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Climate change and other disruptive events have a significant impact on the electrical grid, affecting both
power supply and consumption. With the rise in frequency and severity of extreme events, like heatwaves
and droughts, the stability and operations of the system are increasingly at risk. The COVID-19 pandemic,
unrelated to climate, has also brought about dramatic shifts in global energy patterns. We apply machine

Keywords:

Counterfactual learning to model electricity consumption counterfactuals for Brazil, one of the largest hydropower producers,
Electric consumption to understand the effects of these events. By training our model on 23 years of data (1999-2021), we achieved
Forecast a .848 R? and 2.6% MAPE. This enabled us to assess the impact of historical events on electricity consumption

Extreme events at both hourly and daily levels. Next, we use climate change scenarios to forecast electricity consumption
and find that Brazil’s capacity is unlikely to meet demand from 2070 on-wards. Our research provides much
needed insight into the impact of extreme events on Brazil, with implications for understanding energy system
responsiveness and resiliency. The counterfactual approach proposed is also transferable to other countries
and contexts, with the potential for new application areas given interactions between extreme events, climate

change, and transitioning energy systems.

1. Introduction

Energy systems are increasingly coupled with human, environment,
and climate systems. For example, the deployment of renewable en-
ergy is critical for mitigating future climate change and improving
population health [1,2], and hydropower, the leading renewable re-
source in the world [3], is dependent on water availability. Energy
and climate experts are therefore raising concerns regarding the ca-
pacity of renewable generation sources (e.g., hydro, wind, and solar)
to reliably meet electricity demand under future climate change and
human development pressures. Increases in electricity consumption due
to population and economic growth, worsening severity and frequency
of extreme weather events, long term effects of climate change on
surface temperatures and precipitation, and rapid land use change can
present significant challenges to energy systems, particularly so for
those dependent on renewable resources [4]. A crucial component of
energy planning, therefore, requires an understanding of how these
challenges translate to impacts on electricity consumption and supply.

Such issues are typified by Brazil, a country with an electricity
system that is heavily dependent on hydropower. Brazil is currently
undergoing substantial economic and social transitions with popula-
tions living in geographically and climatologically diverse regions, all
contributing to changing patterns in electricity consumption. As of
April 2023, Brazil’s total generation capacity was 190.8 GW [5], the
third-largest electricity sector in the Americas and only second to China
in total hydroelectricity capacity. Brazil’s electricity sector is comprised
of 56.98% hydropower and 25.42% thermal [6] with an expected 2.7%
yearly growth in grid capacity [7]. There are also indications that Brazil
could be facing an energy crisis in the near future, spurred by low
reservoir levels and drought, and exacerbated by increases in electricity
consumption [8].

Historically, Brazil has relied almost completely on clean energy,
but recently (see Fig. 1) there has been increased reliance on thermal
generation sources. While in 2010 over 90% of electricity demand
was satisfied by hydropower, a decade later hydropower generation

* Corresponding author at: Universidade Federal de Minas Gerais, Belo Horizonte, Brazil.
E-mail addresses: gzuin@dcc.ufmg.br, gianlucca@kunumi.com (G. Zuin), rbuec@stanford.edu (R. Buechler), luke18@stanford.edu (T. Sun),
czanocco@stanford.edu (C. Zanocco), franciscogaluppo@dcc.ufmg.br, francisco@kunumi.com (F. Galuppo), adrianov@dcc.ufmg.br (A. Veloso),

ram.rajagopal@stanford.edu (R. Rajagopal).

https://doi.org/10.1016/j.energy.2023.128101

Received 12 December 2022; Received in revised form 19 May 2023; Accepted 11 June 2023

Available online 14 June 2023
0360-5442/© 2023 Elsevier Ltd. All rights reserved.


https://www.elsevier.com/locate/energy
http://www.elsevier.com/locate/energy
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
http://www.ons.org.br/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
https://pangeo-data.github.io/pangeo-cmip6-cloud/
mailto:gzuin@dcc.ufmg.br
mailto:gianlucca@kunumi.com
mailto:rbuec@stanford.edu
mailto:luke18@stanford.edu
mailto:czanocco@stanford.edu
mailto:franciscogaluppo@dcc.ufmg.br
mailto:francisco@kunumi.com
mailto:adrianov@dcc.ufmg.br
mailto:ram.rajagopal@stanford.edu
https://doi.org/10.1016/j.energy.2023.128101
https://doi.org/10.1016/j.energy.2023.128101
http://crossmark.crossref.org/dialog/?doi=10.1016/j.energy.2023.128101&domain=pdf

G. Zuin et al.
Solar Wind Hydropower Thermal Nuclear
100%
80%.
>
)
=
2
5 60%
=l
2
<
5 40%
2
5}
&}
20%
2005 2010 2015 2020
Year

Fig. 1. Electricity generation profile of Brazil. Although hydropower constitutes over
50% of electricity generation, Brazil is experiencing a growth in the thermal generation
share driven mostly by lower reservoir levels and increases in electricity demand.

fell to 50%-60%, with thermal constituting approximately 20% of total
generation. The wider adoption of wind-based alternatives has offset
some of this reliance on thermal, however, the main concern still
stands: renewables may not be able to supply the majority of Brazilian
electricity demand due to steady increases in population consumption,
decreasing water availability and hydro-related crises, and unexpected
shocks from extreme or disruptive events. For these reasons, developing
a deeper understanding of the Brazilian energy system is both timely
and of critical societal importance [9]. In this research, we narrow
our study’s focus to one aspect of the energy system: determinants of
electricity consumption.

Given the tight coupling of weather to the Brazilian electrical system
at a national and regional level, the impact of disruptive events, and
the need for future planning under climate change, we propose the
following research questions:

RQ1 What are the primary drivers of electricity consumption in Brazil
and how do these drivers vary across regions?

RQ2 What are the impacts of disruptive or atypical events on con-
sumption?

RQ3 What is the projected demand in the future and what capacity is
needed to meet this future consumption?

To address these research questions, we test and deploy a suite of ma-
chine learning approaches on multiple data sources including electrical
system operations, weather observations, historical events, and future
climate projections. Building upon previous work [10], we expand this
research by leveraging data covering over 70% of the Brazilian popu-
lation to model hourly electricity consumption, investigating historical
disruptive/extreme events in detail, and then applying future climate
scenarios to quantify projected grid capacity, hydropower capacity,
and consumption forecasts at regional and national-levels. As a result,
our research provides a much needed deep exploration into historical,
current, and future determinants of electricity consumption in Brazil
and proposes a generalized counterfactual framework for measuring
impacts of extreme or disruptive events that is transferable to other
energy systems with comparable levels of data availability.

2. Related work

While many statistical methods for electricity demand prediction
have been proposed and are demonstrated to be performant, one pre-
viously identified limitation has been an overreliance on linear or
quasilinear relationships [11]. For example, [12] compares classical
statistical methods utilizing linear relationships against more complex
statistical approaches and found that gradient-boosting methods have
higher performance when predicting energy consumption in urban
areas. However, this is expected as tree-based approaches are known
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to struggle with out-of-distribution data [13] and if applied to demand
forecasting this could be problematic as impacts from extreme events
and climate change can exceed historical records. To address the chal-
lenge of out-of-distribution observations, [14,15] proposes augmenting
datasets to improve extrapolation using the Data-Augmented Regres-
sion for Extrapolation or Data Augmented Regression (DAR) algorithm
which consists of repeat sampling on the desired domain and using
a background model to provide weighted responses. In our work, we
propose applying the DAR algorithm to a tree-based electricity con-
sumption model so that it can better accommodate out-of-distribution
data, which we hypothesize will enable state-of-the-art performance in
the modeling of extreme and disruptive events.

Disruptive events can impact electricity consumption, with a no-
table recent event being the COVID-19 pandemic, which has con-
tributed to substantial uncertainty in consumption forecasting. While
the pandemic is an example of one type of disruptive event [16],
other disruptive events such as economic recessions can have dramatic
impacts on the power sector [17]. In addition to such disruptions, long-
term social and economic trends, such as population growth and urban
development, will likely contribute to load growth. There is also the
potential that future climate change — which will result in warmer
yearly temperatures — will in turn result in increasing consumption.
Warmer temperatures could also change the timing and intensity of
daily electricity consumption, with peak electricity demand occurring
at different hours of the day and at higher levels due to new deployment
and utilization of building cooling technologies [18]. Moreover, these
challenges and impacts may not be ubiquitous, and in the Brazilian
context differ substantially due to climate, geographic, and economic
variations across regions [19].

While some disruptive events may have impacts that persist across
longer time horizons (e.g., greater than one year), such as the COVID-
19 pandemic, economic recessions, and climatological changes, there
are also shorter-duration extreme events (e.g., ranging from days to
months) such as heat/cold waves, hurricanes, and flooding that can
generate dramatic impacts on energy supply and demand [20], such
as a 2021 Texas winter storm that left millions without power [21].
Research has identified the importance of generating better seasonal,
subseasonal, and even week ahead forecasts to account for extreme
events and their potential impacts on everything from renewable en-
ergy generation to electricity demand [22]. However, forecasting these
extreme events, and even generating a better understanding of their
direct impacts on the electricity system, remains an ongoing challenge
[23-25]. In acknowledgment of these challenges, industry and regu-
latory groups are now calling for the introduction of reliability and
resource adequacy metrics that better account for extreme weather
events [26].

Counterfactual modeling has emerged as a technique to under-
stand the impacts of disruptive events on the electricity system in a
more generalized manner [27], allowing for comparisons across the
world, including North America, South America, Europe, and Asia.
For example, Buechler et al. (2022) used a counterfactual modeling
approach to understand the impact of COVID-19-related restrictions on
electricity consumption across 58 different countries/regions. In this
work, counterfactual models of electricity consumption were developed
for each country/region to simulate what consumption would have
been in the absence of the pandemic and then compared against actual
demand during this same period.

Concerning the Brazilian energy system, [28] evaluated 20 years
of electricity load for the Brazilian grid and investigated scenarios for
the balance of electricity supply and demand through 2030 considering
projected renewable penetration. In related work, [29] generated a
large number of realistic weather pathways and produced a probabilis-
tic electricity demand forecast for Brazil for 2016-2100. In addition to
these research efforts, a spatial econometrics approach was applied in
[30] to forecast regional electricity consumption in Brazil. Similarly,
[31] quantified the effects of changing Gross Domestic Product (GCP)
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on demand for electricity in Brazil, allowing for a scenario-based
analysis of possible future conditions. Focusing on the residential sector
in Brazil, [32] proposed spatiotemporal models to estimate electricity
demand. Recent research forecasting Brazilian electricity demand has
compared more traditional time series analysis with machine learn-
ing methods, such as artificial neural networks, and found machine
learning approaches to be a powerful tool when sufficiently large data
is available [33]. On the energy generation side, [34] explored the
uncertainties in future hydropower generation capacity in Brazil using
insights from climate models.

We also conducted a review of the extant literature pertaining
to Brazil and South America in the context of energy and related
topics using the Scopus database [35]. Our search focused on arti-
cles related to weather, extreme events, demand, and consumption
of energy, published between 2019 and 2023. In the entire Scopus
database, we identified 41,634 relevant articles, for which studies
encompassing South America accounted for 6976 (16.8%), and Brazil
appearing in 4087 (9.8%) of them. This is comparatively lower than
other regions such as North America with 22,444 (53.9%), with the
United States accounting for 20,613 (49.5%), or Europe with 30,297
(72.7%). However, when filtering articles that incorporate analysis for
either North America or Europe, only 249 (0.6%) studies mentioned
Brazil without also including North America or Europe. This imbalance
in the representation of Brazil and South America for energy-related
topics suggests a discrepancy in the literature, a pattern also observed
for other topics and for other countries in the global south more
generally [36].

Such national studies are critical as each electricity grid system can
include unique and place-specific features, with Brazil having among
the highest hydropower penetration in world, so insights from other
scholarship from other countries may not necessarily be generalizable
to the Brazilian context. To help address this research gap, we apply
Brazilian electricity consumption data in both counterfactual modeling
and to build future climate-energy scenarios, using a wider time range
with higher spatial and temporal resolution than extant scholarship,
described in detail in the following section.

3. Materials and methods
3.1. Data and input variables

We applied three primary datasets in our study: Brazil’s National
Energy System Operator (ONS) historical reports [37], Copernicus
ERAS reanalysis data [38], and CMIP6 projections data [39], all avail-
able through public sources (see Data Availability Statement). Energy
data was retrieved directly from the ONS website, which includes a
diverse range of information about the Brazilian power system, such
as load, maximum consumption, mean and total megawatts (MW), in
hourly, monthly, and yearly intervals. Complete data from the ONS
website is available from 1999 onward.

It is important to note that the Brazilian electrical grid is split into
four subsystems associated with its main geopolitical regions. Although
there is some exchange of energy between adjacent subsystems, they
are mostly independent in supplying local consumption and ONS pro-
vides information regarding each subsystem separately. Supplementary
Figure 1 illustrates the load profiles for each of Brazil’s macro-regions
(1999-2022). Notably, there was rapid load growth in each macro-
region, with an overall increase of approximately 60% in consumption
across these 20 years. Additionally, there is a close relationship be-
tween urban development and load, with Brazil’s technological hubs
(such as Sao Paulo in the Southeast region) having a higher energy con-
sumption than less developed areas (such as the North region). Finally,
there was a sharp drop in consumption at the end of 2002 related to
a curtailment intervention initiated by the Brazilian government. This
phenomenon will be further analyzed in Section 4.
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Weather data was collected from the Copernicus Data Store, an Eu-
ropean observation program that provides free and open access to envi-
ronmental and climate data. The Copernicus Data Store is a repository
of satellite data, in-situ measurements, and model outputs, covering a
wide range of environmental and climate-related parameters, all acces-
sible via an API. We applied the ERAS reanalysis dataset, which consists
of global hourly estimates from 1950-2022 for atmospheric variables,
with a spatial resolution of 0.25 degrees (approximately a 30 x 30
km grid cell). To associate this weather data to Brazilian subsystems
we extracted the mean values from grid cells using coordinates from
each city with at least 100,000 inhabitants, weighting the values by
the population so that larger cities will have a greater impact on mean
values compared to smaller ones. Fig. 2 displays all included cities,
encompassing over 70% of the total Brazilian population. Our final
weather-related feature subset consists of daily temperature minimums,
means and maximums, humidity, wind speed, precipitation, heating
degree days (HDD), cooling degree days (CDD), heat index, wind chill
index, apparent temperature, HDD derived from the wind chill index
and CDD derived from the heat index. Supplementary Tables [-VIII
contains descriptions and summary statistics for all of the variables
applied in our research.

Degree days are a measure of heating or cooling, which has ex-
tensively been used for estimating energy consumption required for
building occupants to perceive a comfortable indoor temperature and
can be computed as an integral of a function of time over temperature.
However, since temperature measurements in our data are not con-
tinuous, but rather recorded at discrete intervals, we can approximate
heating degree days and cooling degree days for a single day as:

T
210 = 0)9,-6,)>0)

cDpD = = )}
T O = 0)6,-6,<0)
HDD = — @

in which 6, represents the temperature at instant i, 6, is some constant
representing the base comfort temperature and T is the number of
equally spaced temperature measurement intervals. HDD is related to
the amount of time that the temperature remained below some estab-
lished threshold and the size of this difference, implying that household
heating was needed to reach the comfort temperature. Analogously,
CDD is related to temperatures rising above this same threshold, lead-
ing to the need for cooling. We consider the base comfort temperature
in Brazil as 65 °F or 18.3 °C.

However, as noted by [40], the perceived temperature often differs
from ambient dry bulb temperature. Thus, [40] defines the apparent
temperature as the temperature equivalent perceived by humans caused
by the combined effects of air temperature, relative humidity, and wind
speed. The NOAA National Digital Forecast Database (NDFD) states that
when the temperature falls below 50 °F, wind chill is a suitable measure
of apparent temperature, and when the temperature rises above 80 °F,
heat index should be employed. Between these two thresholds, humans
experience the combined effect of both wind speed and humidity, and
the ambient dry bulb air temperature is a reasonable measurement of
apparent temperature. Heat index (HI) and wind chill index (WCI) can
be computed as:

HI =c| +cy0 + 3 + c40¢ + c50% + cop? + 0% + cg0¢p* 3)

WCI =35.74 + 0.62150 — 35.75/%16 + 0.42750y0-1 4

in which 6 is the dry bulb air temperature, ¢ is the relative humidity, v
is the air speed and ¢; are constants used to approximate [40] original
heat index table [41,42], valued as ¢; = 0.363445,¢, = 0.988622,¢c; =
4.777114,¢, = —0.114037,¢5 = —8.50208¢™4,¢6 = —2.071619¢72,¢7 =
6.87678¢™4, c8 = 2.74954¢*. Since both HI and WCI are measured in °F,
we can replace the temperature from Egs. (1) and (2) to obtain both
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Fig. 2. Brazilian cities applied in our analysis with at least 100000 inhabitants.

CDD and HDD derived from either heat index, wind chill or apparent
temperature.

Brazil has comparatively high climate diversity. This is in part due
to the size of the territory, the extent of its coastal regions, the variation
in elevation, and the presence of different air masses that influence
the temperature and humidity of each region. Moreover, according to
[43], Brazil possesses six distinct climate zones: equatorial, tropical,
semi-arid, coastal, subtropical, and tropical high-altitude. This climate
diversity, coupled with demographic heterogeneity, would make build-
ing a unified model for the entirety of Brazil a challenging task. By
taking advantage of the political macro-regions and examining each of
them individually, a more manageable and interpretable analysis can
be made. This approach results in each region of interest encompassing
at most two climate domains. Fig. 3 illustrates a two-dimensional
reduction of the evaluated daily weather variables employing the TSNE
algorithm [44], in which each point represents a day in our dataset and
point color corresponds to a region and its mean temperature.

We observed that each region’s weather appears to be well-defined,
with a clear separation between most regions with little overlap. This
validates our analysis of distinct regions and the proposed city-to-region
aggregation approach for climate variables. Given that the main focus
of this work is on the impact of temperature on energy consumption, we
also seek to understand how temperature impacts this separation, and,
after visualizing these measures, the relationship between geography
and temperature is evident. Furthermore, we can also draw some
conclusions regarding the intersection between regions. From the tem-
perature plot in Fig. 3, we observed that colder days in the Southeast
are similar to the hotter days in the South. An analogous pattern can
be identified between the Southeast and the North, while Northeast
temperature-days appear to be the most distinct. Perhaps related to
this, in our experiments we found that predicting consumption for the
Northeast region presents the most challenges.

Finally, we also included data from various Coupled Model In-
tercomparison Project Phase 6 (CMIP6) models to forecast demand
under future climate change, ranging from SSP1-2.6 to SSP5-8.5 [39],
available via the Google storage API and managed by Pangeo and
the Earth System Grid Federation. SSP-RCP (shared socioeconomic

pathway-representative concentration pathway) narratives were de-
signed to capture possible future scenarios for energy demand due to
temperature and the shared socioeconomic pathways represent varying
assumptions regarding future global development. Each of the five SSPs
corresponds to a projection of greenhouse gas emissions, namely: SSP5
(fossil-fueled development), SSP4 (inequality), SSP3 (regional rivalry),
SSP2 (middle-of-the-road development), and SSP1 (sustainable devel-
opment). By design, SSPs were devised to work in conjunction with the
representative concentration pathways. The various pathways relate to
the levels of radiative forcing by the year 2100 and range from 1.9 to
8.5 W/m?, in which higher values depict greater levels of anthropogenic
influence. Although various combinations of SSP and RCP are possible,
many do not lead to feasible scenarios of interest. We employed four
Tier 1 SSP-RCP scenarios from the Scenario Model Intercomparison
Project (ScenarioMIP) within CMIP6, SSP1-2.5, SSP2-4.5, SSP3-7.0 and
SSP5-8.5 [45,46].

However, individual models can introduce distinct biases driven by
their methodologies and the represented physical phenomena. As such,
evaluation from a single model might lead to contradicting results.
Applying the means from a group of models can allow for a better eval-
uation of the overall trend of the forecasted RCP-SSP [47,48]. Specif-
ically, we considered an ensemble for each pathway compromised by
the models ACCESS-CM2 [49], AWI-CM-1-1-MR [50], CESM2-WACCM
[51], CMCC-CM2-SR5 [52], CMCC-ESM2 [53], CanESM5 [54], EC-
Earth3 [55], GFDL-ESM4 [56], IITM-ESM [57], INM-CM4-8 [58], INM-
CM5-0 [59], IPSL-CM6A-LR [60], MPI-ESM1-2-HR [61], MRI-ESM2-0
[62], and NorESM2-MM [63], sampling maximum and minimum near-
surface air temperature (tasmax and tasmin), precipitation flux (pr),
near-surface eastward and northward component of wind (uas and
vas), and near-surface relative humidity (hurs). Like in the ERAS5,
we sample data using the coordinates from each Brazilian city with
at least 100,000 inhabitants and compute the weighted values for
each variable, enabling for comparison with past historical values. As
depicted in Fig. 4, climate change is expected to occur at near-constant
relative humidity at a global scale [64], although some small regional
trends may be present. Fig. 4 shows that perceived temperature will
increase throughout the century, largely driven by near-surface air
temperatures. No clear pattern was identified concerning wind speed
and precipitation.
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3.2. Counterfactual modeling and forecasting approach

Our main objective is to predict electricity consumption in the
absence of any abnormal events, such as public health emergencies,
government interventions, and extreme weather events. By excluding
these abnormal events from our prediction model, we can estimate their
contribution to changes in consumption. We formulate this problem as
a regression. Given a set of w € W weather descriptors and a set of
t € T time descriptors, we apply a function f(w;t;c) parameterized
by o that maps to a period of electricity consumption. To exclude
disrupting factors, we search for optimal W/ c W and T’ C T.

Counterfactual Construction: Guided by existing literature [65], we
have identified three major drivers of electricity consumption: load
growth (e.g., increase in population, GDP, industrialization, etc.) [66,
671, historical events (e.g., pandemics, large-scale changes in gov-
ernment policies, noteworthy events, etc.) [27], and weather events
(e.g., heatwaves, droughts, etc.) [68].

For instance, we observe that yearly electricity consumption follows
a logistic growth trend as exemplified by Fig. 5(a). When plotting

the daily energy curves in Fig. 5(b), a similar pattern can be seen as
the shape of the curves remain relatively similar but there exists a
step between subsequent years — the exception being the year 2020
which diverges from this trend. To develop a counterfactual model
that specifically examines the influence of weather and temporal factors
on electricity consumption, we employ a normalization technique by
adjusting the daily consumption data with a load growth function. This
function is obtained through yearly load interpolation. By normalizing
the data in this manner, we mitigate the impact of factors such as
population growth, consumer purchasing power, GDP, and industrial-
ization on load growth. Furthermore, to enhance the precision of our
analysis, we exclude from the training data any periods associated with
notable historical events, such as the COVID-19 pandemic in 2020. This
approach allows us to isolate the contribution of weather and temporal
factors on electricity consumption, while minimizing the confounding
effects of the two other major driver groups. Fig. 5 illustrates the
consumption for the Southeast/Center-West region after normalization.
Consumption for the remaining regions can be found in Supplementary
Figures 2-5.

Several machine learning methods were employed in this study
which are often used in literature concerning energy prediction [12],
including LightGBM, Multivariate Adaptive Regression Splines (MARS),
Linear Regression, and Support Vector Machines (SVM). LightGBM
[69], short for Light Gradient Boosting Machine, is a tree-based en-
semble learning algorithm that uses gradient boosting to optimize the
training process, making it efficient for large high-dimensional datasets
such as in our proposed problem. MARS [70] is a non-linear regression
technique that uses piecewise linear functions to model the relation-
ships between the predictor and response variables. Linear Regression
[71] is a widely used method that models the relationship between
the predictor and response variables as a linear equation. SVM [72]
works by finding the optimal hyperplane that best separates the data
and predicts the target.

In addition, both first and higher order features were applied in
this study. First-order features refer to the original predictor variables
used in the analysis, while higher-order features are constructed by
combining pairs or interactions of the original features. These higher-
order features capture more complex relationships and interactions,
allowing for a more nuanced analysis. Due to the exponential computa-
tional constraints of higher-order feature sets, we limit ourselves to only
second-order features. Since some of the aforementioned algorithms
are sensitive to domain range, we normalize data prior to training
the Linear Regression, MARS and SVM in a one-year-walk-forward
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Fig. 5. Consumption and load for the Southeast/Center-west subsystem. Data for the remaining regions can be found in the Supplementary Figures 2-5.

validation. That is, we train the data on one year while using it to
establish the normalization ranges, and validate our results on the
following years, as to avoid data leakage. Since there is no missing
data, imputation was not needed. However, a key consideration is the
selection of optimal features.

Feature Selection: As not all variables are relevant for forecasting,
we represent the model space as a directed acyclic graph (DAG) and
each node depicts a model built from a distinct feature subset. Let A
and B be two nodes representing two distinct models. Vertex A — B
exists if B can be reached by simple feature addition from A, thus
constituting a transitive reduction of the complete model space. This
approach presents two desirable properties: (i) any vertex is reachable
from the [#] model, and (ii) there exists a topological hierarchy with
an ordering of all vertices into a sequence such that for every edge
their is a beginning vertex that occurs earlier in the sequence than the
ending vertex of the edge for any feature set path. We propose that
there exists a set of optimal feature expansions that lead to performant
models [73]. These properties imply a partial ordering starting from
the root node, enabling the search of the N! combinatorial space. In
our experiments, we apply the greedy beam search algorithm [74],
employing as a heuristic the R? of the model represented by a vertex
and a beamwidth g = 5.

The beam search algorithm is an optimization of the best-first search
parameterized by a beamwidth f. At each iteration, the best f nodes
are considered expansion candidates, and all of their children are evalu-
ated. If g = 1, then beam search behaves as best-first, in which only the
best child in each iteration is expanded. If f = inf, then beam search
becomes a breadth-first search in which all possible expansion paths
are considered. This allows us to search the N! combinatorial space of
feature subsets to select the best-performing specialized models. In our
experiments, we employ a beamwidth g of 5.

Extrapolation: Although extrapolation beyond the range of available
data can produce unreliable results [75], it can be useful for gaining in-
sights into future scenarios. In our study, we employed a method called
Data-Augmented Regression (DAR) [14,15] to extend the temperature
range beyond the limits of our training data. We augmented our

original training data by 10% through 1872 Monte Carlo simulations
uniformly sampling temperatures between 50 °F and 120 °F (10 °C
and 65 °C), and used a linear regression as a background model. DAR
is a generalized regression algorithm that can be used to approximate
the penalty function in situations where it is not possible to evaluate it
analytically. In this method, an augmenting set of random data points
is generated and added to the observed data, which is then used to train
the model.

Mathematically, this approach involves generating additional N
data points that are used to augment the original training set. Given
a set of input values x and a corresponding output value y, new data
points X and j are generated using a Monte Carlo approximation.
Specifically, X is drawn randomly according to some underlying proba-
bility distribution u(x) (i.e., uniform), and j is generated by drawing
from the conditional distribution p(y|x) (i.e., a background model).
These new data points are added to the original training set. The
resulting data-augmented regression approach can be used to estimate
a function f that extrapolates beyond the range of the original training
data. The method involves minimizing a loss function on the augmented
training set, which includes both the original and augmented data.
In summary, we used the DAR method to expand our training data
and cope with temperatures outside the range of our original data.
By extending the domain, we were able to gain insights into future
scenarios, albeit with some limitations.

4. Results

We focused on answering RQ1 in our first set of experiments, with
the main results summarized in Table 1. To understand the drivers
behind the performant model, we applied the SHAP algorithm [76]
to obtain an interpretation of the impact of each input variable. We
assessed the statistical significance of our measurements through a
pairwise t-test with p-value < 0.05 and a one-year walk-forward val-
idation. An exhaustive grid search was employed for hyperparameter
tuning. The performant model was found to be a LightGBM [69]
optimizing the L2 loss function, while the quantile regression optimizes

the pinball loss function. The learning rate was set to 5e~2, with 64
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Table 1
Baseline comparison of algorithms. Highlighted cells represents statistically superior results.
Model N NE S SE/CW Overall
R? MAPE R? MAPE R? MAPE R? MAPE R? MAPE
Linear regression .610 2.57% 738 2.40% .875 3.23% .826 2.59% .788 2.76%
First order GAM .621 2.52% 712 2.55% .875 3.21% .831 2.57% .783 2.78%
features MARS .614 2.58% 723 2.52% .875 3.16% .824 2.53% .787 2.78%
SVM .261 3.53% 529 3.44% .786 4.49% .679 3.91% .616 3.95%
Second order Linear regression .621 2.52% 721 2.50% .878 3.19% .832 2.54% .790 2.74%
and logarithm GAM .618 2.54% 713 2.55% .877 3.17% .831 2.58% 784 2.79%
transfogrmations MARS .624 2.51% 713 2.55% .877 3.16% .834 2.53% .788 2.73%
SVM 313 3.39% .566 3.33% .821 4.11% .710 3.61% .649 3.72%
LightGBM .610 2.61% 773 2.33% .887 3.05% .850 2.50% .854 2.64%
LightGBM + Linear extrapolation .599 2.78% 773 2.33% .885 3.07% .845 2.55% .848 2.69%
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—— LightGBM 1.15
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Fig. 6. Consumption simulation while varying temperature. Southeast/Center-west
2020-11-16, weekdays.

bins and training 100 trees with a maximum depth of 50 and 30 leaves.
However, as mentioned previously, tree-based algorithms are known to
not extrapolate well.

Fig. 6 presents a simulation in which we only altered temperature
and observed the deviation in energy consumption. The LightGBM
model trained on augmented data from a linear regression was able
to extrapolate consumption past the 80 °F threshold, at which point
the standard LightGBM produced an unrealistic flat consumption curve.
However, we can expect a trade-off between extrapolating and pre-
dictive power. Table 1 presents the performance in terms of R? and
MAPE for all evaluated methods in each Brazilian subregion and on
the full dataset. The LightGBM approach outperforms all other methods
in the overall scenario. Thus, introducing a dependence on the linear
regression model, which presents a larger percent error — via the DAR
algorithm — likewise reduces performance. Nevertheless, from Table 1,
we verify that this loss in predictive power is minimal, with some
regions presenting statistically similar performance to the standalone
LightGBM, thus highlighting the ability to retain the robustness of
gradient-boosting machines and the extrapolative capabilities of linear
models. For more information, see Supplementary Figure 6 which
depicts the SHAP importance plot and provides interpretable insight
into the drivers of consumption for Brazil.

4.1. Atypical historical event impacts

To understand the impact of events on energy consumption, we
compared the predicted consumption from our counterfactual model
with the observed consumption. To estimate sensible ranges, we per-
formed quantile regression through the pinball loss function to obtain
the 5% and 95% quantile predictions. We have provided three relevant
case study periods for analysis regarding RQ2. The first case study
period is 2018 in which the Brazilian economy recovered after a long
recession during a period with no severe heatwaves, droughts, or other
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Fig. 7. In May 2018, the Southeast/Center-west and South subsystems experienced a
significant decline in energy consumption due to a truck drivers’ strike that disrupted
distribution lines, resulting in temporary service interruptions and the population
staying at home due to gas shortages between May 21 and June 1, 2018.

extreme weather events of note, serving as a suitable year for baseline
comparisons. Fig. 7 illustrates the consumption for the most developed
region in Brazil for this time period. The only anomaly observed during
2018 refers to the truck drivers’ strike that lasted from May 21st to
May 30th, resulting in the disruption of entire supply chains across
Brazil, empty gas stations, and people forced to work from home due
to limited transportation options. The dramatic impacts of this strike
on consumption are easily identifiable in Fig. 7.

The second case study period is the year 2020, in particular during
the early stages of the COVID-19 pandemic which resulted in sub-
stantial restrictions on mobility and a reduction in economic activity
that was also experienced on a global scale. In Fig. 8 we compared
consumption with the Oxford Stringency Index, which measures the
strictness of COVID-19-related government policies that restricted cer-
tain population behaviors [77]. During the early COVID pandemic, we
observed a close relationship between the drop in consumption and the
Oxford Stringency Index for Brazil. The exception is the South region,
which overall was less impacted by the pandemic. One explanation for
this is due to the region’s economic dependency on tourism and lower
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Fig. 8. As illustrated by the Oxford Stringency index [77,79], Brazil 2020 COVID-19
lockdown policies started around early March, which resulted in a drop in energy
consumption. The population in the South had less adherence to lockdown policies
and was not as impacted [79].

levels of population concern about the COVID-19 pandemic, with most
restrictions lifted by April [78].

Our third case study spans from 2001 to 2002. After a long drought
with low reservoir levels in early 2001, system operators were con-
cerned that the electrical grid might collapse. To avoid a worst-case
scenario, the Federal Government enacted a series of policies and
programs aimed at reducing energy consumption by 20% to reduce grid
strain [17]. These ranged from energy conservation awareness cam-
paigns to time-based electricity rate pricing, with the intent of reducing
electricity use during peaks periods and keeping all non-essential en-
ergy consumption to a minimum. An advantage of examining this
period is the presence of an exact measure of expected impact, which is
uncommon in counterfactual literature and allows for a direct evalua-
tion of our approach. Fig. 9 highlights the impacts of these policies and
programs across all regions except for the South which was excluded
from these government initiatives.

Fig. 9 also displays residual plots that illustrate the difference be-
tween the actual energy consumption during an energy crisis in Brazil,
the 2001 Apagao represented by solid lines, and the predicted energy
consumption based on our counterfactual represented by dashed lines.
The Apagdo resulted in a notable reduction in energy consumption,
as indicated by the negative residuals when compared to the expected
counterfactual level. These negative residuals suggest that the rationing
policies and planned outages implemented during the period had a
substantial impact on energy consumption. Furthermore, the close
match between the observed residuals and the expected 20% reduc-
tion in consumption confirms the effectiveness of our counterfactual
model in predicting electricity consumption from weather variables and
capturing the impact of exogenous extreme events.
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sectors, and efficiency programs. This led to a sharp drop in consumption until 2002
as pictured by the dashed line and the residuals.
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Fig. 10. Daily consumption shapes at an hourly level for weekdays and weekends in March and October 2020 for the Southeast/Center-west subsystem. During COVID-19
lockdowns, weekdays exhibited similar patterns to weekends, a possible effect of the lockdown policies. In October 2020, a significant heatwave caused an abnormal increase in
energy consumption outside commercial hours, possibly due to increased housing cooling demand coupled with more relaxed lockdown policies, as the population began returning

to workplaces that were usually cooled during the earlier parts of the day.

4.2. Hourly consumption shape impacts

To understand the change in consumption on a hourly level, we
built an hourly counterfactual modeling approach following the same
strategy as the previously presented daily consumption model. We
validated our model on all regions using data from 2015 to 2019,
verifying a mean percent error of <5%. Our experiments evaluated
the change in consumption during the aforementioned atypical events.
In particular, we focused on 2020 (see Fig. 10). The first half of
2020 was characterized by the initial onset of the COVID-19 pandemic
and government restrictions intended to limit its spread. The second
half of 2020 presents two overlapping events, the first being the re-
laxation of COVID-related government restrictions, and the second a
record-breaking heatwave in October.

Our hour-by-hour energy consumption counterfactual analysis pro-
duced additional insights that augmented our daily experiments. Dur-
ing weekday commercial hours in early 2020, we observed a substantial
drop in energy consumption. As shown in Fig. 10, a comparison of
counterfactual predictions with actual consumption revealed negative
residuals close to 10%. Furthermore, weekday consumption shapes
matched those of weekends, with the most significant portion of the
residuals being situated during commercial hours. This suggests that
some of the primary drivers of this drop were the effects of COVID-19
lockdowns with closed and/or restricted commerce. We also found that
the residuals were not as pronounced on weekends when businesses are
typically closed, further supporting this interpretation.

Later in the year, Brazil experienced record-breaking heatwaves in
October, which corresponded with positive residuals in our analysis.
Both of these patterns, from early and late 2020, were already observed
in Fig. 8, but the hour-by-hour counterfactual models provided a more
in-depth understanding of the dynamics of each phenomenon. During
October 2020, we observed small residuals during commercial hours,
while in the later portion of the day, we observed positive residuals
indicating an abnormal increase in consumption. One potential ex-
planation is both a relaxation of lockdown policies and the need to
cool homes in addition to already cooled workplaces. This allowed the
hourly weekday shapes to regain their usual pattern with a comparative
increase only in the later portion of the day.

We proceeded to analyze the relationship between errors and ac-
tuals. In doing so, we were not able to verify a clear pattern between
temperature and predictions, thus suggesting that our model is robust
to temperature changes, although we observed a larger error range
near the middle portions of the distributions for the Southern and
Centerwest regions. We did, however, identify a bias in predictions be-
tween midnight and 6 AM, in which the models appear to under-predict
more often than in other hours of the day. One possible explanation
could be related to sleep habits and the end of commercial hours in
Brazil, which the model appears to be overemphasizing in late-night
and early-morning predictions. This suggests that additional indicators
of behavior may be needed to more accurately model consumption
during this period.

4.3. Power outages and consumption impacts

Extreme events such as the COVID-19 pandemic may have longer-
term impacts which, as demonstrated above, can be evaluated from
daily energy consumption measures. However, very brief or short-
duration events might not provide the same consumption signature.
This is true for most outages, given that the recovery time can hap-
pen within a few hours. In this respect, using a daily consumption
model might lead to an under-prediction of impact. For events such
as these, we applied the hourly counterfactual model. Using the same
methodology previously described, we can measure an outage impact
by computing the residuals between the counterfactual model output
and the observed consumption. Specifically, we computed the area
between these curves and use it as a metric for the impact of the
estimated loss of electricity consumption. Additionally, this allows us
to measure grid recovery. Even if the utility indicates that electricity is
completely restored, it might take some time for the grid to stabilize,
and this approach accounts for this potential delay.

One of the largest outages in Brazil’s history was the 2009 Brazil and
Paraguay blackout. According to Brazil’s Ministry of Mines and Energy,
adverse “atmospheric factors” caused the failure of three transmission
lines from the Itaipu Hydroelectric Power Plant, which resulted in
its complete shutdown on November 10th, 2009 [80]. The massive
blackout affected not only 18 of Brazil’s 27 states, but also the entire
population of Paraguay. As a result, four Brazilian states and 90%
of Paraguay were left in complete darkness. It was reported that the
outage started at 22:13 GMT-3 and that the Itaipu power plant returned
to normal operations at 6:00 GMT-3 the following day.

However, there is some debate regarding recovery time from this
outage event. For example, [81] claimed that power was restored at
2:45 GMT-3 as reported by national news media at the time. However,
Globo, one of the largest news portals in Brazil, claimed that the
southeast region began to recover after 3 h of blackout [82], therefore
at 1:00 GMT-3. Fig. 11 illustrates the energy consumption for the
Southeast and Center-west regions which contains all four states that
experienced outages during this event. Indeed, at 1 AM the start of the
recovery can be seen with consumption only returning to pre-outage
levels between 6:00 and 7:00 GMT-3.

Another wide-scale outage occurred on March 21st, 2018, affecting
all regions of the country, with greater intensity and duration in the
North and Northeast. According to the Brazilian Electric System Op-
erator, human failure was responsible for the outage, which resulted
in an overload of the electric grid and eventually, its collapse [83].
This also raised concerns regarding the security of the power grid
[84]. The outage began at 15:48 GMT-3 when the transmission line
connected to the Belo Monte Power Plant failed after not being able
to support an increase in load. Belo Monte lies in the Northern state
of Paré close to the border of the Northeastern region. However, by
16:15 GMT-3 electricity was already restored in the Southeast and
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Fig. 12. The 2018 North and Northeast outage in Brazil, on March 21st, 2018. The
energy was restored between 16:00 and 21:00 GMT-3 and affected at least 80 million
people in Brazil. We estimate a loss of 12 MWh and 36 MWh respectively by computing
the area between predicted and observed consumption.

Center-west region, thus these regions were not severely affected. The
same cannot be said of the regions that depend on Belo Monte more
heavily. Fig. 12 shows the consumption for March 21st, 2018, in the
North and Northeast region. We verified a sharp drop in consumption
at the 16:00 h mark, coinciding with the beginning of the outage.
Recovery followed immediately after, with an estimated total grid
recovery occurring shortly after 21:00, when consumption returned to
pre-outage levels. However, our analysis hints at some instability later
in the day in the Northeast region. This can be evaluated by comparing
the solid and dashed lines in each plot. Computing the area between
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observed and counterfactual consumption, identified by the residuals,
we obtained approximately a loss of 200% (12 MWh) and 300% (36
MWh) of energy for the North and Northeast regions respectively.

4.4. Forecasting consumption under a changing climate

Earth’s mean temperature is expected to increase by the end of the
century compared to pre-industrial levels, and how much of an increase
will depend on future actions taken by human populations to mitigate
carbon emissions. Climate change is expected to also have an effect
on other climate variables like precipitation and drought. All these
changes in climate are likely to impact energy usage, as there is a close
relationship between weather and electricity consumption. However,
not all regions will be subject to the same climatic changes and there
exist many possible futures depending on different climate change pro-
jections. To account for this variability, we propose forecasting energy
consumption under 106 distinct CMIP6 models encompassing SSP1-
2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, building ensembles for
each pathway that project future precipitation, temperature, humidity,
and wind speed.

To address RQ3, we explored how each of Brazilian regions’ energy
consumption is expected to change under the different warming sce-
narios in Fig. 13. North and Northeast, the hotter regions, present a
larger increase in energy usage than other regions. This conforms with
the expected temperature increases for the continent, as the northern
portion is expected to become significantly hotter than the southern
portion. When comparing one subregion to another, we can further ex-
plain the disparity in electricity usage due to heat index. The Northern
region encompasses the Amazon rainforest and has substantially higher
humidity than the primarily semi-arid Northeast. As such, the effects
of high temperatures are exacerbated in the form of larger increases in
perceived temperatures.

We also considered the overall consumption increase for the whole
country. Each pathway provides minimum and maximum temperature
ranges, which we employed to obtain the consumption range in Fig. 14.
Nearly all CMIP6 models provide similar minimum near-surface air
temperatures (tasmin), regardless of the pathway. The same pattern,
however, is not observed for maximum near-surface air temperatures
(tasmax). As the scenarios become more severe in terms of projected
climate change, the mean maximum temperature increases and there
is a larger variance near the extremes of the distributions.

For the next five years (2021-2026), Brazilian’s Energy Research
Company (EPE), National Electric System Operator (ONS) and Elec-
tric Energy Trading Chamber (CCEE) expect a 3.6% and 2.7% yearly
load and power grid expansion respectively [7]. Fig. 15 presents a
simulation of daily consumption through the year 2070 assuming that
Brazil retains its 60% hydro-based energy supply. We presented 360
rolling day averages to suppress seasonality and evaluate consumption
tendencies. Although Brazil currently has 100 GW+ of total installed
hydro capacity, it is unrealistic to assume that any hydropower will
be able to constantly operate at 100% efficiency. Itaipu, the largest
hydropower plant in Brazil and responsible for supplying over 10% of
country-wide consumption, has historically operated at an average of
61.15%' power over the past 36 years. Thus, we considered a mean
of 60% operating hydropower to estimate Brazil’s total grid capacity.

To the best of the authors’ knowledge, official agencies only provide
short-term predictions spanning five years and not longer-term ones.
Nevertheless, extrapolating load growth using the SSP5-8.5 forcing
scenario yielded precise short-term projections consistent with the
official reports. However, as presented in Fig. 4, all studied atmospheric
variables’ projections are statistically similar until at least 2035 and all
SSP scenarios led to similar short-term energy forecasts.

1 Available in Portuguese at https://www.itaipu.gov.br/energia/geracao.
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Fig. 13. Normalized consumption forecast for each Brazilian subsystem under all
evaluated RCP-SSP scenarios, considering the means of the respective CMIP6 ensembles.
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Fig. 15. Electricity consumption forecast for Brazil through 2070. Light-colored lines
represent forecasts from individual CMIP6 models, while bold lines illustrate the
ensemble mean.

5. Discussion

In our first set of experiments, our objective was to identify the best
algorithm to build a counterfactual model of consumption. LightGBM,
although performant, failed to extrapolate beyond training data. This
meant it was unable to cope with unprecedented extreme weather
events, such as heatwaves likely made more severe due to global
warming. We then proposed augmenting the training data with the
predictions from a linear regression model to generate temperatures
outside the training scope. This enabled the LightGBM model to handle
these previously unseen scenarios albeit at a small loss of performance.

In all experiments, the North subsystem remained the most chal-
lenging to predict. Before 2014, the North subsystem was not part of
Brazil’s integrated energy system, leading to a scarcity of data and
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inducing two distinct consumption distributions, as shown in Supple-
mentary Figure 1. To counteract this, we filtered data pertaining to
the North before 2014 leading to a scarcity of data. When exploring
the drivers of consumption from SHAP, the most important feature
identified was whether a given day was a weekend/holiday, with
weekdays being associated with higher consumption. We observed that
further stratifying by day of the week was helpful, as Saturdays tended
to have higher consumption than Sundays, and Mondays lower than
other weekdays, a characteristic also found for European electricity
consumption patterns [85]. Since SHAP assumes feature independence,
co-related features can share credit for importance. This was found
to be particularly true for the temperature-derived variables, as they
share a causal relationship. Nevertheless, we found that CDD remains
one of the most impactful drivers, indicating a nearly proportional
relationship that may be due to Brazil’s warmer climate.

Some insights into disruptive event impacts emerged when compar-
ing the counterfactual output with the observed consumption in 2001
when the Federal Government enacted a series of policies to reduce
consumption by 20%. From our counterfactual model, the mean and
median relative residuals for the Center-West region between June
2001 and January 2002 are —18.1%(+1.6%) and —18.6%. This matches
the expected —20% reduction for the period in which the restriction
policies were in place, from July 1st, 2001 to February 19th, 2002. A
similar pattern was also observed in the North and Northeast regions
with —19.1% and —18.9% relative residuals.

When evaluating the beginning of 2020 in Fig. 8, we observed that
our counterfactual predictions closely match the observed consump-
tion. In March 2020, state Governors started issuing recommendations
about social distancing during the initial stages of the COVID-19 pan-
demic. During this initial period, electricity consumption decreased
with a pattern that remained mostly constant from April to June 2020,
with a mean —8.87% + 1.2% residuals. However, by July 2020 we found
that recovery to pre-pandemic levels coincided with the relaxation of
COVID-19-related restrictions. Although more severe restrictions were
imposed again in the latter part of the year, consumption was not
as significantly impacted as it was during the initial stages of the
pandemic.

We identified a clear distinction in behavior during weekdays and
weekends and proceeded to evaluate them separately. For example,
during the COVID-19 pandemic there was a larger margin of error
between observed consumption and counterfactual output during week-
days. This finding aligns with other research assessing mobility and
consumption change during the early pandemic, in which many com-
mercial and industrial sectors either closed or adopted a home-office
strategy. We proceeded to examine the daily consumption shapes and
found that shapes during the weekdays tended to match weekends. Due
to the higher levels of daily life restrictions indicated by the Oxford
Stringency Index and the adoption of home office policies, we observed
that weekday consumption patterns became more similar to weekends
compared to pre-pandemic time periods. For most regions, there was
also a change from a consumption peak near mid and late afternoon
to a steady ramping of consumption into the evening hours. This
phenomenon was particularly noticeable for the Southeastern-center
western subsystem which is the most industrialized region.

Regarding heatwaves, we observed a compound phenomenon of
the later-stage pandemic and higher temperature conditions. Many
commercial establishments had reopened at this time but a portion
of the population remained in home office. This likely contributed to
commercial and industrial consumption returning to pre-pandemic lev-
els, but residential consumption increasing. One potential explanation
is an extreme heat event coupled with the record increase in energy-
intensive cooling systems adoption (e.g., air conditioning), as well as
less adherence of the population to COVID-19 restrictions [86].

Next, we examined the monthly consumption profiles for each
region in Brazil. For all regions, the major sectors are commercial,
industrial, and residential loads. We observed that the consumption



G. Zuin et al.

profile of the Southeast/Center-West region closely matches that of the
South regions. This could explain why the model performed well on
both of these subsystems. For the Southern region, we found that a
significant part of the load was tied to agribusiness which presented a
strong seasonality pattern. The Northern and Southeast regions likewise
showed this same pattern, which was not seen in the North region. This
was expected given the extractive focus and the large proportion of the
Amazon rainforest in the region. Supplementary Figure 17 illustrates
each region’s profiles.

Our final experiments explored future periods by applying fore-
casting from CMIP6 projections. We found that given Brazil’s current
sources of generation, it will not be able to sustain its consumption,
and it will face shortages sooner than initially thought even under
optimistic assumptions. Under these scenarios, we can expect a consid-
erable reliance on non-hydro energy sources by 2030 to meet demand.
This suggests a need to promote renewable energy alternatives, as
currently, the next most available energy resource in Brazil is carbon-
intensive thermal power stations. Additionally, under the SSP5-8.5
forcing scenario, we projected that Brazil will be unable to meet its
consumption by 2070.

We envision multiple pathways for extending our research in future
work. A logical next step would be to collect data from other countries
in South America and apply this counterfactual modeling approach,
examining extreme or disruptive events that occurred across countries,
such as the COVID-19 pandemic, as well as other events that were
unique to that country. Comparing other countries with different mixes
of hydro and thermal power generation, such as Peru and Argentina,
could be particularly insightful. Additionally, we could continue our
focus on the Brazilian power system, and collect more data such as
the transmission network structure, electricity pricing, generation, etc.
and apply it in a system-wide analysis. This could prove particularly
interesting as the Brazilian power system is currently transitioning
to accommodate new distributed energy resources to meet increased
electrification and population demand.

Future research could also investigate emergent risks of the Brazil-
ian power system to extreme climate events through a more sophis-
ticated treatment of climate model output. While climate models are
incomplete representations of global dynamics, they allow for a system-
atic exploration of plausible realizations of future climate states. The
uncertainty in climate model output can be broadly sorted into three
categories: internal variability uncertainty, model uncertainty (which
can contain uncertainty from the downscaling method), and scenario
uncertainty. While this work attempts to include heterogeneity within
the model and scenario domains, inclusion of initial condition large
ensembles and multiple downscaling methods would allow further re-
search to consider a wider range of plausible climate futures and probe
the susceptibility of the Brazilian region to unforeseen phenomenon,
such as record-shattering heat extremes. Using established methods to
partition these uncertainty sources may reveal which source is most
important for evaluating impacts on power systems in Brazil at different
timescales (i.e., short-term operation, planning, and long-term expan-
sion). Finally, future research could consider the synthetic construction
of extreme or disruptive events projected into future periods, perhaps
by simulating past historical events at various impact magnitudes. Such
scenario-based extreme event simulations could be useful for planning
purposes, such as understanding the future risk to the power system
posed by these event types, and is an exciting area of inquiry that we
encourage other researchers to explore, both for Brazil and in other
contexts.

6. Conclusion

In this work, we proposed a data-centric approach for counterfactual
consumption modeling. We also present a method based on the DAR
algorithm that allows tree-based models to extrapolate beyond the
training distribution. After data augmentation, we achieved an R? of
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0.848 with a MAPE below 2.7%. We employed our counterfactual
model to both understand past historical scenarios and to provide
forecasts for future warming. Furthermore, we found that our estimates
generally matched the Brazilian government’s projections when mea-
suring the impact of 2001’s federal power rationing policies. With the
robustness of our model and the provided insights, we hope to raise
awareness and enable future research regarding smart-grid planning.
In future work, we plan to further refine our modeling approach and
explore applications for smart-grid planning under climate uncertainty.
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