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1. &Y

ESRUERRA, HNNZEERXFNRE: —HH, FHRVEIERIRE D TE K, TameidEhEs
ARt XFR; BZ—HHE, BERERVISBFIFE TREINARM. BERE) #ITERRERX 5N E R
% M4, BESERFANRFINRIENE, XERIERRERESHEITRITRIENEXIENE?

Double/Debiased Machine Learning(DDML, XE#28F ) ER N RAX—i@MmE, X—HEZHMITEFF
ZKXChernozhukov e ES1EE R SIe, ERNRREMIREENSEZZ—- DDML BYZICBAE ] LUHTE
79. @i IE3Z {4 (orthogonalization)BFRIENGRIR, 81332 SHAS (cross-fitting) BRI INS RIR, MMSSILXY
(KSR S 80— B 1 F0 57T 1 S HER

AXETELUBRZENAXNADDMINERFIE, KMPBENMNATR, HBEEEERX—BAT AN
NEEF I SRREMTEE S,



2. @RS . ATAFEEDDML?

2.1 B HENRR
ZIE— T HERRERPD: RMTEERGITRETE D WERTE Y NRRMY 0), FNFEEEH—A7
TE X, AEENITEZFFR, BFERA%EE)T:

Y =D0+X'B+U
X—7 AR REEN, BEERDXRR:

1 REIRE: BERIE X XY RMELIER, BMERXMXARTEREEIFEMER, XHRETZ IR
R, MRRBEIILERIR, 0) BWEITIMEE R,
2. miftin)El. SIEHTEHERS MEENH p MEEEBIFAE n) B, FHROLSERA.



2.2 HiZERANBIF I EIR
B4, BeBEHEZERVYEESAE (lasso. RandomForest) (it EiRIERLE?
EXEBTEN, BiZFERAVSFEIS5IAFRMHRIE:

1. ENERIZR: RSN EFIFZERN TG, SISHHEMET] ($Lassody Ly &), XMIENL
BARE THGE, zSBERGITER.

2. Il ERIE: MRER—HEHELEDNGNGEFIRENGITRRSHS, RESIENUSIIGEE, FH
5 E B AKM R iRo
XAMRIZESEEARE BN 0 BALR, WhEHTERNSIHRET thmEBERE. #

TRIRIR),
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Orthogonal, n =500, p = 20
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2.3 DDMLEYBRA =
DDMLIE I RN KRB L BRIt iR, R 7 iR [A] e ;

1. IE32 46 B Frisch-Waugh-Lovel(FWL)EIEEAE, SAVSRFEINHNFN Y 81 D xF X B95H4H
B, AGRREHITTRRER, X—FHRT ENRIR,

2. TG BRSO K i1, & K — 1 M FELIIGNB[BEIER, REERRT E#TIONFGT
X—HR T SIS RIR.

BT XFS, DOML ST T WERSH 0, W—Hfhit, HEESEWERET, 0 HEES, TLUHTIR
RSt H#ERR



A. Full Sample
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B. Split Sample
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3. DDMLBY#ZIO IR

3.1 BB A 1EHEEY (Partially Linear Model)
A TIEEDDMLIB TERIE, BMSMRBERIE DR FIE:

D=my(X)+V, E[V|X]=0

Hr:

o 6 ERNBUBNERSH (B
e 9o(X) =E[Y|X,D = 0] BERTEXTHTENR AL
e mo(X) = E[D|X] RRIEZ B XTI BAFFEELE

MABMAITE: DY BEMBLNN, B X Y 1 D WEMALUSERIERERE go(-) F mo(-)



3.2 IE3Z{k: FWLEREBHIEZE SRS
FWLEIBSIREAT, EEMERY = 0,D + X'8 4+ U /1, UTEMEHT 0, WA E2ENH:
1.EEERET: BY 3 DX —&E)3

2. p&MET: )
o F1FH: B D XM, BIFED =D — X'4

o o BY W X[E, BEBEY =Y — X'6
o $#3%: B Y 3 DEY, 55 6,

10



4 A+B+C+D=1

B+C

R? = 2 B+C+D

reg Y X1

—3 | R? = B+C

reqg Y X2

—3 |R2 =C+D

reg ¥ X1 X2

l

— | R?2 = B+C+D
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Case

reg Y X1 X2

= B+C+.
_;..REJ;EC}J

ay

B1 =m|xz
ay

B2 =mlx1

e

Y = By + BoX; + BX, + u

reg Y X1

—3> | U = A+4D

reg X2 X1 - |é =D+G

regu & |—» |R=D
¥ N
+iy +iirx2
D = B2lx
B = Bilx
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DDOMUGX—BABHE BRI BT, BB IA AT go(X) Fmo(X), RBRAKEMIT ) .
E{AT=, DDMLEEITEN:

=
X 1 n_ 1 n_ )
0o = (nZVz'Dz) EZVi(Yi — 90(X5))
i—1 i—1

Heh V; = D; — 1ig(X;)

NeymaniE3Z1¥
it AR TR S (nuisance parameter) 1y N—MSEHAE:
0
%E[@b(W, 00,7)|n=n, =0

XARIE T nuisance REFGITIREN R R SHITHEIMZE —M/h&, MMM T ERo
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3.3 ZXXE
SR E— I HUE L EENEN 2R SIS (Go F 1ho) XMt 0y, SHITINSRIIE: B1. 25 hpgESH
AFE3FEITH, SHHITEEREAZEER A,

RIS BIHAD B RX—AH, BESBINT:
1. SN R K 4 B2 K =5)
2. X% F%E k #r:
o EHE K — 1 3FHilsmessmn, 25 6" fm
o T k IR LRxeEnsTmn, saEes v avh
3. BHFIEINEE, HER%N 0,

RXMERRBET: FUNFETERNERENEE XtF, BMENSEFEIREIIS TIIGEE, EFf=
2 e 7 ul = A oy
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4. DDMLEYIRICIERR

4.1 =54
DDMLIBIERIR I Z R TETF, EBXRVEEFE I A ENERMBIT TN . REnuisanceXE{L 1T E

lgo — dollz, = op(n™"*)
Imo — 1|z, = op(n~ ')

B go — Go 1 g — 1 BIKSOERESRT n~ /484, DDMUEHERE V/n-—RiM, X—REAZEE BN
M2 S 757% (Lasso, Random Forest, Gradient Boosting, Neural Networks) #BRE# o

4.2 AEIESYE
EELVIENSEHET, DDMLUGITERE !

V(B — 60) —5 N(0,V)
Hp V @bk RE,
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5. DDMLEYMN FBim=

1.

R R MR E (partially linear model)
Y=D0+g(X)+U,D=m(X)+V

. R E#ER (interactive model)

Y=9g(X,D)+U,D=m(X)+V

BRI T AT SRE (partially linear IV model)

Y=D0+9g(X)+U,Z=m(X)+V

. RIEER M T AT 2R 8! (flexible partially linear IV model)

Y =D0+g(X)+U,D=m(Z)+g(X)+V

X H T AT E1EE (interactive IV model)

Y=9(Z,X)+U,D=h(Z,X)+V,Z=m(X)+ E
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6. SELESEH

A. ML RPE X F b 547 B [B] B9 22 Mn

EEFIEHF1980FERAENEY ZEIBMIREELIE, SENEARIRIWRREUNKMES RN
EXNEIEH, KIREEBMERFEN D ECEIXBAD HPMNIERA 7 —: WERAERRERR SRR ; 4b
IBAPNNMIEEME N EZREBRIXRE TERFRE—E LENKN R EN RS, FRVGIBHTFRSKFE.
ANMEHRFE AN R & 2 B FERY 83 RF 5 E 71T = F(Bilias & Koenker, 2002),

FEARLIED T, BIMXKFRIBENMESRZ—IBH4, HEIE TIESHMWMIEME, 120 EA
i, REFIIRE, AR, BREGEBEARSMERWIEl, M IEBETEDAEEWOECEIBIEHIN_ET
2, FRTESYNRWIFEAEIRINTER, MTEXEIFFERANTE. 45, Mik. STELAFEALR. LBMAES
E. MRAMIEMNGE. E@GF T4 EITEAURER SR,
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BETHEMAEEITTRETFWEER LT AERIEIREL, 25079 FEYIARM(Random Forest). SR [E]YI (Reg.
Tree). HEFHM(Boosting). Lasso(l,fETILLM ] FIHEZEMLE (Neural Net)o ItbS5h, FINTEZETRMES
7% EnsembleflIBest, Ensemblei@id INAY T U428 S) /5 7A(Lasso. Boosting. Random Forest. Neural
Net) RELEMRMA S, NEFEISIHRZXWIE FHFIIHATNIRE R/ IMYIAE. BestlEM AT A
Ensembled, ABMIIRKIERETXNN BT E EASREFERINUNRERN G Ao

RIS TETFDMLEY Y IBR N (G iT4ER, KA ZE, EF 100X RENERYS, 25 ER2HTFI5
TRXIUE. W TFEHRMERNIRE (Panel A)FIBRD L 41REY (Panel B), ATEf4iT{ETE-0.073ZE-0.08522(8], tRit
1%£9790.035-0.0360, FTE A EESHEEMKFEFTFYERREN KW FLENEEEEEZENHETN, SEaIAR

é:él:i/b\_:zé&o
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Table 1. Estimated Effect of Cash Bonus on Unemployment Duration

Lasso Reg. Tree  Forest  Boosting Neural Net. Ensemble Best

A. Interactive Regression Model

ATE (2 fold) -0.081 -0.084 -0.074 -0.079 -0.073 -0.079 -0.078
[0.036] [0.036] [0.036] [0.036] [0.036] [0.036] [0.036]
(0.036) (0.036) (0.036) (0.036) (0.036) (0.036) (0.036)

ATE (5 fold) -0.081 -0.085 -0.074 -0.077 -0.073 -0.078 -0.077
[0.036] [0.036] [0.036] [0.035] [0.036] [0.036] [0.036]
(0.036) (0.037) (0.036) (0.036) (0.036) (0.036) (0.036)

B. Partially Linear Regression Model

ATE (2 fold) -0.080 -0.084 -0.077 -0.076 -0.074 -0.075 -0.075
[0.036] [0.036] [0.035] [0.035] [0.035] [0.035] [0.035]
(0.036) (0.036) (0.037) (0.036) (0.036) (0.036) (0.036)

ATE (5 fold) -0.080 -0.084 -0.077 -0.074 -0.073 -0.075 -0.074
[0.036] [0.036] [0.035] [0.035] [0.035] [0.035] [0.035]
(0.036) (0.037) (0.036) (0.035) (0.036) (0.035) (0.035)

Note: Estimated ATE and standard errors from a linear model (Panel B) and heterogeneous effect model
(Panel A) based on orthogonal estimating equations. Column labels denote the method used to estimate
nuisance functions. Results are based on 100 splits with point estimates calculated the median method.
The median standard error across the splits are reported in brackets and standard errors calculated using
the median method to adjust for variation across splits are provided in parentheses. Further details about
the methods are provided in the main text.
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B. 401(k)i-§1§&% SEOF & o : S

REA01 (K ZEX R TR AR M XEMRTET . ARE401(Kk) TN LB TEHIEREN A, /I7IRX—I(a]

el , i_ﬂEPoterba et al. (1994a, 1994b)BYREE, FEA1991FIMANEZSSITXAESIPP)EIE, 1£401(K)1TXI#]

Hl, MAAXAIgEETFEERTIRMEZITXIRAEM L, MEBERFMANREM TIERFIE, FILEE TSN
T=F, 401(k)HBERIMLAINES

B, 2 SYRNFEMAT (RAREA. 401(WFRF. XEKF. XE#ESGHRS. EEAEKRA. TAF
EE’JF\% me\ HEIEEFHEIFTRGS), QETEDNEETEBL01(NAERAER, MEEXEFEFLL.
WA KEME. BEFR. BIRRR. TS, BEETEZRS. IRAZSRESREERBRTS.

%‘%ZTE%TDMLRMN(k)i’fﬂﬁ:Fi’JLEI&F"E’JGl‘I', XKASaIRMERENEFES i, RD R BARE AR in{
EE D INERE KM, FHiTEWESE27E0.01510.9940&ilkr, BEF 100X ARSI MUBGITER: XEE
RIATEZY96830- 8105%75 (ARAEIRL91134-1533) ; 2O LMIRBIATELN NT7717-9247FE 7T (FREIRLY1294-
1749), HEBRFAEEHEADESEEGITHE19559ETT, MAREIEHIEMN EE /5, RAFEERERMN
BAMN, FREIVEEEIAZENEREE—, SPoterbaFE AMERELMITHIERBEAYS,
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Table 2. Estimated Effect of 401(k) Eligibility on Net Financial Assets

Lasso Reg. Tree  Forest  Boosting Neural Net.  Ensemble Best

A. Interactive Regression Model

ATE (2 fold) 6830 7713 7770 7806 7764 7702 7546
[1282] [1208] [1276] [1159] [1328] [1149] [1360]
(1530) (1271) (1363) (1202) (1468) (1170) (1533)

ATE (5 fold) 7170 7993 8105 7713 7788 7839 7753
[1201] [1198] [1242] [1155] [1238] [1134] [1237]
(1398) (1236) (1299) (1177) (1293) (1148) (1294)

B. Partially Linear Regression Model

ATE (2 fold) 7717 8709 9116 8759 8950 9010 9125
[1346] [1363] [1302] [1339] [1335] [1309] [1304]
(1749) (1427) (1377) (1382) (1408) (1344) (1357)

ATE (5 fold) 8187 8871 9247 9110 9038 9166 9215
[1298] [1358] [1295] [1314] [1322] [1299] [1294]
(1558) (1418) (1328) (1328) (1355) (1310) (1312)

Note: Estimated ATE and standard errors from a linear model (Panel B) and heterogeneous effect model
(Panel A) based on orthogonal estimating equations. Column labels denote the method used to estimate
nuisance functions. Results are based on 100 splits with point estimates calculated the median method.
The median standard error across the splits are reported in brackets and standard errors calculated using
the median method to adjust for variation across splits are provided in parentheses. Further details about
the methods are provided in the main text.
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H—TH, BE25401KITHIEARERNIETZE, UAREANTETE, HitESBFEYMIEMN, RIGRE
T, 254013 &SRR HLATE(E1T1E8944-11764E T2 8], IWEEBRNIE, S&EIVEEHKIT13102FET
(tR/HEE1R1922) HHELLEEERES, BEARSEFH—.

Table 3. Estimated Effect of 401(k) Participation on Net Financial Assets

Lasso  Reg. Tree Forest Boosting Neural Net. Ensemble Best

LATE (2 fold) 8978 11073 11384 11329 11094 11119 10952
[2192] [1749] [1832]  [1666] [1903] [1653] [1657]
(3014)  (1849)  (1993)  (1718) (2098) (1689)  (1699)

LATE (5 fold) 8944 11459 11764 11133 11186 11173 11113
[2259] [1717] [1788]  [1661] [1795] [1641] [1645]
(3307)  (1786)  (1893)  (1710) (1890) (1678)  (1675)

Note: Estimated LATE based on orthogonal estimating equations. Column labels denote the method
used to estimate nuisance functions. Results are based on 100 splits with point estimates calculated the
median method. The median standard error across the splits are reported in brackets and standard errors
calculated using the median method to adjust for variation across splits are provided in parentheses.
Further details about the methods are provided in the main text.
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C. BIEMEFIG KRR

ARTE D &I EWHAEREES TRETESRDMLGT, JBHAcemoglu et al. (2001)BYHEZR, EF{&1THIEXS
BEHEH. SRTEYANRAIGDP, RERBRTEDAN T AMFHNERIFIEZE ((FATIERERE),
TERSZAHRAMMNERER TR, FHIEEXEEEREEEURIEMN. TN, JbE. EERNNNTE,

RARE TDMUGIHER, RENTE0.73-1.00(8], BWEEBNITE,. REB/NFAIREXEZEIH1.10 ArEix
0.46), BEMLEIL—H, DMLBINSFE I H AR T XEMNHIBRZELMITHINERIL, GRERGIEX
ZFIEKAEEE MM,
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Table 4. Estimated Effect of Institutions on Output

Lasso Reg. Tree Forest Boosting Neural Net. Ensemble Best
2 fold 0.85 0.81 0.84 0.77 0.94 0.8 0.83
[0.28] [0.42] [0.38] [0.33] [0.32] [0.35] [0.34]
(0.22) (0.29) (0.3) (0.27) (0.28) (0.3) (0.29)
5 fold 0.77 0.95 0.9 0.73 1.00 0.83 0.88
[0.24] [0.46] [0.41] [0.33] [0.33] [0.37] [0.41]
(0.17) (0.45) (0.4) (0.27) (0.3) (0.34) (0.39)

Note: Estimated coefficient from a linear instrumental variables model based on orthogonal estimating
equations. Column labels denote the method used to estimate nuisance functions. Results are based on
100 splits with point estimates calculated the median method. The median standard error across the
splits are reported in brackets and standard errors calculated using the median method to adjust for
variation across splits are provided in parentheses. Further details about the methods are provided in
the main text.
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7. DDMLBYEB S BIR

71 X ERE
1. RiEME: BRIEE go(-) 1 mo () WEREHR, NBFEIEHES
2. afiElE: JEENRISTERE, REMUGITKSORE B8R
3. BT AILIRME p > n WIEE W EEAETATRAS)
4. SN REHEESHMEITTE, LU TIRENEISIRT
5. B ERTEZMEEEIER(PLM, IRM, IVE)

7.2 FER/IR

1. (HEFERIFEIE: DDMLREERRATREERIZ. REOARFNH, CREBREMTERENMGEITAE,
(EERIRFMAKI FIRERIZ (RS, TATEEWMLSE)

2. BISIEIE: MSBSF IR ETARREMIRE, BLUIER X MEEmY M D

3. it E A TS ERINGMUEREN T HE RIS, THEASNIESE L

4. HEEZRME: NBFEIFEBEEERZESHEEFMHRAS

5. IViEZSFRINEKSD: DDMLRIBICHBREMER, EVERTHRMRS THHR
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8. X3

8.1 Stata

o ddml (Ahrens et al,, 2024). IheEsxEEAStatatl, IFZMHIRE, BILLS cvlasso, rforest,
pystacked ZEMLESESER, FEiE

8.2 Python

e DoubleML (Bach et al., 2024): BF scikit-learn BYPython®, ZIFZMDDMUREFIMLE L, %%
e EconML (Microsoft Research): A ZNERHEKMTEE, @SDDMLNRETEHE, #Hix

8.3 R
e DoubleML (Lang et al., 2019): EF mir3 £BRFAHIRE, iEiz

26


https://statalasso.github.io/docs/ddml/
https://docs.doubleml.org/
https://econml.azurewebsites.net/
https://docs.doubleml.org/r/stable/

9. BE5

Double/Debiased Machine Learning @I FRERIEMITAREBHIHEZ — BIGEHIEV23F SIRITUNIEE
NEHEZXFFNERIEREZRLS, KM TESEERS: BMATMIBIREELIESHE. JELMERR, X
RIE T ERS B T R 108 RO’
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& 3k

e Chernozhukov, Victor, Denis Chetverikov, Mert Demirer, Esther Duflo, Christian Hansen, and Whitney
Newey. 2017. "Double/Debiased/Neyman Machine Learning of Treatment Effects." American Economic
Review, 107 (5): 261-265. Link, PDF, Replication

e Chernozhukov, V., D. Chetverikov, M. Demirer, E. Duflo, C. Hansen, W. Newey,J. Robins, 2018,

Double/debiased machine learning for treatment and structural parameters, The Econometrics Journal,
21 (1): C1-C68. Link, PDF

e Ahrens, A., Hansen, C. B., Schaffer, M. E., & Wiemann, T. (2024). ddml: Double/debiased machine learning
in Stata. The Stata Journal, 24(1), 3—45. Link, PDF, Google

e Ahrens, A, Hansen, C. B., & Schaffer, M. E. (2023). pystacked: Stacking generalization and machine
learning in Stata. The Stata Journal, 23(4), 909-931. Link, PDF, Google

e Ahrens, A, Hansen, C. B., & Schaffer, M. E. (2020). lassopack: Model selection and prediction with
regularized regression in Stata. The Stata Journal, 20(1), 176-235. Link, PDF, Google
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https://doi.org/10.1257/aer.p20171038
http://sci-hub.ren/10.1257/aer.p20171038
https://www.openicpsr.org/openicpsr/project/113505/version/V1/view
https://doi.org/10.1111/ectj.12097
https://sci-hub.ren/10.1111/ectj.12097
https://journals.sagepub.com/doi/10.1177/1536867X241233641
https://journals.sagepub.com/doi/pdf/10.1177/1536867X241233641
https://scholar.google.com/scholar?q=ddml:%20Double/debiased%20machine%20learning%20in%20Stata
https://journals.sagepub.com/doi/10.1177/1536867X231212426
https://journals.sagepub.com/doi/pdf/10.1177/1536867X231212426
https://scholar.google.com/scholar?q=pystacked:%20Stacking%20generalization%20and%20machine%20learning%20in%20Stata
https://journals.sagepub.com/doi/10.1177/1536867X20909697
https://journals.sagepub.com/doi/pdf/10.1177/1536867X20909697
https://scholar.google.com/scholar?q=lassopack:%20Model%20selection%20and%20prediction%20with%20regularized%20regression%20in%20Stata
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o X, 2025 DML-CER: FANENZEFE S miREIRIGEF AT NS FEE, EZ= No.1687.

o IR, 2025, FFREDMEVHUA . BERRMN 7%, FF = No.1684.

o X{R, 2025, FEHSEIREIE FRINEN2ZFIRE (F) —RAIELIE, EZ= No.1665.
o X{R, 2025, FHSEIREIE PRI EN2ZFIRE (£) — EFie £, EF = No.1664.
o F{RFF, 2025, Python-EconMLEL: RIE_EFohENENZEFES), HEEZ No.1577.

o Z=FHf, 2023, AR WNENZZF S -ddml, EE= No.1221.

e F & 2023, Python: MHENILIGEINENZZF S, EFE = No.1204.

o FEYL, 2022, Stata: ?REM%%%7—%éﬁ%é’é*ﬂhﬁlﬁEl’JTEi‘l'Tiii—crhdreg, EZ2 No.1036.
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https://www.lianxh.cn/details/1687.html
https://www.lianxh.cn/details/1684.html
https://www.lianxh.cn/details/1665.html
https://www.lianxh.cn/details/1664.html
https://www.lianxh.cn/details/1577.html
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(BBEFRAREFHR) Ry NENEFS)"

[115K% =988, MEEMIEH. GFMREEKESMXEE—ETWENEF INERIEH)] BHEBLFRA
23R 5,2023,40(04):113-135.

215z BARE RET. SIEEEHZESEMHeIEN—FRB 2R BIEA RIS RIEED] HE LT R ARE 5T
fiff57,2024,41(08):5-25.

B1EEM &= RS ESTNREREARCFHNEMAR—REERREESE IR XBRIIEED]. MES 5T
ARLEZFHHZT,2024,41(12):133-154.
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(BIBHR) s WENES S

[1FMERE, 595 RS, BAOEKXKMNES SHeeEHIEE SR EIEH 5, 2024,40(12):185-203.
RIEN =W REHE. BRI E—HMES I EShafeiE 8 ). EEHR,2025,41(07):108-139.

B/, K% X B8 F. HEER B FRFmXiE 2B RENRARNFR—RBRERKEREFBE LI
B EIEH R 2025,41(07):149-175.
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ESHUXE: TamiEE (2022.4)

F a0, 527, =4, F FTR NI T RefR R LR R A A< 1E? [J]. BBt 5,2022,38(04):42-64.

o XLHEIA: MM T; B ; XF&EN; NENZESFES

o HE. ANEGHFHHN LHRREIE, NANENGEFIGZE, LT ITERNERMX—F4FXNHE
M FIRARM, XA, FTRNERGACRBE R EREIREMZA, RiM5IEHIHEERA
s EF, BXNFAREWHEMRIEEZNRRE BiREkiHE, TR RSEFREREL, %5
TENEEEEIVHREARETEERS; MNSEAREEIVRENTKEEEL W, LAHRESIEHER
X EFEVFRXIDENAIBRT, FHETIIRNIERSRERE W RIZRE RIS E I SERY,

33



HelEXE: sKkEMZFEIIE (2023.4)

oioE, 21988, MR EMIZHE. 8 FeE KX EE —ETFWENSFE IR R[] HELFTHE
AL FHHZT,2023,40(04):113-135.

o WENBWFINME &L, REMENIN. NEININ, EHFERE (PAEUEAR)

*5 WAk : Cross-fitting fold 1 unrecognized command

ssc install ddml

ssc install pystacked

set python_userpath "D:\StataNowl9\utilities", permanently
set python_exec "D:\anaconda3\python.exe", permanently
python query



E- 3B E!

global Y vy

global X x1 x2 x3

global D d

set seed 42

ddml init partial, kfolds(5)

ddml E[D|X]: pystacked $D $X, type(reg) method(rf)
ddml E[Y|X]: pystacked $Y $X, type(reg) method(rf)

ddml crossfit
/*

Cross-fitting E[y|X] equation: y

Cross-fitting fold 1 2 3 4 5

...completed cross-fitting

Cross-fitting E[D|X] equation: d

Cross-fitting fold 1 2 3 4 5
*/

ddml estimate, robust

...completed cross-fitting
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/1 /Rt ERS e

/ [ R 7y | 5]
ddml init partial, kfolds(3)
*ddml init partial, kfolds(8)

[/ SEHHLAE 5 ) 7%

ddml E[D|X]: pystacked $D $X, type(reg) method(lassocv)
ddml E[Y|X]: pystacked $Y $X, type(reg) method(lassocv)
*ddml E[D|X]: pystacked $D $X, type(reg) method(gradboost)
*ddml E[Y|X]: pystacked $Y $X, type(reg) method(gradboost)
*ddml E[D|X]: pystacked $D $X, type(reg) method(nnet)
*ddml E[Y|X]: pystacked $Y $X, type(reg) method(nnet)

/1 H AR
ddml init interactive, kfolds(5)

// LEAR &%

ddml init iv, kfolds(5)

ddml E[Y|X]: pystacked $Y $X, type(reg) method(rf)
ddml E[D|X]: pystacked $D $X, type(reg) method(rf)
ddml E[Z|X]: pystacked $Z $X, type(reg) method(rf)
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WEH22F S RIBRE (&R

Lo B RE RIEFE. HEEZHZES5HM e ET—RB AHIBUEARNKLRIEED] HMELFTERAS
A 5R,2024,41(08):5-25.



(6) WEMNFZFIRRLI, EFRMEAEERE(LDAR e PG EIERIIBENM, EED, GEBodoryF
(2022) RLUHINENGZFSNEAEMCE, SERIRRERGABLL, WENSFIHENRABFUAEEE
EEMEESE o —HHE, BURENWHZEFHSENSHENERMEXRARLENGR, A~IEHT
ZHELWAER, BiERNIREF AR "HEIHR 52 EEEEREMSFBLITERRIR. BIEFS
REENEEZR, WENSF I HEFETNENF BimEdisERENEMNEERS, HIbBERESHEEHIE
SENRFENEEIAN, [EAENGETE. 3—7E, NENEFINKBEEREETVEFIHEL
BTEIFLERRE L, ALAIUEBRZSFRATEEIFAMN XA IBIREIZE RIRo

BTIb, RANENRBFZIHEAEMNRAEBTEARSEHEIENENRARXR. BAREEKGENFDE

(2023) RBE&, BFNENBFZIFEFSTEILLFNZERNT:4, ATBEEEILE FRENRENE, XKA—RE
R EIUNENSFIEER, ERMBIGHEZENGZE, EEEHSFEREERNAEM £, ZFTH
NEHRIZERGH—RI. RS =R, MRR7E()~GB)VNERER, AHBEAMHIEIIFARIBIIET%
KFLEEEZEAIE, 15, BRENSEFIHFEFRDELHIZENT7, WRRTEL)~O)FNERET, AHIE
EFRBEARBIIE1%K T LEENIE, ERGRREARANENREF G EEMR T EFERRE R
&, BAREGIENHARE,
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75 R

Bxa ai B2l SR ERANCFNE A R—RBERBERES NN XEBERIITEED]. HEL5F
FARZFHZT,2024,41(12):133-154.

o XiiE: AZMIE; ZBRARCF; BRERSZEX; WEVEFS; I XEHHRMRE

o HE: MARERAZIMUIST, BIREFHNIELRESAESIEATERERARCIFHKFE, XTI
AEFAGE. B I RERE, RSWEMARREEAEREER N, AXUBRBERHSGEINREXERA
MEBEAKR, XKANENBFIIRE, Wi AZMI SR ERARRIFTRIF N R RAENLS. i
R, BREESEINRXEBERRSSHER EERSHHERERIFIKT, BRERFEEIRXBREFR
EERNFEXACFHRRAE, BHALEE. FEEMAREES. HMXBFFIREEIK SIS, B
RAVEIREBEAE, MRENGINS, BiRERGGHRKBEREIRES LRI FEEERE]. Bk
il NV RERE . ERANAFNRIFAIE, AJLURAWMEEERARCIFHKTE, BEF EARREL, N
EEEIRERSARLXIFHmEIENRIRT, MEEEERSHXBERREOIFMNLIERE, MNRHEFR
RARG— KT IR,
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