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Abstract. This paper presents a comparative study on the use of machine learning models for predicting
electricity prices on the Day-Ahead Market (DAM) in Romania, using the Orange Data Mining platform.
To validate the study, real hourly data for June 2025 was collected and processed. Based on this data, three
different machine learning algorithms were trained and evaluated: linear regression, Random Forest, and
Neural Networks. The experimental workflow encompassed data correlation and preprocessing, the
selection of salient features, and the evaluation of models based on key metrics such as root mean square
error and the coefficient of determination R2. The findings indicate that the Random Forest model exhibits
a marked superiority over both linear regression and neural networks, achieving an R? coefficient of 0.791
and a minimal prediction error. The study underscores the significance of employing flexible models that
are equipped to capture complex and non-linear relationships that are characteristic of the energy market.
Additionally, it emphasizes the essential role of crucial features in enhancing the accuracy of predictions.
The Orange platform has demonstrated its efficacy and accessibility in facilitating the expeditious
development and comparison of predictive models. The future direction of this research includes the
expansion of the dataset, the integration of additional relevant variables, and the exploration of advanced

neural network architectures.

1 Introduction

In the context of the energy transition and increasing
volatility in electricity markets, forecasting electricity
prices poses a significant challenge for distribution
operators, producers, and consumers. This phenomenon
is particularly evident in the day-ahead market (DAM),
where energy is traded on an hourly basis. Prices in this
market can fluctuate significantly, influenced by various
factors such as demand, supply, weather conditions, and
the level of production from renewable sources. The
development of a reliable methodology for predicting
prices on the DAM necessitates the consideration of
numerous factors to ensure the most precise predictions
possible. Consequently, energy trading policies
primarily concentrate on the proportion of renewable
energy produced by integrating new regulations on
carbon dioxide emissions taxation [1].

Therefore, the price of electricity, both on the
Romanian market and at European level, exhibits high
volatility, being closely linked to different sources of
production and various constraints related to the amount
of energy produced daily, weather conditions, and the
difficulty of storing electricity [2]. Considering these
considerations, the present paper presents a proposal for
the development of an application designed to facilitate
the forecasting of energy prices for DAM in Romania.
To address this critical issue, a range of machine
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learning (ML) techniques grounded in ML algorithms
were considered.

In recent years, conventional energy price
forecasting models, which are predicated on statistical
methodologies such as ARIMA, simple linear
regressions, or complex econometric models, have
demonstrated reduced effectiveness when confronted
with an energy market that is becoming increasingly
dynamic and non-linear. Consequently, ML techniques
have gained prominence due to their capacity to provide
a versatile approach that facilitates the comprehension
of important relationships between variables.
Accordingly, price forecasts are available for auctions
lasting only a few minutes, as well as for days, weeks,
months, or even years [3].

This paper employs a comparative methodology to
analyze three representative ML algorithms, with the
objective of estimating the hourly price of electricity on
the DAM. The present study is based on real historical
data for June 2025, provided by OPCOM (the Romanian
Electricity and Natural Gas Market Operator), which
was analyzed using the interactive visual framework of
the Orange Data Mining platform for developing and
testing ML models. The objective of this paper is to
contribute to the improvement of the energy price
estimation process.
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2 The current state of technology

The forecasting of electricity prices for disparate market
configurations has been a subject of extensive research
in the domains of energy and electricity, as well as other
pertinent fields. The forecasting of electricity prices is a
complex process, due to the dynamic nature of
electricity production from renewable sources, which is
highly unpredictable and constantly changing. A
noteworthy paper on this subject is [4] by S. Albahli, M.
Shiraz, and N. Ayub. The primary approach outlined in
this paper pertains to data centers that consume
substantial amounts of energy. Consequently, the study
attempts to identify methodologies for reducing
expenses by optimizing data placement and node
scheduling. The authors propose an XGBoost model that
can predict the current electricity price and identify the
most cost-effective time interval for transferring
information.

In [5], the authors propose an alternative approach
that combines feature selection techniques with ML
algorithms to forecast the average monthly electricity
price in California over a five-year horizon. Using data
from 2001 to 2017, variables with strong statistical
correlations were identified, and predictions were
generated using an S-ARIMA model complemented by
additional ML methods, enabling a rigorous
comparative analysis. Similarly, [6] highlights the
importance of accurate price forecasting in liberalized
electricity markets, demonstrating that a three-layer
GRU model outperforms other evaluated approaches
and achieves superior performance in the DAM context.

The paper [7] proposes a deep recurrent neural
network (DRNN) for electricity price forecasting in
deregulated markets, explicitly incorporating exogenous
variables such as weather conditions, consumption
levels, and natural gas prices. The model significantly
outperforms benchmark approaches, including SVM-
based methods. Similarly, [8] introduces a hybrid short-
term forecasting framework combining ARD and ETR
models to capture both seasonality and complex
nonlinear  relationships, = demonstrating  robust
performance on the Nord Pool dataset.

Day-ahead electricity price estimation is further
examined in [9], where the authors propose an ensemble
framework that integrates multiple ML models to
exploit their complementary strengths. Individual
forecasts are combined through performance-based
weighting schemes derived from historical accuracy,
leading to improved robustness and predictive
performance. The approach, validated on the German
market, demonstrates a significant increase in
forecasting accuracy compared to standalone models.

Similarly, [10] introduces a sub-hourly electricity
price forecasting framework based on AutoGluon,
designed to capture rapid fluctuations driven by
renewable generation. The method relies on a
dynamically weighted ensemble model capable of
adapting to different time intervals throughout the day.

3 Theoretical background

Electricity price forecasting is a major research topic
due to its critical role in modern energy markets. Price
fluctuations directly influence the strategies of
producers, traders, and consumers, particularly in
liberalized systems with high renewable penetration and
increased volatility. In this context, accurate forecasting
models are essential for improving operational
efficiency, reducing financial risk, and maintaining the
balance between supply and demand. Consequently,
advanced analytical approaches, especially ML
techniques, have gained significant attention for their
ability to model complex and nonlinear market
dynamics [11].

3.1 Conventional forecasting models

Conventional methods, including autoregressive
integrated moving average (ARIMA) models and linear
regressions, have been extensively employed to estimate
electricity price time series. These models offer
interpretability and simplicity, yet they presuppose
linear relationships between variables and a normal
distribution of residuals. Violations of these
assumptions are common in energy markets, where
price behavior is frequently nonlinear, marked by
significant seasonality and sudden fluctuations.
Historically, ARIMA models constituted the
predominant structures employed in this field,
exhibiting the capacity to forecast both the quantity of
energy demanded and its associated price. This solution
integrates wavelet analysis and ARIMA models,
concurrently leveraging temporal variables and those
derived from wavelet decomposition [12].

3.2 Machine learning models used in
forecasting

In recent years, ML algorithms have become essential
pillars in electricity price modeling, due to their ability
to capture complex and often nonlinear relationships
between market variables [13]. Conventional models,
such as linear regression, have been augmented with
regularization techniques: The use of Ridge, Lasso, or
ElasticNet is proposed as a method of mitigating the risk
of overfitting and enhancing the stability of coefficients
in contexts characterized by noisy or multicollinear data
[14].

However, recent research has indicated that
decision-making tree-based models, particularly
Random Forest and boosting techniques, can capture
complex interactions between variables and cope more
effectively with sudden price fluctuations. ANN’s are
valued for their flexibility in learning nonlinear
dependency functions. According to recent research,
when these networks have a substantial amount of data
and are properly configured, they can outperform
traditional approaches. However, they remain extremely
sensitive to hyperparameter settings and require
significantly higher computational resources [15].
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Moreover, studies in this field demonstrate that
incorporating exogenous variables, such as weather
data, renewable energy production levels, or national
consumption trends, can substantially enhance the
accuracy of price estimates by incorporating essential
factors that influence the balance between supply and
demand [16].

4 Case study

A case study was conducted to demonstrate the
applicability of ML methods to estimate the price of
electricity on the DAM. The study was based on real
data obtained from the OPCOM platform for June 2025.
The interval was deliberately selected because it
provides a complete set of hourly values, reflecting a
time window that typically captures price variability.

Although the dataset is limited to a single month, the
selected period was intentionally chosen as a
representative transitional month characterized by
significant intra-day variability and increased renewable
penetration. The objective of this study was not to
construct a fully generalized long-term forecasting
system, but rather to evaluate the behavior of different
machine learning algorithms under controlled and
reproducible conditions. The relatively compact dataset
allowed transparent experimentation, fast iteration of
model configurations, and a clear assessment of
methodological differences between linear and
nonlinear approaches. This phenomenon is specific to
months of climatic transition, when both energy
consumption and production show pronounced
fluctuations.

The dataset under consideration encompasses, for
each day and hourly interval, the price of electricity in
RON/MWh, the traded volume, and the date and time
associated with each record. Following a meticulous
verification process, the data underwent validation,
resulting in the removal of all incomplete records and
obvious errors. This process yielded a final set of 696
valid records, encompassing the 29-day period under
analysis.

4.1 Data description

The data analysis was performed using the Orange Data
Mining platform [17], an open-source visual
environment that enables rapid workflow development
for preprocessing, modeling, and evaluation, ensuring
transparency and reproducibility. The process included
importing the OPCOM CSV dataset, selecting the
relevant variables, and splitting the data into training
(70%) and testing (30%) subsets. Subsequently, three
ML models were configured and trained, with
hyperparameters adjusted according to the specific
characteristics of each method.

The dataset under consideration encompasses hourly
values for the following parameters:

*  The present value of electricity is expressed in

RON/MWh.

*  The quantity of energy that is traded, measured
in MWh, is of particular interest.

» The following elements are required for each
record: the date and time corresponding to each
record.

The data was manually extracted from the OPCOM
website and compiled into a single CSV file. Following
its upload to Orange, the set was subjected to analysis
and cleansing, a process that entailed the removal of
formatting errors and superfluous fields.

4.2 Workflow architecture

Figure 1 presents the workflow architecture
implemented in Orange, covering all essential stages of
data processing and analysis. The CSV file retrieved
from OPCOM was imported using the File widget,
followed by variable selection (price, volume, date, and
time) through the Select Columns function. The dataset
was then split into training (70%) and testing (30%)
subsets using the Data Sampler.

The modeling stage included Linear Regression,
Random Forest, and Neural Network widgets. Model
performance was evaluated with the Test and Score
widget, which computed R?, MAE, and RMSE for
objective comparison. The Predictions widget generated
estimated prices on the test set, while Scatter Plot and
Line Chart visualizations illustrated the agreement
between actual and predicted values and their hourly
evolution. Overall, the workflow in Figure 1
summarizes the methodological framework adopted in
this study.

Random Forest (¢,

Sebctad Prdiccom Dua [ o2

Predictions (1) Scatter Plot (2)

Predictions (2) Seatter Plot (1)

Fig. 1. Machine Learning Workflow for Day-Ahead
Electricity Price Forecasting.

4.3 Configuration of ML algorithms

To predict the price on the DAM, three regression
algorithms emblematic of the field of ML were
implemented. The selection of these models was
predicated on their methodological diversity and their
capacity to capture relationships of varying complexity
between the variables analyzed.
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4.3.1 Linear regression

This method is a simple and direct approach for fitting a
line to data. The linear regression model functioned as a
reference point, offering a straightforward yet
interpretable approach to the relationship between
energy prices and explanatory factors (trading volume
and time). In order to address the issue of overfitting and
maintain the stability of the coefficients, Ridge
Regression (L2 regularization) was selected, which
incorporates a penalty term that reduces the magnitude
of the coefficients. The model employs Ridge (L2)
regularization, with the regularization coefficient set to
a=0.0001. The fit-intercept option is enabled, allowing
the model to include a free bias term. This configuration
achieves a balance between predictive accuracy and
coefficient stability, thereby reducing the risk of
overfitting on the training data.

4.3.2 Random Forest

The selection of Random Forest was predicated on its
demonstrated robustness and aptitude for capturing
nonlinear relationships between variables. The model
constructs an ensemble of independent decision trees,
subsequently integrating them through averaging, a
process that reduces variance and enhances
generalization [18].

By establishing a baseline of 100 trees, the model
effectively optimized the balance between accuracy and
processing time. A notable advantage of the model is its
partial interpretability, which enables it to underscore
the significance of variables and identify the factors that
exert the most substantial influence on energy prices.

4.3.3 Neural Networks

In this experiment, a neural network model was
implemented to evaluate its ability to capture complex
nonlinear relationships, particularly in a highly
oscillatory time series such as electricity prices. The
network consisted of a single hidden layer with 64
neurons and employed the ReLU activation function to
model nonlinear patterns.

Stochastic Gradient Descent (SGD) was used as the
optimization algorithm, with a regularization parameter
of a = 0.0001 to reduce overfitting risk. The training
process was limited to 200 iterations, and
reproducibility settings were enabled to ensure
consistent results. Considering the relatively small
dataset, a simple architecture with one hidden layer was
deliberately selected to maintain stability and avoid
excessive model complexity.

4.4 Evaluating model performance

To ensure the accuracy and generalization of the
findings, a rigorous cross-validation procedure was
employed, seamlessly integrated within the Orange Data
Mining Test & Score widget. This step enabled a
rigorous and objective comparison of the performance

of each regression model, with each model being
subjected to the same data set and testing conditions.

4.4.1 Validation methodology

To ensure a robust estimation of model performance, the
k-fold cross-validation method was employed, with k set
to 3 folds. The dataset was partitioned into three roughly
equal subsets. At each iteration, two subsets were
allocated for training, while the third was designated for
testing. The process was repeated so that each subset
was used once as a test set, and the results were
averaged. This approach mitigates the risk of
overfitting, thereby facilitating a more accurate
assessment of the model's performance on novel,
previously unseen data. The stratified sampling option
was enabled as well, which ensured a balanced
distribution of target values (energy price) in each subset
to avoid statistical imbalances. Additionally, a random
sampling validation was conducted, comprising 20
repetitions, with the data divided into a ratio of 70% for
training and 30% for testing, to assess the stability of the
results.

4.4.2 Performance metrics

To this end, a suite of regression-specific statistical
metrics implemented in Orange Data Mining were
employed to assess the models.

e RMSE measures the deviation between
predicted and observed values; lower values
indicate better model accuracy.

e MAE evaluates prediction accuracy by
computing the mean absolute error, reflecting
the average magnitude of deviations between
predicted and actual values.

e R?2 the coefficient of determination, indicates
the proportion of variance explained by the
model; values closer to 1 denote stronger
agreement between predicted and observed
data [19].

5 Results and discussions

A data set was utilized to conduct a comparative analysis
of various regression models. This data set meticulously
documented the hourly fluctuations in electricity prices
throughout the span of a month. This information was
withheld during the model testing stage, during which
each algorithm was subjected to identical conditions to
ensure the consistency of results. The models were
executed on a stable training subset, thereby ensuring
the reproducibility of the performance indicator values.

Figure 2 compares the numerical performance of the
three models, displaying the R? determination
coefficient values obtained on the test set. A thorough
examination of the available data reveals that the models
exhibit notable discrepancies in their explanatory
capabilities. Linear regression models demonstrate
limited efficacy in explaining price variations, while
neural network models exhibit superior performance,
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though with reduced stability. The Random Forest
model demonstrates a notably higher R2?, thereby
substantiating its capacity to discern nonlinear
relationships and the distinct dynamics of the DAM.

As shown in Figure 3, the scatter plot illustrates the
relationship between the prices predicted by the
Random Forest model and the actual DAM electricity
prices. Each point represents an hourly observation and
is color-coded according to the actual price level,
enabling the identification of areas with pronounced
variability. The diagonal line (y = x) represents the ideal
case of perfect prediction. Most observations cluster
closely around this line, indicating a strong correlation
between predicted and observed values (r = 0.97).
Larger deviations appear mainly at extreme price levels,
where heightened market volatility makes accurate
estimation more challenging.
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Fig. 2. Comparison of model performance based on R? score.
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Fig. 3. Scatter plot of actual vs. predicted prices using the
Random Forest model.

To provide a temporal assessment of prediction
accuracy, Figure 4 compares actual prices with those
estimated by the Random Forest model over a
representative hourly interval. The close alignment of
the two curves shows that the model effectively captures
both overall trends and sudden price changes,
maintaining satisfactory performance during stable and
volatile periods alike. Although minor local deviations
are visible, they do not significantly affect the overall

trajectory, confirming the model’s suitability for short-
term electricity price forecasting.
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Fig. 4. Time series comparison of actual and predicted
electricity prices (Random Forest).

As presented in Table 1, the comparative evaluation
of the three regression models based on RMSE, MAE,
and R? reveals significant differences in predictive
performance. Linear regression records the highest error
values and the lowest coefficient of determination,
reflecting a limited ability to capture the variability of
electricity prices. The neural network model achieves a
noticeable reduction in both RMSE and MAE compared
to linear regression and demonstrates improved
explanatory power; however, it does not reach the
performance level of the Random Forest model.

Random Forest clearly outperforms the other
approaches, achieving the lowest error metrics and the
highest R? value. These results confirm its strong
capability to model nonlinear dependencies and
complex market dynamics, which are characteristic of
day-ahead electricity price formation.

As the analysis progressed, a series of feature
engineering tactics were implemented, including the
insertion of derived variables such as sin and cos related
to the time of day. However, the improvements in linear
models proved marginal. In contrast, Random Forest
exhibited remarkable resilience to these additions and
maintained its dominance. After a thorough examination
of the available data, it was determined that Random
Forest represented the most suitable option for
estimating prices on the day-ahead market. The Orange
platform ensured a fast, transparent, and easily
reproducible implementation of the entire analytical
workflow.

Table 1. Comparative results of ML models on hourly DAM

data.
Model RMSE MAE R?
Linear
Regressio 294.40 238.41 0.132
n
Random 144.63 91.20 0.791
Forest
Neural
Network 196.33 143.95 0.614
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6 Conclusions

This study confirms the applicability of machine
learning techniques for day-ahead -electricity price
forecasting on the Romanian DAM. Using real hourly
data and a reproducible workflow implemented in
Orange Data Mining, three regression models were
comparatively evaluated: Linear Regression, Random
Forest, and Neural Networks.

The results demonstrate the clear superiority of
nonlinear approaches over linear models in capturing
electricity price dynamics. Among the tested methods,
Random Forest achieved the best performance (R* =
0.791; RMSE = 144.63), indicating a strong ability to
model the complex and nonlinear structure of market
prices. The Neural Network showed intermediate
performance (R? = 0.614), while Linear Regression
proved insufficient for accurately representing price
variability (R? = 0.132).

These findings highlight that electricity prices in the
DAM exhibit predominantly nonlinear behavior,
requiring flexible modeling frameworks. Feature
engineering techniques, including temporal variables
and derived time indicators, contributed to performance
improvements, particularly for linear and neural
network models.

Overall, the study demonstrates that tree-based
ensemble methods, especially Random Forest, represent
a robust and practical solution for short-term electricity
price forecasting in the Romanian market. Future work
should extend the temporal horizon of the dataset and
incorporate exogenous variables in order to further
enhance model generalization and predictive robustness.

6.1 Limitations of the study

Despite the encouraging results, several limitations must
be acknowledged. First, the analysis is based on a single-
month dataset, which restricts the ability to capture
seasonal effects and long-term structural market
changes. Future research will incorporate multi-seasonal
data in order to improve model generalization.

Second, the study relies primarily on endogenous
variables (price and traded volume), without explicitly
integrating exogenous predictors such as national load,
renewable generation output, meteorological indicators,
or fuel prices.

Finally, although cross-validation techniques were
applied to ensure robustness, the relatively small dataset
constrains the statistical power of the conclusions.
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