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Questions:
1. What is the Markov blanket of  Y in this graph?
2. What task is the Markov blanket good for?
3. What input variables should we use for optimal robust prediction? 
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S-Admissibility and Transport Formula
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S-Admissibility: A set of  variables W is S-admissible if  
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S-Admissibility and Transport Formula
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Transport Result: If  W is S-admissible, then

Note: Another word for “sufficient adjustment set” 
from week 4 is “admissible set.”
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S-Admissibility and Transport Formula
S-Admissibility: A set of  variables W is S-admissible if  

Transport Result: If  W is S-admissible, then

Note: Another word for “sufficient adjustment set” 
from week 4 is “admissible set.”
Main Paper: Pearl & Bareinboim (2014)

21

<latexit sha1_base64="R3+oJY3URjeUnoKscuY/hxkOiTU="></latexit>

Y ??GT
S | T,W

<latexit sha1_base64="maw+FKMxZSEHjVhxaEhbkHL4W1A="></latexit>

P ⇤(y | do(t)) =
X

w

P (y | do(t), w)P ⇤(w)

<latexit sha1_base64="61wu9cIVUQRcQsX10i4CM5Bjhac="></latexit>

X

T Y

S

U

Transportability of  Causal Effects Across Populations

https://arxiv.org/abs/1503.01603


Questions:
1. Describe direct transportability in your own words.
2. Describe trivial transportability in your own words.
3. Prove the transport result on the previous slide.


