
 1 

Hard to Beat, Not Impossible: Improving Seasonal Ensemble 
Streamflow Predictions (ESP) in Mountainous Catchments 
Jerónimo Sota1,2, Pablo A. Mendoza1,2 and Miguel Lagos-Zuñiga3 
 
1Department of Civil Engineering, Universidad de Chile, Santiago, Chile 5 
2Advanced Mining Technology Center (AMTC), Universidad de Chile, Santiago, Chile 
3Departamento de Obras Civiles, Universidad Técnica Federico Santa María, Santiago, Chile. 

Correspondence to: Pablo A. Mendoza (pamendoz@uchile.cl) 

Abstract. The Ensemble Streamflow Prediction (ESP) method has been extensively applied in operational forecasting and is 

widely considered a robust benchmark for predicting spring–summer snowmelt runoff in mountain environments. 10 

Nevertheless, it remains unclear how, when and where the implementation of data assimilation and/or post-processing 

techniques offer potential for improving the quality of seasonal and monthly streamflow forecasts during the snowmelt season. 

Here, we compare alternative ESP hindcast configurations – implemented with the conceptual rainfall-runoff model 

HBV.IANIGLA – across 21 Andean catchments spanning a pronounced hydroclimatic gradient (28-37° S), focusing on spring-

summer (i.e., September-March) streamflow hindcasts produced for five initialization times over a 38-year period 15 

(September/1982–March/2020). Data assimilation experiments include the ensemble Kalman Filter (EnKF) and the Sequential 

Importance Resampling Particle Filter (SIR-PF), and the suite of post-processing techniques includes Quantile Mapping, 

Linear Regression, Trace Weighting and Random Forest. For completeness, the alternative ESP configurations are also 

compared against a simple statistical model using initial hydrologic conditions (IHCs) – computed as the sum of simulated 

soil and snow water storages – as the only predictand. Results show that, at the seasonal scale, the advantage of SIR-PF over 20 

EnKF becomes evident only for hindcasts initialized on August 1 or later, while post-processing can substantially degrade skill 

at lead times of two months or longer. However, combining data assimilation and post-processing for September 1 

initializations improves skill and reliability of raw ESP monthly hindcasts, particularly at the beginning and end of the 

snowmelt season. The simple IHC-based statistical method also improves reliability at both seasonal and monthly scales, 

despite mixed results for other metrics. Finally, catchment attributes help explain where improvements are most likely: 25 

seasonal gains are favored in semi-arid basins with lower precipitation and runoff, higher aridity, and poorer hydrologic model 

performance, whereas monthly gains show distinct geographic and hydroclimatic patterns. 

1 Introduction 

Seasonal streamflow forecasts are essential for water resources planning in mountain regions, where runoff generated during 

the snowmelt season sustains irrigation, hydropower production, ecosystem flows, and urban water supply during subsequent 30 

dry periods. In snow-influenced basins, spring-summer runoff predictability depends strongly on the water stored in the land 
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surface – typically referred to as initial hydrologic conditions (IHCs) –, particularly snow water equivalent (e.g., Regonda et 

al., 2006; Mendoza et al., 2014; Arnal et al., 2024), soil moisture (e.g., Greuell & Hutjes, 2023), and antecedent streamflow 

(e.g., Sveinsson et al., 2008; Baker et al., 2021). This hydrological memory can provide useful forecast skill several weeks to 

months in advance, though its contribution varies with forecast initialization time and catchment characteristics (e.g., Araya et 35 

al., 2023). Understanding how to exploit predictability from IHCs remains especially important in mountainous environments, 

where streamflow generation is shaped by strong elevation gradients, seasonal snow accumulation and melt, sparse 

observations and, in some cases, large interannual hydroclimatic variability (e.g., Hernandez et al., 2022). 

The ensemble streamflow prediction (ESP; Twedt et al., 1977; Day, 1985) method has long been a cornerstone of operational 

seasonal water supply forecasting. ESP initializes a process-based hydrological model with current IHCs and then forces model 40 

simulations with historically observed meteorological sequences, preserving observed climate variability while if all the 

streamflow forecast uncertainty is due to the spread of future seasonal meteorological forcings. This approach is attractive 

because it is simple, computationally efficient, and skillful when initial hydrologic conditions dominate predictability. Indeed, 

numerous studies have shown that ESP can be a difficult benchmark to outperform, particularly in snowmelt-dominated and 

highly seasonal basins where snowpack and antecedent moisture exert strong control on runoff volumes (e.g., Wood et al., 45 

2005; Mo et al., 2012; Arnal et al., 2018; Wanders et al., 2019; Pechlivanidis et al., 2020; Peñuela et al., 2020; Petry et al., 

2023). However, ESP also has well-known limitations: it does not directly use seasonal climate forecast information, it assumes 

perfect IHCs, and its ensemble distribution may be biased or suffer from insufficient spread. 

One pathway for improving ESP forecasts is data assimilation (DA). Because snowpack and soil moisture are major sources 

of seasonal predictability in mountain environments (Mendoza et al., 2017), assimilating streamflow, in-situ or remotely sensed 50 

snow observations, or other land surface variables can reduce errors in hydrological model estimates before forecast 

initialization. DeChant & Moradkhani (2011) demonstrated the potential of assimilating in situ snow water equivalent (SWE) 

observations with the particle filter (PF) for improving the reliability of seasonal ESP forecasts across 15 subcatchments in the 

Upper Colorado River Basin. DeChant & Moradkhani (2014) later combined ESP with a PF that assimilated land surface 

temperature and passive microwave brightness temperature to quantify initial-condition uncertainty, together with Sequential 55 

Bayesian Combination to quantify model errors. Overall, they obtained more substantial improvements in the tails of the 

forecast distributions. Huang et al. (2017) tested the effects of assimilating SWE with an ensemble Kalman filter (Evensen, 

1994) on the quality of seasonal (April-July) ESP streamflow forecasts in nine basins located in the western United States, 

concluding that most EnKF implementations improved forecast performance. More recent studies have further demonstrated 

the value of snow and/or streamflow assimilation for water supply forecasting in mountainous catchments (Micheletty et al., 60 

2021; Metref et al., 2023; Uysal et al., 2026). 

A second pathway for improving ESP and dynamical forecasts in general is statistical post-processing (PP), which may be 

viewed as a hybrid statistical-dynamical forecasting approach (Wood et al., 2018; Du & Pechlivanidis, 2025). Statistical post-

processing acts on forecast outputs to correct biases, adjust ensemble spread, increase probabilistic skill, and improve forecast 

attributes such as reliability and discrimination. Applications in seasonal streamflow forecasting include linear regression 65 
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(Wood & Schaake, 2008), bias correction through scaling factors (e.g., Mendoza et al., 2017), quantile mapping (e.g., Lucatero 

et al., 2018) and copula-based methods (e.g., Madadgar et al., 2014). An interesting strategy is to weight ESP ensemble 

members – also known as “trace weighting” or post-ESP – based on the similarity of climate information between the target 

forecast year and the meteorological year used to generate each ESP trace  (e.g., Werner et al., 2004; Najafi et al., 2012; 

Bradley et al., 2015; Mendoza et al., 2017; Baker et al., 2021). Although these methods have considerable potential and are 70 

relatively easy to implement, their application remains constrained by limited sample sizes for training, assumptions of 

stationarity, and trade-offs among forecast quality attributes when methods are optimized for different objectives (Wood et al., 

2018). 

Statistical (i.e., data-driven) methods offer a complementary perspective to the seasonal forecasting problem in mountainous 

domains. Simple linear regression using only IHCs (e.g., Mendoza et al., 2017), local regression techniques (e.g., Grantz et 75 

al., 2005; Mendoza et al., 2014), principal component regression using snow predictors (e.g., Arnal et al., 2024), and machine-

learning models (e.g., Broxton et al., 2023) can produce competitive and often reliable seasonal forecasts. Additionally, 

statistical approaches are especially attractive where meteorological data are uncertain and/or large hydrological model errors 

persist. However, they may be less transferable under changing climate, land-cover, or water-management conditions, and 

they provide less process-level diagnostic information than dynamical ESP systems. For this reason, statistical models can be 80 

best viewed as useful complements and benchmarks for process-based forecasting rather than simple replacements. 

Despite substantial progress, a remaining gap for mountainous basins is understanding when data assimilation, post-processing, 

or their combination improves ESP forecasts, and how such improvements compare with simple data-driven forecasting 

techniques. Recently, Tanguy et al. (2025) compared the effectiveness of bias correction using quantile mapping and data 

assimilation across a range of lead times within an operational ESP framework across 316 UK catchments. Specifically, they 85 

assessed the separate effects of updating model estimates with a particle filter (Pham, 2001), and bias-correcting ESP forecasts 

with quantile mapping (QM). Their results showed no universal superiority of either approach, with cases when the traditional 

ESP implementation outperformed the configurations implementing DA or QM. Further, they recommended the application 

of (i) DA at shorter lead times in summer, in catchments with high baseflow contributions, and in snow-affected catchments 

during winter and spring, and (ii) BC in all the remaining cases. Nevertheless, their modeling setup did not consider snow 90 

processes, and they did not assess the joint effects of DA and post-processing on ESP forecasts. 

This study contributes to the existing literature by evaluating whether ESP forecasts for the snowmelt season can be improved 

through data assimilation and/or post-processing in mountainous basins. Specifically, we compare raw ESP with configurations 

using the ensemble Kalman filter, particle filtering, and four post-processing methods across 21 Andean catchments spanning 

a pronounced hydroclimatic gradient (28-37° S). We assess hindcast performance at seasonal and monthly scales and compare 95 

these dynamical approaches with a simple statistical model based on IHCs. By linking forecast improvements to catchment 

attributes, the study clarifies when (i.e., which initialization times), where (i.e., which types of basin), and how (i.e., which 

hindcast attribute improvements) ESP-based forecasts can be enhanced for spring-summer runoff prediction. 
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2 Study domain and data 

We conduct our analyses in 21 Chilean basins located on the western slopes of the Andes Cordillera (28-37° S, 70-71° W). In 100 

this region, more than 60% of the country’s population lives, underscoring the importance of accurately quantifying water 

resources availability. We use the same basins as in Araya et al. (2023) based on the following criteria: (i) a low (i.e., < 0.05) 

human intervention index, which is defined as the ratio between annual volume of water assigned for permanent consumptive 

uses and the observed mean annual runoff; (ii) absence of large reservoirs; (iii) snowmelt influence on runoff seasonality (i.e., 

they must have a snowmelt-driven, nivo-pluvial, or pluvio-nival regime, as described by Baez-Villanueva et al., 2021); (iv) at 105 

least 75% of days with streamflow observations during the period April/1980–March/2020; and (v) at least 20 water years 

(WYs) with seasonal (September–March) streamflow observations for hindcast verification, based on the CAMELS-CL 

dataset (Camila Alvarez-Garreton et al., 2018). The most restrictive conditions are (iv) and (v), which hinder the possibility of 

including additional mountainous catchments from CAMELS-CL. 

We use daily time series of streamflow from stations maintained by the Chilean General Water Directorate (DGA, Dirección 110 

General de Aguas) and compiled in the CAMELS-CL dataset. Daily precipitation and mean air temperature, for the period 

1980-2020, are derived from the gridded observational product CR2MET version 2.5 (Boisier, 2023), which provides time 

series of these variables for continental Chile at a 0.05° x 0.05° horizontal resolution.  

Figures Figure 1 and Figure 2 illustrate the heterogeneity of the basins included in this study, with mean elevations (Figure 1a) 

ranging from 1605 to 4275 m a.s.l. and spanning a pronounced hydroclimatic gradient, as reflected in aridity indices – defined 115 

as the ratio between mean annual potential evapotranspiration (PET) and mean annual precipitation (P) – that range from 0.5 

to 7. The variables in Figure 1 show a north-south transition from semi-arid, water-limited hydroclimates (with PET/P > 1) to 

energy-limited environments (with PET/P < 1; see Figures Figure 1e and Figure 2d), characterized by larger precipitation and 

runoff amounts.  

Figure 2 shows the seasonality of precipitation, PET, and runoff, along with characteristic ratios and flow duration curves 120 

(FDCs). Precipitation over the study domain is concentrated between April and September (Figure 2a), with increasing 

amounts toward the south. PET peaks between November and March (late austral spring and summer; Figure 2b), while the 

maximum monthly runoff (Figure 2c) is reached between July and January, depending on the catchment’s hydrological regime. 

Figure 2d further highlights the diversity of annual water and energy balances among the study basins, complementing the 

latitudinal gradients observed in Figure 1. Finally, the daily FDCs (Figure 2e) reveal distinct hydrological responses across 125 

basins, with variations in high and low flows, mid-segment slopes, medians, and other hydrological signatures. 
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Figure 1. Basin’s location and hydroclimatic gradient across the study domain: (a) mean elevation, (b) mean annual 
temperature, (c) mean annual precipitation, (d) fraction of precipitation falling as snow, (e) aridity index, (f) mean 
annual runoff, and (g) hydrological regime. Hydroclimatic attributes are computed for the period April 1980-March 130 
2020 using data retrieved from the CAMELS-CL database (see details in Sect. 2). The numbers in panel (a) correspond 
to the basin IDs, and basin names are included in Figure 2. 
 

 
Figure 2. Catchments characteristics: (a) mean monthly precipitation, (b) mean monthly potential evapotranspiration 135 
(PET), (c) runoff seasonality, (d) runoff coefficients as a function of wetness index, and (e) daily flow duration curves 
(FDCs). In panels (a), (b) and (c) the catchments are listed from north to south. These graphs correspond to the period 
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April 1980-March 2020 and were produced using data retrieved from the CAMELS-CL database (see details in Sect. 
2). 

3 Methods 140 

Figure 3 summarizes the methodology adopted in this study. The main steps are: (a) configuration and calibration of a 

hydrological model for the selected basins (Figure 3a); (b) generation of seasonal spring–summer (September–March) 

hindcasts for a 38-year period (September/1982–March/2020) using five initialization dates (May 1, June 1, July 1, August 1 

and September 1; Figure 3b); (c) hindcast verification, using ESP as the benchmark (Figure 3c); and (d) correlation analysis 

between the probabilistic skill of different hindcast configurations and selected catchment descriptors (Figure 3d). In this study, 145 

we consider two main hindcasting approaches: (i) the traditional Ensemble Streamflow Prediction (ESP; Figure 3b.1), and (ii) 

a linear regression model relating seasonal runoff to simulated IHCs (Stat-IHC; Figure 3b.2). For ESP, we test three different 

initial hydrological conditions (IHCs): an open-loop (OL) configuration obtained by running the model continuously with a 

two-year spin-up period up to the forecast initialization date, and two additional configurations in which model estimates are 

updated through data assimilation (DA) using streamflow observations. Additionally, we implement and test four post-150 

processing techniques for the ESP hindcasts.  
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Figure 3. Flowchart describing the approach used in this study. See text for details. 

https://doi.org/10.5194/egusphere-2026-4067
Preprint. Discussion started: 28 August 2026
c© Author(s) 2026. CC BY 4.0 License.



 8 

3.1 Hydrological modeling 

3.1.1 Model structure and configuration 155 

We use the HBV.IANIGLA hydrological model (Toum et al., 2021), a modular version of HBV hydrological model 

(Bergström, 1976) that was developed for hydroclimatic studies in regions with steep topography and/or cryosphere processes. 

The modular design of the model enables the use of various spatio-temporal scales with different goals (e.g., real-time 

streamflow forecasting, hydrological model teaching, or glacier mass balance simulation) in the same environment (Toum et 

al., 2021). Importantly, previous studies have applied the HBV model and its variants to generate and assess streamflow 160 

forecasts (e.g., Pauwels & De Lannoy, 2009; Rakovec et al., 2012; Peñuela et al., 2020).  

The HBV.IANIGLA model consists of the following main modules: (1) a four-parameter snow module, where precipitation is 

partitioned into snowfall and rainfall, and snow accumulation and melting are computed with a degree-day approach; (2) a 

three-parameter soil module that receives rain and melting as inputs to compute actual evapotranspiration, abstractions, 

antecedent conditions and effective runoff; (3) a five-parameter routine module with three interconnected buckets – i.e., an 165 

upper (STZ), an intermediate (SUZ) and a lower (SLZ) reservoir – whose components are added to compute total runoff, which 

subsequently feeds a one-parameter triangular transfer function that adjusts the timing of the simulated river discharge. 

Additionally, subunit variability can be represented through elevation bands that enable distributing air temperature and 

precipitation along the vertical to subsequently run the snow and soil routines. In this study, we define five equal-area elevation 

bands for each basin using elevation data from the ASTER Global Digital Elevation Model (DEM), version 3.0  (Abrams et 170 

al., 2020).  

The model requires daily time series of precipitation, mean air temperature, and PET (Figure 3a), averaged across the elevation 

bands, to force hydrological simulations. PET is estimated using the formulation proposed by Oudin et al. (2005), based on air 

temperature and basin latitude. 

3.1.2 Calibration strategy 175 

We calibrate the model parameters (Table 1) using the Shuffled Complex Evolution (SCE-UA; Duan et al., 1992) global 

optimization algorithm – as implemented in the R package “rtop” (Skøien et al., 2014) – to minimize the Euclidean distance 

(ED) in Equation 1. The minimization of ED seeks to maximize the objective function (OF; Equation 2) recommended by 

Araya et al. (2023) over two hydroclimatically contrasting periods: (i) April/1990 - March/2000, which includes wetter than 

average years, and (ii) April/2010- March/2020, dominated by the major drought reported by Garreaud et al. (2020). The 180 

selected OF combines the Kling–Gupta efficiency (KGE; Gupta et al., 2009) and the Nash–Sutcliffe efficiency (NSE; Nash & 

Sutcliffe, 1970) computed on flows in log space, offering a good compromise between hydrologically consistent simulations 

and seasonal (spring–summer) streamflow hindcast performance (Araya et al., 2023). To compute the OF for each calibration 

period, the two preceding years are used for model spin-up to ensure stable IHCs. For independent model evaluation, we use 
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the period April/2000-March/2010. Note that the annual mean precipitation averaged across all basins was 945, 769, and 943 185 

mm during the first calibration, second calibration, and evaluation periods, respectively. 

 

𝐸𝐷 = $(𝑂𝐹!"#$%&	( − 1)) + 	(𝑂𝐹!"#$%&	) − 1))        (1) 

OF	 = 	KGE(Q)	+ 	NSE(log(Q))           (2) 

 190 

To maximize the data assimilation effect and ensure that the model states at time t depend only on the conditions at time t – 1, 

we fix the parameter Bmax – which adjusts discharge timing – to one time step (i.e., 1 d). 

 

Table 1. Description and boundaries of the HBV.IANIGLA hydrological model parameters.  

Name Unit Description Range 
SFCF - Snowfall correction factor [1; 2] 

Tr °C Solid and liquid precipitation threshold temperature [-3; 3] 

Tt °C Melt temperature [-3; 3] 

fs mm/°C/d Degree-day factor [0,2; 8] 
FC mm Fictitious soil field capacity [25; 1200] 
LP - Parameter to get actual ET [0,2; 1] 

β - 
Exponential value that allows for non-linear relations 
between soil box water input (rainfall plus snowmelt) 
and the effective runoff 

[1; 7] 

K0 1/d Top bucket (STZ) storage constant   [0,08; 0,99] 

K1 1/d Intermediate bucket (SUZ) storage constant   [0,03; 0,079] 

K2 1/d Lower bucket (SLZ) storage constant   [0,0001; 0,029] 
UZL mm/d Maximum flux rate between STZ and SUZ [3, 5] 
PERC mm/d Maximum flux rate between SUZ and SLZ [0; 2,99] 

Bmax d Base of the transfer function triangle [1] 
 195 

3.2 Seasonal streamflow forecasting approaches 

3.2.1 Ensemble Streamflow Prediction (ESP) 

The first approach consists of producing seasonal streamflow hindcasts for spring-summer (i.e., September-March) by 

retrospectively applying the ESP (Day, 1985) method (Figure 3b.1). This approach relies on deterministic hydrological model 

simulations driven by historical meteorological inputs up to the initialization date, assuming perfect meteorological data and 200 

model representation and, therefore, perfect IHCs. The model is then forced with an ensemble of climate sequences, attributing 

all forecast uncertainty to the variability of future meteorological forcings. In the traditional ESP implementation, each climate 
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sequence (i.e., ensemble member) corresponds to a one-year observed meteorological record, while the traces associated with 

the target years are excluded from hindcast generation and verification (e.g., Mendoza et al., 2017; Araya et al., 2023).  

3.2.2 Statistical forecasting using initial hydrologic conditions (Stat-IHC) 205 

This method follows the operational approach commonly used by agencies like the U.S. Natural Resources Conservation 

Service (NRCS) and the Chilean Water Directorate (DGA) but replacing ground-based observations of snow water equivalent 

(SWE), precipitation, and streamflow with model-simulated hydrological states (e.g., Rosenberg et al., 2011; Mendoza et al., 

2017). A simple linear regression model between seasonal runoff and simulated IHCs is developed and applied using a leave-

one-year-out (LOYO) cross-validation framework. I.e., for a given target year, the regression model coefficients are calibrated 210 

using the remaining years, and then used to generate a deterministic seasonal runoff hindcast.  IHCs are estimated as the sum 

of elevation-band-averaged SWE, elevation-band-averaged soil moisture (SM), and routing storages simulated by the 

HBV.IANIGLA hydrological model. Prior to model training, both predictors and predictands are log-transformed and 

standardized using z-scores (𝑧 = *+,
-

 ) where 𝑥  is the log-transformed variable, and 𝜇  and 𝜎  are its mean and standard 

deviation, respectively. Then, the statistical model is calibrated using streamflow in standardized log space, and predicted 215 

values are subsequently back-transformed (𝑖. 𝑒. , 𝑄 = exp(𝑧𝜎 + 𝜇))  to obtain streamflow hindcasts in the original units. 

Ensemble hindcasts are generated by adding 100 Gaussian random perturbations with zero mean and standard deviation equal 

to the standard error of the regression prediction (Mendoza et al., 2017).  

The resulting seasonal volumetric hindcasts are subsequently disaggregated into monthly volumes using a climate analog 

approach that considers: (i) extraction of predictors from each WY, (ii) selection of analog WYs, and (iii) volumetric 220 

disaggregation. For each hindcast year and initialization time, a predictor vector is constructed using observed hydroclimatic 

variables available prior to hindcast issuance. Specifically, the predictor vector includes monthly precipitation, mean monthly 

air temperature, and mean monthly streamflow from April (first month of the WY in our study domain) up to the month 

preceding hindcast initialization, resulting in an expanding predictor set as the hindcast initialization date advances. The 

simulated IHCs (i.e., sum of all model-simulated states) at the hindcast date are also incorporated as an additional predictor.  225 

For each target year, the 𝑘 = 3	most similar historical years are identified based on the Euclidean distance between 

standardized predictor vectors. To avoid data leakage, the target year is excluded from the candidate pool following the LOYO 

cross-validation. Each analog year 𝑎. is assigned a weight inversely proportional to the Euclidean distance (𝑑.) between the 

target year and the 𝑗-th analog: 

 𝑤. =
(/&!

∑ (/"
#$% &#

             (3) 230 

The monthly distribution of seasonal streamflow volumes for each 𝑗-th analog year is represented by the fraction of the total 

September–March volume occurring in month 𝑚: 

 𝑓1,. =
3̄&,!

5 3̄&,!
&

            (4) 
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where 𝑄̄1,.  is the observed mean monthly streamflow in month 𝑚 for analog year 𝑗. Monthly hindcasts are obtained by 

applying the weighted-average monthly distribution of the analog years to the seasonal ensemble volume hindcast (𝑉N ):  235 

𝑄N1,$ = OP 𝑤.
6
.7( 𝑓1,.Q𝑉8R with i = 1,….,100         (5) 

Note that this framework explicitly propagates two independent sources of uncertainty into the monthly ensemble hindcasts: 

(i) volumetric uncertainty associated with the regression model, and (ii) temporal distribution uncertainty associated with 

interannual variability in seasonal streamflow timing. 

3.3 Estimation of IHCs for ESP hindcasts 240 

To produce ESP hindcasts, we consider three types of IHCs. The first is generated by running the model in open-loop mode 

for the two years preceding the hindcast initialization, without assimilating any observations. The second and third are obtained 

by coupling the hydrological model with the Ensemble Kalman Filter (EnKF; Evensen, 1994) and the Sequential Importance 

Resampling Particle Filter (SIR-PF: Gordon et al., 1993; Arulampalam et al., 2002), respectively, which update the probability 

distribution of the model states, whenever streamflow observations are available during the five months prior to the forecast 245 

initialization. Readers are referred to Appendix A for details of the implementation of sequential DA methods (e.g., 

uncertainties in meteorological forcings and streamflow observations). 

3.3.1 Open loop IHC 

For the traditional ESP implementation, IHCs are obtained as the ensemble mean from a 50-member open loop (OL) simulation 

over the two years preceding the hindcast initialization (see Appendix A for details on ensemble generation for DA). I.e., we 250 

obtain a single value for each model storage as the ensemble mean from N = 50 simulated storages. That single IHC was 

assumed to be the perfect initial condition required in the ESP method. Note that the same approach is used to determine the 

IHC for hindcasting configurations that include only post-processing (without DA). 

3.3.2 Ensemble Kalman Filter 

The EnKF is a sequential ensemble-based data assimilation technique that estimates the analysis states by optimally combining 255 

model simulations and observations according to their respective uncertainties, under the assumption that forecast and 

observation errors are adequately represented by Gaussian distributions. 

At each assimilation time step 𝑡, the model propagates an ensemble of  𝑁 state vectors forward in time to obtain the background 

(forecast) ensemble: 

𝐱9,$: = 𝑀W𝐱9+(,$; , 𝐮9,$ , 𝜽Z + 𝜺𝒕,𝒊          (6) 260 

where 𝐱9,$:  is the background state vector of the 𝑖-th ensemble member, 𝑀(⋅) is the hydrological model operator, 𝐮9 represents 

the meteorological forcings, 𝜽 denotes the model parameters, and 𝜺𝒕,𝒊	is the model error perturbation. 

When observations are available, the analysis states are updated according to: 
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𝐱9,$; = 𝐱9,$: +𝐊9W𝒚𝒕,𝒊−𝐻𝐱9,$: Z          (7) 

where 𝐱9,$;  is the updated (analysis) state vector, 𝐲𝐭,𝐢	is the perturbed observation vector sampled from 𝐲𝐭,𝐢 ∼ 𝒩(𝐲9 , 𝐑9). 𝐻 is 265 

the observation operator mapping model states into the observation space, and 𝐊9 is the Kalman gain matrix: 

𝐊9 = 𝐏9:𝐻@(𝐻𝐏9:𝐻@+𝐑9)+(           (8) 

𝐏9: =
(

A+(
P W𝐱9,$: − 𝐱̄9:Z

A
$7( W𝐱9,$: −𝐱̄9:Z

@
         (9) 

where 𝐏9:is the background error covariance matrix estimated from the ensemble, and 𝐑9 is the observation error covariance 

matrix. 270 

In this study, the ensemble members (referred to as particles in section 3.3.3) are generated by forcing the model with an 

ensemble of input meteorological forcings (see details in Appendix A), and streamflow observations at the basin outlet are 

assimilated to update three HBV.IANIGLA model states: STZ, SUZ, and SLZ. The observation operator 𝐻 maps the model 

states into the observation space through simulated streamflow at the basin outlet. EnKF dynamically updates the model state 

covariance structure through the ensemble statistics, allowing uncertainties to evolve over time. As in Piazzi et al. (2021), we 275 

perturb model states at each assimilation time step (i.e., daily) through normally distributed null-mean noise after the analysis 

step, preventing the spread of the ensemble hydrological simulations being reduced when perturbation of meteorological data 

alone is unlikely to comprehensively represent system uncertainties, especially during low flow periods. Although the EnKF 

has been successfully applied in hydrological forecasting (e.g., Rakovec et al., 2012; Piazzi et al., 2021), its performance may 

degrade in highly nonlinear systems because it relies on Gaussian assumptions and propagates only second-order moments of 280 

the probability distributions. 

3.3.3 Sequential Importance Resampling Particle Filter (SIR-PF) 

We also employ the SIR-PF, which – unlike the EnKF – does not require the restrictive assumption of Gaussian distributions 

for model errors (Weerts & El Serafy, 2006). Specifically, PFs represent non-Gaussian posterior distributions through weighted 

particles, making them suitable for nonlinear systems (Arulampalam et al., 2002; Salamon & Feyen, 2009). In practice, the PF 285 

represents the system using an ensemble of 𝑁  possible scenarios or particles 	(𝒙𝒕,𝒊, 𝑖 = 1,… ,𝑁 ), which are assigned a 

probability (or weight;	𝒘𝒕,𝒊, 𝑖 = 1,… ,𝑁) based on the proximity to the observation at a specific time step. Then, the particle 

weights are updated as new observations become available based on the likelihood of the simulated streamflow relative to the 

observed discharge. To avoid ensemble degeneracy (i.e., a few particles dominating the total weight), the Sequential 

Importance Resampling (SIR) procedure is applied, ensuring a well-distributed set of weights (Arulampalam et al., 2002). In 290 

this study, we use 𝑁 = 50 particles, which provide a reasonable compromise between computational cost and filter stability, 

and equal weights as the initial condition. As in the EnKF implementation, STZ, SUZ, and SLZ are recursively estimated by 

updating particle weights using streamflow observations at the basin outlet. 
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3.4 Post-processing techniques 

Our benchmarking framework includes four post-processing methods: Quantile Mapping (QM), linear regression (LR), Trace 295 

Weighting (TW) and Random Forest (RF). We select these techniques because they encompass simple statistical methods 

(QM and LR), a statistical technique incorporating climate information (TW) and a machine learning method (RF). All these 

methods are explained below, and details on the formulation are included in Appendix B. 

3.4.1 Quantile Mapping (QM) 

Quantile Mapping (QM) has been widely used for bias correction in seasonal streamflow forecasting (e.g., Chevuturi et al., 300 

2023; Tanguy et al., 2025). The method adjusts the distribution of each forecast ensemble member according to the relationship 

between the Cumulative Distribution Function (CDF) of historical observations and the CDF of the reference simulation for 

the observed period. 

In this study, QM is applied to monthly ESP streamflow hindcasts. Given an n-year hindcasting period, for each hindcast 

ensemble member corresponding to a given target month and year, the reference (historical) CDF is constructed from n – 1 305 

hindcast ensemble medians (n – 1 historical monthly streamflows) for the same calendar month across the analysis period, 

excluding the target year. This leave-one-out approach ensures that the verification year does not influence the correction (see 

Section B.1 for details). 

3.4.2 Linear Regression (LR) 

This approach has been used to calibrate medium-range ensemble streamflow forecasts (Roulin and Vannitsem 2015). A 310 

corrected ensemble member for each lead time is obtained from a linear regression equation that requires the forecast ensemble 

mean and the deviation from that mean as predictors (see Section B.2 for details). 

3.4.3 Trace Weighting (TW) 

Trace weighting is a well-known strategy for incorporating climate information into ESP hindcasts (e.g., Smith et al., 1992; 

Werner et al., 2004) by exploiting the relationship between a predictor variable and seasonal streamflow to reassign 315 

probabilities across ESP ensemble members. Rather than correcting the ensemble through a parametric transformation as in 

quantile mapping or linear regression, this approach resamples the existing ESP traces using weights derived from the 

similarity between the predictor value observed at the forecast initialization time and the corresponding values recorded in 

each historical year of the ensemble. Here, we select three predictors for each initialization time based on their correlation with 

seasonal runoff volumes across the study catchments. Specifically, we use (1) the Multivariate ENSO Index (MEI; Wolter & 320 

Timlin, 2011) of April for hindcasts initialized on May 1; (2) the cumulative precipitation of May for hindcasts initialized on 

June 1, and (3) the preceding three-month cumulative precipitation for hindcasts initialized on July 1, August 1 and September 

1 (see Section B.3 for details). 
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3.4.4 Random Forest 

Random Forest (RF) is a supervised, non-parametric ensemble learning method that constructs a multitude of decision trees 325 

during training, providing the mean prediction across all trees for regression tasks (Breiman, 2001). In this study, we apply RF 

to correct systematic errors in the raw ESP ensemble by learning the statistical relationship between ensemble-derived 

predictors and historical observations (e.g., Pham et al., 2021; Du & Pechlivanidis, 2025; see Section B.4 for details). 

3.5 Experimental setup 

In all our experiments, streamflow hindcasts for the spring-summer (i.e., September-March) season over September/1982–330 

March/2020 are produced for all basins in five initialization dates (May 1, June 1, July 1, August 1 and September 1). As a 

benchmark, we first generated ESP without DA and without PP (simply referred to as ESP). First, we assess the added value 

of (1) incorporating DA in seasonal ESP hindcast generation using IHCs produced with the EnKF and SIR-PF – referred to as 

ESP+EnKF and ESP+PF, respectively –; and (2) incorporating post-processing techniques (ESP+QM, ESP+LR, ESP+TW and 

ESP+RF) in seasonal ESP. The results obtained here are used to select one DA method and one PP technique for subsequent 335 

analyses. 

Secondly, we assess the individual and joint effects of adding both DA and PP on the quality of seasonal and monthly ESP 

hindcasts, for different initialization times. In this intercomparison, we include Stat-IHC as an alternative technique given its 

operational relevance. 

Finally, we examine where and when the methodological enhancements previously tested are likely to translate into skill 340 

improvements over the traditional ESP. To this end, we explore possible relationships between hindcast skill and catchment 

characteristics by computing the Spearman's rank correlation coefficient between a skill measure (using ESP as the reference; 

see section 3.6) and selected physiographic and hydroclimatic descriptors (Table 2).  

Table 2. Selected physiographic and climatic characteristics to explore drivers of seasonal forecast quality. 
Hydroclimatic attributes are computed for the period April/1980 – March/2020. 345 

Name Description Units Data source Reference 

Mean annual 
streamflow 

Mean annual streamflow for 
the period April/1980 – 

March/2020 
mm/yr DGA - 

Interannual 
runoff 

variability 

Coefficient of variation for the 
time series of annual runoff - DGA - 

Baseflow index 
Computed as ratio of mean 

daily baseflow to mean daily 
discharge 

- CAMELS-CL 
dataset Ladson et al. (2013) 

Mean annual 
precipitation 

Mean annual precipitation for 
the period April/1980 – 

March/2020 
mm/yr CR2MET 2.5 Boisier (2023) 
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Fraction of 
precipitation 

falling as snow 

Fraction of precipitation falling 
as snow (i.e. in days colder 

than 0°C) 
- CR2MET 2.5 Boisier (2023) 

Aridity index 
(AI) 

Aridity calculated as the ratio 
of mean annual PET to mean 

annual precipitation 
- CR2MET 2.5 Oudin et al. (2005) 

Budyko (1974) 

Mean annual T 
Mean annual temperature for 

the period April/1980 – 
March/2020 

°C CR2MET 2.5  Boisier (2023) 

Mean elevation Catchment mean elevation m 
a.s.l. 

CAMELS-CL 
dataset 

ASTER GDEM, (Tachikawa 
et al., 2011) 

Area Catchment area km2 CAMELS-CL 
dataset - 

Fraction of the 
basin covered 

by forest 

Fraction of the catchment 
covered by forest according to 

a land cover map. Includes 
native forest and forest 

plantation 

- CAMELS-CL 
dataset Zhao et al. (2016) 

Fraction of the 
basin covered 
by barren land 

Fraction of the catchment 
covered by barren land 

according to a land cover map. 
Includes dry salt flats, sandy 
areas, and bare exposed rocks 

- CAMELS-CL 
dataset Zhao et al. (2016) 

 

3.6 Hindcast Verification 

We evaluate ensemble seasonal (September–March) hindcasts by contrasting them against observed streamflow over a 38-

year period (September/1982–March/2020), computing deterministic metrics (r, NRMSE) with the hindcast ensemble mean, 

and probabilistic metrics (α-index y CRPSS) using the full ensemble (Table 3). Hindcast skill refers to the relative accuracy 350 

compared to a reference hindcasting system (Wilks, 2019). In this study, the continuous ranked probability skill score (CRPSS; 

Hersbach, 2000) is used to assess the skill of the hindcast configurations (ESP-DA, ESP-PP, ESP-DA-PP, and Stat-IHC) 

compared to the benchmark ESP. 

 

Table 3. Performance metrics used for seasonal streamflow hindcast verification. 355 

Name Equation Description 
Normalized 
root mean 

squared error  𝑁𝑅𝑀𝑆𝐸  =  
k1𝑁∑ W𝑞1,$ − 𝑜$Z

)A
$7(

𝑠𝑑(𝑜$)
⋅ 100 

Deterministic metric that varies [0, ∞), with 
perfect score of 0. It measures the accuracy of the 
hindcast. 

Pearson 
correlation 
coefficient  

𝑟 = 	
∑ W𝑞1,$ − 𝑞1rrrrZ(𝑜$ − 𝑜̅)B
$7(

k∑ W𝑞1,$ − 𝑞1rrrrZ
)B

$7( ∙ $∑ (𝑜$ − 𝑜̅))B
$7(

 Deterministic metric that varies [-1, 1] with a 
perfect score of 1. It measures the linear 
association between hindcasts and observations. 
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Name Equation Description 

Continuous 
ranked 

probability 
score 

𝐶𝑅𝑃𝑆𝑆 = 1 −
𝐶𝑅𝑃𝑆CDE9
𝐶𝑅𝑃𝑆#"F

 

 

𝐶𝑅𝑃𝑆 =	
1
𝑁w x [𝐹(𝑞) − 𝐹%(𝑞)])𝑑𝑞

G

+G

B

$7(
 

 

𝐹%(𝑞) = 	 {
0, 𝑞 < 0
1, 𝑞 > 0 

Probabilistic metric that varies (-∞, 1], with 
perfect score of 1. It measures the skill of CRPS 
relative to a reference hindcast error (Hersbach, 
2000). CRPS quantifies the difference between the 
CDF of a hindcast (F) and the corresponding CDF 
of the observations (Fo). 
 
The CRPSS values are interpreted as follows: 
CRPSS=1: the hindcast has perfect skill. 
CRPSS=0: the hindcast has no skill compared to 
the reference (the hindcast is as good as using the 
reference). 
CRPSS<0: the hindcast is less accurate than the 
reference (the hindcast is misleading and has no 
skill). 

α reliability 
index 𝛼 = 1 − 2 �

1
𝑁w

|𝑃$(𝑜$) − 𝑈(𝑜$)|
A

$7(

� 

Probabilistic metric that varies [0, 1]. It quantifies 
the closeness between the empirical CDF of 
sample p-values with the CDF of a uniform 
distribution. A value of 0 is the worst, and 1 
reflects perfect reliability (Renard et al., 2010). 

𝑞1,$: hindcast ensemble mean for year i.  
𝑞1rrrr: average over hindcast ensemble means.  
𝑜$: observation for year i. 
𝑜̅: average of observations. 
𝑃$(𝑜$): Non-exceedance probability of 𝑜$ using ensemble hindcast for year i 360 
𝑈(𝑜$):	Non-exceedance probability of 𝑜$ using the uniform distribution U [0,1]  

4 Results 

4.1 Hydrologic model performance 

Figure 4 summarizes performance measures obtained for the two calibration periods and the evaluation period, along with 

other evaluation metrics of interest. Overall, the HBV.IANIGLA model provides satisfactory performance across the 21 case 365 

study basins, with a consistently higher median OF (0.79) and a smaller IQR (0.69-0.81) during the first calibration period, 

compared to the second calibration (median =0.69; IQR=0.53-0.79) and evaluation (median =0.66; IQR=0.58-0.77) periods 

(Figure 4a). Such pattern is exacerbated when analyzing the KGE (Figure 4b), with medians (IQRs) of 0.82 (0.72-0.86), 0.74 

(0.6-0.81) and 0.69 (0.54-0.79) during Calib 1, Calib 2 and Eval, respectively, and also for NSE(log(Q)), with median values 

of (IQRs) of 0.76 (0.71-0.79), 0.71 (0.49-0.78) and 0.7 (0.51-0.79). Even more, the negative values of NSE(log(Q)) obtained 370 

for some combinations of catchment and period reflect model weaknesses in representing baseflow processes.  

The KGE components provide additional insights into hydrologic model performance. Regarding correlation (Figure 4d), the 

highest median (0.84) and the smallest IQR (0.79-0.88) were obtained during the first calibration period, followed by Eval 

(median =0.77; IQR=0.67-0.85) and Calib 2 (median =0.77; IQR=0.67-0.85). b values (Figure 4e) remain centered close to 1 
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during both calibration periods – indicating that runoff volumes are generally well replicated –, with shifts in median b to 0.97 375 

(<1, indicating overall underestimation of runoff volumes) and larger IQR during the evaluation period. Similar results are 

obtained for the variability ratio (α), though with larger IQRs. In general, the relatively larger inter-basin differences and worse 

median results obtained for all metrics during the evaluation period reflect parameter transferability issues arising from 

hydroclimate differences between periods, as well as differences in catchment characteristics. 

 380 

 

Figure 4. Streamflow performance metrics for the two calibration periods – Apr/1990-Mar/2000 (Calib 1) and 
Apr/2010-Mar/2020 (Calib 2) – and the evaluation period April/2000-March/2010 (Eval). The metrics displayed are: 
(a) combined KGE + NSE(log(Q)), which was used as the objective function for calibration; (b) KGE; (c) NSE(log(Q)); 
(d) correlation (r); (e) bias ratio (β), and (f) variability ratio (α). Each boxplot summarizes results across the 21 case 385 
study basins. The boxes represent the interquartile range (IQR; 25th to 75th percentiles), the horizontal line indicates 
the median, whiskers extend to 1.5 × IQR, and circles denote outliers falling outside the whiskers. 

4.2 Impact of DA and post-processing on ESP Spring-Summer hindcast volumes 

Figure 5 shows the effects of the DA strategies implemented here on the quality of seasonal streamflow hindcasts across the 

study domain. The results for NRMSE (Figure 5a) reflect marginal differences (IQR bounds within ±1%) with raw ESP for 390 

early initializations (i.e., May 1 and June 1 hindcasts), and negative median DNRMSE – along with a larger number of basins 

showing improvements – for August 1 (-0.9%) and September 1 (-1.8%) hindcasts generated with SIR-PF. The results for 

CRPSS (Figure 5b) reinforce the benefits of implementing DA – especially SIR-PF – for improving probabilistic skill toward 
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the beginning of the snowmelt season, with basins reaching values as high as 0.3 and 0.75 on September 1 using EnKF and 

SIR-PF, respectively. We also examined the effects of DA on correlation and the a-index, finding very small differences with 395 

respect to raw ESP (not shown). 

Figure 6 illustrates the impacts of post-processing techniques on different attributes that describe seasonal hindcast quality. 

Overall, the results reveal tradeoffs among techniques and verification metrics across initialization times, without an overall 

“best” method. For example, although QM and LR degrade considerably hindcasts initialized on May 1, June 1 or July 1 in 

terms of NRMSE (Figure 6a) and correlation (Figure 6b), both methods improve the a-index (Figure 6c) for the same 400 

initialization times. On the other hand, the application of RF and TW to May 1 ESP hindcasts helps to reduce NRMSE and 

improve r in most basins; further, the same methods degrade the a-index at all lead times. Finally, none of the post-processing 

techniques can improve probabilistic skill in most basins at any lead time, being TW (QM) the best post-processing method 

for May 1 and June 1 (Aug 1 and Sep 1) hindcasts. 

 405 

Figure 5. Benefits of implementing DA on the quality of seasonal (September-March) streamflow hindcasts over the 
period 1982-2019: (a) difference between the NRMSE obtained with ESP+DA (EnKF and PF) and raw ESP; and (b) 
CRPSS obtained with ESP+DA, using the traditional ESP as the reference. Each boxplot comprises results for our 21 
case study basins. The boxes correspond to the interquartile range (IQR, i.e., 25th and 75th percentiles), the horizontal 
line in each box is the median, and whiskers extend to the ±𝟏. 𝟓 ∙ 𝑰𝑸𝑹 of the ensemble. The numbers located over each 410 
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boxplot indicate the number of catchments where the implementation of a specific DA technique improves the metric 
displayed in comparison with raw ESP. 

 

Figure 6. Benefits of implementing different post-processing techniques on the quality of seasonal (September-March) 
streamflow hindcasts over the period September/1982–March/2020. The panels display differences between the (a) 415 
NRMSE, (b) Pearson correlation coefficient, and (c) a reliability index obtained with post-processed ESP and raw ESP 
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output. Panel (d) displays the CRPSS obtained with post-processed ESP output, using traditional ESP as the reference. 
Each boxplot comprises results for our 21 case study basins. The boxes correspond to the interquartile range (IQR, i.e., 
25th and 75th percentiles), the horizontal line in each box is the median, and whiskers extend to the ±𝟏. 𝟓 ∙ 𝑰𝑸𝑹 of the 
ensemble. The numbers located over each boxplot indicate the number of catchments where the implementation of a 420 
specific post-processing technique improves the metric displayed in comparison with raw ESP. 

4.3 Evaluating ESP enhancements at seasonal and monthly time scales 

Given the superiority of SIR-PF over EnKF (Figure 5), and the capability of QM to preserve the correlation Aug 1 and Sep 1 

ESP hindcasts and improve the a-index without deteriorating probabilistic skill, hereafter we explore the individual and 

combined potential of SIR-PF and QM to enhance seasonal hindcasts across our study domain. Figure 7 illustrates this 425 

assessment for the Maipo at El Manzano River basin (4839 km2), which provides nearly 70 % of municipal water supply for 

Santiago (Chile's capital city) and is also the primary source of water for agriculture, hydropower, and industry in the area 

(Ayala et al., 2020). The results show that none of the alternative configurations can beat the CRPS and NRMSE achieved by 

the traditional ESP on July 1, and that the SIR+PF is the only addition that can preserve r in both initialization times. Stat-IHC 

is the configuration with the highest (best) 𝛼-index achieved on July 1 and Sep 1, and on Sep 1 SIR+PF is the only configuration 430 

that can beat ESP in terms of CRPS. 

Figure 8 expands the previous intercomparison to all the case study basins. The results show that most configurations do not 

reduce NRMSE during the earliest initialization dates (Figure 8a). The two configurations including QM provide median 

ΔNRMSE > 25% for May 1 and June 1 hindcasts, indicating larger errors than traditional ESP in most basins. Improvements 

become more frequent toward the beginning of the snowmelt season, especially for ESP+PF, which reduces the NRMSE of 435 

Aug 1 and Sep 1 hindcasts in 14 and 12 basins, respectively. ESP+QM and ESP+PF+QM also improve NRMSE in more basins 

after July 1 (9-11 in Aug 1 and 8-10 in Sep 1), whereas Stat-IHC yields limited improvements before Sep 1. Figure 8b shows 

that improving correlation across the sample of catchments is a challenging task, with SIR-PF being the most effective strategy, 

providing r increments in 9, 7, 6, 6, and 10 basins for the five initializations from May 1 to September 1, respectively. 

Figure 8c shows that Stat-IHC improves hindcast reliability in all basins for every initialization date, with median increments 440 

in a-index around 0.46-0.55, whereas the ESP-based configurations yield smaller reliability gains. ESP+QM (ESP+PF+QM) 

improves the a-index in 18, 17, 19, 17, and 14 (17, 19, 20, 17, and 13) basins from May 1 to September 1, respectively, 

whereas ESP+PF improves fewer basins, ranging from 8 to 12 depending on initialization date. CRPSS results are mostly 

negative for configurations involving quantile mapping at early initialization dates (Figure 8d). Indeed, ESP+QM and 

ESP+PF+QM show median CRPSS values below -0.3 for May 1 and June 1 (i.e., lower skill than traditional ESP in most 445 

basins). Since July 1, CRPSS values move closer to zero, and ESP+PF improves CRPSS in 10-13 basins between Jul 1 and 

Sep 1. Overall, improvements over traditional ESP are metric-dependent: Stat-IHC consistently improves reliability, ESP+PF 

provides the most frequent late-season reductions in NRMSE and CRPSS gains, and QM improves reliability but often 

increases NRMSE and reduces CRPSS at longer lead times.  
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 450 

Figure 7. Time series with ESP seasonal hindcasts (i.e., September-March runoff) over the period over the period 
September/1982–March/2020, initialized on July 1 (left panels), and September 1 (right panels) for the Maipo at El 
Manzano River basin. The boxes correspond to the interquartile range (IQR, i.e., 25th and 75th percentiles); the 
horizontal line in each box is the median, whiskers extend to the ±1.5∙IQR of the ensemble, and the red dots represent 
observations. The results were produced with the ESP technique and a few variants that include (from top to bottom) 455 
IHCs estimated with particle filtering (ESP+PF), ESP hindcasts post-processed with Quantile Mapping (ESP+QM), 
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the combination of the two (ESP+PF+QM) and the linear regression model (Stat-IHC). Each panel displays the NRMSE 
and r (computed using the ensemble hindcast mean), the α-index, and CRPS. 
 

 460 

Figure 8. Same as in Figure 6, but testing the benefits of alternative ESP implementations and Stat-IHC relative to raw 
ESP. Each boxplot comprises results for our 21 case study basins. The numbers located over each boxplot indicate the 
number of catchments where the implementation of a specific hindcast configuration improved the metric displayed in 
comparison with raw ESP. 
 465 

Figure 9 shows the effects of alternative ESP configurations on the quality of monthly seasonal hindcasts. For July 1 

initializations (Figure 9a), ESP+PF yields the most frequent NRMSE reductions (e.g., decrease in 12 basins for Sep and Oct 

flows, and in 11 basins for Feb and Mar flows) among the ESP-based configurations, with median ΔNRMSE values are close 
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or below zero in several months (Figure 9a.1). In contrast, ESP+QM and ESP+PF+QM show positive median ΔNRMSE values 

in many months (ranging 3-11%), indicating larger errors than ESP in most basins. Stat-IHC shows a month-dependent 470 

behavior, with median ΔNRMSE values near zero in Sep and Oct, and positive values Jan, Feb and Mar. For hindcasts 

initialized on September 1 (Figure 9b.1), NRMSE improvements are more frequent, with ESP+PF, ESP+QM, and 

ESP+PF+QM providing negative ΔNRMSE medians in several months, especially at the beginning and the end of the 

snowmelt season. The results in Figures 9a.2 and 9b.2 show that the alternative configurations have limited effects on linear 

correlation, with most median Δr values between -0.05 and 0.05. ESP+PF preserves the original ESP correlation in most cases, 475 

whereas Stat-IHC tends to reduce r more often than the ESP-based configurations – particularly for July 1 hindcasts –, with 

negative medians in all months. 

Regarding the a-index (Figure 9c), Stat-IHC yields the largest reliability gains in both initialization dates, with median Δa-

index > 0 and improvements in nearly all basins. The ESP-based configurations also improve reliability (especially those using 

QM), though their medians range between 0 and 0.18. CRPSS results for July 1 hindcasts (Figure 9a.4) indicate mostly negative 480 

median values for the ESP-based configurations, often between about -0.2 and 0, meaning that monthly probabilistic skill is 

lower than traditional ESP in many months. For September 1 hindcasts panels (Figure 9b.4), CRPSS distributions shift upward, 

with median values ≥ 0 in several months, especially in Sep, Feb and Mar flows. Overall, Figure 9 reaffirms that monthly 

improvements over ESP depend on initialization date, forecast month, and metric: September 1 initializations provide more 

frequent improvements in NRMSE and CRPS, whereas Stat-IHC provides the most consistent reliability gains, with the cost 485 

of reduced correlation. 

In summary, the results presented in this section show that no method always improves all hindcast attributes. ESP+PF is the 

most promising ESP-based enhancement, mainly for later seasonal initializations and monthly hindcasts initialized on 

September 1. QM enhances reliability at the cost of degrading NRMSE and probabilistic skill, especially at longer lead times. 

Stat-IHC provides metric-specific improvements, especially in terms of reliability. From a practical perspective, forecast 490 

enhancement should be conditional: ESP alternatives can be used more confidently for late-winter to early-spring initializations 

– especially August 1 and September 1 at the seasonal scale and September 1 at the monthly scale –, whereas early-season 

enhancements should be used with caution. 
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 495 

Figure 9. Same as in Figure 8, but for monthly streamflow forecasts. Each boxplot comprises results for our 21 case 
study basins. The numbers located over each boxplot indicate the number of catchments where the implementation of 
a specific hindcast configuration improved the metric displayed in comparison with raw ESP. 

4.4 Hindcast skill vs. catchment characteristics 

Given the potential for improving ESP skill at both seasonal (Figure 8d) and monthly (Figure 9b.4) time scales, we now 500 

examine where and when the methodological enhancements tested here are likely to translate into skill improvements. Based 

on the previous results, we focus on hindcasts initialized on Aug 1 and Sep 1, which provided positive CRPSS values in several 

https://doi.org/10.5194/egusphere-2026-4067
Preprint. Discussion started: 28 August 2026
c© Author(s) 2026. CC BY 4.0 License.



 25 

catchments at both seasonal and monthly time scales. Figure 10 shows that relationships between catchment attributes and 

seasonal (i.e., Sep-Mar volumes) hindcast skill are generally weak to moderate, and only a few correlations are statistically 

significant. The clearest signal is associated with model performance, represented by KGE in evaluation. For Stat-IHC, CRPSS 505 

is negatively and significantly correlated with KGE eval for both August 1 (r = -0.54) and September 1 (r = -0.48) 

initializations, indicating that Stat-IHC tends to provide higher probabilistic skill in catchments where the hydrological model 

has lower evaluation performance. For the ESP-based configurations, significant correlations are scarce, with the largest one 

obtained with mean annual runoff (r = -0.46) for ESP+QM initialized on August 1. More broadly, adding QM to the hindcast 

generation process yields increments in skill in more arid basins (r = 0.42) and in basins with lower precipitation (r = -0.31), 510 

lower runoff (r = -0.46), and lower KGE eval (r = - 0.39). 

Figure 11 shows stronger relationships between CRPSS for monthly flows and catchment descriptors compared to the seasonal 

results, especially for configurations that include QM. Specifically, the implementations using QM tend to increase the skill 

of September monthly flows in catchments with lower precipitation and runoff, and these relationships are most evident for 

hindcasts initialized on August 1. Additionally, the CRPSS obtained with ESP+QM and ESP+PF+QM for September and/or 515 

October is positively and significantly correlated with precipitation falling as snow (r = 0.57), mean elevation (r = 0.68), and 

fraction covered by barren land (r =0.64), suggesting that post-processing is more beneficial in high-elevation, snow-

influenced, and sparsely vegetated catchments. Conversely, correlations with mean annual temperature (r =-0.64) and forest 

cover (r = -0.46) are often negative for the same configurations, consistent with the idea that the gains are concentrated in 

colder, less forested, more snow-dominated basins. 520 

The results in Figure 11 also show less significant relationships for ESP+PF. With this setup, the CRPSS of October hindcasts 

show some significant positive correlations with mean annual runoff (r =0.49), precipitation (r =0.52), and forest cover (r 

=0.46), and negative correlations with baseflow index (r = - 0.63) and elevation (r = -0.45). This suggests that particle filtering 

alone may provide more skill in relatively wetter or lower-elevation catchments for October flows, contrasting with the snow-

dominated signal obtained with setups including QM. Stat-IHC shows weaker and less systematic correlations than the ESP-525 

based post-processed configurations, with only a few significant relationships.  

In summary, catchment controls on seasonal CRPSS are method-dependent, with improved relative skill in drier or lower-

performing basins, particularly for Stat-IHC and, to a lesser extent, ESP+QM initialized on August 1. On the other hand, 

improvements in monthly skill are method- and month-dependent: QM performs better for September flows in arid, high-

elevation, snow-dominated catchments, whereas PF-only gains appear more limited and associated with wetter hydroclimatic 530 

conditions. 
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Figure 10. Spearman’s rank correlation coefficients between catchment characteristics (shown in different rows) and 535 
the CRPSS for seasonal (September-March) streamflow hindcasts (period September/1982–March/2020) obtained with 
different setups (columns) and two different initialization times (August 1 and September 1). CRPSS values were 
computed using raw ESP output as the reference. Circles with bold outlines indicate statistically significant (p < 0.05) 
correlations. 
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 540 

Figure 11. Same as in Figure 10, but for September and October streamflow hindcasts (period September/1982–
March/2020) obtained with different setups (columns) and two different initialization times (August 1 and September 
1). 

5 Discussion 

5.1 Impact of DA and post-processing 545 

The results presented here confirm that traditional ESP is a difficult benchmark to outperform in snow-influenced mountainous 

catchments, in agreement with previous studies showing that ESP often remains highly competitive when seasonal runoff is 

strongly controlled by IHCs (e.g., Arnal et al., 2018; Wanders et al., 2019; Peñuela et al., 2020; Petry et al., 2023). Nevertheless, 

the hindcasting experiments also revealed opportunities to improve some quality attributes. 

Despite our results reaffirm that better IHC estimates can improve seasonal ESP reliability and skill (e.g., DeChant & 550 

Moradkhani, 2011; Caleb M. DeChant & Moradkhani, 2014; Huang et al., 2017; Micheletty et al., 2021; Metref et al., 2023; 

Uysal et al., 2026), they also underscore that DA benefits are timing dependent. In our experiments, streamflow assimilation 

was most useful when the updated states were close enough to the hindcast period to influence September-March runoff 
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volumes. Further, the SIR-PF produced more consistent gains in hindcast quality than the EnKF for August 1 and September 

1 initializations, suggesting that particle filtering may better handle nonlinear and non-Gaussian snowmelt-runoff dynamics. 555 

Previous studies have also highlighted the benefits of particle filters over Kalman filters for short-range (Jin Noh et al., 2013) 

and medium-range (Piazzi et al., 2021) streamflow forecasting, though not – to the best of our knowledge – for long-range 

forecasting applications. 

Post-processing showed more pronounced tradeoffs among hindcast attributes. QM generally improved reliability, but often 

degraded NRMSE, correlation, and CRPSS, especially at longer lead times. TW and RF reduced NRMSE and improved 560 

correlation for some early (i.e., May 1 and June 1) hindcasts, but tended to reduce reliability compared to raw ESP. These 

results are consistent with previous work showing that post-processing can improve selected forecast attributes while degrading 

others (Gobena & Gan, 2010; Wood et al., 2018). The joint application of PF and QM was useful mainly for August 1 and 

September 1 hindcasts, though their effects were not additive since DA and post-processing target different error sources. Our 

results also align with Tanguy et al. (2025), who found no universal superiority of bias correction or DA within an operational 565 

ESP framework across the UK. 

Finally, Stat-IHC produced the most consistent reliability gains, reinforcing the value of simple statistical benchmarks in 

seasonal water-supply forecasting, and aligning with previous studies showing that statistical or hybrid methods based on 

IHCs, climate indices, and/or antecedent streamflow can be competitive with ESP (Mendoza et al., 2017; Broxton et al., 2023). 

However, Stat-IHC did not consistently improve NRMSE, correlation, or CRPSS, indicating that high reliability alone does 570 

not guarantee superior overall hindcast quality. 

5.2 Skill improvements vs. catchment characteristics 

Relationships between skill improvements at the seasonal scale (i.e., Sep-Mar runoff) and catchment attributes were generally 

weak to moderate. The clearest signal was the negative relationship between the CRPSS from Stat-IHC and hydrological model 

performance (KGE eval), suggesting that the statistical hindcasting approach added more value in catchments where 575 

HBV.IANIGLA performed less well. This may indicate that simple statistical models can partly compensate for structural or 

parameter-transferability limitations of process-based models. QM also tended to provide larger skill improvements in more 

arid basins with lower precipitation, lower runoff, and worse model performance. 

At the monthly scale, catchment controls on ESP skill gains were stronger and more physically interpretable. QM-based 

configurations tended to improve September and October hindcasts in colder, high-elevation, snow-influenced, sparsely 580 

vegetated catchments. In contrast, PF-only gains for October flows were more associated with wetter and lower-elevation 

catchments. It should be noted, however, that these findings are not comparable with previous studies exploring drivers of 

seasonal forecast skill (e.g., Pechlivanidis et al., 2020; Araya et al., 2023), since their ESP implementations, hindcasting 

benchmarks and/or observational references are different to ours. 
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5.3 Implications for operational forecasting 585 

The robust performance of the traditional ESP implementation – especially for early initializations compared to alternative 

configurations – supports its utility as a central benchmark for operational forecasting systems in mountainous domains. Hence, 

new DA or post-processing components should be adopted after hindcast-based evaluation against raw ESP. Because the 

benefits of SIR-PF were evident only during the first month of the snowmelt season (Figure 9), the potential of pre-processed 

seasonal climate forecasts (e.g., Lucatero et al., 2018; Wanders et al., 2019; Petry et al., 2023) should be explored in Andean 590 

catchments, as meteorological uncertainty becomes increasingly important for longer lead times (Shukla & Lettenmaier, 2011).  

Since no single configuration optimized all hindcast attributes, operational systems may benefit from a small multi-method 

forecasting suite that considers raw ESP as the benchmark, ESP+PF for late-winter initializations, QM-adjusted forecasts when 

reliability is prioritized, and Stat-IHC as a simple and complementary statistical reference. Such a conditional strategy is 

consistent with Tanguy et al. (2025), who recommended selecting DA or bias correction according to catchment characteristics, 595 

season, and lead time. 

5.4 Limitations and future work 

Our results are based on a single hydrological model structure and calibration strategy. Although HBV.IANIGLA overall 

performed satisfactorily, the evaluation metrics varied across basins, with some of them having difficulties in low flow 

simulations. Multi-model experiments (e.g., Saavedra et al., 2022; Knoben et al., 2025) and the explicit treatment of parameter 600 

uncertainty (e.g., Thébault et al., 2025) would help assess the extent to which the relative benefits of DA and post-processing 

depend on hydrological modeling decisions. Additionally, we did not assimilate any snow observations. Because spring-

summer runoff across the study domain depends strongly on snow accumulation and melt, future work should test the 

assimilation of in situ SWE (Huang et al., 2017), remotely sensed snow-covered area (Micheletty et al., 2021), SWE reanalysis 

products (e.g., Muñoz-Castro, 2021), or combined snow-streamflow observations (e.g., Metref et al., 2023). Importantly, the 605 

ESP method cannot predict extreme events with magnitudes outside the historical record (Sabzipour et al., 2021), and its skill 

may be reduced under non-stationary climate conditions (Peñuela et al., 2020). 

Despite the post-processing techniques and Stat-IHC are easy to implement, they depend on relatively small training samples 

and stationarity assumptions that may be fragile under prolonged drought and climate change. Additionally, this study focused 

on ESP-based enhancements and did not incorporate dynamical seasonal climate forecasts, which can outperform ESP in some 610 

regions and seasons after appropriate bias correction or downscaling (e.g., Wanders et al., 2019; Petry et al., 2023). Future 

research should test hybrid forecasting approaches that combine improved IHC estimation with seasonal climate forecasts and 

a post-processing step, particularly for early initializations. Climate forecast information could be used within a Historic 

Weather Analog framework (e.g., Chan et al., 2026), in which plausible scenarios of precipitation and temperature at the local 

scale can be inferred by selecting independent “analogue” months from the historical observations that resemble the 615 
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atmospheric circulation patterns forecasted by a dynamical climate model. Finally, ESP enhancements could be tested in other 

mountainous regions across the globe to verify the transferability of our findings. 

6 Conclusions 

In this study, we evaluated how data assimilation and post-processing affect the quality of seasonal streamflow forecasts 

generated with the traditional ensemble streamflow prediction (ESP) method in 21 snow-influenced Andean catchments. The 620 

alternative ESP hindcast configurations, together with a simple linear regression model using initial hydrologic conditions 

(IHCs) as the only predictor, were benchmarked against raw ESP forecasts at seasonal and monthly time scales for the spring-

summer runoff season. Our results confirm that traditional ESP is a difficult benchmark to outperform in snowmelt-dominated 

catchments. Nevertheless, they also reveal important opportunities, limitations, and tradeoffs among forecast enhancement 

strategies. 625 

At the seasonal scale, the benefits of data assimilation depended strongly on initialization date and filtering method. The 

superiority of SIR-PF over EnKF was not evident until August 1, while post-processing tended to degrade hindcast skill for 

lead times of two months or longer. In contrast, the joint use of data assimilation and post-processing in forecasts initialized 

on September 1 produced notable improvements in NMRSE, CRPSS, and the a-index, particularly near the beginning of the 

snowmelt season, in September and October, and near its end, in February and March. An interesting result is that Stat-IHC, 630 

the simplest method tested here, produced considerable improvements over the traditional ESP in terms of hindcast reliability 

(a-index) at both seasonal and monthly time scales, although its performance was mixed for other metrics and runoff 

aggregations. 

Our catchment-scale analyses also show that improvements over traditional ESP are not spatially uniform but depend on basin 

hydroclimatic characteristics. For seasonal flow volumes initialized on August 1 and September 1, probabilistic skill was more 635 

likely to improve through data assimilation, post-processing, or Stat-IHC in semi-arid basins with higher aridity indices, lower 

precipitation and runoff amounts, and poorer hydrologic model performance. At the monthly scale, improvements at the 

beginning of the snowmelt season were geographically clustered. Data assimilation alone tended to be more beneficial in 

relatively humid catchments with lower baseflow contributions, whereas post-processing and, to a lesser extent, Stat-IHC 

showed greater potential in high-altitude semi-arid basins with larger snowfall fractions and more barren land cover. 640 

Overall, these results provide new insights into when, where, and how IHC-based seasonal streamflow forecasts can improve 

upon traditional ESP in mountainous regions. By showing how data assimilation and post-processing effects propagate through 

monthly forecasts during the snowmelt season, and by identifying the basin types where ESP skill is most likely to be improved, 

this study offers guidance for future forecasting research in mountain environments and for operational water management 

across the Andes. 645 
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Appendix A: Implementation of sequential DA methods 

A.1. Uncertainty in Meteorological Forcings 

An effective ensemble based DA implementation requires maintaining an adequate ensemble spread (Piazzi et al., 2021). If 

the ensemble is too narrow, the resampling will be inefficient because particles exhibit similar likelihood values, limiting the 

filter’s ability to prioritize the most likely members. Conversely, an overly dispersed ensemble may result in an excessive 650 

reliance on observations, despite their associated errors. In this study, we generate the particles by creating an ensemble of 

plausible weather scenarios. Specifically, we apply a multiplicative stochastic noise to precipitation and additive noise to 

temperature, following Clark et al. (2008): 

𝑃H = 𝑃𝜑!	[𝑁I:# , 𝑁@$1"]           (A.1) 

𝜑! 	= W1 −	Ɛ!Z + 2𝑢!Ɛ!           (A.2) 655 

where 𝑢! is a uniform random number, such that 𝜑! is a realization from a uniform distribution ranging from 1- Ɛ!to 1+ Ɛ!. 

𝑇H = 𝑇 + 𝜑9	[𝑁I:# , 𝑁@$1"]           (A.3) 

𝜑9 = −Ɛ9 + 2𝑡Ɛ9           (A.4) 

where 𝑢9 is a uniform random number, such that 𝜑9	is a realization from a uniform distribution ranging from - Ɛ9to Ɛ9. 

Random perturbations were generated using a first-order autoregressive model to preserve temporal correlation and physical 660 

consistency. This approach represents time-varying hydrological uncertainty more realistically than temporally constant 

perturbations. The fractional error parameters (Ɛ!, Ɛ9) were optimized for each basin to satisfy two ensemble reliability 

conditions over the period April/1990-March/2020: (i) if the ensemble spread is large enough, the temporal average of the 

ensemble skill (𝑠𝑘9) should be similar to the temporal average of the ensemble spread 𝑠𝑝9, i.e., 𝑠𝑘rrr ∕ 𝑠𝑝rrr = 1 (e.g., De Lannoy 

et al., 2006; Alvarez-Garreton et al., 2014),  and (ii) if the observation is indistinguishable from a member of the ensemble, the 665 

ratio between 𝑠𝑘rrr and the ensemble mean squared error (𝑚𝑠𝑒rrrrrr), normalized by $(𝑛 + 1)/2𝑛	 should be equal to one (e.g., 

Mendoza et al., 2012; Alvarez-Garreton et al., 2014). We use a temporal decorrelation length of one day for precipitation and 

two days for temperature, as in Piazzi et al. (2021). 

A.2. Observational uncertainty  

The characterization of observational errors is critical to determine the level of confidence assigned to observations and, 670 

therefore, the extent to which they are assimilated into hydrological models. In the case of streamflow, observational 

uncertainty primarily arises from instrumental errors and inaccuracies in the rating curve Clark et al. (2008). In this study, 

measurement noise is represented by a normal distribution with zero mean and a variance (𝜎%:E) ) that depends on the observed 

discharge 𝑄%:E (Weerts & El Serafy, 2006; Clark et al., 2008; Piazzi et al., 2021): 

𝜎%:E) =	 (Ɛ3 ∙ 𝑄%:E))            (A.5) 675 
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The parameter Ɛ3	is derived from an uncertainty analysis of the rating curves used to estimate discharge at the streamflow 

gauging stations of the DGA network (DGA, 2024). In general, most discharge measurements fall within the mid-range of 

flows, where uncertainty is typically lower. In contrast, extreme flow events often lie in the extrapolated portion of the rating 

curves or are supported by a limited number of measurements, which inevitably increases their uncertainty. 680 

Appendix B: Post-processing techniques 

B.1. Quantile Mapping (QM) 

The forecasted quantile at a given time step (daily, monthly, or seasonal) is first identified from the hindcast CDF, and the 

corresponding quantile in the observed CDF is then used to adjust the hindcast (Wood & Lettenmaier, 2006; Hashino et al., 

2007; Madadgar et al., 2014): 685 

𝑍. = 𝐹%:E!
+((𝐹FDE9!W𝑌.Z)           (B.1) 

 

Where 𝑍. is the corrected hindcast at time j; 𝐹%:E! 	is the CDF of observations at time j; 𝐹FDE! is the CDF of hindcast at time j; 

and 𝑌. is the raw hindcast at time j. 

B.2. Linear Regression (LR) 690 

The hindcast ensemble member i and lead time n (𝑄$,B), with n = 1,…,Nh, can be expressed as: 

𝑄$,B = 𝑄Brrrr + 𝑒$,B             (B.2) 

Where  𝑄Brrrr is the hindcast ensemble mean. If 𝜇F and 𝜇% are the respective means of the hindcast ensemble means and the 

observations over the training period, the corrected hindcast ensemble member for lead time n is given by: 

𝑄$,BJK = 𝜇% + 𝛼W𝑄Brrrr − 𝜇FZ + 𝛽𝑒$,B          (B.3) 695 

Where the parameters 𝛼 and 𝛽 are obtained following: 

𝛼 = 𝜌%F̅
-(
-)*

 

            (B.4) 

𝛽 = -(
-+
k1 − 𝜌%F̅

)

 
           (B.5) 

where 𝜌%F̅ is the correlation between the time series of observations and hindcast ensemble means, 𝜎% and 𝜎F̅ are the standard 

deviations of observations and hindcast ensemble means, and 𝜎" is the square root of the average ensemble variance, all of 700 

them associated to lead time n and computed over the training period. All calculations are performed in standard normal space 

following the application of the Normal Quantile Transform (NQT). 
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B.3. Trace Weighting (TW) 

For a given hindcast issued at initialization time 𝑡M, let 𝐼∗ denote the predictor value observed at 𝑡M and {𝐼$}$7(B  the predictor 

values corresponding to the 𝑛 historical years that constitute the ESP ensemble. The absolute distance between the current 705 

predictor and each historical analog is computed as: 

𝑥$ =∣ 𝐼∗ − 𝐼$ ∣, 𝑖 = 1,… , 𝑛           (B.6) 

and the resulting distances are sorted in ascending order to form the vector 𝒳 = [𝑥((), 𝑥()), … , 𝑥(B)]. A weight is then assigned 

to each historical year according to: 

𝑤$ = �1− *,
*(")

�
Q
, 𝑥$ ≤ 𝑥(6)          (B.7) 710 

𝑤$ = 0, 𝑥$ > 𝑥(6)            (B.8) 

where 𝑘 = round(𝑛/𝛼) defines the number of nearest neighbors retained and 𝑥(6) is the corresponding distance threshold. The 

parameter 𝜆 > 0 controls the sensitivity of the weights to distance — larger values concentrate probability on the closest 

analogs — whereas 𝛼 ≥ 1 determines the fraction of ensemble members assigned nonzero weight. Weights are normalized to 

sum to unity, 𝑝$ = 𝑤$/P 𝑤.. , and the post-processed ensemble is obtained by resampling the historical ESP traces with 715 

probabilities {𝑝$}. 

The parameters 𝜆 and 𝛼 are optimized independently for each catchment and initialization month by maximizing the median 

CRPSS evaluated over the full hindcast period in a leave-one-out cross-validation framework, using the unweighted ESP as 

the reference forecast. In this study, we test as predictor 𝐼 the widely used Multivariate ENSO Index (Wolter & Timlin, 2011), 

as well as the observed streamflow and precipitation of 1, 2 and 3 months preceding the hindcast initialization, selected based 720 

on its correlation with seasonal runoff volumes across the study catchments. 

B.4. Random Forest (RF) 

For each hindcast initialization date (May 1 through September 1) and each lead time within the September– hindcast forecast 

horizon, a separate RF model is trained in a leave-one-year-out (LOYO) cross-validation framework, ensuring that no 

information from the verification year leaks into the training set. At each training step, the raw ESP ensemble hindcast for a 725 

given month and lead time is summarized into a set of statistical descriptors — the ensemble mean, median, standard deviation, 

and the 10th, 25th, 75th, and 90th percentiles — which serve as the predictor variables. The corresponding monthly observed 

streamflow values are the response variables. The RF model then learns a non-linear mapping from ensemble statistics to 

observations, capturing both conditional bias and spread errors that simpler linear methods may fail to represent. 

During verification, the trained RF model receives the same set of ensemble-derived predictors computed from the current-730 

year forecast and produces a bias-corrected deterministic estimate, corresponding to the average prediction across all trees in 

the forest. To ensure comparability across the 21 study catchments and to prevent overfitting given the limited sample size of 

the historical record (approximately 37 years per initialization month), the model configuration is held constant throughout the 
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study domain: the forest consists of 500 trees, the maximum number of terminal nodes per tree is fixed at 10, and the minimum 

node size is set to 5 observations. For the computational implementation we use the randomForest  R package. 735 
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