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ABSTRACT 
Grasping economic behavior is a foothold of market optimization, this paper combines game theory 
ideas with deep learning technology to explore the laws of economic behavior. Firstly, different 
payment strategies are considered and payment matrices are constructed, and replicated dynamic 
equations are used to describe the dynamic adjustment process of the game and simulate the game 
process of market economic transactions. The MS-RCNN model that can be used to predict economic 
behavior is constructed by extracting data features using CNN and processing the feature matrix using 
GRU. The results of the game simulation simulation show that when the government regulation of the 
market is in place, it is easier for the trading parties to reach a deal. In addition the MS-RCNN model 
can more accurately reflect the fluctuation of the market when making long-term and short-term 
predictions, and the predicted price is closer to the real market price. Therefore a better understanding 
of economic behavior through game theory and its prediction through deep learning helps to achieve 
the optimization of market strategies. 
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1. Introduction 

In the modern market economy, the government and the market together play a role in promoting the 
operation and development of the economy [1]. With the development of social economy, the 
government's economic behavior plays a more extensive positive role in the development of the 
economy [2]. Every major initiative of China's economic system reform is essentially an adjustment of 
the government's economic behavior. Clarifying the model of government economic behavior is the 
foundation and premise of studying government economic behavior [3-4]. 

There are two main modes of government economic behavior in the world, one is “development-
oriented” and the other is “regulatory” [5]. The so-called “development-oriented” refers to the fact that 
the government puts the development of the economy in the first place, cultivates the market for this 
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purpose, utilizes the market, and plans, regulates and controls the economy [6]. Japan, the Four Little 
Dragons of Asia and a number of rising developing countries in East Asia have mostly opted for this 
type of governmental behavioral model [7]. The so-called “regulatory” means that the government 
focuses on regulating the market and maintains the market order by regulations, so as to make the 
economy operate and develop smoothly and rationally. This is the mode of government behavior in 
most developed countries [8-9]. As a developing country in transition to a market economy and 
moving towards industrial modernization, the “development-oriented” model should be the inevitable 
choice of the Government. That is to say, the orientation of the Chinese government's economic 
behavior must be development-oriented, to promote the sustained, healthy and rapid development of 
the national economy as its own basic principle and primary goal [10-12]. Whether the government 
intervenes in an economic activity, how it intervenes, and the intensity of its intervention are judged 
by whether it can effectively promote economic development [13]. For a large developing country like 
us, which is economically and culturally backward and in a period of institutional transition and 
catching up stage, accelerating development is the most urgent subject, “the key to solving all problems 
in China is to rely on its own development, and strive for a faster speed and higher efficiency” [14-15]. 
From an international perspective, the economic rise of Japan and the four Asian small dragons also 
owes much to the accelerated development of the economy, now, we have the domestic conditions, the 
international environment is conducive, coupled with the advantages of the socialist system can focus 
on doing big things, in the process of modernization and construction of the future, the emergence of 
a number of stages of development at a relatively fast pace, the efficiency of a relatively better, it is 
necessary, but also can be done [16-17]. 

On the other hand, understanding the reasons why local government economic behaviors may cause 
market segmentation is not the same as finding ways to directly break up market segmentation. 
Because these behaviors often involve specific environmental background and institutional basis, and 
the latter is constantly changing [18-19]. Among them, some changes will be in the process of the 
market economy's own development and improvement, for example, some backward areas of “local 
protectionism” tendency will be faded out as the level of development of the region [20]. Others can 
be adjusted in the process of technological progress, such as Internet trade to break the regional 
blockade, greatly reducing the possibility of market segmentation. Still others are objective facts that 
are difficult to change, and the inevitable mutual competition and corresponding interests of local 
governments in the process of economic development is a prominent point [21-22]. Especially in the 
unbalanced economic development between regions, it is more necessary to fully mobilize the 
enthusiasm of local governments to develop the regional economy. 

Formulating economic policies and making decisions on major economic activities is itself an 
important economic behavior of the government. In order to make the government's decision-making 
effective rather than ineffective, and to have long-term utility rather than emergency action, it is 
necessary to set up a correct decision-making value goal and optimize the government's decision-
making system [23-24]. Decision-making is a complex, finite-rational process. Decision-making 
behavioral process and its structure is only the decision-making process of “behavior” appearance, 
while the decision-making value judgment process and its structure, is the real core of decision-
making. Therefore, establishing correct decision-making value objectives is the key to optimize 
government decision-making. Different decision-making value objectives will form different value 
orientation and evaluation standards of the decision-making process. Government decision-making 
should be in line with the practical needs and be able to solve the real problems as the value orientation, 
i.e., “applicable” as the value objective [25-26]. This requires the government in the formulation of a 
policy, or test and evaluation of a policy, should be based on whether the policy is in line with the 
situation at the time, to solve the real problem as the standard. After the reform and opening up, many 
economic decisions have been effective precisely because the government has implemented the value 
orientation of “applicability” in decision-making [27-28]. Game theory and deep learning have the 
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advantage of being applied to modeling economic behavior, which can theoretically analyze the 
underlying logic of the government's economic behavior in a more objective and three-dimensional 
way. 

In this paper, the economic behavior of the two parties to the transaction is assumed, and the 
payment matrix is constructed under different combinations of payment strategies. Based on this 
matrix, the dynamic adjustment process of strategy selection between the two parties of the game is 
described by replicating the dynamic equation, and the evolutionary stable strategy of the game is 
solved by using differential equations. An economic behavior prediction model is constructed based 
on deep learning to provide support for market strategy optimization. The reconstruction layer of the 
model generates multi-scale economic behavior data. The feature layer uses CNN to extract the 
features of the multi-scale data and outputs the feature map after convolution unit. The fusion layer 
uses GRU to process the feature matrix and measures the learning error of the model using cross 
entropy at the output layer. This paper also simulates the game process of economic behavior to test 
the market optimization effect of the economic prediction model. 

2. Modeling economic behavior based on game theory 

2.1. Basic assumptions 

Economic behavior is a pattern of behavior in which goods are sold to different subjects. Merchants 
provide goods, and consumers choose to consume or not to consume the goods according to their 
personal situation, and need to pay consumption costs or bear other economic costs. Based on this, 
the article puts forward hypothesis 1: the two sides of the game for the demand side of the commodity 
(consumers) and the provider (merchants), their decision-making behavior are limited, rational, 
strategy selection interacts with each other, there is no isolated behavior, so consumers and merchants 
can choose the optimal game strategy according to their own situation. Hypothesis 2: In order to 
promote a more orderly and healthy development of the economy, the government will regulate it and 
play a great role, when the intensity of government regulation increases, the economy will be greatly 
affected, mainly affecting the provider of goods, i.e. merchants. 

2.2. Construction of the payment matrix 

There are differences in the payment levels of consumers and merchants under different combinations 
of strategies, while the payment matrix of the merchant-consumer game is as follows: 

 1

r r

r

m

m

r p

L
P

kc

c


 


 (1) 

where: rr  represents the benefits that accrue to consumers when they choose to buy and use the 
commodity. rp  denotes the cost expenditure incurred by the consumer in choosing to purchase the 
use of the commodity. L   denotes the utility loss incurred by the consumer in the absence of the 
commodity available. k  denotes the intensity of government regulation, which takes values ranging 
from 0 to 1, with the closer to 1 denoting the greater the intensity of regulation. mc   denotes the 
economic loss incurred by merchants who do not offer the good. 

An analysis of the payment matrix reveals that r rr p   is the payment made when a consumer 
chooses to purchase a good. - L  is the loss of utility incurred by the consumer when there is no good 
available, i.e., the negative payment when the purchase of the good does not provide a benefit. mkc  
is the level of payment when the merchant offers the good and the consumer chooses to purchase an 
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alternative, taking into account the total cost of purchasing an alternative and the cost to the merchant 
of offering the good and the impact of government regulation. mc   is the economic loss incurred 
when the merchant does not offer the good. 

2.3. Game Model Analysis 

Based on the payment matrix shown above, firstly, the replicated dynamic equations in the 
evolutionary game theory are used to portray the dynamic adjustment process of the strategy choices 
of the two sides of the game, so that 1u  represents the expected payment of the consumer choosing 
the purchase strategy, 2u   represents the expected payment of the consumer choosing the no-
purchase strategy, and represents the average payment of the consumer. Next, consider a randomized 
pairwise game between multiple merchants and multiple consumers, assuming that the proportion of 
consumers choosing to purchase goods is x  , and the proportion of consumers choosing not to 
purchase or purchasing goods on their own is 1 x . The proportion of merchants choosing to provide 
goods is y , and the proportion of merchants choosing not to provide goods is 1 y . Then, we have: 

 2

2
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 (2) 

where: rc  denotes the total cost that the consumer spends if he/she chooses not to purchase the use 
of the good, and rn  denotes the maximum number of times the consumer can use the good if he/she 
has purchased a substitute for it. 

According to the definition of the replication dynamic equation [29], the consumer's replication 
dynamic equation can be described by the following differential equation: 

 1( ) ( ) (1 )[ ( ) ]x
r r r r r r r

d
F x x U U x x y r p L L r c n

d
            (3) 

Therefore, the equation for the merchant's replication dynamics can be obtained as: 

 ( ) (1 ) ( )x r
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d c
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 
        

 
 (4) 

where: nc   denotes the equalized cost incurred by the merchant for managing the goods after 
providing them. 

Joint equations (3) and (4) obtain a two-dimensional dynamic system, which describes the dynamic 
adjustment mechanism of the strategy selection of the two types of game groups, consumers and 
merchants, and then uses the stability theory of differential equations to solve the game's evolutionary 
stable strategy. 

3. Deep learning-based economic behavior prediction models 

3.1. Problem definition 

In this paper, the economic behavior data are classified into different categories, and the data set is 
denoted as {( , )}i i Nx yD  , where N   is the number of samples in the dataset, T

ix    is the i  -
moment sample with dimension T , and iy    is the corresponding label. The input data can be 

denoted as 1 2{ , , , }ix x x x  , where jx  is the value of the j th moment counted from the starting 

moment, and T  is the total length of each input data. 
The learning objective of economic behavior prediction is to construct a nonlinear mapping function 

from input sequences ix  to category labels iy : 
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 ( )i iy f x  (5) 

where ( )f   is the nonlinear function to be learned. 
The linear models used in traditional economic behavior analysis methods cannot capture this 

complex nonlinear relationship, so this paper proposes a multi-scale recurrent convolutional neural 
network (MS-RCNN) model. The model reconstructs the input single-scale data into multiscale data 
with several different scales, and then uses a deep learning-based model to sequentially extract 
features from each scale, fuse the multiscale data, and output the predicted categories. 

3.2. Model structure 

The model in this paper has four layers: 
1) Reconstruction layer: reconstructs a single-scale input data into multi-scale data. Specifically, this 

layer obtains multiple different scales of data by subjecting the original input to multiple time-domain 
downsampling operations with different parameters. 

2) Feature layer: uses independent convolutional units to extract features from the input data at 
different scales. The length of the output feature maps from the convolutional units dealing with 
different scales will be different, in order to facilitate the computation, this layer fills all the feature 
maps to the same length and then stitches them together. 

3) Fusion Layer: this layer employs a family of RNN models to better capture the highly nonlinear 
correlation and complementarity of features at different scales to obtain features that fuse multi-scale 
data. 

4) Output Layer: this layer consists of two layers of fully connected network, which inputs the fused 
multi-scale features and outputs the final classification result of the model. 

3.2.1. Reconϐiguration layer. Assume an input sequence  1 2, , , Tx x x x    with a time-domain 

downsampling rate of od  . This means that every d   momentary data point in the original data is 

extracted for generating data  2, , ,d
d d mdx x x x   with scale d , where /m T ds  is the length of 

the sequence dx  . With this method, multiple data with different scales can be generated, e.g., 
1, 2, ,s d   can generate data  1 2, , , dx x x  with corresponding scales, denoted using X . 

3.2.2. Feature layer. The feature layer takes multi-scale data as input and outputs the features 
extracted from each scale of data. This layer has two main basic units: the convolutional network unit 
and the splicing operation unit. 

The basic component of this unit is the Convolutional Neural Network (CNN). The CNN is chosen as 
a feature extractor to extract features from data at different scales. Specifically, the convolutional 
network unit uses independent one-dimensional convolutional networks (1dCNN) to process the data 
at each different scale [30]. These 1dCNNs have the same settings for feature template size and number 
of templates. 

The original sequence is first reconstructed into multiple different scales of data using time-domain 
downsampling, and then the features are extracted using a convolutional network, similar to the 
features extracted by combining different levels of hijacking in an image. Second, multiscale 
convolution can obtain longer-term trend features in larger scale data than the original scale data, 
combining multiple scales and thus obtaining trend information that encompasses different time 
spans. In addition, the extension of multiscale convolution on time scales is obtained by downsampling 
the input data instead of increasing the filter size, which can reduce the amount of computation to 
some extent. 
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Let dx  denote the data generated by d -scale temporal downsampling, and the weights d k
jw   

of the corresponding convolutional network are used to extract features from this data. Here, k  is the 
window size. d

ijc  The computational formula is as follows: 

 , : 1( * )d d d i
i j a j i i k jc f w x b    (6) 

In the above equation, *  denotes the convolution operation, i
jb   is a bias term, and ( )af   is a 

nonlinear function such as a modified linear unit (ReLU). The convolutional network will process the 
data 1: 2: 1 1:{ , , , }d d d d

k k m k mx x x x     to obtain the feature map 1d
ij

m kc   , which is calculated as follows: 

 ,1 ,2 , 1{ , , , }d d d d
j j j j m kc c c c     (7) 

The splicing unit splices the feature maps output from CNNs at different scales in chronological 
order and fills them to the same length before splicing. 

The length of the feature map decreases with the increase of the downsampling scale, in order to 
facilitate the calculation, here the feature maps obtained from different scale sequences through the 
convolution unit are filled to the same length. For example, for 1d  , the length of the feature map 
obtained by the convolution unit is 1T k  . Here, the length of the feature maps obtained by the 
convolution unit for other scale sequences is filled to 1T k    by padding with zeros. To fill the 
feature maps obtained by the convolution unit for a d  -scale sequence, the following operation is 
performed: 

 1 2 ,1 ,2 , 1[ , , , , , , ]d d d d
j T m j j j m ka z z z c c c      (8) 

where 1d T k
ja

   is the filled feature map generated by the j nd convolutional template for scales 

d  and 1 2, , T mz z z  , and the original feature map is of length T m . 

Next, the filled feature maps are spliced into a feature matrix. The formula for the splicing process 
is described as follows: 

 1 1 1
1 2 1 2[ , , , , , , , , ]d d d T

l lE a a a a a a     (9) 

where ( ) ( 1)d l T kE       is the feature matrix of length 1T k    and l   is the number of 
convolutional templates. The computational complexity of this layer of operation is 

2 2(( 1) )O m k k l    . 

3.2.3. Fusion Layer. The input to the fusion layer is the feature matrix E of the output of the feature 
layer, and the output is the trend category of the next moment of the original sequence ty . The outputs 

of the feature layer, 1 2 1{ , , , }T kE e e e     , d l
ie

  , are similar to the vector matrix of a sentence 
transformed into word vectors in natural language processing. The goal of the fusion layer is to 
establish the trend category probabilities for the ϐirst t  moments of the feature case at the next 1t   
moments 1 2 1( , , ..., )|t T kp y e e e    . To take full advantage of the complex relationships between these 
features, an RNN family of models is used to process the feature matrix E. The output of the fusion 
layer is the trend category probabilities for the next moments of the original sequence. 

In this paper, GRU is used to process the feature matrix. Each recurrent unit of the gated recurrent 
unit (GRU) can adaptively capture complementarities at different time scales [31]. The hidden state at 
the moment of a given eigenvector ie , ith  can be calculated by the following equation: 

 1( , ; )i en i i enh f e h   (10) 

where q
ih    is the hidden state of the GRU at moment i  , q   is the size of the hidden state, 

d
ie l   is the i th column in the matrix E, ( )enf   is a nonlinear function, and en  is the parameter 
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of the GRU.The output of the GRU is 1
q

T kh    , which can also be viewed as a multiscale encoding of 
the input sequence. The computational complexity of this layer is (( 1) )enO T k    . 

3.2.4. Output layer. The multi-scale codes output from the GRU are transformed by the nonlinear 
transformation of the fully connected layer and then fed into the softmax layer to obtain the probability 
distributions of the different classes. The softmax activation function is computed as follows: 

 
i

j

o

i o

C

e
p

e
 
  (11) 

where denotes the result of the i st output node and C  denotes the number of categories. In order 
to learn the parameters of each layer, the cross-entropy is used here to measure the learning error of 
the model. Specifically, the cross-entropy loss function is used here to calculate the difference between 
the model's predicted categorization distribution and the actual categorization distribution, which is 
calculated as follows: 

 , ,1 1

1
log( )

N C

t i t it j
J p p

N  
    (12) 

where   represents all the parameters of the model and N  is the total number of samples. Although 
the model is divided into multiple levels, the parameters of the model can be learned end-to-end. 

4. Game behavior simulation and market strategy optimization 

4.1. Simulation of the behavior of the economic game 

Matlab 2018 is utilized to carry out simulation operations. In order to test the influence of government 
regulation on the behavioral choices of economic agents, it is assumed that k may take three values, 
namely, k=0, k=0.3 and k=1. The corresponding *xe  in the corresponding case is calculated to be 0.15, 
0.225, 0.4, and *ye  to be 0.9225, respectively. 

The following simulates, one by one, the evolution of the strategy choices of the two game parties 
when the initial choices of the two types of game groups are located in the regions Ⅰ, Ⅱ, Ⅲ and Ⅳ 
defined in the previous section, respectively. 

The initial choices of the two types of game groups are located in region I, i.e., x(0) < *xe , y(0) < *ye , 
and this situation corresponds to the situation where the proportion of consumer groups choosing to 
purchase and use the goods at the beginning of the game is less than *xe  , and the proportion of 
merchant groups choosing to provide the sharing strategy is less than *ye  . Figure 1 shows the 
evolutionary dynamics of the game for initial states (0.1, 0.2), (0.3, 0.4) and (0.9, 0.6). 

From Figure 1, we can see that the final evolutionary results are consistent with the theoretical 
analysis, in different initial states, the game eventually converges to the evolutionary stable strategy 

*x = 0 and *y = 0, the final evolutionary stable state for the consumer chooses not to buy and use the 
goods, and the businessman chooses not to provide the goods. At the same time, from Figure 1, we can 
also find that at this time, the government's regulatory policy no longer affects the final evolution of 
the game's stable state, but different regulatory intensity, the evolution time of the game to the stable 
state of the main body of the game is slightly different, which can probably be explained by the fact 
that in this case, both the consumer and the businessman do not have enough knowledge of the 
economy, and the willingness to participate in the economy is not high, so that the government's 
regulation can not play a big role. 
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Fig. 1. The game evolution of the different initial states 

The initial choices of the two types of game groups are located in region II, i.e., x(0) > *xe , y(0) > *ye , 
which corresponds to the situation where the proportion of consumers choosing to purchase and use 
the goods is greater than *xe , and the proportion of merchants choosing to provide the sharing strategy 
is greater than *ye  at the beginning of the game. Figure 2 shows the evolutionary dynamics of the 
game for initial states (0.25, 0.96), (0.55, 0.98) and (0.85, 0.98). 

Under different initial states, the game eventually converges to the evolutionary stable strategies 
*x =1 and *y =1, and the final evolutionary stable state is that consumers choose to buy and use the 

goods and merchants choose to provide the goods. At the same time, Figure 2 also reveals that the 
government's regulatory policy affects the time course of the game's evolution to the stable state, and 
when the government's regulation is more stringent, the game's subject will evolve more quickly to 
the final stable state, which may be explained by the fact that in this case, consumers and merchants 
have clear understanding of the economy, and the willingness to participate in the economy is higher, 
and the government's high-intensity regulation at this time serves as the icing on the cake. This may 
be explained by the higher willingness of both consumers and businesses to participate in the economy 
in this scenario, and the icing on the cake of intense government regulation. 
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Fig. 2. The game evolution of the different initial states 

The initial choices of the two types of game groups are located in region III, i.e., x(0) < *xe , y(0) > *ye , 
and this scenario corresponds to the situation where the proportion of consumer groups choosing to 
purchase and use the goods at the beginning of the game is less than *xe  , and the proportion of 
merchant groups choosing to provide the sharing strategy is greater than *ye  . Figure 3 shows the 
evolutionary dynamics of the game when the initial states are (0.25, 0.95), (0.55, 0.96) and (0.85, 0.98). 

Under different initial states, the game may eventually converge either to the evolutionary stable 
strategies *x  =0 and *y  =0 or to the evolutionary stable strategies *x  =1 and *y  =1. It can also be 
found that the government's regulatory policy affects the direction of the game's eventual evolutionary 
stable states, and when the government regulation is sufficiently strong (for the case with k=1), the 
game evolves to the stable states *x =1 and *y =1. When government regulation is not strong enough 
(for cases with k = 0 and k = 0.3), the game evolves towards the steady states *x =0 and *y =0. This 
may be explained by the fact that in this case the merchants have a clearer understanding of the 
economy while the consumers do not have a clearer understanding of the economy, and thus the strong 
government regulation promotes a larger proportion of merchants to adopt the strategy of providing 
the goods, and the consumers can consume the goods more conveniently in their lives, so that more 
and more consumers are willing to choose to buy and use the goods, and eventually evolve to the stable 
states *x =1 and *y =1. 

 

Fig. 3. The game evolution of the different initial states 

The initial choices of the two types of game groups are located in region IV, i.e., x(0) > *xe , y(0) < *ye , 
and this scenario corresponds to the situation where the proportion of the consumer group choosing 
to purchase and use the goods is greater than *xe  at the beginning of the game, and the proportion of 
the merchant group choosing to provide the sharing strategy is less than *ye  . Figure 4 shows the 
evolutionary dynamics of the game for the initial states (0.25, 0.6), (0.55, 0.7) and (0.85, 0.85). 

The evolution results of the game are similar to Figure 3, in that under different initial states, the 
game eventually converges to two stable states, one is *x =0 and *y =0, and the other is *x =1 and *y

=1. The specific state to which the game converges is regulated by the government regulatory policy, 
and when the government regulation is sufficiently strong (for the case with k = 1), the game evolves 
to the stable states *x =1 and *y =1. When government regulation is insufficient (for the cases with k 
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= 0 and k = 0.3), the game evolves to the steady states *x  =0 and *y  =0, and this result can be 
interpreted similarly to the previous case. 

 

Fig. 4. The game evolution of the different initial states 

4.2. Market strategy optimization effects 

In this paper, we use Python deep learning software to forecast the long and short-term futures prices 
of six non-ferrous metals, aluminum, copper, nickel, lead, tin and zinc, from SHFE and LME, respectively. 
In view of this paper for a variety of non-ferrous metals to predict the effect of research, the relative 
error index is selected as the prediction evaluation index. In this paper, the average absolute 
percentage error (MAPE) is chosen, and the smaller the MAPE value is, the higher the prediction 
accuracy and the better the prediction effect of the model. 

4.2.1. Comparison of long-term forecasting effects. In this paper, a time length of 250 trading days is 
chosen to measure the long-term prediction results of the MLP model, the LSTM model, and the MS-
RCNN model for the closing prices of non-ferrous metal futures. Table 1 and 2 show the prediction 
results for aluminum, copper, nickel, lead, tin, and zinc traded on SHFE and LME. 

Comparing the observations horizontally, for both SHFE and LME, the MAPE values of the LSTM 
model are smaller than those of the MLP model in the long-term forecasts of the six non-ferrous metal 
futures. Meanwhile, the MAPE values of the MS-RCNN model for the price forecasts of the six non-
ferrous metal futures are again smaller than the MAPE values under the LSTM model. The results 
illustrate that the LSTM, MLP and MS-RCNN models have the highest prediction accuracy of the MS-
RCNN linear model, followed by the LSTM model, and lastly by the MLP model, in the long-term 
prediction of SHFE and LME. 
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Table 1. The SHFE long-term prediction of nonferrous futures 

Nonferrous metal 
MAPE 

MLP LSTM MS-RCNN 

Aluminum 1.63 0.67 0.60 

Copper  2.28 1.01 0.70 

Nickel  8.71 2.10 1.29 

Lead  1.28 1.05 0.75 

Tin  3.74 1.42 0.94 

Zinc  1.29 0.78 0.77 

Table 2. The LME long-term prediction of nonferrous futures 

Nonferrous metal 
MAPE 

MLP LSTM MS-RCNN 

Aluminum 1.96 0.89 0.73 

Copper  2.77 1.10 0.85 

Nickel  2.90 1.48 1.39 

Lead  1.57 1.04 1.01 

Tin  2.25 1.43 1.00 

Zinc  1.81 1.51 1.06 

 
Figure 5(a), (b) and (c) shows the price charts of SHFE futures copper under the long-term forecasts 

of the MLP model, the LSTM model and the MS-RCNN model, which can more clearly and intuitively 
see the forecasting effect of each model. Combining the 2 metal futures markets, it can be concluded 
that in the long-term prediction, the prediction effect of the MS-RCNN model on the prices of the 6 
non-ferrous metals is better than that of the LSTM model as a whole, and the prediction effect of the 
MLP model is the least satisfactory. 

Longitudinal comparison of observed data: for LME forecasts, due to the earlier origin of the UK 
futures market, the futures contracts for each metal are listed and traded earlier, so the data are more 
adequate, and the forecasts of futures prices for the six non-ferrous metals do not show any anomalies. 
For SHFE forecasts, the MLP model, LSTM model and MS-RCNN model all show large deviations in the 
forecasts of nickel and tin at the same time, and the deviations of the MLP model and LSTM model are 
particularly obvious, with the MAPE values of nickel being 8.71, 2.10 and 1.29 respectively, and the 
MAPE values of tin being 3.74, 1.42 and 1.00, which is the highest of the MAPE values of each of the 
models in the six non-ferrous metal futures. 2 groups with the largest MAPE values for each model 
among the non-ferrous metal futures. The main reason for such great instability in the prediction is 
that the futures contracts of nickel and tin were only officially listed on SHFE on March 25, 2023, so 
there are fewer trading data and fewer training sets for the two, resulting in a great limitation in the 
training process of the nonlinear model MLP and LSTM, and the prediction model will end before the 
convergence effect, so there are very large fluctuations in the prediction process, and the prediction 
effect is not good. 
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(a) MLP model (b) LSTM model 

 

(c) MS-RCNN model 

Fig. 5. The price trend of SHFE futures copper in the long term 

4.2.2. Comparison of short-term forecasting effects. In this paper, a time length of 20 trading days is 
chosen to measure the short-term forecasts of the MLP, LSTM and MS-RCNN models for the closing 
prices of non-ferrous metal futures. Tables 3 and 4 show the prediction results for aluminum, copper, 
nickel, lead, tin and zinc traded on SHFE and LME. 

In the short-term prediction of the closing prices of six non-ferrous metal futures, the MAPE values 
of the SHFE and LSTM neural network models are smaller than those of the MLP model except for the 
non-ferrous metal nickel. For 3 nonferrous metals, aluminum, lead and zinc, the MAPE values of LSTM 
model are slightly larger than those of MS-RCNN model. For 2 nonferrous metals, nickel and tin, the 
LSTM model MAPE values are more different from the MS-RCNN model. For the nonferrous metal 
copper, the LSTM model MAPE values are slightly smaller than the MS-RCNN model. Therefore, the 
accuracy of short-term forecasting of non-ferrous metal futures traded in SHFE using MS-RCNN linear 
is better, the LSTM model is slightly inferior, and the MLP model is not as effective. 

Table 3. The SHFE short-term prediction of nonferrous futures 

Nonferrous metal MAPE 
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MLP LSTM MS-RCNN 

Aluminum 1.01 0.39 0.32 

Copper  1.48 0.53 0.55 

Nickel  2.52 2.64 1.01 

Lead  4.57 0.90 0.72 

Tin  2.51 1.74 0.80 

Zinc  0.95 0.70 0.70 

 
For the short-term prediction of the closing prices of six non-ferrous metal futures on the LME, the 

MAPE values of the LSTM neural network model are smaller than those of the MLP model. Meanwhile, 
it can be found that the MAPE values of LSTM neural network models for 4 non-ferrous metal futures, 
aluminum, nickel, tin and zinc, are larger than those of MS-RCNN model, which indicates that 4 non-
ferrous metal futures, aluminum, nickel, tin, and zinc, which are traded in LME, are better predicted by 
using MS-RCNN linear model. The MAPE value of the LSTM model for 2 non-ferrous metals, copper 
and lead, is smaller than that of the MS-RCNN model, indicating that the LSTM model performs better 
in these 2 futures varieties. It can be concluded that in short-term forecasting, the overall effect of the 
MLP model is not satisfactory enough, but the prediction accuracy of the LSTM model and the MS-
RCNN model are comparable. 

Table 4. The LME short-term prediction of nonferrous futures 

Nonferrous metal 
MAPE 

MLP LSTM MS-RCNN 

Aluminum 2.34 0.61 0.64 

Copper 2.13 0.74 0.78 

Nickel 2.92 1.85 1.04 

Lead 1.72 1.12 1.13 

Tin 1.47 1.20 0.74 

Zinc 1.93 1.32 0.81 

5. Conclusion 

In this paper, the payment matrix construction and game model analysis of market economic behavior 
are carried out, and the economic behavior prediction model is designed by using deep learning 
technology. 

The game process of economic behavior is simulated, and it is found that the strength of government 
regulation affects the evolution time and direction of the game. When government regulation is strong 
enough, i.e., consumers choose to buy and use goods, and merchants choose to provide goods. When 
government regulation is not strong enough, consumers tend to choose not to buy and use the goods, 
and merchants choose not to provide the goods. This indicates that effective government regulation 
and the improvement of laws and regulations have an important impact on market economic behavior. 
Compared with LSTM and MLP, the MS-RCNN model in this paper has better long- and short-term 
prediction effects for both LME trading and SHFE trading markets, achieves smaller MAPE results, and 
its predicted prices are more closely fitted to the real market prices. 

Therefore, this paper achieves realistic simulation and accurate prediction of economic behavior 
based on game theory and deep learning, which is conducive to further deepening the understanding 
of economic behavior by each trading party, so as to optimize the market strategy in a targeted way. 
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