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Quiz Answer Key
· Consider a hypothetical trial of a new drug treatment (A) to reduce the probability of memory impairment (Y) assessed 1 year after randomization to the drug. Write the ITT estimate for the risk difference, assuming perfect adherence, everyone survives and continues to participate through the 1 year outcome assessment:
· Write the counterfactual contrast estimated by the above ITT.
· Pr[Y=1|Z=1] - Pr[Y=1|Z=0]
Which because adherence is perfect is also:
· Pr[Y=1|A=1] - Pr[Y=1|A=0]
· Can you infer that the ITT estimates the Population Average Treatment Effect and do you need the assumptions of exchangeability, consistency, or positivity to draw this inference?
· You do need exchangeability, consistency, and positivity to infer the ITT=the PATE, but in this case they are all plausible.  
· Specifically, under consistency, the above counterfactual contrast estimates ITT=Pr[Y=1|A=1] - Pr[Y=1|A=0]= Pr[Ya=1=1|A=1] - Pr[Ya=0=1|A=0], which under exchangeability estimates Pr[Ya=1=1] - Pr[Ya=0=1]= PATE.
·  Treatment A was randomized in this study, so exchangeability holds; it’s safe to assume that each individual had a positive probability of being randomized to treatment or control, so positivity assumption holds. In a trial, you have a clear operational definition of the intervention, so consistency is generally fulfilled.
· Now imagine that drug A reduces survival to 1 year follow-up: Pr[Sa=1=1]<Pr[Sa=0=1]. Write out the best ITT estimate of the risk difference, assuming you can only evaluate cognitive impairment on people who remain alive.
· Write the counterfactual contrast estimated by the above.
· Only the risk among the uncensored, ie those who survive (S=1) can be computed: Pr[Y=1|A=1,S=1] - Pr[Y=1|A=0,S=1].
· Can you infer that the ITT estimates the Population Average Treatment Effect and do you need the assumptions of exchangeability, consistency, or positivity to draw this inference?
· We know that A influences survival to 1 year follow up. If the outcome (or a cause of the outcome) also influences survival, selection bias will arise. There is substantial evidence from the literature that memory impairment/memory change predicts survival Pr[Sy=1=1] ≠ Pr[Sy=0=1]. 
· This is really tricky because to estimate the PATE (Pr[Ya=1=1] - Pr[Ya=0=1]) we have to decide how to place a value on Y for dead people.  One possibility is to say that if you’re dead, Y=0 and if you’re alive Y=y.  This has the weird consequence that exposures that increase mortality via any mechanism can look protective for all other mechanisms; for example, if smoking causes mortality due to CVD or cancer, it can appear protective against dementia, because so many smokers are dead and therefore have Y=0 under this framework. 
· Most people don’t think this is a great solution but some approaches to handling competing risks (eg Fine and Gray) effectively do this.  
· An alternative estimand of interest among the uncensored is the Survivor Average Causal Effect, which rests on saying “we don’t care about the effect of smoking on dementia if smoking is going to kill you from CVD; we only care about the effect of smoking on dementia for people who would survive to be at risk of dementia regardless of whether they smoked or not: [Pr[Y=1|A=1] - Pr[Y=1|A=0]] | Sa=1 = a=0 = 1], which can be estimated using IPW under certain assumptions (Tchetgen Tchetgen EJ, Phiri K, Shapiro R. A Simple Regression-based Approach to Account for Survival Bias in Birth Outcomes Research. Epidemiology. 2015;26(4):473-80). 
· Note this is an area of ongoing controversy an there’s not yet consensus.  You need to worry about it if:
· The exposure you are studying kills people (or helps them survive) or in some other way renders them ineligible to have the outcome. 
· There are other factors which you have not measured which may also influence mortality and the outcome you are studying. 
· Examples of research questions where this is a potential problem:
· The effect of race on any disease common in old age
· The effect of obesity on functional outcomes among arthritis patients, stroke patients, heart failure patients, or cancer patients.
· The effect of smoking on any other outcomes in old age
· The effect of smoking on the prognosis of low birth weight babies
· Note that if you have selection bias due to dropout from the study, such that although you have not measured the outcome on everyone, it still exists, this is less problematic.  You can use inverse probability weights to estimate the probability each person is included in the study as a function of his or her background characteristics (use a logistic regression to predict a binary indicator for whether the person remained in the study, using treatment and background variables as predictors, get the predicted probability of remaining in the study, e.g., with the predict statement, and take the inverse of that predicted probability as a weight for your main analysis). This is pretty standard for handling attrition. 
· 

In response to Stephen’s question about exchangeability and survival bias:
The standard exchangeability assumption is that Ya is independent of A for all a: Pr[Ya=1|A=1]= Pr[Ya=1|A=0]=Pr[Ya=1]. 
Let’s use the study described in the quiz to think about exchangeability and survival bias. We know that drug A reduces survival to 1 year follow-up: Pr[Sa=1=1]<Pr[Sa=0=1]. Thus, we have a problem with estimating the Population Average Treatment Effect because we can only observe the outcome among noncensored participants (S=1), who includes both 1) people who survive to follow up under either exposure status and 2) people who were randomized to A=0 and survived, but would have died if they were randomized to A=1. 
If there are no other causes of survival and Y (besides A), then the survival should not affect exchangeability and the comparison is still valid: Pr[Ya=1|A=1,S=1]= Pr[Ya=1|A=0,S=1]= Pr[Ya=1|A=1,S=0]= Pr[Ya=1|A=0,S=0]=Pr[Ya=1].

Note that it is not enough just to say the effect of A on Y would be the same for people who survived and people who didn’t survive (and it’s unclear what the effect of A on Y means in the dead, but assuming you find a meaning in that), because among people who survived, the A=1 and A=0 people will have a different distribution of the other factors that influence survival.  If any of those factors also influence Y, it is a confounder of the A-Y association in survivors (even if it wasn’t in the full population) and eliminates exchangeability.
