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M2sF I BEIrETERIEERFUN, melAIRENEHREFSFIREEySBTEX
ZIENERX R, Alt, FITEL5MREN TR ELHNRER X R EFE LUREREI RN
SMEARMN[@Atheylmbens2019], MARAERIN2sFE S0 LURHS (L ITEN—EE
o

"It is very common to see that a predictive model (e.g. least squares regression) might
have very high explanatory power (e.g. high R2), while the causal model (e.g.

instrumental variables regression) might have very low explanatory power (in terms of
predicting outcomes). In other words, economists typically abandon the goal of accurate
prediction of outcomes in pursuit of an unbiased estimate of a causal parameter of
interest." (Susan, 2018)



HERBEBIRARXANVDEFHERIEFEERR: BEETMEZTENREEE]
MAERREAR, ARIFFHMISERETEIN. BNEENTHLRS, EELFEERER
BXR, NMRBMANFLFMHZED, BALELZSES. BMEIRFEBMERIL, EREAR
BERD AU ZERIEM, HBAEZFEGEITENA—EE
o HEAE: BERF (BPMO)I. NHENHERS)
o It NTHIEEENIMATRRIZIEXRR, EEXRBFSHE. BIFBHE
FRE4E IR FTHIRIRL

M2 F I FEERIESERBMIELE &R S ERMERHNTE . FHRFEISHRE
fres SRS EHR A BN FH[@Athey2019;@Chernozhukov2018; @Wager2018]s

"| believe that regularization and systematic model selection have many advantages
over traditional approaches, and for this reason will become a standard part of empirical
practice in economics. " (Susan, 2018)



FERA:
o NBSFEIELFFEHEINBREHR
o REFELIERE (WEMSEZFES)
o FRIERY
o WENZEFS (ERHM)
o XERH (WERBEFEI. TtFI28)
o HEFFEIFRHRT (DML-IV. DML-RD. DML-DID. ‘DML-SS)
o BIRF
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7+ BT A IR R

SN EM N SARAEIES, THYRIBUN (ATE) fEad 7RI YRR D R 15 .
Zamm, SNEBMNEFESRRAE, BARTMENERMERN RN AR, {R{GTTHEERN
HINER BES AR LR WNAZ AR MEREEN G F30, SEREEAZHIERY
N, MHEMEHRZHARMNE, GITHSRIRATER e T =,

CATEENZR B FZ B R R IEM N, SATERE, CATERE SN FEA HITESH,
CATER] LA BhFR A BERRAN BN N B B 2R, EBEMNINFEE —LT=L4ET 1,
ARBEAENLIBMNETAER, WIBMNARNEEE T ATRNFIIES.

FIEY, CATEWRILILS RN BB LG,




y(1) R MITRIBAMNBREER, y(0) R MITEIEHIAENBESER. LIEXRTH
ELEN: 0 = Ely(1) — y(0)] CATE B £8

0(X) = Ely(1) —y(0)|X]

dinl

=
=

CATE:
O(to,t1,z) = E[0(X)| X =] - (t1 — to)

o NMAFEYWIERNZ (Individual ATE, fEIEMIATE) . LB FEE N MEAEZWAY,

o ATIHAIEMN (Group ATE, fEIGAGATE): MEMMN N FARERDERTER.

o HEFPLATFIYIERN (Sorted Group ATE, {815 NGATES) EieiRIRIATERN Stk
tH, ATENTFARNDHEAREN,



tE )28 (Meta-Learner)

S-Learner (Single Learner) : FETE T fEAFHEMANERYIRE, BZFNSE
E[Y|T, X].

iy = f(T,X) + U, MBTH_ETE: SFEMNENTRENT, 8
f(T =1, X); ABBFREMNENTREN0, H&E (T =0,X). DB

A

0(X) = f(T = 17X)_f(T207X)

NRTHESTE: BHREMNENTEE e, HEF(T =a, X); RESHEMIE
WTREERD, HEA(T = b, X)o THaZHEIbsIEMR R

A

0(X)aso = f(T=0,X) — f(T: a;, X)




T-Learner (Two Learner) [@Kunzel2019]: 435! B AbIBLE A0 3 BB LA #EI) | 2R Nk AL
BIENAREERL: uo(X) M p (X)), BIHEEE (EATIFEHERE, WRBEYIHRM) .

F14:

po(z) = EY|T =0,X = x|
p(z) = EY|T=1, X = 1

F2H . CATEH{IHEN



X-Learner (Cross-Learner) FEIBERENS AR NEARESENFI1E
172 50% bR E]) , BFRXIUS LR RRE.

F1F: GIHERIREE (Outcome Model) s MFAEH(T =1), H4& EY|T =1, X|

§S1 *DSQ (Es

) iE'jU ,&I(X)o R{l'a:ﬂ{l'ﬂj‘nj\éﬂ(T < O)) ?L\Xé E[Y’T — O,X]) '\LE'jU ﬂO(X)o
Eot5: DIET = {0, 1 E9BELS

$F3%: W = {0, 1}725f&1t
m1(z) = E[D'|X = z], 7o(z) = E[D°|X = 2

F4L: &% g(x)NMMIFS, CATEHITEN:
O(z) = g(x)70(z) + (1 — g(z))71(2)

B, ALEI(z)MELTE

O

D; =Y; ~ fip(X;)
D} = ju(X7) — ¥

Uzl ’ 'T%I:EEIJH(CC) E’ﬂ@?ﬂlﬂ?fﬁo
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R-Learner (Residual-Learner) [@Nie2021]:

%15 MBEXERENGETNE(y| X), 8215 (z;), TTAEMILNEGTEE
KN BB ANTUNE, BMEEITNRTNG(z). £, E(T|X)8FnE
FrAm) () m(X).

2% CATEGITE0(X) A/ M TEAY B fRER R
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SUFBIENF )28 (Domain Adaptation Learner) @3 4ig BiEN AR (1S RIER
po(X) (FERZAH) Muq(X) (IEH), A ENZOMRIgE: LIEASITRARLIE
NHEEESR BIP(X|A=1)# P(X|A=0)), AtEEEIFANERESHE
5, PIRBEEIY (BMIEALASHERAE) FUNNFREFTTRE.

=M, (Y°~ XY hts =
He ( N —g<X0)>

) . 1—g(X")

M1 = M2 (Yl ~ Xl,WelghtS S5¢ )
g9(X*)

=¥~ jio(X")

TO _ ,le(XO) . YO

0 = M;(T°|T ~ X%/ X1

12



use dmlirm, clear
econmlcate y X1-X10, treat(d) tdisc(True) learner(SLearner) modely("rfr") modelt("logit") nrepbs(50)

Learner = SLearner No. of obs. = 500
E(Y|T,X) = rfr No. bootstrap = 50
| Bootstrap
y | Coefficient std. err. z P>|z| [95% conf. interval]
_____________ +___________________________________.____._________________________
d | .6151163 .4189633 1.47 0.142 -.2060366 1.436269
capture drop _eff*
svmat e(eff),names(_eff)
list eff* in 1/5
T T T T e +
| effl eff2 eff3 _eff4 eff5 eff6 |
B R e e |
4773416 .1971785 2.42086 .0154838 -.0121484 . 7607914

|
.5283275 .1473942 3.584452 .0003378 .2435604 .8213457 |
-1.742738 .2996233 -5.816432 6.01e-09 -2.078237 -.903714 |
.9235638 .2487895 3.71223 .0002054 .3756183 1.350873 |
-.3504456 .2901254 -1.207911 .2270816 -.8098537 .3274379 |

uuphwneNnpR



RER LR 1 1R B
B TMAEANERAEE, EZTAEARESERLTE:
Y = 0(X)- T+ g(X,W)+U
T=m(X,W)+V
BRIt FEIR IR O( X )o T (nuisance) SEHEE:
EY|X,W)=m(X,W)0(X) +g(X, W) =I(X,W)
E(TIX,W)=m(X,W)
Y-EYX,W)=0X) - (T—m(X,W))+U

14



2UX, W) =E[Y|X, W], m(X,W) = E[T|X,W], EXHIEEYMT,

Y=0(X)-T+U
EXASISTREL:
P(.) =Y = UX) = 6X)(T — m(X))|(T — m(X))
HEER: E[(.)] =0
NROEE, HASIERAEVIERN Fpartial-out{fit=,
E[(Y - (X))(T — m(X))]
E[(T — m(X))(T —m(X))]
E[(Y = I(X))(T — m(X))]
E[(T —m(X))?]
>y (Vi = U(X))(Ds — m(X))
SN (D; — m(X))(D; — m(X;))

0 —

0 —

-
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WEN 2% S BT TS R &0,

o B—4%, FANBFITEMAHT EEIT(2)Hm(x)o

o BTH, AYWBREY — [(X)MTHWHRET — m(X)#TEY
BE1 @EREW): E(U| X, W) =0, E(V|X,W) =0,
BE2 WASER): BU-V| X, W) =0,

"Thus, the ML approach of evaluating performance in a test set does not address this
concern at all. Instead, ML is likely to help make estimation methods more credible,
while maintaining the identifying assumptions: in practice, coming up with estimation
methods that give unbiased estimates of treatment effects requires flexibly modeling a
variety of empirical relationships, such as the relationship between the treatment
assignment and covariates. Since ML excels at data-driven model selection, it can be
useful in systematizing the search for the best functional forms when implementing an
estimation technique."

16



2 IERXMRZBEIAEGMAL T DMLEVR ML E R, XEIMSRIET F—TREIHREN
5 & RY[Ol)IFRERVIRILME,

B b, F—THRALUERBIEFSHNGE, BIESHFEEFEELEE RN, BIFEE XY
SEREIZAN, WUNETFHREFR, IFBLITrSEREARAIT. FRBVBIFEIFEXK
FIENCE R I EM SR, BUIFET EiTERRZE[@Chernozhukov2018], MMNE
M2sFINBEINEATEY B IEBETET R 7NIEVZSFEIER, BERX XIS
HitE,




BRI MDMLUEIT S BT,
B—T:
o (a) BFENDAKHE, SLFRABELANINE, [ FRREMBIIINE,

o (b) WIMERIIGE, DY MTIIERIEEIER,

Y =1(X, W)+ Vy
T = m()(X, W) + VT

o (0) HERBRELMNEEV,r =T — Tr, Viy =Y — Yo 1, VHTLER
B LAY FTHINIE.

e (d) ﬁﬁvk,yﬂikaj o]l)3,




A1 DANRKASESR—NIRE, RIUARAMEEAK, BBADMLRINEL, —AgHl
;T{ﬁHK — 51??9%)&0
F2: FANSEES (LEEYVI. Lasso. FENGME) NREMSRFIEY | X, W)
E(T| X, W)BREARSNTN, HRIZTRIX, W)Hm(X, W), SLUEEEEmEs
%, AERIBHEGEFIREFEILTE

o REFZTVURYFERIE

. FETEHIEE

o WHFAZERIENK,

H—, MSHM AN, MEMNKEEBAIIELEXRR, MLASSOEAR LELLIERY
(RAWAIUFHMAZENFRIMERZET) ., GAMSAILWAEZ TN EEENTEX
0, BEEEERIEMX—AZERTENDLE; MEGAMSXRTEE (8FFRXEIN)
BN X&R. HZ, LASSO. FEHZM. BAWFLEZALUARERNT S, FILEE
BT E4EH, BGAMs. HENBNIAERLRSXFENEET. H=, BINHM. &FH
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x3: ZEWNEFIUEGEE —ERMEIIE

bal, FElARMIET BBX4F (Bootstrap)

EMBZIRREBN (ntrees IREMBVEE) , FNERHAITTY, HIEENIEEFEME:

o DEMENIE: SRMERRERBENIFS

K ( samprate ELELH) o

o FHIERBAYE: SXDHREMEYLEEEBRHFHE ( splitmeanvars IKETEFIITED)
1IN T E/ MR B 52, i’i){Ejﬂu ( splitmeanvars )o

T4 DMLERBEXREIE (cross fit), WFEHEE —EHNER,

o TEMENAMA, BTLARARINGN (out-of-bag) LATIE1+EETEl, Out-of-Bag
(OOB) FMZ MM ET BENRF (Bootstrap) BIEMF SIRE PIFHRI—
WIER AR, EF BRI ARBIEPRVEIREFAS (Bl "RIMNGEE") HITTIUNIT
i, TEMINVIIERIIXIIUE, NMTT &I ERRAFRETREIEREGTT,

o INSEFEANARMBINSSIRIE N WSEM PRI B ARBEN 7 ARE, —HAT 28I
(MADEED), BHI—HBRFTIN FRAITEFZ) . StatalkIEN cate B

honestrate ﬁlﬁlﬁgﬁj\%MEZI—‘E/‘] IZ|S1§|J0

20



=P 2
e (a) (DML1) fkAxItk =

(1,2, K)WS—AEHTE—F, §HKMEITE,
HISERNH0(X)HafditE0(X )
(1,

e (b) (DML2) fkxFtk = KN8—AGitE—2, SEREINIERN
BEVVHVy, BVyxdVr 'EI EIUJH( Y:

E=L: AT 1EH‘¥7-|K[55@|‘)U?'J§J\5(T1EV|' ERNEE, WE— ZFTEFEESK, BRISME
H&(01,0s,--,05), HEN(6T,63,-,5%)

6 = med1an(91,92, éS)a

5° = median(6? + (93 - 6)%)

21



—RRE96( X):
A . > 2
0 — arg min B, [(Y o(X) - T) }

LinearpML © (X)W EEERLEL M EKEL[@Chernozhukov2016], FRZALIEDML
(LinearDML) . tk#0,

BA: Y — E(Y|X, W) = 0(X) - (T ~m(X,W)) +U

0(X) = Bix1 + Baa + - -+ + Brxy
N
argming . g Z(?z — prxy - T — Bowa: T, .o, —Brak - T)2
i=1
H(X) :Oéo—|—OélX—|—OézX2—|—...
0(X) =ap+a11(id=1) + az1(id =2) + ...
X) = f(X)

22



SparselLinearDML '9( )j]ﬁﬁfﬁéi 128 [@Chernozhukov2017;

@Chernozhukov2018], ¥Rz Ni&H
NonParamDML EEY = 9( )T + U, % = H(X)

E (ng) — 0,

BRARY; /T 346(

X;)

f;f <;9 )) =0

3 (FENLARM. BERAS), WENE

ek DML (SparseLinearDML) o

_I_ ?o *E*E%EE%EIDE:

23



CausalForestDML . k%ﬁﬁﬂﬂﬁ&ﬁﬁiﬂééﬂ%ﬁ?& ”Jﬂmﬁﬁ*)—l’*;k**ﬂ/ﬁﬁ/)”

HYZP IR .

o MR (NBIRMHAE D ZAN)
o XWX = Xy, FHEXBER—FRSHFLRIWNE,
o XLEEWLNMERIMNANFEI A G(Xo):

N
y(Xo) = Za(Xz',Xo) Y
i—1

Hrp, WAHERINER

X X 1 ET: nzt XO
19 0
T t=1 7, 177zt(X0)

0 < Oé(XZ,X()) < 1, Zz 104(XZ,X0) = 1,

E(y| Xo)

24



e, SV m(Xo) Rt ES X R — MR EIIE AN, SN

ni.+(Xo)

=13 mie(Xo)

Bl X oFiEM F EMENyAIIE, §(Xo) RTBEEMASEHR—DKIIE,

N T

. 1 ni.+(Xo)

y(XO) —  — ’ . yz
B O

S2FRE, 9(Xo) N T EBIRREAIR:
N
Mz'nQZa(Xi,Xo) - (Y; = 0)°

—MrRfFN:

2- (XZ7X0)( 9) 0

zmz

"Yi
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Athey, Tibshirani, and Wager (20193 VLMY REIT XHEVLSZM U EITEMSAITE
(CATE. FHDIIENTE)

2 Oéz'(XW(‘) =0
SOMREBEE, REIEEMES RERE. EREHMD, BEN
Y AR

o HERENERME, Y()=Y; —0; Y =Y; — 0
o BRRHMA, o(-) = (V; — 0T)Ty;; Y = (Vi — 0T) T
o ERMIEERE, B() = gI(Y; > 0) — (1 — q)I(Y; < 0); Y = I(Y; > 6)

Liml
[T

o BT FEE

~
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RAM KA FHEE:

N
0(Xo) = argming » a;(X;, Xo)(Y; — 0 T;)°

~

05 Al

T

Heh, o;(X;, Xo) FVMEHIRE

1

A

0(Xo) =

ai(Xia XO)

Hefh, SIREME, i5XRBT—EHF, 14(X;, Xo) =1; BN, BEIE,

o) _Bfl\%ﬁ: .

~

N
=1

Zi\il a; (X, Xo) f}sz
Z?JL\LI ai(Xz'aXO) ) Ti2

1 ET: ni.+(Xi, Xo)

T = Zfil ni.+(Xi, Xo)
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orthoForest : IE3Z[EAZM (Orthogonal Random Forest, &5 JJORF)
[@Oprescu2019]:

gAY — E(Y|X, W) = 0(X) - (T — m(X,W)) + U, R30(X)HERHEN:
E[(Y -Uz,W)) - 0(z)(T -~ m(z,W))) - (T —m(z,W))|X =z] =0
XE DML IREHIR IR, SNTFHEAREBHRIMLY HTHIT S Bk,

Zam - (X5, W;) — 0(x) - (T <1 (X, W3)) - (Ty — e (X3, W3)) = 0

B A F

f(z) = argmin, zn:am(Xi) : (YZ — (X3, W;) — 0+ (T — g (X, VVZ)))2

1=1

28



@Friedberg2018 XJ 1IE 3 FEN AR 7 7R s o500
o BONRBELMRL, MARBBEL, B(z) =4 =+ a
o IEMI{LBEARRER

A ~ 2
6,8 = argming ;3" 0 (X0) (¥ - 2006, W~ (8- Xi + a)(Ts — £:(X,, W) + A3
1=1

e B, BEGETBSBTFRENX, W) = E(Y|X, W)l
m(X, W) = BE(T|X, W) S/Me— MR GES) IRERHK (BINTSRERST
SBIRIRLK) :

4. = argmin_ Z o (X;) - loss(Ys, g (X, Wy)) + R(qz)
1=1

M, = argmin,, p Zam ) - loss(T;, f(Xs, W;)) + R(fz)

’L_

29



MEHENLETE, BETFARNAE#HITMHIT. 18T € {0,1,...,k}, BARER
EY;2"-Y 3" —0(z)|[ X =2] =0
Y, - EY |T=t,X;,W;)
E[I(T =1t) | Xi, Wi
E—E, WEEY |T =t, X, W)HBEET 29, (T, X, W),
E1(T =t) | X;, W;|NBEMEITEp, +( X, W),
A] ASE AT #3E B AR EX BT A S 9
0i(z) = argming F [(Yift)R — Yi,lgR —0,)°|X = z]

YR =EY | T =t X;,W;) +1(T; = t)

QD%ét(iﬁ) = Bt - T+ CAYt’

N . - 2
Gy, By = argming, 5, > K(z, Xi) - (Y = V0% = B Xi+ ) + A|Bs]5
=1

1

30



WEN2EFS (DML) HEERBET:

DMLEBEWER RIS, MRSETBY FMES BTE— MERKISE R, 8
LM BEE—B89, DMLATRERIEET LTSS : MuFEAR/ N RibitiEsie
(EPEAIREMIEE) BREFFHREHI(X, W) Fim(X, W)Neyman &M,

WENBFIFA (X, W) (ERTEMENIRE) M m(X, W) HEFHIRE)
WA —THNEWE R, MEERESIFSHRIWSEF IR AN EN#ITIESHG T,

MR TFINSEEE (GREFREFEREIMER) MESHERIE, BMEE—ME
WE(Y| X, W)ME(T| X, W)REHXEIHIRIRE (RMSE) BEXTEE n~ VA
—H%, ZAANEEMREGLITER, HANTIFZE_MEAitE, HRZ Gt
O(X) i BIEESM. NEZTERI, THENETEEUR NSNS TS
170
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Yi: = BD; 1)+ 9(Zit) + €.
Y}',t — BDj,(t—l) + g (Xj,t7 Xj) Xta Xj,(b Y}',Oa t) + €.t

Y ; is the log homicide rate in county jattimet, D;; 1 is the log fraction of suicides
committed with a firearm in county 7 at time't — 1, which we use as a proxy for gun
ownership, and Z;; is a set of demographic and economic characteristics of county 7 at
time t. Assuming the firearm suicide rate is a good proxy for gun ownership, the
parameter (3 is the effect of gun ownership on homicide rates, controlling for county-
level demographic and economic characteristics.

The sample covers 195 large United States counties between the years 1980 through
1999, 3900 observations.

32



use "gunclean.dta", clear
. order logghomr logfssl newblack logrobr

econmlcate logghomr newblack logrobr, treat(logfssl) wlist(timeind-VSTe2eDT) ///
modely("lassocv") modelt("lassocv") learner("lineardml")

Learner = LinearDML No. of obs. = 3900
E(Y|X,W) = lassocv No. of folds = 5
E(T|X,W) = lassocv No. of rep = 100
Score = 0.1732
| oLS
logghomr | Coefficient std. err p P>|z]| [95% conf. interval]
_____________ +________________________________________________________________
logfssl | .2289695 .0578829 3.96 0.000 .115521 . 342418
theta(X) | coef se(clas~c) t p lower upper
_____________ +_________________________________________________________________

newblack | -.1120391 .0365624 -3.064327 .0021816 -.1837014 -.0403768
logrobr | .0265965 .0145435 1.828749 .0674372 -.0019088 .0551018

33
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. use "gunclean.dta", clear

skcrossfit logghomr newblack logrobr timeind-VST@20DT, model("lassocv") kwargs(random state=123)
. skcrossfit logfssl newblack logrobr timeind-VST020DT, model("lassocv") kwargs(random state=123)
. gen resy = logghomr-_logghomrpred

. gen rest= logfssl - _logfsslpred

reg resy c.rest c.rest#c.( logburg newblack logrobr newfhh newmove newdens newmal)

35



econmlcate (EconML) # dmlcate (DoubleML) 2 IEBZET=. ZKEFMT=E
é?"ﬁ::':%ﬁxio

modely F modelt :

® Jlinear lasso lassocv lassolars lassolarscv ridge ridgecv bayesianridge
elasticnet elasticnetcv lars larscv logit logitcv poisson dtc dtr svc svr

knc knr mlpc mlpr rfc rfr bagc bagr gbc gbr

e https.//scikit-learn.org/stable/api/index.html

36


https://scikit-learn.org/stable/api/index.html

infer ;

® infer('bootstrap') » dinfer(BootstrapInference(n_bootstrap samples=100)

® infer('statsmodels') , infer(StatsModelsInferenceDiscrete(cov_type="'HC1')

Learner Inference options
"bootstrap” ,

All n_bootstrap samples=100
BootstrapInference(...)
"statsmodels" ,

LinearDRLearner StatsModelsInference(...) , cov_type="HC1'

StatsModelsInferenceDiscrete(...)
SparselLinearDML 'auto' , 'debiasedlasso'
SparseDRLearner ‘auto' , 'debiasedlasso'

CausalForestDML "auto' , 'blb’

37



. estat shap
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FERNEAE:

o NEZFIELFFHRRIN AR
o [HEBLLIEIREY

. XEIEE
EESS
o E{EEES)

BRT; (DML-IV. DML-RD. DML-DID. DML-SS)
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X HRBpWNERE T
REMBKTL € {1,2,--,ns}o EXY O RRKF IS N ATBIELE R,
WETRf#F5E (Doubly Robust, &5 DRL) it PFEIJRE:
o WERTBERUMER: y= f(T,X, W)+ U
o WFMLREIIER: T =m(X,W)+V
EHIT BN (X, W), CATENXHIEER,

YO = g (X, W)+ U, E(UX,W)=0
PIT =t|X,W| = p(X, W)

BEY® L T|X, W, CATEX
0.(X) = E[YY — Y| X] = E[g(X, W) — go(X, W)|X]

40



W — (0,1)8,

IATEERIE

41



—FER, KEIER g (X, W) = E[Y|T, X, W], AEH
Yi: = g:( X5, W;) — go( X5, W)
xf X[E)3, BIFRIO(X)H9Eits
XM ENFEERMETETERPTINGEIEE . NAEBREH, SFENIRHEN
(X, W), #EZHMBIE fIEAITE g.(X, W) B, BTSSR LEEMEMEFREM

(X, W)p9i2 032 ¢ RUMFZARRRIAITIME, AT, "MHRINE" NEXSERIRE, EXE
BT, BNEETREMIERZNRHATTINGE,

42



WEERINGE (IPW) @ £

Y-IPS _

EY;\"°|X,W|=E

IPS
}Eﬁl/;,t -

=k

Y P Xe

Y;1(T; = t)

P

T, = t|X;,W;)
Y,1(T; =

t)

VA D

]

pt(Xz7 W)

X5, W,

1(T; = t)| X3, Wi

pt(Xia Wz)

JFEDEEIO(X) Bt

Y1(T; = t)
pt(Xqu) .

i pt(Xsz) Y ’L-
X, Wi| =F [Y;'(t)’XiaWi}

43



IPWFT7EB MRS,

e B, RTAMENBUNIMERGRWNE (THEEREXIE, TIAERABELE
WAREY) , ALK AR TS 5 ERE.

o HUR, EMMNEIES, HKIMEBEHAREFMAME, FALLFZ2E1TTFIERE
Bl XMEITMZRHDRMES, SUERX, W)ES4N, & IERMBIRM
FIESMEREE, ST EEARERRIE.

o MEB, JEANGFIRMSXEMRAFTORE, BAREZE(GITHERKRS
i, MIMMELIRHEERRIEEXIE],
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WERE (DR) FZEAME T — 1T EZREVIRE, RAEEIIZIEETRE N EMEF

NHERKBRZIRERNRE, BIEWET U TFEBTEERGITE:

Y; — E[Y|X;, Wi, T; = ¢
P[T; = t|X;, W

Y2 = E[Y|X;, W;, Ty = t] +

(T = t)

IATERRIZL
0:(Xi) = E Y= Yo | Xi]
E—ME: Bitg(X, W, T) = E[Y|X, W, T|#p (X, W) = P[T = t| X, W],
o ZIMEMNESETATN, HItERERFINNNEZESFETZET1TH,
o ZMMEEHPNZBRFIPHNESHERF P AL A LUBE RN IR /575 B ifE.
e 5DMLA[E, DRIVERAFIENEREZEEFETMEENEFTE, MDMLR BEE

Al
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B WFE—1t, V7T - Y THXE,

3 FGATERIAIPWIEIT, AY, 7 3 HEME EHMOLSEIREEIS—HIFIRIEX
N, MBERBIEENDETE, BARRATENGEIHEND MHHTHA, BROAR
N EfHOLS[EIYIRNFT,
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WFt ={0,1}: B, (GITINTHEE:

p(z) = ED| X—2]=Pr(D=1|X=2), (E(T|X=x))
go(z) = E[Y | D=0, X =z, (E(y=0))
g1(z) = E[Y | D=1,X =], (E(y=1))

FEAREMEFAZNHENREINEGEMZRE, p(X; (X)), g1(X;), EX
ot

)5 Go
gp,(X;) = go(X3)(1 — D;) + g1(Xi) D;
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Rig, HEY PE

Y °%(§,0) = 91(X:) — go(Xs) + (Y; — gp,(X

ATE = E[Y"%(g,p)]

D; — p(X;)
p(X;)(1 — p(Xy))

i)

ATRIEREREE, EARDBHNNHEN —AREZHITERTOIE:

Y°%(§,p) := §1(X;) — 90(Xs) + (Yi — gp,(X3))

D; — p(X)

min{c, p(X;)(1 — p(X;))}
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LinearDRLearner : }EHYZ-?R — KgRﬂjXﬂméi'ﬁ o]l)3,

econmlcate $y $xlist , treat(p401l) wlist($wlist) tdisc(True) learner("lineardrl™)

Learner = LinearDRLearner No. of obs. = 9717
E(Y|X,W) = lasso No. of folds = 5
E(T|X,W) = logit No. of rep = 100
Score = 4633494282.7408
net _tfa | Coefficient Std. err z P>|z| [95% conf. interval]
_____________ +________________________________________________________________
p4ol | 11293.52 690.704 16.35 0.000 9939.764 12647 .27
theta(X) | coef se t p lower upper
_____________ +_________________________________________________________________
age | 321.235 81.07862 3.962018 . 0000743 162.3209 480.1491
inc | .2722905 .0618516 4.402318 . 0000107 .1510613 .3935197
educ | -422.4962 289.378 -1.460015 . 144286 -989.677 144.6847
hown | 1649.144 1462.545 1.127585 .2594952 -1217.445 4515.733
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SparselLinearDRLearner : }EHYZ-?R — Y;%RNXME'&Lassoéﬁ'I_&L = 'E|o

ForestDRLearner : }EHY,&?R — Y,L’lgRﬁﬂﬁM‘yXEﬂ%'Tﬁﬁg (Forest Doubly Robust
Learner) [@Wager2018, @Athey2019, @Oprescu2019], &I X FEALZRMAF LE 3 FEALER
MHEVERZ, kFEERElFRE

0;(z) = argmin, Z K(x, X;) - (Yz',lt)R — YZ.,ISR — Ht)z
—1

1

lfi R g(ta Xz'7 Wz)
pe(Xi, Wo)]
Heh, §(¢, X, W)RE(Y|T = t, X, W)WfEit &, p(X,W)RP(T = t|X, W)fkit

=
Bo

VPR = (t, X, W;) + 1(T; = t)
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WER RS AN EBRAET, SAEITE 0(X) BHA2ENEEAGET §(X, W)
MIAEES ST p(X, W) BHHRERTNSZN, Ft, ABEh—MEitER, 5
KISRIB 2R, G, RERSHKSRENFET n~ /4, NSKEREATS
AL 02 SR,

EEEMERETEMIES, MM UWEEMNEEXE, FHSHEITTAIMELEL
XS HTV#HT,

DR AN FDMLI AN —TMABET, BMERZEIFAHRIREZ B R EE HER
FOHTIREMN (CATE) KR, RZLOFMABRBEN. EXMERT, ZHE=G

it CATE REERZE])ARIRE T E] ERVIRR . FI30, XRIFX CATE RERRIEL
MERR RO TTHERT, B RIREFEFRERNEF5 LRREE CATE RIFUHTTHERT, )

g0, RILAKEE DR FASHSEAMSFESHRLREE SR, TR EMN R FIERY
BRIV — T RIRAVER T, #BEMFERARRAEM N ZFB%E. DR A AHEX T
DML RS R ERBEEBESNAE, 32 (X, W)HELXEMIES I RR
BOERT CCBPBENN N\ESE"), EXMIEET, DML ARG BTN




use dmlirm, clear
econmlcate y X1-X2, treat(d) wlist(X3-X10) tdisc(True) modelt("logit") learner("lineardrl")

Learner = LinearDRLearner No. of obs. = 500
E(Y|X,W) = lasso No. of folds = 5
E(TIX,W) = logit No. of rep = 100
Score = 17.8083
y | Coefficient Std. err y P>|z| [95% conf. interval]
_____________ +______________________________..._________________________________
d | .6075278 .1892891 3.21 0.001 .236528 .9785276
theta(X) | coef se t p lower upper
_____________ +_________________________________________________________________
X1 | .9632839 .3048822 3.159528 .0015802 .3657148 1.560853
X2 | .e214181 .1831132 .1169665 .9068866 -.3374838 .38032
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econmlcate y X1-X2, treat(d) wlist(X3-X10) tdisc(True) learner('cfdml')

Learner = CausalForestDML No. of obs. = 500
E(Y|X,W) = "forest" No. of folds = 5
E(T|X,W) = "forest" No. of rep = 100
Score = 1.1422
y | Coefficient Std. err Z P>|z| [95% conf. interval]
_____________ +________________________________________________________________
d | 532 374 1.42 0.155 -.2010265 1.265027
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CATE{EBYAUIS TS

CATE #EEVHILIEIEMNR B23E: Chernozhukov etc.(2022)i HEVBR{ELLETRMEE (BLP) M

1. Dwivedi etc. (2020)BIREME, LA Radcliffe(2007)8Y QINI Z%X,

BLP¥LIG : *F CATE HRELHIINEFRE (DR) ERINE (K—NEEHIN) H{TINE

JTLLY

fafEas

RNE@E&R/NZFE (OLS) [B])3, INR CATEHREHIRE T EXHNERY, AT

CATE FILNMERY OLS fhitR#BNEZENIERS 0 FIEEEER
$£15 . (£ CATE BREIIHEFERINMUGE (BRBERBEIGIIEIE) £

A(X), H X RRMEIHE.

Y,PE — YAL + Yo (X) (1 = L)
P(X) P(X)

RN FINE

Hoh, VIRTEWWE, THFRETE, P(X)RAAEES. Yi(X)HtEnsERm

{Eo
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F24:
TEE

O

A

JAERY PR — ) 4 410(X) + o TRy > 0, MZRFACATE RIS ¥R

RAFFE,

Chernozhukov et al. (2022) ¥&BLP 1238 Ry CATE BRENFM W "SE-infE’ 27—, LH
EAFABMNEFEEEZMERRENTS, FOBLPH AL EEXE, T EfmiIeEd
HAEL M R RTMER T

55



RAERT: BT, BT CATE FUEL(X)IERIMMUET B IT#HITHE. T8
(k) &, 115 CATE FUMIHESWNERE (DR) ERZEBVEINE, LI CATE I
BS S AETFNEMN (ATE) ZEINENE, ARG, HXEEIREMRE 2 LR, H
DBRTEIREET AT ANE,

Calg = » w(k)|E[0(X)|k] — E[Y % K]
k

Calp = Y (k)| E[6(X)|k] — E[Y "F|
k

RIERLRAIRENX N
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B, IRIEFUNEY CATE EXNBITTHITHIF, FAEEHAIRFIRE
IFRN, ELE™ER TOC ML AT EamlER, HREEMDH

FIEREPAYIBYFY
S EE N CATE 1&EAYEH

RINELRRENES; &MRAWF AUTOC (TOC B4 FETR) . QINI BiZ 2 Lthel

ZIV—PEE, BERPNT RIEEE; HINDWATA QINI RE.

rroo(d) = Cov (YDR(g,p) 1{6(X) > ()})
Pr(6(X) = ji(a))
roivi(g) = Cov (Y R(g,p), 1{(X) > i(q)})

Heh, ((q)lgnfith. YPE(g, p)WDRER,
AUTOCFIQINIRENEN

1
AUTOC:/ TTgc(q)dq
0

nTATT _— [ ’rnrv\rr(ﬂ\f]ﬂ

57



estat valid

CATE model test:

Stat Se Prob

_____________ PRI & Sk 47\ S
BLP 1.6040 0.1470 0.0000

Qini 2396.3980 265.2170 0.0000

Autoc 7247 .8770 896.1090 0.0000
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Treatment = 1, Calibration R™2 = 0.767

|

|

Treatment = 1, Integral = 0.842 +/- 0.15

HHHHHHHHHHHHHM

++++++++++++++.,,

Treatment =

1, Integral = 0.306 +/- 0.047

i

i

eeeeeeeeeeeeeeeee
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DML-IV

ERXRTERZS[O)3[@Syrgkanis2019]: ortholv 2252
E(Y - EY|X,W|-0(X)x(BE(T\X,W,Z) - ETX,W|))(Z—-E|ZX,W])]=0
pMLIV E/NMEIDT BARER 2K :

> (Yi — E[Y|X;,Wy] — 6(X) (E[T|X;, Wi, Z;] — E[T|X;, Wy)))?

2

e modely() : E[Y|X;, W;]

o modelt() : E[T|X;, W;]

e modelt2() : E|T|X;, Z;, W;]
* modelf() : O(X)
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econmliv y xlist, treat() wlist() zlist() learner() ...

learner() . OrthoIV, DMLIV, NonParamDMLIV

. use dmliv, clear
. econmliv y X1 X2, treat(d) zlist(z) wlist(X6-X10) ydisc(False) tdisc(True) learner("orthoiv")

Learner = orthoiv No. of obs. = 1000
ECY[X,W) = "auto" No. of folds = 5
E(T[X,W) = "auto" No. of rep = 1
E(T[X,W,2Z) = "auto" Agg. = mean
E(Z|X,W) = "auto" Score = 0.0000
y | Coefficient Std. err z P>|z] [95% conf. interval]
_____________ +________________________________________________________________



svmat e(effect), names(_eff)
list effl- eff6 in 1/5

U WN R

.2444565 .4411006 .5541967 .5794442 -.6201006 1.109014
.7066314 .2472946 2.857447 .0042706 .2219339 1.191329
.4931455 .2222287 2.21909 .0264806 .0575773 .9287137
.0601316 .2886956 .2082873 .8350047 -.5057117 .625975
-.047791 .4341471 -.1100801 .9123459 -.8987193 .8031374
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WERRIVEIT: REFRTETMTATEZEHHN0-1TE,
BEREEED A=A {Y, X, W, Z'},i={1,2,3)

15 BREANH=A{Y, X', W, 27}, = {1,2,3}. B{X', W', 2} 550tk
P EIAFMBA RIS D Do (z). pi(z), B{Y 2, X2, W?2, Z2} DRI &SI
A ERT R o () Mg (). BT ZBDERE=ED 4

2% Y3, X3, W3 E/IMUN FIRE R

L(A(X)) :E[(gl(X)  Go(X) + Z(Y ;Zgl(x)) 73X —Z)l(l_’;zﬁo(X))

A A Z(T —p1(X)) (1= 2)(T — (X)) \ 5, o\
(P13~ Bo(X) + T S )0<X>)}

[T
[T

5%E1. 24, REANCATEITEAN=1"CATEHIT=

fafR{aITAERMA, B

B3P 5WE
RII(E,
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learner() . LinearDRIV, SparselLinearDRIV, ForestDRIV, IntentToTreatDRIV,
LinearIntentToTreatDRIV

use dmliv, clear
. econmliv y X1 X2, treat(d) zlist(z) wlist(X6-X10) ydisc(False) tdisc(True) learner("lineardriv")
[est.joblib]

Learner = lineardriv No. of obs. =1000
E(Y|X,W) =  "auto" No. of folds =
E(T|X,W) =  "auto" No. of rep ~
E(T|X,W,Z) =  "auto" Agg. =
E(Z|X,W) =  "auto" Score = 38.8065
y | Coefficient Std. err z P>|z] [95% conf. interval]
_____________ +________________________________________________________________
y | 429 197 2.18 0.029 .0428871 .8151129
matlist e(coef)
| coefse t p lower upper

X1 | -.1267866 -.0359845 3.523372 .0004261 -.5751634 -.7162224
X2 | -.300404 -.0525958 5.711554 1.12e-08 .3215901 .1154144



RETEZTE (deep instrumental variables) [@Hartford2017]
Y=9(T,X,W)+U
ElUIX,W,Z] =h(X, W), THSHE(T|X,W, Z2)RZ89% K, BERGEMNA
0(to,t1, X) = Elg(t1, X, W) — g(to, X, W)]
REIVETHEMEE It g, SIEVEAERE g EREBIINAA,
M ER B B 7% (two-stage basis expansion approach) [Newey2003].
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FERA:

o HESFIELRFFHEIN BHLAR
o HEBLRIHIREY

o XHEA

o ME3FSJERH

o BIFRES]
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W28 5 S (X1 SR HEM

DML-IV, DML-DID, DML-RDD, DML-SS

I I BRI . FEIRET SIS T AR ST

o MRFTIMEEERXNRNTERRMERER, BIFHT R,

e NMRTFMLEER

B 1E1960F A Thistlethwate and Campbelligttl, ITEEFTE
FTIANIRA & o

RN RERIBEER KL, PR =it

AR HERTRVIESR TS 2 T HKE

i

6/



FETRETRIEIT (sharp RD) - P(D = 1|z > ¢) = L,P(D = 1|z < ¢) = 0.

Hy=c

—

-_—

i
—

0.6
|

04

0.2
|

¥y=csolyZ=0 M= coso Oy =1
(control) ' (treatment)

0.0

TE00 1200 Zooo 2200 2400



&R it (fuzzyRD) 0 <P(D =1z >¢) <1,0<P(D=1lz <c) < 1.

RN Rt R, WD ECARHEIER. A, Eh=Mhl, FERKMAYEL
R, A, REMALFEIHAERES DERLERR, XEB LS TIHRT
ﬁﬁkE’JEJISEﬂ]mFE/JH: 1{EXRT 0, ®aiEyt, Ee=MT, mmERrIseFiEEREw)
1¥o

=

Prily=11%)
06 08

04

02

0.0
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FTEAD,; =1|S; > c|o FHUMEBEMLNA
7= E[Y;(1) — Y;(0)
E(y|lz) = E(yo|z) + (E(y1 = olz))D =

| S = ¢
( D)E(yo|z) + DE(y1|z)

E(yolz) = fo(z) = a0 + ar(@ —¢) +--- + ap(z — ¢)”
E(yi1|z) = fl(«’E) = Bo + Bi(z = ¢) + -+ + Bp(z — c)?
= E(y1]c) — E(yolc) = Bo — 0.
m NI E—RRBhit e @B ARD = 081D = 11 S E48[E.
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{Gites, AR URBRETNF R, thil, y= By + 0D + fi(z —c) + u

EAMNEERENRE:
y=ao+ 0D+ ai(l —D)(z—c)+ B1D(x—c)+u
:{ao+a1(x—c)—|—u, D=0
ag+0+Pi(r—c)+u, D=1
EAMmNARENZ M RE
y=ag+ 0D+ (1—D) X fo(x —c)+ DX fi(x—c)+u

_ Jao+ folz — ) +u, D=0
ag+ 6+ filt—c)+u, D=1
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TEHGITE GESMbIT) !
%base(h) — sz(h)lfza

Heh, o, (h)ARRHE B RAENDBAMEINE, hNEE.
%base(h) ’C\LJ N ( =+ h2Bba867 (nh)_lvbase) .

LR AITE:
Fun(R) = 3 wi(h) (¥; = XFAn)
1=1

HA, 4, e/ MU BARERERYEITE

argﬁmin > Kn(S)(Y; - QB X ).
)Y

,.\I:I:Is Oa’ p— (.Da’.So’.Da’So’. ].)To




FREIEEEGITE (DML) !

i

n

7tRDFle)s:(h; 77) — Z wz(h)Mz (77)7

1=1

LR, (- ) AR AR BRER

/3



19

10
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doublemlrd varlist, treat(varname) score(varname) cutoff(@) ///
method(robust|dml) fuzzy(False|True) modely(regression) modelt(classifier) ///
kernel(string) nfolds(5) nrep(l) level(95) *

method : robust or dml . default= robust

fuzzy : defualt= False , only for DML-RD. For ‘method(robust) , the program will judge
automatically.

kernel . uniform , triangular , epanechnikov
modely : default = Lassocv() , only for DML-RD

modelt : default = LogisticRegressioncVv() , only for DML-RD
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use dmlrd,
summ

Variable

clear
Obs Mean Std. dev. Min Max
+ _________________________________________________________
1,000 4.,579999 4.165335 -2.868718 24 .26434
1,000 .513 .5000811 ) 1
1,000 -.0116202 1.026664 -3.710679 3.166557
1,000 -.0197126 .5765338 -.9984912 .999351
1,000 -.0406238 .571024 -.9990833 .9981243
+ _________________________________________________________
1,000 - .0069902 .5747975 @ -.9999586 . 9989593

76



doublemlrd y x0 x1 x2, treat(d) score(score) method(robust)

Method = robust No. of obs. = 1000
Obs(left) = 490 Effobs(left) = 244
Obs(right) = 510 Effobs(right) = 263
Bandwidth(left) = 0.6530 Bias(left) = 1.0232
Bandwidth(right)-= 0.6530 Bias(right) = 1.0232
BW selection = mserd Kernel = triangular
Order = 1 VCE = NN
Order(Bias) = 2
LATE coef se tstat pvale cilow ciupp
_____________ +_________________________________________________________________
Conventional 2.797709 3.979983 . 7029448 .4820901  -.8011955 1.547919
Biascorrec~d 3.347862 3.979983 .841175 .4002499 -.7291005 1.620014
Robust 3.347862 4.670639 .716789 .4735043 -.941819  1.832733
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DML-SRD
P(D = 1|z) = F(x)
By = yo + D(y1 — vo)

E(y|z) = E(yo|z) + E(D|z)E(y1 — yo|)
= wo(z) + E(D|z)7(2)

= MAEMFD A M#E T By,

m'(c) =  po(c)+ P7(c)TrrD
m~(c) =  po(c) + P_(¢)TrrD

/N

m=(c) = © Bare(yla),
PHe)=  EnDle), P ()= E,(Dla).

/8



BE: P (c) # P (c), AIf%

TFRD —

(¢)

m
P

B

c)
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Outcome Discontinuity
Treatment Discontinuity

TFRD
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Imbens and Lemieux (2008)#Z XA B EEFZ Iz [E]Y3,
BRE

(Yoi> y1i) L wi|z
e E(c— h <z < )XENHIT (M (c), P (c)),
e Hlc<x<c+h) XIEﬂ'fEﬁ'(ﬁ?j (¢), P=(e))s
SKAProbitgLogitfiit (P (c), P~ (c))s
HTV(2001)iEBR, kT REHEFENTHREBIVIET (Waldf&itE).
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TSR IRR :

AN

FAF R IBRG N :

7A-Y,ba,se(

>

ébase(h) Yy ’7:]) i (

ZERE (F275E)

7Y 1in(R) > qwi(h)(Y; — XAy p)

Toun(h) D

ELLE A (DML)

Orpriex(h; ) =
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use dmlfrd, clear

summ

Variable

Std. dev.

4.820415
.853
.0193321
.0080321
-.0135667

4.099335
.3542831
JO 797 1B

.570023
.5793069

-1.895659

%)
-3.241267
-.9997306
-.9999767

20.66342

1
3.852731
.9988275
.9991154

-.0117039

.5765549

s 0292386

.9954988
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use dmlfrd, clear
doublemlrd y x0 x1 x2, treat(d) score(score) method(dml)

Method = dml No. of obs. = 1000
Kernel = triangular No. of folds = 5
Bandwidth = 1.0046 No. of rep = 1

LATE coef se tstat pvale cilow ciupp
_____________ +_________________________________________________________________

Conventional .3733619 .599275 .6230226 .5332697 -.8011955 1.547919

Biascorrec~d .4454569 .599275 . 7433264 4572841 -.7291005 1.620014
Robust .4454569 . 7078069 .6293481 .5291212 -.941819 1.832733

ml g for E(y|X): LassoCV()

ml m for E(T|X): LogisticRegressionCV()




doublemlrd y x0 x1 x2, treat(d) score(score) method(dml) fuzzy(True)

Method
Kernel
Bandwidth

dml

triangular

0.9862

No. of obs

No. of folds =

No. of rep

Conventional
Biascorrec~d
Robust

3.23816
4.06652
4.06652

4.976168
4.976168
5.85546

.6507337

.817199

.6944834

.5152184
.4138147
.4873791

-6.51495
-5.68659
-7.409971

12.99127
13.81963
15.54301

ml_g for E(y]
ml_m for E(T]|

X): LassoCV()

X): LogisticRegressionCV()
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local mody LGBMRegressor(n_estimators=500, learning rate=0.01, verbose=-1)
local modt LGBMClassifier(n_estimators=500, learning rate=0.01, verbose=-1)
doublemlrd y x0 x1 x2, treat(d) score(score) method(dml) fuzzy(True) modely( mody') modelt( modt"')

Method = dml No. of obs. = 1000
Kernel = triangular No. of folds = 5
Bandwidth = 0.9862 No. of rep = 1

LATE | coef se tstat pvale cilow ciupp
_____________ +_________________________________________________________________
Conventional 2.741325 1.880668 1.457634 .1449415 -.9447166 6.427367

|
Biascorrec~d | 3.139905 1.880668 1.669569 .0950047  -.5461372 6.825947
Robust | 3.139905 2.225679 1.410763 .1583146 -1.222346 7.502155

ml g for E(y|X): LGBMRegressor(n_estimators=500, learning rate=0.01, verbose=-1)
ml m for E(T|X): LGBMClassifier(n_estimators=500, learning rate=0.01, verbose=-1)



FAINBL T, ROFlex ERINEMSHISRFIHE, MNMMEBSBERBEF K “FHEE" A
B WRFBANESREBNIEFIHAELZEEN 2/ 58, ALUER
GloballLearner F>]28, GloballLearner REENE, HEHIENE2ZEE LMSHIZEFE
%o

FIZRERLUHITHESE, PIEFISBIEENE R EZRZIFELRNE, B ESHE
FAREEkEREFIE, JUHE—DIRAEMGT, EEEA R TR ETERE,
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FERR:

o FHEBLEIEIRETY

o XHIEA

o H23F SR
e BIERFZ
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BEME—MES T ARNEZSBERR AN FEIERE, TERTIERRE AP
BRI REE, EZOBineBd Ui A I, AR D A EFEEE,
HABNFHAHEEEAERNEE (MREABNES. ANEENF), URAKUEAKEK
TR (WMEFK=E. t=s'8H15F),
BRI BSRZRME B AL IiTRRMN, MeEERFImARAN, X5F%ARE
RiER (40 DML. X-Learner) It ZiEERGEX R,
LB EEEHIE RS
A7 S 6E:

o METE: BIBAFPEIDREEENS (W &« m)o

o FENED: BIBEBIFILRERTT H o

o KTRiTfh: ELEHITHENIRIORS, MILNEIEFE SRR,

JALL)

M IEARR R RRAZBY, PolicyTreed}PolicyForest & B IRAEEHE,
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BRI B A1
e IRTm.: B8R, YIERES FRHEITEMIID
o NEFTm: BEFHEE (WIFH. WA, HESIRSE) WERHEITIH, 810 HaN
N—N3EE (30 "WMAEE > 5000 759 o

e KiFTR (HMTR): FMTHTRNN—MTEFEHE, KWL ZEEIRML
3¢

JALL)

o
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WEIE (B AH )

o FENEE: EENSIE
o NHFEN: BT HEANMES

ARERIEE (MNAFRSEERE. JFHRE. EF),
MRER (WARFEAMERNESRIVHEREEER)

HERMDERFTF. BRDARE:

O

STETRHEPIREME (R vs. REMMABHH

ARDH. LR ARIES
HBER) o

o BRI =/NMEBERSEHEERIFREIR A (WA - INEE) o

o £XimTi RIE

BE . WETHTRRNIEDR, EFMRKMES
225t 10 TTERERHIELR)

(FN& 7 20 TTik

JALL)
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BERWRINVA: BRTeanTELIEBINRBFRAHEEN, REESIRZA,
MYEE: HEAESFERRE. FOFIN8RE (MESH/ATEE)

HERTE. EHFRE, 8. 5 (WER4H). & 100 8 10 GRERIE) . # 200 &
50 (EERIE)

DEE: BRHEEERSH. JEHK. =RFR. MIBIEERKT. Bmfmir (302
D)n\q*ﬂEE:?}LLDD)\ EU?\ |‘ﬂE7JIJ\ ET\%Q& (1 52&)

WS IT
o NHEM: "EE3INPHBEE>S N-"BEMN>200 ' ="2BHN=RA"
LRURIENTR

e TS HESR: ABUH 500/ 100 TAEZLES (RIEEMWSEREM);
o EHMHERIES R AHUH 100 R 30 ToiiES (IBHEALNERINEER) ;
o KA, : BRI 10 5% CHERERFF),
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BERMBIN A . R ERH BRI ERAFNE R BER

FHEZEE: 1T RR (EFEae / RFEee) o BUE, SEX=FmHANEZ . BHERA
B No

DEEE: TR / I -"FRARE > 10 5" -"2E B NI AR,
2R UmIEER -
o SFERE + BHIX + RIEARA: {EWES &t + szslEH B AR,
o SFEfE + BHHIN + ERARAR: REBHHAME + HULE,
o {XiERETEN: BERBHEREINH,




I2THR (uplift tree) LUSFHE AT ERMEIBIER, CEDREMIOSH, IR5E
MLEBHARAEM TS, MR KSRNE, BFHEE X

Uplift = E[Y(1) — Y(0) | X]
I2THI ) EARTE TR X LA SR AN TRRE, MASRETIRE,

AWM ZEN: TRORE, EFREEANF T REETEEF RN E
{Eo

e Hansotia and Rukstales (2002): A = |@(Left) — 6(Right)|

e Rzepakowski and Jaroszewicz (2012)E T B /ENIBIE X :
Dgain = Dajter(P*, P“) — Diegore(P" , P

(ch, PTRIPCRRIRTOIBAMNITHIBNRT EN D,

i
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Z2D (divergence) BI=FhENX :
o Kullback-Leibler (KL) 12 F 4 51THIHN D E R

p
KL(P:Q) = Z prlog—
k=le ft,right K

g B RRBIBEAMITHIBEFERIGE, ERTFZHF
e Euclidean Distance:E#ZLbiRMZA Y145 R,

ED(P:Q)= Y - (pk=a)

k=le ft,right
o 2 divergence: IS BM N EF T PB4,

Q= Y B

k=left,right 9k
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R BV E At 3 Z A

: _N 1 #children 2
Athey and Imbens(2015): A = Tehildren 2w k=1 0.

DDP (delta-delta-p, AAp) approach by [@Hansotia2002]

IDDP approach by [@Roessler2022]

Interaction Tree (IT) proposed by [@Su2009]

Causal Inference Tree (CIT) by [@Stuart2010]

Contextual Treatment Selection (CTS) approach by [@Zhao2017]
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hie A =R (uplift model)
WEFERZE: Radcliff (2007, 2008) Qini measure.

BT, 23FUNFIBAMITHIARAE, MRAFEDITEES N MERTUNGEA
B, AMNSIERHERE, F978 10 12 1iEEH (decile) s RS, TEENTDUKARDFE
BFUNRAHE, AE, NETDUKRA, tEFTMASIERENEYIEAEZE. REF
IR AR B BV FHE N 12 B8 73 i 2R 20 33
HE NN D AUFAEANRAEBEZETERR, BFRRTIEHE
2Tz (cumulative gain) : SHNFEIRAETFTRLIZABI MEE =

yr y° - &

Hep, YRy DR1RTARANIEHARN MR T E 2,
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WEFHERZR (uplift curve):

\b

S, gRIRIRIET
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SCATERN g2 (q). SNRIZERCATERI A E/ NI Z 4G CATER = Y g EL BIRYMA
DECEIRIELE, BRAZABATEN ZE TEABATE, 1&7(q) N =& ZEINER.

r(q) = E[Y(1) - Y(0) | 6(X) > )] — E[Y(1) - Y(0)

B |(y(1) - Y(0)=2XL=RD | gy (o)
PHOX) > j(a)
— Cov (Y(l) _y(0), X =) )
Pr(d(X) = @)

> j1(q)} )
Pr(0(X) > fi(q)) 100



QINI iR R T Uplift RhZEFI RF0E S, MR TNIE RN M = EMERHER R
AEEF BELARSERT), MART Tz (Cumulative Treatment Effect) 5
FENL S EL RIS E Fo

IEFEhZR 2 CATE HREML A HER B A BELABY IR E SRV FEIIR M, QINIFHZR 2
CATE 1RBUL Ao HERR BV A B# 2B B 39 = a1 57 BE SR BRIV N s & =0

BHELZ (Random Line) Xff%Zk: URFENDBECFINBVER (RITTARELFN BT RYFEYUR
) o
o FHIAMTXNAL: WEARERIANMMEN2ES, FUNEEIZE,
o QINI FAZRYAZIREI S EFAERIR : REXS S E R M EFRRYIR 7! 7T,
e MAGRER . RNEZILAMFEA ETFHREREA, HMARE RN NAERERT
N TRy A= A L
o BRZL TBE: WBHRSAFHRRYEI RN /9 52 SR B FIUMAS e B
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romi(q) = 7(q) Pr(d(X) > fi(q))
| | 0(X) > i(q)] - B[Y(1) — Y (0)]) Pr(6(X) > ja(q))
(Y(1) - Y(0)1{B(X) = ia)}| — B[Y(1) — Y (0)] Pr(8(X) > ji(e))
JO(X) = js(@)}| — E[Y(1) - Y(0)] B [1{B(X) > ja(q)}]
= Cov (Y(1) - Y(0), 1{6(X) > jilg)})
TQmNi(q) ~ q7(q).
BY (1) - Y(0)&#enY PE(g,p), BIENRSITqmi(q):

rama(g) = Cov (Y% (g,p), 1{0(X) = io(a)}
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Qinifgk:

CnT
g(Q) — (YqT - Yq Nq )

Ny

QinifZ%SiRAHEEF1TH, —BEFEXAR.
NI+ N&

Ny

f(a) = g9(q)

103



QnNiIRENX N

1
QINIZ/ TQINI(q)dq
0

QINIRE: BREMS 5B 2 BREARFRUTEIRE SN 2 BNETR, BESTE

[0,1], &l 1 RRBERRBGT, HHEALR:

Area between QINI curve and random line

INI =
Q Area under the perfect model line

e QINI = 1. ZERE (BEReXnTE / RERMNELE)
e QINI = 0: ZF[EFHEH 7 B,
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use upliftdata, clear
causalmluplift y X1-X5, treat(d) criterion("KL")

Predicted effect of each treatment (first ten obs):

| ATE(d=1) ATE(d=2) ATE(d=3)
_____________ +________________________________
rl | -.0643554  .0559219  .1551282

r2 | .0059683  .0877143  .0994576

r3 | .0718623  .1003996  .1145916

r4 | .0059683  .0877143  .0994576

rs | -.0425 -.0358442 -.0188889

Policy tree saved as cmltree.png, cmltree.dot and upliftcurve.png under the working directory
[cmlest.joblib]

criteion

. 'KL', 'ED', 'Chi', 'CTS', 'DDP', 'IT", 'CIT', 'IDDP'
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TRARFMN . REFARRK 7B EFH
A FIBIRN (X3>1.47),

impurity: IKKEE, BETREFEERARR
MERvtERT (A751RZE MSE HALAE) ,
N RETBERERRIZE,

total_sample: BT RN EHEERE
group_sample: ¥ IBA R TEIERE

uplift score: AR ZH 55520 B F RN ,
BIEY(1)—Y(0)], ZAIBABENRAK
R (B,

uplift p_value: EIRMNEY p B
validation uplift score: fERRIIEEIEITE 106

A+E TI/E BT H+AdNF+HN AN (23— /L T 111

( impurity -0.128 h

total_sample 509 (36.4%)
group_sample 0; 125 1: 126 2: 140 3; 118
uplift score: 0.1774
uplift p_value 0.0018
valiclation uplitt score 0.0995
\_Mmean 0:0.25, 1:0.25, 2:0.34, 3:.0.35 )
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