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Spot versus Time Charters, and Smaller versus Larger Vessels

By Manolis G. Kavussanos*

1. Introduction
Uncertainty is central to business decision-making; not least in world shipping markets
where companies have collapsed overnight as aresult of disastrous miscalculations of the
risks involved. It is therefore of the utmost importance to be able to calculate risks, and
possibly try to minimise them through some diversified portfolio of assets.

The importance of risk in finance is embedded in theories such as asset pricing, option
pricing and the construction of hedge portfolios. Equally important are measures of
uncertainty in macro and micro economics. While it has been recognised for some
time that uncertainty in prices, as measured by their variances and covariances, are not
constant through time (see, for example, Fama, 1965), it is only recently that the
technical statistical tools have been developed to deal with the problem.

Since the seminal article of Engle (1982) introduced the class of Autoregressive
Conditional Heteroscedasticity (ARCH) models, several extensions and variations have
appeared in the literature (see, for example, the excellent surveys by Engle, 1993, and
Bollerslev eral., 1992). An abundance of empirical work has applied this methodology
tomodel stock return data, interest rates, foreign exchange rates, price inflation rates,
and soon. It has found that, apart from allowing one to estimate variability of prices
over time, estimation results are improved by using ARCH models over the simple
assumption of constant variance throughout the estimation period employed by OLS.

However, this methodology, despite its promising results elsewhere, has not been
applied before in shipping markets. The aim of this paper is to extend the ARCH class
of models to investigate volatility in the spot and time charter markets of dry-bulk
vessels. In particular, it tries to answer the following two questions which are of extreme
importance to agents involved in the shipping industry:
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(a) Is volatility higher in the spot or the time charter market? and
(b)Is the spot freight market riskier for smaller size or larger size vessels?

Building an ARCH model to describe a stochastic variable of interest, such as time
charter or spot freight rates may be summarised in three steps:

(i) Specify the conditional mean of the variable of interest;
(ii) Specify the conditional variance of the variable; and
(iii) Specify the conditional density of the error term in the regression equation.

The paper is in four main sections. The theoretical framework for determining the
conditional means of freight and time charter rates is set out in the next section (that
is, step (i) above). Section 3 deals with the second step of the problem, that of
determining jointly the conditional variances and the conditional means of the above
variables. Section 4 discusses the data, methodology and results, including part (iii) of
the problem. Section 5 compares the time-varying measures of risk between the spot and
time charter markets, and amongst freight rates of different size bulk carriers.

2. The Theoretical Models of Freight and Time Charter Markets

2.1 The spot freight rate market

Examples of past efforts to model the freight market may be found amongst others in the
papers of Koopmans (1939), Zannetos (1966), Hawdon (1978), Wergerland (1981) and
Beenstock (1985). In all these studies there is universal support for the notion that a
perfectly competitive freight market in the dry-bulk sector is a fair description of world
tramp markets. :

Market-clearing spot freight rates, FR, are in that sense moving quickly to bring a
perfectly inelastic demand for freight services into equilibrium with supply. The spotrate
then varies directly with industrial production (which reflects demand for shipping
services), the price of bunkers (since higher transport costs will be passed on partially or
wholly to freight rates), and inversely with the size of the fleet (since an over-supply
of freight services will exert negative pressures on freight rates).

+ + -
FR = f(IP, Pb, K) 1)
Equation (1) expresses this mathematically, where signs on top of variables are those of
partial derivatives. It is a reduced form equation for the freight rate with all the right-
hand side variables being exogenous.

2.2 The futures time charter market

Under a time charter agreement the shipowner does not pay bunker costs. He has the
option to let the vessel either on the spot or in the time charter market. His choice of these
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alternatives depends on the relative profitabilities of the two options. Time charter
rates(7C) thus reflect expectations of future profitability in the spot freight market, which
in turn depends positively on expected freight rates and negatively on expected bunker
prices. Assuming a one-period horizon one can write!

+ -
TC,=f"“[E, (FR,,1).E, (Pb,,)] ()
It is assumed that expectations of future freight and bunker prices are rational in the
sense of Muth(1961). That is, agents base their expectations on the best available
information.

3. The Class of ARCH Models

Equations (1) and (2) can be written as:
Y, =x;b+¢g; € ~N©O,h)

LL = <(T/2)Inh — (1/2h)Z €2 3)
where €, is a white noise error term with the usual classical properties, and LL is the
corresponding log-likelihood function after omitting the irrelevant constant.

Ordinary Least Squares (OLS) or Maximum Likelihood Estimation (MLE) yield the
BLUE of the parameters of interest b and . However, when the assumption of constant
variance of €, (or equivalentlyof y ), h, fails, then even though the estimated parameters
remain unbiased and consistent, they are inefficient (their variance does not reach the
Cramer-Rao lower bound). In addition, the estimated variances of the estimated
parameters will be biased estimators of the true variances of the estimated parameters
(see, for example, Pindyck and Rubinfeld,1991).

These difficulties can be overcome by using the recently developed models of
conditional variances such as ARCH, Generalised ARCH (GARCH), and so on (for a
recentsurvey see Engle, 1993). In the class of ARCH models the variance is conditioned
on the available information set, in conjunction with the conditional mean. An
empirically successful parameterisation for A, is the GARCH(p,q) model of Bollerslev
(1986). In this model h, is expressed as a linear function of p values of past squared
errors, and g past values of the conditional variances h;:

Y, =xb+eg; g~NQO,h)
ho= o+ Xh e+ XL Bin, @)
LL = —(T/2) Inh, - (1/2h,) Z,€2

where o, > 0, o, ;2 0 for non-negativity of the variance, and for stationarity of h,,

(Zil a; +E?=1 ﬂi)< 1.

1 The assumption of one-period expectations is for notational convenience. The results do not alter for

longer horizons.

69



January 1996 Journal of Transport Economics and Policy

MLE of the GARCH parameters b, o; and f3; are asymptotically superior to performing
OLS on GARCH, in terms of efficiency, since the latter do not achieve the Cramer-
Rao lower bound, as demonstrated by Engle (1982). MLE estimation is nonlinear and
may be achieved by solving the first-order conditions with respect to the parameters o,
B; and b, using some numerical optimisation method.2

GARCH formulations capture the tendency for volatility clustering, that is, the
tendency for large (small) swings in prices to be followed by large (small) swings of
random direction. Animportant consequence of GARCH models is that their parameters
can be estimated from historical data and used to model and forecast future patterns
of volatility.

The GARCH(p,q) model is only one in a series of ARCH models introduced in the
last decade with ‘exotic’ names such as ARCH and GARCH in Mean, Exponential,
Augmented, Asymmetric, Modified, Multiplicative, Nonlinear, Threshold ARCH, and so
on(see Engle, 1993). Each of these has advantages over the original ARCH (under which
q=0 in equation (4)) in fitting particular time series. However, most investigators have
found that the GARCH(1,1) is a generally excellent model for a wide range of financial
data (see, for example, Bollerslev, 1986; Engle and Bollerslev, 1986; and Engle, 1993).

4. Estimation

4.1 Data and methodology
Monthly data from 1973:1 to 1992:12 are used to estimate equations for aggregated dry-
bulk time charter and spot freight rates, and also disaggregated freight rates for Handysize
(30,000 dwt), Panamax (60,000 dwt) and Capesize vessels (120,000 dwt) in dry-bulk.

The aggregate spot freight rate index (FRDI) is published in the Shipping Statistics
Yearbook (Bremen Institute of Shipping Economics and Logistics), the Index of Industrial
Production (IP) comes from the OECD (Main Economic Indicators), and the stock of
dry-bulk fleet is obtained from Fearnley’s (World Bulk Fleer). The published figures for
the last are semi-annual data, which are interpolated by fitting a high order polynomial
to produce the monthly series, KD.3 The Freight Rate Indices for Handysize (FRHI) and
Panamax (FRPI) vessels, the aggregate time charter rates (TCI) and the index of Bunker
prices (PB) (at the port of Rotterdam) are constructed from data provided by Clarkson
Research Studies Ltd. Finally, the Freight Rate Index for Capesize vessels (FRCI) comes
from the Lloyds shipping economist.

2 Because of the block diagonality of the information matrix, Engle (1982) and Bollerslev (1986)
recommend estimating b by OLS and using the residuals to find efficient estimates of o, B;. Based on these
estimates of o, 3, one can find efficient estimates of b, and continue the iterations until convergence. The final
estimates of , B; and b from this procedure are asymptotically normally distributed.

3 The following third-order polynomial was obtained by regressing the six-monthly data of the dry-cargo
fleet, Y, on a time trend, ¢, and its second and third powers, ¥ = 75947 + 4216.22*1 + 34.27*12 - 1.36*53,
R?=0.99,is found sufficient to represent and capture the non-linear properties of the six-monthly data. Then,
to derive the monthly series, KD, successive values of 1, 1= 1, 7/6, 8/6, ..., 11/6, 2, 13/6, ..., are substituted
in the time-series polynomial.
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Table 1
Summary Statistics of Logs of Dependent Variables

LFRDI Lrc LFRHI LFRPI LFRCI
Minimum 4.19061 4.33691 4.33691 3.91202 3.46574
Maximum 4.99808 5.48150 558173 5.42566 5.84644
Mean 4.64950 490814 497571 4.771173 4.73454
Std. Dev. 0.17110 0.31421 0.36050 0.44427 0.43551
Skewness -0.30461 0.04037 0.13646 -0.16234 -0.10711
Kurtosis -0.76429 -1.46648 -1.43773 -1.32552 0.50166

Summary statistics of the logarithms of the dependent variables are shown in Table
1. Variationin the aggregate freight rate index seems to be lower than the corresponding
time charter index, and lower than the disaggregated spot freight indices. At 5 per cent
significance levels, kurtosis coefficients indicate significant negative excess kurtosis
across the data but for LFRCI, while skewness is close to zero for all the variables.*

The theoretical specification of the conditional mean of freight and time charter rates
was established in Section 2 in equations (1) and (2), while Section 3 has dealt with the
problem of specifying jointly the conditional variance and mean of these stochastic
processes using equations (4). Empirical estimation of the above equations amounts
to taking account of the theoretical specification together with the unseen story
incorporated in the monthly data. In addition to estimating equations for aggregate dry-
bulk time charter and freight rate indices, separate relationships are estimated for freight
rates of Handysize, Panamax and Capesize vessels. Using monthly data has proved to
require dynamic modelling of the relationships.

Following the results of, among others, Engle and Granger (1987) and Johansen
(1988), estimating meaningful long-run relationships, such as those specified in equa-
tions (1) and (2), requires some further terminology. A stochastic variable y, is said to
be integrated of order d, denoted y,~ I(d), if it needs to be differenced d times in order
to become stationary. Most economic variables follow I(1) processes; that is, Ay, (= y,
— ¥..1) ~ 1(0), and the series is said to have a unit root. Dickey-Fuller (DF) and
Augmented-Dickey-Fuller (ADF) tests (see Dickey and Fuller, 1981) on the logarithms
of variables used in this paper indicate that all variables are I(1), apart from LKD, the
logarithm of the stock of fleet, which is 1(0).’

4 The figuresreportedin Table 1 are the estimated centralised third and fourth moments of the data, denoted
63 and (&, - 3), respectively. Their asymptotic distributions under the null are T&, ~ N(0,6) and VT(, -
3) ~ N(0,24), where T = 240 in this case.

5 These tests, as well as related co-integration results, are not reported here since they are peripheral to the
aim of this paper. However, they are available from the author on request.

71



January 1996 Journal of Transport Economics and Policy

For a time-series regression model to be fitted to a set of (1) variables (and an I(0)
variable), these variables must be of the same order of integration. In general, a linear
combination of asetof /(1) variables, say (y,—x,'b) =€, will be I(1). In the special case
when this linear combination, &, is an /(0) variable, it is said that the variables are co-
integrated, denoted CI(1,0); that is, there is a long-run relationship between the variables,
in the sense that shocks to the system will eventually return the system to equilibrium.

The implications of this are twofold. First, the regression variables are related
through some long-run economic relationship which keeps (attracts) them together in
thelong run. Any correlation between the variables is not spurious, aresult of each of them
having unit roots (see, for example, Engle and Granger, 1987), and it makes sense to
run the regression. Second, the classical distribution theory may be used to make
inferences in co-integrated systems, regarding linear restrictions on the parameters (see,
for example, Johansen and Juselius, 1990; Johansen, 1991; and Phillips, 1991). Using
the Johansen procedurein theregressions that follow, the variables within each equation
turn out to be co-integrated. This condition is sufficient to proceed to estimate the
equations, since the aim in this paper is simply to describe the data, extract conditional
variances and compare these across markets.

Thus, OLS estimationis used first to specify the conditional means of the dependent
variables according to standard statistical criteria, and then ARCH/GARCH estimation is
applied to model the time-varying error variances. The appropriate lag structure for the
conditional variance is decided by likelihood ratio tests in a series of nested ARCH/
GARCH models. Results for OLS (for comparison) and the selected ARCH specification
only are presented for each market. Goodness-of-fittests, and diagnostic tests onthe OLS
residuals and the standardised ARCH residuals, are used to evaluate the models.

Goodness-of-fit statistics are reported in terms of standard errors (se) of the
equations and adjusted coefficients of multiple determination (R-Bar-Squared, RBS).
Alsothe value of the log likelihood at its maximum is shown (LL). Estimated coefficients,
their standarderrors, -statistics, p-values and stars indicating significance at the 5 per cent
(*) and 1 per cent (**) levels are presented in the tables of results. (See, for example,
Pindyck and Rubinfeld,1991.)

The following diagnostic tests are reported for the OLS residuals (¢,) and squared
residuals (e?), and the standardised ARCH residuals, e/\/h, (denoted eh), and standardised
squared ARCH e2/h, residuals.

(i) TheDurbin-Watson statistic (DW) tests for first-order serial correlation in the
residuals.

(ii) Durbin’s h (Dh) as an alternative to the biased DW, is used when there is
alagged dependent variable in the equation.

(iii) TheLjung-Box (1978) Q portmanteau statistic (LjBQ(12)) is employed on the
first 121ags of the autocorrelation function, distributed as chi-squared with 12
degrees of freedom; that is, testing for high-order serial correlation.

(iv) The Ljung-Box test isemployedon the first 12 lags of the autocorrelation
function of the squared OLS residuals, and the squared standardised ARCH
residuals (denoted LjBQS(12)); that s, testing for high-order heteroscedasticity.
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(v) The ARCH statistic tests for first-order ARCHin the OLS models (ARCH(1)),
(see Engle, 1982).

(vi) White’s (1980) test for heteroscedasticity of unknown form (White) is used
in the OLS models.

(vii) Finally, variances, coefficients of skewness and coefficients of kurtosis,
denoted respectively V(.), SK(.), KU(.), are calculated for the OLS and
standardised ARCH residuals.

One qualification should be made regarding estimation of the Rational Expectations
(RE) equation (2); this involves rational expectations of future variables on the right-hand
side, and as aresult the exogeneity assumption (that is, the orthogonality between the
expectations variables and the error term) may fail. In that case the method of errors-in-
variables should be used to estimate time charter rates (see, for example, Wickens,
1982), otherwise OLS and subsequently ARCH are justified. Tests for exogeneity are
proposed by Pesaran and Smith (1990) and Hausman (1978). Application of these tests
donotrejectexogeneity inthe time charter rate equation (see Table 3); that is, using future
actual data as proxies for expectations comes statistically close enough to the actual
forward expectations.

4.2 Results

The results of estimating the models in equations (1) and (2) by OLS and ARCH, for the
aggregate freight rate and time charter, and the three weight categories are presented in
Tables 2 to 6.

The specification of conditional means is undertaken first in each market using OLS;
the results across markets validate the a priori expectations. Then ARCH models are
used to model the conditional variances, ensuring through diagnostic tests that the
residuals remain white noise.

Regarding the spot market results in Tables 2,4,5 and 6, world industrial production
has a significant positive effect on freight rates, while the supply-side variables of bunker
prices and the stock of fleet have significant positive and negative impacts
respectively.® Furthermore, the use of monthly data requires dynamic specification of
the equations to take account of the short-run dynamics present in the conditional
means. This is achieved by including one or two lags of the dependent variables.

A dynamic specification of expectations of freight rates, current and lagged values of
freight rates and one lag of time charters, are sufficient to capture the driving forces in
the conditional mean of time charters (Table 3).” Tests of exogeneity in relation to
LFRDI(1) do not reject the hypothesis,? thereby legitimising theuse of OLS and ARCH
estimation.

Bunker prices are found to be insignificant in the Handysize market.

Expected, current and lagged bunker prices are insignificant.

The t-test on the inclusion of the residual from the auxiliary regression between expected freight rates and
a set of possible instruments is — 0.96, with a corresponding likelihood ratio statistic of 0.95.

7
8
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Table 2
Results of Aggregate Dry-Cargo Freight Index
OLS ESTIMATION
Dependent variable LFRDI
Variable Estimated Standard t-statistic P-value
Coefficient Error
(o 0.972495 0.209306 4.64629** (0.000)
LFRDIK-1) 0.872348 0.024733 35.27040** (0.000)
LPB 0.026035 0.010242 2.54190* 0.012)
LIP 0.423421 0.086100 4.91778** (0.000)
LKD -0.202574 0.044657 —4.53619%+ (0.000)
se =0.042774;
RBS =0.935825;
DW=1.86593;
Dh =1.10439(0.269);
LjBQ(12)=24.2642(0.019),
LjBOS(12)=44.1;
ARCH(1)=17.6139 (0.000);
White = 32.6699(0.003);
LL = 416.689;
V(e)=0.0018045;
SK(e)=0.15290;
KU(e)=1.39591.
ARCH (1) ESTIMATION
Dependent variable LFRDI
Parameter Estimated Standard t-statistic P-value
Coefficient Error
C 0.828476 0.208456 3.97435%* (0.000)
LFRDI(-1) 0.871647 0.027208 32.0363** (0.000)
LPB 0.025986 0.010420 2.49373* (0.013)
LIP 0.392020 0.080732 4.85582#* (0.000)
LKD -0.178379 0.040896 —4.36182** (0.000)
ALPHAO 0.134794E-02 0.163E-03 8.28046** (0.000)
ALPHA1 0.256642 0.125272 2.04868* (0.040)
se =0.042916;
RBS =0.935446;
DW=1.85170;

LjBQ(12)=23.0;
LjBOS(12)=20.3;
LL =421.595;

V(eh) = 1.00319;
SK(eh)=-0.041427,
KU(eh) = 1.34332.
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Table 3
Results of Aggregate Time Charter Rates for Dry-Cargo

OLS ESTIMATION
Dependent variable LTCI
Variable Estimated Standard t-statistic P-value
Coefficient Error
C -0.185857 0.118927 -1.56278 (0.119)
LTCI(-1) 0.9338904 0.022376 41.73710%* (0.000)
LFRDI(1) 0.382456 0.079609 4.80416%* (0.000)
LFRDI 0.164696 0.099065 1.66250 (0.098)
LFRDI(-2) —0.437537 0.055289 -7.91367** (0.000)
se =0.054612;
RBS =0.969653;
DW=2.03251;
Dh =-0.295844(0.767),
LjBQ(12)=15.2870(0.226);
LjBQS(12)=15.5;
ARCH(1)=9.93268 (0.000);
White = 48.4882(0.000);
LL =355.315;
V(e)=0.0029435;
SK(e) =-0.20668;
KU(e) = 1.06486;
t(exog) =-0.96428(0.336);
LR(exog)(1)=0.95207(0.329).
GARCH(1,2) ESTIMATION
Dependent variable LTCI
Parameter Estimated Standard t-statistic P-value
Coefficient Error
(o) -0.150360 0.105577 -1.42418 (0.154)
LTCI(-1) 0.919980 0.019395 47.43470%* (0.000)
LFRDI(1) 0.401658 0.070056 5.73341** (0.000)
LFRDI 0.206965 0.083764 2.47083* (0.013)
LFRDI(-2) —0.491001 0.050433 -0.73561** (0.000)
ALPHAO 0.118663E-03 0.1028E-03 1.15409 (0.248)
ALPHA1 0.229701 0.069050 3.32659** (0.001)
BETA1 0.145681 0.143713 1.01369 (0.311)
BETA2 0.589512 0.132690 4.44277%* (0.000)
se =0.055081;
RBS =0.969446;
DW=1.97169;

LjBQ(12)=14.1;
LjBQS(12)=4.92;
LL=7364.272;
V(eh) = 1.00135;
SK(eh) = —0.18468;
KU(eh)=0.51121.
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Table 4
Results of Freight Rates for Handysize Vessels

OLS ESTIMATION
Dependent variable LFRHI
Variable Estimated Standard t-statistic P-value
Coefficient Error

C 0.357419 0.177400 2.01476* (0.045)
LFRHI(-1) 1.26895 0.062343 20.35440%** (0.000)
LFRHI(-2) —0.308306 0.061047 -5.05027** (0.000)
LIP 0.240692 0.071962 3.34469%* (0.001)
LKD -0.104928 0.034917 -3.00507** (0.003)
se =0.055756;

RBS =0.976092;

DW=2.00990;

Dh =1.10439(0.269);
LjBQ(12)=7.35130(0.834);
LjBQS(12)=52.2;
ARCH(1)=5.59100 (0.018);
White =22.2139(0.074);

LL =351.870;

V(e) = 0.0030563;
SK(e)=0.44323;
KU(e)=2.77750.

GARCH(1,1)
Dependent variable LFRHI
Parameter Estimated Standard t-statistic P-value
Coefficient Error

C 0.301150 0.166992 1.80338 (0.071)
LFRHIK-1) 1.32303 0.068653 19.27140** (0.000)
LFRHI(-2) -0.343051 0.067309 -5.09664** (0.000)
LIP 0.137018 0.065198 2.10157* (0.036)
LKD -0.069124 0.31873 -2.16874* (0.030)
ALPHAO 0.342280E-03 0.2008E-03 1.70502 (0.088)
ALPHA1 0.160649 0.072983 2.20117* (0.028)
BETA1 0.721032 0.125181 5.75991** (0.000)
se=0.056301;

RBS =0.975797;

DW=2.08449;

LjBQ(12)=17.26;
LjBQS(12)=16.9;
LL =365.766;
V(eh) = 1.00298,;
SK(eh)=-0.12167,
KU(eh)=1.16771.
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Table 5

M. G. Kavussanos

Results of Freight Rates for Panamax Vessels

OLS ESTIMATION

Dependent variable LFRPI

Variable Estimated Standard t-statistic P-value
Coefficient Error

C 0.843849 0.312809 2.69765%* (0.007)
LFRPI(-1) 1.31588 0.060080 21.90210** (0.000)
LFRPI(-2) -0.391261 0.058286 —6.71274%* (0.000)
LPB 0.035036 0.016063 2.18118%* (0.030)
LIP 0.627800 0.157881 3.97642%* (0.000)
LKD -0.292692 0.081792 -3.57847+* (0.000)
se =0.072800;
RBS =0.973360;
DW =1.96308;
Dh =0.404780 (0.686);
LjBQ(12)=12.6011(0.399);
LjBQS(12)=18.3;
ARCH(1)=0.32085E-02 (0.955);
White =20.3605(0.436);
LL =288.902;
V(e) = 0.0051880;
SK(e)=0.062684;
KU(e) =0.95955.

GARCH (1,1) ESTIMATION

Dependent variable LFRPI
Parameter Estimated Standard t-statistic P-value

Coefficient Error

C 0.804581 0.341225 2.35792* (0.018)
LFRPI(-1) 1.33965 0.063224 21.18880** (0.000)
LFRPI(-2) —0.409335 0.063065 —6.49064** (0.000)
LPB 0.039422 0.016816 2.34430%* (0.019)
Lip 0.590443 0.160802 3.67186** (0.000)
LKD -0.279163 0.084507 -3.30344** (0.001)
ALPHAO 0.200969E-03 0.2083E-03 0.964897 (0.335)
ALPHA1 0.017738 0.020973 0.845755 (0.398)
BETA1 0.938120 0.056659 16.5572** (0.000)
se =0.072899;
RBS =0.973294;
DW =2.00423;

LjBQO(12)=11.6;
LjBOS(12) = 15.6;
LL = 290.624;

V(eh) = 1.00500;
SK(eh) =-0.064491;
KU(eh) = 0.90295.
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Table 6
Results of Freight Rates for Capesize Vessels
OLS ESTIMATION

Dependent variable LFRCI

Variable Estimated Standard t-statistic P-value
Coefficient Error

C 4.03849 1.30908 3.08499%* (0.002)
LFRCI(-1) 0.775571 0.042352 18.31230%* (0.000)
LPB 0.176052 0.051981 3.38686** (0.001)
Lip 1.57542 0.459805 3.42629%* (0.001)
LKD -0.914757 0.277505 -3.20637** (0.001)
se =0.191060;
RBS =0.804077,
DW=228671;
Dh =-2.83844(0.005);
LjBQ(12)=51.8258(0.000);
LjBQS(12)=126.0;
ARCH(1) = 3.78404 (0.052);
White = 72.1977(0.000);
LL =53.3191;
W(e) = 0.035822;
SK(e)=-0.022183;
KU(e) =4.07009.

GARCH (1,1) ESTIMATION

Dependent variable LFRCI
Parameter Estimated Standard t-statistic P-value

Coefficient Error

C 2.88383 1.09964 2.62251 ** (0.009)
LFRCI(-1) 0.855753 0.030706 27.86920** (0.000)
LPB 0.073628 0.030181 2.43955* (0.015)
Lip 0.707345 0.299091 2.36498* (0.018)
LKD -0.480312 0.190457 -2.52190* 0.012)
ALPHAO 0.351756E-03 0.2188E-03 1.60785 (0.108)
ALPHA1 0.104938 0.034509 3.04091 ** (0.002)
BETALl 0.862759 0.028192 30.6035%* (0.000)
se =0.193802;
RBS =0.798491;
DW =2.40047,

LiBQ(12) = 14.4;
LjBQS(12) = 5.44;

LL =108.476;

V(eh) = 1.00212;
SK(eh) = 0.00082382;
KU(eh) =0.74662.
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The fit of all the equations is good as indicated by the se of regressions (ranging from
0.04t00.19) and RBS (ranging from 0.80t0 0.98). DW, Dh and LjBQ(12) statistics indicate
the absence of first- and twelfth-order serial correlation, with the exception of the
Capesize category.’ However, heteroscedasticity as tested by the ARCH(1), LjBQS(12)
and White statistics seems to be a common finding across equations.!? In general, SK(e)
show no skewness but KU(e) show significant excess kurtosis in the equations.

The finding of ARCH effects and leptokurtosis!! in the OLS results justifies the use
of ARCH models. The appropriate specification of the latter for each equation is decided
by likelihood ratio tests. The results are in Tables 2 to 6. An ARCH(1) model is selected
for the aggregate freight rate,a GARCH(1,2) for time charters, and GARCH(1,1) for the
three weight categories. The diagnostics on these models show that the heteroscedasticity
problem is solved, the serial correlation statistics improve further compared to OLS,2
while the same is also true for skewness and kurtosis.

Having modelled the conditional variances in each market, these time-varying
measures of risk are extracted, and their behaviour examined over time and compared
across markets. To make such comparisons feasible, conditional coefficients of
variation (defined as the ratios of conditional standard deviations to conditional
estimated means) of time charters, general dry-cargo, Handy, Panamax and Capesize
freight rates are plotted in Figures 1 and 2. Note that these measures have the natural
economic interpretation of relative (risk/return) risk premiums.

5. Conclusions

Risks in the freight and time charter dry-bulk markets are not constant over time, as
manifested by the need for ARCH modelling of the conditional variances and observed
in Figures 1 and 2. Such time-varying risks are a combination of industry-market risk
and “idiosyncratic” risk (relating, for example, to the individual vessel size). Aslong as
one is faced with more than one option, then risk may be diversified. The shipowner,
for example, may choose to use the spot instead of the futures market, or may decide on
alternative size ships to invest in.

Consider first how the industry has been affected across markets. A clear tendency
for volatility clustering is observed in individual markets. That is, large changes in
volatilities tend to occur around certain periods of time, which are then followed
(preceded) by small changes in volatility. Volatility is high during and just after periods
of large external shocks to the industry, for example the 1973-74 and 1980-81 oil crises
and the 1990 invasion of Kuwait by Iraq.

9

Note, however, how this is corrected in the ARCH estimation,; it seems that ARCH effects show upinthe
conditional mean too.

10 Theonly exception may seem to be the Panamax size. However, LjBQS(13)=21showssignificant ARCH
effects at the 10 per cent level of significance. Likelihood ratio tests of the selected GARCH (1,1) versus the
OLS model also justify the use of ARCH.

' In another context, Milhgj (1984) shows that ARCH processes are “fat-tailed” compared to normal
distributions and thatmakes ARCH models suitable for modelling high-frequency, leptokurtic, financial data.
12 See especially the results for Capesize, where LjBQ(12) = 14.4 now.
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Time Charter and Spot Rate Volatilities

With respect to the choice between spot and futures markets, risk premiums are
compared in Figure 1 between time charter and spot freight rates. It is observed that in
general, volatility is higher in the time charter market as opposed to the spot freight market,
with wilder fluctuations in the volatility of the former.

Since time charter rates reflect expectations of future events, it may be argued that they
are more sensitive to changing perceptions of the future market. When the market is at the
bottom, for example, and there is a feeling for a market upturn, charterers rush to fix
vessels on time charter. This results in time charter rates moving more steeply upwards
than spot rates. The opposite happens when the market is at its peak, where charterers
fix in the spot market and the lack of demand for time charters results in abrupt drop in
their values.

A risk-averse shipowner with a choice of employing his ship between the spot and
time charter markets, would exploit the above information by preferring the lower risk/
return spot market over time chartering.
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Spot Freight Rate Volatilities

Comparison of volatilities of spot freight rates between different vessels, in Figure 2,
reveal that risk premiums are in general higher in larger vessels. The exception is for
the period around 1987/1988 when there was a strong upsurge in the demand for Handy
vessels by the Russians, causing volatility in Handy rates to rise steeply, even above the
Panamax volatility.

The reasons for the lower volatility levels in Handysize vessels as compared to the
other sizes, and of Panamax in comparison to Capesize, are that smaller ships serve many
more, and more varied, trades than larger ones, with the additional benefit of fewer
draft restrictions on certain ports because of size; they are not therefore subject to so
many fluctuations in the market. By contrast, larger size vessels may be thought of as
operating in narrower markets, serving only a few major commodities and being restricted
to approaching specific ports only. This has its effect on volatility levels.

The policy implications for a risk-averse shipowner (faced with a risk/return
minimisation problem) operating in the dry cargo sector, holding portfolios of assets
(ships), is to invest in smaller ships rather than larger ones.
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