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Abstract

High fluctuations in the price of crude oil, as the main source of energy and an
important raw material of the global chemical industry, has doubled the importance
of accurate estimation and forecasting of its price trend in recent years. The purpose
of this applied research, is to increase the ability to predict crude oil prices using
non-linear patterns by artificial intelligence. For this purpose, four artificial
intelligence networks MLP, RNN, LSTM and GRU have been used and their
capabilities compared to each other and the benchmark model, besides their
prediction accuracy have been evaluated using the mean squared error method. The
studied sample is North Sea Brent crude oil data from Aug 1% 2007 to May 31* 2024
on a daily, monthly and yearly basis.

The results of the research indicate that the network architecture in these models
have several advantages in extracting information from the data in order to make
more accurate predictions, and the time to obtain future prices is shorter and less
error-prone. Also, among the selected non-linear models, GRU has more accurate
predictions with less error in different frequencies and in a shorter time.

Introduction

As oil price fluctuations affect both oil exporting and importing countries in
different ways, crude oil price is one of the most important key variables in
international trade (Salik and Khorsandi, 2022), As a result, policymakers and oil
market experts pay attention to its price and its fluctuations. The price of crude oil in
the market is the result of many fundamental and non-fundamental factors (Shakri et
al., 2018). Therefore, it is not simply possible to categorize and model all the factors
affecting the price of crude oil. Since all the basic and non-basic factors that affect
the price formation will finally appear in the price of crude oil, it is necessary to pay
attention to the price and its fluctuations (Yadgari et al., 2022). Previous research
indicate that the trend of oil price changes follows a non-linear pattern (Guo, 2019);
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and among the non-linear models used in predicting the price of oil, models based
on artificial intelligence have shown better results (Gumus and Kiran, 2017; Zhao et
al., 2017; Gao et al., 2022). Therefore, the purpose of this research is to improve
crude oil prices out-of-sample prediction using non-linear machine learning
algorithms. It is assumed that this non-linear long-short-term memory method has
better performance than historical average method and multilayer perceptron
network and recurrent network.

Methods and Material

The purpose of this applied research, is to increase the ability to predict
crude oil prices using non-linear patterns by artificial intelligence. For this
purpose, four artificial intelligence networks MLP, RNN, LSTM and GRU
have been used and their capabilities compared to each other and the
benchmark model, besides their prediction accuracy have been evaluated
using the mean squared error method. The studied sample is North Sea Brent
crude oil data from Aug 1st 2007 to May 31st 2024 on a daily, monthly and
yearly basis.

Results and Discussion

The results of the research indicate that nonlinear neural network models
have a better ability in predicting crude oil price in different daily, monthly
and yearly frequencies with different volumes of training data compared to
historical average linear model and it has less error. These findings are
consistent with the results of Farshadfar and Prokopczuk (2019), Luo et al.
(2022) and Zang et al. (2020).

Calculations and estimation of the studied models show that the MSFE
prediction criterion in all the samples used by the GRU is better than other
networks. It also indicates that with the increase in training data amount,
network prediction power increases.

Conclusion

It can be concluded that the network architecture in these models have
several advantages in extracting information from the data in order to make
more accurate predictions, and the time to obtain future prices is shorter and
less error-prone. Besides that, among the selected non-linear models, GRU
has provided more accurate predictions with less errors in different
frequencies and in a shorter time.
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