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Question:
What would motivate someone to consider 
a more complex type of  estimation than 
COM/GCOM?



Brady Neal / 3520

Conditional Outcome Modeling

Increasing Data Efficiency

Propensity Scores and IPW

Other Methods

Propensity Scores and IPW



Brady Neal / 35

Propensity scores

21Propensity Scores and IPW



Brady Neal / 35

Propensity scores

21

<latexit sha1_base64="oFsTp51xydUEyPGVLoEpiS4jiV8="></latexit>

e(W ) , P (T = 1 | W )

Propensity Scores and IPW



Brady Neal / 35

Propensity scores

21

<latexit sha1_base64="oFsTp51xydUEyPGVLoEpiS4jiV8="></latexit>

e(W ) , P (T = 1 | W )
<latexit sha1_base64="oFsTp51xydUEyPGVLoEpiS4jiV8="></latexit>

e(W ) , P (T = 1 | W )

Propensity Scores and IPW



Brady Neal / 35

Propensity scores

21

Given positivity, unconfoundedness given      implies unconfoundedness 
given the propensity score         .
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The propensity score magically 
reduces the dimensionality of  the 
adjustment set done to 1!

Unfortunately, we don’t have access 
to it. The best we can do is model it, 
shifting the high-dimensionality 
problem to the modeling of

<latexit sha1_base64="jLupkGKl6KgsQ3x2L+BioPxjjiM="></latexit>

e(W ) , P (T = 1 | W )

Propensity Scores and IPW



Questions:
1. What is the intuition behind why we can 

condition on e(W) instead of  W?
2. What is attractive about conditioning on 

e(W) as opposed to W?
3. Why does this not solve positivity issues 

when W is high-dimensional?
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See proof  in Appendix 
A.3 of  the course book
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Questions:
1. What happens if  the estimated 

propensity score for some unit is 1 or 0?
2. What happens if  the estimated 

propensity score is near 1 or 0?
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1� ê(wi)

◆

28

See, e.g., Abrevaya et al. (2015) and references therein

Not quite as natural with IPW as with COM, so beyond scope of  course

Simple extension:

Propensity Scores and IPW

https://www.tandfonline.com/doi/abs/10.1080/07350015.2014.975555


Questions:
1. What is the graphical intuition for how inverse 

probability weighting deals with confounding?
2. What do we model in IPW? What did we 

model in COM/GCOM estimation?
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Conditional Outcome Modeling

Increasing Data Efficiency

Propensity Scores and IPW

Other Methods

Other Methods
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Model both            and 
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• Consistent if  either            or         is consistent
• Theoretically converge to the estimand at a faster rate than COM/IPW
• See Section 7.7 of  the course book for references to relevant papers
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Matching
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Treated

Control

• Space: raw, coarsened, 
propensity score
• Different criteria for 

“close enough”

Other Methods
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Double machine learning
Stage 1:
• Fit a model to predict Y from W to get the predicted 
• Fit a model to predict T from W to get the predicted 

Stage 2:
Partial out W by fitting a model to predict            from
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Causal trees and forests
Flexible and yield valid confidence intervals (for sampling variability)
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