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Abstract There is an increasing trend towards combining machine learning methods
with traditional econometric methodologies. Starting from comparing features and in-
ternal relations of two mainstream causal inference frameworks, this paper proposes
that causal inference can be significantly improved with the introducing of machine
learning methods in two ways, one is sample matching and one is counterfactual pre-
diction. Firstly, machine learning techniques can enhance matching qualities by pairing
samples directly or improving the accuracies of propensity score predictions. This can
make the matched samples more similar to samples collected from randomized con-
trolled trials. Secondly, machine learning techniques can improve the accuracies of
counterfactual predictions by modeling complex relations, using cross-validation, and
adopting regularization. This paper then introduces the theoretical foundations of
combining machine learning techniques and causal inferences by reviewing four spe-
cific methods: Matching, regression discontinuity, difference-in-difference, and syn-
thetic control method. At the meantime, several application cases are provided in

each method section for researchers in applied econometrics as references.

Keywords machine learning; causal inference; causal effect; policy evaluation; match-
ing; regression discontinuity; difference-in-differences; synthetic control method; instru-

mental variable; Big data
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BRI BRSBTS AR Sy, LA T i B SEIE
ST, A T B SR ATHT IR 1 1), e TR AN A Sy “HEbLEE
il S0 Rl BURAS BN HAEPT R HEE R BT RIRFST, HILR B iRafext
BUNBOR 8T T 7 A2 B BORGEA T AT R EAY, 32— MR Yy (K R (casual inference) [1]
R, SRS SO R R SRALY. (casual effect) BANEAMY. (treatment effect). HETZET
VTR, T PR I LR AT IR A TR RSO, 432 LELYE (matching)
Wr = m1H92% (regression discontinuity, RD), M E#43¥: (difference-in-differences, DID), PA K&
BEFERIE (synthetic control method), X PUASTTAK ) 2 W H T B (EFFXIEE (2020), 14
PHSE (2020), RIESRSE (2020)), FFATE GRAUNAE (2018), TREEMAERHE (2020), RATHSE
(2021)), ZishEedrs (REMSE (2018), EPFSH (2019), ELARMAHL (2020)) AR K JRLTF
s CEHIMAVRRZ (2016), KA (2017), F7HERIERC (2020)) 455 G5 LRI AT
R

BARF FUR AR RAEWTT R I T KRBT IR, (& AT R & | S
BsE . Rl HR e DL Ao BLRE NS ) 8, ARKFRE LIRS 73R eyt — SRy
A (FAKIERIE I (2018)). HAMRAFERTET, FRAEBTHFFIAG I F RS0, T2 b
REAS By SRRV (E 5 He A (B AR Bk 1 Y X S S 45 R 22 R A2, Tt TR A R TEAE,
S AN[RIF BE bl 52 S S SRR, FE E M i R RO T HE M T FE w5 (PARMRORI LIRS
(2015)). TE ERIRK—BIE Y, 2F2HMGITHERWIKE TN R ETZA 1T (Heckman et
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al. (1998)). WHEZAALEI (Hirano et al. (2003)). KFEAHERE (Abadie and Imbens (2006))
AR AESEM T (Abadie (2005), Branson et al. (2019), Lu et al. (2019)) LR ETHH
FAAG TR AT, IR BB ZRE T —E AL
H 2009 4F “HHA2SR=" (computational social science) P& EHIK KR )5 (Lazer
et al. (2009)), K#HE (Big data) S5H1#%%#>] (machine learning) I IHZBEBIN ZH 22 HE
R, X—EET 2015 FAHFERHBEREEK. B 1 AT ESEE Web of Science #
OB R L 525 SR & “machine learning” SCEHAM BT SEUEHE, WA 1
HHETLAE R, ARSI SCEE N 2009 R 100 57, T 2015 5% 400 5 fEda g i, 2019
AR 2676 5. GERLTFFLIETFRAFTXANE, SEilaez It Eait st 73
TR R PG T ORTE, MR LT TR R AT, RIXEF R R T R MRy <o)
(Mullainathan and Spiess (2017)). L% > J7 P&z AR IR HEBINRE J7, (HRLR5 25
MR T —MFrgiR RIS AG T AT R R, BRI NG ] i EoRiE T S FH e 45 1Akt
[ HERRYE (Varian (2016), Athey (2017)). HBIEX 25 AREFRAURZF ZHATIE 25 10 R ERIL
ST, B 2 SRR, Mg I rikCafRER A F A0NAT], 52K
FIRCHE 2016 R RGN, 3 ELRHGZ AT RTS8 8918 SR IR g '
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URIRZ =R R 078, R PECH A RT3 5 24, 43 B2 American Economic Review, Journal
of Political Economy, Quarterly Journal of Economics, Econometrica, Review of Economic Studies; BEZLH
A- BEATAIEE 20 4, 433JE: Journal of Economic Literature, Review of Financial Studies. Review of Eco-
nomics and Statistics, Journal of Economic Theory, Journal of Monetary Economics, American Economic
Journal: Macroeconomics, American Economic Journal: Microeconomics, American Economic Journal: Ap-
plied Economics, American Economic Journal: Economic Policy, Journal of Finance, Journal of Financial Eco-
nomics, Journal of the European Economic Association, Economic Journal, Rand Journal of Economics, Journal
of Public Economics, International Economic Review, Journal of International Economics, Journal of Labor

Economics, Journal of Econometrics, Games and Economic Behavior.
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B 2 ZFFNEIETINEEF BRI X ELIT

X AT F TN R AT R RS, BAFEENARFAEHTT —E MR flin, &
22 TR B2 BT 1 LA ) e SRR B R b gy N R R (B TN T
(2018), Athey (2019), BRa#h% (2020), ZE75R (2021), Hhik#k (2021)), BONKBHRAHL AR
THEEEZRRERR (Athey and Imbens (2019), BEKFRMTEAFH (2020), FFEC (2021)),
HZEA AR T HLas 2 S A TEBCR A S RA AL T B - (Kleinberg et
al. (2015), Athey and Imbens (2017), BABKAEFIE—S (2018)). {Hi2, AMAEWIRERET XM
ZHFEUIRITE, BRI AR A A VIAFF RIS, XT8R2 ik R i R ig 2
FHERB P Mz Rt e Bnie. I, ASCR BRI R TXLEE > IR E R A
RSB S R PR TIT AT, 145 & BUR SCER i S2bm BN HACR A — 4R = T 64 T
ST

AL AT 5 AR B AR AT 8% DA A, W R AHEWT o AT HE SR 1A T
MR, SR H AR B SRR BGH AT AT, 88 =3 SR AT AL A8 2 > 7 VA DY R R SR AL
RN A FER B 5 AR L ; SEVAERA X R SCH T T B4, HHTHEEF S 5hEES
7 T HEA T AE XA G B T TE ST TR M T e — 2D e py [ R EAT 1 R, @ A S BRI AT,
WA R 2T HR I M ST I 5T & SR (B S T R AT R A, B A B T HRE
R E TR IR — SRR

2 HERMEHTITIES
2.1 SEHMAERRBUEREBELERIER

2.1.1 FEHMERERIHES

FRAEBT A 2 FOARRI AT ELE, (B2 B BT AR FEE TR F—F R
TEWTHEZE Ay “ZEF R RAAL (structural casual model, SCM) HEZE, X —MEAHEH S Wright
(1921) $2HPIBEFRSHT (path analysis), ZEX—HEZR F, FIRICRH U F—RIHERERIESH
FREFFH RS R4 (structural equation models, SEMs) 2] m:

z; = fi(pa,u;),i=1,--- ,n, (1)

Hor, o ARAVTRIERXT R, pa, A HRSFERITEE R SCTER, u; NATOEME3
R FELFr 07T, AR ELE W ST — RS IHHR BRI P d X (1) BrR#) SEMs
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FERATIBR A, Wi AR R BRI, S ESSaE T, B 2K (1) /Y SEMs #—
BRI AL FEMIE R A0 R T S T A SRR
xi:Zaik+ui,i:1,~',n, (2)
kA1
Hrb o # 0 XA, BIXSEE (1) skt i SCM HERRZE8K Pearl (1995,
2009) i “HRE” (causal diagram) M “HMICFFE" (directed acyclic graph, DAG) ML
AT T KB B 3 JBR T — 1A DAG kRt i s, K Q RR7ER
1, HAZFMN T MARTRTRME R Uy 8, T P FZm gk, K22 LK WA A
B Uy 30, FNFEREMMAEKOT-Z MWAEEA EREW, di. dz. by Al bo 235X SEMs
TE A RBO R/

B 3 2FFHsTailibms DAG REHE

2.1.2 BELERIER

SR PR RAEWTHEZE NBAR A HETES R (potential outcome, PO) HESE, HFTIAHIE] Ney-
man (1923) FFH BT REALAL SCRRRFSY, 753X —HEZE T, RIS VR 2 S50 FR R AR B S fR 45 21
HRFIENLEFE BT A TR R MM 25, BIE—4 N MEREEPLE R, 5/ no
RBEAEIEAIREAF ny DEFEVCIEAEEA, WHZERA TSR TR (average treatment
effect, ATE) #{ 58 XH:

N Y;l _ Y;O
ATE = ; = (3)

Heb vt YD WM EEA TS R, EARRR R G20, BAML AR B i — 4.
ILEE, ATE B Fofmftit 4

ni no

— 1 1
ATE = — Y, — — Y;. 4

BHESEIEZENIBE Rubin (1974, 2005) #a R EAERENLEH S, NIMTER T 41 “Neyman-
Rubin #A". RHMATE D FReEZBBORTH, D = 1 /RZEERTH, Hteids
BHFFALBIH (treatment group), D = 0 NWRREHZEIBOR T, HARALG IR HEEH
# (control group). AFRAMPERI AWM R R Y1 A Yo, TISERR WML RATRmRH
Y = DY) + (1 — D)Y,, IEs ATE flit-H4:

ATE = E(Y|D = 1) — E(Y|D = 0), (5)
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HHt B (|) jﬂ%ﬁiﬁ;‘ﬂéﬁ% HHFRERERESS %Elzﬂj FSB; %5407 (average treatment effect on
the treated, ATT) {32 5 T-HHE RV (average treatment effect on the untreated, ATU),
ey LAsE s AR AASE] ATT 1 ATU g
ATT = E[Y; — Yy|D = 1], (6)
ATU = E[Y1 - Yp|D = 0]. M)

2.1.3 MFMHEZRAVEEER

MBLeAARIRIK 3 EE, SCM HEZEAT PO HESRFEAER KR ER:, {HZ Pearl (2009) iE
WITEARIR IS T, X MERTE RIS LRI, (X —F A EIRE TEME S B e T
A ZE . B, BT SCM HERTE L2 AR A R 24 R, BRIE 8 T &5 2 s
WFF (Heckman (2000)); SCM HEZEE W] AR F B R P TR & 2 i 2 (A1 89 6 R AT Y 53
Brinfars, RIAETHAL. A DRSS 8] T8 2N (Karimi et al. (2020), Lowe et
al. (2020)). W, 765 R R AR T BUHIC R Bt 1, ZEAS L 23[R B 25 45 T PR HE SE SR B AR AH A&
(Lee (2016)). {HJ2EHN Imbens (2020) 5, PO HEZEAEXT T SCM HEZE, HAFRHRRE. 4%
PR, AR, BRI A SR X A SUAE R T SCM HEREFEAERL S, I
MifE{E PO HERRA T L5 S IUESE i FIRAER, W iE 2R X —% &, A SO EEHI7E
PO HEZL N FIALAS S T SRR T R AU A R 1 [ R
2.2 HLEEF I SRRHEMTHESR

PO FIRHEBERAE iz F RS T — e B RL, BlinRHZLE b ReE . el
FRBOE RS B0E, DIME TR SRR T R RSN A . (HEX Bk v REAEAR BB T
SHI R, SEAN TSR EMZE, BT X ERASOA R ARG, FE R Rm Ik S
BIEXE SR TURMG I R w2, R R AL 5 [ AHLERE ) 1R O R AU R 4
Bt T ATREME, TEH AR EEARBAEP TE: B, ISRFEAUCECR) “BELE”, RIEEAREHIA
REA 5 A BRI RE A 2 TR DO EC SRR A REALIE; 28—, 32T S s il p oemf B, B PE i L ReAR A
AbFRLE AR B AN BRI 34 T HERR T
2.2.1 #EAICERENLE

HEAEREERR R, FEARMER T N EIE “FEAL frt o sins, BRI FRE 70 A 32
PRULIIEE RS T REHL AN “BENLAL” 2504, BIFE “Neyman-Rubin 84" (] PO HEHL X SRk
MNAEFTHERR ). FEALEE “JEREAL” WLMIEHERT, Rosenbaum and Rubin (1983) 7EHEZEHip SCH
IERAJFSRIE 1 B1[A1155 (propensity score) ZERIRAERTAFSE HrbeyA% DAL, IFRIR &,
IS 05 SCHTES B FEASHE X AR REA B Z AW S5, B P(D = 1]X). (455
ZIRDAEE, KA ERRRER EREALL W EEE R EAR “HEAL LR R E AR, W
TR AR T AL R RIS | A RE AR, [SEA5 40 A REASTE Bl T M\ Ve A AL Bk vk it 1 Yy B
BURRAS, s 2 AR W] HO RO 5, MATTE IR RS A T HERA .

Y FHAB R MR FERR, X RS N H TSHE A, Bhs e et
13030 BARBUEIA TG, TR TS oAt T HEN R A A T VS e Al USRSV, B BRRAL
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RORAE TR RS, Logit BELE H TR A SRS R |2 I AL, 1
HA AR SRR —HE, Logit BZH F MM B [BIEBRL, FH LR HELED Bra W (A 5
H—MEER 0 2 1 ZMRUGE, YERS AR SRS MEHE R PR AR
RXMB AR AT, RIS ~T RERS 15 B R REA N SRR A NI RE 1, SRR T4t i
M5B T HERATE (Pirracchio et al. (2015), Cannas and Arpino (2019)). T H7ESZFRBFFE
o, S STERBARIAEE T =4t bh AL B VLB s F il MR SR Z R RHEE T (R 5k
%5 (2018)), BRI FT LA FIALAS 2 ~T g B AE T VAR e T AR B 28, LA S B R e B b AL BT 5
R mATVCECLE R (Varian (2014)). BeAh, BEEDLASS I ER PUR & R, 2 BUR A [ 4
(regression tree) K HRJEITEFHIT FRESTIH SIS TP BRI IR HER 5 H (Athey
and Imbens (2016)), JEHE AI155 DEFLIX — BRSO 1E T Alae e I HEpya f e v, A4 TE]
VERE SRR S o T AL S M g SR . _Biix sk i, R EANLE 3 S T EdR
FHEAVCRCREA LI 7 T A B E 8 .

2.2.2 BT

TE PO MEZEH, X (5) F155 570 B R [FIAA5 B REAS iy SERR WEIIE 5 e 2 SEWRIE, {EETE
SERMRILH, SE A MR - R BESAG Heh — T I KR, B b By Z52) E(Y D = 1) 5
RBAFHZER E(Y|D = 0). X—[FEIEEA ST il — D SUBIA BB &
(Swanson et al. (2018)), Ktanfaf&ERAGAE T 55—, SRR EA A% OMER. BR THISC
PR AR THREASVCRERERLIE 2 A, FT LA A A W B o A FIS A 7 5 S5 B, 5@ 45
PRYLINME S S H ST T 2 [y 22 R fE SR R0, 72 PO HESRT, IRLRASS By iR Ml &
PFAL R T SORSHPRETIN (I8, RIS 22 ~J A FIRE RS SR (8 A N R4S MRS METRIN
REJT, SRERTI B RAB A R E (BIERE (2020).

LR AAR L, HLAS A IR R A E R BT H R B A EEE R TR R R, T AR
i B AT RIS R ) i S AR MG R, U RERE BE 4T P T R A B A S 5 B, ORER T
BEMAEREYE (Varian (2014)). B, HLER22 ) T kREM IR E S HESE T BT IR AT AT (R BOR 4R
AT ROV, 40, 20U Z RN 2 TAT R e I, TR B LS T 7k
MR T I FEBIMFEALHFIERBOY. (Cicala (2017)).

BEAh, BLEREE Ok Pt FE R TR AR IR R T I HE R BE R TR, RIAR S Pt
77 VWA B — 7 VR VT REAEAE R B 45 SR iR 0m, R SRR 77 V2 i Aed 8 1 K B R R
P, SRR B — R B B iR, JF B A SEseBRIE ] T RO R B 45 R B T
PR SRAART (Wager and Athey (2018)), Athey, Bayati and Imbens et al. (2019) W& BLAET
ARECHE P AR AT R RE U AR e EEAS B BE G HER TN 45 51

HBTEZ B B RBOR | ASLBOR A ERBUOR ST, A TSRS MR e A 3 —
TIBOR e A Y. (Heckman and Garcfa (2017), Shalit et al. (2017), Yoon et al. (2018),
Jesson et al. (2020)). fEEITHLERE T INERBIOLEE, REMESEA BRI RO BB R, I
BT Lo e BRSOV G T, S0P — MR R AR AT S A BRI A TR SR J7 1]
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3 ETHSEFINRRMIRAIRI %

3.1 [Tfigik

HIHTSCHTIR, A LHD 2R SRR Al B S —3F, 7EAL SR oTHr, XU VTS
EAEBE N Z R PR R ECX A, AT DA g2 32 ) W] L0 - B 3R T A5 2 5 A s g AT BR A
F (McGue et al. (2010)). {HEXF FAARZEBFFRME, JLPICERBML SURARILE” X
FERYFECAFEAS, [T EE 780 F T E AR LI EE, SRS T R R4 2 [R] B W] L. 15 4eRy
FEADLRL 7 KB APl — il P B T B ICRE, 28 P idad (i 15 0 #E4 T VAT
(Steiner and Cook (2013)), HL#¥% I I IEAE LR B RO R N, R ICECRUR A7 ok —
TERIFETT
3.1.1 HEETE

AR H, H AR TR ICE 2.0 B8, a1 R T 24T EwireE “E
B E, B E R (caliper) TR B A B4 FEAR KT U HI 2L REASICHEA TRCX VCEE, DA
HHELL FEX PCE S5 (pair matching estimator) HeAE A B R0V Al E:

1
ATE = - > (Vi —You), (8)
ter

Hett € T FREEA ¢ JBTRIEAH, o(t) FRICE LERIAREAR, N, FROEAREAREE. H
TFHEEBRHNEAZHE, FIHERAR NERRHSAE I AR W ILE A8, HHBSEEEE
B LT A AR

TEREHEE R T, TR I EE R 0 R AR UG i, I HAEAR A b AL RERRE
WABFEE. EXFELT, FTHLaE T AR A CRCR R E BT IERCRCE, B T ARG
THRERR T BURBUN. 2 A, WRE HE— 2P At A LR SR . MR RO 5 o
KR 1140, Schwab et al. (2018) FEfATSRVCALHY AR 245G MM R T 5832 VCRL AR
& (perfect match) RN I AR B E R 5 EFELE, Imai and Ratkovic (2013) KEEpAS & 5 A FEAS £
F A E I B EIAER, HFF LASSO [BlE 3kl R i H SR8, Diamond and Sekhon
(2013) SIANFAIERAD:, F T REFEARICE S R EE B PA5 &, 1 Louizos et al. (2017)
Bl T —FhEE T A IRIE SR TR S 2RI B SRS I 71k, 0T RE R TEAL TR AR B RS
BRI TR T A0 RO #EA TR

TEX BT | NHLASE STy, BRI AR i o B LR — P A [l AR R A i
R FEA N A EREX A T/, TEMIE B B R, IR RUCR A8 B 5 3k
TTHE, IR RIS HEANARRI R S 2097, S8 e/ MbE A A 53R 22 75 FI SR (o] ) Ay e 25
TR, G XA TR —or N PRI AU A S AL BEAUREAS TS HX A B RO, Su et al.
(2009) 2 T3 HA (interaction tree) B, AL T AL A AT FEHLARAR EEE IR B 5200 LR
OB S SRR A B ZERR . Chipman et al. (2010) NUTEREHLARMAETL p ZEAl_E A DT 5
B, DI B EAM (bayesian additive regression trees, BART) /¥, FILLH3iRA1E &
et AL AR BRI SU8UY. (Green and Kern (2012)), H8% BART Jiif E5 A RES
W EUER I, (H R R ARSI LA MRS 2R WS, Athey and Imbens (2016) MI4&H T
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— A EAN ST R (causal tree) #E, HoAr, &RHEAR D A —H LT T LMK
R, 0 53— 1T DM T FREA B R8O, XA AR NI Al T (honest estimation) ATt
TR AT DR REAS R B ER AR B R RSO B FAEAS, FFAS 8 SR AS Y To i 57 Bt R SR AL
M. TEBHEAE I, Wager and Athey (2018) £56 T RN AIBEVLZRMSE H T I SRFRHK (causal forest)
Rk, TR RE AR SR AT VCRE O R RS S A i AR ASIC L 2R, T ELAE S B R RSO Al
T EAZ S — BRI RS LT B AT Athey, Tibshirani and Wager (2019)
P CREHLARAK (generalized random forest) 7k Brg—. SEHMERN 7 BUIE R RO AT,
REAS A BRI #HXHAEBYIBOR, Davis and Heller (2020) B3 SEEFF SN2 T
BET{H (summer youth employment programs, SYEP) FfaZ 8 Mt THEALSZ A 5%, FEFH
RRBMOT LR B FAEA TR A, IF511T1 B B e B, iF 4 RIEmHE =
T SYEP Frftafny “REEHH HARZ @A, MR E R, HAETEE, el
SR EHFEFENGR T ERMW R, X4k 7 SYEP 2ol BB RpL a4
PR AR R e e, Bl T S B R RSN AR BOR Bt Sl i k. O
S, W TR T LAk T INLRERE A BB e e S0 TR (stratification) ARSI TR I T7 14
T TH G R 2478 H ) P RE A B B 4B T ME IR, R KA B IR 7 S O R RO A AR 3X
—J7iE g Handel and Kolstad (2017) FISRBFTE AT 28B4 X P RSN LA R 9122 7 2%
(2021) FISRBISE A EAE A E EHR ™ LR AR 4.

EE TG TEHRESEER, RIOIA— €SS TREARAS MRS T E R0, (HEXT
PRI, HoolE mUE R TRMEAR R o ATHFE, A R BB 153 — TNBORXT THEASHE
AL AT 0L LR R B, B2 LA SE Bl REERIIR T BIAnTEDT Sh 2T 24 9,
FEHEBORA NSNS AT R e — D BB ST S (R I7 MR I (2017)), U7l
W, BT A RE ST P B T PRI IR (Baumeister et al. (2001)), FI
BTG BT P B HE S i B A 1 00, LURAT REIR B ERA%6k F 7 AR AR
. Lo AR R R M T AE R T R ISR B AR S e, [t B R T  SLRE A
SN TAG T, ZE LR AEOL R, AR R PR SR BUSRR A AL ER SRAUR. (quantile treatment effect,
QTE), HE SChFEm g « L, WA S RBMTRE Fy,' (1) M2EH (Doksum (1974), Lehman
and D’Abrera (1975)):

QTE = Fy. ' (1) — Fy. ' (7). (9)

TESH IR BT Al T, I R B0 R —2Rp PR ULHT, BIX ] 2070 2b B2 PR A R 7
R R EGHAT LR VERL, VERCEE RAY IR BB o G B AR AU AG T B HERE . Mein-
shausen and Ridgeway (2006) g H 7E— 43 A0 ZL =1V TRl R, 18] IS ZRMAR 77 vk REAE 15 21 [F A4S
B SERE SR AT AT, ARREA T e o GRS AE TS 7). Kallus et al. (2019) 421
T =R TSRS TR A T R IR SO B H AR BRI 775, # LDML (localized de-
biased machine learning) J7%, JLARE 401K FREHRIAF], ¥ LDML Jrik SE5 i 80A
RTG53 R Bl LDML J7VE7E S0 80N S A 77 TH REAR - 4R A+l
TR BEACR. BRI, Rrldss WA T8 R RO a5, B R THIRER
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br Bt
3.1.2 {fim){z4ICEe

RIS, (A5 A E sk Z HEATRERIAL S T ) E A A g3 HRAE R 7 R R AU
AR DER . ARTESLRR N T, Al — X TR a5 A R A BRI ME RS, Bkt
TE=ANE: 1) MR GHMALIEH 0 R B 4, MER R ey 2 R g T m il 11
2) AT R R ARG A T LR RiR; 3) UARARUR SRS 4R R R S I, TOHE R
AP REE A SR B R TR B S s N . AR, SRR R A ALES
2 ) YRR E L TG e

5, HLasE ST 7 F] U A e A AR N R R R, Sl a i i 1523 i R 4
AR AR, Setoguchi et al. (2008) WH T &4HY Logistic EIH. YR AIMZERILE (neural
networks, NN) 8577153 B TR 750 1 L R BUF R T T BEUBERE, 4R B8 NN JF
BX TG B TNRCR B AR, Lee et al. (2010) WZEIIERE B 5K T E2HLae % A, 10
YRR, BIER, SRR BEVUARAAI R TR SR BRI E B il s A LR B, JF HACBUE
PG VR AR AR S0 B T /N Al R B — 2y A5 X T

HIR, MLAS2E ) FEEREEE A 38 LIAE (cross validation) J5¥ESRHEEFXHE M54 B HEA A
T A BT, SRR BL T AL 2 O A AR IR S o 1 5 BARCR IR T BN AE /1 4R &L (Athey and
Imbens (2017)). HiDRAFEA D BORFERFAEA, SUORHH— I FREAE A RIESE TR FAEA
KIS0, F) T AR I FALER 2 TN, iR IEEF, Yrh THRAR S RIS, 3ot
I AR R 80N T B E A B A RO il THE, (ERBAEAR K B IR RN A T A
% (Chernozhukov et al. (2018)).

F=, PlgeF ] BARE AR TINAE ST, (BRI 2 itk S 1 sl 005 a1, DA S
T RFEARHFEASTBIMEES. A T AR U G R, AT ATE R8I G, @ el
PRERECP AT WORfRL, X AR A IE NI 7. {HJ& Chernozhukov et al. (2017, 2018) {145
HE S P A DM a7 R R L DU 280 T o PR SRR il A — B E BBR, TR
T EAMLLSF ] (double/debiased machine learning, DML) 5 kRIX —ftiit iz, DML J7
32 AP BILAS 32 2] J7 0 R RO A TG T, 88 —20 i gt FIALAR 32 2T O x4 el 15 7 oA 7
WG, Plas2e T FIANMIEN AR X M R S S BS R T R To s R T imie, BILES
2, B b AR E P AR L EAS R T, 15 B A R R AU Al THAE,
R R ] DA AL IR R AR TR B FE A SN BE /7. FESEBRA T H, Dube et al. (2020)
TEWFF S 3 1y i 2B el e, R DO NLAS 2 ST 7 i i B 2 B T 4B i AU g A
5 4.

TERERBUAG T R R 12 8 gy T RAB S (instrumental variable, TV) S5{i{[H It
BeAS I Z [0 A B OCIRE, (HIX — R A\ B 2. L RS E il e Tt PR R AL
IR R A AP (Clarke and Windmeijer (2012)), HIEEAFEE@EL FH—H TR
AR, S R A RO T 5 AR AR R 006, Iyt T RAS At SEerp AR A
P B/ N 3R ATt (two-stage least squares, 2SLS) ESLBLX —HAr. HEEHZENKE
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B T AL I TR BTN (£355F (2020)), H2NBe BF, TARLS PO
HERETEE T RERIRAR (Angrist et al. (1996)), R 4R AL R BUEFICY —JeAL AR D B,
PO HEZMERCAH T —Fip B R LRASEYE. EXFIE 2SS A, SH—BrEfhit LR
A AL FRAS LR OCRR, 28 B AL B AR RO R AR R BRSO, BRITE PO HERRT, T
BB A OB B 1543 #EAT IO, KT Lo ilases > i LS8 2 d i, KERF
FAE WA LEASRLASEBR Y A RS I AMLES2E . N, 308 R ERF 5T 2200 VLS5 ST IE
AR R A SR AL L E A s L 2 (Belloni et al. (2017), Hartford et al.
(2017), Singh et al. (2020)), MAbh, FFFEHE AL T HAS L 32 FE WIE N L s T8 S5
S 2] R ARG HER UM BT 14553 (Belloni et al. (2012), Carrasco (2012)) | fHI#LE T Hvk
X AEERAEHEATAE T (Singh and Sun (2019)) RAKAIA DU Las-# ) ke fbit TR
AR TR, (Bargagli-Stoffi et al. (2019)) %.
3.2 WrREFE

W7 A [ e — P R R RN TR BN R A I, AH EE A 75, W7 Bl T e sE it
Z¥IC & T HERA S A FRAMREAVLECE R, BN, ZEAR FBFFEmE A, Bl 7T LA E]
(Hausman and Rapson (2018), £ 7I%5F (2020)). FHiRAS% (Jepsen et al. (2017)), H:Z 2
BAESFL (REHBMARSF (2020), Jia et al. (2021)) &, YHFTEHIREAIT GO THT
TR AL EAEAIZ R T AR RBERA R, HARR# A T HRI AL PIH. HHEARLEEER
HIRA ZBRFERIT XX, BATU T2 i W REAR TR & U8 SRR 77 T 2 JCFR B
09, FEAZ (AP B AT L. BRI s B R st E LS T A LR /2, I
Hofge 2 H Wy 2 X O ey (R 28 B ICSE REAT i, T SRR B T IR A, (local average
treatment effect, LATE). B & [l I94kt 2 AP, SF—2S K1l /)3 (sharp regression
discontinuity, SRD), %8 " J&EAMIWT S [BIJH (fuzzy regression discontinuity, FRD).

TEASTAMT S RN, REFTE— PRSI R R (running variable), {75 242248 BEAL TWT &L~
P, AR Y ATREFAAE— B A BRER, T PR OUXT By A4S B AL BEAESE 4 514 0 1 1, AHRY
(] LATE W Ffh 520

LATE = E[Yy; — Yoi|R =7] = Jim, E[Y;|R] — Jim_ E[Y;|R]. (10)
2 (9) Hy LATE AR@EE A= (10) diy 0 RS20
Y; = f(Ri) + 0D; + €, (11)

o f(R;) R WKahAS BRI G R PR A B S, FReR B0 A — i 5 R AR, TS
FHEPAMRBA SUARBAL LAZERBIAFZ MR ARETUE, (LR 2RED
UG INETER AT RS ST T A7 O W R B, I BT Friein
(Gelman and Imbens (2019)). U, FIFIHLARE > 771k ol DUE 4 s e KBl 38 B 5 A A BEAE T
BB R, IS IR BT R AL BRI, S H LRSS I J7 L ABAE S AT TSR < PN
FRETAIERY [ MY, DAGIEE S (240 77 15 I REE AR f5 TR, 140, Tmbens and Wager (2019)
P T — PR THEEIES) (data-driven) §77EXHT A EHREAT 1 8o, SR RIPLER
FrEIE AL B, R A TR R A RS B AR R O A THEL, F ELRERE Y TC iR i2iE
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SRR R K S R A B X M R AG T HE, VR A ZONADTE 1 BB IR AR EOR
AR ARWCN T LA B S B B BT AR ST M S5 (R . FEBT AL M REAS A B e J7 T, 1558
B SRR 2R (1] 5 7 A R A 2 A ST T s AR AR IR T K RIAYEER, XTI Branson et al. (2019) $2H
T — i T Ed B IR 77, SEARTE A T R RO I P DA B RS A e A, TR
BN AL TSR

DT T T o AR AR 15 IS e AR BRI OB, 51, BB et [l DX B e A i
TR BRI, B R AL I INE, FIGEATEE T RZIAGEE, WatE—
FREE LT AR TN MERRYE. A, Tmbens and Kalyanaraman (2012) Z&T-33EIK a8 &
8, PR SURUERR T —Fh e Rpr SR Bk, H HaZ ok e Sebr e &8 EHUR T8O 1
BRI BN, TEWT S EE A, 8T 2 S A BRAT Y B R SRR A A R AU A TH A TE AR,
RIS AL B BT AT RESS il 145 AR HEIR T B, X — KT/ MEATFTE L B
. ET LB, Anastasopoulos (2019) 4@ W] L@ FIAMLARE T 1y LASSO B3k, fiiH:
H SRR, RARTHEARMfERCR. 7EEFRM A, Chen et al. (2021) %&HF5E T 1 E
BB AL A BT 52, 1 T 40 5065 i — e REN SRR =2 BRI,
B R E AL T — P REE A THBORBCR BT s, A SRR SRR B I8 i [ A T4 R 8
faf@tt. f)a, EBr iR, SRR A2 BIBOR AL TR FE AT B 3K 3 A8 B2 A 7E BT sl B
TP, TR 22 HALE Z R py BT, 33X MBI (R AR A B, 7 ORI 5 [BT U A1, G o]
RR AL B 2%, B Tmbens and Wager (2019) 422 TR IS LR EREH T
FRD 150 T8 BRSO AR T, (&g il S et B A S S e AN S B AR
#H—HF5% (Bertanha and Imbens (2020)).

Narayanan and Kalyanam (2020) FJBFFEINET T FATZERT &L 1S Hrdn e 58 04 57 FI AL A%
AUBKRE R E. 75 BTSSR AW R R E =T, LRM AR LHE e EA
A, Al 55 R BB — Ry, R AR LA S R T S AER R ok s it
1T 9747, HETARIES A E I RIS F P AIF SATE AR 278 SRR IR, B T RZHL
BLEsE S ST S 0 PSR 2E M, RIGRTEAR P 28 BEAL PR T B, 1
HAX W s G R P A S BT . FE BRI T, Mlas= S Sk MR 7E i sl JRFIR P IS
Be 7 H AR AR, 23 “UIB2 7, WEZE” WEBER.

3.3 WEENZE

WEZEMEAWT S BIE AR, BHI4 S5 0MA s MR EERE “F—EHER,
PR AR A B2 R ER M HI 2 RN B EES, FIH LR ERI TR
BE A 2 F RSSO, IR N 2 e E R MR EEA S CR. H
RTARZ I Z 522 KUY SRR 5, WE SR T 2 W —Floris, TRERR T Sebrik
VEITIERI S5 RIS, Ll A B IEARBIRE Ay 1, TG E 2 MR RT3 5.
WAL, KREFH BRI EE L, T X SWECER LR g & “MERRTR”, 8
2 IR ZE M E R TR BUR AR PR B 5T

WEZESFNEA MY TRERRERG Tk, B R ETESBAEAIERR. W
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RISEBFFIETHEVLEEH| L% (randomized controlled trial, RCT), HAEAKEHLIEREASTS T,
MI™T LA R FCEZ MR AR AT ERBOY. (H2, h T REMETFHLSBORM
SRR UEE SRR, RIS RZHAB T BIRFA AT B REVEER, EXFIE
T, AR E AL B SeX A T E B VO BC 5l 0 i 452 EA TUCHE, PG XU 2401k
FAGTHERBUY, B Matching-DID #1 PSM-DID SE& 28tk (FF M ELR (2015), 5KEFSF
(2019), Zhu et al. (2019), BRI (2020), EPFPEL (2020)). TEXFEMT, TR ESCITR
(2 LS T T ULEL 7 okt — 0 i e — 2P I VCEE L B, DT S BEX B 220 A TR T
HA.
HI TXEZMETY RB] T X —HETR, FI— D02 R LS R,
I 24 BEAR (45 200 DURC Ry | 2L A AL BREAAFE A Ry R R B 2B “PATEHY (parallel trend), R
YEAECR T BT T, FMEAR L R AS BV IZ LA ] 3 2 A28 4 (Lee (2016)), H
Bess = (12) raks:
ElYp - YR |D=1]=E[Y —Y2|D=0]. (12)

TR TAT SRR, LR B, |D = 1] 0] LABOfER {89, T LodEnE
WEEMERESHE TR E[Y7, — Y3, 1D = 1], X (13) Pr:
ElY7, = Yp,|D =1] = (E[Yr,|D = 1] - E[Yp,|D =1]) — (E[Yp,|D = 0] - E[Yr,|D = 0]). (13)

HE, 2P RvR B RS RI LR, B (13) bt A2l R S TRz,
WEZIMEMER AT R Z BRI, It HREE AL Er g, TAré SR EE
T R T REP AN TR, DRV R i 2, X AL B 22 03 B T e ) PR
< BRAPFERETATRE RS T, BTl UG R s, B
YA AL AL T — I EIX BRI (Manski and Pepper (2018)), {H2 /S B 2T
T HER BRI H BTSSR i ERMIE. @RS T AT SRR R, AR
TR e N A B B 2 EIR A R B, HoA Saf A s 58—, 8 T
i EERAR R, SRR AT ME, RIS saR A iR, 5 N J7m, 2R
T HRE RN KB, (ERHERMEZCR A T 2R TR A2 m, 5t T RARE R
FRERE A AR ERIE R, DR R AR B iR TR SEIHIEIEH B A AP BT E R E A
ARG S, 40 Heckman et al. (1997) 8 T H77AE d1 A i WL [ 2= 30004 Se g e PRk I iR
T BRI T 4R T ot SRR AR/ ) S DID {fiith1, Abadie (2005) 7ML I:A]
LRt R R T 2 RHONE I, EAHLRE At A5 R TR R AU, Athey and Tmbens
(2006) JURH T AT AR EZ MR, B AEAS A T H 45 R AR By I RS A O,
T S T 0 R R RASOSIA S O PR RSO, B4 Y T A R ST HET I

HLARF > 7 R AR R L RCTAT R S5 ANt 2 Y (I P R S P AR VR T, (R B
RepLanse i ] TR E 220 TR B H R A2 0. Hlasse >T REAS A& BRI SR IRA
HRERAA N R SRR R ER, WA R T8 5 e rfREME. Knittel and
Stolper (2021) {i FIXXEZEIMERFTE T FEENIFIAR FE A2 B BHr g R B RE TR IR T A X 2R 11
HURLREM, BRI T REDL IR SER PTIT R, (ERAEE TR FH R SRR T AR A T IR SRS,
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fhvHis, HORMEM T DML AR IESSFRZ T AR AT RE T me {1 8CR. Ning et al.
(2020) JUZ T Abadie (2005) 2% DID {fiit1, &1 T 78 DML Jrikpykat b, P mde
PR EeR PAT B BB B S & FAT % (conditional parallel trend) B2, FFRAMEAAG T
FBHERRAUY. Chang (2020) FIFE$RH T 2 THLav T Ir k2% DID it 75k (DML-
DID), e m e (AR B A AT 5, LBt R B 7ER A 2Rk bLAR 22~ 0
TR SRR TR 200 TR R RS AR B T 4543

R T xR 2B 2PN R A SO AN PR R AT BRI, A — Tt E 20 1
. TR HLIRE 2 Rt I TS ST TR SR TN, AT S E e LA
455, Athey et al. (2021) BEHLAS2E T S EREEAD (matrix completion) BARR A 2ITHIHR
KT AR AOS R R I, o T I S e 28 RAE R RS S A e N R, B A R] AR
BN REA R R e TR A . VR AERIE _ERE R T X 2203 77 7 S A R R
(RS, PRI R] DA Ao P O (R B SEA N S S X I S A A R B I A5, A%
FIFRRBAEHAE. Cicala (2017) TERFFTSEE AL N E S35 AL T H 3% & X
— RPN, R R A BRI JOTA T A SO 2 TR R W ATl R e, T2
LA I BENLARAREIE T B 40 X2 R T A NI & R R S 2 S AT 1 B0, e
Ali A R 2200 Al T BORIE T BR800

H TSR — SR E 2 ki SO 5 5 A SRS i & A T4 G e —i&, R
WA RN TRAE T —ER0 27 PR R IR 3.
3.4 EREEHIE

1 -5 A R A TR R AN 89 4% 0 AR N E 2 e — 3wy, BB Sl 2 A P ZH
WS AL RTERRIZERE L Aesh 225, AR A R RSO A THE. AR SCRrag, B T BERLE ]
S, — R EALTE A IR BB B AR MRS AR AR MARATICEL /S, 2EAT ALY A5
{ERTEXE 22 AR SRR B A Y, CHE MR BT, AR R A R/ MR, X
L FEIRAHATAL S BBIAHREAA AP EER A, TOES R R RS HHE. I
I, A AR Sl AR M 71, B REA AR F R G O i - 5 A A
EEEARAR “AREAS”, BE IS R RN #E T T (Abadie and Gardeazabal (2003), Abadie et
al. (2010), Abadie et al. (2015), Sergio and Vitor (2018), Abadie (2021)), H:H Abadie et al.
(2010) WIITETESCERIF R PRVE Y ADH Jrvk. BRI LA, RS J AR, A
1 M —SZ B BOR A T O BEAHAEAS, FIR J — 1 MEAK AR AR, GEERIENIR
R R AR CUR R L w* = (w5, w)T BIRE Y, wi = 1, BHARAER Rk
WEFEABUETER S REEA 3, wiY, AR SHEA | 76325 T RS AT Ea IR A
RARPERT, XTREE AR ETHRE an WA

J
Qi = Y — Zw;}/jtv (14)
j=2

HA, Tr ¢ RalflE, Y Rt W (14) B, WEEIMARI VLR R i LB 1R &
HEH— R, BRPEI AR — A A 1, R EEARRIACEDY 0. BLAh, P HIERARIE
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T WEZ PR T I R R AR R AL Y, (E2 A B R ) e A 1 B
POk R IZ LR ER ] S, — &I, LA G iy g & A, sefg5 b
HPEA Z AP FATE S, T S MFERIEANTE/MEA ERARRI3RB, TEEXAHE
AUN e A B, AR A OO 2 A B 0 PR R AUV AG T BT (Gobillon
and Magnac (2016), Kinn (2018)).

M (14) FTLAE R, A mIE I B I RAF R '] w* = (w3, w))T,
— M HEAN S AR ERAPITHRE: H— MBS RA RIFIIEGRIE, e iiEA S
PRI REA 2 AP E 8 O BERTTAT S B MHERRA REFRREAS NN GE Sy, BIG s
ZSREMEHERR L S WL S A PR REATESZBOR T 15 i S S L eSS . WX T A, DLy T 07
BMH S LIRTRAE S e G, NG IEREAERE, MLaeE etz i R a4k
FHE, I HERFEREAE 7o P AR AR R B, (55 AR TEBOR T IR T e
LR PR AR — 2, SPATESE H ARG TR, Xu (2017) KRG il &8 B M 2 34
MNWARRIARZE G, T A RFEHIZE (generalized synthetic control method), X E 2/ EKIRE:
XATREIFER, | XA RS A A e — MR — D G AR, AL S
TMARE ROV 8 B, B, BT BRREAHEXT N — G e A, E PR A S
TR Z [ ST TR A REE R R B M /2. Amjad et al. (2018) Hyfgye B g, 2 H
PLas2f I g E M8 (singular value decomposition, SVD) Sk ZEREHE W& THLE 7
158 FH 5 peE il e, IR S A T BETE T REME TERE LB R BRFI TS 5 AN R AR T RARTS
B E AEAU G ACE A SRR e R RO Al 14521, VRN E T 5 I DL e il A SR S
TIX— I R T .

TEG IFERIEP T IS T AR R T & A BA A BOR T BRI S 808, HAE
BUOR TS RSB GE S RI R EE, BIER) eI & Bt At th Bt U S a0, 1ENME
B R IRX — M 775, TEE kT, D/ — I i i), s AT
T, H H AR BOR A R 40 T AR

N

P 2 P
B= argénin{% [Z <yL — Bo — Z%‘jﬁj) +AY ||ﬁj||m:| }7 (15)
j=1 j=1

i=1
o X NAMEST R ETI SR 5 6]l BE m BUER AR SRS AR TER Flan m B 1
2 B A4LER LASSO RIFAIEEIH (Belloni et al. (2014), Chernozhukov et al. (2015), Bloniarz
et al. (2016)), FHHZ (15) FHETISE X MG AT LUE LA IRk, DLiE—2
IR REASIMIGE 1 (Dube and Zipperer (2015)). IEMIMEER T REASET 1L BLA5h, HAE
f R B i 127 B AR T, X T e e A7 e ] RESE B 4ERCKME R F7 . Doudchenko and
Imbens (2016) TEFG AR R $_L, RVFAE R i H AR AR 2 A, 45 IE N s
HVERERT 1 0, AR AERFEA B I TR B 4. Ben-Michae et al. (2021) & BY$ 1|4
FEA O SEILBUR T BRI 58 215 VLBCRT, A ifehliknoftiit 4 Ras i B miR, JFhbig il T
HsmE BRI 7, TR T BNAVE R 4 AR AL & ML G B i R, T
ARRI/ IR G R RIER 4R, BMRREOR, WIS G R i 5 e e & A flE R
ZEANFR. VEF AU SEI AT 2012 436 E =T ML BUROW L 5 K BB TR RIE T %07
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BRI Cole et al. (2020) {8 AP ALBFSE 1 Hral R BB s T VYAl S5 ek Y
. 2D, A PLEE T ITETE R R RS R IR 25 iR B s, 58 20,
T HESRE R T, IARAL TGOS BSR4, A5 T E80 = 5 Qe ik B 2.
Carvalho (2018) N H T —FFr M A LI SHSE 5 (artificial counterfactual, ArCo) SREGH-G AL,
TR, B TR T IENME RS, ArCo JriBag i 3TE T RERE [F] R S BOR T-BixT 24 A 2R i
MIRER, FH HREREAEEUR TR AR AT T AT RSO AG T, KRR T A i filik i o8
PRA G, Ba, B Ta M EERNE S EZIMEZ R BB OCRTE, Arkhangelsky et al. (2019)
BRI T T 456, 21 T 5 BN E 244 (synthetic difference in differences, SDID), M\
i FUERAT SDID W BB R A BA S I Sk

1 PSR

4.1 Him4Eie

TEFRGTH R AT ke RTINS DL BB N — Ao B EZ R RS, A3\
AT SEUERT TS AR R B RURHEBTIE SN VI S, E SR BRI T R HERT PR R AE
B H BRFIE S N TEDRIER, TEICIEAN b, SR T MLk > 770k P LA MAEAS ICIE 5 5 S B 4
7 S B Y RO R SR (A A el

TE DR R AETHER i B LR REAC T BE T T, AL ~T REAS A DR ME BN A Rk <ARREAL
A WXRMIREA R mTRE ] BN Scde iRk, I EAE X R A B R B U R e A B e
REJT. BLSh, ot T A A SR PE i AU AR, Hlaest ST OT iR REME X FL S S S 4 Rt T —
SEFEFERPREMERIN, 4RI T RRSONIRRBIRE . BEAh, HLasE I A MBS T AR A vy [ s
TN AR, TR T R RO R AIRCR

AL NILEEYE W B0k DR UL Rem A A BRIk A, 140
BT AHLASE TSR T RS SR 45 07 T B e A S SRR I . RS T WL a4 2T 2
ERBAAAEGRAMTHRAIG I T, B E SRR, SR IE L) K IE AL 77 AR A AT
AL AR T B R R R s
4.2 HRBET

BIRASTER R THERZ T, & B ST T 5IANLARE ST I IAREE 4R TR R
BRI AR — B3, (ERALAR A D IA AR TT RERY, HA S WATAER 1B 2 8RIG, 15
TEPR RO O B AN AT o, T3 R ERIWRERIRRISFREE IR A (T ELOT SRR (EFH%
(2019)). BYE, Mlave Ik i I T KENSHU L E AR R R, fiRdue
RIS N T8, RO BB ST Tk BT T | LA S B AR S BT BE ST BORAT I, AT SRRt
IR AR ERR . UL, Bl IOk R R T REEMIENIE . HeA D FISEEOR,
PASHREASIEE uixX — N 58 H RNEBUA 43 58 R ITIAREMS AR P — YR, DR AE DR SR80 s
BlassE TITIERE, BRI — R B0 T0. FOK, Hldvsd 07k R RAA BAFH B AE
71, ABSRAER o SEER A A Tyt b, HAEROZ H B BN R AT E , SR 5 2 21K R . B
GO, BMSRIPESFHE R EN, TERZWET, XL B L8 > S % Lt
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FEMMN—ER LT T TRIMA SR, B, S5l KM 2R 2 U Ry BT ey LS
]I RN, TR TN G A TR A5 58, W] AGE ] PR T IR T A R 5
SEGIE. =, FoHLEREE T R TR R R, S ECH TN 25 R e AT R R 2, TR AR
FriH X LETE R AL, DO TR 2 BORPLRGUE Y R, SRR A R A 25
BORBRHHN BB R, TERZHIT, el WEE LI, 2 KM E R A #FE4
HIEAT FESF RS HEIER T, 7 REAB R R SRV MBI 7T 45 SRR 212 ] T IR

s, HEETFFENATRRITE, MLaF WA REER TS, HIhEs TRE s
SOV B TAER T ey BEERBUNIR A R B AL 22 2T 4, BATRBE HABARZ AR RS, T
T EMLFIE A EAFRS (computer vision, CV) (Shen et al. (2018), Qi et al. (2020)),
HARIEZ AP (natural language processing, NLP) (Veitch et al. (2019), Zhang et al. (2020))
S5, ML B T KA G TR B S 4 SE MM DGR IR AR B, AR R FT i Fg 2t
TR INEAN 22 RHE A XA S, SR i8I+ R HEWT TS Ry — 24T S .

BT BRI REL S ARBTI ZEmY, AR T T 0 ey BRSO Al SR At AE A
T, BIAnTERRFTE 243 (Microsoft Research Lab) JF& T —&2H T Python iFF I RBTHER
TR AL EconML, G35 T A3 E S ad 8 EAWLAS A T BBV AG RS, mAEN 4R
2k, PIRFRMILSE (Battocchi et al. (2019)), MTEA—MBOLF M2 WSS P
R ETH, WA IRBINENL A 1 (HIE4 DoubleML) MR (HILEAL orf) FH
B MRS SR FA AW BRI, BRI R B B 25 i 7 T B 2 1k
FILEERATIRARINT, IR T RIS H SRR 2K LR TR,

2 F X ®

$e, (2021). ETTBEARO L TRV HEORER IR (7). HHERZW R, 1(2): 233 249,

Cai Z W, (2021). Recent Developments in Estimating Treatment Effects for Panel Data[J]. China
Journal of Econometrics, 1(2): 233-249.

Wiy, 1, BUSCHR, (2020). BREETGHAE B AT RGITT T IR BAREIH?[J]. FELTHTR, 5(3): 56-75.
Chen H, Feng Y, Wei W D, (2020). Does the Disclosure of Environmental Pollution Information
Improve Urban Technological Innovation?[J]. Journal of Environmental Economics, 5(3): 56-75.

WA, (2, (2015). EPAREZMEMPTFRIUR SRR [J]. BORLTFEORETIT, 32(7): 133-148.
Chen L, Wu H J, (2015). Research Status and Potential Problems of Differences-in-Differences
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