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Abstract: After the war between Russia and Ukraine and its implications on various economies, energy security be-
came a trending subject at the international level in 2022. Crude oil is an essential resource that plays a strategic role
and its fluctuation has a major impact not only on the firms’ profitability but also the stability of several countries.
This research examines the possibility of forecasting oil prices where artificial neural network methods in addition to
the multiple linear regressions were used in order to attempt to come out with a decent model that can help in fore-
casting oil prices. A comparison between these two models took place in order to choose the best one. The unique-
ness of this research relied on the fact that 26 different variables were used all together, some of them were used for
the first time in order to build the forecasting model. The period for constructing and testing both models extended
from August 2006 to the beginning of 2019. The neural network model that was built showed to be more promising

than the model that used multiple linear regression.
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INTRODUCTION

For over several epochs, crude oil has been continuously
generated in reservoirs across the globe. As it took millions
of years for crude oil to finally reach its ultimate form, coun-
tries that are in possession of such a natural resource are con-
sidered to be holding on to an extremely powerful economic
asset. Crude oil is considered to be an energy product that is
a vital driver for most economic movements (Cheong, 2009).
Furthermore, crude oil can be extracted and further refined
into various types of products, as countries around the world
use its derivatives in their daily operations. As the oil and
gas drilling sector is demonstrated to constitute three percent
of the worldwide gross domestic product (GDP), fluctuations
in crude oil prices have been bared to have a substantial in-
fluence on the world economy on innumerable levels (Miao
et al., 2017). For instance, when the prices of oil fell from
their record high of $145 per barrel in 2008 to a low of $29
per barrel in 2014, massive economic stress was placed on
several oil-exporting countries, causing a sharp downfall in
revenues (Miao et al., 2017). Moreover, with the effect that
crude oil prices have on a country’s macro economy, it often
influences various variables which include inflation, GDP,
interest rates, exchange rates, as well as stock market prices
(Ferrari et al., 2021). In turn, such an impact would cause the
state of the economy of each country to be immensely af-
fected by the oscillations in oil prices with the effect being
either constructive or deleterious.

Throughout the years, several events have caused the oil
market to witness variations in the prices of its commodities.
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With the presence of several types of crude oil international-
ly, the WTI (West Texas Intermediate) crude oil is consid-
ered to be the representative of the world crude oil, as it in-
fluences the movement of other crude oil prices, such as that
of the Brent crude oil (Asianto, 2019). Consecutively, oscil-
lations in the prices of the WTI crude oil eventually end up
distressing the economies of many countries. Due to the oil
market gaining significant strength globally and becoming a
strategic part of many economies, oil prices have become
subjected to a series of stimuli (Fan and Xu, 2011). This in
turn has caused oil prices to become affected by various fi-
nancial factors, rather than solely by the conventional supply
and demand channels. With oil prices countersigning rapid
variations, worldwide economies often perceive a series of
turn of events that could be rather appealing or drastic (Byr-
ne et al., 2019). Subsequently, this has led oil prices to wit-
ness a series of interactions with a set of variables that could
be broken down into financial, macroeconomic, and geopo-
litical (Cuando et al., 2020). Moreover, with the variations in
oil prices, and especially with their increases, fear starts to
arise around its supply along with the trepidation about oil
scarcity (Fattouh, 2007; Kaufmann and Cleveland, 2001). On
account of this, the erratic fluctuation in oil prices has caused
numerous researchers and policymakers around the world to
study the determinants behind the changes in oil prices as a
means to better understand their nature. Cuando et al. (2020)
state that the impact of macroeconomic and financial varia-
bles has been extensively studied, unlike that of geopolitical
factors, which are still yet to be further studied in detail. As a
result, tremendous research has been done in order to fully
understand the impact of such factors on the variation of oil
prices and attempt to construct the connection among them.

Due to the reasons aforementioned, studying the changes in
oil prices and the impact it imposes on a country’s economy
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grows in importance. As oil prices are affected by several
economic and political factors, it is crucial to determine how
those prices will eventually be altered. Forecasting oil prices
has for long been a topic of interest for many researchers as
they aim to determine how prices change over time. Moreo-
ver, as oil prices are subjected to recurring fluctuations over
the different seasons of the year, research has been focused
on continuously developing state-of-the-art methods to fore-
cast oil prices. As oil prices have become a point of interest
for many economists and decision-makers around the world,
tremendous research has been carried on to determine which
variables play a role in affecting the forecasts of crude oil
prices and the different techniques used to do so (Yin and
Yang, 2016). With ongoing technological advancements
taking place throughout the years, several techniques that
were employed as a tool to forecast crude oil prices began to
arise. Ranging from standard regression techniques to more
complex machine learning and artificial neural network
models, such models have been continuously utilized to
forecast oil prices while being compared to one another in
order to determine the efficiency of each technique. Moreo-
ver, due to the complex characteristics that crude oil often
possesses such as its nonlinearity and volatility, various
methods have been incessantly being experimented with the
aim of studying the changes in oil prices. Nevertheless, as
forecasting crude oil prices is affected by the modeling strat-
egy used in terms of data, methodology, and sample period,
it is a perplexing task to correctly select which forecasting
model to apply in order to obtain the most significantly ap-
pealing results (Zhang et al., 2015). Hence, assiduously test-
ing and introducing new models to forecast crude oil prices
could remain a point of interest for many researchers and
policymakers around the world for years to come.

Based on all the aforementioned oil price determinants, this
current research attempts to unify the determinants of oil
price fluctuations as well as to provide a model that could
assist market players to predict future prices since its large
fluctuation affects regional security and stability, economic
growth, and the profitability of corporations. Thus, forecast-
ing the future fluctuation of oil prices is essential for being
proactive. Moreover, it enables taking the appropriate
measures to counter-attack potential risks.

As per the literature, previous models showed mixed signals
in terms of oil forecasting and their accuracy was questioned
on numerous occasions, especially that oil prices are be-
lieved to follow a random walk (Fama, 1995). Our paper will
fill the gap by identifying the maximum number of oil price
factors in order to build an exhaustive model. A comparison
between both approaches, between multiple linear regression
and artificial neural network, will be made to choose the best
model for the period covered in our paper.

LITERATURE REVIEW

Oil Crack Spread

Crack spread refers to the price difference between crude oil
and its refined products (Wang et al., 2015). In other words,
as the crack spread decreases, oil prices regularly decrease.
Several players are normally concerned with the crack
spread. On one side, refineries are apprehensive about the
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crack spread as they continuously seek to protect the spread.
On the other side, as oil consumers are actively exposed to
the crack spread, they often tend to take actions that would
minimize their risks (Murat and Tokat, 2009). Choi et al.
(2015) utilized an ECM and MGARCH model to determine
the prices of WTI crude oil, while focusing on the impact of
the crack spread. Their results showed that both models
based on the crack spread play a significant role in determin-
ing the movements in the prices of crude oil. Yin et al.
(2018) employed a set of variables, which include the crack
spread in a time-varying parameter (TVVP) model, to establish
their influence on the prices of crude oil. While focusing on
the MSPE ratio, their model demonstrated significantly ap-
pealing results on all horizons and was able to overcome the
random walk. Similarly, Baumeister et al. (2018) imple-
mented a random walk model where they use the crack
spread as a means to determine the prices of WTI crude oil
and the real US refiners’ acquisition cost for crude oil im-
ports. Their results revealed that the crack spread plays a
significant role in forecasting the prices of the WTI crude oil
and the refiners’ acquisition cost, with the MSPE witnessing
larger reductions for the refiners’ acquisition cost compared
to the WTI. Moreover, they proposed how further TVP mod-
els could enhance the results associated with the crack
spread.

Demand and Supply

With crude oil being a key strategic aspect of the interna-
tional economic system, the demand and supply channels
tend to play a role in influencing its prices and in turn its
impact on global policymakers and traders (Wang and Sun,
2017). With forecasts being done to determine the reasons
behind the crashes and booms in oil prices, demand and sup-
ply are normally associated with such incidents. Kim (2018)
conducted a study, where he aimed to determine the reasons
behind the deteriorating oil prices in the two periods of 2008
to 2009 and 2014 to 2016. He showed that the 2008 oil price
drop was associated with the diminution in real demand as-
sociated with the financial crises, while the 2014 oil price
drop was associated with the increase in the supply of shale
oil (Kim, 2018). In a similar vein, Hamilton (2009) related
the variations in the prices of oil to its demand characteris-
tics. For instance, the drop from $140 to $60 per barrel in
2008 was associated to the drop in demand from industrial
economies, such as China and the Middle East, as well as the
low demand price elasticity, which exerted a pressure on the
prices of crude oil. Krichene (2002) revealed the impact of
the price inelasticity of both demand and supply on the pric-
es of crude oil; he stated that a reduction in the supply and
increase in the demand of crude oil would result in an in-
crease in the prices of crude oil, while an increase in the sup-
ply and decrease in the demand of crude oil would result in a
drop in its prices. Moreover, Breitenfellner et al. (2009) de-
picted the role of the demand and supply factors in driving
the prices of crude oil. By taking various time subsamples,
they reveal that the demand and supply factors were a key
determinate in influencing the prices of crude oil between the
years 2000 and 2008. Furthermore, they stated that the oil
price inflation was triggered by the increase in demand dur-
ing that period, especially with the strategic influence of
OPEC.



Forcasting Oil Prices

Exchange Rate

As oil is priced in dollars, alterations in the U.S. dollar ex-
change rate may influence the prices of oil worldwide, as it
may also affect oil exporters and importers (Pirog, 2005).
For instance, if the value of the Euro appreciates against the
U.S. dollar, an increase in the dollar price of oil would de-
crease its demand in the United States, however, it would
increase its demand in Europe as a result of the Euro appre-
ciation. Brahmasrene et al. (2014) implemented a VAR
(Vector Autoregression) model to study the relationship be-
tween the exchange rate and variations in oil prices; they
revealed that a shock in the exchange rate has a significantly
negative effect on the prices of crude oil and changes in the
exchange rate affect oil prices in the short run. Similarly,
Albulescu and Ajmi (2021) used a VAR model to determine
the impact of the exchange rate on oil prices during the 2008
global financial crisis. Their results showed that when the
U.S. dollar witnessed phases of depreciation prior to the cri-
sis, increases in international oil prices were witnessed. In
parallel, with the outbreak of the 2008 global financial crisis,
a plunge in international oil prices was witnessed as a result
of the appreciation in the U.S dollar. Furthermore, Breiten-
fellner and Cuaresma (2008) employed an AR, VAR, and a
VEC model to determine whether the U.S dollar exchange
rate against the Euro affects oil prices. Their results showed
that in the short run, the VAR model was the best in explain-
ing such a relationship, however, in the long run, the VEC
model performed better. This provided evidence that the
exchange rate plays a role in determining the prices of oil in
both the short and long run.

Economic Growth

As a country’s economic growth is enhanced and incomes
increase, oil consumption eventually begins to increase. This
in turn creates a causal relationship between economic
growth and fluctuations in crude oil prices (Huntington et al.,
2012). Hanabusa (2009) conducted a study where he utilized
an AR-EGARCH model to study the relationship between
economic growth and oil prices between 2000 and 2008 in
Japan. He showed that the relationship between the two is
bidirectional, in which changes in oil prices Granger-cause
economic growth and economic growth Granger-causes oil
price changes as well. In a similar vein, Kilian and Hicks
(2012) aimed to determine whether the oil price shocks be-
tween 2003 and 2008 were associated with economic
growth. Their results revealed that the escalations in oil pric-
es post-2003 were related to a set of factors those of which
include changes in the global economic activity. Moreover,
they stated that the economic growth resulted in increases in
oil prices from 2003 up until mid-2008 before starting to
decline as a result of the global financial crisis. In another
study conducted by Gong et al. (2020) they utilized a
GARCH-MIDAS model to establish the impact of macroe-
conomic variables including economic growth on the varia-
tions in oil prices. Their results showed that economic
growth reduces the volatility of crude oil. Moreover, they
depicted that economic growth had a significantly negative
impact on the fluctuations in oil prices, where, in the short
run, high economic growth fluctuations result in high oil
price variations.
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Speculation

Speculation within the oil market tends to play a role in in-
fluencing oil price movements as participants in the oil mar-
ket are divided into hedgers who seek to minimize their ex-
posure to risk and speculators who seek to make a profit as a
result of the movement of oil prices (Huntington et al.,
2012). Xiao and Wang (2022) implemented a study in which
they aimed to determine the relationship between uncertainty
and oil price fluctuations by utilizing the macroeconomic
uncertainty (MU) index as an indicator. They employed a
quantile regression model where their results showed that the
MU index negatively the future returns of crude oil. Moreo-
ver, they claimed that the presence of speculation in the
crude oil market plays a role in mitigating negative effect
imposed by the MU alterations. In contrast, in a study con-
ducted by Fattouh et al. (2013), where they sought to deter-
mine whether oil price fluctuations between 2003 and 2008
were driven by speculation, revealed that speculation was not
the major factor behind those variations. Rather than specu-
lation in the oil market being the driver behind oil price
movements, they claimed that the interaction between the
spot and future prices of oil played a crucial role in explain-
ing the variations in oil prices.

Geopolitics

As petroleum resources are concerted in specific regions
around the globe, a number of parties tend to initiate geopo-
litical events as a means to affect the supply of such re-
sources, and in turn, their prices (Fan and Xu, 2011). As ail
is a politically sensitive commaodity and with several geopo-
litical events taking place over the years, such events have
caused a substantial impact on the prices of oil with the latter
being strongly affected by all of the political tensions (Su et
al., 2019). In a study instigated by Duan et al. (2021), they
implemented a Wavelet analysis to study the causal relation-
ship between geopolitical events and oil prices on the Vene-
zuelan economy. They used monthly data spanning from
2008 to 2019 as a means to highlight the effect of the global
financial crisis which initiated in 2008 on oil prices. Their
results revealed that the uncertainties associated with the
geopolitical risks negatively affected oil prices which in turn
further exacerbated the exchange rate as a result of solely
relying on oil. In a similar vein, Su et al. (2021) sought to
determine the relationship that oil prices hold with geopoliti-
cal risk. They constructed a VAR model to study the causal
relationship between geopolitical risk and the variation in oil
prices. By using monthly data between 1990 and 2018 to test
for the Granger causality between the two variables, their
results revealed that the causal relationship between geopo-
litical risk and oil prices is intermittent rather than continu-
ous. They showed that during periods of risk and wars, geo-
politics often influence oil prices leading to their upsurge as
a result of the decrease in supply, however, when geopoliti-
cal risks decrease, oil prices do not necessarily decline. In
parallel, Nyangarika (2019) employed an ARIMA model to
forecast oil prices through the use of political events as an
indicator. In contrast to previous studies, their results depict-
ed that geopolitical risks and military conflicts in particular
have an insignificant minimal effect on the fluctuations in oil
prices.
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Inflation

Inflation was recognized as a main factor in various coun-
tries; Baghestani (2014) proved in his paper that the expecta-
tions for the inflation of US consumers, accurately predict
future oil prices. A study carried out by Osorio and Unsal
(2013) claimed that the factors influencing inflation have
transitioned over the past two decades in Asia from being
caused by monetary and supply shocks to national demand
burdens. Along with the influence of the Chinese economy,
their results depicted that the increase in the demand for oil
from Asian countries often influences the prices of oil and
global commaodities.

Volatility

Another factor that showed to have an influence on oil prices
is volatility; Singleton (2010) related the upsurges in the
prices of future oil prices, along with their elevated volatility
followed by their strident drop towards the end of 2008, to
non-user participants rather than just to the customary supply
and demand factors. A different study conducted by Ham-
moudeh et al. (2004) showed that oil volatility holds a diffu-
sion characteristic, which further played a role in the volatili-
ty transmission impact of oil prices on the volatility of oil
stocks to vary from day to day. It results in a stable pattern
where it starts off insignificant on Monday and finishes by
gaining more significance on Friday.

Stock Market

With oil prices being influenced by the worldwide stock
markets, several countries, and especially from Asia, wit-
nessed such relationships. Previous studies have stated that
stock markets witnessed a spillover phenomenon. Baele
(2005) showed that the stock markets and the S&P 500 in
particular tend to be the major cause behind those transmis-
sible spillovers, whereas the commodity markets which in-
clude those of oil and gold often handle the consequences of
such a burden. Moreover, Adam et al. (2015) utilized an
LVAR model to study the dynamic relationship between oil
prices and the stock market in Indonesia between 2004 and
2013. Their results revealed that during the short and long
run, both factors witnessed a significant relationship, which
further ascertained their dynamics. On a similar note, Zhu et
al. (2014) carried out a study to highlight the relationship
between crude oil prices and the stock market in Asia-Pacific
countries. By implementing their study between 2000 and
2012, Zhu et al. (2014) reveal that the relationship between
the stock and oil prices was not significant prior to the 2008
global financial crisis, whereas succeeding the crisis, the
relationship turned into a significant one between the two.

METHODOLOGY

Fahrmeir, Kneib, Lang, and Marx (2007), in their book titled
Regression, considered regression as the most popular and
commonly used statistical methodology in order to analyze
empirical problems in social sciences, economics, and life
sciences. In line with Fahrmeir, Kneib, Lang, and Marx
(2007), Welc and Esquerdo (2018) considered the single-
equation linear regression model to be the most commonly
applied class of econometric models. In their book Applied
Regression Analysis for Business, Welc and Esquerdo (2018)
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defined the regression model as an econometric model and a
quantitative analytical tool in which the behavior of certain
variables is explained by other variables. A single equation
regression model is a mathematical function that has the
form of an equation, which quantifies a relationship between
a dependent variable, and one or more explanatory variables.
The explanatory variables, which are called regressors, have
statistical or causal relationships with the dependent variable,
which is explained by the model.

The primary elements of such models, according to Welc
and Esquerdo (2018), are as follows: First, the coefficients or
structural parameters that are associated with individual ex-
planatory variables quantify the direction and impact the size
of a given explanatory variable on the dependent variable.
Second, the standard errors of individual structural parame-
ters determine the expected ranges into which the true values
of individual coefficients fall, as they may not be exactly
equal to the estimated ones. Third, T-statistics of individual
coefficients, calculated by dividing the value of a given coef-
ficient by its respective standard error, are used to evaluate
the statistical significance of explanatory variables and their
individual coefficients as per Hejase and Hejase (2013).
Thus, one of the key principles of model building is to in-
clude only the explanatory variables, which show statistical-
ly significant relationships with the dependent variable.
Fourth, the coefficient of determination, also called R-
squared, measures how good the estimated model to the ac-
tual data is. As per (Hejase & Hejase, 2013), the coefficient
of determination R? or R-squared is computed with the fol-
lowing formula:

R2=1— i=1€;
L (= y)?

Where “n” is the number of observations used in estimating
a given model and “y;- is the actual observation of the de-
pendent variable, “e is the error or residual difference be-
tween the actual value of the dependent variable “yi” and its
estimated value obtained from the regression model; finally,

“y” is the mean value of all actual observations of the de-

pendent variable. The uniqueness of this research relies on
the fact that 26 different variables will be used together,
some of them for the first time, in order to build, and then
choose, the forecasting model using two different approach-
es, which are artificial neural network and multiple linear
regression. From the concept of single-equation linear re-
gression models, one can further dive into more advanced
versions of such models. A subcategory that branches out is
the stepwise regression model, which is innovative in its
modeling process.

When dealing with stepwise regression, different subsets of
independent variables are used for implementing the regres-
sions. Yet, such an aspect is not always beneficial, as the test
for significance comes out to be biased at most times along
with an insignificant R? value (Wilkinson, 1979). Some
scholars, such as Ruengvirayudh and Brooks (2016), argue
that stepwise regressions may be used to obtain exploratory
results and compared to different statistical techniques. A
study performed by Miao et al. (2017) implements a step-
wise regression to forecast crude oil prices. Through the use
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of stepwise regression, Miao et al. (2017) are able to elimi-
nate which factors do not affect oil prices by checking their
significance. However, their results call for the need to rely
on an alternative regression method, such as the Least Abso-
lute Shrinkage and Selection Operator (LASSO), as the
stepwise regression may witness issues of multicollinearity.
In contrast, Ferrari et al. (2021) utilize a stepwise regression
along with a different set of regression techniques to forecast
the prices of energy commaodities. Their results showed that
the stepwise regression performed poorly when forecasting
the prices due to sparsity. As studies that used stepwise re-
gression showed to have mixed results where some studies
showed that it can be used to forecast time-series data while
others depicted otherwise, alternative methods were pro-
posed as a means to enhance the forecasting ability. With the
aim of doing so, the ANN model was insinuated as it is con-
sidered to give resolute results.

Avrtificial Neural Networks (ANN) Technique

An Artificial Neuron Network is a model that consists of a
set of vastly intertwined nodes, where each node performs a
specific task, which generates an output that is carried over
to the next node (Vaisla and Bhatt, 2010). Such a process
allows ANN to break several barriers in data analysis, ren-
dering it an advantageous tool to be used in econometric
analysis. One advantage of using ANN is its application on
nonlinear processes; as previous multiple regression models
have been capable of predicting linear patterns only, ANN is
proficient in modeling nonlinear processes without the need
of having previous knowledge about the type of the process
(Vaisla and Bhatt, 2010). With the continuous development
of ANN and the ongoing training, which ANN go through as
a result of the learning processes, ANN started being used as
an efficient tool for forecasting. Several studies have tested
the efficiency of using ANN to forecast non-linear time se-
ries while comparing them to traditional regression methods
(Hill et al. 1994; Zhang et al. 2001). Hill et al. (1994) aim to
compare the performance of ANN to traditional statistical
models in forecasting time-series data. Throughout their
study, they reveal that ANN performs similar to the statisti-
cal models and rather better in terms of forecasting time-
series data. Moreover, in terms of dealing with business
models, they claim that ANN may optimistically serve as a
worthwhile alternative to forecast such applications. In a
similar manner, Zhang et al. (2001) utilize an ANN model to
forecast a non-linear time series and compare it to the stand-
ard regression models. Their results showed that it is crucial
to select the correct number of input nodes for the model
where doing so allows for a more accurate predictive ability.
Moreover, they depict that ANN possesses a forecasting abil-
ity that is superior to ordinary regression models when deal-
ing with nonlinear data. In a study that aims to forecast crude
oil prices, Mirmirani and Li (2004) use an ANN model to do
so while comparing it to a VAR model. They utilize monthly
data that spans between 1980 and 2002, and use the root
mean squared error and mean absolute error as criteria for
assessment. Their results reveal that the root mean squared
error and mean absolute error recorded by the ANN model
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were 1.2354 and 0.8629, respectively, which are much lower
than those recorded by the VAR model, which were 4.69861
and 4.18883, respectively. Moreover, their findings reveal
that the ANN model transcends the VAR model in perform-
ing forecasting applications. In a similar manner, Kulkarni
and Haidar (2009) employ an ANN model to forecast crude
oil prices in the short term. They use daily data ranging be-
tween September 1986 and August 2007 as it is preferred for
short-term forecasting. Their results revealed a root mean
squared error and mean absolute error of 0.01922 and
0.00038, respectively, which depicts the efficiency of using
an ANN model to forecast short-term crude oil prices.

Twenty-six variables were used to carry on each of the two
models, including:

e European Brent oil closing price;

e Delta 1 of the closing price of European Brent oil;
e WTI oil closing price;

e Delta 1 of the closing price of WTI oil;

e Implied volatility of oil options that measures the
fear present within the oil market, and is calculated
based on the Black and Scholes model;

e Oil over Equity which depicts the movement of US
oil companies compared to those of the entire equi-
ty market;

e Delta 1 of the Oil over Equity;
e  Price of oil in the Dumai port in Indonesia;

e Delta 1 of the price of oil in the Dumai port in In-
donesia;

e Oil crack spread which shows the relationship be-
tween the prices of gasoline, heating oil and crude
oil contracts;

e US index which compares the price of the USD to a
basket of various currencies. Usually, oil prices and
such an index carry a negatively correlated relation-
ship;

e Inflation of different regions which include those of
the US, UK, Euro Zone, Japan, China, and Germa-
ny;

e The economic growth (measured by the GDP) of

different regions which include those of the US,
UK, Euro Zone, Japan, China, and Germany;

e Imbalance between demand and supply;
e Total speculators buyers and sellers of oil;
e Total hedgers buyers and sellers of oil.

Our paper will cover the period between August 4, 2006, and
January 4, 2019, which consists of 649 weeks. This period
comprises two major economic events which include the
2007-2008 financial crisis and the rise of the shale oil era in
2014.
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Fig. (1). Proposed ANN model to forecast Brent price for next week.

RESULTS

Avrtificial Neural Network Approach

With a series of runs being implemented, their results depict-
ed that several of the recommended covariates caused a
slight impact on the Brent Close price for the next week
which is the dependent variable under study (A normalized
importance above 30% was considered to be relevant). Thus,
different runs were done to identify the most relevant covari-
ates and to eliminate explanatory variables that presented
minor contributions to the future oil price.

The first group of runs, consisting of all suggested covari-
ates, resulted in only 9 covariates, which could play a role in
the forecasting of the future next week’s oil price. Those
covariates were: WTI close price of the week, WTI close
price of the previous week, Brent close price of the week,
Brent close price of the previous week, EU GDP, Oil Crack
Spread, Germany GDP, US inflation, and deltal for the price
of oil in Dumai port in Indonesia.

In the second group of runs, only the aforementioned 9 co-
variates were used, but this time the data was split into three
parts: 400 weeks for training covering the period from Au-
gust 4, 2006, till March 28, 2014 (61.63% of the data), 200
weeks for testing covering the period from April 4™, 2014,
till January 26™, 2018 (30.81% of the data), and the last 49
weeks of data covering the period from February 2", 2018,
till January 1%, 2019 (7.55%). The three parts were kept in
hold to verify the performance of the optimal forecasting
ANN that ended up with a single hidden layer, which in-
cludes 8 neurons (excluding the bias unit), as seen in Fig.
Q.

The best ANN given by SPSS, “Statistical Product and Ser-
vice Solutions” (Hejase and Hejase, 2013) is established as
depicted in Fig. (1), which estimates the Brent Close price
for the next week given the values of the independent ex-
planatory influencing factors of the current and previous
weeks. Moreover, Fig. (2) shows the distribution of how well
the ANN can match the predicted values to their actual coun-
terparts.
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Fig. (2). Predicted versus actual values of Brent oil price.

The Predictors, which includes the WTI close, WTI close of
the previous week, Brent close, Brent close of the previous
week, EU GDP, Oil Crack Spread, Germany GDP, US infla-
tion, and deltal for the price of oil in Dumai port in Indone-
sia resulted in a model relative error of 0.037 for training,
0.027 for testing and 0.197 for holdout. Moreover, the im-
portance percentages for the nine covariates are, as depicted
in Table 1.

Table 1. Independent Variable Importance

Importance Normalized Importance

Brent Close (t) 0.246 83.5%
Brent Close (t-1) 0.169 57.5%

WTI Close (t) 0.294 100.0%
WTI Close (t-1) 0.064 21.7%
EU GDP 0.005 1.6%

Oil Crack Spread 0.073 24.7%
Germany GDP 0.003 1.0%
US Inflation 0.005 1.6%
Price INDO deltal 0.143 48.5%

Fig. (3) shows the normalized importance of the nine rele-
vant explanatory variables that mainly contribute to forecast-
ing future oil prices.

Fig. (4) shows how the ANN predicted values match the
actual values, whereas previously mentioned, the model was
verified using the data of 49 weeks from the 2" of February
2018 till the 4" of January 2019. For Fig. (4), the Sum of
Squares of Errors (SSE) came to be 592.66 and it can be said
that the model in general performs very well in tracking the

real oil price. In addition, Fig. (5) presents the histogram of
residuals between actual and predicted oil price values for
the holdout period of 49 weeks. The subsequent statistics
were calculated for these residuals: Mean = $2.65, Median =
$1.99, Standard Deviation = $2.11, Mode = $0.0, Minimum
= $0.0, and Maximum = $7.64.

Stepwise Regression Approach

In order to carry on the stepwise regression, 25 regressors
were chosen to determine their impact on the closing price of
the Brent oil. When implementing the stepwise regression,
the results showed to have diversified results. With some
variables having a significant effect on the closing price of
Brent oil, others turned out to have an insignificant effect.
Moreover, some of the variables had a negative influence,
while others had a positive influence on the Brent oil price.
For instance, a one percent increase in each of the variables
imbalance between demand and supply, UK GDP, oil over
equity, US inflation, and implied volatility caused an in-
crease in the closing price of Brent oil by 1.90, 0.01, 0.005,
0.01, and 0.0003 percent, respectively. Yet, out of those five
variables that caused an increase in the Brent oil price, the
effect of implied volatility was insignificant. In parallel, a
one percent increase in each of the variables Japan inflation,
China GDP, Delta 1 of the closing price of WTI oil, and US
index caused a decrease in the closing price of Brent oil by
0.0017, 0.002, 0.004, and 0.0014 percent, respectively.
However, among those variables that caused a decrease in
the Brent oil price, the effect of Japan inflation, Delta 1 of
the closing price of WTI oil, and US index were insignifi-
cant. However, it is worth noting that the R-squared of the
following regression turned out to be 0.081, which shows
that the regressors used in this model only explain 8.1% of
the variation in the closing price of Brent oil. As a result, the
stepwise regression approach did not turn out to be as a reli-
able model to determine the prices of crude oil.
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Fig. (5). Histogram for the 49 holdout data errors between actual and predicted oil prices.
Dependent Variable: BRENT_CLOSE
Method: Stepwise Regression
Date: March 9, 2022 Time: 13:44
Sample (adjusted): Aug 4, 2006 — Feb 2, 2018
Included observations: 614 after adjustments
Number of always included regressors: 1
Number of search regressors: 25
Selection method: Stepwise forwards
Stopping criterion: p-value forwards/backwards = 0.5/0.5
Variable Coefficient Std. Error t-Statistic Prob.*
C 0.008533 0.011814 0.722250 0.4704
JAPAN_INFLATION(-1) -0.001681 0.001757 -0.957013 0.3389
IMBALANCE_DEMAND_SUPP(-1) 1.891244 0.505765 3.739369 0.0002
UK_GDP 0.007603 0.003545 2.144796 0.0324
D1_OIL_ETF_TO_S&P(-1) 0.004688 0.002286 2.050559 0.0407
CHINA_GDP(-1) -0.002045 0.000964 -2.122223 0.0342
US_INFLATION(-1) 0.013465 0.006680 2.015770 0.0443
D1_WTI(-1) -0.003801 0.002358 -1.611997 0.1075
Implied Volatility(-1) 0.000266 0.000281 0.944899 0.3451
DOLLAR_INDEX(-1) -0.001414 0.001593 -0.887634 0.3751
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R-squared 0.081014 Mean dependent var 2.12E-05
Adjusted R-squared 0.057963 S.D. dependent var 0.045497
S.E. of regression 0.044159 Akaike info criterion -3.376341
Sum squared resid 1.166094 Schwarz criterion -3.261162
Log likelihood 1052.537 Hannan-Quinn criter. -3.331550
F-statistic 3.514487 Durbin-Watson stat 2.163182
Prob(F-statistic) 0.000008

Fig. (6). Results of the stepwise regression model.

DISCUSSION

This paper was designed to predict the prices of Brent crude
oil through the use of two different approaches with the aim
of determining which one performs better. The results
showed that the stepwise regression model was not as effi-
cient in determining crude oil prices when compared to the
ANN approach. In parallel, the ANN performed relatively
well in matching the predicted values of the oil prices to the
actual prices. The results of the stepwise regression are simi-
lar to the findings of Fama (1995), who states that oil prices
are said to follow a random walk hypothesis. As a low per-
centage of the regressors played a role in explaining the vari-
ation of the Brent oil closing price (R-squared= 8%), the
stepwise regression was inefficient in predicting the prices of
crude oil.

In parallel, the results of the ANN model align with those of
Zhang et al. (2001), who stated that the ANN model pos-
sessed a better ability in determining oil prices than standard
regression models. That was the case in this study as in fact,
the ANN did perform better than the stepwise regression
model. Furthermore, the results were in line with those of
Kulkarni and Haidar (2009), whose results showed that the
ANN played a significant role in forecasting crude oil prices
in the short term. Similarly, our results depicted how the
ANN provided significant results when determining the pric-
es of the Brent oil price. Consecutively, it can be claimed
that the ANN is a promising tool when dealing with crude oil
prices. This would allow researchers and policymakers to
make the right decisions in order to achieve the most effi-
cient results and returns.

CONCLUSION

Crude oil is still a major subject that interests businesses and
impacts the global economy. As its fluctuation is subject to
various determinants, which tend to either positively or nega-
tively alter prices, the profitability of corporations, and the
state of the economy of several countries will be affected.
Thus, understanding and forecasting oil prices is still the
main topic for researchers and decision-makers in the public
and private sectors. Moreover, by developing such an under-
standing, policy-makers will be able to take the appropriate
decisions to manage price fluctuations.

This paper constructed an artificial neural network to fore-
cast oil prices using a set of 26 distinct variables. Further-
more, it aimed to draw a comparison between neural network
and regression models. Such a comparison was executed as a

means to know which method is more reliable to forecast oil
prices, executed in the period from August 2006 until the
beginning of 2019, and assisted with weekly observations
using the previously listed variables. With the results of the
stepwise regression showing insignificant effects for most of
the selected variables, the implementation of the artificial
neural network demonstrated to be a more reliable method to
forecast the Brent oil prices using the combination of the
variables over the period under study. As the Russia-Ukraine
war emerged recently, forecasting the direction of oil prices
grew in importance, especially after it triggered a surge in
inflation at the global level, putting energy and food security
at risk for various countries.

It would also be interesting if other researchers use other
methods and variables on the same data to compare the re-
sults with the current findings.
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