcome between overweight/obese and
normal weight individuals. The estimated indirect effect is −0.04, and the negative sign would
formally indicate that intervention on cholesterol slightly increases the risk difference between
exposure groups. However, the estimate is very small and not statistically significant (p= 0.4507).
This result is not unexpected given the observed distribution of high cholesterol across the BMI
groups (Section 3). This is discussed further in Section 6.

In contrast, the estimated interventional indirect effects for blood pressure (M2) and diabetes (M3)
were statistically significant and corresponded to reductions in the risk difference. The estimated
indirect effect corresponded to a reduction in absolute risk of 0.19 percentage points (95% CI:
(0.06, 0.32)) for blood pressure and 0.25 percentage points (95% CI: (0.13, 0.36)) for diabetes. Both
confidence intervals excluded zero, indicating statistically significant effects (p = 0.0035 and
p < 0.0001, respectively). These results suggest that both blood pressure and diabetes may
contribute importantly to the pathway from overweight or obesity to stroke or death.

Overall, the results suggest that blood pressure and diabetes had the largest mediator-specific
interventional indirect effects among the three mediators considered, while cholesterol did not
show clear evidence of mediating the effect. The joint intervention on all three mediators could
potentially reduce the total effect by approximately 48%, corresponding to a reduction in the risk
difference of 0.43 percentage points. The interventional direct effects represent the remaining
difference in risk between the exposure groups after intervention on the mediator distribution,
that is, the part of the effect of overweight or obesity on stroke or death not operating through
the mediators under intervention. Even after the joint intervention on all included mediators,
approximately 52% of the total effect remained, corresponding to a remaining risk difference
of 0.48 percentage points. This indicates that a substantial difference in risk of stroke or death
between exposure groups remained, and that other pathways may also contribute to the increased
risk among overweight and obese individuals. However, the confidence interval for this effect is
wide and includes zero, so this estimate should be interpreted with caution.
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6 Discussion

5.1 Results of sensitivity analysis

In the sensitivity analysis using stroke only as the outcome, the estimated risk of stroke was
approximately 2.93% among overweight and obese individuals and 2.31% among normal weight
individuals. This gave an estimated total effect of 0.61 percentage points.

The joint interventional indirect effect was 0.24 percentage points, corresponding to approxi-
mately 40% of the total effect. The interventional indirect effects for the separate mediators
showed the same pattern as in the main analysis. Cholesterol did not show a statistically signif-
icant reduction in the risk difference between exposure groups, and, as in the main analysis, the
estimate was negative and close to zero. Both blood pressure and diabetes showed statistically
significant reductions in the risk difference (0.14 and 0.11 percentage points, respectively), corre-
sponding to approximately 22% and 18% of the total effect. The full results from the sensitivity
analysis are presented in Table 4 in Appendix C.

6 Discussion

As shown in the results (Section 5), the interventional indirect effects for blood pressure and
diabetes suggest that shifting the distributions of these mediators among overweight and obese
individuals to those observed among normal weight individuals, conditional on the covariates,
could reduce the difference in risk of stroke or death by 0.19 percentage points for blood pressure
and 0.25 percentage points for diabetes. The corresponding reduction under a joint intervention
on all three mediators was estimated at 0.43 percentage points. Although the estimated effect
sizes are modest, even relatively small reductions in risk difference may be meaningful at the
population level, considering that approximately 25000 individuals experience a stroke in Sweden
each year.

The sensitivity analysis using stroke alone as the outcome gave broadly similar results to the main
analysis, although the estimated effects were smaller. The joint interventional indirect effect and
the mediator-specific effects for blood pressure and diabetes followed the same overall pattern
as in the main analysis, although some of the corresponding proportions of the total effect were
smaller. This indicates that blood pressure and diabetes also appear to be important mediators
when considering stroke alone, and not only when death is included in the combined outcome.
However, the smaller effect estimates suggest that part of the effects observed in the main analysis
may reflect pathways related to mortality rather than stroke alone.

When comparing the results with previous studies, the findings of Jee et al. (2023) are broadly
consistent with those of this thesis, despite differences in the mediation framework. While Jee et
al. (2023) used natural direct and indirect effects, the overall patterns are similar. In both studies,
blood pressure and diabetes appeared to be important mediators of the relationship between BMI
and stroke risk. Cholesterol showed some inconsistencies between men and women for stroke
specifically, but for overall ASCVD (Atherosclerotic Cardiovascular Disease) outcomes, including
both stroke and heart disease, cholesterol appeared to play a smaller mediating role than blood
pressure and diabetes.

However, several important differences between the studies should be noted. The study popula-
tions differ substantially, Jee et al. (2023) focused specifically on obesity rather than overweight
and obesity combined, and they also used cause-specific outcomes. In addition, the causal esti-
mands are not directly equivalent, since the present thesis estimates interventional effects whereas
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6 Discussion

Jee et al. (2023) estimated natural effects. Nevertheless, the studies show broadly similar patterns
regarding the relative importance of the metabolic mediators.

One strength of this thesis is the use of the relatively modern interventional effects framework
for causal mediation analysis. To our knowledge, this approach has rarely been applied in this
context. Compared with natural effects, the interventional effects framework is particularly well
suited for settings with multiple dependent mediators and does not rely on the same cross-world
assumptions. This makes the approach appropriate for this study, where the metabolic conditions
are likely to influence one another and where the causal ordering between them is uncertain. In
addition, the interventional perspective aligns well with the aim of the thesis, since the focus is
to evaluate how hypothetical interventions on metabolic risk factors could potentially reduce the
risk of stroke or death among overweight and obese individuals.

On the other hand, the analysis has several limitations that should be considered.

First, the outcome in the analysis was defined as a combined outcome of stroke or death, without
distinguishing between the two events. Furthermore, the mortality data were not cause-specific,
meaning that stroke-related deaths could not be identified separately. Stroke and death were
combined because individuals who die during the follow-up period can no longer experience a
later stroke event, but would otherwise remain in the data as if they were still at risk of stroke.
Death therefore acts as a competing event for stroke, which complicates analyses focusing only
on stroke occurrence. Simply removing the individuals who died during the follow-up period
would, on the other hand, risk introducing bias, since many risk factors for stroke are also risk
factors for other types of death, including other cardiovascular diseases. By combining stroke
and death into a single outcome, the competing-event issue was partly addressed.

However, the combined outcome also makes the interpretation of the results less specific, since
the estimated effects do not reflect stroke risk alone. Instead, the results should be interpreted
as effects on the combined risk of stroke or death during follow-up. It is therefore possible that
some of the estimated effects reflect pathways related more generally to mortality, and not only
to stroke specifically.

A second limitation is the lack of information on medication use. As shown in the descriptive
statistics (Section 3), high cholesterol at the 60-year examination appeared to be less common
among overweight and obese individuals than among normal weight individuals, despite over-
weight and obesity generally being associated with higher cholesterol. At baseline, however,
the proportion of individuals with high cholesterol was higher among overweight and obese
individuals than among normal weight individuals. This may indicate that overweight and
obese individuals with high cholesterol at baseline were more likely to have initiated cholesterol-
lowering treatment before the 60-year examination. Without information on medication use, it is
not possible to account for this in the analysis. This likely affected the estimated effects related
to cholesterol and may partly explain why the estimated indirect effect through cholesterol was
close to zero or slightly negative. A similar issue may also apply to blood pressure, although the
pattern was less pronounced.

Another limitation is that the analysis did not account for baseline levels of the mediators.
Measurements of cholesterol, blood pressure, and diabetes at baseline could potentially act as
confounders for the associations between the mediators measured at the 60-year examination and
the later outcome. This means that the estimated effects do not necessarily reflect only pathways
operating after the baseline examination. For example, some individuals may already have had
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high blood pressure before baseline and still have high blood pressure at the 60-year examination,
meaning that the mediators measured at age 60 may partly reflect earlier disease processes rather
than conditions developing after baseline.

However, these variables are complicated to handle because they may themselves be affected
by baseline BMI and therefore act as exposure-induced or intermediate confounders. Similarly,
BMI measured at the 60-year examination could also be relevant to adjust for, since body weight
may change substantially over time. Handling such intermediate confounding requires a more
advanced mediation setting and was outside the scope of this thesis. Nevertheless, this represents
an important direction for future research.

Another issue to consider is that participation in the VIP was not random. Residents in Väster-
botten were invited to health examinations in the years they turned 40, 50, or 60, but not everyone
who was invited participated. If those who participated differed from those who did not, this
may have affected how representative the study population was. Therefore, the results may not
fully generalize to the intended target population.

Overall, the results suggest that the mediators, and especially blood pressure and diabetes, may
play an important role in the increased risk of stroke or death among overweight and obese
individuals. From a public health perspective, the findings indicate that interventions targeting
these metabolic conditions could potentially contribute to reducing differences in stroke or death
risk between BMI groups. However, a substantial proportion of the total effect remained after
intervention on the mediators included in the analysis. This remaining effect may reflect pathways
not captured by the included mediators, including possible effects operating more directly from
overweight and obesity itself, or mediation through other factors not included in the analysis.
Taken together, the results suggest that blood pressure and diabetes may be important targets for
future preventive interventions aimed at reducing stroke or death risk among overweight and
obese individuals.
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A Appendix

In the single mediator case, the interventional direct effect (IDE) represents the effect of the exposure
on the outcome that does not operate through the mediator. It is defined as

IDE(· 0) := E
[
Y1,M0|C

]
− E
[
Y0,M0|C

]
, (8)

where 0 indicates non-exposed, 1 indicates exposed, and M0|C denotes the mediator values
generated from the mediator distribution under no exposure. In the notation IDE(· 0), the dot
indicates that the exposure level is varied in the comparison, while 0 indicates that the mediator
distribution is held fixed to the distribution under no exposure. This effect compares the expected
outcome under exposure and no exposure, while keeping the mediator distribution fixed to that
observed under no exposure (Nguyen, Schmid, and Stuart 2021). Because the analysis in this
thesis includes multiple mediators, the corresponding formulas for the interventional direct
effects are given in Equations 9 and 10.

It is also possible to define the direct effect using the mediator distribution under exposure,
i.e. IDE(·1) (Nguyen, Schmid, and Stuart 2021). This is not of interest in this thesis, and the
interventional direct effect (Equation 8) will therefore from now on be denoted IDE, without
explicitly specifying the exposure level defining the mediator distribution.

In the multiple mediator case, the interventional direct effect under joint intervention uses the
joint mediator distribution. It is defined as

IDEall := E
[
Y1,M0|C

]
− E
[
Y0,M0|C

]
, (9)

(Vansteelandt and Daniel 2017). It measures the effect of the exposure on the outcome that is not
mediated through the joint distribution of the mediators. For this to hold, the same assumption
as for IIEall in Equation 4 is required (Moreno-Betancur et al. 2021).

The interventional direct effect under intervention on one mediator at a time is calculated as

IDEk := E
[
Y1,M(k)

0|C

]
− E
[
Y0,M0|C

]
. (10)

This requires the same three assumptions as the effect in Equation 5 (Moreno-Betancur et al.
2021).
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Table 3: Descriptive statistics for individuals excluded before the final restriction to at least 10
years of follow-up, by baseline BMI category. Individuals excluded because they did not have
sufficient follow-up time are not included in this table. Outcomes are defined as in the main
analysis and include only the first event during the 10-year follow-up period after the 60-year
examination.

Missing BMI Underweight Normal weight Overweight Obesity Total

Confounders
Age, mean (SD) 48.7 (3.3) 48.6 (3.5) 49.2 (2.9) 49.4 (2.5) 49.6 (2.1) 49.2 (2.8)
Sex

Female 178 (53.1%) 106 (83.5%) 554 (55.9%) 411 (39.9%) 179 (52.0%) 1428 (50.5%)
Male 157 (46.9%) 21 (16.5%) 437 (44.1%) 618 (60.1%) 165 (48.0%) 1398 (49.5%)

Education
Primary 128 (40.3%) 36 (29.3%) 207 (26.2%) 257 (29.6%) 115 (40.2%) 743 (31.2%)
Secondary 124 (39.0%) 56 (45.5%) 375 (47.5%) 438 (50.5%) 136 (47.6%) 1129 (47.4%)
University 66 (20.8%) 31 (25.2%) 207 (26.2%) 173 (19.9%) 35 (12.2%) 512 (21.5%)

Time period of
baseline examination

1986–1990 50 (14.9%) 12 (9.4%) 179 (18.1%) 155 (15.1%) 55 (16.0%) 451 (16.0%)
1991–1995 207 (61.8%) 46 (36.2%) 370 (37.3%) 360 (35.0%) 100 (29.1%) 1083 (38.3%)
1996–2000 75 (22.4%) 33 (26.0%) 298 (30.1%) 323 (31.4%) 103 (29.9%) 832 (29.4%)
2001–2006 3 (0.9%) 36 (28.3%) 144 (14.5%) 191 (18.6%) 86 (25.0%) 460 (16.3%)

Smoking
Current 66 (21.0%) 59 (48.4%) 214 (25.7%) 173 (20.2%) 60 (20.6%) 572 (23.7%)
Former 71 (22.6%) 16 (13.1%) 164 (19.7%) 226 (26.4%) 77 (26.5%) 554 (22.9%)
Never/occasional 177 (56.4%) 47 (38.5%) 455 (54.6%) 458 (53.4%) 154 (52.9%) 1291 (53.4%)

Mediators
High cholesterol 108 (32.2%) 38 (29.9%) 310 (32.2%) 289 (28.5%) 58 (17.1%) 803 (28.9%)
High blood pressure 169 (50.6%) 21 (16.5%) 354 (36.3%) 478 (47.1%) 193 (56.9%) 1215 (43.5%)
Diabetes 12 (3.6%) 0 (0.0%) 10 (1.1%) 34 (3.7%) 50 (16.5%) 106 (4.1%)

Outcome
Stroke/death 32 (9.6%) 13 (10.2%) 77 (7.8%) 115 (11.2%) 46 (13.4%) 283 (10.0%)

Stroke 12 (3.6%) 3 (2.4%) 29 (2.9%) 57 (5.5%) 14 (4.1%) 115 (4.1%)
Death 20 (6.0%) 10 (7.9%) 48 (4.8%) 58 (5.6%) 32 (9.3%) 168 (5.9%)
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Table 4: Estimated interventional effects on risk difference scale for sensitivity analysis with
only stroke as outcome. Estimates, confidence limits and standard errors are multiplied by 100.
Proportion of total effect is shown as a percentage.

Effect Estimate 95% CI SE p-value
Proportion of
total effect (%)

Total effect 0.61 (0.19, 1.04) 0.218 0.0048 100.00

Indirect effects
IIEall (joint) 0.24 (0.13, 0.36) 0.058 <0.0001 39.92
IIE1 (cholesterol) -0.03 (-0.11, 0.05) 0.040 0.4446 -5.02
IIE2 (blood pressure) 0.14 (0.05, 0.23) 0.045 0.0025 22.30
IIE3 (diabetes) 0.11 (0.03, 0.18) 0.039 0.0045 17.82

Direct effects
IDEall (joint) 0.37 (-0.05, 0.79) 0.216 0.0872 60.08
IDE1 (cholesterol) 0.64 (0.21, 1.08) 0.223 0.0039 105.02
IDE2 (blood pressure) 0.48 (0.05, 0.90) 0.216 0.0271 77.70
IDE3 (diabetes) 0.50 (0.08, 0.93) 0.218 0.0210 82.18
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