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Abstract

In this paper, we first used logistic regression, linear discriminant analysis, k-nearest neighbor,
support vector machine, Bayesian discriminant and decision tree model to give a customer churn
prediction model and quantitative analysis of whether the customer will be lost. Then, through the
ten-fold cross validation of the six models, we selected the linear discriminant analysis model with
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the highest accuracy. The output result of the linear discriminant analysis model is only loss or no
loss, and we cannot get the probability of customer loss, so we further transformed the output re-
sult of the linear discriminant analysis model into probability, namely probability calibration. Fi-
nally, the Brier score and probability calibration curve were used to evaluate the model before
and after calibration, and better results were obtained.
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Figure 1. Probability calibration flow chart
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Table 1. Variable interpretation table
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Figure 2. Modeling flow chart
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Table 2. Comparison table of classification models
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Table 4. Comparison of models before and after probability calibration
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Figure 3. Probability calibration chart
3. BEREE

5. it

AR SO 43 S 10) 8 DA R MR F R HETTVERIE IE N HBAE & R A I R IR 43 R B 3R AT T SRS AT
PR EE R TNAS DASE I . FER AR T, AR Logistic B &7 Hr. K U220,
SCREIAVE L DU S0 ) A RD SR SE A 6 />3 S8 3 SEIN 28 P T A 1K 4328, e B4 28 B ik iR 22 R B,
LM 50 3 AT AR 1) OO B f ey, S — 0 X AT MR A MEAS B PR R . SIS 25 IR B,
EMEZRRHEZ G, BB Brier 708K, MEZRRHE M2t G BT, MR T s, el 1 tE
FEHE T DL U S 2 R B RE 0 2 o 72X LDA BRI, 283 Tsotonic regression BEHE & IS I AR
HF. IF BB HE TV AT LIS BIREARBOE R MR, MR gt A M=%,

SE 0k
[11 BEZ. 180G R LB D] (L2268 ). B R B KeE, 2011.

[2] kEB, BR4ESE, XIERE. T Logistic B FIR ML AR AT AN NIH P05 SRS IEAS 0 70 [0]. b ig 5 50k,
2015(3): 53-57.

[3] B ®H=F o8 LB IT)]. ERBH AR SR (R FBHEAR), 2020, 22(5): 101-106.

4] £ &, MU, XK. BT SRR A LR & R B BOAS- P e 20 2807k 0], B s 500, 2021, 51(1):
88-96.

1] WIS, EHHF. ST Fisher 50487 0 DUt i 42848 0], tFEAHLLAE, 2011, 37(10): 162-164.
1 AT B HIEM T R P IATNET 7L [D]: (L2 Aie 0] EI: EITKR%, 2018.
7] EEE, WSS, Rk IR IS AR HED]. FE S, 2018(5): 35-37.
1 ZIER, XIEE. BETHRRAENERZE ). HEALRIH, 2016, 36(2): 291-294, 407.
]

DHUT, 229G, ROM, FMHEAE, WM, TE, REWR, OOE, KEH. TN USRI SR R HE 1 5 K
o IR MR TR AR Y A 58 [0, o B PAE ST, 2019, 36(1): 36-39.

DOI: 10.12677/5a.2021.104064 641 Gt 5 3


https://doi.org/10.12677/sa.2021.104064

	基于概率校准的客户流失预测模型研究
	摘  要
	关键词
	Research on Customer Churn Prediction Model Based on Probability Calibration
	Abstract
	Keywords
	1. 引言
	2. 概率校准
	2.1. Platt Scaling校准
	2.2. 保序回归

	3. 分类器理论
	3.1. 逻辑回归
	3.2. 支持向量机
	3.3. 贝叶斯判别
	3.4. K近邻
	3.5. 决策树
	3.6. Fisher判别

	4. 实证分析
	4.1. 数据介绍
	4.2. 建模流程
	4.3. 评价标准及结果分析
	4.3.1. 十折交叉验证误差
	4.3.2. 混淆矩阵
	4.3.3. Brier分数
	4.3.4. 概率校准曲线


	5. 结论
	参考文献

