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This paper is to investigate spillovers in the Capesize forward freight agreements (FFAs)markets before and after the global financial
crisis. The paper chooses four Capesize voyage routes FFAs (C3, C4, C5, and C7), two time-charter routes FFAs (BCIT/C average,
BPI T/C average), and spot rates as research subjects, covering the periods 3 January 2006 to 24 December 2015. This paper
applies Volatility Spillover Multivariate Stochastic Volatility (VS-MSV) model to analyze volatility spillover effects and estimates
the parameters via software of Bayesian inference using Gibbs Sampling (BUGS), the deviance information criterion (DIC) used for
goodness-of-fit model. The results suggest that there are volatility spillover effects in certain Capesize FFAs routes, and the effects
from spot rates to FFAs take place before crisis, yet they are bilateral after crisis. With the development of shipping markets, the
correlations between FFAs and spot rate are enhanced, and it seems that the effects depend on market information and traders’
behavior. So practitioners could make decisions according to the spillovers.

1. Introduction

Cross-market information transmission is a research area
that received a lot of attention from both academia and
practitioners [1].With the development of shipping derivative
markets, the relationships between relatedmarkets are closer.
After global financial crisis, the financial risks transmission
enhances relationships among different shipping derivative
markets. Unlike the variable’s first moment relationship
reflected in the price spillover effect, the volatility spillover
effect reflects the variable’s second moment relationship, in
whichmarket volatility is influenced not only by its own early
stage but also by volatility coming fromothermarkets [2].The
volatility spillover effect exists widely in different shipping
derivative markets. It is an important aspect of volatility in
shipping industry.

As a main component of shipping derivatives, forward
freight agreements (FFAs) are over-the-counter products
made on a principal-to-principal basis at the beginning, and
now they are traded both over the counter and through
exchange. Freight derivatives provide a means of hedging

exposure to freight market risk through the trading of
specified time-charter and voyage rates for forward positions.

According to the efficient market hypothesis, the FFAs
price should be unbiased estimator of the spot price, which is
the underlying asset. Yet it is not always true in FFAsmarkets.
So the relationship between FFAs and spot rates is paid atten-
tion [3–8], especially the spillover effects. Chung and Weon
[9] employ two versions of bivariate asymmetric mixed nor-
mal GARCH models to capture the skewness and kurtosis
detected in both the conditional and unconditional return
distributions of dry-bulk freight rates. Li et al. [10] investigate
spillover effects and dynamic correlations between shipping
spot and derivatives markets under the multivariate general-
ized autoregressive conditional heteroscedasticity framework
and find that spillovers in returns are unilateral from one-
month FFA to spot markets, while they are bilateral between
one-month and two-month FFA markets. Sogiakas and
Karathanassis [11] examine volatility spillovers between spot
and derivatives markets without accounting for possible dis-
equilibria in the long term relationship that could potentially
result in spurious spillover effects and provide evidence of
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a time-varying spillover effect from derivatives to spot mar-
kets. Alexandridis et al. [12] investigate the economic spil-
lovers between time-charter rates, freight futures, and freight
options prices in the dry-bulk shipping industry; the results
indicate the existence of significant information transmission
in both returns and volatilities between the three relatedmar-
kets. Shi et al. [13] use a univariate generalized ARCHmodel
to capture the volatility characteristics of freight derivative
returns and apply time-varying copulamodels to describe the
nonlinear dependence between returns of spot and freight
derivatives. As we have known, since global financial crisis, in
order to avoid credit risk, over 90% of FFAs trading volume
is through clearing house after global economic crisis [14].
That is to say the crisis changed the manner of settlement
for FFAs; however, whether it influences relationship between
FFAs and spot rate should be studied furthermore.

With the development of research, the relationships are
paid attention between FFAs and commodity markets. Chou
[15] applies the vector autoregressive moving-average model
(VARMA) and uses variables from one-year FFAs and the
global oil index to analyze the relationships between the two
instruments. Chou et al. [16] attempt to discover the dynamic
relationship between crude oil prices and the global steel
price index and find that the crude oil price moves prior
to movements in the global steel price index. Kavussanos et
al. (2014) investigate economic spillovers between the freight
and commodity derivatives markets, and the investigation
of various types of commodities transported under different
types of freight contracts reveals that in most cases new
information appears first in the returns and volatilities of the
commodities futures markets, before it is spilled over into the
freight derivatives markets. As is well known, bulk shipping
is the tramp shipping, and one ship could run on different
routes. So there may be relationships among FFAs prices on
different voyage routes. At the same time, different types of
ships could run on the same route; therefore, FFAs price of
different types of ships could be related, such as Capesize and
Panamax. In this paper, the spillover effects are investigated
among voyage routes FFAs prices and between time-charter
routes FFAs, comparing before and after global financial cri-
sis, in order to analyze volatility characters of FFAs markets.

Now the main model studying volatility in shipping mar-
kets is generalized autoregressive conditional heteroscedas-
ticity (GARCH) model [4, 17, 18]. With the research going,
extended models are applied. Alizadeh and Nomikos [19]
investigate the relationship between the dynamics of the term
structure and time-varying volatility of shipping freight rates,
using augmented EGARCHmodels, and find support for the
argument that the volatility of freight rates is related to the
shape of the term structure of the freight market. Alizadeh
(2013) investigates the price volatility and trading volume
relationship in the forward freight agreement (FFA) market
for dry-bulk ships over the period 2007–2011, using an expo-
nential GARCH model, and finds that FFA price changes
have a positive impact on trading volume. Alizadeh et al. [20]
examine the effectiveness of alternative hedging methods,
including a bivariate Markov regime switching GARCH

model, in hedging tanker freight rates, and find evidence sup-
porting the argument that the tanker freight market is char-
acterized by different regimes. Tsouknidis [21] examines the
existence of dynamic volatility spillovers within and between
the dry-bulk and tanker freight markets by employing the
multivariate DCC-GARCH model, and results reveal the
existence of large time-varying volatility spillovers across
shipping freight markets, which are more intense during and
after the global financial crisis. As another volatility models,
the Stochastic Volatility models are used widely for research-
ing volatility of financial markets [22–25]. Some literatures
show that the SV models are better than GARCHmodels for
analyzing volatility in financial markets [26, 27]. Yet there are
few literatures using the SV models to investigate volatility
in shipping. The paper applies the extended SV model to
investigate spillover effects in FFAs markets.

In addition, some researches focus on investigating Pana-
max FFAs market, while Capesize FFAs market is more
important for China. The reason is that China is the biggest
iron importer, and the volume of imports is over 70% of the
world, which is mainly transported by Capesize ships. So this
paper investigates the volatility spillover effects among Cape-
size FFAsmarkets, Panamax FFAsmarkets, and spotmarkets,
comparing with different Capesize routes and different peri-
ods, before and after global economic crisis, in order to get
some findings to help shipping operation and management.
This will also be helpful in trade using FFAs which could
manage shipping risk and improve management level. The
remainder of this paper is structured as follows. Section 2
presents the theoretical framework and Volatility Spillover
Multivariate Stochastic Volatility (VS-MSV)model. Section 3
is the numerical statistics analysis. Section 4 contains empir-
ical results. Section 5 concludes the paper.

2. Methodology

2.1. VS-MSVModel. Harvery et al. [28] and So et al. [29] put
forward Multivariate Stochastic Volatility (MSV) model on
the basis of Stochastic Volatility (SV) model.

The basic SV model is as follows:

𝑦𝑡 = 𝜀𝑡 exp(ℎ𝑡2 ) , 𝑡 = 1, 2, . . . , 𝑇, 𝜀𝑡 ∼ i.i.N (0, 1) ,ℎ𝑡 = 𝛼 + 𝛽 (ℎ𝑡−1 − 𝛼) + 𝜂𝑡, 𝜂𝑡 ∼ i.i.N (0, 1) . (1)

𝑦𝑡 indicates FFAs return of one route at time 𝑡 and ℎ𝑡 is a
stationary AR(1) process. 𝜀𝑡 is a martingale difference, which
follows the normal distribution, 𝜀𝑡 and 𝜂𝑡 are contemporane-
ously dependent, and 𝛼 and 𝛽 are parameters to be estimated.𝑇 is the sample size.

Similar to basic model, MSV model is as follows:

𝑦𝑖𝑡 = 𝜉𝑖𝑡 exp(ℎ𝑖𝑡2 ) , 𝑖 = 1, 2, . . . , 𝑚, 𝑡 = 1, 2, . . . , 𝑇,ℎ𝑖𝑡 = 𝛼𝑖 + 𝜑𝑖 (ℎ𝑖,𝑡−1 − 𝛼𝑖) + 𝜂𝑖𝑡, 𝑖 = 1, 2, . . . , 𝑚. (2)

𝑦𝑖𝑡 indicates FFAs returns of different routes at time 𝑡. Ran-
dom error vectors 𝜉𝑖𝑡 and 𝜂𝑖𝑡 are multivariate normal vectors,
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and the mean values are both zero. 𝛼𝑖 and 𝜑𝑖 are parameters
to be estimated.

MSV model indicates the impact of ℎ𝑖,𝑡−1 on ℎ𝑖𝑡 without
considering the impact of other ℎ𝑖𝑡 (𝑗 ̸= 𝑡, 𝑗 ̸= 𝑡 − 1), so it
could not analyze the volatility spillover effects with SV or
MSV. With the development of economic globalization, the
volatility spillover effect becomes common. In order to study
the effect, parameter vector 𝜑𝑖 is extended to matrixΦ [30].

Φ = (𝜑11 ⋅ ⋅ ⋅ 𝜑1𝑚⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅𝜑𝑚1 ⋅ ⋅ ⋅ 𝜑𝑚𝑚), (3)

where 𝜑𝑖𝑗 indicates the impact of ℎ𝑗,𝑡−1 on ℎ𝑖,𝑡 (𝑖 ̸= 𝑗). So
the Volatility Spillover Multivariate Stochastic Volatility (VS-
MSV) model is as follows:

𝑦𝑖𝑡 = Ω𝜉𝑖𝑡, 𝜉𝑖𝑡 ∼ 𝑁(0, Σ𝜉) ,
Ω = diag(exp(ℎ1𝑡2 ) , exp(ℎ2𝑡2 ) , . . . , exp(ℎ𝑚𝑡2 )) ,ℎ𝑖𝑡 = 𝛼𝑖 + Φ (ℎ𝑖,𝑡−1 − 𝛼𝑖) + 𝜂𝑖𝑡, 𝜂𝑖𝑡 ∼ 𝑁(0, Σ𝜂) .

(4)

Here, 𝑦𝑖𝑡 is returns of FFAs for kinds 𝑖 at time 𝑡. 𝜉𝑖𝑡 and𝜂𝑖𝑡 are the random variables and independent, identically
distributedwith normal distribution, and themean values are
both zero, yet the variances are Σ𝜉 and Σ𝜂, respectively. ℎ𝑖𝑡 are
the volatilities,𝛼𝑖 andΦ are parameters, andΦ are persistence
parameters.

The covariance matrix Σ𝜉 is given by

Σ𝜉 = 𝐸 (𝜉𝑡𝜉𝑇𝑡 ) = 𝐸( 𝜉21𝑡 ⋅ ⋅ ⋅ 𝜉1𝑡𝜉𝑚𝑡⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅𝜉𝑚𝑡𝜉1𝑡 ⋅ ⋅ ⋅ 𝜉2𝑚𝑡 )
= ( 1 ⋅ ⋅ ⋅ 𝜌1𝑚⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅𝜌1𝑚 ⋅ ⋅ ⋅ 1 ) .

(5)

Random error vector ℎ𝑖𝑡 is themultivariate normal vector,𝜂𝑖𝑡 ∼ 𝑁(0, Σ𝜂). Σ𝜂 is given by

Σ𝜂 = ( 𝐸(𝜂21𝑡) ⋅ ⋅ ⋅ 𝐸 (𝜂1𝑡𝜂𝑚𝑡)⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅𝐸 (𝜂𝑚𝑡𝜂1𝑡) ⋅ ⋅ ⋅ 𝐸 (𝜂2𝑚𝑡) ) . (6)

2.2. Parameter Estimation and Test. The Bayesian analysis
and Markov Chain Monte Carlo (MCMC) method are used
to estimate parameters. Finally, it gets the Bayesian estimation
results. In VS-MSV model, unknown parameters include 𝛼𝑖
and Φ (including 2𝑚 + 𝑚2 unknown parameters).

Firstly, suppose that the parameters of vector 𝜃 are inde-
pendent, and 𝑝(⋅) indicates probability density function of

random stochastic variable. Joint prior density of unknown
parameters and unobservable variables is as follows:𝑝 (𝜃) = 𝑝 (𝛼, ℎ𝑇1 , ℎ𝑇2 , . . . , ℎ𝑇𝑟 ) = 𝑝 (𝛼) [∏𝑝(ℎ𝑇𝑡 )]= [∏𝑝 (𝛼𝑖) 𝑝 (𝜎2𝜂𝑖)] [∏𝑝(𝜑𝑖𝑗)] [∏∏𝑝(ℎ𝑖𝑡)] . (7)

Secondly, according to Bayesian, the posterior density of𝜃 is fixed.𝑝 (𝜃 | 𝑦) ∝ 𝑝 (𝜃) 𝑝 (𝑦 | 𝜃)∝ 𝑝 (𝛼) [∏𝑝(ℎ𝑇𝑡 )] [∏𝑝 (𝑦𝑡 | 𝜃)] . (8)

Thirdly, Bayesian parameters estimation is obtained with
Monte Carlo method.�̂�𝑖𝑡 = 1𝐿 − 𝑠 ∑𝜑𝑖𝑖, 𝑖 = 1, 2, . . . , 𝑚; 𝑡 = 1, 2, . . . , 𝑇,�̂�𝑖𝑡 = 1𝐿 − 𝑠 ∑𝜑𝑖𝑗,𝑖 ̸= 𝑗; 𝑖, 𝑗 = 1, 2, . . . , 𝑚, 𝑡 = 1, 2, . . . , 𝑇,
�̂� = 1𝐿 − 𝑠 ∑𝛼𝑙𝑖 , 𝑖 = 1, 2, . . . , 𝑚; 𝑡 = 1, 2, . . . , 𝑇,�̂�2𝜂𝑖 = 1𝐿 − 𝑠 ∑(𝜎2𝜂𝑖)𝑙 , 𝑖 = 1, 2, . . . , 𝑚, 𝑙 ∈ (𝑠, 𝐿) .

(9)

The goodness-of-fit of model is a deviance information
criterion (DIC) [31] that is based on the posterior distribution
of the deviance statistic.𝐷 (𝜃) = −2 ln𝑝 (𝑦 | 𝜃) + 2 ln𝑓 (𝑦) . (10)

Here 𝑝(𝑦 | 𝜃) is the likelihood function for the observed
data vector 𝑦 given the parameter vector 𝜃, and 𝑓(𝑦) is some
standardizing function of the data alone. The DIC is defined
as

DIC = 𝐷 + 𝑃𝐷 = 2𝐷 − 𝐷(𝜃) ,𝐷 = 𝐸𝜃 | 𝑦 [𝐷] . (11)

The fit of a model is summarized by the posterior
expectation of the deviance, while the complexity of a model
is captured by the effective number of parameters𝑃𝐷. Smaller
values of DIC indicate a better-fitting model.

2.3. Judgment of Volatility Spillover. Firstly, 𝑦𝑖𝑡 is the return
of the market 𝑖. In order to judge the volatility spillover of
different markets, significance test is done for parameter 𝜑𝑖𝑗
(𝑖 ̸= 𝑗). Null hypothesis is as follows:𝐻0 : 𝜑𝑖𝑗 = 0 (𝑖 ̸= 𝑗).

Standard deviation of parameter �̂�𝑖𝑗 is 𝑆�̂�𝑖𝑗 .
𝑆�̂�𝑖𝑗 = √var (𝜑𝑖𝑗) = √var( 1𝐿 − 𝑠 ∑𝜑𝑖𝑗). (12)

Here 𝜑𝑖𝑗 (𝑖 ̸= 𝑗) follows normal distribution. Due to
definition of 𝜒2 distribution, 𝑆�̂�𝑖𝑗 follows the 𝐿 degrees of
freedom of a 𝜒2 distribution. So, the statistic is structured.

𝑡 = �̂�𝑖𝑗𝑆�̂�𝑖𝑗 . (13)
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If |𝑡| < 𝑡(𝐿), the null hypothesis is accepted, which shows
that 𝜑𝑖𝑗 = 0 is significant, or the null hypothesis is rejected.
Secondly, if parameter 𝜑𝑖𝑗 = 0 (𝑖 ̸= 𝑗) is significant, the
volatility spillover effect of the market 𝑗 to the market 𝑖 is
existing, or there is no effect.

2.4. Settings of Prior Density. It is important to decide joint
prior density 𝑝(𝜃) of unknown parameters and nonobserv-
able variables, before estimating parameters in SVmodel with
MCMC method, and here the key point is to set the initial
value.

Due to persistence of volatility, Kim et al. [32] found the
matrix, composed of ℎ𝑖𝑡 and 𝑦𝑖𝑡, which is a singular matrix,
and values of 𝜑𝑖𝑡 and 𝜎2𝜂𝑖 are close to zero. If prior value of 𝜑𝑖𝑡
is close to 1, 𝛼 goes away, and it becomes the nonidentifier.
According to the research of Meng et al. [33], the setting of
prior density values is as follows:𝜎2𝜂𝑖 ∼ IG (2.5, 0.025) , 𝑖 = 1, 2, . . . , 𝑚,𝜑∗𝑖𝑡 ∼ beta (20, 1.5) ,
𝜑∗𝑖𝑡 = (𝜑𝑖𝑡 + 1)2 ,

𝑖 = 1, 2, . . . , 𝑚,𝛼𝑖 ∼ 𝑁 (0, 0.01) ,𝜑𝑖𝑡 ∼ 𝑁 (0, 0.1) ,ℎ𝑖0 ∼ 𝑁(𝛼𝑖, 𝜎2𝜂𝑖) , 𝑖 = 1, 2, . . . , 𝑚,ℎ𝑖𝑡 ∼ 𝑁[𝛼𝑖 +∑𝜑𝑖𝑗 (ℎ𝑖,𝑡−1 − 𝛼𝑖) , 𝜎2𝜂𝑖] , 𝑖 = 1, 2, . . . , 𝑚.

(14)

3. Data and Preliminary Analysis

3.1. Data Selection. FFAs contracts are standardized contract
to be settled in future, and some of its information is fixed,
including routes, quantity of goods, and ship type. Baltic
Exchange FFAs routes cover four standard ships, including
BFA Capesize (C3, C4, C5, C7, and BCI T/C average),
BFA Panamax (P1a, P2a, P3a, and BPI T/C average), BFA
Supramax (BSI T/C average), and BFAHandysize (BHSI T/C
average). Details are in Table 1.

From history data of trading, percent of Panamax FFAs
trading is 54% in 2008, and Capesize is 35%. But in 2009, the
Panamax is 42%, and Capesize is 46%. In 2012, they are about
50% and 39%. There may be two reasons. The first is people
finding that it is more important for the operators of Capesize
to manage risks with FFAs from the global crisis; the second
is the larger trading tonnage of Capesize and statistic data by
“lot” for Baltic Exchange (one lot equals 1000mt); therefore,
the percent is higher. In addition, China is the biggest iron
importer, and the volume of imports is over 70% of the
world, which is transported by Capesize ships. So the paper

Table 1: The information of dry FFAs.

Route Segment Route definition Size
(104DWT)

C3 Capesize Tubarao/Beilun + Baoshan 15
C4 Capesize Richards Bay/Rotterdam 15
C5 Capesize W Australia/Beilun/Baoshan 15
C7 Capesize Bolivar/Rotterdam 15
BCIT/C
average Capesize Time-charter average 17.2

P1a Panamax Transatlantic 7.4
P2a Panamax Cont. trip far east 7.4
P3a Panamax Transpacific round voyage 7.4
BPI T/C
average Panamax Time-charter average 7.4

BSI T/C
average Supramax Time-charter average 5.2

BHSI T/C
average Handy Time-charter average 2.8
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Figure 1: FFAs price of C3, C4, C5, and C7.

focuses on Capesize FFAs, investigating its volatility spillover.
The data set comprises daily observations of Capesize FFAs
price, voyage routes C3, C4, C5, and C7, time-charter routes
BCIT/C average and BPI T/C average, and spot rate of
Capesize. It covers the periods 3 January 2006 to 24December
2015.The data from the Baltic Exchange are shown in graphi-
cal form in Figures 1 and 2. All prices are transformed to nat-
ural logarithm difference, according to literatures [1, 34]. In
order to investigate the volatility characters of FFAs markets
before and after the global financial crisis, the paper chooses
a demarcation point of financial crisis, the 15 of September
2008, the day Lehman Brothers went bust, which marks the
global financial crisis [35]. There are 664 samples before the
financial crisis, and the others are 1819 samples.

3.2. Statistic Characters and Test. The analysis of statistic
characters is the basis of studying FFAs price volatilities, and
the results are shown in Table 2. According to the results,
there are three findings.The first one is high volatility in FFAs
markets after financial crisis.The standard deviation is amea-
sure that summarizes the amount bywhich every valuewithin
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Table 2: The statistic characters of returns.

C3 C4 C5 C7 BCIT/C average BPIT/C average BCI T/C
Before 2008 financial crisis

Mean 0.001 0.001 0.001 0.001 0.001 0.001 0.001
Median 0.002 0 0.001 0.001 0.001 0 0.003
Max 0.078 0.188 0.179 0.199 0.247 0.201 0.146
Min −0.106 −0.205 −0.244 −0.212 −0.169 −0.122 −0.168
SD 0.018 0.026 0.027 0.022 0.027 0.02 0.029
Skewness −1.229 −0.207 −1.075 −0.226 1.164 1.596 −0.558
kurtosis 10.504 15.143 18.439 27.996 23.204 26.792 7.939
J-B 1727.638 4090.186 6732.894 17318.23 11461.21 15966.5 710.299

After 2008 financial crisis
Mean −0.001 −0.001 −0.001 −0.001 −0.002 −0.001 −0.002
Median −0.001 −0.001 0 −0.001 −0.003 −0.001 −0.006
Max 0.36 0.251 0.343 0.294 0.678 0.725 0.352
Min −0.452 −0.304 −0.308 −0.277 −0.975 −0.594 −0.342
SD 0.03 0.029 0.031 0.031 0.081 0.055 0.063
Skewness −1.471 −0.749 −0.558 −0.436 0.413 0.204 0.639
kurtosis 57.683 27.893 31.426 29.762 31.941 47.374 7.382
J-B 227287.1 47135.22 61335.43 54340.21 63531.48 149248.2 1579.396
Note: SD is standard deviation; J-B is Jarque-Bera statistic.
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Figure 2: FFAs price of T/C and spot rate.

a dataset varies from the mean. It is used as an indicator
of market volatility and therefore of risk. The bigger value of
standard deviation, the greater the risk. After crisis, the values
of standard deviations increase for all series studied, which
indicates high volatility in FFAs markets.

The second finding is negative skew formost series. Skew-
ness is a measure of symmetry or, more precisely, the lack
of symmetry. The values of skewness of four voyage routes
Capesize FFAs series are negative skew, which indicates that
the tail on the left side of the probability density function is
longer or fatter than the right side. The values of skewness of
BCIT/C average and BPIT/C average FFAs are positive skew,
indicating that the tail on the right side is longer or fatter than
the left side. For series of spot rates, the skewness value is
negative before the crisis but positive after the crisis.

The last one is that all series are leptokurtic. Kurtosis is a
measure of the “tailedness” of the probability distribution of
a real-valued random variable. The kurtosis of any univariate
normal distribution is 3. It is common to compare the kurtosis
of a distribution to this value. Distributions with kurtosis
greater than 3 are said to be leptokurtic, and distributions
with kurtosis less than 3 are said to be platykurtic. From the
results, all series are leptokurtic. Higher kurtosis means more
of the variance is the result of infrequent extreme deviations,
as opposed to frequent modestly sized deviations.

Unit root test is a method testing stationary of time
series, and the stationary is the basis of modeling VS-MSV.
Augmented Dickey-Fuller Test is applied to stationary test in
the research.The null hypothesis is that a unit root exists, and
alternative hypothesis is without a unit root. The results of
unit root test are in Table 3. According to the test results, all
series reject the null hypothesis at 1% level of significant, and it
means the series are all stationary, which matches the condi-
tion of modeling.

4. Empirical Analysis

4.1. Volatility Spillover among Capesize Voyage Routes FFAs.
In the paper,Winbugs software is used, withMCMCmethod,
to estimate the parameters of VS-MSV model, and it studies
the volatilities spillover effects among Capesize voyage routes
FFAs daily return rate, and the number of iterations is 10000.
The results are got when DIC is smallest, shown in Table 4.

According to 𝑡-statistic, 𝑡(∞) < 𝑡(1819) < 𝑡(1000) <𝑡(664) < 𝑡(500). At a confidence level of 95%, 𝑡(1000) =1.646, 𝑡(500) = 1.648, and 𝑡(∞) = 1.6449. The absolute value
of 𝑡-statistic for the parameter is not less than 1.648, which
means the parameter is significant at 95% confidence level
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Table 3: Examination results of ADF test.

C3 C4 C5 C7 BCIT/C average BPI T/C average BCI T/C
ADF test before the crisis −12.845 −10.598 −15.217 −10.185 −19.752 −20.513 −13.568
1% level −2.568 −2.568 −2.568 −2.568 −2.568 −2.568 −2.568
ADF test after the crisis −23.274 −23.119 −23.711 −15.734 −37.776 −37.268 −14.528
1% level −2.566 −2.566 −2.566 −2.566 −2.566 −2.566 −2.566
Note: all concomitant probabilities are equal to zero.

Table 4: Volatility spillover among Capesize FFAs.

Before the global financial crisis After the global financial crisis
Value MC error 2.5% Median 97.5% 𝑡 Value MC error 2.5% Median 97.5% 𝑡𝜑12 0.692 0.025 0.302 0.729 0.978 3.162 −0.011 0.007 −0.113 0.000 0.103 −0.185𝜑13 0.152 0.010 0.018 0.175 0.299 1.755 0.268 0.016 0.141 0.193 0.577 1.960𝜑14 −0.090 0.006 −0.204 −0.080 0.000 −1.754 −0.143 0.012 −0.457 −0.107 −0.060 −1.413𝜑21 −0.037 0.011 −0.256 −0.028 0.112 −0.391 0.573 0.012 0.444 0.540 0.814 5.362𝜑23 0.089 0.008 −0.047 0.095 0.242 1.205 0.747 0.008 0.666 0.721 0.899 11.137𝜑24 −0.124 0.009 −0.280 −0.107 −0.001 −1.564 −0.373 0.009 −0.627 −0.341 −0.318 −4.617𝜑31 0.221 0.029 −0.068 0.119 0.788 0.883 0.463 0.013 0.346 0.427 0.775 4.159𝜑32 0.657 0.028 0.327 0.785 0.962 2.701 0.128 0.015 −0.210 0.178 0.256 0.945𝜑34 −0.093 0.011 −0.294 −0.067 0.029 −0.949 −0.080 0.015 −0.464 −0.021 0.012 −0.598𝜑41 0.137 0.062 −0.473 −0.129 0.967 0.253 0.394 0.047 −0.377 0.646 0.704 0.946𝜑42 0.916 0.008 0.771 0.936 0.996 13.616 0.946 0.004 0.857 0.950 0.997 26.750𝜑43 0.525 0.028 0.187 0.519 0.847 2.137 0.677 0.008 0.596 0.652 0.895 9.205

Note: MC error is Monte Carlo errors.

before the crisis, and after crisis the absolute value of 𝑡-sta-
tistic should be not less than 1.646.

From Table 4, the three empirical findings are as follows.
The first is that the financial crisis can change relationships
of spillover effects. Before the crisis, there are no effects from
C3 to C4, C5, and C7 and fromC5 and C7 to C4, but fromC4
and C7 to C3 and C5 and from C3 and C7 after the crisis.
The reasons are two. On the one hand, the crisis changes the
supply-demand relationships of shipping routes, which could
influence the volatility relationships. As we know, the Cape-
size ship could run on many routes if there are no limits,
such as ports draft. After crisis, changes of shipping demands
of routes are different, and the transport capacity supplies
change accordingly. This would change the volatility rela-
tionships between different routes. On the other hand, crisis
changes behaviors of participators in FFAs markets and then
impact on volatility relationships. After crisis, some invest-
ment banks and financing institutions, such as Goldman
Sachs and Morgan Stanley, withdrew from FFAs markets.

The second finding is that, before crisis, there are signif-
icant spillover effects from C4, C5, and C7 to C3, yet there
are no effects from C3 to C4, C5, and C7. The C3 route is the
longest in all four voyage routes, about 10 000 nautical miles,
and shipping demand is large.The biggest ships always run on
this route due to scale economies effect, for example, Valemax
ships, with a capacity ranging from 380,000 to 400,000 tons
deadweight. Due to limits, such as port draft, it is hard for
these large carriers to run on other routes. So there were no
significant spillover effects from C3 to other routes. On the

contrary, the ships running on C4, C5, and C7 could operate
on C3. So volatility of C3 route would be influenced by other
routes.

The last one is that there are bilateral effects between C5
andC3. C3 andC5 are both iron shipping routes, and demand
of one route would affect the other. Risk of financial crisis
transfers between the two FFAs markets, and then there are
bilateral spillover effects.

4.2. Volatility Spillover among Capesize FFAs, Panamax FFAs,
and Spot Rate. Table 5 is the results of volatility spillover
effects between Capesize FFAs and spot rate when the DIC
is smallest. From the results, there is a spillover effect from
Capesize spot rate to FFAs before the global financial crisis,
and there are bilateral spillover effects after crisis. The first
reason is that FFAs is derivative of spot rates, and spot market
is foundation of FFAs market. Before crisis, the shipping
business was brisk, and many firms traded in FFAs markets.
And settlements of FFAs depend on spot rates. So there is
spillover volatility from spot rates to FFAs. Besides, FFAsmar-
ket could diversify away risks in spotmarket and helpmanage
risks and this indicates risks transmission from spot rate to
FFAs. The second reason is the mechanism of transmitting
of finance risks. After crisis, many companies withdrew from
FFAs markets, speculative bubbles burst, and the financial
risks transfer to spot rates, which makes spot rate fall.

Table 6 is the results of volatility spillover effects among
volatility spillover among Capesize FFAs, Panamax FFAs, and
spot rate when the DIC is smallest. From the results, the
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Table 5: Volatility spillover between Capesize FFA and spot rate.

Before the global financial crisis After the global financial crisis
Value MC error 2.5% Median 97.5% 𝑡 Value MC error 2.5% Median 97.5% 𝑡𝜑12 0.851 0.007 0.687 0.847 0.974 11.130 0.245 0.003 0.192 0.245 0.308 9.911𝜑21 0.013 0.004 −0.051 0.024 0.070 0.338 0.585 0.008 0.422 0.606 0.655 8.790

Table 6: Volatility spillover among Capesize FFAs, Panamax FFAs, and BCI.

Before the global financial crisis After the global financial crisis
Value MC error 2.5% Median 97.5% 𝑡 Value MC error 2.5% Median 97.5% 𝑡𝜑12 0.921 0.005 0.811 0.927 0.991 19.015 −0.159 0.005 −0.221 −0.171 −0.047 −3.650𝜑13 0.889 0.009 0.688 0.916 0.992 10.461 0.287 0.011 0.114 0.281 0.559 2.807𝜑21 0.106 0.004 −0.009 0.113 0.159 2.698 0.888 0.009 0.645 0.911 0.990 10.062𝜑23 0.724 0.015 0.459 0.751 0.923 5.368 0.754 0.011 0.479 0.758 0.956 7.378𝜑31 −0.0180 0.005 −0.241 −0.192 −0.092 −0.439 0.730 0.021 0.176 0.779 0.971 3.796𝜑32 0.0366 0.009 0.147 0.380 0.508 0.433 0.165 0.007 0.031 0.186 0.239 2.752

similar conclusions are with Table 5. Before the crisis, there
is no effect from FFAs to spot rate, and after the crisis, there
are bilateral effects between FFAs and spot rate. Further, the
effects between Panamax and Capesize FFAs are mutually,
which is due to the substitutability between Capesize and
Panamax in practice.

Above all, there are some suggestions for firms trading
in FFAs markets. Firstly, it is important to focus on spillover
effects between different voyage routes. Price volatility of one
route FFAs is influenced not only by its own early stage but
also by volatility coming from other routes, due to spillover
effects, which would strengthen the volatility. So firms should
consider this before sign a FFAs contract. Taking C3 route
as an example, if one company would buy a FFAs contract
settlement one month later, some factors should be consid-
ered for analyzing price volatility, such as history volatility
of C3 route and spillovers from C5. Secondly, according to
spillover from spot rate to FFAs, the changes of spot markets
would affect FFAs markets. So it is necessary to pay attention
to factors influencing spot rates, such as supply and demand.
Thirdly, there are bilateral relationships between Panamax
time-charter FFAs and Capesize time-charter FFAs, so it is
important to focus on some factors affecting Panamax ship-
ping market when trading in Capesize FFAs markets.

5. Conclusion

The paper studies the volatility spillover effects in Capesize
forward freight agreementmarket using VS-MSVmodel, and
the results show that the effects are different in different
routes andmarkets.The effects exist between certainCapesize
routes, and the effects are from spot to FFAs before the global
financial crisis, yet bilateral after the crisis.

Some conclusions are as follows. (1) Spillover effects of
Capesize FFAs markets are influenced by financial crisis,
which changes supply-demand relationships in shippingmar-
ket and behaviors of participators in FFAs markets. (2) There
are significant spillover effects from C4, C5, and C7 to C3,

yet there are no effects from C3 to C4, C5, and C7; there is
effect from C5 to C3 and from C3 to C4 and C5 after crisis.
(3) There is a spillover effect from Capesize spot rate to
FFA before the global financial crisis, and there are bilateral
spillover effects after crisis. (4) Bilateral effects exist between
FFAs and spot rate.
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