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Abstract: We employed a non-parametric causality test based on Singular Spectrum Analysis (SSA)

and used the Vector Error Correction Model (VECM) and Information Share Model (IS) to measure the

relationship between the futures and spot prices for seven major agricultural commodities in China

from 2009 to 2017. We found that the agricultural futures market has potential leading information in

price discovery. The results of an Impulse Response Function (IRF) analysis also showed that the spot

prices react to shocks from the future market and have a lasting impact. This confirms our findings

reported for the causality test and information share analysis.

Keywords: agricultural commodity futures; price discovery; Granger causality test; information

share model; singular spectrum analysis

1. Introduction

Price discovery and risk hedging are the main functions of futures markets. In the
1990s, the Chinese government sought to utilize these functions to reduce price fluctuations,
stabilize peasants’ incomes and promote steady agricultural development. This effort, regu-
lated by key institutions, such as the China Securities Regulatory Commission (CSRC) and
its regional offices, the China Futures Association, the China Futures Market Monitoring
Center, and the futures exchanges, has led to significant growth in the Chinese agricultural
futures market. As of 1 December 2022, according to the CSRC, the trading volume reached
1,587,513.171 thousand lots, with an average trading volume of 274,815.200 thousand lots
from 1 December 2000 to 1 December 2022. The market value on 1 December 2022 was
RMB 112,715,166.900 million, with an average value of RMB 92,108,190.107 million over
the same period. The market now includes 23 different futures contracts, such as corn,
soybeans, soybean meal, soybean oil, cotton, Japonica rice and apples. In recent years, new
products like polypropylene, hot rolled coil, late indica rice, ferroalloy, corn starch and
cotton yarn have been introduced. China’s share in the global agricultural futures market
has grown steadily, reaching 74.38% in 2016, with a turnover of 1.437 trillion lots.

On 9 May 2014, the State Council issued the “Opinions on Further Promoting the
Healthy Development of the Capital Market,” known as the New 9th Article. This policy
aims to accelerate futures market development, introduce new commodity futures, such as
crude oil, enhance the market’s role in price discovery and risk management, and strengthen
its capacity to serve the real economy. These initiatives are expected to significantly
impact both futures and spot markets by improving liquidity, providing better hedging
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opportunities, and fostering a stronger connection between the futures market and the
real economy. As a result, the New 9th Article has further accelerated the development of
price discovery and risk management in the futures market. Notably, Chinese agricultural
futures now dominate global trading volumes, with the top ten most traded contracts all
belonging to Chinese agricultural commodities.

Dolatabadi et al. (2015) studied the futures and spot markets for aluminum, nickel,
copper, lead and zinc by employing an FCVAR (fractionally co-integrated vector autore-
gressive) model. Figuerola-Ferretti and Gonzalo (2010) employed the model proposed
by Gonzalo and Granger (1995) to explore the futures and spot markets of non-ferrous
metals. Benz and Hengelbrock (2008) selected the high-frequency daily data of the ECX
(European Climate Exchange) futures market and the Nord Pool spot market and studied
the price discovery function of the EUA spot and futures markets by using the Vector Error
Correction Model (VECM). Tse (1999) took the spot prices (in minutes) and futures price of
the Dow Jones Industrial Index (DJIA) and used the Hasbrouck Information Share Model
to examine the price discovery. Arnade et al. (2017) used the VECM model to distinguish
the long- and short-term impact on prices. They studied the degree of price transmission
of nine main agricultural products, such as soybean, corn, wheat and rice, between the
global market and the Chinese agricultural market from 2000 to 2014. Alexakis et al. (2017)
employed the Johansen co-integration test and demonstrated that there is a long-term
equilibrium relationship between the future pricing of live pigs, main pig feed futures, corn
and soybean meal. Joseph et al. (2014) used the frequency domain analysis of Breitung and
Candelon (2006) to investigate the price discovery function between commodity futures,
such as soybean, crude oil and natural gas, in the Indian commodity market and spot
market. Liu (2005) tested the relationship between live pigs, corn and soybean meal futures
price series using the co-integration model. Arnade and Hoffman (2015) established an
Error Correction Model and investigated the price transmission characteristics between the
spot and future prices of soybean and soybean meal from 1992 to 2013.

In China, the research on price discovery in futures market is mainly focused on metals,
energy and stock index futures. Fu et al. (2016) and Zhao and He (2015) studied the price
discovery of gold and copper futures in China. Wang and Zhang (2005) and Li et al. (2016)
also analyzed the market leadership of China’s crude oil and other energy futures. Fang and
Cai (2012), amongst others, have discussed the dominant factors between stock index and spot
index futures in China. Cha and Xu (2016) analyzed the futures and spot prices of soybean
in China from January 2009 to April 2014. They employed Granger causality, the Johansen
co-integration test, the Error Correction Model (ECM) and the Information Share Model and
found a weak degree of efficiency for the soybean futures market in China. Hou (2014) also
used the co-integration test, Granger causality analysis and the Error Correction Model to study
the effect of the soybean meal futures market on the spot market in China, showing that the
soybean meal futures market had useful information for the spot market. Liang et al. (2009)
used the Johansen co-integration test, the Error Correction Model (ECM), the Granger causality
test and the Information Share Model (IS) to study the price discovery function of sugar futures
in China. It was concluded that the contribution of the futures market to sugar price discovery
is higher than that in the spot market. Liu and Zhang (2006) used the Johansen co-integration
test to study the relationship between the soybean and soybean meal futures markets in China.
They concluded that there is a long-term stable relationship between soybean and soybean
meal futures and spot prices. Yao and Wang (2005) employed the Johansen co-integration test
to explore the dynamic transmission characteristics of soybean and wheat futures in China,
showing a long-term equilibrium relationship between soybean futures and their spot prices.

Joseph et al. (2015) showed a bi-directional Granger lead relationship in all agricultural
commodities prices except turmeric. Xu et al. (2019) emphasized the dominant role of
volatilities from futures to the spot market in Chinese agricultural commodities. Ali and
Gupta (2011) argued for significant co-integration between spot and futures commodities in
India. Other papers related to bi-directional interactions between spot and futures markets
include Wang et al. (2011) and Taunson et al. (2018). While previous research has examined
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the relationship between agricultural futures and spot prices, our research adds to the
existing body of knowledge on prices and further explores the possibility of bi-directional
transmission between spot and futures prices.

This study systematically examines the relationship between agricultural futures and
their spot prices in China, offering a thorough understanding of the dynamics between these
markets. Beyond calculating the range of the relationship between the two prices, this paper also
determines the specific extent of information sharing between them, equipping investors and
management departments with a multifaceted set of criteria and more nuanced information to
enhance decision-making. Moreover, the application of non-parametric estimation reinforces the
validity of our findings. Furthermore, the research explores how the futures prices of different
agricultural commodities impact their respective spot prices to varying degrees, providing
real-world insights for investors and managers to tailor their strategies more effectively.

This article examines the relationship between spot and future prices using a novel non-
parametric technique called Singular Spectrum Analysis (SSA). The SSA method is a modern,
powerful, non-parametric decomposition and forecasting model (Beneki et al. 2012) that filters
noise and forecasts signals (Hassani et al. 2015). The advantages of SSA over traditional
time series models is that it is one of the few models capable of handling non-stationarity
and non-normality (Hassani et al. 2009). Given its wide implementation and success, for the
first time, as far as the authors are aware, the SSA causality test is here applied to study the
causality relationship between the spot and futures markets.

Table 1 presents a summary of previous studies on the relationship between the futures
and spot markets. As can be seen from Table 1, there are only a few studies that have explored
the contribution share of price discovery in the agricultural futures and spot markets in China.

Table 1. Summary of studies between the futures and spot markets.

Authors Models Employed Empirical Target

Dolatabadi, Sepideh
Nielsen, Morten Ørregaard
Xu, Ke (Dolatabadi et al. 2015)

FCVAR Model
Aluminum, nickel, copper,
lead, zinc

Figuerola-Ferretti, Isabel
Gonzalo, Jesús (Figuerola-Ferretti and Gonzalo 2010)

Permanent Transitory Model
Aluminum, copper, nickel,
lead, zinc

Benz, Eva A
Hengelbrock, Jördis (Benz and Hengelbrock 2008) Vector Error Correction Model (VECM) EUA

Tse, Yiuman (Tse 1999) Hasbrouck Information Share model
Dow Jones Industrial Average
(DJIA)

Arnade Carlos, Cooke Bryce & Gale Fred
(Arnade et al. 2017)

VECM Soybeans, corn, wheat, rice,
etc.

Alexakis Christos, Bagnarosa Guillaume & Dowling
Michael (Alexakis et al. 2017)

Co-integration Test Raw pig, corn, soybean meal

Joseph Anto, Sisodia Garima
& Tiwari Aviral Kumar (Joseph et al. 2014)

Frequency Domain Analysis
Soybeans, crude oil, natural
gas, gold, etc.

Liu Qingfeng Wilson (Liu 2005) Co-integration Model Raw pig, corn, soybean meal

Arnade, Linwood & Hoffman
(Arnade and Hoffman 2015) VECM Soybean, soybean meal

Cha Tingjun, Xu Jianling (Cha and Xu 2016)
Granger Causality Test, VECM, Information Share
Model

Soybean

Hou Jinli (Hou 2014)
Co-integration Test, Granger Causality Test,
VECM
Hasbrouck Information Share Model

Soybean, soybean meal

Liang Quanxi, Yue Guanying,
Chen Jun (Liang et al. 2009)

Co-integration test, Granger Causality Test, ECM Sugar

Liu Qingfu, Zhang Jinqing (Liu and Zhang 2006) Johansen Co-integration Test Soybean, soybean meal

Yao Chuanjiang, Wang Fenghai (Yao and Wang 2005) Johansen Co-integration Test Soybean, wheat

Note: This table provides a summary of the studies related to the spot and futures markets. The first column
includes the citation information. The second column includes the models these authors employed, and the third
column lists the respective products studied in the relevant works.
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This paper makes several contributions to the price discovery literature as follows:
Firstly, this study aims to examine the development of the agricultural futures market and
price discovery in China and examines the impact of the new national 9th Article. We
extend knowledge about price discovery for agricultural products in China, which has been
under-researched. Secondly, the paper employs a novel method in which instead of giving
an interval, we compute a more accurate and single estimate of the information share.
Finally, we hope that this attempt will generate more interest by academics and investors
and serve as a reference for the production and management of agricultural products in
China and the formulation of relevant government policies.

The rest of this paper is organized as follows: Section 2 introduces the theoretical
methods and the basis of the research. Section 3 describes the data used in the study. The
results for information share and the impulse response functions are given in Section 4.
The conclusions are drawn in the Section 5.

2. Theoretical Principle

2.1. Cost of Carry Model

According to the Cost of Carry Model, there is no arbitrage relationship between the
futures and spot markets in the long run under a completely competitive market, and it is
almost impossible to realize arbitrage profits. This can be expressed as:

FT
t = St ∗ ec∗(T−t)s (1)

where FT
t represents the price of a commodity future with a maturity date of T during the t

period (T > t), St represents the spot price of a commodity and c*(T − t) represents the cost
of a commodity from time t to T. The constant c can be considered as the difference between
the risk-free rate of interest and the simple rate of return or the continuous compounded
rate of return on the underlying assets before the futures contract expires. Taking natural
logarithms on both sides of Equation (1), we have the following co-integration relationship:

f T
t = θ+ β ∗ st + et (2)

where f T
t and st denote the logarithmic form of FT

t and St, respectively, θ includes the cost
of all the other components that cause the difference between the spot and futures prices,
and et is an independent and identically distributed white noise process. β equals 1, which
satisfies the unbiased hypothesis.

2.2. Vector Error Correction Model (VECM)

For two non-stationary time series with a co-integration relationship, the Vector Error
Correction Model (VECM), which was proposed by Engle and Granger (2006), can show
the long-term equilibrium relationship and short-term adjustment relationship between
the futures and spot market prices.

∆pt = ∏ pt−1 +
q−1

∑
i=1

Ai∆pt−i + εt, ∏ = αβ′ (3)

∆st = α1( ft−1 + β1st−1) +
n

∑
i=1

ϕ1k∆ ft−1 +
n

∑
i=1

ψ1k∆st−1 + ε1t (4)

∆ ft = α2( ft−1 + β2st−1) +
n

∑
i=1

ϕ2k∆ ft−1 +
n

∑
i=1

ψ2k∆st−1 + ε2t (5)

where pt = (st, ft)
′, β is the co-integrating vector, and α is the adjustment coefficient vector,

which indicates the adjustment speed of the futures (spot) to the equilibrium state when
the spot (futures) price deviates from the equilibrium state.
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In (3), the first part ∏ pt−1 is about the long-term equilibrium relationship between the

futures and spot prices (in log). The second part ∑
q−1
i=1 Ai∆pt−i represents the short-term

adjustment characteristics caused by market imperfections.

The covariance matrix of the error term, εt is Ω =

(

σ2
1 ρσ1σ2

ρσ1σ2 σ2
2

)

.

where σ2
1(σ

2
2) is the variance of ε1t(ε2t), and ρ is the correlation coefficient between

ε1t and ε2t.

2.3. Information Share Model (IS)

This section is divided by subheadings. It should provide a concise and precise
description of the experimental results, their interpretation, as well as the experimental
conclusions that can be drawn.

If there is a co-integration relationship between the futures and spot markets, it
indicates that they have the same changing trend, so st and ft can be decomposed into two
parts, one of which is the common efficient price of the futures and spot markets (common
component). That is, the two markets share a common changing trend, and the other is the
unique characteristics of the two markets. Namely,

st = mt + ε1t (6)

ft = mt + ε2t (7)

Gonzalo and Granger (1995) proved that the common factor mt can be expressed as a
linear combination of the two co-integration relations between st and ft.

mt = γ1st + γ2 ft (8)

where Γ = γ1, γ2 is the coefficient vector of the common factor mt, and there is an or-
thogonal relation between Γ = γ1, γ2 and the adjustment coefficient α in the Vector Error
Correction Model (VECM). Thus, the contribution of the spot and futures markets to price
discovery is the weight of its common factor and can be obtained from the following
two constraints,

γ1α1 + γ2α2 = 0, and γ1 + γ2 = 1,

From the above two equations, we can see that the contribution of the first market to
price discovery is:

γ1 =
α2

α2 − α1
(9)

And the contribution of the second market to price discovery is:

γ2 =
α1

α1 − α2
(10)

Thus, Γ = γ1, γ2 can be expressed as:

Γ =

(

α2

α2 − α1
,

α1

α1 − α2

)

(11)

Hasbrouck (1995) proposed that the contribution of new information from each market
to the variance of common factors can be used to represent the price discovery, expressed as
the Information Share Model (IS). When there is no correlation between the new information
of the spot market and the futures market, the information share of the spot (futures) market
is as follows:

ISi =
Y2

i σ2
i

Y2
1 σ2

1 + Y2
2 σ2

2

(12)
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When the spot market prices are correlated with the new price information in the
futures market, then the Cholesky decomposition can be used, that is,

C =

[

c11 0
c12 c22

]

=

[

σ1 0

ρσ2 σ2

√

1 − ρ2

]′

(13)

and using IS1 + IS2 = 1, the contribution ratio of two markets to the variance of common
factors (information share, IS) can be expressed as follows:

IS1 =
(Y1c11 + Y2c12)

2

(Y1c11 + Y2c12)
2 + (Y2c22)

2
(14)

IS2 =
(Y2c22)

(Y1c11 + Y2c12)
2 + (Y2c22)

2
(15)

According to the derivation of Baillie et al. (2002), the upper and lower limits of the
information share of the spot market and futures market can further be expressed as:

ISu
s =

(α2σ1 − α1σ2ρ)2

α2
2σ1

2 − 2ρα1α2 σ1σ2 + α1
2σ2

2
ISl

s =
α2

2σ2
1

(

1 − ρ2
)

α2
2σ1

2 − 2ρα1α2 σ1σ2 + α1
2σ2

2
(16)

ISu
f =

(α1σ2 − α2σ1ρ)2

α2
2σ1

2 − 2ρα1α2 σ1σ2 + α1
2σ2

2
ISl

f =
α2

1σ2
2

(

1 − ρ2
)

α2
2σ1

2 − 2ρα1α2 σ1σ2 + α1
2σ2

2
(17)

Among them, α1 and α2 correspond to the short-term adjustment coefficients, σ1 and
σ2 correspond to the standard deviation of the residuals in (4) and (5), respectively, and ρ

denotes the correlation coefficient of the residuals. The sum of the upper and lower limits
of each market is taken as the information share of each market.

The Hasbrouck (1995) and Baillie et al. (2002) formulas for the Information Share
Model provide us with details of the mutual interaction between the futures price and the
spot price. However, the contribution of the information share described by the above two
methods is given by an interval, which cannot effectively show market behavior, and does
not necessarily provide useful information for market investors. Subsequently, Grammig
and Peter (2013) proposed an Information Share Model which provides a single numerical
value. This method applies the restricted maximum likelihood estimation methods to
obtain the information share, which is superior to the other methods.

IST(i) =
([ξ ′ ∑

0.5
e ]i)

2

ξ ′w ∑e w′ξ
(18)

where ξ′ and w are an identical row of β⊥

[

α′⊥

(

In − ∑
q−1
i=1 Ai

)

β⊥

]−1
α′⊥ and a nonsingular

weighting matrix, respectively. β⊥ denotes the orthogonal complement of β. α, β and Ai

are the coefficients of Equation (3), respectively. et is the independent and identically
distributed innovations and ∑ e is the covariance matrix of et.

2.4. Singular Spectrum Analysis (SSA) and SSA Causality Test

2.4.1. Singular Spectrum Analysis (SSA) and Multivariate SSA

Singular Spectrum Analysis (SSA) is a well-established time series analysis technique,
which has been known for its robust performance of working with both linear and nonlinear
patterns in signal extraction, noise filtering and forecasting, etc. Multivariate SSA (MSSA)
is an extension of the standard univariate SSA to the multivariate case. Both SSA and MSSA
have been widely applied to a broad range of subjects, reflecting its powerful capability
in numerous application settings. A few selected examples can be found in Hassani et al.
(2009, 2015) and Silva et al. (2017, 2019). We here briefly introduce the SSA and MSSA
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techniques. For those who are interested in the more detailed algorithms, please refer to
Hassani et al. (2009, 2013) and Huang et al. (2019).

In brief, SSA has two stages (decomposition and reconstruction), each stage contains
two steps. In the decomposition stage, firstly, we structure a multidimensional matrix from
a one-dimensional series, more specifically, forming a trajectory matrix via the embedding
process with the single parameter window length. The second step of stage one is about
performing the singular value decomposition (SVD) of the trajectory matrix from the
embedding step, and the result is presented as a sum of rank-one bi-orthogonal elementary
matrices. The second stage of reconstruction then starts. Firstly, the grouping process
is conducted; the elementary matrices from stage one are now split into several groups
(namely the eigentriple grouping), followed by summing the matrices within each group.
Finally, the second step in stage two is called diagonal averaging; each matrix resulting
from the previous step is then converted back to a Hankel matrix, and the Hankel matrix
corresponds to its equivalent one-dimensional time series via simple matrix transformation.

Multivariate SSA (MSSA), as the multivariate extension of SSA, works with multiple
time series simultaneously. Just like univariate SSA, MSSA has the same two stages and
four steps. In the first stage of decomposition, multiple time series with the same/or even
different length can be transformed into a multidimensional matrix via setting the same
window length parameter of the embedding process. This matrix is then converted to a
block Hankel matrix via multiplying its transpose. Starting from the second step of stage
one, the MSSA process works almost the same as univariate SSA; firstly, SVD is performed
on the Hankel matrix and a sum of the elementary matrices is then obtained. The second
stage of reconstruction remains the same as for basic SSA, where the elementary matrices
are split into several disjoint groups; those which are grouped together are then summed
within each group for the final step of diagonal averaging. The reconstructed matrix is
then converted to a Hankel matrix, which can be simply transformed to its equivalent
time series.

2.4.2. SSA Causality Test

The SSA causality test is based on comparing the forecast performance of the univariate
SSA and MSSA with the addition of another variable. As can be seen in Figure 1, if the
forecasting performance of X via MSSA after including Y outperforms the univariate
SSA forecast performance of X, it indicates that Y contains helpful information for better
predicting X, which is then concluded to be a causal relationship.

 

𝐹௑ ௒
𝐹௑ ௒ tt𝐹௑ ௒ ൏ 𝐹௑ ௒ ൒

𝑠ଵ௧ 𝑓ଵ௧ 𝑠ଶ௧ 𝑓ଶ௧ 𝑠௧ 𝑓௧𝑟௙௧ 𝑟௙ଵ௧ 𝑟௙ଶ௧ 𝑟௦௧ 𝑟௦ଵ௧ 𝑟௦ଶ௧
ff

Figure 1. Flowchart of SSA causality test (Source: Huang et al. 2019). Note: This diagram shows the

flowchart of the causality test. From comparing the forecast values obtained by the univariate SSA

and multivariate SSA (MSSA) against the actual, if the forecasting errors using MSSA are significantly

smaller than those obtained from a univariate SSA, a causal relationship is inferred.
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For each series, there are two forecasting values, one by SSA and one by MSSA, after
adding another series. Each series can be split into two parts, in and out of the sample
series, where the in-sample series is used for performing SSA and MSSA forecasting, whilst
the out of sample part is used for calculating and comparing the forecasting error. For
a simple two-series case demonstration, namely, series X and Y, the criterion FX|Y of the
SSA causality test refers to the prediction performance (root mean square error) of X in
the presence of Y, divided by the forecast accuracy of X without Y. Therefore, a smaller
index FX|Y indicates that better information is provided by Y to forecast X. In general, if
FX|Y < 1, we conclude that Y has a causal relationship with X; in the case of FX|Y ≥ 1, no
causal relationship is detected.

3. Descriptive Statistics of the Data

The spot and futures data selected in this paper are collected from the WIND Financial
Information Database. This study examines seven high-frequency daily closing prices of
soybean, corn, wheat, early rice, soybean meal, rapeseed meal and rapeseed. In all cases
our sample period ends in October 2017. However, the early rice data start in April 2009,
whereas the rapeseed meal and rapeseed series begin in 2012 and the rest in January 2009.
The spot prices were taken nationally. The futures contract (No. 1711) includes No. 1
soybean, soybean meal, rapeseed meal and rapeseed. The futures contract (No. 1801)
includes corn and early rice and the wheat futures price come from the wheat contract (No.
1805). In line with the usual convention for financial and economic time series, all series are
analyzed in logarithmic form. Figure 2 shows the time series data after the application of
the logarithmic transformation. In general, periods of price increase before May 2014 and
price decrease after May 2014 are evident in the graphs. Table 2 presents the descriptive
statistics for the spot and futures return data. In addition, in order to compare the dynamic
changes of the futures market and the spot market before and after the cancellation of the
temporary collection and storage policy, summary statistics for the periods before May
2014 and after May 2014 are also given in Table 2. In this table s1t, f1t, s2t, f2t and st, ft

are the futures and spot prices, and r f t, r f 1t, r f 2t, rst, rs1t, rs2t are the returns for the two
phases and the entire sampling period, respectively. In Table 2, the first two values are
the sample mean and the sample standard deviation. For the logarithmically transformed
series, these two values are scaled by 100, and hence, effectively refer to percentage changes
in the original series.

Table 2 shows that before the release and cancellation of the policy of temporary
storage of agricultural products under the new national 9th Article, the prices both in the
futures and in the spot markets, except rapeseed, experienced growth over this period.
However, the future and spot prices for all the commodities, except early rice and rapeseed,
experienced substantial decline after the release and cancellation of the 9th Article policy.
This means that after the issuance of documents and policies, both in the futures market
and the spot market, the returns of agricultural products in China have generally decreased.
In particular, corn shows an average decline of 0.0400% and 0.0375% per day in the futures
and sport markets. Over the sample period, all the futures markets for, soybeans, corn,
wheat, soybean meal and rapeseed meal fell more than 50 percent, while the returns on rice
futures fell by approximately 11 percent. For all the seven agricultural commodities, the
sample standard deviations indicate substantially greater volatility for the futures prices
than those of the spot prices. For the futures prices, soybean meal has the highest and wheat
has the lowest volatility for the entire sample period. The negative returns for the spot
market of all seven commodities after May 2014 indicate that the spot prices of agricultural
products in China have all declined. The phasing-out of the temporary storage policy
has meant that the government no longer intervenes directly in the price of agricultural
products, and the decline in prices for some agricultural products has been caused by the
change in government policy. However, the imbalance between supply and demand was
the main cause of the decline in the price of agricultural products after May 2014 in China.
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Figure 2. Time series data for seven different spot and futures markets. Note: This figure illustrates

the logarithmic transformed time series of futures prices and spot prices for soybean, corn, wheat,

early rice, soybean meal, rapeseed meal and rapeseed in solid lines and dashed lines, respectively.
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Table 2. Descriptive statistics of the returns of agricultural products.

Commodity Return Mean
Standard
Deviation

Commodity Return Mean
Standard
Deviation

Soybean

r f t 0.0066 0.9836 Wheat r f t 0.0139 0.8829

r f 1t 0.0246 0.9999 r f 1t 0.0298 0.9104

r f 2t −0.0206 0.9586 r f 2t −0.0097 0.8403

rst 0.0021 0.5147 rst 0.0157 0.2183
rs1t 0.0167 0.5930 rs1t 0.0268 0.1931
rs2t −0.0202 0.3637 rs2t −0.0011 0.2509

Corn

r f t 0.0070 1.0232 Early Rice r f t 0.0135 0.9612

r f 1t 0.0380 0.9021 r f 1t 0.0150 0.9501

r f 2t −0.0400 1.1832 r f 2t 0.0104 0.9775

rst 0.0076 0.2401 rst 0.0157 0.2694
rs1t 0.0370 0.1766 rs1t 0.0286 0.31727
rs2t −0.0375 0.3074 rs2t −0.0027 0.1798

Soybean Meal

r f t 0.0048 1.5151 Rapeseed r f t 0.0027 1.1097

r f 1t 0.0261 1.4567 r f 1t −0.0302 0.6622

r f 2t −0.0275 1.6013 r f 2t 0.0142 1.2380

rst −0.0061 0.8365 rst −0.0044 0.7086
rs1t 0.0118 0.9293 rs1t −0.0003 0.1671
rs2t −0.0336 0.6706 rs2t −0.0059 0.8257

Rapeseed Meal

r f t 0.0035 1.5013

r f 1t 0.0651 1.3102

r f 2t −0.0181 1.5703

rst 0.0002 0.6083
rs1t 0.0753 0.4473
rs2t −0.0284 0.6573

Note: This table illustrates the summary statistics of the returns in terms of means and standard deviations for the
periods before May 2014 and after May 2014. In this table, s1t, f1t, s2t, f2t and st, ft are the futures and spot prices,
and r f t, r f 1t, r f 2t, rst, rs1t, rs2t are the returns for the two phases and the entire sampling period, respectively. The
means and standard deviations are scaled by 100.

4. Empirical Results

4.1. Test of Stationarity and Co-Integration

The Augmented Dickey Fuller test proposed by Dickey and Fuller (2006) is used here
to test for the presence of the unit root in the future and spot prices of seven agricultural
products.

∆pt = ρpt−1 +
k

∑
i=1

pt−1 + vt (19)

where ∆ is a first difference operator and vt is a white noise process, and k denotes the lag
order. In this paper, the maximum lag order recommended by Schwert (1989) is adopted:

nmax =

[

12 ∗
(

T
100

)
1
4

]

. Table 3 presents the results of the ADF tests (p-values). It is found

that the data for the seven time series for the futures and spot prices are non-stationary,
and the first differenced time series is stationary; that is, all of them are I(1) processes.

The co-integration test established by Johansen (1988) and Johansen and Juselius
(1990) was applied. VAR models are used to establish the trace statistics and maximum
eigenvalues to test the long-run relationships between a pair of time series. The test
results show that, overall, they are all co-integrated, which indicates that there are long-run
equilibrium relationships between the spot and futures markets for agricultural products
in China.
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Table 3. Unit root test and co-integration.

Unit Root
Test

Test of
Co-Integration

ft dft st dst
Trace Statistics

r = 0 r = 1

Soybean 0.171 <0.001 0.506 <0.001 22.122 1.440 *
Corn 0.303 <0.001 0.355 <0.001 39.502 3.944 *

Wheat 0.049 <0.001 0.207 <0.001 20.329 5.590 *
Early Rice 0.147 <0.001 0.295 <0.001 16.599 3.598 *

Soybean Meal 0.065 <0.001 0.258 <0.001 33.604 3.719 *
Rapeseed Meal 0.166 <0.001 0.243 <0.001 27.496 1.659 *

Rapeseed 0.631 <0.001 0.567 <0.001 19.958 1.827 *

Note: This table shows the test of unit root and co-integration for the seven agricultural commodities using the

maximum lag order recommended by Schwert (1989) nmax =

[

12 ∗
(

T
100

)

1
4

]

. The * shows significance at 5%. ft is

the future price at time t. d ft = ft − ft−1 is the change in the futures prices in terms of the first difference. st is the
spot price and dst = st − st−1 is the first difference of the spot price.

4.2. Granger Causality Test

In order to investigate whether there exists causality between the futures market and
the spot market, the Granger causality test was computed and the test results are shown
in Table 4.

Table 4. Granger causality test.

Futures Market Spot Market

Soybean Futures price Granger causes spot price Spot price Granger causes futures price
(0.007) (0.013)

Corn Futures price Granger causes spot price Spot price Granger does not cause futures price
(0.000) (0.578)

Wheat Futures price Granger does not cause spot price Spot price Granger does not cause futures price
(0.117) (0.131)

Early Rice Futures price Granger causes spot price Spot price Granger does not cause futures price
(0.064) (0.498)

Soybean Meal Futures price Granger causes spot price Spot price Granger does not cause futures price
(0.000) (0.1263)

Rapeseed Meal Futures price Granger causes spot price Spot price Granger does not cause futures price
(0.000) (0.134)

Rapeseed Futures price Granger causes spot price Spot price Granger does not cause futures price
(0.000) (0.273)

Note: This table shows the results of the Granger causality test from the future price on the spot market and the
spot price on the futures price. The p-values in the Granger causality test are reported in parentheses.

The results indicate that there is no causality effect between the wheat futures and the
spot prices at the 10% significance level. For the other six commodities, the results show
that the futures prices have impacts on the spot prices and, except for soybean, that there is
mutual causation.

4.3. SSA-Based Causality Test

In this section, in order to further discover the relationship between the agricultural
futures and agricultural spot prices in China, a non-parametric causality test based on the
Singular Spectrum Analysis method is employed.

The Singular Spectrum Analysis (SSA) method is a modern, powerful, non-parametric
decomposition and forecasting model (Beneki et al. 2012) that filters noise and forecasts
signals (Hassani et al. 2015). The advantages of SSA over traditional time series models are
that it is one of the few models capable of handling non-stationarity and non-normality
(Hassani et al. 2015), handling and forecasting missing values (Hassani et al. 2020), and
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managing other complex characteristics in time series. Univariate SSA, which uses the
recurrent and vector techniques, and the multivariate versions of SSA have been applied in
forecasting in tourism, economics, fashion and other fields (Silva et al. 2017, 2019; Hassani
et al. 2018). Given its wide implementation and success, the design of the SSA causality
test is, to the author’s knowledge, for the first time introduced here to study the causality
relationship between the spot and futures markets.

There is no specific limitation about the length of out-of-sample, just a general consider-
ation for a simulation scenario, where the length of time series for reconstruction will take
two-thirds of the whole series, with the rest used for calculating the forecasting error. In order
to conduct the SSA causality test for the futures and spot prices, the out-of-sample size for
testing is also set as one-third of the corresponding tested series; the specific series lengths
and cutting points are listed in Table 5. Please note that all the forecasting results for both the
SSA and multivariate SSA steps are the optimal choice chosen after considering all possible
window lengths L and the corresponding choices of the number of eigenvalues r, respectively.
For achieving a comprehensive comparison, we conducted SSA causality tests for the total
period sample as well as before and after the cancellation of the temporary collection and
storage policy periods. As can be seen in Table 5 below, causalities are detected from future
price to spot price for the total period sample of more than half of the commodities. It is
also noticed that before the cancellation of the temporary collection and storage policy, we
detected strong bidirectional causality relationships between the future and spot prices for
five commodities, and unidirectional causality from the future to spot price for the other two
commodities. After the policy was implemented, although the causality from the future to the
spot price shows a diminishing trend based on the results of four commodities, causality from
the spot to future price remains for six out of seven commodities apart from soybean meal.

Table 5. SSA causality test.

Commodity Period No. of
Obs.

Cut
Point

Univariate
SSA

of Futures
Price

Univariate
SSA

of Spot Price

MSSA of
Futures Price

by Adding
Spot Price

SSA Causality
Spot Price to
Futures Price

MSSA of Spot
Price

by Adding
Futures Price

SSA Causality
Futures Price to

Spot Price

L, R RMSE L, R RMSE L, R RMSE F Stat Decision L, R RMSE F Stat Decision

Soybean

Total 2126 1416 2, 1 0.010 2, 1 0.006 2, 1 0.011 1.102 NO 2, 1 0.004 0.756 YES

Before 1285 857 2, 1 0.010 2, 1 0.007 2, 1 0.009 0.886 YES 2, 1 0.006 0.941 YES

After 841 561 2, 1 0.012 2, 1 0.004 2, 1 0.011 0.923 YES 2, 1 0.004 1.033 NO

Corn

Total 2117 1412 2, 1 0.011 3, 2 0.002 2, 1 0.015 1.298 NO 3, 2 0.003 1.210 NO

Before 1276 851 2, 1 0.010 4, 2 0.002 2, 1 0.007 0.716 YES 4, 2 0.001 0.830 YES

After 841 561 2, 1 0.016 3, 2 0.003 2, 1 0.012 0.738 YES 3, 2 0.003 1.004 NO

Wheat

Total 2107 1404 2, 1 0.010 3, 2 0.002 2, 1 0.010 1.015 NO 3, 2 0.003 1.175 NO

Before 1266 844 2, 1 0.011 4, 2 0.002 2, 1 0.007 0.656 YES 3, 2 0.002 0.711 YES

After 841 561 2, 1 0.010 3, 2 0.003 3, 2 0.010 0.986 YES 3, 2 0.003 0.922 YES

Early Rice

Total 2033 1355 2, 1 0.010 2, 1 0.002 2, 1 0.011 1.136 NO 2, 1 0.002 0.968 YES

Before 1192 795 2, 1 0.011 2, 1 0.004 2, 1 0.009 0.838 YES 2, 1 0.002 0.469 YES

After 841 561 2, 1 0.011 2, 1 0.002 2, 1 0.011 0.985 YES 2, 1 0.002 1.094 NO

Soybean Meal

Total 2124 1416 2, 1 0.017 2, 1 0.009 2, 1 0.018 1.051 NO 2, 1 0.009 0.941 YES

Before 1283 855 2, 1 0.016 2, 1 0.010 2, 1 0.019 1.206 NO 2, 1 0.009 0.946 YES

After 841 561 2, 1 0.017 3, 2 0.009 2, 1 0.018 1.042 NO 3, 2 0.007 0.826 YES
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Table 5. Cont.

Commodity Period No. of
Obs.

Cut
Point

Univariate
SSA

of Futures
Price

Univariate
SSA

of Spot Price

MSSA of
Futures Price

by Adding
Spot Price

SSA Causality
Spot Price to
Futures Price

MSSA of Spot
Price

by Adding
Futures Price

SSA Causality
Futures Price to

Spot Price

L, R RMSE L, R RMSE L, R RMSE F Stat Decision L, R RMSE F Stat Decision

Rapeseed
Meal

Total 1155 770 2, 1 0.018 4, 2 0.008 2, 1 0.017 0.960 YES 4, 2 0.009 1.208 NO

Before 314 209 2, 1 0.017 4, 2 0.005 2, 1 0.009 0.522 YES 3, 2 0.004 0.672 YES

After 841 561 2, 1 0.020 4, 2 0.008 2, 1 0.017 0.894 YES 4, 2 0.009 1.114 NO

Rapeseed

Total 1156 770 2, 1 0.014 2, 1 0.010 2, 1 0.013 0.934 YES 2, 1 0.008 0.807 YES

Before 315 210 2, 1 0.008 2, 1 0.001 2, 1 0.010 1.274 NO 2, 1 0.000 0.168 YES

After 841 561 2, 1 0.014 2, 1 0.009 2, 1 0.013 0.960 YES 2, 1 0.006 0.625 YES

Note: This shows the SSA causality test results of univariate and multivariate SSA of the futures price (FP) and
spot price (SP). The length of time series for reconstruction takes 2/3 of the whole series and the remaining
1/3 is used for calculating forecasting error. The specific series lengths and cutting points are listed under the
column “cut point”. All the forecasting results of both the SSA and MSSA steps are the optimal choice chosen
after considering all possible window lengths L and their corresponding choices of the number of eigenvalues r,
respectively. For achieving a comprehensive comparison, we conducted SSA causality tests for the total period
sample, as well as before and after the cancellation of the temporary collection and storage policy periods.

4.4. Information Share Model

Using the sample data described in the previous section, first the adjustment coefficient
vectors in (4) and (5) and the Cholesky decomposition matrix in (13) were estimated. (The
detailed VECM estimation results and the Cholesky decomposition matrix are available
from the authors upon request.) Then, the price discovery ratios of the futures and spot
markets for the seven agricultural products were computed. The average and upper and
lower bounds are shown in Table 6.

Table 6. Information shares between spot and future prices.

Futures Market Spot Market

Upper
Bound

Lower
Bound

Mean
Upper
Bound

Lower
Bound

Mean

Soybean 13.78 9.10 11.44 90.90 86.22 88.56
Soybean Meal 73.53 35.55 54.54 64.45 26.47 45.46

Corn 99.07 98.36 98.72 1.64 0.93 1.28
Wheat 17.06 15.80 16.43 84.20 82.94 83.57

Early Rice 59.31 58.81 59.06 41.19 40.69 40.94
Rapeseed Meal 62.40 31.46 46.93 68.54 37.60 53.07

Rapeseed 98.63 96.57 97.60 3.43 1.37 2.40

Note: the price discovery ratio (percent) of the futures and spot markets for the seven agricultural products;
mean = (upper bound +lower bound)/2. For consistency, we removed the percentage sign from the table.

The information share in Table 6 measures the relative importance of new information
in the futures and spot markets to the total variance of VECM. In the futures market, five
of the seven products have upper bounds above 50%—corn, early rice, soybean meal,
rapeseed meal and rapeseed—with lower bounds of more than 50% for corn, rapeseed and
rice. In contrast, the soybean and wheat futures have upper bounds of only 13.78% and
17.06%, with insignificant short-term parameters, indicating that the futures market for
these commodities has no impact on the spot market.

The Information Share Model of Joachim Grammig and Franziska J. can give more
accurate results and provide more reliable information about the market characteristics to
investors and policy-makers. Using the GAUSS software and the constrained maximum
likelihood method, the relevant parameters of the Information Share Model are obtained
from (18) and are reported in Table 7.
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Table 7. Information shares between future and spot prices.

IST1 IST2 IST

Soybean 58.81 0.75 15.14
Soybean Meal 85.10 71.86 85.11

Corn 86.87 92.47 99.62
Wheat 1.02 82.42 36.99

Early Rice 88.03 28.39 86.26
Rapeseed Meal 69.97 80.29 58.43

Rapeseed 22.75 99.60 99.72

Note: This table shows the price discovery ratio of the futures and spot markets for the seven agricultural
products. IST1 shows the information share before 2014; IST2 shows the information share after 2014 and IST is
the information share from 2009 to 2017.

The results for information share in Table 7 are in line with previous results reported in
Table 6. As can be seen from the results covering 2009 to 2014, the futures prices of soybean
meal, corn, early rice, rapeseed meal and rapeseed all have information shares of more than
50%. Similar to the previous results, corn and rapeseed again have the highest contributions
and the futures prices of soybeans and wheat have the least effect on the market information
share. The results also indicate significant improvements in information shares in wheat
and rapeseed after implementation of the 9th Article in May 2014.

4.5. Impulse Response

In order to further investigate the contribution of the futures and spot prices of agri-
cultural products to market information, the impulse response functions were computed
and analyzed for a period of 360 days. Figure 3 presents the responses of the two markets
to shocks of one standard deviation from the other. There are a number of notable points.
First, for all the commodities except wheat, a one standard deviation shock from the futures
market results in a permanent change in the spot price, showing an increasing reaction in
the first three months and then reaching a steady state. For the wheat market, the shock
does not have a significant effect and converges to zero after the first three months, which
is in line with the results obtained for information share and the causality test for wheat.
Second, for all the markets except soybean, the reaction to a one-unit shock of spot prices on
futures prices is much smaller and has no significant impact on future prices. For the case
of soybean, the impact of a shock on the futures to spot prices, and vice versa, is similar,
increasing in the first three months and then converging to 0.0035. This is in line with the
results reported in Table 4, showing mutual causality for soybean.

Overall, the results of the Impulse Response Function (IRF) presented in Figure 3,
show that the spot prices react faster to shocks from the futures market. This confirms our
findings reported for the causality tests and the information share analysis. Our results
are also consistent and in line with results previously reported by Hua and Liu (2010)
and He et al. (2011).



J. Risk Financial Manag. 2024, 17, 299 15 of 19

Corn 

Future to spot 

.000

.001

.002

.003

.004

.005

.006

.007

50 100 150 200 250 300 350

Response of CORNS to CORNF Innovation
using Generalized Factors

 

Spot to future 

-.0004

-.0002

.0000

.0002

.0004

.0006

.0008

50 100 150 200 250 300 350

Response of CORNF to CORNS Innovation
using Generalized Factors

 

Early rice 

Future to spot 

-.001

.000

.001

.002

.003

.004

50 100 150 200 250 300 350

Response of EARLYRICES to EARLYRICEF Innovation
using Generalized Factors

 

Spot to future 

-.0004

.0000

.0004

.0008

.0012

.0016

.0020

50 100 150 200 250 300 350

Response of EARLYRICEF to EARLYRICES Innovation
using Generalized Factors

 

Rapeseed 

Future to spot 

.000

.002

.004

.006

.008

.010

.012

50 100 150 200 250 300 350

Response of RAPESEEDS to RAPESEEDF Innovation
using Generalized Factors

 

Spot to future 

.0007

.0008

.0009

.0010

.0011

.0012

.0013

.0014

.0015

50 100 150 200 250 300 350

Response of RAPESEEDF to RAPESEEDS Innovation
using Generalized Factors

 

  

Rapeseed meals 

Future to spot 

.001

.002

.003

.004

.005

.006

.007

.008

.009

.010

50 100 150 200 250 300 350

Response of RAPESEEDMEALS to RAPESEEDMEALF Innovation
using Generalized Factors

 

Spot to future 

.00450

.00475

.00500

.00525

.00550

.00575

.00600

.00625

.00650

50 100 150 200 250 300 350

Response of RAPESEEDMEALF to RAPESEEDMEALS Innovation
using Generalized Factors

 

Figure 3. Cont.



J. Risk Financial Manag. 2024, 17, 299 16 of 19

Soy bean 

Future to spot 

.0005

.0010

.0015

.0020

.0025

.0030

.0035

.0040

50 100 150 200 250 300 350

Response of SOYBEANS to SOYBEANF Innovation
using Generalized Factors

 

Spot to future 

.0005

.0010

.0015

.0020

.0025

.0030

.0035

50 100 150 200 250 300 350

Response of SOYBEANF to SOYBEANS Innovation
using Generalized Factors

 

Soybean meal 

Future to spot 

.003

.004

.005

.006

.007

.008

.009

.010

.011

.012

50 100 150 200 250 300 350

Response of SOYBEANMEALS to SOYBEANMEALF Innovation
using Generalized Factors

 

Spot to future 

.001

.002

.003

.004

.005

.006

50 100 150 200 250 300 350

Response of SOYBEANMEALF to SOYBEANMEALS Innovation
using Generalized Factors

 

Wheat 

Future to spot 

-.0005

-.0004

-.0003

-.0002

-.0001

.0000

.0001

50 100 150 200 250 300 350

Response of WHEATS to WHEATF Innovation
using Generalized Factors

 

Spot to future 

-.0010

-.0005

.0000

.0005

.0010

.0015

.0020

.0025

.0030

50 100 150 200 250 300 350

Response of WHEATF to WHEATS Innovation
using Generalized Factors

 

Figure 3. Impulse response function for a duration of 360 days. Note: Figure 3 illustrates the per unit

shock of one market on the other of the same product in the form of an impulse response funtion (i.e.,

future to spot and spot to future) for 360 time periods (days). The seven commodities include corn,

early rice, rapeseed, rapeseed meals, soybean, soybean meal and wheat.

5. Concluding Remarks

In this study, we employed a non-parametric causality test based on Singular Spectrum
Analysis (SSA) and used the Vector Error Correction Model (VECM) and two different
versions of the Information Share Model (IS) to measure the relationship between the
futures and spot prices for seven major agricultural commodities in China from 2009 to
2017. Overall, we found that the futures market in China has potential leading information
in price discovery. According to Tables 6 and 7 and applying the Hasbrouck Information
Share Model and the Joachim Grammig and Franziska models, the information share
ratios for corn, rapeseed, early rice and soybean meal futures markets are above 50%. This
suggests that these futures markets lead the spot market for these products throughout the
sample period. There is relatively weak price discovery for the soybean and wheat futures
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markets. The SSA and Granger causality tests are generally consistent and confirm that,
except for wheat and soybean meal, the futures market in China does cause and lead the
spot market. In addition, the results of the Impulse Response Function (IRF) show that
the spot prices generally react faster to shocks from the futures market and have a lasting
impact. This confirms our findings reported for the causality tests and the information
share analysis. We also found, generally, that the futures prices provided better information
for the spot prices for the agricultural commodity after the new national 9th Article. To
achieve the full potential and to establish a developed futures market in China, it is vital
that the government in China gradually relaxes the regulations and intervention in the
market. They should also initiate and facilitate a self-regulating mechanism for the market
and further improve the trading system. Future research directions include extending
the time period to explore the potential relationships between agricultural commodities
markets during the COVID-19 period and beyond. Furthermore, we can broaden the scope
of our study to include less-traded commodities and to compare across countries.
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