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ABSTRACT 

The Shanghai Composite Index is the earliest and one of the most important indexes in Chinese stock market, which is 

calculated by capitalization market weighted average for all the stocks listed on Shanghai Stock Exchange. However, 

previous researches mainly use low- frequency-data-based GARCH-type model to predict the volatility of the Shanghai 

Composite Index without considering the day-of-week effects and the impacts of volume and turnover. In this paper, 

the HAR-RV model is established primarily based on heterogeneous autoregressive (HAR) theory and five-minute 

middle-frequency data. Then, trading volume, turnover and day-of-week effects are taken into consideration, 

respectively, i.e., the HAR-RV-VT model and HAR-RV-W model are constructed. Finally, a mixed HAR-RV-VT-W 

model is obtained by using the above three factors simultaneously. According to the result, the day-of-week effect and 

turnover have significant negative impacts on volatility of Shanghai Composite Index while volume has a positive 

influence. In general, more useful information will be provided based on our mixed model combining volume, turnover 

and day-of-week effect, which pave a better path to predict the volatility of Shanghai Composite Index. 
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1. INTRODUCTION 

The capital market of mainland China ranked the first 

in Asia and forth in the world according to Credit Suisse 

Global Investment Return Yearbook 2020, which has 

more than 59 trillion yuan capitalization now. There are 

four major indexes in China stock market: Shanghai 

Securities Composite Index, Shenzhen Stock Component 

Index, Small and Medium-sized Board Index and Growth 

Enterprise Board Index. Among all four indexes, the 

Shanghai Composite Index is the earliest and most 

important one. Shanghai Composite Index, whose full 

name is Shanghai Stock Exchange (SSE) Stock Price 

Composite Index, is a stock index compiled by the 

Shanghai Stock Exchange. It was officially released on 

December 19, 1990, also the earliest index published in 

China. The sample of the stock index is all stocks listed 

on the Shanghai Stock Exchange, among which the 

newly listed stocks are included in the calculation of the 

stock index on the second day of listing [1-3]. The 

Shanghai Composite Index reflects the overall changes of 

the China stock market, from which trader can get 

general information they need (e.g., variation trend and 

overall performance of the market). Contemporarily, 

there are a great number of literatures focus on the 

prediction of the Shanghai Composite Index. Meanwhile, 

many new methods are also used to forecasting Shanghai 

Composite Index [4]. 

Investors can judge the approximate trend of stock 

prices according to the rise and fall of the index. With 

accurate prediction of volatility of for Shanghai 

Composite Index, one can better avoid risks and take the 

lead in investment. Therefore, it is of great significant to 

improve the volatility prediction, which will have a great 

help on hedging, risk avoiding and transfer, returns 

maximizing, price discovery etc. This paper mainly 

involves the related research on the volatility prediction 

of Shanghai Composite Index. 

During the past 20 years, the market has witnessed the 

rapid development of the SSE, which becomes the most 

important stock exchanges in China [5]. As the earliest 

stock index in China, the Shanghai Composite Index 

takes all stocks listed on the Shanghai Stock Exchange 

into the calculation range and calculates index according 

to the weight distribution of stock issuance. It has great 
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importance since it roughly reflects the comprehensive 

performance of the overall stock markets, allowing 

people to understand the overall change trends of the 

stock market. On account of the importance of the 

Shanghai Composite Index, there are many literatures on 

it including the prediction of its volatility, return etc. In 

return analysis, the fractality of the time series is a 

popular method, which reflects the scaling behavior of 

the data [6-9]. Wen et al. [10] pointed out that the 

logarithm-mic return series of Shanghai Composite Index 

is about 0.6298 by the method of R/S analysis, which 

indicates that the Shanghai Composite Index exhibits 

fractal features and has a long memory. As for volatility, 

there are some factors should be focused on: structural 

breaks, asymmetry, long-memory and day-of-week 

effect [11-12]. Many studies now use ARCH, GARCH or 

EGARCH models to predict the volatility of the Shanghai 

Composite Index[13-14]. Differently, HAR-type model 

is used in this paper. 

In recent years, HAR-type model attracted a large 

number of scholars to conduct meticulous and in-depth 

research on owing to its accuracy. As a result, HAR-type 

developed rapidly these years. Using the high-frequency 

based realized volatility as a variable to predict related 

finance market problem was first raised in 1998 by 

Andersen and Bollerslev[15]. Besides, Andersen et al. 

pointed out that the model with RV has a better 

performance than GARCH and SV model in prediction 

of finance market in 2003 [16]. Subsequently, the HAR-

RV model, a heterogeneous autoregressive model with 

RV, was proposed by Corsi in 2009 with obvious better 

performance than traditional GARCH model or SV 

model [17]. Now, there are many studies based on the 

HAR-type model in forecasting the future volatility of 

different finance market (e.g., future market [18-19]). 

In this paper, the volatility prediction of Shanghai 

Composite Index is presented via several kinds of HAR-

type model. Past data including volatility, volume and 

turnover is utilized and the day-of week effect is taken 

into consideration to investigate the relationship between 

these factors and Shanghai Composite Index. Firstly, the 

original HAR-RV model is constructed. Then, model 

with volume and turnover (HAR-RV-VT model) and 

model with day-of-week (HAR-RV-W model) are 

introduced separately. Afterwards, the mixed model that 

integrates all factors (HAR-RV-VT-W model) is 

demonstrated. The regression results indicates that these 

new models perform better compared with original model. 

Specifically, the models with volume and turnover as 

independent variables perform much better in medium-

term and long-term volatility prediction, but not so 

obvious in short-term. Differently, models consider day-

of-week effect have an improvement in short-term 

volatility prediction, which shows a strong relationship 

between volatility and day-of-week effect, but no 

obvious change in medium-term and long-term. In detail, 

the regression result indicates that volume has a positive 

effect on volatility of Shanghai Composite Index, 

especially in short-term and medium-term prediction. 

Moreover, the influence of day-of-week effect (negative) 

is most obvious in short-term prediction, which will be 

eliminated in medium-term and long-term. Meanwhile, it 

is found that the models integrate all factors only have the 

highest accuracy in short-term prediction, performing not 

as well as HAR-RV-VT model in medium-term and long-

term. Therefore, compare with all models, taking day-of 

week effect into consideration will lead to a good 

performance in short-term prediction while taking 

volume and turnover into consideration will result in a 

good performance in medium-term and long-term 

prediction. 

This paper mainly concludes the following 

contributions compared to the existing studies based on 

stock and finance market volatility prediction. First, 

volume and turnover are regarded as independent 

variables in HAR-type, which differs from existing 

studies considering these factors in GARCH-type model 

[20]. Secondly, the day-of-week effect is included in the 

model, which is seldom used in other literatures based on 

HAR model [21-22]. Since day-of-week effect is an 

extremely common phenomenon that can’t be ignored, 

take it into account will no doubt lead to an improvement 

in accuracy of prediction. Finally, the results are based on 

5-minute medium-frequency data as our data source in 

HAR-type model. On the contrary, most previous studies 

related to the volatility of Shanghai Composite Index 

prediction mainly used low-frequency-data-based 

GARCH-type model [23], ARCH-type model[24], VAR-

type model[25] and SV model[26]. In general, a new 

method for predict the volatility of Shanghai Composite 

Index is presented in this paper. 

2. DATA DESCRIPTION 

In this paper, 5 minutes stock market data is collected 

to convey the impact of market information, which 

possesses many advantages. The interval of sampling has 

great influence on the volatility forecasting in stock 

market. There will be microscopic noise if the sampling 

interval is too small while losing too much information if 

the sampling interval is too large. According to relevant 

research in recent years (Gong et al. [27]), 5 minutes is 

proper to be chosen as the sampling interval to measure 

the volatility of the stock market. The sample contains the 

Shanghai Composite Index closing price with the volume 

and turnover from Wind. The sample period starts from 

the June 1st 2019 and ends on March 22nd 2021, with 

21073 items during 441 trading days. Finally, 439 trading 

days’ data is obtained after weeding out vacancies and 

calculating RV, which is shown in Figure. 1. 
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Figure 1 Shanghai Composite Index from June, 2019 to 

March, 2021. 

As shown in Figure 1, the Shanghai Composite Index 
fluctuated between 2700 and 3100 from June 2019 to July 

2020. There are three significant drops happened on July 

30th 2019, January 23rd 2020 and March 11th 2020. 

During 15 days after July 1st, the index experienced a 

surge, from 3005 to 3422 and then continued to increase 

to 3700 with fluctuation by February 22nd 2020. Finally 

dropped to 3372 at the end of the sampling period. 

The daily volatility of Shanghai Composite Index is 

illustrated in Figure 2, which has a high degree of 

aggregation and asymmetry. The volatility of the index 

fifers significantly over time, with sometimes obviously 

higher than other times. When a major event occurs, the 

index often reacts violently, such as on January 23rd 2020, 

which is Chinese new year and the time COVID-19 broke 

out in China. Besides, on March 22nd 2020, the time 

COVID-19 broke out all over the world, the index both 

experienced a plunge. In addition, the surge in July 2020 

was because the world's major economies were back to 

work and the investment value of stock market had 

become increasingly. Moreover, one sees that the days 

before and after the day with high volatility are usually 

also with a high volatility but not so significant. 

Many scholars use HAR model to research the 

volatility of the particular finance market. Therefore, the 

HAR model is applied in this study to make in-sample 

prediction in Shanghai Composite Index in next section. 

 

 

 

Figure 2 Price daily volatility of Shanghai Composite 

Index 

3. ECONOMETRIC MODELS 

Four types of models will be discussed here to 

forecast the volatility of the Shanghai Composite Index 

one day, one week and one month on average in the future 

including HAR-RV, HAR-RV-VT, HAR-RV-SW and 

HAR-RV-VT-SW. 

Firstly, the simplest model is HAR-RV model, which 

only considers the last one day, one week and one 

month’s volatility as independent variables, in order to 

test whether the past volatility can provide information. 

The task is to forecast the future volatility in the future 

financial market. In addition, the HAR-RV-VT model 

tests the role volume and turnover played in forecasting 

the future volatility. Because stocking trading takes one 

week (Monday to Friday) as a cycle,  the day-of-the-week 

effect is taken into account on the basis of two models 

mentioned above. With this in mind, two more models 

are established, RV-SW and RV-VT-W, which contain 

week factors as variables. 

3.1. HAR-RV model 

According to Andersen and Bollerslev [16] for 

calculating RV, each trading day is divided into 5-minute 

intervals and denote 𝑖𝑡ℎ interval’s closing price in day 𝑡 

as 𝑃𝑡,𝑖. The RV of trading day 𝑡 is denoted as 𝑅𝑉𝑡
𝑑, which 

has the expression as following equation: 

𝑅𝑉𝑡
𝑑 = ∑ 𝑟𝑡,𝑖

2𝑁
𝑖=1               (1) 

where 𝑟𝑡,𝑖  denotes 𝑖𝑡ℎ the 𝑖𝑡ℎ  ( 𝑖 = 1, 2, ⋯ , 𝑁 ) 

logarithmic rate of return in given day 𝑡 with following 

formula: 

𝑟𝑡,𝑖 = 100 ∙ (ln 𝑃𝑡,𝑖 − ln 𝑃𝑡,𝑖−1) (2) 

In the above formula, the value is magnified a 

hundred times for easy observation. 
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Then, 𝑅𝑉𝑡
𝑤 and 𝑅𝑉𝑡

𝑚  are used to denote the last 

week’s realized volatility and last month’s realized 

volatility respectively, with the expressions below: 

𝑅𝑉𝑡
𝑤 =

1

5
∑ 𝑅𝑉𝑡−𝑗

𝑑4
𝑗=0  (3) 

𝑅𝑉𝑡
𝑚 =

1

22
∑ 𝑅𝑉𝑡−𝑗

𝑑21
𝑗=0  (4) 

The average future volatility for H days, 𝑅𝑉𝑡+𝐻
̅̅ ̅̅ ̅̅ ̅̅ , can 

be calculated by the following formula: 

𝑅𝑉𝑡+𝐻
̅̅ ̅̅ ̅̅ ̅̅ =

1

𝐻
∑ 𝑅𝑉𝑡+𝑖

𝑑𝐻
𝑖=1  (5) 

However, Andersen et al. [28] pointed out that in 

HAR model, logarithmic form has better performance 

than linear form, i.e., the same form is applied in the 

model to predict the future volatility of the Shanghai 

Composite Index. The logarithmic form of HAR model 

has the expression as following: 

𝑅𝑉𝑡+𝐻
̅̅ ̅̅ ̅̅ ̅̅ = 𝛽0 + 𝛽1ln (𝑅𝑉𝑡

𝑑) + 𝛽2ln (𝑅𝑉𝑡
𝑤) +

𝛽3ln (𝑅𝑉𝑡
𝑚) (6) 

3.2. HAR-RV-VT model 

According to Li and Dong [29], there is a significant 

positive relationship between transaction volume, 

turnover and Shanghai Composite Index’s volatility. In 

other words, large (small) volatility is accompanied by 

large (small) trading volume. Besides, this relationship 

gradually strengthens with the increase of volatility with 

the characteristics of asymmetry. Therefore, in this 

model, the transaction volume and turnover will be 

implanted into the independent variables of the model. 

and the new model, HAR-RV-VT model, has the 

expression as following: 

𝑅𝑉𝑡+𝐻
̅̅ ̅̅ ̅̅ ̅̅ = 𝛽0 + 𝛽1ln (𝑅𝑉𝑡

𝑑) + 𝛽2ln (𝑅𝑉𝑡
𝑤) +

𝛽3ln (𝑅𝑉𝑡
𝑚) + 𝛽4 ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 + 𝛽5ln 𝑣𝑜𝑙𝑢𝑚𝑒          (7) 

In order to reduce the undesirable effects on 

estimation caused by magnitude difference, logarithmic 

form of turnover and volume is utilize. In the expression 

above, ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟  denotes the logarithm of the 

turnover and ln 𝑣𝑜𝑙𝑢𝑚𝑒  denotes the logarithm of the 

volume respectively. 

3.3. HAR-RV-W model 

Many studies have shown that day-of week effect 

indeed have influences in the stock market. This effect 

has been extensively studied in recent years as an 

unavoidable factor. So far, many studies have 

investigated the impacts on finance market (e.g., South 

African’s Johannesburg Stock Exchange [30], Taiwan 

stock market [31]). All of these studies show significant 

differences in stock market returns and volatility over the 

course of each trading day of the week. Furthermore, 

Chen and Zhou [32] applied the modified Levene test of 

unconditional volatility and the GARCH model of 

conditional volatility to study the Shanghai Composite 

Index. The results indicate that the Shanghai Composite 

Index does have a significant weekly effect: Monday 

high volatility phenomenon. 

On the basis, the day-of-week effect is added into the 

consideration of the HAR-RV model. The HAR-RV-SW 

model has the expression as the following: 

𝑅𝑉𝑡+𝐻
̅̅ ̅̅ ̅̅ ̅̅ = 𝛽0 + 𝛽1ln (𝑅𝑉𝑡

𝑑) + 𝛽2ln (𝑅𝑉𝑡
𝑤) +

𝛽3ln (𝑅𝑉𝑡
𝑚) + 𝛾1𝑀𝑜𝑛 + 𝛾2𝑇𝑢𝑒 + 𝛾3𝑊𝑒𝑑 + 𝛾4𝑇ℎ𝑢   (8) 

where 𝑀𝑜𝑛, 𝑇𝑢𝑒, 𝑊𝑒𝑑 and 𝑇ℎ𝑢  are the dummy 

variables represent Monday, Tuesday, Wednesday and 

Thursday, respectively. Friday is set as the basis, which 

means when trading day is Friday, all dummy variables 

equal to 0. And when trading day isn’t Friday, for 

example, Monday, then 𝑀𝑜𝑛 = 1 and the other dummy 

variables equal to 0. Given all above, the day-of-week 

effect can be analyzed by comparing the coefficients of 

each dummy variable calculated by the model. For 

example, if 𝛾1  is significant, then Monday has a 

significant influence on the volatility. 

3.4. HAR-RV-VT-W model 

In this section, all possible factors mentioned above 

are taken into consideration to evaluate the Shanghai 

Composite Index, testing whether this full model can 

provide a better estimation. The logarithmic form of 

HAR-RV-VT-SW model has expression as following: 

𝑅𝑉𝑡+𝐻
̅̅ ̅̅ ̅̅ ̅̅ = 𝛽0 + 𝛽1ln (𝑅𝑉𝑡

𝑑) + 𝛽2ln (𝑅𝑉𝑡
𝑤) +

𝛽3ln (𝑅𝑉𝑡
𝑚) + 𝛽4 ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 + 𝛽5ln 𝑣𝑜𝑙𝑢𝑚𝑒 +

𝛾1𝑀𝑜𝑛 + 𝛾2𝑇𝑢𝑒 + 𝛾3𝑊𝑒𝑑 + 𝛾4𝑇ℎ𝑢               (9) 

4. RESULT ANALYSIS 

In this section, the variables will be summarized with 

characteristics decriptions and then use OLS method [17] 

is utilized subsequently to estimate the parameters of 4 

kinds of HAR-type models (HAR-RV model, HAR-RV-

VT model, HAR-RV-W model and HAR-RV-VT-W 

mode)l. After getting the estimated parameters and 

significance level, the impact of past volatility, volume, 

turnover and day-of-week effect on future volatility will 

be discussed. Based on the results, volatility, volume and 

turnover do contain the needed information to forecast 

the future volatility. Moreover, day-of-week effect 

indeed has great influence on future volatility especially 

on Monday.  

4.1. Description Analysis 

Table 1. Description statistic of variable 

Variable Mean Std.dev. Min Median Max 

𝑅𝑉 1.1501 3.9223 0.1135 0.5690 71.0574 

ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 23.86 0.3558 23.18 23.84 24.91 

ln 𝑣𝑜𝑙𝑢𝑚𝑒 12.53 0.3985 11.72 12.52 13.58 
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According to the above table of descriptive analysis 

of main variables, one finds that the volatility of 

Shanghai Composite Index has a large range, from 

0.1135 to 71.0574, which indicates the index volatility’s 

instability. As shown in the Figure 3, most RV 

concentrate between 0 and 2, with some have extremely 

large value, which leads to the high Std. dev. 

 
Figure 3 Frequency histogram of daily RV from June, 

2019 to March, 2020. 

According to Table 1 and Figure 4, ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 

basically follows a right skewed normal distribution with 

mean 23.86 and Std. dev. 0.3558. Compared to RV, 

ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 is relatively stable. 

 
Figure 4 Frequency histogram of daily ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 

from June, 2019 to March, 2021 

Seen from the Figure 5, hat ln 𝑣𝑜𝑙𝑢𝑚𝑒  also 

approximately follows a right skewed normal 

distribution, with the skewness smaller than that of 

ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟. The mean and Std. dev. equal to 12.53 and 

0.3985 respectively. Similar to ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟, ln 𝑣𝑜𝑙𝑢𝑚𝑒 

is more stable than RV, which may play an important role 

in forecasting the future RV. 

 

 
Figure 5  Frequency histogram of daily ln 𝑣𝑜𝑙𝑢𝑚𝑒 from 

June, 2019 to March, 2021 

4.2. Regression Result 

Based on the above HAR-type models, the different 

impacts of daily volatility, weekly volatility and monthly 

volatility on future’s volatility forecasting are evaluated. 

The related results are summarized in Table 2. 

 

 

Table 2. Parameter Estimation Results of HAR-RV-type Models of Shanghai Composite Index 

 HAR-RV HAR-RV-VT HAR-RV-W HAR-RV-VT-W 

 1-day 1-week 1-month 1-day 1-week 1-month 1-day 1-week 1-

month 

1-day 1-week 1-month 

𝛽0 -

0.213*** 

(-5.323) 

-0.098** 

(-2.670) 

-0.020 

(-0.518) 

-1.133 

(-0.055) 

-2.220 

(-0.120) 

-

88.986*** 

(-4.905) 

-0.044 

(-0.547) 

-0.121 

(1.609) 

-0.051 

(-0.646) 

-2.477 

(-0.124) 

-2.018 

(-0.108) 

-

88.946*** 

(-4.874) 

𝑙𝑛𝑅𝑉𝑡
𝑑 0.308*** 

(5.120) 

0.283*** 

(5.107) 

0.136* 

(2.359) 

0.241*** 

(3.900) 

0.200*** 

(3.572) 

-0.013 

(-0.229) 

0.325*** 

(5.332) 

0.302*** 

(5.252) 

0.149* 

(2.491) 

0.252*** 

(4.037) 

0.217*** 

(3.726) 

-0.004 

(-0.077) 

𝑙𝑛𝑅𝑉𝑡
𝑤 0.248** 

(2.957) 

0.095 

(1.225) 

0.101 

(1.253) 

0.227** 

(2.742) 

0.068 

(0.911) 

0.042 

(0.578) 

0.226** 

(2.721) 

0.080 

(1.020) 

0.091 

(1.112) 

0.205* 

(2.512) 

0.056 

(0.730) 

0.036 

(0.480) 

𝑙𝑛𝑅𝑉𝑡
𝑚 0.164* 

(2.182) 

0.216** 

(3.117) 

0.119 . 

(1.657) 

0.142 . 

(1.894) 

0.188** 

(2.770) 

0.034 

(0.519) 

0.171* 

(2.337) 

0.215** 

(3.101) 

0.119 

(1.641) 

0.148* 

(2.031) 

0.188** 

(2.764) 

0.035 

(0.518) 

𝑙𝑛𝑡    -5.758 

(-0.593) 

-6.669 

(-0.758) 

30.989*** 

(3.600) 

   -5.315 

(-0.559) 

-6.727 

(-0.761) 

30.983*** 

(3.579) 

𝑙𝑛𝑣    7.574 . 

(1.724) 

9.189* 

()2.307 

-3.732 

(-0.958) 

   7.621 . 

(1.773) 

9.179* 

(2.295) 

-3.738 

(-0.955) 

𝑀𝑜𝑛       -0.362** 

(-3.272) 

-0.041 

(0.479) 

-0.008 

(-0.077) 

-

0.375*** 

(-3.458) 

-0.057 

(-564) 

-0.045 

(-0.456) 

𝑇𝑢𝑒       -0.322** 

(-2.914) 

0.050 

(0.479) 

0.063 

(0.583) 

-0.345** 

(-3.181) 

0.023 

(0.226) 

0.008 

(0.082) 

𝑊𝑒𝑑       -0.136 

(-1.223) 

0.085 

(0.808) 

0.066 

(0.598) 

-0.160 

(-1.464) 

0.057 

(0.558) 

0.012 

(0.115) 

𝑇ℎ𝑢 

 

 

      -0.004 

(-0.038) 

0.040 

(0.383) 

0.047 

(0.431) 

-0.014 

(-0.131) 

0.028 

(0.281) 

0.009 

(0.089) 

𝐴𝑑𝑗 − 𝑅2 0.3439 0.2887 0.1128 0.3664 0.3356 0.2673 0.3693 0.2844 0.1054 0.3944 0.3310 0.2599 

Note: t statistics in parentheses. p <0.1, * p < 0.05, 
** 

p < 0.01, 
*** 

p < 0.001.  
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Table 2 summarizes the parameter estimators of all 

four kinds of HAR-RV-type models (HAR-RV, HAR-

RV-VT, HAR-RV-W and HAR-RV-VT-W) when 

forecasting Shanghai Composite Index’s average 

volatility in three different future periods (one day, one 

week and one month). Compared the coefficients of 

different independent variables, all past data contain the 

necessary information in forecasting the future volatility 

of the Shanghai Composite Index although the same data 

may have different usefulness in different models. 

Secondly, volume and turnover have some influence in 

future volatility, but not so significant. Finally, day-of-

week effect indeed is a factor which will influence the 

future volatility. 

4.2.1. HAR-RV Model 

In HAR-RV model, one sees that one-day model has 

the best performance, with all three independent 

variables ( ln (𝑅𝑉𝑡
𝑑) ,  ln (𝑅𝑉𝑡

𝑤)  and ln (𝑅𝑉𝑡
𝑚)  ) are 

significantly positive, while in one-week and one-month 

models, with only two and one independent variables 

significantly positive respectively ( ln (𝑅𝑉𝑡
𝑑)  and 

ln (𝑅𝑉𝑡
𝑤)  for one-week and ln (𝑅𝑉𝑡

𝑑)  for one-month). 

Through 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2 (one-day model has the highest 

and one-month model has the lowest), predicting the 

long-term performance of the Shanghai Composite Index 

is not as accurate as predicting the short-term 

performance. 

4.2.2. HAR-RV-VT Model 

In this model, volume and turnover are added into 

consideration. From the Table 2, it is found that in one-

day model, ln 𝑣𝑜𝑙𝑢𝑚𝑒  is significant positive. Besides, 

with the two new independent variables, the 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 −
𝑅2 increases compare with original model, which means 

HAR-RV-VT model has better performance in predicting 

one day volatility due to introducing ln 𝑣𝑜𝑙𝑢𝑚𝑒  and 

ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟. As for one-week model, the improvement 

brought by the introduction of new variables is much 

more obvious (p-value of ln 𝑣𝑜𝑙𝑢𝑚𝑒  is smaller), 

increasing 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2 from 0.2887 to 0.3356. This 

result is consistent with Li and Dong[29] that large 

(small) volatility is accompanied by large (small) trading 

volume. However, in one-month model, ln 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 is 

the only significant independent variable. It’s weird 

because this model ignores all the information contained 

in past volatility and volume. Furthermore, the 

𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2  is too small to make it a reasonable 

model. 

4.2.3. HAR-RV-W Model 

This is the model that considers the influence of day-

of week effect, which has the strongest impact on short-

term prediction while is not obvious on medium-term and 

long-term prediction. One easily notices that in one-day 

model, Monday and Tuesday are both significantly 

negative, with the three original variables keeping the 

same significance level. It can be partly explained by this 

theory: traders accumulated a lot of information, which 

will have a negative impact on volatility at the beginning 

of the next week. However, this impact will be eliminated 

in one-week and one-month model for the reason that 

each 5 days’ trading cycle contains a Monday and 

Tuesday, and a 22 days’ trading cycle has 4 Mondays and 

4 Tuesdays. In this case, the day-of-week effect will only 

affects the short-term model while be offset when the 

prediction period in the model exceeds five days. 

4.2.4. HAR-RV-VT-W Model 

HAR-RV-VT-W model is the full model that contains 

all possible variables. The result of this model has some 

characteristics from previous models. According to the 

one-day model results in Table 2, ln (𝑅𝑉𝑡
𝑑) ,  ln (𝑅𝑉𝑡

𝑤) , 

ln (𝑅𝑉𝑡
𝑚)  and ln 𝑣𝑜𝑢𝑚𝑒  are all significantly positive 

with different significance level and Monday and 

Tuesday are significantly negative. Besides, it has the 

highest 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2  (0.3944) compared to all other 

models. With regard to one-week and one-month model, 

there are no obvious differences in the significance level 

of variables between HAR-RV-VT-W model and HAR-

RV-VT model, while the 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2s of former is a 

little smaller than those of latter. The reason is that the 

influence of day-of-week effect is eliminated by trading 

cycle. 

Compared all the models, HAR-RV-VT-W model 

has the best performance in short-term prediction since it 

considers the most comprehensive factors that have 

economic significance. However, in medium-term and 

long-term prediction, HAR-RV-VT model has the best 

performance because it excluded irrelevant or non-

significant factors such as day-of-week effects, which 

will be eliminated due to trading cycle. 

5. CONCLUSION 

The Shanghai Composite Index is an important 

judgment index for the general investment, i.e., the 

volatility prediction is particularly crucial. In this paper, 

a predictive study is carried out on the Shanghai 

Composite Index by using 5-minutes-frequency data. 

The basic predictive model was HAR-RV-type model. 

Besides, trading volume, turnover and day-of-week 

effects are added into basic model in order to improve the 

models’ prediction accuracy. 

Firstly, original HAR-RV models are established 

which contains only past volatility data as independent 

variables. It is found that the short-term model has the 

best prediction performance while worse in the medium-

term and long-term. Secondly, trading volume and 

turnover are taken into consideration forming HAR-RV-

VT model. According to 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2 , the volume 
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plays a significant role in one-day and one-week 

prediction, which can be explained by some existing 

theory. Thirdly, day-of-week effect is introduced getting 

the HAR-RV-W model, which will have a significant 

influence on Monday’s and Tuesday’s volatilities. 

Finally, all variables are composited into the HAR-RV-

VT-W model and some conclusions are proposed 

accordingly. 

Compared all short-term model, HAR-RV-VT-W 

model has the biggest 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2, which indicates 

that it has the best performance. That makes sense 

because it takes all significant factors (volume, turnover 

and day-of-week effect) into consideration. As for 

medium-term and long-term model, in which day-of-

week effects are eliminated, HAR-RV-VT model has 

better performance. With regard to prediction 

performance of the same model for different time 

periods, it is easily find that short-term model is the most 

accuracy. This is a reasonable conclusion because it’s 

always more difficult to predict the volatility in the 

further future.  

Predicting the volatility of Shanghai Composite Index 

is a challenge task because there are so many factors will 

have great influence on it. Moreover, its inherently 

randomness makes prediction much more difficult. In 

order to get a more accurate prediction, there are still 

some factors should be taken into consideration. 

According to Li et al. [33] and previous analysis, 

structural breaks is a factor that can’t be ignored. 

Whereas, only the influence of past average data is 

considered with different periods on the future forecasts 

in HAR-type model. In further research, the method of 

time series analysis should be presented, which process 

the past data at intervals of days instead as a kind of 

correction. In addition, Shanghai Composite index is not 

the only index in the stock market of the finance market. 

Each index in the same market and even different markets 

has a certain degree of interaction according to Mutlu and 

Arık [34]. Thus, investigating on the relationship 

between Shanghai Composite Index and indexes in other 

market is also a direction to improve the accuracy of the 

prediction. 
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