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Abstract 
International oil prices affect the development of many areas of the 
world economy, where most predictions of macroeconomic 
variables depend on the changes in oil prices. The high volatility of 
oil prices is a cause of prediction complexity, especially in 
crisis or during the current coronavirus pandemic. In this paper, a 
special and promising type of artificial neural network 
(Long Short-Term Memory) is used for predicting oil prices. The 
paper's objective is to predict the development of B
daily values to 30 June 2021. For this purpose, available data for the 
period from the end of June 1988 to the end of November 2020 was 
used. To achieve the objective of the paper, two research questions 
were formulated: whether the created specific neural network is a 
suitable tool to smooth the time series of Brent oil prices, i.e., a 
suitable tool to predict the future development of the price of this 
commodity, and what development of oil price can be expected with 
regard to the current situation in global markets. It was confirmed 
that each of the networks retained could smooth the time series 
successfully, and it can make a reasonable prediction of the future 
Brent oil price development. This paper's primary finding is that the 
created neural network with integrated LSTM can be used for 
predicting Brent oil prices. As for the further development of oil 
price, the oil market will also respond to the positive development 
of the economy and the growth of the world economy's overall 
product, where both the quantity of extracted oil in the market and 
its price will grow. 
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Introduction 

 
Oil or crude oil can be considered natural liquid fossil fuel found in geological formations beneath the 

Earth's surface. As the most important and indispensable resource, oil has an irreplaceable and important role in 
the whole economic society. It also plays an essential role in the international market. This important material is 
used for many chemical industrial products, including pesticides, fertilizers, solvents, etc. Due to the fact it is a 
non-renewable resource as well as its many derivatives, such as plastics and petrol, oil is an important strategic 
resource for many countries. As a basic energy product, oil accounts for about 40% of the global energy 
consumption. 

Oil is currently considered the main output for the production of goods and energy, with its consumption 
being about 93 million barrels per day. According to Rehman et al. (2018), oil can also be seen as a certain 
lifebuoy for most industries. Oil production is centralized by the world organization OPEC, whose members 
control about 73% of the total production of oil. Ramyar and Kainfar (2019) speak about the necessity and 
importance of oil and mention entities for which the information about oil prices is particularly important – 
especially enterprises, governments, and policy-makers. The current literature illustrates the importance of global 
supply and demand for oil and their impact on the real economy since it affects price formation and inflation. It 
could be said that the vast majority of all predictions of macroeconomic variables depends on the changes in oil 
prices (Killian, 2009). The fact that the fluctuations of international oil prices affect the development of many 
areas of the global economy is confirmed in the studies by many researchers (Qiang et al., 2019). Novotný 
(2012) also states that the oil price changes have various impacts on economies and global markets' financial 
indicators. Ahmadi et al. (2016) further add that nearly any changes in oil prices may result in changes in the 
traditional asset markets, such as markets with precious metals. In addition, higher oil prices result in higher 
energy and production costs, as well as an increase in interest rates. According to Aamir et al. (2018), future oil 
prices are highly dependent on historical prices. The authors also state that in recent years, the future oil prices 
are considered very uncertain. For this reason, great attention is currently paid to their prediction, including the 
methods of measurement, especially from the side of investors, economists, academics, government agencies, 
etc. (Kliestik, 2018). 

The paper's objective is to predict the future development of daily values of Brent oil prices until 30 June 
2021. 

 

Literature Research 
 
As the issue of oil prices is relatively complex, it is very difficult to obtain accurate predictions.  Machová 

et al. (2020) state that extreme fluctuations of oil prices significantly influence economic stability, and even the 
national security, which leads to considerable challenges. For this reason, the creation of a valid model for 
predicting oil price is considered one of the most efficient solutions to these challenges (Wang et al., 2020). In 
practice, for predicting oil prices, there have been conducted a number of studies and research as well as models 
using heuristic approaches, traditional econometric models, or machine learning. Here, we can mention, for 
example, the research conducted by Baumeister and Kilian (2015), who proposed a method combining 6 
different models (including econometric models, such as VAR) of oil price prediction. It shall be noted that 
many econometric models are linear and thus enable capturing the non-linearity of oil prices. Gao and Lei (2017) 
proposed a new approach to predicting oil prices based on a new paradigm of machine learning called stream 
learning. The main advantage of this approach consists of the fact that the model can capture changing patterns 
in oil prices. To improve the accuracy of the international predictions of oil prices, Chai et al. (2019) created a 
new hybrid prediction model based on a fuzzy clustering algorithm with dynamic deformation of time. The 
results of the model show a very good prediction accuracy. Another hybrid model that was tested with ANNs 
and intended to make more accurate predictions of oil prices was proposed by Tairan et al. (2019). In this case, 
the results of the simulation were also very good. For predicting oil prices, specifically, WTI (West Texas 
Intermediate) oil prices, Chiroma et al. (2015) proposed an alternative approach based on genetic algorithm and 
neural network (GA-NN). In terms of prediction accuracy and computational efficiency, the comparative 
simulation results indicate that the proposed GA-NN approach shows better accuracy than the basic algorithms. 
Research conducted by Wang et al. (2011) indicates that the GARCH models are well applicable for capturing 
long-term WTI oil revenues, while Lin et al. (2020) state that the HM-EGARCH models can identify sudden 
changes in oil prices.  

For predicting oil prices and analysis of the actual oil prices after 1973, Kilian and Lee (2016) used models 
AR, ARMA, and VAR. It follows from the results that for the period up to 12 months, the prediction accuracy is 
better than conventional prediction models, but the prediction accuracy of the conventional prediction model is 
better in the predictions for longer than one year. Qi and Zhang (2009) use Cluster Support Vector Machine for 
predicting the daily oil price, while Tang et al. (2015) created a newELM model for the same purpose, which is 
based on CEEMD. On the basis of the empirical results, it can be stated that the model shows a relatively good 
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prediction effect. To create a model for predicting oil prices, Wang et al. (2014) reconstruct the run-length 
method's decomposition sequence. It follows from the prediction results that the accuracy of the prediction 
model is higher than in the case of the unstructured model. 

Studies that use LSTM networks for predicting oil prices can be encountered increasingly often in the 
scientific world, especially due to their predictive capability. For example, for predicting WTI oil price, Yao and 
Wang (2020) proposed a method combining the LSTM network and GM model. The study results show that the 
proposed model has high predictive accuracy, especially in the case of series representing long-term influence 
with a lower frequency. High accuracy of the models when solving complex classification problems related to oil 
price prediction was achieved by Hu et al. (2019) using LSTM networks. Cen and Wang (2019) also applied 
LSTM models for training and predicting the sequence of oil prices, to which different weights were assigned. 
Wang et al. (2020) add that especially due to the long-term and short-term memory, the LSTM model is capable 
of simulating sequence autocorrelation and extracting periodic characteristics of the sequence, which has better 
predictive power than conventional models such as BPNN or ARMA. 
 

Materials and Methods 

 
Studies that use LSTMIt is obvious that the price of Brent oil influences the performance of the global 

economy (Vochozka et al., 2020). There has been confirmed the influence the changes in oil prices have on GDP 
development or even on the exchange rates in individual countries.  

Considering the conclusion of the research carried out, the following research questions may be formulated:   
RQ1: Is a neural network (in the text also referred to as “NN”) based on Long Short Term Memory Layer a 

suitable tool for smoothing the time series of Brent oil price, and thus a suitable tool for predicting the future 
development of this commodity price?  

RQ2: What development of oil price can be expected in view of the global markets' current situation?  
The data for analysis is available from Investing.com (2020). For each trading day of Brent oil, the server 

offers information about the price, opening price, the highest and the lowest price, volume of trade, and the price 
change compared to the previous day. For the calculation, only the price of the trade, i.e., the first item in the list, 
is used. The data is available for the period of 27 June 1988-19 November 2020. The price of oil in the period 
under review ranges between USD 9.64 per barrel (10 December 1998) and USD 146.08 per barrel (3 July 
2008). The average price of Brent oil was USD 48.01 per barrel, while the median was USD 37.05 per barrel. 
The variance is USD 1064.87; the standard deviation is USD 32.63. 

The paper's objective is to predict the future Brent oil prices for the period until 30 June 2021. Considering 
the data available, it refers to the prediction of the variable for the 157 trading days, which is a very long period. 
Although Vochozka et al. (2020) proved that technical analysis is not much precise for such a long period, it can 
still identify the development direction. In such a case, however, it is necessary to work with price as with a path 
function. An important factor affecting the solving processes of the whole problem is the current emergency 
situation, where the global economy's performance and the economy of the individual countries are affected by 
the measures adopted against COVID-19. The further development of the economy will thus be closely related to 
the spread of COVID-19 and the measures the individual countries will be willing to adopt to prevent this 
spread. The following part of the text will focus on research questions and the methods that cannot obtain 
answers.  

 
Research question 1 

The research question assumes the creation of an artificial LSTM neural network or artificial neural 
networks containing Long Short Term Memory (hereinafter also referred to as “LSTM”) Layer. It will also be 
necessary to determine whether such a NN is a suitable tool for predicting a business's future value.  

The specific structure of the network, especially in terms of data exchange between the individual layers, 
depends on the experiment results. The experiment's goal is to determine the final form of the neural network's 
sub-components and determine the amount of data on Brent oil price during the previous days necessary to 
determine the future (predicted) value. The experiment will be described with the individual components of the 
neural structure. The individual components are shown in Figure 1.  

 

 
Fig. 1. Thearchitecture of artificialNNwith LSTM layer 

Source: Authors. 
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The NN will thus consist of 11 layers, out of which two will represent the input and output layer, and the 
remaining nine ones can be considered hidden layers:   

1. The input layer of neurons: it is a matrix that provides information about the previous prices of 
Brent oil. Within the experiment, it will be determined what amount of data is the most suitable for 
their prediction:   

a. 10 historical prices – data matrix 1 x 10.  
b. Information about 20 historical prices provides a data matrix 1 x 20.  
c. 30 historical prices provide a data matrix 1 x 30. 

2. 1st hidden layer of neurons: the layer consists of the LSTM layer. The output is the matrix 1 x n (for 
simplification, the matrix in the figure has the form of 10x100, i.e., matrix at the output of the layer 
10 x 1001). Determining the number of elements in the matrix at the output will be a part of the 
experiment. The size of the matrix affects the predictive capability of the model; the excessively 
low number of matrix elements may cause a higher inaccuracy of the result, while a high number of 
elements may result in excessive complexity and overfitting of the model, which will show 
excellent trained NN parameters in smoothing time series but a nonsensical prediction of its further 
development. The number of elements will be determined at the interval of 10-4000 elements with 
10 steps.   

3. 2nd hidden layer: it is an Element-wise layer (a simple network working with perceptron). Its task is 
to bring a certain degree of non-linearity in the NN. Even in this case, a sub-experiment will be 
carried out to test the suitability of functions transmitting the signal. Functions for this layer are 
selected randomly: 

a. Hyperbolic tangent (Tanh): 
 

   ���� = ���ℎ � = 	
�	�


	
	�

      (1) 

 
where f(x) is a function value of independent variable, tan(x) is hyperbolic tangent,e+-x is 
natural exponential function. 

b. Sinus (Sin): 
 

   ���� = ��� �       (2) 
 
where f(x) is a function value of an independent variable. 

c. Ramp (sometimes also ReLU): 
 
   ����: � → ��

       (3) 
 
where R(x) is a function value of an independent variable,R gives x if x≥0 and 0 otherwise. 

d. Logistic function (Logistic Sigmoid): 
 

   ���� = �

�	�

       (4) 

 
where f(x) is a function value of independent variable,e-x is natural exponential function. 

4. 3rd hidden layer: it is an Element-wise layer. Its further setting corresponds to the 2nd hidden layer 
(i.e., the specific function for transmitting the signal will be selected randomly).  

5. 4th hidden layer of neurons: it is a Times layer. Its task is to mutually multiply the signals of the 2nd 
and 3rd layer, unify the signal and transmit it.   

6. 5th hidden layer of neurons: it is an Element-wise Layer. Its further setting corresponds to the 2nd 
hidden layer (i.e., the specific function for transmitting the signal will be selected randomly). 

7. 6th hidden layer of neurons: this layer is formed by the Linear Layer. At its input, there is a data 
matrix, while at its output, there is a vector with n elements. The number of vector elements equals 
the number of LSTM Layer matrix in the 1st hidden layer. The scheme in Figure 1 shows 100 
vector elements. 

8. 7th hidden layer of neurons: it represents the last Element-wise Layer. Its further setting 
corresponds to the 2nd hidden layer (i.e., the specific function for transmitting the signal will be 
selected randomly). 

                                                                        
1
It should be rather seen as 10 vectors with 100 elements. 
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9. 8th hidden layer: the Plus layer is determined. Its task is to connect (add) the signals of the 6th and 
7th hidden layer and transmit them.   

10. 9th hidden layer of neurons: this layer is formed by the Linear Layer. At its input, there is a vector 
with n elements (the vector in Figure 1 has 100 elements); at the input, there is a vector with 1 
element. 

11. Output layer: Brent oil price will be predicted. 
 

 
Long-Short Term Memory Layer 

The methodology presents the entire architecture of the artificial neural structure. However, the LSTM 
Layer is a very specific NN. It is a recurrent NN.   

The LSTM Layer assumes four basic processes represented by input gate, output gate, forget gate, and a 
memory gate. The state of the cell is defined as follows: 

    
�� = �� ∗ ���� + �� ∗ ��        (5) 

 
where ctis a new state of the variable, ftforget gate, ct-1initial state of the variable,it input gate,mtmemory 

gate. 
Where input gate is defined as follows:  
 
�� = ������� +������� +  �!         (6) 
 
where σ is Logistic Sigmoid,Wixinput weight in input gate, matrix n x k,xtinput variable, matrix n x k, Wis the 

weight of the state in input gate, matrix n x n,st-1previous state,bibias, vector of n size 
The state is given by the following equation:  
 
�� = "� ∗ #��ℎ���!          (7) 
 
where  stis a state of the variable, otoutput gate,Tanhhyperbolic tangent.  
Output gate is expressed by the following equation:  
 
"� = ���%��� +�%����� +  &!        (8) 

 
where Waxis the input weight in output gate, matrix n x k,Wasthe weight of the state in output gate, matrix n x 

n,bobias, vector of n size. 
An important innovation of LSTM is the forget gate:  
 
�� = �'�(��� +�(����� +  ()        (9) 
 
where Wfxdetermines the input weights in forget gate, matrix x k,Wfsweight of the state in forget gate, matrix 

n x n,bfbias, vector of n size 
The remaining main process to be determined is the memory gate: 
 
�� = #��ℎ��*��� +�*����� +  *!        (10) 
 
where Wmxis the input weight in memory gate, matrix n x k,Wmsweight of the state in memory gate, matrix n 

x n,Bmbias, vector of n size 
For the volumes of data containing 10, 20, and 30 pieces of information about the previous oil price, 400 

NN will be created for each volume. NN will be trained using the ADAM algorithm (method of stochastic 
optimization, Adaptive Moment Estimation - Kingma and Ba, 2015). For each volume of data, five NN with the 
best performance will be selected. The performance will be measured using the Pearson correlation coefficient of 
smoothed time series and the actual development of Brent oil prices in the period of 27 June 1988-19 November 
2020. Subsequently, the future development of Brent oil price will be developed using the retained NN. There 
will thus be 15 predictions for the period until 30 June 2021 available.   

The answer to Research Question 1 will be obtained using the value of the correlation coefficients of the 
smoothed time series and the actual development of oil prices in the monitored period. If there is dependence, or 
strong dependence, identified (the value of Pearson correlation coefficient is over 0.7), it can be confirmed that 
NN with the LSTM Layer is suitable for predicting the future development of Brent oil prices. Given that NN 
generally show higher accuracy than the traditional statistic methods, the limit of the Pearson correlation 
coefficient for making a positive conclusion is determined at 0.95.  
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Research Question 2 

As mentioned above, the global economic situation is complicated nowadays, especially due to the 
measures adopted against the spread of COVID-19. The economic performance decreases in a number of 
industries, and individual countries are in debt. Thus, it is logical that in this extraordinary period, the authors 
will have to work with various scenarios. Thus, there will be predicted the development of Brent oil prices in the 
period of global economic growth, stagnation, and decline.  

The answer to Research Question 2 will thus be the development of Brent oil prices in dependence on the 
global economy's development.   

 
Results 

 
As already mentioned in the methodology part, a total of 15 artificial NN were retained – 5 for each 10, 20, 

and 30 input data on the previous oil price.  
 

NN with 10-day time delay 
Table 1 presents the structure of the retained NN and their performance in the form of the Pearson 

correlation coefficient.  
 

Tab.1. Structure of retained NN for 10 input data on Brent oil price and network performance 

 

 

 

 

 

 

 

Source: Authors. 

 
The first column of the table contains the identification number to the NN; the second column represents the 

NN structure. The third column shows the performance of each NN.   
As for the structure, the first number represents the number of the input data (matrix 1 x 10). The second 

element, a digit, represents the size of the matrix, which is the LSTM layer's output (in the case of 1NN10, it is 
matrix 10 x 210). The next three positions are the information about the functions that propagate the signal in the 
2nd, 3rd, and 5th hidden layer. Then there is information about the vector's size based on the Linear Layer, i.e., the 
6th hidden layer. This is followed by the information about the function propagating the signal in the neural 
structure (7th hidden layer Element-wise Layer). The last element of the structure provides information about the 
vector's size based on the 9th hidden layer (Linear Layer). Information about the performance of the individual 
networks' performance is also very important. The Pearson correlation coefficient is higher than 0.999 in the case 
of all five networks. The best performance is recorded in the case of the 5NN10 network. Figure 2 shows how 
the networks 1NN10-5NN10 were able to smooth the time series under review.  
 

 
Fig.2. Actual development of time series and smoothed time series of Brent oil price according to NN10   

Source: Authors. 
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It follows from the figure above that all retained 
are able to successfully smooth both global and local extremes of the time series. The parameters of the time 
series and smoothed time series are presented in Table 2.

Tab. 2. Parameters of timeseries

 
Figure 3 shows predictions of future development of Brent oil prices for the period from 20 November 2020 

to 30 June 2021.  
 

 

Fig.3. Prediction of Brent oil price development between 20 
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It follows from the figure above that all retained NN are able to smooth the time series under review. They 
are able to successfully smooth both global and local extremes of the time series. The parameters of the time 
series and smoothed time series are presented in Table 2. 

 

Parameters of timeseries and smoothedtimeseriesaccording to NN10 

Source: Authors. 

Figure 3 shows predictions of future development of Brent oil prices for the period from 20 November 2020 

Fig.3. Prediction of Brent oil price development between 20 November 2020 and 30 June 2021 according to NN10

Source: Authors. 
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In this case, the networks show very high performance. The value of the Pearson correlation coefficient of 

all networks is higher than 0.999. The ability to smooth the time series under review is shown in Figure 4. 
 

 

Fig.4. The gold price given in CZK 

 
The figure clearly shows that all the retained networks NN20 can smooth the time series under review and 

its global and local extremes. The characteristics of the Bren oil price time series and smoothed time 
presented in Table 5. 
 

Tab. 5. Parameters of timeseries and smoothedtimeseriesaccording to NN20

 
Prediction of future development according to NN20 is represented graphically in Figure 6.
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In this case, the networks show very high performance. The value of the Pearson correlation coefficient of 
all networks is higher than 0.999. The ability to smooth the time series under review is shown in Figure 4. 

Fig.4. The gold price given in CZK and the balanced time series 

Source: Authors.  

The figure clearly shows that all the retained networks NN20 can smooth the time series under review and 
its global and local extremes. The characteristics of the Bren oil price time series and smoothed time 
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It follows from the figure that 5NN20 predicts a significant price fall and its subsequent stagnation between 
USD 5 and 10 per barrel. 3NN20 and 4NN20 predi
2NN20 predicts rapid growth of oil price and its
interesting yet unlikely prediction is made by 1NN20, predicting a rapid price fall 
fluctuations achieving even negative values. Although such situations have occurred, such a development is not 
probable. Table 6 presents the statistical characteristics of the predictions.  

 
Tab. 6. Parameters of predictedprices of B

 

NN with a 30-day time delay 
The last part of the experiment's output are retained 

prices for calculating the predictions (Table 7). 
 

Tab. 7. Structure of retained NN

 

Even in this case, the performance of all NN30 achieves values higher than 0.999. Although the 
performance of NN30 is worse than in the case of NN10 and NN20, the difference is negligible. Figure 6 shows 
the ability of NN30 to smooth the time series under 
 

Fig.6. The actual development of time series and smoothed time series of Brent oil price according to NN30
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It follows from the figure that 5NN20 predicts a significant price fall and its subsequent stagnation between 
USD 5 and 10 per barrel. 3NN20 and 4NN20 predict a slow, gradual price fall to USD 30
2NN20 predicts rapid growth of oil price and its stagnation approx. at USD 75-80 per barrel in April. A very 
interesting yet unlikely prediction is made by 1NN20, predicting a rapid price fall 
fluctuations achieving even negative values. Although such situations have occurred, such a development is not 
probable. Table 6 presents the statistical characteristics of the predictions.   

Parameters of predictedprices of Brentoilaccording to NN20 

Source: Authors.  
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Tab. 8. Parameters of timeseries and smoothedtimeseriesaccording to NN30

 
NN30 were also used to predict the future development of Brent oil price until 30 June 2020 (Figure 7).
 

Fig.7. Predicted development of Brent oil prices for the period of 20 November 2020 
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Parameters of timeseries and smoothedtimeseriesaccording to NN30 

Source: Authors. 

NN30 were also used to predict the future development of Brent oil price until 30 June 2020 (Figure 7).

Predicted development of Brent oil prices for the period of 20 November 2020 – 30 June 2021 according to NN30

Source: Authors. 

The graph shows that 2NN30 predicts a slow, gradual price fall at the end of the monitored period (to USD 
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stable price (approx. USD 45 per barrel) followed by the rapid growth of the price to nearly USD 80 per barrel 
and a subsequent slow decline to less than USD 75 per barrel. 5NN30 predict an increase of up to USD 130 at 
the end of the monitored period. The characteristics of the predictions are presented in Table 9.  
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Fig.8. Graphical representation of 4NN20 nodes 

Source: Authors. 

 
Figure 9 shows the ability of the 4NN20 to smooth the Brent oil price time series in the left part. In the right 

part, the figure presents the residuals expressed as USD per barrel.  
 

    
Fig.9. Smoothing of Brent oil price time series and residuals of 4NN20 

Source: Authors. 

 
As mentioned above, 4NN20 successfully smooths the time series under review. The prediction itself can be 

seen in Figure 10.  

 
Fig.10. Prediction of Brentoilpriceaccording to 4NN20 in thecontext of itsdevelopment to date, and the detail of pricedevelopment in a 

givenperiod 

Source: Authors. 

 
The figure clearly shows the relatively rapid decline of Brent oil. This is given by the response to the 

development of the global economy, which will be affected by the measures adopted against the spread of 
COVID-19. Individual countries hoping for an early end of the coronavirus pandemic increase their spending 
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demand for oil. As many countries are dependent on oil production, they reduce the price of oil to maintain their 
position in the market and not lose all their income. The price of oil is thus expected to decrease below USD 30 
per barrel. This will be followed by a slight increase, achieving USD 32-33 per barrel in June. In the past, cartels 
intervened in such cases; the problem was that cartel members' morale was not firm, and the countries often did 
not comply with the agreements concerning the oil extraction limits.  
 
Scenario 2 

The second scenario assumes a relatively positive development of the global economy. More precisely, it 
assumes that the governments of individual countries will be in debt; however, the debt will not be so large that 
it would significantly reduce the national economic performance. The scenario assumes the stagnation of the 
global economic performance, which will be followed by a growth in the demand and consumption due to the 
positive information about the decline in the coronavirus pandemic, and finally, a growth of the global economic 
performance. Due to its speed, the period of sharp growth will be relatively short, and the global economy's 
performance will stabilize at a new level, which will slightly decrease after the enthusiasm subsides. 

Such a development corresponds to the prediction according to 3NN30. The network diagram is presented 
in Figure 11.  
 

 

 
Fig.11. Graphical representation of 3NN30 nodes 

Source: Authors. 

 
 
In its left part, Figure 12 shows the ability of 3NN30 to smooth Brent oil price time series in the period until 

19 November 2020. The right part of the figure shows residuals expressed in USD per barrel.  
 

 

 

    
Fig.12. Smoothing of Brentoilpricetimeseries and residuals of 3NN30 

Source: Authors. 
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Fig.13. Prediction of Brent oil prices according to 3NN30 in the context of its development to date and detail of price development in a given 

period 

Source: Authors. 

 
In the left part, the figure shows the future development predicted by 3NN30 in the context of the whole 

monitored period, while the details are presented on the right. It could be seen that Brent oil price is stable until 
the beginning of March 2021. We assume that the governments of individual countries will be successful in 
fighting against COVID-19, and the debts will not result in a fall in the national economy's performance. After 
the crisis has been overcome, a sharp growth of the global economy is expected, and as a response, the oil price 
will change since there will be significant growth in the demand for goods and services, and the restrictions on 
the free movement of persons and goods will be gradually lifted. This will be reflected in the price increase to 
nearly USD 80 per barrel. The enthusiasm arising from overcoming the COVID-19 pandemic will subside 
slightly, which will result in a decrease in the oil price to USD 73-75 per barrel as of 30 June 2021.  
 

Scenario 3 

The third possible scenario assumes fast overcoming of difficult times, that is, a successful fight against 
COVID-19. Basically, this means the efforts to invest in production and its restructuring. There will be growth in 
some industries, such as tourism, food production, etc., while some industries will face a decline. However, there 
will be an overall significant increase in global economic performance. Such a development is predicted by 
2NN10, whose diagram is presented in Figure 14.  

 

 

 
Fig.14. Graphical representation of 2NN10 nodes 

Source: Authors. 
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Fig.15. Smoothing of Brent oil price time series and residuals of 2NN10 

Source: Authors. 

 
 

It can be seen that 2NN10 is also able to smooth the Brent oil price very successfully.  
Figure 16 shows the prediction made by 2NN10 within the whole monitored period. The detail can be seen 

in the right part of the figure.    
 

 

 
Fig.16. Prediction of Brent oil price according to 2NN10 in the context of its development to date and detail of the price development in a 

given period 

Source: Authors. 

 
 

The oil market will also respond to the positive development of the economy and the growth of the global 
economy's overall product. There will be an increase in the quantity of the extracted oil placed in the market as 
well as its price. According to the prediction made by 2NN10, there is assumed a rapid growth from the 
beginning of the given period and subsequent stabilization of price, probably in March 2021, at the level slightly 
higher than USD 120 per barrel.  
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Brent oil price and, thus, a suitable tool for predicting this commodity price's future development? 
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compared by their performance expressed in the form of the Pearson correlation coefficient. Out of each set, the 
five most successful NN were retained, i.e., 15 NN in total.  These were further examined. In the methodology 
part, it was determined that NN's performance should be above 0.95 to be applicable for predicting. All retained 
NN meet this condition; their performance is above 0.999 in all cases. Nevertheless, the truth is that the NN may 
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suffer from overfitting. In such a case, NN shows a very good performance; however, it cannot smooth the time 
series and predict its future development. It was thus necessary to expertly examine all the retained NN. With 
regard to Figures 2, 3, 4, 5, 6, and 7, it can be stated that none of the networks suffer from overfitting. All 
networks are able to successfully smooth the time series under review (its global and local extremes), and their 
predictions are at the interval acceptable for Brent oil prices.  

It can be concluded that NN with the LSTM layer are able to smooth the Brent oil price time series 
effectively and may be used for predicting its future development.   

RQ2: What development of oil price can be expected in view of the global markets' current situation? 

To answer the second research question, the future development of the global economic performance or its 
performance in the form of the overall product was outlined. The following three scenarios were selected:   

1. The global economy will decline due to the measures adopted to fight against COVID-19. 
2. The global economy will decline due to the measures adopted to fight against COVID-19, which will be 

followed by its growth.  
3. The global economy will grow.  
 
For all scenarios, suitable NN were selected, which predicted a possible development of Brent oil price. The 

first scenario was 4NN20, which predicted a gradual oil price fall to USD 32-33 per barrel as of 30 June 2021.  
For the second scenario, 3NN30 was selected, predicting the stagnation of the oil price at the level of USD 

45 per barrel. Its growth follows this to more than USD 80 per barrel and subsequent decrease to USD 73-75 per 
barrel as of 30 June 2021. 

For the third scenario, 2NN10 was used. It predicts the rise of Brent oil price to more than USD 120 per 

barrel and its subsequent stabilization at this level until 30 June 2021. 

Interesting findings are obtained from the results of research conducted by other authors provided by other 
authors' results by other authors dealing with similar issues, that is, predicting Brent oil prices. For example, 
Abdollahi and Ebrahimi (2020) designed a hybrid model for predicting Brent oil prices. The model uses 
Adaptive Neuro-Fuzzy Inference System (ANFIS), Autoregressive Fractionally Integrated Moving Average 
ARFIMA), and Markov switching models. The results have shown that the hybrid model weighted by genetic 
algorithm surpasses other models. Bao et al. (2011) introduced a prognostic model for predicting Brent oil 
prices, which uses the least-squares SVM method and wavelet transform. On the basis of their results, they 
concluded that the proposed model shows high prediction accuracy. To provide an accurate prediction of Brent 
oil prices, Nademi, A. and Nademi, Y. (2018) used a semi-parametric Markov switching model AR-ARCH. The 
authors also compared this model's predictive ability with various ARIMA and GARCH models. Their research 
shows that semi-parametric Markov switching models provide more accurate predictions of oil prices than 
ARIMA and GARCH models. Morana (2001) proposed a semi-parametric GARCH model based on a bootstrap 
approach for predicting Brent oil prices. This model predicted oil price distribution without the need for 
structural specification of the conditional mean. It was also capable of calculating the confidence interval applied 
in predicting monthly forward price. The research conducted by Alvaraz-Diaz (2020) could also be mentioned, 
who dealt with the question of whether it is possible to predict Brent oil price accurately, and if yes, which 
method provides the best results. The author focused on predicting a weekly growth rate of Brent oil prices using 
several predicting methods based on various approaches. Basically, it consists of assessing and comparing the 
performance of linear parametric models outside ARS (ARIMA, ARFIMA, and autoregressive model), non-
linear parametric model (GARCH-in-Mean model), and various nonparametric methods based on data (non-
linear artificial NN, genetic programming, and nearest neighbor). The research results indicate that all methods 
are capable of providing accurate predictions of both value and trend of Brent oil price. For predicting Brent oil 
price, other authors thus use mainly the models based on ARIMA or GARCH. In terms of the application of a 
suitable method, this contribution is exceptional, as the authors used artificial intelligence – LSTM networks. 
These networks were found to be suitable for predicting Brent oil prices. This finding is to some extent 
confirmed by the research conducted by Yao and Wang (2020), who proposed a method combining the LSTM 
network and GM model for predicting the price of WTI oil. The results of their research indicate that the 
proposed model shows very high prediction accuracy. Cen and Wang (2019), who used LSTM networks within 
their research, state that this type of network is well suited for predicting oil prices. Finally, there can be 
mentioned research by Hu et al. (2019), by which the authors proved that LSTM networks are used for accurate 
predictions of oil prices.  

 

Conclusions 
 
The paper's objective was to predict the future development of daily Brent oil prices until 30 June 2021. 
A total of 1,200 NN were created for a set of 10, 20, and 30 input prices necessary for predicting the future 

development of Brent oil prices. For each set of inputs, 400 NN were generated, out of which 5 were retained on 
the basis of their performance. In total, 15 NN were retained. Each of them shows excellent parameters. The 
value of the Pearson correlation coefficient characterizing their performance is above 0.999. At the same time, it 
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was confirmed that each of the retained networks can successfully smooth the time series under review and can 
predict the future development of Brent oil price. This provides a positive answer to research question 1. 
Subsequently, three possible scenarios of future development of the economy were created, and three NN were 
selected to predict Brent oil price. This provided an answer to research question 2. 

Recurrent NN work on the principle of attenuating and amplifying the signal they accept (such as, for 
example, perceptron networks), as well as assessing which information is undesirable for the result. For this 
reason, they work with the so-called forget gate. It is because the assessor often chooses a large volume of data, 
supposing that the larger time-series they have and smooth, the more accurate the result will be. However, this 
might not always be true. A smoothed time series can derive significant weights, e.g.for example, from the 
beginning of the time series. This provides acceptable characteristics of the time series, but the examined time 
series's predictions are not accurate. It is recurrent NN, which can solve the problem of selecting a dataset (as a 
whole or its part), including only the necessary characteristics of the time series into the calculation. The rest of 
the data will be forgotten.This paper's basic finding is that the created NN with integrated LSTM is suitable for 
predicting Brent oil price. 

Another output is the future development of oil prices with regard to the development of the economy. It 
follows from the text that three possible scenarios of further development can be created. It is thus clear that the 
measures taken by individual governments in connection with the COVID-19 will have either a positive or 
negative impact on the development of the world oil prices and subsequently on the development of the world 
economy. The presented scenarios are aimed to provide the economists with a view of the future development 
and explain what effect the interventions of the individual governments will have on the development of state 
pension and household or companies wealth. If governments took only their economic interests into account, 
they should not adopt any measures against COVID-19 that would have a negative impact on the development of 
the national economy. They should not close any establishments, restrict the economic life of a given country in 
any way. On the contrary, they should support companies and business activities (for example, through 
incentives in the form of subsidized loans, etc.). This would mean fulfilling Scenario 3. Nevertheless, it should 
be realized that the governments do not pursue their countries' economic interests only. They also have to 
consider the interests of their citizens, the voters. Basically, this means balancing and finding a compromise 
between the national economy's development and their electorate interests. For this reason, it is Scenario 2, 
which seems to be rational. Thus, the authors recommend fast implementation of major anti-epidemic measures 
(including a total lockdown, if necessary). This way, it will be possible to eradicate the illness within weeks. The 
governments should subsequently encourage households' purchasing power (by means of subsidies, 
contributions, soft loans) and make external resources available for companies. This will enable the growth of 
the economic performance. Although market participants (state, companies, households) will be indebted, they 
will be able to manufacture and thus pay their debts. A by-product of the world economy's growth will be a fast 
growth of oil prices and their subsequent stabilization at the new price level, which is about USD 73-75 per 
barrel. This means a price lower than in 2009 or between 2011 and 2013. 

The paper's limitation can be seen in the scenarios of the future development of the global economy. It may 
happen that none of the scenarios will fulfill, and for some reason, the development of the global economic 
performance will be different, although this seems to be unlikely.  

The research was conducted in the form of an experiment. Subsequently, the scenarios were created in the 
form of an expert opinion. It will certainly be interesting to continue with the experiment in order to find a model 
of a more accurate prediction of the future global economic development.It could also be interesting to examine 
oil price development's dependence on the economic cycles, from Kondratiev waves, through the Juglar cycle to 
the Kitchin cycle.  
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