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Abstract: Granger causality has been widely applied to stock markets to study causal relationships 
between two time series variables. In this paper, we use Granger Causality (GC) and our recently 
proposed New Causality (NC) to find the causality relationship between the CSI 300 Spot and its 
index futures which covers the time period from April 7, 2015 to September 8, 2015. The stock 
market in this period in China experienced Crazy rise and rapid crash. We first use GC and NC 
methods to analyze the causality between the CSI 300 Spot and its index future for the all sample 
period. The results by both methods reveal that the causal influence from CSI 300 index futures to 
CSI 300 Spot is much greater than that from CSI 300 Spot to CSI 300 index futures. We then 
calculate the rolling causality using two methods. The GC results show that the causal influence 
from CSI 300 index futures to CSI 300 Spot is always much greater than that from CSI 300 Spot to 
CSI 300 index, this may not be true in practice. The NC results show that the causal influence from 
CSI 300 index futures to CSI 300 Spot is greater than that from CSI 300 Spot to CSI 300 index by 
80%, this may be true in practice. Anyway, both methods demonstrate that CSI 300 index futures 
has a major causal influence in CSI 300 Spot. 

1. Introduction 

Causality is used for identifying the direction of information flow for over two thousand years. 
Researchers proposed many causality methods to reveal causal influence in one system. In the 
literature, one of the most popular definition is Granger Causality (GC) [1]. It has been widely used 
in many different areas, such as economic and climate studies and genetics and neuroscience. The 
basic idea of causality can be traced back to Wiener[2] who conceived the notion that, if the 
prediction of one time series could be improved by incorporating the knowledge of a second one, 
then the second series is said to have a causal influence on the first. Granger later formalized the 
prediction idea in the context of linear regression models. Specifically, if the variance of the 
autoregressive prediction error of the first time series at the present time is reduced by inclusion of 
past measurements from the second time series, then the second time series is said to have a causal 
influence on the first one. The roles of the two time series can be reversed to address the question of 
causal influence in the opposite direction [3], Although GC is applied to many different areas, it has 
also been criticized by many researchers from many aspects. In 2011,Hu et.al pointed out many 
shortcomings/limitations of GC by using many illustrative examples and showed that GC is only a 
causality definition in the sense of Granger and why GC does not reflect real causality and proposed 
new causality (NC). The basic idea of NC is to use the proportion that Y occupies among all 
contributions to X to describe the strength of the real causality form Y to X which is much better 
than GC in many aspects [4]. 
    There is a large body of research dedicated to investigating the causality between prices in the 
futures market and the spot market[5][6][7]. However, most of these studies use GC definition to 
calculate causality and attempt to find a lead-lag relationship between the stock index price and the 
underlying prices of futures contracts.  
   In this paper, we firstly give GC and NC methods in time domain and then we use GC and NC 
to analyze the causality between CSI 300 Spot and its index futures over the entire sample period in 
time domain. Secondly we calculate the rolling causality[8] using GC and NC methods. Both 
methods demonstrate that CSI 300 index futures has a major causal influence in CSI 300 Spot.  
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2. Causality Methods 

2.1 GC and NC Methods 

Consider two stochastic time series which are assumed to be jointly stationary. Individually, 
under fairly general conditions, each time series admits an autoregressive representation 
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and their joint representations are described as: 
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where t = 0,1,...,N, the noise terms are uncorrelated over time, i and i have zero means and 
variances of 2

i
 and 2

i
 , i=1,2,The covariance between 1 and 2 is defined by ),cov( 2121

   . 
2.1.1.Granger Causality In Bivariate Autoregressive Model 

Now consider the first equalities in (1) and (2), if 2

i
  is less than 2

i
 in some suitable sense 

2X is said to have a causal influence on 1X . In this case, the first equality in (2) is more accurate than 
in (1) to estimate 1X Otherwise, if 2

i
  = 2

i
 , 2X is said to have no causal influence on 1X . In this 

case, two equalities are same. Such kind of causal influence, called GC, is defined by 
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Obviously, 0F
12
XX when there is no causal influence from 2X  to 1X  and 0F

12
XX  when there is. 

Similarly, the causal influence from 2X to 1X  is defined by 

  2

2

2

2

21
lnF








XX                                                                   (4) 

 
2.1.2. New Causality In Bivariate Autoregressive Model 

Based on (2), we can see contributions to 1X ,which include
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contributions, then 2X has stronger causality on 1X  or vice versa. Thus, a good definition for 
causality from 2X  to 1X in time domain should be able to describe what proportion 2X  occupies 
among all these contributions. 

So based on this general guideline New causality from 2X  to 1X  is defined as 
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   Similarly, new causality in time domain from 1X  to 2X  is defined by 
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3. Experimental Method 

We select the time period from April 7, 2015 to September 8, 2015 as the sample period. Two 
time series are employed in our analysis. One consists of the closing minute prices of the CSI 300 
Spot and the other consists of the closing minute prices of the closely related CSI 300 index futures 
contract, which are characterized by high liquidity and activity. The data are obtained from the 
Wind Info [9]. The spot data is defined as )(t SmeanSsmean t  ,where tS is the price in the spot 
market at time (minute) t, while the futures data is defined as )(f t FmeanFmean t  , where tF is the 
futures price of the nearby contract at time (minute) t . 

4. The Simulation Results 

In this section, we use GC and NC methods to calculate the causality between CSI300 Spot and 
its Index Futures. Firstly we use all the dataset to calculate causality and secondly we calculate the 
rolling causality by using moving window technology where the window size is set to be 1500. 
 
4.1. Causality performed over the entire sample period 

We first calculate causality values between CSI300 Spot and its future index for the whole 
sample period and get GC value from CSI300 Index Future to CSI300 Spot is 0.1378 and GC value 
from CSI300 Spot to CSI300 Index Future is 0.0054, We also obtain NC value from CSI300 Index 
Future to CSI300 Spot is 2.4691e-05 and NC value from CSI300 Spot to CSI300 Index Future is 
1.2787e-0.6. Therefore, Both methods reveal that CSI300 Index Future have a major causal 
influence on CSI300 Spot. To show our causality values are of significance, next we shuffle CSI 
300 Index Futures by 100 times, calculate the causality value from CSI 300 Index Futures 
(surrogate data) to CSI300 Spot, and obtain 100 causality values for GC method or NC method. The 
results are shown in Figure 1 and Figure 2 respectively where blue points are causality value from 
CSI 300 Index Futures (raw data) to CSI300 Spot (raw data). From Figure 1 and Figure 2 one can 
see that GC or NC value from CSI 300 Index Futures (raw data) to CSI300 Spot (raw data) is 
significantly different from that from CSI 300 Index Futures (surrogate data) to CSI300 Spot (raw 
data). Therefore, GC value or NC value is of significance. 
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Figure1.Granger Causality for all sample period  Figure 2. New Causality for all sample period 

 

4.2.Rolling causality performed over moving windows  

In this section, we calculate the rolling causality by moving window technology where the 
length of each window is set to be 1500 and two neighbor windows overlap is 1490. For each 
window we calculate GC and NC values. The results are reported in Figure 3 and Figure 4. 

In Figure 3 and Figure 4, the blue curve represents GC and NC values from CSI300 Spot to 
CSI300 Index Future respectively. The red curve represents GC and NC values from CSI 300 Index 
Future to CSI300 Spot respectively. From Figure 3 one can see that the red curve is always on the 
top of the blue curve by using GC method. This means CSI300 Index Future always has major 
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causal influence on CSI300 Spot. In practice this phenomenon is not true because stock market is of 
high randomness. From Figure 4 we can see that the causal influence from CSI 300 index futures to 
CSI 300 Spot is greater than that from CSI 300 Spot to CSI 300 index by 80%. This is more 
consistent with practice. 
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Figure3.Rolling Granger Causality           Figure4.Rolling New Causality 

 
5. Conclusion 

In this paper, we used GC and NC methods to calculate the causality between CSI300 Spot and 
its Index Futures. Firstly we used the whole sample points to calculate causality, and drew the 
conclusion that both methods reveals that CSI300 Index Future has a major causal influence on 
CSI300 Spot. We then calculated the rolling causality using two methods. The GC results revealed 
that the causal influence from CSI 300 index futures to CSI 300 Spot is always much greater than 
that from CSI 300 Spot to CSI 300 index, this may not be true in practice since stock market is of 
high randomness. The NC results showed that the causal influence from CSI 300 index futures to 
CSI 300 Spot is greater than that from CSI 300 Spot to CSI 300 index by 80%, this may be true in 
practice. In this way, we actually demonstrate that NC is better than GC to reveal true causality of 
one system. Anyway, both methods demonstrated that CSI 300 index futures has a major causal 
influence in CSI 300 Spot. 
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