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Big Data Analysis and Dimensionality Reduction to
Predict Price Trends in the Brazilian Electricity
Market Considering Interdisciplinary Phenomena

Everthon T. Sica “*', Larah F. R. Barboza
Vinicius V. L. Albani

Abstract—This paper aims to reduce the dimensionality of
features in the Brazilian electricity market when using the price
trend forecasting model, thereby minimizing the model's
complexity. This reduction must maintain the pertinence and
relevance of the data and both quantitative and qualitative
information. Our dimensionality reduction uses Spearman
Correlation and Mutual Information for features coupled with
time. Analysis guarantees the pertinence and relevance of the
features, validated by evaluating the data selected in the study
period through out-of-sample verification. Analysis of time-
associated features with unique characteristics for application in
the non-storable commodity market reduced the number of
variables from 4,000 to 19, and the number of features from 13 to
6. Although dimensionality reduction of big data and the method
used are familiar, we uniquely analyze time-coupled features
with dynamic evaluation. Another contribution is the analysis
and modeling of features with highly different characteristics and
dimensions, including Hydrological, Energy, Climatic, Economic,
and Geopolitical features. We obtained the features and database
from 2015 to 2023, which are relevant to the Brazilian electricity
market scenario. This method can be applied to other economic
sectors and databases based on variation over time.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9771

Index Terms—Mutual Information, Big data, Database

Coupled in Time, Price, Electricity Market Trend.

. INTRODUCTION

HE economic studies on energy planning show that
microeconomic phenomena, such as supply and
demand [1]-[4], and environmental factors [5]-[7],
such as the utilization of natural capital, influence the behavior
of the electricity market. Thus, the modeling and simulation
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strategy for long-term decision-making support in the future
electricity market should be integrated and multivariate [4][5],
correlating market trends and simulating multiple scenarios
[8]-[10]. Decision-makers should have access to the largest
possible number of variables, and the model must measure the
qualitative  differences in future scenarios [5][10].
Consequently, the predictions should be coherent with the
organic behavior of natural and economic capital in the
electric energy sector.

Electricity is a non-storable commodity, and its spot price in
future markets exhibits pronounced seasonal patterns and is
highly sensitive to real-time demand and supply in trading [11].
Therefore, it presents more volatile price developments compared
to other energy sources, such as crude oil and natural gas.
Multivariate long-term price forecasting models require organized
data inputs, with well-defined categories and layers encompassing
both qualitative and quantitative phenomena, to ensure precise
forecasting. Thus, it is necessary to consider the characteristics of
the power system, the electricity market, and the interdependence
of decision variables to evaluate their mathematical and economic
relevance for predicting price trends. Long-term multivariate
forecasting is a complex big data problem due to the large
number of variables and interdisciplinary factors, demanding high
computational performance. Mathematical modeling evolves to
reduce the cost of computational implementation, but the cost of
information to make the model more accurate increases. Fig. 1
presents an outline of the information costs as the need for
features and model inputs increases. This is relevant because
integrated resource models represent a micro-reality that can be
approached in two ways: top-down or bottom-up.
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structured and processed, whether in an aggregate or
disaggregate manner. In the top-down approach, the modeled
system is defined as a whole, with a simplified specification of
the aspects and phenomena that comprise it. In the bottom-up
approach, the system is modeled by providing a detailed
specification of the elements that constitute it, which are
progressively organized across hierarchical levels until a
comprehensive system definition is achieved [12]-[15].
Regardless of the approach, challenges related to variable
stratification, multidisciplinary representation, and the number
of phenomena represented must be addressed to manage
dimensionality.

This paper addresses the challenge of building a reduced
and coherent database integrated with a bottom-up energy
resource model to predict price trends in the Brazilian
electricity market, whose energy system is large,
interconnected, and predominantly hydro-thermal-wind. The
key contribution lies in producing concise, relevant, real-time
information for traders, promoting greater efficiency in
decision-making. Fig. 2 describes the proposed approach,
highlighting the multidisciplinary nature and complexity of the
problem, and relating hydrological, energy, climatic,
economic, and geopolitical phenomena. Therefore, several
variables (time series) associated with phenomena relevant to
price trend forecasting are modeled, such as Affluent Natural
Energy, Stored Hydro Energy, Turbined Spillable Hydro
Energy, Spot Price, Gross Domestic Product, Marginal Cost of
Operation, Economic Activity Index, Load Projections,
Available and Projected Power, Transmission Constraints,
Oceanic Niflo Index, Geopolitical Risk Index, Tropical
Northern Atlantic Index, Hydraulic Constraints, and other
economic and regulatory factors.

Over 4.000
variables with
different features
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Fig. 2. Organized integrated resource model.

As shown in Fig. 2, the analysis aims to process the number
of phenomena and their variables (time series) so that the
integrated pricing trend model is both parsimonious and
reliable. To determine which variables will be excluded from
the model, a feature engineering process will be used to select
the relevant phenomena and variables. Therefore, we suggest
using feature engineering through Spearman Correlation and
Mutual Information to reduce dimensionality, due to the
peculiarities of Brazil’s power system and electricity market.

The Spearman Correlation (SC) technique is applied to
measure the statistical relationship between variables, while
Mutual Information (MI) is used to verify the existence of
mutual dependence between variables. The systemic model
database comprises 13 phenomena, which resulted in over
4,000 different variables (time series), organized according to

the principles of integrated resource planning. Due to the size
of the database, analysis using SC and MI alone is not
effective. Consequently, a linear technique for dimensionality
reduction was  implemented, which uses vector
orthogonalization to transform correlated variables into a set
of linearly wuncorrelated values, thereby improving
computational performance without compromising the
accuracy and reliability of the results. Therefore, exploring the
phenomena related to future electricity pricing trends can yield
significant results in reducing the complexity of the problem
and making long-term forecasting more accurate and agile.

II. DATA COLLECTION

The analysis of the aspects’ interrelationships (see Fig. 3),
along with the idiosyncrasies of the Brazilian electricity
market, involves phenomena with dimensions that differ from,
yet have causal effects on, the electricity market, and are
therefore interdependent. It is advisable to consider variability
and anthropogenic interference, as it is essentially both a
multidisciplinary and an interdisciplinary problem [15]. The
aspects form a set of data and information as an open system

inserted into a systemic model with interdependent
phenomena.
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Fig. 3. Systemic model with interdependent phenomena.

Fig. 3 shows how the relationships among the energy,
hydrological, climatic, economic, and geopolitical aspects of
the power system and the electricity market can be understood
through their dynamic interactions. This reinforces the
complexity of the modeling problem and emphasizes the need
for dimensionality reduction and big data analysis.

A. Essential Characteristics of the Brazilian Electricity
Market

Predicting price trends involves forecasting the future
behavior of a market product. This forecast is constructed with
a certain granularity (frequency) according to a maturity
period (discretization for delivery) and a historical series
(observable variable). The product for the Brazilian electricity
market is determined according to the operation of the
National Interconnected System (SIN) by the National System
Operator (ONS) and settled monthly by the Electricity Trading
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Chamber (CCEE).

The National Interconnected System is a large hydro-
thermal-wind system, with a predominance of hydroelectric
plants, and has four subsystems: South, Southeast/Central-
West, Northeast, and a large part of the North region [16]. The
interconnection via transmission grid enables energy transfer
between subsystems, allows synergistic by leveraging the
diversity of hydrological regimes across basins, and ensures
that the Brazilian market is supplied with energy security and
economically.

In the Brazilian market, the product is defined according to
the operation of the electricity system in a month, for example,
product APR2024. The product results from the Monthly
Operation Schedule (PMO), the Marginal Operation Cost
(CMO), and the Difference Settlement Price (PLD). Products
can be traded in two environments: the regulated market and
the free market. In the regulated market, the product is
commercialized according to the rules established by the
National Electric Energy Agency (ANEEL), usually through
auctions. In the free market, the product can be traded in two
ways: the futures market or the spot market.

In the spot market, the settlement of traded products occurs
with a very short delay. In the futures market, the settlement of
traded products is only made in the future or even when the
product is delivered (at the end of the month, for example).
When trading in the on-the-spot market, the trader must pay a
certain amount of money to acquire the product or receive it
immediately when selling it. When trading in the futures
market, the trader agrees to trade forward, i.e., the trader will
buy or sell the product according to pre-agreed values for the
day stipulated at the end of the contract - the delivery time and
settlement of the product.

In the free market, the product can be traded in advance by
accredited economic agents in an open trading environment. In
Brazil, this free trading environment is called the Brazilian
Electricity Trading Desk (BBCE). At BBCE, each product is
traded in real-time, and it is possible to observe the historical
series of prices, s, quantities traded, g, or even the quantities
bought (demand), ¢, and sold (supply), ¢®. However, a
specific product, ¢, with maturity, 4, can be traded several
times, n, on the same market day, d, with different prices,

Shtna> and quantities, qpeng = q,(st)’n‘d +q,(:?n‘d. Thus, to
reduce dimensionality and maintain the nature of the
economic phenomenon by using a free interest rate, the market
price is modeled using the Volume Weighted Average Price
(VWAP) [17][18]. After manipulating the raw price data, a
historical series is created in a single vector of information,

according to:

N
s X
Sm’/&qp _ Zn( htnd qh,t,n,d) )
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where sy:n4 and gi.nq are the price and the volume of each
trade, n, of the same product, ¢, at the same maturity, 4, and on
same day, d, will be the VWARP price, si.4, withn = I, ..., N,
where n = N refers to the last trade. In turn, the historical
series of trading volume values is obtained according to:
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where gn.na is the volume of each trade, n, of the same
product, ¢, at the same maturity, 4, will be the VWAP volume,
qh,ia - Henceforth, the VWARP price in (1) and VWAP volume
in (2) are denoted simply as 55,4 and g4, respectively, in the
product information matrix:

d = d(yy,mm,dd) + 0 Sh=H-jtd An=H-jtd
{d|ded(yy,mm,dd)+j}Vj=0,..] (h|heH-j}Vj=0,...]
d =d(yy,mm,dd) + 1 Sh=H-1,td An=H-1td
t= d = d(yy,mm,dd) + 2 Sh=H-2,t,d An=H-2,td 3
l d =d(yy,mm,dd) +j Sh=0,td An=ot,a J
(d:d=d(yy,mmdd)+j—-d(YY,MM.DD)}  {h:h=H—j—h=0}

where ¢ is the product matrix obtained by month /MM] and
year [YY]; d is trade date in the format [yy, mm, dd]; h is
product maturity; su.s is the price; and g4 is the volume.
Thus, the product historical series, ¢ (MM, YY), begins on the
first trading day (A = H —j — j = 0) at the highest maturity, H,
until the last trade or delivery, d (vy, mm, dd) + j — d (YY, MM,
DD), of the product. Thus, the price, s5,.4, and volume, gj,.q4, are
progressively associated (j = 0, ..., J) by the date of the first trade,
7 = 0, up to the last trading day, j = J, at the highest maturity, 4 =
H —j — h = 0. Likewise, each feature will have the same
granularity and raw data information for the same day, d.

B. Features Organization

According to (3), the features are organized in the matrix,
based on the performance of each feature, f'= I, ..., F, for each
day, d, forming a complex and large matrix. Additionally, we
implemented Python scripts for real-time data acquisition to
database construction. Thus, the 5 groups in Fig. 2 is organize
into 13 features: (i) Hydrological: Affluent Natural Energy
(ENA); (ii) Energy: subsystems’ Marginal Cost of Operation
(CMO), Total Capacity of Transmission Lines [MVA], Total
Size of Transmission Lines [Km], Electricity Load Projection,
and subsystems’ Average Stored Energy (EARm); (iii)
Climatic: Climatology (Clim), Monthly Nifio Ocean Index
(ONIm), and Tropical North Atlantic Ocean Temperature
indicator (TNA); (iv) Economic: Central Bank Economic
Activity index (IBC), Gross Domestic Product (GDP), and
Volume Weighted Average Price (VWAP); and (v)
Geopolitical: Geopolitical Risk Index (GPRD).

The Hydrological group is composed of time series
variations of historical Affluent Natural Energy (ENA)
[19][20]. Each variation of the time series is formed with
shifts, sk, of 0, 30, 60, 90, and 120 days for each Simple
Moving Average (SMA) of 5, 7, 15, 30, 60, and 90 days. Shift
(delay) is a way of identifying the temporal interrelationship
between the variable (time series) of each feature, fr4, and the
behavior of the VWAP, s;,,4. In other words, a shift helps
determine whether a change in the behavior of a feature
affects the price trend at the same time it occurs, or 30 days in
advance, or 60 days in advance, and so on.

From the trader's perspective, changes in a feature's
performance, frq, can influence buying and selling decisions
in different ways. For example, consider the trading of the
APR2024 product in February 2024 (M+2): which ENA
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forecast time series has the greatest impact on the price of this
product? The ENA forecast for April 2024 made in February
(sh = 0), or the one made in January (sh# = 30)? To increase
the profit potential, the trader takes uncertainties into account,
which, naturally, increases the risk in the futures market.

The Energy group comprises the Marginal Operating Cost
(CMO) of the four subsystems, sb, (South, Southeast/Central-
West, Northeast and North) of the SIN, the capacity and size
of the SIN transmission network, the Electricity Load
Projection (Proj C), and the Average Stored Energy (EARm)
of the four subsystems, sb, and the SIN [19]. The Average
Stored Energy (EARm) refers to the amount of energy
corresponding to the average volume of water stored in the
reservoirs of hydroelectric plants, which can be used for
power generation if the water is released through the turbines.

The Load Projection (Proj C) considers the month under
study and the four subsequent months, M +i,i =0, ..., 4. For
example, regarding April 2024 (APR2024), M+0 is the
Electricity Load Projection for April 2024 based on data from
April 2024; M+1 is the projection for May 2024, based on the
initial conditions of April 2024; M+2 is the projection for June
2024, based on the initial conditions of April 2024, and so on.

The Climatic group comprises climatology (Clim), the El
Nifilo Mean Ocean Index (ONIm), and the Tropical North
Atlantic Ocean Water Temperature Index (TNA). Climatology
refers to the country's climatological normal (the expected
behavior for each year) or the long-term historical average of
the ENA for the period analyzed [19][20].

The Economic group comprises the Gross Domestic
Product (GDP) index, the Economic Activity Index (IBC)
[21], and the Volume Weighted Average Price. Volume
Weighted Average Price (VWARP) is defined by (1). GDP and
IBC are considered qualitative due to the way information is
collected and the political-regulatory influence, as evidenced
in studies [22]-[28]. Therefore, it is imperative to incorporate
qualitative variables to achieve long-term forecasts, whether
related to prices or demand.

The Geopolitical group comprises the Geopolitical Risk
Index (GPRD) [29]. This feature was chosen as a qualitative
parameter because of the political-regulatory influence on
commodity prices. For example, an analysis of trends, falls,
and correlations in long-term commodity prices was
performed by [30]. The adopted approach encompassed a
dataset spanning 700 years (from 1300 to 2019), considering
seven different commodity curves. The results showed that
substantial price changes are often linked to significant
historical events, often of a purely qualitative nature, such as
sudden regulatory changes [21][30]. Political instability and
conflicts in important international regions can disrupt the
power supply from energy resources, such as renewables, and
increase commodity prices, resulting in reduced purchasing
power for energy consumers [31]. In [32], the GPRD was
included in the model studied.

III. FEATURE ENGINEERING REVIEW AND METHOD

Companies across various sectors encounter the challenge
of managing large volumes of diverse data daily. When
processed in real-time, this data has the potential to enhance
decision-making. In big data, streaming feature selection has

emerged as an effective technique for identifying the most
relevant features in high-dimensional datasets, reducing
learning complexity. This selection pertains to features that
arrive sequentially over time, with a well-established number
of instances but a variable number of features. Many
researchers have proposed streaming resource selection
algorithms to address this issue, as discussed in [33], which
also highlights current challenges in big data research.

In data mining, the emphasis on feature selection has been
growing, as a subset of quality data is crucial for building
effective models. Ref. [34] summarizes data feature selection
and underscores the need for careful consideration when
choosing features for big data, where issues such as noise and
data types are amplified. Challenges are classified according
to scale, dimensionality, dynamicity, missing data,
heterogeneity, and reliability.

Feature engineering is defined in two ways [35]: preparing
input data into features understandable by machine learning
algorithms and transforming variables into features to enhance
performance and interpretability. The pair-wise verification
process between features for exploration data analysis, as
discussed in [36], is essential for prediction, allowing for the
elimination of unnecessary variables. However, the high
dimensionality of the feature space complicates this task.

The complexity and quantity of data hinder predictive
outcomes, regardless of the machine learning technique
employed [37]. However, machine learning models exhibit
limited capacity to extract useful information as the number of
features increases, which negatively affects prediction
performance [38]. Simple models struggle to grasp deep
information embedded within the data, leading to
recommendations for combining deep learning models with
feature engineering.

A comparison of machine learning models for prediction is
conducted by [39], analyzing different features engineering
approaches across 24 schemes. In our research, we employ
weighted averages to address data gaps, like the methods
described in [40], which implemented 12 machine learning
models and created features based on prior domain
knowledge. In the Brazilian power system, the increasing
volume of stored data makes it necessary to filter and select
the most relevant information for the problem at hand.

Computerized methods encountered significant resource
and time consumption because of the number of variables
associated with high-entropy alloy characterization [41]. A
day-ahead forecast of electricity market prices using long-
short term memory recurrent neural networks is done by [42],
creating 44 features to enable the model to learn trends and
volatilities.

A survey’s data-driven approaches identifying various
feature types that contribute to energy consumption prediction,
such as meteorological data, building characteristics, and
historical data, are presented by [43]. Our paper presents
features that can yield favorable results for price trend
prediction in the Brazilian electricity market.

Ref. [44] discusses a feature engineering process to extract
and select the most important features, addressing overfitting
issues. The authors noted that extraction aims to reduce the
original feature space while selection focuses on choosing
relevant information for efficient machine learning model
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training. Our study applies this principle by employing feature
engineering for the same purpose. Similar to [45][46], we use
knowledge-driven feature engineering, which combines
domain knowledge with feature engineering to refine the
variables related to the problem.

The feature engineering processing method can employ an
attention mechanism because of the highly fluctuating nature
of the data, allowing the model to learn more effectively [47].
Ref. [48] categorizes feature engineering techniques into three
groups: filter, wrapper, and hybrid. Filter techniques eliminate
insignificant features but may not address redundancy, while
wrapper techniques analyze features and incorporate a
selection algorithm within an induction algorithm, albeit with
high computational costs. Hybrid techniques combine these
approaches in a single model, balancing computational power
and efficiency.

Ref. [49] uses hybrid feature engineering techniques, such
as instance-based Relief-F (wrapper) and MI, for variable
selection and dimensionality reduction. Ref. [50] states that
dimensionality reduction methods are commonly used in
supervised machine learning, highlighting the effectiveness of
feature selection and extraction techniques. Feature selection
reduces dimensionality and identifies relevant variables, with
MI being a key tool. Ref. [51] discusses electricity market
price forecasting that uses MI for feature selection,
redundancy identification, and assessment of individual input
relevance.

Ref. [52] employs a multi-label concept for feature
selection, categorizing features into distinct labels through
mutual information analysis. The input variables are typically
selected based on user experience and trial-and-error methods
[53]. Given many non-linear variables in electricity price
forecasting, methods such as MI are valuable. Ref. [54]
applies MI for feature selection but notes that the algorithm
suffers from the curse of dimensionality, incurring high
computational burdens. To improve this, it suggests
normalizing inputs and using joint probability for MI
computation. We implement MI to analyze nonlinear
variables, finding it valuable for investigating the
interrelationships between features and price. The research
conducted by [55] investigates various feature engineering
approaches, emphasizing that optimal techniques vary across
machine learning models.

For feature visualization, analyzing correlations between
feature pairs to create a correlation matrix is recommended.
For feature selection, the Random Forest technique is
suggested to be applied to the decision tree model in Fig. 2,
while Principal Component Analysis is regarded as a leading
method for feature exclusion.

Our research paper aligns with these approaches, employing
SC and MI matrices for visualization and implementing a
decision model for selection, focusing on the utility among the
variables. The methodological steps and procedures applied to
reduce dimensionality are summarized in Fig. 4. We
implement SC to eliminate redundant features and MI to filter
out insignificant ones, carefully evaluating variable
importance.
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A. Spearman Correlation

Spearman Correlation (SC) is a non-parametric measure of
statistical dependence between two variables, where the
relationship is described by a monotonic function. SC works
best for non-linear information, which is characteristic of the
features and variables that comprise the integrated resource
model (Fig. 2). This method normalizes its result, returning
values between -1 and 1 [56], as shown next:

6 &
=1 E 2 4
Pd Fd(Fdz—l) de ( )
fa=1

where paq is the Spearman Correlation coefficient on day, d;
ks, is the difference between two feature performances on
day, d; and F; is the number of feature observations on day, d.
The SC result is used to evaluate the correlation between
random features, f; = I, .., F4, on the same day, d, to
determine whether the feature can be excluded from price
trend forecasting. We adapted the interpretation of the SC
result using a qualitative intensity scale applying it according
to the specificities of the problem, as follows: p = 0 means no
correlation; 0 < |p| < 0.20 is indifferent; 0.20 < |p| < 0.40 is
weak; 0.40 < |p| < 0.60 is moderate; 0.60 < |p| < 0.80 is
strong; 0.80 < |p| < 1.00 is absolute; and 1 is monotonic
correlation [57].

In our study, for example, the Total Line Capacity [MVA]
feature has seasonal behavior over time, with some periods
showing a positive correlation between features and others
showing a negative correlation. However, this feature was
excluded due to low relevance and weak intensity in both MI
and SC. Furthermore, the capacity of transmission lines
involves discrete events over time, as their capacity increases
occur at specific points.

We implemented a performance matrix to visualize the
time-coupled behavior of each variable in each feature. This
matrix supports validation and specific studies. Nevertheless,
including them here is impractical, so they are available in the
supplementary material on the GitHub link. However, in this
paper, we present the main analyses in the following.

The Climatology (Clim) feature (see Fig. 5) shows a strong
positive correlation between the variables with a 30-day shift
and the ENA _hist feature. However, the VWAP feature shows
weak correlation. In this sense, it can be concluded that SC
between Clim and ENA presents a redundancy, given that
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climatology is the country's climatological normal or even the
historical average of ENA over a long period (1991-2020).
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Fig. 5. Spearman correlation for Climatology feature.

The Clim features (with 30-, 60-, 90-, and 120-day shifts)
show strong positive correlations with each other, with the
ENA_hist feature, and with the Electricity Load Projection
(Proj_C) feature. However, the ENA hist feature has a weak
correlation with the VWAP feature; therefore, it is excluded.
The results show that the greater the shift for the Clim feature,
the stronger the positive correlation with the subsystems'
Average Stored Energy (EARm), and the stronger the negative
correlation with Electricity Load Projections. The subsystems'
EARm feature shows a strong positive correlation, except in
the South subsystem. There is a strong negative correlation
between the subsystems' CMO feature with most of the Clim
and EARm features, which weakens with increased shifts.
However, a slightly negative correlation is observed under
certain 2022 VWARP, while a positive correlation remains with
Electricity Load Projections. The features not mentioned have
a weak correlation with the VWAP feature and are likely to be
excluded. However, whether they can be refuted requires
further analysis using the Mutual Information technique.

B. Mutual Information

Mutual Information (MI) is a relevant metric for filtering
and ranking features. With the obtained MI indicator, it is
possible to evaluate the associations between VWAP feature
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Fig. 6. Mutual Information for Climatology feature.

2020-07

and various Hydrological, Energy, Climatic, Economic, and
Geopolitical features implemented in the database, thereby
reducing its size. Unlike the Spearman Correlation, MI can
detect any type of dependency between variables:

MI(fXd fyd)
p(fxd'fyd) > (5)
;;”(f“'f”)l"gz (s p(ha)
x€X yey

where fxq and fyq are the pair of feature observations analyzed
on day, d; p(f.s fy.q) 1s the joint probability distribution; and
p(fve) and p(f,s) are the marginal probability distribution
functions. The minimum value of MI is 0, due to its
logarithmic. When MI equals 0, the variables are independent
— that is, one does not influence the other [54][58]. MI
provides a more comprehensive analysis of features and their
dependencies, assessing the ambiguity of each feature and its
relevance to the price forecasting.

As in the previous section, figures were generated for all
features and are available in the supplementary material on the
GitHub link. In this sense, some conjectures are presented.
Fig. 6 shows that the Clim feature has high MI with several
ENA variations, except for ENA_ hist clim, whose MI
decreases as the shift increases.

The subsystems’ CMO (except for the South subsystem)
and Clim features show high MI with each other, as well as
with the Electricity Load Projection, EARm, TNA, and
VWAP features. However, both have low MI with GPRD,
GDP, and IBC features.

The subsystems’ EARm features show high MI both with
each other and with the Electricity Load Projection and
ENA hist SMA features. The GPRD, GDP, and IBC features
are excluded, as they show low to moderate MI in some parts
of the year. The ONIm and TNA features show high MI with
all the EARm, Electricity Load Projection, VWAP, and Clim
features.

The VWAP feature has a high MI with several features
from the Hydrological and Climatic groups, which enables an
accurate analysis by highlighting features that can be refuted.

Mutual Information performance
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IV. ANALYSIS OF RESULTS

The analysis investigates the influence and relevance of
Hydrological and Climatic group features on market price
trends and their impact on other group features. For the
features in the Economics group, Spearman Correlation (SC)
shows that the GDP feature is weakly influenced by the
behavior of the Hydrological and Climatic group features with
a 30-day forward forecast. The IBC feature is moderately
influenced by the behavior of the Hydrological and Climatic
group features, with a 0-day-ahead forecast. The GPRD
feature is not influenced by the behavior of the Hydrological
and Climatic group features, so it should be excluded.
According to Mutual Information (MI), the GDP and IBC
features show low dependence on the behavior of the
Climatology features, especially with the 30- and 60-day
forward forecasts. The GPRD feature shows moderate
dependence on the behavior of Hydrological and Climatic
group features but has the lowest conceptual relevance and
should therefore be excluded.

For the Energy features, Spearman Correlation (SC) shows
that the Total Line Capacity and the subsystems’ CMO
features are moderately influenced by the behavior of the
Hydrological and Climatic group features in the 30-day-ahead
forecast. The Total Line Size feature is not influenced by the
behavior of the Hydrological and Climatic group features and
should therefore be excluded. According to Mutual
Information (MI), features such as Total Line Size and Total
Line Capacity show no MI. The result was inconclusive and
should therefore be excluded. The subsystems’ CMO feature
shows regional variation in dependence on Climatology
features - low in the South and Southeast/Central-West, but
high in the North and Northeast for 30- and 60-day-ahead
forecasts.

The Electricity Load Projection feature, according to the
SC, is strongly influenced by the behavior of the Clim feature,
with a 0-day-ahead forecast and moderately with a 30-day-
ahead forecast. The Electricity Load Projections (M+0 to
M+4) are influenced by the ENA _hist feature, with moderate
dependence at shorter horizons (M+0 and M+1) and stronger
dependence at longer horizons (M+2 to M+4) for a 0-day-
ahead forecast, decreasing to moderate at 30 days. According
to MI, the Electricity Load Projection features (M+1 to M+4)
show moderate dependence on Clim and ENA_hist (SMA=15)
with 60- and 90-day-ahead forecasts, while M+0 shows high
dependence on both. All projections (M+0 to M+4) show high
dependence on the TNA and ONIm features.

According to SC, the EARm features of the SIN, North, and
Northeast subsystems are weakly influenced by the Clim and
several ENA hist features - particularly with a 90-day-ahead
forecast for shorter SMs (5 and 7) and a 60-day-ahead forecast
for longer SMA (15, 30, and 90). The EARm features of the
South and Southeast/Central-West subsystems are weakly
influenced by the Clim and ENA _hist features with 60-, 90-,
and 120-day-ahead forecasts. According to MI, the
subsystems’ EARm features show moderate dependence on
the behavior of the Clim features with 0-, 30-, 60-, and 90-
day-ahead forecasts, as well as on the behavior of the TNA
and ONIm features.
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According to the SC, the VWAP feature for products M+0,
M+1, M+2, and M+3 is weakly influenced by the behavior of
the ONIm feature, as well as by the Clim and ENA hist
features, with 90- and 120-day-ahead forecasts. The same
interpretation applies, but with less adherence to the variations
of ENA hist (SMA=5, ..., 90), always with 90- and 120-day-
ahead forecasts. According to MI, the VWAP feature for
products M+0, M+I1, M+2, and M+3 shows moderate
dependence on the behavior of Climatology features with 90-
and 120-day-ahead forecasts. A similar interpretation applies
to the variations ENA_hist, but with low dependence at a 90-
day-ahead forecast. The VWAP feature for all products shows
moderate dependence on the TNA and ONIm features, as well
as on the behavior of the subsystems’ CMO feature - with high
dependence in the North and Northeast and low in the South
and Southeast/Central-West subsystems. The VWAP feature
for all products shows high dependence on the behavior of the
Electricity Load Projection feature, but with lower dependence
for longer-term products (M+2 and M+3). The VWAP feature
for all products shows moderate dependence on the behavior
of the subsystems’ EARm features.

V. CONCLUSION

We aim to reduce the dimensionality of the features in the
Brazilian electricity market when using the price trend
forecasting model, thereby minimizing both the model's
complexity and the cost of computational implementation. It
can be concluded that the most relevant and useful features for
the price trend model in the real-time electricity market are:

e For Gross Domestic Product (GDP) and Economic
Activity Index (IBC) - the Climatology features (with 30-
and 60-day-ahead forecasts) are the most relevant.

e For Marginal Cost of Operation (CMO) - the ONIm,
Climatology (with 30- and 60-day-ahead forecasts), and
TNA features are the most relevant.

e For FElectricity Load Projection - the TNA and
Climatology features (with 30- and 60-day-ahead
forecasts) are the most relevant.

e For Average Stored Energy (EARm) - the Climatology
(with a 90-day-ahead forecast), TNA and ONIm features
are the most relevant. However, the TNA has greater
influence on the SIN, South, and Southeast/Central-West
subsystems and less influence on the North and Northeast
subsystems.

e For VWAP - the ONIm, TNA, and Climatology (with 30-,
0-, and 60-day-ahead forecasts) features are the most
relevant. However, the ONIm feature has greater
influence, and the TNA feature has moderate influence, as
do the Electricity Load Projection (M +i) and Marginal
Operating Cost (CMO) features on the North and
Northeast subsystems. In turn, Average Stored Energy
(EARm) has a moderate influence in the SIN,
Southeast/Central-West and Northeast subsystems, a
greater influence in the SIN, Northeast, and
Southeast/Central-West subsystems, and a lower intensity
and relevance in the South subsystem.

Therefore, the five groups and 13 features, totaling 4,000
variables (time series), can be reduced to 6 features and 19
variables without loss of information and relevance: (i)
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Climatology (with 0-, 30-, and 60-day-ahead forecasts); (ii)
ONIm; (iii)) TNA; (iv) Electricity Load Projection; (v)
Marginal Cost of Operation (CMO) for the Southeast/Central-
West, Northeast and North subsystems; and (vi) Average
Stored Energy (EARm) for the Southeast/Central-West,
Northeast, North, and SIN subsystems.

Our study has an original aspect that lies in the analysis of
time-coupled features through a dynamic evaluation. Another
contribution is the analysis and modeling of features with very
different characteristics and dimensions, as this paper
considers Hydrological, Energy, Climatic, Economic, and
Geopolitical features. The features and database cover the
period from 2015 to 2023 and are specifically relevant to the
Brazilian electricity market and power system. However, the
method can be applied to other economic sectors and
databases based on variation over time.
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