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Abstract

Investment Shocks and the Commodity Basis Spread

I identify a “slope” factor in the cross section of commodity futures returns. Low-basis com-

modity futures have higher loadings on this factor than high-basis commodity futures. This

slope factor and a level factor — an index of commodity futures — jointly explain most of

the average excess returns of commodity futures portfolios sorted by basis. More importantly,

I find that this factor is significantly correlated with investment shocks, which represent the

technological progress in producing new capital. I investigate a competitive dynamic equilib-

rium model of commodity production to endogenize this correlation. The model reproduces

the cross-sectional futures returns.



1 Introduction

This paper provides an empirical and theoretical analysis of the cross section of commodity

futures average returns. Recent studies (e.g., Hong and Yogo (2009)) have shown that com-

modity futures returns are predictable, even at a monthly horizon. Futures contracts written

on commodities with a low basis (that is, those commodities with a “low” ratio of futures price

to spot price) tend to have higher expected returns than futures contracts written on commodi-

ties with a high basis.1 Hong and Yogo (2009) show this result in the aggregate time-series,

and Gorton, Hayashi, and Rouwenhorst (GHR, 2008) observe this result in the cross section.

Specifically, GHR form two commodity futures portfolios sorted by the commodity’s basis and

find a 10% annual return spread between low- and high-basis portfolios. I refer to this result

as the “basis spread” throughout this paper. This basis spread is very similar to the return

spread between high and low forward rate currencies in the foreign exchange market (Lustig

and Verdelhan (2007)), in the sense that the high forward rate is equivalent to the low basis.

Given the large economic magnitude of the basis spread, understanding its source is thus an

important question.

To characterize the properties of commodity futures returns in the data, I split the com-

modity futures into five portfolios sorted by their basis. These portfolios are rebalanced at a

monthly frequency. The futures of the low-basis commodities offer about 10% annual excess

returns relative to the high-basis commodities, which is consistent with GHR’s finding. Fur-

thermore, I find that the average portfolio return is monotonically decreasing in basis. This is

important evidence supporting that basis characterizes the risk of commodity futures.

Among the returns of these portfolios, I find large common movement, which can be sum-

marized by two factors. These two factors are also highly correlated (higher than 95%) with

the first two principal components of these portfolios, which can capture a large fraction (75%)

of the total variance of these portfolios. The first factor is a commodity market factor, which

is defined as equally weighted commodity futures excess returns across commodities and ma-

turities. I test a commodity CAPM using the portfolios as test assets. Test results show that

portfolios’ risk exposure to this commodity market factor cannot explain the basis spread.2 In

particular, all of the portfolios have basically the same loadings on the market factor, and thus

cannot explain why excess returns vary dramatically with respect to basis. The second factor

is a “slope” factor, which is defined as the return spread between low- and high-basis portfolios

1See, for example, Fama and French (1987).
2Hong and Yogo (2010) document (and I confirm here) substantial comovement in the futures returns across

commodities and also provide evidence of an “aggregate commodity futures market premium.”
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(LMHFC).
3 The time-series asset pricing test results show that the commodity market and

slope factors jointly explain the average returns of the commodity futures portfolios fairly well.

In particular, the loadings on the slope factor are monotonically decreasing in basis, which

suggests that the slope factor is a potential risk factor for commodity futures.

More importantly, I investigate the underlying risk of the slope factor and find that the

factor is a negatively correlated with investment shocks, which represent the technological

progress in producing new capital. Because investment shocks are associated with a negative

price of risk (Papanikolaou (2010)), this novel finding supports a potential risk explanation of

the positive risk premium of the slope factor.

To rationalize these empirical findings, I propose a production-based asset pricing model

along the lines of Cochrane (1991) and Zhang (2005). In particular, I propose a model of many

commodities which extends Kogan, Livdan, and Yaron (KLY, 2009) to reproduce the basis

spread, the negative correlation between investment shocks and the slope factor, and many

empirical tests. In the model, the homogeneous competitive firms produce commodities in the

face of an exogenous demand curve. These producers optimize their investment decisions to

maximize firm value.

The model rationalizes the basis spread by two key relationships. First, the model predicts

that commodities with high investment producers offer higher futures returns. In the cross

section of commodities, commodity producers with high investment today have more new

capital to be installed, and hence face higher exposure to investment shocks. Because the

capital of producers determines the supply and hence the prices of commodities, the same

investment shock impacts the futures prices of commodities of high investment producers more

than low investment ones in the cross section. In addition, the sign of loading on investment

shocks is negative. This is because a positive investment shock represents technological progress

in producing new capital; it increases the future supply and hence depreciates commodity

prices. Therefore, the futures prices of commodities with high investment producers load

more negatively on investment shocks. With the negative risk price of investment shocks, this

explains why high investment producers are associated with high futures returns.

Second, the model also predicts that commodities with high investment producers have

low-basis futures curves, the same as in KLY. Generally, a futures price can be decomposed

into two parts: the expected spot price (E[P ]) and the risk premium (−Cov [M,P ] /E [M ]) as

F =
E[MP ]

E[M ]
= E[P ] +

Cov[M,P ]

E[M ]
. (1)

3Lustig, Roussanov, and Verdelhan (2010) identify a similar “slope” factor to explain the forward rate puzzle
in the foreign exchange market.
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From equation 1, it is easy to see that the low-basis or low-futures price can arise because of

either the low expected spot price (E[P ]) or the more negative covariance (Cov[M,P ]) between

the stochastic discount factor (SDF,M) and the spot price (P ). In KLY, a high investment rate

predicts low future supply and hence a low expected spot price (E[P ]). My model inherits this

channel. In addition, as discussed in the above paragraph, my model also relates commodity

futures of high investment producers with a higher risk premium and hence a more negative

covariance term (Cov[M,P ]). To summarize, my model relates commodities of high investment

producers with low basis through these two channels.

Through these two key relationships, my model explains why investment shocks are neg-

atively correlated with the basis spread as I find in the data and the positive basis spread.

Quantitatively, the simulated return spread between the low- and high-basis futures portfolio

matches the historical average (10%). The simulated data also replicate the negative correla-

tion between investment shocks and the slope factor as well as many empirical tests.

The model’s prediction that high investment producers offer high futures returns does

not contradict the fact that high investment rate firms have low stock returns. Kogan and

Papanikolaou (2010a) investigate the stock price implications of investment shocks and find

that investment shocks can explain the low stock returns associated with high investment

firms. In my model, commodity prices and producers’ stock prices have opposite signs in their

exposures to investment shocks. Because a positive investment shock increases producers’

investment efficiency and hence future supply, it increases producers’ stock prices and decreases

commodity prices. This may be one of the reasons why we observe a negative relationship

between stock returns and commodity futures returns. My model can reconcile its implications

with these empirical facts.

For parsimony, there is no inventory in my model. But adding many competitive inventory

holders with a nonnegative inventory constraint as in Routledge, Seppi, and Spatt (RSS, 2000)

does not change the main prediction of the model. The major part of the basis spread comes

from the high excess return (about 10% annually) of the low-basis portfolio. The futures

curves of the commodities in this portfolio are strongly downward sloping. Their producers

invest heavily, and hence expected spot prices are low relative to the current spot prices. With

storage costs, inventory holders are reluctant to store any commodities in this portfolio and

the inventories of these commodities are mostly “stocked out.” Therefore, futures prices are

only driven by production and consumption of commodities.

The rest of the paper proceeds as follows. Section 2 discusses the extant literature and

clearly lays out the contributions of this paper with respect to that literature. Section 3
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discusses the data and reports the empirical analysis and results. In Section 4, I propose an

investment-based model for pricing futures contracts of many commodities. Section 5 calibrates

the model. Section 6 reports the model implications and comparisons. Section 7 concludes.

2 Related literature

This paper builds on a growing literature on commodity futures and investment-based asset

pricing. To my knowledge, this is the first paper to explain cross-sectional futures returns

without hedging pressure, and the first to rationalize cross-sectional futures returns with an

investment-based model.

Classical theories explaining commodity futures return predictability date back to the hedg-

ing pressure hypothesis of Keynes (1923). This hypothesis argues that speculators who take

long positions in futures demand a positive risk premium from producers, who short the futures

to lock their future profits. This effect pushes down futures prices and thus lowers basis. Hir-

shleifer (1988, 1990) solves an equilibrium model with this hedging pressure story by assuming

that speculators face fixed setup costs, and producers are not able to issue equity on their

future cash flows. These market imperfections lead to a risk premium for bearing idiosyncratic

production risk.

The empirical evidence of the hedging pressure theory is mixed. Bessembinder (1992)

finds evidence to support the theory in Hirshleifer (1988). De Roon, Nijman, and Veld (2000)

identify the futures premium from cross-market hedging pressure. In contrast, GHR reject the

hedging pressure hypothesis in the cross section of commodities. Hong and Yogo (2010) also

observe that the futures return predictability from hedging pressure, which is measured as the

net short positions taken by commercials, is insignificant in aggregate time-series.

Other recent hedging pressure models include Acharya, Lochstoer, and Ramadorai (2010)

and Etula (2009). Acharya et al. (2010) propose a limits-to-arbitrage production-based model

with inventory to explain oil futures returns predictability from producers’ default risk. Etula

(2009) relates the commodity futures premia to the risk-bearing capacity of brokers and dealers

with another limits-to-arbitrage model.

In contrast to these papers, my model is free of hedging pressure. Instead, my model

features an investment shock, which is an important macroeconomic risk and well documented

in macroeconomic literature (e.g., Greenwood, Hercowitz, and Krusell (1997, 2000); Fisher

(2006); Justiniano, Primiceri, and Tambalotti (2010)). Stock return implications of investment

shocks have been investigated by Papanikolaou (2010) and Kogan and Papanikolaou (2010a,

2010b).
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Structural models of commodities consist of two major categories: inventory- and production-

based models. Examples of inventory models include Deaton and Laroque (1992, 1996) and

RSS. The key assumption of these models is a nonnegative inventory constraint, which dis-

tinguishes commodities from financial assets. Production-based models of commodities are

widely developed as well, but mainly with risk-neutral agents to solve puzzles other than the

risk premium. Examples include Litzenberger and Rabinowitz (1995), who explain the frequent

backwardation in oil futures; Carlson, Khokher, and Titman (2007), who investigate futures

price dynamics with an exhaustible constraint and capital adjustment costs of producers; and

KLY. Casassus, Collin-Dufresne, and Routledge (2009) construct a general equilibrium model

to explain the time-varying risk premium in oil futures.

This paper extends KLY to price cross-sectional commodity futures returns. KLY find

a U-shaped volatility in oil futures and propose a production-based model that features an

investment capacity constraint to explain this fact. I mainly add investment shocks to their

model. Rather than focusing on volatility, this paper focuses on the average futures returns

across commodities. Other differences in our models include separation of systematic and

idiosyncratic demand shocks, and using standard quadratic capital adjustment costs rather

than the investment capacity constraint.

Reduced-form models are also widely estimated in the commodity futures literature. Dif-

ferent from structural models, spot price dynamics and convenience yield are exogenous in

these models. See, for example, Schwartz (1997), Schwartz and Smith (2000), Casassus and

Collin-Dufresne (2005), and Trolle and Schwartz (2009).

This paper is also related to many other empirical papers in commodity futures. Gorton

and Rouwenhorst (2005) and Erb and Harvey (2006) document many important empirical

facts of commodity futures returns. Asness, Moskowitz, and Pedersen (2009) find a “value

premium” and momentum effect in commodity futures. Tang and Xiong (2010) find that

non-energy commodity futures are more correlated with oil around 2008.

This paper also extends the large growing literature on investment-based models to cross-

sectional returns of commodity futures. Examples of investment-based models of stock and

bond returns are Cochrane (1991); Gomes, Kogan, and Zhang (2003); Carlson, Fisher, and Gi-

ammarino (2004); Zhang (2005); Liu, Whited, and Zhang (2009); Lettau and Wachter (2007);

Gomes, Kogan, and Yogo (2009); Bazdresch, Belo, and Lin (2009); Lin (2010); and Kuehn and

Schmid (2010), among others.

5



3 Empirical analysis

In this section, I sort commodities by basis and split them into five portfolios by quantiles. The

low-basis portfolio offers a return that is about 10% higher than that of the high-basis portfolio

per annum. I call this 10% return spread the basis spread. Then I analyze the systematic risk

of these portfolios within two samples. The full sample includes monthly close quotes of futures

of maturities up to 12 months of 34 commodities from January 1970 to December 2008. To

check the robustness of the empirical results, I also analyze a subsample of the same set of

commodities from January 1985 to December 2008. Major empirical results are similar across

samples.

3.1 Data and variable definitions

The commodity futures and spot price data are from the Commodity Research Bureau. The

database includes a large panel of historical daily close quotes on futures and spot contracts

traded across many commodity markets worldwide.

The sample starts in January 1970 and ends in December 2008.4 It includes monthly close

quotes of futures contracts of maturities up to 12 months and spot contracts for a cross section

of many commodities. The cross-sectional sample size ranges from 18 commodities in 1970 to

34 commodities in 2008 from four sectors: agriculture, energy, livestock, and metals. Futures

contracts with maturities longer than 12 months are not liquidly traded and hence are excluded

from the sample.

I define the futures excess return as the fully collateralized return of longing a futures

contract. That is, at the time of signing a futures contract, the buyer has to deposit a cash

amount that equals the present value of the futures price to eliminate counterparty risk. This

cash amount, which is used as collateral, earns the risk-free rate. For commodity i, I denote

Fi,t,T as the futures price at time t with maturity T . The futures excess return of longing this

contract for one period is defined as

Re
i,t,T =

Fi,t+1,T−1

Fi,t,T
− 1. (2)

I exclude the return of holding a one-month futures to maturity in the sample, because it

involves delivery of the underlying commodity.

I define the monthly basis as the log difference between the 12-month (T2 = 12) futures

4The database starts from 1959. In the early period, few commodities are traded. To ensure at least three
commodities within a portfolio to diversify idiosyncratic risk, I compose my sample starting from 1970.

6



price and the 1-month (T1 = 1) futures price divided by the difference in maturity as

Bi,t =
log (Fi,t,T2)− log (Fi,t,T1)

T2 − T1
. (3)

If the 1-month or 12-month futures price is not available, I use the price of the futures contract

with the nearest maturity. The basis reported in the rest of this paper is annualized.

In addition, the spot price change is defined as

∆Pi,t =
Pi,t+1

Pi,t
− 1. (4)

Because holding commodities involves other nonfinancial benefits and costs such as storage

costs and convenience yield, measuring the return of buying and selling commodities on the

spot market is not easy. Therefore, I use the term spot price change rather than return.

Table 1 reports the summary statistics of every individual commodity by sector in the

sample. A commodity is in backwardation if its futures curve is downward sloping (basis is

negative). Otherwise, it is in contango. Crude oil futures become available in 1983. As noted

by Litzenberger and Rabinowitz (1995), its futures curve is in backwardation about 70% of

the time. Gold and silver futures behave much closer to futures on financial assets rather

than commodities. Their basis is close to the risk-free rate, and their futures curves have

little probability of being in backwardation. Other commodities are associated with diversified

average basis and frequency of backwardation. Historically, gasoline, propane, and live hogs

futures have the highest Sharpe ratio (about 40%).

3.2 Portfolios sorted by basis

I sort commodity futures contracts into five portfolios by basis with a monthly rebalance

frequency. When constructing these portfolios, I first sort available commodities by basis at

the end of month t and then split them into portfolios by quantiles. At the end of the following

month t+1, the futures contracts of these commodities are one month closer to their maturities.

I compute the excess returns of these contracts from t to the end of month t+1, and aggregate

these excess returns within each portfolio using equal weights to construct the portfolio excess

return of this month. I repeat this strategy month after month.

Table 2 reports the key statistics of futures excess return, spot price change, and basis of

these five portfolios in percentages in the two samples. In the full sample, consistent with

GHR’s finding, the futures of low-basis commodities offer about 10% annual excess returns

relative to high-basis commodities. Most of this return spread is due to the high excess return
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of the low-basis portfolio, since the high-basis portfolio has almost zero excess return in his-

torical average. This fact suggests a highly profitable trading strategy of longing the low-basis

portfolio, whose annual Sharpe ratio is 56%. This Sharpe ratio is higher than holding futures

of any individual commodities. More importantly, the portfolio excess return is monotonically

decreasing in basis. This monotonic relationship supports my argument that basis is a poten-

tial risk characteristic in the cross section of commodities. The subsample from 1985 to 2008

has similar results.

The portfolio aggregate spot price change is increasing in basis. This is consistent with the

empirical fact that the commodity spot price is mean-reverting (Deaton and Laroque (1992,

1996)).

The probability transition matrices of the five portfolios sorted by basis in both samples

are reported in Table 3. Element ai,j in a matrix indicates the transition probability of a

commodity from portfolio i to j in one month. The frequent transition of commodities across

portfolios shows that the average return pattern is not because of some particular commodities

but the characteristic — the basis of commodities.

3.3 Factor models

I introduce a commodity market factor and a LMHFC factor to explain the excess return of

these portfolios. Multifactor models have been used to explain cross-sectional stock returns

(Fama and French (1992)), bond returns (Fama and French (1993)), and forward returns in

the foreign exchange market (Lustig, Roussanov, and Verdelhan (2010)).

First, I test a commodity CAPM. The market factor (Mkt) is defined as the equally

weighted futures excess returns averaging across all commodities and maturities in the sample.

Using the portfolios reported in Table 2 as test assets, I test this commodity CAPM with

time-series regressions as

Re
j,t = αj + βj,MktMktt + ϵj,t, (5)

where j = 1 to 5 and “L-H.” The significance of abnormal return (αj) tests whether the model

can explain the excess return of portfolio j.

The tests reject the commodity CAPM. The results of time-series regression tests of the

commodity CAPM are reported in Table 4. The t-stats of the abnormal returns (αj) of several

portfolios are statistically significantly different from zero. In particular, the commodity market

factor can explain only about 1% of the return of the L-H portfolio, given that the average

return is 10.26% and the abnormal return is 9.16% controlled by the commodity market factor.
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The commodity CAPM cannot explain the return of the L-H portfolio in the subsample from

1985 to 2008 as well.

Then, I introduce a second factor (LMHCF ), which is defined as the return of the L-H

portfolio. I also use time-series regressions to test this two-factor model as

Re
j,t = αj + βj,MktMktt + βj,LMHCF

LMHCF,t + ϵj,t, (6)

where j = 1 to 5.

The time-series test results are reported in Panel A of Table 5. All the abnormal returns

(αj) of these five portfolios are statistically insignificant. The two-factor model passes these

time-series regression tests both in the full sample and in the subsample from 1985 to 2008. The

alphas of the subsample are even less in absolute values. More importantly, the portfolio loading

on the LMHCF factor (βj,LMHCF
) is monotonically decreasing in basis. These statistics show

that the LMHCF factor accounts for an important part of the comovement among commodity

futures returns.

3.4 Price of risk

Besides the time-series regression tests, the two-factor model also passes the cross-sectional

asset pricing tests. I estimate the price of risk and factor loadings of the commodity market

(Mkt) and LMHCF factors using both General Method of Moments (GMM, Hansen (1982))

and the Fama-MacBeth (FMB) method (Fama and MacBeth (1973)). Panel B of Table 5

reports the estimation results.

In linear factor models, I specify the stochastic discount factor (SDF) as a linear function

of factors (ft+1) as

Mt+1 = 1− b′(ft+1 − f̄), (7)

where b represents the vector of factor loadings. With a no-arbitrage condition, the excess

returns of portfolio j satisfy investors’ Euler equation,

Et

[
Mt+1R

e
j,t+1

]
= 0. (8)

I use these equations from many portfolios as moment conditions of GMM to test the two-

factor model and estimate factor loadings (b). The price of risk (λ) can be computed from

factor loadings using

λ = Σfb, (9)
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where factor covariance matrix, Σf = E[(ft − f̄)(ft − f̄)′]. The standard errors of estimated λ̂

are computed using the delta method.

Intuitively, the FMB method tests the hypothesis that the cross-sectional differences in

asset returns are due to the cross-sectional differences in asset risk exposure. FMB consists of

two steps. First, I regress the time-series of the excess returns of portfolio j on the two factors

to estimate the vector of risk exposure (βj) as

Re
j,t = αj + β′

jft + ϵj,t. (10)

Second, I regress the portfolio average excess returns (E[Re
j,t]) on its risk exposure (βj) in the

cross section of portfolios as

E[Re
j,t] = a+ λ′βj + ej . (11)

The slope of the cross-sectional regression is the risk price (λ) of factors. And the intercept (a)

represents the average abnormal return across portfolios. If a is different from zero, the model

fails to explain the returns of portfolios. The χ2-test is used to test whether this intercept (a)

is statistically significant.

The two-factor model passes all these cross-sectional tests. Estimation results of first-stage

(GMM1), second-stage GMM (GMM2), and FMB method are reported in Panel B of Table 5.

For the full sample, the last row reports the average excess returns of the commodity market

factor (6.01% per annum) and the LMHCF factor (10.26% per annum). The estimated price

of risk (λMkt and λLMHFC
) using all methods is very close to the average excess returns of

the two factors. Theoretically, when factors are excess returns, the price of risk should equal

their time-series averages. This no-arbitrage condition holds for the two factors among these

portfolios. Both the price of risk (λ) and factor loadings (b) are significantly different from zero

under both methods. The significance of λ indicates that both Mkt and LMHFC factors are

priced. The t-stats of b show that both factors help to price these portfolios (Cochrane (2005)).

Meanwhile, the R2 of the cross-sectional regressions are about 83%; and the root mean square

error (RMSE), which approximates the average alpha of these portfolios, is about 1.6% per

annum. The p-values of χ2-tests are about 25% across all three tests. The two-factor model

passes all these cross-sectional tests.

The two-factor model performs even better in the subsample from 1985 to 2008. The test

results of this subsample are reported on the right side of Table 5. The R2 is around 95%,

which is higher than the full sample. The RMSE is less than 1%. And the p-value of the χ2-test

cannot reject the two-factor model. As there are more commodities and more futures contracts

10



being traded in the later part of the sample, idiosyncratic risk can be more well diversified.

The commodity futures market becomes more integrated, and the commodity futures tend to

comove more. Therefore, the two-factor model captures the comovement of these portfolios

better.

3.5 Principal components as factors

I analyze the principal components of the portfolio excess returns and find that the second

principal component is crucial to explain the basis spread.

Table 6 reports the results of the principal component analysis. Panel A reports the loadings

of every portfolio on five principal components and the percentage of the total variance of these

portfolios that can be explained by each principal component. Among these five principal

components, the first two account for almost 75% of the total variance of these portfolios.

The loadings on the first principal component are similar across portfolios, so that it is a level

factor. I find that it is 99.7% correlated with the commodity market factor. The loading on

the second principal component is monotonically decreasing in basis. Therefore, it is a slope

factor. The correlation between the slope and LMHCF factors is 95.5%. The subsample from

1985 to 2008 yields similar results, which are reported in Panel B of Table 6. The correlation

between the Mkt and level factors is 99.5%, and the correlation between the LMHCF and

slope factors is 95.4% in the subsample. The two factors I proposed in the previous section

are basically the first two principal components of these portfolios.

I provide further empirical evidence to support that the slope or LMHCF factor is a

good candidate for the risk factor. I calculate the covariances between the excess returns

of five portfolios and each principal component and compare them with the average excess

return of five portfolios following Cochrane and Piazzesi (2005). The results are reported in

Figure 1. Among the five principal components, only the covariance of the second one (slope)

and portfolio returns is monotonically decreasing in basis, and it shares the same shape as the

average excess returns of these portfolios. Therefore, the second principal component (slope)

or LMHCF factor is important to explain these portfolio returns.

Using the five portfolios sorted by basis, I test an alternative two-factor model. The two

factors are the level and slope factors. Both the time-series and cross-sectional test results are

reported in Table 7. Similar to the LMHFC factor, the slope factor is significantly priced and

has a risk price of 7.23% in the full sample and 4.88% in the subsample from 1985 to 2008.

This two-factor model using the first two principal components as factors also passes all the

time-series and cross-sectional tests in both samples.
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3.6 Beta-sorted portfolios

The difference in portfolio average excess returns is not because of the differences in the char-

acteristics of these portfolios but rather because of the difference in their risk exposure. To

show the robustness of LMHFC as a potential risk factor, other than forming portfolios sorted

by basis, I also form five portfolios sorted by each commodity’s futures risk exposure to the

LMHCF factor to verify that LMHCF is a good risk factor candidate. The key statistics of

these five portfolios in both the full sample and the subsample from 1985 to 2008 are reported

in Panels A and B correspondingly in Table 8.

I describe the process of forming these portfolios as follows. At the end of month t, first I

aggregate 12-month pre-formation futures excess returns across maturities for every commod-

ity. I compute the pre-formation risk exposure (β) to the LMHCF factors of a commodity by

regressing these futures excess returns on the commodity market and LMHCF factors. Then

I sort commodities by their pre-formation β to LMHCF factors and split them into five port-

folios by quantiles. I repeat this process month after month. I compute the portfolio excess

returns as the equally weighted averages across the commodity futures excess returns across

commodities and maturities in the portfolio.

By comparing Table 8 and Table 2, I find that the patterns of expected returns, volatilities,

and betas of basis-sorted portfolios and beta-sorted portfolios are basically the same. The basis

of commodities is monotonically increasing in their risk exposure (β) to the LMHCF factor.

This indicates that basis and the risk exposure (β) to the LMHCF factor are interrelated, so

that the basis of commodities characterizes the risk of their futures contracts. I also report the

average excess returns (Mean) and volatility (Std) of the portfolios sorted by pre-formation β.

Even though the expected returns of these portfolios are not strictly monotonically decreasing

in pre-formation β, H-L portfolios still offer an annual average excess return 6.57% in the

full sample and 5.06% in the subsample. Commodity futures that are more correlated with

the LMHCF factor have higher returns. The post-formation β to LMHCF is estimated by

regressing beta-sorted portfolio excess returns on the two factors. It is monotonically increasing

in pre-formation β. These statistics of beta-sorted portfolios provide empirical evidence to

support that the covariance structure between commodity futures returns and the LMHCF

factor is a potential explanation for why low-basis commodities offer higher futures returns

than high-basis commodities historically.
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3.7 Investment shocks and the basis spread

Previous sections empirically identify LMHCF as a potential candidate for the risk factor. I

argue that it is a risk premium that compensates investors for bearing investment shocks. I

also find empirical support for this argument.

Investment shocks represent the technological progress in producing new capital. Following

Kogan and Papanikolaou (2010a), I use two empirical proxies of investment shocks to inves-

tigate their relationship with the basis spread.5 The first proxy is the IMC factor, which

is defined as the excess returns of longing stocks of investment good producers and shorting

stocks of consumption good producers. The other one is the relative price of investment goods

as in Greenwood, Hercowitz, and Krusell (1997, 2000). The second measure of investment

shocks (zξt ) is computed as the innovations of the relative price of investment goods (ξt),

log ξt = a0t+ a1t1{t>1982} + ρ log ξt−1 − zξt . (12)

A positive investment shock (zξt > 0) represents the technological progress in producing new

capital, or equivalently a lower price for investment goods (ξt). The growth rate of the invest-

ment goods price is allowed to differ before and after 1982 because it experiences an abrupt

increase in its average rate of decline in 1982 as noted in Fisher (2006) and Justiniano et al.

(2010).

Table 9 reports the risk exposure (univariate betas) of portfolios to the commodity market

factor (Mkt) and the two measures of investment shocks (IMC and zξ). The excess returns

of portfolios are annualized to smooth the seasonality of commodities. Panel A reports the

portfolio risk exposure for the full sample. Panel B reports the portfolio risk exposure for

the subsample from 1985 to 2008. The market betas (Cov(Re
j , R

e
Mkt)/σ

2
Mkt) are very similar

across portfolios sorted by basis. Hence, commodity market risk is not a good candidate for

explaining the basis spread, as we noted in previous sections.

The univariate betas of portfolios on the IMC factor are monotonically increasing in basis

in the full sample. The L-H portfolio has a significant negative beta to the IMC factor.

Its univariate beta Cov(Re
j , R

e
IMC)/σ

2
IMC = −0.52 with a t-stat of -3.63. The correlation

between the annual IMC and LMHFC factors is -30%. And the correlation between the

annual IMC and slope factors is -32%. Because Papanikolaou (2010) finds that investment

shocks (IMC) are associated with a negative price of risk, this explains why the LMHFC or

slope factors are associated with a positive risk premium. The monotonic increasing univariate

beta suggests that investment shocks can be the underlying risk that drives the difference in

5I thank Dimitris Papanikolaou for sharing the data for investment shocks.
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average returns of these portfolios sorted by basis. As a robustness check, in the subsample

from 1985 to 2008, the L-H portfolio also has a significantly negative loading on the IMC

factor (Cov(Re
j , R

e
IMC)/σ

2
IMC = −0.43 with a t-stat of -2.53). The univariate beta to the

IMC factor is basically increasing in basis.

When I use the innovations of the relative price of investment goods (zξ) as the proxy

for investment shocks, the patterns are basically the same. In the full sample, the univariate

beta to zξ is monotonically increasing in basis for portfolios 2, 3, 4, and high. The low-basis

portfolio has a positive beta to this shock in the full sample because it is positively correlated

with this proxy from 1970 to 1976. If we drop this initial period, the univariate beta of the

low-basis portfolio decreases to -1.28. As in the subsample from 1985 to 2008, this negative

relationship between risk exposure and basis can be observed in most of the portfolios.

To summarize, I find direct empirical evidence to link the basis spread with investment

shocks. The excess return of the low-basis portfolio relative to the high-basis portfolio is

negatively correlated with investment shocks. Because investment shocks have a negative

price of risk, they help explain the higher futures return of the low-basis portfolio.

4 Model

In this section, I construct an investment-based dynamic equilibrium model extending KLY

to endogenize the fact that the LMHFC factor is negatively related to investment shocks as

documented in Section 3.7. Through this channel, the model is able to replicate the basis

spread and many other empirical facts.

4.1 Setup

In a competitive commodity production economy, there are N different commodities. I assume

that commodities are nonstorable and mutually nonsubstitutable.6 Each commodity has a

large number of identical producers such that we can reduce their complex behavior into a

single representative producer problem. The production technology follows a Cobb-Douglas

production function as

QS
j,t = AKα

j,t. (13)

Without loss of generality, I assume production is deterministic A = 1 and constant returns

to scale α = 1. Since this paper focuses on commodity price implications, we can combine the

6Including competitive inventory holders as in RSS does not change the model’s prediction on the basis
spread, as I argue in the introduction.
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productivity and demand shocks of a commodity into a single demand shock, whereas capital

share α and price elasticity of demand η can be combined as a single parameter in the social

planner’s problem.

Following Fisher (2006), the capital of this producer accumulates as

Kj,t+1 = (1− δ)Kj,t + YtIj,t. (14)

Yt represents the level of investment-specific technology. It is an aggregate shock that impacts

the real investment of all commodity producers (j = 1, 2, ...N).

Firms own capital and produce commodities using the above technology. A producer’s

profit is generated from the revenue of selling its output commodity deducted by the costs of

investment:

πj,t = Pj,tQ
S
j,t − Ij,t − S(Ij,t,Kj,t), (15)

where

S(I,K) =
θ

2

(
I

K

)2

K (16)

is the standard quadratic capital adjustment cost (θ > 0). Another investment friction includes

investment irreversibility (Ij,t ≥ 0), which is also standard in the investment-based literature.

In a competitive equilibrium, producers take commodity spot prices as given and make

investment decisions to maximize firm value subject to the irreversibility constraint on real

investment. The firm value of a producer of commodity j is defined as the present value of all

future profits discounted by SDF (Mt) as

Vj,0 = max
It≥0

E0

[ ∞∑
t=0

(
t∏

u=0

Mu

)
πj,t

]
. (17)

The demand for a commodity is exogenous. A commodity faces two types of demand

shocks: systematic demand shock (Xt) and idiosyncratic demand shock (Zt). The inverse

demand function of commodity j is

Pj,t = P (Xt, Zj,t, Q
D
j,t) =

(
XtZj,t

QD
j,t

)η

, (18)

where η measures the price elasticity of demand. The market clearing condition is

QS
j,t = QD

j,t. (19)
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There are three exogenous shocks in this economy: aggregate demand shocks (Xt), idiosyn-

cratic demand shocks (Zj,t), and investment shocks (Yt). Aggregate demand shocks drive the

common movement of demand across commodities. Idiosyncratic demand shocks introduce

heterogeneity across commodities in order to generate cross-sectional returns. Investment

shocks is an aggregate shock, which is crucial to replicate the basis spread. To simplify the

model solution, I assume log demand shocks follow random walk processes. Log investment

shocks follow an AR(1) process as in Justiniano et al. (2010):

logXt+1 = logXt + gx + σxet+1, (20)

logZj,t+1 = logZj,t + σzϵj,t+1, (21)

log Yt+1 = ρy log Yt + σyut+1. (22)

Following Zhang (2005), the SDF is exogenous. This is a reduced-form way to model the

consumer’s problem. It is common in the literature of studying cross-sectional stock returns.

Deviating from the conditional CAPM framework (as in Zhang (2005)), my model is a two-

factor model with constant prices of risk more similar to Eisfeldt and Papanikolaou (2010)

and Kogan and Papanikolaou (2010a, 2010b). Both aggregate demand shocks and investment

shocks are priced in this economy. I parameterize the SDF as

Mt+1 =
1

ϕt
exp [−rf − γxσxet+1 − γy(log Yt+1 − log Yt)] , (23)

where

ϕt = Et [exp [−γxσxet+1 − γy(log Yt+1 − log Yt)]] (24)

is a compensator so that the SDF satisfies the no-arbitrage condition Et[Mt+1] = e−rf over all

states of the economy.7

4.2 Futures price

The futures price is defined as the risk-neutral expected spot price. Buying a futures contract

with maturity T written on commodity j costs zero at time t. The payoff at maturity is

Pj,t+T − Fj,t,T . Therefore,

0 = Et

[(
t+T∏

u=t+1

Mu

)
(Pj,t+T − Fj,t,T )

]
. (25)

7Even though ϕt has a close-form solution, it has to be computed numerically to precisely compensate for the
SDF, since we apply the SDF numerically when solving the optimal investment rate, spot, and futures prices.
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I rewrite the above equation in its recursive form,

Fj,t,T = erfEt [Mt+1Fj,t+1,T−1] . (26)

The boundary condition is

Fj,t,0 = Pj,t, (27)

because the futures price converges to its spot price as the contract approaches maturity.

First, I solve for market clearing spot price dynamics. Then, I compute the above expectation

numerically to solve for futures prices with many maturities over all economic states.

4.3 Spot price dynamics and risk exposure

Because futures contracts are derivatives written on the spot price (Equation 25), spot price

dynamics determine the risk exposure of futures contracts. From the inverse demand function

(Equation 18), market clearing condition (Equation 19), production technology (Equation 13),

and dynamics of exogenous shocks (Equations 20, 21, and 22), I derive the spot price dynamics

as

logPj,t+1 = logPj,t + gPj,t + ησxet+1 + ησzϵj,t+1, (28)

where gPj,t = −η log(1 − δ + Yti
∗
j,t) + ηgx is the growth rate of the spot price and i∗j,t is the

optimal investment rate. Both aggregate and idiosyncratic demand shocks (et+1 and ϵj,t+1)

are short-run risk. Investment shock (Yt) impacts the growth rate of the spot price. Therefore,

the investment shock is a long-run risk (Bansal and Yaron (2004)) in this model. It is priced

under the Epstein-Zin preference. The risk loading on investment shocks is approximately

−ηi∗j,t, which is time-varying and endogenous.

Spot price dynamics is useful in interpreting how low basis predicts high futures returns

through the investment channel. When the representative producer of commodity j makes a

lot of investment, i∗j,t is high. The growth rate of the spot price (gPj,t) is low because it is a

decreasing function of the investment rate. Hence, the expected spot price as well as basis is

low. Meanwhile, under high investment (i∗j,t), the growth rate of the spot price (gPj,t) faces more

negative exposure (−ηi∗j,t) to investment shocks (Yt). Therefore, the expected futures return is

high with the assumption that investment shocks are associated with a negative price of risk.

The idiosyncratic demand shock (ϵj,t+1) helps generate the cross section. This explains why

low basis is associated with high futures returns in the cross section of commodities.
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This spot price dynamics is very close to the one in KLY. Deviating from theirs, I introduce

investment shocks (Yt) into the dynamics. Futures contracts are exposed to investment shocks

through the investment channel.

4.4 Social planner’s problem

Following Lucas and Prescott (1971), I solve the competitive equilibrium allocation by solving

an equivalent social planner’s problem. I suppress the subscript j for notational simplicity.

The social surplus is defined as

SSt =

∫ Qt

0
P (Xt, Zt, q)dq =

1

1− η
Xη

t Z
η
t Q

1−η
t . (29)

The social planner chooses investment to maximize the present value of social surplus net of

investment costs. The Bellman equation for the social planner is

SVt = max
It≥0

[SSt − It − S(It,Kt) + Et[Mt+1SVt+1]] . (30)

I detrend this model in Section 8.2 of the Appendix and use the value function iteration to

solve for the optimal investment and spot price dynamics.

5 Calibration

I calibrate my model at a monthly frequency with parameters from either existing literature

or key moments of commodity futures.

The choices of parameters are reported in Table 10. The monthly capital depreciation rate is

set as δ = 0.01 from the empirical estimation in Cooper and Haltiwanger (2000). The literature

offers a wide choice of price elasticity of demand for many types of goods. Caballero and

Pindyck (1996) and Zhang (2005) choose η = 0.5 for consumption goods. Carlson, Khokher,

and Titman (2007) pick η = 1 for crude oil. KLY calibrate oil futures to get η = 3.15 using

the Simulated Method of Moments. I pick price elasticity of aggregate commodity demand

η = 3. The slope parameter of monthly capital adjustment costs is set as θ = 12 following

Bazdresch, Belo, and Lin (2009). I set the monthly persistence and volatility of investment

shocks as ρy = 0.92 and σy = 0.03 from the Bayesian estimates from Justiniano et al. (2010).

Volatility of aggregate demand shock σx = 0.008 is chosen to match commodity futures market

volatility. Volatility of idiosyncratic demand shock σz = 0.06 is chosen to match portfolio

volatility. Following RSS and Eisfeldt and Papanikolaou (2010), I set the aggregate demand

growth rate to be µx = 0.5%/12 and the monthly risk-free rate to be rf = 4%/12. It is a
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little higher than the historical mean (3%). This helps the convergence of the value function

iteration. The choices of the aggregate demand growth rate and the risk-free rate do not affect

the commodity futures excess returns directly. Finally, I set the prices of risk as γx = 1 and

γy = −12. The first helps match the commodity futures market premium, whereas the latter

helps match the difference in average returns between the low- and high-basis portfolios.

I solve the model using the value function iteration. The value and major policy functions

are reported in Figure 2. After detrending, state variables of the model reduce to detrended

capital (K̂t) and investment shocks (Yt). The upper left panel reports the value function. It

is increasing in detrended capital and investment shocks. The upper right panel reports the

optimal investment rate. Because of the investment irreversibility constraint, the investment

rate is nonnegative. Inherited from the standard investment-based model, the investment rate

is decreasing in detrended capital. In addition, because a positive investment shock represents

higher efficiency in investment, producers invest more given the same capital level. Hence, the

dotted curve is above the dashed curve.

Basis is decreasing in investment. The lower left panel reports the basis as a function of

the state variables. Given the policy functions of futures price F (T, K̂t, Yt) and spot price

P (K̂t, Yt), basis is computed as

B(K̂t, Yt) = log
F (T, K̂t, Yt)

P (K̂t, Yt)
, (31)

where T = 12 months. Figure 2 shows that basis is increasing in detrended capital and

decreasing in investment shocks. Because of the negative relationship between the optimal

investment rate and detrended capital, as shown in the upper right panel, basis is a decreasing

function of the investment rate. This is one of the two crucial relationships in generating the

basis spread.

The second crucial relationship is that the futures expected return is positively related to

investment. The lower right panel reports the expected excess return of longing 12-month

futures for one month. Longing futures with other maturities for one month has an expected

return of the same shape. With the policy functions of futures price F (T, K̂t, Yt), the expected

futures excess return is computed as

µF (T, K̂t, Yt) =
Et[F (T − 1, K̂t+1, Yt+1)]

F (T, K̂t, Yt)
− 1. (32)

The expectation is computed numerically. As shown in the figure, the expected futures excess

return is negatively related to detrended capital, which is negatively related to investment.
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Therefore, high investment predicts high futures returns. This is another key relationship of

the model.

Through endogenizing these two crucial relationships, my model explains the basis spread

qualitatively. In the next section, I show that my model can also quantitatively replicate the

basis spread.

6 Model implications and discussion

I use Monte Carlo simulation to investigate the important moments predicted by the model. To

neutralize the effect of initial conditions, I first simulate 35 commodities for 1,000 years. Then

I take the end values of the cross section of state variables from this simulation as the initial

states of the economy. Using these initial states, I create 1,000 artificial panels, each of which

includes monthly observations of 39 years of futures prices with maturities up to 12 months

of 35 commodities. The same empirical analysis is applied to these simulated panel data to

directly compare them with the results from the real ones. Key statistics (e.g., estimates and

t-stats) are averages of the corresponding ones across these panels. As reported in Panel A in

Table 11, the model replicates the commodity market average excess returns (E[Re] = 6%),

volatility (σ[Re] = 13%), and Sharpe ratio (45%) reasonably well.

6.1 Basis-sorted portfolios

In this section, I investigate the model implications of the basis spread.

The benchmark model reproduces the basis spread (10%) quantitatively with my choice

of parameters. Panel B in Table 11 compares the average excess returns (E[Re]), volatilities

(σ[Re]), and Sharpe ratios of these portfolios formed in both real data and simulated data. The

portfolio average excess return is monotonically decreasing in basis, and longing the low-basis

portfolio earns a return that is about 10% higher than the high-basis portfolio historically. The

model reproduces these facts fairly well.

To show the importance of investment shocks in generating the basis spread, I also simulate

a model with a zero risk price of investment shocks (γy = 0). The results are reported on the

right side of Panel B in Table 11. When investment shocks are not priced, most portfolios

have insignificant excess returns. In particular, the L-H portfolio has an average return close

to zero. Therefore, investment shocks with a negative risk price is the key in the benchmark

model to reproducing the basis spread.

Different from the U-shaped volatility in real data and KLY, the model-predicted futures

portfolio volatility (σ[Re]) is monotonically increasing in basis. This is because of the quadratic

20



capital adjustment costs, which are different from the capacity constraint in KLY. Inherited

from KLY, the optimal investment of producers in my model smooths demand shocks. A pos-

itive demand shock raises the spot price, which induces the producers to invest. By investing,

the producer increases the supply of a commodity and thus lowers the spot price. Therefore,

this optimal response tends to smooth spot price volatility. However, volatility smoothing is

limited when investment is restricted. Because the quadratic capital adjustment costs are less

restricted than the capacity constraint, the smooth effect in my model is more effective than

KLY when investment is high or basis is low, which leads to a less volatile low-basis portfolio.

However, adding an inventory helps replicate the U-shaped volatility in my model. This

is because inventory (as in RSS) can also smooth demand shocks but in the opposite way of

producers’ investment. A positive demand shock raises the spot price, which induces inventory

holders to sell. Hence, the supply of commodities from inventories raises and hence depreciates

the spot price. This smooth effect is restricted by a nonnegative inventory constraint. There-

fore, an inventory model predicts high futures volatility when the spot price is high or basis is

low. If we model production and inventory jointly, the investment and inventory constraints

generate high volatility when basis is either low or high. This provides another explanation

for the U-shaped volatility in commodity futures that is different from that in KLY.

6.2 Tests of factor models in simulated data

The model replicates the failure of commodity CAPM and the success of the two-factor model

in explaining the portfolios sorted in basis. Table 12 replicates Tables 4 and 5 with simulated

data.

Using the portfolios formed with simulated data in each panel, I test the commodity CAPM

and the two-factor model with the commodity market (Mkt) and LMHFC factors. Panel A

of Table 12 reports the results.

The commodity CAPM is also rejected in the simulated data as in historical data. Similar

to what was reported in Table 4, the L-H portfolio has more than 9% excess returns with

a t-stat greater than 2. And its exposure to the commodity market factor is almost zero.

Therefore, as in the real data, the risk exposure to commodity market risk cannot explain the

basis spread in simulated data as well.

The two-factor model passes the time-series tests using simulated portfolios as test assets.

We can compare the results reported in the middle section of Panel A in Table 12 with the

left section of Panel A in Table 5. The abnormal returns (alpha) of these portfolios are almost

zero with insignificant t-stats. The loadings of portfolios on the market factor are close to one.
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More importantly, the risk exposure to the LMHFC is monotonically decreasing in basis. The

model replicates all these patterns that are found in historical data.

The upper left panel of Table 12 reports the portfolio betas to the innovations of two sys-

tematic shocks (∆ logXt and ∆ log Yt) in the model. The beta to investment shocks (∆ log Yt)

is monotonically increasing in basis. This pattern is also found in real data as reported in Ta-

ble 9. In particular, the L-H portfolio has a significantly negative beta to investment shocks.

Therefore, the model endogenizes this cross-sectional negative correlation between investment

shocks and the basis spread as in historical data. This is the key correlation that the model

can generate the basis spread.

The exposure to the aggregate demand shock (∆ logXt) is monotonically increasing in

basis. This is similar to the pattern of portfolio volatilities and because of the smooth effect

discussed in the previous section.

Panel B of Table 12 reports the cross-sectional tests of the two-factor model in simulated

data. In comparison with Panel B of Table 5, the two factors are significantly priced in

simulated data as well. The estimated price of risk of the LMHFC factor (λLMHFC
) using three

methods (first step GMM, second step GMM, and FMB) is close to the average excess return

of this factor. This no-arbitrage condition holds for the two factors among these portfolios.

Both the price of risk (λ) and factor loadings (b) are significantly different from zero under

both methods as in the data. Similarly, the significance of λ indicates that both the Mkt

and LMHFC factors are priced. The t-stats of b show that both factors help to price these

portfolios. Meanwhile, the R2 of the cross-sectional regressions is about 60%; and the RMSE,

which approximates the average alpha of these portfolios, is about 2.2% per annum. The p-

values of χ2-tests are about 40% across all three tests. Using these simulated portfolios as test

assets, the two-factor model also passes all these cross-sectional tests, the same as in historical

data.

6.3 Term structure of the basis spread

The model can also replicate the term structure of the basis spread reasonably well. Figure 3

compares the basis spreads across many maturities from historical and simulated data.

I form portfolios double-sorted by basis and maturity from historical data. In the maturity

dimension, I split futures contracts into portfolios with maturities of 2-3 months, 4-5 months,

6-7 months, 8-9 months, 10-11 months, and 12 months, because many commodity futures like

gold futures have maturities with more than a 2-month interval. In the basis dimension, I still

split commodities into five portfolios by quantiles. I compute the average LMHFC within each
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maturity group. Figure 3 reports the average LMHFC over maturities. The model curve is

computed by applying the same method to the simulated data. The model curve matches the

data reasonably well.

In the model, the persistence of the basis spread is determined jointly by the persistence

of producers’ real investment and investment shocks. Because the investment is the risk ex-

posure to investment shocks, highly persistent investment helps to generate a persistent basis

spread over maturity. Meanwhile, highly persistent investment shocks impact the futures price

more than low persistent ones. But the spot price has zero exposure to investment shocks,

because the current supply of commodities or the installed capital is not exposed to the shock.

Therefore, the model-predicted term structure of the basis spread is hump-shaped.

6.4 Irreversibility, capital adjustment cost, and the basis spread

In order to examine the importance of producers’ real investment frictions in generating the

basis spread, I analysis the sensitivity of the basis spread to the irreversibility constraint and the

slope parameter of capital adjustment costs (θ). Table 13 compares the average excess returns

and volatilities of portfolios sorted by basis in the simulated data from different models.

First, I shut down the investment irreversibility constraint. In this case, commodity pro-

ducers face symmetric capital adjustment costs with monthly θ = 12. As reported in Table 13,

the L-H portfolio still has a 3.61% average return. Low-basis commodities offer high futures

returns, the same as in the benchmark case. In particular, the low-basis portfolio has a similar

excess return of about 11% per year. But the excess return of the high-basis portfolio raises to

7.34% from 1.81% in the benchmark model. This is because the high-basis portfolio includes

those commodities with producers who want to disinvest but are no longer restricted by the

irreversible constraints.

Second, I solve the model with different monthly slope parameters of capital adjustment

costs (θ = 6 and θ = 24), but keeping the irreversibility constraint. When I reduce θ to 6, the

average excess return of the L-H portfolio increases to 11.85% from 9.02% in the benchmark

model. This is because commodity producers optimally choose higher investment facing lower

adjustment costs when there is a positive demand shock. Since the investment of producers

measures the risk exposure (β) of commodity futures, there is a large difference in the risk

exposure (β) between low- and high-basis commodities in this case. Because of the same

reason, when I raise monthly θ to 24, the simulated average return of the L-H portfolio reduces

to 6.17%.

To summarize, all these frictions are not crucial in generating the predictability of the
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commodity futures return from basis. They only affect the magnitude of the basis spread.

This is because, in my two-factor model, the basis spread is generated through the correlation

between investment shocks and the futures prices. Intuitively, real investment of producers is

the risk exposure (β). All these frictions only affect the absolute value of the risk exposure

(β), but not its sign.

7 Conclusion

In this paper, I investigate the futures returns in the cross section of commodities. In the

empirical part, I sort commodities into portfolios by basis and introduce a two-factor model

to summarize the cross-sectional average returns of these portfolios. The two-factor model

passes many empirical tests. Furthermore, I find that the cross-sectional return difference (the

basis spread) is negatively correlated with investment shocks. With the negative risk price

of investment shocks documented in Papanikolaou (2010), this finding suggests that the basis

spread can be a risk premium of investment shocks.

In my theory part, I construct a dynamic equilibrium model extending KLY to replicate

this negative correlation as well as the positive basis spread under the assumption of the

negative risk price of investment shocks. The model also replicates the average returns of

the five portfolios and many major empirical tests. This paper provides a potential macro

risk explanation of the basis spread in contrast to the classic hedging pressure theory of the

commodity futures premium (Keynes (1923) and others).

The rationality of other cross-sectional return spreads in commodity futures such as the

momentum effect (GHR) and the “value premium” (Asness, Moskowitz, and Pedersen (2009))

would also be interesting topics to investigate in the future.
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8 Appendices

8.1 Tests of standard factor models

In this section, I document the failure of standard factor models in the stock market in explain-

ing the basis spread. Using the five commodity futures portfolios sorted by basis as test assets,

I test the standard CAPM, the Fama-French three-factor model (Fama and French (1992)),

and the Carhart four-factor model (Carhart (1997)). The time-series regressions results are

reported in Tables 14, 15, and 16 correspondingly. Commodity futures portfolio returns have

little correlation with these risk factors. The abnormal returns (alpha) of these portfolios are

significantly positive. Therefore, the risk exposure to these common risk factors in the stock

market cannot explain the basis spread.

8.2 Detrended social planner’s problem

I solve the social planner’s problem using the value function iteration. This numerical method

only applies to stationary models. Therefore, I detrend my model variables. The Bellman

equation of the social planner is

SVt = max
It

{
1

1− η
Xη

t Z
η
t K

1−η
t − It −

θ

2

(
It
Kt

)2

Kt + Et [Mt+1SVt+1]

}
(33)

s.t. It ≥ 0. (34)

Because both aggregate and idiosyncratic demand shocks follow random walk processes, I

detrend all variables by letting ŜV t =
SVt
XtZt

, K̂t =
Kt

XtZt
, and Ît =

It
XtZt

. The detrended value

function of the social planer reduces to a function of two state variables, both investment

shocks (Yt) and detrended capital (K̂t), as

ŜV (Yt, K̂t) = max
Ît

 1

1− η
K̂1−η

t − Ît −
θ

2

(
Ît

K̂t

)2

K̂t

+Et

[
Mt+1e

µx+σxet+1+σzϵt+1ŜV (Yt+1, K̂t+1)
]}

(35)

s.t. Ît ≥ 0. (36)

The law of motion for the detrended capital is

K̂t+1 = e−µx−σxet+1−σzϵt+1

[
(1− δ)K̂t + YtÎt

]
. (37)

From the inverse demand function, we can derive the spot price dynamics as

Pt = K̂−η
t , (38)
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which is mean-reverting given that the detrended capital is stationary. This is consistent with

the empirical fact that commodity spot prices are mean-reverting. The state variables of the

detrend economy are (Yt, K̂t). After detrending, both aggregate and idiosyncratic demand

shocks reduce to independent and identically distributed (i.i.d.) Gaussian shocks (et, ϵt).

8.3 Numerical procedure details

The numerical solution of my model involves two steps: value function iteration and Monte

Carlo simulation. The value function iteration solves for the optimal investment policy of pro-

ducers (Ît+1(yt, K̂t)). Because this paper is focused on product price implications, in contrast

to papers on stock prices, the value function itself is less important. Given the investment

policy function, we can solve for the spot price using the detrended inverse demand function

(Equation 38). I compute the futures prices over maturities by taking the expectation in Equa-

tion 26 recursively. By simulating the futures price, capital, and exogenous shocks jointly, I

create 1,000 panels of 35 commodities with futures prices with maturities up to 12 months.

The model implications are performed on these panels of simulated data.

The first step of the value function iteration is to discretize the state space of exogenous

shocks. My model has three shocks. The log investment shock yt is assumed to follow an

AR(1) process. I follow previous literature (e.g., Zhang (2005)) in using the Rouwenhorst

(1995) method to discretize this shock. Compared to Tauchen (1986), this method does a

better job in discretizing highly persistent (ρ close to 1) shocks. The i.i.d. innovations et in

the aggregate demand shock and ϵt in the idiosyncratic demand shock are discretized using

the same method by setting ρ = 0. I use eleven grid points for yt and eleven grid points for

both et and ϵt.

The detrended capital K̂ is discretized to be evenly spaced in its log space as log K̂j =

log K̂j−1 + (log K̂max − log K̂min)/(N − 1). The upper bound log K̂max and the lower bound

log K̂min of detrended capital are chosen so that simulated detrended capitals are always be-

tween the boundaries. I choose NK = 100 for the coarse capital grid. For every value function

iteration, a finer grid of capital is used to search for more precise optimal capital next period

(K̂t+1) after the search on the coarse grid. I choose NK = 50 for the finer grid near the optimal

next period capital (K̂t+1) on the coarse grid.

Monte Carlo simulations are performed on the grids of demand shocks (et, ϵt) but off-grid

for log investment shocks (yt) and detrended capital (K̂t). Interpolation is widely applied in

both the value function iteration and simulation.
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Sector Commodity Symbol N Basis Freq. of E[Re] σ[Re] Sharpe
bw. ratio

Agriculture Barley WA 235 3.66 28.51 -0.24 19.62 -1.21
Butter 02 141 3.68 34.04 3.66 27.22 13.46
Canola WC 377 2.98 33.16 -0.18 19.82 -0.89
Cocoa CC 452 2.61 25.88 4.52 30.32 14.90
Coffee KC 420 2.57 37.38 6.00 36.52 16.44
Corn C- 468 6.03 23.29 -0.01 23.35 -0.04
Cotton CT 452 1.75 36.50 3.60 22.96 15.69
Flaxseed WF 295 1.55 29.15 -1.53 18.02 -8.50
Lumber LB 468 5.63 33.55 -1.13 22.80 -4.98
Oats O- 468 5.65 31.20 0.44 28.90 1.53
Orange juice JO 448 3.08 36.83 2.32 29.56 7.86
Rough rice RR 265 7.56 26.42 -1.50 25.01 -6.01
Soybean meal SM 468 -0.20 44.87 7.80 28.63 27.25
Soybean oil BO 468 -0.79 38.89 8.44 29.44 28.68
Soybeans S- 468 0.58 37.39 5.99 26.25 22.81
Sugar SB 452 2.47 43.14 7.50 39.13 19.18
Wheat W- 468 2.88 38.89 2.79 23.76 11.72

Energy Crude oil CL 295 -4.25 67.12 10.56 27.87 37.89
Gasoline RB 275 -8.09 70.91 12.82 30.18 42.47
Heating oil HO 345 -1.49 55.94 9.50 28.65 33.15
Natural gas NG 216 3.63 43.98 8.66 34.63 25.00
Propane PN 247 -5.53 57.89 14.28 34.18 41.77

Livestock Broilers BR 19 -4.58 68.42 1.49 7.28 20.53
Feeder cattle FC 443 -0.35 53.50 4.43 14.28 31.01
Lean hogs LH 468 -2.66 59.40 7.98 22.34 35.70
Live cattle LC 468 -0.46 50.64 4.55 14.92 30.46
Live hogs LG 321 -3.80 60.12 9.83 23.60 41.67
Pork bellies PB 468 0.75 50.85 2.72 32.66 8.32

Metals Aluminum AL 215 -1.06 55.35 5.46 19.11 28.56
Copper HG 460 -0.69 41.52 5.66 25.28 22.37
Gold GC 400 6.24 0.00 0.43 19.88 2.18
Palladium PA 362 2.16 32.32 10.21 35.19 29.01
Platinum PL 450 3.36 22.89 3.85 28.17 13.66
Silver SI 460 6.67 1.09 0.93 31.61 2.95

Table 1: Summary statistics of commodity futures for every individual commodity in the sam-
ple. The sample includes monthly close quotes of futures of maturities up to 12 months of 34
commodities from January 1970 to December 2008. N is the number of monthly observations
available for a commodity. The basis column reports the historical average basis of a commod-
ity. The “freq. of bw.” column reports the frequency of a commodity futures curve that is in
backwardation. A commodity is in backwardation if its basis is negative. E(Re) and σ(Re) are
the annualized historical average and standard deviation of futures excess returns of individual
commodities.
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Low 2 3 4 High L-H

Panel A: Full sample

Futures excess return
Mean 11.05 8.72 4.82 2.69 0.79 10.26
Std 19.56 15.90 16.69 15.94 17.66 20.53
Sharpe ratio 56.50 54.85 28.90 16.85 4.45 50.00

Spot change in percentage
Mean -0.80 7.25 6.80 12.38 20.33 -21.13
Std 24.98 17.94 18.13 17.30 23.64 29.53

Basis
Mean -17.11 -4.09 2.77 8.02 16.97
Std 32.25 19.66 15.39 12.74 19.29

Panel B: Subsample 1985-2008

Futures excess return
Mean 7.94 5.43 4.25 1.81 0.23 7.72
Std 16.33 13.56 14.38 12.72 14.60 18.92
Sharpe ratio 48.64 40.05 29.53 14.21 1.55 40.81

Spot change in percentage
Mean -2.23 4.63 7.30 8.89 19.32 -21.55
Std 23.23 16.55 16.99 13.93 21.36 29.06

Basis
Mean -16.72 -3.99 2.22 7.44 16.82
Std 26.05 15.32 11.12 10.35 18.01

Table 2: Key moments of the five commodity portfolios sorted by basis. Panel A reports
the portfolio return moments of the full sample including monthly close quotes of futures of
maturities up to 12 months of 34 commodities from January 1970 to December 2008. Panel
B reports the portfolio return moments of a subsample of the same set of commodities from
January 1985 to December 2008. Portfolios are rebalanced in the last trading day of every
month. Futures excess return is defined as the fully collateralized return of longing a futures
contract. Spot change is defined as the percentage change in spot prices. Basis is defined as
the annualized log difference between futures prices with the longest maturity and the shortest
maturity available.
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Panel A: Full sample

Portfolio Low 2 3 4 High

Low 69.5 20.4 4.7 1.5 1.2
2 21.7 51.2 20.6 5.2 2.6
3 5.8 21.9 48.9 21.0 4.8
4 1.9 4.5 21.1 53.5 19.8

High 1.2 2.0 4.6 18.8 71.5

Panel B: Subsample 1985-2008

Portfolio Low 2 3 4 High

Low 68.9 20.3 5.4 1.9 1.2
2 21.8 51.8 19.9 5.1 2.8
3 5.6 21.3 50.6 20.5 4.0
4 2.2 4.5 20.0 54.2 19.9

High 1.5 2.1 4.2 18.4 72.2

Table 3: Transition probability matrix of the five portfolios sorted by basis. Panel A reports
the portfolio transition probability of the full sample including monthly close quotes of futures
of maturities up to 12 months of 34 commodities from January 1970 to December 2008. Panel
B reports the portfolio transition probability of a subsample of the same set of commodities
from January 1985 to December 2008. Portfolios are rebalanced in the last trading day of
every month.
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Low 1 2 3 High L-H

Panel A: Full sample

Alpha 4.33 3.10 -1.40 -2.64 -4.82 9.16
(t-stat) (1.97) (2.00) (-1.00) (-1.76) (-2.63) (2.68)

Mkt 1.12 0.93 1.04 0.89 0.93 0.18
(t-stat) (17.67) (19.55) (24.86) (22.05) (12.70) (1.58)

R2 (%) 59.35 62.83 70.06 56.16 50.83 1.46

Panel B: Subsample 1985-2008

Alpha 3.18 1.28 -0.49 -1.72 -3.37 6.54
(t-stat) (1.49) (0.75) (-0.33) (-1.07) (-1.57) (1.74)

Mkt 1.11 0.97 1.11 0.82 0.84 0.27
(t-stat) (13.99) (15.15) (18.56) (17.61) (9.46) (1.95)

R2 (%) 54.85 60.41 69.83 49.49 38.99 2.48

Table 4: Test-series tests of commodity CAPM. The commodity market factor is constructed
as the equally weighted commodity futures across commodities and maturities in the sample.
Panel A reports the portfolio alphas and market betas of the full sample including monthly
close quotes of futures of maturities up to 12 months of 34 commodities from January 1970 to
December 2008. Panel B reports the portfolio alphas and market betas of a subsample of the
same set of commodities from January 1985 to December 2008. Portfolios are rebalanced in
the last trading day of every month.
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Panel A: Full sample

PC - Excess returns
Portfolio 1 2 3 4 5

L 0.52 0.71 -0.45 -0.16 0.00
2 0.42 0.11 0.50 0.39 -0.64
3 0.47 -0.04 0.40 0.24 0.75
4 0.39 -0.33 0.22 -0.82 -0.12
H 0.43 -0.62 -0.58 0.31 -0.09

% Var. 0.60 0.15 0.11 0.08 0.06

Panel B: Subsample 1985-2008

PC - Excess returns
Portfolio 1 2 3 4 5

L 0.52 0.61 -0.57 -0.16 -0.06
2 0.44 0.13 0.53 0.30 -0.65
3 0.51 0.01 0.32 0.29 0.74
4 0.36 -0.32 0.24 -0.84 -0.01
H 0.38 -0.71 -0.49 0.29 -0.15

% Var. 0.55 0.18 0.12 0.08 0.07

Table 6: Principal component analysis of the excess returns of the five portfolios sorted by basis.
For each panel, the first five rows report the principal component coefficients of portfolios.
The last row reports the percentage of the total variance (% Var.) captured by each principal
component. Panel A reports the results of the full sample including monthly close quotes of
futures of maturities up to 12 months of 34 commodities from January 1970 to December 2008.
Panel B reports the results of a subsample of the same set of commodities from January 1985
to December 2008. Portfolios are rebalanced in the last trading day of every month.
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Low 2 3 4 High H-L

Panel A: Full sample

Basis
Mean 5.56 3.74 1.41 0.47 -4.78
Std 29.07 25.16 22.76 25.01 37.82

Futures excess return
Mean 2.69 5.03 6.18 5.37 9.26 6.57
Std 19.38 16.69 16.38 16.57 20.48 23.65
Sharpe ratio (%) 13.88 30.16 37.73 32.37 45.23 27.79

Pre-formation β
Mean -0.70 -0.26 -0.03 0.19 0.61 1.31
Std 0.26 0.14 0.10 0.12 0.27 0.45

Post-formation β
Mean -0.17 -0.11 -0.08 0.02 0.19 0.36
(t-stat) -3.09 -3.11 -2.31 0.54 4.08 4.29

Panel B: Subsample 1985-2008

Basis
Mean 4.88 3.47 1.01 -0.20 -3.72
Std 27.78 24.80 21.04 20.81 32.13

Futures excess return
Mean 1.77 1.46 3.78 2.94 6.84 5.06
Std 16.41 14.12 12.07 12.58 18.86 21.41
Sharpe ratio (%) 10.80 10.37 31.28 23.36 36.24 23.65

Pre-formation β
Mean -0.73 -0.29 -0.05 0.18 0.64 1.36
Std 0.25 0.16 0.12 0.14 0.31 0.50

Post-formation β
Mean -0.26 -0.11 -0.12 0.04 0.19 0.44
(t-stat) -3.75 -2.84 -3.16 0.98 2.93 3.93

Table 8: Key moments of the five commodity portfolios sorted by the risk exposure (pre-
formation β) to the LMHFC factor. Pre-formation β is defined as the coefficient of regressing
commodity futures returns to the LMH factor on a 12-month moving window that ends in the
month before formation. Panel A reports the statistics of the full sample including monthly
close quotes of futures of maturities up to 12 months of 34 commodities from January 1970 to
December 2008. Panel B reports the statistics of a subsample of the same set of commodities
from January 1985 to December 2008. Portfolios are rebalanced in the last trading day of
every month. Post-formation β is computed by regressing the portfolio excess return on the
LMHFC factor. The t-stats are reported in parentheses and are adjusted using a Newey-West
correction. 39



Low 2 3 4 High L-H

Panel A: Full sample

Cov(Re
j , R

e
Mkt)/σ

2
Mkt 1.07 1.03 0.92 1.00 0.88 0.20

(t-stat) (7.09) (7.21) (8.68) (10.24) (6.70) (0.74)

Cov(Re
j , R

e
IMC)/σ

2
IMC -0.05 -0.01 0.29 0.31 0.47 -0.52

(t-stat) (-0.20) (-0.04) (1.23) (1.36) (2.33) (-3.63)

Cov(Re
j , z

ξ)/σ2
z 3.44 -0.16 0.23 1.98 2.25 1.19

(t-stat) (1.64) (-0.15) (0.34) (1.72) (1.85) (0.45)

Panel B: Subsample 1985-2008

Cov(Re
j , R

e
Mkt)/σ

2
Mkt 1.08 0.87 1.06 0.88 0.97 0.11

(t-stat) (8.08) (5.28) (11.30) (5.43) (7.53) (0.56)

Cov(Re
j , R

e
IMC)/σ

2
IMC -0.07 -0.17 0.16 0.19 0.36 -0.43

(t-stat) (-0.27) (-1.09) (0.92) (1.14) (2.88) (-2.53)

Cov(Re
j , z

ξ)/σ2
z -2.26 -3.99 -2.20 -1.71 -0.37 -1.90

(t-stat) (-1.05) (-1.59) (-0.96) (-0.84) (-0.18) (-1.22)

Table 9: Commodity futures portfolio risk exposure (univariate beta) to the commodity market
and investment shocks. The commodity market factor is constructed as the equally weighted
commodity futures across commodities and maturities in the sample. I use two proxies of
investment shocks. The IMC factor is defined as the stock portfolio excess return of invest-
ment good relative to consumption good producers. The other proxy is the relative price of
investment ξ from Israelsen (2010), who extends the quality-adjusted price series of Gordon

(1990) to 2008. Innovations zξt is defined as log ξt = a0t+ a1t1{t>1982} + ρ log ξt−1 − zξt . Panel
A reports the univariate betas of the full sample. Panel B reports the univariate betas of a
subsample of the same set of commodities from 1985 to 2008. The t-stats are reported in
parentheses and are adjusted using a Newey-West correction.

40



Parameter Value Description

Technology
δ 0.01 Monthly capital depreciation rate
η 3 Aggregate price elasticity of commodity demand
θ 12 Slope parameter in the monthly capital adjustment cost

Exogenous shock
ρy 0.92 Persistence of investment shock
σy 0.03 Conditional volatility of investment shock
µx 0.042 Average monthly growth rate of aggregate demand (%)
σx 0.008 Monthly volatility of aggregate demand shock
σz 0.06 Monthly volatility of idiosyncratic demand shock

Stochastic discount factor
rf 0.33 Monthly real risk-free rate (%)
γx 1 Risk price of aggregate demand shock
γy -12 Risk price of investment shock

Table 10: Parameter values of the benchmark model

Panel A: Commodity market

Data Model
E[Re] 6.01 6.75
σ[Re] 13.48 11.95

Sharpe ratio 44.57 56.53

Panel B: Basis-sorted portfolios

Data Benchmark γy = 0
Portfolio E[Re] σ[Re] Sharpe E[Re] σ[Re] Sharpe E[Re] σ[Re] Sharpe

ratio ratio ratio
L 11.05 19.56 56.50 10.83 18.35 59.04 -1.34 18.96 -7.06
2 8.72 15.90 54.85 9.70 18.75 51.73 -1.55 19.31 -8.01
3 4.82 16.69 28.90 8.58 19.15 44.78 -1.04 19.70 -5.29
4 2.69 15.94 16.85 6.54 19.96 32.74 -1.35 20.52 -6.58
H 0.79 17.66 4.45 1.81 22.31 8.13 -2.22 22.78 -9.76
L-H 10.26 20.53 50.00 9.02 26.61 33.90 0.89 27.39 3.23

Table 11: Model-simulated moments of commodity futures market and basis-sorted portfolios.
Panel A compares the commodity market expected excess return (E[Re]), volatility (σ[Re]),
and Sharpe ratio in both real and simulated data. Panel B compares the average excess returns
(E[Re]), volatilities (σ[Re]), and Sharpe ratios of the five portfolios sorted by basis and L-H
portfolio from real and simulated data from the benchmark model and γy = 0.
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Portfolio L 2 3 4 H L-H

Data

E[Re] 11.05 8.72 4.82 2.69 0.79 10.26
σ[Re] 19.56 15.90 16.69 15.94 17.66 20.53

Benchmark

E[Re] 10.83 9.70 8.58 6.54 1.81 9.02
σ[Re] 18.35 18.75 19.15 19.96 22.31 26.61

No irreversibility constraint

E[Re] 10.95 9.67 9.48 8.34 7.34 3.61
σ[Re] 18.59 18.96 19.25 19.53 20.07 23.53

θ = 6

E[Re] 14.29 13.06 11.88 8.79 2.44 11.85
σ[Re] 18.09 18.30 18.58 19.40 22.30 26.26

θ = 24

E[Re] 7.98 6.46 5.96 4.94 1.81 6.17
σ[Re] 19.22 19.69 20.08 20.64 22.50 27.39

Table 13: The sensitivity of the basis spread to investment frictions of commodity producers.
θ is the monthly slope parameters in capital adjustment costs.

Low 1 2 3 High L-H

Alpha 11.03 8.47 4.38 2.18 0.26 10.78
(t-stat) (2.99) (2.75) (1.49) (0.81) (0.09) (3.16)

Mkt 0.00 0.06 0.10 0.11 0.12 -0.11
(t-stat) (0.05) (0.74) (1.37) (1.93) (1.62) (-1.66)

R2(%) 0.00 0.33 0.89 1.29 1.13 0.78

Table 14: Time-series tests of the standard CAPM. The market factor is the value-weighted
excess return on all NYSE, AMEX, and NASDAQ stocks (from CRSP). The sample includes
monthly close quotes of futures of maturities up to 12 months of 34 commodities from January
1970 to December 2008. The t-stats are reported in parentheses and are adjusted using a
Newey-West correction.
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Low 1 2 3 High L-H

Alpha 10.51 7.31 3.54 1.22 -0.88 11.39
(t-stat) (2.76) (2.26) (1.10) (0.45) (-0.31) (3.20)

Mkt -0.02 0.08 0.13 0.13 0.13 -0.14
(t-stat) (-0.16) (0.97) (1.58) (2.07) (1.62) (-1.86)

SMB 0.17 0.08 0.00 0.08 0.15 0.02
(t-stat) (1.74) (1.09) (0.04) (1.11) (1.61) (0.21)

HML 0.05 0.16 0.12 0.13 0.15 -0.10
(t-stat) (0.43) (1.78) (1.28) (1.63) (1.40) (-0.93)

R2(%) 0.86 1.34 1.39 2.01 2.29 1.01

Table 15: Time-series tests of Fama-French three-factor model (Fama and French (1992)).
The sample includes monthly close quotes of futures of maturities up to 12 months of 34
commodities from January 1970 to December 2008. The t-stats are reported in parentheses
and are adjusted using a Newey-West correction.

Low 1 2 3 High L-H

Alpha 9.05 6.16 3.56 1.40 0.20 8.85
(t-stat) (2.31) (1.81) (1.01) (0.48) (0.07) (2.41)

Mkt 0.00 0.10 0.13 0.13 0.11 -0.11
(t-stat) (0.03) (1.12) (1.52) (1.96) (1.48) (-1.46)

SMB 0.17 0.08 0.00 0.08 0.15 0.03
(t-stat) (1.78) (1.16) (0.04) (1.12) (1.66) (0.30)

HML 0.08 0.19 0.12 0.13 0.12 -0.04
(t-stat) (0.70) (1.96) (1.21) (1.57) (1.17) (-0.38)

MOM 0.12 0.09 0.00 -0.01 -0.09 0.20
(t-stat) (1.45) (1.33) (-0.03) (-0.26) (-1.43) (2.64)

R2(%) 1.57 2.00 1.39 2.02 2.77 2.97

Table 16: Time-series tests of Carhart four-factor model (Carhart (1997)). The sample includes
monthly close quotes of futures of maturities up to 12 months of 34 commodities from January
1970 to December 2008. The t-stats are reported in parentheses and are adjusted using a
Newey-West correction.
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Figure 1: Average excess returns (triangle) of five portfolios sorted by basis and covariances
(square) between five portfolio excess returns and each principal component.
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Figure 2: Value and policy functions of investment rate, basis, and expected futures excess
return of the benchmark model. Basis is computed as the difference between log 12-month
futures price and log spot price. Expected futures excess return is the expected excess return
of longing 12-month futures for one month. The dashed curves (blue) represent the functions
when investment shock Yt = 0.82. The smooth curves (black) represent the functions when
investment shock Yt = 1. The dotted curves (red) represent the functions when investment
shock Yt = 1.21. Policy functions are annualized.
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Figure 3: Term structure of the basis spread. The curve marked with circles (blue) represents
real data. The curve marked with triangles (blue) represents model-simulated data.
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