
This work is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License. 

This is a postprint version of the following published document:

Saez, Y., Mochon, A., Corona, L., Isasi, P. (2019). 
Integration in the European electricity market: A 
machine learning-based convergence analysis for the 
Central Western Europe region. Energy Policy, 132, 
pp. 549-566.

DOI: 10.1016/j.enpol.2019.06.004

© Elsevier, 2019

https://doi.org/10.1016/j.enpol.2019.06.004
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/


Integration in the European electricity market: a machine learning-based
convergence analysis for the Central Western Europe region

Yago Saez, Asuncion Mochon, Luis Corona, Pedro Isasia,b,c,d

ayago.saez@uc3m.es
bamochon@cee.uned.es

cluis.corona-mesa-moles@edf.fr
disasi@ia.uc3m.es

Abstract

The European electricity market is immersed in an integration process that requires a fundamental
transformation. In this process, Flow-Based Market Coupling, which was employed for the first time in the
Central Western Europe electricity market in 2015 as a means to manage cross-border capacity allocation, is a
crucial cornerstone. The novelty of this paper lies in the analysis of the price convergence or congestion across
the Central Western Europe region since the Flow-Based Market Coupling was implemented. We propose
using random forests to build learning models that are trained and tested with features from connected
markets of this region during 2016 and 2017. These machine learning models are used for mining knowledge
about our target variable, price equalization. To search for robust predictive patterns that decision-makers
can use to understand congestion situations, we have tested different combinations of learning schemes,
several estimators and different model parameters. The results of all implemented models are robust and
reveal that promoting renewable energy can contradict the integration of the electricity market if the grid
network and, in particular, the transmission lines are not adapted to the new paradigm.

Keywords: European electricity market, CWE region, flow-based market coupling, random forest, machine
learning, decision trees.

1. Introduction

In the European Union, the electricity market is undergoing continuous evolution: the aim is to build a
common and integrated market within the perimeter of the European Internal Energy Market, which means
that electricity can be purchased and sold, regardless of grid constraints. The main goals of this transformation
are to improve the reliability of electricity supply, to facilitate the integration of renewable energy sources,
to increase the affordability of electricity and to improve competition. However, the transformation of
various national electricity markets into a single one is not immediate. In addition to legislative constraints,
the most important difficulty comes from the physical limitations inherent in electricity exchanges between
countries: the grids of bordering countries are connected through cross-border interconnectors of limited
capacity. Therefore, a common liberalized electricity market is being implemented progressively.

A key factor in this integration process is the market coupling. Coupling means that electricity can be
exchanged between neighboring countries, flowing from a cheaper to a more expensive one, ideally, until
they are matched and price convergence is reached. Nevertheless, if the flow of electricity needed to equalize
the price between neighboring countries violates the physical constraints of the grid, price convergence is
not reached, and a congestion situation occurs. The way in which the constraints of electricity networks are
considered is of high importance since it directly impacts the amount of electricity that can be exchanged
and, therefore, the degree of integration of this market. The European Commission considers that Flow-
Based Market Coupling (FBMC) is the best approach for this task (European Union (2015)). This complex
and advanced method is hard to implement since it requires a high degree of coordination among the
different actors involved. Nevertheless, after several years of parallel runs, on May 21, 2015, the FBMC
was implemented for the first time in the Central Western Europe (CWE) region, and it is expected to be
implemented at the European level in the following years.



The complexity of the FBMC mechanism makes it necessary to introduce novel approaches to understand
and evaluate its effects in the CWE region. In addition, since 2015 the ENTSO-E transparency platform
gives access to a large amount of data that can be used to perform analysis of the European electricity market
(Hirth et al. (2018)). It is therefore possible to use this information in order to propose new methods to
analyze the consequences of the policy choices in the construction of the European Internal Energy Market.
In particular, the electricity price convergence (or not) appears as a good indicator to identify which are the
key aspects of the FBMC mechanism. The research of electricity price convergence, in order to understand
how it evolves with respect to other significant magnitudes of the European electricity market, will therefore
contribute to reveal to policy-makers the most important features of its behavior. In this paper, since the
FMBC is a multilateral market coupling mechanism, an analysis method able of considering simultaneously
the information of the whole interconnected region is presented. The ultimate goal is to understand the
FBMC mechanism implications and trace situations in which the price equalization is not reached to detect
congestion patterns. Therefore, the main contributions of this work are the following:

• presentation and analysis of the electricity market integration within the CWE region after the imple-
mentation of the FMBC mechanism;

• identification of predictive rules that allow analyzing electricity price convergence versus congestion
situations in the CWE region. This aspect is of high interest since it allows to identify the key aspects
of the electricity market in which policy-makers should act to achieve the goals of the electricity market
integration;

• presentation of a method that enables to consider at once the information of several interconnected
electricity markets in order to perform robust analysis of their behavior.

To understand the key factors that impact our target variable, price convergence, we propose the use of
machine learning techniques, specifically the random forest (RF) algorithm, based on information gathered
from all connected markets within the CWE region. In machine learning, decision trees are supervised
learning models that, based on observed features,1 reach conclusions about the objective or dependent
variable (Breiman et al. (1984); Quinlan (1986)). This is a neat approach to understand interactions in the
CWE electricity market because it can address big data sets and generate easily interpreted models.

To achieve robust results, RFs have been trained using different numbers of trees (estimators) and for
two training schemes, which will be explained in more detail in a later section: sliding window and aggregate
window. The results of each learning model have been assessed using the most common metrics: accuracy,
the F1 Score and Cohen’s kappa statistics. Furthermore, to have a better understanding of which variables
better explain the convergence, the features included in the model have been filtered using an iterative
procedure, in which irrelevant features are detected and eliminated progressively until all the remaining
features are significant.

The implemented machine learning models have successfully identified congestion rules, finding key fea-
tures and threshold values that yield either congestion or convergence branches. Our results reinforce pre-
vious findings: the transmission capacities must be adapted to create a unified energy market and promote
renewable energies (Huppmann and Egerer (2015); Janda et al. (2017)).

Finally, working on predictive tools for a zone coupled through the innovative FBMC methodology is
an important contribution for the future, as the FBMC solution is called to pursue its development in the
European Union for the day-ahead and intra-day electricity markets (CWE and CEE Parties (2016); Central
Western Europe National Regulatory Authorities (2015)).

This paper is structured as follows. Section 2 reviews previous literature on electricity market integration
in the CWE region. Section 3 briefly explains the European electricity market integration process and
presents the FBMC in the CWE region. Section 4 gives an overview of previous works that have applied
machine learning to electricity markets. Section 5 describes the objective and methodology implemented,
including the following steps: data acquisition, data processing, selection of features and learning model.
Section 6 explains the experimental design. The results are exhibited in Section 7. Finally, the conclusions
and discussions can be found in Section 8.

1The terms feature and variable are used in this work indistinctly to refer to the input attributes.
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2. Literature review on electricity market integration in the CWE region

In 2015, it was published an analysis of market integration in European electricity markets before and after
the closures of eight nuclear power plants that occurred in Germany in 2011 (de Menezes and Houllier (2015)).
Two years before, a study on the German nuclear phase-out identified that the subsequent development of
renewable energy sources in Germany would be the main driver for grid congestion (Bruninx et al. (2013)).
It was empirically investigated the impact of renewable energy sources growth in Germany on German and
French power price volatility (Phan and Roques (2015)). In the same year, the congestion management and
the benefits of topology control in the CWE region were studied (Han and Papavasiliou (2015)). One year
later, it was assessed the electricity market integration in Europe, testing hypotheses about the convergence
of wholesale electricity prices (de Menezes and Houllier (2016)).

We can also find a research of the evolution of the electricity spot prices of the British, French and Nordic
markets, taking into account the development of both the connected markets and the carbon and fuel prices
(de Menezes et al. (2016)). The congestion problems occurring in the German electricity market and the
consequences of dividing it into two different price areas (northern and southern bidding zones respectively)
were also a research topic (Egerer et al. (2016)). The benefits of a new transmission congestion management
approach based on a multi-objective solution were studied as well (Hosseini et al. (2016)). In a context in
which the share of renewable energy sources is increasing the possibility of considering the electricity demand
flexibility at the distribution level in order to cope with congestion management was considered (Spiliotis
et al. (2016)). Furthermore, the effect of transmission capacities in the Western European electricity market
from the game theory perspective were analyzed (Spiridonova (2016)).

In 2017, some authors studied the benefits of an Internal Electricity Market in Europe, performing case
studies for the CWE region (Ringler et al. (2017)). The dependence between electricity spot markets in the
heart of Europe: France, Germany/Austria and Switzerland was also investigated (Du and Lai (2017)). A
description of the key design parameters and functioning of all three short-term markets in the CWE region
can be found in (Brijs et al. (2017)). The transmission congestion in Europe up to Year 2050 in a context
dominated by the development of renewable energy resources was examined (Goop et al. (2017)).

In 2018, it was illustrated that renewable production induces a negative marginal effect on the price of
electricity, focusing on the German market (Lagarde and Lantz (2018)). This result was confirmed as well in
other works (Benhmad and Percebois (2018)). The case of Germany was as well considered in the study of
the evolution of congestion management in a context of strong expansion of renewable electricity generation
(Schermeyer et al. (2018)). In this context, the possibility of considering the rising number of electric vehicles
for congestion management in Germany was studied (Staudt et al. (2018)). In the same year, it was analyzed
the effect of planned cross-border energy flow and forecast wind energy share with respect to three pricing
outcomes, i.e., higher price, lower price, and equal prices, for trading partners in the Nordic day-ahead spot
market (Unger et al. (2018)). The possibility of considering another delimitation of price zones in the CWE
region in order to cope with congestion was evaluated (Felling and Weber (2018)). A structural price model
for coupled electricity markets in Europe, considering a limited interconnection capacity, was investigated
(Alasseur and Féron (2018)). We can also find a research about different balancing market designs in Europe
focusing on transmission capacity reservation for balancing purposes (Dallinger et al. (2018)). In the same
year, several authors analyzed the impact of cross-border reserve markets within the CWE region (Van den
Bergh et al. (2018)).

Finally, it was forecasted the electricity price of a bidding zone included in the CWE region (Belgium), and
the results improved when they incorporated features from a connected market (France) (Lago et al. (2018)).
In 2019, the close relationship between market integration and the electrical mixes of the interconnected
areas was examined, the case of the German and French electricity markets was considered (Gugler and
Haxhimusa (2019)). In line with these findings, we propose analyzing the CWE electricity market by
including information about all of the bidding zones in that region.

3. The European Electricity Market

Over the last years, the European electricity market has undergone an important evolution, moving
progressively from a national basis market, often with a single vertical utility in charge of all aspects of the
electricity supply, to a common energy market, in which competition and liberalization have been introduced
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in terms of both generation and retail activities. In this process, the electricity networks of the different
countries are becoming more connected, which means that the capacity of cross-border interconnectors is
increasing. Hence, interconnections have become a major aspect for the integration of European electricity
markets (Newbery et al. (2016)).

Cross-border interconnectors are of high importance for guaranteeing the supply of electricity at every
moment, especially in a context in which renewable (and not always accurately predictable) sources of energy
are gaining importance in electrical mixes. Consequently, as they facilitate the integration of renewable
energy sources, interconnections play an important role in the decarbonization of the European electricity
system.

Cross-border interconnectors allow the market coupling of areas that were previously electrically sepa-
rated from others. The market coupling is a mechanism for matching orders considering implicit capacity
allocation, (Bundesnetzagentur (2014); Elia (2015)). The capacity of a given cross-border interconnector is
limited as it represents the maximum amount of electricity that can flow through it.2 According to this
method, markets with the lowest prices export electricity to markets with the highest prices, ideally until
the prices in both areas are the same (price convergence), thus optimizing the day-ahead market welfare
for the whole region.3 Nevertheless, if the interconnection capacity is insufficient, there will be congestion,
and the amount of electricity exchanged will depend on the remaining capacity. In this situation, the prices
cannot equalize.4

The areas connected by electrical interconnections are called bidding zones; they correspond to a ge-
ographical area in which the market is operated without taking into account grid constraints, (OFGEM
(2014)). They usually correspond to national borders, but they can also correspond to larger or smaller
areas.

3.1. Flow-Based Market Coupling in the CWE region

In Europe, two standard approaches for congestion management of the day-ahead market co-exist: the
Available Transmission Capacity (ATC) model and the innovative FBMC model (Lam et al. (2018)). These
two methodologies, in fact, correspond to two different methods for transmission system operators to compute
the transmission capacity that can be allocated at a given interconnection. In the ATC model, a unique
interconnection between two different areas is considered, whereas in the FBMC model, a more global
approach is taken into account (several interconnections are considered at the same time). The FBMC is
the preferred option according to the Congestion Allocation and Congestion Management guidelines of the
European Commission (European Union (2015)).

One of the most important regions for the construction of the Internal Energy Market is the CWE region,
because of its geographical position and the size of its electricity market. This region is composed of Austria,
Belgium, France, Germany, Luxembourg and the Netherlands. It is divided into four different bidding zones:
Austria, Germany and Luxembourg are grouped into a single biding zone (hereafter named Germany), and
Belgium, France and the Netherlands account for one bidding zone each. In this region, the coordination
and preparation of the different actors (mainly transmission system operators and power exchanges) are
essential to successfully implement the FBMC methodology, which is the first step before implementing it
across Europe. After several years of tests, mainly consisting of parallel runs between 2012 and 2014, it
was decided to launch the FBMC in the CWE region in May 2015 (CWE Partners (2015)). Market prices
and net positions are simultaneously determined in the new market coupling mechanism with the use of the
available capacity defined by each CWE Transmission System Operator. Capacity constraints include Flow-

2Moreover, transmission system operators keep some safety margins for the use of cross-border interconnectors.
3The Price Coupling of Regions is the project of the European Power Exchanges to electrically interconnect the different

areas across Europe on a day-ahead basis. The coupling of the different regions is performed via an algorithm that takes into
account the requirements of the different power exchanges and transmission system operators across Europe. The Pan-European
Hybrid Electricity Market Integration Algorithm (EUPHEMIA) is the algorithm that makes this coupling possible, yielding
(within a reasonable time frame) the energy allocation and the day-ahead or spot electricity prices across Europe that maximize
the overall social welfare (PCR (2016)).

4A description of some congestion management methods can be found in (Pillay et al. (2015)). Furthermore, the European
Commission established in 2015 guidelines about cross-zonal capacity allocation and congestion management in the day-ahead
and intra-day markets that the different actors of the European electricity market must follow, (European Union (2015)).
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Based capacity parameters, such as the Critical Branches,5 the Power Transfer Distribution Factor-matrix
(PTDF-matrix)6 and the Remaining Available Margin (RAM)7. A description of the intricate process for
capacity calculation can be found in (Bundesnetzagentur (2014)).

Given the complexity of the FBMC methodology, it is difficult to predict the behavior of the day-ahead
market in terms of congestion, electricity flows and electricity price. Therefore, developing forecasting tools
to help energy providers and traders anticipate the behavior of the electricity market is a major challenge.
Furthermore, understanding when, where and why congestion occurs is particularly interesting since it gives
decision-makers relevant signals and elements to evaluate the state of the integration process.

4. Machine learning in electricity markets

Machine learning techniques have already proved to be very useful for time-series prediction in many
domains, such as financial time series (Krollner et al. (2010)), environment and weather forecasting (Feng
et al. (2016)), and many other fields (Sapankevych and Sankar (2009)) for a review of different real-world
applications). Regarding energy and power systems applications, machine learning can be useful for load
prediction (Alfares and Nazeeruddin (2002)), energy demand (Hernandez et al. (2014)), power anomaly
detection (Hameed et al. (2009)) and predictive maintenance (Ullah et al. (2017)), among other applications.

Particularly, with the day-ahead electricity market, where an accurate price forecasting model is essen-
tial for bidding strategies, there is a vast number of related articles. To give an idea, it was performed a
selective bibliography of 55 works focusing only on price forecasting using neural networks (Panapakidis and
Dagoumas (2016)). One year later, there was a summary including 31 research contributions on electricity
price forecasting using machine learning techniques (Singh et al. (2017)). There is a complete overview of
the electricity price forecasting, which reports almost 500 works from 1989 until 2013 (Weron (2014)). Most
of these existing related works propose using novel techniques or approaches to improve the existing ones
and then compare their results for forecasting exact prices with previous works, using several datasets that
have become improvised benchmarks (e.g., Spain (OMEL (Accessed: 2018-02-12)), PJM (PJM (Accessed:
2018-02-12)), and Ontario (OEM (Accessed: 2018-02-12)), among others). Most of these studies assess their
models over four representative weeks across a year, usually taking one week per season (Panapakidis and
Dagoumas (2016)). The improvements in price prediction accuracy in these years have been commonly
achieved with specific advances processing the original data and/or with the hybridization of existing al-
gorithms and novel techniques. At the end, these models are hyper-specialized approaches that perform
accurate electricity price forecasts with just a few features (hour, price and sometimes load), but they do
not explain the market dynamics or the dependencies of real-world variables with respect to the final price.
Most models, such as neural network-based approaches, work as black boxes: once they are conveniently
trained, they forecast prices without any other explanation.

In this work, we develop a completely different approach compared to day-ahead forecasting models.
Instead of focusing on obtaining the best possible prediction, our objective is to use machine learning
methods to analyze congestion or convergence outcomes through the analysis of the generated models. The
main idea is to train and test learning models using two-year data and including all available variables in
the forecasting model. Then, we look for predictive rules that could help decision-makers in the electricity
market understand congestion situations and thereby improve the integration process.

We propose using decision trees-based algorithms because they have the following advantages:

• these techniques have demonstrated usefulness for performing data mining (Rokach and Maimom
(2007); Quintana et al. (2017));

• comprehending decision trees is fairly easy, offering a complete white-box approach that domain experts
can interpret;

5A Critical Branch is a network element that is significantly impacted by the CWE cross-border trades, which is monitored
under certain operational conditions, Critical Outages. The CBCOs (Critical Branches/Critical Outages) are determined by
each CWE transmission system operator (Bundesnetzagentur (2014)).

6A set of PTDFs is associated with every CBCO after each Flow-Based parameter calculation and gives the influence of the
net position of any bidding zone on the CBCO (Bundesnetzagentur (2014)).

7A RAM associated with a given CBCO corresponds to the line capacity that can be used by the day-ahead market (Van
den Bergh et al. (2016)).
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• decision trees perform well with large data sets.

Some previous works that have used decision trees in this field include the following. In 2005, it was
published a method to predict day-ahead electricity prices and price spikes using classification and regression
trees (Fragkioudaki et al. (2015)). One year later, some authors included a decision tree in their approach
to obtain residual-demand-curve patterns and their corresponding probability that was previously used to
conduct strategic bidding for the Spanish electricity market (Ugedo et al. (2006)). In 2007, it was compared
decision trees with regression analysis and neural networks for electricity energy consumption prediction
(Geoffrey and Kelvin (2007)). In the same year, regression trees were used to classify input data into clusters.
These clusters were used in a second stage as inputs for normalized radial basis function networks that
perform electricity price forecasting (Mori and Awata (2007)). Later in 2012, it was published a comparison
of various combinations of feature selection and classification methods. Specifically, three feature selection
techniques and four classifiers, i.e., decision tree, Bayes, multilayer perceptron, and k-nearest neighbors, were
considered (Huang et al. (2012)). A different approach using decision trees has being used for predicting
future electricity prices in the Brazilian electricity market (Filho et al. (2015)).This model does not predict
the exact value, but the class to which it belongs respect to a pre-specified threshold.

More recently, in 2017, Random Forests (RFs), an ensemble of decision trees, were used for finding best
relations between the features and the target electricity price in the California Independent System Operator
(CAISO)’s day-ahead electricity market (Sadeghi-Mobarakeh et al. (2017)). However, most of these works are
related to price prediction and thus have a completely different approach than ours, which is understanding
market dynamics by using RFs. In addition, to the best of our knowledge, no previous work has analyzed
the FBMC methodology in the CWE region by using these learning models.

5. Objective and methodology

This work pursues providing a deeper understanding of how the FBMC mechanism impacts the CWE
region in terms of price convergence. For this task, we propose using a machine learning model that can
learn patterns during two-year periods and therefore predict situations in which price equalization is not
reached. Based on this model, we will analyze which countries are affecting price equalization, how they
relate to each other, and to what extent each variable can affect convergence.

Given that the CWE region is the first area implementing the FBMC methodology, studying these
results is extremely interesting to improve the understanding of this complex market coupling approach.
Furthermore, the CWE region is at the heart of the construction of a common electricity market at the
European level since it lines the north and south of the European Union. Consequently, from both the
geographical and technical points of view, mastering the convergence evolution of this region is a key factor
for the future implementation of the FBMC method across Europe. To address this objective, we propose
the following methodology, also described in Figure 1.

1. Collect data.

2. Clean and merge data coming from different sources since the FBMC was settled.

3. Train and test the proposed learning model with all the data gathered during these years and see how
it predicts and explains the target variable, convergence versus congestion.

4. Select features and parameters for the learning model depending on their effect in the prediction
outputs. This step involves an iterative sensitivity analysis with different parameters.

5. Interpretation of the generated machine learning models.

5.1. Data acquisition

In the day-ahead market, electricity is traded one day before actual delivery, and its market prices and
net positions are determined according to the FBMC mechanism, which optimizes social welfare across the
CWE region. The market is balanced when the forecast generation in each bidding zone equals the forecast
consumption or load plus the net export.
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2. Data processing  4. Feature Selection

Clean & Merge

Feature analysis 

3. Learning model

Feature
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Iterative Feature Elimination

5. Results interpretation 

Model and Data analysis 

Figure 1: Sequence of steps performed for the analysis (source: own processing)

These data have been collected from the ENTSO-E8 website for each bidding zone. It is important to
highlight that in the European market-coupling-based system, electricity flows following all parallel paths in
the network, not according to commercial flows, which makes it challenging to settle interconnection capacity
available for cross-border trading (Brijs et al. (2017)). Hence, we consider each commercial exchange among
two bidding zones separately with the aim of not losing precision.

A more detailed description of this step can be found in Appendix A.1.

5.2. Data processing

Once data have been collected, this step is in charge of cleaning and merging all sources in order to
produce a normalized set of data that will be used to feed the learning model (see Appendix A.2).

5.3. Learning model

To analyze which variables are driving the congestion of the electricity market, we start from building
a decision tree that can classify the congestion of the network as accurately as possible. To make it more
generic, instead of building just one decision tree, we build RFs of decision trees. RFs construct an ensemble
of decision trees from random subsets of features and bagged samples of the training data (Breiman (2001)).
RFs works as a committee of independent experts (decision trees) capable of efficiently learn which features
are significant and which are irrelevant for predicting a given target (convergence versus congestion). The
combined model is usually better than any of the single trees because its variance is reduced. To determine
the relevance of a feature with respect to the predictability of the target variable, we measure how much each
feature decreases the weighted impurity in a tree.9 Since we are using forests, the decrease in impurity from
one node to another can be averaged, and the features are ranked according to this metric. The basic idea
of this approach is to rank the features’ contribution to predicting a larger fraction of the input samples.

The motivations for using this technique and methodology are the interpretability of the decision trees
and their effectiveness combined with a Recursive Feature Elimination (RFE). According to some authors,
RFs with RFE outperform support vector machines and Kruskal-Wallis statistics in the task of finding small
subsets of features with high discrimination levels (Granitto et al. (2006); Guyon et al. (2002). For a clear
explanation of how RFs work and how they can be used for unbiased feature selection see (Nguyen et al.
(2015)).

5.4. Feature selection

Our priority in this step is to identify which variables are relevant for finding congestion rules to generate
tools that policy-makers can use to improve the integration process of the electricity market. A priori, we
do not make any assumption about the importance of the features that affect convergence. Therefore, we
start training learning models with all features, and we then iteratively remove the irrelevant ones, if any.
This approach is also known as RFE (Guyon et al. (2002)) and has been previously used with RF (Granitto
et al. (2006)).

8ENTSO-E is the European Network of Transmission System Operators, representing 43 electricity transmission system
operators from 36 countries across Europe.

9In this article, we use an optimized version of the CART algorithm with Gini impurity ranking included in the scikit-learn

library. The Gini impurity is a metric of how often a randomly selected sample from the dataset is misclassified compared with
a classification made according to the distribution of classes in the subset.
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It is important to remark that the analysis and selection of features is performed to have the best possible
understanding of how congestion or convergence situations occur. The higher the accuracy with fewer features
is, the better because having fewer features facilitates the interpretation of results. Finally, for the same
reason, transformations of the input data, such as clustering spectral transforms, wavelet transforms, lags,
and convolutions of kernels, are not considered.

5.5. Results analysis

Once learning models are conveniently trained and tested and irrelevant features are removed, the results
are analyzed. For the interpretation of the results, we have followed these steps:

1. Meaning of relevant features: we first analyze the remaining features and how they compare by using
a statistical correlation analysis with the target variable.

2. Model analysis: because RFs are tree ensembles and we generate one model per day during 2017,
we need to determine the most common patterns from a statistical perspective. To this end, we
first analyze the most relevant and frequent rules proposed by the decision trees by analyzing their
positions inside the trees (decision nodes) and the number of input samples that they discriminate.
Finally, a manual case-by-case analysis of the decision trees is performed for one week per season. As
an illustrative summary of this process, detailed information about two decision trees for two specific
days is included.

6. Experimental setup

Among the parameters to be selected in the model, there are two important design decisions that can
have a heavy impact on the final results: the number of trees used for the classifier, also known as estimators,
and the training scheme.

6.1. Number of estimators

If we want to reduce the effect of randomness, one solution is to use a large set of trees. Increasing the
number of trees decreases the bias due to averaging but has a significant impact on the computational time
required. Furthermore, beyond a certain number of trees, the results will stop improving significantly. To
have an idea of how the results are affected and which is an adequate number of estimators to be included,
we have run tests with the following number of trees: 10, 50, 100, 500 and 1000.

Another important characteristic of RFs is their use of out-of-bag samples.10 With the use of out-of-bag
samples during training, unlike many other estimators, RFs can be fit in one step, with cross-validation
being performed along the way, while the features importance is gathered, (Hastie et al. (2009)). Finally,
because the classes in our original data are known to be unbalanced (34% convergence - 66% congestion),
we balance the dataset before training.

6.2. Training and testing schemes

In this work, data that will allow obtaining the predictive models are distributed in the form of time
series. In time series, these data are not independent of each other but follow a certain seasonal structure
that must be respected. Therefore, training and validation sets cannot be chosen randomly, as done in other
non-temporal domains, but must correspond to correlative time instants. With this in mind, and to perform
the most objective and extensive analysis using RF-based classifiers, we propose using two schemes: sliding
and aggregate time windows.

10Each tree is trained with a sample of training observations zi and validated using predictions from the trees that do not
contain zi, i.e., are out of the bag.
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6.2.1. Sliding Window

This scheme is the most common when working with time series. It uses fixed predefined hourly windows
for training (wtrain1

) and test (wtest). Once the model is trained and tested, both windows are shifted wtest
hours and the model is trained and tested again. The results are collected when running all these models
and are further studied for the iterative analysis. The test window size (wtest) is always fixed to 24 hours,
the usual prediction horizon in this field. However, we have tested and compared outputs with different
training sizes (wtrain1

= 1, 2, 3, 4, 6 and 12 months11). Given the seasonality of the data, we have settled
the dates in a manner that the first test is conducted starting on January 1, 2017 and then shifting until the
end of 2017. This setup yields a complete year for the analysis.

6.2.2. Aggregate Window

This scheme starts training the model with a complete year (2016), and once the test is done for 24 hours,
it is aggregated with the training set of the next model. In this scheme, the initial training window size is
wtrain2 = 12 months, and it is incremented by steps of 24 hours until reaching the last day of 2017.

To obtain a better understanding of these two different schemes, see Figure 2.

Figure 2: Schemes used for training and testing the models; note that this figure is for illustrative purposes, and it is not scaled
with actual values (source: own processing)

6.3. Quality metrics

To measure which learning models perform better (scheme 1 for seven different training sizes or scheme
2), for each of the 365 tests per scheme, we calculate the confusion matrix by adding all results into one set;
see Equation 1.

CM =
365∑
d=1

24∑
h=1

(
TNdh FPdh
FNdh TPdh

)
(1)

where TN are true negatives, corresponding to correctly classified instances as congestion; FN are false
negatives, which correspond to incorrect predictions of congestion; FP are false positives, which are mis-
classified samples of convergence; and TP are true positives, which are correct predictions of convergence.
These values are collected during 24 hours (h) of all 365 days (d) used for testing.

11These numbers of months correspond to exactly 720, 1440, 2160, 2880, 4320 and 8760 hours, respectively.
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With this confusion matrix (CM), we compute average values for the following indicators:

• accuracy: the percentage of samples that are correctly classified;

Accuracy =
(TN + TP ) ∗ 100

TN + FN + TP + FP
(2)

• F1 Score: the harmonic average of the precision and recall. Precision is the number of correct conver-
gence predictions (TP ) divided by the number of all convergence predictions (TP + FP ) returned by
the model. Recall, also known as sensitivity, is the number of correct convergence predictions (TP )
divided by the number of all samples that should have been identified as positive (TP +FN). The F1
Score can be calculated using the following equation:

F1 Score = 2 ∗ precision ∗ recall
precision+ recall

=
2 ∗ TP

(2 ∗ TP ) + FP + FN
(3)

• Cohen’s kappa statistic: this value is a metric that compares an observed accuracy with an expected
accuracy (random chance):

kappa =
Accuracy − Expected accuracy

1− Expected accuracy
(4)

where Expected accuracy is defined as the accuracy that a random classifier would achieve based on
the confusion matrix (CM). The kappa statistic eliminates the bias of unbalanced samples and is
useful not only for evaluating a single classifier but also for comparing classifiers among themselves.
There is not a standard interpretation of the kappa statistic, but to have an approximate idea, some
authors considers kappas > 0.75 to be excellent, 0.40− 0.75 to be fair to good, and < 0.40 to be poor
(Fleiss et al. (1969)).

Finally, we also calculate the relevance of the features used by the decision trees. The feature importance,
also known as the Gini importance, is computed as the overall classification of samples performed by rules
using this feature.

6.4. Panoramic view

Before describing the results, we include a brief analysis of the electricity prices in the day-ahead market
and the convergence values found in the CWE region. This overview gives an overall impression of the
data in terms of convergence and prices per region, and their explanations are fundamental for a better
understanding of the results.

First, Table 1 lists the average price per country, including standard deviations, along with the average
price convergence for each year. In 2017, the day-ahead prices of electricity were significantly greater than
in the previous years. This difference is mainly due to several key factors that affected the electricity market
in the CWE region during this period. On the demand side, the low temperatures during winter months
(compared to the long-term average temperatures) increased the need for electricity for domestic heating,
especially in France. Moreover, high temperatures during summer months (especially in June) provoked
an increase in electricity demand for cooling purposes, resulting in higher prices for electricity than usual.
On the supply side, the reduced nuclear availability (mainly in France) and the low hydro reservoir levels
increased the share of coal and gas in the power generation, resulting in higher electricity generation costs
and, thus, higher electricity day-ahead prices. Moreover, the increase in coal and gas prices (particularly at
the end of the year) further intensified the increase in electricity generation costs (Market Observatory for
Energy (2017)).

The average price convergence12 indicates that 34% of the time, the four bidding zones had the same
price in 2016 and 2017, with a high deviation in both years.

12This variable has a value of 1 if the price is equal across all bidding zones (convergence) and a value of 0 if prices are not
the same (congestion).
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Table 1: Day-ahead electricity price and convergence

Country
2016 2017

Avg.Price Std.Deviation Avg.Price Std.Deviation

Germany 28.99 e 12.48 34.20 e 17.62
France 36.73 e 24.44 44.97 e 20.22

Belgium 36.61 e 23.54 44.59 e 21.62
The Netherlands 32.24 e 11.32 39.30 e 12.76

Average Convergence 0.346 0.475 0.342 0.474
Source: own processing based on information from ENTSO-E.

Figure 3: Average convergence per month and per hour (source: own processing based on information from ENTSO-E)

The prices and convergence among bidding zones exhibit high volatility because they are very sensitive to
multiple factors. Among them, we highlight the month of the year and the hour of the day. Figure 3 shows
the average of the price convergence, both by month and by hour. In this figure, we have distinguished two
groups corresponding to a k-means clustering algorithm with k = 2, with p–value ' 0.01. This clustering
automatically separates a high-convergence group, colored in green, and a low-convergence group, which is
in red.

The high-convergence group (low congestion) includes months from March until September, with a con-
vergence value that ranges from 0.4 to 0.62. Conversely, the months from October until February exhibit
lower convergence values (from 0.06 to 0.3). These results show that congestion increases mainly in autumn
and winter, when both the temperature and the number of hours of daylight decrease, thus affecting both
power consumption and energy generation. This is particularly true in France, where the power demand
depends strongly on temperature and is especially high for low temperatures, due to the large installed base
of electric convection heaters (RTE (2018)). According to Eurostat data, in 2015, the use of electricity for
space heating was accounted for 12.5% of electricity usage in France, whereas it was only 2.2% and 1.8% for
Germany and the Netherlands, respectively; no data are available for Belgium.

Regarding the hourly analysis, these clusters clearly show that congestion increases primarily in working
hours, that is, from 9:00 until 16:00, whereas convergence is higher at evening and night hours, except for
the range from 22:00 to 2:00. This exceptional range of congestion at night can be explained from the
power demand side. France is the major electricity consumer for sanitary hot water production (the share of
electricity usage comprised by water heating is 51.8%, whereas in Germany and the Netherlands, this share
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is 17.3% and 3.8%, respectively).13 The water heating is usually performed during low-demand periods.
This means that most of electric water heaters are activated when the electricity demand starts to decrease
(around 22:00-23:00). Consequently, the power demand in France becomes relatively (and even in absolute
terms) the most significant in the CWE region during the low-demand night hours.

Complementary to previous analyses, we have created a heat-map chart that displays the average hourly
convergence per month; see Figure 4. It evinces the same results in which congestion increases when electricity
demand increases, mainly in autumn and winter and during working hours. It is remarkable how the two
green areas (higher convergence) are concentrated between 1:00 and 9:00 and between 17:00 and 22:00, but
mostly from February through September.

Figure 4: Average hourly convergence per month (source: own processing based on information from ENTSO-E)

In the analyzed period, the electricity price converged across the four bidding zones 34% of the time,
whereas 43% of the time, the price was not equal for any of them. In the remaining 23% of the time, we
have found convergence between two or three bidding zones. Table 2 lists the number of time points for
which each of these convergences happened. The results indicate that for more than half of the time, there is
convergence between Germany and the Netherlands or Belgium and France. The remaining borders exhibit
significantly lower rates of convergence.

This analysis confirms that convergence is more likely to occur between physically interconnected coun-
tries that have similar electrical mixes (Germany and the Netherlands on one side and France and Belgium on
the other). Moreover, it is important to note that contrary to what the geographical position could indicate,
Germany and Belgium are not electrically interconnected (or at least not in an adequate manner).14

7. Results

The presentation of the results is organized in the following manner: first, a brief analysis of the effect
of using different number of estimators (trees) is presented. Second, the results for different schemes and
training sizes are compared. Third, a feature importance analysis is performed jointly with the RFE results.

13Information for Belgium is not available; source: Eurostat, 2015.
14The ALEGro project will be the first interconnector between Belgium and Germany; the aim is to commission the inter-

connection by 2020.
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Table 2: Price convergence per bidding zone sorted by convergence

Bidding zone Convergence
Germany and the Netherlands have the same price 26.01%
Belgium and France have the same price 25.84%
Belgium and the Netherlands have the same price 18.36%
Belgium, France and the Netherlands have the same price 12.03%
Germany, Belgium and the Netherlands have the same price 6.47%
Germany and the Netherlands plus Belgium and France have the same price (by pairs) 4.81%
Germany and France have the same price 3.42%
Germany, Belgium and France have the same price 2.59%
Germany and Belgium have the same price 0.33%
Germany and France plus Belgium and the Netherlands have the same price (by pairs) 0.10%
France and the Netherlands have the same price 0.03%
Germany, France and the Netherlands have the same price 0.03%
Germany and Belgium plus France and the Netherlands have the same price (by pairs) 0.00%
Source: own processing based on information from ENTSO-E.

Finally, the resulting learning models trained with the selected features are disclosed and interpreted. For
replication purposes, Table 3 compiles the values of the model parameters tested.15

Table 3: Parameters used for experiments

Parameter Values
estimators {10, 50, 100, 500, 1000}
wtrain1 {1, 2, 3, 4, 6, 12} months (Scheme 1)
wtrain2 12 months + ∆wtest (Scheme 2)
wtest 24 hours
max features 32 (total # of features)
oob score True
class weight balanced

7.1. Effect of number of estimators

Experiments with different sizes of estimators, ranging from 10 to 1000, have been performed for the
two data windows. The results show that the more estimators that are used by RFs, the better the average
results are and the lower their variance is. However, as shown in Table 4, after 50 trees, the results stop
significantly improving for both schemes (∇F1 Score < 0.01). Therefore, the analysis has been performed
with 50 estimators.

Table 4: Effect of the number of estimators (scheme 1: training sliding window of 12 months)

# Estimators Scheme Accuracy F1 Score kappa value
10 Sliding 0.823 0.716 0.589
50 Sliding 0.831 0.735 0.611
100 Sliding 0.837 0.744 0.625
500 Sliding 0.839 0.749 0.631
1000 Sliding 0.849 0.749 0.631
10 Aggregate 0.818 0.704 0.574
50 Aggregate 0.837 0.744 0.626
100 Aggregate 0.837 0.745 0.626
500 Aggregate 0.840 0.752 0.635
1000 Aggregate 0.841 0.753 0.636

Source: own processing based on information from ENTSO-E.

15All other parameters have default values.
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7.2. Overall results for both schemes

To give some context for the outcomes obtained with the sliding window and the aggregate window
scheme, we have included the results yielded by two common baseline approaches when working in this
area: Näive and k nearest neighbors (k-NN). The Näive approach, also known as persistence in time series,
assumes that the predicted output in time t is equal to what happened δ hours before t − δ. In our case,
we have included t − 24 and t − 168, which correspond to expect the same behavior as yesterday and last
week, respectively. Alternatively, k−NN is a useful non-parametric algorithm that is commonly used as a
baseline in pattern recognition; it has been trained with both schemes and k = 5, 25, 50, 100, 500, obtaining
the best results with the maximum possible training size (wtrain = 12months + ∆(24h)) and k = 50. It
is not intended here to perform an exhaustive comparison of the prediction results with respect to other
techniques but to establish a baseline, from which the prediction is considered adequate for the purposes of
the work.

Table 5: Average results for different scenarios tested (50 estimators)

Scheme wtrain wtest Accuracy F1 Score kappa value
Sliding 1 month 24h 0.802 0.704 0.555
Sliding 2 month 24h 0.814 0.722 0.583
Sliding 3 month 24h 0.817 0.722 0.586
Sliding 4 month 24h 0.823 0.726 0.596
Sliding 6 month 24h 0.828 0.729 0.604
Sliding 12 month 24h 0.835 0.741 0.621

Aggregate 12 month+∆(24h) 24h 0.837 0.744 0.626
- Näive t− 24h 24h 0.720 0.593 0.380
- Näive t− 168h 24h 0.683 0.545 0.302

Aggregate k-NN (k = 50) 24h 0.792 0.668 0.519
Source: own processing based on information from ENTSO-E.

As shown in Table 5, when the sliding window (Scheme 1) hits the maximum training size (12 months),
the results are slightly better for the aggregate option (Scheme 2), but there are no significant differences.
As expected, all combinations tested with RFs outperform the results obtained using the Näive and k-NN
approaches. These results yield two conclusions. The first conclusion is that the larger the sliding window
used for the training set is, the better the results are for all metrics. The second one is that both schemes are
almost equivalent, with non-statistically significant differences, when the sizes of the initial training sets are
equal (wtrain1

' wtrain2
). These outcomes lead us to discard the aggregation scheme in which the training

size grows each day, thus delaying the time required for learning, without having a significant positive impact
on the final results.

7.3. Feature analysis

To determine the relevance of a feature with respect to the predictability of the target variable, as
described above, we measure, on average throughout the learning process, the normalized total reduction of
the criterion yielded by a given feature, also known as the Gini importance. Basically, this measure compares
the performance of the generated models with and without the variable. The larger the differences are, the
more important the variable is.

Table 6 presents a list of all of the features incorporated into the model, ranked by their average impor-
tance and measured as explained previously16. The first aspect to point out is that the standard deviation
among all conducted experiments is extremely low. This low variance implies a robust approach, leading
to the same conclusions about the importance of each feature. This result is obtained because the feature
importance is averaged across the 365 learning stages throughout 2017. Thus, if an isolated case has one day
with a strong difference in feature importance, in the long run, this impact is mitigated by the majority.

Trained learning models can extract complex dependencies among features. When we compare this
feature relevance to classic Pearson’s and Spearman’s rank correlations (see Table C.11 in Appendix C),
we find some similarities but remarkable differences in some features. For example, the correlation matrix

16The meaning of all features presented on this table are described in detail in Appendix A
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Table 6: Feature importance and variance given by Random Forests
Variables Importance Std. Deviation
FR com DE 0.299 < 2.9x10−2

FR com BE 0.059 < 1.3x10−2

BE com FR 0.047 < 7.6x10−3

NL com DE 0.047 < 1.8x10−2

DE com FR 0.042 < 2.6x10−3

Scheduled generation DE 0.038 < 4.5x10−3

DE com NL 0.036 < 1.6x10−3

NL com BE 0.036 < 4.7x10−3

Scheduled generation NL 0.031 < 5.9x10−3

Day ahead load forecast FR 0.028 < 5.0x10−3

Com balance NL 0.026 < 2.9x10−3

BE com NL 0.025 < 5.4x10−3

Com balance DE 0.025 < 2.7x10−3

Com balance BE 0.025 < 7.0x10−3

Hour 0.023 < 3.5x10−3

Temp DE 0.021 < 1.2x10−3

Com balance FR 0.021 < 1.9x10−3

Day ahead load forecast NL 0.020 < 2.7x10−3

Month 0.020 < 2.8x10−3

Temp FR 0.019 < 2.6x10−3

Scheduled generation BE 0.018 < 1.5x10−3

Temp NL 0.017 < 2.7x10−3

Scheduled generation FR 0.017 < 6.0x10−4

Day ahead load forecast DE 0.017 < 9.6x10−4

Temp BE 0.015 < 1.6x10−3

Day ahead load forecast BE 0.014 < 9.8x10−4

WeekDay 0.010 < 1.2x10−3

Holiday FR 0.001 < 3.9x10−4

WeekEnd 0.001 < 1.1x10−4

Holiday BE 0.001 < 2.0x10−4

Holiday DE 0.001 < 1.1x10−4

Holiday NL 0 < 2.1x10−4

Source: own processing based on information from ENTSO-E.
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sets higher absolute values for Day ahead load forecast FR, Com balance DE, Temp FR or Temp DE than
commercial exchanges such as NL com DE, FR com BE or DE com FR. The reason why these variables
have different rankings in importance with respect to the target variable is because the correlation tests
measure only the independent correlation of each of the studied variables with respect to the target variable.
However, the proposed learning models can capture complex relationships among variables and can even
detect redundancies among them. Finding these inter-dependencies is of highly important for understanding
the mechanisms driving the convergence and congestion situations.

Once the most important features have been identified, the next step is the iterative removal of irrelevant
features to achieve the simplest trees possible while maintaining the prediction quality metrics. The refine-
ment of the features is performed through the following iterative process: first, a random forest is learned
with n features, initially all of them. The importance of the features is then calculated from their repercus-
sion on the generated RF model, as described above. Finally, the characteristic that obtains a lower score is
eliminated, and this process is repeated with n−1 features. As can be observed from Table 7, the best results
for all metrics have been found with 13 features; that means removing 19 of the 32 features. RFs achieve
the best results with just 13 features because this combination significantly reduces the dimensionality while
keeping the most important features. Hereinafter, we reduce the dimensions to only the most relevant 13
features (see the dashed line in Table 6).

Table 7: Iterative feature removal
Iteration # features Accuracy F1 Score kappa value

0 32 0.835 0.734 0.621
5 27 0.831 0.734 0.611
10 22 0.834 0.737 0.617
12 20 0.834 0.741 0.621
14 18 0.838 0.744 0.627
16 16 0.838 0.741 0.624
17 15 0.836 0.738 0.62
18 14 0.837 0.741 0.624
19 13 0.844 0.752 0.639
20 12 0.839 0.743 0.628
21 11 0.832 0.732 0.611
22 10 0.833 0.732 0.612
23 9 0.829 0.726 0.603
24 8 0.825 0.723 0.597
25 7 0.819 0.715 0.584
26 6 0.808 0.706 0.564
27 5 0.796 0.687 0.536

Source: own processing based on information from ENTSO-E.

7.4. Model analysis

The next step is to explore the models built by RFs and determine if we can extract knowledge from
the key variables that affect congestion. This process of knowledge discovery is performed through 1) the
analysis of the most frequent and important rules discovered by RFs used in the trained models to identify
congestion and 2) a particular case-by-case analysis of the generated single trees.

7.4.1. Congestion rules identified

Extracting information from all generated learning models is a complex task. To address it, we are going
to identify which are the most frequent and relevant rule patterns. To this end, we measure the number of
times that each variable appears per analyzed tree (frequency), the average samples processed (discrimination
power), and the average position in which it comes out (average level). The samples processed are the number
of input cases, from the total, that are discriminated by the rule containing that variable. It is important
to highlight that one feature can appear more than once in the same tree but at different node levels and
with different threshold values. Regarding the average position of the rules, generally speaking, the deeper
the rule appears in the tree, the less important it is because it discriminates fewer examples. However, if it
appears more than once, its discriminatory power is aggregated, and one node that appears more frequently
in lower levels can be more important than one that is less frequent but with a higher average position
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inside the tree. To have a numerical value for the average position, the root level is designated as 1, and one
unit is added as we descend to the fourth level. We are not interested in levels beyond the fourth because
the most important and comprehensive rules, which are in the first levels, have the highest degrees of class
discrimination. Appendix D includes an example of how to compute a rule level.

Table 8: Average frequency, level and discrimination power detailed per feature (sorted by discriminatory power)
Features/Variables Frequency Avg. level Std. Dev. Discrimination power
FR com DE 1.25 1.447 1.008 99.25%
FR com BE 1.80 3.057 0.886 36.18%
Day ahead load forecast FR 1.38 2.705 0.969 35.20%
NL com DE 1.53 2.841 0.837 34.50%
Scheduled generation DE 1.25 3.342 0.963 10.70%
DE com NL 0.96 3.263 0.932 10.06%
Scheduled generation NL 0.83 3.419 0.949 8.18%
DE com FR 0.90 3.114 1.024 7.19%
Com balance NL 0.51 3.236 1.002 6.49%
BE com FR 0.69 3.305 1.084 4.10%
Com balance DE 0.66 3.261 1.047 2.66%
BE com NL 0.23 3.468 0.940 1.47%
NL com BE 0.35 3.432 1.042 0.98%
Source: own processing based on information from ENTSO-E.

Table 8 collects the variables found in the first four levels of all explored trees, including the results
calculated for the above mentioned metrics. The most relevant feature is the same as in the feature im-
portance analysis, this is, FR com DE. This variable, which represents the scheduled commercial exchange
from France to Germany, appears in most of the cases as the root node (level one) and is also present at
lower levels. This feature yields an average discriminatory power of 99.25%. It is common to find the same
features at different levels of the same tree; for example, when it is present at multiple levels in the same
branch, it is establishing a range between two values for a given feature. This is the case for FR com BE.
This feature, which represents the scheduled commercial exchange from France to Belgium, appears several
times (1.8 times per tree) at lower levels (3.057), thus increasing the aggregated discrimination power to
36.18%.

Continuing with the analysis, the day-ahead load forecast for France and the scheduled commercial
exchange from the Netherlands to Germany are the third and fourth most important features among all node
levels, being in most cases at the second level of the tree. Regarding the scheduled commercial exchange from
the Netherlands to Germany, it is the second most common feature (1.53) after the commercial exchange
from France to Belgium (1.80). These findings are very consistent with the results obtained in the feature
importance analysis and give an idea of the robustness and degree of similarity of the patterns found by all
trees.

7.4.2. Understanding the decision trees

Although the previous analysis revealed some common patterns, we wanted to manually analyze a sample
of trees. For this task, as done in other related works in this field, we decided to select one week per season
and examine a randomly selected tree for the model trained per day and week. The obtained trees exhibited
the same features in the main decision nodes and minor differences among threshold values.

To illustrate the degree of similarity found among them, we have taken two trees from the most divergent
seasons: summer and winter. The chosen trees correspond to the Wednesday (half of the week) in the
middle of August and December 2017. Figure 6 shows the tree trained for December 13th, including the
most-representative nodes, and Appendix E includes the tree for August 16th. When comparing them, we
observed that features selected in all nodes are almost the same (with one exception at level 3), and we
found some slight differences in the threshold values of each feature. Having similar trees among these very
different days implies a high degree of consistency between the rules proposed by the learning model.

For a better comprehension of these trees, the information included inside decision nodes is the following,
as graphically explained in Figure 5:

(a) Rule: includes the threshold value of the selected feature to determine the following branch; the left child
node is when the condition is true, and the right child node corresponds to when it is false. Leaf nodes
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are the only ones that do not contain a rule because they have no child nodes. The rule represented by
the node in Figure 5 can be read as follows: if the commercial exchange from France to Germany is less
than or equal to 34.5, then go to the left branch; otherwise, go to the right branch.

(b) Value: indicates the proportion of input samples between congestion and convergence for that specific
node. A distribution of [0.49, 0.51] means that 49% of the node’s incoming samples belong to congestion
and that the remaining 51% belong to convergence.

(c) Class: identifies the majority class for that node, matching the color code and intensity of the node,
with red for congestion and green for convergence. In Figure 5 the node is classified as convergence
because the convergence value is 51% but with a white color because of the small difference respect to
congestion.

(d) Heat map: average convergence per hour and month processed by the tree rules down to that node. It
only includes the data of the training period, that is, one year before the tree date.

(e) Samples: percentage of samples that reach that node. The higher the number of samples is, the more
importance the node has. In Figure 5, the number of input examples reaching that node is 100% of the
total, as it is the root of the tree.

Feature
Threshold

value
Rule

Ratio classes
[class 0, class 1]

Percentage of
samples that

reach this
decision node 

Samples that
meet the rule 

Samples that do
not meet the rule 

Majority class of input
samples, it matches the

color of the decision node 
white: neutral
green: convergence 
red: congestion

Heatmap of average
convergence per hour

and month for all
samples that reach to

that decision node

Figure 5: Example of a decision node and description of its contents (source: own processing)

In the selected decision tree for December (Figure 6), it can be seen how the scheduled commercial
exchange from France to Germany (FR com DE) is the main feature for understanding congestion because
it is at the root level. These countries are decisive for determining convergence because they are the main
producers and consumers in the CWE region; see Table 9. They produce approximately 85% of the total
electricity in the region and consume 83% of the total load.

Table 9: Electricity generation and load in the CWE

Country
Generation (TWh) Load (TWh)

2016 2017 2016 2017

Germany 636.57 646.22 541.47 557.01
France 535.74 531.72 478.64 477.95

Belgium 80.11 81.02 85.82 86.97
The Netherlands 135.20 133.74 119.80 120.61
Source: own processing based on information from ENTSO-E.

According to the ACER Annual report on the results of monitoring the internal electricity markets in
2016, 77% of all congestion situations in the CWE region are related to electricity transmission lines located
in Germany (including cross-border lines). Moreover, 66% of these situations are related to internal lines in
Amprion’s area (Amprion is a German transmission system operator that is responsible for an area that has
a common border with France), (ACER/CEER (2017)). Nevertheless, the root feature that generates the
tree branches in our analysis is not the scheduled German generation, as could have been expected. Instead,
the scheduled commercial exchange from France to Germany (FR com DE) is the most accurate feature for
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Figure 6: Random decision tree trained for December 13, 2017 (source: own processing based on information from ENTSO-E)

identifying congestion rules. A description of the generated branches together with our explanation of the
results obtained is presented below.

Branch a) Congestion

In 43.2% of the sample, FR com DE is below 34.5 MW, yielding to congestion 85% of the time. In the next
decision node, situations in which the scheduled generation for Germany is below 58, 788.5 MW are identified.
This happens 3.1% of the time and includes only low-demand hours (from 19:00 till 9:00). Therefore, as
both generation and consumption decrease, the forecast between congestion (52%) and convergence (48%)
is uncertain. Most likely, the German generation is always above the threshold value, which increases
the congestion probabilities up to 88% of the time, given the previous condition in the root node for the
FR com DE variable. The next node remarks the FR com BE feature with a threshold value of 153.5
MW. Both outcomes include nodes predominated by congestion, but the congestion is more severe when
FR com BE is below the threshold, meaning that France is not selling more than 153.5 MW to Belgium.
Both nodes represent 40.1% of the total sample.

Since congestion usually occurs due to electricity transmissions lines in Germany, to obtain a better
understanding of such situations, it is important to consider the power production structure of this country.
Germany17 is immersed in an ambitious energy transition, known as Energiewende, which aims to shut down

17Here, ‘Germany’ refers to only Germany, not the complete bidding zone.
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all its nuclear power plants by 2022 and to have at least 80% of all power come from renewable energies by
2050. Promoting renewable energy is in line with the energy policy directions of the EU but has an important
downside in terms of price convergence because it adds high volatility to the network. In particular, the
installed capacity for wind and solar energy in Germany was 45.80% in 2016 and 48.70% in 2017, whereas
the actual generation was 21.30% and 25.80%, respectively.18 The integration of these renewable energy
sources has an important impact in the CWE region since these sources produce electricity at zero cost
in the context of the day-ahead market (Conseil français de l’énergie (2014); Phan and Roques (2015)).
Consequently, the electricity produced by these renewable energy sources is always more competitive than
the electricity produced by conventional energy sources (in the timeframe of the day-ahead market).

Therefore, when Germany generates a lot of electricity, it is mainly due to the high electricity production
of wind and solar power plants, which cannot be predicted accurately. Such situations often lead to congestion
since high electricity production periods do not necessarily correspond to high electricity demand periods in
Germany. In line with this argument, it has been studied the disparity between the increase in the renewable
energy production in Germany with respect to how the new transmission lines have been built (Málek et al.
(2018)). It is also important to note that the low prices of coal and CO2 during the last several years have
also contributed to favor the competitiveness of the German electricity production facilities and, therefore,
this type of non-convergence situation. Moreover, the priority granted to renewable energy sources by the
German government augments this type of congestion scheme (Trittin (2001)). Consequently, the need to
consider the rising shares of wind and photovoltaic power appears as a key aspect for the management of
congestion situations.

In addition, in a context in which renewable electricity is injected in the grid regardless of electricity
demand, it is necessary to consider the power system flexibility to ensure electricity supply at every moment
(Goutte and Vassilopoulos (2019)). Both from the supply side (conventional power plants) and from the
demand side, for example through aggregator companies (Lampropoulos et al. (2018)).

In the described scenario, which involves the generation of large amounts of cheap electricity in Germany,
it is reasonable to believe that Germany will not import electricity from France (i.e., a zero or low value
for FR com DE). Therefore, our decision tree positions the scheduled commercial exchange from France
to Germany feature at the root level to discriminate between convergence and congestion. The German
scheduled generation, although it is also a good indicator of convergence, is influenced by many other
variables, such as price and forecasted load in the German bidding zone (ACER/CEER (2015)), so it is
positioned at lower levels.

Finally, the last level of this branch makes the difference when the French demand for electricity is so
high that France can only export a limited amount of electricity to Belgium (while importing electricity from
Germany). Therefore, congestion in the CWE region is logically much more likely to occur.

Branch b) Uncertainty

When FR com DE is greater than 34.5 MW, convergence is more likely to happen, although the result
will be conditioned by the existence or absence of commercial exchange from the Netherlands to Germany
and from France to Belgium. If the values for these two variables are less than 6.5 MW and 28.5 MW,
respectively, the congestion likelihood increases up to 83% of the time, although it only represents 3% of the
sample. Nevertheless, if NL com DE is below the threshold but FR com BE is above it, it is most likely to
have a convergence situation (60% of the times), and this scenario represents 19.7% of the sample.

Branch c) Convergence

Price convergence increases up to 79% of the time when FR com DE and NL com DE are above the
threshold values, representing 34.1% of the complete sample. This decision node generates a fourth level
at which FR com BE is the decision feature for a threshold of 119.5 MW. In both nodes of the last level,
convergence is the most likely outcome, although it is much more intense if FR com BE is above the threshold
value (France is selling electricity above that threshold to Belgium).

Both branches b) and c) represents situations in which Germany needs to import electricity from France
above a threshold value, which means that the German generation is not as high as in branch a), thus reducing

18Source: Fraunhofer ISE.
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the congestion situation. When France is exporting electricity to Germany, convergence is more likely to
occur because the electricity production in France is much more stable (in the sense that its variability is
lower due to the high share of nuclear power production in France) than the German electricity production.
Therefore, contrary to what happens when Germany exports electricity to France, it is more common to
obtain convergence when France exports electricity to Germany.

The same type of reasoning can be applied to the commercial exchanges between the Netherlands and
Germany (level 2): the fact that the Netherlands exports electricity to Germany is a good indicator of price
convergence in the CWE region, as it will also depend on the German production. Obviously, this feature
cannot be as important as the commercial exchanges between France and Germany since the Netherlands’
electricity production and demand are much lower than those of France.

In the uncertainty branch, if the Netherlands does not export to Germany (or exports a very low value),
then congestion or convergence will depend on the commercial exchange from France to Belgium: congestion
is more likely below the threshold value, and convergence is likely otherwise.

Finally, in the convergence branch, the commercial exchanges both from France to Germany and from the
Netherlands to Germany are above the threshold, so convergence will happen 77% of the time. This situation
reflects lower production from German renewable sources and therefore congestion reduction. Furthermore,
convergence will be more likely if the commercial exchange from France to Belgium is above the threshold
value.

In line with previous works, we have found that promoting German renewable energy can be in contra-
diction with creating a unified energy market if the transmissions capabilities are not adapted to facilitate
cross-border exchanges and accommodate renewable energy sources (Huppmann and Egerer (2015); Janda
et al. (2017)). In this context, some authors noted that the German grid does not satisfy the needs emerging
from the phase-out process and the risk associated with international cross-border exchanges as the feed-in
of solar and wind sources increases (Janda et al. (2017)). Therefore, Germany’s Energiewende policy has an
important impact in the CWE region integration process, being the scheduled commercial exchange from
France to Germany the most discriminant feature of convergence and congestion in our models.

7.5. The limits of the methodology

The proposed methodology has some limitations which require to be conveniently addressed. In first
place, the data used for training the learning model needs to have a significant number of samples. Scenarios
with few data can easily build biased models with noisy rules. In this work, we have used 22,945 instances,
representing hourly data for 2 complete years, with dimensions coming from 4 different countries and 5
different sources (prices, commercial exchanges, total load, generation and weather). Another important
question is the quality and the quantity of the features. More dimensionality means more complexity for
the model, but at the same time it can potentially serve for discovering more complex feature interactions.
We propose using RFs for measuring feature importance, and in addition, comparing this feature relevance
to classic Pearson’s and Spearman’s rank correlation. Nevertheless, including new variables into the study,
such as a more detailed weather information, renewable energy generation by country, or external exchanges
(out of the CWE) would potentially improve the models and lead to a deeper understanding of electricity
market and how these interactions impact prices.

8. Conclusion and Policy Implications

The European electricity market is moving forward with an integration process in which the ultimate goal
is to have a unified energy market, with electricity flowing regardless of grid constraints. A fundamental axis
of this process is the FBMC, a mechanism to allocate cross-border capacity. The FBMC was implemented for
the first time in May 2015 in the CWE region and will expand across Europe if it succeeds. It is therefore of
the utmost importance to study the effects of the implementation of this mechanism in Europe. One major
aspect to be studied corresponds to price convergence, which is a good indicator to evaluate the degree of
integration of interconnected electricity markets. Consequently, policy-makers can consider the results of
this study to support the development of a fully integrated market.

As far as we know, this article is the first research work to study convergence in the CWE market since
the FBMC has been in operation. We propose using machine learning techniques, more specifically RF,
to mine knowledge about congestion in the CWE region. The vast majority of previous related works are
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focused on price forecasting and do not address the problem of understanding how short-term electricity
prices equalize. In this work, as a novelty, we propose addressing day-ahead electricity price forecasting by
analyzing how different variables impact price convergence, trying to recognize which features of connected
markets affect price equalization across bidding zones. This will allow policy-makers to identify the key
aspects in price convergence.

There is an interesting discussion about using decision trees because they are known to be unstable; i.e.,
they can produce completely different models from training sets that differ only slightly (Breiman (1996);
Dwyer and Holte (2007)). This instability can severely affect the process of extracting knowledge from the
trees. In addition to instability, when using the Gini importance, there is a bias towards variables with many
categories and continuous variables (Strobl et al. (2007)) instead of binary or discrete variables. In this work,
to overcome these issues, we have adopted the following measures:

• both schemes used to train guarantees when building 365 different models, which reduces the effects
of possible bias or outlier of specific models due to averaging;

• we propose using at least 50 estimators per model;

• the iterative feature removal approach mitigates the effect of the possible bias when removing features
and re-calculating the models, similar to the permutation importance described in (Strobl et al. (2007)).

As a result of these measures, consistency among models has been proved in Section 7.4.1, where first
decision nodes appear at the same positions with extremely high frequency and low variance for different
training sets.

The proposed learning approach has been tested with several estimators and training schemes and with
an iterative process to eliminate the irrelevant features. The approach has been proven to achieve robust
outcomes, yielding a very common pattern across all generated models. The main feature that differenti-
ates between congestion and convergence branches in the decision trees at the root level is the scheduled
commercial exchange from France to Germany. This variable discriminates situations in which the German
production is high due to renewable energies and congestion is more likely to occur because the transmission
capabilities are not adapted to such a situation.

The integration of renewable energy sources is a major aspect of the European energy policy. Nevertheless,
this study has shown how carefully it must be integrated in the CWE region because congestion situations are
encountered frequently when the renewable electricity production is high. Therefore, as an important policy
implication, it results that developing electrical transmission lines or creating new large-scale electricity uses
that can be adjusted to electricity generation (such as economically viable batteries for electricity storage
and electric cars, or power-to-gas solutions) should be encouraged to favor convergence in the CWE region.
This recommendation should be seriously considered since the share of renewable energy sources is increasing
continuously in electrical mixes of the CWE region. In addition of these changes, it is important to introduce
mechanisms in the electricity market for ensuring the equilibrium between production and consumption and
the security of supply. In particular, the flexibility of the power system must be encouraged and guaranteed,
both from the generation (through capacity mechanisms to ensure that controllable power plants are available
even in a context of low electricity prices) and consumption (through aggregators or other intensive electricity
consumers that can be remunerated for modulating their electricity uses) sides. Moreover, due to the rising
shares of wind and photovoltaic power and its variable production, it is expected that the intraday and
balancing markets will gain importance. In this context, the construction of a unified electricity market
offers an excellent opportunity for policy-makers to optimize this process.

Furthermore, developing forecast tools, such as the one presented in this work, to help understand price
equalization in the FBMC context is an interesting achievement for the policy-makers who are responsible
for the integration process. This tool provides reliable and accurate information to evaluate the convergence
degree within the CWE region in the day-ahead market. In addition, the congestion patterns occurring in
the CWE region since the implementation of the FBMC are identified. Policy-makers can therefore consider
these main patterns in order to suggest new policies that will face more efficiently congestion situations in this
region. Due to its geographical position, the CWE region is at the heart of European electricity exchanges,
making the link between Northern, Southern and Eastern Europe. In addition, in this region about one third
of the electricity is produced in Europe (including the two main producers in Europe: Germany and France),
it is therefore extremely important to provide to policy-makers tools and analysis methods that correctly
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evaluate the degree of integration of the electricity market in this region (understanding how and why
congestion situations occur in this region). Moreover, if the FBMC is extended to other market timeframes
(such as intraday) or to other regions such as the Central Eastern Europe, this kind of tools will provide
valuable information to policy-makers as well.

Identifying the impact that each area has in an interconnected region can be extended to larger regions
in Europe in order to perform more global analyses of the degree of integration of interconnected electricity
markets. To ensure the reliability and meaningfulness of these analyses, it is necessary to have a good
knowledge of the overall interconnected region and particularly of the electrical mixes of each area composing
the studied region. It is also important to indicate that the results provided by these analyses must be
considered carefully if there are major changes in the studied region, e.g., considerable modifications of the
day-ahead market rules in the interconnected region and major modifications of the areas composing the
studied region. The evaluation of the electricity price spread between the bidding zones, in addition of the
already studied price equalization, could as well be considered in order to complete the analysis brought by
the approach presented in this work.

As a general implication, the important development of renewable energies in a particular zone of an
interconnected region appears as one of the major reasons explaining congestion situations. More generally,
it can be inferred that the dissymmetrical evolution of the electrical mixes of interconnected zones is a major
aspect to be considered by policy-makers in the construction of an integrated electricity market.

Finally, the coordination of the different actors from the different countries is a key aspect to ensure a
coherent development of the electricity market in both the CWE region and the European Union (Ringler
et al. (2017)).

One remaining challenge for improving and extending this research work is introducing more complex
and richer variables and the relationships among them. As examples, more detailed weather information,
renewable energy generation by country, maintenance times for nuclear plants, differences in electricity prices,
generation or temperatures between countries, or external exchanges (out of the CWE) would potentially
improve the models and lead to a deeper understanding of electricity prices and how these interactions
impact price equalization in the CWE region. Regarding external exchanges, it is important to note the
major impact of unplanned power flows from northern Germany to southern Germany and Austria through
the Polish and Czech transmission grid (mainly due to the large wind power generation in northern Germany
and the inadequate grid capacity towards southern Germany, (Singh et al. (2016))). The operation of German
and Austrian markets as a single bidding zone is pointed as one of the responsible for these loop flows and
it has therefore been decided to split this market (from October 1, 2018). As a consequence, in order to
keep providing robust and reliable results with this data-based model, it is necessary to include as much
information as possible so that the learning time required by the algorithm is minimized while increasing
accuracy in prediction of congestion patterns in the CWE region.
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Appendix A. Data description and specific processing

This appendix explains in more detail the first 2 steps followed in the methodology described in Section
5 together with the variable names included used within the model.

Appendix A.1. Data acquisition

1. Day-ahead prices: Hourly day-ahead prices in each bidding zone (Euro/MWh, source: ENTSO-E).
They are used for measuring the target variable, i.e., convergence or congestion.

2. Scheduled generation: Hourly total scheduled net generation per bidding zone (MW, source: ENTSO-
E), one per country:

• hourly scheduled generation in Belgium (Scheduled generation BE);
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• hourly scheduled generation in Germany (Scheduled generation DE);

• hourly scheduled generation in France (Scheduled generation FR);

• hourly scheduled generation in the Netherlands (Scheduled generation NL).

3. Forecast load: Hourly day-ahead forecast load, defined as the sum of the power generated on
both transmission system operator/ distribution system operator networks deduced from the balance
(export-import) of exchanges on interconnections between neighboring bidding zones and the power
absorbed by energy storage resources (MW, source: ENTSO-E).19 These are the name of the variables
included into the model:

• hourly day-ahead forecast load in Belgium (Day ahead load forecast BE);

• hourly day-ahead forecast load in Germany (Day ahead load forecast DE);

• hourly day-ahead forecast load in France (Day ahead load forecast FR);

• hourly day-ahead forecast load in the Netherlands (Day ahead load forecast NL).

4. Scheduled commercial exchanges: Hourly aggregate capacity for all time horizons (including intra-
day) corresponding to explicit and implicit allocation (MW, source: ENTSO-E).20 Only commercial
exchanges within CWE bidding zones have been incorporated; these exchanges include the following:

• Germany-France (DE com FR) and France-Germany (FR com DE);

• France-Belgium (FR com BE) and Belgium-France (BE com FR);

• Germany-the Netherlands (DE com NL) and the Netherlands-Germany (NL com DE);

• Belgium-the Netherlands (BE com NL) and the Netherlands-Belgium (NL com BE).

Furthermore, electricity prices are affected by many other variables. In the actual model, we have included
the following: hour, month, weekday and daily temperatures (Temp BE, Temp DE, Temp FR, Temp NL).21

The analyzed period includes January 2016 through December 2017. The 2015 information has not been
incorporated because there were too many missing values for certain variables on the ENTSO-E web-page.
For example, the scheduled generation for Germany is not available until December 26, 2015.

Appendix A.2. Data processing

Before integrating the files downloaded from ENTSO-E for each bidding zone, the following processing
has been done:

• interpolation; if a weekday value is missing, interpolation is done with the weekday before and after at
the same hour of the missing value. If a weekend value is missing, the interpolation is done with the
weekend day before and after at the same time as the missing value;

• daylight saving time adjustment; in the ENTSO-E dataset, for days on which clocks move back one
hour, information is only available for 23 hours. Conversely, for days on which clocks move forward
one hour, there is information for 25 hours. An adjustment has been made to homogenize the data to
24 hours data per day.

Moreover, to enrich our analysis, the following variables have been created:

• weekdays versus weekend days (WeekDay, WeekEnd);

19For Belgium, the Netherlands and Germany, the information is available every 15 minutes, so it has been adapted to an
hourly format.

20The ENTSO-E does not provide information excluding the intra-day data. Nevertheless, because the intra-day is a low
percentage in respect to the total scheduled commercial exchanges, this variable is used as the best approximation of the
day-ahead commercial exchanges.

21The daily temperatures for the capitals of each bidding zone, Berlin, Paris, Amsterdam and Brussels, have been incorporated.
The capital is considered the best reference because it is the city with the highest population in a given bidding zone (currency:
◦C, source: Tutiempo).
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• labor days versus holidays (Holiday BE, Holiday DE, Holiday FR, Holiday NL); public holidays per
country have been included (source: RTE-France);

• commercial exchange balance per bidding zone; hourly net exchange among CWE markets for each
bidding zone. Positive values indicate net exporters, and negative values correspond to net importers
(Com balance BE, Com balance DE, Com balance FR, Com balance NL);

• price convergence; this variable measures the number of times in which all bidding zones have the same
prices. It takes a value of 1 if the prices are equal (convergence) and 0 if the prices are not the same
(congestion).

Appendix B. Abbreviations

Table B.10 provides a list of abbreviations and their definitions.

Table B.10: List of abbreviations

Abbreviation Description
Acronyms ATC Available transfer capacity

CAISO California Independent System Operator
CBCO CriticalBranches/Critical Outages
CWE Central Western European
EUPHEMIA Pan-European Hybrid Electricity Market Integration Algorithm
ENTSO-E European Network of Transmission System Operators for Electricity
FBMC Flow-Based Market Coupling
PTDF-matrix Power Transfer Distribution Factor-matri
RAM Remaining Available Margin

Country codes BE Belgium
DE Germany
FR France
NL The Netherlands

Machine Learning RF Random Forest
k-NN k Nearest Neighbors
RFE Recursive Feature Elimination
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Appendix C. Pearson’s and Spearman’s cross-correlation analysis

Table C.11: Cross-correlation table with convergence variable
Features Pearson Spearman
Hour −0.050∗ −0.050∗

Month −0.147∗ −0.148∗

WeekDay −0.038∗ −0.037∗

WeekEnd −0.032∗ −0.031∗

DE com FR −0.243∗ −0.232∗

DE com NL 0.100∗ 0.108∗

BE com FR −0.025∗ 0.070∗

BE com NL 0.172∗ 0.302∗

FR com DE 0.364∗ 0.498∗

FR com BE 0.189∗ 0.285∗

NL com DE 0.200∗ 0.303∗

NL com BE −0.201∗ −0.190∗

Com balance DE −0.292∗ −0.279∗

Com balance BE 0.059∗ 0.059∗

Com balance FR 0.314∗ 0.326∗

Com balance NL −0.172∗ −0.186∗

Day ahead load forecast DE −0.139∗ −0.140∗

Day ahead load forecast BE −0.197∗ −0.196∗

Day ahead load forecast FR −0.292∗ −0.304∗

Day ahead load forecast NL −0.116∗ −0.112∗

Scheduled generation DE −0.246∗ −0.242∗

Scheduled generation BE −0.138∗ −0.142∗

Scheduled generation FR −0.181∗ −0.188∗

Scheduled generation NL −0.159∗ −0.174∗

Temp DE 0.248∗ 0.252∗

Temp BE 0.244∗ 0.247∗

Temp FR 0.261∗ 0.265∗

Temp NL 0.235∗ 0.234∗

Holiday DE −0.030∗ −0.029∗

Holiday BE −0.019 −0.019
Holiday FR −0.009 −0.009
Holiday NL −0.035∗ −0.034∗

Note: ∗ρ < 0.001, higher correlation of each analysis in bold.

Source: own processing based on information from ENTSO-E.
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Appendix D. Rule level computation

As an illustrative example, in Figure D.7, Rule C appears 3 times, in levels 2, 3 and 4. To calculate
the level of this rule, we compute the average of all levels in which this rule appears; in this case, Level =
2+3+4

3 = 3. The final value is computed over all generated trees, for a total of 50 trees × 365 days = 18, 250
trees. As shown, this calculation requires many models to be analyzed and aggregated, which makes the
discovery of general patterns more difficult; however, if patterns are discovered, they have the advantage of
being robust and more generalizable.

Figure D.7: Example of a single decision tree (source: own processing)
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Appendix E. Example of an alternative decision tree

Figure E.8 exhibits the decision tree obtained for August 16th.

Figure E.8: Random decision tree trained for August 16, 2017 (source: own processing based on information from ENTSO-E)
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