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Abstract: Reasonable analysis and formulate relevant policy to control population stable growth is
of great significance to social development and economic development in this paper, combining with
the relevant data search conducted fertility policy mathematical modeling and analysis, introduces
both short-term and long-term memory neural networks with time characteristics (LSTM),
considering the population forecast may be is more sensitive to high-dimensional feature, The multi-
layer stacked long and short-term memory neural network (DLSTM) was used as the prediction
model, and the multi-layer stacked structure significantly improved the robustness and accuracy of
prediction.

Keywords: Birth policy, long and short-term memory neural network, artificial neural network

1. Introduction

The number and structure of population are important factors affecting social and economic
development.China has experienced the "family planning", "universal two-child policy", and then the
implementation of the "three-child policy", which are the adjustment of China's population
development and change trend.Therefore, it is of great significance for social and economic
development to rationally analyze and formulate relevant fertility policies to control stable population
growth.Therefore, our team conducted mathematical modeling and analysis of the birth policy based
on searching relevant data. In this paper, a mathematical model was established based on the age
structure of China's population to predict China's population situation in the next 10 years after the
implementation of the three-child policy, and the impact of the implementation of the "double
reduction" policy on China's new born population was analyzed[1].

2. Demographic data analysis

The number of births in China fell by 580,000 to 14.65 million in 2019, after falling by 2 million
in 2018.Since the founding of The People's Republic of China, China has witnessed three rounds of
baby boom, with an average annual average of 21 million from 1950 to 1958, 26.28 million from
1962 to 1975, 22.46 million from 1981 to 1994, and then gradually declining to about 16 million from
2003 to 2012, with 16.35 million in 2012.China's total fertility rate fell from about six before the
1970s to about two in 1990 and then to about 1.5 after 2010.A fourth baby boom was supposed to
have occurred after 2010, but it disappeared because of a long period of strict family planning. Against
the above background, the one-child policy was finally eased. At the end of 2012, the central
Government decided to implement the one-child policy, but the effect was not as expected. From
2013 to 2015, the birth population was 16.4 million, 16.87 million and 16.55 million respectively.At
the end of 2015, the central government decided to allow all children to have two children. In 2016,
the number of births reached 17.86 million, the highest since 2000.However, it dropped to 17.25
million in 2017, another 2 million to 15.23 million in 2018, and 14.65 million in 2019. Further, based
on national public data[2], factors influencing the future population structure can be obtained, as
shown in Table 1.

875



BCP Business & Management GEBM 2022
Volume 23 (2022)

Table 1 Characteristics of population impact

The' . Policy of public The economic
population Objective factors .
opinion development
structure
Factor . New Sex Policy Public Birth Economic
. population . e ..
importance number ratio initiatives  opinion  allowance level
symbol X1 X2 X3 X4 Xs X6 X7

We have obtained a total of 7 influencing factors of population structure above, and the modeling
of LSTM is given below.

3. Establishment of population prediction model
3.1 Basic structure of LSMT model

LSTM is an improvement of recurrent neural network RNN, which can extract long and short term
effects of sequences (especially time series) [3].It has a variety of internal control gates, including
input gate, forgetting gate and output gate. Its neuron structure is shown in Figure 1[4].
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Figure 1 Neuronal structure

T is the timestamp of the sequence to be predicted, where I (T) is the input gate, equivalent to the
input layer of the neural network, where the feature data to be processed is stored.F (t) is the forgetting
gate[5], which is used to simulate the neural network's forgetting of transactions at a certain stage in
the past (represented here as characteristic information).O (t) is the output gate, which is similar to
the output layer of neural network[6].

Due to the introduction of these three gating mechanisms, the LSTM has more real neural network
characteristics, so the fitting effect is better.In addition, LSTM can learn the dependency relationship
with long span, and it has very good robustness to the information that needs to be trained to predict
the population number across 10 years. Meanwhile, it does not have the gradient disappearance and
gradient explosion that occur in general networks|[7].

The structure of DLSTM neural network is shown in Figure 2.In order to further improve the
accuracy of model prediction and the stability and robustness of small perturbations to variable
features[8], DLSTM neural network stacked with three-layer LSTM network is used for modeling,
which can mine the sequence information of deeper and more complex action system, and the three-
layer network interaction has higher robustness.Figure X is the structure of DLSTM neural network.It
can be seen from the figure that each hidden layer is the input layer of the next layer, let the number
of layers be L, then 1, update mode of layer DLSTM can be expressed as[9]:
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Figure 2 DLSTM neural network structure

3.2 Prediction model building based on DLSTM neural network
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The complete DLSTM has an embedding layer, three LSTM layers and a logistic regression layer
stacked on top of each other.In the model, DLSTM neural network is set as 3 layers, and the number
of neurons is 7, 50 and 1 respectively.Where s is the number of iterations, s is the set total number of
iterations, and E(s) is the value of softmax regression function for the s-th time.The population
prediction model based on DLSTM neural network is shown in Figure 3[10].
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Figure 3 DLSTM prediction flow chart
3.3 DISTM-based model training

Due to the use of deep learning, the training cycle of the model is longer, and more data need to
be used for training until convergence can be used for population prediction.The data set division is
explained in detail here: The training set needs to be repeatedly trained on DLSTM model until the
model converges, which requires a large amount of data, so the first 80% of the data sorted by the
timestamp is used for training.In 80% of the data, 70% of them are used as DLSTM learning sets, 15%

878



BCP Business & Management GEBM 2022
Volume 23 (2022)

as cross-checking data sets, and 15% as verification sets to verify the accuracy of the network.The
test set is used as extrapolation data to test the prediction ability and robustness of the model for real
situations.Select the last 20% of data here as the test set.Matlab neural network toolbox was used to
train the established DLSTM, and the number of iterations was set to 1000.The training state diagram
of DLSTM neural network is shown in Figure 4.
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Figure 4 Training state diagram of DLSTM neural network
3.4 Artificial neural network (ANN) prediction model comparison

ANN is one of the most common neural networks, which has some commonalities of other neural
networks.The purpose of using ANN modeling and prediction here is to compare with the modeling
results of DLSTM neural network and detect the improved performance of our model compared with
ordinary neural network.

The ANN structure is composed of input layer, hidden layer and output layer, in which the input
layer has 25 features. The ANN constructed by our team has 50 hidden layers, and one output variable
is the population to be predicted.

Between each connected neuron there is a specific weight applied to the signal transmitted by the
neuron, and these weight values are transmitted backward after each layer acting on the neuron, and
finally linearly coupled in the output layer.When input signals form output signals through the dip
network model, the relationship between them is shown in the following figure[11]:

5, =20) =g W, +0) ©

Where, Yi is the output result of ANN, Xi is the input result, and WI1J is the weight imposed by
the layer I neural network on the JTH input signal.G is a nonlinear activation function and plays a
role of nonlinear mapping.There is also a threshold 0 I for paranoid treatment of variable xi.

Using ANN also requires training data to make the model converge, and the ANN convergence
error we constructed is set to 107'?It can achieve good experimental results.Moreover, we find that
when the training cycle is set to 4000 times, the convergence speed of ANN training will be
significantly slower and no longer has training value.As ANN is used as a comparative neural network
and limited by space, the building code and training process of ANN will not be shown.

4. Model solving and index testing

According to the need of statistical error analysis and actual operation prediction, This paper
mainly uses mean Absolute error (MAE), root mean Square error (RMSE) and mean absolute
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percentage error (MEAN absolute Percentage error) Error, MAPE) are used as evaluation indicators
of the prediction results of the subsequent model, and their symbols are respectively, and. £, E,,,

E,,,» Experimental indicators are defined as follows:

1 &
ERMS :\/NZ(yp_yp)z (7)
p=l1
1 &
EMA:_Z‘yp_yp‘ 3
Np:1
1L &y, =y
EMAPZW ——r )
p=l1 yp

Where, is the number of years to be predicted; v Y15 the predicted population; Y»1s the actual
population.According to the above definition, the smaller the value of, and, the more consistent the

predicted value is with the real value, and the more perfect the model is. Erus Evy Eyap On the
contrary, the greater the difference between the predicted value and the actual value, the worse the
prediction effect.According to the above test set Settings, we tested the last 60 data, and some
predicted results are shown in Figure 2.

Table 2 DLSTM model predicts the population in the next 10 years

2021 2022 2023 2024 2025 2026
141628.7253 142286.6528 142950.7281 143618.8134 144291.9411  144973.3973
2027 2028 2029 2030 2031 2032

145657.5457 146343.8174 147031.6612 147718.2872 148402.0122  149081.8829
The comparison between DLSTM neural network and ANN neural network is shown in Table
3.DLSTM performed better than ANN in all indicators, especially the average accuracy. The average
accuracy of DLSTM neural network with multiple training iterations increased by 5 percentage points
to 92.9%, while the average accuracy of ANN was only 87.75%.
Table 3 Comparison of prediction indexes between DLSTM neural network and ANN neural
network

Average

accuracy /%
DLSTM neural network 0.089141077 0.743965439 0.1054698 0.928954270
ANN neural network 0.153708543 0.128702738 0.1956244 0.877500526

Prediction model Ema/g Emap/% Erms/g

5. Conclusion

The number and structure of population are important factors affecting social and economic
development.This paper mainly establishes a population prediction model, considering that the
predicted value is a time series spanning 10 years, which has a certain time correlation. However, the
predicted characteristics are only 25 dimensions according to the relevant data of the country we have
investigated, so it is not suitable to use the time series method for modeling.So we introduced both
short-term and long-term memory neural networks with time characteristics (LSTM), at the same
time, considering the population forecast may be is more sensitive to high-dimensional feature, use
stacked both short-term and long-term memory neural network (DLSTM, significant short-term
memory neural network) as a predictive model, multilayer superposition prediction, significantly
improve the robustness and accuracy, The results of DLSTM model are compared with the traditional
artificial neural network prediction model to prove the feasibility of DLSTM model, and the analysis
of related parameters is completed.
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