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Quantile Co-integration Application for Maritime Business Fluctuation

Kim, Hyun-Sok

Abstract

In this study, we estimate the quantile-regression framework of the shipping industry for the
Capesize used ship, which is a typical raw material transportation from January 2000 to December
2021, This research aims two main contributions. First, we analyze the relationship between the
Capesize used ship, which is a typical type in the raw material transportation market, and the
freight market, for which mixed empirical analysis results are presented. Second, we present an
empirical analysis model that considers the structural transformation proposed in the Hyunsok Kim
and Myung-hee Chang(2020a) study in quantile-regression. In structural change investigations, the
empirical results confirm that the quantile model is able to overcome the problems caused by non-
stationarity in time series analysis, Then, the long-run relationship of the co-integration framework
divided into long and short-run effects of exogenous variables, and this is extended to a prediction
model subdivided by quantile. The results are the basis for extending the analysis based on the
shipping theory to artificial intelligence and machine learning approaches.
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SHH(Duru, 2018, p. 84). ©|& Capesize F31419]
FAAC AHE AERE 2d 30d FoF =1 A
A AAOA Capesizer USD 30-140@4F 422290] 7}
o] WEHA, USD 5085k o] ol Ao =
WS vepE It 2 dle A7HES o
e AsEd 2dA5e] 343 45 38
= 2008 69 th¥ Capesize(120k+ metric ton)7}
USD 1409 o] FujE o), 53 2iko]
2008'd 1190l 40Mnt defo A=A ol= 674
4 whof oF USD 100¥iRte] 43 A7 bx] HES

welth, ol & AE diEske Add THAE

o U?I_;

(

oo i

1) Lynch & asseet playg FAAL AlgellA] A1%7b= vk
AREE APEe AFH0R e ) ZHXFAe} fAR
I gedth o] AE ARk FARAE Aol F2
o2k L 2e2fel] hal whg-S slo] 7]5]e] 714 #Hr
A} AxEA = 7 FAde doA 7HHol s
& o]dg g £ Sle 71HE Agdvta we 7t
A FAAE] AMehs g Wede ekl <8
Al w=els @A 7B Sokal AZsks AR o v
7HAA et Alshs Ae omldt

2008 sl A7IWEd A 240 Tode

[¢]
F HEAQL AT o) F871¢e] et
o o

A8 EAo] HolHY 2338 HojFE,
A3 - A 3] (2014a, 2014b, 2014c, 2020b)¢]
Adur A AR s A7dE A ATE
1

7173 FApke] A4, FAF A3 Atold] Azd
EAFE AFgTr, 28y A8 s ALt
S AnlF o]Z(coweb thoery)o] H-&E= Zo
2 Q9l%te EAE FE3HHGreenwood and
Hanson, 2015)= A& thFsk A-ol|A] A| 71k},
A Z84-EE 2E B3 FAF A7l A =
g AT WS A4t A gk A
& A T e ABVIAEIL A
2 AEA] Wslel] et &I Aol Ees
Bt 7€ dAFe st AsEdesERy 89l
BAH dFe] AEAEE SIS Frigk AHE AA
el v xg
g2 HE WA thgtk Folxl o5 2EF o] 89l
7t AAAA e} o AT E AAstaL, H2 714
<4+(machine learning, ©]8} ML)Z} Z&
g5g T AR B4
7}t EAjgct,
b 2 AFE F UHA S &3 J|dEs
B2 itk 3A, dxd 24 7HES B3 e
71X Ze} Al ZhAwste] #AE EAg 71E
T 32 A7IA ‘S A8k A BT} R
ASE VFHT LR AMESE WHH 2 =
sHEd A1) thER Capesize AE2] AA7kel 2
S gz st B4, 94 (quantle) FHS
AR BP0 gttt} o) 71E ATolA =8
A7k} d A7IAE "isk AE AAE A=

E-oFA A (nonstationarity)Z} H] X138 A (nonlinearity)

o ool me A e 2 o



2 Ml F Q= BHIT, o) |29 e o2
wgol et 2o

< 9lF AS(artificial in-
telligence ©J3} ADI MLE E33517] 93t 0|23
<77} €t
A7kel EAAFE B TR E¥(quantile
error correction model) 2o kA E Aol II
Fe 71E M A7) F A7l g o] ¢ AFH
AT 2L AuEy mAdA sdxigd] ot
A AARES AXE, VA JEAA Lol
gt A4 AR5 AAsta, Hd A8 HA 2
E At} viAg vAelde 2 ATe] Ade}
£ Arlgtt

Lo
Lo

FEe] ek BAjel 6l B Aol B7)uE
9 AE Al dig BAe 3¢ A% 9 48
sho] Thke BAL Ao, F1 EE AT
Az v 54 B Q7E drdes Aol

(Karlis et al, 2019).

2.1, Mgt &z}

a2 AANelA 19906 o] F-of A= Adek T}
it AR A S vt At B2 A7) 4
A, A7IHE QB8 T8 dde= gt

HEAHOZ Girgin et al, (2018)2 t}ksl 7y}
Ha Aoz Av w4 24 8 2

2dgo] st Dikos and Marcus(2003)¢] 3+
1976@XE 2002714 e] 21 B2 A4 74
o]&l3}l7] ¢3 ROA(Real Options Approach)ol|A]
e maE BEshel T AR 71 W)
E AABY, Tsolakis et al.(2003)2 1960\ H-E]
2001974418] ke dAFeR F3 AANT 23
240 JAE A 1A% gHRE F24 717

_>,i

o |r

& QAR 0" EAGT

Alizadeh and Nomikos(2007)= F2F Al7] GT&
Sl e A oS ThsAS sHEA S A o
W olo] wlgg F3 A ¥4 AAE wAR, 5
8 A 9 oz ASE ApEsh) sds) B A
2 83l o, o]F Merikas et al, (2008)& S
BA Aol AEAE A7 ] Fa7b4 b
&5 ol8dte] dSRFS Fusieitt, a2y ol
& APEE dedey Aol dad 44g 5
s grs A7 sl

A2ol el A% FsE AEE FAE 9
8 B4 Al Age A B4l 2= Fa
2 Qe et ke mYe AR Ak w
A AA-S B3} Rau and Spinler(2016)F= 23
T2 EAE 98l AeHlold %ol ROAZ #8331
© ™, Kou and Luo(2018)%= ROA H* WS &&
sol 54 17 £US o M FAE F
Aglsles 242 A8 Jeon et al.(2020)2 7AE|
ol e Al #8d E4S F7lz mdgeln
o &3l7] 98 Forrester(1958)7} 7Na3l A|x=H] &
g mdls #gste] Aoy Ate] SHA HHE
A gk

Z7] oA Al o]2774A] Bt B4 o
ATE AHE A 7HE A4S AREshE AeA R
B Adut #25 FHFor HAstelr] fg ndg

o= st gt

22, % 97

AotEaie] gat oS B AFE A Al 2R
o PRAT R WAk T WA REe b du
2ol gt MY ol Aol e AFE Al
gtk aela vpe A W e sheluels w
Pl o2-2 Al



N
(&)
(®))
ok
i
o
rE
g
o
ol

FIX|, 38T M[23

22,1 AR % 24

3z AlFel gk oS AFEAE RYony
B t}okstAl Al==o] gk}, Box and Jenkins(1976)
o] AHEH 7|3 HolsHt (autoregressive  in-
tegrated moving average, ©]3} ARIMA) &3,
Sims(1980)2]  #W]E|2}7] &) (vector  autoregressive,
o]&} VAR) 28, Engle and Granger(1987)2] #E]
QAR & (vector error correction model, ©]3}
VECM)2 ] AHgshs g4l Y o= 330]
t}, Franses and Veenstra(1997)+= L8 A=
A|9=(Bartic Dry-bulk Index, ©]3} BDDZE <=3}7]
$8 VAR BES Aokgon,
Khanna(1999)= ARIMA R 492 A}8-3}o] BFI(Baltic
Freight Index)E& o2 oS3t} Batchelor et
al.(2007)& shjets A o g 23
ARIMA ¥ VAR E3&o] VECM RdHt} ¢ & o
= Ag=E UshiE AAg

ool Tl (univariate) o] #t Z7] oSl o
3le] Chen et al.(2012)2 73}E APFolA VAR,
ARIMA, ARIMAX T3% E].]A]—OE 01]2:2:1 AA 7ﬂ31}
VAR ¥ VARX Rdlo] t}2 md
g5 YRS ANET o=
o] SRR} FFES ofuldh= AFEA At

F_u

[eX¥e}
'\L_

Cullinan and

291 Aust AFola ebgHel A g mde
A% SHol -8 ANE AT+ dout, &
% 714 Azl Aol EAS) ugel AR
He B3 olZo] ofele: 7&%7} e AR
4

A - 3], 2014). wEbA Rl A REEA QlF
2174 " (artificial neural network, ©|8}F ANN)Z} 9E]
7] A (support vector machine, ©|&} SVM)7} &2 7
7IAR] R o AE 4% AFE AT
tHLi and Parsons, 1997).

E3], Lyridis et al. (20042 VLCC(Very Large

Crude Carriers)E o|&3}7] €3 ANN @ ARMA &
g ANNZ ARMA RES H|w 2A3F 23} ANN &

o] ARMA RdHT} o] 73S AT,
ANN B9 285 008 Rdge] nrk APL
A A8}, Thalassinoset al. (2013)& BDIE <=3}
7] 98] FNN(False Nearest Neighbors, ©]3} FNN)
Ay 248 Zﬂ/*] 3}9de ™, Uyar and Ilhan(2016)
S ALgEle] dZF 29E o=

2.2.3. 3lo]B B =(hybrid-type) ¢S 2

HZ AN EE stolHeE BYE 7|E ¥ )
A8 & vnd u 7]E B Aks 35}
= e 71Ee] AE 9 vy Ao Ads T
3 FHEH A= o}, Han et al, (2014)=
wavelet 118+ E3) BDI AlFe] F4S AAGe R

)l

A BAIAE AT SME AT LaEE
AL Aeksl o, Zeng et al.(2016)S AF R=

il

3 (Empirical Mode Decomposition, ©]8} EMD)E
ARgsEe] dl& FEEE Fole WS AlAIGTH
3], stolHe|= R thEA s 47]1A% BDI
= 2 74 847F ANNES ARRste] ofE] 594
Yehs g2 AxEdEd
EMD-ANN #2]o2 Agte 34 Hgle E%S’J o
Z3(out-of-sample) H|nL oA VAR RdlRT} gAbe
& de dehdth

Guan et al. (2016)2 3dlo|H el thehA] SVMS
AF8-3Fe] Baltic supramax IndexZ o|&& HAAIF L
o, Eslami et al, (2017)2 <& HEL=E 7|Asl7]
sl ANN 2dy He §-H42} darg]E(adaptive
A3t A2 stolBg = of
SO 2RE StolHe|s R 5ol 37 K,
ol%% HIF(MA) =€, ANN RdEch 2o PiAF

J[m f

F_

Z(mode)&

genetic algorithm)<-



&9 AlF BXo] A BFEL o5Y

A FEE ARE AN F lod, ASEY By
o] fFEAdE o3| ooty F, FA g &
o] =2 (over-specification) A9} 32
ol ik F4 Ry Aol EAstA &
wAZE ik, whebs Bep g 4 2y
= 2

=237] 9% At 94 -

ﬂ&ao}ﬂm

Jut

e
)
E
A
2

Mo g

N
87
o
ok
N

4,
i
o ¢

a3

frl
oo
24
>

>
o,
o TP . A
rE
W
AT
r
p)
a
L
u)
% o
:p o
k2
)
2 |o
-
LoHo nh

(TSY) i
N
2,
e (1

iin)
<
&
24
>
of
FF
o, >

L oy o
of
-

lo,
de
1%

1. BAAAAE A5} A7 AXEE
(autoregressive distributed-lag, ©]5} ARDL)®%
g9d A AAE AAM A

(autoregrsssive, ©|3} AR) B8-S UhHf R0 T

_o
2435 ARDL(p,q) 282 AAIHS ko] A

34
sl Theke o w Aguiglon], FAH =

o
=
ge A e},

D q
Y=yt 200 Y,_+D0.X,_+Z, 6y
j=1 =0

q—1

p
=ptaX,+ Y Y, + 0K+ 7
j=1 0

i=

olml, Azt p=1,¢=>0 4 wl, X,_ = EH7o]
00]aL HAAR] kakel A4 F3belld Hejww, 7}
2 e ARAS  Aant DX (o—field)7}
(X% X o} W, oA z:
Y- B[Y,13,.,]& 77 engith =5,
o m, Yviob  Xxzel AR
M = 7*(1_2?:1@*)71’ B = 7*(1_2?:1@*)71 g
AN 2@ 2},

)

J

X,
rr

Y, =+ B8:X+ T, )

ARDL 2382 E<¢F4(nonstationary) A]A| Gl tf
3 @A}=A (error-correction, ©]3} EC) RO 2
Zrbss Ao tofstA s goh(Engle and
Granger, 1987; Hassler and Wolters, 2006), EC &
Yo e oo

AY, =v+wl,_, (3)

p—1 q—1
+ Y 0sAY, 4 Y 0.AX, +7Z,
j=1

j=0

olul, ZASE at TV, g1, AIFRAGH
L U,6,/08 47 Uehag, oleld 3o
ARDL/EC E& o] thH HE (vector) 8 Uk
v R ool bsa, Wesh 10)s)
1)3ge et oig Aekl g Welar
(bound test)o] 7}&3}cH(Pesaran, Shin, and Smith,
2001). WIAAL WFEe] BT /0) d we} BF
11) & we] AAZE Alels Frro = HdAste] 714
BAFe] o] T3t el $xetd wolEIn



168  s=sternisisix|, Ms Hos

2. 295 AZISFRARE (quantile
autoregressive distributed-lag, ©]3}
QARDL)®E

w4 mYe) oxgel HTEE el ol
w20l A9 ol Ak AL U Aol
Koenker and Bassett(1978)= £ 3#H =
AAletsaet. A2 AAlE Aol Bt o
A7olM &9 29, T 29, S
7 247y gg AEE 7HE w) o] A4 e
2 o] Exo gk 7ol #-8-skal

2y

2 3=

=y

AL ox o B b
o |6 o &

QARDL(p,q) S AR 2¥S s B
el 2oz 2(4)¢ g},
Y, = (1) (4)

NX,_;+ Z(7)

+Z é

p
R

O, (1e(P):pys (7). (7). By, .. 6,1())
QARDL 7158 27t tbehiith, (48 EC B o=
s A6)9 2,

il

)+0¢*( )( 1_5*(7'))(;71) (5)

s (
*1 qg—1
E Y, i+ 20.(DAX, +7
= j=0

Cho et. al.(2015)=
plr)et o

2j(5) 028
D EsE A o

AR, AR A Rer  Age
0 ol

( *(7—) (b[*(T)a... p_l*(T) 90*(7—)
20)& HasPehke AFE F4%

Nl ¥yl ﬁ]l@*(f) Vi R0p0x) ©

t J

Cho et, al,(2015) 75 o8 Y+ =9 g

2 QARDL Rdle] ¥eolE dAstal 7o
o8 ATE FAHY el RFo= gt
o M= A71dd Ag7t sk, ARSAZF
o] VEIIS ﬂl*lﬂﬁ} oldE 2 VRS
gk FHFT o] % 5
BFE FA57] Slg —ir? FE AABEA LTt &

© WEFE A A

rO
rr

A5 2%

1. AAE A= 2AA 23

A7 AR did2 7€ dFeA EAE
ASEA 2HE AAehs kAl Cape sized] &
A7 10d ol ® FA 7HHe diste 229 &
F21719] dFFol vk AAE 2000¢ 195H HZ
A2 Abeel] gk glaa JiFo] EAIEHA Y
2021 129€9744]¢] ClarksonollA] Agsh= 9E Al
AQ AsE ARSI A7ket RAAFE SaA7t
A} ﬂéﬁ U A=E ARSI

ATt A7 be] BAl EA el oA

Frdd FAE EFes ADF
Dickey-Fuller) 7AAS S8 A|AIE A59 <HAA
ARE AAETD AAE A oA delE HAS
HEjEhs Alme] BolbgAo 2 wAle 2 9l 1A
7 3]F(spurious regression) HAE A3}t A=
o] EX wet 4 23S A3t

£ A9 ADF 4 23+ FE DFH 2
sizeol] theh 7 a7t tigk F=0
A ABAT BT 1% frolrseln &l % 717—}

(Augmented

2) ADF (Augmented Dickey-Fuller) 7374
A7
Hy: =09 FARE /P A : 8 <09 thete] A

AR}, olul, 44 a3t A b2 TS A2el AS
o thste] A% fol that t-EARE AHgtel AT

Ay,:a+l7t+ﬂy,,l+iﬁ/’1Ayt,l+§, 2
i=1



3 = glo] BT Eobg AAIER velth aEa 1
2} 2HEE AR B B obgAg] Aoz o
Bt 2 AFelA] a2 AsE
afa B5F 13} xS [(1) o= yehsitts)

cape sizeE A€

E 1. ADF #¥ Z7

L Type T 12
Cape Intercept -2.06 -6.35*
size fntercept 233 6.99°
Intercept -2.43 -6.95*
BDI Intercept 312 6.89*
+trend ) )

F) * & ADF 2AZAT 1% FFoIN folghe ouish

ool A A sl B

ool wpet A Ml WrES WeR

21(1)¢] Granger Q174 AAARE (

ot JNEAAIG R T AR AT £ele] A7t

ek dge Urdjrﬁlﬂ 5% 5
2 Segch aea Azkel el Wt

A %ﬁl@gg o3k 9= Ao Ty}

(B 2)9 AFEY 23+ V&
N8 AAGAE Yigk Aygndgoz =As Ay}
o} A th=A] gt

il

fl
N
s T
2

E 2, Granger Qlotd A ZHn

dependent independent

variable variable Frstat
AP = f(ABDI) 421 t
ABDI =f(AP) 2.54

F) t B % T390 EAHeR Fo3t

A - 4 3)(2020b) 2] 2015-2019 7|7HS o 3f
—Ev—ﬁ‘)ﬂ"%_ cape sized] 7AF GGl g A0l
AOFE Uehdt), ol 7]Ee] tE dAFexel Al 4
an AT Ao oo B ATE capesize 109 o]
FIAE gdos EAsi

}L rlr n&

Hr
2o
3
ot
ey
Hr
td
ol
o
2
Ho
o,
N
22
of
He
4
N
()]
©

2. QARDL-ECM 3% Z3}

Tl gk ZFA - 38 5](20202) 9
BS(binary segmentation) ¢}
444 Pat
ol g ©9E 24e §a pads 289

298 A1,

ol s watel jg BAlolx o] ¥R
ez EXo] HQ3he A|7|stl. Cho et
alo15)% olei gl theke] Ade AR
E¥g AP ARDL(p,q) 2F el thk AIC, BIC
g Haxzste FFAAA 4 243 (p=1,9=1)°]
Adgk o yepston, F4H 9 B¥o B

PELT(pruned exact linear time)&

i Mo

| .
o gt SARS (& 3 2o
E 3. 2%+ =9 Z=ht
B95=(7) B(7) #(7) (1)
0.0074 0.2895 0.0022
0.2
(0.0116) (0.0126) (0.0000)
0.0104 0.2313 0.0022
0.4
(0.0390) (0.0118) (0.0000)
0.0261 0.2495 0.0018
0.6
(0.3151) (0.0119) (0.0000)
0.0378 0.1322 0.0032
0.8
(0.2682) (0.0201) (0.0000)

EEOAE oolshe] A7AGE debpios

(£ 39 4 29 Zund
e 0.0074-0.01 £l o, Ji&Ee 4 vkg
RB4el A71E ZH2E 0.13-0.28, 0.0018-0.0032¢] 2l
o}, o] At HAsh= sl AriEe] WalEct

A7) BE ARA
=

[Tl



71

o

[¢]

= TrdmEtER|, M8 A2

ARDL(1,1)2%-& QARDL(1,1)%

R

A7

#A 271el o

160

o
o

n%

Lr_L

Aol A7)

k]

o

il

=4 A
2 AAA % ] Capesize T

Aol 4]

=
i U

e

#9} 7]

7371A

Alg

-
it

=

Es

AA

3 #9529 3

ol

=
Eis

%

-] 2E BAle o

m
T

Ho

H

.?_

L

o

A3

, B8 A AIS} ML

=

=

A
1% FFollA A

¢}

Ao vyt

s

0(r) &

A Ay A7)

=
T

M E

t}. QARDL(1,1)

ol

el

R
e

iz
)

ol

}

1or

o

‘o/]

=

o
"

~=
T

“goll
EPAA R YehtoH, Il

) 4

A
il

A

A
A

1

A Aol vt F5<57t2 Ad=o] A

o]

S

- 4 8](2020a)
AFollA] A"

77 Ane 24

o] Ad7tell ik @A SAALE 5% FEA
a2 371l o

=
=

.]

A

| Capesize 34 7}
e}

- A 3)(2014c) ATV}

7]
}

k)
pal

%2

p
R

X
all
o]

_]

S

pul

3+ Granger 1%}

yel

£

|

A

X 7HE AAL Azl gk

A
AAIGell o
el

ofg Ao epgrh
5}

2 Rt Au g o

=

2=

o

=

3 A7)
s} o)
(oneway)2] 7

1

10,0931
9

(0.0064)
k2

I
E

o ofofx

Hd 2o

=

A QA7
=0

H.

L

ojt},
()]

=

B

fetom vEhbs A Sl o

0

o

RL

=

=

st Wald

718] vk e 717t Al

6.2213
(0.0445)

o]

3}
=

(bilateral) <]
Capesize 3149l oj

=

=

H-2
&)

4. QARDL of| cH
4

R

o]:ﬂ
]_1__

A Qot4e) A7 AN A} v}
T A W ol

Jepol= o143 o

p-value

o

I
ur

:l

A
R

T

i
o

(0.0000)
ks

87.1801

53, 7le] shvolA Auk Fas)

) ()
EdLR
(?:!

o
5 A7)
=

Az g0l o
CERREE

=
T

I
|

°
o
A

o

ol o 2

3

gur} 374 A7lel

gl 3

73

St

k)

1A sprhe A5

EAHog U3

2

=

<

i)

AMul 2 ol

o]},

S|
~

]

A8k

[e]

]-E

xel
=

g



FolET 7|E ATl ek ae) s AW
= 7bo] &9 Rk (bilatera) o] 1HAA S AA]

Sk Capesize $aL41 A3el AJolsitt, &, & AT
o] ASEAL 3 4719 Aduk 716l g JEF
o] sAHeE Frofdt FFol EAlshs AHrHd

3t J% 3
HAE AAsiH, et 7HwsE) s B71HEe
]

FFHETE FHA M7bel JgFo| AiH oz A Z&
s A7sRE AFEY AFE AAE

AdA - A E](20202)0] MY 2o daAd
A71e] WFoa FeE/Mste] S AFTEY
off ¥kt & AT V& AFEA | AXlEe 3
TH Fhkel wd/dsl a1yt o ARE e
We gelgitt, & afAPdeA A7is a1 A
7} 2re] AFAAE el Aol gk FEFol 1%
FoA BAFLE Fot AoE yeigon) A
dho] digt 5 Wtz WA A7) sl s
710l thet JFe EAlEA &v AS gRlgith
ol 333 3o yehe s A7HEE 3l
FEd AT ol g3t Wk onlsh, A
glo]] tigl 222l a7 A= o] MUkl 24
Au|2 Fgo gigk d3E o]ojzltk= Chiste and

Vuuren(2014)9] =2l Ax|sl+= A},
J

2 A7 B A e BrIEelA dut
Fadh s A7l dig FEud/dds 1
Aol dadhs AT Aow V& Hdd B¥S
Z3e tolue= AAIYE o] Zie F A &
AE sfdstdvks HolM seH Tt gtk A
A, FAF BZ2 AAD A TEHsE 24
of Wrdesn oate] Eqtgdes AV|EHE &
AE 3T F JES AdskAqt. =A, THE B
Fo] A7)d WAE A1 @] FAUFE 54

¢}
el 4 W] o TRela, olF Be
3

soluels BYL o) FAZl ML
R

294A42011), AT FIA Al FAJAEY =l
TEo e AT, SEIAEAEE A, 277
A23%., 297-311,

- AE)(2013), WAMEY sk

N,
1%

2|4(Baltic

™
Dry-bulk Index) 7te] vt 7|wd 24, &=
YA A], A209 A3, 63-79.

AN - EE)(2013), E5F AGAMAT e vdE
SR A, seERAT, A0d Az,
1079-1093

AN - F73)(2014a), AR 7HEEH dukra - I 2HY
vy AEeA 24, deslesR, A30A
A2%, 381-399.

A3A - A 5](2014b), Bayesian VARE o]&gh 3471,

g 23 QAN 7he] FElE AR, S
YA A, A0 A2z, 77-92.

AAN - E3)20140), +UFH HAurhE wiso] Ak
APdAgel mAE JEF -HHaE AEREA, e
BT, A30E A4z, 859-877.

A8 - AE3)(20200), THIE F7|AALGS 83 St
o] A7 st B4, shelER, A3
A A3, 285-304.

- A8 8](2020b), A7 HEH MeAPgel digk o
2 &5 o9d AP B, SmanbEAss)A,
A36A A235, 109-123.

oy
oo

£

Adland, R., Jia, H, and S. Strandenes (2006), Asset
Bubbles in Shipping? An Analysis of Recent
History in the Drybulk Market, Maritime
Economics & Logistics, 8(3), 223-233.

Alizadeh, A, and Nomikos, N, K, (2007), Investment
timing and trading strategies in the sale and
purchase market for ships, Transportation
Research Part B: Methodological, 41(1), 126-143,

Beenstock, M, (1985), A Theory of Ship Prices,
Maritime Policy and Management, 12, 215-225,

Beenstock, M., Vergottis, A.(1989), An econometric
model of the world market for dry cargo
freight and shipping. Applied Economics 21(3),
339-350.

Chiste, C., and G. V. Vuuren,(2014). Investigating the
Cyclical Behavior of the Dry Bulk Shipping
Market, Maritime Policy & Management 41 (1):
1-19. doi:10,1080/03088839.2013.780216.



162  s=aoiAristsix, MR8y M2s

Cho, J. S., M. ]J. Greenwood-Nimmo, and Y. Shin
(2019).
Autoregressive Distributed Lag Model for Time

“Estimating the Nonlinear
Series Data with Drifts,” Mimeo: University of
York,

Cho, J. S., T.-H. Kim, and Y. Shin(2015). “Quantile
Cointegration in the Autoregressive Distributed
Lag Modeling Framework,” Journal of
Econometrics, 188, 281-300.

Dikos, G., & Marcus, H, (2003), The term structure of
second-hand prices: A structural partial equili-
brium model, Maritime Economics &
Logistics, 5(3), 251-267.

Duru, O. (2013), Irrational exuberance, overconfidence
and short-termism: Knowledge-to-action asym-
metry in shipping asset management. The
Asian Jour- nal of Shipping and Logistics,
29(1), 43-58.

Duru, O. (2018).
Mlusion, Bias and fallacy in the shipping

Shipping  business unwrapped:

business, Routledge.
Engle, R. F. and C. W. J.
“Co-Integration and

Granger  (1987)

Error-Correction:
Representation,
Econometrica, 55, 251276,

Forrester, J. W. (1958). Industrial dynamics. A major

Estimation, —and  Testing.”

breakthrough for decision mak- ers. Harvard
business review, 36(4), 37-00.

Girgin, S. C., Karlis, T., & Nguyen, H.-O. (2018). A
critical review of the literature on firm-level
theories on ship investment. International
Journal of Financial Studies, 6(11).

Gkochari, C.(2015), Optimal investment timing in the
dry  bulk  shipping
Research Part E: Logistics and Transportation

Review 79, 102-109.

sector, Transportation

Granger, C. W. J.  (1969). ‘"Investigating Causal
Relations by  Econometric ~ Models  and
Cross-spectral Methods", Econometrica, 37 (3):
424-438.

Greenwood, R., & Hanson, S. G. (2015).
Waves in ship prices and investment,
The Quarterly Journal of Economics,
130(1), 55-109.

Haralambides, H., E,, Tsolakis, S. D., Cridland, C.,

(2004). Econometric Modelling Of Newbuilding

And  Secondhand Ship Prices. Research in
Transportation Economics 12, 65-105.
Hawdon, D.(1978). Tanker freight rates in the short

and long run. Applied Economics 10(3),

203-218.
Jeon, J.-W., Duru, O., & Yeo, G.-T. (2020).
Modelling  cyclic  container  freight index

using  system  dynamics,  Maritime  Policy
& Management, 47(3), 287-303.

Kalouptsidi, M.,(2014). Time to build and fluctuations
in shipping. American Economic Review
104(2), 564-608,

Kavussanos, M. G.(1997). The dynamics of time-vary-
ing volatilities in different size second-hand
ship prices of the dry-cargo sector. Applied
Economics 29 (4), 433-443.

Kavussanos, M. G., and A, H. Alizadeh-M.(2001).
Seasonality Patterns in Dry Back Shipping Spot
and Time Charter Freight Rates. Transportation
Research Part E 37 (6): 443-467.

Kavussanos, M.G., Alizadeh, A H.(2002). Efficient pric-
ing of ships in the dry bulk sector of the
shipping  industry. Maritime ~ Policy &
Management 29(3), 303-330.

Koekebakker, S., Adland, R.,(2004). Market Efficiency

Market  for  Bulk
Ships.Maritime Economics and Logistics 6(1),
1-15.

Koenker, R, and G. Bassett(1978).
Quantiles,” Econometrica, 46, 33-50.,

Kou, Y., Liu, L, Luo, M.,(2014). Lead-lag relationship

between new-building and second-hand ship

in the Second-hand

“Regression

prices. Maritime Policy & Management 41 (4),
303-327,

Levin, A,, C.-F. Lin, and C.-S, J. Chu,(2002). Unit root
tests in panel data: Asymptotic and fi-
nite-sample properties. Journal of Econometrics
108: 1-24.,

Lin, F., and N, C. S, Sim, 2013, Trade, Income and
the Baltic Dry Index. European Economic
Review 59 (4): 1-18. doi:
10.1016/j.euroecorev, 2012,12,004.

Li, J., & Parsons, M. G. (1997). Forecasting tanker
freight rate using neural networks, Maritime
Policy & Management, 24(1), 9-30.

Lyridis, D., Zacharioudakis, P., Mitrou, P., & Mylonas,



A, (2004). Forecasting tanker market using arti
ficial neural networks, Maritime Economics &
Logistics, 6(2), 93-108.

Merikas, A, G., Merika, A, A., & Koutroubousis, G,
(2008). Modelling the invest- ment decision of
the entrepreneur in the tanker sector: Choosing
between a second-hand vessel and a newly
built one, Maritime Policy & Management,
35(5), 433-447.

Pesaran, M, H. AND Y. Shin (1998). “An
Autoregressive  Distributed ~ Lag ~ Modelling
Approach  to  Cointegration — Analysis,” in

Econometrics and Economic Theory: The
Ragnar Frisch Centennial Symposium, ed. by S.
Strom, Cambridge: Cambridge University Press,
Econometric Society Monographs, 371-413.

Pesaran, M. H., Y. Shin, AND R. J. Smith (2001).
“Bounds Testing Approaches to the Analysis of
Level  Relationships,” Journal — of
Econometrics, 16, 289326,

Rau, P., Spinler, S.(2016). Investment into container

Applied

shipping capacity: A real options approach in

oligopolistic competition, Transportation
Research Part E: Logistics and Transportation
Review 93, 130-147.

Sodal, S., Koekebakker, S., Adland, R.,(2009). Trading
rules with analytical ship valuation under sto-
chastic freight rates. Applied Economics 41(22),
2793-2807.

Stopford, M.,(2009), Maritime Economics, 3rd ed.
Routledge, London.

Strandenes, S. P.(1984), Price determination in the time
charter and second hand markets. Center for
Applied

Research, Norwegian  School  of

Economics and Business
Working Paper MU, 0.
Thalassinos, 1., Hanias, M. P.,, Curtis, G., &

Thalassinos, E. (2013). Forecasting financial in-

Administration,

)

dices: The Baltic dry indices. In Marine navi-
gation and safety of sea transporta- tion:
STCW, maritime education and training (MET),
human resources and crew manning, maritime
policy, logistics and economic matters, pp. 190
—283.

Toda, H.Y., Yamamoto, T.(1995), Statistical inference in

vector autoregressions with possibly integrated

Hr
do
r
ot
2
Hr
o
ofly
o
=
Ho
on
N
E
offl
S
12
—
(0)]
w

processes, Journal of Econometrics 66, 225
250.

Tsolakis, S., Cridland, C., & Haralambides, H, (2003).
Econometric modelling of second-hand ship
prices. Maritime Economics & Logistics, 5(4),
347-377. https:// do-
i.org/10.1057/palgrave. mel.9100086

Tsouknidis, D. A.(2016). Dynamic Volatility Spillovers
across Shipping Freight Markets. Transportation
Research Part E 91: 90-111,

Tvedt, J.(2003). A New Perspective on Price Dynamics
of the Dry Bulk Market, Maritime Policy &
Management 30 (3): 221-230.

Uyar, K., & TIlhan, A, (2016). Long term dry
cargo freight rates forecasting by using
recurrent  fuzzy neural networks. Procedia
Computer Science, 102, 642-047.

Zeng, Q., Qu, C., Ng, A. K., & Zhao, X. (2016). A
new approach for Baltic Dry Index fore- cast-
ing based on empirical mode decomposition
and neural networks. Maritime Economics &
Logistics, 18(2), 192-210.



shEEnANEtEIX], MO8 M2

2 A= 20009 1€5E 2021 1297149 dlxd GAA] % Q] Capesize 171 Ol
dog Fleatdd tE B¢ 2ge Y B dFE F A geF 7|oE Bxe v 3
A, EAE AFEA ARt AVlEE AR 25 AR dlEF A% Capesize FIAH UG
9 Atk B4, £95 JAZ PAY - AYE)(20202) AT AEHE FEHESS a7
235 AR 24 dis B4 2¥e AAE AR F2HEIE EAo) vy
o] EetgAdos Ar|Ee BAE $38 4 JSS el aga FAHE 2y

e
e

[o rlr
"
T T o ok
92 3 fo du o
B

4 f‘ﬁ e
o, |l

o
-

ol

719F @] FAMSFE B8 AW F - wy] JdFos TR, ol EHEs
sty olite] FAANE & ol2EFPo] 7ukEt BAS FATI 7AEE
A7} =

<, i

s
rr

FAol: AL FIAE, #e7 57, BAF TR HY



