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Abstract: Today's world is a changing world and Economic globalization will be an 

irresistible trend. There are so many uncertain event factors like the global covid-19 epidemic, 

global China–United States trade war and Brexit etc. Those events are all affecting the global 

economic growth. However, will the affection be one-way or two-way? This paper focus on 

investigating the interaction between China and American’s Stock Index. In this study, the 

stock index Standard and Poor's 500 (S&P 500) in America and China Securities Index 300 

(CSI 300) in China from 01/09/2021 to 01/09/2022 are selected as data, and the VAR model 

is established to capture the relationship between China’s and America’s stock variation. The 

following conclusions can be drawn from a study of the results: first, VAR model is 

convergent as the period of the time increases. Second, the impact of the Impulse response 

will last for about 10-14 periods. Third, from the variance decomposition, the affection from 

CSI 300 to S&P 500 will stabilised at around 10.993% and from S&P 500 to CSI 300 will 

stabilised at around 2.77%. The results in this paper benefit the related investors in financial 

markets. 
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1. Introduction   

The stock index is one of the most significant indicators of a nation's stock market performance. 

Almost all investors must analyse the trend of the stock index, which may indicate investor attitude 

regarding the state of the economy. The United States and China, hold market shares of 24% and 14% 

worldwide, respectively. The consistency of the stock market's development tendency in two nations 

with distinct economic systems over the past few years, under the influence of different policies and 

against the backdrop of diverse events, will have a direct impact on economists' assessment of 

economic globalization. At the same time, this problem's examination will help us appreciate the 

relationship between the two stock markets so that the potential of stock market crash caused by other 

country’s stock volatility could be prevented. S&P 500 and CSI 300, as the two most representative 

comprehensive stock indices in these two countries, will be useful in determining if the fluctuation 

of one country's stock market will affect other countries.  

Various investigations have been launched on the Chinese and American stock markets in recent 

years. Using wavelet analysis, Gao and Ren have determined the affection of COVID-19 on the 

volatility of the Chinese and U.S. stock markets [1]. They believe that the COVID-19 has a substantial 

leverage effect on the U.S. and Chinese stock markets. Feng, Lucey, and Wang have explored the 
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impact of the trade war between U.S. and China on the stock markets [2]. Using the VAR model to 

examine the SSE Composite Index and the S&P 500, the authors discover that the trade war has a 

beneficial effect on the U.S. stock market but a negative effect on the Chinese stock market. David, 

Broadstock, and George Filis analysed the oil price variation affection to the stock market [3]. Using 

the VAR model, they conclude that the U.S. stock market is more susceptible to swings in oil prices 

than the Chinese stock market. Amanjot SINGH and Parneet KAUR have identified the impact of the 

subprime mortgage crisis on the U.S., Indian, and Chinese stock markets [4]. Using the Tri-Variable 

Vector Autoregression approach, it was determined that the volatility of the U.S. stock market has an 

indirect effect on the volatility of the Chinese market via the Indian market. Caroline Geetha, Rosle 

Mohidin, Vivin Vincent Chandran, and Victoria Chong investigated the relationship between 

inflation and the stock market and discovered that the United States and Malaysia have a long-term 

equilibrium relationship between the inflation variables, whereas China has only a short-term 

equilibrium relationship [5]. Goh, Jiang, Tu, and Wang have examined if US economics can predict 

the Chinese stock market [6]. They conclude that the Chinese market is less predictable than the U.S. 

stock market using a basic predictive regression model. Farzad Farsio and Shokoofeh Fazel have 

conducted research on the relevance of predicting unemployment and the stock market [7]. Utilizing 

a discount cash flow model, they determined that using the unemployment rate to predict the stock 

market movement would be a mistake.   

All of the aforementioned articles attempt to analyse single or numerous events that affect the two 

country’s stock market. However, few academics analyse the impact between those two countries 

stock markets directly. Hence, there is a greater impetus to perform extensive research on this area. 

Firstly, the stationarity of the model was examined using the data acquired from two stock indexes 

and plugged into the VAR model using the ADF and AR roots approach. Secondly, generating the 

influence time phase between two stock indices by utilising the impulse response function. Thirdly, 

quantify the influence between two stock indices using the variance decomposition method. 

The remaining parts of this paper are constructed as follow. Part 2 depicts the data collection, part 

3 introduce the method, part 4 reveal the results, part 5 shows the conclusion. 

2. Data Collection 

The data in this article are all collected from Investing (https://www.investing.com/). This paper 

selects the two representative stock indices from America and China. Those stock indices are S&P 

500 (INDEXSP: .INX) and CSI 300 (SHA: 000300) for change percentage from 01/09/2021 to 

01/09/2022. Since U.S. and Chinese stocks open times are different, then the data should be adjust 

and let the date match up. The change rate summarized in one chart is shown below in Table 1. 

Table 1: Stock indices comparison statistic. 

 Mean Median Min Max Var 

S&P 500 -0.0007 -0.0008 -0.0404 0.0306 0.0002 

CSI 300 -0.0008 -0.0007 -0.0494 0.0432 0.0001 

According to the table above, compare between the two stock indices, S&P 500 has the higher 

average return, the higher variance of return and the lower minimum rate of return. Vice versa, CSI 

300 has the better Median return rate and higher maximum return rate. However, apart from the 

maximum data in the table, almost all other data are the same. That is a pretty good situation when 

continuing the study on the VAR model. 
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3. Methods 

To start with, the Vector auto-regression (VAR) model is a stochastic process [8] model that is used 

to describe the relationship between variables when variation occurs. It is one of the most important 

model used in economics and natural sciences. By allowing multivariate time series, VAR models 

could generate stable single-variable auto-regressive model [9].  

The VAR model with 2 variables are normally shown by 2 equations. The two equations are shown 

below, 

 

 Y1,t =  C1 + α11Y1,t−1 + ⋯ … + αn1Y1,t−n + β11Y2,t−1 + ⋯ … + βn1Y2,t−n + ϵ1,t (1) 

 

 Y2,t =  C2 + α12Y1,t−1 + ⋯ … + αn2Y1,t−n + β12Y2,t−1 + ⋯ … + βn2Y2,t−n + ϵ2,t (2) 

 

In those above equations, C1 and C2 are the intercept which is the constant value. Combining C1 

and C2, could provide a 2×1 constant vector. ϵ1,t and ϵ2,t are the error value. Combining ϵ1,t and 

ϵ2,t could provide a 2×1 error vector. In the equation, from α11 to αn1 be the coefficients of the 

Y1lags up to order n, where order n denotes that up to p Y1 lags are employed as predictors. Variables 

Y1,t−1 to Y1,t−n describe the value Y1 from period t-n to t-1. Similarly, from β11 to βn1  be the 

coefficients of the Y2 lags up to order n, where order n denotes that up to p Y2 lags are employed as 

predictors. Variables Y2,t−1 to Y2,t−n describe the value Y2 from period t-n to t-1. α11 to αn1, β11 

to βn1, α12 to αn2 and β12 to βn2 will form an 1×n order matrix. In light of the aforementioned 

information, it is possible to deduce that the VAR model describes that A is affected by the prior 

periods of A's affectation and B's affection. Likewise, Y2,t is also constructed with the same structure. 

4. Results 

The first section of the outcome describes the Augmented Dickey-Fuller test (ADF). The second 

section of the results pertains to the stability test, which is depicted by the graph of AR roots. In the 

third section of the results, the impulse response function and its accompanying images are discussed. 

In the concluding portion of the results section, the variance decomposition analysis is discussed. 

4.1. ADF Tests 

The initial step of our experiment is to find the number of difference required to make the series 

stationary. The ADF test is one of the most convenient and frequently performed test methods for 

testing stationary; therefore, the ADF test has been chosen to test the stationary. The ADF test is 

basically a statistical significant test. Normally the null hypothesis will be: series has a unit root. 

However, according to the result chart of CSI 300 shown below in Table 2. It indicates that the null 

hypothesis cannot be accepted. Therefore, the test of CSI 300 is stationary (See Table 2). 

Table 2: ADF test for CSI 300. 

 t-Statistic  Prob.* 

Augmented Dickey-Fuller test statistic  -14.08033 0.0000 

Test critical values: 1% level -3.458347  

5% level -2.873755  

10% level -2.573355  

Similarly, the test of S&P 500 is also stationary (See Table 3). 
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Table 3: ADF test for S&P 500. 

 t-Statistic  Prob.* 

Augmented Dickey-Fuller test statistic  -16.47900 0.0000 

Test critical values: 1% level -3.458347  

5% level -2.873755  

10% level -2.573355  

4.2. Stability Test of VAR 

It is required to assess the model's stability in order to produce a credible model estimate.When a 

model is stable, any variable sensitive to an external force can, as time passes, become less affected 

by the force until the system finds a new equilibrium. Nevertheless, if the model's stability is 

insufficient, the model will become meaningless as time passes. Hence, it worth to test the stability 

more carefully. 

Initially, determining the optimal lag order in the criterion. The lag number has been set to 8 to 

determine the optimal lag sequence. The findings are shown in the table below in Table 4. 

Table 4: Lag order test. 

Lag LogL LR FPE AIC SC HQ 

0 1338.437 NA 2.50e-08 -11.82688 -11.79661* -11.81466 

1 1347.446 17.77852* 2.50e-08 -11.87120* -11.78039 -

11.83456* 

2 1349.435 3.890083 2.50e-08 -11.85341 -11.70206 -11.79233 

3 1352.702 6.330906 2.50e-08 -11.84692 -11.63503 -11.76141 

4 1355.504 5.380586 2.50e-08 -11.83632 -11.56388 -11.72637 

5 1358.086 4.913703 2.50e-08 -11.82377 -11.49080 -11.68940 

6 1358.720 1.195206 2.50e-08 -11.79398 -11.40047 -11.63518 

7 1359.073 0.657770 2.50e-08 -11.76170 -11.30765 -11.57847 

8 1360.292 2.256166 2.50e-08 -11.73710 -11.22251 -11.52943 

The lag order selection above is based on sequential modified LR test statistic, Final prediction 

error, Akaike information criterion, Schwarz information criterion and Hannan-Quinn information 

criterion. Due to the fact that lag order 1 has the greatest number of indicators. The lag order would 

then be set to 1. 

According to the lag order 1 from above, the VAR estimation could be generated as below. 

Table 5: VAR estimation. 

 S&P 500 CSI 300 

S&P 500 0.066581 0.013837 

 (0.0637) (0.05917) 

 [1.04452] [0.23384] 

CSI 300 0.274857 -0.083435 

 (0.07099) (0.06590) 

 [3.87184] [-1.26616] 

C -0.000393 -0.000827 

 (0.00084) (0.00078) 

 [-0.46626] [-1.05771] 
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Table 5: (continued). 

R-squared 0.066677 0.007066 

Consequently, the AR root graph has been formed due to the data produced above. All the numbers 

in this graph are confirmed to be less than one, and all the points are contained within the unit circle. 

Therefore, the model under construction is stable (See Figure 1). 

 

Figure 1: AR root graph. 

4.3. Impulse Response Function  

Based on the results demonstrated in the previous two sections, it is reasonable to believe that the 

data system is stationary. In the stationary system, the variation of the system to the input will be 

tracked by the impulse response function and being record as the following graphs. Figure 2 and 

Figure 3 depict the VAR model’s impulse response diagram for the two stock indices rate of change. 

The horizontal axis displays the respective response time periods, while the vertical axis depicts the 

variable's response to a standard deviation shock of one unit. The area within the two red dotted lines 

are the 95% CI and the black line in the middle is the impulse response locus. 

  

Figure 2: Response of S&P 500 to CSI 300. Figure 3: Response of CSI 300 to S&P 500. 
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Figure 2 shows the response of S&P 500 to CSI 300 index. In the first time period, the initial 

impact of one standard deviation on the rate of change of CSI 300 for the S&P 500 is around 

0.0006. Then, the positive and negative influences are continue alternating. The most negative 

impact appears in the 4-th period which roughly reaches -0.0013. As the lag time period increases, 

the figure shows that the impulse response locus will eventually trend to 0. The impact from S&P 

500 to CSI 300 will finally disappear approximately in the 14-th time period. According to the 

above graphic, it is possible to conclude that the influence of S&P 500 change rate fluctuations on 

CSI 300 is complex, involving both positive and negative effects.  

The impact of CSI 300 on the S&P 500 could potentially be analysed from a different angle. Figure 

3 shows the response of CSI 300 to S&P 500 index. In the first time period, the initial impact of one 

standard deviation on the rate of change of S&P 500 for the CSI 300 is hardly any. Then, start from 

the second time period the impact start to appear. The most positive impact appears in the second 

period which roughly reaches 0.0032 and the most negative impact appears in the 5-th time period 

which roughly reaches -0.0019. After that, the positive and negative influences are continue 

alternating. As the lag time period lengthens, it becomes evident that the impulse response location 

will eventually tend toward zero. The CSI 300’s influence on the S&P 500 will cease to exist around 

the 10-th time period. According to the two charts produced above, the conclusion could be reached 

is that: both CSI 300 and S&P 500 have a high capacity for self-adjustment. 

4.4. VAR Variance Decomposition Analysis 

There is a traditional statistical technique in multivariate analysis for revealing structures that simplify 

a large number of variables which is named variance decomposition [10]. Variance decomposition 

will generate the contribution of impact of all endogenous variables in the data set from the MSE of 

all the endogenous variables. In order to pinpoint the time period more precisely, it would be 

beneficial to analyse the stock index's rate of change in greater detail. In the variance decomposition 

table, it has 4 columns. The first column represents the lag time period, and being fixed to 30 periods. 

The column S.E. represents the variable's forecast error for each forecast horizon. The last two 

columns are the impact of all endogenous variables in the data set on the basis of their origin.   

Table 6: S&P 500 variance decomposition. 

S&P 500 variance decomposition 

Period S.E. CSI 300 S&P 500 

1 0.012735 0.320504 99.67950 

2 0.013193 6.766837 93.23316 

3 0.013224 6.976355 93.02365 

4 0.013331 7.339000 92.66100 

5 0.013468 8.968247 91.03175 

6 0.013553 9.891749 90.10825 

7 0.013567 10.04589 89.95411 

8 0.013601 10.50088 89.49912 

9 0.013639 10.99084 89.00916 

10 0.013642 10.98668 89.01332 

11 0.013644 10.98450 89.01550 

12 0.013644 10.98431 89.01569 

13 0.013645 10.98989 89.01011 

14 0.013645 10.99002 89.00998 

15 0.013646 10.99041 89.00959 

Table 7: CSI 300 variance decomposition. 

CSI 300 variance decomposition: 

Period S.E. CSI 300 S&P 500 

1 0.012111 100.0000 0.000000 

2 0.012170 99.71916 0.280842 

3 0.012207 99.23282 0.767179 

4 0.012321 98.19737 1.802628 

5 0.012341 97.92846 2.071540 

6 0.012405 97.30379 2.696214 

7 0.012406 97.30177 2.698235 

8 0.012408 97.29380 2.706202 

9 0.012425 97.24022 2.759783 

10 0.012429 97.23968 2.760318 

11 0.012430 97.23965 2.760349 

12 0.012430 97.23630 2.763703 

13 0.012430 97.23050 2.769502 

14 0.012430 97.23054 2.769456 

15 0.012430 97.23046 2.769542 
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16 0.013646 10.99076 89.00924 

17 0.013646 10.99078 89.00922 

18 0.013646 10.99272 89.00728 

19 0.013646 10.99286 89.00714 

20 0.013646 10.99300 89.00700 

21 0.013646 10.99302 89.00698 

22 0.013646 10.99305 89.00695 

23 0.013646 10.99305 89.00695 

24 0.013646 10.99306 89.00694 

25 0.013646 10.99306 89.00694 

Table 5: (continued). 

26 0.013646 10.99307 89.00693 

27 0.013646 10.99307 89.00693 

28 0.013646 10.99307 89.00693 

29 0.013646 10.99307 89.00693 

30 0.013646 10.99307 89.00693 
 

16 0.012431 97.23035 2.769652 

17 0.012431 97.23013 2.769874 

18 0.012431 97.23002 2.769980 

19 0.012431 97.22997 2.770031 

20 0.012431 97.22996 2.770040 

21 0.012431 97.22994 2.770062 

22 0.012431 97.22993 2.770067 

23 0.012431 97.22993 2.770067 

24 0.012431 97.22993 2.770071 

25 0.012431 97.22993 2.770071 

Table 6: (continued). 

26 0.012431 97.22993 2.770072 

27 0.012431 97.22993 2.770073 

28 0.012431 97.22993 2.770073 

29 0.012431 97.22993 2.770073 

30 0.012431 97.22993 2.770073 
 

The Table 5 is the variance decomposition table of S&P 500.The table reveals that the affectation 

of CSI 300 to S&P 500 has stabilised at approximately 10.993% over time. The fluctuation between 

affectations becomes stable at the tenth period according to Table 5, which corresponds to the graph 

in the previous part. 

The Table 6 is the variance decomposition table of CSI 300. The table reveals that the affectation 

of S&P 500 to CSI 300 has stabilised at approximately 2.77% over time. The fluctuation between 

affectations becomes stable at the fourteenth period according to Table 5, which is consistent with 

the graph in Section 5.3. 

5. Conclusion 

Recent information data indicate that the majority of study on the VAR model focuses on certain 

disciplines or industries. However, few academics analyse the correlation between the stock index 

change rates of two countries. This research examines the extent to which the S&P 500 and CSI 300 

affect each other and themselves. By using the ADF test and AR root graph, the system's stability and 

stationary have been verified. Impulse Response function and variance decomposition function has 

analysed the affectation period. This essay could help the investors to analysis one stock and make 

better decision based on the other stock index. At the same time, it could help economist and politician 

to prevent the potential stock market crash caused by another country’s stock volatility. 

Although the stock index change rate of the 2 investigated stock indices seems similar, some 

potential problems exist. The top three industries with the most significant weight in the CSI 300 are 

metals and non-metals (15%), finance and insurance (10.94%), and machinery and equipment 

(10.74%). The top three industries with the most significant weight in the S&P 500 are information 

technology (27.3%), health care (14.1%), and consumer discretionary (11.4%). Those data are 

collected from https://business.sohu.com/. The above data shows a vast difference between the index 

structures. That means the result and conclusion proven previously might be temporary. As the stock 

index structure varies, the result might also vary in the future.  
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