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Abstract

Extreme hydroclimatic events have increased in frequency and intensity due to climate change,
generating risks for natural and human systems, especially in vulnerable regions such as South
America. Hot and dry extremes have attracted growing scientific interest due to their negative
impacts, which are intensified when they occur simultaneously. In this work, we characterize
the occurrence of hot events (HEs), dry events (DEs), and compound dry and hot events (CD-
HEs) in tropical South America (TSA) during 1983–2024. We evaluate the ability of a set of
CMIP6/HighResMIP models to reproduce their main characteristics (number of events, median
duration, median gap between events, and median intensity), and analyze projected changes under
different emission scenarios in the near and long term. During the observational period (1983-2024),
a seasonal pattern was identified in HEs, with higher frequency in northern South America dur-
ing December-May and in the Amazon during June–August. Meteorological droughts were more
frequent, but agricultural and ecological droughts were longer in duration. CDHEs occurred less
frequently than HEs, but with longer duration, increasing in frequency in recent decades. Tem-
perature was the dominant factor during CDHEs in most of the TSA. Individual models and the
ensemble median showed limitations in adequately reproducing the number, duration, and gap
between events of observed extreme events. In contrast, they better reproduced the temperature
intensity associated with HEs and CDHEs. The main limitations included overestimation of the
number and duration of events and underestimation of the gap between events in much of TSA,
with high agreement between models (> 80%) in some regions. Projections throughout the 21st
century indicate that HEs and CDHEs will be more frequent, longer-lasting, and more intense in
TSA under all scenarios, especially in the long term and under higher emissions. Increases in CD-
HEs are primarily driven by increases in HEs, even though the frequency of DEs decreases in some
areas, particularly between December and May. The observation-based analysis showed that the
northern Andes, Orinoco, Brazilian Amazon, and northern Cerrado were among the regions with
the largest increases in the frequency of HEs, DEs, and CDHEs. For these regions, an increase in
the number of hot and dry days, longer event durations, higher maximum temperature intensity,
and more severe droughts is expected by the end of the century, especially under the high-emission
scenario.

Keywords: Drought; Hot extremes; Compound events; CMIP6; Tropical South America.
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Chapter 1

Introduction

Extreme hydrometeorological events, such as heatwaves, droughts, or floods, are becoming more
frequent and intense due to global warming (Seneviratne et al., 2021), posing risks to water avail-
ability, agriculture, ecosystems, public health, among others. South America is highly vulnerable
to these extreme events because of the low socioeconomic development of most countries in the
region and the low adaptive capacity of human systems (Castellanos et al., 2022; Cavazos et al.,
2024). According to Nagy et al. (2018), between 2000 and 2015, nearly 74 million people in South
America were affected by floods, landslides, and extreme temperatures, resulting in the displace-
ment of thousands due to adverse environmental conditions.

In 2021, much of South America was affected by high-impact extreme events, such as intense
rainfall in southern and northeastern Brazil, the Brazilian Amazon, and French Guiana, and floods
such as those that affected Colombia and the Peruvian Amazon (OMM, 2022). In addition, se-
vere droughts were recorded in Chile, Paraguay, and the Paraná–Plata basin in Brazil and Ar-
gentina, as well as heatwaves and forest fires in the Brazilian Amazon and the Pantanal (OMM,
2022). During 2023, extreme weather and climate events with serious socioeconomic impacts were
recorded on all continents (WMO, 2024). In central and southern South America, the persistent
drought experienced since 2020 intensified, especially in northern Argentina and Uruguay, where
rainfall between January and August 2023 was 20 % to 50 % below average. This resulted in
crop losses and low water storage levels. Most continental areas experienced warmer-than-average
temperatures between 1991 and 2020, with unusually high records in large areas of Central and
South America (WMO, 2024). Furthermore, the temperatures recorded during the months be-
tween June 2023 and March 2024 are the highest on record (https://www.courthousenews.com/
copernicus-february-marked-9-months-of-record-temperatures-globally/). The year 2024
was the hottest in 175 years of observational records, reaching an annual mean surface temperature
of 1.55 °C (±0.13 °C) above pre-industrial levels (WMO, 2025). El Niño conditions prevailed in
early 2024, contributing to increases of global temperature but also to droughts in northern South
America. In addition, the Amazon basin experienced a severe drought that intensified between
April and June and peaked between July and September (WMO, 2025).

The Sixth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC) dis-
cusses projections of increased intensity and frequency of hot extremes for the South American
region, with the exception of southern South America, where there is insufficient evidence to iden-
tify changes in this variable (Figure 1.1, upper panel). Regarding droughts (Figure 1.1, lower panel),
the IPCC analyzes projections of increased frequency and intensity of agricultural and ecological
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Figure 1.1: Changes observed in the frequency and intensity of hot extremes (top panel) and
agricultural and ecological droughts (bottom panel) from 1950 to 2019. The red hexagons indicate
changes in hot extremes, while yellow hexagons indicate changes in agricultural and ecological
droughts, showing a medium to high level of confidence in the increase in the frequency and intensity
of these extremes in the corresponding region. The green hexagons (bottom panel) indicate medium
to high confidence in the decrease in the frequency and intensity of agricultural and ecological
droughts. Striped hexagons (white and light-grey) indicate low agreement on the type of change,
while the gray hexagons indicate limited information to detect changes. The filled dots within each
hexagon represent the level of confidence in human contribution to the observed changes, ranging
from high confidence (three dots) to low confidence due to limited evidence (one unfilled dot).
Adapted from Arias et al. (2021a).
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droughts for northeastern South America, while for the rest of the region there is low agreement on
the type of change identified by different published studies (Arias et al., 2021a). Figure 1.1 (lower
panel) does not imply that there are no changes in the frequency and intensity of these droughts
in the region, but rather that the scientific studies considered do not allow reaching a level of
agreement with medium or high confidence. However, several recent studies suggest increases in
these extremes in various regions of South America (e.g., Avila-Diaz et al., 2020; Cerón et al., 2021;
Garcia et al., 2018; Marengo & Espinoza, 2016; Wainwright et al., 2022).

In particular, hot extremes and droughts have become an increasing concern within the scientific
community due to their adverse impacts on natural and socioeconomic systems. These impacts are
often more severe when both extremes occur simultaneously (AghaKouchak et al., 2020; Senevi-
ratne et al., 2021; Zhao et al., 2023). However, a geographic imbalance has been observed in the
number of studies published on hot and drought extremes and the regions on which they focus,
as reflected by Afroz et al. (2023). Moreover, most of the studies available for regions of South
America examine only one of these extremes, underestimating the effects of their co-occurrence
(Leonard et al., 2014; Zscheischler et al., 2018). According to the latest IPCC report, research on
projected changes in droughts in South America remains ongoing, highlighting the importance of
analyzing changes in the occurrence of compound dry and hot events (CDHEs), as suggested by
various studies (e.g., Arias et al., 2024; Hao et al., 2018a; Manning et al., 2019). In this context,
this work addresses the following question: How does the occurrence of CDHEs in Tropical South
America vary in historical simulations and in projections under different climate change scenarios?

This work is developed as follows. Chapter 3 presents an observational analysis of the occur-
rence of hot events (HEs), dry events (DEs), and their combination (CDHEs) during the period
1981–2024. Chapter 4 evaluates the ability of different CMIP6/HighResMIP models to simulate
the characteristics of HEs, DEs and CDHEs. Chapter 5 analyzes the projections of HEs, DEs and
CDHEs by CMIP6/HighResMIP models under different greenhouse gas (GHG) emissions scenar-
ios throughout the 21st century. Finally, Chapter 6 discusses the main conclusions of this work.
Chapters 3 to 5 are structured as individual papers, so the theoretical framework, as well as the
data and methodology considered, are presented within each chapter.
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Chapter 2

Objectives

2.1 General Objective

To identify changes in the combined occurrence of extreme hot and dry events in Tropical South
America according to historical simulations and projections under different climate change scenar-
ios.

2.2 Specific Objectives

• To characterize changes in the frequency, duration and intensity of compound dry-hot events,
based on maximum temperature and standardized precipitation index (SPI), in Tropical South
America using different observational databases (e.g., CHIRPS, CPC, ERA5) for the historical
period (1981-2024).

• To evaluate the performance of CMIP6/HighResMIP in simulating compound dry-hot events
in Tropical South America during the historical period (1983-2014) using Taylor diagrams
and Taylor Skill Score (TS).

• To identify projected changes in the frequency, duration and intensity of compound dry-hot
events in Tropical South America during the near-term (2021–2040) and long-term (2081–2100)
periods, under SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5 and highres-future scenarios.
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Chapter 3

Occurrence of hot, dry, and
compound dry and hot events in
Tropical South America:
Observational Analysis (1981–2024)

3.1 Introduction

Numerous studies have addressed the analysis of changes in the frequency and intensity of droughts
in various regions of South America. For instance, the Amazon basin has experienced severe
droughts since the late 20th century (Garcia et al., 2018; Marengo & Espinoza, 2016; Panisset
et al., 2018); in particular, the 2005 and 2010 events were characterized by their large spatial ex-
tent and severity (Panisset et al., 2018). Additionally, more than three-quarters of the Amazon
rainforest has been losing resilience since the early 2000s, with a more accelerated reduction in re-
gions with a lower rainfall (Boulton et al., 2022). However, the effects of drought are not limited to
the Amazon region. Avila-Diaz et al. (2020) and Cerón et al. (2021) have documented an increase
in the duration of dry periods in the northern La Plata river basin and much of Brazil, respectively.

In a recent study, Wainwright et al. (2022) observed an increase in the duration of dry spells dur-
ing the dry season in northeastern South America, with an increase of approximately 2 days/decade.
This phenomenon has been linked to a warming pattern in the North Atlantic Ocean and to an
amplified land surface warming in contrast to the surrounding oceans. Furthermore, these effects
are expected to intensify due to the increase in global temperature (Wainwright et al., 2022). In
northern South America, Arregocés et al. (2025b) analyzed drought trends and variability from
1982 to 2022. Their study showed that the coastal areas of Colombia and Venezuela experienced
moderate to severe droughts between January and March. Similarly, the Orinoco region has faced
severe drought-related impacts, particularly during February. The trend toward longer dry periods
in South America may also be associated with deforestation, as it has been shown to significantly
affect moisture recycling and reduce latent heat flux, demanding greater moisture transport and
deeper convection to generate precipitation (Leite-Filho et al., 2019; Ruiz-Vásquez et al., 2020).

Central-eastern South America has also been affected by dry events (DEs). In 2020, the Pan-
tanal region experienced major wildfires, largely driven by the combined effects of drought and
heatwaves (Libonati et al., 2022). This drought also had severe impacts on the region’s hydrology,
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significantly lowering the water level of the Paraguay River (Marengo et al., 2021). During 2020-
2023, central-eastern South America faced severe drought conditions, with substantial negative
soil moisture anomalies. These anomalies were linked to internal climate variability, particularly
the occurrence of the La Niña phase of the El Niño–Southern Oscillation (ENSO) (Arias et al.,
2024; Geirinhas et al., 2023). Geirinhas et al. (2023) identified that the precipitation deficits and
increased evaporation in east-central South America were driven by both subtropical and tropical
forcing. This was associated with changes in the circulation of the Walker and Hadley cells, as well
as with a Rossby wave that extended from the western South Pacific to South America.

While droughts typically persist over extended periods, recent research indicates that they can
develop rapidly under extreme conditions (Zeng et al., 2023). The frequency of flash droughts has
increased during recent decades in humid and vegetated regions, such as the Amazon and Congo
river basins, compared to 1981-2000. In addition, Zeng et al. (2023) found that flash droughts in
several regions were mainly caused by precipitation deficits and positive temperature anomalies
during the 1981-2000 and 2001-2020 periods.

With respect to hot events (HEs), an increase in the proportion of extremely hot days has been
observed during the last decades in northern South America for December-January-February (Feron
et al., 2019). On the other hand, Rusticucci & Zazulie (2021) conducted an attribution analysis and
projections of extreme temperature trends in southern South America, finding a marked warming
trend in tropical nights, with a clear anthropogenic signal in the subtropical region. For example, in
the subtropical Andes, a decrease in frost days and an increase in tropical night temperatures and
the number of hot days have been observed, with evident anthropogenic influence. Furthermore,
in the Patagonian region, there is a pronounced effect of anthropogenic forcing on the increasing
frequency and intensity of temperature extremes (Rusticucci & Zazulie, 2021). Similarly, in the
Brazilian Amazon basin and northeastern Brazil, an increase in temperatures has been recorded,
with a higher number of hot days and nights and a lower frequency of cold days and nights (Da Silva
et al., 2019).

One of the emerging threats posed by human-induced climate change is the occurrence of com-
bined extremes, also known as compound extremes. In various parts of the world, increases in
the frequency of compound dry and hot events (CDHEs) have been recorded (e.g., Alizadeh et al.,
2020; Ghanbari et al., 2023; Hao et al., 2018a; Mazdiyasni & AghaKouchak, 2015; Mukherjee &
Mishra, 2021; Sharma & Mujumdar, 2017; Wu et al., 2021a; Xu & Luo, 2019; Yu & Zhai, 2020).
Moreover, the severity and spatial extent of CDHEs have increased globally since the 1990s (Wu
et al., 2021a). The coexistence of these compound events is largely explained by land–atmosphere
feedbacks, which drive and amplify these phenomena at regional and local scales (AghaKouchak
et al., 2020; Miralles et al., 2019; Perkins, 2015). Shi et al. (2021) found that the intensity and
duration of heatwaves increased during CDHEs, in contrast to individual heatwave events. This is
attributed to land–atmosphere coupling, which acted as a key factor in amplifying the severity and
frequency of compound events (Shi et al., 2021). Furthermore, Lyu et al. (2025) observed that,
in northern and southeastern South America, synchronous CDHEs tend to occur primarily at a
regional scale. Meanwhile, regions such as the Amazon, the Congo Basin, and the Yangtze River
Valley act as key nodes within a synchronization network, capable of coordinating the occurrence
of CDHEs with other nodes even at intercontinental or interhemispheric scales.

In the context of South America, Costa et al. (2022) focused on analyzing heatwaves in the
Amazonia, observing that the most extreme events occurred under conditions of severe drought.
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In 2023, the Amazon experienced drought conditions and hot extremes, associated with two atmo-
spheric mechanisms: anomalies in vertically integrated moisture flux over the southwest (November
2022 - February 2023) and subsidence of warm air in the north (June - August 2023) (Espinoza
et al., 2024). In the Orinoco region, Arias et al. (2025b) found a greater precipitation deficit during
CDHEs compared to DEs during the period 1981-2021. The reduction in cloud cover associated
with decreased precipitation increased surface solar radiation, raising land temperature and rein-
forcing drought impacts. In addition, they identified that these combined conditions increased the
area burned in the basin.

In the Pantanal region, Costa et al. (2024) identified that the extreme event occurring between
2019 and 2021 included a prolongation of the dry season, a reduction and delay of the rainy sea-
son, and the persistent presence of heatwaves, resulting in CDHEs. In the states of São Paulo,
Rio de Janeiro, and Minas Gerais, statistically significant increases in the number of CDHEs have
been recorded. Specifically, the last decade was marked by two austral summer seasons (2013–2014
and 2014–2015) characterized by concurrent drought and heatwave conditions, driven by severe
precipitation deficits and increased frequency of atmospheric blocking patterns (Geirinhas et al.,
2021). Another notable case is the 2020-2023 drought across central and southern South America,
attributed to three consecutive La Niña events (Jones, 2022) and concurrent heatwave development
(Arias et al., 2024; Collazo et al., 2024; Rivera et al., 2023). Recent studies have identified that in
regions particularly affected by ENSO, such as northern South America, El Niño can increase the
probability of CDHEs during the dry season by approximately 60 %, while La Niña can contribute
to a decrease of about 35 % in the probability of occurrence of these compound events (Feng & Hao,
2021). In southern South America, CDHEs are associated with La Niña events and the negative
phase of the Pacific Decadal Oscillation (Collazo et al., 2023). This relationship between ENSO
and CDHEs in South America has also been evidenced in other studies (e.g., Feron et al., 2024;
Hao et al., 2018b; Zhang et al., 2023). On the other hand, studies such as those by Chiang et al.
(2022), Pan et al. (2023), and Li et al. (2025) have analyzed the influence of climate change on the
occurrence of CDHEs. For example, Chiang et al. (2022) found that in land areas between 60°N and
60°S, the occurrence of CDHEs is approximately 2.7 times higher under historical conditions than
under historical natural-only conditions, with this difference being more pronounced in tropical
and subtropical regions. Also, a solid anthropogenic influence on the intensified has been detected
in the CDHEs across six continents and in over 65 % of the subcontinental regions (Pan et al., 2023).

This chapter begins by examining the occurrence of HEs, DEs, and CDHEs during the last
decades using observational datasets, which provides useful context on the characteristics of these
extremes in tropical South America. First, individual HEs are examined (Subsection 3.3.1). Then,
subsection 3.3.2 presents the results related to DEs, while subsection 3.3.3 explores the combined oc-
currence of both extremes (CDHEs). Subsection 3.3.4 focuses on specific regions which experienced
substantial increases in CDHEs, and finally, Section 3.4 presents the conclusions and discussion of
the main findings.

3.2 Data and methodology

3.2.1 Study region

The study area (Figure 3.1) corresponds to the Northwestern South America (NWS), Northern
South America (NSA), and South American Monsoon (SAM) climate regions, as defined in the
Sixth Assessment Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC) (Itur-
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Figure 3.1: Land cover over Tropical South America (TSA) according to the Copernicus Global
Land Service (https://land.copernicus.eu/en). The black boxes indicate the four regions where
the largest changes in the occurrence of HEs, DEs, and CDHEs were observed during 1981-2024:
(A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado.

bide et al., 2020). These three regions are collectively referred to here as Tropical South America
(TSA). Colombia is included in the NWS and NSA regions. The IPCC regional classification is
used here to define the TSA domain but does not inform the subsequent analysis. We selected this
area due to the limited number of studies on CDHEs in this part of the continent, in contrast to
the greater research focus on southern South America (e.g., Collazo et al., 2023; Geirinhas et al.,
2021; Monteiro Dos Santos et al., 2024a).

The analyses presented in Chapter 3 identify four regions of TSA exhibiting the largest changes
in the occurrence of HEs, DEs, and CDHEs during the 1981–2024 period, based on observa-
tional/reanalysis datasets. These regions are the northern Andes, the Orinoco, the Brazilian
Amazon, and the northern Cerrado. In this section, we focus on the evolution of the different
characteristics of HEs, DEs, and CDHEs in these regions. We considered the following spatial
domains for each region (Figure 3.1):

• Northern Andes (3–13°N, 79–72°W), encompassing the Caribbean, Pacific, and Andean
regions of Colombia.

• Orinoco (1–10°N, 72–60°W), which includes the Orinoco River basin.

• Brazilian Amazon (8°S–0°N, 70–55°W), covering the northwestern portion of the Brazilian
Amazon.

• Northern Cerrado (15.5–10°S, 55–40°W), which represents the northern sector of the Cer-
rado biome.
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3.2.2 Gridded data

To analyze the occurrence of CDHEs in TSA during the 1981–2024 period, we used daily maxi-
mum temperature data from the Climate Prediction Center (CPC) Global Unified Temperature
dataset, provided by the National Oceanic and Atmospheric Administration (NOAA) Physical
Science Laboratory (PSL) (Boulder, Colorado, USA), available at https://psl.noaa.gov. This
dataset provides daily records from 1979 to the present, with a horizontal resolution of 0.5°. Ad-
ditionally, we used the ERA5 reanalysis from the European Centre for Medium-Range Weather
Forecasts (ECMWF) (Hersbach et al., 2023), which provides records from 1979 to the present,
with a horizontal resolution of 0.25°. For monthly precipitation, we used data from the Climate
Hazards Group Infrared Precipitation with Stations (CHIRPS) v2 (Funk et al., 2015), which has a
horizontal resolution of 0.25° and data available from 1981 to the present.

3.2.3 Events identification

Dry and hot extremes can occur on different time scales. While temperature extremes, such as
heatwaves (generally associated with low-to-mid-troposphere anticyclones), can last from weeks to
months, droughts can vary in duration, ranging from days to weeks (in the case of flash droughts)
and may even persist for months or years (in the case of prolonged droughts) (Hao et al., 2022).

To identify and assess the occurrence of HEs and DEs, different indices have been used to ana-
lyze changes in their frequency, duration, and intensity. Drought indices are quantitative measures
that characterize drought conditions by incorporating multiple indicators, such as precipitation
and evapotranspiration. Beyond the type of drought being assessed, droughts are primarily char-
acterized along three dimensions: severity, duration, and spatial distribution, as well as two main
attributes: frequency and magnitude (Zargar et al., 2011). Droughts are classified as meteoro-
logical droughts (when a precipitation deficit occurs), agricultural and ecological droughts (when
a soil moisture deficit occurs), and hydrological droughts (when the deficit extends to surface
runoff) (Seneviratne et al., 2021; Van Loon, 2015; Wilhite & Glantz, 1985). Similarly, warm ex-
treme indices can be categorized into three groups: absolute indices, duration-based indices, and
percentile-based indices, as proposed by the Expert Team on Climate Change Detection and Indices
(ETCCDI) (http://etccdi.pacificclimate.org/list 27 indices.shtml).

In this work, we used the Standardized Precipitation Index (SPI) to assess meteorological
drought conditions (McKee et al., 1993). The SPI has several advantages. First, it can be com-
pared across locations and calculated over multiple time scales (Zhang et al., 2022b). Second, SPI
allows differentiating between different types of drought, such as meteorological (3-months SPI;
SPI3), agricultural and ecological (6-months SPI; SPI6), and hydrological (12-months SPI; SPI12)
(McKee et al., 1993; Vicente-Serrano & López-Moreno, 2005). In addition, the World Meteorologi-
cal Organization (WMO) has recommended this index for detecting meteorological drought (Hayes
et al., 2011), and Kim et al. (2022) reported that the SPI is commonly used in regions such as
Africa, Europe, South America, as well as in tropical and arid climates. However, it is important
to consider its limitations: the SPI relies exclusively on precipitation data to characterize drought,
and these data may face measurement and availability challenges (Feng et al., 2021). Also, this
index does not consider the influence of evapotranspiration. Drought categories based on the SPI
are shown in Table 3.1.

To calculate the SPI, the accumulated precipitation data (3 months - SPI3, 6 months - SPI6, and
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Table 3.1: Drought intensity categories for the SPI (McKee et al., 1993).

Drought Category SPI Values

Mild −1.0 ≤ SPI < −0.5
Moderate −1.5 ≤ SPI < −1.0
Severe −2.0 ≤ SPI < −1.5
Extreme SPI < −2.0

12 months - SPI12) were fitted by the gamma distribution for each month and then transformed into
a standard normal distribution (Zhang et al., 2022b). However, in regions with very low seasonal
precipitation, no accumulated precipitation may be recorded, especially for short accumulation
periods of 1 to 3 months (Stagge et al., 2015). In such cases, SPI values were assigned based on
the historical occurrence (%) of periods with zero precipitation (Stagge et al., 2015):

p(x) = p0 + (1− p0)F (xp>0, λ) (3.1)

Equation 3.1 describes the probability distribution of accumulated precipitation, where p de-
notes this distribution. The term x, p0 indicates the historical proportion of time periods with no
recorded precipitation. F (x, λ) represents a parametric univariate distribution fitted to samples
with detectable accumulated precipitation, based on parameters λ (Stagge et al., 2015).

We calculated the probability of zero precipitation using the method proposed by Stagge et al.
(2015):

p̄0 =
np=0 + 1

2 (n+ 1)
(3.2)

where p0 represents the mean probability of zero precipitation events is estimated using the
Weibull plotting position formula (Equation 3.2). This value is then used to calculate the SPI cor-
responding to the center of the probability mass for zero precipitation. np=0 indicates the number
of zero-precipitation cases in the reference period, and n is the total number of observations in that
period (Stagge et al., 2015).

Thus, the probability distribution (p) is (Stagge et al., 2015):

p(x) =


p0 + (1− p0)F (xp>0, λ), x > 0,

np=0 + 1

2(n+ 1)
, x = 0.

(3.3)

where p denotes the probability distribution, while F (x, λ) represents the parametric univariate
distribution to samples with detectable accumulated precipitation, fit with parameters λ (Equation
3.3). The methodology is described in detail by Stagge et al. (2015).

Based on the methodology used by Collazo et al. (2023), DEs were considered when the val-
ues of SPI3, SPI6, and SPI12 were less than −1.0. HEs were identified by considering at least 5
consecutive days with the daily maximum temperature values above the 90th (P90), 95th (P95),
and 99th (P99) percentiles of the calendar day. These percentiles were calculated over the 1981–
2010 reference period, without the application of a moving average. Because HEs may have some
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days of interruption, in this work we considered the existence of gaps of up to 2 consecutive days
without exceeding the threshold. The above methodology was based on the R package heatwaveR
(Schlegel & Smit, 2018). Finally, a CDHE was defined when a hot event occurs during a dry event
(Collazo et al., 2023). Moreover, HEs, DEs, and CDHEs over four particular regions (Figure 3.1)
were identified from daily maximum temperature and precipitation time series spatially averaged
over each domain.

Using these definitions, we analyzed different characteristics of HEs, DEs, and CDHEs for each
climatological season (December–February, DJF; March–May, MAM; June–August, JJA; Septem-
ber–November, SON), The characteristics considered were:

• Number of events: Total count of events occurring within each season.

• Median duration: Median number of days for HEs and CDHEs, and median number of
months for DEs.

• Median gap between events: Median number of days between events for HEs and CDHEs,
and median number of months for DEs.

• Median intensity: Median anomaly of daily maximum temperature exceeding the 90th
percentile threshold for HEs and CDHEs, and median SPI value below -1.0 for DEs.

3.2.4 Dominant factor in CDHEs

We also identified if the CDHEs are temperature-dominated or drought-dominated. Following the
methodology proposed by Zhang et al. (2022b), the dominant factor in CDHEs was assessed by
comparing drought and temperature intensities. Since the SPI is a standardized and dimensionless
index, the average of standardized temperature anomalies was also computed for each event to
enable a direct comparison. Accordingly, the dominant factor of the CDHEs is determined based
on the following criterion (Yang et al., 2024):

If DroughtInten > HeatInten, Drought dominates CDHEs

If DroughtInten < HeatInten, Heat dominates CDHEs

3.2.5 Trend Analysis

To analyze the temporal evolution of the characteristics of HEs, DEs, and CDHEs during the
observational period, the non-parametric Mann–Kendall test (Kendall, 1948; Mann, 1945) was used
to detect trends in the time series. Sen’s slope estimator (Sen, 1968) was then used to quantify the
magnitude of the detected trends.

3.3 Results

3.3.1 Hot events

Before analyzing CDHEs, it is essential to first characterize each type of extreme event individually.
This section examines spatial frequency, median time gaps between HEs, as well as their median
duration and intensity, with the aim of identifying the regions with the highest occurrence and
describing their main characteristics during the 1981–2024 period. Based on the 90th percentile
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(P90), CPC and ERA5 datasets indicate the occurrence of HEs across much of TSA during all sea-
sons (Figure 3.2a-h). During December-January-February (DJF) and March-April-May (MAM),
HEs are more frequent in northern South America, southern Peru and eastern and central Brazil. In
June-July-August (JJA), these events are more common in central and southern Amazonia, as well
as in the Guianas, according to the CPC database (Figure 3.2c). In September-October-November
(SON), the highest number of HEs is observed in the eastern and southern of the study region.
ERA5 shows a substantial number of HEs over northern Colombia and Venezuela during JJA and
SON. Notably, both datasets identify maximum event frequencies (49 - 61 events) in central Brazil
and Bolivia during JJA (Figures 3.2c and 3.2g). The number of HEs decreases across the study
region when considering the 95th percentile (P95) instead of the P90 due to the stricter threshold
(Figure 3.2i-p). However, the spatial distribution remains similar to that of the P90, with the high-
est HE frequencies occurring in the same areas. Similar to the P90, ERA5 shows a high frequency
of HEs over northern Colombia and Venezuela throughout all seasons. When considering the 99th
percentile (P99), results are qualitatively similar (not shown).

To complement the event frequency analysis (Figure 3.2), we examined the median time gaps
between HEs (Figure 3.3). For P90, most of the study region exhibits median gaps between HEs
ranging from 3 to 53 days (Figure 3.3a-h). However, some areas show longer gaps, exceeding 365
days between events. CPC and ERA5 tend to show these longer gaps in the western part of TSA
during DJF and MAM. In JJA and SON, ERA5 presents a more localized pattern, covering a
smaller area than CPC. For P95, the spatial extent of less frequent events increases (Figure 3.3i-p),
consistent with the patterns observed in Figure 3.2. Nevertheless, a portion of TSA maintains
median event gaps between 3 and 53 days. This area is largest in SON, where a greater extent of
the TSA domain falls within this range (3 to 53 days) compared to the other seasons. This is also
observed for the P99 (not shown).

CPC and ERA5 show the longest durations of HEs in northern South America and eastern
Brazil during DJF (Figures 3.4a and 3.4e). However, ERA5 (Figure 3.4e) suggests a broader extent
of events with a mean duration exceeding 9 days in northern and central Colombia and much of
Venezuela. In the remaining seasons, both datasets tend to show a very similar duration pattern:
in MAM (Figures 3.4b and 3.4f), the most prolonged durations are observed in northern South
America, central Brazil, and western Peru; in JJA (Figures 3.4c and 3.4g), in northern and central
Colombia, the Brazilian Amazon, and western Ecuador and Peru; and in SON (Figures 3.4d and
3.4h), in the northern and central parts of the study region, with CPC highlighting longer dura-
tions in the Guianas (Figure 3.4d). The HEs defined from P95 continue to exhibit substantial mean
durations (Figure 3.4i-p). Although the spatial pattern of long-duration event is very similar to
that observed for the events based on P90, both datasets show durations exceeding 11 days during
JJA and SON in northern and central Colombia (with longer durations in CPC), in contrast to
what is observed in these regions during the same seasons for P90. The P99 shows similar results
(not shown).

CPC exhibits the highest HEs intensities over western and central TSA during MAM and JJA,
particularly in the northern and southern parts of TSA, where the highest values are recorded (Fig-
ures 3.5b and 3.5c). During SON and DJF (Figures 3.5a and 3.5d), these high intensities extend
over a broader area, with the most intense events concentrated in the southern TSA, especially
during SON. ERA5 exhibits a spatial pattern similar to CPC but with generally lower intensity
values (Figure 3.5e-h). In all seasons, CPC shows substantial intensities along the Colombia–Brazil
border. The HEs defined by P95 (Figure 3.5i-p) exhibit greater intensity than those based on P90,
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Figure 3.2: Seasonal count of Hot Events (number of HEs) based on CPC and ERA5 datasets over
tropical South America during the 1981–2024 period. Events were identified using the 90th (P90)
and 95th (P95) percentile thresholds. White areas indicate regions where no HEs were recorded in
these datasets.

Figure 3.3: Seasonal median gap (days) between Hot Events (HEs) based on CPC and ERA5
datasets over tropical South America during the 1981–2024 period. The panel shows the median
time gap between events identified using the 90th (P90) and 95th (P95) percentile thresholds.
White areas indicate regions where no HEs were recorded in these datasets.
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Figure 3.4: Seasonal median duration (days) of Hot Events (HEs) based on CPC and ERA5 datasets
over tropical South America during the 1981–2024 period. Events were identified using the 90th
(P90) and 95th (P95) percentile thresholds. White areas indicate regions where no HEs were
recorded in these datasets.

Figure 3.5: Seasonal median intensity (°C) of Hot Events (HEs) based on CPC and ERA5 datasets
over tropical South America during the 1981–2024 period. Events were identified using the 90th
(P90) and 95th (P95) percentile thresholds. White areas indicate regions where no HEs were
recorded in these datasets.
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due to the more stringent temperature threshold used in their definition; however, they retain a
similar geographical distribution of the most intense events with respect to those defined by P90.
A similar analysis is derived from the P99 (not shown).

Trends in hot events

Da Silva et al. (2019), Feron et al. (2019), Rusticucci & Zazulie (2021), de Araújo et al. (2022),
and Monteiro Dos Santos et al. (2024b) have evidenced an increase in the frequency of HEs in
various regions of South America. To determine if HEs are becoming more frequent and to assess
changes in their characteristics over TSA, the evaluated metrics were compared between the peri-
ods 1981–2002 and 2003–2024. Figure 3.6 shows a substantial increase in both the frequency and
duration of HEs during the 2003–2024 period compared to 1981–2002, across much of TSA. Events
defined using the P90 threshold show the largest increases over Brazil, the Guianas, and central
Bolivia, with more than 100 events and 1000 days compared to the 1981–2002 period (Figures 3.6a,
3.6e, 3.6b and 3.6f). ERA5 also shows these increases in the northern Andes, northern Venezuela,
and southern Peru. The increase in HEs in northern regions of South America is consistent with
Feron et al. (2019). Although these same regions exhibit increases for events defined by the P95
threshold (Figures 3.6i, 3.6m, 3.6j and 3.6n), the magnitude of the changes is smaller than for P90.
CPC and ERA5 present increases in the median duration of HEs, with values between 2 and 4 days
across broad portions of TSA, especially in central and northern TSA and eastern Brazil, for both
analyzed percentiles (Figures 3.6c, 3.6g, 3.6k and 3.6o). Increases in the median intensity of HEs
are observed over the western and southern portions of TSA, being more pronounced for events
defined by the P95 threshold (Figure 3.6l and 3.6p). In contrast, in the rest of TSA, both datasets
show a decrease in the median intensity of HEs during 2003–2024 compared to 1981–2002. The
statistical significance of the differences between the 1981–2002 and 2003–2024 periods was assessed
using the nonparametric Wilcoxon test, indicating statistically significant changes (p < 0.05) across
most of TSA in the number of days associated with HEs (Figures 3.6b, 3.6f, 3.6j and 3.6n).

To complement this analysis, HE trends were calculated. The corresponding results are pre-
sented in Figure A.1. Trends show significant increases in HEs across much of TSA according
to ERA5, compared to the smaller area identified by CPC. Both datasets show increases of 1 to
2 events/decade in southeastern Peru, Bolivia, and northern/central Brazil, with CPC showing
greater increases in central Brazil and Bolivia. On the other hand, ERA5 shows a significant in-
crease in the northern Andes and Venezuela. The increased event frequency is accompanied with
more days associated with HEs, following similar spatial patterns. Both datasets indicate sub-
stantial increases (8-12 days/decade) in central Brazil and the southern part of the study region.
CPC shows > 12 days/decade increases in the Guianas, while ERA5 shows the most pronounced
increases in the northern Andes and Venezuela. These same areas exhibit increased median du-
ration of HEs (1-2 days/decade) according to both datasets. For P95, frequency increases (0.5–1
event/decade) occur over smaller areas than for P90, mainly in the southern region and central
Brazil, with CPC also showing increases in the Guianas and ERA5 in the northern Andes. These
areas also show more days (4–8 days/decade) and longer duration (1–2 days/decade). No significant
trends in median intensity are observed in P90 and P95, although both datasets show increases in
parts of Brazil, western and southern Colombia, Bolivia and eastern Peru.
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Figure 3.6: Changes in the characteristics of Hot Events (HEs) between 1981–2002 and 2003–2024
over tropical South America, based on CPC and ERA5 datasets using the 90th (P90) and 95th
(P95) percentile thresholds. Dots denote statistically significant differences based on the Wilcoxon
test (p < 0.05).

3.3.2 Dry events

This section analyzes the main characteristics of DEs. TSA exhibits events throughout the study
area and in all seasons (Figure 3.7a-h). The highest event frequencies during DJF and MAM occur
mainly in the northern region and eastern Brazil. During JJA, events occur in southern TSA and
western Peru, while SON shows a higher frequency in eastern Brazil. In particular, for the SON
period, ERA5 data (Figure 3.7h) indicates a lower number of DEs compared to CHIRPS (Figure
3.7d). Event frequency decreases in SPI6 compared to SPI3, but some regions still show more
than 21 events in JJA and SON (Figures 3.7k, 3.7l, 3.7o and 3.7p). In DJF, these events are more
frequent in the eastern part of the study area. During MAM, both CHIRPS (Figure 3.7j) and
ERA5 (Figure 3.7n) show a concentration of DEs in northern and central Venezuela. CHIRPS also
highlights Colombia, while ERA5 indicates a notable occurrence in eastern Brazil. JJA records the
highest number of events in southeastern TSA (Figures 3.7k and 3.7o), while SON shows a higher
concentration in western Peru and eastern Brazil (Figures 3.7 and 3.7). The SPI12 shows similar
results (not shown).

The SPI3 shows a higher frequency of DEs over most of TSA, with the median gap between
events of approximately 1 to 17 months (Figure 3.8a-h). However, small areas show longer gaps,
with more than 25 months between DEs. While SPI6 also shows regions where DEs are frequent
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Figure 3.7: Seasonal count of Dry Events (DEs) based on CHIRPS v2 and ERA5 datasets over
tropical South America during the 1981–2024 period. DEs were identified using SPI3 and SPI6.

Figure 3.8: Seasonal median gap (months) between Dry Events (DEs) based on CHIRPS v2 and
ERA5 datasets over tropical South America during the 1981–2024 period. The panel shows the
median time gap between events identified using SPI3 and SPI6.
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Figure 3.9: Seasonal median duration (months) of Dry Events (DEs) based on CHIRPS v2 and
ERA5 datasets over tropical South America during the 1981–2024 period. DEs were identified
using SPI3 and SPI6.

Figure 3.10: Seasonal median SPI intensity of Dry Events (DEs) based on CHIRPS v2 and ERA5
datasets over tropical South America during the 1981–2024 period. DEs were identified using SPI3
and SPI6. The drought category (McKee et al., 1993) is shown: Moderate (−1.5 ≤ SPI < −1.0)
and Severe (−2.0 ≤ SPI < −1.5).
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(Figure 3.7i-p), with gaps from 1 to 17 months, it shows a greater extent of areas where such events
are less frequent than SPI3, particularly in some regions of the Amazon Basin where gaps exceed
49 months. Moreover, both datasets tend to highlight the same areas with longer gaps. Similar
patterns are found when considering the SPI12, although with smaller values (not shown).

Both datasets show a very similar median duration of DEs. For SPI3, most of the study region
has durations between 1 and 4 months in all seasons (Figure 3.9a-h). The shortest durations occur
in the southern part of the region during JJA, in eastern Brazil during DJF, MAM, and SON, and
in northern South America during DJF. For SPI6 (Figure 3.9i-p), CHIRPS and ERA5 indicate that
DEs generally last longer than the events detected using SPI3. However, for DJF, JJA, and SON,
the median duration in eastern Brazil remains between 1 and 2 months. Although eastern Brazil
has a high number of DEs (Figure 3.7), they tend to be short-lived (Figure 3.9). DEs have median
SPI3 and SPI6 intensities between −1.0 and −1.5 in most of TSA during all seasons (Figure 3.10).
These values correspond to moderate drought intensity according to the categories proposed by
McKee et al. (1993). However, in some localized areas, median intensities range between −1.5 and
−2.0, indicating severe drought conditions. Similar patterns in DEs median duration are found
when considering the SPI12 (not shown).

Trends in dry events

ERA5 and CHIRPS exhibit very similar spatial patterns in both the number of events and the num-
ber of months, for SPI3 and SPI6. According to ERA5, the largest increases are observed across
most of Brazil and western TSA, with 10 to 20 more events compared to the 1981–2002 period
(Figures 3.11e and 3.11m). Meanwhile, a decrease in the number of DEs is observed in northeast-
ern TSA. CHIRPS shows smaller areas with increases in the number of DEs (Figures 3.11a and
3.11i) and months during DEs (Figures 3.11b and 3.11j), particularly in central and western Brazil,
as well as in parts of northern South America. In contrast, the rest of the region exhibits a decrease.

For DEs defined by SPI3, ERA5 shows an increase in the median duration of approximately 0.5
to 1 month in western TSA and eastern Brazil during 2003–2024, compared to 1981–2002 (Figure
3.11g). CHIRPS shows increases that are more spatially dispersed across TSA, with the longest
durations concentrated over the Guianas (Figure 3.11c). Duration changes are more pronounced
for SPI6 than for SPI3. Whereas ERA5 indicates the most substantial increases in western TSA
(Figure 3.11o), CHIRPS locates them in northern South America (Figure 3.11k). Both databases
indicate drier conditions in Bolivia, northern South America, and central Brazil for both SPI3
and SPI6 during 2003-2024 compared to 1981-2002. Additionally, ERA5 shows drier conditions
over much of Peru during the latter period (Figure 3.11p). Based on the nonparametric Wilcoxon
test, statistically significant differences in the number of months during DEs are identified for both
datasets, mainly over northern and eastern TSA, as well as central and eastern Brazil.

SPI3 trends show no significant increases in the number of DEs (Figure A.2), except in central
Brazil where ERA5 indicates increases of ∼0.3 events/decade. ERA5 shows larger areas with more
months of events in central Brazil (northern Cerrado), Bolivia, eastern Peru, and the Orinoco basin,
and a decrease in the Guianas. CHIRPS shows increases in parts of central Brazil but decreases in
northern and southern Peru, opposite to ERA5. Duration patterns are similar, with ERA5 show-
ing the largest increase (∼0.5 days/decade) in central Brazil and the Orinoco basin. For median
intensity, ERA5 shows a decrease in SPI3 in regions with more days and longer duration, while
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Figure 3.11: Changes in the characteristics of Dry Events (DEs) between 1981–2002 and 2003–2024
over tropical South America, based on CHIRPS v2 and ERA5 datasets using SPI3 and SPI6 indices.
Dots denote statistically significant differences based on the Wilcoxon test (p < 0.05).

CHIRPS shows a decrease in central Brazil and an increase in northern and southwestern Peru. A
decrease in SPI is associated with greater drought severity. For SPI6, CHIRPS shows no relevant
trends, while ERA5 shows increases in months, duration, and drought severity in central Brazil
and the Orinoco basin, but over smaller areas than for SPI3.

3.3.3 Compound dry and hot events

In this section, we focus on CDHEs, defined by the concurrent occurrence of dry conditions (iden-
tified from SPI3) and hot events exceeding the 90th and 95th percentiles (Figure 3.12). We do
not focus on other SPI thresholds since the analysis using SPI6 resulted in very similar spatial
patterns (not shown). CDHEs present a lower frequency compared to the individual occurrence
of HEs (Figure 3.2) and DEs (Figure 3.7). However, CDHEs show similar spatial patterns to HEs
in terms of the areas with the highest number of events in each season. During DJF and MAM,
CDHEs are concentrated in northern South America, and in eastern and central Brazil. In JJA,
events are more common in central and southern Brazilian Amazon, as well as in the northern
Andes and Venezuela, according to ERA5 (Figures 3.12g and 3.12o). In SON, the highest number
of CDHEs is observed in eastern and southern TSA, although ERA5 shows a wider distribution
of events throughout TSA (Figures 3.12h and 3.12p). CHIRPS-CPC exhibits a lower number of
CDHEs than ERA5. Furthermore, using the P95 instead of the P90 results in a smaller number
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Figure 3.12: Seasonal count of Compound Dry and Hot Events (CDHEs) based on CHIRPSv2-
CPC and ERA5 datasets over tropical South America during the 1981–2024 period. CDHEs were
identified by the concurrent occurrence of SPI3-P90 and SPI3-P95 events. White areas indicate
regions where no CDHEs were recorded in these datasets.

of CDHEs and a smaller area of occurrence throughout TSA due to the higher stringency of the
selection criterion for HEs (Figure 3.2i-1p). Despite this decrease, ERA5 still suggests a substantial
number of CDHEs.

The median time between CDHEs defined with SPI3-P90 and SPI3-P95 show similar patterns
in both datasets for each combination (Figure 3.13). However, ERA5 exhibits more frequent events
in the northern part of South America. Areas with shorter event intervals (1–33 days) corre-
spond to regions where the highest number of events occurs (Figure 3.12). Similar to HEs (Figure
3.3), the extent of areas with short inter-event intervals is greater during SON in ERA5 (Figures
3.13h and 3.13p), suggesting a higher frequency of CDHEs in much of TSA, as shown in Figure 3.12.

Although less frequent (Figure 3.12) compared to HEs (Figure 3.2), CDHEs have a higher me-
dian duration in most of TSA (Figure 3.14). For SPI3-P90 and SPI3-P95, the longest durations in
DJF are concentrated in northern South America, especially in the Guianas, according to CHIRPS-
CPC. In MAM, the most prolonged durations are located in southern and eastern TSA, while ERA5
also highlights longer durations in Colombia and Venezuela. During JJA, both databases show the
longest durations in northeastern Brazil. However, CHIRPS-CPC also shows it in western Peru,
while ERA5 highlights the northern Amazon region in Colombia. In SON, both databases show the
highest durations in central, eastern, and northern Brazil. CHIRPS-CPC also identifies important
durations in the Guianas, and ERA5 shows important values in eastern Colombia and most of
Venezuela.

A comparison between the median temperature intensity of CDHEs and that of HEs shows
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Figure 3.13: Seasonal median gap (days) between Compound Dry and Hot Events (CDHEs) based
on CHIRPSv2/CPC and ERA5 datasets over tropical South America during the 1981–2024 pe-
riod. The panel shows the median number of days between CDHEs, identified by the concurrent
occurrence of SPI3-P90 and SPI3-P95 events. White areas indicate regions where no CDHEs were
recorded in these datasets.

Figure 3.14: Seasonal median duration (days) of Compound Dry and Hot Events (CDHEs) based
on CHIRPSv2/CPC and ERA5 datasets over tropical South America during the 1981–2024 period.
CDHEs were identified by the concurrent occurrence of SPI3-P90 and SPI3-P95 events. White
areas indicate regions where no CDHEs were recorded in these datasets.
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Figure 3.15: Difference in Seasonal median intensity (°C) between Compound Dry and Hot Events
(CDHEs) and Hot Events (HEs) based on CPC and ERA5 datasets over tropical South America.
White areas indicate regions where no CDHEs were recorded in these datasets.

Figure 3.16: Difference in seasonal median SPI3 intensity between Compound Dry and Hot Events
(CDHEs) and Dry Events (DEs) based on CHIRPS v2 and ERA5 datasets over tropical South
America. White areas indicate regions where no CDHEs were recorded in these datasets.
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Figure 3.17: Changes in the characteristics of Compound Dry and Hot Events (CDHEs)
(SPI3/P90 and SPI3/P95) between 1981–2002 and 2003–2024 over tropical South America, based
on CPC/CHIRPSv2 and ERA5 datasets. Dots denote statistically significant differences based on
the Wilcoxon test (p < 0.05).

that CDHEs exhibit higher intensities across much of TSA for both the 90th and 95th percentile
thresholds (Figure 3.15). However, in certain regions of Brazil, Peru, and northern South America,
particularly for events identified using CHIRPS-CPC, the median intensity is lower than that ob-
served for HEs. We also analyzed the median intensity of CDHEs relative to the intensity of DEs,
based on SPI3 values (Figure 3.16). The most pronounced differences are observed during DJF,
when both datasets indicate drier conditions during CDHEs in central Brazil and in some regions
of Peru and southern Colombia, particularly in CHIRPS-CPC. In these areas, SPI differences reach
values below –0.6, indicating greater drought intensity during CDHEs. Similar values are observed
in northern and eastern TSA during JJA, and across much of eastern TSA during SON, according
to ERA5 data. In contrast, CHIRPS-CPC shows a more spatially dispersed pattern of regions
experiencing the driest conditions during CDHEs in the remaining seasons.

Trends in compound dry and hot events

Figure 3.17 shows a substantial increase in the number of events and the number of days asso-
ciated with CDHEs in most of TSA during 2003-2024, compared to 1981-2002. This increase is
more marked in the SPI3-P90 of ERA5. For both combinations (SPI3-P90 and SPI3-P95), ERA5
exhibits the largest increases in northern South America, central and eastern Brazil, Bolivia, and
eastern Peru, with a number of CDHEs greater than 40 and a number of days with CDHEs greater
than 300. Both databases show the longest durations in the same regions, with the highest val-
ues in northeastern TSA and some areas of Colombia, Brazil, and Peru. Regarding the median
intensity of temperature for CDHEs, both datasets show an increase over Brazil, Peru, and some
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regions in northern South America, with eastern Brazil exhibiting the most pronounced increases.
In contrast, the Orinoco basin shows a decrease in this intensity, particularly in the ERA5 data.
On the other hand, drought intensity has increased in parts of western and central TSA, with a
broader spatial extent in ERA5. This shift toward drier conditions is also evident in the trend anal-
ysis, although it is not statistically significant (Figure A.2). The Guianas region shows a decrease
in SPI values during the 2003–2024 period compared to 1981–2002, more markedly in ERA5 and
to a lesser extent in CPC/CHIRPS, indicating a lower drought intensity in this area during the
most recent period. We also analyzed the characteristics of CDHEs using SPI6-P90 and SPI6-P95
(Figure A.3), finding very similar patterns to those observed with combinations of SPI3-P90 and
SPI3-P95. As with HEs, CDHEs exhibit statistically significant changes (p < 0.05) only in the
number of associated days across most of TSA (Figures 3.17b, 3.17g, 3.17i and 3.17q).

To complement this analysis, we examine the trend of CDHEs characteristics; however, unlike
for individual events (HEs and DEs), no significant trends are observed (not shown).

Dominant conditions for compound dry and hot events

Figure 3.18: Dominant seasonal factor of Compound Dry and Hot Events (CDHEs) (SPI3-P90 and
SPI3-P95) based on CHIRPSv2/CPC and ERA5 datasets over tropical South America.

Since CDHEs result from the combination between extreme hot and dry conditions, we evaluated
the percentage of CDHEs that are temperature-dominated and drought-dominated. A large part
of the TSA shows a marked dominance of hot conditions in more than 75 % of the CDHEs, accord-
ing to SPI3-P90 and SPI3-P95 (Figure 3.18). However, CHIRPS-CPC exhibits greater extensions,
especially for the SPI3-P90, where the totality of the CDHEs are dominated by dry conditions,
particularly during JJA. In the same season, ERA5 shows a large region in south-central TSA
where 100 % of the CDHEs are drought-dominated (Figure 3.18g and 3.18o). A similar pattern is
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observed for SPI6-P90 and SPI6-P95 (not shown).

3.3.4 Hot, dry, and compound events in the TSA regions with the largest
changes

Since 1981, the Northern Andes, Orinoco, Brazilian Amazon, and Northern Cerrado regions (Figure
3.1) have been affected by the occurrence of HEs, with a substantial increase in the frequency and
number of days under these conditions since the late 1990s (Figures 3.19 and A.4), particularly for
P90 (Figure 3.19). In 2024, the northern Andes region (ERA5) and the Orinoco region (ERA5 and
CPC) present more than 190 days with hot conditions according to P90. HEs defined by the 90th
percentile tend to be longer median duration; however, in 2023, the Orinoco and Brazilian Amazon
regions record higher median durations for 95th percentile events, exceeding 18 days. The median
HE intensity shows values between 1.5 °C and 3 °C for all regions except the northern Cerrado,
which exhibits an increase between 2 °C and 4 °C for P95 (Figure A.4d). In the northern Andes,
CPC shows higher HE intensities than ERA5. The median gaps of days between HEs decrease
across all regions and for all percentiles, consistent with the observed increase in HE frequency.

The DEs present a higher frequency over these regions, using SPI3 (1–3 events/year) compared
to SPI6 (1–2 events/year) (Figures 3.20 and A.5). However, the number of months with DEs and
the median duration of DEs are higher in SPI6 (Figure A.5). The northern Cerrado exhibits the
highest frequency of DEs among the four regions (Figures 3.19 and A.5), both in SPI3 and SPI6.
Unlike the HEs, the DEs do not show a clear trend of increase or decrease throughout the study
period in any of the regions. Differences are observed between the CHIRPS and ERA5 databases
in the identification of DEs. For example, Panisset et al. (2018) identified an event of large extent
and severity in the Amazon basin in 2010, detected by CHIRPS but not recorded by ERA5. The
median intensity of events using SPI3 and SPI6 varies between moderate (−1.5 ≤ SPI < −1.0)
and severe (−2.0 ≤ SPI < −1.5) dry conditions. The median time (months) between DEs does not
show a definite trend, which is consistent with what was observed for the number of DEs. However,
the intervals between DEs are shorter in SPI3, which is consistent with its higher frequency.

In addition, we analyzed CDHEs in these four regions based on various combinations, including
SPI3-P90/P95 (Figures 3.21 and A.6) and SPI6-P90/P95 (Figures A.7 and A.8). For all combina-
tions, we find a substantial frequency of CDHEs across all combinations since 2000, especially in
the northern Cerrado and the Brazilian Amazon. All regions, with the exception of the northern
Cerrado, show a marked increase in CDHEs toward the end of the 1981–2024 period. Since 2010,
all regions show an increase in the median duration of CDHEs, with a more pronounced increase in
the northern Andes according to ERA5 data. The CDHEs exhibit temperature intensities between
2 °C and 3 °C in most regions, except in the northern Cerrado, where intensities have fluctuated
between 2 °C and 5 °C since 2000. Meanwhile, CDHEs show SPI values between −1.0 and −2.0
in all regions, indicating moderate to severe drought conditions. Finally, a notable decrease in the
time between CDHEs is observed in the Brazilian Amazon and the northern Cerrado, consistent
with the increasing number of CDHEs in these regions.
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Figure 3.19: Temporal Evolution of Hot Events (HEs) based on CPC and ERA5 datasets in a)
northern Andes, b) Orinoco, c) Brazilian Amazon, and d) northern Cerrado during 1981–2024. The
panel shows the HEs identified using the 90th (P90) percentile threshold.
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Figure 3.20: Temporal Evolution of Dry Events (DEs) based on CHIRPS v2 and ERA5 datasets in
a) northern Andes, b) Orinoco, c) Brazilian Amazon, and d) northern Cerrado during 1981–2024.
The panel shows the DEs identified using SPI3.
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Figure 3.21: Temporal Evolution of Compound Dry and Hot Events (CDHEs) based on
CHIRPSv2/CPC and ERA5 datasets in a) northern Andes, b) Orinoco, c) Brazilian Amazon,
and d) northern Cerrado during 1981–2024. The panel shows the events identified using SPI3-P90.
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3.4 Summary and discussion

Although recent years have seen a rise in research on CDHEs in the region, most studies have
primarily focused on southern South America. For this reason, this chapter proposes to analyze
the occurrence of CDHEs during the period 1981-2024 in TSA, which includes the NWS, NSA, and
SAM regions, as defined by the IPCC. To this end, the characteristics of HEs, DEs, and CDHEs
were examined using different databases and indices. In terms of spatial distribution, we identified
a seasonal pattern in the occurrence of HEs defined by the 90th and 95th percentiles (Figure 3.2).
These events were more frequent during DEF and MAM in northern South America, southern
Peru, and eastern and central Brazil. During JJA, HEs were mainly concentrated in central and
southern Amazonia, while in SON the highest number of events was recorded in the eastern and
southern parts of TSA.

Our results indicated substantial increases in the number of HEs, their duration, and conse-
quently the number of days associated with these events at both the 90th and 95th percentiles
across much of TSA when comparing the periods 2003–2024 and 1981–2002 (Figure 3.6). Some
regions of Brazil, Peru, and the northern part of the study region exhibited statistically signifi-
cant increases in these characteristics (Figure A.1). For the median intensity during HEs, some
regions of western and southern TSA showed significant increases during 2003-2024 with respect
to 1981-2002, especially in the HEs defined by the P95. However, for this characteristic, very few
regions showed a statistically significant trend. These findings are consistent with those reported
by Brogno et al. (2025), who found that HEs are becoming more intense, frequent, and of longer
duration over most land areas.

The seasonal analysis of DEs showed a higher frequency of events defined using SPI3, mainly
associated with meteorological droughts, compared to SPI6, related to agricultural and ecological
droughts (Figure 3.7). However, droughts identified with SPI6 exhibited longer median durations
than those detected with SPI3 (Figure 3.9). Regarding DE median intensity, we found that much
of TSA presented SPI3/SPI6 values corresponding to moderate drought conditions (Figure 3.10).
However, some localized regions showed severe drought conditions, according to the categories pro-
posed by McKee et al. (1993).

The results showed notable differences between the databases analyzed when evaluating changes
in the DEs between the periods 2003-2024 and 1981-2002 (Figure 3.11). In particular, ERA5 evi-
denced substantial increases in the frequency and number of days associated with DEs over much
of TSA, while CHIRPS showed more limited increases in spatial extent. These differences were
also detected in the trend analysis (Figure A.2), where ERA5 showed significant increases in the
occurrence and duration of DEs, especially in central Brazil, eastern Peru, and the Orinoco River
basin, in contrast to CHIRPS, which did not show significant trends. This may be associated with
differences in the accuracy of precipitation estimates between ERA5 and CHIRPS (e.g., Jahn et al.,
2025).

Several studies have evaluated the performance of these products in the region. For precipita-
tion, CHIRPSv2 shows high correlation with station observations in Venezuela and northeastern
Brazil, although it tends to overestimate low values and underestimate higher ones (Paredes Trejo
et al., 2016; Paredes-Trejo et al., 2017). In Colombia, it has demonstrated the best performance
compared to other satellite-based products at different temporal scales, both at the national level
and in the Magdalena River basin (Baez-Villanueva et al., 2018; Valencia et al., 2023), although
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it underestimates precipitation during the wettest months in the Brazilian Amazon (Cavalcante
et al., 2020). For maximum temperature, CHIRTS shows good agreement with station data across
South America, particularly in representing hot days, outperforming ERA5 (Verdin et al., 2020),
while CPC shows good agreement with both maximum and minimum temperatures in central
South America (Marengo et al., 2025). However, it is important to note that gridded and reanal-
ysis products represent spatial averages, whereas station data correspond to point measurements,
which introduces representativeness differences (Montiel et al., 2026). In addition, limitations have
been documented in reproducing precipitation at the daily scale and in detecting extreme events,
as well as uncertainties associated with sensor type, estimation algorithms, temporal scale, and
topographic complexity (Sun et al., 2018; Arregocés et al., 2024; Montiel et al., 2026).

The CDHEs exhibited an occurrence pattern in TSA similar to that of HEs; however, because
they require the simultaneous concurrence of hot extremes and drought conditions, CDHEs oc-
curred less frequently than HEs (Figures 3.2 and 3.12). On the other hand, when comparing the
duration (days) of both types of events, it was observed that CDHEs had a longer median duration
than HEs (Figures 3.4 and 3.14). This result is consistent with that reported by Shi et al. (2021),
who found that the duration of heatwaves tends to increase when they occur simultaneously with
drought conditions, in contrast to individual events.

Multiple studies have reported an increase in the frequency of simultaneous CDHEs events in
different regions of the world (e.g., Mukherjee & Mishra, 2021; Xu & Luo, 2019; Yu & Zhai, 2020).
Mukherjee et al. (2022) reported an annual increase in the number of CDHEs after 2000 compared
to the last two decades of the 20th century. Furthermore, the total monthly number of CDHEs
days showed significant positive and negative correlations with the interannual variability of sev-
eral natural modes of climate variability in certain IPCC Fifth Assessment Report (AR5) climate
regions. In contrast, anthropogenic warming exhibited a significant positive correlation across all
the 26 climate regions defined by the IPCC AR5 during the period 1982–2016.

This increase was also observed in much of TSA when comparing the number of CDHEs be-
tween the periods 2003-2024 and 1981-2002 (Figure 3.17). Nevertheless, a more detailed analysis
is required, as different mechanisms can lead to the occurrence of CDHEs (Collazo et al., 2023).
These mechanisms include climate variability modes such as ENSO (Collazo et al., 2023; Feng &
Hao, 2021), large-scale atmospheric circulation patterns (Seneviratne et al., 2012), and the influ-
ence of climate change (Chiang et al., 2022; Li et al., 2025; Pan et al., 2023). In addition, we
observed that the intensities of both temperature and drought tend to be higher during CDHEs
compared to individual events, which is consistent with findings reported by Shi et al. (2021), Costa
et al. (2022), and Arias et al. (2025b). An analysis of these intensities showed that temperature is
generally the dominant factor during CDHEs throughout most of TSA. However, this proportion
may vary depending on the season and the database used (Figure 3.18).

The northern Andes, Orinoco, Brazilian Amazon, and northern Cerrado regions exhibit the
largest changes in all types of events during the 1981-2024 period, according to the databases used.
All these regions showed important increases in the number and days associated with HEs since
the late 1990s (Figures 3.19 and A.4). In the Brazilian Amazon, hot extremes are more frequent
and of greater intensity, according to observations (Costa et al., 2022). Some studies suggest that
climate change and deforestation are two important factors driving these trends (Costa et al., 2022).

Among the regions analyzed, the northern Cerrado registered the highest frequency of DEs
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during the period 1981-2024 (Figures 3.20 and A.5). In this biome, droughts are more frequent and
severe, which has contributed to a decrease in agricultural productivity (Tomasella et al., 2023;
Vieira et al., 2023). In addition, recent DEs in the Cerrado have been associated with increased
soil degradation (Tomasella et al., 2023), as well as a higher frequency and broader extent of fires
(da Silva Arruda et al., 2024; Silva et al., 2024). Regarding the intensity of DEs, we observe
that all regions have experienced drought conditions ranging from moderate to severe. In the case
of the northern Andes, these findings are consistent with those reported by Arregocés et al. (2025b).

We found that although a substantial frequency of CDHEs has been observed since 2000, all
regions except for the northern Cerrado region presented the highest number of events and days un-
der compound conditions by the end of the study period (Figures 3.21 and A.6). For the Brazilian
Amazon, Ferreira et al. (2025) identified that some of the hottest and driest years in the Amazon
region were 1983, 1998, 2010, 2015, 2016, 2023, and 2024. These years showed pronounced peaks in
the mean number of CDHEs, with 2023 and 2024 ranking the highest values in the period analyzed.
This pattern is consistent with what we observed in our study for this region (Figure 3.21). Studies
by Espinoza et al. (2024), Marengo et al. (2024), and Yang et al. (2025) indicated that the Amazon
experienced extreme droughts between 2023 and 2024, noting that increased temperatures during
the winter and spring austral of 2023 exacerbated drought conditions in this region (Marengo et al.,
2024). In addition, Espinoza et al. (2024) found that the Amazon basin experienced record temper-
ature values during August, September, and October 2023, representing the highest air temperature
anomaly since 1980. For the Orinoco, the study by Arias et al. (2025b) analyzed CDHEs in this
region, observing various events between 2009 and 2020 which contributed to the increase in the
area burned in the region.
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Chapter 4

Assessing the performance of
CMIP6/HighResMIP models in
simulating hot, dry, and compound
dry and hot events in Tropical South
America (1983–2014)

4.1 Introduction

General circulation models (GCMs) are essential tools for assessing changes in climate and weather
extremes under past and future conditions. However, accurately representing the climatic charac-
teristics of South America remains a challenge for these models. Although these models capture the
main features of precipitation and temperature in the region, studies such as Sierra et al. (2015) and
Rivera & Arnould (2020) have reported biases in the simulated precipitation magnitudes. The lat-
est generation of models included in the Coupled Model Intercomparison Project Phase 6 (CMIP6)
shows improved performance in simulating seasonal precipitation compared to previous phases 3
and 5 (CMIP3 and CMIP5, respectively) (Arias et al., 2021b; Ortega et al., 2021). However, the
persistent double Intertropical Convergence Zone (ITCZ) bias continues to affect the representation
of precipitation over tropical South America (TSA) (Ortega et al., 2021). Almazroui et al. (2021)
evaluated the performance of a large ensemble of CMIP6 models over South America. While these
models reproduce the main regional features, their ability to capture the spatiotemporal distribu-
tion of temperature and precipitation at subregional scales, particularly in areas of high latitude
and altitude, remains limited. Wang et al. (2021a) also found that, although the models exhibit
important correlations over South America, they show larger standard deviations near the equator.
Bazzanela et al. (2024) observed that model performance varies across study regions, likely due
to the continent’s climatic diversity. Complementarily, Arias et al. (2025a) reported that CMIP6
models adequately reproduce the wetter and drier regions of the continent, as well as seasonal
precipitation patterns. However, the ensemble mean exhibits a double ITCZ bias during DJF and
MAM, along with an overestimation of precipitation in the northern and southern regions of the
continent, and an underestimation in northeastern Brazil and the western side of the Andes over
Ecuador, Peru and Bolivia (Arias et al., 2025a).
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Kim et al. (2020) evaluates CMIP6 models using the indices defined by the Expert Team on
Climate Change Detection and Indices (ETCCDI). The study found that the CMIP6 models ac-
curately capture the observed climatological patterns of extreme temperature indices. However,
reduced hot biases are observed in the mid-latitude regions of South America and Asia. Although
CMIP6 models are similar to CMIP5 models in their ability to represent extreme precipitation
events, the newer generation shows improved performance in reproducing the intensity of such
events (Kim et al., 2020). Avila-Diaz et al. (2023) also evaluated these ETCCDI indices using
HighResMIP models and found no strong relationship between increased resolution and improved
model performance.

Some studies have evaluated the performance of CMIP6 models in simulating hot extremes,
dry, and compound dry and hot events (CDHEs). For example, Cook et al. (2020) found that
both CMIP5 and CMIP6 models show similarities in the responses to drought. They also point
out that there are similar uncertainties in both sets of models, associated with difficulties in these
models in representing aspects such as vegetation and precipitation. Moreover, the variability in
drought responses in CMIP6 model projections depends on the region, season, drought type, and
drought metric considered (Cook et al., 2020; Jha et al., 2023). Ridder et al. (2021) emphasized
that extreme temperatures are generally simulated more accurately than precipitation in climate
models. In South America, Collazo et al. (2022) analyzed trends in extreme temperature indices
in South America using 33 CMIP6 models. Their results indicated that minimum temperature
trends are slightly better simulated than maximum temperature trends. However, no single model
outperformed the others, and all exhibited limitations in representing trends, particularly for cold
days (Collazo et al., 2022). Therefore, evaluating how well models capture the likelihood of such
events is essential before assessing future projections.

Most CMIP6 models are able to reasonably simulate the four types of compound events in-
volving temperature and precipitation (hot/dry, hot/wet, cold/dry, and cold/wet) when compared
with observations (Wu et al., 2021b). However, differences are observed in certain specific regions.
In addition, these models show poor performance in low latitudes and tropical regions (Wu et al.,
2021b). For CDHEs, Collazo et al. (2023) evaluated the ability of CMIP6 models to simulate these
events in South America, showing that the ensemble median of the CMIP6 models performs more
accurately than the individual models. The individual models showed poor results in simulating
the duration of heatwaves, although they better represent their intensity (Collazo et al., 2023).

After characterizing hot (HEs), dry (DEs), CDHEs based on observational data (Chapter 3),
this chapter assesses the ability of CMIP6/HighResMIP models to reproduce these characteristics
in TSA during the period 1983–2014. Subsection 4.3.1 presents the model evaluation for maximum
temperature and precipitation, Subsection 4.3.2 presents the evaluation for HEs, Subsection 4.3.3
discusses the performance for DEs, and Subsection 4.3.4 examines the model simulation of CDHEs.
Finally, Section 4.4 summarizes the main findings.

4.2 Data and methodology

4.2.1 CMIP6/HighResMIP simulations

This study uses simulations from 22 CMIP6 models and 6 HighResMIP models, based on the his-
torical and hist-1950 experiments, respectively, considering the first model realization (r1i1p1f1)
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(Table 4.1). We analyze historical simulations of daily temperature and monthly precipitation from
CMIP6/HighResMIP models, which are publicly available through the Earth System Grid Federa-
tion (https://esgf-node.llnl.gov/projects/cmip6/). These simulations incorporate observed
forcings during the period 1980–2014, including solar variability, volcanic activity, and anthro-
pogenic influences such as greenhouse gas emissions and aerosols. A detailed description of the
CMIP6 simulations is provided by Eyring et al. (2016).

HighResMIP corresponds to an intercomparison project of high-resolution global simulations.
HighResMIP aims to evaluate the benefits of high-resolution models. The high-resolution experi-
ments target a grid spacing of approximately 25–50 km in the atmosphere, which is significantly
higher than the typical CMIP5 resolution (∼150 km). In addition, they have a longer simula-
tion period (1950–2014) than the DECK AMIPII, which covers 1979–2014 (Haarsma et al., 2016).
Haarsma et al. (2016) provides a detailed description of the HighResMIP simulations.

Table 4.1: CMIP6 and HighResMIP models used in this study for the historical experiment.

Model Type Institution Resolution
Atmosphere
(lat × lon)

Reference

ACCESS-CM2 CMIP6 Commonwealth Scientific
and Industrial Research
Organisation (CSIRO) and
Australian Research Coun-
cil Centre of Excellence
for Climate System Science
(ARCCSS)

1.2° × 1.8° Bi et al. (2020)

ACCESS-ESM1-5 CMIP6 Commonwealth Scientific
and Industrial Research
Organisation (CSIRO)

1.2° × 1.8° Ziehn et al.
(2020)

CMCC-ESM2 CMIP6 Euro-Mediterranean Cen-
tre on Climate Change
(CMCC)

0.9° × 1.2° Lovato et al.
(2022)

CanESM5 CMIP6 Canadian Centre for Cli-
mate Modelling and Anal-
ysis (CCCma)

2.8° × 2.8° Swart et al.
(2019)

EC-Earth3 CMIP6 Earth Consortium (EC) 0.7° × 0.7° Döscher et al.
(2022)

EC-Earth3-Veg CMIP6 Earth Consortium (EC) 0.7° × 0.7° Döscher et al.
(2022)

EC-Earth3-Veg-
LR

CMIP6 Earth Consortium (EC) 1.1° × 1.1° Döscher et al.
(2022)

FGOALS-g3 CMIP6 Chinese Academy of Sci-
ences (CAS)

2.0° × 2.0° Li et al. (2020)
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Table 4.1 – Continuation

Model Type Institution Resolution
Atmosphere
(lat × lon)

Reference

GFDL-ESM4 CMIP6 National Oceanic and At-
mospheric Administration,
Geophysical Fluid Dynam-
ics Laboratory (NOAA-
GFDL)

1.0° × 1.2° Dunne et al.
(2020)

INM-CM4-8 CMIP6 Institute for Numerical
Mathematics (INM)

1.5° × 2.0° Volodin et al.
(2018)

INM-CM5-0 CMIP6 Institute for Numerical
Mathematics (INM)

1.5° × 2.0° Volodin et al.
(2018)

IPSL-CM6A-LR CMIP6 Institut Pierre-Simon
Laplace (IPSL)

1.3° × 2.5° Boucher et al.
(2020)

KACE-1-0-G CMIP6 National Institute of Me-
teorological Sciences, Ko-
rea Meteorological Admin-
istration (NIMS-KMA)

1.2° × 1.8° Lee et al.
(2020a)

KIOST-ESM CMIP6 Korea Institute of Ocean
Science and Technology
(KIOST)

1.9° × 1.9° Pak et al.
(2021)

MIROC6 CMIP6 Consortium JAMSTEC,
AORI, NIES, R-CCS
(MIROC)

1.4° × 1.4° Tatebe et al.
(2019)

MPI-ESM1-2-HR CMIP6 Max Planck Institute for
Meteorology (MPI)

0.9° × 0.9° Mauritsen
et al. (2019)

MPI-ESM1-2-LR CMIP6 Max Planck Institute for
Meteorology (MPI)

1.9° × 1.9° Mauritsen
et al. (2019)

MRI-ESM2-0 CMIP6 Meteorological Research
Institute (MRI)

1.1° × 1.1° Yukimoto
et al. (2019)

NESM3 CMIP6 Nanjing University of
Information Science and
Technology (NUIST)

1.9° × 1.9° Cao et al.
(2018)

NorESM2-LM CMIP6 Norwegian Climate Centre
(NCC)

1.9° × 2.5° Seland et al.
(2020)

NorESM2-MM CMIP6 Norwegian Climate Centre
(NCC)

0.9° × 1.2° Seland et al.
(2020)

TaiESM1 CMIP6 Research Center for En-
vironmental Changes,
Academia Sinica (AS-
RCEC)

0.9° × 1.2° Lee et al.
(2020b)

HadGEM3-
GC31-HH

HighResMIP Met Office Hadley Centre 0.23° × 0.35° Roberts et al.
(2019)

HadGEM3-
GC31-HM

HighResMIP Met Office Hadley Centre 0.23° × 0.35° Roberts et al.
(2019)
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Table 4.1 – Continuation

Model Type Institution Resolution
Atmosphere
(lat × lon)

Reference

HadGEM3-
GC31-LL

HighResMIP Met Office Hadley Centre 1.25° × 1.87° Roberts et al.
(2019)

HadGEM3-
GC31-MM

HighResMIP Met Office Hadley Centre 0.55° × 0.83° Roberts et al.
(2019)

MPI-ESM1-2-HR HighResMIP Max Planck Institute for
Meteorology (MPI)

0.93° × 0.93° Gutjahr et al.
(2019)

MPI-ESM1-2-XR HighResMIP Max Planck Institute for
Meteorology (MPI)

0.46° × 0.46° Gutjahr et al.
(2019)

4.2.2 Gridded data

The CMIP6/HighResMIP models were evaluated using daily maximum temperature data from the
CHIRTS dataset developed by the Climate Hazards Center (Verdin et al., 2020). This dataset has
a spatial resolution of 0.05° and provides data from 1983 to 2016. It combines three components:
a high-resolution climatology (0.05° × 0.05°), interpolated in situ temperature anomaly fields, and
remotely sensed infrared land surface emission anomalies from satellite observations, to support
the monitoring and assessment of temperature extremes (Verdin et al., 2020).

For monthly precipitation, the models were evaluated using the CHIRPS v2 dataset, which is
described in Chapter 3. This dataset combines climatological information from the Climate Hazards
Center, 0.25° resolution satellite imagery, and in situ station records to generate a gridded rainfall
product useful for seasonal drought monitoring and trend analysis (Funk et al., 2015). In addition,
the latest CHIRPS version (v3) was considered for comparison. This new version incorporates four
times more observational data sources than CHIRPS v2, significantly improving the spatial and
temporal accuracy of precipitation estimates (Climate Hazards Center, 2025).

4.2.3 Model evaluation

To evaluate the performance of the CMIP6/HighResMIP models, we used Taylor diagrams (Tay-
lor, 2001), a widely used tool in climate model assessment studies over South America (e.g., Arias
et al., 2025a; Bazzanela et al., 2024; Collazo et al., 2023; Negron-Juarez et al., 2024; Ortega et al.,
2021). These diagrams summarize the degree of statistical similarity between the reference data
(CHIRTS for maximum temperature and CHIRPS for precipitation) and the simulations of each
model, using three metrics (Taylor, 2001). The spatial correlation coefficient quantifies the similar-
ity between the observed and simulated spatial patterns, with values closer to 1 indicating a strong
spatial agreement. The root mean square error (RMSE) is defined as the square root of the mean
of the squared differences between observed and simulated data; lower RMSE values (i.e., closer
to 0) denote a better fit. Finally, the normalized standard deviation evaluates the model’s ability
to reproduce the spatial variability of the data, expressed as the ratio between the simulated and
observed standard deviations. Values close to 1 suggest that the model adequately represents the
spatial dispersion of the data.
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The evaluation was performed considering a single combination of events: HEs defined from the
90th percentile (P90), DEs identified using the SPI3, and their combination (CDHEs identified from
SPI3 and P90; SPI3-P90). The statistics used in the Taylor diagrams were calculated using the
original resolution of each model. Additionally, for the multi-model median ensemble, all models
were interpolated to a common 1° × 1° grid using the conservative technique (Remapcon), suitable
for conservative variables such as precipitation (Omay et al., 2024).

To classify the models according to their performance in simulating the characteristics of HEs,
DEs, and CDHEs, we used the Taylor Skill Score (TS). This metric, derived from Taylor diagrams,
evaluates model performance based on the Pearson correlation coefficient and the standard devia-
tion with respect to the reference dataset for each spatial field (Arias et al., 2025a). The TS was
computed following equation 4.1, as proposed by Hirota & Takayabu (2013):

TS =
(1 +R)4

4 ·
(
σm
σo

+ σo
σm

)2 (4.1)

where R represents the correlation coefficient between the model and reference spatial fields,
and σo and σm denote the standard deviations of the reference and simulated fields, respectively
Arias et al. (2025a).

4.3 Results

4.3.1 Performance of CMIP6/HighResMIP models in the simulation of maxi-
mum temperature and precipitation

Although the main objective of this study is not the direct evaluation of maximum temperature
and precipitation, we conducted a preliminary analysis of these variables in order to examine how
the models represent them, given that they are the basis for calculating the extreme indices used
in this work.

The Taylor diagrams show correlations above 0.6 for all seasons in most individual models,
ERA5, CPC, and the ensemble median, relative to the reference dataset (CHIRTS), suggesting
that they are able to reproduce, to some extent, the spatial pattern of maximum temperature over
the TSA (Figure 4.1a-d). Most of the analyzed datasets exhibit standard deviations greater than 1,
indicating an overestimation of variability compared with CHIRTS, with the bias being smaller in
June-July-August (JJA). CPC shows the highest correlations across all seasons, with values close
to 0.95, as well as the lowest root mean square error (RMSE) relative to the reference. According
to the TS (Figure B.1), CPC and ERA5 exhibit the highest values, exceeding 0.76. In JJA, the
multimodel ensemble performs better than the individual models. Overall, all HighResMIP mod-
els record good TS values. Most CMIP6 models also stand out for exhibiting moderate to good
TS values, with IPSL-CM6A-LR showing TS values above 0.7 for all seasons. KIOST-ESM and
MIROC6 display the poorest performance for maximum temperature. During JJA, the highest
skill is observed across most of the analyzed datasets.
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Figure 4.1: Seasonal evaluation of daily maximum temperature over tropical South America. (a–d)
Taylor diagrams. (e–h) Seasonal climatology for CHIRTS (reference). (i–l) Multimodel seasonal
median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80 % of the
CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial fields
(e–p) are shown at a common resolution of 1° × 1°.

The ensemble median shows a maximum temperature field similar to that of CHIRTS (Figure
4.1e-l). Nevertheless, the bias maps (Figure 4.1m–p) show that the ensemble underestimates the
maximum temperature over most of the TSA during December-January-February (DJF), March-
April-May (MAM), and JJA, with high agreement over Peru, eastern and central Brazil, and some
northern regions of the TSA. In September-October-November (SON), the ensemble overestimates
temperature in northeastern Brazil, but only a small part of this region shows agreement among
models.

Regarding precipitation, the CMIP6/HighResMIP models show a range of correlations between
0.3 and 0.8 with respect to the reference database (CHIRPS v2), during DJF and MAM (Figure
4.2a-d). The FGOALS-g3 and NESM3 models have correlations close to zero in DJF and MAM,
respectively. For JJA and SON, most models cluster around correlation values between moder-
ate (0.6) and strong (0.8), with better correlations in JJA. Most models have standard deviations
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greater than 1, suggesting an overestimation of variability with respect to CHIRPS v2. In JJA, the
models have a lower RMSE, in contrast to the other seasons. The multimodel ensemble exhibits
strong correlations in all seasons, with the best performance observed in JJA, showing a correlation
of 0.9, the smallest difference from the reference standard deviation, and the lowest RMSE. ERA5
and CHIRPS v3 also show strong correlations and standard deviations close to the reference across
all seasons; however, during DJF, MAM, and JJA, some individual models outperform them, and
in JJA, the ensemble median shows superior performance.

Based on the TS (Figure B.2), NorESM2-MM (CMIP6) demonstrates the best performance,
with TS values in DJF and MAM exceeding those of ERA5, CHIRPS v3, and the ensemble. In
contrast, FGOALS-s2 (CMIP6) shows the poorest performance across all seasons. As observed in
the Taylor diagram, the ensemble median attains the highest skill in JJA, with a TS value of 0.77.

Figure 4.2: Seasonal evaluation of daily precipitation over tropical South America. (a–d) Tay-
lor diagrams. (e–h) Seasonal climatology for CHIRPS v2 (reference). (i–l) Multimodel seasonal
median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80 % of the
CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial fields
(e–p) are shown at a common resolution of 1° × 1°.
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Similar to maximum temperature, most of the analyzed datasets exhibit their best performance
for precipitation during JJA (Figure B.2).

When comparing the ensemble median precipitation rate field with CHIRPS v2 (Figure 4.2e-l),
it is observed that, although the ensemble reproduces the seasonal pattern, it tends to spatially
expand areas with higher precipitation (mm/day). The bias maps indicate an overestimation across
much of the TSA (Figure 4.2m-p), with the largest differences located over the tropical Andes in
all seasons, where there is also a high degree of agreement between models.

4.3.2 Performance of CMIP6/HighResMIP models in the simulation of hot
events

Figure 4.3: Seasonal evaluation of count of Hot Events (number of HEs) over tropical South Amer-
ica. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRTS (reference). (i–l) Multimodel
seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80 %
of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial
fields (e–p) are shown at a common resolution of 1° × 1°.
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Figure 4.3a–b shows how CMIP6/HighResMIP models simulate the number of HEs over TSA. Most
models show weak to moderate correlations (0.1 – 0.6) relative to CHIRTS, while NESM3 stands
out by exhibiting negative correlations during DJF, MAM, and SON. In contrast, the multimodel
ensemble attains higher correlations than most individual models, with values close to 0.65 in all
seasons. Regarding the standard deviation, most models exhibit greater variability during DJF,
JJA, and SON, whereas the ensemble median underestimates variability compared to CHIRTS in
all seasons. Regarding RMSE, the ensemble median also stands out by achieving the lowest values
compared to the individual models. Both ERA5 and CPC perform considerably better than the
models, except in DJF, where differences in correlation and RMSE are observed between the two
datasets, with ERA5 showing the best performance. In the TS analysis (Figure B.3), the ERA5
reanalysis shows the best performance in the count of HEs, particularly during DJF and MAM.
CPC presents moderate performance in MAM and JJA, while the ensemble median shows its best
performance in JJA.

Figure 4.4: Seasonal evaluation of median duration of Hot Events (HEs) over tropical South Amer-
ica. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRTS (reference). (i–l) Multimodel
seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80 %
of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial
fields (e–p) are shown at a common resolution of 1° × 1°.
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When compared with the individual models, the ensemble outperforms them in three out of
the four seasons, highlighting the value of model combination for improving simulation represen-
tation. Although most individual models show poor performance according to the TS, NorESM2-
MM stands out in DJF, and HadGEM3-GC31HH (HighResMIP), FGOALS-s2, NorESM2-LM, and
NorESM2-MM perform better than the ensemble in MAM. By contrast, NESM3 shows the poorest
performance in the four seasons (Figure B.3).

The ensemble median (Figure 4.3i–j) tends to reproduce the occurrence pattern of HEs observed
in CHIRTS (Figure 4.3e–h), showing the areas with higher occurrences in northern and eastern TSA
during DJF and MAM, in central and southern Amazonia during JJA, and in eastern and southern
TSA during SON. However, the areas of higher occurrence are more widespread in the ensemble
compared to the more localized regions shown by the reference dataset. When analyzing the bias
(Figure 4.3m–p), the ensemble median overestimates the number of events across much of TSA.

Figure 4.5: Seasonal evaluation of median gap between Hot Events (HEs) over tropical South Amer-
ica. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRTS (reference). (i–l) Multimodel
seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80 %
of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial
fields (e–p) are shown at a common resolution of 1° × 1°.
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Figure 4.6: Seasonal evaluation of median intensity of Hot Events (HEs) over tropical South Amer-
ica. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRTS (reference). (i–l) Multimodel
seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80 %
of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial
fields (e–p) are shown at a common resolution of 1° × 1°.

In addition, a high level of agreement is observed among CMIP6/HighResMIP models, sug-
gesting that these biases are common across models. On the other hand, underestimations are
identified in northern and southern Colombia, as well as in northeastern Brazil during DJF, in
southern Peru and eastern Brazil during MAM (also with high agreement), and in northwestern
Brazil during JJA (Figure 4.3m–p).

Regarding the duration of HEs (Figure 4.4), the CMIP6/HighResMIP models, CPC and ERA5,
show weak correlations in all seasons, with values concentrated between 0.0 and 0.4. During MAM
and JJA, the standard deviations are generally below 1, suggesting that these databases tend to un-
derestimate variability compared to CHIRTS. In SON, most CMIP6/HighResMIP models, as well
as CPC and ERA5, exhibit higher variability. The ensemble median shows a very low correlation,
close to 0.1 in all seasons, and also underestimates the spatial variability in each of them, indicating
a limited ability to reproduce the spatial pattern of HEs duration observed in CHIRTS. Although
the TS is calculated for this characteristic, the highest ranks correspond to some individual models
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with values of 0.1 and 0.2, indicating very limited performance among the models, ERA5, and CPC
(Figure B.4). The ensemble ranks last in MAM with a TS of 0.01. Figure 4.4i-l shows that the
ensemble’s low score is due to its inability to adequately reproduce the duration pattern of HEs
observed in CHIRTS. The bias analysis shows that the ensemble tends to overestimate the duration
of HEs in much of TSA, while underestimating it in specific areas, such as western Peru. In both
cases, there is a high degree of agreement among the models.

Similar to what is observed for duration, datasets present limitations in reproducing the spa-
tial pattern of the median gap between HEs (Figure 4.5). All of them exhibit weak correlations
(between 0.0 and 0.4) and an underestimation of variability compared to CHIRTS, except during
JJA, when CPC, ERA5, and EC-Earth3-Veg-LR (CMIP6) show higher variability (Figure 4.5a–d).
The ensemble median records the lowest performance compared to the individual models, ranking
last according to the TS in all seasons. Although ERA5 and CPC achieve the highest TS values
among the datasets analyzed, these remain between 0.1 and 0.2, indicating that performance is
low across all datasets (Figure B.5). The poor ability of the models to represent the median gap
between HEs is associated with their simulation of a greater number of events and longer durations
across much of TSA compared to CHIRTS. As a result, the median gap between events in the
ensemble is shorter, ranging from 53 to 157 days, while CHIRTS has medians greater than 365
days in regions of western and northern TSA (Figure 4.5e–l). This difference is reflected in the bias
maps (Figure 4.5m–p), where the ensemble median underestimates the gap between events, with
differences exceeding –500 days in some areas of western and northern TSA. In addition, a high
degree of agreement is observed among the models.

Most of the databases analyzed show correlations above 0.6, indicating that they tend to re-
produce the spatial pattern of median HE intensity observed in CHIRTS (Figure 4.6a–d). The
strongest correlations occur during SON, ranging from 0.6 to 0.9. Across all seasons, an overes-
timation of variability is observed relative to CHIRTS; however, ERA5 and the ensemble median
stand out by displaying standard deviations close to the reference and a lower RMSE. The TS ranks
ERA5 first in all seasons (between 0.6 and 0.8), followed by the ensemble median (between 0.4 and
0.7) (Figure B.6). During MAM, the ACCESS-CM2 model also stands out, outperforming the
ensemble. Overall, the highest TS values are obtained during SON, with three HadGEM3-GC31
models from HighResMIP and the ACCESS-CM2 model from CMIP6 showing values above 0.6
(Figure B.6). When analyzing the spatial field of temperature intensity from the ensemble median,
a pattern similar to CHIRTS is observed (Figure 4.6e–l). However, the magnitude of intensity is
overestimated over southern Peru and eastern TSA during DJF and JJA, over northern TSA in
MAM, and over Venezuela, the Guianas, and central and southern TSA in SON (Figure 4.6m–p).
These overestimations exhibit a high degree of agreement among the models, indicating that this is a
common bias. In the rest of the region, the models underestimate the intensity relative to CHIRTS.

4.3.3 Performance of CMIP6/HighResMIP models in the simulation of Dry
events

Figure 4.7 shows how the models reproduce the spatial pattern of the number of DEs compared
to CHIRPS v2. Individual models and ERA5 exhibit weak, and in some cases even negative, cor-
relations (Figure 4.7a–d). Nevertheless, they tend to capture the amplitude of spatial variability,
with standard deviations close to 1, although some models exceed this during SON. The ensemble
median also displays weak correlations in most seasons, except in JJA, where it reaches values near
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0.5. However, the ensemble underestimates variability across all seasons relative to CHIRPS v2.
CHIRPS v3 exhibits variability closer to the reference but shows correlations between 0.5 and 0.6
in all seasons. The TS shows very limited performance, with low values in CMIP6/HighResMIP,
ERA5 and CHIRPS v3 (Figure B.7). The ensemble median, in particular, records TS values below
0.1, ranking among the lowest during DJF and MAM.

Although the ensemble median reproduces the highest number of events in the regions where
CHIRPS v2 also records the greatest frequency, it simulates a broader spatial extent (Figure 4.7e–l).
In addition, the ensemble exhibits a more homogeneous pattern, whereas CHIRPS v2 shows greater
spatial variability.

Figure 4.7: Seasonal evaluation of count of Dry Events (number of DEs) over tropical South
America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS v2 (reference). (i–l)
Multimodel seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at
least 80 % of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias.
All spatial fields (e–p) are shown at a common resolution of 1° × 1°.
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Figure 4.8: Seasonal evaluation of median duration of Dry Events (DEs) over tropical South Amer-
ica. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS v2 (reference). (i–l) Multi-
model seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at least 80
% of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias. All spatial
fields (e–p) are shown at a common resolution of 1° × 1°.

The bias analysis shows that the models tend to overestimate the number of DEs in western TSA
and northeastern Brazil during DJF, MAM, and SON, while in JJA the largest overestimations
are concentrated in western and northern TSA (Figure 4.7m–p). In contrast, the rest of the region
shows an underestimation of the number of events, which is most pronounced in southeastern Brazil.

The CMIP6/HighResMIP models and ERA5 present limitations in reproducing the spatial pat-
tern of the median duration of DEs compared to CHIRPS v2, with weak correlations close to zero
and even negative during DJF and MAM (Figure 4.8a–d). The multimodel ensemble does not
provide improvements over the individual models in these seasons, ranking among the lowest in the
TS. In JJA and SON, the ensemble achieves higher correlations than the individual models and
ERA5; however, they remain weak (0.3 – 0.4) and underestimate variability relative to CHIRPS
v2 across all seasons. CHIRPS v3, in turn, exhibits standard deviations close to the reference in
all seasons, although its correlations remain between 0.3 and 0.5. Overall, although a performance
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ranking is obtained (Figure B.8), all evaluated datasets show low skill for this characteristic.

The ensemble shows a median duration of 1 to 3 months over TSA, while CHIRPS v2 exhibits
longer durations in some areas, exceeding 5 months (Figure 4.8e–l). The bias of the ensemble me-
dian presents an overestimation of duration in Bolivia and eastern Brazil during DJF, in southern
and central TSA during MAM, in the north during JJA, and in the west during SON (Figure
4.8m-p). Across the rest of the region, the ensemble tends to underestimate duration compared to
CHIRPS v2.

Figure 4.9: Seasonal evaluation of median gap between Dry Events (DEs) over tropical South
America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS v2 (reference). (i–l)
Multimodel seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at
least 80 % of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias.
All spatial fields (e–p) are shown at a common resolution of 1° × 1°.
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Figure 4.10: Seasonal evaluation of median intensity of Dry Events (DEs) over tropical South
America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS v2 (reference). (i–l)
Multimodel seasonal median. (m–p) Multimodel seasonal median biases. Dots indicate where at
least 80 % of the CMIP6/HighResMIP models agree on the sign of the multimodel median bias.
All spatial fields (e–p) are shown at a common resolution of 1° × 1°.

The poor performance of the models in simulating DEs frequency and median duration is also
reflected in the median gap between events, with correlations ranging from –0.2 to 0.2 (Figure
4.9a–d). Most models, as well as the ensemble, underestimate variability with respect to CHIRPS
v2 across all seasons, with this underestimation being more pronounced in the multimodel ensem-
ble. ERA5 and CHIRPS v3 show standard deviations close to the reference, but their correlations
remain weak. However, correlations are slightly higher in CHIRPS v3 (∼0.4) compared to ERA5
(∼0.1). Consequently, the TS indicates low performance, with values below 0.25 (Figure B.9).
Similar to what is observed for the other DEs characteristics, the ensemble shows more homoge-
neous distributions, with a median gap between events in TSA ranging from 5 to 13 months (Figure
4.9i–l). In contrast, CHIRPS v2 shows a more heterogeneous distribution, with values ranging from
9 to 33 months in some regions (Figure 4.9e–h). The bias analysis indicates that the models mainly
underestimate the gap between events in the north of the TSA, the Amazon, and Peru, while the
most pronounced overestimations are concentrated in eastern Brazil and the tropical Andes (Figure
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4.9m–p).

Unlike HEs, where some CMIP6/HighResMIP models show good performance in representing
intensity (Figure 4.6a–d), for DEs the models exhibit clear limitations in reproducing the drought
severity pattern observed in CHIRPS v2 (Figure 4.10a–d). The individual models, the ensemble me-
dian, and ERA5 cluster around correlation values between –0.2 and 0.2, while CHIRPS v3 reaches
slightly higher values, between 0.3 and 0.4. ERA5 and CHIRPS v3 maintain standard deviations
close to the reference across all seasons, in contrast to the ensemble median, which tends to under-
estimate them. During DJF and SON, most models overestimate variability, whereas in MAM and
JJA some overestimate and others underestimate it. All datasets show high RMSE relative to the
reference, confirming their limitations in representing drought severity. This is reflected in the TS,
where none of the datasets stand out, with performance values below 0.2 (Figure B.10).

The ensemble median exhibits a more homogeneous distribution of drought severity across all
seasons compared to CHIRPS v2. While CHIRPS v2 records median intensity values below –1.8
in some TSA regions, associated with severe droughts (−2.0 ≤ SPI < −1.5), the model ensemble
tends to show moderate droughts (−1.5 ≤ SPI < −1.0) over much of the region (Figure 4.10e–l).
The bias maps exhibit an underestimation of intensity by the ensemble relative to CHIRPS v2,
although overestimations appear in certain areas (Figure 4.10m–p). In both cases, there is a high
degree of agreement among the models in specific regions.

4.3.4 Performance of CMIP6/HighResMIP models in the simulation of com-
pound dry and hot events

Figure 4.11 shows the performance of the datasets in simulating the number of CDHEs over TSA.
The CMIP6/HighResMIP models display correlations ranging from –0.2 to 0.5, with NESM3 stand-
ing out for its negative value (–0.3) in MAM (Figure 4.11a–d). Overall, most models exhibit
standard deviations higher than the reference (CHIRPSv2/CHIRTS), along with high RMSE. The
ensemble median does not outperform the individual models, recording correlations between 0.3
and 0.4 and underestimating the variability of CDHEs counts compared to the reference. ERA5
shows the best performance in DJF and MAM, with correlations above 0.6 and standard deviations
close to 1. The TS highlights the overall limitations across datasets, with the exception of ERA5,
which reaches a value of 0.48 in MAM (Figure B.11).

When comparing the ensemble median with CHIRPSv2/CHIRTS (Figure 4.11e–l), several lim-
itations become evident. One of them is its tendency to suggest CDHEs across the entire TSA,
whereas CHIRPSv2/CHIRTS, depending on the season, show regions without events: the south in
DJF, the central area in MAM, the north in JJA, and the west in SON. The ensemble not only over-
estimates the spatial extent of events but also their frequency compared to the reference datasets.
This is reflected in the bias maps (Figure 4.11m–p), which show overestimations exceeding 2 events
across much of TSA during DJF and MAM, in the north during JJA, and in the west and central
areas during SON, with model agreement. An exception occurs in MAM, when the ensemble shows
fewer events in eastern Brazil, with differences ranging from 4 to 8 events relative to the reference
datasets.
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Figure 4.11: Seasonal evaluation of count of Compound Dry and Hot Events (number of CDHEs)
over tropical South America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS
v2/CHIRTS (reference). (i–l) Multimodel seasonal median. (m–p) Multimodel seasonal median
biases. Dots indicate where at least 80 % of the CMIP6/HighResMIP models agree on the sign of
the multimodel median bias. All spatial fields (e–p) are shown at a common resolution of 1° × 1°.

For the median duration of CDHEs, ERA5, the ensemble median, and most individual models
show correlations close to 0.0, except in DJF, when ACCESS-ESM1-5, CanESM5, and KIOST-
ESM reach values between 0.3 and 0.4 (Figure 4.11a–d). Regarding the standard deviation, during
DJF and MAM some CMIP6/HighResMIP models and ERA5 record values close to 1. However, in
MAM and JJA, the largest overestimations are observed, along with the highest RMSE in most in-
dividual models. The ensemble median, in turn, underestimates the variability of median duration
in all seasons. These limitations are reflected in the TS values, which do not exceed 0.2 (Figure
B.12).

The ensemble median shows the longest CDHEs durations in northern and eastern TSA during
DJF, in the east during MAM, and in central TSA during the remaining seasons, with values rang-
ing from 8 to 11 days (Figure 4.12i–l). CHIRPSv2/CHIRTS agree in identifying the same regions
as those with the longest durations, although in some cases the reference reaches values above 15
days, such as in central Brazil during MAM (Figure 4.12e–h). It is noteworthy that in DJF and
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MAM, when the reference does not report durations (white areas over TSA) due to the absence
of events, the ensemble suggests the shortest durations, as observed in southern TSA in DJF and
in the west in MAM. The bias (Figure 4.12m–p), calculated only for regions where both datasets
present values, indicates that the ensemble tends to overestimate duration across much of TSA,
with a high level of agreement among models. However, substantial underestimations are found in
central Brazil during DJF, in northern Peru and eastern Brazil during JJA, and in northern and
eastern TSA during SON.

Similar to HEs and DEs, the models show limitations in reproducing the spatial pattern of the
time between CDHEs, with low correlations and an underestimation of variability relative to the
reference (Figure 4.13a–d).

Figure 4.12: Seasonal evaluation of median duration of Compound Dry and Hot Events (CDHEs)
over tropical South America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS
v2/CHIRTS (reference). (i–l) Multimodel seasonal median. (m–p) Multimodel seasonal median
biases. Dots indicate where at least 80 % of the CMIP6/HighResMIP models agree on the sign of
the multimodel median bias. All spatial fields (e–p) are shown at a common resolution of 1° × 1°.
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Figure 4.13: Seasonal evaluation of median gap between Compound Dry and Hot Events (CDHEs)
over tropical South America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for CHIRPS
v2/CHIRTS (reference). (i–l) Multimodel seasonal median. (m–p) Multimodel seasonal median
biases. Dots indicate where at least 80 % of the CMIP6/HighResMIP models agree on the sign of
the multimodel median bias. All spatial fields (e–p) are shown at a common resolution of 1° × 1°.

ERA5 also performs poorly in this metric. While CHIRPSv2/CHIRTS reports median gap
between events exceeding one year (365 days) across much of the TSA, the ensemble median shows
values ranging from 3 to 105 days in eastern and northern TSA, and greater than 313 days in
the west (Figure 4.13e–l). This underestimation across much of the region shows high agreement
among models (Figure 4.13m–p). A shorter gap between events in the ensemble is linked to the
overestimation of event frequency, as well as to the longer durations simulated by the ensemble
compared to the reference, as previously discussed. These limitations are reflected in the TS, with
values below 0.1 in most models and in the ensemble, the latter showing the lowest value and
ranking last in all seasons (Figure B.13).

The Taylor diagram for SPI intensity during CDHEs (Figure 4.14a–d) is very similar to that
observed for DEs (Figure 4.10a-b), where all datasets exhibit low performance. This indicates that
the models struggle to capture drought intensity both in individual events (DEs) and in combined
events (CDHEs). Although the ensemble for CDHEs shows a more diverse spatial distribution of

73



intensities over TSA (Figure 4.14i–l), in contrast to the more homogeneous pattern observed for
DEs, it presents limitations in reproducing the CHIRPSv2 pattern (Figure 4.14e–h). In particular,
biases are identified, with underestimation in northern TSA during DJF and MAM, and overesti-
mation across much of the region throughout all seasons (Figure 4.14m–p). The ranking, according
to the TS, indicates poor performance across all datasets, with values below 0.2 (Figure B.14).

Figure 4.14: Seasonal evaluation of median intensity (SPI) of Compound Dry and Hot Events
(CDHEs) over tropical South America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for
CHIRPS v2 (reference). (i–l) Multimodel seasonal median. (m–p) Multimodel seasonal median
biases. Dots indicate where at least 80 % of the CMIP6/HighResMIP models agree on the sign of
the multimodel median bias. All spatial fields (e–p) are shown at a common resolution of 1° × 1°.
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Figure 4.15: Seasonal evaluation of median intensity (°C) of Compound Dry and Hot Events
(CDHEs) over tropical South America. (a–d) Taylor diagrams. (e–h) Seasonal climatology for
CHIRTS (reference). (i–l) Multimodel seasonal median. (m–p) Multimodel seasonal median biases.
Dots indicate where at least 80 % of the CMIP6/HighResMIP models agree on the sign of the
multimodel median bias. All spatial fields (e–p) are shown at a common resolution of 1° × 1°.

Similar to what is observed for the intensity of HEs (Figure 4.6a–d), the CMIP6/HighResMIP
models show better performance in simulating maximum temperature intensity during CDHEs
(Figure 4.15a–d), with correlations ranging from moderate (0.4) to strong (0.8). In all seasons,
individual models display standard deviations greater than 1, suggesting higher variability com-
pared to the reference. Both ERA5 and the ensemble stand out by exhibiting strong correlations
across all seasons, along with standard deviation values close to 1. The TS analysis indicates that
most datasets achieve their best performance in SON, the season in which the highest skill is also
observed for HE intensity. In the other seasons, most models show TS values below 0.4 (Figure
B.15).

The ensemble median (Figure 4.15i–l) exhibits a spatial pattern of intensities similar to that
observed for HEs (Figure 4.6i–l), with higher values in eastern TSA during DJF, in the north during
MAM, in the south during JJA, and in the south and central regions during SON. However, the
ensemble shows greater intensities during CDHEs, which is consistent with the findings reported
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in Chapter 3 based on observational datasets and the ERA5 reanalysis. When compared with the
reference, overestimations greater than 1.6 °C are identified, spatially coinciding with the regions
where positive biases in HE intensity were also detected (Figure 4.15m–p).

4.4 Summary and discussion

This chapter addresses the evaluation of a set of CMIP6 (22) and HighResMIP (6) models in simu-
lating the characteristics of event count, duration, gap between events, and intensity of HEs, DEs,
and their combination (CDHEs) in TSA during the period 1983–2014. Results allow us to establish
the extent to which models reproduce the main characteristics of these extreme events, which is
essential for future research on impact assessment, risk management, and the design of adaptation
and mitigation strategies in the region under climate change scenarios.

First, we evaluated the models’ ability to represent maximum temperature (Figure 4.1) and pre-
cipitation (Figure 4.2) in TSA, as these are the variables required to estimate the indices. Results
suggest a better performance in simulating maximum temperature across all seasons compared to
precipitation. For both variables, the highest skill was found during JJA, which is consistent with
the findings of Bazzanela et al. (2024) and Arias et al. (2025a) for precipitation. Similarly, the
HighResMIP models and the ensemble median showed the highest skill in simulating temperature
across all seasons, in contrast to most CMIP6 models. Based on the TS, NorESM2-MM (CMIP6)
achieved the best performance in simulating precipitation throughout all seasons, surpassing the
ensemble median, ERA5, and CHIRPS v3. This model also stood out as one of the best in repre-
senting the seasonal precipitation pattern over South America, according to Arias et al. (2025a).
Regarding temperature, IPSL-CM6A-LR (CMIP6) exhibited the highest skill across all four sea-
sons, followed by the six evaluated HighResMIP models and the ensemble median. IPSL-CM6A-LR
has also demonstrated good performance in simulating mean temperature in other studies for spe-
cific regions of South America (e.g., Dias & Reboita, 2021; Reboita et al., 2024).

Subsequently, we evaluated the ability of the models to represent the characteristics of HEs,
DEs, and CDHEs in TSA in the historical period, considering the number of events, median du-
ration, median gap between events, and median intensity. The results showed that the individual
models and the ensemble median had limitations in adequately reproducing the characteristics of
these extreme events observed in the reference databases, particularly the number, duration, and
gap between events. The number of HEs is slightly well represented in some individual models
and for some seasons. In contrast, the ensemble median and individual models better represented
the intensity of maximum temperature associated with HEs and CDHEs, especially during SON.
Although the ensemble median outperformed the individual models in this characteristic, it had
limitations in the rest, achieving inferior performance in some cases.

These results are partly consistent with those reported by Collazo et al. (2023), who found that
for HEs, individual CMIP6 models provided a very poor representation of heatwave duration, while
intensity was better captured. Hirsch et al. (2021) conducted the first systematic global assessment
of heatwaves using the CMIP6 model ensemble, analyzing their ability to reproduce observed his-
torical characteristics. They found that during the period 1950–2014, both the CMIP5 and CMIP6
ensembles overestimated heatwave frequency in the Amazon region, while underestimating it across
the rest of the TSA. In addition, CMIP6 models tend to overestimate heatwave duration in the
Amazon, with a bias of approximately six days. Complementarily, Wu et al. (2021b) noted that
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although most CMIP6 models are able to simulate the four types of compound temperature and
precipitation extremes (hot/dry, hot/wet, cold/dry, and cold/wet), their performance is poor in
tropical regions.

For DEs, Papalexiou et al. (2021) evaluated how well the CMIP6 models reproduce historical
characteristics of droughts, such as their duration and severity. Their analysis showed that the
variability of drought statistics is greater in the tropics compared to other latitudes, indicating
that climate models still require improvements to adequately capture these patterns in the tropical
region.

Among the limitations encountered, the models overestimate the number of events and median
duration and underestimate the gap between events for HEs and CDHEs compared to the refer-
ence over much of the TSA, with some regions exhibiting high agreement between models (more
than 80 %). The models, in turn, exhibited a more spatially homogeneous distribution of DEs
characteristics compared to CHIRPS, overestimating them in some regions while underestimating
them in others. Furthermore, whereas the CMIP6/HighResMIP models indicated the occurrence
of CDHEs across the entire TSA region, the reference datasets (CHIRTS/CHIRPSv2) showed a
more distinct seasonal pattern. In the latter, some subregions did not record CDHEs during spe-
cific seasons, in contrast to the more pervasive signal suggested by the models. This study did
not delve into the causes of model biases, which constitute a fundamental aspect that should be
addressed in future research. Therefore, it is necessary to advance in the study of the climatic pro-
cesses that explain these limitations in representing the characteristics of extreme events and their
combination. This evaluation constitutes a necessary step toward identifying the most suitable
CMIP6 and HighResMIP models for studies in the TSA, which are essential for assessing the im-
pacts of climate change in a highly vulnerable region (Castellanos et al., 2022; Cavazos et al., 2024).

In this chapter, we also evaluated the performance of observational databases such as CPC
(maximum temperature), CHIRPS v3 (precipitation), and ERA5 reanalysis (precipitation and max-
imum temperature) in representing the spatial distribution of individual and compound extreme
events characteristics. While these databases outperformed the CMIP6/HighResMIP models and
the ensemble median for some characteristics, they generally performed poorly. The exception was
temperature intensity in HEs and CDHEs, where, like the models, they performed better.

The comparison among the different datasets (CPC, ERA5, CHIRPSv3, and CMIP6/HighResMIP)
revealed substantial differences. Although the models were able to simulate maximum temperature
and, to a lesser extent, precipitation, they showed limitations in reproducing the count, duration,
and gap between events associated with HEs, DEs, and CDHEs. This limitation was not exclusive
to the models but was also present in the observational datasets and in the ERA5 reanalysis. An
example of this is the difference between CHIRPSv2 and CHIRPSv3, which did not consistently
reproduce the same patterns of extremes, highlighting that representation challenges extended even
to observational datasets with respect to CHIRTS/CHIRPS references.
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Chapter 5

Projected changes in the
characteristics of hot, dry, and
compound dry-hot events under
different climate change scenarios

5.1 Introduction

Climate change projections indicate that mean annual temperature in South America will increase
toward the end of the 21st century, particularly under the highest emission scenario (SSP5-8.5)
(Bustos Usta et al., 2022). The region is highly vulnerable to the effects of climate change due to
the projected temperature increase, regardless of the scenario considered, with greater impacts in
countries such as Colombia, Brazil, Venezuela, Guyana, Suriname, French Guiana, Peru, Bolivia,
and Paraguay (Bustos Usta et al., 2022). Moreover, Latin America is one of the most urbanized re-
gions in the world (DESA, 2019), experiencing increased human exposure to extreme temperatures
as a result of the interaction between climate change and urbanization (Kephart et al., 2022). The
results of Gasparrini et al. (2017) suggest that climate change generates a substantial increase in
mortality associated with extreme hot and cold events, with a stronger impact in tropical regions.
However, the impacts tend to be lower under scenarios that assume mitigation strategies, which
highlights the importance of implementing effective climate policies (Gasparrini et al., 2017).

Several studies have documented a projected increase in the occurrence and intensity of hot
extremes (HEs) in Latin America. Ramarao et al. (2024) analyzed projected changes in heatwaves
across the region and found that these events will increase in frequency, duration, and intensity
toward mid-century under the RCP2.6 and RCP8.5 scenarios, with the latter showing the most
pronounced increases. Furthermore, their results indicate that population exposure to heatwave
days in Central and South America could be 3 to 10 times greater by the mid-21st century. Feron
et al. (2019) reported that under the RCP8.5 scenario, half or more of the days in a year could be
extremely hot in the region by mid-century, with the largest increases projected in tropical zones.
Consistently, De Luca & Donat (2023) found an increase in the frequency, duration, and intensity
of HEs toward the end of the 21st century, with the greatest increases under the SSP5-8.5 scenario,
particularly over northern South America. Similarly, Collazo et al. (2023) reported that the highest
heatwave frequencies occur in Tropical South America (TSA) under SSP2-4.5 and in central South
America under SSP5-8.5, with longer durations projected in TSA primarily under SSP5-8.5. This
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increase in extreme temperatures can have cascading effects, exacerbating other events such as
droughts or wildfires (AghaKouchak et al., 2020).

For dry events (DEs), an increase in the frequency, duration, and spatial extent of droughts is
projected across most regions of the world during the 21st century (Wang et al., 2021a). The great-
est increase in drought duration was observed in northeastern South America, central Africa, and
northern Oceania, where the duration of these events doubled (Wang et al., 2021a). Additionally,
flash drought occurrence is expected to increase under all climate change scenarios globally, with
the greatest increases under the highest radiative forcing scenario (Christian et al., 2023).

Given that South America is a particularly vulnerable region to droughts, Silverman & En-
gström (2025) assessed the relative vulnerability of countries in the region considering exposure,
sensitivity, adaptive capacity, and overall vulnerability level. Their results indicate that Ecuador,
due to its high population density and limited water resources, exhibits the highest vulnerability,
followed by Colombia and Uruguay. The analysis suggests that both geographic and economic
factors influence the different vulnerability levels among countries. Merz & Zachariah (2025) show
a discouraging outlook regarding drought development across much of South America, particularly
under the high-emission scenario. Similarly, Wainwright et al. (2022) project an increase in the
number of dry days and the duration of drought periods for South America, particularly during the
dry season, with an estimated increase of 5 to 10 days in the mean duration of dry periods in the
northeastern region. Penalba & Rivera (2013) assessed the impact of climate change on droughts
in southern South America under moderate and high emission scenarios, finding higher drought
frequency in both the near-term and long-term, with shorter duration but higher severity across
much of the region.

For the Amazon, models project increases in the frequency and geographic extent of meteoro-
logical droughts in the eastern region under the RCP8.5 scenario (Duffy et al., 2015). Specifically,
CMIP5 models estimate that the area affected by moderate and severe meteorological droughts in
the Amazon will nearly double and triple, respectively, by 2100 (Duffy et al., 2015). CMIP6 models
show greater agreement that much of the Amazon basin will experience decreased precipitation in
the future, particularly in the eastern and southern regions during the 21st century (Parsons, 2020).
Furthermore, models suggest that the recent particularly hot and severe droughts will become in-
creasingly frequent due to rising global temperatures (Parsons, 2020).

Although HEs and DEs have been the subject of numerous studies, several authors have high-
lighted the growing importance of compound dry and hot events (CDHEs). According to the
Intergovernmental Panel on Climate Change (IPCC), there is high confidence that CDHEs have
increased in frequency at the global scale during the last century as a result of human influence
(Seneviratne et al., 2021). Likewise, high confidence remains that the probability of occurrence
of these events will continue to increase in most land regions as global mean temperature rises
(Seneviratne et al., 2021). Based on climate projections, hot/dry and hot/wet compound events
are expected to increase in frequency over the coming decades, while cold/dry and cold/wet events
are projected to become less frequent (Wu et al., 2021b).

The spatial extent of CDHEs globally shows an increasing trend during the 2015–2100 pe-
riod, with more pronounced increases under the high-emission scenario (SSP5-8.5) compared to the
low-emission scenario (SSP2-4.5) (Li et al., 2025). CMIP6 models projections indicate substan-
tial increases across South America, Central America, southern North America, Africa, Europe,
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western Asia, and Australia, although the magnitude of the increase varies among the different in-
dices used for their identification (Hosseinzadehtalaei et al., 2024). Additionally, the probability of
individual DEs is projected to increase over approximately 50 % of the land surface, which will ex-
pand areas prone to CDHEs due to the widespread increase in HEs probability (Tabari & Willems,
2023). Overall, the increase in CDHEs probability is significant at the global scale, with the greatest
increases projected for regions such as South America (Chiang et al., 2022; Tabari & Willems, 2023).

CDHEs can cause considerable damage and pose significant challenges to socioeconomic sys-
tems, often exceeding their response capacities (Tabari & Willems, 2023). Globally, by the end of
the 21st century, an additional 700 to 1,700 million people are projected to be exposed to amplified
compound events, with countries characterized by weak governance facing approximately twice the
associated risk compared to those with strong governance (Tabari & Willems, 2023). Consistently,
the frequency and magnitude of CDHEs are expected to increase toward the end of the 21st cen-
tury compared to the mid-century period (2050s) (De Luca & Donat, 2023; Meng et al., 2022; Yin
et al., 2023; Zhang et al., 2022a). Similarly, population exposure to CDHEs is projected to rise
substantially in response to the higher levels of global warming anticipated under the SSP3-7.0 and
SSP5-8.5 scenarios (Zhang et al., 2022a).

Considering the importance of analyzing 21st-century projections of HEs, DEs, and their com-
bination (CDHEs) in a highly vulnerable region such as TSA, this chapter examines their main
characteristics under four emission scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5) from
CMIP6, as well as under the HighresFuture scenario from the HighResMIP experiment, for the
near-term (2021–2040) and long-term (2081–2100). First, Subsection 5.3.1 analyzes the projected
changes in HEs. Subsequently, Subsection 5.3.3 presents the corresponding results for DEs, while
Subsection 5.3.5 examines CDHEs. Finally, Section 5.4 summarizes the conclusions and discusses
the most relevant findings.

5.2 Data and methodology

5.2.1 CMIP6/HighResMIP simulations

To assess projected changes in the main characteristics of HEs, DEs, and their combination (CD-
HEs) over TSA, projections for the 21st century from the CMIP6 and HighResMIP model ensembles
were analyzed (Table 5.1). For the CMIP6 models, projections corresponding to the Shared So-
cioeconomic Pathways (SSPs) for the period 2015–2100 were considered, while the HighResMIP
simulations were based on the HighresFuture scenario, covering the period 2015–2050.

Table 5.1: Projections from CMIP6 and HighResMIP models used in this study under different
greenhouse gas (GHG) emission scenarios. The number of models used was 17 for SSP1-2.6, 21
for SSP2-4.5 and SSP5-8.5, 19 for SSP3-7.0, and 5 for HighresFuture. SSP: Shared Socioeconomic
Pathway, CMIP6. Differences in the number of models with respect to chapter 4 are due to data
availability per scenario.

Model Type Experiment

ACCESS-CM2 CMIP6 SSP245, SSP370
ACCESS-ESM1-5 CMIP6 SSP126, SSP245, SSP370, SSP585
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Table 5.1 - Continuation

Model Type Experiment

CMCC-ESM2 CMIP6 SSP126, SSP245, SSP370, SSP585
CanESM5 CMIP6 SSP126, SSP245, SSP370, SSP585
EC-Earth3 CMIP6 SSP245, SSP585
EC-Earth3-Veg CMIP6 SSP370, SSP585
EC-Earth3-Veg-LR CMIP6 SSP126, SSP245, SSP370, SSP585
FGOALS-g3 CMIP6 SSP245, SSP370, SSP585
GFDL-ESM4 CMIP6 SSP126, SSP245, SSP370, SSP585
INM-CM4-8 CMIP6 SSP126, SSP245, SSP370, SSP585
INM-CM5-0 CMIP6 SSP126, SSP245, SSP370, SSP585
IPSL-CM6A-LR CMIP6 SSP126, SSP245, SSP370, SSP585
KACE-1-0-G CMIP6 SSP126, SSP245, SSP370, SSP585
KIOST-ESM CMIP6 SSP126, SSP245, SSP585
MIROC6 CMIP6 SSP126, SSP245, SSP370, SSP585
MPI-ESM1-2-HR CMIP6 SSP126, SSP245, SSP370, SSP585
MPI-ESM1-2-LR CMIP6 SSP126, SSP245, SSP370, SSP585
MRI-ESM2-0 CMIP6 SSP126, SSP245, SSP370, SSP585
NESM3 CMIP6 SSP245, SSP585
NorESM2-LM CMIP6 SSP126, SSP245, SSP370, SSP585
NorESM2-MM CMIP6 SSP126, SSP245, SSP370, SSP585
TaiESM1 CMIP6 SSP126, SSP245, SSP370, SSP585
HadGEM3-GC31-HH HighResMIP highres-future
HadGEM3-GC31-HM HighResMIP —
HadGEM3-GC31-LL HighResMIP highres-future
HadGEM3-GC31-MM HighResMIP highres-future
MPI-ESM1-2-HR HighResMIP highres-future
MPI-ESM1-2-XR HighResMIP highres-future

Shared Socioeconomic Pathways

For the CMIP6 models, projections based on four greenhouse gas emission SSPs, were considered:

SSP1-1.6: This scenario depicts a world moving toward more sustainable and inclusive de-
velopment, with greater international cooperation and improved management of common goods.
Investments in education, health, and environmental technologies reduce inequality and enhance
resource efficiency. Economic growth focuses on human well-being and the use of renewable energy,
posing fewer challenges for climate change mitigation and adaptation (O’Neill et al., 2017).

SSP2-4.5: This scenario describes a world that maintains historical social, economic, and
technological trends. Economic and social development proceed unevenly, with overall political
stability and imperfect global markets. Institutions make slow progress toward the Sustainable
Development Goals (SDGs). Environmental degradation persists, with limited improvements, thus
leaving moderate challenges for climate change mitigation and adaptation (O’Neill et al., 2017).

SSP3-7.0: This scenario portrays a world where the resurgence of nationalism and regional
conflicts limits international cooperation and institutional development. Policies focus on security
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and self-sufficiency, reducing investment in education and technology. Economic development is
slow, with high inequality and environmental degradation. Dependence on fossil fuels and weak
global cooperation create major challenges for climate change mitigation and adaptation (O’Neill
et al., 2017).

SSP5-8.5: This scenario envisions a world in which economic success fosters confidence in
markets, innovation, and social participation as pathways to sustainable development. Global
integration and substantial investment in health, education, and institutions strengthen human and
social capital, promoting rapid economic growth based on intensive use of fossil fuels and natural
resources, leading to a radiative forcing level of 8.5 W/m² by 2100. Confidence in technology and
risk management reduces environmental concerns, thereby creating high challenges for mitigation
but low challenges for adaptation to climate change (O’Neill et al., 2017).

HighresFuture scenario

The HighresFuture (highres-future) scenario, developed within the HighResMIP models, corre-
sponds to a high-emission pathway similar to SSP5-8.5 (Haarsma et al., 2016). This configuration
leads to the highest radiative forcing among the CMIP6 scenarios (O’Neill et al., 2017).

5.2.2 Events identification

Extreme events under climate change projections were calculated following the methodology de-
scribed in Chapter 3. In this chapter, projected changes were analyzed only for the combination
of HEs with the P90 threshold (i.e. those events for which maximum daily temperature exceeds
the 90th percentile), and DEs with the SPI3 (i.e. Standardized Precipitation Index of 3 months),
following Collazo et al. (2023). For projected HEs, the same reference period as for historical data
(1981–2010) was used (Collazo et al., 2023). In the case of DEs, different approaches exist to as-
sess future droughts using standardized drought indices (Wang et al., 2021b). Two methodologies
were applied in this study. The first involved fitting the projected precipitation to the probability
distribution of the historical period (e.g., Ridder et al., 2022). For this fitting, the entire period
1981–2014 was considered, since no reference period was defined in the historical analysis, in order
to have a broader temporal basis for parameter estimation. The second methodology, exploratory
in nature, consisted of fitting the projected precipitation to its own probability distribution (e.g.,
Collazo et al., 2023; Wang et al., 2021b) (see supplementary material C). Finally, CDHEs were
identified when HEs occurred during DEs (Collazo et al., 2023).

5.2.3 Projected changes and temporal evolution of HEs, DEs, and CDHEs

For the analysis of projections throughout the 21st century, future changes in the characteristics
of HEs, DEs, and CDHEs were estimated from the CMIP6 and HighResMIP simulations. The
analysis was based on two periods suggested by the IPCC: near-term (2021–2040) and long-term
(2081–2100). In the case of HighResMIP ensemble projections, only the near-term period was
considered, since projections for this project are only available until 2050. For both analysis pe-
riods, 1991–2010 was defined as the reference period. All models were interpolated to a common
1° × 1° grid resolution using the conservative remapping technique (Remapcon) (Omay et al., 2024).

To examine in detail the differences among the five emission scenarios, annual event character-
istics during the 1983–2100 period were analyzed for the four regions selected in subsection 3.3.4
(see Figure 3.1), considering each model individually and at its original resolution.
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5.3 Results

5.3.1 Projected changes of hot events

Figure 5.1: Projected changes in the seasonal number of Hot Events (HEs) for the near-term pe-
riod (2021–2040) based on the ensemble median under different emission scenarios: SSP1-2.6 (a–d),
SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFuture (HighresFu-
ture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the CMIP6 or
HighResMIP models agree on the sign of the projected change. Black rectangles highlight the four
subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado.
All spatial fields are shown at a common resolution of 1° × 1°.

Climate change scenarios for the near-term period (2021–2040) project an increase in the number
of HEs across TSA, with the most pronounced increase under HighresFuture (Figure 5.1). Across
all scenarios, models show high agreement on the type of change for TSA. The SSPs show similar
spatial patterns in the distribution of higher occurrences, with increases ranging from 12 to 36
events relative to the reference period (1991–2010). The HighresFuture scenario exhibits increases
exceeding 42 events over Peru and southern TSA during December-January-February (DJF); over
the western region during March-April-May (MAM) and June-July-August (JJA), including the
Brazilian Amazon (region C) during MAM; over northern TSA, including the northern Andes (re-
gion A) and the Orinoco (region B), during JJA and September-October-November (SON); and
over eastern Brazil during SON. For the long-term period (2081–2100) (Figure 5.2), the number
of events increases under the SSP1-2.6 and SSP2-4.5 scenarios, showing larger magnitudes than
those projected for the near-term period. The increase is greater (> 42 events) under SSP2-4.5,
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Figure 5.2: Projected changes in the seasonal number of Hot Events (HEs) for the long-term
period (2081–2100) based on the ensemble median under different emission scenarios: SSP1-2.6
(a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate grid points
where at least 80 % of the CMIP6 models agree on the sign of the projected change. Black
rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon,
and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

particularly over the southern and western regions of TSA. Models exhibit high agreement on the
sign of change in both scenarios. Similarly, SSP3-7.0 and SSP5-8.5 also show substantial increases
in the southern and western regions of TSA, with consistent inter-model agreement. However, a
decrease in the number of events is projected for northern TSA during DJF and for regions of
Brazil and western TSA during JJA and SON, relative to the historical period (1991–2010). These
decreases show low agreement among CMIP6 models regarding the sign of change.

For the near-term period, the SSPs suggest median durations 0 to 2 days longer compared to the
historical period (Figure 5.3), with some regions showing durations 2 to 4 days longer, which cover a
larger area over central Brazil under the SSP5-8.5 scenario during JJA. For this characteristic, very
few regions exhibit inter-model agreement on the sign of change. HighresFuture suggests longer
durations for this period, with the highest values (exceeding 6 days) concentrated over northern
TSA during DJF and SON, over central Brazil during MAM, and over much of Brazil, Peru, and
the central northern Andes (region A) during JJA. There is agreement among the HighResMIP
models on the increase in duration for TSA.

The SSP1-2.6 and SSP2-4.5 scenarios suggest durations 0 to 15 days longer for the long-term
(Figure 5.4), with the longest durations observed over northeastern Brazil during JJA under SSP2-
4.5. Few regions show agreement among models under the SSP1-2.6 scenario. In contrast, the
SSP3-7.0 and SSP5-8.5 scenarios show the largest changes (exceeding 50 days), covering a greater
area under the higher-emission scenario (SSP5-8.5). Regions showing the largest changes include
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Figure 5.3: Projected changes in the seasonal median duration (days) of Hot Events (HEs) for the
near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFu-
ture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the
CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles high-
light the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern
Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

northern TSA during DJF and SON, eastern Brazil and western TSA during MAM, and much of
TSA during JJA, with a high level of inter-model consensus on the direction of change. Notably,
the regions showing the largest increases in median duration of HEs under SSP3-7.0 and SSP5-8.5
coincide with those where fewer events occur (Figure 5.2), suggesting that although events become
less frequent under these scenarios, they last longer.

In both periods (Figures 5.5 and 5.6), the scenarios show a decrease in the median gap between
HEs by more than 90 days relative to the historical period, consistent with the projected increase
in the number and duration of events. The largest differences are found in the western of TSA,
particularly over Colombia during SON in all scenarios, and also during JJA in the HighresFuture
scenario for the short term (Figure 5.5s). Overall, the models show a high level of agreement in TSA.

In terms of median temperature intensity during HEs, the scenarios show increases of approx-
imately 0.2 °C over much of TSA for the near-term compared to 1991–2010 (Figure 5.7). During
JJA and SON, southern TSA exhibits values exceeding 0.4 °C, with inter-model agreement on the
sign of change in some areas. All SSPs scenarios exhibit regions with decreases in intensity, such
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Figure 5.4: Projected changes in the seasonal median duration (days) of Hot Events (HEs) for the
long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

as eastern Brazil during DJF and central TSA during MAM. Overall, very few regions show inter-
model agreement on the type of change. The HighresFuture scenario projects the largest increases
in median intensity for the near-term period, with values exceeding 0.4 °C across TSA. Models
show high agreement on the sign of change across the region. Nevertheless, this scenario suggests
a decrease in intensity magnitude over northeastern Brazil, also with inter-model agreement. In-
creases in median intensity of HEs are greater toward the end of the century (2081–2100) (Figure
5.8), with SSP3-7.0 and SSP5-8.5 standing out as projecting the largest increases, particularly over
central TSA, including the Brazilian Amazon (region C) during JJA under SSP5-8.5, with differ-
ences exceeding 2.8 °C relative to the historical period.
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Figure 5.5: Projected changes in the seasonal median gap (days) between Hot Events (HEs) for the
near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFu-
ture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the
CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles high-
light the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern
Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.6: Projected changes in the seasonal median gap (days) between Hot Events (HEs) for
the long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.7: Projected changes in the seasonal median intensity (°C) of Hot Events (HEs) for the
near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFu-
ture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the
CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles high-
light the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern
Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.8: Projected changes in the seasonal median intensity (°C) of Hot Events (HEs) for the
long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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5.3.2 Trends in the characteristics of HEs in the TSA regions under climate
change scenarios

Figure 5.9: Time series of hot events (HEs) characteristics for the northern Andes region, based on
the ensemble median. The 1983–2014 series corresponds to the multimodel median of the historical
simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture scenario),
the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line), SSP2-
4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.10: Time series of hot events (HEs) characteristics for the Orinoco region based on the
ensemble median. The 1983–2014 series corresponds to the multimodel median of the historical
simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture scenario),
the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line), SSP2-
4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.11: Time series of hot events (HEs) characteristics for the Brazilian Amazon region based
on the ensemble median. The 1983–2014 series corresponds to the multimodel median of the
historical simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture
scenario), the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line),
SSP2-4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.12: Time series of hot events (HEs) characteristics for the northern Cerrado region based on
the ensemble median. The 1983–2014 series corresponds to the multimodel median of the historical
simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture scenario),
the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line), SSP2-
4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Building on the analysis of the regions that exhibited the greatest changes detected in subsec-
tion 3.3.4, the temporal evolution and trends of the different HEs characteristics in each region were
evaluated. The analysis was conducted for the historical period (1983–2014) using the multi-model
median of the historical simulations. For the future period (2015–2100), simulations under the SSP
scenarios were considered while the HighresFuture scenario was analyzed for the period 2015–2050.

For the historical period, all four regions (Figures 5.9a, 5.10a, 5.11a, and 5.12a) show an increase
in the number of HEs since 2000, with up to five HEs per year observed in all regions by the end
of the historical period. The scenarios considered in this study tend to follow the upward trend in
the number of events at the beginning of the projection period. After 2050, SSP3-7.0 and SSP5-8.5
show a decrease in the number of events, with this decrease being more pronounced in the Brazilian
Amazon, Orinoco, and northern Andes regions. This decrease is also evident in the HighresFuture
scenario from ∼2030 onward across all regions, except for the northern Cerrado. Trend analysis
shows a statistically significant decrease in the number of HEs in most regions under SSP3-7.0
and SSP5-8.5. The largest significant negative trends are found under SSP5-8.5, with values of
−1.21 events/decade in the northern Andes and −1.05 events/decade in the Orinoco region. Under
SSP3-7.0 and SSP2-4.5, the strongest significant trends are also observed in the northern Andes,
with values of −1.11 events/decade and −0.44 events/decade, respectively (Table C.1). In contrast,
SSP1-2.6 shows significant positive trends in the northern Cerrado (0.25 events/decade) and in the
Orinoco region (0.14 events/decade). The HighresFuture scenario indicates the strongest significant
negative trends across all regions compared to the SSPs, except in the northern Cerrado where no
trend is projected.

The ensemble median shows an increase in the number of days associated with HEs since 2000.
This positive trend in the number of days persists across all regions and under all SSPs considered
(Figures 5.9b, 5.10b, 5.11b, and 5.12b). By the end of the century, a greater number of days is pro-
jected under SSP3-7.0 and SSP5-8.5. The Orinoco, Brazilian Amazon, and northern Andes regions
suggest years during 2081–2100 in which all days are associated with HEs. The HighresFuture
scenario shows the largest increases in the near-term and mid-term compared to the SSPs, reaching
values of up to 365 days by 2050 across all regions, except in the northern Cerrado, where values
close to 300 days are observed for that year. All regions exhibit positive and statistically significant
trends under the scenarios analyzed (Table C.1). Under the SSPs, positive trends increase with
rising emissions, with the highest values observed under SSP5-8.5 for the Brazilian Amazon (40.28
days/decade) and the northern Cerrado (40.20 days/decade). For this characteristic, HighresFuture
suggests more pronounced positive trends, doubling the number of days projected under SSP5-8.5
in most regions (Table C.1).

All regions show a slight increase in median duration of HEs during the historical period (Fig-
ures 5.9c, 5.10c, 5.11c, and 5.12c). In the projections, this trend persists, with more pronounced
increases under the SSP3-7.0 and SSP5-8.5 scenarios. HighresFuture exhibits longer durations than
those observed under the SSP scenarios for the 2015–2050 period. In the projections, durations
range from approximately 10 to 100 days. However, models display considerable spread, reaching
values on the order of 1,000 days in some cases. This reflects the high uncertainty among models.
The regions show statistically significant trends in most climate change scenarios, with the largest
increases occurring in the SSP3-7.0 scenario. Under this scenario, the Brazilian Amazon, northern
Andes, and Orinoco regions show increases of 2.32, 2.14, and 2.95 days/decade, respectively (Table
C.1). In contrast, SSP5-8.5 shows no significant trend for the northern Andes.
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Although the median ensemble shows no trend in median intensity of HEs (°C) during the his-
torical period (Figures 5.9d, 5.10d, 5.11d, and 5.12d), climate change scenarios do show an increase
in temperature intensity, with statistically significant trends across all regions and under all scenar-
ios (Table C.1). Intensities increase consistently with the emission level of each SSP, reaching the
highest values by the end of the century under the SSP5-8.5 scenario, with increases of close to 6 °C
across all regions, followed by SSP3-7.0. The gap between events shows a decrease in the number
of days since the historical period (Figures 5.9e, 5.10e, 5.11e, and 5.12e), a trend that is maintained
in all scenarios considered. Towards the end of the century, the shortest intervals between events
are projected under SSP3-7.0 and SSP5-8.5, with negative and statistically significant trends in all
regions (Table C.1). The largest negative trends are recorded in the northern Cerrado region in
all scenarios (Table C.1). The HighresFuture scenario exhibits the most negative and statistically
significant trends compared to the SSP scenarios in 3 of the 4 regions.

5.3.3 Projected changes of dry events

Figure 5.13: Projected changes in the seasonal count of Dry Events (DEs) for the near-term period
(2021–2040) based on the ensemble median under different emission scenarios: SSP1-2.6 (a–d),
SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFuture (Highres-
Future) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the CMIP6 or
HighResMIP models agree on the sign of the projected change. Black rectangles highlight the four
subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado.
All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.14: Projected changes in the seasonal count of Dry Events (DEs) for the long-term period
(2081–2100) based on the ensemble median under different emission scenarios: SSP1-2.6 (a–d),
SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate grid points where
at least 80 % of the CMIP6 models agree on the sign of the projected change. Black rectangles
highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

Between 2021 and 2040, models project an increase in the occurrence of DEs over much of TSA
during JJA and SON in all SSP scenarios (Figure 5.13). The largest increases are observed in east-
ern Brazil and southern TSA, including the Cerrado region (D), with more than three additional
events compared to the historical period. During DJF and MAM, an increase of 1 to 2 events is
projected over the northern Orinoco basin. Very few regions show agreement between models in
the sign of change. The HighresFuture scenario shows a different pattern from that of the SSPs.
The largest increases occur in northern and central TSA during DJF, in eastern TSA during MAM,
in the north and south during JJA, and in much of TSA during SON. The latter season shows the
most pronounced increases, especially in the west of the region. In contrast, during JJA and SON,
the Brazilian Amazon region shows a decrease in the number of DEs.

For the long-term period (Figure 5.14), the SSP scenarios show a similar spatial pattern to that
observed in the near-term (Figure 5.13). However, the number of events projected for this period
exceeds both the historical values and those estimated for the near-term. The SSP1-2.6 scenario
shows the smallest increases compared to the other SSPs. Under SSP2-4.5, SSP3-7.0, and SSP5-8.5,
increases exceeding 5 events are observed during JJA in the northern Andes (region A) and eastern
and central TSA, and in central Brazil, Bolivia, and southern Colombia and Venezuela during SON,
with high inter-model agreement on the sign of change. During DJF, as in the near-term period,
a decrease in the number of DEs is observed relative to the historical period over much of TSA;
however, there is no inter-model consensus on the sign of change for this region.
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Figure 5.15: Projected changes in the seasonal median duration (months) of Dry Events (DEs) for
the near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and Highres-
Future (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of
the CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles
highlight the four subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

The SSPs show an increase in median duration of DEs between 1 to 2 months over small regions
of TSA (Figure 5.15). However, SSP5-8.5 suggests a greater spatial extent of this increase, par-
ticularly over the Brazilian Amazon (region C). The HighresFuture scenario continues to show the
largest changes, as well as a greater spatial extent compared to the SSPs. The longest durations
are observed in northern Brazil during DJF, northern TSA during MAM, and eastern and west-
ern TSA during SON and JJA, with the largest increases occurring during this last season, with
durations exceeding 2 months. By the end of the century (Figure 5.16), longer durations covering
larger areas are observed as emissions increase. The longest durations over TSA occur during JJA
under the SSP3-7.0 and SSP5-8.5 scenarios, with median durations exceeding 2 months over the
Orinoco (region B). For this characteristic, very few regions show inter-model agreement on the
type of change compared to the historical period.

For both periods considered (Figures 5.17 and 5.18), the SSPs suggest a decrease in the gap
(months) between DEs over much of TSA, except for some western regions that show an increase
in the number of months during all seasons. The largest decreases are observed during DJF and
MAM, with greater reductions in the long-term period (2081–2100) and under the SSP3-7.0 and
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Figure 5.16: Projected changes in the seasonal median duration (months) of Dry Events (DEs) for
the long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

SSP5-8.5 scenarios, with values below -8 months. For the near-term period, HighresFuture shows
the largest reductions in the gap between events over northern and central TSA across all seasons.
This scenario also shows an increase in the number of months between DEs over the southwestern
portions of the northern Andes (region A) and the Orinoco (region B) during MAM. High agree-
ment among the HighResMIP models on the type of change is observed over much of TSA.

The SSPs exhibit increased drought severity (negative values) over several regions of TSA for the
near-term period (Figure 5.19), which reach greater spatial extent during JJA and SON. Changes
in severity below -0.1 relative to the historical period are observed. The HighresFuture scenario
exhibits the greatest drought severity for the near-term period, with values below -0.3 over central
TSA and the Brazilian Amazon (region C) during DJF, over northern TSA during MAM, and
over eastern and central TSA during the remaining seasons. Unlike the SSPs, projected changes
under the HighresFuture scenario show high inter-model agreement. Changes toward more severe
drought conditions intensify toward the end of the century (Figure 5.20), with the greatest severity
observed under SSP3-7.0 and SSP5-8.5, especially during JJA and SON. Differences of -0.4 are
observed particularly over the Orinoco (region B) and Brazilian Amazon (region C), where models
show high agreement. Northern TSA also shows more severe droughts, with models agreeing on
the sign of change.
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Figure 5.17: Projected changes in the seasonal median gap (months) between Dry Events (DEs) for
the near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and Highres-
Future (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of
the CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles
highlight the four subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.18: Projected changes in the seasonal median gap (months) between Dry Events (DEs) for
the long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.19: Projected changes in the seasonal median intensity (SPI) of Dry Events (DEs) for the
near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFu-
ture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the
CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles high-
light the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern
Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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Figure 5.20: Projected changes in the seasonal median intensity (SPI) of Dry Events (DEs) for the
long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.
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In this work, a second methodology was explored for calculating DEs, which consists of fitting
the SPI using parameters from the projection period itself (Collazo et al., 2023; Wang et al., 2021b).
Under this approach, the characteristics exhibit a different spatial pattern of projected changes in
both their distribution and sign (Figure C.1 to Figure C.8), compared to the results obtained
when fitting the SPI with parameters from the historical period (Figure 5.13 to Figure 5.20). In
general, changes are more pronounced when using the first methodology for both the near-term
and long-term periods.

5.3.4 Trends in the characteristics of DEs in the TSA regions under climate
change scenarios

The ensemble median exhibits a maximum of 1 event/year across all regions for the historical
period, with some years showing no events (Figures 5.21a, 5.22a, 5.23a, and 5.24a). For the projec-
tions, regions exhibit between 1 and 2 events/year, with higher frequency observed in the northern
Cerrado region throughout the projection period. Unlike what was observed for HEs, there is no
increasing or decreasing trend in the number of DEs across the projected scenarios. Consequently,
when analyzing trends for all scenarios, all regions exhibit a trend of 0.0 events/decade, which is
statistically significant in some cases (Table C.3).

Although no trend is observed in the number of DEs per decade, an increase in the number
of months associated with these events is observed (Figures 5.21b, 5.22b, 5.23b, and 5.24b). This
increase is more pronounced in the higher-emission scenarios (SSP3-7.0 and SSP5-8.5). In the near-
term and mid-term period (2015–2050), the HighresFuture scenario shows the highest number of
months associated with DEs. This increase is linked to a slight rise in median duration, as shown
across all regions (Figures 5.21c, 5.22c, 5.23c, and 5.24c). For both the number of months and the
median duration, the SSP1-2.6 scenario exhibits no trends in any of the analyzed regions (Table
C.3). In the northern Andes and northern Cerrado regions, the SSP2-4.5 scenario also shows no
trend in either of these two characteristics. The strongest trends are found in HighresFuture across
all regions, and are statistically significant in most cases (Table C.3).

The median ensemble of drought severity shows no trends during the historical period in any of
the analyzed regions (Figures 5.21d, 5.22d, 5.23d, and 5.24d). However, for the projected period,
the scenarios indicate a trend toward more severe drought conditions (−2.0 ≤ SPI < −1.5), with
the most intense conditions occurring in the HighresFuture scenario in the near-term and mid-term,
and in SSP5-8.5 in the long term. Most scenarios exhibit negative and statistically significant trends
across all four regions, with the strongest trend found in the HighresFuture scenario in the Brazilian
Amazon (-0.08 SPI/decade) and in both the HighresFuture and SSP5-8.5 scenarios in the Orinoco
region, where values reach -0.05 SPI/decade (Table C.3). The median gap between events shows
a negative trend, which becomes more pronounced under SSP5-8.5 toward the end of the century
(Figures 5.21e, 5.22e, 5.23e, and 5.24e). This behavior is associated with the occurrence of longer-
lasting events. All regions exhibit negative and statistically significant trends in most scenarios
(Table C.3), with the exception of SSP1-2.6 and HighresFuture, which show no significant trends
in any region, and the SSP2-4.5 scenario in the northern Andes region.
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Figure 5.21: Time series of dry events (DEs) characteristics for the northern Andes region based on
the ensemble median. The 1983–2014 series corresponds to the multimodel median of the historical
simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture scenario),
the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line), SSP2-
4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.22: Time series of dry events (DEs) characteristics for the Orinoco region based on the
ensemble median. The 1983–2014 series corresponds to the multimodel median of the historical
simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture scenario),
the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line), SSP2-
4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.23: Time series of dry events (DEs) characteristics for the Brazilian Amazon region based
on the ensemble median. The 1983–2014 series corresponds to the multimodel median of the
historical simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture
scenario), the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line),
SSP2-4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.24: Time series of dry events (DEs) characteristics for the northern Cerrado region based on
the ensemble median. The 1983–2014 series corresponds to the multimodel median of the historical
simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture scenario),
the ensemble median for each of the scenarios considered are shown: SSP1-2.6 (blue line), SSP2-
4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple line).
The shaded areas indicate the spread associated with the historical simulation or each scenario,
calculated from the minimum and maximum values of the multimodel ensemble.
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5.3.5 Projected changes of compound dry and hot events

Figure 5.25: Projected changes in the seasonal count of Compound Dry and Hot Events (CD-
HEs) for the near-term period (2021–2040) based on the ensemble median under different emission
scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and
HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80
% of the CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles
highlight the four subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°.

Near-term projections indicate an increase in the occurrence of CDHEs in TSA under the different
SSP scenarios (Figure 5.25). This increase is more pronounced in the southern part of the region
during SON, particularly in the northern Cerrado (region D). In all scenarios except SSP1-2.6,
southern TSA shows increases that exceed historical values by more than 12 events. SSP5-8.5 also
shows an increase in northern TSA, with the strongest changes occurring during SON. The models
show agreement on the type of change in some regions during DJF and MAM, and over a larger
area of agreement during JJA and SON. The HighresFuture scenario shows the largest changes
compared to the SSP scenarios, with the highest values found in DJF and MAM over northern and
central TSA, in JJA over northern TSA, especially in the Orinoco (region B), and in SON over
most of TSA except the Brazilian Amazon region. The HighResMIP models show agreement on
the sign of change across much of TSA in all seasons. The number of CDHEs increases by the end
of the century (2081-2100) (Figure 5.26), particularly over southern and central TSA during SON
in SSP2-4.5 and SSP3-7.0, with values exceeding 16 events compared to historical values. SSP5-
8.5 shows a similar spatial pattern, but to a lesser extent. In JJA, substantial increases are also
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observed over the northern Cerrado (region D) and over much of Boĺıvar in all scenarios, except
SSP1-2.6. The models show agreement in few regions of TSA during DJF across all SSPs.

For the period 2021–2040 (Figure 5.27), the SSP scenarios show similar patterns in the median
duration of events, with higher values in northern TSA during DJF (between 2 and 10 days longer
than in the historical period) in all scenarios, and in central TSA during JJA under SSP5-8.5. For
this characteristic, only a few regions show model agreement on the type of change. The Highres-
Future scenario suggests longer durations over northern TSA during DJF and SON, eastern TSA
during MAM, and much of Brazil (including the Brazilian Amazon (region C)), the Guianas, and
Peru during JJA, with increases of more than 12 days. The HighResMIP models show agreement
on the type of change under this scenario. In the long-term projection (2081–2100) (Figure 5.28),
the median duration of CDHEs is longer compared to the near-term period. In the most optimistic
scenario (SSP1-2.6), increases of close to 10 days are observed compared to the historical median
duration (1991-2010). As radiative forcing increases across the different SSPs, the durations become
longer. In particular, SSP3-7.0 and SSP5-8.5 show increases of more than 60 days in northern and
central TSA during DJF and SON, in eastern Brazil during MAM, and over a large area of TSA
during JJA, compared to the reference period. These areas are more extensive under the SSP5-8.5
scenario.

Both analyzed periods show a decrease in the number of days between CDHEs over TSA (Fig-
ures 5.29 and 5.30), associated with the increase in both the number and duration of events. The
largest differences are observed over Ecuador and southern Colombia during JJA, and over western
and southern TSA during SON. The models show agreement on the sign of change in eastern Brazil
during DJF, as well as in southern TSA and some central regions during SON. The HighresFuture
scenario suggests the largest changes compared to the SSP scenarios for the 2021–2040 period,
consistent with the more pronounced differences observed in the previous characteristics. In this
scenario, the HighResMIP models show high agreement over much of TSA.

The intensity of temperature associated with CDHEs increases over much of TSA, with larger
increases projected for the long-term period. In the near-term period (Figure 5.31), the greatest
increases occur in southern TSA during JJA across all SSP scenarios. Notably, decreases in temper-
ature intensity relative to the historical period are observed in regions such as eastern Brazil during
SON and in northern Peru and southern Colombia during MAM. The HighresFuture scenario con-
tinues to show the largest changes compared with the SSP scenarios, with increases exceeding 1.0
°C over central TSA during all seasons. Only under the HighresFuture scenario do the models show
agreement on the sign of change for 2021–2040. For the long-term period (Figure 5.32), the largest
changes are projected under SSP3-7.0 and SSP5-8.5, particularly during JJA in SSP5-8.5, with
intensities exceeding 5 °C. In these two scenarios, the models show broader regions of agreement
on the sign of change.

The ensemble median shows more heterogeneous patterns in the sign of change of drought
severity across the two analyzed periods. In the near-term (Figure 5.33), more severe conditions
are observed in some regions of western and northern TSA, as well as in some areas of central
and northern Brazil in all scenarios, compared to the historical period. In the rest of the region,
SSPs suggest less severe drought conditions and even wetter conditions (positive values). In the
HighresFuture scenario, this pattern persists but with larger differences relative to the historical
period. Over much of TSA, the HighResMIP models show agreement on the sign of change. For
the long-term period (Figure 5.34), although some regions exhibit drier conditions relative to the
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reference period, the spatial extent of these areas is larger during JJA and SON under SSP3-7.0
and SSP5-8.5. The strongest severities are found southwest of the Orinoco region in JJA under
these two scenarios. The CMIP6 models show no agreement on the sign of change in any region,
in either the near-term or long-term period, under any of the SSP scenarios.

CDHEs were also analyzed using the results obtained from the second methodology applied to
the calculation of DEs (Figure C.9 to Figure C.18). The largest contrasts in spatial patterns and
in the sign of change are found for the number of events, which is lower than the number of events
derived from the first methodology (i.e. using the historical reference period). Drought severity
also shows notable differences when using the second method, with positive changes over TSA that
indicate less severe SPI conditions and even wetter conditions.

Figure 5.26: Projected changes in the seasonal count of Compound Dry and Hot Events (CDHEs)
for the long-term period (2081–2100) based on the ensemble median under different emission sce-
narios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots
indicate grid points where at least 80 % of the CMIP6 models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazil-
ian Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1°
× 1°.
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Figure 5.27: Projected changes in the seasonal median duration (days) of Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1°.
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Figure 5.28: Projected changes in the seasonal median duration (days) of Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1°.
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Figure 5.29: Projected changes in the seasonal median gap (days) between Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1°.
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Figure 5.30: Projected changes in the seasonal median gap (days) between Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1°.
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Figure 5.31: Projected changes in the seasonal median intensity (°C) of Compound Dry and Hot
Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under differ-
ent emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from
CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazil-
ian Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1°
× 1°.
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Figure 5.32: Projected changes in the seasonal median intensity (°C) of Compound Dry and Hot
Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under different
emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from
CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the sign
of the projected change. Black rectangles highlight the four regions: (A) northern Andes, (B)
Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1°.
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Figure 5.33: Projected changes in the seasonal median intensity (SPI) of Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1°.
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Figure 5.34: Projected changes in the seasonal median intensity (SPI) of Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1°.
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5.3.6 Trends in the characteristics of CDHEs in the TSA regions under climate
change scenarios

For the historical period, the ensemble median shows the occurrence of CDHEs since 2000 across all
four regions (Figures 5.35a, 5.36a, 5.37a, and 5.38a), with a frequency of 1–2 events/year, although
some years exhibit no events. In the projected scenarios, the annual event frequency increases
relative to the historical period, reaching 1–3 events/year in most regions, except in the northern
Cerrado, where higher frequencies are observed (3–4 events/year). None of the regions exhibit a
significant temporal trend in event frequency under any scenario, with slopes equal to 0.0, some of
which are statistically significant (Table C.5).

Although the ensemble median does not exhibit a trend in the number of CDHEs, substantial
increases are observed in both the number of days (Figures 5.35b, 5.36b, 5.37b, and 5.38b) and
the median duration (Figures 5.35c, 5.36c, 5.37c, and 5.38c) of these events across all regions, with
larger increases projected toward the end of the century under SSP3-7.0 and SSP5-8.5. The trends
are statistically significant under all scenarios, except for the northern Andes region, which shows
no significant trend for either characteristic under SSP1-2.6 (Table C.5). The strongest trends
occur under the HighresFuture and SSP5-8.5 scenarios in all regions.

The intensity of temperature during CDHEs, based on the ensemble median, does not show
a clear trend during the historical period in any of the four regions (Figures 5.35d, 5.36d, 5.37d,
and 5.38d). However, beginning in 2020, the projected scenarios exhibit an increasing trend in
intensity, which is more pronounced in the short term under the HighresFuture scenario and in
the long term under SSP5-8.5. The northern Andes exhibit lower model dispersion and lower in-
tensities compared to the other regions. Trend analysis indicates statistically significant increases
in temperature intensity across all regions and SSPs (Table C.5), except in the northern Cerrado
under SSP1-2.6. The strongest trends occur in the Brazilian Amazon region under SSP5-8.5 and
HighresFuture, with increases of 0.53 °C/decade and 0.72 °C/decade, respectively.

Although the ensemble median shows no trends in drought severity during CDHEs in the histor-
ical period, the projected scenarios suggest a negative trend toward more severe drought conditions,
which is more pronounced under SSP5-8.5 (Figures 5.35e, 5.36e, 5.37e, and 5.38e). Under this sce-
nario, SPI values between -1.6 and -1.8 are projected across most regions by the end of the century.
Trend analysis shows negative and statistically significant values in all regions, although not con-
sistently across all scenarios (Table C.5). The Orinoco region tends to exhibit more pronounced
negative trends compared to the other regions, with the strongest trend under the HighresFuture
scenario (-0.06 SPI/decade).

Finally, the ensemble median shows a negative trend in the median gap between events during
the historical period beginning in 2000, consistent with the increased frequency of CDHEs observed
across all regions since that year (Figures 5.35f, 5.36f, 5.37f, and 5.38f). However, for the projected
period, the ensemble median indicates an increase in the number of days between events under
most scenarios and regions, with more pronounced increases under SSP3-7.0, SSP5-8.5, and High-
resFuture. This increase is statistically significant across all scenarios for the Orinoco region (Table
C.5). The northern Andes exhibit the largest increases across all scenarios compared to the other
regions. In contrast, the northern Cerrado region shows negative trends under the HighresFuture
and SSP2-4.5 scenarios, with the latter being statistically significant (Table C.5).
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Figure 5.35: Time series of compound dry and hot events (CDHEs) characteristics for the northern
Andes region based on the ensemble median. The 1983–2014 series corresponds to the multimodel
median of the historical simulations (gray line). For the 2015–2100 period (2015–2050 for the
HighresFuture scenario), the multimodel medians for each of the scenarios considered are shown:
SSP1-2.6 (blue line), SSP2-4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and High-
resFuture (purple line). The shaded areas indicate the spread associated with the historical sim-
ulation or each scenario, calculated from the minimum and maximum values of the multimodel
ensemble.
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Figure 5.36: Time series of compound dry and hot events (CDHEs) characteristics for the Orinoco
region based on the ensemble median. The 1983–2014 series corresponds to the multimodel median
of the historical simulations (gray line). For the 2015–2100 period (2015–2050 for the HighresFuture
scenario), the multimodel medians for each of the scenarios considered are shown: SSP1-2.6 (blue
line), SSP2-4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and HighresFuture (purple
line). The shaded areas indicate the spread associated with the historical simulation or each
scenario, calculated from the minimum and maximum values of the multimodel ensemble.
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Figure 5.37: Time series of compound dry and hot events (CDHEs) characteristics for the Brazil-
ian Amazon region based on the ensemble median. The 1983–2014 series corresponds to the mul-
timodel median of the historical simulations (gray line). For the 2015–2100 period (2015–2050
for the HighresFuture scenario), the multimodel medians for each of the scenarios considered are
shown: SSP1-2.6 (blue line), SSP2-4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and
HighresFuture (purple line). The shaded areas indicate the spread associated with the historical
simulation or each scenario, calculated from the minimum and maximum values of the multimodel
ensemble.
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Figure 5.38: Time series of compound dry and hot events (CDHEs) characteristics for the northern
Cerrado region based on the ensemble median. The 1983–2014 series corresponds to the mul-
timodel median of the historical simulations (gray line). For the 2015–2100 period (2015–2050
for the HighresFuture scenario), the multimodel medians for each of the scenarios considered are
shown: SSP1-2.6 (blue line), SSP2-4.5 (yellow line), SSP3-7.0 (orange line), SSP5-8.5 (red line), and
HighresFuture (purple line). The shaded areas indicate the spread associated with the historical
simulation or each scenario, calculated from the minimum and maximum values of the multimodel
ensemble.
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5.4 Summary and discussion

This chapter focused on the potential future changes in the characteristics of HEs, DEs, and CDHEs
in the TSA. To this end, projections from a set of CMIP6 and HighResMIP models under different
emission scenarios were used. These projections were estimated for the near-term (2021–2040) and
the long-term (2081–2100). To provide a general view of the main characteristics, four CMIP6
emission scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5) from 22 models were used, as well as
the HighresFuture scenario from 5 HighResMIP models.

An increase in the frequency, duration, and intensity of HEs over TSA is projected for the 21st
century. In the near-term, the increase in the number of HEs is more pronounced under the High-
resFuture scenario, while in the long-term, SSP2-4.5 shows the largest increase in HEs frequency.
SSP3-7.0 and SSP5-8.5 exhibit the greatest increases in duration and intensity of HEs, particularly
in the southern and western regions of the TSA. The CMIP6 models showed strong agreement on
the sign of change for HEs frequency in both time horizons, although agreement for median dura-
tion and intensity is observed only in some regions. A decrease in the number of HEs is projected
in northern TSA during DJF and in regions of Brazil and western TSA during JJA and SON by
the end of the century under high-emission scenarios, compared to the 1991–2010 period. This
decrease is associated with increases in median duration of HEs over these areas.

The projected increase in the frequency, duration, and intensity of HEs is consistent with pre-
vious studies for South America (e.g., Collazo et al., 2023; De Luca & Donat, 2023; Feron et al.,
2019; Ramarao et al., 2024. The increase in HEs aligns with projections suggesting a rise in annual
mean temperature in South America toward the end of the 21st century, particularly under the
highest-emission scenario (Bustos Usta et al., 2022). The contrast between emission scenarios is
notable. Adopting low-emission pathways could reduce heatwave exposure in South America by up
to 50 % (Ramarao et al., 2024), underscoring the importance of mitigation policies.

In contrast to HEs, DEs exhibited heterogeneous spatial patterns and showed no agreement
among CMIP6 models regarding the sign of change for all analyzed characteristics across much of
the TSA, reflecting high uncertainty in the projections. This pattern is consistent with the findings
of De Luca & Donat (2023), who reported that global-scale drought projections under SSP5-8.5
show signals of both drier and wetter conditions depending on the region. However, they identified
a significant increase in drought occurrence based on the SPI for Central and South America, con-
sistent with the increases projected in this study. The largest increases in the number of DEs are
projected in eastern Brazil and southern TSA during JJA and SON, with greater changes in the
long-term under SSP2-4.5, SSP3-7.0, and SSP5-8.5.

Median duration and severity of DEs increase toward the end of the century, with greater mag-
nitude and spatial extent of severity under SSP3-7.0 and SSP5-8.5 during JJA and SON, where
greater agreement among CMIP6 models was observed regarding the sign of change over TSA.
These results are consistent with the findings of De Luca & Donat (2023), the global trend of in-
creasing drought frequency, duration, and spatial extent during the 21st century reported by Wang
et al. (2021a), and regional projections of increases in mean and maximum DEs duration in South
America described by Wainwright et al. (2022).

For CDHEs, our results project an increase in the occurrence, duration, and intensity of these
events over TSA, with greater increases in the long-term and under higher-emission scenarios, con-
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sistent with the findings of Seneviratne et al. (2021), Wu et al. (2021b), Zhang et al. (2022a), Meng
et al. (2022), De Luca & Donat (2023), Yin et al. (2023), and Li et al. (2025). In the long-term, the
largest frequencies are projected mainly in southern TSA during JJA and SON under the SSP2-4.5
and SSP3-7.0 scenarios. Under SSP5-8.5, the spatial extent of higher frequencies is smaller, asso-
ciated with greater event duration. The CMIP6 models showed strong agreement on the sign of
change.

The increases in CDHEs are dominated by the increase in HEs, as they occur despite reductions
in DEs frequency in some regions, particularly during DJF and MAM. This pattern is consistent
with the global-scale findings of Ridder et al. (2022), who reported that increases in CDHEs are
driven primarily by increasing heatwaves frequency, even in regions where drought frequency is
decreasing. The projected increase in the frequency of CDHEs in the TSA is consistent with the
reported by Tabari & Willems (2023), who attribute this increase to the increased probability of
individual hot and dry events, as well as to stronger coupling between temperature and soil mois-
ture due to the amplification of land-atmosphere feedbacks and changes in common forcings such
as large-scale atmospheric circulation patterns. These conditions are met in regions such as South
America (Tabari & Willems, 2023).

For the near-term, the HighresFuture scenario projects the largest changes in all characteristics
of the analyzed events compared to the SSPs, even with respect to SSP5-8.5, which has similar
radiative forcing. These projected changes showed strong agreement on the sign of change among
the five models considered. This is consistent with Müller et al. (2025), who evaluated the inten-
sification of extreme events in the Bajos Submeridionales Basin, Argentina, finding that projected
changes indicate consistent regional warming whose magnitude increases with the severity of the
forcing scenario, with high-resolution projections yielding the strongest warming signal. The dif-
ferences between CMIP6 and HighResMIP are partly attributable to the experimental design of
each framework. HighResMIP enables the isolation of resolution effects through shorter simula-
tions; however, it presents notable limitations, including a reduced simulation period (1950–2050),
a smaller number of ensemble members owing to the computational cost of higher-resolution con-
figurations, and a limited spin-up period in coupled models, which does not necessarily guarantee
the absence of model drift (Roberts et al., 2020).

The methodology used to calculate DEs from the SPI has a considerable influence on the
projected changes. When comparing DEs obtained by fitting the projected precipitation to the
historical distribution (e.g., Ridder et al., 2022) with those derived from fitting using parameters
estimated from the projection period itself (e.g., Collazo et al., 2023; Wang et al., 2021b), substantial
differences were found in the sign of the change and the spatial distribution of the DEs, which are
subsequently reflected in the CDHEs patterns. The first methodology produces more pronounced
changes in both periods, highlighting the sensitivity of the projections to the parameter-estimation
period.

DEs projections also show sensitivity to the choice of index used (De Luca & Donat, 2023;
Hosseinzadehtalaei et al., 2024; Zeng et al., 2022). Droughts can be quantified exclusively from
precipitation, as was done in this work and in previous research (e.g., Collazo et al., 2023; Ridder
et al., 2022), or through the combination of precipitation and evapotranspiration, incorporating
in the latter case the effect of temperature increase (for instance using the Standardized Precip-
itation and Evapotranspiration Index, SPEI) (Vicente-Serrano et al., 2010). The methodological
choice considerably influences the projected changes in DEs, substantially altering the magnitude
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and even the signal of the projected changes in CDHEs (Hosseinzadehtalaei et al., 2024), as ob-
served in this study. It has been documented that defining CDHEs based on precipitation results
in projected changes of smaller magnitude compared to definitions based on soil moisture (Tabari
& Willems, 2023) and evapotranspiration (Wang et al., 2021a). These methodological differences
have substantial implications for adaptation and mitigation strategies, as different definitions may
require differentiated investments in infrastructure and land-use planning to prepare for such events
(Hosseinzadehtalaei et al., 2024).

In this chapter, we also analyzed the temporal evolution of different characteristics of HEs,
DEs, and CDHEs for the four regions that showed the greatest changes in the observational anal-
ysis (subsection 3.3.4). The northern Andes, Orinoco, Brazilian Amazon, and northern Cerrado
regions project an increase in the frequency, duration, and intensity of HEs, with these increases
being greater by the end of the century. However, under the SSP3-7.0 and SSP5-8.5 scenarios, a
statistically significant reduction in the number of events is observed across all regions, although
this reduction is less pronounced in northern Cerrado compared to the other regions. This negative
trend is associated with an increase in the median duration of these events. These findings are
consistent with those reported by (Collazo et al., 2023), who found that heat waves in TSA will
have longer duration toward the end of the century under SSP5-8.5.

Unlike HEs, DEs do not show a trend toward an increase in the number of events per year
according to the scenarios considered. However, under the higher emission scenarios (SSP3-7.0 and
SSP5-8.5), an increase in the number of months associated with these events is expected, which is
related to an increase in the median duration across all analyzed regions. Long-term projections
indicate more severe drought conditions under the SSP5-8.5 scenario, with statistically significant
trends in all four regions. It should be noted that the absence of an increasing trend in annual
events does not imply that there is not a greater number of events compared to the historical
period, as observed in Figures 5.13 and 5.14 for particular seasons.

Regional studies support these projections of increasing drought conditions. For the Amazon
region, Duffy et al. (2015) project increases in the frequency and spatial extent of meteorological
droughts in eastern Amazonia, while Rodrigues et al. (2020) anticipate an increase in the frequency,
duration, and intensity of meteorological and hydrological droughts in the Cerrado, with the latter
expected to be of greater magnitude. Regarding the Orinoco basin, Correa et al. (2024) suggest
a trend toward drier conditions throughout the 21st century, attributed to the weakening and re-
duction of the Orinoco low-level jet. Additionally, Arregocés et al. (2025a) project precipitation
decreases of 10 % to 17 % under SSP1-2.6 and 13 % to 20 % under SSP5-8.5 during the dry months
for northern Colombia and Venezuela, particularly in the coastal lowlands. These areas are likely
to face severe drought conditions by the middle and end of the 21st century (Arregocés et al., 2025a).

CDHEs do not show an increasing trend in the number of events per year in the regions con-
sidered. However, Figures 5.25 and 5.26 indicate an increase in their frequency during the TSA
compared to the historical period, more pronounced toward the end of the century. The trend
analysis shows an increase in the number of hot and dry days, as well as in the median duration
and temperature intensity, along with greater severity of dry conditions projected toward the end
of the century, particularly under the higher emissions scenario in the four regions. An increase in
these characteristics for these regions is consistent with the findings of Parsons (2020), Ridder et al.
(2022), Collazo et al. (2023), and Alves et al. (2024). The Orinoco shows the largest significant
trends in number of days, duration, and severity of drought in all scenarios, while the Brazilian
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Amazon projects the largest temperature intensity trends in all scenarios.
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Chapter 6

General conclusions and future
research

South America is a region highly vulnerable to extreme hydrometeorological events, due to the lim-
ited socioeconomic development of many of its countries and the low adaptive capacity of human
systems (Castellanos et al., 2022; Cavazos et al., 2024). In particular, hot extremes and droughts
have gained increasing interest in the scientific community because of their negative impacts on
natural and socioeconomic systems, which tend to be more severe when both extremes occur si-
multaneously (AghaKouchak et al., 2020; Seneviratne et al., 2021; Zhao et al., 2023). However, for
South America, most research has focused on these events individually, underestimating the effects
that arise when they occur in combination. This research addresses this gap by characterizing the
occurrence of hot events (HEs), dry events (DEs), and compound dry and hot events (CDHEs)
based on the analysis of observations, as well as historical simulations and projections from a set
of CMIP6/HighResMIP models for Tropical South America (TSA) that includes the Northwestern
South America (NWS), Northern South America (NSA), and South American Monsoon (SAM)
climate regions, as defined in the Sixth Assessment Report (AR6) of the Intergovernmental Panel
on Climate Change (IPCC) (Iturbide et al., 2020).

For the observational period, we identified a seasonal pattern in the occurrence of HEs, with
higher frequency in northern South America from December to May, and in the Amazon during
June–July–August. Meteorological droughts were more frequent, whereas agricultural and ecologi-
cal droughts exhibited longer durations. CDHEs occurred less frequently than HEs but had greater
duration, and their frequency increased across much of TSA in recent decades, when comparing
2003–2024 with 1981–2002. The mechanisms driving the increase in CDHEs range from climate
variability modes, such as El Niño-Southern Oscillation (ENSO) (Collazo et al., 2023; Feng & Hao,
2021), to large-scale atmospheric circulation patterns (Seneviratne et al., 2012), as well as effects
associated with climate change (Chiang et al., 2022; Li et al., 2025; Pan et al., 2023; Seneviratne
et al., 2021). We also found that temperature is generally the dominant factor during CDHEs
across most of the TSA. However, this contribution may vary depending on the season and dataset
used.

General Circulation Models (GCMs) constitute the primary and most comprehensive tool for
simulating climate processes and projecting future climate conditions. Although previous studies
have focused on evaluating models included in the sixth phase of the Coupled Model Intercompar-
ison Project (CMIP6) and the High Resolution Model Intercomparison Project (HighResMIP) in
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representing temperature and precipitation extreme indices over South America (e.g., Avila-Diaz
et al., 2023; Collazo et al., 2022; Cook et al., 2020; Jha et al., 2023; Kim et al., 2020; Lagos-Zuniga
et al., 2024; Ridder et al., 2021), fewer studies have addressed the analysis of compound extremes
(e.g., Collazo et al., 2023; Wu et al., 2021b). The results showed that both individual models and
the ensemble median inadequately reproduced the characteristics of extreme events observed in the
reference datasets, particularly the number, duration, and inter-event gaps. While the ensemble
median outperformed most individual models in capturing maximum temperature intensity asso-
ciated with HEs and CDHEs, it underperformed in other metrics. Key limitations identified were
the overestimation of event number and duration, along with the underestimation of the gap be-
tween events, for both HEs and CDHEs throughout most of the TSA, with high agreement between
models (> 80 %) observed in particular regions. Additionally, models exhibited a more spatially
homogeneous distribution of DEs characteristics compared to CHIRPS, overestimating them in
some areas while underestimating them in others. This study did not delve into the underlying
causes of these model biases, which remains an essential topic for future research.

For the projections, all scenarios indicate an increase in the frequency, duration, and intensity of
HEs and CDHEs, particularly in the long term and under higher-emission pathways. The projected
increases in CDHEs are primarily driven by increases in HEs, even though the frequency of DEs de-
creases in some areas, especially during December–January–February and March–April–May. For
the characteristics of HEs and CDHEs, models show high agreement on the sign of projected change
over much of the TSA, mainly in the long term and under high-emission scenarios. In contrast,
DEs exhibit a heterogeneous spatial pattern in the type of change, with very few regions showing
high agreement between models. These results reflect the high uncertainty in projected drought
changes over much of the TSA, consistent with what is reported in the IPCC AR6 (Arias et al.,
2021a).

The northern Andes, Orinoco, Brazilian Amazon, and northern Cerrado regions showed sub-
stantial changes in the occurrence of individual and CDHEs during the observational period. For
this reason, we focused on analyzing the temporal evolution of the characteristics of these events
using historical simulations from CMIP6/HighResMIP models, as well as under different climate
change scenarios. Our results indicate that all regions will experience an increase in the number of
hot and dry days, longer duration and intensity of temperature, and more severe droughts by the
end of the century, especially under the high emissions scenario. The Orinoco region exhibits the
greatest significant trends in temperature intensities, drought severity, and number of days/months,
both for individual and compound events for the projected period 2015-2100, followed by the Brazil-
ian Amazon region.

Regarding drought identification, the Standardized Precipitation Index (SPI) was used, which
is widely used to determine and quantify drought severity because it requires only precipitation
data (e.g., Cerpa Reyes et al., 2022; de Brito et al., 2021; Oñate-Valdivieso et al., 2020; Penalba &
Rivera, 2016; Teodoro et al., 2015). However, this simplicity constitutes one of its main limitations,
since the SPI does not incorporate other variables influencing droughts, such as evapotranspira-
tion and temperature (Vicente-Serrano et al., 2010). Consequently, the SPI overlooks critical land
surface and soil conditions that play an important role in drought development (Hosseinzadehta-
laei et al., 2024). Additionally, the SPI does not allow the assessment of the role of temperature
increase, nor the consideration of the influence of its variability or the occurrence of HEs, factors
that could intensify drought conditions under future scenarios (Vicente-Serrano et al., 2010). As an
alternative, the Standardized Precipitation Evapotranspiration Index (SPEI), proposed by Vicente-
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Serrano et al. (2010), integrates precipitation and temperature information, which makes it possible
to capture more precisely the combined effects of both variables. Therefore, future analyses using
the SPEI could complement and expand the results obtained in this work, particularly to reduce
uncertainties in projecting drought changes and their characteristics. As observed in this study,
drought patterns differ substantially depending on the reference period selected for distribution
fitting and the drought index employed, as suggested by several studies (e.g., De Luca & Donat,
2023; Hosseinzadehtalaei et al., 2024; Zeng et al., 2022).

The combination of different temperature extremes and drought types during the observational
period was explored. Although some similar patterns were identified among different character-
istics, notable variations in event duration and intensity were observed in some cases. However,
the evaluation of models and climate projections was limited to events defined by the 90th per-
centile (P90) of maximum temperature and the three-month accumulated SPI index (SPI3), which
primarily characterize meteorological droughts. As future work, it is essential to extend this anal-
ysis to more severe temperature extremes (P95 and P99) and evaluate their relationship with
other drought types (e.g., agricultural-ecological, and hydrological). This analysis will allow us
to determine whether droughts with longer temporal scales show more pronounced trends in their
interaction with temperature, providing a more comprehensive understanding of climate change
impacts across different sectors and temporal scales.

Finally, this work contributed to the understanding of hot-dry events and their combination in
TSA through the analysis of four key characteristics. The results show that projected changes are
more severe under higher emission scenarios, which is consistent with existing scientific literature
that projects increases in heatwaves and droughts, extreme heat mortality, and negative impacts
on natural systems under these scenarios. The evidence highlights the urgency of a transition to-
ward low-carbon energy sources, particularly critical for South America, a region already highly
vulnerable to extreme events whose intensification will continue according to projections. Limiting
emissions can substantially reduce the intensity and frequency of these events, protecting natural
and social systems. The choice of emission pathways transcends the technical realm; it constitutes
a matter of climate justice with profound implications for present and future generations.
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Rivera, J., Reboita, M. S., Gulizia, C., Hidalgo, H. G., et al. (2024). Challenges for climate
change adaptation in latin america and the caribbean region. Frontiers in Climate, 6, 1392033.

Cerón, W. L., Kayano, M. T., Andreoli, R. V., Avila-Diaz, A., Ayes, I., Freitas, E. D., Martins,
J. A., & Souza, R. A. (2021). Recent intensification of extreme precipitation events in the la
plata basin in southern south america (1981–2018). Atmospheric Research, 249, 105299.
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Zeng, Z., Wu, W., Peñuelas, J., Li, Y., Jiao, W., Li, Z., Ren, X., Wang, K., & Ge, Q. (2023).
Increased risk of flash droughts with raised concurrent hot and dry extremes under global
warming. npj Climate and Atmospheric Science, 6(1), 134.

Zhang, G., Wang, H., Gan, T. Y., Zhang, S., Shi, L., Zhao, J., Su, X., & Song, S. (2022a). Climate
change determines future population exposure to summertime compound dry and hot events.
Earth’s Future, 10(11), e2022EF003015.

Zhang, Q., Yu, X., Qiu, R., Liu, Z., & Yang, Z. (2022b). Evolution, severity, and spatial extent
of compound drought and heat events in north china based on copula model. Agricultural
Water Management, 273, 107918.

Zhang, Y., Hao, Z., Feng, S., Zhang, X., & Hao, F. (2023). Changed relationship between compound
dry-hot events and enso at the global scale. Journal of Hydrology, 621, 129559.

Zhao, C., Feng, Y., Wang, T., Liu, W., Wang, H., Liu, Y., & Sun, F. (2023). Projected changes
in socioeconomic exposure to compound hot–dry/hot–wet days in china under cmip6 forcing
scenarios. Theoretical & Applied Climatology, 154.

Ziehn, T., Chamberlain, M. A., Law, R. M., Lenton, A., Bodman, R. W., Dix, M., Stevens, L.,
Wang, Y.-P., & Srbinovsky, J. (2020). The australian earth system model: Access-esm1. 5.
Journal of Southern Hemisphere Earth Systems Science, 70(1), 193–214.

Zscheischler, J., Westra, S., Van Den Hurk, B. J., Seneviratne, S. I., Ward, P. J., Pitman, A.,
AghaKouchak, A., Bresch, D. N., Leonard, M., Wahl, T., et al. (2018). Future climate risk
from compound events. Nature climate change, 8(6), 469–477.

143



Supplementary material

144



Appendix A

Occurrence of hot, dry, and
compound dry and hot events in
Tropical South America:
Observational Analysis (1981–2024)
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Figure A.1: Trends in the characteristics of Hot Events (HEs) over tropical South America during
1981–2024, based on CPC and ERA5 datasets using the 90th (P90) and 95th (P95) percentile
thresholds. Statistically significant trends (p < 0.05) are marked with black dots.
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Figure A.2: Trends in the characteristics of Dry Events (DEs) over tropical South America during
1981–2024, based on CHIRPS and ERA5 datasets using the SPI3 and SPI6. Statistically significant
trends (p < 0.05) are marked with black dots.
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Figure A.3: Changes in the characteristics of Compound Dry and Hot Events (CDHEs) (SPI6-
P90 and SPI6-P95) between 1981–2002 and 2003–2024 over tropical South America, based on
CPC/CHIRPS and ERA5 datasets.

148



Figure A.4: Temporal Evolution of Hot Events (HEs) based on CPC and ERA5 datasets in a)
northern Andes, b) Orinoco, c) Brazilian Amazon, and d) northern Cerrado during 1981–2024.
The panel shows the HEs identified using the 95th (P95) percentile threshold.
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Figure A.5: Temporal Evolution of Dry Events (DEs) based on CHIRPS v2 and ERA5 datasets in
a) northern Andes, b) Orinoco, c) Brazilian Amazon, and d) northern Cerrado during 1981–2024.
The panel shows the DEs identified using SPI6.

150



Figure A.6: Temporal Evolution of Compound Dry and Hot Events (CDHEs) based on
CHIRPSv2/CPC and ERA5 datasets in a) northern Andes, b) Orinoco, c) Brazilian Amazon,
and d) northern Cerrado during 1981–2024. The panel shows the events identified using SPI3-P95.
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Figure A.7: Temporal Evolution of Compound Dry and Hot Events (CDHEs) based on
CHIRPSv2/CPC and ERA5 datasets in a) northern Andes, b) Orinoco, c) Brazilian Amazon,
and d) northern Cerrado during 1981–2024. The panel shows the events identified using SPI6-P90.
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Figure A.8: Temporal Evolution of Compound Dry and Hot Events (CDHEs) based on
CHIRPSv2/CPC and ERA5 datasets in a) northern Andes, b) Orinoco, c) Brazilian Amazon,
and d) northern Cerrado during 1981–2024. The panel shows the events identified using SPI6-P95.

153



Appendix B

Assessing the performance of
CMIP6/HighResMIP models in
simulating hot, dry, and compound
dry and hot events in Tropical South
America (1983–2014)
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Figure B.1: Taylor Skill Score (TS) for the seasonal patterns of daily maximum temperature. Scores
are shown for observational databases (CPC), ERA5, ensemble median, HighResMIP models, and
CMIP6 models with respect to the reference dataset (CHIRTS). Higher values (green) indicate
better model performance. Dark green (dark purple) indicates the best (worst) models.
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Figure B.2: Taylor Skill Score (TS) for the seasonal patterns of daily precipitation. Scores are
shown for observational databases (CHIRPS v3), ERA5, ensemble median, HighResMIP models,
and CMIP6 models with respect to the reference dataset (CHIRTS). Higher values (green) indicate
better model performance. Dark green (dark purple) indicates the best (worst) models.

156



Figure B.3: Taylor Skill Score (TS) for the seasonal patterns of the number of hot events (HEs).
Scores are shown for observational databases (CPC), ERA5, ensemble median, HighResMIP models,
and CMIP6 models with respect to the reference dataset (CHIRTS). Higher values (green) indicate
better model performance. Dark green (dark purple) indicates the best (worst) models.
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Figure B.4: Taylor Skill Score (TS) for the seasonal patterns of the median duration of hot events
(HEs). Scores are shown for observational databases (CPC), ERA5, ensemble median, HighResMIP
models, and CMIP6 models with respect to the reference dataset (CHIRTS). Higher values (green)
indicate better model performance. Dark green (dark purple) indicates the best (worst) models.
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Figure B.5: Taylor Skill Score (TS) for the seasonal patterns of the median gap between hot events
(HEs). Scores are shown for observational databases (CPC), ERA5, ensemble median, HighResMIP
models, and CMIP6 models with respect to the reference dataset (CHIRTS). Higher values (green)
indicate better model performance. Dark green (dark purple) indicates the best (worst) models.
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Figure B.6: Taylor Skill Score (TS) for the seasonal patterns of the median intensity of hot events
(HEs). Scores are shown for observational databases (CPC), ERA5, ensemble median, HighResMIP
models, and CMIP6 models with respect to the reference dataset (CHIRTS). Higher values (green)
indicate better model performance. Dark green (dark purple) indicates the best (worst) models.
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Figure B.7: Taylor Skill Score (TS) for the seasonal patterns of the number of dry events (DEs).
Scores are shown for observational databases (CHIRPS v3), ERA5, ensemble median, HighResMIP
models, and CMIP6 models with respect to the reference dataset (CHIRPS v2). Higher values
(green) indicate better model performance. Dark green (dark purple) indicates the best (worst)
models.
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Figure B.8: Taylor Skill Score (TS) for the seasonal patterns of the median duration of dry events
(DEs). Scores are shown for observational databases (CHIRPS v3), ERA5, ensemble median,
HighResMIP models, and CMIP6 models with respect to the reference dataset (CHIRPS v2).
Higher values (green) indicate better model performance. Dark green (dark purple) indicates the
best (worst) models.
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Figure B.9: Taylor Skill Score (TS) for the seasonal patterns of the median gap between dry events
(DEs). Scores are shown for observational databases (CHIRPS v3), ERA5, ensemble median,
HighResMIP models, and CMIP6 models with respect to the reference dataset (CHIRPS v2).
Higher values (green) indicate better model performance. Dark green (dark purple) indicates the
best (worst) models.
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Figure B.10: Taylor Skill Score (TS) for the seasonal patterns of the median intensity of dry events
(DEs). Scores are shown for observational databases (CHIRPS v3), ERA5, ensemble median,
HighResMIP models, and CMIP6 models with respect to the reference dataset (CHIRPS v2).
Higher values (green) indicate better model performance. Dark green (dark purple) indicates the
best (worst) models.
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Figure B.11: Taylor Skill Score (TS) for the seasonal patterns of the number of compound dry
and hot events (CDHEs). Scores are shown for ERA5, ensemble median, HighResMIP models, and
CMIP6 models with respect to the reference dataset (CHIRPS v2/CHIRTS). Higher values (green)
indicate better model performance. Dark green (dark purple) indicates the best (worst) models.
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Figure B.12: Taylor Skill Score (TS) for the seasonal patterns of the median duration of compound
dry and hot events (CDHEs). Scores are shown for ERA5, ensemble median, HighResMIP models,
and CMIP6 models with respect to the reference dataset (CHIRPS v2/CHIRTS). Higher values
(green) indicate better model performance. Dark green (dark purple) indicates the best (worst)
models.
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Figure B.13: Taylor Skill Score (TS) for the seasonal patterns of the median gap between compound
dry and hot events (CDHEs). Scores are shown for ERA5, ensemble median, HighResMIP models,
and CMIP6 models with respect to the reference dataset (CHIRPS v2/CHIRTS). Higher values
(green) indicate better model performance. Dark green (dark purple) indicates the best (worst)
models.
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Figure B.14: Taylor Skill Score (TS) for the seasonal patterns of the median intensity of drought
of compound dry and hot events (CDHEs). Scores are shown for ERA5, ensemble median, High-
ResMIP models, and CMIP6 models with respect to the reference dataset (CHIRPS v2/CHIRTS).
Higher values (green) indicate better model performance. Dark green (dark purple) indicates the
best (worst) models.
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Figure B.15: Taylor Skill Score (TS) for the seasonal patterns of the median intensity of maximum
temperature of compound dry and hot events (CDHEs). Scores are shown for ERA5, ensemble
median, HighResMIP models, and CMIP6 models with respect to the reference dataset (CHIRPS
v2/CHIRTS). Higher values (green) indicate better model performance. Dark green (dark purple)
indicates the best (worst) models.
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Appendix C

Projected changes in the
characteristics of hot, dry, and
compound dry-hot events under
different climate change scenarios
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Table C.1: Trends in characteristics of hot events (HEs) for the northern Andes, Orinoco, Brazilian
Amazon, and northern Cerrado regions. Bold values with asterisk (*) denote statistically significant
trends (Mann-Kendall test, p < 0.05). Negative values indicate decreasing trends. Trends were
calculated for all scenarios over the period 2015–2100, except for highres-future, for which the
analysis covers the period 2015–2050 due to its shorter temporal extent.
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Table C.2: Uncertainty in the estimated slopes of hot events (HEs) characteristics for the northern
Andes, Orinoco, Brazilian Amazon, and northern Cerrado regions.

172



Figure C.1: Projected changes in the seasonal count of Dry Events (DEs) for the near-term period
(2021–2040) based on the ensemble median under different emission scenarios: SSP1-2.6 (a–d),
SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFuture (Highres-
Future) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the CMIP6 or
HighResMIP models agree on the sign of the projected change. Black rectangles highlight the four
subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado.
All spatial fields are shown at a common resolution of 1° × 1° (based on the second methodology
(subsection 5.2.2)).
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Figure C.2: Projected changes in the seasonal count of Dry Events (DEs) for the long-term period
(2081–2100) based on the ensemble median under different emission scenarios: SSP1-2.6 (a–d),
SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate grid points where
at least 80 % of the CMIP6 models agree on the sign of the projected change. Black rectangles
highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1° (based on the
second methodology (subsection 5.2.2)).
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Figure C.3: Projected changes in the seasonal median duration (months) of Dry Events (DEs) for
the near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and Highres-
Future (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of
the CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles
highlight the four subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1° (based on the
second methodology (subsection 5.2.2)).
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Figure C.4: Projected changes in the seasonal median duration (months) of Dry Events (DEs) for
the long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°
(based on the second methodology (subsection 5.2.2)).
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Figure C.5: Projected changes in the seasonal median gap (months) between Dry Events (DEs) for
the near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and Highres-
Future (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of
the CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles
highlight the four subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D)
northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1° (based on the
second methodology (subsection 5.2.2)).
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Figure C.6: Projected changes in the seasonal median gap (months) between Dry Events (DEs) for
the long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°
(based on the second methodology (subsection 5.2.2)).
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Figure C.7: Projected changes in the seasonal median intensity (SPI) of Dry Events (DEs) for the
near-term period (2021–2040) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and HighresFu-
ture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least 80 % of the
CMIP6 or HighResMIP models agree on the sign of the projected change. Black rectangles high-
light the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and (D) northern
Cerrado. All spatial fields are shown at a common resolution of 1° × 1° (based on the second
methodology (subsection 5.2.2)).
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Figure C.8: Projected changes in the seasonal median intensity (SPI) of Dry Events (DEs) for the
long-term period (2081–2100) based on the ensemble median under different emission scenarios:
SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots indicate
grid points where at least 80 % of the CMIP6 models agree on the sign of the projected change.
Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian Ama-
zon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1°
(based on the second methodology (subsection 5.2.2)).
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Table C.3: Trends in characteristics of dry events (DEs) for the northern Andes, Orinoco, Brazilian
Amazon, and northern Cerrado regions. Bold values with asterisk (*) denote statistically significant
trends (Mann-Kendall test, p < 0.05). Negative values indicate decreasing trends. Trends were
calculated for all scenarios over the period 2015–2100, except for highres-future, for which the
analysis covers the period 2015–2050 due to its shorter temporal extent.
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Table C.4: Uncertainty in the estimated slopes of dry events (DEs) characteristics for the northern
Andes, Orinoco, Brazilian Amazon, and northern Cerrado regions.
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Figure C.9: Projected changes in the seasonal count of Compound Dry and Hot Events (CDHEs)
for the near-term period (2021–2040) based on the ensemble median under different emission sce-
narios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6, and
HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points where at least
80 % of the CMIP6 or HighResMIP models agree on the sign of the projected change. Black rect-
angles highlight the four subregions: (A) northern Andes, (B) Orinoco, (C) Brazilian Amazon, and
(D) northern Cerrado. All spatial fields are shown at a common resolution of 1° × 1° (based on the
second methodology (subsection 5.2.2)).
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Figure C.10: Projected changes in the seasonal count of Compound Dry and Hot Events (CDHEs)
for the long-term period (2081–2100) based on the ensemble median under different emission sce-
narios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p) from CMIP6. Dots
indicate grid points where at least 80 % of the CMIP6 models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazil-
ian Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1°
× 1° (based on the second methodology (subsection 5.2.2)).
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Figure C.11: Projected changes in the seasonal median duration (days) of Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1° (based on the second methodology (subsection 5.2.2)).
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Figure C.12: Projected changes in the seasonal median duration (days) of Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1° (based on the second methodology (subsection 5.2.2)).
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Figure C.13: Projected changes in the seasonal median gap (days) between Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1° (based on the second methodology (subsection 5.2.2)).
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Figure C.14: Projected changes in the seasonal median gap (days) between Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1° (based on the second methodology (subsection 5.2.2)).
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Figure C.15: Projected changes in the seasonal median intensity (°C) of Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1° (based on the second methodology (subsection 5.2.2)).
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Figure C.16: Projected changes in the seasonal median intensity (°C) of Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1° (based on the second methodology (subsection 5.2.2)).
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Figure C.17: Projected changes in the seasonal median intensity (SPI) of Compound Dry and
Hot Events (CDHEs) for the near-term period (2021–2040) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6, and HighresFuture (HighresFuture) (q–t) from HighResMIP. Dots indicate grid points
where at least 80 % of the CMIP6 or HighResMIP models agree on the sign of the projected
change. Black rectangles highlight the four regions: (A) northern Andes, (B) Orinoco, (C) Brazilian
Amazon, and (D) northern Cerrado. All spatial fields are shown at a common resolution of 1° ×
1° (based on the second methodology (subsection 5.2.2)).
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Figure C.18: Projected changes in the seasonal median intensity (SPI) of Compound Dry and
Hot Events (CDHEs) for the long-term period (2081–2100) based on the ensemble median under
different emission scenarios: SSP1-2.6 (a–d), SSP2-4.5 (e–h), SSP3-7.0 (i–l), and SSP5-8.5 (m–p)
from CMIP6. Dots indicate grid points where at least 80 % of the CMIP6 models agree on the
sign of the projected change. Black rectangles highlight the four regions: (A) northern Andes,
(B) Orinoco, (C) Brazilian Amazon, and (D) northern Cerrado. All spatial fields are shown at a
common resolution of 1° × 1° (based on the second methodology (subsection 5.2.2)).
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Table C.5: Trends in characteristics of compound dry and hot events (CDHEs) for the northern
Andes, Orinoco, Brazilian Amazon, and northern Cerrado regions. Bold values with asterisk (*)
denote statistically significant trends (Mann-Kendall test, p < 0.05). Negative values indicate
decreasing trends. Trends were calculated for all scenarios over the period 2015–2100, except for
highres-future, for which the analysis covers the period 2015–2050 due to its shorter temporal
extent.
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Table C.6: Uncertainty in the estimated slopes of compound dry and hot events (CDHEs) charac-
teristics for the northern Andes, Orinoco, Brazilian Amazon, and northern Cerrado regions.
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