) N EKOHOMIYHE MOJE/TIOBAHHS
. __ ITIPOTHO3YBAHHA

I
=1

. C\i /4
/' ECONOMIC MODELING
// AND FORECASTING

https://doi.org/10.15407/economyukr.2025.11.056
JEL: C22, C45, C53, Q41, D81

KAHOUI Hacen, PhD (Econ.)

Department of Economics Sciences, University of Tlemcen

P.O. Box119, Tlemcen, 13000, Algeria

e-mail: hacene.kahoui@univ-tlemcen.dz

ORCID: http://orcid.org/0000-0003-1760-2940

SARI-HASSOUN Salaheddine, PhD (Econ.)

Institute of Economics, University Centre of Maghnia

PB 600 AL-Zawiya Road, AL-Shuhada, District, Maghnia, 13300, Algeria
e-mail: s.sarihassoun@cu-maghnia.dz

ORCID: http://orcid.org/0000-0002-7634-2803

SAHED Abdelkader, PhD (Econ.)

Institute of Economics, University Centre of Maghnia

PB 600 AL-Zawiya Road, AL-Shuhada, District, Maghnia, 13300, Algeria
e-mail: a.sahed@cu-maghnia.dz

ORCID: http://orcid.org/0000-0003-2509-5707

MEKIDICHE Mohammed, PhD (Econ.)

Institute of Economics, University Centre of Maghnia

PB 600 AL-Zawiya Road, AL-Shuhada, District, Maghnia, 13300, Algeria
e-mail : m.mekidiche@cu-maghnia.dz

ORCID: http://orcid.org/0000-0001-5001-9250

COMPARATIVE ANALYSIS OF ARIMA,
MLPNN AND HYBRID MODELS FOR FORECASTING
NATURAL GAS SPOT PRICES FROM HENRY HUB

Forecasting natural gas spot prices is vital for effective planning and decision-making.
This study compares ARIMA, MLPNN, and a hybrid ARIMA-MLPNN model using data
from January 1997 to August 2024, evaluated by RMSE. Results show the hybrid model
achieves the highest forecasting accuracy.
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The natural gas (NG) has a significant impact on the global energy market and is
essential to the global economic system. Geopolitical tensions, wars, and developed
industries have increased its demand globally in recent years, resulting in sustained
growth over several decades (Mishra, 2012). Given that global policies prioritise
clean energy and environmental impact, NG is thought to be the most environ-
mentally friendly fossil fuel and represents a good transition from fossil fuels to
entirely clean energy (Karabiber, Xydis, 2021). These characteristics have made it
one of the most prevalent energy sources globally

The global trade in NG has grown in magnitude, making it the second most
actively traded energy commodity after oil. The percentage of liquefied natural gas
(LNG) that is traded globally is rising. globally after oil, with a rising share attribu-
ted to Liquefied Natural Gas (LNG) .

The natural gas price (NGP) volatility usually makes controlling production
costs difficult and has an impact on energy policy. NGP are more uncertain due to
a multitude of market factors, such as supply and demand, temperature, commo-
dity substitution, and geopolitical risks, as the resource becomes more orientated
towards the market (Zheng et al., 2023). The geopolitical risks that the gas market is
susceptible to have been made evident by the conflict between Russia and Ukraine
(Umar et al., 2022; Tang et al., 2023). As a result, it is now crucial to predict NGP
accurately going forward. NGP are an important market indicator that have a big
impact on industry demand and investment as well as national energy security.
Therefore, increasing the accuracy of NGP forecasts is essential to help investors,
decision-makers, and global energy markets (Sahed et al., 2020a)

Time series forecasting has been approached from many different angles, and
over the past forty years, one of the most popular statistical approaches has been
ARIMA models. These models’ assumption of time series linearity, however, is a
drawback because the majority of financial time series are currently non-linear
(Aslanargun, 2007). For this reason, approaches based on machine learning tech-
niques — like artificial neural networks (ANN) — have gained popularity as a way
to improve forecasting performance (Alegado, Tumibay, 2020). One subtype of
ANN is the multi-layer perceptron neural network (MLPNN). These models have
been successfully employed to handle uncertainties, linearity, or non-linearity of
systems across a wide range of disciplines including engineering, science, econo-
mics, medical diagnosis, signal processing, and control systems

However, no universal model is suitable for all applications. Therefore, fore-
casting accuracy can be improved by combining two different models and applying
them to the same dataset rather than relying on a single model. Consequently, se-

! The LNG industry in 2025. GIIGNL Annual Report, 2025. 76 p. URL: https://files.
elfsightcdn.com/eafe4a4d-3436-495d-b748-5bdce62d911d/5a159954-fatb-4af9-a613-
dca88e2a1736/GIIGNL-Livre-2025-20250610.pdf
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veral studies have explored the application of hybrid techniques that leverage the
advantages of two or more individual models. In 2003, G. Zhang proposed a hybrid
ARIMA-ANN model (Zhang, 2003), which has been shown to offer flexibility in
modeling nonlinearities and uncertainties. While each model has its strengths,
hybrid approaches that combine linear and nonlinear methodologies can achieve
superior forecasting accuracy by leveraging the advantages of each component. For
example, in applications such as wind speed forecasting in three different regions of
Mexico (Cadenas, 2010), short-term traffic flow forecasting (Zeng, 2008), and time
series forecasting of exchange rates (Mucaj, 2017), this hybrid model outperformed
both ARIMA and ANN models in one-step forecasting.

The purpose of this article is to evaluate and compare the forecasting perfor-
mance of three different models, the statistical ARIMA model, the machine lear-
ning-based MLPNN model, and a hybrid ARIMA-MLPNN model. By applying
these models to monthly natural gas spot price data covering the period from June
1986 to August 2024, the study aims to determine which model provides the hi-
ghest predictive accuracy and robustness, especially under periods of market vola-
tility and structural changes. The results are intended to support more informed
and effective decision-making in energy pricing, planning, and investment, provi-
ding insights into the suitability of each model for future market predictions.

Natural gas is one of the most widely traded commodities and has a signifi-
cant impact on various global activities. B. Soldo et al. (2014) categorised the lite-
rature up until the end of 2010 on forecasting NG consumption based on a variety
of factors, including the year of publication, the forecasting horizon, the applied
area, the frequency of data, the types of input data, and the forecasting tools uti-
lised. J. Tamba et al. (2018) forecasted consumption by considering production,
income elasticity, price increases, market volatility, and price hikes. H. Nguyen &
I. Nabney (2010) used an MLP-based ANN model to forecast monthly NGP, with
its accuracy slightly lower than the GARCH model. S. Hosseinipoor (2016) aimed
to forecast future NGP in Indonesia using the ARIMA model. He found that
GARCH (1,1) model was the best-fitting model, as it yielded the lowest mean
square error. M. Akpinar & N. Yumusak (2016) forecasted a city's natural gas con-
sumption using ARIMA, Holt-Winters, and time series decomposition, finding
that ARIMA and Seasonal ARIMA models had the highest accuracy, improving
with increased model complexity. A. Sahed et al. (2020b) compared a nonlinear
autoregressive neural network (NAR) model with the ARIMA model for forecas-
ting NGP, finding both models yielded similar results, but the NAR model was
more suitable. On the other hand, many scholars employ ANN to forecast NGP,
demand or consumption. S. Park & J. Kim (2014) used ANN for short-term NGP
prediction, finding that a network with six inputs and ten hidden nodes mini-
mized prediction error, making it the most effective model. J. Szoplik et al. (2015)
used the MLP model to forecast NGP consumption in Szczecin, Poland, finding
that the 22-36-1 MLP model effectively predicted daily and hourly NG consump-
tion year-round. M. Ram et al. (2019) forecasted the monthly NGP in five Euro-
pean gas hubs and exchanges using ANN. The results demonstrated that ANN
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prediction is of a high degree of accuracy. C. Wang et al. (2019) forecasted long-
term monthly spot NGP using the back-propagation neural network (BPNN)
forecasting method. The numerical test results demonstrated that this method can
provide accurate forecasting results. O. Karabiber & G. Xydis (2021) presented the
most recent research on selecting the best predictive model for the day-ahead NG
consumption based on ANN and ARIMA models as well as benchmark model’s
Trigonometric seasonality, Box-Cox transformation, ARMA errors, Trend, and
Seasonal components (TBATS) was the main goal of the work and the best model
for prediction NGP. When it comes to hybrid models, M. Akpinar et al. (2017)
developed one in order to forecasts NG demand. They demonstrate that their ar-
tificial bee colony trained ANN is more accurate than backpropagation trained
ANN. In their comparison of a deep neural networks (DNN) forecasting results
versus those of linear regression and ANN. M. Su et al. (2019) suggested using the
autoregressive neural network (ARNN) to predict daily spot NGP. Through a
cross-validation analysis, the mean squared error of the ARNN model was appro-
ximately 33% better than that of ARIMA. J. Li et al. (2021) proposed a hybrid
model combining DBN, PSO, and VMD to forecast monthly Henry Hub NGP,
outperforming traditional models and aiding investment strategy development.
S. Gao et al. (2021) used a new class of hybrid models to assess how structural in-
stability and regional features affect NGP forecasts. These models allowed for both
abrupt and gradual changes in variance and mean, respectively. From January
1992 to December 2019, they made use of data from the US, EU, and Japanese
markets. They established that allowing for distinct time-varying dynamics of the
model parameters was essential for NGP forecasting. The models that allowed
drastic changes in volatility and gradual changes in coefficients perform the best in
forecasting for Japan and the EU, while the majority of forecasting gained for the
US seem to have come from allowing gradual changes in volatility. B. Jin & X. Xu
(2024) used a non-linear auto-regressive neural network model to forecast Henry
Hub NGP, with results that can be integrated into policy or technical analysis.
However, S. Sari-Hassoun et al. (2025) used a hybrid ARMA-GARCH-MLP and
Prophet model to forecast weekly spot oil prices, with results aligning closely with
the International Energy Agency (IEA) forecasts.

Despite the growing interest among researchers in forecasting natural gas
prices, several critical gaps remain unaddressed. First, there is still no clear consen-
sus on which modelling approach — statistical, machine learning, or hybrid —
provides the most accurate and reliable forecasts under varying market conditions
and timeframes. Second, only a limited number of studies have effectively inte-
grated both linear and nonlinear models to fully capture the complex behavior of
natural gas prices, particularly in the presence of structural breaks and prolonged
volatility caused by global disruptions such as the COVID-19 pandemic and the
Russia-Ukraine war. Third, empirical comparisons of ARIMA, MLPNN, and hy-
brid ARIMA-MLPNN models based on long-term datasets spanning over three
decades are still rare, especially those that explicitly assess the models” robustness
during recent periods of global instability.
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DATA & METHODOLOGY

Data collection. To apply the theoretical aspects represented by the ARIMA,
MLPNN and hybrid ARIMA-MLPNN model, we collected a dataset consisting of
459 observations of the monthly spot price of natural gas during the period of Juny
1986 to August 2024. The data are obtained from Index Mundi? and the data are
in US Dollars per Million Metric British Thermal Unit.

This dataset was divided into a training phase and a testing phase for our
models. The training phase covered the period from Juny 1986 to May 2016, while
the testing phase was during Juny 2016 to August 2024. Python was used to per-
form the calculations.

The ARIMA Model. ARIMA models, introduced by Box and Jenkins in 1976,
are among the most well-known methods for forecasting time series data (Dritsaki
etal, 2021). ARMA models (p, g) consist of autoregressive AR(p) models of order p.
The formula for an autoregressive process of order p (AR(p)) is represented as fol-
low (Mahia, 2019):

Y, =a,+) 0y,
Moving average MA(q) models of order g. the MA(g) process can be ex-
pressed as follows:

Yr =a, + Zeist—i'
When the series is not stationary, an additional component called the first

differences of order d is incorporated, resulting in the ARIMA (p, d, q) model and
the formula is as follows (Atique et al., 2019):

p )
Y, =a, +z®in—i _Zejgt—j +e,.
i1 =1

Multilayer Perceptron Neural Network model (MLPNN). It is a type of arti-
ficial neural network that has received significant attention from researchers due to
its simplicity and successful applications in various fields (Nanda et al., 2023). It is
considered one of the most widely used types for predicting time series. The net-
work consists of an input layer (which performs no processing) and includes at least
one hidden layer and one output layer. First, the input layer consists of data sets and
p nodes connected to the hidden layer. In time series forecasting, MLPNN is pro-
vided with past delayed values of the actual data represented as an input vector
(- J,,)- Then, the hidden layer is determined based on the specific study.
At this stage, selecting the type of activation function is crucial, as it defines the re-
lationship between the input and output layers (Ali et al., 2017). Commonly used
activation functions include the sigmoid function, the hyperbolic tangent function,
and the linear activation function. The formula for the hyperbolic tangent activa-
tion function is formulated as follow (Cifuentes et al., 2020):

2
A=
) (1+e™)

2 Index Mundi. Accessed on 03/12/2025. URL: https://www.indexmundi.com/commo-
dities/?commodity=natural-gas&months=360
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Finally, the output layer, which comes after determining the activation func-
tion and the appropriate number of nodes in the hidden layer, the outputs of the
neural network are used to predict future values of the time series. The function
used for forecasting takes the following formula (Khashei, Hajirahimi, 2019):

Y, =a, +Zajf[zBijytl +Bt]€t'
=1 i1

where m is the number of input points; # is the number of hidden nodes; f(x) rep-
resents the activation function {a, j =0, 1, ..., n} is the weight vector from the hid-
den layer to the output nodes; {B,, i=1,2, ..., m,j=0, 1, ..., n} represents the weights
from the input layer to the hidden layer nodes.

The hybrid model. The hybrid model, proposed by G. Zhang (2003), combines
a linear model with a nonlinear model to address the shortcomings that may arise
when using either model alone (de Aratjjo Morais, da Silva Gomes, 2022). Relying
on a single model can lead to errors or inaccurate results, whereas the hybrid model
improves the accuracy of future forecasts and reduces these errors. It is also conside-
red an effective tool for enhancing the quality of future forecasting (Skopal, 2015).

It is often assumed that a time series consists of both linear and nonlinear pat-
terns. Based on this assumption, the series can be effectively represented as the
combination of two distinct components: a linear structure and a nonlinear com-
ponent. That can then be represented as follows (Ming et al., 2014):

yt:Lt+Nt,

where L, denotes the linear component and N, denotes the nonlinear component.
In brief, the proposed hybrid system methodology consists of two main steps
(Xiao et al., 2014).

In the first step, the ARIMA model is applied to forecast the linear component of
the future values. The residuals, which represent the portion of the data not explained
by the ARIMA model, are then extracted. These residuals are calculated as follows:

ét =V - Lt :
In the second step, the residuals reflecting the nonlinear patterns in the data are
modelled using artificial neural networks (ANN), since the ARIMA model is not

capable of capturing the nonlinear structure inherent in the time series. According
to study of L. Wang et al. (2013), the final forecasted is calculated as follows:

5/ t = Lt -N t
Performance and Evaluation of the Models. In order to evaluate the perfor-
mance of the forecasting model, three metrics were used to measure forecasting
accuracy and compare the performance of different ARIMA and hybrid models:

root mean squared error (RMSE), mean absolute error (MAE), and coefficient of
determination (R?) (Chicco et al., 2021).

/1 n )
RMSE = EZ(% AR
t=1

ISSN 2522-9303. Exonomika Ykpainu. 2025. Ne 11 (768) 61



H. Kahoui, S. Sari-Hassoun, A. Sahed, M. Mekidiche

>

1 .
MAE:ZE :|yt—yt
i=1

R —1-3R
SST

EMPIRICAL RESULTS AND DISCUSSION

Statistics description. Table 1 presents the descriptive statistics of the data. The
average price is 1.366 US dollars per million metric units, with a maximum value of
4.049 and a minimum of 0.294. The median price stands at 1.177, indicating that
half of the observations are below this value. The standard deviation is 0.851, re-
flecting a moderate degree of dispersion around the mean. The kurtosis value is
2.153, which is less than the benchmark value of 3, indicating that the distribution
is platykurtic, or flatter than a normal distribution. Meanwhile, the skewness is
0.591, suggesting a positive skew, meaning the distribution has a longer right tail.

ARIMA model estimation. In order to implement the ARIMA model for time
series forecasting, it is crucial to follow a systematic approach that ensures the robust-
ness and accuracy of the model. To achieve this, the time series data are divided into
two distinct stages, which are training and testing stage. 367 observations are allo-
cated to the training stage, which served as the foundational dataset for building of
the three model parameters. The remaining 92 observations were reserved for the
testing stage, which was later used to evaluate the models out-of-sample forecasting
ability and validate its predictive performance.

At training stage, and before applying the Box-Jenkins (B-]) methodology; it is
essential to verify one of the fundamental assumptions of the ARIMA modelling
process, which is the stationarity of the time series. A stationary series is characte-
rized by constant statistical properties over time (mean, variance, and autocorrela-
tion structure). This condition is necessary, because the ARIMA model assumes the
underlying data-generating process is stationary to produce reliable forecasts.

Figure 1 below illustrates the evolution of natural gas prices over the study pe-
riod, showing noticeable fluctuations in price movements. It also illustrates how the
data was divided into training and testing phases.

In order to verify whether the time series under study is stationary or non-
stationary, this paper employs both the Augmented Dickey-Fuller (ADF) test and
the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test. Both tests provide a more
robust assessment, as the ADF test has a null hypothesis of non-stationarity (pre-
sence of a unit root), while the KPSS test assumes stationarity under the null hy-

Table 1. Results of Descriptive Statistics

Mean Median Maximum | Minimum Std. Dev Skewness Kurtosis

1.366 1.177 4.049 0.294 0.851 0.591 2.153

Source: was compiled by the authors by Python.
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Fig. 1. Evolution of Natural Gas Prices
Source: done by authors using Python.

Table 2. Results of the Stationarity Tests

t-Statistic | Prob {“szz Decision t-Statistic | Prob 113253 Decision
At level First Difference
ADF
-1.325 ‘ 0.618 ‘ 8 ‘Non—stationary‘ -9.722% ‘ 0 ‘ 7 ‘ Stationary
KPSS
2.373*% | 0.010 | 11 |N0n—stationary| 0.039 | 0.1 | 2 | Stationary

Notes: * and **— refer to the significance level at 1, 5 and 10%.
Source: done by authors using Python.

pothesis (the opposite of ADF). The results of these two complementary tests are
presented in Table 2.

The results presented in Table 2 reveal the outcomes of the stationarity tests. At
the level, the ADF test shows a statistic of —1.325 with a p-value of 0.618, meaning
that the series is non-stationary, as the null hypothesis of a unit root cannot be re-
jected. Similarly, the KPSS test produces a statistic of 2.37 with a p-value of 0.01,
indicating the rejection of the null hypothesis of stationarity. However, in the first
difference, both tests assume that the series becomes stationary. The ADF test indi-
cates a statistic of —9.722, with a p-value of 0, suggesting that we cannot reject the
alternative hypothesis, rather we accept it. The KPSS test shows a statistic of 0.039
with a p-value of 0.1, indicating that the null hypothesis of stationarity cannot be
rejected, rather it is accepted.
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After ensuring the stationarity of the series, the ARIMA model for the time series
data was determined using the Akaike Information Criterion (AIC). In this study,
various combinations of the parameters p and g were compared to determine the
optimal lag order. As a result, the best model selected is ARIMA (2, 1, 1), with an AIC
value of -374.808. Regarding the residual tests, the Jarque-Bera test indicates that the
residuals are normally distributed (p-value = 0.96). The heteroskedasticity test shows
evidence of constant variance (p-value = 0.255), while the Durbin-Watson statistic is
2.45, indicating the absence of first-order autocorrelation in the residuals.

The MLPNN Model estimation. The following steps outline the procedure
adopted in developing and evaluating the MLPNN model. The first one is the data
standardization, which is about to standardize data to ensure that all input features
were scaled within a uniform range, thus improving the convergence of the lear-
ning algorithm and preventing dominance by features with larger numeric ranges.
The normalization process was carried out using the min-max scaling technique,
expressed by the following formula

XX,

X

scaled

X

max ~ Fmin

This transformation maps the input data to a range between 0 and 1, which
is particularly beneficial when using activation functions that are sensitive to the
scale of input data. The second phase is the data partitioning, which indicates that
the time series dataset was divided into two separate subsets to facilitate model
training and validation. 360 observations were allocated to the training phase,
and to train the neural network by adjusting its internal parameters (weights and
biases) through an iterative learning process. The remaining 99 observations
were allocated to the testing phase, which was used to evaluate the model gener-
alization ability and assess its predictive performance on previously unseen data.
The third step is the network structure determination, which shows the identifi-
cation of the most appropriate architecture for the MLPNN model with testing
several configurations. The selection of input neurons was based on the concept
of time delay embedding, which helps capture the temporal dependencies in the
time series data. A time delay of 2 was adopted, resulting in 2 inputs neurons be-
ing used in each case. This means that the model used two previous time steps to
predict the next value in the series.

Furthermore, three configurations of the hidden layer were evaluated by vary-
ing the number of neurons, which are 5, 10, and 20 neurons. These configurations
were chosen to analyse the impact of the networks complexity on its predictive
performance. Increasing the number of neurons generally allows the model to cap-
ture more complex patterns, but it also increases the risk of overfitting if not pro-
perly managed. Besides, the hidden layer utilized the Rectified Linear Unit (ReLU)
activation function, which is widely recognized for its computational efficiency and
effectiveness in addressing the vanishing gradient problem. ReLU introduces non-
linearity into the model, enabling it to learn complex relationships in the data. Then,
RMSE, MAE, and RI are used to assess the predictive performance of the network
and determine the best configuration.
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Fig. 2. Comparison of actual and predicted values using a MLPNN model with 10 hid-
den neurons
Source: done by authors using Python

The results of the evaluation indicate that the models structure, comprising
two input neurons, a hidden layer with 10 neurons activated by the ReLU func-
tion, and a single output neuron with a linear activation function, proved to be the
most effective configuration according to the evaluation criteria applied, thus the
MLPNN model is written as MLPNN (2, 10, 1). Figure 2 below shows the com-
parison between the actual and predicted values of a MLPNN model consisting of
10 hidden neurons. This configuration provided a good balance between model
complexity and generalization capability.

The Figure 2 indicates that the predicted values closely follow the general trend
of the actual data. Although there are some discrepancies, particularly in data where
the actual values exhibit sharp fluctuations or extreme peaks, the model demon-
strates an overall good performance in approximating the observed data. This is
consistent with the statistical evaluation metrics obtained for this configuration,
where RMSE is 0.328, MAE is 0.272, and RI is 0.866. These results confirm the
model’s effectiveness in capturing the underlying patterns of the data and its sui-
tability for time series prediction tasks. In summary, the MLPNN model, with its
carefully selected architecture and parameters demonstrates strong predictive ca-
pabilities in forecasting. The model’s structure, comprising two input neurons, a
hidden layer with 10 neurons activated by the ReLU function, and a single output
neuron with a linear activation function, proved to be the most effective configu-
ration according to the evaluation criteria applied.

The hybrid model estimation. The residual series, which capture the linear
unexplained components, was extracted following the estimation of the ARIMA (2,
1, 1) model. In order to estimate the nonlinear structure that ARIMA was unable to
capture, this residual series was then used as input data for the MLPNN model.
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Fig. 3. Graphical representations NGP with original series, ARIMA model and hybrid model
Source: done by authors using Python

Then, to identify the most effective neural network structure, several MLPNN ar-
chitectures were tested and rigorously evaluated based on the RMSE, MAE and RI
criterions. Therefore, the architecture of neural network structure was selected ac-
cording to these criterions, and the optimal one demonstrates superior predictive
accuracy and generalization capability. The optimal ARIMA-MLPNN (hybrid mo-
del) architecture selected is composed of two neurons as input layer, 64 nodes in the
first hidden layer, and 32 nodes in the second hidden layer, while in the output
layer, there is only one single neuron.

Outcomes of ARIMA, MLPNN and ARIMA-MLPNN models. Table 3 des-
cribes the comparison among three forecasting model as follow.

According to result from Table 3, it shows that ARIMA-MLPNN has the lo-
west value of RMSE and MAE, while it has the highest value of R?, meaning that the
hybrid model is the optimal model for forecasting data in this case. This outcome
establishes that the hybrid model provides more stable predictions and a stronger
ability to explain variance in the data. This suggests that this model effectively cap-
tured underlying patterns in the time series, making it a reliable option for accurate
and consistent forecasting. Moreover, both the ARIMA model and the hybrid

ARIMA-MLPNN model pro-

Table 3. Comparison between ARIMA, ved to be superior compared t‘O
MLPNN and hybrid models MLPNN. The ARIMA model is
ideal for minimizing large fore-

Models RMSE | MAE R, cast errors, while the hybrid
ARIMA 02194 | 0.1587 | 0.8742 | ~model provides a well-balanced
MLPNN 02269 | 0.1432 | 0.8354 | Performance, combining  the
ARIMA-MLPNN | 0.2127 | 0.1379 | 0.8861 | Strengths of both ARIMA and
MLPNN to achieve stable and

Source: done by authors using Python. accurate predictions.
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Figure 3 shows three graphical representations, which are NGP (original se-
ries), NGP forecasted with ARIMA and NGP forecasted with hybrid model.

Figure 3 shows several results of the GNP original series, GNP with ARIMA
model and GNP with ARIMA-MLPNN model designed on three curves. It dis-
plays that both models follow a general trend of the original series (represented in
green). The blue dots represent the forecasted series generated by the ARIMA mo-
del, while the orange dots represent the forecasted series of the hybrid model. Ho-
wever, the hybrid model appears more stable, especially in the recent periods (2024-
2025), indicating its ability to capture non-linear patterns better than ARIMA. Ne-
vertheless, the differences between the two models remain limited, reflecting simi-
lar performance in most periods, but the hybrid model potentially provide more
accurate forecasts during sharp fluctuations.

The following Table 4 presents the predicted values obtained from both mo-
dels for the four months of 2024 and the eight months of 2025. The results indicate
that there is no significant difference between the forecasted data generated by
both models.

According to the results, NGP will rise from September 2024 to February 2025
because of the high demand for natural gas during winter time and high energy
power for heating and people’s needs, but it will fall from March 2025 to August
2025 because of lower demand.

Since 2023, NGP has decreased due to high storage levels, imports of liquid
natural gas, particularly from the United States, decreased demand, and mild win-
ters, which result in less demand for heating in Asia and Europe. Moreover, the
conflict between Russia and Ukraine, as well as some geopolitical tension in the
Middle East, necessitates the study and forecasting of fossil fuel sources like NGP. As
aresult, the price of NGP will fluctuate and destabilise a number of nations, particu-
larly the rentier states. However, in 2024, NGP increased in emerging market and
developing economies, and the demand for NGP worldwide hit a new all-time high.
This result was due to ongoing economic growth, emerging market and developing
economies in Asia accounted for about 40% of the additional petrol demand in 2024.

Discussion of Findings and Contribution. The previous outcomes confirm
the superior forecasting performance of the hybrid ARIMA-MLPNN model across

Table 4. ARIMA and ARIMA-MLP results predictions

Date ARIMA ARIMA-MLP Date ARIMA ARIMA-MLP
Sep 2024 2.2812 2.3080 Mar 2025 2.3128 2.3434
Oct 2024 2.2869 2.3175 Apr 2025 2.3120 2.3426
Nov 2024 2.2988 2.3294 May 2025 2.3114 2.3420
Dec 2024 2.3078 2.3384 Jun 2025 2.31112 2.34170
Jan 2025 2.3122 2.3428 Jul 2025 2.31106 2.34168
Feb 2025 2.3133 2.3439 Aug 2025 2.31110 2.34172

Source: prepared by the authors.
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all evaluated metrics (RMSE, MAE, R?). This superiority stems from its capacity to
capture both the linear dependencies (via ARIMA) and the complex, nonlinear
patterns (via MLPNN, particularly in residuals), a crucial advantage in volatile na-
tural gas markets. This finding directly addresses the identified lack of consensus in
the literature regarding optimal forecasting approaches, providing robust evidence
for hybrid methodologies. Our integration of linear and nonlinear models further
bridges a significant research gap, rigorously demonstrating their combined bene-
fits in capturing the intricate behavior of NGP, especially amidst structural breaks
and prolonged volatility from global disruptions like the COVID-19 pandemic and
the Russia-Ukraine war.

The study’s use of an extended dataset spanning over three decades (June 1986
to August 2024) significantly enhances the empirical validity and fills a crucial void,
as comprehensive comparisons of ARIMA, MLPNN, and hybrid models on such
long, volatile series are rare. Our findings align with G. Zhang (2003) and subse-
quent studies that advocated for hybrid ARIMA-ANN models, but our unique con-
tribution lies in validating their robustness over an unprecedented period of global
instability and geopolitical shocks, an aspect less explored previously (e.g., Su et al,,
2019). The demonstrated robustness of the hybrid model ofters valuable practical
implications. For policymakers, it supports more effective energy policy formula-
tion and risk management. For investors and market participants, this reliable pre-
dictive tool can lead to more informed trading decisions and enhanced national
energy security in an increasingly uncertain global energy landscape marked by
supply chain disruptions and geopolitical uncertainties.

CONCLUSION

This paper successfully investigated natural gas spot price (NGP) forecasting using
ARIMA, Multi-Layer Perceptron Neural Network (MLPNN), and a hybrid ARI-
MA-MLPNN model, spanning data from January 1997 to August 2024. The em-
pirical results definitively show that the hybrid ARIMA-MLPNN model is opti-
mal, achieving the lowest RMSE and MAE, and the highest R?. This models supe-
rior performance, particularly in capturing both linear and nonlinear patterns,
proved crucial for accurate forecasting in a volatile market characterized by recent
global disruptions. The study also provided NGP predictions, indicating a rise
from September 2024 to February 2025 due to winter demand, followed by a de-
crease from March 2025 to August 2025.

Accurate NGP forecasting is vital for effective planning and decision-making
in the energy sector. This paper makes several key recommendations. First, for
sustainable energy management, it is crucial to deploy optimal forecasting models
like the hybrid ARIMA-MLPNN into real-time systems. Second, future research
should explore more advanced hybrid approaches, potentially integrating deep
learning techniques such as Long Short-Term Memory (LSTM) or Convolutional
Neural Networks (CNN) to enhance prediction accuracy. Finally, incorporating
external factors like economic indicators, policy changes, and climate variables is
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essential to further improve model performance, especially given the susceptibility
of prices to weather events, supply disruptions, and geopolitical shocks like the
Russia-Ukraine conflict and non-linear market dynamics.
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[TOPIBHAJIbHNMI AHAJII3 MOJEJIEV ARIMA,
MLPNN I I'TBPMIHOI MOJIE/I /I IIPOTHO3YBAHHSA
CIIOTOBMX IIIH HA IIPMPOIOHI I'A3 BIJ] HENRY HUB

MeTo10 IbOTO JOC/II/PKEHH € IPOTHO3YBaHH:A CIIOTOBMX LIiH Ha ITPUPOHNIL Ta3 3a JI0I0-
MOTOI0 TPbOX IifIX0piB /10 MopiemoBanHs: ARIMA (aBroperpeciiiHa iHTerpoBaHa MOZIE/b
KOB3HUX CepefHiX), HeJpOHHOI Mepexki Tuiy 6araroraposoro epuentpona (MLPNN) i
ri6pupuoi moperni ARIMA-MLPNN. Anasi3 IpyHTY€eTbCS Ha IOMICSYHUX JAHNUX 3 YePB-
H: 1986 p. 1o ceprienb 2024 p. YpaxoByrouy BOJATV/IbHICTD 1IiH Ha Ta3, CHPUYMHEHY I€0-
IIOJITMYHOIO HANIPYXKEHICTIO 1 AMHAMIKOI0 PUHKY, HiJBUILIEHHA TOYHOCTI IIPOTHO3Y Mae
BUpillIaNibHe 3HAYeHHs [/ IUIAaHYBaHHs I pospobmeHHs nonitiku. Monens ARIMA,
IpUAATHY LA JIHIHUX 3aKOHOMipHOCTel, i Mogienb MLPNN, e(‘l)eKTI/IBHy IULA OIIpALIo-
BaHHsI HEMHIHMX 3B'A3KIB, OY/I0 OLiHEHO PasoM 3 TIOPUIHOI MOMEIIO, KA iHTerpye
o6wIBa MiIXOAM WA yCYHeHHH X iHaMBigyanmpHux 00OMEXeHb.

Il oLfiHIOBaHHS MOfie/Ielt BUKOPUCTAHO CTATUCTIYHI ITOKa3HMKY epeKTUBHOCTI: ce-
penubokBagpaTnyny Hoxnoky (RMSE), cepentio abcomorny noxuoky (MAE) i koeditienT
JeTepMiHallil (RY. Pesynbratu mokasanmy, 1o ribprupsa monerb ARIMA-MLPNN nepesep-
1rye o6upaBi oKpeMi Mozeri, 3a6e311edyiodn BUIIY TOYHICTb IPOTHO3YBaHH i Kpalle pea-
TYI04M Ha CTPYKTYpHI 3MiHM B faHyX. [i6prHa MoIenb IpofieMOHCTPYBajla HaA3BIYaifHO
BICOKY e(peKTMBHICTb IPOTATOM OCTaHHIX MepiOfiB, 110 XapaKTepU3YIOThCs ITI0OAIBHOIO
HEeCTaOUIbHICTIO, MiITBEPIPKYIOYM CBOIO CTiMKICTD Y OIIpalfOBAHHI AK JIHIHIX, TaK i HeJli-
HiJTHUX KOMIIOHEHTIB YaCOBMX PA/iB.

[TigxpecneHO BaXIMBICTh 3aCTOCYBAaHHSA TiOpMAHMX METOJiB IPOTHO3YBaHHA B
eKOHOMIIIi eHepreTYHOTO CeKTOPY, OCOOMNBO /sl YXBaTeHHsI CTPATeriyHIX pillleHb B
YMOBaX HEBU3HAYE€HOCTI. Pe3ynbraTy fOC/IiI)KeHHA II0Ka3YIOTh, 1[0 IIOEIHAHHA TPa/iy-
LIHUX CTaTMCTUYHUX MOZe/NEN 3 MAallMHHMM HaBYaHHAM PO3IUMPIOE MPOTHOCTUYHI
MOXX/IBOCTI, 1110 po6uTh ribprany Mopens ARIMA-MLPNN HafiifHiM iHCTPYMeHTOM
IJ1s1 TIPOTHO3YBaHHA 11iH Ha IIPMPOJIHNIA ras.

Kniouosi cnosa: yxsanenus piwierv; npozHo3y8aHHs CHOMOBUX UiH HA NPUPOOHULL

2a3; asmopezpeciiiti iHmezpo8aHi Mooeni KOB3HUX cepeOHiX; MOOenb HeliPOHHOT Mepedi
muny 6azamoumaposozo nepuenmpona; 2ibpuoHa mooens.
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