
 

Using a Combination of Recurrent and 

Convolutional Neural Networks to Forecast the 

Direction of Financial Instrument Price Movement 
 

V. A. Melnikov  

Institute of Information Technologies 

Chelyabinsk State University 

Chelyabinsk, Russia 

protei300@gmail.com

N. D. Kharchenko* 

Institute of Information Technologies  

Chelyabinsk State University 

Chelyabinsk, Russia 
wrk.altnar@gmail.com 

Abstract—Securities market forecasting has long been of 

interest to analysts and mathematicians due to the obvious 

opportunity to monetize the research if it proves to be successful. 

The work of these researchers has led to the creation of various 

trading algorithms; however, their effectiveness has not yet been 

proven. With the development of computing technologies that 

allow implementing complex mathematical machine learning 

systems, the attention to this direction has increased 

considerably, in particular because of the introduction of neural 

networks. The present paper focuses on describing the initial 

data (pairs of price and the number of transactions available at 

this price) and the process of data collection and preparation for 

the neural network training. Moreover, the reasons for choosing 

the combination of recurrent and convolutional neural 

networks and its scheme are given, and the training results and 

insights are presented. 
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I. INTRODUCTION 

Our previous research has shown that the forecasts of 
financial instrument movement based solely on the previous 
data on the instrument price are inconsistent [1]. In the present 
paper, we study the possibility of forecasting the financial 
market, using the open interest data. This data source is 
actively used by professional traders and demonstrates the 
market participants' interest in certain cost positions of a 
financial instrument. 

Open interest can be represented as two sets of rows. Each 
row stores the price value and the number of transactions 
available at that price (trading volume): the first (upper) set of 
rows contains information on purchase transactions, and the 
second (lower) set contains information on sales transactions. 
Due to the large number of trading participants, the open 
interest can consist of hundreds of rows; however, the further 
they are from the center, the less they influence the market. 
Therefore, it was decided to use only 20 rows closest to the 
center: 10 from the lower part of the set and 10 from the upper 
part. 

A neural network based on the combination of 
convolutional and recurrent layers was chosen as an algorithm 
for analyzing and forecasting the financial market, using the 
received data. Such layers have proven effective in computer 
vision, text analysis, and speech recognition [2-5]. 

Convolutional layers of a neural network help to reduce 
the number of parameters and to represent the results in a more 
abstract form. Therefore, this allows building more complex 
neural network models and provides the increased 
effectiveness of the layers that follow the convolutional one 
[6, 7]. 

Since time series were used in the present research, the 
second component of the model was the long short-term 
memory layers – a type of recurrent neural networks. The 
main idea of a recurrent network is that it is able to compare 
the examples from different points in time and to establish a 
pattern [8, 9]. Nevertheless, as their learning process showed, 
when it was required to find a dependence between distant 
events, it was almost impossible to fit the necessary 
parameters [10]. 

Although, when using the back-propagation of error 
algorithm, a modification with a long short-term memory can 
circumvent this restriction due to the gradient descent 
mechanism [11, 12]. 

II. DATA PREPARATION 

In preparation for the experiment, open interest data on 
Light Sweet Crude Oil from the Chicago Mercantile Exchange 
were collected. The data were recorded with a frequency of 1 
second during the bidding from October 3, 2019 to October 9, 
2019. The total data amount was 290,000, and for training, 
random sections of 170,000 rows were selected. The data for 
sale price and its volume respectively were presented as pi

b(t) 
and Vi

b(t), and, similarly, the data for purchase price and its 
volume respectively were presented as pi

a(t) and Vi
a(t), where 

i is the level of the open interest 𝑖∈[1,10]. Thus, the open 

interest vector was presented as the following (1): 

𝑥 = {𝑝𝑖
𝑎

(𝑡), 𝑉𝑖
𝑎(𝑡), 𝑝𝑖

𝑏
(𝑡), 𝑉𝑖

𝑏(𝑡)}
𝑖=1

𝑛=10
.  (1) 

Data labeling allowed us to obtain information on the 
future direction of the price movement, and to do this, average 
price for a financial instrument at the point in time had to be 
calculated by comparing two prices closest to the center (2): 

 𝑝𝑡 =
𝑝1

𝑎(𝑡)+𝑝1
𝑏(𝑡)

2
.   (2) 

Since financial instrument prices can change significantly 
at different points in time, the most rational way to determine 
the direction of their movement was to use the percentage 
change between prices at different points in time. Analysis of 
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other papers on the related topic permitted us to find the 
following technique for determining the price movement (3, 
4): 

𝑚−(𝑡) =
1

𝑘
∑ 𝑝𝑡−𝑖 

𝑘
𝑖=0 ,  (3) 

𝑚+(𝑡) =
1

𝑘
∑ 𝑝𝑡+𝑖 

𝑘
𝑖=0 ,  (4) 

where m is the movement and k is the forecast period [13]. 
Therefore, the percentage change of the average price over the 
lt period was (5): 

𝑙𝑡 =
𝑚+(𝑡)− 𝑚−(𝑡)

𝑚−(𝑡)
.   (5) 

As a target feature, we used the percentage change of the 
financial instrument price by a certain value, where 0 is the 
absence of the sufficient price fluctuation, 1 is the increase, 
and 2 is the decrease. This rule can be written as follows (6): 

{

𝑙𝑡 > 𝛼, 1
𝛼 ≤ 𝑙𝑡 ≤  𝛼, 0

𝑙𝑡 <  −𝛼, 2
 ,   (6) 

where a is the required change value. 
 Within the framework of the present study, a equaled to 
0.0003% of the transaction value. 

III. NEURAL NETWORK 

To develop a prediction model, a system based on using 
the layers of the one-dimensional convolutional neural 
network (CNN) and the layers of the recurrent neural network 
with long short-term memory (LSTM) was used [14, 15]. 

Convolutional layers were used for automatic feature 
extraction. The reason for choosing a one-dimensional CNN 
was that the full information on the open interest condition 
was stored in each separate row [16]. 

LSTM is the most effective tool for working with time 
series due to the fact that there is a negative connection that 
enables saving information [17]. Several connected LSTM 
layers were also used at once, and each of them displayed a 
sequence of vectors that would be used as input data to the 
subsequent LSTM layers [18]. This hierarchical system 
permitted us to display the time series data more 
comprehensively by transforming the information into 
different scales (Fig. 1) [19, 20].  

IV. TRAINING RESULTS 

As a result of a repeated neural network training, the 
following data in the training set were obtained (Table I): 

TABLE I.  

 Precision Recall F1 Score 

1 62 29 40 

0 71 79 75 

2 77 28 41 

 

From the obtained data, it can be indicated that class 1 and 
class 2, which illustrate that the price has increased or 
decreased by more than the threshold value a, are predicted in 
a way that in most cases the final forecast permits us to make 
the best transaction (the Precision value reflects what 

percentage of all positive predictions have been correct); 
however, only a small part of all possible profitable 
transactions will be made (the Recall parameter shows what 
percentage of all positive outcomes have been predicted). It 
can be concluded that the model is only capable to forecast 
properly the average price stability, which is not very useful. 
Nevertheless, if the scope of the experiment is taken into 
account, the high Precision level of all three classes can 
provide a high percentage of profitable transactions even 
though they will not be made often.  

 

Fig. 1. Neural network model. 

V. CONCLUSION 

The findings of this study confirm the possibility of using 
a combination of recurrent and convolutional neural networks 
to forecast the direction of financial instrument price 
movement. To further the research, we plan to use the 
described model or its improved versions to develop a 
profitable automated trading system. 
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