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Abstract. China's soybean crushing market has a strong dependence on international soybean prices. 

Frequent fluctuations in soybean prices have brought greater operational risks to the relevant 

enterprises, while China's soybean futures have been relatively mature. Therefore, squeezing 

arbitrage through the futures market can help relevant enterprises to reduce risk and lock in profits. 

Based on the co-integration theory, this paper studies the arbitrage between soybean, soybean oil 

and soybean paste futures market and constructs the arbitrage strategies which is more suitable for 

the Chinese soybean market according to Elman neural network. The empirical results show that 

Elman neural network arbitrage strategy can achieve considerable positive returns in both inside 

and outside the sample. 

Introduction 

China's soybean crushing market is highly dependent on international soybean prices. Frequent 

fluctuations in soybean prices have brought greater production risks to enterprises. China's soybean, 

soybean meal and soybean oil futures trading is relatively active, with a large number of market 

participants. Advance hedging for products through the futures market can reduce risk and lock in 

earnings very well. However, compared with the mature arbitrage theory and operation method in 

the international futures market, the research on soybean squeezing arbitrage in China is still 

relatively few, there are more theoretical verifications rather than practical strategy research. 

Therefore, this paper will focus on seeking the best arbitrage strategy to adapt to China's soybean 

futures market on the basis of restoring the practical operation. 

Arbitrage, as a classic trading method, plays an important role in the futures market. It not only 

enhances the liquidity of the market but also promotes the price discovery function of the futures 

market. Arbitrage trading relies on short-term, and deviation regression relative to long-term 

equilibrium to obtain positive returns. The existence of arbitrage opportunities and the speed of 

price regression are often used to judge the effectiveness of a futures market. Among the existing 

research results in China, a balanced regression model or some other traditional methods are used to 

formulate an arbitrage strategy, but few intelligent algorithms are used. The latest international 

research methods on cross-variety arbitrage are mostly focused on the neural network model, so this 

paper will introduce the neural network model to Chinese soybean. In addition, press arbitrage is 

analyzed. It will provide suggestions for future generations to study the model selection in the 

process of cross-variety arbitrage, and these will improve the research of China's commodity futures 

in the field of statistical arbitrage, which is of great theoretical significance. 

The pricing mechanism of the international soybean market mostly uses soybean futures price 

plus spot price increase and discount to constitute the spot price of soybean, while the base price of 

soybean meal and soybean oil market in China is gradually promoting. Soybean and its derivatives 

have relatively strong volatility. Chinese soybean crushers and downstream feed enterprises have 

the demand to avoid risks through the futures market, and using squeezing arbitrage to lock in 

squeezing profits. This paper can help investors to understand the Chinese bean futures market 

more deeply and help investors to formulate arbitrage trading strategies, which have practical value. 
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Research Status of Arbitrage Methods of Neural Networks 

Because of its short development time, the futures market lacks data information, and the 

accuracy of data cannot be guaranteed effectively. Therefore, the static model parameter selection 

method is difficult to get better results, and the dynamic model based on the intrinsic relationship 

among data can better solve this problem. The neural network can construct the model with good 

adaptability and learning ability through continuous learning, which can be well applied to the 

prediction of the futures market, and provide reference suggestions for investors to invest in the 

futures market to avoid possible serious risks and to obtain better investment returns. At the same 

time, it is widely used in practical research. 

The neural network arbitrage method focuses on the volatility of the research object to formulate 

an arbitrage strategy. In recent years, the application of neural networks to futures market price 

forecasting mainly includes: Donaldson and Kamstra (1997) [1], Miranda and Burgess (1997) [2] 

used a neural network to forecast stock market volatility. The results showed that the neural 

network can better reflect the volatility of the stock market. Xu Peng et al. (2010) [3] validated the 

rationality of setting the subject matter of stock index futures as Shanghai and Shenzhen 300 index. 

Then, the neural network model was used to construct the non-linear system relationship in the 

stock index. The empirical results showed that the method can be effectively applied to the 

short-term prediction of the stock index to a certain extent. Haider et al. (2011) [4], Kulkarni and 

Haidar (2012) [5] used the artificial neural network model to forecast the crude oil futures market 

and found that the use of an artificial neural network to formulate arbitrage strategy helps to 

improve the yield. Wang Zhongxiang et al. (2012) [6] used a BP neural network to forecast the 

price of gold futures listed on the Shanghai Futures Exchange. The empirical results showed that the 

BP model can be well applied to the price prediction of the gold futures market in China because of 

its good non-linear approximation ability. Because the traditional BP model can not judge the 

validity of input factors, Zeng Lian et al. (2013) [7] carried out projection pursuit optimization on 

the basis of traditional BP neural network, that is, first qualitative analysis was carried out to 

determine the influencing factors of gold futures price, and then projection pursuit technology was 

used to find the influencing factors with larger weight, which was used as input vector of BP model. 

Empirical results showed that the improved BP model was effective. It is an effective forecasting 

method. Panella et al. (2014) [8], (2015) [9] used a neural network to forecast energy prices and 

found that the neural network model can well fit the trend of energy prices. Wiles and Enke (2014) 

[10] used RBF neural network and LM neural network model to analyze and forecast the short-term 

fluctuation of soybean and its crushed soybean meal and soybean oil price difference. They 

believed that traders could arbitrage according to the phenomenon that forward contracts affect the 

short-term squeezed price difference profit. At present, Chinese scholars such as Chang Song and 

He Jianmin (2001) [11], Yang Xiaoping (2004) [12], Wang Wenbo (2013) [13], Xu Shihua and Gu 

Haifeng (2014) [14] have studied the application of neural network arbitrage methods, respectively, 

but mainly studied the arbitrage strategies of stock index futures and gold futures. 

Li Zizhen (2011) [15] used BP neural network to forecast the price trend of copper, aluminum 

and zinc futures listed on the Shanghai Futures Exchange. In the data pretreatment stage, the high 

noise characteristics of futures data were avoided by adjusting the inflation rate and eliminating 

periodic and random items, and then the BP network was applied separately. The results showed 

that the prediction error of the BP model was significantly smaller than that of the RBF model, 

which indicated that the prediction effect of the BP neural network was better than that of the RBF 

neural network in price prediction of the futures market. 

Based on the review of the previous research on neural networks, it can be found that, due to the 

excellent performance of neural networks, some scholars have frequently applied neural networks 

to the prediction of stock and foreign exchange markets and other economic fields. However, the 

application of neural networks is much less used to the futures market, and more used and focused 

on mature stock index futures and precious gold. Nowadays, there is little application of neural 

networks in cross-variety arbitrage research in China, and there are few arbitrage strategies among 
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soybean, soybean meal and soybean oil futures. Therefore, this paper will introduce a neural 

network into soybean arbitrage research. 

Although the development period of neural networks is not long, in the economic field, the 

research methods of neural networks have been expanded in various dimensions, including the 

optimization of model parameters, the combination of wavelet analysis and component analysis. 

However, the traditional BP model has a slow convergence speed and is easy to fall into local 

minimum, so it has obvious disadvantage compared with other neural network models, while Elman 

model with dynamic feedback shows its advantages in time series analysis. Therefore, Elman model 

is chosen to build the model. 

Elman Neural Network Model 

With the wide application of artificial neural networks in various fields, the traditional forward 

network can no longer meet people's actual needs. For example, BP neural network is essentially a 

static neural network. In time series modeling, people hope that the model can have dynamic 

characteristics, that is, the model can store information and be used to dynamically adjust the model 

by delayed information. In this context, J.L. Elman first proposed the Elman model in 1990. 

Different from the BP model, Elman’s neural network has its unique inheritance layer besides the 

input layer, hidden layer, and output layer. In essence, the receiving layer adds a delay module 

between the input and output of the hidden layer, which stores the output signal of the hidden layer 

in time delay, and then affects the next input of the hidden layer as an input variable. This makes 

the output of the network not only affected by the current input but also related to the output of the 

network at the previous moment. By delayed storage, Elman neural network has the characteristics 

of adapting to time variables and is widely used in the dynamic study of financial time series. 

The structure diagram of the Elman neural network model is shown in Figure 1. 

 

 

 

 

 

 

 

Figure 1. Elman neural network structure 

The conduction process of Elman neural network can be expressed in the following mathematical 

formulas 

 

xc(t)=X(t-1)                                                                 (1) 

X(t)=f1(w1xc(t)+w2(u(t-1))                                                    (2) 

Y(t)=f2(w3x(t))                                                              (3) 

 

In the above formulas, Wl, W2, and W3 represent the connection weights from the receiving 

layer to the hidden layer, from the input layer to the hidden layer and from the hidden layer to the 

output layer, respectively. U is the input vector of latitude a, x is the output vector of the hidden 

layer of dimension b, x C is the output vector of the receiving layer of dimension B and Y is the 

output vector of the output layer of latitude C. F1 (.) represents the excitation function of the hidden 

layer, F2 (.) represents the excitation function of the output layer, usually using the S excitation 

function. 

Elman neural network model also sets the learning objective as the error function between the 

output value and the expected value of the model. The connection weights and thresholds of the 

Input 

Vector 
Hidden Layer 

Delay Module 

Output Layer Output Vector 
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neural network are adjusted by calculating the deviation values, and the deviation between the final 

output value and the expected value can reach the desired goal in the process of repeated learning. 

The error function of T-Time is defined as: 

 

 ( )  
 

 
∑ (  ( )    ( ))

  
                                                          (4) 

 

The di (t) in the above formula is the expected output value. For updating connection weights and 

thresholds, the chain rule is also used to derive them. Its weight changes as follows: 
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  ( )
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By adding the delay module, Elman neural network model can not only fit the horizontal space to 

the greatest extent but also process the samples vertically in the time dimension, thus avoiding the 

emergence of the minimum situation in the BP neural network model. By choosing different 

activation functions, Elman neural network model can well model various kinds of non-linear data. 

Therefore, the Elman model is chosen to construct the forecasting model of price difference data, 

and uses this model to forecast the price difference of soybean, soybean meal and soybean oil to 

verify the effectiveness of an arbitrage strategy based on Elman model. 

Design and Empirical Study of Elman Neural Network Arbitrage Strategy 

Because there is a long-term equilibrium relationship among soybean, soybean meal and soybean 

oil prices, the arbitrage strategy of the neural network model is to maximize the non-linear 

relationship between the arbitrage spreads by fitting the sample data to trade based on forecasting 

the future trend. Elman neural network model is used in this paper because of its excellent dynamic 

feedback performance. Ten lags of profit data are used to predict the next profit value. When it is 

expected to go down, the selling profit operation is carried out. If the predicting profit value will go 

up, the buying profit operation is carried out. 

Elman Neural Network and Training 

Sample Selection. 

Elman neural network is used to model the artificial neural network. The 11th profit data is 

predicted by rolling grouping with 10 consecutive profit data. Firstly, the profit data of a 

commodity exchange from May 22, 2007, to November 29, 2013 was selected as sample data, 

which included 19 contracts with a total of 2818 data. The first 13 contracts have a total of 1509 

data as the training data in the sample and based on this to establish an arbitrage strategy. The final 

1309 contract data was used as an out-of-sample prediction and model evaluation. 

Network Architecture. 

Before applying the model, the structure of the model should be explained first. Since the 

development of the neural network, based on previous researchers, it can be concluded that, for any 

neural network, if the number of nodes in the hidden layer is enough, then it can infinitely 

approximate a non-linear function. Therefore, in the neural network model of this paper, the layer 

number is chosen of the hidden layer as one layer. The structure of the network is 10-20-1, which 

consists of 10 input nodes, 20 hidden nodes, and one output node. The input of the input layer node 

is the actual profit value for 10 consecutive days, and the output is the predicted value of the 11th 

profit. After testing different structures, this paper chooses 20 for the setting of hidden layer nodes. 
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Model Evaluation Criteria. 

RMSE (root mean square) is used to show the prediction accuracy. The smaller the value, the 

higher the fitting degree of the model. Its mathematical expression is: 

 

     √
 

 
∑ (           ̂    )

  
                                                  (6) 

 

Where         is the expected output and    ̂     is the predicted value of the model. 

Elman Model Training 

After the initial setting of the data in the sample, the modeling and analysis can be started. Data 

samples achieved the best training performance at 132 steps. Using the neural network model to 

observe the predicted and actual values of 80 data in Figure 2 based on the non-linear relationship 

among the data in the sample, it should be noted that the first ten data in the sample period cannot 

be predicted. Generally, the error between the predicted value and the target value (i.e. the fitting 

degree) is used as the main criterion to judge the performance of a prediction model. However, 

considering that this paper is a direct study of arbitrage strategy, and for a good investment strategy, 

while focusing on the fitting effect, more attention should be paid to the number of returns. 

Therefore, this paper applies the forecasting results to the actual arbitrage scheme and evaluates the 

arbitrage strategy based on Elman neural network model according to the arbitrage income. 

 

 

Fig. 2 Out-of-sample prediction results of Elman model 

Elman Neural Network Opening Signal 

In the equilibrium regression model, the specific rules of opening and closing warehouses are as 

follows: 

(1) At that time     ̂     , the profit multi-position opening operation was carried out. If the 

short position was held, the short position was first closed and then the multi-position was 

established. 

(2) At that time     ̂     , profit short position opening operation was carried out. If holding 

a multi-position, the multi-position was first closed and then the short position was established. 

X and - X are the opening and closing thresholds of transactions, respectively.     ̂    is the 

estimated value of profit increment profit. Since this section is intended to verify the effectiveness 

of the arbitrage strategy based on the neural network model, the first consideration is that both the X 

value and K value are 0. In other words, when the predicted profit is going to rise, the strategy 

should be buying it. Once the forecasted profit goes down, which means the position is closed, the 

reverse selling operation should be performed. The next step is to consider the internal and external 
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performance of the sample when the threshold is extended to 10, and then to compare that with the 

previous results. 

Analysis of Empirical Results in Samples 

Based on the detailed stipulation of arbitrage detail s in the previous paper, this section makes 

a detailed analysis of the arbitrage strategy based on the Elman neural network model. Taking a 

profit multi-head arbitrage that appeared on September 28, 2016 as an example, the admission time 

is September 28, 2016, and the admission profit is -270.44. On that day, the profit will go up. The 

predicted value of ∆profit is 36.27. The playing time is October 11, 2016, and the profit is - 191.13. 

The profit forecast for the next day will be lower, ∆profit forecast value equals - 3.21. The gross 

profit of arbitrage is equal to 79.31, a complete arbitrage handling fee is 4 yuan, and the net profit of 

arbitrage is equal to 75.41. Soybean, soybean meal and soybean oil prices were 4408 yuan/ton, 

3266 yuan/ton and 7076 yuan/ton, respectively. According to the 7% margin ratio, the margin 

formula is (0.8318 * soybean meal price + 0.1356 * soybean oil price + soybean price) * 0.07, the 

admission margin needs 565.89 yuan, and the maximum margin during the set-up period is 577.77 

yuan. The arbitrage income is 75.41/556.29=13.6%. The closing price of futures within the 

arbitrage range is shown in Table 1. 

Table 1. Daily closing data of soybean, soybean meal and soybean oil from 28 September to 11 

October 2016 

Date 
soya-bean 

oil 

Bean 

paste 
soybean Profit 

∆profit 

predicted value 

∆profit 

actual value 

2016/9/28 8590 3324 4046 -270.44   

2016/10/8 8484 3181 3982 -223.11 36.27 47.33 

2016/10/9 8540 3161 4012 -184.07 0.03 39.04 

2016/10/10 8600 3253 4075 -205.73 2.89 -21.67 

2016/10/11 8664 3253 4075 191.13 10.16 14.60 

2016/10/12 8736 3237 4092 -193.87 -3.21 -2.73 

 

Based on the analysis basis and strategy proposed above, the arbitrage strategy is evaluated under 

different thresholds. Table 2 shows that considerable positive returns can be obtained without 

setting a threshold in the sample interval. But at the same time, the arbitrage strategy based on the 

neural network model will send out trading signals frequently. The number of transactions in the 

sample interval is as high as 509 times, which is far more than the arbitrage strategy based on the 

equilibrium regression model in the previous section. Under the assumption that the arbitrage fee is 

4 yuan/ton, the total income of the removal fee will be greatly reduced. However, the problem of 

the long average holding period has been solved to some extent. The average holding period is only 

2.6 trading days, and the risk of short-term deviation not returning to the final trading day is much 

less. If the threshold value is set to 10, the number of transactions is reduced to 263 times without a 

significant change in the total revenue, which makes the final revenue increase significantly. 

Table 2. Arbitrage Trading in Samples Based on Elman Model 

 X=0 X=10 

Number of transactions 443 263 

Average holding period 2.6 5 

Maximum holding period 42 46 

Total income (excluding handling fees) 2566.43 2300.31 

Total Income (Removal of Processing Fees) 794.43 1248.31 

Maximum margin 761.38 761.38 

Total Return Rate 103.34% 164% 
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Conclusion 

Based on summarizing the existing literature on cross-variety arbitrage and artificial neural 

network, this paper uses co-integration theory to verify the long-term co-integration relationship 

among soybean. Then the Elman neural network model is used to develop the arbitrage strategy and 

the performance of the Elman neural network model is analyzed. The strategy has the following 

characteristics: 

Trading signals are frequent. Unlike the limited arbitrage opportunities in the equilibrium 

regression model, the arbitrage strategies based on the Elman model are often used to issue trading 

opportunities. Although positive returns were obtained both inside and outside the final sample, due 

to the excessive number of transactions, most of the profits were swallowed up by fees. From the 

test results inside and outside the sample, if the appropriate threshold is selected, some inefficient 

trading signals can be effectively avoided, thereby improving the final return. 

The average holding period is short. Previous statistical analysis of soybean, soybean meal and 

soybean oil futures shows that the regression half-cycle are longer, so the excessive average holding 

period brings greater risk to the regression arbitrage position. The arbitrage strategy based on the 

Elman model evades this problem better. The average holding period inside and outside the sample 

is higher than that inside the sample. It is much shorter than the 32 trading days in the sample of the 

long-term equilibrium regression strategy. 

High return and low holding period prove the validity of Elman model in soybean arbitrage 

research. However, this model also has many shortcomings. Because of the frequent trading signals, 

considering the transaction cost, the profits inside and outside the sample will be swallowed up by 

the handling fee, so it is also very important for signal screening. This paper has preliminarily 

verified the effectiveness of the arbitrage strategy based on the Elman model, so in the next study, 

more neural network models can be selected to carry out arbitrage analysis and explore the most 

suitable neural network model for cross-variety arbitrage in China's futures market. 
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