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Abstract

This paper examines whether the inclusion of oil price shocks of different origin as

exogenous variables in a wide set of GARCH-X models improves the accuracy of

their volatility forecasts for spot and 1-year time-charter tanker freight rates. Kil-

ian’s (2009) oil price shocks of different origin enter GARCH-X models which, among

other stylized facts of the tanker freight rates examined, take into account the pres-

ence of asymmetric and long-memory effects. The results reveal that the inclusion

of aggregate oil demand and oil-specific (precautionary) demand shocks improves

significantly the accuracy of the volatility forecasts drawn.
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1 Introduction

Seaborne transportation is the leading form of transporting goods worldwide, carrying

more than 80% of global trade in terms of volume (UNCTAD, 2017). Out of all seaborne

transported commodities, oil and oil products are among the most important in terms of

trading value according to a 2016 report by Clarksons, which states that the value of oil

transported through sea during the year 2015 was approximately equal to $717bn.1,2 Tanker

freight rates, being the cost of transportation through sea for oil and oil products, have been

shown to exhibit pronounced volatilities over time (Kavussanos, 1996a; Drobetz, Richter,

and Wambach, 2012; Tsouknidis, 2016).3 The demand for tanker ships is largely a derived

demand for their cargo of oil, which in turn is determined by the international seaborne

trade in oil and oil products (Stopford, 2009). In this way, oil price stylized characteristics,

such as the excess volatility and cyclicality are expected to be reflected to some extent into

tanker freight rates. Thus, given the dependence of the global economy on crude oil and

oil products and the pronounced fluctuations of oil price reflected in tanker freight rates,

forecasting tanker freight volatility is of paramount importance to several participants in

the oil and shipping markets, such as oil producers, traders, refineries, distributors as well

as tanker owners and banks financing such investments.4

Several studies have been devoted on modeling and forecasting volatility in tanker

freight markets (Chen and Wang, 2004; Adland and Cullinane, 2006; Alizadeh and Nomikos,

1https://clarksonsresearch.wordpress.com/2016/07/22/just-how-big-is-an-economy-without-borders/.
2According to the statistical review of world energy (British Petroleum, 2015), world’s dependence on

energy commodities remains large as the percentages of global energy consumption among all sources of

energy is the following: crude oil and oil products (32.6%), coal (30%), natural gas (23.7%), hydroelectric

energy (6.8%), nuclear energy (4.4%) and renewables (2.5%). The importance of petroleum-based com-

modities for the global economy and economic development has been highlighted as early as in Hamilton

(1983). Furthermore, oil price shocks have been shown to affect the U.S. stock market (Kilian and Park,

2009).
3For an overview on shipping finance, see Alexandridis, Kavussanos, Kim, Tsouknidis, and Visvikis

(2018); and for ways to manage risks in the shipping freight rate market using shipping derivatives, see

Kavussanos and Visvikis (2006). Shipping derivatives have been shown to: lead their corresponding

spot markets (Kavussanos and Visvikis, 2004); exhibit economic spillovers among shipping sub-segments

(Kavussanos, Visvikis, and Dimitrakopoulos, 2014; Alexandridis, Sahoo, and Visvikis, 2017) and carry

liquidity premia (Alizadeh, Kappou, Tsouknidis, and Visvikis, 2015).
4The frequent episodes of extreme volatility in oil prices can be documented by data from the U.S.

Department of Energy, where oil prices tumbled from 106.2 $/barrel in June 2014 to 26.55 $/barrel in

January 2016.
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2011; Drobetz et al., 2012), while related literature has included oil price as an exogenous

variable in a GARCH-X setting (Kavussanos, 1996a; Drobetz et al., 2012). This literature

developed primarily as a response to the importance of the tanker freight market for the

transportation of the world’s main energy source being oil and oil products and the unique

stylized facts of tanker freight rates which are inherited to some extent from the stylized

facts of oil price. Specifically, early research by Kavussanos (1996a,b) estimates a set of

GARCH models to establish that i) freight rates and second-hand vessel prices are time-

varying, ii) the volatility of larger vessel’s prices is higher than the one of smaller vessels

and iii) using oil price as an exogenous variable significantly improves forecasts of tanker

volatility. In another study, Chen and Wang (2004) document an asymmetric (larger) effect

in freight rates’ volatility in response to negative changes in freight rates when compared

to positive ones. Alizadeh and Nomikos (2011) reveal that freight rate volatility is related

to the term structure of the freight market and this relationship is asymmetric, as volatil-

ity is higher when the freight market is in backwardation and lower when in contango.5

Drobetz et al. (2012) examine the dynamics of time-varying volatility in both dry bulk and

tanker freight markets, using a GARCH model with exogenous variables (GARCH-X) and

an EGARCH model. The authors show that macroeconomic factors provide additional

explanatory power when included in the conditional variance equation of these models.

The authors document the lack of asymmetry effects in the dry bulk freight market, but

their pronounced presence in the tanker freight market. Overall, the results of Kavussanos

(1996a) and Drobetz et al. (2012) suggest that the inclusion of oil, as well as other macroe-

conomic variables (i.e. GDP growth, stock market return, interest rate yields), can improve

the forecasting power of volatility models. In a related study, Tsouknidis (2016) provides

evidence of large time-varying volatility spillovers within and between the dry bulk and

tanker sub-segments; which are far larger during and after the period of the global financial

crisis.6

5Backwardation is the state of the market when the futures price is below the expected future spot

price, i.e. in favor of traders being ”net long” in their positions. Contango refers to the opposite case.
6Another strand of the literature aims on forecasting spot and forward prices of freight markets. For

example, Cullinane (1992) and Cullinane, Mason, and Cape (1992) provide evidence on the ability of

univariate ARIMA models to forecast spot freight rates. Kavussanos and Nomikos (2003) report that

vector equilibrium correction models (VECM) produce accurate forecasts for spot freight prices but not

for futures freight prices. Batchelor, Alizadeh, and Visvikis (2007) find that i) VECM models produce

the best in-sample fit, ii) forward rates can be helpful on forecasting future spot rates, and iii) ARIMA

and VAR models perform better than VECM models on forecasting forward rates. Furthermore, trading
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Shi, Yang, and Li (2013) investigate the relationship between tanker freight rates and

oil price shocks of different origin as introduced by Kilian (2009), who is the first to reveal

that the origin of an oil-price shock determines its effect on the global economy and the

stock market (Kilian and Park, 2009).7 Specifically, the authors adopt and extend Kilian’s

framework by investigating the effect of different oil price shocks on the Baltic Dirty Tankers

Index (BDTI). The authors show that crude oil supply shocks have significant effects on the

BDTI index, whereas the impact of crude oil demand shocks are not as significant. Overall,

their results reveal that the effects of oil price shocks on tanker freight rates are weak. In

related studies, Chen, Miao, Tian, Ding, and Li (2017) and Zhou (2012) examine the cross-

correlations between the West Texas International crude oil (WTI) and Baltic Exchange

Dirty Tanker Index (BDTI) by employing the Multifractal Detrended Cross-Correlation

Analysis (MF-DCCA). The authors show that the degree of short-term cross-correlation is

higher than that in the long term and that the strength of multifractality after financial

crisis is larger than that before. However, using an aggregate tanker freight rates index,

such as the BDTI, misses differences (fixed effects) arising from different freight contracts,

i.e. spot vs. time-charter rates, and of vessel sizes in the tanker segment, i.e. VLCC,

Suexmax, Aframax, Medium Range Product Tankers (MR), examined.

Despite the plethora of studies on modeling and forecasting volatility of tanker freight

rates, the extant literature misses completely the growing empirical evidence supporting

that the origin of oil price shock determines its effect to the global economy, the financial

markets and the shipping sector (Kilian, 2009; Kilian and Park, 2009; Lambertides et al.,

2017; Shi et al., 2013). Filling this gap in the literature, this paper is the first to investigate

if oil price shocks of different origin can improve volatility forecasts drawn from a wide set

of popular GARCH models for tanker freight rates across freight contracts (spot and 1-year

time charter contracts) and vessel sizes (VLCC, Suezmax, Aframax, MR).

Regarding the effects of oil price shocks of different origin to oil price and the global

economy, Kilian (2009) provides empirical evidence that crude oil production disruptions

cause a small and transitory increase in the real price of oil within the first year. In turn,

an increase in aggregate demand for all industrial commodities causes a somewhat delayed,

and liquidity characteristics, such as the volume of trading and open interest have been shown to improve

forecasts for freight forward agreements (FFA’s) (Alizadeh, 2013) and oil futures contracts (Magkonis and

Tsouknidis, 2017).
7The oil price shocks have been shown to affect stock returns mainly through shocks on stock order

flow imbalances (Lambertides, Savva, and Tsouknidis, 2017).
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but sustained, increase in the real price of oil that is also substantial. Finally, an increase

in precautionary demand for crude oil causes an immediate, persistent, and large increase

in the real price of crude oil. Furthermore, decompositions of fluctuations in the real price

of oil show that oil price shocks historically have been driven mainly by a combination of

global aggregate demand shocks and precautionary demand shocks, rather than oil supply

shocks, as it is commonly believed.

Extending the above rationale, we expect that different oil price shocks may affect

differently the volatility forecasting power of GARCH-X models for tanker freight rates.

For example, an increase in oil price due to an unexpected crude oil supply disruption may

cause an immediate decrease in the demand in the shipping market for transportation of oil.

By contrast, an oil price increase due to an unexpected increase in the global real economic

activity may cause a boost in the demand in the shipping market for transportation of oil

as the world’s production increases and more energy resources are needed.

Another channel through which crude oil price shocks may affect tanker freight rates

is through changing the level of transportation costs. Specifically, tanker vessels consume

the so-called bunkers (fuel oil) whose price is highly correlated with crude oil prices.8 An

unexpected increase in crude oil price inevitably increases costs and deteriorates profitabil-

ity - ceteris paribus - of the shipowners and the charterers under a spot and time-charter

agreement, respectively. However, if the oil price increase is not due to a crude oil supply

disruption but due to a real economic activity increase, shipowners may be able to earn

a higher freight rate to compensate the increased fuel costs of their vessels. In order to

reveal which of the above economic mechanisms are supported by empirical evidence, this

paper examines whether oil price shocks of different origin can improve volatility forecasts

of tanker freight rates across charter contracts and vessel sizes.

This study contributes to the extant literature in two ways: first, it provides empirical

evidence revealing that oil price shocks carry significant information that improves the

accuracy of volatility forecasts for tanker freight rates. This is achieved by including oil

price shocks of different origin as exogenous variables into a wide set of popular GARCH-X

models. Second, it employs a number of different GARCH models, including the second

and third generation GARCH models, which are able to take into account the presence of

asymmetric and long-memory effects in the tanker freight rates examined. These features of

tanker freight rates have been largely neglected in the extant literature. The findings of this

8Bunker fuel costs are considered a voyage cost and for this reason are paid by the shipowner in the

case of a spot charter agreement and by the charterer in the case of a time-charter agreement.
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paper bear important implications for shipping companies, oil importers and banks in their

effort to quantify and hedge their risks when operating within the shipping industry. This

is mainly because several of the examined tanker freight rates serve as the underlying assets

for settling shipping freight derivatives contracts, such as the Forward Freight Agreements

(FFA’s) and freight options. As such, the forecasting exercise performed in this paper

for tanker freight rates is of paramount importance for the participants in the shipping

derivatives market amongst others.

The results of this paper suggest that the inclusion of aggregate oil demand and pre-

cautionary oil-specific demand shocks (price) as exogenous variables in GARCH-X models

significantly improves their forecast ability in statistical terms. Specifically, the inclusion of

precautionary oil-specific demand shocks leads to slightly better overall volatility forecasts

when compared to aggregate oil demand shock. In contrast, the inclusion of oil supply

shocks yields only modest improvements of the volatility forecasts drawn across tankers

vessel sizes and freight contracts. In addition, the volatility forecasts are overall more ac-

curate for the 1-year time-charter tanker freight rates which are known to be less volatile

rather than their spot market equivalents.

The rest of the paper is organized as follows: Section 2 outlines the methodology;

Section 3 describes the data; Section 4 presents the results; Section 5 discusses the results

against the existing literature; whereas Section 6 concludes the paper.

2 Methodology

2.1 Disentangling oil price shocks

We follow Kilian’s (2009) structural VAR model in order to distinguish three oil price

shocks: oil supply shock, aggregate demand shock and precautionary oil-specific demand

shock. Specifically, the estimated SVAR model incorporates monthly data for the vector

time series y, consisting of the percent change in global crude oil production, the measure

of real activity in global industrial commodity markets and the real price of crude oil. The

structural representation of the VAR model of order p is:

A0yt = c0 +

p∑
i=1

Aiyt−i + εt (1)

where yt = (∆prodt, reat, rpot), is a 3x1 vector of endogenous variables, A0 refers to the

3x3 contemporaneous coefficient matrix, c0 represents a 3x1 vector of constant returns,
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Ai denotes the 3x3 autoregressive coefficient matrices and εt stands for the 3x1 vector of

structural disturbances, assumed to have zero covariance and being serially uncorrelated.

∆prodt is the percentage change in world oil production, reat is the global real economic

activity for all industrial commodities9 rpot are the real prices of oil.

A long lag length of 24 months (p=24) is used to allow for potential delays between

structural oil demand and oil supply shocks and their effect on the economy. In addition,

such a long number of lags removes serial correlation effects. Previous literature on the

issue, see for e.g. Kilian and Lutkepohl (2017), has shown that introducing long lags is

important in structural models of the global oil market as they take into account the low

frequency co-movement between the real price of oil and the global economic activity. In

order to arrive to the reduced form VAR model we multiply both sides of Eq. (1) with A−1
0

which follows a recursive structure for the reduced form errors et to be linear combinations

of the structural errors εt as follows:

et =


e∆ global oil production

1t

eglobal real activity
2t

ereal price of oil
3t

 =


α11 0 0

α21 α22 0

α31 α32 α33




εoil supply shock
1t

εaggregate demand shock
2t

εoil specific-demand shock
3t

 (2)

where, εoil supply shock
1t stands for the oil supply side shock, εaggregate demand shock

2t denotes

the aggregate demand shock, εoil specific-demand shock
3t captures the oil market-specific demand

shock. The economic rationale for the identifying restrictions imposed in A−1
0 is explained

in detail in Kilian (2009). The reduced-form VAR model is estimated by the least squares

method. The model is estimated recursively over the out-of-sample period. Subsequently,

the estimates are used to construct the structural representation of the VAR model. We fol-

low Goncalves and Kilian (2004) and make inferences on a recursive-design wild bootstrap

with 2,000 replications.

2.2 GARCH modeling for tanker freight rates

Since its inception by Engle (1982), the ARCH methodology flourished within the liter-

ature on volatility forecasting. This is evident by the plethora of models introduced to

9The global real economic activity refers to equally weighted growth rates of freight rates for individual

voyages of bulk dry cargoes. These freight rates are deflated using the US consumer price index and

linearly de-trended to remove long-term trends in demand for sea transport and the effects of technological

advances in ship building (Kilian, 2009).
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address the stylized facts of financial time series, such as clustering, asymmetry and long

memory. Such characteristics are taken into consideration when selecting the GARCH

models employed to forecast tanker freight rates. Specifically, we employ the GARCH

model by Engle (1982) and Bollerslev (1986); the second-generation asymmetric models,

namely the EGARCH model of Nelson (1991), the threshold-GARCH (TGARCH) model

by Glosten, Jagannathan, and Runkle (1993), also known as the GJR-GARCH model, and

the Asymmetric Power-ARCH (APARCH) model by Ding, Engle, and Granger (1993).

Importantly, we employ two third-generation long-memory models, namely the Integrated-

GARCH (IGARCH) model of Engle and Bollerslev (1986) and the Component-GARCH

(CGARCH) model of Engle and Lee (1999). A brief description of the models estimated

is provided below.10

The GARCH(1,1) model of Engle (1982) and Bollerslev (1986) is expressed as:

h2
t+1 = ω + αε2

t + βh2
t (3)

where h2
t is the conditional volatility and ε2

t is the volatility news.

The EGARCH model of Nelson (1991) is expressed as:

log (h2
t+1) = ω + α

∣∣ εt
ht

∣∣+ γ
εt
ht

+ β log (h2
t ) (4)

The TGARCH model of Glosten et al. (1993) is given by:

h2
t+1 = ω + αε2

t + γε2
t It + βh2

t (5)

where It is an indicator variable that equals to one if the error term εt is negative and zero

otherwise. Asymmetry arises when the γ term is statistically significant.

The APARCH by Ding et al. (1993) is given by:

hδt = ω + α1(|εt − 1| − γεt−1)δ + β1h
δ
t−1 (6)

The mathematical expression of the IGARCH model is similar to that of a GARCH model

(1) where α + β should be equal to 1, in order for the conditional variance to be nonsta-

tionary.

Finally, the CGARCH model by Engle and Lee (1999) is expressed as:

h2
t+1 = qt+1 + α(ε2

t − qt) + β(h2
t − qt) (7)

10For a detailed literature review on GARCH models, please see Poon and Granger (2003).
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where qt represents long-run volatility. Finally, the error term εt follows a t-distribution

in order to better capture the fat tails of empirical distributions of the freight rates series

examined (Drobetz et al., 2012). We augment the GARCH-X models by including as

exogenous variables the structural shocks identified in the SVAR model. In this way, we

assess whether oil price shocks of different origin contain relevant information when drawing

volatility forecasts for the tanker freight rates.

2.3 Assessing the accuracy of volatility forecasts

Both the SVAR model and the GARCH-X specifications are estimated recursively over the

out-of-sample period by increasing the sample length by one observation. In other words,

the initial estimation date is fixed and, once a forecast is obtained, the end in-sample date

is expanded by one observation to incorporate the most recent information and the models

are re-estimated.

In order to assess the accuracy of the volatility forecasts drawn, two statistical loss

functions are used, namely the Mean Absolute Error (MAE) and the Mean Squared Error

(MSE). We define the true volatility (σ2
t ) by following the procedure described in Pagan and

Schwert (1990), where true volatility is proxied by the squared error from the conditional

mean model of the returns estimated over the whole dataset. According to Andersen and

Bollerslev (1998) and Patton (2011), squared returns provide an unbiased estimate of true

volatility.11 The mathematical expressions for the statistical loss functions are given by:

MAE =
1

J

J∑
t=1

|σ2
t − h2

t | (8)

MSE =
1

J

J∑
t=1

(σ2
t − h2

t )
2 (9)

11If true volatility (σ2
t ) is correctly specified, then Et−1(r2t ) = Et−1(σ2

t .z
2
t ) = σ2

t ; this justifies the use of

squared returns as a proxy for ex-post volatility over the relevant horizon. Although the square returns

provide an unbiased estimate for the latent volatility factor, it may yield very noisy measurements due

to the idiosyncratic error term z2t (Andersen and Bollerslev, 1998). According to Patton (2011), several

standard methods for forecast evaluation and comparison, such as the Mincer and Zarnowitz (1969),

regression, the West (1996) test and the Diebold and Mariano (1995) (employed in this study), can be

applicable when such a conditionally unbiased proxy is used.
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where J is the number of out-of-sample observations, ht refers to the out-of-sample forecasts

and σ2
t denotes the true volatility. The smaller the value for each statistic, the closer the

forecast is to the true volatility and thus the more accurate the forecast. Subsequently, we

assess the forecasting power of the estimated GARCH models by computing the MAE and

MSE statistics. Both statistics account for offsetting forecast errors. However, the MAE

statistic does so in a proportionate way, while the MSE penalizes large forecast errors.

Furthermore, in order to test the statistical significance of the forecasts drawn we rely

on the Diebold and Mariano (1995) (DM) test. Specifically, the DM test evaluates the

forecast performance of two competing models with the null hypothesis being that of equal

predictive accuracy between the benchmark model and the competing model under the

MAE and MSE metrics as defined in Eqs. (8) and (9).

3 Data description

The data examined in this study comprise average long-run historical earnings for the

spot (voyage) and 1-year time-charter markets across vessel sizes for the dry-bulk (Cape-

size, Panamax and Handysize) and tanker (VLCC, Suezmax, Aframax and MR) segments.

These earnings are calculated and published by ClarksonsâĂŹ Shipping Intelligence Net-

work (SIN) and represent the daily earnings of a specific vessel under a voyage charter

of employment, i.e. earnings are estimated from voyage freight rates, and expressed in

$/day for the voyage, for details please refer to Clarksons (2013) documentation, titled:

âĂIJSources & Methods for the Shipping Intelligence Weekly. All data are from Clarksons

Shipping Intelligence Network (SIN) and span the period January 1990 to December 2016,

which incorporates more than one shipping cycles, i.e. more than 6-7 years according to

Stopford (2009). We adopt a recursive framework and obtain one-step-ahead forecast for

the period January 2004 and December 2016.12 In order to ensure the stationarity of the

time series we calculate their first logarithmic differences as dictated by the augmented

Dickey and Fuller (1981) (ADF) an Phillips and Perron (1988) (PP) stationarity tests. 13

By using tanker freight rates across different freight contracts and vessel sizes we take into

12The sample from January 1990 to December 2003 is used to generate the forecast for January 2004.

The prediction for February 2004 is obtained using the estimation period from January 1990 to January

2004, and so on.
13We perform the ADF and PP tests on the freight rates times series under the recursive estimation

setting, i.e. the sample is increased by one month each time.
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account the different duration of ship voyages in the spot and the time-charter markets

and the different dynamics of the markets for tanker vessels of different sizes.

In addition to the data above, monthly observations are utilized for world oil production,

a measure of global economic activity and oil prices as the U.S. refiner’s acquisition cost of

imported crude oil. Both world oil production and oil prices are from the US Department of

Energy. The percentage change in world oil production is measured by 100 x log difference

in the world oil production in millions of barrels pumped per day averaged by month. The

real price of oil is the nominal price of oil deflated by the U.S. consumer price index (CPI)

from the Bureau of Labor Statistics. All prices are expressed in dollars and transformed in

log-returns. Global real economic activity is measured by the index constructed by Kilian

(2009).14 This index has the advantage that it incorporates activity in important emerging

economies such as China and India, which are not included in conventional measures of

global economic activity for OECD countries.

Table 1 presents the descriptive statistics of the logarithmic first differences of the time

series examined. As shown, the mean values appear positive for all time series except

the spot rates of Aframax vessels. Based on the standard deviations reported and in line

with the literature (Kavussanos, 1996b; Tsouknidis, 2016), spot rates appear much more

volatile than their time-charter equivalents for all vessel sizes. Finally, the p-values of the

Jarque-Bera test indicate that the null hypothesis of normality is strongly rejected in all

cases.

[INSERT TABLE 1 HERE]

4 Empirical Results

As discussed earlier, this paper employs a wide set of popular GARCH-type models to

explore whether the inclusion of oil price shocks of different origin improves the volatility

forecasts for the spot and 1-year time charter contracts and across tanker vessels sizes.

Table 2 reports the MAE and MSE values when drawing volatility forecasts without in-

cluding any exogenous variable in the variance equation of the GARCH models estimated

(benchmark). These benchmark values of the MAE and MSE statistics are compared to the

ones obtained from the estimation of the GARCH-X models, i.e. when exogenous variables

are included in the GARCH models. As observed in Table 2, the long memory IGARCH

14The data are available at Kilian’s webpage: http://www-personal.umich.edu/lkilian/paperlinks.html.
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and CGARCH models produce overall the most accurate volatility forecasts across the

spot and 1-year time-charter rates; with the only exception being the Spot Medium Range

tanker freight rate where the APARCH model exhibits the smallest MAE and MSE val-

ues. Specifically, the IGARCH model returns the most accurate volatility forecasts as it

minimizes the MAE and MSE values in the majority of the cases examined. Finally, the

MSE statistic exhibits overall smaller values for time-charter rates rather than for spot

rates across different GARCH specifications. This can be attributed to the fact that the

time-charter rates are typically less volatile than their equivalent spot freight rates. The

smaller volatility of time-charter tanker freight rates when compared to their equivalent

spot tanker freight rates is documented both in the descriptive statistics reported in Table

1 of this paper and in the relevant literature on the issue (Kavussanos, 1996b; Kavussanos

and Nomikos, 2003). As expected GARCH models employed in this paper exhibit overall

better accuracy when drawing volatility forecasts for the time-charter contracts. The re-

sults reported in Table 2 also enable comparisons between different GARCH specifications

and exogenous variables used. Notably, when using the benchmark GARCH models, i.e.

without the inclusion of any exogenous variable, the IGARCH specification exhibits the

lowest MAE and MSE metrics in absolute values across all GARCH specifications and

freight rates examined, with the exception of spot freight rates for small tankers (Aframax

and MR).

[INSERT TABLE 2 HERE]

Next, Tables 3, 4 and 5 compare the volatility forecasting accuracy of the benchmark

GARCH models and the GARCH-X models which include one out of the three oil-related

exogenous variables, i.e. oil supply shock, aggregate oil demand shock and precautionary

oil-specific demand shock, respectively. Each entry of Tables 3 to 5 reports the ratio of the

MAE and MSE statistics of the GARCH-X model over the benchmark model.15 The values

in brackets - below each ratio reported - correspond to the p-values of the Diebold Mariano

(1995) test. The null hypothesis of the DM test is that of equal forecasting performance

15Table A1 in the Appendix reports the ratio of the RMSE metric of the GARCH-X model over the

benchmark model. RMSE is defined as:

RMSE =
√
MSE

where MSE is defined in Equation 9. Tables A2 up to A5 in the Appendix report the values of MAE, MSE

and RMSE error metrics.
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between the two competing models, i.e. the GARCH-X model and the benchmark GARCH

model estimated. The positive or negative signs included in the brackets denote which

model out of the two competing models performs better in terms of statistical significance.

Specifically, a positive sign (+) indicates that the GARCH-X model is superior in drawing

volatility forecasts over the benchmark GARCH model, while a negative sign (-) denotes

the opposite.

Table 3 presents the ratios of the MAE and the MSE statistics between each one of

the GARCH-X models which include oil supply shock as an exogenous variable and the

benchmark model. As observed, based on the MAE statistic, in all cases the benchmark

models produce worse forecasts (higher MAE) than the augmented models, i.e. the ratio

reported is below unity. However, there are three exceptions to this, namely for the Spot

VLCC tanker freight rates when using the IGARCH and CGARCH models and for the Spot

Aframax tanker freight rates when using the CGARCH model.16 Accordingly, the p-values

of the DM test reveal that in 29 cases out of a total of 48 (almost 60%) the null hypothesis

of equal forecasting accuracy in statistical terms between the two competing models is

rejected at the 5% significance level. In 28 cases out of the 29 where the null hypothesis

of equal forecasting accuracy has been rejected, we observe a positive (+) sign suggesting

that the alternative model - which includes the oil supply shock as an exogenous variable

- outperforms the benchmark model. Thus, including the structural shock of oil supply as

an exogenous variable in the GARCH-X models estimated improves overall their ability

to forecast the volatility of tanker freight rates in the majority of the cases examined.

In turn, when using the MSE statistic instead of the MAE statistic, the results appear

qualitatively equivalent, i.e. in almost all cases apart from the same three exceptions as

before, the benchmark model performs worse (higher MSE) than the alternative model.

However, according to the Diebold-Mariano test, in 14 out of 48 cases (almost 29%) the

null hypothesis of equal forecasting accuracy in statistical terms between the competing

models is rejected at the 5% significance level. In 13 out of these 14 cases, we observe

a positive sign (+) indicating that the alternative model which includes the oil supply

shock as an exogenous variable outperforms the benchmark model. Therefore, our results

on whether the inclusion of oil supply as an exogenous variable in the examined GARCH

models improves freight rate volatility forecasts point to the fact that there is a weak overall

16The only model whose forecast performance could not be examined and compared with the bench-

mark models is the CGARCH of the 1-year time-charter VLCC due to non-convergence in the CGARCH

estimation.
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improvement in volatility forecasting of tanker freight rates when oil supply shock is added

in a GARCH model as an exogenous variable; which appears even weaker if we use the

MSE statistic to evaluate the forecasting accuracy of the models employed.

[INSERT TABLE 3 HERE]

In turn, Table 4 reports the same results as in Table 3, but this time the alternative

models include the aggregate oil demand shock as an exogenous variable in the variance

equation. Based on the MAE statistic, in 37 out of 48 cases (77%) the null hypothesis

of the DM test is rejected at the 5% significance level. In 33 out of these 37 cases, the

alternative model including aggregate oil demand as an exogenous variable outperforms

the benchmark model in statistical terms. These results are overall similar when using

the MSE statistic instead of the MAE statistic as above. Specifically, in 33 out of 48

cases (almost 69%) the null hypothesis of the DM test is rejected at the 5% significance

level. In 29 out of these 33 cases, the alternative model including aggregate oil demand

as an exogenous variable outperforms the benchmark model in statistical terms. Such

results, suggest that including the aggregate oil demand shock as an exogenous variable

in a GARCH-X model significantly increases its forecasting power for both the spot and

time-charter tanker freight rates and across vessel sizes.

[INSERT TABLE 4 HERE]

Finally, Table 5 reports the same results but this time the alternative models include the

precautionary oil-specific demand shock as an exogenous variable in the variance equation.

Based on the MAE statistic, in 37 out of 48 cases (almost 77%) the null hypothesis of

the DM test is rejected at the 5% significance level. In 34 out of these 37 cases, the

alternative model including oil-specific demand shock as an exogenous variable outperforms

the benchmark model in statistical terms. The results are very similar when using the MSE

statistic instead of the MAE statistic as above. Specifically, in 35 out of 48 cases (almost

73%) the null hypothesis of the DM test is rejected at the 5% significance level. In 32 out of

these 35 cases, the alternative model including oil-specific demand shock as an exogenous

variable outperforms the benchmark model in statistical terms. Such results, suggest that

including the precautionary oil-specific demand shock as an exogenous variables in GARCH

models significantly improves their volatility forecasting performance for both the spot and

time-charter tanker freight rates and across vessel sizes.17

17The results are qualitatively the same if we allow for the sample used to change over time. Specifically,
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[INSERT TABLE 5 HERE]

Overall, these results indicate that the structural shocks of aggregate oil demand and

precautionary oil-specific demand shocks contain information which significantly improves

the volatility forecasting accuracy of a wide set of popular GARCH models. In contrast,

the inclusion of oil supply shock leads to only weak improvements in forecasting volatility in

the tanker freight markets. In addition, results reported in Tables A2 to A5 of the appendix

reveal the following: first, when using the GARCH models without any exogenous variable

(Table A2), the long-memory IGARCH and CGARCH models provide the most accurate

volatility forecasts across the spot and 1-year time-charter rates examined, i.e. the smallest

values for the MAE, MSE and RMSE metrics. Second, when including one of the three oil

price shocks previously defined as an exogenous variable in the GARCH models estimated

(Tables A3 up to A5), the asymmetric EGARCH and TGARCH models exhibit the highest

overall forecasting accuracy followed by the traditional GARCH model for the majority of

the spot freight rates examined; while, the long-memory IGARCH and CGARCH models

provide the most accurate volatility forecasts for the majority of the 1-year time-charter

freight rates examined.

5 Discussion of the results

The inclusion of oil price as an exogenous variable in GARCH models has been documented

to convey relevant information for the tanker freight rate market that would not otherwise

be captured (Kavussanos, 1996a,b; Drobetz et al., 2012). However, as the empirical results

of this paper reveal such relevant information is subject to the origin of the oil price change.

The results reported in this study reveal that the inclusion of oil price shocks as exogenous

variables to a wide set of popular GARCH-X models significantly improves their forecasting

power for both the spot and 1-year time charter tanker freight rates. Specifically, both

the aggregate oil demand shock and the precautionary oil-specific demand shock lead to

higher forecasting power as measured by the MAE and MSE statistics. The statistical

significance of the superior ability of these models - over the benchmark model which

we assess the forecast performance of the models over time by calculating the cumulative average squared

and absolute errors for each GARCH specification and across all tanker vessels examined. With the

exception of EGARCH and CGARCH cases, this exercise provides additional evidence confirming that

adding oil price shocks of different origin as exogenous variable in GARCH models improves significantly

their forecasting performance over time. These results are available from the authors upon request.
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includes no exogenous variables - is also confirmed in statistical terms with the use of the

Diebold-Mariano statistic.

These results confirm our prior expectations that oil price shocks of different origin

contain different kind of information regarding the underlying commodity market of oil

which lead to better forecasts of the transportation cost of this commodity, i.e. the tanker

freight rates. Specifically, the results of this paper reveal that an index of global real

economic activity - reflecting the aggregate oil demand - as developed by Kilian (2009)

contains significant information that can help GARCH models to predict tanker freight

rates in a more accurate way on average. This result can be attributed to the fact that, for

example, a demand increase due to a shock in the global real economic activity causes a

boost in the demand for oil shipping transportation service, as higher energy resources are

needed to fuel the higher level of production. In a similar manner, an increase in the oil-

specific demand (precautionary) that increases the inventory levels due to an unexpected

oil price increase also conveys significant information when drawing forecasts of tanker

freight rates through a GARCH-X model. This can be attributed to the fact that higher

demand due to expectations of an oil price increase leads to higher demand for oil shipping

transportation service.

The improvement of tanker freight rates volatility forecasts appears higher overall when

including the precautionary oil-specific demand shock (Table 5) rather than including the

global aggregate oil demand shock (Table 4). Furthermore, the inclusion of oil demand

in the variance equation of the GARCH models results into better forecasts for the time-

charter markets, whereas the inclusion of oil prices leads to better forecasts for the spot

market. This finding is in accordance to expectations, as fluctuations in oil price shocks

are expected to be more relevant to the short-run investment horizon of the spot market.

In contrast, oil demand shocks appear more relevant for the time-charter market, which is

generally linked with a longer investment horizon.

Overall, when using the MAE instead of MSE statistic, the GARCH models estimated

exhibit better forecasting ability across the spot and 1-yr time-charter tanker freight rates.

This is expected as the MSE is generally a stricter forecasting power statistic. Forecasts

for the 1yr time-charter tanker freight rates are better overall when compared to the spot

tanker freight rates, when including the aggregate demand oil shock (Table 4) or the oil-

specific demand shock (Table 5) as exogenous variables in the variance equation. This can

be attributed to the lower volatility of the time-charter contracts when compared to their

spot market equivalents.
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For the spot tanker freight rates, the GARCH-X models estimated, exhibit better fore-

casting power in terms of the MAE statistic when using either the aggregate demand oil

shock (Table 4) instead of the oil-specific demand shock (Table 5) as an exogenous variable

in the variance equation. However, the opposite is true when using the MSE statistic.

For the 1yr time-charter tanker freight rates, the results are almost identical across the

MAE and MSE statistics and the inclusion of the aggregate oil demand and oil-specific de-

mand shocks. Such results reveal that, when assessing the forecasting power of GARCH-X

models including oil price shocks of different origin, the selection of the relevant statistical

criterion is of crucial importance.

Despite the fact that assessing the forecasting accuracy for tanker freight rates of dif-

ferent GARCH models estimated is not the primary purpose of this paper, the results

reported enable such a comparison. The estimated GARCH models capture the stylized

facts of financial and shipping time series, such as clustering, asymmetry effects and long

memory effects. Overall, the results reported point to better forecasting performance for

the long memory genre of GARCH models (Ding et al., 1993; Bollerslev and Mikkelsen,

1996; Engle and Lee, 1999). Recently, long memory properties were explored by Arouri,

Hammoudeh, Lahiani, and Nguyen (2012) on the volatility dynamics of precious metals

and by Huang, Liu, and Wang (2016) who emphasized the importance of capturing the long

memory feature of financial returns by proposing a Heterogenous Autoregressive (HAR)-

GARCH specification. Conversely, the asymmetry effects are not to be ignored within the

modeling process; as Arouri et al. (2012) mention, asymmetry is found to be relevant in the

dynamics of precious metals, while Chkili, Hammoudeh, and Nguyen (2014) acknowledge

the importance of long memory as well as asymmetry in commodity markets. To this end,

this paper also reports that asymmetric GARCH models produce better forecasts when the

precautionary oil-specific demand shock is included in the variance equation of the model

specification across the vessel sizes VLCC, Suezmax, Aframax, yet overall the long memory

GARCH models perform better. Forecasting in the shipping industry and energy markets,

which are directly linked to the financial markets, has gained popularity as demonstrated

by a large number of studies (Kavussanos, 1996b; Jing, Marlow, and Wangi, 2008; Drobetz

et al., 2012; Wang and Wu, 2012; Alizadeh, 2013). Such studies are aided by the tools and

methodological approaches developed for forecasting shipping freight rates; while in the

general finance literature a number of studies have included various economic and other

parameters in the modeling process, such as implied volatility, captured by the Volatility

Index (VIX), and trading volume (Lamoureux and Lastrapes, 1990; Blair, Poon, and Tay-
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lor, 2001; Fuertes, Kalotychou, and Todorovic, 2015; Kambouroudis and McMillan, 2016;

Chao, 2016).

6 Conclusion

This paper examined whether the inclusion of oil price shocks of different origin as exoge-

nous variables in a wide set of GARCH-X models improves the accuracy of their volatility

forecasts for spot and 1-year time-charter tanker freight rates. Overall, the reported results

suggest that the inclusion of aggregate oil demand shocks and precautionary oil-specific

demand shocks significantly improves the accuracy of the volatility forecasts drawn; while

the inclusion of oil supply shock leads to only weak improvements in forecasting volatility

in the tanker freight markets. These results, appear robust across freight rate contracts,

i.e. the spot and 1-year time-charter tanker freight rates; and vessel sizes, i.e. VLCC,

Suezmax, Aframax and MR. This study contributes to the growing literature of modeling

and forecasting the volatility of freight rate markets by providing robust and novel empir-

ical evidence revealing the relevance of oil price shocks in drawing volatility forecasts for

the tanker freight markets. The empirical findings reported bear important implications

for companies operating in the oil and shipping industries, such as shipping companies, oil

importers and banks, in their effort to quantify and hedge their risks in the tanker freight

rate markets.
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Table 1: Descriptive statistics for the first logarithmic differences of the time series examined.

SPOT VLCC SPOT SUEZ SPOT AFRA SPOT MR TC1 VLCC TC1 SUEZ TC1 AFRA TC1 MR OIL DEMAND OIL PRICE OIL PROD

Mean 0.000387 0.000193 -8.57E-05 -0.000294 0.000747 0.000406 9.55E-05 0.000211 1.364401 0.001138 0.000383

Median -0.003630 0.005141 -0.010577 -0.006502 0.000000 0.000000 0.000000 0.000000 -2.375000 0.005013 0.000476

Maximum 0.525292 0.546734 0.516857 0.300492 0.164611 0.181844 0.085172 0.098486 66.40000 0.166355 0.019006

Minimum -0.519372 -0.600643 -0.533188 -0.326512 -0.097090 -0.128408 -0.082741 -0.058281 -134.0000 -0.159197 -0.026242

Std. Dev. 0.148353 0.147817 0.133636 0.078763 0.035027 0.028268 0.021716 0.017828 28.48381 0.037302 0.003966

Skewness 0.204802 -0.170910 0.196194 0.319509 0.894669 1.289478 0.331315 0.920065 -0.158786 -0.534465 -0.710881

Kurtosis 4.442932 5.183219 5.965301 4.784801 6.000347 11.54712 5.919901 8.621402 4.478881 5.696047 10.19399

Jarque-Bera 30.37267 65.92438 120.7842 48.51709 164.7515 1076.007 121.0261 472.3141 30.88723 113.2018 719.2398

Probability 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

Sum 0.125463 0.062396 -0.027759 -0.095179 0.242125 0.131569 0.030949 0.068355 442.0660 0.367644 0.123082

Sum Sq. Dev. 7.108809 7.057519 5.768309 2.003791 0.396281 0.258101 0.152326 0.102666 262058.8 0.448036 0.005034

Observations 324 324 324 324 324 324 324 324 324 324 324

Note: Entries report the summary statistics of tanker freight rates for the period January 1990 to December 2016.
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Table 2: Forecast evaluation of the benchmark models for the tanker freight rates volatility.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.040509 0.042888 0.040176 0.040153 0.032758 0.041788

Spot Suezmax 0.046755 0.046502 0.044006 0.043259 0.042720 0.045417

Spot Aframax 0.042617 0.048212 0.042577 0.045732 0.041125 0.035012

Spot Medium Range 0.015547 0.013741 0.013442 0.012567 0.013154 0.014453

1 yr TC VLCC 0.002474 0.004121 0.002601 0.004967 0.001750 0.001942

1 yr TC Suezmax 0.004537 0.002098 0.001810 0.001734 0.001120 0.003727

1 yr TC Aframax 0.002490 0.002422 0.002131 0.001998 0.000978 0.002894

1 yr TC Medium Range 0.002058 0.001180 0.002110 0.001066 0.000503 0.000628

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.003024 0.003126 0.002998 0.003269 0.002480 0.003024

Spot Suezmax 0.004120 0.004162 0.004097 0.004045 0.003924 0.004195

Spot Aframax 0.003694 0.004490 0.003535 0.004180 0.003208 0.002945

Spot Medium Range 0.000428 0.000364 0.000412 0.000350 0.000373 0.000410

1 yr TC VLCC 1.63E-05 7.35E-05 1.56E-05 7.51E-05 8.47E-06 9.87E-06

1 yr TC Suezmax 8.18E-05 0.000112 1.01E-05 4.87E-05 6.00E-06 2.57E-05

1 yr TC Aframax 2.97E-05 1.66E-05 3.33E-05 1.80E-05 1.28E-05 1.43E-05

1 yr TC Medium Range 1.29E-05 4.38E-06 1.91E-05 9.87E-06 1.23E-06 1.70E-06

Note: This table reports the mean absolute error (MAE) and mean squared error (MSE) for the

benchmark GARCH models. The MAE and MSE are defined in Eqs. (8) and (9), respectively. The

sample period runs from January 1990 to December 2016. The tanker freight rates volatility forecasts

have been obtained recursively for the period January 2004 to December 2016.
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Table 3: Forecast evaluation of tanker freight rates volatility using oil supply shock as an

exogenous variable.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.7778 0.9082 0.8393 0.8937 1.1268 1.6855

(0.000+) (0.373) (0.000+) (0.106) (0.088-) (0.000-)

Spot Suezmax 0.8724 0.6789 0.8836 0.7827 0.8817 0.8584

(0.143) (0.017+) (0.168) (0.018+) (0.296) (0.009+)

Spot Aframax 0.8198 0.6917 0.7818 0.6619 0.8751 1.0233

(0.150) (0.048+) (0.028+) (0.060+) (0.348) (0.516)

Spot Medium Range 0.5783 0.5869 0.6598 0.6339 0.6902 0.9313

(0.000+) (0.000+) (0.000+) (0.000+) (0.089+) (0.181)

1 yr TC VLCC 0.6407 0.4283 0.6231 0.3415 0.9347 NA

(0.000+) (0.000+) (0.000+) (0.000+) (0.019+)

1 yr TC Suezmax 0.3764 0.8409 0.5929 0.5609 0.8918 0.2884

(0.001+) (0.000+) (0.000+) (0.118) (0.268) (0.008+)

1 yr TC Aframax 0.4495 0.3552 0.5155 0.4315 0.6917 0.2884

(0.012+) (0.011+) (0.087+) (0.003+) (0.103) (0.002+)

1 yr TC Medium Range 0.3253 0.5992 0.4461 0.7417 0.9444 0.8217

(0.020+) (0.000+) (0.000+) (0.102) (0.203) (0.002+)

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.9122 1.0229 0.9550 0.8446 1.0887 2.5936

(0.100) (0.887) (0.451) (0.064+) (0.136) (0.001-)

Spot Suezmax 0.9101 0.8504 0.8940 0.9401 0.8926 0.8210

(0.455) (0.228) (0.347) (0.655) (0.365) (0.068+)

Spot Aframax 0.8477 0.7716 0.8742 0.7107 0.9690 1.0508

(0.378) (0.359) (0.401) (0.219) (0.759) (0.259)

Spot Medium Range 0.6487 0.6675 0.6551 0.6777 0.6828 0.8573

(0.001+) (0.003+) (0.004+) (0.001+) (0.179) (0.142)

1 yr TC VLCC 0.4762 0.1540 0.4967 0.1178 0.9232 NA

(0.003+) (0.057+) (0.000+) (0.028+) (0.000+)

1 yr TC Suezmax 0.8465 0.7387 0.4542 0.0972 0.7535 0.2094

(0.844) (0.237) (0.005+) (0.221) (0.146) (0.016+)

1 yr TC Aframax 0.1544 0.2675 0.1652 0.1449 0.1068 0.6597

(0.129) (0.159) (0.240) (0.027+) (0.077+) (0.619)

1 yr TC Medium Range 0.1251 0.3765 0.1141 0.1912 0.9232 0.7755

(0.085+) (0.032+) (0.047+) (0.069+) (0.107) (0.173)

Note: Entries report the ratio of the mean absolute error (MAE) and mean squared error (MSE) of the GARCH models augmented with oil supply

shock over the same values for the benchmark model, i.e. without the oil supply shock. The sample period runs from January 1990 to December

2016. The forecasts have been obtained recursively for the period January 2004 to December 2016. P-values of the Diebold-Mariano (DM) test are

reported in brackets. The null hypothesis of the DM test is that of equal predictive ability between the augmented GARCH models with oil supply

shock and the benchmark GARCH model. The positive (negative) sign indicates that the competing (benchmark) model has superior performance

in drawing volatility forecasts. The value ”NA” denotes that the GARCH model has not converged and for this reason it was not feasible to obtain

volatility forecasts.
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Table 4: Forecast evaluation of tanker freight rates volatility using aggregate oil demand shock

as an exogenous variable.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.7874 0.8914 0.8065 0.8987 1.1058 1.3066

(0.000+) (0.110) (0.000+) (0.040+) (0.001-) (0.027-)

Spot Suezmax 0.7976 0.8535 0.8079 0.7840 0.8946 0.8203

(0.012+) (0.471) (0.027+) (0.027+) (0.379) (0.001+)

Spot Aframax 0.7875 0.6134 0.7921 0.6867 0.8317 2.1419

(0.080+) (0.036+) (0.041+) (0.060+) (0.158) (0.000-)

Spot Medium Range 0.5908 0.6113 0.6479 0.6589 0.7132 1.8793

(0.000+) (0.000+) (0.000+) (0.000+) (0.113) (0.000-)

1 yr TC VLCC 0.6436 0.4594 0.6303 0.3786 0.9325 0.8581

(0.000+) (0.000+) (0.000+) (0.000+) (0.022+) (0.001+)

1 yr TC Suezmax 0.2288 0.5754 0.6413 0.5919 0.9089 0.3702

(0.000+) (0.102) (0.000+) (0.133) (0.055+) (0.013+)

1 yr TC Aframax 0.3259 0.3777 0.5515 0.4220 0.6730 0.3515

(0.002+) (0.015+) (0.038+) (0.002+) (0.024+) (0.014+)

1 yr TC Medium Range 0.3414 0.5090 0.3924 0.5538 0.9450 0.7281

(0.011+) (0.000+) (0.000+) (0.034+) (0.201) (0.001+)

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.9026 1.0172 0.9060 0.8483 1.1671 1.7369

(0.038+) (0.898) (0.030+) (0.036+) (0.001-) (0.018-)

Spot Suezmax 0.8945 2.2725 0.8841 0.9335 0.9200 0.8067

(0.338) (0.337) (0.380) (0.524) (0.511) (0.013+)

Spot Aframax 0.7997 0.6434 0.8158 0.7160 0.9104 3.4540

(0.262) (0.045+) (0.036+) (0.202) (0.318) (0.000-)

Spot Medium Range 0.6399 0.7287 0.6225 0.7358 0.6840 3.0859

(0.001+) (0.041+) (0.003+) (0.002+) (0.017+) (0.011-)

1 yr TC VLCC 0.4879 0.2386 0.5076 0.1324 0.9321 0.8701

(0.004+) (0.083+) (0.000+) (0.031+) (0.020+) (0.003+)

1 yr TC Suezmax 0.0538 0.0840 0.5030 0.1053 0.7395 0.2425

(0.024+) (0.268) (0.002+) (0.225) (0.081+) (0.019+)

1 yr TC Aframax 0.0727 0.2846 0.1654 0.1423 0.1214 0.6539

(0.034+) (0.045+) (0.228) (0.023+) (0.015+) (0.592)

1 yr TC Medium Range 0.1504 0.4370 0.1514 0.1671 0.9232 0.6792

(0.029+) (0.043+) (0.008+) (0.019+) (0.032+) (0.043+)

Note: Entries report the ratio of the mean absolute error (MAE) and mean squared error (MSE) of the GARCH models augmented with aggregate

oil demand shock over the same values for the benchmark model, i.e. without the aggregate oil demand shock. The sample period runs from January

1990 to December 2016. The forecasts have been obtained recursively for the period January 2004 to December 2016. P-values of the Diebold-Mariano

(DM) test are reported in brackets. The null hypothesis of the DM test is that of equal predictive ability between the augmented GARCH models

with oil supply shock and the benchmark GARCH model. The positive (negative) sign indicates that the competing (benchmark) model has superior

performance in drawing volatility forecasts.

27



Table 5: Forecast evaluation of tanker freight rates volatility using precautionary oil-specific

demand shock as an exogenous variable.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.7946 0.7669 0.7999 0.7950 1.0100 0.7878

(0.000+) (0.000+) (0.000+) (0.001+) (0.856) (0.000+)

Spot Suezmax 0.7995 0.7559 0.8128 0.8358 0.8730 1.6510

(0.093+) (0.047+) (0.057+) (0.002+) (0.239) (0.000-)

Spot Aframax 0.8004 0.5874 0.8114 0.6227 0.7884 2.4713

(0.164) (0.030+) (0.039+) (0.045+) (0.019+) (0.000-)

Spot Medium Range 0.5952 0.5889 0.6630 0.6669 0.7331 2.8748

(0.000+) (0.001+) (0.000+) (0.003+) (0.048+) (0.000-)

1 yr TC VLCC 0.6583 0.4088 0.6417 0.5222 0.9113 0.8336

(0.000+) (0.000+) (0.000+) (0.002+) (0.012+) (0.011+)

1 yr TC Suezmax 0.2285 0.5579 0.6978 0.6043 0.9384 0.3151

(0.000+) (0.164) (0.000+) (0.173) (0.450) (0.010+)

1 yr TC Aframax 0.3370 0.4535 0.5459 0.4695 0.6522 0.3810

(0.003+) (0.016+) (0.083+) (0.006+) (0.020+) (0.025+)

1 yr TC Medium Range 0.3124 0.5242 0.4202 0.6896 0.9607 0.7451

(0.018+) (0.001+) (0.001+) (0.079+) (0.062+) (0.003+)

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.9066 0.8456 0.8910 0.7814 1.0422 0.8362

(0.024+) (0.005+) (0.000+) (0.010+) (0.397) (0.001+)

Spot Suezmax 0.8453 0.7985 0.7684 0.8605 0.8987 2.1614

(0.266) (0.024+) (0.015+) (0.044+) (0.334) (0.000-)

Spot Aframax 0.8048 0.6086 0.8196 0.6318 0.8163 9.0021

(0.313) (0.032+) (0.322) (0.038+) (0.021+) (0.000-)

Spot Medium Range 0.6445 0.6713 0.6388 0.7457 0.7142 5.3448

(0.002+) (0.011+) (0.001+) (0.036+) (0.046+) (0.000-)

1 yr TC VLCC 0.4755 0.1526 0.5168 0.2147 0.9270 0.7711

(0.003+) (0.040+) (0.000+) (0.043+) (0.074+) (0.016+)

1 yr TC Suezmax 0.0552 0.0507 0.7112 0.1078 0.7022 0.2267

(0.024+) (0.271) (0.000+) (0.228) (0.028+) (0.017+)

1 yr TC Aframax 0.0718 0.3379 0.1485 0.1487 0.1086 0.8562

(0.034+) (0.005+) (0.222) (0.028+) (0.029+) (0.852)

1 yr TC Medium Range 0.1261 0.3798 0.0830 0.2078 0.9319 0.6844

(0.087+) (0.007+) (0.040+) (0.085+) (0.025+) (0.190)

Note: Entries report the ratio of the mean absolute error (MAE) and mean squared error (MSE) of the GARCH models augmented with precautionary

oil-specific demand shock over the same values for the benchmark model, i.e. without the precautionary oil-specific demand shock. The sample period

runs from January 1990 to December 2016. The forecasts have been obtained recursively for the period January 2004 to December 2016. P-values of

the Diebold-Mariano (DM) test are reported in brackets. The null hypothesis of the DM test is that of equal predictive ability between the augmented

GARCH models with oil supply shock and the benchmark GARCH model. The positive (negative) sign indicates that the competing (benchmark)

model has superior performance in drawing volatility forecasts.
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Table A1: Forecast evaluation of tanker freight rates volatility based on the relative RMSE

values for GARCH-X models against the benchmark GARCH.

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Panel A: GARCHs augmented with oil supply shock

Spot VLCC 0.955115 1.011391 0.977222 0.919022 1.043388 1.610478

Spot Suezmax 0.954006 0.922193 0.945530 0.969567 0.944792 0.906079

Spot Aframax 0.920701 0.878396 0.935007 0.843005 0.984372 1.025102

Spot Medium Range 0.805422 0.816995 0.809367 0.823233 0.826320 0.925930

1 yr TC VLCC 0.690091 0.392412 0.704784 0.343276 0.960828 NA

1 yr TC Suezmax 0.920056 0.859489 0.673964 0.311722 0.868027 0.457631

1 yr TC Aframax 0.392974 0.517206 0.406448 0.380722 0.326748 0.812210

1 yr TC Medium Range 0.353832 0.613632 0.337857 0.437234 0.960851 0.880628

Panel B: GARCHs augmented with aggregate oil demand shock.

Spot VLCC 0.950066 1.008583 0.951838 0.921057 1.080336 1.317928

Spot Suezmax 0.945801 1.507488 0.940263 0.966172 0.959186 0.898175

Spot Aframax 0.894251 0.802135 0.903211 0.846181 0.954141 1.858506

Spot Medium Range 0.799931 0.853611 0.788968 0.857812 0.826998 1.756663

1 yr TC VLCC 0.698485 0.488425 0.712476 0.363880 0.965464 0.932819

1 yr TC Suezmax 0.231966 0.289808 0.709195 0.324477 0.859952 0.492459

1 yr TC Aframax 0.269712 0.533460 0.406654 0.377219 0.348418 0.808621

1 yr TC Medium Range 0.387863 0.661085 0.389125 0.408758 0.960841 0.824119

Panel C: GARCHs augmented with precautionary oil-specific demand shock.

Spot VLCC 0.952137 0.919582 0.943917 0.883990 1.020891 0.914458

Spot Suezmax 0.919424 0.893590 0.876602 0.927629 0.947991 1.470170

Spot Aframax 0.897094 0.780118 0.905298 0.794884 0.903470 3.000349

Spot Medium Range 0.802785 0.819350 0.799237 0.863526 0.845116 2.311884

1 yr TC VLCC 0.689589 0.390655 0.718911 0.463328 0.962795 0.878147

1 yr TC Suezmax 0.234877 0.225120 0.843313 0.328284 0.837983 0.476180

1 yr TC Aframax 0.267988 0.581318 0.385363 0.385565 0.329476 0.925297

1 yr TC Medium Range 0.355043 0.616243 0.288081 0.455811 0.965366 0.827281

Note: Entries of Table A1 report the ratio of the RMSE metric for the GARCH-X models over the

the benchmark GARCH model. The sample period spans January 1990 to December 2016. Volatility

forecasts have been calculated recursively with a step of one month during the period January 2004

to December 2016. ”NA” denotes that the GARCH model has not converged.
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Table A2: Forecast evaluation of the benchmark models for the tanker freight rates volatility.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.040509 0.042888 0.040176 0.040153 0.032758 0.041788

Spot Suezmax 0.046755 0.046502 0.044006 0.043259 0.042720 0.045417

Spot Aframax 0.042617 0.048212 0.042577 0.045732 0.041125 0.035012

Spot Medium Range 0.015547 0.013741 0.013442 0.012567 0.013154 0.014453

1 yr TC VLCC 0.002474 0.004121 0.002601 0.004967 0.001750 0.001942

1 yr TC Suezmax 0.004537 0.002098 0.001810 0.001734 0.001120 0.003727

1 yr TC Aframax 0.002490 0.002422 0.002131 0.001998 0.000978 0.002894

1 yr TC Medium Range 0.002058 0.001180 0.002110 0.001066 0.000503 0.000628

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.003024 0.003126 0.002998 0.003269 0.002480 0.003024

Spot Suezmax 0.004120 0.004162 0.004097 0.004045 0.003924 0.004195

Spot Aframax 0.003694 0.004490 0.003535 0.004180 0.003208 0.002945

Spot Medium Range 0.000428 0.000364 0.000412 0.000350 0.000373 0.000410

1 yr TC VLCC 1.63E-05 7.35E-05 1.56E-05 7.51E-05 8.47E-06 9.87E-06

1 yr TC Suezmax 8.18E-05 0.000112 1.01E-05 4.87E-05 6.00E-06 2.57E-05

1 yr TC Aframax 2.97E-05 1.66E-05 3.33E-05 1.80E-05 1.28E-05 1.43E-05

1 yr TC Medium Range 1.29E-05 4.38E-06 1.91E-05 9.87E-06 1.23E-06 1.70E-06

RMSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.054990 0.053929 0.054758 0.057176 0.049800 0.054989

Spot Suezmax 0.064191 0.064511 0.064011 0.063599 0.062640 0.064769

Spot Aframax 0.060781 0.067008 0.059456 0.064652 0.056636 0.054267

Spot Medium Range 0.020699 0.019081 0.020304 0.018717 0.019310 0.020242

1 yr TC VLCC 0.004039 0.008575 0.003944 0.008667 0.002911 0.003141

1 yr TC Suezmax 0.009047 0.010600 0.003183 0.006982 0.002449 0.005074

1 yr TC Aframax 0.005450 0.004078 0.005770 0.004240 0.003576 0.003775

1 yr TC Medium Range 0.003597 0.002092 0.004371 0.003142 0.001107 0.001306

Note: Table A2 reports the mean absolute error (MAE), mean squared error (MSE) and root mean

squared error (RMSE) for the benchmark GARCH models. The sample period runs from January

1990 to December 2016. The tanker freight rates volatility forecasts have been obtained recursively

for the period January 2004 to December 2016. Bold fonts indicate the lowest forecast error across

the models.
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Table A3: Forecast evaluation of the GARCH-X model including oil supply shock based

on the MAE, MSE and RMSE.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.031506 0.036350 0.033720 0.035884 0.036913 0.070432

Spot Suezmax 0.040788 0.031569 0.038886 0.033858 0.037665 0.038987

Spot Aframax 0.034938 0.033347 0.033288 0.030269 0.035990 0.035828

Spot Medium Range 0.008991 0.008064 0.008869 0.007966 0.009079 0.013460

1 yr TC VLCC 0.001585 0.001765 0.001621 0.001696 0.001636 NA

1 yr TC Suezmax 0.001708 0.001765 0.001073 0.000973 0.000999 0.001075

1 yr TC Aframax 0.001119 0.000860 0.001099 0.000862 0.000677 0.000835

1 yr TC Medium Range 0.000670 0.000707 0.000941 0.000790 0.000475 0.000516

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.002759 0.002975 0.002863 0.002761 0.002700 0.007843

Spot Suezmax 0.003750 0.003539 0.003663 0.003802 0.003502 0.003444

Spot Aframax 0.003132 0.003464 0.003090 0.002970 0.003108 0.003095

Spot Medium Range 0.000278 0.000243 0.000270 0.000237 0.000255 0.000351

1 yr TC VLCC 7.77E-06 1.13E-05 7.73E-06 8.85E-06 7.82E-06 NA

1 yr TC Suezmax 6.93E-05 8.30E-05 4.60E-06 4.74E-06 4.52E-06 5.39E-06

1 yr TC Aframax 4.59E-06 4.45E-06 5.50E-06 2.61E-06 1.37E-06 9.40E-06

1 yr TC Medium Range 1.62E-06 1.65E-06 2.18E-06 1.89E-06 1.13E-06 1.32E-06

RMSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.052522 0.054543 0.053511 0.052546 0.051960 0.088559

Spot Suezmax 0.061239 0.059491 0.060524 0.061663 0.059181 0.058686

Spot Aframax 0.055961 0.058859 0.055592 0.054502 0.055751 0.055629

Spot Medium Range 0.016671 0.015589 0.016433 0.015408 0.015956 0.018743

1 yr TC VLCC 0.002787 0.003365 0.002780 0.002975 0.002797 NA

1 yr TC Suezmax 0.008324 0.009111 0.002145 0.002176 0.002126 0.002322

1 yr TC Aframax 0.002142 0.002109 0.002345 0.001614 0.001168 0.003066

1 yr TC Medium Range 0.001273 0.001284 0.001477 0.001374 0.001064 0.001150

Note: Table A3 reports the mean absolute error (MAE), mean squared error (MSE) and root mean

squared error (RMSE) for the GARCH-X model including oil supply shock. The sample period spans

January 1990 to December 2016. Volatility forecasts have been calculated recursively with a step of

one month during the period January 2004 to December 2016. Bold fonts indicate the lowest forecast

error across different GARCH specifications for each freight rate series examined.
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Table A4: Forecast evaluation of the GARCH-X model including aggregate demand shock

based on the MAE, MSE and RMSE.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.031896 0.035678 0.032403 0.036086 0.036223 0.054599

Spot Suezmax 0.037292 0.039688 0.035554 0.033917 0.038219 0.037254

Spot Aframax 0.033561 0.029572 0.033727 0.031404 0.034206 0.074994

Spot Medium Range 0.009184 0.008398 0.008709 0.008280 0.009382 0.027161

1 yr TC VLCC 0.001592 0.001893 0.001639 0.001880 0.001632 0.001666

1 yr TC Suezmax 0.001038 0.001207 0.001161 0.001027 0.001018 0.001379

1 yr TC Aframax 0.000811 0.000915 0.001175 0.000843 0.000658 0.001017

1 yr TC Medium Range 0.000703 0.000601 0.000828 0.000590 0.000475 0.000457

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.002729 0.002958 0.002717 0.002773 0.002894 0.005252

Spot Suezmax 0.003686 0.009457 0.003622 0.003776 0.003610 0.003384

Spot Aframax 0.002954 0.002889 0.002884 0.002993 0.002920 0.010172

Spot Medium Range 0.000274 0.000265 0.000257 0.000258 0.000255 0.001264

1 yr TC VLCC 7.96E-06 1.75E-05 7.90E-06 9.95E-06 7.89E-06 8.59E-06

1 yr TC Suezmax 4.40E-06 9.44E-06 5.09E-06 5.13E-06 4.43E-06 6.24E-06

1 yr TC Aframax 2.16E-06 4.73E-06 5.51E-06 2.56E-06 1.55E-06 9.32E-06

1 yr TC Medium Range 1.95E-06 1.91E-06 2.89E-06 1.65E-06 1.13E-06 1.16E-06

RMSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.052245 0.054392 0.052121 0.052662 0.053800 0.072472

Spot Suezmax 0.060712 0.097249 0.060187 0.061448 0.060083 0.058174

Spot Aframax 0.054353 0.053749 0.053701 0.054707 0.054039 0.100856

Spot Medium Range 0.016558 0.016288 0.016019 0.016056 0.015969 0.035559

1 yr TC VLCC 0.002821 0.004188 0.002815 0.003154 0.002810 0.002930

1 yr TC Suezmax 0.002099 0.003072 0.002257 0.002266 0.002106 0.002499

1 yr TC Aframax 0.001470 0.002175 0.002346 0.001599 0.001246 0.003053

1 yr TC Medium Range 0.001395 0.001383 0.001701 0.001284 0.001064 0.001076

Note: Table A4 reports the mean absolute error (MAE), mean squared error (MSE) and root mean

squared error (RMSE) for the GARCH-X model including aggregate demand shock. The sample

period spans January 1990 to December 2016. Volatility forecasts have been calculated recursively

with a step of one month during the period January 2004 to December 2016. Bold fonts indicate the

lowest forecast error across different GARCH specifications for each freight rate series examined.
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Table A5: Forecast evaluation of the GARCH-X model including oil-specific (precaution-

ary) demand shock based on the MAE, MSE and RMSE.

MAE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.032190 0.030693 0.032136 0.031921 0.033085 0.032920

Spot Suezmax 0.037382 0.035151 0.035768 0.036156 0.037293 0.074984

Spot Aframax 0.034109 0.028320 0.034548 0.028478 0.032423 0.086527

Spot Medium Range 0.009253 0.008091 0.008912 0.008381 0.009643 0.041548

1 yr TC VLCC 0.001629 0.001685 0.001669 0.002594 0.001595 0.001619

1 yr TC Suezmax 0.001037 0.001171 0.001263 0.001048 0.001051 0.001174

1 yr TC Aframax 0.000839 0.001099 0.001164 0.000938 0.000638 0.001102

1 yr TC Medium Range 0.000643 0.000619 0.000887 0.000735 0.000483 0.000468

MSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.002741 0.002459 0.002672 0.002555 0.002585 0.002529

Spot Suezmax 0.003483 0.003323 0.003149 0.003481 0.003526 0.009067

Spot Aframax 0.002973 0.002733 0.002897 0.002641 0.002618 0.026511

Spot Medium Range 0.000276 0.000244 0.000263 0.000261 0.000266 0.002190

1 yr TC VLCC 7.76E-06 1.12E-05 8.04E-06 1.61E-05 7.85E-06 7.61E-06

1 yr TC Suezmax 4.52E-06 5.69E-06 7.20E-06 5.25E-06 4.21E-06 5.84E-06

1 yr TC Aframax 2.13E-06 5.62E-06 4.94E-06 2.67E-06 1.39E-06 1.22E-05

1 yr TC Medium Range 1.63E-06 1.66E-06 1.59E-06 2.05E-06 1.14E-06 1.17E-06

RMSE

GARCH EGARCH TGARCH APARCH IGARCH CGARCH

Spot VLCC 0.052358 0.049592 0.051687 0.050543 0.050840 0.050285

Spot Suezmax 0.059019 0.057646 0.056112 0.058996 0.059382 0.095221

Spot Aframax 0.054526 0.052274 0.053826 0.051391 0.051169 0.162821

Spot Medium Range 0.016617 0.015634 0.016228 0.016162 0.016319 0.046798

1 yr TC VLCC 0.002785 0.003350 0.002835 0.004016 0.002802 0.002759

1 yr TC Suezmax 0.002125 0.002386 0.002684 0.002292 0.002052 0.002416

1 yr TC Aframax 0.001460 0.002371 0.002223 0.001635 0.001178 0.003493

1 yr TC Medium Range 0.001277 0.001289 0.001259 0.001432 0.001069 0.001080

Note: Table A5 reports the mean absolute error (MAE), mean squared error (MSE) and root mean

squared error (RMSE) for the GARCH-X model including oil-specific (precautionary) demand shock.

The sample period spans January 1990 to December 2016. Volatility forecasts have been calculated

recursively with a step of one month during the period January 2004 to December 2016. Bold fonts

indicate the lowest forecast error across different GARCH specifications for each freight rate series

examined.
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