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a b s t r a c t

Accurate interval forecasting of agricultural commodity futures prices over future horizons is challenging
and of great interests to governments and investors, by providing a range of values rather than a point
estimate. Following the well-established ‘‘linear and nonlinear’’ modeling framework, this study extends
it to forecast interval-valued agricultural commodity futures prices with vector error correction model
(VECM) and multi-output support vector regression (MSVR) (abbreviated as VECM–MSVR), which is
capable of capturing the linear and nonlinear patterns exhibited in agricultural commodity futures prices.
Two agricultural commodity futures prices from Chinese futures market are used to justify the perfor-
mance of the proposed VECM–MSVR method against selected competitors. The quantitative and compre-
hensive assessments are performed and the results indicate that the proposed VECM–MSVR method is a
promising alternative for forecasting interval-valued agricultural commodity futures prices.

� 2015 Elsevier B.V. All rights reserved.

1. Introduction

In recent years, agricultural commodity futures markets in
China have witnessed a massive growth. With an increasing prod-
uct variety and deepening liquidity pools, the agricultural com-
modity futures markets in China are playing an increasing
important role in serving the global financial market and the
national economy. In 2012, the three most active agricultural
futures in the world by contract volume were happening in
China—the cotton, sugar, and rubber contracts, which traded over
139 million, 128 million and 104 million, respectively. Out of the
top 10 agricultural contracts by volume, 7 were Chinese. Accu-
rately measuring and forecasting the dynamics of agricultural
commodity futures prices is inevitably an important component
not only in trade risk management but also in price speculation.
Agricultural commodity futures price forecasting is considered as
a challenging task due to the fact that the prices are highly volatile,
complex and dynamic, and is thus of great interests to finance
researchers, market practitioners, and policymakers.

An extensive literature investigation reveals that it is not diffi-
cult to find that great research efforts have been expended to
explore the underlying dynamic of futures prices and develop

models suitable for forecasting futures prices, including stock
index futures [1–5], oil futures [6–13], gold futures [14,15], and
metal futures [16]. But there exists a much smaller body of
research examining the predictability of agricultural commodity
futures prices [17–19]. Furthermore, an important point to note
from past studies [1–19] mentioned above is their preoccupation
with point forecasting rather than interval one.

Our focus in this study is on interval forecasting of agricultural
commodity futures prices. An interval forecasting of futures prices
has the advantage of taking into account the variability and/or
uncertainty so as to reduce the amount of random variation relative
to that found in classic single-valued futures prices time series (e.g.,
future closing price) [20]. Since the work of Moore [21] and Moore
and Moore [22], interval analysis and forecasting has attracted par-
ticular attention in various fields, particularly in finance market
[23–26] and energy market [27,28]. As Hu and He [23] pointed
out, the interval forecasts of stock price are superior to the tradi-
tional point forecasts in terms of the overall lower mean error
and higher average accuracy ratio. As shown in García-Ascanio
and Maté [27], moreover, the interval-valued time series (ITS) fore-
casting method as a potential tool will lead to a reduction in risk
when making power system planning and operational decisions.
To date, a variety of ITS forecasting methods has been developed
(see [25] for a recently survey), among which the traditional statis-
tical techniques, including interval exponential smoothing meth-
ods [29], vector autoregressive (VAR) model [27], and vector error
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correction model (VECM) [30], have been widely used due to their
statistical properties. However, traditional statistical techniques
can provide good predictions only when ITS under study are linear
and stationary. But ITS may unfortunately appear nonlinear and
non-stationary due to the intrinsic complexity and volatility of
ITS (e.g., interval-valued agricultural commodity futures prices).
In order to overcome the limitations of the traditional statistical
techniques and capture the nonlinear pattern exhibited in ITS con-
sidered, machine learning techniques have recently attracted much
attentions, among which interval multi-layer perceptrons (iMLP)
[28] and multi-output support vector regression (MSVR) [24] have
shown excellent nonlinear modeling capability for ITS in real world.
Although both traditional statistical techniques and machine learn-
ing techniques have achieved success in their own linear or nonlin-
ear domains, it is difficult in practice to determine when an ITS is
generated by either a linear or nonlinear process, and thus which
particular technique is more suitable than another for a specific
ITS forecasting task. Actually, ITS in real world rarely appears linear
or nonlinear pattern and usually contains both patterns. Thus, a
novel method, which can simultaneously handle linear and nonlin-
ear patterns exhibited in ITS, is required for such tough forecasting
tasks such as, in this present study, interval-valued agricultural
commodity futures prices forecasting.

Fortunately, these difficult forecasting tasks can be partially
solved by using combined ‘‘linear and nonlinear’’ modeling frame-
work. Given the real time series exhibiting both linear and nonlin-
ear patterns, it is very difficult in practice to construct a single
model which is best in all situations. In this regard, Zhang [31] pro-
posed a hybrid autoregressive integrated moving average (ARIMA)
and artificial neural network (ANN) model for time series forecast-
ing to take advantage of the unique strength of ARIMA and ANN in
linear and nonlinear modeling, respectively. Generally speaking,
there are three main steps involved in the combined ‘‘linear and
nonlinear’’ modeling framework, i.e., linear modeling, nonlinear
modeling, and summation. First of all, a linear modeling technique
is used to model the linear part, then the residuals from the linear
model will contain only the nonlinear relationship. Secondly, by
modeling residuals obtained in the previous step using a nonlinear
modeling technique, nonlinear relationships can be discovered.
Finally, these prediction results from the linear and nonlinear mod-
eling techniques in the previous steps are summed to generate an
aggregated output, which can be seen as the final prediction results
for the original time series. Since the work of Zhang [31], the com-
bined ‘‘linear and nonlinear’’ modeling framework has been
recently well-established in finance market [32,33], tourism man-
agement [34], and energy market [35]. However, the afo-
rementioned studies [31–35] focus only on single-valued time
series forecasting. Following the thought of Zhang [31], Maia
et al. [36] proposed a hybrid method (namely ARIMA–ANN) that
combines both ARIMA and ANN for interval-valued time series
forecasting. However, the hybrid method in [36] was applied to
forecast the lower and upper bound series of interval-valued time
series respectively, without considering the possible interrelations
(e.g., cointegration between the low and high of the agricultural
commodity futures prices in this study) that are presented among
themselves, which has been criticized in [25].

Motivated by the thought of Zhang [31], and in particular, to
remedy the mentioned above shortcomings in [36], this study pro-
poses an improved combination method (namely VECM–MSVR) for
ITS forecasting in agricultural commodity futures market by using
VECM and MSVR to model and forecast the low and high prices ser-
ies of interval-valued agricultural commodity futures prices simul-
taneously, taking into account the cointegration (the statistical
evidences are given in Section 3.1). The MSVR, which is proposed
to solve the problem of nonlinear regression estimation for
multiple variables [37] and has been successfully used for ITS fore-

casting [24], is a generalization of the standard SVR. The reason for
using MSVR in the proposed combination method is that MSVR can
fit and forecast the interval bounds of interval-valued time series
simultaneously due to its inherent multi-output structure. For
comparison purposes, five counterparts, including VECM [30], sin-
gle-output support vector regression (SSVR), MSVR [24], ARIMA–
MSVR, and ARIMA–ANN developed by Maia et al. [36], are selected
as benchmarks. The daily interval-valued futures prices of cotton
and corn from Chinese futures market are used as the experimental
data series for the purpose of validation. The experimental results
are judged as follows. We examine whether the out-of-sample
forecasts generated by the VECM–MSVR are more accurate than
and preferable to those generated by the benchmark methods for
an interval-valued agricultural commodity futures prices, employ-
ing statistical criteria such as the goodness of forecast measure and
the accuracy competing forecasts test.

Our contributions could be outlined as follows. First, as was
mentioned above, although extensive mounts of methods [1–
12,14–19] have been developed for futures prices modeling and
forecasting, most of them rely only on single-valued futures price
series. The interval forecasting of futures prices, particularly agri-
cultural commodity futures prices, has not been widely explored.
Therefore, this study attempts to originally investigate the possi-
bility of forecasting the interval-valued agricultural commodity
future prices series over short and long horizons using a novel
combination method. Second, by introducing VECM and MSVR,
the well-established ‘‘linear and nonlinear’’ time series modeling
framework can be extended to deal with ITS forecasting, which
can fully take the advantages of the unique strength of VECM
and MSVR in linear and nonlinear modeling, respectively. Third,
the most published literature on agricultural commodity futures
prices forecasting focuses on international markets, and on the
US market in particular [17–19]. There is limited research on the
predictability of Chinese agricultural commodity futures market.
So, we hope this study would fill this gap. The fourth contribution
is straightforward to provide the empirical evidence on the inter-
val-valued agricultural commodity futures prices forecasting with
real-world data from Chinese futures market.

The paper unfolds as follows. Section 2 illustrates the data rep-
resentation of an interval-valued agricultural commodity futures
price series and discusses the VECM, MSVR, and proposed VECM–
MSVR method in details. Section 3 illustrates the research design
on data processing and preliminary analysis, performance mea-
surement criteria, methodological implementation, input selection,
and experimental procedure. Following that, in Section 4, the
experimental results are discussed. Finally, Section 5 summarizes
and concludes this work.

2. The proposed VECM–MSVR method with interval-valued
agricultural commodity futures prices

This section presents the overall formulation process of the pro-
posed VECM–MSVR for interval-valued agricultural commodity
futures price series forecasting. First, the data representation of
interval-valued agricultural commodity futures price series is illus-
trated. Then, the VECM, MSVR, and the proposed VECM–MSVR for
the obtained ITS are formulated in detail.

2.1. Constructing interval-valued agricultural commodity futures
prices

An interval-valued variable, X; is a variable defined for all of the
elements i of a set E, where Xt ¼ f½XL

t ;X
U
t �

T
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t ;X
U
t 2 R;XL

t 6 XU
t g,

8t 2 E. The particular value of X for the ith element can be denoted
by the interval’s lower and upper bounds, Xt ¼ ½XL
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U
t �

T
. Table 1
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