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Divorce rate in Maine
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Donald Rubin: Harvard University
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1974)
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Rubin Causal Model (1974)

EHENT AZNER (Average Treatment Effect) & (S#EERZ#X(potential
outcome)DEDERIFE

ATE = E(y1 - Yo)

[T ABECOFEENERIE ] Average Treatment Effect on the
treated (ATT)

ATT =E(y1 - Yolz=1)
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[1] Rubin, D. B. 1974. Estimating causal effects of treatments in randomized and nonrandomized studies. Journal of;

Educational Psychology 66(5):688-701.
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e A1 (Randomization)
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Ignorability/ Unconfoundedness
HZ S RAREEDHIBOIRTE
EHOER SR Nx(Covariate, REZE)MNH D, [x=2FE4F175&
potential outcome &5 = —Z2Ez(3IHT |

EWVLWDEMHFZ"Strong ignorability” (58U VEK COER B]gE ) FK /= (S
"Unconfoundedness” (SEXIH& ) & 15N

CDRAFMRRIZI UL
Epl0) = Egplxz=J) (= 1,0)
EIRDIZED
ATE = E(y1 — yo) = EX[E(y1|x) — E(yo|x)] Bkl rlge

= EX[E(y1lx,z =1) — E(yolx,z = 0)]  s5ia7ae
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ATT = E(y1—yolz =1) = E(y1lz = 1) — EXIE(yolx, z = 0)]
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Rosenbaum & Rubin [2] IZfBE A a7 #FAW-E T 8FHE L4122 1.

ERZITe(x) : REBx 25 L LI L ZORKHBNAE DI 2REE
e(x) =p(z=1|y1,¥0,x) = p(z = 1|x)

ZDEZE E(yj|x)=E(y;|e)) (=10)
1uyo) Lzlelx), 0<p(z=1]lex))<1
ZDFEHFEDL &, E(yj | e(x)) =E(yj | e(x),z =j),(i =1,0)

E Y, ATE=E, (E(y, le(x),z=1) —E(yy | e(x),z = 0))
WY XL D18, WHEXRE AT E(Inverse probability weighting : IPW) T
ATEZ K& b 5[3]. . .
1 Vii 1 Yoi
ATE=75 ce() VTN L T—e(x) (1=2)

NIZIREEDE, y1 T RIDN AT ZT TR OB REL, v (TTRIDN AT XTG> 72
DIERZER, x; THTRIOHEE, z; TXIRION A DFH
[2] Rosenbaum, P. R., and Rubin, D. B. 1983. The central role of the propensity score in observational studies for causal effects. Biometrika

70(1):41-55. 30
[3]K. Hirano, G.W. Imbens, and G. Ridder, “Efficient estimation of average treatment effects using the estimated propensity score,” Econometrica,
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é(x)

logit(é(x))
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72 < 72 B [3]

= 1081 Z () = Po + B1x1 + Baxy + o+ X,y

TEHUIR, By, Ba) o) B |FBERRAZE L

RELMKFT S[4,5] 729

[3] Sant’Anna, P. H., Song, X., and Xu, Q. Covariate distribution balance via propensity scores. Journal of Applied Econometrics, 37(6):1093-1120,

2022.

[4] Hainmueller, J. Entropy balancing for causal effects: A multivariate reweighting method to produce balanced samples in observational studies.

Political analysis, 20 (1):25-46, 2012.

32

[5] Imai, K. and Ratkovic, M. Covariate balancing propensity score. Journal of the Royal Statistical Society: Series B (Statistical Methodology),
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6] McCaffrey, D. F.; Ridgeway, G.; and Morral, A. R. 2004. Propensity score estimation with boosted regression for evaluating
causal effects in observational studies. Psychological methods, 9(4): 403.

[7] Setoguchi, S.; Schneeweiss, S.; Brookhart, M. A.; Glynn, R. J.; and Cook, E. F. 2008. Evaluating uses of data mining techniqu
in propensity score estimation: a simulation study. Pharmacoepidemiology and drug safety, 17(6): 546— 555.

[8] Westreich, D.; Lessler, J.; and Funk, M. J. 2010. Propensity score estimation: machine learning and classification methods a
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