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Forecasting Basis Levels in the Soybean
Complex: A Comparison of Time Series

Methods

Dwight R. Sanders and Mark R. Manfredo

A battery of time series methods are compared for forecasting basis levels in the soybean
futures complex: soybeans, soybean meal, and soybean oil. Specifically, nearby basis fore-
casts are generated with exponential smoothing techniques, autoregression moving average
(ARMA), and vector autoregression (VAR) models. The forecasts are compared to those
of the 5-year average, year ago, and no change methods. Using the 5-year average as the
benchmark method, the forecast evaluation results suggest that alternative naive techniques
may produce better forecasts, and the improvement gained by time series modeling is
relatively small. In this sample, there is little evidence that the basis has become system-
atically more difficult to forecast in recent years.
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Accurate cash-futures basis forecasts are im-
portant for the successful marketing and pro-
curement of agricultural commodities. In par-
ticular, an accurate understanding of basis and
basis predictability is critical for the execution
of successful hedging strategies. Indeed, re-
searchers have recognized that understanding
and forecasting basis relationships is an im-
portant component in agricultural price risk
management (Tomek and Peterson). Research-
ers have primarily focused on explaining basis
behavior in livestock (L.euthold and Peterson;
Naik and Leuthold; Garcia, Leuthold, and Sar-
han) and grain markets (Garcia and Good).
Several studies have also focused specifically
on forecasting the basis in these markets (Liu
et al.; Garcia and Sanders; Hauser, Garcia, and

Dwight R. Sanders is assistant professor, Department
of Agribusiness Economics, Southern Illinois Univer-
sity, Carbondale, Hlinois. Mark R. Manfredo is asso-
ciate professor, Morrison School of Agribusiness and
Resource Management, Arizona State University,
Mesa, AZ.

The authors wish to thark two anonymous review-
ers of the Journal for their useful comments and in-
sights.

Tumblin; Jiang and Hayenga; Dhuyvetter and
Kastens). At one end of the spectrum, re-
searchers have attempted to find the ‘“‘best”
sample length at which to calculate simple his-
toric averages for basis forecasts (Dhuyvetter
and Kastens). At the other end, researchers
have compared econometric models with more
complex time series procedures such as neural
networks and state-space models (Jiang and
Hayenga). In general, these basis forecasting
studies have often found that time series mod-
els work as well as structural econometric
models, and they are less costly to develop and
maintain,

While basis forecasts do indeed play a cru-
cial role in agricultural price risk management,
& second important reason for improved basis
forecasting has emerged in recent years. In an
effort to increase the relevance of research re-
lated to price forecasting and commodity mar-
keting, Brorsen and Irwin suggest that econ-
omists should move away from predicting
prices—currently a major function of many
extension programs. Kastens, Jones, and
Schroeder echo this advice and recommend
that price forecasts be formulated using pre-
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vailing futures prices and the expected basis.
The clear implication of this futures-based
price forecasting methodology is a renewed
focus on forming basis expectations. In devel-
oping this idea, Kastens, Jones, and Schroeder
examine different ways to define the relation-
ship between the cash and futures price. They
recommend using the futures price plus the
simple average of the prior five years basis as
the futures-based price forecast. Hence, the 5-
year average is serving as the basis forecast.
Given the futures price, any improvement in
this average basis forecast will result in a more
accurate price forecast. Therefore, it is impor-
tant to understand if better basis forecasting
procedures are available.

This research expands the basis forecasting
literature on three fronts. First, it examines the
relative performance of a number of time se-
ries methods that are easy to implement and
maintain. Second, this research examines the
basis relationships for a set of closely related
markets—the soybean complex—and explores
the benefits of modeling these related markets
as a system. For the soybean complex, this
entails the examination of a seasonally pro-
duced storable market (soybeans), a continual
production storable product (soybean oil), and
a continual production semi-storable product
(soybean meal). It is plausible that a method
which performs well for seasonally produced
products such as soybeans may not perform as
well for a continually produced product such
as soybean oil. Furthermore, basis forecasts
for the soybean complex are of interest to a
diverse group of participants in the agribusi-
ness sector, including soybean producers,
crushers, livestock feeders, and food manufac-
turers. Finally, this research starts to address
Tomek’s {1993) concern about a lack of aca-
demic attention to basis forecasting in general
and the changing predictability of the basis in
particular. Collectively, a number of time se-
ries techniques are compared in an attempt to
identify one that may assist risk managers in
lifting or placing hedges, and assist extension
economists and agribusinesses in making fu-
tures-based forecasts.
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Data and Models

The soybean complex provides a unique op-
portunity to examine three closely related
products (soybeans, soybean meal, and soy-
bean oil) that have decidedly individual char-
acteristics and to note any potential disparity
in forecasting performance across products.
Forecasting performance focuses on month-
end (last business day of each month} nearby
or spot basis levels. The Illinois Agricultural
Statistics Service provides Central Illinois
price quotes for soybeans, soybean meal, and
soybean oil. Futures prices reflect the nearest-
to-expiration futures contract for which the de-
livery month has not been entered. For in-
stance, on April 30, the nearby soybean basis
is the cash price quote for Centratl Illinois mi-
nus the May futures price. Similar prices are
used to calculate the nearby soybean meal and
soybean oil basis levels. Data are collected
from January of 1975 through April of 2004.
Models are estimated from 1975 through 1998
(288 monthly observations), and data from
January of 2000 through April of 2004 (52
observations) are used to evaluate out-of-sam-
ple forecasting performance.'

The basis levels are forecasted using six
alternative time series methods.? The methods
are chosen based on their varying levels of
complexity; yet each method has relatively
low maintenance requirements in terms of
model specification, programming, and data-
base management. Therefore, if one particular
model outperforms the others, the marginal
cost of implementing that model is relatively
modest. In this vein, the first three models rep-
resent naive approaches. The first model,

1 The data for 1999 are also used for making out-
of-sample forecasts, However, because a common sam-
ple is desired for both 1-and 12-month-ahead forecasts,
the forecasts for 1999 are removed from the out-of-
sample tests.

2 The basis levels for all three markets, soybeans,
soybean meal, and soybean oil, were tested for station-
arity over the estimation sample from 1975 through
1999 (300 observations). The augmented Dickey-Ful-
ler test and Phillips-Perron procedures reject the null
of a unit root at the 1% level for all series. Therefore,
the bases series are stationary and can be modeled in
levels.
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which serves as the benchmark model, is the
historical 5-year average basis for the month
being forecast (5YR). This approach is com-
monly used in the literature (e.g., Dhuyvetter
and Kastens) and is consistent with the rec-
ommendation by Kastens, Jones, and Schroe-
der for use by agribusinesses. The second
model is a seasonal “no change” forecast,
where the forecast equals the basis that existed
at the same time one year ago (YAG). The
third model is a ““no change™ assumption for
which the forecasted basis equals the most re-
cently observed basis (NC).

In addition to these naive forecasting meth-
ods, three progressively more complex mod-
eling procedures are used. First, the basis lev-
els are forecast using the smoothing technique
of Holt. Holt’s adaptive k-step-ahead forecast-
ing procedure assumes a smoothed series:
1y Y= atbkto,,
where y is the series being smoothed, a is the
intercept or permanent component, b is the
trend, and c, is the additive seasonal factor.
The parameters a, b, and ¢ are calculated over
the previous s observations using recursion.
Consistent with the adaptive nature of the
Holt’s smoothing method, the parameters are
calculated over the most recent 24 observa-
tions (s = 24).3

The second forecasting technique is to
model each basis series individually as an au-
toregression moving average (ARMA) pro-
cess. Over the in-sample period, 1975 through
1999, model specification is determined using
the search procedure advocated by Beveridge
and Qickle. That is, the basis levels are mod-
eled using monthly dummy variables and all
possible combinations of autoregressive and
moving average terms up to twelve lags. Then,
the model that minimizes Akaike’s informa-
tion criteria (AIC) is selected. For all three
markets, the selected model was a relatively
simple ARMA(1,1} specification. In out-of-
sample forecasting, the models are continually

3For a complete explanation of the Holt-Winters
method and exponential smoothing, see Granger and
Newbold (pp.165-78).
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reestimated using data up to the forecast date.
However, the models are not respecified.

The third statistical procedure models the
three series as a vector autoregression (VAR)
process, which is a natural way to model a
system of closely related markets. Again, lag
selection is determined over the estimation
sample by performing a search over all pos-
sible models, with each basis series allowed
up to 12 lags. The model that minimizes AIC
is picked to generate the out-of-sample fore-
casts. Exogenous variables in the final speci-
fication include the set of monthly binary var-
iables and three lags of each endogenous basis
level. The models are not respecified, but all
available data at each forecasting date are used
in estimating the models.

The out-of-sample forecasting period is
chosen such that it reflects relatively current
performance. This is especially important giv-
en the steady rise in South American soybean
production in recent years. Each of the six
forecasting procedures defined are used to
generate forecasts from January of 2000
through April of 2004, resuiting in 52 out-of-
sample forecasts for each model. The number
of out-of-sample forecasts is sufficiently large
to examine how forecasting accuracy has
changed, if at all, over this period.

Forecasts are made over horizons ranging
from 1 to 12 months, which allows for a
meaningful examination of how performance
changes with the length of the forecast. This
simmulation produces out-of-sample forecasts
for 12 horizons over a 52-month interval gen-
erated by six models, for a total of 3,744 in-
dividual forecasts for each market. In the fol-
lowing section, we examine these forecasts in
detail to discern performance characteristics
through time, across horizons, between mar-
kets, and among the models.

Forecast Accuracy

Mean absolute forecast errors (MAE) are cal-
culated for each market, forecast method, and
horizon. The results are presented in Table 1.
Some similar results can be seen across mar-
kets. For soybeans, soybean meal, and soy-
bean oil, the 5-year average (5YR) and year
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Table 1. Mean Absolute Forecast Errors, January 2000—-April 2004

Forecast Horizon (Months)

Aver-
Method 1 2 3 4 5 6 7 8 9 10 11 12 age
Soybean basis, cents per bushel
5YR 729 729 729 729 729 729 729 729 720 729 729 729 729
YAG 6.18 6.18 6.18 6.18 6.18 6.18 6.18 618 6.18 6.18 6.18 6.18 6.18
NC 7.15 867 842 877 946 791 834 B22 854 7.62 697 6.18 8.02
Holt 600 618 3599 659 701 711 746 792 823 855 608 946 747
ARMA  4.99* 5.15% 5.12* 5.18* 5.25% 512% 5.11* 5.22* 5.23% 525% 527* 5.28* 5.18
VAR 6.03* 645 642 682 715 725 698 714 697 6.66 677 662*% 677
Soybean meal basis, dollars per ton
5YR 379 379 379 379 379 379 379 379 379 379 379 379 379
YAG 2.78* 2.78% 278% 278% 2.78*% 278% 278% 278* 278* 278* 2.78% 2.78* 278
NC 2.06% 2.68% 338 340 353 353 376 366 354 314 299% 278* 320
Holt 324 352 392 415 408 424 434 448 419 407 421 435 4.06
ARMA  227* 266% 3.06 310 3.14 3.04 323 320 325 323 332 338 3.07
VAR 2.34% 279% 321 329 327 334 331 333 329 3.14* 3.07* 307 3.12
Soybean oil basis, dollars per hundredweight
5YR 098 098 098 098 098 098 098 098 098 098 098 098 098
YAG 088 088 088 088 088 088 088 083 088 088 088 088 0.88
NC 0.24* 0.34* 047* 053 061 067 073 078 081 085 086 088 0.65
Holt 0.55* 0.66* 074 078 080 080 0382 087 082 093 095 09 0381
ARMA  0.27* 0.38* 049* 058* 065 070 075 079 082 085 087 088 0.67
VAR 0.28* 0.40* 0.48* 0.54* 0.60 065 069 074 078 081 084 085 0.64

Note: The average in the far right column is the simple average across all forecast horizons.
* An asterisk denotes that the mean absolute error is statistically different from that produced by the five-year average

(5YR) at the 5% level.

ago (YAGQG) forecasts do not exhibit declining
accuracy with the length of the forecast hori-
zon. Because of the nature of the SYR and
YAG methods, where a particalar month’s
forecast is the same at the 1-month horizon
and 12-month horizon, the accuracy of these
forecasting methods is identical across hori-
zons. For soybeans the no change (NC) fore-
cast declines in accuracy up to the 5-month
horizon, and then improves. This pattern is
best explained by seasonality in the soybean
basis, where the 5-month-ahead forecast is
counter-seasonal to the current month and the
12-month forecast is seasonally in sync with
the current month. This pattern is also ob-
served with the soybean meal basis forecasts,
but forecast accuracy of the NC model de-
clines until the 7-month horizon and then im-
proves. This pattern is not seen, however, with
the soybean oil basis where the NC forecast

accuracy continues to decline as the forecast
horizon increases.* The remaining forecasting
methods, Holt, ARMA, and VAR, generally
display some of the expected decline in ac-
curacy beyond the I-month horizon for each
of the commeodities,

The average MAE across all herizons for
each of the commodities examined suggests
that forecast performance is indeed commod-
ity specific. For soybeans, the average MAE
across all horizons suggests that the most ac-
curate forecasting method is the ARMA mod-
el, with an average MAE of 5.18, followed by
the YAG model with an average MAE of 6.18.

4 The 12-month-ahead forecasts with the 5SYR and
YAG methods are immediately available following a
given month, and the forecast does not change as the
horizon shortens. Also, at the 12-month horizon, the
NC forecast and the YAG forecast are the same.
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The least accurate method for soybeans is the
NC method with an MAE of 8.02. For soy-
bean meal, the accuracy rankings differ. The
most accurate method is the YAG with an av-
erage MAE of 2.78 followed by ARMA at
3.07, with the Holt method being the least ac-
curate, having an average MAE of 4.06. For
soybean oil, the VAR performs best based on
average MAE (0.64), while the NC and
ARMA methods follow closely behind (0.65
and 0.67 respectively). The 5YR method with
an average MAE of (.98 is the least accurate
method for forecasting soybean oil basis.

While these rankings are useful in compar-
ing average accuracy across forecast horizons,
it is equally important to determine how the
various forecasts perform relative to a simple
benchmark forecast, and if the performance is
statistically better {or worse) than the bench-
mark (Manfredo, Leuthold, and Irwin). Using
the SYR as the benchmark forecast (Kastens,
Schroeder, and Plain), the statistical differenc-
es in MAEs of 5YR versus those produced by
all the other methods across horizons is tested
using the rnodified Diebold-Mariano (MDM)
test proposed by Harvey, Leybourne, and
Newbold. Specifically, the modified Diebold-
Mariano test (MDM) considers two time series
of h-step-ahead forecast errors (e,, e,,), for ¢
= 1,..., n, and a specified loss function g(e),
with the null hypothesis of equal expected
forecast performance being E[g(e,,) — g(e,)]
= 0. For h-step-ahead forecasts, the MDM test
is based on the sample mean (d) of d, = g(e,,)
— gle,,) with appropriate adjustments for i —
1 autocorrelation.

(2) MDM =

n

n+1—-2h+n'hih — 1)]

—-1/2

P d,

h—1
n-'(% 22 m)

where 9, = 7130, d, — A, , - d) is
the estimated kth autocovariance of d,, and d
is the sample mean of d,. In this application,
the loss function, g(e), is the absolute value
function. The MDM statistic is compared with
the critical values from a r-distribution with »
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— 1 degrees of freedom. These results are also
presented in Table 1.

For soybeans (Table 1), only the ARMA
model and the VAR model generate statisti-
cally smaller forecast errors than the 5YR. The
ARMA model generates a statistically smaller
MAE at all horizons, while the VAR only does
so at the 1- and 12-month horizons. For soy-
beans, forecast accuracy can be improved over
the 5YR by employing a time series technique,
Moreover, the ARMA performs better than the
SYR at all horizons. Surprisingly, the VAR
model, which incorporates information from
the three related markets, does not provide
better forecasts than the univariate ARMA
model.

Turning to the soybean meal results in Ta-
ble 1, the results are markedly different from
those for the soybean basis. The YAG methed,
which is the most accurate model based on
average MAE, also produces a statistically
smaller MAE than 5YR at all horizons. The
second most accurate model, ARMA, produc-
es a statistically smaller MAE than the 5YR
at only the 1- and 2-month forecast horizons.
The NC and VAR models both produce sta-
tistically smaller MAE at short horizons (1 and
2 months) and long horizons (11 and 12
months). Unlike for soybeans, time series
techniques offer only limited improvement in
forecasting the soybean meal basis. Indeed,
the most accurate forecast on average is pro-
vided by the simple YAG model.

For soybean oil (Panel C), the most accu-
rate forecasts are produced by the VAR, NC,
and ARMA methods, respectively. Notably,
the benchmark 5YR is the least accurate fore-
casting method, especially at short horizons.
All methods, except the YAG, produced a sta-
tistically smaller MAE at the 1- and 2-month
horizons. However, no method statistically
outperformed 5YR at a horizon greater than 4
months. As with soybean meal, the time series
modeling techniques provide some marked
improvement over the 5YR at short horizons.
Again, however, there is a naive method, the
NC, that performs at a comparable level to the
time series models. In particular, NC has the
smallest MAE at the 1-, 2-, 3-, and 4-month
horizons, and the MAE is statistically smaller
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than the base case SYR at the 1-, 2-, and 3-
month horizons,

While the MAE results suggest that fore-
cast performance is commodity and horizon
specific, a few observations can be made re-
garding the general performance of the alter-
native forecasting procedures across commod-
ities. For instance, across the three markets,
the ARMA model is marked by consistently
good performance. The ARMA model pro-
duces statistically smaller MAEs than 5YR at
all horizons for the soybean basis. The ARMA
model also produces statistically smaller
MAESs than 5YR at shorter horizons for soy-
bean meal (1 and 2 months) and soybean oil
(less than 5 months). However, for soybean
meal and soybean oil, the NC model performs
comparable to the ARMA model. At short ho-
rizons (1 and 2 months for soybean meal and
1, 2, and 3 months for soybean oil), NC dis-
plays smaller MAEs than ARMA, and the
MARESs are statistically smaller than those pro-
duced by the base case 5YR model. Thus in
these cases, a naive method performs compa-
rably to the more complex time series tech-
niques. While simple methods may indeed
produce accurate forecasts, the most suitable
method can differ across markets.

To further highlight the relative perfor-
mance across markets, for each forecast the
percent reduction in forecast error versus the
5YR benchmark is calculated and presented in
Table 2. In each market, the most accurate
forecasting method at each horizon provides a
considerable reduction in MAE. For instance,
the ARMA model for the soybean basis (Table
1), produces a MAE that is approximately
30% smaller than that of the 5YR model
across forecast horizons. In the soybean prod-
ucts, the short-horizon gains are quite large,
with a 46% reduction in soybean meal MAE
at the 1-month horizon, and 76% reduction in
soybean oil MAE at the same forecast horizon.
Indeed, the information in Table 2 highlights
three important points relative to using a 5-
year average basis forecast (SYR). First, the
relative improvement using alternative fore-
casting methods is quite large, with a range of
13% to 76% decrease in MAE across com-
modities. Second, the largest improvements in
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performance are concentrated at shorter hori-
zons. Finally, there is some evidence that the
5YR method is a relatively poorer forecast for
the continually produced product markets than
with the seasonally produced soybean market,
in particular at shorter horizons.

Forecast Characteristics

While the results in Tables 1 and 2 hint at the
performance of the forecasts across horizons
and methods, a further understanding of the
forecast characteristics is pursued using the re-
gression-based methodology of Kastens,
Schroeder, and Plain. Their methodology spe-
cifically allows for an investigation of forecast
performance across methods, horizons, and
time. The absolute forecast errors are modeled
in the following OLS regression:

(3) MAE, = a + aMethod,;, + BHorizon,
+ B.,(Horizon,XMethod,,)
+ ATrend, + A(Trend,XMethod,,)

+ ¢;Month; + &,

where Method,,, is a set of dummy variables
that equal zero for the S5YR method and equal
one for each of the other models (YAG, NC,
Holt, ARMA, and VAR). Horizon, takes a val-
ue from O to 11 to capture the 12 forecast ho-
rizons. Trend, is a linear time trend, with the
first monthly observation (January 2000) set
equal to zero. Month, is a set of monthly dum-
my variables with a base of January. Simply,
the regression explains the MAE across hori-
zons, through time, and across months while
allowing each forecast model to interact with
the intercept, horizon, and trend. In this frame-
work, the base case is the 5YR model at the
1-month horizon in January of 2000. The
model is estimated with OLS across all 3,744
out-of-sample forecasts. Following Kastens,
Schroeder, and Plain, the standard errors are
corrected for heteroskedasticity and serial cor-
relation using the heteroskedastic and serially
correlated consistent covariance estimator of
Newey and West. The estimation results for
the soybean, soybean meal, and soybean oil
basis are presented in Table 3.
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Table 3. Absolute Forecasting Error Models, Soybean Complex Basis, January 2000—April

2004

Variables Parameter Soybean Soybean Meal Soybean Oil

Intercept o 6.916** 2.483%* 0.535%*
Oyag —0.415 —0.427 0.252%
One —-0.331 —1.886%* —0.128
Oyore 1.150 1.466%* 0.031
OLarma ~3.189%* -0.579 —0.075
Olyan —1.868** —0.893%* -0.074

Horizon B —0.041 —0.020 0.004
Byac 0.000 0.000 0.000
Bue —0.085 0.056 0.054**
Bon 0.327** 0.073 0.033%*
Barma 0.018 0.072 0.053%*
Bvar 0.041 0.035 0.050%*

Trend A —0.015 0.037%* 0.020%*
Ayac —0.027 —0.023%* —0.014%*
Anc 0.057** 0.037%* —0.019%*
Nion ~0.109** —0.062** —0.015%*
Marma 0.039 —0.021 —0.021%*
Avar 0.044% 0.001 —0.021**

Month Dres. —1.427%* 0.189 0.098**
Ortar 0.540* 0.416** —0.103**
bage 1.404%* —0.100 —0.085%*
Bray 0.641%* 0.298* —0.343%*
Grun 0.311 —0.854** —0.360%*
gy, 2.690%* 0.810%* —0.317%*
o 1.084#* 2.613** —0.245**
b, 5.262%* 1.181%* -0.022
. 0.559 1.298%* 0.107**
brow. 4.592%* 0.463%* —-0.034
bpec. - 1.944%* 0.317** 0.125%x*
R2 0.14 0.13 0.25

Notes: The parameter estimates are from the model, MAE, = a + o;Method,, + BHorizon, + B,(Horizon*Method, ;) +
ATrend, + A(Trend *Method,,) + $Month; + €, where the subscript i denotes forecast method i. The model is estimated

over 3,744 observations in each market.

* Statistically different from zero at the 10% level using a r-test.
** Statistically different from zero at the 5% level using a r-test.

For soybeans, the baseline 5YR forecast re-
sults are characterized by an intercept of 6.916
cents per bushel. The MAE for the SYR meth-
od does not display statistically significant
trends across horizons or through time. Rela-
tive to this base case, the method intercept
shifters suggest that both the ARMA and VAR
models generate a MAE smaller than the base
5YR method (—3.189 and —1.868 respective-
ly). These results are consistent with the
MDM test results in Table 1. Across horizons,
only the Holt method shows a relative decline
in accuracy, with the MAE increasing 0.327

cents per bushel per month. Through time, the
5YR method’s accuracy has not changed.
However, the accuracy of the NC and VAR
methods has gotten progressively worse
{0.057 and 0.044 respectively). In contrast, the
Holt method has produced smaller MAEs
through time (—0.109). It is not clear what (if
any) underlying characteristic may be driving
this trend. Finally, across months, there is a
fairly strong seasonality in the MAE for the
soybean basis. In particular, the February and
December errors are statistically smaller, while
the April, August, September, and November
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are larger and statistically significant relative
to the base January error. This finding is likely
due to the known greater overall price and
supply uncertainty during the growing season.
Alternatively, the transition from old crop soy-
beans (August) to new crop (September) may
generate larger forecast errors. However, the
forecast errors for August and September are
not materially larger than those for April or
November.

The 5YR method for soybean meal has a
conditional average MAE of 2.483 dollars per
ton. Consistent with the results in Table 1, the
5YR method’s accuracy does not decline
across horizons, but it does decline across time
(trend), with the MAE increasing an average
of 0.037 per month. Relative to the SYR meth-
od, the soybean meal basis forecasts produced
by the VAR and NC models are statistically
more accurate by 1.886 and 0.893, respective-
ly, all else constant. The Holt model produces
a MAE that is statistically larger by 1.466 rel-
ative to the SYR. These results are consistent
with the MDM test results in Table 1, which
also showed the YAG and VAR models pro-
ducing a smaller MAE at certain horizons.
None of the soybean meal basis forecasts dis-
play statistically significant accuracy degra-
dation at longer horizons. However, over the
sample period, the 5YR forecast accuracy sta-
tistically declined (0.037). Importantly, the NC
method’s accuracy declined at nearly twice the
rate, indicating that its relative outperformance
is concentrated early in the sample. So, there
is some evidence that the soybean meal basis
has become more difficult to forecast with na-
ive methods. Yet, YAG and Holt accuracy de-
clined statistically slower than the 5YR meth-

.od, with their net dectines equal to 0.014
(0.037 — 0.023) and -0.025 (0.0357 -
0.062), respectively. Seasonally, the soybean
meal basis in March, July, August, September,
October, November, and December is more
difficult to forecast than in January, while June
has a smaller MAE. Again, part of the increase
in errors could stem from growing season un-
certainty or from the shift to new crop pricing
in late summer.

For soybean oil, the base 5YR soybean oil
model has a conditional average MAE of
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0.535 dollars per hundredweight. The 5YR
model’s MAE is stable across horizons, but the
trend intercept estimate suggests that it statis-
tically increases by 0.020 per month. Only the
YAG method’s conditional MAE is different
from that of the 5YR. All else equal, the YAG
method produces a MAE that is 0.252 larger
than that of the SYR. This seems at odds with
the results in Table 1, but the YAG MAE de-
creases with time, which implies it performed
much better late in the sample. Consistent with
the results presented in Table 1, the NC, Holt,
ARMA, and VAR forecasts display a strong
tendency for accuracy to decline with the ho-
rizon, relative to the SYR forecasts. Relative
to the SYR method’s MAE, the other methods
show a trend towards improved forecast per-
formance over time; although the net trend is
near zero. For instance, the ARMA model’s
net change through time is a negligible
—0.001 (0.020 — 0.019). So, other than the
5YR method, the soybean oil forecast errors
show no discernable trend through time. Fi-
nally, relative to January, the months of
March, April, May, June, July, and August
have smaller forecast errors, and February,
QOctober, and December have larger forecast
errors. There is no clear reason for the pattern
of seasonality in the forecastibility of the soy-
bean oil basis.

Collectively the results in Table 3 suggest
that relative to the 5YR average base, the other
forecasting techniques provide no clear benefit
in terms of accuracy improvement at longer
horizons, Indeed, at longer horizons it is dif-
ficult to outperform the 5YR. However, in oth-
er aspects, forecast performance relative to the
S5YR is highly dependent on the method and
market. For instance, in this sample, the per-
formance of the 5YR declined in soybean
meal as it did for the VAR and NC methods,
while the Holt forecasts actually -improved.
Across the markets, it appears that any con-
sistent benefit from using more rigorous VAR
and ARMA time series procedures are con-
centrated in soybeans and at short forecast ho-
rizons.

Summary and Conclusions

This research considers the performance of
five alternative models for forecasting the
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cash-futures basis for soybeans, soybean meal,
and soybean oil. The models vary in degree
of complexity from the use of naive models,
such as a no-change model, to time series
methods such as vector autoregression (VAR).
Following the suggestions of Tomek (1993),
this research also considers how the alterna-
tive forecasts perform across varying forecast
horizons (1 to 12 months) and examines if the
forecastibilty of the basis changed over the pe-
riod. Thus the methods used here provide a
unique perspective on forecasting the cash-fu-
tures basis in the soybean complex. Given the
importance of basis forecasting for risk man-
agement purposes, and for developing futures-
based price forecasts, the results from this re-
search should provide both practitioners and
academics alike with critical insights into both
alternative procedures and the general forecas-
tibiltiy of the basis in the soybean complex.
In general, the results suggest that recom-
mending a S-year average basis forecast, a
method routinely used by agribusiness practi-
tioners and recommended by extension econ-
omists, may not always be the best advice. For
each basis examined in the soybean complex,
at least two alternative methods produce a sta-
tistically smaller mean absolute error (MAE)
than the 5-year average (5YR) forecasting
method. For instance, in soybean meal the
even-simpler year ago (YAG) and no change
(NC) methods produce smaller forecast errors.
Generally speaking, the 5YR method is not the
most accurate forecasting method, even
among the naive alternatives (5YR, YAG, and
NC). ARMA models generally produce small-
er forecast errors at short horizons relative to
5YR. However, there seems to be little gained
by more complicated time series technigues
such as the VAR. Moreover, rarely did a mod-
eling procedure produce dramatically better
results than the best naive method. For ex-
ample, in soybean meal, the ARMA model
produced a MAE of 2.27, which is statistically
smaller than the 5YR, but the NC method has
a MAE of 2.06 and is an easier method to
implement. Collectively, the results suggest
that modeling efforts may be worthwhile at
short horizons, but the results must be care-
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fully weighed against the performance of an
array of naive methods.

The regression analysis further suggests
that modeling efforts relative to using the 5YR
method are most rewarding at short horizons
and appear to perform better later in the sam-
ple period. This is especially true for soybean
oil, where the 5YR method’s accuracy actually
got worse through time relative to alternative
methods, Tomek’s concerns about basis fore-
castability declining are a complicated issue:
it depends on the forecasting model used. In
this specific sample, some models certainly
show declining forecast accuracy, but gener-
ally this is not a systematic problem across all
markets and methods.

Indeed, general statements about forecast-
ing performance are difficult to make. The re-
sults do not suggest that a single method dom-
inates across these markets, even though the
commodities are closely related. Forecasting
performance through time and across horizons
depends on the forecasting method used and
market examined. It is clear that there are
methods, both simple and more complex, that
statistically outperformn the 5-year average
(5YR). For soybeans, the ARMA model ap-
pears to be the best basis forecaster, with the
smallest MAE and no degradation across time
or horizons. In soybean meal, the YAG meth-
od is a likely choice for practitioners, as it pro-
duces the smallest average MAE and perfor-
mance has improved in recent periods. The
NC forecasts provide good performance for
soybean oil basis with a smaller MAE than the
5YR and consistent performance through time.

These results do not preclude the use of the
5YR method by practitioners. In particular, as
the forecast horizon lengthens, the perfor- .
mance gap between the 5YR and more com-
plicated methods tends to decline. The 5YR
method is likely to be robust over a number
of different markets, allowing it to be easily
implemented across a number of locations and
commodities. Indeed, for producers—who
may not have the time or skill set to imple-
ment more formal modeling—the 5YR may be
a preferred approach. But for analysts and ex-
tensions economists, the presented results in-
dicate that improvements may be obtained by
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implementing simple time series models or
looking for a most accurate naive method.

While forecasting performance clearly
varies across methods and markets, simple
modeling techniques (e.g., ARMA) are con-
sistently good performers vis-a-vis the naive
5-year average. However, practitioners should
be cautious about applying a generic recipe for
basis forecasting. Even within closely related
markets, such as the soybean complex, there
is no single method that can be uniformly ap-
plied to gencrate the best forecasts.

[Received March 2005; Accepted February 2006.]
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