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Abstract: The stock market often carries investment risks, and portfolio investment can to 

some extent reduce investment risk, helping investors to achieve certain goal in the financial 

market. In this paper, stock data from March 15th, 2022, to March 20th, 2023, is collected, 

and the ARIMA prediction model is ap-plied in the mean-variance framework for 

constructing optimized portfolios. The results are summarized as follows. First, the data 

passed the white noise test and was used to conduct ARIMA prediction. The residual 

sequence of the prediction results is stable, and the model performance is good. Then, the 

minimum-variance model and the maximum Sharpe ratio model are imple-mented according 

to the predicted data. Ping An Insurance has the largest weight in the minimum variance 

model, and Baosteel has the largest weight in the maximum Sharpe ratio model. Overall, the 

result in this paper provides insightful point for financial investors. 
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1. Introduction 

As we all know, in the process of venture capital investment, not every project can succeed. Thus, 

how to allocate the limited sources to achieve the goal of risk diversification and profit maximization 

is always an interesting issue in the financial area. In 1952, Markowitz introduced the mathematical 

statistics method to the study of portfolio selection, and for the first time analyzed the selection of the 

optimal portfolio in detail from the perspective of trade-off between return and risk. [1,2]. 

Since Markowitz's mean variance theory laid the foundation for current port-folio theory, research 

on portfolio theory has achieved many results and progress. For example, Lin and He studied the 

application of VaR model and CVaR model in portfolio construction and argued that CVaR model 

improved the effect of portfolio [3]. Considering the practical constraints such as V-type transaction 

costs, the researchers constructed a consistent mean CVaR credibility portfolio model [4]. A new 

efficient multi-objective portfolio optimization algorithm called 2-phase NSGA II algorithm is 

developed then and the results excelled in the comparison as well, etc [5]. 

 Besides, there are many examples of machine analysis for stock investment portfolio. For example, 

Liu and Zhou used the adaptive lasso method to construct a sparse investment portfolio, and the 

results showed that the stock index was to some extent predictable [6]. Yin proposed a hybrid 

prediction method based on random forest, support vector regression and short-term memory network 

models, and constructed a risk index to improve the traditional mean variance (MV) model [7]. Zhang 
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introduced the prediction residual of ARIMA into AT-LSTM and the experimental results showed 

that the combined model improved the pre-diction accuracy [8]. Zhang skipped the prediction step, 

and directly optimized the weight of the investment portfolio by updating model parameters [9]. To 

sum up, application of mean-variance optimization is still limited and deserve more investigations. 

This paper connects ARIMA and mean-variance to broaden the application of ARIMA model and 

mean-variance analysis. To the best of the author’s knowledge, this paper embraces the following 

contributions and research to the literature. First, this paper collected the returns of five stocks through 

Tushare data and tested the stability of the data. Then, this paper made ARIMA related predictions. 

Next, this paper used a mean variance model to construct an investment portfolio based on the 

predicted return. Finally, a comparison is made be-tween the proposed model and the benchmark 

model. 

2. Data  

The data of this paper comes from Tushare Finance (https://www.tushare.pro/.com), and this paper 

selects the representative enterprises of the above five industries as examples, Moutai, Baosteel, 

Yidong, Dongfeng, Ping’an. The stock codes are 600519.SH, 600019.SH, 600941.SH, 600006.SH, 

601318.SH, respectively. The reason is that these five enterprises are basically one of the most 

common brands in the Chinese market, which can rep-resent the level of this industry, or have good 

profitability in the past. And most importantly, investors are more willing to choose these stocks. 

The closing price data of the latest year, from March 15th, 2022, to March 20nd 2023, is chosen 

and 247 pieces of data were collected. This paper divides these data into two parts. Firstly, using 217 

pieces of data from March 15th, 2022, to February 6th, 2023, to make ARIMA predictions, and 30 

pieces of data from February 7th, 2023, to March 17th, 2023, to find the optimal portfolio. After 

analyzing and calculating these data, the basic information obtained in this paper is as follows in 

Table 1, Table 2 and Table 3, respectively. 

Table 1: Descriptive statistics of the daily return of the 5 stocks. 

 Baosteel Moutai Dongfeng Yidong Pingan 

mean 0.0253 0.0290 -0.0022 -0.1132 -0.0406 

std 1.7192 1.0354 3.1886 1.8425 1.7675 

Q1 -1.0763 -0.5472 -1.4804 -1.1540 -0.9476 

Q3 1.0530 0.5470 1.3553 0.8958 1.0313 

Table 2: Correlation matrix of returns of 5 stocks. 

 Baosteel Pingan Moutai Dongfeng Yidong 

Baosteel 1.0000 0.0751 0.2101 0.4191 -0.3457 

Pingan 0.0751 1.0000 0.1661 -0.0847 0.0808 

Moutai 0.2101 0.1661 1.0000 -0.2062 -0.0015 

Dongfeng 0.4191 -0.0847 -0.2062 1.0000 -0.4347 

Yidong -0.3457 0.0808 -0.0015 -0.4347 1.0000 
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Table 3: Covariance matrix of returns of 5 stocks. 

 Baosteel Pingan Moutai Dongfeng Yidong 

Baosteel 0.0041 0.0004 0.0001 0.0010 -0.0005 

Pingan 0.0004 0.0087 0.0001 -0.0003 0.0002 

Moutai 0.0001 0.0001 0.00005 -0.0005 -0.0000002 

Dongfeng 0.0010 -0.0003 -0.00005 0.0013 0.0004 

Yidong 0.0005 0.0002 -0.000003 -0.0004 0.0006 

 

As shown in the tables above, Moutai has the highest average yield and the smallest standard 

deviation. The lowest average yield is Yidong, and the largest standard deviation is the Dongfeng. 

Baosteel’s yield mean and variance performed well. From the standard of mean and standard 

deviation, Moutai and Baosteel performed well. The correlation coefficient between Baosteel and 

Moutai and Dongfeng is relatively large, while the correlation coefficient with Yidong is small and 

negative. 

3. Methods 

3.1. ARIMA 

ARIMA, one of the most important methods of time series analysis, is adopted in this article. This 

model has three key parameters, i.e., p, d, and q. P is the parameter of autoregression in AR model, q 

is the averaged moving terms in MA model. And d is the number of differences in I(d) model. The 

model is shown in the following specification. 

 ARIMA(p, d, q) = AR(p) + I(d) + MA(q)(1) (1) 

3.2. Mean-Variance 

Investors have two goals when making investment decisions: the highest stock annual return or the 

lowest capital risk. Since these two targets are restrictive, it is significant to achieve a balance between 

risk and return. After the establishment of Portfolio Theory by Markowitz, William Sharp developed 

a single-index model, which assumes that returns of assets are only related to the performance of the 

entire market [10]. 

The successful development of mean variance and effective frontier theory requires the following 

prerequisites: Firstly, investors use the probability distribution of returns as the basis for investment 

decisions. Secondly, portfolio risk is calculated and resembled by the standard deviation of predicted 

returns. Finally, investors only consider the binary relation between risk and return to invest, and 

under a given risk level, investors prefer the highest return rate or the lowest risk. The return and 

variance are shown in the following formulas. 

 𝑅𝑒𝑡𝑢𝑟𝑛 𝑅𝑎𝑡𝑒 𝑉𝑒𝑐𝑡𝑜𝑟:  𝑅 = (𝑟1, 𝑟2, … , 𝑟i)
𝑇 (2) 

 𝑊𝑒𝑖𝑔ℎ𝑡 𝑉𝑒𝑐𝑡𝑜𝑟:  𝑊 = (𝑤1, 𝑤2, … , 𝑤i)
𝑇 (3) 

 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑅𝑒𝑡𝑢𝑟𝑛 𝑜𝑓 𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜: E(𝑅𝑃) = 𝑊𝑇𝑅 = ∑ 𝑤𝑖𝑟𝑖𝑖  (4) 

 ∑ 𝑤𝑖𝑖 = 1 (5) 
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Where 𝑟i  is the return of each asset. 𝑤i  is the weight of stocks in the portfolio. E(𝑅𝑃) is the 

expected return of the portfolio. After determining the expected return, risk is then considered as 

variance in statistics. 

 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒: 𝜎𝑃
2 = var(∑ 𝑤𝑖𝑟𝑖 𝑖 ) = ∑ 𝑤𝑖𝑖𝑗 𝑤𝑗cov(𝑟𝑖𝑟𝑗) (6) 

Where, 𝜎𝑃
2 is the variance of the portfolio. Finally, Sharpe Ratio indicates the relationship between 

portfolio’s risk and return. Where 𝑅𝑓 is the return of risk-free asset. 

 Sharp Ratio =
𝐸(𝑅𝑃)−𝑅𝑓

𝜎𝑃
 (7) 

4. Results 

4.1. ARIMA 

First, through the Tushare website, basic information about the stocks of five companies is obtained 

and loaded into python. Before using the ARIMA model for prediction, data stationarity testing and 

white noise testing are implemented. If the sequence is white-noised or not stationary, historical data 

of these five stocks cannot be used to predict and infer the future situation through ARIMA. So, these 

situations should be excluded before the ARIMA prediction procedure (See Table 4). 

Table 4: P-values of LB test (10^-48 is set as the unit of measurement). 

 Baosteel Pingan Moutai Dongfeng Yidong 

P-value 3.352 97.9640 5.2953 686.1480 16929.315 

Time series data of stock closing prices of five companies have all passed the stationary test and 

white noise test. Then, this paper determines the values of p and q. The principle for selecting the 

order is the AIC criterion and the results are shown below in Table 5. 

Table 5: Parameters of auto-regressive and moving-average models. 

 Baosteel Pingan Moutai Dongfeng Yidong 

p 2 4 4 4 2 

q 3 4 3 3 2 

4.2. Portfolio Optimization 

After obtaining ARIMA results, the 30-day daily yield was calculated based on the predicted close 

data. The annualized yield of the five stocks is then calculated based on the rule of 252 trading days 

per year. Finally, the yield data is used to calculate the correlation matrix and annualized yield 

covariance matrix. 

According to the mean variance model, the optimal allocations can be obtained, namely the 

Maximum Sharpe Ratio and the Minimum Volatility. Maxi-mum Sharpe Ratio portfolio is 

documented as MSR weights in the following text, and the Minimum Volatility portfolio is written 

as GMV weights. They can be learned as the portfolio with the largest excess return per unit risk and 

the portfolio with the lowest risk in the above effective set. The calculated portfolio weights and the 

Sharp Ratio and the Volatility are in the following Table 6. 
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As can be seen from the Table 6, the results of the two stock allocations are quite different. In the 

Maximum Sharpe Ratio portfolio, Pingan has the largest weight, reaching 74.08%, while Yidong has 

the smallest weight, only 2.00%. In the Minimum Volatility portfolio, Moutai has the largest weight, 

reaching 72.29%, which has already exceeded half of the entire portfolio and occupied the majority, 

but the lowest weight is Pingan (the largest weight in MSR), only 0.96%. Compared with these two 

portfolios, the weights of Pingan, Moutai, Dongfeng, Baosteel are quite different, while Yidong has 

a similar smaller weight in which-ever portfolios. 

Table 6: Optimized weights (Data from February 6, 2023 to March 20, 2022). 

 MSR weights GMV weights 

Baosteel 0.1058 0.0319 

Pingan 0.7408 0.0096 

Moutai 0.0872 0.7229 

Dongfeng 0.0462 0.1379 

Yidong 0.0200 0.0977 

4.3. Comparison of Return Rates 

In order to verify the performance of the portfolios, this paper uses the real closing price data from 

February 6, 2023, to March 20, 2022, and applies the weights in the optimal situations to get the real 

performance of risk and returns of these two months, and finally compares it with the equal weights. 

If the return of the optimal portfolio in these two months is greater than the equal weights model, it 

will be considered effective. 

For the Maximum Sharpe Ratio portfolio, this paper calculates the returns of the portfolio in the 

final predicted date and the equal weights, and the results are 1.585% and 1.169% respectively, which 

means that the return performance of the Maximum Sharpe Ratio portfolio is better than the 

benchmark. 

 

Figure 1: Cumulative Return. 

But for Minimum Volatility portfolio, the final return of the portfolio is -0.0679%, which is 

negative. Therefore, the return performance of Minimum Volatility portfolio is not better than that of 

the market level, but also not better than that of Maximum Sharpe Ratio portfolio (See Fig. 1). 
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5. Conclusion  

At present, the research on investment portfolio is mostly concentrated in single industry and related 

industries, while the research on industries with large business scope is lacking. This paper has 

officially noticed this point, and selected real estate industry, Food and beverage industry, energy 

industry, medicine industry, finance industry and retail industry in order to inspire and reference other 

potential investors. 

It is found that the financial insurance industry and the food and beverage industry occupy the 

largest share in the portfolios. However, in the end, when evaluating the performance of these 

portfolios, the comparison result deviated from the expectation, and the performance of the maximum 

Sharpe ratio portfolio was the best.  

There may also be some areas for improvement in the research process of this article. Firstly, the 

experiment selected leading enterprises from different industries for configuration, but did not 

eliminate the differences in industry returns. So, throughout the entire process of calculating weights, 

the performance of certain stocks has not been strong. Secondly, ARIMA time series analysis also 

encountered some challenges in determining model parameters, which may be related to the 

instability of stock data itself. 
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