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Abstract - In recent years, research on shipping market forecasting with the employment of non-linear AI models has attracted significant
Interest. In previous studies, input variables were selected with reference to past papers or by relying on the intuitions of the researchers.
This paper attempts to address this issue by applying the stepwise regression model and the random forest model to the Cape-size bulk
carrier market. The Cape market was selected due to the simplicity of its supply and demand structure. The preliminary selection of the
determinants resulted in 16 variables. In the next stage, 8 features from the stepwise regression model and 10 fatures from the random
forest model were screened as important determinants. The chosen variables were used to test both models. Based on the analysis of
the models, it was observed that the random forest model outperforms the stepwise regression model. This research is significant because
It provides a scientific basis which can be used to find the determinants in shipping market forecasting, and utilize a machine—learning
model in the process. The results of this research can be used to enhance the decisions of chartering desks by oflering a guideline for
market analysis.

Key words - Capesize Market, Freight Determinants, Stepwise Regression, Random Forest
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Fig. 2 World trade of iron ore and steam coal
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Table 2 Description of determinants

ol ot

Factor Description
Cape Capesize 4TC rate($/day)
Cont Capesize Contract(DWT)
% Deliv Capesize Delivery(DWT)
g Demol Capesize Demolition(DWT)
< Scrap Capesize Scrap Value(m$)

Bunker Singapore 380cst bunker price($/ton)
IronChnlmp | China Iron Import(kton)
ChnSteelProd | China Steel Production(kton)
TronAusExp | Australia Iron Export(kton)
TronBrzExp | Brazil Iron Export(kton)
AusBrzRatio | Australia-Brazil Iron Export Ratio(%6)

§ CoalChnImp | China Steam Coal Import(kton)
g CoallndExp | Indonesia Steam Coal Export(kton)
= | CoalAusExp | Australia Steam Coal Export(kton)
. Indonesia-Australia Steam Coal Export
IndAusRatio )
Ratio(%)
CoalJpnlmp | Japan Steam Coal Import(kton)
CoalKorImp | Korea Steam Coal Import(kton)

2.2 SHAIM 5|7 24(Stepwise Regression)
g3 ARY o8] AFE FYste A= dA4 3
Aol Hd3 A o) tH((Shepperd & MacDonell, 2012;
Silhavy, Silhavy, & Prokopova, 2017). =222+ 2(2)9} 2
o] WEZ Uz ARG S Yed = Q.
y=XB+e 2
] e = OLS(ordinary least squares)sF4 0.2 2(3)}

wol 7% % vk,

A A 3
E WA 0 R Algste] o597}
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Fig. 4 Procedure of random forest
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Table 3 Model performances

Criteria Equation
MAE
RMSE
MAPE
COR
3. 24 A
3.1 cHAIA |7 EA Zo}

FUATL olgatel 08T wANZH DAY Wrz
< A&t A3} Fig. 59F o] HAW47 /1Y v mdle] A4
ol 7hd Hol W

ol 4 A A A _

RMSE (Repeated Cross-Validation)

5 10 1=
Maximum Number of Predictors

Fig. 5 The optimal number of predictors(LM)
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Fig. 6 Variable importance of LM
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Table 4 Model performances

= 7]geh

Ho

Stepwise Regression

Random Forest

Criterion

MAE

16,606.95
23,824.91

12,301.53
22,290.20

RMSE

g 7AA%e] VLCC, =l

1.4
0.84

51.27
0.92

MAPE
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