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Abstract: With the rapid development of technology and the increasing maturity of financial markets, stock price prediction
has become a hot topic and an important trend in the financial field. However, the stock market has complexity and volatility, in
order to reduce the investment risk and ensure the maximization of benefits, selecting the optimal stock to predict the stock price
and formulating the quantitative trading strategy are extremely important issues for financial academics and investors. For the
research of stock price prediction and quantitative trading, firstly, the quantitative stock selection model combining XGBoost
and multi-factor stock selection model is constructed, and four stocks are screened out, and then the CNN-BiLSTM-Attention
model is proposed to predict the stock price trend of the selected stocks, and it is found from the prediction results of the four
stocks that the prediction accuracies all reach more than 95%, which is higher than that of the single model prediction. accuracy
and passed the validity test of the fitted model. Secondly, based on the quantitative investment portfolio given in the above
analysis and the quantitative stock trading strategy of MACD, the prediction results are verified, and the total return of most
stocks based on the strategy is higher than 40% at the highest, and the loss is controlled within 10%, which indicates that the
trading strategy in this paper is effective and feasible. The study concludes that greater returns can be obtained by calculating the
total returns of stock portfolios based on different portfolio approaches.
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the most useful feature information to improve stock
forecasting performance. In order to overcome the situation

1. Introduction

Stock market trends reveal the direction of national that traditional time series models are only limited to linear
economic development, is an important indicator of economic repres§ntation, Wen (2014) [3] uspd §ingular spectrum
development potential, is an essential and important part of analysis (SSA) to decompose stock prices into trends, market
the socialist market economy, more and more scholars in the fluctuations and noise with different economic characteristics
financial sector began to study it. With the development of the in different time periods and input these features into support
economy, people's income level increases, there are more vector machine model for stock price prediction, SSA-SVM
deposits for securities investment, the stock market provides model has gopq predic;tion results. Salim (2018) .[4] used a
investors with a huge profit space, attracting more and more model  combining Slng}llar Spectrum Analysm (SSA),
people's attention, the stock price trend is one of the most Sup.poﬁ Yector Regression (SVR) with Particle . Swgrm
concerned about the problem of investors. Therefore, how to Optimization (PSO), SSA decomposed the stock price time
choose the optimal stock and predict the stock return is series into a few independent components to be used as
extremely important to the financial academia and individual predictors, SVR was applied to the forecasting task and PSO
investors. Therefore, choosing the appropriate method to was used to optimize the parameters of the SVR, SSA-PSO-
extract effective information from the huge amount of SVR showed a significant effect in noisy financial time series
financial data to forecast the stock market has become an analysis and forecasting shows obvious effects. And deep
urgent problem in China. learning models can better model nonlinear relationships,

In recent years, research in the field of stock price trend automatically extract features, process sequence data, utilize
prediction has continued to make new progress, and a variety large-scale data and adapt to market changes, thus improving
of methods have emerged, which can be categorized into three the forecasting accuracy and stability of stock movements.
main categories: time series prediction methods, traditional ~ Abdul (2023) [S] proposed an optimization method for stock
machine learning and deep learning methods. The evolution price forecasting based on a multilayer sequential long- and
of this field can be traced back to the initial stage of short-.term memory (MLS'LSTM) .model. Th? MLS'LSTM
constructing models using traditional linear regression, and algorithm uses ponnahzed time series data divided into time
with the boom in artificial intelligence, new forecasting steps to determine the r.ele.monshlp between past and future
algorithms and implementation tools have emerged. Box and values for accurate prediction. Ren et al. (2023) [6] proposed
Jenkins created a stochastic time series analysis model anovel hybrid model for stock price prediction that combines
Autoregressive Sliding Average Model (ARMA) in the 1970s wavelet transforms, combining encoder forests with Informer.
[1]. Ariyo (2014) [2] utilized the stock data from the New Explored the Decomposition-Prediction-Reconstruction
York Stock Exchange and the Nigerian Stock Exchange to methodology with machine learning models The impact of
build an ARIMA stock price prediction model, and fusion is aimed at enhancing the predictive power of the

experiments have shown that the ARIMA model has strong model. Wen et al. (2024) [7] developed a hybrid model c.al.led
short-term prediction ability. Traditional machine learning MVI{'S.VM for predlc‘gng stock price trends b}’ combining
methods use different feature extraction techniques to select multi-view learning with Support Vector Machines (SVM).
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The model reduces the loss of information by simply
inputting heterogeneous multiview data at the same time. The
model is used for the prediction of stock price trends by
combining multi-view learning with support vector machines.

In summary, the stock price prediction algorithm has high
requirements for prediction accuracy, and this paper improves
the technical analysis method based on deep learning LSTM
algorithm. In this paper, we take CSI 300 stocks for research,
use Random Forest for factor selection, use XGBoost method
to select high-quality stocks from the stock pool, and then
construct CNN-BiLSTM-Attention for stock price prediction
of the selected high-quality stocks, compared with CNN,
LSTM and other separate models, combining the two and
adding Attention mechanism has better performance, with
better prediction accuracy, then the trading strategy is
formulated by MACD trading strategy, and finally
backtesting is performed based on the trading strategy to
check the accuracy and effectiveness of the strategy. The
quantitative trading strategy using this deep learning model
can improve the stability and accuracy of stock return
prediction, which is of some significance in maintaining
market stability and strengthening the adjustment of national
economic policies, and helps investors to make faster
decisions and reduce investment risks when making
investments.

2. Model Building and Trading
Strategies

2.1. Random Forest and XGBoost Models

Random Forest is an integrated learning algorithm using
decision trees as estimators, combining multiple decision
trees together, each time the dataset is randomly have put back
selected, while randomly selecting some of the features as
inputs [8]. The random forest model will construct n different
sample datasets by randomly sampling in the original stock
dataset, and then construct n different decision tree models
based on these datasets, and finally the final result is obtained
by averaging these decision tree models [9].

XGBoost iteratively trains multiple decision trees by
gradient boosting algorithm and combines them to form a
powerful integrated model [10]. It features regularization,
feature importance evaluation, learning rate control, and early
stopping strategy, which can effectively deal with complex
nonlinear relationships and high-dimensional features, as well
as high performance and scalability [11]. It is known that the
training dataset T = {(x1, 1), (X2, ¥2),**, (%n, Yn)}, the loss
function [(%;, ¥;), the regularization term Q(f},), then the
overall objective function can be written as:

L(¢) = X1y, 90 + X Qi) )

Where L(¢) is the expression on linear space; i is the i

sample, k is the k tree; ¥, is the predicted value of the i
sample x;, §; = iy fi(x))-

Since: §; = Xko1 fir() = 97" + fe(x;) . then L(@) is
transformed into the following form:

1= (v 96 + G ) + e 0(fe) )

Definition: G; = Zielj gi» H; = ZiE,j h;, are the first and

second order partial derivative cumulative sums, respectively.
Substituting into the objective function yields: L' =
ZJT-zl[GjW} +1/2(H; + /1)]/1/}2].
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2.2. Convolutional Neural Network

Convolutional neural network (CNN) is a deep learning
model that is widely used in image processing [12]. However,
it can also efficiently process sequence data such as stock
price time series [13]. In CNN, automatic extraction of local
features from input data is achieved by using multiple
convolutional layers with pooling layers. In this paper, the
CNN model is processed with a series of convolutional and
pooling layers to capture the patterns and trends of stock
prices in different time scales.

Input Layer: The input to the model is a stock price time
series data containing feature variables, where each time step
corresponds to a feature vector. Let the input data be: X =
[%1,%5,++,x7], where x, represents the feature vector of
time stept.

Convolutional layer: The convolutional layer contains
several convolutional kernels (filters), each of which can be
regarded as a feature detector, which utilizes convolutional
operations to extract local features from the input data in order
to capture patterns and trends in stock prices.

yi = (X2 wjxisj + b) (3)

Where y; is the output of the convolutional layer, x;4; is
the i + j element of the input sequence, w; is the weight of
the convolutional kernel, b is the bias, and f(-) is the
activation function.

Pooling layer: Used to reduce the dimensionality of the
time series and extract higher-level features. Common
pooling operations include Max Pooling and Average Pooling,
which extract local maxima and averages, respectively.

Yi = max (xi—S’ Xi—s+1r"""» xi—s+s—1) (4)

Where y; is the output of the pooling layer, x;_¢ to
X;_s+s—1 are a set of elements of the input sequence, and s is
the size of the pooling window.

2.3. Short- and Long-term Memory Neural
Networks

Long Short-Term Memory Network (LSTM) is a recurrent
neural network (RNN) variant for sequence data processing
[14]. Compared to traditional RNNs, LSTM can effectively
overcome the problems of gradient vanishing and gradient
explosion in long time sequences through the gating
mechanism to better capture long term correlations [15].
BiLSTM, on the other hand, adds backpropagation to LSTM
and is able to utilise past and future contextual information at
the same time, which allows the model to better understand
the temporal dependencies and patterns in sequence data [16].
The core of the LSTM network is the Memory Cell, which
controls the input, output and forgetting of information
through a series of gates to achieve effective modelling of
sequential data, and is mainly composed of four parts: the
forgetting gate, the input gate, the output gate and the internal
memory cell [17].

The forgetting gate decides which information in the
memory cell should be forgotten, and its calculation process
can be expressed as follows:

ft = O-(fot + Ufht—l + bf) (5)

The input gate determines which parts of the input data
should be updated into the memory cell, and its computation
can be expressed as follows:



iy = o(Wix; + Uih¢_q + by) (6)

The internal memory unit updates the current memory state
based on the candidate memory state information, which may
be represented as:

C, = tanh(W,x, + U.he_; + b,)
Ctzft*ct—l-l'it*ét

O]
®)

The output gate determines which information in the
memory cell should be output to the hidden states and outputs
at the next moment and can be expressed as follows:

0y = oc(Wox; + Uyhye_y + by) )
h; = O, * tanh (C;) (10)

Where Wy, W;, W, W, are the weight matrices of the
forgetting gate, the input gate, the update unit link and the
output gate, by, b;, b, b, are their offsets, fi,i;, 0, are the
outputs of the forgetting gate, the input gate, and the output
gate, respectively, ¢ is the activation function Sigmoid, h;
is the hidden state within the unit, and U is the
corresponding weight matrices of the three gates.

The Bidirectional Long Short-Term Memory Neural
Network (BiLSTM) model splices the hidden states of the
forward LSTM and the inverse LSTM, which can refer to
both historical and future data on the prediction results, and
can be expressed as:

H= [Hl' rlz’ Y HT’ ET; ttty }_lz, }_l1]
Where H is the output of BILSTM.
2.4, Attention Mechanism

Attention Mechanism is a technique used to enhance the
ability of neural networks when processing sequential data
[18]. Attention Mechanism allows the model to assign
different weights and attention to different parts of the input
when processing sequential data. In this paper, the attention
mechanism can be used to dynamically select and weight the
importance of different feature variables, allowing the model
to pay more attention to features that have a greater impact on
stock price forecasting.

The attention weights can be obtained by calculating the
similarity between the input sequences and the hidden states
of the BiILSTM. Commonly used calculation methods include

(11)

dot product, additive and multiplicative attention mechanisms.

Multiplicative Attention Mechanism: e; = softmax (W, -
tanh (W, - H + b)), where W, and W, are the learned
weight matrices, by, is the bias vector, and H is the output of
the BiLSTM.

Attention weights are applied to the outputs of BiLSTM,
which are weighted and summed to obtain an attention-
weighted representation:

A= Z£=1 e Hy (12)

Finally, the attention-weighted representation A can be fed
into a subsequent layer (e.g., a fully connected layer) for
further processing and prediction.

2.5. CNN-BiLSTM-Attention Model

In this paper, three models, CNN, BiLSTM and Attention,
are combined to form a stock prediction framework CNN-
BiLSTM-Attention. The network structure of the stock price
prediction model CNN-BiLSTM-Attention is shown in Fig. 1.
Firstly, the model extracted five stock features in historical
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time through CNN, secondly, BiLSTM trained and predicted
daily individual stock data through two LSTM layers, forward
and backward, which captured the forward and reverse
information of the sequence, respectively, and based on this,
the Attention mechanism was introduced, which gave a
different weight to the features of each stock, to improve the
neural network's learning ability of the neural network to
achieve effective mining of individual stock features.
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Figure 1. Network structure of stock price prediction model CNN-
BiLSTM-Attention

Output

2.6. Quantitative Trading Strategies

This article is a quantitative trading strategy based on the
MACD indicator. MACD (Moving Average Convergence
Divergence) is an indicator commonly used in technical
analysis to identify the strength, direction and possible
reversal points of a trend [19]. MACD consists of two moving
averages: a fast line (MACD line) and a slow line (signal line),
and a bar chart that indicates the difference between the two.
When the MACD line crosses the signal line from below,
creating a ‘golden cross’, it indicates the possible start of an
uptrend, so consider buying; when the MACD line crosses the
signal line from above, creating a ‘dead cross’, it indicates the
possible start of a downtrend, so consider selling.

3. Empirical Analysis

3.1. Data Sources and Selection of Indicators

This paper collects the daily frequency data of CSI 300
constituents from January 2020 to December 2022, which
includes the stock market indicators and fundamental
indicators, which are gain, amplitude, yesterday's closing
price, opening price, closing price, high price, low price,
average price, number of shares traded, turnover, turnover,
and the total market capitalisation, market capitalisation in
circulation, total share capital, outstanding share capital,
price-earnings ratio, and price-to-capitalisation ratio, etc. This
paper gives 17 indicators that can evaluate both the value and
the risk of a stock, which are mainly used to reflect the change
of the price and the market activity, as well as to assess the
investment value of a stock.

This paper gives data of 17 indicators capable of evaluating
both the value and risk of a stock, which are mainly used to
reflect the changes in stock prices and the activity of the
market, as well as to assess the investment value of a stock.
Yang et al. integrated three types of factors, which are the
price factor, the hard-coded factor, and the factor based on the
rolling arithmetic [20]. In addition to these three types of
factors, based on the original data, this paper constructs the
sentiment indicator ARBR, which measures the power of
buyers and sellers in the market, and some commonly used
technical indicators, such as moving averages and deviation
ratios. The types of the above factors are shown in Table 1.



Table 1. Factor description table

style name formulas hidden meaning
fice factor OPENO open/close Percentage of opening price relative to closing price
P HIGHO high/close Highest price as a percentage of closing price
KMID (close-open)/open Percentage increase (decrease) of closing price over opening price
hard coding factor KSET (2*close-high-low)/open Percentage of the difference between the closing price and the high
and low prices relative to the opening price
Factorization based ROC5 Ref (close, 5)/close Ratio of the closing price on day t-5 to the closing price on that day
on rolling operators | ROC10 Ref (close, 10)/close Ratio of closing price on day t-10 to closing price on that day
5D_MA Sum of clpsmg prices of the Average of the closing prices of the previous 5 days
. previous 5 days/5
technical factor - - - - - -
BIAS (Closing price - Percentage of difference between closing price and 5-day moving
5D_MA)/5D_MA average
emotional factor ARBR (high-open)/(open-low)-(high- Difference between popyla_rlty indicator AR and willingness
lastclose)/(lastclose-low) indicator BR

Including the original indicators, there are 25 factors in this
paper, and it is found by correlation analysis that many feature
factors are highly correlated, i.e., generating the problem of
multiple covariance, which will make the model unstable and
the reliability of the prediction results reduced. So, in this
paper, after feature extraction, the number of redundant
features is reduced by feature selection, and the correlation
coefficient of 0.9 is used as the threshold to remove some
features.

After screening, a total of 8 factors are removed as
yesterday's closing price, closing price, high price, low price,
average price, total equity, KMID, 5D MA, and the
remaining 17 factors are used as candidate factors.

3.2. Data Preprocessing

3.2.1. Data Normalisation

Data dimensionlessness can eliminate the incomparability
between feature variables, which usually includes z-score
normalization and min-max normalization, where
normalization processing is also a frequently used method in
neural networks to improve the model prediction performance.
From the data set can be seen that the number of traded shares
and other variables are of large magnitude, so before the data
analysis, this paper normalizes the sample set, and under the
premise of keeping the data distribution unchanged, the range
is scaled to [0, 1], which is expressed by the formula:

r_ x—min (x)

(13)

max(x)—min (x)

3.2.2. Random Forest Selection Factor Results

Random Forest is a machine learning algorithm based on
decision trees, which can select the most important feature
variables for regression prediction among a large number of
features, and rank the importance of each feature, so as to
achieve the effect of dimensionality reduction and eliminate
redundant features, which helps to improve the performance
of the learning algorithm. Figure 2 is based on the importance
score of each factor of the Random Forest, the larger the score
value, the higher the degree of importance of the influence
factor, it can be seen that the closing price and yesterday's
closing price has the greatest impact on the stock gain. In this
paper, we take the indexes ranked in the top 10 as the
influence factors of the rate of increase, which are used in the
construction of the next prediction model.

79

Liquid Market Value
Outstanding Share
Opening Price
Total Market Value

Price-to-book Ratio
Number of
Shares Traded

Price to Earnings Ratio={0.
Turnover
Turnover Rate

ROC10

Factor

ROC5
HIGHO
amplitude
KSFT
BIAS
ARBR

OPENO

0.2

0.3 04 05 06 07 08 0.9

Importance Score
Figure 2. Factor importance score

3.2.3. XGBoost Stock Picks Results

In the above 10 influencing factors of the increase were
determined by random forest regression, excluding variables
such as market capitalisation, outstanding share capital,
opening price, total market capitalisation, P/B ratio, number
of shares traded, P/E ratio, etc. XGBoost is the integrated
model with high predictive accuracy and operational
efficiency, which can make full use of a large amount of data
in the financial field, and at the same time, has very good
stability and explanatory power, which is more and more
frequently applied in the modern multi-factor stock selection
models. Therefore, in this paper, we will divide the training
set and test set according to the ratio of 8:2, and construct the
multifactor regression model through XGBoost algorithm and
influence variables, and the parameters are set as follows: the
number of trees n_estimators is taken to be 200, the learning
rate learning rate is taken to be 0.01, the base classifiers
booster is the decision tree gbtree, the objective function
objective is the squared error reg: squarederror.

From the analysis of the evaluation metrics in Table 2, it
can be seen that the MAE, MSE, and RMSE are small, and
the R-square of both the training set and the test set reaches
more than 0.95, all of which indicate that XGBoost fits the
rise better. According to the stock rise trend of part of the test
set3 it can be seen that the local prediction accuracy of the
model decreases when the stock rise fluctuates a lot, but from
the overall trend, the predicted value is roughly the same as
the real value.



Table 2. XGBoost model prediction results

I_Eva!uatlon MAE MSE | RMSE r2_sc_ore r2_scor

indicators _train e _test

Projected 0.273 | 0.326 | 0.571 0.9801 0.9604
results 0 3 3

In this paper, the XGBoost regression model is constructed
based on the influencing factors after filtering out the
redundant features, that is, the XGBoost model will take into
account the weights of the influencing factors in the
prediction, and get the final prediction results through the

10 A

Rate of Increase

-10 4

weighted summation of each factor. Therefore, compared
with the real value, the predicted value of stock gain takes into
account the market performance and investment risk of the
stock, and is more representative of the daily return of each
stock under the influence of important factors. In this paper,
the geometric mean return of each stock in the range of July-
December 2022 is calculated, and then the four stocks with
the highest ranking are selected. The results are shown in
Table 3, and four stocks, China Unicom, Kingsoft Office,
China Life, and China Mobile, are finally selected for the
portfolio.

y_test y pred

L | T
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1000 1200
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Figure 3. Partial test set fitting plots

Table 3. Ranking of the average return of each stock

Stock code 60805 688111 60262 600941 601808 601021 | 600570 600036 | 601728 | 600150
China | Kingso - . China National | Spring China China China
Stock Name | Unico ft Ch_lna Chlr_1a Offshore Oil Airline Hang Se_ng Merchants | Teleco | Shipbuild
. Life Mobile . Electronics :
m Office Service S Bank m ing
average rate | 4 3193 | 49602 | 1.1819 | 1.1737 1.1625 11612 | 1.1539 11474 | 11447 | 11417
of return /%

3.3. Analysis of Results

3.3.1. CNN-BiLSTM-Attention Stock Price Prediction

Based on the correlation analysis, this paper selects the top
five factors with the highest correlation with the closing price:
yesterday's closing price, opening price, high price, low price
and average price for the next model construction. After the
stock selection model selection in the previous chapter, this
paper will 688111 Kingsoft Office, 600050 China Unicom,
601628 China Life and 600941 China Mobile total four stocks
of daily frequency data set for experiment.

In the process of stock price prediction, in order to improve
the learning ability of the model and the prediction ability of
the stock price change, this paper divided the data set into two
parts, in which the first 70% of the time series was used as a

training set to train the network model, and the remaining 30%

of the data set was used as a test set, and the feature data of
the test set was used to predict the four stock prices. Based on
this, the prediction results in the test set were compared with
the real results and the fitting effect was analyzed.

In this paper, model construction and experiments are
carried out. The ReLU activation function is used for the one-
dimensional CNN model, the Tanh activation function is used
for the bidirectional LSTM model, and the Sigmoid activation
function is used for the Attention model. In this model, the
mean square error is used as the loss function, and the
optimiser is specified as Adam, and the evaluation metric is

80

specified as the mean absolute error. The parameters are set
as follows: Window, Kernel size and Pool_size is all set to 1,
Lstm_units and Filters are set to 128, Dropout is set to 0.01,
Epochs are set to 200, and the number of training rounds is
set to 200. Epochs) is 200, the number of feature dimensions
(Input_dim) is 5, and the number of samples per training
round (Batch_size) is 256.

For this stock price prediction framework, the daily dataset
of each stock is pre-processed and fed into the model for
learning and training respectively, and through continuous
experimentation and observation of the results, the knowledge
and experience are used for constant parameter adjustment
and optimisation training, finally forming a set of parameter
values that are better for the prediction of each stock, and then
inverse normalisation is performed on the output stock price
prediction values to obtain the final prediction value of the
model. The results of the model are shown in Table 4.

Table 4. Model prediction results

688111 600050 600941

stock King_soft China Cﬁ?::i?fe Chir_la
Office Unicom Mobile

MSE 3.4486 0.0023 0.0415 0.5458
MAPE 0.69% 0.99% 0.55% 0.58%
R?score 0.9968 0.9788 0.9952 0.9479




From the results of each evaluation index in Table 4, it can
be found that the MAPE of the four stocks is less than 1%,
which indicates that the prediction accuracy of the stocks is
more than 99%. Except for Kingsoft Office the MSE of the
other 3 stocks is not more than 0.6. For the fit of this
regression model, it can be seen that the coefficients of
determination of the 4 stocks are greater than 0.94, which
indicates that the predictive performance of the model is
better.

The experimental results show that in the stock dataset
tested in this paper, the stock price prediction model used,
CNN-BiLSTM-Attention model, has better generalisation
ability and robustness, which is beneficial for the subsequent
quantitative trading strategies and backtesting experiments.

In order to more intuitively observe the prediction effect of
the model on the test set, the fitting plots of 4 stocks, 688111
Kingsoft Office, 600050 China Unicom, 601628 China Life,
and 600941 China Mobile, are next plotted on the test set,
which are sequentially shown in Figures 4-Figure 7,
respectively.
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Figure 4. 688111 Kingsoft Office Test Set Fitting Chart
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Figure 5. 600050 China Unicom Test Set Fit Chart
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Figure 7. 600941 China Mobile Test Set Fit Chart
From the prediction graphs of these 4 stocks on the test set,

the model can roughly predict the trend of the stock price, for
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the local peaks with the accuracy is lacking, but in general,
the generalisation ability and stability of the model are good.
Moreover, when the model reaches the highest point or the
lowest point, its prediction curve has almost no offset
compared with the real curve, which indicates that the model
can eliminate the phase difference without time delay
phenomenon. And it can be seen from the results of the above
evaluation indexes that the overall performance of the model
is better and the error of prediction is smaller.

3.3.2. Quantitative Stock Trading Strategies and
Backtesting

In this paper, the MACD trading strategy is applied to 4
stocks, 688111 Kingsoft Office, 600050 China Unicom,
601628 China Life, 600941 China Mobile, and 688111
Kingsoft Office, respectively, for June-December 2022, based
on the data test set obtained from the CNN-BiLSTM-
Attention model prediction, and the respective stock The
MACD strategy backtest total return results are shown in
Figure 8-Figure 11. cumulative returns denote the total
returns  obtained based on the strategy and
tcumulative returns denote the actual total returns.

Yield Rat
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Figure 8. 688111 Kingsford Office based on strategy and true
cumulative returns
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e

Time
Figure 9. 600050 China Unicom Based on Strategy and True
Cumulative Returns
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Figure 10. 601628 China Life Based on Strategy and True
Cumulative Returns
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Figure 11. 600941 China Mobile Based on Strategy and True
Cumulative Returns
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It can be observed that the backtesting of the four stocks
selected above using the MACD trading strategy yields that
most of the stocks® total returns based on the strategy are
lower than their actual total returns, with the exception of
China Unicom, a stock whose own closing price base is
relatively small, resulting in the total return based on the
strategy nearly overlapping with its actual total return curve,
and most of the remaining stocks’ returns based on the
strategy curve are all below the actual return curve, indicating
that when we can get a return based on the trading strategy,
we can actually get a higher return, which can be traded at
that time. And from Table 5, we can see that the total return
based on the strategy is more than 40% for most of the stocks,
and the loss is controlled within 10%, which indicates that the
strategy is still effective and feasible.

Table 5. Total return on four stocks

stock total Maximum Minimum
return Gross Yield | total return
68811&'?'”93‘(0” 28.00% | 45.19% -18.66%
Ice
600050 China 44.75% 44.98% -2.52%
Unicom
600941 China 13.80% 16.46% -8.66%
Mobile
601628 China Life | 44.39% 47.61% 0.56%

The above introduces the quantitative trading strategy
based on MACD single stock investment, but in real life, we
may invest in more than one stock when investing, at this time
the amount of investment in each stock has become a difficult
point in our investment, based on this we continue to take the
above four stocks as an example, select four kinds of
investment portfolio, through the calculation of the total
return on each portfolio to determine the portfolio mode, the
amount of investment in the stock is determined by its
corresponding weights. The amount of stock investment is
determined by its corresponding weight. The four portfolio
styles will be introduced next:

(1) Equal weighted portfolio: the weight of each stock is
assigned equally, in this paper the weight of each stock is
assigned as 0.25, this investment method is the simplest.

(2) Market capitalisation weighted portfolio: the weight of
this portfolio is determined by the percentage of total market
capitalisation, which is positively proportional.

(3) Investment Risk Minimising Portfolio: this strategy is
to select the portfolio with the lowest investment risk and the
highest return under that condition. In this paper, according to
Monte Carlo simulation Markowitz model, the weight of each
group is randomly generated, calculate the investment return
and return standard deviation (risk standard deviation) of each
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group, the process is repeated a number of times, this paper
repeated 10,000 times, the investment return and risk standard
deviation of each group is plotted as a scatterplot ultimately
as shown in Figure 12, and then find out the point of the
portfolio with the minimum risk, as shown in Figure 13.
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Volatility
Figure 12. Markowitz simulated standard deviation of risk and
scatterplot of returns for the 10,000 group
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Figure 13. The point in the return-risk scatterplot that minimizes
risk

(4) Sharpe Ratio Portfolio: The Sharpe Ratio is a
commonly used risk-adjusted rate of return metric designed
to measure the amount of excess reward that can be achieved
for each unit of total risk taken.

Higher Sharpe ratios indicate higher excess returns per unit
of total risk taken and better risk-adjusted returns. Again
based on Monte Carlo simulation of the Markowitz model,
the Sharpe ratio corresponding to each group is calculated and
plotted as the third variable in a scatter plot of return-risk, as
shown in Figure 14. The portfolio corresponding to the largest
Sharpe ratio is then found, as shown in Figure 15.
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Figure 14. Sharpe Ratio Depicts Scatterplot of Returns-Standard
Deviation
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Figure 15. The point in the return-risk scatterplot with the largest
Sharpe ratio
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The final stock weights and total returns corresponding to
the four portfolio approaches are obtained as shown in Table
6 and Figure 16:

Table 6. Equity weights corresponding to the four portfolio

approaches
600050 | 600941 | 601628 688111
stock China China China Kingsoft
Unicom Mobile Life Office
Equal Weighted | ) o 0.25 0.25 0.25
Portfolio
Market
capitalization- | 0.04591 | 0.56786 | 0.34554 | 0.040662
weighted 965 866 871 98
portfolio
”r‘;’iﬁtr:‘iigiigf"‘ 043547 | 036178 | 0.11778 | 0.084953
. 867 263 557 12
portfolio
Sharpe Ratio 0.67685 | 0.00755 | 0.21619 | 0.099401
Portfolio 089 021 762 29
—— Portfoliox
0.4 { — Portfoliof
—— Portfoliod
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Figure 16. Total return graphs corresponding to the four portfolio
approaches

Table 7. Portfolio projected total return

stock total Minimum Maximum
return | total return | Gross Yield
Equal Welghted 33.64 5.60% 35.80%
portfolio %
Market capitalization- | 25.62 070 o
weighted portfolio % 4.07% 29.21%
_ Investment risk _ 32.64 -4.59% 34.33%
minimization portfolio %
Sharpe Ratio Portfolio 43;22 -1.93% 44.90%
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As can be seen from Table 7, the highest total returns
obtained through the four portfolio approaches are basically
above 30%, with losses controlled within 5%, indicating that
the returns that can be obtained from these four portfolios are
all relatively stable and less risky. Returns from Figure 16 can
be seen, in these four kinds of investment portfolio approach,
Portfoliof investment risk of the smallest portfolio in these
four portfolio approach to obtain the return has been relatively
small, in the long run, Portfolioiox Sharpe ratio investment
portfolio is relatively more potential, in the later stage can
obtain a relatively high return. Investors can therefore choose
the right portfolio to trade at the right time depending on the
length of time they have been buying shares.

4. Conclusion

This paper addresses the time series stock price prediction
problem. Firstly, the most important 10 factors affecting stock
returns are selected through random forest, and the
constructed XGBoost regression model is used for four high-
quality stocks selection. Secondly, for the prediction of stock
closing price, this paper proposes a new framework CNN-
BiLSTM-Attention model based on deep learning method,
which extracts the historical information features of the stock
through CNN, and trains and predicts the stock dataset by
using the bidirectional LSTM network, meanwhile, an
Attention mechanism is added in the process of training to
give every stock features, so that the network can learn the
feature information more effectively and improve the
prediction accuracy. Finally, the cumulative returns of the
four selected stocks are calculated and backtested using the
single stock quantitative trading strategy of MACD, and the
highest total returns of most stocks are over 40%, and the
losses are controlled within 10%, which indicates that the
trading strategy based on this model is effective and feasible.
Moreover, when the stock portfolio returns are studied, the
Portfoliox Sharpe Ratio portfolio has a relatively higher
potential to achieve higher returns at a later stage. This shows
that the proposed model has a certain predictive ability for
stock prices, which can be used as a reference for investors to
make faster decisions when investing and reduce the risk of
investment.
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