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Abstract— Against the background of the COVID-19 pandemic, stock markets around
the world have been greatly impacted. The Chinese stocks face the risk render by
pandemics and face the crackdown from the Chinese government. This study aims to
evaluate the portfolio allocation with the U.S.-listed Chinese stocks. In this paper, first, we
calculate the Sharpe ratio of all Chinese companies that trade on U.S. major stock markets
and choose six stocks with the largest Sharpe ratio to do asset allocation. The stocks that
we choose are SPI, AACG, BTB, MOXC, DQ and RENN. Then we plot the efficient
frontier by the Monte Carlo simulation method to find the maximum Sharpe Ratio portfolio
and minimum volatility portfolio, and view the performance of each portfolio. We get a
similar composition of stocks in these two portfolios, which have a high Sharpe ratio and
high volatility. In conclusion, we can say that allocations with pure Chinese stocks may
not be suitable for risk-averse people. Finally, we use the ARIMA model to predict the
future 21 days returns of each stock. We calculate the AIC to evaluate the model and plot
the prediction of stocks’ returns and compare it with the real value which the stocks show.
As a result, we find that the ARIMA model only has limited accuracy in predicting the
future.
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1 INTRODUCTION

In such an era as the COVID-19 pandemic has been a global menace to human beings, the global
economy has been greatly affected, primarily for retailing and tourist industries, and the negative
impact may further be amplified with the uncertain trend of the pandemic [1]. As a result of
economic globalization, all of the stock markets around the world have been impacted by the
COVID-19 [2]. Especially for Chinese stocks, not only are they influenced by the pandemic but
are also facing severe political pressure in China [3]. In this case, it is a challenge for us to form
a portfolio with US-listed Chinese stocks, given the aforementioned risks rendered by the
pandemic as well as the crackdown from the Chinese government [4].

Since 1994, there is an increasing number of Chinese stocks listed in US major stock markets.
As per the data from USCC, as of May 2021, there have been 248 China-related companies
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listed in the US, with a total market capitalization of 2.1 trillion dollars [5]. The main reason is
that those companies are attracted by a higher degree of market activity. Also, they are seeking
more opportunities to familiarize themselves with global investors as well as avoiding the
relatively strict regulation in China [6]. Indeed, investors have been attracted by the integration
of the US and Chinese stock markets as of decades ago [7]. However, we did not find plenty of
published research focusing on this particular group of stocks.

Regarding the high risks to Chinese stocks listed in US stock markets, we would like to
maximize the return of the portfolio by maximizing the return of the unit risk. One of the most
common ways to measure the performance of assets under risk is the Sharpe ratio, which
calculates the return of a unit risk [8]. For portfolio optimization methodology, we are inspired
by the Monte Carlo simulation, which is extensively used in portfolio management. Similar to
the method of exhaustion, Monte Carlo simulation assigns different weights to each asset and
derives as many conditions as possible, which has been seen as an ideal way to solve portfolio
management problems [9]. We also utilize the efficient frontier to acquire efficient combinations
of weights with the variety of returns and risks for a particular portfolio, which has proved to be
useful since the last century [10]. For trend forecasting, we referred to the autoregressive
integrated moving average (ARIMA) model. ARIMA is a widely used time series model. It is
based on the autoregressive moving average model with integration to make the time series
forecast more stationary and more robust in a short-term forecast horizon. Many scholars used
ARIMA in the field of finance and economy, such as forecasting the future value of a currency
and future demand for supply chain management [11, 12]. However, all those methods are
flawed in that there is still no research showing the application of those methods on US-listed
Chinese stocks.

In this paper, we will select 6 assets with the Sharpe ratio as our portfolio. We will then figure
out the specific weight of each asset in the portfolio by Monte Carlo simulation and select one
combination of weights that is suitable for us. We would finally do the trend forecast via the
ARIMA model to predict our portfolio.

2 METHOD

2.1 Data preparation

We get a list of Chinese companies that trade on the U.S stock market from Wind [13]. After
that, we select the company which is listed on market for at least 4 years. Then we got those
companies' historical data from the website Yahoo finance [14]. Each company's daily stock
price data is selected from January 1, 2017, to June 30, 2021. We annualized daily return and
daily return’s standard deviation then calculated the annual sharp ratio of all those companies
to pick the sock. The annual sharp ratio is defined as:

E(R,) — Ry

JVar(R,)

where R, is the annualized asset return, Ry is the risk-free return which is assumed as constant.
According to the date after calculation, we selected the six companies with the highest Sharpe
ratio. The six companies are SPI Energy Co., Ltd., ATA Creativity Global, Bit Brother Limited,

SharpeRatio = (D



Moxian, Inc., Daqo New Energy Corp., and Renren Inc. For more information about those
companies, see Table 1. The calculation and analysis through Python.

TABLE 1. THE STOCK INFORMATION

Stock Market Cap.
Svmbol Company Sector Industry (Until August 12,
¥ 2021, $)
SPI Energy
SPI Co.. Ltd, Technology Solar 128.14M
ATA . ..
AACG Creativity Consurper Educatlon&Tralmng 88.76M
Defensive Services
Global
Bit Brother Consumer
BTB Limited Cyclical Restaurants 41.046M
MOXC Moxian, Inc. Commur}lcatlon Internet Con.tent & 148.543M
Services Information
Daqo New Semiconductor
DQ Energy Corp. Technology Equipment & Material 41628
RENN  Renren Inc. Consumer Auto & Truck 245.718M
Cyclical Dealerships

2.2 Portfolio optimization through Monte Carlo

Then we plot the efficient frontier. We used the Monte Carlo method to find efficient frontier
and portfolio allocation. The first step of this method is generating lots of random numbers as
the weight of each stock. Then we constructed many different asset allocations. For each asset
allocation, we calculated the annual expected returns, volatility, and sharp ratio. The annual
expected return can be calculated by equation (2),

ExpectedReturn = E(Rp) = Z w;t; 2)

where w; is the weight of the asset;. The volatility of each allocation is the covariance matrix
of each stock return multiply by the weight and can be calculated by equation (3).

Volatility = o%(r,) = Z Z w; wicov(r;, 7;) 3)
2.3 Trend forecast

2.3.1 Pre-process

We used the compound return for trend forecast and time series analysis. The compound return
is defined as:

Vt+1)
vVt

where V; is the price at time t. Then, we combined the histogram and scattered plot to check
whether the compound return of each stock is invariant or not. For the histogram method, each

CompoundReturn = In (
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stock data will be split in half, and then compare the distribution of 2 plots. According to the
plot of each stock, the compound return of all stocks is invariant.

2.3.2 ARIMA model for forecasting

We use the autoregressive integrated moving average (ARIMA) model to predict the future
trend of each stock. The ARIMA (p, d, q) model’s concise form is shown as:

¢(B)(1 - B)?x; = 0(B)w, )

where B is the backshift operator; x; is the time series data;w, is “white noise” random shock
variable that follows an independent and identically distribution (0,0%); ¢(B)=1-—
¢$1B' — ¢p,B* — - — $,B? and 6(B) =1+6,B'+0,B*+--4+6,B*> represent the
autoregressive operator and moving average operator with order p and q; (1 — B)¢ is the
difference process with order d [15]. The order of autoregressive process (p) and moving
average process (q) could be obtained by partial autocorrelation (PACF) graphs and
autocorrelation (ACF) graphs. For a more accurate result, we fitted the various model with
different order combinations. The range of order p and q is from 0 to 5, and the range of d is 0
to 3. We used the Akaike information criterion (AIC) to compare each model. The AIC can be
calculated by the formula (6),

AIC = 2k — 2In(L) (6)

where k is the number of estimated parameters in the model and L is the maximum value of the
likelihood function for the model. The model with the lowest AIC fitting the trend best. We also
do the residual analysis to check whether the residual is normally distributed. By observing the
time series plot, which includes plots of residual data, ACF, PAF, QQ and probability, it is
proved that the residual is independent.

3 RESULTS AND DISCUSSION

3.1 Efficient frontier and portfolio allocation

In figure 1, the blue line shows the efficient frontier of the 5 stocks that we chose. The x-axis
shows volatility, and the y-axis shows the expected returns on the left side and the Sharpe ratio
on the right side. The marks represent the volatility and Sharpe ratio of each stock when the
stock’s weight is 100% in the portfolio. We can see that most dots have high volatility and are
red, which means most combinations have a low Sharpe ratio.
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Figure 1. Efficient Frontier 1.

In figure 2, the max Sharpe ratio portfolio and minimum volatility portfolio are shown by the
marks on the efficient frontier. The details of each portfolio are shown in the figures below.
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Figure 2. Efficient Frontier 2.

Figure 3, (a) represents the percentages of each stock in the maximum Sharpe ratio portfolio
and (b) represents the percentages of each stock in the minimum volatility Sharpe ratio. The
composition of these two portfolios, which are oriented in different strategies, is similar. The
result may be due to the method which we used to choose stocks by the highest Sharper ratio.
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Figure 3. Weights of each stock in portfolios

Table 2 shows the performance of the two portfolios. Because of the similar allocation of stocks,
they show a similar result correspondingly. The volatility of both portfolios is typically high
even they have a high Sharpe ratio at the same time. This result shows that high risk always
comes with high returns.

TABLE 2. PERFORMANCE OF PORTFOLIO

Returns Volatility Sharpe ratio

?é[;);lmum Sharpe Ratio portfolio 135.79% 75.55% 179.73%

x/}r\‘;;n“m Volatility  portfolio 4 990, 68.80% 167.15%




3.2Results of ARIMA-based trend prediction

Table 3 shows the AIC of the model that we use to predict the stocks, which can show us how
well the model fit. We got a minus relatively low value. Therefore, we can say that the model
we used fit well.

TABLE 3. AIC OF STOCK’S MODEL

SPI AACG BTB MOXC DQ RENN
ARIMA  -1069.2712  -1966.7606 -1867.201252  -2204.1646  -3455.9884 -2656.1765

3.3 Price Prediction based on Arima

In figure4, the x-axis shows the date, and the y-axis shows the six stocks' compound return (log
return). Graph (a) shows the predicted compound return which we calculated by the ARIMA
model and graph (b) shows the real compound return which is calculated by the yahoo finance
data. According to the result, the patterns are not as similar as the training data set. The model
that we used does not have so much accuracy in prediction and still has the potential to be
improved to obtain better precision. The reason may be that the sample size is too small. In
future work, we need to increase the sample size or try other models.
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Figure 4. Prediction of the stocks



4 CONCLUSION

In this paper, six US-listed Chinese stocks were selected to form different asset portfolios. The
selection is based on the annual sharp ratio. The optimal portfolio allocation is selected by
efficiency frontier, calculated based on the Monte Carlo method. According to the efficiency
frontier plot, no allocation with single stock is the optimal allocation. The final portfolio
allocations are asset allocation with the maximum sharpe ratio (SR) and minimum volatility
(MV) allocation. Both have a high return and high risk, which shows that these Chinese
companies may not be good assets. The allocation with pure Chinese companies’ stock is not
good for the risk-averse people and may need to add some other stocks to balance the risk. The
ARIMA model has some accuracy in estimating the future, but not much for the forecasting
model. This can be shown by comparing trend plots of predicted data and real data. The patterns
of forecasting return and real return are relatively similar since both fluctuate around zero.
However, the real data is more volatile than the forecast data. The model predicts MOXC's stock
most accurately for single stock forecasting and SPI's stock least accurately. The SPI’s return
shows as a straight line in the predicted data, but it shows more volatility in the real data. Thus,
the ARIMA model could only be used as a reference for return prediction. To further reinforce
this research, future research could examine the portfolio allocation with different stock
selection indicators (which is the shape ratio in this paper). Increasing the size of data and using
an enhanced model with more accuracy could also be considered in future work.
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