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Abstract

In the era of digital economy, if enterprises make full use of science and technology to predict the
turnover dynamics of employees and understand the turnover tendency of employees in advance,
it can help the human resources team to make better coping strategies of talent retention or reserve,
which has far-reaching significance for the development of enterprises. The results show that ap-
plying SMOTE-sampled data to the XGBoost model outperforms the other three models in terms of
prediction accuracy, recall rate, and AUC. It proves to be the most effective classification model for
employee turnover prediction. Based on the importance ranking of variables calculated by this
model and analyzed with cross-statistical charts, it was found that factors such as the employee’s
marital status, field of study, department, and stock option level have a significant impact on
whether the employee leaves the company.
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Table 1. Summary table of data attributes
=1L BERMILER

e FEA4 P Tt B
1 Age AR A
o e, RO, TRARBIR, X2 AR
2 Attrition BT B EURA , 0 RRCER, 1 RS X2 H bR

TUAEL, B b

Travel Rarely /R AEH %
3 Business Travel P 2% ZE R Travel Frequently F/RZ8 % H 2
Non Travel F/RA H 2
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g3k
Sales RN &5
4 Department TR Research & Development 7R HF &
Human Resources 227~ A 77 8RS
5  Distance From Home o) R RE AR HE A P S M1 329, | Rorixilr, 29 Ronmit
6  Education RTMZHETRE MBS, SRRBERE RS
Life Sciences FR/RE iyl
» Technical D TN AR AL
7 Eduration Field BT S AU echnical Degree F i A2 A1

Human Resources &7~ N /7 %5
Other R~ FiAh

8  Environment Satisfaction 3 LX} T LAEMEAHEIEE M1 24, 1 FHRREERIK, 4 HEREERS

Sales Executive &4 8 £ &
Research Scientist &8} 22 HF 57 (7t
Laboratory Technician 7& 3256 =EH A &
Manufacturing Director & il 1& & I

9 JobRole TAEfA Healthcare Representative /& EEJT7/03E
Manager A& 4
Sales Representative f& 48 LE
Research Director f&Hf 72 s
Human Resources J& A\ /7% 5

M1 E 4, 1 AARWEFEERIC, 4 ARBEEE

10 JobSsatisfaction TAEW=E [
R 1A
Single & . &

11 Marital Status A T USURIR Married A& 215
Divorced XK &1

12 Monthly Income [ZEWELL PN il

13 Num Companies Worked 7 T % 28 T{E i i 715X il

14 Percent Salary Hike TEHR AR A A

() EwREDT

EZBIEEST, A 38 NEM:, WM T R LW THER. XS, REZENZ Attrition, X
R EWEME, BiER T A TREBUREA . Attrition FIRF AN T ARSRUL R XEE, FAEHZERREIAA
MR TR ENE.. TAERCEMREARTE S ).

HFHHESEH 1 “Employee Number” HJ2 51 T[FME—FRIRRE, EA AT R TAT B E AT
AN ERE S BTS2t bR — @tk . ERRMEMEF, H % 2% (MonthlyRate) /N 2 3
(HourlyRate). H #%#(DailyRate)ix =A@ IEA i FAR &M & R TH MM TE R, R2rmpaAE. A
TR B TR AL M, AR A N (MonthlyRate)#F A THR R M 04T, BAREMELE 1,

B =2 BinEr., &t maREm. CEEAHBEEERBREE G, THERT
BRI . B, MR EA R AN 2 TR IR, 00 B RSN B . ek, fEHH
SrHCERE T HbR R SES: . RBIERIR R, RIAHWEREN R R, @y, 2im i
RTEERIRE, A TG AR SR RS SCRe, IEHR BRIk 3.

) HIEEHE

BE B BER R P R T gE DB D IR, B TN &5 8 . FATTH Jupyter notebook fE7R
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HIE A RO H5, FIFEREENITURE R, e SEFEMUERTE. HIRk, H Pearson
RARBOFIT VERAE, PRI AR, oz bae i SJa, AFRAREE BYAE . H0E B H AN S i
B, WROREE R, B o BRI 25T T I SRR, MR PR REAL TS ML 38 2 S AL .
4. AT ERFMER

(—) FEEFE

FRIEEFRAENLAS 22 ) h B OCH 2, e A B A TR0 I O) BE 6 Tt 45 5 s ma (AR AiE,  [RIINHERR TG o6
BOUURMFAE, DURABIAIVERE . GBI I D R E SR, FRIEE R T DURRICI Y S 0 B, Bk, 42
EZALRE T, AR E RS S . UhAh, EIEREAR T INGRIE R, R AR A BRI A SR o RFAE
EFITEZRE, BEGE. SRR ) U7k . AT H SR A IS IH AR TS BR(RFE), e 36 U5 98> R AE
SRR TPAL AR B 2, 3&H T Re S (LR e B 2 HE P 0 %% ) 5%, i SVM FIBEHLAR#K . RFE F55)1
EHTHRIESEZ BAAELS EIEMNEN, AT HBRICREHE, HGamEiyz {bae

(=) BRI

PLES 3 1 e N TR BRI GRS 7, A& 2R, & HARHAMMNHY 5. 7 B IR A
WA GEIRE B AZ 0 AR S, AR TTINAT B T AN AR . BEENLES 52 I BRI S, 2 Mg
TULTRM . AT H R RN R, SRR EALA XGBoost #4174 51 T 2 BRI 5 .

1) PSRRI R

PR 2 — Ml 2 S B, @ R 43 B S A S TR G5 A AT 43 SR BT o BN R JE 1
W, A SCRRMARZE R, 5 fURR TN SE IR . M B0 Sl B i R ARRAE LS i Bl “ 469 2 o Bl
FRMGREE R )07, I AN SRR T, AR FE AL T S MR AR 188 BT 2R, WP ELIER
5 SMOTE Ab3 5 i et 78 YL S B ALAR R AL R i 1t e, 45 SR AFE A 3, #ERGZ A Cohen’s
Kappa #%(, W% 2.

Table 2. Decision tree model evaluation

2. RERHREITAY

Model Name Accuaracy Kappa Score ROC AUC Curve value
Decision tree with normal data 84.23% 0.25 0.61
Random forest with normal data 87.72% 0.26 0.59
Decision tree with smote data 79.61% 0.25 0.64
Random forest with smote data 86.68% 0.36 0.65

%2 WoR, BENUARMAEIE R B R, 7E SMOTE #(4 Lol &g, 1X R B IE W B0l N BEHLARMK
PEREEEAL, REA R SIEE . B AFER, SMOTE SORIRTHEFALEERE /), HommT FEME .

2) 2R aEE

WP Z M T KRB R, REAFREE “BIH”, HEEbr bRk,
T B AEARYE S N RFAER R ACHEAT 702, T RERPAE A 2 PR AL A R0 — A AR 2 1k 0 B 0K 25 R B e i
HMH.

b A MR Rl R N

y = Sigmoid(X*beta) €8
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Hr, y BRI BISEAMER, X RN FHEHRE, beta RIS EL . sigmoid BRELT] LKA A2 A1)
ZERMUR 0 B 1 ZRIMBERE, — BRI IR sigmoid R4
sigmoid (z) = 1/(1 +exp(-z)) )
1% 0] VA A R 3 i e KA AR AR Bl N AR R bR R E S8 beta . B R R BRSO, AT
PEAG R TR 5 SEBR AN I 22 5 X EU IEH i A1 smote AbIRELHEAEZ M A AR (1R, 45 aHE
IR . Kappa 230, AR, FEE 3.

Table 3. Logistic regression model evaluation

= 3. IBIEEIREITE

Model Name Accuaracy Kappa Score ROC AUC Curve value
Logistic Regression with normal data 88.04% 0.42 0.67
Logistic Regression with smote data 78.53% 0.35 0.73

M3 PATCLB R A Y, EIEFEEERREOL T, EREHERIE M 6. X4 R sk
T IZ R A AR B S 10 RS A R, JEH R AE B A 1 A B S I

3) XHFFHENBE

SCHFFIEALS VM) — R T 73 A B R B 2 S ik, B 33— NP R KA AN
AR TRIRR o £ 2 2K, SVM e B KA 18] K% R 20 BE PS5 JH i s 4230 - 1 PR i i (5L
R B JUE TP AL E . 0 T AR R, SVM A A% 4 15K 5040 e S 21 8 4 47 ) DA SE e ]
e W R B 2% . A R T .

AT IR SVM A, A IRICT ™1 1Bt 7 0, R s 2 il gk . INKEE AR Ik
&, DB ARIDFR S, AllgdfEd, BATRSGEESE C Mk, ERmBAR Nk
FEREA IR 7P REEAR T . C ERORN, BRI RS IR 02K, (AT R S EUL Al AL
/N CAE P READ B R RE, e A, (HATREFEURIL A

e AR AR R BORT C ELZRL DY AR B, A o DA 2R J S A AR AT U R W] ML RS I 1) 2R 2 A
LFERE . T3 kappa R B RIEHE WL 4 Pox:

Table 4. SVM model evaluation
< 4. XFEEVERTY

Model Name Accuaracy Kappa Score ROC AUC Curve value
SVM 83.9% 0.19 0.58

TESCRF M RN AR R PEAZ R L, CHN 0.01 FUR & 4T
4) XGBoost fEE!

Table 5. XGBoost model evaluation
%% 5. XGBoost 1&RIIT(H

Model Name Accuaracy Kappa Score ROC AUC Curve value
XGBoost with normal data 88.04% 0.40 0.66
XGBoost with smote data 88.31% 0.44 0.68
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XGBoost 1A IHT IR FERRIETHE R RE, JCHAB AL B R AR 2 I j . (HA I & AT REAS 2
DU BB AR RS, DIIRA TR HERHAR, 456 2 ABA 0 P 45 SR I 2R — N e B . AT H
FATH PR AL S N AE XGBoost 2 1, F RS SR 2% 2] FFLAL XGBoost I TR, M T4 56 2
Hman .

IR BRI smote I RAFFA AL (M HE AN XGBoost AN L, 15 FI#ERIZE . Kappa R3L
AL A HERRZRIEI R 5 FiR.

SRS FH smote #4453 211 XGBoost 1Y 1)L .
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SRR R 5 IR R ) A AE R 35 A R . IR R BN IRATT G SR E A 4R T S . ATk
X AR R AR Rt 3 AT 1 AR ER . X T AREUE R ER, ASSCRA T one-hot Zwfid i) U5 sUHEAT #%
e, DMEJE SRR ISR X B RO AT A — AR AR B, DLYE R A FIRFAE 2 18] F) 44 22 5 e A AR )
SN o 25 EEIBHR AT, ASCRA T smote IERAFEORHBEATAL I . 8 1 0 B A AT I R A
DAL B IE B 7 PR, T8 S 1 B AN PR AR B AR

FERE O3 TR HR A AL I, A SOR A 1 388 AR AR T BR T iR R R AT 1 ik, LB T IURAITER
MIRFAE, P VR Az AL RE o BEJS, A T ORI . AR IR L SRR A E AL
XGBoost ##78, FFXF &AM APEREREAT T XFLE . SCERESRE R, 43T smote I RFFHAR MBI 1) Hidhs
RN XGBoost 1= RU15 BRI R BE 504 -
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SO R T e I AR AT SE M. DUR X R LA R IR A B At — 2D (R . Bk, IHZ )
WAL 322 2 T H o WAk e —. W TR KEH, f T8RS Z, U SR
EHVR Y C HIAT R BRI E AR SEIRARE DA R, 720 FEARA R B
fERRISE B2 . EARSRI AR, ALl RS AR . BENLAR R B DU AL S5 2000k, X
FERISHEHT EABURIR R, AT 7S 2 AAE BRI RE Jy . Hk,  Bdle R o — MU 4E R A 72 7y
WAL — A2 7] AL AR Github P & E3R A B — SR SR IPAL 7 iR 1A R R AN 4T Y
FESEBRN TR, AR R 2T BE 2 R B A RFE A, BRIk, R 2 RS AT 0 SR 2
WNEL . BRAh, Bl A AN R R] R B B TG VA R SR B R S (A5 R, AT S e T 2 SR P S e A
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HZ, BRI TR T — 2 AL, (HIXEEA L WOy J5 SE T FE SR it 1 S0t 17 a1 A
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