
COMH7266: Longitudinal Analysis and Causal Inference

Final Assignment: Due 11 Aug 2017

1. Conduct an analysis assessing the effect of smoking cessation (qsmk) A
on death Y in the NHEFS study by fitting a marginal structural model
(MSM) via inverse probability weighting. Formally (mathematically) define
the MSM, describe how the model was fit, and justify any analytical choices
or decisions you made. Interpret the results.

2. Consider the DAG
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Figure 1: See Question 2 and 3.

2. In the DAG in Figure 1.

(a) Consider the path:

X →W1 → Z1 ← U1 →W2 ← L2 → Y

which vertices are colliders and which are non-colliders on this
path?

(b) Find a path between X and Y on which W2 is a collider.

(c) Find a path between X and Y on which W2 is a non-collider.

3. Again, for the DAG in Figure 1.

(a) Is X d-separated from Y given {Z1, Z2, Z3}?
(b) Is X d-separated from Y given {W1,W2,W3}?
(c) Is X d-separated from Y given {L1, Z1, L2, Z2, L3, Z3}?

In each case explain why or why not.

(d) Identify all of the vertices which are d-connected to Y given ∅
(e) Is there a subset of {W1,W2,W3, Z1, Z2, Z3} which d-separates X

and Y . Explain why or why not.
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Is X d-separated from Y given {L1, Z1, L2, Z2, Z3}? Provide a justification
for your answer.

1



3. Assuming conditional exchangeability and ignoring sampling variability, com-
pute the causal risk ratio using standardization for the data given in the
table below.

Effect modification 43

4.2 Stratification to identify effect modification

A stratified analysis is the natural way to identify effect modification. To

determine whether  modifies the causal effect of  on  , one computes the

causal effect of  on  in each level (stratum) of the variable  . In theStratification: the causal effect of

 on  is computed in each stra-

tum of  . For dichotomous  ,

the stratified causal risk differences

are:

Pr[ =1 = 1| = 1]−
Pr[ =0 = 1| = 1]

and

Pr[ =1 = 1| = 0]−
Pr[ =0 = 1| = 0]

previous section, we used the data in Table 4.1 to compute the causal effect

of transplant  on death  in each of the two strata of sex  . Because

the causal effect differed between the two strata (on both the additive and the

multiplicative scale), we concluded that there was (additive and multiplicative)

effect modification by  of the causal effect of  on  .

But the data in Table 4.1 are not the typical data one encounters in real

life. Instead of the two columns with each individual’s counterfactual outcomes

 =1 and  =0, one will find two columns with each individual’s treatment

level  and observed outcome  . How does the unavailability of the counter-

factual outcomes affect the use of stratification to detect effect modification?

The answer depends on the study design.

Consider first an ideal marginally randomized experiment. In Chapter 2

we demonstrated that, leaving aside random variability, the average causal ef-

fect of treatment can be computed using the observed data. For example, the

causal risk difference Pr[ =1 = 1] − Pr[ =0 = 1] is equal to the observed

associational risk difference Pr[ = 1| = 1] − Pr[ = 1| = 0]. The sameTable 4.2

Stratum  = 0
  

Cybele 0 0 0

Saturn 0 0 1

Ceres 0 0 0

Pluto 0 0 0

Vesta 0 1 0

Neptune 0 1 0

Juno 0 1 1

Jupiter 0 1 1

Diana 1 0 0

Phoebus 1 0 1

Latona 1 0 0

Mars 1 1 1

Minerva 1 1 1

Vulcan 1 1 1

Venus 1 1 1

Seneca 1 1 1

Proserpina 1 1 1

Mercury 1 1 0

Juventas 1 1 0

Bacchus 1 1 0

reasoning can be extended to each stratum of the variable because, if treat-

ment assignment was random and unconditional, exchangeability is expected

in every subset of the population. Thus the causal risk difference in women,

Pr[ =1 = 1| = 1]− Pr[ =0 = 1| = 1], is equal to the associational risk

difference in women, Pr[ = 1| = 1 = 1]−Pr[ = 1| = 0 = 1]. And

similarly for men. Thus, to identify effect modification by in an ideal exper-

iment with unconditional randomization, one just needs to conduct a stratified

analysis by computing the association measure in each level of the variable  .

Consider now an ideal randomized experiment with conditional randomiza-

tion. In a population of 40 people, transplant  has been randomly assigned

with probability 075 to those in severe condition ( = 1), and with probabil-

ity 050 to the others ( = 0). The 40 individuals can be classified into two

nationalities: 20 are Greek ( = 1) and 20 are Roman ( = 0). The data on

, , and death  for the 20 Greeks are shown in Table 2.2 (same as Table

3.1). The data for the 20 Romans are shown in Table 4.2. The population

risk under treatment, Pr[ =1 = 1], is 055, and the population risk under no

treatment, Pr[ =0 = 1], is 040. (Both risks are readily calculated by using ei-

ther standardization or IP weighting. We leave the details to the reader.) The

average causal effect of transplant  on death  is therefore 055−040 = 015
on the risk difference scale, and 055040 = 1375 on the risk ratio scale. In

this population, heart transplant increases the mortality risk. As discussed in

the previous chapter, the calculation of the causal effect would have been the

same if the data had arisen from an observational study in which we believe

that conditional exchangeability  
`

| holds.
We now discuss how to conduct a stratified analysis to investigate whether

nationality modifies the effect of  on  . The goal is to compute the causal

effect of  on  in the Greeks, Pr[ =1 = 1| = 1]−Pr[ =0 = 1| = 1], and

in the Romans, Pr[ =1 = 1| = 0]−Pr[ =0 = 1| = 0]. If these two causal

risk differences differ, we will say that there is additive effect modification by

 . And similarly for the causal risk ratios if interested in multiplicative effect

modification.

The procedure to compute the conditional risks Pr[ =1 = 1| = ] and
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