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Ignorability Assumption 
Sensitivity Analysis / Negative Controls 
Overlap Assumption 
Extrapolation
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Y(0), Y(1)
What would have happened under treatment T = 0 / T=1? 

⟹
𝔼[Y(1) ∣ X] − 𝔼[Y(0) ∣ X]

= 𝔼[Y(1) |X, T = 1] − 𝔼[Y(0) |X, T = 0]
= 𝔼[Y |X, T = 1] − 𝔼[Y |X, T = 0]

Ignorability of 
treatment 
assignment 
ASSUMPTION

Only one PO is observed for each patient:
Y = Y(T)

“Fundamental problem of causal inference”

Y(0), Y(1) ⊥⊥ T ∣ X

Identification

Potential Outcomes / Identification 
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• imaging data

• etc…

Y(0), Y(1) ⊥⊥ T ∣ XIgnorability of treatment 
assignment assumption

Unverifiable, BUT there are things you can do

Sensitivity Analysis: How strong would an 
unmeasured/hidden factor need to be to explain 
away our findings (treatment effect estimate) ? 

Example Output: For the treatment effect to be 
negative,  would need to make receiving the 

treatment 1.5x likely AND experiencing a positive 
outcome 2x likely. 

H

Drawback: Not very interpretable/actionable. 
Depends on other assumptions itself. 

Negative controls: Something we can use for a sanity check. 
 
E.g.: An outcome we know the treatment should not have 
any effect on. 
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Negative Controls
https://www.nejm.org/doi/full/10.1056/NEJMoa2101765

https://x.com/_MiguelHernan/status/1364700315044438023

Why not match on more stuff to begin with? 
No free lunch. Trade-of:

• Harder to match individuals

• Smaller sample size

• Reduced statistical power in estimates

https://www.nejm.org/doi/full/10.1056/NEJMoa2101765
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Overlap – Risks of extrapolation

True ATE:            0.00 
Linear ATE:         0.00 
Quadratic ATE:   0.05 
Cubic ATE:         0.41

f0(X) = X2 + ϵ f1(X) = X2 + X + ϵ CATE(X) = X



Overlap – Risks of extrapolation

Wrong CATE, True ATE!

Increasing the efficiency of randomized trial estimates via linear adjustment for a prognostic score

f0(X) = X2 + ϵ f1(X) = X2 + X + ϵ CATE(X) = X

https://arxiv.org/pdf/2012.09935
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Overlap – IPW estimators
What is the implication of lack of overlap for IPW estimators?

Vanishing denumerators


Exploding terms


High variance in the estimate

⟹ Clip  from above to 0.95 
and from below to 0.05

̂p(t ∣ x)

What is the problem with clipping?

Biases the estimates, especially for “atypical” patients. 

No free lunch – Everything we do to make things work has 
consequences. Understanding what those are is important.
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Overlap – How to check?
You will do some of this in the Pset 3

Look at the marginals -> Good sanity check 

Might not be enough, why?

Joint distributions can still be non-overlapping

Especially problematic for high dim. X

In practice, we might be relying on “extrapolation/generalization” 
abilities of ML models more than we think.

They are getting really good at that (e.g., LLMs) – open research area.


