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ABSTRACT
Climate change has significant impacts on hydrological fluxes worldwide, with pronounced effects in Brazil, including intense 
and recurrent droughts and floods. Accurate streamflow prediction is therefore essential for advancing water resources engineer-
ing, improving water resources management, and informing climate adaptation strategies. Here, we introduce the Streamflow 
Scenarios Projections for Brazilian Catchments (SSP-CABra), which provides long-term to daily streamflow simulations for 735 
Brazilian catchments. These simulations are generated using five hydrological models of varying complexity, forced by 10 bias-
corrected CMIP6-based climate simulations for historical (1980–2013) and future (2015–2100; SSP2-4.5 and SSP5-8.5) periods. 
SSP-CABra addresses a critical gap in large-scale hydrological modelling for Brazil, offering valuable insights for researchers and 
policymakers. Despite its broad applicability, the dataset includes models with varying performance across regions; users should 
assess model skill locally to ensure appropriate use, particularly for decision-making or extreme event analyses. Still, by lever-
aging multiple models and climate scenarios, SSP-CABra supports not only the mitigation of climate change impacts on water 
security, but also advances the understanding of model performance and regional hydrological behaviour.
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1   |   Introduction

Climate change has emerged as a critical global concern, 
riving shifts in climate dynamics that intensify hydrologi-
cal extremes such as droughts and floods, with far-reaching 
consequences for water resources management, agriculture 
practices, and ecosystems worldwide (Ficklin et  al.  2022). 
These changes not only amplify the frequency and severity of 
extreme events but also compromise water availability, a chal-
lenge further exacerbated by rising water demand to support 
a continuously growing population (Destouni et al. 2013). In 
Brazil, projections indicate significant shifts in the frequency 
and intensity of extreme events, including droughts and floods 
(Ballarin, Wendland, et  al.  2024; Ballarin, Vargas Godoy, 
et  al.  2024; Mattos et  al.  2025), which added to the ever-
increasing water demand (ANA  2019), will likely increase 
risks to national water security (Ballarin, Sousa Mota Uchoa, 
et al. 2023). Furthermore, rising temperatures and more fre-
quent heatwaves are expected to intensify water stress, mainly 
in the North, Northeast, and Central regions, where the most 
severe and prolonged heatwave events are projected by the 
end of the century (Ballarin, Oliveira, et al. 2024).

For instance, the unprecedented floods that occurred in the 
Rio Grande do Sul state, Brazil, between April and early 
May 2024 affected approximately 2.4 million people and re-
sulted in 213 deaths or missing persons. This extreme event 
brought around 444 mm of accumulated precipitation in just 
8 days, 652 mm after 35 days and up to 900 mm in some areas 
(Collischonn et  al.  2024; Pillar and Overbeck  2024; Simoes-
Sousa et  al.  2025). Conversely, in 2023, the Amazon region 
experienced an extreme dry and warm condition (Espinoza 
et al. 2024). Given these trends, a deeper understanding of cli-
mate change impacts on national water resources is essential 
for informing sustainable water management practices and 
mitigating adverse effects.

To assess catchments potential responses to climate change, 
hydrological models are commonly used for streamflow pro-
jection based on climate models-based variables, such as 
precipitation, temperature, or evapotranspiration. Several 
hydrological models have been applied across different catch-
ments at various spatial and temporal scales, ranging from 
long-term streamflow projections in large datasets of catch-
ments (Ballarin, Sousa Mota Uchoa, et al. 2023) to daily-scale 
simulations in both large (Siqueira et al. 2021) and small (Sone 
et  al.  2022) catchments. However, there is no consensus on 
how predicted streamflow values may vary depending on the 
hydrological model used or the spatial and temporal resolu-
tion considered. Furthermore, no existing dataset provides 
streamflow projections from multiple hydrological models 
under diverse climate change scenarios in Brazil, a coun-
try characterised by a wide range of hydrological responses 
across its varied climatic and geographic regions (Almagro 
et  al.  2024). Such a dataset would be valuable for assessing 
the convergence and divergence of streamflow predictions 
across different hydrological models and could serve as an im-
portant tool for research across multiple disciplines, as well 
as for practical applications by stakeholders. In addition, fu-
ture streamflow projections under different climate scenarios 
would enable the development of effective water management 

strategies seeking to mitigate the adverse water-related im-
pacts of global warming on Brazil's water resources.

To fill this gap, here we propose the Streamflow Scenarios 
Projections for the Brazilian Catchments (SSP-CABra). This 
dataset aims to provide high-resolution streamflow predic-
tions for 735 Brazilian catchments, leveraging the extensive 
data available in the Catchments Attributes for Brazil (CABra) 
dataset (Almagro, Oliveira, Meira Neto, et al. 2021). Our ap-
proach integrates five different hydrological models—rang-
ing from simple functional forms to complex data-driven 
models—and multiple bias-corrected CMIP6-based outputs 
available in the Climate Change Dataset for Brazil (CLIMBra; 
Ballarin, Sone, et  al.  2023) to simulate streamflow under a 
range of climate change scenarios. By incorporating a diverse 
range of models and scenarios, SSP-CABra generates robust 
predictions to support water resource management and policy 
decisions in Brazil.

2   |   Data Description and Development

2.1   |   Hydrological Models' Input Data

To simulate the trajectory of daily streamflow time series na-
tionwide through the 21st century, we used the recently devel-
oped large-sample datasets on catchment attributes (CABra) 
and climate change projections (CLIMBra). CABra is a com-
prehensive dataset that compiles long-term hydrological and 
physiographic attributes for 735 Brazilian catchments, integrat-
ing data on climate, streamflow, groundwater, geology, soil, 
topography, land cover, and hydrologic disturbances. We used 
CABra's data to calibrate and evaluate hydrological models for 
these 735 catchments.

To predict streamflow across these catchments for the histor-
ical and future periods, we used bias-corrected projections 
from 10 CMIP6 (Coupled Model Intercomparison Project—
Phase 6) climate models—for which the required inputs were 
available—forced by the Shared Socioeconomic Pathways 
SSP2-4.5 and SSP5-8.5 CMIP6-based scenarios. CLIMBra 
provides both raw and bias-corrected climate projections from 
up to 19 CMIP6 models for Brazil, offering high-resolution 
(0.25° × 0.25°) daily time series of key meteorological variables, 
such as precipitation, temperature, and potential evapotrans-
piration, which were used as inputs to run the hydrological 
models present in the SSP-CABra dataset. CLIMBra products 
are also available for all CABra's catchments at a spatially av-
eraged daily spatiotemporal resolution. By integrating these 
datasets within both data-driven and process-based frame-
works, SSP-CABra enables the characterisation of spatiotem-
poral dynamics of streamflow under different CMIP6 climate 
scenarios (Figure 1).

2.2   |   Hydrological Models

To generate streamflow simulations for both historical and 
future CMIP6-based scenarios, we used five hydrological 
models ranging from simple formulations to advanced tech-
niques of deep learning. Specifically, here we use the following 
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models: Budyko-based functional forms (Budyko  1974; Meira 
Neto et  al.  2020; Ballarin et  al.  2022), Grunsky method 
(Marchezepe et al. 2023, 2025), HYdrological MODel (HyMOD) 
(Wagener et  al.  2001), Modello Idrologico Semi-Distribuito in 
Continuo (MISDc) (Brocca et  al.  2011) and Long Short-Term 
Memory (LSTM) neural network (Kratzert et al. 2018). A brief 
description of each hydrological model used in this study is in-
cluded in the following subsections and summarised in Table 1.

It is important to note that the models operate in different 
temporal resolutions, leading to output generated on distinct 
timescales. Specifically, Budyko-based functional forms are 
provided on a long-term basis (historical and near, intermedi-
ate, and distant future). Outputs from the Grunsky method are 
available at an annual timescale. For the other three models—
HyMOD, MISDc, and LSTM—simulations are produced at a 
daily timestep.

2.2.1   |   Budyko-Based Functional Forms

Meira Neto et  al.  (2020) proposed Budyko-based functional 
forms which describes streamflow components as a function 
of � (Equations  1 and 2). The mathematical reasoning of this 
formulation is based on the theoretical framework presented 

by L'vovich (1979) and Budyko (1974). The former describes the 
water balance as a two-stage process relating precipitation P 
with catchment wetting W , evaporation E and the streamflow 

FIGURE 1    |    Overview of the core steps for developing historical and future streamflow simulations for Brazilian catchments. (1) Downloading 
and pre-processing large-sample and climate change datasets, (2) calibration and validation of the hydrological models to simulate streamflow ob-
servations, and (3) projecting historical and future (Shared Socioeconomic Pathways—SSP2-4.5 and SSP5-8.5) streamflow based on the calibrated 
hydrological models forced by bias-corrected, CMIP6-based climate simulations.

TABLE 1    |    Overview of models' characteristics.

Model
Temporal 
resolution Inputs

Calibration/
validation 

period

Budyko-based Long-terma P, PET, Q b

Grunsky Annual P, T, Q b

HyMOD Daily P, PET, Q 20/10 years

MISDc Daily P, PET, Q 20/10 years

LSTM Daily P, PET, 
Q, static 

attributes

20/10 years (?)

Abbreviations: P, precipitation (mm); PET, potential evapotranspiration (mm); 
Q, streamflow (mm).
aApproximately 30-year period, encompassing both historical (1980–2010) and 
near (2015–2040), intermediate (2040–2070), and distant (2070–2100) future 
periods.
bBudyko-based functional forms and the Grunsky method were modelled 
without following the traditional calibration/validation steps. More details can 
be found in Ballarin et al. (2022) and Marchezepe et al. (2025).

 20496060, 2025, 4, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/gdj3.70029 by U
niversity O

f Sao Paulo - B
razil, W

iley O
nline L

ibrary on [29/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



4 of 11 Geoscience Data Journal, 2025

components direct runoff QD and baseflow QB. The latter as-
sumes the partition of P into E and Q—which is the simple sum 
of the streamflow components QB and QD—as a function of �, 
suggesting the balance between the atmosphere's water demand 
and supply as the main controlling mechanism of long-term 
water balance partitioning. With simple algebraic manipula-
tions of these formulations, Meira Neto et  al.  (2020) proposed 
the functional forms. Here, we used the functional forms fitted 
to the CABra dataset as presented by Ballarin et al. (2022):

2.2.2   |   Grunsky Method

The Grunsky method consists of a one-variable functional form 
that relates mean annual precipitation to streamflow (Grunsky 
and Manson 1908). Santos and Hawkins (2011) proposed a gen-
eralised approach using the mean annual precipitation (P) and 
a coefficient �, which may be adapted according to the catch-
ment's characteristics, to calculate interannual streamflow (Q) 
(Equations 3 and 4).

where Q is the mean annual streamflow, P is the mean annual 
precipitation, and � is the Grunsky coefficient.

Following Santos and Hawkins (2011), Marchezepe et al. (2025) 
proposed a new formulation (Equation 5) to estimate the � coef-
ficient as a function of mean annual temperature (TA, in °C) and 
mean annual precipitation (PA, in mm) based on catchments 
from the CABra dataset. This equation captures the variation 
of α across the Brazilian territory and can be used alongside 
Equations (3 and 4) to improve the generalised Grunsky method 
for estimating annual streamflow.

2.2.3   |   HYdrological MODel

HyMOD is a lumped conceptual model that provides reliable 
simulation results in a computationally efficient manner as it 
requires minimal input flux data (precipitation and potential 
evapotranspiration), and has only six parameters to calibrate 
(Wagener et al. 2001). In summary, HyMOD consists of a non-
linear reservoir (soil moisture component) that generates excess 
precipitation, which is then routed through two parallel series 
of linear reservoirs representing fast and slow responses, ul-
timately propagating the flow to the basin outlet (Bastola and 
Misra 2014). The model's total outflow is the sum of these slow 
and fast components, while actual evapotranspiration is simu-
lated as the minimum of potential evapotranspiration and soil 
moisture. Here, we used an improved version of the HyMOD 

proposed by Roy et al. (2017), which is available in the LuMod 
Python package (documentation available at: https://​pypi.​org/​
proje​ct/​lumod/​​, accessed on July 7, 2025).

2.2.4   |   Modello Idrologico Semi-Distribuito in Continuo

MISDc is a semi-distributed hydrological model designed for 
streamflow simulation (Brocca et al. 2011). The model incorpo-
rates multiple sub-catchments to account for spatial variability 
across the watershed, allowing each sub-catchment to have dis-
tinct characteristics (e.g., land use, slope, soil type). MISDc is a 
parsimonious and reliable rainfall-runoff model that estimates 
total streamflow while considering soil wetness conditions prior 
to a rainfall event. In this paper, we used a one-layer, lumped 
version of the MISDc, available in the python package LuMod. 
Similar to HyMOD, the MISDc model was calibrated for each 
catchment.

2.2.5   |   Long Short-Term Memory

The LSTM is a type of recurrent neural network (RNN) that 
is capable to capture long-term dependencies via a cell state 
and multiple gating mechanisms that control the information 
at each time step (Kratzert et al. 2018). Here we employed the 
NeuralHydrology package (Kratzert et al. 2022), which imple-
ments a deep learning-based hydrological model leveraging the 
capabilities of LSTM networks, to simulate and predict hydro-
logical processes such as streamflow, precipitation, and other 
water-related variables. This model is part of the growing field 
of neuro hydrology, where deep learning methods are applied to 
hydrological and water resources modelling.

In addition to demonstrating that deep learning surpasses con-
ventional hydrological modelling, recent studies have shown 
that the traditional approach of training an individual model for 
each catchment does not yield the best streamflow estimates. 
Kratzert et  al.  (2024) and Nearing et  al.  (2021) demonstrated 
that LSTMs trained with data from multiple watersheds outper-
formed both traditional hydrological models and locally trained 
LSTMs. This highlights the potential of developing a single 
model using data from various watersheds (a regional approach) 
capable of capturing universal hydrological patterns and trans-
ferring them to individual basins, resulting in an improved 
performance (Kratzert et al. 2018, 2019). Therefore, unlike the 
HyMOD and MISDc models, which are calibrated separately for 
each catchment, the LSTM model was trained and tested using 
data from all catchments simultaneously.

2.3   |   Hydrological Model Calibration 
and Evaluation

2.3.1   |   HyMOD and MISDc—A Local Approach

The calibration of the conventional hydrological models 
(HyMOD and MISDc) was performed using daily time series 
of precipitation, potential evapotranspiration, and streamflow 
from October 1, 1980 (start of the 1981 water year) to September 
30, 2000 (end of the 2000 water year). The validation period 

(1)fD(�) = exp
(

−�1.10+ ln[0.38]
1

1.23

)1.23

(2)fB(�)=exp
(

−�1.20+ ln[0.62]
1

0.74

)0.74

(3)Q = 𝛼P
2
, P < 1∕(2𝛼)

(4)Q = P −
1

4𝛼
, P > 1∕(2𝛼)

(5)

� = − 1.102e − 05 ⋅ TA + 4.851e − 08 ⋅ PA + 3.819e − 04
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extended from October 1, 2000 (start of the 2001 water year) to 
September 30, 2010 (end of the 2010 water year). Model param-
eters—six for HyMOD and nine for MISDc—were optimised 
through a Monte Carlo simulation routine, addressing both 
model calibration and uncertainty analysis. A total of 800 simu-
lations were performed, using the KGE as the objective function, 
and the best-performing set of parameters was selected as the 
calibrated result. It is important to note that a local calibration 
procedure was applied for each of the 735 catchments, resulting 
in a set of calibrated parameters for each of those catchments.

2.3.2   |   LSTM—A Regional Approach

Considering the deep learning model, we trained a single LSTM 
network for all catchments using a regional approach, leveraging 
its ability to capture hydrological behaviour by learning universal 
patterns from diverse training data (Nearing et al. 2021; Kratzert 
et  al.  2024). The process involved training, validation, and test-
ing phases, with meteorological features (e.g., precipitation and 
potential evapotranspiration) as dynamic inputs and catchment 
attributes (e.g., aridity index, area, slope, permeability, soil depth, 
sand fraction, and cover fraction of forest, grass and crops) as static 
inputs. The training/validation period (1981–2005) covered 80% of 
the data, while testing (2005–2010) comprised the remaining 20%.

Hyperparameters were optimised to balance computational effi-
ciency and accuracy, using a hidden size of 256 cells, a dropout 
rate of 0.4, a batch size of 32, a learning rate of 0.01, and MSE as 
the loss function—consistent with previous LSTM hydrological 

studies (Kratzert et al. 2018; Klotz et al. 2022). The loss func-
tion was based on the Nash-Sutcliffe Efficiency—NSE. Unlike 
conventional hydrological models, only a single deep learning 
network was trained for the entire set of catchments, resulting in 
a regional LSTM model capable of simulating daily streamflow 
across Brazilian catchments.

2.4   |   Hydrological Models Performance

Figure  2 presents a spatial evaluation of hydrological model 
performance across Brazilian catchments, in terms of the 
Kling-Gupta Efficiency (KGE) metric for both calibration/
train and validation/test periods. Regarding the conventional 
hydrologic modelling, using a local calibration approach, the 
MISDc performed better than the HyMOD, with higher me-
dian KGE (mKGE = 0.73 and 0.61, respectively). In turn, the re-
gional approach using the data-driven LSTM model presented 
mKGE = 0.72. As previously seen in Almagro, Oliveira, and 
Brocca (2021) model performance varies significantly across the 
regions. Catchments in the southern and southeastern regions 
generally exhibit higher KGE values. The good performance 
of the LSTM model in those catchments during training can 
be related to the relatively denser hydro-climatic monitoring 
network and more stable hydrological regimes in these areas, 
which provide more reliable data for model training. Conversely, 
northeastern catchments show lower KGE values, reflecting the 
challenges posed by data scarcity, more complex rainfall-runoff 
processes—with strong reservoir regulation—and higher cli-
mate variability.

FIGURE 2    |    Performance evaluation of the hydrological models in calibration/training and validation/testing periods. (a) HyMOD in calibration, 
(b) MISDc in calibration, (c) LSTM in training, (d) HyMOD in validation, (e) MISDc in validation, and (f) LSTM in test. The evaluation is based on the 
Kling-Gupta Efficiency on simulating the daily streamflow, ranging from 0 (poor performance) to 1 (perfect match with observed data).

 20496060, 2025, 4, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/gdj3.70029 by U
niversity O

f Sao Paulo - B
razil, W

iley O
nline L

ibrary on [29/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



6 of 11 Geoscience Data Journal, 2025

The validation/test evaluation, however, reveals a decline in 
model performance across most regions, as expected. While 
some southern catchments maintain relatively high KGE val-
ues, there is a noticeable decrease in the northeast and parts 
of the central west. During the validation period, HyMOD 
(mKGE = 0.56) presented a better performance in simulating 
the daily streamflow of Brazilian catchments than the MISDc 
model (mKGE = 0.49). This drop suggests a mismatch between 
the climate conditions of the calibration and validation periods, 
limitations of the models in capturing complex hydrological pro-
cesses, and extreme events, which are more prevalent in these 
regions due to rainfall variability. Although we can also note a 
decrease in the performance of the LSTM model, the regional 
approach proved to be the most accurate one in simulating the 
daily streamflow in Brazilian catchments. There was a slight 
drop in efficiency during the test period (mKGE = 0.66) but still 
consistent with the values obtained during the training phase, 
highlighting the ability of deep learning models in representing 
the hydrological processes across a wide and diverse set of catch-
ments. Besides, although relatively low, LSTM showed better 
values of mKGE for the northeastern catchments, especially in 
the Sao Francisco River basin, where the streamflow regulation 
by reservoirs plays an important role.

Nevertheless, it is important to highlight that all models ex-
hibited limitations in certain regions. For instance, during the 
validation period, model performance was considered weaker 

than the mean-flow benchmark (KGE < −0.41, see Knoben 
et al. 2019) for 18 catchments with HyMOD, 83 with MISDc, and 
10 with LSTM, indicating substantial challenges in accurately 
simulating even mean daily streamflow dynamics in some 
Brazilian basins. These numbers significantly rise when consid-
ering only positive KGE values as a benchmark: 50, 142, and 24 
for HyMOD, MISDc, and LSTM, respectively. Details about mod-
els' performance can be found in the dataset repository. These 
outliers could point to specific hydrological complexities, such 
as intermittent streamflow, strong anthropogenic influences, or 
poorly represented physical processes within the models.

To evaluate the performance of the calibrated models in sim-
ulating streamflow using climate simulations, we compared 
long-term streamflow observations with the calibrated-models 
simulations forced by the bias-corrected historical CLIMBra 
simulations (Figure 3). This assessment is a crucial step in cli-
mate change-related analyses, as hydrological models must be 
capable of reproducing observed streamflow characteristics 
when driven by historical climate simulations—rather than 
historical observations—to ensure that this combination can 
be used to assess future scenarios. In general, all evaluated 
models exhibited a good performance (mean absolute error 
[MAE] < 1). The Grunsky method and Budyko-based func-
tional forms exhibited the better performance (MAE = 0.32 
and 0.38, respectively), which can be attributed to two factors. 
First, those arithmetic equations were specifically calibrated 

FIGURE 3    |    Performance of the hydrological models forced by bias-corrected CMIP6 simulations to describe historical streamflow observations. 
(a) LSTM, (b) HyMOD, (c) MISDc, (d) Grunsky method, (e) Budyko-based functional forms. A bivariate density plot represents the observation-
simulation pairs considering the 10 CMIP6 models separately. Dark regions indicate high density. Dark yellow points indicate the pairs obtained with 
the CMIP6 multi-model ensemble mean simulations. 1:1 line is displayed as a red dashed line. Mean absolute error for the multi-model ensemble is 
displayed in the bottom right corner. (f) Box-plot of the differences between simulated (multi-model ensemble mean) and observed streamflow for 
all evaluated hydrological models.
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to reproduce long-term (or annual) mean streamflow, whereas 
the other evaluated conceptual or data-driven methods were 
primarily designed to represent water components in a finer 
temporal scale. Second, daily-scale models exhibited a poor 
performance for certain catchments, which amplified these 
discrepancies. For instance, when we remove, for each hydro-
logic model, the 30 catchments with the largest discrepancies 
between observed and simulated long-term streamflow and 
recalculate the mean absolute error (MAE30), we find that 
all models exhibit similar performance (MAE ≅ 0.3). This 
confirms that the higher catchments were models poorly 
performed were the main responsible for the lower MAE. 
Finally, among the daily-scale models—LSTM, HyMOD, and 
MISDc—LSTM exhibited the better performance when forced 
by different CMIP6 models, as indicated by the density plot 
with the smallest spread, followed by MISDc and HyMOD, 
respectively.

2.5   |   Projected Changes in Streamflow Between 
Historical (1980–2013) and Future (2070–2100) 
Periods

To illustrate the application of the SSP-CABra, we analysed 
projected changes in streamflow dynamics between historical 
(1980–2013) and future (2070–2100) periods under the SSP5-8.5 
scenario (Figures 4 and 5). First, we computed the relative dif-
ferences in long-term mean streamflow between these periods 
(Figure 4). In general, a consistent trend of increasing stream-
flow is observed in the South and Northeast regions, a decrease 

in the North region, and greater uncertainty in the projections 
for the Southeast and Central-West regions. Such spatial pat-
terns align with expected changes projected for rainfall and 
long-term water availability across the country (Ballarin, Sousa 
Mota Uchoa, et al. 2023).

These highly variable between-catchment pattern of changes 
highlight the influence of hydrological models on both the mag-
nitude and direction of future streamflow. For example, the 
percentage of catchments with increasing trends across Brazil 
ranged from 50.5% to 85.6%, depending on the hydrological 
model. As expected, the discrepancy is higher in regions with 
overall lower model performance. Similarly, the choice of cli-
mate models also affected the results, with the proportion of 
catchments showing high agreement (> 70%) among CMIP6 
models varying between 46% and 66.1%, suggesting that hydro-
logical models may produce conflicting projections depending 
on the bias-corrected CMIP6 dataset used as input.

As an additional example, we present the streamflow climatology 
(long-term daily mean) for one catchment of each hydrological 
group proposed by Almagro et al. (2024), comparing historical 
and future LSTM-based projections (Figure 5). Catchments were 
randomly selected for each hydrological group (A1–A6), but only 
those with KGE > 0.8 were considered. The hydrological groups 
were defined based on similarities in hydrological signatures 
and catchment attributes using a k-means clustering approach, 
optimised by the Elbow method and supported by principal com-
ponent analysis. These six groups mainly reflect an aridity gra-
dient and differences in streamflow seasonality. For additional 

FIGURE 4    |    Projected changes between historical and distant future long-term mean streamflow. (a) LSTM, (b) HyMOD, (c) MISDc, (d) Grunsky 
method, (e) Budyko-based functional forms. A dark blue text in the bottom left corner of each panel indicates the percentage of catchments with 
positive projected changes (multi-model ensemble mean), whereas the grey text indicates the percentage of catchments with at least 70% of between-
CMIP6-model agreement in the sign of change. (f) Violin-plot representing the distribution of the projected changes displayed in panels (a–e) for 
each hydrological model.
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details on the hydrological characteristics and dynamics of each 
group, readers are referred to Almagro et al. (2024).

The results highlight the country's highly heterogeneous hy-
drological regimes, demonstrating the dataset's relevance not 
only for water resource management practices on a nationwide 
scale, but also for specific, regional-based studies aiming to in-
corporate local, specific information or global studies seeking 
to enhance the comprehension of hydrological processes. For 
instance, while some catchments exhibit pronounced seasonal-
ity, with daily streamflow exceeding 10 mm in certain months 
(Figure  5a), others show a more stable hydrological pattern 
(Figure  5c), exhibiting even intermittent regimes (Figure  5f). 
Such differences emphasise the valuable contribution that 
SSP-CABra holds globally for hydrological studies in a climate 
change context.

3   |   Dataset Access

3.1   |   General Description and Dataset Location

The SSP-CABra dataset provides streamflow simulations 
for 735 Brazilian catchments present in the CABra dataset. 
Simulations are based on a set of hydrological models forced 
with bias-corrected meteorological CMIP6-based outputs 
from 10 different models retrieved from the CLIMBra dataset. 
Simulations are available for both historical (1980–2013) and 
future (2015–2100; SSP2-4.5 and SSP5-8.5) periods at different 
time scales. For Budyko-based functional forms and Grunsky 
method derived simulations, streamflow simulations are avail-
able for long-term and intra-annual timescales, respectively. For 

the other hydrological models—HyMOD, MISDc, and LSTM—
simulations are available at a daily scale. Streamflow time series 
are provided as text file format (.txt) and are freely available at 
Zenodo (https://​doi.​org/​10.​5281/​zenodo.​14976731).

3.2   |   Dataset Format and Accessibility

Daily streamflow simulations are provided in m3/s for LSTM, 
HyMOD and MISDc models; total annual streamflow are in 
mm/year for the Grunsky method; and the long-term mean 
daily streamflow for the Budyko-based functional forms are 
in mm/day. Data is available for each catchment separately 
and is organised in folders representing the CMIP6-climate 
models available in the CLIMBra dataset, the scenario (hist 
for the historical period, and ssp245 or ssp585 for the scenar-
ios SSP2-4.5 and SSP5-8.5, respectively), and the hydrological 
model (FUNCTIONAL FORMS, GRUNSKY, LSTM, HYMOD, 
and MISDC), respectively. For instance, future streamflow sim-
ulations using the LSTM method forced by the SSP2.4–5 simu-
lations from the EC-EARTH3 model are stored in the following 
path: EC-EARTH3/ssp245/LSTM. Inside this folder, one will 
find 735 files named ‘CABra_ID_streamflow_sim.txt’, where 
CABra_ID refers to the identification of each catchment within 
the CABra dataset.

3.3   |   Dataset Limitations

Streamflow time series were generated by forcing different hydro-
logical models and functional forms with bias-corrected CMIP6 
meteorological time series from the CLIMBra dataset. CLIMBra 

FIGURE 5    |    Projected changes between historical and distant future streamflow daily climatology for catchments of six different hydrological 
groups. (a) CABra 8, (b) CABra 581, (c) CABra 421, (d) CABra 627, (e) CABra 87, and (f) CABra 130. A grey line represents daily (day of year—DoY) 
streamflow climatology simulated for the historical period by the CMIP6 multimodel ensemble mean, whereas a light blue and dark blue line indi-
cates the simulations for the distant future period forced by the SSP2-4.5 and SSP5-8.5 scenarios, respectively. Shaded area represents the CMIP6 
simulations' range (minimum and maximum). (g) Spatial distribution of each evaluated catchment within the Brazilian territory. The hydrological 
group for each catchment is displayed in the top right corner of each panel.
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employed the delta quantile mapping (Cannon et al. 2015) and 
a observational-based dataset (Xavier et  al.  2016) to reduce 
systematic deviations between observed and simulated histor-
ical data while keeping changes projected by climate models. 
Nevertheless, it is worth noting that CLIMBra's bias-corrected 
outputs is able to represent statistical properties of observations, 
but not necessarily the timing of observed events. Hence, histor-
ical streamflow simulations from the SSP-CABra should not be 
used to assess historical recorded events, such as droughts and 
floods.

Despite exhibiting a better performance than raw climate sim-
ulations in representing observed climate, bias-corrected sim-
ulations can still present some deficiencies, such as physically 
unrealistic values or systematic errors derived from the differ-
ent climate models used in this study—especially regarding 
extreme events—that are transferred to the streamflow simula-
tions (White and Toumi 2013; Switanek et al. 2017; Casanueva 
et  al.  2020; Abdelmoaty et  al.  2021). Hence, for some specific 
applications, we recommend that additional performance anal-
ysis should be conducted.

Finally, we emphasise that not all models performed well in 
simulating daily and long-term streamflow across Brazilian 
catchments. Some exhibited weak performance in a consider-
able number of catchments during the validation period. These 
patterns underscore the importance of considering model per-
formance when interpreting projected changes, as lower calibra-
tion and validation metrics may indicate higher uncertainty and 
reduce the reliability of the outputs for certain hydrological ap-
plications. We recommend that additional tests be conducted—
particularly for studies focused on extreme events—and that 
performance metrics be carefully evaluated prior to any appli-
cation of the dataset, to assess whether a given model is suitable 
for a specific catchment. Acknowledging these uncertainties 
is essential for the appropriate use of the projections. Future 
work should further explore model limitations and potential im-
provements, especially in data-scarce or hydrologically complex 
regions.

4   |   Conclusions

In this paper, we introduce the Streamflow Scenarios Projections 
for Brazilian Catchments (SSP-CABra), a novel dataset that pro-
vides daily streamflow simulations for 735 Brazilian catchments 
included in the CABra dataset. These streamflow simulations 
are generated using five hydrological models with varying levels 
of complexity, forced by 10 bias-corrected CMIP6-based climate 
simulations obtained from the CLIMBra dataset. The dataset en-
compasses both historical (1980–2013) and future (2015–2100) 
periods, covering two climate change scenarios: SSP2-4.5 and 
SSP5-8.5. Streamflow simulations in SSP-CABra are available at 
different temporal scales depending on the hydrological model 
used. For Budyko-based functional forms, streamflow esti-
mates are available as long-term mean annual values, while the 
Grunsky method provides simulations at intra-annual times-
cales. HyMOD, MISDc, and LSTM yield simulations at a daily 
time step, offering a high-resolution perspective on hydrological 
variability. SSP-CABra addresses a critical gap in large-scale hy-
drological modelling for Brazil, providing important insights for 

researchers and policymakers. By integrating multiple hydro-
logical models and climate scenarios, this dataset improves the 
understanding of hydrological processes across Brazil's diverse 
catchments, supporting informed decision-making and strate-
gies to mitigate the impacts of climate change on water security.
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