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Application of sample equilibrium and feature selection in predicting
employee turnover intention
WU Xueliang, LOU Li
(School of Computer Science, Xi'an University of Petroleum, Xi’an 710000, China)

[Abstract] This paper uses five sample equalization methods, SMOTE, ADASYN, SMOTETOMEK, SMOTEENN and
Borderline—-SMOTE, to perform sample equalization on the data. The data before and after sample balance are selected with genetic

algorithm, and the LightGBM ensemble learning algorithm is applied to employee data to predict turnover intention. The results show
that after using the SMOTEENN method to perform sample equalization processing on the standardized data and the genetic

algorithm for feature selection, LightGBM has the best prediction effect, which verifies its superiority.
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Tab. 1 Confusion matrix of classification results
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Accuracy = (TP +TN)/(TP + FN + FP +TN) (4)

Precision = TP/ (TP + FP) (5)

Recall = TP/(TP + FN) (6)

F, = (2 x Precision X Recall)/( Precision + Recall)
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Tab. 2 The performance comparison of different processing

methods %
FEA AR TT % R KR BEx F{E
DN 86.09 64.28 3549  44.77
DN+GA 88.27  81.10 3830  50.30
DN+SMOTE 92.10 9477  89.02  90.07
DN+SMOTE+GA 93.40 9599  90.65  92.04
DN+ADASYN 92.09 9479  88.30  89.76
DN+ADASYN+GA 93.16  96.25 89.47  91.25

DN+Borderline-SMOTE 92.69  95.48 89.67 90.96
DN+Borderline-SMOTE + GA  93.51 96.38  90.43 92.03
DN+SMOTETOMEK 92.10  94.77 89.02  90.07
DN+SMOTETOMEK + GA 93.56 9579 91.09  92.33
DN+SMOTEENN 94.45 96.73 94.86  95.46
DN+SMOTEENN+GA 95.82 97.42 96.28  96.66
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Fig. 1 Comparison of experimental results

4 HRiE

AR SCHE IR TR T B TR B AR
PSR il P T R AP R AIE e R RN AL 2 )
L RS Y A RN AR B R A I L,
R H] SMOTEENN | i3t f% 5515 Fil LightGBM (2045,
LR LightGBM 2328845 tH 25 A 1L iz ibi iy
PRAL T A PERE

&% 3k

[1] WANG L. Review of Classification Methods on Unbalanced Data
Sets [J]. IEEE Access, 2021, 9. 64606-64628.

[2] BATISTA G, PRATI R, MONARD M. A study of the behavior of
several methods for balancing machine learning training data [ J].
SIGKDD explorations, 2004,6(1) ; 20-29.

[3] LI C. A new feature selection algorithm based on relevance,, redundancy
and complementarity [ J]. Comput Biol Med, 2020, 119 103667.

[4] ZENG Z. A novel feature selection method considering feature
interaction [ J]. Pattern Recognition, 2015, 48(8) : 2656—2666.

[5] ZHOU Y, KANG J, GUO H. Many - objective optimization of
feature selection based on two —level particle cooperation [ J].
Information Sciences, 2020, 532:91-109.

[6] XUE X, YAO M, WU Z. A novel ensemble —based wrapper
method for feature selection using extreme learning machine and
genetic algorithm [ J]. Knowledge and Information Systems,
2018, 57(2) : 389-412.

[7] MzRfe, AR, X005 5 I REIs [ M] . I9% . LT
Blag K 2g AT, 2019.:37-38.

[8] AifE e, B #7145, JET LightGBM HILZS & S WL A 16 ]
Fawi[y]. BT, 2021,27(35) 147-52.

[9] KE G, MENG Q, FINLEY T, et al. Lightgbm A Highly Efficient
Gradient Boosting Decision Tree [ C ]// Advances in Neural
Information Processing Systems, 2017 3146-3154.

(4255 180 1)

SEARAE B R BLE T S50k AR S 0 ] A
BRI Rl AT BBFSE 4t — 2 fFS Bl
4 ZRiIE

R B SRS oK T 2 K %, A T K
F14) 5 o G D K A B S i g 2R i Xk ) Btk L LA

FUSELE T R e AR, 225 Dt % iz
Frimi , s R4 AR AR 5 T 25 ]

S0k
(1] FR, Sk, T 4 5 R (1], JLROAE, 2003
(4) :47.

[2] RSEHRE. — KR s Ui 3 1) SRR RAF 9T 5 SC B[ D . WD -
B FRHE KA, 2011.

(3] YObs, HRHh RAE, 45, T I ME 2 B R PR i 2 22 e sk
[C]//2018 H [ [ sk K2 (CAC2018) ,2018:361-366.

[4] AR £FATHREN LR % 1AM R 5[ D].
Puil . PERE RS R, 2019.

[5] BELrse. BEFTiiexkshim i3 ST (1], & MkahE2Be, 2020
(1):108.



