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The placebo serves as an indispensable 
control in randomized trials, but in some 
settings estimation of the treatment effect 
is complicated by placebo effects. When a 
placebo response may be present, it is 
important to distinguish treatment effects 
and placebo effects in order to evaluate 
the overall benefit of a new treatment. It is 
also of interest to identify any pre-
treatment predictors of such effects. We 
develop a causal framework for analysis of 
the placebo response using principal 
stratification. We use mixture models to 
jointly estimate treatment and placebo 
effects, probabilistically classify units into 
latent strata, and identify relevant 
covariates for determining stratum 
membership. 
 
 
 

1. Always responder (AR): responds to 
either placebo or treatment 

2. Placebo-only responder (PR): 
responds to placebo but not to treatment. 

3. Drug-only responder (DR): responds to 
treatment, but not to placebo 

4. Never responder (NR): does not 
respond to treatment or placebo 

  

We propose a PS-FMM approach for 
simultaneously estimating the placebo and 
treatment effects. 
  
Necessary Steps 
•  Define the model using PS-FMM approach 
•  Jointly estimate model parameters using 

observed outcome data 
 
Optional Steps 
•  Use CP for shrinkage 
•  Bootstrap to impute missing potential 

outcomes with unit-level constraints and 
generate intervals 

 
Future extensions include investigating model 
performance with non-Gaussian potential 
outcomes, modeling means within each group 
as dependent on covariates and relaxing 
montonicity assumptions to allow for negative 
effects and nocebo effects. 
 

1.  Estimation via Maximum Likelihood 
2.  Shrinkage via Catalytic Prior 

 
 

Shrinkage via the Catalytic Prior 
 
A catalytic prior (CP) is a prior distribution 
that is designed to stabilize one model by 
encouraging it not to stray too far from the 
predictive distribution of another simpler 
model. It is implemented as follows:  
 
1.  Define simpler model with only 2 latent 

classes  
2.  Jointly estimate parameters given the 

observed outcome 
3.  Use estimated parameters from step 2 to 

generate ‘pseudo-data’ 
4.  Append the pseudo-data to original data 

and down weight by a factor w. 
5.  With appended data, jointly estimate 

parameters of the target model 

: 
 
•  Monotonicity 
 

•  Additivity 

•  Zero means 
 

•  Positive effects 

•  Normally distributed potential 
outcomes 
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Relaxing the Additivity Constraint 
 

Estimation procedure 
 

Simulation studies 
 

Applied data analysis* 
 

Discussion 

Stratum	   Proportion 	   Mean response	  
AR	   πa µμa µμa  +  µμd
PR	   0 -‐ -‐
DR	   π  d 0 µμd
NR	   π  n 0 0

The plots below compare performance in 
1000 simulations with N = 100 with covariates 
correlated with the potential outcomes. 

Assumptions 
 

Incorporating  
Pre-Treatment Covariates 

 
The model above allows incorporation of pre-
treatment covariates for researchers who wish 
to better understand how baseline covariates 
may impact differential response to treatment 
and placebo. We model class membership 
indicators as dependent on the covariates 
through a multinomial logistic regression and 
implement a LASSO penalty to encourage 
sparse solutions. The model can then be 
represented as: 
 
 
 
 
 
 
 
 
For a global parameter θ with likelihood L(θ) 
and penalty λ, we can generate parameter 
estimates by finding: 
 
 
 

After incorporating all necessary parameter 
constraints, we model the observed potential 
outcomes as: 
 
 Yi
obs (0) ~ (π n +π d )N(0,σ

2 )+π aN(µa,σ
2 )

Yi
obs (1) ~ π nN(0,σ

2 )+π dN(µd,σ
2 )+π aN(µd +µa,σ

2 )

This principal stratification-finite mixture 
modeling (PS-FMM) approach can be used 
to find parameter estimates via maximum 
likelihood estimation. 

Yi
obs (0) ~ (π n (Xi )+π d (Xi ))N(0,σ

2 )+π a (Xi )N(µa,σ
2 )

Yi
obs (1) ~ π n (Xi )N(0,σ

2 )+π d (Xi )N(µd,σ
2 )+π a (Xi )N(µd +µa,σ

2 )

π u(Xi ) =
exp(β0u +βu

T Xi )
exp(β0u +βu

T Xi )
u
∑

.

argmax L(θ )−λ | βuj |∑∑( ).

Factor	   Levels	   Descrip)on	  
N 50,100,200,500 Sample  size
πa 0,0.2,0.33,0.5,0.65 Proportion  of  AR
πd 0,0.2,0.33,0.5,0.65 Proportion  of  DR
µμa 0,2,4 Avg.  treatment  effect
µμd 0,2,4 Avg.  placebo  effect

Summary of Findings 
 

•  The PS-FMM approach has consistently 
lower Mean Squared Error (MSE) than 
existing approaches 

•  Performs best when there is a large 
separation between µμa  and  µμd

•  Inclusion of covariates improves prediction 
of responder status 

•  Cata ly t ic pr io r i s pro tec t ive when 
assumptions are wrong 

       à Number of Satisfying Sexual Events (log) 

       à Number of Satisfying Sexual Events (log) 

  
ITT µμd µμa

  
ITT µμd µμa

πa        =  0,81
π  d    =  0,16
γ        =  0,44


πa        =  0,82
π  d    =  0,15
γ        =  0,57


In some scenarios, there may exist a natural 
maximum on the outcome, making it 
unreasonable to assume that the mean 
response in treatment can be decomposed as 
the sum of the mean placebo effect and the 
mean treatment effect. For such a scenario, 
we can relax the additivity constraint by 
introducing a scaling parameter, ϒ, with  
 

0 ≤ ϒ ≤ 1 
 

and rewriting the mean for always responders 
in treatment as 
 

ϒµμa  +  µμd.
 

Under this formulation, we allow that the 
mean placebo effect experienced by 
responders in treatment may be less than the 
effect experienced in control. Model fitting and 
parameter estimation can then proceed as 
before. 
 

*For illustration purposes, this example is based on a 
random subset (N=67) of data of the Emotional Brain 
database, and does not represent actual study outcomes. 


