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| MR 8B E 5 Hh&Insight Vs Science
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e Judea Pearl

* Computer Scientist

RO AR FHEZE\ TR

Causal Graph Model.
Backdoor Criterion.
Frontdoor Criterion.
Do-calculus. Pearl
Causal Hierarchy

(Association,Interventio

n,Counterfactuals)

* Joshua D.Angrist
e Economist

e Double machine

e Donald B.Rubin
e Statistician

e Potential Outcome

learning- Model\ Rubin

Instrumental Variables. Causal Model\

Panel Data and Fixed IPW\ABtest

Effects. Regression
Discontinuity Design.
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* Judea Pearl * Joshua D.Angrist * Donald B.Rubin
* Computer Scientist * Economist e Statistician
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11TEYRZE (Causal Graph Model, DAG) m

Chain Fork Collide
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| iTE#R% (Causal Graph Model. DAG 5 ABtest)

Data

Question: 14
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| i TE#418% (Do-Calculus\ Backdoor Criterion ) m

X: 3 Rl

T: BEHFANHAR
Y: AR

Do-calculus#tE 5
1.P(Y=y|do(T=t)) = P, (Y=y|T=t) (definition)
2.Pn (Y=y ]| X=x,T=t) = P(Y=y|X=x,T=t)

3.P,, (X=x)=P(X=x)

P(Y=y|do(T=t)) = P,, (Y=y|T=t)
= 5P (Y=yX=x|T=t) DU A 20
= SPm(Y=y | T=t,X=x)P, (X=x| T=t) S fF 5
= 3P (Y=Y | T=t,X=X)Pr, (X=X)
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| iTEHRIZ (Causal Graph Model, DAG\Do-Calculus)

Question: WA/ N FF P K BEFEZR?

* DAG  Do-Calculus

FHEANAT (T=1)
A BE A7 R

KHEN W (T=0)
BEAFAL B AR

4 (X=1) 81 (87) 93% 234 (270) 87%
B (X=0) 192 (263) 73% 55 (80) 69%
&1t 273 (350) 78% 289 (350) 83%
Data

P(Y=1|do(T=1)) =P(Y=1|T=1,X=1)P(X=1)+P(Y=1|T=1,X=0)P(X=0)

= 0.93*(87+270)/700+0.73*(263+80)/700

=0.832

P(Y=1|do(T=0)) = P(Y=1|T=0,X=1)P(X=1)+P(Y=1|T=0,X=0)P(X=0)

= 0.87*(87+270)/700+0.69*(263+80)/700

- 0.7818 e
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e DAG  Select Bias
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