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Given the high correlations observed among food prices, we analyse whether the forecast-
ing accuracies of individual food price models can be improved by considering their cross-
dependence. We focus on three strongly correlated food prices: corn, soybeans and wheat.
We analyse an unstable forecasting period (2008–2014) and apply robust approaches and
recursive schemes. Our results indicate forecast improvements from using models that in-
clude price interactions.
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1. Introduction

Food prices have shown strong correlations in the
past, even before their upward co-movement over recent
decades. For instance, the commodities included in the
World Bank’s food price index for the period 1990–2013
(on a monthly basis) show price correlations of well over
0.60, and even up to 0.85 for some subsets. We therefore
explore whether or not the forecast accuracies of a subset
of these commodity prices could be improved by taking
their cross-dependence into account. Some might think
that this is an old question that has already been answered,
as simultaneous modelling did not survive after the 1973
oil crisis, due to the poor forecasting performances of
macromodels relative to naïve forecasts. However,wenow
have a better understanding of the effects of breaks on
forecasting. Various different devices and methods, such
as robust transformations and updating, may be useful
for forecasting in the presence of breaks, and can also be
applied for joint and other models that consider cross-
dependence.
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We focus on three food prices which are strongly cor-
related: corn, soybeans and wheat. These are agricultural
commodities that, whether directly or indirectly, feed a
large part of the world’s population. There has been a spe-
cial interest in understanding the common behaviours of
their prices since the 2000s, when their downward trend
reversed, as the demand for them started to increase sig-
nificantly, driven by the unprecedented growth of emerg-
ing economies such as China and India. The demand for
oilseeds has also increased greatly, due to their competing
use as biofuels. Because of these effects, and also due to var-
ious macro and financial developments, their prices have
experienced a long-term boom, along with many other
food, mineral and energy commodities.

We are interested mainly in developing conditional
forecasts of food prices in which the out-of-sample val-
ues of the weak exogenous variables will come from out-
side the model; that is, will be provided by the forecaster
(e.g., from organizations such as the World Bank, FAO, IMF
or USDA). These values should respond to conjectural sce-
narios about the future behaviours of the regressors, in or-
der to quantify what would happen to corn, soybean and
wheat prices if, for example, the economy of China decel-
erated at a given rate, or the US monetary policy changed.
Thus, using the conditional forecasting models should also
make it possible to project what might happen to food
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Fig. 1. Nominal absolute and relative prices from 1994 to 2014 (in US dollars). Note: The relative prices are calculated mean-adjusted. The vertical lines
indicate the beginning of the out-of-sample period.
prices given a range of assumptions regarding the paths of
the explanatory variables employed in themodel. To allow
for the effects of these variables, a necessary condition is to
evaluate the forecasting accuracy of the econometric mod-
els over a given pseudo out-of-sample period and forecast
horizon.

In this paper, our out-of-sample period includes the
2008–2009 world crisis and its aftermath, together with
the recent reversion of the upward trend in commodity
prices. As part of model selection, we pay special attention
to the cross correlation of prices that motivated the
discussion about single vs. joint modelling of these food
prices. Forecasts are developed for one and four quarters
ahead. For the multi-step forecasts, both iterated and
direct approaches are tried. Robust model transformations
(which keep the effects of the conditioning variables)
and other robust forecast methods are also applied for
comparison purposes, due to the unstable behaviour of the
food commodity prices studied.

The next section describes the data and briefly reviews
the empirical literature. Section 3 presents various differ-
ent forecasting strategies. Sections 4 and 5 provide the
estimation and forecast results, respectively. Section 6
evaluates forecasting biases and pseudo out-of-sample
breaks. Finally, Section 7 concludes.

2. Data

This section describes the data used to estimate our
forecasting models. Our data set of the nominal prices
of corn, soybeans and wheat is quarterly over the period
1994Q3–2014Q4 (82 observations). Since our forecasting
period starts in 2008Q1, we can observe what happens
to the forecast accuracy of the models as the world crisis
evolved and the last super boom seemed to end. Fig. 1
shows the joint behaviours of these three prices over the
sample period.

Corn, soybeans and wheat behave similarly over the
whole sample period, even before the upward trend that
was observed from the early 2000s. In fact, the cross-
correlations among them, on a quarterly basis, are higher
than 0.9 for thewhole sample. However, the relative prices
also show instability over the last five years of the sample.

Although our estimations are on a quarterly basis, the
production of corn and soybeans enter our model on a
yearly basis. For them, we repeated the values of the
estimated production published by the U.S. Department
of Agriculture (USDA) in the second quarter of each year.
The production of soybeans and corn are concentrated
geographically, with the leading exporters being the
United States, Brazil and Argentina. Because of this, we
consider that, by the second quarter, when the southern
hemisphere (Brazil and Argentina) is harvesting the bulk of
these commodities and the northern hemisphere’s (United
States) planting season takes place, the USDA will have
reliable estimates of the whole year’s production. For
wheat, the production of which is dispersed more widely
geographically, we used the quarterly averages of the
monthly estimates of annual production reported byUSDA.
Doing this not only improved our econometric models, but
also allowed us to use the USDA production projections
in a multivariate framework in order to obtain conditional
forecasts of these prices.

Our information set uses several potential macro-wide
and market-driven explanatory variables of commodity
prices that are used commonly in the literature. It includes
macroeconomic determinants (like the US monetary
aggregates or the US exchange rate) as well as commodity-
specific variables (such as production and inventories) and
demand factors (such as the growth of emerging countries
like China).1 For further data definitions and the sources of
the variables included in our models, see Appendix A.

Fig. 2 shows the behaviours of production and invento-
ries of the commodities studied.

1 Futures prices for explaining (spot) food prices are not included, as
they would convey the same information that arises from the economic
fundamentals.



840 H. Ahumada, M. Cornejo / International Journal of Forecasting 32 (2016) 838–848
Fig. 2. World production and inventories (in millions of metric tons).
3. Model designs

This section explains the econometric approach thatwe
followed for estimating models that can be used to obtain
conditional forecasts of food prices.

(i) We started by estimating an equilibrium correction
model (EqCM) for each food price (corn, soybeans
and wheat) over the period 1994Q3–2007Q4 (the in-
sample period), using a single-equation approach that
includes levels as well as differences. These EqCMs,
which nest long-run and short-run behaviours, allow
us to take into account supply and demand determi-
nants along with the effects of macro and financial
variables. This representation is also useful when both
(co)integrated and stationary variables are included in
the models.

(ii) After estimating thesemodels, we studied the residual
cross-correlations in order to evaluate their interde-
pendence, and carried out jointmodelling if necessary.
For example, agents involved in agribusiness often use
the soybean to corn price ratio as a rule of thumb to
guide their decisions. A general rule of thumb is that
when the price of soybeans ismore than 2.4–2.5 times
the price of corn, farmers will probably plant more
soybeans than corn. Thus, we analyse econometrically
how these prices, along with the wheat prices, are re-
lated econometrically, by following a systemapproach
for evaluating cointegration relationships and weak
exogeneity. The EqCMs of the cointegrated prices may
be seen as partial systems, and therefore the cointe-
gration results will remain valid if more variables are
added to a larger system (see e.g. Juselius, 2006, ch.
19).

(iii) Given the results of (i) and (ii), themodels thatwe esti-
mate for forecasting are special cases of the following
models for the price of i (i = 1, 2, 3, corresponding to
corn, soybeans and wheat).

∆pit = δi +

3
i=1

θiEqCit−1 + λ′

i∆zit:t−l + εit ,

εit ∼ IN(0, σ 2), (1)

for t = 1, . . . , T , where EqC denotes the equilibrium
correction terms that correspond to the fundamentals’
long-run deviations from (i) or price differentials from
(ii); λ′

i∆zit:t−l denotes the short-run effects of the rel-
evant variables (where ∆zit:t−l is a k × 1 vector with
lags 0 to l) for each i-price equation. These may in-
clude both contemporaneous and lagged effects of the
own and related food prices. The results are reported
in Section 5.

4. Construction of the forecasts

The estimation of the models described in the last
section is the starting point of our forecasting exercise;
however, other devices and models may also be useful for
forecasting food prices. Examples of such are presented
briefly in this section.

Unit roots and breaks are the two main sources of non-
stationarity that are faced by econometric models. When
dealing with integrated processes, Engle and Granger
(1987) and Johansen (1988) suggested the use of equilib-
rium correction models (for vectors denoted VEqCM)2 for
estimating cointegrated relationships. Initially, they were
recommended for forecasting as well, but both evidence
(e.g. Makridakis & Hibon, 2000; Stock & Watson, 1999)

2 Our estimated EqCMs are special cases of VEqCMs for weak
exogeneous explanatory variables.
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and theory (Clements & Hendry, 1998, 1999) showed that
they perform poorly when economic processes are subject
to structural breaks, as often occurs. As Castle, Doornik,
Hendry, and Petris (2015, p. 3) explain, EqCMs ‘‘always
correct back to the old equilibrium (. . . ) irrespective of
whether or not the equilibrium has shifted’’, thereby in-
ducing forecast failures.

In the presence of breaks, the use of non-causal devices
as double differenced (DDD) variables can outperform
VEqCM; however, on the basis of this finding, a double
differenced VEqCM (DVEqCM) should in turn outperform
DDD (at least in mean, but not necessarily in variance or
mean square forecast error, MSFE).3 Castle, Fawcett, and
Hendry (2010), Clements and Hendry (2006) and Hendry
(2006) provide detailed explanations of the robustification
of forecasts from equilibrium correction systems.

Alternatively, the relevant equations of a VEqCM can be
adjusted after the break occurs, using residual adjustments
or intercept corrections (IC).4 This can be done by putting
the forecast back on track when the forecast errors are
correlated.

Furthermore, since, by construction, a DVAR does not
include the equilibrium correction terms, it is another
alternative that could be explored for forecasting, and will
be also considered. In particular,we analyse the forecasting
accuracy of a DVAR of the three prices under study.

As Hendry (2006) noted, equilibrium mean shifts are
more common in lower frequency data, meaning that
differencing is probably less helpful for higher data
frequencies. Since we use quarterly data, the benefits of
differencing are not clear.

For forecasting, we also performed direct multi-step
estimation for h = 4 (see Chevillon, 2007; Clements &
Hendry, 1996), using lagged information for lags ≥ h that
may be useful for non-stationary cases.

To sum up, as Table 1 shows, the conditional forecasts
obtained from the (individually and jointly) estimated
EqCMs are compared with those obtained by following
other approaches that hedge against potential breaks, such
as the differenced EqCM (DEqCMs), without losing the
effects of the conditioning variables. We also considered
other forecasting approaches that are robust to breaks:
taking into account the interdependence of prices (DVAR),
and devices where no estimation is required, such as
double differencing (DDD),5 as well as the random walk
itself, as usual.

5. Econometric modelling results

This section begins by presenting the results from the
estimation of the forecasting EqC models of corn, soy-
bean and wheat prices. Then, it analyses the cointegration
among food prices, in an attempt to improve the forecast-
ing models by considering their interdependence.

3 TheDVEqCMmay be preferred to the DDD for conditional forecasting,
as it maintains the explanatory variables of the VEqCM.
4 As Hendry (2006) indicates, DVEqCM has the same effect as IC.
5 Although the results are not reported here, we also calculated the

RMSE and MAPE of the DDD, but no gains were found in any case.
Table 1
Alternative forecasting models for each food price.

Model type Horizon Scheme (in quarters)

EqCM 1 recursive
(single and joint) 1 fixed

4 (iterative) recursive
4 (iterative) fixed
4 (direct) recursive
4 (direct) fixed

DEqCM 1 recursive
(single and joint) 1 fixed

4 (iterative) recursive
4 (iterative) fixed
4 (direct) recursive
4 (direct) fixed

DVAR 1 recursive
1 fixed
4 (iterative) recursive
4 (iterative) fixed
4 (direct) recursive
4 (direct) fixed

Random walk 1 –
4 –

To develop conditional models of nominal food prices
based on their fundamentals, we first followed a general-
to-specific approach with a single equation for each price
that includes levels and up to two lagged differences.6
We then used Autometrics (see Doornik, 2009; Hendry &
Doornik, 2014) to help us to select the dominant congruent
model, not just a best fit. Autometrics is an algorithm that
uses a tree search to discard paths that are rejected as
reductions of the initial model, and includes diagnostic
testing.

Starting from a large information set (as in Ahu-
mada & Cornejo, 2015), we jointly evaluate many of
the explanatory variables that have been suggested
in the vast body of literature that has tried to ex-
plain commodity prices. In the general unrestricted
model (GUM),7 we considered commodity-specific vari-
ables such as commodity production (qt) and inven-
tories (INVt), as commodity prices tend to rise when
quantities and inventories decrease. To take into account
the demand effects, world and emerging and develop-
ing economic growth are captured through several vari-
ables suggested by the literature: real GDP for the OECD
(gdpOECD

t ), India (gdpINDIA
t ) and China (gdpCHINA

t , seasonally
adjusted). To assess the possible impact of the monetary
and financial environment on commodity prices, we in-
cludedmonetary aggregates such as the USmonetary base
(mbt), M2 (m2t), and the Fed’s flow of funds (fof ) as mea-
sures of liquidity, aswell as the 3-month Treasury constant
maturity rate (rt). TheUS consumer price index (cpiUSt )was

6 Rather than modelling the real food prices, we modelled the nominal
prices as they were not statistically significant when estimating the real
food prices conditional on the deflator and its lags.
7 We keep fixed the variables that were significant in the long-run

(which are needed for cointegration, according to the critical values of
Ericsson &MacKinnon, 2002), and reselect the variables which turned out
to have signs that differed from those expected by economic theory.
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Table 2
In-sample quarterly single EqCM estimates: 1994Q3–2007Q4 (in logs).

Dependent variable: ∆pc ∆ps ∆pw

Constant 12.19*** 10.87*** 1.8***

EqCit−1 −0.37***
−0.31***

−0.36***

∆4rt −0.12*** – –
∆qethanolt 0.30** – –
∆gdpINDIA

t−1 0.20** – –
∆pst−1 – 0.28***

∆pw
t−1 – 0.14

∆et – −0.94** –
∆m2t – 3.03**

σ 0.057 0.060 0.066

Long-run solution
Dependent variable: pc ps ps

qit−1 −2.64***
−1.50***

−2.35***

et−1 −3.68***
−1.54***

−2.89***

gdpCHINA
t−1 0.89*** 0.97*** –

gdpOECD
t−1 – – 2.21***

F-testa
0.64 1.13 0.83
[0.84 ] [0.42] [0.68]
F(31, 12) F(33, 13) F(26, 20)

Notes: Insignificant variables are left because of autocorrelation. The
selected (not reported) impulse dummies are: 1996Q2, 1996Q4 and
2006Q4 for corn prices, 2003Q4 for soybean prices and 1996Q2, 2002Q3,
2007Q3 and 2007Q4 for wheat prices.

a The F-test results correspond to the F statistic for the final model
versus the initial GUM, with the associated tail probability (in square
brackets) and the degrees of freedom (in parentheses).
*** p < 0.01.
** p < 0.05.
∗ p < 0.10.

also considered as a separate explanatory variable, along
with the effect of the US real exchange rate (et). Finally, we
also included the U.S. ethanol production (qethanol). Small
letters indicate that the variables are expressed in logs (see
Appendix A for further details and sources).

Table 2 shows the in-sample (1994Q3–2007Q4, T =

54) estimates of the selected EqCMs for each individual
commodity price. All estimatedmodels are consistentwith
theory, and pass all diagnostic tests at traditional levels.8
We use a 5% target size for Autometrics.

For the individual models of corn, soybean and wheat
prices, we found significant effects of individual produc-
tions in the long run, the US real exchange rate, and, as de-
mand variables, the GDP for China (corn and soybeans) or
the OECD (wheat).

Regarding commodity production, the negative sign of
the estimated coefficient suggests that we could assume a
valid conditional model of prices on production. However,
we also tested weak exogeneity, following the approach
of Johansen (1996), and found that prices (not production)
adjust to reach the long-run relationship.9

Our estimates also showed that, in the short run,
changes in corn prices can be explained by ethanol

8 The diagnostic statistics are not reported, but can be obtained from
the authors upon request.
9 However, the unrestricted systems did still show some misspecifica-

tion problems, due mainly to non-normality that was not resolved by the
inclusion of dummies.
production growth, India’s GDP growth of the previous
year, and changes in the real interest rate. Corn models
have richer short run effects than those for either soybeans
orwheat. Soybeans andwheat each have an autoregressive
term apart from the effect of the US exchange rate
depreciation or the US changes in broad money stock
(∆m2), respectively.

A key finding was that we still found high residual
cross-correlations after the individual EqCMs had been
estimated for corn and soybeans (0.47), but not for wheat
(<0.13).

Given the observed cross-dependence between corn
and soybean prices, their models may be enriched by
estimating joint EqCMs that consider the interactions
between them. We therefore studied the cointegration
among these nominal prices, along with wheat (all in
logs), during the in-sample period (1994Q3–2007Q4), as is
shown in Table 3.

A VAR(2) estimation showed that only one cointegra-
tion relationship exists at the 5% significance level (con-
sidering the trace statistic), between corn and soybeans, as
wheat prices were not significant in this vector. This indi-
cates that the price differential (ps − pc) is stationary with
a linear trend in the cointegration space. Only soybeans
adjust to deviations from the long-run relationship. This
finding implies that corn is weakly exogenous, and thus,
a conditional model of soybean prices on corn prices is a
valid representation of this system. We also analysed the
case of r = 2, as suggested by the max statistic at the
5% level. In this case, the first vector indicated a stationary
price differential between ps and pw , and the second vec-
tor a stationary price differential between pc and pw plus
a trend. The only weak exogenous variable was pw .10 Eval-
uating irreductable cointegration (see Davidson, 1998, p.
95), these vectors could represent a reduced form where
pw is the instrument in the conditional relationship of ps
on pc (as was indicated for r = 1). Furthermore, the rela-
tionship between soybean and corn prices is supported by
the behaviour of agribusiness agents, whose economic de-
cisions (such as planting) are based mainly on this price
differential. Both commodities are also experiencing in-
creasing demand for biofuels, and our single equation
estimations showed that they have similar long-run
determinants (e.g. China’s GDP).

Given the system results for r = 1, we included the
same explanatory variables as in the individual EqCM in
the case of corn, while for soybeans, the long-run relation-
ship between corn and soybean prices showed better fore-
casting results than including its long-run determinants
from the individual EqCM. The joint EqCM estimation of
corn and soybean prices is reported in Table 4.

A contemporaneous effect of the corn price on the price
of soybeans turned out to be highly significant, and the
residual cross-correlation decreased to just 0.09. Even if
corn prices were found to be weakly exogenous, it should
be noted that we need to estimate the corn and soybean
prices jointly for forecasting purposes.

10 The conditional EqCMs of corn on wheat and soybeans on wheat
showed a residual cross-correlation of 0.7, suggesting that the structural
relationship between soybeans and corn is not accounted for.
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Table 3
Cointegration analysis, 1994Q3–2007Q4.

r Eigenvalue Trace p-value Max p-value

0 0.49 60.72 0.00 36.62 0.00
1 0.33 24.09 0.08 21.90 0.02
2 0.04 2.19 0.94 2.19 0.94

For r = 1
Adjustment coefficients (α)

Variable Unrestricted Restricted
Coeff. S.E. Coeff. S.E.

ps −0.17** 0.07 −0.31** 0.05
pc 0.18 0.10 – –
pw

−0.06 0.10 – –

Eigenvectors (β)

Variable Coeff. S.E. Coeff. S.E.

ps 1.00 – 1.00 –
pc −1.47** 0.26 −1.03** 0.10
pw 0.36 0.25 – –
trend −0.005** 0.001 −0.004** 0.001

Note:
** Indicates significance at the 1% level.
6. Forecast results

This section compares the forecast accuracies of the
different econometric models. The results are divided into
three subsections: forecast comparisons in terms of the
root mean squared errors (RMSE) and mean absolute
percentage errors (MAPE), a time-varying forecast bias
evaluation, and the time-varying forecast ability.

For the forecast evaluation, we define T as the total in-
sample observations, H as the total out-of-sample obser-
vations, T ∗

= T +H as the total number of observations in
the sample, and h as the forecast horizons.

Given our interest in forecasting the levels of prices,
we convert the growth rates (expressed as differences of
logarithms) obtained from the estimation of the EqCMs
presented in the last section to (median) levels in order to
evaluate the forecasting accuracy. Similar transformations
were performed for other devices.

Our initial pseudo out-of-sample period is from2008Q1
to 2014Q4, H = 28. We consider horizons of h = 1 and
h = 4 quarters (one year) using a fixed estimation sample
(1994Q3–2007Q4, T = 54) and a recursive scheme (the
sample expands every quarter), as summarised in Table 1.

6.1. RMSE and MAPE

The forecast results are first evaluated using the RMSE
and MAPE, as is shown in Table 5.

For corn prices, we can see that the joint EqCM is the
best for h = 4.11 In the case of h = 1, the lowest RMSE
and MAPE values are obtained using DVAR, which also
considers price interdependence.

For the price of soybeans, the joint EqCM produces
forecasts that are better than those from the single

11 Similar results are also found for long horizons in other empirical
cases, e.g. Bårdsen, Eitrheim, Jansen, and Nymoen (2005, Ch. 11).
Table 4
In-sample quarterly joint EqCM estimation: 1994Q3–2007Q4 (in logs).

Dependent variable: ∆pc ∆ps

Constant 11.91*** 0.41*

EqCit−1 −0.36***
−0.22***

∆4rt −0.10*** –
∆qethanolt 0.25** –
∆gdpINDIA

t−1 0.22*** –
∆gdpCHINA

t – 0.77**

∆pct – 0.39***

∆pst−1 – 0.21**

∆pst−2 – −0.21**

∆pst−5 – 0.12σ 0.054 0.042

Long-run solution
Dependent variable: pc ps

qit−1 −2.64*** –
et−1 −3.68*** –
gdpCHINA

t−1 0.89*** –
pct−1 – 0.76***

LR testa
20.78
[0.47]
χ2(21)

Notes: Insignificant variables remain due to autocorrelation. The selected
(not reported) impulse dummies are: 1996Q2, 1996Q4, 2002Q3 and
2006Q4 for corn, 2001Q4, 2003Q4, 2007Q3 and 2007Q4 for soybeans.
We allowed for a linear trend in the long-run, but it was not statistically
significant.
*** p < 0.01.
** p < 0.05.
* p < 0.10.
a The LR test results correspond to the LR statistic for testing over-

identifying restrictions, the associated tail probability (in square brackets)
and the degrees of freedom (in parentheses).

equation model in all cases. The joint EqCM outperforms
the other forecasts for h = 1 and h = 4.

In the case of wheat prices, the EqCM is the best for
h = 4, but not for h = 1, for which the RMSE and MAPE
are similar to those from the random walk.
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Table 5
1- and 4-step-ahead forecast evaluation over the period 2008Q1–2014Q4 (median level).

Model type h = 1 Model type h = 4
Fixed scheme Recursive scheme Fixed scheme Recursive

scheme
RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE

EqCM 32.10 12.30 30.80 11.43 EqCM (iterative) 56.01 24.43 55.99 24.18
Joint EqCM 31.07 11.92 30.19 11.11 Joint EqCM (iterative) 53.19 23.35 54.21 23.40
DEqCM 30.42 11.74 30.30 11.89 DEqCM (iterative) 70.83 27.20 – –
Joint DEqCM 30.43 11.79 30.38 11.92 Joint DEqCM (iterative) 67.03 25.08 – –

Corn DVAR 28.64 10.48 29.17 10.87 DVAR (iterative) 70.48 26.74 76.37 28.84
EqCM (direct) 69.17 28.52 72.47 29.64
DEqCM (direct) 75.28 28.18 77.87 22.41
Joint EqCM (direct) 68.33 25.97 80.92 30.88
Joint DEqCM (direct) 94.07 28.49 94.26 28.57
DVAR (direct) 90.80 34.87 84.97 32.19

Random walk 33.59 11.15 33.59 11.15 Random walk 72.79 26.16 72.79 26.16
EqCM 71.02 11.40 57.05 9.14 EqCM (iterative) 179.23 31.61 130.43 23.74
Joint EqCM 49.33 6.69 52.86 7.53 Joint EqCM (iterative) 75.00 12.76 77.48 13.46
DEqCM 60.83 8.75 61.14 8.83 DEqCM (iterative) 255.34 43.89 – –
Joint DEqCM 68.68 10.01 67.35 9.72 Joint DEqCM (iterative) 85.58 13.38 – –

Soybeans DVAR 57.13 8.86 57.43 9.08 DVAR (iterative) 96.94 17.07 101.72 17.76
EqCM (direct) 128.92 20.76 124.74 21.12
DEqCM (direct) 130.50 21.57 130.04 21.23
Joint EqCM (direct) 246.17 39.93 201.78 34.27
Joint DEqCM (direct) 135.83 21.11 141.70 21.44
DVAR (direct) 175.67 30.51 159.18 26.44

Random walk 59.89 8.64 59.89 8.64 Random walk 120.38 18.54 120.38 18.54
EqCM 40.19 10.53 39.75 10.82 EqCM (iterative) 55.73 15.86 57.45 15.94
DEqCM 57.97 16.09 55.45 15.65 DEqCM (iterative) 64.02 19.63 – –

Wheat DVAR 41.06 11.04 41.36 11.01 DVAR (iterative) 81.86 25.12 84.69 25.80
EqCM (direct) 74.40 18.91 72.87 18.56
DEqCM (direct) 89.81 26.08 89.58 26.06
DVAR (direct) 96.35 27.76 94.22 28.03

Random walk 39.98 10.35 39.98 10.35 Random walk 95.93 26.04 95.93 26.04

Note: the numbers in bold correspond to the lowest RMSE and MAPE values.
In all three cases, EqCMs (single for wheat and joint for
corn and soybeans) perform best for h = 4. Robust devices,
such as double-differentiations, are usually a preferred
solution to forecast failure, and dominate for the mean
forecasting errors of EqCMs, but not necessarily for the
variance or MSFE.

However, it is important to note that these results are
valid on average for the whole out-of-sample period, and
maydiffer over time. Focusing solely on the average perfor-
mances of the models may result in a loss of information,
and possibly incorrect forecast selection decisions. There-
fore, the following subsections first analyse the forecast bi-
ases (as per Ericsson, forthcoming), then conduct a fluctua-
tion test (as per Giacomini & Rossi, 2010), in order to eval-
uate the relative forecasting performances of the models
with respect to the benchmark (the random walk).

6.2. Time-varying biases

To evaluate the forecasting performances of themodels
with the lowest RMSE andMAPE values further, we tried to
determine whether or not they show forecast biases, and
whether these potential forecast biases are systematic or
time-varying.

Following Mincer and Zarnowitz (1969), we tested
the forecast bias by regressing each forecast error term
on an intercept and testing whether the intercept was
statistically significant or not (as in Eq. (2) with ct = c).
However, as the forecast bias may vary over time, Eric-
sson (forthcoming) proposed testing the time dependence
of the forecast bias by regressing the forecast error term on
the impulse indicator dummies; that is, a 1–0 dummy for
each out-of-sample observation:

pt+h/t −p(h)
t = ct + εt (2)

=

T
i=1

ciIit + εt , (3)

where the impulse indicator dummy Iit is one for t = i and
zero otherwise. In this context, a test that all coefficients
ci are jointly equal to zero is a test of forecast unbiasedness.
As the number of coefficients to be estimated is equal
to the number of observations, and therefore cannot be
estimated directly, this can be achieved by using impulse
indicator saturation (IIS at a 1% significance level), see
Hendry, Johansen, and Santos (2008). We also perform
‘‘super saturation’’ (IIS+SIS at a 0.5% significance level),
which searches across all possible one-step functions to
capture permanent or long-lasting changes (for details of
step indicator saturation, SIS, see Castle et al., 2015),12
along with IIS. As Doornik, Hendry, and Petris (2013)
showed in their Monte Carlo simulation, SIS improves the

12 Commodity price shiftswere studied using SIS byMariscal and Powell
(2014).
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Table 6
Testing for bias in the forecast errors of corn prices.

Test (target size) Model type h = 1 Model type h = 4
Fixed Recursive Fixed Recursive

Mincer–Zarnowitz DVAR
0.02 0.13

Joint EqC
5.15* 2.43

[0.89] [0.72 ] [0.03] [0.13]
F(1, 27) F(1, 27) F(1, 23) F(1, 23)

IIS (1%) DVAR

0.02 0.13

Joint EqC

16.02** 22.56**

[0.89] [0.72] [0.00right] [0.00]
(1, 27) (1, 27) F(12, 12) F(14, 10)

I2010.3:I2013.2 I2008.4:I2009.1,
I2010.3:I2013.2

IIS+SIS (0.5%) DVAR

0.02

Joint EqC

11.44** 20.15** 45.38**

[0.89] [0.00] [0.00] [0.00]
F(1, 27) F(1, 26) F(13, 11) F(11, 13)

S2012.3 I2010.3:I2013.2, I2011.2,I2013.1,
S2009.1 I2013.2,S2009.3,

S2010.2,S2010.3,
S2011.3,S2012.2,
S2012.3,S2013.2,
S2013.3

Notes: The entries within a given block of numbers are the F-statistic for testing the null hypothesis against the designated maintained hypothesis, the
tail probability associated with the F-statistic (in square brackets), the degrees of freedom for the F-statistic (in parentheses), and, for IIS and IIS+SIS, the
retained impulse (I) and step (S) dummies. An unrestricted constant is included in all cases, and we used HAC standard errors for h = 4.

* Indicate significance at the 5% level.
** Indicate significance at the 1% level.
Table 7
Testing for bias in the forecast errors of soybean prices.

Test (target size) Model type h = 1 h = 4
Fixed Recursive Fixed Recursive

Mincer–Zarnowitz Joint EqC
0.03 0.55 1.27 0.92
[0.86] [0.46] [0.27] [0.35]
F(1, 27) F(1, 27) F(1, 23) F(1, 23)

IIS (1%) Joint EqC

18.92** 15.78** 5.58** 14.57**

[0.00] [0.00] [0.00] [0.00]
F(4, 23) F(2, 25) F(8, 16) F(15, 9)
I2008.4, I2008.4, I2008.4,I2009.1,I2010.4, I2008.4:I2009.4,I2010.4
I2011.4, I2012.3 I2011.1,I2012.3:I2013.1: I2011.1,I2011.4:I2012.4
I2012.3, I2013.3 I2013.2,I2013.3,I2014.3
I2013.2 I2014.4

IIS+SIS (0.5%) Joint EqC

19.34** 17.83** 15.79** 6.78**

[0.00] [0.00] [0.00] [0.00]
F(2, 25) F(1, 26) F(13, 11) F(10, 14)
I2008.4 I2008.4 I2009.1,I2010.4,I2011.1, I2010.4,I2011.1,I2011.4
I2012.3 I2011.4,I2012.1,I2012.3, I2012.1,I2012.3,I2012.4

I2012.4,I2013.2,I2013.3, S2009.1,S2009.3,S2013.2
I2014.4,S2009.1:S2009.3 S2013.3

Notes: The entries within a given block of numbers are the F-statistic for testing the null hypothesis against the designated maintained hypothesis, the
tail probability associated with the F-statistic (in square brackets), the degrees of freedom for the F-statistic (in parentheses), and, for IIS and IIS+SIS, the
retained impulse (I) and step (S) dummies. An unrestricted constant is included in all cases, and we used HAC standard errors for h = 4.
** Indicate significance at the 1% level.
∗ Indicate significance at the 5% level.
non-null rejection frequency relative to the corresponding
IIS-based test. However, it is important to note that IIS
can also handle other types of breaks (blips, outliers and
trending shifts), and therefore, the use of super saturation
allows us to obtain different results which may also be
useful for forecasting.

Tables 6–8 report the forecast bias tests just de-
scribed for each commodity price. We can see that Min-
cer–Zarnowitz tests do not detect biases over the period
2008Q1–2014Q4 for soybeanprices, orwhenusing a recur-
sive scheme, for corn. However, a systematic bias remains
for wheat evenwhen using a recursive scheme, which sug-
gests that other updating schemes may be helpful.

Regarding biases over time, the start of the financial cri-
sis of 2008–09 is detected as an outlier for the EqCM of
soybeans and wheat for the shorter horizon (h = 1). How-
ever, if we extend the forecasting horizon to a year (h = 4),
there are various impulse and step dummies which appear
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Table 8
Testing for bias in the forecast errors of wheat prices.

Test (target size) Model type h = 1 h = 4
Fixed Recursive Fixed Recursive

Mincer–Zarnowitz EqC
4.37* 2.62 10.43** 7.13**

[0.05] [0.12] [0.00] [0.01]
F(1, 27) F(1, 27) F(1, 23) F(1, 23)

IIS (1%) EqC

12.61** 11.83** 10.43** 7.13**

[0.00] [0.00] [0.00] [0.01]
F(1, 26) F(1, 26) F(1, 23) F(1, 23)
I2008.4 I2008.4

IIS+SIS (0.5%) EqC

12.61** 11.83** 58.88** 19.29**

[0.00] [0.00] [0.00] [0.00]
F(1, 26) F(1, 26) F(14, 10) F(10, 14)
I2008.4 I2008.4 I2008.4,I2010.1,I2010.2, I2010.2,I2010.4,I2011.3

I2011.3,I2012.3,I2012.4 I2012.3:I2013.1,I2014.2
I2014.2,S2009.1,S2010.3 S2009.1,S2010.4,S2011.3
S2010.4,S2011.3,S2011.4
S2012.3,S2014.2

Notes: The entries within a given block of numbers are the F-statistic for testing the null hypothesis against the designated maintained hypothesis, the
tail probability associated with the F-statistic (in square brackets), the degrees of freedom for the F-statistic (in parentheses), and, for IIS and IIS+SIS, the
retained impulse (I) and step (S) dummies. An unrestricted constant is included in all cases, and we used HAC standard errors for h = 4.

* Indicate significance at the 5% level.
** Indicate significance at the 1% level.
to be highly statistically significant that may be associated
with the crisis, its aftermath, and the recent reversion of
the upward trend in commodities prices.

6.3. Time-varying forecasting ability

The results in the previous subsection showed that
there are time-varying biases in the forecast models
selected based on the lowest RMSE and MAPE values.
Given the instability of the out-of-sample period, it is also
worth evaluating the evolution of the models’ relative
performances. We therefore apply the fluctuation test
developed by Giacomini and Rossi (2010) to evaluate the
local relative forecasting performances of these models
against the random walk as a benchmark, for h = 4.

We define the local relative loss for the two models
(the forecast model and the randomwalk) as the sequence
of out-of-sample loss differences over centered rolling
windows of sizem (in our case, m = 5):

m−1
t+m/2−1
j=t−m/2

∆Lj(θ̂j−h,T , γ̂j−h,T ),

t = T + h + m/2, . . . , T ∗
− m/2 + 1. (4)

Under the null hypothesis, E[∆Lt(θ̂t−h,T , γ̂t−h,T )] = 0 for
all t = T + h, . . . , T ∗, and the test statistic FOOS

t,m is

FOOS
t,m = σ̂−1m−1/2

t+m/2−1
j=t−m/2

∆Lj(θ̂j−h,T , γ̂j−h, T ), (5)

for t = T + h+m/2, . . . , T −m/2+ 1, where σ̂ 2 is a HAC
estimator of σ 2.13

13 The HAC standard errors are as per Andrews (1991).
Fig. 3 shows the results of the fluctuation test for
the EqCM of corn, soybean and wheat prices against the
random walk. In each case, the graph reports both the
fluctuation test statistic (constructed using a centered
moving window) and the one-sided critical value at the 5%
level (the constant line). Positive values of the test statistic
indicate that the model with fundamentals is better than
the random walk.

Overall, the results of the fluctuation test indicate
that models with fundamentals perform better than the
random walk during a large part of the out-of-sample
period. However, the forecast gains are time-varying, with
the EqCM for wheat showing a weaker result by the end of
the sample.

7. Final remarks

We have analysed whether the forecasting accuracies
of individual food price models can be improved by taking
into account the cross-dependence of the commodities
studied. Our out-of-sample period was quite unstable, and
therefore the effects of potential breaks were dealt with by
robust approaches and recursive estimations.

Overall, we found forecast improvements from using
models that take into account the interactions of the prices,
that is, joint EqCMs and DVARs.

The evaluation of thenon-constancy of the biases shows
that our forecasting models considered the latest world
crisis as an outlier rather than a break when forecasting
one quarter ahead. However, when we consider a longer
forecasting horizon, there is evidence of time-varying
biases which would require the use of other updating
schemes, particularly at the end of the sample. Ongoing
studies of these models suggest that it may be helpful to
re-select the explanatory variables that enter as short-run
determinants. Multiplicative indicator saturation may also
help to capture changes in the slope coefficients.
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Fig. 3. Fluctuation test results (EqCM vs. random walk). Note: Positive values of the fluctuation statistic indicate that the EqCM is better than the random
walk.
Table A.1
Data description.

Symbol Description Units Source

P s Nominal soybean price US dollars per metric ton Pink Sheet, World Bank
Pc Nominal corn price US dollars per metric ton Pink Sheet, World Bank
Pw Nominal wheat price US dollars per metric ton Pink Sheet, World Bank
Q s World soybean production Millions of metric tons USDA
Q c World corn production Millions of metric tons USDA
Qw World wheat production Millions of metric tons USDA
INVs World soybean inventories Millions of metric tons USDA
INVc World corn inventories Millions of metric tons USDA
INVw World wheat inventories Millions of metric tons USDA
GDPCHINA China’s real GDP Billions of yuans National Bureau Statistics of China
GDPINDIA India’s real GDP index 2005 = 100 IMF
GDPOECD OECD’s real GDP Millions of US dollars OECD Statistics
Q ethanol U.S. ethanol production Millions of gallons U.S. EIA
R 3-month treasury constant maturity rate Percentage Federal Reserve Board
E US real exchange rate index Federal Reserve Board
M2 M2, real monetary aggregate Billions of US dollars Federal Reserve Board
MB real monetary base Billions of US dollars Federal Reserve Board
FOF Fed’s flow of fundsa Billions of US dollars Federal Reserve Board
CPIUS US consumer price index index IMF
a The FRED series Total Credit Market Debt Owed is now known as All Sectors; Credit Market Instruments; Liability.
In regard to relative forecasting abilities in such an
unstable forecasting period, themodelswith fundamentals
performed better than the random walk for a large part of
the out-of-sample period.

The use of forecasting models that are based on fun-
damentals allows us to analyse the ways in which differ-
ent scenarios for the main determinants would influence
food prices, and also to determine whether examining the
cross-dependence among corn, soybean and wheat prices
is beneficial for forecasting purposes. A similar approach
may be applied to a different set of commodities in future
research.
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Appendix A. Data definitions and sources

See Table A.1.

Appendix B. Direct multi-step estimations

We considered the same long-run relationship, but
lagged four periods. For soybeans, we considered the
cointegration relationship between soybean and corn
prices. In this case, soybeans adjust 100% to deviations
from the steady-state in the first period. See Table B.1.

Appendix C. Supplementary data

Supplementary material related to this article can be
found online at http://dx.doi.org/10.1016/j.ijforecast.2016.
01.002.
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Table B.1
Direct in-sample quarterly estimations: 1994Q3–2007Q4.

Dependent variable: ∆4pc ∆4ps ∆4pw

Constant 17.51** 2.68** 3.76**

EqCit−4 −0.53**
−1.00**

−0.72**

∆4pct−8 −0.51** – –
∆qethanolt−4 0.71** – –
∆qethanolt−5 0.58** – –
∆qethanolt−8 −0.65** – –
∆gdpCHINA

t−4 0.46** – –
∆gdpCHINA

t−5 1.10** – –
∆gdpCHINA

t−8 6.81** – –
∆4rt−4 −0.13** – –
∆et−4 – −3.03** –
∆et−5 – −2.38** –
∆et−6 – −2.05** –σ 0.13 0.13 0.14
** Indicate significance at the 1% level.
∗ Indicate significance at the 5% level.
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