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Fig. I Main contents of the feature engineering
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DNN
GBDT
N ( DNN. GBDT. XG-
. XG- Boost) ** ( Preci—
Boost  GBDT sion) ( Recall) . ( Accuracy)  AUC
( Area under curve) 2).
2
Table 2 Comparison of model evaluation indicators
( Precision) ( Recall) ( Accuracy) AUC
90.50% 87.80% 93.60% 0.87
DNN 88.20% 85.90% 91.70% 0.83
GBDT 87.50% 85.60% 91.90% 0.84
XGBoost 89.00% 86.20% 92.10% 0.85
- Subset Size = Jn
; n
( Base Learn—
ers) \GBDT  XGBoost.
1) ( Gi-
ni) ( information gain ratio IGR) .
Final Prediction = Z w, * fi( x)
=1
(16) Al w
‘ Dl/
I6(D A) = H(D) - H(D,)
v e values( A) ‘ D ‘ 2)
H( D) D D, A
v
IG( D A)
IGR(D A) =
@ ( n_estimators) :
( hybrid feature selec—
tion) .
Score(A) = a* Gini(A) +(1 -a) * IGR(D A) @ ( max_depth) .
a
( dynamic feature subset ©) ( min_samples_split)

size)

( min_samples_leaf) .
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3) N N N
( 0.25 192
120 N
4)
100
GB- N N ;
DT  XGBoost 1
5) ( Precision) .
( Recall) . ( Accuracy)  AUC( Area
under curve) ( 3).
3
Table 3 Comparison of results between large and small datasets
( Precision) ( Recall) ( Accuracy) AUC
90. 50% 87.80% 93.60% 0.87
72.20% 69.50% 74.30% 0.71
( GAN) 63.10% 61.90% 65.10% 0.67
ow
1 4
70% 30%
0% 4.1
30%
True
; Positive( TP) ;
False Negative( FN) ;
True Negative( TN) ;
False Positive (
FP) 4
4

Table 4 Basic framework for model evaluation

( ) ( )

True Positive( TP) False Negative( FN)

False Positive( FP) True Negative( TN)
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5
Table 5 Predictive model for evaluating population numbers
( ) : ( )
( ) 181 499 680
( ) 127 6671 6798
308 7170 7 478
S 3) ( Accuracy) .
5
1) ( Precision) . . Accuracy =( TP + TN) /(P + N) .
“ 7 2019 1 308
. Precision = TP/( TP + FP) . 7 170 ; 2019
2019 1 1 —2019 3 308
2019 1 —2019 3 308 . 181 ;
2019 3 7 170 6 671 .
308 181 (181 +6 671) /(308 +7 170) x
Precision  181/308* 100% =58.8% . 100% =91.6% .
2) ( Recall) . 4) ( Specificity) .
. Recall =TP/( TP + ; ( False—Posi—
FN). 2019 1 —2019 3 680 tive Rate)
2019 1 “ 7 : Specificity =
680 TN/(TN + FP) =1 - FPR = 1 — 127/6 798 =
181 Recall  181/680* 100% =26.6% . 98. 1% ( 6) .
6
Table 6 Key indicator score of predictive evaluation model
( Precision) TP/( TP + FP) 58. 80%
( Recall) TP/( TP + FN) 26. 60%
( Accuracy) (TP +TN) /(P +N) 91.60%
( Specificity) TN/( TN + FP) 98.10%
AUC ow
AUC L ”
ROC FP Rate (
FPR TPR) .
AUC AUC
.AUC
; AUC<0.5 ;o AUC =
0.5
AUC 0.8
- (
4.2 ) “« o
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Table 7 Precision and recall of the model at different thresholds
( Precision) ( Recall)

0.3 45.70% 35.20%

0.4 52.30% 30.40%

0.5 58.80% 26.60%

0.6 65.20% 22.80%
0.5® 0.7 70.30% 19.40%
0.5 4.3

0.5
( Precision) ( Recall) AB-Test

3 AB

Fig. 3 Steps of the AB-Test

1) A.B
2)
14 A.B H,
8 H,
8 AB—
Table 8 AB-Test
A ( 5(ny) 114( ny,) 119(ny, +ny,)
B ( ) 15(ny) 106( ny,) 121( nyy +ny)
20( nyy +ny) 220( nyy +ny) 240( nyy +nyy + ny +ny)
® 0.5

0.5
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3)
df = (r-1)(c-1) r=
2 ¢c=2;
e; = Fy % FXj/n
4)
d (fz ei') :
X =22 Xl
i= c 7
j=1
5) P
2
X p
P S« H,
) >« H,
a 0.05.
p 0. 022 0. 05
6)
A LT B
ny +ngp
Ny ny Ny
Ny + Ny ny +np Ny + Ny
’ ny S
ny +np
U3
Ny + Ny
A /
B
2019 6
2019 8
2019
7 5% 2% 3%
( 4) .
4.4
©®

10

4

Fig. 4 Application results of the turnover rate predictive model

9
Table 9 Ranking of feature importance affecting property coordinator
1 0.08
2 0.07
3 0.05
4 0.04
5 0.03
6 0.02
7 0.02
8 0.02
9 0.02
10 0.02
4.5
ow
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. 5)
2020 5 490
5.9%
( 6) : 52 569
327
«“ " 7) 42.5% ( 8).

5

Fig. 5 Early warning of the number of property coordinators’ turnover

6

Fig. 6 List of property coordinator with a high tendency of turnover
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7

Fig. 7 Care point reminder

8

Fig. 8 Comparison of model management efficiency with or without it
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Table 10 Intervention measures for the property coordinators’ turnover in 14 pilot projects

22 50.00%
N 7 15.91%
4 9.09%
3 6.82%
2 4.55%
1 2.27%
1 2.27%
1 2.27%
3 6.82%
44 100. 00%
\0 ) 69
\0 ) 87
11
773
14
11
Table 11 Intervention measures of property coordinator project across the country
123 46.07%
N 55 20.60%
. 64 23.97%
6 2.25%
3 1.12%
3 1.12%
2 0.75%
1 0.37%
1 0.37%
1 0.37%
1 0.37%
1 0.37%
1 0.37%
1 0.37%
1 0.37%
3 1.12%
267 100.00%
0 ) 521
0 ) 711
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36
( 12) . 37
12

Table 12 Correlation analysis 6
1 -0.08**
2 5 -0.03"
3 24 -0.09**
4 -0.07" ow
5 -0.08**
6 -0.05"
7 2 -0.05"
8 -0.05"
9 -0.11**
10 —0.20* 10

© " p<0.05 ¥ p<0.01 **p<0.001.
Somers ' Cotton Tuttle *
35

19 38 39

-0.027 ~ - 0. 678
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Algorithm-driven employee turnover prediction and intervention: A study
based on OW property company

ZHU Bao-quan' ZHANG Zhisue” WAN Wen® CHEN Jia-mu'

1. Onewo Space-Tech Service Co. Lid Shenzhen 518049 China;
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Abstract: Under the current difficult employment situation many companies are facing the problem of em-
ployees’ turnover. Identifying employees turnover intentions understanding the underlying causes and im—
plementing preemptive interventions are pivotal strategies to mitigate such intentions. Although prior studies
have delved into the factors precipitating turnover intentions their findings lack robust predictive power. This
study aims to examine the determinants of employee turnover intention in real-world corporate settings with
the goal of enhancing firms’ capability to predict such intentions and address this issue. This study first identi—
fies imperative predictive variables through feature engineering and employs machine learning algorithms. It
then leverages the random forest algorithm to determine the hierarchy of turnover determinants and develop a
forecasting model. Meanwhile a quasi-experimental approach is utilized to validate the predictive model in a
corporate setting. Finally the predictive model is applied to test its validity again across the entire company.
Moreover this research tests the correlation between turnover features and turnover intention and finds that
these relationships are consistent with previous studies. This research not only comprehensively explores the
influencing factors of employee turnover intention using machine learning but also provides useful advice for
companies to reduce employee turnover by intervening early and expressing concern in advance.

Key words: machine learning; random forest; turnover intention; field experiment; intervention



