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Introduction

• Many - if not most - scientific questions concern causality.
• E.g.

• what are the effects of smoking on health?
• what are the effects of schooling on knowledge?
• which genes are related to a plant’s yield?
• what is the best treatment to give to a given patient?
• what explains differences in cancer stage at diagnosis by SES?

• Causal questions have been posed for centuries,
yet statistical developments in this field are relatively recent.

• There are several reasons for that.

• For decades, the feeling was that in most empirical studies,
except for randomised experiments,
it is too ambitious to infer cause-effect relationships.
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Inferring causality from data is indeed ambitious

‘it would take about 0.4 kg of chocolate per capita per year to increase
the number of Nobel laureates in a given country by 1.’
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Confounding: Are these countries comparable?
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Confounding bias...

... typically arises as a result of ignoring (hidden) common causes.

Chocolate

Financial prosperity

Nobel prizes
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Selection: How did the author select these countries?

Selection bias typically arises as a result of selecting measurements
in function of exposure and outcome.
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Selection bias is a source of much error

Black: Assistant and Associate Professors; Red: Full Professors
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Selection bias and the obesity paradox

Mortality rates are lower in obese than non-obese
cardiovascular patients.

Obesity

CVD

Mortality

Lifestyle
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Sidestepping the causal question...

• Drawing causal conclusions from data is indeed ambitious.
• But when the scientific question concerns causality,
then sidestepping it, can make things worse.
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When the scientific question is causal, face it!

Use statistical methods designed to answer that question,
e.g.

• adopt variable selection strategies to detect ‘confounders’;
• be clear about the effect of interest
and target the fitting of prediction models
towards estimation of the considered effect;

• distinguish cause from effect in the analysis.
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The plan for today...

Today, I will touch upon 2 case studies in causal inference:
• Should we adjust for covariates or not in RCTs?

Vermeulen, K., Thas, O. and Vansteelandt, S. (2015). Increasing the power of the Mann-Whitney test in

randomized experiments through flexible covariate adjustment. Statistics in Medicine, 34, 1012-1030.

• What is the effect of hospital-acquired infection on mortality?

Bekaert, M., Timsit, J.-F., Vansteelandt, S., Depuydt, P., Vésin, A., Garrouste-Orgeas, M., Decruyenaere,

J., Clec’h, C., Azoulay, E., Benoit, D. (2011). Attributable Mortality of Ventilator Associated Pneumonia:

A Reappraisal Using Causal Analysis. American Journal of Respiratory and Critical Care Medicine, 184,

1133-1139.
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Part I. To adjust or not to adjust...?

13 50



Covariate adjustment in RCTs

Pocock et al. (2002) surveyed 50 randomized clinical trial reports:
• 36 used covariate adjustment.
• 12 emphasised adjusted over unadjusted analysis.

‘The statistical emphasis on covariate adjustment is quite complex
and often poorly understood,
and there remains confusion
as to what is an appropriate statistical strategy.’
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Adjusted versus unadjusted analyses
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Issues

• Adjusted analysis filters noise from the data,
and may be more powerful.

• Adjusted analysis relies on models;
misspecification may sometimes induce bias.

• Adjusted analysis makes fishing expeditions possible.
• Adjusted analysis may ignore uncertainty
due to covariate selection,
possibly causing inflated Type I errors.
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Non-collapsibility

(Greenland, Robins and Pearl, 1998)

• Adjustment may change the meaning
and magnitude of the treatment effect,
due to non-collapsibility of effect measures.

• In particular, the meaning of β1 in model

E (Y |A, L) = expit(β0 + β1A + β2L).

differs from β∗1 in model

E (Y |A) = expit(β∗0 + β∗1A).

• Typical of the causal inference literature is to
first be clear about the effect measure of interest,
and then conceptualise an analysis strategy.
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Continuous outcomes

(Yang and Tsiatis, 2001)

• Focus on the population-averaged effect of treatment A on Y :

E (Y |A = 1)− E (Y |A = 0)

• Fit linear regression model

E (Y |A, L) = β0 + β1A + β2L.

and report the ANCOVA estimator β̂1.

• Some remarkable properties:
• Consistent (converges to average treatment effect)

under arbitrary model misspecification.
• Equal or better precision (asymptotically)

than unadjusted estimator
even under model misspecification.

• What about other types of outcome?
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Dichotomous outcomes

(Tsiatis et al., 2009; Moore and van der Laan, 2009)

• Logistic regression is common,
but has all the aforementioned issues.

• Continue to focus on the population-averaged treatment effect

E (Y |A = 1)− E (Y |A = 0)

• How to estimate it using covariates,
such that model misspecification does not hurt?

• We know that P(A = 1|L) = 0.5 in a typical RCT,
so let’s use that knowledge.

• Infer all consistent estimators
of along with the most precise estimator in the class.

• This leads to the following simple strategy.

19 50



Dichotomous outcomes

(Tsiatis et al., 2009; Moore and van der Laan, 2009)

• Logistic regression is common,
but has all the aforementioned issues.

• Continue to focus on the population-averaged treatment effect

E (Y |A = 1)− E (Y |A = 0)

• How to estimate it using covariates,
such that model misspecification does not hurt?

• We know that P(A = 1|L) = 0.5 in a typical RCT,
so let’s use that knowledge.

• Infer all consistent estimators
of along with the most precise estimator in the class.

• This leads to the following simple strategy.

19 50



Dichotomous outcomes

(Tsiatis et al., 2009; Moore and van der Laan, 2009)

• Logistic regression is common,
but has all the aforementioned issues.

• Continue to focus on the population-averaged treatment effect

E (Y |A = 1)− E (Y |A = 0)

• How to estimate it using covariates,
such that model misspecification does not hurt?

• We know that P(A = 1|L) = 0.5 in a typical RCT,
so let’s use that knowledge.

• Infer all consistent estimators
of along with the most precise estimator in the class.

• This leads to the following simple strategy.

19 50



Dichotomous outcomes

(Tsiatis et al., 2009; Moore and van der Laan, 2009)

• Logistic regression is common,
but has all the aforementioned issues.

• Continue to focus on the population-averaged treatment effect

E (Y |A = 1)− E (Y |A = 0)

• How to estimate it using covariates,
such that model misspecification does not hurt?

• We know that P(A = 1|L) = 0.5 in a typical RCT,
so let’s use that knowledge.

• Infer all consistent estimators
of along with the most precise estimator in the class.

• This leads to the following simple strategy.

19 50



Dichotomous outcomes

(Tsiatis et al., 2009; Moore and van der Laan, 2009)

• Fit logistic regression model

E (Y |A, L) = expit(β0 + β1A + β2L).

• Estimator of population-averaged effect of treatment is

1
n

n∑
i=1

expit(β̂0 + β̂1 + β̂2Li)− expit(β̂0 + β̂2Li).

• Some remarkable properties:
• Simple interpretation!
• Consistent (converges to average treatment effect)

under arbitrary model misspecification.
• Equal or better precision (asymptotically)

than unadjusted estimator
when the logistic regression model is correct.
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Covariate-adjusted Mann-Whitney test

• Focus on the probabilistic index

P(Y ≤ Y ∗|A = 1,A∗ = 0)

• Fit probabilistic index model (Thas et al., 2012)

P(Y ≤ Y ∗|A,A∗, L, L∗) = expit {β1(A− A∗) + β2(L− L∗)} .

and estimate treatment effect as
1

n(n − 1)

n∑
i=1

∑
j 6=i

expit
{
β̂1 + β̂2(Li − Lj)

}
.

(Vermeulen, Thas and Vansteelandt, 2015)

• Some remarkable properties:
• Forms the basis of an adjusted Mann-Whitney test,

whose exact distribution can be assessed via permutation.
• Valid under arbitrary model misspecification.
• Equal or better power (asymptotically)

than unadjusted Mann-Whitney test.
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Power in Planning Aids CT group protocol 175

(Vermeulen, Thas and Vansteelandt, 2015)

The SIG procedure is designed to prevent Type I error inflation
under covariate selection.
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Summary on covariate adjustment in RCTs

• There remains confusion as to whether covariate adjustment
is appropriate in the analysis of RCTs.

• Adjustment allows to gain power,
but comes with a number of drawbacks.

• The causal inference literature has offered
simple proposals to gain power through covariate adjustment,
which do not have these disadvantages.

• Power gain - but not Type I error rate -
are dependent on correct specification of an outcome model.

• Recent extensions guarantee power gains
regardless of correct specification.

• R packages: speff2trial, iWeigReg, tmle.

23 50



Summary on covariate adjustment in RCTs

• There remains confusion as to whether covariate adjustment
is appropriate in the analysis of RCTs.

• Adjustment allows to gain power,
but comes with a number of drawbacks.

• The causal inference literature has offered
simple proposals to gain power through covariate adjustment,
which do not have these disadvantages.

• Power gain - but not Type I error rate -
are dependent on correct specification of an outcome model.

• Recent extensions guarantee power gains
regardless of correct specification.

• R packages: speff2trial, iWeigReg, tmle.

23 50



Part II. Time-varying exposures

What is the effect of hospital-acquired infection on mortality?
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Nosocomial (= hospital-acquired) infections

• Nosocomial (= hospital-acquired) infections
form a major public health problem in the Western world.

• They are believed to account for 50% of all major
complications of hospitalization
and to have a substantial impact
on morbidity, mortality and medical costs.

• In Belgium, the estimated number of patients acquiring
nosocomial infection is 103 000 to 116 000 per year.

• It is estimated that nosocomial infections contribute to the
mortality of 2600 patients per year, to 700 000 extra hospital
days and to a total annual cost of 400 million EUR.
(Vrijens et al., 2009)
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Scientific results do not match bedside experience
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Time-varying exposures and confounders

• The exposure and confounders are time-varying:
• Patients acquire infections at different times.
• Disease severity influences susceptibility to infection,

and is itself time-varying and influenced by infection.

• This creates difficulties for analysis.
• Similar problems:

• EPO dose for the treatment of anemia in hemodialysis patients
is determined based on Hematocrit levels.

• Retention in primary school is influenced by math scores
and influences math scores.
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Conventional adjustment for confounding

L1: disease severity at start of day 1
A1: infection status at end of day 1
Y : 30-day mortality

A1

L1

Y

• To learn about the effect of infection on day 1,
we would compare infected and uninfected on day 1
with the same disease severity at the start of day 1.

• This can be done through matching or regression.
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Conventional adjustment for confounding

A2: infection status at end of day 2

A1

L1

YA2

Adjusting for disease severity on day 1 will usually not suffice...
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Conventional adjustment for confounding

L2: disease severity at start of day 2

A1

L1

YA2

L2

• Conventional approaches are based on matching or regressing
on the history of disease severity on days 1 and 2.
(e.g. regression models with time-varying covariates)

• This is problematic.
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Problem 1: Bias due to eliminating intermediate effects

Suppose that we compare patients who acquire infection
on day 1 versus day 2.

A1

L1

YA2

L2

By insisting that they have the same disease severity on day 2,
we eliminate indirect effects
of early infection on later infection through disease severity.
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Problem 2: selection bias

Suppose that we compare patients who acquire infection
on day 1 versus day 2.

A1

L1 U

YA2

L2

• By insisting that they have the same disease severity on day 2,
we introduce selection bias.

• E.g., uninfected patients who are as ill as infected patients at
the start of day 2, are likely ‘not comparable’.
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How to adjust for time-varying confounding?

• James Robins diagnosed these problems in the ‘80’s
and developed a formal framework for overcoming them.

• The starting point in his theory of causal inference
is a clear description of the causal question.

• E.g., what would be the mortality risk
• if all nosocomial infections could be avoided?

(static regime)
• if the EPO dose were 0 at Hct above 30%, were d1 at Hct

between 25% and 30%, and d2 at Hct below 25%?
(dynamic regime)
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How to adjust for time-varying confounding?

He then devised 3 strategies to answer such questions:
• G-computation

(Robins, 1986; Taubman et al., 2009)

• G-estimation for Structural Nested Models
(Robins and Tsiatis, 1991; Robins, 1994; Vansteelandt and Joffe, 2014)

• Inverse probability weighting for Marginal Structural Models
(Robins, Hernan and Brumback, 2000; Hernan, Robins and Brumback, 2001)

• The key idea is to avoid the need for regression adjustment.
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Inverse probability weighting in a nutshell

35 50



Inverse probability weighting in a nutshell

36 50



Inverse probability weighting in a nutshell

37 50



Inverse probability weighting in a nutshell

38 50



Inverse probability weighting in a nutshell

39 50



Inverse probability weighting in a nutshell

40 50



Inverse probability weighting in a nutshell

41 50



Inverse probability weighting in a nutshell

42 50



Inverse probability weighting in a nutshell

43 50



Inverse probability weighting in a nutshell

44 50



Inverse probability weighting in a nutshell

45 50



The Belgian National Surveillance Study in ICU’s
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Replication in the French Outcomerea study

(Bekaert et al., 2011)
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What if all acquire infection on day 5?
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Marginal structural models

• Inverse probability weighting is typically used
in connection with marginal structural models.
(Robins, Hernan and Brumback, 2000; Hernan, Robins and Brumback, 2001)

• These enable one to analyse many exposure regimes in one go,
which allows for borrowing of information between regimes.

• These models can be viewed as
standard regression models for outcome given exposure,
as if exposure was randomly assigned at each time.

• They allow to contrast how the entire population would fare
if all individuals followed one versus another exposure regime.
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Summary

• Conventional statistical methods
are not designed to answer causal questions.

• By statistical analyses that target causality, we can
• better exploit a priori knowledge

(e.g. randomisation, direction of causal effects)
• prevent confounding and selection bias

(e.g. standard analyses of time-varying exposures are fallible)

• The causal inference literature reconsiders standard statistical
analyses that aim to answer causal questions
and addresses new types of questions.

• There is lot’s of exciting work
for a wide variety of expertises...!
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