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o HAFFRIA S BRAET

— OLS
— Rubin Model

o [F EZ WAk RSTATASE I
— RCT
— 1V
— RD
— DID
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« HRIEBEALER

— OLS

— Rubin Model
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o OLSHE+: =/ IR £ -FF Ao

b = yi— Vi =y — Bo — Pixi

5 D i) (yi—y)
b1 = Z?ﬂ(xf_f)z
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o OLS/ETT 891 1%

— The Gauss-Markov Assumptions

— Z.ero Conditional Mean

E(ulx)=0
— Homoskedasticity

Var(u|x) = o2
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e OLSfEH =M AR : Liakk

Vi—Vy = (@0 + B1X; + U;) — (,:'30 -+ ,.817) = ,BI(X:' — Y) + Uj,

= E(gl) = E( Er’:l 315:}_—1()2 _—;g); — 7) Uj
_ S (xi — X)E(ui]X)
— 61 + EX( E?:l(xf o 7)2 )

> i1 (xi = %) J

DU

)

= 1+

j— .‘81
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» OLSfE T8y A 2t (efficiency)

A

By — = b

=02 = Var(B) = E[(B — E(5))] = E[(Br — A1)’
Z (X = X)ui
Ell Z; L (xi —X)? ]

0_2

Z?:l(xf —X)?
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Rubin Model

« MR E L : HAaLERGILEK
— comparison of so-called potential outcomes: pairs of outcomes defined for
the same unit given different levels of exposure to the treatment.
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Rubin Model

« AR E
— A pair of potential outcomes: Y1i(0) and Yi(1).
(0) if W, =0

Vi = Yi(Wi) = Y5(0) - (1— Wi) + Y;(1) - W; = { S

o [ R & (unit level): Yi(1)-Yi(0)
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Rubin Model V.S. L f

* As a comparison, researchers conventionally write down a
regression function: Yz=a+bWi+ui, with b as the causal etfect

(OLS).
— AR ? R A BN £ S

* The counterfactual approach has only opened up a new
perspective on traditional estimation.
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o RAFHLAEEE (ATE) :
— ATE= E[Y1(1)-Y1(0)]
=E[Y1(1) Y1(O)|W1 [*Pr(Wi= 1)+E[Y1(1) -Y1(0) | Wi= *Pr(Wl 0)
=[E[Y1(1) | Wi=1]-E[Y1(0) | Wi=1]*Pr(Wi=1)+[E[Yi(1) | Wi=0]-E[Y1(0) | Wi=0]]*[1-
Pr(Wi=1)]
= ATT*Pr(Wi=1)+ ATUT*Pr(Wi=0)

o BAVT AL T HKIERA G5B b:}é*
— E[Yi(1) | Wi=1]; E[Yi(0) | Wi=0]; Pr(Wi=1)

. i%%R@%Aﬁiiﬁﬁ

— E[Y1(0) | Wi=1]; E[Y1(1) | Wi=0
— Knowledge of these would be sufﬁcient to identify the two parameters.
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o ¥ #I¥ M chance #2choice

* Assignment mechanisms:
— 1. Randomized experiments

— 2. The assignment probabilities do not depend on the potential outcomes (given
covariates):

W L (¥(0),i(1) | X;

* Unconfoundedness (Rubin, 1990), selection on observables, exogeneity, and conditional
independence.

— 3. Assignments with some dependence on potential outcomes.
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AREWSE -

* RCT

* OLS/Matching

* IV/RD/DID

KN (cez.zhang@gmail.com)



e RCT
— A Benchmark

* If we randomly force some people to recetve the treatment and others not to receive the
treatments then Wi is random and uncorrelated with everything so:

e E[Yi(1)|Wi=1]=E[Yi(1) | Wi=0]
« E[Yi(0) | Wi=1]=E[Yi(0) | Wi=0]
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Nonrandom Assign

* The nonrandomness is inherent to a policy for two distinct
reasons:

— The self-selection into the program operated by individuals.

— The selection mechanism of the agency managing the program.

* Choice or Chance
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Nonrandom Assign

DIM (or OLS) 4+ 89 #1ki%

The DIM:
v E(Yi| Wi=1)-E(Yi| Wi=0)={E[Yi(1) | Wi=1]-E[Yi(0) | Wi=1]}
+{BE[Yi(0) | Wi=1]-E[Yi(0) | Wi=0]}
=ATT+ {E[Yi(0)|Wi=1]-E[Yi(0) | Wi=0}

We thus have a selection bias equals to {E[Yi(0) | Wi=1]-E[Yi(0) | Wi=0}.

Note that the selection bias is unobservable since we cannot observe: E[Y1(0) | Wi=1].
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Selection on observables—

OLS/Matching
— FZ 441X 1: Conditional Independence Assumption (CIA)

Wi L (Yi(0),:(1)) ‘ X;.

— The CIA assumption, or the unconfoundedness assumption means that beyond the observed

covariates, X1, there are no unobserved factors associated both with the potential outcomes and the
treatment.

— Assuming homogeneous treatment effect, this assumption is equivalent to independence of e1 and
ot W1, with the following regression model specification:

Yi=a+7 W+ 53X, +¢,
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Selection on observa

«  XAEIXIL Overlap
0<pr(W; =1X; =) <1, for all z.

— The combination of unconfoundedness and overlap was referred to by Rosenbaum and Rubin (1983) as strong
ignorability.
— Pr(W=1|X) 1s the so-called propensity score.

* With the strong ignorability, for each x, the conditional ATE can be identified:

T(x) = E[Yi(1)[X; = z] - E[Y;(0)|X; = ]
= E[Yi(1)[W: =1, X; = z] - E[Y;(0)|W; =0, X; = z]
_ R[Y,|W, =1, X, = 2] — B[Y;[W, = 0, X, = 2,

* The ATE can be identified by taking expected values across the population distribution of the covariates (given
the overlap assumption satisfied).
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Matching

* Matching

— 7 &A% (Rubin, 1973, Biometrics; Rubin, 1979, JASA;
Rosenbaum & Rubin, 1983, Biometrika; Heckman et al., 1998, RES;
Imbens, 2000, Biometrika; Smith & Todd, 2001, AER; Abadie &
Imbens, 2004, NBER wp)

— 2231 5 B (Heckman et al., 1997, RES; Dehejia & Wahba; 1999, ]ASA)

— STATA: psmatch?2
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Selection on Unobsetrvable

 DIM:
=E[Y | X, W=1]-E[Y | X,W=0]
=E[Y(]) | X,W=1]-E[Y(0) | X,X=1]+ E[Y(0) | X,W=1]-E[Y(0) | X,W=0]
=ATT+ E[Y(0) | X,W=1]-E[Y(0) | X,W=0]
The DIM produces a biased estimation of the causal effect of W on Y:
e E[Y(0)|X,W=1]-E[Y(0) | X,W=0]

e Suppose that a treatment, D, is affected by two factors, one observable x and one unobservable a.
Suppose a determines not only D but also the outcome Y 1n a direct way. A change in D produces a
change in Y of 20, but the actual effect 1s only 5:

X

D— Y

s
Ol (ccz.zhang@é;nail.com)
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o LA MEEARA P ATV T

cov(z,y) = Prcov(z,x) + cov(z, u)

8, = Covlz.w)
R = Cov(z,z)

B, — Z;:#"f-f)(yf-f’)
Li:l (2i—2)(zi—Z)
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m P f s 3k

y1 = Po + Pry2 + PB2z1 + w

Yo = Mo + M121 + M2y + M323 + 19
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< R AMRK

Random Assignment:

Z; L (Y:(0,0), Yi(0,1), Yi(1,0), Yi(1,1), Wi(0), W;(1))
Exclusion Restriction: Y;(z, w) = Y;(Z', w), for all z, 2’ w
First-stage: E[W;(1) — W;3(0)] #0, and 0 < Plz =1] < 1

Monotonicity: W;(1) > W;(0)
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* With the above assumptions, Imbens and Angrist (1994) and
Angrist, Imbens and Rubin (1996) show that the average causal
ettect for a subpopulation , so-called compliers, can be identified.

Table 1: CoMPLIANCE TYPES

Wi(0)
0 1

0 | never-taker defier
Wi(1)

1| compler always-taker
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| ———

Table 2: COMPLIANCE TYPE BY TREATMENT AND INSTRUMENT

Z;
0 1
0 | complier/never-taker =~ never-taker/defier
Wi
1 | always-taker/defier  complier/always-taker

KN (cez.zhang@gmail.com)



W& M

;/ BCIENCE S0OFTWARE NETWORE

| ———

Table 3: COMPLIANCE TYPE BY TREATMENT AND INSTRUMENT GIVEN MONOTONICITY

Z;
0 1
0 | complier/never-taker never-taker
W;
1 always-taker complier,/always-taker
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W& M

;/ BCIENCE S0OFTWARE NETWORE

| —

* We can infer the average outcome by treatment status for compliers, and thus the average effect for
compliers:

E[Y(1) — Y:(0)|complier] = E[Y;(1)|complier] — E[Y;(0)|complier]

Brv = BIYil1) = Yi(O)|complier] = gripiz =i stw 7=
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e THTw (IV) FH ik

— iR (Angrlst, Imbens & Rubin , 1996, JASA; Imbens &
Angrist, 1994, Econometrica)

— %35 Bl (Angrist, 1990, AER; Angirst & Krueger, 1991, QJE;)

— STATA: ivreg?2
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o W7 w2 (regression discontinuity)

—RD A Fl B4 KA RHIEEZFF AW IRS (treatment
status) #93EiE 22 Pk Bk K
o X FPIEiF LM K IKAIA ) R AT I A 89

— RD designs require seemingly mild assumptions compared to those

needed for other nonexperimental approaches (Hahn, Todd, and van der
Klaauw, 2001)
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RDYSSAHORIA : SADHY

* Donald L. Thistlethwaite and Donald T. Campbell (1960) : % =
o R R A N O S )

KN (ccz.zhang@gmail.com)



W& M

BCIENCE SOFTWARE METWORE

| —

* Lee, 2003, JOE
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* Sharp RD

B—A = ]il})] ElY,|X = c+ €]
el
— lim E[Y;|X; = ¢+ €],
10
which would equa]

E[Y(1) — Y{0)| X = ¢].
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* Fuzzy RD

B lim g ElY|X=¢c+¢] — limE[Y|X=¢+ £]
~ lim oE[D|X=c+¢] = limE[D|X=c+ €]
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* RDAET 894 2%
— TSR AF /B 32 %) 383 L = (Imprecise control over the assignment
variable, X).
* Density test (Justin McCrary, 2008).

— P A A ] & % 42 (All other factors evolving “smoothly” with
respect to .X).

* Fundamentally untestable.

* Only “observable factors”.
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* Test the manipulation of assignment variable

250

200 .

-0.5 -04 -0.3 -02 -0.1 0 0.1 02 03 04 0.5

Figure 16. Density of the Forcing Variable (Vote Share in Previous Election)
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— 7 &4 (Hahn et al., 2001, Econometrica; JOE, 2008, Vol. 142 %
1)

— 2239 A (Angrist & Lavy, 1999, QJE; Klaauw, 2002, IER)
- —BEZM4EAE: Lee & Lemieux, 2010, JLE

— STATA: rdrobust
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o« W ZF £ 4 (Difference-in-differences)
— )% B T BRI

— 23ty fl (Card & Krueger, 1994, AER; Meyer et al., 1995, AER;
Duflo, 2001, AER)

— STATA
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employment
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employment frend in _
treatment state employment trend in

. control state

—
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—
I
,; “““““ . treatment

counterfactual T . effect
employment trend 1n
treatment state

| I &

before after time

Figure 5.2.1: Causal effects in the differences-in-differences model

KN (ccz.zhang@gmail.com)



DID 77 =89 A2 B : %A

— =

* Card & Krueger, 1994, AER

Yist = O + ’]"P\‘TJS + Ad; + _-g{ﬂ'ris ' dt) + Sist

Y=a+B-Ti+v-Gi+1-I,+ &
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* Duflo, 2001, AER

TaBLE 3—MEANS OF EDUCATION AND Loa{WacE) 8y COHORT AND LEVEL OF PRoGRAM CELLS

Years of education Log(wages)
Level of program in region of birth Level of program in region of birth
High Low Difference High Low Difference
(n (2) (3) (4) (3) (6)
Panel A; Experiment af Interest
Aged 2 o 6 in 1974 8.49 0.76 -1.27 6.61 6,73 —0.12
0.043) (0.037) (0.057) (0.0078) (0.0064) (00100
Aged 12 to 17 in 1974 8.02 9.40 —1.39 6.57 7.02 —0.15
(0.053) (0.042) (0.067) (0.0085) {0.0065) (0011
Difference 0.47 0.36 012 —0.26 =029 0.026
{0.070) (0.038) {0.089) (0011} (0.0096) {0.015)
Panel B: Contral Experiment
Aged 12 to 17 in 1974 802 9.40 —1.39 6.87 7.02 —0.15
{0.053) (0.042) {0.067) (0.0085) (0.0065) {0.011)
Aged 18 to 24 in 1974 7.70 9.12 —1.42 6.92 T.08 —0.16
(0.039) (0.044) {0.072) (0.0097) {0.0076) {0.012)
Difference 0.32 0.28 0034 0.056 0.063 0.0070
(0.080) {0.061) {0.008) (0.013) {0.000) {0.016)

Notes: The sample is made of the individuals who eamn a wage. Standard errors are in parentheses.
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SOFTWARE METWORE

e Duflo (2001) " &9iEfhA2Te .

* 0.2

Age in 1974

Ficume 1, COEFFICIENTS OF THE INTERACTIONS AGE IN 1974% PrOGRAM INTENSITY IN THE REGION OF BIRTH IN THE
EnvcaTion EQuaTion

KN (ccz.zhang@gmail.com)



Thank You!




