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1. Introduction

Econometric analysis of commodity prices has a long and distinguished history
stretching back to the birth of econometrics itself as an emerging science in the 1920s and
1930s (Working, 1922; Schultz, 1938). Since then, a very large literature has developed
focusing on estimating commodity supply and demand systems; forecasting commodity
supplics and prices; and evaluating the effects of commodity pricing policies. Much of
this research relics on a standard set of econometric methods, as outlined in books such as
Theil (1971) and Johnston (1984).

The goal in this paper is not to provide a detailed survey of the literature on
econometric analysis of commodity prices. This has been done elsewhere (e.g. Tomek and
Robinson, 1977) and, in any case, is well beyond the scope of what can be achieved in the
limited time and space available here. Rather, the aims are to comment on some recent
developments taking place in the time-series econometrics literature and discuss their
implications for modelling the behaviour of commodity prices. The thesis of the paper is
that devclopments in the time-series literature have important implications for modelling
commodity prices, and that these implications vftcx'x have not been fully appreciated by
thosc undertaking commodity price analysis.

The time-series developments that will be discussed include stochastic trends (unit
roots) in economic time serics; common stochastic trends driving multiple time series
(cointegration); and time-varying volatility in the innovations of economic time series
(conditional heteroscedasticity). None of these developments are all that new. The
pioncering work on stochastic trends was undertaken by David Dickey and Wayne Fuller
in the 1970s, while Engle and Granger's seminal paper on cointegration was widely
circulated well prior to its publication date of 1987. Similatly, the original papers on

conditional heteroscedasticity by Robert Engle and Tim Bollerslev were published in the



2

carly 19805 and have since spawned an impressive literature, some of which relates to
commodity prices (Bollerslev, Chou and Kroner, 1990; Baillic and Myers, 1991; Myers,
1991). But whilc the developments themselves are well known, the resulting implications
for the econometric analysis of commodity prices appear not to be fully appreciated in
may cascs. The present paper is designed to correct this situation and provide a modern
perspective on econometric modelling of commodity prices using time-series data.

The paper is divided into three parts. First, in Section 2, the characteristic time-
series propertics of commodity price series are outlined. It tums out that many
commodity price series exhibit similar time-series properties, even when they are quite
separate and would appear not to be closely related to one another. The second part of the
paper, in Section 3, discusses some of the implications which these characteristic
properties of commodity price serics have for the ecomometric analysis of commodity
markets. It is shown that conventional statistical inference can be very misleading in
econometric models containing commodity prices. The third and final part of the paper in
Section 4 reports a simulation study which highlights some of the econometric problems

arising from the time-serics propertics of commodity prices.

2. Characteristic Properties of Commodity Price Series

Prices of different commodities obviously are influenced by distinct forces and
thereforc behave somewhat differently.  Nevertheless, there are several characteristic
propertics which most commodity price serics scem to share in common. Perhaps
surprisingly, both storable commodities and those considered difficult to store appear to
share the same broad features. In this section of the paper, these characteristic propertics

of commodity price series are outlined and discussed. The properties are illustrated using
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cattle and wheat prices as an example, two quite distinct commodities which are of major

importance to Australian agriculture.

2.1  High Volatility

Prices of primary commodities generally are much more volatile than prices of
manufactured consumer goods. Figure 1 shows monthly cattle and wheat prices over a
twenty-year period beginning in 1970 As well as the considerable month to month
volatility, major sccular upswings (1973 and 1978-79) and downswings (1974 and 1976)
have occurred in both price series. These swings suggest the possibility of regime changes
from one set of economic fundamentals driving the market to another.

This volatility in commodity prices poses major problems to industry participants
and policymakers, particularly in countries whose export earnings and GDP depend
heavily on sales of primary commodities. An understanding of commodity price
movements is therefore essential to the sound management of macroeconomic fluctuations
in general, and to the microcconomic management of agricultural price policies and risk
sharing mechanisms.

One especially interesting question stemming from recent research on commodity
price volatility involves the extent to which commodity price volatility can be accounted
for by changes in the cconomic fundamentals underlying the market. If most of the
commodity price volatility can be accounted for by changes in economic fundamentals
then markets are said to be efficicnt in guiding resource allocation decisions. On the other
hand, if there is considerable ‘excess volatility' beyond that which can be accounted for by
changes in cconomic fundamentals, then commodity markets are being driven by fads or

speculative bubbles and commodity prices become inefficient resource allocation signals.
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Research on this issue is still at an carly stage but work by Pindyck and Rotemberg (1990)
suggests that there is ‘excess comovement' in commodity prices, in the sense that different
commodity prices move togcther much more closcly than would be expected based on
changes in economic fundamentals alone.

Even if the high volatility characterising commodity prices does accurately reflect
changes in underlying economic fundamentals, there remains the question of how the
resulting price risks can best be managed. k is now widely understood that the efficiency
of market mechanisms in these circumstances relies on the completeness of the market
structure (Newbery and Stiglitz, 1981; Myers, 1988). If markets are complete, and all
relevant risks are therefore insurable on competitive markets, then the market mechanism
remains economically efficient. However, if markets are incomplete and some risks are
therefore uninsurable, then there may be a role for government in designing risk sharing

mechanisms which improve the distribution of risk throughout the economy.

2.2  Stochastic Trends

Another characteristic property of high frequency commodity price series (series
sampled at daily, weekly or monthly intervals) is that they appear to contain trends which
change randomly over time. Looking again at Figure 1, for example, it is obvious that
forecasts from a deterrainistic linear time trend estimated using data from the beginning of
1970 to the end of 1973 would have failed miserably in predicting the plunge in
commodity prices which occurred in 1974 and the subsequent reversal to higher price
levels. If commodity prices were the result of random deviations about an unchanging

lincar trend then this kind of price behaviour would never be observed.
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An alternative to a deterministic linear time trend, which increases by a fixed
amount every period, is to assumec a stochastic trend, which increases by some fixed
amount on average but in any given period the change in trend deviates from the average
by some unpredictable random amount (Stock and Watson, 1988). Form: lly, this notion

of a stochastic trend can be modelled as a random walk with drift:

(1) W sR W, +E
where the drift parameter . is the average predicta’sie increase in w ~each period, and
E, is a serially uncorrelated random shock to the trend.
When a commodity pricc p  contains a stochastic trend then the price can be

written as the sum of a random walk component and a stationary component:

@ p,=w +2z

where z, has finite variances and autocovariances and a diswibution which does not
depend on time. In this case, w, TIepresents the stochastic trend and z, Tepresents
deviations or cyclical swings away from trend.

It tums out that (2) is a simple yet powerful model for explaining high frequency
commodity price data. Indeed, Beveridge and Nelson (1981) have shown that any variable
which can be modelled as an autorcgressive integrated moving average (ARIMA) process
with order of integration one (i.e. requires first diiferencing to induce stationarity), has a
representation as the sum of a randem walk and a stationary component, as in (2). Thus,

all of the research which has found once integrated ARIMA models do a good job of
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modelling high frequency commodity price series (e.g. Baillic and Myers 1991) is
consistent with the idea that commodity prices are made up of a stochastic trend and
stationary deviations around trend.

Over the past decade, important advances have been made in the development of
formal statistical tests for the presence of stochastic trends in time-series data. The
original tests develope¢ by Dickey and Fuller (1979, 1981) have been improved by
Phillips (1987) and Perron (1988) so that they are now more robust to autocorrelation and
heteroscedasticity in the errors, two problems which plague high frequency economic
time-serics data. Both the Dickey-Fuller and Phillips-Perron approaches test the null
hypothesis of a stochastic trend against the alternative that the series is stationary, or
stationary around a dcterministic linear time trend. The difference between them is that
the Phillips—Perron framework allows for a very general emror structure that may be
autocorrelated and hetcrogencously distributed. Full details of the tests and test statistics
can be found in Perron (1988).

Results from applying the Dickey-Fuller and Phillips-Perron unit root tests to
monthly cattle and wheat prices are shown in Tables 1 and 2 respectively. Both tests are
based on a regression of the commodity price on a constant, time trend, and the lagged
commodity price. Under the null hypothesis of a stochastic trend then the coefficicnt on
lagged price is one but the usual t-statistic has a nonstandard distribution and so special
tables tabulated in Fuller (1976) must be used. The lag length £ of the test refers to the
number of lagged first differences of price included in the Dickey—Fuller test or, in the
case of the Phillips—Perron test, £ is the lag truncation parameter in thc Newey and West

(1987) formula for generating consistent covariance matrix estimates. The null hypothesis
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of a stochastic trend cannot be rejected for either cattle or wheat, even at the 10% level ot
significance.

One of the problems with the Dickey-Fuller and Phillips—Perron unit root tests is
that the stochastic trend is the null hypothesis. This ensures that a stochastic trend is
accepted unless there is strong evidence against it. It could be, however, that a stochastic
trend cannot be rejected simply because the data are not very informative about whether or
not there is a unit root (i.c. standard unit root tests have low power against the alternative
that the serics is stationary but with a root that is close to unity). In response, a new test
has been developed by Kwiatkowski, Phillips, Schmidt and Shin (1992) which tests the
null hypothesis of stationarity against the alternative that the scries has a stochastic trend.

Results from applying the KPSS test to cattle and wheat prices are shown at the
bottom of Tables 1 and 2 respectively. The estimated model encompasses a random walk
and the test is a Lagrange multiplicr test of the null hypothesis that the innovations in the
random walk have zero vanance. Full details of the test are available in Kwiatkowski,
Phillips, Schmidt and Shin (1992). The null hypothesis of stationarity is sou=-ly rejected
in the cattle and wheat price data irrespective of the lag truncation parametcs £ used to
generate consistent covariance matrix estimates for the test.

Because a stochastic trend in cattle and wheat prices camnnot be rejected, but
stationarity can, then the preponderance of evidence points toward a stochastic trend.
Similar results have been found for other commodity price data sampled at high
frequencies. It should be remembered, however, that a stochastic trend is less evident in
commodity price data sampled at annual intervals. Indeed, Deaton and Laroque (1990)
argue convincingly that we should expect commodity prices sampled at annual frequencies

to be stationary for theoretical reasons, although they admit that this will be difficult to
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discover empirically because of the small number of annual observations typically
available.

Furthermore, stochastic trends and stationarity are not the only time-serics models
thai commodity prices might follow. For example, Hamilton (1989) has developed a
model of a time series as a sequence of stochastic segmented time trends which can
generate long swings in the data and is an alternative to the random walk notion of
stochastic trends prescnted above. Because this model is not encompassed in the standard
unit root hypothesis testing framework then the standard tests really have nothing to say
regarding its applicability.

The question of whether or not commodity prices have a stochastic trend has, as
we shall see below, crucial implications for how we go about econometric analysis of
commodity market data. The existence of stochastic trends distorts many of the usual
distributional assumptions and implications typical in commodity price analysis. Thus,
great care must be taken in testing for stochastic trends and in the econometric analysis of

data that contain stochastic trends.

23 Comovements in Commodity Price Series

A careful comparison of the commodity prices in Figure 1 reveals that, while there
are major differences beteen the cattle and wheat price series, there is also a persistent
tendency for them to  ,ve together over time. For example, the two commaodity prices
followed each other very closely over the 1970-73 period, and again throughout most of
the 1980s. And while cattle prices were much more volatile than wheat prices through the
ups and downs of the 1974-78 period, there remains a tendency for the two prices to

move in the same direction. This leaning towards comovements in prices is a property
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shared by many different apparently unrelated commodities (Pindyck and Rotemberg,
1990).

There are three possible reasons for persistent comovements in commeodity prices.
First, it could be that supply and demand shocks to any one commodity market spill over
into other related commodities causing a group of commodity prices to move together.
While this is a logical explanation for commodities which are strongly related to one
another, either in production or consumption (e.g. wheat and rice), it cannot explain
comovements between largely unrelated commodities (e.g. cattle and copper). Second,
common macrosconomic shocks to, say, the money supply or interest rates could be
affecting all commodity prices in a similar way. “ommon macroeconomic shocks
undoubtedly explain some of the comovement among commodity prices. However,
research by Pindyck and k stemberg (1990) suggests that macroeconomic shocks can only
explain a small fraction of the actual comovement in commodity prices. A third
possibility is that market speculation and overreaction causes spillovers between
commodity markets that cannot be accounted for by changing microeconomic
fundamentals or common macroeconomic shocks. In this interpretation there is ‘excess
comovement' among commodity prices leading to commodity price volatility that is greater
than it ‘ought to be'. As discussed earlier, research on this issue is still at an early stage.

One way to formalise the idea of comovements among commodity prices is to
invoke the theory of cointegrated stochastic processes. We have already seen that most
commodity price series can be represented as the sum of a stochastic trend and stationary
deviations about trend, as in (1) and (2). Under these circumstances two commodity

prices are said to be cointegrated if they share the same stochastic trend:
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(38) pn

w, o+ Z,

]

(@) p, =dw, + 2z,

where P is commodity price i; z, is stationary component i; and § is a parameter
which identifies a long-run relationship between the two prices. Substituting (3a) into

(3b) gives

(4) pﬁ = ‘aph + z,t

where z =z, - & In (4), the first component p = §p  Iepresents a long-run

»
equilibrium relationship between the two prices, resulting from their common stochastic
trend, while z, Tepresents temporary stationary deviations from this long-run
equilibrium relationship.

The parameter § which characterises the nature of the lomg—run equilibrium
relationship between the series can be estimated by applying ordinaiy least squares (OLS)
to (4). Perhaps surprisingly, OLS estimates the parameters of this 'cointegrating
regression’ consistently under very general assumptions about the statistical properties of

z, » even when z, is autocorrelated and correlated with Py In fact, the OLS
estimate converges to the true parameter value at a faster rate than in the usual case of
stationary tegressors for reasons that will be explained later. Nevertheless, OLS estimates
of a cointegrating regression generally follow a nonstandard distribution theory and so one

must be very careful in undertaking hypothesis tests using results from cointegrating

regressions. More on this later.
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It should be emphasised that cointegration is not the only reason for comovement
in commodity prices. For example, the stochastic trends driving two prices could be
distinct but highly correlated. In the very long run these prices would eventually diverge
and become unrelated but they could show considerable comovement in small finite data
series. Or alternatively, the stochastic trends driving two prices could be completely
unrelated but there might be strong comelations between their stationary components.
Such series might exhibit considerable comovement in the short~run even though they are
unrelated in the long run.

OLS based tests for cointegration have been developed by Engle and Granger
(1987). The first step is to estimate the cointegrating regression (4) via OLS. Then the
residuals from this regression are tested for the existence of a stochastic trend. If the
hypothesis of a stochastic trend in the residuals is rejected then the series are cointegrated
because they each have stochastic trends but a linear combination of the series is
stationary. This indicates the series have common stochastic trends, with the cointegrating
regression providing an estimate of the long-run equilibrium relationship between the
series. ‘On the other hand, if the hypothesis of a stochastic trend in the residuals cannot be
rejected then the series are not cointegrated and are therefore driven by distinct, though
possibly highly correlated, stochastic trends. Testing for cointegrating vectors in
multivariate systems is more difficult but appropriate techniques have been developed by
Johansen {1988).

Unfortunately, testing for a stochastic trend in the residuals from a cointegrating
regression is mot just a straightforward application of the Dickey—Fuller and Phillips-
Perron unit root tests. The problem is that the cointegrating parameter § must be

estimated, but will only be identified by the OLS estimator when the null hypothesis of no
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cointegration is false. Because OLS seeks the § which minimises the residual variance,
and therefore is most likely to generate stationary residuals, then the standard Dickey-
Fuller and Phillips~Perron tests arc biased towards rejecting the null too often (Engle and
Granger, 1987). This problem can be corrected by using the same test statistic but an
alternative distribution to conduct the test. An appropriate asymptotic distribution has
been tabulated by Phillips and Ouliaris (1990).

Results from applying the Dickey—Fuller and Phillips—Perron unit root tests to
residuals from an OLS regression of wheat prices on cattle prices are shown in Table 3.
The critical values are from the distribution tabulated by Phillips and Ouliaris (1990). The
results do not support cointegration between cattle and wheat prices, even though both
series have stochastic trends and appear to move together regularly. These results are
consistent with some unpublished research from the World Bank which indicates that
cointegration between commodity prices is the exception rather than the rule (for an
xception sce Vogelvang, 1990). Thus, comovement among commodity prices appears to
be due mainly to short-run correlations in the data, rather than the existence of a common
stochastic trend which keeps the series in a long-run equilibrium relationship.

Despite the finding that commodity priccs often are not cointegrated, stochastic
trends and cointegration play a crucial role in interpreting econometric studics of supply
and demand for commodities. We have already scen that commodity prices generally
have stochastic trends. Thus, if structural gupply and demand equations .uvtude price
variables and have stationary errors then the commodity price must be cointegrated with at

least one other variable in the system. This issue is addressed in detail further below.
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2.4  Time-Varying Volatility

Some of the earliest research on the distribution of commodity prices assumed that
price changes are independent draws from an identical normal distribution. It soon
became apparent, however, that this simple model missed some important characteristics
of commodity price data. In particular, it was found that the volatility of price changes
varies over time as the serics moves between highly volatile periods, where large price
changes tend to be followed by other large changes (of either sign) and less volatile
periods, where small price changes tend to be followed by other small changes (again of
either sign). This temporal instability in the variance of commodity price innovations has
become a well-known feature in empirical studies.

It should be clear that time-varying volatility can be quite consistent with the
existence of a stochastic trend in commodity prices. In fact, most of the research on
time-varying volatility has focused on price changes, which implies that the stochastic
trend in the series has been removed by first differencing. Once the stochastic trend has
been removed, many commodity price series exhibit little residual autocorrelation. This
does not necessarily mean, however, that the variance of the price innovations (e.g. price
changes) is constant. If the scries experiences time-varying volatility then the variance of
price innovations will change over time in response to different shocks to the commodity
market.

Time-varying volatility in commodity price series leads to autocorrelation patterns
in the conditional variance of price innovations, where the variance is conditional on an
information set available at the time forecasts are being formed. Engle (1982) has termed

this 'conditional heteroscedasticity' and developed the autoregressive conditional
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heteroscedasticity (ARCH) model to capture such effects. A sequence of innovations e

follow an ARCH(q) model if they can be represented:
(5a) elQ_, ~ DO, h)

(Gb) h =0+ zq:a‘ef_,

=]
where D is some arbitrary distribution with mean zero and variance j, conditional on a
set of information Q. available at t-1. The conditional variance h, is a weighted
sum of past squarcd innovations, leading to autocorrelation in the squared residuals and
time-varying conditional variances.

Bollersiev (1986) has generalised the ARCH model to the so-called generalised
autoregressive conditional heteroscedasticity (GARCH) model by including lagged
conditional variances as well as lagged squared innovations in the equation explaining
conditicnal variance movements. A simple yet useful example of a GARCH model is the

GARCH (1,1) model of price changes:

(63) p -p,=pr+e,
(6b) el ~ DO, k)

(60) h: =0+ ue,z,, + Bhn-l

In this example, price changes are equal to a constant p plus a serially uncorrelated error
e - The emor ¢ is sampled from some arbitrary distribution D with mean zero and

variance h, conditional on a set of information €, ,; and the conditional variance h,
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evolves based on last period's conditional variance and the realised value of last period's
squarcd innovation g2,  Note that (6¢) allows for a wide range of temporal patterns in
the conditional variance of price innovations. This model has been applied successfully to
a number of primary commodity prices by Baillic and Myers (1991).

A simple test for conditional heteroscedasticity has been developed by Engle
(1982) and is applied to the cattle and wheat price series analysed here. The test involves
first cstimating an ARIMA model to account for any autocorrelation in the series. Then
the residuals from the ARIMA model are squared and regressed on q lagged squared
residuals.  Under the null hypothesis of no ARCH effects against an alternative of an
ARCH(q) model then the statistic TR?, where T is the sample size and R® is the coefficient
of determination from the lagged squared residuals regression, is distributed chi-square
with q degrees of freedom. Results from applying this test to the cattle and wheat data
used here are shown in Table 4. The null hypothesis of no ARCH effects is soundly
rejected in the case of cattle prices. The evidence is less decisive in the case of wheat
prices but there does appear to be significant second-order autocorrelation in the squared
residual series. Thus, both commodity prices seem to exhibit time-varying volatility and,

as we shall sce, this has implications for econometric analysis of commodity markets.

2.5  Excess Kurtosis

Another weakness of carly rescarch on the distribution of commodity prices was
the assumption that price changes are normally distributed. Subsequent work has shown
that the tails of empirical price distributions appear to be much fatter than the normal,

indicating excess kurtosis in commodity price changes (Gordon, 1985). This excess
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kurtosis cannot be handled within the confines of the usual normal distributional
assumption.

Perhaps surprisingly, the ARCH model leads to a partial solution to the excess
kurtosis problem. Even if the conditional distribution of price changes is assumed normal
in the ARCH model, then the unconditional distribution is not normal and, in fact, has
fatter tails than the normal (Engle, 1962). Thus, ARCH and GARCH models go part of
the way towards accounting for apparent non-normalitics in the empirical distribution of
commodity prices. Nevertheless, empirical research has shown that even the ARCH and
GARCH models fail to capture all of the excess kurtosis in commodity prices, if the
assumption of a normal conditional distribution for price innovations is maintained.

One solution which has been quite effective is to assume the conditional
distribution of price innovations in the GARCH model follows a t-distribution with
degrees of frecdom treated as a parameter to be estimated. This provides the model with
the necessary flexibility to fully capture the excess kurtosis inherent in commodity price
data. The GARCH model with conditional t-distribution has done a good job of
representing commodity price data for a range of different commodities (Baillie and
Myers, 1991).

To investigate excess kurtosis in commodity prices the residuals from the ARIMA
modecls of cattle and wheat prices used to conduct the ARCH test were standardised by
dividing by their respective standard errors. If the distribution of the errors was normal
then the distribution of the standardised errors would be standard normal with kurtosis
equal to three. The samplc kurtosis of the actual standardised errors was found to be 4.66
for cattle and 9.12 for wheat, thus casting considerable doubt on thc normality of the

residuals, especiaily for wheat.



17

3. Implications for Econometric Analysis of Commodity Markets

Statistical inference in econometric studies of commodity markets is usually
conducted under the assumption that all variables are stationary (no stochastic trends), and
often the additional assumption of normally distributed errcrs is also invoked. We have
just seen, however, that these assumptions are inappropriate for commodity prices.
Commodity prices typically feature stochastic trends and may share trends with other
commodity market variables (i.e. be cointegrated). Commodity prices also tend to
experience time-varying volatility and follow distributions that have excess kurtosis
compared to the normal.

In this section, the implications which some of thesc empirical attributes of
commodity prices have for conventional econometric analysis of commodity markets are
outlined and discussed. It tums out that in some cases these attributes creatc significant

difficulties in estimation and inference.

3.1 High Volatility

High volatility of commodity prices is perhaps their least problematic attribute
from the perspective of undertaking appropriate statistical inference. Certainly, highly
volatile prices may be difficult to explain using standard econometric models and
techniques, so that the R? in equations trying to explain price movements may be quite
small. This in itself, however, poscs no particular statistical problems. The challenge
presented by highly volatile commodity prices lies in explaining why the volatility occurs
and deciding what, if anything, nceds to bec done to alleviate any undesirable
consequences. Since this is not the focus of the current paper a discussion of these issues

is left for another time.
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32  Stochastic Trends and Cointegration
Stochastic trends and cointegra'ion can be much more important fo: statistical
inference. The issues are addressed within the context of the most simple tertbook model

of commodity supply and demand. The model is:

(T2) 3 =10, + 1k + (Supply)
(M)  yf-= Yoy P, + Yop X, + Uy, (Demand)
() yi=yf (Market equilibrium)

where y’ is quantity supplied; y? is quantity demanded; p, is the commodity
prce; k isa supply shifter (c.g. technical change); x is a demand shifter {c.g.
income); and  and y, are random supply and demand disturbances. All variables
are in logarithms, so that the Y coefficients represent supply- and demand elasticities.
Variables are also expressed as deviations from their respective means to eliminate
constant terms. The variables in this model could casily be interpreted as vectors, and
lagged prices and quantities included in the model, without changing the substance of the
discussion which follows.

The supply and demand shift variables are assumed to follow strictly exogenous

autoregressive processes:

(83) kl = plkt—l + gl

r

(Bb) xl = pzx:—: + ezr
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where the random disturbances €, and £, are uncorrclated with the 5. It ic importunt
to note that |p;] = 1 as well as |p;| < 1 is allowed so that the exogenous variables may
have a stochastic trend or be stationary, depending on the value of p;.

The model is exactly identified and has reduced form:

(93) pl = 7:anl + “:z": + vlt

Ob) y, = mx, + W, Yy,

where Ty = Y/ — Yu) Ty = Y/lVy - Yk Ty = Yy ¥l(Vyy = Yadi

Ty = V¥l - Yok and v, and v, are correlated functions of the structural
errors and i, The reduced form plays an important role in conventional
estimation and inference in the model.

:I'lle conventional approach to estimation when |p | <1 and all variables are
stationary is to apply OLS to the reduced form and an instrumental variables (IV)
estimator, such as two-stage least squares (2SLS), to the structural equations. The
structural equations can also be estimated via systems methods such as three stage least
squares or full information maximum likelinood. However, these systems methods have
the disadvantage that any misspecification in one equation can spill over and cause
problems in estimation of every cquation. If all of the variables are stationary then IV
estimation and inference usually takes place on the basis of asymptotic results because the
small sample propertics of the IV estimator are generally unknown.

Now suppose that the supply and demand shift variables in the commodity market
model (7) follow independent random walks, p, = p, = 1, and arc thereforc not
cointegrated. Then by the reduced form (9) price and quantity both have stochastic trends

as well because they are a linear combination of k and x. In this case, the supply
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and demand equations (7a) and (7b) each represent linear combinations of stochastically
trending variables. There are two possibilities. The first is that the linear combinations
represented by the supply and demand equations (ie. the structural emrors g )
themselves have a stochastic trend. In this case there is no long-run relationship between
the variables and the result is a 'spurious regression' in the sense of Granger and Newbold
(1974). Results from IV estimation of such equations are notoriously unreliable because
estimated coefficients arc not consistent and the R? converges to a random number.
Clearly, estimation and inference in this case is frought with difficulties and the
application of standard techniques will lead to major errors.

The second possibility is that the structural disturbances y ~ are stationary and
the supply and demand equations therefore represent stationary linear combinations of
stochastically trending variables. In other words, (y,p,k) and (v, p,x) aretwo
cointegrated vectors with the relevant supply and demand elasticities representing the
long-run relationship between the series.

What are the implications of this scenario for estimation and statistical inference?
Fortunately, the conventional IV estimator applied to the supply and demand equations
remains consi;tcnt (Phillips and Hansen, 1988). In fact, the IV estimator applied to a
cointegrating regression converges more rapidly to the true parameter values than it would
if all of the variables were stationary. On the other hand, the asymptotic distribution of
the IV estimator is generally not normal, as it would be with stationary variables. Thus,
normal distribution theory cannot be used in hypothesis testing, even when relying on
large sample results. This is an obvious problem ¢ s ~onventional inference in these types

of models.
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Furthermore, it tums out that the IV estimator of the cointegrated supply and
demand equations is not the only consistent estimator. In particular, simple OLS is also
consistent and converges rapidly to the true parameter values, despite the obvious
simultaneity problem. The reason for this ‘super consistency' is that all linear
combinations of, for example, the supply equation variables (y, p, k) other than that
given by the supply equation itself have asymptotically infinite variance. Because OLS
minimises the residual variance it moves very quickly to the finite residual variance
defined by the supply equation parameters.

Like the IV estimator, the asymptotic distribution of the OLS estimator of
cointegrated relationships is not normal cither. Thus conventional inference cannot
proceed as usual even when relying on large sample results. However, Hansen and
Phillips (1988) have developed methods for 'modifying' OLS (and IV) estimators and
standard errors so as to reduce small sample bias and allow conventional asymptotic
inference.

The choice between IV and OLS estimators of cointegrated supply and demand
equations comes down to two issues. First, which is easier to apply? OLS is obviously
easier than IV, although with modem computer technology the difference must be
described as marginal. Second, which estimator performs better in small samples? Monte
Carlo simulations have shown that this depends on the signal to noise ratio. If the
variance of the innovations in the random walks which drive the long~run behaviour of
the variables is high relative to the variance of the short-term dynamics (the structural
disturbances in the commodity market model) then the signal to noise ratio is high, small
sample bias is negligible, and OLS works well. Modified OLS estimates will then allow

conventional inference. When the variance of the random walks is relatively low,
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however, then the signal to noise ratio is low and the IV estimator will generally work
better, although again modified estimators are required before conventional inference can
be applied. Some Monte Carlo evidence supporting these conclusions for our commodity
market model is presented later.

To see the potential power and utility of accounting for stochastic trends and
cointegration in commodity market studies, comsider the case when the supply shift
variable k, is stationary but the demand shift variable x, has a stochastic trend. By
the reduced form, both price and quantity depend on x, so these variables both have
stochastic frends as well. Nevertheless the supply equation (7a) defines a linear
combination of price and quantity Y, = YyP, which is stationary, and the cointegrating
vector (1, -y,) defines the price elasticity of supply.

Now suppose one wanted to estimatc the supply clasticity. Instead of worrying
about conventional identification and simultaneous equations bias, all that is required is to
run an OLS regression of quantity on price. Because all other linear combinations of
quantity and price (besides the supply equation) have infinite variance, this simple
bivariate linear regression gives a consistent estimate of the supply elasticity. The
estimate also converges very quickly to the true parameter value, though one would not
trust standard errors computed with the usual formula when undertaking statistical
inference. All of this occurs despite the fact that price and quantity are determined
simultaneously, and that the regression is ‘'misspecified’ by exclusion of the supply shift
variables in the regression.

Finally, consider the possibility that commodity price has a stochastic trend but that
the quantity variable is stationary. This implies that the supply and demand shift variables

both have stochastic trends but that the linear combination X, + Tk, is stationary.
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In this case, the reduced form price equation (9a) is a cointegrating regression, and
therefore inference must proceed with caution But the reduced form quantity equation
(9b) has a stationary dependent variable and a linear combination of the stochastically
trending regressors is stationary. In these circumstances we can proceed as if all variables
are stationary and conventional inference is applicable (Stock and Watson, 1988; Sims,
Stock and Watson, 1990).

In the structural form, the dependent variable quantity in the supply and demand

equations is stationary but the explanatory variables have a stochastic trend.  Thus

P, + Yok, and  y,p + y,x, Tepresent cointegrating rclationships and all of the
coefficients of interest can be written as coefficients on stationary variables. This implies
that conventional inference is applicable and that the IV estimator may perform better than
OLS because price and quantity are simultaneously determined.

Most commodity prices appear to be characterised by a stochastic trend and this
has crucial implications for estimation and inference. If quantity is stationary then price
must be cointegrated with supply and demand shifters in the commodity market model.
Thus, supply and demand equations have stationary dependent variables and a linear
combination of the stochastically trending explanatory variables is stationary. In this case,
IV estimation of the structural form leads to conventional asymptotic inference. On the
other hand, if price and quantity both have stochastic trends then the supply and demand
equations represent cointegrating regressions and the conventional asymptotic distribution
theory for the IV estimator breaks down. The IV estimator remains consistent but so is
OLS. Great care must be taken in using estimated standard errors from either estimator in

these circumstances. The performance of the estimators in small samples depends on the
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variance of the random walks driving the system compared to the variance of the

stationary disturbances.

33 Time-Varying Volatility and Excess Kurtosis

Time-varying volatility in commodity prices has the same gencral effect on
statistical inferencc as any other form of heteroscedasticity. In particular, the standard
OLS and IV estimators remain unbiascd and consistent. However, there is a loss of
efficiency and estimatcd standard errors may be biased. Indeed, Engle (1982) points out
that the main problem with applying OLS to a model with ARCH disturbances is the
resulting loss in efficiency.

It is important to note, however, that time-varying volatility has little effect on
OLS and IV estimation.of cointegrating regressions. The reason is that the 'super
consistency' of such cstimators causes rapid convergence to the true parameter values
irrespective of the presence of heteroscedasticity. On the other hand, it is important that
any 'modified' cstimates used to undertake statistical inference in cointegrating regressions
be robust to thc presence of hcteroscedasticity, because heteroscedasticity will affect the
standard errors.

Excess kurtosis causcs problems whenever inference requires a particular
distributional assumption on the disturbance terms. Although the normal is typically
chosen, the actual distribution of commodity prices appears to have fatter tails than the
normal. This can be a particular problem in maximum likelihood cstimation of
commodity market models.

Time-varying volatility and excess kurtosis can be modelled parametrically using

GARCH models and a conditional t-distribution for price innovations. If properly
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specificd, such models should lead to increased efficiency and more accurate standard
crrors in commodity market estimation. Some nonparametric methods which are more

robust to specification crror have also been developed (e.g. Pagan and Ullah, 1988).

4. A Monte Carlo Simulation
A Monte Carlo experiment was undertaken to highlight some of the issues raised in
the discussion of stochastic trends and cointegration above. The data generating process

used in the simulation is a simple version of the commodity market model:

(10a) 'y =05p, + k, +u, (Supply)
(10b) y = -05p, + x, + u, (Dcemand)
(10c) &k =c¢,

(9  x =x_ + e,

where all of the disturbance terms g and g, are identically and independently
distributed N(0,1) variables. Noticc that the paramcter A determines the signal to noise
ratio. If A is large then the variance of the random walk is large relative to the variance
of stationary disturbances (high signal to noisc ratio) while if A is small the reverse
occurs.

Each time the model was simulated, a series of 50 observations on 4 independent
N(0,1) variables was drawn using the random rumber generator RNDN in GAUSS. These
random numbers were then applied to Equation (10) to generate a series of 50
observations on v, P,k x) using x, = 0 as a start up value for x,. Alternative

estimators were then applicd to the data set and their performance compared. The whole
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process was then repeated a total of 1000 times and summary results tabulated. The aim
is to get an idca of how alternative estimators perform in small samples under stochastic
trends and cointegration.

It is assumed that the aim of the exercisc is to estimate the price elasticity of
supply. Three alternative estimators are compared. First there is the conventional IV
(2SLS) estimator of the supply equation, using k, and x, as instruments for p,. Second is a
simple bivariate OLS regression of y, on p,. Because the supply shift variable %, is
stationary, this should generate a consistent estimate of the supply elasticity. Third is a
multivariatc OLS regression of y on (p, k) - Inclusion of the stationary regressor £,
should not affect the consistency of the supply elasticity estimate from the cointcgrating
regression.  In small samples, however, inclusion of the k, variable in the regression may
lead to a different performance in inference. The experiment was repeated for two values
of A, A=1 and A =10

Results from the experiment are reported in Table 5. In the case of low signal to
uoise ratio (A = 1) conventional 2SLS clearly performs best. The mean supply
clasticity estimate is very close to the true value of 0.5 and it has a significantly lower
root mean squarc error (RMSE) than the OLS estimators. Nevertheless, the standard
crrors from the 2SLS estimators cannot be trusted because the mean standard crror
estimatc differs considerably from the actual RMSE of the estimator and the nuil
hypothesis that the supply elasticity equals 5.0 is rejected 19% of the time when
conventional distribution theory says it should be oniy 5%. Bivariate OLS performs the
worst under low signal to noisc with considerable bias in both the estimated supply

clasticity and its standard error.
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In the case of high signal to noise ratio, however, a simple bivariate regression of
quantity on price gives a remarkably good estimate of the supply clasticity. The mean
estimatc is very close to the true value of 0.5 and the mean estimated standard error from
a standard regression package is very close to the actual RMSE of 0.011. Using
conventional inference the null hypothesis Y, = 05 is rejected 9% of the time when
the figure should be 5%. Thus, gre  are still must be taken in undertaking inference in
this model. The 2SLS and multivariate OLS estimators also perform well although the
distribution theory for the 2SLS estimator is more distorted than the OLS estimators with
the null hypothesis being rejected 18% of the time when it should be 5%.

These simulation results highlight two important facts about estimating supply and
demand equations when prices have stochastic trends and are cointegrated with other
variables. First, standard errors from the usual IV techniques, such as 2SLS, are not to be
trusted and significant crrors can be made in hypothesis testing if one naively uses
standard tests and standard distribution theory. Second, in the case of high signal to noise
ratios then simple OLS estimation of equations in a simultaneous equation system can
provide remarkably good results. Here too, however, standard errors arc not to be trusted

and great care must be taken in hypothesis testing and statistical inferenc :.

5. Concluding Comments

Developments in time-serics econometrics have procecded at a remarkable pace
over the past decade and the full implications for econometric analysis of commodity
markets arc only just beginning to be widely understood. Many commodity prices appear
to contain stochastic trends and be cointegrated with other commodity market variables.

Time-varying volatility and excess kurtosis also characterise many commodity price

SRR R
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scries.  These time-serics characteristics have several significant implications for
cconometric analysis of commodity markets.

Most importantly, the presence of stochastic trends raiscs a number of econometric
pitfalls for the unwary, pariicularly when it comes to inference regarding supply and
demand clasticity estimates. New approaches arc needed to account for the special
distributional characteristics of stochastically trending variables. Time-varying volatility
and excess kurtosis in commodity prices also need to be properly accounted for if
cstimation is to procced with maximum cfficiency. Indeed, to avoid major crrors in
estimation, inference and interpretation, commodity market asualysts must bccome
increasingly aware of the time-series characteristics of their data, and of the resulting

implications for the use of various econometric methods and techniques.
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Notes

Cattle prices in cents per kilogram are from January 1970 through June 1990 and
arc average monthly prices at Brisbane markets from various issues of the
Australian Meat and Livestock Corporation's Annual Statistical Review. Wheat
prices in U.S. dollars per ton are from January 1970 through February 1987 and
are average Australian export prices from various issues of the International Wheat

Council's World Wheat Statistics.
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Table 1

Testing for Stochastic Trends in Cattle Prices*

Statistic Under Lag Val Critical Val

Test
£2=0 2=4 £=12 5% 10%
Dickey~Fuller
Hy: a=1 -1.76 =227 ~2.94 ~3.43 -3.13
H, : a=1; B=0 1.66 2.61 4.40 6.34 5.39
Phillips=P
po=u+oap  +Bt+e
H,: a=1 -1.77 =215 -2.41 -3.43 -3.13
H, : a=1; B=0 1.68 2.38 2.96 6.43 5.39
KPSS
P,=R+w + B+
w=w,%+e

H,: =0 1.62 0.34 0.15 0.15 0.12

a The null hypothesis is rejected if the statistic is greater in absolute value than the
critical value. Critical values are from Fuller (1976), Dickey and Fuller (1981), and
Kwiatkowski, Phillips, Schmidt and Shin (1992).
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Table 2
Testing for Stochastic Trends in Wheat Prices®
Statistic Under Lag Val Critical Val
Test
£=0 £=4 £=12 5% 10%
Dickey-Fuller
p=pn+op, +Pt+e
H,: a=1 -1.13  -1.67 -2.40 ~-3.43 -3.13
H, : a=1; =0 3.01 3.07 3.60 6.34 539
Phillips—Perron
p=urap, +Btre
H,: a=1 -1.14  -153 -1.58  -343 -3.13
H, : a=1; B=0 3.06 2.56 259 6.34 5.39
KPSS
p’=‘p,+w1+6l+s‘
Wy =W te
H, : =0 2.55 0.54 0.23 0.15 0.12

a The null hypothesis is rejected if the statistic is greater in absolute value than the
critical value. Critical values are from Fuller (1976), Dickey and Fuller (1981), and
Kwiatkowski, Phillips, Schmidt and Shin (1992).
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Table 3

Testing for Cointegration Between Cattle and Wheat Prices®

pn="'+6pa*z:

Statistic Under Lag Valt Critical Val

Test
£=0 £=4 2=12 5% 10%
Dickey-Fuller
2: = azt-l + 8‘
H,: a=1 -029 -072 -109 =337 307
Z, =0, +¢E
H,: a=1 -030 -068 -094 -337 -3.07

a The null hypothesis of no cointegration is rejected if the statistic is greater in absolute
value than the critical value. Critical values are from Phillips and QOuliaris (1990).
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Table 4

Testing for Conditional Heteroscedasticity in Cattle and Wheat Prices

Statistic Critical Values
Model
TR? 5% 10%
Cattle
(1-a,L-a,L%ap, = (1+b,L+b,L*+bL4)e,
e'IQ‘_, - D(O,h,)
q
h, = 0+ ael;
i=]
g=1 11.14 384 271
q=2 15.08 599 461
=3 20.14 7.81 6.25
q=4 22.80 949 778
g=5 23.56 11.07 9.24
Wheat
(1-aL-a,L)ap, = (L+b,L+bL3+bL %,
e 2., ~ DOA)
q
h, = 0+Y, agr
i=}
q=1 0.00 384 27
q=2 5.84 599 461
q=3 6.74 7.81 6.25
q=4 7.39 949  7.78
q=5 7.48 1107 924
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Table S

Simulation Results®

Estimator Mcan Root Mean  Mean Estimate  Percent of ®
Estimate Squarc Error of Standard Rejections at

Error the 5% Level

Case 1:  Low Signal to Noise Ratio (5 = 1)

2SLS 0.507 0.0792 0.045 189

Bivariate OLS 0.275 0.2549 0.058 85.1

Muitivariate OLS 0.367 0.1581 0.047 67.8

Case 2:  High Signal to Noise Ratio (5 = 10)

2SLS 0.499 0.0067 0.004 179

Bivariate OLS 0.495 0.0110 0.009 9.1

Multivariate OLS 0.497 0.0072 0.006 73

a. Results are from cstimating the supply elasticity in model (9) with 50 observations

and 1000 repetitions of the experiment.

b. Percent of rejections of H_ 9, = 05 using the standard regression t-statistic
and the conventional 5% significance level in a two-sided test.
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