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VT IT I RO T AR R TR AR R OO 22 0 DA R B A (] A R SR, O A
%ﬁ%%ﬁTF@ﬁﬁﬂ%@ CHESR . SR, AEAN T R b, B 50 AR AL 5 2 A o
Jitw finxk R BOE XA LAMEBRE o BEAE R &S Y 22k, 41 5% 35 BE 8 Z0 HUAY I 2
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WARRAM A LS. EWHE =T, 5L R A ST I 5 A6 B 15 i KU (bR A 25
55,2025) , i Al BETE Ak B iy Ak P AR e B A 22 R 2 S B DR SR A0 A A T A
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e BN — B, 52 B R 4510 1Y AT R

T X 13X — k%, A EE L A5 2% > (Double Machine Learning, DML) i iz 1 4= , M 1E
e e ARG A b AT RS A PRUOR HEWT AR AL T MR T7 % . A M Chernozhukov 55
(2018) [ FF R PR & SCLISE , Bl B 22 1% SR B 58 1 1 R W E AL g 7 > o A 3
2Bl 22 5] W& 5] (Chinese Social Sciences Citation Index , CSSCI) ] ] I, {ifi F W &
Bl o7 > 1 SCHR BB [ 2021 472 DL R T 4R 35 100% W3 BE3G 0. eAb, BiE o B oF
G ORI 22 b OC T IX — T v, BRET AR 2= 48 (2025) % AR RE 25 B2 v 5 i AR
THIE A . X —FrEr sl A, —J7 m o WF 58 [ ] R T 2 s R
W, 0 — s & T H HESEFE R AT . 20 e] E o b 3 A A0 T OUE AL 8%
21, 0 ey B G bR SUER AL A2 ) 5 EA BRI SEIE SR IS 25 5, LU A A A UNUER AL
gy o > 0 DR R A T v 4y T8 ) £ €5 3K S R AR i AR VT o

ARICETEFR G [F] 28 3R )3, O SEEF 5T 4R A — 1 O T W E AL 4 7
P EISHE 5| 5 LB AE M, A O WS WML 2= IR —Fh 5 T B AR i W 2
3 S5 AE B2 118 % 3 8 PRI R0 SR W T2 — i R 55 T BE A TR SR M Y 5 R 1Y e 4
AL MEge it T H . FEWTE 45 3 (Potential Outcome ) HE 22 v | [R] B 50 17 J& A [A) b FHIR
AT WWTFESS R Z 22 (Rubin, 2005) o & SCY /AR BG TULIN 25 5, D R4~ 1A 1 4k 2
A, D = 1 R MEREZ AR, 8 TAFA ;D = 0 FRMERZEZ LI, & T 6
o Y (1)FY(0) 535 R A A4 52 b 38 B AN 152 52 b RGO TR FE 45 SR, TR Y =
DY (1) + (1 -D)Y(0),Y(1) = Y(0) R A&y 5 Bk R R A0 . IR %1 (1dentification )
S48 0 3 0 Sz g 5 B B A e B R AT — S AR e CURIMIR ), 30D AT L
SAR 93 AT M — b 3 T PR R RN B 07 s o BE IS B AR T (Estimation ) W2 25 28 DA S
Gy AT ARSI REAS 38 3 S8 3 o A 45 B RUR AN Al T, XUE AL A% 2] AT LAAE
FEAE e 2 AR 2tk DL S AR S5 48 A B i, 7 3 26 B0 T A 0 e i o, T IR 3 5 2l R B
SSALTFIR B . BT DR B AL 5 > 1Y R s M RS T s i Rl ek 3 e 40 A 1Y 25
Pt T Bl A 1 HIL A 2 > 19 O 1% ) PRLOR 2R B0 Al 3 B 00 4% =, TR AL o 2] X — 5
R T “ FRAG 5 A R Al T RUR AN L R A ) T RAR T

E X
DR SR AL AR (Y (0), Y(1))

/Y
Wl
4

A (Y,D)

ke
\

it
$ (Y, D) }i=1 w,

B1 “Rlnl—fit o ER”
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A SCHE FEAE R AR R G BT XUE AL A 2 2T 1 BRI k6, DA 43 e M A A
(Partial Linear Model, PLM) #; & & ¥ R 1% /) 2 H. [0] 4 #% Y (Interactive Regression
Model, IRM) , 5 & 7R HEAG TT RO HE 2R T 3018 H — etk Bt o 7R 5 =30 20, AR SCIR T 17
I ML A2 M anfar 5 T B 2% 7 (Instrumental Variable, IV) . X 2243 ( Difference—in—
differences, DID) . W & 1] 15 (Regression Discontinuity Design, RDD ) 45 25 35 W1 5% W
456  TEAUUE RO MR R T 5 T, 3 s B R () 06 P SRRk o 58 AR o) A
45 C A SR SCHR A B H ULERAE o B 0 0 28 ek BOEASEAUL AN R R 2T BUR A Y
SEAEZE A 8 s U ML g o A B 3 3 R RS A . SRR B T BARGE
DL R AE RSB e % A2 WM A 36 v i s g 0, R4t ] A2 A i 1A

ARSCH FEZTTHRAE T 56— JEIE BN SRR o TERCE ML Ok H 4
e K AB Ty B 52 M I 8T 50 R, A SCR G b FUH RS Bl , W AL O T TE T s Ak
TR AR SR AL U], B 7E 5 B0 5% & S Sl R A E T By B e = R AR R
F R ge N AEPE DB T RBEH AL o 58 — B e 5 BRI B . AR SO
47 AE AL IS HESL | S i OB B S8 B p SRR )L 4R it T —E A
A TR AR SRR L A T B R e R S B B A R A s i A ad R, Dy
FEAAEE AR B E R B IR s R B X — ORI T S5

=, NENSFFIE L EAM

WAL 2 02— R LS TR RBUG TR GE T EOR . Hldsse iz
T — & 1T e B8 P00 09 GE 3 s, il T AR SE R B Bl gk AT R A e R O B
1B LA (Gu % ,2020) o TE4E R ZEUE BT |, Al s o7 2 B R 80K 5 J3F To I 2R
R . R TR BLAS 2= > T DR HE W, U ML 2 >0 % DR SR 4 B v 496 18 1 1) 2
BX A A 2SS R B (Causal Parameters ) , Q0 F 2 4b B %4 N (Average Treatment
Effect, ATE) ; DA A& TU 4> 2 %0 ( Nuisance Parameters ) , {045 il 25 5 % &b PR A 45 5 1) 52
Me) o XUE AL A% 2 R AL 2% > B9 3 K P e ) LG U R S8, HE T N EIE
22 M ” (Neyman Orthogonality ) 128 L4l 47 ( Cross—fitting ) P K BE i 32 4%, BH 1k H: 40
Gk AR A e ) DROR R B S, AT R AL A o 2 IR TR MR 2 K DT 22 R S5 T
PG Z 5", BN PRR R E ) RS Al v A HE T

(— )P or Lt Al

TN LR R E TR AR X SRR R M, MR E
e R it b ] AR B DT 3 ek O Uk A LR 5 R A [R) i AR AR R D 5
X YRR A 2 TN o 5 LA Lk I — A R A% 1 R R 25 A SR
H1H

Y=8D+g(X)+u E(uX,D)=0 (1)
—A> B AR AN T B I PLAS = S BERLE L g (), PR H /b 3 a4l 11 B.
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B, BT g W RBAFTE i BE AR, BAEA T FT RE S BU™ = 09 IR 1%, T X 25 i — 20
2= T BRI, R ECH IO — e i B R S 2 LB . X I Y i ol SR
B LRI DY hRERS W X B IR ARG Y R T X MR E Y X DR T X
(%25 D 1A, 453 B i AG T K25 W T 4 B0 56 T X B9 4 A2, 153
Y—E(YIX):,B(D—E(DIX))+u—M (2)

iEm(X)=EMWX),L(X)=E(DX),Y=Y -m(X),D=D - 1(X),N:
Y=8D +u (3)

RS FU 0 B BB T IR et mHIL ) BRI 3K, 3 WA s EUI R Tl AR 2
$eU, T LU BL 2 T %I P A BR B HEAT A5 3, RS T A AR 22 YR DL
FABRA E(ub) = 0, RIS PE Y FID A [0, BT 15350 8 19 At

SR, bR AR AT SR A TE AN SRR 7 T WL 2 > AT R X Bl oo 0L fi 5 5%
ZAETHAEE R . % e — DRI - AL RS > 52 LA T (Y, D) B — 5L
31, IR 4 5% 220 A T4 T 0, 55 b sk 25 W AR 2% i [0 0K B2 T 75 L. TR, A R
FIASE S A LA G ik R o0 o ELAR A (50 3 0k 2-1-1 BTk .

B 211 (FR 43 LR MR By WL TR L B2 ) )

12 UL ) BB R 3 h KA EORMIZS B TREAS o X T4 kA>T REAS , fil 1]
HAEAK - L DNTHREAR

5 — AL 7 A kT E(VX), 1588 my, o

S R ML R S S Bk 2 E(DIX) A8 5 ],

20 FREMEA G € (1,2, -, n ), FFTAL B THREAR J k (i), 11528 A4 5% 2%

Vo= Y =g X)), D= D, = Iy X))

3V, D, R 0T L B AR AR A X ) AL A DT 5 3 5 2 1 [
A

Chernozhukov %5 (2018 ) JIE B , 76— 5& 1 £ 418 F@), 89k 2-1-1 Jr 45 B i £ 1 5 2L
5 — B R T (F 254, I LT LA M7 T AT 4 T T

O FEIHRATFHIE T, AR T LI —Fhos 4 S50
@  XEERAAFE (Y, D, X, Y RIST R AR BREAS s YR D B CRF 4) A A H Var (YIX)
F Var (DIX) AR Y = m(X)FID - (X)) M EH D - 1(X) FELEVE B 5 h F1 LR % 2152 bR S m T LR

BRI X T (3.m) e (s, m). (100} BEEREAR BUK AT (B[ (m () = i (1) fi(x)le ] +

//E[f(l(x) i) o] =of o)

157



HEEFRAREFRMFR 202644 31

()22 1. [a] 9 455 A

AT MR AT T (X)) B BEAE L (HAR IR T D 5 o (X) BN 22k
PERT 0 R 5 JCTE X R ECE Gnfa , A A B85 465 SR A s s TR SRR S S B 28 . [l
AR I T 5| F rh AT AR S5 SR HESE R 1k — 1Bk .

— B RN & e S B AL BRI L ATE = E( Y (1) - Y(0)), A K 4b
2 Y SF ¥ A PR L N (Average Treatment Effect for the Treated, ATT) , ATT =
E(Y(1) = Y(0)ID = 1), {H T A AE [ B 000 3] 7] — A A& 59 v (1) Ay (0), I8t
TE AT IR AR B BT, o8 42 ATE b 52 ATT — EES A RE R 91 . 38 451
TP X, AL BAS 5 D AN [  2Z 18] 14 4 BC 2 BE AL 9 5 B FAS [8] A9 X A9 B
B, AR 25 A7 7F b PR RN 458 ) 13 AR 2, I8 4 ATE ] LA 1800, 544 3 13 551 ik
WH

fheis 1 (22 5 Inl A58 29 A R0 )

1. A Z W VAR B (R At ST PR R ) < (Y (1), Y(0)) L DIX

2. de ] AR (B :P(D = 11X) e (0, 1) JLF- &b 4b 7

A 22 W PR AR B VR FE X BU(E Y R U 5% 14 F 34 Ak B 2500 (Conditional
Average Treatment Effect, CATE) , CATE (x) = E(Y (1) = Y (0)IX = ), 1 3% [7] 52 £ (&
BN R B X BUE Y N 23 B G D %) 08 T 2048 | 3% AR 78 X A U Y R 3R
S CATE , AT X CATE B0 43 8 ATE . 7R 1 Z 1, ATE A MR 07 =20 2 145
HL A A (Outcome Model) B RS 1 51, DL Az & F 356 48 >R il AL (Inverse Probability
Weighting , IPW ) it PRI 2R 1R531] .

mRRETERERIEITHEERGD, X m(x)=EWVD=1,X=x)f
mo(x) = E(YID = 0, X = x), 53 3 A A [ Ab BR ST 45 S A48 & 5¢ T P 48 & 19 45 1F
84 ATE 7] DL B 1

ATE = [(m(x) = my(x)) fy(x)d x (4)
Hodr, £ b X P RE S5 BE pR A, 2h e AR AS ] DL Sl AL AR 2 20 0 Ak 3 i
iy Ay, B AT (4) B EIATE = 0> (i, (X,) = (X))o
=R BT MR, EXp(x)=P(D=1X =x) NAEHLE R XK
BUE, AR 37 Ah B B HE 22 (“ {8 191 {EL” , Propensity Score, PS) , I8 4 :

ME:E(DY)—EUI_D”j:E (D - p(X))Y
p(X) 1 -p(X) p(X)(l —p(X))

_ D . -p(X.))Y.
ﬂUﬁﬂ%ﬁ@%ﬁﬁﬁﬁﬁﬁﬁﬁAﬁ@%%ﬂﬂEmﬂzgKL M:»lo
P(Xi)(l _p(Xi))

B AR R Se g — A 1 LA B M (Oracle) ™, WIH T m, m, 8035 p B9 H
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SERRBOE B 4 To it 2L T X (4) b2 2 (5) AT T, A5 AR 2 — 3 H i i 1E
Y, RTELSE T, B TTA S RO B S LA 2 ST BEAT A T X k4
A 15, T X 2% H L2 W ) ATE Al 1T &, 4 - Jo ik DL — Ry 3 S S J901E
AR SOIEARIE my m, BUE p B BRI 2, TR X H 43 TU A S B Al T 22
S T ELIE 60 1 ATE A HHR S AR L 1

A A — R R B R AE S 4 K (4) Tk (5) AR R 45 Ak, (3 T A S 8
i T2 9 O 152 KT ATE A& T 5 10 A% 258 40 BR RN 8T 3 7 22 B0 52 R, DT o PR ABE 2R 13 1
A R 1 RURR: 7 285 ol 2 XU A A £ 14 ( Doubly Robust Estimator) o % X

D

DR,(Y,D, X ; p,ml):ml(X)+p(X)(Y—ml(X)) (6)
1-D

DR\(Y,D, X ; p,my) = m(X) + . _p(X)(Y— mo(X)) (7)

ALAER  FEfR i 1 25
ATE:E(DRI(Y,D,X; p.m,) = DR,(Y,D, X ; p,mo)) (8)
iR X (6) (DB E . PR (6) B, ZREXTXHFMHEME, BEHME
— T m, (X)) SR a R . W m, S IERAY, i ELAE W SN 0, 85 R
SR B AN m R R B T SE R A AR BB X — e 25 10 1T DL AR —
WHEIE, 58I Y — m (X) SRS PME S (AT ReRE R ) 45 R 07 2 22, R s i
) (i B B B AL; 2 F B8 DARIE T2 28 RiTig b ¥

WCEE e fa Al 2 a9 U0 B o AR AR BRI AN E P

EM 1L mmyp NETFTXWAEEERE,m(X)=EYID=1,X),m,(X) =
E(YID =0,X),p(X)=P(D=1X), & NEIRKE, ERE LT, WEREMSTER
PER I CYi

E(Y(1)) = E(DR(Y.D.X5 p,m,)) = E(DR(Y.D.X; p.m,)) =
E(DR(Y.D.X; p,m,))

E(Y(0)) = E(DR(Y. D. X5 p.m,)) = E(DR(Y.D. X5 p,m,)) =
E(DR(Y.D.X; p,i,))

8 1 AR B D0 B s — o B TR 0 ) (AN A R AR R H S o — AN E
B, e 2¢ 10 DR SR TR 1) it 2 TE B 1Y Gkt 2 O Rl A AR B ok . N IE AL
F XN E WA E R UE T AR TR S8 8 S XAk A AE — B 5 i

SR, AA A FH BB AR A A T i 2 AN 1Y, 38 75 5 58 I A R itE — 2D 3k A
o TEESZEIE T, WE R AT E A A EM R A TR — S TE R AT

O  XFBOE IR S E S AN T B B B FRAE “ #4531 ” (Oracle Estimator) .
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R A ANER A, By g, p A T IO AN S P s TR A LM my o my p Z
B s R ACA R AR A A T, OB (Y, D, X)) BEALAR A 1074 ok B AN i 2 1k o Xt
FHLER 2 2 IR F | mym,, p A AT BEXT B ™= A o 4006, 6 2 B4R 1 5 1 G
VRS S R A SR A A AS B R A T R K, PR A ] B B A TS
) 1 R BB ATE , IR 2 35 40 A Bl 5 Mokt ELA AT R) B R RO S 8kt 22 . 28 LB
B AT LU PR AS B o P S ok, BAR Ak an

A 2-2-1 (B2 H. [ml AR 4 XUE AL A% 7 > )

LA B 3 5 KA EAR S FREA . W TR EAD TR MEHHERK -1
NTHA

S FIAPLE D BRAE T E(VX, D = 1), 448 m 0

5 RN B E T E(YIX, D = 0), 453 g0

55 = L g2 D Bk ) P(D = 11X), 158 0

2. X5 THEAMEAR € (1,2, -, n}, KPR T REA D k(0), TR AT 15

ATE = iZZZI(DRI(Yw D, X;5 ﬁ[k(z)]”ﬁl[km]) - DRO(Yi’Df’Xi; Pruwyp ﬁ()[kﬁﬂ))

3. bR EDR -

sel ATE) = 1[S00
o, = DRI(Y,.,Di,X,; ﬁ[k(i)},rﬁlmi)]) - DRO(Y,,Di,X,; B rﬁow) — ATE. Ti ATE
b B AR X A) B A8 1 5 XS — BT 1E S e T A R 3 U )

TEW & — 5 A5 AR, DU AR g A i B A — B0t A A, O BAG TR b
HREAE n BB KL 1/ n B3 RS E) B SEH (Chernozhukov 45, 2018) |, 3X 5 4 W,
[ OLS .\ TWFE %5 2 04k Ak 11 5 1y i 8 %FPFHH R T #% 71 19 (Kernel Regression ) | fifi
4715 (Sieve Method ) 25 1 WAES B . X BL A1 45

i 2 (22 . [|] U B Y g Al 1)

B Y, Dy Xof AT R 53 AT BREA 5

o AR B ANAEAE R B 5 AE, B Var (YIX, D) A 5t

B =, JL IR S AR ST 18 ) (i PR BU™ S AL T O F 1 Z 18] BIFEAE € > 0, ffi 15
e<p(X)<1-eo

SE VO A 1) (A PR AL TR RS AL T O R 1 28] BIAEE e > 0, fif% e < p(X) <
1 -¢€,

Eﬁﬂ,n%lnaoﬁ%ﬁﬁg@u’ﬁmlmzpEﬁ?ﬁ?ﬁ’]ﬁﬂ,EI]X‘T?
(7.1) € (G, my ), (g mg ). (pop) b BEBREA TR R AT LA F SR -
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o)
E[I(pe) = ) e B (my () = () )] = o 1]

B— R R AU W B E IR . |, M R oA R 2 XAUA R .
HR, R T O UE 1) i pR B RS Al T ™ AR AL T 0 RN 1 2 ] AR A R AR Rk 2-2-1
55 2 e X B AT IR, 9 () dek de AN  REA , 4 FA
FRGIE — S FEIN . )5, 7 282 B B AL 5 > 58k R ORI T A0l A9 A 2501 o

TEACH MIHBL R o a] DL E— 25 25 2 A BRSO i S i . 5 IE MR = X 11— A
FHE X, ST 45 B 09 - 5 40 PRASON AT AR 51 A

CATE(X*) = E(Y(1) - Y(0)IX*)
= E(DR,(Y. D, X5 p.m,) = DR(Y.. D, X5 p,m,)IX*)

R 5 A A BRSO R 455 N R IR B S . i T axX — SR 30 Bk DAV 0 0T
TE S PR EAEH , — % UL B A £ PE 7L ( Best Linear Prediction, BLP)4E A7 3R 1 =Rk H ¥k
AE Rl BARMMEEEIT .
ALk 2-2-2 (32 . [m] A AL AR (%) S oo DR SR 38 g Ak 1)
B — PATRE 2-2-1,
BT RANNAR e (1,2, -, n ), A AN £ (i), 115545 43 (Score ) :
}ALI' - DR‘(Y'?’D”XI‘; ﬁ[k(i)}’ ’ﬁl[k(i)]) a DRO(Y“D“XI?; ﬁ[k(i)}’ ’ﬁo[un])

S P R R S TP S X AR [T A5 B Ak T AN T X B A R TR
W o AT LLSefd AR S5 R B A X X E AT AR Gtk AR 38, P9 AR 4 )5 1) A8 14 R H AR
HALAE RIS, LA A5 2026 T X AEL M B S PR .

XF LU BB 43 S A A58 78 RN A2 L ] AR RS, R A L A5E R 6 B0 it 1 BT 22 19 pR 2R
T AR B 2 (1) (35 SR A HRAR B D R AR B XA R0 2 ek AT g, 9 HL Ak
PRGN X i AT AR BB AE [R] 170 5 B WA AL TE e 225K o PR RN A7 7E S Pk |, dnof
AR T A MR (1) A5 2R A R BB I, AR A B E & D o — oo i, )
HBEE2-1-1 4530 1(x) &b T L0, TTIXRI P, D00 ] DR AR 2 o {6 ) 6 A Ak 3
SR J5 R 3 Frisch—-Waugh %2 3, 7] DLUEBH B 2 44 R R0 1 i 4 A

B =E[w(X)CATE(X)]

o= OO -p(x) (10)
E[p(X)(1 - p(X))]
1 — PR SR 00 it A S SR A A8 B ALY 12 42k B 500 (Average Treatment Effect on

the Overlap , ATO) : ‘B 25 Ab PRAH X B& 20 43 A 3¢ Ry ~F- fii 1) DX Jaf I 3> 58 i AN, T 2R AN

E[1(p(x) = 5(2))" fulw)da | E[ ] (m(x) = (2, ()" ()

(9)
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R4 1 DU T BARA TR o AR AN T34 DR R A0 (H T A A — e Te i
HE” (Mostly Harmless ) f¥) 8] 1t ( Angrist #1 Pishke, 2009 ; Li 2§, 2018 ; AR 2545 ,2025) .
8 7 HSE A A SR MR S — AL I 5 PR A S B DO T A7 MR 1 U A
e S5 T A 2 b A T B LR A AR AR

(=) WML T 10— =t

HE — 25 E S A T B0 HE 0T 3 30 T ML RS 2 ST Y R L AT e R T T R
B AR IR S5 A S R A WO B L0 BT KB, B R 6
n AT LT P AR ST AN R T AR S 8, B N 0, S AR M(6.m) =
E(w(Ws 0,m)), 76 T0 A 2 50 200 I 96 2 0F 56 0 2 5 B0 T 380510 4,
M(0° ") = E(p(Ws 0°n°)) = 0o FEXUTEHLA % 3T R, 3 oo & 1 HLAS 25 T £l i
0 85 7, BRIG AATEEE R M (6.9) = 0% HFR S50,

[ L F S B A T, AT 505 — 2B P ) AR BN R BB 4B ORI XS g
(g —ARFTT 1 A TR R e Ro WS TAEERE S i A, #HaD.

%M(G”,n"+tA)\t=0:O (11)

A2 TCA S B0 K 8 — By NP 3l AN 2 X6 90 45 44 LA B 0 Al 3T = A e o ik — 4%
PEh e 9 2 B S 1T (W5 6, m) BN P B 1E 58P 43 8% (Neyman Orthogonal Score )
U4y LR M BT R L 0=, n=(ml), N B IE SN $(W; 0,9)=
(Y-m(X)=6(D-1(X))(D-1UX))e ZHEABER T, 0 = ATE, 1 = (m,, my,p).
W& IEZESE R w(W; 6,m)=DR,(Y,D, X5 p,m,) - DR(Y,D,X; p,m,) - 6. R
M 50 GIE 33X P S R 2% AT R N 2 E A P BRI A AR LB SR — o T — Y
T, N2 IESHE A BR B RS A O

W 2 TE AR S i HEBR TR Z 80— B P sh % 36 2 A ny 2 e, KB B AN
TR BB, TR TE TR T IR S B T R WSO B R . — ORI, R

L
JETA) = P Aa] = o o] (12)

XUH ML 3% 2% 2T A5 O s BE LU WA 1/ n IS0 2 B SE M 0°0 Rk /M HLas 2 >
R AEHA Y G 0 2 AE T BB RE NS S0 B — RSSO R 3] G 4 P R S ORI
& B LASSO % 7Y ( Bickel 25,2009 ; Buhlmann il van de Geer, 2011 ; Belloni 2%, 2011 .
2012; Belloni il Chernozhukov, 2011, 2013) . — K 2 Je 58 % 5 B AL £% bk (Wager Fl
Walther,2016) , LA & — K2 25 W 2% ( Chen F11 White , 1999 ; Schmidt-Hieber, 2020) .

@  ZEM P EFRAELZ PR M TS50 U A J7 9] ) Gateaux %8 .
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5 SR A 434 R 0 % 3 R — B — e T g L L
S 3T T A AL A S S L4 B LA

B9 2-3-1 (— MR A R LA 5 )

A ST A6 KA (6 P B TE SR 1 488 (W 6,m) 20 0%
H bR 8 7 TR S

S BRI S o K AT RSB TREAR L T4 A TREA BT IO K -
AT A R AL 1 7

55 P UL T R

W(0.3) = LS (W Buy). 6 A A A B AR B SO0 T 2
M(6.79) =0 fafik.

S5 TR R KA T VR M A 3L 6 BT T 2 R

S

A

V=

'

!

1 <, 1 .
[’f“”) _sz"”(Wﬁ 9, "[km);zi;l‘ﬂ(% 0, n[m])
. 0 A L
Ei:'?ew(wi; 6 nw)
0 BEER WRSTFF 7 E AR
BT e OUTE L2 57 (10 = 302 A 08 2 LA AR5 L BR 20 FL 2 1 8 iF 5
%

YRR 251, S8 A, LA SRSB4 B TAS T IR S B LA =~ 3k . X =
L EPRAE 1 XU AL &% 55 > AT A — Zor: AT T e S

=. WENSRFINHE

RN LA, U HL A% 2% > 18 mT LU 9% 38 B 20 00 0 o Ath 7 VR AR 25 6, AR 3K
3T B A G AL A% 27 > ey 55 TR e OBUE 22 3 W [T A A5 28 L SR AF 5 T
HARSS & IR AL I 1 5300k

(—) 5 THREZELS

R MR T R & R BB 5 () AR E] (B D I w 258 T
XAJREAI DG o TEME ] T RAS I/ et A A I, T AR & Z W 4 2« (1) & TR
M, B Cov(Z, DIX) = 05 (2) 554 T H AN, B Cov(Z, ulX) = 0, FEFFK ML
AN A VX — 50 25, AT DAY 38 XSCE Bl AR 2 > Al i o HEAC LK 2 & S il i pL
e B Y, D, Z S nT LU A i AR B XA RE A 43 s LR R A 0 AR Bl fif
M TR R R SR BRI 5 88 A2-1,

1l
S =
<
—
=

S
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AEH AR ) T B AR S8 B I AR SR v S o P A PRARON, B A A, 00! TR
M (R Ja B X7 b BEASONE , PR BE 6 158 2% PR HEMLPE S5 RO A 26 1
P GRAFARSCHE , DL LR SO R . 24 T RS i Z FIAL BRAZ i D AR IRE R 0.1 f4
PR I RS PR TR AR B i SRS [, n] DR AR 7 g DU 26 - K 232 47
(Always Taker) . “/KZEHE 28 % " (Never Taker) “fK M\ E 7 (Complier) Fl“H i " (Defier) .
EMWMZ=1,X=x)-EYZ=0,X =x) AT LU X =
E(DIZ=1,X=x)-E(DZ=0,X =x)

b AR5 1 - 35 b BRSO, X X AR 43 I AT LA AR B JR 381 3 AL BN (Local Average
Treatment Effect, LATE) (W] 35 =45, 2025) o SR, 155 T X 1 2% AF 0 B A7 16 W] A
LRAER , ELHRE A AR AG THE AL A Wald Al T AT 8 3 i)™ H 0 5%

fdE FHOBUEE BIL A 5 2 n] LA XS 25 P 0 B R B AR 2R e R . E Xom(Z,X) =

EWZ,X), p(Z,X)=E(DIZ,X), W e r(X) = E(ZIX), NEEAZ ST LIS K .
Z-r(X)
r(X)(1 - r(X))

Z -r(X) (
r(X)(1 - r(X))

i 3 Wald i 348 LATE () =

p(Y.D,Z, X5 0,m,p,r)=m(1,X) - m(0,X) + (Y -m(Z,X))

- p(1,X) = p(0,X) + D-p(Z,X))|6

(13)
Horb o J R R S50, mop,r AN 2504 500 B2 o 508 AT LA o Bl A% 2 S A5 21
SR 5 AT IR AR AL A 27 ) 1) — MO . B 1 DL S — 38 A2-2
N TR Z AP & D # N ZAAH 72 T, Xie (2024) 4 1 3R 22 . [n] 9 455 7Y
B TR 0 4 R 3 T S Ry R F ¥ Ak BN (Generalized Local Average Treatment Effect ,
GLATE) , I8 T anfal 7 58 T BAZ 158 T8 IEXE ML a8 ] ik
(D) 5WEESEE
XEE 22 3 AT AF 5T 15 (Event Study ) & 28 5 R 24 A5 4 0% 2 8 B2 e i A7 At
ST Z — (kTR ME i, 2023) , 1 W ML Ak 2= > A 178 BUE 22 70 o2 vh R 3%
Mg i AR i JE T A AT R AR U R SR AN, 4 SR AE 5 A R A
FE2x2 B 20 T B = 0, 1,{Y.(d) ), He AR TEL R, D HiRiR
Ak PRH ) R AR, X R AR AR, RO AR R 2% 4 4T #a # (Conditional
Parallel Trend ) :
E(Y,(0) - Y,(0)ID = 1,X) = E(Y,(0) - ¥,(0)ID = 0,X) (14)
RIY 2 7 4 ) 22 g AN AR Ab BEZH R XS BRZH R 52 b B TS A 45 R B P AT B 3 ) i
U, A Z R Z IR TESS R R AR B ER , E2EH T XM ER T
1o TESRM AT BB B DA S JC B RN A i 2 T, AT R 7R 3 (W] 2 43 1 3 Bl A R
S B A S AR BN cATT (X)) = E(Y,(1) = Y,(0)ID = 1, X); i — 4t 3 /] 32

164



MIFaE: WENRFINEESNA

PEM :Je >0, 0 < P(D = 11X) < 1 — &, [ UE5F— > &b BH 21 RE A #0 BE $8 20 8 17 {5
FAARL A X FR AL REAS , )] Atk — 1B ATT = E(Y,(1) - Y,(0)ID = 1),

FEAL G0 A 26 Pk [ D AR 40 rp | A 48 8 2 i A X 5 ) i 4808 i A A8 BT, R 4 ol
b 2 RN X REAL R X0 B e 3 22 o X RO B S T X R T I AR 4G
MR LR MY . — BE 9T 2 BRI X A0 5 B 300 5 i i) R 40072 i 110 38 B30, R
s i A £ M ) H X —FR A A TR 25 AT T 2 AR AN A T, 5 BOE KA IR
W SUE AL % 2% > AT DA G b Ab 3 X NPV FESS R A AR . FIp R,
TE T A B B A 22 4 b, N 2 1E A8 M 4 B0k (Sant”’ Anna 1 Zhao, 2020 Chang,
2020) :

D - p(X)
7(1 - p(X))
Ho, o NATT, BHFER R RSELAY = Y, - Vo WDIRGE R — 0 25,7 =
P(D = 1) NHEZ AL PR TSR, p(X) = P(D = 11X) 5 7 45 il A8 o ) 1R 42
AL PR AL R (TR 1550 ) , 2 (0, X) = E(AYID = 0, X) 2 25 5 2 1 22 2w o B 28 1) iy
5225 RO T H X R A A A2 Ak B ) T A 45 R R A 25

SEBR b, R T RO RS ATT B N 2 E A EOR e, X (15) st
YRR T AY. Ht, R 2w ek AR S 7 5 5 30022 4, TS R 0 2L
P At ATT R AL HLAS 5 2 7 ik o HAARGA 6 D B s — A7k A2-3,

T TR R, UUEE 25 43 N 2 WU a] [ A 250N [ 05 o K B ) R A AR R L AR A
Shy v A PR B B AT A S MR AR I A PR S R AR A Y R B R Sk AL
TR, RRNEIE R . AT A A DML R A TE A A 18 500 ) A T
MR AL, W 2 B Clarke F1 Polselli (2025 ) 42 H i 07 5 o

VT 43R A O 3 XUHEE 22 43 (Staggered DID , XFR 22 B 5 XUH 22 43 ) 5 F 4
FE T T 2% A 3, WAR] S BIL 3% 24 ) 550k i 3 i Ak B A 5 B A ioh T 3 2
U F B BIT M) A8, Callaway T Sant’ Anna (2021 ) $2 4, % #F XUCEE 22 49 7] DA &I 5
h A 2x2 XU HE 22 43 (A f . EL4A KL, Callaway 1 Sant” Anna (2021) & X T M i
7 g FEUG 2 A B S RFERS 20 1 (0 > o) AL BRAL R, iCVEATT (g, 1) A AT Y BF
AR R A ATT (g, ¢) BE 2443 590 A 31, P50 48 520 T A0 A 6 300 Bk 4 s

FTF LA HESL , Hatamyar 55 (2023 ) 7F Lu 55 (2019) 4 4] 2 2 % DID 5.3 9 3k
Bt b, JF T BT i O 2% 40 I WU AL AR 2E S vk . Hn, BT R R 3-2-2 L
HHLAR 2% 2 W it DID A LL3E 3 DoubleML 4K 44 52 1 — 3 Ak 11 (Bach 5, 2022) .
BELRGE VLI s 3k A2-4,

(=) 5 W s EEgs 5

W Il 05 R Sk T AR S 00 B R L A ORI 22 19 S IE BF Y P AR 3 L

U(Yu YD, X5 a,mpog) = (AY—g(O,X))—ia (15)
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(B 5, 2025) o W s [ U ) 5 A RO 15 s 8 7 405 2R R 07 T e Ak 1 0 25 1
AT AT U 0 45 SR AE W A B O 09 A A AN % 22 PR 8 R LA UH 45 A W 0 B SR Y 22
o P, TR0 1 B, Wy sl DA Ty Z il 28 i, fH 2, AR TRl RS )2
) FA B E IE MABZE B A B TR 255 AE BT o AR by R 22 0
( Frolich A1 Huber, 2019 ; Calonico 28,2019 ) . 4, #0728 &t v] f T 0F 98 A [6] 7 B
A b 0N 9 5 5T M (Cattaneo 55, 2023) o F| FH XWUEE #L #1552 ] DL 25 B 45 SR A
YR RE R O N B AR B XY ER A o HCABOEE T RT3 Sy £ I AL A 2 ) S A
X AUE Y, R 0000 5% 22 V5 i 09 DR 722 s kA OB e [l 0 o R AR B30 L ff 5 — 58
% A2-5,

(B4 T B RS2 , 76 W 1005 9 BRI HE 28 v, b AR 5 D 56 4 iy 3K 3h 28 f TR E
ANAETE I H & L BRI AET IR s A 06 S B PR A B XX &b TR Y 5 e
Noack 55 (2021)HEB] T H 22 X REFS Bh il B 45 SR8 i, bR JL T B 2 RE 8 Dl /N W
AR I 22

() /NG < TH AR B, 8 A 3 7 i

W PR A DML s T TR AR & OB 22 53 DL KW o (8] 15 S5 408 5%
(1SS UE S, 2 B DML T A U2 A i a9 i it R AR 5 B 280, T2
fliH AL TR R O o DAR R S £ 9], HoBF 5T 3 (Research Design) 1Y% 0 i
S 45 E AU P AR d A ] A 3L 0 BC N 2 RS AR S5 R 2 S i T . ol R
(] 059 65 5] i DG ME ik 2 WCER ML o >, AR R AR S B — i A2 i i OFR t. A
RE PR A F T XU AL g8 >, T 20 1T RE S5 40 ok 57 PR AR R B A B . — R RE A 40
AR VS R A 22 & AN 2 O Al T OBUE BL &% 5% > T 3l 72 RS 20 Y 42 1

=2
R

1AL TARMOIE R, DML 5& 44k 7 kX . S22, K DML AL
Y —Fh 8T B 500 56 W 2 AN 2 24 ) . 1E 40 Angrist A1 Pischke (2009 ) 7E (A JoE (1)1}
HAT R S EIARE A, R R 2 O, A B T et 5
fie 5 , DML YAl 45 R A B A = X

*®1 AE# R DML 5&5% it A ER 3Tt
wrygieit LR R B [ R H AR NG OECR WIRES

- . S AR T R (ATE ) %éﬁﬁ/f;%@ﬁl}w&ﬂﬁm{ﬁ
WA R SR AT 2R AR BT 4 B0 7 (ATT) JC g 25
- DML 5% 2-2-1
B85 ¥ - AE W B Brdie /N — 3
W SRR B b s i R AR AR R A AR AR
5 (LATE) Ny
DML : 537k A2-2

FMF T U A« HE
flod Ah AR ARG
SR N ER 535

S

H
m
Kt
il
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()
Wit SRR ORI SRR H b AR
B 51 o e R R A
WEES ST BAEE AT (ATT) o O SRR
DML : & A2-3 A2-4
BB A B AL
‘,lﬁl\n%\/‘l\i"
A U 9 e P %'iﬁiiﬁfiﬂ e S A R
- DML : & ¥ A2-5
U AR I T DML 54556 I e AR B B RS 5 1 0056 . Oy T %6t B U A B 5
FOHE 1 T L R T3 UL AR 2 2 3 91 0 1 15 DR B0 5 7 4 2 WO 2 64
W JE LA T e AT B0 28 B ) DML B

M, WEHFZF I AR ARET

FE O IR AT ML 2 2T 00 SERIE SCHR L 8 A8 = A8 UL %) SE B 40 9 (EAS R R
B — il S Ay LR AR R, Al E(YIX) R E (DIX) BEAS 2528 30 82 ok B0 HIL 2 2 )
LA DI TE] o W 5E 3 AT LASE X Y A X 3 0l 223K LASSO | Bl AL AR AR | 28 I 4% 55 18
ST R HUAS 1 38 BT ( Cross—validation ) U3 B0 55 47 HO ML 28 2% S BER {5 4 9ih
FEE 55 (2024) 5 2238 T BEML AR AR R LASSO W5 532 . 1t A8 £ i 52 1. (0] 0 4 Y i)
Al T 1) 75 53 PR p FNZE SR D7 B2 m (ML 4 2 Jr it vl DORTA] o 528 v ] BB A7 7E
Z il R AG T B R A LS 2F ) BBk, AT LU i fe /M S LA IR 2 R B A Y
L ELRGE T DL S T Rk A2-6

B IEAS AU B R, B A LS G SR I e B AT AR K = 4 51 5 3 AR LS
B3R (Chernozhukov 55,2024 ) o X T80 /N BB () B0 HE 46 |, 18 4 B 6E 84 K )1 2k
SR, AT SR K > 10 Y58 XU IE . SR T 3 G 2 10 58 SR O a0 &5 1L 7= A 5%
e, AF 55 & AT DASR 22 ke A &) 2 O QAT K 3738 UL, IF B0 WA 11 B9 o 7
. MRIE Chernozhukov %5 (2018) fHERE , H— MMk & - SR S RO R i3 75 =X &l 43
FEAR DA B A A i N 0, LR A Al 8

gl = median { HAA_ £, (16)
P R AR T BT XS RE AR 43 T SR AN P R T R, HLARCR
F = median 62 + (6, - )4, - ) ()

TE T AR I R o SRS A A i W, WU 7 5 SCAUL & IR 0 PR ) — 2R 2k

©  ZXIGUER H B PP A LG I B R AR A SN BE 7 o A — 22 5 A UIA TR 5
BRI R S AU S BRI 2 5 ORI R R AR BRSOk R R B L
S SRR AT BN B S LRI K

167



HEEFRAREFRMAFR 202644 31

8 Ak F [A]— FFE A 24 7 (Chernozhukov 55, 2024 ) o 3 42 P Ry R 2 HE W 7o i [A] — SR 26
WAEFEAE BB A A OC, RIS Z [ A BT

5=, M £ YE 2 42 S B W, 3R L B B ¥ (Multiplier Bootstrap ) A Ji 4 Y
., B EEMMAEE2-3-1 8 2 E 150195 1 K %L (Influence Function)
W (W.s 6. 7y) K SETR LAY 220 1 A0 BEHLAE ik MERIARE RIS (0 B 3 3 76 1

L KENLAS 5 , AT LAAS 3 22 20 45 30 5 10 5 M BRI, T R4S B A - 6 n i RE 43 AT
Sy A B AR L, A A B ke S T IR AR R g, BB R
¥, N IGUb i ff U T A2 2R A S S50 R A ) IR 9k DT X AT, e sk B Bh ik © &R DL it
AL, HAR A S L Belloni 55 (2018) .

. HEEYSLIEERS

(— ) fuf i e £ XU B AT 7~ 7 e TAE R A 18

KU HL A 27~ BAR BE A O BIR b i P X T 2 1 ek BOE 20y 7™ A% i s (H B
AN SRSl e — VI (R R < RPHB 257 0 AR —FRAES RO L B A R BUE 5C
RUEAY [A) I, o % B 42 1 S i EOR o 3R R OR DY AT E A T A s iR R
) S UE S W 2 ——— XU 22 0 o 17 357, M T BEL RSB, I =4 #2858 XU BIL 4
A ITEAEAN R S 5T B A - — 2 P AR AR O 1 B N 8] A2 Al 5 T AR BN,
S A S s IR R L ) SR AP RE AR R . SRR TR (2025) 8, AR E
25 10 47 o] 2 e A TR 2 BN O 22 0, il XL (] R 250 AR R SR A AT BE S il
SOORCER” A, AR PR 7E T A IR M B T ) A2 e ARk B BB 30 1K IR R
H LA A AT RE A A T T o

2 MRAE T 55 (2025) BIBF 5T, 5, 3% BRI T AL A nlpk e 245

Yir(d) = ai + 4 + dTE(th) + BIXiI + uiz (18)
TE(X,)= 0.7 + X (19)
Xo~N(1,1), X, ~-2 + 3X, + v, v, ~ N(0, 1) (20)

Hop,ie{1,2,N}, te{0,1}, d e {0, 1}, TE(X, ) R T AL BB, S % AL
Kb PRGN S SRR S I SR A e = 0, WIS AT S M AL BRAL N, . S4B, 9 7%
A T RS R A, 27 B, # B, , WPl A2 18 % T 9 A5 45 R 14 52 iy 2 B i 1] 22 4k
oAb PG I3 PE LA K DA 7 465 2R 21 a] L 45 2R py i AR AN R

1

D,=0,D,=1X3>(u-1)U+1|, U~ Uniform(0, 1) (21)

Y,=(1-D,)Y,(0)+ D,Y,(1) (22)
Hoh 280w R EILE L EER S S8, R2E/RT 1000 IR EUE R &
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WAL 1000 7 MR 255, DAl 1 ATT 8 H s .

250 A s R 5 AL GE A IR (R BOR SE WA I BIVR A7 AE B AR i s AR S A
S 0 Ak PR AN (A R 1), L ) [ Ak A AR R B e A o AR, — UL p [ R A
B R DR U, B AN A7 AF P AR 1 B AR R (i 2 2) B8 5 O PR A AR N (a2 3 L ik
FE 4B, 2t B0 7™ B A0 i 22 o 43 4 M A AR 3 IR T X 1w [ S R A Y, EL AT A
/NI 22 FIMSE o U Qi 384 4 PEAR AU 15 T Ak BRAG N 5 AR f 1) AT 4
T3 JC ¥ 58 A B 5 O P Ah BRI Al R I A A . FERE AR S b R 6 v R
PR R BLGS T 28 B B A BRI oAb, B0l St e B T OBUEE ML 2% > X E0 8
A o bR I [ S P AR (7 AR (i R 4) R Bl R Gl R 6) 1Y T I S ET LA
e o i N 5 I e R N I D E RS SR 5

&2 HEREMER—LATT A4t Bir
BoeAnk  BsE SRR ERESE A%

) . T MSE
SR RVERE A BN ATT firvti LES S

K] [EE RN, —0.002 0.020

1 5 w5 3 0.700  HRATLPEREAL  -0.070 0.110

ZH [ EFEEAR -1.725 3.259
W a) [E g 808 -0.515 0.293
2 & i ik 0.700  FATLEMERAEL  -0.063  0.115
ZHEFAMAR -6.664  44.795
W E @O -5.010  25.273

3 g = ik 3.421  ERAPEMERLE 2779 7.840
ZHBIHER -1.725 3.259
] [EERLN,  -5.524  30.677
4 = = ik 3.421 ERAySMERIEY -2.741 7.650

TH B -6.664  44.795

Xl [EERLY, -1.102 1.263

5 i = = 4521  ERATLMERIAL -1.091 1.283

ZHBIHER  0.063 0.112

L) [ R -1.316 1.786

6 = = = 4521  ERSLMERIEL -1.075 1.251

ZHBIEHER 0.286 0.710

W ARREIR T 1000 WEE B RLEE F , B UCBAEL 1000 57 7 37 [7] 43 A1 A4, 25 S 550009 2 AR %)

B DL B 57 = & B i) i1 2500 Ay PR A g X Ak BEELR A L PR i DL R B ) RS AR 3] 25507 7 £ 1 [

VA o o3 2 M AR AU 2 8 0 PR AR i — B 25 0 e 0 Bk 2-3-1 . ¢ 28 B [l A B A T Bk

A2-3. Jir A HLER o 2 BRI SRy BE L AR AR o I [R] S PR AS | T R B A A B e 1 S AR

W H S AN R R AR BT Ak B AR AR ) bR R S AR AR AR M B i B
16.7% 5 “ I [a] SCEEREA 7 Loy 7 BBl 32 L 2 100% .
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M (4) 2 (5) ] LA, 32 5[] PR R S B2 0T F 0 1 1 %96 1] 1 W G %
FEFE 2, 22 Bl A A Y A A [R] S EEAE AR 5 U ARET G R 2 i AR ) S LR
25 o TESEPRAFIE S, 2 AT W (R 3 T O M 1, D2 B BE S EE N
5% X—IEnTREE b A DR IR 5 A - — 2 L3 2 S e Al P g BE L , S 5L
HE BT s AL A s R SRR AR B A R A M

X R — P O, SEUEAT 5T b R B S B R A e e AR i %) A6 1) 1 AT 4 R
G2 f, B W0kE B A /T 0.01 LA (EIH I 2 0.01, irF KT 0.99 Bl A EHIHIF =
0.99Y, & =z Sh , 1 ) {5 AR 7 LR — A 0T BE 159 77 15 (Crump 25, 2009) , {H Ma %5
(2023) 48 H 31X — W7 7T BE T BOS E Ffd Al 1 & 2k KO E R R, R R T —
Fh 3BT 22 1) 20w 77 32X . Heiler Al Kazak (2021 ) $2 H T — Fh e AS BEAT M0 1v) {5 AR BT 19
% DL T S0 Y Bootstrap HEWE ik o X T J5 —F B, B T4 R B AHRLA X BR 4L, TG
PO - 2 A BN o Bk AT R SR R, TR = (10) 8 LAY ATO . ATO AL AT
DUFR 32 A7 R A A B AT XT EL B TR 20 A A g b AR R, 3 AT LA MR 332 R A 2 5
FE 22 A 22 (81N KA 7 T3 PR b A AR 85007, A IR B A B0 1 Lo B s =
JE7R T LLATO Rl B A i BL 48l 45 28 .

BE RS SR SRR FH A RS AR 5 — AR R L A R B
WEE IR MR S L5 [ i P, A% G2 RS T B AR AR 2 m sl e #6 . 58 —,
LHF 5T 3 PR B8 BOHR A5 R T i DR R R T S, B AR R A R T e R ) AR AR s
LA F S SRR Al fE CERRE N RAN TR K T H . 58 = TR HAUE LA
> BB S A e ) S P A, AR R R S P SR B I, PLM L IRM BE A R 34

() SETIE ZE 001 < A o 4K 23 0% 398 WA R0 07 P A

Ry H R R BT ML A 2 ST 7E SEUE A 5E A L A B, AR o A U8 Li A
(2025) , PPk R o T 200X — KRR | 22 4 JiE 4k 3% U X A R A 38 4l e A B9 5 0
i 55 i 265 (2025 ) A 1) 50 0080 1R 90 505 W @), 1 200 ) P 420 st g L i) 3 2 20 i A 751
2P O B85 AR5 SUEE ML 24 20 558 43 A, DA R 7R H AR SR 5T R Y
IO R , I 28 H AR G A% B8 O 1k T BE X BOHE R AIE L SR R B A B R D

R VEAR B0 IF 4R T 2014 4F 17 2012 45 8 8 5E /9 “ B R R F & TAE T A 5270
JEZ R WK T EOR R R IX . — B R ERARAIF L TERESE, =
BT LT 7348 bR« AU A /N T 2300 08 2 A B AN LR R
¥ REGETLOEREARE BEMEMEXE E2H/ DX E KN ADNLLL
DL SN F W B o H T SR ) 4 TE 32 R 1 S ml XN ) B R R AR, B RR S
I8 40 F X 6 R AR A SR A B AR A 7E BOR R S R LT M S A B Y

AT B KR AR 5 2R B4R T b 0 (. 4 2 T 3k o

© A
@ 37 https : //'www.openicpsr.org/openicpst/project/201661/version/V 1/view I 251 50 H o
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s EL 5 VR D 0o B2 B0 A R L A A SR 2 A P AT B R A B (L5, 2025) .

AR SCHE T U SRS, U T T AN TR 2 R il 2 2R LA AR Y B2 5E 1 R
T PE RS T 45 2R LA KSR AP A T 8 S S0 A T o B — iR ORI A s i A
T B XU 22 Jp R o 55 R SR DR S AR ] [ R AR T AN T B
AR [ 5 R A4S 3 5 47 0 A 52 B T8 E 8O0, s P T 7 A s o (I R A
ik ) 55 4745y HE U0 o A9 58 EL I, DA n] R S R AP AT i i . HoR =R bLAR o7
PRI I3 ) | SCER A AR T A 28 ) 28 R B ML RR AR i A P A 45 4 R U0
TIAGEARE . AR BB T DL B SR DU o A T 4 A P A2 L [l )R AR 0 26
PR AR D R A AR

3 RNIEN 2 73 0l e 7 1 i A5 RN AN B AS ROV YA TSR o 1 G, 23 T AR
TAY)— B R W], F 2014 4F BUK S0 2 )5 L [ 5836 23 0 AT 0 B pg A J Rl
AKX T R B T A A B ORI T BN . R 3 R IR T A%
BLAS 7 > B3R 0 T 45 R 05 R AV 6] {507 R R RE A SMULG ROR o Al LU Y, £ =7
HL AR BT 2 v AL AR AR SE B A R A AU G ROR BR LR R AF AT . e X T
[ i 7 e R Ak T2 25 SR 75 A B RR AR S ULAS 1 22 1 2 IR, X 0k IR 2 2 2R 5 AR 1Y
FEA SN U R 5 o 22 R 28 IR0 T ) SCERPERC Y o TR it , BEATL 2R AR A A 31 45
R (0.076) B AT BEHE T T ELIERION , X s AR T X0 1] [ 2 500 A A T

x3 A5 K 2 X R AT EE A B B A R (b it
RMSE AY RMSE AY
Y BT Fr iR RMSE D
e i (HMR41) (Il
fi B DID 0.137 0.008 0.100 0.140 0.492
1) [ % 507 0.109 0.005 - - -
DML: )™ X £k
. )X 0.121 0.012 0.100 0.138 0.328
HL 7
DML : 1 25 ] 2% 0.099 0.020 0.085 0.114 0.296
DML : B HIL 2R A 0.076 0.011 0.087 0.106 0.269

T AR R IR T A TR R 2R R A v 28 5 ok 4 sh N 9 ML A B i 1 B S RN A o PR AR
A FE NI A XK BT [ RE ROV A O S L4 (2025) B9 ERNE B EME . SR
Bertrand %5 (2004 ) %} 22 ] 1 #ie £ 4% DID (%9 40 38 , 3¢ b ] 82 DID 55 = Fh DML 9 A3+ 530 - B 56
Vg PRI 725 i 2 I R B T A0, SR S B A A AR ISR T ARIB SR S 1 PR A R A, DT T B A —
P 85 (2x2) DID , B J5 F H 2x2DID Bk i 1Ak it . AnifE iR B E B Y2 MR E . i DMLY
EH A AR X T DML 5%, A ICAR T 99 TR A [7] 28 U4 i 15 22 5000 v 32 80, I 4 3 =X
()X ARAERDEAT T % . RMSE AY (X 84H) .RMSE AY(ZbBEZH ) DL & RMSE D 435l A AL 8% 5
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The Theory and Practices of Double Machine Learning :
From “Black Box” to “Tool Box”

HU Shiyun' JIANG Hongyi' XIE Haitian®
(1.National School of Development, Peking University ;
2.Guanghua School of Management, Peking University )

Summary: Double machine learning (DML) is a significant methodological
advancement in causal inference, particularly when high—dimensional confounders and
complex nonlinear relationships are involved. Despite its growing adoption in empirical
economics, misconceptions persist regarding its role and proper application. This study
provides a comprehensive overview of DML, clarifying its theoretical foundations,
dispelling common misunderstandings, and offering practical guidance for empirical
researchers. We emphasize that DML is not a novel identification strategy but rather a
sophisticated estimation framework that enhances robustness within established causal
inference paradigms.

We begin by systematically reviewing the theoretical underpinnings of DML, which
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rest on two fundamental principles—neyman orthogonality and sample splitting (cross—
fitting). Neyman orthogonality renders the estimator of the causal parameter asymptotically
insensitive to first—order estimation errors in nuisance parameters, while cross—fitting
prevents overfitting bias by using separate subsamples for nuisance parameter estimation
and structural parameter inference. Our theoretical exposition progresses from the partially
linear model (PLM) , which accommodates homogeneous treatment effects, to the
interactive regression model (IRM) , which allows for fully flexible treatment effect
heterogeneity, and culminates in a general method of moments framework. We pay
particular attention to the interpretation of the PLM coefficient, revealing that it
corresponds to an overlap—weighted average treatment effect when treatment effects are
heterogeneous and covariate overlap is imperfect.

We then demonstrate how DML integrates with standard identification strategies in
applied econometrics, including instrumental variables, difference—in—differences, and
regression discontinuity designs. For each strategy, we review the relevant identifying
assumptions, explain how DML can be employed for parameter estimation while
maintaining identification, and provide detailed implementation algorithms. Through
systematic comparison with conventional parametric approaches, we clarify that DML’s
value lies in strengthening estimation procedures under existing identification frameworks
rather than supplanting them.

To assess DML’s performance characteristics and practical limitations, we conduct
Monte Carlo simulations comparing PLM and IRM against two—way fixed effects estimators
in difference—in—differences settings across various data—generating processes. The
simulation evidence demonstrates that DML methods deliver substantial gains in estimation
accuracy when the true data—generating process features nonlinear confounding
relationships and heterogeneous treatment effects. However, we document that PLM
exhibits markedly superior performance relative to IRM when covariate overlap is limited ,
highlighting important practical considerations for method selection.

We illustrate DML’s empirical utility through a reanalysis of China’s targeted poverty
alleviation policy and its effects on rural household income. Contrasting DML estimates
with those from conventional fixed effects specifications, we employ random forests for
nuisance parameter estimation. The DML analysis confirms a positive and statistically
significant policy effect, although the magnitude is more conservative than linear model
estimates, reflecting DML’s ability to flexibly account for nonlinear confounding trends

that may be imperfectly controlled in parametric specifications. Moreover, the flexibility of
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DML facilitates detailed heterogeneity analysis, revealing that the policy effects were
substantially higher in counties with revolutionary historical legacies and in mountainous
regions.

Drawing on theoretical insights, simulation evidence, and empirical applications, we
offer practical recommendations for implementing DML in applied research. These
guidelines follow the natural research workflow as follows: (1) Prioritize identification
over estimation—establish credible identifying assumptions through standard econometric
reasoning before employing DML for estimation. (2) Base the decision to use DML and
the choice between IRM and PLM on sample size considerations and the extent of
covariate overlap. (3) Select machine learning algorithms (e.g., penalized regression,
random forests, and neural networks) based on the dimensionality of the feature space
relative to sample size. (4) Conduct careful diagnostics of nuisance parameter estimates ,
examining propensity score distributions and checking boundary predictions to guide
hyperparameter tuning. (5) Implement comprehensive specification checks, including
covariate balance tests and sensitivity analyses, and compare estimates across alternative
specifications. (6) Adopt transparent reporting practices that document machine learning
model selection and nuisance parameter fit quality, without unnecessarily reiterating the
DML theory or reporting aggregate model fit statistics that may be misleading.

In conclusion, DML is a tool for enhancing estimation precision and robustness but
not a substitute for rigorous research design. It equips researchers with principled methods
for controlling high—dimensional confounding and accommodating complex functional form
flexibility. By enabling more robust estimation and credible inference in the presence of
model misspecification concerns, DML is a valuable addition to the applied
econometrician’s toolkit for drawing reliable causal inferences from the increasingly
complex and high—dimensional data characteristic of modern economic research.

Keywords: Double Machine Learning; Causal Inference; High—dimensional Data;
Econometrics ; Empirical Strategy
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