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Abstract. A linear regression model is developed to link anomalies of streamflow to anomalies of precipitation amounts and

temperature with the goal of making multi-decadal streamflow projections based on CMIP6 multi-model simulations. Regres-

sion coefficients estimated separately for each catchment and each month show physically implausible spatial patterns and

indicate issues with overfitting. An alternative approach is therefore explored in which all regression coefficients are estimated

simultaneously through a neural network that retains the original linear model structure, but uses embeddings to map each5

combination of catchment and month to a set of regression coefficients. The model is demonstrated over a set of catchments

in Brazil, where the estimated relationships are used to make streamflow projections for the next decades based on CMIP6

multi-model simulations. It yields physically more plausible relationships between streamflow, precipitation amounts, and

temperature for our study area than the locally fitted regression models. The resulting projections indicate reduced streamflow

over northern, north-eastern, central, and south-eastern Brazil, especially for the austral spring and summer season. The signal10

is less clear during austral winter. In southern Brazil, an increase in streamflow is expected.

Copyright statement. TEXT

1 Introduction

Brazil is considered to be an important growth region for both wind- and hydropower production and has generated 63%

(over 427.000 GWh) of its electricity in 2022 through hydropower (International Energy Agency, 2022). Statkraft is one of15

the renewable energy producers who own and operate several hydropower plants in Brazil, and is therefore highly interested

in estimates of future streamflow trends in the country. Many catchments in Brazil have experienced a decline in precipitation

and streamflow in the past (e.g., Luiz Silva et al., 2019), and hydroclimatological projections point towards reduced and more

variable rainfall in the future (Zaninelli et al., 2019; Reboita et al., 2022; Alves et al., 2020). Other catchments, primarily in
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southern Brazil, have seen an increase in precipitation and streamflow (e.g., Luiz Silva et al., 2019, their Table 3). These trends20

are linked to a southward shifting of the average location of the South Atlantic Convergence Zone (Zilli et al., 2019) and direct

(through reduced runoff) or indirect (through increased atmospheric moisture content) implications of increased evapotranspi-

ration. It is unclear, however, to what degree the observed changes are part of longer, on-going trends or part of multi-decadal

oscillations in the climate system. By analyzing multi-decadal simulations of a wide variety of climate models, e.g. from the

Coupled Model Intercomparison Project Phase 6 (CMIP6, Eyring et al., 2016), one can attempt to obtain projections of the25

future potential for hydropower production in Brazil and help authorities and energy companies foresee areas in risk of future

long-term energy shortages. In this study, our aim is to build a relationship between streamflow, precipitation and temperature

for Brazilian catchments and use it to project future monthly streamflow with CMIP6 multi-model simulations as input.

One possible approach to achieve that is to use a process-based hydrological model (Fatichi et al., 2016; Clark et al., 2017).

:::
For

:::::
South

::::::::
America,

::::::::::::::::
Brêda et al. (2020)

:::
and

:::::::::::::::
Petry et al. (2025)

:::
use

:::
the

::::::::
MGB-SA

::::::
model

::::::::::::::::::
(Siqueira et al., 2018)

:
to
:::::
study

:::::::
climate30

::::::
change

::::::
impacts

:::
on

:::
the

:::::
water

::::::
balance

::::
and

::::
flood

:::::::::
magnitude

::::
and

:::::::::
frequency. In Norway, the main focus of Statkraft’s operations,

the HBV model (Bergström, 1992) and other hydrological models that are specialized in simulating snow storage and snow melt

(e.g., Xu, 2002) are commonly used for simulating streamflow. In Brazil, evapotranspiration constitutes a significant portion of

the water balance, and hydrological models that put more emphasis on this aspect are needed. Statkraft’s in-house hydrological

model has not yet been adapted to tropical climates and is therefore not readily available for use with meteorological forcings35

derived from climate model output over South America.

An
:::
like

:::
that

:::
of

::::::
Brazil,

:::::
where

:::::::::::::::
evapotranspiration

::
is

:
a
::::::
major

:::::::::
component

::
of

:::
the

:::::
water

:::::::
balance.

::::::
Using

:::
e.g.

:::
the

::::::::
MGB-SA

::::::
model

::::::::
employed

::
by

::::::::::::::::
Brêda et al. (2020)

:::
and

::::::::::::::::
Petry et al. (2025)

:
is

::
an

::::::
option

:::
but

:::::::
requires

::::
both

:::::::
expertise

::::
with

:::
the

::::
local

:::::::::::
hydroclimate

::::
and

:::::::::
substantial

::::::
amount

:::
of

::::
time

::
to

:::
set

:::
up

:::
and

::::::::
calibrate

:::
the

::::::
model

:::
for

::
all

::::::::::
catchments

::
of

:::::::
interest.

::::
The

:::::
desire

:::
for

:::
an

::::::::
approach

::::
that

:::
can

::::
more

::::::
easily

::
be

:::::::::
transferred

::
to

::::::::
different

::::::
regions

:::
was

::::
one

:::
our

:::::::
primary

::::::::::
motivations

:::
for

:::::::::
considering

::::::::::
data-driven

:::::::
methods

::
as

:::
an40

alternative way to simulate streamflowis the use of data-driven methods. Lately,
:
.

Long Short-Term Memory (LSTM) networks
::::::
belong

::
to

::::
this

::::::::
category,

::::
and

:
have achieved notable advancements in the

field of rainfall-runoff modeling (Kratzert et al., 2018; Frame et al., 2022; Arsenault et al., 2023). LSTMs demonstrate

strong performance when trained on daily streamflow data, but may also perform well with monthly data, provided that

the monthly records are sufficiently long (Clark et al., 2024).
::::
Few

::::::
studies

::::
exist

:::
in

:::
the

::::::::
literature

::::::
though

::::::
which

:::
use

:::::::
LSTMs45

::
for

:::::::
decadal

::::::::::
predictions

::::::::::::::::
(Slater et al., 2023).

:
Challenges with LSTM networks and other AI models arise in connection with

explainability
::::::::::::
interpretability, i.e. the ability to

::::
fully

:
understand and trust their decisions (De la Fuente et al., 2024) and overfit-

ting, i.e. the risk of picking up specific details in the training data which do not generalize to new, unseen data. The latter can be

particularly problematic in the context of modeling rainfall-runoff relationships which are then applied to climate model output,

since the climate projections cover scenarios outside the range of the historically observed climate. Few studies exist in the50

literature which use LSTMs for decadal predictions (Slater et al., 2023). In addition, impacts of deforestation and land use on

the hydrological cycle can be quite significant in Brazil (e.g., Baudena et al., 2021; Caballero et al., 2022; Chagas et al., 2022)

and relevant data about these effects are not available. A ‘black box’ modelthat may pick up these changes but lacks information

to extrapolate them into the future poses a risk when it comes to generalization to unseen data
:::::::::::
Explainability

::::::::::
approaches
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:::::::::::::::::
(e.g., Molnar, 2025)

:::
such

:::
as

::::::
feature

::::::::::
importance

:::::::
methods

:::
can

::::::
guide

:::
our

::::::::::::
understanding

::
of

:::
the

:::::::::
sensitivity

::
of
::::

the
:::::
output

:::
to

:::
the55

::::::
various

::::::
inputs,

:::
and

:::::::
articles

::::
such

::
as

::::::::::::::::
Jiang et al. (2022)

::::
have

:::::::::::
demonstrated

::::
how

::::::::
carefully

::::::::
analyzing

:::
the

::::::::
gradients

::
in

:::
an

::::::
LSTM

:::::
model

::::::
during

:::::::
flooding

::::::
events

:::
can

::::::
reveal

::::::::::
input-output

:::::::::::
relationships

::::
that

:::::::::
correspond

:::
to

:::::::
different

:::::::::::::
flood-inducing

:::::::::::
mechanisms.

:::::::::::
Nevertheless,

:::
the

::::
need

:::
for

::::
such

::::::::
additional

::::
post

::::
hoc

:::::::
methods

:::::::
hampers

:::::::
intuitive

::::::::::::
understanding

::
of

:::
the

:::::::
model’s

:::::::::
decisions.

::::::
Hybrid

::::::
models

::::
have

::::
been

::::::::
proposed

::::
that

:::::::
combine

::::::::::::
process-based

::::::::::
hydrological

:::::::
models

::::
with

:::::
LSTM

::::::::
networks

::::::::::::::::::
(e.g., Liu et al., 2024)

:
,
:::
but

::
an

:::::::
analysis

::
by

:::::::::::::::::::::::::
Acuña Espinoza et al. (2024)

:::::::
suggests

:::
that

:::
the

::::::::::
data-driven

:::::::
dynamic

:::::::::::::
parametrization

:::::::
partially

::::::::::::
compromises

:::
the60

:::::::
physical

::::::::::::
interpretability

::
of

:::
the

:::::::::
underlying

:::::::::
conceptual

::::::
model.

Considering the above factors and some exploratory data analysis
::
of

:::::::
monthly

:::::::::
anomalies

::
of

:::::::::::
precipitation,

::::::::::
temperature

::::
and

:::::::::
streamflow

::::
over

::::::::
Brazilian

::::::::::
catchments, we decided to use a low-dimensional linear regression model that builds a statistical

relationship between precipitation, temperature and observed streamflow anomalies on a monthly time scale
::::
these

::::::::
variables for

each catchment. Unlike more complex machine learning models, this type of model is fully interpretable (e.g., Flora et al., 2024, their Fig. 1)65

and permits an intuitive understanding of how changes in precipitation and temperature affect streamflow. Fitting a separate

linear regression model for each catchment and month, however, resulted in regression coefficients that were spatially incon-

sistent over our study area, and constraints had to be imposed to prevent physically implausible rainfall-temperature-runoff

relationships. A variant of the baseline approach is therefore proposed, which employs a neural network framework that retains

the linear model structure, but uses embeddings (Guo and Berkhahn, 2016) to map each combination of catchment and month70

to a set of regression coefficients. This permits sharing of information across space and time and in our example yields coeffi-

cient patterns that are physically more plausible, even without the use of constraints. The simple structure of the model, makes

it well-suited for situations where the data availability is limited, such as when only short records of monthly streamflow data

are available and LSTMs may not perform as effectively. The model can also easily be transferred to new regions of the world

without additional modeling effort and fine-tuning. To our knowledge, this is the first use of a neural network framework in75

this particular way, i.e., where its flexibility is exploited to learn complex and non-linear spatio-temporal coefficient patterns

while retaining a fully interpretable,
::::::
Within

:::
the

::::::
context

:::
of

:::::::::
explainable

::::::::
machine

::::::::
learning,

:::
the linear structure with regard to

the primary predictors
::::
puts

:::
our

::::::
model

::
in

:::
the

::::
class

::
of

:::::
fully

::::::::::
interpretable

:::::::
models

::::::::::::::::::::::::::::
(see Flora et al., 2024, their Fig. 1)

:
,
:::::
while

:::
the

:::::::
proposed

::::
use

::
of

::::::::::
embeddings

:::
and

::::::
model

:::::
fitting

::::::
within

:
a
::::::
neural

:::::::
network

:::::::::
framework

:::::
offers

:::::
some

::
of

:::
the

:::::
same

:::::::
benefits

::
as

::::::
LSTM

::::::
models

::::::::
regarding

:::
the

::::::
sharing

::
of

::::::::::
information

::::::
across

:::::::
different

::::::::::
catchments.80

The rest of the paper is structured as follows: Section 2 gives an overview over the data used in this study and presents

some exploratory data analysis used to inform subsequent methodological choices. The statistical model itself is introduced in

Section 3, first in its basic form as a linear regression model and then in the variant that uses a neural network to represent spatial

and temporal patterns of the regression coefficients. Results are presented and discussed in Section 4 and include metrics that

assess the quality and limitations of the statistical model as well as streamflow projections obtained with it. Section 5 discusses85

the issue of uncertainty our projections while Section 6 concludes with a summary and a discussion of the use of the presented

methodology.
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Figure 1. Overview over the (sub)catchments and gauge locations considered in this study.

2 Data and Exploratory Analysis

2.1 Streamflow data

We use time series of natural total monthly streamflow downloaded through the API of Brazil’s National Operator of the90

Electric System (ONS). To eliminate the challenges posed by non-stationarities in observed streamflow series due to evolving

consumptive uses, ONS derives natural streamflows from observed series at river gauging stations by incorporating inflow

and discharge at utilization sites while accounting for reservoir operations upstream, consumptive uses, and net evaporation

(Operador Nacional do Sistema Elétrico, 2018). For this project, a subset of 157 Brazilian gauge locations was used for which

we have mostly complete monthly streamflow series during the period from 1960 to 2020.95

Figure 1 gives an overview over the gauge locations and associated catchments considered here, and shows that catchments

from all regions within Brazil are represented with areas varying from a few hundred square kilometers to several hundred of

thousands of square kilometers. Many of these catchments are nested, i.e. streamflow is measured at several points of a river

and its tributaries, and in each case the associated catchment is taken to be the area over which water flowing through this point

is collected.100

2.2 Precipitation and temperature data

As a proxy for local rainfall amounts we use the Climate Hazards group InfraRed Precipitation with a Station dataset (CHIRPS)

version 2.0 (Funk et al., 2015), which was downloaded at monthly temporal resolution and 0.05◦ horizontal resolution and up-

scaled to 0.25◦ resolution before further processing. This data product is constructed by combining in-situ station observations

with satellite precipitation estimates in order to represent sparsely gauged regions. It was found to agree well with observations105

across all regions in Brazil with some lower similarity over the Northwest of Amazon and the southwest of Pará state (Costa

et al., 2019). As a consequence of being based on satellite data though, the CHIRPS product is only available from 1981

onwards, which makes it the limiting factor in our setup regarding training sample size.
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The average 2-m temperature over each catchment was calculated from the ERA5 dataset (Hersbach et al., 2023), a state-

of-the-art reanalysis product made by the European Centre for Medium-Range Weather Forecasts (ECMWF). These data were110

downloaded from the Copernicus Climate Change Service (C3S) Climate Data Store (CDS) for the 1981-2020 period. Total

precipitation accumulation is also available as a variable in ERA5, but station observations of precipitation are not included in

the ERA5 data assimilation scheme, and additional analysis (not shown here) suggested that CHIRPS provides a more accurate

representation of monthly rainfall over Brazil and was therefore preferred for this variable.

Both CHIRPS precipitation data and ERA5 temperature data were aggregated to the catchment scale by averaging the115

values across all grid points within the boundaries of each catchments. For very small catchments, the nearest grid point to the

catchment area was used.

2.3 Climate model data

Simulations of 2-m temperature and precipitation from the Coupled Model Intercomparison Project Phase 6 (CMIP6, Eyring

et al., 2016) multi-model ensemble were downloaded from the Earth System Grid Federation (ESGF). The SSP2-4.5 scenario120

was selected, which assumes a moderate level of greenhouse gas emissions in the calculations of the future precipitation

and temperature (O’Neill et al., 2016). The datasets are available for both a historical period (1850-2014) and a projection

period (2015-2100). Climate model projections in CMIP6 are aimed at simulating the long-term future climate based on

changed boundary conditions and the principles of global energy balance. Due to internal climate variability, even different

simulations from a single climate model can yield very different precipitation and temperature profiles in individual years and125

even decades. To sample this internal climate variability as well as possible, we use output from all available CMIP6 models

which had simulations of both temperature and precipitation over the time period considered here and were used in this study.

The resulting selection of 22 models is listed in Table 1. The simulations were aggregated to the catchment scale in the same

way as described above for the CHIRPS and ERA5 data. For reasons further explained in Section 3.1, no downscaling or bias

correction was performed at this stage.130

2.4 Precipitation and streamflow climatology in different parts of Brazil

The precipitation regime in northern and northeastern Brazil is dominated by the Intertropical Convergence Zone (ITCZ),

a belt near the equator associated with heavy precipitation oscillating north- and southwards depending on the position of

maximum incoming solar radiation (Garreaud et al., 2009). In the central part of the country, where several of the large river

systems carrying water northward and southward to hydro-electrical plants are formed, the South Atlantic Convergence Zone135

(SACZ) regime dominates (Rosa et al., 2020). This is a band of deep convection and associated precipitation oriented in

northeast/southwest direction over large parts of tropical and subtropical Brazil and the Atlantic Ocean. In its active phase

during austral summer, especially between December and February, it brings large amounts of rainfall to Central Brazil (Rosa

et al., 2020). In southern Brazil, rainfall originates from synoptic systems, and both rainfall and streamflow is distributed more

evenly over the year.140
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Table 1. CMIP6 climate models used in this study

ACCESS-CM2 (Australia) Bi et al. (2020); Dix et al. (2019)

BCC-CSM2-MR (China) Wu et al. (2019); Xin et al. (2019)

CESM2 (USA) Danabasoglu et al. (2020); Danabasoglu (2019)

CMCC-ESM2 (Italy) Cherchi et al. (2019); Lovato et al. (2021)

CNRM-CM6-1 (France) Voldoire et al. (2019); Voldoire (2019a)

CNRM-ESM2-1 (France) Séférian et al. (2019); Voldoire (2019b)

EC-Earth3-CC (Europe) Döscher et al. (2022); EC-Earth (2021)

GFDL-ESM4 (USA) Dunne et al. (2020); John et al. (2018)

HadGEM3-GC31-LL (UK) Kuhlbrodt et al. (2018); Good (2019)

IITM-ESM (India) Swapna et al. (2018); Singh et al. (2020)

INM-CM4-8 (Russia) Volodin et al. (2018, 2019a)

INM-CM5-0 (Russia) Volodin et al. (2017, 2019b)

IPSL-CM6A-LR (France) Boucher et al. (2020, 2019)

KACE-1-0-G (South Korea) Lee et al. (2020); Byun et al. (2019)

KIOST-ESM (South Korea) Pak et al. (2021); Kim et al. (2019)

MIROC-ES2L (Japan) Hajima et al. (2020); Tachiiri et al. (2019)

MIROC6 (Japan) Tatebe et al. (2019); Shiogama et al. (2019)

MPI-ESM1-2-LR (Germany) Mauritsen et al. (2019); Wieners et al. (2019)

MRI-ESM2-0 (Japan) Yukimoto et al. (2019a, b)

NESM3 (China) Cao et al. (2018); Cao (2019)

NorESM2-MM (Norway) Seland et al. (2020); Bentsen et al. (2019)

UKESM1-0-LL Sellar et al. (2019); Good et al. (2019)

Figure 2 depicts temperature, precipitation and streamflow series from catchments in different parts of Brazil, and gives an

idea of the respective annual cycles. The Xingu catchment located in the central-northern part of Brazil receives substantially

less rain between May and September, and with a 1-month lag this is also the low water season for this catchment. The annual

cycles look similar for the Tocatins catchment in the north-eastern inland of Brazil, with very little rain and corresponding

reduced streamflow during austral winter. A much less pronounced but otherwise similar annual cycle is seen for the Parana145

main river catchment in the central-south, while both precipitation and streamflow in the Uruguai catchment in southern Brazil

vary more across different years than across different seasons. In contrast to the catchments further north, however, we see a

pronounced seasonal cycle of average temperatures.

2.5 Lagged correlations between precipitation and streamflow

Among the meteorological variables available as output from the CMIP6 models, precipitation amounts and temperature were150

considered the most important ones. Especially for the larger catchments the concentration time, i.e., the time it takes for pre-

6



Figure 2. Monthly ERA5 temperature averages, CHIRPS precipitation accumulations and streamflow for four selected catchments. Each

individual curve corresponds to one year during the 1981-2020 period.

cipitation that falls in the catchment to arrive at the outlet, can be on the same order or longer than the monthly aggregation time

scale considered here. Moreover, without a hydrological model that keeps track of antecedant soil moisture conditions, pre-

cipitation anomalies in preceding months may be an important factor determining streamflow. Figure 3 depicts the correlation

coefficients of monthly streamflow anomalies and monthly precipitation anomalies at different time lags and at different times155

of the year. The plots confirm that precipitation anomalies during the preceding month can be equally important predictors in

particular catchments and seasons, and that conditions further back can also have an impact. This will be considered in the

construction of predictors used in the statistical model described below.
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Figure 3. Correlation coefficients of monthly streamflow anomalies and CHIRPS precipitation anomalies at different time lags.

3 Methods

In this section we describe the construction of a statistical model used to link monthly average temperature and accumulated160

precipitation over each catchment to the associated streamflow. The exploratory analysis shown above suggested that pre-

cipitation at different time lags is an important predictor in any such model. In addition, temperature is included due to its

close connection with evapotranspiration, i.e., the sum of evaporation and transpiration by plants, which both reduce runoff.

Specifically, the following predictors for monthly streamflow are considered:

1. Concurrent precipitation amounts165

2. Precipitation amounts during the preceding month

3. Total precipitation accumulation 2-4 months prior to the month of interest
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4. Concurrent monthly average temperature

These choices are based on the insights gained from Figure 3 and try to balance model flexibility with the need to avoid an

overly complex model with too many parameters. It is clear though from this figure that the model must be able to adapt to the170

season and each particular catchment. The following subsections describe the technical details of how this can be accomplished.

3.1 Data standardization

As a preliminary step, both predictand (streamflow) and the predictors specified above are standardized. If we denote by ym,c,i

the streamflow observation from month m, catchment c and year i, the corresponding standardized streamflow anomaly is

given by:175

ỹm,c,i =
ym,c,i − µ̂m,c

σ̂m,c
, (1)

where µ̂m,c is the mean monthly streamflow for catchment c, and σ̂m,c is the corresponding standard deviation. The predic-

tors are standardized in the same way, and concurrent and lagged/aggregated precipitation anomalies are denoted by P̃m,c,i,

P̃m−1,c,i, and P̃m−2/3/4,c,i, respectively, while concurrent monthly average temperatures anomalies are denoted by T̃m,c,i.

Working with standardized anomalies has three major benefits:

1. It acts as an implicit bias correction when the regression model is applied to climate model simulations,180

2. It permits a meaningful comparison of regression parameters across months and catchments since systematic spatial and

seasonal differences in the amplitude of the original variables are removed, and

3. It allows one to omit the intercept parameter from the regression model.

To see the first point, consider a typical bias correction strategy for climate model simulations (e.g., Ho et al., 2012) in the basic

form where the distributions of the model and observation climatology have the same shape but possibly different means and185

standard deviations. For a given month, year, catchment, and weather variable, say 2-m temperature, we omit the corresponding

subscripts m,c and i from the notation, and denote by µmod,σmod,µobs,σobs the climatological means and standard deviations

of the model and observations, respectively. The bias-corrected value Tbc of a temperature value Tmod simulated by a climate

model is then obtained via

Tbc = µobs +
σobs

σmod
(Tmod −µmod).

By rewriting this to190

Tbc −µobs

σobs
=

Tmod −µmod

σmod
,

we see that the standardized anomaly of Tbc relative to the observation climatology is identical to the standardized anomaly

Tmod relative to the model climatology. If a statistical model based on standardized anomalies P̃m,c,i, P̃m−1,c,i, P̃m−2/3/4,c,i,
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and T̃m,c,i calculated from ERA5 and CHIRPS data is applied to climate model simulations that are standardized with respect

to their own climatology, the above equations show that this is equivalent to working with bias corrected (against ERA5 and

CHIRPS data) climate model output. This is a big advantage in the light of results reported by Eden et al. (2014), who suggest195

that climate model simulations from general circulation models (GCMs) are competitive with those from regional climate

models (RCMs) in a setup where both are bias corrected. Standardization as described above thus opens the door to employing

the more widely available GCM simulations without clear detriments regarding the quality of the resulting projections.

3.2 Constrained linear regression

Additional scatter plots (not shown here) of the four predictors listed above against the associated streamflow values do not200

suggest that their relation is extremely complex or non-linear, so given the objective of a fully interpretable model, multiple

linear regression is a natural choice. With the standardized data from Section 3.1, this model takes the form:

ỹm,c,· = βm,c,1 · P̃m,c,· +βm,c,2 · P̃m−1,c,· +βm,c,3 · P̃m−2/3/4,c,· +βm,c,4 · T̃m,i,· + εm,c,·, (2)

with regression coefficients βm,c,1,βm,c,2,βm,c,3,βm,c,4 specific to each catchment and month, and residuals εm,c,· represent-

ing the year-to-year variability of streamflow anomalies not explained by the predictor anomalies.

The simple form in (2) permits a clear understanding of how the streamflow anomalies depend on the different predictors:205

a positive regression coefficient implies that a positive predictor anomaly translates into a positive streamflow anomaly, while

a negative regression coefficient translates a positive predictor anomaly into a negative streamflow anomaly. This allows one

to constrain the regression coefficients based on our physical understanding. For all three precipitation-based predictors, pos-

itive anomalies should entail an increase in streamflow, while negative anomalies should entail a decrease in streamflow. For

temperature, on the contrary, we expect positive anomalies to go along with enhanced evapotranspiration and thus reduced210

streamflow. These constraints can be imposed on the model by requiring:

βm,c,1 ≥ 0, βm,c,2,≥ 0 βm,c,3,≥ 0, and βm,c,4 ≤ 0.

They provide some minimal regularization of the regression model and prevent physically implausible predictor-predictand

relationships that might otherwise arise due to collinearity of the different predictors and overfitting. Such effects were seen

in preliminary experiments where unconstrained linear regression was tested, sometimes resulting in streamflow projections

that increased dramatically with increasing temperature as a function of time. The above coefficients can be estimated by215

minimizing the least squared residuals εm,c,·, where minimization, due to the constraints, must be performed by an optimizer

like CVXOPT (Andersen et al., 2011).

Figure 4 depicts the regression coefficients estimated with the procedure described above. Due to the standardization, their

magnitude also has a direct interpretation and reflects the relative importance of the associated predictor. In accordance with

Figures 2 and 3, this importance varies both spatially and seasonally. In July, for example, concurrent precipitation anomalies220

are by far the most important predictor in southern Brazil, while catchments in central Brazil rely more on the precipitation

anomalies a few months earlier to explain inter-annual streamflow variability.

10



Figure 4. Regression coefficients for January and July, estimated via constrained least squares estimation separately for each catchment and

month.

Some patterns seen in Figure 4, however, are somewhat questionable from a hydrological perspective. In central and eastern

Brazil, temperature coefficients for January differ substantially even over short distances and with no apparent connection

to catchment size. Consider, for example, the subcatchents of the Corumbá and Araguari river in central Brazil for which225

we have highlighted the corresponding gauge locations in Figure 1 in black. These subcatchments are in close proximity

while their temperature coefficients for January are 0.0 and -0.41, respectively. This would imply no sensitivity to temperature

changes at all for the Corumbá subcatchment, while in the Araguari subcatchment a 1◦ increase of temperature relative to the

climatological mean (with precipitation kept fixed at the climatological mean) would entail a 21.2% reduction of inflow. We

feel that it is physically implausible that the impact of evapotranspiration on streamflow would be so spatially sporadic, and we230

find the magnitude of implied streamflow changes concerning given the intended use of this model to project future streamflow

based on climate model output.

A likely cause of these physically unrealistic patterns is overfitting of the respective regression models. If decreasing stream-

flow trends in some subcatchments within the 1981-2020 period, for example, are not sufficiently explained through the other

predictors, the regression model may erroneously attribute them to a general warming trend as expressed through large negative235

temperature coefficients for these catchments. For the precipitation predictors, the spatial patterns in Figure 4 are more plausi-

ble, though upon closer inspection one can also find examples of small scale variability that may caused by overfitting rather
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than differences in climatology. In the subsequent subsection we discuss a variant of the regression model that aims to retain

its flexibility to adapt to regional and seasonal differences in climatology while suppressing some of the spurious variability of

the regression coefficients seen in Figure 4.240

3.3 Modeling seasonal and regional patterns through neural network embeddings

In order to prevent overfitting the coefficients of the regression model (2), some suitable way of sharing information across

seasons and regions has to be found while still allowing the coefficients to vary across these dimensions. Traditionally, spatial

statistical models like the INLA framework (Rue et al., 2009) are used for such a task, but those require certain structural

assumptions on the type of spatio-temporal covariability and can become rather complex for a multi-variate regression problem245

like the one studied here. The advent of user-friendly machine learning libraries like PyTorch (Paszke et al., 2019) has opened

up the alternative avenue of using neural networks for this purpose, and this approach will be explored in the following.

3.3.1 General idea of the model

The type of neural network used here, a multilayer perceptron (MLP), consists of a sequence of layers that each perform a

linear transformation of its input followed by a nonlinear activation function. If each input is connected with each output, the250

layer is called fully connected or dense. Through the repeated application of nonlinear activation functions the MLP is capable

of representing rather complex functional relationships between its inputs (‘features’) and the prediction target (‘labels’, here:

streamflow anomalies). A disadvantage of the multilayer structure is that the learned functional relationships are rather non-

transparent and permit little understanding of how the model arrived at its conclusion. Here, we avoid this by using a somewhat

unconventional neural network architecture in which the actual predictors (temperature and lagged precipitation anomalies)255

never pass through any nonlinear function and therefore retain a linear relation with the prediction target. In contrast to the

constrained regression framework discussed in Subsection 3.2, however, the regression coefficients for each catchment and

each month are estimated simultaneously and obtained as a complex, nonlinear function of a (arbitrary but unique) catchment

ID and month ID. This is achieved through so-called embeddings, mappings from a categorical variable to a vector of real

numbers encoding information about that variable in an abstract form. Abstract, because this representation is not necessarily260

connected to any physical space, and inferred purely from the input and output data, though in our case we may for example

expect that the embedding of the catchments is connected to their geographical location and possibly to their size.

3.3.2 Neural network architecture

Figure 5 illustrates the proposed neural network architecture in a schematic. The output data is the same as in (2), while the input

data now consists of catchment ID and month in addition to the four meteorological predictors. These additional, categorical265

inputs are embedded into separate real vector spaces from where they each pass dense layers whose output is then multiplied

pointwise.
:
In

:::
the

:::::
setup

::
of

:::
this

::::::
study,

::
we

::::::
found

::
an

:::::::::
embedding

:::::::::
dimension

::
of

::
6

::
for

:::
the

::::::::::
catchments

:::
and

::
2

::
for

:::
the

::::::
month

::
to

::
be

:::::
good

::::::
choices

::::
(see

:::::::::
subsection

::::::::::::::::
’Hyperparameters’

:::::
below

::::
and

::::::::
Appendix

::
A
:::
for

:::::
more

:::::::
details).

::::
The

:::::::::
associated

:::::
dense

:::::
layers

::::
both

:::::
have
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Figure 5. Schematic of the neural network proposed as an alternative approach to estimating the regression coefficients for each catchment

and month.

::
an

::::::
output

::::::::
dimension

:::
of

:::
25. One may think of the combination of catchment embedding and dense layer as a component that

learns a number of
::
25 relevant spatial patterns which are then weighted and combined based on information about the month270

associated with the respective input. The resulting vector passes through two further dense layers
::::
then

:::::
passes

:::::::
through

:::::::
another

:::::
dense

::::
layer

::::
with

::::::
output

:::::::::
dimension

:::
20 and a so-called dropout layer, which randomly masks components of the input vector

during the neural network training process and thereby helps prevent overfitting (Srivastava et al., 2014). The last dense layer

produces a four-dimensional output that will be interpreted as the vector βm,c = (βm,c,1,βm,c,2,βm,c,3,βm,c,4)
′ of regression

coefficients to be multiplied to the four meteorological predictors in the same way as in (2). Here, no explicit constraints are275

imposed on the four coefficients since we find the information sharing across catchments and seasons to be sufficent to prevent

physically implausible predictor-predictand relationships like those seen in Figure 4.

3.3.3 Model training

Both dense and embedding layers depend on a (relatively large) number of model parameters (‘weights’) that determine the

particular data transformation performed in these layers. These are inferred from the data in a training process in which we280

minimize a mean squared error loss function, similar to the constrained regression framework in Subsection 3.2, except that

we now use the Adam optimizer (Kingma and Ba, 2014) commonly used in connection with neural networks. For more details

about the training process for neural networks see e.g. Goodfellow et al. (2016).

3.3.4 Hyperparameters

In addition to the model parameters, several hyperparameters have to be determined that define the specific neural network285

architecture and the training process. These include choices like the particular activation function used within the dense layer,

the batch size, i.e., the number of samples considered in each iteration of the neural network training process, and the learning

rate, i.e., the step size that the optimizer makes during each iteration while seeking to reduce the training loss. We determined

those three hyperparameters by monitoring the training progress made with different choices in some test cases, and ended up

choosing exponential linear unit (ELU) activation functions (Clevert et al., 2015), a batch size equivalent to one year of training290

data, and a learning rate parameter of 0.005. There are several other hyperparameters defining the components of the neural

network shown in Figure 5 for which it is not so easy to find good values through some basic exploration:
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– the dimension of the embedding space for the catchments

– the dimension of the embedding space for the months

– the number of nodes (i.e., the output dimension) in the first dense layer295

– the number of nodes in the second dense layer

– the dropout rate, i.e. the probability with which a connection is masked during training

We determined these parameters through a systematic hyperparameter tuning process described in Appendix A.

3.3.5 Early stopping

The primary motivation for embedding regression model (2) into a neural network framework is to prevent overfitting, and in300

addition to enabling information sharing across seasons and catchments, this framework comes with a variety of measures to

accomplish that. One common strategy is to further split the training data set into a training and validation sample and use

the latter to evaluate how well the model trained on a different part of the data generalizes to unseen samples. As the training

process progresses, the average loss over the training sample decreases, and for as long as the model truly gets better the

average loss over the validation sample decreases as well. A validation loss that stops decreasing or even increases is a sign of305

overfitting, and when this is detected the neural network training is terminated. This strategy is referred to as early stopping,

and was used here to save computation time and ensure that the fitted model generalizes well across different combinations

of catchments, months, and across the 1981-2020 training period. The training-validation split was performed by diving the

data set into four folds where the first fold contains the years 1981, 1985, ..., 2017, and the other folds are shifted each by

one year. One fold is then used for validation, the remaining three are used for training. This entails four different, possible310

training-validation splits, and we fit a separate neural network to each of them, calculate the resulting regression coefficients

βm,c for each catchment and month, and use the mean over the four sets of regression coefficients as an alternative to the

coefficients obtained through catchment- and month-wise constrained least squares estimation discussed in Subsection 3.2.

3.3.6 Model interpretation

The particular architecture of the neural network model proposed here makes it that the output of the last dense layer in the315

schematic in Figure 5 can be interpreted as a vector of the same regression coefficients in (2) that were previously fitted within

a constrained regression framework. We can therefore look at these coefficients (see Figure 6) and compare them directly to

those depicted in Figure 4. While the general spatial and seasonal patterns seen in these two figures are similar, the neural

network based regression coefficients are not subject to the spurious small-scale variations seen in Figure 4. Their spatial

smoothness is quite remarkable in so far as the neural network did not receive any explicit information about the location320

of each catchment, and no prior assumption about homogeneity within different subregions has been made. Even though we

have not imposed explicit constraints on the coefficients, all precipitation coefficients are positive (i.e., increased precipitation
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Figure 6. Regression coefficients for January and July, estimated with the neural network approach using embeddings to model their depen-

dence on the catchment and month.

entails increased streamflow) and all temperature coefficients are negative (i.e., higher temperatures entail more evaporation

and decreasing streamflow) in line with our physical intuition. The estimated temperature coefficients for the Corumbá and

Araguari subcatchment in January (see discussion in Section 3.2) are now -0.25 and -0.28, respectively. These values imply a325

decrease in inflow by -14.5% and -14.3%, respectively, if temperature increases by 1◦ relative to the climatological mean (with

precipitation kept fixed at the climatological mean).

The spatially more plausible patterns of the regression coefficients come at the expense of their magnitude though, which is

somewhat dampened compared to Figure 4, and might imply that less inter-annual streamflow variability is explained through

the meteorological predictors. Whether this is indeed the case will be examined in the next section.330

4 Results

The ultimate purpose of the statistical models proposed in Section 3 is to apply them to climate model output in order to obtain

multi-decadal streamflow projections. This requires that a sufficiently large fraction of inter-annual streamflow variability can

be explained through meteorological predictors simulated by climate models. We check this before generating and discussing

the resulting streamflow projections.335
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4.1 Coefficients of determination

To evaluate how well inter-annual streamflow variability is explained not just within the data set to which the model is fitted

but also for hitherto unseen years, a slightly different protocol for parameter estimation is adopted. For the results presented

in this subsection, a leave-one-year-out cross validation approach is applied to the 40 years of available data, i.e. one year i is

held out at a time, the respective models are fitted/trained with data from the remaining 39 years, used to predict streamflows340

during the left-out year, and the prediction error εm,c,i is recorded for each catchment and month. This procedure is repeated

for all 40 years, and the cross-validated coefficients of determination are calculated as

R2
cv,m,c = 1−

∑40
i=1 ε

2
m,c,i∑40

i=1(ym,c,i − µ̂m,c)2
.

The early stopping and hyperparameter optimization for the neural network have to be adapted to the leave-one-year-out cross

validation protocol, too. This is done via a training-validation split of the remaining 39 years at a ratio of 2:1 with every

third year being used for validation, and a separate hyperparameter optimization (described in Appendix A) for each of the 40345

left-out years. The results is a fully out-of-sample evaluation of the respective models’ ability to explain streamflow through

meteorological predictors, visualized in Figure 7 for one month from each season.

We note that the patterns for both statistical models are extremely similar, despite noticeable difference in the regression

coefficients depicted in Figures 4 and 6, and draw two main conclusions:

1. The ability to explain interannual streamflow variability or lack thereof is more due to regional characteristics than350

due to the particular statistical model. For example, both models struggle in Central Brazil during austral winter, when

precipitation amounts are minimal and streamflow is driven by other factors not included in these models.

2. The dampening of the regression coefficients in Figure 6 relative to those in Figure 4 does not entail overall lower

coefficients of determination. The larger (in magnitude) regression coefficients obtained with the constrained regression

approach may entail more explained variability in-sample, but this does not transfer to unseen years.355

The small differences one can observe are in favor of the neural network regression approach, typically in catchments/seasons

with low R2
cv,m,c like the Rio Grande in July, where the constrained regression model is more prone to overfitting due to the

low signal-to-noise ratio, and the information sharing across catchments and months achieved by the neural network approach

is most beneficial. Yielding physically more plausible patterns of regression coefficients and comparable or even improved

R2
cv,m,c, this is the approach we choose to employ for making multi-decadal streamflow projections.360

4.2 Streamflow projections

To obtain projections of future streamflow, the climate model simulations are processed in the same way as the CHIRPS

and ERA5 data in Section 3.1, i.e., the same four meteorological predictors are calculated and standardized similar to (1),

with mean and standard deviation calculated over the same 1981-2020 period and separately for each catchment, month, and
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Figure 7. Fraction of inter-annual streamflow variability explained (out-of-sample) by the constrained regression model and the neural

network regression approach. The inset numbers represent the 25th, 50th, and 75th percentile of the values across all catchments for a given

month.

climate model. Systematic biases of climate model output (seen, e.g., in Firpo et al., 2022, Figure 6) are removed through the365

standardization of this output with respect to each model’s own climatology, as explained in Section 3.1.

Figures 8 and 9 depict the resulting projections for different months and subcatchments of the Uruguai and Paranaiba

catchment, respectively. Streamflow data were available back to 1960, so we also show the historical CMIP6 simulations

back to that year. To filter out some of the year-to-year variability, centered 30-year moving averages of all curves are shown.

The different scenarios - one for each climate model - give an idea of the range of possible outcomes. We note though that370

this is not a probabilistic forecast in any strict sense as several other sources of uncertainty are not accounted for in these

plots (see discussion in Section 5). One of these sources of uncertainty is the unexplained part of the interannual streamflow

variability, which is quite large for example in July in the subcatchment of the Paranaiba shown in Figure 9. In this plot, the

large unexplained interannual streamflow variability manifests in a poor agreement of the observed streamflow with the values

predicted by the CHIRPS and ERA5 based covariates. With the regression models used here, a low R2
cv,m,c tends to go along375

with projections that are too conservative, i.e. they underestimate trends in streamflow and do not sufficiently represent the

internal variability of streamflow on decadal time scales, thus making it more likely for the historical observed streamflow

curve to be outside the range of historical simulated streamflows. In most of the other plots in Figures 8 and 9, the fitted
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Figure 8. Historical and simulated 30-year moving average streamflows for a subcatchment of the Uruguai catchment in southern Brazil

for different months. The ‘fitted values’ are the 30-year moving average streamflow predictions by the statistical model when applied to the

CHIRPS- and ERA5-based predictors it was trained with.

curves match the observed streamflow much better and thus indicate a lesser degree of statistical model uncertainty. Whenever

this goes along with a clear trend in the CMIP6 multi-model output, this trend translates into a trend of anticipated future380

streamflow, seen e.g. in the October panel of Figure 9. The trends in the CMIP6 multi-model simulations over southern Brazil

are less pronounced, and we therefore only see relatively weak trends in Figure 8, despite generally good model fits. This

discussion illustrates that Figure 7 provides important context for the interpretation of the projections discussed here and helps

determine how much confidence we should have in the streamflow projections for each catchment and month.

To get an overview over projected changes in streamflow across all catchments, we calculate, for each climate model simu-385

lation, the relative change of simulated streamflows between a reference period 1991-2020 and two future periods, 2021-2050

and 2036-2065. The median change across the 22 CMIP6 models for different months is depicted in Figure 10. From the

discussion above we recall that in regions and seasons where the R2
cv,m,c of the statistical model is low, the magnitude of

change tends to be underestimated. Yet, some clear patterns emerge that are in line with projected hydroclimatological changes
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Figure 9. Same as Figure 8 but for a subcatchment of the Paranaiba catchment in the midwest/southeast part of Brazil.

in South America reported e.g. by Marengo et al. (2012) or Zaninelli et al. (2019). Over northern, north-eastern, central, and390

south-eastern Brazil, a trend towards reduced streamflow is expected for virtually all seasons, especially though for the austral

spring and summer season. The lack of a clear change signal during austral winter is at least in part due to a lower R2
cv,m,c

of the statistical model in that season. Since part of the streamflow during that season originates from rainfall in preceding

months (see discussion in Section 2.4), especially in central and north-eastern Brazil, we surmise it is in fact also subject to

a decreasing trend that carries over from the preceding seasons. The only region with a projected increase in streamflow is395

southern Brazil, where e.g. the Uruguai catchment is projected to see a 10.7% (13.3%) increase in streamflow in July and a

10.1% (12.2%) increase in streamflow in October between the 1991-2020 and 2021-2050 (2036-2065) period.

To what degree are different the predictors in our linear model driving these trends? To answer this, we repeat the above

calculation for the reference period and the 2036-2065 period with all but one of the four regression coefficients set to zero.

The resulting median change signal is then only based on a single predictor, and we can compare the sign and magnitude of400

that change, depicted in Figure 11, with the changes seen in Figure 10 above. Despite the larger (in magnitude) regression co-

efficients of the precipitation based predictors, most of the projected decrease in streamflow is driven by the projected increase
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Figure 10. Projected change (%) in streamflow between the reference period 1991-2020 and two 30-year periods centered around 2035 and

2050, respectively, for selected months across different seasons.

in temperature over the next decades and the associated increase in evapotranspiration. Some minor contributions from pro-

jected decreases in precipitation can be observed over central and eastern Brazil during the austral spring and summer season.

The projected increase in streamflow is southern Brazil, on the contrary, is driven by the projected increase in precipitation405

over this area. We note that, in addition to the caveat regarding unexplained interannual streamflow variability, this analysis

is limited by the simplifying assumption of a linear model structure which does not account for possible non-linear responses

of the hydrological system to a future climate or interaction between precipitation and evapotranspiration. Given the great

care though with which we have attempted
:::::
While

:::
the

:::::::::
discussion

::
of

::::::
Figure

::
6
::::::::
illustrates

::::
that

:::::
great

::::
care

::::
was

::::
used

:
to prevent

overrepresenting the role of temperature in our statistical model, we still find it notable at least qualitatively that this variable410

is identified as the primary driver of projected changes in streamflow
:::::
model,

:::::
there

::
is

:::
still

::
a

::::::
danger

::
of

::
an

:::::::
omitted

:::::::
variable

::::
bias

:::::
caused

:::
by

::::::
falsely

::::::::
attributing

:::
the

::::::
effects

::
of

::::::::
excluded

::::::::
covariates

::
or

:::::
more

:::::::
complex

::::::::
processes

::
to
:::::::::::
temperature.

:::
On

:::
the

::::::
upside,

:::::
cause

:::
and

:::::
effect

:::
are

::::
fully

::::::::::
transparent

::
in

:::
our

::::::
model,

::::
and

:::
the

:::::::
analysis

:::::
above

::::
can

::
at

::::
least

:::::
serve

::
as

::
a

:::::::::
benchmark

::::::
which

::::
more

::::::::
complex

::::
(and

:::
less

:::::::::::
interpretable)

:::::::
models

:::
can

::
be

::::::::
compare

::::
with.
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Figure 11. Projected change (%) in streamflow between 1991-2020 and 2036-2065 with all but one predictor in our regression model

removed.
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5 Discussion: Uncertainty of the Projected Changes415

The projected changes depicted in Figure 10 represent the median across a range of different climate models. While they are

in line with projected hydroclimatological changes in South America reported e.g. by Marengo et al. (2012) or Zaninelli et al.

(2019),
:::
and

:::
the

:::::::
patterns

:::::
agree

::::
with

:::
the

::::::::::
streamflow

:::::::::
projections

::::::
shown

::
in

::::::
Figure

::
4

::::
from

::::::::::::::::
Brêda et al. (2020),

:
we want to stress

that these numbers are subject to substantial uncertainty arising from several sources:

1. Uncertainty about future atmospheric greenhouse gas concentrations.420

2. Uncertainty due to limitations of climate models.

3. Uncertainty due to natural variability in the climate system.

4. Streamflow variability not explained by our statistical model.

Looking at the full range of projections (see examples in Figures 8 and 9) associated with the different climate models gives

some idea of the magnitude of internal variability and disagreement between climate models, but the scenarios should not be425

viewed as an exact probabilistic representation of these sources of uncertainty. The uncertainty about future atmospheric green-

house gas concentrations cannot be quantified in any objective way. Only the unexplained interannual streamflow variability

could be quantified objectively as the residual variance in our statistical model and superimposed on the different climate

model projections. Since this would still only capture part of the overall uncertainty, we have chosen not to calculate confi-

dence intervals on that basis and rather encourage readers to consider the R2
cv,m,c values depicted in Figure 7 when drawing430

conclusions from Section 4.2, as they provide important context for the uncertainty of the projections related to shortcomings

of the statistical model in explaining streamflow variability.

:
A
::::

low
:::::::
R2

cv,m,c:::::
value

::::::
means

:::
that

::::::::::
interannual

::::::::::
streamflow

::::::::
variability

:::
for

::::::
month

:::
m

:::
and

:::::::::
catchment

::
c
::
is

::::::
poorly

::::::::
explained

:::
by

:::
our

::::::
model,

:::
and

:::
the

:::::::::
associated

::::::::::
projections

:::
will

:::::
likely

::::::::::::
underestimate

::::::
future

:::::::
changes

::
in

::::::::::
streamflow.

:
It
::::
can

::::
have

::::::
various

:::::::
causes,

::::::::
including

::::::
impacts

:::
of

:::::::::::
deforestation

:::
and

::::::::
changing

::::
land

:::
use

:::
on

:::
the

:::::::::::
hydrological

:::::
cycle,

::::::
which

:::
can

:::
be

::::
quite

:::::::::
significant

::
in

::::::
Brazil435

::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(e.g., Baudena et al., 2021; Caballero et al., 2022; Chagas et al., 2022)

:
.
::
To

:::
the

::::::
degree

::::
that

:::
data

:::::
about

:::::
these

::::::
effects

::
is

::::::::
available,

:
it
:::::
could

:::
be

:::::
added

:::
to

:::
the

:::::::::
catchment

:::::::::
embedding

:::::::
pipeline

:::
of

:::
our

::::::
model,

:::
but

::::
the

:::::
future

:::::::::::
development

::
of

:::::
these

::::::::
variables

::::::
would

::::::::
constitute

::::::
another

::::::
source

::
of

::::::::::
uncertainty

:::
that

::
is

::::
hard

::
to

::::::::
quantify.

6 Conclusions

This paper proposes a linear statistical model that links monthly precipitation and temperature anomalies to anomalies of440

streamflow and can thus be used in combination with climate model output to obtain streamflow projections in cases where

a hydrological model is not readily available. The model overcomes the challenge of a small training sample size by using a

neural network framework which estimates the regression parameters for all catchments and all months of the year simulta-

neously, while retaining the interpretable linear model structure that can easily be checked for physical plausible relationships
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between temperature, precipitation and streamflow. The model is particularly well-suited for situations where interpretability is445

a priority, and/or when only short records of monthly streamflow data are available and LSTMs may not perform as effectively.

To demonstrate the proposed model over Brazil, it is applied to the output of 22 CMIP6 climate models to generate multi-

decadal streamflow projections over 157 Brazilian catchments. Under the caveat of substantial internal variability that is also

reflected by a large spread between projections by the different CMIP6 models, several trends emerge. Streamflow in northern

and central Brazil, where ITCZ and SACZ, respectively, are the main drivers of rainfall, is projected to decrease during all450

months in which streamflow is primarily driven by concurrent rainfall. For southern Brazil, on the contrary, streamflow is

projected to increase during the austral winter and spring season, while no clear trend is expected for the remaining two

seasons. These results are in line with projections of hydroclimatological changes in South America reported previously.

The framework proposed here allows one to translate projections of meteorological conditions into projections of stream-

flow. Those can be used, for example, for projections of hydroelectric power production and thereby help inform allocation455

of resources. Its conceptual simplicity entails that additional, possibly non-stationary factors like land use, deforestation, or

possible feedbacks in drying trends through increased water use are not considered. This can reduce the model’s ability to

explain a major fraction of interannual streamflow variability, especially during seasons with limited rainfall. However, the

simple form makes it easy to transfer the methodology to others regions on the globe and apply it to any set of catchments for

which streamflow data is available.
::
It
:::
can

::::
also

:::::
serve

::
as

::
a
:::::::
baseline

::::::::
approach

:::
that

::::
can

::
be

::::::::
followed

::
up

::::
later

:::::
with

::::
more

::::::::
complex460

:::::::::
approaches

:::::
which

:::::::
require

::::
more

:::::
time

:::
and

:::::
effort

::
to

:::
set

::
up

::::
but

::::
may

::
be

:::::
more

:::::
adept

:::
e.g.

::
in

:::::::::::
representing

:::::::::
streamflow

::::
that

:::::::
depends

::
on

::::::::
long-term

:::::::
storage

::
of

:::::
water.

Code and data availability. All data used in this study are publicly available through the following websites:

CHIRPS-2.0: https://data.chc.ucsb.edu/products/CHIRPS-2.0

ERA5: https://cds.climate.copernicus.eu/datasets465

Streamflow: https://www.ons.org.br/topo/acesso-restrito

CMIP6: https://aims2.llnl.gov

For details of exactly which data sets have been downloaded and how they were pre-processed see Section 2. Python code to reproduce the

different steps of the analysis presented here is provided at https://github.com/SeasonalForecastingEngine/BrazilStreamflow/

Appendix A: Hyperparameter tuning470

We use the open-source, automated hyperparameter optimization framework Optuna (Akiba et al., 2019) to efficiently explore

the search space of candidate hyperparameters (see Table A1) which determine the specific architecture of the neural network

model proposed in Section 3.3. The optimization was performed in the leave-one-year-out cross-validation setup of Section 4.1,

i.e. a separate set of optimal hyperparameters was determined for each left-out year 1981-2020 with a 2:1 split of the remaining

years into training and validation data. In addition to permitting a rigorous assessment of the coefficients of determination of475

the resulting regression models, this approach yields an entire distribution of hyperparameters and thereby insights into the
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Table A1. Candidate values for the hyperparameters to be optimized, and value selected for the model used to generate the streamflow

projections

hyperparameter candidate values selected value

embedding dimension for catchments 3, 4, 5, 6 6

embedding dimension for months 1, 2, 3 2

number of nodes in the 1st hidden layer(s) 10, 15, ..., 40 25

number of nodes in the 2nd hidden layer 10, 15, ..., 40 20

dropout rate 0.0, 0.1, ..., 0.5 0.3

sensitivity of the model performance to the particular choice of hyperparameters. Given the large overlap of data used for the

different cross-validation folds, a highly dispersed distribution indicates that the specific hyperparameter value is not all that

crucial. A tight distribution, on the contrary, indicates that certain values are particularly conducive to good model performance.

Figure A1 shows histograms of the selected values across the 40 years. It suggests that only for the catchment embedding480

dimension there is a very clear preference for a particular value, namely 6, the largest value within the tested range. For the

dropout rate, an intermediate value of 0.3 tends to give the best results but there is significant spread around that value. Similarly,

for the month embedding dimension, smaller values tend to perform better, but not by a huge margin. For the number of nodes

in the hidden layers, there is no clear tendency at all. As a result of this analysis and the conclusion that model performance is

not overly sensitive to the particular choice of hyperparameters, we use the optimized values only within the cross-validated485

setting of Section 4.1. For the neural network used in Section 4.2 to generate streamflow projections we just use fixed values,

shown in the last column of Table A1, instead of running a new Optuna hyperparameter optimization for the four different

training-validation splits of that setting.
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Figure A1. Histograms of the optimal hyperparameters selected by Optuna for each of the 40 cross-validated years.

Author contributions. Michael Scheuerer: Methodology, Formal analysis, Software, Writing - Original Draft. Emilie Byermoen: Data

Curation, Writing - Review & Editing. Julia Ribeiro de Oliveira: Data Curation, Writing - Review & Editing. Thea Roksvåg: Data Curation,490

Methodology, Formal analysis, Writing - Review & Editing. Dagrun Vikhamar Schuler: Conceptualization, Data Curation, Writing -

Review & Editing.

Competing interests. The authors declare that they have no known competing financial interests or personal relationships that could have

appeared to influence the work reported in this paper.

Acknowledgements. We acknowledge the World Climate Research Programme, which, through its Working Group on Coupled Modelling,495

coordinated and promoted CMIP6. We thank the climate modeling groups for producing and making available their model output, the Earth

System Grid Federation (ESGF) for archiving the data and providing access, and the multiple funding agencies who support CMIP6 and

ESGF. This work has benefited greatly from insightful discussions with Gilca Palma (Climatempo), Thordis L. Thorarinsdottir (University

of Oslo), and Gastón Santisteban-Martinez, Asgeir Petersen-Øverleir, Knut Sand, and Ida Eggen (Statkraft Energi AS). It was supported by

the Research Council of Norway through grant 309562 (‘Climate Futures’).500

25



References

Acuña Espinoza, E., Loritz, R., Álvarez Chaves, M., Bäuerle, N., and Ehret, U.: To bucket or not to bucket? Analyzing the perfor-

mance and interpretability of hybrid hydrological models with dynamic parameterization, Hydrol. Earth Syst. Sci., 28, 2705–2719,

https://doi.org/10.5194/hess-28-2705-2024, 2024.

Akiba, T., Sano, S., Yanase, T., Ohta, T., and Koyama, M.: Optuna: A Next-generation Hyperparameter Optimization Framework, in: Pro-505

ceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 2019.

Alves, L. M., Chadwick, R., Moise, A., Brown, J., and Marengo, J. A.: Assessment of rainfall variability and future change in Brazil across

multiple timescales., Int. J. Climatol., 41, E1875–E1888, 2020.

Andersen, M. S., Dahl, J., Liu, Z., and Vandenberghe, L.: Interior-point methods for large-scale cone programming, in: Optimization for

Machine Learning, edited by Sra, S., Nowozin, S., and Wright, S. J., p. 55–83, MIT Press, 2011.510

Arsenault, R., Martel, J.-L., Brunet, F., Brissette, F., and Mai, J.: Continuous streamflow prediction in ungauged basins: long

short-term memory neural networks clearly outperform traditional hydrological models, Hydrol. Earth Syst. Sci., 27, 139–157,

https://doi.org/10.5194/hess-27-139-2023, 2023.

Baudena, M., Tuinenburg, O. A., Ferdinand, P. A., and Staal, A.: Effects of land-use change in the Amazon on precipitation are likely

underestimated, Glob. Change Biol., 27, 5580–5587, https://doi.org/10.1111/gcb.15810, 2021.515

Bentsen, M., Oliviè, D. J. L., Seland, y., Toniazzo, T., Gjermundsen, A., Graff, L. S., Debernard, J. B., Gupta, A. K., He, Y., Kirkevåg,

A., Schwinger, J., Tjiputra, J., Aas, K. S., Bethke, I., Fan, Y., Griesfeller, J., Grini, A., Guo, C., Ilicak, M., Karset, I. H. H., Landgren,

O. A., Liakka, J., Moseid, K. O., Nummelin, A., Spensberger, C., Tang, H., Zhang, Z., Heinze, C., Iversen, T., and Schulz, M.: NCC

NorESM2-MM model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.8255, 2019.

Bergström, S.: The HBV Model: Its Structure and Applications, SMHI Reports Hydrology, Sveriges Meteorologiska och Hydrologiska520

Institut, https://books.google.no/books?id=u7F7mwEACAAJ, 1992.

Bi, D., Dix, M., Marsland, S., O’Farrell, S., Sullivan, A., Bodman, R., Law, R., Harman, I., Srbinovsky, J., Rashid, H. A., Dobrohotoff, P.,

Mackallah, C., Yan, H., Hirst, A., Savita, A., Dias, F. B., Woodhouse, M., Fiedler, R., and Heerdegen, A.: Configuration and spin-up of

ACCESS-CM2, the new generation Australian Community Climate and Earth System Simulator Coupled Model, J. Southern Hemisphere

Earth Syst. Sci., 70, 225–251, https://doi.org/10.1071/ES19040, 2020.525

Boucher, O., Denvil, S., Levavasseur, G., Cozic, A., Caubel, A., Foujols, M.-A., Meurdesoif, Y., Cadule, P., Devilliers, M., Dupont, E., and

Lurton, T.: IPSL IPSL-CM6A-LR model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.5264,

2019.

Boucher, O., Servonnat, J., Albright, A. L., Aumont, O., Balkanski, Y., Bastrikov, V., Bekki, S., Bonnet, R., Bony, S., Bopp, L., Braconnot,

P., Brockmann, P., Cadule, P., Caubel, A., Cheruy, F., Codron, F., Cozic, A., Cugnet, D., D’Andrea, F., Davini, P., de Lavergne, C., Denvil,530

S., Deshayes, J., Devilliers, M., Ducharne, A., Dufresne, J.-L., Dupont, E., Éthé, C., Fairhead, L., Falletti, L., Flavoni, S., Foujols, M.-A.,

Gardoll, S., Gastineau, G., Ghattas, J., Grandpeix, J.-Y., Guenet, B., Guez, Lionel, E., Guilyardi, E., Guimberteau, M., Hauglustaine,

D., Hourdin, F., Idelkadi, A., Joussaume, S., Kageyama, M., Khodri, M., Krinner, G., Lebas, N., Levavasseur, G., Lévy, C., Li, L., Lott,

F., Lurton, T., Luyssaert, S., Madec, G., Madeleine, J.-B., Maignan, F., Marchand, M., Marti, O., Mellul, L., Meurdesoif, Y., Mignot,

J., Musat, I., Ottlé, C., Peylin, P., Planton, Y., Polcher, J., Rio, C., Rochetin, N., Rousset, C., Sepulchre, P., Sima, A., Swingedouw, D.,535

Thiéblemont, R., Traore, A. K., Vancoppenolle, M., Vial, J., Vialard, J., Viovy, N., and Vuichard, N.: Presentation and Evaluation of the

IPSL-CM6A-LR Climate Model, J. Adv. Model. Earth Syst., 12, e2019MS002 010, https://doi.org/10.1029/2019MS002010, 2020.

26

https://doi.org/10.5194/hess-28-2705-2024
https://doi.org/10.5194/hess-27-139-2023
https://doi.org/10.1111/gcb.15810
https://doi.org/10.22033/ESGF/CMIP6.8255
https://books.google.no/books?id=u7F7mwEACAAJ
https://doi.org/10.1071/ES19040
https://doi.org/10.22033/ESGF/CMIP6.5264
https://doi.org/10.1029/2019MS002010


Brêda, J. P. L. F., de Paiva, R. C. D., Collischon, W., Bravo, J. M., Siqueira, V. A., and Steinke, E. B.: Climate change impacts on

South American water balance from a continental-scale hydrological model driven by CMIP5 projections, Clim. Change, 159, 503–522,

https://doi.org/10.1007/s10584-020-02667-9, 2020.540

Byun, Y.-H., Lim, Y.-J., Shim, S., Sung, H. M., Sun, M., Kim, J., Kim, B.-H., Lee, J.-H., and Moon, H.: NIMS-KMA KACE1.0-G model

output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.8435, 2019.

Caballero, C. B., Ruhoff, A., and Biggs, T.: Land use and land cover changes and their impacts on surface-atmosphere interactions in Brazil:

A systematic review, Sci. Total Environ., 808, 152 134, https://doi.org/10.1016/j.scitotenv.2021.152134, 2022.

Cao, J.: NUIST NESMv3 model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.8781, 2019.545

Cao, J., Wang, B., Yang, Y.-M., Ma, L., Li, J., Sun, B., Bao, Y., He, J., Zhou, X., and Wu, L.: The NUIST Earth System Model (NESM)

version 3: description and preliminary evaluation, Geosci. Model Dev., 11, 2975–2993, https://doi.org/10.5194/gmd-11-2975-2018, 2018.

Chagas, V., Chaffe, P., and Blöschl, G.: Climate and land management accelerate the Brazilian water cycle, Nat. Commun., 13,

https://doi.org/10.1038/s41467-022-32580-x, 2022.

Cherchi, A., Fogli, P. G., Lovato, T., Peano, D., Iovino, D., Gualdi, S., Masina, S., Scoccimarro, E., Materia, S., Bellucci, A., and Navarra,550

A.: Global Mean Climate and Main Patterns of Variability in the CMCC-CM2 Coupled Model, J. Adv. Model. Earth Syst., 11, 185–209,

https://doi.org/10.1029/2018MS001369, 2019.

Clark, M., Bierkens, M., Samaniego, L., Woods, R., Uijlenhoet, R., Bennett, K., Pauwels, V., Cai, X., Wood, A., and Peters-Lidard, C.: The

evolution of process-based hydrologic models: Historical challenges and the collective quest for physical realism, Hydrol. Earth Syst. Sci.

Discuss., pp. 1–14, https://doi.org/10.5194/hess-2016-693, 2017.555

Clark, S. R., Lerat, J., Perraud, J.-M., and Fitch, P.: Deep learning for monthly rainfall–runoff modelling: a large-sample comparison with

conceptual models across Australia, Hydrol. Earth Sys. Sci., 28, 1191–1213, https://doi.org/10.5194/hess-28-1191-2024, 2024.

Clevert, D. A., Unterthiner, T., and Hochreiter, S.: Fast and accurate deep network learning by exponential linear units (ELUs)., https:

//arxiv.org/abs/1511.07289, published as a conference paper at ICLR 2016, 2015.

Costa, J. C., Pereira, G., Siqueira, M. E., da Silva Cardozo, F., and da Silva, V. V.: VALIDAÇÃO DOS DADOS DE PRECIPITAÇÃO ES-560

TIMADOS PELO CHIRPS PARA O BRASIL., Rev. Brasileira Climatol., 24, 2269–2279, https://doi.org/10.5380/abclima.v24i0.60237,

2019.

Danabasoglu, G.: NCAR CESM2 model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.7748,

2019.

Danabasoglu, G., Lamarque, J.-F., Bacmeister, J., Bailey, D. A., DuVivier, A. K., Edwards, J., Emmons, L. K., Fasullo, J., Garcia, R.,565

Gettelman, A., Hannay, C., Holland, M. M., Large, W. G., Lauritzen, P. H., Lawrence, D. M., Lenaerts, J. T. M., Lindsay, K., Lipscomb,

W. H., Mills, M. J., Neale, R., Oleson, K. W., Otto-Bliesner, B., Phillips, A. S., Sacks, W., Tilmes, S., van Kampenhout, L., Vertenstein,

M., Bertini, A., Dennis, J., Deser, C., Fischer, C., Fox-Kemper, B., Kay, J. E., Kinnison, D., Kushner, P. J., Larson, V. E., Long, M. C.,

Mickelson, S., Moore, J. K., Nienhouse, E., Polvani, L., Rasch, P. J., and Strand, W. G.: The Community Earth System Model Version 2

(CESM2), J. Adv. Model. Earth Syst., 12, e2019MS001 916, https://doi.org/10.1029/2019MS001916, 2020.570

De la Fuente, L. A., Ehsani, M. R., Gupta, H. V., and Condon, L. E.: Toward interpretable LSTM-based modeling of hydrological systems,

Hydrol. Earth Sys. Sci., 28, 945–971, https://doi.org/10.5194/hess-28-945-2024, 2024.

Dix, M., Bi, D., Dobrohotoff, P., Fiedler, R., Harman, I., Law, R., Mackallah, C., Marsland, S., O’Farrell, S., Rashid, H., Srbinovsky,

J., Sullivan, A., Trenham, C., Vohralik, P., Watterson, I., Williams, G., Woodhouse, M., Bodman, R., Dias, F. B., Domingues, C. M.,

Hannah, N., Heerdegen, A., Savita, A., Wales, S., Allen, C., Druken, K., Evans, B., Richards, C., Ridzwan, S. M., Roberts, D., Smil-575

27

https://doi.org/10.1007/s10584-020-02667-9
https://doi.org/10.22033/ESGF/CMIP6.8435
https://doi.org/10.1016/j.scitotenv.2021.152134
https://doi.org/10.22033/ESGF/CMIP6.8781
https://doi.org/10.5194/gmd-11-2975-2018
https://doi.org/10.1038/s41467-022-32580-x
https://doi.org/10.1029/2018MS001369
https://doi.org/10.5194/hess-2016-693
https://doi.org/10.5194/hess-28-1191-2024
https://arxiv.org/abs/1511.07289
https://arxiv.org/abs/1511.07289
https://arxiv.org/abs/1511.07289
https://doi.org/10.5380/abclima.v24i0.60237
https://doi.org/10.22033/ESGF/CMIP6.7748
https://doi.org/10.1029/2019MS001916
https://doi.org/10.5194/hess-28-945-2024


lie, J., Snow, K., Ward, M., and Yang, R.: CSIRO-ARCCSS ACCESS-CM2 model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.4321, 2019.

Döscher, R., Acosta, M., Alessandri, A., Anthoni, P., Arsouze, T., Bergman, T., Bernardello, R., Boussetta, S., Caron, L.-P., Carver, G.,

Castrillo, M., Catalano, F., Cvijanovic, I., Davini, P., Dekker, E., Doblas-Reyes, F. J., Docquier, D., Echevarria, P., Fladrich, U., Fuentes-

Franco, R., Gröger, M., v. Hardenberg, J., Hieronymus, J., Karami, M. P., Keskinen, J.-P., Koenigk, T., Makkonen, R., Massonnet, F.,580

Ménégoz, M., Miller, P. A., Moreno-Chamarro, E., Nieradzik, L., van Noije, T., Nolan, P., O’Donnell, D., Ollinaho, P., van den Oord,

G., Ortega, P., Prims, O. T., Ramos, A., Reerink, T., Rousset, C., Ruprich-Robert, Y., Le Sager, P., Schmith, T., Schrödner, R., Serva, F.,

Sicardi, V., Sloth Madsen, M., Smith, B., Tian, T., Tourigny, E., Uotila, P., Vancoppenolle, M., Wang, S., Wårlind, D., Willén, U., Wyser,

K., Yang, S., Yepes-Arbós, X., and Zhang, Q.: The EC-Earth3 Earth system model for the Coupled Model Intercomparison Project 6,

Geosci. Model Dev., 15, 2973–3020, https://doi.org/10.5194/gmd-15-2973-2022, 2022.585

Dunne, J. P., Horowitz, L. W., Adcroft, A. J., Ginoux, P., Held, I. M., John, J. G., Krasting, J. P., Malyshev, S., Naik, V., Paulot, F., Shevli-

akova, E., Stock, C. A., Zadeh, N., Balaji, V., Blanton, C., Dunne, K. A., Dupuis, C., Durachta, J., Dussin, R., Gauthier, P. P. G.,

Griffies, S. M., Guo, H., Hallberg, R. W., Harrison, M., He, J., Hurlin, W., McHugh, C., Menzel, R., Milly, P. C. D., Nikonov, S.,

Paynter, D. J., Ploshay, J., Radhakrishnan, A., Rand, K., Reichl, B. G., Robinson, T., Schwarzkopf, D. M., Sentman, L. T., Underwood,

S., Vahlenkamp, H., Winton, M., Wittenberg, A. T., Wyman, B., Zeng, Y., and Zhao, M.: The GFDL Earth System Model Version 4.1590

(GFDL-ESM 4.1): Overall Coupled Model Description and Simulation Characteristics, J. Adv. Model. Earth Syst., 12, e2019MS002 015,

https://doi.org/10.1029/2019MS002015, 2020.

EC-Earth: EC-Earth-Consortium EC-Earth3-CC model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.15631, 2021.

Eden, J. M., Widmann, M., Maraun, D., and Vrac, M.: Comparison of GCM- and RCM-simulated precipitation following stochastic post-595

processing., J. Geophys. Res. Atmos., 119, 11,040–11,053, https://doi.org/10.1002/2014JD021732, 2014.

Eyring, V., Bony, S., Meehl, G. A., Senior, C. A., Stevens, B., Stouffer, R. J., and Taylor, K. E.: Overview of the Coupled Model Intercom-

parison Project Phase 6 (CMIP6) experimental design and organization, Geosci. Mod. Dev., 9, 1937–1958, https://doi.org/10.5194/gmd-

9-1937-2016, 2016.

Fatichi, S., Vivoni, E., Ogden, F., Ivanov, V., Mirus, B., Gochis, D., Downer, C., Camporese, M., Davison, J., Ebel, B., Jones, N., Kim, J.,600

Mascaro, G., Niswonger, R., Restrepo, P., Rigon, R., Shen, C., Sulis, M., and Tarboton, D.: An overview of current applications, challenges,

and future trends in distributed process-based models in hydrology, J. Hydrol., 537, 45 – 60, https://doi.org/10.1016/j.jhydrol.2016.03.026,

2016.

Firpo, M. A. F., Guimarães, B. d. S., Dantas, L. G., Silva, M. G. B. d., Alves, L. M., Chadwick, R., Llopart, M. P., and

Oliveira, G. S. d.: Assessment of CMIP6 models’ performance in simulating present-day climate in Brazil, Front. Clim., 4,605

https://doi.org/10.3389/fclim.2022.948499, 2022.

Flora, M. L., Potvin, C. K., McGovern, A., and Handler, S.: A Machine Learning Explainability Tutorial for Atmospheric Sciences, Artif.

Intell. Earth Syst., 3, e230 018, https://doi.org/10.1175/AIES-D-23-0018.1, 2024.

Frame, J. M., Kratzert, F., Klotz, D., Gauch, M., Shalev, G., Gilon, O., Qualls, L. M., Gupta, H. V., and Nearing, G. S.: Deep learning

rainfall–runoff predictions of extreme events, Hydrol. Earth Sys. Sci., 26, 3377–3392, https://doi.org/10.5194/hess-26-3377-2022, 2022.610

Funk, C., Peterson, P., Landsfeld, M., Pedreros, D., Verdin, J., Shukla, S., Husak, G., Rowland, J., Harrison, L., Hoell, A., and Michaelsen,

J.: The climate hazards infrared precipitation with stations – a new environmental record for monitoring extremes., Sci. Data, 2, 150 066,

https://doi.org/10.1038/sdata.2015.66, 2015.

28

https://doi.org/10.22033/ESGF/CMIP6.4321
https://doi.org/10.5194/gmd-15-2973-2022
https://doi.org/10.1029/2019MS002015
https://doi.org/10.22033/ESGF/CMIP6.15631
https://doi.org/10.1002/2014JD021732
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.1016/j.jhydrol.2016.03.026
https://doi.org/10.3389/fclim.2022.948499
https://doi.org/10.1175/AIES-D-23-0018.1
https://doi.org/10.5194/hess-26-3377-2022
https://doi.org/10.1038/sdata.2015.66


Garreaud, R. D., Vuille, M., Compagnucci, R., and Marengo, J.: Present-day South American climate., Palaeogeograph., Palaeoclim.,

Palaeoecol., 281, 180–195, https://doi.org/10.1016/j.palaeo.2007.10.032, 2009.615

Good, P.: MOHC HadGEM3-GC31-LL model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.10851, 2019.

Good, P., Sellar, A., Tang, Y., Rumbold, S., Ellis, R., Kelley, D., and Kuhlbrodt, T.: MOHC UKESM1.0-LL model output prepared for CMIP6

ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.6339, 2019.

Goodfellow, I., Bengio, Y., and Courville, A.: Deep Learning, MIT Press, http://www.deeplearningbook.org, 2016.620

Guo, C. and Berkhahn, F.: Entity embeddings of categorical variables., https://arxiv.org/abs/1604.06737, 2016.

Hajima, T., Watanabe, M., Yamamoto, A., Tatebe, H., Noguchi, M. A., Abe, M., Ohgaito, R., Ito, A., Yamazaki, D., Okajima, H., Ito, A.,

Takata, K., Ogochi, K., Watanabe, S., and Kawamiya, M.: Development of the MIROC-ES2L Earth system model and the evaluation of

biogeochemical processes and feedbacks, Geosci. Model Dev., 13, 2197–2244, https://doi.org/10.5194/gmd-13-2197-2020, 2020.

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Horányi, A., Muñoz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, I., Schepers,625

D., Simmons, A., Soci, C., Dee, D., and Thépaut, J.-N.: ERA5 monthly averaged data on single levels from 1940 to present. Copernicus

Climate Change Service (C3S) Climate Data Store (CDS)., Tech. rep., https://doi.org/10.24381/cds.f17050d7, accessed in July 2022,

2023.

Ho, C. K., Stephenson, D. B., Collins, M., Ferro, C. A. T., and Brown, S. J.: Calibration Strategies: A Source of Additional Uncertainty in

Climate Change Projections, Bull. Am. Meteorol. Soc., 93, 21 – 26, https://doi.org/10.1175/2011BAMS3110.1, 2012.630

International Energy Agency: Energy mix, https://www.iea.org/countries/brazil/energy-mix, accessed 28.03.2024, 2022.

Jiang, S., Zheng, Y., Wang, C., and Babovic, V.: Uncovering Flooding Mechanisms Across the Contiguous United States Through Interpretive

Deep Learning on Representative Catchments, Water Resour. Res., 58, e2021WR030 185, https://doi.org/10.1029/2021WR030185, 2022.

John, J. G., Blanton, C., McHugh, C., Radhakrishnan, A., Rand, K., Vahlenkamp, H., Wilson, C., Zadeh, N. T., Dunne, J. P., Dussin, R.,

Horowitz, L. W., Krasting, J. P., Lin, P., Malyshev, S., Naik, V., Ploshay, J., Shevliakova, E., Silvers, L., Stock, C., Winton, M., and Zeng,635

Y.: NOAA-GFDL GFDL-ESM4 model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.8686,

2018.

Kim, Y., Noh, Y., Kim, D., Lee, M.-I., Lee, H. J., Kim, S. Y., and Kim, D.: KIOST KIOST-ESM model output prepared for CMIP6 Scenari-

oMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.11244, 2019.

Kingma, D. P. and Ba, J.: Adam: A method for stochastic optimization., https://arxiv.org/abs/1412.6980, 2014.640

Kratzert, F., Klotz, D., Brenner, C., Schulz, K., and Herrnegger, M.: Rainfall–runoff modelling using Long Short-Term Memory (LSTM)

networks, Hydrol. Earth Syst. Sci., 22, 6005–6022, https://doi.org/10.5194/hess-22-6005-2018, 2018.

Kuhlbrodt, T., Jones, C. G., Sellar, A., Storkey, D., Blockley, E., Stringer, M., Hill, R., Graham, T., Ridley, J., Blaker, A., Calvert, D., Copsey,

D., Ellis, R., Hewitt, H., Hyder, P., Ineson, S., Mulcahy, J., Siahaan, A., and Walton, J.: The Low-Resolution Version of HadGEM3 GC3.1:

Development and Evaluation for Global Climate, J. Adv. Model. Earth Syst., 10, 2865–2888, https://doi.org/10.1029/2018MS001370,645

2018.

Lee, J., Kim, J., Sun, M.-A., Kim, B.-H., Moon, H., Sung, H. M., Kim, J., and Byun, Y.-H.: Evaluation of the Korea Meteorological Adminis-

tration Advanced Community Earth-System model (K-ACE), Asia Pac. J. Atmos. Sci., 56, 381–395, https://doi.org/10.1007/s13143-019-

00144-7, 2020.

29

https://doi.org/10.1016/j.palaeo.2007.10.032
https://doi.org/10.22033/ESGF/CMIP6.10851
https://doi.org/10.22033/ESGF/CMIP6.6339
http://www.deeplearningbook.org
https://arxiv.org/abs/1604.06737
https://doi.org/10.5194/gmd-13-2197-2020
https://doi.org/10.24381/cds.f17050d7
https://doi.org/10.1175/2011BAMS3110.1
https://www.iea.org/countries/brazil/energy-mix
https://doi.org/10.1029/2021WR030185
https://doi.org/10.22033/ESGF/CMIP6.8686
https://doi.org/10.22033/ESGF/CMIP6.11244
https://arxiv.org/abs/1412.6980
https://doi.org/10.5194/hess-22-6005-2018
https://doi.org/10.1029/2018MS001370
https://doi.org/10.1007/s13143-019-00144-7
https://doi.org/10.1007/s13143-019-00144-7
https://doi.org/10.1007/s13143-019-00144-7


Liu, J., Koch, J., Stisen, S., Troldborg, L., and Schneider, R. J. M.: A national-scale hybrid model for enhanced streamflow estimation650

– consolidating a physically based hydrological model with long short-term memory (LSTM) networks, Hydrol. Earth Syst. Sci., 28,

2871–2893, https://doi.org/10.5194/hess-28-2871-2024, 2024.

Lovato, T., Peano, D., and Butenschön, M.: CMCC CMCC-ESM2 model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.13252, 2021.

Luiz Silva, W., Xavier, L. N. R., Maceira, M. E. P., and Rotunno, O. C.: Climatological and hydrological patterns and veri-655

fied trends in precipitation and streamflow in the basins of Brazilian hydroelectric plants., Theor. Appl. Climatol., 137, 353–371,

https://doi.org/10.1007/s00704-018-2600-8, 2019.

Marengo, J., Chou, S. C., Kay, G., Alves, L., Pesquero, J., Soares, W., Santos, D., Lyra, A., Medeiros, G., Betts, R., Chagas, D., Gomes, J.,

Bustamante, J., and Tavares, P.: Development of regional future climate change scenarios in South America using the Eta CPTEC/HadCM3

climate change projections: Climatology and regional analyses for the Amazon, São Francisco and the Paraná River basins, Clim. Dyn.,660

38, 1829–1848, https://doi.org/10.1007/s00382-011-1155-5, 2012.

Mauritsen, T., Bader, J., Becker, T., Behrens, J., Bittner, M., Brokopf, R., Brovkin, V., Claussen, M., Crueger, T., Esch, M., Fast, I., Fiedler,

S., Fläschner, D., Gayler, V., Giorgetta, M., Goll, D. S., Haak, H., Hagemann, S., Hedemann, C., Hohenegger, C., Ilyina, T., Jahns,

T., Jimenéz-de-la Cuesta, D., Jungclaus, J., Kleinen, T., Kloster, S., Kracher, D., Kinne, S., Kleberg, D., Lasslop, G., Kornblueh, L.,

Marotzke, J., Matei, D., Meraner, K., Mikolajewicz, U., Modali, K., Möbis, B., Müller, W. A., Nabel, J. E. M. S., Nam, C. C. W.,665

Notz, D., Nyawira, S.-S., Paulsen, H., Peters, K., Pincus, R., Pohlmann, H., Pongratz, J., Popp, M., Raddatz, T. J., Rast, S., Redler, R.,

Reick, C. H., Rohrschneider, T., Schemann, V., Schmidt, H., Schnur, R., Schulzweida, U., Six, K. D., Stein, L., Stemmler, I., Stevens,

B., von Storch, J.-S., Tian, F., Voigt, A., Vrese, P., Wieners, K.-H., Wilkenskjeld, S., Winkler, A., and Roeckner, E.: Developments in the

MPI-M Earth System Model version 1.2 (MPI-ESM1.2) and Its Response to Increasing CO2, J. Adv. Model. Earth Syst., 11, 998–1038,

https://doi.org/10.1029/2018MS001400, 2019.670

Molnar, C.: Interpretable Machine Learning, 3 edn., ISBN 978-3-911578-03-5, https://christophm.github.io/interpretable-ml-book, 2025.

O’Neill, B. C., Tebaldi, C., van Vuuren, D. P., Eyring, V., Friedlingstein, P., Hurtt, G., Knutti, R., Kriegler, E., Lamarque, J.-F., Lowe, J.,

Meehl, G. A., Moss, R., Riahi, K., and Sanderson, B. M.: The Scenario Model Intercomparison Project (ScenarioMIP) for CMIP6, Geosci.

Mod. Dev., 9, 3461–3482, https://doi.org/10.5194/gmd-9-3461-2016, 2016.

Operador Nacional do Sistema Elétrico: Technical report NT 0144 2018: Metodologia de reconstituição de tratamento das vazões., https:675

//sintegre.ons.org.br/sites/9/13/paginas/servicos/produtos-outros.aspx, 2018.

Pak, G., Noh, Y., Lee, M.-I., Yeh, S.-W., Kim, D., Kim, S.-Y., Lee, J.-L., Lee, H. J., Hyun, S.-H., Lee, K.-Y., Lee, J.-H., Park, Y.-G., Jin, H.,

Park, H., and Kim, Y. H.: Korea Institute of Ocean Science and Technology Earth System Model and Its Simulation, Ocean Sci. J., 56,

18–45, https://doi.org/10.1007/s12601-021-00001-7, 2021.

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T., Lin, Z., Gimelshein, N., Antiga, L., Desmaison, A., Kopf,680

A., Yang, E., DeVito, Z., Raison, M., Tejani, A., Chilamkurthy, S., Steiner, B., Fang, L., Bai, J., and Chintala, S.: PyTorch: An Imperative

Style, High-Performance Deep Learning Library, in: Advances in Neural Information Processing Systems 32, pp. 8024–8035, Curran

Associates, Inc., http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf, 2019.

Petry, I., Miranda, P. T., Paiva, R. C. D., Collischonn, W., Fan, F. M., Fagundes, H. O., Araujo, A. A., and Souza, S.: Changes in Flood Magni-

tude and Frequency Projected for Vulnerable Regions and Major Wetlands of South America, Geophys. Res. Lett., 52, e2024GL112 436,685

https://doi.org/10.1029/2024GL112436, 2025.

30

https://doi.org/10.5194/hess-28-2871-2024
https://doi.org/10.22033/ESGF/CMIP6.13252
https://doi.org/10.1007/s00704-018-2600-8
https://doi.org/10.1007/s00382-011-1155-5
https://doi.org/10.1029/2018MS001400
https://christophm.github.io/interpretable-ml-book
https://doi.org/10.5194/gmd-9-3461-2016
https://sintegre.ons.org.br/sites/9/13/paginas/servicos/produtos-outros.aspx
https://sintegre.ons.org.br/sites/9/13/paginas/servicos/produtos-outros.aspx
https://sintegre.ons.org.br/sites/9/13/paginas/servicos/produtos-outros.aspx
https://doi.org/10.1007/s12601-021-00001-7
http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf
https://doi.org/10.1029/2024GL112436


Reboita, M. S., Kuki, C. A. C., Marrafon, V. H., de Souza, C. A., Ferreira, G. W. S., Teodoro, T., and Lima, J. W. M.: South

America climate change revealed through climate indices projected by GCMs and Eta-RCM ensembles., Clim. Dyn., 58, 459–485,

https://doi.org/10.1007/s00382-021-05918-2, 2022.

Rosa, E. B., Pezzi, L. P., de Quadro, M. F. L., and Brunsell, N.: Automated Detection Algorithm for SACZ, Oceanic SACZ, and Their690

Climatological Features., Front. Environ. Sci., 8, https://doi.org/110.3389/fenvs.2020.00018, 2020.

Rue, H., Martino, S., and Chopin, N.: Approximate Bayesian inference for latent Gaussian models using integrated nested Laplace approxi-

mations (with discussion)., J. Roy. Statist. Soc. B, 71, 319–392, https://doi.org/10.1111/j.1467-9868.2008.00700.x, 2009.

Seland, Ø., Bentsen, M., Olivié, D., Toniazzo, T., Gjermundsen, A., Graff, L. S., Debernard, J. B., Gupta, A. K., He, Y.-C., Kirkevåg, A.,

Schwinger, J., Tjiputra, J., Aas, K. S., Bethke, I., Fan, Y., Griesfeller, J., Grini, A., Guo, C., Ilicak, M., Karset, I. H. H., Landgren, O.,695

Liakka, J., Moseid, K. O., Nummelin, A., Spensberger, C., Tang, H., Zhang, Z., Heinze, C., Iversen, T., and Schulz, M.: Overview of the

Norwegian Earth System Model (NorESM2) and key climate response of CMIP6 DECK, historical, and scenario simulations, Geosci.

Model Dev., 13, 6165–6200, https://doi.org/10.5194/gmd-13-6165-2020, 2020.

Sellar, A. A., Jones, C. G., Mulcahy, J. P., Tang, Y., Yool, A., Wiltshire, A., O’Connor, F. M., Stringer, M., Hill, R., Palmieri, J., Woodward, S.,

de Mora, L., Kuhlbrodt, T., Rumbold, S. T., Kelley, D. I., Ellis, R., Johnson, C. E., Walton, J., Abraham, N. L., Andrews, M. B., Andrews,700

T., Archibald, A. T., Berthou, S., Burke, E., Blockley, E., Carslaw, K., Dalvi, M., Edwards, J., Folberth, G. A., Gedney, N., Griffiths, P. T.,

Harper, A. B., Hendry, M. A., Hewitt, A. J., Johnson, B., Jones, A., Jones, C. D., Keeble, J., Liddicoat, S., Morgenstern, O., Parker, R. J.,

Predoi, V., Robertson, E., Siahaan, A., Smith, R. S., Swaminathan, R., Woodhouse, M. T., Zeng, G., and Zerroukat, M.: UKESM1: Descrip-

tion and Evaluation of the U.K. Earth System Model, J. Adv. Model. Earth Syst., 11, 4513–4558, https://doi.org/10.1029/2019MS001739,

2019.705

Shiogama, H., Abe, M., and Tatebe, H.: MIROC MIROC6 model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.5746, 2019.

Singh, M., Panickal, S., Narayanasetti, S., Gopinathan, P. A., Choudhury, A. D., and Raghavan, K.: CCCR-IITM IITM-ESM model output

prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.14748, 2020.

Siqueira, V. A., Paiva, R. C. D., Fleischmann, A. S., Fan, F. M., Ruhoff, A. L., Pontes, P. R. M., Paris, A., Calmant, S., and Col-710

lischonn, W.: Toward continental hydrologic-hydrodynamic modeling in South America, Hydrol. Earth Sys. Sci., 22, 4815–4842,

https://doi.org/10.5194/hess-22-4815-2018, 2018.

Slater, L. J., Arnal, L., Boucher, M.-A., Chang, A. Y.-Y., Moulds, S., Murphy, C., Nearing, G., Shalev, G., Shen, C., Speight, L., Villarini,

G., Wilby, R. L., Wood, A., and Zappa, M.: Hybrid forecasting: blending climate predictions with AI models, Hydrol. Earth Sys. Sci., 27,

1865–1889, https://doi.org/10.5194/hess-27-1865-2023, 2023.715

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R.: Dropout: A simple way to prevent neural networks from

overfitting, J. Mach. Learn. Res., 15, 1929–1958, https://doi.org/10.5555/2627435.2670313, 2014.

Swapna, P., Krishnan, R., Sandeep, N., Prajeesh, A. G., Ayantika, D. C., Manmeet, S., and Vellore, R.: Long-Term Climate Simulations

Using the IITM Earth System Model (IITM-ESMv2) With Focus on the South Asian Monsoon, J. Adv. Model. Earth Syst., 10, 1127–

1149, https://doi.org/10.1029/2017MS001262, 2018.720

Séférian, R., Nabat, P., Michou, M., Saint-Martin, D., Voldoire, A., Colin, J., Decharme, B., Delire, C., Berthet, S., Chevallier, M., Sénési,

S., Franchisteguy, L., Vial, J., Mallet, M., Joetzjer, E., Geoffroy, O., Guérémy, J.-F., Moine, M.-P., Msadek, R., Ribes, A., Rocher, M.,

Roehrig, R., Salas-y Mélia, D., Sanchez, E., Terray, L., Valcke, S., Waldman, R., Aumont, O., Bopp, L., Deshayes, J., Éthé, C., and Madec,

31

https://doi.org/10.1007/s00382-021-05918-2
https://doi.org/110.3389/fenvs.2020.00018
https://doi.org/10.1111/j.1467-9868.2008.00700.x
https://doi.org/10.5194/gmd-13-6165-2020
https://doi.org/10.1029/2019MS001739
https://doi.org/10.22033/ESGF/CMIP6.5746
https://doi.org/10.22033/ESGF/CMIP6.14748
https://doi.org/10.5194/hess-22-4815-2018
https://doi.org/10.5194/hess-27-1865-2023
https://doi.org/10.5555/2627435.2670313
https://doi.org/10.1029/2017MS001262


G.: Evaluation of CNRM Earth System Model, CNRM-ESM2-1: Role of Earth System Processes in Present-Day and Future Climate, J.

Adv. Model. Earth Syst., 11, 4182–4227, https://doi.org/10.1029/2019MS001791, 2019.725

Tachiiri, K., Abe, M., Hajima, T., Arakawa, O., Suzuki, T., Komuro, Y., Ogochi, K., Watanabe, M., Yamamoto, A., Tatebe, H., Noguchi,

M. A., Ohgaito, R., Ito, A., Yamazaki, D., Ito, A., Takata, K., Watanabe, S., and Kawamiya, M.: MIROC MIROC-ES2L model output

prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.5745, 2019.

Tatebe, H., Ogura, T., Nitta, T., Komuro, Y., Ogochi, K., Takemura, T., Sudo, K., Sekiguchi, M., Abe, M., Saito, F., Chikira, M., Watanabe, S.,

Mori, M., Hirota, N., Kawatani, Y., Mochizuki, T., Yoshimura, K., Takata, K., O’ishi, R., Yamazaki, D., Suzuki, T., Kurogi, M., Kataoka,730

T., Watanabe, M., and Kimoto, M.: Description and basic evaluation of simulated mean state, internal variability, and climate sensitivity

in MIROC6, Geosci. Model Dev., 12, 2727–2765, https://doi.org/10.5194/gmd-12-2727-2019, 2019.

Voldoire, A.: CNRM-CERFACS CNRM-CM6-1 model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.4189, 2019a.

Voldoire, A.: CNRM-CERFACS CNRM-ESM2-1 model output prepared for CMIP6 ScenarioMIP ssp245,735

https://doi.org/10.22033/ESGF/CMIP6.4191, 2019b.

Voldoire, A., Saint-Martin, D., Sénési, S., Decharme, B., Alias, A., Chevallier, M., Colin, J., Guérémy, J.-F., Michou, M., Moine, M.-P.,

Nabat, P., Roehrig, R., Salas y Mélia, D., Séférian, R., Valcke, S., Beau, I., Belamari, S., Berthet, S., Cassou, C., Cattiaux, J., Deshayes, J.,

Douville, H., Ethé, C., Franchistéguy, L., Geoffroy, O., Lévy, C., Madec, G., Meurdesoif, Y., Msadek, R., Ribes, A., Sanchez-Gomez, E.,

Terray, L., and Waldman, R.: Evaluation of CMIP6 DECK Experiments With CNRM-CM6-1, J. Adv. Model. Earth Syst., 11, 2177–2213,740

https://doi.org/10.1029/2019MS001683, 2019.

Volodin, E., Mortikov, E., Gritsun, A., Lykossov, V., Galin, V., Diansky, N., Gusev, A., Kostrykin, S., Iakovlev, N., Shestakova, A., and

Emelina, S.: INM INM-CM4-8 model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.12327,

2019a.

Volodin, E., Mortikov, E., Gritsun, A., Lykossov, V., Galin, V., Diansky, N., Gusev, A., Kostrykin, S., Iakovlev, N., Shestakova, A., and745

Emelina, S.: INM INM-CM5-0 model output prepared for CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.12328,

2019b.

Volodin, E. M., Mortikov, E. V., Kostrykin, S. V., Galin, V. Y., Lykossov, V. N., Gritsun, A. S., Diansky, N. A., Gusev, A. V.,

and Iakovlev, N. G.: Simulation of the present-day climate with the climate model INMCM5, Clim. Dyn., 49, 3715–3734,

https://doi.org/10.1007/s00382-017-3539-7, 2017.750

Volodin, E. M., Mortikov, E. V., Kostrykin, S. V., Galin, V. Y., Lykossov, V. N., Gritsun, A. S., Diansky, N. A., Gusev, A. V., Iakovlev, N. G.,

Shestakova, A. A., and Emelina, S. V.: Simulation of the modern climate using the INM-CM48 climate model, Russ. J. Numer. Anal.

Math. Modelling, 33, 367–374, https://doi.org/10.1515/rnam-2018-0032, 2018.

Wieners, K.-H., Giorgetta, M., Jungclaus, J., Reick, C., Esch, M., Bittner, M., Gayler, V., Haak, H., de Vrese, P., Raddatz, T., Mauritsen,

T., von Storch, J.-S., Behrens, J., Brovkin, V., Claussen, M., Crueger, T., Fast, I., Fiedler, S., Hagemann, S., Hohenegger, C., Jahns,755

T., Kloster, S., Kinne, S., Lasslop, G., Kornblueh, L., Marotzke, J., Matei, D., Meraner, K., Mikolajewicz, U., Modali, K., Müller, W.,

Nabel, J., Notz, D., Peters-von Gehlen, K., Pincus, R., Pohlmann, H., Pongratz, J., Rast, S., Schmidt, H., Schnur, R., Schulzweida, U.,

Six, K., Stevens, B., Voigt, A., and Roeckner, E.: MPI-M MPI-ESM1.2-LR model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.6693, 2019.

32

https://doi.org/10.1029/2019MS001791
https://doi.org/10.22033/ESGF/CMIP6.5745
https://doi.org/10.5194/gmd-12-2727-2019
https://doi.org/10.22033/ESGF/CMIP6.4189
https://doi.org/10.22033/ESGF/CMIP6.4191
https://doi.org/10.1029/2019MS001683
https://doi.org/10.22033/ESGF/CMIP6.12327
https://doi.org/10.22033/ESGF/CMIP6.12328
https://doi.org/10.1007/s00382-017-3539-7
https://doi.org/10.1515/rnam-2018-0032
https://doi.org/10.22033/ESGF/CMIP6.6693


Wu, T., Lu, Y., Fang, Y., Xin, X., Li, L., Li, W., Jie, W., Zhang, J., Liu, Y., Zhang, L., Zhang, F., Zhang, Y., Wu, F., Li, J., Chu, M., Wang, Z.,760

Shi, X., Liu, X., Wei, M., Huang, A., Zhang, Y., and Liu, X.: The Beijing Climate Center Climate System Model (BCC-CSM): the main

progress from CMIP5 to CMIP6, Geosci. Model Dev., 12, 1573–1600, https://doi.org/10.5194/gmd-12-1573-2019, 2019.

Xin, X., Wu, T., Shi, X., Zhang, F., Li, J., Chu, M., Liu, Q., Yan, J., Ma, Q., and Wei, M.: BCC BCC-CSM2MR model output prepared for

CMIP6 ScenarioMIP ssp245, https://doi.org/10.22033/ESGF/CMIP6.3030, 2019.

Xu, C.-Y.: WASMOD – The Water and Snow Balance Modeling System, pp. 555–590, ISBN 1-887201-35-1, 2002.765

Yukimoto, S., Kawai, H., Koshiro, T., Oshima, N., Yoshida, K., Urakawa, S., Tsujino, H., Deushi, M., Tanaka, T., Hosaka, M., Yabu, S.,

Yoshimura, H., Shindo, E., Mizuta, R., Obata, A., Adachi, Y., and Ishii, M.: The Meteorological Research Institute Earth System Model

Version 2.0, MRI-ESM2.0: Description and Basic Evaluation of the Physical Component, J. Meteor. Soc. Japan Ser. II, 97, 931–965,

https://doi.org/10.2151/jmsj.2019-051, 2019a.

Yukimoto, S., Koshiro, T., Kawai, H., Oshima, N., Yoshida, K., Urakawa, S., Tsujino, H., Deushi, M., Tanaka, T., Hosaka, M., Yoshimura, H.,770

Shindo, E., Mizuta, R., Ishii, M., Obata, A., and Adachi, Y.: MRI MRI-ESM2.0 model output prepared for CMIP6 ScenarioMIP ssp245,

https://doi.org/10.22033/ESGF/CMIP6.6910, 2019b.

Zaninelli, P. G., Menéndez, C. G., Falco, M., López-Franca, N., and Carril, A. F.: Future hydroclimatological changes in South America

based on an ensemble of regional climate models., Clim. Dyn., 52, 819–830, https://doi.org/10.1007/s00382-018-4225-0, 2019.

Zilli, M. T., Carvalho, L. M. V., and Lintner, B. R.: The poleward shift of South Atlantic Convergence Zone in recent decades, Clim. Dyn.,775

52, 2545–2563, https://doi.org/10.1007/s00382-018-4277-1, 2019.

33

https://doi.org/10.5194/gmd-12-1573-2019
https://doi.org/10.22033/ESGF/CMIP6.3030
https://doi.org/10.2151/jmsj.2019-051
https://doi.org/10.22033/ESGF/CMIP6.6910
https://doi.org/10.1007/s00382-018-4225-0
https://doi.org/10.1007/s00382-018-4277-1

