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ABSTRACT

BALLARIN, A, S. Future perspectives of extreme events and water availability in Brazilian
catchments. 2024. Tese - Doutorado - Escola de Engenharia de Sdo Carlos, Universidade de
Sao Paulo, Sao Carlos, 2024.

Global warming is projected to alter the frequency and magnitude of extreme events, posing
major challenges to water resources worldwide. Understanding how these changes are
projected to occur is paramount to tackle water scarcity-related experiences by guiding
policymakers on developing local-to-regional adaptation plans. The present thesis has as its
primary goal to investigate the projected impacts of climate change on extreme events and
water availability in Brazilian catchments. To this end, we first present, in Chapter Z, the
CLIMBra dataset, which comprises bias-corrected CMIP6 historical and future simulations
for different climate variables for the Brazilian territory. These projections provide valuable
insights into future climate scenarios and are the cornerstone for the development of the
present thesis. By using the developed dataset, we further assessed how rainfall events of
different magnitudes are projected to change across Brazilian catchments in Chapter 3. Our
results indicated a widespread intensification of extreme rainfall events throughout the
country, mainly dictated by changes in frequency, rather than intensity. Such projected
changes in rainfall events, added to an expected increase in atmospheric water demand, are
also expected to affect meteorological droughts across the Brazilian territory. As we show in
Chapter 4, most of the evaluated Brazilian catchments are expected to experience longer,
more intense, and frequent droughts in the future, with high CMIP6-model agreement.
Beyond assessing projected changes of future drought events, we discussed in this chapter
droughts’ occurrence under both land use and water demand perspectives and propose a
new framework to better understand their link with changes in long- and short-term
conditions of precipitation and potential evapotranspiration. Finally, in Chapter 5 we
propose a Budyko-based framework for assessing future water availability and security
scenarios across Brazilian catchments, considering both climatic and anthropogenic factors.
The study revealed that most catchments are expected to exhibit a worse water security
condition by the end of the century, driven primarily by enhanced human water use. We
believe the present thesis contributes to advancing the current understanding of climate
variability and its impacts on hydrological processes and water resources management in
Brazil. By providing insights into future climate change scenarios of extreme rainfall events,
meteorological drought, and water availability, this research might be valuable to inform
decision-making processes aimed at enhancing Brazilian water resilience in the face of global
warming.

Keywords: Extreme events; global warming; heavy rainfall; droughts; water security.






RESUMO

BALLARIN, A, S. Perspectivas futuras de eventos extremos e disponibilidade hidrica em
bacias hidrograficas brasileiras. 2024. Tese - Doutorado - Escola de Engenharia de Sao
Carlos, Universidade de Sdo Paulo, Sdo Carlos, 2024.

0 aquecimento global tem o potencial de modificar a frequéncia e intensidade dos eventos
extremos, trazendo desafios significativos para os recursos hidricos globais. Uma melhor
compreensao sobre como essas mudangas ocorrerdo é fundamental para lidar com os
desafios ligados a escassez hidrica, devido ao seu potencial de auxiliar na formulacdo de
politicas de adaptacdo e mitigacdo das mudancas climéaticas em diferentes escalas espaciais.
Esta tese tem como objetivo principal examinar os potenciais impactos das mudancas
climaticas nos eventos extremos e na disponibilidade hidrica das bacias hidrograficas
brasileiras. Para isso, introduzimos, no Capitulo 2, a base de dados CLIMBra, que disponibiliza
simulagdes histdricas e futuras com corregao de viés de modelos climaticos do CMIP6. Essas
projecdes oferecem informagdes cruciais sobre os potenciais impactos do aquecimento
global no clima brasileiro e constituem a base para o desenvolvimento desta tese. Em
sequéncia, utilizando esse conjunto de dados, avaliou-se no Capitulo 3, como os eventos de
precipitacdo de diferentes magnitudes irdo alterar no futuro. Os resultados indicaram que,
em geral, eventos extremos de precipitacdo serdo mais frequentes e intensos em todo o pais
no final do século, sendo que as mudangas esperadas na frequéncia superam as esperadas na
magnitude. Essas mudancgas, combinadas com o aumento esperado na demanda hidrica
atmosférica, expressa em termos do potencial de evapotranspira¢do, também devem afetar
as secas meteoroldgicas em todo o territorio brasileiro, conforme discutido no Capitulo 4. A
maioria das bacias hidrograficas brasileiras avaliadas deve experienciar secas mais longas,
intensas e frequentes no futuro. Além de avaliar as mudangas previstas nos eventos de seca
futuros, foi discutido, no Capitulo 4, a ocorréncia de secas sob as perspectivas do uso da terra
e da demanda hidrica, propondo um novo quadro para entender melhor sua relagdo com as
mudangas nas condi¢des de precipitacdo e evapotranspira¢ao potencial, tanto a curto quanto
a longo prazo. Por fim, no Capitulo 5, avaliou-se, através de uma metodologia baseada na
hipétese de Budyko, cendrios futuros de disponibilidade e segurang¢a hidrica no pais,
considerando tanto fatores climaticos quanto antropogénicos. O estudo revelou que a
maioria das bacias hidrograficas deve apresentar uma condigdo de seguranca hidrica pior no
final do século, impulsionada principalmente pelo aumento da demanda hidrica. Acredita-se
que a presente tese contribui para o avan¢o da compreensdo atual da variabilidade climatica
e seus impactos nos processos hidroloégicos e na gestdo dos recursos hidricos no Brasil. Ao
fornecer informagdes sobre cenarios futuros de mudanga climatica de eventos extremos de
precipitacdo, secas meteorolégicas e disponibilidade hidrica, esta pesquisa representa uma
contribuicdo valiosa para os processos de tomada de decisdo associados aos recursos
hidricos do pais diante do aquecimento global.

Palavras-chave: Eventos extremos; aquecimento global; chuvas intensas; secas; seguranca
hidrica.
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Chapter 1. General Introduction

1.1 CONTEXTUALIZATION
Over the past few decades, there has been a notable increase in the scientific community’s

interest in studying extreme weather events (Diffenbaugh et al, 2017). This heightened
interest stems from the multifaceted impacts these events have on society, with significant
implications for both human and natural systems (McBean; Rodgers, 2010). For instance,
extreme rainfall often trigger flood events, resulting in countless human casualties and
billions of dollars in infrastructure damage every year (Basso et al, 2023; Bertola et al,
2023). Drought events, on the water-deficit side, also inflict severe consequences on society,
affecting different societal sectors, such as agricultural and food production, ecological
system functioning, and economic activities (Chiang; Mazdiyasni; AghaKouchak, 2021; Dai,
2013; Trenberth et al, 2014).

Despite high spatial variability of changes across the globe, both observations and model-
based simulations suggest that extreme events have been more intense and severe in the last
decades (Fischer; Knutti, 2016; Milly et al, 2008). There is a wide scientific consensus that
anthropogenic actions, along with other natural factors, have been contributing to changes
in the hydrological cycle, which in turn lead to these increases in the magnitude and
frequency of extreme weather events (Dai, 2013; Fischer; Knutti, 2015; Fischer; Sippel;
Knutti, 2021; IPCC, 2022; Min et al, 2011; Westra; Alexander; Zwiers, 2013). In fact, several
studies have already identified positive trends in the frequency and/or magnitude of
extremes across the globe (Vicente-Serrano et al, 2022; Westra; Alexander; Zwiers, 2013),
underscoring the need for efforts towards a better comprehension of global warming impacts
on climate dynamics and potential driving mechanisms of extreme events.

In Brazil, various studies have sought to address this issue, recognizing the intensification
of extreme weather events in the country, such as intense rainfall and historical droughts. In
terms of heavy rainfall, Haylock et al (2006) and Skansi et al, (2013) observed positive
trends in extreme precipitation events across the Brazilian territory. Similar results were
found by Marengo et al, (2020), Silva Dias et al, (2013), and Zilli et al. (2017) for the
Southeast region of the country. Cortez et al, (2022) using future climate model simulations
and a non-stationary approach, identified an intensification of extreme precipitation events

over more than 90% of the national territory. Ballarin, Anache, and Wendland (2022)
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observed a pattern of intensification in extreme precipitation events in the state of Sao Paulo,
with more significant results for events with return periods of up to 10 years. Medeiros,
Oliveira and Avila-Diaz, (2022), using future climate models-based simulations suggested
that extreme events are expected to be more frequent and severe in the future. Regarding
drought events, different studies reported an increase in the occurrence of such events in the
national territory over the last few decades (Ballarin et al, 2021; Coelho et al, 2016; Filho et
al, 2020; Marengo et al,, 2008; Marengo; Torres; Alves, 2017; Nobre et al, 2016).

Such intensification in the occurrence and magnitude of extreme events is accompanied
by a greater likelihood of disasters, with numerous impacts in various systems (Getirana;
Libonati; Cataldi, 2021; Libonati et al, 2022; Travassos et al, 2021). According to the IPCC
(2022), the intensified climate is already impacting agricultural production, human health
and ecosystem functioning in Brazil. For instance, the number of natural disaster occurrences
more than doubled in 2000s compared to the 1990s, with more than 80% of these
occurrences related to extreme droughts or intense rainfall events (CEPED/UFSC, 2013). In
the global context, disaster events attributed to natural hazards affected approximately 100
million people and caused nearly 190 billion dollars of economic losses only in 2020 (Jones;
Guha-Sapir; Tubeuf, 2022), and are expected to almost double in the future (Kreibich et al,
2022).

Besides the impact on extreme events, climate change are also projected to affect water
security in the country, reducing in more than 40% the water availability in some regions
(ANA, 2024). These climate change effects on water resources, coupled with the growing
water demand to support an ever-increasing population and agricultural expansion can pose
a significant threat to the national water resources, despite the country’s privileged position
with respect to water resources (Gesualdo et al, 2021). Therefore, given its potential impacts
on both natural and social systems, it is paramount to enhance our understanding of global
warming and its impacts on extreme events and water availability, seeking to improve
mitigation and adaptation plans, risk and water resources management, and infrastructure
design (Abdelmoaty; Papalexiou, 2023; Alam et al, 2018).

The characterization of extreme weather events is usually grounded in the statistical
frequency analysis (Nguyen; Nguyen, 2019). According to this approach, observed climate

data are fitted to one or more probability distributions, which are used to associate events of
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a certain magnitude with a frequency of occurrence, usually referred to as a return period
(Ballarin et al, 2022; Nguyen et al, 2017). Thus, characteristic/design values and risk
probabilities can be defined for the design of hydraulic systems. Despite being a well-
established practice, the characterization of extreme events via statistical frequency analysis
has a high degree of uncertainty (Salinas et al, 2014a, 2014b). There are various modeling
techniques, varying in the way historical series are obtained, the probability distribution
models used, and the techniques for estimating their parameters (Gaume, 2018; Nerantzaki;
Papalexiou, 2022; Okoli et al, 2019), without a consensus on the most appropriate
procedure.

This methodological variability results in a high degree of uncertainty, potentially leading
to severe under- or overestimations of extreme events due to a misrepresentation of the
variable of interest (Papalexiou; Koutsoyiannis, 2013). Furthermore, this methodology
assumes that historical data are representative of the future behavior, enabling the inference
of future properties from the observed, historical data (Lins; Cohn, 2011). Hence, it implicitly
assumes that no significant changes will occur in the properties of the observed variables
(i.e., stationarity; Ragno et al, 2018) . However, in the current context of global warming and
associated heightened extreme events (Asadieh; Krakauer, 2015), the representativeness of
past events is under scrutiny (Ballarin et al, 2022; Merz; Bloschl, 2008; Montanari;
Koutsoyiannis, 2014).

To address this issue and take into account the potential impacts of global warming in
the characterization process, several studies have been considering temporal variations in
climate variables through the use of nonstationary models (Abdelmoaty; Papalexiou, 2023;
Cheng et al, 2014; Cheng; Aghakouchak, 2014; Kwon; Lall, 2016; Ragno et al, 2018, 2019;
Salas; Obeysekera, 2014; Salas; Obeysekera; Vogel, 2018). Nevertheless, despite addressing
potential changes in climate variables, these models still rely on observed data to infer the
behavior of possible future trends. Therefore, they are highly influenced by the availability
and quality of the observed data and their statistical properties. Besides, nonstationary
models require a deep understanding of the causal relationships between the climate
variables involved in the phenomenon under study (Serinaldi; Kilsby, 2015). When these
relationships are not precisely understood, the use of nonstationary models only adds more

sources of uncertainty to the analysis (Koutsoyiannis; Montanari, 2015). Due to these
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limitations, the use of these models has been widely questioned (and criticized) in recent
studies, as they can result in unrealistic values and misrepresent the statistical properties of
the natural phenomenon of interest (Cohn; Lins, 2005; Koutsoyiannis; Montanari, 2015; Luke
et al, 2017; Montanari; Koutsoyiannis, 2014; Serinaldi; Kilsby, 2015).

An alternative to solely relying on historical data to infer statistical properties of future
events is the use of Earth System Models (ESMs, also called GCMs; Fischer; Sippel; Knutti,
2021; Hosseinzadehtalaei; Tabari; Willems, 2018; Li et al, 2023; Schardong; Simonovic,
2019; So et al, 2017; Zhang et al, 2023). Such models are capable to consider the interplay
between various components of the Earth System, including the atmosphere, oceans, land
surface, cryosphere, and biosphere; being widely used to study the Earth’s climate and its
response to external forcings to project future climate under different socio-economic
development conditions (Eyring et al, 2016; O'Neill et al, 2016; Tebaldi et al, 2021). Despite
their valuable contribution in advancing our understanding of the Earth climate system,
ESMs/GCMs usually exhibit (i) low spatial and temporal resolution, which hampers their use
for certain practical purposes, such as for the design and management of hydraulic systems
in small catchments (Srivastav; Schardong; Simonovic, 2014); and (ii) systematic errors,
failing to represent the different statistical properties of observed events (Abdelmoaty et al,
2021; Papalexiou et al, 2021).

Given these limitations, the use of ESMs/GCMs often requires further post-processing
and bias-correction techniques to improve their spatiotemporal resolution and enhance
models’ performance in characterizing local observed events, respectively (Bilirger et al,
2013; So etal,2017; Werner; Cannon, 2016; Xu etal, 2021). These techniques, usually called
downscaling, can be classified in two categories: dynamic and statistical. In the former,
boundary conditions derived from ESMs/GCMs are used to run fine-resolution, regional
climate models (RCMs) that consider local features and dynamics, such as topography and
its impact on atmospheric circulations, to improve simulations’ resolution and
representativeness (Chou etal, 2014b, 2014a). The statistical downscaling, in contrast, relies
on applying statistical transfer functions or mapping schemes to the ESMs/GCMs simulations
to resemble locally observed data (Cannon; Sobie; Murdock, 2015). Given to its relatively
lower computational efforts and higher performance in representing observed variables, the

statistical downscaling is usually preferred over the dynamical one (Zhang et al, 2020).
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Nevertheless, their use are still not widespread across the country, with only few studies
adopting bias-correction/downscaling techniques for climate-change impact assessments
(Ferreira et al, 2023). In general, previous studies focused on specific regions of the country
and/or relied on previous versions of the climate models of the Coupled Model
Intercomparison Project (CMIP).

In view of the aforementioned, namely (a) the heightened occurrence and consequent
impacts of extreme events in the country over the past few decades; (b) the variability of
methodologies employed to address the potential effects of global warming on the water
cycle and weather extremes; and (c) the lack of countrywide climate-change impacts
assessment using the climate simulations from the sixth phase of the Intergovernmental
Panel on Climate Change (GCMs), it becomes imperative to develop new researches aiming
to enhance our understanding of the potential consequences of global warming in Brazil.
These studies are pivotal to guide climate change mitigation and adaptation policies and
help-decision makers to improve water resources management. For example, an enhanced
understanding of how different rainfall events (i.e, light, moderate, or heavy) are projected
to change spatially in the future is a crucial information for an effective allocation of public
resources, prioritizing the development of hydraulic infrastructure where heavy rainfall
events are expected to increase or reservoirs systems where total rainfall is expected to
decrease. Such information is also fundamental for developing risk management, insurance-
based practices to mitigate potential financial losses due to the effects of climate change on

the water cycle (Gesualdo et al, 2024).

1.2 PROBLEM STATEMENT AND OBJECTIVES
The present thesis has the following research questions: (a) How are extreme events and

water availability projected to change in the future across Brazilian catchments, and (b) how
will these changes impact both Brazilian natural and social systems? As far as we know, no
study has investigated these aspects yet using bias-corrected, CMIP6 simulations from a
catchment-scale, countrywide perspective. Given the myriad of aspects that can be explored
when dealing with future climate-change based simulations and their impacts on climate

dynamics and water cycle, here we bounded the ultimate purpose of this research to
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assessing projected changes in future water availability, heavy rainfall, and meteorological

droughts, along with their potential impacts. To this end, we delineated the following specific

objectives:

L.

il.

iil.

iv.

Consolidate a national climate-change dataset, encompassing both raw and bias-
corrected CMIP6 historical and future simulations, in both gridded and catchment
scales, seeking to advance climate change impact assessments in the country;

Assess the performance of raw and bias-corrected CMIP6 simulations in representing
observed historical data;

Explore projected changes in the frequency and intensity of future rainfall events of
different magnitudes across Brazilian catchments, assessing the role of this properties
on driving future changes;

Investigate how meteorological droughts are projected to change in different CMIP6-
based future scenarios and their potential impacts across Brazilian catchments,
exploring the potential meteorological drivers of future droughts;

Explore expected changes in future water security of Brazilian catchments,
contrasting the effects of climate change and human behavior (i.e., water demand) in

dictating these changes;

1.3 THESIS OUTLINE
In Chapter 2, we described the methodology designed to develop the CLIMBra - Climate

Change Dataset for Brazil. The dataset encompasses raw and bias-corrected CMIP6

simulations for both historical and future periods. Chapter 2 serves as the cornerstone of the

entire thesis, as no national, bias-corrected CMIP6 dataset was available during the thesis

development. Some global-scale datasets have emerged since then (e.g., Gebrechorkos et al,

2023; Thrasher et al, 2022), but they do not encompass all the variables required to conduct

the analysis proposed in the following chapters and do not use national, station-based

observations in the bias-correcting procedure, relying on satellite and/or reanalysis data.

The findings of Chapter 2 were published in the Scientific Data (Ballarin et al, 2023b), and
are freely available at: https://doi.org/10.1038/s41597-023-01956-z.
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In Chapter 3, we assessed projected changes in the frequency and magnitude of different
rainfall events (e.g, light, moderate, and heavy), and further discussed the role of these two
properties (intensity and frequency) in driving future rainfall events. This aspect is usually
neglected in climate-based impact assessments - which commonly focus solely in intensity to
assess future rainfall changes - but is fundamental for guiding water resources management
practices (Markonis et al, 2019). The results found in Chapter 3 were published in the
international journal Farth’s Future (Ballarin et al, 2024b), and are freely available at:

https://doi.org/10.1029/2023EF004053.

In Chapter 4, we explored how meteorological droughts are projected to changes
according to future CMIP6-based scenarios across Brazilian catchments. We further assessed
such changes in view of both land-cover and water-demand perspectives, discussing how
changes in meteorological droughts can affect forest, pasture and croplands and water
security, respectively. Finally, we explored the relationship between projected changes in
meteorological drought characteristics and meteorological properties, shedding light on the
link between atmospheric demand and supply (potential evapotranspiration and
precipitation) and drought events. The results of Chapter 4 were published in the
Environmental Research Letters (Ballarin et al, 2024a) and are freely available at:

https://doi.org/10.1088/1748-9326/ad3e18.

In Chapter 5, we investigated future water security scenarios in the national territory.
Employing a Budyko-based, water-balance framework future water-demand projections of
the Manual of Consumptive Water Use in Brazil (ANA, 2019), we assessed future projections
of water availability and security in the country, and discussed the drawbacks of some
traditional assumptions (e.g., open vs closed water balance and neglecting CO2 effects on
plants water use) in assessing water availability. The results of Chapter 5were published in
Water Resources Research (Ballarin et al, 2023a), and are available at:

https://doi.org/10.1029/2023WR034914.

The general conclusion of the thesis is drawn in Chapter 6, where we discussed and
summarized the main conclusions of each previous chapter, highlighting some limitations
and recommendations of potential future research opportunities. In Figure 1.1, we display a

flowchart with the core steps of this research, linking each Chapter with the specific
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objectives. Namely, In Chapter 2, 3, 4, and 5 we addressed the specific objective i, iii, iv, and

v, respectively, whereas the specific objective ii was tackled in all Chapters.

4 )
CHAPTER 1
General Introduction
o J/
§ i and ii
4 h
CHAPTER 2
CLIMBra - Climate change dataset for
Brazil
\_ y, i and iii
T s ™
CHAPTER 3
. Frequency rather than intensity drives
7 the projected changes of rainfall events
: in Brazil
H N \ oy
v i and iv
CLIMATE CHANGE S\~ ; 4
CHAPTER 4
C L I M B ra _,]:-.'.'.____________ Multi-perspective investigation of projected
R e ) increases in future meq.e_omfog.rcaf drought
'2/" L events across Brazilian catchments
iiand v
-
CHAPTER 5
“p) Brazilian water security threatened by
cilmate change and human behavior
. - >y .
CHAPTER 6

General Conclusion

Figure 1.1. Schematic diagram depicting the outline of the thesis structure liking each thesis’
chapters with the specific objectives (in dark blue, on the top-right corner.
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ABSTRACT

General Circulation and Earth System Models are the most advanced tools for investigating
climate responses to future scenarios of greenhouse gas emissions, playing the role of
projecting the climate throughout the century. Nevertheless, climate projections are model-
dependent and may show systematic biases, requiring a bias correction for any further
application. Here, we provide a dataset based on an ensemble of 19 bias-corrected CMIP6
climate models projections for the Brazilian territory based on the SSP2-4.5 and SSP5-8.5
scenarios. We used the Quantile Delta Mapping approach to bias-correct daily time-series of
precipitation, maximum and minimum temperature, solar net radiation, near-surface wind
speed, and relative humidity. The bias-corrected dataset is available for both historical
(1980-2013) and future (2015-2100) simulations at a 0.25° X 0.25° spatial resolution.
Besides the gridded product, we provide area-averaged projections for 735 catchments
included in the Catchments Attributes for Brazil (CABra) dataset. The dataset provides
important variables commonly used in environmental and hydroclimatological studies,
paving the way for the development of high-quality research on climate change impacts in

Brazil.
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2.1 INTRODUCTION
General Circulation and Earth System Models (GCMs/ESMs) play an important role in

simulating the physics and dynamics of the Earth system, as well as in assessing and
understanding projected changes in the global climate (Ukkola et al, 2018; Werner; Cannon,
2016). The employment of climate models along with observed meteorological data is key to
inform policy and decision-making based on hydroclimatic modelling (Mishra; Bhatia;
Tiwari, 2020; Moustakis et al, 2021; Ombadi et al/, 2018; Tang; Clark; Papalexiou, 2022).
Nevertheless, to provide a large volume of climatic data at a global scale, GCMs/ESMs often
present (i) coarse spatial resolution (100-300 km), hampering the development of reliable
and detailed studies at finer scales (Gao et al, 2022); and (ii) systematic biases, leading to
misrepresentation of different statistical properties of observed climate variables
(Abdelmoaty et al, 2021; Papalexiou et al, 2021). Apart from these two limitations, these
climate models have intrinsic uncertainties that undermine studies on climate change
impacts (Xu et al, 2021). In this context, statistical and dynamical downscaling approaches
are used to bridge the inherent gap between projected and observed data by improving the
spatial resolution of GCMs products to a finer scale. Dynamical downscaling is based on the
integration of Regional Climate Models (RCMs) — which are able to capture local features
and dynamics to better represent the climate of a specific and limited area — with the initial
and lateral boundary conditions derived from GCMs (Chou et al, 2014; Lyra et al, 2018).
Despite the improvement in GCMs resolution and the incorporation of local scale-effects into
their projections, RCMs may still contain systematic biases that are propagated through the
future simulations. These remaining biases, derived from the GCMs used or incorporated
during the dynamical downscaling procedure due to limited understanding of the processes,
may lead to the need of further corrections of the dynamically downscaled product (Ballarin
etal,2021; Kotlarski et al, 2014; Xu; Yang, 2012) at a large computational effort (Simonovic
et al, 2016). On the other hand, the statistical downscaling is based on statistical transfer
functions that adjust the probability distribution function of projections to resemble
observed data at local /regional sites (Gudmundsson et al, 2012). The statistical framework
is able to correct systematic biases found in the original projections of both RCMs - generally
referred to as “hybrid downscaling” (Bedia et al, 2020; Turco et al, 2011) - and GCMs using
simple modelling structures that require less computational effort (Cannon; Sobie; Murdock,
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2015; Mandal; Srivastav; Simonovic, 2016). Given these advantages, the statistical approach
is generally preferred over the dynamical for climate-based studies (Gutmann et al, 2014;
Mishra; Bhatia; Tiwari, 2020).

Despite the importance of a dataset with historical and future data for meteorological
and hydrological studies, to our knowledge there is no dataset of bias-corrected climate
change data available for the Brazilian territory based on the recently released Sixth
Assessment Report (AR6) of the Coupled Model Intercomparison Project phase 6 (CMIP6).
Brazil is a continental country with diverse hydroclimatic conditions, and climate-related
hazards have become more frequent, widespread, and interconnected (Dalagnol et al, 2022;
Feng et al, 2021; Filho et al, 2020; Marengo; Torres; Alves, 2017; Nobre et al, 2016, 2013).
Thereby, here we developed the Climate Change Dataset for Brazil - CLIMBra, a bias-
corrected dataset comprising six important meteorological variables used in hydro-climatic
and economic studies related to climate change: precipitation (pr), maximum (tasmax) and
minimum temperature (tasmin), net shortwave surface radiation (rss), near-surface wind
speed (sfcWind) and relative humidity (hur). Besides the bias-corrected gridded daily data
at a spatial resolution of 0.25°, we provide an area-averaged, point-based scale data for 735
catchments of the Catchments Attribute for Brazil (CABra) large-sample dataset (Almagro et
al, 2021). The developed dataset consists of bias-corrected historical (1980-2013) and
future (2015-2100) simulations of 19 GCMs/ESMs, forced by the CMIP6 SSP2-4.5 and SSP5-

8.5 scenarios.

2.2 METHODS

2.2.1 DATASETS
To generate the bias-corrected product, we used observed data covering the historical period

(1980 - 2013) and simulated data covering both historical and future (2015 - 2100) periods.
As observed data, we adopted the meteorological dataset developed by Xavier et al. (2016),
which includes gridded daily series with 0.25° X 0.25° spatial resolution for the six
meteorological variables evaluated in this study. This dataset uses data from 3,625 ground-
based rain gauges and 735 weather stations provided by the National Institute of
Meteorology (INMET), National Water and Sanitation Agency (ANA), and the Water and

Electric Power Department of Sdo Paulo (DAEE/SP) as input to produce interpolations. Six
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different interpolation techniques were evaluated: arithmetic averaging, thin plate spline,
natural neighbor, inverse distance weighting, angular distance weighting, and ordinary point
kriging. In general, the dataset shows a good performance in describing the weather station
observations and is widely applied in hydrological and climatological studies in Brazil
(Cortez et al, 2022; David et al, 2022), and as the ground truth to GCMs/RCMs projections
assessment and impact studies (Almagro etal, 2017, 2020).

For historical and future projections, we used daily data from 19 CMIP6 GCMs\ESMs
(Table 2. 1). The models were selected based on the following criteria: (1) availability of daily
data for the evaluated climate variables under the r1ilp1f1 variant, and (2) nominal spatial
resolution up to 250 km. For relative humidity (hur), wind speed (sfcWind), and net solar
radiation (rss), only 10 GCMs were available at the stipulated conditions. For future projected
changes, we considered two Shared Socioeconomic Pathways: the middle of the road (SSP2-
4.5) and the fossil-fueled development (SSP5-8.5). The latter scenario represents the high
end of future pathways with enough emissions to achieve a radiative forcing of 8.5 W.m-2 by
2100, whilst SSP2-4.5 represents the medium part of the range of future pathways. The two
scenarios are an update of the previous Representative Concentration Pathways (RCPs) from
the CMIP5(O’Neill et al, 2016; Tebaldi et al, 2021). The SSPs include mitigation and
adaptation efforts based on economic and social changes, such as societal-economic
development(Song et al, 2021). There are two underlying reasons behind considering these
scenarios: (1) since they represent the intermediate (SSP2-4.5) and extreme (SSP5-8.5)
future climate change conditions, they are able to represent a wide range of expected changes
in global climate dynamics, encompassing other scenarios, such as the SSP3-7.0, which were
not available for all evaluated CMIP6 GCMs/ESMs at the time of the pre and post-processing
tasks; (2) they are the most used future scenarios in Brazilian climate change
studies(Almagro et al, 2017, 2020; Dereczynski et al, 2020; Lyra et al, 2018). The main
climatological institute of the country, the National Institute for Space Research (INPE),
provides RCM-simulated future data for the country considering the two forcing-equivalent
CMIP5 RCPs scenarios (RCP4.5 and RCP8.5; Chou et al, 2014). Therefore, the use of these

scenarios here may enable future CMIP5-CMIP6 comparison studies.

46



Chapter 2. CLIMBra - Climate change dataset for Brazil

Table 2. 1. CMIP6-GCMs\ESMs used in our dataset

Model Country/Region Resolution
MRI-ESM2* Japan 1.12° x 1.12°
EC-EARTH3* Europe 0.7°x 0.7°
CMCC-ESM2* Europe 0.9° x 1.25°
INM-CM4-8* Russia 1.5° x 2.0°
NorESM2-MM* Norway 0.9° x 1.25°
MPI-ESM1.2-HR* Germany 0.9° % 0.9°
INM-CM5* Russia 1.5° x 2.0°
ACCESS-ESM1-5* Australia 1.87° x 1.25°
TaiESM1 Taiwan 1.9° x 1.25°
NESM3 China 1.9°x 1.9°
KIOST-ESM South Korea 1.87° x 1.87°
K-ACE South Korea 1.87° x 1.25°
GFDL-CM4 USA 1.0° x 1.25°
GFDL-ESM4 USA 1.0° x 1.25°
ACCESS-CM2 Australia 1.87° x 1.25°
HadGEM3-GC31-LL UK 1.87° x 1.25°
IPSL-CM6A* France 2.5°%x1.3°
UKESM1.0 UK 1.87° x 1.25°
MIROC6* Japan 1.4° x 1.4°

2.2.2 PRE AND POST-PROCESSING
Given the coarse and different spatial resolutions of the CMIP6 GCMs/ESMs, we performed a

bilinear interpolation following previous studies (Mishra; Bhatia; Tiwari, 2020; Mukherjee
et al, 2018; Tang; Clark; Papalexiou, 2022; Xu et al, 2021) to regrid all models to a common
0.25° spatial grid. Moreover, to obtain a multi-model ensemble seeking to encompass

different representations and uncertainties of all evaluated models, the GCMs outputs need
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to be in the same spatial grid resolution (Clark et al, 2016; Gleckler; Taylor; Doutriaux, 2008).
It is worth mention that regridding may severely impact the statistical properties of
meteorological variables, especially those linked to extreme events (Rajulapati et al, 2021).
Hence, such limitations should be considered in future studies using our dataset.

Besides the coarse spatial resolution exhibited by GCM/ESMs, they also show an inherent
inability to simulate the present-day climate conditions leading to systematic errors that are
propagated for future simulations (Christensen et al, 2008). Thus, climate products often
require bias correction. Here, we used the Quantile Delta Mapping (QDM) approach (Cannon;
Sobie; Murdock, 2015) since it explicitly preserves relative or absolute changes in quantiles
between historical and future simulations (Tang; Clark; Papalexiou, 2021). This method is
based on two widely used correction procedures: the quantile delta change and the detrend
quantile mapping (Biirger et al, 2013; Sone et al, 2022). According to Cannon et al. (2015),
the QDM can be performed in three steps. First, all the individual future projected quantiles
are detrended. Then, the detrended quantiles are bias-corrected using the quantile mapping
technique. Lastly, the projected changes are then superimposed on the bias-corrected
outputs. Let denote o and p as observed and projected data, and h and f as historical and
future periods, respectively. The definition of the non-exceedance probability of observed

(xn,0) and projected historical (xj ;) data, and future data (xs,) are accounted as:

prp(t) = F(xr,(0)) (2.1)
Prp() = F(xny(t)) (2.2)
Pro(t) = F(xp,(D)) (2.3)

where p and F respectively denote the non-exceedance probability associated with a specific
value at time t and the empirical cumulative distribution function (ECDF). We adopted the
non-parametric probability distributions as they showed better performance over the

parametric ones when downscaling both RCMs and GCMs\ESMs outputs (Gudmundsson et
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al, 2012). Also, it is easier to apply it to different meteorological variables, despite their
different underlying distributions (Mishra; Bhatia; Tiwari, 2020). Then, we computed a
change factor (Equations 2.4 and 2.5), which associates the historical simulation output with

that of the future period:

Frp (Prp(®) Xr.p (1)
M = = (2.4)
O = Ft o) it (70 ®)
A% () = Fp (p7.p(0) - Fap (07.0(0) = %7,5(0) - Fap (075 (D) (2.5)

where F~! indicates the inverse ECDF; and AM(t) and 44 (t) are respectively the
multiplicative and the additive change factor between simulated quantiles of the historical
and future periods. The former is suitable for precipitation variables preserving relative
changes between quantiles, whereas the latter preserves absolute changes in projected
quantiles, suitable for temperature-derived variables (Cannon; Sobie; Murdock, 2015; Tang;
Clark; Papalexiou, 2021). For precipitation, a frequency adaptation suggested by Themef3l et
al. (2012) was also applied to account for a methodological problem that arises when the
frequency of modelled dry days is greater than the frequency of observed dry days, resulting
in a systematic wet bias. Moreover, we used a wet-day threshold of 1 mm/day following
previous studies (Gudmundsson et al, 2012; Mishra; Bhatia; Tiwari, 2020; Piani; Haerter;
Coppola, 2010) to minimize drizzle effects.

The bias-corrected projected data are computed according to Equations 2.6 and 2.7,
following the (i) quantile-mapping technique, which statistically transforms the distribution
of the projected data to resemble the distribution of the observed data; and (ii) the change
factor approach, which superimposes relative (or absolute) changes between historical and

future projected values:

Zrp(0) = AM(@) . Frg (prp(©) (2.6)

Rep(t) = 24 () + Fil(psp(®) 2.7)
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We considered the entire observed period (1980-2013) to correct the future projections
(2015-2100) with the QDM algorithm. Both pre and post-processing tasks, depicted in Figure
1, were carried out using the downscaleR package, which is an R-based framework developed
to address the needs of different climate impact studies within the Climate4R project (Bedia
et al, 2020; Iturbide et al, 2019). Despite the wide range of applications of QDM in climate
change impact assessments, we must point out the main limitations and uncertainties related
to its usage. In general, the QDM (1) shows high sensitivity to the historical reference data
used for calibration and (2) may be affected by the downscaling process due to a resolution
mismatch between the model simulations and observations (Casanueva et al, 2020). To
reduce this uncertainty, high-quality reference data are required. Therefore, we used a high-
resolution meteorological gridded dataset (Xavier; King; Scanlon, 2016) that comprises the
largest number of ground-based observations in Brazil. We also highlight our effort to
mitigate the introduction of more uncertainty and overcome some methodological
limitations for the development of a reliable product for climate change assessment in this
country. Nevertheless, it is known that the use of bias-correction methods is controversial
(Switanek et al, 2017) as they are not able to retain spatial and intervariable dependencies
(White; Toumi, 2013). Lastly, bias-corrections methods may produce physically unrealistic
values and also hide some fundamental models’ deficiencies (Casanueva et al, 2020;

Switanek et al, 2017).
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Figure 2.1. Flowchart representing the core steps used to generate the CLIMBra’s products.
Step 1 and 2 represent the regrid and bias-correction tasks, respectively. Step 3 represents
the framework required to rescaled the gridded dataset to the CABra’s catchments.

2.2.3 CATCHMENT-SCALE DATASET
The development of a regional gridded meteorological dataset aims at advancing hydro-

climate studies in Brazil. Nevertheless, working with gridded climate variables is not a trivial
task, often requiring high computation effort. Therefore, we also developed a catchment-
scale version of the dataset in order to assist climate-change impact studies/applications
(Figure 2.1) for both scientific and technical fields. To this end, we rescaled our gridded
dataset to match the catchments in the CABra large-sample dataset (Almagro et al, 2021).
CABra includes a set of more than 100 observed climate, hydrological, and physiographic
attributes for 735 Brazilian catchments (Figure 2.2).

For each CABra’s catchment, we generated a gridded meteorological daily series
comprising its extension. In sequence, we spatially averaged the grid-cell time series within

the catchment boundaries. This process was conducted for each variable and climate change
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scenario. Given the continental extensions of Brazil, the country shows a large range of
catchment areas. Thus, for some catchments, the daily time series were obtained using only
one grid and, for others, averaging more than 50 grids. Moreover, our gridded dataset only
comprises the Brazilian territory, and hence the average daily time-series only accounted for
the catchments’ area within the country boundaries. To compute the spatial averaged daily
time series, we weighted the grids according to their latitude, as, for regular grids, the grid
cell’s area changes as you move towards the poles. It is also worth noting that the averaged
time-series may hinder extreme events in large catchments since extreme high or low events
recorded in a specific grid may be smoothed by non-extreme events recorded in neighboring

grids when taking the average.
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Figure 2.2. (a) Streamflow gauge coordinates of CABra’s catchments, colored according to
their mean elevation and sized by their area. (b) Histogram of catchments’ area. (c)
Distribution of catchments per Brazilian biome. (d) Six main Brazilian biomes.

2.2.4 SUMMARY OF DATA RECORDS
The present study describes a gridded dataset (0.25° X 0.25°) and a spatially averaged

dataset at a catchment-scale. The first includes raw and bias-corrected gridded (netCDF)
daily time-series (pr, tasmax, tasmin, rss* sfcWind* and hur*) of 19 (10*) CMIP6
GCMs/ESMs (Table 2. 1) for both the historical (1980-2013) and future (2015-2100)
periods. For the future period, two CMIP6 SSP-scenarios were considered: SSP2-4.5 and
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SSP5-8.5. The second part of the dataset consists of a point-based (.csv) daily time-series
derived from the aforementioned bias-corrected gridded dataset for 735 Brazilian
catchments in the CABra dataset(Almagro et al, 2021). The time-series from this dataset
were also generated considering the two SSP scenarios simulated by the 19 (10) CMIP6
GCMs\ESMs. Both datasets are freely available (CCO license) at Ballarin et al. (2022).

2.2.5 CODE AVAILABILITY
Pre- and post-processing tasks were carried out using the R-packages of the

Climate4R project, extensively described in Bedia et al (2020) and Iturbide et al (2019). This
framework was developed to address the needs of different climate-impact studies and
includes a roll of R-packages to access, pre- and post-process, and visualize climate data. All
the packages and documentation, including tutorials and example-notebooks, are available

through the following Github link: https://github.com/SantanderMetGroup/climate4R.

2.3 RESULTS

2.3.1 BIAS-CORRECTION PERFORMANCE - MEAN AND EXTREME VALUES
To get a preliminary overview of the bias-correction performance in describing the observed

data, we computed the relative bias between the estimated and observed long-term means
for the historical period (Figure 2.3). We used absolute bias for the variables tasmax and
tasmin since the denominator approaches zero in many catchments, resulting in very high
relative bias values. For both raw and bias corrected datasets, we estimated the long-term
mean for each individual model and then computed the multi-model ensemble. We repeated
this process for all validation analyses of the study. The bias correction significantly
improved the performance of the historical simulations in describing observed long-term
mean values for all the meteorological variables by reducing the bias to approximately zero.

We found the largest bias for sfcWind and hur when analyzing the ensemble data prior
to bias correction. For sfcWind, overestimations of more than 30% were observed
throughout the country. The same was noted in hur, but with the opposite signal. In general,
the raw simulations were unable to capture long-term mean maximum and minimum
temperatures. Similar to the findings of Mishra et al (2020), the raw multi-model ensemble
exhibited an overall cold bias (-1.70 °C) for tasmax and a warm bias (0.87 °C) for tasmin.

Regarding the long-term mean precipitation, we observed an overall wet relative bias over
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the country (11.74%), except in the Amazon and Pampa biomes (northern and southern of
Brazil, respectively) where we noted a relative dry bias. In general, the CMIP6 models
exhibited good performance in estimating the long-term mean rss, showing a smaller mean

bias (-4.34%) compared with the deviations found for the other variables.
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Figure 2.3. Biases in long-term mean precipitation, maximum and minimum temperature, net
shortwave surface radiation, relative humidity, and near surface wind speed considering the
gridded dataset in both raw and bias-corrected conditions. The limits of Brazilian biomes are
indicated in black borderlines.

In the remainder of this section, we discuss the dataset’s performance considering our

catchment-scale product, which is the main product of this study, since it provides ready-for-
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use meteorological time-series required for most hydrological studies and climate change
impacts simulation. Nevertheless, similar conclusions can be drawn for the gridded dataset,
which was the basis for the development of the catchment-scale product. To explore the
models’ performance beyond the characterization of mean values, we also computed the bias
in the variables' long-term extreme properties: 90th (and/or 10th) percentiles and
maximum (and/or minimum) records (Figure 2.4 and Figure 2.5). It is worth mentioning that
the spatial distribution of the bias in the long-term mean for the gridded (Figure 2.3) and
catchment-scale datasets is alike (the first column in Figure 2.4 and Figure 2.5, plots a, d, and
g), corroborating their equivalence in terms of performance. That is, although we spatially
averaged the gridded dataset, the catchment-scale product is able to maintain the spatial

distribution of relative bias.
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In general, the CMIP6 models exhibited poor performance in simulating extreme values. The
raw multi-model ensemble showed an overall warm bias (overestimation) for the long-term

10th percentile of tasmin and a cold bias (underestimation) for the long term 90th percentile
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of tasmax. For the long-term maximum tasmax and minimum tasmin, we found an overall
warm bias with a more heterogeneous spatial distribution than those observed in the long-
term extreme percentiles. Interestingly, tasmax and tasmin showed a contrasting spatial
distribution of bias respectively for the maximum and minimum values. This highlights that
the raw output of the CMIP6 models fails to capture both extreme values and the
temperature’s amplitude.

Raw simulations of precipitation (pr) presented an absolute relative bias of up to 60%
and 40% for the long-term 90th percentile and maximum values, respectively (Figure 2.4),
corroborating with the findings of Pereima et al (2022). Like tasmax and tasmin, the spatial
distribution of the precipitation’s relative biases in the long-term extreme percentile was
alike to those found for the long-term mean: dry biases in the Amazon and Pampa biomes
and an overall wet bias in the rest of the country. The long-term maximum precipitation did
not show a clear spatial pattern. As observed in the mean long-term, the climate models were
not able to characterize the extreme values of hur and sfcWind. For the former,
underestimations of more than 20% and 50% were respectively found for the 90th and 10th
percentiles. For the latter, the errors were even more significant, with relative biases of
around 80% and 100% for the 90th and 10th percentiles, respectively. Again, the simulations
of rss exhibited the best performance with relative biases of nearly 10% of magnitude and a
tendency to slightly underestimate the observations.

The bias correction procedure significantly improved the estimations (Figure 2.5),
successfully removing most of the bias in both long-term mean and extreme values for almost
all variables, except for the long-term maximum precipitation, where the improvement was
not so perceptible. After the correction, the bias reduced to nearly 0% in all catchments (see
histograms in Figure 2.5). This is true even for hur and sfcWind, which were significantly
misrepresented by the raw GCMs/ESMs. These results indicate that the QDM was able to
overcome one of the main limitations of commonly used bias-correction methods: correcting
systematic errors in different quantiles of the probability distributions of raw simulations,
such as biases present in the mean and in the tail of the GCMs probability distribution (White;
Toumi, 2013).
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minimum temperature, net shortwave surface radiation, relative humidity, and near surface
wind speed (catchment-scale dataset) for the bias-corrected simulations. Histograms in each
of the panels indicate the frequency of occurrence of bias.
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2.3.2 BIAS-CORRECTION PERFORMANCE - SEASONALITY
We assessed the intra-annual variability of pr, tasmax, and tasmin in each Brazilian biome

(Figure 2.6 and Figure 2.7 for raw and bias-corrected datasets, respectively). The intra-
annual performance of the other variables is available in the Appendix A (Figures S2.1 and
S2.2) since these variables are not available in all 19 CMIP6 climate models. This
investigation seeks to confirm if the simulations are able to reproduce the intra-annual cycle
of the evaluated variables, an important aspect to assess especially for hydrological
modelling purposes. Overall, both the raw and bias products exhibited good performance in
reproducing the seasonal cycle of pr, tasmax, and tasmin. The confidence intervals, defined
by the minimum and maximum values found in the 19 GCMs\ESMs, encompassed the
observed pattern of the three variables in all biomes.

The smallest uncertainties, indicated by the confidence intervals, were found for tasmin
followed by pr and tasmax. The models showed excellent performance in reproducing the
intra-annual variability of tasmin, with a narrowed confidence interval and an ensemble
mean close to the observations. Despite the large hydroclimatic variability in the country, we
noted a clear seasonal pattern in pr. Both the raw and bias-corrected datasets exhibited a
larger uncertainty in the characterization of the rainy season (October to March), as indicated
by wider confidence intervals and a large difference between the ensemble mean and
observations. Similar results were also found by Almazroui et al. (2021) when evaluating the
performance of CMIP6 models in characterizing mean properties of rainfall and temperature
in South America. In fact, more extreme rainfall events, which were significantly
misrepresented by the models (Figure 2.4), are more likely to be experienced in the rainy
season. In contrast, in the dry period, the ensemble mean approaches the observation
showing also narrower confidence intervals. The exception here is the Pampa, where we did
not find a clear pattern in both rainy and dry seasons since they are not well-defined in this
biome (Almagro et al, 2017). An opposite situation was found for tasmax: larger confidence
intervals in the dry period when the highest temperature amplitude and, consequently,
climatic variability occur in Brazil (Landau et al, 2009). In all biomes, raw models showed a

slight underestimation of tasmax.
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Figure 2.6. Long-term (1980-2013) monthly mean of precipitation and maximum and
minimum temperature in each Brazilian biome. Highlighted lines represent the intra-annual
cycle simulated by the raw multi-model ensemble. Dashed lines indicate the observed mean
intra-annual cycle. Confidence intervals represent the maximum and minimum values
simulated by the raw 19 CMIP6 GCMs/ESMs.

The bias-corrected simulations exhibited, again, excellent performance in characterizing the
observed data (Figure 2.7). They were able to significantly reduce the average biases
approaching the observed and simulated monthly cycles, in addition to reducing the
uncertainties expressed by narrower confidence intervals. Despite this, the limitations
present in the raw simulations remained, albeit with a less clear pattern: greater
uncertainties in the simulation of pr and tasmax in the rainy and dry seasons, respectively.
Similar conclusion can be drawn for rss, hur, and sfcWind (Figures S2.1 and S2.2). Although
not as significantly as observed for the tasmax, tasmin and pr, the bias correction improved

the performance of the raw simulations in describing the monthly cycles of these variables,
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which showed smaller uncertainties and better accuracy. This can be explained by the fact
that the GCMs/ESMs showed a lower performance in the characterization of the seasonality

of these three variables, especially sfcWind and hur.
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Figure 2.7. Long-term (1980-2013) monthly mean of precipitation and maximum and
minimum temperature in each Brazilian biome. Highlighted lines represent the intra-annual
cycle simulated by the bias-corrected multi-model ensemble. Dashed lines indicate the
observed mean intra-annual cycle. Confidence intervals represent the maximum and
minimum values simulated by the bias-corrected 19 CMIP6 GCMs/ESMs.

2.3.3 PROJECTED CHANGES - MEAN AND EXTREME VALUES
To analyze projected changes simulated by the bias-corrected CMIP6 models, we computed

relative changes between the historical (1980-2013) and distant future (2070-2100) periods
considering the long-term mean and extremes properties for both SSP2-4.5 and SSP5-8.5

scenarios (Figure 2.8 and Figure 2.9, respectively). For tasmax and tasmin, we computed
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absolute changes (°C) to avoid extremely high values of relative changes due to denominator
values close to zero. Projected changes simulated by the raw models are shown in the
Appendix A (Figures S2.3 and S2.4). Itis worth noting that the projected changes were similar
for both raw and corrected simulations (Figures 2.8 and S2.3 for SSP2-4.5 and Figures 2.9
and S2.4 for SSP5-8.5), indicating that the QDM method was capable to overcome another
limitation of commonly used bias correction methods: it did not deteriorate trends and/or
relative changes projected by the models, which may hamper the fully understanding of
climate change effects (Hagemann et al., 2011; Maurer; Pierce, 2014).

As expected, the changes simulated by the SSP5-8.5 scenario exhibited greater magnitude
than those by the SSP2-4.5. Among the six evaluated variables, tasmax, tasmin, pr, and
sfcWind presented significant changes (> 10%) between historical and future simulations in
most parts of the Brazilian territory considering both scenarios. For hur and rss, the
projected changes showed a smaller magnitude (<10%). Long-term mean precipitation and
the 90th percentile exhibited similar spatial patterns of change over the country. A reduction
in projected long-term mean pr was observed in the Amazon, Caatinga, and part of the
Cerrado biomes. This expected reduction also corroborates the findings of Du et al. (2022).
In the Pampa and Atlantic Forest biomes, a slight increase is expected. Similar conclusions
can be drawn for the 90th percentile of precipitation. This pattern of change is more evident
considering the SSP5-8.5 scenario (Figure 2.9). Regarding the long-term maximum pr, a
significant increase was observed (> 10% for the SSP2-4.5 scenario and > 20% for the SSP5-
8.5 scenario) throughout the country, even in the biomes where a reduction in mean
precipitation was projected (Figure 2.8 and Figure 2.9).

In general, an increase in both tasmax and tasmin was observed in the two scenarios in
Brazil. The projected increase in the long-term maximum temperature is slightly higher in
the Amazon, Pantanal, and part of the Cerrado biomes than in the others. Furthermore, the
positive magnitude of change in extreme values is larger than that projected for the long-
term mean values. That is, both scenarios projected changes with greater magnitude in the
extreme characteristics of tasmax (maximum and the 90th percentile) than in its mean
values. This is also valid for tasmin, but with a lower difference between magnitudes of

change.
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Figure 2.8. Relative changes in the long-term mean and extreme values of precipitation,
maximum and minimum temperature, net shortwave solar radiation, relative humidity, and
near surface wind speed between the historical (1980-2013) and distant future (2070-2100;
SSP2-4.5) periods (bias-corrected catchment-scale dataset). Histograms in each panel
indicate the frequency of occurrence of relative changes.
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Figure 2.9. Relative changes in the long-term mean and extreme values of precipitation,
maximum and minimum temperature, net shortwave solar radiation, relative humidity, and
near surface wind speed between the historical period (1980-2013) and the distant future
(2070-2100; SSP5-8.5) (bias-corrected catchment-scale dataset). Histograms in each of the
panels indicate the frequency of occurrence of relative changes.
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The projected changes in rss and hur showed smaller magnitude when compared with the
other variables. For the former, an average increase in the long-term mean of about 2% and
4% is projected in the SSP2-4.5 and SSP5-8.5, respectively. Unlike pr, tasmax, and tasmin,
there is no clear difference between the expected changes in mean and extreme values of rss,
except the 10th percentile in the SSP5-8.5 scenario showing a negative variation in the Pampa
biome and in part of the Atlantic Forest biome and a positive variation in the central region
of the country. The hur variable also showed a similar pattern of projected changes in the
long-term mean and extreme values across the country, indicating a slight increase of < 2.5%
in the SSP2-4.5. For the SSP5-8.5 scenario, we noted slightly larger changes (< 5%) in both
the mean and extreme values. Interestingly, the 10th and 90th percentiles showed an
opposite spatial distribution in the SSP5-8.5 scenario, in which we found larger increases in
the 90th percentile and smaller increases in the 10th percentile of hur. Lastly, large increases
in the sfcWind of 15% in SSP2-4.5 and 25% in SSP5-8.5 are expected especially in the Pampa
(South region) and Atlantic Forest biomes (Southeast region). In the other regions, smaller
increases were noted. It was also not possible to distinguish different spatial patterns

between the changes in mean and extreme events.

2.3.4 PROJECTED CHANGES — SEASONALITY
Significant changes in intra-annual cycles are also expected (Figure 2. 10). For better

visualization, we only detailed the relative changes (multi-model ensemble) expected in the
monthly averages of pr, tasmax, and tasmin. The results for the other three variables are
provided in the Appendix A (Figure S2.5). We considered the bias-corrected simulations of
the historical (1980-2013) and ‘distant’ future (SSP5-8.5; 2070-2100) to compute the
relative changes. However, very similar changes were observed for the simulations without
bias correction.

Changes in projected precipitation’ seasonal cycles varied among the biomes (Figure 2.
10). For the Atlantic Forest and Cerrado, a shift in seasonality is projected, indicated by a
large increase in precipitation in the first months of the dry period (April to July) and a
reduction in the last months (August and September). For the Amazon, Caatinga, and
Pantanal biomes, an overall decrease in precipitation is expected, but with the maintenance

of seasonal cycles. Finally, a general increase in precipitation is projected in the Pampas
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biome, however, with a heterogeneous distribution throughout the year: larger variations
were observed at the beginning of both dry (April to June) and rainy seasons (October to
December). We also found positive relative changes for tasmin and tasmax. For the former, a
more significant increase is projected between May and September in all biomes, especially
in the Pampas, Pantanal and Atlantic Forest biomes where the increase was more significant
(up to 35%). The projected increase in tasmax is expected to be more uniform throughout
the year than those projected for tasmin, being concentrated in the second half of the year,
except for the Caatinga and Amazon biomes, which presented a similar rate of increase

throughout the year for both tasmin and tasmax.
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Figure 2. 10. Relative changes in the long-term mean intra-annual cycles of precipitation and
maximum and minimum temperatures between the historical (1980-2013) and distant
future (2070-2100, SSP5-8.5) periods. Highlighted lines represent the changes in the intra-
annual cycle simulated by the bias-corrected multi-model ensemble.
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2.4 FINAL REMARKS
Here, we described the CLIMBra - Climate Change Dataset for Brazil, that provides raw and

bias-corrected daily time series of six meteorological variables at both gridded and
catchment scales using simulations of up to 19 CMIP6 GCM/ESMs. The simulations were
provided for both historical (1980-2013) and future periods (2015-2100) forced by two
different emission scenarios: SSP2-4.5 and SSP5-8.5. CLIMBra products may be useful for
different hydroclimatic purposes such as hydrological modeling and climate change impact
assessment. Moreover, CLIMBra may also be of interest to users not only in the
hydrometeorological field but also in others such as agriculture, public health, and ecology.
The high-resolution of the gridded data (0.25° X 0.25°) is key to developing regional
assessments, providing information to decision and policy-making not only in Brazil but also
in South America given the Brazil's continental proportion and its role in global climate
dynamics.

Our main product, the catchment-scale dataset, is provided as comma-separated values
format (.csv), which is easier to handle and download in comparison with netCDF files. Both
the gridded and catchment-scale datasets are freely available at the Science Data Bank

(https://doi.org/10.57760/sciencedb.02316). Despite the importance of the developed

product, it is important to highlight some of its limitations. (1) Data users should be aware
of significant bias when using our raw database due to its weak performance in representing
observations, depending on its application. Thus, a performance analysis should be
conducted to investigate whether the raw historical data are able to simulate observations.
(2) Even exhibiting a better performance than the raw simulations (mainly in reproducing
seasonal variability and extreme properties of the evaluated variables), the bias-corrected
products may present inherent uncertainties, physically unrealistic values, and hide some
fundamental deficiencies presented by the climate models. Finally, (3) data users should
consider that the area-averaging process used to develop the catchment-scale dataset may

hinder or smooth extreme events and misrepresent transboundary catchments.

67


https://doi.org/10.57760/sciencedb.02316

Chapter 2. CLIMBra - Climate change dataset for Brazil

2.5 REFERENCES

ABDELMOATY, H. M. et al. Biases Beyond the Mean in CMIP6 Extreme Precipitation: A Global
Investigation. Earth’s Future, [s. L], v. 9, n. 10, p. e2021EF002196, 2021.

ALMAGRO, A. et al. CABra: A novel large-sample dataset for Brazilian catchments. Hydrology and
Earth System Sciences, [s. L], v. 25, n. 6, p. 3105-3135, 2021.

ALMAGRO, A. et al. Performance evaluation of Eta/HadGEM2-ES and Eta/MIROC5 precipitation
simulations over Brazil. Atmospheric Research, [s. L], v. 244, p. 105053, 2020.

ALMAGRO, A. et al. Projected climate change impacts in rainfall erosivity over Brazil. Scientific
Reports 2017 7:1, [s. L], v.7,n. 1, p. 1-12, 2017.

ALMAZROUI, M. et al. Assessment of CMIP6 Performance and Projected Temperature and
Precipitation Changes Over South America. Earth Systems and Environment 2021 5:2, [s.
L],v.5,n.2,p.155-183, 2021.

BALLARIN, A. S. et al. A copula-based drought assessment framework considering global simulation
models. Journal of Hydrology: Regional Studies, [s. L], v. 38, p. 100970, 2021.

BALLARIN, A. S. et al. CLIMBra - Climate Change Dataset for Brazil. Science Data Bank, [s. ], 2022.

BEDIA, J. et al. Statistical downscaling with the downscaleR package (v3.1.0): Contribution to the
VALUE intercomparison experiment. Geoscientific Model Development, [s. L], v. 13, n. 3, p.
1711-1735, 2020.

BURGER, G. et al. Downscaling Extremes: An Intercomparison of Multiple Methods for Future Climate.
Journal of Climate, [s. L], v. 26, n. 10, p. 3429-3449, 2013.

CANNON, A. ]J.; SOBIE, S. R; MURDOCK, T. Q. Bias Correction of GCM Precipitation by Quantile
Mapping: How Well Do Methods Preserve Changes in Quantiles and Extremes?. Journal of
Climate, [s. L], v. 28, n. 17, p. 6938-6959, 2015.

CAOQ, ]. et al. The NUIST Earth System Model (NESM) version 3: Description and preliminary
evaluation. Geoscientific Model Development, [s. L], v. 11, n. 7, p. 2975-2993, 2018.

CASANUEVA, A. et al. Testing bias adjustment methods for regional climate change applications under
observational uncertainty and resolution mismatch. Atmospheric Science Letters, [s. L], v.

21,n.7,p.e978, 2020.

CHOU, S. C. et al. Evaluation of the Eta Simulations Nested in Three Global Climate Models. American
Journal of Climate Change, [s. L], v. 3, n. 5, p. 438-454, 2014.

CHRISTENSEN, J. H. et al. On the need for bias correction of regional climate change projections of
temperature and precipitation. Geophysical Research Letters, [s. L], v. 35, n. 20, 2008.

CLARK, M. P. et al. Characterizing Uncertainty of the Hydrologic Impacts of Climate Change. Current
Climate Change Reports, [s. L], v. 2, n. 2, p. 55-64, 2016.

68



Chapter 2. CLIMBra - Climate change dataset for Brazil

CORTEZ, B. N. et al. Nonstationary extreme precipitation in Brazil. Hydrological Sciences Journal,
[s.1],v.67,n.9,p. 1372-1383, 2022.

DALAGNOL, R. et al. Extreme rainfall and its impacts in the Brazilian Minas Gerais state in January
2020: Can we blame climate change?. Climate Resilience and Sustainability, [s. L], v. 1,n. 1,
p.el5, 2022.

DAVID, P. C. et al. Correspondence Between Model Structures and Hydrological Signatures: A Large-
Sample Case Study Using 508 Brazilian Catchments. Water Resources Research, [s. ], v. 58,
n. 3, p.e2021WR030619, 2022.

DERECZYNSKI, C. et al. Downscaling of climate extremes over South America - Part I: Model
evaluation in the reference climate. Weather and Climate Extremes, [s. L], v. 29, p. 100273,
2020.

DU, Y. et al. Comprehensive assessment of CMIP5 and CMIP6 models in simulating and projecting
precipitation over the global land. International Journal of Climatology, [s. L], 2022.

FENG, X. et al. How deregulation, drought and increasing fire impact Amazonian biodiversity. Nature
2021 597:7877,[s. 1],v.597,n. 7877, p. 516-521, 2021.

FILHO, ]. D. P. et al. Copula-Based Multivariate Frequency Analysis of the 2012-2018 Drought in
Northeast Brazil. Water 2020, Vol. 12, Page 834, [s. L], v. 12, n. 3, p. 834, 2020.

GAO, S. et al. WRF ensemble dynamical downscaling of precipitation over China using different
cumulus convective schemes. AtmRe, [s. L], v. 271, p. 106116, 2022.

GLECKLER, P. ].; TAYLOR, K. E.; DOUTRIAUX, C. Performance metrics for climate models. Journal of
Geophysical Research: Atmospheres, [s. 1], v. 113, n. D6, p. 6104, 2008.

GUDMUNDSSON, L. et al. Technical Note: Downscaling RCM precipitation to the station scale using
statistical transformations &ndash; A comparison of methods. Hydrology and Earth System
Sciences, [s. L], v. 16,n. 9, p. 3383-3390, 2012.

GUTMANN, E. et al. An intercomparison of statistical downscaling methods used for water resource
assessments in the United States. Water Resources Research, [s.1],v.50,n.9,p. 7167-7186,
2014.

HAGEMANN, S. et al. Impact of a Statistical Bias Correction on the Projected Hydrological Changes
Obtained from Three GCMs and Two Hydrology Models. Journal of Hydrometeorology, [s.
L],v.12,n.4,p.556-578, 2011.

ITURBIDE, M. et al. The R-based climate4R open framework for reproducible climate data access and
post-processing. Environmental Modelling & Software, [s. L], v. 111, p. 42-54, 2019.

KOTLARSK], S. et al. Regional climate modeling on European scales: A joint standard evaluation of the
EURO-CORDEX RCM ensemble. Geoscientific Model Development, [s. L], v. 7, n. 4, p. 1297-
1333, 2014.

LANDAU,E. C. et al. Geoespacializagdo da Amplitude Térmica no Brasil. In:, 2009, Canela. III Simpdsio
Internacional de Climatologia. Canela: [s. n.], 2009.

69



Chapter 2. CLIMBra - Climate change dataset for Brazil

LAW, R. M. et al. The carbon cycle in the Australian Community Climate and Earth System Simulator
(ACCESS-ESM1) - Part 1: Model description and pre-industrial simulation. Geoscientific
Model Development, [s. L], v. 10, n. 7, p. 2567-2590, 2017.

LYRA, A. et al. Climate change projections over three metropolitan regions in Southeast Brazil using
the non-hydrostatic Eta regional climate model at 5-km resolution. Theoretical and Applied
Climatology, [s. L], v. 132, n. 1-2, p. 663-682, 2018.

MANDAL, S.; SRIVASTAYV, R. K.; SIMONOVIGC, S. P. Use of beta regression for statistical downscaling of
precipitation in the Campbell River basin, British Columbia, Canada. Journal of Hydrology,
[s. 1], v. 538, p. 49-62, 2016.

MARENGO, J. A;; TORRES, R. R;; ALVES, L. M. Drought in Northeast Brazil—past, present, and future.
Theoretical and Applied Climatology, [s. L], v. 129, n. 3-4, p. 1189-1200, 2017.

MAURER, E. P.; PIERCE, D. W. Bias correction can modify climate model simulated precipitation
changes without adverse effect on the ensemble mean. Hydrology and Earth System
Sciences, [s. L], v. 18, n. 3, p. 915-925, 2014.

MISHRA, V.; BHATIA, U.; TIWARI, A. D. Bias-corrected climate projections for South Asia from Coupled
Model Intercomparison Project-6. Scientific Data 2020 7:1, [s. L],v. 7,n. 1, p. 1-13, 2020.

MOUSTAKIS, Y. et al. Seasonality, Intensity, and Duration of Rainfall Extremes Change in a Warmer
Climate. Earth’s Future, [s. L], v. 9, n. 3, p. e2020EF001824, 2021.

MUKHERJEE, S. et al. Increase in extreme precipitation events under anthropogenic warming in India.
Weather and Climate Extremes, [s. L], v. 20, p. 45-53, 2018.

NOBRE, P. et al. Climate Simulation and Change in the Brazilian Climate Model. Journal of Climate,
[s. 1], v.26,n.17,p. 6716-6732,2013.

NOBRE, C. A. et al. Some Characteristics and Impacts of the Drought and Water Crisis in Southeastern
Brazil during 2014 and 2015. Journal of Water Resource and Protection, [s. /], v. 8, n. 2, p.
252-262, 2016.

OMBADI, M. et al. Developing Intensity-Duration-Frequency (IDF) Curves From Satellite-Based
Precipitation: Methodology and Evaluation. Water Resources Research, [s. L], v. 54, n. 10, p.
7752-7766,2018.

O’NEILL, B. C. et al. The Scenario Model Intercomparison Project (ScenarioMIP) for CMIP6.
Geoscientific Model Development, [s. 1], v. 9, n. 9, p. 3461-3482, 2016.

PAPALEXIOU, S. M. et al. Probabilistic Evaluation of Drought in CMIP6 Simulations. Earth’s Future,
[s.1],v.9,n.10, p. e2021EF002150, 2021.

PEREIMA, M. F. R. et al. A systematic analysis of climate model precipitation in southern Brazil.
International Journal of Climatology, [s. L], v. 42, n. 8, p. 4240-4257, 2022.

PIANI, C.; HAERTER, ]J. O0.; COPPOLA, E. Statistical bias correction for daily precipitation in regional
climate models over Europe. Theoretical and Applied Climatology, [s. L], v. 99, n. 1-2, p.
187-192, 2010.

70



Chapter 2. CLIMBra - Climate change dataset for Brazil

RAJULAPATI, C. R. et al. The Perils of Regridding: Examples Using a Global Precipitation Dataset.
Journal of Applied Meteorology and Climatology, [s. L], v. 60, n. 11, p. 1561-1573, 2021.

SIMONOVIC, S. P. et al. A web-based tool for the development of Intensity Duration Frequency curves
under changing climate. Environmental Modelling & Software, [s. L], v. 81, p. 136-153,
2016.

SONE, J. S. et al. Water Security in an Uncertain Future: Contrasting Realities from an Availability-
Demand Perspective. Water Resources Management, [s. L], v. 36, n. 8, p. 2571-2587, 2022.

SONG, Y. H. et al. Advances in CMIP6 INM-CM5 over CMIP5 INM-CM4 for precipitation simulation in
South Korea. Atmospheric Research, [s. L], v. 247, p. 105261, 2021.

SWITANEK, B. M. et al. Scaled distribution mapping: A bias correction method that preserves raw
climate model projected changes. Hydrology and Earth System Sciences, [s. L], v. 21, n. 6, p.
2649-2666, 2017.

TANG, G.; CLARK, M. P.; PAPALEXIOU, S. M. EM-Earth: The Ensemble Meteorological Dataset for Planet
Earth. Bulletin of the American Meteorological Society, [s. 1], v. 103, n. 4, p. E996-E1018,
2022.

TANG, G.; CLARK, M. P.; PAPALEXIOU, S. M. SC-Earth: A Station-Based Serially Complete Earth Dataset
from 1950 to 2019. Journal of Climate, [s. L], v. 34, n. 16, p. 6493-6511, 2021.

TEBALDI, C. et al. Climate model projections from the Scenario Model Intercomparison Project
(ScenarioMIP) of CMIP6. Earth System Dynamics, [s. L], v. 12, n. 1, p. 253-293, 2021.

THEMESSL, M. |J.; GOBIET, A.; HEINRICH, G. Empirical-statistical downscaling and error correction of
regional climate models and its impact on the climate change signal. Climatic Change, [s. L],
v.112,n. 2, p. 449-468, 2012.

TURCO, M. et al. Testing MOS precipitation downscaling for ENSEMBLES regional climate models over
Spain. Journal of Geophysical Research: Atmospheres, [s. L],v.116,n. D18, p. 18109, 2011.

UKKOLA, A. M. et al. Evaluating CMIP5 Model Agreement for Multiple Drought Metrics. Journal of
Hydrometeorology, [s. L], v. 19, n. 6, p. 969-988, 2018.

WANG, Y. C. et al. Performance of the Taiwan Earth System Model in Simulating Climate Variability
Compared With Observations and CMIP6 Model Simulations. Journal of Advances in
Modeling Earth Systems, [s. 1], v. 13, n. 7, p. e2020MS002353, 2021.

WERNER, A. T.; CANNON, A. ]. Hydrologic extremes - An intercomparison of multiple gridded
statistical downscaling methods. Hydrology and Earth System Sciences, [s. L], v. 20, n. 4, p.
1483-1508, 2016.

WHITE, R. H.,; TOUMI, R. The limitations of bias correcting regional climate model inputs. Geophysical
Research Letters, [s. L], v. 40, n. 12, p. 2907-2912, 2013.

XAVIER, A. C.; KING, C. W.; SCANLON, B. R. Daily gridded meteorological variables in Brazil (1980-
2013). International Journal of Climatology, [s. L], v. 36, n. 6, p. 2644-2659, 2016.

71



Chapter 2. CLIMBra - Climate change dataset for Brazil

XU, Z. et al. Bias-corrected CMIP6 global dataset for dynamical downscaling of the historical and
future climate (1979-2100). Scientific Data 2021 8:1, [s. L], v.8,n. 1, p. 1-11, 2021.

XU, Z.; YANG, Z. L. An Improved Dynamical Downscaling Method with GCM Bias Corrections and Its
Validation with 30 Years of Climate Simulations. Journal of Climate, [s. L], v. 25, n. 18, p.
6271-6286,2012.

ZIEHN, T. et al. The Australian Earth System Model: ACCESS-ESM1.5. Journal of Southern
Hemisphere Earth Systems Science, [s. 1], v. 70, n. 1, p. 193-214, 2020.

72



CHAPTER 3

Frequency rather than intensity drives the projected changes of rainfall events in Brazil



Chapter 3. Frequency rather than intensity drives the projected changes of rainfall events in Brazil

ABSTRACT
Extreme rainfall events are expected to intensify with global warming, posing significant
challenges to both human and natural environments. Despite the importance of such
assessments, they are unevenly widespread across the globe. Here, using bias corrected
climate simulations of the latest phase of the Coupled Model Intercomparison Project
(CMIP6), we provide a comprehensive assessment on how different rainfall events are
expected to change across Brazil. Specifically, (1) we explored the projected changes in both
intensity and frequency of rainfall events belonging to right-tail of the rainfall distribution
using a non-parametric approach, and (2) quantified how rainfall events associate with
different return periods are expected to intensify, using a parametric approach. We found
that extreme rainfall events will become more frequent and intense by the end of the century,
with averaged projected changes for rainfall exceeding the historical rainfall quantile q_0.99
of nearly 100% and 10% on frequency and intensity, respectively. Non-extreme rainfall
events, in contrast, are expected to be less frequent, aligning with the compensation
hypothesis. For instance, Brazilian 100-year rainfall are anticipated to intensify, on average,
17% and 31% under the moderate and the highest CMIP6 emission scenarios, respectively.
Finally, our findings suggest that frequency, rather than intensity, dictates the projected
changes of rainfall. We believe that the evidence gathered here will certainly contribute to
not only an improved understanding of Brazilian rainfall events but also to a better
comprehension of the different rainfall properties, their interplay and how the different ways

of assessing them may affect climate studies.
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3.1 INTRODUCTION
Extreme precipitation events underlie many of the most significant challenges society faces

(Kirchmeier-Young; Zhang, 2020). Their negative impacts on both natural and human
environments are responsible for billions of dollars in economic damages and immeasurable
human losses (Doocy et al, 2013; McBean; Rodgers, 2010; Nissen; Ulbrich, 2017).
Consequently, the understanding of extreme rainfall has gained considerable attention in
recent decades, being recognized as one of the scientific Great Challenges by the World
Climate Research Programme (Diffenbaugh et al, 2017; Sillmann et al, 2017). Despite
significant advancements in characterizing such events, there remain unresolved questions
that underscore the need for an enhanced understanding of their characteristics to improve
water resources management (Grindemann et al, 2023). Such efforts become even more
critical in the context of global warming (Fan et al, 2021), as it is expected to significantly
affect the intensity and frequency of extreme events (Chagas; Chaffe; Bloschl, 2022; Myhre et
al, 2019).

Numerous recent studies have been dedicated to assessing changes in observed extreme
rainfall events (Alexander, 2016; Markonis et al, 2019; Myhre et al, 2019; Papalexiou;
Montanari, 2019; Robinson et al, 2021). Despite their importance for an improved
comprehension of extreme events, there are still some shortcomings that impose a great
challenge for hydrological practices in an uncertain future (Diffenbaugh et al, 2017). First,
many local observations span only the past few decades, not being able to capture
precipitation’s long-term variability and changes (Peterson et al, 2013). Consequently, in
some cases, observations may not be representative of the underlying events, substantially
affecting the characterization of extreme events (Ballarin; Anache; Wendland, 2022; Marani;
Zanetti, 2015). Furthermore, global warming is expected to alter global water cycle
dynamics, potentially affecting the likelihood and magnitude of both extreme and non-
extreme rainfall events (Min et a/, 2011; Sharifinejad; Hassanzadeh; Zaerpour, 2022). These
changes on rainfall dynamics challenge an accurate projection based solely on observational
analysis, as their future statistical properties might no longer be the same (Miniussi; Marani,
2020; Swain et al, 2016).

In view of these limitations, several recent studies are relying on climate model
projections to identify changes in extreme events (Abdelmoaty; Papalexiou, 2023;
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Griindemann et al, 2022; John et al, 2022; Lima; Kwon; Kim, 2018). Despite the coarse
resolution and inherent uncertainties exhibited by them, studies have already confirmed
their robust agreement with observed data and theory (Abdelmoaty et al, 2021; Asadieh;
Krakauer, 2015; Fischer; Knutti, 2016; Mishra; Bhatia; Tiwari, 2020). For instance, multiple
studies have been employing CMIP6-based projections to assess projected changes in the
statistical properties of rainfall events worldwide, such as in India (Chaubey; Mall, 2023),
China (Yu; Zhai; Li, 2023), East Africa (Gebrechorkos et al, 2023), and United Kingdom
(Cotterill et al, 2021). This confirms the utility of climate projections for identifying and
quantifying future changes in extreme rainfall events (Moustakis et al, 2021; Ragno et al,
2018; Ukkola et al, 2018).

Nevertheless, even with the fundamental importance attached to such an assessment in
shaping local-to-global water-related policies, studies on extreme rainfall are not universally
prevalent across the globe. For instance, in Brazil - a country that has faced several
widespread extreme climate-related hazards in the last decades (Avila etal, 2016; Cunha et
al, 2018; Lucas et al, 2021; Marengo et al, 2023; Regoto et al, 2021; Santos; Lucio; Santos e
Silva, 2016; Zilli et al, 2017) - future extreme events have not been extensively investigated
through the use of climate model projections. The existing studies (1) have focused on
individual regions of the country (Gesualdo et al, 2021); (2) relied on previous versions of
CMIP simulations; and/or (3) focused on evaluating changes only in the intensity of extreme
rainfall events, since this information is commonly required for infrastructure design (Myhre
et al, 2019; Sarkar; Maity, 2022). In general, previous studies did not assess how the rainfall
distribution is expected to change in both intensity and frequency. Such assessment is,
however, fundamental to shaping water resources management practices and to improving
our understanding of the climate in the context of global warming (Harp; Horton, 2023).

Here, we address this gap by assessing how global warming is expected to affect both
extreme and non-extreme rainfall events in Brazil using bias-corrected CMIP6 future
projections. Instead of evaluating projected changes focusing solely in the intensity of rainfall
events, here we assessed the expected changes in both their frequency and intensity
(Mukherijee et al, 2018; Myhre et al, 2019). Finally, we examined how extremely rare rainfall
events, commonly required for infrastructure design, are anticipated to change. Precisely, we

aimed to address the following research questions: Will Brazilian extreme rainfall events be
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more frequent and/or intense in the future? How will these changes manifest spatially across
the country’s domain? Will extreme events of varying magnitudes change similarly? We
believe our study is significant not only for drawing a picture of future rainfall events in
Brazil, but also for enhancing our comprehension of the interplay between rainfall intensity

and frequency and their roles in climate change impact studies.
3.2 METHODS

3.2.1 DATA
We used here the CLIMBra - Climate Change Dataset for Brazil (Ballarin et al, 2023), which

provides bias-corrected rainfall time series for both historical (1980-2010) and future
(2015-2100) periods under two distinct CMIP6 Shared Socioeconomic Pathways (SSP):
SSP2-4.5 and SSP5-8.5. The dataset encompasses daily simulations of 19 CMIP6-climate
models (Table 2. 1) at a catchment scale (spatially-averaged, point-based time series) for 735
Brazilian catchments included in the CABRa dataset (Almagro et al, 2021). The daily
simulations were bias-corrected following the Quantile Delta Method (Cannon; Sobie;
Murdock, 2015). For more details about the framework used to develop CLIMBra and its
performance in representing observed climate variables, the readers are referred to Chapter

2.

3.2.2 CHANGES IN EXTREME RAINFALL EVENTS
Changes in rainfall properties can be assessed by evaluating the empirical distribution of the

data or fitting a parametric distribution to the observations (Beranova; Kysely; Hanel, 2018;
John et al, 2022; Papalexiou; Koutsoyiannis, 2016). While the latter approach enables the
assessment of changes in non-observed events (Moustakis et al, 2021), it requires a priori
assumption regarding the statistical model used to describe the observed data (Marani;
Ignaccolo, 2015). This fact, combined with the inherent uncertainties of the parameter
estimation procedure (Nerantzaki; Papalexiou, 2022), may hinder an accurate assessment of
the changes in rainfall properties. The non-parametric approach, on the other hand, allows
the computation of changes in pre-established thresholds without requiring specific
knowledge about the underlying distribution. Nevertheless, it cannot be used to assess
changes in non-observed events present in the extrapolation range (Volpi, 2019). In view of

these considerations, we opted here to use both non-parametric and parametric approaches.
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The former will be employed to assess how different extreme and non-extreme rainfall
events are expected to change, while the latter will be used to assess changes in extreme

events present in the extrapolation range.

3.2.2.1 Non-parametric approach — assessing changes in the distribution of rainfall events
For the non-parametric assessment, we proposed an alternative framework based on the

studies of Markonis et al. (2019) and Myhre et al. (2019). It consists in evaluating changes in
the frequency and intensity of rainfall events exceeding varying gq; quantile-thresholds
(where, i = 0.5,0.7,0.9,0.95,0.99, and 0.999) of the right-tail of the distribution of wet days
(> 1 mm). To account for the potential effects of overlapping rainfall events defined by the
quantile-thresholds approach, we also repeated the analysis considering the rainfall events
that falls within varying q; ;1) quantile-intervals (Figure 3.1). For instance, the first interval
of the thresholds approach encompasses all events exceeding the historical rainfall quantile
qo.5, Whereas the first interval of the intervals approach encompasses all rainfall events lying
between the historical quantiles q,5 and g, ;. The last interval in both the thresholds and
intervals approaches is the same and includes all events that exceeds the historical rainfall
quantiles ggg99. In the thresholds approach, extreme rainfall events, such those exceeding
Qo.999, are included (and consequently influences the relative changes) in all considered
intervals. In the intervals approach, in contrast, rainfall events are stratified in different
intervals, allowing for a more detailed understanding of how different rainfall events are
expected to change.

For both approaches, we assessed future changes in the frequency of rainfall events by
computing relative changes (A) in the number of events that falls within the historical g-
interval, defined either by the quantile-thresholds or quantile-intervals approaches. Here,
we considered relative changes as the percentage difference between historical and future
periods (Griindemann et al, 2022). To assess future changes in the intensity of rainfall
events, we computed the future changes in the average of the rainfall events lying within the
historical g-interval. Finally, to assess the relative contribution of changes in intensity and
frequency to the total changes, we computed the relative changes in the total amount of
rainfall events within the historical g-interval. We conducted these analyses considering a

long-term temporal perspective. To account for climate models’ uncertainties and variability,
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we performed these analyses for each of the 19 CLIMBra’s CMIP6 climate models

individually, and subsequently computed multi-model ensemble statistics (mean and

median).
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Figure 3.1. Flowchart depicting the core steps of the non-parametric approach, developed to
compute relative changes in the frequency, intensity, and total rainfall between historical and
future periods using the (a) quantile-thresholds and (b) quantile-intervals approaches.

3.2.2.2 Parametric approach - assessing changes in extreme rainfall events present in the
extrapolation range

The non-parametric approach provides a general overview of expected changes in rainfall
distribution. Nevertheless, it does not allow us to assess extremely rare rainfall events, such
as those occurring once in 100 years, due to the inability of observed data to support
extrapolation estimates (Volpi et al, 2019). Thus, we also employed here a parametric
approach, in which we fit a statistical model to rainfall series and compute expected changes

on extreme rainfall events belonging to the extrapolation range.
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The most popular method for assessing extreme rainfall events relies on the extreme
value theory (EVT). This approach posits that extreme events, defined as the maximum event
occurring in a predefined temporal block (commonly 1 year), converge asymptotically to one
of three different distribution classes (Gumbel, Frechét, and Reversed Weibull) summarized
by the Generalized Extreme Value distribution (GEV). This theory assumes that (1) the
events occurring in each block are independent and identically distributed and (2) the
number of occurrences in each block tends to infinite (Marra et al, 2019; Zorzetto; Botter;
Marani, 2016). Nevertheless, these conditions are rarely met. The parent distribution of daily
rainfall events is typically unknown, and the number of events in a block is not nearly
sufficient to assure the asymptotic assumption (Papalexiou; Koutsoyiannis, 2013).
Additionally, the EVT framework neglects a substantial proportion of observations since it
uses only one observation per block (De Michele; Avanzi, 2018; Volpi et al, 2019). The same
limitations extend to the peak-over-threshold approach and the Pareto distribution
(Zorzetto; Botter; Marani, 2016).

As an alternative to the recently questioned EVT (De Michele, 2019; Veneziano;
Langousis; Lepore, 2009), some studies are turning to non-extreme distributions
(Papalexiou, 2018; Zaghloul et al, 2020) or proposing alternative distributions that relaxes
the asymptotic assumptions, assuming a known parent distribution F(x) of ordinary rainfall
events (Miniussi; Marani, 2020). Here, based on the recent finds of Papalexiou (2022) and on
physical reasoning (Wilson; Toumi, 2005), we assumed (and further verified) that the tail of
the distribution of rainfall events is stretched-exponential or follows a Weibull distribution
tail (Equation 3.1). This assumption enable us to employ the Metastatistical Extreme Value
(MEV) distribution (Equation 3.2) for assessing extreme events within the extrapolation

range (Marani; Ignaccolo, 2015; Marra et al, 2018).

Fy(x) =1—exp (— %)y (3.1)

1 v Y
Fupy (%) = T Z [1 — exp <— %) l (3.2)
j=1
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where [ is a scale parameter, y a shape parameter, n is the number of wet days within the
year j, and T is the number of available years in the time series. Instead of the traditional
MEV, we adopted here a simplified version of it (SMEV, Equation 3.3). In SMEV, we disregard
interannual variations and compute  and y considering all precipitation values above the
quantile-based threshold for all years, while considering the average yearly number of
rainfall events present in the tail, n (Schellander; Lieb; Hell, 2019). We estimated Weibull
parameters using the probability weighted moment method, as it attributes a greater weight
to the tail and is not very sensitive to outliers and low samples (Greenwood; Landwehr;

Matalas, 1979).

n

> [1-ea(-3)]

Fyey(x) =

'ﬂlb—‘

To validate the assumption that the parent distribution of daily rainfall can be approximated
by the Weibull distribution and to determine the portion of the daily rainfall distribution that
defines the tail, we conducted a Monte Carlo tail-test originally developed by Marra et al.
(2022). The tail-test proceed as follows: first, we estimate Weibull parameters f and y
corresponding to daily rainfall events exceeding a specific quantile-threshold 8. In this step,
we explicitly censored all the annual maxima to ensure an independent assessment of the
model’s performance in describing observed rainfall extremes. Using the estimated
parameters, we generate 1000 synthetic rainfall daily series with the same number of rainfall
events present in the tail of the observed rainfall daily series. Finally, we extracted the
corresponding annual maxima series from the synthetic series and tested if the observed
annual maxima series are likely sample from them.

If more than p = 5% of the observed maxima lie outside the 1 — p = 95% confidence
interval defined by the synthetic annual maxima series, we rejected the hypothesis that
rainfall events exceeding the threshold 8 follow a Weibull tail. Otherwise, we assume that the
left-censored 6 rainfall events can be described by a Weibull distribution. We run this test for
varying left-censoring 6 (qq.10 t0 qo.95, with increments of 0.05) and selected the smallest 8
for which the test is not rejected to define the tail of the parent distribution. If the test was

rejected for all evaluated 6, it means that the Weibull distribution cannot serve as the parent
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distribution. We run the tail-test for all 735 catchments’ daily historical rainfall series present
in the CLIMBra dataset, considering the 19 CMIP6 climate models historical simulations. It is
important to highlight that in the tail test, we assume wet days to be independent when fitting
the Weibull distribution, as daily rainfall typically exhibit low values of lag-1 autocorrelation
(Papalexiou, 2022). Nevertheless, following previous studies (Marra; Amponsah; Papalexiou,
2023; Zorzetto; Botter; Marani, 2016), we conducted Monte Carlo simulations to confirm that
these serial correlations do not affect the fitting and our general conclusions: First we
generate 10,000 random synthetic series with Weibull shape and scale parameters, of 0.9 and
10, respectively; and sample size ranging between 1500 and 2000 wet days. These
parameters and sample size represent, on average, the values obtained in the tail test for our
dataset. Then we fit, for each of these synthetic series, the Weibull distribution to assess the
fitted shape and scale parameters. In sequence, we repeated this process, but introducing, in
this second case, a lag-1 autocorrelation of 0.3, which is close to the observed AC-1 for our
dataset. The fitted shape and scale parameters obtained for the first and second case are alike.
For instance, for the first case, we obtained a mean (standard deviation) shape and scale
parameters of 0.9 (0.02) and 10 (0.33). For the second case, the shape and scale parameters
were 0.9 (0.02) and 9.99 (0.51).

Once the suitability of the Weibull distribution to represent Brazilian catchments’ rainfall
events was confirmed (see Figure 3.5), we fit the SMEV distribution for the future simulations
driven by the SSP2-4.5 and SSP5-8.5 scenarios. For catchments where the Weibull
distribution was not rejected, we used the portion of rainfall events defined in the tail-test to
fit the SMEV. For the others, we adopted g, 95 to define the tail, following Marra et al. (2023).
We used the fitted SMEV to compute the projected changes in rainfall quantiles associated
with varying return periods T (5, 10, 50, 100, 200, and 500 years) between historical and
future simulations. Alternatively, we fit the SMEV distribution using all wet rainfall events

and obtained similar results in terms of projected relative changes (not showed here).

3.3 RESULTS
The interplay between the expected changes in intensity and frequency of rainfall events vary

significantly across the evaluated quantile-thresholds intervals (Figure 3.2). Here we focus
on the projected changes computed for the SSP5-8.5 future scenario, although similar results

were obtained for SSP2-4.5 (see Appendix B, Figure S3.1). In general, for all quantile-
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thresholds intervals, the intensity of rainfall events is projected to increase similarly. This
intensification, however, does not always translate into an increase in the total rainfall due
to the divergent expected changes in rainfall frequency. For example, approximately 80%
(multi-model ensemble median) of the catchments are projected to exhibit an increase in
rainfall for the events exceeding g, so- Yet, nearly 100% of the catchments are expecting
heightened rainfall intensity. This somewhat counterintuitive pattern can be explained by
the fact that approximately 54% of the catchments are projected to experience a reduction
in the frequency of rainfall events at this specific threshold (Figure 3.2a). That is, even with
an enhanced intensity, some catchments may experience a reduction in total rainfall
exceeding g, 5o due to a reduction in rainfall frequency. However, as we progress through the
evaluated quantile-thresholds, we observe a gradual increase in the expected changes in
rainfall frequency. When combined with the intensification of rainfall events, this leads to
overall positive projected changes for the total rainfall. For instance, for events exceeding
G099 and ¢y.999, almost all catchments showed an increase in both frequency and intensity
(Figure 3.2¢, f), culminating in a rise in the total rainfall.

Furthermore, it becomes evident that projected rainfall frequency changes surpass
intensity changes as we progress through the evaluated intervals (Figure 3.2g). For the lower
quantile-thresholds intervals (Figure 3.2a, b), the magnitudes of expected changes are quite
similar. For g, 59, we found mean changes of approximately —3% and 12% for requency and
intensity, respectively. For q, o, the changes in frequency and intensity are approximately
6% and 11%, respectively. In these cases, CMIP6 models generally project slightly larger
increases in intensity when compared to frequency for Brazilian catchments (Figure 3.2g). A
contrasting scenario, however, emerges for the larger quantiles, where CMIP6 models project
notably greater changes in frequency than in intensity. For instance, for the rainfall events
exceeding g, 99, the mean absolute expected changes are approximately 10% and 100% for
intensity and frequency, respectively (Figure 3.2e). This implies that the projected increase
in the extreme rainfall is mainly driven by an increase in rainfall frequency, rather than

intensity, such as observed in previous studies (Myhre et al, 2019; Sarkar; Maity, 2022).
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Figure 3.2. a-f, Relative changes (CMIP6 multi-model ensemble median) between historical
(1980-2010) and distant future (2070-2100; SSP5-8.5) periods in frequency, intensity and
total rainfall for different quantile-thresholds obtained for the 735 catchments. Changes in
frequency, intensity and total rainfall were computed for CMIP6 GCMs individually and we
display the CMIP6 multi-model ensemble median of these changes.(a) > q¢.50, (b), > q¢.70, (€)
> qo.90, (d) > qo.9s5, (€) > o9, and (f) > qg.999. Black, dashed lines divide the quadrants(g)
Proportion of catchments where the relative change in intensity was larger than the relative
changes in frequency for each quantile-thresholds intervals considering both SSP2-4.5 and
SSP5-8.5 scenarios. (h) Proportions of catchments with positive relative changes in total
rainfall for each quantile-thresholds intervals considering both SSP2-4.5 and SSP5-8.5
scenarios. The central points (bars) indicate the median (95% confidence intervals)
proportion obtained using the 19 CMIP6 climate models.

Despite the importance of such assessment, the overlapping rainfall intervals within the
quantile-thresholds approach may affect it. That is, extreme high rainfall events, such as
those exceeding qg 999, influences the relative changes computed for all evaluated quantile-
thresholds. To mitigate this undesired effect and gain a better understanding of projected
changes, we conducted an alternative analysis using the quantile-intervals framework

(Appendix B, Figure S3.2). The results of both approaches are summarized in Figure 3.3.
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Unlike what we observed in the quantile-thresholds approach, there is no dominant pattern
of intensification. For the lower quantile-intervals (such as the interval qy 50 - qo.79), We see
a similar count of catchments showing increasing/decreasing intensity (Figure 3.3a). As we
progress across the intervals, this proportion gradually raises, suggesting that most of
Brazilian catchments are prone to have more intense extreme rainfall events. These
contrasting results between approaches were also found for frequency. For the lower
quantile-intervals, we found that most catchments exhibited negative changes, whereas, for
the lower quantile-thresholds, only half of the catchments exhibited negative changes (Figure
3.3b). For the higher quantiles, in contrast, both approaches converge, indicating that Brazil
will likely experience extreme rainfall events more frequently. In general, total rainfall of
events present in the lower quantile-intervals are projected to decrease (Figure 3.3d), while
the total rainfall of events present in the higher quantile-intervals are projected to increase.
The increase in total rainfall was also indicated by the quantile-thresholds approach since

the overlapping effects fade over across the evaluated quantiles.
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Figure 3.3. a-d, Relative changes (CMIP6 multi-model ensemble median) between historical
(1980-2010) and distant future (2070-2100; SSP5-8.5) periods in frequency, intensity and
total rainfall for both quantile-thresholds and quantile-intervals approaches. Changes in
frequency, intensity and total rainfall were computed for CMIP6 GCMs individually and we
display the CMIP6 multi-model ensemble median of these changes. (a) Proportions of
catchments with positive relative changes in rainfall intensity. (b) Proportions of catchments
with positive relative changes in rainfall frequency. (c) Proportion of catchments where the
relative change in intensity was larger than the relative changes in frequency. (d)
Proportions of catchments with positive relative changes in total rainfall. The central points
(bars) indicate the median (95% confidence intervals) proportion obtained using the 19
CMIP6 climate models.
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We displayed on Figure 3.4 the spatial distribution of projected changes using the quantile-
intervals approach. The corresponding figures with catchments classified according to their
increasing/decreasing condition considering both quantile-intervals and quantile-
thresholds approach can be found in the Supporting Information (Figures S3.3 and S3.4). We
did not depict projected changes of the higher rainfall quantiles as they exhibited an almost
uniform pattern of increasing intensity and frequency for both approaches. In general, the
entire country will experience a reduction in moderate rainfall events, primarily driven by a
decrease in rainfall frequency, and an increase in extreme rainfall events (Figure S3.3). The
Amazon is the biome that will experience the most substantial reduction in non-extreme
rainfall events (-23%, on average), and the Pampa, the lowest one (-3%, Figure 3.4a). The
others evaluated biomes - Caatinga, Cerrado, and Atlantic forest - exhibited a more diverse
spatial pattern, but all of them will experience an overall reduction in moderate rainfall
events (Figure 3.4a, b) accompanied by an increase in the other evaluated quantiles. It is
interesting to note that, with exception of the Amazon and Pampas biomes, which exhibited
a more homogenous and evident decreasing/increasing pattern, these features cannot be
observed for the quantile-thresholds approach, given the overlapping-effect (Figures S3.4).
Overall, such combination of decrease (increase) in moderate (extreme) rainfall events are
expected to alter the shape of the distribution of rainfall events (Pendergrass; Knutti, 2018).
Heavy rainfall will likely exhibit a larger contribution to the accumulated, total rainfall in the
future period than the contribution observed in the historical period (Figures S3.5). For
instance, according to the SSP5-8.5 distant future simulations, the ratio between total rainfall
events surpassing the future qy99 quantile and total accumulated 30-year rainfall may

increase up to 15% in comparison with the historical period (1980-2010).
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Figure 3.4. a-c, Spatial distribution of the relative changes (CMIP6 multi-model ensemble
median) between historical (1980-2010) and distant future (2070-2100; SSP5-8.5) periods
in total rainfall for different quantile-intervals. (a) qo.50 - 90.70, (D) @0.70 - 90.90, (€) Go.90 - Go.95-
Changes in frequency, intensity and total rainfall were computed for CMIP6 GCMs
individually, and we display the CMIP6 multi-model ensemble median of these changes.
Changes per Brazilian biome are displayed in traditional boxplots (A: Amazon, C: Cerrado,
Ca: Caatinga, Af: Atlantic Forest, and P: Pampa).

To assess how rainfall events within the extrapolation range are expected to alter, we used
here the parametric SMEV distribution, assuming that daily rainfall tails of Brazilian
catchments follow the Weibull distribution. The outcomes of the tail-test confirmed our
hypothesis: the tail of Brazilian catchments’ rainfall can indeed be represented by the Weibull
distribution (Figure 3.5a). On average across the 19 CMIP6 historical simulations, the
assumption of having historical annual maximum daily rainfall emerging from Weibull tails
could not be rejected in nearly 98% of the catchments. The catchments in which the
assumption was rejected are mainly situated in the Amazon biome. In these cases, extreme
precipitation could have a different type of tail, such as heavier than the stretched-
exponential Weibull tail, or the Weibull tail could be consist in smaller fractions of the data
(Marra; Levizzani; Cattani, 2022). For almost 60% of the evaluated catchments the left-
censoring threshold - defined as the smallest 8 in which the null hypothesis of the tail test is
not rejected - fell above g5, which is in line with the proportion found by Marra et al.
(2023). For the remaining 40%, only the most extreme rainfall events can be employed to
represent the tail.

We also assessed the yearly number of wet-days present in the tail defined by the specific

threshold (Figure 3.5b). On average, nearly 90 daily rainfall data points are available, per
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year, for the estimation of the Weibull parameters. This large sample ensures a robust fit with
reduced uncertainties when compared with the GEV-block maxima approach (Volpi et al,
2019), commonly employed in the country (Ballarin et al, 2022). It is also interesting to note
the clear spatial pattern of available data points in the tail: for the Amazon and Pampa biomes
more data are available for the Weibull fitting (138 and 102 wet-days per year, on average,
respectively). For the Caatinga biome, a lower amount of data is available (nearly 50 wet-
days per year). This is consistent with the wet and dry rainfall regimes of these biomes. The
Cerrado and Atlantic Forest biomes, in contrast, did not exhibit a clear spatial pattern given
their heterogeneous distribution throughout Brazil, encompassing different climate regions

with varying rainfall distributions (Ballarin et al. 2023a).
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Figure 3.5. Suitability of the Weibull distribution to represent Brazilian catchments’ rainfall
in the historical (1980-2010) period. a, left censoring threshold 8 (quantile-based) used to
define the Weibull tails, as the smallest 8 in which the test is not rejected. Catchments were
the assumption of the Weibull tail was rejected are colored in black. The histogram exhibits
the rejection proportion obtained for the 19-CMIP6 climate models simulations. Average
rejection proportion is displayed in yellow. b, Average yearly number of wet-days in the tail
as defined by the left-censoring threshold.

After confirming the suitability of the Weibull distribution, we used the SMEV distribution to
assess how extreme events associated with different return periods might change. In general,
we found that they are expected to increase throughout the country (Figure 3.6). The average
changes (and also its spatial variability) are expected to be more pronounced for the rarest
extreme events (Figure 3.6d-f), suggesting a future trend towards heavier-tailed rainfall. The

magnitude of the differences between relative changes obtained for different return periods
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are in agreement with the findings of Griindemann et al, (2022), which also assessed
projected changes in rainfall extremes using a MEV-based approach.

As observed in the non-parametric approach, the Pampa and part of the Cerrado biomes
will experience the most significant intensification in extreme rainfall, particularly for the
rarest events (Figure 3.6c). The Amazon biome, on the other hand, will exhibit the lowest
increase. Actually, for a few Amazon catchments, the projected changes will be quite similar
across the evaluated return periods. As expected, relative changes are notably lower in the
immediate future (2010-2040) than in the distant future (2070-2100; Figure 3.6d).
Interestingly, we found almost no difference between the changes projected in the immediate
future under SSP2-4.5 and SSP5-8.5 scenarios. However, for the distant future, the
differences are significantly greater, with the higher emission scenario SSP5-8.5 projecting
greater changes. For instance, the 100-year rainfall event is expected to increase 17% and
31%, on average, in the SSP2-4.5 and SSP5-8.5 distant future, respectively. Finally, we found
a relatively low variability among CMIP6 projections, indicating a strong model agreement.
That is, all evaluated models projected enhanced extreme rainfall, with low between-model

standard deviation (Figure S3.6).
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Figure 3.6. a-c, Spatial distribution of the relative changes (CMIP6 multi-model ensemble
median) between historical (1980-2010) and distant future (2070-2100; SSP5-8.5) periods
in the SMEV-rainfall quantiles associated to different return periods: (a) 5 years, (b) 50 years,
(c) 500 years. Changes in frequency, intensity and total rainfall were computed for CMIP6
GCMs individually, and we display the CMIP6 multi-model ensemble median of these
changes. (d) Summary of projected changes in future extreme rainfall events for the
immediate (2010-2040) and distant (2070-2100) future under the SSP2-4.5 and SSP5-8.5
scenarios. The central points (bars) indicate the median (95% confidence intervals)

projected changes obtained for the 735 Brazilian catchments considering the multi-model
ensemble mean.
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For simplicity, we adopted here the same Weibull tail defined for the historical period to
estimate projected changes in future extreme rainfall events (Figure 3.6). Nevertheless,
future rainfall can be made up by different climate processes, and therefore, might be better
represented by alternative left-censoring thresholds 6 (or even by other heavier/lighter tail
distributions). Hence, we repeated the tail-test for the SSP5-8.5 distant future (2070-2100)
simulations (Figure S3.7). The results reaffirmed the suitability of the Weibull distribution to
represent future Brazilian rainfall events. The mean proportion of rejections slightly
increased (from 1.9 to 3.9%) and there was a slight shift in the spatial distribution of the left-
censoring threshold. Even so, the Weibull distribution was not rejected in 96% (on average)
of the catchments. We employed these updated 6-values to fit the SMEV-distribution and to
calculate changes between historical and future extreme rainfall quantiles (such as did in
Figure 3.6). This approach helped us to assess how the use of historical (or future) left
censoring thresholds affects our results (Figure 3.7). For the lower evaluated return periods,
both historical and future -tails yielded high similar relative changes. As we progress across
the return periods, the difference between the relative changes (both in terms of mean and
variability) marginally increased, with future 8-tails projecting slightly heavier tails. Even so,

the projected changes are of the same order of magnitude.
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Figure 3.7. Projected changes in SMEV-rainfall quantiles computed using Weibull tails
defined in the historical (1980-2010) and future (2070-2100; SSP5-8.5) periods. Changes in
frequency, intensity and total rainfall were computed for CMIP6 GCMs individually, and we
CMIP6 display the multi-model ensemble median of these changes. The central points (bars)
indicate the median (95% confidence intervals) standard deviation of the projected changes
obtained for the 735 Brazilian catchments.
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3.4 DISCUSSION
Here we first examined how rainfall events are expected to change in Brazil in terms of both

frequency and intensity, using two different - and complementary - non-parametric
frameworks. From this two-sided perspective, three important aspects emerged. First,
changes in frequency, rather than intensity, appears to dictate the projected changes of future
rainfall (Myhre et al, 2019; Nissen; Ulbrich, 2017; Sarkar; Maity, 2022). We observed an
intensification of future rainfall events even with a reduction in rainfall intensity given an
enhanced rainfall frequency. This finding underscores the importance of incorporating
frequency on climate assessments (Pendergrass; Hartmann, 2014). Furthermore, it takes on
even greater significance in view of the relative frequency changes observed in this study,
which greatly surpassed the magnitude of changes reported in previous studies that only
assessed rainfall intensity (Westra; Alexander; Zwiers, 2013).

Second, the varying pattern of changes across different rainfall quantiles (Figure 3.2 and
Figure 3.3) demonstrates the advantages of assessing different parts of the rainfall
distribution, rather than exclusively focusing on extreme events. Heavy and light/moderate
rainfall events have different driving mechanisms and, consequently, respond differently to
climate changes (Allan; Soden, 2008). Nevertheless, the majority of previous studies have
primarily focused on extreme rainfall events, given their relevance for water infrastructure
designing (Markonis et al, 2019). Our findings indicates that in Brazil, moderate rainfall
events (< qq.7¢9) are expected to reduce while heavy ones are expected to enhance, with both
of them governed by changes in the frequency (Figure 3.3). These change patterns align with
the compensation hypothesis, which states that increases in heavy rainfall events would be
compensated by a reduction in light/moderate rainfall (Allen; Ingram, 2002; Fischer; Knutti,
2016; Hennessy; Gregory; Mitchell, 1997; Moustakis et al, 2021). Nevertheless, it is
noteworthy that this hypothesis has been formulated in the basis of climate model
simulations, which in its majority reported enhanced heavy combined with reduced
light/moderate rainfall. However, the underlying mechanisms of how rainfall events are
predicted to change remain unclear, and the observed compensation mechanism might be an
outcome of the application of climate model simulations. For instance, Markonis et al (2019),

when assessing changes in the rainfall distribution using a global dataset reported results
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that go against the compensation mechanism, underscoring the need for future research
focused on this topic.

Third, our findings highlight the importance of considering the complementary quantile-
thresholds and intervals approaches to gain a deeper understanding of the expected changes
in future rainfall events (Figure 3.3). While the former provides us with a general overview
of the expected changes in precipitation events, the latter allows us to assess how different
precipitation events are likely to change (Allan; Soden, 2008). For example, it was only
possible to identify the compensation hypothesis after evaluating the quantile-intervals
approach. This suggests that the light/moderate rainfall intensification pattern observed for
the threshold approach is actually a consequence of the overlapping-effect. This finding is
particularly important considering that many climate change impact studies relies on the
quantile-thresholds reasoning, which is embedded in the indices developed by the Extreme
Team on Climate Change Detection and Indices (ETCCDI; Zhang et al. 2011). Notably, the
exclusive use of these indices to assess changes in rainfall characteristics has already faced
criticism (Schar etal, 2016). We showed here that indeed the overlapping effect of threshold-
based approaches can lead to misleading conclusions, and therefore should be accounted for
in future studies.

We further validated the intensification pattern of extreme rainfall events through a
parametric approach, using a SMEV-based analysis. There is a clear pattern suggesting that
the expected increase of extreme events is proportional to its rareness (Figure 3.6).
Moreover, projected changes are in the same order of magnitude of changes reported in
previous studies (Abdelmoaty; Papalexiou, 2023; Crévolin; Hassanzadeh; Bourdeau-Goulet,
2023; Griindemann et al, 2022). For instance, for the higher emission scenario, a 100-year
rainfall event is expected to increase nearly 31% in Brazil, in comparison with the averaged
globally value of 32.5% obtained by Griindermann et al. (2022). Furthermore, the changes
are expected to escalate over time and with varying emission scenarios. Across all return
periods, changes between historical and future rainfall events will (1) be nearly 50% larger
for the SSP5-8.5 scenario than for the SSP2-4.5, in the distant future; and (2) more than 100%
larger in the distant future than in the immediate future, for the same scenarios.

Even though both non-parametric and parametric approaches suggested that extreme

events are expected to increase, we should emphasize some aspects, as they may affect our
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results. As one can note in Figure 3.7, altering the way in which we fit the parametric
distribution affected our findings (albeit to a small extent in our case). This indicates that
different conclusions can arise by varying, for example, the parameter estimation or the
probability distribution. For instance, for a distant future, SSP5.8-5, 100-year return period,
the GEV distribution projected averaged changes of 45% (not showed here) in comparison
with the 33% obtained using the SMEV approach. As already mentioned, the SMEV uses way
larger sample sizes in the fitting procedure, besides relaxing the asymptotic assumption,
which may explain these differences. Even so, both GEV and SMEV projected positive changes
for all scenarios and futures periods, reinforcing the validity of our findings.

Another factor that influences our results is the uncertainty present in climate models
projections, which are known to exhibit a lower accuracy in representing extreme high and
low rainfall events (Londofio Arteaga; Lima, 2021; Mishra et a/, 2014; Sherwood et al, 2010;
Trenberth; Zhang; Gehne, 2017). To reduce these undesirable effects, we used here a bias-
corrected dataset that includes a variety of climate models projections to encompass
different climate representations (Li et al, 2017). Nevertheless, even presenting a better
performance to represent observed values, the bias-corrected dataset may contain inherent
uncertainties and physically unrealistic values (Casanueva et al, 2020). Finally, it is
important to note that we assessed projected changes from a catchment-perspective. We
emphasize that using averaged daily series may hinder extreme events, especially in large
basins, since extreme high events of a specific grid may be smoothed by non-extreme events

recorded in neighboring grids (Ballarin et al., 2023a).

94



Chapter 3. Frequency rather than intensity drives the projected changes of rainfall events in Brazil

3.5 CONCLUSION
We assessed how future Brazilian rainfall events are projected to change. Rather than

focusing solely on extreme events, we propose an alternative framework to assess how
rainfall events of varying magnitudes are projected to change in both intensity and frequency.
Our findings suggested that changes in Brazilian future rainfall are asymmetric:
light/moderate rainfall are expected to reduce, while extreme rainfall are expected to
increase. For instance, on average, a 100-year rainfall event is expected to increase nearly
31% across Brazil for the SSP5-8.5 CMIP6 scenario at the end of the century. This uneven
change pattern aligns with the compensation hypothesis. Moreover, we showed that changes
in frequency, rather than intensity, rules the projected changes of rainfall events. Namely,
rainfall events exceeding the historical rainfall quantile g o9 are projected to increase nearly
10% and 100% in intensity and frequency, respectively. Finally, we showed that using a
threshold-based approach to assess future rainfall changes can result in misleading
conclusions. We believe that the evidence gathered here will certainly contribute to not only
a better understanding of future rainfall events in Brazil but also to an enhanced
comprehension of the different rainfall properties and their interplay. Future research
towards this topic - such as investigating how rainfall properties are expected to change
seasonally and how these changes are linked to temperature - should shed more light to the
compensation hypothesis and to the controlling mechanisms of the changes in rainfall

intensity and frequency.
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ABSTRACT
Droughts exert widespread impacts on both natural and social systems, and there is
accumulating evidence that this situation may worsen in the context of global warming.
Despite the importance of assessing changes in droughts to understand their potential future
impacts on society, studies are unevenly distributed worldwide. In this study, utilizing CMIP6
bias-corrected simulations and a standard precipitation-evaporation index (SPEI) approach,
we quantified expected changes in future drought properties across 735 Brazilian
catchments under SSP2-4.5 and SSP5-8.5 scenarios. Beyond evaluating the statistical
properties of future drought events, we assessed their occurrence under land use and water
demand perspectives and propose a new framework to better understand their link with
changes in long- and short-term conditions of precipitation (P) and potential
evapotranspiration (PET). Our results indicate that, overall, drought events are projected to
become more frequent and severe in the future, with high CMIP6 model agreement. Despite
magnitude differences, droughts are expected to intensify in both evaluated scenarios.
According to the SSP5-8.5 scenario, at least half of Brazilian cropland and pasture areas will
experience an increase of over 30% in drought properties by the end of the century.
Furthermore, among the 85% of catchments expected to experience more severe droughts,
nearly 90% are also projected to exhibit increased water demand, which likely exacerbates
future water scarcity. The investigation of the relationship between droughts changes and
climate variables suggests that increasing atmosphere evaporative demand - expressed in
terms of PET - and rainfall variability exert great influence on future droughts. For instance,
over 50% of evaluated Brazilian catchments are expected to experience an intensification of
drought properties even with increases in long-term average precipitation (Ppean). This
study is essential (a) to improve Brazilian water resiliency by helping achieve the objectives
of the National Water Security Plan and (b) to deepen our understanding of droughts in an

uncertain future.
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4.1 INTRODUCTION
Among climate-related hazards, droughts emerge as the most challenging for natural and

social systems (De Luca; Donat, 2023), as they might disrupt a myriad of facets, including
food production, power generation, and water resources (Cardenas Belleza; Bierkens; van
Vliet, 2023; Vicente-Serrano et al, 2022). Hence, understanding and predicting drought
properties are essential to address their potential impacts on society and develop mitigation
strategies, especially in the context of global warming, which is expected to alter the
frequency and magnitude of drought events worldwide (Adeyeri et al, 2023; Araujo et al,
2022; Cook et al, 2020).

Despite the importance of such assessments, studies of droughts are unevenly
distributed globally, hindering a detailed characterization of droughts for informing local-to-
regional policy decisions. This gap is particularly pronounced in Brazil, a country with
paramount importance in global food security and climate regulation (Nepstad et al, 2008;
Pereira et al, 2012). While Brazil faces rising concerns about drought events (Getirana;
Libonati; Cataldi, 2021), there is a lack of studies assessing projected changes of drought from
a countrywide perspective (Ferreira et al, 2023). The country is already suffering from
several water deficits (Lucas et al, 2021; Marengo et al, 2008, 2022; Nobre et al, 2016; Otto
et al,2015), and this condition might get even worse (Ballarin et al, 2021; Sone et al, 2022;
Wang et al, 2021). For instance, global warming is expected to exacerbate drought events in
the Amazon region, likely increasing fire activity, tree mortality, and carbon emissions (Duffy
et al, 2015). This situation might not only affect Brazil, but the world, given the role of the
Amazon forest in regulating Earth’s climate and biodiversity (Feng et al, 2021; O’Connor et
al, 2021). Therefore, understanding the impact of global warming on future droughts in
Brazil is crucial for climate stakeholders.

Here, we try to bridge this gap by assessing how Brazil's meteorological drought events
are expected to change. Beyond evaluating future drought properties and signal of changes -
which is commonly done in the vast majority of drought-based studies (Araujo et al, 2022;
Zhao; Dai, 2022) - we investigate the link between drought properties and meteorological
conditions, discussing the potential consequences of droughts intensification across
Brazilian catchments using both a land cover and water use viewpoints. To this end, we
evaluate the link between changes in P and PET properties and drought changes, employing
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two different temporal perspectives: long-term (i.e., identification of change signals with
climate change) and short-term (i.e., event-based impacts of drought events). This dual
approach is fundamental for gaining insights into the differences between long-term and
intra-annual climatological characteristics, shedding light on climate variability and its
connection with drought events. Our study aims to answer the following questions: How are
drought events projected to change across Brazilian catchments and what are their potential
implications? How are the expected changes of drought events linked with changes in
meteorological conditions? How do changes in long-term climatological conditions differ
from those in drought-triggering periods? This work not only provides a general overview of
expected changes in drought events in Brazil, which may help to achieve the main goals of
the National Water Security Plan (PNSH; ANA, 2019b) but also contributes to an enhanced

understanding of drought and their spatio-temporal characteristics.

4.2 METHODS

4.2.1 DATA
Daily climatological time series were retrieved from the CLIMBra dataset (Ballarin et al

2023b). It provides raw and bias-corrected historical and future simulations of six
meteorological variables for 10 climate models forced by two CMIP6 scenarios: SSP2-4.5 and
SSP5-8.5. The dataset employed the delta quantile method (Cannon; Sobie; Murdock, 2015)
to bias correct CMIP6-simulated daily series, which were further spatially averaged to a
catchment-scale to encompass the 735 catchments present in the CABra dataset (Almagro et
al, 2021). PET values were computed using the formulation proposed by Yang et al. (2019),
which modifies the Penman-Monteith equation to account for the effects of increased CO2
concentrations on plants’ water use (see Chapter 5 for details). This effect reduces vegetation
water losses and diminishes dry biases in future PET estimations (Ballarin et al, 2023a;
Greve et al, 2019; Milly; Dunne, 2016; Yang et al, 2020). Land use data were retrieved from
the Land Use Harmonization (LUH v2) project (Hurtt et al, 2020). LUH v2 provides annual
data on land use states and transitions for historical (1850-2014) and future (2015-2100).
The dataset were used as input for multiple CMIP6 experiments, including the ScenarioMIP
(O’Neill etal, 2016) to generate future CMIP6 scenarios. The dataset comprises different land

use states with a 0.25° spatial resolution, which we grouped into two different classes
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(crops/pasture, and forest) to assess their susceptibility to future droughts in Brazilian’s
catchments. To further assess drought events from a water demand perspective, we
extracted water consumption data from the ANA database (ANA, 2019a). The dataset
provides historical and future projections (until the middle of the century) of water
consumption for different water uses in a micro-catchment scale for Brazil. Water
consumption information was further aggregated to a catchment-scale to correspond to the

CABra’s dataset used in the present study (see Chapter 5 for a detailed explanation).

4.2.2 DROUGHT’S IDENTIFICATION AND CHARACTERIZATION
We employed a non-parametric framework proposed by Ukkola et al. (2020) to identify

and quantify meteorological droughts. The framework relies on the reasoning of popular
standard indices - such as the Standard Precipitation and Evaporation Index (SPEI) - but does
not involve assumptions about data distribution. It proceeded as follows: first, precipitation
minus potentiation evapotranspiration (P — PET) series were transformed into a 6-month
accumulation running series. Although other temporal scales can be used, we focused on 6-
month accumulations since they are more suitable for characterizing meteorological drought
events (Papalexiou et al, 2021). Then, for each month of the historical period (1980-2010),
we computed the 15-percentile threshold of 6-month accumulations. Finally, we used these
thresholds to identify drought events, defined by periods when monthly 6-month
accumulations fell below these thresholds. The 15-percentile corresponds approximately to
the SPEI of —1, which is usually adopted in drought studies (McKee; Doesken; Kleist, 1993;
Ukkola et al, 2020). We also identified drought events through the traditional SPEI
framework (Vicente-Serrano et al 2010) and obtained close drought events to reinforce the
findings. Noteworthy, since this study aims to assess projected changes in drought events,
the 15-percentile thresholds computed for the historical period were used to identify
drought properties for both historical and future periods.

Using the definitions proposed by Ukkola et al (2020), we computed (a) drought
duration as the period between the start and end of a drought event; (b) drought intensity as
the mean difference between the 15-percentile and the 6-month accumulations during a
drought event, expressed by a monthly deficit, (c) drought severity as the cumulative

difference between the 15-percentile and the 6-month accumulations during a drought event,
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and (d) drought frequency as the number of drought events during the evaluated period.
Here, we considered a 31-year, long-term perspective. Hence, drought’s properties were
reported on a 31-year average. To assess how drought events are expected to change, we
computed the relative changes in long-term drought properties between distant future
(2070-2100) and historical (1980-2010) periods. The results for the intermediate (2040-
2070) and near (2040-2070) futures can be found in Appendix C.

4.2.3 EXPLORING CHANGES IN DROUGHT EVENTS AND THEIR LINK WITH LONG- AND SHORT-TERM
CHANGES OF P AND PET

To further explore future drought properties and their relationship with changes in
meteorological conditions, we assessed how projected changes in P and PET are connected
to changes in drought’s properties. Namely, we examined the relationship between projected
changes in drought properties and the following meteorological properties: number of wet
days (N,,; P > 1 mm), (b) average precipitation of wet days (Pyean), () average potential
evapotranspiration (PET,ean), and (d) the number of days when P surpasses PET (Ny,;,). We
employed these four properties to account for both intensity and frequency of P and PET. We
used two different temporal perspectives: long- and short-term (event-based). For the
former, meteorological properties were reported as 31-year average values. For the latter,
only drought event periods were considered to compute the meteorological averaged
properties (See Text S4 in Appendix C for a detailed description). Such assessment is
fundamental for better comprehending meteorological conditions in drought-triggering
periods and how they differ from long-term climate characteristics (Vicente-Serrano et al,

2022).

4.3 RESULTS

4.3.1 FUTURE INTENSIFICATION OF METEOROLOGICAL DROUGHT PROPERTIES
Drought events are generally expected to be more common, severe, and longer in Brazil

(Figure 4.1). As anticipated, changes in the CMIP6 pessimistic scenario, SSP5-8.5, are larger
and exhibit greater variability across Brazilian catchments than those observed for the
moderate scenario, SSP2-4.5. On average, for the long-term period, all catchments are
expected to experience an intensification of droughts’ intensity. The largest increases are

projected in the North and on the coastal side of Brazil, where Amazon and Atlantic Forest
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biomes are located. This pattern, however, does not hold for droughts’ duration and
frequency. Some catchments, mainly located in the southern and northeastern parts of Brazil,
are projected to experience less frequent and shorter drought events, which can be explained
by the coupled effect of lower atmospheric demand and higher precipitation projected in the
future for these regions (Almazroui et al, 2021; Ballarin et al, 2023a; Ballarin et al, 2024;
Reboita et al, 2022). It is important to note that the projected changes in drought properties
exhibit a high model agreement. In approximately 80% of the catchments, at least seven

CMIP6 models (out of ten) agreed on the change signal.
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Figure 4.1. Projected changes in 30-year, long-term averaged drought’s (a, d) duration, (b, e)
intensity, and (c, f) frequency between historical (Hist; 1980-2010) and distant future (SSP2-
4.5 and SSP5-8.5; 2070-2100) periods in Brazil. Boxplots represent the CMIP6 multi-model
ensemble median observed for the 735 Brazilian catchments. The spatial distribution of
changes (d-f) was computed considering the historical and SSP5-8.5 distant future. n in the
bottom-left corner of each map indicates the percentage of catchments with at least 70% of
CMIP6 model agreement (signal of change). Projected changes in drought properties for
Brazil are statistically significant according to the Mann-Whitney U test and Monte Carlo
resampling techniques (p-value < 0.05).
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Besides the increase in long-term, averaged droughts’ properties, CMIP6 future
simulations also indicate that drought properties (duration and intensity) are expected to
show increased variability and reduced skewness, expressed in terms of the L-variation and
L-skewness (Figure S4.2, Appendix C; see Abdelmoaty et al (2021) for a detailed
description). We opted for the use of L-moments as they represent an advancement over
traditional moments in characterizing the statistical properties of samples, such as variation,
skewness and kurtosis, showing reduced sensitivity to variations in sample size and outliers
(Hosking, 1990; Sankarasubramanian; Srinivasan, 1999). This increase in variability,
combined with changes in the other evaluated statistical moments, affects the projected
changes in rarer drought events. For instance, if we focus only on the five events with the
largest values for each drought property occurring in the 31-year period (historical and
future), we observe projected changes greater than those obtained considering all drought
events (Figure S4.3). Such aspects, often overlooked on drought assessments, can profoundly
impact water resources management practices in the country (Reyniers et al, 2023).

To further explore future droughts and their potential implications for Brazilian
catchments, we assessed their projected changes from both land cover and water demand
perspectives (Figure 4. 2). In terms of land cover, in the end of the century for SSP5-8.5, most
of Brazilian forest, pasture, and crop areas will experience enhanced drought properties
(Figure 4. 2a-f). At least half of the Brazilian cropland/pasture areas will experience an
average increase of 30%, 37% and 29% in droughts’ duration, intensity, and frequency,
respectively. For forests, the changes are even greater, with changes on droughts intensity
and duration projected to exceed more than 50% in half of catchments’ forested areas.
Similarly to what we observed for droughts changes, CMIP6-models exhibited a relatively
high model agreement towards drought intensification in most part of Brazilian's forests and
crops.

Moving to a water-demand perspective (Figure 4. 2g, h), one can note that, according to
SSP5-8.5, most catchments with anticipated increases in drought severity are also projected
to exhibit augmented water consumption (Figure 4. 2g). By the middle of the century, from
the almost 87% of the catchments with expected increase in drought severity, nearly 85%
are also expected to present augmented water consumption in the future, mainly dictated by

irrigation (Ballarin et al, 2023a). The South region of the country is expected to exhibit the
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best water security condition, with some catchments presenting reduced drought severity
and water demand. The Central region of the country, known for intense agriculture activity,
in contrast, is projected to experience the greater coupled water demand-drought impacts,
which will likely affect Brazilian agricultural production, specifically coffee, soybean, and
sugarcane croplands (Koh et a/, 2020). As highlighted by Multsch et al (2020), part of this
region is already experiencing a concerning condition in terms of water scarcity given the
higher water use for irrigation, that may even aggravate due to agricultural expansion plans.
These circumstances, however, are not restricted to this Central region: approximately 70%
of crops catchments (crop cover > 50%) are expected to show increased irrigation-based

demand and more severe droughts in the middle of the century (Figure 4. 2h).
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Figure 4. 2. Projected changes (%) in 30-year, long-term averaged drought’s (a, d) duration,
(b, ) intensity, and (c, f) frequency between historical (Hist; 1980-2010) and distant future
(SSP5-8.5; 2070-2100) periods as a function of the relative area (%) of two different land
uses classes: Forest and Pasture and Crops.CMIP6 multi-model ensemble median is displayed
in yellow. Individual models’ projections are displayed in light gray. Panels a-c can be
interpreted as the proportion of crops/pasture (x-axis) projected to experience a particular
relative change on drought’s properties (y-axis). As an example, in panel a, red, dashed lines
indicate that 50% of the crops/pasture area are projected to experience 30% of increase in
drought’s duration. The results for the gridded dataset were used for panels a-f. The same
holds for panels d-f for forest cover. (g) Spatial distribution of relative changes in long-term,
averaged drought’s severity (SSP5-8.5) and total water demand for the intermediate future
(2040-2070). (h) Bivariate histogram of projected relative changes in droughts severity
(SSP5-8.5) and irrigation-water demand for crops catchments (crop cover > 50%) in the
intermediate future (2040-2070). Green, dashed lines divide the panel into regions of
negative/positive changes.
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4.3.2 FUTURE CHANGES IN DROUGHTS AND THEIR LINK WITH P AND PET IN BRAZILIAN
CATCHMENTS

To have a better understanding of future drought events in the country, we explored their
relationship with the projected changes of climate properties in both long-term and drought-
triggering periods (Figure 4.3). We focused our attention on droughts’ severity, which
encompasses both droughts’ duration and intensity, but similar conclusions can be inferred
for the other properties (Figures S4.4 and S4.5). As expected, for both long- and short-term
perspectives, changes in frequency and intensity of climatological properties are correlated
to changes in drought properties, since enhanced PET and P-deficits can trigger and/or
aggravate drought events (Mukherjee; Mishra; Trenberth, 2018). Based on the correlations
obtained for both temporal perspectives, in general, catchments with larger positive changes
in PETean are projected to experience drought events with larger duration, intensity and
frequency. For the other climate properties, the opposite is valid: catchments with reduced
Prean, Nw, and Ny, will experience intensified droughts.

According to the long-term perspective, more than 70% of the catchments are projected
to show enhanced PET,,¢,,, Whereas only 23% show a decreased Py, (Figure 4.3g). More
pronounced increases in PET,,.,, are expected to happen in the Northwestern and Central
parts of Brazil, where Amazon and Cerrado are located. For P,y larger increases are
projected for the southern region (see Figure S4.6 for the spatial distribution of changes). At
first glance, this might indicate that droughts intensification is highly linked with enhanced
PETean, but not necessarily with decreased Pye.p, since more than 50% of the catchments
are projected to undergo an increase in drought properties even with an increase in Py eap-
For instance, one can note that the very similar spatial patterns of future increased PETycan
and drought properties do not match the spatial distribution of future P, .., decreases
(Figure 4.1 and S4.6). However, looking at changes in frequency aspects (N, and Ny,;,), it is
possible to note that they also have an important role on droughts changes. More than 70%
of the catchments that are expected to experience more severe droughts will also undergo a
reduction in Ny, and N;. Moreover, all catchments with projected decrease in drought
severity (10% of the catchments) are expected to present larger N,, and N,,;, (Figure 4.3c, d),
which suggests a strong link between changes in P and PET frequency and changes in

droughts properties.
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Figure 4.3. Relationship between projected changes (SSP5-8.5; distant future) in drought
severity and long- (first row, a-d) and short-term (second row, e-g) meteorological
properties (PETean, Pmean, Nw, and Ny,p,; from left to right) for the Brazilian catchments.
Pearson’s correlation between projected changes is displayed on each subplot’s top. Only
significant correlations (p-value < 0.05) were considered. Black, dashed lines divide the
quadrants. The regression line is displayed in dark grey. The percentage of catchments
(points) in each quadrant is indicated on the corners. For all plots, light colour regions
indicate high density. Boxplots in the bottom of the figure summarize the projected relative
changes in meteorological properties (PETcan, Pmean, Nw» and Ny,p,) for the long- and short-
term (i and j, respectively) across the Brazilian catchments. The percentage below each
boxplot indicate the proportion of catchments with projected negative changes. A black,
dashed line represents the region with no changes.

In the short-term perspective, we found a similar pattern for PETcan, Ny, and Nyp:
catchments with projected increases in drought severity are projected to show, in general,
increases in PET and decreases in N, and N,;, (see Figure S4.7 for spatial distribution). For

instance, from the 90% of the catchments with expected enhanced drought severity, nearly
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80% and 95% of them are expected to show enhanced PET and decreased N,, and Ny,
respectively, confirming the role of evapotranspiration and climate frequency on the changes
of droughts properties in a warmer world (Otkin et al, 2018; Vicente-Serrano et al, 2014;
Wang; Sun, 2023b). Interestingly, a different situation was found for Pc.n. According to this
event-based perspective, Py ean is expected to decrease in more than 80% of the catchments
during drought-triggering periods (Figure 4.3i), which contrasts with the results found for
the long-term perspective. That is, even showing enhanced P in the future, some catchments
in Brazil are projected to show more severe droughts due to changes in intra-annual
variability of P towards less frequent, and more extreme and concentrated events (Ballarin
etal,2024).

4.4 DiscussION AND FINAL REMARKS

Although there is an extensive literature about projected changes in future drought
properties according to CMIP6 models outputs (Ukkola et al, 2020; Wang et al, 2021; Wang;
Sun, 2023b, 2023a; Xu et al, 2023), little is known about how droughts are expected to
change and impact Brazilian catchments and what are the link between changes in droughts
and meteorological conditions. This aspect is paramount to assisting decision-makers in
developing mitigation strategies and improved water resources management practices. This
study addresses this gap by assessing projected changes in Brazilian droughts and
meteorological conditions and their potential impacts on Brazilian catchments from both
land use and water demand viewpoints.

CMIP6 models suggest robust and generally severe conditions of long-term mean
drought properties in Brazil. Such patterns were also observed by Ferreira etal (2023) when
assessing rainfall patterns in the country. Although certain catchments may experience
decreased droughts’ duration and frequency, which aligns with the future wetter conditions
reported for some Brazilian regions by previous studies (Medeiros; Oliveira; Avila-Diaz,
2022; Reboita et al, 2022), the overall trend for the country indicates a general increase in
all droughts properties. Beyond the long-term mean, changes in the variability and extremes
of droughts are also projected (Figure S4.2 and S4.3), which will likely pose even greater
consequences to the country in the future (Getirana; Libonati; Cataldi, 2021; Gutiérrez et al,
2014; Satoh et al, 2022). This challenging scenario may not affect only Brazil but global

proportions as well, given the country’s role in global food security and agricultural
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production (Maluf et al, 2022; Pereira et al, 2012; Strassburg et al, 2014). As highlighted,
most Brazilian’s forests, pasture, and croplands areas are projected to experience worse
drought events. This, added, to the expected increases in water consumption throughout the
Brazilian territory, will certainly affect water security and food production in the country.
For instance, the greater water demand-drought impact is expected to happen in the Central
region of the country (Figure 4.2g), known for the high agricultural activity. As highlighted
by Koh et a/ (2020) and Silva et a/ (2023), climate impacts are already reducing coffee and
soybean yields in the region, and are expected to be aggravated by water use increases due
to agriculture expansion. Such findings are pivotal to inform Brazilian water resources and
food agriculture practices, mainly for the Cerrado ecoregion, which is expected to experience
the larger intensification of droughts due to both climate and water uses changes (Multsch et
al, 2020).

The assessment of the relationship between changes in drought properties and
meteorological conditions highlighted two aspects. From the long-term perspective
approach, we observed that droughts’ intensification is mainly linked to an increase in
PETean and a reduction of N, and Ny,;,, confirming that changes in the atmospheric demand
and rainfall frequency affect drought characteristics (Araujo et al, 2022; Greve et al, 2019;
Trenberth et al, 2014). For example, more than 50% of the catchments are expected to
experience an increase in drought properties even with enhanced Pp,.,,- Nevertheless, if we
turn our attention to the event-based approach, we note that even these catchments with an
expected greater long-term P,.,, are projected to show reduced P, before and during
drought events, reinforcing the role of rainfall variability and timing in controlling drought
events (Ukkola et al, 2020). Indeed, as underscored by Ballarin et a/ (2024), the country is
expected to experience less, but more concentrated and extreme rainfall events. The
Southern/Southeastern of Brazil presents an interesting case for such findings. From a long-
term perspective, both P,.., and N,, are expected to increase, while PET,¢5, shows small
changes, which would suggest a wetter condition in the region (see Figures S4.6 and S4.7).
Nevertheless, according to the short-term perspective, the region will experience a slight
reduction in Ny, and P,.,, which likely explains the expected increase in drought severity.
Hence, according to this dual approach, the intensification of drought properties in Brazil can

generally be linked to both an intensification of PET and P-variability, which trigger or
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aggravate drought events even in places with a projected averaged wetter condition. That is,
changes in future droughts in the country are not linked only with the amount of water, but
also with its timing. Such information can be pivotal for water resources planning in the
country seeking to improve water security and achieve the objectives of the National Water
Security Plan (ANA, 2019b).

Despite the high model agreement towards drought intensification, it should be stressed
that some aspects might introduce uncertainties and affect our findings. It is known that
‘offline’ PET formulations may not faithfully represent physical or biological processes and
consequently affect drought characterization (Milly; Dunne, 2016; Swann et al, 2016; Wang;
Sun, 2023b; Yang et al, 2019). To avoid possible misrepresentations, we used the
formulation proposed by Yang et al. (2019) which considers CO2 effects on plants and
reduces potential drying biases. Nevertheless, we also computed projected drought changes
across Brazil using the reference crop Peanman-Monteith formulation and obtained a slightly
higher (although similar) intensification of drought properties (Figure S4.8).

Another factor influencing our findings is the inherent uncertainties associated with
climate model outputs and pre- and post-processing tasks related to bias adjustment and
spatial downscaling. For instance, reggriding climate simulations may affect the statistical
properties of time series, especially those related to extreme events (Rajulapati et a/, 2021).
Furthermore, although usually required for improving the applicability of climate
simulations (Ansari et al, 2023; Johnson; Sharma, 2015), bias correction outputs may show
physically unrealistic values and hide climate model deficiencies (Casanueva et al, 2020). In
this context, we repeated our analysis using the raw simulations present in the CLIMBra
dataset. The results suggest a worse scenario in terms of changes in droughts’ duration and
intensity and a similar condition in terms of droughts’ frequency (Figure S4.9). In comparison
to the bias-corrected outputs, raw simulations project, in general, (1) lower Py ean, (2) higher
PETean, and (3) higher N,,, which is probably causing the differences in projected droughts’
properties (Figure S4.10). Nevertheless, despite the divergences in the magnitude of changes,
both outputs agree with the overall intensification of drought properties in the future. We
also repeated the analysis considering different wet thresholds (0.1 and 1 mm) and obtained

quite similar findings (Figure S4.11 and S4.12).
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Finally, we highlight that the results reported here are related to the pessimistic CMIP6
scenario (SSP5-8.5) for the distant future (2070-2100). Alternative pathways with lower
projected changes for drought properties were found when considering the immediate
(2010-2040) and intermediate (2040-2070) future (Figure S4.13 and S4.14). As expected,
almost no changes are projected for the former, whereas changes with lower magnitude are
projected for the latter, which highlights the role of climate policies on reducing potential
impacts on water resources. We found a lower model agreement for both future periods
compared to the distant future. Nevertheless, on average, both point towards intensifying
drought properties, except for drought frequency in the immediate future.

Further studies on this topic are needed to improve water resources management in
Brazil. For instance, understanding how rainfall events of different magnitudes contribute to
drought conditions and how these projected changes in droughts might impact food
production and crop yields certainly contributes to an enhanced comprehension of drought
impacts in an uncertain future. Furthermore, it is noteworthy to mention that while we
focused here on changes in future drought conditions and their connection with local climate
dynamics, Brazil is not an isolated system, and, as such, complementary research exploring
future drought changes in terms of climate indices (e.g., ENSO) can certainly contribute to an
improved understanding of droughts dynamics (Kay et al, 2022). Even so, we believe that
the evidence gathered here is insightful for water-related practices in the country and that
the proposed approach to assess drought relationship to climate change under different
temporal perspective can serve as a valuable method for understanding drought

characteristics and patterns in Brazil.
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ABSTRACT
Water scarcity is a growing concern globally, with climate change and increasing population
exacerbating the issue. Here, we introduce a new framework for assessing water availability
in 708 Brazilian catchments that considers the effect of CO2 concentrations on potential
evapotranspiration, uses CMIP6 bias-corrected climate change simulations, and presumes an
open water balance assumption, while considering the human-aspect by incorporating water
demand projections. We note an average reduction of water security in 81% of the analyzed
catchments by 2100. Among these catchments, 37% presented a reduction of future water
availability, while 63% undergo a worse scenario due to an increase in human water use,
which highlights the role of the human aspect in water security assessment. Our study shows
important aspects for both advancing future water availability studies and for drawing a
picture of the impacts of changes in climate and water use on Brazilian future water security
that may be useful for water resources management practices and advancing hydrologic

studies.
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5.1 INTRODUCTION
Continental water availability is of paramount importance for ecological and human well-

being (Greve; Seneviratne, 2015; Milly; Dunne; Vecchia, 2005). Many of the global impacts on
agriculture, ecosystem services, human health, and economic activities are related to changes
in water fluxes (D’Odorico et al., 2020; Roderick et al., 2014). Global climate change is
expected to alter the water cycle dynamics (Haddeland et al., 2014) and the frequency and
magnitude of extreme events (Aghakouchak et al., 2020), which will likely increase water
availability-related issues (Rockstrom et al.,, 2009; Zhou et al.,, 2022). Along with climate
change, water resources are also threatened by the growing water demand required to
support an ever-increasing population (Hanasaki et al., 2013a, 2013b; Liu et al., 2017). The
compound effect of climate change and rising water demand is likely to exacerbate water
scarcity around the globe (He et al.,, 2021), negatively impacting terrestrial ecosystems and
potentially hindering progress towards the United Nations Sustainable Development Goals
6: Clean Water and Sanitation, which aims to ensure “clean and accessible water for all” (van
Vliet et al., 2021; Vanham et al,, 2018).

This challenging scenario is also seen in Brazil, even though the country contains nearly
15% of the world’s renewable water resources (Getirana; Libonati; Cataldi, 2021). Given its
continental dimensions and highly heterogeneous hydroclimatic conditions, Brazil faces
water scarcity due to its highly uneven distribution of water resources and intensification of
water uses (Gesualdo et al, 2021). Additionally, Brazil is strongly dependent on
hydroelectricity: approximately 60% of power generation comes from this sector (Hunt,;
Stilpen; de Freitas, 2018). Notwithstanding, the country is expected to expand its irrigated
areas, which may aggravate water stress (Multsch et al, 2020). This concerning situation will
not only affect Brazil but may take on global proportions. Brazil plays a key role in global food
security, being one of the largest agricultural producers (Pereira et al, 2012) and having
areas classified as a global biodiversity hotspot (Myers et al, 2000). Therefore,
understanding the present and future context of Brazilian water availability is urgently
needed to ensure the nexus of water-food-energy-ecosystems services and a sustainable
future for an increasing global population (McDonald et al, 2014).

At long-term temporal scales, water availability, also known as runoff (@), may be
quantified as the difference between precipitation (P) and evapotranspiration (E) (Jawitz;
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Klammler; Reaver, 2022). Hence, a precise understanding of P-partitioning into E and Q is
fundamental to tackle water availability-related issues, since changes in the spatiotemporal
dynamics of these water balance components may likely affect future water security
(Konapala et al, 2020). A simple but effective way to assess the long-term water balance
components is using the Budyko framework (Budyko, 1974; Guo et al., 2019; Renner;
Bernhofer, 2012; Roderick; Farquhar, 2011; Roderick; Greve; Farquhar, 2015). Budyko’s
hypothesis assumes the partitioning of P into E and @ as a functional balance between water
supply (P) and demand (PET), expressed in terms of the aridity index (¢ = PET/P).
However, in a context characterized by changes in climate dynamics and anthropogenic
activities, this approach may show some limitations.

First, the Budyko hypothesis neglects inter-catchment water exchanges by assuming a
closed water balance (CWB; Ballarin et al, 2022; Gordon et al, 2022). Nevertheless, it has
been shown that these hydrological fluxes cannot be neglected and may account for a major
part of the hydrological fluxes within a catchment (Fan, 2019; Le Moine et al, 2007; Safeeq
et al, 2021; Schaller; Fan, 2009). Second, climate models usually exhibit systematic errors
that impair the reproduction of observed water availability, requiring further bias
corrections for a reliable assessment of future water security (Christensen et al, 2008).
Third, climate change studies are often conducted using ‘offline’ PET, which implies that it is
computed using models that rely on other commonly used climate variables, such as Penman-
Monteith-based models (Milly; Dunne, 2016). These approaches, however, do not account for
the vegetation response to elevated CO2 concentrations in future scenarios, which reduces
plants’ water losses by an increase in their surface resistance, affecting, consequently, PET
values (Milly; Dunne, 2016). Finally, water availability is usually assessed from a unique
climate perspective, disregarding the human aspect related to the expected increasing water
demand caused by economic and population growth, since this kind of information is often
difficult to obtain or predict. Nevertheless this simplification hinders accurate depiction of
future water security (Greve et al, 2018), as water consumption is expected to significantly
increase in the next decades (He et al, 2021). For instance, according to the Brazilian
National Water and Sanitation Agency (ANA) projections, most of the Brazilian catchments
are expected to experience an increase of over 50% in total water consumption in the next

decades (Fig. S5.1 and S5.2).
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In this study, we comprehensively assess the impacts of both climate change and water
demand in future Brazilian's water security conditions from an integrated climate-human
perspective, considering future changes in both climate dynamics - using climate projections
from 10 bias-corrected CMIP6-climate models - and water consumption - using water
demand projections from the ANA. In our proposed framework we assume an open water
balance (OWB) through the catchment'’s effective area (Liu et aZ, 2020) and account for CO2
concentration effects on the water balance partitioning (Yang etal, 2019). We first quantified
climate change-based effects in Brazilian’s water availability using Budyko-based functional
forms for more than 700 catchments with diverse climate conditions and then discussed the
potential impacts of these two assumptions on water balance partitioning. To draw Brazilian
future water stress scenarios, we included the human-based perspective by using the ANA’s
future projections of water consumption. This work provides a systematic framework to
depict an overview of Brazil’s water scarcity in future scenarios of changing climate and
water uses that can potentially be used by decision-makers when dealing with water-related
issues. Furthermore, the comparison of multiple approaches for depicting future water
security scenarios aims to advance hydrologic studies and water resources management

practices.

5.2 MATERIAL AND METHODS

5.2.1 OBSERVED DATA AND CLIMATE MODEL PROJECTIONS
We used daily climatological time series from the CLIMBra dataset (Ballarin et a/, 2023),

which provides spatially-averaged observed data, and raw and bias-corrected projections of
10 CMIP6 climate models for the 735 Brazilian catchments included in the CABra dataset
(Almagro et al, 2021). We removed from our analysis 27 catchments that exhibited a
mismatch between observed long-term term P and E (P < E) or an aridity index greater than
3, as these catchments are not well represented by Budyko-based functional forms used to
assess future water availability (Ballarin et al, 2022). The CMIP6, catchment-scale daily
series available in the CLIMBra dataset encompass both historical (1980-2010) and future
(2015-2100) periods under two different CMIP6-Shared Socioeconomic Pathways (SSP2-4.5
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and SSP5-8.5), which represents the moderate and high end emissions scenarios proposed

by the ScenarioMIP CMIP6 project (O’Neill et al, 2016; Tebaldi et al, 2021).

5.2.2 COMPUTING POTENTIAL EVAPOTRANSPIRATION (PET)
We used the Penman-Monteith (PM) framework to compute PET, as it can be considered

as representative of the ensemble mean of different PET formulations (Lemaitre-Basset et
al, 2022); explicitly considers both radiative and aerodynamic components in its formulation
(Milly; Dunne, 2016); and is the most widely used method to compute PET in climate impact
studies (Dai, 2013; Huang et al, 2016; Oudin; Michel; Anctil, 2005; Roderick; Greve;
Farquhar, 2015; Yang et al, 2019). Basically, this equation requires daily series of maximum
and minimum temperature, net solar radiation, surface wind speed, and relative humidity,
which are all available in the CLIMBra’s dataset. There are two commonly used variants of
the original PM equation: the open water Penman model, designed for water surfaces
assuming a null surface resistance (75); and the reference crop Penman-Monteith (PM-RC)
formulation for an idealized reference crop in the current climate, setting 7; to a constant
value of 70 s.m~1 (Equation 5.1). Nevertheless, these offline formulations do not account for
the influence of increasing CO2 concentrations on plant water use, which may significantly
reduce their water losses and, consequently, future PET (Milly; Dunne, 2017; Swann et al,
2016). In light of this, we adopted a modified version of the PM-RC formulation that takes
into account the effects of CO2 on plants’ water use by making the surface resistance (ry) as a

function of CO2 (Yang et al, 2019; Equation 5.2).

900
B s+7y.(1+40.34.u)
900
0.408.s.(R, — G) + . (7—55) . u.D
PET = n (T + 273)

s+y.{1+u.[034 + 2.4 x 10~*(CO, — 300)]} (5.2)

where s is the gradient of the saturation pressure (Pa.K1), R,, is the net radiation flux (M].m-
2.day1), G is the sensible heat flux into the soil (M].m-2.day-1), y is the psychrometric constant

(Pa.K1), T is the mean air temperature (°C), u is the near-surface (2 m) wind speed (m.s1),
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D is the difference between saturated and actual vapour pressure (Pa), and the term 2.4 X
10~*(C0, — 300) accounts for the effects of CO2 concentrations on plant water use.

For a detailed description of PET formulations, see Yang et al. 2019). It is worth
emphasizing that rather than adopt a homogeneous evolution of CO2 concentration, we
considered here its non-uniform spatial and temporal distribution by using the dataset of
Cheng et al (2022; see Fig S5.3). For this task, we first spatially averaged monthly future CO2

concentrations for each CABra’s catchment and then computed their mean yearly PET values.

5.2.3 COMPUTING WATER AVAILABILITY (Q)
Historical and future water availability were estimated using the functional forms originally

proposed by Meira Neto et al. (2020; Equation 5.3 to 5.5), which describes water availability
as a function of ¢. The mathematical reasoning of this formulation is based on the theoretical
framework presented by L’'vovich and Budyko (Budyko, 1974). The former describes the
water balance as a two-stage process: First, precipitation P is partitioned in wetting
catchment W, which represents the water stored in the catchment, and direct runoff (Qp),
the quick component of streamflow to precipitation. In a second stage, W is then evaporated
(E) or transformed in baseflow (Qg), which is the slow response of the catchment to a rainfall
event. The latter assumes the partition of P into E and Q - which is the simple sum of the
streamflow components Qp and Qp - as a function of ¢, suggesting the balance between
atmosphere’s water demand and supply as the main controlling mechanism of long-term
water balance partitioning. With simple algebraic manipulations of Budyko and L’vovich
formulations and applying their limit conditions, Meira Neto et al. (Meira Neto et al, 2020)

proposed the following equations:

b

fo(¢) = exp| -2 +1n [{%}m]b (5.3)

da

@b

fe(¢) = exp| —¢° +In [1 - {?}maj (5.4)
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fo(®) = fe(P) + () (5.5)

where fz (@), fp(¢), and f;(¢) are the functional forms describing Qz/P, Qp/P and Q/P as a
function of ¢; a, b, ¢, and d are shape parameters, and the terms of the form (n[+] are shift
coefficients to satisfy the limiting conditions proposed by Budyko (Budyko, 1974). That is,
when aridity approaches to infinity, Q¢ /P, and, consequently, @z /P and Qp /P, will tend to 0
(¢ = oo; fp,fg — 0).0n the other hand, when aridity reaches 0, Q /P and, consequently, the
sum of Qz/P and Qp /P will be 1. Here, following Meira Neto et al. (2020), we assumed that
maximum values of Qp/P and Qp/P occur at this limiting condition (¢ » 0; fp —
[@p/Plmax; fp = [@8/Plnax =1~ [@p/Plmax)-

These functional forms, however, were formulated under the assumption of a closed
water balance, which may not be valid as, in many cases, catchments cannot be considered
as closed hydraulic entities (Fan, 2019; Roderick etal, 2014). Hence, we adopted in this study
the framework proposed by Ballarin et al. (2022), which links the Budyko-based functional
forms (Equations 5.3 to 5.5) to the effective area (A.fs) approach, proposed by Liu et al.
(2020), to account for inter-catchment groundwater exchanges under an open-water balance
assumption. Basically, this framework uses an effective area (A5, Equation 5.6), rather than
the topographic one (A;qp,), as the basic spatial unit to compute catchments’ hydrological
fluxes. The reasoning behind the A,y concept is that catchments water availability Q is not
only influenced by only catchments’ water recharge (P - E) but also by other external fluxes,
such as neighboring catchments water exchanges, which are not limited by the catchment’s
topographic boundaries. According to this reasoning, if the catchments show no influence of
these external fluxes, A, is equal to Asyp,- If the catchment is losing water, Q < P - E, and

Agrs < Atopo- Finally, if the catchments is gaining water, Q > P - E,and A.¢f > A¢opo-

A
off _ Q (5.6)
AtOpO P_E

The functional forms’ calibrated parameters for both close (CWB) and open (OWB) water

balance assumptions are displayed in Table 5.1. Details about the calibration-validation
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procedure, which was conducted using observed catchments’ daily streamflow timeseries
available in the CABra’s dataset, can be found in Ballarin et al. (2022). Since we are interested
in disentangle climate change’s impacts on water availability, we assumed here that
catchments will follow their Budyko-based trajectories in the future. Nevertheless, it is
important to underscore that catchments may not follow their expected trajectories in the
future since the water balance partitioning is also affected by other factors than climate, such
as land cover and water uses, that are not taking into account here (Destouni; Jaramillo;
Prieto, 2013; Jaramillo et al, 2018, 2022).

To ensure the robustness of our analysis in view of the inherent variability and uncertainty
of climate models’ projections (Tebaldi; Knutti, 2007), we based our results in both multi-
model ensemble mean and standard deviation (hereinafter, std). Hence, we computed water
availability for each of the 10 CMIP6-climate models separately, using the functional forms
and ¢ derived from the climate models forcing outputs, and, subsequently, we calculated the
multi-model ensemble mean and standard deviation in order to display and discuss our
results.

Table 5. 1. Functional forms calibrated parameters for both closed (CWB) and open (OWB)
water balance assumptions.

Parameters CWB OWB
a 1.10 0.71

b 1.23 1.30

c 1.20 0.75

d 0.74 0.80
{%}max 0.38 0.38

5.2.4 COMPUTING WATER SCARCITY
We assessed Brazilian future water security using the widely used approach that computes

water scarcity as the ratio between water demand and water availability Q (Liu et al, 2017;
Rodrigues; Gupta; Mendiondo, 2014; van Vliet et al, 2021). The total water demand was
extracted from the ANA database (Equation 5.8). The demand was divided into six categories:

households, industry, mining, cooling water for thermal power plants, livestock, and
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irrigation. The data for households were subdivided into urban and rural areas based on
population counts and estimates. The data for the industry was based on the number of
employees in each industrial category by Brazilian city. The data for mining was based on
mineral production by type or group of substance. The data for cooling water for thermal
power plants were based on effective power generation data. The data for livestock were
based on agricultural censuses. The data for irrigation were mapped from satellite images
and characterized using national agricultural censuses. More information and data can be
found in the ANA’s Manual of Consumptive Water Use in Brazil (ANA, 2019). The collected
data were initially aggregated by micro-catchments. Then, these micro-catchments were
aggregated in the 708 catchments analyzed in this work according to their geographic
locations. The relative difference between the projected data for 2040 and the data from
2020 is displayed in Fig. S5.1. A linear regression analysis was then conducted to estimate

data for the distant future (2070-2100).

Scarcity = Q/Demyora;L (5.7)
6
DemTOTAL == Z Demj, (58)
j=1

where j = 1,...,6 represent the six different water uses in ANA’s Manual of Consumptive
Water Use in Brazil: Urban and rural households, industry, mining, cooling water for thermal

power plants, livestock, and irrigation.
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5.3 RESULTS AND DISCUSSION

5.3.1 THE EFFECTS OF CONSIDERING AN OPEN WATER BALANCE (OWB), CO2 CONCENTRATION,
AND BIAS-CORRECTED CLIMATE MODELS OUTPUTS ON THE ESTIMATION OF FUTURE WATER
AVAILABILITY

To examine the effects of considering catchments as open hydrologic entities, we compared
the performance of Budyko-based functional forms in reproducing observed long-term water
availability assuming both an OWB and a CWB. Our results indicate that this assumption
affects water balance components as catchments may import (or export) a major part of their
water budgets. In Brazil, this seems to be the rule rather than the exception (Schwamback et
al, 2022). Approximately 30% of the evaluated catchments exhibit a deviation of more than
30% in their water balance closure, which means that these catchments are losing (or
gaining) a substantial part of their water (Figure 5.1a). This finding undermines the close
water balance assumption, and, consequently, traditional Budyko-based formulations that
rely on this simplification. Indeed, assuming an OWB by means of the effective area
framework (Ballarin et al, 2022; Liu et al, 2020) significantly improved the performance of
the functional forms to explain between-catchment streamflow variability (Figure 5.1c, d),
which suggests inter-catchment groundwater flow as an important control mechanism of
long-term water balance partitioning. A similar result was found when we compared the use
of raw and bias-corrected climate models outputs: The latter significantly improved the
performance of the functional forms to explain between-catchment streamflow variability
(Figure 5.1e, ), given that raw climate simulations often fail to accurately reproduce climate
observations. It is worth highlighting that even using bias-corrected simulations and
assuming an OWB, the functional forms was not able to represent the water availability of a
few catchments, exhibiting deviations of more than 300 mm.year?! in some cases (4
catchments). Nevertheless, we don’t believe that these deviations affect our overall results.
For instance, more than 90% of the catchments exhibited relative bias < 30% between

observed and estimated water availability (see Fig. S5.4 and S5.5 for more details).
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Figure 5.1. Current water availability in Brazil. a, Long-term observed water availability
(Qogs) of the 708 evaluated catchments, sized by their A¢/A¢op, ratio. Solid black lines

indicate the limits of the 6 main Brazilian biomes (A: Amazon, C: Cerrado, Ca: Caatinga, Af:
Atlantic Forest, Pa: Pantanal, and P: Pampa).b, Histogram of catchments’ aridity index (). c,
d, Performance of the Ag-corrected (open water balance assumption) functional forms to
estimate observed water availability using bias-corrected and raw CMIP6-multimodel
ensemble, respectively. e, f, Same as c and d, but using the no-correction (closed water
balance assumption) functional forms.

To wunderstand the influence of COz concentration on future water availability
characterization, we compared the future PET estimations using the traditional Penman-
Monteith (PM) approach with those made by the modified Penman-Monteith (PM-CO2)
approach, proposed by Yang et al. (2019). Similar to previous studies (Lemaitre-Basset;
Oudin; Thirel, 2022; Milly; Dunne, 2016; Yang et a/, 2019), we found overestimations of up
to 200 mm.year-! in future multi-model ensemble mean PET computed ignoring the effects
of CO2z concentrations (Fig S5.6). These differences may lead to misleading results of water
availability assessment, especially when dealing with Budyko-based formulations that
strongly depend on PET values to water balance partitioning (Guo et al, 2019). If CO: effects
are not considered, we obtain a different picture of future water availability in Brazil (Figure
5.2). Offline PET computations that do not account for the effects of CO2 concentration tend
to overestimate the terrestrial drying due to an overestimation of PET (Milly; Dunne, 2017),
not being able to reproduce the hydrologic information of fully coupled climate models and

misrepresenting their future projections (Milly; Dunne, 2016; Yang et al, 2019). In our case,

135



Chapter 5. Brazilian Water Security Threatened by Climate Change and Human Behavior

almost 51% (21% std) of the evaluated catchments exhibit a reduction in water availability,
against 33% (20% std) when using the PM-CO2 approach (Figure 5.2c, d). Actually, unlike
the PM-CO:z framework, which project both increases and decreases of PET values, the
traditional PM equation projected a rise in future PET values for all evaluated catchments

(Figure 5.2).
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Figure 5.2. Effects of CO2 consideration on the estimation of water availability changes. a, b,
Projected changes (CMIP6 ensemble mean) in long-term mean water availability AQ in Brazil
for the distant future (2070 - 2100) under the SSP5-8.5 scenario with PET estimated taking
(or not) into account the effects of CO2 concentration on plants' water use. PM represents the
traditional Penman-Monteith equation and PM-CO2 represents the equation proposed by
Yang et al,, which considers the effects of CO2 on PET estimations. Changes per Brazilian
biome are displayed in traditional boxplots (A: Amazon, C: Cerrado, Ca: Caatinga, Af: Atlantic
Forest, and P: Pampa). ¢, d, Relationship between changes in water availability (4Q),
precipitation (4P), and potential evapotranspiration (APET) for the PM and PM-CO:
approaches. A yellow, dashed line separates the catchments with positive and negative
changes in the aridity index ¢. Red (blue) numbers indicate the fraction of catchments whose
water availability Q is expected to decrease (increase). Black numbers on the top (bottom)
indicate the fraction of catchments whose aridity index ¢ is expected to increase (decrease).
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Finally, to better understand the coupled effects of the three aforementioned limitations of
the usual framework used to estimate future water availability, we computed the difference
between the long-term, multi-model ensemble mean water availability estimated using our
framework, referenced here as an ‘alternative’approach - which (i) takes into account the
effects of CO2 concentrations on PET estimation, (ii) uses bias-corrected simulations, and
(iii) implicitly assumes an open water balance assumption by the use of the A4, approach -
and the ‘usual approach, which neglects the effects of CO2 on PET values, considers raw
climate models outputs and assumes the traditional closed water balance assumption
(Figure 5.3). We found differences of more than 1,000 mm.yr-! for the distant future (2070-
2100) long-term Q estimated between the two approaches, that surpass the uncertainties
associated with climate models projections, indicating that indeed the selection of an
appropriate framework plays a fundamental role on estimating future water security. The
differences are more pronounced in the Caatinga, Atlantic Forest, and Pampas biomes. For
the first, the ‘usual’approach seems to estimate larger water availability, as it neglects that
these catchments are prone to lose water through inter-catchment water exchanges
(Schwamback et al, 2022). The ¢-changes on the Caatinga does not present a clear pattern
and, therefore, cannot be recognized as the cause of these underestimations. For the other
two biomes, Atlantic Forest and Pampas, the opposite occurs: the wusual’approach tends to
underestimate future water availability, mainly due to a dry bias in the projected future ¢,
caused by neglecting the influence of CO2 concentrations in PET estimation and by the low
performance of raw-climate outputs in representing rainfall events in the region (Ballarin et
al, 2023). We did not find any clear pattern of differences in the other two biomes, Amazon
and Cerrado. Given its heterogeneous condition in terms of the A.fr/A¢op, ratio and ¢-
changes, it is difficult to attribute under or overestimations to them.

In general, these findings indicate that all the three aforementioned limitations affect
future water availability estimations (Figure 5.3c, d). Raw climate outputs tend to
misrepresent climate variables, affecting future ¢-projections and, consequently, future
water availability estimations. ‘Offline’ PET formulations tend to overestimate future
hydrologic drying, since they do not account for the effects of CO2 concentrations on plants’

water use. Finally, the traditional closed water balance assumption neglects inter-catchment

137



Chapter 5. Brazilian Water Security Threatened by Climate Change and Human Behavior

water exchanges, overestimating (underestimating) future water availability of ‘losing’

(‘gaining”) catchments.
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Figure 5.3. Effects of the consideration of bias-corrected data, the influence of CO2 on PET
estimation, and the open water balance assumption on the estimation of future water
availability., a, b, Differences between long-term, multi-model ensemble mean distant future
(2070-2100) water availability estimated using the ‘alternative’ and ‘usual’ approaches for
the SSP2-4.5 and SSP5-8.5 scenarios, respectively. The former considers bias-corrected
simulations, the effects of CO2 concentrations on PET estimation using the PM-CO:
formulation, and an open water balance assumption. The latter, on the other hand, considers
raw simulations, the traditional PM formulation, and assumes a closed water balance.
Differences per Brazilian biome are displayed in traditional boxplots (A: Amazon, C: Cerrado,
Ca: Caatinga, Af: Atlantic Forest, and P: Pampa). c, d, Relationship between the differences in
estimated water availability (4Qgsr), changes in the estimated aridity index (4¢), and the
Agrr/Atopo Tatio. A black, dashed line separates gaining (Aefsr/Aopo > 1) and losing
(Aefr/Atopo < 1) catchments. The light-gray background separates ‘drying’ (4¢ > 0) and
‘wetting’ (4¢ < 0) catchments. For instance, negative values of AQgsr indicate that the usual
approach estimate a lower water availability than those estimated by the alternative
approach. The opposite is valid for positive values of AQggr .
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5.3.2 BRAZILIAN FUTURE WATER AVAILABILITY
Given the limitations of the usua/approach to reproduce and project future water availability,

hereinafter we adopted the alternative framework to depict future scenarios of Brazilian
water availability. We found an uneven distribution of water availability changes across the
Brazilian territory (Figure 5.4). As expected, changes are projected to be more intense in the
SSP5-8.5 scenario, which is the high-end of the range of future CMIP6-projections (O’Neill et
al, 2016), and therefore is related to more intense changes on hydroclimatic variables
(Figure 5.4c, d). Despite the differences between the two future scenarios in terms of
magnitude, their spatial distributions of changes are similar. For SSP2-4.5, approximately
72% (20% std) of the evaluated catchments may experience an increase in water availability.
For the SSP5-8.5, this share slightly reduces to 67% (22% std). If we consider climate model
uncertainties, we could observed nearly to 90% (50%) of the catchments experiencing an
increased water availability. Therefore, while some models project an overall increase of
water availability for almost all catchments in the country, others suggest a similar number
of catchments with projected increased/decreased future water availability.

Considering the multi-model ensemble mean, water availability increases are more
pronounced in southern Brazil, in the Pampas (4Q= +219 mm.yr-!) and Atlantic Forest (4Q=
+70 mm.yr-1) biomes, where the largest increases in mean precipitation are expected to
occur (Ballarin et al, 2023; Fig S5.7). We did not note a clear pattern of changes in the other
Brazilian biomes. Catchments located in northeastern Brazil, where most of the water
security’ critical conditions are found (Gesualdo et al, 2021), will experience both an
increase and decrease in future water availability. Specifically, ‘coastal’ catchments, which
show a higher vulnerability due to urbanization and increased water consumption, are prone
to experience a reduction in water availability, while 7n/and’catchments will experience an
increase. It is important to emphasize that this region often suffers from droughts and water
shortages (Marengo; Torres; Alves, 2017) and also exhibits the lowest water availability in
the country (Figure 5.1a), and therefore may be more impacted by changes in water yield.
Similar results can be found for the Amazon biome: its northern part will experience the
largest water reduction in the country, while its southern part will experience a rise in its

water availability.
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Despite using monotonic ¢-based functional forms to estimate water availability,
interestingly some catchments exhibited larger (lower) future water availability even with
an increase (decrease) in its future ¢. While approximately 51% (19% std) of the evaluated
catchments will experience a decrease of ¢ under the SSP5-8.5 scenario, 67% (22% std) of
them will experience an increase in water availability (note the different percentages in
Figure 5.4d). This counterintuitive result can be explained by the fact that the Budyko-based
functional form estimates future streamflow ratio (Q/P), and not directly Q. Thus, even with
an increase in ¢ and consequently a reduction in its future streamflow ratio, some
catchments exhibited a larger future water availability due to a large increase in its future P.
In these cases, changes in P have a greater control on water availability changes than PET, as
it (i) shows the greater influence on future ¢ values and is also (ii) accounted for in the
estimation of future water availability when computing the streamflow ratio with the
functional forms. Even so, PET still exerts a strong influence on water availability estimation.
This can be noted in Figure 5.2, where we compared @Q-estimations made using the PM and
PM-CO2 frameworks. A simple consideration of CO2 concentrations may affect the ‘drying’ or

‘wetting’ tendency of the country.
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Figure 5.4. Water availability changes. a, b, Projected changes on long-term mean water
availability AQ in Brazil for the distant future (2070 - 2100) under the SSP2-4.5 and SSP5-
8.5 scenarios, respectively. Changes per Brazilian biome are displayed in traditional boxplots
(A: Amazon, C: Cerrado, Ca: Caatinga, Af: Atlantic Forest, and P: Pampa). ¢, d, Relationship
between changes in water availability (AQ), precipitation (4P), and potential
evapotranspiration (APET) for the SSP2-4.5 and SSP5-8.5. A yellow, dashed line separates
catchments with positive and negative changes in the aridity index ¢. Red (blue) numbers
indicate the fraction of catchments whose water availability Q is expected to decrease
(increase). Black numbers on the top (bottom) indicate the fraction of catchments whose
aridity index ¢ is expected to increase (decrease).

5.3.3 BRAZILIAN FUTURE WATER SECURITY
After including the human aspect in the water security assessment, we note that most of the

evaluated catchments may worsen their water security condition in both evaluated
scenarios, showing a very similar response for both SSP2-4.5 and SSP5-8.5 (Figure 5.5).

Effectively and considering the multi-model ensemble mean, 81% of the catchments may
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experience reduced water security over the CMIP6 high-end SSP5-8.5 scenario. The std of
climate models projections reduced to only 5%, since water availability uncertainties were
not fully translated into water security uncertainties given the lower role of it in the water
security index computation. From this reduced sample of catchments that are expected to
undergo a worse water security, almost 37% will experience a reduction of future water
availability, which indicates that the other 63% will undergo a worse scenario due to an
increase in human water use, even with an expected increase in water quantities. These
percentages represent approximately 51% and 30% of all assessed catchments, respectively.
In contrast, for the 19% of catchments that will face an improvement in the water security
conditions, approximately 86% will experience an increase in water availability, whereas
nearly 14% will get better conditions of water security even with a reduction in future water
availability due to an expected decrease in human water consumption. These percentages
represent nearly 16% and 3% of all evaluated catchments, respectively. These findings
highlight the role of the human aspect in water security assessment. Almost 54% of the
catchments will show a counterintuitive response to water security in terms of water
availability. That is, 51% of the catchments will face a worse condition in terms of water
security even with an increase in water availability, whereas nearly 3% of the catchments
will see an improvement in water security, even with a reduction in future water availability.

To obtain a comprehensive understanding of Brazil's future water security from a spatial-
scale perspective, we conducted a categorical classification of catchments based on the
projected changes in both water availability and demand (Figure 5.5e, f). It should be
emphasized that the complex interplay between these variables poses challenges in
establishing a direct association between a specific category and a future water security
condition (Figure 5.5a, b and Figure 5.5e, f). Even so, this analysis may provide valuable
insights into the country's future water security. Most of the catchments located in the
Cerrado (95%) and Caatinga (100%) biomes are projected to face a decreasing in water
security due to an escalating water consumption, despite an anticipated overall increase in
water availability. Factors contributing to this include significant expansion of croplands,
with crop extents more than doubling in the past two decades (Zalles et al, 2019), and
increased water use, with irrigation withdrawals rising by up to 35% from 1950 to 2017

(Gesualdo etal, 2021). The combined impact of changes in land cover and land use and water
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demand has led to an overall reduction in water security in the Cerrado and Caatinga regions
(Caballero; Ruhoff; Biggs, 2022). Moreover, both regions have witnessed severe droughts
and water crises in recent years, attributed to a combination of climate change and human
activities (Marengo et al, 2018, 2022; Marengo; Torres; Alves, 2017; Nobre et al, 2016; Otto
et al, 2015). These events underscore the existing vulnerability of both regions to climate
variability and extremes, impacting various socioeconomic sectors within these areas. This
condition is also observed in the Amazon biome: a few catchments (5%) are projected to
have improved future water security. The overall condition of the biome is expected to
worsen mainly due to an increase in water consumption and reduction of water availability.
Despite the Amazon biome accounting for nearly 80% of Brazil's water availability and
currently maintaining a healthy water security condition, the ongoing conversion of natural
forests to croplands in the region, mainly in the border of the biome, combined with the
projected decrease in future water availability, will pose a significant challenge for other
regions of the country due to a diminished potential for water recycling (Baudena et al, 2021;
Leite-Filho etal, 2021; O’Connor et al, 2021; Staal et al, 2018).

Both the Pampas and Atlantic Forest biomes, which host nearly 65% of the Brazilian
population, are expected to undergo a general rise in water availability (Figure 5.4).
Nevertheless, given the uneven distribution of projected changes on water consumption, it is
challenging to provide a comprehensive overview of water security in these regions. The
Pampas is expected to experience a better water security condition than the others evaluated
biomes, with an improved future scenario for almost 40% of the catchments, despite an
overall increase in projected water consumption, which is not sufficient to overcome the
increase in water availability in the region. Atlantic forest will undergo a more challenging

scenario, with nearly 70% of the catchments showing a worse future water security.

143



Chapter 5. Brazilian Water Security Threatened by Climate Change and Human Behavior

S5P2-4.5 S55P5.8-5

100

[=]
A Scardity (%)

Scarcity [-]
s U
I+
—-
il
——
HIH
s |

Scarcity [-]
s B
~HI
—-
HilH
il
HH
L
=

=50 =11

40

S~

A Q (%)
=)
1
1
1
|
|

A Scarcity (%)

—20 14 B4%
-+ 16%

T T
—120 —&0 0 60 120 —120 —60 0 60 120
& Dem (%) & Dem (%)

tAQ T ADem
L AGQ L ADem
tAQ i ADem

LAQ T ADem

A T Ca A P A T G AF P

Figure 5.5. Water scarcity changes. a, b, Projected relative changes inn the long-term mean
scarcity index in Brazil for the distant future (2070 - 2100) and historical period (1980 -
2010) under the SSP2-4.5 and SSP5-8.5 scenarios, respectively. Changes per Brazilian biome
are displayed in traditional boxplots (A: Amazon, C: Cerrado, Ca: Caatinga, Af: Atlantic Forest,
and P: Pampa). ¢, d, Relationship between relative changes for the distant future (2070-2100)
and historical period (1980-2010) in water availability (4Q), water demand (4Dem), and in
the water scarcity index (A4Scarcity) for the SSP2-4.5 and SSP5-8.5. A yellow, dashed line
separates catchments with positive and negative changes in the scarcity index. A gray, dashed
line separates catchments with positive and negative changes in water availability. Red
(blue) numbers indicate the fraction of catchments whose water scarcity is expected to get
worse (better). e, f, Catchments classified in four different categorical classes according to
their positive/negative changes in future water availability (4Q) and water demand (4Dem).
Categorical classes per biome are displayed on stretched bar plots.
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Although our study presents clear evidence of a worse scenario in Brazilian future water
security, it is important to emphasize that the country has one of the largest amount of
freshwater resources in the world and, even with a reduction in water security, many of the
evaluated catchments are projected to be far away from a water stress condition, where long-
term average water availability equals long-term human water use (see Fig S5.8).
Nevertheless, recent studies show that even those basins that exhibit a healthy water security
condition can experience intra-annual water scarcity conditions due to the uneven
distribution of water availability and water usage throughout the year (Gesualdo et al, 2019;
Sone etal, 2022). In view of this and the expected intensification of water scarcity in a climate
change context (Figure 5.5), which is also expected to inflate the occurrence of extreme
drought events and water crisis in the country (Ballarin et a/, 2021), we recall that water
security assessments remains urgently needed in the country, especially in view of its uneven
distribution of water resources, which pose challenges for effective water management
practices. Still, Brazil's government has not adequately aligned with climate policies, lacking
investments in resilience and municipal policies for mitigating water-related climate impacts
(Gesualdo et al, 2021). If current environmental policies persist, we anticipate heightened

water stress and increased conflicts over water uses.

5.3.4 LIMITATIONS OF THE STUDY
Here we assumed that catchments tend to follow the Budyko-based functional forms to

assess future water availability. This hypothesis indirectly assumes that there will be no
changes in catchments’ characteristics in the future, such as changes in land cover and land
use or changes in catchments’ effective area, and consequently, that the calibrated functional
forms will remain the same in the future. This simplification, however, may not hold for a
large part of the catchments (Jaramillo et al, 2022; Li; Quiring, 2022; Sterling; Ducharne;
Polcher, 2013). For instance, changes in Brazilian’s catchments land cover conditions due to
an increase in croplands and urbanization and irrigation withdrawals will certainly worse
the depicted future water scarcity scenario, since they raise both human water consumption
and actual evapotranspiration, which, in turn, reduces water security (Gesualdo et al, 2021;

Jaramillo et al, 2018; Jaramillo; Destouni, 2015; Sone et al, 2022). That is, if we had taken
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into account the increase of croplands and water uses, we would find an even challenging
water security scenario.

Furthermore, these changes in land cover and water uses also exhibit an effect on
catchments’ effective area by altering hydraulic gradients between adjacent catchments
which ultimately affects our future water security assessment. Finally, changes on land cover
also alters PET estimation due to a change on surface resistance (7). This simplification
might also affect both historical and future water availability estimates. New PET
formulations that do not depend on such simplifications are emerging, showing an
opportunity to improve further studies of future water security assessment (Kim; Garcia;
Johnson, 2023). Nevertheless, it is important to highlight that even adopting this
simplification in the PET estimation, the A.sf-corrected functional forms exhibited a very
good performance in characterizing observed long-term water availability @, being able to
explain nearly 87% of its between-catchment variance (see Figure 5.1). Those values are
quite similar with the ones found by Ballarin et al. (2022) when using the Priestey-Taylor
PET formulation and the same functional forms, suggesting that the 7;-simplification does
not exert a significant impact on our findings.

We used here a long-term perspective. This somewhat coarse temporal resolution
hampers the assessment of the effects of seasonality on water availability (Zhou et al, 2022).
It is well-established that global warming will affect the seasonality of precipitation and
potential evapotranspiration, and consequently, water-balance partitioning (de Lavenne;
Andréassian, 2018; Yokoo; Sivapalan; Oki, 2008). These changes in the seasonal cycle of
climate variables, coupled with changes on vegetation spatial-temporal dynamics, will
certainly affect future water security and pose a significant challenge for water resources
management (Liu; Lin; Cai, 2022). Furthermore, the long-term perspective is unable to
capture intra-annual water insecurity situations that may arise from the heterogeneous
distribution of water availability and water usage throughout the year (Sone et a/, 2022).

The water demand estimation used in the present study came from the National Water
and Sanitation Agency (ANA), which is the official Brazilian government agency that
provided information for the water resources management in the country. Despite the ANA’s
report provided some general information on the methodology used to estimation water

demand, they do not show any values of uncertainty in their estimations. Furthermore, the
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ANA's report lacks enough information to enable us to estimate suitable uncertainty values
in water demand. Therefore, the uncertainty in water demand was not computed in our
study. Nevertheless, we recognize the importance of addressing and quantifying
uncertainties water demand in future research to improve future water security assessment.

Finally, we assessed water security from a unique ‘water-quantity’ viewpoint,
disregarding other fundamental aspects linked to water quality and other kinds of water
resources (Rockstrom et al, 2009). Nevertheless, for a more accurate future water security
assessment, it is imperative to consider them, since both water quality and quantity (i) exerts
a fundamental role on water usability for humans purpose and (ii) might be affected by socio-
economic developments and climate change (Liu et al, 2017; van Vliet; Florke; Wada, 2017).
For instance, in a global water-security assessment, van Vliet et al. (2021) suggested an
increase of almost 10% in the percentage of world’s population currently suffering from
severe water scarcity condition when including water-quality aspects. In view of this, we
recall that future studies of water security in the country should move towards integrated
quality-quantity studies, considering also the interplay between this aspects from a
groundwater-surface water lenses, given the importance of such connection for water

conservation (Huggins et al, 2023).

5.4 CONCLUSION
Our study reveals some important aspects for both advancing future water availability

studies and for drawing a picture of Brazilian future water security to help water resources
management practices. In view of the first point, here we coupled different approaches to
overcome the limitations of the traditional framework to project future water availability.
We showed that the use of raw climate model outputs, the consideration of a closed water
balance, and disregarding future CO2 concentrations in the estimation of PET values can
significantly affect the projection of future water availability. These findings highlight the
need to improve climate models to better represent observed and future hydrological and
climatological processes.

Moreover, we show the importance of considering the human aspect in assessing water
security. Even with an optimistic future scenario of water availability, the country is prone to

experience a decrease in water security due to expected higher levels of water use. Our
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findings relying on multi-model ensemble mean suggest a reduction of water security in 81%
(5% std) of the analyzed catchments by 2100. From these catchments, 37% of these
presented a reduction of future water availability, while 63% undergo a worse scenario due
to an increase in human water use, highlight the importance of incorporate human-
perspective in future water security assessments. Almost 54% of the catchments are
projected to exhibit a counterintuitive response in terms of water availability and security:
51% of the catchments will face a worse condition in terms of water security even with an
increase in water availability, whereas nearly 3% of the catchments will see an improvement
in water security, even with a reduction in future water availability. We believe that the
simultaneous consideration of both human and climate aspects coupled with a better
representation of hydroclimatological dynamics is crucial for a better representation of
water security. Even so, further studies on this topic focusing on the understanding of how
changes in land cover and water uses may affect catchments’ Budyko trajectories will

certainly improve the assessment of water security scenarios in an uncertain future.
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6.1 GENERAL DISCUSSION
An accurate understanding of the spatiotemporal variability of climate variables stands as

one of the most pressing questions of the hydrology scientific field (Bléschl et al, 2019). This
aspect has garnered significant attention in recent decades and remains a subject of ongoing
debate. For instance, a better understanding of climate variability is paramount for advancing
the comprehension of their role on hydrological processes or better understanding the
potential impacts of climate change, which was the ultimate objective of the present research
(Gleick, 1989). Such advances can be used for different practical purposes, e.g., improving
hydroclimatological models and their predictions that are ultimately used for water
resources management and infrastructure design and planning.

The present study tried to shed light on this matter in view of the Brazilian context,
focusing on enhancing our understanding of the spatiotemporal variability of climate across
Brazilian catchments in a global warming context. Precisely, this research aimed to answer
How are extreme events and water availability projected to change in the future across the
Brazilian catchments and how will these changes impact both Brazilian natural and social
systems?

To this end, we first developed an open access, climate change dataset for the Brazilian
territory: the CLIMBra dataset. We believe the dataset can be useful not only for the
hydroclimatological field, but for a broader audience. Climate change impacts goes beyond
its direct effects on the water cycle and climate dynamics, showing substantial impacts to
human health (Bell et a/, 2018; Ebi et al, 2020), energy and food production (Ziervogel;
Ericksen, 2010), and ecosystem functioning (Borma et al, 2022; Seddon et al, 2016). For
instance, Ferreira et al, (2023), in a commentary paper, highlighted the need for multi-
disciplinary, climate change impact assessments to guide public health policies; and Cohn et
al, (2016) suggested that climate change effects may decline food production in the Mato
Grosso state by up to 13%. In addition to the development of the dataset, we discussed in
Chapter 2 the importance of applying post-processing, bias correction techniques to the raw
climate models simulations, given their low performance in representing the present

conditions, which is ultimately transferred for their future simulations.
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We further assessed, In Chapter 3, the projected changes in rainfall events of different
magnitudes across Brazilian’s catchments. By proposing a novel non-parametric approach,
we disentangle the role of changes in rainfall frequency and intensity on driving changes of
future rainfall events in the country. As we highlighted, low-to-moderate rainfall events are
expected to be less frequent in the future, whereas extreme events are expected to be more
intense and frequent, in accordance with the compensation hypothesis. Moreover, our results
suggested that changes in frequency, rather than in intensity, rules future rainfall events in
the future. Such information is paramount for informing risk assessment practices. As
highlighted by recent studies, temporally compound events, such consecutive non-extreme
rainfall events can trigger or aggravate floods, leading to major societal impacts
(Aghakouchak et al, 2020; Brunner, 2023).

The effects of climate changes in the frequency and intensity of rainfall events, coupled
with the overall increase in the atmospheric water demand, is projected to heighten
meteorological droughts in Brazil in the end of the century. As we showed in Chapter 4, most
of the catchments in the country are expected to experience longer, more frequent, and
intense future droughts, with high CMIP6-models agreement. Furthermore, such changes are
not limited to long-term, averaged properties: an intensification of extreme severe, record-
breaking droughts are also expected to occur. Despite the high spatial variability in the
magnitude of changes, our results suggest that, according to the most pessimistic SSP5-8.5
scenario, at least 50% of forest, pasture, and cropland areas will experience an increase of at
least 30% in droughts’ severity. Moreover, according to the ANA’s water used projections
(ANA, 2019), most of the catchments with anticipated increases in drought events are also
projected to exhibit increases in water demand, mainly dictate by the expected expansion of
agricultural activities in the country. Such aspects might pose significant challenges for
Brazilians’ agriculture activities and ecosystems and are already been observed (e.g., Cohn et
al, 2016; Koh et al, 2020; Libonati et al, 2022).

We further confirmed these findings in Chapter 5, where we assessed future scenarios of
water security in Brazilian catchments. The results suggested that, in general, most of the
evaluated Brazilian catchments are projected to show reduced water security in the end of
the century. Surprisingly, increased water consumption is expected to be the main cause of

this. According to the SSP5-8.5 scenario, 51% of the evaluated catchments are expected to
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undergo a worse water security scenario due to an increase in human water use, 30% will
show reduced water security due to reduced water availability, and 19% will show better
conditions of water security due to enhanced water availability and/or reduced water
consumption. Such proportions, however, may vary depending on the method and data used.
For example, as we show in Chapter 5, the use of different formulations of potential
evapotranspiration or considerations regarding the water balance closure may result in even
pessimistic scenarios of water security.

In summary, the results of the present thesis suggest that, under both evaluated CMIP6
scenarios, heavy rainfall and droughts are expected to be more common and intense by the
end of the century, underscoring the imperative for adaptive strategies in water resources
management and infrastructure planning in Brazil. Interdisciplinary collaboration and
continued research efforts will be crucial in addressing the complex challenges highlighted

here, ensuring the resilience and sustainability of Brazil's water resources.

6.2 FUTURE RESEARCH OPPORTUNITIES
During the development of the present thesis, some new ideas and research opportunities

emerged. For example, we believe future research towards assessing the performance of
different bias-correction methods are needed. The delta quantile method (Cannon; Sobie;
Murdock, 2015) showed an excellent performance in reproducing mean and extreme
properties of the observed variables, but it is known that some specific properties, such as
the probability dry, are usually not well represented. Some new methods, such as the one
introduced by Rajulapati and Papalexiou (2023) or machine learning based methods, can be
useful to improve models simulations and, consequently, climate change risk assessments.
Besides, we believe more national-level studies towards assessing local-to-regional
vulnerabilities are crucial. Here, we focused on assessing the hazard, which is a crucial
information for risk assessment, but not sufficient. Understanding local vulnerabilities and
how changes in the climate dynamics (rainfall and droughts) are translated to the water
fluxes (i.e., floods and hydrological/agricultural droughts) are paramount for developing
effective risk management strategies (Althoff; Rodrigues; Da Silva, 2021; Debortoli et al,
2017; IPCC, 2022; Kreibich et al, 2022). Such local-to-regional, additional studies should
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incorporate not only more detailed hydroclimatic information, but also social aspects that
may be relevant for the development of pratical solutions in a socio-hydrological-based
design. For instance, aspects related to social vulnerabilities and exposure are paramount for
a precise risk assessment Moreover, here we focused on assessing precipitation-based
hazards from a univariate perspective: heavy rainfall and meteorological droughts. Other
extreme events, such as heatwaves or compound heatwave and droughts, also have
widespread impact and deserve more attention (Ballarin et al, 2021; Libonati et al, 2022b,
2022a; Nobre etal, 2016).

Finally, we believe that there is a need of detection and attribution research in the
country. Such studies are paramount to enhance our understanding of the role of
anthropogenic activities on future climate and can be very useful for developing adaptation
and mitigation strategies. Questions such as how agricultural expansion are expected to
affect water security and ecosystem functioning in the country are still open and need to be
tackled. Such studies might incorporate different scenarios of water use efficiency,
environmental management or even political stability to design alternative pathways for
water resources in the country. These aspects, however, are not trivial and should be
accounted for from a more specific, local perspective, to be effective in improving the

development of policies associated to risk management and water resources sustainability.
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Figure S2.1. Long-term (1980-2013) monthly mean of relative humidity, solar net radiation,
and near-surface wind speed, separated by Brazilian biomes. Highlighted lines represent the
intra-annual cycle simulated by the raw 10 CMIP6-GCMs’ multi-model ensemble. Dashed
lines indicate the observed mean intra-annual cycle. Confidence intervals represent the
maximum and minimum values simulated by the raw 10 CMIP6-GCMs.
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Figure S2. 2. Long-term (1980-2013) monthly mean of relative humidity, solar net radiation,
and near-surface wind speed. Highlighted lines represent the intra-annual cycle simulated by
the bias-corrected 10 CMIP6-GCMs' multi-model ensemble. Dashed lines indicate the
observed mean intra-annual cycle. Confidence intervals represent the maximum and
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minimum values simulated by the bias-corrected 10 CMIP6-GCMs.
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Figure S3. Relative changes in the long-term mean and extreme values of precipitation,
maximum and minimum temperature, net shortwave solar radiation, relative humidity, and
near-surface wind speed between the historical (1980-2013) and distant future (2070-2100;
SSP2-4.5) periods (raw catchment-scale dataset). Histograms in each panel indicate the
frequency of occurrence of relative changes.
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Figure S4. Relative changes in the long-term mean and extreme values of precipitation,
maximum and minimum temperature, net shortwave solar radiation, relative humidity, and
near-surface wind speed between the historical (1980-2013) and distant future (2070-2100;
SSP5-8.5) periods (raw catchment-scale dataset). Histograms in each panel indicate the
frequency of occurrence of relative changes.
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Figure S5. Relative changes between the historical (1980-2013) and distant future (2070-
2100, SSP5-8.5) periods in the long-term mean intra-annual cycles relative humidity, solar
netradiation, and near-surface wind speed, separated by biomes. Highlighted lines represent
the changes in the intra-annual cycle simulated by the bias-corrected 10 CMIP6-GCMs’" multi-
model ensemble.
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Figure S3. 1. a-f, Relative changes (CMIP6 multi-model ensemble median) between historical
(1980-2010) and distant future (2070-2100; SSP2-4.5) periods in frequency, intensity and
total rainfall for different quantile-thresholds obtained for the 735 catchments. Changes in
frequency, intensity and total rainfall were computed for CMIP6 GCMs individually and we
display the CMIP6 multi-model ensemble median of these changes. (a) > q¢50, (b), > go.70,
(©) > qoo0, (d) > qoos, () > qooo, and (f) > qgo99. Black, dashed lines divides the
quadrants(g) Proportion of catchments were the relative change in intensity was larger than
the relative changes in frequency for each quantile-thresholds intervals considering both
SSP2-4.5 and SSP5-8.5 scenarios. (h) Proportions of catchments with positive relative
changes in total rainfall for each quantile-thresholds intervals considering both SSP2-4.5 and
SSP5-8.5 scenarios. The central points (bars) indicate the median (95% confidence intervals)
proportion obtained using the 19 CMIP6 climate models.
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Figure S3. 2. a-f, Relative changes (CMIP6 multi-model ensemble median) between historical
(1980-2010) and distant future (2070-2100; SSP5-8.5) periods in frequency, intensity and
total rainfall for different quantile-intervals obtained for the 735 catchments. Changes in
frequency, intensity and total rainfall were computed for CMIP6 GCMs individually and we
display the CMIP6 multi-model ensemble median of these changes. (a) g 50 - 90.70, (b) o.70 -
90.90, (€) Go.90 - Go.95, (d) Go.95 - Go.99, (€) Go.99 - Go.999, and (f) > go.999. Black, dashed lines
divides the quadrants(g) Proportion of catchments were the relative change in intensity was
larger than the relative changes in frequency for each quantile-thresholds intervals
considering both SSP2-4.5 and SSP5-8.5 scenarios. (h) Proportions of catchments with
positive relative changes in total rainfall for each quantile-thresholds intervals considering
both SSP2-4.5 and SSP5-8.5 scenarios. The central points (bars) indicate the median (95%
confidence intervals) proportion obtained using the 19 CMIP6 climate models.
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Figure S3. 3, a-c, Spatial distribution of the relative changes (CMIP6 multi-model ensemble
median) between historical (1980-2010) and distant future (2070-2100; SSP5-8.5) periods
in total rainfall for different quantile-intervals. (a) go.50 - 90.70, (b) Q0.70 - 90.90, (€) Qo.90 - G0.95--
Changes in frequency, intensity and total rainfall were computed for CMIP6 GCMs
individually and we display the CMIP6 multi-model ensemble median of these changes.
Changes per Brazilian biome are displayed in traditional boxplots (A: Amazon, C: Cerrado,
Ca: Caatinga, Af: Atlantic Forest, and P: Pampa). d-f. Catchments classified according to their
condition in terms of relative changes in frequency, intensity and total rainfall for different
quantile-intervals: (d) qo.s0 - 9o.70, (€) qo.70 - G0.90, () Go.90 - Go.95-
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Figure S3. 4. a-c, Spatial distribution of the relative changes (CMIP6 multi-model ensemble
median) between historical (1980-2010) and distant future (2070-2100; SSP5-8.5) periods
in total rainfall for different quantile-thresholds. (a) > q¢.59, (b) > q¢.70, (€) > qo.90- Changes
in frequency, intensity and total rainfall were computed for CMIP6 GCMs individually and we
display the CMIP6 multi-model ensemble median of these changes. Changes per Brazilian
biome are displayed in traditional boxplots (A: Amazon, C: Cerrado, Ca: Caatinga, Af: Atlantic
Forest, and P: Pampa). d-f. Catchments classified according to their condition in terms of
relative changes in frequency, intensity and total rainfall for different quantile thresholds:
(d) > qo.50, (€) > Go.70, () > qo.90-
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Figure S3. 5. Projected changes on the uneven distribution of rainfall events on Brazilian
biomes between historical (1980-2010) and distant future (2070-2100; SSP5-8.5). Light
gray lines represents the changes in rainfall contribution according to the CMIP6 multi-model
ensemble median for each catchment. Black line represents the mean projected changes for
each biome, considering all catchments within the biome. Rainfall contribution is computed
as the fraction of rainfall surpassing a specific quantile g over the total rainfall accumulated
in the period. A change of 10% on g, o9 indicates that, in the future, rainfall events larger than
the future 99-percentile are expected to contribute 10% more to the accumulated rainfall in
comparison with the historical period. Since we are interested in assessing the uneven
changes of the distribution of rainfall events, we didn’t consider the historical period as a
reference to compute the thresholds. See Pendergrass & Knutti (2018) for a detailed
description.
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Figure S3. 7. Suitability of the Weibull distribution to represent Brazilian catchments’ rainfall
in the future (2070-2100; SSP5-8.5) period. a, left censoring threshold 6 (quantile-based)
used to define the Weibull tails. Catchments were the assumption of the Weibull tail was
rejected are colored in black. The histogram exhibits the rejection proportion obtained for
the 19-CMIP6 climate models simulations. Average rejection proportion is displayed in
yellow. b, Average yearly number of wet-days in the tail as defined by the left-censoring
threshold.
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Text S4 - Short-term, event-based assessment

The short-term, event based analysis proceed as follows: first, we define the time frame
characterizing a specific drought event. This time frame begins 6 months prior to the onset
of the drought event (as we are using 6-month accumulations) and concludes simultaneously
with the drought’s end. Considering this drought time frame, we compute the number of wet
days (N,,; P > 1 mm), (b) average precipitation of wet days (Pyean), () average potential
evapotranspiration (PET,ean), and (d) the number of days when P surpasses PET (N,;,). We
repeat this process for each drought event present in the 30-year evaluated long-term period
(historical or future), and further computed the long-term averaged Ny, Ppean, and PET ean-
In sequence, we computed how these three properties are expected to change by computing
the relative changes between historical and future periods (AN,,, ANyp, APpean, and
APETean)- Finally, we assess the relationship between the changes in drought properties
and the changes in P and PET characteristics. A schematic representation of the proposed
framework is displayed in Figure S. We repeat these steps for each Brazilian catchment and

evaluate the results using a long-term averaged perspective.
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Figure S4. 1. Schematic representation of the framework proposed to assess meteorological
properties using an event-based perspective. (a) 6-month P — PET accumulation time
series. A green line defines the drought threshold (15-percentile). Drought events are
highlighted in light gray along with their properties (intensity and duration). (b) Details of a
specific drought event, indicating the start and end of it. The drought time frame is indicated
in yellow, and is computed as the duration of the drought event plus 6 months. This time
frame corresponds to the time window used to identify the drought event according to the
Ukkola et al. (2020) framework. (c) P and PET daily time series in red and blue, respectively.
Drought time frame is represented by the yellow window. (d) P and PET daily timeseries
sample used to compute the meteorological properties associated to the specific drought
event displayed in panel b.
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Figure S4. 2. Projected changes in 30-year, long-term L-variation and L-skewness of drought’s
(a, ¢) duration and (b, d) Intensity between historical (Hist; 1980-2010) and distant future
(SSP2-4.5 and SSP5-8.5; 2070-2100) periods in Brazil. Box plots represent the CMIP6 multi-
model ensemble median observed for the 735 Brazilian catchments. Only catchments with at
least 10 drought events during Historical and Distant Future periods were considering for
this analysis. Projected changes on drought properties are statistically significant according
to the Mann Whitney U test and Monte Carlo resampling techniques (p-value < 0.05).
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Figure S4. 3. Projected changes in 30-year, long-term averaged drought’s (a, ¢) duration and
(b, d) intensity (considering only the 5-largest values for each drought property separately)
between historical (Hist; 1980-2010) and distant future (SSP2-4.5 and SSP5-8.5; 2070-2100)
periods in Brazil. Box plots represent the CMIP6 multi-model ensemble median observed for
the 735 Brazilian catchments. Projected changes on drought properties are statistically
significant according to the Mann Whitney U test and Monte Carlo resampling techniques (p-
value < 0.05).
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Figure S4. 4. Relationship between projected changes (SSP5-8.5; distant future) in drought
properties (severity, duration, and frequency; from top to bottom) and long-term
meteorological properties (PET,,ean, Pmean, Nw» and Nyp,; from left to right) for the Brazilian
catchments. Pearson’s correlation between projected changes is displayed on each subplot's
top. Only significant correlations (p-value < 0.05) were considered. Black, dashed lines
divide the quadrants. The regression line is displayed in black. The percentage of catchments
(points) in each quadrant is indicated on the corners. For all plots, light colour regions
indicate high density.
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Figure S4. 5. Relationship between projected changes (SSP5-8.5; distant future) in drought
properties (severity, duration, and frequency; from top to bottom) and meteorological
properties (PETean, Pmean, Nw, and Ny,p,; from left to right) on drought-triggering periods
for the Brazilian catchments. Pearson’s correlation between projected changes is displayed
on each subplot's top. Only significant correlations (p-value < 0.05) were considered. Black,
dashed lines divide the quadrants. The regression line is displayed in black. The percentage
of catchments (points) in each quadrant is indicated on the corners. For all plots, light colour
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Figure S4. 6. Spatial distribution of relative changes in long-term (a) Ppean, (b) PETihean, (€)
Ny, and (d) N,,p, for the 735 Brazilian catchments. Changes were computed considering the
historical (1980-2010) and SSP5-8.5 distant future (2070-2100). n in the bottom-left corner

of each map indicates the percentage of catchments with at least 70% of CMIP6 model
agreement (signal of change).
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Figure S4. 7. Spatial distribution of relative changes in (a) Pyean, (b) PEThean, (€) Ny, and (d)
Nyp for the 735 Brazilian catchments in short-term, drought-triggering periods. Changes
were computed considering the historical (1980-2010) and SSP5-8.5 distant future (2070-
2100). n in the bottom-left corner of each map indicates the percentage of catchments with
at least 70% of CMIP6 model agreement (signal of change).
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Figure S4. 8. Projected changes in 30-year, long-term averaged drought’s (a, d) duration, (b,
e) intensity, and (c, f) frequency between historical (Hist; 1980-2010) and distant future
(SSP2-4.5 and SSP5-8.5; 2070-2100) periods in Brazil. Box plots represent the CMIP6 multi-
model ensemble median observed for the 735 Brazilian catchments. Projected changes were
computed using the (a-c) COz-corrected PET formulation proposed by Yang et al. (2019) and
the (d-f) reference crop Penman-Monteith equation.
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Figure S4. 9. Projected changes in 30-year, long-term averaged drought’s (a) duration, (b)
intensity, and (c) frequency between historical (Hist; 1980-2010) and distant future (SSP2-
4.5 and SSP5-8.5; 2070-2100) periods in Brazil using CMIP6 raw and bias corrected (BC)
simulations. Box plots represent the CMIP6 multi-model ensemble median observed for the

735 Brazilian catchments.
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Figure S4.10. Projected changes in 30-year, long-term averaged climate properties (a) Ppean,
(b) PETean, and (c) N,, between historical (Hist; 1980-2010) and distant future (SSP2-4.5
and SSP5-8.5; 2070-2100) periods in Brazil using CMIP6 raw and bias corrected (BC)
simulations. Box plots represent the CMIP6 multi-model ensemble median observed for the
735 Brazilian catchments.
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Figure S4. 11. Projected changes in 30-year, long-term averaged drought’s (a) duration, (b)
intensity, and (c) frequency between historical (Hist; 1980-2010) and distant future (SSP2-
4.5 and SSP5-8.5; 2070-2100) periods in Brazil using 0.1 mm and 1 mm as wet thresholds.
Box plots represent the CMIP6 multi-model ensemble median observed for the 735 Brazilian

catchments.
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Figure S4.12. Projected changes in 30-year, long-term averaged climate properties (a) Ppean,
(b) PETean, and (c) N,, between historical (Hist; 1980-2010) and distant future (SSP2-4.5
and SSP5-8.5; 2070-2100) periods in Brazil using 0.1 mm and 1 mm as wet thresholds. Box
plots represent the CMIP6 multi-model ensemble median observed for the 735 Brazilian

catchments.
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Figure S4. 13. Projected changes in 30-year, long-term averaged drought’s (a, d) duration, (b,
e) intensity, and (c,f) frequency between historical (Hist; 1980-2010) and immediate future
(SSP2-4.5 and SSP5-8.5; 2010-2040) periods in Brazil. Box plots represent the CMIP6 multi-
model ensemble median observed for the 735 Brazilian catchments. Spatial distribution of
changes (d-f) was computed considering the historical and SSP5-8.5 immediate future. n in
the bottom-left corner of each map indicates the percentage of catchments with at least 70%
of CMIP6 model agreement (signal of change). Projected changes on drought properties for
Brazil are statistically significant according to the Mann Whitney U test and Monte Carlo
resampling techniques (p-value < 0.05).
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Figure S4. 14. Projected changes in 30-year, long-term averaged drought’s (a, d) duration, (b,
e) intensity, and (cf) frequency between historical (Hist; 1980-2010) and intermediate
future (SSP2-4.5 and SSP5-8.5; 2040-2070) periods in Brazil. Box plots represent the CMIP6
multi-model ensemble median observed for the 735 Brazilian catchments. Spatial
distribution of changes (d-f) was computed considering the historical and SSP5-8.5
intermediate future. n in the bottom-left corner of each map indicates the percentage of
catchments with at least 70% of CMIP6 model agreement (signal of change). Projected
changes on drought properties for Brazil are statistically significant according to the Mann
Whitney U test and Monte Carlo resampling techniques (p-value < 0.05).
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Figure S5. 1. Changes in Brazilian’s water use (2020-2040). Relative changes (from 2020 to
2040) in Brazilian’s water use as projected by ANA. The water uses are divided into 6 main
categories: a, b, Households are subdivided into urban (HU) and rural areas (HR). c, Industry
(IT). d, Mining (MN). e, Cooling water for thermal power plants (TE). f, Livestock (AN). g,
Irrigation (IR). h, Total water use, computed as the sum of the 6 categories. Relative changes
per Brazilian biome (A: Amazon, C: Cerrado, Ca: Caatinga, Af: Atlantic Forest, and P: Pampa)
are displayed in traditional boxplots.
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Figure S5. 2. Changes in Brazilian’s water use (2020-2085). Relative changes (from 2020 to
2085) in Brazilian’s water use as computed by the linear regression using ANA'’s projections.
The water uses are divided into 6 main categories: a, b, Households are subdivided into urban
(HU) and rural areas (HR). ¢, Industry (IT). d, Mining (MN). e, Cooling water for thermal
power plants (TE). f, Livestock (AN). g, Irrigation (IR). h, Total water use, computed as the
sum of the 6 categories. Relative changes per Brazilian biome (A: Amazon, C: Cerrado, Ca:
Caatinga, Af: Atlantic Forest, and P: Pampa) are displayed in traditional boxplots.
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Figure S5. 3. Future CO2 concentrations. a, long-term mean CO2 concentration in the distant
future (2070-2100) projected by the SSP2-4.5 scenario. b, same as a, but considering the
SSP5-8.5 scenario. ¢, the difference between mean CO2 concentrations projected by the SSP5-

8.5 and SSP2-4.5 scenarios.
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Figure S5. 4. Performance of functional forms. a. c, Details of the performance of the A,f-
corrected (open water balance assumption) functional forms to estimate observed water
availability using bias-corrected and raw CMIP6-multimodel ensemble, respectively. b, d,
Same as a and c, but using the no-correction (closed water balance assumption) functional
forms. Histograms of the relative bias between estimated and observed water availability are
displayed on the right (left) for the A, ;-corrected (no-correction) functional forms.
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Figure S5. 5. Spatial distribution of the relative bias between observed and estimated water
availability using the bias-corrected, A.sf-corrected functional forms.
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Figure S5. 6. ‘Offline’ PET estimations. a-c, Comparison between ensemble-mean PET
estimated by the traditional Penman-Monteith (PM) formulation and by the modified
Penman-Monteith (PM - CO2) that accounts for CO2 concentration for the near future (2015
- 2040), intermediate future (2040 - 2070), and distant future (2070 - 2100), respectively,
forced by the SSP2-4.5 scenario. d-f, same as a-c, but considering the SSP5-8.5 scenario. The
mean, maximum and the standard deviation of systematic deviations (in parenthesis) are
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Figure S5. 7. Expected changes on future water balance components. a-c, the spatial
distribution of the current long-term mean water balance components precipitation (P),
potential evapotranspiration (PET), and water availability (Q). d-f, Expected changes on P,
PET, and Q for the distant future (2040-2070) and SSP2-4.5. g-i, same as d-f but considering
the SSP5-8.5 scenario.
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Figure S5. 8. Brazilian current water scarcity condition. Water scarcity index per Brazilian
biome (A: Amazon, C: Cerrado, Ca: Caatinga, Af: Atlantic Forest, and P: Pampa) are displayed
in traditional boxplots.
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