Estimating Marketing Effects
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Goal

- OAE AFXZE HIO|H T formatOf X3 RASSHH, CHfet Qlap =2
F = H

=
A A AatE B2t F= classE 2.
« SIS classE O|&3}0] Bank marketing datalfl H-&.

« Simulated datag M5t 0|0 &St =H ds= 435,



2. H|O|E{ 2




2. OO H A4

Bank Marketing Data

« Y(outcome) : 7|02 72 HE
« A(treatment) : 1(marketing(phone call =41) &= > 2) (Binary)

« X(covariate) : age, job, marital, education, housing, loan, month,
day_of week ... (1571) -> ®ME| 2 2371 £ H3}

. ATE: E(YY) — E(Y9)
« CATE: T(Xl) = E(Yl — Y0|X1 = xl)



2. OO H A4

Synthetic Data
- AKX HO|H= dHO| £|= ATERQI CATEE & = 212,
« AH| ATEQ CATEE & 3= QEE Synthetic dataS A4 3tCt.

X1, X, X3,6~N(0,1),  A~Ber (logit—l(x1 + X, + 1. 5)),

Y=A+X;+X3+A*(X;+X;+1)+e€
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- O|O|E{BF QEHEIH L3t causal inference 23 ZAE X|&5t= Class2| 7).

- Bank marketing datag TX 2| 2, | classOf| HE5I0 24 Zut =&,

- Synthetic dataS generate?t 2, 9| classO| M-85t =4 d5 B



A A3} - Class 70

- Class CausalForestE& &9, binary treatment data0il Cisli random forestE O|&

StO] propensity score modeling= dt= causal inference &= T+ QALE.

o

- propensity score?| &8 ds5 € MAY = AE= scores / plot_roc_curve /
c=
=

importance_plot M| A{

- ATE_pred / CATE_pred HIMEE &3 ATE =1} CATE FES .



A+ A3} - Class 7|
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CF = CausalForest (X, 4,v)

CF.scores()
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CF.plot_roc_curvel )
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CF.ATE_pred()
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CF.CATE_pred( "balance’)
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AT+ A3} — Bank Marketing Data

* [ CF.ATE_pred()

[ O (ATE, E_y_1, E_y_0),
-0. 0369479674781 6337,
0. 4434530404397563,
0. 48641 100791 791597)

“ [144] CF.CATE_pred( balance' )
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2l 370 HIMEE SdiM=
Random forest2| Hyperparameter®} input data %i| 3.

%% ZAt= ATE_pred2t CATE pred2 29I

ATE= -0.0370|E 2 treatment?} 0| 20| EX& gk
Treatment 2f 2 ™ 449% 0f| &, ¢F BtS ™ 48.6% 0| =

CATE &£ H M balance?l & 3500 ~ 60000| &
Treatment’| 2352 Ao 2 M=



A+ A3} — Synthetic Data

X1,X,,X3, e~N(0,1),
A~Ber (logit—l(x1 + X, + 1. 5)),

Y=A+X;+X3+A+(X;+X;+1)+e€

[52] CF.Importance_plaot()

Feature Importances

AOf| FEF2 0|X| = HEQI X1, X271 S26HA A4,



A 23} — Synthetic Data

[127] CF.ATE_predf )

("CATE, E_w_1, E_w_0)",
3. 0491 95527805677, N
3. 0578071 463974094, AN true ATE®} CATEE & =M€t

0. 008608620591 732598 )

@ CF.CATE pred("%1') ATE = E(Yl) — E(YO) =3-0
[+ 551
so- 1\ 7
- CATE(x,) = <x1 + E) + 1
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A 23} — Synthetic Data

[129] Y¥[4==1].nean() # MRS 0| EE £
3. 3071 022922959475 é!':'.ﬂ'% Ol-g-'6'|-0=| -’,‘-Ig'é'}E %l'?'
ATE=3-02 3.31-(-0.56)=3.892 F7.
[130] ¥ [A==0].mean{) X XX} K| 28t

—0. 562034571 5374573
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