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The “criteria”

The environment and disease: association or causation? Proc R Soc Med, 1965

“‘None of my nine viewpoints can bring indisputable evidence
for or against the cause-and-effect hypothesis and none can be
required as a sine qua non.”

Does the cause precede the effect?

Isthe iati i existing

Have similar results been shown in ether studies?

What is the strength of association between the cause and effect?
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Life Course Epidemiology
Why important

» Many acute illnesses and chronic or recurring conditions that
appear in later life are shaped by processes experienced in utero,
childhood, adolescence or early adulthood.
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Life Course Epidemiology

Why important

» Many acute illnesses and chronic or recurring conditions that
appear in later life are shaped by processes experienced in utero,
childhood, adolescence or early adulthood.

Barker hypothesis: drew a link
between foetal nutritional expe-
rience and later adult heart dis-
€aSe [Barker & Osmond 1986].
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Life Course Epidemiology

Why important

» Many acute illnesses and chronic or recurring conditions that
appear in later life are shaped by processes experienced in utero,
childhood, adolescence or early adulthood.

Barker hypothesis: drew a link Later expanded into the devel-
between foetal nutritional expe- opmental origins of health and
rience and later adult heart dis- disease (DOHaD) paradigms
€aSe [Barker & Osmond 1986]. [Bianco-Miotto et al. 2017].

Bianca L De Stavola/Viewpoints & counterfactuals

4/33



Causal Questions Counterfactuals Example Further Challenges Conclusions

Complexities

Many dimensions

The field’s strength is the recognition that origins of disease are
complex (sen shiomo & Kuh, 2002] . . .
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Figure 1 Schematic representation of biological and psychosocial exposures acting across the life course that may influcnce lung
function andfor resniratory discase

Bianca L De Stavola/Viewpoints & counterfactuals

5/33



Causal Questions Counterfactuals Example Further Challenges Conclusions

Complexities

Time

...and involve time-varying exposures and outcomes.

Level below which
symptoms may occur

Level of lung function

Determinants of gain
A

1 J
10 20 30 40 50 60 70 80 90 100
Years of life
modified from Strachan D. (1997)
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Challenges N
» Focus of life course investigations:

- understand variations in disease and health across populations
- devise interventions to prevent disease/ increase resilience.
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Challenges R

» Focus of life course investigations:

- understand variations in disease and health across populations
- devise interventions to prevent disease/ increase resilience.

» However, exposures:

- arise in different periods (in utero, infancy, ...);
- most often vary in time;

- might exert their influence during different phases in life;
are highly interconnected.
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Challenges R

» Focus of life course investigations:

- understand variations in disease and health across populations
- devise interventions to prevent disease/ increase resilience.

» However, exposures:

- arise in different periods (in utero, infancy, ...);

- most often vary in time;

- might exert their influence during different phases in life;
- are highly interconnected.

» Available data are generally sparse, relative to the timings of these
mechanisms.
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Challenges R

» Focus of life course investigations:

- understand variations in disease and health across populations
- devise interventions to prevent disease/ increase resilience.

» However, exposures:

- arise in different periods (in utero, infancy, ...);

- most often vary in time;

- might exert their influence during different phases in life;
- are highly interconnected.

» Available data are generally sparse, relative to the timings of these
mechanisms.

» Thus the analytical challenges are considerable.
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Conceptual Models A
» Consider a simplification of the earlier diagram whereby we ask
whether respiratory illnesses in infancy and childhood influence adult
lung function*:

Infections

Infant Resp ————— Childhood Chest ———— Adult Lung
lliness

Function

* While appropriately accounting for confounding induced by other life course-paths. <
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Conceptual Models A

» Consider a simplification of the earlier diagram whereby we ask
whether respiratory illnesses in infancy and childhood influence adult
lung function*:

T

Infant Resp ———— Childhood Chest ———— Adult Lung
Infections lllness Function

» Several alternative possible generating mechanisms of what might
be observed:

* While appropriately accounting for confounding induced by other life course-paths.
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Conceptual Models A

» Consider a simplification of the earlier diagram whereby we ask
whether respiratory illnesses in infancy and childhood influence adult
lung function*:

T

Infant Resp ———— Childhood Chest ———— Adult Lung
Infections lllness Function

» Several alternative possible generating mechanisms of what might
be observed:

(b) Cumulative exposure model

* While appropriately accounting for confounding induced by other life course-paths.
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Conceptual Models A

» Consider a simplification of the earlier diagram whereby we ask
whether respiratory illnesses in infancy and childhood influence adult
lung function*:

T~

Infant Resp ————— Childhood Chest Adult Lung
Infections lliness Function

» Several alternative possible generating mechanisms of what might
be observed:

(c) Sensitive period model

* While appropriately accounting for confounding induced by other life course-paths.
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Conceptual Models A

» Consider a simplification of the earlier diagram whereby we ask
whether respiratory illnesses in infancy and childhood influence adult
lung function*:

T

Infant Resp —————— Childhood Chest =———> Adult Lung
Infections lliness Function

» Several alternative possible generating mechanisms of what might
be observed:

(c) Sensitive period model

* While appropriately accounting for confounding induced by other life course-paths.
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Conceptual Models A

» Consider a simplification of the earlier diagram whereby we ask
whether respiratory illnesses in infancy and childhood influence adult
lung function*:

Infant Resp ————— Childhood Chest ——— Adult Lung

Infections lliness Function

» Several alternative possible generating mechanisms of what might
be observed:

(d) Pathways model

* While appropriately accounting for confounding induced by other life course-paths.
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Statistical Models 2
» Traditionally, these conceptual models are compared in terms of

statistical support for certain parameters (mishra et al. 2009; Smith et al. 2015; Green &
Popham 2017; Chumbley 2021].
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Statistical Models 2

» Traditionally, these conceptual models are compared in terms of

statistical support for certain parameters (mishra et al. 2009; Smith et al. 2015; Green &
Popham 2017; Chumbley 2021].

» This involves fitting a regression model for the outcome (e.g. adult
lung function) that includes all the relevant exposures, irrespectively
of their time ordering.
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Statistical Models 2

» Traditionally, these conceptual models are compared in terms of
statistical support for certain parameters (mishra et al. 2009; Smith et al. 2015; Green &
Popham 2017; Chumbley 2021].

» This involves fitting a regression model for the outcome (e.g. adult
lung function) that includes all the relevant exposures, irrespectively
of their time ordering.

» Importantly the thorny issue of time-varying confounding is not
generally addressed. However, as the questions posed are causal,
this cannot be ignored.
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Counterfactual Reasoning N
deal with these challenges.

» Recent developments in causal inference offer several tools to
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Counterfactual Reasoning 2
» Recent developments in causal inference offer several tools to
deal with these challenges.

» Useful in this context is counterfactual thinking, which involves
questions such as

“How would the world have been, had something been different?”
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Counterfactual Reasoning 2
» Recent developments in causal inference offer several tools to
deal with these challenges.

» Useful in this context is counterfactual thinking, which involves
questions such as

“How would the world have been, had something been different?”
» We can formalise this question by:

- invoking the notion of potential outcomes.
effects.

- use (functions of) these potential outcomes to define causal
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A short detour

Potential Outcomes .

» Potential Outcomes: Let Y denote the outcome and A; and A
binary exposures of interest.

- Then, we define Y(ay) as the potential outcome when A; is set
to take the value ay (0/1).

- Similarly, we define Y(a.) as the potential outcome when A, is
set to take the value a, (0/1).
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A short detour A

Potential Outcomes

» Potential Outcomes: Let Y denote the outcome and Ay and A
binary exposures of interest.

- Then, we define Y(ay) as the potential outcome when A; is set
to take the value ay (0/1).

- Similarly, we define Y(a.) as the potential outcome when A, is
set to take the value a, (0/1).

» We also define:

- Y(a1, a) as the value that Y would take if we were
hypothetically to intervene on A and set it to take the value ay
and set A; to take the value ap.
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A short detour A
A Selection of Causal Effects

Causal effects (estimands) can then be defined in terms of

expectations (E(-)) of these potential outcomes for the population of
interest :

» Total causal effects (TCE):
TCE; = E{Y(ar=1)}-E{Y(a =0)}
TCE; = E{Y(a=1)}-E{Y(a2=0)}

These are comparisons of alternative hypothetical worlds that allows
us to capture the notion of causal effects.
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A short detour

A Selection of Causal Effects

h

Causal effects (estimands) can then be defined in terms of
expectations (E(-)) of these potential outcomes for the population of
interest :

» Total causal effects (TCE):
TCE; = E{Y(ar=1)}-E{Y(a =0)}
TCE; = E{Y(a=1)}-E{Y(a2=0)}

These are comparisons of alternative hypothetical worlds that allows
us to capture the notion of causal effects.

» Controlled direct effect (CDE) of Ay, when we set the later
exposure A, to take the value ap, as

CDE1 (32) = E{Y(a1 = 1,32)} — E{Y(a1 = 0, 32)} s

In these alternative hypothetical worlds A, does not change,
capturing the sole effect of A; that does not involve A,.

T oai s : ¢ s s
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Reuvisiting the Conceptual Models R
» We can now return to the conceptual models and formalise their
comparison using CDE+(az) and TCE.

CDE1 ag)
Aq

TCE
Ao CE

Y
» By comparing the strength of the two arrows we can reach more
robust conclusions about the support for these models
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Reuvisiting the Conceptual Models R

» We can now return to the conceptual models and formalise their
comparison using CDE+(az) and TCE.

CDE1 ag)

TCE
A A 2 14

» By comparing the strength of the two arrows we can reach more
robust conclusions about the support for these models

» These are comparisons of causal effects defined from first
principles: they do not refer to specific regression (conditional)
parameters.
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Eating Disorders in Adolescence

» Associated with greater body size from birth to childhood (zenr et al
2007; Nicholls and Viner 2009]

Avon Longitudinal Study of Parents And Children (ALSPAC) Study =

L
/ N
Early size ———

Later size —— Eating disorders
c (/
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Eating Disorders in Adolescence

» Associated with greater body size from birth to childhood (zenr et al
2007; Nicholls and Viner 2009]

Avon Longitudinal Study of Parents And Children (ALSPAC) Study =

L
/ N
Early size ———

Later size —— Eating disorders
c (_/

» To devise preventive strategies, useful to identify whether there are
critical or sensitive periods of growth:
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Eating Disorders in Adolescence R

Avon Longitudinal Study of Parents And Children (ALSPAC) Study
» Associated with greater body size from birth to childhood (zetr et al.
2007; Nicholls and Viner 2009]

Early size ———— Later size —— Eating disorders

/

C

» To devise preventive strategies, useful to identify whether there are
critical or sensitive periods of growth:

P> Data: 3500 girls from the ALSPAC Study:

- Outcome: Binge/overeating score measured at 13y (parental reports).

- Exposuresi: Birth weight and BMI from 7 to 12y (all standardized).

T'Assume they are well defined.
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Eating Disorders in Adolescence
Part I: birth weight and BMI at 12y as exposures

BMI at 7y

Birth BMI at i’;ﬁ: Eftl';g
weight 12y y

maternal education, family occupation,
maternal smoking during pregnancy; maternal

pre-pregnancy BMI, maternal pre-pregnancy
history of psychopathology

Red arrows indicate causal paths from A; to Y that involve Ay. Black arrows indicate causal paths from Ay to Y
that do not involve A,. Grey arrows indicate confounding paths for causal relationships.

Because birth weight i continuous we look at shifting its distribution when we set a,.

ﬁl =
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Eating Disorders in Adolescence

Part I: birth weight and BMI at 12y as exposures

v
BMI at 7y

Birth BMI at Binge Eating

a,=+SD: 0.031 (0.017)
CDE,(a,)= a,=+0: 0.023 (0.016)
a,=-SD: 0.017 (0.020)

maternal education, family occupation,
maternal smoking during pregnancy; maternal

pre-pregnancy BMI, maternal pre-pregnancy
history of psychopathology

Red arrows indicate causal paths from A; to Y that involve A,. Black arrows indicate causal paths from Ay to Y
that do not involve Ay. Grey arrows indicate confounding paths for causal relationships.

Because birth weight i continuous we look at shifting its distribution when we set a5.

=] 5
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Eating Disorders in Adolescence

Part I: birth weight and BMI at 12y as exposures
W)

Bl at 7y \

sireh BMI at Binge Eating

score at 13y

weight 12y
a,=+SD: 0.031 (0.017) /
CDE,(a,)= a,=+0: 0.023 (0.016)

—
a,=-SD: 0.017 (0.020)

- Strong causal effect of BMI at 12y: critical period model?

- Some evidence for a pathway model.
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Mechanisms A
| 4

When might an intervention be most effective?
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Mechanisms A
>

When might an intervention be most effective?

» Although BMI at 12y has the strongest effect on the BE score, it is
the most proximal and possibly the less amenable to interventions.
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Mechanisms A
>

When might an intervention be most effective?

» Although BMI at 12y has the strongest effect on the BE score, it is
the most proximal and possibly the less amenable to interventions.
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Mechanisms A

>

When might an intervention be most effective?

» Although BMI at 12y has the strongest effect on the BE score, it is
the most proximal and possibly the less amenable to interventions.

» We might consider interventions that are further upstream and ask:

What would be the consequences of changing the distribution of
BMI at 12 by intervening earlier in the life course?
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Mechanisms A

>

When might an intervention be most effective?

» Although BMI at 12y has the strongest effect on the BE score, it is
the most proximal and possibly the less amenable to interventions.

» We might consider interventions that are further upstream and ask:

What would be the consequences of changing the distribution of
BMI at 12 by intervening earlier in the life course?

» To address this sort of questions we could use direct and indirect
interventional effects (vanderweele et al. 2014.

5
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Another Short Detour

Interventional Direct and Interventional Indirect Effects

* Interventional effects are defined in terms of mean potential
outcomes where again we intervene or not on A; and A, but this time
the focus of our interventions is in terms of distributions for A,.

¢ Formally, we define the mean potential outcome with the formé®:
E { Y (A1 + 81,;\;1+52|C) } ,

where Sq and So take value 0 or o (~ indicates that it is a random draw.).

§Note that now | am allowing A4 and A, to be continuous.
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Another Short Detour

Interventional Direct and Interventional Indirect Effects

¢ |nterventional effects are defined in terms of mean potential
outcomes where again we intervene or not on A; and A, but this time
the focus of our interventions is in terms of distributions for A..

¢ Formally, we define the mean potential outcome with the formé®:
E { Y (A1 + 81,;\;1+52|C> } ,

where Sq and So take value 0 or o (~ indicates that it is a random draw.).

Distributions of A, that would
arise had A; been (or not)
shifted up by o:

(ignoring C for simplicity) 3

§Note that now | am allowing A4 and A, to be continuous.
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Another Short Detour

Formal definitions

» Formally:

Interventional DE = E { Y (A1 to, Z\g“'c) }_E { 1% (A1 A \C)}

Interventional IE = E { 4 <A1 + o, Z\é”f"'c) }—E { y <A1 Yo, ,Z\QNC) }

» Interventional effects are contrasts where it is the distribution of A
that is hypothetically manipulated.
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Another Short Detour

Formal definitions
» Formally:
Interventional DE = E { Y <A1 to, Z\g“'c) }_E { 1% (A1 A \C)}

Interventional |IE E { Y <A1 + 0, Z\é”f‘"c) }—E { y (A1 Yo, ,Z\QNC) }

» Interventional effects are contrasts where it is the distribution of A
that is hypothetically manipulated.

» They call upon less stringent assumptions than the more intuitive
natural direct and indirect effects (in particular: no requirement for
intermediate confounding), with their sum capturing the total
association of Ay with Y.
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Another Short Detour

Formal definitions
» Formally:
Interventional DE = E { Y <A1 to, Ag‘"c) }_E { Y (A1 A \C)}

Interventional |IE E { Y <A1 + 0, Z\Q”f‘"c) }—E { y (A1 Yo, Ag\dc) }

» Interventional effects are contrasts where it is the distribution of A
that is hypothetically manipulated.

» They call upon less stringent assumptions than the more intuitive
natural direct and indirect effects (in particular: no requirement for
intermediate confounding), with their sum capturing the total
association of Ay with Y.

» These definitions do not rely on being able to manipulate A; to be
meaningful.
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Eating Disorders in Adolescence

Part Il: Interventional effects

BMl at 7y

Birth BMI at 5:;%: sﬁgg
weight 12y y

maternal education, family occupation,
maternal smoking during pregnancy; maternal

pre-pregnancy BMI, maternal pre-pregnancy
history of psychopathology

=] 5
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Eating Disorders in Adolescence

Part Il: Interventional effects

BMl at 7y

N\

ot 8 wcore a1 13y
weight ! y

o %

o
suBMIan 12

oW B

maternal education, family occupation,
maternal smoking during pregnancy; maternal
pre-pregnancy BMI, maternal pre-pregnancy
history of psychopathology
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Eating Disorders in Adolescence

Part Il: Interventional effects

Interv DE;  0.023 (0.016)
(2 )} (v (1.6

BMl at 7y
\\ Interv IE, 0.024 (0.007)

& E E{Y(A|ra‘fﬂg“")},g{y(A‘Jru‘;q;.\c)}

Birth e |
weight ' e

PR

0.047 (0.016)

maternal education, family occupation,
maternal smoking during pregnancy; maternal
pre-pregnancy BMI, maternal pre-pregnancy
history of psychopathology
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N
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Eating Disorders in Adolescence

Part Il: Interventional effects

Interv DE;  0.023 (0.016)
d E{Y (Ao AP} E Y (4.257)}

BMl at 7y
\\ Interv IE, 0.024 (0.007)

~

ely (o ) {0 )

Birth i

weight —[TCE, 0.047 (0.016)

Interventional IE

Shifting the distribution of BMI at 12y by the same amount as if birth
weight had shifted by 1SD, while holding birth weight fixed, would lead
to increase binge eating by 0.024.
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Eating Disorders in Adolescence

Part Il: Interventional effects

Interv DE;  0.023 (0.016)
E{Y (A + o ApC) L £ {¥ (4.257)}

BMl at 7y
\\ Interv IE, 0.024 (0.007)

ely (o ) {0 )

PR

Birth i

weight —[TCE, 0.047 (0.016)

Interventional DE

Shifting birth weight by 1SD, while holding the distribution of BMI at
12y, would lead to increase binge eating by 0.023.
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Further Challenges
Multiple Pathways

h
» Most life course investigations are more complex than this:

they involve multiple interlinked and time-varying exposures.
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Further Challenges

Multiple Pathways e

» Most life course investigations are more complex than this:
they involve multiple interlinked and time-varying exposures.

» Understanding the pathways linking these exposures involves
dealing with multiple mediators.
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Further Challenges

Multiple Pathways e

» Most life course investigations are more complex than this:
they involve multiple interlinked and time-varying exposures.

» Understanding the pathways linking these exposures involves
dealing with multiple mediators.

» This is hindered by our limited knowledge of how these variables
are interconnected.
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Further Challenges A
Multiple Pathways

» Most life course investigations are more complex than this:
they involve multiple interlinked and time-varying exposures.

» Understanding the pathways linking these exposures involves
dealing with multiple mediators.

» This is hindered by our limited knowledge of how these variables
are interconnected.

» However, a generalization of the interventional effects for multiple
mediators [vansteelandt and Daniel 2017, Micali et al. 2018] @llows us to study these
pathways without requiring us:

- to specify the causal order among the mediators,
- to control for their common causes.
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Eating Disorders in Adolescence

Part [ll: Multiple pathways

» Consider all repeated BMI measures from age 7 to age 12 jointly,

Binge Eating
score at 13y
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Eating Disorders in Adolescence R
Part Ill: Multiple pathways
ple p. y

» Consider all repeated BMI measures from age 7 to age 12 jointly,

Interv DE, 0.017 (0.011)
Interv IE, 0.028 (0.005)
7%< TCE, 0.045 (0.012)
e N
BirtH — \ : .
Binge Eating

score at 13y
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Eating Disorders in Adolescence

Part [ll: Multiple pathways

» Consider all repeated BMI measures from age 7 to age 12 jointly,
» and then separate early from late growth mediators:

Interv DE, 0.018 (0.011)

Interv IE; 0.027 (0.005)

via early growth -0.001 (0.001

. — . = BMl BMI;; Ve o

%% TCE, 0.045 (0.012)

Ir A Binge Eating

weight score at 13y
C
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Eating Disorders in Adolescence

Part [ll: Multiple pathways

» Consider all repeated BMI measures from age 7 to age 12 jointly,
» and then separate early from late growth mediators:

Interv DE, 0.018 (0.011)
Interv IE; 0.027 (0.005)
via early growth -0.001 (0.001)

_ — = BMiy— BMI,
% TCE, 0.045 (0.012)
Birth Binge Eating

weight score at 13y

Early growth on its own does not contribute to the effect of
shifting the joint distribution of BMI.
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CIEIEIERER A
» These results could be affected by bias, in particular:

- Confounding bias
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Potential Biases A

» These results could be affected by bias, in particular:

- Measurement error bias

We can extend the model exploiting the repeated nature of the
BMI observations.

- Confounding bias

Could do sensitivity analyses and/or adopt alternative study
designs.
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Measurement Error Bias
Revising the Example (once more)

B

» View the BMI observations as manifestation of latent growth
(2021)]

features¥ and derive their interventional effects jextending work by Suliivan et al.

BMI, BMI;  BMly

BMI,,  BMI,,
Wil

(5 ) @
o T~

Binge Eating
score at 13y
C

qTF{andom intercepts and slopes.
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Measurement Error Bias

Revising the Example (once more)

B

» View the BMI observations as manifestation of latent growth
featuresY and derive their interventional effects fextending work by sulivan et al.
(2021)].

Interv DE, 0.017 (0.011)
Interv IE; 0.028 (0.005)

BMI, BMlq BM!;4 BMI,,
via size 0.029 (0.004)

via velocity -0.001 (0.001)

S
Binh%

0.045 (0.011)

Binge Eating
score at 13y

qTF{andom intercepts and slopes.
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Measurement Error Bias A

Revising the Example (once more)

» View the BMI observations as manifestation of latent growth
featuresY and derive their interventional effects fextending work by sulivan et al.
(2021)].

Interv DE, 0.017 (0.011)
Interv IE; 0.028 (0.005)

via size 0.029 (0.004)

via velocity -0.001 (0.001)

TCE, 0.045 (0.011)

Birth% Binge Eating

weight ada

Latent size seems to be the most important feature leading to
higher binge eating scores.

qTF{andom intercepts and slopes.
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Measurement Error Bias A

Revising the Example (once more)

» View the BMI observations as manifestation of latent growth
features“ and derive their interventional effects (extending work by Sullivan et ai.
(2021)1.

Interv DE; 0.017 (0.011)

Interv IE; 0.028 (0.005)
BMI, BMlq BMl;, BMI,,

. via size 0.029 (0.004)
\ <N via velocity -0.001 (0.001)

TCE,
Birth% Binge Eating

weight 142

0.045 (0.011)

This clarifies earlier results on the (apparent) importance of
BMI at 12y, and of the lack of influence of early size when it
does not track.

qTF{andom intercepts and slopes.
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Confounding bias
Quasi-experimental designs

d
» To avoid the biases that would arise from incomplete controlling of
confounding, researchers have found imaginative ways to proxy
experimental conditions:

- Sibling comparison studies

- Mendelian randomisation (MR) studies.
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Confounding bias
Quasi-experimental designs

d
» To avoid the biases that would arise from incomplete controlling of
confounding, researchers have found imaginative ways to proxy
experimental conditions:

- Sibling comparison studies

- Mendelian randomisation (MR) studies.
» We ought to be caution with both when using them in life course
investigations.
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Sibling Comparison Studies

Maternal smoking during pregnancy and offspring
antisocial behaviour: findings from a longitudinal
investigation of discordant siblings

Angela D Paradis,' Edmond D Shenassa, > George D Papandonatos,”

Michelle L Rogers, Stephen L Buka' MA
Mertal Heatt

fors Peter J. Davis/Gregory J. Crosby

Re-examining the link between prenatal
Early Childhood E; to A and Risk of ?:;‘"lm-l anxi.uty nnc‘li:lrild:m?tionnl
and N D in a Sibling ifficulties, using a sibling design

Birth Cohort

Charles DiMaggio, PhD,* Lena S. Sun, MD, and Guohua Li, MD, DIPH*t

' Yuns: Per Magnus,*
Sven O Samuelsen®” and Anne IH Borge'

‘Child Developmen, March,/ Apsil 2020, Volume 91, Numbxr 2, Pages 456470
Maternal Perinatal and Concurrent Anxiety and Mental Health Problems in
Early Childhood: A Sibling-Comparison Study

Espen M. Ei

lertsen
Norusgian Institute of Publc Hoalth and Universiy of Ost Norwegian Insitute of Publc Heaith

Thalia C Flou and Tam A MeAdame

» They can be viewed as matched cohort studies where the

matching removes shared genetic and shared (early) environmental
factors.

Tod Reichhorn Kionnornd Fenon Raveamh an
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Sibling Comparison Studies A
» Sibling comparison should be free from confounding by factors
that are constant within the pair.

Estimation proceeds as for standard matched designs where only
discordant pairs contribute to the estimation.
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Sibling Comparison Studies A

» Sibling comparison should be free from confounding by factors
that are constant within the pair.

Estimation proceeds as for standard matched designs where only
discordant pairs contribute to the estimation.

» Itis not generally hlghllghted however that (sjolader et al. 2016:Petersen & Lange
2019; Frissel 2021]

(a) There can still be residual confounding from non-shared
environmental factors as well as time-varying confounders.

Bianca L De Stavola/Viewpoints & counterfactuals 27/33



Causal Questions Counterfactuals Example Further Challenges Conclusions

Sibling Comparison Studies A

» Sibling comparison should be free from confounding by factors
that are constant within the pair.

Estimation proceeds as for standard matched designs where only
discordant pairs contribute to the estimation.

» Itis not generally hlghllghted however that (sjolader et al. 2016:Petersen & Lange
2019; Frissel 2021]

(a) There can still be residual confounding from non-shared
environmental factors as well as time-varying confounders.
(b) Different estimation methods target different estimands and
populations:
- this is because the observational unit is the set and hence the
exposure is two-dimensional.
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Sibling Comparison Studies A

» Sibling comparison should be free from confounding by factors
that are constant within the pair.

Estimation proceeds as for standard matched designs where only
discordant pairs contribute to the estimation.

» Itis not generally hlghllghted however that (sjolader et al. 2016:Petersen & Lange
2019; Frissel 2021]

(a) There can still be residual confounding from non-shared
environmental factors as well as time-varying confounders.

(b) Different estimation methods target different estimands and
populations:

- this is because the observational unit is the set and hence the
exposure is two-dimensional.

(c) Selection of discordant pairs has implication for

representativeness.
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MR Studies R

» MR studies exploit genetic variation as instrumental variable (1V)
to test whether an exposure has a causal effect on an outcome and,
with additional assumptions, to estimate a causal effect.

» The three core assumptions for a variable R to be an IV:
u

V1
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MR Studies A

» MR studies exploit genetic variation as instrumental variable (1V)
to test whether an exposure has a causal effect on an outcome and,
with additional assumptions, to estimate a causal effect.

» The three core assumptions for a variable R to be an IV:
u

V1
Y

V3

» V3 is known as the exclusion restriction (ER) assumption and this
is one that is most at risk of not being met in life course investigations.
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MR Studies and time-varying exposures

» When an exposure is time-varying, ER is most likely not met, even
if we focussed on a particular time point [Lebreque et al., 2019; Burgess et al. 2021]:

» If we wished to study the causal effect of Aq, for Z to be an IV the
red arrow should be absent;

» If we wished to study the causal effect of A, for Z to be an IV the
blue arrow should be absent.
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MR Studies and time-varying exposures

» When an exposure is time-varying, ER is most likely not met, even
if we focussed on a particular time point [Lebreque et al., 2019; Burgess et al. 2021]:

» If we wished to study the causal effect of Aq, for Z to be an IV the

Quasi-experimental study designs are to be judged as
carefully as other types of observational studies!
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How far are we from the viewpoints? R

Then

@ strength

@ consistency

© specificity

O temporality

© biological gradient
@ plausibility

@ coherence

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency

© specificity

O temporality

© biological gradient

@ plausibility

@ coherence

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity

O temporality

© biological gradient

@ plausibility

@ coherence

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality

© biological gradient

@ plausibility

@ coherence

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality: life course view-point

© biological gradient

@ plausibility

@ coherence

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality: life course view-point

© biological gradient: flexible modelling

@ plausibility

@ coherence

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality: life course view-point

© biological gradient: flexible modelling

@ plausibility: substantive knowledge ...

@ coherence: ...stated in DAGs

@ experiment

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality: life course view-point

© biological gradient: flexible modelling

@ plausibility: substantive knowledge ...

@ coherence: ...stated in DAGs

@ experiment: quasi-experimental designs

© analogy
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality: life course view-point

© biological gradient: flexible modelling

@ plausibility: substantive knowledge ...

@ coherence: ...stated in DAGs

@ experiment: quasi-experimental designs

© analogy: (?)
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How far are we from the viewpoints?

Then and now:

© strength: confounding and sensitivity analysis
@ consistency: triangulation of evidence

© specificity: use of negative controls

O temporality: life course view-point

© biological gradient: flexible modelling

@ plausibility: substantive knowledge ...

@ coherence: ...stated in DAGs

A logical continuum but currently with greater focus on a more
precise definition of what effect is being targeted.
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Final thought
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Thank
» This is joint work with Andrew Pickles and Moritz Herle.
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» This is joint work with Andrew Pickles and Moritz Herle.

» Thinking on these topics comes from long-term collaborations with
Rhian Daniel and the STRATOS Causal Inference Topic Group (Els
Goetghebeur, Saskia le Cessie, Ingeborg Waernbaum, Vanessa

Didelez, and Erica Moodie), and many conversations with Stijn
Vansteelandt.
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» This is joint work with Andrew Pickles and Moritz Herle.

» Thinking on these topics comes from long-term collaborations with
Rhian Daniel and the STRATOS Causal Inference Topic Group (Els
Goetghebeur, Saskia le Cessie, Ingeborg Waernbaum, Vanessa
Didelez, and Erica Moodie), and many conversations with Stijn
Vansteelandt.

» Finally, | have had the most nurturing experience under my
academic mentors, David Cox and Michael Hills.

Bianca L De Stavola/Viewpoints & counterfactuals 32/33



Causal Questions Counterfactuals Example Further Challenges Conclusions

» This is joint work with Andrew Pickles and Moritz Herle.

» Thinking on these topics comes from long-term collaborations with
Rhian Daniel and the STRATOS Causal Inference Topic Group (Els
Goetghebeur, Saskia le Cessie, Ingeborg Waernbaum, Vanessa
Didelez, and Erica Moodie), and many conversations with Stijn
Vansteelandt.

» Finally, | have had the most nurturing experience under my
academic mentors, David Cox and Michael Hills.

Thank you all!
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