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Abstract: Under the background of the global financial market, with the close connection and
mutual influence between the financial markets of various countries, risk management has
become the focus of attention of investors and financial institutions. Especially in the face of
complex and changeable market environment, how to effectively manage risks and ensure
asset safety has become an urgent problem to be solved. As an important risk management
tool, index futures play an irreplaceable role in the global financial market. This study focuses
on China's CSI 300 index and Japan's Nikkei 225 index futures, and aims to provide scientific
decision-making basis and risk management strategies for investors by comparing and
analyzing their hedging efficiency and influencing factors under different financial
environments. This study examines the hedging efficiency and its influencing factors in
different financial environments. Using OLS, ECM, VaR models, the data from 1 January
2023 year to 11 July 2024 were analysed with the aim of accurately measuring hedging ratios
and optimising cross-market asset allocation.It is found that the CSI 300 is significantly more
efficient than the Nikkei 225 in hedging and the ECM model outperforms OLS in hedging
performance.Both index futures are effective in reducing tail risk, but the tail risk is slightly
higher for the Nikkei 225. Differences in market structure and investor behaviour are the key
factors contributing to the different hedging efficiencies.

Keywords: stock index futures, hedging efficiency, statistical analysis, error correction
models, tail risk management.

1. Introduction

In the globalised financial market, stock index futures are not only used as an important tool for risk
management, but also a hot topic of research in both academia and practice. [1]With the acceleration
of international capital flows and the increasing integration of financial markets, the effectiveness of
hedging strategies has become a common focus of investors and scholars.[2] The comparative
analysis of the hedging efficiency of China CSI 300 Index (CSI 300) and Japan Nikkei 225 Index
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(Nikkei 225) futures contracts, as the representative financial derivatives of the two largest Asian
economies, is of great theoretical and practical significance.

This paper aims to reveal the effectiveness of stock index futures hedging strategies and their
differences in different market environments through empirical research. This study uses ordinary
least squares (OLS), error correction model (ECM), value at risk (VaR) model[3], and measures the
volatility of both to conduct an in-depth analysis of the trading data from January 1, 2023 to July 11,
2024.

The research questions focus on how to accurately measure hedging ratios and explore how
differences between markets affect hedging effectiveness.[4] The study further examines how cross-
market asset allocation can be optimised to reduce risk under volatile market conditions and assesses
the performance of different hedging strategies in risk management. In particular, the flexibility and
adaptability of hedging strategies are particularly important in the current context of increased
uncertainty in financial markets.[5]

The significance of the study lies in the fact that it can not only provide international investors
with more robust hedging strategies, but also provide new perspectives for understanding hedging
mechanisms in different financial environments.[6] This paper also incorporates an analysis of how
market volatility, investor sentiment and macroeconomic factors affect hedging efficiency. Through
empirical analyses, this study expects to provide new evidence to support existing financial theories
and provide valuable references for research and practice in related fields, especially in the current
period when the global economy is facing many challenges.

2. Methodology
2.1. Data Source and Processing

In the article, the CSI 300 index is chosen as the underlying asset for hedging CSI 300 stock index
futures, while the Nikkei 225 index is selected as the underlying asset for Nikkei 225 stock index
futures. The experimental data covers a period from January 1, 2023 to July 11, 2024, totaling 349
trading days of closing prices. The data for both the CSI 300 index and CSI 300 stock index futures
contracts are sourced from Invesco. To mitigate heteroskedasticity effects, all experimental data is
transformed into natural logarithms. Price returns are also calculated as differences of variables using
the following formulas:

AlnS,=1InS,—InS -1 (1)
AlnF =InF,—InF, -1 (2)

Here, Equation (1) represents the formula for calculating spot price yields and Equation (2)
represents futures price yields. In these equations, St denotes spot price on day t and St-1 denotes spot
price on day t-1; Ft denotes futures price on day t and Ft-1 denotes futures price on day t-1.
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2.2. Descriptive statistical analysis of yield data

Table 1: Descriptive statistics of futures price and spot price

observations median Mean Std.Dev. Skewness Kurtosis S-W test K-S test
Nikkei 225 347 -0.139 -0.129  0.993 0.24 0.336 0.994(0.171)  0.027(0.955)
Futures
Yield
Nikkei 225 347 -0.156 -0.146 1.006 0.083 -0.058 0.995(0.251)  0.048(0.391)
Yield
CSI 300 347 0.12  0.031 0.864 0.68 -0.449  0.98(0.000%**) 0.059(0.148)
Index
CSI 300 347 0.125 0.033 0.846 1.034 -0.579  0.987(0.002***) 0.049(0.326)
Index
Futures

According to the analysis of descriptive statistics, the average Nikkei 225 spot price return is -0.146
and the average Nikkei 225 futures price return is -0.129. Additionally, the average CSI 300 spot
price return is 0.12, while the average CSI 300 futures price return is 0.125.

According to the figure 1 and Figure 2, the convergence between the Nikkei 224 Index spot and
futures yields, showing a strong positive correlation with a correlation coefficient of 0.766 (p<0.001).
Similarly, Figures 3 and Figure4 compare CSI 300 Index spot with its corresponding futures,
revealing an even higher synchronization with a correlation coefficient as high as 0.946 (p<0.001),
confirming a strong correlation between spot and futures markets.
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2.3. Smoothness analysis of yield data

To ensure the validity of subsequent regression analyses, we conducted ADF unit root tests on both
NIKKEI300 and CSI300 futures and spot price returns. The results in Table 2 show that the t-values
for NIKKEI300 are -18.81 and for CSI300 are -18.662, with corresponding p-values less than 0.01,
rejecting the original hypothesis at the 1% significance level. This confirms that both return series
contain unit roots and behave smoothly under the ADF test.

Similarly, Table 3 presents ADF test results for CSI300 futures and spot price yields, showing t-
values of -17.834 for NIKKEI300 and -17.759 for CSI300, accompanied by very low p-values (<0.01).
This again rejects the original hypothesis at the 1% significance level, proving that both markets'
futures and spot price yield series exhibit stationarity under the ADF test.

Table 2: Nikkei 225 ADF Test Result

Nlkkei 225 ADF Tes Tablet

. Difference
variate
order
0
AlnSt 1
2
0
AlnFt 1
2

Threshold
t P AlC 1% 5% 10%
-19.875  0.000%**  1037.583  -3.448  -2.869  -2.571
9365  0.000%** 1075262 -3.449  -2.87 2,571
11165 0.000%%*  1123.615 -3449  -2.87 2,571
(18683 0.000%**  1007.999  -3.448  -2.869  -2.571
87 0.000%%* 1034991 -3449  -2.87 2,571

-11.68 0.000*** 1072.242  -3.449 -2.87 -2.571
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Table 3: CSI 300 ADF Test Result

CSI300 ADF Tes Tablet

. Difference Threshold
variate order t P AIC 1% 50, 10%
0 -18.639 0.000%** 901.647 -3.448 -2.869 -2.571
AlnSt 1 -7.893 0.000*** 923.462 -3.449 -2.87 -2.571
2 -11.224 0.000%** 976.468 -3.449 -2.87 -2.571
0 -17.727 0.000*** 883.662 -3.448 -2.869 -2.571
AlnFt 1 -7.926 0.000%** 898.942 -3.449 -2.87 -2.571
2 -11.184 0.000*** 951.927 -3.449 -2.87 -2.571

2.4. Cointegration tests for spot and futures prices

To determine the long-term stable equilibrium relationship between spot price returns and futures
price returns, we used the Engle-Granger two-step cointegration test.

AlInS, = a+ BInF, 3)

The results of OLS regression analysis for the Nikkei 225 index show a significant fit with InSt =
-0.9 + 0.916InFt (P<0.05, R>=0.877). Similarly, for the CSI300 index, the OLS regression analysis
gives LnSt=0.087 + 0.989*LnFt with significant fit (P<0.05, R>=0.998). These results indicate a long-
term stable equilibrium relationship between spot prices and futures prices.

Table 4: Regression results of least squares for NIKKEI 225 futures price and spot price

Linear regression analysis results n=347
Unstandardised Standardised

coefficient coefficient ¢ p VIF R Adjust F
standard R?
. Beta
deviation
C 0.9 0.192 - 4.696 0.000%** -
s 0877 0877 | 2408.78
0916 0.018 0.937 49.687 0.000%** 1 ' ' P=0.000***
futures
price
Dependent variable:Nikkei 225 price
Table 5: Regression results of least squares for CSI 300 futures price and spot price
Linear regression analysis results n=347
Unstandardised Standardised
coefficient coefficient ¢ P VIF R Adjlzlst F
standard R
o Beta
deviation
C 0.087 0.018 - 4.681  0.000%**
CSI300 F=193831.361
futures 0.989  0.002 0.999 440.263  0.000%** ] 0.998  0.998 P=0.000%***

price
Dependent variable:CSI 300 price
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After obtaining the regression equation, the residuals are calculated as follows.

et =1In (St) —a- éln (Ft) 4)

After calculating the residuals, the residual series were tested for stationarity using the ADF unit
root test. The results of the residual series are shown in Table 6 and Table 7.

(1) The t-value of NIKKEI 225 residual series in the ADF test is -8.473, with a significance p-
value of 0.000*** at difference order 0, rejecting the original hypothesis. (2) The t-value of SCI300
residuals series in ADF test is -4.198 , with a significance p-value of 0.001*** at difference order 0,
rejecting the original hypothesis.

The smooth time series indicates a cointegration relationship between NIKKEI225 and CSI300
spot price return and futures price return, allowing et to be used as a residual correction term for
building a residual correction model

Table 6: Nikkei 225 residual series smoothness test results

Nikke 224 et ADF test table

. Differential Critical Value
variable order t P AIC 1% 50, 10%
Nlkkei 0 -8.473 0.000%*** 598.388 -3.45 -2.87 -2.571
ot 1 -9.397 0.000%** 632.506 -3.45 -2.87 -2.571
2 -9.774 0.000%*** 689.613 -3.451 -2.87 -2.572

Table 7: CSI300 residual series smoothness test results

CSI 300 et ADF test table
. Differential Critical Value
variable order t P AIC 1% 50, 10%
0 -4.198 0.00] *** -3270.916 -3.449 -2.87 -2.571
CSI 300 et 1 -7.998 0.000%*** -3249.298 -3.449 -2.87 -2.571
2 -10.054 0.000%*** -3200.993 -3.449 -2.87 -2.571

3.  Solving and analysing the hedging model
3.1. OLS Hedging Model

A least squares regression model is developed to estimate the hedging ratio, which is modelled as[2].
AlnS, = a+ B AlnF, + €, (5)

The regression analysis using the OLS method shows that the R-squared value of the CSI 300
model is 0.894, significantly higher than that of the Nikkei 225 model at 0.521. In both models, the
hedonic coefficient (AlnFt) is statistically significant and close to 1, indicating a strong positive
correlation between changes in log futures returns and changes in log spot returns. The t-statistic of
the hedonic coefficient for the CSI 300 model is 55.680, much higher than that of the Nikkei 225
model at 20.155, confirming robust parameter estimation for the CSI 300 model. The hedging ratio
for the CSI 300 model is 0.9650, while for the Nikkei 225 model it is 0.7489. Both positive ratios are
economically significant.
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Table 8: Nikkei 225 Hedging results from the OLS model

Varibale coef std err t P>|t| [0.025 0.975]
const -0.0465 0.037 -1.262 0.208 -0.119 0.026
AlnFt 0.7489 0.037 20.155 0.000 0.676 0.822

R-squared: 0.521 Adj. R-squared 0.519
Prob (F-statistic) 1.09e-61

Table 9: CSI 300 Hedging results from the OLS model

Varibale coef std err t P>[t] [0.025 0.975]
const -0.0007 0.015 -0.047 0.962 -0.029 0.028
AlnFt 0.9328 0.017 55.680 0.000 0.931 0.999

R-squared: 0.894 Adj. R-squared 0.894
Prob (F-statistic) 9.27e-181

3.2. Vector autoregressive hedging model

The optimal lag between the CSI 300 index;CSI 300 stock index futures and the Nikkei 225 index;
Nikkei 225 stock index futures needs to be found before building the VAR model.

The optimal lag of the VAR model is determined by using the information criteria AIC and SC.
The optimal lag of the VAR model is determined by the information criteria AIC and SC.

The optimal lag of the Nikkei 225 VAR model was calculated by SPSS software to be 4 (see Table
10), which determined the establishment of the VAR (4) model; the optimal lag of the CSI 300 VAR
model was 2 (see Table 6), which determined the establishment of the VAR (4) model

Table 10: Nikkei 225 Calculation Results of Optimal Lag Periods

Lag logL AIC SC HQ FPE
0 1641.853 -14.398 -14.377 -14.39 0
1 2644.559 -19.748 -19.685* -19.723 0
2 2644.59 -19.764 -19.66 -19.723 0
3 2645.369 -19.785 -19.638 -19.727 0
4 2648.925 -19.821* -19.631 -19.745* 0.0%*
5 2643.698 -19.809 -19.577 -19.717 0
6 2638.626 -19.798 -19.523 -19.689 0
7 2631.358 -19.775 -19.457 -19.649 0
8 2625.393 -19.759 -19.398 -19.616 0
9 2619.165 -19.742 -19.338 -19.581 0
10 2614.704 -19.734 -19.286 -19.556 0
11 2609.998 -19.725 -19.234 -19.53 0
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Table 11: CSI 300 Calculation Results of Optimal Lag Periods

Lag logL AIC SC HQ FPE
0 2066.192 -16.894 -16.873 -16.886 0
1 2913.645 21.521 -21.457 -21.496 0
2 2950.526 -21.744% -21.638* -21.702% 0.0*
3 2945.115 21.737 -21.587 21.677 0
4 2939.028 -21.725 -21.533 -21.649 0
5 2935.718 -21.729 -21.493 -21.635 0
6 2928.049 -21.709 21.43 -21.598 0
7 2921.443 -21.695 21372 -21.566 0
8 2913.762 21.674 -21.307 -21.528 0
9 2909.064 21.671 -21.259 -21.507 0
10 2904.465 21.667 21212 -21.486 0
11 2897.187 -21.649 -21.149 -21.45 0

The basic idea of the model is as follows.

AlnS = a,+ Y7 S AInF_ + X1 6;AInS  +eg (6)

j=1 " si =1"5j
AlnF, = a;+ %7 8;AInF_; + zjq:l 85AInS_ + ey (7)

According to the vector autoregressive model, the hedging ratio between Nikkei 225 index and
Nikkei 225 stock index futures is 0.9109 with a regression result of R2 = 0.655 and modified R2 =
0.646, indicating a good fit. The hedging ratio for CSI300 index and CSI300 stock index futures is
0.9428 with R2 = 0.935 and modified R2 = 0.934, also showing a strong fit. The results suggest that
the CSI300 model performs better in explaining data variability and provides a more reliable hedging
strategy compared to the Nikkei 225 model due to its higher R-squared values. Overall, the findings
indicate that CSI300 stock index futures may be more effective in hedging risk relative to the spot
index, making it a potentially valuable tool for practical applications.

Table 12: Nlkkei 225 Hedging results by VAR model

Varibale coef std err t P>[t] [0.025 0.975]
const -0.0776 0.03 -2.381 0.018 -0.142 -0.014
AlnFt 0.8930 0.035 25.771 0.000 0.841 0.980

AlnFt lagl 0.5718 0.063 9.128 0.000 0.449 0.695
AlnFt lag2 0.446 0.069 6.508 0.000 0.311 0.581
AlnFt lag3 0.2145 0.067 3.200 0.001 0.083 0.346
AlnFt lag4 -0.0155 0.054 -0.289 0.772 -0.121 0.090

AlnSt lagl -0.6655 0.057 -11.604 0.000 -0.778 -0.553
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Table 12: (continued).

AlnSt_lag?2 -0.4546 0.068 -6.716 0.000 -0.588 -0.321
AlnSt_lag3 -0.2423 0.067 -3.612 0.000 -0.374 -0.110
AlnSt_lag4 -0.0237 0.057 -0.418 0.676 -0.135 0.088
R-squared: 0.655 Adj. R-squared 0.646
Prob (F-statistic) 4.39¢-78
Table 13: CSI 300 Hedging results by VAR model
Varibale coef std err t P>[t] [0.025 0.975]
const -0.0012 0.012 -0.104 0.917 -0.025 0.022
AlnFt 0.9428 0.014 67.866 0.000 0.916 0.970
AlnFt lagl 0.5209 0.058 8.917 0.000 0.406 0.636
AlnFt lag2 0.904 0.054 1.677 0.000 -0.016 0.196
AlnSt_lagl -0.4947 0.059 -8.363 0.000 -0.611 -0.378
AlnSt_lag?2 -0.1061 0.052 -2.039 0.042 -0.209 -0.004
R-squared: 0.931 Adj. R-squared 0.930
Prob (F-statistic) 1.83e-209
3.3. Error Correction Model Hedging Model
The model underlying the error correction model is given by.
AlnS = a+pe_, +BAINF +3%° §AInF_; + zjq:l 8,AInS,_; +e, (8)

where et -1 is the error correction term, after regression by OLS.The results are shown in Table 14

and Table 15.

Table 14: Nikkei Hedging results by ECM model

Varibale

coef std err t P>t [0.025 0.975]

const -0.0316 0.032 -0.971 0.332 -0.095 0.032

AlnFt 0.9109 0.036 25.094 0.000 0.832 0.973

et lagl 1.7444 0911 1.916 0.056 -0.046 3.535

R-squared: 0.655 Adj. R-squared 0.646
Prob (F-statistic) 2.26e-76
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Table 15: CSI 300 Hedging results by ECM model

Varibale coef std err t P>t [0.025 0.975]
const -0.0008 0.013 -0.062 0.951 -0.026 0.024
AlnFt 0.9406 0.014 65.676 0.000 0.912 0.969

et lagl -0.5517 0.289 -1.910 0.057 -1.120 0.016
R-squared: 0.931 Adj. R-squared 0.930
Prob (F-statistic) 1.16e-83

By solving the error correction model, Nikkei 224R-squared: = 0.655 Adj. R-squared = 0.646,
these two values are very close to 1, P =0 < 0. 05 under F-test, indicating that the regression is well
fitted, the model is significant, the hedging ratio is 0.9109 at this time. CSI 300R-squared: = 0.931
Adj. R-squared = 0.930, these two values are very close to 1, P = 0 < 0. 05 under F-test, indicating
that the regression is well fitted, the model is significant, the hedging ratio is 0.9406 at this time. Very
close to 1, F-test P = 0 < 0. 05, indicating that the regression is well fitted, the model is significant,
and the hedging ratio is 0.9406 at this time.

Although the hedging ratios of the two models are similar, the error correction model of CSI 300
is significantly better than that of Nikkei 225 in terms of goodness of fit.

3.4. Comparison of Hedging Performance

In order to assess the performance of the hedging ratio using the minimum variance, assume a
portfolio consisting of a long spot position of 1 unit and a short futures position of h units, with h
being the optimal hedging ratio according to the different models. The hedging performance of the
portfolio, AVH, is.

AVH = AlnSt - hAlnFt ( 9)

AVH = AlnS, — hAInF, 9)
The variance of the hedging portfolio performance is:
Var(AVH) = Var (AInS,) + h*Var (AInF,) — 2hCov (AInS,, AInF,) (10)

The degree of investment risk reduction is used to express hedging performance. The formula for
calculating the degree of investment risk reduction (H) is as follows, and the final hedging
performance results are shown in Table 15.

_ Var(aIns,)-var(avh)

(11)

Var(A In St)

Table 16: Nikkei 225 and CSI 300 hedging performance by model

Model Nikkeih  Nikkei H CSIh CSIH

OLS  0.7489 0.471933 0.9328  0.892875
VAR 0.893 0.491677 0.9428  0.893402

ECM  0.9109 0.486485 0.9406  0.893302
Nikkei 225 CSI 300

Spot yield volatility 1.0200 0.8627

Futures yield volatility 0.9799 0.8450
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The Nikkei225 OLS model has an optimal hedging ratio of 0.7489 with a performance of 0.471933,
while the VAR model has a ratio of 0.893 and a performance of 0.491677, and the error correction
model has a ratio of 0.9109 with a performance of 0.486485. For the CSI3000LS model, the optimal
hedging ratio is 0.9328 with a performance of 0.892875; for the VAR model, it is 0.9428 with a
performance of 0.893402; and for the error correction model, it is 0.9406 with a performance of
0.893302. Python calculations show that the volatility of spot and futures returns for Nikkei225 index
is higher than that for CSI300 index, indicating higher market risk for Nikkei225 index compared to
CSI300 index due to its higher volatility in both spot and futures returns.

4. Conclusion

We observe that the Nikkei 225 demonstrates distinct hedging efficiency characteristics compared to
its CSI 300 index. This disparity can largely be attributed to the heightened volatility of the Japanese
market.

Firstly,elevated volatility implies increased uncertainty and risk exposure in the market, rendering
it more challenging to forecast future price movements. Consequently, OLS, VAR, and ECM models
may encounter greater difficulties in a more volatile market, thereby impacting their hedging
efficiency. Additionally, ECM models may offer relatively better adaptability to high volatility by
incorporating error correction terms to accommodate market dynamics. Conversely, the simplicity of
the OLS model may result in suboptimal performance in a high volatility environment. The VAR
model falls somewhere between these two extremes and is also influenced by market
volatility.Moreover,Heightened volatility gives rise to heightened market risk, directly influencing
hedging effectiveness. In a highly volatile market, even an optimal hedging ratio may not completely
mitigate risk as market prices could fluctuate beyond the range predicted by the model.
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