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Abstract: Human resource,
resources in making employe
decisions, this paper propo

data with unbalanced

ment is becoming more intelligent in decision-making. In order to assist human
n decisions and improve the fairness and the effectiveness of managers' promotion
Boost model based on integrated learning to predict and analyze employee promotion

jbution. Taking the employee promotion dataset of Kaggle data science competition platform

as the object for preprocessing, employee promotion prediction model is established based on XGBoost algorithm. This
model is then compared with other algorithm models on the evaluation indicators of accuracy, F'1 value and AUC value.
The experimental results show that XGBoost model has more advantages in three evaluation indicators than LR (Logistic
Regression), SVM (Support Vector Machine), ANN (Artificial Neural Network) and MLP (Multilayer Perceptron) models,

and it has better effect when applied to employee promotion prediction.
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model)
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3 ETFXGBoost BTl A i%(Prediction method
based on XGBoost)
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RS RFEA S N FERIICRBD)
N Analytics, Finance, HR
= 2 s , ,
department B LRk ] Legal, Operations: -
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% X . .
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Basic process of employee promotion prediction
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4 SCI§ 4y #r(Experimental analysis)
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Fig.2 Distribution of missing values in dataset
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BARFRAE, X AR EUE R R RRE, hwRTE
IR 0 B A B A A ) S B RO R N Y 1) A
7R FISMOTE—Synthetic Minority Oversampling
Technique (& i Kl SRR AR) 5 2t 42 il Ko S e L
P2 1A o T S 3 o T 125 4 € N (e B ST 7 =1
BPNGRR ., FIASMOTEE R )5, BIRHEARE LT
95,704 4>, HHIEGMFEARAT,852 1,
4.2 HBGIF ST
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Tab.2 Confusion matrix of promotion classification result

IR A B AT
SRR TP FN
LR BT FP N

Y Z AR 0T 45 78 B LB 48, 7 2R 2Rt AT IE B 23
R ARRS BRI FUEREHEMA R SA
BrEfehs, FUEMETL, WGBSR SR . HER A
FUEZ BRE T HARE] . A A RIE R ] 5213 T
TERFIE(ROC)HIZR, AUCHH 2 Mz 4okiG, AUCTHBK, #
RURS D8R . MERZRA F 2 MK OFIA0)FR

Accuracy 7P FNXIOO% 9)
+FP+

Fl Q_ X &ectszon x Recall «100% (10)
recision x Recall

+ BT G, AR5, 704 1, %

ESIRB5 7, BB ETHERTIM SRR . R

SR & AXGBoost RS, #e JRT:309 Lh 4] 43l 25
@5 SRR s, MEB BTN,

WA RTS8, BRI MXGBoost A &L 2

S A Hn_estimators=100. learning_rate=0.3. max_

15

depth=6, colsample_bynode=0.7, colsample_bytree=0.7,
min_child_weight=2, subsample=0.8, H4&ZEN&% K
BNE ., FEZEAWEAE R M XGBoost A LR |
SVM. ANN. MLPEARIEFTHE R PO F8 53 14 52 SRR S 30
e, XSS RINEIFR,

R EANLLER

Tab.3 Comparison results of models

SRk w0/ % F1i/% AUCH/%
LR 80.61 81.19 80.63
SVM 87.36 88.76 87.36
ANN 89.98 90.28 88.49
MLP 89.93 90.28 89.96
XGBoost 96.71 96.61 96.56

ROCHIZ THYTHARFR HAUCIE, ROCHIZR HFFHHER
(True Positive Rate, TPR)&Z\%l, {RBHM:Z(False Positive
Rate, FPR)Jyf%l, Hrp BTS2 58 F 45 5 8 & T+ B
EERAE R E TG, RIBBEEPRTP, PR
B AR BH PR 2 i T 45 2R R HER S BR 45 SR R R B T
S, RIRIE R R AP, ROC Hi £ BE B f BlAs 7Y f
g, LIRERIEEROCH L3RR,
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Fig.3 Model ROC curve comparison diagram
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2 FRE AR B — R e
5 #5if(Conclusion)
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