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Abstract

Aiming at the multi-dimensional characteristics and imbalance of the telecom customer churn da-
taset, this paper presents a cost-sensitive logistic regression-based prediction model for telecom
customer churn. By adjusting the unbalanced sample sets with different weights, combining
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cost-sensitive learning with traditional classification algorithms, a logistic regression-based tele-
communication customer churn prediction model is established, and finally the actual telecom-
munication customer churn is verified. The comparison with other classifier models shows that
this method has better performance in various evaluation indicators, which is more in line with
the actual situation of predicting customer churn in the telecom industry.
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1. 5|8

B S S BOR SR B M I EORRED, WEIT e g HEa™ IR, SItFER, SR A8 e
P RA S 10 B — L85 P AL R AT) 5~6 f5[1]. Kk, X2 stk i 5 Bl 28 o HAE A7 ML
RO IMEETT . A THERRTR KR, W2 2538 R T AR GNLER o 1 7 KB AT I
IR . AH T AR AT L B EEE IEAEA RS, XA RE AT MR R TN A D) S br, HLas 27
AN E N GREEAS rh & SRR ABOE HR R AT Y, EAE A il L AR AR AN B T A2 3 A it~ 14 0 2%
[2] [3]. Hods A 2 NS 2 S NIGRBE SGE T S AL PR AR, Ty B D R A, AT
BEAR 1 LR 22 ST A2 AL RE AT - B4, FE VIR R, Hrp IR IREAA 99 A4S, TG HIFEAA 14
WAREA BB BIFEA AT, %537 ik S B RAS BT B T, R DR 73 SRR854 B A A
Ay OER], WA LAE R 99% ) 7 RAERIZE . ik, NAZE EA R SLBIAE 7> S R R 70 B RAS .
AR T AU S 07, DO AENR B i, 8 R AR S ) A R 20 SRR A
BATRH, A A RGN 7 2 0 R0, 193] DA HL B SRt DL PR L (4] [5] [6].

2. BIEEPRETMRE

TEAL G 7 R, — Ml e B A RIS B R AR SR T304, TS 206 K6 7 28 A I RE A
BEAT TR, 2% T AHER R IREA . 7R HAE P R R, AR ™ E A BRI (7] R
G R E 48 i, SHATE B P AT T, HEm R R . AR ORE, X —RaEE A
ik, B, M NEASMMERHE PR B e, Btk T AR E . Hikn]
15, FEABEEAE T, WA A EE N ER . EA PR T, R OE A R RV A Rk
PRS- R IO RE . TRIEFE PR RE UMREA I, & FIEE TP, Bfifl FN. {BIEH] FP I3 f 4]
TN. HEASE N =TP+TN+FP+FN [8]c KT S5 R SFEASEBRIN S G 2NREH M, W 1 s,

Table 1. Confusion matrix

= 1. BB

TR IE T A
SEfRoAIE TP FN
SEBR A FP TN
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ZE,

HER 2 (accuracy) /2 F8 0 R IEMIFEAR 25 - B FEAR B 40 b, 8 SN

TP+TN
Accuracy = (1)
TP+ TN +FN +FP

&2 (precision) & 15 £ T 45 5 b BT A 4 B0 IE AR A vh SE PRt o IEREA T S A e bl A [l 3
(recall) 25 7E JFURE A Hh 7 A5 IE ARSI 21 (0 IEFEAS o S L REAR I LB DI IR TH SR 3003 300 -

Recall = — @)
TP + FN
Precision = TP 3
TP + FP

AN RIS IR A R R AR R, WEARE 2 RBMESIAE)F . Fl-score &
A R ARG A2 RNy, B 38 2 [ ) — AN 6, m] LB VS F1 ORI SRS B 2R A0 A 9] 2 1
44 . Fl-score AU :

2 * precision * recall
Fl-score = P

“

precision + recall

ROC 14k /2 LA FP/(FP + TN) A Hh, BP CATINA IEAE SE BN 50 REAS b7 BT A B AN 1 B A3 s Al
B, LA TPATP + FN)JyghFl, RICATIOI A I AH SERR 9 E IR A 5 BT IR BIREA I L A br . 1 1 )
e MrAER ROC HiZk. AUC & ROC HhZe TR, SBRE)RARYE 7 K8 1HHAF B 1) score JaRHEA
FIHEFIIF FIME R . AUC BEK, T 43 28 8% H R B AT

ROC Curve
1.0

0.8

g
o
|

I
>
1

True Positive Rate [TPR]
(Sensitivity or Recall)

0.2 4

AUC = 0.84

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate [FPR]
(1 - Specifity)

0.0

Figure 1. ROC curve
& 1. ROC BhZ%

T EE A, R PPE S P R I SRR IR B R Accuracy SRBEAT VAL, 1T /2 el
RETIEG ERITAE TR BEAME T BURIIE PR K, A€ LT =AM PSR, 20 7 i A
Revenue Retained Monthly (RRM), Revenue Retained Total (RRT), Revenue Retained Monthly per true churn
customer (RRM/customer). Hit& 205 4:
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Zl ! ymt ymd xmonthlycharges()

RRM = m)

. (6))
Do ytm x monthlycharges

Z:tei” ytelyt y,(nir)ed X tOlalcharges(i)

RRT = (6)

Zln’ N ym, x totalcharges"
XA TR bR LR BAE 2 SRR A T A ) S RNRHE B A B 2200 8, T AR AR B A Bl
BRI T IR % ?ﬁﬁi?ﬁiﬂlﬂ(ﬂﬂﬁﬁﬂﬁ)ﬁ’ﬂ%%’E’*JW)\
RRM Z, \ ymt y ,m, X monthlycharges
customer Zz -1 ytest y pred
BEARAR B A fi7n 70 225 U H oA B A2 7 Bl SCHY B2 T I RE D o E B R 1% 7 A RERE T
HRKBIEZ WA MERE .
3. ETRNMEZZERANBERTARETN
3.1. Logistic [EV3 )RR
Logistic [A1V9 & — /b TG B, 4 FRONELR € 5[0, 1]1R)AAREE — 70 SRR ARy, gl —4>
sigmoid WU RS LR VERNE/3 3], 1XA™ sigmoid BRI IE BT L 1 R EU) 5E SO x A 4R S8,
T BB Y Ay (x) S2[0, 1], R U—MBERMERER, BT 0.5 MaRAERNIESE, NT 05
M3 24 RN m3s. Hr sigmoid BE F AR IAE U R

@
™

1

= 8
g(2) l+e™* ®
TR EAR DL, TR
90+€1x1+---+0nxn:HO+Zn:0ixi:9Tx 9
i=1
Bk, AR 2 Logistic 5191 BAR% H A -
1
hy(x)=g(0"x)= 10
,(x)=2(0"%) —— (10)

3.2. KNBURES]

EEXS AN Rt SRR R BRI, BOR T DLAESE AR L b A B A1 ) i, (ELG
HBEAH BRI AR B 2K e8R, HAM AR RS TR FAUN S — e HIRE 5 Il
AR, B, 7 AN AP i R BA 15 B . BT SR P BRI R IR R, R —
A G R R AEVE R R E R TN R S RO, Ik 1 S 2 a4, DR 5 S R )
DEERREARTIRBIRE ST FETAMBURE ST, AR R A B R 3 AT 1 AN R AR AR 3651, AT B
IR 7P A B AR 70 2 DL BRI T B 70 RAR (9]

AU U7 2D ik B o AR — A FRAR R e« ARIMAERE R 2, Joh cost, Ron AR i 285K
PRI ER j REE RS WA IS cost, AE, BUTK 5% ﬁj\ﬁ% K FHUIHR
RIEEE KR, W costy, > cost,y « WIRIEEZRBR, W costy, 5 cost, FEZEN WK . 2 costy, 5 cost,,
EAH IR, 52 Ja AR AN U R 2 2 [

DOI: 10.12677/csa.2022.129211 2087 THEAURF 5 R


https://doi.org/10.12677/csa.2022.129211

e

Table 2. Cost matrix for customer churn predictions

= 2. BRRATUNEIKMNEERE

TRIANT R SUMINIS
S FRAN I R 0 cost,,
PRI R cost, 0

AU E ST S PR 7 30 7EHCHE PAR B 5 T, 38 R I R A 1 I SR A FEAR AR
B, AFAS 5 B SR AR BURARRAE s 7E20 REET T, FEN R A2 o8 o A S5 401 2K mR 4L
ZEaER. WL AR BB AR A, 152300 R AN OB, %07 VR S A S B
AU DAL BN S R b, 403 2% bR B AT LT R A I A RS, 45— AN RN B A 2R BN
TR BURE T, NIt —FE A i m) P R R 10] .

AT HFFT O AN U  S) O7 i, RSy R s TR R AT A, 6 4 K B AR B
H, M TREDEE, 7E python [ scikit-learn {1 class_weight Z 8 BEALEE, 7T DLARAUS & 555
BRPITHT R AN F 2, STES R T AR AR - class weight 38 % A& F TR oR 70 B4 2 AN SR AL,
WA LU — A T8 U RAIIRRSE, FEBRIATE DL R AN, RIAE EACE 1], s amA
()i, B LLESE balanced b H OGOt RAIRE, 80 H OMAARSEBPE. Gl T —> =5k
R, FRATTAT LA & class_weight = {0:0.8, 1:0.2}, NIERIRZECHT 0 FAIELE N 80%, 1 KB E SN
20%. IR VE class_weight 4 balanced, WIRIEIIZFEABERG T RAE . B0 M RAEAKL
i, ARERZ, WAEBC, Mk, HHERD, MIBEBE. 2 class_weight EFF balanced I, X
HitHE AR T

n
class weight = samples (11)
Mjases * NP-bincount (1y)

HA ngamptes NFEAREL,  Neasses AFENELE, np.bincount(y) 2 F i+ A K IIFEALL .
3.3. ETFHRMNEURAZEDEYS

BT AR 25 P U R B AN A Tl R, ANME 55 R IE SRR A EU ) 22 S RIS 0, IE 5 8 ol T4
SR B A R4 B A Do A% R 138 4 e S B o 45 2K R B U MU AR B IR DU, (B IR 2 T8 —
AN BB ISR ARV I S AN E 2 T A S CE AR F A P AR iAo IRk, ARSCRA T — M AR
SR B[R TV AT A 2 P R R T o e id A FEVE DL G I AR R SRR R A S R
AU B R R B e, SR TR DR YR R T ) R R A, B E REUERIBIAETH R, A
TS 0 AR BT R, DAL BT ,  nBUER ks g (0) AR F

J(0)= —(wo *log(yhat,)* y, + w; *log(1- yhat,)*(1- y, )) (12)

IECRL Tk ek H, 15 2 R HR s 0SB BRI AUE AR iR 22 TR, AN AE LS 2%
VRbiw NS UL ine: oA e s R A ENRY RICE S GO TR il g & SN P NESE €S E I S ON O Y& K R IES
KEPRZEAE, BET T U [ AR AR 5 22 R SE T .

4. (FEMHR
4.1. BiEE
AL BRI T Kaggle V& IR B AT NS, BishEh B IEARILE 7043 4505, Hb
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FESRFEARHRGAE T 21 MFILE L, B LANERE K2 5 AT P R 15 e A AR O AR 2845 B A 1 ﬁEPE
LR RS 1869 2%, éﬁﬂi%ﬁiﬁ‘]g)jﬁzl@iﬁ?&ﬁ 5174 2%[12]. HMEEDNEARGER
WIS EE. FREE=3, HhRAFE. Bl 2ENEEN. @FF AL AR K ﬁﬂi‘%
3 fns JRENL SRR SRS E RIS %%%E&% PR . B RIS SE, Wk 4
Poss ST ERGER: R SFRER A%M. S8RMHSE, WE s fors.

Table 3. Basic customer profile characteristics

3. BRERERHIE

FHIE4 T
CustomerID = 1D
Gender 5
SeniorCitizen MmNETN
Partner Py Sl
Dependents EE b YA
tenure E-9aPNEIHES

Table 4. Customer service information characteristics

*® 4. BPRSERHFE

FHE4 T E X
PhoneService R/ E BiE RS 5
MultipleLines I IE 2 RS
InternetService Fe B 18 HIK M IR 5
OnlineBackup R IFMIEL AL 55
OnlineSecurity S5 T W 45 22 4 AR 55
DeviceProtection Fe M A R 55
TechSupport R FPEEA SRR
StreamingTV A& 1 T8 ) 24 B AR
StreamingMovies & T8 X 2 Hi s

Table 5. Customer contract information

=5 BRAERER

FHIE4 s X
Contract AT & RIAERR
PaperlessBilling A TR L
PaymentMethod ik
MonthlyCharges H#H
TotalCharges S gE!
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4.2. YIETMALE

I s AR, K TotalCharges Z¥li R MAFAE R4, S IEIERILN object KM, X5
LR RAFT G, T AT iR A Bl float BUA AL, X EAEEMAT A, KIN TotalCharges 17
TE 11 Fd skl e XHZERT ot G I, 1% 11 ZRE KRB 1% P AN IESR A 0, Btk aT DLA)
Wiz 11 4 H 7 B T RINOIEARAEF AE M, H 283509 0, Bt DU B AR B RS2 AN Ko EMBR 5
R AR A B AT RO 2 JE BRI S ERRE B “tenure” , “ MonthlyCharges” Fll

“TotalCharges” , TMH RN B HIERAE. T L MRE, W HBRHEN T3 T 405 . 6T B HURR
fE, AFERDKRFR, WL one-hot Jwfit. 7EJ& A A7 AE R /INHICHRRIIE BL R, R H BB s .

4.3. JLMIRBMFELE R TEE 4

1ZSCRH B RETATI 11 Fhor AR 47 L8, 7E python 11 scikit-learn {1 FH class weight 2% 15 B AL
&, Jfi%F Accuracy, AUC, Recall, Precision, Fl-score, RRM, RRT, J&75id#l&25E4E ik ad lveir
FabRo 1% 11 Fhor REES AN SR SR Y, FERR RN SR 56 B #1580 38w i R AR B HE .
W, BT REEHREE E N EHEA . ROC 25 Precision. Recall fIZRE5 Rl 2 Fiom. %702k
BRI L2 SR an 18] 3 Fram . ] 4 AP o REEARAL K ROC HIZE LA K Precision. Recall HIZELLHK .
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Figure 2. Simulation results based on logistic regression model
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Train Accuracy TestAccuracy Overfitting ROC Area Precision Recall F1-score Support RRM/customer RRM % RRT %

LogisticRegressionCV 0.751 0.751 False 0.844624 0.521368 0.783726 0.626176 467 77.847268 80.909103 60.717482
RandomForestClassifier 0.7 0.7 False 0.833962 0.463504 0.815846 0.591156 467 76.688583 82.971437 64.536319
Linear SVC 0.7 0.701 False 0.832447 046398 0.813704 0.59098 467 76.612368 82.671422 64.477005
CategoricalNB 0.739 0.738 True 0.821244 0.504098 0.79015 0.615513 467 76.813957 80.489536 58.436784
KNeighborsClassifier 0.8 0.797 True 0.842982 0.630952 0.567452  0.59752 467 79.109623 59.531676 28.480971
DecisionTreeClassifier 0.753 0.75 True 0.81769 0.521084 0.740899 0.611848 467 78.011127 76.648838 58.947564
BaggingClassifier 0.748 0.743 True 0.837233 0511594 0.755889 0.610199 467 76.585836 76.770803 48.239706
AdaBoostClassifier 0.749 0.746 True 0.847724 0.513587 0.809422 0.628429 467 76.257672 81.855576 62.016566
XGBClassifier 0.788 0.754 True 0.834755 0.525849 0.762313 0.622378 467 75.987219 76.818084 53.091100

RBF SVC 0.751 0.742 True  0.829481 0.50922 0.768737 0.612628 467 76.768663 78.262073 53.470557
CatBoostClassifier 0.779 0.758 True 0.847855 0.530973 0.770878 0.628821 467 76.273472 77.973843 56.658716

Figure 3. Several models prediction simulation results

3. JUMRBYFUN{ ELLS

ROC Curve Precision Vs Recall
1.0 — 1.0
-
,"’,
08 L7 081/
V
o= . =
ET Classifier(AUC) -
2206 . assiher 0.6 - e
2% -7 — CategoricalNB (0.82) s —— CategoricalNB
ﬁ i ,/' ~——— LogisticRegressionCV (0.84) @ ~——— LogisticRegressionCV <
2E o —— KNeighborsClassifier (0.84) § —— KNeighborsClassifier
22 04 el —— DecisionTreeClassifier (0.82) & 5.4 ] — DecisionTreeClassifier
S5 // —— BaggingClassifier (0.84) —— BaggingClassifier
E@ Rad —— RandomForestClassifier (0.83) — RandomForestClassifier
el AdaBoostClassifier (0.85) AdaBoostClassifier
0.2 —— XGBClassifier (0.83) 0.2{ — XGBClassifier
Linear SVC (0.83) Linear SVC
—— RBF SVC (0.83) —— RBF SVC
—— CatBoostClassifier (0.85) —— CatBoostClassifier
0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate [FPR] Recall
(1 - Specifity)

Figure 4. The ROC curves of several models are compared with Precision and Recall

& 4. JLFiERIH) ROC %% 5 Precision. Recall ¥FEE

SisSI R I, BT RZH BB EAIUEI SR, RATRAXE®EEIA, MILFRA. 2k Sve
SRR SRR AT LA I S VR R bR AT, BRI s A B, T R A R
F1 7040, B TAERG FEAN G [ 2 2 (RS T IR R B, R 4 Bl B e R R v e . RS 4R (R
AL A [ R AR T 26 M SVC FBEHLARAR, (HZHR AR TR K—3 0 A WNIIRE . B2 4 =15
REAE TEAR R HH IR P55, (HB R AR R 2 1 H B s vy, DR G324 [ VA 1) RRM Yo A& I Bl AL
FRARFNLZEPE SVC o 1 38 o 32 45 [71 U1 (4 78 RRM/customer B AT D3 W% 45 [ )3 B VR 50 0 25 1 R
X T 5 o ARG 1k B T S AR P 4 B SR R TR AR R R E S, (15 0 AR METE A A
Hff P B A [0 SR ) R o TR e e S R W SR A

MEZ A A R ER R DLt A S 2888, AR AR B R NS HA R =1
TR PR BRI RN S8 (R EAT AU o ST I AhoRUAT tH 2 K 1 P AN A Bl 38 2 AR I 45 5. T
REABEZHIN, ARHEEFE A REE R, EEEMN KRS, LmpEyARK. R, k58
R, MARERETRIPRETLRAERS, AMMECH. H2, WA R EERERE A 5
BN TIATERE R LSRR 2, Mg $Ei8 4R EE, KA RA B &R F1 240 RRM/customer
B, e M RRM% T R HLAR MR

4.4. EERIHT
FETHEZ AN THE SR, @i o8 11 Fhik B A U 4 AT b 5k 37 B A0 1) 122 45 [R] A 488 7Y
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B T . 2 K0 B 5 T TR S SURAIE, FORSARIKECN 50, AT L1 U FHRE 6, Bk
BRI RN RHA] liblinear o X T-4% St i3 48 5] )3 50 A P ARAN SBURR S 5T (R 32 ] U 2 5
TR, SRR 6 PR

Table 6. Comparison of results plots for different logistic regression models

% 6. FREIEIEEER R 1L RE

Classifier Precision Recall Fl1 Overfitting ROC
LR 0.66 0.52 0.58 True 0.83
Cost-LR 0.52 0.78 0.63 False 0.84

B 6 nTRAAE W, A BB 3T F B AR [ ) AR T R, A BT R A A U S
PGB R, EREE TR T 0.14, (BAEHABIZEITHHES T 0.26, Fl1-Score #&5 1 0.05. [FKf 7] LAK
I TN R 2 ST 108 55 [0 AR T 1 AR G i8 S [m A T A 7Y (kAL PERE, AiRZb T i &8l % . 8
b0 Hr 2R B AR TR AR T F A P U SR, RS B K AT RE MR K i B AR BN BV IE TR R
5. &XRiE

A SO ARM U 2 SR BvR s Al ok, 8 IV B A R A AN B R AN B B AN TR
BB, ML N E9E T IEREA 40 2. 85 J LRl ) BB R R AT 2 7 I bL iR, &R
FEH AR BBUBR 1) Logistic [F1 VA 535 SR AL 2 FH P 30 2 PSS Y o 245 70 B B A 1) Fl-score 4 47 H. RRM
R, R UIZ AR AT DLk 3 T S 2 P I AR B B B R 5 EL T REAR U R B BT B 2R R

e
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