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Abstract

This paper analyzes the feasibility of using machine learning methods to forecast the employment.
The machine learning methods, such as decision tree, artificial neural network, and ensemble models
such as random forest and gradient boosting regression tree were used to forecast the employment
in Busan regional economy. The following were the main findings of the comparison of their
predictive abilities. First, the forecasting power of machine learning methods can predict the
employment well. Second, the forecasting values for the employment by decision tree models
appeared somewhat differently according to the depth of decision trees. Third, the predictive power
of artificial neural network model, however, does not show the high predictive power. Fourth, the
ensemble models such as random forest and gradient boosting regression tree model show the higher
predictive power. Thus, since the machine learning method can accurately predict the employment,
we need to improve the accuracy of forecasting employment with the use of machine learning
methods.
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Table 1. The Accuracy of Classification Prediction with a Decision Tree Model
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Fig. 1. The Classification Prediction with a Decision Tree Model
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Fig. 2. The Employment Prediction with a Decision Tree Model

=748
5= 34276
supls=57
lte= 164093
Tne Hl
et <=4 <= 748
mse=360751 mse=f67915
spls=15 sipls=31
vae= 1610308 vabe= 75613
<= 7421 leatln< i = 1409 lm=4ie
=084 =34 =430l = (436
supls=16 sgls =2 sps=$
alle= LTS vlte= 1668363 wie=1131
" ! l‘ {
etz =741 s w438l | | lmedsd Fuse=7064 | | bxn=T462 lms<=TI0 k4700
me=Th088 =306 me=3687 | | me=1737 me=17808 | | mse=242038 me=L5% =02
sphs=4 sapls=12 sgls=1 | | sgks=7 suphs=d | | smpls=2 = spls=2
vile= 3675 = 514317 vilie=16280| | vahe= 641714 wlie= 1675 | | vlie=1674082 wilie= 167 = 1705
A /A N A R D AN
| 1 ' [
m=00 me=68) | me=2ElD | | me=33 | | me=00 me=10 | | mse=9917 | | mse=00 me=i0 | me=00 | | me=86 | | me=7L0% me=10 me=00 me=00 me=00)
aghs=1 | | saphs=3 caps= | ospls=0 | | smpbs=1 | | spls=l | | ompks=6 | sphs=l | | sapks=d | | sapls=l | | smpe=l0| | saphs=l2 | smpb=d | [ smplssl | | sapsl | | sk
valie=1S10 | be=1S00667 [velue= 160309 | |vale=L6003 | [viue=16MD) |vahe=16R00| |ve=1605 vahe=160| |vale=I60 vahe=l640| |vae=I6600 | |vlue=lGR6ALT) Dvabe=ITA0 |we=lTT0) he=I0L0| |viie=17000
(lkm)7} 4,562 o]ato]d oz RFxo] 9% JAHEA W RS s Hrkeh] flsked

07 7}3, I o]iold o= g 7@;}
I v fEluetke) AR km) 7 4
olatE A FolW X0 g FiA BEFE oﬂ%
FQl Hate] AYAGFE 1,701 822 o
A =i, 4701 Be} 39 AzleR o2
skl 7}*1 Bako]l HARSE 1,700(H )0
d|=3H Fct AR o7 ZAS
&) @ Aoz BRE Rauy 7t =
ol webA 16709 AQAel gk ol Zgko]
1,572 ellA 1,724(A%) 2 Yo7 A},
Z18]al (Fig. 2) oMk Ut R o] i

2 2 MSER Zrolx|a ¢

B

=
=

oA Skollxe} o] T7He] FHHFES At
g3t Fike] 185 dSshe oA EA Y
¥ BEYE vheo] b JA] oAbEA U
AP ZFAA7] FAE AREEE] o] A
Zlo](Max Depth)= 42 AA3todrt =&

oo =

AA e} MSEE T8 A, (Fig. 3) olA<}h
o] 58 dlolH AE<] AAAFE 0.830,
H71g dolE MES BAAFE 0.6158 Y
Elsto ], MSER 0.6042 YA YEh) v w3
T2 2¥S ez ot

o] & o] &gt APEA UFTL (Fig. 3) oA
o} YepAwE & Jie] Aew A EY ot
53 2. AA, vk AAgE Akl 20
Zhol 7.4480F oW AA oA A3le] H
o] QEF === BRIt SEF TojA
UAl A FT7) 7,488 AW L EEL
=2 Ygrta, 2 gL F=(ex)o] 14.589 o]
stojd o g BREe 9% =52 JhA 1L
|50 58.55%F A&, FFo] 14.580H )
¥ 9EZ wT 2 JhX ALEL 57 7% 9
==

EA4, vk Ad 9 =M A
Ake] Zgko] 7.44 ofsleo|H Q2%
FEo] He7led, 225 Lo

)
of

Z7

r
ﬁn
.

ol M

o

Al



290 FstelA| Ao A2 (20214 44)

Fig. 3. The Employment Rate Prediction with a Decision Tree Model
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Fig. 4. The Youth Employment Rate Prediction with a Decision Tree Model
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Table 2. Predictions of Employment with Artificial Neutral Network Models

MLP Function

alpha=1, hidden layer size of ANN =[20]

ANN Model ANN Training Data Set : 0.930
Accuracy ANN Test Data Set @ 0.840
Accuracy of precision recall f1-score
Classification | Model 0 0.88 0.88 0.88
Prediction of Performance
1 0.78 0.78 0.78
ANN Model Classification of
Artificial Neutral accuracy(ANN) 0.84
Network macro avg(ANN) 0.83 0.83 0.83
weighted avg(ANN) 0.84 0.84 0.84
. alpha=1, max_iter=200,
ANN MLP Function hidden layer size of ANN =[30. 30]
Regression ANN Training Data Set : 0.603
Prediction ﬁg{“ rg"fde' ANN Test Data Set  : 0.567
uracy ANN RMSE : 0.471
. alpha=1, max_iter=200,
ANN MLP Function hidden layer size of ANN=[30. 30]
Regression ANN Training Data Set : 0.737
Prediction | ANN Mode ANN Test Data Set  : 0.560
y ANN RMSE : 0.319
. alpha=1, max_iter=200,
ANN MLPFunction hidden layer size of ANN=[20. 20]
Regression ANN Training Data Set : 0.774
Prediction | AN Model ANN Test Data Set  : 0.568
ccuracy

ANN RMSE : 0.315
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Fig. 5. Model Accuracy and Loss(epochs=100, batch size =100)
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Table 3. Predictions of Employment with Random Forest Ensemble Models

Accuracy of Classification
Tree of Random Forest Model

Training Data Set Accuracy of Random Forest Model: 0.982
Test Data Set Accuracy of Random Forest Model : 0.840

precision recall f1-score
0 0.88 0.88 0.88
Random Forest Model:

Number of Trees (Estimators) 1 0.78 0.78 0.78
=300, accuracy(RF) 0.84

Maximum Depth of Trees =2
macro avg(RF) 0.83 0.83 0.83
weighted avg(RF) 0.84 0.84 0.84

Regression Tree Prediction

of Random Forest Model Model

Coefficient of the Determination and RMSE of Random Forest

Random Forest Model:
Number of Trees (Estimators)
= 100,

Maximum Depth of Trees =4

RMSE : 0.008

Coefficient of the Determination of Training Data Set of Random
Forest Model : 0.961,
Coefficient of the Determination of Test Data Set of Random
Forest Model : 0.851
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Table 4. Predictions of Employment with Gradient Boosting Ensemble Models

Accuracy of Classification Tree
of Gradient Boosting Model

Training Data Set Accuracy of Gradient Boosting Model : 0.999
Test Data Set Accuracy of Gradient Boosting Model : 0.840

precision recall f1-score
. . 0 0.93 0.81 0.87
Gradient Boosting Model:

Number of Trees (Estimators) 1 0.73 0.89 0.80

=300, accuracy(GB) 0.84
Maximum Depth of Trees =2

macro avg(GB) 0.83 0.85 0.83

weighted avg(GB) 0.86 0.84 0.84

Regression Tree Prediction of
Gradient Boosting Model

Coefficient of the Determination and RMSE of Gradient
Boosting Model

Gradient Boosting Model:
Number of Trees (Estimators)

Coefficient of the Determination of Training Data Set of
Gradient Boosting Model : 0.9%4

= 100, Coefficient of the Determination of Test Data Set of Gradient

Maximum Depth of Trees =4
Learning Rate = 0.1

Boosting : 0.761
RMSE : 0.010
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