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RE3AAGEGIT ATE

Using Regression under Random Assignment

I T™MEABERNZEEN (REMANEESR) , B1Y; — Y, = p. BEBEITEIRMER T 25 p.
Z=R FEEIRE
YiObS =a+pW. + ¢
Heh g = E[Y,;], &, = Yy, — E[Y,]. BRI
E[Y™ | W, =1]l=a+p+E[g| W =1]
E[Y?® | W, =0] = a+ E[g; | W, = 0]
TN Z £ 715
il = p + EIRRE

RS TENET, BERENE, (97 = )= 1,0 = rorpp. PLIAMERRIATINFEIS R OLS
mit=XKA1tT, BN %ATE = %ATET — pAOLS

B3 EN R A EEINAEMtEHEE, MRS SMEREIZELHIETE, RREFER
RN A FENMEES,



il

Confounding

HEVIADTEM, EBEERER G, M EBETSNEBEERT=trl SR EMRERSN0, K
IIFRERNTF# (confounding)

MRFIMUTENFERNZFE, BIPEEFMRAIATIME=Z (confounding variables, confounders) 5§
HNZE (covariates) , 1iEN X, HZE E’JY?J__J ERVADE AL R (Y, Y) AL W, HNIES
%, MMzl FEI RN E’JTEVI‘

MBIV, BATRIASE TENECFEG

o Z{FIBNI{BRI% (conditional independence assumption, CIA)
(le’ YOZ) AL VVZ | Xi

o FMHYEINNIRIE (conditional mean independence, CMI)
ETY,; | W, Xl = E[Y; | XiI, ELYy; | W, X)] = E[Yy; | X]]

CMI 55F CIA, TEN T H{EF(1ERIX CIA,

2 t(X) = E[Y?™ | W, = 1,X] — E[Y™ | W, = 0,X,], WX, 2EHihEERnT
PIRMBRRT, BOATLMNBME BT AR rIT(X) it &,
AT CIA #] CMI EF T =0TV, EItEt#FR79 selection on observables &4,
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Directed Acyclic Graph (DAG) Representation

Pearl (2000) f2EABM@IIAE (directed acyclic graph, DAG) FABAELERKEIEFHE

oO—>0 ——> 0 O—> 0 <—— O

/ </
@& (directed graph) X (cycle)

NIRRT R ERT=E, AU REARXZN AL, il W - YK Wl
7 YT (Wcauses Y) , WAHE Y AR,

AR XE WHZHNEARN

W — Y T (intervention) 3|#289
MRFERREN W Y BIHZEE X, Nl DAG ATARIAA
W —Y W —Y
S A AR MRMDT [ABDRELEE,
\ /' NS NRAR_BENFEEZRARXAR,
X X

X B3 X B
Pearl (2000, 2009). Causality: Models, Reasoning, and Inference, 1st & 2nd Edition. Cambridge University Press.
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HET v 3nihZ =155l
ldentification under Selection on Observables
TEINE S S S S S AR E R SR 6], RANETE W RS SREIE RN, B

R Y ARFERBENFERS, NMESEEE X (NFRNASG) , U (NFRINFAREE
7)),V (FENTAFLES) .

A AZ R e Ml :

U U
v o Tl N v o Tl
X—W—Y X—W—Y
i i
V %

HRM (HigsyEiz) o AREPRKRE (path) Rk, a0 X - W - YREXXBI W
XY FERRBN, BREREEFETMAIETEEFEREI 1R (backdoor path) #I i

- BN EROETS WHEREE YIRS, FaEiEm W,

AW X «U—-YHIW < V- YREIRZ. NREEAEFERITRZ, eIk
FETH, £ aRERRE.




U-... U-...

v e v T
X—W—Y X—W—Y
i i
V V

T CIAFMH (Y, Yy L W | X iy, BT l@dizdimEs X BfEIMNBE W « X« U -> Y1
RE, BRPUNRFEAZENTE, NS EET
H, BAMRIZ FEAIFRMSRIL:

« HEZIEFRIR (common support assumption) SKEZ{ERI% (overlap) : 0 < Pr(W=1|X) <1

[lid: P
E[Y;;— Yy | X] = E[Y?™ | W, =1,X] — E[Y>™ | W, = 0, X]]
— Tdiff(Xi)
TATE = EX[E[Y 1i— Yoi Xi]] = E[Tdiff(Xi)]
TATET = EX[E[Yli — Yo, | X | W, = 1] = E[Tdiﬁ(Xi) | W, = 1]

ELENATRES, FINRE W « X « U > YrB@EgEsl X ey U B, EE W« V- Y RE
=SV ERR,

ANER VAR, N EEZAMORE AN A RN #1T1R5, AMEINETE,
A _E5IFEXH Abadie & Catteneo (2018). Econometric Methods for Program Evaluation. Annual Review of Economics, 10, 465-503.

6



nFREN D RE

Decomposition of Selection Bias*

Heckman et al. (1998) iz RE E[Y,, | W, = 1] — E[Y,, | W, = 0] #4177 %
g, S

« B;: FRTFFEES (weak overlap) HIRE.
MBEFEEP(W=1|X=x)=0,Pr((W=0|X=x)> 05
Pr((W=0|X=x)=0,Pr(W=1|X=x) >0 x, MAREIIXx ITiEHTLIEA
53882 [B]AVLEER

« B,: FEF35FE (weak balance) HIRZE.

MEREFEP(W=1|X=x)ZPr(W=0| X =x) 0 x, NMxFX71x, WVEBAHSIEA
FRWNMEREAE, RERLITRE.

o By JCRTARIMNHZEZRRE (selection on unobservables) .
MRFEATMMMNES, N CIAS CMI AL, (EUFEESTPNEREERE)

Heckman, Ichimura, Smith, & Todd (1998). Characterizing Selection Bias Using Experimental Data. Econometrica, 66:5, 1017-1098.
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Methods under
Selection on Observables
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Matching Estimator (Weighting)

FRIRRFE—TARNNESE X;, B X, lE8IE X, ..., X,,. EFRIZ CIA FIHRESZERIKAIL,
BIEEXT (X)) = E[Y?™™ | W, = 1,X,] — E[Y®™™ | W, = 0,X,], EItt ATE f] ATET T IUFKIAR

TATE = E[Yli — Y()i] — E[E[le _ YOi | Xl]]
=FE [Tdiff(Xi)] = Z Tdiff(xk) Pr(X; = x),

k=1
tarer = E[Yy; = Yo | W= 1] = E[E[Y); = Y, | X] | W; = 1

= E[9(X) | W, = 1] = Z ) Pr(X, = x, | W, = 1)
k=1

RIEEREAMNRAX TN, THOMEMNEEHEZE r1T(X,) BNRTE,

BEATIR 7 () B2 2 () = — z”lk yoPs — Lz Yot TREIRE MR th AT LA AR A

j=1-"1j

PitE. FLFIOA RN EI’JEI‘I‘
TATE = Zzzlfdiﬁ(xk)Pk’ TATET = Zzzlfdiﬁ(xk)Pk|m=1
NERPFRX T E N CE(GiTE (matching estimator) T, subclassification,
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CIPE 5
Regression Adjustment

% Dy A X, = x, WEUER 1 WENTE, MBEEMAMERAIEE, WaTNEE TEEIEE

m
YP™ = pW, + Z DDy + €;
k=1

Angrist & Pischke (2009) B8 FWL EIBEH por s I AFREAR
ZTzl Var[W; | X; = x] Pr(X; = x,)

m
diff
PoLs = 2 T ) 0 @ =
k=1

Eitt, pors ERFRMAEHTIMMICRGTE, RAY k) =« (Rp x, HEVENHRE) ,
5w, = p, I, Porg 7 BEIEREIT ATE F1 ATET, ATSERA, X NRAEERERMIL,

FR W, e {01}, ERHHER
Var[W; | X; = x] = Pr(W,; = 1 | X; = x)(1 = Pr(W; = 1 | X; = x,))
EY Pr(W, =1 | X, = x) = % NENRAE, HNERERT () BRESK.

Angrist & Pischke (2009). Mostly Harmless Econometrics: An Empiricist’s Companion. Princeton University Press.
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Dale, S. B. & Krueger, A. (2002). Estimating the payoff to attending a more selective college: an application
of selecting on observables and unobservables. QJE, 117(4): 1491 —1527.

TABLE 2.1
The college matching matrix
Private Public
Applicant Altered 1996

group Student Ivy Leafy  Smart All State Tall State  State  earnings
A 1 Reject  Admit Admit 110,000

2 Reject  Admit Admit 100,000

3 Reject  Admit Admit 110,000

B 4 Admit Admit Admit 60,000

5 Admit Admit Admit 30,000

C 6 Admit 115,000

7 Admit 75,000

D 8 Reject Admit Admit 90,000

9 Reject Admit Admit 60,000

Note: Enrollment decisions are highlighted in gray.

ZEXH Angrist & Pischke (2015). Mastering ‘Metrics. PUP.
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EFA RFEEIE NI RFEEE
AL PN IV
HEEEER:
Wpyi — Wpyp
= $92,000 — $72,500
= $19,500

A ~ D B AICRE B R E
ZERBMNZE, MRFATA
g, CHN D ARBEESLIE
AHIBAEH Z—,
2T A B B HHRIEEART]S
AW, = — $5,000
AW, = $30,000
AT BRI EGITER

= $9,000
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Private Public
Applicant Altered 1996

group Student Ivy Leafy  Smart All State Tall State  State  earnings
A 1 Reject  Admit Admit 110,000

2 Reject  Admit Admit 100,000

3 Reject  Admit Admit 110,000

B 4 Admit Admit Admit 60,000

5 Admit Admit Admit 30,000

MRAERYAFGZE, FAINZREEMUFRENZTEN A AENEZS=RE

B, a = E[W; | Public, B], a + p = E[W, | Private, B],
a+y = E[W; | Public,A], a+ f+y = E[W, | Private, A],

I’I

AEYAR T A EIRIINEHIT AN
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LI A Targ = B, BEEITHER Torg = $10,000, SEEGITHENEZERZ
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Nearest-Neighbor Matching

BIENTANLERGITERARNEE (EHNEE X, = x i, WEASHRARNIELR) . LEREEAIUREMEE
ESEHL,

MR IERIN AT BAZRIE S

Yo —ymsig W, =1
=Y, =Yy = -
Yms — YOS it W, =0

— VVi(Yiobs _ Yimis) + (1 _ VVZ-)(Yl-miS _ YiObS)

BATT AR TEMIINES Y™ #4T{E1

1. SIS MMBARK |, NSRARHINE ||X; - X|| B\ j, FL VTS = Vs
2. HXEDRAPH i, MHBARIHENE |IX; — X|| &), HL VS = Vs
3. WWHAMRMBYRMET & 2, = W™ — V™) + (1 = W™ = ¥7™);

1 A 1 A 1 vN

A A A A 1 A A
4. TATET = N, Zi:lel ti» TATEC = ) Z,-:Wl:o Tip TATE= N Z,-zl 1= W(Nl’fATET + NoTaTEC)-
XARILEC TS ARAR DI BILES (nearest-neighbor matching) . EMRERIAEEZNNIHZENESENSTENIS
. MPLEARZEM, LUZRAEENAAIESMF, BZTREEITE Y™ (BEHEYE) , BAENESRX
N

13



{11593 [LBC

Matching using Propensity Scores

@S2 (propensity score) F TREZAMRRYFEMEER, Bl
pX;) =Pr(W,=11|X)

Rosenbaum & Rubin (1983) 1EAA, £ CIA FIXEERIRBIIAIER T, FA1I B RIRPEFTHNE
£ X, WEp B imEs p(X), ERENERIRIDAKIL, XiiiE, EHHaEo FiEsnEEE6
BEUSECRIPERT R B2 AVER.

W\ } Y
pX)<— X
> (i YEA B/ :
RllkE, BA 1T U =157 12 R TReH B AILEANBINES BT LR EHEIEE.
=43 X s IHIEE S D : B METTRRER . BINEITHREF )R,
1. ¥ Xl NS THE Yo CREDIEr p(xk) King & Nielsen (2019). Why Propensity Scores Should Not
2. H ﬁ(xk) =y X, H1TULES ., Be Used For Matching. Political Analysis, 27:435-454.

Rosenbaum & Rubin (1983). The central role of the propensity score in observational studies for causal effects.
Biometrika, 70:1, 41-55.
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Inverse Probability Weighting

EHEDIFE (inverse probability weighting) &% —MF IS 2 (hiTFI IR AY
ik

Hirano et al. (2003) 247 7 FEBAIMNIN LTS

%lpW

1 WP 1%(1—%1@‘)8
=1

ATE N & Xy N& 1 —pexy)

SHED plx) BEAREFT 12 1, 1niRZ x, AR ANXBAFFEE5TE, rJEESH
(EHitRE. MRGIT=ERIBENFEEE XM P EmRIREE.

A 1/p(X;) HINERN—TIRR[RENEZMAFT 1, WRENEZNEEN 1, NXINAY

2 B AR ARG,

Hirano, Imbens, & Ridder (2003). Efficient Estimation of Average Treatment Effects Using the Estimated Propensity Score.
Econometrica, 71:4, 1161-1189.
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