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(Forecasting of Iron Ore Prices using Machine Learning)

ol = &) A & 42 Yy ado s Y
(Woo Chang Lee, Yang Sok Kim, Jung Min Kim, and Choong Kwon Lee)

8 ¢ HFANO 7HALS Ay Ik 719 EY Fa TEel w2 WEAdol AEHA 3
o}oolg sk HlEY2 A A HPA 7HEE oSk AL FoAMY. B AFE HAHY 7
S o) g3t HFA o] A e AHLEZEEH 3 & Ho| HPFA AYrtAE HE AS5ee EYS
MEstazxl seich oS 22 AAIE dHolHE 83 oS WHEez o 8T Ade AA
X 283 gFA A Y (Multi-layer perceptron), =847 (Recurrent neural network), 123 %
@7] 719 MESLA (Long short-term memory)®t 22 H #d(Deep Learning) 23S A&t
SAAES Bl Y 2R vng Azl 2w LSTM 2ol 6% @At 7 e Ao U
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Abstract The price of iron ore has continued to fluctuate with high demand and supply from
many countries and companies. In this business environment, forecasting the price of iron ore has
become important. This study developed the machine learning model forecasting the price of iron
ore a one month after the trading events. The forecasting model used distributed lag model and
deep learning models such as MLP (Multi-layer perceptron), RNN (Recurrent neural network) and
LSTM (Long short-term memory). According to the results of comparing individual models
through metrics, LSTM showed the lowest predictive error. Also, as a result of comparing the
models using the ensemble technique, the distributed lag and LSTM ensemble model showed the
lowest prediction error.
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A A8

Table 3 Options of MLP, RNN, and LSTM

Options Setting
Dropout 0.3
batch size 1
epochs 100
learning rate 0.01
activation function Hyperbolic Tangent
loss function MSE
optimizer adam
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4.4.3 RNN T%E HolFu Fig. 55 LSTM celld] A5+
ZE HojFE)

eyzow & 3
o4 gejel edF Fol @A FEe &Y% ﬁ ﬁ
JYOR ol Wy &%% e AW W utput layer
o

=1

ol 3ktl (Lee et al, 2019b; Jung et al,
2017). RNN2 F=2 A 74]@‘ dolg e nds 3

o F2 ALgEY. 94 AT MLPSH 7ol (o @ () it e

qd%, evz, %E—%%% A ek, ok i
Ao Al AFEs RNN 2ol 32l Fig. 3%
ol Azl sFol weh dHeolHE Adts
q g 2 Xt Input layer

Fig. 4 Structure of LSTM

LSTM Cell

Ciq ¢ Ce

ht—l h’t

Xp—g | Xro1 | Xt Input layer I

Fig. 3 Structure of RNN
Xt
RNNe &S FAo= xdstd 4 (1007 Fig. 5 Structure of LSTM cell
2ot (Lee et al, 2019b). F2olA ¢y, &= @A

qee o 49 Ygdt. = @48 B2k AlolEddM = FAE HARE ZAASH
ve e tE A4S, e d4 gge " A ADE 32 AlelEeA ol Al A
wapel, o ol edFel g QzAs, P BA L SE @el 2 wa ey dRs
hy & old 4939 &9 agla b= vhol mEA AAss sl 7N o= 44 @

o2 (Bias) e dmatt oA Qe o W ZFEAL b belel s ghd g
frolet A ARB/AVE A= HA A fi=o(Wilh, 2] +0b)) (11)

ThFo] AuwlaEo] gYo R SojzhAl Hrh

A AolEdHE MR ARIE A
y, = f([Uz, o, ]+ b)) 10)  ggaxz 2499 4 129 13)e 99 A
olEJA AEE dH FS wr=i= Faolt
4.4.4 LSTM AZIA C_ & MERX A e CE A5

= 28 (14)7 2t} (Lee at al. 2019b).

LSTM®] F%3+ RNN3#} fAFekw RNNoJ A

g7k AlolE, d¥ AlelE aga &Y AolE i, =o(W;lh,_,z,]+b;) 12)
E g9 27] Aed A HAx 2o Cr= tanh (Wolh, _ 1z, 4 D) (13)

(Shin et al, 2018). Fig. 4= LSTMY] A=<l
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Table 4, Table 5, Table 6& MLP, RNN =
g3 LSTM®] »==9] e 2439 Fd
aMel EHAAFE Jebd das BRoFErh o
FJ Table 72 2 AFAA A=t SJFE =

P59 oAF 229 FAH AHE HoFrh

4719 ME = A% A, AAHEE B
e MSEY 42,087, RMSEX 6.487,
MAE®] kel 4803 =z8lix MAPES kol
6.928% = e T MLPE =29 71 16 L
g 2y=o F£7t 49 wf MSE9 Fol
50581, RMSE+ 7.112, MAE: 5582 11
MAPEY] ko] 7.778% = et RNNS =
co] #7116, 2959 71 44 # MSE®9 #
o] 43485, RMSE+* 6594, MAE: 5.347 —1g
3 MAPEZ}F 7697% 2 YEST LSTMS =&

el

Table 4 Results of Measurement of the MLP at Different Number of Hidden Layers and Neurons

Nur.nber Indicators of Number of neurons at each layer
of hidden

layer | ieasurement 8 16 32 64 128 256 512 1024
MSE 54.071 55.846 | 56.439 | 53.874 | 61.399 | 58.661 66.86 71771
1 RMSE 7.353 7473 7.513 7.340 7.836 7.659 8.177 8.472
MAE 5.789 6.065 5.909 5.948 6.355 6.538 6.132 6.376
MAPE 8.154 8.656 8.393 8.423 8.984 9.405 8.701 9.308
MSE 60.749 | 61.807 | 51.683 | 72352 | 73917 | 58909 | 53.764 | 63.925
9 RMSE 7.794 7.862 7.189 8.506 8.598 7.675 7.332 7.995
MAE 6.348 6.321 5.676 7.066 6.746 5.995 5.855 6.420
MAPE 9.072 8.952 8.117 10.138 9.758 8.700 8.432 9.162
MSE 59.999 | 59.257 | 57436 | 63.392 | 60.769 | 65.709 | 60.488 | 54.806
3 RMSE 7.746 7.698 7.579 7.962 7.795 8.106 7777 7.403
MAE 6.281 5.986 5.842 6.016 6.012 6.809 5.995 5.771
MAPE 8.892 8.415 8.126 8.467 8.647 9.946 8.691 8.419
MSE 62.300 | 50.581 | 59.476 | 56919 | 59.467 | 65125 | 72643 | 65.027
4 RMSE 7.893 7.112 7.712 7.544 7.711 8.070 8.523 8.064
MAE 6.329 5.582 6.111 6.144 6.434 6.500 6.690 6.853
MAPE 8.938 7.778 8.484 8.475 9.301 9.273 9.580 9.990
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Table 5 Results of Measurement of the RNN at Different Number of Hidden Layers and Neurons

Number Indicators of Number of neurons at each layer
of hidden

layer | ieasurement 8 16 32 64 128 256 512 1024
MSE 59.251 | 59.767 | 60.296 | 61613 | 64616 | 63312 | 67401 | 67.433
1 RMSE 7.697 7.731 7.765 7.849 8.038 7.957 8.210 8.212
MAE 6.276 6.303 6.360 6.455 6.561 6.516 6.706 6.730
MAPE 9.239 9.265 9.325 9.412 9.601 9.532 9.893 10.011
MSE 59.484 | 57.830 | 72.011 | 71963 | 50.966 | 74.044 | 63.099 | 75594
9 RMSE 7.713 7.605 8.486 8.483 7.139 8.605 7.944 8.694
MAE 6.314 6.145 6.500 6.213 6.077 7.239 6.494 7.081
MAPE 8.968 8.732 9.100 8.573 8.521 10.259 9.070 10.142
MSE 62173 | 74270 | 81.243 | 66503 | 78576 | 64.058 | 78370 | 77.355
3 RMSE 7.885 8.618 9.013 8.155 8.864 8.004 8.853 8.795
MAE 6.451 7.425 6.833 6.714 7.7107 6.467 7.009 7410
MAPE 9.141 10.413 9.721 9.370 10.817 9.268 9.816 10.578
MSE 69.959 | 43.485 | 86.272 | 74668 | 72195 | 61.991 | 68.363 | 71.881
4 RMSE 8.364 6.594 9.288 8.641 8.497 7.873 8.268 8.478
MAE 6.430 5.347 7.610 6.512 6.413 6.440 6.898 6.748
MAPE 9.032 7.697 10.846 9.292 8.974 9.071 9.899 9.555

Table 6 Results of Measurement of the LSTM at Different Number of Hidden Layers and Neurons

Nur.nber Indicators of Number of neurons at each layer
of hidden

layer Measurement 8 16 32 64 128 256 512 1024
MSE 61.867 | 59.985 | 62.184 | 66.083 | 64516 | 66.907 | 65.898 | 68.066
1 RMSE 7.866 7.745 7.886 8.129 8.032 8.180 8.118 8.250
MAE 6.434 6.305 6.412 6.676 6.588 6.662 6.596 6.736
MAPE 9.408 9.342 9.449 9.971 9.788 9.814 9.700 10.138
MSE 61.465 | 27.196 | 48327 | 66453 | 62.788 | 56.384 | 63.352 | 71.916
9 RMSE 7.840 5.215 6.952 8.152 7.924 7.509 7.959 8.480
MAE 6.175 4.227 5.813 6.842 6.480 6.198 6.080 6.651
MAPE 8.694 6.242 8.164 9.665 9.360 8.811 8.792 9.695
MSE 64.215 | 60.489 | 67.142 | 73.770 | 60647 | 68985 | 66.115 | 71.272
3 RMSE 8.013 77T 8.194 8.589 7.788 8.306 8.131 8.442
MAE 6.602 6.046 6.762 7.106 6.480 6.311 6.647 6.206
MAPE 9.229 8.408 9.456 9.987 9.255 9.145 9.699 8.891
MSE 56.349 | 65.712 52.656 | 64.771 69.350 | 63.689 | 86.833 | 77.734
4 RMSE 7.507 8.106 7.256 8.048 8.328 7.981 9.318 8.817
MAE 6.044 6.105 5.826 6.509 6.967 6.205 7.310 6.716
MAPE 8.516 8.497 8.085 9.442 9.792 9.040 10.560 9.757

_67_



Forecasting of Iron Ore Prices using Machine Learning

o %71 16, Y
27.196, RMSE+=

MAPE®] ko] 6.242%= vtERL} 470 ¢

Table 7 Results of Measurement of the Ensemble

o] 47k 29 W MSE®] %ol
5215, MAE+ 4.227 71¥il
7§ A

Model Indicators of Values
Measurement

MSE 39504

RMSE 6.285

DLMLP MAE 5.057

MAPE 7169

MSE 38134

RMSE 6175

DLRRN MAE 5.005

MAPE 7214

MSE 22,546

RMSE 4748

DLALSTM MAE 4013

MAPE 5.870

MSE 39.778

RMSE 6.307

MLP+RNN MAE 5.393

MAPE 7628

MSE 28489

i RMSE 5333

MLPALSTM MAE 4659

MAPE 6.622

MSE 27879

i RMSE 5.280

RNN+LSTM N el

MAPE 6.494

MSE 37.057

RMSE 6.087

DL+MLP+RNN AL "1

MAPE 7310

MSE 26.922

RMSE 5.189

DL+MLP+LSTM AR T

MAPE 6.382

MSE 26.830

. RMSE 5.180

DL+RNN+LSTM AR s

MAPE 6.423

MSE 29,258

i RMSE 5.4009

MLP+RNN+LSTM AR e

MAPE 6.793

MSE 28,664

DL+MLP+RNN+ RMSE 5.354

LSTM MAE 4,660

MAPE 6.683

A Hayyd 2y FoAE G5 oAvF 7HE
o Aoz eyt
GE BEo|E AREES} LSTME 9t

L mdo] MSEY kol 22546, RMSEE 4.748,
MAE¥ 4013, MAPE: 5.870%% e AT
A A" GAE 23 Z= /A G o=
A5 Hole Aoz e

4709 M =y 117114

AAEES FFHo vu

]~o

AF

mlm

llg
lo

:l:‘oo

Moo,
a2t
tlo

fd

=2 5 oEL’
>,
)

T
o i se >,
>,

of rg
o o [o
oft off w& |4 oy mo F K oMz v

o
—
(@)
=
1o
i
oftt
ofy
A
o
o ©
o
+ ox
02
ox o
[

N
N
o [

Eﬂé (¢}

£3l9S W o] £ dF A5
< At} Fig. 6, Fig. 7, Fig. 8, Fig. 9,
Aol A AREEE 4719
Y RP GFE Y T M L
PR AR EZ L LSTMO S8 »d S
H7F diolHE oS AHE HolFE

o H I ot
r> K
&
i
—_
[e)
rlo
o [‘]-E

o

90

——  Actual PIC
—-—-. Forecasted PIC

PIC(Price of Iron ore in China: USB/ton)
)

T
Jan-2017 Jun-2017 Nowv-2017

Fig. 6 Results of Forecasting PIC using DL Model

Actual PIC
Forecasted PIC

60
L
L

PIC(Price of Iron ore in China: USB/ton)
70
1

0

Jan-2017 Jun-2017 Nov-2017

Fig. 7 Results of Forecasting PIC using MLP Model

_68_



Journal of the Korea Industrial Information Systems Research Vol.25 No.2, Apr. 2020 : 57-72

oo AAR AE3l e eAE v
Atk ¥ dA7e B A%E Fao] g @
& AR ANFA Sk
A A
el AALH <3t
Mg 5 itk A9

7Fe] H7FA H

90
L

— A tual PIC
———— Forecas ted PIC

Mr
2
tlo
of
o)

i o
2

=2 r
e L of\

ﬂHNvﬁg
lo 2 o2t > & iz 2 A

N
~

‘EmSO{Nm

R

PIC(Price of Iron ore in China: USB/ton)
o, —i> Hm r:i

i g
o Ho

?.:

N
)

Y,
é
offf
o,

>~
=

4y H rlo t}ﬂ
H
o
py
S L
i\
Ak

-
|
ol
¥ s o [‘EE

2
i

FE il
9,

5o o

¢

RUNY jrj

ﬂlo
°
T
o

Jan-2017 Jun-2017 Nov-2017

4k T

ot

Fig. 8 Results of Forecasting PIC using RNN Model

Eh)
2

ol

Al

il

o

_[>~

N

BOH oo K30

S

o g Mo oy 32
o

)
o
23

|

>
)
i
- o)
)
]
N
h

o
4
12 ol o2 i

——  Actual PIC
———-. Forecasted PIC

Ho X
o

32
k1
(o
)
)
N
)
i
lo,
o,
2

N30 2 e N oot B e

a
e
-4
i)

L
I
o

5

Al

i)
¥ of
v =
]Ig‘, —Tl—‘
£ Y
N 2
lo >
oy
4o 12

st
)
iy
N
X
N
&
rr
s 7
o

N HU
T S
o, rlr
3T

PIC(Price of Iron ore in China: USB/ton)
0

qo 2 E]
‘ ‘ ‘ nge AU wYS B
Jan-2017 Jun-2017 Nov-2017
153
=

=
Fig. 9 Results of Forecasting PIC using LSTM Model L]—E]—‘/LE]— A 2EZE 2a8 3 LST
B
=

@2 MSE®] gtol 22546, RMSE+=

os ‘JrE}‘Jr/ﬂ T HPA e AA 7HA % 01]
7vA Zkel oAb Aol diE FAHAR FFol
e Aow FglHdth E=gk MAES &
40132 Y= ol# @ Ak wAled B
ol A AFOoRFE F F Hdol dAA AA
¥ o B3 AR AL VI AFHAE A 2

al Akt A Zgkel BTAOE 401

Jan—‘2017 Jun—‘2017 Nov—‘2017 9 27 eSS AJAFSIT, HEE REE Fof A
Fig. 10 Results of Forecasting PIC A ZAFEE 283 LSTM RE3o gisE 29
using DL+LSTM Model MAPE+« 5.870%% Webgtd o= 37k Hlo]
Hol A waleyd 2ol Ag Algomiy 3
g Aol F= HAA JHES vE A5EdS
W AAZ tiHl dS 2] HlEe] 5.860%¢

rir
N
|
N
0]

—— A tual PIC
-——-. Forccas sted PIC

PIC(Price of Iron ore in China: USB/ton)
7
L

5. 2 2 = S g F ok olYd AdE FRHoR

Bots wf, AAEE 2P LSTM 239 %4

2 dre T3 AN AdHe Adew AE mEgo Ag A|AoZHE o o Ho| =

FE & @ Ao A vy d5ste Ay 2 " AL v d=3ge w AR g

Y Egs FSekslal, SuskA e 97 o B o Z=zke] tlet 9xe] AEs BAAE wo
oJHE o Fato] Zt RdoX 47 ZFAHAARE FE2YIS & F Urt



Forecasting of Iron Ore Prices using Machine Learning

AT Ade T FEA A Y #dE
HES gk #A dolHE o] &3t mile
Y EYE S AA AAHY T HEA 1A
= HE A5 7 AdeSs AARE o]y g Al
AP S RS HAwste w7t 719y T H
B dE Fa fEAEE =Y 7 ds AL
2 7ldEn =g 2 ATl A Al=Eg Ml
Y REEWET ofyg ¢ thdetal Aol Hol
4 REES AR S HPA A S o
ot Ao doA Ho AFg oF AdiE
s T As Aot e

References
Chung, E. C. and Lee, C. M. (2018).

Determinants of Chonsei Deposit to Housing
Sales Price Ratio Based on Rental Housing
Market Equilibrium Condition: Focused on
Housing Price Volatility, Journal of the
Korea Real FEstate Analysts Association,
24(4) 5-20.

Choi, H., Moon T., Jung, D. H., and Son, ].
E. (2019). Prediction of Air Temperature
and Relative Humidity in Greenhouse via a
Multilayer Perceptron Using Environmental
Factors, Protected Horticulture and Plant
Factory, 28(2), 95-103.

Chuy, J. M., and Kong, M. K. (2015). Changes
and Implications of Steel Export Structure
in Korea, China and Japan, POSEI Issue
Report, 2015(9), 1-10.

Granger, C. W. J. (1969). Investigating Causal

Models and
Cross—spectral Methods, Econometrica, 37(3),
424-438.

Huh, J. S. (2018). Mid-term Global Iron Ore
Market and Purchasing Issue Analysis and
Implications, POSRI Issue Report, 2018(8),
1-10.

Hong,

Relations by Econometric

H K
Apartment

(2009). A Study on the

Price Model using Neural

Network Model, Proceedings of the Spring

Conference on Korea Society of Industrial

Information Systems Research, 220-226,
Korea.

Jung, H. J., Yoon, J. S., and Bae S. H. (2017).
Traffic Congestion Estimation by Adopting
Recurrent Neural Network, Journal of
Korea Intelligent Transport Systems, 16(6),
67-78.

Jang, W., (2018). Factors Determining China’s
Iron Scrap Export Volume, POSRKI Issue
Report, 2018(12), 1-9

Kim, K. M. and Kim, D. H. (2018). A
Causality Test on Hairtail Prices among

Using a

(VECM),
Journal of the Ocean and Polar Research,
40(1), 49-58.

Kim, I. C, and Kim D. Y. (2001). A Study on

the Features for

Import and Domestic Markets
Vector Error Correction Model

Building Korea Digit
Recognition System Based on Multilayer
Perceptron, Journal of the Korea Industrial
Information Systems Research, 6(4), 81-88.

Kim, S. S, K. ] (2017).
Development and Performance Analysis of
Predictive Model for KOSPI 200 Index
using Recurrent Neural Networks, Journal
of the Korea Industrial
Systems Research, 22(6), 23-29.

Kim, H., Tak, H., and Cho, H. G. (2019).
Design of Photovoltaic Power Generation
Prediction Model
Network, Journal of the Korean Institute of

and Hong,

Information

with Recurrent Neural

Information Scientists and Engineers, 46(6),
506-514.

Kim, M. S. (2010). The Research on Liquidity
and Issues of Steel Market in the
Construction Industry, M. E. Thesis, Graduate
School of Seoul Industry University, Seoul,
Korea.

Kang, K. and Kim, C. (1996). ATM
Connection Admission Control Scheme Using

_70_



Journal of the Korea Industrial Information Systems Research Vol.25 No.2, Apr. 2020 : 57-72

Multilayer Perceptron, Journal of KISS(A):

Computer Systems and Theory, 23(12),
1225-1237.

Lee, W. C., Kim, J. M, and Lee, C. K.
(2019a). A Study on the Factors Affecting
the Price of Iron Ore, Proceedings of the
Spring Conference on The Korea Society
Management Information Systems, 102-106,
Korea.

Lee, D. G., Sun, Y. G.,, Kim, S. H,, Sim, I,

Y. M, and Kim, J. Y. (2019b).

Comparison of Power Consumption Prediction

Hwang,

Scheme Based on Artificial
Journal of The
Broadcasting and Communication,
161-167.

Liu, J. (2012). A Comparative Study on the
Competitiveness of Chinese Steel Industry
against Korea and Japan, Ph. D. Theslis,

Intelligence,
of Internet,
19(4),

Institute

Graduate School of Dong-Eui University,
Busan, Korea.

Lee, B., and Son, W. (2019). A Comparative
Analysis of Structural Changes of Korea,
China, and Japan in Product Space, Policy
References in  Korea  Institute  for
International Economic Policy, 19(4), 1-99.

Liu, J., and Han, K. (2012). A Study on the
Trade Structure of Steel Industry between
China and Journal of @ the
Korean-Japanese FEconomic & Management
Association, 56(0), 111-127.

Lee, I. N. (2006). The Impact of Raw Material

Price Increase on Domestic Prices: An

Japan,

Price
Pass-through, Korea Association Of Public
Policy, 21, 61-89.

Lee, S, and Ryu, Y. U. (2017).
Economic Growth and IT Investment: Is

Effect of IT

Determinant of

Input-Output Analysis of

Industrial

Economic  Growth an
Investment, or a
Decision-making for IT Investment, Journal

of The IntHrmation Systems Review, 19(1),

185-202.

Lee, S. M,, Sun, Y. G,, Lee, J., Lee D., Cho,
E. I, Park D. H, Kim, Y. B, Sim, I, and
Kim, J. Y. (2019). Short-term Power
Consumption Forecasting Based on IoT
Power Meter with LSTM and GRU Deep

Journal of The Institute of
Internet, Broadcasting and Communication
(IIBC), 19(5), 79-85.

Malanichev, A. G., and Vorobyev P. V.
(2011). Forecast of Global Steel
Studies on Russian Economic Development,
22(3), 304-311.

Moon, J., Park, S., and Hwang, E. (2019). A
Multilayer Perceptron-Based Electric Load

Learning,

Prices,

Forecasting Scheme via Effective Recovering
Data, of the
Information Processing Society, 8(2), 67-78.
Makridakis, S., and Winkler R. L. (1983).
Averages of Forecasts: Some Empirical

Missing Journal Korea

Results, Journal of the Management Science,
29(9), 987-996.
Nam, D. Y. (2016). A Study on Early

Warning System of Iron Ore Price based on

Signal Approach Model, FResearch in
Chinese Studies, 76, 131-149.
Nam, D. Y. (2018). A Study on Early

Warning System of China Iron Ore Price
Based on Al Models, China Academic
Conference, 61, 215-232.

Pustov, A., Malanichev, A., and Khobotilov 1.
(2013). Long-term Iron Ore Price Modeling:
Marginal Costs vs. Incentive Price, Journal
of the Resources Policy, 38(4), 558-567

Pearson, M. H., Shin, Y. and Smith, R. ].
(2001). Bounds Testing Approaches to the
Analysis of Level Relationship, Journal of
Applied Econometrics, 16, 289-326.

Rhee, B. K. (2017). Effect of Economic
Sanctions on Trade: Distributed Lag
Analysis, Journal of the Korea International
Commerce Review; 32(4) 399-413.

_71_



Forecasting of Iron Ore Prices using Machine Learning

Song, H. S. (2017). Comparison of

Performance between MLP and RNN Model

to Predict Purchase Timing for Repurchase

Product, Journal of Information Technology

Applications & Management, 24(1), 111-128.

S. D. (1969).
Imprecise Estimation, Journal of the Royal
Statistical Society, 31(3) 539-552.

Shin, S., Lee, M., and Song, S. K. (2018). A
Prediction Model for Agricultural Products
Price with LSTM Network, Journal of the

18(11),

Silvey, Multicollinearity and

Korea Contents Association,
416-429.

Wu, J. Q., Wu, J. Q., and Chen, X. B. (2012).
Import Iron Ore Price Forecasting based on

PSO-SVMs Model, 7The 7th International

o3
[}
Computer Science & Education Conféerence, A

Jul, 14-17, Melbourne, VIC, Australia, pp.
32-35.

Won, D. H, and Yang, C. H. (2011). A Study
on the Validity of Logistics Collaboration
for Steel Exports and Imports — Focused on
Trade with China and Japan, Korea Trade
Research Association, 36(3), 321-342.

o] ¢ & (Woo Chang Lee)
- A3l

Z % A (Yang Sok Kim)

A eA Rt AAst st

e University of Tasmania
AFE T A4

* University of Tasmania
AFE T A}

«(3) APt Zgehst 4

Z A 9 (Jung Min Kim)

« Aol A} At

(&) AU Hdgdrst
¥ A ApaAg

o #A]F-oF: Text Mining, Big
data, Machine Learning

* Southeast Missouri  State
Univ. MBA
e Univ. of Nebraska-Lincoln

BGARA 28 AL

(@) ABTign AU B3GR ws
EEE BN

_72_



