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The Danger of Ice Cream...

Ice Cream Sales vs Drowning Incidents
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Sweety Chocolate Makes Nobel Prize
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Counfounding Effect
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Counfounding Effect
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Fundamental Problem of Causal Study
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Fundamental Problem of Causal Study
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SUTVA

o DGt 2 Q2= AHO|A 71 BO| AFRE[= 7HE SHLE
27}5iCt
e SUTVA(Stable Unit Treatment Values Assumption):

@ No inference 2t 7§ 4|2| potential outcome CHE 7H4{|2| potential
outcome, 2 JCOI 2| o fLE SHE S0l 2fsl HstA| et
2tx5| =2lHolct

© No hidden variations of treatment: 2f 7{3|= S QS 22| S B=C}.






Causal Inference in Randomized Experiments
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Causal Inference in Randomized Experiments
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Balancing the Groups
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Balancing the Groups
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|dentification Assumption
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Outcome Regression
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Outcome Regression
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Outcome Regression
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Outcome Regression
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|dea of Matching
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|dea of Matching
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Standardized Difference
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Standardized Difference

Standardized Mean Differences (Treated — Control)
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Propensity Score
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Propensity Score
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Propensity Score
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Paired Randomized Experiments
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Paired Randomized Experiments
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Paired Randomized Experiments
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Paired Randomized Experiments
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Paired Randomized Experiments

o T2t Wo| YEZE no| 2 uj

W N n(n+1)’ n(n+1)(2n+1)
4 24
O|C}.
o ROLZ al|M Y2 7|2t
n 1 n(n+1)(2n+1
Wobs > ( )+Za/2\/ ( 2)2_ )
ot

o|C}.




Paired Randomized Experiments
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Paired Randomized Experiments
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Paired Randomized Experiments

£ 0|8¢%t dSAQl B|242 JE0|M 2= ALESt=
A2 Hodges-Lehmann point estimate(HL estimate)O|C}.
TEHUS WY SolLizol| Ut HEHoR Wi e S
Z20ll= #H = median(Ws)O|C}.
AuHOR AR 4 9l Do I, B0 Ot mecian
A2 37| Th20f O robusttt 25 olCt.
@ matchingO| O|R0{Rl EL, 22|= ZAA Q! paired randomized
experimentS £~&lot= ZA0[L} D|'7‘|_7 A|Ct.
o [W2tAf DI 40 Clisl O|2fet HHE HE5HH ZHAESH
Aelgue| 2deE Holg = ULt






Weighting
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Weighting
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Inverse Probability Weighting
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Inverse Probability Weighting
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Inverse Probability Weighting

=E
=E

=E

o 2 0lR2 E[V(0) - €|




Inverse Probability Weighting
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Inverse Probability Weighting

o ATTZ 25t M weightPt 22 HIRO| =X =ICt
o
==_1¢ &(1-2)Y;
w2 (275

o weight®| H|E2 % (1—e): e2 2||0{OF BT},
ZoflAl OfH B2 372 0] 2215 T2 2E
estimand?} &2}2! 20|C}.

Of
H

O AfA

—
2y5

t

|'||' rulru



Doubly Robust Estimator
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Doubly Robust Estimator
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Doubly Robust Estimator
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