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48 VIPHEY A 174 A 1%

[.A &

AR AFAY LA AFFel oAk 2011 d <k 828 of|A] 202200l = <
31Z1AY o= F53] guEglon, APEA dite 22 717 oF 1. 12 ellA
oF 2.5% oz 2uf o)} FUelth U FH-e] dxje] Al FEIF AWM &
ol tigt AEe] Hgdo] A=, A © A7 Festl B H7H
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HE D =], ZAY fAke ARS A718 o' B ek W7F A3ts vl arbs A
I B GH ofelgs Av 3R deA th
THANE Y B35 d7e At ddEE olRE R 7HE WrolE Uk
A, fAE - ELE HARIY Algeltlete FH (L - AL FEA) o 4,
o AgF} 3 (we} A, wEAY A4S ToA AR v2H, 7 AR
ztol= Zdolgt AR =E Yehte dle] ok &=e] AFolME FHANY 1
444 whet o] zto|7} Ak AR S B3 Aoh(Martin, 1998). &
71 AT AR 4B A A EHE getely] oA sk 9ol
"ot F4 Hor Aoz A%E A5 A= (observational data) & &8 &7}
< P/ ate 9l Hedl, AAl HZ ATelA WAL nefste W
sk Zlo] lETh (784, 2020). AR, ARl

u}
up} A Ayl ke vt dubd o7 At A sbge) wel Hred
< S

P

R L
ox,

X odo n e

ol
N
S

s, o] RE HPe ATAe] Foo] A IFE Ve, AHL Avh) B
A, o BrARHo] ATAT} AN Felololokt SheA, WS Aue AT 7]

= Folon o & Was ALHAEA, B4 B2 AAl ezt AEE

=z
o — T
74 (data generating process) o] Z3F3t ZAQlx] o] o

1) AAAE 9 (2021) 9 & 2-4 F=.



CML) & 71&9] 724 Wi e =] Al 71A] AHelA] zto|7t sith A, H7ked
of glof ul-f- At (flexible) T FHjol 7|23 QA F2& A|Edt] o] 2]
v welel] wet A (y) o AR (x) o FAAR s sk diil
CML= dlo]Efel] 7]¥k(data-driven) 3] 15 Alole] TA] A|FE FA] L= A
= WS Age "ok 2 A3 CMLE 238 A3l 27 (model specification
error) 258 ¥wA 2HrEths 4ol Aok =4, A3 (Y) 9 AEs(X)
o] #AI7} 374 (estimation) ©] obd dxe]Fe] 274 (algorithm tuning) & 3l ©]F
AR vl - HL3IA ZAF approximation) BT} ©]= Q1A 2| 83 o
= (prediction) ZFgellA] & 7HE =8t (Athey, 2019). AR, CML Z=211
o] i X &7} (Average Treatment Effect, ATE) ¢} &7 stxehd 2 x| &3}
(Group Average Treatment Effect, GATE) & ZA% *]X] 23} (Conditional Average
Treatment Effect, CATE) & 2J¥slo 24, ZFAH o] 783t JHE A3 = 9
th 2 A EAAe] Hid ayel ATEE A Auke] A= 7hEe & o 9
gk 2|30l A|RE, ARQJe] of| Httel] E3p7} 24|, He Foate] B4 wet Sk
o9 DGR =AE gotshe vl Bad HEE AFohA] Rtk wepa] izt
Eol] W2 o]d A XX &7 (treatment effect heterogeneity) & HIES.2 GATES}
CATEE F%3ste Ad2 7t 23] dadds 8 S85E ol vl =% @

B A Ta7 -2 ekl acka thed 2 ANAAAE 498 &

A2 2ARAT AMFNAE Qe AHeE 228 37}
| ZwolA vBA 0w Atk A, FAe] BIE =
B3] 919 FeAA e Ansel Bl Wse) WA FAE G5 el A
F2 Qo) A7 Ak 5 vk v EA, FA

FA F7PPYE GATE =& CATES setd 4 sich ohit &
3%, 7R 7INe] F7Pgwe] GATES CATE: 2 7B BARE S 71



50 SFPHEY A17A A1

7 54l whet tEA Yehhs A8 oA S AU E wrdekA] Zete
b 2 BAAS AR & A7 A4 ANV = JAFAHA FE5 9
34 (properties) & AW EIITL A8, 53] =A% £ v
2dE A4e At SdatA HEon, HIole g FHENT A5
< dol Q1A F2d| vileld S AF408 Agahe W R Agvt vepta
ALk 3 AFox] fEE <
machine learning, DML)2 ¥ 7F 18 Fejo] BAE 7o
A @319, A S ulkz
L gx gola Aoz A 9l
AVAgdM= DMLE 283 A2 fevtet A9Fd dolHE 4% F 13
AT 432 DMLZ 338 £ a3 (ATE) & ¥lwslal, volrl GATESH CATE
< A g3lo] TA a5 dUsH

e 2t

o
ox
)
tlo
X
D)
=
b
&
R
i’;
U
P
1o,
o,
i)
ox
tlo
K=
©
of
ol

AHE AASATE HAlY Aot A2 WHS +
Fohe Ak on] e AdolA|Rt, o] % AT Aol Apol7F £AALE S AlolQd
Al S R ERS AoIAIE £316l7] JlE0iXith whebd DML 71&9] W<
Hlaskd & SAd] F45k] ffef AIVAES e or FAG AR AR HFS
A 34 SN EEEE 2HE Hasiiith £ A VIZelAe <
T AHE 2oF - Ak
1 A ool B QAT LA
g ZzRaAe A4 =5A8% F (Active Labor Market Policy, ALMP)’

o] T8t e shteltk. OECD =7te] Fol& H™l 1980t $8F HA| ALMP

2% 2F 30% 5 AR AAFA A &L 2010-2018A0l & 25. 9% F=7HA] sk

e, ZPETH Aldo]l 2 ALMP 93} vlws) v &o] Ho] E1, &3

Tt Bt B I AGE-d Fofol AFHo|d A¥E Helth

AgFede] gl A = - ﬂ%ﬁﬂ e A7 Ao FElgh AEe o
A

12
| E9o] Al nXE ANE BAT 5

g0

3) https://www. youtube. com/watch?v=L72E08QsyMc &list=PLLyRS3U0I8vHseONz-B0o9_viDns
EwSBw2&index=1

4) & &E 21182020 9] AR5 Fxste] At

5) OECD https://stats. oecd. org/¢] Labour market programmes



= A+ (Koning and Peers, 2007) 58, 37} Jdoet= vf$ 22 Aolgte= 2
} (Koning, 2007) 7} 91& WHA, <Rt (modest) & &3 (Kluve, 2010), & F - 4
71He =z on Qe F Al a3 (Card et al., 20185 Vooren et al., 2019) & 7%
gk A7 ok mAIRt R Jﬂ7}7l (program evaluation) & 283+ A7-2] A3}%=
dzzlz vk TE viAS AHEs Z3A ARIE 43 AdF(Cavaco et al.,
2013) &} Frlyole] AP FHE A E AT (Rodriguez-Planas and Jacob, 2010) &
AYgEd 2] vzt vl Foizte] HPLEC] 5= HiaekloH,
Doerr (2022) © 549 FANSAHALE Fal 2FEdol] Fofgt AHETHE oJAJ 9]
AL Eo] FofskA] 2 vlugdl vlg] dAs] =A vehds g
Nivorozhkin and Nivorozhkin (2007) < FAFoke} Aol wpel 2 aslel g3y}
dojHolA] Gas Faeh 72 A (random experiment) & §3l A 4]
= AgFde] Agel nXE A dFS I itk A Hirshleifer
et al., 2016) ¢} 23|8 2gFTHo] FHPd| 3 A olzl= A} (Rosholm and Skipper,
2009) &} <kzte] T84 Bt ERlE Tk AT (Yeyati et al., 2019) 7F SA

U A ARE A TEA] gol, AfEde] AP (AA e AFY EF)
T8AQ ERE 7RIvke AT (0188, 20005 FAF - o Fel, 2008; <=3 €,
2015) &} BAA R Faigh goE IR 4 glvke A7 (HEA - 9=, 2015)
Uo7k 8] FgAQl 2aE Rive 4 (2R 9 2010; 771 9 2014; A
84, 2020) o] A8t Uk AR FLS T2 i) Aoz dAlE] A
& BUHE st daesd T S8 B Ao x Bt Aol v
WFsdT A FH g A AR dHA U6 2E HIZo| AFE
2708PH, Lee et al. (2019) 2 OECD PIAAC (A JQGHZRAD) ARE B3 4
& A3 feivet AgdEdoe] &5 HYSE ol 53] 1" Fel el 3%
I A2 gon, 484 9 (2019 & nEHIAARE B AA A

- °

MA—"T1

od

o F9 oF 2uE A& Ao Folt L} 9&E FAAALT
6) AFeEATAL AYA DEFGRA Aol HFNA DA Aol EIHE Aeinm 9]

Rl 189
on, I=nEHEYL il AE T4 ‘dARIAK HVE N/\]a‘]—j_ ATk
= 3 3 A7

T - 773 (2010), A= (2016), % (2021), A xul(2023)
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. 712e] 71 ol gk wad A
1. 7|&e HoEAM WHEol ZHH

Z2 a8 Fojxpe] mAztE FAE o] &alf Aol e S she BHEA WY

& A F2¢] 54 Al&H (randomized controlled trial, 74.), TE3PH (balancing,

Tipw)» AT 719 378 (regression-based, 74,), 1213 d#33}¢} 3HAEA S

A olF A F4W (doubly-robust, 7p,) &= FEETLY ot 2] (1) <A 2]

4) = AAFE v, 54 ¥ (covariates) B X. FH Fo] o RS YehfE H)
0,1}clgt & uf, Zt FHyell ©E ATES] AL HoFrh

1 DY (1-D)Y
T[pw = Z{

n

0 =00 ) (X)=FE[D=1 1| X| 2

e =ElY | X,D=1]-E[Y | X,D=0], E[Y | X,D]=X3+7D (3)
= Ly P2Y= {D—7(X)}E[Y | X,D]

Tor =7, m(X)
(-D)Yy—{D—=(X)}ELY | X,D]] )
1—7(X)

2 (1) 9] mp. = Y DY OJESt] AAEHRE FH k= AHAA HoRA, T

29 wide BElA AKdel et Forh #5 EVFse WS (selection on

unobservables) o] &3+ JES wjA|gto 2N QA FEO 0 FE AAL F JE

o] vk v 1oRke] 2 (2) -2 (4) €] —‘zrxé‘?i% dlolel 9} #ste] A=

A (5 B0, 3 A9 Ao, §84 5 wgstr] flal %

Alell V3834 (propensity score)’ << w(X):E[Dzl X 33 5714
3

9 ST AR

o
oX
1o

(o]
=)
@
Ll

(outcome regression) 'Sl E[Y | D, X]2] 74
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&
i
N
o
o
g



o

AR e pet xo] A »(x)2F vk D, X9 TAQ E[Y | D, X|E
Ak el SR diAske FdA AsE A 2R (misspecification
error) & A13A F2o] Ay AFAS F ks =E Y<le] Hoh

J[m

2. XMx|21} S&M(treatment effect homogeneity) 2l &M1&

2 (DellA 4 (4) o ATEE 72402 AXPSE(D=1) 3} SAHAX(D=0) A}

olo] yo| Wizt xfol2 A =1, <:La D& ATES] 4l&g AAH o2 HolE
o, WA AR 8§95 HoF= dF O3 SAFEe] 08 O9E B
ATE=E|Y | D=1]-E[Y | D=0]=42—-25=17>0°| ¥, o|& nlgto =

‘zaode It ok ehe H9E @ 5 9l
At x gl wWE ZEad 32 BW x< 109 u ATE=0°]9, 10 < X
< 20¥ W ATE=75, 20 < Xol|Ax&= ATE=-252A] X ko] 270l we} i X &
ghe] A7} e & 5 gtk AxEF e o] dAS nele W) Zeae] gk
10 < X < 209 €3+ ARl thajaet el B g vl g3} AV 23]
BARlg} & 4 otk (18 DI} go] AEE e Tz gk A
AEAAS =ol= o #83 FH7} Ak

(ag 1) Mxlzote] SEHn 0|2y

¥ Y
100+ 0600 100 =
75T 5T
25 19000 25 —606008600006— £1vD=0)=25
+ BBes— x —F—— x
0 0 2 30 0 0 20 30
D=1 D=0




54 VPR A17A A1

X Ze] o)|FAS meslr] Yall ik /19 21X E 7} (Individual Treatment
Effect, ITE) S rgt & o], x=2z9 7iAE9] Zszﬁ Bt AR E2(CATE) =

:E[TZ- | X:x]ﬂ' "ol olu] 7(z)E CATEY F3A&z s, r(z)<

7(2)9 Hi AF 22F(mean squared error) & ol#¢} o] FIHTL

E{{Ti—;(x)}Q \ X:J,‘]:E[{TZ-—T(x)}Z | XZx]

+E[{T(SL’)—7A'(.T)}2 \ sz] (5)

21 (5) 2] LEZAM AE X=29 ITES] 2%
A, X=z NS ITEZ} oW RFe] X5 HoleA|df upet 2717 2% €t
wkek x 7} 243 A Eohd (well-defined), EA™G X =29 7§019] ITE zlo|&=
32 &S AolmR A9 e oA Hr}t Ax Aol A7|E Zole AL ojH
X Aegtozn x =9 7l ITE #folE Hislel=rle A2 HZAHh

£k (conditional variance) -2

o

4 (59 ©EB%IN B CATE (r(x)) F4€ Slel Heg 23 (7(x)) o Arht
At $5A0 Weh 2717t A4E. weid Bl 2718 Folk R Wi
Y g BA AQEeh 7120 BARAEAA 1o)E A -4 (49 2AT
Fehe ol PAhAEE, 2AY FFE FoE YA Dot xe] WA wE vl
xo BAG £ F3 glol, ATES 2ol ‘B o7 b5 *é oA el %
Gk olshe Wl F4she Q3 mled e Amel Jwee] 4% Fele s

E Alole] BAZS 3]83the MollA CATES] AkZol] glo] Aol %E‘r.

mAledE A8 A77F A2 e AP ik 2012958 20181d71A] <F
TRt 7 e ~Edelote] Ak ARE wAleY Xgboost) & 483 #4S E9
<@l B (skill shortage) & =5 AT -?-(Dawson et al., 2020) <} AAA}L £
o137} Al #E) A} (caseworker) 7} B7Fe A7) olojd ZEZS w4l



(Random Forest) &2 o= - ¥t A7 (van den Berg et al., 2023) 7} Itk 10

AA F2o] WAHY S A8 Al 24 dAole] o5 HE Fglo] FAtd
nAe s ot Haled WHE B8l EAeh A (Krief and DiazOrdaz,
2019), 29]2e] mgAu A 2 2kg] wAaled (LASSO) & 283t Ade
AW s 2 T30 (job search program) & o]AA < 35 £2% A+ (Knaus et al.,
2020) 7} SAE 1D

(‘high-probability’ group) & 2 =5
#,12 Goller et al (2021) & 1A wiilelyd WS A83dk A
training), Y AHE &3} (reducing impedients), LA - #<d 48]~ (placement
service) 7} 71847 A wA= &3 BT 13) 5

e QA I ~E (Modified Causal Forest, MCF) &
e guae] o]dAS weksln, Tzl AFAS %0171 QA7 dlely 7wk

(data driven) & AAA Z7 (optimal eligibility condition) < A ¢Ftth
2. 0| mAlz{el(Double Machine Learning, DML)

B AollXe FAAR] 3 Fee] 7P ollA] AHFEE (flexible) H7HEA W=
A QldbA malegdel syl ‘o]F walEY (Double Machine Learning, ©]3}
DML)’& &7138lz DML 3489 A2 (properties of the DML estimator) ol thal] 7+
25| =25ttt 3} (Chernozhukov et al., 2018; Ahrens et al., 2023).

AAATE Y, A (treatment) AF-E YERN = Gn¥<F (binary) & D(€0,1),
EZdWS (covariates, TE features) & X = (X, X,,--,X,.), U VE n#g

(disturbanceS> O]E‘r g, ALE(y, D, X, U, V)9 A7} B33} o] £

10) F A= vilede AABAL] BeollA &g T2 ofyrh

11) Aol g3t @]z oz o2 (treatment effect heterogeneity) o] SFElshd, #7140

£ oA 52249 (homogenous) Ego 2 UehdS ¥d]a dth

12) AA AAYE2L=ZAES L, 7 obl Hk (sub-group) o TR} kel £3 A7 2=AE
S, Ly, L2 & W), high-probability L, / 5,5 7leew FEdth

13) A& @A Mul2rt 71A9A Aol 7P 2 =%l Hv, 2 33t 7P AlSsAl Lo

v gk e#iEet A&dte s st
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Y=yg,(D,X)+ U, E[U| X,D]=0 (6)
D=my(X)+ V, E[lV | X]=0 (7)

Ry BESS A8l g, (D, X) = 0,0+ g, (X)L kL olw] D7} vel] mA|=
ANHA Fge 9,0l <&l 22 =], 0,5 B3] 387 o2 ol fr= Wald
4= (nuisance function)” my <} g, A 821 (confounding factor) X7} £a8}7] wj
otk (a9 2)& HH path 2= D7} vol| AH 932 = 527 H7| = 4
g Bl X7 DE AA vl 9= FE A T2 (path 3—path 2) = "t} w}
g B4 291 x7F EAT wll, 6,= D} v A3 T3 (causal effect) ¥ETF o]
2t X7} vol mRE ‘A 23 (mediation effect) 7H4] E3sHA] €}

_4
0\1
—|‘

(T8 2) EXf 221(X)2 X1t 2oty FEo| ol3F

DML 0,5 A¥st7] g A& va3 Zo] AuAoln hdsitt. AA,
X]

90(X)=E[Y | X]¢ m(X)=E[D |
2 dEsly, U=Y-g,(X), V=D-m(x)2= 4 ©F 4 )& 223
(residualized) gk 19 &4, 7 A& JAshet &, Fxp3tol] tigh 2ap3te] 3l71&
A (regressing the residual on the residuals)’¢l o}z 2 (8) ol wa} 9,9 F43] 6,
£ T "} 16

14) AN A% D=1, a2x god 09 % 7K.
Al

15) é] <6>34' ( )'/] g(r@r mga UV‘]H‘E‘EE T oiﬂ zﬂ—\:]——— ./]ﬂloﬂlﬂ ] (double) 1\"IL7°]
g 4ot
16) ©]= Frisch-Waugh-Lovell theorem’o]g} &+c}



G (—121/2) (_IXZJAUIA/) ®)

DMLZ 3 ¢ = gex} 2e A4 (properties) & 7HXE Aoz LA 9l
ok A, 07V = 999 (debiased) @) A< 71tk Chernozhukov et al. (2018)
of e, /n 60V —0,)& olelgl o] Hajgc,

V(0" —0,) = 0, + 0,

A7 0, = <E[v21>-1%2(n30 (X) — my (30)) (90 (X) = g, (X)),

Hm e =0 o
A (9 oM nsoo D o \/u (6, —6,)E 0l <8l AFE T, T m, (X) -
my (X) 2k go(X) = go(X) & EH= 0019, Vn (6, —6,) =0, & plim,, ... 0,
= 0,01 ARHITE o7k my (X) —my (X) = 09 g, (X) — gy (X) = 02 Z-F, m,
S g7t me9t gooll 27 0%, s 29 HlmA Y e Hasitee, T g
(product) ¢! O, & no ol e Hr g oo sEs] plim,, ., 6, = 0,7} 73
a7 #rk
=4, 6,8 wAed 383 g, myoll Wl 274 (robustness) < 71t gkel

21 (8) 9] ‘RulE ZHA (moment condition)’ & o 2oz FETE

m&‘i i

Zw(YvaX;éovéoaTﬁo):O (1())

3|~

E[$(Y,D, X :0y,my,g,)]=0 &2

047]}‘1 1/1(Y,D,X:90,go,m0): [Y—g (X)_GO(D_mU(X))] [D_mo(X)J
2l

A

rr

& Hegr 24 2 (11) 9 Mol F wAd (Neyman orthogonality) o] A # 3}k
o2 d#HA dt}(Chernozhukov et al., 2018).

0,E[v(Y,D, X0y, gy, my)] - =0,

Mo = Mo

o] 7] A 7A7: (éovﬁlo)’ no = (g¢> my) (11)
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4 () o] elvlale vl Bae, walel 248 1= (50.m,)7F 2 (true)
S AR F83] e
(neighbor) ol $1x8HAl =4, 2] (10) ¢ ‘E‘?ﬂE 28 o3 AYsh, 1 A3}

0, e A8 FEe 0, 332 (valid method of moment estimator) 7} -2 L=k

I
mi
52
g
,m

= no = (g,mg) < ¥

o} AZEAMA g, =9 ZAS 23] YA 5 A= (predictive
power) & 7= Aoz 4zl wilgde] WS A8 Hh

DML m%w L RO T3k Rk 30, AopEs (), AXMEE(D),

<l 'J(ﬂelele) Pee] WAE 7o RN Ao oFENE TSt wAE A
F HE AT 5 vk =4, DML 318} sk ZgollA] dHioly 7|RE wAley
S B3l Weldrel dE e wdowA Vi -UAA (Vn consistency) &

ol dE /Al Ak AlA, HE Wl

3 3ln HoE 4 (debiased) 3h=
Fgol gHsA Sttt lold AuAd el ols) DMLE RHlE 23& F53}
= st fFES FEA e A4S 7 ok

DMLE] -2 7 A% 14 Hart 9ok DML (I8 2) X9} 2ol #
= 7}%?'?}<observable) A 2919l EAE uf, AX 8IS FYsl= Wolmg, 1t

ok x7} B= EIF53 (unobservables) A, Q1#pEEo] Ao g3 ‘FEA)
unconfoundedness) 21, & (vYLD) | X5 gxg 4 gA 5o DML 23}
= AEE @7 ¥oh. 2= DMLE #5 7ledh 4] W] #A7F 248 o, 73
At FHe RIS B AXNEHE FHsk= WY Hon, #IA=
(observational data) 2] SHAIZHE <& 2]

A A PEe ohidk

%
g

9] FA) (selection on unobservables)

3. Xx|=1te| 0|2 M(Treatment effect heterogeneity)

Zzgade]l A4 g3 (r=0,, for Vi)S 7FE3 2 6)S Y=0,(X)D+
g0(X)+ UR 38k AN &3} 0,(X) e Foixte] EA (X =z)dl| g} o] 2
& 7RA I ‘“B&A] (unconfoundedness)” 27| A o] A& X &7 CATE
© ofgfe] Ao Foiith



0y(z)=E[Y,— Y, | D=1, X=2z]
=FE|Y|ID=1,X=z]-E[Y| D=0,X=z] (12)

o (X) 5 Adshs Belth 10 SR ) (2) 9 g1 (2) & w2 R o Sohe 3}
ol wrsh= Ttal Mol (regularization bias) & 6, (X) 7} AR F4=A] %
Sed

0y (x)7F 2 2% (neighborhood, N(z)) oA diA ez A3 g& 7HKiv=
7V stel, A (8) 2 DMLE N(x) o] B8ala 4, (x) 5 4 (13) o23E 73
A "t} (Athey and Wager, 2019).

. &) Y_ gU (D_T;lo(X))
0,(z)= D= ) (13)
XeN(z)

o
d
o)
} >
N
r]I
iy
=
&
=
joN
o
8
o8
=
0]
128
o
o
1)
D
o

olf 2 (13)¢] N(z)= #
neighborhood) ©1™ g, (X) 2} m, (X)E o}eet ALkec

R _ 1 B n 1[X16Lb($)] - n
go(X)—E;ZYW—;Y’w(I) (14)
o1&, XELR)] ¢
my (X) = B;;D LG —;Dw(x) (15)

o714 BE w7 (bagging) & ¢}, L,(2)E Wi-(tree) b2 & (leaf) S EahH,
1[X,ELy(z)]
| Z, ()]
< w3 A (13) 3 4 (14) o] mE N(z)old FowEe Welds g, (x) 9

&R o 2 Qo &3 BEAE 5L 1EAS /XA B

17) WA g S A8t 7AWy ( -learner, T-learner, X-learner)©l thalA+ Kiinzel,
Sekhon, Bickel and Yu(2019) & IF%& 4 Ut}
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nA”LO(X)E— YV 2 D X=zNA wz)E 732 AHg3 THAE A9 (forest

kernel) & & 4 itk

S5k 19
2 golA 7k 2949 Aol Ari} WEo] opd W F]Qlehs Aoz

_7'{‘_
g % glon], ol Ayl eRENE vwA ARERL FEAe enlds
B4 e BHom s DMLY Ave EAas 3090 e AXske
63 Fur} Bk

tlo

B ood3= 20139 22 FE (Work-Net), FHAH (HRD-NET), 18E3
AZdste] gt FARE-FHAGE-FHY A5 E ARESIATE 20 200000 FHt
AAZA] (2008~201013) 2] AlZFl A WLHlS7=A] (2011-201999) S AX UL

.

it

18) h, & ¥Hg-3r (response function) 9] 2}l 2, A9 P g3} TATET:E[ Y- v D=1]
=E|Y, | D=1]-E[Y] | D=1]sk= FEAL. fAg @?i Klauber &

023) & FE97F 185 B ge&ol v e dTFE B4
2 A 2k (heat-related vulnerability to hospitalization) 2 ’&%3}»\*“1 HAAF Eéﬂ
o Ae3 AFEE Cengiz et al (2021)°] Utk 34, B A7 FA A< (target
parameter) 0, h; X3 AR & JFE A FE Aoz

19) 4AE A Hrhek 22t 48291 Jehve 2
H W89 zto)), FARtEe] oA (¥4 1 - AL
A7) zto] (T AT A o vkt B A L
TG dEHQ ETHEHE oulete Zo] old |E £3e4 Wy 8 7Med 4
Fo|tt.

20) 2 Ao Az Wik B} GG W8-S -84 (2020) & 2T & ik

rlo
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i
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HhE7HEA (20204 01 F) 7] ERAES AL 2 Wshol vFe] 10de] A 3}

7 A2E FA3kE o] JA AAFA ool 9s 4 ek AHg 7Fs 71 HAl

o ARE 459 @A A U 2o w38 Polehe AL e T8

& Aeigle] BYG IHE BPE B A7} lmH 02 10d0] A AES
o

EAAEE 79l 54

HAE PR (o] R, Fo] FRIY, T, Y oF oF) T OF UFE
Fstar olek @ Amsh 7R @AE HY, SAUdeR AdeA . AR
B, FAPH, 28HY ARl £AEA] @ot reiE e AUt vk clE 5ol 1
SAlE ] P55 S "6}74 g A Nxﬂ 4 oﬂ ottt HRD-Netell &4
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)
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rr
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l
ofo
T
)
E
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_>,i
ofrt
rlo

=AM Al

(38 3) MRS 75

ARtz

e | N=276826

predict (¥ x 0=1)\ 7

predict (¥ ACJ.;:O]
=h

~o_ _ (Bumy-sscsd)_ _ _ _ -~
nok s 2 gy

(O™ e BHARY 15 S Hosoh WA 18 - v (2015) 4 718
A1 (2020) o] E-A o] A8+ YALE (Raw data) =] (N=2, 768, 712) 2] 2F 10% F&
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(N=276, 826) = 729 F=3ISth 2 & AFe dubAQl vjilelds 71 ujet
10% 3E%5 F¥ vlo]El (Train, N=249,143)'¢} ‘Al o] (Test, N=27,683) =
sl on, 22 Qb 28 93 DML 4-8317] ¢ Alg dlo|E & tA] ‘g
< (Learning) Hl°o]E' ¢} ‘4 (Estimation) Hlo|E'Z Y1, F dlo|Ele] DML &

18 ES A (cross-fitting) 311 g, mE TaFATh

o

. 10% #¥ (10% Random sample)
AR5 _ :
W (RL data) 4 (Train) A& (Test)
aw data o] o]
A AR (y)
- 0.32 0.32 0.32 0.32
#H4=1)
F4 (D
AT (D) 0.11 0.11 0.11 0.11
(F4=1)
o}
el 38.69 38.71 38.71 38.72
)
A
(1) 0.44 0.44 0.44 0.43
A9 5%
0.48 0.48 0.48 0.48
(AL=1)
8 (%)
aE&n| gt 12. 47 12. 47 12.52 12.01
a1 36.55 36.55 36.50 37.01
A 20. 90 20. 90 20. 90 20.92
Z o 30.07 30.07 30.08 30. 05
F2AAE (N) 2,768,712 276, 826 249, 143 27,683

ZAol S a9 23} vole 2
449 Best Uk (E D AxE B

=]
R

HgolA] AR HBIYE 716
Aol BAARE] 7|2 EATE Mol

N o

o
=
o,

122 (Raw data) & £419] A4 2ot (computational burden) & Z0]7] 93] F219] &

% (random sampling) < 3F3ith

7—9. oz F4 dolg e} A1E dHolHE 8:2 AER ¥ &R YA,
0}9\1%131, ol B2 HYEY T FAE A E- o]

Qolhes &) fIglu.

i

22) A of] 4]

g o83
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(A1
Fon, AAFFA Fodt A¢E oF 11% = Vel FARke] B A% 38.7
43% dmA= ooz AdH o] itk Al T2k 48%
JdL Ao eokslgdon, SEEYE B o] <k 3742 /Y Bo

], olojA tE o} (< 31%), Ml (2 21%), nE0|RH(SF 12%) 8] &A1& B

2. B XMx|Z1HAverage Treatment Effect, ATE) £X9| Zn} H|u

(E e 74 ¥iS Aold whe 235 HojFu sk, SAMse] 4 d3s
sk o, & Aol A Al FE o .
A (BY 1)~ (2F 4) 9 928, 10% Z&, A1E deoleed OLSE 288 Azl
A ATE®] gko] -0.101- -0. 10322 v]$- ¥]5=3k A& ge1d 5= 9lom, OL
g (& DO} 7|12 AFeRTE 2 A7 2HAtE]] A9 =
A ARERE ‘%Z}E’ Atelell 2ol AW S| FAlEE Aoz dAddrt
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_/[:
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29 19 FRAPE (29 59 Ao
o FVithe RelN 94 fa7h A% gEEE AS G 5 A2 ThE o2 vl

2) AW S4use] noke 784 2020 & 2w & Ak
24) FE oR(D) 2 HAY AR (y) & #AE 44 0(—cov(h D)/var( )+ A (=cov(y,h)/
, hE 2 3 39 A [7’ JJrhE EE3 7Y 49 —r7é]

A
FA02 EAEG. B4 >0, A<0z deptuia, §°
=—0.1019] FAVL AP e, ole hel Feo] HIH FHAZ oo
xel

A e AT 5 EAE B A4 28754 AN Bk 2w, 44 Agos
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(% 2) &&o| Fdoi o]A|

[

=

o7

O -

X x| &1} Average Treatment Effect) H|m

3 AEA 7)4 (regression-based) 9139}A vl (DML)
OLS OLS OLS OLS | Probit | Lasso |R-Forest| Tree |Xgboost
(B D ((=E2|(RF 3| (BT H|(EF 5| 6)|(ZF7|(EFY|(EF 9
10% | Ad | A8 | A | AF | AF | AE | A
s P |
F& | dolg | wol" | dolgl | delH | ®lolg | HloJE | HelH
Fd oy -0.102%* |-0. 102**{-0. 103**|-0. 101**|-0. 305**|-0. 092**|-0. 074**|-0. 085**|-0. 070**
(F4=1) (0.001) | (0.003) | (0.008) | (0.008) | (0.027)
Lol -0.012** -0, 012**|-0. 011**| -0.001 | -0.002 o o o o
(0.000) | (0.001) | (0.002) | (0.002) | (0.005)
Uof? 0.000** | 0.000** [ 0.000** | 0.000 | 0.000 o o o o
(0.000) | (0.000) | (0.000) | (0.000) | (0.000)
3 0.021** 1 0.020** [ 0.015** | 0.001 | 0.004 5 o o 5
(dAd=1) (0.001) | (0.002) | (0.006) | (0.006) | (0.017)
K 0.030** | 0.033** [ 0. 026** |-0. 027**|-0. 075**
O O O O
(e=1) (0.001) | (0.002) | (0.006) | (0.008) | (0.023)
e
(1E=2% W)
Z 0.031** 10.030** | 0.015 | 0.019 | 0.056
s O O O O
(0.001) | (0.003) | (0.010) | (0.010) | (0.029)
Angz 0.050** | 0.050** | 0.030* | 0.028" | 0.080* 5 o o 5
ST 0.001) | (0.004) | (0.012) | (0.012) | (0.034)
92 o4 0.028"* 0.028%* | 0.023* | 0.019 | 0.056 o o o o
1 (0.001) | (0.003) | (0.011) (0.011) | (0.032)
AE 18714 -0. 493**]-1. 395**
O O O O
A% (h) (0.048) | (0.138)
] 0.557** | 0.554** [ 0.553%* [ 0. 557** | 0.182*
g
(0.003) | (0.010) | (0.030) | (0.030) | (0.084)
#= 4 (N) 2,768, 712] 276,826 | 27,683 | 27,683 | 27,683 | 27,683 | 27,683 | 27,683 | 27,683
F1 1) "'=5% BAR w94, *=10% TAA R+
2) 23 ko] A= ¥F 9 A} (standard error) 9.
3) R-forest+ Random-forest, Tree: Decision tree$d.
olojd &L A e AR FE A He| (sample selection bias) 7} &S 2Jv] 3k

o



gom Felo] gl Mrke mgo] ¥4 %ok & St WlslE ofFth 1 01
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)= WAl gy (X) 9 m (X)) 205 7]Hgke F43sk= H

i3 maleld gate|Fd| 7Rtete] 7 DMLE] 4 2as B 9]

o} A5 Hiek Zo] DML y, D, x¢| @Al Slo] g deiES FHFe=A

AR LRERE AHEL, dobl B R dRer RS BHE FY2

(valid MOM estimator) ¢] &5 7Hthe Mol T8 &3] Wad S AXE 5

Atk 4 DMLe] ATE 3% ZzhR= -0.070~ 0. 0922] H el BAHo = {2
¢ 9] = 7 AR YERTL

=

d

(a8 4) FYUHYol| e FT XMR=Z2HATE) Bl

0.00
—nTE = - A
-0.0408 -0.0515
-0.0658
-0.0750
-0.074 | 'l_ -0.070 -0.843
" -0.085
.10 | 0.0%2 LEB2 _I_ 0101
-0.0091 -0.1041
-0.1087 01173
0.20
-0.2520
0.3
a.30 0308
-0.3580
0.40
lazso forest trae xgboost oLs Probit

" HE (238 6)~ (23 9) o] DML 34 Z3ks} OLS (28 4) ¢F 28 (28
5) 02 F33F ATES] #3 95% 212|747t (confidence interval) = W] w3kl Stk

(¥ 4ol DMLY OLSS] ATE 2 vlssl, L 28l Y= tha 2le]& B

25) Card et al. (2018) ¢] Table 3(a) ol WaH FHS W] (Z2a £8 F 1d o) 2t} 3]
(Zrag T8 5 2d 2o Zapt vebds Wi sl
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o], 53] =2yl th2 FH vlal Y& 95%9 Al S &
= % g ¥ 2AE (random forest) &} Xgbooste] S8 A2l #
S8, LASSOS YAFAA U (decision tree) & A Tt 27 © A A A
(@)

A3E Ford ZEEl Ry ATEY] &9 835 A 4 /s 9%

AE Btk wha OLS9t FARE b Bl

DML &3 el dat /g et o 1 &3 34wl W3S Axlsta 9l

on, E3] MY T AE9} XghoostE "% FARE FYAS g} FL 41377
)

=
Holths AollA 73t Ao wActe.

3. FlekH WA Xx|&1HGroup Average Treatment Effect, GATE)2t =S H
1 X%x|Z21HConditional Average Treatment Effect, CATE)

v she e /\]33?% = A (population) & tldo2 st ATERT e Fdh
o] Bt &3 (Group ATE) & A¥|Fe] A-sith. (18 5 & dAldoz 43t 3
FEHE TEEE 800 Jd disl DMLE %3 GATES] Z¥jo|t}. 26)

(a8 5EFH 53 2 o] Bk A, A4 1Z TS SAK R
frojmet B A<l Fd 35 Holn gl B, L W tiRe] HeelMe F4
219] 95% AlgFito] 02 EFeta Slo FAACE n7t e T 2HE Ho
A et =4 HlE SAA
23 (dEdE A9 o £ 23t 04’2?&5} 9F7J OJ S Ao g Yehta gl
ol¢} e A Flo] HPe nXE F& ol | 1t AAAR] Ato]7} EA
3] Fethe vl 71 A9k AlE 2ol (Card et al., 20105 Kluve, 20105
Card et al., 2018). AR, wS Fd £d g 9o Y 25 1= vyl 3l
oA FGA9 95% AlE|F3te] 7Y W& SAe Holn, o= A Fd g
F4 JJrJ o] & 7beASs AR 53] dAd mEm|nk gt Ee] Fd

Fale] BEAAo] 71 A Yehdths B, ol AlgkE wWare] Aelol} AZ]H

26) Taarp(X) =E[Y(1)=Y(0) | XEG]oI™ g,(X) % m(X)el A% 71982 random
forest2 7313tk



o Bl J1Qs I EE 8P AZo] &3 Aele] g o] AHI B, FF
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J

AL BegE A,

(08 b) & " XMx|22HGroup ATE) H|w: xefHeE
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05105
— ATE FEIF]
........... e
02718
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0.2000 01736 s
.......... P n.an4d 00072
. 0.0511
— 01129 . [— 00esE [~ oo
o1Esn 0.1522
om0
0.2251
02733

07870 03112 03085 )

04000
D.8435
oemo 13605
s98E
om0
i< | v | H(=F ] |4 i=CH 15 | k. M (nf ¥ Hi=CH

(2" 62 DMLE A&s F4F dgo we Fdo| =15 4 &%
(Conditional ATE) ¢} 95% Al12]4:7+s HolFEt)y, GATEY) F2 1S 5 5 HEF

& (categorical) 57l a8l ¥ s v sk d E3-clgtd, CATE=
AY, A5 5 ALF (continuous) W] WE A 5IE vlsie o E8d

(ad 6ol wh2H 404 olH7HA] F e @] F7kehrL 40thells HA
S 7t v AE A 25

t
rr
oy
b~
ol
o
—LN‘
T
s
o
;lol
Z
=
B
(Z
qu
Ay
iy
> r
o|N

9} S
T g3} EgEeitie 4o 7| A9E siusit) (Fay, 1996; Koning,
2007; Kluve, 2016; Card et al., 2018). 3FA Az 29| 95% Al F7te] =

27) Tearpe(X=1;,)=E[Y(1)— ¥(0) | X=uz,]°I", GATES} Zo] g,(X) ¢} m,(X)e] 2A%
7193k random forest® 37313tk
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o BR 30t7A Ad71e 50t o] Zhdr)el WA vehtar, 30-50th A%
N F& B5g BTk o TS SR 2w PdET Ad 9 13E
FAWS S

(38 6) Yol e =77 "o XMx|=21HConditional ATE)

CATE
15

—— Estimated Effect
Confidence Interval

1.0 1

0.5 4

-0.5 4

Effect and 95%-Cl

20 30 40 50 60

Age
vi. 2
 ATe 2 =S B4 dis] AR e 3k widled ZE et
a4 dolelel] 287 232 AASITh dAEARlY] g3k Ay vl o
T7F SFe = Hbe Al AEe o]2A] Feha itk AEE el Aol
FUHEE T 2o A 5 B4 A9 A= Hawrksdy) Bl g
o olE&E Ae Aow dejA, FAF ddd 2ad 83 JEE AFst= U

22 Hdl A8k ©lF MA4l#d (double machine learning,
DML) & #H7lRge] Wss #AE 744 = AQsk= 4 7H (strong
eslgto 2x AFEYPe zolds =Y 4 e, DMLe] 7=

gHojga AL delFola 8 e A EN A gke] Wl Algsted

tlo

assumption)



Wed g AAIEE = o) gk Ax| g3 F2A (treatment effect homogeneity)
ol A o)A (heterogeneity) = A= eldPAA Hit XX &3} (Average Treatment
Effect, ATE) %% ofe} Jebd, <14 54 wd] whE o] et AX] &z
(Group ATE) ¢ 245 I %2 &3 (Conditional ATE) & A wsHA mtetsls v
= Al=skich

71E A77F g HeR g - 24 2013d 74 - 2 - 28 AR
DML+ 483t 1 335 Ausdtt. JA A5E AMEste] 2438 o] f= &
dgt FHAAA L& DMLY A4S 7| A7 Aot A4 vlud o 7] o
woleh. it M| E oAl DML OLS= wl-%- FARE 4t B9l o 3

N

ATt , Z2H 2y
T= ta Aolrt gle AeZ yEhgth Ed ms el F 5] glo] W
RE 1 npgt g o FR)9] 95% AFF] A ¥ EAS Hylom,
AR A AX &) 58S HHe IR gon, FHX|o] A F3to] 30ty
7HA] Zdzieh 50d) o] F Adrlel wAl Yehde 53 B

slAled S B T2y ENE 25 PES AL B Ao 2a0
ol 2% Al Awsh FRG GRS FEe A wBE AU F
Foka v QA mehue AT olod ezt vk,
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AN7TH A22, 2015, pp. 267-298.
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Reserch Interchange, Vol. 9, No. 8, 2023, pp.365-377.
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A4, 2015.
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pp. 1-34
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New Direction of Evaluation on Labor Market Program
Application of Causal Machine Learning to

Vocational Training in Korea*

Yong-seong Kim**

Abstract

This study introduces a machine learning method (DML) recently used for
causal analyses on labor market issues and presents the results of applying DML
to Korea's vocational training data. Voluminous studies have estimated the effect
of training on employment and they have come up short of consensus. The
DML'’s flexibility in setting relationships of variables may help to avoid problems
related to model specification. The DML'’s properties of the debiasedness and
robustness may also provide what the reasonable range of training effects should
be. In addition, the paper attempt heterogeneous treatment effects, which will
be informative to policy implementation.
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