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Abstract

Based on the employee promotion dataset of large multinational companies provided by the Kaggle
platform, this paper uses a variety of machine learning algorithms to construct a promeotion predic-
tion model and identify the important factors affecting employee promotion. In this study, the data
is optimized by feature engineering, and the data is balanced by SMOTE, and five algorithms are
used to model the data: logistic regression, decision tree, random forest, XGBoost and Stacking,
and the results show that the XGBoost model has the highest prediction accuracy (94.19%). The
study also revealed that the average_training_score, department, sum_metric, no_of _trainings, and
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length_of_service were the top five key factors influencing promotion. This study provides data sup-
port and targeted suggestions for the selection of prediction algorithms and the optimization of pro-
motion system for enterprise human resource management.
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TEENATE G I, 5B A i LS L AT RESESE S /1% O SO, BURETH,  (f
e O TR — P A TR SO . e E IR Y ) IR B TR A A A B AL, R
ISR HAT o A 0B TR A B AL S i — A B RNS . SRT, ARG LA 2
R —J7TH, A& S0 FHALHI Gk BE AR 17 s Sk i 2 A0 I AL & BC 1, 4 Fernandez-Lozano 25(2019)1E 55 & i
TAR R B RGERRAR[1]: S — 7T, SIEEBOINE S R AP P GE, BEHISS R TR,
IREEQO19)R HBUAH BRI I N R TP A SRR T TR 2], FIRIASF(023) KL E AP 51K
A TS AN B A, B R 0 T - UG R . TAESE K TAESIHL3], 1M IRIZ55(2018) i 78 &
TS - 1) S5 AR AR D3 T R 1) A . 3 ) AR T S R 4]

YT NSRBI B e, TR BT 2 B P RO B AE . N TR ASEL S SRR B T
B Bl TEZRBMRM A EALZBILEROZOIRNHAER, R THIRSGER. BUREEENA
JIBEARFA R OB bR TS S ER TR B EITAS RSt SUERILSE 5 2 mA UL S 0 TRIE R,
HETT R TSR, 1) 2 5 AT e R A [RE 5 A E 2 5

BLES 2 21 B e v 22 BRAR Wp R RS IR B T BORSCRE . B L& S FE Ak N ) B s B 4R )
WHARKIE, NRGRGE TR 2R S A 1 01 T TR R P4 T B o At . Tk 8555(2022) ]
JEN A BETE N ) BRI B AT AT TR I, WLES % SITERRIS LRI 48 BRill. SUsCer B, B
BT R A AU AT ) V2 N 5] Raza Z5(2022) 8 A b 40 28 3(ETC 5092 SEI 93% Tk 6]
TS AR (2021) 30 o Y SR SRR I N BRI, SRTHEEEE 6 A BRI R & 7]. N TR ReAE
HRM IR H B2, ZDHEPYRPEER: HR RS DNEARLR . BIE A PG R 3 X s
A ERHEAR[8], RRERMEEIR I RAG SN E L,

WUAS 2% SITE D3 T8 T TS 28 S 57 07 T R 98 O — € 1032 . Muhannad 1 5(2023) & I S HL A%
SOVEE, WNBRREA . KRR ENURBENLARSR, R OUE R AN B R TR, R AR
RORAAERATE[9]. Amir-Mohsen K Z5(2015)$& H T —FlJE T 504k 5 2 1 75 1 R A AS [R) A K 53 T 1)
Wb, DL E A RCEMANE[10]. Zhang 25(2020)FE T N L Gi 2445 AE, SKH 5 Rl 2824 S 50VE TR
D F, A B AL AR PR 26 5 51(83.4%), UESE N TVREAE S35 A9 AH G 11]. Jafor £5(2023)i8 i oot
AdaBoost (LA ANN Jy5E5r2548), 1E Kaggle (01 T8 APPSR 4R | Selfm 25 & ERR (ERf 2 95.3%,
F1 18 95.76%), LT H—&HxL[12].

HNARGN G TSR R . Fpgfn 5 TS A R 2R a5, A SCHET 2R 54,808 24 FEA
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Figure 1. Modeling process

1. BIRREE

2. BRE T SMAE

AHIAERSAHE T B R SR AT IR Ja , N ERIS U RRAEAL G R IEgm i EAT Bt PAb .
2.1. BUEET

AR A Kaggle 7 & A K 58 TE TR R . SRR & 9 A 12 T H AU A 25 [H
AT A SE A THE, oA 54,808 DR TTREA, 12 MRFIEAREAM 1A FFRAE, 4% R TREAE R
Toi's. BT k. P15 SRm A TE TR AR R Tk, B85, WhE 1A
e HITHER bR, BEREORIE T REAH) FOSE A2 W .

Table 1. Dataset field description
= 1. BUREFEULAR

FB P Bzt HUEYE
employee_id A Lois EDS 1~78,298

m
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Analytics/Finance/HR/Legal/

department FRTEHRI] '8 Operations/Procurement/R&D/Sales & Market-
ing/Technology
region ol L X ED 1~34
education =3} SEF Bachelor’s/Below Secondary/Master’s & above
gender P51 EDS f/m
recruitment_channel AR TE EDS other/referred/sourcing
no_of trainings RN EL L 1~10
age S Lk 20~60
previous_year_rating R EF 1~5
length_of service i &g B H 1~37
awards_won? R AR 2T ZarK 0=7, 1= 2
avg_training_score  FEUIVTAN 3575 5 HuE 39~99
is_promoted EEHEE ST = 0=7%, 1= 2

2.2. YRR

BB IR ADHE IR SR P OB E . 7 (A B LR A R . Ho% O H AR 4R TH K
fRMAERPE . SEREVER — Sk, )R S M 5 @A BUE AT AY . A KBRS T TR EE A
ELAFS: 7 8

AHEREAEACE: JE AR S UKL, 53 T4 5 5Bt employee_id X W 7¢ 5% T35 Tt i) g sk
PR S, ONTERARE, [Nl EX N A5, R4 11 MFER RS 1A AR B TR R R 47

BRAELLHE: “2JI6kE 2409 5%, b —FEPPRERK 4124 % EEXTSRRHLHI 0 HT: B —FEIPRBREE
AR AEIR I )9 1 GRIINHINIR A ), #& L 0 I Fe(RRTC)T SEVFR); I I Ae s, RIAR
D B T AR, SR AR .

REELE: b FER B S 5 T AR 57 H B AT SRRl 55 B (SR AR IR A A/ 5 5K)
HEARAWR, ST RE: RSFERAEE T T LR HEEG@>13 4), RAYH R B (Winsorization)
He H PRI HORE 13 4.

HHRIE D IS TR 54,490 MFEARN 12 ANRFIE

2.3. $¥{EEE

ST A —REEAE DA AT 4 A TR B A, A SOl I R AR 4 A 0 58 FL AR A LAY SR ZR & VP AL
BESTo BLAHHERF R R

O KSR KA E, E—FRERMAEI awards won?Fl E—EPFEZ previous_year rating
IR 2 — MR LSRR ITESS sum_metric. ZWTHARUL T B —HFFE OV R B “ S 2 DU VP ” 28 5
TRFR DT R 4 17

@ BRI RII AR, F)IPHAG K145 avg_training_score H1_E—4FERF 1K % no_of _trainings
RG] — MBS RBLUFEAR total score. LA £ AT DL BE 4 1 5z it H 78 15 11 v (1) 38 44 35 N R 2L
3.
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FRAF TAZJG 3 2 NMHAHE, SRTHE AR 14, S RE 8T B [R50 38 S AR A Ak BTk
R R “BIRRE S5 R T iR A A
2.4. $HESRIS

S BRI AR B LA 2 STAR AL A N RS, A SCE I Ym0 R B s T S, B A
AN—EhE, R U kR . BRI T

O X EHBHISES R RN ETI@ L R L > AR > F22 KPR, RAFRZ S5 (Label Encoding) it
WA R B (2/1/0), WRERSAD0E S B 2 B B o

@ MTALEMFREET] MR, AR ER, @i % 5 (One-Hot Encoding) 4= i — #E 4 ME 41 . 1%
D54 AT B 2 0 1) Py e DR, ) 498 5 S 7R St et 7 I ) 250 ) R 2

3. EF Lasso BU4FIEIERE

TEFAT RS AL B 5, SRR SR AR 3L 20 NMRFIE . B2 AR IEE A ST ST 0 B, ik
TERE R, N T R FE DL, AR SCRHA Lasso [FIE R TRAENGIE, DLEEEA R AL 3 %R

Lasso |- (Lasso Regression) & — M2t [ H B IE NI, @k 5] N L1 JuE07E 71 Ik s s AL 1)
Mimn e, AIA B THRAEE S @i L1 ENRE S C SRER BN BIABU SR, 4 1 Lasso 1E
Mtk 2B, il 2 fioas. ME 2 ol UE R ISR EERCORRT, RRAE R B 40 22 T2k .
bEAE IENL L RIE AL T8RS, B 2 RHE R BN F TR . Lasso FHIEIEFRESE C = 0.05 I, @i L1 IE
A MK A i 328 HH AL education age. department 25 7E PN 17 ANMRFIE(E

Lasso Regularization Path

Coefficient Value

10+ 107 102 107" 10° 10! 10*
C (Regularization Strength)

Figure 2. Lasso regularization path

2. Lasso IEM{LE812

4. BT EAHTM
4.1. NEEHIELIE

Z I B IE VR RRFE TR 5 R BLTE 50,124 Z5FEAH, KRBT TN 90.77%, @ KF&F+ 5Tk
ELiY 9.23%. Kk, AR N PAE LGS, XS BUR AL I Zhd 72 4 58 £ 52 1) 2 BUREA I 520,
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FERRAE DR ERIUAEE, P AR ZEHEAT T AL B

AT TR o3 RACPESR G . 15 i8 I train_test_split BRIZLA 7:3 LLBIRI S BUR A, B 5 x5 I 2R AR Jt
SMOTE I RFEECR, RETAFINGIEA 63,724 A, HAETERETHFEARS 31,862 4>, NJa il
(/R ITE/EFR S

4.2. SFEB[IILTH
ASCRNH Logistic [ YRsEff. BEHLARM . XGBoost il Stacking HI%L I ZRBE T .

4.2.1. MSBFFEIHZFE

Logistic [H] =383 32 45 pf £ (Sigmoid )44 42 2 G BRI A0, TIREZRME, LT I — 0 2K ). AR 2
Sy B AR R S AR R R AR R R, R 2 R A IR R AR . LS (Decision Tree) & —Fl 2 M
R4 R BAE 55 BIMLES 5 ) B, SRR 3B 9 3 I, o SRR a5 A0 0 4 K1) 2 s s =2 1 o
R IRA TR B A7 B Z8AE -1 At T 45 2R o BEATLAR #R(Random Forest) /& — & T YL S 4% [¥] Bag-
ging JERAE ) B, BT ZHAR NI R G55 0 RAR N R, BB SRR B H % . XGBoost (eXtreme
Gradient Boosting) & 7E GBDT (Gradient Boosting Decision Tree) &t 53k, FET W S 1) Boosting 4
B 257 . XGBoost 3l IS VAR ALIERIIZE CART 55% ) 8%, B—REEBIERPKZE, JHF5IANIEN
eIz 5 42 . Stacking X 7 T [F B EE A1) Boosting/Bagging, Stacking J& T i 4ER /715, Eill
W RFET ZAAE S ) BRIV, WA 7 B T ¥ - Stacking B8 — BN A= 454, 55— 2 BT
HRR LA U 1) = MO RSy 2548, 28 2 1A logistic regression {E NG J5 4% .

422. FERFSEERER

S HARAE FE T, B E A T M4 R (Random Search) /5%, LA BUIR R H S B A 525
BRI BE . BEALAE 2R 0 0l E TR I S EG0 B AT R R, A5 20 T AL BN R A A T
M RBRYE, 5 AEH T = 4 250 S e T R IR A BRI 0L T o EBIBNE R 7%, SRS
T R e 41 e B S 80 R 4 2 FoR.

Table 2. The hyperparameter tuning process and results of each model

2. SRBVPFSIRESER

Y RS W fE s RAEE
C [0.01, 0.1, 1, 10, 100] 100
Logistic [\ penalty [11', 121 12
solver ['liblinear'] liblinear
criterion ['gini'] gini
max_depth [0, 12", '15"] 15
R
min_samples_leaf ['r,2','3" 1
min_samples_split ['s\'e", "7 6
criterion ['entropy'] entropy
max_depth [10', 12", '15'] 15
BEALARR min_samples_leaf ['1,'2','3" 1
min_samples_split ['s','6','7"] 5
n_estimators ['100', 200", '300'] 200
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XGBoost learning_rate ['0.01','0.03','0.06', '0.08'"] 0.08
max_depth [10', 12", '15'] 15
subsample ['0.7','0.8",'0.9', '1"] 1
colsample_bytree ['0.5','0.7",'0.9 0.9
gamma ['04,'0.1','0.2','0.3'] 0
0.8986

Stacking

B TA 7 KA BNS T . F1-Score M AUC HBEATIC B LB, 45 5R 40 3 P, [AIRF &) 14

K 3 Fiasiy ROC #h2k,

Table 3. Performance of different models

3. TRIERR

e~ Accuracy Precision Recall F1-Score AUC
Logistic A5 80.40% 24.03% 51.95% 32.85% 0.7440
) 89.99% 46.15% 50.94% 48.42% 0.8364
Bl AL AR A 91.38% 53.48% 50.43% 51.91% 0.8620
XGBoost 94.19% 76.72% 53.17% 62.81% 0.9015
Stacking 93.74% 70.13% 55.98% 62.26% 0.8986
ROC Curve
1.0
0.8
2
£ 0.6 1
E
2
(=W
2
= 0.4
0.2 1 i = —— Logistic Regression (AUC = 0.7440)
ot —— Decision Tree (AUC = 0.8364)
ol Random Forest (AUC = 0.8620)
ot — XGBoost (AUC = 0.9015)
gl —— Stacking Model (AUC = 0.8986)
005% 02 0.4 0.6 0.8 1.0
False Positive Rate
Figure 3. ROC curves for different classifiers based on SMOTE
3. &F SMOTE M [E4r 2588 ROC #hik
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RHE 3 FIE 3 HE R, BATTLAEH U458,

e, MHERIZE (Accuracy) RILE , B4 BRI S BRI — M, R =AM 90%,
o XGBoost A DL 94.19% FIERf SR I M . H IR, FEREHAZE (Precision) /7 1, XGBoost 54 [F #4515,
KF] 76.72%, FEWIHARFIIERPEA K AE J1555;  Stacking FEAY IR 22 (70.13%), 3245 0] I B R B0 AN 4
(24.03%). %, WA FEIZE (Recall)f34>, Stacking 7RI 5 H(55.98%), XGBoost HH K2 (53.17%),
HARJUBRHEAE 51% BT VG, GG PERFE S A EZER) F1 4040 E, XGBoost 54! L 62.81%
(1195 73 F11 Stacking (62.26%)49 56 HoAth = AMEEAL, GERH TARERIIZR G R B, NEM LR AUC 5% 57,
K] 3 11 ROC 14k 7~ XGBoost AR M, AUC HA 0.9015.

CEEKE, PEEMRAIE RN, VEREIRIRIZ DT, 1B R VA1E o B AR Y A A B 55 A Bl i R
DA R P 2 v g 25 R TR R BENLARMAT XGBoost i id £ s =) ik — AR AL T & #ett
iz tbie
5. AL EAXWER S
51. RLEAEWERMRELR

B THER A T IR BRAE ) 58 5 2 IR AR AR By, X — i R R 1 T 7 B R B R A R 53 R0 XU
bRy, WEIRAE R R3S 5 R AU AL R R 1],

SRR T8 A T 0 B ek i TR Rt B3 A 2 . TR (2012) 3 T W K Al 52 Tl &R A, 1iE
SABVPIE 25 11 5E TR IEMS[13]. HSCEZ2015) i iE 76 fSCHRIT A EEBL, AIHEA. #H2
PEAS 0 F R A E B IE ) T 32 2 R HRAV R [ 14]. F2(2021) K I FA: sh /r Hridi kb B b4 X 4% 5 HR Y
ZJi(JSNET)” JHiB BB 5, RIL AR LR h 52T 55 38 B L [15]. K iE %5 (2022) 84 %
A SCHRAE s BRI W TAF - SRBE SRR I S AT A ] B = A4 il & PR T D B RS [16]. 5175 (2020)
FRE 30 HP ] 2 PR AT 350 3 T e R T I A A B A [17] . Tbarra H 28(2010) 8 78 HR R I T RIFE
45 2[18]. Bode %5(2022)F% T 1470 A A E IR FIAH R E B G, @I A e S g0 d T H A S s e, Kilz s
Al A2 ST I H 7] e 2 PR S TS L2191 SIHZE202 1) R FH S & il e 4 $idis e 42 1k e ) 3%
Bl: AN SS S TR ARG,  HHH 2 S 0 TR RSB OR IS, b 8ixs 8 T ( 52 me R M B R [ 201

Bt 2 AME AR —SERF 78 DALER 5 o) SRR T 52 I3 T8 TR R o Zhang 55(2020) 8 L4825 > Hi%
R TR, ANFERBE KT FE RS T R 20 F = AE 20 [ 11]. Muhannad I 55(2023)8f 72 K
IEENIREL S RS B EIPR. R, FERAENON R T8 T4 & 52 [9]. Jafor 45(2023) K3
WK R AR, &%, FiRSE12].

CEEKE, AT R T E AR EEEGA LT U . R 5 T A AR, 2
B1. Buate. BRI (BE NTFEAR A2 ARG HEBEA) DL SR R E B2 EH . Bk
Me, EaEES . EHANBUAHEREFNSERI, FEGRRARSEA NS, FE, @y
SOVENEIC R, BR T, AR E KT Fh KRS F R A =g, gk, F—
VR RGO G5 PRSE IR s 0 TS O 3R . hAh, P TR S K
AETEFIRE A G B, (HAFAE “RUGVERNE” PG R HE 0 5% e 1 k2> T A B () 2 PR BRI R R AT 5%, %2
P 53 T3 T A6 P 0 DA Rk = TAE - RE SR U S BS i RG . NHAR STt EMEER, 254
AL S ST H v REXT B S T AR R, TSR 0 TAETR S B T 5 TR HCE LS.

5.2. EF SHAP MR T EARMWMEA RS
SHAP 73 Hr 9 — i H] T A R 0 45 SR 0 U705, E3R A 7 RS R sk SR R ) SRR R I,
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B BT ot AR R Al AR A AT FE M o G I T SRR X T £ SR ) T R R P ke A B EE A AL AR ) T 2
o,
AT SHAP i ERHEEZEM:, WK 4 fios.

department_Sales & Marketing +0.21
avg_training_score
department_Operations
total_score

sum_metric
department_Procurement
no_of_trainings

age

length_of_service

Sum of 8 other features

0.00 0.05 0.10 0.15 0.20
mean(|SHAP value|)

Figure 4. Feature importance ranking

4. FHEEZMHRF

Jfit—bilid SHAP (R IEREEI M HTHRFAE, WL 5.

High
department_Sales & Marketing o ol
avg_training_score . . o ohte
department_Operations . e
total score oo
sum_metric .

department_Procurement o

Feature value

no_of trainings
age
length_of service °

Sum of 8 other features

- - . T ; Low
—0.6 —0.4 -0.2 0.0 0.2
SHAP value (impact on model output)

Figure 5. Feature SHAP values beeswarm plot
5. #¥1E SHAP {E4£8¢ [

T P BB R T A R X B TR A e 1) EL AR 52 (SHAP {8 S I LHRFIEAE 2 A o B P RRA s AR — AN
AH) SHAP {H, HPHU R WOZFEA B R AL(E R (AL, B IR). avg_ training score %L ARENH EK,
SHAP ¥J{EIE 0.15, HIERF K i 70 FEAR (LD ) B4R 504 T SHAP [X.(>0.1), R/ FEA (I ) S b T 1 )
X, FOHHIRIE M. 20, department. sum metric £ = RFE{EFE AW 23 SHAP [HIE KFIE S
no_of trainings. length of service FEFEA A IM(SHAP > 0), WS IE 7 5k

e
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53. AT EABEARIZEXSH
FEG L SHAP 2 Hrf5 i i B 2 5 AR B X, 56 58 R Bt — P RIS LR S 5

TETHHIR R
(1) S TRREIEAL T 250
Kl 6 J& A TEANIVHAS 2870 58 THE DL 22 ST REE ) 6 Banr 45 53 T gt v T rh 25 X ) (U

627 60~80 70), P¥m(IR73<40. Hi70>90) d LUK IR S Wt 22 K b3 THOIVPAL Sk T 55K, &
S THBORAERHE AT AR5 53 THFINER RS

45 B

I SR T H ST EEHED, h &5 st R
FITRIREMDS /s w2 S TR R, A2 E T 3E 5 A sivr s AL 3

0.040
0.035
0.030

0.025

Density

0.020
0.015
0.010

0.005
100 110

50 60 70
avg_training_score

0.000
30 40

Figure 6. Cross-graph of employee avg_training_score and promotion

Bl 6. RITIFNTHEFNESEAFRANRZE
department - Z3515%

department - BHHEFER
10.76% 3073%
0.10 957% 064% 16000
901%
14000
812%
008
12000
7.20% .. 071%
10000
006 562%
510% a0
13.02% 13.02%
004
6000 976%
4000
002 4% aa1%
2000
182% 190%
000 0
> 4 = g Q & ¢ & K o @ ) & @ ®
IS g 3 b 5 /) « 5
§F £ 5§ 5 ¢ § 5 7 ¢ § § § £ & F § F ¢
g g §F < s ¢ ¥ gg 5 £ § ¢
@
b = £ £ ® d:g
£ £
a 3

Figure 7. Cross chart of department and promotion status

B 7. BIISEAERHZXE

(2) A TRERT]
K7 2RI 15 E TSRS XK. B 7 SR BEMTEI 1 58850 R THERE, B30 h
50%, BEARESI] R THERD, 1Y 1.82%. BARMITIE T2 E G, N 10.76%, 155115 T3 A,
356 A5 7 3
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IXH 5.1%. XATRER A AIEROR USSR |78 2 BN EAL2, PIRGI B EEARANA . NI IEES
Wt b =t T UR S DA e ¥ = D 0 AT =1y 3PS /oy €= o Ao el S NP - = A I R EP O S 8

(3) A LREAGRERI

8 J& b RS 2T awards won?F1_E—HEPFE previous year rating A NGRS SRR I
ffiE AR sum_metric XJ 5% T8 THRISZMATE O . iZfebn B0 e, AR R AR SicR Ui = . 73,
sum_metric 7370 8m, A LHETERLIEE ETHES . XUETHR IR £ 8 — F A (3R
WV —VF Sy, T2 RG IR VAL 53 TR T LS8R I R R LR G SRR AT TR O K
P, ARIL T AGUE NA IR o R 8 SRR I AL .

0.35

038
034
0.30
026

025
mmm  (0-Not Promoted
wam  1-Promoted

02
020 0.19
0.18
0.15
0.13
0.10 0.09
0.060.06 005
0.0 0.04 :
02
0.00 0
o N 19 39 A0 59

6D

b

sum_metric
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