
Vol.:(0123456789)1 3

Climate Dynamics (2022) 58:459–485 
https://doi.org/10.1007/s00382-021-05918-2

South America climate change revealed through climate indices 
projected by GCMs and Eta‑RCM ensembles

Michelle Simões Reboita1   · Cassia Akemi Castro Kuki1 · Vitor Hugo Marrafon1 · Christie Andre de Souza1 · 
Glauber Willian S. Ferreira1 · Thales Teodoro1 · José Wanderley Marangon Lima2

Received: 13 December 2020 / Accepted: 1 August 2021 / Published online: 23 August 2021 
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2021

Abstract
Studies that evaluate climate change projections over the whole of South America (SA) and including different seasons 
and models are scarce. In this context, the objective of this work is to assess climate projections for SA through the use of 
climatic indices, considering the entire continent, distinct seasons, and ensembles of models. Projections performed with 
the Eta regional climate model and its driving global climate models (GCMs) are analysed. From these projections, 19 cli-
mate indices based on daily precipitation and maximum and minimum temperature are computed. The results focus on two 
ensembles (GCMs and Eta), time slices (1980–2005 and 2050–2080), and scenarios (RCP4.5 and RCP8.5). In the validation 
of the present climate, it is shown that Eta adds value to GCMs. Future projections indicate, for both austral summer (DJF) 
and winter (JJA), an increase in the frequency and intensity of extreme events of daily rainfall over southeastern and extreme 
north of SA. Over the Amazon, during DJF, there is a statistically significant increase in the number of consecutive dry days 
and a decrease in the consecutive wet days. For northeastern Brazil, these features are more intense in JJA. The frequency 
of cold (warm) nights and days is projected to decrease (increase) over the whole continent and seasons. The climate change 
signal for the 19 climate indices is more intense under RCP8.5, and the regions more vulnerable to climate change are the 
Amazon, northeastern Brazil, and southeastern SA. Considering Brazil, the projections of precipitation and air temperature 
are also shown by biomes.
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1  Introduction

The average of weather events for an extended period char-
acterizes the climate of a place (WMO 1983). When there 
is a change, be it in the average, in extreme values, or the 
shape of the frequency distribution, there is what is called 
climate change. Climate changes can be due to natural and/
or anthropogenic causes (Hartmann 2016). With the begin-
ning of the Industrial Revolution in the eighteenth century, 
the atmosphere chemistry composition began to be affected 
by the injection of greenhouse gases released during fossil 
fuel combustion. Historical time series of observed data have 
proven the changes in atmospheric composition and their 
impacts on the warming of the planet (IPCC 2007, 2013).

One consequence of climate change is the increase in 
extreme weather and climate events (Diffenbaugh et al. 
2017; Ummenhofer and Meehl 2017). An extreme event is 
defined when a variable value is above or below a thresh-
old obtained by applying statistical methods (IPCC 2012). 
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An example of an extreme climate event is the increase of 
consecutive days without precipitation in a given region. 
An illustration of extreme weather events happens when a 
very voluminous rainfall amount occurs in a short period 
within a day. Besides, extreme events can be considered in 
terms of their frequency, intensity, duration and the damage 
caused (Beniston and Stephenson 2004; Seneviratne et al. 
2012). For simplicity, extreme weather and climate events 
are called extreme events only.

The identification of extreme events and their intensity 
and duration is carried out using indices defined in the lit-
erature (Alexander et al. 2019). The CCl/CLIVAR/JCOMM 
Expert Team (ET) on Climate Change Detection and Indices 
(ETCCDI; http://​etccdi.​pacif​iccli​mate.​org/) has developed 
27 climate indices to help the characterization of climate 
variability and climate changes. It is also possible to inter-
compare results when the indices are calculated with differ-
ent datasets and in distinct regions of the globe. These indi-
ces are based on daily precipitation, minimum and maximum 
temperature data.

While there is a substantial number of studies available 
on extreme events in South America (SA) for the present 
climate (e.g., Haylock et al. 2006; Skansi et al. 2013; Donat 
et al. 2013a; Rao et al. 2016; Rusticicci et al. 2016; Marra-
fon and Reboita 2020; Dereczynski et al. 2020; Céron et al. 
2020; Marengo et al. 2020; Dunn et al. 2020), the same does 
not occur for the future climate (e.g., López-Franca et al. 
2016; Lyra et al. 2018; Reboita et al. 2018; Blázquez and 
Solman 2020; Li et al. 2020). Moreover, few studies address 
the features of extreme events by season, considering the 
whole South American continent in the climate projections.

In terms of the present climate, some studies have indi-
cated a decrease (increase) in the number of cold (warm) 
days and nights since 1950 (IPCC 2013; Dereczynski et al. 
2020; Dunn et al. 2020). Globally, the trends observed in air 
temperature show a clear sign of an increase in all seasons, 
which does not occur with precipitation since this variable 
presents different signals depending on the region (IPCC 
2013). For example, Marrafon and Reboita (2020) calculated 
the trends of different precipitation indices using data from 
the Climate Prediction Center (CPC) from 1979 to 2019. In 
general, there is a trend to reduce the seasonal and annual 
volume of rainfall in most part of Brazil. The authors also 
found a decrease (increase) trend in the sequence of wet days 
(dry days). Among southern Paraguay, northeastern Argen-
tina, part of southern Brazil, and Uruguay (a region known 
as southeastern SA), the climate indices either show no trend 
or indicate an increase in wet conditions (Skansi et al. 2013; 
Lovino et al. 2018). Dereczynski et al. (2020) evaluated the 
performance of three simulations of the Eta regional cli-
mate model (20 km; which is an integrant from the Coor-
dinated Regional Climate Downscaling Experiment-COR-
DEX; Gutowski et al. 2016) in the period 1965–2005. The 

authors made comparisons between some climate indices 
obtained in the simulations and observed data. Eta nested 
in CanESM2 shows the most prominent temperature trends 
among the three simulations. Furthermore, Eta nested in 
MIROC5 simulates better the signal and magnitude of the 
extreme temperature trends. Eta-MIROC5 also presents the 
best simulations in terms of precipitation trends, showing 
an increase in the magnitude of the precipitation extremes 
over most of SA.

For the future climate, Reboita et al. (2014a) and Llo-
part et al. (2020a, b) show an increase in temperature with 
prominence in the Amazon Basin. A rainfall deficit is 
also projected in this same basin, considering the period 
2070–2100 and the Representative Concentration Pathway 
8.5 (RCP8.5) scenario. For the La Plata Basin, these studies 
project an increasing trend both in temperature and rainfall 
towards the end of the twenty-first century. Blázquez and 
Solman (2020) analysed extreme events projected by a set of 
Regional Climate Models (RCMs) from CORDEX (includ-
ing Eta model) and their driving GCMs from the Coupled 
Model Intercomparison Project (CMIP5). The periods of 
the study were 1979–2005 and 2071–2100, considering the 
RCP4.5 scenario. Among the results, the authors highlighted 
the increase of extreme precipitation events over the subtrop-
ics with a robust signal among models. On the other hand, 
for tropical latitudes, they found a high dispersion among 
the projections.

Given the preceding, the objective of this study is to 
present climate projections for SA based on a selection of 
ETCCDI indices applied to projections of GCMs and RCM 
(in this case, the Eta model). We focus on two scenarios 
(RCP4.5 and RCP8.5) and time slices: present (1980–2005) 
and future (2050–2080). Furthermore, this work attends to 
the Brazillian Ministry of Mines and Energy (MME) request 
in the context of the project “Climate study: Analysis of 
the Vulnerability of Hydroelectric Plants to the Impacts 
of Climate Change”. This study is in line with the World 
Climate Research Program (WCRP; wcrp-climate.org) and 
CORDEX project. Moreover, the present work serves as a 
decision-makers tool to establish adaptation and mitigation 
measures in the face of climate change.

2 � Methodology

2.1 � Study area

The study area is South America (Fig. 1), which extends 
from 55°S to 12°N and covers areas in the extratropical, 
subtropical, and tropical latitudes (Reboita et al. 2010). 
The highest topography of SA is the Andes mountains, 
which cover about 8.850 km along the continent’s western 
edge. The other two highland areas in SA are the Brazilian 

http://etccdi.pacificclimate.org/
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Highlands (south and southeastern Brazil) and the Guiana 
Highlands (Fig. 1a). SA is the place of two crucial river 
basins: Amazon (located in the centre-northwestern SA) and 
La Plata (located in southeastern SA and covering areas of 
southeastern Bolivia, southern and central Brazil, the entire 
country of Paraguay, most of Uruguay, and northern Argen-
tina) (National Geographic 2020). Regarding the biomes, 
tropical forests cover most of the continent (Fig. 1b). The 
Amazon Forest is located in the centre-northwest part of SA, 
while the Atlantic Forest extends along the Atlantic coast of 
Brazil. Savanna biome is found in the central part of Brazil 
("Cerrado" is the local name). Among Paraguay, Argentina, 
Uruguay and southern Brazil, the grassland is locally called 
Pampas. In the semi-arid region of SA (northeast Brazil), the 
dominant biome is the Caatinga, arid shrubland. Pantanal, 
which is the world's largest freshwater wetland (Calheiros 
et al. 2012), is located among the Brazilian states of Mato 
Grosso and Mato Grosso do Sul (~ 80%), with minor shares 
in Bolivia (~ 19%) and Paraguay (~ 1%).

Most SA is characterized by a monsoon climate, with a 
predominance of well-defined dry and wet seasons. Details 
about the SA monsoon can be found in Zhou and Lau (1998), 
Vera et al. (2006), Reboita et al. (2010, 2014a), Marengo 
et al. (2012) and Ashfaq et al. (2020). The wet season occurs 
from October to March, with a peak in austral summer 
(DJF). Figure 1a depicts some of the central atmospheric 

systems at lower levels that contribute to precipitation in this 
period. The South Atlantic Convergence Zone (SACZ) is a 
crucial system for precipitation in large parts of Brazil. This 
system is characterized by a band of clouds and precipita-
tion that extends from the southern Amazon to southeastern 
Brazil and reaches the Atlantic Ocean (Carvalho et al. 2004; 
Silva et al. 2019a; Escobar and Reboita 2020). Its devel-
opment occurs through the association of different atmos-
pheric mechanisms. One process is the combination of local 
convection with the moisture transported to the subtropics 
from the Amazon, by the low-level jet (LLJ) eastern of the 
Andes (Santos and Reboita 2018; Montini et al. 2019), and 
from the South Atlantic Ocean, by the northwestern winds 
of the South Atlantic Subtropical Anticyclone (Reboita et al. 
2019).

2.2 � Data

Daily precipitation, minimum and maximum temperature 
data of the Climate Prediction Center (CPC, https://​www.​
esrl.​noaa.​gov/​psd/​data/​gridd​ed/​data.​cpc.​globa​lprec​ip.​html), 
from the period 1980–2005, are used. These data cover the 
globe with 0.5° horizontal resolution and are generated by 
interpolating information measured in meteorological sta-
tions (Chen et al. 2008).

Fig. 1   South America a topography (meters) and main atmospheric 
systems at lower levels during the rainy season and b biomes. ITCZ 
means Intertropical Convergence Zone, LLJ is the low-level jet east-
ern the Andes, SACZ is the South Atlantic Convergence Zone, and 
SPSA and SASA are the South Pacific Subtropical Anticyclone and 

South Atlantic Subtropical Anticyclone, respectively. Adapted from 
Earth Observing System Data and Information System (EOSDIS) 
of NASA—Socioeconomic Data and Applications Center (SEDAC) 
(https://​sedac.​ciesin.​colum​bia.​edu/​data/​set/​nagdc-​popul​ation-​lands​
cape-​clima​te-​estim​ates-​v3/​maps?​facets=​region:​south%​20ame​rica)

https://www.esrl.noaa.gov/psd/data/gridded/data.cpc.globalprecip.html
https://www.esrl.noaa.gov/psd/data/gridded/data.cpc.globalprecip.html
https://sedac.ciesin.columbia.edu/data/set/nagdc-population-landscape-climate-estimates-v3/maps?facets=region:south%20america
https://sedac.ciesin.columbia.edu/data/set/nagdc-population-landscape-climate-estimates-v3/maps?facets=region:south%20america
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2.3 � Climate projections

This work uses climate projections from GCMs and the Eta 
regional model (Mesinger et al. 2012). The GCMs used are 
Canadian Earth System Model (CanESM2; Chylek et al. 
2011; Arora et al. 2011), Hadley Center Global Environ-
mental Model—Earth System (HadGEM2-ES; Collins et al. 
2011; Martin et al. 2011) and Model for Interdisciplinary 
Research on Climate version 5 (MIROC5; Watanabe et al. 
2010). The projections of these models were obtained from 
the Earth System Grid Federation (ESGF; https://​esgf-​node.​
llnl.​gov/​search/​cmip5) platform. The Eta regional climate 
model (Pesquero et al. 2010; Chou et al. 2012; Mesinger 
et al. 2012) was nested in the outputs of these three GCMs, 
as well as to the Brazilian Earth System Model (BESM) 
outputs since they can represent the characteristics of atmos-
pheric circulation adequately in SA (Chou et al. 2014a, b). 
The downscaling technique is important to improve climate 
representation by including regional aspects of the atmos-
pheric circulation (Ambrizzi et al. 2019). Eta was integrated 
with 20 km of grid-space in a domain covering SA and 
adjacent oceans; details of the physical parameterizations 
used in the projections are provided in Dereczynski et al. 
(2020). Here the projections of the three GCMs (CanEMS2, 
HadGEM2-ES and MIROC5) and the four downscaling pro-
jections of Eta are analysed. Eta projections were obtained 
directly from Dr. Chou Sin Chan (responsible researcher 
for the Eta model in Brazil) since not all variables are avail-
able on the ESGF platform. BESM was not included in the 
ensemble of the GCMs because it was not available.

Two time slices and two climate scenarios (RCP4.5 and 
RCP8.5) are analysed. The first time slice corresponds to the 
present climate (1980–2005). The authors considered this 
period due to: (a) avoiding missing data or low density of 
meteorological stations in most areas of Brazil (Xavier et al. 
2015; Sun et al. 2017), and (b) 2005 is the last year of the 
CMIP5 simulations without the inclusion of the scenarios of 
the greenhouse gases emissions (Taylor et al. 2012; Xiao-Ge 
et al. 2013). For the future climate, the analysed period is 
2050–2080 due to a request of the MME-Brazil. Although 
the historical period has 26 years and the future 31 years, 
this difference does not affect the comparisons between them 
since the study focuses on averages (e.g., Shafiq et al. 2019). 
RCP indicates the changes in radiative forcing and the value 
reached in the year 2100 associated with the concentration 
of greenhouse gases in the atmosphere. Changes in radiative 
forcing (W m−2) come from greenhouse gas emissions, pol-
lutant emissions, and land use and coverage (https://​ar5-​syr.​
ipcc.​ch/​topic_​futur​echan​ges.​php). The intermediate RCP4.5 
scenario has a peak of emissions in 2040, followed by a 
decline. In 2100 the radiative forcing is 4.5 W m−2. The 
RCP8.5 scenario is the most pessimistic, with a radiative 
forcing of 8.5 W m−2 in 2100 (Moss et al. 2010; van Vuuren 

et al. 2011; Taylor et al. 2012). Both scenarios are consid-
ered in this study.

The GCMs used in this study have different spatial resolu-
tions. GCM simulations can be interpolated for a common 
grid for intercomparison, which varies between 1° × 1° to 
2° × 2° (Santos et al. 2017; Khan et al. 2020). For this study, 
we chose to interpolate all GCM simulations for a grid with 
a spacing of 1.5° (~ 150 km) with the bi-linear technique 
(Schowengerdt 2007; Li et al. 2019), which is a standard 
procedure (Chen and Knutson 2008). The Eta model was 
maintained in its original 20 km grid.

2.4 � Extreme climate indices

Although ETCCDI presents 27 extreme climate indices, in 
this study, only 14 indices are calculated since they address 
the main questions of MME about the climate indicators of 
impacts on the Brazilian Electrical System from 2050 to 
2080. Moreover, some ETCCDI indices do not have defini-
tions appropriate to be used in the study area (Ávila-Diaz 
et al. 2020). The calculated indices provide the intensity, fre-
quency and duration of extreme climate events. As the ETC-
CDI indices are widely known (Frich et al. 2002; Alexander 
et al. 2006; Klein Tank et al. 2009; Zhang et al. 2011; Donat 
et al. 2013b; Sillmann et al. 2013; Dunn et al. 2020), here 
we present only the name of the calculated indices (Table S1 
presents a complete description of them). Based on daily 
precipitation accumulation, total precipitation (PRCTOT), 
very wet days (R95p), consecutive dry days (CDD) and con-
secutive wet days (CWD) are calculated. By using minimum 
and maximum daily temperatures, the indices calculated are 
the mean of the minimum and maximum temperatures (TN 
and TX), the minimum value of the daily minimum and 
maximum temperatures (TNn and TXn), the maximum value 
of the daily minimum and maximum temperatures (TNx and 
TXx), cold nights (TN10p), warm nights (TN90p), cold days 
(TX10p) and warm days (TX90p).

The indices are calculated for each season (summer-DJF, 
autumn-MAM, winter-JJA and spring-SON). In the present 
climate, as the study period is from 1980 to 2005, there are 
26 seasons (for example, 26 summers). For the future period, 
there are 31 seasons. This difference in the length of the time 
series does not affect the comparisons between the periods 
since we are focusing on averages. In addition to the extreme 
climate indices, the seasonal averages of the mean tempera-
ture are calculated, with the daily mean temperature defined 
following WMO (1983): (minimum temperature + maximum 
temperature)/2.

The trends in the climate indices are also evaluated. 
The trend is calculated with the simple linear regression 
method (Mudelsee 2019) while the statistical significance 
is obtained with the Student t test (Wilks 2011) and con-
sidering α = 0.1 (90% confidence). Although the time series 

https://esgf-node.llnl.gov/search/cmip5
https://esgf-node.llnl.gov/search/cmip5
https://ar5-syr.ipcc.ch/topic_futurechanges.php
https://ar5-syr.ipcc.ch/topic_futurechanges.php
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of the historical period have 26 years (which is shorter than 
the 30-year period recommended in climate studies), it is 
enough length to detect the trend signal since it can even be 
obtained with time series shorter than the 20-year period 
(Lang et al. 2019). When the mean time series of a given 
index is presented on a map, hatchings indicate the regions 
with a statistically significant trend. Significant positive 
trends in red (blue) refer to an increase (decrease) in the 
temperature or decrease (increase) in the rain. For instance, 
in the PRCTOT, CWD, TN10P, TX10P, TXn, TNn and 
R95p indices, the positive trends appear in blue. The posi-
tive trends appear in red in the TX90p, TN90p, CDD, TNx 
and TXx indices.

The extreme climate indices were computed by model, 
projection, and time slice. Afterward, we computed the 
ensembles of the indices for GCMs and Eta.

2.5 � Analyses

The climate indices were computed for DJF and JJA, and 
we focus only on ensemble mean (and not on the individ-
ual members of the models). One reason for this is that the 
ensemble averages or medians are often better at repro-
ducing observations than even the best individual model 
(e.g., Tebaldi and Knutti 2007; Hagemann and Jacob 2007; 
Leutbecher and Palmer 2008; IPCC 2010; Parker 2013; Mar-
tre et al. 2015; Wallach et al. 2016; Lee et al. 2020).

The ensembles’ mean performance (hereafter called 
ensembles for brevity) in simulating the historical period is 
evaluated through comparisons with CPC. In the sequence, 
climate change signals in the different climate indices 
(Table S1) are presented. The statistical significance of the 
projected climate changes (future–present) is calculated by 
a two-sample t test for difference of means (Zhang et al. 
2005; Wilks 2011; Montgomery et al. 2015) and considering 
α = 0.1 (90% confidence). Finally, a summary of the climate 
change in the main Brazilian biomes is shown.

3 � Results

3.1 � Present climate

This section presents the validation of Eta and GCMs 
ensembles in the present climate (1980–2005). This analy-
sis allows identifying the ensembles’ ability to reproduce 
the main characteristics of the South American climate. 
For brevity, only five indices (Table S1) are discussed here: 
PRCTOT, P95, R95p, CDD, and TMED. While PRCTOT 
and TMED describe the mean state of the climate, R95p and 
CDD are considered key indicators for monitoring changes 
in climate extremes (Peterson et al. 2001). Besides being a 
meaningful threshold for daily precipitation extremes, P95 

is used to calculate R95p (details in Table S1). Although 
GCMs and Eta ensembles have satisfying performance in 
representing the spatial precipitation pattern in the wet (DJF, 
Fig. 2a–c) and dry (JJA, Fig. 3a–c) periods of SA monsoon 
compared with CPC, they present some differences in the 
rainfall volume. Considering DJF (Fig. 2a–c), the ensembles 
underestimate the precipitation over the Amazon. Also, they 
displace the maximum precipitation located in the south of 
that region in CPC to the midwest and southeast of Brazil. 
These features are also documented in the validations per-
formed by Chou et al. (2014a, b). In JJA (Fig. 3a, b), precipi-
tation is scarce in a large part of the continent compared with 
DJF. The highest totals are found in the extreme north of SA, 
associated with the ITCZ (Reboita et al. 2010), followed by 
southern Brazil, associated with the influence of the synoptic 
systems (fronts and cyclones; Blázquez and Solman 2019; 
Reboita et al. 2010, 2020). Ensembles have some differences 
compared to CPC. For instance, GCMs underestimate the 
precipitation in the extreme north of SA and southern Brazil. 
Besides, Eta displaces the maximum precipitation found in 
north SA and simulates wetter conditions over the Amazon 
and drier conditions in a large area of Argentina.

In terms of statistically significant trends in PRCTOT, 
CPC shows in DJF negative trends over the Amazon, 
Bolivia, and in some areas southern 20°S over Chile and 
Argentina (Fig. 2a). In JJA, practically, there are no trends 
in those areas, but a negative trend appears over the centre 
of Brazil (Fig. 2a). These results agree with Marrafon and 
Reboita (2020) that evaluated the seasonal trends in a more 
extended period (1979–2019) of CPC. Moreover, the results 
agree with studies that used station data (Skansi et al. 2013; 
Dereczynski et al. 2020) or grid point datasets (Ávila-Diaz 
et al. 2020) to perform an analysis of the annual trend. In 
general, those authors show for PRCTOT, when the four 
seasons are considered (figures not shown), significant nega-
tive trends over a large part of the central-south Amazon, 
Bolivia, and in parts of the centre and northeast Brazil, and 
positive and significant trends over the south of Brazil, Uru-
guay and in sparse areas of other sectors of La Plata Basin. 
Considering the ensembles, they do not represent these 
trends satisfyingly. For example, in DJF, while GCMs only 
show a positive trend over central Argentina, Eta indicates a 
large area of the continent with a positive trend (Fig. 2a–c). 
However, in a general view, Eta adds value to the GCMs. 
For instance, Eta corrects the overestimation of precipitation 
over the Andes in DJF and reproduces the maximum precipi-
tation values in JJA registered by CPC over southern Brazil.

To study the extreme precipitation events, initially, the 
95th percentile (P95) of the daily time series is calculated. 
This value is shown in Figs. 2 and 3d–f, and it reveals that 
daily extremes are more intense and cover a larger area in 
the CPC than in the ensembles. For instance, in DJF in the 
La Plata Basin, P95 exceeds 45 mm day−1 in CPC, while in 
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Fig. 2   DJF climate indi-
ces for the historical period 
(1980–2005) from CPC (left), 
GCMs ensemble (middle) 
and Eta ensemble (right): a–c 
precipitation (PRCTOT, mm), 
d–f 95th percentile (P95, mm), 
g–i number of days in that the 
daily precipitation exceeds P95 
(R95p, days), j–l consecutive 
dry days (CDD, days), and m–o 
mean air temperature (TMED, 
°C). Cross-hatching regions 
indicate a significant trend. For 
PRCTOT and R95p blue (red) 
indicates positive (negative) 
trends and for CDD and TMED 
blue (red) indicates negative 
(positive) trends
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Fig. 3   Similar to Fig. 2 but for 
JJA
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GCMs (Eta), it is ~ 30 (~ 40) mm day−1. As the underesti-
mation of Eta is lower than that of GCMs, it adds value to 
the global models (Fig. 2d–f). As in Chou et al. (2014a), 
BESM and MIROC5 models significantly contribute to dry 
conditions in the Eta ensemble (figures not shown). In JJA, 
CPC shows higher values of P95 in the extreme north of 
SA, southern Brazil and Uruguay. Although both ensem-
bles underestimate P95 in these regions, Eta simulates P95 
closer to CPC over southern Brazil and Uruguay (Fig. 3d–f). 
Since the percentile is a single seasonal value obtained over 
the time series, there is no way to compute the trend of this 
variable.

When the time series have the same length, a specific 
percentile will correspond to the same number of occur-
rences in all grid points. However, it is not the case for the 
extremes of precipitation. For calculating the percentile of 
precipitation (95%), days without rainfall are excluded from 
the time series (e.g. Boroneant et al. 2006). Consequently, 
each grid point will have a daily precipitation time series 
with a different length, which implicates in a different num-
ber of extreme events corresponding to the 5% percentile. 
Then, we show the average seasonal number of days, here 
called R95p, in which rainfall is higher than the P95 thresh-
old (Figs. 2g–i, 3g–i), and not the sum of the precipitation 
in the extreme days, which is called R95pTOT by the ETC-
CDI (http://​etccdi.​pacif​iccli​mate.​org/​list_​27_​indic​es.​shtml). 
In DJF, the spatial pattern of Eta is very similar to that of 
CPC (Fig. 2g–i). However, there is an underestimation in 
the number of days with extreme events in the central-west 
and southeastern Brazilian regions. Between 20° and 10°S, 
GCMs simulate a large area with the number of days exceed-
ing that from CPC. In JJA (Fig. 3g–i), Eta overestimates the 
number of days with extreme precipitation from the Amazon 
to southern Brazil while GCMs overestimate it in the north 
of SA. Considering the trend in DJF, CPC shows negative 
and significant trends along the SACZ, Bolivia, Chile and 
in some sparse areas of Argentina, indicating a decrease in 
the frequency of the extreme daily events of precipitation. 
On the other hand, there is a positive and significant trend 
over northeast and south of Brazil, Paraguay and Uruguay 
(Fig. 2g). Eta and GCMs have low performance in repro-
ducing the trends (Fig. 2h, i), while Eta almost does not 
show trends in DJF over SA, GCMs ensemble simulates 
positive trends over almost the whole SA (except in Peru, 
Amazon and central Brazil). In JJA, CPC indicates negative 
and significant trends over west SA and some northeast and 
southeast Brazil parts. Eta has more similarities with CPC 
in this season, while GCMs continue indicating positive 
trends over a large portion of the continent (Fig. 3g–i). CPC 
trends can be compared directly with Marrafon and Reboita 
(2020) but not with the other authors mentioned across the 
text (e.g., Soares et al. 2016; Ávila-Diaz et al. 2020) since 
they show the trend of the accumulated precipitation during 

the extremes and not their frequency. A fact that deserves 
attention is that the spatial pattern of the trends indicated by 
CPC for the extreme frequency is in remarkable agreement 
with the interpolated station data presented by Ávila-Diaz 
et al. (2020) for the accumulated precipitation. However, 
both datasets have a distinct spatial pattern from ERA5 and 
two merged products with satellite estimates from 1980 
to 2016 (also shown in Ávila-Diaz et al. 2020). This fact 
reveals that the datasets used for model validations also have 
uncertainties and they need to be stressed in the studies. 
One of the uncertainties stems from the observations being 
collected from rain gauges or weather stations. Given that 
the meteorological station density varies around the globe 
(Rozante et al. 2010; Xavier et al. 2015), observations for 
regions with a low density of stations, such as the Amazon 
Basin, may have their interpolation quality reduced (Ávila-
Diaz et al. 2020). The uncertainties of the datasets used to 
validate models are also shown by Soares et al. (2016).

Figures 2a–c and 3a–c show that, in general, the ensem-
bles underestimate the precipitation compared to CPC. 
This feature can be a reason for the higher average num-
ber of CDD in the models (Figs. 2j–l, 3j–l). In DJF, from 
Bolivia to northern Argentina and in sparse areas of the 
northeast of Brazil, the datasets show a positive trend of 
CDD. Differently, over a part of southeast Brazil, there is 
a decrease in CPC and an increase in ensembles. While in 
DJF (Fig. 2j–l), the highest frequency of CDD is registered 
along the extreme regions of SA (north and south borders 
and over the Andes), in JJA (Fig. 3j–l), it occurs in most of 
the continent (central, southeast and the northeast regions 
of Brazil, Andes and Argentina). In JJA, Eta underestimates 
the CDD in the northeastern semi-arid region and overesti-
mates it in Argentina’s large area. The opposite occurs for 
the GCMs. In this season, Eta gets to represent the positive 
trend over northern Argentina, resembling CPC. The trend 
signals showed in Figs. 2j–l and 3j–l agree with those studies 
that performed an annual analysis and indicate CDD signifi-
cant positive trends over the central, southeast and north-
east regions of Brazil and along the Andes from Bolivia 
to Argentina (Skansi et al. 2013; Ávila-Diaz et al. 2020; 
Dereczynski et al. 2020). Trends signal in CDD, in general, 
is opposite to that from CWD (figures not shown). In DJF, 
CPC shows a decrease in CWD between the north and centre 
of Brazil and in a vast area of Argentina. Eta simulates the 
decrease over Brazil but shows a positive trend as GCMs 
over Argentina. The trends registered in CDD and CWD 
obtained from CPC also agree with a more extended CPC 
time series (Marrafon and Reboita 2020).

In terms of seasonal mean temperature (TMED), in both 
DJF and JJA (Figs. 2m–o, 3m–o), northward 10°S GCMs 
are warmer, and Eta is colder than CPC. Despite that, in the 
extreme south of SA, Eta is slightly warmer than CPC. For 
the trends, in DJF (Figs. 2m–o), CPC shows a significant 

http://etccdi.pacificclimate.org/list_27_indices.shtml
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positive trend dominating north of 25°S (except over the 
Andrean countries), which agrees with the trends obtained 
for this same season in the CRU dataset from 1975 to 2004 
in Soares et al. (2016). Ensembles do not have a good skill in 
simulating the DJF trends since GCMs show positive trends 
south of 20°S and Eta does not indicate significant trends 
over the whole continent (except for the negative ones over 
the Andes). In JJA, as in Soares et al. (2016), the significant 
positive trends occur in almost the whole continent, except 
in portions of Peru, Bolivia and Argentina. Ensembles simu-
lated the positive trends between 35° and 5°S but included 
the areas without significant trends in CPC. Concerning the 
mean maximum temperature, TX (figures not shown), Eta 
adds value to GCMs since it reduces the warm bias mainly 
in DJF over Paraguay and adjacent regions showing values 
closer to CPC. It is a satisfying performance of Eta because 
most RCMs overestimate the air temperature over Paraguay 
and neighbourhood (Reboita et al. 2014a; Ambrizzi et al. 
2019). For the mean minimum temperature, TN (figures 
not shown), Eta also has better performance in simulating 
the seasonal pattern and magnitude of this variable over SA 
since it reduces the warm bias of the GCMs mainly over the 
Amazon.

The discussion about the Eta and GCMs ensembles indi-
vidual members' performance is beyond the goal of this 
study. Nevertheless, to support the view that Eta adds value 
to the GCMs and that there is a spread among the simula-
tions, we show the individual members only for PRCTOT 
and CDD in DJF (Figs. S1 and S2). A discussion about the 
performance of the individual members of Eta is provided 
in other studies, such as in Chou et al. (2014a) for minimum 
and maximum temperature and in Almagro et al. (2020) 
for precipitation (considering Eta-HadGEM2-ES and Eta-
MIROC5 over Brazil). For PRCTOT (Fig. S1), MIROC5 
overestimates the precipitation over the Andes and in a wide 
band from the Amazon to the southeast/northeast Brazil, 
while CanESM2 underestimates the precipitation in these 
areas and in the extreme north of SA. HadGEM2-ES shows 
better performance among the GCMs. Comparing the indi-
vidual members of the Eta ensemble with its driving GCMs, 
we can verify a great added value by Eta simulations since 
this RCM tends to correct the excessive wet/dry bias of the 
GCMs (Fig. S1). For CDD, GCMs individual members 
underestimate this index over a large area of central Brazil 
and overestimate it in the extreme north of SA. Again, Eta 
members improve the GCMs simulation of the spatial dis-
tribution and values of CDD (Fig. S2).

The ensembles shown in Figs. 2 and 3 and the individual 
members in Figs. S1 and S2 indicate a better performance of 
Eta compared to GCMs. Although Eta and GCMs ensemble 
has some differences in terms of intensity and trends com-
pared with CPC, in general, they reproduce the main charac-
teristics of the South American climate and, for this reason, 

they can be applied in future climate studies. Furthermore, 
differences in intensity of the ensembles with CPC are not 
a big issue because our interest is in the projected change 
signal obtained from the difference between future projec-
tions and the historical period.

3.2 � Future climate

This section presents the future climate projections for 
the climate indices, shown in Table S1, under RCP4.5 and 
RCP8.5 scenarios and DJF and JJA seasons. The climate 
change signal is defined as the difference between the 
2050–2080 and 1980–2005 periods.

3.2.1 � Precipitation

The considerable concern on the future climate is associ-
ated with two aspects. The first point is the accumulated 
seasonal precipitation since it is crucial to the water supply 
for life, irrigation, energy generation and other activities. 
The other aspect is related to extreme daily rainfall events. 
The increase in frequency and intensity of these extremes 
can cause major troubles in urban centres, such as flooding, 
landslides and public health problems. Then, we start focus-
ing on these variables.

PRCTOT: In DJF (Fig. 4a–d), both ensembles and sce-
narios indicate a statistically significant increase (decrease) 
of precipitation over southeastern SA (over a large area 
including the Amazon and north SA). Under RCP8.5, these 
climate change signals are more intense than under RCP4.5. 
The difference between the ensembles occurs over south-
eastern Brazil, evidencing that while Eta ensemble projects 
dry conditions over the whole SACZ, GCMs show wet 
conditions over the southeast. Chou et al. (2014b), using 
only HadGEM2-ES and MIROC5 models nested in Eta, 
also project dry conditions over SACZ with great intensity 
over southeast Brazil. In JJA (Fig. 5a–d), under RCP4.5, 
the GCMs project significant wet conditions in an extensive 
band in the west part of SA from the Equator to Argen-
tina. They also present statistically significant wet condi-
tions between southern Brazil and the south of the southeast 
Brazilian region. Eta shows a less extensive area with these 
features than GCMs, and over Brazil, the wet conditions 
have more intensity around 25°S. In RCP8.5, the area with 
positive trends is reduced. For this scenario, dry conditions 
dominate over the continent, having more intensity in the 
north of SA and southern Chile. GCMs differ from Eta since 
they project a drier climate between Paraguay and southern 
Brazil.

The climate change signals projected by the GCMs 
ensemble are in line with Llopart et al. (2020a), although 
these authors do not use the same models from here. On the 
other hand, the Eta ensemble diverges from other RCMs in 
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DJF, such as RegCM. While Eta projects a negative trend 
of precipitation over southeastern Brazil under RCP4.5 and 
RCP8.5, RegCM follows the GCMs signal, indicating wetter 
conditions (Llopart et al. 2020a; b). The physical explana-
tion of these differences is beyond the scope of this study. 
Despite that, we suggest that the distinct physical parame-
terizations used in RCMs may lead to different trends in pre-
cipitation (Reboita et al. 2014b). These comparisons make 
clear the uncertainties associated with climate projections.

The literature has some indications concerning the phys-
ical explanation for the dry conditions projected over the 
Amazon and north of SA under both scenarios. One example 
is in Fig. 5 from Ambrizzi et al. (2019), a study that pre-
sents a synthesis of different RCMs projections. The figure 
indicates that the projected precipitation deficit is associ-
ated with the northeastern trade winds weakening at the end 
of the twenty-first century (2070–2100). This feature leads 
to a decrease in moisture transport from the ocean to the 
continent. Recently Llopart et al. (2020b) also attributed 
the decrease of precipitation in the Amazon Basin to the 
weakening of the large-scale moisture flux convergence. Dry 
conditions over the Amazon can further disturb the climate 
of other regions that receive tropical moisture transported by 
the LLJ eastern of the Andes. It may be one reason for the 
dry conditions projected by the Eta ensemble over south-
eastern Brazil. Otherwise, it also suggests that the precipita-
tion over southeastern SA is not affected by the Amazonian 
conditions since the models project wet conditions. Over 
this region, Llopart et al. (2020b) showed large-scale flux 
convergence proceeding from the Atlantic Ocean.

We would also like to highlight that the trends in the 
PRCTOT do not have a linear answer to the increase of the 
greenhouse gases as the air temperature (as we show in the 
following sections). Although the Clausius-Clapeyron rela-
tionship predicts an increase in the water holding capacity 
of air of approximately 7% per degree Celsius rise in tem-
perature (Held and Soden 2006; Skliris et al. 2016), which 
may lead one to think that it will increase the precipitation 
over the whole globe, it does not occur homogeneously in 
all places. The reason for this is that precipitation is a com-
plex process that depends on many factors (Drobinski et al. 
2016), such as the presence of condensation nuclei in the 
atmosphere for cloud formation (Sato et al. 2018; Fanour-
gakis et al. 2019), horizontal advection of moisture (Llopart 
et al. 2020b), atmospheric instability etc. In a nutshell, it is 

not expected that PRCTOT will increase concomitantly with 
air temperature increase.

P95 and R95p: The intensity of extreme daily rainfall events 
can be analysed by comparing the 95th percentile (P95) of 
the present and future climate. Since the percentile is a 
single value for the whole time slices, it is not possible to 
compute the hypothesis test to the mean differences. In DJF 
(Fig. 4e–h), all ensembles and scenarios show an increase in 
the intensity of the daily precipitation extremes over north-
northeast Argentina and south of Brazil. Only GCMs show 
higher intensity of the daily precipitation extremes under 
RCP8.5 than RCP4.5 (Fig. 4g). Under RCP4.5, GCMs and 
Eta also project an increase of P95 in a large area of eastern 
Brazil. In this same region, but under RCP8.5, Eta shows a 
variable signal, indicating some areas with an increase and 
decrease of P95. In the SACZ region, Eta projects a decrease 
in the precipitation intensity (Fig. 4h). In JJA (Fig. 5e–h), 
all scenarios and ensembles indicate a decrease of P95 
over northeast Argentina and northeast Brazil. Inversely, 
under the RCP4.5 scenario, the models project an increase 
in P95 over southern Brazil. Under the RCP8.5, this signal 
is reduced in area, reaching São Paulo State in GCMs and 
north-centre southern Brazil in Eta.

We identified the number of days in the future that 
exceeds the 95th percentile of the daily precipitation com-
puted for the present climate conditions. This procedure 
was done to compare the frequency of extreme precipita-
tion events in the future with the present climate. The same 
spatial configuration described to P95 is obtained to R95p 
and presents statistical significance. Then, attention may be 
addressed to southern Brazil since all scenarios, ensembles, 
and seasons indicate an increase in the frequency of extreme 
events (Figs. 4, 5i–l). Moreover, the band from Peru to 
Argentina along the Andes indicates a frequency increase of 
R95 in DJF. In JJA, this feature is projected only by GCMs. 
In general, our results agree with Chou et al. (2014b) and 
Blázquez and Solman (2020). These authors evaluated the 
climate change signal in an ensemble of GCMs and RCMs 
from the CORDEX project. It is worth mentioning that our 
results are also in agreement with the trends detected in the 
1950–2018 period by Dunn et al. (2020). As Blázquez and 
Solman (2020), we highlight that R95p provides essential 
information for impact studies.

CDD and CWD: In order to facilitate the analysis of 
these two indices concomitantly, we present in brownish 
the increase in CDD (Figs. 4, 5 m–p) and the decrease in 
CWD (Figs. 4, 5q–t). In DJF, GCMs ensemble projects a 
significant statistical increase (decrease) in CDD (CWD) 
in almost the whole continent, with a more intense sig-
nal in RCP8.5. Eta ensemble differs from GCMs since it 

Fig. 4   Changes (future minus present) projected to the precipitation 
climate indices from GCMs and Eta ensembles in DJF: a–d PRC-
TOT (mm), e–h P95 (mm), i–l R95p (days), m–p CDD (days) and 
q–t CWD (days). From left to right: GCMs and Eta ensembles under 
RCP4.5 and RCP8.5, respectively. Cross-hatching presents differ-
ences statistically significant at 0.1 confidence level

◂
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Fig. 5   Similar to Fig. 4 but for JJA
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projects an increase of CDD over northern SA, the eastern 
coast of Brazil and Chile. In CWD, the decrease occurs in 
the SCAZ region and northern SA. It is worth mentioning 
that the Eta ensemble also indicates a decrease (increase) 
of CDD (CWD) over southeastern SA in both scenarios. 
In JJA, the ensembles again show differences in the spatial 
pattern of CDD and CWD. Concerning CDD, the highest 
increase occurs in a band over the north-northeast Brazil-
ian regions in both ensembles and scenarios. In this season, 
the ensembles differ: while GCMs project an increase over 
centre SA, Eta projects the highest signal over northeast 
Brazil (Fig. 5m–p). The spatial signal projected by Eta is 
more similar to that obtained in the trends of the present 
climate in the CPC data (figure not shown). This result is 
also in agreement with that obtained in studies that use other 
datasets such as Ávila-Diaz et al. (2020). For CWD, there is 
again a significant decrease in this index over the continent. 
Its most intense signals are projected in both scenarios and 
ensembles over the extreme north of SA (Fig. 5q–t). Based 
on our results, the Amazon and northeast Brazil may be the 
sectors more affected by dry conditions in terms of CDD and 
CWD indices. These findings accord with those from studies 
for the present (Dereczynski et al. 2020; Dunn et al. 2020) 
and future climate (Chou et al. 2014a, b).

3.2.2 � Minimum temperature

TN, TNn and TNx: Independently of scenario, season, index 
and ensemble, there is an increase statistically significant in 
the minimum temperature over the whole SA (Figs. 6, 7). 
In a general view, GCMs tend to be warmer (colder) than 
Eta to the north of (south of) 20°S. Considering TN, DJF 
and RCP8.5 (Fig. 6c, d), Eta projects an increase up to 5 °C 
between Argentina and Paraguay. In the GCMs, this increase 
is limited to 3 °C. Other RCMs also project in this same 
region maximum warming. For instance, in the framework 
of the CLARIS-LPB project, López-Franca et al. (2016), 
using four RCMs (LMDZ, RCA, PROMES, REMO) and 
A1B scenario, also found similar warming in TN.

TN10 and TN10p: TN10 is the 10th percentile computed for 
each time slice. In DJF (Fig. 6m–p), under RCP4.5, GCMs 
ensemble projects an increase of ~ 3 ºC in almost all SA 
while Eta shows warmer conditions (~ 4 ºC) over southeast-
ern SA. This configuration is also obtained in RCP8.5 but 
with Eta projecting an increase of TN10 higher 5 °C over 
southeastern SA. However, this signal is an austral summer 
feature. In JJA (Fig. 7m–p), Eta projects a decrease of 2 °C 
(1 °C) over southeastern SA and in a large area of Argentina 
under RCP4.5 (RCP8.5). On the other hand, in the same 
area, GCMs ensemble projects an increase in TN10 (2 °C 
for RCP4.5 and 3 °C for RCP8.5). GCMs ensemble also 

projects warmer conditions (~ 1 °C) over the Amazon than 
Eta in both seasons and scenarios.

TN10p is also called cold nights and is the percentage of 
nights with minimum temperature below the 10th percen-
tile computed from the present climate conditions. For all 
scenarios, seasons, and ensembles, there is a statistically 
significant decrease in the frequency of cold nights, mainly 
northern 20°S (Figs. 6–7q–t). This result partially agrees 
with López-Franca et al. (2016). In the CLARIS-LPB frame-
work, although there is also a decrease in cold nights, the 
most significant change in the frequency occurs over south-
eastern Brazil. In DJF (Fig. 6q–t), both ensembles project 
a decrease higher than 9% in the frequency of cold nights 
to the north of 20°S under RCP4.5 and RCP8.5. Also, they 
project a decrease of ~ 6% in RCP4.5 and ~ 8% in RCP8.5 to 
the south of 20°S. The changes projected in JJA (Fig. 7q–t) 
are slightly lower than in DJF. For example, to the south of 
20°S, the ensembles project a decrease of ~ 5% in RCP4.5 
and ~ 7% in RCP8.5.

TN90 and TN90p: TN90 is the 90th percentile computed for 
each time slice from minimum temperature. TN90p is the 
percentage of days with a minimum temperature above the 
90th percentile computed from the present climate condi-
tions. The spatial pattern and changes projected to TN90 
(Figs.  6–7u–x) are similar to those described in TN10 
(Figs. 6–7 m–p). In DJF, the most remarkable change (5 °C) 
projected occurs over southeast SA by Eta and over extreme 
north of SA by GCMs, both under RCP8.5. In JJA, the 
GCMs ensemble projects an increase in TN90 on the whole 
continent. Inversely, Eta shows a decrease of this variable 
over southeastern SA in ~ 1 °C under RCP4.5 and practically 
no decrease under RCP8.5.

TN90p is also called warm nights (Figs. 6–7y–ab). This 
index shows positive and more prominent changes than 
TN10p, which has a negative signal in the order of 10%. 
While TN10p is becoming less frequent, TN90p is acquir-
ing a higher frequency, being an indicator of the warming 
climate in the future. These results follow those obtained 
by López-Franca et al. (2016) under the A1B scenario. In 
DJF (Fig. 6y–ab), the GCMs ensemble projects a higher 
percentage of TN90p compared to the Eta ensemble. For 
instance, over the southern Amazon, there is a percentage of 
70% (40%) simulated by GCMs (Eta) under RCP4.5. Over 
southeastern SA, there is a gradient in the percentage, which 
decreases to the south of 25°S. Considering RCP8.5, TN90p 
reaches 90% over the southern Amazon in the GCMs pro-
jections and 65% over northwest SA and north of northeast 
Brazil in the Eta projections. For JJA (Fig. 7y–ab), the most 
remarkable changes appear over the extreme north of SA, 
reaching 90% in both ensembles under RCP8.5. In GCMs, 
these changes cover a large area. On the other hand, over 
southeastern SA, the Eta ensemble projects more significant 
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Fig. 6   Changes (future minus 
present) projected to the 
minimum temperature climate 
indices from GCMs and Eta 
ensembles in DJF: a–d TN (°C), 
e–h TNn (°C), i–l TNx (°C), 
m–p TN10 (°C), q–t TN10p 
(%), u–x TN90 (°C) and y–ab 
TN90p (%). From left to right: 
GCMs and Eta ensembles under 
RCP4.5 and RCP8.5, respec-
tively. Cross-hatching presents 
differences statistically signifi-
cant at 0.1 confidence level
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Fig. 7   Similar to Fig. 6 but for 
JJA
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changes than GCMs. The percentages projected under 
RCP8.5 agree with those obtained under the A1B scenario 
by López-Franca et al. (2016).

3.2.3 � Maximum temperature

TX, TXn and TXx: As well as for the minimum tempera-
ture, independently of scenario, season and ensemble, the 
maximum temperature indices show an increase statisti-
cally significant over the whole SA (Figs. 8, 9). Exceptions 
to this occur in southeastern SA during JJA in Eta projec-
tions (Fig. 9b, f, j, n, r, v for RCP4.5 and Fig. 9d, l, p, x for 
RCP8.5). In DJF, under RCP4.5, the warming is higher in 
the central part of Brazil (4–5 °C) in both ensembles. Under 
RCP8.5, the Eta ensemble shows two cores of higher warm-
ing: one over the Amazon and another between centre-west 
and southeast Brazil with ~ 6 °C (Fig. 8d, h, l). The spatial 
patterns of the RCP4.5 scenario projections are more similar 
to those of López-Franca et al. (2016) for scenario A1B. 
In JJA, the indices (TX, TXn, and TXx) are higher over 
the southern Amazon. For both scenarios, GCMs ensemble 
projects the higher temperatures (Fig. 9a–j). Conversely, Eta 
projects under RCP4.5 a negative temperature trend ranging 
from − 2 to − 3 °C that is up to 1 °C under RCP8.5.

TX10 and TX10p: TX10 is the 10th percentile computed 
for each time slice from maximum temperature. TX10p is 
the percentage of days with a maximum temperature below 
the 10th percentile computed from the present climate con-
ditions. TX10p is also called cold days. From Figs. 8 and 
9 m–p, it is clear that Eta projects higher values of TX10 
in DJF and GCMs in JJA. The highest values of TX10 are 
projected under RCP8.5. For example, in DJF, the changes 
projected by Eta are 2 ºC over the north of northeast Brazil 
and the western boundary of SA. In a large part of the con-
tinent between 25°S and 10°N, Eta projected changes are 
up to 5 ºC.

Considering TX10p, it is negative and statistically sig-
nificant over the whole continent in DJF (Fig. 8q–t). These 
results indicate that the number of cold days is projected to 
decrease in the future climate. This decrease is pronounced 
in the GCMs ensemble to the north of 20°S (> 9%) in both 
scenarios. In the Eta ensemble, it is more concentrated in 
the SACZ region (7–8%). In JJA (Fig. 9q–t), the decrease 
in the frequency of cold days is still higher to the north of 
20°S compared with DJF. Nevertheless, to the south of 20°S, 
it has a slight decrease with the Eta ensemble showing no 
changes from southern Bolivia to the centre of Argentina 
under RCP4.5. The changes projected in TX10p in both sce-
narios have a similar magnitude and spatial distribution to 
those under scenario A1B (López-Franca et al. 2016). In 
terms of spatial pattern, these changes occur in the same 

place where there is an increase in this variable from 1950 
ahead (Dunn et al. 2020; Dereczynski et al. 2020).

TX90 and TX90p: TX90 is the 90th percentile computed for 
each time slice from maximum temperature. TX90p, also 
called warm days, is the percentage of days with a maximum 
temperature above the 90th percentile computed from the 
present climate conditions. The changes projected to TX90 
are similar to those of TX10 in terms of spatial pattern and 
magnitude. Nonetheless, it does not occur to TX90p and 
TX10p since TX90p has a very high increase (in module) 
than TX10p. It means that the increase in the frequency of 
warm days is higher than that of the decrease of cold days. 
In DJF (Fig. 8y–ab), regions like the Amazon, north of SA 
and north of northeast Brazil, show the highest increase in 
TX90p, higher 65% in both ensembles under RCP8.5. In JJA 
(Fig. 9y–ab), in both scenarios and ensembles, the changes 
are more remarkable to the north of 20°S and lower to the 
south of this latitude when compared with DJF. Again, the 
Amazon and north of northeast of Brazil present the most 
notable changes, greater than 70% under RCP8.5.

In summary, for the temperature, ensembles project 
warmer conditions under RCP8.5 over the whole conti-
nent. Projections characterize the cold nights and days' 
frequency decrease (TN10p and TX10p) and the warm 
nights and days' frequency increase (TN90p and TX90p). 
Moreover, the percentage of change is higher for warm 
nights and days compared to cold ones. Another interest-
ing result is that in the tropical region (to the north of 
20°S), the warm nights' percentage change overtakes that 
of warm days.

Although we have not explored other variables (such as 
long and short wave radiation and cloud cover) to explain 
how warm nights increase more than warm days, some 
hypotheses are based on the literature (Dai et al. 1999; 
Zhou et al. 2009; López-Franca et al. 2016). Considering 
(a) that the capacity of the air to maintain water vapour 
in a warmer climate is higher than in the historical period 
(that follows the equation of Clausis-Cleyperon), (b) that 
water vapour is the main greenhouse gas and (c) a great 
concentration of other greenhouse gases in the atmos-
phere, it is assumed that there is less loss of longwave 
radiation from the surface to space at night. Greenhouse 
gases keep the energy captured at the surface during the 
day, warming the surface at night, leading to a warmer 
minimum temperature. On the other hand, greenhouse 
gases are not able to absorb shortwave radiation emitted 
by the Sun. Then, during the daytime, this energy reaches 
the surface. However, not all the energy emitted by the 
Sun reaches the surface because of the albedo effect of 
clouds. Dai et al. (1999) and López-Franca et al. (2016) 
mention that the influence of clouds has opposite effects 
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Fig. 8   Changes (future minus 
present) projected to the 
maximum temperature climate 
indices from GCMs and Eta 
ensembles in DJF: a–d TX (°C), 
e–h TXn (°C), i–l TXx (°C), 
m–p TX10 (°C), q–t TX10p 
(%), u–x TX90 (°C) and y–ab 
TX90p (%). From left to right: 
GCMs and Eta ensembles under 
RCP4.5 and RCP8.5, respec-
tively. Cross-hatching presents 
differences statistically signifi-
cant at 0.1 confidence level
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Fig. 9   Similar to Fig. 8 but for 
JJA
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on night and day processes. According to these authors, 
clouds can reduce the maximum temperature by reflect-
ing the shortwave radiation and increase the minimum 
temperature by enhancing downward longwave radiation. 
Then, the clouds may contribute to a higher percentage 
of warm nights than warm days in the future climate. We 
also highlighted that although Sect. 3.2.1 shows a decrease 
in PRCTOT and CWD, it does not mean that the cloud 
cover will decrease in the future climate. This hypothesis 
is supported by Zhou et al. (2009) projections that show a 
slight change in the shortwave radiation (~ − 6 W m2) and 
changes reaching ~ 30 W m2 in the longwave radiation.

3.3 � Summary of the projected changes focusing 
on Brazil

Previous sections showed that the signal of the climate 
changes projected over SA has different spatial and tempo-
ral variability. In order to summarise the results focusing 
on Brazil (which covers 48% of the SA area, Worldometer 
2021), Fig. 10 shows, for each Brazilian biome, the percent-
age changes in the precipitation and the average changes 
of minimum (TN) and maximum temperature (TX) under 
RCP4.5 and RCP8.5. The country was divided into biomes 
instead of administrative regions due to two reasons: (a) 
follow the analyses of the Climate Change Brazilian Panel 
(PBMC 2013, 2020) and Almagro et al. (2020) and (b) 
because the biomes have proper environmental features (i.e., 

climate, vegetation etc.), which is not the case when the 
country is divided by administrative regions. A numerical 
modelling study of the climate change impacts on the veg-
etation/species is beyond the scope of this study (for exam-
ple, to analyse the vegetation changes, models of dynamic 
vegetation are necessary; Potter 2004; Cubasch et al. 2013). 
However, we include a brief review of the literature on this 
subject for each Brazilian biome. Moreover, some pieces of 
information on the impacts of climate change on water avail-
ability and agriculture is included in this section.

Amazon forest: dry conditions and higher temperatures 
characterize the climate changes in this biome. Precipita-
tion is projected to decrease in all ensembles, seasons and 
scenarios. Eta ensemble under RCP8.5 indicates a precipi-
tation decrease of 20% in DJF and ~ 30% in JJA. TX shows 
a higher increase compared to TN. For example, the Eta 
ensemble projects an increase of ~ 5 °C in DJF and JJA under 
RCP8.5 (Fig. 10b). Concerning the species distribution, the 
dry and warmer conditions in the Amazon Forest can lead 
to a savannization of this region (Stark et al. 2020). Accord-
ing to Marengo et al. (2011), savannization is expected if 
the warming is above 3.5–4 °C due to increased greenhouse 
gases concentrations. Lyra et al. (2016) used a dynamic veg-
etation model forced by the Eta model driven by HadGEM2-
ES. In the Amazonian region, the authors obtained that some 
rainforest areas may be replaced by deciduous forest type 
and grassland under RCP4.5 and only by grassland under 

Fig. 10   Changes projected over six SA biomes by GCMs and Eta ensembles for DJF and JJA precipitation (bars), minimum temperature (green 
line) and maximum temperature (red line) under RCP4.5 and RCP8.5 in the 2050–2080 period
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RCP8.5 scenario at the end of this century. Under RCP4.5 
(RCP8.5) is projected a reduction of ~ 9% (50%) in the area 
of tropical forest. Marengo et al. (2018a) highlight that the 
land-use change in the future depends on socio-economic 
factors defined in the IPCC scenarios. These same authors 
also present a review of climate change impacts on the Ama-
zon region. We mentioned some studies that evaluate the 
impact of atmospheric warming on the species. However, 
other studies simulate the impact of deforestation on the 
climate (e.g. Llopart et al. 2018). Concerning the current cli-
mate, the Amazon region has recorded periods of droughts. 
From 2005, Amazon experienced three severe droughts 
caused by different drivers (Zou et al. 2016; Jimenez et al. 
2018). Observational studies also have shown a substantial 
reduction in the leaf area index (LAI) as forest loss increased 
(Baker and Spracklen 2019), with evapotranspiration (ET) 
showing a decline (Baker and Spracklen 2019; Oliveira 
et al. 2021). These variations are related to changes in tem-
perature, with increased warming as deforestation increased 
(Baker and Spracklen 2019).

Pantanal: Precipitation decrease is the dominant signal in 
this region, mainly in JJA, reaching ~ 40% in the Eta ensem-
ble under RCP8.5. For the temperatures, the most substan-
tial changes are projected to DJF (4–5 °C) under RCP8.5 
(Fig. 10c). Pantanal is the world's largest freshwater wetland 
(Schulz et al. 2019; Lázaro et al. 2020). Therefore, the future 
deficit of precipitation in this biome may cause a tremendous 
negative impact on the species that depend on water avail-
ability. Colman et al. (2019) analysed the impact of climate 
change on land use in Pantanal. They computed the average 
annual soil erosion for the baseline (2012) and projected 
scenarios for 2020, 2035, and 2050. For the worst scenario, 
the cropland expansion in some parts of the highlands may 
increase the soil loss up to 100% (2012–2050). For the same 
period, it is projected an increase of 20–40% in soil loss 
in parts of the Pantanal biome, associated with farmland 
increase (mainly for livestock) in the lowlands. Alho et al. 
(2019) describe the threats to the Pantanal biodiversity due 
to land use and occupation. In this observational study, the 
authors mention that the influence of the flood variability in 
annual and inter-annual scales can be evidenced in the field 
through specific vegetation patterns. According to this study, 
two trends are observed: (a) in prolonged drought events, 
some woody plants colonize the former seasonally flooded 
fields with homogeneous formations, and (b) in prolonged 
periods of flood, water-tolerant trees are observed to form 
homogeneous or monodominant blocks. A case of prolonged 
drought in Pantanal has been registered since 2019, with 
subsequent fires engulfing hundreds of thousands of hectares 
(Marengo et al. 2021). In 2020, the river levels reached shal-
low values, and transportation had to be restricted in some 
parts of the rivers (Marengo et al. 2021). According to Leal 

Filho (2021), the area affected by fires in 2020 (around 3.9 
million hectares) is more than twice the area burnt in 2019 
and corresponds approximately to the combined areas of 
Rio de Janeiro and São Paulo cities. Lázaro et al. (2020) 
also found that Northern Pantanal has 13% more days with-
out rain than in the 1960s, and the water mass is 16% less 
during the dry season considering the last ten years. It is an 
indication that the Pantanal is losing water and experiencing 
a more severe drought season than in the past.

Atlantic forest: In this biome, the ensembles are discord-
ant in terms of the climate change signal for precipitation. 
While GCMs ensemble projects an increase in precipitation 
in both seasons and scenarios, the Eta ensemble projects a 
decrease. The changes in the temperature range from 2 to 
4 °C (Fig. 10d). As more than 60% of the Brazilian peo-
ple live within the Atlantic Forest domain, climate changes 
in this biome can cause significant social vulnerability 
(Scarano and Ceotto 2015). Regarding the distribution of 
species, changes in precipitation and increased temperature 
can lead to the animals' extinction since habitat becomes 
inadequate for the species (Loyola et al. 2014; Scarano 
and Ceotto 2015; Moraes et al. 2019). For example, Lima 
et al. (2019) investigated how climate changes scenarios 
will influence primate biodiversity. They found that regions 
closer to Savanna will face a reduction in primate richness. It 
is also projected community heterogenization driven by the 
reduction of species geographic distributions, and the most 
remarkable temporal changes are projected for the midwest 
and central region of the Atlantic Forest biome. Moraes et al. 
(2019) evaluated the effects of climate change on climati-
cally suitable areas for the occurrence of snakes, considering 
the responses of distinct reproductive groups (oviparous and 
viviparous). Their projections indicate that 73.6% of ovipa-
rous species and 67.6% of viviparous species could lose at 
least half of their original range by 2080. Atlantic Forest is 
projected to warm in the future scenarios and, consequently, 
acquire adequate conditions for the sylvatic mosquito (pri-
mary vector of Plasmodium spp.), which can cause malaria 
in humans outside the Amazon biome (Azevedo et al. 2019).

Semi-arid or Caatinga (Brazilian name): In DJF under 
RCP4.5, the ensembles project an increase in precipita-
tion, and under RCP8.5, a slight decrease of this variable. 
Inversely, in JJA, the ensembles under both scenarios pro-
ject a decrease of precipitation that reaches 25% (40%) in 
the Eta ensemble under RCP4.5 (RCP8.5). The different 
climate change signals in DJF scenarios can be associ-
ated with the internal variability of the climate system to 
the different levels of warming (Deser et al. 2012). This 
kind of signal does not occur only over SA. For instance, 
Ali et al. (2020) showed opposite signals in the precipita-
tion projected for Pakistan under RCP4.5 and RCP8.5. The 
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changes in temperature in Caatinga ranges between 2 and 
3 °C (Fig. 10e). Caatinga is a biome located in the second 
drier region in South America (Reboita et al. 2010) and can 
be considered a “semi-arid island” inside tropical latitudes. 
The most important driver for this semi-arid climate is the 
subsidence branch of the intense convection in the Amazon 
Forest (Reboita et al. 2016). The drier conditions projected 
for Caatinga can increase the aridity and, consequently, 
desertification processes, loss in local biodiversity (Oliveira 
et al. 2012; PBMC 2013; Vieira et al. 2015; Rodrigues et al. 
2015) and increasing food insecurity (Lemos et al. 2016). 
Oliveira et al. (2012), through two greenhouse gas emission 
scenarios for 2020, 2050, and 2080, suggest that natural veg-
etation remnants will likely play a role as climate refuges for 
the Caatinga biome’s endemic vertebrate species. Souza e 
Silva et al. (2019) also mention that plant species endemic 
to the Caatinga are highly vulnerable to even conservative 
scenarios of future climate change and may lose much of 
their climatic envelopes. During the last years, Caatinga 
registered the longest sequence of dry years (2010–2017) 
with a consequent reduction in water availability and a direct 
effect on the mortality and recruitment of woody species as 
well as shrubby-tree individuals of smaller diameter showing 
less resilience to the cumulative effect of drought (Marengo 
et al. 2018b; Campos et al. 2020). In addition, these severe 
drought conditions have in recent years caused a decrease in 
the volume of hydroelectric reservoirs, such as Sobradinho 
and Itaparica (Cunha et al. 2019; Vasquez-Arroyo et al. 
2020).

Savanna or Cerrado (Brazilian name): For DJF, the only 
significant change projected to the precipitation is by the Eta 
ensemble under RCP8.5 (~ 10%). Nonetheless, for JJA, in 
both scenarios, GCMs ensemble projects a deficit of ~ 10% 
while Eta ensemble projects more than 50% (Fig. 10f). Since 
JJA is the dry season in the Savanna biome, a future precipi-
tation decrease may significantly impact the water supply 
and other activities in this region. The projected increase 
of temperature in this region is ~ 3 °C (~ 4 °C) in RCP4.5 
(RCP8.5). These simultaneous changes in decreasing pre-
cipitation and increasing temperature may compromise 
agriculture (Zilli et al. 2020) and hydropower generation 
(Oliveira et al. 2019; Rodrigues et al. 2020). Under RCP4.5 
and RCP8.5, Zilli et al. (2020) obtained with GBLOBIOM-
Brazil by 2050 a decrease in soybeans and corn production, 
mainly in the Northern Cerrado, and southward displace-
ment of agricultural production to near-subtropical and 
subtropical regions of the Cerrado and the Atlantic Forest 
biomes. Caetano et al. (2018), for the period 2080–2100 
under RCP4.5, project a decrease in soybean production by 
up 50% in the central region of Brazil. For coffee production, 
Zullo Junior et al. (2006, 2008) simulated three scenarios: 
temperature increasing in 1 °C, 3 °C and 5.8 °C concomitant 

with a 15% increase in precipitation. For São Paulo state, in 
the more pessimistic scenario, the area suitable for this pro-
duction decreases for 3.3% compared to the present climate. 
Another problem in the Savanna biome is the fires, mainly 
during the dry season (Silva et al. 2019b) and the beginning 
of spring (Santos et al. 2019), which negatively impact bio-
diversity. Concerning the Savanna biodiversity, Borges and 
Loyola (2020) identified the refugia areas for bird species 
considering projections for 2050 under the RCP8.5 scenario. 
Results indicate that regions with more native vegetation in 
the north and northeast Savanna may be further vulnerable 
to higher values of temperature and precipitation anoma-
lies. While 35.4% of the biome are high-risk areas exposed 
to high climate anomalies and poor native vegetation, only 
13% of the territory may be potential refugia for bird species 
since those areas are more likely to retain native vegetation 
and face low climatic anomalies. Savanna has experienced 
climate extremes in the last decade with the severe drought 
in the 2014 and 2015 summers (Reboita et al. 2015; Coe-
lho et al. 2016), which led to the major hydric crises and a 
decrease in the volume of hydroelectric reservoirs, such as 
Cantareira and Três Marias (Nobre et al. 2016; Cunha et al. 
2019; Vasquez-Arroyo et al. 2020).

Grassland: In DJF, both ensembles and scenarios agree with 
the precipitation increase being higher than 10%. In JJA, 
GCMs ensemble projects an increase of precipitation in both 
scenarios, while Eta ensemble projects a decrease. For the 
temperatures in DJF, the projected changes reach 4 °C, while 
in JJA, it is lower than 2 °C (Fig. 10g). Concerning biodiver-
sity, these conditions can lead to the extinction of species or 
changes in plants distribution patterns of this biome (Giudi-
celli et al. 2019; Trindade et al. 2020). For soybeans, while 
it is projected to decrease production in the Savanna biome 
by 2080–2100, Grassland will have more favourable condi-
tions, with an increase of ca. 25% (Caetano et al. 2018). 
Streck et al. (2012) observed the changes in agriculture in 
the last decades (from 1912 to 2011) and mentioned that 
temperature increase was responsible for changing the rice 
phenology. Over the studied period, rice culture showed 
anticipation of harvest time of 17–31 days, which is related 
to trends of temperature increase during the growing season.

From the previous discussion, it is clear that climate 
change causes alterations in the phenology and composi-
tion of ecological communities (Parmesan 2006; Chen et al. 
2011). Moreover, tropical species are more vulnerable to 
climate changes since they live near their maximum thermal 
tolerance, have high sensibility and low adaptation capacity 
(Araújo et al. 2013; Foden et al. 2013; Khaliq et al. 2014; 
Borges and Loyola 2020). Hence, these outcomes provide 
important information for the ecological/environmental 
areas seeing that climate changes cause variations in species 
distribution (Walther et al. 2002). Climate change effects 
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on forest biodiversity and ecosystem functions are associ-
ated with changes in forest structural complexity (Stark et al. 
2012; Stein et al. 2014; Gough et al. 2019; Penone et al. 
2019; Ehbrecht et al. 2021). Therefore, assessing the impacts 
of climate change on different tropical forests demands a 
profound understanding of how climate controls and shapes 
forest compositional and functional diversity (Kreft and Jetz 
2007; Harrison et al. 2020; Ehbrecht et al. 2021). To finish 
this section, as Titeux et al. (2016), we suggest that studies 
that evaluate the impacts of environmental changes on bio-
diversity should not only focus on climate changes but also 
on land-use changes.

4 � Conclusions

The skill of two ensembles (GCMs and Eta) in reproducing 
SA climate is presented here. These ensembles were based 
on daily precipitation and minimum and maximum tempera-
tures for the 1980–2015 period. Besides, changes projected 
by the ensembles under the RCP4.5 and RCP8.5 scenarios 
for the 2050–2080 period were also performed.

Validation: Both GCMs and Eta ensembles capture spatial 
and temporal variability of precipitation and mean tempera-
ture over SA. This good representation is also observed in 
terms of climate indices but with differences in intensity. 
For example, P95, an indicator of the daily rainfall extreme 
intensity, is less intense over southeastern SA in both ensem-
bles and seasons. In DJF, this feature may indicate that the 
models cannot simulate the mesoscale convective systems 
that are a climatological characteristic of that region (Salio 
et al. 2007; Demaria et al. 2011). Eta shows some improve-
ments in simulating the SA present climate compared to 
GCMs. For instance, Eta corrects the precipitation overes-
timation over the Andes in DJF and simulates the observed 
values of maximum precipitation over southern Brazil in 
JJA. For these reasons, we can consider that Eta adds value 
to GCMs. In terms of trends, precipitation ensembles (Eta 
and GCMs) do not compare well with observations, while 
temperature trends have more similarities with CPC.

Future climate: Southeastern SA, Amazon and northeast 
Brazil are the regions more vulnerable to climate changes. 
In southeastern SA, it is due to the impacts of higher fre-
quency and intensity of daily rainfall extremes and increase 
of CWD. In the Amazon, the projections indicate drier con-
ditions compared to the historical period. Lastly, northeast 
Brazil appears vulnerable in JJA when the models project an 
increase (decrease) of CDD (CWD). Furthermore, over the 
whole SA, is projected to have an increase in the tempera-
ture being higher under RCP8.5. The results also indicate a 

decrease (increase) in the frequency of cold (warm) nights 
and days. Additionally, the percentage of change is higher 
for warm nights and days compared to cold ones. In the 
tropical region (to the north of 20°S), the warm nights' 
change overtakes that of warm days. Considering the Bra-
zilian biomes in DJF and JJA, they may be affected by an 
increased temperature, while precipitation is more variable 
across the ecosystems. For example, in the Amazon For-
est is projected a decrease of more than 10% in seasonal 
precipitation amounts, while in Grassland (south of Brazil) 
is expected an increase of more than 10% compared to the 
present climate.

Support for policymakers' decision: This study is a source of 
helpful information for policymakers since they need to pre-
pare strategies for several impacts of climate change. These 
impacts may lead to effects such as (a) on public health due 
to the thermal stress caused by the occurrence of persistent 
warm temperatures and increase of diseases like malaria; (b) 
demand of energy and water availability due to high temper-
atures projected for the future; (c) natural disasters associ-
ated with heavy rainfall events mainly in poor communities.

Final message: Climate models are tools used to represent 
the climate, and when applied to the future, they include 
suppositions of human activities (scenarios). Thus, climate 
projections involve uncertainties that are associated with dif-
ferent sources (Hawkins and Sutton 2009; Giorgi 2010; Latif 
2011; Gettelman and Rood 2016): model uncertainty (model 
design and physical parameterization schemes); initial and 
boundary conditions; scenario uncertainty; and internal vari-
ability of the climate system. Therefore, the results obtained 
in the projections are not the absolute truth of climate in 
the future. Instead of that, they are indicative of the future 
assuming certain lifestyles. In this way, the projections are 
the best information source for the policymakers developing 
their strategies and actions of mitigation and sustainability.
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