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0e results of data description using ten samples of high-frequency data to describe the intraday characteristics of the CSI
300 index futures show that there is no significant summit and fat tail phenomenon. 0e Granger causality test shows that
there is not only a two-way Granger causality between returns and trading volume but also an instantaneous causality
relationship. 0erefore, the A-type SVAR models are identified and estimated after setting up constraints, and all the
models are tested stable. Subsequent variance decomposition results show that the residual disturbance of returns can be
explained more than 99.9% by its lagged terms; the residual disturbance of trading volume explained by its lagged terms
and returns is quite different, and the range of interpretation is very wide. 0e impulse response results show that the
market responds very quickly to new information. When a shock is reached, the market can reach a new equilibrium point
after about three observation time periods. 0is shows that the market is able to digest new information quickly, and
arbitrage trading becomes very difficult in this market.

1. Introduction

Returns and trading volume are the two important in-
dicators of the capital market. Research of the relation
between returns and trading volume is important to fi-
nancial markets. First, it can provide information about
market structures. Second, the results of relationship can
suggest whether technical or fundamental analysis should
be used in developing trading strategies. 0ird, it de-
termines whether a future contract is successful or not.
Finally, it can help us to explain the informational effi-
ciency of the future market. 0e relation between returns
and trading volume for equities as well as futures has been
the subject of a large number of studies. Previous studies
have shown that the relationship between trading volume
and returns is very complex, not only in the different
investments but also in the different sequence of mutual
influence. 0ere are mainly three research perspectives.

0e first is the sequential information arrival hypothesis
[1], which hypothesizes that the market information is

spreading outwards gradually, and it causes the changes in
return and trading volume when the market information is
transmitting. With the continuous increase in new in-
formation, the returns and trading volume increase syn-
chronously. According to the hypothesis of continuous
information arrival, the information is spread out step by
step and traders get the information step by step too. So
there are many intermediate equilibrium points before the
price reaches the final equilibrium. When all traders get the
relevant information, the market can reach the balance fi-
nally. 0ere should be a bidirectional relationship between
returns and trading volume. 0erefore, the past information
on price fluctuations can help predict the future trading
volume of transactions, and in the same way, the in-
formation on trading volume in the past can also help
predict the future price fluctuations. 0e researchers have
examined the trading volume and returns relationship in a
variety of contexts by employing a range of analytical
methods in this area. 0ere are a lot of empirical studies
which support the positive contemporaneous relationship
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between returns and trading volume [2–5]. 0e second
hypothesis is the mixture distribution hypothesis [6], which
thought that the returns and trading volume of financial
assets are determined by a potentially observable in-
formation flow. When the information flow arrives in the
market, the changes will occur in both returns and trading
volume. Under the influence of the information flow, the
changes in the market’s demand break original balance and
cause fluctuation in price. 0e transaction is carried out
while the price is fluctuating, and the reflection of trading
volume and the price to new information is instantaneous.
Regardless of the direction of price fluctuations, the trading
volume will increase with the increase in price fluctuations.
0us, there is a positive correlation between returns and
trading volume [7–10]. 0e third hypothesis is the noise
trader model [11], which suggests that noise traders’ be-
havior causes a positive causal relationship between trading
volume and returns in either direction by using past in-
formation about price changes to make investment
decisions.

As stated above, previous studies have failed to reach
an agreement on which theory is to be supported in the
future market. Some researchers study the dynamic in-
teraction relationship between returns and trading vol-
ume by the linear vector autoregressive model [5, 12].
0is implies that all current variables in the model can
regress on a number of lagged variables, and there is no
current relationship between model variables. But the
research results of the CSI 300 index futures [13] show
that there is a significant current positive relationship
between returns and trading volume. Wen et al. [14]
found that, in the stock markets of China, the upward
price adjustments impose larger effects on stock market
volatility than downward price adjustments, primarily
leading to a significant reduction in stock market vola-
tility. Bouri et al. [15] used the cross-correlation function
(CCF) approach to test the linkages between the in-
ternational oil market and the Chinese stock market and
found that there is a strong asymmetry in the dependence
between China’s stock market and the world’s crude oil
market. It is difficult to determine the relationship be-
tween volume and returns in different transaction spe-
cies. Otherwise, because of strong liquidity of the CSI 300
index futures, high-frequency trading or even ultrahigh-
frequency trading becomes possible. Some of the high-
frequency trading intervals even can reach the millisec-
ond. However, previous research on the CSI 300 index
futures mainly chose minutely or longer interval high-
frequency data samples as the research object, which not
only loses a lot of information but also plays a very
limited role in ultrahigh-frequency trading. 0erefore,
the main purpose of this paper is to find out the dynamic
interactions between intraday returns and trading vol-
ume on the CSI 300 index futures.

0e VAR model is often used to study the lead-lag re-
lationship among multivariate variables. It constructs the
model by taking every endogenous variable in the system as a

function of the lag value of all endogenous variables in the
system; thus, the univariate autoregressivemodel is extended
to the vector autoregressive model composed of multivariate
time series variables. 0e VAR model is used to estimate the
dynamic relationship of joint endogenous variables without
any preconditions. 0e SVAR model is used to measure
whether there is a causal relationship between different
variables in the current period, that is, instantaneous causal
relationship, and the model needs constraints. When we
study the relationship between returns and volume, whether
there is instantaneous causality between returns and volume
is the key to choose the VAR model or SVAR model. 0e
SVAR model is chosen for the causality of the current pe-
riod, and the VAR model is chosen for the contrary. In this
paper, there is an instantaneous causal relationship between
intraday high-frequency trading volume and return rate, so
we choose the SVAR model to study the relationship be-
tween them.

0ree important issues are addressed in this paper: first,
compared with the past research, shorter time interval
samples are used to find out that whether there is a positive
relationship between returns and trading volume in the CSI
300 index futures. Second, what is the quantitative re-
lationship between volatility and trading volume? How
much volatility and volume affect each other?0ird, whether
trading volume contains information that can be used to
forecast future returns.

Based on the ideas, this paper is structured as follows: In
Section 2, we give the structure of the model and set up the
constraints of the model. Section 3 is mainly about pre-
processing high-frequency data in order to find intraday
data feature of the CSI 300 stock index futures. Section 4
comprises empirical test and result analysis, and Section 5
concludes the study.

2. Methodology

In order to identify the impact of trading volume and returns
on the CSI index futures, the decomposition method sug-
gested by Quah and Vahey [16] is applied to a two-variable
VAR system. 0e basic mathematical expression form of the
VAR(p) model with K endogenous variables can be
expressed as follows:

yt � A1yt− 1 + · · · + Apyt− p + μt, (1)

whereAi are (K × K) coefficient matrices for i � 1, . . . , p and
μt is a K-dimensional process with E(μt) � 0 and time in-
variant definite covariance matrix E(μtμT

t ) � μ(white noise).
A VAR can be interpreted as a reduced form of the SVAR
model. 0e structural form of the SVAR model can be defined
as [17]

Ayt � A∗1yt− 1 + · · · + A∗pyt− p + Bεt. (2)

It is assumed that the structural errors εt are white noise,
and the coefficient matrices A∗1 for i � 1, . . . , p are structural
coefficients. By multiplying equation with the inverse of A
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on the left-hand side, we can get the reduced VAR form
formula similar to formula (1):

yt � A1yt− 1 + · · · + Apyt− p + μt, (3)

where μt � A− 1Bεt and its variance-covariance matrix by
 μ � A− 1BBTA− 1T

. SVAR models can be distinguished into
three types depending on the imposed restrictions: A model,
while the matrix B is set to IK; B model, while the matrixA is
set to IK; and AB model which can be restricted on both
matrices. For the above reduced formula (2), if the distur-
bance vector is the multivariate Gaussian distribution, then
we can estimate the model system by using OLS or MLE
method. Obviously, after estimating the VAR model, the
original SVAR model can be obtained through the intrinsic
link between SVAR and the corresponding VAR model. 0e
parameters are estimated by minimizing the negative of the
concentrated log-likelihood function:

ln Lc(A,B) � −
KT

2
ln(2π) +

T

2
ln |A|

2
−

T

2
ln |B|

2

−
T

2
tr ATB− 1T

B− 1A μ ,

(4)

where  μ signifies an estimate of the reduced form variance
matrix for the error process.

0e stability is an important characteristic of VAR or
SVAR process. In practice, the stability of an empirical VAR
or SVAR process can be analyzed by considering the
companion form and calculating the eigenvalues of the
coefficient matrix. Because the SVARmodel can be rewritten
as the SVR model, we just give the formula to determine
stability for the VAR model here. First, we can write a
VAR(p) process as a VAR(1) process:

εt � Aεt− 1 + vt,

With : εt �
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(5)

where (Kp × 1) is the dimensions of the stacked vectors εt

and vt and the dimension of the matrix A is e(Kp × Kp). If
the moduli of the eigenvalues of A are less than one, then the
VAR(p) process is stable.

In this paper, for the high-frequency intraday data of the
CSI 300 stock index futures, it is assumed that the trading
volume vt and the returns rt of the structural VAR model
can be estimated as follows:

rt � C1 + α1rt− 1 + · · · + αprt− p + Avt + D1ε1,

vt � C2 + β1vt− 1 + · · · + βpvt− p + Brt + D2ε2,
(6)

where ε1 and ε2 are the structural errors,
A, B, αi, and βi for i � 1, . . . , p are the regression co-
efficients, and C1 andC2 are the constants. 0en, we con-
tinue to transform the following formula:
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Converting to the vector form:

τ0Yt � C0 + τ1Y1 + · · · + τpYt− p + D0μt.

With τ0 �
1 − A

− B 1
 ,

C0 �
C1

C2
 ,

τi �
αi 0

0 βi

 , while i � 1, · · · , p,

D0 �
D1 0

0 D2
 ,

μt �
ε1
ε2

 .

(8)

0is is the form of the SVAR model which we need to
estimate.

3. Data Description

0e main purpose of this paper is studying the re-
lationship between intraday returns and trading volume
of the CSI 300 index futures. 0erefore, the intraday high-
frequency data of the CSI 300 index futures are chosen as
the object for the study. 0ere is another reason for
choosing the intraday data as a research sample. Because
of the overnight information and weekend effects,
overnight yields have far greater impact on the SVAR
model than intraday yields, which is unfavorable for the
estimation of intraday models. So in this paper, intraday
high-frequency data from 2 July to 13 July are selected as
the study sample, which is from the IF1208 contract of the
Shanghai and Shenzhen 300 stock (CSI 300) index futures
in 2012. 0ese sample select two transactions per second
high-frequency data to describe the intraday pattern of
the CSI 300 index futures. After excluding the opening
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minutes’ data, the closing minutes’ data, and the turnover
no change data, we get a total of 300997 sample records.
All the data are taken from the China Financial Futures
Exchange. 0e principles for selecting the samples are as
follows:

(1) Choosing research samples not only needs to
eliminate the unstable period when stock index fu-
tures just listed (October 2010) but also needs to
eliminate the influence of external information such
as Chinese holidays. If the sample selected for the
study happens to be in the digestion period of a
major external policy information market, the
conclusions of the study may not be representative.
China has no holidays in July, so it is less affected by
external market information.

(2) In order to make the research sample representative
and make the research more general, we selected a
complete trading cycle from Friday to Friday as the
research object.

(3) 0e research period of this paper is very ordinary,
and there are no special incidents, so it has a
certain representativeness and can explain some
problems. Of course, we can also change to an-
other time cycle to study the relationship between
the two, but we cannot study the relationship
between the volume and yield of all samples, so the
amount of data is too large.

(4) Furthermore, in order to eliminate the influence of
overnight information, we also removed samples of
one minute after the opening, one minute before the
closing, and no volume.

Suppose pt is the CSI 300 index futures’ price at time t,
the returns can be defined as follows:

rt � 100∗ lnpt − lnpt− 1( . (9)

In order to find the intraday pattern of CSI 300 index
futures, we use R language to describe the data features as
shown in Table 1.

Table 1 shows that the average of the CSI 300 index
futures’ intraday returns is 0 in all ten observational
samples, and its standard error is 0.01. We also find that
skewness does exist in some of the observation samples,
but the skewness’ values are not too big, and they obey
asymmetric distribution generally. 0e kurtosis of ob-
servational samples is significantly less than 3, which
means there is no significant summit and fat tail phe-
nomenon, and the result is different from the previous
research results of high-frequency data. 0is has a great
relationship with the sample frequency. 0e sample does
not conform to normal distribution. Partial normal
distribution is more suitable for the sample distribution.
Returns and trading volume of the observed samples are
plotted in Figure 1.

From Figure 1, we can see the CSI 300 index futures’
returns and trading volume have no obvious intraday pat-
tern, but they have significant correlation characteristics.
Generally, there are two or more trading volume peaks in

each trading day. At some point, the trading volume will
exceed 200 hands at each observation interval. 0is shows
that the market with significant fluctuations in the aggre-
gation effect is not only having a strong liquidity but also
having a strong impact. In comparison, the returns series is
stable, and there is a strong correlation between the variation
and the trading volume change.

In addition to the aggregation effect of yield, we can
clearly see that, at some moments, when the volume is much
higher than the average volume, the yield will change
dramatically. 0is phenomenon reflects the very active in-
traday trading in the stock index futures’ market and the
fierce competition between the buyers and sellers for market
prices. As a result, a large number of price-limiting orders
will be formed in buy one and sell one locations, forming a
price protection barrier. Breaking through the existing
barriers requires greater market energy; that is, a larger
volume needs to be cooperated.

4. Empirical Test

Vector autoregressive (VAR) model is regularly used to
forecast the time series system and analyze the dynamic
effects of the system. It does not take any prior constraints
and needs to be exogenous or endogenous assumptions, and
all variables in the model are regarded as endogenous
variables.0e SVAR or VARmodel can be established by the
process shown in Figure 2.

4.1. Establishment of the VAR Model. A stability condition
should be satisfied before we establish a VAR or SVAR
model. Otherwise, the OLS regression is easy to be pseu-
doregression. 0erefore, the first task is to check out the
stationarity of the time series data. In general, the unit root
test is used to verify the stability of the data. However, in this
paper, the number of all ten samples is nearly 30,000, and it
is consistent with the hypothesis that large sample has weak
stationarity, so we do not need to check again whether the
data are stabile or not. 0e VAR model can be established
directly.

After making sure the variables of the model are
stable, we need to determine the lag term of the model.
0e lag term of the VAR model is usually determined by
Akaike information criterion (Schwarz �AIC) and
Schwartz criterion (criterion � SC) which can estimate
the complexity of the model and the goodness of fitting
data:

AIC � −
2l

T
+
2n

T
,

SC � −
2l

T
+

n lnT

T
,

(10)

where n is the number of estimating parameters, T is the
sample size, and l is the value of likelihood function. When
AIC and SC standards of the model are not uniform, we can
choose one of them as the criteria for judging. 0e results of
AIC and SC criteria for ten observation samples are shown
in Table 2.

4 Mathematical Problems in Engineering



0

100000

Ch
an

ge
 in

 v
ol

um
e

Ch
an

ge
 in

 re
tu

rn
s

20000 30000

50

100

150

200

250

0.06

0.03

0.00

0.03

0.06

(a)

0
40000 50000 60000

Ch
an

ge
 in

 v
ol

um
e

Ch
an

ge
 in

 re
tu

rn
s

100

200

300

–0.04

0.00

0.04

(b)

Figure 1: Continued.

Table 1: 0e statistical characteristics of the CSI 300 index futures’ returns.

Date Number Average Std. error Median Min Max Range Skewness Kurtosis SE
D02 29568 0 0.01 0 − 0.06 0.06 0.11 0.01 1.31 0
D03 30087 0 0.01 0 − 0.06 0.06 0.13 0.04 1.90 0
D04 30256 0 0.01 0 − 0.06 0.06 0.12 0.01 1.26 0
D05 30125 0 0.01 0 − 0.05 0.07 0.12 0.06 1.72 0
D06 30449 0 0.01 0 − 0.06 0.06 0.12 − 0.16 2.13 0
D09 29895 0 0.01 0 − 0.08 0.04 0.12 − 0.03 2.13 0
D10 29615 0 0.01 0 − 0.06 0.05 0.11 − 0.01 1.22 0
D11 29964 0 0.01 0 − 0.10 0.07 0.17 − 0.01 2.42 0
D12 30716 0 0.01 0 − 0.07 0.06 0.13 − 0.03 1.45 0
D13 30302 0 0.01 0 − 0.07 0.06 0.13 0.01 1.57 0
Date represents the study sample, and the data exclude the opening minutes, the closing minutes, and the turnover no change data.
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Figure 1: Continued.
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Figure 1: Continued.
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Figure 1: 0e intraday fluctuation of CSI 300 index futures’ returns and trading volume: (a) sample D02, (b) sample D03, (c) sample D04,
(d) sample D05, (e) sample D06, (f ) sample D09, (g) sample D10, (h) sample D11, (i) sample D12, and (j) sample D13.
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As we expected, the SC and AIC results are not consistent,
but the gap between them is very small. Here, we take the SC
standard because the lower lag term can reduce the complexity
of the model and the number of the coefficients which are to be
evaluated. From the results of the above table, we can establish
ten initial VAR models: VAR(7), VAR(6), VAR(8), VAR(9),
VAR(8), VAR(9), VAR(8), VAR(9), VAR(7), and VAR(8), for
D02–D13 samples which can be used to do the Granger
causality test.

4.2. Granger Causality Test. In order to find out the dynamic
relationship between trading volume and returns, the Granger
causality test is needed. Table 3 shows the results of the Granger
causality test with the R language VARS package for CSI 300
index futures’ intraday trading volume and returns.

0e hypothesis of the Granger causality test is that there
is causality between variables to be tested, and the alternative
hypothesis is that there is no causality between variables. In
Table 3, R or A indicates acceptance or rejection of the
original hypothesis at the significant level of 0.1.

In our study, the Granger causality test and instantaneous
causality test are tested for returns and trading volume. From
the results of the test, the relationship between returns and
trading volume is complex: seven of ten samples support that
trading volume is theGranger reason for returns, nine of the ten
samples support that returns is the Granger reason for trading
volume; and eight of the ten samples also support that there is
instantaneous causality between returns and trading volume. In
general, the results show that not only the past trading volume
and returns but also the current trading volume will have an
impact on the current returns forecast, and in accordance with
practice, when the new information flows into the market, the
increase of trading volume does cause the fluctuations in price,
and vice versa. So the establishment of the SVARmodel is more
appropriate than the establishment of the VAR model in this
situation.

4.3. Establishment of the SVAR Model. As we all know, the
explanatory variables of the VAR model only have lagged
items, and there is no current relationship between variables.
So in this situation, the current trading volume is an im-
portant variable to explain the returns, which must be in-
cluded into the model. 0us, the SVAR model is needed to
adapt to this situation. In Section 2 of this article, we identify
the SVAR model as follows:

τ0Yt � C0 + τ1Y1 + · · · + τpYt− p + D0μt,

With τ0 �
1 − A

− B 1
 ,

C0 �
C1

C2
 ,

τi �
αi 0

0 βi

 , while i � 1, · · · , p,

D0 �
D1 0

0 D2
 ,

μt �
ε1
ε2

 .

(11)

In the model, the trading volume is interpreted as the
impact of returns, according to the SVAR model theory. If a
SVARmodel of n variables can be identified, then we need to
impose n∗(n − 1)/2 restrictions. So we only need to impose
one restriction on this model. As we mentioned above, μt is a
white noise structure disturbance vector, and it represents
the mutual impact of trading volume and returns. In fact,
there is no strong correlation between the variance co-
variance matrixes. 0erefore, we can consider applying a
constraint to the variance covariance matrix D0, making D0

as a unit matrix,D0 �
1 0
0 1 . After setting up the restrictive

conditions, the next step is to estimate the parameters of the
SVAR model. 0e VAR model can be regarded as a reduced
form of the SVAR model. 0erefore, we can estimate the
parameters of the SVARmodel by estimating the parameters
of the VAR model first. Table 4 is the regression result of the
VAR model, in which the yield is treated as an interpreted
variable. In the regression results, we found that (1)the closer
the lag time is, the more significant the estimation results of
the coefficient of variables are, (2) the coefficient of constant
term is generally not significant, which is related to the
sample mean value of zero, (3) trading volume has little
contribution to yield forecast in the past, which reflects the
model estimation coefficient is not significant or the absolute
value of coefficient is too small. Next, we need to estimate
the coefficients of matrix A. By using the coefficients of
matrixA and the estimated results of the VARmodel, we can
calculate the coefficients of dividing SVAR model. A scoring

Table 2: 0e results of SC and AIC tests.

Samples AIC (n) HQ (n) SC (n) FPE (n)
D02 10 10 7 10
D03 10 10 6 10
D04 10 10 8 10
D05 10 9 9 10
D06 10 10 8 10
D09 10 10 9 10
D10 10 9 8 10
D11 9 8 9 9
D12 10 10 7 10
D13 10 10 7 10
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algorithm function is used to estimate the structural pa-
rameters. 0en, the parameters of A matrix are estimated as
shown in Table 5.

0e results of the estimated coefficient matrix from
Table 5 show that the estimated coefficient A incline to be
a smaller negative value and the estimated coefficient B
incline to be a large positive value. 0e situation is caused
by two reasons: first, the order of magnitude of the
trading volume and returns can explain part of the
reason; second, when the returns is the explanatory
variable, the impact of the current trading volume is very
small, and it is mainly explained by its lagged terms.
When the trading volume is the explanatory variable, the
impact of the current returns is great. Once again, this
result shows that the stock index futures’ market has
strong liquidity. 0e smaller returns shock can cause a
large trading volume change; the larger trading volume
impact can only cause a small change in returns. Rela-
tively, this situation is consistent with the sequential
information arrival hypothesis which reflected in the
existing of a two-way causality relationship between
returns and trading volume.

Before employing impulse response functions (IRFs) and
forecasting error variance decomposition (FEVD), the sta-
bility of the model is tested first. 0is means that the model
generates stationary time series with time invariant means,
variances, and covariance structure, given sufficient starting
values. By evaluating the characteristic polynomial, we can
test whether the models are stable or not.

0e test results from Figure 3 show that all the values of
the eigenvalues of the companion coefficient matrix are less
than one, and the models are stable. So we can use the
model to identify shocks and trace out by employing
impulse response functions and forecasting error variance
decomposition.

4.4. Impulse Responses. 0e Granger causality test only
reflects the causal relationship between variables, but it
cannot reflect the degree of interaction between variables
of the model system.0erefore, impulse response analysis
is needed to understand the impact of trading volume on
returns.

0e impulse response function is used to measure the
influence of a standard shock on the current and future
values of other variables; it can describe the dynamic in-
teraction and the effect between variables. As we all know,
returns are one of the important indicators of futures
trading, which can directly decide the trading strategy is
successful or not. 0erefore, we focus to analyze the impact
of trading volume on the returns and analyze the dynamic
characteristics between returns and trading volume that
means to calculate the impact which is caused by a standard
deviation of the returns for returns. 0e results of impulse
response from trading volume are shown in Figure 4.

0e horizontal axis in Figure 3 represents the number of
retroactive periods, set from one to ten, and the vertical axis
represents the response variables, and the impulse response
function is shown by the solid line.

As shown in Figure 3, the impulse responses tend to 0
after the three periods under the unit standard impact of
variable V in all the ten observation samples. 0is shows that
the system is very stable, and the price can be restored after
three observation periods to balance by the shocks of market
innovation. For a positive impact, the biggest positive re-
sponse is given in the first observation period. A negative
response is given in the second observation period, and the
size is half of the first reaction roughly.0e response of third
observation period was positive, and the size of it is half of
the second one.0e size of response is exponential decay and
eventually tending to 0.

0e impact of trading volume generally reflects the
impact costs of market transactions. It can be concluded
from the results that the liquidity of the market is very
strong, and it has strong ability to absorb shocks, which
means the market is close to an effectiveness market. 0is
shows that there is a large number of market arbitragers so
that the arbitrage trading in the market is becoming more
and more difficult. 0e space of arbitrage gets further
contracted, and transaction speed becomes the most im-
portant factor in arbitrage trading in this market.

4.5. Forecasting Error Variance Decomposition (FEVD).
By analyzing the contribution of a structural shock for the
variation of endogenous variables, variance decomposition

Table 3: 0e results of the Granger causality test.

Samples
Granger causality test

Instantaneous causality test
Granger causality test for v Granger causality test for r

F test P value R or A F test P value Y or N χ2 test P value Y or N
D02 3.25 0.002 Refused 2.90 0.005 Refused 0.21 0.645 Accepted
D03 3.69 0.001 Refused 5.51 1.02e − 05 Refused 35.00 3.30e − 09 Refused
D04 1.73 0.087 Refused 0.38 0.930 Accepted 0.242 0.623 Accepted
D05 3.06 0.001 Refused 2.41 0.010 Refused 10.95 0.001 Refused
D06 25.88 2.2e − 16 Refused 2.08 0.034 Refused 14.28 0.0002 Refused
D09 7.75 1.7e − 11 Refused 3.41 0.0003 Refused 19.04 1.28e − 05 Refused
D10 0.64 0.748 Accepted 3.45 0.001 Refused 4.96 0.026 Refused
D11 5.52 2.3e − 06 Refused 2.94 0.004 Refused 2.49 0.115 Accepted
D12 24.28 2.2e − 16 Refused 1.35 0.222 Accepted 20.70 5.38e − 06 Refused
D13 2.17 0.033 Refused 0.25 0.973 Accepted 4.08 0.043 Refused
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Table 4: 0e vector autoregressive coefficient estimation of return for ten samples of trading Volume (D02, D03, . . ., D13).

Estimate Std. error t value Pr(>|t|) Significant
level

D02-VAR
r1 − 4.810e − 01 5.818e − 03 − 82.682 <2e − 16 ∗∗∗
v1 3.603e − 06 3.408e − 06 1.057 0.29041 ‡
r2 − 1.941e − 01 6.455e − 03 − 30.069 <2e − 16 ∗∗∗
v2 1.785e − 06 3.485e − 06 0.512 0.60866 ‡
r3 − 3.446e − 02 6.552e − 03 − 5.259 1.46e − 07 ∗∗∗
v3 − 8.606e − 07 3.521e − 06 − 0.244 0.80691 ‡
r4 1.166e − 02 6.554e − 03 1.778 0.07535 †
v4 − 3.089e − 06 3.534e − 06 − 0.874 0.38219 ‡
r5 1.798e − 02 6.551e − 03 2.745 0.00605 ∗∗
v5 − 8.198e − 06 3.521e − 06 − 2.328 0.01990 ∗
r6 1.373e − 02 6.454e − 03 2.128 0.03337 ∗
v6 − 8.298e − 06 3.485e − 06 − 2.381 0.01728 ∗
r7 2.578e − 03 5.816e − 03 0.443 0.65765 ‡
v7 3.038e − 06 3.408e − 06 0.891 0.37281 ‡
Const 1.078e − 04 6.126e − 05 1.760 0.07844 †
D03-VAR
r1 − 4.293e − 01 5.769e − 03 − 74.416 <2e − 16 ∗∗∗
v1 6.669e − 06 2.944e − 06 2.265 0.02352 ∗
r2 − 1.375e − 01 6.279e − 03 − 21.894 <2e − 16 ∗∗∗
v2 − 5.452e − 06 3.027e − 06 − 1.801 0.07169 †
r3 − 4.982e − 03 6.327e − 03 − 0.788 0.43097 ‡
v3 − 3.213e − 06 3.057e − 06 − 1.051 0.29333 ‡
r4 3.164e − 02 6.324e − 03 5.003 5.68e − 07 ∗∗∗
v4 − 9.732e − 06 3.057e − 06 − 3.183 0.00146 ∗∗
r5 2.798e − 02 6.272e − 03 4.462 8.16e − 06 ∗∗∗
v5 − 5.213e − 06 3.027e − 06 − 1.722 0.08507 †
r6 1.379e − 02 5.764e − 03 2.393 0.01672 ∗
v6 8.199e − 06 2.945e − 06 2.784 0.00538 ∗∗
Const 1.236e − 04 5.830e − 05 2.120 0.03398 ∗
D04-VAR
r1 − 4.456e − 01 5.751e − 03 − 77.472 <2e − 16 ∗∗∗
v1 − 1.841e − 06 3.234e − 06 − 0.569 0.569132 ‡
r2 − 1.523e − 01 6.295e − 03 − 24.190 <2e − 16 ∗∗∗
v2 − 1.284e − 06 3.303e − 06 − 0.389 0.697517 ‡
r3 3.837e − 03 6.350e − 03 0.604 0.545655 ‡
v3 − 1.061e − 06 3.343e − 06 − 0.317 0.750975 ‡
r4 5.311e − 02 6.341e − 03 8.375 <2e − 16 ∗∗∗
v4 − 2.710e − 07 3.360e − 06 − 0.081 0.935715 ‡
r5 5.661e − 02 6.341e − 03 8.927 <2e − 16 ∗∗∗
v5 3.474e − 06 3.360e − 06 1.034 0.301205 ‡
r6 4.639e − 02 6.350e − 03 7.305 2.84e − 13 ∗∗∗
v6 3.749e − 06 3.342e − 06 1.122 0.261919 ∗
r7 2.371e − 02 6.296e − 03 3.765 0.000167 ∗∗∗
v7 − 1.627e − 06 3.301e − 06 − 0.493 0.622077 ‡
r8 8.281e − 03 5.752e − 03 1.440 0.149964 ‡
v8 − 9.504e − 07 3.232e − 06 − 0.294 0.768731 ‡
Const − 1.379e − 05 6.585e − 05 − 0.209 0.834183 †
D05-VAR
r1 − 4.380e − 01 5.765e − 03 − 75.966 <2e − 16 ∗∗∗
v1 1.320e − 05 3.242e − 06 4.072 4.67e − 05 ∗∗∗
r2 − 1.466e − 01 6.296e − 03 − 23.286 <2e − 16 ∗∗∗
v2 − 2.290e − 06 3.321e − 06 − 0.690 0.4905 ‡
r3 8.412e − 03 6.353e − 03 1.324 0.1855 ‡
v3 7.486e − 07 3.381e − 06 0.221 0.8248 ‡
r4 6.817e − 02 6.353e − 03 10.729 <2e − 16 ∗∗∗
v4 − 4.802e − 06 3.401e − 06 − 1.412 0.1579 ‡
r5 5.420e − 02 6.358e − 03 8.524 <2e − 16 ∗∗∗
v5 7.056e − 07 3.407e − 06 0.207 0.8359 ‡
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Table 4: Continued.

Estimate Std. error t value Pr(>|t|) Significant
level

r6 1.530e − 02 6.353e − 03 2.409 0.0160 ∗
v6 5.987e − 07 3.401e − 06 0.176 0.8603 ‡
r7 1.635e − 02 6.353e − 03 2.575 0.0100 ∗
v7 − 1.822e − 06 3.381e − 06 − 0.539 0.5899 ‡
r8 2.015e − 03 6.295e − 03 0.320 0.7488 ‡
v8 − 5.570e − 06 3.319e − 06 − 1.678 0.0933 †
r9 − 2.128e − 03 5.765e − 03 − 0.369 0.7120 ‡
v9 3.052e − 06 3.240e − 06 0.942 0.3463 ‡
Const − 8.944e − 05 6.208e − 05 − 1.441 0.1496 ‡
D06-VAR
r1 − 3.770e − 01 5.734e − 03 65.755 <2e − 16 ∗∗∗
v1 9.924e − 06 3.159e − 06 3.141 0.00169 ∗∗
r2 − 7.463e − 02 6.135e − 03 − 12.165 <2e − 16 ∗∗∗
v2 3.182e − 06 3.255e − 06 0.978 0.32831 ‡
r3 4.361e − 02 6.155e − 03 7.085 1.43e − 12 ∗∗∗
v3 − 1.275e − 06 3.296e − 06 − 0.387 0.69877 ‡
r4 6.103e − 02 6.161e − 03 9.906 <2e − 16 ∗∗∗
v4 1.974e − 07 3.307e − 06 0.060 0.95239 ‡
r5 2.841e − 02 6.167e − 03 4.607 4.10e − 06 ∗∗∗
v5 − 2.664e − 06 3.306e − 06 − 0.806 0.42042 ‡
r6 1.424e − 02 6.167e − 03 2.309 0.02095 ∗
v6 1.652e − 06 3.294e − 06 0.502 0.61597 ‡
r7 5.811e − 03 6.151e − 03 0.945 0.34482 ‡
v7 − 4.773e − 06 3.251e − 06 − 1.468 0.14209 ‡
r8 1.090e − 02 5.747e − 03 1.897 0.05783 †
v8 − 3.229e − 06 3.153e − 06 − 1.024 0.30584 ‡
Const 1.984e − 05 6.682e − 05 0.297 0.76653 †
D09-VAR
r1 − 4.279e − 01 5.789e − 03 − 73.917 <2e − 16 ∗∗∗
v1 − 1.126e − 05 3.575e − 06 − 3.150 0.00163 ∗∗
r2 − 1.470e − 01 6.299e − 03 − 23.335 <2e − 16 ∗∗∗
v2 7.269e − 06 3.665e − 06 1.983 0.04734 ∗
r3 − 7.382e − 03 6.361e − 03 − 1.160 0.24587 ‡
v3 − 1.062e − 05 3.718e − 06 − 2.856 0.00429 ∗∗
r4 4.816e − 02 6.364e − 03 7.567 3.92e − 14 ∗∗∗
v4 2.387e − 06 3.734e − 06 0.639 0.52264 ‡
r5 3.615e − 02 6.368e − 03 5.677 1.39e − 08 ∗∗∗
v5 3.604e − 06 3.748e − 06 0.962 0.33630 ‡
r6 1.712e − 02 6.365e − 03 2.689 0.00716 ∗∗
v6 5.297e − 06 3.734e − 06 1.419 0.15600 ‡
r7 3.106e − 04 6.366e − 03 0.049 0.96109 ‡
v7 1.169e − 06 3.716e − 06 0.315 0.75300 ‡
r8 9.281e − 03 6.306e − 03 1.472 0.14106 ‡
v8 − 4.799e − 07 3.663e − 06 − 0.131 0.89575 †
r9 1.183e − 03 5.793e − 03 0.204 0.83818 ‡
v9 − 7.533e − 06 3.571e − 06 − 2.109 0.03492 ∗
Const 4.145e − 05 6.497e − 05 0.638 0.52347 ‡
D10-VAR
r1 − 4.752e − 01 5.813e − 03 − 81.757 <2e − 16 ∗∗∗
v1 1.459e − 05 3.467e − 06 4.209 2.58e − 05 ∗∗∗
r2 − 1.928e − 01 6.433e − 03 − 29.965 <2e − 16 ∗∗∗
v2 − 5.602e − 07 3.569e − 06 − 0.157 0.875256 ‡
r3 − 2.834e − 02 6.527e − 03 − 4.342 1.42e − 05 ∗∗∗
v3 4.510e − 06 3.625e − 06 1.244 0.213412 ‡
r4 3.476e − 02 6.523e − 03 5.329 9.94e − 08 ∗∗∗
v4 − 9.770e − 06 3.640e − 06 − 2.684 0.007272 ∗∗
r5 4.284e − 02 6.522e − 03 6.568 5.17e − 11 ∗∗∗
v5 − 6.514e − 07 3.640e − 06 − 0.179 0.857965 ‡
r6 3.710e − 02 6.525e − 03 5.686 1.32e − 08 ∗∗∗
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provides a method to describe the dynamic change of the
system. It gives information about the relative importance
of each random perturbation which influences the

variables in the SVAR model. 0e basic idea is to de-
compose the fluctuation of each endogenous variable in
the system according to its origin into the components

Table 4: Continued.

Estimate Std. error t value Pr(>|t|) Significant
level

v6 − 2.934e − 06 3.625e − 06 − 0.809 0.418285 ‡
r7 3.055e − 02 6.431e − 03 4.750 2.04e − 06 ∗∗∗
v7 − 4.310e − 07 3.569e − 06 − 0.121 0.903882 ‡
r8 2.030e − 02 5.810e − 03 3.493 0.000478 ∗∗∗
v8 1.927e − 06 3.468e − 06 0.556 0.578517 ‡
Const − 8.371e − 05 6.088e − 05 − 1.375 0.169159 ‡
D11-VAR
r1 − 4.397e − 01 5.777e − 03 − 76.104 <2e − 16 ∗∗∗
v1 − 3.154e − 06 3.199e − 06 − 0.986 0.324202 ‡
r2 − 1.357e − 01 6.309e − 03 − 21.510 <2e − 16 ∗∗∗
v2 5.703e − 06 3.307e − 06 1.724 0.084657 †
r3 7.086e − 03 6.351e − 03 1.116 0.264547 ∗∗∗
v3 8.151e − 06 3.348e − 06 2.435 0.014909 ∗
r4 6.332e − 02 6.341e − 03 9.986 <2e − 16 ∗∗∗
v4 2.836e − 06 3.358e − 06 0.845 0.398250 ‡
r5 5.198e − 02 6.353e − 03 8.182 2.9e − 16 ∗∗∗
v5 − 3.340e − 06 3.348e − 06 − 0.998 0.318419 ‡
r6 2.330e − 02 6.311e − 03 3.693 0.000222 ∗∗∗
v6 − 2.326e − 06 3.307e − 06 − 0.704 0.481742 ‡
r7 1.443e − 02 5.778e − 03 2.497 0.012523 ∗
v7 − 9.363e − 06 3.198e − 06 − 2.928 0.003416 ∗∗
Const 4.260e − 05 5.999e − 05 0.710 0.477660 ‡
D12-VAR
R1 − 3.746e − 01 5.710e − 03 − 65.599 <2e − 16 ∗∗∗
V1 5.194e − 06 3.003e − 06 1.730 0.0837 †
R2 − 6.764e − 02 6.099e − 03 − 11.090 <2e − 16 ∗∗∗
V2 − 2.071e − 06 3.126e − 06 − 0.663 0.5075 †
R3 6.305e − 02 6.109e − 03 10.320 <2e − 16 ∗∗∗
V3 − 2.261e − 06 3.169e − 06 − 0.714 0.4755 ‡
R4 8.002e − 02 6.107e − 03 13.102 <2e − 16 ∗∗∗
V4 − 2.033e − 06 3.179e − 06 − 0.640 0.5224 ‡
R5 5.667e − 02 6.117e − 03 9.265 <2e − 16 ∗∗∗
V5 − 2.610e − 06 3.169e − 06 − 0.824 0.4100 ‡
R6 3.111e − 02 6.111e − 03 5.091 3.58e − 07 ∗∗∗
V6 − 2.183e − 06 3.124e − 06 − 0.699 0.4848 ‡
R7 6.557e − 03 5.718e − 03 1.147 0.2515 ∗
V7 − 7.159e − 08 3.001e − 06 − 0.024 0.9810 ‡
Const 1.348e − 04 6.799e − 05 1.983 0.0474 ∗
D13-VAR
r1 − 4.049e − 01 5.747e − 03 − 70.458 <2e − 16 ∗∗∗
v1− − 1.883e − 06 3.182e − 06 − 0.592 0.554 ‡
r2 − 1.098e − 01 6.196e − 03 − 17.723 <2e − 16 ∗∗∗
v2 3.107e − 07 3.284e − 06 0.095 0.925 ‡
r3 2.989e − 02 6.222e − 03 4.803 1.57e − 06 ∗∗∗
v3 5.358e − 07 3.312e − 06 0.162 0.871 ‡
r4 6.247e − 02 6.215e − 03 10.052 <2e − 16 ∗∗∗
v4 − 2.138e − 06 3.321e − 06 − 0.644 0.520 ‡
r5 4.974e − 02 6.224e − 03 7.991 1.38e − 15 ∗∗∗
v5 − 2.441e − 07 3.312e − 06 − 0.074 0.941 ‡
r6 3.805e − 02 6.199e − 03 6.139 8.40e − 10 ∗∗∗
v6 1.697e − 06 3.284e − 06 0.517 0.605 ‡
r7 8.413e − 03 5.748e − 03 1.464 0.143 ‡
v7 − 1.506e − 06 3.181e − 06 − 0.473 0.636 ‡
Const 5.524e − 05 6.475e − 05 0.853 0.394 ‡
Significance level: ∗∗∗, 0; ∗∗, 0.001; ∗, 0.01; †, 0.05; ‡, 0.1.
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Table 5: 0e results of estimating the parameters of A matrix.

Samples A matrix Standard errors for A matrix (∗100)
r v r v

D02 r 1.00 − 0.08 0.69 − 93.65
v 136.20 1.00 − 93.65 12759.66

D03 r 1.00 − 0.001 99.99 − 12.17
v 0.12 1.00 − 12.17 101.48

D04 r 1.00 − 0.07 0.87 − 114.90
v 133.00 1.00 − 114.90 15286.30

D05 r 1.00 0.07 0.73 106.90
v − 147.50 1.00 106.94 15785.50

D06 r 1.00 0.06 1.05 143.30
v − 137.30 1.00 143.27 19675.30

D09 r 1.00 − 0.08 0.64 − 94.43
v 148.00 1.00 − 94.43 13983.82

D10 r 1.00 − 0.001 99.98 − 12.41
v 0.1249 1.00 − 12.41 101.54

D11 r 1.00 − 0.001 99.98 − 12.21
v 0.12 1.00 − 12.21 101.49

D12 r 1.00 0.06 1.10 155.20
v − 141.80 1.00 155.20 22024.20

D13 r 1.00 − 0.07 0.90 − 122.30
v 137.20 1.00 − 122.25 16779.50
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Figure 3: 0e results of evaluating the characteristic polynomial.
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Figure 4: 0e SVAR impulse response from trading volume: (a) sample D01, (b) sample D02, (c) sample D03, (d) sample D04, (e) sample
D05, (f ) sample D06, (g) sample D09, (h) sample D10, (i) sample D11, and (j) sample D13.
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which associate with the new equation. By comparing the
contribution of each part, we can find out the relative
importance of new information to the endogenous vari-
ables of the model. With the extension of the lag period,
the influence of new information on each variable tends to
be stable. So we can quantify the relationship between
variables. Variance decomposition technique is used to

decompose the variance of the two variables so that we can
calculate the relative importance of each variable impact.
Figure 5 shows the results of variance decomposition of the
SVAR model.

As shown in Figure 5, when the returns are used as the
explained variable, the residual disturbance can be explained
more than 99.9% by its lagged terms and the impact of the
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Figure 5: 0e forecasting error variance decomposition: (a) sample D01, (b) sample D02, (c) sample D03, (d) sample D04, (e) sample D05,
(f ) sample D06, (g) sample D09, (h) sample D10, (i) sample D11, and (j) sample D13.
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trading volume for its basic can be negligible.0e system can
become stable in the first period, and all ten samples are the
same; when the trading volume is used as the explained
variable, the residual disturbance explained by its lagged
terms and returns is quite different, and the range of in-
terpretation is very wide. Generally, the system will return to
stable in the third period. 0erefore, in the prediction of
returns, especially the prediction by ultrahigh-frequency
data, its own lag terms play a decisive role and the impact of
trading volume can be ignored.

5. Conclusions

0e purpose of this paper is to find out the dynamic re-
lationship between intraday returns and trading volume.
High-frequency data are used to describe the intraday data
characteristics of the CSI 300 stock index futures. And the
results show that there is no significant summit and fat tail
phenomenon which is different from the previous research
results of high-frequency data. 0en, we established the
initial VAR model.

0e Granger causality test shows that there is not only a
two-way Granger causality between returns and trading
volume but also has an instantaneous causality relation-
ship. 0is mode of information diffusion is similar to the
sequential information arrival hypothesis which means
that there is a current relationship between trading volume
and returns. However, the established VAR model does
not contain the current variable. 0erefore, the SVAR
model with current variables is needed which can explain
the relationship between returns and trading volume
better. According to the characteristics of high-frequency
data, we set up the restrictive condition for the SVAR
model, and the A-type SVAR model is obtained. After the
parameters of the coefficient matrix are estimated, we
found that the stock index futures’ market liquidity is very
strong. 0e smaller returns shock can cause a large change
in the trading volume, and the impact of larger trading
volume can only cause a small change in returns.

0e stability of the model is tested by using the sta-
tionary time series, and the results show that the models
are stable. 0en the impulse response functions and
forecasting error variance decomposition can be
employed. Variance decomposition results that when the
returns are used as the explained variable, the residual
disturbance can be explained more than 99.9% by its
lagged terms; when the volume is used as the explained
variable, the residual disturbance explained by its lagged
terms and returns is quite different, the range of in-
terpretation is very wide. 0e impulse response results
show that the market responds very quickly to new in-
formation. When a shock is reached, the market can reach
a new equilibrium point after about three observation
time periods. 0is shows that the market is able to digest
new information quickly, and arbitrage trading becomes
very difficult in this market. 0erefore, in forecasting the
intraday high-frequency yield of the stock index futures,
we only need to use the past yield as an explanatory
variable.

In this dynamic study of intraday return and volume, the
influence of external factors on this variable is very low, so
we only consider the influence of different information in
the market. As Bouri and Qian et al. [15] mentioned, in
future asset price studies, we may take into account the
extent to which a variety of external factors affect price
volatility.
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