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Abstract 15 

Quantifying and mitigating parametric and structural uncertainties in hydrological models 16 

are crucial to accurately understand and predict the rainfall-runoff process. Despite recent 17 

advances in Bayesian approaches for quantifying structural uncertainty using very large 18 

hydrological model ensembles, the simultaneous quantification of both parametric and 19 

structural uncertainties has yet to be implemented since previous works on large model 20 

ensembles have relied on deterministic optimization of parameters. Here we present the 21 

potential benefits of Bayesian estimation of parametric uncertainty within a large 22 

hydrological model ensemble. We find that Bayesian estimation of model parameters 23 

(more generally, change in calibration methods) potentially influences the interpretation 24 
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of model comparisons. Specifically, Bayesian parametric uncertainty quantification 25 

greatly benefits complex models with many parameters, thereby affecting discussions of 26 

the appropriate level of model complexity. We also find that Bayesian parametric 27 

uncertainty quantification does not substantially improve multi-model hydrological 28 

predictions. The adverse effects of parameter misspecification in individual models are 29 

effectively mitigated by combining models with diverse structures. Thus, the high 30 

computational cost of Bayesian parameter estimation is not paid for to improve rainfall-31 

runoff analysis in a large hydrological model ensemble. 32 

 33 

 34 

  35 
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1. Introduction 36 

Hydrological models are essential tools to simulate the relationship between 37 

meteorological conditions and runoff in river basins. Quantifying and mitigating 38 

uncertainties in these models can greatly contribute to the accurate flood and drought 39 

prediction, water resources management, and climate change assessment. Assuming 40 

minimal error in input data, uncertainties in hydrological models can be broadly classified 41 

into two categories: parametric uncertainty and structural uncertainty (e.g., Beven 2005; 42 

Gupta et al. 2012). While parametric uncertainty arises from the misspecification of 43 

model parameters, which are coefficients of equations represented in the model, structural 44 

uncertainty originates from the specification of the equations themselves. The 45 

quantification and mitigation of both parametric and structural uncertainties based on 46 

hydrological observations, particularly river discharge data, remain grand challenges in 47 

hydrology. 48 

 49 

Mitigating parametric uncertainty has been extensively investigated in hydrology. Early 50 

research largely focused on estimating a single set of parameters that minimized the cost 51 

function measuring the fit between simulation and observation. In this paper, we refer 52 

these approaches as deterministic optimization. A wide variety of gradient-based and 53 

evolutionary algorithms have been applied to this task (e.g., Duan et al. 1993; Tolson et 54 

al. 2007; Fowler et al. 2014; Qin et al. 2017, among others). Deterministic optimization 55 

methods suffer from equifinality (Beven 2006), in which multiple combinations of 56 

parameters reproduce observations equally well, and degrade the accuracy of simulating 57 

unseen data. Bayesian estimation, by contrast, explicitly produces posterior probability 58 

distributions based on observations and prior knowledge of parameters. This approach 59 
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offers several advantages: it can address equifinality (Vrugt et al. 2008a), enables 60 

probabilistic forecasting (e.g., Hung et al. 2025), and consider errors in data such as 61 

rainfall and river discharge measurements (e.g., Vrugt et al. 2008b). The golden standard 62 

of Bayesian estimation is Markov Chain Monte Carlo (MCMC; Hastings 1970; Geman 63 

and Geman 1984). In hydrology, the DiffeRential Evolution Adaptive Metropolis 64 

(DREAM) algorithm (Vrugt et al. 2008c; Laloy and Vrugt 2012) has been widely used as 65 

a variant of MCMC algorithms. While applying MCMC to hydrological models is 66 

computationally expensive, sequential data assimilation offers a computationally cheap 67 

alternative to estimate posterior distributions of model parameters and state variables (e.g., 68 

Moradkhani et al. 2005; Vrugt et al. 2013; Sawada 2022).  69 

 70 

A common approach to mitigating structural uncertainty in process-based hydrological 71 

models is the applications of machine-learning, which can provide fully data-driven 72 

modeling (e.g., Kratzert et al. 2018, 2019) and correct the bias of process-based models 73 

(e.g., Funato and Sawada 2025). These methods are intrinsically deterministic and remain 74 

subject to equifinality. Large hydrological model ensembles, such as Modular Assessment 75 

of Rainfall-Runoff Models Toolbox (MARRMoT; Knoben et al. 2019) and Raven (Craig 76 

et al. 2020) opened the door to easily perform Bayesian uncertainty quantification of 77 

model structure. Previous works employed Generalized Likelihood Uncertainty 78 

Estimation (GLUE)-like methods (Beven and Binley 1992), in which “reasonably good” 79 

models are selected based on predefined performance thresholds to identify equally 80 

plausible models within a large multi-model ensemble. For instance, Knoben et al. (2020) 81 

evaluated 36 hydrological models across 559 river basins using MARRMoT and 82 

identified a high degree of structural equifinality. Knoben et al. (2025) further 83 
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demonstrated that this high equifinality can be mitigated by considering sampling 84 

uncertainty in evaluation data. Chlumsky et al. (2021) performed simultaneous calibration 85 

of model structures and parameters (see also Mai et al. 2020). They revealed a high degree 86 

of equifinality within hydrological models implemented in the Raven framework. 87 

Although these works on large samples of hydrological models have advanced the 88 

quantification of structural uncertainty, they relied on deterministic parameter 89 

optimization. Therefore, they did not explicitly consider parametric uncertainty in the 90 

Bayesian way. It has yet to be clarified how Bayesian quantification of parametric 91 

uncertainty benefits large hydrological model ensemble-based assessment of structural 92 

uncertainty. 93 

 94 

To address this research gap, we performed MCMC-based parametric uncertainty 95 

quantification for 17 hydrological models with different structures across 51 river basins, 96 

thereby enabling Bayesian estimation of both parametric and structural uncertainty. We 97 

then examined scientific and practical benefits of applying Bayesian estimation of model 98 

parameters in a large model ensemble. Specifically, we posed the following research 99 

questions: 100 

⚫ Scientific benefits: Does Bayesian estimation of model parameters (or, more broadly, 101 

changes in calibration methods) potentially affect the interpretation of model 102 

comparisons?  103 

⚫ Practical benefits: Does Bayesian estimation of model parameters improve the 104 

accuracy of rainfall-runoff simulations in a large hydrological model ensemble? Is 105 

this improvement sufficient to justify the large computational cost of MCMC? 106 

 107 
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 108 

2. Method 109 

2.1. Hydrological model 110 

We used MARRMoT v1.3 (Knoben, 2019). MARRMoT includes 46 lumped conceptual 111 

hydrological models with a wide range of complexities. The models are driven by daily 112 

total precipitation, daily mean temperature, and daily mean potential evapotranspiration, 113 

and they estimate daily basin-averaged runoff. From the 46 available models, we selected 114 

models with IDs 02, 03, 04, 06, 07, 10, 11, 12, 13, 17, 18, 21, 24, 27, 30, and 31 (see the 115 

supplement material of Knoben et al. 2019 for model details). These 17 models were 116 

chosen to preserve diversity in model complexity while minimizing the total 117 

computational cost, since Bayesian estimation of model parameters is computationally 118 

expensive. First, we decided not to use models whose MCMC computation takes longer 119 

than 2 days in our workstation. Many higher ID models were excluded in this decision. 120 

Second, we excluded models which achieved lower performance in our previous work 121 

(Sawada et al. 2022). The models with IDs 01, 14, 20, 22, and 23 were excluded. Lastly, 122 

we did not use multiple similar structure models.  123 

 124 

2.2. Parameter estimation 125 

2.2.1. Deterministic optimization 126 

As a deterministic optimization method, we used the Nelder-Mead algorithm (Nelder and 127 

Mead, 1965). We performed the deterministic parameter optimization for each model in 128 

each basin. We used the fminsearchbnd function in MATLAB to search parameter sets 129 

which maximize Kling-Gupta Efficiency (KGE: Gupta et al. 2009). Parameter ranges 130 

were specified according to the original setting of MARRMoT (see Knoben et al. 2019). 131 
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Although our optimization method is a classical method and may be less capable of 132 

avoiding local minima than modern evolutionary algorithms (e.g., Duan et al. 1993; 133 

Tolson et al. 2007), we have found that it achieved high performance in our testbed 134 

(Sawada et al. 2022; see Section 3).  135 

 136 

2.2.2. Bayesian optimization 137 

For Bayesian optimization, we adopted the method proposed by Liu et al. (2022). As the 138 

MCMC method, we used the DiffeRential Evolution Adaptive Metropolis (DREAM) 139 

algorithm (Vrugt et al. 2008c; Laloy and Vrugt 2012). While mean squared error is usually 140 

used as the formal likelihood function (e.g., mean squared error) in the DREAM 141 

algorithm and many other MCMC applications, the informal likelihood function such as 142 

KGE is used for deterministic optimization. In our work, we will compare MCMC and 143 

deterministic optimization, so that it is necessary to use the same likelihood measure for 144 

both methods. Liu et al. (2022) proposed using KGE as an informal likelihood function. 145 

Because KGE ranges from -infinity to one, Liu et al. (2022) applied a gamma density 146 

function to handle negative KGE values and developed a proper informal likelihood for 147 

the DREAM algorithm. To use KGE in our MCMC algorithm, we used the method of Liu 148 

et al. (2022). We used the MATLAB implementation of DREAM 149 

(https://github.com/Zaijab/DREAM). From the resulting Markov chains, we sampled 200 150 

parameter sets to represent the posterior distribution of model parameters. Besides the use 151 

of the KGE-based informal likelihood function, we used the default hyperparameter 152 

setting in this implementation. The numbers of chains and maximum iterations were set 153 

to 3 and 10000, respectively. We sampled backwards from the end of the chains to avoid 154 

sampling in the burn-in period. The number of thinning intervals was set to 10. The typical 155 

https://github.com/Zaijab/DREAM
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computation time of MCMC to estimate posterior parameter distributions for 17 models 156 

in a single river basin using a single Intel Xeon Gold 6348 CPU processor is 85 hours. 157 

 158 

2.3. Bayesian model averaging 159 

To evaluate the practical benefits of Bayesian parametric uncertainty quantification in a 160 

large hydrological model ensemble, we combined models with different structures and 161 

parameters into a single prediction using Bayesian Model Averaging (BMA). 162 

 163 

First, we combined 17 models calibrated by deterministic optimization. Let the quantity 164 

of interest generated by the k-th model with deterministically optimized parameters, 165 

𝑀𝑘(𝜽𝐷𝑂,𝑘), be denoted as ∆𝑘, where 𝜽𝐷𝑂,𝑘 represents the optimized parameters of the 166 

k-th model. In this study, ∆𝑘 is runoff in the validation period (see Section 3). Given 167 

observation 𝒚, the posterior mean of the quantity of interest is: 168 

𝐸[∆|𝒚] = ∑ 𝑤𝑘

𝑁

𝑘

∆𝑘 (1) 169 

with model weights defined as: 170 

𝑤𝑘 = 𝑃(𝑀𝑘(𝜽𝐷𝑂,𝑘)|𝑦) =
𝑃 (𝒚|𝑀𝑘(𝜽𝐷𝑂,𝑘)) 𝑃(𝑀𝑘(𝜽𝐷𝑂,𝑘)

∑ 𝑃 (𝒚|𝑀𝑖(𝜽𝐷𝑂,𝑖))𝑁
𝑖=1 𝑃(𝑀𝑖(𝜽𝐷𝑂,𝑖)

(2) 171 

where N is the total number of models (=17 in this case). 𝒚 should be recognized as river 172 

discharge observation in a calibration period. Equation (1) indicates that the posterior 173 

mean is a weighted average of all model outputs, with weights proportional to their 174 

posterior probabilities. We parameterized the weights 𝑤𝑘 using KGE: 175 
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𝑤𝑘 =

exp (− (𝐾𝐺𝐸𝑚𝑎𝑥 − 𝐾𝐺𝐸 (𝑀𝑘(𝜽𝐷𝑂,𝑘))))

∑ exp (− (𝐾𝐺𝐸𝑚𝑎𝑥 − 𝐾𝐺𝐸 (𝑀𝑖(𝜽𝐷𝑂,𝑖))))𝑁
𝑖=1

(3) 176 

where 𝐾𝐺𝐸𝑚𝑎𝑥 is the maximum KGE among the N models, and 𝐾𝐺𝐸(𝑀𝑘(𝜽𝐷𝑂,𝑘) is 177 

the KGE of the k-th model. In this paper, this averaging of hydrological models calibrated 178 

by deterministic optimization is specifically referred to as Bayesian Model Averaging 179 

(BMA). 180 

 181 

Next, we compared the individual models calibrated by deterministic optimization with 182 

those calibrated by MCMC. To do so, we sampled 200 parameter sets from the posterior 183 

distributions, ran models with those parameter sets, and then combined these 200 184 

hydrological simulations by Bayesian model averaging. The performance is insensitive 185 

to the number of the sampled parameters if it is larger than 100 (not shown). Define the 186 

quantity of interest generated by the k-th model with the l-th parameter set, 𝑀𝑘(𝜽𝑙), as 187 

∆𝑘,𝑙. Similar to model averaging, the posterior mean of the quantity of interest estimated 188 

by the k-th model, ∆𝑘 follows: 189 

𝐸[∆𝑘|𝒚] = ∑ 𝑤𝑙

𝑀

𝑙

∆𝑘,𝑙 (4) 190 

with weights: 191 

𝑤𝑙 =
exp (− (𝐾𝐺𝐸𝑚𝑎𝑥,𝑘 − 𝐾𝐺𝐸(𝑀𝑘(𝜽𝑙))))

∑ exp (− (𝐾𝐺𝐸𝑚𝑎𝑥,𝑘 − 𝐾𝐺𝐸(𝑀𝑘(𝜽𝑖))))𝑀
𝑖=1

(5) 192 

where 𝑀 is the total number of parameter sets (i.e. 200), 𝐾𝐺𝐸𝑚𝑎𝑥,𝑘 is the maximum 193 

KGE among the M parameter sets of the k-th model. This averaging within a single model 194 

with different parameters is referred to as Bayesian Parameter Averaging (BPA). 195 
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 196 

Finally, we averaged all models and parameter sets. In this case, the posterior mean of the 197 

quantity of interest is: 198 

𝐸[∆|𝒚] = ∑ ∑ 𝑤𝑘,𝑙

𝑀

𝑙

∆𝑘,𝑙

𝑁

𝑘

 (6) 199 

with weights: 200 

𝑤𝑘,𝑙 =
exp (− (𝐾𝐺𝐸𝑚𝑎𝑥,𝑘,𝑙 − 𝐾𝐺𝐸(𝑀𝑘(𝜽𝑙))))

∑ ∑ exp (− (𝐾𝐺𝐸𝑚𝑎𝑥,𝑘,𝑙 − 𝐾𝐺𝐸 (𝑀𝑖(𝜽𝑗))))𝑀
𝑗=1

𝑁
𝑖=1

(7) 201 

where 𝐾𝐺𝐸𝑚𝑎𝑥,𝑘,𝑙 is the maximum KGE among all models and parameter combinations. 202 

This joint averaging is called Bayesian Model and Parameter Averaging (BMPA). 203 

 204 

3. Experiment design 205 

We applied the aforementioned methods to 51 river basins in Japan (Figure 1). We used 206 

meteorological forcings from the Multi-model Ensemble for Robust Verification of 207 

hydrological modeling in Japan (MERV-Jp) dataset (Sawada et al. 2022; Sawada and 208 

Okugawa 2022). While MERV-Jp originally includes 135 gauges’ observations 209 

corresponding to 135 river basins, some of them are the subset of the other larger basins. 210 

In this paper, we use one of those overlapping river basins. Also, we excluded river basins 211 

whose discharge records were shorter than 25 years. Consequently, the number of river 212 

basins in this study is smaller than that in the original MERV-Jp work (Sawada et al. 2022). 213 

Daily discharge data in MERV-Jp have missing values. The likelihood function (i.e., 214 

KGE) is computed only on days when river discharge data is available. There are no 215 

missing values in our forcing inputs. The river basins shown in Figure 1 cover a wide 216 
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range of climatic, soil, land-use, anthropogenic, and topographic conditions. Sawada et 217 

al. (2022) reported that 44 deterministically calibrated models in MARRMoT achieved 218 

high accuracy to reproduce observed runoff. The best KGEs in 44 models exceeded 0.7 219 

in nearly all basins, which are comparable to those reported in other large model ensemble 220 

studies across different regions (e.g., Knoben et al. (2020)). Therefore, our findings are 221 

expected to be transferable to similar studies in the context of large hydrological model 222 

ensembles. 223 

 224 

The study period spans 1986-2015. Two calibration periods were considered: a 5-year 225 

calibration period representing data-rich conditions, and a 1-year calibration period 226 

representing data-poor conditions. In the 5-year calibration scenario, the initial 5-year 227 

(1986-1990) data were used for calibration with both deterministic optimization and 228 

MCMC, and the remaining 25-year (1991-2015) data were used for evaluation. In basins 229 

where complete discharge records were unavailable for 1986-1990, the calibration period 230 

was shifted to ensure a continuous 5-year record, which slightly reduced the validation 231 

period. For instance, if a complete discharge record is unavailable for 1987, we extend 232 

the calibration period to 1986-1991 to evaluate models by 5-year long observation (i.e., 233 

observation in 1986, 1988, 1989, 1990, and 1991). In this case, the remaining 24-year 234 

(1992-2015) data were used for evaluation, so that the validation period is slightly 235 

shortened. We performed the shift of the calibration period in 8 river basins. We used the 236 

same 5-year data for model spin-up, resulting in a 10-year model integration for each 237 

parameter evaluation step. In the 1-year calibration scenario, we applied the same 5-year 238 

data spin-up, followed by evaluation of parameters in the subsequent 1-year simulation 239 

(1986 in most basins). The validation data for the 1-year calibration scenario were 240 



12 

 

identical to those for the 5-year calibration scenario. Given a parameter set, we run a 241 

model from 1986 to 1990 as a spin-up. Then, using state variables at the last timestep of 242 

the spin-up period, we run a model again in 1986 and evaluate the estimated river 243 

discharge. In the validation process, we simply run a model with the estimated parameter 244 

set from 1986 to 2015 and discard results in 1986-1990 as a spin-up. Model performance 245 

was evaluated using KGE and Nash-Sutcliffe Efficiency (NSE; Nash and Sutcliffe 1970; 246 

see also Duc and Sawada 2023 for a modern interpretation of NSE) during the validation 247 

period. 248 

 249 

For deterministic optimization, we have 17 hydrological predictions by 17 models in 51 250 

river basins, yielding 17×51 = 867 hydrographs. For Bayesian estimation of parametric 251 

uncertainty, each of the 17 models was run with 200 posterior parameter sets, producing 252 

17×200 = 3400 simulations per basin. Across 51 basins, this amounted to 3400×51 = 253 

173,400 hydrographs. First, we compared the performance of individual models 254 

calibrated by deterministic optimization with those calibrated by MCMC and combined 255 

by BPA (see Section 2.3) across all 17 models in 51 river basins, to assess if the evaluation 256 

of the model structures is affected by parameter estimation method. Second, we compared 257 

the performance of BMA and BPMA (see Section 2.3), to discuss the potential benefits 258 

of considering parametric uncertainty through Bayesian estimation in improving 259 

hydrological predictions. 260 

 261 

4. Results and discussions 262 

Bayesian estimation of model parameters (i.e., BPA) systematically outperforms 263 

deterministic optimization. Boxplots of Figure 2 show the differences in KGE and NSE 264 
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between BPA and deterministically optimized models. The superiority of MCMC-based 265 

optimization is consistent with earlier findings on the DREAM (e.g., Laloy and Vrugt 266 

2012) algorithm. To our best knowledge, we verified this superiority within a large model 267 

ensemble for the first time. Two main factors explain this result. First, MCMC explores 268 

the parameter space more extensively to maximize KGE than deterministic optimization. 269 

Second, MCMC accounts for equifinality by sampling multiple parameter sets that 270 

reproduce observation equally well, which leads the higher robustness to unseen data. 271 

Even in the rich-data scenario (i.e., the 5-year calibration), improvements in KGE exceeds 272 

0.2 in some models. This trend is more pronounced in the data-scarce scenario (i.e., 1-273 

year calibration scenario). When calibration data are limited, parameter estimates are 274 

inherently uncertain, since many different parameter combinations may be able to equally 275 

explain the limited data. In such cases, Bayesian estimation is more appropriate than 276 

deterministic methods. 277 

 278 

Figures 3 and 4 reveal that the improvements achieved by BPA over deterministically 279 

optimized models systematically appear. For instance, model ID 10 (Susannah Brook 280 

model v2; see Son and Sivapalan 2007, Knoben et al. 2019) shows substantial gains from 281 

Bayesian parameter estimation in more than 20 river basins. Except for this model, more 282 

complex models with the larger numbers of parameters (e.g., ID 30, 31, and 32) tend to 283 

benefit more from Bayesian estimation than simpler models (e.g., ID 2, 3, and 4) (note 284 

that models with higher IDs generally correspond to greater structural complexity; see 285 

Knoben et al. 2019) especially in the data-rich scenario (i.e., 5-year calibration scenario). 286 

This indicates that models with many parameters are particularly affected by equifinality 287 

and therefore gain substantially from Bayesian parameter estimation.  288 
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 289 

Previous studies have evaluated model structures by comparing the performance of 290 

deterministically optimized models. Our results imply that such evaluations may be 291 

affected by the choice of parameter optimization methods. For instance, although results 292 

in Knoben et al. (2020) and Knoben et al. (2025) indicated that complex models with 293 

many parameters do not necessarily outperform simpler models, this conclusion may 294 

partly reflect an underestimation of the maximum potential performance of complex 295 

models due to reliance on deterministic optimization. While these complex models have 296 

been shown not to suffer from overfitting (Knoben et al. 2020), there might be room for 297 

improvement through Bayesian estimation, which explicitly addresses parameter 298 

equifinality. 299 

 300 

When a large number of calibrated models are available, a practical way to improve 301 

prediction accuracy is to use the (weighted) average of their outputs (e.g., Kimizuka and 302 

Sawada 2022; Zhang and Yang 2018). The red dots in Figure 2 show the performance 303 

differences between BPMA and BMA. Although Bayesian parameter estimation 304 

substantially improves the performance of individual models, the overall improvement 305 

from BMA to BPMA is marginal. Even in the data-scarce scenario (i.e., the 1-year 306 

calibration scenario), the improvement in KGE (NSE) by Bayesian estimation is less than 307 

0.1 (0.05). Surprisingly, even the classic optimization method remains competitive with 308 

DREAM-based Bayesian optimization when models are combined in a large ensemble. 309 

Considering the substantial computational costs of the MCMC-based Bayesian parameter 310 

estimation, we conclude that Bayesian parametric uncertainty quantification provides 311 
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limited practical benefits for improving predictions in large hydrological model 312 

ensembles. 313 

 314 

This occurs because poorly performing models produced by deterministic optimization 315 

are assigned lower weights in the BMA framework. Figure 5 illustrates a typical case: in 316 

basin no. 43, BPA achieves 0.8 KGE for nearly all models, while some deterministically 317 

optimized models (i.e., ID 7, 21, 24, 30, and 31) perform poorly. Nevertheless, BMA 318 

remains competitive with BPMA, since the poorly performing models receive smaller 319 

weights during averaging. Therefore, the adverse effects of suboptimal calibration are 320 

effectively mitigated.  321 

 322 

5. Conclusions 323 

Here we performed MCMC-based parameter optimization for 17 hydrological models 324 

across 51 river basins to clarify the potential benefits of Bayesian parametric uncertainty 325 

quantifications in a large hydrological model ensemble. Scientifically, Bayesian 326 

parametric uncertainty quantification is important because it can influence the 327 

interpretation of structural uncertainty assessment. The benefits of the Bayesian 328 

parameter estimation appear systematically across models rather than randomly. Certain 329 

models gain substantial improvements, and more complex models tend to benefit more 330 

strongly than simpler models. Considering Bayesian parameter uncertainty potentially 331 

affects the discussion of the appropriate complexity of hydrological models. 332 

 333 

Practically, Bayesian parametric uncertainty quantification does not greatly contribute to 334 

improving multi-model ensemble hydrological prediction. It implies that structural errors 335 
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are larger than parametric errors in hydrological prediction. Given the high computational 336 

cost of Bayesian estimation, multi-model ensembles calibrated by deterministic 337 

optimization are sufficient in many cases. 338 

 339 

Our analysis was limited to 17 models, fewer than in previous large ensemble studies 340 

(Knoben et al. 2020, 2025; Chlumsky et al. (2021)). We had to exclude computationally 341 

expensive models in MARRMoT to make the MCMC applications feasible in this initial 342 

attempt. Future work should expand to all MARRMoT models and pursue GLUE-like 343 

assessments of structural uncertainty using Bayesian parameter uncertainty quantification 344 

by unleashing the power of high-performance computers. 345 

 346 
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Figure 1. Study area of 51 river basins. 485 
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 488 

Figure 2. Differences in KGE (a, b) and NSE (c, d) between BPA and deterministically optimized models 489 

(boxplots) in 5-year (a, c) and 1-year (b, d) calibration scenarios. Red dots show the performance differences 490 

between BMPA and BMA (see Section 3). 491 
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 493 

 494 

Figure 3. Differences in KGE (a, b) and NSE (c, d) between BPA and deterministically optimized models for 495 

each basin and model in 5-year (a, c) and 1-year (b, d) calibration scenarios. 496 
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 498 

Figure 4. (a, b) The number of river basins in which (red) KGE of BPA is at least 0.05 lower than that of the 499 

deterministically optimized model, (blue) KGE of BPA is at least 0.05 higher than that of the deterministically 500 

optimized model, and (gray) the difference in KGE between BPA and the deterministically optimized model 501 

is less than 0.05, in (a) 5-year and (b) 1-year calibration scenarios. (c, d) Same as (a, b) but for NSE. 502 

 503 
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 505 

 506 

Figure 5. (a) Weights in BMA (red bars) and BMPA (blue bars). (b) KGE of BPA (blue dots) and 507 

deterministically optimized models (red dots). (c) KGE of BMPA (blue dots) and BMA (red dots). Results of 508 

basin No. 43 (see Figure 1) are shown. 509 
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