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Abstract: In the effectiveness testing of business measures based on statistical causal inference, it is often
useful to estimate the conditional average treatment effect (CATE). Causal Tree, which is the basic method
for estimating CATE, is highly interpretable and can be adapted to observational studies, making it very
useful. However, when Causal Tree is used in observational studies, selection bias needs to be removed,
and an improved method using propensity scores, Causal Tree-Transformed Outcome (CT-TO), has been
proposed. However, CT-TO has some points to be improved, such as the fact that it tends to lead to in-
correct CATE estimation if a model for estimating propensity scores is not correctly specified. Therefore,
this study proposes a Causal Tree-based CATE estimation method for situations where selection bias exists
with a high degree of robustness. Specifically, the objective function of Causal Tree is derived based on the
estimation of CATE using doubly robust estimator, a method that can estimate the treatment effect for an
entire population. This enables more accurate CATE estimation in situations where selection bias exists,
while maintaining the high interpretability of CT-TO. Finally, the proposed method is applied to artificial
and real data to verify its effectiveness.

Keywords: causal inference, conditional average treatment effect, causal tree, selection bias, effect verifica-
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Table 1 Treatment effects in Rubin causal model.
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%<, BH#E CATE # Fill$4. 72, TOFFHEIIREYFARIC

© 2023 Information Processing Society of Japan

HEOVTW L ORI EN, WEMNRICEELS5 25
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RO E ORISR EITH) T L I2 X 5, BiEATEINORIR
MEEZA T 572, 72 Rana b [19] &, e~ FYVILRICET
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ADBEFD 72912 Causal Tree D CATE HEEREIZAH I A 3
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DI EEDS R NEE S LI —FEE2 5Ed 5. BAK
L, EIBOI—IEICBIT B ALEREOR LB D5
i & X IREE D AE RET O 554 OBREEDS, 3 EIRiC T
¥ % &9 1C8EM%Z5E$ 5. Uplift Tree (& Causal Tree
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Additive Regression Trees (DL, BART) [28] #{GH L7z
CATE #E5E T [29], [30] IR SN TV D, ZOFHED
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CEIIWNEETH 5.
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1402



FHAIEFRHNEE Vol.64 No.9 1399-1412 (Sep. 2023)
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T —LT =27 %RE L7z, Meta-learner [ZHLEHE & & FE
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T5. COFEEFEIV—LT =0 ThHEIzD, ZOH
R4 RO TV T A AHDFEFE L, T-learner [32],
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Mg L RO ZNENTHRER Y.(Z,) oFHlET
VEREEL, TNENROETIVCHEE LI RER Y (Z)
D#ES % CATE & §45FETHS. $72, DR-learner i
T-learner | Doubly Robust Estimator % {f L 72 £ T
&, X-learner I& T-learner ® 2 2 D [EFE 7T )V D E A
FFIEMA I 7 2 AW/ FETH 5. Metalearner d
TOM & U8 SDRM & FBRIAEZE O [BFEE 7V & Fv %
75, EARMIZ 2 ODAIFET VA V720, BREAZH
WCHBERTTHILT A2 2 ENTELRWHTE RS T
W5,

ELIGEETIE, =a2—Ihy bT—27 2 FwiFik
DIREDS S AL ?bﬂ“(k "), Johansson 5 ¥ Counter-
Factual Regression [34] Z#2%¢ L, ALEHE &b FRiED 51

TERWE) ZREBEHZAT ) 2 TEEMERER
{Y;(1),Y:(0)} #Fll$ 52 & T, MEFROILIRED
RowmAMbEIT->72. £72, Louizos b I3%Em+— L v
a— % [35] o L7z CEVAE [36] ##8% L, Yoon 513
GAN [37] #I5H L7 GANITE [38] ##2K T A% &, k4
T BEMEEE T OV ) X A T R R R O FRIS U # 5
LEEPEHZREDOTND

WTIUZBWT Y, SEFREE TV 5 CATE HiE T
DEZ BT £ TEIFNA 7 ANORILR T HAEEE D
BRTH Y, HIATREZ: CATE HEE PRI E NI
HRIEH T VITb T, L LR s5~Y—r 71
Y TR OMPRFEIZ B VT, WERREZEET S &
L HAHA, EDL) BN ED X ) ITALBER)F I 5%
ZHRZATV O HRIEICONTY, FHEEHE
L, ¥~=7 74 Y 7iikx LRSS ) 2 TIHE
CHEELERTHL, L72H-oT, BWTENEEZ T %
<, BRI ZFD CATE #EEFED EI A AIZBWT
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4. fEFKFZE (Causal Tree)

4.1 Causal Tree
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72 CATEHEETETH ), WD <, LERRIZE
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WEORIFRAREEB L T2 o0 EBRLR L. 1 DHIE, &

RERY(Z) 2 HET HETIVTIE AR, CATE 2 #%E
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ML, FE T % 208, 1 203 ROGENZFAL
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EFT A, WEREM X 208 LcEE TabbAE
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n={l,...,

2L, LRI 2T 2% — 8, #(10) (33 E 2z
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[ LEE ) — FRIZEL 720 TV EmOEDFE U Th
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HET DI LK — PN L CTATE 225 2
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¥ 72, Causal Tree TiE, G 20N FHT—F%2 T
FRZ20EL, RetEb7-00 87T —% Str L{Eb
AR HWTHEEMEZ BT 7-00HEET — & St 12451F

THEE1) (@1, M2). ZOF7F—505EICL-> Tl
FEREFCIEDTES., MAT, FMLZ 7(X;10) &
—H MR WTIERE R T Z LTV

& 512, Causal Tree [3#EREH Y (Z;) 2HETHDT
137 £, CATE 2H#E T 5720, @EONEAD BB
MOEEHINTWE, 22T, TANTF—=%% Ste, i 7
HOZ-—HFIIBIFL2HEONERREZ r, &35, ZDLE
Causal Tree ® HIWE#IL, P THBAZLHNTA(T) T
EFRTEDL., LoL, ZIIIEBIATTRE: « 9&ENT
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Fig. 1 How to use training data for regression trees.
STEAWTAR (1) 0%

[ '
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SeERLT ‘
i

2 Causal Tree O5E 7 — % ORI

Fig. 2 How to use training data for Causal Tree.

BY, ZOFTFMHT LI ENTERY. B, REDOHE
T2 EHRORETROWME FEAL T 5,

MSE, (S, §°t 1I)

= Nlte Z {(ri — 7(X;; 8%, )% — 77} (7)

ieSte

Z 2T Athey 513, 3 (8) TEF X5 MSE ® Ste &
Sestizxtd 2 WIFHECH 5 EMSE, (1) % 72 REH %
1792 EI2L o T, HHEAIIZ Causal Tree D H AR H % 3\
(9) THEFTHIEEWRICLTWA, 72721, iz
BIGNE A — X DEATEIET S,

EMSE, (1) = Egtc gest[MSE, (S, S 1I)] (8)

1
—w D X ST
1eStr

(wrwa) 5 TE) o

ZZT, Ty B NI, HeET— Y e Nt Z, =1
2B 5 S &SI Z, =028 5 S & S, Ve (l)
133 — N LICREAT 2 ST O Yi(Zy) OB, Ve (1) 133
J = FLIZENT B ST 0 Y(Z;) D5, pld ST I2BLT
5 Sir oElGERYT. COHNEBORMUE, £ —
FIZBF 5, CATE O ZFMOFHMEE AL L 2D, 47
NS THTEEERT D, 25D, FHOMBEEHK
Yi(Z;) O 5N EL BT RHIEELDD, &
#)— NIZBITAMEBNRIITELLZITRELTLI LI
5.

EMSE.(S', Nt 1)
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4.2 Causal Tree-Transformed Outcome (CT-TO)

CT-TO ki, Causal Tree % $2%E L7z Athey 525, %2
I B B AL E B & 5 R 0 LA LB & % 3 4RN
AT ARBEET H7-DITREL-FHETHS. Causal Tree
125 % CATE 7(X5;11) Tlt, &3/ — NIZ51F 5 B
DWEREHOF M DOEEY CATE L EERLTWD. ZD
728, BEM O REROVFIGHEOE %2 HALIZ BT 5 &,
BINA T AP EE N5 72512 CATE %@ ICHEET X
LWITRESED S H 5. LT, ZOHAIISE&EPD ) —F
IZBWT, #o7z CATE IZED WK sEIn ThiiT L
9. £ZTCT-TO I, Causal Tree (28T 5 EHN DAL
BERRZHET LI, IPWIHEERICEDZETNAITO
W ERCCTEMITEITH 2 LT, EFNL T AR
FUHEICL TV 5.

ZZTEY, A(10) KEmMAITERT. &b, HTA
a7 Tk, (1) TERSINSMEHTE 2 EL TS
1 [39] &, SUTVA B0 SLOUED D 5.

e(Xi) =p(Zi =1]X;) (10)
{Yi(1),Y:(0)} L Z; | Xi, 0<p(Zi=1] X;)<1 (11)

T/, EBICIEZEI-FIIBT 2 EOMEAA 3 713570
Lhwiew, X, AR, Z; 2R ERE LIEED
EEE TN OHEFICHET 2LErH L. BIFETIVE
LT, BV A74 v 7 HFEETVR7TRE Y FERET
VAR ENS 2 L%

) —FINOF Y TVvE St Ed 5L, ERlofEmA
a7 x=HWT, CT-TO IZB17% CATE 13X (12) TERS
n5s.

Yiest:x, el YilZi) Zi/e(X5)

ZiESl:Xjél(m;H) Zi/e(Xi)

_Ziesl:xiel(w;n) Yl(Zl)(l - Zi)/(l - e(Xi)) (12)

Yiestxel(@m (1 — Zi)/(1 — e(X;))
5. BEFE
5.1 #HE

Causal Tree (ZfFERIEICEN, WERIFIHEELYS 25
ZRE 5T HEBICHFEEICERTH L. 72, CT-TO 1T,
CATE OHEREICEHMA I 7 W CHEEMBE1BIET 5
LT, BN, T ANORIEEITo TS, Ll
CT-TO THEHT AMEMA I 7, A= S ALE D
ENLMHER Y FUT HETIVHPIELCIBESN TRV
EIIRRS 7R E G2 AWM D 5. T/, AT
TWIEFEND SV ERRE VS, T — YIRS 5 EHA
FFAMEIHIC 2o TLED L) HEENH 5.

Z 2 TIRETFFTIX, Doubly Robust Estimator % i
L, CT-TO £V LR CATE #EE TN YR T 2.
W22, X BEYICENOHM OB REROTFIHED %%
ML, BIRNATAOBELRE L TCREDET S

TTO(Xi7 e(Xi); H) =
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EMNTEDL2D, HRMIZEY) %2 CATE OHEEDTHEIZ
%5,
5.1.1 Doubly Robust Estimator

Doubly Robust Estimator 13, #IUNA 7 ADEFIET S
RINZBWT ATE 2@ HEETTRE 2R FHETH ), ATE
HEER ICIE R 2 ZE L TR, 7T A% RETE L. £
7z, Doubly Robust Estimator Tl& X; & Z; TY;(Z;) *
FHT 2 ARG &, IPW HEER 2 MlAGHE T ATE ©
#EE %179 . Doubly Robust Estimator Tlid, EJ&sHHT&
IPW HEER CHWAMENA I T 2HET S BIFETIVO
ELLP—FMNELCTRESINTWIUL, —BHEERERIE
i, WEMRZEYIHEETEZS[9. 072D, fEH
AT OHERCLEE L) ST FHOL I ENTE
%. Doubly Robust Estimator IZ81F7% ATE %, #\ (10)
DA 2T &% AVTK (13) TERENS.

L [YiZ) -z Yi(1) - (Zi - e(X)))
AT Epr = E[ X)) elX) }
L [YiZ) (1= 2Z) | Yi(0) - (Z: — e(Xy))
P ey )9

7272, AT e(X;) 1d X, AL, Z, R RERAE
Be LEEORIRET V2 OBANIIHEET S, F72, [
JROMTIZ & W ERNCHEE SN, Zi = 11285 Yi(Z)
Yi(1), Z;=012B1F5 Yi(Z) % Vi(0) £ 5.

5.2 Doubly Robust Estimator % ;&M U 7= Causal
Tree DERE
5.2.1 Doubly Robust Estimator % fA\\7/= CATE
Doubly Robust Estimator % f\v27z Causal Tree (23517
% CATE % (14) T#T.

TDR(XZ" €(Xz), }/7(0)? Y:L(l)’ H)
EE[ Yi(Zi)-Zi  Yi(1)-(Zi—e(X))

‘Xﬁ“@ﬂﬂ

[ YiZ)(1=Z) Yi(0)(Zi—e(X) | 4 .
B e e 'X‘e“ )
(14)

7272 L, Doubly Robust Estimator THW 5 e(X;), Yi(0),
V(1) 3FERNCHEET . S0k (14) 1, B — F IO
REHY;(Z;) % Doubly Robust Estimator (2 & o TFi%E
tk, HEHOVIHHEOEZFHELT5. CT-TO @ CATE
£ EMA 3T OMEIT X AEAHT THEEMEZIBES
B EMA I THEE I RO REEOERE R L
Twa, Lo L, #REBORE DA OTEIEE ORI
REEOIEEOHREFIH L T\ [9]. —7F Doubly
Robust Estimator Tl&, HIZMER A7 TEAFITTLHD
Tid7% <, HEELENREHORLEDOT -5 27
T Y;(0) BT 22T, F— Y HHOMRL LS
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TWa, ZHIZED, GOV TOREE Lt I3
I A MYy o pifEERo R TR b HEEROFHIVNE L
LAMERTHLIRIEN 2L INT A M) v 7 ifiEs
WM TE 5% [40]. L72hio T, BN, T AOREE EE
LoD, HERHEENTRIZR 5.
5.2.2 Doubly Robust Estimator % F\ 7= BAIEIEL
Doubly Robust Estimator % f\>72 Causal Tree 23817
% CATE % v 7- BB DEN %179 . Doubly Robust
Estimator 12 & % Vger (1), Vair (1) 2 Z2NK (15), (16)
EL72b&T, REFEOHWEAEEZX (17) L ERT 5.

VER() = V{Yi@)z RAOK (j;{:)e(X»)] (15)
L [Yi(Z)-(1-2) | Yi(0)- (Zi — e(X5))
Vﬁﬂ”—v{ (1—e(Xy)) (1—e(Xi)) }
(16)
EmE-,—DR(StT7NeSt,H)
- _J\;t 3" 3 p(Xi e(X0), Yi(0), Vi(1);10)

" iegtr
1 1 VDhR(l) V%R(l)
(st ) S (O
Ntr — Nest pp P 1—p

X (17) OREFEO HWEEBORMEIZ, &3/ —F
I28B1F % Doubly Robust Estimator & FV> THEwE & 7z
CATE OZSEMOFEZ AL L 22, GEidhs <3
I LEERT S, 0F ), REFEOHMWBEEILERON
AT ARER L 7EEEEZFOHWERTH Y, EFONA
T ADiE % Bd L7z CATE ICE D W7 O 55 B8 A
b,

6. AL7—2ZRW/HEREFM

WRETFHOENEERT 20, HEHBEOFMEIT) .
R R SRR OMAMBEL Y, AL NV OAER)E %
WETDHIENTE WD, E7—%ty b2HWTIE
MBI 1T) 2 L IEARWRETH L. 22T, 71
ALV ORERYROIEE T — & 2O EATE BN
TF—%+ty s HWCEFlZT).

6.1 EERICHWAAIF—%tv b
REETHWLANLT—% 1y M, €T (Causal
Tree) AHEE SN [5] THOLNEATLTF =4 1
k& Nie 6 4l VAL T =%ty Fad L IfEK
L, 20 Kt %E X; BHFET 5
FHREOT—2121E, iHFHOZ-FIZBWT, X,
Yi(Z), Zi G2 oh, TANT=5TIE, X;, Yi(Z)H
525605, MEERY(Z) &8 HOIERLS 55
(18) THEENLHE (X)) & 4 BOIZEED 5% 55K (19)
TEENLEH (X)) 2T (20) 1I2HEVER L 72,
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4 8
b(X;) = %ZXik +) X (18)
k=1 k=5
4
(X)) =Y X >0} X (19)
k=1
Vi(Z) = B(Xi) + 2 (2 Zi— 1) - 7(X:) £ 05 (20)

2
72720, o(X;) LEDOF M Z;, \THERBRARHTH Y, 7(X;)
FLEMRZET. Lz >, BERIZIE, 20 Hodt
ZanDH) b SMMOIELENRELRIZL, KY O 12 X
REERITES R, 72, 20 kICOHEE X, IIEEEN
FRAL R AE M ERATNGE) DL L, /4 RXTH ¢ HIZHE
MG dbDE Lz, 2L, ¢ DR Bolzky )
ARXEORESHEERL, KERTIZo=1,48 & L7
EHIC, BN T ARFRHESEL 20, K (19) D 7(X;)
AET L AMOILERD ) L, 2MOIERERNS % LA
(21) TESNLEHK e(X;) THEOLNL/ST X —F ZFFOX
WX — A GH e TEDH I Z, 2 AR T %
1

T lteXu e Xa

Tk E, WERELBEOKEEROTFIGMIZEDS
HLDPEDTARDL 2012, 2 BHEMOFEHOEIZET S
SHED 2 W ¢ ME 21T 72, Z OB, RS [
EHE L IR O RE RO IMIE L], 57K
(L BE & X BRBE O R LR OTHMHEIZIEZTH D] L
D, pMEICIEWHEREICBIT S pEaRH Lz, Tabb,
Fr(z) % t A OG54 B, t 230 (22) ISR T L N72H
FHEE T DL, WEREIZBITS p i p fE =2F(t) T
HzoNn5, 122 L22Ti, 7131 BEHOERYY, n,
B 1HHOT Y TNF A X, T 12 2 HHOEARF, ny
F2HOY Y T4 X, 2 RSB R T

e(X;) (21)

po T T2 (22)
52(; 4 L)

n1 no

ZOMEE, WMEAKREICB TS p I, c =10DL &
3430 x 1070, 0 =4 DL E1.448x 1077, 0 =8Pt &
2123 x 1073 CThHo72. L2 oT, 0=1,4,8DF T
DIRET, HREAKEI1%ROMMBEEIZB VT, FHERHIZ
FEHNESN, WA S 7L,

6.2 FEREMH
ARERRTIX, 7= L 1000, 7 A M7= Huz
250 7 & L7z HBTFEICIE, #ERTFETH S Causal Tree,
CT-TO IZ/nz T, TOM, SDRM, T-learner, DR-learner,
X-learner, Uplift Tree, ORF % Hi\2 4. ARFEETIL, fH[
TR (20) OF 2 BRIFFRIACTH B -ib, W\ ¢ BoE 22
BERGETIR RV, LHL, T T H A X ny, ne BTHRET

AT ZBRE T 72 ¢ BREEATH S L3R B TH L7720,
BONZ p HITHIHEEICIIENTERMTHL EZEROND.
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® 2 £TFE0O RMSE
Table 2 RMSE of the proposed and comparison methods.

o=1 o=4 o=8
TOM 4.596 7.059 | 12.788
SDRM 1.107 1.707 2.136
T-learner 1.460 3.034 5.563
DR-learner 0.901 1.785 3.339
X-learner 0.803 2.020 3.864
Uplift Tree 1.473 1.842 2.934

ORF 1.191 1.829 3.131
Causal Tree 1.660 2.153 3.795
CT-TO 1.638 2.168 4.018

RETH 0.996 | 1.340 | 1.713

AaTiza Y A7 4 v 7 EJFEIC L D HEE L, Doubly Robust
Estimator O EJGESHT &, Meta-learner O [A)7E 7V I21%
XGBoost [42] il L7z, F7z, REFELREKIZ, K
ETONMHALZ BN ETABICERAGERE 252 L2
£ L, TOM B8 XU SDRM 2 & 2 f REKOZHHBOH
PR ARUFET VI, BJEARE L7z, Causal Tree &
CT-TO L RETHEORDOFE S ORKMEX, 7ANT—%
TRMSE AWK %% &) ITREMICPGEL, 11 & L7
[E#EIC LT, Uplift Tree 1Z 7, TOM B & U8 SDRM THW»
LEYEATIZS & L7z, F7, ORF & XGBoost DARDHK
EZh e 500 & L7z, FHEIEEE, SIS LT 10
\FAT L 72BN R % =23 7(X;) @ Root Mean Squared
Error (RMSE) OF¥HfEE §5. 2B, SHOEFZE,
FEETFHED Causal Tree B LU CT-TO b HHFEMITITIEL
CHERELAZVEREIL > TWwa, Bil1lE, LEOHE Z,
R (X)) THRONDINT A —F ZEFONL X — 1 4545
e THEBR L TWD 2 &b, FEEEIZIE 1000 o T —
5 CREEBIZETIVLT A I EIFH L VWEEZOLNL2DT
boh. TbL, HHNZAITOHEDFHIZOWTIE, 655
DEEEICET) v /952 L3 LVWIEETH L L Bbh
L. 7L, REFHEEISEIGARZHEEICL Y, Causal
Tree BL O CT-TO L DIZIEL <BRBEL, XV EWIEER
FEINFRES LB,

6.3 EEER
EFLEORMSE 2% 2 12RY. 3, §_XTOEME
TC, REFEIMRTETH S Causal Tree X CT-TO
IV FVEEZRLTCWS, $72, TOM & SDRM,
T-learner & DR-learner * € LMK 3 % &, Doubly
Robust Estimator Zi{&H L C\v»% SDRM, DR-learner ®
FTRXTOEBGE T TRENE NI L2505, Lzh-o
T, #FEFE Doubly Robust Estimator DI & - T
ERFHEEHB L CHWEELRD, #IFONA 7 AT
FTHRBICBOTIFRIAN T ETHLEVR D, 22
T, Causal Tree & CT-TO LT 5 &, o =10 & XX
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CT-TO O/ HEEMENE L, 0 =4,8 D& ZiT Causal
Tree DF D E D -7z, TOEEHE LT, CT-TO L, KX
o) A R GURERER S L TEHIA 27 TEAIT %
To 72412 CATE 2B L7272, H 2 o CHEREDS
EALLCLE-EEZONL, 20X REILL,
MAIT77ETTRL, REEEHREBTET) V75
Doubly Robust Estimator Z{fH L TW A RFEFHEIL, =
BIARTHLIOFHATHLE VRS,

F72, REFHPL, TOM & SDRM & Uplift Tree % It
B3 5L, MEFEVPITRTCOFHET TRIBEI G
DA, 2T, BIEMRICE W TREE ToEML
FHME T2, REFEOFEANSLSDLVE N
5.

wEIC, WEFP L, DR-learner B & UF X-learner & It
B35 E, MEFHETo =480, JIMEREIE» -
7o, o=10k 3K o72. ZOBEBE LT, KW
J A X o 12X BEP/NSVIRIIZBWTIE, BYFEAR
EN—RALTHR-EFELY L, XGBoost x VT3
DR-learner % X-learner O} 2S5\ R 2 BRAE L CTHERE
RATADLTENEZOND., —FT, /A XHo HFKE
WIRIIZBWTIE, 2 DOEUGEE T IV A SHEEME = B3
% DR-learner & X-learner 1%, LT & gL Ty
LRTWEEZLNL., EBEOETARIIBWT, R
RAFNDZ—HFHE ABISERL THKEZITO L
LY, PN TADPGEAET HZ EIMR, T D
LOXLFIETLIENLNEEZ NS, E5|2, %8
T—=5E LT, EOMRMRIZIGAONEW0, 165
EOKREEETFHETL LI EH L W ETFEHEINS.
L7=Wo T, —MRICFHHRERPRATNS 2 —FHEE ABNIC

TERWEAIZIE, X-learner X DR-learner Tl 7 < $2%
FHEEERTLIELEZOLND. AT, X-learner X
DR-learner & ) b#EEHEEIMEL 22 L BDONLEGET
b, SHTE O BIRE CTEAREE T T X 2RETFL
ERWIHBAR THELEEZLND.

7. ETF—2EHWESHR

REFHOLGHMEL R T 72®, The MineThatData
E-Mail Analytics And Data Mining Challenge (LLF,
MineThatData) [43] £ \»9) 7— % = v, #@ERTES
FOZ—HFIT LT, BT A - VERE L2 LI2X
%, BEABEANORFEIZOWTHIZLT).

7.1 &G

ARFEBIE, BRI A — VOBUE & v ) LiE 2R LT,
A= )VEAER 2 AMUANICEA LBEoOBAE (LT,
spend) Zi#ERET L. FLTC, H5HI—HFREICBITAUE
T LB OAEROTIME D, § 70 b HALEIC X 2 1A
DY %E CATE & LToHr %479, 22T, 2O7—4+ty
MBI 2L EZ0F LR 3 12777, 72721, mens,
womens, newbie, history_segment 0-100, history_segment
100-200, history_segment 200-350, history_segment 350-
500, history_segment 500-750, history_segment 750-1000,
history_segment 1000+ (3% I =& r &KL, ThENh5
FICHTITAGLEIR L FHFCHTREIL WAL
THAET A, MineThatData & RCT I2 & o TR LN
T ThhH I T, KRERTIE, BEMEMI—ELL
HbHI—HORNERZFEML RN Z-EL, JTTLAD
T = ZIH L CRIRNA T ARMAZT2) 2T, G EAT

BIRL TR EIT OB, T— 7 DIESDEHD/NS WV EHEE ) L TREFLEOFMELZRT. BEAMICIE, REOH
®3 Tty MIBUILEHEZ0OHN
Table 3 Variables and their descriptions.
LROME | 24 B

recency WEDOHEAD L O A K
history HECD]: YN <]
mens HEAE O B W6 i O W A
womens WEAE D 2y v ot Dl A 1
newbie WF 12 W ADACHT L 2—=H12 o7z
history_segment 0-100 WESEDOMEAZEAY 0 FVELE 100 FVRmTH %5

g history_segment 100-200 WEAEOBE AK2S 100 FVELLE 200 FIVEGTH % 9
history_segment 200-350 FESEOWEAZEAY 200 VDR 350 FVRIGTH % 20
history_segment 350-500 WMEAE DBEAZEAT 350 RV LR 500 FIVAGGTH 5 H
history_segment 500-750 | KESEDEEAZHAT 500 FIVELE 750 MUK TH % 2
history_segment 750-1000 | HESEOHE AZHAY 750 NIV LLE 1000 F VKRG TH 5 H
history_segment 1000+ WESE O AZEAY 1000 VLI ETH 2 2
zipcode zipcode % b L IZHIX Z 534 L 725 @ (Rural, Suburban, Urban)
channel HEEIZEDF ¥ 2V SHEA L7724 (Phone, Web, Multichannel)

R | spend A= UHRE ST S 2 BHDAICEEA L 72Ol A%
© 2023 Information Processing Society of Japan 1407
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x4 K£7—7I12BFH ATE Ozl
Table 4 ATE in each dataset.

RCT 2SEM Sz 7—5 | BN 7 ADBGHEST 27—
Wi % FEM & 7z 2 —F DR AZHO T 1.423 1.951
fis % EE N ho 72— F OB AHDTFIHH 0.653 0.653
ATE OHEEN 0.770 1.298

2 —FEL 30462

( EHOMEA D 585 AL 1
ATE =0.802

o —3E 9121

HBRVELA IO THA
L CATE = 0.467 J

WE4E o B A2
100 K 2L 200 F i
o —FH 21341
CATE = 0.943

BHROBAL 100 AL Web¥ 4 + 5 5HEA
2 —PE 4350 o— 4771
CATE=0.517 CATE = 0.422

T—FE 11993
CATE = 0.802

AFAE O B ABH 2
377.06 F bl E
= —9H: 2603
CATE = -0.110

2 —FH 12145
CATE = 0.090

e
= — %L : 3989
CATE = 0.404

YR 2417
CATE =0.284

2 — 9L 458
CATE = -1.044

WEAE o i AH 28

[ 2 — R : 837 ] [ SR 1783 ] [1~4}°§5( : 1174]

CATE = 0.031 CATE = 0.372 CATE = 0.453

977.66 F Lk
2—PHL 17352

[ MEEORARE )
CATE = 1.066 )

HEAE DR A \,-

1175.14 F 2 BLE Web¥ 4 + 2 HEEA J

2 — K 889 22— 16463
CATE = 0.534 CATE = 1.095

14311 F MLk FEL-CRE A
L—HH 1620 2R 236
CATE - 0.189 CATE = 0.552

AT TEAE Z—HH 9811
2 — P 1 6652
CATE = 1.236

=R 417
CATE = 1.258
=R 472
CATE =-0.121

CATE = 1.001
CATE = 1.619

o —¥E 13673
CATE = 0.933

MR o g A% 28
268.67 F LR
2 —HFH 1463

CATE = 1.498

N

2 — P 1195 Z— P : 641 — 822
CATE = 0.650 CATE =0.053 CATE = 2.678

REOEADH3BALE
2 — 2979

a—9FE 2 1516
CATE = 1.737

3 BRETHEZIHVTES AL
Fig. 3 Tree structure obtained using the proposed method.

A5 OfE B DS [3 7 AR o3 —4, FEE [300
FVLLE] BEA L7z —F, WEAE B 2A L7
I—VEBEENEDH LT LERL, TOT—F DL
BEHOT— 5056, BEHER D 52— F DI % RS 5
EWI)EEEIT o7, R AWCRCT #EH S N/z2o04 D
T—=FIZBIT5H ATE &, BN, 7 APHFHET 587 —
YIBITAH ATE g L7z R, 72720, Zo%a
® ATE OHEE (ZALE R O AFHO P39 & ok BRI O B A
HOFEOEEZFLTWAE. 4 X0, BIFNAT
ADEAET DTN E N7 — % TlE, EIRNAL T A
DL o TATE 2 BFIHEEL TWD LG Hh5.
BT — YRR DML ER O 2 —FHUZ 9,156 A, *EEED
I —HHE 21,306 ATH o7z, ROH TR, R—ETHEIC
BUAEMAITIIO VAT 1 v 7 AEEHCTHE L,
Doubly Robust Estimator ® B} 4T iEARDE % 500 & L
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72 XGBoost & F\ 7z,

7.2 HHER

REFHEOWHALE T, BoNIAREEED» HER LT
I, BIRNA T ADGAES BT — 5 ZIRETFHEICHEMA L2
EEIEONARETZR 3 IIRT.

K3 &y, /) —FTHITONII—FEHI L T CATE
(BEAFE OB S) OHEEMED LY, 16 O —FHELFAAE
THIENSHDD. LIznso T, BEmF X —VEE & W
IRERIE L= T LI RIBEAEDN DL E VL. 2D
L1, KEEENS ED L) BRILETHIE I N TN LD
I LR Wi, I—REFEERN 2 1 — L, %)
RSB RITTEREFESH AT T EDRTH 5.

Z I T, CATE OHEEMAKE W B 3 DD —HHED
Bt b ZOBIZBIT 5 CATE OHEEEER 5 \RT. £5
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Fig. 4 CATE per user in the case where measures are implemented only for users who

have large CATE.
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Table 5 The characteristics of the top three user groups with
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® CATE Oz "y, M4 L0, BEBEL#HLS
B2, HESERIREAIRE VWL ENRE LTk E# L 5
LT, BWEHNRSHIGTEL I EDGh5E. K
BrCit, B 10%0 12—V F Tkt EfT 256, &
I—WIZEMT AL B LT, =% 1 AH7oh 24
VbR 5 EESND Z Do T ERRIZ L
M %D L= F THIK % U 5 2222 Tid, fikics
J2HHRTFHEICEL T, MEAPTRTH L. RKONITBE
AR T— 7 TORFIIA—IVERETHY, TA MK
EL VI ENEZONDLZ NS, EBLETIIBNS
OI—WITHERE % Ehi L CTHRERBRIZEORTS %
WeEZzohb, 2L, 7Ry EDORERIZTT X MY
D70, METFETHE SN CATE OHfEME L I A
&I L CHIB T 2 088 H 5. DX D, REFEN
FEILH ECTHRZRONITZ 5 2 L 2R TE 7.

8. EX

8.1 BIRNA 7 ZAD3IG & BN
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Fty N EBOZFEERIZL D, BRNA T AOHEER
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RO, X, & Z, TYi(Z;) RHHT B EEGHTE, IPW HE
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—FDTIE L {HRE SN TV IUSILE R R % #8123 E W B
ThbiDiZeEZoNL. LIzh->T, ERNATAD
HER ) A AH o ORESIIhHhb5T, REFHEIIER
FHELIVSHERTHL L2 5. £z, /A4 AW o hVhE
WEFHEINDEEIZBWTIE, X-learner %> DR-learner
DHBBNHEEREBETH - 7278, BREEELE T 556
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213, REFEOTIIARMEE > SRR =L —F R
LR dWeoFHTHLEERZLND.

8.2 EHLIZHW3REFEDEHA
KRIFFRIZBWTIE, REFELEEREOT—5 1y MIE
4562 TELHETHFTRETHLILERLA.
PR EFEARZE FH 72 Causal Tree 2 X— 2|2 TWwW5
7o, FRRMEDTEN . F A, FERRERE S S AR AL W
ZEW,odz, PLEXY, FEFEIIGITEIZE - TIE
WAL T VWFRETH Y, Ha RGHECTHEHATRETH 5
EVz B, Lo, R¥EFY—T T4 TR EHEL
BB, IREFHEERHVL LT, @R EREE T
FLWERREIZORITAZEDNMERICELEEZON
5. 12720, RFEFHEIEYFEAR L HV 72 Causal Tree (22
DNTWEL 720, MIENEOH 57— 7 I12IE#E L TW iR
RPLDTFT = DFENTE S BRI RIZEDLZ END
LR EDREOFEET L. FO0, S ERE
1205 U CIREFEOBAT R 2 HIT§ 5 LE1 D 5.
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ARWFFETIX, Causal Tree # X— A & L, #ENA T X
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*HME LT, DR#EELEZIEH L7 CATE OH D
W72 Causal Tree @ HIREEOE 247> 72, AN L7 —%
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