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Abstract: China's capital market has been expanding quickly in recent years, and the stock
market in particular has drawn a significant quantity of cash. Additionally, the stock price has
come under increasing scrutiny as a key metric for assessing the economic strength and
degree of development of listed companies. The Shanghai Stock Exchange 50 (SSE50) index,
as an indicator that comprehensively reflects the stock market's movement, is conducive to
market participants' analysis of the market. Therefore, this paper selects the daily closing
price of the SSE50 index from June 21, 2018 to June 21, 2023 as the research data, and uses
the R Studio as the software to implement it, and first conducts the stationary test and the
white noise test on the data, and finally selects ARIMA(0,1,0) as the model to forecast and
analyze the future development of the SSE50 index, in order to provide investment indicators
for investors and a reliable basis for corporate policy decision makers.
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1.  Introduction
1.1. Research Background and Significance

The acquisition of stocks has emerged as one of the most significant techniques of investing as a
result of the continuing expansion of China's stock market. And the movements of the stock price are
very important for the shareholders. Accurate stock price forecasting aids investors in selecting the
best investments, lowering risk of loss, and generating respectable returns. Changes in stock prices in
some cases reflect the state of economic operation, which is able to provide a scientific basis for
decision-making when formulating pertinent economic policies. However, when it comes to the stock
market, fluctuations in stock prices are influenced by a variety of intricate elements, making it
challenging to precisely anticipate stock prices.

1.2. Literature Review

There has been a large amount of literature on stock price forecasting research that provides
compelling economic arguments and empirical results in samples. Zhang, Y. et al. Used
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ARIMA(4,1,4) model to forecast stock prices in the future, and the results indicated that the model is
able to predict the SSE index relatively accurately in the short run [1]. Xu, S. et al. used ARIMA(2,2,0)
as a reported use model to fit the prediction of the Shanghai Composite Index with time series
regression [2]. Li, H. designed the modeling of the rise and fall of the SSE50 index by comparing the
LSTM model, the ARIMA model and the BP model, and the results obtained that the model can be
used in practice to achieve better prediction results, which can be used as a guide for investors'
decision-making [3]. Wang, H. et al. selected the SSE50 index as the object of the research,
establishing a time series model to quantitatively analyze the data based on the its features and
predicted the future trend of the index, being able to improve the simulation of small sample portfolios’
current market trend [4].

1.3. Research Contents and Framework

This paper has a total of six chapters, and the content of each chapter is organized as follows:

The introductory chapter introduces the research background, research significance of stock price
index analysis and forecasting proposed in this paper in the first place. This chapter summarizes the
current status of domestic research on stock price index forecasting, and finally introduces the main
research purpose and the arrangement of related chapters.

The second chapter is the related method, which introduces the related theoretical knowledge and
algorithmic knowledge used in the research process of this paper, mainly including time series
analysis and ARIMA modeling method.

The third chapter firstly introduces the acquisition method of the data used in this paper, and then
does the basic analysis and description of the data. The fourth chapter is the results based on the
ARIMA model for forecasting the future development of SSE50 index. The data set is subjected to
stationary test and white noise test and then one difference is made to automatically fit the appropriate
ARIMA model. Then prediction is done to get the anticipated value of this model in the test interval.
The fifth chapter is discussion. This chapter addresses the shortcomings of the research methodology
used in this paper and proposes additions. The sixth chapter is conclusion. This chapter summarizes
the whole paper and suggests the direction for future research.

2.  Method
2.1. Time Series Analysis

Time series are collections of numerical sequences of observations generated in a chronological order
[5]. They can be categorized into two types: continuous time series and discrete time series. Daily
data of stock prices or index are presented as discrete time series.

This paper will only discuss about discrete time series. Stochastic time series have an important
basic feature: the interdependence of neighboring data, which is the correlation of stochastic data. To
analyze a time series is to analyze the correlations between the variables and to use stochastic dynamic
models to analyze the correlation structure for further forecasting.

The process of time series modeling are divided into 4 steps:

First, time series stationary test. For time series analysis, stationary is a crucial criterion. The first
step after obtaining a collection of discrete time series data is to determine if they are stationary. There
are three fundamental techniques can be used to make a judgment: One method is to do intuitive
estimate using scatter plots; the second one is to judge based on the autocorrelation function; the third
technique is to carry out ACF test. For the non-stationary time series can use the difference to
transform it into a stationary time series before further research [2].

Second, model identification and order determination. There are various ways to identify the
ARIMA model. Usually the features of autocorrelation coefficients and partial autocorrelation
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coefficients will be considered and the order will be determined based on the AIC criterion or BIC
criterion. Alternatively, the auto. Arima function can be used directly for identification

Third, estimation of model parameters. After the identification and ordering of the model is
completed, the parameters of the model can be estimated using the conditional likelihood method or
exact likelihood method. This process generally carried out by statistical software.

Fourth, model testing and prediction. The Ljung-Box test can be used to ascertain whether the
residuals are white noise and whether the fitted model is sufficient. The tested model can be applied
to analyzing and forecasting the time series with the training data sample [6].

2.2. ARIMA Model

When analyzing a time series, the ARIMA model needs it to be stationary. If the time series is non-
stationary, it must be converted [7]. It should be differenced d times during the modeling process to
turn it into a stationary series. Then it can be analyzed by using the ARMA model, at which point the
time series is said to be an ARIMA(p,d,q) process. p and q are the lag orders of autoregression and
moving average respectively. The model's expression is provided as follows.

Xi=a X g+, X+ +a, X, 66 ,+0,6 ,++0,&

1)
3.  Data Selection and Description
3.1. Data Selection

In this paper, the daily closing price of SSE50 index from June 21, 2018 to June 21, 2023 is selected
as the object of study, with a total of 1,216 observations. And the data is processed into time series
data to facilitate data forecasting afterwards.

The SSES50 index is a sample of 50 stocks selected from the Shanghai stock market as being the
most representative stocks with respect to size and liquidity, in order to comprehensively depict the
general state of a group of top businesses with the greatest market effect on the Shanghai stock market.
This index's objective is to create a large-scale investment index with active trading that will primarily
serve as the foundation for derivative financial products [3].

In order to judge the prediction effect in the subsequent research, this paper divides the original
data series into two groups. One group is the first 1064 observations, which are used for training. And
the other group is the last 152 observations, which are used as a control group to test the effect.

The data in this paper are downloaded from CSMAR, and the software used to analyze the data is
R Studio. CSMAR is an economic and financial database developed from academic research needs,
combining with China's actual national conditions.

3.2. Data Characterization

As depicted in the figure 1, the trend of SSE50 index rises first and starts to fall after reaching a peak
in February 2021, but the fluctuation is still large. SSE50 index is hit by the epidemic and started
plummeting respectively in March 2020 and October 2022. Affected by the central bank’s reduction
of the reserve requirement ratio and the rebound of the epidemic respectively, the SSE50 index
rebounded rapidly in December 2018 and July 2020. The SSE50 index does not meet the mean-
variance characteristics of a stationary time series, so it is initially judged not to be a stationary time
series.
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Figure 1: SSE50 index time series plot.
4.  Results
4.1. Stationary Test

In order to further confirm the non-stationary of SSE50 index, the ACF test are conducted in this
paper, and the results are presented in table 1.

Table 1: Augmented dickey-fuller test.

data: SSE50 ts

Dickey-Fuller = -1.498 Lag order = 10 p-value = 0.7908

alternative hypothesis: stationary

According to the ADF test findings in Table 1, the time series possesses a unit root, which suggests
it is a non-stationary time series. So, it needs to be differenced before modeling and analyzing [8].

4.2. White Noise Test

ACF identifies if there is a correlation between the current stock price and all of the prices from a
specific time in the past. PACF describes the correlation between the present price simply and a
certain price in the past. Both values range from -1 to 1 [9]. The stronger the correlation, the closer
the absolute value is to 1. The linear correlation between the two is lower as the absolute value gets
closer to 0 [10].
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Figure 2: ACF & PACEF test.

In figure 2, the blue dotted line represents the error range. When the value does not surpass the
blue dotted line, it is essentially assumed that they are not correlated.

This is because the ACF are above the critical value, indicating that this time series is not white
noise. This data can be considered to be a non-stationary series when the ACF gradually decrease to
0 and the PACF abruptly drops to 0 after lagl [11]. Alternately, the p-value is higher than 0.99
according to the ADF test, accepting the null hypothesis that this data is not stationary.

Because the ARIMA model is based on the fact that the data being analyzed must be a stationary
time series. The next step involves transforming the non-stationary data into stationary data using
differencing. After the transformation, it can be shown from table 2 that ADF test is performed and
the p-value is less than 0.01, the null hypothesis is rejected and the data is stationary.

Table 2: Augmented Dickey-Fuller test.

data: diffSSE50

Dickey-Fuller = -10.623 Lag order = 10 p-value = 0.01

alternative hypothesis: stationary

Warning: p-value smaller than printed p-value
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Figure 3: ACF & PACF test after 1 differencing.

The upper part of figure 3 states the new time series data after performing one differencing. It is
obvious that it fluctuates up and down around 0. Lag6 and lag26 in the ACF plot exceed the critical
values, so the new time series is not white noise.

4.3. Fitting Model

Applying the function auto.arima in the R Studio can determine the parameters in the ARIMA, and
the model is tested for residuals. If it passes the Ljung-Box test, it implies that there is no
autocorrelation between the residuals and that the model does not require additional correction or
adjustment. Table 3 demonstrates that the p-value for the Ljung-Box test is greater than 0.05,
indicating that the model passes the residuals test.

Table 3: Ljung-box test.

Data: Residuals from ARIMA(0,1,0)

Q*=11.83 df =10 p-value = 0.2966

Model df: 0 Total lags used: 10

4.4. Prediction Analysis of the Model

According to figure 4, the ARIMA(0,1,0) model was utilized to predict 152 values (blue line), which
was compared to the 152 observations (red line) previously set aside, and the model was found to be
statistically soundly fitted.
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Figure 4: Forecasts from ARIMA(0,1,0).

5. Discussion

With the booming global financial market, more and more investors begin to use mathematical
methods to examine stock movements, and make predictions and assessments of stocks from both
theoretical analysis and experience, so as to formulate investment strategies [2].

Based on the time series data of SSE50 index selected in this paper, the impact of the daily closing
price of the SSES50 index over time is investigated by the empirical method of ARIMA difference
integrated moving average autoregressive model fitting, and it is inferred that SSE50 index will
fluctuate constantly in the second half of 2023.

Regarding the establishment of the time series model in this paper, on the one hand, because the
study has made one difference to the data, there will be some missing information, but it will make
the data series more stationary and easier to make predictions, which will lead to better results and
help people to make better decisions. On the other hand, stock market investment is closely related
to the psychological factors of the investors with great uncertainty, which in turn will have an impact
on the prediction.

In many cases, even though the ARIMA model passes the residual test, there is still some
information that has not yet been uncovered as can be seen in the ACF plot. And as shown in table 2,
the actual p-value is smaller than 0.01, which may cause over fitting and make the results less obvious.
Therefore, it is not rigorous to judge the fit of the model just based on the p-value.

Although the ARIMA model successfully predicted the range of SSE50 index during the 152 days
of the test set, the index had a U-shaped fluctuation during this period. And the prediction did not
reflect the changes and fluctuations of the index, but only reflected a result, which is not a good
reference for investors who prefer short-term investment.

In addition, the actual volatility of the stock market is relatively large, subject to the interference
of many influencing factors, such as market risk, political risk, technical risk and so on [1]. Simply
relying on one model to do the prediction is not enough, and even sometimes with the same indicators
of different time periods of data for prediction will lead to different predictions. Therefore, it needs
to be combined with other methods and economic facts to make a comprehensive judgment.
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6. Conclusion

In this paper, the closing price time series of SSE50 index of Shanghai stock market from June 21,
2018 to June 21, 2023 is taken as the data set. On this basis, an ARIMA(0,1,0) model is constructed
for the sample period using the mature time series modeling technique using R Studio to fit and
forecast the SSE50 index. The model fitting effect and forecasting accuracy are examined, and the
results are well-fitted.

Stock price forecasting is still a difficult topic because of the stock market's volatility, which leaves
it full of uncertainty. Nevertheless, because the time series forecasting theory has a positive short-
term forecasting impact, it has been acknowledged as an effective method of statistical forecasting of
stock price movements. Currently, there are comparatively more techniques available for predicting
time series trends, such as gray forecasting, exponential stationary, threshold autoregression, etc.
Every technique has some predictive benefits. Due to the fact that each technique is developed to
address a particular issue, there are, however, certain drawbacks as well. In this paper, the forecasting
technique employed is the ARIMA model, which is comparatively more effective. Comparison of the
final forecasts with the actual values revealed that the predictions were more accurate in the near term,
showing that the model can produce more accurate results when predicting stocks in the short-term
future.

In addition, the stock market's actual volatility is rather high, and it is disturbed by several
influencing factors such as market risks, political risks, and technical risks. Simply relying on a single
model to do stock price prediction is far from enough. Even sometimes using the same indicator for
different time periods of data for prediction will lead to different prediction results. Therefore, stock
investment requires a combination of other methods and economic facts to make a comprehensive
judgment.

In the next phase of the research, in order to overcome the shortcomings of ARIMA model, which
is only accurate in short-term forecasting and unable to predict the fluctuations, we can use LSTM
model and BP model to forecast the index and use GARCH model to predict the fluctuations of the
index, which can strengthen the corroboration of the results in various aspects.
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