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Abstract: This paper proposes a feature selection model based on a multilayer genetic algorithm
(GA) to select the features of a high stock dividend (HSD) and eliminate the relatively redundant
features in the optimal solution by using layer-by-layer information transfer and two-dimensionality
reduction methods. Combining the ensemble model and time-series split cross-validation (TSCV)
indicator as the fitness function solves the problem of selecting the fitness function for each layer.
The symmetry character of the model is fully utilized in the two-dimensionality reduction processes,
according to the change in data dimensions and the unbalanced characteristics of the HSD, setting
the corresponding TSCV indicators. We built seven ensemble prediction models for actual stock
trading data for comparison experiments. The results show that the feature selection model based
on multilayer GA can effectively eliminate the relatively redundant features after dimensionality
reduction and significantly improve the balancing accuracy, precision and AUC performance of the
seven ensemble learning models. Finally, adversarial validation is used to analyze the differences
in the balanced accuracy of the training and test sets caused by the inconsistent distribution of the
data sets.

Keywords: genetic algorithm; time series split cross validation; fitness function; feature selection;
stock prediction

1. Introduction

An HSD is a common way to attract investors to buy stocks [1]. After implementing
an HSD, the stock price will fluctuate greatly [2]. Therefore, it is essential to predict the HSD
for quantitative trading [3]. With the development of big data and artificial intelligence
technology, the method based on machine learning for HSD prediction has gradually
replaced the original method based on experience and market economic theory in the
financial industry.

Stock trading data contain rich features, and feature redundancy dramatically impacts
the accurate prediction of HSDs. The existing dimensionality reduction methods cannot
consider the global features or solve the problem that there are still relatively redundant fea-
tures after filtering. GA can be adaptively used for feature selection based on randomized,
global search and has been widely used for feature engineering.

Different fitness functions affect the calculation time, search speed and convergence
speed of the fitness value of the GA. The excellent performance of the ensemble learning
model can be used to train the data corresponding to each chromosome in the GA. Therefore,
combining ensemble learning and GA cannot make the fitness value converge quickly with
fewer iterations and select the optimal feature.

An HSD dataset has the characteristics of time series, and traditional cross-validation
cannot meet this requirement. It is necessary to divide the time series according to the
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time-series characteristics in the data set. With the iteration of genetics, selection, crossover
and mutation operations, the population is constantly updated and the chromosomes are
constantly changing. Evaluating these models based on the corresponding chromosome
data and considering the time-series characteristics of the HSD dataset is necessary. TSCV
has the characteristics of evaluating the model and reducing overfitting, so it is very suitable
for solving the above problems.

In summary, this paper proposes a feature selection model based on multilayers to
achieve feature selection by passing information layer by layer. A four-layer GA reduces
the dimensionality in the HSD feature twice. Finally, seven ensemble learning prediction
models are built based on the feature data after the genetic feature selection model and the
original dimensional feature data, respectively, for comparison experiments.

The main contributions of this paper include the following five aspects.

(1) A multilayer GA-based feature selection model is proposed to eliminate features that
are still relatively redundant after dimensionality reduction;

(2) Improving the GA fitness function based on an ensemble learning model with TSCV;

(3) To cope with the change in data dimensionality during the two-dimensionality re-
duction processes and the HSD dataset’s imbalance, set corresponding adaptation
functions in each layer;

(4) Introduce TSCV for the HSD dataset;

(5) Use adversarial validation to analyze the impact of the inconsistent distribution of the
HSD dataset.

2. Related Work
2.1. The High-Stock Dividend Forecast

Some researchers start from the traditional HSD policy theory to explore the fea-
ture affecting HSDs and test the market HSD effect accordingly. As early as 1998, Chen,
X. et al. [4] tested the market’s HSD payoffs hypothesis based on dividend signaling theory.
With the development of artificial intelligence, many scholars began validating their theo-
ries by establishing regression models. In 2010, Gong, H.Y.et al. [5] used logistic models to
explore the role of dividend catering theory in HSDs. In 2017, Yan, J.X. et al. [6] analyzed
the feature affecting HSDs based on the theory of incentive doctrine as the number of
current asset turnover, undistributed earnings per share, earnings per share, capital surplus
per share and return on net assets. Net assets per share are an important feature influenc-
ing HSDs and are verified by multiple linear regression models. In the same year, Ling,
S.Q. et al. [7] proposed that companies with high capital reserves or undistributed earnings
likely have an HSD. The company’s willingness must be considered to establish a logit
model to predict an HSD.

Recently, other scholars, based on data mining, have studied the essential features of
HSDs and used machine learning models to predict HSDs. Yan, M.C. et al. [8] proposed,
in 2017, alone through descriptive statistics, that capital stock per share, undistributed
profit per share, total equity, latest closing price and listing time are the main features
affecting the implementation of HSDs, and used Logistic regression to construct an HSD
prediction model. In the last two years, Jiang, C. et al. [9] selected 93 characteristic features
influencing HSDs by Lasso regression and then used PCA to reduce the dimensionality
to 50 dimensions. Finally, three logistic regression models, a support vector machine
and XGBoost were used for prediction evaluation, and their prediction accuracy was
80.91%. Mali, J.F. et al. [10] selected eight features influencing HSDs based on the Lasso
variable selection method. They introduced the logistic regression model and support
vector regression model, respectively, combined with the grey prediction model to establish
an HSD prediction model, and its accuracy could reach 94.52%. Zhang, T.H. et al. [11]
used the mRMR feature selection algorithm to select 10 features, such as assets per share,
earnings per share, gearing ratio, provident fund per share and the performance of rrp and
run on the XGBoost prediction model was 84.96% and 92.14%. Yu, Q.D. et al. [12] extracted
43 features using the random forest algorithm and constructed prediction models based
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on logistic regression and decision tree methods, respectively, with an optimal prediction
accuracy of 76.59%.

2.2. Genetic Algorithm for Feature Selection

The application of GA in feature selection is carried out in two main directions.
One is to optimize the GA’s population combination strategy, fitness metrics, crossover,
mutation and other operations. Cao, L. et al. [13] proposed a GA-based feature population
combination selection method, making classification hierarchical clustering better than
other clustering methods. Saibene, A. et al. [14] proposed a new GA feature selection based
on a fitness function for supervised or unsupervised learning. The experimental results
showed that it outperformed the benchmark test when juxtaposed with two data sets. Li,
X.H. et al. [15] implemented a GA for node selection by optimizing crossover and mutation
probability through evaluation metrics and experimentally proved that it can effectively
extract stock features.

The second is using other techniques and GA to perform feature selection. Elsawy,
A. et al. [16] in 2019 proposed a feature selection method combining the chicken flock
optimization (CSO) algorithm with the GA, which is superior in achieving a minimum
classification error rate compared to different molecular classification feature selection
algorithms. After 2021, Omidvar, M. et al. [17] proposed a neural network feature selection
strategy based on GA, using trained neural networks to provide fitness values for each
chromosome. Mandal, R. et al. [18] introduced a binary class learner based on a binary class
learner to learn features optimized by GA. Empirical analysis showed that this method
is essential in improving accuracy and producing stable predictions. Zhang, Y. et al. [19]
proposed a text feature selection method for text classification based on Word2Vec word
embedding and a high-level biogenetic selection GA, which effectively reduced the feature
dimension and improved the classification effect. Chen, Q.R. et al. [20] proposed a WKNN
feature selection method based on a self-tuning adaptive GA and proved that the method
is effective and has high classification performance. Xie, L.R. et al. [21] combined feature
selection based on a GA and Elman neural network to accurately identify bearing faults.

3. Methods and Data
3.1. Multilayer GA Feature Selection Model

As shown in Figure 1, the whole genetic feature selection model exhibits symmetry
and is divided into four layers. The first layer determines the fitness function, the second
layer solves for the optimal solution, the third layer determines the convergence range
of the optimal solution and, finally, the fourth layer solves for the reduced dimensional
optimal solution.

~

A\

Figure 1. Multilayer GA feature selection model.
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e Layer 1: Determining the fitness function

Encoding the training set and initializing the population. In the selection of the
TSCV index, because the common intuition of evaluation index accuracy and AUC are
stable in coping with the problem of unbalanced data set classes, AUC especially can cope
with the problem that the distribution of positive and negative samples in the time-series
division in the HSD data set is constantly changing with the year, so in the setting of the
fitness function, TSCV_AUC, TSCV_ACC of six ensemble learning models are selected
as the fitness functions. TSCV_ACC indicates the ACC performance when the model
applies TSCV, which is defined as shown in Equation (1). TSCV_AUC indicates the AUC
performance when the model applies TSCV, which is defined as shown in Equation (2).

1E(1TE
TSCV_ACC(y,9) = -} (nZ (g = yi)) <y
j i=1

j=1

where, y represents true value, §j represents predicted value, m represents TSCV times and
n represents sample number,

. . 1,x = true
Indicator function: 1(x) = { 0x — false
. v rankiys, — 7MX(12VH1)
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TSCV_AUC = — 2
- m Z M x N @

=

where rank;,s, represents the serial number of the first sample, m represents TSCV times, M
represents the number of positive samples, N represents the number of negative samples
and Y represents only the serial number of positive samples added up.

ins; € positiveclass

By comparing the optimal adaptation performance of TSCV_AUC and TSCV_ACC of
each model in this layer of the GA, the optimal combination of the model and TSCV_AUC
or TSCV_ACC is selected and passed to the second layer as the adaptation function, passing
the selected model to the remaining layers. To enhance searchability, setting the crossover
and variable rates is more significant. The excellent performance of the ensemble learning
model allows the GA fitness to complete convergence in only a small number of iterations.
Because of the large dimensionality in the training set, we set a small number of iterations
in this layer. The algorithm in this layer is shown in Algorithm 1.

Algorithm 1 is divided into three modules in total. The first module performs the
initialization of the genetic algorithm, mainly initializing the population and genetically
encoding the features contained in the training set. The number of genetic iterations T (lines
1 of [Algorithm 1]), the number of populations P, the crossover rate c and the mutation rate
a are set. Six models, RF, GBDT, XGB, AdaB, CatB and LGBM, are numbered {M;, M>, M3,
My, M5, Mg} and placed in the set M. Put TSCV_AUC and TSCV_ACC into the set TSCV_X.

The second module sets the fitness function and performs the iterative process of the
GA. First, the models in set M are selected for traversal (lines 2-3 of [Algorithm 1]). Then,
the fitness function is set. The set of TSCV_X is traversed with the current model Mi (lines
4 of [Algorithm 1]), and the TSCV_X of the current model Mi is selected as the fitness
function F. If F = TSCV_ACC, Equation (1) is used as the fitness function to calculate
the fitness value of each chromosome in the current population; if F = TSCV_AUC,
Equation (2) is used as the fitness function to calculate the fitness value of each chro-
mosome in the current population (lines 5 of [Algorithm 1]). Afterwards, the chromosomes
in the population were sampled with random probability, crossover operations were per-
formed with crossover rate ¢ and mutation operations were performed with mutation rate
a. The fitness value of each chromosome in the current population was calculated (lines
7 of [Algorithm 1]). Finally, if the number of iterations T is satisfied, the current optimal
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fitness value obtained with the fitness function F of the model Mi is recorded (lines 9 of
[Algorithm 1]).

The third module selects the fitness function, picks its corresponding models Mi and F
from the records based on the top-ranked optimal fitness value, outputs Mi:F (lines 11-12
of [Algorithm 1]).

Algorithm 1: GA determines the fitness function combination form at the first layer

Input: training set, population number P, current iteration numbert, maximum iteration
number T, crossover rate ¢, mutation rate g4, fitness function F, model set M{M;, M>,
M3, My, M5, Mg}, fitness function set TSCV_X{ TSCV_AUC, TSCV_ACC }
Output: fitness function combination: Mi:F
1 Initialize the population and encode the features of the training set
2 forMiin M do
3 while t < T do
4 for Fin TSCV_X do
5 if F = TSCV_ACC, the fitness value of each chromosome in the
current population is calculated using the fitness function shown
in Equation (1).
else if F = TSCV_AUC, the fitness function as shown in Equation (2) is
used to calculate the fitness value of each chromosome in the current population.
end for
7 Random probability sampling of chromosomes in the population, crossover
operation with crossover rate ¢, and mutation operation with mutation rate
a, generate a new population and calculate the fitness value of each
chromosome in the current population.
8 end while
9 Record the current model name M;, fitness function F, and optimal fitness value
10 end for
11 From the records, the model Mi and F corresponding to the optimal fitness value is
selected according to the ranking of the optimal fitness value
12 Print Mi:F and return

o)

e Layer 2: solving the optimal solution

Based on the information passed in the first layer, we used the training set again,
encoding the features, initializing the population and recording the optimal combination of
the model and TSCV indicators passed in the first layer as {Model: TSCV_X]} as the fitness
function. In order to enhance the search capability, increasing the number of populations
and the number of iterations and setting a small crossover rate and variable rate for the
benefit of fine tuning the optimal solution, the optimal solution is solved using the second
layer of GA. We then decoded the optimal solution, extracting the feature data in the
training set corresponding to the decoding, i.e., recording the feature data after the first
dimensionality reduction as {DR1-DATA}.

e Layer 3: determine the optimal solution convergence range

The third layer passes DR1-DATA based on the second layer of the model passed in
the first layer, encodes the features of DR1-DATA and initializes the population, setting
the cycle: the number of chromosomes < feature dimension and sequentially uses the
feature dimension of DR1-DATA as the number of chromosomes in the population from
1 to the number of full dimensions progressively. Because of the imbalance problem in
the HSD data set, to further find the features that make the model fitting effect more
accurate and dimensionality more streamlined, the balanced accuracy is an excellent
indicator for unbalanced data, and TSCV_balanced accuracy indicates the balanced accuracy
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performance of the model when applying TSCV, which is defined as shown in Equation (3).
TSCV _balanced accuracy and model combination are introduced as the fitness function.

h=1

1TETE (&
TSCV—balunce‘iuccurucy(y.ﬁ) = m Z (k 2 (2 1 (]/i,]' = ]/i,j))) ®3)
i=1 \j=1

where m represents TSCV times, k represents the number of categories and n represents the
number of samples in each category.

According to the convergence range in the optimal solution, the number of chromo-
somes contained in the solution is 1 when the value of the fitness function
converges, i.e., the number of corresponding features, and the algorithm of this layer
is shown in Algorithm 2.

Algorithm 2 is divided into three modules. The first module performs the initialization
of the GA, first initializing the population and encodes the features contained in DR1-DATA,
setting the number of populations P, the number of iterations T, the crossover rate c and the
mutation rate 4. The DR1-DATA feature dimension is N and the number of chromosomes
Ci (1 <i < N) (lines 1 of [Algorithm 1]).

The second module traverses N according to Ci starting from 1. The iterative process of
the genetic algorithm is performed according to the current Ci (lines 2-3
of [Algorithm 1]). First, the fitness value of each chromosome of the current popula-
tion is calculated based on the fitness function F (lines 4 of [Algorithm 1]). Furthermore, the
chromosomes in the population are sampled with random probability, crossover operation
is performed with crossover rate c and mutation operation is performed with mutation
rate a to generate a new population, and the fitness value of each chromosome in the new
population is calculated (lines 5 of [Algorithm 1]). Subsequently, the current number of
chromosomes Ci and their corresponding optimal fitness values (lines 7 of [Algorithm 1]) are
recorded. Finally, the Ci at the time of convergence of the final fitness value is determined
from the records and output (lines 9-10 of [Algorithm 1]).

Algorithm 2: GA third layer to determine the convergence range of the optimal solution

Input: DR1-DATA, DR1-DATA feature dimension N, chromosome number Ci (1 <i < N),
population number P, current iteration times ¢, maximum iteration times T,
crossover rate ¢, mutation rate g, fitness function F

Output: convergence range of optimal solution: Ci

1 Initialize the population and encode the DR1-DATA features

2 while Ci < Ndo

3 while t < T do

4 F is used as fitness function as shown in Equation (3) to calculate the fitness

value of each chromosome in the current population.

5 The chromosomes in the population are sampled with random probability, the

crossover rate is ¢, and the mutation operation is performed with the
mutation rate a to generate a new population, and the fitness value of each
chromosome in the current population is calculated.

end while

Record the current chromosome number Ci of the current chromosome number

and its corresponding optimal fitness value

8 end while

9  From the records, the Ci of the convergence of the optimal fitness value is determined

10 Output Ci and return

N o

e Layer 4: Dimensionality reduction of the optimal solution

Based on the model passed in the first layer and Ci passed in the third layer, the features
of DR1-DATA are encoded, the number of chromosomes is set to Ci when initializing the
population and the fitness function is F, in order to carry out fine tuning of the solution
to continue to reduce the crossover rate and mutation rate, followed by genetic iteration.
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Finally, we decode the optimal solution when the solved fitness value converges. The
features in the DR1-DATA corresponding to the decoding are then extracted, i.e., the
features after the second dimensionality reduction.

3.2. Data
3.2.1. Data Sources

The data from the 8th “Teddy Cup” data mining challenges (https://www.tipdm.org:
10010/#/ competition/1352509783172898816/ question, accessed on 19 June 2022) included
information on 3466 stocks of listed companies. Table 1 shows the specific information on
the HSD data set. The basic data describe the basic information of each stock, including
the year of listing, the industry and the concept sector of each stock. The daily and annual
data reflect the daily and annual operating conditions and stock surplus in the company
for eight years, respectively. The annual data record the implementation of high dividends
for each stock.

Table 1. Data set Overview.

Data Categories Number of Features Number of Rows Notes

Basic Data 4 3466
Training set First seven years
Yearly data 362 24,262 of data

Test set Yearly data 362 3466 8th year data
Training set First seven years
Daily data 61 589,132 of data

Test set Daily data 61 842,238 8th year data

3.2.2. Data Pre-Processing
1. Basic data processing:

Since the industries to which each stock belongs are mainly concentrated in real estate,
manufacturing, wholesale and retail, and the concept boards to which they belong involve
various industries, and since the concept boards to which each stock belongs are cross-
linked, the two columns of the industry to which they belong and concept boards to which
they belong are deleted and the number of concept boards to which they belong is counted
as a new quantity attribute added to the essential data.

2. Annual data processing:

Since the annual data are filled with redundant attributes that are meaningless for
HSD (e.g., announcement date of HSD proposal, the registration date of HSD equity,
accounting quasi-measurement, currency code, etc.), these features are directly deleted.

3. Daily data processing:

As the daily data are too subtle to outline the HSD, firstly, the daily data will be
averaged and ensemble into the annual data (such as using the group to group “stock
number” by “year” and then averaged), then the “month”, “day” feature attribute column
is deleted. Secondly, the feature attribute columns with missing values greater than 50% in
the daily data are deleted. The feature with the same years in the daily data is not deleted
because there are two time dimensions of year and day, so they are kept. The feature with
duplicate names in the daily data is renamed based on the previous averaging of the daily
data. Hence, the renaming format features a daily average (e.g., basic earnings per share;
daily average).

4.  Missing values handling:

Too many missing values cause the feature to have little impact on the meaning of
the results, discard the features with missing values greater than 50% in the annual data
and conduct missing value filling for the rest of the missing data. Since the non-numerical
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accounting quasi-measurement and currency code feature attributes have been removed
before, the filling is mainly divided into two parts; one is to fill with the plural for discrete
plastic values and the other is to fill with the mean for floating-point continuous numerical
values. The daily data processing is the same as above.

5. Data merging:

Since the daily and annual data have different characteristic attributes, the processed
daily and annual data are merged with the base data. In addition, the training set and the
test set are combined and new labels created (1 for the training set and O for the test set) to
be used as the adversarial validation data set.

3.3. Division of Time-Series Data Set

The data set used in this paper features the data of listed companies for eight consecu-
tive years, with time series, for HSDs of TSCV, shown in Figure 2.

HSD data set
training validating
VA 7

1 E

2 E,
18

E=2)E
3 E3 6 i=1
6 E

Figure 2. TSCV for HSD setting.

The data for the first seven years are used as the training set and the eighth year as
the test set; the first-year data for training and the second-year data for validation; the first
two years’ data for training and the third year for validation, and so on for a total of
six sets of cross-validation.

3.4. Parameter Setting
3.4.1. Parameter Setting of Multilayer GA Feature Selection Model

The pre-processed training set is seven consecutive years of data for A-share listed com-
panies, containing 295 columns of data, including 236 columns of annual data,
2 columns of base data, 56 columns of daily data, and 1 column of labels, which are
used in the model for genetic feature selecting. The setting of genetic parameters is shown
in Table 2.

Table 2. GA parameter setting.

Number of Number of Crossover Mutation

Model Data Set Fitness Function Populations Iterations Rate Rate
First layer Training sets Model: TSCV_ACC, AUC 200 5 0.7 0.5
Second layer Training sets Model: TSCV_AUC 500 20 0.3 0.1
Third layer Optimal solution Model: TSCV_ 200 5 03 01
data set balanced accuracy
Fourth layer Optimal solution Model: TSCV_ 500 20 03 01
data set balanced accuracy

3.4.2. Parameter Setting of HSD Prediction Experiment

The preprocessed data set is used for comparison experiments, with the first seven
years of data as the training set and the eighth year of data as the test set. Extracted
feature data after genetic feature selection are used for comparison experiments with
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the data without feature selection in RandomForest (RF), AdaBoost (AdaB), XGBoost
(XGB), CatBoost (CatB), Gradient Boosting Decision Tree (GBDT), LightGBM (LGBM) and
DeepForest21 (DF21) [22] on a total of seven ensemble learning models. TSCV evaluated
the model effects. The parameter settings for each model are shown in Table 3.

Table 3. Parameter setting of each ensemble learning model.

Model Parameter Setting

RandomForest n_estimators = 400, max_depth =13,
min_samples_leaf = 10, min_samples_split = 30

AdaBoost n_estimators = 800, learning_rate = 0.1
n_estimators = 400, learning_rate = 0.07,

XGBoost max_depth =7, min_child_weight =1

CatBoost learning_rate = 0.1, iterations = 400, max_depth =5

GBDT learning_rate = 0.01, max_depth = 11, n_estimators = 850, subsample = 0.8,
random_state = 5, min_samples_split = 100, min_samples_leaf = 20
n_estimators = 800, learning_rate = 0.03, max_depth = 13, num_leaves = 50,

LGBM . . -
max_min = 225, min_data_in_leaf = 31

DF21 n_bins = 255, n_trees = 100, max_layers = 20

4. Results

4.1. HSD after Multi-Layer GA Feature Selection Results

The results of the first-layer model solution are shown in Figures 3 and 4. The
six ensemble learning models combine well with TSCV_AUC and TSCV_ACC, among
which the Lightgbm Model performs stably and significantly better on TSCV_AUC than the
other models, so Lightgbm is selected as the model used in each layer, and its combination
with TSCV_AUC is passed to the second layer as the fitness function.

TSCV-AUC performance of genetic algorithm combined with each model

—=®— RandomForest
®— GradientBoost
0. 998 A — A A —& —A |—A— CatBoost
¥— AdaBoost
XGBoost
'Y Lightgbm
o L °
S 0.997
g
5
2 v v v v v
0. 996
— -
0.995 T T 1
0 1 2 3 4 5 6

Number of iterations of genetic algorithm

Figure 3. GA combined with TSCV_AUC of each model.
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TSCV-ACC performance of genetic algorithm combined with each model
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/
—
— g5 &
0.976 . : .
0 1 2 3 4 5 6

Number of iterations of genetic algorithm

Figure 4. GA combined with TSCV_ACC of each model.

The results of the second-layer model solution are shown in Figure 5. Decoding this
solution, in total, 153 features are selected, of which 125 belonging to annual data features
contain dividend per share, capital surplus per share (yuan/share), tangible net assets,
tangible net assets, net working capital, gross profit, total owner’s equity attributable to
the parent company, minority interest, total owner’s equity (or shareholders’ equity), total
liabilities and owner’s equity (or shareholders’ equity), etc. The one belonging to basic data
features is the year of listing and 27 belonging to daily data features contain the highest
price, closing price, turnover amount, P/N ratio, P/E ratio, net assets per share, etc.

The best fitness value: the solution corresponding to  0.9981
O: code 0
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Figure 5. The optimal solution encoding.

The third layer of the model solves for the number of features contained in the optimal
solution when the fitness value converges. Figure 6 shows the results of the third level
of the model, from which it can be seen that the fitness value starts to converge when the
number of features selected in the solution reaches 30.
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Figure 6. Convergence of fitness of optimal solution.

Figure 7 shows the results of the fourth layer after dimensionality reduction in the
optimal solution. In total, 31 feature factors were filtered out and decoded to contain
24 features for annual data and 7 for daily data. Table 4 shows the categorization of
these features.

The optimal solution dimensionality reduction
O: code 0

@®: codel
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151-155 @30

Figure 7. Coding of optimal solution after dimensionality reduction.

Table 4. The optimal solution after dimensionality reduction.

Categories Features

Net interest expense, total equity attributable to owners
of the parent company, highest price, lowest price,
transaction amount, earnings before interest, taxes,
depreciation and amortization, undistributed earnings,
cash received from sales of goods and services, various
taxes and fees paid, cash paid for investments, effect of
exchange rate changes on cash and cash equivalents,
ending balance of cash and cash equivalents

Basic features (12 in total)

Return on net assets (diluted, %), Tangible net assets/total
assets (%), Capital fixation rate (%), 120-day Sharpe ratio,
Same necessary growth in total operating (%), Same
Statistical features necessary growth in return on net assets (diluted) (%),
(12 in total) Total fixed assets turnover (times) Operating profit/total

liabilities Money capital/Interest-bearing current liabilities
Net non-financing cash flow/current liabilities Long-term
amortization expense/total assets (%) P/E ratio

Operating income per share (RMB/share), capital surplus

per share (RMB/share), total operating income per share,

net cash flow per share, basic earnings per share, and net
Individual stock features (7 in total)  cash flow from operating activities per share increased by

the same amount (%), and net cash flow from operating

activities per share increased by the same

amount (%) Transfers per share
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4.2. HSD Forecast Results

As shown in Table 5, under the same experimental environment settings, there is
a considerable improvement in the experimental results after multi-layer GA feature selec-
tion model screening compared with featureless selection. The featureless selection data
are filled with many features that affect the model decision, and the performance of each
model also affects its fitting performance to the data. The mean values of all the compared
models on the balanced accuracy, AUC, precision, recall, f1_score and acc metrics are 0.7756,
0.9715, 0.6994, 0.5830, 0.6234 and 0.9256. After the multi-layer GA feature selection, the
mean values of evaluation metrics on each model were 0.9775, 0.9978, 0.9339, 0.9635, 0.9484
and 0.9883, and the fitting ability of each model to the data was significantly improved.

Table 5. Comparison of experimental model effects.

Models

Evaluation GA- GA- GA- GA- GA- GA- GA-
RF RF AdaBoost AdaB XGBoost XGB CatBoost CatB GBDT GBDT LGBM LGBM DF21 DF21

balanced_acc  0.6485  0.9685 0.8454 0.9774 0.7491 0.9827 0.8116 0.9752 0.7827  0.9739 0.7281  0.9814 0.8635  0.9832

auc 0.9728  0.9976 0.9729 0.9974 0.9671 0.9979 0.9728 0.9981 0.9757  0.9981 0.9655  0.9978 0.9736  0.9980
precisicon 0.7763  0.9354 0.6931 0.9136 0.6426 0.9348 0.7020 0.9386 0.7299  0.9385 0.6372  0.9347 0.7145 0.9419
recall 0.3081  0.9452 0.7312 0.9661 0.5353 0.9739 0.6580 0.9582 0.5927  0.9556 0.4909  0.9713 0.7650 0.9739
f1_score 0.4411  0.9403 0.7116 0.9391 0.5841 0.9540 0.6792 0.9483 0.6542  0.9470 0.5545  0.9526 0.7390  0.9576
acc 0.9137  0.9867 0.9345 0.9852 0.9158 0.9896 0.9313 0.9885 0.9308  0.9882 0.9129  0.9893 0.9403  0.9905

As shown in Figure 8, after multilayer GA feature selection, the important feature
data outperformed the full-dimensional feature data on each model. For the data without
multilayer GA feature selection, the imbalance problem and the influence of redundant fea-
tures in the HSD data set make each model’s balanced accuracy and precision performance
poorer. The performance of the model itself and its ability to fit the data directly responds
to the performance of each index, such as RF, XGB and LGBM, and cannot fit these data
well compared with other models. The RF with the Bagging method performs much lower
than the other models with the Boosting method in terms of balanced accuracy, which may
be due to the fact that the parallel, put-back sampling method of Bagging does not cope
well with a large number of redundant features and extreme imbalance problems present
in the HSD data set. In contrast, the model by the Boosting method performs better on
each metric because it adjusts the sample weights according to the training results, giving
higher weights to the samples with wrong decisions [23]. However, RF can cope well with
high-latitude data sets [24], making its performance in precision better than other models.

Stock forecast comparison experiment

1.0

0.9 7

—#— RandomForest
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/ / P DeepForest21
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Figure 8. Comparison of model effects.
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However, after two-dimensionality reductions by multilayer GA feature selection, the
performance of each model is significantly improved and stable due to further elimination of
relatively redundant features; the balancing accuracy and precision especially have greatly
improved. In summary, this proves that the model proposed in this paper can effectively
reduce the dimensionality of the HSD features and significantly improve the model’s
prediction performance by eliminating the features that are still relatively redundant after
dimensionality reduction. The significant increase and stabilization in the precision index
in the figure further prove that the feature selection model of this paper is effective in
redundant denoising features.

5. Discussion

Figure 9 shows the distribution of the samples in the HSD data set, with positive
samples indicating that the company implemented an HSD in the current year and negative
samples indicating that the company did not implement an HSD in the current year. The
distribution of positive and negative samples in the training and test sets is different,
and each company implemented 3, 161 stock dividends in the training set in seven years.
However, the number of non-implemented dividends far exceeds that of implemented
dividends, with a ratio of about 6.7:1. In the test set, 383 companies implemented stock
dividends in the eighth year, and the remaining 3083 companies did not implement high
dividends, with a ratio of about 8:1. Therefore, the ratio of positive and negative samples
in the training set is different from that in the test set. Therefore, the ratio of positive and
negative samples in the training set differs significantly from those of positive and negative
samples in the test set.

Figure 10 shows the balanced accuracy performance of the models on the training
set and test sets, which have noticeable differences. Five models show good performance
on the test set after training, among which LGBM, AdaB, XGB and RF have a significant
difference in performance between the training and test sets, and the difference between
the performance of RF on the training and test sets reaches 0.02. GBDT has a minor
improvement after training, and the difference between the performance of balanced
accuracy on the test and training sets is less than 0.005. CatB is different from other
models in that its performance in the test set does not improve after training compared to
the training set. Therefore, the LGBM classification model is constructed by adversarial
validation to check whether the training and test set distributions are consistent, creating
a new label column with test set samples labelled with 1 and training set samples labelled
with 0, and predicting the probability that the sample is in the training or test set. Suppose
the model performs well enough on the AUC. In that case, it can indicate that the classifier
can excel in classifying samples from either the training set or the test set, i.e., it indicates
a significant difference in the distribution of the training and test sets.

25,000 : : : 3,500
[ | Training sets
3,083 ] Test sets
21,101 I 3,000
20,000
- 2,500
< 15,000 8
N - 2,000 &
< R
o o
IS 86.97% 88.95% L 1500 E
S 10,000 - 8
1,000
5,000
3,161 383 L0
13.03% 11.05%
0 0
Positive sample  Negative sample Positive sample  Negative sample

sample classification

Figure 9. HSD data set distribution.
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Figure 11 shows the experimental results of the adversarial validation. The AUC is
0.96, which indicates that the model can more clearly identify whether the samples come
from the training set or the test set, further proving that there is a significant difference
between the training set and the test set, i.e., the distribution is unbalanced. Therefore, the
inconsistent distribution of samples brings about a balanced accuracy gap between the
training set and the test set.

Adversarial_validation

1.0 1 ¢
e
’/
rd
’I
,/
0.8 L
’/
.
g o
© e
-4 ,
v 0.6 e
= -’
ﬁ ,I
o ’
a ’I
$ 044 e
E R4
”
’l
rd
’I
0.2 1 e
I/
e
’I
1” ROC curve (area = 0.96)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate
Figure 11. AUC against validation experiments.

6. Conclusions and Prospects

In order to carry out HSD prediction, starting from the features affecting HSD,
a feature selection model based on multilayer GA is proposed to eliminate the still relatively
redundant feature based on dimensionality reduction and the comparison before and after
feature selection is verified on seven ensemble models. The experiments show that this
model can effectively reduce the dimensionality of the HSD feature, can eliminate the
still relatively redundant feature after the dimensionality reduction and can improve the
performance of the six evaluation indicators on the seven prediction models and predict
the HSD more accurately. Finally, the impact of the inconsistent distribution of the HSD
data set on the model balance accuracy was analyzed through confrontation validation.
The main ideas of this model are as follows.

(1) When using the ensemble learning model and TSCV metrics as the fitness function,
the ensemble model’s excellent performance enables the genetic algorithm’s fitness
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value to reach convergence with a small number of iterations. For data sets with large
data dimensions, this approach can save time by setting a smaller number of iterations
to reach convergence quickly, but how to determine the exact number of iterations is
something worth exploring further.

(2) For the two-dimensionality reduction processes of the model, corresponding adapta-
tion functions are set in each layer according to the changes in data dimensionality
and the unbalanced characteristics of the HSD data set.

(3) According to the HSD data set’s time-series characteristics, the HSD’s TSCV
is introduced.

(4) The TSCV indicator in the ensemble model is used as the fitness function, which
not only takes into account the time-series characteristics of the HSD data set but
also avoids overfitting while evaluating the model effect of the data in the feature
contained in the selected populations in GA.

Future extensions will focus on the following three aspects:

(1) Given the excellent performance of the ensemble learning model, when combined
with the GA, only a small number of iterations are required for the fitness to reach
convergence, and how to determine the appropriate number of iterations is worth
exploring further.

(2) The genetic algorithm’s crossover rate and mutation rate can be set too large to
enhance the searchability of the algorithm, making the chromosomes in the population
more diverse. The combination of features is more abundant but leads to an optimal
solution in the combination of features that cannot be fixed. Too low a crossover
and mutation rate can easily make the genetic algorithm fall into local optimum and
reduce the searchability of the algorithm. The focus of the subsequent research is how
to set the appropriate crossover and mutation rate.

(3) There is a serious imbalance problem in the HSD data set. However, it also has very
distinctive time-series characteristics, and the eight-year data limit further study of
the HSD phenomenon, so the traditional methods of dealing with imbalance, such as
SMOTE, cannot cope with this problem well. The focus of the subsequent work is on
how to better solve the imbalance problem of data sets with time-series characteristics
or collect more data on HSDs.
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