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With the continuous development of the stock market, designing a reasonable risk identification tool will help to solve the
irrational problem of investors.-is paper first selects the stocks with the most valuable investment value in the future through the
random forest algorithm in the nine-factor model and then analyzes them by using the higher-order moment model to find that
different investors’ preferences will make the weight of the portfolio change accordingly, which will eventually make the optimal
return and risk set of the composition of the portfolio change.-e risk identification system designed in this paper can provide an
effective risk identification tool for investors and help them make rational judgments.

1. Introduction

As China’s stock market continues to develop, how to
identify the risk of many financial assets and investor
preferences and reduce the bias of investors’ investment
behavior due to speculative and subjective nature has be-
come a growing concern for investors. At present, there are
three main ways for investors to evaluate the stock market:
first, technical analysis, which is based on the study of stock
price fluctuation patterns; second, fundamental analysis,
which is based on the study of the intrinsic value of stocks;
and third, quantitative analysis, which is based on the
modeling of historical information of stocks. With the de-
velopment of data analysis technology, quantitative analysis
has become the mainstream research approach; and from
the perspective of strategic stock selection, the value-growth
investment strategy is a perfect blend of traditional value-
based and active growth investment strategies, which con-
siders assets that are somehow undervalued at the current
stage but at the same time have a better potential for sus-
tained growth, to have room for investment.-erefore, stock
selection using the value-growth investment strategy can
yield more stable investment returns; in terms of indicator
stock selection, stock selection is actually the study of stock

impact factors, and stock prices are determined by a mul-
tidimensional spatial system of factor composition. -ere-
fore, stock selection actually explores the problem of optimal
classification in a multidimensional space.

With the continuous development in recent years, many
scholars have applied machine learning methods to stock
selection strategies; Fan and Palaniswami were the first to
apply support vector machine algorithms to stock selection
[1]; Kim et al. also used vector machines for stock price
prediction with good results [2]; Yu et al. used support
vector machines for stock market prediction by combining
the selection properties of genetic algorithms to improve the
efficiency of the model [3]; Genuer et al., Bin Li et al., and
Ladyzynski et al. applied the random forest algorithm to the
classification prediction problem with relatively good ex-
perimental results [4–6]; and Heaton et al. studied the ap-
plication on reasset pricing and financial risk control based
on deep learning [7].

In terms of investor risk identification, Sharpe proposed
the CAPM model reflecting the relationship between mean
return and variance risk, which laid the foundation for risk
identification [8]; Chen et al. proved the existence problem
of the most portfolio with kurtosis containing skewness in
2006 and used the method of segment-by-segment linear
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approximation and nonlinear transformation in 2007 by
converting it into a solvable linear programming problem
for solution [9–11]; Tang and Tang established a fluctuation
model of higher-order moments and a theoretical frame-
work of higher-order moments on CAPM based on the
definition of higher-order moments [12]; Peng studied the
distribution of risky asset returns from the perspective of
having time variability and used the portfolio complete
distribution information to study the optimal optimization
problem [13]; Wang et al. proposed a multifactor structure
state static MV model by proving the optimal solution value
under the condition that short selling is not allowed [14];
Ñı́guez et al. studied the effect of higher-order risk attitudes
and statistical moments on the optimal allocation of risky
assets in a standard portfolio selection model, using data
from the United States to illustrate the introduction of these
higher-order effects on the decision to maximize expected
utility relative importance [15]; and Yue et al. provided a
corresponding optimization treatment of the higher-order
moments model [16–18].

-e random forest algorithm and multifactor model are
better used in stock selection, while the higher-order mo-
ment model is also more comprehensive in risk classification
compared to the second-order moment. -is paper is a risk
identification system based on data mining methods and
using a mature factor stock selection system, combined with
investor preferences, designed to provide investors with
effective stock risk identification tools, establish a more
rational investment philosophy, to better promote the sound
development of the overall stock market.

2. Data Sources, Data Processing,
and Assumptions

2.1. Source of Data. -e data in this paper are obtained from
the RESETdatabase. -e data selected in the stock selection
phase are all listed company stock data, with the time date of
January 1, 2016, to December 31, 2019, and the data type is
quarterly; the data selected in the risk identification phase
are daily stock returns after stock selection, with the time
date of January 1, 2018, to December 31, 2019, and the data
type is daily.

2.2. Processing of Data. Due to the large amount of data in
the raw data and the presence of missing values, this paper
preprocesses the data according to the completeness as well
as the usefulness of the information. -e main processing is
divided into the following processes: data sieving. -e
original data has more redundancy and missing values.
-erefore, firstly, null records are removed for screening.
Secondly, this paper considers stocks with normal business
status, so the ST stock category is removed: data integration.
-e data are classified in the stock selection stage, where two
classifications are chosen in this paper: dichotomous clas-
sification and quintuple classification. In the second clas-
sification, those with quarterly returns greater than 0 are
classified as 1 class and those with quarterly returns less than
0 are classified as 0 class; in the fifth classification, those with

quarterly returns greater than 0.05 are classified as 2 classes,
those with quarterly returns less than 0.05 but greater than
0.01 are classified as 1 class, those with quarterly returns
greater than less than 0.01 but greater than −0.01 are clas-
sified as 0 class the quarterly return less than −0.01 but
greater than −0.05 is classified as −1, and the quarterly return
less than −0.05 is classified as −2.

2.3. Research Hypothesis

2.3.1. Hypothesis 1: .e Multifactor Stock Selection Model
Based on the Random Forest Algorithm Is Effective in Stock
Selection Strategy. -e random forest algorithm is widely
used in stock selection strategies, and in combination with a
well-established multifactor model, it makes the results of
stock selection reliable. -is paper also uses the random
forest algorithm and the nine-factor model for stock se-
lection and refers to a large amount of literature to show that
the method has high accuracy and stability. -erefore, the
first hypothesis of this paper is that the multifactor model
based on the random forest algorithm is also effective in this
paper.

2.3.2. Hypothesis 2: A Risk Set Consisting of Variance,
Skewness, and Kurtosis Is a More Effective Measure of Risk.
Traditionally, the volatility of risk can be measured by
variance, but the mean and antivariance measures alone are
not sufficient for investment strategies. When financial time
series meet normal distribution, mean and variance mea-
sures are valid; however, in reality, most financial time series
do not meet normal distribution, but more skewed distri-
bution, so skewness and kurtosis coefficients need to be
added to measure together. -is paper proposes the hy-
pothesis that the risk set consisting of variance, skewness,
and kurtosis is a more effective measure of risk.

2.3.3. Hypothesis 3: Investors with Different Risk Preferences
Differ in .eir Asset Allocation Weights, but Portfolio Assets
Are Consistent with the General Laws of Finance.
Different investors differ in their risk preferences due to
differences in sentiment, information gathering, and so forth,
which ultimately leads to differences in the weighting of
resources in the asset pool. Under the assumption that the
asset pool is the same, the optimal return of the portfolio will
be different due to the difference in the weighting of different
investment preferences. However, the portfolio assets still
satisfy the category of financial assets and conform to the
basic laws of finance. -erefore, this paper puts forward the
hypothesis that there are differences in the weighting of the
assets allocated by investors with different risk preferences,
but the portfolio assets conform to the general laws of finance.

3. Stock Selection Strategy and Test Based on
Random Forest Algorithm

3.1. Random Forest Stock Selection Results. -e random
forest algorithm is essentially a collection of tree classifiers,
the base classifier constructed by a decision tree algorithm
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without pruning, and the final one based on majority voting
to determine the classification result [19–22]. -e random
forest algorithm is a decision tree model formed based on the
bagging framework, which contains the set of all trees [23],
and the process of forming each tree is shown in Figure 1.

-e factor selection of this model mainly refers to the
research results of Cao et al.’s nine-factor stock selection
model [21] and Wang et al.’s eight-factor stock selection
model [20] and adds appropriate factors on the basis of the
value-growth strategy [24–26], so that the whole factor
system contains both value and growth factors. -erefore,
the factors selected in this paper are net sales margin
reflecting the profitability index of the company’s sales
revenue; current ratio reflecting the company’s short-term
solvency; long-term debt ratio reflecting the company’s
long-term solvency; earnings per share growth rate
reflecting the growth level of the company’s stock earnings;
total assets growth rate reflecting the growth level of the
company’s total assets; and return on assets reflecting the
level of profitability of the company. -ese indicators are
divided into value and growth factors according to the
factor dimension, while the response factors are the cor-
responding quarterly returns. Table 1 shows the infor-
mation about each impact factor.

Table 2 shows the information on stock selection by the
random forest algorithm. Since the random forest algorithm
has a better model prediction in stock selection [21], the top
six stocks in terms of the voting score are selected to
construct the portfolio under the condition that they satisfy
the prediction categorized as 2 under five classifications and
as 1 under two classifications.

3.2. Test of Stock Selection Results. Table 3 shows the tests of
the above stock selection results. -e tests are selected for
the monthly return, monthly risk-free return, and an
annual return of the corresponding stocks in 2020.
Comparing the quarterly returns of the corresponding
stocks with the risk-free rate, it is found that 3/4 of the
stocks with code 000768 have a greater share than the risk-
free rate; 7/12 of the stocks with codes 000897, 600313, and
600416 have a greater share than the risk-free rate; and
almost half of the stocks with codes 600728 and 600737
have a greater share than the risk-free rate, which indicates
that the stocks selected by the random forest have a higher

probability of having investment value; from the annual
return of the corresponding stocks, almost all of them are
greater than the annual risk-free rate, and the annual
return of codes 000768, 600313, and 6000416 is more than
50 times the annual risk-free rate, which reflects that the
random forest algorithm and the nine-factor model can
better select stocks with investment value for investors.
-is reflects that the random forest algorithm and the
nine-factor model can better select stocks with investment
value for investors.

4. Risk Classification Based on Higher-Order
Moment Model

4.1. Preparation of the Model. Based on Markowitz’s mean-
variance model, third-order moments (skewness) and
fourth-order moments (kurtosis) are added to measure
asymmetric risk and kurtosis risk of financial assets, forming
a portfolio model with higher-order moment risk including
skewness and kurtosis. It is assumed that the market has no
transaction costs, no taxes, and no short selling and that the
assets in the market can be split indefinitely. At the be-
ginning of the period, investors allocate their wealth across
risky assets in N risky assets in the proportion
X � (X1, X2, . . . , XN)′ and calculate the investment return
on the N assets at the end of the period by setting its return
vector as R � (R1, R2, . . . , RN)′ and the expected return
vector is μ � E(R) � (E(R1), . . . , (RN))′, so that a portfolio
consisting of N risky assets is formed, and the investment
return of the portfolio is Rp � X′R.

H is the NXN dimensional variance-covariance matrix
of the asset portfolio (shorthand covariance array), S is the
NXN2 dimensional skewness-covariance matrix of the asset
portfolio (shorthand covariance array), and K is the NXN3

dimensional kurtosis-covariance matrix of the asset port-
folio (shorthand covariance array), defined as follows:

H � E (R − μ)(R − μ)′  � hij ,

S � E (R − μ)(R − μ)′ ⊗ (R − μ)′  � sijm ,

K � E (R − μ)(R − μ)′ ⊗ (R − μ)′ ⊗ (R − μ)  � kijmn ,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(1)

in the formula

hij  � E Ri − μi(  Rj − μj  , i, j � 1, 2, . . . , N,

sijm  � E Ri − μi(  Rj − μj  Rm − μm(  , i, j, m � 1, 2, . . . , N,

kijmn  � E Ri − μi(  Rj − μj  Rm − μm(  Rn − μn(  , i, j, m, n � 1, 2, . . . , N.

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(2)

Calculate the expectation, variance, skewness, and
kurtosis of the portfolio:
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μp(X) � E Rp  � X′E(R) � X′μ,

σ2P(X) � E RP − μp 
2

  � E X′(R − μ) 
2

� X′HX,

s
3
p(X) � E RP − μp 

3
  � E X′(R − μ) 

3
� X′S(X⊗X),

k
4
p(X) � E RP − μp 

4
  � E X′(R − μ) 

4
� X′K(X⊗X⊗X).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(3)

-e above equation is the expectation, variance, skew-
ness, and kurtosis of the portfolio and holds under the
assumption that the expectation, variance, skewness, and
kurtosis of the risky asset return Ri, i � 1, 2, . . . , N exist,
where ( denotes the Kronecker product of matrices, H is the
covariance array of the portfolio, S is the covariance array,
and K is the covariance kurtosis array.

4.1.1. Calculating Higher-Order Moment Risk. Figures 2–7
show the volatility of the return series for each portfolio
member separately. It can be found that there is a large
variability in return volatility for each stock in terms of
amplitude, aggregation, and the corresponding point in
time. Not only is the volatility of each stock’s return dra-
matic, but the different volatility states also reflect the
variability of each stock’s risk.

-e distribution state of financial time series has an
important influence on the regular variation of financial
time series. When the distribution of financial time series
satisfies the normal distribution, the regular variation of
financial time series can be better analyzed by the first-order
moment mean and second-order moment variance (i.e.,
mean-variance model). However, when the financial time
series does not satisfy the normal distribution, it is far from
sufficient to describe and analyze the characteristics only by
means and variances of two orders of moments. In par-
ticular, in the perspective of risk measurement, nonnormal
distribution implies the existence of asymmetric risk and
kurtosis risk. Asymmetric risk is represented by the skew-
ness coefficient, which has a negative value, and a significant
left “thick tail”; if the skewness coefficient is positive, it has a
significant right “thick tail.” -e kurtosis risk is expressed by
the kurtosis coefficient; if the kurtosis coefficient is positive,
it means that the distribution of the series is steeper than the
normal distribution; and if the kurtosis coefficient is neg-
ative, it means that the distribution of the series is more
moderate than the normal distribution. According to the
characteristics of financial markets, there are significant left
deviation and overpeak effects in the time series of financial
market returns. -e left deviation means that the probability
of a decline in the time series of returns is much greater than
the probability of a rise in the time series of returns, and the
superpeak means that the probability of the occurrence of
extreme values is also greatly increased, and the phenom-
enon of “spikes” appears. -erefore, to deal with the actual

�e
original
training

set s

Random
sampling with

put-back

Training set 1
Training set 2
Training set k

Extracting
features

Classification model 1
Classification model 2
Classification model k

Voting
optimal

classification

Figure 1: Formation rules for each tree.

Table 1: -e information about each impact factor.

Index serial
number Index name Index abbreviation Factor dimension Indicator meaning

1 Net profit rate of sales NPR Value factor Profitability
2 Current ratio CRT Value factor Solvency
3 Long-term debt ratio LDR Value factor Solvency
4 Growth rate of earnings per share EPS Growth factor Growth ability
5 Growth rate of total assets TRR Growth factor Growth ability
6 Turnover of total assets TRA Growth factor Operating capacity
7 Asset liability ratio DR Value factor Operating capacity
8 Average return on net assets ROE Growth factor Profitability
9 Return on assets ROA Growth factor Profitability

Table 3: Test of stock selection results.

Stock code ≥Proportion of RF <Proportion of RF Y-ret
000768 3/4 1/4 1.2466
000897 7/12 5/12 0.1857
600313 7/12 5/12 1.0922
600416 7/12 5/12 1.9384
600728 5/12 7/12 −0.1866
600737 1/2 1/2 0.159

Table 2: Random forest stock selection results.

Stock
code

Preds-
NQMclass5

Preds-
NQMclass2

Poll count
ranking

000768 2 1 1
000897 2 1 2
600313 2 1 3
600416 2 1 4
600728 2 1 5
600737 2 1 6
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more general financial time series, the third-order moment
skewness is needed to measure asymmetric risk and the
fourth-order moment kurtosis is needed to measure kurtosis
risk.

-e variance, skewness, and kurtosis of the returns are
calculated according to equations (1)–(3), and in Table 4,
descriptive statistics are given for each stock return series.
During the sample observation period, only the third and

fifth columns of stocks in Table 4 have negative mean
returns, while the rest are positive. And in terms of skewness,
only the fifth column is negative, implying that there is a
possibility of falling returns; the rest are all positive which
implies that there is an upward trend in the returns of the
other stocks. -e kurtosis statistic indicates a thicker tail
characteristic than the normal distribution. -e test of JB
statistic shows that all stock return series obey nonnormal
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Figure 5: Yield of C600416.
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Figure 6: Yield of C600728.

0.00

–0.05

0.05

Yi
eld

2018.0 2018.5 2019.0 2019.5 2020.0
Date

Figure 7: Yield of C600737.
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distribution. From the overall results, it is clear that the
portfolio analysis through the second-order moments model
alone is too limited and does not meet the actual distribution
needs. -erefore, a more precise and quantitative analysis of
financial risk can be conducted through the overall research
and analysis from the perspective of higher-order moments.

5. Risk Identification Based on PGP Technique:
High-Order Moment Model

5.1. Constructing the M-V-S-K Model. A multiobjective
optimization technique is used to combine the four con-
flicting individual objectives in equation (3). -e portfolio
model with higher-order moment risk is constructed by
maximizing the first-order moments (expectation) and
third-order moments (skewness) while minimizing the
second-order moments (variance) and fourth-order mo-
ments (kurtosis) [27].

max μp(X) � X′μ ,

min σ2P(X) � X′HX,

max s
3
p(X) � X′S(X⊗X),

min k
4
p(X) � X′K(X⊗X⊗X),

X′I � 1,

Xi ≥ 0(i � 1, 2, . . . , N),

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(4)

where I� (1, 1, . . ., 1)′ is the NX1 vector whose elements are
all 1.

5.2. Techniques for Solving the Mean-High-Order Moment
Model. Here, for the mean-high-order moment model for
the corresponding solution, the PGP technique proposed by
Lai et al. is used, where first multiple-objective problems are
converted into single-objective problems, which are first
considered separately, and then the individual objectives are
combined [28, 29]. Satisfaction levels μp, σ2P, s3p, k4

p are de-
termined, and the satisfaction level represents the optimal
level for a particular single objective without considering
other objective conditions:

s.t.

max μp(X) � X′μ,

X′I � 1,

Xi ≥ 0, (i � 1, 2, . . . , N),

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(5)

s.t.
min σ2P(X) � X′HX,

X′I � 1,

Xi ≥ 0, (i � 1, 2, . . . , N),

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(6)

s.t.
max 

s
3
p(X) � X′S(X⊗X),

X′I � 1,

Xi ≥ 0, (i � 1, 2, . . . , N),

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(7)

s.t.
min 

k
4
p(X) � X′K(X⊗X⊗X),

X′I � 1,

Xi ≥ 0, (i � 1, 2, . . . , N).

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(8)

Find the minimum and optimal combination weights
X � (X1, X2, . . . , XN)′:

MinZ �
d1
μp





α1

+
d2
σ2P





α2

+
d3
s3p





α3

+
d4
k4
p





α4

, (9)

s.t.

X′μ + d1 � μp(X),

X′HX − d2 �
σ2P(X),

X′S(X⊗X) + d3 �

s
3
p(X),

X′K(X⊗X⊗X) − d4 �


k
4
p(X),

X′I � 1,

Xi ≥ 0, (i � 1, 2, . . . , N),

di ≥ 0, (j � 1, 2, 3, 4).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(10)

In the previous equation, d1 represents the deviation
between the optimal expectations σ2P and σ2P, d2 represents
the deviation between the optimal variances s3p and s3p, d3
represents the deviation between the optimal skewness k4

p

and skewness k4
p, and d4 represents the deviation between

the optimal kurtosis k4
pand kurtosis k4

p. α1, α2, α3, and α4
represent the degree of investor preference for the mean,

Table 4: Basic information of yield.

Classification C000768 C000897 C600313 C600416 C600728 C600737
Mean 0.000 −0.001 0.000 −0.001 0.001 0.000
Median 0.000 0.000 0.000 −0.002 0.001 0.000
Maximum 0.100 0.102 0.102 0.100 0.100 0.100
Minimum −0.100 −0.100 −0.101 −0.100 −0.100 −0.099
Sd 0.022 0.026 0.032 0.029 0.029 0.022
Skew 0.108 0.253 0.595 −0.107 0.224 0.124
Kurt 5.697 6.261 5.454 4.954 5.430 7.131
JB 146.064 217.272 148.451 77.086 121.848 341.889
P value 0.000 0.000 0.000 0.000 0.000 0.000
Normality Non Non Non Non Non Non
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variance, skewness, and kurtosis, respectively. -e optimal
weights X � (X1, X2, . . . , XN)′ derived from equation (7)
then form the basis for optimal portfolio investment se-
lection under the high-order moment risk condition.

5.3. Model Calculation Results. -e two columns in Table 5
indicate that, in the mean-high-order moment risk model,
the measure of preference set will consist of four indicator
parameters together (A1, A2, A3, A4) representing the
preference for expected return, variance risk, skewness, and
kurtosis, respectively. Here, we choose the values to rep-
resent the degree of preference: 0 means no preference for
some indicators, 1 means a preference for some indicators,
and 2 means a special preference for some indicators. In
this paper, we coded different preference combinations for
each different characteristic. When (A1, A2, A3, A4) takes
the value of (1,1,0,0), it means more consideration of ex-
pected return and variance risk; when (A1, A2, A3, A4) takes
the value of (1,1,0,1), it means more consideration of ex-
pected return, variance, and kurtosis risk. When
(A1, A2, A3, A4) is (1, 1, 1, 1), the expected return, variance,
and kurtosis are considered; when (A1, A2, A3, A4) is
(1,1,1,2), the expected return, variance, and kurtosis are
considered and kurtosis risk is considered; when
(A1, A2, A3, A4) is (1, 1, 1, 2), the expected return, variance,
and kurtosis are considered; when (A1, A2, A3, A4) is
(1,1,2,1), it means that the expected return, variance, and
kurtosis are taken into account and skewness risk is taken
into account; when (A1, A2, A3, A4) is (1,1,2,2), it means
that the expected return, variance, skewness, and kurtosis
risk are taken into account; finally, the equal-weight
portfolio is also calculated for comparative analysis. -e
weight of each asset reflects the degree of contribution to
the portfolio assets of which it is a part, and each asset
contributes to the portfolio including risk as well as return.
-e asset allocations under different risk preferences are
calculated according to equations (4)–(10), and the third to
eighth columns in Table 5 show the optimal weight allo-
cations for the portfolio under different investment pref-
erences. -is indicates that the asset contributes more to
the portfolio return and risk.

-e results of the corresponding portfolio’s return and
risk are also calculated according to equations (4)–(10),
and in Table 6, columns three to six are the optimal set of
mean returns and risks taken by different investment

preferences for the asset allocation. -e results are con-
sistent with the basic rule of financial markets: the higher
the risk, the higher the return. In this paper, the risk is
measured by the risk set of the combination of variance
risk, skewness risk, and kurtosis risk. -e results for the
portfolio with preferences (C1-C7 portfolio) also show
that the higher the absolute value of the risk set parameter,
the higher the return. In the mean-higher-order moment
risk model, the maximum expected return is 0.0231 for the
C1 portfolio, which only considers variance risk and re-
quires the distribution of wealth according to its corre-
sponding weight ratio, and the higher-order moment risk
is high despite the diversification, especially the kurtosis
risk, which reaches 24.9089. -e maximum expected
return varies depending on the type of risk considered. -e
maximum expected return of 0.0145 decreases when only
kurtosis risk is considered, but the maximum expected
return of 0.0252 decreases when only skewness risk is
considered; from the C1 and C4 portfolios, the maximum
expected return of 0.0156 decreases when the investor
focuses on the higher-order moment risk; from the C4, C5,
and C6 portfolios, more attention to a certain risk will
make the maximum return different degrees of increase,
but compared to C7 portfolio for comparison, it is found
that the maximum expected return of C7 portfolio has a
large increase. Compared to other portfolios, this portfolio
has the highest risk but lowest return. -e above results
found that investors must consider the risk factor when
obtaining better returns; when investors switch from fo-
cusing only on returns to considering risk, the maximum
expected return obtained will vary, but the maximum
expected return obtained when considering risk more is
constantly increasing.

Table 5: Portfolio risk identification results.

Code Combination type -e weight of the best portfolio
Preference C000768 C000897 C600313 C600416 C600728 C600737

C1 1, 1, 0, 0 0.2387 0.1094 0.1360 0.0141 0.1679 0.3329
C2 1, 1, 0, 1 0.2207 0.1359 0.1301 0.0564 0.1382 0.3178
C3 1, 1, 1, 0 0.2139 0.0940 0.1326 0.0271 0.2016 0.3298
C4 1, 1, 1, 1 0.2146 0.1286 0.1281 0.0597 0.1515 0.3164
C5 1, 1, 1, 2 0.1971 0.1129 0.1321 0.0322 0.1751 0.3496
C6 1, 1, 2, 1 0.2076 0.1078 0.1245 0.0666 0.1792 0.3133
C7 1, 1, 2, 2 0.2057 0.0625 0.1213 0.0483 0.2348 0.3264
C8 Equal weight 0.1667 0.1667 0.1667 0.1667 0.1667 0.1667

Table 6: Optimal return of the portfolio over the risk set.

Code Combination type Best return and risk
Preference Mean Variance Skewness Kurtosis

C1 1, 1, 0, 0 0.0231 2.0512 −1.6999 24.9089
C2 1, 1, 0, 1 0.0145 1.9768 −1.7154 23.5019
C3 1, 1, 1, 0 0.0252 2.0843 −1.6058 25.2483
C4 1, 1, 1, 1 0.0156 1.9870 −1.6896 23.6106
C5 1, 1, 1, 2 0.0216 2.0450 −1.6488 24.4657
C6 1, 1, 2, 1 0.0183 2.0203 −1.6266 24.0459
C7 1, 1, 2, 2 0.0275 2.1462 −1.4748 26.1060
C8 Equal weight 0.0020 2.0976 −1.6049 25.4302

Complexity 7



6. Conclusions and Related Recommendations

6.1. Conclusion. In this paper, we first combine the random
forest algorithm with the nine-factor model for stock se-
lection based on the value-growth investment strategy, the
stocks with more votes are counted as the final result of stock
selection, and the results of the stock selection are tested to
find that the method is equally valid for use in this paper.

In terms of risk measurement, a risk set consisting of
variance, skewness, and kurtosis is chosen to measure risk. It
is found that the risk set of variance, skewness, and kurtosis
is a more reasonable measure of the characteristics of fi-
nancial time series than the traditional variance measure,
and the risk set is a more effective measure of risk
characteristics.

In terms of risk identification, this paper finds that
different investors’ preferences will lead to corresponding
changes in the portfolio weights, which will eventually lead
to changes in the optimal return and risk set of the portfolio.
-e higher-order moment risk model has a significant effect
on measuring risk and can also well diversify the higher-
order moment risk. Unlike only the variance risk measure of
risk, the risk set consisting of the third-order moment
skewness risk and the fourth-order moment kurtosis risk is
more suitable for analyzing the generalized financial time
series risk. -e above empirical results also show that the
larger the absolute value of the coefficients of the risk set, the
higher the overall risk and the greater the risk obtained; the
higher-order moment model subdivides the risk, thus
achieving a more accurate risk diversification.

6.2. Related Policy Recommendations

6.2.1. Improve the Market Structure and Prevent Financial
Risks. China’s stock market started late and developed for a
short period and is still defective in many aspects [30–31].
-e Science and Technology Innovation Board, New -ird
Board Selective Layer, GEM Registration System Reform,
and SSE Index Reform launched in recent times are un-
doubtedly important initiatives to improve the market
structure. Regulators and policymakers should continue to
promote market structure reform, strive to improve trading
mechanisms, encourage institutional investors to enter the
market, vigorously develop financial derivatives, and regu-
late market trading practices on this basis. At the same time,
relevant departments should also reduce administrative
intervention in the market, so that the market rises and falls
according to its own value development, to create a good
market environment. At present, China implements the
limit of up and down and T+1 trading system, but there are
some problems. For example, the shorting mechanism is not
perfect, there are many small- and medium-sized investors
in the stock market and few institutional investors. Pension
funds, enterprise annuities, public welfare funds, and other
funds into the market restrictions have only been slowly
relaxed in recent years.-ese circumstances are likely to lead
to investors blindly following the wind operation, chasing up
and down, the intrinsic value of the stock not able to be

reflected, and then producing herding effect, intensifying the
risk of the stock market. -e current financial derivatives
such as stock index futures and financing and financing
instruments, which are used to stabilize the stock market and
prevent risks, have fewer types and higher thresholds and are
rarely accessed by ordinary investors, and there is still room
for further improvement of financial derivatives.

6.2.2. Improve the Information Disclosure System and
Strengthen the Supervision of Listed Companies. -e stock
market suffers from the problem of untimely and inaccurate
information disclosure, and false public opinion is easily
directed to mislead investors. small- and medium-sized
investors do not have access to correct information, while
some institutional investors have the news in advance. In
this situation of asymmetric and incomplete information,
small and medium investors are prone to herd mentality and
irrational behavior such as chasing up and killing down and
herd effect. -erefore, the regulator should strive to improve
the information disclosure mechanism, ensure the timeli-
ness and accuracy of information disclosure, and put for-
ward clear requirements on the time and manner of
information disclosure to enhance the transparency of stock
market information and improve market efficiency. At the
same time, the supervision and management of the listed
companies should be strengthened, penalties should be
increased, and the punishment mechanism should be im-
proved to prevent irregular disclosures, false propaganda,
malicious speculation of stock prices, and insider trading, to
effectively protect the interests of small- and medium-sized
investors.

6.2.3. Strengthen Investor Education and Improve Investor
Quality. -e vast majority of participants in China’s stock
market are small- and medium-sized investors, and small-
and medium-sized investors themselves often lack the
corresponding theoretical knowledge and are prone to
gambler’s mentality and frequent operations when investing,
which will intensify the herding effect in the market and is
not conducive to the healthy and stable development of the
market. -erefore, small- and medium-sized investors who
have just entered the market should carry out certain in-
vestment education, so that they master the necessary basic
knowledge of investment. At the same time, through tele-
vision, the network, and other media tools to encourage the
majority of investors to learn the relevant investment
knowledge, establish the correct investment concept and
guide investors to rational investment, to improve the
overall quality of investors. As for investors themselves, they
should also continue to learn professional knowledge, es-
tablish the concept of value investment, adhere to rational
investment, keep a clear head, and not blindly follow the
wind investment.
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