3% H10m TENMRARSEZRE Vol. 31
2021 410 H COMPUTER TECHNOLOGY AND DEVELOPMENT Oct. 2021

0 5|

ETREMENBNEREN TP RKHN

A AERE? kRA AE A e
(1. 7 /IFERF HENAFEEE TSR, G 4K 541004,
2. mMAF R TRERFR, S ® &7 530003)

B A2 0 BRI A 2 IR R 0 S BT IR, 26 I 2R TN R Al (99 A JRe IR Y, X TR IR R
04 ) B A AR 2o At T B8 AR GEBIML S 2 3T 7 W AEAE FRAE 1 A% TR0 300 SR 5% i A A Ay e o T AR 38 2 >0 i A5 9
SR T B L M HRAN TR IR, 4R T TN AR , 42 h — 0 TR 13 b 2 I 45 A T 42 Al 126 R o HL A 2% P i 2 3
AT TN, HE = 2 SR AR A7 AR B 1 28 9 4% ( DNIN) YN 25 (9 s 4 38 328 BE AL INASC T 35 (stochastic weight average , SWA ) 45 4 [F]
— WL 5T RS IR I ZR B B A A EE AR B AR TRY AR 5 X 2 P i G AT TN, S0 45 3R I, A BE T R 8 i 22 I 2% )1
G, G55 BEDLINACT- 54 TE AL LA VR P 28 I 2 I it TRV 46 0 T 2. 96 £, AT i 38 R 2 3 IS0 FL (H 34976 BT
2T,

KEBIA K RIS R A ] TR EE I 2 45 BELINASCE 3 s A 4

& 43S . TP183 XERARIZED ;A XEHS1673-629X(2021)10-0018-06

doi:10.3969/]. issn. 1673-629X.2021. 10. 004

Customer Churn Prediction Based on Deep Neural
Network Weight Ensemble
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Abstract; Now many enterprises are faced with the problem of customer churn,and customer churn prediction is particularly important for
the development of enterprises. There are many solutions for customer churn prediction. Traditional machine learning methods have the
disadvantage that feature engineering has great influence on model effect, and deep learning makes the algorithm less dependent on
domain expertise and artificial feature extraction. In order to improve the prediction effect, a deep neural network combined with
stochastic weights average is proposed to predict customer churn. The main idea is to obtain the integration model by combining the
stochastic weight average ( SWA ) with the weights of different training stages under the same network structure when doing DNN
training ,and then predict customer churn. The experiment shows that compared with the deep neural network training , the training time of
the deep neural network combined with the stochastic weighted average weight integration is shortened by 2. 96 times,and the accuracy,
precision, recall and F1 are improved.
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