Operations Research and Fuzziology &% 515882, 2024, 14(3), 843-851 Hans Y
Published Online June 2024 in Hans. https://www.hanspub.org/journal/orf
https://doi.org/10.12677/0rf.2024.143320

T BU#EI Tomek Link 5 3ETMBE & Ptk

¥t
MG R P S 20, AR AR

ks HiH: 20244F1A8H; FHHEM: 20244F6 H20H; KA H: 20244F6H28H

B

AR HRER R KRR, R T —4a 7. 5568 A XGB-RFEJ) X RHE#EAT 77
1, DNEEERAMRHRE, HUCRAE T ERXBIEER T REEE-FERR, REEASFEHE.
BEXPWMTENSENA, BERREEERITRESE. FRRY, ET0EXXRIEERTH
Tomek LinkXRFEHAR, BERR T B MERFMERE. o, K %TTIEN AT TabNet R b, FF
AT REFKIBR. X—HE&HTERNTHEZFRATMES SHFMAME, FERRBRARNE,
MEF PR

XKiEid

Tomek Link, Logistic Regression, XGB-RFE, TabNet, 7 )J'{i%k

Predicting Telecom Customer Churn Based
on Improved Tomek Link Method

Shiying Zheng

School of Mathematics and Statistics, Fujian Normal University, Fuzhou Fujian

Received: Jan. 8‘h, 2024; accepted: Jun. 20th, 2024; published: Jun. 28th, 2024

Abstract

In order to address the issue of low detection rates in telecom customer churn, a comprehensive
approach is proposed. Firstly, the XGB-RFE method is applied for feature selection to choose the most
relevant features. Secondly, a data balancing technique is employed under a stratified cross-validation
framework to address the issue of class imbalance. Through the combined application of these two
methods, the aim is to enhance model performance and interpretability. The results demonstrate
that the Tomek Link under sampling technique under the stratified cross-validation framework
significantly improves the performance of various models. Additionally, successfully applying this
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method to the TabNet model also yields favorable results. Therefore, this comprehensive ap-
proach holds practical value for predicting telecom customer churn, with the potential to improve
churn detection rates and enhance business decision-making.
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BEEHE T4 H el gy, LR AE AR iR R, &P A RSz ks, SHES
TRV R IE N, R B I % P IR AR tAE AT ETH[1]. 2R, S3REUE& AL, 4igss
FUR AR AR, PRI £E R B AT ML H 4k B AL 2 P I 25 e K 204 [2] [3]-

AR, ZEFEATN BB R PR AT T 2 7w Fe. i, JA3EE 4R K-Means 58387572
SR AT Gy, RS T AN RIS, SRS [SPEHR S ST R AE AR T E S AN R A, R R 2 )
B S HLAE 2 F  R s AT B R A o AT TR 5 R AR AP RS S SRS [, R4 2% 7 T 2R AU 23T
B —FF[6]32 6L T BT BENLARMR BB 71k, 1B B v B A D T P e BN I ALA o 88 DL &
HrE i E .

HH, 8T XY RIATE S, DRI M ER S, 75 RPN
SRR R FER AU R VE AN RS . SRTT, B TR BN R T, AR SRR 40 2807 1R T VR BN 2 R A
FOTIN, IXATRE S EERMEA 2 . AT IR R, B NAMIFRFE R T 2R 5E7]

— o LR 7 VE R AT A AR S gk AT AL B, Forh Tomek Link 777252 1853 # B Ao T2 il i S Bk
IESFEA, DURFHEERI 7 5 RE . X PP 5 i R A b el /N 5 £ RS, AT o038 28 ) AN~ 48 )
o ARSCAES) Tomek Link 35T T okl $8H T —FhE T4 228 XUIAIFAEZL ) Tomek Link R
FEJTE, DR RBE ML SR v . IR 2R B 7 U T 58, Re B84 i /- I Ak Tl () 28028

2. HXEARFE
2.1. XGBoost-RFE /5%

XGBoost H 7Y & R R A1 1 [8]4 i —Fh A il I Bk, I BALG 2 B R G E—ile, A
A AENNZRTE 5 P AR B A HE TS B I RE T - A S0K XGBoost B2 5 3¢ I HFAIE T Bk (Recursive Feature
Elimination, RFE) ¥ ABMIZE &, KA XGB-RFE J5 i3S R T Ik o IX b7 ik i H A il 2 ik 25
XGBoost #4, FH|H XGBoost ik B ZVEFE I F-score JiEXFHEHATHER , K5I b A H L
FHIERIE BB IR, DABR S B M R A DS 2R ) 52 2 M

W BEARE S BRNGE .. BAFERNHREE.

IR AE LS A EHE N R 25 XGBoost B8, K T4 38 IR IE R FHR RIS M E .

W= A ISR PR BT SRRFAE Y F-score, T XRFIEHATHET ,  (RMRLLRFAE XS H b5 28 & (1)
AL NS
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BRI 25 2 Uclse, BATHBIE h FIHBUEE R 0.2, J8J5 MR IX — BIE R H0 W2 75 L B I B
PIRFAE . WIRAEIRUESE ) AUC BT 0.2, AR BRAH L RRFHE o

R @ AR, BUERHERCE AR OR, TR X % P I R PG B R e ) Ay
fiE, I BEAREHEZ A TUAR -
2.2. Logistic Regression #&#Y

WA — AR TS, B e A HoT ket o, EEM T R RBMARHEN X,
FePN ) — e R R A y. B, WTRAMREARL HEAMEHSG:

z=Dby +bx +0b,X, +---+b %,

H, b, &#FE(bias), by,b,,, b &RHERE (Coefficients), X, X,, -, X AEHNFFIE o

Rk, Wt H A 2 AT Logistic BRE(H AR Sigmoid e&i%), 3R —ANE 0 F 1 2 (B HERAE,
FORMEARTE T 1 FIMEE . Logistic BB RE X

P(y=1x)=1"5

BB, BT LURIE B SRR AT 4 K e e, R P s SO — RO B, B RS
SAERTNI, TERAA, BTSRRI, BRI 52 R
y=1{P(y[x)205) e, BIELRMA x HNEST, AR PRER P(y|x) MR K E. B
PRI, WA P (y[X) KT BT 05, WA RMRIINLE RN 1 WRAIMAANT 05, 71t
BRI A 0.

23. B ki ZXWIE

K H758 XA UE A& — Rl WAL DPAG 592, BB B SR 4 i k A T4, R IRVGERFRH  — A T
NI, KRR K — LA TEE NG RATHERLT AL . SRIM, FRERae I TEv] BEAAE— A
a8, BB 5 v e S SRSt 8 RS 3 — 2RI B, AT R B (I SR D T i RiX A i,
)2 K PTAE IR 73 E AR 730, 5 T BN RAIIAEA LB, AR RN AL B % 2850 1)
FEAR, TGP AR B T B 00 /0 A e A, B8 TR BV A I TSk o IR VR BT 9 AL AR I 5
AR BRI A, D TR P RO SR LA R, D T IR .

I ASGEL R k 3138 XIRAE, FillZE(x_train 1 y_train) &0~ k NS, BRSNS TH
RPN IIAT G GEACL . R —FEET 22 k 3758 XERAEAIHESE N {8 H] Tomek Link FA 7%,
B 7E RN AN [ 8. 1% A3 0 2 B H b B ORAE AR B AN () A0 SRR, A BR8P PR A 42
L N EISVE D Ea
2.4. SMOTE &R#

SMOTE i KA & — Ak T4 AL 23 18] (1 15 D BERFEAS ML KA T332, B AR XA A K 4 ) L
IRl AN R (1 TR G OB D BERREA, NI ISt S v D BRI E A SR, AR IRA T
Wit FEAG RO R

DR MTRNDECRHA, (HREEH k DML AREAZ R ZEE. R ER AR, R
FERG AL 8] v A BRREA 5 HL AR s 2 RV PR B S AT 1)

DR FEHLERE T 0 B 1 Z R L.

AIR=: KRR EIRA S 1, RS RSN R Bl 25 8 B RFAE ) B (D BERFEA) o IXA
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2.5. Tomek Link &34

i 7 BRL 10 T SRA: 1) v JEL AL A 5 [ P S5 T AR AR B ATL e SR A S ] S8 A S A A 2 ] o8 38 A %o
S E . AR Z IR TR S A T, T AR G IR . TEA I SR EIA AR B
WrAR AR, BRARTT U 1E S RE AR 40 A7 T L [R) sF 1 2 o I 910 AR B30 2 TR0 7™ 81 S A9 e A K 2 1l
FRE HBUASR 8 T S B REAS ) 25 [ LE U RE AR NAR IR o T DL MRS Tomek Link Xif 3842375 BRix 2432
R

Tomek Link /& TR E BRI, FH T A3 b T3 SRR 1T 51 N 10 e 75 H A B B AR AR [9] . XoF
THARE R PEANFEAR X, THESHAREAR y Z ARG ES dist (X, V). IR AIEAES = MEAR T 2,
A2 dist (x, 2) < dist (x, y)F H. dist (y, z) < dist (x, y) (BIFEAS 5 x, y A FIE4R), HH x 'y J& FHAARIFE K
Fhl, ALK EA SRRy “Tomek BEHXT” « &S00 Tomek Link ZRRAE 71238 5 23 HEBR R S0) Hp
MIREAR, DLIERRX SRR, TR M 7 i i s, s A ERAT T 2R B 5 EIRE A

2.6. 9F k IrAZX M UF——Tomek Link & 3E#

93 J2 58 SIS E ] Ay A AR JLAN D 3R

DR BRIRIIGRERRI TN 5 MhE, b MEARIESE, HRIEANIIZE, DPFEHETERE,
FHIR D BARAT B 51 A 2= . RENE 5 FE A AR B At ol . e IRBE D& IS 0 A 5
BB T RSB AT KB -

AR BN XIRUEEAT, JFESENM TS AT Tomek Link ZCRFEECR BT & BUEA, LU#
DRSS (1 7]

APR= IR AN SIS IR B R AT AL I 2R .

AR A LS SR IS RS Bl AT N, R RS TR AR, XL A T TR AR R A A
Bk €/ i Rg:of Y

AT o HTPERESRIRITEE, DL TR R B A R AR E 1

IR TETERITA ZE XIAET B ISR, B00E. MRS, EEEERea ALV E e A, DA
T IR SR SEFR R -

3. ¥iEAIE
3.1. ¥IBFKIR

Table 1. Description of data attribute features

= 1 BIRAE MR

REAA R =RcalL]
CustomerID & 1D
Count HE
BPREAER Country I X
State P
City i
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o3
Zip Code M3 B G i
Lat Long 2205
Latitude 4
S, Longitude 7
o Gender PES
Senior Citizen RB/NEEN
Partner BHIAE
Dependents HEFE
Phone Service AT HIE RS
Multiple Lines e 2o
Internet Service M7
Online Security M4
22 P I3 % TR 5% Online Backup TELAA D
Device Protection BRI
Tech Support FARZRF
Streaming TV VIR B AL
Streaming Movies AR
Contract A [F) HIRR
Paperless Billing R TAA AT
Payment Method I VIEN
KRS R
Monthly Charges Hi
Total Charges MRH
Tenure Months [Eigea ]
Churn Label i FAn 2
Churn Value WA
R iES Churn Score TR HL

CLTV
Churn Reason

P A A B

TR S A

SCHAEFISRIE T Kaggle P9k (T R 25 7 i I LB 4R [10], 2 8da It 7043 S8l 33

AN EPERAE, Herb R YRR LA Do 4 2K,
EATRRANTG . B R (0 s PRI IR

3.2. HETMALE

ZAFHMEE, KL “Total Charges” #HhfEdE 11 M HF

m#E 1w

AN PREARGEE . BITRASIURS . B KA

FFE, MK 11 25 E5F N “Tenure

Months” FIEME N 0, XEMEIX 11 K808 TH A, ALK A £ %A N 17 B IEXAN ) #,
Al LUK IX 11 2580 1) “Total Charges” #1 “Monthly Charges” B A 0, FRniXEH H %% N 0. X
— AT LR AR B 1 — SO R R, DU S e Fr A A
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FENLAS 5 ST, X T SRAL I 5 ZER I B 00Re H e i SO R B . A SR AL A AR
g xt o KA HAT Rl SRR AR RR AR AL A BT e RATER LB T e KRR
BRI ONEUE, Db T RIRAEE . XA, ARAELARER AT AR IR E T B A ML RS, B TR
re AR TR (R REAT T AR

3.3. FHEIERE

BAR AL, KRR L 8:2 [ EL Bl BEAL 70 eIl 25 Kbl e ANl B 48 - VI R Bt Sk
XGBoost 7) K& (1127 S Ak, I AT B S HORIE S TR L, e &€ N 2. 558,
18 F1} XGBoost 73245 A I RHIE T BR (RFECV) I 7 i, s H fie BLEE ) 28 AMRFAE, DASR B (g P RE AN
AR .

4. SERRSTHR
4.1. HEFRE

oK R N HER R, (R T AP TR AL A8 7 2 R 2 MR N R TIHER R, 53 2R i 7 2 4K
K, AICENEE PR 2 HERNARRR S, IS MBE EZRARE 0 NRRURE S
X RS A FRR A AR . RIASC S A KA. . F1. AUC{H.
4.2. {REGFE

421, ERIKRLER
K SMOTE iRtk PR rb SR04, ARG 8 FINLES 2 31 i kAT BRI 45, SRR
T A IR HEAT ROR PPl . SZE6 45 AR £ 2.

Table 2. Effect of traditional SMOTE method
52 2. 154 SMOTE 53EMER

Model Precision Accuracy Recall F1 AUC
XGBoost 0.7383 0.7962 0.7387 0.7385 0.7387
Random Forest 0.7505 0.8054 0.7605 0.7551 0.7605
Logistic Regression 0.7365 0.7763 0.7895 0.7464 0.7895
AdaBoost 0.7409 0.7876 0.7852 0.7530 0.7852
LightGBM 0.7439 0.8004 0.7476 0.7457 0.7476
CatBoost 0.7449 0.8011 0.7498 0.7473 0.7498
Gradient Boosting 0.7439 0.7983 0.7668 0.7532 0.7668

BT 03 R AL IAESE N A SMOTE HORM A HEAT IR, SR R R 4% 3.

Table 3. Effect of improved SMOTE method
3. Kt SMOTE &R

Model Precision Accuracy Recall F1 AUC
XGBoost 0.7296 0.7898 0.7207 0.7248 0.8494
Random Forest 0.7494 0.8047 0.7557 0.7524 0.8568
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Logistic Regression 0.7319 0.7713 0.7844 0.7412 0.8686
AdaBoost 0.7385 0.7898 0.7738 0.7503 0.8619
LightGBM 0.7483 0.8040 0.7466 0.7475 0.8564
CatBoost 0.7548 0.8089 0.7526 0.7537 0.8640

Gradient Boosting 0.7500 0.8040 0.7698 0.7583 0.8668

BT 00 JZ A8 XCRHIE A AESE T {8 A Tomek Link F2 ARG ALFAT ISR, SCIR LR MR & 4:

Table 4. Effect of improved Tomek Link method
5% 4. B Tomek Link 53R
Model Precision Accuracy Recall F1 AUC
XGBoost 0.7391 0.7969 0.7332 0.7360 0.8523
Random Forest 0.7621 0.8139 0.7500 0.7556 0.8604
Logistic Regression 0.7630 0.8153 0.7612 0.7621 0.8690
AdaBoost 0.7485 0.8040 0.7543 0.7513 0.8626
LightGBM 0.7318 0.7912 0.7294 0.7305 0.8583
CatBoost 0.7449 0.8011 0.7498 0.7473 0.7498
Gradient Boosting 0.7575 0.8111 0.7566 0.7570 0.8680
BT 43 228 SCRAIE FIHESE R {# FH Smote Tomek BRSNS ARLIEAT ISR, SLIR 45 W R % 5:
Table 5. Effect of improved Smote Tomek method
2 5. ¥ Smote Tomek 753ERER
Model Precision Accuracy Recall F1 AUC
XGBoost 0.7353 0.7940 0.7270 0.7309 0.8477
Random Forest 0.7484 0.8040 0.7518 0.7501 0.8600

Logistic Regression 0.7326 0.7727 0.7845 0.7423 0.8687
AdaBoost 0.7398 0.7926 0.7706 0.7509 0.8661
LightGBM 0.7430 0.7997 0.7463 0.7446 0.8578
CatBoost 0.7521 0.8068 0.7468 0.7494 0.8630

Gradient Boosting 0.7472 0.8018 0.7658 0.7551 0.8640

M EZRTT UL H SR A B 117 07 125 5 AT N SRR R RE VA i 20 J2 58 SCIRAIE AR RE S T A ) A
A D7 AT IRV E R 4T FLrp T 00 JRAS CRAIERIAE SR T A ] Tomek Link JCRAFESA N A6 7 it
IFINGRIIRBOR B o IXRWY, A0 2 28 SRR AOHE S ] DA SE S AL BEA AT Bt 4, RUAE AR T4
MBS TR NIGRIREA, T AR ERE . tEAh, Tomek Link £ ABBEAN- 1 K45
ERRI o, BT MR A TERE . Z3 G M 202 22 R UEAT Tomek Link S5E0A, W] AR 1R THE
RPERE, MEHSEENATEEGEE, Fm o RAEm e AEEEE
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4.2.2. =HrE& TabNet 58

TabNet & —FpyRIE S B, L8 T AR RS EE, thin CSV SCPFsldi AR . A AL
Google Cloud Al HIBA[11]F 2019 5 kit , FEAEZANFIGEARAT S h R I TE 4+ PEMPERE . TabNet
DALAERFAEGR 3 . S LRI AB A8 P 07 [ AR BTt T 32 855, A B 2R i S5 i A B FR 14 1
— el KT RV IR TS o AN SO T = B TabNet B, 7870 4% HLAE A P R A& B I A A et fie

Yo, XEFABIEEST AT, SRIENA SMOTE 3 RAESNE. X—B R H il 4 &
TR A B A R ETEE S, BN 7 IRR R P REASCE . IR AT DU I ZR 8 T AN [R] 00 2 1]
(1 43 A S50, SRR TR B T DB A . SR, FRENE R, SMOTE BUET eS| N —tem s 2
Tk, WAL SRR SRR BEEN ] SMOTE Tomek R &KFEEE. X—H B4 T SMOTE Al
Tomek Link 532, e i [ iy 39 I0AE 2k 25 7R A RN B B A7 28 P AR AR SR B L AL BRSP4l [ j . X
B3R s R v e, IR MRS (s, BJa, R VR B2 R Tomek Link ZCREEHE L, LA
PAF D R E AR R . XD RE BTl D SRR R, IR MR 2R R

BRI A=A BL, BB BCERE A TabNet B HEAT I 25 52845 B — AN Gl 2 i s,
DA G b A 325 i K I RIS P AT B B 4R o IX b ik B AR SR R R V2 AL RE 7, DAE R TR
FURSEE L. GEHL4E A Tomek Link K EFEAT TabNet ) TL-TabNet 5. 454 SMOTE i RFEAT TabNet
f) SMOTE-TabNet 1%, 454 SMOTE Tomek KA A1 TabNet ) ST-TabNet 5L 1E At bhik, szt 4h )
W7 6, AILLE H MultiS-TabNet 532 GG B I AS AT LA L% ', MultiS-TabNet 5% (1) AUC {EAE
A B3RS T 0.5%.

Table 6. TabNet model performance
% 6. TabNet fREIFR

Model Precision Accuracy Recall F1 AUC
Smote-TabNet 0.7162 0.7315 0.7762 0.7104 0.8572
ST-TabNet 0.7183 0.7774 0.7326 0.7237 0.8368
TL-TabNet 0.7627 0.8118 0.7305 0.7434 0.8584
MultiS-TabNet 0.7320 0.7791 0.7752 0.7435 0.8634

5. &g

I S 2 R RAB DU B S R AT 0 AT, BEAT T 33 AR RS HLAE & S AL R (Churn) B, A8 3C
BT 2 A REHLES % SR, 45 XGBoost. Random Forest. Logistic Regression. AdaBoost.
LightGBM. CatBoost. Gradient Boosting F1 TabNet #4!, Xf Fiill & R AT 1 LU, FHFPPAl 1 IX LAY 7E
Precision. Accuracy. Recall. F1 fil AUC #ReFabr FRIZRI . @i o g #2 oh - 3 O ik 1047 A
ATRUR IR, ASCHEH IR T 70 J= 58 B E R HESE N Al Bl P R 1 50, X & AME AL PERe R B AT
—EMIFETE, JoH RS T A T Tomek Link ZCRFERIAR, BUS T BRI Bat, A58
WX —HE P47 75 ) B T TabNet A H, JFEUS T RAFRIRCR . X R BZ 7 IR AEAN R S AL A Y
HES B — IS HAME, A BT 52 i T S 2 7 T R B HE R P A R SR

SE 0k
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