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Abstract

A wide range of factors influences the dynamic and complex environment that is the commodity
market. The most significant of these are external influences, such as political decisions and weather
conditions, which cannot be directly controlled. Nevertheless, specific characteristics and price
behaviors are exhibited by individual commodities, which manifest through seasonal patterns and
characteristic fluctuations. This study aimed to analyses the day-ahead electricity market and identify
the key factors influencing electricity price formation. Particular focus was given to the impact of
meteorological variables and the interrelationships between the prices of other commodities, such as
natural gas, coal and oil. A basic forecast of electricity prices in the day-ahead market was provided
by a simple predictive model that was developed based on the findings. The results highlight the
interconnectedness of energy markets and confirm that external factors play a crucial role in shaping
electricity prices.

Keywords: electricity market; forecasting; weather; data analysis; seq2seq; LSTM

1. Introduction

Market uncertainty is currently having a significant impact on day-ahead electricity prices,
which are shaped by a range of external factors, particularly global fluctuations in commodity
markets. While the EU has made significant progress in increasing renewable energy capacity, a
significant portion of electricity generation still relies on fossil fuels. This reliance is a key factor in
determining prices, particularly during periods of increased volatility in international commodity
market [1]. The liberalization and integration of electricity markets across Europe have further
increased the complexity of price formation in the day-ahead market (DAM). As large-scale electricity
storage remains economically challenging, DAM prices are highly sensitive to short-term supply and
demand fluctuations. Therefore, understanding how exogenous variables influence DAM prices is
crucial for market participants, system operators and policymakers [2].

Prices of energy commodities, including but not limited to crude oil, natural gas and coal, are
amongst the most extensively studied external factors. These commodities are often used as marginal
fuels in power generation, meaning that cost shocks can be transmitted directly into electricity
markets by changes in their prices. [3], analyses 21 European markets, showing that natural gas price
shocks propagate into electricity prices across various generation mix scenarios. In a similar context,
[4] found that the transmission of gas price fluctuations to electricity prices has intensified across
bidding zones, particularly following recent geopolitical disruptions. [5], in relation to this, identified
significant mutual interaction between fossil fuel and electricity market.
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Figure 1. Electricity production in EU.

In relation to this, significant bidirectional spillovers exist between the fossil fuel and electricity
markets. The analysis emphasizes the strong impact of natural gas prices and weather-related factors,
such as heating degree days. Alongside fossil fuel prices, meteorological variables also play a crucial
part in determining day-ahead electricity prices. Weather conditions affect both electricity demand,
through factors such as temperature and wind speed, and supply, particularly in systems with a
growing share of variable renewable energy sources, such as wind and solar power [5].

It is key to understand these multiple drivers, as shown by the structural evolution of electricity
generation in the EU Figure 1. As illustrated, the generation mix has been gradually transforming
over recent years. A steady increase in the share of renewable energy sources has been seen, while a
decline in generation from fossil fuels has been experienced. Nevertheless, fossil fuels continue to
account for a significant proportion of total electricity production [6]. In contrast, nuclear power
generation has remained stable, with only minor year-on-year fluctuations. This ongoing dependence
on fossil fuels, despite the expansion of renewables, explains why commodity price shocks continue
to significantly impact DAM prices, highlighting the importance of investigating their transmission
mechanisms [7].

Although a substantial body of research has examined the influence of commodity prices and
meteorological conditions on electricity markets, important questions remain regarding the relative
and evolving importance of these factors in shaping DAM prices. While much of the existing
literature has concentrated on forecasting accuracy or identifying long-term relationships, fewer
studies have undertaken a comprehensive empirical analysis of how key external drivers such as
fossil fuel prices, renewable generation, and demand conditions interact within specific market
contexts [8].

Despite extensive evidence that renewable energy sources exert downward pressure on
wholesale electricity prices across Europe [9] and globally [10], the joint dynamics between fossil fuel
prices, variable renewable generation, and market design remain insufficiently understood. As
renewable penetration increases and flexibility requirements grow, the sensitivity of DAM prices to
traditional determinants—such as natural gas prices and system demand appears to be shifting.

Recent evidence from European markets indicates that gas prices and wind generation have
become increasingly dominant determinants of DAM price formation, often surpassing conventional
demand-related effects [11]. These developments highlight the need for renewed analytical focus on
the structural drivers and transmission mechanisms of electricity prices, rather than on forecasting
performance alone, to better understand how energy transitions reshape short-term market behavior.
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2. Forecasting Electricity Price

Accurate electricity price forecasting enables market participants to optimize their trading
strategies and minimize the risks associated with price volatility. For electricity producers, accurate
forecasting is crucial for production planning and profit maximization, while distributors and large
consumers use it to manage their purchasing portfolios and reduce costs [12]. In an environment with
an increasing proportion of renewable energy sources and rising price volatility, the importance of
reliable forecasting tools is growing, as the quality of forecasts directly affects the financial
performance of energy companies [13]. Price predictions are relied on by system operators to ensure
the balance between supply and demand is maintained and to identify potential network congestion
[13]. With a growing share of intermittent renewable sources, price forecasting becomes more
complex but essential for effective power system management, and its accuracy requires reliable tools
for measuring and comparing different predictive models [14]. Forecast evaluation uses several
metrics to measure the deviation between actual and predicted values. The choice of metric depends
on the data type and the objective of the analysis [13]. Five commonly used error metrics are
employed in this study to systematically evaluate forecast performance: mean absolute error (MAE),
mean squared error (MSE), root mean squared error (RMSE) and mean absolute percentage error
(MAPE), as well as the coefficient of determination (R?).
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Where n, y;, and ¥; are the sample size and the actual and predicted values, respectively [15].

2.1. Basic Forecasting Model

Forecasting electricity prices using prediction methods based on historical data is possible. [16]
applied an artificial neural network (ANN) model in combination with the Markov Chain (MC)
method to forecast electricity prices, with the aim of increasing prediction accuracy. For the study,
the dataset was divided into two parts. The training set contained data from 2004 to 2018 and the test
set covered the period from 2018 to 2020. The training set was used to implement the model and
estimate its parameters. Results showed that the ANN model alone achieved a MAPE of 12.65% and
MAE of $2.95/MWh. In contrast, the combined ANN-MC model demonstrated slight improvement,
achieving MAPE and MAE values of 12.57% and $2.29/MWh, respectively. These results confirm that
incorporating the Markov Chain method into the model increased the accuracy of electricity price
predictions [16]. A variety of prediction models are used for short-term electricity price forecasting
[17], [18] [19]. The methodologies that have been implemented for short-term forecasts in recent years
can be categorized into regression models, such as Regression Splines Decomposition (RSD) and
Smoothing Splines Decomposition (S5D) [20], neural network methods, specifically Long Short-Term
Memory (LSTM) using Wavelet transform to prevent model fluctuations in prediction [17], and the
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extensive use of machine learning methods [18]. Table 2.1 provides an overview of the accuracy of
these models [17], [18], [20]. Different models show varying degrees of accuracy in short-term
electricity price forecasts, depending on the input data. The highest accuracy is achieved by the LSTM
models when working with data divided into smaller time periods [17], but a significant advantage
over alternative approaches is not shown by it when continuous data is used without this adjustment
[18]. When working with continuous data, the Multi-Task Graph Neural Network (MTGNN) model
tends to achieve higher prediction accuracy. Graph neural network (GNN) models perform better
than Informer and ST-Norm models. This is due to the effective inclusion of spatial characteristics in
the prediction. Examples of GNN models include Multi-Graph Adversarial Attention Learning
(MGAAL) and Adaptive Spatial-Temporal Graph Convolutional Network (ASTGCN). The MGAAL
model achieves the best performance on most evaluation metrics across different prediction horizons
[18]. Significant regional differences in prediction accuracy have been identified, with prices in areas
with a higher share of renewable energy sources showing greater fluctuations and being more
difficult to predict. In contradistinction to artificial neural network-based approaches, decomposition
models such as Residual Seasonal Decomposition (RSD) focus on the decomposition of time series
data into long-term trend, seasonal and residual components [20]. This separation enables more
accurate modelling of hidden patterns, particularly in datasets with strong seasonality or irregular
trends. When configured correctly, the RSD model can significantly improve the accuracy of short-
term electricity price prediction and other continuous data forecasting. According to study [20],
specific RSD model combinations achieve the lowest mean prediction errors, with performance
varying slightly by season achieving the highest accuracy in spring and slightly higher, yet still
acceptable, errors in summer.

Table 2. 1 Summary of the accuracy of predictive models for short-term price prediction.

Models Error MAPE (%) MAE (€/MWh) RMSE (€/MWh)
S
Season Wint  Sprin @ Sum Autu  Wint  Sprin Sum  Autu Wint  Sprin© Sum  Autu
er 8 mer mn er 8 mer mn er 8 mer mn

LSTM Datax 091 063 123 091 045 026 172 042 056 033 357 057

LSTM Dataz 132 189 213 344 003 0.08 0.06 005 0.04 011 0.08 0.09

8
Model Error MAPE (%) MAE (€/MWh) RMSE (€/MWh)
S
IRSDY  Datas 7.51 3.59 4.71
2RSD%  Datas 7.51 3.59 4.71
SRSD%Y  Datas 7.51 3.58 4.71
‘RSD%  Datas 7.63 3.64 4.77
1SSDY  Datas 7.67 3.65 4.79
2$SD3  Datas 7.68 3.64 4.79
3§§D%  Datas 7.69 3.65 7.80
4§§D%}  Datas 7.80 3.70 4.86
Model Error MAPE (%) MAE (€/MWh) RMSE (€/MWh)
S
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Steps a head 1 3 6 1 3 6 1 3 6

LSTM  Datas 20.01 19.1 219 9.05 12.05 13.6 0.028 0.033 0.03
CNN 0 1 4 8

Seq2Se Datas 1220 179 268 965 1019 123 0028 0030 0.36
q 4 7 7

Inform Datas 23.01 221 30.6 12.89 1425 130 0.029 0.032  0.03
er 7 7 8 1

ST- Datas 11.90 195 14.7 7.83 11.53 10.8 0.02 0.031 0.03
Norm 0 6 6 0

MTGN Datas 11.74 13.7 129 8.91 853 952 0.028 0.029 0.03

ASTG Datas 16.67 154 151 7.62 849  9.28 0.028 0.030 0.03
CN 0 5 3

MGAA Datas 11.73 13.6 140 7.70 9.04 974 0.024 0.026 0.02
L 1 8 9

LSTM  Datas 56.63 77.0 69.8 54.53 7092  89.5 0.036 0.040 0.04
CNN 0 7 9 5

Seq2Se Datas 14.73 284 472 5234 63.54 705 0.033 0.033 0.04
q 0 6 1

Inform Datas 47.00 46.6 62.2 51.06 54.73 56.5 0.03 0.036 0.04
er 6 2 3

ST- Datas 13.73 16.8 204 54.62 50.22 63.6 0.036 0.036 0.04
Norm 5 1 1 7

MTGN Datas 11.07 142 159 40.83 42,77 484 0.024 0.026 0.03

ASTG Datas 23.33 21.7 209 52.50 55.46  58.0 0.036 0.046 0.04
CN 2 1 6 6

MGAA Datas 20.13 22.8 23.6 40.07 46.08  40.1 0.0297  0.028 0.02
L 7 3 6 3 8

2.2. Forecasting with Multiple Input Data

Hyperparameter-based models are used to predict electricity prices over longer time horizons.
These models also use other data affecting electricity prices to make predictions [21]. The use of
electricity prices and consumption levels was the approach taken in these cases. Predicting prices
based on multiple data points is a relatively complex process that requires thorough data analysis.
[21] used Fourier series to analyses the data, enabling him to effectively approximate the electricity
price profile. We define the approximation of the non-new profile as follows:
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where ft is the approximate price of electricity at time t, consisting of the main frequency components
of the Fourier series, a0 represents the mean value of pt and an, bn are the Fourier coefficients that
define the shape of the periodic functions at frequency n, with N representing the length of the
original time series.

While this approximate price captures the basic development of the electricity price, it cannot
describe hourly fluctuations or periods of extreme prices that exceed the basic patterns of the price
profile. These fluctuations are described by the residual term Rt, which consists of all frequency
dependencies. Three predictive models were employed by [21] to forecast electricity prices Linear
Regression, Gaussian Process Regression (GPR), and ANN. The GPR model achieved the best overall
performance among these, with the MAPE of approximately 13.5% for multi-output configurations
and 13.2% for single-output configurations. By comparison, the linear regression model produced
higher errors of 18.9% and 19.2%, while the ANN model produced intermediate accuracy with errors
of 14.3% and 15.2% respectively. These results suggest that GPR offers the most reliable and
consistent forecasts for predicting electricity prices over extended time horizons [21].

[22] proposed a multivariable bi-forecasting system for predicting electricity prices that
integrates point and interval forecasting in order to overcome the limitations of single-variable and
single-output models. This begins with data pre-processing using Improved Complete Ensemble
Empirical Mode Decomposition with Adaptive Noise (ICEEMDAN) to enhance the quality of
electricity price and load data by eliminating noise. A rolling forecasting framework with multi-input
and multi-output structures is then constructed to combine electricity prices and power demand,
improving prediction stability and accuracy. A hybrid predictive model employing linear operators
is then established, with its parameters optimized using the Multi-Objective Golden Eagle Optimizer
(MOGEO) algorithm. Experimental results using New South Wales datasets demonstrated superior
performance in terms of both point and interval forecasting accuracy, confirming the robustness and
effectiveness of the method [22].

Forecasting electricity prices is a complex process involving varying models, which differ
depending on the number of factors taken into account and the time horizon of the forecast. The
majority of models concentrate on a restricted number of input parameters, with certain predictions
being based on a few primary factors, such as fuel prices and electricity consumption requirements
[23]. High accuracy in short-term forecasts is achieved by these models, with minute-by-minute or
hour-by-hour forecasts being focused on. They utilize historical data and incorporate operational
data from networks in their analysis, which can unveil patterns in electricity consumption and
generation over time [24]. But when they try to predict what prices will be in the long term, these
models often produce results that differ significantly from the actual prices. This suggests a lack of
capability in the prediction of long-term price changes. Other models take a wider range of factors
into account, such as fuel prices, political decisions, power plant outages, renewable energy
production and meteorological conditions that directly affect renewable energy production [25].
These models provide more accurate and comprehensive forecasts. These models are primarily used
for short-term predictions, enabling minute-by-minute or hour-by-hour price fluctuations to be
predicted, which is crucial for market participants who must adapt to rapidly changing conditions.
For longer time periods, the focus is on macroeconomic factors such as global energy demand,
political factors and technological advances in renewable energy in order to assess price fluctuations
and risks associated with future market developments [26]. Models such as AleaSoft and Enerdata
apply advanced machine learning techniques and econometric approaches, integrating factors such
as fuel prices, market sentiment, political changes, power plant outages and other relevant
information [27], [28]. These factors have a strong short-term impact on electricity prices. They

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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enhance forecast accuracy and support risk identification in both real-time and long-term markets.
However, such models are usually available only to commercial subscribers, and their data are not
publicly accessible.

2.3. Electricity Price Prediction Using Optimization Methods

Electricity price prediction models are increasingly being optimized, with the aim of improving
the accuracy of predictions and reducing the impact of price fluctuations on consumers. The accuracy
of prediction models is significantly improved by these methods, which adjust their parameters to
minimize errors and maximize output accuracy [29]. The optimization process is carried out at
several levels, with a key role being played by hyperparameter tuning in influencing the model’s
effectiveness. Common approaches to identifying optimal parameter combinations include grid
random search (RS) [30]. However, for models with a large number of parameters, more advanced
optimization algorithms such as the Particle Swarm Optimization (PSO) and Genetic Algorithm (GA)
need to be applied [30], [31]. As part of the optimization process, datasets from the English and
German electricity markets were used to train a Convolutional Neural Network (CNN) with a
Bidirectional-LSTM architecture, for which GA and Random Search (RS) methods were
implemented. The application of these methods resulted in a substantial enhancement in prediction
accuracy, with the PSO method attaining the desired deviation. Subsequent research [30], focused
on improving the accuracy of LSTM, Recurrent neural network (RNN) and Backpropagation (BP)
models by integrating decomposition techniques, such as Variation Mode Decomposition (VMD),
with an Attention mechanism (ATT) and Grey Wolf Optimizer (GWO). The best results were
achieved by models combining all three techniques, as was confirmed by testing various
combinations of these approaches [31]. As shown in Table 2.2, the VMD-GWO-ATT-LSTM model
achieved the lowest errors (RMSE = 1.78 €/ MWh and MAE = €1.45/MWh), confirming that integrating
optimization and decomposition methods can significantly improve the ability of models to
accurately predict short-term movements in electricity prices [30], [31]. The performance metrics of
the optimized models are summarized in Table 2.2 [30], [31]. The accuracy of short-term electricity
price forecasts has been shown to be improved by combining advanced optimization models with
hybrid architectures [29]. In comparison to earlier models that relied exclusively on rudimentary
methods without resorting to optimization techniques [17], [18], [20], the implementation of
sophisticated algorithms such as particle swarm optimization, genetic algorithms, grey wolf
optimizers and Bayesian optimization algorithms led to a substantial reduction in prediction errors
across a range of model architectures. The best results were achieved by the integration of these
optimization methods with decomposition techniques such as variational mode decomposition and
the attention mechanism [31].

Table 2. 2 Prediction accuracy based on performance metrics with optimalizations.

Model - RMSE MSE (€/MWh) MAE
(€/MWh) (€/MWh)
CNN-BiLSTM-AR Data: 3.80 14.45 2.33
RS-CNN-BILSTM-AR Datai 3.62 13.09 2.16
GA-CNN-BiLSTM-AR Data: 3.71 13.76 221
PSO-CNN-BILSTM-AR  Data: 3.46 12.00 2.00
Model - RMSE MSE (€/MWh) MAE
(€/MWh) (€/MWh)
CNN-BiLSTM-AR Dataz 4.87 23.76 3.33

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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RS-CNN-BILSTM-AR Data: 4.64 21.62 3.07
GA-CNN-BiLSTM-AR Dataz 4.46 19.92 2.87
PSO-CNN-BILSTM-AR  Dataz 4.05 16.47 2.55
Model - RMSE Mape MAE
(€/MWh) (€/MWh) (€/MWh)
LSTM Datas 2.88 1.99 2.29
RNN Datas 2.96 2.04 2.30
BP Datas 3.04 2.13 2.51
ATT-LSTM Datas 2.79 1.92 2.22
ATT-RNN Datas 2.93 2.03 2.37
ATT-BP Datas 2.95 2.06 2.39
GWO-ATT-LSTM Datas 2.74 1.72 2.00
GWO-ATT-RNN Datas 2.88 1.89 221
GWO-ATT-BP Datas 2.92 1.83 212
VMD-LSTM Datas 2.13 1.63 1.87
VMD-RNN Datas 2.98 1.45 2.05
VMD-BP Datas 2.35 1.79 2.04
VMD-ATT-LSTM Datas 1.96 1.43 1.66
VMD-ATTT-RNN Datas 217 1.59 1.85
VMD-ATT-BP Datas 2.18 1.60 1.87
VMD-GWO-ATT-LSTM  Datas 1.78 1.24 1.45
VMD-GWO-ATT-RNN  Datas 1.87 1.33 1.54
CMD-GWO-ATT-BP Datas 1.97 1.37 1.59

3. Data Description and Methodological Framework

To understand the electricity market, it is necessary to analyses the DAM in detail, because it
represents a key segment of short-term electricity trading and interacts closely with other energy
commodities. The data used for this analysis was obtained from the public-available OKTE [32]
source and relates to the Slovak electricity market. To enable automated historical data retrieval
within the required time frame, an APl was implemented [33]. Data processing and analysis were
carried out in the Python programming language using the JSON library to load and process files.
Data covering the period from January 1st 2020 to June 30th 2025 was obtained from the day-ahead
market database, with all data recorded at hourly intervals. Fast Fourier Transform (FFT) and
Autocorrelation coefficient were then implemented to identify periodic patterns and dominant
frequency components in the time series.

As shown in Figure 2 and Figure 3, two methodologies were used to identify periodic patterns
in electricity prices, showing three main cycles: daily, weekly and semi-daily. Analyzing a smaller
subset of the data in Figure 2 reveals that the filtered data more closely follows real values than when
a longer period is analyzed in Figure 3. The noise distribution graph shows that the residual
component is approximately normally distributed around zero. This suggests that most deviations
from the filtered signal are random, and that the filtering process effectively captures the dominant
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periodic patterns in DAM prices. Between 2020 and 2023, the world faced a number of major crises,
which caused significant disruption to commodity markets and typical price dynamics. This led to a
more volatile and sudden fluctuations in prices. These outcomes are consistent with recent studies
by [34] and [35] which emphasize the significant sensitivity of commodity prices to external and
uncontrollable factors, such as geopolitical tensions and global changes. [34] demonstrated that the
volatility and spillover effects across fossil energy, electricity, and carbon markets were substantially
increased by the effects of the pandemic and the Russia—Ukraine conflict, while [35] highlighted
synchronized changes in oil, coal, and natural gas markets driven by uncertainty, investor sentiment,
and structural market.

FFT Spectrum of DAM Original and Filtered Signal
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Figure 2. Analysis of DAM using FFT and ACF for years 2023-2025.
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Figure 3. Analysis of DAM using FFT and ACF for years 2020-2025.

Even within the shorter timeframe of 2023-2025, daily, weekly, seasonal and sub-seasonal cycles
are evident, suggesting that predictive models for DAM prices should be able to capture long-term
cyclical behavior using limited historical data. However, extending the analysis to the period from

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.2462.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 December 2025 d0i:10.20944/preprints202512.2462.v1

10 of 21

2020 to 2025 provides a clearer identification of seasonal and semi-annual patterns influenced by
broader market and macroeconomic factors.

Table 3. 1 Comparison of dominant periodicities for different data lengths.

2023 - 2025 2020 - 2025
Rank  Period Extent Type Period Extent Type
(d) (EUR/MWh) (d) (EUR/MWh)
1 1.00 49.00 Daily 7.01 31.86 Weekly
2 0.50 39.90 Half-daily 1.00 29.92 Daily
3 7.01 17.74 Weekly 0.50 25.15 Half-daily
4 82.82 8.79 Seasonal 143.36 15.44 Long-
seasonal
5 3.50 8.65 Sub- 91.23 13.56 Seasonal
weekly
6 75.92 7.62 Seasonal 133.8 12.77 Long-
seasonal
7 53.59 7.43 Bi-monthly  118.06 11.91 Long-
seasonal
8 33.74 7.23 Monthly 154.39 11.89 Half-Yearly
9 130.15 7.10 Long- 167.25 11.78 Half-Yearly
seasonal
10 91.10 7.03 Seasonal 52.82 11.53 Bi-monthly

In today’s highly interconnected global economy, commodity markets are increasingly
interdependent, with price movements in one market often influencing others. Numerous studies
have demonstrated significant interlinkages among commodities — for instance, electricity prices are
closely tied to the dynamics of emission allowance markets and fossil fuel prices. For example, Energy
commodities spillover analysis for assessing the functioning of the European Union Emissions
Trading System trade network of allowances shows that energy commodity shocks (brent, coal, gas)
act as transmission channels into the European Union Emissions Trading System network of
allowances, making the carbon-market network a net receiver of spillovers from energy markets
[36].Similarly, the study Alarming contagion effects the dangerous ripple effect of extreme price
spillovers across crude oil, carbon emission allowance and agriculture futures markets finds that
under extreme market conditions, the interdependence among crude oil, carbon emission allowances,
and other commodity futures can surge dramatically, reducing diversification benefits and increasing
systemic risk [37]. Another investigation, A Study Based on Positive and Negative Price Volatility,
identifies that feedback loops exist between energy and carbon markets, where volatility shocks in
fossil fuel markets propagate into carbon pricing, demonstrating a contagion pathway across
commodity systems [38]. Moreover, [39] found dynamic bidirectional volatility spillovers between
carbon and energy markets, confirming the presence of persistent co-movements across energy
commodities. These findings consistently indicate that fossil fuels, electricity, and emission
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allowances form a tightly connected network in which shocks in one market can rapidly transmit to
others, influencing both pricing behaviour and market stability.

Historical commodity price data were obtained from Yahoo Finance using the yfinance Python
library [40], while electricity price data were sourced from the OKTE day-ahead market platform [33].
Our comparative analysis focuses on the year 2024, for which complete datasets across all examined
commodities are available. Before computing correlation coefficients, it is essential to ensure that all
datasets have consistent lengths and comparable temporal characteristics. Commodities such as
crude oil and electricity [33] provide daily trading values, whereas other commodities exhibit
different temporal resolutions. To address this, we adopt an approach that considers relative price
changes over time, enabling meaningful comparison across markets. Specifically, daily price
variations are analyzed to capture year-long dynamics. Natural gas trading occurs during specific
hours (8:00-22:00), coal prices are updated once per day, emission allowances are traded
continuously within a 24-hour window, and uranium prices, similar to coal, are revised once daily.

Figure 4 shows a positive correlation between electricity prices and three selected commodities:
natural gas, emission allowances and coal. The strongest positive correlation (r = 0.59) was observed
between electricity and natural gas, suggesting that gas plays a key role in electricity pricing,
particularly given the significant proportion of electricity produced by gas-fired power plants. The
moderately positive correlations with emission allowances (r = 0.28) and coal (r = 0.14) imply that
these commodities may also impact electricity prices to some extent, primarily through emission costs
and fuel substitution. On the other hand, the negative correlations seen among electricity and Brent
crude oil (r =-0.48) and Uranium (r = -0.47) imply that these markets might be driven by different
dynamics, influenced by factors not directly connected to the electricity market, such as
macroeconomic cycles, geopolitical events or specific nuclear sector developments. As well as the
previously mentioned correlations between electricity prices and specific commodities, additional
interconnections can be seen between the commodities themselves. For example, gas shows a positive
correlation with emission allowances and a negative correlation with coal, while it correlates
negatively with Brent crude oil and uranium. Emission allowances are positively linked to coal, but
have weaker or negative relationships with other fuels. There is a slightly positive correlation
between Brent crude oil and Uranium.

Electricity 0.28 0.14 -0.48 -0.47

Gas - 1.00 0.53 0.20

EUA - 0.28 0.53 -0.25
- 0.00
Coal - 0.14 0.20 - _0.25
- -0.50
Brent - -0.48
-0.75
-1.00
Uranium - -0.47
Electlricity Glas EUA Cc;al Brulant Urarl'num
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Figure 4. Correlations of commodities.

The aim of the second part of the data analysis is to determine the potential impact of weather
factors on electricity prices. As in the previous case, this step involves comparing parameters received
from the OKTE platform with historical meteorological data obtained from the Historical Weather
API [32], [41]. Since only variables for 2024 were included in the previous part of the analysis, data
from the same period is used in this case as well. Five meteorological variables were received from
the API: air temperature, wind speed, precipitation, humidity and cloud cover [41]. Contrary to the
previous database, where it was required to summaries the data into daily values, the data in this
case is provided in hourly intervals. For analysis purposes, all variables were normalized into relative
units, since individual meteorological variables differ in their physical scales. This process of
standardization enables the comparison of these values and prevents any distortion of the results of
the correlation analysis. When looking at how weather affects things, it is important to remember
that, unlike with other products, the weather can have a positive or negative correlation on the price
of electricity.

temperature_2m
wind_speed_100m
precipitation
relative_humidity_2m
cloud_cover

bhtts

0.2 4

0.0 4

Correlation with price

—0.2 4

—-0.4 4

(o) 5 10 15 20
Hour in day

Figure 5. Average correlation of the commodities for each hour in year.

The average correlation between weather variables and electricity prices depending on the hour
of the day is shown in Figure 5. This has been calculated using a 24-hour rolling window. As can be
seen from the graph, the correlation varies significantly throughout the day. During the day, there is
a notable negative relationship between temperature and time, with a peak of around -0.5 at midday.
However, this shifts to

positive correlation at night. The opposite pattern is exhibited by relative humidity, which has a
positive correlation during the day, peaking at around 0.5, and a negative correlation at night. A
slight negative correlation is shown by wind speed, which remains relatively stable throughout the
day. The correlation values of cloud cover and precipitation are smaller and more variable.
Renewable energy sources, especially solar and wind, are likely having an impact on electricity
prices, which is probably the reason for these distinct daily patterns in correlation. The observed
relationships are also significantly influenced by daily consumption profiles and seasonal factors.
Figure 5 shows average values only and cannot capture the full range of variability in correlations
that occur at different times and under different conditions.

Figure 6 was created to analyses the distribution of correlation coefficients between electricity
prices and individual weather variables in detail. The histograms show how frequently different
correlation values occurred during the analyzed period. These reveal that all weather variables
exhibit a significantly wider range of correlation values, ranging from strongly negative to strongly
positive, than the average values shown in Figure 5 suggest. Temperature tends to be negatively
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correlated with electricity prices, with a significant shift in the distribution towards negative values.
This suggests that rising temperatures are linked to falling prices. A distribution that is shifted
towards higher values is often associated with increased relative humidity. Wind speed, cloud
cover and precipitation exhibit a relatively symmetrical distribution of correlations around zero, but
with a wide range of values. Figure 6 cumulative histogram reveals considerable overlap in the
correlation values of the individual parameters across the entire spectrum from -1 to +1, despite their
different distribution characteristics. This indicates a complex interaction between weather variables
and electricity prices that is not apparent from average values alone.
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Figure 6. Correlation of the weather dependency of price.

When considering the impact of weather on various factors, it is important to note that, unlike
other products, weather can positively or negatively affect the price of electricity. This concept is
reflected in recent research. In the study [42] have demonstrated that weather conditions and climate
change significantly influence wholesale electricity prices, with both extremely low and high
temperatures leading to price increases due to increased demand for heating and cooling. Similarly,
[43] emphasize that a simultaneous hedging strategy for price and volume risks in electricity
businesses using energy and weather derivatives, noting that variations in temperature and wind
speed represent key risk factors in electricity markets, affecting not only consumption but also price
volatility. Furthermore, [44] presents evidence suggesting that weather-related variations in
electricity demand, particularly those associated with heating and cooling requirements, vary
considerably between high-income and middle-income countries. The analysis indicates that middle-
income economies, characterized by rapid electrification and growing cooling needs, exhibit greater
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demand elasticity in response to temperature changes, whereas electricity consumption in high-
income OECD countries remains more sensitive to heating requirements.

4. Application of the Proposed LSTM-Seq2Seq Model to Day-Ahead Market
Prices

The development and evaluation of electricity price prediction models in this study are based
on the analysis of data obtained from the day-ahead market, which were discussed in detail in the
previous chapters. In 1997 [45] developed the LSTM model to solve issues faced in RNN learning.
Problems such as an increase or loss of gradient value during learning are often encountered in
traditional learning methods, such as backpropagation through time (BTT) and recurrent learning
(RL). These inaccuracies caused the model to be unstable and learning to be inefficient, especially
when working with longer time dependencies. The distinctive architecture of LSTM models is pivotal
to their capacity to solve these problems, as it facilitates consistent learning over very long periods.
This method guarantees that data is kept for the duration of the learning process, allowing models to
successfully learn even with extended time dependencies while maintaining the capacity to process
short-term data [46]. Due to these properties, LSTM models have become extremely advantageous in
domains such as speech recognition, image and time series processing, all of which require long-term
memory.

Based on our previously developed LSTM model with a sequence-to-sequence (seq2seq)
architecture, this study applies the corresponding modelling framework to a new forecasting domain.
In our earlier work [47], we used real data from photovoltaic systems and smart meters to train the
model to predict household electricity consumption and production. Seq2seq architecture combines
an encoder-decoder structure to enable the model to capture nonlinear and long-term temporal
dependencies within time-series data effectively. In the present research, we have adapted this
framework to forecast short-term electricity market prices. The model’s underlying architecture,
training methodology and parameter configuration remain similar to those described in [47],
ensuring comparability of results while extending the model’s applicability to a different dataset and
forecasting objective. Further technical details are provided in Appendix B.

4.1. Processing of Data from the Day-Head Market

The initial stage of the forecasting procedure involved comprehensive planning and
management of the data. The dataset was examined and cleaned, revealing that there were no gaps
or missing values in the time series. This allowed for their direct application in modelling and
prediction. Figure 7 shows all the data used to create the prediction models and displays average
daily prices for the period from 2020 to 30 June 2025. Based on the FFT and ACF results, two
approaches were defined for training the models, using different time ranges for the training and
testing data.

e  The first approach involved using data from the entire 20202025 period to train the model, with
testing performed on the 2025 data remaining.

e  The second approach employed the same division principle; however, the model was trained
using data from 2023-2025, and the test set comprised the remaining 2025 data.

For both datasets, the data were partitioned into training and testing subsets using an 80:20 ratio,
ensuring that 80% of the data were used for model training and the remaining 20% for testing. As
shown in Figure §, in the first instance (blue histogram), all the data available from the 2020-2025
period were included in the learning and testing process, while in the second instance (red
histogram), solely data from the 2023-30th June 2025 period was utilized. Fourier analysis confirmed
that both sets exhibited the same range of dominant frequencies, indicating that shortening the time
range did not negatively impact the quality of the results. At the same time, the smaller data range
enabled faster model training with only a slight loss of accuracy, as demonstrated by the previous
analysis results.
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Figure 7. Price of the day-head market trough year 2020-2025.
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Figure 8. Price distribution used for forecasting price.

In Table 4.1, the different configurations of the forecasting model are presented, illustrating how
variations in sequence length, forecast horizon, and the number of training epochs influence the
resulting performance metrics. All experiments were conducted on a GF76 11UC laptop, equipped
with an 11th Gen Intel® Core™ i7-11800H processor operating at 2.30 GHz, 32 GB of RAM with a
speed of 3200 MT/s, and an NVIDIA GeForce RTX 3050 Laptop GPU. These hardware specifications
define the computational environment in which the model was trained and therefore provide
important context for interpreting the training times and overall efficiency of the individual
configurations.

In the context of 24-hour ahead forecasting, the utility of employing the complete 2020-2025
dataset remains ambiguous. Though a bigger data set provides more information about historical
price movements, incorporating it into the model requires substantially more computing power and
longer training times. Using a smaller subset of data, such as from 2023-2025, enables faster training.
However, when considering the potential extension of the model to incorporate multiple input
variables in the future, it is unclear whether prediction accuracy would be maintained, improved or
reduced with a smaller data window. Therefore, careful selection of the input data and its historical
range is crucial for balancing the trade-off between computational efficiency and achievable accuracy
in short-term forecasts.

Table 4. 1 Model results for forecasting price for years 2020-2025 and 2023-2025.
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Period Sequence length  Forecast length Epoch (-) t(s) R2 (- MAE
(h) (h) ) (€/MW)
168 168 28 4447.00 0.44 33.29
168 84 56 5819.78 0.71 23.67
168 24 63 5020.02  0.80 18.38
168 12 25 183947  0.80 18.49
168 1 36 2566.16  0.85 14.71
g 84 84 51 311650 0.72 23.11
§I 84 24 43 1972.27  0.80 18.30
84 12 46 172548 0.83 16.48
84 1 54 202449 0.85 14.56
24 24 23 346.11  0.77 19.92
24 12 36 41922  0.81 17.17
24 1 27 269.22  0.83 15.62
Period Sequence length  Forecast length Epoch (-) t(s) R2 (- MAE
(h) (h) ) (€/MW)
168 168 57 4100.82  0.53 28.48
168 84 44 2073.68  0.59 27.52
168 24 40 1576.23  0.75 20.34
168 12 39 1487.36  0.81 17.55
168 1 36 1191.24  0.87 13.63
g 84 84 11 373.06 -1.71 87.32
§I 84 24 31 556.39  0.71 22.76
) 84 12 33 57235  0.80 17.70
84 1 22 36150 0.85 14.29
24 24 27 206.79  0.74 20.97
24 12 30 188.07  0.80 18.49
24 1 21 102.06  0.84 16.21
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5. Conclusion

This study provides a thorough review of the factors that influence prices in the day-ahead
market. It combines an analysis of commodity market dynamics and meteorological conditions with
data-driven forecasting methodologies. The analysis confirms that electricity prices are highly
sensitive to external changes, particularly to the prices of natural gas and emission allowances, and
to extreme weather conditions. Despite the increasing use of renewable energy sources, fossil fuels
still determine the marginal price for many hours of the year, explaining the strong positive
correlation between DAM prices and natural gas markets.

The results also suggest that improving predictive accuracy could be achieved by extending the
model to a multivariate framework incorporating factors such as commodity prices, meteorological
variables and renewable generation profiles. However, this would require careful balancing of model
complexity, data availability, and training efficiency. The complex effects observed in the studies of
commodities and weather demonstrate the advantages of using multiple types of deep neural
architecture, particularly those that employ attention mechanisms.

In terms of the approach used, the investigation reveals that state-of-the-art machine learning
models, in particular the LSTM Seq2Seq framework, possess significant potential for brief price
forecasting. Moreover, the implementation of FFT and autocorrelation analysis was instrumental not
only in identifying prevailing daily, weekly, and seasonal cycles, but also in formulating a discrete
cyclical reconstruction of price dynamics. This breakdown made it easier to understand the
underlying pattern of prices on the DAM, and it provided a way to compare LSTM predictions.
Comparing the training datasets revealed important trade-offs: using the full dataset from 2020 to
2025 improved the accuracy of medium-term predictions (12-24 hours), while training on the shorter
dataset from 2023 to 2025 provided better results for very short-term predictions (one hour ahead)
and significantly reduced computational costs. The results suggest a dependence of the optimal
historical window range on the forecast horizon and the volatility regime of the relevant market.

The findings also indicate that extending the model to a multivariate framework including
commodity prices, weather variables, or renewable generation profiles could further enhance
predictive accuracy. However, such an expansion may require careful balancing between model
complexity, data availability, and training efficiency. The strong spillover effects observed in the
commodity analysis and the nonlinear meteorological influences underscore the potential benefits of
multi input deep learning architectures, particularly those integrating attention mechanisms or
graph-based structures.

Overall, this study contributes to a deeper understanding of the structural drivers shaping DAM
price dynamics and evaluates the practical feasibility of accessible forecasting tools built on publicly
available data. The results demonstrate that reliable short-term forecasting is achievable using open
datasets and computationally manageable models, providing added value for market participants.
In addition, this approach provides an accessible alternative for smaller consumers and market
participants who wish to operate actively in the short-term electricity market but prefer not to invest
in commercial forecasting services or costly analytical tools.

Despite its contributions, the study is subject to several limitations. The forecasting model relies
exclusively on historical price data, meaning that causal relationships with exogenous variables—
such as fuel prices, emissions, renewable availability, demand levels, and policy changes—are not
explicitly captured. In addition, the analysis is confined to the Slovak bidding zone, which limits the
ability to account for cross-border flow constraints, market-coupling effects, and regional interactions
that play an increasing role in European electricity price formation.

Future research should therefore focus on expanding the forecasting framework to incorporate
multiple input variables, including natural gas prices, carbon emission allowances, renewable
generation forecasts, weather conditions, and system load indicators. Integrating such parameters
into a multivariate deep-learning architecture is expected to improve both accuracy and robustness,
especially during high-volatility episodes. Extending the analysis to include market-coupling data,
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cross-border flow patterns, and neighboring bidding zone prices would also offer a more complete
view of the structural determinants of DAM price formation.
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Appendix A. Model

A.1. Model Architecture

The forecasting model employs a sequence-to-sequence (Seq2Seq) architecture based on Long
Short-Term Memory (LSTM) networks, implemented using Keras/TensorFlow. The architecture
consists of an encoder-decoder structure designed to capture temporal dependencies in electricity
price time series data.

Table A1. LSTM-Seq2Seq model architecture summary.

Component Layer Type Unit/Config Activation Parameters
Encoder LSTM 128 unit tanh 66 560
Dropout Rate=0.2 - 0
Repeat vector 84 repetitions - 0
Decoder LSTM 64 unit tanh 49 408
Dropout Rate=0.2 -

A.2. Hyperparameters

The model hyperparameters were configured based on preliminary experimentation and
computational constraints. All hyperparameters are listed in Table A.2.

Table A2. Model hyperparameters.

Parameters Value
Optimizer Adam
Learning rate Default (0.001)
Loss function MSE
Batch size 64
Maximum Epochs 100
Early stopping 10 epochs
Early stopping monitor Validation loss
Restore best weights True
Activation function (hidden layer) Tanh
Activation function (output layer) Linear
Dropout rate 0.2
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B.3. Data Preprocessing

B.3.1. Normalization

All price data were normalized using Min-Max scaling to the range [0, 1] [47]:
P—Punin (3.1b)

Poorm = P —p..
max min

P is the current value, P is the minimum, P, is the maximum, and P is the normalized
value between 0 and 1.

B.3.2. Sequence Generation

Time series data were transformed into a supervised learning format using a sliding window
approach. Let P = [Py, P, ..., Py]be the time series, L;the sequence length, and L¢the forecast length.
The input sequences XWand target sequences Y Vare defined as:

X® =[P, Pryq, . Prypsa] (3.2b)

YO =[Py s, Prorsear o Piviserr—1) (3.3b)

for i=12,..,N—L;—L;+1.
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