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Abstract

This paper aims to predict Busan’s regional product and employment using the logistic regression
models and machine learning models. The following are the main findings of the empirical analysis.
First, the OLS regression model shows that the main industries such as electricity and electronics,
machine and transport, and finance and insurance affect the Busan’s income positively. Second, the
binomial logistic regression models show that the Busan’s strategic industries such as the future
transport machinery, life-care, and smart marine industries contribute on the Busan’s income in large
order. Third, the multinomial logistic regression models show that the Korea’s main industries such
as the precise machinery, transport equipment, and machinery influence the Busan’s economy
positively. And Korea’s exports and the depreciation can affect Busan’s economy more positively
at the higher employment level. Fourth, the voting ensemble model show the higher predictive power
than artificial neural network model and support vector machine models. Furthermore, the gradient
boosting model and the random forest show the higher predictive power than the voting model in
large order.
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Table 1. Prediction and Actual Fact

Prediction
Prediction and Actual Fact
True False
True True Positive: TP False Negative: FN
Acual Fact
False False Positive: FP True Negative: TP
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Table 2, Time-Lag OLS Regression Model
Adj. R-squared: 0.999
F-statistic: 4639.
Prob (F-statistic): 2.73e-37
Industry coef  std err t Pt [0.025 0.975]
Intercept 3.7247 0.556 6.695 0.000 2.579 4.870
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Non-Metal and Metal —0.0080 0.040 -0.198 0.844 —0.091 0.075
Electricity and Electronics 0.1026 0.049 2.094 0.047 0.002 0.204
Machine and Transport 0.1869 0.069 2.726 0.012 0.046 0.328
Information and Telecommunication 0.0981 0.053 1.862 0.074 -0.010 0.207
Finance and Insurance 0.1237 0.046 2.684 0.013 0.029 0.219
Omnibus: 1,772 Durbin—-Watson: 1.858
Prob(Omnibus): 0.412 Jarque-Bera (JB): 1.098
Prob(JB): 0.577
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Table 3. Classification and Regression with a Logistic Regression Model

Accuracy of Training Data Set of Logistic Model: 0.714

Ch el s Accuracy of Test Data Set of Logistic Model : 0.556
Model precision  recall fi-score
Performance of 0 0.57 0.80 0.67
Logistic 1 0.50 0.25 0.33
Classification accuracy 0.56

macro avg 0.54 0.53 0.50
weighted avg 0.54 0.56 0.52
Regression a Coefficient: =0.130, b Coefficient: —0.104, ¢ Coefficient:
Cogfficicent —0.065,_ d.Coeff|C|ent: —0_1_10_, g Coefficient: -0.202, f
Coefficient: —0.123, g Coefficient: -0.113
_ Accuracy of Training Data Set of Logistic Mode: 0.524
€= B i GRLE] AT Accuracy of Test Data Set of Logistic Model : 0.444
precision  recall f1-score
Model 0 0.44 1.00 0.62
Performance of 1 0.00 0.00 0.00
Logistic accuracy 0.44
Classification macro avg 0.22 0.50 0.31
weighted avg 0.20 0.44 0.27
l;/lo?el ¢ a Coefficient: -0.005, b Coefficient: —0.005, ¢ Coefficient:
Lg;ig{i’ga”“e O 0.004, d Coefficient: -0.005, e Coefficient: ~0.006,
et f Coefficient: —0.005, g Coefficient: —0.005
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AR, FAZ=7F C= 0.001 & w ZA|A¥E
ARG Hrhetd v& 2k sty
(Table 3) ol|A] YeRd A7 Zo], 858 t]o]

B AEQ Agw 0,524, 283 H7FE o]
B AES Ao 04442 247 e, 29
o] Hrhg Yehll= H7HE diolEl AES] A
FoE i 9 et 281 8458 b
olg] ME< AHITE= HrhE ol AES]
A= Ho} o7 =] Ygkon g ofF ozt
o] HfHFo] Adg Ve A=E F= Atk

ag)a, 2X 28 2] 45 HrHE 2
5 B el Sl Ag AEEH, A
U, AdE, FI 23018 A9EH, A=
9ol 0] ool A== Z+2} 0.44, 0.00L
2 9 vEita, 19 dddx AdEs
0.00, 19] JHolA= ATEL 0.200.2 A
YeRd s, g g 7k Hagkel oigk
F1 230 0.449) 0,312 Z+7} tha A o}
bt a2lste] nyo] d& AL tha v
2 Aoz VR

EA, C=0.001 & wje] E2X|2=¥ F]AHRF ]
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AAAFE B, FRE33Y@= -0.005,
gho] A 0] 2+8] (b)=-0.005, | NF%E7]7]14+]
(0)=-0.004, Z=r}FE&|F2F(d)= -0.005, A5
A RAH) 224 (e)=-0.006, X538 71714 (h)=
-0.005, 12]a F8H 24 (g)=-0.005 TL&2
BT SR 3 JEhgT 28ER |

FE71Ak¢ 0] BALY &S] 7P =27 71
3he Aoz YeElgANE I 9] tE AEe
HsHl 258 S7MI7IE AR YEsT

1) 018 2X|AE 3H2E =X

B AHolAE 19994 387137E 2020 25
A B ARE AHgShe] Fate] 18
FEAWE FHAFE T, SARFERA
A7) AT FAAFQ), U7 FAAS
(b), 257 FAAF), Pare] AABE
T, BT FA FAFE), T A3k
el g $80, 13 FFY FE@ 5
Aol o5 77} HYusEe] Fare] 1ol vl

Ae P 2R
A7IM RE SHUFES FEUSFE 2
g FHeke] Rakel YA Sl that WA of

E=

£ Hoxe malede gt o
Eo] grht # dE3teErtel 288 F
E gk 23] HrE 317] EiA =2 &
& doly MEe} ¥ dolH AEH o
3k A= (accuracy)E T3kt 2t &
A28 3|ARA NN Al =g YRS
Co] gkoll wpehr] T3 B3] Aowe} AdE,
8]3 Fl-scoret= TR (Table 4) o] YeEh} it}

it
it
ie
i

(1) C=1

AR, A=Y BHNAM TAZE C=1 ¢
W] 2Rg WA ke 2ol (Table 4)
oM et = st 2ol WA, S bl
B AESY AZwE 0,965, 22| H7HE Ho]
H AE9 HIwE 092002 YeRY, 858
tlolg MEdA gFo]l & Hlow, HrhE-
ol ME9 AFrE: A Ustornz 3
o WP} 203 % 5 Aok 2eln g
tlolE MEe°] F&wr} 78 HolE AE9]
Aeun 23 $A URonz ofF skl
Ao gel Y FEol UAT =4 e

R ER S
E5F R (Classification report) $Fr-S ARE-
slod Uelditt, 7oA S 7+ e
2o o HaEgkg JEhde, 3T A
(weighted avg)= S ¥ 7} HARE &
£ FE g o = 7 Ptk Aot £F B
A9 e AU, AFE, F1 2305 AT
W AYA 5] Gefol e 09] et He
19 99 FUE, AR, FI 2207} 2

e Aoz eh} nael d 4ol &

flo

A, TARE C=1 ¢ o 2X2¢ 3o
2 333 IAAAFES B, AL ol gigk
gt=o] 7R FARAR(2)=0.040, HE7]7]
FEAAF(b)=0.376, FFH]  FEAAF
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IAAATES 47 exp(PF)E EF BALo] 4o
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Table 4, Classification and Regression with a Binomial Logistic Regression

Accuracy of Training Data Set of Logistic Model : 0.965

L=l el IR Accuracy of Test Data Set of Logistic Model 1 0.920
precision  recall  fl-score
0 1.00 0.88 0.93
ol PERBIIEED 1 08 100 090
of Binomial Logistic accuracy 0.92
lassificati )

Classification macro avg 0.91 0.94 0.92
weighted avg 0.93 0.92 0.92

Binomial Logistic a Coefficient: 0.040, b Coefficient: 0.376, ¢ Coefficient:
Regression 0.341, d Coefficient: 2.376, e Coefficient: 0.059, f

Coefficicent Coefficient: 0.659, g Coefficient: 0.988

C=0.1 Model Accuracy

Accuracy of Training Data Set of Logistic Model : 0.930
Accuracy of Test Data Set of Logistic Model

- 0.880

Model Performance
of Binomial Logistic

precision  recall  fl-score
0.93 0.88 0.90
1 0.80 0.89 0.84

- accuracy 0.88
Classification macro avg 0.87 0.88 0.87
weighted avg 0.89 0.88 0.88
Logistic a Coefficient: 0.161, b Coefficient: 0.212, ¢ Coefficient:
Regression 0.393, d Coefficient: 0.878, e Coefficient: 0.210, f
Coefficicent Coefficient: 0.237, g Coefficient: 0.257,
Accuracy of Training Data Set of Logistic Model : 0.877
=il ] e Accurac§ of Test Dgta Set of Logistigc Model 2 0.800
precision  recall  fl—score

Model Performance

of Binomial

Logistic accuracy

Classification macro avg
weighted avg

Binomial

Logistic Regression

Coefficicent

0 0.87 0.81 0.84
1 0.70 0.78 0.74
0.80

0.78 0.80 0.79

0.81 0.80 0.80

a Coefficient: 0.090, b Coefficient: 0.092, ¢ Coefficient:
0.138, d Coefficient: 0.184, e Coefficient: 0.104, f
Coefficient: 0.043, g Coefficient: 0.087,

A BAYo] Frlete] FEo] STkslRR, F
MM e HGAE Boluha Bake] 1.8 A
b= Ao = yehsitt

(2) C= 0.1

AR, ARG FAFE C=0.1 & %
858 tlolH AlEe] A¥ =+ 0,930, 183l
718 golg MEe AIwi= 08300F 7t
ZF e, 3714 dlolg] AEd gt 23]
C=1 ¢ v] Hol= 25 9A ofH3] =2 A
o2 Yehyttl, adEg 58 Holy AE
o] A¥wr} HrkE dolE ME HIrroh

[}

B A vt oA EA7F S 7
Aog Helt),

H, Z2A2E By o] e H7HE o8 =
Fo] e, A&, F1 23015 HuEd
(Table 4) ol Webd Az} o], HPA}F 2]
Foo] 2t 09 FoAH =2 19 g =¥ A
A AFAE, F1 23707 25 0.80HT =&
Ao Uit B9 oF AHso] £ Ao
2 Yt

A, FARE C= 0.1 4 o] 2A2YH 2
o2 FA3 IAASTE B, ke HAYA
Foll gk gh=e] 7IAF FAAF(2)=0.161,
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A 717] FAAG(0)=0.212, &530] F2}]
T(0)=0.393, F2ke] BAIGEAT(d)=0.878,
o] Fab F2|47(e)=0.210, = A3} o
n 2y 38(H)=0.237, 221 F= £
(2)=0.257 o8 Yt agste] 232
g 3 AAFES 47 exp(fDE BF B3kl
Fo g FAE St aFHER 2yt
57 Ak, BT, 7R A S
FAH o] S5 Fike] a1go] S
she Aem & 5

aelal 53] thelito] o FEo] S
s, I ohgoll g A3kl div] g2y #E
o] EolAFE BaloX HYAP} Bojuka 7
A Z7tekE Ao g vEelRg)

(3) C= 0.0t

npAEo 2 FARE C=0.01 ¥ wx= F4
A4S 1A, c=1Y uje} 2o HIAF 5ol o
3t 3k=o] VAR TR (), U717 Fab
152(b), &F7H] FAAF(0), Fabe] A2
AT, gre] B4 T (e), g U3l
n) gy g0, 2Elal k=] £E(g) T
Uehl= 2428 g o5 397
YRR Al FAld o] o] 2
IQAARE, B R ey
B2 olg fEuete FoY] FEE
ol 7|AIR B4}, AU7)7] B4}, 4548 Ex}
AF(0), ] 2 F AF(e) T FAL 5
Vs Fake] AL solv 18 St
sh= 2o Yttt Shellxel wigbrbA|a
=54 FAATY 2EFE Ak 18 o
Al AL ZA STk e R vEersT g
I gk dske] v 2] &l FobAaL,
A o] £E(g) Tol Eolg wl FAte]
A2 7 2 Pk a8A 7 JA] FTHA

e Aoz vepgth

N

m1o

Flr il 09'_’,

go 1o

1

L‘i

2) i 2XIAE 3RS 4

1A

£ doXe vy 2R AR ¥
o] AGA 5 v o Z 7| AFoE
A=l AGAF 771 1635 of3tolH 0, 1637+
BE 167.5%F osleld 1, 283l 167,59 %

r

b 282 FATE gjste] FAke) 1189 o
TS F e T8 HFE] 7Y S3d
FEL 71AR B4, A7) BAb, 2578
FAA (o), FAke] AAFATF(), =g
T2 FR5(e), S dste] din] @8 &
(0, 283 k72 FE(g) Tol e W
QA 7 2 FAke g g JEFES 1A
= Coll mEtA =431t
ﬂ%ﬂ oyl 2229 3| ARA S g 2, (
5yl el A3 2ol AA, A 2E B
A FARE C= 1, C=0.1, L83l C =0.05
o] &g HristH b 2t o3} 2
A 2~g 3|ARA ARt 3/ FAGE A
ol oA AR g5 dlojg AlES H
gwol Jrkg oy AES AIdxE= ozt
‘;%O}ﬁizl‘ﬂ, 3] 58 HlOlEi AES A
=7t 37HE dlolE] ME9 FErHY 27
iﬂl ugtom g oF7ke] JJrElW?JO] Us F
AARE, F7HE ol MES Hi=E ZH7}
0.640, 0.560, ZL&|3L 0.600 SOo2 1}&}A] 1)
WA FzstA et
aga, 2A2Y By A5 HrE 29
B8 H3uAE BW C= 1, C=0.1, 283 C
=0.05¢ o, L=, AHE, F1 2=Fo)E AH
HH (Table 5) X Yepd A3 o], HYPA}
z’:/] oﬂo:lo] O,] oﬂoﬂ 1,] oﬂoﬂ 2,] oﬂoﬂ _1;!__‘:,_
AU 0,50t ol Uehieh, ABE, I
230)F C=0.1 4 uf thh UA YEpst
EA, FAZE & g3 2224 3|9
B o] FAATE W, PythonollA= thaE
FE S8t =AY AT Y EFEE
UehllE cob HAgEAE s dshe ¢aEs
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dagFHEE F2 o] g3t thal ZAEA oA
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Table 5. Classification and Regression with a Multinomial Logistic Regression

Accuracy of Training Data Set of Logistic Model : 0.807

v=1 D e Accuracy of Test Data Set of Logistic Model : 0.640
precision recall  fl-score
Model 0 0.62 0.71 0.67
Performance of 1 0.70 0.58 0.64
Multinomial 2 0.57 0.67 0.62
Logistic accuracy 0.64
Classification macro avg 063 065 0.64
weighted avg 0.65 0.64 0.64
—— Employment 0: Coefficient———
a Coefficient: -0.048, b Coefficient: —0.149, ¢ Coefficient:
-0.223, d Coefficient: -0.707, e Coefficient: —0.077, f
Coefficient: 0.099, g Coefficient: -0.042
Multinomial —— Employment 1: Coefficient———
Logistic a Coefficient: 0.028, b Coefficient: 0.147, ¢ Coefficient:
Regression -0.181, d Coefficient: 0.059, e Coefficient: —0.028, f
Coefficicent Coefficient: —0.186, g Coefficient: =0.073,
—— Employment 2: Coefficient——
a Coefficient: 0.020, b Coefficient: 0.003, ¢ Coefficient:
0.404, d Coefficient: 0.648, e Coefficient: 0.105, f
Coefficient: 0.088, g Coefficient: 0.115
_ Accuracy of Training Data Set of Logistic Model : 0.684
G0 HTEE | AEEITEEY Accuracy of Test Data Set of Logistic Model 2 0.560
precision  recall  fi-score
Model 0 0.50 0.71 0.59
Performance of 1 0.62 0.67 0.64
Multinomial 2 0.50 0.17 0.25
Logistic accuracy 0.56
Classification macro avg 0.54 0.52 0.49
weighted avg 0.56 0.56 0.53
——— Employment 0: Coefficient———
a Coefficient: -0.042, b Coefficient: —0.050, ¢ Coefficient:
-0.077, d Coefficient: -0.153, e Coefficient: —0.050,
f Coefficient: 0.032, g Coefficient: -0.027,
Multinomial ——— Employment 1: Coefficient———
Logistic a Coefficient: 0.005, b Coefficient: 0.018, ¢ Coefficient:
Regression -0.031, d Coefficient: 0.016, e Coefficient: —0.004,
Coefficicent f Coefficient: -0.057, g Coefficient: —0.009,
——— Employment 2: Coefficient——-
a Coefficient: 0.037, b Coefficient: 0.032, ¢ Coefficient:
0.108, d Coefficient: 0.136, e Coefficient: 0.054,
f Coefficient: 0.025, g Coefficient: 0.035,
C=0.05 Model Accuracy Accuracy of Training Data Set of Logistic Model : 0.789

Accuracy of Test Data Set of Logistic Model 2 0.600

Model
Performance of
Multinomial
Logistic
Classification

precision recall  fl-score
0 0.56 0.71 0.63
1 0.67 0.50 0.57
2 0.57 0.67 0.62
accuracy 0.60
macro avg 0.60 0.63 0.60
weighted avg 0.61 0.60 0.60

QJo] HAF 2|HE2AA 9l 18 I o= 81
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——— Employment 0: Coefficient—-

a Coefficient: -0.057, b Coefficient: =0.107, ¢ Coefficient:
-0.177, d Coefficient: -0.479, e Coefficient: —0.080,

f Coefficient: 0.080, g Coefficient: —0. 033,

Multinomial
Logistic

Regression
Coefficicent

——— Employment 1: Coefficient—-

a Coefficient: 0.017, b Coefficient: 0.082, ¢ Coefficient:
-0.113, d Coefficient: 0.046, e Coefficient: —0.016,

f Coefficient: -0.152, g Coefficient: —0.041,

—-—— Employment 2: Coefficient—-

a Coefficient: 0.040, b Coefficient: 0.025, ¢ Coefficient:
0.290, d Coefficient: 0.433, e Coefficient: 0.096,

f Coefficient: 0.072, g Coefficient: 0.075,

A, =191 Aol YolME FAA 571
Bl 2e 09 Fe] Aol g &
gge] A Al FAATE] wF
o= byt agste] $gol 3742 u)
el AR 7 AL uh BaAPo] B
o :gF7tel Flolta, Batel $E( 27k,
AR FAAG@, Bl FA FA4C) B
o] 7lefata gtk

57, C=0.18] A58 C=0.05%} 91 5ol
£ AR BT, AU FAALD),
Tl are] AAREITD Fol 199 F
VA Ada 7 99 20 9he HBol th
2ol 71 o) e BYUsEe] 34 54
At gow Jehtone nga 5o $4
A7} 034 19 ol £ FEE Solret.

Sl AR 7 Be 20] gelol] Qo
£ AR ERAAF @, A7 EAA5FD),
] FAAR() oy FESel oie
A Zvhsh Rate] AABEATD F
7, @e) BA B4, B3 Askel dv]
g B0, 2elm B £E@ F 77
BE SPusEe] FAAG Gom et
qgo] Z7ksie 20] Qdefel &% el 7t
e Ao Ve,

4o do

Lefstel YA w7 A =L 99 25
nfgo s HH, FA7AFE0] B57h Fom

Jepti 2428 2AASELS 27 exp(8)
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% ojwl ZYAFO} 3 Tl F/1E 0 Y
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AHFYL FL& A
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Table 6. Classification and Performance with a Voting Ensemble

Classifier Accuracy of Classification
Voting(soft) 0.994
Classifier Decision Tree 0.988
KNeighbors 0.981
precision recall fl-score
Model Performance ? (1)8(1) ?88 g)gg
of So_ft_ Vo_ting accuracy . . 0:99
© EREET macro avg 0.95 1.00 0.90
weighted avg 0.99 0.99 0.99

I, FE gl AREE W 7] 2
zpol7 U= B E dlolE] AlEE R St
st oS o7} gt wEbA HlolE 9
83} FYS 4ste] PythonollA SMOTE
(Synthetic Minority Over-sampling Technique)
e ARESRAL HlolE o B d wAlS S5
at7] flste] HAle] FAolx e AEH W
2 Agste], maled 71l ARg-sh=
7 e FEskel] g s ARSsEslr

£ A79] Python A& ARE-SH X2 0]
Az FAelA 2k HEE 3F FARte]7E ZA
o, BF3E H8ste] SAEHE A4S
7 Ee] BF3E 984+ StandardScaler
5 ARESES] Scaler A& sl whEo] A
(fi) 3rrg A8ste] THL Hlolg AES] =
Hulro} A8 HolE AES] Sy &
ALe FFs}stdinh. ol RIS A4 &
H& o]y AEt AR HlolH AES 70%
o} 30%= 24zt Wral, O ke flal vy
d 7R AA e dAeA 2 WrEe] 57
s} g ARSI

1. B8 A4=(Voting Emsemble)
Y 2% o=

o]

=

o] &l myo g AARYRE B K-H2
% o]%(K-Nearest Neighbor) 28-& X435}
o 2 BE PdE B3 el AfEu
9] 7R4=(estimators) QAR A= A3 E (soft)
uE P E A

=7 o5 23, 953 22 (Table 6) 9l|lA]
el SIol, Ay nde] Fedee

0.988, K-Z|F o] B¥L2 0981 5o &
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Table 7. Prediction of SVR. ANN, and Voting Ensemble Model

Model Accuracy

Support Vector Machine, Artificial Neutral Network, and Voting Model

Individual
Model Performance

Voting Ensemble Model

Performance RMSE: 0.096

SVR Model's Coefficient of the Determination : 0.996

MLPRegressor Model's Coefficient of the Determination : 0.995

Voting Ensemble model's Coefficient of the Determination: 0.997

Table 8. Classification and Performance with a Random Forest Model

Model Accuracy

Training Data Set Accuracy of Random Forest Model: 0.936
Test Data Set Accuracy of Random Forest Model : 0.938

Model Performance of 0

Random Forest 1

Classification accuracy
macro avg

weighted avg

precision recall fi-score
0.94 1.00 0.97
0.00 0.00 0.00
0.94
0.47 0.50 0.48
0.88 0.94 0.91

TG E 0] ofEA JERS A=A &3]
Hste] MEZE WE WAl 3|9 (Support Vector
Machine Regression: SVR) 283} Q3 Aw
REg At B YFE BPom FHo
A7} (Table 7)ol Yeh} o,
ceete) Bl AN RRES A A
SVR BHe SVR §2 ol 85l 1ela ol
2 UJ‘(Artlhcml Neutral Network: ANN) X
242 AL 43 SHNESMLP) 3]
ARG L |83, 2 PRI} (Table
7y ol YERt ik
aejstel F44R, £ZE HE GdE
FAATE 0.997, SVRY AAAFE 0.996,
gl A3AEE BY e AARATE 0,995
B dgaA w7 Jehen, ne oy
2ol AAAF7} SVRY S1FAAY AARAS
Hoe 25 =4 Yok 282 Voting 3
B 29 RMSEZ 73 A3 0.0960.2 4F
3 = veht 24R89 dEge FEs)

LERS T

}\
R
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il
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2. Y IHAE(Random
Forest) 29| 222} 0=

1) 2HH Y AE(Random Forest)

22 05

=2
1, of7]o] & A 9] A TP 007 F
T Fag 49e T SYusEe 2R
A% mFE Wkl mPe| AAEE wE
32} gtk o] 2 93| (Table 8) A= 7Lt
o] 7f4=(estimators)i= 30002 FJL, UF-

o] Hu Zol& 282 AL shh
F4 A, sh54 dolg AES AT
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Table 9. Predictions of Income with a Gradient Boosting Ensemble Model

(estimators, max depth, learning rate)

Model Accuracy of Gradient Boosting Model

(estimators, max depth, learning rate)
(100, 2, 0.1)

estimators, max depth, learning rate)
(100, 2, 0.2)

(estimators, max depth, learning rate)
(100, 4, 0.1)

(estimators, max depth, learning rate)
(50, 2, 0.1)

(estimators, max depth, learning rate)
(30, 2, 0.1)

Training Data Set of Gradient Boosting Model : 1.000
Test Data Set of Gradient Boosting Model: 0.999
RMSE:0.046

Training Data Set of Gradient Boosting Model: 0.999
Test Data Set of Gradient Boosting Model: 0.998
RMSE:0.064

Training Data Set of Gradient Boosting Model: 0.999
Test Data Set of Gradient Boosting Model: 0.997
RMSE:0.074

Training Data Set of Gradient Boosting Model: 0.999
Test Data Set of Gradient Boosting Model: 0.998
RMSE:0.057

Training Data Set of Gradient Boosting Model: 0.993
Test Data Set of Gradient Boosting Model: 0.991
RMSE:0.128

0.88, 0.94, 183 0912 =A vhsio},

2) tE HYAE ASO0H| THEE X0

7] AeiA ALY 2E 3 ATFE o] 8314
ot A= JPEURY 7RS=100, Hul o]
(max_depth)=42 T3 1 ZA3}= ==3}c}

WD EH 2B FX|dZFe] FHAY g5
& dloly NE AAAIG= 0.999, 71 tlo]
Bl AE A5 0.99702 742} 3733 =
A Ut 38 PP 2E F£4] & 2y
2] RMSE+ 0,0682 YEeh} HE R &l 0,096
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