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Abstract 

Using the prices of crude oil futures contracts, we construct the term structure of crude oil 
convenience yields out to one-year maturity. The crude oil convenience yield can be 
interpreted as the interest rate, denominated in barrels of oil, for borrowing a single barrel 
of oil, and it measures the value of storing crude oil over the borrowing period. We show 
that the convenience yield curve is well explained by a level and a slope factor. 
Consistent with the theory of storage, convenience yields have predictive power over 
future crude oil inventories, production, global real economic activity and the price of oil. 

JEL classification: C53, G12, G13, Q43 
Bank classification: Asset pricing; International topics 

Résumé 

Les auteurs se servent des prix des contrats à terme sur le pétrole brut pour établir la 
structure par terme des rendements d’opportunité du brut jusqu’à échéance de un an. Le 
rendement d’opportunité du pétrole brut peut être assimilé au taux d’intérêt, libellé en 
barils de pétrole, rattaché à l’emprunt d’un baril d’or noir, et mesure la valeur associée à 
la détention de stocks de brut durant la période d’emprunt. Les auteurs montrent que la 
courbe de rendement d’opportunité s’explique adéquatement par des facteurs de niveau et 
de pente. Conformément à ce que postule la théorie du stockage, les rendements 
d’opportunité ont un pouvoir prédictif quant aux stocks futurs de brut, à la production, à 
l’activité économique mondiale réelle et aux cours du pétrole. 

Classification JEL : C53, G12, G13, Q43 
Classification de la Banque : Évaluation des actifs; Questions internationales 

 

 



1 Introduction

Elevated and sometimes volatile crude oil prices have become enduring features of the

international economy and preoccupy policy-makers, financial analysts, and the broader

public. The run-up and collapse in the price of crude oil between 2003 and 2008 and

its persistently high level since 2009 have reinvigorated interest in the question of the

fundamental forces that drive crude oil prices (see, e.g., Hamilton 2009; Kilian 2009;

Juvenal and Petrella 2014; Tang and Xiong 2012; Hamilton and Wu 2014).

One of the fundamental drivers of the price of crude oil is inventories (Alquist and

Kilian 2010; Kilian and Lee 2014; Kilian and Murphy 2014). Since crude oil is a storable

commodity, stocks play a central role in the intertemporal relationship linking current de-

mand and supply to expectations of future demand and supply. Storing oil is intrinsically

valuable because of the operational flexibility that stocks provide to refiners by reducing

the costs of changing production and helping them to avoid stockouts. Consequently, the

optimal levels of production and inventories are jointly determined given the spot price

of oil and the price of storage (Pindyck 2001).

While the price of storage is not directly observable, it is closely related to the oil

convenience yield. The convenience yield can be thought of as the interest rate paid in

barrels of oil for borrowing one barrel of oil, and it can be constructed from the prices

of crude oil futures contracts. The borrower of a barrel of oil is, in essence, supplying

storage in the form of crude oil inventories to the lender. As a result, the lender must

be compensated for forgoing the benefits associated with holding the barrel of oil. In

equilibrium, this condition links the convenience yield to the price of storage, and periods

of relative scarcity of the commodity are related to high convenience yields. Several

papers have examined this relationship using futures markets for industrial commodities,

including crude oil (see Fama and French 1987; Fama and French 1988; Ng and Pirrong

1994; Pindyck 1994; Pindyck 2001; Geman and Ohana 2009). These papers focus on the

prices of short-term (e.g., one-month) futures contracts to examine the contemporaneous
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relationship between the short-term convenience yield and the current level of inventories,

or the so-called Working curve (Working 1933).

At the same time that oil prices have reached such elevated levels, there has been a

substantial increase in the liquidity of the market for oil futures contracts. On the sell

side, financial institutions have become more actively involved in commodity derivatives

markets, including futures contracts of longer maturity (Büyükşahin et al. 2008; Spector

2013). On the buy side, increased investor interest has resulted in large quantities of

financial capital flowing into these markets during the past decade (Büyükşahin and Harris

2011; Alquist and Gervais 2013). Over a sample period between April 1989 and June

2013, we exploit the increase in the liquidity of longer-maturity oil futures contracts to

construct the term structure of convenience yields out to the one-year horizon, something

that, to the best of our knowledge, is new to the literature. This approach enables us to

examine the information contained in the term structure of convenience yields, which, in

equilibrium, should be determined by financial markets participants’views of the future

scarcity of oil.

Our analysis sheds new light on the term structure of convenience yields and its re-

lationship with the theory of storage. First, we show that the cross-section of crude oil

convenience yields across maturities can be explained by a small number of principal com-

ponents. Similar to the term structure of interest rates (i.e., Litterman and Scheinkman

1991), the first component resembles a level factor that is common across maturities. The

second component is related to the slope of the curve. Second, we find that both the

level and slope components have predictive power for future changes of crude oil stocks

up to the one-year horizon. This finding differentiates our work from other analyses that

have focused on the contemporaneous relationship between convenience yields and the

level of inventories only (e.g., Gorton, Hayashi and Rouwenhurst 2012). To the best of

our knowledge, this paper is the first to show that, consistent with the theory of storage,

longer-maturity convenience yields are forward-looking variables related to the scarcity
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of crude oil. Third, the term structure of convenience yields contains information about

future crude oil production, global real economic activity and the real price of crude oil.

To assess the statistical significance of the results, we use a bootstrap procedure that

accounts for the fact that the principal components are generated regressors, as well as

for the well-known small-sample biases that plague long-run predictive regressors.

Overall, the evidence suggests that the term structure of crude oil convenience yields

contains information about the value of holding crude oil stocks over different horizons

in the same way that the dollar yield curve contains information about future economic

activity, and inflation.1

Our paper is related to, but distinct from, several papers that examine the ability of

different types of models to forecast the nominal and real prices of crude (e.g., Alquist and

Kilian 2010; Alquist et al. 2013; Baumeister and Kilian 2012; Baumeister et al. 2014).

For example, Baumeister et al. (2014) show that inventories forecast the real price of oil,

which is consistent with the notion that inventories contain a forward-looking element

related to conditions in the oil market. Our findings show that the reason inventories are

able to forecast the real price of oil is related to the convenience yield, which summarizes

the information contained in changes in inventories.

Finally, our results are also related to those found in the literature that assess the

predictive content of asset markets (see, e.g., Stock and Watson 2003, and the references

within). Hong and Yogo (2012) show that open interest in the crude oil futures market

contains information about future economic activity and inflation expectations that is not

immediately reflected in asset prices. Gospodinov and Ng (2013) find that the first two

principal components of a panel of short-term (e.g., one-month) commodity convenience

yields contain important predictive power for inflation. Rather than examining the prin-

cipal components extracted from a cross-section of commodity short-term convenience

yields across different commodities, we extract the principal components from the cross-

1See, for example, Mishkin (1990), Estrella and Hardouvelis (1991), and Ang et al. (2006) for evidence
on the forward-looking nature of the term structure of dollar bond yields.
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section of convenience yields at different maturities for a given commodity and examine

whether they contain information about variables specific to the crude oil market. Our

approach is thus complementary to theirs.

The remainder of the paper is organized as follows. Section 2 discusses the theory of

storage, which provides the theoretical basis for the empirical relationship between crude

oil inventories and the term structure of convenience yields. Section 3 provides summary

statistics of the data. The empirical evidence about the relationship between convenience

yields and crude oil stocks is discussed in section 4. Section 5 reports the results obtained

from the predictive regressions for crude oil production, global real economic activity and

the real price of crude oil. Section 6 concludes. Technical details regarding the bootstrap

methods employed in this paper are provided in the appendix.

2 The Information Contained in the Term Structure
of Convenience Yields

We begin by discussing the theoretical basis for the empirical relationship between crude

oil inventories and the term structure of convenience yields. The term structure of con-

venience yields is analogous to the term structure of interest rates: it represents the cost

that investors pay in barrels of oil for borrowing a single barrel of oil at different horizons.

2.1 The theory of storage

According to competitive storage models of commodity price determination, convenience

yields arise endogenously as the result of the interaction between the demand for the

commodity with the supply and storage decisions of the producer (see, e.g., Working 1949;

Brennan 1958; Ng and Ruge-Murcia 2000; Routledge, Seppi and Spatt 2000). In such

models, inventories play a fundamental role in the formation of a commodity price because

holding stocks is intrinsically valuable given the operational flexibility they provide. For

example, owing to technological constraints, an oil refinery has the incentive to hold

stocks to optimize its output of petroleum products (National PetroleumCouncil 2004). In
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addition, the capital investments required to establish a crude oil refinery are much longer

lived than the horizon over which a refinery makes plans about storage and production.

Adjusting crude oil inventories rather than the capital stock is therefore a key way for a

refinery to change its variable costs. The value that the refinery assigns to its ability to

expand its product mix can be represented as a convenience yield (e.g., Considine 1997).

To understand the relationship between convenience yields and inventories implied by

the theory of storage, we observe that by borrowing a barrel of crude oil, the borrower

is supplying storage in the form of crude oil inventories to the lender. Consequently, the

lender must be compensated for forgoing the benefit associated with holding the barrel of

oil. In equilibrium, this requirement links the convenience yield to the price of storage —

that is, the marginal value of the flow of services that accrue from holding an additional

unit of inventory net of the cost of physically storing crude oil (see Pindyck 2001).2

The theory of storage also suggests that (i) the marginal benefit for holding invento-

ries increases at a decreasing rate with the scarcity of a commodity, and (ii) the marginal

cost of physically storing oil can be treated as constant over the relevant range of inven-

tories (see Brennan 1958; Telser 1958; Fama and French 1988). That is, the one-period

convenience yield, δ(1)t , is assumed to be a function of the level of inventories, It, such that

δ
(1)
t = C(It), (1)

where C ′ < 0 and C ′′ > 0.

We therefore expect to observe a negative and monotonic relationship between the

convenience yield and the current level of crude oil stocks. This empirical relationship was

first documented in the market for wheat by Working (1933), and is commonly referred

to as the Working curve. We verify below that this relationship exists in the market for

U.S. crude oil inventories.
2In situations where the value of holding stocks is small, it is possible to observe negative convenience

yields, given that the marginal cost can outweigh the benefit of physically storing oil.
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2.2 Constructing the convenience yield curve

While convenience yields are not directly observable, they can be synthetically replicated

by taking simultaneous positions in money, crude oil spot and futures markets. Let St be

the spot price of oil at time t and F (n)t be the price at time t of a futures contract that

matures at time t + n. Also, let y(n)t be the nominal interest rate at which investors can

borrow between period t and t+ n. Time is measured in months.

An investor can synthetically borrow one barrel of oil by

1. borrowing St dollars at time t,

2. using the amount borrowed to buy one barrel of oil at time t,

3. selling St exp
[
ny

(n)
t

]
/F

(n)
t futures contracts that mature at time t+ n.

By taking these three positions, an investor receives a barrel of oil at time t and has

to pay St exp
[
ny

(n)
t

]
/F

(n)
t barrels of oil at time t + 1.3 This position is a synthetic loan

of a barrel of oil. In the absence of arbitrage opportunities, the following cost-of-carry

equation implies that the price of an oil futures contract that expires in n months satisfies:

exp
[
nδ

(n)
t

]
= St exp

[
ny

(n)
t

]
/F

(n)
t , (2)

f
(n)
t − st = ny

(n)
t − nδ

(n)
t ,

where f (n)t = logF
(n)
t , f (n)t − st is the basis, and δ

(n)
t is the n-month (log) convenience

yield (net of storage costs) associated with having access to physical oil for the duration

of the contract.

We postulate that equation (2) holds continuously because of the presence of investors

who simultaneously trade in the oil futures and the dollar money markets and ensure

that the two markets are fully integrated with each other. This assumption is necessary

because (2) only holds if investors can take simultaneous long and short positions in the oil

3The net flow of cash is zero at t + 1 given that the payout of the futures contract St exp
[
ny

(n)
t

]
at

time t+ 1 is used to repay the loan for the St dollars borrowed at time t.
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futures market and the money markets to eliminate arbitrage possibilities. If the condition

were violated, some firms would be able to earn riskless profits. Given the liquidity of the

West Texas Intermediate (WTI) futures and money markets, the absence of arbitrage is

a plausible assumption during the period we analyze in this paper.

It is important to recognize that the no-arbitrage relationship (2) holds for oil forwards

but not oil futures contracts. However, the empirical literature shows that the differences

are small between the prices of forwards and futures for a variety of commodities (Chow,

McAleer and Sequeira 2000). We thus treat equation (2) as a maintained hypothesis

throughout the paper.4

2.3 The forward-looking nature of convenience yields

In the traditional presentation of the theory of storage, the focus is on the one-period

convenience yield and on the contemporaneous relationship between convenience yields

and the level of inventories (i.e., the Working curve). Several papers have examined this

relationship in the markets for industrial commodities and, in some cases, crude oil (see

Fama and French 1987; Fama and French 1988; Ng and Pirrong 1994; Pindyck 1994;

Pindyck 2001; Geman and Ohana 2009; Gorton, Hayashi and Rouwenhurst 2012). The

theory predicts that periods of relative scarcity of the commodity are related to high

convenience yields.

In this paper, we go a step further and analyze the information contained in longer-

term convenience yields. By analyzing futures contracts with different expiration dates,

we assess the information contained in the term structure of convenience yield about

the implicit benefit of physical storage over different horizons. For example, an upward-

sloping convenience yield curve indicates a situation in which refineries assign a higher

value to future inventories than they do to today’s inventories. Such periods indicate that

oil inventory is expected to be more scarce in the future. The slope of the convenience

4In addition, using the results of the model in Alquist, Bauer and Diez de los Rios (2014), we show that,
under the assumption of monthly marking to market, the root-mean-squared price difference between the
prices of oil forwards and oil futures is less than one cent.
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yield curve should, therefore, predict changes in inventories.

In fact, by appealing to an expectations hypothesis argument, we have that the n-

month oil convenience yield must equal the average of the current and expected future

one-month convenience yields plus a risk-premium term, ψ(n)t :

δ
(n)
t =

1

n
Et

n−1∑
i=0

δ
(1)
t+i + ψ

(n)
t , (3)

Substituting the postulated relationship between short-term convenience yields and in-

ventories in equation (1) into (3), we obtain:

δ
(n)
t =

1

n
Et

n−1∑
i=0

C(It+i) + ψ
(n)
t , (4)

which reveals the forward-looking nature of long-term convenience yields.

This relationship is exactly analogous to the forward-looking nature of bond yields

implied by the expectations hypothesis of the term structure (see, i.e., Bekaert and Hodrick

2001). For example, if the central bank follows a Taylor rule, then the term structure of

dollar bond yields reflects market participants’expectations of future output and inflation

(see, e.g., Ang, Dong and Piazzesi 2007). In a similar fashion, long-term convenience yields

should contain information about future crude oil inventories.

Moreover, because convenience yields are determined by the interaction of storage

decisions with the supply and demand of crude oil, we also expect convenience yields

to contain information about future conditions in the physical market for crude oil and

future oil prices.

3 Data and Summary Statistics

3.1 Crude oil futures and convenience yields

Crude oil futures. The cost-of-carry equation (2) relies on the premise that the spot

and futures markets are linked together in a way consistent with the absence of arbitrage

opportunities. Because this assumption requires the existence of liquid oil futures and

money markets, we limit the sample to the period between April 1989 and June 2013 and
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focus on the monthly prices of WTI futures contracts traded on the NYMEX and CME

exchanges. During the sample period, liquid futures markets existed for maturities up to

12 months. The WTI contracts are the most liquid in the world and are fully physically

deliverable, making them a natural choice for examining the dynamics of the convenience

yield. To compute the spot price, we select the futures contract that is closest to delivery

(see, e.g., Trolle and Schwartz 2009; Szymanowska et al. 2014). Finally, we use the

end-of-month observations of these contracts.

Table 1a shows the summary statistics for the spot and futures prices. Over the sample

period, the oil futures curve has been flat with an average difference of only $0.11 between

the spot and one-year futures prices. Longer dated futures are approximately as volatile

as shorter dated ones.

The time series of the monthly price data are plotted in Figure 1a. The figure shows

the spot, 1-, 3-, and 12-month futures contracts over the sample period. There is wide

variation in the nominal spot price of oil, ranging from less than $20 per barrel to more

than $140 per barrel. From the figure, the tight relationship between the prices of the

crude oil futures contracts and the spot price is evident.

Shape of oil futures curve. Figure 2a shows the oil futures curves drawn for the

end-of-quarter observations. The spot price has an important effect on the oil futures

curve and acts as a level factor in the oil market. Because the prices of crude oil futures

contracts are linked to the price of spot oil by the cost-of-carry equation, movements in

the spot price of oil result in parallel shifts in the level of the oil futures curve. This

observation is confirmed by a principal component analysis of the crude oil futures curve.

The first component of the cross-section of futures prices accounts for 99.9 per cent of the

cross-sectional variation in the oil futures curve, and its correlation with the spot price of

oil is 99.8 per cent.

Consistent with other studies of the crude oil market (e.g., Litzenberger and Rabi-

nowitz 1995), we find that crude oil futures prices can exhibit strong backwardation, in
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which futures prices are below the current spot price (i.e., the crude oil futures curve is

downward sloping). In the sample that we consider, this phenomenon occurs approxi-

mately 50 per cent of the time. For example, the one-year futures price is below the spot

price of oil in 52.9 per cent of the months in the sample.

Some studies find that crude oil futures prices exhibit behavior consistent with the so-

called Samuelson (1965) effect —namely, that the variability of oil futures prices decreases

with the maturity of the contract under consideration (e.g., Bessembinder et al. 1995;

Casassus and Collin-Dufresne 2005). The theoretical explanation for this effect is the

smoothing of expectations of the spot price of crude oil. The spot price of crude oil

overshoots in the short run, given that supply takes time to respond to a demand shock.

The spot price is thus more volatile than the expected oil prices in subsequent periods

and oil futures prices, which, under risk neutrality, equal these expectations.

Unlike these studies, there is no evidence that the sensitivity of oil futures prices to

changes in the spot price of oil decreases with the maturity of the contract in our data

set (see Table 1a and Figure 2a). This evidence is also consistent with that presented

in Alquist and Kilian (2010), who show that the inaccuracy of oil futures-based forecasts

is related to the variability of such forecasts rather than their bias. While there are

several theoretical explanations for the violation of the Samuelson effect, the theory of

storage predicts that such violations can occur when inventories are high (see Fama and

French 1988; Routledge, Seppi and Spatt 2000).5 If crude oil is abundant, the spot

price does not need to overshoot, because the initial effect of the demand shock can be

absorbed by decreasing stocks. The earlier studies that documented the existence of

the Samuelson effect predate the persistent increases in the price of oil and the level of

inventories observed in recent years. The persistent price increases may explain why we

do not observe a Samuelson effect for crude oil futures. We return to this point in the

next section when we introduce the data on inventories.
5Routledge, Seppi and Spatt (2000) provide a list of the explanations for why there can be violations

of the Samuelson effect.
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Interest rates. We use LIBOR data for maturities of 1, 2, 3, 6 and 12 months

rather than U.S. Treasury bill data, because the former represent a better measure of the

borrowing costs incurred by oil companies.6 Table 1a reports the summary statistics. The

LIBOR curve was, on average, upward sloping during the sample period. On the other

hand, short-term rates exhibit greater volatility than long-term rates.

Convenience yields. Given that the futures, spot and dollar interest rates are

observable, we use the no-arbitrage relationship (2) to construct the set of convenience

yields of maturities of 1, 2, 3, 6 and 12 months. The summary statistics are also shown

in Table 1a. The average convenience yield is similar in magnitude to the average LIBOR

yield. For example, the average one-month LIBOR yield is 3.81 per cent, while the

average of the one-month convenience yield is 4.11 per cent. Similarly, the term structure

of convenience yields is upward sloping with a difference between one-month and one-year

yields of 113 basis points.

Convenience yields are, however, more volatile than LIBOR yields, and they are less

persistent. In addition, the 12-month convenience yield is less volatile, but more persis-

tent, than short-term convenience yields.

These points are illustrated in Figure 1b, which depicts the 1-, 3- and 12-month

convenience yields, measured in per cent per annum. The magnitude of the short-term

convenience yield for oil is large and reaches, in a couple of cases, values as high as

75 per cent. If we interpret the convenience yield as the interest rate on an oil bond,

these values may seem too large to be economically plausible, but they are similar in size

to those obtained by Casassus and Collin-Dufresne (2005) for the one-week convenience

yields.7 The magnitude of the one-year convenience yield seems to be bounded between

±25 per cent. Furthermore, this pattern is consistent with the supply of storage being

inelastic in the short run, which, in turn, causes the price of storage to overshoot. It

is only possible to increase the supply of storage and, hence, oil inventories in the short
6Government bonds can embody large liquidity premia due to favorable taxation treatment, repo

specials, scarcity premia and benchmark status (see Fontaine and Garcia 2012).
7See footnote 40 in Casassus and Collin-Dufresne (2005).
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run if more oil is produced, but the best available estimates of the short-run elasticity of

the crude oil supply indicate that the curve is highly inelastic (see, e.g., Hamilton 2009;

Kilian and Murphy 2014). We return to this point below when we describe the shape of

the convenience yield curve.

Periods when the convenience yield is positive imply that the discounted futures price

lies below the current spot price. In such cases, the oil futures curve is said to exhibit

weak backwardation, and such a situation tends to occur about 70 per cent of the time.

For instance, the one-year discounted futures price is below the spot price of oil (i.e., the

one-year convenience yield is positive) in 72.5 per cent of the months in the sample. On

the other hand, a negative convenience yield is possible when oil inventories are plentiful,

and it is costly to hold and carry forward oil stocks. Oil refineries that hold inventories

must be compensated for doing so by an upward-sloping futures curve. Consistent with

the predictions of the theory of storage (examined below), periods during which the

convenience yield is negative are precisely those during which oil stocks are plentiful and,

consequently, a stockout is unlikely. The marginal benefit of having crude oil inventories

on hand is low relative to the marginal cost of physically storing oil.

Overall, the differences in the time-series behavior between the short- and long-term

convenience yields suggest the presence of an important slope factor in the term structure

of convenience yields. The fact that the front and back ends of the convenience yield

curve exhibit different patterns of behavior suggests that it is necessary to account for the

relative movements between the two. A slope factor is the natural way to do so.

Shape of the crude oil convenience yield curve. The convenience yield curve

(Figure 2b) exhibits a funnel shape, indicating that the sensitivity of long-term conve-

nience yields to movements in the short-term convenience yield decays with the maturity

of the oil bond. When short-term convenience yields are high, the curve tends to be

downward sloping. The curve tends to be upward sloping when convenience yields are

low, unlike the dollar bond curve, which is mainly upward sloping during the sample
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period. For example, the one-year LIBOR is above the one-month rate 82.8 per cent of

the time, while the convenience yield curve is downward sloping almost 40 per cent of the

time.

Interestingly, the funnel shape implies that the volatility of convenience yields is a

decreasing function of the maturity of the contract. In other words, the term structure

of crude oil convenience yields exhibits a Samuelson effect unlike crude oil futures prices.

This is a direct consequence of the assumption that the oil convenience yield is mean

reverting, which arises naturally from the effect of the supply of the commodity on inven-

tories. Given a shortfall of current oil supply relative to current oil demand, the current

marginal benefit of having inventories on hand is expected to be high (i.e., the short-run

convenience yield), since the supply of storage takes time to respond to such a shock.

The price of storage overshoots in the short run. However, as both crude oil production

and inventories are accumulated over the medium term, the value associated with holding

inventories in the future (i.e., the long-run convenience yield) decreases.

Similar to the literature on dollar bond yields (see Litterman and Scheinkman 1991),

three principal components explain over 99.9 per cent of the variation of the term structure

of convenience yields. One can interpret the three principal components as the level, slope

and curvature factors (see Figure 3). The first component is responsible for 97.70 per cent

of the variation, and it increases all yields, thereby changing the level of the convenience

yield curve. The factor loadings of the level factor decrease with maturity. This finding

reflects the sensitivity of the long-term convenience yields to movements in the short-

term convenience yield that decays with maturity. It also explains the funnel shape of the

convenience yield curve (see Panel b, Figure 2).

The second principal component loads negatively on short-maturity yields and posi-

tively on long-maturity ones, thereby changing the slope of the convenience yield curve.

In contrast to the level component, the slope component accounts for only 2.16 per cent

of the cross-sectional variation of convenience yields.
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The third component has the interpretation of a curvature factor. While it loads

negatively on short- and long-term convenience yields (i.e., 1-, 6- and 12-month) and

positively on medium-term yields (i.e., 2- and 3-month), it explains less than one per cent

of the variation of yields.8

Correlations. Table 2 reports the correlations between the principal components

of the LIBOR curve, the oil convenience yield curve and the monthly change in the

price of oil. Of course, the level, slope and curvature components of the term structure

of oil convenience yields are zero by construction, as they are for the LIBOR curve.

The low correlations between the components of the convenience yield curve with those

of the LIBOR curve and the change in the nominal price of oil indicates that each of

these variables represent very different sources of information. For instance, the largest

correlation is only 0.37 (between the levels of the LIBOR and the convenience yield curves).

Thus, examining the term structure of convenience yields separately reveals information

about the crude oil market above and beyond that already contained in the change in the

nominal spot price of oil and interest rates.

3.2 Crude oil market variables

To examine whether convenience yields contain information about conditions in the phys-

ical market for crude oil, we also use data on the following variables. Table 1b shows the

summary statistics for these variables.

Production and inventories. We use data on monthly crude oil production and

stocks (last day of the month) from PADD 2, the administrative region in the United

States oil distribution network where Cushing, Oklahoma (the delivery point for the WTI

futures contract) is located. These data are obtained from the U.S. Energy Information

Administration.

On average, crude oil stocks are four times the monthly production in the PADD 2

8For comparison, the first three principal components of the LIBOR curve explain 99.61 per cent, 0.35
per cent and 0.03 per cent, respectively, of the variation of yields.
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region, and almost three times more volatile (see Table 1b). Both variables are highly

persistent. This persistence can also be seen in Figure 4, which depicts the evolution of

the two variables’time series. In fact, neither the (log) levels of crude oil production nor

inventories seem to be covariance stationary. This feature of the data is likely related to

the persistent increase in both the level of inventories and crude oil production observed

in recent years. However, both crude oil production and stocks seem to have a common

trend, which suggests that the two variables are cointegrated. Using Johansen’s (1988)

trace test, we reject the null hypothesis of no cointegration between the two variables at

the one per cent level.

Given that convenience yields are covariance stationary but inventories are not, we

also focus on a normalized version of inventories that has no trend when analyzing the

empirical implications of the theory of storage. While it is possible to use the Hodrick-

Prescott filter, we use the cointegration relationship between production and crude oil

stocks to detrend crude oil inventories, given that it exploits an implication of the theory

of storage: higher production of oil should be associated with higher inventories (see

Dvir and Rogoff 2014).9 We estimate the cointegration relationship between stocks and

production using Johansen’s (1988) full information maximum-likelihood technique and

use the estimated error-correction term as our normalized version of inventories. We

obtain the following relationship:

abundancet = log(stockst)− 0.3585
(0.0741)

log(productiont), (5)

where the standard error of the coeffi cient is reported in parentheses, stockst are the crude

oil stocks (thousands of barrels) and productiont is the crude oil production (thousands

of barrels per month) from PADD 2.10 We plot a demeaned time series of abundancet

in Figure 5. Periods during which the error-correction term (abundancet) is below its

9In addition, it is not possible to reject the null hypothesis that the cycle component of inventories
obtained using the Hodrick-Prescott filter contains a unit root.
10The cointegration vector is only identified up to a scale factor (see, i.e., Hamilton 1994). Thus, some

normalization of the coeffi cients is required to uniquely identify the long-run relationship between (log)
stocks and (log) production. In particular, we normalize the coeffi cient on log(stockst) in equation (5) to
be equal to one, so that abundancet can be understood as a suitably detrended measure of inventories.
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unconditional mean are interpreted as periods during which crude oil is relatively scarce.

The recent period has been characterized by a persistent increase in the level of inventories

that can explain why we do not observe a Samuelson effect for crude oil prices. While

still relatively persistent when compared with convenience yields, the measure of crude

oil abundance is less persistent than PADD 2 stocks (see Table 1b).11

Finally, it is possible to use alternative measures of inventories. For example, Hamilton

(2009) focuses on total U.S. crude oil inventories, while Kilian and Murphy (2014) proxy

global crude oil stocks by scaling U.S. crude oil inventories by the ratio of OECD over U.S.

petroleum stocks. However, given that the contract specification requires the owner of

the futures contract to take physical delivery, futures prices should reflect the perceived

relative scarcity of the amount of crude oil that is available for immediate and future

delivery at Cushing. We therefore focus on crude oil stocks from PADD 2 when analyzing

WTI futures. As shown below, our results are broadly robust to the use of these alternative

measures of inventories.

Global demand for commodities. Several papers show that the price of oil should

be treated as endogenous with respect to global macroeconomic conditions (e.g., Kilian

2008; Kilian 2009; Kilian and Murphy 2012; Lippi and Nobili 2012; Kilian and Murphy

2014; Baumeister and Peersman 2013). We therefore investigate whether the convenience

yield curve has information about the index of global real economic activity, reat, con-

structed by Kilian (2009) as a proxy for the global demand of industrial commodities.

Kilian’s (2009) index of global real economic activity is constructed from data on dry

cargo single-voyage ocean freight rates to capture shifts in the demand for industrial com-

modities. More importantly, reat has been shown to have predictive power for the real

price of oil (see, e.g., Baumeister and Kilian 2012; Alquist, Kilian and Vigfusson 2013).

This index is centered at zero (see Table 1b) and has been normalized to lie between plus

11Rather than deseasonalizing the crude oil stocks data, we deal with the (potential) seasonal variation
of inventories by estimating long-run predictive regressions (see section 4.2). In particular, we focus on
the determinants of the h-month (log) change in crude oil stocks for h = 3, 12, which implicitly takes
care of quarterly and monthly seasonality, respectively. In addition, unlike natural gas and agricultural
commodities, seasonality does not appear to be a first-order driver of crude oil inventories.
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one and minus one.

Real price of oil. Given that the spot price of oil is a nominal variable, we deflate its

value by the U.S. CPI (seasonally adjusted) obtained from the Bureau of Labor Statistics.

The real price of oil is both less volatile and less persistent than the nominal price of oil

(see Table 1a and 1b). By tying the value of the spot price of oil to the CPI over the

long run, we are assuming that the real price of oil (rpot = st − pt) is stationary. The

stationarity of the real price of oil is consistent with equilibrium models that predict that

the U.S.-dollar oil price should follow the aggregate U.S. price level if the nominal price

of oil is flexible (e.g., Gillman and Nakov 2009). This prediction stands in contrast to

the assumption made by some studies that posit mean reversion in the nominal price of

oil. For instance, Schwartz (1997) posits that mean reversion arises naturally in models

of commodity price determination given the effect of relative prices of the supply of the

commodity, although it may take time for supply to respond to the price movement. This

argument is more plausible if it is applied to the real price of oil. Because the price of

crude oil is denominated in U.S. dollars, changes in the U.S. price level imply a one-for-

one change in the nominal price of crude oil. To the extent that the U.S. price level is

non-stationary, so will be the nominal price of crude oil. For this reason, economic models

that include the price of crude oil inevitably need to be specified in terms of the real price

of oil (Alquist, Kilian and Vigfusson 2013).

4 Convenience Yields and Crude Oil Stocks

4.1 The Working curve

The main implication of competitive storage models of commodity price determination is

the negative and monotonic relationship between the convenience yield and the current

level of inventory of a storable commodity, the Working (1933) curve. Periods of relative

scarcity of crude oil are related to high convenience yields.

This prediction suggests a natural test for the existence of the Working curve in the
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oil market using the inventory data. We regress the detrended measure of crude oil stocks

abundancet on the first principal component (i.e., the level component) of the cross-

section of convenience yields.12 The results are reported in the first column of Table 3.

As predicted by the theory of storage, the coeffi cient of the first principal component

of the convenience yields on crude oil abundance is statistically significant and negative.

Moreover, the R2 statistic is close to 50 per cent. The evidence thus indicates that the

first principal component (i.e., the level) of the convenience yield contains information

about current crude oil scarcity.

We also examine whether the second principal component (i.e., the slope component)

is related to current crude oil stocks. The results are reported in the second column of

Table 3. The coeffi cient on the second principal component is also negative and significant,

but the explanatory power for current crude oil abundance is low. The R2 statistic is only

3 per cent. Moreover, this result is robust to including both components as regressors

(see the third column of Table 3).

It is unsurprising that the slope component contains little information regarding cur-

rent convenience yields given that it captures the relative difference between the implicit

benefit of physical storage over a long period (i.e., twelve months) versus a short period

(i.e., one month). It is, however, possible that they have predictive power over future

inventories. We investigate this possibility in the next section.

4.2 The term structure of convenience yields as predictors of
crude oil stocks

To test whether the term structure of convenience yields contains information about the

future path of inventories in PADD 2, we focus on the following predictive equation:

yt+h = α + θ′ft + γ ′zt + εt+h, (6)

= α + β′xt + εt+h,

12The results are robust to the use of individual convenience yields and the use of the cycle component
of inventories obtained using the Hodrick-Prescott filter.
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where yt+h is the variable we are trying to predict (e.g., crude oil stocks), ft denotes

the first two principal components of the term structure of convenience yields, zt is a

vector of other observable predictors (e.g., abundancet, reat, and so on), xt = (f ′t, z
′
t)
′,

and β = (θ′,γ ′)′. We are interested in testing the null hypothesis of no predictability

(H0 : β = 0).13

Given that long-run predictive regressions suffer from small-sample biases, we use

bootstrap methods to conduct statistical inference on the parameters in equation (6). In

particular:

1. The bootstrap algorithm is based on a recursive wild bootstrap design as in Gonçalves

and Kilian (2004; 2007), which deals with the presence of conditional heteroskedas-

ticity in the error term.

2. As in Gospodinov and Ng (2013), we recompute the principal components of the

convenience yield curve at each bootstrap iteration to take account of the fact that

the principal components, ft, are generated regressors.14

3. As in Kilian (1998), we also bias correct the parameters of the data-generating

process prior to bootstrapping the distribution of the test statistics for the null

hypothesis of no predictability to deal with the (potential) persistence of the regres-

sors.

4. Finally, given the overlapping nature of this predictive regression, the errors εt+h

have a MA(h − 1) structure when h > 1. To address this issue, we use the West

(1997) heteroskedasticity and autocorrelation consistent (HAC) covariance matrix

13We focus on the in-sample evidence of predictability because we are primarily concerned with exam-
ining the evidence regarding the forward-looking nature of convenience yields. In other words, we are
most interested in determining whether a predictive relationship exists in the population as suggested
by economic theory. In that respect, in-sample tests of predictability are more appropriate than out-of-
sample tests given that they are statistically more powerful when the appropriate critical values are used
(Inoue and Kilian 2005; Cochrane 2007).
14The standard errors do not need to be adjusted for the fact that abundancet is used as a generated

regressor given that the estimates of the coeffi cients of the cointegration regression are superconsistent;
that is, the estimates converge to their true values at a rate proportional to the sample T rather than
the usual

√
T (see, e.g., Stock 1987).
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estimator when computing the sequence of Wald statistics for the null hypothesis

of no predictability for each bootstrap replication.15

More specific details on the bootstrap methods are provided in the appendix.

The parameter estimates (and bootstrap p-values) from equation (6) with h = 1, 3,

and 12 months for yt+h = ∆h log(stockst+h) (i.e., the h-month log change in crude oil

stocks) are reported in Table 4.16 Figures in bold are statistically significant at the 10

per cent level, the cut-off level used in Gospodinov and Ng (2013). We let zt, the set of

additional predictors, be the detrended measure of crude oil stocks (abundancet), given

its role as the error-correction term between crude oil stocks and production, and the real

price of oil (rpot). The coeffi cients of the first principal component of convenience yields

(i.e., the level) are negative and significant for forecasting horizons h = 1 and 3 months.

The estimated coeffi cient is not statistically different from zero for h = 12 months. High

convenience yields (i.e., a high level in the level of the curve) are not only related to

periods of relative scarcity of crude oil today (see results in Table 3), but also related to

the scarcity of crude oil in the near future (up to three months).

The estimated coeffi cient asssociated with the second principal component (i.e., the

slope) is negative and statistically significant for h = 1 and 3 months for both specifica-

tions of equation (6). It also remains negative and significant for h = 12 months when

the real price of oil is included as a regressor. This result is also consistent with the the-

ory of storage: an upward-sloping convenience yield curve indicates a situation in which

future inventories have a higher value than today’s inventories, which indicates that oil

is expected to be more scarce in the future. This reasoning explains why the sign of the

estimated coeffi cient is negative.

As expected, the error-correction term abundancet is statistically significant. The

15West (1997) proposes a HAC estimator of the covariance matrix of the parameter estimates that is
applicable when the regression disturbance follows a moving average (MA) process of known order. The
estimator is

√
T -consistent and is asymptotically more effi cient than non-parametric estimators used in

the literature such as Newey-West (1987).
16These results are robust to the use of abundancet+h as the variable of interest (yt+h) in equation (6),

instead of the change in crude oil inventories.
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negative sign indicates that when crude oil is abundant today, crude oil stocks are expected

to decrease in the future. By contrast, we find that inventories tend to increase when real

oil prices are high. This effect is statistically significant. All else equal, refiners are willing

to store more crude oil when its price is high than when it is low (see Pindyck 2001).

The goal of the bootstrap procedure is to account for the well-known small-sample

biases that plague long-run predictive regressions (see, e.g., Mark 1995; Kilian 1999).

The distribution of the bootstrap test statistics thus tends to be more conservative than

the one implied by conventional asymptotic theory. It is therefore important to stress that

the estimated coeffi cients for the two principal components of the convenience yield curve

remain statistically significant even after accounting for the statistical biases mentioned

above.

4.3 Sensitivity to other measures of inventories

As noted above, the physical delivery feature of the WTI crude oil futures contract implies

that futures prices should reflect the perceived relative scarcity of the amount of crude oil

that is available for immediate and future delivery at Cushing. Consequently, the relevant

measure of inventories when analyzing WTI futures should be the amount of crude oil

stocks in PADD 2. Still, it is possible that convenience yields contain information about

alternative measures of inventories such as the total amount of U.S. crude oil inventories

used in Hamilton (2009), or the proxy for global crude oil stocks, which scales U.S. crude

oil inventories by the ratio of OECD over U.S. petroleum stocks, used in Kilian and

Murphy (2014), since they tend to share a common time-series evolution.17

Our conclusions are broadly robust to using the alternative inventory data.18 For ex-

ample, the coeffi cients of both the first and second principal component of convenience

yields on the (log) change of U.S. crude oil stocks are negative and significant for forecast-

ing horizons h = 1 and 3 months. This evidence makes sense insofar as the WTI futures

17The three measures of inventories (i.e., PADD 2, U.S. and global) are highly correlated. The corre-
lation ranges from 0.84 for PADD 2 and global inventories to 0.92 for U.S. and global inventories.
18The regression results are available from the authors upon request.
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contract represents a claim on physical oil that is deliverable in PADD 2 and the WTI

contract is the main U.S. oil benchmark used for pricing in the North American market

(see Fattouh 2011).

On the other hand, while the coeffi cients of the level component of convenience yield

on the (log) change of global inventories, as proxied by Kilian and Murphy (2014), are

also negative and significant for forecasting horizons h = 1 and 3 months, the slope coef-

ficients are not significant. Thus, the term structure of WTI convenience yields contains

information about global crude oil inventories, but it is relatively less informative about

global stocks than about stocks in North America. We conjecture that this difference

in the results might be related to the fact that North American (i.e., WTI) and global

markets (i.e., Brent crude) are not fully integrated due, in part, to infrastructure logistics

(see Fattouh 2007; Büyükşahin et al. 2013). Similarly, consistent with the segmentation

story, these results seem to indicate that the level factor can be interpreted as a measure

of the global scarcity of crude oil, while the slope factor seems to capture future scarcity

of crude oil in the North American market only.

5 What Other Variables Can the Term Structure of
Convenience Yields Predict?

Because inventories are jointly determined in equilibrium with supply and demand deci-

sions, it is important to examine whether the term structure of convenience yields contains

information about these variables and the observed price of crude oil. We investigate this

hypothesis in this section.19

5.1 Convenience yields as predictors of crude oil production

We first focus on whether the term structure of convenience yields contains information

about the future path of crude oil production in PADD 2. Table 5 reports parameter

19We can replicate the results obtained by Gospodinov and Ng (2013) that convenience yields are
related to future U.S. headline inflation, especially the food and energy component. The results are
available from the authors upon request.
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estimates (and bootstrap p-values) for the coeffi cients equation (6) with h = 1, 3, and

12 months and yt+h = ∆h log(productiont+h) (i.e., the h-month log change in crude oil

production). As in the case of crude oil stocks, we examine the detrended measure of crude

oil stocks (abundancet) and the real price of oil (rpot) as the set of additional predictors

(zt).

According to theory, the sign of the effect of crude oil scarcity on production is indeter-

minate. On the one hand, crude oil can be abundant because of an unexpected decrease

in current demand relative to current supply. In this case, the marginal benefit of storing

oil is small given that there is plenty of oil available. That is, production decreases when

crude oil is abundant and increases when it is scarce. This effect is consistent with the

positive sign of the estimated coeffi cient associated with the first principal component of

convenience yields. In addition, the coeffi cient is statistically different from zero for all

three forecasting horizons.

But, as Kilian and Murphy (2014) observe, if agents expect a shortfall of future oil

supply relative to future oil demand, they will increase their demand for crude oil stocks

today in anticipation of the shortfall in the net oil supply. On the supply side, the optimal

response to this situation is to increase the production of crude oil, although the increase

in production is likely to take time given the inelasticity of the oil supply curve. This

set of forces creates a situation in which an increase in inventories today is followed by

an increase in crude oil production to meet the additional demand for crude oil stocks.

The second effect seems to be captured by the positive and significant sign of the error-

correction term, abundancet. Of course, it is important to stress that this relationship is

a predictive relationship and hence not necessarily causal. It is challenging to disentangle

the separate contributions of each effect without a fully structural model.

These results are robust to including the real price of oil as an additional predictor.

In particular, the variable rpot is positive and statistically significant for h = 3 and 12

but not for h = 1. This evidence is consistent with the view that production is inelastic
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in the short term and that, all else equal, oil producers are willing to produce more of a

higher-priced commodity than of a lower-priced one.

5.2 Convenience yields as predictors of the global real economic
activity

We next examine the information contained in convenience yields about the global real

economic activity. As recent research has shown, global real economic activity is reflected

in the demand for industrial commodities and, historically, has been an important driver

of crude oil prices (see, e.g., Baumeister and Kilian 2012; Alquist, Kilian and Vigfusson

2013). Therefore, global real economic activity should be a good proxy for the demand

of crude oil in the PADD 2 region —that is, the relevant but unobserved demand variable

for the pricing of WTI futures contracts.

Table 6 reports parameter estimates (and bootstrap p-values) for the coeffi cients equa-

tion (6) with h = 1, 3, and 12 months and yt+h = reat+h. In particular, we control for the

current level of global real economic activity (reat) and the real price of oil (rpot) in the

set of additional predictors (zt).

The coeffi cients of the first principal component of convenience yields (i.e., the level)

are not significant for any of the three horizons under consideration. However, the second

principal component is positive and significant for h = 1 month. This finding indicates

that firms assign a higher value to future inventories than they do to today’s inventories

(positive slope) due to the expectation of higher global demand for industrial commodities

in general and crude oil in particular.

5.3 Convenience yields as predictors of the price of crude oil

Finally, we turn our attention to the price of crude oil. Table 7 reports parameter estimates

(and bootstrap p-values) for the coeffi cients in equation (6) with h = 1, 3, and 12 months

and yt+h = rpot+h (i.e., the real price of oil), while Table 8 reports parameter estimates

for the case of yt+h = ∆hst+h (i.e., the h-month log change in the nominal spot price of
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oil). In both cases, we control for the current level of global real economic activity (reat)

and the real price of oil (rpot) in the set of additional predictors (zt).

Both tables deliver the same message: the first principal component of convenience

yields is negatively related to future crude oil prices in real and nominal terms. When

convenience yields are high (i.e., crude oil is scarce), crude oil prices are predicted to sub-

sequently fall. Moreover, the informational content of the first component of convenience

yields is robust to including reat as an additional predictor.

We attribute this effect to the sluggishness of the supply response and the mean

reversion of convenience yields and crude oil scarcity. As discussed above, an unexpected

increase in demand causes the spot price of oil to overshoot in the short run, given

that supply takes time to respond fully to such a change. In the meantime, inventories

are drawn down to compensate for the slow adjustment in production, which, in turn,

causes the marginal value of holding inventories and, thus, convenience yields to increase.

However, as oil suppliers respond by increasing production over the medium term, the

spot price of oil falls, which explains the negative and significant sign of the first principal

component of convenience yields in Tables 7 and 8.

6 Final Remarks

In this paper, we construct and analyze the term structure of crude oil convenience yields

to assess the implications of the theory of storage. Overall, the evidence supports the

theory.

This conclusion is based on three main pieces of evidence. First, the cross-section of

convenience yields can be explained using the familiar level and slope principal compo-

nents. As predicted by the theory of storage, the level component is negatively related to

U.S. crude oil inventories. This finding is consistent with the existence of a Working curve

in the crude oil market. Second, the two components have in-sample predictive power for

future crude oil stocks. Third, the term structure of crude oil convenience yields contains
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information for future crude oil production, an index of global demand for industrial com-

modities and the price of oil. These results make sense insofar as inventory holdings are

jointly determined in equilibrium with production and consumption decisions.

Taken together, this evidence underscores the importance of assessing the implica-

tions of the theory of storage for the crude oil market, and shows how one can use the

term structure of convenience yields to interpret developments in the fundamentals that

drive these markets. Above all, the evidence demonstrates that there is a forward-looking

element embedded in convenience yields that contains information about subsequent de-

velopments in the crude oil market.

An area that deserves further investigation is the modelling of the risk-premium com-

ponent in the term structure of convenience yields, as suggested by equation (3). A

complete model of the risk premium embedded in oil futures prices would permit us to

isolate the expectations component embedded in the convenience yield curve and therefore

better understand the implications of the theory of storage in a world with risk-averse

agents. Some progress along these lines can be found in, for example, Alquist, Bauer and

Diez de los Rios (2014), who propose a joint model of the term structure of U.S. interest

rates, convenience yields and the spot price of crude oil.
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Appendix

A Bootstrap Inference

In this appendix, we provide additional details on the bootstrap methods employed in the

main text of the paper, which are adapted from Kilian (1999). We want to test the null

hypothesis of no predictability (H0 : β = 0) in predictive regresions such as

yt+h = α + θ′ft + γ ′zt + εt+h, (7)

= α + β′xt + εt+h,

where yt+h is the variable of interest (i.e., the real price of oil), ft denotes the firstM(= 2)

principal components of the term structure of convenience yields, zt denotes an additional

set of observable predictors, and β = (θ′,γ ′)′ and xt = (f ′t, z
′
t)
′.

Given that long-run predictive regressions suffer from well-known small-sample bi-

ases, we use bootstrap methods to conduct statistical inference about the parameters

in equation (7). The bootstrap algorithm is based on a recursive wild bootstrap design

as in Gonçalves and Kilian (2004; 2007), which allows us to deal with the presence of

(potential) conditional heteroskedasticity in the error term.

A.1 Bootstrap data-generating process

A valid bootstrap algorithm can be obtained under the auxiliary assumption that the

bootstrap data-generating process is well described by the following state-space model.

Under the null hypothesis of no predictability, we have

δt − µδ = B(f t − µf ) + uδt, (8)

yt − µy = uyt, (9)(
ft − µf
zt − µz

)
=

p∑
j=1

[
Φ
(j)
ff Φ

(j)
fz

Φ
(j)
zf Φ

(j)
zz

](
ft−j − µf
zt−j − µz

)
+

(
uft
uzt

)
, (10)

where the order of the vector autoregression (VAR) (i.e., the transition equation of the

state-space model) in equation (10), p, is chosen using the Akaike information criterion.
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The mean parameters µδ, µy, µf and µz are forced to be the unconditional sample means

of δt, yt, ft and zt, respectively.

An estimate of the matrix of factor loadings, B, can be obtained using principal

component analysis. In particular, let B̂ denote such an estimate.

Similarly, let

Φ(j) =

[
Φ
(j)
ff Φ

(j)
fz

Φ
(j)
zf Φ

(j)
zz

]
,

and φ =vec
[
Φ(1),Φ(2), ...,Φ(p)

]
, where vec denotes the column stacking operator, and let

φ̂ denote the ordinary least squares (OLS) estimates of these parameters in equation (10).

A.2 Preliminary bias-correction

Given the potential persistence of the predictive regressors xt = (f ′t, z
′
t)
′, the OLS estimates

of the VAR dynamics of xt in equation (7) are likely to be subject to small-sample biases

(see, i.e., Bekaert, Hodrick and Marshall 1997; Bauer, Rudebusch and Wu 2012). For

this reason, we follow Kilian (1998) in using bootstrap methods to bias correct φ̂, prior

to bootstrapping the test statistics for the null hypothesis H0 : β = 0 in equation (7).

The proposed method is as follows. Start by using φ̂, i.e., the OLS estimates of φ

obtained above, to generate J = 5, 000 artificial samples of the regressors
{

x
∗(j)
t

}T
t=1
using

a recursive wild bootstrap design as in Gonçalves and Kilian (2004; 2007), in conjunction

with equation (10).20 Denote by φ̂
∗(j)

the OLS estimate of φ obtained using the artifical

sample j. Then, compute the bias-corrected estimates of the VAR(p) model in equation

(10) as φ̂
bc

= 2φ̂− 1
J

∑J
j=1 φ̂

∗(j)
.21

A.3 Bootstrap distribution of the Wald statistic under the null

Using B̂ (the estimates of the factor loadings obtained using principal component analy-

sis), φ̂
bc
(the bias-corrected estimates of φ obtained in the previous section), and a recur-

sive wild bootstrap design in conjunction with equations (9) and (10), we generate a new

20We initialize the artificial sample j at their value on the first date from the original sample.
21We use Kilian’s (1998) adjustment when the resulting bias-corrected dynamics of the VAR(p) process

in equation (10) becomes explosive.
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set of J = 5, 000 artificial samples
{
δ
∗∗(j)
t

}T
t=1

,
{
y
∗∗(j)
t

}T
t=1

,
{

x
∗(j)
t

}T
t=1
.

Further, we follow Gospodinov and Ng (2013) to re-estimate the first M principal

components of
{
δ
∗∗(j)
t

}T
t=1

(i.e., the artificial term structure of convenience yields) for

each bootstrap sample j. Let
{

f̂
∗∗(j)
t

}T
t=1

denote the re-estimated components for the

artificial sample j.22 By doing so, the resulting bootstrap distribution of the test statistic

takes into account the estimated uncertainty associated with the principal components

being generated regressors.

Finally, these artificial (re-estimated) components are plugged into the predictive re-

gression for the artificial data:

y
∗∗(j)
t+h = α∗∗(j) + β

∗∗(j)′x̂
∗∗(j)
t + ε

∗∗(j)
t+h ,

where x̂
∗∗(j)′
t = (f̂

∗∗(j)′
t , z

∗∗(j)′
t )′ and the Wald test statistic for the hypothesis that H0 :

β = 0 is saved for each j. Denote by W ∗∗(j)
H0

the corresponding Wald statistic for the

artificial sample j.23 This gives a random sample
{
W
∗∗(j)
H0

}J
j=1

of observations of the

conditional distribution of the Wald statistic for the null hypothesis of no predictability.

We can therefore compute the percentage of these artificial observations that exceed the

actual test statistic WH0 to compute a bootstrap p-value such as

p̂J =
1

J

J∑
j=1

1
(
W
∗∗(j)
H0

> WH0

)
,

where 1(·) is an indicator function. As usual, if the value of this bootstrap p-value falls

below the usual 10 per cent, 5 per cent or 1 per cent value, then we will reject the null

hypothesis of no predictability at that level.

22As in Gospodinov and Ng (2013), we set the sign of f̂∗∗(j)t to be consistent with the dynamics of ft
estimated from the original sample.
23We use West’s (1997) heteroskedasticity and autocorrelation consistent (HAC) covariance matrix

estimator when computing the Wald test statistic.
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Table 1
Summary Statistics

Panel A: Futures price of crude oil and yields
Standard Excess Autocorrelation

Mean Deviation Skewness Kurtosis 1 12
Spot price of crude oil (in US$) 43.14 30.02 0.98 -0.31 0.987 0.841
Futures price of crude oil (in US$)
1-month 43.27 30.29 0.97 -0.36 0.988 0.852
2-month 43.31 30.50 0.96 -0.40 0.989 0.860
3-month 43.31 30.68 0.95 -0.43 0.989 0.866
6-month 43.29 30.82 0.95 -0.45 0.990 0.871
12-month 43.25 30.94 0.95 -0.47 0.990 0.875

Bond yields (in % per year)
1-month 3.81 2.49 0.05 -0.91 0.993 0.805
2-month 3.86 2.47 0.04 -0.93 0.995 0.805
3-month 3.90 2.46 0.03 -0.94 0.995 0.803
6-month 4.02 2.40 0.03 -0.95 0.995 0.799
12-month 4.23 2.34 0.06 -0.96 0.993 0.794

Convenience yields (in % per year)
1-month 4.11 24.85 -0.16 3.22 0.759 0.109
2-month 5.13 21.44 0.11 1.73 0.819 0.143
3-month 5.75 19.31 0.19 1.02 0.845 0.166
6-month 5.48 12.15 0.26 0.62 0.865 0.208
12-month 5.24 7.49 0.32 0.39 0.887 0.274

Note: Data are sampled monthly from April 1989 to June 2013.

Panel B: Crude oil variables
Standard Excess Autocorrelation

Mean Deviation Skewness Kurtosis 1 12
PADD2 production 18.40 5.72 1.88 3.86 0.982 0.917
PADD2 stocks 73.39 13.88 1.39 1.61 0.976 0.789
Crude oil abundance 7.68 0.11 0.41 -0.63 0.925 0.443
Kilian’s (2009) index 0.00 0.24 0.44 -0.41 0.958 0.510
(Real) price of oil in 1982-1984 US$ 22.49 12.09 0.95 -0.14 0.981 0.787

Note: Our measure of crude oil abundance is defined as Abundancet = log(stockst) −0.3585
× log(productiont) and it is the error-correction term between crude oil stocks (thousand barrels)
and crude oil production (thousand of barrels per month) from PADD 2, and where the cointegra-
tion coeffi cient has been estimated using Johansen’s (1988) full information maximum-likelihood
approach. Kilian’s (2009) index of global economic activity is constructed from data on dry cargo
single-voyage ocean freight rates to capture shifts in the demand for industrial commodities in
global business markets. Data are sampled monthly from April 1989 to June 2013.
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Table 2
Correlations between components

b1t b2t c1t c2t ∆st
b1t 1
b2t 0 1
c1t 0.372 0.156 1
c2t 0.269 0.004 0 1
∆st -0.020 -0.113 0.216 0.064 1

Note: Data are sampled monthly from April 1989 to June 2013.
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Table 3
Working Curve Estimates

Abundancet = β0 + β1 × pc1t + β2 × pc2t + εt

(1) (2) (3)
constant 7.70 7.69 7.71
(t-stat) (649.88) (408.95) (556.19)
[p-value] [<0.001] [<0.001] [<0.001]

pc1t -2.29 - -2.29
(t-stat) (-8.65) (-9.74)
[p-value] [<0.001] [<0.001]

pc2t - -4.09 -4.09
(t-stat) (-2.14) (-2.78)
[p-value] [0.032] [0.006]

R2 0.465 0.033 0.498

Note: Data are sampled monthly from April 1989 to June 2013. Abundancet = log(stockst)−
0.3585× log(productiont) is the (estimated) error-correction term between crude oil stocks (thou-
sand barrels) and crude oil production (thousand of barrels per month) from PADD 2. The variables
pc1t and pc2t are, respectively, the first two principal components of the term structure of crude
oil convenience yields. t-stats computed using Newey-West (1987) HAC standard errors with six
(' T 1/3) lags are shown in parentheses. Asymptotic p-values are shown in square brackets.
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Table 4
Convenience yields as predictors of crude oil stocks in PADD 2

∆h log(stockst+h) = β0 + β1 × pc1t + β2 × pc2t + β3 × abundancet + β4 × rpot + εt+h

h = 1 h = 3 h = 12
pc1t -0.375 -0.389 -0.642 -0.693 -0.207 -0.308
[p-value] [<0.001] [<0.001] [0.017] [0.009] [0.737] [0.551]

pc2t -1.161 -1.186 -3.302 -3.399 -4.222 -4.714
[p-value] [0.012] [0.008] [0.057] [0.056] [0.155] [0.059]

abundancet -0.132 -0.154 -0.366 -0.453 -0.427 -0.668
[p-value] [<0.001] [<0.001] [<0.001] [<0.001] [0.059] [0.004]

rpot - 0.011 - 0.048 - 0.154
[p-value] - [0.039] - [0.005] - [<0.001]

R2 0.070 0.086 0.142 0.216 0.131 0.496

Note: Data are sampled monthly from April 1989 to June 2013. The variables pc1t and pc2t
are, respectively, the first two principal components of the term structure of crude oil convenience
yields. The variable abundancet = log(stockst)−0.3585× log(productiont) is the (estimated) error-
correction term between crude oil stocks (thousand barrels) and crude oil production (thousand
of barrels per month) from PADD 2. The variable rpot = st − pt is the real price of spot oil.
Bootstrap p-values computed using West (1997) HAC standard errors under the assumption that
the error term εt+h follows a MA(h− 1) process are shown in square brackets. Figures in bold are
statistically significant at the 10 per cent level.
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Table 5
Convenience yields as predictors of the production of crude oil in PADD 2

∆h log(productiont+h) = β0 + β1 × pc1t + β2 × pc2t + β3 × abundancet + β4 × rpot + εt+h

h = 1 h = 3 h = 12
pc1t 0.333 0.322 0.413 0.376 0.743 0.652
[p-value] [0.007] [0.008] [0.096] [0.076] [0.080] [0.054]

pc2t 0.143 0.122 -0.194 -0.265 -1.570 -2.011
[p-value] [0.823] [0.846] [0.880] [0.796] [0.289] [0.145]

abundancet 0.146 0.128 0.243 0.180 0.681 0.465
[p-value] [0.002] [0.006] [0.008] [0.025] [<0.001] [<0.001]

rpot 0.009 0.034 0.138
[p-value] [0.169] [0.005] [<0.001]

R2 0.043 0.049 0.126 0.204 0.339 0.721

Note: Data are sampled monthly from April 1989 to June 2013. The variables pc1t and pc2t
are, respectively, the first two principal components of the term structure of crude oil convenience
yields. The variable abundancet = log(stockst)−0.3585× log(productiont) is the (estimated) error-
correction term between crude oil stocks (thousand barrels) and crude oil production (thousand
of barrels per month) from PADD 2. The variable rpot = st − pt is the real price of spot oil.
Bootstrap p-values computed using West (1997) HAC standard errors under the assumption that
the error term εt+h follows a MA(h− 1) process are shown in square brackets. Figures in bold are
statistically significant at the 10 per cent level.
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Table 6
Convenience yields as predictors of the global demand of commodities

reat+h = β0 + β1 × pc1t + β2 × pc2t + β3 × reat + β4 × rpot + εt+h

h = 1 h = 3 h = 12
pc1t -0.042 -0.043 -0.122 -0.135 -0.935 -1.138
[p-value] [0.806] [0.805] [0.726] [0.704] [0.262] [0.143]

pc2t 2.832 2.831 5.196 5.175 5.939 5.951
[p-value] [0.016] [0.013] [0.131] [0.140] [0.227] [0.253]

reat 0.961 0.961 0.841 0.845 0.544 0.633
[p-value] [<0.001] [<0.001] [<0.001] [<0.001] [0.011] [0.006]

rpot 0.000 -0.004 -0.069
[p-value] [0.997] [0.925] [0.510]

R2 0.921 0.921 0.704 0.704 0.292 0.303

Note: Data are sampled monthly from April 1989 to June 2013. The variables pc1t and pc2t
are, respectively, the first two principal components of the term structure of crude oil convenience
yields. The variable reat is the index of global real economic activity constructed by Kilian (2009).
The variable rpot = st − pt is the real price of spot oil. Bootstrap p-values computed using West
(1997) HAC standard errors under the assumption that the error term εt+h follows a MA(h − 1)
process are shown in square brackets. Figures in bold are statistically significant at the 10 per cent
level.
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Table 7
Convenience yields as predictors of the real price of crude oil

rpot+h = β0 + β1 × pc1t + β2 × pc2t + β3 × rpot + β4 × reat + εt+h

h = 1 h = 3 h = 12
pc1t -0.454 -0.508 -1.271 -1.406 -3.131 -3.370
[p-value] [0.010] [0.003] [0.015] [0.006] [0.001] [0.001]

pc2t -0.592 -0.660 -4.339 -4.498 -5.607 -5.304
[p-value] [0.588] [0.549] [0.098] [0.088] [0.116] [0.161]

rpot 0.980 0.968 0.931 0.898 0.821 0.744
[p-value] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001] [<0.001]

reat 0.051 0.127 0.250
[p-value] [0.027] [0.063] [0.287]

R2 0.968 0.968 0.896 0.898 0.732 0.740

Note: Data are sampled monthly from April 1989 to June 2013. The variables pc1t and pc2t
are, respectively, the first two principal components of the term structure of crude oil convenience
yields. The variable reat is the index of global real economic activity constructed by Kilian (2009).
The variable rpot = st − pt is the real price of spot oil. Bootstrap p-values computed using West
(1997) HAC standard errors under the assumption that the error term εt+h follows a MA(h − 1)
process are shown in square brackets. Figures in bold are statistically significant at the 10 per cent
level.
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Table 8
Convenience yields as predictors of the spot price of crude oil

∆hst+h = β0 + β1 × pc1t + β2 × pc2t + β3 × rpot + β4 × reat + εt+h

h = 1 h = 3 h = 12
pc1t -0.441 -0.497 -1.257 -1.396 -3.104 -3.353
[p-value] [0.022] [0.007] [0.024] [0.014] [0.017] [0.017]

pc2t -0.473 -0.542 -4.141 -4.304 -5.236 -4.920
[p-value] [0.723] [0.666] [0.184] [0.157] [0.267] [0.307]

rpot -0.019 -0.032 -0.069 -0.103 -0.184 -0.264
[p-value] [0.314] [0.042] [0.240] [0.034] [0.342] [0.108]

reat 0.052 0.130 0.261
[p-value] [0.042] [0.091] [0.359]

R2 0.030 0.044 0.089 0.113 0.179 0.204

Note: Data are sampled monthly from April 1989 to June 2013. The variables pc1t and pc2t
are, respectively, the first two principal components of the term structure of crude oil convenience
yields. The variable reat is the index of global real economic activity constructed by Kilian (2009).
The variable rpot = st − pt is the real price of spot oil. Bootstrap p-values computed using West
(1997) HAC standard errors under the assumption that the error term εt+h follows a MA(h − 1)
process are shown in square brackets. Figures in bold are statistically significant at the 10 per cent
level.
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Figure 1: Crude Oil Futures Prices and Convenience Yields  

 

 

Note: Data are sampled monthly from April 1989 to June 2013. Panel a displays the temporal evolution 
of end-of-month prices of WTI futures contracts for different maturities. To compute the spot price, we 
select the futures contract that is closest to delivery. The convenience yields displayed in Panel b are 

computed using the no-arbitrage relationship (equation (2) in the main text of the paper) 𝑓𝑡
(𝑛) − 𝑠𝑡 =

𝑛𝑦𝑡
(𝑛) − 𝑛𝛿𝑡

(𝑛), where 𝑓𝑡
(𝑛) is the (log) price at time t of a futures contract that matures at time t+n, 𝑠𝑡 is 

the spot price of oil at time t, 𝑦𝑡
(𝑛) is the nominal interest rate at which investors can borrow between t 

and t+n, and 𝛿𝑡
(𝑛) is the n-period convenience yield.  
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Figure 2. Term Structures 

 

 

Note: Panel a displays the WTI crude oil futures curves drawn for the end-of-quarter observations. Panel 
b displays convenience yield curves for end-of-quarter observations, where the convenience yields are 
computed using the no-arbitrage relationship in equation (2) in the main text of the paper.  
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Figure 3. Factor Loadings: Convenience Yields 

 

Note: Factor loadings computed using a principal components analysis of the cross-section of 
convenience yields. The percentage of the variation of the convenience yield curve explained by each of 
the first three components is reported in the legend of the figure in parentheses. Data are sampled 
monthly from April 1989 to June 2013. 
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Figure 4. Stocks and Production of Crude Oil in PADD2 

 

Note: Crude oil stocks refer to stocks on the last day of the month from PADD 2, the administrative 
region in the United States oil distribution network where Cushing, Oklahoma (the delivery point for the 
WTI futures contract) is located. Crude oil production refers to the monthly crude oil production in the 
PADD 2 region. Data are sampled monthly from April 1989 to June 2013. 
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Figure 5. (Demeaned) Crude Oil Abundance 

 

Note: The variable crude oil 𝑎𝑏𝑢𝑛𝑑𝑎𝑛𝑐𝑒𝑡 = log(𝑠𝑡𝑜𝑐𝑘𝑠𝑡)− 0.3585 × log(𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑡) is the 
estimated error-correction term between crude oil stocks (measured in thousands of barrels) and crude 
oil production (measured in thousands of barrels per month) from PADD 2, the administrative region in 
the United States oil distribution network where Cushing, Oklahoma (the delivery point for the WTI 
futures contract) is located. Data are sampled monthly from April 1989 to June 2013. 
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