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ABSTRACT. As the largest incremental capital in the A-share market, the trend of Hong
Kong capital plays a very important guiding role in selecting industry investment op-
portunities and guiding market sentiment. Securities investors generally conduct quan-
titative research on Hong Kong capital as a whole. Through the analysis of the historical
transaction data of Hong Kong-funded institutions, this paper finds that the trading char-
acteristics of Hong Kong-funded institutions with different attributes are different, and
the profit and loss and position of stocks will affect their future trading operations. In
this paper, a multi-dimensional factor dataset of Hong Kong-funded institutions is con-
structed, principal component analysis (PCA) is used to reduce the noise of the dataset,
feature extraction is carried out through long short-term memory (LSTM), etc., and fi-
nally a prediction model based on optimized PCA-LSTM is proposed. The results show
that compared with the original factor dataset, the multi-dimensional factor dataset can
better quantify the transaction features, and the optimized PCA-LSTM model also has a
better learning effect than the original LSTM.

Keywords: Multi-dimensional factor dataset, PCA, LSTM

1. Introduction. With the advent of the era of big data, the flow of Hong Kong capital
and changes in returns have become the focus of attention of stock market researchers
and securities institutions. After the Shanghai-Hong Kong Stock Connect policy was put
forward, the overall stock price of China’s A-share market has been significantly improved
in reflecting the speed of market public information [1]. On the basis of empirical research,
the researchers believe that Hong Kong capital is indeed a “smart money”. In the short
term, due to the quantitative trading of Hong Kong capital, it is easy to grasp the “buying
points” and “selling points”; in the long term, Hong Kong capital has a sound investment
style in stock selection and value investment [2,3].

In the research of financial big data, multi factor model has always been one of the main
quantitative models. Typical models include momentum factor model [4,5], illiquidity
factor model [6], heterogeneous volatility factor model [7,8], and five factor model adding
investment factor and profit factor on the basis of three factor model [9,10]. In addition,
a large number of research results of behavioral finance have also been applied to factor
construction, and the most representative is the investor sentiment factor model [11,12].

The emergence of Hong Kong capital means that a new kind of financial factor data can
be mined and analyzed. The researchers found that Hong Kong capital, as a composite
factor, has alpha characteristics that traditional factors do not have, and the machine
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learning classification algorithm can be used for factor screening [13]. In the field of stock
time series data prediction, a Re-LSTM for stock price movement prediction is proposed,
and its performance is better than the original LSTM [14]. In terms of using LSTM
to process Hong Kong capital data, the researchers constructed the Hong Kong capital
position dataset and proposed a stock price fluctuation prediction algorithm based on
multi factor LSTM model [15].

After in-depth study of Hong Kong-funded institutions, this paper finds that not all
Hong Kong-funded institutions have a good performance in terms of income. After ob-
serving the holdings and returns of Hong Kong-funded institutions over the years, it can
be found that different institutions have different trading characteristics, and their pre-
diction and preference for stocks are different. Therefore, it has become a new research
direction to study the transaction dynamics of Hong Kong-funded institutions. This paper
constructs the multi-dimensional factor dataset of Hong Kong-funded institutions from
different angles. Then, the shortcomings of LSTM’s inability to effectively extract local
features are improved, and the optimized PCA-LSTM model is used to predict transaction
dynamics.

The structure of this paper is as follows: The second section briefly describes the
technical part used in this paper; The third section describes the construction of multi-
dimensional factor dataset in detail; The fourth section is the experimental model and
results; The fifth section is the summary of this paper.

2. Related Technology.

2.1. Principal components analysis (PCA). PCA is a dimensionality reduction sta-
tistical method. With the help of an orthogonal transformation, it transforms the original
random vector whose components are related into a new random vector whose components
are not related. This is expressed algebraically as transforming the covariance matrix of
the original random vector into a diagonal matrix, and geometrically as transforming the
original coordinate system into a new orthogonal coordinate system. Make it point to the
P orthogonal directions where the sample points are scattered most.

2.2. Long short-term memory (LSTM). LSTM is a special recurrent neural network
(RNN), which can learn long-term dependence information. RNN has been widely used
in many research fields such as language recognition and text classification [16]. RNN
has the problems of gradient explosion and gradient disappearance, that is, the long-term
dependence on historical data cannot be effectively solved. In order to solve these two
problems, machine learning researchers have developed the LSTM model [17]. The most
obvious improvement of LSTM model compared with RNN is the addition of 1 cell state
C and 3 valves. The three valves are forgetting gate F, output gate O and input gate I,
which solve the problem of gradient explosion and disappearance, that is, effectively deal
with the redundancy of relevant information in historical data [18,19].

2.3. Convolutional neural network (CNN). CNN is a special kind of multi-layer neu-
ral network. Like other neural networks, CNNs are also trained using the backpropagation
algorithm. The difference is in the structure of the network. The network connection of
CNN has the characteristics of local connection and parameter sharing. The use of local
connections and parameter sharing reduces the number of parameters that need to be
trained, and the amount of computation is gradually reduced, while CNN preserves glob-
al features by increasing the number of network layers. This paper uses one-dimensional
convolution to process factors, considering the problem that the data source is financial
time series data. When dealing with sequence problems, it is necessary to consider that
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time passes in one direction (similar to a hidden Markov chain), that is, the feature is the
result of convolution of the output at time ¢ with the elements before . So the experi-
ment cannot use ordinary one-dimensional convolution, and uses causal convolution. Its
calculation method is shown in Formula (1).
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3. Construction of Multi-Dimensional Factor Dataset. This paper selects 15 main-
stream Hong Kong-funded institutions to hold. The market value accounts for about 90%
of the total market value held by Hong Kong investors. A total of 16,928,910 transaction
data of Hong Kong-funded institutions have been obtained. Obtain basic market data
and basic financial indicator data through Tushare financial data interface package. A
multi-dimensional factor dataset is constructed on the basis of the above-mentioned raw
data. The following introduces the relevant information of several important dimensions
and the calculation method of the relevant important factors. After the factor calculation
is completed, the factor set of 15 institutions (the top 100 stocks with the most trading
volume of each institution) is regarded as a data sample. In the same data sample, the
input dataset is divided according to the time_steps required by the model.

3.1. Transaction characteristics of Hong Kong-funded institutions. This paper
divides Hong Kong capital into allocation-type and transaction-type, which are represent-
ed by the factor trade_charact. Allocation-type tends to hold stocks for a long time, and
the turnover rate is low. Institutions holding capital tend to carry out continuous inflow
transactions, and the representative institutions are Standard Chartered Bank, HSBC,
etc.

Transaction-type is greatly affected by market sentiment, and is easily affected by risk
appetite and continues to flow in and out. Therefore, capitals are very active and have a
high turnover rate. The representative institutions are China International Finance Hong
Kong Securities Co., Ltd., etc. Figure 2 shows the comparison of the two types.

3.2. Profit and loss of Hong Kong-funded institutions. The profitability of an
institution is closely related to the dynamic changes of stock market prices. Institutions
judge the market outlook and make trading strategies based on their own profit and
loss conditions. When in a state of loss for a period of time, it is necessary to consider
whether to stop losses in time or gradually increase positions to reduce costs; while in
a state of profit, analyze the possibility of the stock continuing to rise and the risk of
retracement to decide whether to stop profit in time or continuously increase positions in
pursuit of profit maximization. Therefore, investment institutions can find the optimal
positions in the A-share market to maximize the long-term growth rate of assets and carry
out capital allocation management according to the profit and loss situation, which can
effectively respond to market changes, increase investor returns, and reduce investment
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FIGURE 2. Shareholding curve of Standard Chartered Bank & China In-
ternational Finance Hong Kong Securities Co., Ltd.

risks [20]. Factors that can express profit and loss include profit and loss ratio, profit and
loss amount, rate of return, average daily rate of return, amount of income, etc. Formulas
(2) and (3) are the most representative calculation methods for the profit and loss ratio
factor, which is the ratio of the trading profit and loss to the position cost.

profit_and_loss = costy,, X profit_loss_ratio (2)

profit_loss_ratio = (close — Pricecyst)/Priceeoss * 100% (3)

3.3. Excessive transactions of Hong Kong-funded institutions. Market analysis
points out that Shanghai-Hong Kong Stock Connect and Shenzhen-Hong Kong Stock
Connect have a keener sense of A-shares. The historical data shows that the sudden
continuous net buying phenomenon is often an important information for the start of a
short-term rebound of A-shares. Due to the maturity of Hong Kong capital, it can always
sniff out the impact of the international situation and domestic policies on economic
changes, and plan the entry and return of funds in advance. The abnormal excess trading
behavior of Hong Kong capital also affects stock price changes. Research data shows that
when the trading volume of a single Hong Kong-funded institution or multiple major
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institutions reaches 5% of the total stock trading volume, it will have a certain impact
on the stock price, reaching 10% can affect the price performance, and reaching 20% can
almost control the price direction [21]. Therefore, grasping the flow of historical excess
capital is an important direction for market forecasting. The formula for calculating the
excess_factor factor is as follows. Among them, Formula (4) is the judgment of excess
inflow behavior, and Formula (5) is the judgment of excess outflow behavior. vol .y is the
maximum number of changes in holdings in the past month.

(VOlbuy max — VOlbuy avg) /VOlbuy avg > 30% (4)

(UOlsell,max - UOlsell,avg)/U0lsell,buy <= _30% (5)

3.4. Positions of Hong Kong-funded institutions. The position level is divided into
two dimensions: stock and increment. The stock shows the overall capital investment. For
different types of stocks, the amount of capital allocated by the institution is different.
For example, blue-chip stocks with a significant dominant position and good performance
in their industry are suitable for higher trading quotas than common stocks. The factors
that reflect the stock are the circulation ratio factor, market value of holdings, etc.; the
increment shows the forecast for the market, the proportion of additional or reduced posi-
tions for investment. And the increment can reflect the institution’s views and investment
decisions on the future trend of the stock. The factors that reflect the increment include
the Masukura ratio and so on. Therefore, the factor of the position dimension can show
the recent preference and position adjustment direction of Hong Kong-funded institutions.
Formulae (6) and (7) introduce the calculation method of the circulation ratio factor and
the Masukura ratio factor.

circulation_ratio = voli,s VOl A_share (6)

Masukura_ratio = vol; — vol,_1 Jvol; 1 (7)

4. Prediction Algorithm Based on Optimized PCA-LSTM.

4.1. Factor screening. Although this paper constructs a factor dataset from multiple
dimensions, some factors may bring additional financial noise to the study; the correlation
between the factor data also makes the information reflected in the data overlap to a
certain extent, and cannot well show the deep hidden laws; such a large amount of factor
data makes the model run too much computation and increases the experimental cost.
Therefore, certain screening of the obtained factor data has become the key to constructing
a good dataset [22,23]. Considering the interaction between institutional trading behavior
and stock prices, the factors in the multi-dimensional factor dataset are combined with
stock market factors and stock financial factors. Use random forest for factor importance
ranking for all factors, and select the top 20 factors for subsequent training.

4.2. Label calculation. Traditional LSTM is mostly used to predict specific values, but
considering the actual demand, this paper believes that it is not necessary to predict the
actual value, but only the growth rate in the next period of time. Therefore, it is first
necessary to classify the dynamic changes of Hong Kong-funded institutions transactions.
There are three types of situations: excess inflow, normal transaction, and excess outflow.
Since the transaction situation of Hong Kong-funded institutions has trend characteris-
tics, the change in transaction volume over a period of time should be considered. The
calculation method is as follows.
0 AV < 51
label = { 1 07 < AV < 09 (8)
2 AV > (52
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AV is the greatest potential for Hong Kong capital to flow into or out of A-shares. In order
to make the number of categories relatively uniform, set (d1,d,) as the threshold of the
trading range. The thresholds for different Hong Kong-funded institutions are different.

4.3. Model introduction. Figure 3 shows a schematic diagram of the model structure.
Since the factor feature information of each dimension in the composition of the original
dataset overlaps, in order to remove redundant information, PCA is used to reduce the
dimension of the factor dataset, so that the reconstructed factors are independent. Firstly,
the factor data was standardized by SPSS software, and then the Bartlett sphericity test
and KMO test were carried out. So there is a significant correlation between the factors.

original PCA-LSTM optimized PCA-LSTM
( Factordataset ) Factor dataset )
Contribution Contribution
4 rate >90% . rate > 90%
PCA PCA
l Causal Conv
LSTM
l Cropping
Dropout
l RelU (L2
LSTM /J Concatenate
S
l Dropout —\r}
Dropout
Batch Norm
Dense
LSTM | <2

l Model prediction

Dense

Model prediction
F1GURE 3. Model comparison

TABLE 1. KMO and Bartlett’s test

Kaiser-Meyer-Olkin measure of sampling adequacy 0.723
Approx. Chi-Square | 406493.484
Bartlett’s test of sphericity df. 171
Sig. 0.000

Principal components are extracted from the data, and 90% contribution rate is taken
for the extracted principal components to obtain 10 principal components. In order to
make the PCA interpretation more efficient and minimize the data redundancy of the
model, this paper retains the parameter data with values greater than 0.4.

This paper optimizes the original PCA-LSTM model. Considering that although LSTM
can obtain global time series information, the special transaction behavior of Hong Kong
capital, such as capital flow that lasts for several days, or sudden capital inflow and outflow
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operations is extremely important to the task. Use causal convolutional units as feature
extractors to capture transactional or factorial features local to the dataset. After the
convolution operation, the size of the new data after convolution is different from the size of
the input data due to padding. After the convolution, the data size needs to be modified, a
cropping function is constructed to change the size, and then the ReLLU and dropout layers
are added. Dropout will randomly disconnect input neurons with a certain probability
every time the parameters are updated during the training process to prevent over-fitting.
The processed information is spliced with the original information, normalized and then
input into the two-layer LSTM network to extract time series features and speed up
network training and convergence. The output feature data needs to go through the
nonlinear transformation of the fully connected layer, and then input it to the Softmax
layer to obtain the probability distribution of different categories.

4.4. Experiment results. The following will take Standard Chartered Bank as an ex-
ample to study the dynamic changes of transactions. Different hyper parameters have a
significant impact on the predictive ability of the model [24]. Table 2 shows the parameter
settings of the optimized PCA-LSTM model.

TABLE 2. Parameter settings of the optimized PCA-LSTM model

Convolution LSTM Learning Hidden layer Classification
. Dropout .
kernel size  layers rate neurons function
) 2 0.005 0.3 128 Softmax 3

Categories

The first 70% of the factor dataset, that is, the first 25,396 data, is used as the train-
ing set, and the remaining 30% of the data is used as the prediction set. In order to
verify the general validity of the model proposed in this paper, SVM, XGBoost, LSTM,
TreNet (a time series trend prediction classification network in the financial field), origi-
nal PCA-LSTM are used for comparative experiments under the same dataset input. The
experimental results are shown in Table 3, it can be seen that all evaluation indicators
of the optimized PCA-LSTM model can achieve better results, and compared with the
best baseline model, the ACC is increased by 1.98%, the macro_F1 value is increased by
2.09%, and the kappa coefficient is 0.6131 (0.61~0.80 means the results are highly consis-
tent); from the experimental results, we can see that the model in this paper has higher
classification accuracy. In addition to the SVM, the accuracy rates of the other models
are all above 60%, which proves that the dataset has good separability.

TABLE 3. Experimental result 1

Model ACC Precision Recall Macro F1 Kappa Ham_distance
SVM 0.5255 0.5235 0.5263  0.5229  0.2888 0.4744
XGBoost  0.6221  0.6217  0.6223  0.6219  0.5332 0.3278
LSTM 0.6415 0.6419 0.6417  0.6415  0.5748 0.3034
TreNet 0.6573  0.6568  0.6574  0.6570  0.5859 0.2926
PCA-LSTM 0.6565 0.6550  0.6567  0.6567  0.5848 0.2934
Model 0.6771 0.6789 0.6772  0.6779  0.6131 0.2803

Perform ablation experiments on the factors to test whether each dimension factor is
effective. Using the optimized PCA-LSTM model, each dimension factor that needs to be
verified is eliminated in turn to test the accuracy of the model. except_1 is the transaction
type factor ablation, except_2 is the profit and loss situation factor ablation, except_3 is the
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TABLE 4. Experimental result 2

Model ~ ACC Precision Recall Macro F1 Kappa Ham distance
except-1 0.6534  0.6541 0.6529  0.6540  0.5829 0.2996
except_2 0.6224 0.6222 0.6231  0.6215  0.5335 0.3211
except_3 0.5406  0.5481 0.5492  0.5498  0.3245 0.4393
except_4 0.5788  0.5783  0.5785  0.5784  0.3482 0.3811

excess transaction factor ablation, and except_4 is the position situation factor ablation.
According to the experimental results, it can be seen that the excess transaction factor
and the position factor have the greatest impact on the model, and the accuracy is 13.65%
and 9.83% lower than the full factor model. Factor ablation experiments demonstrate the
effectiveness of the dataset, and more relevant factors can be mined in subsequent studies
to enrich our multi-dimensional factor dataset.

5. Conclusion. This paper uses the optimized PCA-LSTM model to dynamically predict
the transactions of Hong Kong-funded institutions, introduces basic technical indicators
of stocks, builds a multi-dimensional factor dataset, and verifies the validity of the dataset.
The PCA is added to the model to use the extracted principal components and the cal-
culated data as a new training sample set. This method improves the sample quality and
eliminates the correlation of the input features. While improving the simplicity of the
input data, it also simplifies the overall network structure. The model uses feature ex-
traction tools such as CNN and LSTM to extract various effective features of datasets such
as local change information and time series information. By comparing the experimental
results, it is found that the model proposed in this paper predicts better than other base-
line models. Not only the prediction accuracy is improved, but the prediction effect is
also more stable.

As an incremental factor affecting stock price changes, Hong Kong capital can be used
for stock price prediction to better determine buying and selling points for trading strate-
gies. How to combine the behavior of Hong Kong capital that affects stock price changes
with the two elements of the stock market will be the focus of the next research.
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