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Abstract:

Understanding the drivers of drought variability is crucial for developing effective
adaptation and management strategies. This study develops a two-step modelling
approach to characterize and predict hydrological droughts in a nonstationary context.
First, a multivariate Hidden Markov Model (HMM) is used to classify low-water level
time series into Dry, Normal, and Wet years, identifying Dry years as hydrological
droughts. Second, a Multinomial Logistic Regression model (MLR) is proposed to
predict low-water level class transitions, incorporating external variables into the
transition matrix estimates. Precipitation thresholds for annual minima are also
derived, with uncertainties and sensitivities assessed via bootstrap resampling. Our
framework was successfully applied to the Paraguay River basin (PRB), where long-
term changes in hydrological variables are frequent. The HMM transition matrix
reveals a long persistence of years in each water level class and an inhomogeneity
between two periods (1901-1960 and 1961-2024). The second period exhibits more
extended runs of wet, dry, and non-dry years, suggesting a change in the driving
dynamics. A multi-annual hydrological drought lasting for 13 years (1961-1973) was
identified, followed by a stretch of 46 years (1974-2019) with no droughts in the study

area. Our simulations indicate that the 46-year period with no drought had only a 4%
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probability of occurrence. Precipitation is the primary predictor of regime shifts, but
the class transition probabilities and precipitation thresholds are non-homogeneous and
conditional on the current low-water level regime. We identify precipitation thresholds
for initiating transitions between Dry, Wet and Normal years, conditioned on the
current water levels: in a normal year, precipitation below 1,040mm triggers a
hydrological drought, while in a drought year, precipitation above 1180mm triggers a
return to normal conditions. The research advances nonstationary extreme event
analysis by proposing an efficient new approach to estimate inhomogeneity in
hydrological drought occurrence; identify long persistence of hydrological drought
episodes and their associated probabilities; define precipitation thresholds; and reveal

the importance of coupled drivers of low water level shifts.

Keywords: Hydrological drought, low-water level regimes, Prediction, Multisite Hidden

Markov model, Multinomial model, Attribution.
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1 INTRODUCTION

Drought impacts extend across various sectors, affecting ecosystems, hydropower generation,
navigation, agriculture, and communities dependent on reliable water supplies (Hao et al.,
2018; Mishra and Singh, 2010; Van Loon, 2015). In the nonstationary context of 21% century
anthropogenic climate change — where natural systems no longer fluctuate within a stationary
envelope of variability (Milly et al., 2008) — extreme hydrological droughts may occur more
frequently (Gu et al., 2023; Hagenlocher et al., 2023). This shift challenges traditional
approaches to water management, as the statistics of hydrological variables, such as
streamflow and precipitation, may no longer be time-invariant (Montanari & Koutsoyiannis,
2014).

In this context, the main objective in the domain of drought-related research and water
management lies in deciphering the drivers of fluctuations in low flows and low water levels
(Hao et al., 2018; Rolim and Filho, 2020; Salas et al., 2018; Slater et al., 2021; Smakhtin,
2001). Understanding the interplay among climatic patterns, land-use transformations, and
hydrological responses is an ongoing research question in hydrology (Brunner et al., 2021;
Slater et al., 2021). By tackling these attribution challenges, we deepen our comprehension of
drought-related phenomena and can help alleviate the impacts of hydrological droughts, such
as abnormally low water levels in rivers, lakes, and groundwater (Van Loon, 2015), while
contributing to the development of adaptation strategies and management plans (Brunner et
al., 2021).

One of the pillars of drought management is the development of drought monitoring and
early warning systems (Funk and Shukla, 2020). Effective drought management strategies
should enable an appropriate understanding of the mechanisms driving drought occurrence, in
order to prepare communities and adequately communicate drought risks. Here, the aim of
this research is to propose a framework describing the long-term fluctuations of hydrological
droughts, identifying the mechanisms driving drought occurrence, and integrating these
insights into a predictive model for drought dynamics. Achieving this objective could
contribute to the development of targeted strategies for hydrological drought mitigation, such

as the identification of drought thresholds.
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Traditional drought prediction methods, such as autoregressive models, Markov chains, and
machine learning techniques (such as artificial neural networks or support vector machines),
have been widely used under stationary assumptions (Salas et al. 2003; Mishra and Singh,
2010; Hao et al., 2018). However, these methods often fail to account for the nonstationary
nature of hydrological systems, which are increasingly influenced by climate change and
human activities (Milly et al., 2008; Montanari and Koutsoyiannis, 2014). Recent advances in
nonstationary modelling, such as generalized additive models (GAMSs), Bayesian hierarchical
models, and hybrid approaches combining physical and data-driven techniques, have shown
promise in addressing these challenges (Slater and Villarini, 2018; Slater et al., 2021;
Brunner et al., 2021; Rolim and Filho, 2021; Gu et al., 2023). These methods incorporate
time-varying parameters and external drivers (e.g., climate indices, land-use changes) to
better capture the dynamics of hydrological droughts under changing conditions.

Despite these advancements, there is still a need for approaches that can effectively describe
regime-shifting behaviour and predict hydrological droughts fluctuation, particularly in large
and complex basins where multiple drivers interact. To address this gap, we develop a new
framework based on a two-step modelling approach using a multivariate Hidden Markov
Model (HMM) and a Multinomial Logistic Regression model (MLR) (Suchetana et al.,
2019), applying a bootstrap strategy to assess uncertainty (Bishop, 2006). HMM models are
widely used in hydrology for capturing regime transitions and temporal dependencies in
hydrological data (Hughes & Guttorp, 1994; Thyer & Kuczera, 2000, 2003; Akintug, &
Rasmussen, 2005; Gelati et al., 2010; Bracken et al., 2014). However, to the best of our
knowledge, no studies have combined HMM with MLR for predicting drought class
transitions. Using HMM, we classify the low-water level time series into dry, normal, and
wet years and assess the frequency of each class in the historical data. Dry years are
identified as hydrological droughts. To predict low-water level class transitions in a
nonstationary context, we propose a novel MLR framework. With this, we estimate
probabilities of class transitions by inputting external variables into the transition matrix
estimates. Uncertainties and sensitivity of the class transition are estimated using a bootstrap

approach.
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We apply this framework to the Paraguay River Basin (PRB), where recent droughts have
caused widespread impacts on ecosystems, agriculture, navigation and on the communities
dependent on reliable water supplies (Libonati et al., 2022; Santos et al., 2021; Tomas et al.,
2021), and where prolonged multiannual drought episodes have been reported (Collischonn et
al., 2001; Santos et al., 2021). The PRB encompasses the South American Pantanal, a World
Heritage Area and one of the world's most extensive wetlands, spanning approximately
180,000 kmz2, with immense ecological importance and significant cultural and socio-
economic interest (Assine et al., 2014; Collischonn et al., 2001; Marengo et al., 2021; Tomas
etal., 2019; UNESCO, 2020).

Based on these objectives, our research questions are as follows. Can a unified statistical
classification of low-water levels time series be used to derive a unique regime classification?
What is the underlying cause of shifts in low-water level regimes in the PRB? How are these
regimes influenced by precipitation, land use, and climate teleconnection patterns? How can

these drivers be better integrated into drought prediction models?

We describe the main features of the PRB and the data used in Section 2. Next, we explain
the methodology used, emphasising the theoretical aspects of the Multisite HMM and the
MLR that enabled us to achieve the results presented in Section 3. In Section 4, we present
the main findings of the research, including a detailed description of the evolution of the low-
water levels transition matrix in the area and the complexities related to drought
manifestations in the PRB. We also explain how we define quantitative thresholds for
drought definitions based on different precipitation thresholds, depending on the current state
of the catchment. Additionally, we provide relevant discussion on the main findings of the
research in section 4. Finally, we summarise the main results of this study in the conclusions

presented in Section 5.
2 DATA AND METHODS

2.1 Study area and data

The study focuses on the PRB, as depicted in Figure 1. We considered the Porto Murtinho
stream gauge at the basin outlet (code 67100000), which has a drainage area of 575,000 km2.
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The PRB is located in a sedimentary basin formed due to the continental plate's distension
and the Pantanal subsidence resulting from the Andes' formation (Assine et al., 2014). This
sedimentary structure, with its flat topography and the formation of a distributive fluvial
system, favours the occurrence of very slow flows and the presence of extensive water bodies
and connection between lakes, which contributes to a large time of concentration and high

evaporation rates (Assine et al., 2014; Collischonn et al., 2001; Pupim et al., 2017).

These physical characteristics result in a very low runoff ratio. The entire PRB, with the
Porto Murtinho stream gauge as its outlet, records an average annual precipitation of
approximately 1,150 mm over the catchment area based on CHIRPS data from 1981 to 2024.
The mean annual flow is 2,350 m3/s (129 mm), resulting in an estimated annual runoff ratio
of 0.11. Wigley and Jones (1985) suggested that catchments with such low runoff ratios
experience substantial runoff changes even with minor alterations in precipitation.
Additionally, the large size of the PRB means that even slight variations in rainfall can lead

to significant shifts in hydrological regimes (Collischonn et al., 2001).

Figure 1: Paraguay River Basin: the top right panel shows the location of the upper Paraguay River in the
middle of South America. The larger panel on the left displays the river catchment in detail. The stream
gauges are indicated as coloured triangles, with colours reflecting the time series length. The sub-
catchments and other graphical elements are shown in the legend. The daily water levels are displayed on
the map. The time series plots indicate daily and annual minimum water levels highlighted with darker
lines and points, respectively. Only data from 2010 onward are shown in the time series plots to illustrate
seasonal patterns.

The PRB has experienced several significant hydrological droughts in its history, highlighting
the basin's vulnerability to water deficits and extremely low water levels. From 2020 to 2024,
the PRB experienced a sequence of five consecutive dry years, with the most severe drought
on record occurring in 2024 (Servico Geologico do Brasil, 2024), and the third-worst drought
in 2021 (Santos et al., 2021). Additionally, a prolonged drought lasting over 10 years affected
the basin between the 1960s and the early 1970s (Santos et al., 2021). These events have had
profound impacts on multiple sectors, including navigation (hindering the movement of
larger vessels), sanitation (requiring floating pumps to maintain water supply), and the
environment (increasing the risk of the Decoada phenomenon, which involves high fish

mortality due to reduced water flow and degraded aquatic habitats) (Santos et al., 2021). The
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wide-ranging influence of these events underscores the importance of understanding and

predicting hydrological droughts in the PRB, particularly under nonstationary conditions.

The rainy season in the PRB is centred in the Austral summer (from December to February),
while reduced rainfall occurs during the Austral winter (from June to August). This
characteristic is linked to the activity of the South America Monsoon System (SAMS)
(Cavalcanti et al., 2015; Marengo et al., 2012). Rainfall seasonality is reflected in daily water
level plots, presented in Figure 1. All stream gauges' daily water levels time series show a
single annual flow peak and a trough (Figure S.1).

The EI Nifio-Southern Oscillation (ENSO) is reported to exert a climatological influence on
the PRB. El Nifio (La Nifia) events in the area are associated with increased (reduced)
occurrences of extreme precipitation in the austral spring in the Upper La Plata Basin, where
the PRB is located (Cavalcanti et al., 2015). The Pacific Decadal Oscillation (PDO) is also a
relevant teleconnection pattern in South America. Kayano and Andreoli (2007) described the
PDO as a modulator of ENSO impacts, where the PDO index either amplifies or dampens
ENSO's influence in South America, depending on whether the two phenomena are in the
same or opposite phases, respectively. In this context, the PDO provides conditions that

enhance the observability of ENSO-related teleconnections in the region.

The Atlantic Multidecadal Oscillation (AMO) also may influence the study area, with
positive (negative) AMO anomalies leading to reduced (increased) precipitation in the region
(Chiessi et al. 2009). Recent studies suggest that the predictability of extreme precipitation
and drought events in the Pantanal region has improved significantly due to a reduced lead-
time between sea surface temperature (SST) warming and its associated impacts on
precipitation. This shorter lag time - approximately two months - accounts for 80% of the
observed variation in precipitation patterns, as driven by key oceanic indices such as ENSO,
PDO, AMO, and ATL3 (Thielen et al., 2020). However, there are also reports of
inconsistencies between river levels and rainfall in the PRB and ENSO (Marengo et al.,
2021).
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The internal catchment dynamics induce further complexity into the predictability of
hydrological variables in the PRB, including low-flows. Groundwater systems strongly
control hydrological drought characteristics, particularly in equatorial and warm temperate
climates (Van Lanen et al., 2013). The PRB is characterised by interconnected lakes typical
of the Pantanal wetland region (Pupim et al., 2017), and these natural reservoirs induce a
natural capacity for flow regularisation, limiting abrupt hydrological transitions, and also
drought duration. Due to the basin's internal dynamics and hydrological characteristics, the
propagation of rainfall effects on river levels does not occur directly, often attenuating

climatic forcings.

For this study, water level data was collected from the Brazilian National Water Resources
Information System. The National Water and Sanitation Agency (ANA) makes all Brazilian
hydrological data freely available from the HidroWeb system (ANA, 2017). The data used in
this study was accessed in November 2024. Figure 1 shows the location of the 26 stream
gauges used in this study, along with the length of the annual minimum water level records,
ranging from 45 to 124 years. The Ladario stream gauge (66825000), located in the main
channel of the Paraguay River, has the most extended time series in the study area. This
stream gauge is often used as a regional hydrological index for droughts and floods in the
PRB (Santos et al., 2021). Summing up the annual minimum low-water levels in all 26

stream gauges, in this research we analyse 1,527 events.

Rainfall data were collected from CHIRPS (Funk et al., 2015) and GPCC (Schneider et al.,
2020). CHIRPS data is available from 1981 and is currently one of the data sources used by
the Early Warning System in the PRB, maintained by the Geological Survey of Brazil
(Santos et al., 2021). Additional rainfall information was gathered from the GPCC, which
provides long-term global precipitation estimates from 1891 onwards. This time window
covers some relevant hydrological phenomena in the study area that CHIRPS data does not,
for instance, the long-term drought observed from 1961 to 1973. CHIRPS and GPCC data
were compared (Figure 2(b)) and no significant bias was found between the two datasets.

In Figure 2(a), we present the time series of accumulated rainfall throughout the hydrological
year, which is composed of CHIRPS data for the period 1981-2024 and CHIRPS-equivalent
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estimates for the period prior to 1981 (1941-1980). These estimates were generated using a
linear regression model, where GPCC data were used to predict CHIRPS rainfall values.
Details on the composition of rainfall data is provided in Supplementary Material (Figure
S.5). In Figure 2(a), we also display a locally weighted regression line (loess) to highlight the
long-term oscillations in the historical series. The loess fit line indicates a drier period during
the 1960s and rainier period during the 1980s, returning to an average level during the 1990s
until approximately 2018. The linear regression line in Figure 2(a) reveals a statistically
significant downward trend over the entire period, suggesting a long-term decrease in

precipitation.

Figure 2: (a) Precipitation time series between 1940 until 2024, based on CHIRPS data from 1981 onwards,
and CHIRPS estimates from GPCC based on linear regression using GPCC data as input from 1940 until
1980 using linear regression. A locally weighted regression line (loess) shows long-term oscillations in the
historical series, alongside a linear regression line representing the long-term trend. The negative trend
observed in the graph is statistically significant (p-value << 0.05) at an average rate of 9.70 mm reduction
per decade; (b) Scatterplot of cumulative monthly precipitation, constructed using the common data period
from 1981 to 2020. The colours indicate the year quarters (the 1st and the 4th quarter indicate the rainy
season).

We also evaluated groundwater and land-use data. Groundwater data were derived from
GRACE-FO RL06.3 Mascon Solutions (RL0603), accessed through the Center for Space
Research at the University of Texas at Austin (Save et al., 2016). Additionally, land-use data
were obtained from Dias et al. (2016), which offers detailed classifications of land cover and

agricultural land use for the study area.

2.2 Methodology

We classify low-water levels into three categories: Dry, Normal, and Wet years, with the first
category corresponding to hydrological drought. To perform this classification, we use a
HMM framework, which also evaluates the transition probabilities between low-water level

regimes in the PRB using data from multiple monitoring sites.

We adopt a two-step modeling approach: the HMM captures temporal regime shifts, while
MLR identifies the primary factors driving these shifts (Suchetana et al., 2019). As inputs to

the MLR, we evaluate the role of precipitation and teleconnection patterns — namely the El
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Nifo-Southern Oscillation (ENSO), Atlantic Multidecadal Oscillation (AMO), and Pacific
Decadal Oscillation (PDO) — as predictors of low-flow class transitions in the study area.
This methodology integrates these drivers to establish quantitative thresholds for the drought

occurrence.

A multisite HMM is preferred over multiple univariate HMMs to avoid estimating
independent water level regimes and creating a complex network of hidden states. We
assume that the use of one unique underlying state provides better insights into the underlying
processes, thus allowing for more accurate predictions using teleconnections with the PRB.
We use the depmixS4 package in R (Visser and Speekenbrink, 2010) for our analysis and
provide reproducible R scripts for all results achieved in this study in

https://github.com/msuassuna/RegimeSwitchesPantanal.

Before fitting the HMM, the water level data is scaled by subtracting the mean and dividing
by the standard deviation. Missing values are imputed using the depmixS4 package, which
employs the likelihood function to perform this procedure. This approach ensures that no
additional information is introduced during the imputation process, as the missing values are

estimated solely based on the likelihood of the current state (Visser and Speekenbrink, 2010).

We determine the number of low-water level regimes using the Bayesian Information
Criterion (BIC). Information criteria, such as the Akaike Information Criterion (AIC) and
BIC, are widely used to address biases in maximum likelihood estimation. These criteria
balance model fit, represented by the likelihood, with model complexity, represented by the
number of parameters, by introducing penalty terms to discourage overfitting (Bishop, 2006;
Burnham and Anderson, 2002). Compared to AIC, BIC applies a stricter penalty for model
complexity, favouring more parsimonious models (Bishop, 2006). Further details on the BIC
calculation are provided in the Supplementary Material.

For the multisite HMM, we use the maximum number of gauges available in each period.
From 1900 to 1932, data was available only from the Ladario stream gauge (ID 66825000),
which was the sole gauge used during that period. From 1933 to 1963, data from Porto
Murtinho and Cuiaba stream gauges (67100000 and 66260001) is included. Those three sites

10
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determine the regional HMM before 1963. The most extensive time series provide important
insights into the basin's behaviour, making this period essential for drawing meaningful
conclusions about long-term droughts observed in the region during the 1960s and 1970s.
Moreover, these three stations generally reflect the regional behaviour of the basin and are
used as indicators of the PRB state (Santos et al., 2021). Comparison with other stream
gauges in the region shows that their use as indicators is consistent with the regional regime
transition classes. Nonetheless, we also evaluate whether this procedure introduces bias to our
understanding of the catchment's behaviour.

A relevant assumption for the multisite HMM is that the residuals are Gaussian. This
assumption is reasonable for the scaled water level data. The Shapiro-Wilk normality test
(Royston, 1995) is applied to the residuals of the HMM to check if the assumption holds. We
also evaluate the coherence between each stream gauge's low-water level regime and the
regional variation. ANOVA tests are performed to check if the regimes' magnitudes in
different sites have the same regional ones. We verify whether each site's low-flow class

magnitudes are consistent with the regional patterns.

We compare the regional transition matrices between the two halves of the time series: 1900-
1960 and 1961-2024, to evaluate if they are homogeneous in time. The homogeneity was
assessed by estimating the 0.95 confidence intervals of the transition probabilities using a
bootstrap approach. Non-overlapping intervals indicate that the transition matrices are
significantly different. We also simulate the water-level regime using the estimates of the

transition matrices to assess the frequency of past extreme drought events in the study area.

The attribution part is a crucial point of the quantitative hydrological drought definition and
prediction in a nonstationary context. At this step, we search for the variables that allow
improvements in the predictions of low-water level regime transitions. Climatic drivers such
as precipitation and teleconnection patterns are tested as predictors of long-term variability of
low-water levels. We first verify if the rainfall data reflects similar low-water level regimes
by repeating the HMM classification analysis using rainfall. We also check for a significant
change in the precipitation amounts during different low-water level classes. Considering the

substantial quantity of lakes and the natural capacity of water storage in the PRB, we

11
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hypothesize that hydrological drought cannot be inferred from the climatic variables alone. If
this is the case (based on the outcome of the hypothesis test), then the definition of thresholds
should be conditional on the current catchment state, as the internal dynamics of the
catchment are assumed to play a relevant role in the formation or persistence of low-water
levels classes. Thus, we evaluate different precipitation/teleconnection thresholds during
different low-water level regimes to check if that hypothesis holds. The results of this test are
presented in section 3.1.2. These results lead us to select a non-homogeneous MLR model, in
which the parameters are conditional on the current catchment state. Finally, the time series is
resampled to estimate confidence intervals for the precipitation thresholds and assess the

models’ sensitivity to input variables.

2.2.1 Multisite Hidden Markov Models

The Hidden Markov Model (HMM) is a state-space framework with latent variables that can
be interpreted as a mixture distribution (Naghettini & Pinto, 2007), where the choice of
component for each observation depends on the state of the previous observation. (Bishop,
2006). The model can be specified by adding a latent variable z,, for the observed time series
x,, (bold letters for vectors). In this study, x,, refers to the time series of annual minimum
water level in the PRB, and z,,, to an unobserved hidden variable that reflects a low-water

level regime or low-water level class.

One can assume that z,, is a discrete variable, giving rise to the structure known as a discrete
state space model (Bishop, 2006). If one assumes that z,, depends on the previous
observation only, and thus z,, forms a Markov Chain, it gives rise to the structure of the
HMM. HMMs thus consist of a set of hidden states (z,,), a set of observable variables (x,,), a
set of transition probabilities between the hidden states described by the transition matrix A,
and a set of emission probabilities, defined by Bishop (2006) as the probabilities of observing
X,, conditional on the latent state z,, (p(x,,|Z,, ©)), Wwhere @ is a set of parameters governing

the conditional distribution of x,,.

In this framework, the probabilities that describe the occurrence of z,, depend only on the

state of the previous latent variable z,,_, through a conditional distribution p(z,|z,,_,,A),

12
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which defines the Markovian framework, where only the last observations affect the
probabilities of the next one. The matrix A is a composition of those conditional probabilities,

and because they are probabilities, each element A, of the transition matrix satisfy the
condition 0 < Aj, < 1 with ¥, A;; = 1. In this formulation j and k stand for the latent state

inn — 1 and n, respectively.

The model is completed by defining the emission probabilities (p(x,|z,, @)), In this specific
application of the HMM framework to low-water level data, @ is a set of parameters that
describes the distribution of low-water levels for each low-water regime. The following

equation then describes the joint formulation of latent and observed variables:

N
| [pocatze @
m=1

where X = {x4, ..., Xp }, Z = {z4, ..., 2.}, and 0 = {A, @} describes the parameters that define

K N
px216) = | [p( =1 []_[ P(2lzn 1, A)
1 n=2

the model. In this research, the main goal of HMMs is to estimate the most likely sequence of
hidden states (z,,) as well as the transition matrix (A) given the observed data (x,,),

employing the capabilities of HMMs as a tool for time series classification and simulation.

The estimation of HMM parameters in this study was performed using the depmixS4 package
(Visser and Speekenbrink, 2010) written in the R programming language. The depmixS4
package employs the Expectation-Maximization (EM) algorithm. The EM algorithm
iteratively refines the model parameters by alternating between two key steps: the
Expectation step, where the expected value of the complete-data log-likelihood is computed
based on the observed data and current parameter estimates; and the Maximization (M) step,
where parameters are updated to maximize this expected log-likelihood (Visser and
Speekenbrink, 2010). Further technical details on the EM algorithm and its implementation in

depmixS4 can be found in Visser and Speekenbrink (2010).

2.2.2 A Multinomial Model with Bootstrap

A Multinomial Logistic Regression (MLR) was used to capture the probabilities of class
transitions. The MLR model can define probabilities and thresholds that link the covariates'

13
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dependence and the expected sequence of low-water level regimes obtained from the HMM.
We fit different models to each of the three low-water level regimes, so the model setup is

comparable to a nonhomogeneous HMM (Robertson et al., 2004).

The logistic regression model arises from the desire to model the posterior probabilities of the
k =1, ..., K classes via linear functions, ensuring that they sum to one and remain in [0, 1]
(Hastie et al., 2009). The probabilities in the logistic model are estimated by rearranging the
terms of the log-odds or logit transformations, resulting in the formulation described in the

following function:

eXp(ﬁko + ﬁkTYn)
1+ 3K exp(Bio + Bi" Yn)

P(z, = k|Yy) =

Where By is the intercept and g, is the angular coefficient of the log-odds ratio; k, in this
study, denotes the low-water level classes (Dry, Normal, and Wet years); the index k refers to
the model for each low water level class; Y, relates to the set of predictors of the low-water
level class transition. Logistic regression models are usually fit by maximum likelihood
(Hastie et al., 2009), given Y, as the set of predictors of the hidden state z,,. Typically, many

models are fit in a search for a parsimonious set of predictors Y,, (Hastie et al., 2009).

In this study, the MLR model was fitted using the nnet package in R (Venables and Ripley,
2002), which implements MLR via neural networks. To assess statistical accuracy, we
employed a bootstrap resampling approach. Subsamples of the same size as the original
training set were drawn with replacement, and a MLR was fitted to each subsample. This
iterative procedure produced a MLR ensemble, enabling the estimation of confidence
intervals for precipitation thresholds that trigger transitions between low-water level classes.
Furthermore, this approach allowed us to quantify uncertainty: greater dispersion among the

fitted MLR lines corresponds to higher uncertainty in the precipitation thresholds.
3 RESULTS

3.1.1 Multisite HMM analysis

14
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We develop a new approach to objectively classify hydrological Dry, Normal and Wet years
across the PRB. To do this, we analyse the scaled water level data from 26 stream gauges to
obtain a single low-flow class for the entire region annually, using a multisitt HMM. The
resulting class represents the average low-water state within the PRB, although specific

stream gauges may exhibit behaviour that deviates from the regional mean.

The optimal number of classes was objectively defined based on the BIC. Figure S.2 in the
Supplementary Material depicts BIC estimates for different numbers of low-water level
regimes, and shows that the improvement in model fit decreases rapidly beyond three drought

categories. Thus, three low-water level regimes is the optimal number of classes.

To illustrate how the regional classification of low-water level regimes is reflected locally,
we present detailed results at the Ladéario stream gauge (Figure 3a). The average minimum
water levels in a Dry, Normal, and Wet year are -10.6 cm, 108 cm, and 197 cm, respectively.
It is important to note that the classification is based on regional hydrological conditions
across the entire basin, and local conditions at Ladario may occasionally deviate from the
regional average due to spatial variability within the basin. The mean values vary
significantly across the different drought regimes (Student's t-Test, p<<0.05). At the same
time, the estimated standard deviations show slight variation, with an average of 35 cm
within each low-water level class. Figure 3(b) depicts a trimodal fit of a Gaussian
distribution, suggesting the mixed distribution closely resembles the observed behaviour of
the empirical kernels of low water level classes — further supporting the robustness of the
classification. Details on how the mixed distribution is estimated are provided in

Supplementary Material (Figure S.3).

We detect a growing persistence of low-flow regimes in recent decades (Figure 3). From
1961 to 1973, we observe 12 consecutive years classified as Dry, indicative of a multiannual
hydrological drought. Subsequently, from 1976 to 1999, we find a continuous run of 23 Wet
years. Remarkably, from 1974 to 2019, no Dry years were observed in the study area over the
entire 46-year period. Such prolonged runs were not reported in the first half of the time
series between 1900 and 1960, where a more regular pattern of alternating low-flow regimes

is observed.
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Figure 3: (a) Annual minimum water level time series at the Ladario stream gauge on the PRB. The low-
water level classes were estimated for the entire PRB. The mean and standard deviation of Dry, Normal
and Wet years are displayed in the legend; (b) Mixed Trimodal Probability Distribution Function at the
Ladario stream gauge. The means and standard deviations of low water levels are indicated. The
frequencies of Dry, Normal, and Wet years are 23.8%, 46.7%, and 29.5%, respectively. The mixed
distribution (shown as a grey polygon) closely resembles the observed behaviour of the empirical kernels
of low water level classes.

We provide a detailed basin-scale overview of the regional low-water levels by summarising
the different regimes using violin plots (Figure 4). As a single low-flow classification was
utilised to represent the average behaviour of the catchment, specific stream gauges may
exhibit behaviour that deviates from the regional mean. The regional regimes resulting from
the regional HMM are used to estimate local low-water level averages. If the regional low-
water regimes are consistent with the local classes, one should observe an increase in the low-
flow mean values in each stream gauge from left to right in Figure 4.

Figure 4: Spatial pattern of mean water levels during different regimes: 1 — Dry years in red; 2 — Normal
years in green; and 3 - wet years in blue. The stream gauge triangles coloured in blue follow the average
regional pattern; those in orange, do not. The main channel of the Paraguay river determines the regional

pattern of Dry, Normal, and Wet years illustrated in this map, where the Lad&rio (Base Naval) stream
gauge is located.

The low-water levels in the main channel of the Paraguay River conform to the regional
classification. The Ladario stream gauge serves as an illustration of the catchment's average
behaviour. Other stream gauge records that follow the average regional pattern are coloured
in blue (21 sites), while those in orange deviate (5 sites). The ones that deviate from the
regional pattern exhibit two types of behaviour. Some sites fail to separate low-water level
classes in the same manner as observed in the region (e.g. stream gauge 66260001, located in
the northeastern part of the catchment in the Cuiaba River basin). In contrast, some other
stream gauges merely exhibit slight differences in drought regime magnitudes relative to the
regional behaviour (e.g. in the southern sub-catchments of the Miranda River). A detailed
visualization of the annual minimum water levels across all stream gauges, categorized by

low-water level class, is provided in the Supplementary Material (Figure S.4).

Overall, the main channel of the Paraguay River in the west and parts of the Correntes,

Aquidauana, and Taquari rivers in the east represent the regional average low-flow classes,
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with the Ladario stream gauge serving as an example. The Cuiaba River basin differs from
the regional average behaviour. Southeast catchments exhibit similar behaviour to the

regional average, yet not significantly, according to the ANOVA test (p > 0.05).

The stream gauges that conform to regional patterns are identified by the blue markers in
Figure 4. A three-component Gaussian mixture distribution is a possible fit in those sites,
with varying mean values and a fixed standard deviation. For instance, the Ladario stream
gauge time series, which covers the entire period from 1900 to 2024, represents drought
regimes using sub-samples with a frequency of 23.8%, 46.7%, and 29.5% in Dry, Normal,
and Wet years, respectively. The means and standard deviations for each drought regime in

this specific stream gauge are shown in Figure 4.

To illustrate the result of a Gaussian fit of the trimodal distribution, we select the
hydrological drought observed in 2021. The probability of observing an event of -60 cm in
this site in a random year results from a 23.8% probability of a severe drought in a random
year, multiplied by a probability of 7.6% of a water level of -60 cm within this low-water
level class. With that, we estimate a probability of 1.8% of observing a low-water level in the
2021 event. The event corresponds to a return period of 55 years in the fitted trimodal
Gaussian distribution. However, this probability estimate is not conditioned on the observed
low-water level class in 2020. We later analyse the transitional matrix of low-water level

classes to consider these conditional probabilities.

The transition matrices from the multisite HMM show the transition probabilities between
three possible states corresponding to the different low-water level regimes (Figure 5). As
indicated, the transition probabilities were estimated for the entire time series (Figure 5a;
1900-2024) and its halves (Figure 5b and Figure 5c, from 1900-1960, and 1961-2024,
respectively). Detailed information on those transition probabilities is provided in Table 1,
which displays the results of the transition probabilities and their confidence intervals
evaluated with Bootstrap. The table includes lower and upper endpoint matrices representing

the 0.95 confidence intervals for the drought transition matrices.

17



470
471
472
473
474
475
476

477
478
479
480
481
482
483

484
485
486
487
488
489

490

The transition matrices indicate low probabilities of direct transitions between Dry and Wet
years. Specifically, during the first half of the time series, the probability of transitioning
from a Dry to a Wet year was 0.06, and from a Wet to a Dry year 0.09. In contrast, both
probabilities dropped to zero in the second half of the time series. This suggests that in the
latter period, abrupt transitions between Dry and Wet years (and vice versa) became virtually
non-existent, and transitions between low-water level classes occurred predominantly in a

gradual manner.

The persistence of low-water level regimes, as illustrated in Figure 3, highlights significant
temporal changes in the transition probabilities. In the first half of the time series (Figure 5b),
the probability of a Dry year persisting into another Dry year is 43%, while transitions to
Normal (51%) or Wet years (6%) remain more likely than in later periods. Similarly, Wet
years during this period show lower persistence (36%) and a higher chance of transitioning
into a Normal year (56%), indicating a more dynamic hydrological regime with frequent

changes between states.

In contrast, the second half of the time series (Figure 5¢) reveals an increase in persistence for
Dry years, where the probability rises to 87%, nearly doubling the previous estimate. At the
same time, the persistence of Wet years also increases significantly to 77%, suggesting that
the hydrological system has shifted to clustering extreme events (both Dry and Wet years)
with fewer transitions to intermediate (Normal) conditions. Transitions between Dry and Wet
years become notably rare, with probabilities close to zero, as discussed earlier.

Figure 5: Transition diagrams representing the transition matrices between low-water level classes in the
PRB. The transition probabilities indicated in the figure correspond to the elements of the transition
matrices estimated for different periods: (a) entire record (1900-2024), (b) first half (1900-1960) and (c)
second half (1961-2024) of the time series.

The persistence of severe droughts in the region has changed significantly over time (Table
1). The 95% lower endpoint probability of this persistence in the second half of the time
series (0.85) is higher than the upper endpoint matrix in the first half of the time series (0.46),
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499  as well as compared with the entire time series (0.67). The 95% confidence intervals do not

500 overlap; hence, the probabilities' differences may be considered statistically significant.

501 Recent extreme drought events in the PRB illustrate this change in persistence. The severe
502  drought observed in 2021 followed another severe drought in 2020. Based on the transition
503  matrix for the entire period, the probability of observing a severe drought in 2021 was

504  estimated at 67%. However, if the transition matrix for the second half of the time series is
505  considered, the lower endpoint matrix indicates a probability of a severe drought of 88% in
506  2021. Furthermore, based on the transition matrix for the entire period, the average duration
507 of adry run would be three years, whereas if the drought transition of the second half is

508 considered, the expected drought length would be eight years.

509  While unconditional estimates help evaluate average probabilities and return periods of

510  droughts, conditional probabilities are more applicable in the operational monitoring drought
511  conditions in the study area. Here, we propose an evaluation of the 2021 drought based on the
512  situation observed in 2020, and compare it with the unconditional probability. The

513  unconditional probability of observing a water level of - 60 cm in the Ladario stream gauge is
514  1.8% (as demonstrated in section 3.1.1). However, if we assume that a dry year was observed
515 in 2020 and the transition matrix for the entire period is considered, the probability of another
516  dry year in 2021 would be 67%, which, multiplied by 7.9% (the probability of a water level
517  of - 60 cm within this low-flow class), returns a probability of observing this water level of
518 5% (i.e. areturn period of 20 years). This probability is much higher than the unconditional
519 estimate. If the transition matrix for the second half is used, a conditional probability of 6.7%
520  would be estimated (return period of 11 years).

521 Table 1: Transition matrix and 95% confidence level of the lower and upper matrix endpoints, estimated

522  using bootstrapping. Different transition matrices were estimated for different periods: total length (1900-
523  2024), first (1900-1960) and the second half (1961-2024) of the time series.

1900 — 2024 1900 - 1960 1961 - 2024

Dry Normal Wet Dry Normal Wet Dry Normal Wet

Transition DY 0.65 0.31 0.03 0.43 0.51 006  0.87 013 0.0
matrix ~ Normal  0.18 0.64 0.18 0.22 0.63 015 0.5 060  0.25
estimates ey 0.02 0.31 0.67 0.09 0.56 036 0.0 023 077
Dry 0.63 0.29 0.03 0.40 0.48 004 085 012 0.0
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1900 — 2024 1900 - 1960 1961 - 2024

Dry Normal Wet Dry Normal Wet Dry Normal Wet

Matrix  Normal 0.7 0.63 0.17 0.20 0.61 013 0.3 0.57 0.22
E';g;\firm Wet 0.02 0.29 0.65 0.07 0.52 031  0.00 0.20 0.75
Matrix Dry 0.67 0.34 0.04 0.46 0.55 007  0.88 0.15 0.00
Upper Normal 0.20 0.66 0.19 0.24 0.65 0.17 0.18 0.63 0.27
Endpoint — \yet 0.03 0.33 0.68 0.11 0.59 040  0.00 0.25 0.80

We also evaluate the probability of observing a prolonged period without dry years in the
PRB using simulations of low-flow classes with transition matrix estimates from Table 1. Our
motivation for conducting these simulations is based on the observation that the PRB
experienced 46 years (1974-2019) without a single dry year, and we aim to assess the
likelihood of this occurrence. Using the transition matrices displayed in Figure 5, we
generated 2,000 samples of a 46-year time series and counted the number of hydrological

droughts observed within the period.

Figure 6 summarizes the results of our drought simulations. The three histograms illustrate
the frequency distribution of simulated drought years using the transition matrix displayed in
in Figure 5(a) (Figure 6a), in Figure 5(b) (Figure 6b), and in the Figure 5(c) (Figure 6c¢). For
the transition matrix in the first half of the time period, from 1900-1960 (Figure 6Db), the
number of Dry years closely follows a Poisson distribution, with an average occurrence of
10.6 droughts in 46 years. This corresponds to a probability of approximately 23.1% for any
given year to be in a Dry state, which is consistent with the steady-state probabilities derived
from the Markov chain model shown in Figure 5b. Importantly, the likelihood of observing a

46-year period with no severe droughts is extremely low (< 0.01).

In contrast, the second half of the time series, from 1961-2024 (Figure 6c), reveals a notable
shift. The simulations indicate a higher frequency of Dry years, with a more right-skewed
distribution, reflecting the increased persistence of drought conditions observed in the
transition matrix (Figure 5¢). This shift suggests that the hydrological regime has become
more prone to extended drought periods. Using the transition matrix from 1961-2024 (Figure
5¢), we estimate an average of 12.9 Dry years over the 46 years, corresponding to a
probability of occurrence of 28.1%. While this probability aligns closely with the steady-state
condition of the Markov chain (29.4% chance of observing severe droughts), the frequency
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distribution of Dry years does not follow a Poisson distribution. Instead, it approximates a

zero-inflated Gaussian-like distribution.

Figure 6: Histograms depicting the number of years of hydrological droughts (Dry years) in a 46-year
period using (a) the average transition matrix for the entire time series; (b) the transition matrix for the
1900-1960 period; and (c) the transition matrix for the 1961-2024 period. The 46-year period was chosen
to reproduce the 1974-2019 period, during which no hydrological droughts were observed. In histogram
(c), the red bar represents the frequency of simulated series in which zero hydrological droughts were
observed, based on the transition matrix for the 1961-2024 period.

The zero-inflated Gaussian distribution combines two distinct components: a standard
Gaussian distribution centered at approximately 17 Dry years and a point mass at zero years
Figure 6¢. The presence of multiple components within this distribution suggests that low-
water level regimes may result from different climatological processes or mechanisms. This
statistical behaviour highlights the potential complexity of drought dynamics in the region.
However, elucidating the underlying factors that lead to the simulation result of a zero-
inflated Gaussian distribution derived from a high-persistence transition matrix requires

further investigation, which falls outside the scope of this study.

This simulation estimates a 4.2% probability of observing zero Dry years within a 46-year
period, based on the transition matrix with long persistence and the zero-inflated Gaussian
distribution. This result indicates that the 46-year drought-free period observed between 1974
and 2019 is statistically unlikely, with a probability of only 4.2%. However, this value
remains significantly higher than what would be expected under different conditions or if one

assumes a Poisson distribution with an average of 12.9 drought years over the same period.

Our simulations further suggest that a prolonged period without any drought, such as the one
observed in the PRB between 1974 and 2019, is unlikely to recur statistically, even if the
underlying conditions for drought events remain unchanged, keeping the transition matrix
described in the Figure 5c. The three transition matrices presented in Figure 5 support this
finding, indicating that long periods without hydrological droughts are unlikely given the
observed shift towards higher drought persistence in recent decades. Consequently, this

statistical improbability suggests that future conditions in the PRB are likely to include an
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increased frequency of drought events, as prolonged intervals without droughts become less

feasible.

3.1.2 Drivers of long-term fluctuations

To evaluate whether the low-flow class transitions in the PRB are determined or induced by
precipitation, we used a combination of GPCC and CHIRPS data, as shown in Figure 2. We
applied the same HMM framework to the precipitation data to evaluate whether rainfall
exhibited a similar regime-switching behaviour to that of the low-water levels. This analysis
aimed to determine if changes in precipitation could elicit a direct hydrological response in
the basin. However, the analysis did not indicate any regime-switching behaviour in rainfall
patterns (Figure S.6 and S.7).

To further investigate this point, we imposed the same low-water level classes derived from
the multisite HMM onto the rainfall data and evaluated how precipitation varied across each
low-water level regime. The Kernel density estimates provide a smoothed version of the
histograms (Figure 7a), with the empirical probabilities of observing different classes and
how they vary with the precipitation. The position of each estimate on the graph is set so that
the empirical probabilities sum to one along the precipitation values. It can be observed that
when precipitation was lower than 1,050 mm/year in a random year, the probability of
observing a Dry year in the past (56%) was higher than the sum of the other two classes of
low-water levels (24% and 20%, respectively). The probability of Dry years rapidly decreases
with increasing precipitation. For instance, if precipitation was 1,150 mm/year in the past, the
probability of observing a severe drought was reduced to 25%. With 1,200 mm/year, it

reduced to values lower than 13%.

Figure 7: (a) Density kernels of the three low water level classes by annual precipitation; (b) violin plots of
total annual precipitation for the three low-water level classes. Rainfall data from linear regression using
GPCC data (1940 to Jan 1981) and CHIRPS (1981-onwards).

Precipitation during severe hydrological drought years (Class 1) is notably distinct from the
other two classes, as illustrated in Figure 7(b). The mean annual precipitation during Dry
years is estimated at 1,030 mm (£96 mm/year), which is significantly lower compared to
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Normal years (1,193 £ 96 mm/year) and Wet years (1,219 £ 101 mm/year). The separation
between Dry years and the other classes is well-defined, as confirmed by the statistical
significance of the t-tests (detailed results of the t-tests, including mean values, standard
deviations, and confidence intervals, are presented in the Supplementary Material). However,
the distinction between Normal and Wet years is less clear, with overlapping precipitation
ranges and no statistically significant difference observed between their mean values. This
result suggests that while precipitation is a strong indicator of drought conditions, it may be
less effective in differentiating between Normal and Wet years when considered in isolation.
These findings emphasize the importance of exploring additional hydrological and

climatological factors to enhance the classification of low-flow regimes.

Another relevant aspect of rainfall analysis is the persistence of precipitation in a specific
drought regime. We evaluated the autocorrelation function of the precipitation time series and
found no significant serial correlation (Figure S.8), contrary to what happens with water level
data. This result suggests that persistency in a specific drought regime is not reproduced by

precipitation data alone.

Finally, we examine the relationship between precipitation and the Dry, Normal, or Wet years
derived from the low-water classes (Figure 8). Our analysis highlights the importance of
considering the preceding year's drought regime when interpreting precipitation patterns and
transitions between low-water level classes (Figure 8). The t-tests (Supplementary Material)
reveal clear distinctions in precipitation totals depending on the initial hydrological state,

improving the distinction presented in Figure 7.

For instance, when transitioning from a Dry year, precipitation required to shift to a Normal
year is significantly higher (mean: 1,300 mm, p < 0.001) compared to remaining in a Dry
regime (mean: 1,035 mm). This marked difference underscores the importance of substantial
rainfall in breaking persistent drought conditions. Similarly, for transitions from Normal
years, precipitation totals differ significantly when shifting to Wet years (mean: 1,267 mm)
compared to remaining in a Normal regime (mean: 1,161 mm, p = 0.048). However,

transitions from Wet to Normal years or vice versa show less pronounced distinctions, with
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overlapping precipitation ranges and statistically non-significant differences (p > 0.4),

suggesting greater variability in these transitions.

Figure 8: Water year cumulative precipitation and low-water level class transitions. The cumulative rainfall
required to trigger a drought transition depends on the initial low-water level class. When the initial state
is Wet (c), there is considerable uncertainty regarding the likelihood of transition (based on rainfall) to a
Normal year or another Wet year. If the current year is Dry (a), the precipitation required to transition to
a Normal year is higher than the precipitation required to transition from a Normal year to a Wet year (b).

Our analysis highlights that precipitation serves as a good predictor of drought regimes,
particularly for identifying Dry years. However, rainfall alone does not fully explain the
persistence of specific drought regimes. Hydrological features such as groundwater and lake
storage play a crucial role in sustaining low-water level conditions, as they are intrinsic
components of the basin's natural regulation system. This understanding of precipitation
dynamics highlights the basin's intrinsic regulatory processes and reinforces the need to
incorporate both internal and external factors into predictive models of low-water level
regimes. This approach was implemented in this study using the MLR described in Section
3.1.3.

Concerning teleconnection patterns, weak relationships between low water level classes and
teleconnection indices (ENSO34, PDO, and AMO) were observed (Supplementary Material —
Figure S.9). For PDO, Wet years (Class 3) tend to align with positive values, while Dry and
Normal years (Classes 1 and 2) are associated with negative phases. In contrast, AMO shows
that extreme conditions (Dry and Wet years) occur predominantly under negative AMO
values, whereas Normal years align with neutral conditions. These patterns suggest that PDO
and AMO may modulate precipitation variability in the PRB, particularly during extreme
events, but their influence appears buffered by the basin's internal hydrological processes

such as groundwater storage and flow regulation.
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Land-use changes are hypothesized to influence hydrological processes, potentially driving
nonstationarity in river discharge and water levels through mechanisms such as infiltration,
runoff, and evapotranspiration. Using land-use data from Dias et al. (2016), our preliminary
analyses reveal that the relationships between land-use variables and minimum flows are
complex and inconsistent. For example, while total cultivated area shows a positive
correlation with minimum flows, soybean cultivation exhibits the opposite signal, suggesting
the influence of additional confounding variables or non-linear interactions. These findings
highlight the need for more detailed investigations to reliably assess the role of land-use
changes in hydrological behaviour. Consequently, land-use data were excluded from the
predictive models in this study, and the results are provided in the Supplementary Material
for reference (Figure S.11 and S.12).

3.1.3 Nonhomogeneous Multinomial prediction model

Building on the above findings, we develop a nonhomogeneous MLR prediction model that
uses precipitation and the current low-water level class as predictors. To assess the model's
robustness and uncertainty, we derive confidence intervals for the precipitation thresholds by
resampling the dataset 500 times while maintaining a homogenous distribution of low-water
levels classes in the training and validation datasets. This bootstrap approach not only
provides estimates of the thresholds but also evaluates the model's goodness-of-fit by
quantifying the variability in the predictions. We find that the number of years in Dry,
Normal, and Wet classes is 21, 35, and 29, respectively. As all these class counts approximate
multiples of 7, we used 5/7 (71%) of the samples to train and 2/7 (29%) to validate the
models. To preserve proportional representation, the training samples were balanced to

reflect the original distribution of Dry, Normal, and Wet years in the time series (3/5/4).

The results provide the estimated transition probability as a function of the annual cumulative
precipitation during dry years (Figure 9). As we fit the MLR model 500 times, the results
show 500 lines that represent the probability of changing the low-water level class to a
Normal year (in green) and the probability of maintaining a dry year based on the
precipitation (in orange). The grey shading represents the 95% confidence area where the
MLR fitted lines intersect. Its width reflects the uncertainty associated with the model's
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predictions and serves as a measure of the model's goodness-of-fit. Narrower confidence
intervals indicate higher confidence in the model's predictions, while wider intervals reflect
greater uncertainty. In Dry conditions, the transition to a Normal year occurs if precipitation
reaches 1,180 mm, with a narrow 95% confidence interval ranging from 1,120 to 1,240 mm.
In this condition, the low dispersion of the lines across the 500 simulations (Figure 9)

suggests that the model is robust and consistent in its predictions.

Figure 9: Results of the nonhomogeneous MLR model illustrating: (a) the probability of transition as a
function of the total annual precipitation during dry years. In this class, the transition to a normal year
happens if a precipitation of 1,221 mm occurs (with a narrow 95% confidence interval of 1,209 and 1,234
mm). If the current low-water level class is normal (b), the threshold for transitioning to a dry year is 1,037
mm (1,020-1,054 mm, 95% confidence interval), and to a wet year it is 1,477 mm, with a wider interval
(1,257-1,697 mm, 95% CI). From a wet year (c) the width of the confidence interval is poorly defined (800-
1,700 mm, 95% CI). The grey shading represents the 95% confidence area, reflecting the uncertainty in
where the fitted MLR lines intersect.

The transition probabilities from a Normal year to a Dry or Wet year can be seen as follows
in Figure 9b. The 500 lines indicate the probability of changing to a Dry year (in orange); to a
Wet year (in blue); or of maintaining a Normal year (green). The width of the confidence
intervals reflects the model's uncertainty in predicting these transitions. For example, the 95%
confidence interval for transitioning to a Dry year spans from 1,013 to 1,070 mm (centred at
1,040 mm), while the interval for transitioning to a Wet year is wider, ranging from 1,257 to
1,340 mm (centred at 1,300 mm). This wider interval indicates greater uncertainty in
predicting transitions to Wet years during a Normal year. If the current condition of the
catchment is a Wet year (Figure 9c), the 95% confidence interval is poorly defined, ranging
from 150 to 1,616 mm, reflecting the model's difficulty in predicting transitions under wet
conditions. These results highlight the model's strengths (Dry years) and limitations (Wet
years), providing a comprehensive assessment of its performance across different

hydrological regimes.

The differences between the thresholds that predict a Dry year (hydrological drought) are
worth noticing. If the current state is a Normal year, this threshold is 1,040 mm (spanning
form 1,013 to 1,070 mm), but if the current state is a Dry year, the threshold is 1,180

(spanning from 1,209 to 1,234 mm), increasing by 140 mm. This precipitation volume can be
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interpreted as compensating for the lack of moisture from one year to another. This result
corroborates Figure 8, where we observed a more evident separation between precipitation
within each low-water level class. By employing rainfall in a MLR model, we are able to
provide a more quantitative understanding of the effect of precipitation on the probability of
transition among low-water level classes. This procedure allows us to define specific

hydrological drought thresholds based on precipitation inputs.
4 DISCUSSION

Our analysis demonstrates that hidden states derived from the HMM framework provide
valuable insights into the temporal dynamics of annual minima in the PRB. The classification
into low-water level regimes revealed significant differences in both the expected values and
variability of yearly low-water levels, accompanied by nonhomogeneous transition
probabilities between classes. These findings underscore the nonstationary nature of the low-
water level time series, characterized by evolving statistical properties — such as changing
mean values and standard deviations — and the shift in drought-generating mechanisms over
time. This dynamic complexity poses significant challenges for traditional time series
analyses, requiring adaptive frameworks capable of capturing these transitions.

The low transition probabilities observed between extreme regimes (e.g., Dry to Wet years)
can be attributed to the hydrological characteristics of the PRB. The basin's interconnected
lakes and wetlands, typical of the Pantanal region, act as natural reservoirs with a pronounced
capacity for flow regularization (Assine et al., 2014; Pupim et al., 2017). These buffering
mechanisms mitigate abrupt transitions, emphasizing the basin's ability to dampen external
climatic variability and sustain low-flow regimes over extended periods. This natural
regulation likely explains the heightened persistence of extreme hydrological drought,
presenting both opportunities and challenges for drought management in the region.

The interplay between external climatic drivers and internal hydrological dynamics further
underscores the complexity of low-water level behaviour in the PRB. As Collischonn et al.
(2001) observed, precipitation patterns alone fail to fully account for flow regime variability

due to the significant role of storage and evapotranspiration dynamics. Our findings align
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with this view, highlighting the need for predictive models that integrate both external drivers
and internal catchment processes. Such integrated approaches can improve our ability to

forecast hydrological responses and develop effective management strategies.

Future projections of hydrological behaviour in the PRB are challenging due to uncertainty of
climate models and the inadequate representation of land surface processes (Bravo et al.,
2014). However, existing studies point to rising temperatures, reduced rainfall, delayed
rainfall onset, and shorter rainy seasons as key drivers of future changes (Marengo et al.,
2016). These factors are expected to exacerbate water deficits, particularly in the central and
northern portions of the basin. Our findings corroborate these projections, suggesting that
hydrological droughts are likely to become more frequent in the future compared to the
1974-2018 period.

The results from Marengo et al. (2016) coupled with the findings of this study further
highlight a critical concern: the reduced likelihood of transitions from Dry to Normal years,
driven by the diminished probability of above-average rainfall capable of offsetting
cumulative deficits. This dynamic suggests that, once the basin enters a dry regime, it may
become "locked" in this state, with limited possibility of rapid recovery. Simulating future
scenarios that incorporate non-homogeneous thresholds conditioned on the basin's current
state could offer deeper insights into the challenges of escaping prolonged drought conditions

and inform adaptive management strategies tailored to mitigate these risks.

Wigley and Jones (1985) hypothesized that catchments with low runoff ratios are highly
sensitive to even minor changes in precipitation. While this hypothesis could partially apply
to the PRB, given its low runoff ratio of 0.11, the relatively low variability in basin-wide
precipitation suggest that this hypothesis is less applicable in the study area. With a
coefficient of variation of approximately 10%, significant deviations from mean rainfall
values (1,160 mm, £120 mm) are uncommon. Consequently, internal hydrological processes,
such as groundwater and lake storage, tend to dominate the variability of low-water levels.
GRACE satellite data (Save et al., 2016) supports the importance of groundwater storage in
the basin, despite its temporal limitations (2002—-2024), as it reveals a recent downward trend

in groundwater storage, which aligns with the intensification of drought conditions in recent
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years (Figure S.10). While GRACE data remain underutilized in predictive models due to
their limited temporal coverage, their potential for enhancing our understanding of internal

basin dynamics warrants further exploration in large catchments.

The weak correlations between droughts in the PRB and large-scale teleconnection patterns,
such as ENSO, PDO, and AMO, further illustrate the complexity of climatic influences on
the PRB. Consistent with previous studies (Marengo et al., 2021; Thielen et al., 2020), our
findings indicate that these indices alone cannot reliably explain drought events. For instance,
while El Nifio events are often associated with extreme hydrological phenomena in other
regions, the PRB experiences both droughts during La Nifia and wet years during El Nifio.
This lack of a consistent teleconnection signal highlights the need for refined analyses that

integrate combined SST indices and local hydrological conditions to improve predictability.

Our statistical simulations add another layer of insight by estimating the probability of the
unprecedented 46-year period without drought observed between 1974 and 2019. The results
suggest that such a prolonged absence of droughts is statistically unlikely to recur, given the
transition matrix and a zero-inflated Gaussian distribution, which estimate the probability of
occurrence at just 4.2%. These findings emphasize the increasing likelihood of hydrological
droughts due to reduced probabilities of precipitation exceeding critical thresholds, with

significant implications for water resource management.

While our framework provides insights into the nonstationary dynamics of low-water level
regimes in the PRB, uncertainties and limitations should be acknowledged. First, the
accuracy of our predictions is inherently limited by the quality and resolution of the input
data. For instance, while CHIRPS precipitation data offer broad spatial coverage, they may
not fully capture local variability, particularly in regions with complex topography or sparse
observational networks. Another important limitation is the difficulty of reconstructing
precipitation during severe drought periods, such as the 1960s. While the hydrological
droughts of that period are comparable in severity to those observed between 2020 and 2024,
the estimated precipitation values for years like 1964, 1967, and 1971 are not as low as those
estimated for more recent droughts. This discrepancy raises uncertainties about the

precipitation thresholds derived in this study, as they may not fully capture the climatic
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conditions of past extreme events. A more dedicated effort to reconstruct past climate
conditions, potentially using paleoclimatic data or advanced statistical techniques, could
improve the accuracy of these thresholds. However, such an approach falls outside the scope
of this study and represents a promising direction for future research.

Similarly, the limited temporal coverage of GRACE satellite data (2002—-2024) restricts our
ability to assess long-term trends in groundwater storage, which plays a critical role in the
basin's hydrological dynamics. Although recent efforts have been made to reconstruct
GRACE-like data for earlier periods (e.g., Palazzoli et at., 2025; Yin et al., 2023),
reconstructions often struggle to accurately represent extreme hydrological events, raising

uncertainties about their reliability for analysing past droughts.

Furthermore, the MLR framework, while effective in capturing nonstationary transitions,
may struggle to account for nonlinear relationships and feedback mechanisms between
variables. For instance, the effects of land use on hydrological behaviour are complex and
may involve non-linear interactions that require further investigation. As shown in the
Supplementary Material, land-use changes can influence hydrological responses, but their
impacts are often difficult to quantify and may vary depending on local conditions. Given
these complexities, land-use data were not included in the main predictive models to avoid
potential misinterpretation of results. This limitation highlights the need for future studies to
explore modelling alternatives, such as physically based hydrological models or machine
learning techniques, to better capture the complexity of the PRB's hydrological system,

including the role of land-use changes.
5 CONCLUSIONS

This study presents a new two-step modelling framework combining HMM and MLR to
analyse and predict low-water level class transitions indicative of dry, normal and wet years.
The approach was applied to the PRB, a region that has suffered from the worst droughts in
its historical record (1900-2024) in 2024 and 2021, and therefore serves as an ideal testbed to
demonstrate the potential of this framework for hydrological drought prediction. By linking a

unified regional low-flow classification to precipitation, we derived quantitative
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precipitation-based thresholds for hydrological drought, conditioned on the basin's current
low-water level state. This approach provides valuable insights into the temporal dynamics of
annual low-water minima and the mechanisms governing low-flow regimes, revealing the
nonstationary nature of the time series and nonhomogeneous transition probabilities between
classes. The integration of both external climatic drivers and the current low-water class
improves the predictability of these events, offering a practical tool for monitoring and

managing droughts.

Our findings underscore the significant role of internal drought-controlling mechanisms, such
as groundwater and lake storage, in sustaining low-flow regimes and buffering external
precipitation variability. While precipitation serves as a predictor of low-water level class
transitions, internal processes dominate, introducing strong serial correlation in the low-water
level time series and complicating transitions between low-water level classes. Despite the
role of hydrological persistence, our analysis highlights that precipitation thresholds are
critical for assessing regime transitions, especially in the context of rising temperatures,
reduced rainfall, and delayed rainy seasons projected for the PRB. These climatic changes are
reducing the likelihood of transitioning from Dry to Normal years, increasing the persistence
of drought conditions (a particularly pressing issue given severe recent droughts in the region

and especially the worst drought in recorded history observed in 2024).

The multistep MLR-HMM approach showcased here provides a robust framework for
analysing nonstationary hydrological systems and predicting drought regimes under evolving
climatic conditions. While limited by data constraints, such as the temporal coverage of
GRACE satellite observations, the methodology demonstrates the value of integrating
internal and external dynamics into predictive models. Future research could explore the
integration of scenario-based simulations and state-dependent thresholds to address the
challenges posed by prolonged drought persistence. By leveraging these advancements,
researchers and practitioners can develop adaptive strategies to mitigate the socio-
environmental risks associated with increasing drought frequency and persistence in the PRB
and beyond.
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7 DATA AVAILABILITY

The data used in this study are sourced from multiple datasets. The river level data was
obtained from HidroWeb (ANA, 2017), which provides comprehensive hydrological

information for water resources management at: http://www.snirh.gov.br/hidroweb. Rainfall

data was acquired from the Climate Hazards InfraRed Precipitation with Stations (CHIRPS;
https://data.chc.ucsb.edu/products/CHIRPS-2.0/) and the Global Precipitation Climatology
Centre (GPCC;
https://opendata.dwd.de/climate_environment/GPCC/html/download_gate.html). Information

on land use was obtained from (Dias et al., 2016), which provides detailed land cover and

land-use classification for the study area (http://www.biosfera.dea.ufv.br/pt-BR/banco/uso-

do-solo-agricola-no-brasil-1940-2012---dias-et-al-2016). Sea surface temperature (SST)
indices, including TNA, AMO, PDO, and ONI, were obtained from the National Oceanic and

Atmospheric Administration (https://psl.noaa.gov) dataset. Details regarding the specific data

subsets, processing methods, and data manipulation can be found in the references cited. The
GRACE-FO RL06.3 Mascon Solutions (RL0603) data was accesses from the Center for
Space Research from the University of Texas at Austin through the following link

https://www?2.csr.utexas.edu/grace/RL06 mascons.html.
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