FoiE ~vT U T FE

FTR T2 K DT, BOR & FEE LI RO T — 213 B3, SR DT —
ZIIARETH Y, INEEED O E BT T v T T S HMLERH
TL DG AITIIRD & 9 e FiEEHWD,

ERRIZANTT — 2 D+ 2H 0 BRRECE EN AR T A DETO
B, BT 0 —89 2 &5 IR Vo TV AR S T L SRR,
INERE—BYYF Y (exact matching) EFERN, SHHIZHNDE
BHPHEZ DI0E- T, lBIES A~y T 7 SHDEFH LD, 2D
EORBE, B o0~y F L EEHLDOTIIRL, bAHRELESE
MU TR LG (ZhE2RA =27 ; propensity score &
MRS AL BT~ v F U 7 EED L V) FEREZ LD,

BARM 728 2 0715, WBREEICRITN DR [Pr]d; = 1| 2)] 22V T L%
HAnca vy MEBIZL > TR, a0t & RIS, S DI
REWERFEBIZ T, FUEBICADbORtLE~ v F U 7 S8, R
ROVE)ERDDLENIBDTHD, T Ty F LT H2EITLHNEND
NI D, TR, —Ev vy F U IS TR 2O
5D Z L ZFBHDLNE I M, HEEKIRT 572 DITLEY 7 st LT
DODRY T2 E K TDHDH, b propensity score 23TV D—D
BRI DD (caliper matching &5 95) . £ive b2 DORFAOX Y
CINEBEEID Y THONRNNDOD, e, BENe~yF oKk
LCEDEIRbDERANDON, LWV RN S 52,

~ v F U OB TFEL R BIRICEEIC R 5 DT, I 2 TiEHkb
IRV, EERFIEOREARN LB Z FERN L TR E WS, — IS5
FRO X DITERT Z kD,

LS [y — Sw o)

AM = —
N1 ief{a=1 j

1 Z ®J71:1% Rosenbaum and Rubin (1983) 12 & - THI% & 41, BfE CIXBLT TR S
ORI DIERERA T TV D,

ZEBIC N ORBEIZ L SRHLT D0 L0 D 2 LIEIEE ORI R b T\ D, i
20 REMICIE LWITERH BTV S DI Tl <, BTHRRT 2 LR,

SEH DO~ v F v I FEOT Y XA LTI, Abadie et al (2004), Becker and Ichino
(2002). Becker and Caliendo (2007) xS Ihizuy,
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ZITYw(,g) =1, 0 <w(i,j) <1ERDYYFT U= Af FTH
%, Ny \XBEEEOY TN ERT,

SHHBEL LTEDR D R TN EZUBAREC~ vy FSELMENHIHET
BOMKRDE D I~y F U T RFIEPREINLTVWD, (1) REETYFUT
(nearest-neighbor matching) ®% % 5 Cid, £ TOEY T (%t
LT, RO KD 7ot 2l HE Ai(x) = {j|min; ||z; — x|} 25 &
L&Y 51, (2) h—=IL - ¥ v F ¥ (kernel matching) CTit, 7 =A
KD &SRS S w(i,§) = K(z;— ) /S K (25— 2), ©ZTK I
T —x VKA RS, (3) BIEI v F Y (stratification matching) & %
propensity score ZYJEIZ B L, JEN CALERRE & SHBEEA[E U A = 7 ha foﬁé X

TLI#& T, ﬂﬁfﬁ%é’?@ﬂijﬂé [ LA a7 OXT D RWEEIZIE, £
@EV\TC@&L@E%% RHR SR, (4) #BETYF Y (radius matchlng)
TR G 2RO L IZEERT D, Ailp(x) = {p;|llpi —p;ll <r} 37
B, propensity score DR r LN THNIEIT L LTy T 7
LEWVWS HETH D,

IYFUTFE
Iy the index for non-participant
Iy the index for participant

The effect of treatment for each treated observation ¢ € I

AMAT = = 57 |V = 3 Wi (i,5)Y)
iz j€Zo
YW, (i,7) =1 V;  the total weight of all

controls sums up to one for each treated neighbourhood individual.
C(P;) for each i in the participant sample and denote as neighbours for 4

those non-participants
jGAi where Aiz{jGIQ|P]€C(PZ)}

Nearest-Neighbour-Matching i~y F 227 (NN~ v F )
CN¥(pi) = min || pi —p; || .5 € No
L if |l pi = pj [|=min || pi = p; |
WA (i,d) = o
0 otherwise
NN matching with replacement and without replacement
If we allow replacement(FFIH FI) the average quality of matching will

increase and the bias will decrease.

| 1ER7 bABO=—2 Y Rif#EE &1,
5LLFIx Cameron and Trevedi (2005, pp.874-878) % £,
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When using oversampling, one has to decide how many matching part-
ners m should be chosen for each individual 7 and which weight should be

assigned to them. One possiblity is to use unif orm weights.(1/m)

All the m control individuals within set Ai receive the weight 1/m whereas
all other individuals from the control group receive the weight zero
1 - .
WNNU(ij): 1 EZf]EAi
’ 0 otherwise
Triangular weights, the m individuals with set A; has to be ranked where

p = 1 is the closest neighbour. p = 2 the next closest.

Caliper and Radius Matching

NN matching faces the risk of bad matcher, if the closest neighbour is far
away. This can be avoided by imposing a tolerance level on the maximum
distance || p; — p; || allowed.

I pi —pjll<ejeN,
oM Loif |l pi = pj ll=ming | pi—pj | Al pi —pjlI<e

w Z, = .
7 0 otherwise

Stratification and Interval Matching

To implement STM, the propensity score is used to divide the full sample
into M blocks of units of approximately equal probability of treatment.

Let J is be an indicator for unit 7 being in blocks. One way of imple-
menting this is to divide the unit interval into £ blocks with boundary values
equal to g for s =1, ..., s — 1.

Jis = {552 <p(z;) < &}

Nis(treated) =5 | {D; =1, Jis = 1}

Nos(untreated) - SI{D;=0, Jis =1}

(]
Average Treatment effect within each block

N N
AFTM = LNy Y JisDiYi — 5= Jis(1 = D)Y;
i=1 i=1
overall average treatment effect
s
STM _ STM Nis+N
AST ZAST 1514\-] 0s

ATE —
s=1

S
STM __ STM N
Adrr = LAV RS

o=
The within block average treatment effects by the number of treated units.

Kernel and Local Polynomical Matching

Kernel Matching (KMA) and local linear matching (LLM) and non-parametric

matching estimates that were all unitsin the control group to constructed a

match for each programme participatnts.
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And advantage is the lower variance is head for constructing counterfac-
tual outcomes.

If weights from symmetric, non-negative, unimodel Karnel and Wed , then
the average places highter weight on persons close in terms of P; and lower
weight on more distanct obsevations. Kernel matching set A; = Iy and s
uses the following weights:

WM (i) = s e

when G,k = G[(P; — Pi)/GNy] is a Kernel

that downweights distant observations from P; and aNy is a bandwidth

parameter.

Kernel Functions

Rectangular/uniform  K(z) = 3 |z |<1
Epanchnikov K(z) = %(1 —12?) |z |<V6

Quardrative (biweight) K(z)=12(1-22)2 |z|<1

Triangular K)y=>1-=z]) |z <1
K —0.522

)
)
(-3 -2 |z |< 1}
) 5
)

—o00o <z <00
A generalized version of KM is local linear matching LLM has a faster rate

Normal/Gaussian

—~
5]
N
|
5

3
@

of convergence near boundary points, and greater robustness to different

data design densities.

GijSreryGik(Pe—P;)?—[Gi; (P;—P)][Exer, Gix (Px —P;))
Yje10G,; XrxelgGij(Pxk—Pi)*—(ZkeryGikx)(Px—Pi)

WEEM G, ) =

Weighting on the Propensity Slone Hirano and Imbens (2002) suggest a
straightforward way to implement this estimator by re-weighting treated

and control observations to make them representative of the population of

interest.
LRt e ]
5[
Unconfoundedness

E {%} = E[Y"

The Average Treatment Effect.

E[ YD (1-D)Y

P(X) 1- P(X)} =B - Y®| = Aarp
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If the propensity score is known, the estimator can directly be imple-
mented as the differencebetween a weighted average of the outcomes for the
treated individuals and a weighted

Trade-offs in Teams of bias and Efficiency

Bias Variance
Nearest neighbour matching:
multiple neighbour +/— —/+
Single neibour with caliper/without caliper +/-
Use of Control individuals:
With replacement/without replacement —/+ (+)/(-)
Use of Control individuals:
With replacement /without replacement (=)/(+) (#H)/(=)
NN-matching/Radical matching -/+ +/—
KM/LLM/NN method +/—= —/+
Band width choice with KM small/large —/+ +/-

average of the outcomes for the non-participants.
The weights can be normalized to unity. The simple weighting estimator

is given by

icl,  1-P(X;)" ih, 1 - P(X;)

SE XXk
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