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Key Points

T

his paper introduces the World Crude Oil Storage Index (COSI). The COSI is designed to be a
benchmark for crude oil trading, hedging and investments for market participants. It can also provide
advance signals for energy policy, which can then be used to rebalance global and regional oil markets
and energy transitions. The COSI demonstrates the following features:
Novel methodology: It is built on both price and volume inputs, which define the relative stored
quantities of benchmark crudes in the major hubs — Fujairah (Dubai), Louisiana Offshore Oil Port
(West Texas Intermediate) and Rotterdam (Brent) — included in the COSI. The price component of the
COSI is determined by a location-based spread-option approach.
Ability to anticipate market shifts: The autoregressive distributed lag model shows that the Index,
especially its fixed variant, can forecast crude oil prices two or three periods (days) in advance.
Applicability as a trading tool: Back testing and future performance simulations suggest that using a
trend algorithm based on the Index would outperform the buy-and-hold strategy.
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Summary

T

he global oil market dwarfs other commodity
markets. Its size and role in the energy
and industrial value chains underscore its
significant economic and geopolitical impacts. Thus,
the consequences of oil price fluctuations extend
far beyond the oil industry and can be viewed as a
barometer of trends in the global economy. Several
oil price benchmarks currently compete in the global
market. The most popular ones, such as Brent or
West Texas Intermediate (WTI), are backed by a
sufficient supply of the underlying crude. They also
meet the criteria for efficient trading, hedging and
speculating — including having sufficient liquidity,
developed futures markets, low transaction costs
and strong institutional support.

approach to estimate the implied convenience yield
or shadow price of storage at a given location.
This shadow price of storage reflects the amount
a market player would need to pay to secure the
right to purchase crude oil from a major benchmark
supplier at the nearest major international port
storage hub. The LSO approach incorporates all
the information found in the futures curves for all the
major competing crudes. As a result, it can account
for the implied volatility of prices across the spectrum
of relative crude oil streams.

A broad range of models and techniques have
been developed to analyze and forecast oil price
movements. The variables applied to explain
the fluctuations in oil prices cover oil market
fundamentals, macroeconomic indicators and
technical analysis patterns, among others. However,
a definitive oil price model remains elusive,
and extensions of the forecast horizon tend to
exponentially increase the uncertainty in existing
models. The current state of oil price modeling has
the potential for further refinement and is conducive
to testing other factors as potential variables.

Diversification: by representing three major oil
price benchmarks and restricting the volume
component of each to a maximum of 70%.

This paper introduces a novel oil price indicator called
the World Crude Oil Storage Index (the “COSI”). It
uses both price and volume information to determine
the relative quantities of benchmark crudes included
in the COSI. The volume component of the COSI
represents daily estimates of the volume of crude
oil stored at the primary storage locations for the
three main pricing benchmarks: Fujairah (Dubai),
Rotterdam (Brent) and Louisiana Offshore Oil Port
(LOOP; WTI Cushing). The price or value element
is determined using a location spread-option (LSO)

The COSI is designed to reflect the price and value
of global crude oil storage by meeting the following
criteria:

Economic relevance: by capturing the price and
volume components of crude oil storage — one
of the major factors defining the state of the
global oil market.
Continuity: by applying the chained index
methodology.
Liquidity: by restricting the COSI components to
most tradable crude oils that transact on major
exchanges.
To assess the performance of the COSI, we compare
the performance of various formulations thereof,
including the Laspeyres, Paasche and Fisher
methods for both fixed-base and chained variations.
We do so through a series of tests constructed to
determine the number of favorable or desirable
properties. In the next phase, we test the potential
applications of the COSI using the following models:
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The autoregressive distributed lag model (ARDL)
to assess its ability to forecast future crude oil
prices, and

crude oil prices. This suggests that the COSI has
potential applications for market participants and
policymakers as a leading indicator of market trends.

A technical trading algorithm for back testing and
future performance simulations.

The results of the walk-forward portion of the
analysis, performed on a test set of data from August
21, 2018 to May 21, 2020, also show that a trader
using a simple trend algorithm based on the COSI
would have significantly outperformed a simple,
unhedged buy-and-hold strategy throughout the initial
COVID-19 demand shock.

The results of the ARDL predictive regressions
suggest that the Paasche is slightly better than the
Laspeyres Index in predicting crude oil benchmarks.
For all three indices, the fixed base period index
has slightly better forecasting ability. In particular,
regressions using the fixed base period indices
demonstrate the COSI’s ability to forecast crude oil
prices two or three periods (days) in advance.
In the second simulation, all three major benchmarks
were used to evaluate the performance of a simple
trend-following strategy for a variety of lookback
periods — 5, 10, 15 and 20 days — using a holding
period of 20 days per trade.
The back-tested results (based on data from
December 22, 2015 to August 20, 2018) suggest
that a trader using a simple trend algorithm based
on the COSI would have significantly outperformed
the simple, unhedged buy-and-hold strategy. The
chained Paasche Index also shows large upward
spikes a few days prior to a significant trend shift in

These results demonstrate the applicability of the
World Crude Oil Storage Index as a tool for analyzing
and trading around benchmark crude oil prices or
hedging price movements. It can also be used by
oil producers/exporters to monitor and adjust the
global and regional market balance. Potential future
steps in this line of research could include testing the
COSI against other oil benchmarks and indicators
(exchange traded funds, exchange traded notes,
etc.), various hedging and trading strategies and oil
price volatility. Future research could also investigate
alternative Index aggregation criteria based on oil
import and storage volumes, geographic location
and common jurisdiction, and the prevalence of
a particular oil benchmark in a given region or
sub-region.
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Introduction

T

he global oil market dwarfs the market for
all major metals combined. The sheer size
of the market and the key role it plays in the
energy and industrial value chains prove its capacity
for creating significant economic and geopolitical
impacts. The oil price can be viewed as a barometer
of trends in the global economy. The consequences
of oil price fluctuations extend far beyond the oil
industry. However, while numerous attempts have
been made to understand, formalize and quantify
the implications of oil price shocks by industry
participants, policymakers and academics across
the world, few have been successful.
To further complicate matters, there are numerous
oil price benchmarks serving as reference prices
for contracts and reflecting various specifications
of crude, production and delivery locations around

the world. The three primary ones are Brent Crude,
West Texas Intermediate (WTI) and Dubai/Oman.
Brent refers to the light sweet oil produced in the
North Sea, which can be easily shipped to Europe
and other regions. WTI is the main benchmark for
oil in the United States (U.S.) and refers to the very
light sweet oil produced in the U.S. and delivered to
Cushing, Oklahoma. Dubai/Oman oil is heavier, with
higher sulfur content. It is produced in the United
Arab Emirates and Oman and primarily delivered to
Asian markets. In addition to indicating the distinct
qualitative characteristics and sufficient supply of
the underlying crude, these benchmarks meet the
criteria for efficient trading, hedging and speculating
— including demonstrating sufficient liquidity,
developed futures markets, low transaction costs
and strong institutional support.

Different Varieties of Crude Oil: WTI is considered to be a high-quality crude oil because it is
lightweight (or low density) and has low sulfur content. It is often referred to as a “light, sweet crude
oil.” This is a very desirable quality in crude oil as it is easier for refineries to make gasoline and diesel
fuel with light, sweet crude grades. By contrast, the UK Brent blend is ‘heavier’ than WTI but still of
high enough quality to produce gasoline for automobiles (Amadeo and Brock 2021). Dubai/Oman is of
slightly lower quality, or grade, than WTI and Brent, and it has high sulfur content, placing it in the class
or category of crude oils known as “sour.” The presence of sulfur in the crude oil stream makes it more
difficult and expensive to refine.
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The competition to be the top global benchmark
is fierce. China, the top oil importer globally, has
recently launched an RMB-denominated contract
on the Shanghai International Energy Exchange.
The Abu Dhabi National Oil Company has also
recently made its Murban crude freely tradable by
introducing the Murban Futures contract on the new
ICE Futures Abu Dhabi commodities exchange. Abu
Dhabi is hoping that Murban crude will be the major
benchmark for Middle East crudes (Di Paola 2021).
While both Murban and Shanghai have been gaining
some traction, Brent, Dubai and WTI remain the
dominant global price benchmarks. Table 1 shows
the major characteristics of the four market crudes.
Major oil price indices and their futures are not
exclusive in their reflection of oil price movements.
Traders, hedgers and speculators can use a variety
of market instruments to bet on the direction of
oil prices. These may include equities and bonds
from oil producing and integrated oil companies,
oil-centered exchange traded funds (ETFs) and
exchange traded notes (ETNs), derivatives such as

options and swaps, and the currencies of major oil
exporting countries paired against the US$, in which
the major benchmarks are denominated.
A wide variety of factors affect the movement of
oil prices. As a result, many factors have been
used in the formulation of quantitative retrospective
or forecasting models. These factors cover the
fundamentals of the oil market and describe the
state of the industry. A non-exhaustive list of such
indicators includes oil supply and demand, capital
expenditures, storage levels, convenience yields,
refinery utilization, rig counts, geopolitical factors
and seasonal weather patterns. These factors are
usually supplemented by a host of macroeconomic
indicators. Fundamental oil price models typically
include GDP, the U.S. Dollar Index, seasonality,
various measures of inflation, the risk-free interest
rate, the S&P 500 index, the stock market volatility
index, the Bloomberg commodity index (Bloomberg
2018) and other commodity indices as independent
variables.

Table 1. Comparison of major crude oil price benchmarks.
Benchmark
Location / Delivery
point

Cushing, Oklahoma North Sea: Brent,
Forties, Oseberg
and Ekofisk

Loading port,
consistent with
current terminal
operations

API gravity
Sulfur content
Major exchange

39.6
0.24%
New York
Mercantile
Exchange
US$
954,494

38.0
0.37%
Intercontinental
Exchange

31.0
2.0%
Intercontinental
Exchange, Dubai

US$
924,128

US$
18,037

Shanghai Oil
Futures Contract
Delivery storage
facilities designated
by the Shanghai
International Energy
Exchange
32.0
1.5%
Shanghai
International Energy
Exchange
RMB
294,665

2,444,704

2,641,311

247,705

319,087

Currency
Volume, lotsᵅ (FEB
08)
Open interest (FEB
08)

WTI

Brent

Dubai / Oman

Murban
Fujairah, UAE

39.9
0.78%
Intercontinental
Exchange, Abu
Dhabi
US$
6,625ᵇ
41,000ᵇ

ᵅ The contract size equals 1,000 barrels.
ᵇ Daily average during the first operating month.
Sources: CME Group (2021), ICE (2021c) and INE (2021).
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However, it can be argued that even this plethora of
potential oil price drivers is insufficient in explaining
oil price fluctuations. For instance, the magnitude
and speed of the decline in WTI futures during the
2008 crisis or their freefall into the negative territory
in 2020 cannot be fully explained by industry and
macroeconomic factors alone.
The global oil market has been significantly
financialized in recent years. The ‘paper market’ for
futures-only contracts trades at 28 times the volume
of daily oil consumption (ICE 2021b). Therefore,
the impact of hedgers and speculators must also
be accounted for. This can be done by tracking the
current net positions of these groups along with
more sophisticated coefficients, such as hedging
pressure and leverage ratio (see KAPSARC 2021).
Technical analysis provides policymakers with an
alternative approach to analyzing the fundamental
and financial factors that affect oil prices. It relies
on charts and indicators (moving averages, moving
average convergence/divergence, relative strength
indicator, etc.) to identify trends and patterns that
may provide guidance on price direction.

A number of complex, multi-factor oil price models
combine independent variables from the various
areas listed above. In recent years, such efforts
have been enhanced by cutting-edge techniques
such as machine learning and artificial intelligence
algorithms. However, a definitive oil price model
remains elusive, and extensions of the forecast
horizon tend to exponentially increase the
uncertainty in existing models. Thus, the current
state of oil price modeling presents a potential for
further refinement and is conducive to testing other
factors as potential variables.
This paper introduces a novel oil price indicator
called the World Crude Oil Storage Index (“COSI”
or the “Index”) derived from the spread option
value (SOV) of crude oil storage at a particular
geographical location. Previous research (Considine
et al. 2020) has shown that the SOV is more efficient
than the conventional convenience yield and
cost-of-carry approaches in determining the oil
market structure — defined as the basis of the
corresponding degree of contango/backwardation.
In the following sections we show that it can also be
an effective tool in devising oil trading strategies.

The cost of carry refers to the total costs incurred as a result of holding a commodity in storage, or
equivalently, the net yield from carrying the underlying asset. It can be estimated by the basis, or the
difference between the spot price and forward price of crude oil, and it includes the physical expenses
of storing the commodity at a given point in time, any necessary insurance, relevant interest expenses
(such as for bonds, margin accounts or loans) and the opportunity cost associated with taking the
position.
The convenience yield is the benefit or premium associated with holding an actual barrel of crude oil
rather than holding the associated derivative or futures curve. For example, consider purchasing a barrel
of crude oil instead of a futures contract. If there is a sudden oil shock and the price of oil rises, the
convenience yield would be the difference between the cost of the crude and the price after the shock.
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Construction of the COSI
The COSI is designed to be a comprehensive and
diversified benchmark reflecting the price or value of
global crude oil storage. The COSI incorporates four
main tenets in its design:
•

Diversification

•

Economic Relevance

•

Continuity

•

Liquidity

(1) Economic Relevance
In an ideal world, a global storage index should
represent the aggregate importance of the diverse
group of crude oil supplies stored in facilities around
the world to the global oil industry. To achieve a fair
representation of the different types of crude oil,
the COSI uses both price and volume information
in determining the relative quantities of benchmark
crudes to be included. The inclusion of both market
price and volume data ensures a fair representation
of the value placed on storage by physical and
financial market participants.
To be precise, the COSI employs daily estimates of
the volume of crude oil stored at the primary storage
locations for the three main pricing benchmarks —
Fujairah (Dubai), Rotterdam (Brent), and Louisiana
Offshore Oil Port (LOOP; WTI Cushing) — to
determine the relative quantities of the storage
prices to be included in the Index.
The price or value component of the COSI
is determined using a location spread-option

(LSO) based approach to estimate the implied
convenience yield or shadow price of storage at a
given location. As described in detail in Considine
et al. (2020), this shadow price of storage reflects
the amount a market player would pay to secure the
right to purchase crude oil from a major benchmark
supplier at the nearest major international ‘port’
storage hub (Carmona and Durrleman 2003). This,
in turn, will depend on the price of crude oil supplies
from other global competitors and can be estimated
as a simple European spread option. The LSO
approach incorporates all the information found
in the futures curves for all the major competing
crudes. As a result, it is able to account for the
implied volatility of prices across the spectrum of
relative crude oil streams.
The formulation employed in the storage valuation
methodology is described in detail in Appendix A
and in Considine et al. (2020).

(2) Diversification
A global storage index should provide a fair
representation of the storage conditions existing
across all crude oil producing and consuming
regions around the world. As far as possible, the
COSI should take into account all of the different
varieties of crude oil supplies at all the major storage
hubs.
While there are over 160 different types of crude
oil traded around the world, the prices of most are
pegged or referenced in some way to these three
primary benchmarks: WTI, Brent Blend and Dubai
Crude (Pankratyeva 2019). The COSI is constructed
to reflect the relative importance of all three primary
crude oil indices to financial markets, thereby
providing a fair representation of these regions.
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Figure 1. Three major benchmarks and the regions and crudes they represent.

Denotes areas that have adopted Brent-based pricing.
Source: ICE (2021a).

At the same time, the COSI has been constructed in
such a way as to ensure that no single benchmark
group carries a disproportionate weight. This will
ensure that none of the regions represented by the
three major benchmarks will be able to dominate,
which would give localized disturbances the potential
to increase volatility, negating the concept of a global
storage index. In the COSI calculations, no single
benchmark storage volume can account for more 70
percent of the total volume.

Figure 2 illustrates the maximum weights for
the benchmark storage hubs witnessed from
January 1, 2014 to July 28, 2020. The weights are
calculated as a percent of the maximum volumes at
Fujairah, Rotterdam and LOOP, divided by the total
maximum volume at all three locations. These are
representative of the market share of the benchmark
hubs, with Brent accounting for approximately two
thirds of all crude oil contracts around the world.
However, no single storage hub will be able to
dominate the COSI, creating a diversified index.
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Figure 2. The World Crude Oil Storage Index — maximum weights.
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Source: KAPSARC (2021).

(3) Continuity
The COSI has been designed to fully reflect the
changing conditions of world oil markets in such a
way as to preserve the character and continuity of
the COSI from year to year. The intent is to provide
an accurate and consistent indication of the shadow
price of storage through time, providing users
with a stable indicator based on a structure that is
sufficiently flexible to accommodate severe market
disruptions and that will remain consistent throughout
the life of the COSI.
A number of index features have been adopted
specifically to ensure the continuity of the COSI.
These include the use of the three primary
benchmarks and diversification rules specified above
as well as the use of a chained index methodology
— as opposed to one based on a fixed base period.
While a traditional index provides a value that is
expressed against a fixed base period, a chain
index gives the value relative to the period of time
immediately preceding it. As a result, the COSI is

capable of reflecting changes in the volume desired
by consumers of crude oil supplies as well as
changes in price, thereby capturing the effects of
regional market disruptions and providing a more
accurate description of the shadow price of global
storage (Ng and Wessel 2017).
For example, consider the impact of a significant
market disruption to crude oil supplies in
Northeastern U.S. Significant drawdowns in storage
at the LOOP would be accompanied by higher
WTI prices at the time of the disruption. A fixed
weight storage index would assume that the volume
of storage would be unchanged from the base
period and would therefore compute a significantly
higher global storage index. The chained index, by
contrast, would take the reduced storage volumes
into account, resulting in a lower or more globally
balanced global storage index. In general, the
chained index amplifies short-term changes in
underlying market conditions, while the fixed index
captures longer-term market shifts (see Figure 3).
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Figure 3. Distinctions between chained and fixed indices in representing market trends.
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(4) Liquidity
The last goal of the COSI is to provide a market
indicator based on highly liquid financial prices and
instruments. The liquidity condition reduces the
transaction costs associated with ‘trading’ around
the COSI (for hedging purposes) and ensures the
reliability of historical price performance data. Any
market distortions, or inefficiencies with the potential
to create distortions, in the performance of the COSI
will be minimized by weighting distributions that
reflect actual liquidity in world oil markets.
The COSI is restricted to liquid (tradable) crude oils
that transact on major exchanges with two major
benchmarks — Brent and WTI, which comprise the
majority of the COSI inputs. Less liquid crudes, the

contribution of which is embedded in the LSO, carry
less weight than do the major ones.

Calculation of the COSI
The COSI is an economic indicator for the world oil
industry. It is effectively a measure of the aggregate
value of storage in the world economy. The COSI
can warn governments, businesses and commodity
traders about future changes in the stability of world
oil markets and can act as a leading indicator of
impending movements in world oil prices.
As mentioned previously, the representative or market
basket used to compute the COSI is the weighted
average of the shadow price of storage at the three
primary storage hubs — Rotterdam, Fujairah and
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the LOOP. These three storage hubs were carefully
selected to represent the major markets around the
world, thereby reflecting the general value of crude oil
storage.

oil in above-ground tanks is about five times more
expensive than in salt caverns ($15-18 vs. $3.5
per barrel in capital costs). During extreme market
conditions when storage tanks fill up, market
participants deploy unconventional oil storage
options, including floating storage tankers, rail cars
and even pipelines (Agresta 2020). While these
storage options are more expensive than ground
tanks, it is difficult to assign such floating capacity to
a particular location. Consequently, tank storage is
the last to fill up and the earliest to empty, reflecting
the marginal barrel — that is, the scarcity and surplus
of crude oil in a particular storage hub.

As the true volume of storage around the world is
unknown, and perhaps unknowable, the level of tank
storage can be considered the marginal storage
barrel. Thus, it is used as a proxy for the true level
of storage at the representative hubs. The cost of
floating tank storage is among the highest of all
available conventional storage facilities. According
to the U.S. Department of Energy (2021), storing

Figure 4. Global crude oil onshore and floating storage (mb).
Global crude oil onshore and ﬂoating storage (mb)
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The relationship between floating storage and
storage in tanks at the LOOP, Rotterdam and Fujairah
is shown in Figure 4. Data for the volume of storage
at the hubs for the primary benchmarks are given in
the form of daily inventory data from January 1, 2014
to July 28, 2020, obtained from Orbital Insight (2020).
The sample was shortened to December 21, 2015 to
July 28, 2020 to accommodate disruptions to the data
set attributed to the addition of new satellites and
expanded coverage by Orbital Insight.
The SOV data series were produced for the same
time sample using the methodology from Considine
et al. (2020). Key data inputs for the SOV calculation
include:
•

Daily values for key benchmarks in storage hubs
(WTI, Brent and Dubai crudes) sourced from
Bloomberg (2020).

•

Daily values for competing crudes, including
Canadian Light Sweet and Bonny Light (AER
2020), Arab Light to the U.S., Arab Light to the
EU, Arab Medium to Asia, Urals Mediterranean,
Heavy Louisiana Sweet, Light Louisiana Sweet
and Kozmino Eastern Siberia-Pacific Ocean
(ESPO; Bloomberg 2020).

•

•

•

Cost of capital: central bank rates in effect on
each day for the UAE (CEIC Data 2020) and
U.S. (Trading Economics 2020) as well as the
EURIBOR 1-month rate (Triami Media 2020).
Transportation costs of Canadian Light Sweet
oil to the ports: pipeline and rail tariffs in effect
on a particular day (Canada Energy Regulator
2020; Bloomberg 2020; ICE 2020; Argus 2020;
Personal interviews with Diamond A Venture).
Shipping costs: weekly spot freight rates taken
from Clarksons Research (2020) for crude oil
tankers.

•

Daily storage costs at the LOOP (Bloomberg
2020).

Detailed data inputs and sources for the three
locations are listed in Appendix E.
The growth in crude oil storage, or any other nominal
aggregate value such as the GDP or consumer
price index, comprises two elements: a price effect
due to inflation and a volume effect that represents
changes in the quantity, quality and composition of
the aggregate. The volume effect is generally referred
to as the ‘real’ series, such as real GDP, and can be
used to indicate changing conditions in an economy
or market, like the global oil industry.
The nominal value of global storage (COS)
represents the sum of storage quantities at the major
storage hubs, evaluated in U.S. dollars, at the prices
or shadow values of that storage at a given period in
time. This sum can be expressed as

𝑪𝑪𝑪𝑪𝑪𝑪 = & 𝒑𝒑 ∗ 𝒒𝒒 ,

(1)

or the sum of the quantity of oil stored at the three
primary storage hubs times their respective shadow
prices. The change in the nominal COS between any
two time periods, say period 0 and period t, can be
expressed as an index by the following formula:

𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂 = ∆𝐂𝐂𝐂𝐂𝐂𝐂𝐭𝐭# =
𝟎𝟎

∑𝟑𝟑𝐢𝐢&𝟏𝟏 𝐩𝐩𝐭𝐭 𝐢𝐢 𝐪𝐪𝐭𝐭 𝐢𝐢

∑𝟑𝟑𝐢𝐢&𝟏𝟏 𝐩𝐩𝟎𝟎𝐢𝐢 𝐪𝐪𝟎𝟎𝐢𝐢

,

(2)

where
𝑝𝑝!! ≡ the world crude oil storage index
COSI
𝑝𝑝!! ≡ the shadow price of storage at primary storage

hub i at time t
𝑝𝑝!! ≡ the shadow price of storage at primary storage
hub i at time 0
𝑞𝑞!! ≡ the quantity at primary storage hub i at time t
𝑞𝑞!! ≡ the quantity at primary storage hub i at time 0
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The change in crude oil storage given by formula 2
can be divided into two separate effects: (i) a price
effect caused by the change in prices and (ii) a
volume effect caused by the change in quantities. As
the quantities of crude oil at the three primary storage
hubs cannot be added because of differences in the
quality and gravity of the crudes, they must be valued
using a common unit of exchange, the U.S. dollar.
Once multiplied by their prices, the quantities of the
various types of crude oil can be aggregated through
simple addition, despite the differences in quality.
There are a variety of methods that can be used to
aggregate the components of a nominal quantity,
which is made up of a number of diverse components
such as GDP or global crude oil storage. The three
most basic formulae used to calculate price and
volume indices are the Laspeyres, Paasche and
Fisher methods.

The Fixed-base Laspeyres
Storage Index
The Laspeyres index was designed by the German
statistician Etienne Laspeyres in the early 1900s in
an attempt to analyze changes in the prices and/
or quantities of a group of products or commodities
relative to a fixed base-year period. The COSI is
calculated to give each product or quantity in a
group — such as GDP — its own weight, reflecting
its unique contribution or importance in the global
universe of that particular grouping of commodities.
The price effect can be measured by taking the
volumes in a given time period, or on a given day
(0), and multiplying them by the prices of crude oil
at two different time periods, time (0) and time (t). In
this example, volumes are fixed in time and only the
prices are permitted to change, thereby effectively
removing the volume effect from the equation.
This calculation is illustrated by Equation (3), the
fixed-base Laspeyres Storage Index:

𝑳𝑳_𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕/𝟎𝟎 =

∑ 𝒑𝒑𝒕𝒕𝒊𝒊 ∗ 𝒒𝒒𝟎𝟎𝒊𝒊
,
∑ 𝒑𝒑𝟎𝟎𝒊𝒊 ∗ 𝒒𝒒𝟎𝟎𝒊𝒊

(3)

where
𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶!/# ≡ the Laspeyres world crude oil storage
index at time t for base time 0
𝑝𝑝!! ≡ the shadow price of storage at primary storage
hub i at time t
𝑝𝑝!! ≡ the shadow price of storage at primary storage
hub i at time 0
𝑞𝑞!! ≡ the quantity at primary storage hub i at time 0

This calculation clearly depends on the level of
storage volumes at the base time (0), and as a
result, it can easily become biased if there is a
change in the volume at any one of the major
storage hubs. Such changes could be caused
by regional supply shocks or long-term structural
disruptions, such as technical change, new
discoveries, the addition of new oil storage facilities
and even the maintenance of existing facilities.
An easy way to solve this problem and minimize
existing and future bias is to rebase the COSI
periodically to reflect changes in the storage regime
(Wilson 2003). In fact, there are two basic strategies
for constructing an index series: base and chain.
Both strategies can be applied to any index number
formula so that both the formula and construction
strategy are independent phases in the construction
of the series (Vartia 2010).
As mentioned previously, the chained indexing
methodology requires frequent rebasing of the
COSI, resulting in a more globally balanced
global storage index. In short, the rebasing of the
COSI can be done in each time period to reflect
the increase in the value of storage according to
the volumes provided in the period before. The
chained Laspeyres world storage index is given by
Equation (4):
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∑ 𝒑𝒑𝒕𝒕𝒊𝒊 ∗ 𝒒𝒒(𝒕𝒕"𝟏𝟏)𝒊𝒊
𝑳𝑳_𝑪𝑪𝑪𝑪𝑪𝑪 𝒕𝒕 =
						
(4)
∑ 𝒑𝒑(𝒕𝒕"𝟏𝟏) ∗ 𝒒𝒒(𝒕𝒕"𝟏𝟏)
𝒕𝒕"𝟏𝟏
𝒊𝒊

𝒊𝒊

Note, a chained index can be easily adapted to
cover several time periods (A = 1,2,3,…n) by simply
multiplying the results from each successive time
period together, as shown in Equation (5).

𝑳𝑳𝑪𝑪𝑪𝑪𝑪𝑪 𝑨𝑨 =

∑ 𝒑𝒑𝟏𝟏𝒊𝒊 ∗ 𝒒𝒒𝟎𝟎𝒊𝒊
∑ 𝒑𝒑𝟐𝟐𝒊𝒊 ∗ 𝒒𝒒𝟏𝟏𝒊𝒊
𝒙𝒙
∑ 𝒑𝒑𝟎𝟎𝒊𝒊 ∗ 𝒒𝒒𝟎𝟎𝒊𝒊
∑ 𝒑𝒑𝟏𝟏𝒊𝒊 ∗ 𝒒𝒒𝟏𝟏𝒊𝒊

						(5)
∑ 𝒑𝒑𝒏𝒏𝒊𝒊 ∗ 𝒒𝒒(𝒏𝒏*𝟏𝟏)𝒊𝒊
𝒙𝒙 … . . 𝒙𝒙
∑ 𝒑𝒑(𝒏𝒏*𝟏𝟏)𝒊𝒊 ∗ 𝒒𝒒(𝒏𝒏*𝟏𝟏)𝒊𝒊

The Paasche World Storage
Index
The Paasche index was designed by the German
economist and political scientist Hermann Paasche
in the early 1900s as part of an effort to develop
a national statistical index to analyze the German
sugar industry (Paasche 1905). It is remarkably
similar to the Laspeyres index in every aspect
but one. The Paasche index uses current period
weighting to compare the total cost of a specific
bundle of products with the value of those same
products at base period prices. In mathematical
terms, the Paasche index is the reciprocal of the
Laspeyres index, and it can be chained in exactly

		

the same way. The basic formula for the Paasche
world storage index is shown in Equation (6):

∑ 𝒑𝒑𝒕𝒕𝒊𝒊 ∗ 𝒒𝒒𝒕𝒕𝒊𝒊
						(6)
𝑷𝑷_𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕/𝟎𝟎 =
,
∑ 𝒑𝒑𝟎𝟎𝒊𝒊 ∗ 𝒒𝒒𝒕𝒕𝒊𝒊

where
𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶!/# ≡ the Paasche world crude oil storage

index at time t for base time 0
𝑝𝑝!! ≡ the shadow price of storage at primary storage

hub i at time t
𝑝𝑝!! ≡ the shadow price of storage at primary storage
hub i at time 0
𝑞𝑞!! ≡ the quantity at primary storage hub i at time t

This index tends to understate price increases
because the quantity effects of the price changes
will already be reflected in the current volumes,
leading to some double counting in the COSI. These
small differences add up over time. Figure 5 shows
the Laspeyres and Paasche world storage indices,
calculated daily from December 2015 to June 2021.
The cumulative sum of the differences, Laspeyres
minus Paasche, is shown on the right-hand vertical
axis. Although daily differences are quite small,
and not clearly visible, the cumulative sum of these
differences rises over time, reaching $19.41 by May
22, 2021. This longer-term divergence can help
single out the most relevant indexing approach to
identifying and monitoring market trends.
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Figure 5. Cumulative sum of the differences between the Laspeyres and Paasche indices.
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The Fisher World Storage
Index
The Fisher index was designed by Irving Fisher, an
American economist and statistician, in an effort
to correct for the existence of positive bias in the
Lasperyres index and negative bias in the Paasche
index. As illustrated previously, a Laspeyres volume
index tends to report a larger price effect than the
Paasche index does over time. This is because
price and quantity are negatively related. When
crude oil becomes more expensive, it is replaced
by similarly graded crude oil supplies or substitute
fuels that are less expensive. By comparing current
to base-year prices using fixed base-year quantities,
the Laspeyres index ignores the substation effect
of falling demand for the product and tends to
overestimate the price effect, setting an upper limit
for a theoretically ‘perfect’ price index. By contrast,
the Paasche index tends to underestimate the price

effect, setting an effective lower limit for the ‘perfect’
price index.
An ideal, theoretically unbiased index will lie
somewhere between the two indices. The Fisher
index is a simple geometric mean of the two
indices and is shown in Equation (7). Its success
in correcting these biases has earned it the
distinguished title of the ‘ideal’ price index (Jazairi
1972).

𝑭𝑭𝑪𝑪𝑪𝑪𝑪𝑪 𝒕𝒕 = #𝑳𝑳𝑪𝑪𝑪𝑪𝑪𝑪 𝒕𝒕 ∗ 𝑷𝑷𝑪𝑪𝑪𝑪𝑪𝑪 𝒕𝒕
𝟎𝟎
𝟎𝟎
𝟎𝟎
						
∑ 𝒑𝒑𝒕𝒕𝒊𝒊 ∗ 𝒒𝒒𝟎𝟎𝒊𝒊 ∑ 𝒑𝒑𝒕𝒕𝒊𝒊 ∗ 𝒒𝒒𝒕𝒕𝒊𝒊
= (
∗
,
∑ 𝒑𝒑𝟎𝟎𝒊𝒊 ∗ 𝒒𝒒𝟎𝟎𝒊𝒊 ∑ 𝒑𝒑𝟎𝟎𝒊𝒊 ∗ 𝒒𝒒𝒕𝒕𝒊𝒊

(7)

where
𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶!/# ≡ the Fischer world crude oil storage index
at time t for base time 0
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The Fisher index has a number of desirable
properties. These are centered on the fact that
Fisher’s selection process was based on two formal
tests: time and factor reversal (Jazairi 1972). The
time reversal test requires the ideal or perfect index
to be reversible over time, so the COSI between
time t and time 0 is equal to 1 divided by the COSI
between time 0 and time t, as shown in Equation (8).

𝑭𝑭_𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕/𝟎𝟎

𝟏𝟏
=
𝑭𝑭_𝑪𝑪𝑪𝑪𝑪𝑪𝟎𝟎/𝒕𝒕

(8)

The factor reversal test states that the product of
the price and volume indices is equal to the value
ratio index, or the COSI of change in current values
between time k and base time j:

∑ 𝒑𝒑𝒌𝒌𝒊𝒊 ∗ 𝒒𝒒𝒋𝒋𝒊𝒊 ∑ 𝒑𝒑𝒌𝒌𝒊𝒊 ∗ 𝒒𝒒𝒌𝒌𝒊𝒊
𝑭𝑭𝑪𝑪𝑪𝑪𝑪𝑪 𝒌𝒌 ∗ 𝑭𝑭𝑸𝑸𝑪𝑪𝑪𝑪𝑪𝑪 𝒌𝒌 = %
∗
'𝒋𝒋
∑ 𝒑𝒑𝒋𝒋𝒊𝒊 ∗ 𝒒𝒒𝒋𝒋𝒊𝒊
∑ 𝒑𝒑𝒋𝒋𝒊𝒊 ∗ 𝒒𝒒𝒌𝒌𝒊𝒊
𝒋𝒋

∑ 𝒑𝒑𝒋𝒋𝒊𝒊 ∗ 𝒒𝒒𝒌𝒌𝒊𝒊 ∑ 𝒑𝒑𝒌𝒌𝒊𝒊 ∗ 𝒒𝒒𝒌𝒌𝒊𝒊
∑ 𝒑𝒑𝒌𝒌𝒊𝒊 ∗ 𝒒𝒒𝒌𝒌𝒊𝒊 𝒄𝒄𝒌𝒌𝒌𝒌
∗%
∗
=
=
,
∑ 𝒑𝒑𝒋𝒋𝒊𝒊 ∗ 𝒒𝒒𝒋𝒋𝒊𝒊
∑ 𝒑𝒑𝒌𝒌𝒊𝒊 ∗ 𝒒𝒒𝒋𝒋𝒊𝒊
∑ 𝒑𝒑𝒋𝒋𝒊𝒊 ∗ 𝒒𝒒𝒋𝒋𝒊𝒊
𝒄𝒄𝒋𝒋𝒋𝒋

𝑝𝑝!! ≡ the shadow price of storage at primary storage
hub i at time k
𝑞𝑞!! ≡ the quantity at primary storage hub i at base
time j

𝑞𝑞!! ≡ the quantity at primary storage hub i at time k
𝑐𝑐!!
≡ the value ratio index for time k, base time j
𝑐𝑐""

If both factor reversal and time reversal hold, then

𝑭𝑭_𝑪𝑪𝑪𝑪𝑪𝑪𝒌𝒌/𝒋𝒋 ∙ 𝑭𝑭_𝑪𝑪𝑪𝑪𝑪𝑪𝒋𝒋/𝒌𝒌 = 𝟏𝟏

(10)

The COSI is often said to be perfect because it
can be verified quite easily. If you multiply the
volume and price indices for world oil storage, you
!!!
will get the value ratio index, !"" . The Laspeyres
and Paasche indices do not have either of these
properties.

(9)

where
𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶!/# ≡ the Fisher world crude oil storage index
(price index) at time j for base time k

𝐹𝐹_𝑄𝑄_𝐶𝐶𝐶𝐶𝐶𝐶!# ≡ the Fisher world crude oil storage
"

index (volume index) at time j for base time k

𝑝𝑝!! ≡ the shadow price of storage at primary
storage hub i at base time j

The additivity test: The additivity test states that an index is desirable if it satisfies the following
condition: changes in the sub-aggregates of a quantity index add up to the changes in the totals.
Both the Laspeyres and Paasche quantity indices use a common set price to value quantities in both
periods, which must by definition satisfy the additivity test. Fischer, which is the geometric mean of
Laspeyres and Paasche, does not (ILO 2004). Additivity can be extremely useful when considering the
contribution of the individual components of the COSI.
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Using an axiomatic approach to investigate the
robustness of the price and volume indices requires
testing the indices for a number of desirable
properties. These are listed in detail in Appendix B.
At first glance, the Fischer index is clearly superior,
passing 21 out of 22 tests including, as illustrated
previously, the factor reversal test. The only criterion
that Fischer fails is the additivity test (Dorin, Perrotti,
and Goldszier 2018). The sub-aggregates of the
chained Fisher index time series are not additive,
and the discrepancies increase with time from the
base period. This makes it extremely difficult to
measure the contribution of any given sub-aggregate
to the total index. This problem can be alleviated
somewhat by citing every element of the COSI in
terms of current U.S. dollars. However, this can only
work if the sub-aggregates do not exhibit large and
inhomogeneous price variations (Chevalier 2003).
Needless to say, this condition does not generally
apply to regional crude oil prices.
While the Laspeyres, Paasche and Fischer indices
both pass a majority of the tests specified by
the axiomatic approach, there are a few serious
exceptions. The Laspeyres and Paasche indices
pass 17 of the first 20 tests, each failing time,
quantity and price reversal. While both Laspeyres
and Paasche pass the additivity test, they fail the

strong factor reversal test. That is to say, they jointly
pass the factor reversal test, so that the Laspeyres
price index multiplied by the Paasche volume index
gives the value index. Similarly, the Paasche price
index multiplied by the Laspeyres volume index
gives the value index (ILO 2004).
In summary, according to index number theory,
various methods can be used to aggregate the
components of a nominal quantity made up of a
number of diverse components, such as GDP or
global crude oil storage (Chevalier 2003). Both
the Paasche and Laspeyres indices display a
number of desirable features such as consistency
in aggregation (Diewert 1978). While chained
indices have often been cited as being superior
to unchained ones, there is still considerable
debate on the subject (Mishel 2013). Hillinger
(2002) shows that the international effort to convert
national income product accounts to chain indices
to guarantee their timelessness has resulted in
inconsistency problems. The individual components
do not add up to the totals. In the specific case
of the Fischer chain index used for U.S. national
accounts, there are some additional inconsistencies.
The product of the price and quantity indices
does not result in the original nominal change in
expenditure (Ehemann et al. 2000).
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Predictability
One measure of the validity of a global storage index
might be its ability to forecast future crude oil prices.
We test this theory for all three indices, chained and
unchained, using a simple autoregressive distributed
lag (ARDL) structure. To begin, we check to see if
the indices, or the regressors, in the regressions
exhibit a high degree of persistent influence in the
form of serial autocorrelation and heteroscedasticity.
Four separate unit root tests are performed on

the variables: the Augmented Dickey-Fuller test,
the Elliott, Rothenberg and Stock test, the Phillips
Perron Test and the Kwaitkowski, Phillips, Schmidt
and Shin (KPSS) test (Said and Dickey 1984; Elliott,
Rothenberg, and Stock 1996; Phillips and Perron
1988; Kwiatkowski et al. 1992). The results are
reported in Table 2. There is very little ambiguity
in the results, and the tests confirm the proposition
that the crude oil prices both have unit roots, and
none of the independent variables show signs of
non-stationarity.

Table 2. Unit root tests for variables.
D F t-stat

ADF

PP

KPSS

WTI

-2.072636

-0.452779

-2.143125

0.936504***

Brent

-1.653886

-0.938464

-1.777578

1.351946***

PWSIC

-35.55826***

-32.34712***

-35.53392***

0.299177

PWSIF

-4.918828***

-3.82479***

-5.07991***

0.539987

LWSIC

-35.53615***

-32.35469***

-35.51285***

0.300171

LWSIF

-4.893514***

-3.936095***

-4.952659***

0.275821

FWSIC

-35.54724***

-32.35087***

-35.54724***

0.299512

FWSIF

-4.906536***

-3.87788***

-4.90479***

0.307685

Note: This table shows the results of the unit root tests for all of the variables. WTI and Brent are opening values of daily crude
oil prices spot prices from Bloomberg, PWSIC is the Paasche world storage index chained, PWSIF is the Paasche world storage
index fixed base period 12/21/2015, LWSIC is the Laspeyres world storage index chained, LWSIF is the Laspeyres world storage
index fixed base period 12/21/2015, FWSIC is the Fisher world storage index chained, FWSIF is the Fisher world storage index
fixed base period 12/21/2015. All of the variables start on 12/21/2015 and end on 5/22/2020.
D F t_stat indicates the augmeted Dickey-Fuller t-statistc for the null hypothesis that the variable has a unit root based on
Akaike Information Criteria (AIC) automatic selection of lag length with the probability of a unit root based on MacKinnon (1996)
one-sided p-values. ADF represents the Elliott-Rothenberg-Stock DF-GLS t statistic for the null hypothesis that the variable has
a unit root. PP refers to the statistic from the Phillips–Perron test by Phillips and Perron (1988) for the null that the variable has
a unit root. KPSS refers to the statistic from Kwiatkowski, Phillips, Schmidt and Shin’s (1992) unit root test for the null that the
variable is stationary.
*, **, and ***, respectively, indicate rejection of the null at 10%, 5%, and 1%
Source: Internal KAPSARC calculations (2021).
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A simple ARDL linear predictive regression model
is used to test the forecasting ability of the global
storage index.
𝑻𝑻

𝑷𝑷𝒕𝒕 = 𝜶𝜶 + 𝜷𝜷𝑷𝑷𝒕𝒕"𝟏𝟏 + & 𝜸𝜸𝒊𝒊 𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕"𝒊𝒊 + 𝜺𝜺𝒕𝒕 ,

(11)

𝒊𝒊&𝟏𝟏

where
𝑷𝑷𝒕𝒕 ≡ the price of crude oil at time t
𝑪𝑪𝑪𝑪𝑪𝑪𝒊𝒊 ≡ the world crude oil storage index at time i
𝜶𝜶, 𝜷𝜷, 𝜸𝜸𝒊𝒊 ≡ estimated parameters

The results of these ARDL predictive regressions
for the Paasche global storage index, chained
and unchained, vs. Brent and WTI oil prices, are
presented in Tables 3 and 4. The results for the
Fisher and Laspeyres indices are reported in
Appendix C. The presence of stationary regressors
suggests that the conventional t-tests should be
sufficient to produce unbiased coefficient estimates
(Cai and Wang 2014; Yang et al. 2020). The F-test
for the joint null hypothesis that all the estimated

coefficients are equal to zero can be rejected at
the 1% confidence level for all the regressions. The
t-statistic test for the ‘single’ hypothesis that the
estimated coefficients are equal to zero can also
be rejected at the 1% confidence level for all of the
coefficients. Finally, the Wald tests indicate that the
estimated coefficients are statistically different from
zero at the 1, 5 and 10% confidence levels. Since
the null hypothesis is rejected for all three tests,
there is clear statistical evidence of the existence of
a long-run cointegrating relationship (Pesaran, Shin,
and Smith 2001). The Akaike information criterion
(AIC) was used to obtain the optimal lag order for
all of the estimated regressions. The cumulative
sum test for parameter stability was used to test
for structural breaks in all the regressions. In all
cases, the test revealed that there are no structural
breaks at the 5% confidence level. The regressions
indicated the presence of heteroscedasticity at the
5% level; therefore, Newey–West standard errors
were used. These are reported in Appendix C.

Table 3. Results of ARDL predictive regressions: Brent vs. Paasche chained and base Indices.
Dependent Variable
Variable

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#

𝐶𝐶

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!

Coefficient

Std. Error

t-Statistic

Probability

0.9953

0.0035

283.8889

0.0000

-0.1613

0.0722

-2.2329

0.0257

0.4447

0.2183

2.0365

0.0419

R-squared

0.9912

Mean dependent var

57.3409

Adjusted R-squared

0.9912

S.D. dependent var

12.8604

S.E. of regression

1.2066

Akaike info criterion

3.2162

Sum squared resid

1677.2930

Schwarz criterion

3.2293

Log likelihood

-1854.3280

Hannan-Quinn criterion

3.2211

F-statistic

64967.4900

Durbin-Watson stat

1.9275

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity at the 1 and 5 % level
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Cumsum test for recursive residuals
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𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!

Variable

Coefficient

III

IV

I

2018

CUSUM

Dependent Variable

II

II

III

IV

2019

I

II

2020

5% Significance

Std. Error

t-Statistic

Probability

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

0.9925

0.0031

316.6405

0.0000

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

-0.5922

0.2343

-2.5272

0.0116

0.4214

0.2349

1.7937

0.0731

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

N/A

N/A

N/A

N/A

𝐶𝐶

0.5288

0.2086

2.5346

0.0114

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
R-squared

0.9912

Mean dependent var

57.3409

Adjusted R-squared

0.9911

S.D. dependent var

12.8604

S.E. of regression

1.2105

Akaike info criterion

3.2235

Sum squared resid

1686.6870

Schwarz criterion

3.2410

Log likelihood

-1857.5540

Hannan-Quinn criterion

3.2301

F-statistic

43030.9100

Durbin-Watson stat

1.9196

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity

Cumsum test for recursive residuals
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5% Significance

Note: This table documents the results of the predictive regressions for the full sample period 12/21/2015 5/22/2020. Included
observations: 1155. Maximum dependent lags: 1 (Automatic selection). Model selection method: Akaike info criterion (AIC).
Results for the Whites test for heteroskedasticity are available on request.
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𝐶𝐶 = Regression constant

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"# = Paasche base year global storage index at time t-1
𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"# = Price of WTI at time t-1

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Paasche chained global storage index at time t-1

Sources: Bloomberg (2020 ) and internal KAPSARC calculations (2021).

The AIC and Schwartz information criterion (also
known as the Bayesian information criterion — BIC)
suggest that the Paasche Index is slightly better
than the Laspeyres Index in predicting crude oil
benchmarks. In the case of the Hannan–Quinn
information criterion (HQIC), the Paasche marginally
outperforms in every regression, with the sole
exception of Brent vs. the fixed Index value. The
AIC, BIC and HQIC criteria suggest that Paasche is
slightly better than the Fischer Index which, in turn,
is marginally better than the Laspeyres Index at
forecasting the world oil price.

The results for all three indices suggest that
the fixed base period index has slightly better
forecasting ability. Specifically, the regressions
using the fixed base period indices demonstrate
an ability to forecast crude oil prices two or three
periods (days) in advance. The regressions using
the chained indices exhibit a slightly lower AIC, BIC
and HQIC, but not as much forward forecasting
ability.

Table 4. Results of ARDL predictive regressions: WTI vs. Paasche chained and base indices.

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!

Dependent Variable
Variable

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"#

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#

𝐶𝐶

Coefficient

Std. Error

t-Statistic

Probability

0.9953

0.0035

283.8889

0.0000

-0.1613

0.0722

-2.2329

0.0257

0.4447

0.2183

2.0365

0.0419

R-squared

0.9812

Mean dependent var

52.4519

Adjusted R-squared

0.9812

S.D. dependent var

11.4623

S.E. of regression

1.5724

Akaike info criterion

3.7457

Sum squared resid

2848.3390

Schwarz criterion

3.7588

Log likelihood

-2160.1460

Hannan-Quinn criterion

3.7507

F-statistic

30084.3900

Durbin-Watson stat

2.0540

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity
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Cumsum test for recursive residuals
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Coefficient
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Dependent Variable
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5% Significance

Std. Error

t-Statistic

Probability

0.9868

0.0048

205.8485

0.0000

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

1.4615

0.3254

4.4914

0.0000

-2.8810

0.4402

-6.5449

0.0000

1.2881

0.3261

3.9501

0.0001

𝐶𝐶

0.7681

0.2895

2.6534

0.0081

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"#

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
R-squared

0.9786

Mean dependent var

52.4519

Adjusted R-squared

0.9785

S.D. dependent var

11.4623

S.E. of regression

1.6789

Akaike info criterion

3.8785

Sum squared resid

3241.6280

Schwarz criterion

3.7588

Log likelihood

-2234.8400

Hannan-Quinn criterion

3.8868

F-statistic

13159.3800

Durbin-Watson stat

2.3472

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity
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Note: This table documents the results of the predictive regressions for the full sample period 12/21/2015 to 5/22/2020. Included
observations: 1,155. Maximum dependent lags: 1 (automatic selection). Model selection method: Akaike info criterion (AIC).
Results for the Whites test for heteroskedasticity are available on request.
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𝐶𝐶 = Regression constant

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"# = Paasche base year global storage index at time t-1
𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"# = Price of Brent at time t-1

𝑃𝑃_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Paasche chained global storage index at time t-1

Sources: Bloomberg (2020 ) and internal KAPSARC calculations (2021).

Trading Results
One practical application of a global storage index
might be its ‘tradability’ or ability to generate
revenues from crude oil trading. If the COSI is
well constructed and can be used to forecast
crude oil prices two or three days in advance, one
might expect it to perform quite well over time in a
technical trading algorithm. The KAPSARC crude oil
trading and back testing model was designed to use
historical time series to develop and test algorithmic
trading and hedging strategies. Programmed in
MATLAB, the model can test a number of trading
strategies and measure the performance of the
strategy using relevant statistics such as compound
annual growth rate (CAGR), Sharpe ratio, Sortino
ratio and maximum drawdown for the period. Risk
management measures, such as value at risk, are
used to evaluate the performance of the proposed
Index trading strategy.
While there are a number of trading strategies
available to commodity traders, these can be
narrowed down to two main categories: discretionary
and trend following. Trend-following strategies
clearly dominate the investment community. In the
early 2010s, more than 70% of managed futures
funds relied on trend-following strategies to generate
profits (Till and Eagleeye 2017). The basic idea is
that all markets tend to trend at one time or another.
To profit from this idea, a trader simply has to find
some way to detect a trend. Once the trend has
been identified, the trader simply places the trade:

going long or buying the commodity in an uptrend
and going short or selling the commodity in a falling
market.
In the simple trend trading strategy used in this
example, the trader buys a barrel of crude oil at the
next period’s opening if the storage index is higher
than the highest high recorded during a specific
lookback window and holds the position for a
specific holding period. If the market is falling, the
trader sells a barrel of crude oil at the next period’s
opening if the storage index is lower than the lowest
low in a specific lookback period and holds the
position for 20 days.
Using daily data from December 22, 2015 to May 21,
2020, the COSI-based trend strategy is tested for a
variety of lookback periods — 5, 10, 15 and 20 days
— using a holding period of 20 days per trade. While
back testing is an excellent way to test the validity
of an algorithm, it can be misleading and/or may fail
to capture all the idiosyncrasies of the market. The
results are often backed up by out-of-sample and
forward performance testing. To provide additional
verification of our results, the historical data were
subdivided into two parts:
1) A training set used to back test the algorithm
using historical data from December 22, 2015 to
August 20, 2018, and
2) A test set used to simulate the future performance
of a ‘fresh’ untested portion of the data set from
August 21, 2018 to May 21, 2020.
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The Paasche chained Index was selected for
the world storage index in light of its slightly
superior performance in the predictability section
of this study. All three major benchmarks were
used to evaluate the performance of the simple

trend-following strategy — Brent, WTI and Dubai.
Using a starting index value of 100, the average
values of the back tested training set, in terms of the
returns from all the scenarios using all the lookback
windows, are reported in Figure 6.

Figure 6. Training set: Relative performance of the simple trend strategy vs. buy and hold.

Note: WTI = CLFM, Brent = BRNFM, Dubai = DUBFM. B&H Basket is a simple buy-and-hold strategy; Strategy is a simple
trend-following index strategy.
Sources: Bloomberg (2020) and KAPSARC (2021).
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The back tested results for all three commodities
suggest that a trader using a simple trend algorithm
based on the COSI would have significantly

outperformed the simple, unhedged buy-and-hold
strategy.

Performance Indicators: The Sharpe ratio is a standard industry measure of the risk-adjusted
returns on investments. It measures the performance of an investment in a commodity compared
with a risk-free investment by calculating the expected value of the returns over the risk-free returns
divided by the standard deviation of the asset’s excess returns (Sharpe 1994). The Sortino ratio
is calculated in much the same way as the Sharpe ratio, but it uses only the downside volatility to
evaluate the performance of the asset price, trading strategy or portfolio. The Sortino ratio has been
found to be more precise and have less bias when the distribution of returns is skewed (Chaudhry
and Johnson 2008). The CAGR is simply the average rate of the growth of an investment over a
specific period of time, a year. The maximum drawdown of an investment measures the difference
between the value of the lowest value and highest value of the investment over a specific time period.
The measure of profitable trades is given by the Sharpe minus Sortino ratio.

The Sortino, Sharpe, maximum drawdown and
CAGR performance indicators for the test data
set are shown in Figure 7. The COSI-based
trend-following strategy clearly outperforms in
all categories but suggests that the maximum
drawdown of the strategy — the size of the largest
loss — is slightly higher for all three benchmark
crudes during the training set. This is primarily
a result of the fact that the training set runs from

December 22, 2015 to August 20, 2018, a time
of steadily rising crude oil prices, with only a few
episodes where prices exhibited some short-term
bearish trends. It should be noted that the maximum
drawdown statistic illustrates only the single
largest drawdown, and not the frequency of losing
trades. Despite the one large drawdown, the Index
trend strategy clearly outperforms over time (see
Figure 7).
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Figure 7. Performance indicators for the test set.
CLFM

BRNFM

DUBFM

Note: WTI = CLFM, Brent = BRNFM, Dubai = DUBFM
Sources: Bloomberg (2020) and KAPSARC (2021).
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Figure 8 illustrates the Paasche world oil storage,
chained and unchained, versus the closing value
of daily Brent crude oil prices during the training
period. It is clearly a period of steadily rising crude
oil prices. It is interesting to note that the chained
Paasche Index shows large upward spikes a

few days prior to a significant shift — change in
direction — in the trend in crude oil prices. This
suggests that the chained Index might be of some
use to policymakers as a leading indicator of market
trends. This is a prospect that is beyond the scope
of this analysis but warrants further investigation.

Figure 8. Crude oil prices vs. the Paasche world oil storage indices during the training period.
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Note: Crude oil prices are on the left axis in US$ per barrel and the world storage indices are on the right scale.
Sources: Bloomberg (2020) and KAPSARC (2021).
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The walk-forward portion of our analysis is
performed on the test set data from August 21,
2018 to May 21, 2020. This test set was deliberately
chosen to observe how the simple trend-setting
algorithm would have performed during the onset of
COVID-19 and the historical reduction in crude oil
prices, which saw WTI prices fall by nearly 300% to
trade at negative 37.00 US$ per barrel on April 20,
2020 (Walker 2020).
Using a starting index value of 100, the average
value of the walk-forward test set — the returns
from all scenarios using all the lookback windows
— are reported in Figure 9. The walk-forward results
for all three commodities suggest that a trader
using a simple trend algorithm based on the COSI

would have significantly outperformed the simple
unhedged buy-and-hold strategy throughout the first
few months of the COVID-19 demand shock.
The Sortino, Sharpe, maximum drawdown and
CAGR performance indicators for the test data
set are shown in Appendix D. The COSI-based
trend-following strategy for Brent and Dubai clearly
outperforms in all categories, including maximum
drawdown, throughout the training period while
minimizing the losses due to COVID-19 for all three
benchmark crudes. The results for WTI are slightly
worse for the CAGR and profitable trade indicators,
suggesting that these results have been affected
by the extreme negative value for WTI reported on
April 20.
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Figure 9. Test set: Relative performance of the simple trend strategy vs. buy and hold.

Note: WTI = CLFM, Brent = BRNFM, Dubai = DUBFM
Sources: Bloomberg (2020) and internal KAPSARC calculations (2021).
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Figure 10 illustrates the Paasche world oil storage,
chained and unchained, versus the closing value of
daily Brent crude oil prices during the test period, a
period of rapidly falling crude oil prices. Once again,
we notice that the chained Paasche Index shows

large upward spikes a few days prior to a significant
shift — change in direction — in the trend in crude
oil prices, suggesting that the chained Index might
be of some use to policymakers as a leading
indicator of market trends.

Figure 10. Crude oil prices vs. the Paasche world oil storage indices during the test period.
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It is important to mention that the trading results
reported here are not necessarily indicative of future
results. Some of the risks associated with the use of
the COSI in a trading strategy are:

3. The COSI is exposed to changes and
unanticipated events regarding data sourcing,
including errors and omissions in data inputs,
publication and calculation risks.

1. Crude oil prices can change unpredictably,
affecting the value of the COSI in ways that are
unanticipated.

4. The hypothetical performance does not reflect
the reinvestment of profits and distributions
thereof, nor does it reflect trading costs and
commissions, interest charges or capital gains
and withholding taxes.

2. The suspension of market trading and related
futures markets can affect the COSI in adverse
ways.
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Conclusions and Next Steps

T

his study demonstrated the applicability of the proposed approach to the global storage index as
a tool for analyzing and trading around movements in benchmark crude oil prices. The COSI time
series, whether for specific major oil storage locations or derived on an aggregated basis, can
potentially form an index that is suitable for both policy evaluation and trading strategies. The COSI can
also be used by oil producers/exporters as an instrument to monitor and adjust the global and regional
market balance.
Potential next steps in this line of research may include:
Testing the global storage index against other oil benchmarks and oil price indicators (ETFs, ETNs,
etc.);
Assessing the performance of the COSI when applied to different trading strategies;
Applying the COSI as a leading indicator to analyze changes in market trends and oil price volatility;
Exploring the potential of the COSI methodology to capture regional variations in the crude oil and
storage markets via subindices. The potential aggregation criteria for such subindices may include
oil import and storage volumes, geographic location and common jurisdiction or the prevalence of a
particular oil benchmark in a given region or sub-region.
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Appendix A. Formulation of Spread
Option Value
The options-based approach to storage valuation models is well documented and has been shown to be
superior to traditional methods of cost of carry or convenience yields as well as basis (or contango) models
(Omura and West 2015). While these studies focus on time-based calendar spread options, Considine et
al. (2020) show that the use of a location-based spread-option approach yields more accurate estimates of
the shadow price of storage. This is because the spread option formulation uses all the information in the
forward curves for all competing crudes. The calculation of the spread option value follows the methodology
outlined in the KAPSARC paper “Placing a Value on Spot Sales from a Joint Oil Stockpiling Facility”
(Considine et al. 2020).
The price, p, is defined as the fair market value of the European spread option, and it is given by the
following equation, where the differential is integrated over s1 and s2:

where

p = e−rT ∬(s2 − s1 − K)+fT(s1s2)ds ds,

1. K = The exercise price level: set equal to zero.
2. T = The expiration date: the option is expected to expire two months after the value or settlement date.
3. s1 = The price of a major benchmark crude free on board (FOB) at the location of the closest major
storage hub plus transportation costs.
4. s2 = The price of all competing crudes of comparable American Petroleum Industry (API) FOB at the
storage facility at time t, plus transportation costs. (API gravity is the standard measure of how light or
heavy a petroleum liquid is when compared with water.)
5. r = The short-term risk-free interest rate.
Note: A spread option derives its value from the difference in prices between two or more assets. They
are generally traded over the counter, rather than on an exchange. In commodity markets, spread options
are often based on the difference in asset prices in two or more locations, points in the calendar, grades
or quality and inputs vs. outputs in the production process, such as spark spreads and crack spreads
(Carmona and Durrleman 2003). This particular example is based on the location spread, so the value of
the spread call option reflects the fair market value of the right, but not the corresponding obligation, to
purchase spot sales FOB at a major storage hub at a future date. The exercise or strike price here is set
equal to zero, as the cost of transporting the crude oil to the major international storage hub at future date t
is included in S1(0) and S2(0).
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Appendix B. The Axiomatic Approach
to Bilateral Price Indices
The axiomatic approach to bilateral price indices attempts to define or determine the ‘best’ index or
weighed average of relative prices given expenditures on a basket of commodities at two time periods, t
and 0. This is done through a series of tests that have been carefully constructed to determine the number
of favorable or desirable properties. The first three are straightforward and relatively uncomplicated (ILO
2004):
1. Positivity: The COSI is positive.
2. Continuity: The COSI is a continuous function of its arguments.
3. Identity or constant prices: If the price of every good is identical at time t and 0, then the COSI is equal
to 1. The quantity or value vectors can be different at times t and 0.
The 22 criteria or tests outlined by the ILO are listed in Table B.1. The Fischer index meets the first 20
tests, and as illustrated above, it passes the factor reversal test. The only criterion that Fischer fails is
the additivity test (Dorin, Perrotti, and Goldszier 2018). The Laspeyres and Paasche indices pass 17 of
the first 20 tests, each failing time, quantity and price reversal. While both Laspeyres and Paasche pass
the additivity test, they fail the strong factor reversal test. That is to say, they jointly, but weakly, pass the
factor reversal test, so the Laspeyres price index multiplied by the Paasche volume index gives the value
index. Similarly, the Paasche price index multiplied by the Laspeyres volume index gives the value index
(ILO 2004).
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Appendix B. The Axiomatic Approach to Bilateral Price Indices

Table B1. The axiomatic criteria for ‘perfect’ bilateral price indices.
Axiomatic Criterion
Straightforward tests
Positivity
Continuity
Identity or constant prices
Fixed basket or constant quantities
Homogeneity tests
Proportionality in current period prices
Inverse proportionality in base period prices
Invariance to proportional changes in current quantities
Invariance to proportional changes in base quantities
Invariance and symmetry tests
Commodity reversal (or invariance to changes in the ordering of commodities)
Commensurability (or invariance to changes in the units of measurement)
Time reversal
Quantity reversal
Price reversal
Mean value test
Mean value test for prices
Mean value test for quantities
Observable bounds
Paasche and Laspeyres bounding test
Monotonicity test
Monotonicity in current prices
Monotonicity in base prices
Monotonicity in current quantities
Monotonicity in base quantities
Additional criteria
Factor reversal
Additivity
Sources: Dorin, Perrotti, and Goldszier (2018) and ILO (2004).
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Appendix C. Results of ARDL
Predictive Regressions Laspeyres
and Fisher
Table C1. Results of ARDL predictive regressions: WTI vs. Laspeyres Chained and Base Indices.

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!

Dependent Variable
Variable

𝐿𝐿_𝑊𝑊𝑊𝑊𝑊𝑊!"#

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#

𝐶𝐶

Coefficient

Std. Error

t-Statistic

Probability

0.9954

0.0081

123.0551

0.0000

0.7549

0.2694

2.8019

0.0052

-0.5866

0.6901

-0.8501

0.3955

R-squared

0.9812

Mean dependent var

52.4519

Adjusted R-squared

0.9812

S.D. dependent var

11.4623

S.E. of regression

1.5736

Akaike info criterion

3.7472

Sum squared resid

2852.5400

Schwarz criterion

3.7603

Log likelihood

-2160.9970

Hannan-Quinn criterion

3.7521

F-statistic

30039.2300

Durbin-Watson stat

2.0577

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity

Cumsum test for recursive residuals
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5% Significance
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Appendix C. Results of ARDL Predictive Regressions Laspeyres and Fisher

Dependent Variable
Variable

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!

Coefficient

Std. Error

t-Statistic

Probability

0.9869

0.0048

207.3617

0.0000

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

1.3142

0.3166

4.1516

0.0000

-2.7257

0.4315

-6.3173

0.0000

1.2852

0.3172

4.0512

0.0001

𝐶𝐶

0.7649

0.2858

2.6758

0.0076

𝐿𝐿_𝑊𝑊𝑊𝑊𝑊𝑊!"#

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
R-squared

0.9786

Mean dependent var

52.4519

Adjusted R-squared

0.9785

S.D. dependent var

11.4623

S.E. of regression

1.6810

Akaike info criterion

3.8810

Sum squared resid

3249.7250

Schwarz criterion

3.9029

Log likelihood

-2236.2800

Hannan-Quinn criterion

3.8893

F-statistic

13125.8700

Durbin-Watson stat

2.3510

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity

Cumsum test for recursive residuals
100
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0
-25
-50
-75
-100

I
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III
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IV

I

II

III

IV

I
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CUSUM

II

III

IV

I
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II

III

2019

IV

I

II

2020

5% Significance

Note: This table documents the results of the predictive regressions for the full sample period 12/21/2015 5/22/2020. Included
observations: 1155. Maximum dependent lags: 1 (automatic selection). Model selection method: Akaike info criterion (AIC).
Results for the Whites test for heteroskedasticity are available on request.

𝐶𝐶 = Regression constant
𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#
= Paasche base year global storage index at time t-1
𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"# = Price of Brent at time t-1

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Paasche chained global storage index at time t-1

Sources: Bloomberg (2020) and internal KAPSARC calculations (2021).
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Appendix C. Results of ARDL Predictive Regressions Laspeyres and Fisher

Table C2. Results of ARDL predictive regressions: Brent vs Laspeyres Chained and Base Indices.

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!

Dependent Variable
Variable

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#

𝐶𝐶

Coefficient

Std. Error

t-Statistic

Probability

0.9953

0.0035

283.6141

0.0000

-0.1585

0.0731

-2.1671

0.0304

0.4408

0.2187

2.0158

0.0441

R-squared

0.9912

Mean dependent var

57.3409

Adjusted R-squared

0.9912

S.D. dependent var

12.8604

S.E. of regression

1.2068

Akaike info criterion

3.2164

Sum squared resid

1677.7190

Schwarz criterion

3.2295

Log likelihood

-1854.4750

Hannan-Quinn criterion

3.2214

F-statistic

64950.8300

Durbin-Watson stat

1.9273

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity at the 1 and 5 % level

Cumsum test for recursive residuals
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Dependent Variable
Variable

Coefficient

I
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5% Significance

Std. Error

t-Statistic

Probability

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

0.9927

0.0031

320.8791

0.0000

-0.6398

0.2276

-2.8106

0.0050

0.4803

0.2282

2.1046

0.0355

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

N/A

N/A

N/A

N/A

0.5119

0.2046

2.5018

0.0125

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

𝐶𝐶

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

R-squared

0.9912

Mean dependent var

57.3409

Adjusted R-squared

0.9912

S.D. dependent var

12.8604

S.E. of regression

1.2098

Akaike info criterion

3.2223

Sum squared resid

1684.7500

Schwarz criterion

3.2398

Log likelihood

-1856.8900

Hannan-Quinn criterion

3.2289

F-statistic

43080.8300

Durbin-Watson stat

1.9223

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity

Global Crude Oil Storage Index: A New Benchmark for Energy Policy

43

Appendix C. Results of ARDL Predictive Regressions Laspeyres and Fisher
Cumsum test for recursive residuals
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5% Significance

Note: This table documents the results of the predictive regressions for the full sample period 12/21/2015 to 5/22/2020. Included
observations: 1,155. Maximum dependent lags: 1 (automatic selection). Model selection method: Akaike info criterion (AIC).
Results for the Whites test for heteroskedasticity are available on request.

𝐶𝐶 = Regression constant

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"# = Laspeyres base year global storage index at time t-1

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Price of Brent at time t-1

𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Laspeyres chained global storage index at time t-1

Sources: Bloomberg (2020) and internal KAPSARC calculations (2021).

Table C3. Results of ARDL predictive regressions: WTI vs. Fisher Chained and Base Indices.

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!

Dependent Variable
Variable

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"#

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#

𝐶𝐶

Coefficient

Std. Error

t-Statistic

Probability

0.9955

0.0081

122.7347

0.0000

0.7598

0.2689

2.8259

0.0048

-0.5947

0.6911

-0.8605

0.3897

R-squared

0.9812

Mean dependent var

52.4519

Adjusted R-squared

0.9812

S.D. dependent var

11.4623

S.E. of regression

1.5730

Akaike info criterion

3.7464

Sum squared resid

2850.3790

Schwarz criterion

3.7595

Log likelihood

-2160.5590

Hannan-Quinn criterion

3.7514

F-statistic

30062.4400

Durbin-Watson stat

2.0558

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity
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Appendix C. Results of ARDL Predictive Regressions Laspeyres and Fisher

Cumsum test for recursive residuals
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Dependent Variable
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5% Significance

Std. Error

t-Statistic

Probability

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"#

0.9868

0.0048

206.5565

0.0000

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

1.3939

0.3215

4.3350

0.0000

-2.8146

0.4366

-6.4467

0.0000

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

1.2914

0.3222

4.0077

0.0001

𝐶𝐶

0.7670

0.2878

2.6652

0.0078

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
R-squared

0.9786

Mean dependent var

52.4519

Adjusted R-squared

0.9785

S.D. dependent var

11.4623

S.E. of regression

1.6799

Akaike info criterion

3.8796

Sum squared resid

3245.2090

Schwarz criterion

3.9015

Log likelihood

-2235.4770

Hannan-Quinn criterion

3.8879

F-statistic

13144.5400

Durbin-Watson stat

2.3488

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity
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5% Significance

Note: This table documents the results of the predictive regressions for the full sample period 12/21/2015 to 5/22/2020. Included
observations: 1155. Maximum dependent lags: 1 (Automatic selection). Model selection method: Akaike info criterion (AIC).
Results for the Whites test for heteroskedasticity are available on request.
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Appendix C. Results of ARDL Predictive Regressions Laspeyres and Fisher

𝐶𝐶 = Regression constant

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"# = Fisher base year global storage index at time t-1

𝑃𝑃_𝑊𝑊𝑊𝑊𝑊𝑊!"# = Price of WTI at time t-1

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Fisher chained global storage index at time t-1

Sources: Bloomberg (2020) and internal KAPSARC calculations (2021).

Table C4. Results of ARDL predictive regressions: Brent vs. Fisher Chained and Base Indices.

Dependent Variable
Variable

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"#

𝐶𝐶

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!

Coefficient

Std. Error

t-Statistic

Probability

0.9953

0.0028

360.1929

0.0000

-0.1599

0.0401

-3.9859

0.0001

0.4427

0.1693

2.6157

0.0090

R-squared

0.9912

Mean dependent var

57.3409

Adjusted R-squared

0.9912

S.D. dependent var

12.8604

S.E. of regression

1.2067

Akaike info criterion

3.2163

Sum squared resid

1677.5020

Schwarz criterion

3.2294

Log likelihood

-1854.4000

Hannan-Quinn criterion

3.2212

F-statistic

64959.3100

Durbin-Watson stat

1.9274

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity at the 1 and 5 % level

Cumsum test for recursive residuals
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Appendix C. Results of ARDL Predictive Regressions Laspeyres and Fisher

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!

Dependent Variable
Variable

Coefficient

Std. Error

t-Statistic

Probability

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

0.9926

0.0031

318.6510

0.0000

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

-0.6172

0.2314

-2.6673

0.0078

0.4517

0.2320

1.9469

0.0518

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#

N/A

N/A

N/A

N/A

𝐶𝐶

0.5210

0.2067

2.5204

0.0119

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"#
R-squared

0.9912

Mean dependent var

57.3409

Adjusted R-squared

0.9911

S.D. dependent var

12.8604

S.E. of regression

1.2102

Akaike info criterion

3.2229

Sum squared resid

1685.7500

Schwarz criterion

3.2404

Log likelihood

-1857.2330

Hannan-Quinn criterion

3.2295

F-statistic

43055.0500

Durbin-Watson stat

1.9209

Prob(F-statistic)

0.0000

Whites test indicates heteroskedasticity

Cumsum test for recursive residuals
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5% Significance

Note: This table documents the results of the predictive regressions for the full sample period 12/21/2015 to 5/22/2020. Included
observations: 1,155. Maximum dependent lags: 1 (Automatic selection). Model selection method: Akaike info criterion (AIC).
Results for the Whites test for heteroskedasticity are available on request.

𝐶𝐶 = Regression constant

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐶𝐶ℎ!"# = Fisher base year global storage index at time t-1

𝑃𝑃_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Price of WTI at time t-1

𝐹𝐹_𝐶𝐶𝐶𝐶𝐶𝐶_𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵!"# = Fisher chained global storage index at time t-1

Sources: Bloomberg (2020) and internal KAPSARC calculations (2021).
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Appendix D. Performance Indicators
for the Test Data
Figure D1. Sortino, Sharpe, maximum drawdown and CAGR performance indicators for the test data.
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Note: WTI = CLFM, Brent = BRNFM, Dubai = DUBFM
Sources: Bloomberg (2020) and internal KAPSARC calculations (2021).
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Appendix E. Data and Sources
Table E1. Inputs, data and sources for specific storage locations.
Location

Inputs

Fujairah

Benchmark crude oil delivered,
$/b

Fujairah

Data Description

Sources

Dubai Oman PGCRDUBA index;
shipping cost to the location

Bloomberg (2020) Clarksons
Research (2020) KAPSARC
(2021)

Alternative crudes delivered, $/b

URALS Med FURAM1 index;
Arab Medium to Asia; USCRHLSE
index; shipping cost to the location

Bloomberg (2020) Clarksons
Research (2020) KAPSARC
(2021)

Fujairah

Cost of capital, %

The Central Bank of the United
Arab Emirates key rate

CEIC Data (2020)

Fujairah

Crude oil inventories, Mb

Crude oil storage dataset

Orbital Insight (2020)

LOOP

Benchmark crude oil delivered,
$/b

USCRHLSE index

Bloomberg (2020)

LOOP

Alternative crudes delivered, $/b

URALS Med FURAM1 index;
Brent EUCRBRDT index; Kozmino
EUCRESPO index; Arab Light to
US; shipping cost to the location

Bloomberg (2020) Clarksons
Research (2020) KAPSARC
(2021)

LOOP

Cost of capital, %

The Federal Reserve System key
rate

Trading Economics (2020)

LOOP

Storage cost, $/b

LPS1 LOOP Storage Cost index

Bloomberg (2020)

LOOP

Crude oil inventories, Mb

Crude oil storage dataset

Orbital Insight (2020)

Rotterdam

Benchmark crude oil delivered,
$/b

Brent EUCRBRDT index; shipping
cost to the location

Bloomberg (2020) Clarksons
Research (2020) KAPSARC
(2021)

Rotterdam

Alternative crudes delivered, $/b

URALS Med FURAM1 index; Arab
Light to EU; USCRLLSS index;
shipping cost to the location

Bloomberg (2020) Clarksons
Research (2020) KAPSARC
(2021)

Rotterdam

Cost of capital, %

EURIBOR 1 month rate

Triami Media (2020)

Rotterdam

Crude oil inventories, Mb

Crude oil storage dataset

Orbital Insight (2020)

Source: KAPSARC (2021).
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