1 | LrnneniaRLT

www.uone-tech.cn

20234 Stata [ i ' k<

e A28 27 ) N Stata™

=

R i

L 2R K222 5 22 Bt
giang2chen2@126.com
www.econometrics-stata.com
R R Ry = X S €
AR TR L Statal

2023/8/13 g, (c) 2023



i | LrnneniaRLT
-tech.cn

www.uone

XN B L8 2]

o IEAN2SLSHLZMPIAOLS, “RUEHLAFF>]”
(Double Machine Learning) i/ il P X I 25 5
>

o UMM T IR RZE”
(regularization bias), X E g5 >] BFH 4
fIDEE, MWFRN X E MWL a5 ]
(Double-Debiased Machine Learning, DDML)

2023/8/13 Yo, (c) 2023 2



IREhEEHEE

www.uone-tec

The

journal

Econometrics Journal (2018), volume 21, pp. C1-C68.
doi: 10.1111/ectj.12097

Double/debiased machine learning for treatment

and structural parameters

VICTOR CHERNOZHUKOV', DENIS CHETVERIKOV!, MERT DEMIRER,
ESTHER DUFLO', CHRISTIAN HANSEN?., WHITNEY NEWEY'
AND JAMES ROBINS/

I Massachusetts Institute of Technology, 50 Memorial Drive, Cambridge, MA 02139, USA.
E-mail: vchern@mit.edu, mdemirer@mit.edu, duflo@mit.edu, wnewey@mit.edu

YUniversity of California Los Angeles, 315 Portola Plaza, Los Angeles, CA 90095, USA.
E-mail: chetverikov@econ.ucla.edu

8 University of Chicago, 5807 S. Woodlawn Ave., Chicago, IL 60637, USA.
E-mail: chanseni@chicagobooth.edu

\Harvard University, 677 Huntington Avenue, Boston, MA 02115, USA.
E-mail: robins@hsph.harvard.edu

First version received: October 2016; final version accepted: June 2017

Summary We revisit the classic semi-parametric problem of inference on a low-dimensional
parameter & in the presence of high-dimensional nuisance parameters 79. We depart from the
classical setting by allowing for no to be so high-dimensional that the traditional assumptions
(e.g. Donsker properties) that limit complexity of the parameter space for this object break
down. To estimate nn. we consider the use of statistical or machine learnine (ML) methods.
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Abstract. We introduce the package ddml for Double/Debiased Machine Learning
(DDML) in Stata. Estimators of causal parameters for five different econometric
models are supported, allowing for flexible estimation of causal effects of endoge-
nous variables in settings with unknown functional forms and/or many exogenous
variables. ddml is compatible with many existing supervised machine learning
programs in Stata. We recommend using DDML in combination with stacking
estimation which combines multiple machine learners into a final predictor. We
provide Monte Carlo evidence to support our recommendation.

Keywords: st0001, causal inference, machine learning, doubly-robust estimation

1 Introduction

397v1 [econ.EM]| 23 Jan 2023

Identification of causal effects frequently relies on an unconfoundedness assumption, re-
2UZ20I0l 10
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+ HATDDML 3= 2 3&E H T A7 [F] 434w (i.0.d. ) B A 0
Wi, I

By AR R (partially linear model)
A2 HAFERY (interactive model)
R At T B AR AR R (partially linear IV model)

RIGHE 7 24 1. B AR A5 7 (flexible partially
linear IV model)

5. X H.T. BAF &5 H (interactive IV model)
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s wh =
&




HREREEREARAR

www.uone-tech.cn

1. o AL (Robinson, 1988)

EXAMPLE 1.1. (PARTIALLY LINEAR REGRESSION) As a lead example, consider the following
partially linear regression (PLR) model as in Robinson (1988):

Y =D6y+g(X)+ U, E[U|X,D]=0, (1.1)

D=myX)+V, E[V]|X]=0. (1.2)

Here, Y is the outcome variable, D is the policy/treatment variable of interest, vector )
X =1(Xississ , Xp)

consists of other controls, and U and V are disturbances.! The first equation is the main equation,

- Hof, Y AR R, D ALAETEM DTS R) 0, N
J& /\i_ﬁﬁﬁ%éﬁi(parameter of interest), X ﬁ?ﬁ%JEg(éﬁf AJ
REE AR =, BISE4EEdE), 9,() 5m,() NARFEEL
(‘@@i&%ﬁﬂjﬂi%ﬂ)

2023/8/13 6
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(LN AQEINE

I TARETIU W TD S X, Mo
I A 2

o f£45 112 %5 )H (parametric regression){fi% 90()

IR AUE R (PEanZe e £, Bin B 5T
AZHTD , ) EEX T IRE(1.1)2E1TOLS A i

o« {HX] 9,() B REUE R 1] e 1% 5 (misspecified),
WxS8mzE, BOVRIETE(.2), 4L E D
@W%iX

2023/8/13 o, (c) 2023 7
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o N TERREIER R, SMFESERIE
(Robinson, 1988)14 FH EZ % [n] 4 (nonparametric
regression)>Kfdii1 E(Y | X) 5 E(D|X)

e tbln, “#%I[FIH” (kernel regression)al “ ik
M:[F1J9” (local linear regression)s,

o (BAEGHIAESERIAR G B R “ 4 H5”
(curse of dimensionality), T2 &E X HI4ERE
N RSP

2023/8/13 Yo, (c) 2023 8
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o IRZHLES AN R S4B IRE R, et
i Z Attt =(Lasso). BHMLFRM (random forest).
Bh EEHETH% (gradient boosting). #1148 M 4% (neural
networks)%s .

o HALARF ) EEE A RN £
(regularization bias), 41 ALasso vk H & ]
1] I (penalized regression)

o R LANLIRE ST IR g, (), AL SR
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« {HLassof

o B g,(X) W N BT
Ah, LassotfEfE L
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llm\

plas=>): Bl

{Lassofi5 it =

SR

Y = D6, +9,(X;)+U,

I 90 (X) NG E JIL(SparSG)H/JQjﬂ :
PR, PREUE

éﬁj ﬁmﬁu

= A 72
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TLVERRAEL, (B IRF

l

10



WWWWWWWWWWWWWWWW

A W4

il

17 HlasE>: P12

o W6 MWILGIE N0, CLAESE FENLARMR
(random forest)fliit 742 Y =0,(X)+U,

321 §,(X)

» OLS

» FENLARM

H

H: Y —§,(X)—25 D, %,

H: Y - D@,

o ERE RS

2023/8/13
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Y. - 9,(X.)=D.g, +error,

o LI IOLSA T EN:

J=F

( ZDzj _.Zn;‘D (Y, = d,(X)))

:\/ﬁ’

» HAtT = 9 AT B —
#/n (0, 9) PRI 43 AT
qujE Jb\
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Non-Orthogonal, n = 500, p = 20 Orthogonal, n = 500, p = 20

10 [ ] simulation 10 [ | simulation
N(O,3)

N(O,%)

-02 -015 01 -0.05 0 005 01 015 02 02 -015 -01 -0.05 0 005 01 015 0.2

Figure 1. Comparison of the conventional and double ML estimators. [Colour figure can be viewed at
wileyonlinelibrary.com]
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———

4 =GZ Dj 1Y D,(D4, +8,(X) +U; - 6,(X,)

_|_£lzn: Dizj % .” Di (go(Xi) - @o(Xi))
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\/ﬁ(éo_go):(%iznl:[)izj %IZ::D'U'
+[%ZD] 2D, (8,(X) - §,(X)

AN Di=mo(X) 4V, BRGS0y

—_——

4’3)0

(EDi2) Zm (XD (9,(X) = §,(X))) +0,(1)
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BAE L2 2 > 1 22 R R (2522)

(ED7)

\mZm (X)(90(X;) = Gy (X)) +0,(1)

1=1

o LS 7 A IR NI 22, WOE
(go(X ) — go(X )) W@Z@JOE’JL;EE rx—fl/\/_

ST N N, B <L

. —1 a

. IR
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(Robinson Difference Estimator)
o Z50E X, N TTTRE I R R R A I
Y; = D6, + 9,(X;)+U,
E(Y; 1 X;) =6, E(D; [ X;) + 9, (X;) + EU; | X))

° Wﬁﬁﬁ?l‘ﬁ{)ﬂéﬁf@

=0

Y, —E(Y, ‘Xi)ZQO[Di —-E(D ‘Xi)]+u

» NFAEZfhit=, HE4TOLS
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FIANRCE A a2 2

o g3 IHLES 2 21 0745 1 By | X)) 5 E(D, | X))

+ K[ —ECCIX) | 4 [ D -E(D[X) | ##70LS
)

o IXPhIANE Z BIMHEFR A “partialing out”
, AT RERRE CN = IR
(Neyman orthogonality) (Neyman, 1959,
1979)
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* EY, |X) N Y, XX, BT (FF— 2SR
%), T [Y, E(Y |X,)} R

SBlth, ED X))y Dy xf X 4R, T
D —E(D. |X,)J N7

' ANANY

e 4 [Yi-EOCIXD | it [ D —ED X)) | 47 A
NIZEALT “4ml=1)H” (partial regression,
Frisch-Waugh-Lovell Theorem)
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+ B B(HLER S TR R e
—BrB(OLS)itt— K ?

\T
al

e Fme “WEIEZH” (Neyman
orthogonality), WIZE—Pr B flti il 2 1
INR R T AL — B S5 AR (15 9 R B ) 52
1R 7N (locally insensitive), BI1547 pR %k
X138 — I Bl iR 2 B — I S 8080,
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1547 pf1 % (score function)

o TFEAGFFEIAN T E— AE SR ARE (B /ME B
KNE)E, PN “DRIEAETHE” (extremum

estimator)

o WM —F RN “1357REL” (score
function), FLIIMLE ) —B 2544

» WO EREHIAR: S ESLEL, 150 REk
FIIHEE N0, MERLIERE A, ATRBI S 2L
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H o3 2R AR T R 15 77 PR AL

o XTI JE R R TR

Yi _E(Yi ‘ Xi)ZHO[Di _E(Di | Xi)]+Ui

R A R (3 5 R A A A )

7N

E[Ui (Di _E(Di ‘ Xi)):| —
IEIES

E|:(Yi _E(Yi | Xi)_eo(Di _E(Di | Xi)))(Di _E(Di | Xi)):| =0
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E[(Yi —E(Y; | Xi)_‘go(Di —E(D; | Xi)))(Di —E(D; | Xi))] B

IH4E 4% (moment condition)53 2] “S k%" -

w (W;6,1,m)=(Y —1(X)-6(D-m(X)))(D-m(X))

o Hr, W=(Y,X,D). i/ A= k% £ (Conditional
Expectatlon Functlon CEF) I,(X)=E(Y | X),

m,(X) = E(D | X), W45 i #0242 1
E{w(W;6,,1,,m;) =0

2023/8/13 23
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« RIE AL BB, TEAEF B
flithirZ 6,/(X) 5 6,(X), LLEILINEE
r>0, NWAEIX)=I,(X)+r5(X)5
m(X)=m (X)+r5, (X) - FRAEDEREL:

w (W;6,1,m)=(Y -1(X)-6(D-m(X)))(D-m(X))

(Y =1(X))(D-m(X))-8(D-m(X))"
(Y =1,(X) =18 (X))(D—m,(X)—-r5, (X))

~(D-my(X)-r5, (X))
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° //f%gﬁj\l%liﬁ EI,(J/:\ tEEZ:
Ey (W;60,1,m)=E(Y =1,(X)=r5,(X))(D-m,(X)~-r5, (X))
~0E(D-m,(X)-r5, (X))

c NWE IERXMHIIXE X:
O0Ey (W;6,l,m)
or

r=0
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8E(Y —IO(X)—ré‘,(X))(D—mO(X)—r5m(X))
or

r=0

a[(Y —1,(X) - r5,(X))(D—mO(X)— r5m(X))]
or

=E

= E[-5,(X)(D=my (X)) ]+ E[ -5, (X)(Y =1,(X))]
— B, E[6,00(D-m,(00))|X |-y E[5,00(Y ~L,0O)| X ]
=—E, §,(X)[E(D | X)=m,(X)]~Ey 8, CO[ECY [ X)=1,(X)]

=0
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OE(D—m,(X)-r5, (X))’
or

8(D_mo(x)_r5m(x))2
or

=—0FE

r=0

:—26’E[—5m(x)(D_mo(X)):
= 20E, E| 5,(X)(D-m, (X)) X |
=20E, 6,,(X)[E(D| X)—m,(X)]

=0
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e OLS[H[IH:
Y; —E(Y, |Xi):90|:Di _MJ"'GNO“

« 30 (X)) =E(Y, X)), ®,(X,)=ED, X)) ,

\7i =D, -E(D, | X)’ )H‘IJ

A LN R T ES )
6, :(szi j H;Vi (Yi _IO(Xi))

o 5 FHHOLSHrE1RRD A] (7 7 ZASMEIRE R |
KRR E TR SE)
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L&y ‘11 “ )
:9°+(szij o ,(m (X)8, + g, (X,) +U, I(X))
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V, (1, (X)), + 9, (X,) + U, =1, (X))

zn:\ii (mo(xi)eo + (M, (X)) =My (X)) 6, + 9o (X)) +U; - IAo(Xi))
Z(mo(xi)—mo(xi)wi)(ui+(mO(Xi)—mO(Xi))90+I0(Xi)—fo(Xi))
> (my(Xi) - m(X)U+( szj n.zll

3 (1,(X) - my(X,)) [szj S (1,060 -, 0)

D (my (X)) = 1y (X)) (1, (X) — (X))
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Vi=->D Y - IAo(Xi)
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J
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KIrae X &

+ VLIRS — A it g, S EOK
ziﬁﬁ Ko

o L, AHATKITAE XA (K-fold
cross-fitting), bun K = 485

C B, BREAII KA TREA, 10y
el s AN 160 18
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KIT2Z X L& (2E)

7Y

felc AT B B Ly = I A et

51 . m):l; THEAS AN AL (out-of-
sample bredictions), 75 % M, (X,)5 |I (X,)

e 1 Jh, ATOLS[HEIT:

=1, (X)=0, D=1, (X,) | error
S, K BRI RE A
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0.5

047

03]

0.2

' (a) FuII'Sample '

" Simulation
——N(0,1)

10

(b) Split‘ Sample |

0.5

047

03]

0.2

0.1

" Simulation
———N(0,1) |

0
-10

10

Figure 2. Comparison of full-sample and cross-fitting procedures. [Colour figure can be viewed at

2023/8/13
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Remark 1: Number of folds. The number of cross-fitting folds is a necessary tuning
choice. Theoretically, any finite value is admissable. Chernozhukov et al. (2018, Re-
mark 3.1) report that four or five folds perform better than only using K = 2. Based on
our simulation experience, we find that more folds tends to lead to better performance as
more data is used for estimation of conditional expectation functions, especially when
the sample size is small. We believe that more work on setting the number of folds
would be useful, but believe that setting K = 5 provides is likely a good baseline in
many settings.

Remark 2: Cross-fitting repetitions. DDML relies on randomly splitting the sample
into K folds. We recommend running the cross-fitting procedure more than once using
different random folds to assess randomness introduced via the sample splitting. ddml
facilitates this using the rep(integer) options, which automatically estimates the same
model multiple times and combines the resulting estimates to obtain the final estimate.
By default, ddml reports the median over cross-fitting repetitions. ddml also supports
the average of estimates. Specifically, let é.,({,") denote the DDML estimate from the rth
cross-fit repetition and §§f) its associated standard error estimate with » = 1,..., R.
The aggregate median point estimate and associated standard error are defined as

3 i)\ ° . r) A 3\
0, = median((@_,(f)) ) and s, = . median(((égf )2 + (0 — 9,,,)2) ) .
r=1 r=1
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Q Algorithm 1. DDML for the Partially Linear Model.
Split the sample {(Y;, D;, X;)}"., randomly in K folds of approximately equal size.

i=1
Denote Ij, the set of observations included in fold & and I} its complement.
1. For each k € {1,...,K}:
a. Fit a CEF estimator to the sub-sample I using Y; as the outcome and Xj;
as predictors. Obtain the out-of-sample predicted values £ (X;) for i € .

“»

b. Fit a CEF estimator to the sub-sample I using D; as the outcome and X
as predictors. Obtain the out-of-sample predicted values m I¢ (X;) for @ € I}.

2. Compute (5).

. Ly (Y=l (X)) (D — g (X)) (5)
LY (D (X))

n 1=1

where k; denotes the fold of the ith observation.®

 Chernozhukov et al. (2018)iE#3, AE—E ENZMHET,
DDML{tiHE A —8UhTt, HARMET B A

2023/8/13 38
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2. AT H A

2.2 The Interactive Model (interactive)

The Interactive Model is given by

where D takes values in {0, 1}. The key deviations from the Partially Linear Model are
that D must be a scalar binary variable and that D is not required to be additively
separable from the controls X. In this setting, the parameters of interest we consider
are

0y = Elgo(1, X) — g0(0, X)]
0TET = Blgo(1, X) — go(0, X)|D = 1],

which correspond to the average treatment effect (ATE) and average treatment effect
on the treated (ATET), respectively.

2023/8/13 Miaf, (c) 2023 39
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A H AR E 5 R A

Assumptions 2 and 3

below are sufficient for identification of the ATE and ATET.

Note the conditional mean independence condition stated here is stronger than the
conditional orthogonality assumption sufficient for identification of 6y in the Partially

Linear Model.

Assumption 2 (Conditional Mean Independence) E[U|D,X]| = 0.

Assumption 3 (Overlap) Pr(D = 1|X) € (0,1) with probability 1.

Under assumptions 2

E[Y|D, X]

and 3. we have

= E[go(D, X)|D, X] + E[U|D, X] = go(D, X),

o A ELREAE

] “4E B 0119” (outcome regression)

Rz,

2023/8/13
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In contrast to Section 2.1, second-step estimators are not directly based on the
moment conditions used for identification. Additional care is needed to ensure local
robustness to first-stage estimation errors (i.e., Neyman orthogonality). In particular,
the Neyman orthogonal score for the ATE that Chernozhukov et al. (2018) consider is
the efficient influence function of Hahn (1998)

DY —g¢(1,X)) (1-D)Y —g(0,X))
m(X) 1 —m(X)

where W = (Y, D, X). Similarly for the ATET,

DY —g(0,X)) m(X)(1-D)Y —g(0, X))
p p(l —m(X))

Importantly, for go(D,X) = E|Y|D, X|, mo(X) = E[D|X], and py = E|D]|, Assump-

tions 2 and 3 imply

’d)ArrE(W;eagv T"’) = +g(l*X)_g(0~X)—9a

PMEY(W 0, g,m,p) = — 0.

E[ATE(W: 007 go,mo)] =0
E[Q‘Al[‘l W;e(/;\lhl 1‘(}0,Tn()a])0)] — 0,

and we also have that the Gateaux derivative of each condition with respect to the
nuisance parameters (go, mg, po) is zero.
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1693 B L A
o WNMF I BRI ET N ISR T TR A

[T

72" (inverse probability weighting)
o« (HRFY BN LA R ZE

Y —E(Y |D,X)]» BAORAET 2 N 2 1IR3 5T
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As before, the DDML estimators for the ATE and ATET leverage cross-fitting. The
DDML estimators of the ATE and ATET based on ¢¥ATE and ¢ATET are

1l (Di(Y;—,(}Ii;i(l,X,-)) (1= D;)(Yi — grg, (0, X))

Th{;\:i (X,) 1 — ﬁ”,‘\.’)_ (X1)

gate _ Ly
" n

=1

(7)
+ g1 (1, Xi) — grg (0, Xi)) :

éATET 1 n (Dz(}/l - (7]“'; (0 Xz,)) (}]i‘ (O, Xz)(]. = Dl)(}/, — ’ﬁl];‘;'i (X,))) | (8)
1=1

p p(1 — g (X5))

where f;;i; and m J¢ are cross-fitted estimators for gy and mq as defined in Section 2.1.
Since D is binary, the cross-fitted values gr¢ (1, X') and gr¢ (0, X ) are computed by only

n

using treated and untreated observations, respectively. p = - Z? , D; is the sample
share of treated observations.

ddml supports heteroskedasticity and cluster-robust standard errors for éﬁ‘TE and
éﬁTET. The algorithm for estimating the ATE and ATET are conceptually similar
to Algorithm 1. We delegate the detailed outline to Appendix A. Mean and median
aggregation over cross-fitting repetitions are implemented as outlined in Remark 2.



REREEREERAE

www.uone-tech.cn

3. #ior £tk T AR SRR

3.1 Partially Linear IV Model (iv)

The Partially Linear IV Model considers the same functional form restriction on the
causal model as the Partially Linear Model in Section 2.1. Specifically, the Partially
Linear IV Model maintains

Y = 9()D -+ (]()(X) =+ [J.

where 6 is the unknown parameter of interest.!?

The key deviation from the Partially Linear Model is that the identifying assump-
tions leverage instrumental variables Z, instead of directly restricting the dependence
of D and U. For ease of exposition, we focus on scalar-valued instruments in this sec-
tion but we emphasize that ddml for Partially Linear IV supports multiple instrumental
variables and multiple treatment variables.

2023/8/13 ¥Ram, (c) 2023 44
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Assumptions 4 and 5 below are sufficient orthogonality and relevance conditions,
respectively, for identification of 6.

Assumption 4 (Conditional IV Orthogonality) F[Cov(U,Z|X)] = 0.
Assumption 5 (Conditional Linear IV Relevance) E[Cov(D,Z|X)| # 0.

To show identification, consider the score function
W(W:0,6,m,r) = (Y —U(X) - 6(D - m(X))) (Z = 1'(X)),
where W = (Y, D, X, Z). Note that for {,(X) = E|Y|X], mo(X) = E[D|X], and
ro(X) = E[Z|X], Assumption 4 implies E[t)(W; 0, Ly, mo,70)] = 0. We will also have
that the Gateux derivative of E[¢Y)(W; 0y, ly, mo,1o)] with respect to the nuisance func-

tions (Lo, mg,r9) will be zero. Rewriting E[)(W'; 0y, Ly, mo,19)] = 0 then results in a

2023/8/13 45



Wald expression given by

B[V — (X)) (Z = ro(X))]
E[(D—mo(X))(Z —ro(X))]’

where Assumption 5 is used to ensure a non-zero denominator.

The DDML estimator based on Equation (9) is given by

LY (Vi g (X)) (20— g, (X))

i

2 (Di — g (Xi)) (Zi. -7 (Xi))

>

, (10)

,n=

where (¢, mye, and 7jc are appropriate cross-fitted CEF estimators.

Standard errors corresponding to #,, are equivalent to the IV standard errors where
Yo=1En (X;) is the outcome, D; — mre (X;) is the endogenous variable, and Z; —
7re (X;) is the instrument. ddml supports conventional standard errors available for

linear instrumental variable regression in Stata, including heteroskedasticity and cluster-
robust standard errors. Mean and median aggregation over cross-fitting repetitions are
implemented as outlined in Remark 2. In the case where we have multiple instruments
or endogenous regressors, we adjust the algorithm by residualizing each instrument and
endogenous variable as above and applying two-stage least squares with the residualized
outcome, endogenous variables, and instruments. I | HRe R

www.uone-tech.cn
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3

Y, —E(Y, |Xi):90[Di —-E(D, |Xi)]‘|‘U

° ﬁﬁﬂﬁ H%L:ﬁ@’pﬁﬁg::ﬁ\‘ﬁ% [Zi —-E(Z, |Xi)]
, FERHAEE

E[Y, —E(Y; | X)]|[Z; —E(Z; | X))]
=0, E[D -E(D, | X))]|Z, -E(Z, |X)]+EU |Z,-E(Z, |X)]

;tO —O
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3.2 Flexible Partially Linear IV Model (fiv)

The Flexible Partially Linear IV Model considers the same parameter of interest as the
Partially Linear IV Model. The key difference here is that identification is based on a
stronger independence assumption which allows for approximating optimal instruments
using nonparametric estimation, including machine learning, akin to Belloni et al. (2012)
and Chernozhukov et al. (2015a). In particular, the Flexible Partially Linear IV Model
leverages a conditional mean independence assumption rather than an orthogonality
assumption as in Section 3.1. As in Section 3.1, we state everything in the case of a

scalar D.

Assumption 6 (Conditional IV Mean Independence) E[U|Z, X]| = 0.

HHFHN “Optimal IV model” . IV E RIS AR £k
IDWEIVO o E(D | Z,X) TE &ALV,

2023/8/13 Yo, (c) 2023 48
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Assumption 7 (Conditional IV Relevance) E|\Var(E[D|Z,X||X)| # 0.

Consider now the score function
V(W 0,0, m,p) = (Y —UX)—60(D — m(X))) (p(Z, X) - m(X)),

where W = (Y, D, X, Z). Note that for (((X) = EY|X]|, mo(X) = E[D|X], and
po(Z,X) = E[D|Z,X], Assumption 6 and the law of iterated expectations imply
E[p (W 6y, by, mg, po)] = 0 and the Gateaux differentiability condition holds. Rewriting
then results in a Wald expression given by

E [(Y — FU(X)) (P()(ZaX) - ””U(X))]
E[(D —mo(X))(po(Z, X) — mo(X))]

Oy = (13)

: . B AES INS
where Assumption 7 ensures a non-zero denominator. I | IR hERHRERLE
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The DDML estimator based on the moment solution (13) is given by

i — Ly (Y- [?1;:,_ (X;.))(ﬁ/gi (Zi, Xi) — g (X)) (14)
" % Z:':' (D, - 7?1.-1;\:’ (X,)) (]31;\:“ (Z,', X,) - ?’I\I.];‘:i (X,)) ,

where £7c, mye, and pre are appropriate cross-fitted CEF estimators.

In simulations, we find that the finite sample performance of the estimator in (14)
improves when the law of iterated expectations applied to Elpo(Z,X)] = mo(X) is
explicitly approximately enforced in estimation. As a result, we propose an intermediate
step to the previously considered two-step DDML algorithm: Rather than estimating
the conditional expectation of D given X directly, we estimate it by projecting first-
step estimates of the conditional expectation of po(Z, X) onto X instead. Algorithm 2
outlines the LIE-compliant DDML algorithm for computation of (14).
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Q Algorithm 2. LIE-compliant DDML for the Flexible Partially Linear IV Model.

Split the sample {(Y;, D;, X;, Z;) }!'_, randomly in K folds of approximately equal size.
Denote Ij, the set of observations included in fold & and 7}, its complement.
1. For each k € {1,..., K}:

a. Fit a CEF estimator to the sub-sample I} using Y; as the outcome and X;
as predictors. Obtain the out-of-sample predicted values l 10 (X)) for i € Ij.

b. Fit a CEF estimator to the sub-sample I{ using D; as the outcome and
(Z;, X;) as predictors. Obtain the out-of-sample predicted values p I (Z;, X;)
for i € I, and in-sample predicted values p;c(Z;, X;) for i € I}

c. Fit a CEF estimator to the sub-sample I using the in-sample predicted
values f);;(Zh X;) as the outcome and X; as predictors. Obtain the out-of-
sample predicted values e (X;) for i € Ij.

2. Compute (14).
3

~

Standard errors corresponding to #,, in (14) are the same as in Section 3.1 where
the instrument is now given by pse (Z;, X;) —mye (X;). Mean and median aggregation
i !
over cross-fitting repetitions are as outlined in Remark 2.
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3.3 Interactive IV Model (interactiveiv)

The Interactive IV Model considers the same causal model as in Section 2.2; specifically
Y =g0(D,X)+U

where D takes values in {0,1}. The key difference from the Interactive Model is that
this section considers identification via a binary instrument Z.

The parameter of interest we target is
0o = E [go(1, X) — go(0, X)| po(1, X) > po(0, X)], (15)

where po(Z, X ) = Pr(D = 1|Z, X). Here, 6 is a local average treatment effect (LATE).
Note that in contrast to the LATE developed in Imbens and Angrist (1994), “local” here
does not strictly refer to compliers but instead observations with a higher propensity
score — i.e., a higher probability of complying.'?

14. Identification of the conventional complier-focused LATE is achieved under stronger conditional
independence and monotonicity assumptions. Under these stronger assumptions, the DDML LATE
estimator outlined here targets the conventionally considered LATE parameter.



Assumption 8 (Monotonicity) po(1, X) > po(0, X) with probability 1.
Assumption 9 (IV Overlap) Pr(Z = 1|X) € (0,1) with probability 1.

Assumptions 6-9 imply that

 El6(1,X) - (0, X)]
- Epo(1,X) — po(0, X)]’

where (o(Z, X) = EY|Z, X|, verifying identification of the LATE 6,. Akin to Section
6, however, estimators of 0, should not directly be based on Equation (16) because the
estimating equations implicit in obtaining (16) do not satisfy Neyman-orthogonality.
Hence, a direct estimator of 6y obtained by plugging nonparametric estimators in for
nuisance functions in (16) will potentially be highly sensitive to the first step nonpara-
metric estimation error. Rather, we base estimation on the Neyman orthogonal score
function

0o

(16)

$(W;6,¢,p,r) = 2L :(ﬁél) <) U= Zl)(_yrz}f;()o’x)) +0(1,X) — €0, X)
Z(D—p(1,X)) ({A-2)D—-p0,X))

— +n(1,X)—=p(0,X)| x¥0
7'(X) 1—7'(X) ]( ) ) ]( )]

where W = (Y, D, X,Z) . Note that under Assumptions 6-9 and for (((Z, X) =
EY|Z, X, po(Z,X) = E[D|Z, X]|, and ro(X) = E[Z| X], we have E[t)(W; 0y, Lo, po,70)| =

0 and can verify that its Gateaux derivative with respect to the nuisance functions local

to their true values is also zero. i i LERAEERRERAR

www.uone-tech.cn
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The DDML estimator based on the orthogonal score v is then

Hn, —
Zi(Yi—lre (1,X3))  (1=Z)(Yi—€re (0,X3)) . .
| Ar ki N . .
w Qi ( Frg (X3 - L=7pe (Xi) + ?’ii,.(l*x"-) [)"L,. (0, X')) (17)
1 Zi(Di=pre (1,X:))  (1=Zi)(Di=pre (0,X:)) . ,
n 2i g, X)) - =77 (Xi) + o, (1, Xi) = prg (0, X)

where lr¢, pre, and 77¢ are appropriate cross-fitted CEF estimators. Since Z is binary,
the cross-fitted values £r¢ (1, X) and pre (1, X), as well as £;¢(0, X') and pye(0, X) are
computed by only using treated and untreated observations, respectively.

ddml supports heteroskedasticity and cluster-robust standard errors for 0,,. Mean

and median aggregation over cross-fitting repetitions are implemented as outlined in
Remark 2.
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cvlasso or pystacked (see compatible programs in Section 5.4). The options emdopt
are specific to that program.

cond-erp | partial interactive iv fiv late
ELYIX] v v ooV
E[Y|X,D] v

ELYIX,Z] v
E[D|X] v Ve v ooV
E[D|Z,X] v v
E[Z|X] v v

Table 2: The table lists the conditional expectations which need to be specified for each

model.

2023/8/13

¥Ram, (c) 2023 95



i | IRanksnEERLT

www.uone-tech.cn

2 T L2827 51 B2

o ML~ AN LR IR T s 2R ik
it #2” (data generating process, DGP)

» Billn: ADGPALME, NZEPERR AL m AR

o JUH AFAELN SR As 2 > FIA (O
WAEAEAIDGP & & L)

2023/8/13 Yo, (c) 2023 56



i | IRanksnEERLT

www.uone-

IR EE

« GIN “LERZE>]” (ensemble learning),
HHR “HE55%>]7 8 “HES” (stacking).

. uiK/\?)%fﬁj%’*”ﬁﬂﬂ {0 M =

“FE1E%” (base learners), i &.ﬁtﬁﬂ

EAbT (X)) = E(Y, | X)) 5m, (X ) =E(D, | X,)

AR N ID(X) SN (X)), J=1,2,3
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o B =ANTIN S R AT I3 .
(X)) =w DX+ w, 1P (X ) +w, | P (X)

e Hodr, BEW,W,, W, 3E7, HAUEZ FTA

o R, RV (X)) (] =1,2,3) HREAT BT
. ik b, HESFJERMTee /1 —E
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P

o« N[EIT “ZYW i/ 3% (Constrained
Least Squares, CLS)ik AN &

u.u

- BBIEAINESE g, WAL G0
N 2 T 98 i A YDA 6 TR 5 Ry

(J)
|E_ (XI)
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K 3t B (short-stacking)

Short-stacking. Stacking relies on cross-validation. In the context of DDML we can
also exploit the cross-fitted predicted values directly for stacking. That is, we can di-
rectly apply CLS to the cross-fitted predicted values for estimating £o(X) (and similarly
mo(X)):

n J
W B(J)

min Y; — E
71— w L (i )

J " s.t. w; =2
t=1 1=1

We refer to this form of stacking that utilizes the cross-fitted predicted values as short-
stacking as it takes a short-cut. This is to contrast it with regular stacking which
estimates the stacking weights for each cross-fitting fold £. The main advantage of
short-stacking is the lower computational cost. Short-stacking also produces a single
set of weights for the entire sample, rather than a different set of weights in each cross-fit
fold and thus facilitates interpretation. Algorithm A.4 in the Appendix summarizes the
short-stacking algorithm for the Partially Linear Model.'?

e NS Bm NPT NPT W
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T N HE S (regular stacking)

ey

o AT A S A G AL

Wi,
J J:LJ

o HINHES (reqular stacking) & A [E] T
(folds), T A~[F]HIAL & {W }
K]

k=1,---.K; Jj=1,"--,J

o X TEEKITEAE 1, , EHEANE |, T “
AZ X HIE” (cross-validation)
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AZ X 564IF (Cross-validation)
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We randomly split the sample into K cross-fitting folds, denoted as Iy,...,Ix. In
cach cross-fitting step k, we define the training sample as I} = 7T}, comprising all
observations excluding the cross-fitting hold-out fold k. This training sample is further
divided into V' cross-validation folds, denoted as T} 1,...,Tk v. The stacking regressor
fits a final learner to the training sample 7T} using the cross-validated predicted values
of each base learner as inputs. A typical choice for the final learner is constrained least
saquares (CLS) which restricts the weights to be positive and sum to one. The stacking

objective function for estimating £o(X) using the training sample 7T}, is then defined as:

2

J
min Z Z Wy, Jf()") . )(-Xv) ; s.t. wg,; = 0, Z (wk,j| =1,

W 1y Wr,J -
ZGTAE le

where wy, ; are referred to as stacking weights. We use E(J ) (X ) to denote the cross-

validated pr(‘dictod value for observation 2, which is obtdlned from fitting learner 5 on
the sub-sample T .y = Ty \ T} v(i), i-e., the sub-sample excluding the fold v(i) which

observation i falls into. The stacking predicted values are obtained as ) j Wk, jﬁg)(X,;)
where each learner j is fit on the step-k training sample 7). The objective function for
estimating mg(X) is defined accordingly.
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ddml, all replace
e ssc Install lassopack, all replace
e ssc Install rforest, all replace

e ssc Install pystacked,all replace

e ssc 1nstall

- Statafy&-ddm i FHPythonZ L XL EH AL

Python.

- ENBEHIES,
H(modules),

« @it Anaconda
2023/8/13

Python A & Dig A IR,

~ 2 Python, NIl B 7iixX

A, W

T TR N HAh A
Lt 41 numpy, pandas, sklearn

=1e

L

H R R
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1 i Anacondazz 25 Python

o Z3:Anaconda’E M :
https://www.anaconda.com/download

Anaconda Installers

. 0

Windows Mac Linux

Python 3.11 Python 3.11 Python 3.11
& 64-Bit Graphical Installer (893.8 MB) & 64-Bit Graphical Installer (593.8 MB) & 64-Bit (x86) Installer (1010.4 MB)

&, 64-Bit Command Line Installer (595.4 MB) &, 64-Bit (Power8 and Power9) Installer (468.7

MB)
&, 64-Bit (M1) Graphical Installer (628.1 MB)

&, 64-Bit (AWS Graviton2 / ARM64) Installer
&, 64-Bit (M1) Command Line Installer (629.9 (711.9 MB)

MB)
& 64-bit (Linux on IBM Z & LinuxONE) Installer
(336.1 MB)
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w B Python

e python search

Python environments found:
C:\Users\DELL\anaconda3\python.exe

e python set exec
C:\Users\DELL\anaconda3\python.exe,
permanently

(python _exec preference recorded)

2023/8/13 YRag, (c)2023
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o

e python query

Python Settings
set python exec C:\Users\DELL\anaconda3\python.exe

set python _userpath

Python system information

inttialized no

version 3.8.8

architecture 64-bit

library path C:\Users\DELL\anaconda3\python38.dll

e python which sklearn

<module "sklearn® from "C:\\Users\\DELL\\anaconda3\\lib
> \\si1te-packages\\sklearn\\__init__ .py">

2023/8/13 67
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£ Stata i FH Python ) 5 3 —

R RER (TIRTE T D).

1 | LrnneniaRLT

o« fEmAEH, A “python” 1L-ﬁPython4i(u
, BN “end” i Pythonik#s, ik[FStata
- python

python (type end to exit) —
>>> print(“Hello Stata, | am Python®)

Hello Stata, | am Python

>>> 2*3

6

>>> end

2023/8/13 Yo, (c) 2023 68
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£ Stata 1 H Python ) 7 = —

» IR SHR BUT AT 2).

» fEmA &, WA “python: python
command” , [FIZEJEE3I45E, Rz |0Stata

. python: print("Hello Stata, I am Python"®)
Hello Stata, I am Python

2023/8/13 Yo, (c) 2023 69
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7 StataH1i

IPythoni) 7 =\ =

« 3= TEdo 1+ i HPython

Rty

1 display "Hello Python, I am Stata.”
2 LElpython

3 |print("Hello Stata.")

4 |print("I am Python.")
=
6

-end
display "Nice to meet you Python!”

2023/8/13 MR5&, (c) 2023
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display "Hello Python, I am Stata."
Hello Python, | am Stata.

python
python (type end to exit)

>>> print("'Hello Stata.'')
Hello Stata.

>>> print(*'l am Python.')
I am Python.

>>> end

display '""Nice to meet you Python!"
Nice to meet you Python!

2023/8/13 e, (c) 2023 71
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ZHl: Z25401(k)F=E SRR TR
Rl BT P 52 (Poterba et al., 1995)

* Outcome: net total financial assets (net_tfa)

* Treatment: eligibility to enroll for the 401(k)
pension plan (e401)

« Control variables: age, income, years of
education, family size

« Control variables (indicators): martial status,
two-earner status, benefit pension status, IRA
participation, home ownership

2023/8/13 YRag, (c)2023 73
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Abstract

During the late 1980s, contributions to 401(k) plans eclipsed contributions to
Individual Retirement Accounts (IRAs) as the leading form of tax-deferred in-
dividual retirement saving in the United States. In this paper we describe patterns of
participation in 401(k) plans, contrast these patterns with IRA participation, and
evaluate the net impact of 401(k) contributions on personal saving. We find that
401(k) participation conditional on eligibility exceeds 60% at all income levels. In
contrast, IRA participation at the height of that program rose sharply with income.
We use two methods to evaluate the net saving effect of 401(k) contributions on
personal saving: we compare the financial assets of families who are eligible for
401(k) saving with the assets of those who are not eligible, and we consider the
change over time in the assets of like groups of savers. We find little evidence that

2023 401(k) contributions substitute for other forms of personal saving, including IRA 74
contributions.
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income. The most important program now is the 401(k) plan. The 401(k)
program was created by the Revenue Act of 1978, but was not widely used
until the IRS issued clarifying regulations in 1981. Only employees of firms
that offer such plans are eligible to participate in a 401(k) plan. Deposits in
401(k) accounts are tax-deductible and the return on the contributions
accrues tax free. Taxes are paid upon withdrawal. Prior to 1987 the
employee contribution limit was $30,000, but the Tax Reform Act of 1986
reduced the limit to $7,000 and indexed this limit for inflation in subsequent
years. The contribution limit is $9,235 for the 1994 tax year.

There are several important features of 401(k) plans. First, employers can
‘match’ employee contributions. About 60% of contributions are matched at
rates above 10%, and 26% at rates above 100%. Employer matching
strengthens the incentives for saving through these plans. Second, some
plans permit ‘hardship withdrawals’, usually subject to a penalty tax.
Finally, subject to individual employer rules, employees may borrow funds
from their 401(k) accounts. The U.S. General Accounting Office (1988)
summarizes the characteristics of 401(k) plans in more detail.
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3. The net saving effect of 401(k) contributions: Methodology

The key obstacle to determining the saving effect of 401(k)s is saver
heterogeneity; some people save and others do not, and the savers tend to
save more in all forms. For example, families with 401(k) accounts may have
larger financial asset balances than families without 401(k)s. But this does
not necessarily mean that 401(k)s increase total saving. Savers may be
disproportionately represented among families with 401(k) accounts. Thus a
conventional comparison of assets of contributors and non-contributors
cannot be used to infer the saving effect of these plans.

We use two simple approaches to infer the 401(k) saving effect. Both are
intended to control for heterogeneity in saving behavior. The first approach
relies on the largely exogenous determination of 401(k) eligibility, given
income. Eligibility is determined by employers. If household saving behavior
1s largely independent of individual characteristics related to the probability
of working at a firm with a 401(k) plan, a hypotheses we evaluate based on
saving behavior before 401(k)s became available, then a comparison of the
financial assets of families with and without 401(k) eligibility can be used to
infer the saving effect of these plans. If there is no saving effect, 401(k)-
cligible families should have similar net worth but lower non-401(k) assets
than non-eligible families.
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6. Conclusions and discussion

Contributions to 401(k) plans grew continuously over the 1980s, and these
plans are still growing rapidly. In 1980, IRAs and 401(k)s accounted for less
than 5% of targeted retirement saving, and employer-provided defined
benefit pension plans accounted for 59%. By 1988, however, 401(k)s and
[RAs accounted for 47% of retirement saving. Although IRAs have been
the topic of considerable public debate and economic analysis, 401(k)s have
received little attention.

Our analysis of household saving data from the SIPP yields two basic
conclusions. The first is that 401(k) saving is not treated as a close substitute
for conventional financial saving. The second is that even 401(k)s and IRAs,
although both intended for retirement saving and with similar tax incentive
and other provisions, are not close substitutes. Thus contributions to 401(k)
plans represent largely net additions to personal saving. An analysis by Venti
and Wise (1993) finds little substitution between these forms of saving and
employer-provided pension assets, and Hoynes and McFadden (1994) find
little substitution between these and other forms of personal financial asset
saving and housing wealth.

ZVUZOI0I 19 ri



IR hEENBERAR
AT

www.uone-tech.cn

e Use https://github.com/aahrensl/ddml/raw
/master/data/sippl991.dta, clear

e describe

Contains data from sippl99l.dta

Observations: 9,915
Variables: 14 20 Jun 2013 14:08
Variable Storage Display Value
name type format label Variable label

nifa float %9 .0g Net non-401(k) financial
assets

net_tfa Tloat %9 .0g Net total financial assets

tw float %9.0g Total wealth

age byte %9.0g Age of the head of the
household

inc float %9 .0g Household income

fsize byte %9 .0g Household size

educ byte %9 .0g Years of education of the
head of the household

db byte %9.0g Defined benefit pension
status indicator

marr byte %9.0g Married indicator

twoearn byte %9 .0g Two-earner status indicator

e401 byte %9 .0g 401(k) eligibility

byte %9.0g 401(k) participation
2(5'?:%/13 byte %9 .0g IRA participation indicator78

hown byte %9 .0g House ownership indicator
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® SuUum

Variable Obs Mean Std. dev. MiIn Max

nifa 9,915 13928.64 54904 .88 0 1430298

net_tfa 9,915 18051.53 63522 .5 -502302 1536798

tw 9,915 63816.85 111529.7 -502302 2029910

age 9,915 41 .06021 10.3445 25 64

INnc 9,915 37200.62 24774 .29 -2652 242124

fsize 9,915 2.86586 1.538937 1 13

educ 9,915 13.20625 2.810382 1 18

db 9,915 .2710035 4445003 0 1

marr 9,915 .6048411 4889094 0 1

twoearn 9,915 .3808371 4856171 0 1

e401 9,915 .3713565 4831919 0 1

p401 9,915 .2616238 .439541 0 1

pira 9,915 .2421583 4284112 0 1

hown 9,915 .6351992 4813985 0 1
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e pbysort e401: sum net tfa
-> e401 = 0
Variable | Obs Mean Std. dev. Min Max
net_tfa ‘ 6,233 10788.04 54518.38 -409000 1324445
-> e401 =1
Variable | Obs Mean Std. dev. Min Max
net_tfa ‘ 3,682 30347 .39 74800.21 -502302 1536798
2023/8/13 80
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« twoway (kdensity net tfa 1f e401==1)

G TN

1% 58 B &

Ry EE AR

(kdensity net tfa 1f e401==0, Ip(dash))

2023/¢

kdensity net_tfa

.00003 .00004
]

.00002
]

.00001
]

O

I I

-500000 0 500000

X

I

1000000

kdensity net_tfa

kdensity net_tfa

I

1500000

81



HREREEREARAR

www.uone-tech.cn

& X A5k OLS[H] 1

e« global Y net tfa

e global X age Inc educ fsize marr
twoearn db pira hown

e global D e401

e reg $Y $D $X,r

2023/8/13 YRag, (c)2023
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OLS

N

\

>
—
= N

Linear regression Number of obs = 9,915
F(10, 9904) = 106.74
Prob > F = 0.0000
R-squared = 0.2312
Root MSE = 55726
Robust

net_tfa Coefficient std. err. t P>|t] [95% conf. interval]
e401 5896.198 1524 .034 3.87 0.000 2908.782 8883.615
age 624.1455 55.47429 11.25 0.000 515.4046 732.8864
inc .9356652 .1093677 8.56 0.000 .7212823 1.150048
educ -639.7538 335.7713 -1.91 0.057 -1297.934 18.42628
fsize -1018.798 386.2917 -2.64 0.008 -1776.008 -261.5876
marr 743.3445 1732.644 0.43 0.668 -2652.991 4139.68
twoearn -19226.92 2530.589 -7.60 0.000 -24187.39 -14266.45
db -4904.568 1303.413 -3.76 0.000 -7459.523 -2349.614
pira 29533.06 1822.715 16.20 0.000 25960.17 33105.95
hown 1185.256 967.737 1.22 0.221 -711.7052 3082.218
_cons -32907.13 4405.615 -7.47 0.000 -41543 .03 -24271.23
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e set seed 123

e gddml $Y $D (c.($X)##C.($X)), model(partial)
cmd(cvlasso) cmdopt(lopt postresults)
kfolds(4) noreg robust

l

u

e Hr, “model(partial)” FTRElDLMERA,
“c.($X)#HC. ($X)” KL FrEXLHETN S B (E
::UJﬁ) “model (partial)” £/l R,

“cmd(cvlasso)” FixHA X ik fLassoit 175 —pr Ec iy

Mlas =2 ki), “Cmdopt(lopt)”.%%7‘“opt|mal
lambda” (Jz*'_ﬁ.i%:@*iMSPEﬁifJ\El’J/l) “cmdopt(
postresults) 7 FXoRik[EMhiTEER, “kfFolds(4)” &in
BATATTZE XA, “noreg” K AHEFHOLSIE v 2 25 (3R
INEHOLS), * robust” TR ERMERR R

2023/8/13 84
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cvlassoiF 1 TDDMLAL T ) 45 21

d

DDML estimation results:

spec r Y learner D learner b SE
opt 1 Y1 cvlasso D1 cvlasso 9788.185(1343.972)
opt = minimum MSE specification for that resample.

Min MSE DDML model

y-E[y|X] = Y1 cvlasso 1 Number of obs = 9915
D-E[D]X,Z]= D1 cvlasso 1
Robust
net_tfa Coefficient std. err. z P>|]z]| [95% conf. 1nterval]
e401 9788.185 1343.972 7.28 0.000 7154.048 12422 .32
_cons 84.7435 534.6942 0.16 0.874 -963.2378 1132.725

e Tf# fiStatady £ cvlassoiftfTLassofliit, ik

BT M AR B )

2023/8/13
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e set seed 123

e gdo
MOC
Cmo

ml $Y $D (c.(EX)##c.($X)),
el (partial) cmd(pystacked)
opt(method(lassocv)) kfolds(4)

noreg robust

- ﬁﬁé\pystackedl}*} Python?l‘j%ﬁ%sklearn LA

\

2

2023/8/13
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4

DDML estimation results:
spec r Y learner D learner b

opt 1 Y1 pystacked D1 pystacked 9788.291(1339.797)

opt = minimum MSE specification for that resample.

Min MSE DDML model

pystackedi# 1T DDMLAL 11 45 H

y-E[y|X] = Y1 pystacked 1 Number of obs = 9915
D-E[D]X,Z]= D1 _pystacked 1
Robust
net_tfa Coefficient std. err. V4 P>|z]| [95% conf. interval]
e401 9788.291 1339.797 7.31 0.000 7162 .337 12414 .24
_cons 90.93481 534.8139 0.17 0.865 -957.2813 1139.151
2023/8/13 ¥RuE, (c) 2023 87
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B

SE

e reg Y1 pystacked 1 D1 pystacked 1,r

Linear regression Number of obs = 9,915
F(1, 9913) = 53.37

Prob > F = 0.0000

R-squared = 0.0066

Root MSE = 53253

Robust
Y1 pystack~1 Coefficient std. err. t P>|t] [95% conf. i1nterval]
D1 pystack~1 9788.291 1339.797 .31 0.000 7162 .017 12414 .56
_cons 90.93481 534.8139 17 0.865 -957.4093 1139.279
2023/8/13 Yo%, (c) 2023 88
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pystacked: Stacking generalization and machine
learning in Stata

Achim Ahrens Christian B. Hansen
ETH Ziirich University of Chicago
achim.ahrens@gess.ethz.ch christian.hansen@chicagobooth.edu

Mark E. Schaffer
Heriot-Watt University
Edinburgh, United Kingdom
m.e.schaffer@hw.ac.uk

Abstract. pystacked implements stacked generalization (Wolpert, 1992) for
regression and binary classification via Python’s scikit-learn. Stacking combines
multiple supervised machine learners—the “base” or “level-0” learners—into a sin-
gle learner. The currently supported base learners include regularized regression,
random forest, gradient boosted trees, support vector machines, and feed-forward
neural nets (multi-layer perceptron). pystacked can also be used with as a ‘reg-
ular’ machine learning program to fit a single base learner and, thus, provides an
easy-to-use API for scikit-learn’s machine learning algorithms.

vl [econ.EM] 23 Aug 2022



method() type()  Machine learner description scikit-learn program
ols regress  Linear regression linear model.LinearRegression
logit class Logistic regression linear model.LogisticRegression
lassoic regress  Lasso with AIC/BIC penalty linear_model.LassoLarsIC
lassocv regress  Lasso with CV penalty linear_model.ElasticNetCV
class Logistic lasso with CV penalty linear model.LogisticRegressionCV
ridgecv regress  Ridge with CV penalty linear_model.ElasticNetCV
class Logistic ridge with CV penalty linear model.LogisticRegressionCV
elasticcv regress  Elastic net with CV penalty linear _model.ElasticNetCV
class Logistic elastic net with CV linear _model.LogisticRegressionCV
sum regress ~ Support vector regression svm.SVR
class Support vector classification svm.SVC
gradboost  regress  Gradient boosting regression ensemble.GradientBoostingRegressor
class Gradient boosting classification ensemble.GradientBoostingClassifier
rf regress  Random forest regression ensemble.RandomForestRegressor
class Random forest classification ensemble.RandomForestClassifier
linsvm class Linear SVC svm.LinearSVC
nnet regress  Neural net regression sklearn.neural network.MLPRegressor
class Neural net classification sklearn.neural network.MLPClassifier

Note: The first two columns list all allowed combinations of method(string) and type(string), which
are used to select base learners. Column 3 provides a description of each machine learner. The last
column lists the underlying scikit-learn learn routine. ‘CV penalty’ indicates that the penalty level
is chosen to minimize the cross-validated MSPE. ‘AIC/BIC penalty’ indicates that the penalty level
minimizes either either the Akaike or Bayesian information criterion. SVC refers to support vector
classification.
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Table 1: Overview of machine learners available in pystacked. i
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e set seed 123

e qddml $Y $D ($X), model(partial)
cmd(pystacked) cmdopt(method(ridgecv))
kfolds(4) noreg robust

(U}

DDML estimation results:

spec r Y learner D learner b SE
opt 1 Y1 pystacked D1l pystacked 9779.796(1340.818)
opt = minimum MSE specification for that resample.

Min MSE DDML model

y-E[YI|X] = Y1 pystacked 1 Number of obs = 9915
D-E[D]X,Z]= D1 pystacked 1
Robust
net_ tfa Coefficient std. err. z P>]z]| [95% conf. iIntervall]
e401 9779.796 1340.818 7.29 0.000 7151.84 12407 .75
_cons 77.45151 534 .6547 0.14 0.885 -970.4524 1125.355
2023/8/13 91
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e set seed 123

e qddml $Y $D ($X), model(partial)
cmd(pystacked) cmdopt(method(rf))
kfolds(4) noreg robust

DDML estimation results:

spec r Y learner D learner b SE
opt 1 Y1 pystacked D1l pystacked 9375.423(1423.319)
opt = minimum MSE specification for that resample.

( U1

Min MSE DDML model
y-E[y|X] = Y1 pystacked 1 Number of obs = 9915
D-E[D]X,Z]= D1 pystacked 1

Robust
net tfa Coefficient std. err. z P>]z]| [95% conf. i1nterval]
e401 9375.423 1423.319 6.59 0.000 6585.77 12165.08
_cons -1129.542 591.6808 -1.91 0.056 -2289.215 30.13108
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e set seed 123

e qddml $Y $D ($X), model(partial)
cmd(pystacked) cmdopt(method(gradboost))
kfolds(4) noreg robust

DDML estimation results:

spec r Y learner D learner b SE
opt 1 Y1 pystacked D1 pystacked 10519.065(1531.961)
opt = minimum MSE specification for that resample.

Min MSE DDML model

y-E[y|X] = Y1 pystacked 1 Number of obs = 9915
D-E[D]|X,Z]= D1 pystacked 1

Robust
net_tfa Coefficient std. err. z P>|z]| [95% conf. i1nterval]
e401 10519.07 1531.961 6.87 0.000 7516.477 13521.65
_cons 58.14207 569.7209 0.10 0.919 -1058.49 1174.774
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e set seed 123

e gqddml $Y $D ($X), model(interactive)
cmd(pystacked) cmdopt(method(rf)) kfolds(4)
noreg robust

DDML estimation results (ATE):

spec r YO learner Y1 learner D learner b SE
opt 1 Y1 pystacked Y1 pystacked D1l pystacked 8937.063(1690.193)
opt = minimum MSE specification for that resample.

E[y|X,D=0] = Y1 _pystackedO 1 Number of obs = 9915
Efy]|X,D=1] = Y1 pystackedl 1
E[D]X] = D1 pystacked 1
Robust
net_ tfa Coefficient std. err. Z P>|z]| [95% conf. interval]
e401 8937.063 1690.193 5.29 0.000 5624 .345 12249.78

Warning: 379 propensity scores trimmed to lower Blimit .O1l1.
Warning: 4 propensity scores trimmed to upper limit .99.
wardPie§ 13 resamples had propensity scores trimmed to upper limit .99. m%imggﬂﬁﬁma

www.uone-tech.cn



i | IRanksnEERLT

www.uone-tech.cn

—y = L ZI
LN —
AN E_Ei*j%):é

e PIp401(72752 5401(K)FEEE1HREANN
A A AR, Pled0l(2 5E 2 5401(k)
TR WE N T B E

o B, MHESRIZEMEIVET(2SLS)

e ivregress 2sls $Y $X (p401=e401),r
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Instrumental variables 2SLS regression Number of obs = 9,915
wald chi12(10) = 1076.88
Prob > chi?2 = 0.0000
R-squared = 0.2348
Root MSE = 55565
Robust
net_tfa Coefficient std. err. z P>|z]| [95% conf. interval]
p401 8502.323 2192 .535 3.88 0.000 4205.034 12799.61
age 630.0183 55.21924 11.41 0.000 521.7906 738.246
inc .9265484 -1107111 8.37 0.000 . 7095586 1.143538
educ -617.5012 337.431 -1.83 0.067 -1278.854 43.85145
fsize -1014.935 384.9964 -2.64 0.008 -1769.514 -260.3556
marr 893.3085 1732.216 0.52 0.606 -2501.773 4288.39
twoearn -19278.86 2525.998 -7.63 0.000 -24229.73 -14328
db -4552.834 1311.777 -3.47 0.001 -7123.869 -1981.799
pira 29114 .81 1801.951 16.16 0.000 25583.05 32646 .57
hown 1087.157 956.7152 1.14 0.256 -787.9705 2962 .284
_cons -33151.53 4401.75 -7.53 0.000 -41778.8 -24524 .26
Instrumented: p401
Instruments: age iInc educ fsize marr twoearn db pira hown e401
2023/8/13 96
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e set seed 123

e qddml $Y ($X) (p401 = e401) , model(iv)
cmd(pystacked) cmdopt(method(rf))
kfolds(4) noreg robust

DDML estimation results:

spec r Y learner D learner b SE Z learner
opt 1 Y1 pystacked D1 pystacked 14367.238(2092.390)

opt = minimum MSE specification for that resample.

Min MSE DDML model

y-E[y|X] = Y1 pystacked 1 Number of obs = 9915
D-E[D|X,Z]= D1 pystacked 1
Z-E[Z|X] = Z1 pystacked 1

Robust

net_tfa Coefficient std. err. z P>]z]| [95% conf. interval]

p401 14367 .24 2092.39 6.87 0.000 10266.23 18468.25

_cons -1009.768 591.2746 -1.71 0.088 -2168.645 149.109
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e set seed 123

e qddml $Y ($X) (p401 = e401) , model(Fiv)
cmd(pystacked) cmdopt(method(rf))
kfolds(4) noreg robust

DDML estimation results:

spec r Y learner D learner b SE DH learner
opt 1 Y1 pystacked D1l pystacked 15650.240(2367.635) D1 pystacke~h
opt = minimum MSE specification for that resample.

Min MSE DDML model

y-E[y|X] = Y1 pystacked 1 Number of obs = 9915
E[D]|X,Z] = D1 pystacked_1
E[D]|X] = D1 pystacked h 1
Orthogonalised D = D - E[D|X]; optimal 1V = E[D|X,Z] - E[D|X]-
Robust
net_tfa Coefficient std. err. z P>|z]| [95% conf. interval]
p401 15650.24 2367.635 6.61 0.000 11009.76 20290.72
_cons -1041.804 591.1342 -1.76 0.078 -2200.406 116.7976
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e set seed 123

e qddml $Y ($X) (p401 = e401)
model (Iinteractiveiv) cmd(pystacked)
cmdopt(method(rf)) kfolds(4) noreg robust

DDML estimation results (LATE):

spec r YO learner Y1 learner DO learner D1 learner b SE Z learner
opt 1 Y1 pystacked Y1 pystacked D1 pystacked D1 pystacked 14013.373(2695.983) Z1 pystacked
opt = minimum MSE specification for that resample.

E[fy]X,D=0] = Y1 _pystackedO 1 Number of obs = 9915
E[y|X,D=1] = Y1 pystackedl 1
E[D|X,Z=0] = D1_pystackedO_1
E[D|X,Z=1] = D1 _pystackedl 1
E[Z]X] = Z1 pystacked 1

Robust
net_tfa Coefficient std. err. z P>]z] [95% conf. interval]
p401 14013.37 2695.983 5.20 0.000 8729.344 19297 .4

Warning: 398 propensity scores trimmed to lower limit .01.
Warning: 7 propensity scores trimmed to upper limit .99.
Warning: . resamples had propensity scores trimmed to upper limit .99.
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e qddm 2 RFEFDNENLAS = 6L, R
s — Pl 7 > SR T 50— B Bl it

» SRR ddmbar < Al s ] 2 Ml e o2 S
IRREAT S — B BT, R T HES B
(stacking regression)

H

e qddml 4741 Hddml iy 234718 54
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o Step 1

e set seed 123
e ddml 1nit partial, kfolds(4)

- %JJZZ‘WC TAG TR o g AR AL ) DDMLAR Y
Horp “kfolds(4) 7 RaNIHATATTAE X
B2, Bl “kfolds(5)”
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« Step 2. Add supervised machine learners for estimating
conditional expectations

* Add learners for E[Y|X]

e ddml E[Y]X]: pystacked $Y $X, methods(ols
lassocv ridgecv rf gradboost)
xvars2(c. ($X)##Hc. ($X))
xvars3(c. ($X)##Hc . ($X))

* Add learners for E[D|X]

e ddml E[D]X]: pystacked $D $X, methods(ols
lassocv ridgecv rf gradboost)
xvars2(c. ($X)##c. ($X))
xvars3(c. ($X)##Hc. ($X))

2023/8/13 I [ bR ARBHHARAT
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e ddml describe

(T

Model : partial, crossftit folds k=4, resamples r=1
Dependent variable (Y): net _tfa

net_tfa learners: Y1 pystacked
D equations (1): e401

e401 learners: D1 pystacked
Specifications: 1 possible specs

2023/8/13 YRag, (c)2023 103
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Step 3: Perform cross-fitting
e ddml crossfTit

i | IRanksnEERLT

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

Cross-fitting fold 1 2 3 4 ...completed cross-fitting
Cross-fitting E[D]|X] equation: e401

Cross-fitting fold 1 2 3 4 ...completed cross-fitting

e ddml extract, show(pystacked)

e Hip, E&EFI “show(pystacked)” F£/RER
iﬁ% A 9 B A 2 MSE
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mean pystacked weights across folds/resamples for D1 pystacked (e401)

learner

ols 1
lassocv 2
ridgecv 3
rf 4
gradboost 5

mean_weilght
.07969215
.32957375
.27780063
-01130101
.30163246

mean pystacked MSEs across folds/resamples for D1 pystacked (e401)

learner

ols 1
lassocv 2
ridgecv 3
rf 4
gradboost 5

mean_MSE
-20041698
.19618448
19647461
.21842719
19750322

mean pystacked weights across folds/resamples for Y1 pystacked (net_tfa)

learner

ols 1
lassocv 2
ridgecv 3
rf 4
gradboost 5

mean_weight
09715392
.62458396
.15464
.10027424
01927898

mean pystacked MSEs across folds/resamples for Y1 pystacked (net_tfa)

learner

ols 1
lassocv 2

i CV 3
2033845 Y .
gradboost 5

mean_MSE
3.342e+09
3.081e+09
3.095e+09
3.555e+09
3.462e+09

I i R AR AT
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e ddml describe, crossfit

Model : partial, crossftit folds k=4, resamples r=1
Dependent variable (Y): net tfa
net_tfa learners: Y1 pystacked
D equations (1): e401
e401 learners: D1 pystacked
Specifications: 1 possible specs

CrossfTit results (detail):
All By fold:

Cond. exp. Learner rep MSE 1 2 3 4
net_tfa Y1 pysta~d 1 2.9e+09 2.5e+09 3.1le+09 4 _.0e+09 1.9e+09
e401 D1 pysta-~d 1 0.20 0.20 0.19 0.20 0.19

e ddml extract, show(pystacked) detal
e I “detaill” FoREnEE—JTHIBE (45 2R 1)
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p
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« Step 4: Estimate causal effects

e ddml estimate, robust

DDML estimation results:

spec r Y learner D learner

TR
b SE

opt 1 Y1 pystacked D1 pystacked 9632.731(1336.508)
opt = minimum MSE specification for that resample.

Min MSE DDML model

y-E[lyIX] = Y1 _pystacked_1 Number of obs = 9915
D-E[D|X,Z]= D1_pystacked_1
Robust
net tfa Coefficient std. err. z P>|z] [95% conf. i1nterval]
e401 9632.731 1336.508 7.21 0.000 7013.222 12252 .24
_cons 102.5663 535.9189 0.19 0.848 -947.8154 1152.948
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e pystacked, type(reg) methods(rf) printopt

Machine learner: rf

Stata syntax:

n_estimators(integer 100) criterion(string) max_depth(integer -1)
> min_samples_split(real 2) min_samples leaf(real 1)

min_weight fraction leaf(real 0) max Tfeatures(string) max_leaf node
> s(integer -1) min_impurity decrease(real 0) bootstrap(string)
oob_score n_jobs(integer 0) random state(integer -1) warm _start c
> cp_alpha(real 0) max _samples(real -1)

Specified options are translated to:

n_estimators(100) criterion(squared _error) max_depth(None) min_sam
> ples_split(2) min_samples leaf(1l) min_weight fraction_leaf(0)
max_Tfeatures(auto) max_leaf nodes(None) min_impurity decrease(0) b
> ootstrap(True) oob score(False) n_jobs(None)

random_state(rng) warm _start(False) ccp_alpha(0) max_samples(None)
>
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e pystacked, type(reg) methods(gradboost)
printopt
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Machine learner: gradboost

Stata syntax:

loss(string) criterion(string) Ilearning rate(real 0.1) n_estimators(
> 1Integer 100) subsample(real 1)

min_samples _split(real 2) min_samples leaf(real 1) min_weight fractio
> n_leaf(real 0) max _depth(integer 3)

min_@mpurity decrease(real 0) 1i1nit(string) random state(integer -1)
> max_Teatures(string) alpha(real 0.9)

max_leaf _nodes(integer -1) warm_start validation_ fraction(real 0.1)
> n_iter_no_change(integer -1)

tol(real 1e-4) ccp_alpha(real 0)

Specified options are translated to:

loss(squared _error) learning rate(.1l) n_estimators(100) subsample(l)
> criterion(friedman_mse) min_samples split(2)

min_samples_leaf(1) min_weight_fraction_leaf(0) max_depth(3) min_imp
> urity_decrease(0) i1nit(None) random _state(rng)

max_TFfeatures(None) alpha(.9) max leaf nodes(None) warm_start(False)
> validation_fraction(.1l) n_iter_no_change(None)

208¥8/B001) ccp_alpha(0) I 2 M AT
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- set seed 123
e ddml init partial, kfolds(4)

e ddml E[Y]X]: pystacked $Y $X || method(ols) ||
method(lassocv) xvars(c.($X)##c.($X)) |1
method(ridgecv) xvars(c.($X)##c.($X)) || method(rf)
opt(n_estimators(500)) || method(gradboost)
opt(n_estimators(500) learning rate(0.01))

e ddml E[D]|X]: pystacked $D $X || method(ols) ||
method(lassocv) xvars(c.($X)##c.($X)) ||
method(ridgecv) xvars(c.($X)##c.($X)) || method(rf)
opt(n_estimators(500)) || method(gradboost)
opt(n_estimators(500) learning rate(0.01))

e ddml crossfTit
e ddml extract, show(pystacked)
e ddml estimate, robust
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mean pystacked weights across folds/resamples for D1 pystacked (e401)
mean_weight

.02265448

.16076639

.28821582

-00047302

.52789029

learner

ols 1
lassocv 2
ridgecv 3
rf 4
gradboost 5

mean pystacked MSEs across folds/resamples for D1 pystacked (e401)

learner

ols 1
lassocv 2
ridgecv 3
rf 4
gradboost 5

mean_MSE
-20041698
-19618448
-19647461
-21683488
-1959885

mean pystacked weights across folds/resamples for Y1 pystacked (net _tfa)
mean_weight

-09049935

.62107226

-15976333

.11735187

learner

ols 1
lassocv 2
ridgecv 3
rf 4
gradboost 5

o)

mean pystacked MSEs across folds/resamples for Y1 pystacked (net tfa)

learner

ols 1
lassocv 2
Ldaecv 3
2023/8%} “ .
gradboost 5

mean_MSE
3.342e+09
3.081e+09
3.095e+09
3.545e+09
3.305e+09

I[j vedbnnnma
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DDML estimation results:

spec r Y learner D learner b SE
opt 1 Y1 pystacked D1 pystacked 9525.302(1319.637)
opt = minimum MSE specification for that resample.

Min MSE DDML model
y-E[yI|X] = Y1 pystacked_ 1 Number of obs = 9915
D-E[D|X,Z]= D1 pystacked 1

Robust
net_tfa Coefficient std. err. z P>|z]| [95% conf. iInterval]
e401 9525.302 1319.637 7.22 0.000 6938.861 12111.74
_cons 128.4252 535.9389 0.24 0.811 -921.9958 1178.846

2023/8/13 e, (c) 2023 112



HREREEREARAR

www.uone-tech.cn

2023/8/13

20234 Stata+ [E FH P K

AT !

R i

L 2R R L5 P
giang2chen2@126.com
www.econometrics-stata.com
MBS R KRR AR
NI RS M Stata H

YR58, (c) 2023

113



