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Abstract: With the rapid development of China's economy, the stock market plays an 

increasingly important role, but there are also huge risks. The reasonable fluctuation 

of the stock market is conducive to the full play of the financing function of the capital 

market, and effectively improves the efficiency of resource allocation; if the 

unreasonable fluctuation beyond a certain range, that is, the violent and frequent 

fluctuation, may have adverse consequences. Therefore, the research object of this 

paper is the volatility of the stock market, looking for a suitable method to 

quantitatively describe the volatility of the market, so as to find the law of market 

changes and predict the potential risks of the market. This paper selects the closing 

price data of Shanghai stock index from November 2010 to November 2019, tries to 

fit the return series based on the time series model, and gives the most reasonable 

time series model. The empirical results show that the GARCH model is a good way to 

describe the logarithmic return series of Shanghai stock index. 
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1. Introduction 

After 30 years of development, China's stock market has gradually formed a 

standardized system. Now, China's stock market is closely connected with the state of 

economic operation and development. The stability of the stock market is closely 

related to the quality of China's market economy. 

For stock investors, the stock return volatility is of great significance to their 

designated investment strategies, the research and prediction of stock return volatility 

will make investment decisions for them, and the research and prediction of stock 
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return volatility will provide strong theoretical evidence for them to make investment 

decisions; for stock market regulators, how to cooperate The main task is to control 

financial risks and maintain the stability of the market. The research on the volatility 

of return rate is helpful for regulators to judge the market risks and make reasonable 

policies. 

 

2. Data selection, Model building, and Empirical Analysis 

2.1 Data selection 

This paper selects the closing price of Shanghai stock index from November 29, 2010 

to October 8, 2019 as the research object. The time span is 9 years, with 2155 trading 

days in total, so the sample size is 2155. The data source is the financial database of 

restet. 

 

2.2 Basic characteristics of samples 

(1) Normality test 

The QQ diagram is as follows: 

 

Figure1 Q-Q chart of logarithmic rate of return series 

By observing the sample quantile and theoretical quantile in QQ chart, it can be 

inferred that the sample data may have slight left deviation. Observing the extreme 

data at both ends, we can find that the distribution of sample data is more extreme 

than that of normal distribution, so the tail of distribution is thicker. In addition, it is 

also clear that the data are more concentrated near the median. Generally speaking, 

the data do not obey the normal distribution, so we should try to describe it with t 

distribution. 

(2) Stationarity test 

Using R language to test ADF unit root, the results show that the ADF value of the 

series is -12.122, P value is less than 0.05, so the log return series is a stationary time 

series, which is suitable for the construction of time series model. 
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2.3 Model Building 

Because the time series graph shows obvious heteroscedasticity, it is feasible to 

introduce GARCH model to describe volatility. The important feature and advantage 

of GARCH model is to consider the heteroscedasticity of data series. However, whether 

the heteroscedasticity shown in the sequence diagram is statistically significant 

remains to be tested and proved. Therefore, the test of heteroscedasticity effect is the 

foundation and core problem of constructing GARCH family model pair. The method 

used to measure arch effect in this paper is to build ARIMA model for yield data, and 

then use the residual of ARIMA model to determine arch effect. 

 

3. ARIMA model  

The ARIMA model is constructed for the return series, and the optimal order of ARIMA 

model is selected automatically by software according to BIC criterion. According to 

AIC criterion, ARIMA (1,0,1) model is the best model to fit the volatility of return series. 

 

3.1 Arch Effect Analysis 

Arch effect test is used to test whether there is Heteroscedasticity in the sequence. 

Generally, there are two methods to test arch effect: residual square correlation chart 

test and LM Test. 

The residual autocorrelation diagram of ARIMA model is drawn with R language as 

follows: 

 

Figure2 ARIMA model residual autocorrelation 

The figure shows that the small circle points are all under the dotted line, indicating 

that McLeod test is significant at 5% significance level, indicating that the data has 

arch characteristics.  

 

4. GARCH Model Building 

After the above tests, it is considered that GARCH model can be established. Since the 

distribution feature is thick tailed, the assumption that the distribution is based on 

residual is used. How to rank the model is the next problem to be discussed. Through 

literature research, it is found that most financial data are based on models with P and 
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Q being 1 or 2. Based on prior information, this paper establishes GARCH (1,1), GARCH 

(1,2), GARCH (2,1), GARCH (1, 2) Four models, then based on AIC, BIC and other 

criteria to select the order of the model, and finally use the method of residual analysis 

to discuss the degree of model fitting. 

The fitting results are as follows: 

Table 1 parameter estimation of GARCH (1,1) model 

coefficient estimate Standard error t-value Pr(>|t|) 

mu 0.004925 0.028454 0.173 0.86259 

omega 0.022080 0.007083 3.117 0.00183** 

alpha1 0.049591 0.007294 6.799 1.05e-11*** 

beta1 0.941484 0.008435 111.622 < 2e-16*** 

 

Table 2 parameter estimation of GARCH (1,2) model 

coefficient estimate Standard error t-value Pr(>|t|) 

mu 0.003789 0.028463 0.133 0.8941 

omega 0.033072 0.011181 2.958 0.0031** 

alpha1 0.077487 0.014806 5.233 1.66e-07*** 

beta1 0.310937 0.253631 1.226 0.2202 

beta2 0.598460 0.242661 2.466 0.0137* 

 

Table 3 parameter estimation of GARCH (2,1) model 

coefficient estimate Standard error t-value Pr(>|t|) 

mu 0.004925 0.028453 0.173 0.86258 

omega 0.023880 0.007905 3.021 0.00252** 

alpha1 0.026230 0.024549 1.069 0.28529 

Alpha2 0.026315 0.026686 0.986 0.32409 

beta1 0.937867 0.009664 97.046 < 2e-16*** 

 

Table 4 parameter estimation of GARCH (2,2) model 

coefficient estimate Standard error t-value Pr(>|t|) 

mu 0.004925 0.028400 0.173 0.86232 

omega 0.042737 0.014087 3.034 0.00242** 

alpha1 0.064094 0.012592 5.090 3.58e-07*** 

alpha2 0.031313 0.012503 2.504 0.01227* 

beta1 0.027769 0.056438 0.492 0.62270 

beta2 0.859637 0.052185 16.473 < 2e-16*** 
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It can be seen from the above results that when the significance level of P value is 

0.01, it can be found that the p value of coefficient of GARCH (1,1) model is less than 

0.01 (except mu), the significance level is high, and the fitting effect of GARCH model 

is good. But it can also be seen that the coefficients of GARCH (1,2), GARCH (2,1) and 

GARCH (2,2) are also significant. 

Therefore, it is not accurate to determine the order of the model only from the case 

of these parameters, so this paper considers using AIC and BIC criteria to identify the 

order of the model. 

BIC criterion is an improvement of AIC criterion, which considers the number of 

samples. When there are multiple models to choose from, the model with the minimum 

AIC value and BIC value is the best model in theory. 

The values of AIC, BIC, SiC and HQIC are calculated as follows: 

Table 5 AIC, BIC, SiC, hqic values of the model 

 AIC BIC SIC HQIC 

GARCH(1,1) 3.591691 3.602234 3.591685 3.595548 

GARCH(1,2) 3.592881 3.606059 3.592870 3.597702 

GARCH(2,1) 3.592142 3.605321 3.592132 3.596963 

GARCH(2,2) 3.592305 3.608119 3.592290 3.598090 

It can be seen from the above table that with the increase of the complexity of GARCH 

model, the AIC, BIC, SiC and BIC values of the model slightly increase, but there is no 

obvious change. In the identification method of GARCH model, the least AIC value or 

the corresponding order of BIC value is usually selected as the order of the model, so 

GARCH (1,1) has a better fitting degree to the data, which is enough to replace the 

more complex model to get the relatively correct fitting results, so GARCH (1,1) 

logarithm data is selected for fitting. 

 

4.1 Model diagnosis 

After the GARCH model is completed, the residual of the model results is tested to 

evaluate the quality of the model. For GARCH (1,1) model fitted with Shanghai stock 

index yield data, the residual sequence is plotted in the following figure, as follows: 

 

Figure3 Standard residual diagram of GARCH (1,1) model 

It can be found that the residual sequence of GARCH (1,1) is relatively stable, and 
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there is no significant heteroscedasticity. The most important thing for the analysis of 

residual is to judge the autocorrelation of residual. If GARCH model is correctly 

identified, the standard residual should be approximately independent and identically 

distributed. This hypothesis can be tested by their sample ACF and PACF. Next, draw 

the ACF and PACF graphs of the sequence residuals and their square terms of the 

fitting model GARCH (1,1), as shown below: 

 

Figure4  ACF and PACF of residual and its square of GARCH (1,1) model 

It can be found that there is only a very weak correlation in the standardized residual 

sequence, while there is no obvious tailing or truncation in the residual square 

sequence ACF and PACF. Thus, it can be concluded that the square of residuals has 

no sequence correlation, and the residuals test is passed. 

Finally, the autocorrelation of the square sequence of the residuals is tested. Ljung 

box autocorrelation test is used in this paper. The original assumption is that there is 

no autocorrelation in the sequence. When the lag term is 10, 15 and 20, the p value 

of test statistic is 0.07545, 0.239 and 0.5092, respectively. At the significance level of 

0.05, we can not reject the original hypothesis, so we accept the original hypothesis, 

that is to say, there is no sequence correlation in the square of standardized residuals. 

In conclusion, GARCH (1,1) model has a good fitting effect, and the residual error has 

passed the test. 

 

5. Conclusion 

Through the above empirical analysis, we can find that since 2014, the daily return of 

A-share index in Shanghai stock market has not only heteroscedasticity, but also the 

distribution characteristics of "peak and thick tail". In addition, we can find that the 

volatility cluster, persistence and asymmetric weak leverage effect of the stock market 

are also obvious. It can be seen from the volatility chart of the return rate that before 

the second quarter of 2016 and after the third quarter of 2018, the daily volatility of 
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the Shanghai A-share index is relatively large, and between the second quarter of 

2016 and the third quarter of 2018, the volatility of the Shanghai A-share index is 

significantly smaller. 
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