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Abstract

This thesis investigates the forecasting performance and hedge efficiency of 50 For-
ward Freight Agreements (FFA) in bulk shipping from 2005 to 2012. We find that
the hedge ratios estimated with the conventional method offer high hedge efficiency
for the majority of the FFAs in the in-sample period. By holding these hedge ratios
through an out-of-sample period, we find that the hedge efficiency is not robust for
the majority of the contracts. This is likely due to time varying covariance between
freight rate returns and FFA returns, in addition to changing variance in FFA re-
turns. Our findings suggests that the conventional method of calculating optimal
hedge ratios does not outperform a naive hedge. Furthermore, we find that FFA
prices are unbiased predictors of subsequent spot freight rates in 42 of 50 contracts
across the four segments. However, they are only stable predictors when we consider
current- and one-month contracts. The forecasting performance decreases when the
forecasting horizon increases. The basis provides unbiased forecasts of subsequent
freight rate change in 42 of the 50 contracts. It does not provide stable forecasts
in the Capesize and Panamax segments. The forecasting power of the basis in the
Clean and Dirty tanker markets are medium, and increases with the forecasting
horizon. The basis on five month contracts written on TC5 and TD5 is relatively
high with R2 at 0.65 and 0.58, respectively.

Keywords: Shipping; Forecasting; Hedging; Unbiasedness hypothesis; Risk Man-
agement; Forward Freight Agreements;
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Sammendrag

Denne oppgaven tar for seg Forward Freight Agreements (FFA) som et verktøy for
å sikre og prognostisere fraktrater i shipping. Vi finner at den variansminimerende
sikringsraten gir en høy variansreduksjon in-sample for majoriteten av de undersøkte
FFA-kontraktene. Resultatene out-of-sample viser derimot at denne sikringsstrate-
gien ikke er robust for de fleste av kontraktene. Variansreduksjonen reduseres be-
traktelig fordi risikoen i fraktrate- og FFA-markedet i større grad er tidsvarierende
i out-of-sample perioden, sammenlignet med in-sample perioden. Resultatene viser
samtidig at variansminimerende sikringsrate ikke gir en signifikant lavere portefølje-
varians, sammenlignet med porteføljevariansen fra en naiv sikringsstrategi. Videre
finner vi at FFA-prisene er forventningsrette prognoser på fremtidige fraktrater i 42
av totalt 50 kontrakter. Analysen viser at prognosene bare er stabile når vi betrak-
ter kontrakter med forfall i inneværende- og neste måned. Prisvariasjonen i disse
kontraktene forklarer rundt 90 prosent av variasjonen i den påfølgende fraktraten.
Prognosene blir dårligere når vi øker prognostiseringsvinduet med kontrakter som
har lenger løpetid. Videre finner vi at basis er forventningsrett prognose på frem-
tidige fraktrate-endringer i 42 av totalt 50 kontrakter. I markedet for Capesize-
og Panamax fartøy gir ikke basis stabile prognoser grunnet lav forklaringskraft. I
tankmarkedet gir basis en middels forklaringskraft som stiger etterhvert som vi øker
prognosevinduet. Prisvariasjonen i basis til fem måneders-kontrakten forklarer hen-
holdsvis 58- og 65 prosent av variasjonen i den påfølgende fraktrate-endringen for
TC5 og TD5.

Nøkkelord: Skipsfart; Sikring; Prognostisering; Forventningsretthet; Risikostyring;
Terminkontrakter; Baltic Exchange;
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1. Introduction

Can shipping freight rate risk be reduced using Forward Freight Agreements (FFA)?
We investigate Baltic Exchange data on 50 FFAs and 10 associated trading routes
in order to answer the following questions:

• Can hedging in FFA reduce freight revenue variability?

• Does econometric based hedging strategies outperform naive strategies?

• Are econometric based hedging strategies robust out of sample?

• Are FFA prices good predictors of subsequent spot prices?

We expect FFA hedging to generate a substantial reduction in freight rate variabil-
ity and to be robust out of sample, but are uncertain on the magnitude of this risk
reduction. Based on talks with market participants, we do not anticipate economet-
ric based hedging strategies to significantly outperform naive strategies. We expect
to find that the forecasting performance varies across vessel types and forecasting
horizons. In general, business risk can be divided into price risk, credit risk and pure
risk (Harrington & Niehaus, 2003). For a shipping company these risks can be asso-
ciated with change in company value due to fluctuations in freight rates, operating
costs, interest rates or asset prices (ships). The vessels running costs like manning
and repairs are virtually constant, and may be controlled in the same way as in any
other business. However, the vessels earnings may vary substantially from year to
year, and month to month. For a shipping company, freight rate risk is arguably
the most significant of all risks. Freight rate fluctuations affect the shipping compa-
nies cash flow and ship values. From 2003 to mid-2008 bulk shipping freight rates
increased by 300 per cent, and then dropped 95% in the last quarter of 2008. The
fluctuations have made investors like Fredriksen, Niarchos and Onassis extremely
wealthy, but also forced giant companies like OSG, Genmar and Sanko to file for
chapter 11. Hedging tools like time-charter contracts and contracts of affreightment
(COA) have long been recognized as risk management tools by shipowners and char-
terers. In the early 1980s they realized that risk management techniques applied on
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Chapter 1 Introduction

commodities -and financial markets could be developed for risk management in the
shipping industry. This led to BIFFEX, the first exchange-traded freight futures
contract in May 1985, and development of the over-the-counter market for Forward
Freight Agreements (FFA) in the mid-1990s. Shipowners and charterers could now
hedge their freight rate risk through future positions in time -and voyage charter
contracts. This also gave them the opportunity to include the markets expectations
for the future path of the freight rates in the decision process. The BIFFEX contract
was de-listed due to low liquidity in 2001. Forward freight agreements (FFA) grew
almost exponentially from 1992 to 2008 and are still traded.

1.1. Outline

Chapter one provide an introduction to the most important supply and demand
drivers for seaborne transport, how ships are employed, investigated vessel types,
Baltic Exchange, Forward Freight Agreements (FFA) and Freight futures.

Chapter two presents literature on hedging and forecasting of shipping freight
rates using freight futures and FFAs.

Chapter three provide descriptive statistics and dynamics in our data on freight
rates and the FFAs.

Chapter four gives an overview of the methods used to analyze forecasting perfor-
mance and calculate the hedge ratios and variance reduction.

Chapter five presents the hedging results for each segment. Reduction in freight
revenue variability using econometric based hedge strategies are compared to a tra-
ditional naive strategy. In -and out-of-sample results are presented to give an indi-
cation on the robustness of the hedge.

Chapter six presents the forecasting performance for FFAs in each segment, using
econometrical methods. We analyze the unbiasedness hypothesis and the stability
of the forecast.

Chapter seven summarizes the key findings and presents the conclusions of this
thesis.
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1.2 Supply and demand for seaborne transport

1.2. Supply and demand for seaborne transport

Seaborne transport is for many commodities the only, or by far the most econom-
ical mode of transport. Imports and exports of raw materials and semi-finished
products are the single most important shipping demand driver. The main cargoes
transported are crude oil, iron ore, coal and grains. The economic centers of North
America, Europe and Asia dominate the maritime trade. Brazil and Australia are
the largest exporters of iron ore and coal, while China is the largest importer. Ship-
ments with crude oil from the Middle East Gulf to Asia and North America dominate
the seaborne transport of wet cargoes. The shipping industry can be characterized
as capital intensive, cyclical, volatile, and seasonal (Kavussanos & Visvikis, 2006).
The supply side of maritime transport responds slowly to changes, while demand
may change rapidly and on an irregular basis, which in turn causes volatile freight
rates. The single most important demand factor is the world economy. Fluctuations
in the growth rate affect demand for raw and semi-finished materials, which in turn
affect the demand for sea transport. Time lags, stock building, mass psychology and
multiplier effects enhance the freight rates fluctuations. The share of traded goods
transported by sea, and average distance from exporter to importer is crucial. Ran-
dom shocks in climate, resources, political frameworks and commodity prices may
cause large shifts in demand. Finally, transport from distant locations will only take
place if the total price (or quality) included transport cost is lower compared to the
alternative. Inelastic short-term demand cause peaks in the freight rate, and rates
tend to become volatile when they move above the vessels operating costs Stopford
(2009).

Table 1.1: Ten important factors affecting demand and supply for seaborne transport. Compiled
from Stopford 2009 .

Supply starts with the size of the merchant fleet, and is influenced by shipown-
ers, bankers, charterers and regulatory authorities. The number of ships built or
scrapped determines fleet rate growth. It takes around a year to build a merchant
vessel, 2-3 years if the shipyards are busy. Average economic life of a ship is around
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Chapter 1 Introduction

25 years, which results in a low number of vessels scrapped each year. This means
that it takes years, not months before the fleet size adjust after a large shift in
demand. Fleet productivity is determined by the vessels speed, port time and dead-
weight utilization. When supply is low, rates rise and give incentive for owners to
order more vessels. When supply is high and the freight rate low, vessels decrease
speed to safe fuel, goes into lay-up or is sold as scrap.

Figure 1.1: Short-run equilibrium: (a) short-run supply function; (b) short run adjustment.
Compiled from Stopford 2009.

The short-run supply curve is shown in figure 1.1a. It illustrates the ton miles of
transport available at various levels of freight rates, for a given size of fleet. When
freight rate is low, inefficient ships are laid up. As the freight rate increases, laid
up ships enters the market until all ships are operational, which in turn causes the
supply to increase. Further on, we note that the short-run supply curve become more
inelastic when freight rate increases. When the market reaches premium freight rate,
the elasticity is almost perfect and no further supply is obtained by increasing freight
rate. In a market situation with high and premium freight rates, all ships will be
operational and running at full speed. Further supply will only be available when
newbuildings enters the market. Turning to the short-run adjustment with demand
curves, we can elaborate how freight rates are determined. Freight rates are settled
were supply equals demand. Figure 1.1b shows three equilibrium points, all with
different supply/demand levels. When demand is low, freight rates are settled at
point F1. Because the supply curve is elastic in periods with low freight rates, an
increase in demand to point B will only result in a slight increase in freight rates.
At point C, the supply curve become inelastic and the shift in demand is sufficient
to treble the level of freight rates to point F3.

10



1.2 Supply and demand for seaborne transport

Short-run supply and demand are also influenced by seasonal cycles, both short and
long. Examples of seasonal cycles are the high volumes of grain transported from
August and the end of the year, and high demand for shipments with oil to the
Northern Hemisphere in the winter. Short cycles, also called business cycles, may
have duration between 3 to 12 years. Long cycles are related to regional, economic
or technological change (Stopford, 2009).

Table 1.2: The market tone from 150 years of shipping cycles. Compiled from Stopford 2009
and various sources.

Shipping cycles the past 150 years are summarized in table 1.2. There have been two
periods of prosperity, the 1950s and the period from 1998 to 2007. Both can be ex-
plained by growing demand for seaborne freight services and shortage of shipbuilding
capacity. Three of the periods have been characterized by unusual competitiveness,
with growth in trade and increased shipbuilding capacity. The weak shipping mar-
kets of the 1920s, was followed by a decrease in trade, and shipbuilding overcapacity
in 1930s. The last years shipping market are characterized by first of all overcapacity
of ships. The growth has been positive, much due to large Chinese imports of raw
materials.
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Chapter 1 Introduction

1.3. Deployment of ships

The main participants in the freight market are the shipowners and the charterers.
Shipowners have vessels for hire, while charterers have cargo to transport. It is
common practice that parties enter into a contractual agreement called a charter
party. Most common charter parties are voyage charter, time charter, bareboat char-
ter and contract of affreightment (COA). Costs and responsibilities are distributed
differently under each contract. If the shipowner and charterer enters into a:

• voyage charter, the shipowner agrees to transport a specific cargo between two
ports. Freight is paid at a fixed price per ton, e.g. 15$/mt for transport of
150 000mt of coal from Richards bay to Rotterdam. Contract of affreightment
(COA) is an agreement on performing a series of cargo parcels at a fixed price
per ton.

• time charter, the charterer decides which ports to call, and which cargo the
vessel shall carry. In return, he pays a fixed rate per day in addition to port
and fuel costs. If the vessel is fixed on a voyage charter or COA the shipowner
pays for port costs and bunkers.

• bareboat charter, the charterer manages the vessel and pays for operating and
voyage costs.

The shipowner (or charterer) can secure the revenue (cost) for a period of time equal
to the length of the contract. Either the shipowner or the charterer loses money
when the spot freight rate or hire deviates from the agreed price. The shipowners
gain is the charters loss and vice versa (Stopford, 2009).

12



1.4 Vessel types

1.4. Vessel types

Approximately 90% of all traded volume is transported by sea. Large installments,
like drilling rigs and long pipes have no other alternative of transportation and are
transported by purpose built vessels. Other goods like coal, grain, ore, petroleum
products and consumer goods (containers) utilize the economies of scale in shipping
to reduce transport costs. Tankers, bulkers and container vessels are built to carry
these goods. It can therefore be more economical to import goods from thousands
of miles away by sea, than to obtain the goods from some domestic location. Vessels
that transport dry cargo in bulk are generally called bulk carriers. These vessels are
the work horses of the fleet and transport coal, iron ore, grains, bauxite, paper rolls,
fertilizer and cement. Bulk carriers are characterized by hatches raised above deck
level to cover the large cargo holds. Vessels transporting crude oil, petroleum prod-
ucts and chemicals are called tankers. Tankers are similar to bulk carriers, but can
be distinguished by the pipelines and vents on deck. This thesis investigates freight
rates and Forward Freight Agreements (FFA) associated with these two segments,
which again can be divided into subcategories of vessel types and sizes:
• Capesize bulk carriers typically transports coal or iron ore and has a displace-

ment of 100,000 to 180,000 dwt. In general it serves deep-water terminals and
can access 19% of the world ports. This vessel is too big for the Suez- and
Panama Canal, and have to go round the Cape of Good Hope and Cape Horn.
• Panamax bulk carriers are primarily used for transporting grain or iron ore.

Typical displacement is between 60,000 to 70,000 dwt. These vessels can enter
approximately 27% of the ports in the world. It is the largest that can pass
thru the Panama Canal.
• Very large crude carriers (VLCC) are large tankers with 120,000 - 200,000

dwt displacement. They are primarily used for large shipments of crude oil
between the Arabian Gulf to U.S, Western Europe and Japan. These vessels
are to large to transit the Suez laden, but can be ballasted through on the
return voyage.
• Suezmax are midsized tankers with 120,000 - 200,000 dwt displacement pri-

marily used to transport crude oil. This is the largest ship that can transit
the Suez Canal fully loaded. A typical trading route for a Suezmax is between
West Africa and the U.S. Atlantic coast.
• Aframax tankers mainly transport crude oil and have a displacement of 60,000

13



Chapter 1 Introduction

- 120,000 dwt. They typically trade in routes with short distances and areas
with limited port resources. These vessels are recognized as the work horses
of the tanker fleet. Their size allows them to operate in areas where crude
production is relatively low, or where restrictions on draft or size prevent the
use of Suezmax or VLCCs.
• Long range 1 (LR 1) are coated product tankers with displacement from

55,000 to 90,000 dwt. By products one usually mean light distillates of crude
oil like kerosene, gasoline and naptha. Due to an expansion of refinery capacity
in the Middle East, India and China this is a vessel category that is increasing
in popularity.

1.5. Baltic exchange and investigated trading routes

Reliable price information is crucial to obtain a well-functioning market. The lead-
ing provider of freight market information is the Baltic Exchange. Freight rate
information is calculated on a daily basis using data from an independent panel of
shipbrokers. Information is based on shipbrokers assessments of the market level for
each trading route. These assessments are based on recent fixtures, current negotia-
tions and the balance between supply of ships and demand for transport (Alizadeh
& Nomikos, 2009). Freight information is reported to the market 13:00 London
time, and is the aritmetric average of all received assessments that day. The Baltic
Exchange provides daily assessments on over 50 of the largest shipping routes. In
addition they report weekly sale & purchase and demolition assessments as well as
daily forward prices. The first Baltic index was published in 1985. It consisted
of 13 voyage routes covering bulk vessels from 14,000mt to 120,000mt. Today, the
Baltic Exchange produces indices covering a wide range of vessel and cargo types.
Examples of Baltic indices are Baltic Capesize Index, Baltic Panamax Index, Baltic
Clean Tanker Index, and Baltic Dirty Tanker Index. The most important trading
routes in each segments makes up each index. In the Capsize segment we investigate
route C3, C4, C5 and C7. These are voyage charter routes quoted in US dollars
per metric tons of transported cargo. The most important iron ore routes, C4 and
C5, reflect transport from Brazil to China and Australia to China, respectively. C4
and C7 are the most important coal routes and mirrors transportation from South
Africa and Colombia to The Netherlands, respectively. In the Panamax segment
we have investigated route P2A_03 and P3A_03. These are trip-charter routes

14



1.5 Baltic exchange and investigated trading routes

quoted in dollars per day. P2A_03 is based on delivery in Skaw-Gibraltar, with
redelivery in the Taiwan-Japan region Duration of this voyage renge between 60-65
days. P3A_03 is based on delivery in Japan-South Korea, with redelivery in the
same region. This voyage has duration of 35-50 days.

Table 1.3: Overview of investigated trading routes. Complied from various sources.

Routes in the tanker segment are quoted in Worldscale1 points. We examine the TC5
route, which along with TC2 is the most important routes for clean tankers. The
TC5 reflects transportation from Saudi Arabia to Japan by a LR1 tanker loaded
with naphtha condensate. Within the dirty tanker segment we investigate route
TD3, TD5 and TD7. These are the most important dirty routes in terms of physical
trade. Route TD3 is operated by a VLCC, and reflects transportation of crude oil
from the Middle East to the Far East. TD5 is operated by a Suezmax vessel for
transportation of crude oil from West Africa to US. Finally, TD7 is operated by an
Aframax tanker and mirrors shipments with crude oil from the North Sea to the
Continent (Alizadeh & Nomikos, 2009).

1Used as basis for calculation of tanker spot rates. Worldscale points show the cost of transport-
ing a tonne of cargo using the standard vessel on a round voyage, also known as Worldscale
100(Stopford, 2009).
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1.6. Freight futures

A futures contract is an agreement between two parties to buy or sell an asset at
an agreed price and time in the future. The underlying asset may be a commod-
ity, stock, freight (voyage charter) or hire (time charter). The party with the long
position agrees to buy the asset, while the party with the short position agrees to
deliver the asset. It is a zero-sum game, meaning that the loss of one participant
equals the gain of the other Hull (2012). Futures contracts are highly standardised
in terms of maturity, quantity, quality and variety (Geman, 2005). An exchange
specifies the features of the contract, while a clearinghouse guarantees the perfor-
mance (Hull, 2012). Futures contracts are settled daily against the price on the
underlying asset. The exchange will require traders to deposit funds into a margin
account which is adjusted according to price movements in the underlying assets.
The first freight derivative was the Baltic International Freight futures Exchange
(BIFFEX) contract in 1985 (Stopford, 2009). Shipowners was now able to hedge
their risk in the physical market. The contract was traded at the London Com-
modity Exchange, and settled daily against the cash equivalent value of the Baltic
Freight Index (BFI). The underlying asset, the BFI, was calculated on the basis of
11 dry-cargo routes. The BIFFEX contract was regarded as innovative when first
launched, and was well received by market participants. It succeeded in mirroring
the performance of the BFI-index, but failed to capture fluctuations on the 11 in-
dividual routes which constituted the index. In reality, hedging with the BIFFEX
contract was more like a cross-hedge. Cross hedging with an index based contract
is only successful when the routes (or stocks) constituting the index, and the index
move together. When a large number of routes compose the index, the relationship
between single routes and the index will not be very strong. Poor hedging perfor-
mance and introduction of Forward Freight Agreements (FFA) led to low trading
activity in the BIFFEX, and was eventually de-listed in 2002. The New York Mer-
chantile exchange (NYMEX) has offered freight futures since 2005 (Geman, 2008).
They offer futures contracts on nine tanker routes.
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1.7 Forward Freight Agreements

1.7. Forward Freight Agreements

Forward contracts share many of the same characteristics as futures, but there are
some differences. Forward contracts involve physical delivery of the underlying as-
set. However, in many cases the delivery of the asset does not take place, but are
settled in cash (Kolb & Overdahl, 2007). Moreover, forward prices may deviate
from futures prices due to margin rules, differences in transaction costs and tax
treatments (Kolb & Overdahl, 2007). The market for Forward Freight Agreements
(FFA) emerged in the early 1990s as a response to the poor hedging performance
of the BIFFEX contract (Alizadeh & Nomikos, 2009). FFAs gave shipowners (and
charterers) the possibility to hedge the freight (voyage charter) or hire (time charter)
on a specific voyage or route. Typically the underlying asset is one of the routes
at the Baltic Exchange. In years following after 1992, the FFA market grew almost
exponentially. Before the downturn in 2008, the total FFA market had a value
of US$125 billion (Oakley, 2008). FFA rates are based on Baltic Forward Assess-
ments (BFA) produced by the Baltic exchange. Similar to the reported freight rates,
BFAs are reported as the average of the assessments from a panel of FFA brokers.
Freight derivatives are used by a large number of market participants. Shipown-
ers (20%), charters and operators (30%), trading companies (40%) and financial
houses and banks (10%) make up the majority of the trade in freight derivatives
like FFAs (Geman, 2008). Standard contracts are most common, since they offer
higher liquidity than customized contracts (Stopford, 2009). FFAs are traded either
over-the-counter (OTC), or through a hybrid exchange like SSY and Marex Spec-
tron (Imarex). In the OTC market, FFAs are negotiated through a broker. The
process is similar to the one in the physical market. The broker will try to find a
counterpart with opposite expectations for the future path of the freight rates. In
other words, FFAs (also known as freight swaps) are principal-to-principal contracts.
In a hybrid exchange the FFAs are traded on screen and cleared directly through
one of the clearinghouses. OTC traded FFAs can also be cleared. In fact, 99% of all
positions are cleared and margined daily through a clearinghouse (Baltic Exchange).
The clearinghouse guarantees that the counter party fulfils its financial obligations.
Examples of clearinghouses are London Clearing House (LCH), Norwegian Futures
and Options Clearinghouse (NOS) and Singapore Exchange (SGX). Cleared FFAs
share many of the same characteristics as exchange traded futures. At the end of
each day, market participants receive the difference between contract price and the
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underlying freight or hire rate. Contracts are settled at the end of each month on
the basis of the average spot freight rate in current month. In some contracts (not
part of this thesis), the settlement price is calculated as the average of the last seven
days. The main terms of an FFA agreement covers:

• The agreed route. For example Tubarao in Brazil to Baoshun in China.

• The contract rate at which differences will be settled. For example 40$ per
metric ton of transported cargo. This is effectively the forward price.

• The day, month and year of settlement. For example November 2014.

• The size of the contract. Measured in number of lots2 traded.

It is possible to trade FFAs with monthly, quarterly and yearly maturities. The
shortest matures within current month, while the longest has three years maturity.
In this thesis we follow the literature and focus on contracts with monthly maturities.
Table 1.4 provides an overview of the FFAs we investigate in this thesis.

Table 1.4: Overview of selected forward freight agreements (FFA) from the Baltic Exchange.
Monthly maturities only.

The first column denotes the trading route associated with the FFA. This may
thought on as the underlying asset. The FFACUR denote a forward contract that
matures at the end of the current month. The settlement price is then calculated on
the basis of the average spot price the current month. FFA+1 denotes a contract
that matures at the end of next month. For the +1, the settlement price is calculated
on the basis of the average spot rate the next month.

2The definition of one lot is either one day of charter or 1000 mt of transported cargo.

18



2. Literature on risk management in
shipping

Very little research has been done on freight futures and forwards, compared to
futures and forwards on commodities and financial assets. The majority of the
studies are on the now de-listed BIFFEX futures contract, and not on forward
freight agreements (FFA). A reason for this has been the poor availability of data
to support empirical work (Kavussanos & Visvikis, 2006). Most studies are focused
on the dry bulk segment and conducted on a low number of routes and contracts in
each paper. We will start by presenting relevant hedging literature and then move
over to prediction performance.
One of the first hedge efficiency studies on the BIFFEX contract was performed by
Thuong and Visscher (1990). They analyzed weekly data from 1986 to 1988, using
the conventional hedging method (OLS) to calculate optimal hedge ratios. Their
significant variance reductions range from 33% to 9%, depending on route. An early
survey performed by Collinane (1991) six years after the launch of freight futures,
concluded that shipowners did not accept the BIFFEX as a proper hedging tool.
Kavussanos and Nomikos (2000) investigated weekly spot and futures prices from
1988 to 1997. They found a variance reduction from 4.0% to 19.2%, depending on
the underlying route when investigating the BIFFEX contract. They also found
that that the alternation of the BIFFEX to include time charter contracts in the
BIFFEX had no significant effect on hedging performance. Variance reduction when
hedging was still well below other commodity and financial markets. Dinwoodie
(2003) found that shipowners are worried that the use of FFA might expose their
risk management policies to other market participants. Kavussanos and Visvikis
(2010) investigated in and out-of-sample variance reduction using weekly data on
route C4 and a basket of time-charter routes from 2004 to 2008. Hedge ratios were
calculated using the conventional method (OLS), VECM and VECM-GARCH-X.
Depending on model the in sample results showed a variance reduction from 56%
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Chapter 2 Literature on risk management in shipping

to 60% on C4, and 55% to 64% on the basket of time charter routes. Variance
reduction out-of-sample varied from 79% to 86% for route C4 and 63% to 66% for
the basket. The VECM-GARCH-X method of calculating optimal hedge ratios, and
a naive hedge outperformed all models in- and out of sample, respectively.

Kavussanos and Nomikos (1999) investigated the unbiasedness hypothesis of BIF-
FEX prices. Using monthly observations from 1988 to 1997 they found that ac-
ceptance or rejection depends on the contracts time to maturity. They also found
that futures prices provide forecasts of realized spot prices that are superior to fore-
casts generated from error correction-, ARIMA, exponential smoothing, and random
walk models. Their findings are supported by Haigh (2000) who found that one-
month BIFFEX contracts are accurate for forecasting prices one month ahead, but
are poorly suited for predicting two- and three months spot prices. Kavussanos et
al. (2004) investigated the unbiasedness hypothesis of four Panamax FFA contracts
with one, two and three month maturity. Their findings suggest that FFA prices one
and two months before maturity are unbiased predictors of subsequent spot prices.
Moreover, they suggest that the validity of the unbiasedness hypothesis depends on
the selected trading route and the time to maturity of the contract, similar to the
results from the BIFFEX papers. Grober (2010b) also investigates the unbiasedness
hypothesis for Panamax FFAs. Using monthly data from 2005 to 2010 he finds that
all investigated FFAs are unbiased predictors of prevailing spot rates. Grober also
discovered that the FFA price leads the spot rate when volatility is low and vice
versa when volatility is high. Recent literature by Kavaussanos and Nimonkos 2000,
Haigh et al (2004) and Kavaussanos and Viskvis (2004) suggests that freight rates
are non-stationary. On the other hand, Tvedt (2003) and Koekebakker (2006) sug-
gest that freight rates are stationary. Tvedt uses an augmented Dickey fuller (ADF)
test, while Koekebakker uses a non-linear version of the ADF test.

20



3. Descriptive statistics on freight
rates and forward freight
agreements

Our data consists of 50 Forward Freight Agreements (FFA) and 10 corresponding
trading routes from 2005 to 2012. The data is collected from the Baltic Exchange.
We have used three different data sets to answer the questions from the introduction:

• The descriptive statistics is based on weekly observations of FFA prices and
spot freight rates from 2005 to 2012. The data is collected each Friday.

• FFA hedging performance (chapter 5) is investigated using monthly data. FFA
prices and spot freight rates are collected the 13. each month. When the 13.
falls on a weekend, we have used the first available trading day in advance.
The in-sample period spans from 2005 to July 2011, the out-of-sample from
July 2011 to December 2012. Note that there may be some minor differences
in sample-size across segments. This applies only to the in-sample analysis.

• The forecasting section (chapter 6) is based on monthly data. The FFA prices
are collected the first day of each month. Settlement prices, which are the
average spot freight rate current month, are collected at the end of each month.
In this part we used the entire sample from 2005 to 2012.

Before we start with the analysis we will briefly inform on some of the methods
used in this chapter. This is followed by descriptive statistics on each segment and
a short summary. In line with literature on shipping risk management, and to make
the variables tractable, we calculate the percentage change in FFA- and spot prices
using continuously compounded returns:

rt = ln( Pt
Pt−1

) = ln(Pt)− ln(Pt−1) (3.1)
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Chapter 3 Descriptive statistics on freight rates and forward freight agreements

where Pt and Pt−1 is the price of either the spot fright rate or FFA price at time t
and t − 1, respectively. ln is the natural logarithm. It is common to think of risk
as deviations from the average return. Standard deviation is often used to measure
the variables dispersion, and is calculated as follows:

σ =
√√√√ 1
n− 1

n∑
i=1

(r(s)− r)2 (3.2)

where n is the number of observations, r(s) is one observation of the variable, and
r the mean. Furthermore, we capture the time-varying volatility by calculating
rolling standard deviations. This is done using a rolling window of observations. A
small window of 52-weeks is chosen at the beginning of the sample and has been
turned into a series of annualised standard deviations, σ1. The sample is rolled by
one observation at a time, meaning that one observation is dropped and another is
added for each roll. A new standard deviation, σt is then calculated. The series will
reflect change in volatility over time. One problem with this method is that it assigns
equal weights to observations in the window over which the standard deviations are
estimated. Because past events are believed to have lesser impact on volatility
compared to recent past events, this approach may be inappropriate. We address
this issue using exponentially declining weights. We calculate the exponentially
weighted rolling variance as:

σ2
t = λσ2

t−1 + (1− λ)r2
t−1 (3.3)

where λ represents the weighting coefficient, which has a value between 0 and 1.
A high value yields higher persistence in volatility. Is this thesis we have used a
value of 0,94, which has been shown to be sufficient to capture the dynamics of
volatility(Alizadeh & Nomikos, 2009). Reported means1 and standard deviations2

in this thesis are annualized.

1ryearly =≈ rweekly ∗ 52
2Syearly ≈ Sweekly ∗

√
52
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3.1 Freight Rates Descriptive Statistics

3.1. Freight Rates Descriptive Statistics

Table 3.1: Descriptive statistics on spot freight rate logarithmic returns from 2007 to 2009, and
2005 to 2012. Based on weekly observations.

Summary statistics on spot freight rates for the ten investigated routes are presented
in table 3.1. It shows that the volatility in the period 2005 to 2012 was high, and
even higher in the sub period 2007 to 2009. The latter is most likely related to the
global financial crises. The standard deviation of Capesize routes C3, C4, C5 and
C7 ranged from 66% to 76% over the entire period. In the Panamax market, the
volatility on route P2A are to the Capesize market, but significantly higher on route
P3A with a 109% standard deviation. The TC5 route in the Clean tanker market
has the lowest volatility, while the Dirty tanker routes TD3, TD5 and TD7 has
the highest of the investigated routes. The Dirty tanker routes has extremely high
standard deviation, ranging from 109% to 126%. The excess kurtosis3 are positive
and significantly different from zero on all routes. Skewness4 is significantly different

3When a distribution exhibit positive excess kurtosis it is said to have heavy tails, implying that
the distribution puts more mass on the tails of its support than a normal distribution. In
other words, distribution tends to contain more extreme values. ExcessKurtosis = K(x) =
E( (X−µx)4

σ3
x

)− 3
4Skewness defines whether the distribution of the variable is symmetric around its mean, or if its
skewed to either left or right. Skewness = E( (X−µx)3

σ3
x

). Negative skewness coefficients imply
that long positions are associated with higher risk since more extreme losses are placed on the
left side of the log distribution.
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Chapter 3 Descriptive statistics on freight rates and forward freight agreements

from zero and negative on routes P2A, C3 and C7, but positive on P3A, TD5 and
TD7. The returns exhibit fat tails, which means that the probability of extreme
negative or positive returns are higher than in the normal distribution. This is
supported by the results from the Jarque Bera test5 in table A2.1. High Jarque-
Bera statistics may be a result of extreme events in the time series. Annualised
means are negative for all routes. P3A stands out in that it is has a considerably
more negative mean compared to the other routes. Overall, the freight market seems
to perform poorly in terms of returns.
Return correlations6 between spot freight rates for the different routes are presented
in table 3.2. We observe positive return correlations within routes in the the Capesize
market and Panamax market. This is natural because the routes are operated by
the same vessels, which means that the supply and demand factors are the same.
This can also be related to operational flexibility and the fact that the same vessel
over time can be operated on different routes. If the FFAs share the co-movements,
this indicates that routes can be cross-hedged. But due to the large amount of
contracts, we will not conduct cross-hedge analysis in this study. The results also
indicate low correlations between the routes in the dirty tanker market. This is
most likely due to the different routes are operated by vessels of different size and
type. The results indicate low co-movement between the sectors. This most likely
as a result of independence between supply and demand factors across the different
sectors. Examples are regional imbalances between supply and demand, differences
in cost of transportation and uniqueness for each market.

Table 3.2: Return correlations between spot freight rate routes from 2005 to 2012 using weekly
obserations.

5JB = N
6 (Skewness2 + ( (EKurtosis−3)2

4 ))
6ρx,y = Cov(Xi,Yi)

σx·σY
= σX,Y

σX ·σY
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3.2 Capesize

3.2. Capesize

Figure 3.1: Freight rates ($ per mt) on routes C3, C4, C5 and C7 from January 2005 to December
2012 using weekly observations.

Figure 3.1 shows the spot rate development for Capesize bulk carriers. The Capesize
market peaked in November 2007 and June 2008. During the period from 2004 to
2008, the size of the bulk carrier fleet increased significantly. 282 (10.9 mill dwt) bulk
carriers was delivered to the scrap yards, but as much as 1,539 (114 mill dwt) new
vessels was built. In addition to newbuildings, 9 mill dwt of oil tanker tonnage was
converted to bulk carriers (Shipping Statistics and Market Review - ISL Infoline).
Increased fleet size has been a contributing factor to subsequent decline in spot rates.
The iron ore routes C3 and C5, are highly influenced by the world steel production.
Australia and Brazil are the largest exporters of iron ore. The largest importers
are by far China, followed by EU and Japan. Chinese production and consumption
of coal have great impact on the Capesize coal routes, C4 and C7. High freight
rates in routes C4 and C7 from 2004 to 2007, may be attributed to a 41% increase
in coal production and consumption (Shipping Statistics and Market Review - ISL
Infoline). In the last quarter of 2008 the global financial crisis hit the Capesize
market. In the short period from June 2008 to November 2008, the rates declined
from 107 to 7 (C3), 61 to 5(C4), 61 to 4 (C5), 61 to 5 (C7). This corresponds to a
93% drop in just four months on route C3.
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Chapter 3 Descriptive statistics on freight rates and forward freight agreements

Figure 3.2: Weekly returns on Capesize spot freight rates from july 2005 to december 2012.

Figure 3.2 presents a plot of weekly returns for Capesize spot freight rates from
January 2005 to December 2012. Weekly returns ranged between -52% to 32% for
C3, -39% to 38% for C4, -48% to 41% for C5 and -41% to 32% for C7. The plot also
illustrates the high correlation between the Capesize routes in table 3.2. Average
weekly log returns turned out to be -0.20%, -0.28%, -0.20% and -0.22%, respectively.
The plot shows that the period between 2008 and 2010 was characterized by high
volatility. It seems like the volatility dropped after 2009. This is supported by the
figure below.

Figure 3.3: 52-week rolling standard deviation of Capesize spot freight rate return from january
2005 to december 2012.

To illustrate how the dynamics of volatility vary over the sample period, we have
estimated rolling standard deviation for investigated routes. Figure 3.3 plots the
calculated 52-week rolling standard deviation on selected routes in the Capesize
market. There are differences in volatility levels between the contracts, but they
follow a similar path. We observe that the volatility vary significantly over the sam-
ple period. In C3 and C4, volatility ranges between a minimum of 32% and 29%
to a maximum of 122% and 106%. In C5 and C7, volatility range between a mini-
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3.2 Capesize

mum 40% and 25% to a maximum of 125% and 107%. Volatility peaked in period
2009, before it slowly decreased down to pre-financial crisis levels. Rolling stan-
dard deviation assigns equal weights to observations and thereby ignores that recent
events may have greater impact than distant past events. We therefore estimated
exponentially weighted standard deviation.

Figure 3.4: 52-week exponentially weighted standard deviation on Capesize spot freight rates
from January 2005 to December 2012 using annualized weekly returns.

Figure 3.4 shows a similar dynamic to those observed in figure 3.1.2 when a simple
rolling variance method was used to estimate time-varying volatility. The volatility
increases sharply and declines slowly, which means that there seems to be a degree
of persistence after a increase in volatility. Again, there are differences between the
contracts, and we can observe that the volatility vary significantly over the sample
period. In C3 and C4, it ranges from a minimum 26% and 27% to a maximum
136% and 117%. In C5 and C7, volatility range from a minimum 39% and 27% to
a maximum of 142% and 116%.

Table 3.3: Return correlations between Capesize freight spot routes and associated FFAs

Another important statistical feature is the return correlations between Forward
Freight Agreements (FFA) and spot freight rates. As shown in table 3.3, return

27
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correlations between the spot freight rates and FFAs are strong. There correlations
apperas to be stable also for contracts with longer maturity. This means that there is
evidence of a common trend that drives the prices. We expect the high correlations
between the spot freight rates and FFAs to generate high hedge efficiencies.

3.3. Panamax

Figure 3.5: Freight rates ($ per day) on route P2A_03 and P3A_03 from January 2005 - De-

cember 2012 using weekly observations.

Figure 3.5 shows the spot freight rate development for Panamax vessels. Spot freight
rates increased steadily from the second quarter in 2006, most likely due to increased
commodity trade and economic growth. The freight rates peaked in October 2007
at 90,000 US$/day for P2A_03 and 100,548 US$/day for P3A_03. The subsequent
period until mid-2008 was characterized by falling rates, likely triggered by large
deliveries of ships on to the market and the financial crisis. Exports of grains was
relatively stable in the period, so the demand downturn in the Panamax market
was also likely influenced by a drop in Asian steel demand. The Panamax market
experienced a double dip, with a peak at the end of the second quarter in 2008
before it dropped again. The P2A_03 freight rates peaked at 115,850 US$/day in
June 2008 and dropped to a record low 6,078 US$/day in December 2008. P3A_03
peaked at 79,588 US$/day and dropped to 1,700 US$/day in January 2009.
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3.3 Panamax

Figure 3.6: Weekly returns on Panamax spot freight rates from july 2005 to december 2012.

Figure 3.6 presents a plot of weekly returns for Panamax spot freight rates from
July 2005 to December 2012. The plot shows that the spot freight rate at route
P3A have larger revenue fluctuations compared to the P2A route. P2A_03 weekly
return range from a minimum of -43% to a maximum of 31%. P3A_03 range from
a minimum of -67% to a maximum of 70%. Similar to the Capesize, it shows that
the period between 2008 and 2010 was characterized by high volatility. It seems
like the volatility dropped after 2009. This is supported by the figure 3.7 Average
weekly returns for the P2A_03 and P3A_03 freight rate over the sample period was
-0.54% and -0.29%, respectively.

Figure 3.7: 52 week rolling standard deviation turned in to annualised standard deviation over
the period january 2005 to december 2012.

Figure 3.7 plots the estimated rolling standard deviation for P2A_03 and P3A_03.
There are differences between the contracts, and we can observe that the volatilities
vary significantly over the sample period. In P2A_03, 52-week standard deviation
range from a minimum 28% to a maximum 125%. In P3A_03, standard deviation
range from a minimum 40% to a maximum of 212%. In the global financial cri-
sis period, when spot freight rate dropped, volatility in Panamax weekly returns
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increased significantly.

Figure 3.8: Exponentially weighted time warying volatilities over the period january 2005 to
december 2012. Annualised based on weekly data.

Exponentially weighted standard deviation for Panamax returns are shown in figure
3.8. The standard deviation ranges from 29% to 136% (P2A_03) and 38% to 253%
(P3A_03). Figure 3.8 have many of the same characteristics as figure 3.7 with
route P3A volatility considerably higher than P2A volatility, especially in the period
between 2008 and 2009.

Table 3.4: Returns correlations between Panamax spot freight routes and associated FFAs

Table 3.4 shows the co-movement between return on freight rate routes and return on
FFAs. The degree of co-movement between TC5 and associated FFAs can are high
with correlations around 0.80. Panamax FFAs with longer maturates offer slightly
lower return correlations than FFAs with maturity in the near future. Hedge ratio is
highly dependent of correlation. We expect the high correlations between the spot
freight rates and FFAs to generate high hedge efficiencies.
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3.4 Clean product tankers

3.4. Clean product tankers

Figure 3.9: Freight rates (Worldscale) on route TC5 from June 2006 to December 2012 using
weekly observations.

The maximum freight rate, quoted in worldscale points rate reached 380,77 in August
2008. After this the freight rate dropped significantly to a record low of 48 WS in
April 2009. This period was characterised by low demand after oil products and
deliveries of new vessels to the market. In recent years overcapacity of tankers has
led to a low freight rate for the TC5 contract.

Figure 3.10: Weekly returns of spot freight rates for TC5 from July 2006 to December 2012.

Weekly spot freight rate returns on route TC5 ranged from a minimum of -34% to
a maximum of 22%, with weekly mean of -0.13%. Period July 2006 to December
2012 exhibits higher volatility relative to period January 2010 to December 2012,
but the increase was not as significant as in the Capesize and Panamax segments.
Weekly mean return equals 8.73% and 5.30%, respectively.
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Figure 3.11: 52 week rolling standard deviation turned in to annualized standard deviation over
the period july 2006 to december 2012.

Figure 3.11 plots the estimated 52-week rolling standard deviation for TC5. The
Clean tanker volatility varied from a minimum of 27% to a maximum of 84%. The
annual mean was 51%. In period 2011 to 2012 52-week annualised standard deviation
is low and stable, relative to prevailing period. We can see that the volatility do not
increased as much as in the Panamax and Capesize segments during the financial
crisis.

Figure 3.12: 52 week exponentially weighted time warying standard deviations turned into annu-
alised form over the period july 2006 to december 2012. Annualised based on weekly data.

Figure 3.12 illustrate similar dynamics to those observed in figure 3.11 when a simple
rolling variance method was used to estimate time-varying. The EMWA-curve is
somewhat smoother and it seems to be a degree of persistence in volatilities. The 52-
week exponentially weighted annualised standard deviation range from a minimum
27,21% to a maximum 93,25%, with annualised mean of 49,98%.
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3.5 Dirty tankers

Table 3.5: Return correlations between Clean tanker spot freight route and associated FFAs

Table 3.5 shows the correlations between the TC5 spot freight rate returns and the
associated FFA returns. The correlations appears to medium, and decreases when
maturity increases. We expect hedge efficiencies to be medium for contracts with
short maturity like CUR and +1 contracts.

3.5. Dirty tankers

Table 3.13: Freight rates (Worldscale) on route TD3, TD5 and TD7 from January 2005 to
December 2012 using weekly observations.

The dirty tanker freight rates (quoted in worldscale points) peaked in 2008, reaching
279 WS for TD3, 343 WS for TD5 and 359 WS for TD7. The average freight rate
for the TD3, TD5 and TD7 route was 78 WS, 114 WS and 127 WS, respectively.
Rates was likely pushed up by a record high oil price, low global oil inventories and
increased imports. TD3 fluctuated within a range of 252 WS, while TD5 and TD7
fluctuated within a range of 343 WS and 297 WS. The Dirty tanker market can be
defined as a high volatility market, confirmed by weekly mean standard deviation
equal to 45 WS points in route TD3, 52 WS points in TD5 and 48 WS points in
TD7.
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Figure 3.14: Weekly returns of spot freight rates (Worldscale points) for route TD3, TD5 and
TD7 from January 2005 to December 2012.

Figure 3.14 presents a plot of weekly returns for Dirty tanker spot freight rates from
July 2005 to December 2012. The figure shows that the returns from week to week
has been very high. In periods as high as 92%, 73% and 61% on TD7, TD5, TD3,
respectively.

Figure 3.15: 52-week annualized rolling standard deviation for dirty tanker routes from January
2005 to December 2012.

Figure 3.15 plots the estimated 52-week annualised rolling standard deviation for
TD3, TD5 and TD7. There are differences between the contracts, and we can observe
that the tanker volatilities vary significantly over the sample period. Volatility range
between 55% and 173%(TD3), 56% and 148% in TD5, and 39% and 187% in TD7.
In period 2011 to 2012, 52-week annualised rolling standard deviation drops and
stabilizes, relative to prevailing period.
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3.5 Dirty tankers

Figure 3.16: 52-week exponentially weighted time varying annualized standard deviation from
January 2005 to December 2012.

Figure 3.16 illustrates similar dynamics to those observed in figure 3.15, when a
simple rolling variance method was used to estimate time-varying volatilities. There
are some differences between the contracts, and again we can observe that the tanker
volatilities vary significantly over the sample period. In TD3 volatility range from
a minimum 50% to a maximum 185% with annualised mean of 111%. In TD5 and
TD7 the volatility range from a minimum 41% and 25% to a maximum of 171% and
233% with annualized mean of 113% and 124%. Further on, we observe that the
volatility in first half of 2007, second half of 2008 and first half of 2009, exhibit higher
volatility levels than in the period 2010 to 2012. Some of this volatility increase
can be explained by fat tails and high kurtosis in log returns. This means that
more of its volatility can be explained by extreme events. Both rolling annualised
standard deviation and exponentially annualised standard deviation illustrates the
uncertainty and risk underlying the return process in this industry.

Table 3.6: Return correlations between Dirty tanker spot freight routes and associated FFAs

Returns correlations between Dirty tanker spot freight rates and and FFA returns
indicate that the FFA do not follow spot closely in the Dirty tanker market. FFAs
with longer maturity have a lower degree of co-movement with the underlying spot
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contract. We note that correlation in the Dirty tanker market were somewhat lower
than in the Capesize and Panamax market. We expect the low correlations between
the spot and FFA contracts to have negative impact on hedge performance and
efficiency in the Dirty segment.
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4. Methodology for freight rate
hedging and forecasting

4.1. Minimum Variance Hedge Ratio

The objective of hedging is to control or reduce the impact of large price changes
on the company‘s cash flow. The hedger decides a hedge ratio, i.e. the number of
futures contracts to buy or sell for each unit of spot commodity on which he bears
price risk. The hedger may choose a naive one-to-one hedge strategy, which assume
that the price on the underlying asset and futures move closely together. This
approach fails to recognize that the correlation is less than perfect, and does not
consider the stochastic nature of futures resulting in time variations in hedge ratios.
Minimum variance hedge ratio (MVHR) was proposed by Johnson (1960) and Stein
(1961). It was developed by Ederington (1979) and takes into account the imperfect
correlation between spot and futures markets. It argues that the objective of hedging
is to minimize the variance of portfolio returns. The hedge ratio that generates
the minimum portfolio variance should be equal to the optimal hedge ratio, also
known as the minimum variance hedge ratio. As an example, consider a shipowners
portfolio, consisting of spot positions in the freight market and positions in forward
contracts. Change in portfolio depends on the hedge ratio (h), and changes in spot-
(4St = lnSt − lnSt−1) and futures positions (4Ft = lnFt − lnFt−1).

4Pt = 4St − h4Ft (4.1)

Using the formula for the portfolio variance of two risky assets, the variance of the
returns of the hedged portfolio is given by:

V ar(4Pt) = V ar(4St)− 2hCov(4St,4Ft) + h2V ar(4Ft) (4.2)
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The MVHR can be expressed as the ratio between the unconditional covariance
between spot and futures changes, and the unconditional variance of futures price
changes:

h* = Cov(4St,4Ft)
V ar(4Ft)

(4.3)

where h∗ is the optimal hedge ratio. The MVHR hedge ratio can also be estimated
by the h∗ in the following regression:

4St = α + h∗4Ft + εt (4.4)

This method is criticised by among others Myers and Thompson (1989) and Kroner
and Sultan (1993) for the implicit assumption that risk in spot and futures markets
is constant over time. Empirical evidence in different markets indicate that this
assumption is too restrictive due to time varying distributions in cash and futures
prices. Park & Bera (1987) showed that the OLS model is inappropriate to estimate
hedge ratios. Since conditional moments change, as new information arrives the
market, the hedge ratio changes over time. The efficiency of the hedge is defined
as the proportion of risk eliminated compared to the unhedged position. The larger
degree of reduction in unhedged variance, the higher hedge effectiveness. This can
be measured through the coefficient of determination (R2) when estimating model
4.4 using OLS. In line with several papers on risk management using FFAs, including
Kavussanos and Viskvis (2010), we define the risk reduction as:

1− V ar(4St − h∗4Ft)
V ar(4St)

(4.5)

We assume that the hedger manage risk exposure by selling a Forward Freight
Agreement equivalent to total delivery obligation. At the end of each month, FFA
is rolled forward into another one-month contract. This is referred to as “stack-and-
roll”. In other words, contracts are rolled over the 13. each month. When the 13.
falls on a weekend, we have used the first available trading day in advance.
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4.2. Forecasting using forward freight agreements

There are two popular ways to define forward prices (Fama & French, 1987). For
storable commodities like oil and metals, the forward prices can be explained by the
cost of carry, also called the theory of storage. It states that the forward price for an
asset equals the spot price plus all costs related to holding the asset until maturity.
The costs associated with holding the asset can be divided into four categories:
storage, insurance, transport and finance (Kolb & Overdahl, 2007). The cost of
carry may be expressed as:

F i
t = St + Ci

t (4.6)

where Ft is the price of the forward contract today for delivery of a commodity in
the future, St is the spot price today and C is the costs of carrying the commodity
forward in time. Deviations from the relationship will be restored in the market by
investors performing cash and carry or reverse cash and carry strategies (Gray, 1990).
When considering non-storable commodities like freight and electricity, the cost of
carry model breaks down in terms of pricing the futures contract (Geman, 2005).
The spot and forward price for a non-storable commodity are not linked through
arbitrage, but determined by supply and demand expectations (Kavussanos et al.,
2004). Mathematically this can by expressed as:

F i
t = Et(St+i) +RPt (4.7)

If long hedge demand is exactly balanced by short hedge demand, the forward price
will be equal to the expected spot price. In case of unbalanced hedge demand,
the forward price will deviate from the expected spot price corresponding to the
size of the risk premium (Gjolberg & Brattested, 2011). The risk premium may
be positive, negative or zero. According to the unbiasedness hypothesis, forward
prices should be equal to subsequent spot prices under the assumption of no risk
premium and rational use of information (Geman, 2008). If this holds it can help
market participants to forecast subsequent spot prices using forward prices. The
normal approach is to compare the forward price at time t with the spot price at
t + i and define the difference as a forecast error. The latter may consist of a
risk premium, non-rational expectations or market inefficiencies. In its purest form
the unbiasedness hypothesis states that the futures price should be equal expected
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spot prices. This involves that the mean difference between the forward price at
time t and associated spot price at time t + i is zero. This can be tested using
a null hypotheses where the constant (α) is equal to zero. Unbiased forecast are
associated with a β equal to unity, which involves testing a null hypothesis where
the β is equal to one. The unbiasedness hypothesis can be tested by applying the
parameter restrictions α = 0 and β = 1 on formula 8 or 9:

St+i = α + βF i
t + ut+i (4.8)

lnSt+i = α + βlnF i
t + ut+i (4.9)

where in this thesis St+i is the settlement price (average spot price current month) at
time t+i , F i

t is the spot price the first day of the month at time t for delivery at time
t+i, ut+i is a white noise error process and ln is the natural log. The slope coefficient
β in model 8 measures the rate of change in the (conditional) mean spot freight rate
per unit change in the FFA price.The slope coefficientβ in model 9 on the other
hand, measures the elasticity of the spot freight rate, with respect to the FFA price.
In other words it measures the percentage change in spot freight rate for a given
percentage change in FFA price. When using OLS to estimate the parameters in
model 4.8 and 4.9, we are likely to run into problems with non-stationary variables.
The use of conventional regression analysis implicitly assumes that the underlying
variables are stationary. If non-stationary variables are used in the regression the t-
ratios and F-ratios will not follow the t-distribution and f-distribution, respectively.
The estimated coefficients may appear statistically significant even when there is
no true relationship between the explained and explanatory variables. This means
we cannot perform valid hypothesis tests on the parameters. The variables are
stationary if they contain a unit root. The Dickey-Fuller and augmented Dickey-
Fuller1 test can be used for this purpose. If tests imply non-stationary variables,
one can choose between different solutions to get around this problem. One of them
is to transform the variable so that it becomes stationary by estimating change in
spot price as a function of the basis. The model, proposed by Fama (1984) can be
expressed as:

(St+i − St) = α + β(F i
t − St) + εt+i (4.10)

1ADF test: 4Yt = β1 + β2t + δYt−1 +
∑m
i=1 αi4Yt−i + εt
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4.2 Forecasting using forward freight agreements

(lnSt+i − lnSt) = α + β(lnF i
t − lnSt) + εt+i (4.11)

where in this thesis St+i is the settlement price (average spot price entire month)
at time t + i. St is the spot price and Ft the FFA price, both at the first day
of the month at time t. Model 4.16 and 4.17 are specified with the aforementioned
variables in absolute terms and logs, respectively. Another problem that often occurs
is autocorrelation and heteroscedasticity in the error term. One solution is to still
use OLS for the regression, but correct the standard error for autocorrelation with
the Newey-West method (Gujarati, 2003). This method corrects the standard error
so that it becomes heteroscedasticity- and autocorrelation-consistent.
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5. Econometric hedging results

In this chapter we present the hedge efficiency of Forward Freight Agreements (FFA)
when the model described in the methodology chapter is used to calculate optimal
hedge ratios. These ratios are calculated over the in-sample period. We then analyse
the results before we investigate the hedge effectiveness of holding the hedge ratio
estimated in-sample through an out-of-sample period. The purpose is to find out
whether the econometric based hedging strategy is robust out of sample. This
strategy will also be compared to a naive hedge strategy, both in and out-of-sample.
This is be done by comparing the variance from holding a portfolio consisting of
positions in the spot market and positions in forward contracts, with an unhedged
position in the freight market. We perform two-sample F-tests for variances. If
the F-value computed exceeds the critical F-value at 5% level of significance, we
reject the null hypothesis of equality in variance. Significant results indicate that
the econometric based strategy offer a lower portfolio variance than the unhedged
position. Preliminary AR and ARCH tests discovered that the majority of the
residuals are homoscedastic and not serial correlated. 24-month rolling hedge ratios,
covariances and variances are calculated to support our findings.
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5.1. In-sample hedge performance

Capesize

Table 5.1 presents in-sample results for the Capesize market. Results indicate hedge
ratios above one for all contracts (h∗ > 1). We reject the null hypothesis of a hedge
ratio equal to zero(h = 0). Contracts with longer maturity exhibit higher minimum
variance hedge ratio(h∗) than contracts with short maturity. At the same time we
note, that higher h∗ leads to lower variance reduction. h∗ > 1 implies that investors
and hedgers need more contracts to hedge their spot risk. In other words, higher
ratio result in higher cost for improving the hedging performance.

Table 5.1: Capesize FFA in sample hedging effectiveness from January 2005 to July 2011. Min-
imum variance hedge ratio(h*) is the OLS regressor from model 4.7, and h=1 represents a naive
hedge. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula 4.3 with
continuously compounded returns.

Variance reduction when using h∗ show that owners of Capesize vessels can remove a
large share of the freight rate risk. Average hedge effectiveness using h∗ is 75%, and
we note that the FFAs closest to maturity offer somewhat higher variance reduction
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5.1 In-sample hedge performance

than in the FFAs with longer maturity. Using traditional theory of a naive hedge
with an implied h = 1, average hedge effectiveness become 72%. F ratios and critical
F-values in table A.2.1 imply that hedging using econometric based strategy offer
no significant lower portfolio variances compared to portfolio variances in a naive
hedge. The F-test also implies that both econometric based strategy and naive
strategy offer significant lower portfolio variance relative to an unhedged position in
the spot market. The in-sample results, is above the variance reduction Kavussanos
& Visvikis (2010) found in contract C4. Their results showed a variance reduction
between 56% and 60%. Difference could be attributed to frequency in the data.
Kavussanos & Visvikis (2010) used weekly observations. Our hedge analysis is
based on monthly data.

Panamax

The Panamax market show similar results as the Capesize market. h∗ is above
one for all FFAs and are significant different from zero. Again, FFAs with longer
maturity exhibit higher h∗ than FFAs with short maturity.

Table 5.2: Panamax FFA in sample hedging performance from January 2005 to July 2011. Min-
imum variance hedge ratio(h*) is the OLS regressor from model 4.7, and h=1 represents a naive
hedge. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula 4.3 with
continuously compounded returns.
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Chapter 5 Econometric hedging results

In-sample results in both P2A_03 and P3A_03 show that owners of Panamax vessels
can remove a large share of the freight rate risk using FFA for hedging purposes.
This can be achieved by hedging with both econometric based hedging(h∗) and a
naive hedging(h = 1). Variance reduction range between 58% and 94% in FFAs
written on P2A_03 and 52% and 94% written on P3A_03. We also observe that
variance reduction decrease when contracts with maturity in distant future are used.
F-test two-sample for variances in table A.2.2 indicate that portfolio variance in the
econometric based hedge and the naive hedge are significant and lower relative to
an unhedged position in the spot market. Further on, results indicate that the
hedger do not recieve significant lower portfolio variance in a econometric based
hedge compared to a naive hedge. Finally, note that the ratio of the variance of
the hedged position and the variance of the unhedged position is equal to 1− V R.
The square root of this ratio gives the ratio of the volatility of the hedged position
and the volatility of the unhedged position. If we use V R(h∗) = 0.80 in contract
+1 written on P2A_03, the square root of 1− 0.80 is equal to 0.44. Consequently,
the volatility of the hedged position is 44 percent of the volatility of the unhedged
position. Through hedging, a shipping company can eliminate 56 percent of the
volatility of the unhedged position.
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5.1 In-sample hedge performance

Clean tanker

The clean tanker market exhibit lower h∗ compared to the Capesize and Panamax
market. Except from the CUR contract, t-values for the h∗ is low and decreasing
with longer maturity. All hedge ratios are significant and different from zero, and
we reject the null hypothesis of equality.

Table 5.3: Clean tankers FFA in sample hedging performance from July 2006 to July 2011.
Minimum variance hedge ratio(h*) is the OLS regressor from model 4.7, and h=1 represents a
naive hedge. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula
4.3 with continuously compounded returns.

In-sample results for the Clean tanker market show that owners can remove a large
share of the variance by hedging with the CUR and +1 contract. The F-test in
table A.2.3 in appendix show that the hedger can reduce a significant amount of
the variance using both econometric based hedging and a naive hedging relative to
an unhedged position in the spot market in the two contracts. All other FFAs offer
low variance reduction and are not significant lower than spot variance. The F-
test also indicate that the hedger cannot obtain significant lower portfolio variance
using econometric based hedge relative to a naive hedge. The null hypothesis of
equality are not rejected on 5% significance level. Further on, the low variance
reduction in contract +2, +3, +4 and +5 can be related to low covariance and return
correlations between spot and FFA. Previous studies show that out-of-sample hedge
efficiency will be lower than in-sample hedge efficiency due to changes in dynamics
between variables. By this, we assume that the Clean tanker market will suffer from
somewhat lower variance reduction out-of-sample.
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Dirty tankers

From descriptive statistics in section 3.5, we found low return correlations between
spot and FFAs. Contracts with maturity far away indicated a low degree of co-
movement with the underlying spot contract. In-sample hedge results indicate low
hedge efficiency in contracts with maturity far away, which is in line with previous
assumptions in section 3.5. Looking at h∗, we note that this range between 0.33
and 1.65. h∗ in contract +3, +4 and +5 associated with route TD7, and contract
+5 associated with route TD5, is not significant different from zero and we cannot
reject the null hypothesis of equality. All other FFA offer significant h∗ different
from zero, and we reject the null hypothesis of equality.

Table 5.4: Dirty tankers FFA in sample hedging performance from January 2005 to July 2011.
Minimum variance hedge ratio(h*) is the OLS regressor from model 4.7, and h=1 represents a
naive hedge. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula
4.3 with continuously compounded returns.

As in the Capesize, Panamax -and Clean tanker markets there are small differences in
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5.1 In-sample hedge performance

variance reduction between econometric based hedging and naive hedging. However,
we note that the spread between the two approaches is somewhat higher in the
Dirty Tanker market. The F-test two-sample for variances in table A2.4 indicate
significant lower portfolio variance using econometric based hedging compared to
naive hedging in FFACUR associated with route TD3 and TD7. Further on, CUR,
+1, +2 contracts associated with route TD3, indicate significant lower portfolio
variance using econometric based hedging compared to an unhedged position in
the spot market. CUR and +1 associated with route TD5 and TD7 yield similar
results. Some of the FFAs written on TD7 indicate negative variance reduction.
This is due to the fact that portfolio variance(V ar(h∗), V ar(h = 1)) is higher than
spot variance(V ar(S)). Finally, traditional naive hedge strategy with an implied
hedge ratio of one, are only significant lower than spot variance for CUR, +1 and
+2 contracts associated with route TD3, and CUR and +1 contracts associated with
routes TD5 and TD7.
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5.2. Out-of-sample hedge performance

Capesize

Portfolio risk, derivative pricing and hedging, and trading strategies are all forward
looking. Out-of-sample testing is therefore essential. We have taken a fixed size
estimation window and estimated realized variance reduction for all contracts in the
in-sample analysis. The time series period range from August 2011 to December
2012. V ar(h∗) is calculated using formula 7 in section 4.1 and h∗is the minimum
variance hedge ratio found in the in-sample analysis through formula 4.

Table 5.5: Capesize FFA out-of-sample hedging performance from August 2011 to December 2012.
Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula 4.3 with con-
tinuously compounded returns. The minimum variance hedge ratio(h*) is the OLS regressor from
model 4.7 calculated from the in sample period 2005-2011(7), and h=1 represents a naive hedge.

Out-of-sample results for the Capesize market show somewhat similar results relative
to the in-sample analysis. High and medium variance reduction for all FFA show
that owners of Capesize vessels would have reduced a significant amount of the
price risk using both econometric based hedge strategy computed in-sample, and the
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5.2 Out-of-sample hedge performance

traditional naive hedge with an implied hedge ratio of one. However, we note that the
difference in variance reduction between the minimum variance hedge ratio approach
and the naive approach is somewhat larger out-of-sample. F-test two-sample for
variances in table A.3.1 indicate that none of the portfolio variances found, using
econometric based hedge strategy are significant lower than portfolio variances found
using a naive approach. This means that econometric based hedge strategy does not
outperform naive strategy. Further on, contract +2 and +3 associated with route
C4, and the +3 contract associated with route C7, does not exhibit significant lower
h∗ porfolio variance than spot variance and we cannot reject the null hypothesis of
equality. All other FFAs are significant and lower than spot variance.
Even though the significance of the variance reduction holds for the majority of the
contracts, we wish to check for instability in hedge ratio. Figure 5.1 presents a plot
of Capesize 24-month rolling hedge ratios. Estimation window range from January
2005 to December 2012.

Figure 5.1: Plot of Capesize 24-month rolling minimum variance hedge ratios (h*) from Jan-
uary 2005 to December 2012, calculated by using formula 2.5.

24-month rolling hedge ratios for FFAs indicate a stable environment in period 2007
to 2009. The subsequent period is characterized by increasing hedge ratios for all
contracts. All contratcs reach a turning point in third quarter 2012. The plot also
indicate that hedge ratio for FFAs with maturity far ahead, tend to move further
away from one relative to FFAs with shorter maturity. The most extreme variable
appears to be FFA+3 written on route C7. For deeper insight into what causes the
path of the hedge ratio for FFA+5, we track the 24-month rolling covariance and
variance in the figure below.
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Figure 5.2: Plot of Capesize 24-month rolling covariance between C7 and FFA+3, and variance
in FFA+3 from January 2005 to December 2012.

Figure 5.2 plots the 24-month rolling covariance of the change in the spot freight
rate with the change in FFA price and variance of the change in the FFA price. From
model 4.3 in section 4.1 we conclude that when the spread between covariance and
variance is close to zero, hedge ratio is close to one. This property can be observed
in time period 2007 to late 2008, by comparing figure 5.1 and 5.2. If covariance
increases and all other variables are held constant, the hedge ratio increases. When
both covariance and variance is close to zero, the hedge ratio becomes more sensitive
to a change in one of the variables. This can be observed by comparing rolling
covariance and variance in figure 5.2, against rolling hedge ratio in figure 5.1. Low
covariance and variance in period 2011 to 2012 results in higher hedge ratio than in
the prevailing period 2008 to 2010 were covariance and variance exhibit higher values.
Hedge ratio in period 2008 and through the first quarter in 2010, reach a maximum
of 1.34. In the subsequent period when covariance and variance approaches zero,
hedge ratio increases and peak at 2.35 in march 2012. Also note that spread is
somewhat smaller.
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Panamax

In-sample results for the Panamax market indicated high and medium variance
reduction for all FFA. Contratcs with maturity far ahead offered lower efficiency than
contratcs with short maturity. Table 5.6 presents out-of-sample hedge efficiency for
FFAs associated with Panamax routes P2A_03 and P3A_03.

Table 5.6: Panamax FFA out-of-sample hedging performance from August 2011 to December
2012. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula 4.3 with
continuously compounded returns. The minimum variance hedge ratio(h*) is the OLS regressor
from model 4.7 calculated from the in sample period 2005-2011(7), and h=1 represents a naive
hedge.

Use of FFAs associated with route P3A_03 results in variance reduction between
29% and 91%, depending on which contract used. The CUR, +1 and +2 contratcs
range from 49% to 91% and, can be said to have medium and high hedge efficiency.
Contract +3, +4 and +4 indicate low hedge efficiency. A significant reduction in
freight revenue variability using econometric based hedging can only be obtained
through contract CUR, +1 and +2. Similar results occur for contract CUR and
+1 when naive approach is used. Moreover, econometric based hedging does not
provide shipping companies with significant lower portfolio variance relative to a
naive hedge. FFAs in P2A_03 perform poorly out-of-sample. The CUR contract is
the only FFA with significant variance reduction relative to spot variance. It seems
strange that contract +1, +2, and +3 offer lower variance reduction than contract
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+4 and +5, especially when P2A_03 and P3A_03 indicated similar dynamics in
the in-sample analysis. Examination of the data confirms that minimum variance
using econometric based hedging for contracts +1, +2 and +3 are close to the
spot variance. From formula 7 in section 4.1 we conclude that this results in a
variance reduction close to zero. Further on, we check for instability in hedge ratio
by plotting 24-week rolling hedge ratios over the sample period 2005 to 2012. This
will contribute to define constant hedging as a good or bad strategy for shipping
companies.

Figure 5.3: Plot of Panamax (P2A_02) 24-month rolling minimum variance hedge ratios (h*)
from January 2005 to December 2012, calculated by using formula 2.5.

We clearly observe that hedge ratio over a 24-month period are unstable in period
2007 to 2008 and from the fourth quarter in 2012 and throughout 2012. Hedge
ratio volatility is most significant in the +5 contract associated with route P2A_03.
24-month hedge ratio range between 0.98 and 1.89 in period November 2011 to
december 2012. For further insight on what causes this volatility in rolling hedge
ratio in contract +5 associated with route P2A_03, we have estimated 24-month
rolling covariance and variance in table 5.2.3.
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5.2 Out-of-sample hedge performance

Figure 5.4: Plot of Panamax 24-month rolling covariance between P2A_03 and FFA+5, and
variance in FFA+5 from January 2005 to December 2012.

Period 2008 to 2010 was characterized by a high and stable covariance between
P2A_03 and FFA+5 contract, and variance in FFA+5. Same period also indicate a
stable spread between the two, leading to a relatively constant hedge ratio above one.
In November 2010 and December 2011 hedge ratio experience a significant increase
over a short time period before it declined to same levels as in the prevailing period.
For further explanation and insight we look at our data set and table 5.4. Both
indicate that covariance and variance approaches zero while the spread remains the
same, which in turn results in an increased hedge ratio reaching a maximum of 1.66
and 1.89, respectively. In period March 2012 until December 2012, covariance and
variance stabilizing while the spread approaches zero, resulting in decreased hedge
ratio.
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Clean tankers

Variance reduction in-sample for FFAs in the Clean tanker route, varied between
22% and 97% using econometric based hedging. Similar results were found when
using a naive approach. We also observed that portfolio variance in contract +2,
+3, +4 and +5 was not significant lower than spot variance.

Table 5.7: Clean tankers FFA out-of-sample hedging performance from August 2011 to December
2012. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula 4.3 with
continuously compounded returns. The minimum variance hedge ratio(h*) is the OLS regressor
from model 4.7 calculated from the in sample period 2006-2011(7), and h=1 represents a naive
hedge.

Table 5.7 presents out-of-sample hedge efficiency. We observe extreme values in both
portfolio variance and variance reduction in the Clean Tanker FFAs. If a shipping
company followed a constant econometric based hedge strategy or a traditionally
naive hedge in contract +1, +2, +4 and +5 , this would have resulted in greater
risk compared to an unhedged position in the spot freight market. The +3 contract
offer a small variance reduction, but the contract are not significant lower than
spot variance. Econometric based hedging ourperform naive hedge only i the CUR
contract. Out-of-sample hedge efficiency in the Clean tanker market clearly indicate
that econometric based -and naive strategy is not robust out-of-sample. Further
on, since extreme values appears, a check for hedge ratio instability are conducted.
Examination of 24-month rolling hedge ratios during the period suggests that FFA
hedging strategies would be somewhat susceptible to swings in performance. Hedge
ratio instability does appear to have substantial impact on the hedge performance.
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Figure 5.5: Plot of Clean tankers 24-month rolling minimum variance hedge ratios (h*) from
July 2006 to December 2012, calculated by using formula 2.5.

Only the CUR contract seem to perfom well under the assumption that the joint
distribution are constant over the sample period. Contracts +2, +4 and +5 fluctu-
ates the most and exhibit a hedge ratio range of 1.36, 1.17 and 1.87, respectively.
From the figure we observe that contract +2 and +5 provide negative hedge ratio in
period 2011 to 2012 reaching a minimum of -0.06 and -0.56, respetively. For further
insight we calculate 24-month rolling covariance between spot TC5 and FFA+5, and
variance in FFA+5 in Figure 5.6

Figure 5.6: Plot of Clean tanker 24-month rolling covariance between TC5 and FFA+5, and
variance in FFA+5 from January 2005 to December 2012.

The figure shows that 24-month rolling covariance and variance exhibit negative
values in period August 2011 to July 2012. Hedge ratio become negative, which in
in turn leads to negative hedge efficiency. It is clear that hedge ratio variability is
a result of time variation in covariance and variance. A constant econometric based
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hedge strategy do appear to be insufficient in providing a significant reduction in
freight rate variability in the Clean tanker freight market.

Dirty tankers

In-sample analysis for the Dirty tanker market indicated varying hedge efficiency
within the investigated routes. FFAs in TD3 perform well in-sample relative to
FFAs in TD5 and TD7. Except from the CUR contract in TD7 we could not reject
the null hypothesis of equality between econometric based hedge -and naive hedge
strategy. At the same time, shipping companies could only reduce a significant
amount of the freight rate variability through FFAs with maturity in near future.

Table 5.8: Dirty tankers FFA out-of-sample hedging performance from August 2011 to December
2012. Var(h*) and Var(h=1) denotes the variance of a portfolio calculated using formula 4.3 with
continuously compounded returns. The minimum variance hedge ratio(h*) is the OLS regressor
from model 4.7 calculated from the in sample period 2005-2011(7), and h=1 represents a naive
hedge.
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Out-of-sample hedge efficiency deviates significantly from the in-sample hedge effi-
ciencies. In a real-world situation, reduction in freight rate variability could only be
obtained using the CUR contract written on TD7. Further on, the CUR contract
are also the only FFA that would have resulted in a significant lower portfolio vari-
ance compared naive portfolio variance, and spot variance. Some of the effectiveness
measures exhibit negative variance reduction, which means that freight rate risk ac-
tually increases compared to an unhedged position in the spot freight rate market.
Since the out-of-sample analysis indicates extreme values on hedge efficiency, we
investigate 24-month rolling hedge ratio in FFA associated with route TD7 to check
for time varying hedge ratios.

Figure 5.7: Plot of dirty tankers (TD5) 24-month rolling minimum variance hedge ratios (h*)
from January 2005 to December 2012, calculated by using formula 2.5.

If the assumption that a static hedge should provide robust out-of-sample results,
hedge ratio must be time invariant over the sample period. As we can observe
from table 5.2.7, hedge ratio for FFAs written on route TD7 indicate significant
fluctuations. 24-month rolling hedge ratio for contract +1, +2 and +5 range between
0.73, 0.77 and 0.28 to 2.86, 2.85 and 2.35, respectively. Standard deviations over the
sample period are 62%, 61% and 59%, respectively. Clearly, time varying hedge ratio
do appear to have substantial impact on the hedge performance. FFA+4 written on
route TD7 provide the lowest minimum hedge ratio. Hedge ratio reaches -1.15 in
June 2012. For further explanation of the hedge ratio instability a plot of 24-months
rolling covariance between spot freight rate contract TD7 and variance in FFA+4 is
calculated table 5.8.
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Figure 5.8: Plot of Dirty tanker 24-month rolling covariance between TD7 and FFA+4, and
variance in FFA+4 from January 2005 to December 2012.

In figure 5.2, 24-month rolling covariance between C7 spot and FFA+3 and variance
for FFA+3 was presented. The plot indicated that hedge ratio was higher than one
if covariance(4C7(S)t,4C7FFA+3t > variance(4C7FFA+3t). Opposite result
is shown in figure 5.8 and results in a hedge ratio below one over the entire sample
period. We also note negative covariance between TD7 and associated FFA+4
resulting in negative hedge ratio, which in turn lead to negative hedge efficiency.
Overall, the cause for lower out-of-sample hedging effectiveness appears to be hedge
ratio -and covariance variability.
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5.3 Summary

5.3. Summary

In-sample analysis

• Results for the Capesize -and Panamax market indicate that shipping com-
panies can reduce a significant amount of the freight rate variability using
FFAs. All contracts exhibit significant lower portfolio variance compared to
an unhedged position in the spot market. Results also indicate that FFAs
with long maturities offers a lower risk reduction compared to contracts with
short maturities. Only the CUR and +1 contract in the Clean tanker mar-
ket gave significant lower portfolio variance compared to spot variance using
econometric based hedge. Similar results was shown for the CUR, +1 and +2
contracts associated with route TD3, and CUR and +1 contracts associated
with route TD5 and TD7 in the Dirty tanker market.

• In the Capesize, Panamax -and Clean tanker market it is shown that econo-
metric based hedging strategies does not outperform naive strategy. In the
Dirty tanker market, econometric based hedging outperform naive hedge only
in FFACUR associated to route TD3 and TD7. In all other FFAs the null
hypothesis of equality holds.

• The estimated minimum variance hedge ratio(h∗) is significant different from
zero for all FFAs in the Capesize, Panamax and Clean segments. Dirty tanker
+3, +4 and +5 contracts associated with route TD7 are not significantly
different from zero. We also note that when hedge ratio approaches zero, the
variance reduction decreases.

Out-of-sample analysis

• Holding the minimum variance hedge ratio estimated in-sample through the
out-of-sample period indicate that econometric based hedge strategy are not
robust for the majority of the FFAs. We observe that Capesize FFAs resulted
in significant lower portfolio variance relative to an unhedged position in the
spot freight market. The CUR contract associated within the other segments
yield similar result.

• In the majority of the FFAs we observed that econometric based hedge strategy
do not outperform naive strategy.
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• Comparison of hedge efficiency measures clearly shows a discrepancy between
in -and out-of-sample performance. Lower out-of-sample hedge efficiency ap-
pears to be caused by hedge ratio variability. Examination of 24-month rolling
hedge ratios over the sample period suggests that FFA hedging strategies would
be somewhat susceptible to swings in performance. Time varying covariance
and variance, and time varying hedge ratio do appear to have substantial im-
pact on the hedge performance. Low and negative covariance for log returns
indicate that dynamics are independent in some periods.
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In this chapter we discuss Forward Freight Agreements (FFA) as a freight rate
forecasting tool using models from the methodology chapter. The most important
findings are summarized in tables and figures, while the complete overview can
be found in the appendix. First we estimated the the models using OLS. Then
we tested the residuals for autocorrelation and heteroscedasticity. AR and ARCH
tests revealed heteroscedastic and autocorrelated residuals in the majority of the
cases. We therefore applied the Newey-West method of adjusting standard errors.
In turn this means that reported standard errors and t-values are heteroskedastic and
autocorrelation consistent (HAC). The forecasting horizon depends on the contract.
Spot freight rates and FFA prices at time t are observed the first day of the month.
Spot freight rates at time t + i are the average spot prices current month, also
called the settlement price. This means that the CUR, +1 and +2 contracts have a
forecasting horizon of 30, 60 and 90 days, respectively.
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6.1. Forecasting performance of FFA prices

This section contains results from regressing the spot freight rates at time t+ 1 on
FFA prices at time t using monthly data from 2005 to 2012 . We use two different
models, one where the variables are in absolute terms (model 4.8) and one where the
variables are in logs (model 4.9). First we performed a series of Augmented Dickey
Fuller tests (ADF) on the spot freight rates and FFA prices. The tests shows that
the spot prices in all segments contains a unit-root and are thus nonstationary. The
results from the ADF tests also shows that Capesize and Panamax FFA prices are
stationary, while nine of the Clean and Dirty tanker FFA prices are stationary. As
mentioned, nonstationary variables implies that we cannot perform valid hypothesis
tests on the parameters. We can interpret the results if we chose to ignore this
problem, but must be careful not to jump to any hasty conclusions.

Table 6.1: Estimation results using model 4.8 with monthly observations from 2005 to 2012.
T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0, β = 1. “*” and
“**” denotes significance at the 0.05 and 0.01 level, respectively.

We start with the estimation results from model 4.8. In the Capesize segment, our
findings(A.5) suggests that all betas are not significantly different from unity, and
that all alphas are significantly different from zero. This means that the hypothesis
that FFA prices provides unbiased forecasts of subsequent spot freight rates can not
be rejected. The CUR contract written on route C3 has the highest coefficient of
determination, R2, at 0.94. The +3 contract associated with route C7 has the lowest
R2 at 0.33. In other words, the variation in the +3 contract price only explains about
one third of the variation in the subsequent C7 spot freight rate. The explanatory
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6.1 Forecasting performance of FFA prices

power seems to decrease when we increase the forecasting horizon. Average R2in
the investigated FFAs in the Capesize market is equal 0.67. One should note that
the maximum forecasting horizon of investigated contracts in this segment is three
calender months (FFA+3). Table 6.1 present the contracts where the FFA prices are
biased estimators of subsequent spot prices. Within the Panamax segment, none of
the estimated beta values are significantly different from unity. Alpha values of +3,
+4 and +5 contracts written on route P3A, in addition to +1 and +5 contracts on
route P2A are significantly different from zero. This means that the unbiasedness
hypothesis does not hold for these contracts. These results are similar to the findings
of Kavussanos et al. (2004) and Grober (2010). The contract with the highest
explanatory power is the CUR contract written on route P2A with a R2 at 0.96.
This contract has a relative short forecasting horizon of 30 days. To visualize the
relationship we plotted the P2A spot freight rate against the price of the CUR
contract and obtained the scattergram shown in figure 6.1.

Figure 6.1: FFACUR price as predictor of subsequent spot freight rate ($ per day) on route
P2A from January 2005 to December 2012. Monthly observations.

The relationship between the CUR price and the P2A spot freight rate appears to
be linear and strong with only minor deviations. The first and second number in
the scattergram labels denotes the FFA price and the subsequent spot freight rate,
respectively. Results imply that the explanatory power of Panamax FFAs seems to
decrease when forecasting horizon is increased. In the Clean tanker segment, findings
indicate that the CUR contract has a beta significantly different from unity, and a
significantly different from zero alpha. This means that the unbiasedness hypothesis
holds for the Clean tankers FFAs, except the current month contract. Although the
hypothesis does not hold, as much as 96% of the variation in the TC5 spot freight
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rate can be explained by 1.07 times the CUR price. The average explanatory power
for the six Clean tankers contracts can be defined as medium, with R2 equal to
0.52. In the Dirty tanker segment, we find that the +3, +4 and +5 contracts
associated with route TD3 all have significantly different from zero alphas. The
+4 and +5 contracts associated with the same route also exhibit significant betas
different from unity. This means that the unbiasedness hypothesis does not hold for
the +3, +4 and +5 contracts written on route TD3. Contracts written on all three
Dirty tanker routes exhibit high R2, when the forecasting horizon is short. Like in
the other investigated segments, the explanatory contracts drops for each month of
increase in horizon. The average explanatory power for the Dirty tankers contracts
is medium, with R2 equal to 0.42.

Figure 6.2: FFA+5 price as predictor of subsequent spot freight rate ($ per day) on route P2A
from January 2005 to December 2012.

Our results shows that when model 4.8 is applied, 42 of 50 contracts across the four
segments appear to be unbiased predictors of the respective freight rates. Unbiased
contracts does not necessarily mean that they are good forecast of the subsequent
spot freight rate. In figure 6.2 the price on the +4 contract is plotted against the
subsequent spot freight rate on route P2A. The scattergram reflects some important
points. First of all, if we compare figure 6.1 with 6.2, we see that the forecast beome
unstable when we expand forecasting horizon by means of a contract with longer
maturity. At the same time we observe that even though the unbiasedness hypothesis
holds for the +4 contract, it is not a very precise forecast of the subsequent freight
rates. In addition, it seems like the deviations are larger when the P2A freight rate
and +5 FFA prices are high, compared to when they are low .
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6.1 Forecasting performance of FFA prices

Table 6.2: Estimation results using model 4.9 with monthly observations from 2005 to 2012.
T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0, β = 1. “*” and
“**” denotes significance at the 0.05 and 0.01 level, respectively.

Results when estimating model 4.9 (variables in log) are similar to results eatimated
in model 4.8 (variables in absolute terms) in terms of R2. The main difference is
that the unbiasedness hypothesis holds for a higher number of contracts in model
4.9 compared to model 4.8. All estimated betas are not significantly different from
unity, and only one alpha value is significant and different from zero. This applies
to all contracts and segments. This means that all contracts except the +3 contract
written on route TD3 appear to be unbiased predictors of subsequent spot prices.
The results from model 4.8 conflicts with the results from model 4.9 in terms of the
unbiasedness hypothesis in seven of the contracts. On the other hand, our results
from the two models agrees on that the unbiasedness hypothesis holds for 42 of the
50 FFAs during the period. Although the variables in model 4.8 and model 4.9
is not on the same form and strictly speaking not directly comparable, they are
approximately the same. With regard to stability, the log-linear model (4.9) have
much in common with the linear model (4.8). The CUR and partly +1 contracts are
stable, and the forecasts seems to become unstable when we increase the forecasting
horizon using contracts with longer maturity.
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6.2. Forecast performance of basis

To avoid the problem of nonstationary variables we estimate models in which the
spot freight rate change is estimated as a function of the basis (the difference between
the FFA price and the spot freight rate at time t). This specification means that
the variables become stationary, which in turn means that we can perform valid
hypothesis tests on the parameters. Like in section 6.1, we have used two models.
One where spot freight rates and FFA prices are in absolute terms (model 4.10),
and one in logs (model 4.11).

Table 6.3: Estimation results using model 4.10 with monthly observations from 2005 to 2012.
T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0, β = 1. “*” and
“**” denotes significance at the 0.05 and 0.01 level, respectively.

Our results from estimating model 4.10 and 4.11 indicate that the basis is an impre-
cise forecast of subsequent spot freight rate changes in the Capesize and Panamax
segments, with R2 ranging from 0.00 to 0.12 (A.7, A.8). Capesize FFA estimation
results implies that CUR contracts written on route C3, C5 and C7 have betas sig-
nificantly different from unity, and a significantly different from zero alpha on the
CUR contract associated with C5. This means that the hypothesis that basis is un-
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6.2 Forecast performance of basis

biased predictors of subsequent spot freight rate changes can not be rejected. This
applies to all Capesize FFAs except for the CUR contracts on routes C3, C5 and
C7. In the Panamax segment, all estimated betas are significantly different from
unity except the CUR contracts written on route P2A and P3A. None of the alphas
are significantly different from zero. This means that the unbiasedness hypothesis
holds for the majority of the contracts in the Capesize and Panamax segment.

Figure 6.3: Relationship between TC5 log change and the FFA+5 log basis (model 4.11) from
January 2005 to December 2012.

The most interesting results from estimating model 4.10 and 4.11 can be found in
the Clean and Dirty tanker segments. The results exhibit almost twice as high
explanatory power in the +5 contracts compared to the CUR contracts written on
TC5 and TD5. The explanatory power seems to increase when we increase the
forecasting horizon in both the Clean and Dirty tanker segments. The +5 contract
written on TC5 has the highest R2 at 0.65. Figure 6.3 shows the relationship between
the TC5 spot freight rate change in logs (lnSt+i − lnSt) and the difference between
the FFA price and the spot freight rate in logs (lnF i

t − lnSt). The scattergram
shows that the relationship is relatively strong, but deviations occurs on individual
observations. The two models disagree on the if the beta value on the +5 contract
is significance of beta significantly different from unity or not. They agree on that
the remaining four contracts are unbiased.
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Table 6.4: Estimation results using model 4.11 with monthly observations from 2005 to 2012.
T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0, β = 1. “*” and
“**” denotes significance at the 0.05 and 0.01 level, respectively.

In the dirty segment, none of the alphas are significantly different from zero. All
estimated betas that are significantly different from unity, except the +1 -and +2
contracts associated with route TD7. The unbiasedness hypothesis holds for the rest
of the contracts. The highest contract with the highest explanatory power in this
model is +5 contract written on route TD5, with R2 at 0.58. In general the results
from model 4.10 (variables in log) are similar to model 4.8 (variables in absolute
terms) both in terms of the unbiasedness hypothesis and explanatory power. The
results indicate that the basis is unbiased predictor of subsequent spot freight rate
changes in 42 of the 50 contracts across all four segments.
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6.3. Summary

Forecasting performance of FFA prices

• Spot freight rates are not stationary in absolute terms. This means that the
results from model 4.8 and 4.9 must be interpreted with caution.

• Variation in the CUR and +1 contract price explains a large portion of the
variation in subsequent spot freight rates. The forecasting performance de-
creases rapidly when we increase the forecasting horizon by using contracts
with longer maturity. This accounts for all four segments.

• there is small difference in forecasting performance between specifying the
model on absolute form (model 4.8) compared to the same model in logarithmic
form (model 4.9).

• FFA prices are unbiased predictors of subsequent spot freight rates in 42 of 50
total contracts across the four segments.

Forecast performance of basis

• The basis is not a stable tool for forecasting Capesize and Panamax spot
freight rate changes, with R2 ranging from 0.00 to 0.12. For the majority of
the contracts, the basis provides biased forecasts of spot freight rate changes
in the Capesize and Panamax segment.

• The explanatory power of the basis is low to medium in Clean- and Dirty
tanker segments. The R2 increases when we increase the forecasting horizon
by using contracts with longer maturities.

• The basis on +5 contracts written on TC5 and TD5 has a relatively high R2

at 0.65 and 0.58, respectively.

• Basis is unbiased predictors of the subsequent spot freight rate change in 42
out of 50 contracts across the four segments.
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7. Main conclusions

We find that the hedge ratios estimated with the conventional method offer high
hedge efficiency for the majority of the FFAs during the in-sample period. By
holding these hedge ratios through an out-of-sample period we find that the hedge
efficiency is not robust for the majority of the contracts. We find robust results in the
majority of the FFAs in the Capesize market and in route P3A_03 in the Panamax
market. The CUR contract associated with the other segments yield similar result.
The tanker market seems to provide low reduction in freight rate variability in -
and out-of-sample when considering contracts with maturity far away. Some of
the FFAs give negative variance reduction, which indicate that shipping companies
would have exposed themselves to excessive risk relative to an unhedged position
in the spot freight rate market. Finally, econometric based hedge strategy does not
offer significant lower portfolio variance compared to portfolio variance in a naive
hedge. In chapter five we also investigate 24-month rolling hedge ratio, covariance
and variance. We observe that the majority of the contracts investigated exhibit
stable variance and covariance between spot freight rates -and FFA returns over the
in-sample period, while the out-of-sample time period indicate time varying variance
and covariance. One can assume that the hedger would be better of choosing a
dynamic strategy based on models that can account for the time-variation in the
joint-distribution. Further studies on this matter should be extended to finding
optimal hedge ratios making allowances for time varying conditional variances and
the covariance of spot freight rates and FFA returns.

Our results shows that FFA prices are unbiased predictors of subsequent spot freight
rates in 42 of 50 contracts we investigate across the four segments. FFA prices are
good forecasts of subsequent spot freight rates when considering contracts with short
forecasting horizons, for instance CUR and +1 contracts. The forecasts gets rapidly
more unstable when we increase the forecasting horizon by one month, although
that the unbiasedness hypothesis still holds for the majority of the contracts. This
applies to all four segments, and both model 4.8 and 4.9. Unit root tests reveals
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Chapter 7 Main conclusions

that the spot freight rates in absolute terms are not stationary. This means that the
results from model 4.8 and 4.9 must be interpreted with caution. To get around the
problem with nonstationary variables we estimated models in which the spot freight
rate change is estimated as a function of the basis (the difference between the FFA
price and the spot freight rate at time t). Our findings indicate that the basis is not
a stable tool for forecasting Capesize and Panamax spot freight rate changes. For
the majority of the contracts, the basis provides biased forecasts of spot freight rate
changes in the. The explanatory power of the basis is much higher in the Clean- and
Dirty tanker segments, low to medium in. The explanatory power increases when
we increase the forecasting horizon by using contracts with longer maturities. The
basis is relatively suited for forecasting spot freight rate changes in some routes, for
instance TC5 and TD5. The +5 contract basis for this contracts has a relatively
high R2 at around 0.60. In total the basis is unbiased predictors of the subsequent
spot freight rate change in 42 out of 50 contracts across the four segments.
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A. Appendix

A.1. Normality tests

Table A.1.1: Jarque-Bera test of log returns in Capesize, Panamax, Clean tanker and Dirty tanker
spot freight rate routes. Based on weekly observations. For a definition of time series period see
section 3.1 in chapter 3. Exel has a built-in correction that will give kurtosis equal to zero for a
normal distribution.
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A.2. F-test two-sample for variances in-sample

An F-test two sample for variance has been conducted. We wish to check for equality
between variances in two variables. F-ratios has been calculated using formula
F = σ2

1
σ2

2
. The larger of the two estimated variances is the numerator. By comparing

the F-value against critical F, we can decide to reject or not reject the null hypothesis
of equality in variancesGujarati (2003). The F-test two-sample for variances in -and
out-of-sample, have three null hypothesis:

• H0 = V ar(S)
V ar(h∗) = 1, variance spot is equal to variance in minimum variance

hedge ratio portfolio.

• H0 = V ar(h=1)
V ar(h∗) = 1, variance using naive portfolio is equal to variance in

minimum variance hedge ratio portfolio.

• H0 = V ar(S)
V ar(h=1) = 1, variance spot is equal to variance in naive portfolio.

Table A.2.1: Capesize in-sample F-test two-sample for variances. Minimum variance hedge ra-
tio(h*) is the OLS regressor from model 4.3, and h=1 represents a naive hedge. Var(h*) and
Var(h=1) denotes the variance of a portfolio calculated using formula 4.1 with continuously com-
pounded returns.
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A.2 F-test two-sample for variances in-sample

Table A.2.2: Panamax in-sample F-test two-sample for variances. Minimum variance hedge
ratio(h*) is the OLS regressor from model 4.3, and h=1 represents a naive hedge. Var(h*) and
Var(h=1) denotes the variance of a portfolio calculated using formula 4.1 with continuously com-
pounded returns.

Table A.2.3: Clean Tanker in-sample F-test two-sample for variances. Minimum variance hedge
ratio(h*) is the OLS regressor from model 4.3, and h=1 represents a naive hedge. Var(h*) and
Var(h=1) denotes the variance of a portfolio calculated using formula 4.1 with continuously com-
pounded returns.
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Table A.2.4: Dirty Tankers in-sample F-test two-sample for variances. Minimum variance hedge
ratio(h*) is the OLS regressor from model 4.3, and h=1 represents a naive hedge. Var(h*) and
Var(h=1) denotes the variance of a portfolio calculated using formula 4.1 with continuously com-
pounded returns.
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F-test two-sample for variances out-of-sample

Table A.2.5: Capesize out-of-sample F-test two-sample for variances. Var(h*) and Var(h=1) de-
notes the variance of a portfolio calculated using formula 4.1 with continuously compounded returns.

Table A.3.6: Panamax out-of-sample F-test two-sample for variances. Var(h*) and Var(h=1)
denotes the variance of a portfolio calculated using formula 4.1 with continuously compounded
returns.
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Table A.2.7: Clean Tanker out-of-sample F-test two-sample for variances. Var(h*) and Var(h=1)
denotes the variance of a portfolio calculated using formula 4.1 with continuously compounded re-
turns.

Table A.2.8: Dirty Tankers out-of-sample F-test two-sample for variances. Var(h*) and Var(h=1)
denotes the variance of a portfolio calculated using formula 4.1 with continuously compounded re-
turns.
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A.3 Unit-root tests

A.3. Unit-root tests

Table A.3.1: Capesize and Panamax: Augmented Dickey and Fuller(ADF) test. Computed for
time series used in the linear model(4.8) under section 6.1 in chapter 6. D-lag = number of lagged
differences, t-adf=t value on the lagged level, beta Y_1=coefficient on the lagged level, σ̂ =standard
error, t prob=significance of the longest lag, AIC=Akaike criterion, F-prob=significance level of
the F-test on the lags dropped up to that point.
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Table A.3.2: Clean -and Dirty tanker: Augmented Dickey and Fuller(ADF) test. Computed for
time series used in the linear model(4.8) under section 6.1 in chapter 6. D-lag = number of lagged
differences, t-adf=t value on the lagged level, beta Y_1=coefficient on the lagged level, σ̂ =standard
error, t prob=significance of the longest lag, AIC=Akaike criterion, F-prob=significance level of
the F-test on the lags dropped up to that point.
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A.4. Residual tests

Table A.4.1: Autocorrelation and hetroscedasticity test of residuals computed for time series used
in chapter 6. The table include all investigated routes.
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A.5. Forecasting using the linear model

Table A.5.1: Capesize: Estimation results using model 4.8 with monthly observations from 2005
to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0, β = 1.

Table A.5.2: Panamax: Estimation results using model 4.8 with monthly observations from 2005
to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0, β = 1.
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A.5 Forecasting using the linear model

Table A.5.3: Clean tanker: Estimation results using model 4.8 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.

Table A.5.4: Dirty tankers: Estimation results using model 4.8 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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A.6. Forecasting using the log-linear model

Table A.6.1: Dirty tankers: Estimation results using model 4.9 with monthly observations from

2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,

β = 1.

Table A.6.2: Dirty tankers: Estimation results using model 4.9 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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A.6 Forecasting using the log-linear model

Table A.6.3: Dirty tankers: Estimation results using model 4.9 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.

Table A.6.4: Dirty tankers: Estimation results using model 4.9 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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A.7. Forecasting using the basis model

Table A.7.1: Dirty tankers: Estimation results using model 4.10 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.

Table A.7.2: Dirty tankers: Estimation results using model 4.10 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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Table A.7.3: Dirty tankers: Estimation results using model 4.10 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.

Table A.7.4: Dirty tankers: Estimation results using model 4.10 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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A.8. Forecasting performance of the log basis model

Table A.8.1: Dirty tankers: Estimation results using model 4.11 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.

Table A.8.2: Dirty tankers: Estimation results using model 4.11 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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A.8 Forecasting performance of the log basis model

Table A.8.3: Dirty tankers: Estimation results using model 4.11 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.

Table A.8.4: Dirty tankers: Estimation results using model 4.11 with monthly observations from
2005 to 2012. T-values are heteroskedastic and autocorrelation consistent (T-HACE). H0: α = 0,
β = 1.
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