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Abstract. The stock price prediction and portfolio construction are very important in the application

of quantified investments. Risk control and stock price prediction are two challenge problems that

we want to solve. In this paper, two main steps are processed to quantify the risk and predict the

stock price. Especially, the first step is portfolio optimization, which is based on the Mean-Variance

method. The second step is the stock price prediction, which is designed based on the Arima-based

met hod. The results show that the stock ATWTRO an
the stock combination, which shows that the ATwit:
higher expected return with a lower risk. In addition, the best ARIMA model used to fit our data will

be the one with parameters p=4, d=0, g=3. Our research has great significance in the application of

guantified investments.
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1. Introduction

Portfolio optimization aims to explore the best combination of investments to obtain the biggest
return. The main portfolio characteristics used in portfolio optimizatiggested by Markowitz [1]
are the expected return and the risk. In contrast to the expected return, the specification of the portfolio
risk appears to be a more complicated task [2].

I n Markowitzds portfolio theor yure[ Thén, optimdie Vv e
portfolios are constructed by minimizing the variance for a given level of the expected return or
maximizing the expected return for a given value of the variance. However, these optimization
problems take into account only one charasteriof the portfolio while the second is fixed.
Especially, the variation of the stock price in the social media platforms market seems stable.
Therefore, the investment strategy for the social media platforms market may be dpesifiery
importantfor us to find a suitable measurement standard to minimize the risk of this investment is
very important.

Many researchers proposed some methods to measure the risk. For example, Sharpe [3, 4] defined
the Sharpe ratio (SR) as a ratio of the expected portfolio return to the standard deviation. Please note
that the optimal portfolio in the sense of maximizing B8R belongs to the efficient frontier in the
case without arisk r ee asset, which can be obtained as
problem. Krokhmal et al. [5] proposed the downside risk measures that depend only on the positive
values of the reirn's loss function or negative values. The risk theory has been pushed that the
guantilebased measures are wellited functions to quantify risk {63].

The pioneering work of Markowitz on the meaariance (MV) portfolio optimization procedure
is themilestone of modern finance theory for optimal portfolio construction, asset allocation, and
investment diversification [14].

We hope to optimize the investment portfolio by constructing the waaance so that investors
can diversify some risks. The topized portfolio approach provides investors with a way to reduce
assetrelated risks without necessarily reducing their expected rate of return. Compared with a simple
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equatweighted portfolio, this improves the tradé# between risk and return becaws&wer level

of risk is achieved at the same level of return. In addition, we have also realized the investment
portfolio return forecast for the next 21 days. This helps us to observe the return range of the
optimized investment portfolio more intuitiyel

The main reason why the latter has traditionally been preferred is that the semicovariance matrix,
contrary to the covariance matrix, is endogenous (its terms change every time the portfolio weights
change); therefore, optimization problems that usedtintractable. A solution to this problem is
provided in Estrada [15], who proposes a heuristic that computes the elements of the semicovariance
matrix with respect to when the single assets, and not the portfolio as a whole, underperform the
benchmarkThis procedure yields an exogenous matrix that well approximates the semicovariance
matrix and can be used for portfolio optimization. It has been pointed out in Estrada [15] that it would
be deceiving to compare the results obtained from optimizatioeguwoes that employ the variance
with those obtained from procedures that employ the semivariance using an index based on either
meanvariance or measemivariance efficiency. This is because, by construction, ive@nce
optimization will appear to perfo best when using a meaariance performance measure (such as
the Sharpe ratio). In contrast, mesamivariance optimization will appear to be the best when using
a meamsemivariance performance measure (such as the Sortino ratio).

The contributions ofttis paper include 1) The MYdased method is used to maximize the sharp
ratio portfolio; 2) The ARIMA Model is used to predict the price trend of the selected stocks. 3) The
comparison of ARIMA and machine learnibgsed methods is given to show the method'
performance for stock price trend prediction.

The rest paper includes Section 2 introduces the methods; Section 3 introduces the results and
discussion; Section 4 introduces the conclusion.

2. Method
In this paper, two steps are designed to achieve thetgaabe can obtain the best return from the
stock market. The two steps Il nclude dAPortfo

Especially, portfolio optimization is used to get the best strategy, and the stock price prediction is
used to validatéhe effect of the above strategy. For example, if the strategy is useful, the return
would be good, and the stock price prediction may get a good result with high accuracy.

2.1Data Preparation

Five stocks, including ATwi t NAP) O TWARDOM WFd
and AWei bo Corporation (WB)O0O are selected fro
represent the rule of the social media market because the above five stocks are the typical stocks in
this market. The variation of thestcks following the time series can be found in figure 1.
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Figure 1. The stock price variation following time series.
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The y-axis means the stock price; thaxis means the time series of the stock market. Five stocks
are shown in different coldines in legend. Obviously, from figure 1, we can find that all the variation
of stock prices is smal/|l except for the fAZMo.
step can decrease the risk of the market, which could decrease the diffichyproblem.

2.2 Portfolio Optimization

In this paper, the best return should be under the smallest risk. Therefore, risk quantification is
very important. For example, the benchmark below which volatility is considered to be downside
volatility depends orthe investor's preferences, and it does not necessarily coincide with the mean
portfolio return. If returns are perfectly symmetrically distributed, the investor requires to directly
target the volatility below the benchmark. Finally, the measurementebgidwnside deviation can
be calculated by the formula (1).

” -B 0Q8 ohm (1)

T means the wholéme series, and r represents the returns; the investor proposes a benchmark B
set.

2.3 Stock PricePrediction

In this paper, the Arima method is used to predict the stock price. In forecasting form, the best
model selected can be expressed as formula (2),

O "o — (2)

where € = Y.-¥; is the difference between the actual value and the forecast value of the series.
We iterate through a netnivial number of combinations of (p, d, q) orders to find the best ARIMA
model to fit our portfolio returns. We use the AIC to evaluate each mbdelowest AIC wins.

3. Results and Discussion

In this paper, the results include two parts: portfolio optimization results and stock price prediction
results.

3.1Results of Portfolio Optimization
The daily return of considered assets is counted statisticalyrsim figure 2.

Daily returns of the considered assets
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Figure 2. The Distribution of daily returns.
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From figure 2, the results show that the daily returns obey the normal distribution. And the results
of the expected return have two parts: the maximum sharp ratio and the minimum voldtgity
results can be found in table 1.

Table 1.Results of Selected stocks RATIO (Portfolio)

Stock Name Maximum Sharp ratio Minimum Volatility
FB 5.99% 0.98%
SNAP 2.38% 51.16%
TWTR 35.34% 0.22%
WB 56.09% 18.09%
ZM 0.19% 29.55%
In table 1, the first column shows the memb

SNAP, TWTR, WB, and ZMo. The second col umn st
The third column shows the results of minimum volatility. Especially, th&mum sharp ratio

means the maximum expected return per risk unit. Besides, the minimum volatility means the
minimum risk we want to accept.

The maxi mum sharp ratio can represent the be
and AWBO hvaev e9 % er aathioo of the stock combinat.
Awei bodo soci al media corporations have a higl
optimization process can be found in figure 3.

(@)
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Figure 3. Theprocess of portfolio optimization.
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