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Three Classified Coupon Prediction Based on XGBoost Algorithm
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(1. School of Economics and Management, Southwest Jiaotong University, Chengdu, 610031, China; 2. School of Computer
Science and Engineering, Nanjing University of Science and Technology, Nanjing, 210094, China)

Abstract: In the O20 marketing, coupon is an effective marketing tool. However, when we are not clear
whether customers are willing to consume, coupons will be in spamming. In order to improve the utilization
rate of coupons, in this paper, firstly the three-way decision-making thought is introduced to forecast the
coupons utilization. And combine with the integrated algorithm XGBoost in machine learning, the model for
the coupon usage is established. Second, in the process of three-way decision-making, taking into account
misclassification cost and learning cost, the classification process should be more close to the actual
classification. Finally, the real consumption data of users’ coupon provided in Tianchi platform by Alibaba is
experimentally analyzed. The results show that the XGBoost-based three-classification algorithm could
effectively improve the accuracy of classification, so that merchants could not only maintain the regular
customers, but also identify potential new customers, thereby reducing their marketing cost.
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BRI AR A RAOR SR U 92 XGBoost,

#% [& 3] TWD-XGBoost i 23 25 i & 5 A
O, T THAIESE 43 500 T R A B Apy B, 2 HE A AR 2
s ik, TWD-XGBoost K i B F1 AUC {H 1Y
AALAE B, SCER S5 SRR SR 6 iR . Hih AR SC
AR 2 B0 R B K R RS R X A A T SRk 12,
14-15,28],

i/ &£ 4—6 0] LLA 3], TWD-XGBoost # 7%
TERSPE AN A FRRHEEY K TRLD
A A SRR ORS ff BE 5 2E Bl , TWD-XGBoost 5%
EIEAE B WA A T AUCHI K T4 b 45
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%5 TWD-XGBoost B KI5 E
Tab.5 Precision of TWD-XGBoost algorithm

%6 TWD-XGBoost Ei£H AUCE
Tab.6 AUC of TWD-XGBoost algorithm

i if B App = Apy AUC App = Apx

(AxpsApy) 35 30 25 20 (AnpsApy) 35 30 25 20

(120,80)  0.7458  0.7547  0.7638  0.7731 (120,80)  0.9512  0.9555  0.9590  0.9622
(120,90)  0.7527  0.7616  0.7691  0.776 9 (120,90)  0.9512  0.9555  0.9589  0.9621
(120,100)  0.7594  0.7654  0.7730  0.7810 (120,100) 0.9512  0.9553  0.9589  0.9621
(120,110) 0.7633  0.7702  0.7755  0.7826 (120,110)  0.9509  0.9553  0.9587  0.9620
(120,120) 0.7664  0.7731  0.7794  0.7849 (120,120) 0.9508  0.9552  0.9587  0.9618
(80,80) 0.7458  0.7547  0.7638  0.7731 (80,80) 0.9356  0.9430  0.9494  0.9552
(90,80) 0.7458  0.7547  0.7638  0.7731 (90,80) 0.9416  0.9474  0.9524  0.9576
(100,80) 0.7458  0.7547  0.7638  0.7731 (100,80)  0.9465  0.9508  0.9554  0.9597
(110,80) 0.7458  0.7547  0.7638  0.7731 (110,80)  0.9491  0.9532  0.9573  0.9610
(120,80)  0.7458  0.7547  0.7638  0.7731 (120,80)  0.9512  0.9555  0.9590  0.9622
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Fig. 2 Classifying quality comparisons of each integration algorithm
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Tab.7 Cost comparison of TWD-XGBoost with XG-

Boost algorithm under different lambda values

Ap;
SR K AR -
120 110 100 90 80
XGBoostE ¥ 4.2888 4.0255 3.762 3 3.499 1 3.2358

35 3.9182 3.7323 3.5339 3.3342 3.1151
30 3.7219 3.552 3 3.386 1 3.1954 3.000 2
25 3.5059 3.363 2 3.1958 3.030 0 2.8550
20 3.2630 3.121 3 2.966 6 2.821 6 2.661 2

Apy = App

Ehﬁ7ﬂ%ﬂ %E%ANPHTT jai/l’:AP\”/{ISP*n/{BV
ey 25 4k, TWD-XGBoost F 3 43 26 i A Z AKX T
XGBoost 81k 5 24 8 % Apy I, [RAE W Bk K/
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Tab.8 Cost comparison of TWD-XGBoost with XG-

Boost algorithm under different lambda values

A V]
S H 43 2 A -
120 110 100 90 80
XGBoost 3.2358 3.1417 3.0475 2.9534 2.859 2

35 3.1151 3.0491 2.9816 2.9193 2.837 6
B 30 3.0002 2.9531 2.8989 2.8387 2.774 0
A=A o 0 8550 2.8064 27602 27132 2.653 5
20 2.6612 2.6235 2.576 3 2.527 1 2.480 8

Fo (A, Y PR EFR N2 A Agp Tl Apy AN AZ BT, OF
Py 53 5 AW B 2 2 2T AR A (8 WK /N T K /DS 5 24
PRAF2F 2 AR A BRGS0 S IRAS Aoy AR, -3 53
e AN B 15 53 2 LR A B U/ IN T /]S

BEAh R 7 53R 8IS Sk I i — 25 8
T AR A 44 F TWD-XGBoost i 43 28 5t 5
FEIR o e PR M E IR . Hp e
AR P SRR R RTINS T R R A e, =
N+ Ny TN HEIR S KB, Fm FH T SR
FH T ARCH0 A A B ot R 9 AT AR Y AR

R FAEMRA&E

Anp T A pn AR A BN oy T 0 /N RS
XU B Y 2 ) AR /N B AE R A 2K R S v
Jn, R A R S o AL HE S PR R A A
ANAZE, Ay BN BRI o B K5 AR RE A FH
App NEEF Anp BNy BRI g B o #5212
O3 2 AP /INE JE 3R 4325 8 B 2 b R 2
LS. BT WL, 7E TWD-XGBoost 57
DSR2 A 2 ) AN AR 1 D SR DX S R AT RS
GARTINITEEGR , TLEN 5 XG-
Boost 5 ¥ A, TWD-XGBoost % [ =432 7 ¥k,
AT HE R 3 T R G R A B R
B #8843 0) 43 7E 300 5B, A O M R AR T R A S A
M B AR TS 3 43 28 A, (A3 S AR Bl /N o 5
Ah, TWD- XGBoost 5.3 H1 19 = 43 28 5 1 45 T
] 53 28 AR /N R 5 X3, 3kt A5 A AT S8 PR 1Y
RFEATH
g5 b TR Ak X 43 28 BT hE R A3 2 A 1Y 43
B, AH X 4 B AR R T AR SCHR A TWD-XG-
Boost fig B & b 75000 7 0 458 1] O 5, 78 BT G 42
FH P 43 2 i (9 [ B B AR T P 43 2B
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Tab.9 Number of classification errors and delayed classification generated by TWD-XGBoost

under different cost conditions

Gt App = Ay =35 App = Ay = 30 App = Ay = 25 App = Ay = 20
npy np Np npy ny np Npy ng Nnp Npy ng np
(120,80) 2164 1316 484 2001 1877 422 1834 2505 373 1680 3164 330
(120,90) 2043 1566 484 1879 2155 422 1745 2715 373 1613 3318 330
(120,100) 1924 1830 484 1806 2338 422 1680 2867 373 1553 3457 330
(120,110) 1846 2023 484 1731 2504 422 1630 3011 373 1515 3578 330
(120,120) 1786 2181 484 1680 2632 422 1575 3131 373 1475 3691 330
(80,80) 2164 617 723 2001 1286 603 1834 1962 505 1680 2632 422
(90,80) 2164 860 629 2001 1472 538 1834 2124 463 1680 2771 390
(100,80) 2164 1053 554 2001 1631 490 1834 2270 422 1680 2930 363
(110,80) 2164 1189 515 2001 1757 455 1834 2380 396 1680 3052 346
(120,80) 2164 1316 484 2001 1877 422 1834 2505 373 1680 3143 330
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