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In this paper, we propose to identify the dependence structure that exists between returns on equity and
commodity futures and its development over the past 20 years. The key point is that we do not impose
any dependence structure, but let the data select it. To do so, we model the dependence between com-
modity (metal, agriculture and energy) and stock markets using a flexible approach that allows us to
investigate whether the co-movement is: (i) symmetrical and frequent, (ii) (a) symmetrical and mostly
present during extreme events and (iii) asymmetrical and mostly present during extreme events. We also
allow for this dependence to be time-varying from January 1990 to February 2012. Our analysis uncovers
three major stylised facts. First, we find that the dependence between commodity and stock markets is
time-varying, symmetrical and occurs most of the time (as opposed to mostly during extreme events).
Second, not allowing for time-varying parameters in the dependence distribution generates a bias
towards an evidence of tail dependence. Similarly, considering only tail dependence may lead to false evi-
dence of asymmetry. Third, a growing co-movement between industrial metals and equity markets is
identified as early as 2003; this co-movement spreads to all commodity classes and becomes unambig-
uously stronger with the global financial crisis after Fall 2008.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction

After almost 30 years of low and moderately fluctuating prices,
non-oil commodity prices have grown threefold since 2000. The
dramatic price spike has attracted the regulators’ attention because
it has been contemporaneous to a massive arrival of financial
investors seeking to diversify their portfolio. The number of futures
and options contracts outstanding on commodity exchanges in-
creased fivefold between 2003 and 2012, and physical hedgers,
which represented almost 80% of positions in commodity futures
markets in 1998, accounted for less than 30% in 2012, according
to the Commodity Futures Trading Commission (CFTC). Have these
developments affected the behavior of commodity returns? In par-
ticular, what can we say about the cross-market linkages between
traditional assets and commodities since the 2000s? Does the
diversification argument still hold?

Theory predicts no common factor driving equity and commod-
ity markets, an argument in favor of diversification benefits of
commodity futures. Gorton and Rouwenhorst (2006) examined
the relationship between equity and commodity assets over the
period 1959–2004. They found that commodity futures contracts
have the same average returns as equities along with a negative
correlation between bonds and equities, and present less volatile
returns. Chong and Miffre (2010) and Hong and Yogo (2009)
reached similar conclusions over a more recent period and found
an asymmetric dependence: the negative correlation is different
in bearish and bullish markets (see also Buyuksahin et al. (2010),
Kat and Oomen (2007), and Erb and Harvey (2006)). However,
more recently, Büyüksahin and Robe (2011), Daskalaki and Skiad-
opoulos (2011), Silvennoinen and Thorp (2010), and Tang and
Xiong (2010), among others, have found evidence of integration
among traditional and commodity markets.

A possible explanation for this lack of consensus is the different
dependence measures considered. While it is now well-docu-
mented that asset classes are not normally distributed (Erb et al.,
1994; Longin and Solnik, 2001), still very few empirical studies
on commodities challenge the correlation coefficient as a measure
of the dependence structure between two returns. In addition
empirical studies usually impose time-stability in the timated rela-
tionship. We find these assumptions unrealistic.

To relax both assumptions, we propose an alternative copula
approach that provides a measure of financial market co-move-
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ments addressing the limits raised above. First, it disentangles
the characteristics of each return series from the dependence
structure that links them together. This approach allows for a
wide range of models that capture different types of dependence
between variables, such as tail and asymmetrical dependence.
Second, it does not require elliptically distributed returns. Third,
the dependence captured by a copula is invariant with respect to
increasing and continuous transformations in the marginal dis-
tributions, i.e. the copula does not change with returns or log re-
turns. To our knowledge, no academic work uses copula to
model the co-movement between commodities and traditional
assets.2

In this paper, we propose to identify the dependence structure
that exists between the returns on equity and commodity futures
over the past 20 years. The key point is that we adopt a totally
agnostic approach, letting the data select the dependence struc-
ture. Clearly, we rely on Patton’s (2006) extension of Sklar’s
(1959) theorem to the conditional case and his parametric model
on the development of the copula. That is, we consider three types
of dependence structures ((i) symmetrical and frequent, (ii) (a)
symmetrical or asymmetrical and mostly present during extreme
events and (iii) mostly present during extreme and negative
events, i.e. asymmetrical) and allow the strength of the relation-
ship to be constant and time-varying within each structure. Finally,
we retain the two most likely types of dependence out of the six
considered.

As half of the exposure to commodity price movements is
based on commodity index investment, we first investigate the
dependence between the total returns of the two most popular
commodity indices and their sub-indices (the Goldman Sachs
Commodity Index (SP-GSCI) and the Dow-Jones UBS Commodity
Index (DJ-UBS)) and four major equity indices (SP500, FTSE100,
CAC40, DAX30).3 Second, we account for the heterogeneity among
commodities by focusing on a sample of individual commodity fu-
tures covering the agricultural, industrial metals and energy mar-
kets. We study daily data over the period January 1990–February
2012.

Our analysis uncovers three stylized facts. First, we find that
the dependence between commodity and stock markets is time
varying, symmetrical and is present most of the time (as op-
posed to mostly in extreme events). This result holds for the
indices as well as for the 21 commodities under investigation.
This result leads to the second stylized fact: not allowing for
time-varying parameters in the dependence distribution gener-
ates a bias towards an evidence of tail-dependence. Similarly,
considering only tail-dependence may falsely lead to evidence
of an asymmetriccal relation between the returns. Finally, the
last stylized fact highlights the impact of the 2008 crisis: the
time-varying parameter shows that the co-movement between
commodity and asset markets becomes stronger from September
2008 with the bankruptcy of Lehman Brothers and the strength-
ening of the financial crisis.

This paper is organized as follows. Section 1 presents the main
results in the recent empirical literature on co-movements
between commodity and traditional asset markets. Section 2
focuses on presenting the concept of copulas and the different
models considered, while Section 3 describes the data and
discusses the results. Section 4 concludes.
2 Studies that use copula to model the dependence structure across financial
markets include Ning (2010), Chollete et al. (2011), and Desmoulins-Lebeault and
Kharoubi (2012), among others.

3 Commodity indices are weighted averages of selected commodity prices, based
on future prices.
2. A brief literature review on co-movement

Most questions raised in the empirical literature dealing with
commodities and traditional assets focus on the diversification
benefits of commodities: are these asset markets related to each
other? What is the sign of the relationship? How does the relation-
ship evolve over time? Is the relationship symmetrical? Is there
tail-dependence? Answers vary substantially.

Gorton and Rouwenhorst (2006) are among the first to produce
some stylized facts to characterize commodity futures after the
2000s. They construct an index of commodity futures covering
the period between July 1959 and December 2004. During their
sample period, the standard deviation of commodity futures re-
turns is lower than that of stocks and bond returns. The distribu-
tion of their commodity index returns is positively skewed
contrary to equity returns. They uncover two patterns suggesting
that commodities provide positive diversification benefits. First,
they find a negative correlation between stocks and commodity re-
turns, as well as bonds and commodity returns. Second, they
emphasize asymmetrical dependence between equity and com-
modity markets: commodity futures earn above average returns
while equity earn below average returns.4 The benefits of diversifi-
cation have been confirmed by several authors since then, a benefit
relying on negative correlation and asymmetrical dependence. In
particular, Chong and Miffre (2010) find that correlations between
equities and commodities fall over time and tend to fall in turbulent
periods, an asymmetrical pattern attributed to investors’ flight-to-
quality strategy (see also Kat and Oomen (2007)).

However, more recent studies tend to contradict these findings.
For example, Silvennoinen and Thorp (2010) report time-varying
correlations between commodity futures and stock markets that
increase in volatile markets. They show that a higher proportion
of non-commercial traders raises the correlations with stock and
oil markets. A few more studies find that the diversification bene-
fits work until 2008 only. On the one hand, Büyüksahin and Robe
(2011) find that the co-movement between equities and commod-
ities did not increase until 2008, providing substantial diversifica-
tion opportunities. However, they show a positive correlation
between returns after Fall 2008. On the other hand, Daskalaki
and Skiadopoulos (2011) show that including commodity indices
in investor’s portfolio yield significant diversification benefits
during the 2005–2008 commodity boom period, a benefit that
dramatically vanishes after 2008 (see also Bichetti and Maystre
(2012)). Lastly, Tang and Xiong (2010) uncover a growing depen-
dence between commodity futures markets: they report an
increase in the correlations between the returns of different com-
modity futures, starting in the 2000s. In particular, they show that
this trend is significantly more pronounced for commodities in the
two popular SP-GSCI and DJ-UBS commodity indices, a result
attributed to the growing importance of index trading.

Overall, there is a lack of consensus in the literature on the
arrival of financial investors on commodity markets: while many
emphasize the asymmetrical aspect of the co-movement between
commodities and equities, there is no consensus on the timing of
the strengthening of that relation. One possible explanation is
the different dependence measures considered and the fact that
strong hypotheses are imposed regarding the joint distribution of
the series. In the next section, we present an alternative that cir-
cumvent these limitations.
4 The robustness of these results has been questioned by Smith (2006) who argues
that Gorthon and Rouwenhorst’s index is equally-weighted and rebalanced, and
hence bears no resemblance to any existing index, a fact that most probably
influences its performance.
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3. Methodology
3.1. Measures of dependence

Some empirical studies take a different approach to measure
the dependence structure using the copula framework. Indeed,
the dependence structure in the DCC framework, used in most of
the studies mentioned above, relies on the marginal distributions
of returns. In contrast, the dependence structure estimated via cop-
ula is, in this sense, more robust as this approach separates the
dependence structure from the choice of margins.

Sklar (1959) shows that any multivariate distribution function
can be broken down into marginal distributions that describe the
individual behavior of each series and the copula that fully cap-
tures the dependence between them. Furthermore, a copula can
link any given set of marginal distributions in order to construct
a joint distribution, providing a large degree of flexibility in the
specification of the marginal distributions and the dependence
structure between them. This theory, however, was developed
for applications where the data could be assumed to be indepen-
dent and identically distributed. Patton (2006) extends it to the
conditional case.

While the copula methodology is widely known, its application
to financial assets is quite recent (Embrechts et al. (2002), Malever-
gne and Sornette (2003), Patton (2006), or Kole et al. (2007)). Most
of these studies, however, treat the relationship described by the
copula as constant over time, ignoring the work of Erb et al.
(1994), Longin and Solnik (2001) or Engle (2002), among many
others, that show otherwise.

In this paper, we focus on the dependence between two vari-
ables at a time. Hence, the copula becomes a bivariate joint distri-
bution function. The choice of a specific distribution allows us to
impose the dependence structure between the two variables, while
the corresponding density function measures the strength of this
dependence. Within each structure, we consider two cases: the
dependence is constant and varies over time.

Among the available types of dependence when dealing with
copulas, we are particularly interested in the ability of capturing
the potential joint occurrence of extreme events. Clearly, we want
to measure the probability of the variables observing jointly extre-
mely high or low values. This so-called tail dependence can be de-
scribed as follows: let X1,t+1, X2,t+1 be two random variables, and
Fit(Xi,t+1), i = 1, 2, their conditional marginal distributions forming
the conditional joint distribution Ft(X1,t+1,X2,t+1). Both marginal
and joint distributions are conditional on the information set Ct

available at time t. In his extension of Sklar’s theorem to continu-
ous conditional distributions, Patton (2006) shows that there is a
unique conditional copula function Ct(.,.) such that Ft(X1,t+1,
X2,t+1) = Ct(F1t(X1,t+1), F2t(X2,t+1)). Then, the right (sU) and left (sL) tail
dependence follow:
Table 1
Copula distributions.

Gaussian copula
CN(F1t(X1,t+1), F2t(X2,t+1);q) = Uq(U�1(F1t(X1,t+1),U�1(F2t(X2,t+1))) with U�1 the inverse cd

the Pearson’s correlation coefficient

Symmetrized Joe–Clayton copula
CSJC(F1t(X1,t+1),F2t(X2,t+1)jsL, sU) = 0.5(CJC(F1t(X1,t+1), F2t(X2,t+1)jsL, sU) + CJC(1 � F1t(X1,t+1), 1

CJCðF1tðX1;tþ1Þ; F2tðX2;tþ1ÞjsL; sUÞ ¼ 1� f½1� ð1� F1tðX1;tþ1Þj�
�c þ ½1� ð1� F2tðX2;tþ1ÞÞj

c = [�log2(sL)]�1, where sU and sL measure the tail dependence.

Rotated Gumbel copula

CRGðF1tðX1;tþ1Þ; F2tðX2;tþ1Þ; dÞ ¼ F1tðX1;tþ1Þ þ F2tðX2;tþ1Þ � 1þ expf�ððlog ðF1tðX1;tþ1ÞÞd þ
allow for negative dependence and takes a value of 1 for the case of independenc
sL ¼ lim
e!0

Pr½F1tðX1;tþ1Þ 6 ejF2tðX2;tþ1Þ 6 e� ¼ lim
e!0

Ctðe; eÞ
e

sU ¼ lim
e!0

Pr½F1tðX1;tþ1Þ > ejF2tðX2;tþ1Þ > e� ¼ lim
e!0

1� 2eþ Ctðe; eÞ
1� e

provided that the limit exists, sL and sU 2 [0.1].
Several studies, such as Longin and Solnik (2001), find evidence

of extreme and asymmetrical dynamics in several asset markets:
hence, it seems realistic to investigate the presence of these effects
in the commodity market.

For the analysis of the dependence between commodity and
equity returns, we narrow our choice for the copula function
Ct(.,.) down to three types of structures: (i) symmetrical and fre-
quent, (ii) (a) symmetrical and mostly present during extreme
events and (iii) asymmetrical and mostly present during extreme
and negative events. The corresponding models and their depen-
dence parameters that measure the strength of this dependence,
are briefly presented below, their distribution functions can be
found in Table 1:

1. The Gaussian copula allows for equal degrees of positive and
negative dependence but does not allow for tail dependence
(sL = sU = 0). A nice feature of this copula is that the dependence
parameter is the Pearson’s correlation coefficient: the
�1 < q < 1.

2. The symmetrized Joe-Clayton copulaallows for asymmetrical
dependence in the tails, yet symmetrical tail-dependence (sL = -
sU) is a special case. sU = 0 (sL = 0) implies left (right) tail-depen-
dence. The dependence parameters are j = [log2(2 � sU)]�1 and
c = [�log2(sL)]�1. It does not allow for negative dependence.

3. The rotated Gumbel copula is better suited to strongly correlated
variables at low values: with the dependence parameter
d 2 [1,1) that does not allow for negative dependence and
takes a value of 1 in the case of independence. The lower-tail
dependence then becomes sL = (2 � 21/d)

Finally, we use Patton’s (2006) parametric model to describe the
change in the dependence parameters as a function of an autore-
gressive term to capture any persistence in the dependence term,
and a forcing variable to capture any variation in dependence.

For the Gaussian copula, the evolution equation for qt is:

qt ¼ K1 -q þ bqðqt�1Þ þ a
1
N

XN

j¼1

U�1ðF1tðX1;tþ1�jÞÞU�1ðF2tðX2;tþ1�jÞÞ
" #

where K1ðzÞ ¼ 1�e�z

1þe�z is a transformation function designed to hold
the correlation parameter qt in the interval (�1,1), and N the num-
ber of lags considered. The forcing variable is the average of the
product of the last N observations of the transformed variables.

For the non-Gaussian copulas, the evolution equation for the
dependence parameters is:
f of a standard normal distribution, and �1 < q < 1, the dependence parameter is

� F2t(X2,t+1)jsL,sU) + F1t(X1,t+1) + F2t(X2,t+1) � 1)

��c � 1g�1Þ with the dependence parameters, j = [log2(2 � sU)]�1 and

ð� logðF2tðX2;tþ1ÞÞÞdÞ
1=d
g the dependence parameter d 2 [1,1) that does not

e. The lower-tail dependence then becomes sL = (2 � 21/d)



Table 2
Model selection for copulas.

Indices total returns Skewness Kurtosis Commodities Skewness Kurtosis

DJ commodity index �0.63 5.93 Agriculture
_agriculture �0.22 5.44 Corn �0.46 4.73
_industrial metals �0.32 5.27 Wheat �0.38 4.07
_energy �0.76 7.31 Soybeans �0.54 4.55

SP GSCI index �0.59 6.17 energy
_agriculture �0.20 5.67 Crudel oil �0.42 6.65
_industrial metals �0.31 5.42 Brent �0.61 5.86
_energy �0.51 6.77

Industrial metals
Stock return indices Copper �0.72 6.02
CAC �0.71 7.85 Aluminium �0.44 4.42
DAX �0.70 7.71
S& P �0.88 8.68
FTSE �1.50 18.40

Table 3
Dependence between commodities and equity index, copula selected.

Copula selected Copula selected

Constant Time varying Constant Time varying

1st Choice 2nd Choice 1st Choice 2nd Choice
Commodity index SJC TV normal TV rot. Gumbel Industrial metals
_agriculture SJC TV normal TV rot. Gumbel Aluminium SJC TV normal TV SJC
_industrial metals SJC TV normal TV SJC Copper SJC TV normal TV SJC
_energybloombegr SJC TV normal TV rot. Gumbel Lead SJC TV normal TV SJC

Nickel SJC TV normal TV SJC
Commodities Tin SJC TV normal TV rot.Gumbel
Agriculture Zinc SJC TV normal TV SJC
Coffee normal TV normal TV SJC
Corn SJC TV normal TV rot. Gumbel
Cotton SJC TV normal TV rot. Gumbel
Lean hogs SJC TV normal TV rot. Gumbel
Live cattle SJC TV normal TV rot. Gumbel
Orange juice SJC TV normal - Energy
Pork belly normal TV normal TV rot. Gumbel Brent SJC TV normal TV rot. Gumbel
Soybeans SJC TV normal TV rot. Gumbel Crude oil SJC TV normal TV rot. Gumbel
Soybean oil SJC TV normal TV rot. Gumbel Heating oil SJC TV normal TV rot. Gumbel
Sugar SJC TV normal TV rot. Gumbel Natural gas normal TV normal TV rot. Gumbel
Wheat SJC TV normal TV rot. Gumbel

TV stands for time varying, 1st/2nd choice based on min (AIC, BIC, -LL).
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ht ¼ K2 -þ bht�1 þ a
1
N

XN

j¼1

F1tðX1;tþ1�jÞ � F2tðX2;tþ1�jÞ
�� ��" #

where K2(z) is an appropriate transformation function to ensure
that the parameter always remains in its domain: 1 + e�z for the ro-
tated Gumbal copula (ht = dt) and 1

1þe�z for the symmetrized Joe–
Clayton copula. (ht ¼ si

t , with i = U, L). The forcing variable is the
mean absolute difference between the transformed variables over
the previous N periods.

3.2. Estimation

As discussed previously, the copula representation allows for
great flexibility in the specification of the individual variables
and Patton (2006) suggests estimating parametric copulas using
the two-stage maximum likelihood approach. First, we estimate
and select the model that provides the best fit for the individual
variables, then we estimate the dependence structure of the
copula.

Daily asset returns have a tendency to show fat-tails, condi-
tional heteroscedasticity and autoregressive characteristics. As a
result, they are commonly described via AR (k)-t-GARCH (p,q)
models. Thus, the model for the (log) returns Xit is described as
follows:
Xit ¼ li þ
Xk

j¼1

/ijXit�j þ eit

eit ¼
ffiffiffiffiffiffi
hit

p
zit

hit ¼ xi þ
Xp

l¼1

blht�l þ
Xq

m¼1

ame2
i;t�m

where i is the index of the analyzed series and zit are standard t-dis-
tributed with ti degrees of freedom. The CDF of the estimated stan-
dardized residuals are then used to replace Fit in the conditional
copula model in order to estimate the dependence parameter.

For each pair of returns, the six different copulas (three constant
and three time-varying) are estimated on the transformed residu-
als along with the corresponding log-likelihood and information
criteria. The best model is the one maximizing the log-likelihood
and minimizing the information criteria.
4. Data and results

We collect daily spot and futures prices for 21 commodities on
the agricultural, industrial metals, and energy markets from
January 1990 to January 2012. To provide the closest measure of
the futures curve, we extract monthly prices from daily prices,
on all actively traded contracts with maturity dates up to one year.



Fig. 1. Contour plots.
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Then, we take the average across all the (log) returns in each period
and collateralize them by adding the 3-month Treasury bill rate
(adjusted to monthly).5
5 Daily and weekly returns were also considered without having an impact on the
results.
First, we investigate the dependence between the total returns
of the two most popular commodity indices and their sub-indices
for agriculture, industrial metals, and energy, the Goldman Sachs
Commodity Index and the Dow-Jones UBS Commodity Index and
four major equity indices, CAC40, DAX30, FTSE100 and SP500. Sec-
ond, we examine the crosslinkage between equity indices and indi-
vidual commodity futures covering agricultural, industrial metals
and energy markets. This disaggregation enable us to investigate
the presence of heterogeneity across different markets as well as
measure the integration of these markets.6

Table 2 reports some summary statistics of the data and high-
lights several expected features. For all the (log) returns, both ex-
cess skewness and kurtosis confirm that the returns are not
normally distributed, thus confirming the need to use an alterna-
tive to the linear correlation in our analysis.

For each pair of commodity/commodity index and equity-indi-
ces, we estimate six copula models, as previously discussed. Table 3
summarizes the results by reporting the two best models as well as
the best model when forcing the parameter of dependence to re-
main constant.

A first glance at the results allows us to highlight some keys
points. First, the co-movement between commodity and equity
markets is best described by a time-varying copula, as 24 out of
the 25 pairs considered choose time-varying models as the two
best choices. Second, whether we consider the returns of commod-
ity indices or individual commodity futures, all the pairs select the
time-varying normal copula as the best fitting dependence struc-
ture. Third, imposing the wrong restrictions may lead to spurious
results. Indeed, not allowing the level of dependence to vary during
the period considered may lead to false evidence of tail depen-
dence between equity and commodity returns while, in reality, it
is the strength of that dependence that is changing: a comparison
of the columns ‘‘constant’’ and the other two show that 22 out of
the 25 pairs would lead to tail dependence. Similarly, investigating
solely tail dependence may lead to false evidence of an assymetri-
cal relation between the returns: in the absence of a normal (time-
varying) copula, all pairs would select an asymmetrical tail
dependence.

The dependence structure selected being a time-varying normal
copula, Figs. 1–8 plot the parameter qt for each copula estimated,
which describes how the dependence strength behaves through
6 All the data have been collected from Bloomberg.



-.8

-.6

-.4

-.2

.0

.2

.4

.6

.8

94 96 98 00 02 04 06 08 10
-.4

-.3

-.2

-.1

.0

.1

.2

.3

.4

.5

94 96 98 00 02 04 06 08 10

-.4

-.2

.0

.2

.4

.6

.8

94 96 98 00 02 04 06 08 10
-.8

-.6

-.4

-.2

.0

.2

.4

.6

.8

90 92 90 92

90 92 90 92 94 96 98 00 02 04 06 08 10

Fig. 3. Model selection for copulas commodity indexes, time varying normal copula.

-.2

-.1

.0

.1

.2

.3

.4

94 96 98 00 02 04 06 08 10
-.2

-.1

.0

.1

.2

.3

.4

94 96 98 00 02 04 06 08 10

-.2

-.1

.0

.1

.2

.3

94 96 98 00 02 04 06 08 10
-.4

-.3

-.2

-.1

.0

.1

.2

.3

.4

.5

90 92 90 92

90 92 90 92 94 96 98 00 02 04 06 08 10

Fig. 4. Model selection for copulas agricultural markets, time varying normal copula food and fiber – S&P 500.

A.-L. Delatte, C. Lopez / Journal of Banking & Finance 37 (2013) 5346–5356 5351



-.12

-.08

-.04

.00

.04

.08

.12

.16

.20

94 96 98 00 02 04 06 08 10
-.3

-.2

-.1

.0

.1

.2

.3

.4

.5

94 96 98 00 02 04 06 08 10

-.15

-.10

-.05

.00

.05

.10

.15

.20

90 92 90 92

90 92 94 96 98 00 02 04 06 08 10

Fig. 5. Model selection for copulas agricultural markets, time varying normal copula (cont.) meat and livestock – S&P 500.

-.3

-.2

-.1

.0

.1

.2

.3

.4

94 96 98 00 02 04 06 08 10
-.3

-.2

-.1

.0

.1

.2

.3

.4

94 96 98 00 02 04 06 08 10

-.4

-.2

.0

.2

.4

.6

94 96 98 00 02 04 06 08 10
-.3

-.2

-.1

.0

.1

.2

.3

.4

90 92 90 92

90 92 90 92 94 96 98 00 02 04 06 08 10

Fig. 6. Model selection for copulas agricultural markets, time varying normal copula (cont.) grains and oilseeds – S&P 500.
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Fig. 7. Model selection for copulas metal markets, time varying normal copula (cont.) base metals – S&P 500.
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time. As discussed previously, qt is the Pearson correlation coeffi-
cient that varies between (�1,1).

Fig. 1a and b shows that results are quite robust both to the
choice of equity indices (CAC40, DAX30, FTSE100 or SP500) and
commodity indices (SP-GSCI or DJ-USBCI). Hence, we only report
results using SP500 and SP-GSCI in the remainder of the analysis.

Figs. 2–8 show that, while the dependence structure between
the equity index and commodities (indices and market futures re-
turns) is best decribed by a time-varying normal copula, the behav-
ior of qt tends to be more heterogenous than in the previous
analysis. Hence, the reading of these graphs is facilitated by Tables
4 and 5 which report the average qt and its corresponding standard
deviation for 4 different periods. Following Buyuksahin et al.
(2010), we divide our sample into several sub-periods: (i) from
1990 up to May 1997, a relatively calm period that can be a bench-
mark period prior to the commodity investment boom; (ii) June
1997–May 2003, a period accounting for the late 1990s dotcom
bubble, recessions in the United States and Europe, the Asian crisis
and the Russian and Argentinian sovereign defaults; (iii) June
2003–May 2008, a period characterized by an increasing participa-
tion of financial traders in commodity futures markets, but prior to
the financial crisis and (iv) post October 2008.

Fig. 3a–d reports the changes in the dependence between the
equity index and the overall commodity index, the agricultural,
industrial materials and energy sub-indices. Their overall pattern
is quite similar as they show a sharp increase in qt around 2008.
As regards the commodity index, the relation is almost inexitant
in the 1990s ð�qtg0Þ but drastically increases starting in 2008
ð�qtg0:41Þ. The results are quite similar for the energy sub-index
(�qener

t g0:38). In contrast, the industrial metal sub-index reports a
dependence on average already positive prior to 2008
ð�qind

97�08g0:16; �qind
08�12g0:38Þ. The agriculture sub-index also reports

an early but much weaker strengthening of the co-movement be-
fore 2008 ð�qag

90�97g0:03; �qag
97�08g0:07; �qag

08�12g0:24Þ.
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Fig. 8. Model selection for copulas, individual commodities energy markets.

Table 4
Average time-varying parameter.

Up to May 97 June 97–May 03 June 03–August 08 September 08–end

Commodity index �0.04 0.02 �0.00 0.41
(0.18) (0.18) (0.18) (0.14)

_agriculture 0.03 0.07 0.07 0.24
(0.10) (0.12) (0.10) (0.09)

_industrial metals 0.09 0.16 0.15 0.35
(0.10) (0.12) (0.10) (0.09)

_energy �0.04 0.01 �0.02 0.38
(0.18) (0.18) (0.16) (0.17)

Commodities
Agriculture
Coffee 0.09 0.09 0.10 0.20

(0.07) (0.09) (0.08) (0.08)
Corn 0.03 0.04 0.06 0.16

(0.08) (0.09) (0.09) (0.09)
Cotton 0.04 0.04 0.05 0.13

(0.07) (0.07) (0.07) (0.08)
Lean hogs 0.03 0.02 0.02 0.06

(0.04) (0.05) (0.04) (0.04)
Live cattle 0.08 0.05 0.05 0.18

(0.08) (0.08) (0.08) (0.10)
Orange juice 0.03 0.04 0.04 0.08

(0.06) (0.05) (0.06) (0.04)
Pork belly 0.03 0.02 0.04 0.03

(0.04) (0.04) (0.04) (0.04)
Soybeans 0.02 0.04 0.08 0.22

(0.11) (0.11) (0.10) (0.07)
Soybean oil 0.00 0.04 0.04 0.25

(0.11) (0.11) (0.12) (0.09)
Sugar �0.01 0.02 �0.01 0.15

(0.10) (0.10) (0.10) (0.10)
Wheat 0.03 0.04 0.04 0.16

(0.06) (0.09) (0.07) (0.07)

Standard deviation in parentheses.
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Table 5
Average time-varying parameter.

Up to May
97

June 97–May
03

June 03–
August 08

September 08–
end

Industrial metals
Aluminium 0.06 0.13 0.11 0.31

(0.09) (0.12) (0.14) (0.09)
Copper 0.05 0.15 0.13 0.35

(0.12) (0.13) (0.16) (0.07)
Lead 0.07 0.09 0.11 0.28

(0.08) (0.09) (0.10) (0.10)
Nickel 0.05 0.10 0.11 0.22

(0.06) (0.08) (0.1) (0.05)
Tin 0.03 0.05 0.08 0.24

(0.09) (0.11) (0.10) (0.09)
Zinc 0.06 0.13 0.11 0.27

(0.10) (0.09) (0.10) (0.07)

Energy
Brent �0.05 0.00 �0.02 0.40

(0.17) (0.19) (0.17) (0.14)
Crude oil �0.05 0.01 �0.02 0.40

(0.18) (0.19) (0.17) (0.17)
Heating oil �0.05 0.02 �0.03 0.37

(0.18) (0.18) (0.16) (0.15)
Natural gas �0.00 �0.00 0.00 0.05

(0.09) (0.09) (0.08) (0.10)

Standard deviation in parentheses.
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Figs. 4–8 plot the dependence parameter for the relation be-
tween equity index and individual commodities. Figs. 4 and 5 focus
on the agricultural markets, dividing the individual commodities
into three sub-groups: food and fibers (i.e. coffee, cotton, orange
juice and sugar), meat and livestock (lean hogs, live cattle and pork
belly) and grains and oilseeds (corn, soybeans, soybean oil and
wheat). While the co-movement between the different returns is
best described by a time-varying normal copula, the behavior of
each qt is quite heterogenous.

As regards food and fiber commodities, as well as grains and oil-
seeds, there is clear evidence of a strengthening of the dependence
with the equity index after 2008. In contrast, meat and livestock
display a steadier dependence: in particular, the dependence
parameter between pork belly and yje equity index remains close
to zero over the whole period. 7

Fig. 7 displays the dependence parameter for the relation be-
tween SP500 and base metals. It shows that the co-movement
tends to strengthen in the late 1990s �qcopper

97—08g0:12
� �

. This tendency
is clearly accentuated in the last period �qcopper

08—12g0:35
� �

.
Most of the energy markets, i.e. brent, crude oil and heating oil,

post a clear increase in dependence with the equity index in mid-
2008. More specifically, the relation goes from being nonexistent to
relatively strong and positive after the beginning of the global
financial crisis �qbrent

post08g0:4
� �

. In turn, the dependence parameter
between the equity index and natural gas remains close to zero

�qgas
upto08g0:00; �qgas

post08g0:05
� �

.
Finally, unlike the co-movement strength (qt), its volatility

remains quite stable over the four periods considered. It should
be noted, however, that standard deviations are quite heteroge-
neous across commodities. The overall relation between the
returns on equity and the commodity index or the energy sub-
index are the most volatile (0:14 < stdðqcommo

t Þ < 0:18 and
0:16 < stdðqenergy

t Þ < 0:18). Similarly, the relation with the energy
market future returns are the most volatile, with the exception of
natural gas ð0:14 < std qbrent

t

� �
< 0:17Þ.
7 It is worth mentioning that pork belly is off the GSCI-index. This may confirm the
findings of Tang and Xiong (2010) that off-index commodities display only a mild
increase in correlation. Yet, this result is not confirmed in the case of soybean oil and
tin, which are also off the index.
To sum up, our analysis uncovers three stylized facts. First the
relation between commodities (futures or indices returns) and
(US and European) stock index returns exists most of the time
and is equally positive and negative. In fact, our estimations show
that the co-movements between these assets are best described by
a relation that varies over time while being symmetrical around
the central tendency. That is, we find no asymmetry or tail depen-
dence, i.e. the returns of most commodities and major equity indi-
ces tend to move together most of the time with an equal degree of
positive and negative dependence.

Second, not allowing for time-varying parameters or considering
only tail dependence may generate a bias towards an evidence of
tail dependence or asymmetrical dependence, respectively. There-
fore our specification casts doubts on the diversification argument
that precisely relies on asymmetrical dependence. Contrary to
Chong and Miffre (2010) and Kat and Oomen (2007), we find that
the dependence is the same in bearish and bullish markets.

Third, we find that the dependence has increased over the per-
iod, another result that seriously undermines the diversification
benefits of commodity futures. In fact, we find that the intensity
of the dependence differs depending on the period considered. In
the 1990s, equity and commodity market returns tend to show
on average almost no relation, a pattern that remains unchanged
during most of the 2000s, with the exception of industrial metals
which show a strengthening of the co-movement with equity mar-
kets in 2003. Hence, one may argue that commodity futures pro-
vided risk-diversification benefits to the extent that they
displayed no co-movement with equity returns until the end of
the 2000s. However, the absence of co-movement is different from
the negative correlation found in previous studies, a result due to
misspecification according to our econometric approach. Finally,
we uncover a stronger co-movement for all commodities following
the 2008 crisis. The dependence measure between the returns on
equity and all commodity indices and sub-indices unambiguously
increases, a result that suggests a growing integration between
these asset markets. The two categories most integrated to equity
markets are energy and industrial metals (brent and copper show
the greatest integration). Our findings contrast with those of Sil-
vennoinen and Thorp (2010) and Tang and Xiong (2010), who find
that the co-movement increases before the crisis, but are in line
with Büyüksahin and Robe, 2012 results. What can be the driver
of this growing integration? Given that our approach is unstructur-
al, we can only formulate hypotheses. This growing dependence
may be due to liquidity constraints faced by investors in the midst
of the crisis. They conducted a fire-sale of assets to restore their
balance sheet, a strategy responsible for a spillover to all asset mar-
kets. In the aftermath of the subprime crisis, investors deleveraged
over a long period because their balance sheet had remained seri-
ously impaired long after the initial shock (Brunnermeier and
Oehmke, 2013). The fact that this deleveraging has dragged on
may explain that the dependence measure is still high at the end
of our estimation period.

5. Concluding remarks

In this paper, we investigate the cross-market linkages between
equity and commodity markets using a copula approach. Unlike
the DCC approach, our method considers a wide range of depen-
dence structures to describe the co-movement between these mar-
kets and lets the data choose the best-fitting one. More specifically,
we allow for three types of co-movement: (i) frequent and sym-
metrical (ii) mostly present during extreme events and either sym-
metrical or asymmetrical (iii) mostly present during negative and
extreme events, i.e. asymmetrical.

Our analysis highlights three major stylised facts. First, the
dependence between commodity and stock markets is time-vary-
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ing, symmetrical and occurs most of the time. Second, imposing a
constant relationship over time may lead to false evidence of tail
dependence, while imposing tail dependence may lead to spurious
evidence of asymmetry. Third, the co-movement between indus-
trial metals and equity markets increased as early as 2003 and
spread to all commodity classes with the global financial crisis
after Fall 2008. In sum, the integration of some commodities with
equity indices started mildly in the 2000s, a trend that the global
crisis has definitely strengthened.

Acknowledgment

We thank the participants of the IFABS 2012 conference, Loran
Chollete, Stefan Hirth, Nobuhiro Kyotaki, James Nason, Michel
Robe and Enrique Sentana for their useful comments. Finally, we
are grateful to Muriel Métais for her excellent research assistance.

References

Bichetti, D., Maystre, N., 2012. The synchronized and long-lasting structural change
on commodity markets: evidence from high frequency data. Munich Personal
RePEc Archive Paper No. 37486.

Brunnermeier, M.K., Oehmke, M., 2013. Bubbles, Financial crises and Systemic Risk.
In: Handbook of the Economics of Finance, vol. 2. Elsevier Science BV,
Amsterdam..

Buyuksahin, B., Haigh, M., Robe, M., 2010. Commodities and equities: a market of
one? Journal of Alternative Investments 12 (3), Winter 2010.

Büyüksahin, B., M. Robe, 2011. Does ‘Paper Oil’ Matter? Energy Market
Financialization & Equity-Energy Linkages, working paper.

Büyüksahin, B., M. Robe, 2012. Speculators, Commodities and Cross-Market
Linkages, working paper.

Chollete, L., de la Peña, V., Ching-Chih, C.C., 2011. International diversification: a
copula approach. Journal of Banking & Finance, vol. 35(2). Elsevier, pp. 403–417.

Chong, J., Miffre, J., 2010. Conditional correlation and volatility in commodity futures
and traditional asset markets. Journal of Alternative Investments 12, 61–75.

Daskalaki, C., Skiadopoulos, G., 2011. Should investors include commodities in their
portfolios after all? New evidence. Journal of Banking and Finance 35 (10),
2606–2626.
Desmoulins-Lebeault, F., Kharoubi, C., 2012. Non-Gaussian diversification: when
size matters. Journal of Banking and Finance 36, 1987–1996.

Embrechts, P., McNeil, A., Straumann, D., 2002. Correlation and dependence in risk
management: properties and pitfalls. In: Dempster, M.A.H. (Ed.), Risk
Management: Value at Risk and Beyond. Cambridge University Press,
Cambridge, pp. 176–223.

Engle, R., 2002. Dynamic conditional correlation: a simple class of multivariate
generalized autoregressive conditional heteroskedasticity models. Journal of
Business & Economic Statistics, American Statistical Association 20 (3), 339–
350.

Erb, C., Harvey, C., 2006. The strategic and tactical value of commodity futures.
Financial Analysts Journal 62 (2), 69–97.

Erb, C., Harvey, C., Viskanta, T., 1994. Forecasting international equity correlations.
Financial Analysts Journal November–December, 32–45.

Gorton, G., Rouwenhorst, K.G., 2006. Facts and fantasies about commodity futures.
Financial Analysts Journal 62 (2), 47–68.

Hong, H., Yogo, M., 2009. Digging into Commodities. Working Paper, Princeton
University.

Kat, H.M., Oomen, R.C.A., 2007. What every investor should know about
commodities. Part II: multivariate return analysis. Journal of Investment
Management 5, 16–40.

Kole, E., Koedijk, K., Verbeek, M., 2007. Selecting copulas for risk management.
Journal of Banking and Finance 31, 2405–2423.

Longin, F., Solnik, B., 2001. Extreme correlation of international equity markets. The
Journal of Finance 56 (2).

Malevergne, Y., Sornette, D., 2003. Testing the Gaussian copula hypothesis for
financial assets dependences. Quantitative Finance, Taylor and Francis Journals
3 (4), 231–250.

Ning, C., 2010. Dependence structure between the equity market and the foreign
exchange market – a coppula approach. Journal of International Money and
Finance 29, 743–759.

Patton, A.J., 2006. Modelling asymmetric exchange rate dependence. International
Economic Review 47, 527–556.

Silvennoinen, A., Thorp, S., 2010. Financialization, Crisis and Commodity Correlation
Dynamics. Research Paper Series 267, Quantitative Finance Research Centre,
University of Technology, Sydney.

Sklar, A., 1959. Fonctions de répartition ‘a n dimensions et leurs marges.
Publications de l’Institut Statistique de l’Université de Paris 8, pp. 229–231.

Smith, Andy, 2006. The Gorton and Rouwenhorst Commodity Code. Mimeo.
Tang, K., Xiong, W., 2010. Index Investing and the Financialization of Commodities.

NBER Working Paper No. 16325, September 2010. Revised, March 2011.

http://refhub.elsevier.com/S0378-4266(13)00300-2/h0010
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0010
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0015
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0015
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0020
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0020
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0025
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0025
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0025
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0030
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0030
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0035
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0035
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0035
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0035
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0040
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0040
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0040
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0040
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0045
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0045
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0050
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0050
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0055
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0055
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0065
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0065
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0065
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0075
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0075
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0080
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0080
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0085
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0085
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0085
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0090
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0090
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0090
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0095
http://refhub.elsevier.com/S0378-4266(13)00300-2/h0095

	Commodity and equity markets: Some stylized facts from a copula approach
	1 Introduction
	2 A brief literature review on co-movement
	3 Methodology
	3.1 Measures of dependence
	3.2 Estimation

	4 Data and results
	5 Concluding remarks
	Acknowledgment
	References


