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Abstract

Analysis and forecasting of the Baltic Capsize Index (BCI) is important for managing an entity's
losses and risks from the uncertainty and volatility of the fast-changing maritime transport market
in the future. This study conducted volatility transition analysis through the GARCH model, using
BCI which is highly related to steel raw materials. As for the data, 2,385 monthly data were used
from March 1999 to March 2021. In this study, after basic statistical analysis, unit root and
cointegration test, the GARCH, EGARCH, and DCC-GARCH models were used for volatility
transition analysis. As the results of GARCH and EGARCH model, we confirmed that all variables
had no autocorrelation between the standardized residuals for error terms and the square of residuals,
that the variability of all variables at this time was likely to persist in the future, and that the
variability of the time-series error term impact according to Iron ore trade (IoT). In addition, through
the EGARCH model, the magnitude convenience of all variables except the Iron ore price (IOP) and
Capesize bulk fleet (BCF) variables was greater than the positive value (+). As a result of analyzing
the DCC-GARCH (1,1) model, partial linear combinations were confirmed over the entire period.
Estimating the effect of variability transition on BCF and C5 with statistically significant linear
combinations with BCI confirmed that the impact of BCF on BCI was greater than the impact of
BCI itself.
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1. Descriptive Statistical Analysis

Entire Period (March. 1999 ~ March. 2021)

VR MP BCI CSP 10T CCT IOP CCP BCF C3 C5
Samples 265 265 265 265 265 265 265 265 265
r|1 Minimum  -243,05 62828 22391.62 10464  27.59 39.8 71.76 5.25 2.87
d Maximum 16808.1 169200 128103.2 26903 200 329 363.88 10111 40.35
(3 Median ~ 2157.77 116124 71530 17936 723 12307 17589 1857 7.75
Average 3167.15 1122354 71691.11 17588.88 83.58 1329 20247  22.47 9.61
Coef. 0.13 0 0.01 0.01 0.01 0.02 0 0.03 0.03
R SD 0.36 0.04 0.1 0.12 0.1 0.13 0.01 0.18 0.18
? Skewness  0.61 0.53 -0.09 0.14 -0.57 2.42 1.14 -0.53  —0.37
‘# Kurtosis 7.49 0.63 -0.05 1.86 5.58 28.76 1.6 4.1 2.35
n  J-Berra 63958 1710 03921 4035 364.68 95115  87.35 263.2 68.72
p-value  0.000 0.000 0.000 0.000  0.000  0.000 0.000 0.000 0.000
Notes: VR= Variable, MP = Measurement parameter, BCF = Capesize Bulk Fleet(million, tonnage), C3 =
Brazil~Far East fares(U$/Ton), C5 = Australia~Far East fares(U$/Ton), BCl = Capesize index, CCP
= Coal price(U$/Ton), CCT = Coal trade(Thousand Ton), CSP = World crude steel
production(Thousand Ton), IOP = Iron ore price(U$/Ton), IOT = Iron ore trade(Thousand Ton)
Table 2. ADF(Augmented Dickey-Fuller) Test for Unit Root
Division t—statistic p-value Theory
BCl -3.0299 0.142 accepted
IOP -1.6578 0.720 accepted
CCP 2.7927 0.242 accepted
BCF —2.7384 0.265 accepted
C3 —2.6698 0.294 accepted
C5 -3.0884 0.118 accepted
CSP -6.5359 0.01* rejected
IOT -11.188 0.01™ rejected
CCT -8.9718 0.01™ rejected
Notes: VR= Variable, MP = Measurement parameter, BCF = Capesize Bulk Fleet(million, tonnage), C3 =
Brazil~Far East fares(U$/Ton), C5 = Australia~Far East fares(U$/Ton), BCI = Capesize index, CCP
= Coal price(U$/Ton), CCT = Coal trade(Thousand Ton), CSP = World crude steel
production(Thousand Ton), IOP = Iron ore price(U$/Ton), IOT = Iron ore trade(Thousand Ton)
A A=r} 3Hch 22 PEHE X (platycurtic) & e}, @A 717kl AE 10P, CCP, C37F TA$
ekl Zoz ElEgey, dud 7H4 el ¥ 2 AxE A A= 3 7HAe A

(CCP)9] ALo= Period 194 7} =& dBEIE By, olo} e B 53 o=
-)
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Table 3. Unit Root Test for Log Return
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Division t-test p-value Theory
BCI -8.9668 0.000 rejected
CSP -6.5776 0.000 rejected
0T -10.29 0.000 rejected
CCT -7.235 0.000 rejected
IOP -7.235 0.000 rejected
CCP -7.235 0.000 rejected
BCF -2.1131 0.000 rejected
C3 -8.2817 0.000 rejected
C5 —7.8861 0.000 rejected

Notes: BCl = Capesize index, CSP = World crude steel production(Thousand Ton), IOT = Iron ore
trade(Thousand Ton), CCT = Coal Trade(Thousand Ton), IOP = Iron ore price(U$/Ton), CCP =
Coal price(U$/Ton), BCF = Capesize Bulk Fleet(million, tonnage), C3 = Brazil~Far East
fares(U$/Ton), C5 = Australia~Far East fares(U$/Ton)

Table 4. Johansen Cointegration Test

No. of CE(s) None * At most 1 * At most 2 * At most 3 At most 4 At most 5 At most 6
Eigenvalue 0.294 0.217 0.167 0.116 0.094 0.068 0.033
STtra‘?e.' 90.952 63.946 47816 32.254 25.798 18.446 8.747
atistic
Prob.** 0 0.002 0.034 0.289 0.333 0.458 0.852
Table 5. AIC & SIC Test

Lag LogL LR AIC SC HQ

0 -13006.460 NA 102.484 102.609 102.534

1 -12761.920 469.823 101.196 102.450 * 101.701 *

2 -12672.890 164.752 101.133 * 103.514 102.091

3 -12606.030 118.972 101.244 104.754 102.656

4 -12523.950 140.243 101.236 105.873 103.102

5 —12432.430 149.896 101.153 106.919 103.472

6 —-12359.540 114.211 101.217 108.111 103.990

7 —-12289.700 104.496 101.305 109.326 104.532

8 -12216.030 104.992 * 101.362 110.512 105.043

2. B2 2 Z2XME AN Sk, BE W] 3 whg] AAA BE WS

of ThelTo] &A= AR EIHAUTE A
2 AF= AAE delH e Adds dolr 7123BA T AIRF 164 =L FRE B A
< EYE 12ES A 23 BE A

7] ¢1al BCIek 8709 wsrell thsko] ADF
(Augmented Dickey Fuller) ¥4-& A8+
o, I ZAI= (Table 2)9 2},

ADF 7% A%, CSP, 10T, CCTE A3t
ez o] frofghEo] 0,058 #2 Ao
2 Zelxo] BE AAER YEsth =

o]

B oA Qbg2de] 1= ATh((Table 3) D).
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Table 6. The Results of GARCH Model Analysis

Parameter BCI CSP 10T CCT IOP CCP BCF C3 C5

Coef.  0.0070  0.0060  0.0080  0.0020 0.0060 0.0090 0.0030  0.0240  0.0070

P -0.7200  0.3510  0.0000  0.0220 0.4910 0.61770 0.7250  0.0730  0.6250

3 Coef.  0.0020  0.0010  0.0000 0.0010  0.0020  0.0000  0.0000  0.0070  0.0040
P -0.3060 0.7410  0.2220  0.1550  0.0220  0.2430  0.9990  0.0120  0.3140

Coef. 01510  0.3020  0.0000  0.0950  0.6750  0.0000  0.0090  0.5740  0.2180

¢ P -0.1400 05860  1.0000  0.8390  0.1150  1.0000  0.9920  0.0220  0.3000
Coef. 08180  0.0000 09990  0.8390 0.2830  0.9990 0.98%0  0.2430  0.6700

g P 0.0000  1.0000  0.0000 0.0000 0.1070  0.0000 0.2320  0.0660  0.0170
Persistance  0.9690  0.3020  0.9990 09340 09580 0.9990 0.9980 0.8170  0.8880
Ljung-Box 0.6167  0.1685  0.7730  4.0620 0.0153  0.0912  1.9280  0.0005  0.0129
Q-test 0.4323  0.6815  0.3793  0.0439 0.0164 0.7627 0.1650 0.9820  0.9094
AIC -0.4440 -3.6460 -2.1620 -1.9180 -2.3290 -1.0640 -7.9830 —0.9720 —0.7320
BIC -0.3290 -3.5320 -2.0470 -1.8030 -2.2140 -0.9490 -7.8680 -—0.8570 -0.6170
HQIC -0.3970 -3.6000 -2.1150 -1.8710 -2.2820 -1.0180 -7.9360 -0.9250 -0.6850

Note: Volatility persistence is calculated as a+B for GARCH
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Table 7. The Results of EGARCH Model Analysis

Parameter BCI CSP 10T CCT IOP CCP BCF C3 C5
Coef. 0.009 -0.001 0.006 -0.017  0.006 0.008 0.004 0.011 0.010
P 0.000 0.154 0.000 0.001 0.322 0.039 0.000 0.253 0.456
Coef. -0.076 -0.491 -488 -1343 -1.450 -0.506 -0.942 -1.004 -0.463
“ P 0.368 0.000 0.000 0.287 0.059 0.000 0.000 0.126 0.764
Coef.  -0.096  —0.352 0.038 -0.370 -0.054  0.380 0.124  -0.223 -0.034
¢ P 0.290 0.000 0.421 0.003 0.607 0.001 0.000 0.074 0.882
Coef. 0.956 0.919 -0.039 0.689 0.691 0.885 0.915 0.721 0.862
? P 0.000 0.000 0.875 0.014 0.000 0.000 0.000 0.000 0.053
Coef. 0.323 -0.008 0.707 0.223 0.595  -0.117  0.224 0.365 0.238
4 P 0.000*  0.865  0.000™*  0.424  0.002*  0.138  0.003" 0.032 . 0.391
Persistance 0.956 0.919 -0.039 0.689 0.691 0.885 0.915 0.721 0.862
. 0.378 -3462 -1815 -154 -2113 -1.27/8 -7901 -0.806 -0.636
Ljung—-Box
0.446 -33%4 1746 1486 -2.045 -1.210 -7.833 -0.738 -0.568
AIC 0.405 -3.43 1787 1527 -2.086 -1.251 -7.874 -0.778 —0.608
BIC 0.077 19.190 0.034 1.913 0.902 0.013 0.363 0.059 1.031
HQIC 0.781 0.081 0.853 0.167 0.898 0.909 0.547 0.808 0.310
Note: Volatility persistence is calculated as B for EGARCH
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Table 8. GARCH Model Asymmetry Test

BCI CSP 10T CCT I0P CCP BCF C3 C5
Sign t-stat  0.6522 0.4919 0.8322 01499 0.6751 0.1487 0.3052 0.6899 1.5425
bias
test Prob.  0.5153 0.6235 0.6850 0.8810 0.5006 0.8820 0.1937  0.4913 0.1250
Negative t-stat  1.0537 1.7492 0.8540 0.1726 0.0049 0.2818 0.0376  0.3587 0.6911
(=) sign
bias Prob.  0.2937  0.08223* 0.8059 0.2428 0.9961 0.7784 09700 0.7203  0.4906
Positive  t-stat  0.3003 1.8543 0.4788 0.0734 0.5647 0.1666 0.8875 0.1474  0.5007
(+) sign
bias Prob.  0.7644  0.06558" 0.4194 09416 0.5731 0.8679 0.0609° 0.8830 0.6173
Joint t-stat  1.2033 1.3383 0.9095 0.0747 0.5334 0.1935 0.7058 0.5550 2.5670
effect Prob.  0.7522  0.01003" 0.8622 0.3803 0.9115 0.9786 0.2950 0.9067 0.4633
Table 9. EGARCH Model Asymmetry Test
BCI CSP 10T CCT I0OP CCP BCF C3 C5
Sign t-stat  0.1220 4.0468 0.8810 0.1413 1.2776  0.0478 0.7753  1.4382 0.2521
bias
test Prob. 09030 0.000** 0.8877 0.8877 0.2025 5 0.9619 0.4389 0.1516 0.8011
Negative t-stat 0.7535  6.7226  0.2428 0.6588 0.3533  0.0709 19136  1.4147 1.0074
(=) sign
bias Prob. 04519 0.000"* 0.5106 0.5106 0.7242 0 0.9435 0.0567° 0.1584 0.3147
Posiive  t-stat 0.4163 04971 09416 05132 1.0517  0.0002 03399 02151 0.4920
sign
bigs Prob. 0.6775 0.619% 0.6083 0.6083 0.2939 9 0.9998 0.7342 0.8299 0.6231
Joint t-stat  1.5455  5.4450 0.3803 0.6998 1.7412  0.0068 40408 29219 1.2569
effect Prob. 0.6718 0.000™* 0.8733 0.8733 0.6278  0.9999 0.2571  0.4038 0.73%4
T g 2% WEAdd g 54 A=E bias test) E7|%o] GARCHS®} EGARCH 23
gelet 4 Stk ey Wghe] wiE/dol of L5 A(+)o]H, cspef -t Fofnlgk A
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Table 10. The Estimation Results of DCC—-GARCH Model Volatility

Add=

A

1o

4 Aol 24 oig a5 227

Parameter

Y7

I'(1) ()

al

p1

2 K¢

@

DCC DCC

al 1
B al A1

Variable
EP

P01

0.010
0.476

BCI
0.999  0.002
0.250

0.174
0.001

0.825
0.000

CSP
0.004 0.999
0.112

0.000
0.001

DCC-GARCH(1,1)
0.000 0.999 0.000 0.897
1.000  0.000 1.000  0.001

Variable
EP

P01t)

0.010
0.477

BCI
0.999  0.002
0.253

0.174
0.000

0.825
0.000

10T
0.006 0.999
0.346

0.000
0.000

DCC-GARCH(1,1)
0.000 00999 0999 0.922
1.000  0.000 0.645 0.000

Variable
EP

P01t)

0.010
0.476

BCI
0.999  0.002
0.250

0.174
0.001

0.825
0.000

CCT
0.002 0.413
0.771

0.008
0.010

DCC-GARCH(1,1)
0.293 0.120 0.000 0.926
0.002  0.608 0.997 0.000

Variable
EP

P01t)

0.010
0.476

BCI
0.999  0.002
0.250

0.174
0.001

0.825
0.000

IOP
0.006  0.877
0.278

0.002
0.146

DCC-GARCH(1,1)
0.416 0.460 0.009 0.925
0.056  0.005 0.601 0.000

Variable
EP

P01t)

0.010
0.477

BCl
0.999  0.002
0.252

0.174
0.001

0.825
0.000

CccP
0.005 0.987
0.952

0.000
0.957

DCC-GARCH(1,1)
0.000 0.987 0.160 0.677
1.000 0.071 0.015 0.000

Variable
EP

P01t

0.010
0.475

BCI
0.999  0.002
0.251

0.174
0.001

0.825
0.000

BCF
0.004 0.955
0.000

0.000
0.484

DCC-GARCH(1,1)
0.207 0.748 0.175 0.000
0.000 0.000 0.009 1.000

Variable
EP

P01t)

0.010
0.481

BCI
0.999  0.002
0.267

0.174
0.002

0.825
0.000

C3
0.018 0.653
0.052

0.011
0.326

DCC-GARCH(1,1)
0.366 0.287 0.071 0.8%
0.108 0.585 0.080 0.000

Variable
EP

P01)

0.010
0.481

BCI
0.999  0.002
0.252

0.174
0.001

0.825
0.000

C5
0.009 0.902
0.397

0.003
0.281

DCC-GARCH(1,1)
0.098 0.804 0.129 0.823
0.114 0.000 0.001  0.000

Note: EP = Estimated parameters
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Table 11. DCC-GARCH(1,1) Model Estimation of BCl and BCF

o Para Period 1 Period 2 Period 3
meter  EP  t-value pQltl) EP  t-value pQltl) EP t-value p(Itl)
« 00214 17000 00875 -00170 -0.4882 0.6254 00214 17090 0.0875
© 00001 01272 08988 00074 09917 03213 0.0001 01272  0.8988
o @ 0000 00000 10000 0076 12992 0199 00000 00000  1.0000
Bl 09990 306223 00000 08921 211180  0.0000 0.9990 3066223 0.0000
ra 0.9990 0.9637 0.9990
« 00051 133780 00000 00031 89569  0.0000 0.0051 13.3780 0.0000
© 00000 00270 09785 00000 03312 07405 0.0000 00270 0.9785
aop @1 00000 00165 09868 02838 24682 0013 0.0000 00165 0.9863
Bl 09989 9138007 00000 0.6937  7.2030  0.0000 0.9989 913%800 0.0000
rae) 0.9990 0.9775 0.9990
DCC fo 02576 23318 00197 00000 00004 09997 02576 2.3318 0.0197
GAR
(1CT) Sy 0027 00671 09465 0991 6770 00000 00327 00671 0.9465
AC ~9.0712 ~6.5974 —9.0712
BIC ~8.8057 ~6.3618 ~8.8057
HIQ -8.9634 ~6.5016 -8.9634
Note: EP = Estimated parameters
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Table 12. DCC-GARCH(1,1) Model Estimation of BCI and C5

Para

VR meter Period 1

Period 2

Period 3

“ 0.0214  1.7580  0.0787

(1) 0.9990

-0.0170
w 0.0001  0.1283  0.8979  0.0071

BCI al 0.0000  0.0000  1.0000  0.0716
81 0.9990 307.9551 0.0000  0.8921

-0.5047 0.6138 0.0214  1.7580  0.0787
0.9924  0.3210  0.0001  0.1283  0.8979
13022 0.1929  0.0000  0.0000  1.0000

20.7428  0.0000 0.9990  307.9551  0.0000

0.9637 0.9990

“ 0.0231  2.1960  0.0281

—0.0048
w 0.0000 0.1059  0.9157  0.0035
C5 al 0.0000  0.0000  1.0000  0.0789
81 09990 270.1205 0.0000  0.7813

—-0.3062 0.7595 0.0231  2.1960  0.0281
0.9234  0.3558 0.0000  0.1059  0.9157
1.2204  0.2223 0.0000  0.0000  1.0000
4.0824  0.0000 0.9990 270.1205  0.0000

re) 0.9990 0.8602 0.9990

PCC DT o0 o0 0S8 0076 584G 0000 00000 0082 0218
GAR o
(CH) Sy 098 9437 00000 09007 462500 00000 0.948 94357 00000
11

AIC ~4.5841 ~1.1089 ~4.5841

BIC ~4.3186 ~0.8733 ~4.3186
Hannan~ —4.4764 -10.1315 -4.4764

Quinn
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