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Abstract

Employee turnover is an important issue in today’s organizations. Predicting employee turnover
in advance through machine learning and other technologies can help improve the foresight of
enterprise human resource management. In this paper, the useful data are extracted from the col-
lected data set, and the data cleaning and exploratory analysis are carried out to understand the
distribution of features. A combination of One-Hot coding and label coding was used, and then the
features in the dataset were screened by RF-RFE method and entered into the classification model.
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In order to ensure the accuracy of the model prediction, five different machine learning algo-
rithms, including SVM, DT, RF, LightGBM and WRF, were used to build the model to predict the
employee turnover situation. The results show that LightGBM algorithm has excellent prediction
performance, and its accuracy rate reaches 0.87. By outputting SHAP feature importance ranking,
it is found that urban development index, work experience, training hours, etc., are important
factors affecting turnover, which can provide technical support for employee retention and fol-
low-up talent recruitment decisions.
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RTHBNRE “NAEAL N NFE Btk sh 7 [1]. EASTE T I R E R, SR
woR M. MBI EERE, AUIER R THRRSSHI KA SR . BT R E
RTEEIRRA . ZOBEARMIRAIRGZE. 555 R R THRAAR, BEA R AT
B RESE AT TN 51 TR R B AT B PSR RIUSE KRN RIAT SN, F DU B SRR N — B B A A RIS DS 2

AR, ML 5 ) S B0E 0 A BRI B AR S — R iRl 03 TR 2% IR 5 R T 4 32 O o AR 41 A 8 25 1)
RAGN (2017 AERN SBEAFEHA N TR AT BREETERD , BRESSMNENAF T, B8 72%
(1A TR TE A B N 1R 5K S R 9y I8 R OCE B A . SR A2 R BRI B FH B AR K Hh B T
AN R A . R AE T LR ZR AT T, R BERAZ IR BOR BEAS A RO AT AN [ B 7
TR ER R R S B A DA RSk il s SR 45 2R S5 0B AS 2

76 TSI 51, Ebru Pekel Ozmen 25(2022) [2]#4% — MR &R B 5 S S0 T 2 ET LK
G R TN PR A A, A T B CUR R SR A T R AR T s XA (2021) [3]2E T BE AL AR AR
XGBoost f % | 71 Tt & AR, ZERERS PPl o R 3 XGBoost N R I £ . X S i T B R
W2 R R PATIRIER, FM8(2022) [414 ] 7 B Cui £5(2015) [5]42H 1 MV (Mean of Variance) J5 i Fl1-E
Ti ARG G AT I 4E, 3T LASSO JikBR4EEAT T XFEL, $RTF T AR R IR AR . T TS T AL
i, TIRoREE(2022) [618H T Sudk AR M BUBINAL SVM FEHET /0 2700, BUS T RAFRUR .

A3 ST S FE I = HL(Support Vector Machines, SVM). #k Z# (Decision Tree, DT). FENLAR M (Random
Forest, RF). #&1bkh 2 HEHL(Light Gradient Boosting Machine, LightGBM) LA Az i it WL 2% #i (Weighted
Random Forest, WRF) £ AN 73 K884, Ff 3047 1 FELHIRI0T L 23 BT o BIF 5015 26X & /0 REAEEAT T T RRAL 4347
SR J5 K- RF-RFE (Random Forest-Recursive Feature Elimination) /7 V2% #8347 7 4 AE 18, $REL T 5
TR OB o B 5, 2 T IX S OCHAFAE A 2 1 08 Ty R TAS A, R SVM. DT RF. LightGBM
MIWRF 5%, DA Ry 8 R 51 T DR .

2. EipEA
2.1. # R Mobley {5
William H. Mobley %5[7]7- 1979 445G Z i Y J5 452 H 7 Mobley (197914, R it TR R
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AL T —ANFBHESE, B AKX S SRR R N =R, BRI R . AR AN R A
RE R RS R THIVER . RBE KT DR N S8 AR EREHRA R, KA LRI
HAE; AN RR O 25 AT U B A B A, AN RIAEE D ER T B B LR A 1]
B, LS A TR,

AT AN LGN AT BRI PR 20K = AN 7 IR AR % R 300 53 TR AO52m, DL 51 TR
R UEFINLE . R, R B T 2 S RO R R A, R R

22. HENE

TENLER S 2, 5 DL T S A SR AL RS BENLARMR S . SCFF R RN — AR )
ORI, HARO R R T AN R ST T, DA R 3 S U 2 1 [ A SR R R e KAk, T8
B BRI 28 0 (8] WSR2 — Rl T ARG M B S S 5k, R R H TR S T
R, HESIENSGEAE A0 FMLARME — MBS S 5k, S RE s g RIFEAE,
AR GEWE, SRR BRI 2 0, BRI 5T 250 2 (A R AN 25 (B B5 YR . PRk 4k, ARSGETIAN
T IR A RAE TN 77 Th R BT (5% LightGBM #1 WRF.

IXBEA A5 ] BEVEEA FG DL T #BE A MR AR5, AT AR B A [n) 23RN HcHs B2 1 4 O B & 1
J7 iR @ TR TS, 7EUE X LightGBM Al WRF {55 &/ 41

2.2.1. LightGBM H%
LightGBM FRIZAJ5 A& — Rt 55 57 2] 84 T oin 2 1 25 A A 50 532, o SR b E SRR B ik die K
B 2 b O B 0 T 5505 B 2 A FE B REA, IREER RN Rk T . T5 e

l1-a ? l1-a 2
1 (ZX,EA‘J Gi +szleﬁ1_2 G'j (ZX,EAf‘l Gi +TZX,€A,,_2 G'j
V(d)== J. + :
n n’(d) n/(d)

Fofe n ONBEARE ORI BUEE, o AREAREHERIZ LA, 0] (). 0 (d) 2B B 4 B
TEEANTRAT d OBEARL AL« A, DBNFFARIZE T AT, IR, A, . A, H5h
FF AR 28004 T4 1 I ANBBIERER, G NREAKRIE, a Jy KBBIEREASTRES, ¢ VBB RE A TRESRS,

LightGBM [ SRR TE T+ 1) ks RFIEL/TEUMIRE R, A4 7SR I R LT ), LR
R R R I 7 o P, B P ACHBOEIR . 2) B T4 A/ K SR T2 25 A K
WA R, TR B S BT . 3) ST R R AR A B, SR
PR 4) BEEARALIIER K B SO AR OBk B, SRR IR . 5) BB A T M
e B EE N, BRI,

2.2.2. MAFEHL AR E L
HH RE PTA R EBEEAT 0 RXI R A M F N BCEE . HEPRER T, — 2 RRE AR
AR AT RE 2 BB IR ISR TP R 70 SR EE RIE R . L, A SCR AL F1-measure 51\ RF
g, I AR 0 e SR T ECAN R OB, D 53 TR Bh R T e fit 5 4 A P RE
X

o == =127

Hor: o N X oo W IEB D RIOAEARL X TN GAREA S W HCEY To R ULIER A0
JNE RS BRSNS BEATLAR AR 0 i e O
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Figure 1. Structure of weighted random forest

B 1. maBEt AR AL E
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A Sl EE, RSB R FLE A AR 2R S R A8 s LG T B e, AR e
FAF B ANFAAAS &, DA RS B R AE AR R AE AT A B s SRS AT IR B, ST &3 A R A RF-RFE
J5 93 I AZ SLBRAIE (Cross Validation, CV)HEATHRFAE %, 3% % R TIRsh BN EEHRFE m; BiJS,
FHIX e m 4FAEACE] SVM. DT. RF. LightGBM Hil WRF Sykrh, @A), o Pl AL ) DL i v
Wi M. A=, f1score Fll AUC HEAT VAL, ok HH iR AERIAL.

PAF i & R BEE AT 0 Lt R T BoR B 2 I, an il 2 B
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Figure 2. Technology roadmap
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3. BimHAA R ALIE
3.1 BURHER SR

3.1.1. HuiEnd

AICfEH Kaggle “T-& 2020 4L H T A TSR AT AR S, 12808 88 th— K 3 BN 3 K58
R AL ZAE O S5 I A R PR AL, BARE R ATE T Sz A s &2 M A G 8, 344 19,158
AR, 45 13 MEIEM— N ERAEE R EI (target), HIFZEFH “0” FoR “WHETHRT
ERLE” , “17 FoRk “IEEFRTIENS .

USRS, ASCHE CIREUT R EBRE. Bk, TREAMEEEE (STEM) T H A 51 5,
NIEGEHHEE S STEM ki ABLE ELZN 76%, H STEM A A 4k £ F 2 5 it B S AR w240, A7)
AMAES) T RHEED R BT, I0A BT iR g 4 3R ) RS e B K A ks 4 7, it DAFRAT 13X BRAR
X STEM ) 52 THHTSLIRRE T, LURIL STEM AAWKRMRE, HAFRE STEM A A5 H A 802 .
FENCIEAD FERICT “gender” (PEA)HIAES T “male” A1 “female” YA REE .

DR A SO S R Bl B AR IS B a2 1 Fo,  L9E 13 MR RN 11,073 MFEAR.

Table 1. Basic information of features

1L OBEEABER

A B Blae syl fE 42k
enrollee_id RTTS ERE'S [1, 33380]
city AT RTTESR T E & [city_1, city 103]
city_development_index W kKBRS HEAR = [0.448, 0.949]
gender P57 THRBE Female, Male
relevent_experience 200 KA No relevant e(;(f;g:ieenr::se, Has relevant

no_enrollment, Part time course, Full

enrolled_university KEEHRA E A B time course. nan
education_level HEKT SEJFAR Graduat%rmg?ySé:rﬁgé,l Mn:?]ter, Phd,
experience TAEL K (4F) AR [0, 21]
company._size O TR SEJTAR <10, 1%6%%31%;%91%086;3 QhaSr(]) 0-999.
- Y L Early Stage Startup, Funded Startup,
N ] AT A
company_type ARIES XA NGO, Other, Pvt Ltd, Public Sector

PAETARS b — 4y TAER

Last_new_job s, B 1,2, 3, 4, >4, never, nan
_new_| B e R
training_hours S8 REE VI FE (1 B ) A [1, 336]

target S s — AR 0-Not looking for job change

1-Looking for a job change

3.1.2. BIEAESRE
FEBLSEA NG, SRARH JFUUA B AN v I G B A7 AE — LB 8, PR “IERE . Son B v
B P 7 A R R, DAL T 5 230 e e T 25 SR SRR R i, A IR R IO, g MR AR
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& RSO S E R T LR S BE T

O SRR R, ERIEBIEES, B85 “enrollee_id” XFE—ANFR “R LTS M4FE, XHF
TR R TSP R S, T AR -

@ KHEAAE . FHREIEIEE LR “city” 548 E “city_development_index” Fr Rk & AR,
BXFT Hbr AR E R s AR, AR EE o, i “city” XAMFHIEME 7R .

® HERAEE “company_type” H#) “Other” AR RA 57 4, FHHAMHLEALN A FZH
B = ST R LR S, R b R A DR AR B

@ HEGEMBRMELIE, FeMBRESE, R AAERRR R EER T 5 .

BEH R, SIRENEEEO S 12 MR 7831 FREA, IEHIRE NI EdE, AT HirZE
&~ “1-Looking for a job change” 5 ELAX A 17.3%.

3.2. MERMBIRSH(EDA)

HRAES & Mobley BHUSAL, A SOH MAMREE 3 Aalk PR3 AN M R 36 = D7 THIRAR T % R 300 T 53
TUHKHIREM . DUN X &R R PEAE, I R ZR T L.

321 MEEE
AMMARZEH ) EDA 24T EE i 1 Gender (P£5). Education Level (25 7K°F). Last New Job (FiL—
W TAEREAIEE]) . Training Hours (B3Il %0), W11 3 Fras.
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Figure 3. Individual factors
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MIE 3 el A, seEdEER LB R T, (B AB 92%, LML 8%, XH[RELE
STEM HIEA ;. HIRATLURIL, Experience (LAELI) AR EoRH, BEE B TAELL 36N,
B HRRIE D BRI, 75— @ R B B, BUR TAE LI MR 2, TAE IR e Ml s 28 /5@ Last New
Job (B — Ve TAERE A T ERR B A BT LA HY B0 8 A0 — VR 38 A7 110 5 DY 4 DA FRREAS B8 HR S A %
AR, AT N AR A 1 53 X T A IR ARk B A XS B8 & 55 A Training Hours (35 V11 B 450) % 5 1]
BRI VR, BRI B A WA AT, DAERHE R R, AR RS 55 TR R
BN G REATE B U I (] A E A B R X
3.2.2. HHLIHER

4 2R R 2 3 AL Company Size (2 & FEE) F1 Company Type (2 & 2888 B J7 1 , % Hdk AT 404k,
Wi 4 Fizso

Relationship between Company Size and Target (Percentage) Relationship bet\(;v:en Company Type and Target (Percentage)
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Figure 4. Organizational factors
4. HHLRAREE

ML 4 Frghnl DLE AR ) A 7] 2 TR IE L, FEAR R R S PR AE 10~49 NAUBL 1)/
RAE TAEM AT, SN 22%. 54h, ARSEBPAF, wPelaa. AT REAFSE, #e
HARRRIMSZ, Early Stage Startup (#7612 &) A B8 BN A X 4

3.2.3. SMEPERIEE R

ABHEE AN PR &K £ 22 City Development Index (& Jet6%0), xFHLHIZER, Wkl 5
Fizne MIE S e LIS R, WA TAR RS R £ Z A AME R IR EZ N 0.9 ZE A sk, A TAE
0 2 T SRR A BT AR T 1) R R R 003 A MU RH G 235 3 T 2 I A T Py B i PR L 2 S 0 i, TR
FITREAA, ATHEEEHERET, AERRESEHR,

3.3. ETHEHL AR EIFHEE R

3.3.1. HiEHRL

TEATEFLA, AN FER B B RHESEAT 7 @ B g, DAEH T AL SRR I ZR Al o dr . AR
IR ALBE N Z 2 B, YmASSE, HEASEANEH 11 MR 144, BEARECN 7831 4. % TS Rl As &
“city_development_index” . “experience” L& “training_hours” NN T BT 465 .

e
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[ 5. SMEREREEE

Table 2. Feature coding correspondence

= 2. FHERRDIER

B3 MAE
1 gender male =0, female =1
2 relevent_experience No relevant experience = 0, Has relevant experience = 1
3 enrolled_university no_enrollment = 0, Part time course = 1, Full time course = 2
4 education_level Graduate = 0, Master = 1, Phd = 2
5 company_size <10 =0, 10~49 = 1, 50~99 = 2, 100~499 = 3, 500~999 = 4, 1000~4999 = 5, 10,000+ = 6
6 last_new_job never=0,1,2,3,4,>4=5
7 company_type FH One-Hot 48 i A &
8 target Not looking for job change = 0, Looking for a job change = 1

3.3.2. FHETHIE

RRAE B B mT DU SR 46 500 B o 0 B st 7 AR OGBBRRAE . 15 352 H AR 8 B R ARRHIE 78 . AR
SKH T R B LR ARSI 3 A R bR (RF-RFE) A 7772

BENLAR MR (Random Forest, RF)&—Ff i Breiman $2 A H %L B TE T NEFELL NP WAk
AE S D h, {3 B2 ERFE T VAN LI T REAS D, JER R IS FREACSR ISR T BRI S
PSRN FIRHE AT P4y, il 38 5 07 sk GBI AR 7 B — 2. Mz, BENUARMRIE IS S22 Ak
SR 2 SR, P 28 E R REAN L JE R BRI TRAIE R B AN BRI 4y, 3R 4E T — R K i o A a1 ik,
TEH TSP EE A BRI T PR T G R, SR TR SR AR . VRN

AGini =Gini(D)-Gini, (D)

Jrb Gini(D) =1- 3 p? » ¢ FRARRIAH, P ARRAR | E LB, BVSCHIIEEL, 45 Gini
ABEREK . GiniaD)NIERAEM A, DREEIESE D HAKE, 11EA N
< |D|

Gini, (D)=Y’ 5 Gini(D;)

]

Z
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RF-RFE 45 & 1 BEHLARMONIE I RAAE T Bk 10 8 AE, 5 A5 BIALAS 5 53 SR RFAE 4. R 3l A s 5 A 2
FUNRFILE, AR B A P RE AR D I 4005 B KU, . ASCHERFAEIE S I R T, 0 B (3R T- Ko gl A
SMOTE Je iV it 70 7licH] T RF-RFE SEATHRHMIEIERE, 45 R 6 Pros. NERMERAR, A0
R A XGAE 7> F ) 6 AT R R AT BMEATIRIE, &SR REREEE 10 1.

H T AP HEE R MIRF-RFERHE 4 R H TP AT HUE 42 RF-RFERHEE R4 R

0.881 |

0.86 -

0.84 -

Cross validation score (accuracy)

0.82 -

2 4 6 8 10 12 14 2 4 6 8 10 12 14
Number of features selected Number of features selected

Figure 6. The result of feature selection
[E 6. FHEEFLER

R, ASCTEfEE: @ fEd, % 10 MBI AR, M THARIRKNANE &, 5502
oy ) 7 R R AR F Funded Startup (%5 Bh#Gil4Mk) . Public Sector (BURF 4 5lk). Early Stage Startup (1]
L2 ) NGO (AEBURF4LR) .
4. BESTY
4.1 HERESI S5

AR A G AP AR R e, B 10 MR R 7831 MEA R AE T B £EF1 SMOTE 2 )5
IR 6:4 R NI GEEFIIIREE ; HR, 2 Bl AE-T i ZdiE Al SMOTE 2 J5 U o i Il 2R 464K
AZE|SVM. DT. RF. LightGBM I WRF &k, ZEA; s, NS HE SRR ER R, F
W, BRI L score, 15 H SMOTE 2 Ji Al 42 Bod 2 i %1557 ROC ;.

gERINE 3 & 7 i

Table 3. The results of the model of test set
< 3. MINERBLER

[tit] iRTIES U RS B % f1 score
SVM 0.83 0.41 0.50 0.45
DT 0.77 0.60 0.61 0.61
T HT RF 0.84 0.72 0.65 0.68
LightGBM 0.85 0.73 0.67 0.69
WRF 0.85 0.72 0.66 0.68

m
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Continued
SVM 0.80 0.80 0.80 0.80
DT 0.84 0.84 0.84 0.84
Byt I RF 0.86 0.86 0.86 0.86
LightGBM 0.87 0.87 0.87 0.87
WRF 0.86 0.86 0.86 0.86

Receiver Operating Characteristic (ROC) Curve

1.01

o o
o ©
" A

True Positive Rate (TPR)
o
~

—— SVM (AUC = 0.87)

0.2 o —— Decision Tree (AUC = 0.82)
/ — Random Forest (AUC = 0.93)
/L — LightGBM (AUC = 0.93)
/- —— WRF (AUC =0.92)
0.0 ¥ . . . .
0.0 0.2 04 0.6 0.8 1.0

False Positive Rate (FPR)

Figure 7. ROC curves of various algorithms

B 7. &3EEZER ROC ik

WP E 3R, WTUEL, ST F4rEdE, WRF A LightGBM SEfER . #EmR L&
PEMRT SVM. DT. RF (IR, M7 B 1 _EH A S L EE T LightGBM &k T SMOTE
Z G WP EE, LightGBM IRBLINAL T Hah ik . seah, MIE 7 523 LightGBM 5% 1) ROC i
LRI B, XU LightGBM 7£ 51 i 26 FiAT 45 Hh B o = o 1k g

27 EPNA, LightGBM Sik7E ZAMERESE bR EER I T 8O0 R T GE g, X R T —MA 2
(77, AT T AERA L PO A TR KL, Al A B 4 1 PR SR SR

42 BEEEMSH

FEFE ST B UMAA J5, A S0k F SHAP (SHapley Additive exPlanations) > & 3 — 5 AE X T (5
PRV, FHH SRS S BRI R, TR IS & (16 8 o 5 TR . SHAP 22 Python JF
RI—A “HRRER” 4, FETAVEHIEFIS ) shapley 18, SRAFPAEEANRRAENT TR0 T ) STERFLE
Wi 8 Fior, SHAP fi R /R T & ARHE T IE U R ER T His A &, BRI SRR — A
A, BERES R TR ERRHMEERN RN EE, BEK). ME 8 bl H, Wik EENIES
AN F]RAY) SHAP ZaHE S AT 28 AR kN, 5 B AR B 2O )78 & “city_development_index”
(1) SHAP {8 F E A REFE HOAZLt, UiAAAE R BIREm T, HESIRZAN K. X R TR

SCIR R 2964 . Experience (TAEZ5) . Training Hours (3% I %%) . Last New Job (&t — Ve TAEREA>
B E]) 55 (A1 AT DL H Company Type (A 828 2Y) B JUAN A8 S0 TR 28 S0 1 Tk A o A X1
MNTITERHIE. 1 1 TR O e o R HAT AR e 1k
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Figure 8. Summary of SHAP attribution analysis
[ 8. SHAP AR D i ZEE
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