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Abstract

With the rapid advancement of information technology, the telecommunications market is becoming
increasingly saturated, making customer churn a critical issue that telecom operators must address
urgently. This paper conducts an in-depth predictive analysis of customer churn trends based on
user data from Telecom. Initially, missing data was imputed, and feature encoding and derivation
were performed. The SMOTE and Tomek Link techniques were employed to address the problem of
data imbalance. Following this, six individual models—Random Forest, XGBoost, SVM, Logistic Re-
gression, AdaBoost, and GBDT—were used to predict customer churn. To improve the accuracy and
robustness of the predictions, this study applied the Stacking ensemble learning approach. The
model comparison results indicate that the second-layer model using SVM achieved the highest ac-
curacy (0.8645), with performance metrics surpassing those of the individual models. The study
demonstrates the effectiveness of the Stacking ensemble model in predicting customer churn and
identifies the key factors influencing churn through detailed analysis. These findings provide tele-
com operators with targeted recommendations to reduce customer churn and enhance corporate
revenue and profitability.
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HEIZE AR R 7R 8, OB i kR gt 1 BB A . 3 P I s e
S, ATUUEST R, RS AER) AT RET R IO, R SR ) BRI [1] o A TZ RS S
FL(E I 8 e AT LA S LBk (8 S S, B e FH P R R BE AR o [ A R R K 2 52 T
Hu ML PRt , MR A R R RS 00, 10 e 9 F P B RRFAE T SRR S RS AR AR
RUHEAT PR TN B BAL PR o) o J8 SO A5 N 0 ik F P O AEREATHR R, 0T 1 AN R 2R RS 2R
JUZ IR IR ER RS AE R S AT N I A BER R R L 5 1R P AT 7 R A, IR A
REE2]. SHERGENSEH 7R TRAE TAER 7%, Rl A SRR AT A AR R, SRR
MOTIERENSAE — ERE L LARTHEER (O UL RE[3]. G Wl a7 M AR AR, BFFEN SAE LR L T3l
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AR AR P B, S5 aPlas s 15k, B BUR AN . R £ DL Stacking SRR ST TT
2, HEE T AN SO HERA B H T PR AR R o AR AL SN A IR SN AERf, T DL AU
M PR, EREIRBIFEMINUR K S i A, 7 Bha s i A bl e i i 18 it AT 32 i i 32 4 5,

DOI: 10.12677/aam.2024.1311471 4897 A H ek


https://doi.org/10.12677/aam.2024.1311471
http://creativecommons.org/licenses/by/4.0/

TR &%

Bl FH P 0 SR 328 T 7 DR B S TS
2. BIRFAGZE

2.1. BIESE

AR T iDataScicence -5 R G AR KIBHESE, IZHEEE AT, BIE 5986 %
B, BSAEEAR LA PIFEE 20 MMEEYE . SERIE D REAE R RSEEMEREE
ZRBA R HrpEEAE RS REEBAR. 2HCE%E, RSEEAFELTITEBRIERS. 25
THE AR S SR IR SS, S FE SO aFRRM, BiTER. RMEEL, BAEEdErHilE 1.

Table 1. Telecom user data description
= 1. BERPBENE

AR B R AR B fif B AR B R AR B fif B
customerlD %F1 1D OnlineBackup RBE T EL &M IR
gender 501 DeviceProtection R WA TR
SeniorCitizen RTIRR TechSupport A OEBEF AR RS

Partner BB Streaming TV ST O R A P IR S5

Dependents REAFE StreamingMovies 2 CRIE I AR 5 B IR 55

tenure M % Contract HIRIA
PhoneService RECIERBIERS PaperlessBilling R LUl A S e
MultipleLines B/ CDIEEZ KGR PaymentMethod i3 =
InternetService & P Internet IR 45 R AL MonthlyCharges 5 AR &A
OnlineSecurity BB OEERER T RS TotalCharges JIR 25 0 P9 START I 5 4 i

2.2. BIEALEE

H A BB RS, KIUA TotalCharges /7 fEBRRME, AA HABKE KILZHVH tenure 75 0, BRI
TENEE R P B LK S S URAE D H AR A

Table 2. Assignment rules for tenure_year
5% 2. tenure_year MBI

tenure (FET A %) tenure_year
[0, 12] 1
(12, 24] 2
(24, 36] 3
(36, 48] 4
(48, 60] 5
(60, 72+] 6
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SR W 0 BUAFAE 3 3 A BB R AT, 0 8 AT 4, % Yes B4y 1, No 4624 0, % T+ Contract.
InternetService. PaymentMethod X5 H £ Fpah AH 7 A8 &, 1EFF One-Hot 4w, &G EEHET 1
i AR [ B B 5 ) N 0 B PR R 22

N R RAFFAEAT A, Gl 5 G BB AT R AR AE I A 0T % IR 55 O e R R A
NumsServices, HTGuit &AM PRI RS . 0T tenure FiE B RHIE tenure_year, #UUA1E 2 FioR.

FE P 1D MBREIRATRHE R 54 R 28 A, B/ kBl &l 1 prw, Fodr ik P #1587
b 26.51%, EHliFEA S A A PAT, 755 SRR, BRI BT A &R T SRR R 7, L IR 2 A0 £ 73%
Fei, TRIRFRATT 7% B0 B AT b FE

0

73.49%

1

Figure 1. Customer churn rate
B 1 Bkt s)

N D B AT D 5 B 23 AN 1) 8, 3 R S I SR ER R A B R B AR AT Y TR A
SMOTE (Synthetic Minority Over-sampling Technique) & —Ffid REEFA, i3 78 > BERFEAS 2 0] 4 BT
(RIS I E) KA e DB AR 20 A, X A4S DB ARTERFAE 2 7] LS oy, ATTIA B TR 5
B2 31 [4]. Tomek Links A& —F X RAEHAR, FHH TR BREARGE AL “ 25 5 1807 P4, Tomek
Links [F15E SN TEAS AR AR AR S 2 (B AF LRI MO IO AR I DR R [5] . WHRAEAR A TR T 25025, st
A B BT, HXWAFEANRITAS, MFRIXPHAFEAR L T4 Tomek Link. 7EIXFHELLT,
Tomek Links 2k 2 BEEFEA D A), MR EHELE . W AU H SMOTE AT 78, "Re=R
NGy R FANE M3 BUSEBIAE N ZR RIAE, FIEIRATR A SMOTE il Tomek Link 255 HA, JeH
SMOTE HARBATY 78, SRJ5MH Tomek Links MlFR7E 50 IRIE I 2 BERFEAR, 1550 U Sl S5 Inis
W, AR BIFRATTBIBAE 43 1 9 4399 Fil 4124,

23. 3AEFE

2.3.1. SVM

SVM (Support Vector Machine)ill iz 38— B4 IR~ T SR e K AL AN [E 258 2 TR R 1) B, A TT SEER
SPRME 6], ZEIEE Y AR RIS, HL RS UGB AR LM S0 R . R AR SR 2 v T
Y, EFAETISE, ME D ORI, SR EFEAR I R R s R AR 2 AN R 4y
I, eI 2t AR 4 v] DK B R AR e A B s AR AR 2 1], 2R v] 4y

2.3.2. PR 5E

BEMLARMRIE — PR R 21 7 ik, BIVF 2 ANSE I PR SR A 2 R, BARRE 7E VI 2R ) #1823 VI 2 5030 4 v
WUERE—>FHE(EFH Bootstrap 77i%, BIGUEMAL), FFEIXLEREAR FHHTUIZRT]. BENLARMORE B A i
Mg RRAT I SR, IR IR B 2 N SOIME N & R R A, TEMERRRARR I, BT
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732t AR BRI £ (0 — B A EBEATZ £ IXPINBENLIERISIN, (EA3 BEALARAM B A B Bz AL
VAR IR =g S

2.3.3. XGBoost

XGBoost (Extreme Gradient Boosting) & —#3t-T- GBDT HREAY, %597 i 75 A5 i B FHAE 48 b it
PR R BN D1y SR FIRATE R, B T2 E E[8]. 5154t GBDT FikAH,
XGBoost K T Hbr s I RE A A, XERETH RS, B8R AR E
B SH, A BT T SRR AT AR BE . H AR R BN, UK 45 R T

2.3.4. AdaBoost

H & M 32 T+ 5% (AdaBoost) f& — M 1 B I SRR AU R 22 2 2 A 895 21 4% TR LA G
SR ) AR ISR U [9]. AdaBoost AT LA AR R SRR N 9552 20 8 . LR D IRON:

1) VHAHAEARE : FMEARRYIARCEAE R, @A UN, Hrh NORFEA S

2) Mg IHAs: R HIAUT, R SATREARCE, %5570 28d8.

3) TR : AR R 2, I LA, 15 T — R 2RI 99 70 888 QIR REAR

AR AR IER 7328, T BRI A .

4) THEPRAEHIBE: ARG RABFHI D RERE, HHZ D RBIPEE . SHRARBIR, Z20RKE
FRASL LR

5) mZI1IE: A 557 KA KA R 8 B 24 17y K45

2.3.5.GBDT

GBDT (Gradient Boosting Decision Tree), BI#fiEEHRFF LM, £ —MkAIpLEs 2 ) Bk, ednt
P g — FR A 555 2] 2 (ED UL W), FRAGBATTR T 25 SR AH D073 21 S 24 1 [10] 0 X o BRLV200s e SRR FH A A
SO ME MGG, DA s T A

%T(x;d)m)

m=1

Fu ()

RARHT (60, T, Hrb o SNPGRS, M OATSERIANL

2.3.6. Stacking S5 S 1R

Stacking A& —FHEE R ST RIR, JEAERAEN TR REAURIRTG 1T iZ o0 XM ikE s a2 4Nz
WIRBRI11]. E58— 2, HNRHESE, ZAARNRER ISR R PR RIZ R 5%
WEIFAT A o X LAY ) T 4 HE e & I OB R AR S, IR R B RO . B — RS2 U R i
SCARIEAEREAT ISR, DAE XS0 58 (B AR 2 1 e R TR, T — AN LA Stacking £/ > 4.
2 RHF IR ERE.

HAE— 2 A 1-n Z2HEREN, wTHEMNERNE L, RETMEEE HEE N m 15
N, HER m R BRHEBCN R, ARG 2 AR R R 2R R AN . AARSC R, KR
OB FNET n MRS, FRAS BRSO IR R IR, SRS T A R O AR A m R
—H, MBI A SR .

Stacking JiEAE S — 2 KA E A I ZRBAL, W XGBoost ABEHLARMR, LARAHRH A BRI fE 42
RERS AT RO AR SR LA VI B RHE . 58— B AR FOARF R, MR F R AR, §EH
B AT S SR O R ) AR 2R MR ARAE . (B2 AT RE S RO G, DRIGIE 7 5 2 SR BN ] R AR A
(imibE
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Figure 2. Stacking ensemble learning framework
2. Stacking & ¥ S H#EZR
2.4. Vi8R

L FIEMBATE, BIRERR BN AMA; False Negatives (FP): R FHTE, EI B A 1R IR 51 N FH 1
FISEBRREA /N4 True Positives (TP): B IERIPEME, BV IERIRAI NBEEAI4MA; False Negatives (FN):
BAPE, BRI EE 2R 500 B P R S BR BH N4 [10] 0 T

{HERfi 2 (Accuracy):
TP+TN
Accurary =
TP+FP+TN+FN
K5 % (Precision):
Precision = i
P+FP
5 51 (Specificity) :
- TN
Specificity = ——
P Y TN +FP
A 8% (Recall):
Recall P
TP+FN

ROC HiiZk 1 AUC: ROC (Receiver operating characteristic) it £k &% & FPR (False positive rate), FPR
R, FETRIZE R0 T, SEPRIERA R EHR 2 . Iy TPR (True positive rate), TPR K,
TETZE A A EIRR, SEPRFERA IERME R L . EP#A%E TPR=1, FPR=0. #k ROC MZFEH (0, 1)
R, TR 457X F 2Rk AT . AUC (area under the curve)$g ROC 2k T 77 FITHIAR, #1528 AUC {EBOKHER LT o
3. BIEREMASE R
3.1. ¥HEXEE

IR A FRIE SRR R R R, Wi BB RRATZ 26.525%, & 3 @on 7 LAY
RFAIE R 25 /7 LR SRR AR AR I
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Figure 3. Bar chart of customer churn rate categories
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MIE 3 ] LR, Z5F% 7 (SeniorCitizen) PA J %% H & 4 [F(Contract_Month-to-month) i 2 F i 2%
FERESTRRFME, R RERAR R = RS AR A8 H 73 52 (Electronic check) SO A5 %5
PR F S, AT AT K EUE R B3SO PR R SRR . A, A AR (Partner) FI K&
(Dependents) ¥ % F it 2K R BUIK, R WIZKRE SCREAT e A B T2 7 BAF X T IR SSHRAE, A F £E 2k %2 42 (On-
lineSecurity). AR 3 #F(TechSupport) 55 ik 45 ¥ %5 1 it 2k 26 B 2. i T A X Se IR 5 (&, RISt 2
HEAE RS v DA B i R . RIS, A& IS A2 RR (tenure_year) I3 I, L 2K 5 IK W MR, %
Mt BT R P AEVII LSE N R Bk . R, kel DUEE 51 S & a B A R JR AL 2 H0E ks
FRAL AT 7 RS, SRIg D& P iR R AR

3.2. WETMREEMN S o

FEFRBRBAA AL S , B SR 7 RS RS, Hor 800 Il ZRte . (I IZRER AT K
P8 HE, FE40 515 FHEEHLARAR . GBDT. AdaBoost. XGBoost. SVM I [a] I 43 FA5 B F0 FH F
ik S RLB G M RIS E. G, & 3 XX MR B 5 LK LA fa bridt
1T 7 E X

Table 3. Performance metrics of six models on customer churn prediction
= 3. NIRRT R PR KT A Y BESR AR

A GATES AT ES Hml Frsetk AUC
BEHLARK 0.853916344 0.856344562 0.853916344 0.822159091 0.927287712
GBDT 0.836167954 0.837183134 0.836167954 0.818465909 0.918618302
AdaBoost 0.812995957 0.81482555 0.812995957 0.786647727 0.894795489
XGBoost 0.842917125 0.844034189 0.842917125 0.824147727 0.925309445
SVM 0.832208902 0.832423954 0.832208902 0.829261364 0.91153334
ek A EE| 0.831914894 0.832325355 0.831914894 0.824147727 0.918217932

FATTRFEE 7S Pl DL 7 SRR F P 3 2R TATE 55 )R I, B FERENLAR#K. GBDT. AdaBoost.
XGBoost. SVM 4 EIH, 4R EIR, SHAEMERZE, BimE. FRZE, KR AUC P fats
RN 8. o, BENLARAK. XGBoost £1 GBDT 7EVEMI A AUC J7 I RIS o, H5)2hE
HUARFRFN XGBoost ] AUC ¥Jiiid 0.925, R EHIX P FPELALEE X 43 IE 1 RFEAR B B I FIRE T . [
i), SVM FUZ4E [ S 7ERR M R IR T AR, Rk h 0.82, W RBAITE R AR A
— R ML, AdaBoost FIFRILAHXI AT, R tEiy 0.79, AUC AT HABAE AR, 15 1
RS F XD RENAN R . SRS, BRI 6, HEE R BT e FRI
Rt B, B HERRES UG SRR IS, Rl R mUEmZ A AUC J7TH, WReS 35 iE T 5
oy 2RI RE

3.3. Stacking SERR 3 SJH&RY
PATRIH CLESABR 5 R Ch 1 FBER)ME NEE 2 s, Hrp A #da s, Wk 4 fr

7o
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Table 4. The new metrics generated by individual models

4. B—1REEROHER

BENLARAR GBDT Adaboost XGBoost SVM A AT R
0.991475412 0.927301714 0.506394948 0.940501451 0.976957867 0.999697396
0.004 0.004610408 0.483397018 0.005830545 0.063165375 0.015630914
0.945629784 0.955006218 0.50693327 0.97356385 0.845409893 0.877307074
0.90569697 0.558104939 0.499092915 0.739449859 0.216911425 0.380050599
0.839789955 0.841635837 0.503271716 0.823562562 0.921073626 0.996355955
¥ EIRIEPRT NS BB, AR 5 4
Table 5. Evaluation and comparison of Stacking model fusion
%2 5. Stacking # AR & 1T ELER
it accuracy precision recall 1 auc
SVM 0.864516129 0.839224629 0.891041162 0.864357017 0.927457186
BEHLARL 0.863343109 0.854241338 0.865617433 0.859891762 0.927845587
GBDT 0.861583578 0.858880779 0.85472155 0.856796117 0.918905481
Naive Bayes 0.860997067 0.839677047 0.881355932 0.860011813 0.935658367
XGB 0.859237537 0.860837438 0.846246973 0.853479853 0.924416779
LDA 0.854545455 0.822544643 0.892251816 0.855981417 0.923063574
b4 AR 0.854545455 0.822544643 0.892251816 0.855981417 0.939420484
Accuracy Comparison of Different Models
0.8856
. —8— Stacking
0.88 0.8768 0.6733 S oo mon
0.86 :
/0,57\5\ 0.8534
0.84 ,/' \\\ ~<
g 0.82 ,', \\\ ,’I \\ o e—=—==="T3240
g s N K 08t
g ot /
0.80 0.8065 \\ I,’
\\\ III
0.78 bN /
N /
\\ //
0.76 \\\ /'I
0.7%19
OQ)Q& {(0&9\ o_ﬁ\& +0<b %G}oo 6‘%@9
& ®<§0 K\
& & 4
® &
VOQ
Methods
Figure 4. Accuracy comparison between Stacking and individual models
4. Stacking 158! 5 5 — R BUHE R EREL A
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TEf# ] Stacking B2 E G, S BARLRILEA it . JLIH 2 SYM FIBENLAR AR R IR 1
SVM [HHERGZ M 0.806 $&7F 1 0.864, 1 il HLARMR I 7H A 2t M\ 0.857 #4131 0.863. &4k FE, Stacking
BT (1) & TR AR AR T3 — 188, BRI A A, SRR VR RE A Ut 45 & S MR A, 4R
BRI 5 FUR - E Stacking B8, SVM RIS T 5 i ATEERf 6.(0.864) 54 iy (1A 15 %2 (0.839) LA X AUC
(0.927), UiWIBFESEM T M RBUL T AR, RF & BATT R G — 2 AR R i 9 1 PR ASE R G
LA . & 4 AT LU H AT Stacking FI4E R 7Y (0 e ff 3R 4400 - B — A 7R

3.4. ZIMAXE

FENLAR 7 5] Y, ik 5 221 (Feature Importance) A~ PFAli 2NN A AL 30 45 SR B2 I T IR BOR o
TR R I 7 M R SO A A RN RRAEREAT 20 SR, R A 5 RIE 2 RN R E R, (5 I i
REFHAEPANEEE, FOVEANERR RS R bR 2] 7 ORBEAE ] o PR 2 (T SOV BRA TR L T
—ANE I TE, T LANGE R A R MR R A TN A5 R, WY i L IR LR AL £ B L AR B A ORI
SN ] AP B FARACIER, I JE SRR R T HE, B AT DU SRR A il RV E AE IR . 1 5 4 ihy
P B 5 JCRE 45 B AT R A R L R AL X S0 45 R B AT HRsE MR RO E T, BE AR AR R S5 AN S A
DA e T A 1 ALY P32 AL RE

tenure

TotalCharges
MonthlyCharges
Contract_Month-to-month
tenure_year
Contract_Two year
NumServices
TechSupport
OnlineSecurity
Contract_One year
InternetService_Fiber optic
gender

OnlineBackup

PaperlessBilling

Partner

DeviceProtection
PaymentMethod_Electronic check
StreamingMovies

0.

o

0 0.02 0.04 0.06 0.08 0.10 0.12
Importance Score

Figure 5. Feature importance ranking

[ 5. HFEEEMHRF

MEFAE B AR HE P BT DL, ARSI K (tenure) /2 2 P It 2 T A e 28 2 FRRRAE , R BH 2 1 FH AR
S R R, SRR B USRI . RIS, s 9% F (TotalCharges) A1 H 2% FH (MonthlyCharges) tH 52 S8 K7 1iE
N RN R R E . T A RZEAL,  H A A (Contract_Month-to-month) & /- LR
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H

%

IS, MASTKIAE R 7 (0 FE P - [F]) i 28 KU A BG4, R SCRF(TechSupport) FIE
222 4= (OnlineSecurity) <5 948 ik 55 7E Dk I R D7 TRIEAR 2 7 B EAEH , it a) . g4 Ik 55 (StreamingMovies)
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