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Abstract. Hydrological models are evaluated by comparisons with observed hydrological 16 

quantities such as streamflow. A model evaluation procedure should account for dominantly 17 

epistemic errors in measured hydrological data such as observed precipitation and streamflow and 18 

avoid type-2 errors (rejecting a good model). This study uses quantile random forest (QRF) to 19 

develop limits-of-acceptability (LoA) over streamflow that accounts for the measurement 20 

uncertainties. A significant advantage of this method is that it can be used to evaluate models even 21 

at ungauged basins. In this study, this method was used to evaluate a hydrological model – namely 22 

the Sacramento Soil Moisture Accounting (SAC-SMA) in St. Joseph River Watershed (SJRW) – 23 

in gauged and hypothetical ungauged scenarios. Using LoA alone to account for uncertainty in 24 

data yielded a large number of models as behavioral, suggesting the need for additional measures 25 

to develop a more discriminating inference procedure. Five streamflow-based signatures (i.e., 26 

autocorrelation function, Hurst exponent, baseflow index, flow duration curve, and long-term 27 

runoff coefficient) were used to further eliminate physically unrealistic models which were 28 

considered behavioral by LoAs. The combination of LoAs over streamflow and streamflow-based 29 

signatures helped constrain the set of behavioral models in both gauged and ungauged scenarios. 30 

Among the signatures used in this study, Hurst exponent and baseflow index were the most useful 31 

ones. The NSEs of behavioral models ranged from 0 to 0.65. Very wide predictive uncertainty 32 

bounds were obtained in the ungauged scenario. Many of the behavioral models resulted in 33 

underestimation (overestimation) of observed high (low) flow. Overall, the methodology used in 34 

this study showed promise as a model inference strategy. 35 

Keywords: Streamflow, Model (in)validation, Limits-of-acceptability, Machine learning, 36 

Prediction at ungauged basins 37 

1. Introduction 38 
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Environmental models need to be evaluated against field observations for their fitness-of-purpose 39 

and their ability to model system dynamics (Hrachowitz et al., 2014; Beven, 2019; Parker, 2020). 40 

Hydrological models utilize precipitation data and other meteorological inputs to simulate fluxes 41 

such as streamflows and states such as soil moisture as outputs. For a model to be considered good, 42 

simulated hydrological quantities should be consistent with available corresponding observations. 43 

The model evaluation problem is complicated by the uncertainty due to presence of measurement 44 

errors in observed input and output quantities (e.g., Renard et al, 2010; Le Coz et al., 2014; Beven, 45 

2019, 2023; Bardossy and Anwar, 2023). In what follows, the term ‘model’ will be used to refer 46 

to both model structures and any parameter set of a model structure. 47 

Often, a single parameter set of a model structure that optimizes a goodness-of-fit (GoF) measure 48 

is used as the optimal parameter set (e.g., Knoben et al., 2019; Kratzert et al., 2019; Mai, 2023). 49 

In some cases, several optimal parameter sets, referred to as pareto optimal, are identified (Harvey 50 

et al., 2023). However, the idea of optimal parameter set is not well defined for hydrological 51 

models (Beven and Binley, 1992) because there often exist several parameter sets and model 52 

structures - referred to as equifinal models - that simulate the observed hydrological quantities 53 

approximately equally well over the period of available data (Beven, 2006). A single optimal 54 

parameter set obtained by a global optimization routine (e.g., Duan et al., 1992; Tolson and 55 

Shoemaker, 2007) depends upon the objective function being considered and the calibration period 56 

(Beven, 2023), and hence is ill-defined given a finite calibration period and a small number of 57 

observed hydrological quantities – in most studies only observed streamflow data are available to 58 

evaluate a model. Even though equifinal models may yield equally good streamflow estimates over 59 

the calibration period, their performance for other periods might be very different. A validation 60 

period is typically used for independent assessment of model performance, but different parameter 61 
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sets may perform equally well for a validation period also.  Also, equifinal parameter sets may 62 

yield very different simulations of internal fluxes and states (Gallart et al., 2007; Khatami et al., 63 

2019; Hughes and Farinosi, 2021). Equifinality may also exist in terms of model setup pre-64 

calibration such as discretization (Refsgaard et al., 2022). 65 

Many methods have been proposed within the hydrologic literature to evaluate models and 66 

quantify uncertainties (see Gupta and Govindaraju (2022) for a recent review) including formal 67 

Bayesian methods (e.g., Kuczera et al., 2006), frequentist methods (Pande 2013a, 2013b), 68 

information-theoretic methods (Gong et al., 2013; Weijs et al., 2010a; 2010b; 2013), and 69 

generalized likelihood uncertainty estimation method (GLUE; Beven and Binley, 1992). The 70 

formal statistical methods use a probabilistic likelihood function to quantify the information in 71 

hydrological data and are based on aleatoric assumptions about the uncertainties. Thus, these 72 

methods are not applicable in hydrological modeling without strong assumptions because 73 

uncertainties encountered in hydrology are dominantly epistemic (Beven, 2019). Epistemic 74 

uncertainties by definition are the uncertainties of which statistical properties are unknowable for 75 

a given amount of data (Gupta and Govindaraju, 2022). These errors may vary from event to event 76 

in an arbitrary but non-random manner and are nonstationary (Beven, 2016; Gupta and Mackenna, 77 

2023, preprint). Further, there can be observed events that do not satisfy mass balance or other 78 

physical constraints and are referred to as disinformative periods (Beven and Westerberg, 2011). 79 

These disinformative periods may introduce biases during parameter estimation and affect the 80 

antecedent conditions for subsequent events (Beven and Smith, 2015). Therefore, it is very 81 

difficult to realistically define probabilities in the case of epistemic errors (Berger and Smith, 2018) 82 

even though probabilities have a sound epistemic underpinning (Jaynes, 2002; Montanari, & 83 

Koutsoyiannis, 2012). To some extent, the problem of wrong assumptions can be addressed by 84 
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making inference in spectral space, but this method has limitations as well (Schaefli and Kavetski, 85 

2017; Gupta and Govindaraju, 2022). Moreover, Information-theory based GoF metrics do not 86 

treat the uncertainties explicitly and are often used for finding an optimal parameter set. 87 

The idea of multi-objective optimization has also been used in hydrological modeling (e.g., Yapo 88 

et al., 1998; Efstratiadis, & Koutsoyiannis, 2010; Shafii et al., 2015; Harvey et al., 2023) where 89 

several models are obtained by optimizing multiple objectives simultaneously. These studies show 90 

that no single model is best for all the objective functions. A set of models, referred to as Pareto 91 

front, is obtained such that no model in the set is better or worse than other models in terms of all 92 

the objectives. While Pareto fronts address some of the problems with identifying a single model 93 

based on a single objective function, they do not address issues arising from uncertainty in the data 94 

and several good models might be rejected (type-2 error) in the process. 95 

In the GLUE framework, non-probabilistic likelihoods, also referred to as informal likelihoods, 96 

are used to assess the information content in hydrological data. The informal likelihood may be 97 

any GoF metric such as Nash-Sutcliffe efficiency (NSE). The idea behind using informal measures 98 

is that they reduce the over-conditioning of the parameter sets on data (e.g., Smith et al., 2008). 99 

The main limitation of the early application of informal likelihood measures was that the modeler 100 

had to decide the threshold value of NSE (or any other GoF metric) beyond which a model could 101 

be deemed behavioral. This is a difficult choice to make given the uncertainties in hydrological 102 

data and introduces subjectivity. Also, GoF measures collapse all the information in hydrological 103 

data into a single number, and thus, may not be able to represent information in hydrological data 104 

well (Gupta et al., 2008). However, several such GoF measures emphasizing different parts of the 105 

hydrograph (or another response variable) may be used in combination to address this problem, as 106 
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is done in multi-objective optimization, but the fundamental problem remains that these measures 107 

do not explicitly account for uncertainties. 108 

The limits-of-acceptability (LoA) method has been proposed within the GLUE framework to 109 

address some of the limitations of early GLUE applications (Beven, 2006; Liu et al., 2009; Krueger 110 

et al., 2010; Coxon et al., 2014; Hollaway et al., 2018; Beven, 2019; Beven and Lane, 2022). LoAs 111 

should be defined as the upper and lower bounds over streamflow (or any other relevant quantity) 112 

such that these bounds reflect the effects of errors in hydrological data (Beven et al., 2022; Gupta 113 

et al., 2023a). Thus, a model that simulates streamflows within LoAs (while accounting for 114 

potential outliers) may be considered as being consistent with the data. The goal is to identify all 115 

the models that simulate streamflow within LoAs. Note that this approach is different from 116 

identifying the good models based on comparing observed and simulated streamflow. Further, 117 

LoAs must be defined before any model calibration to avoid interactions between measurement 118 

and structural uncertainties. Several attempts have been made to model rainfall, streamflow and 119 

structural errors separately (e.g., Renard et al., 2010), however these studies show that the 120 

parameters of these models cannot be identified without strong prior information on these errors. 121 

Further, since LoAs are defined for each time step; a model can be evaluated at the timestep level 122 

using the LoA framework. 123 

The main advantage of the LoA method is that the conditions of model acceptability are defined 124 

before any model evaluation takes place. Once the LoAs are defined, a likelihood function can be 125 

based on the LoAs, which can then be used either in the GLUE framework or formal Bayesian 126 

framework (Nott et al., 2012). Even a Gaussian distribution, which forms the basis of many formal 127 

Bayesian studies, can be used to define a likelihood function by truncating it at LoAs, even though 128 

informal options may be more suitable depending on the application. The traditional applications 129 
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of formal Bayesian methods do not impose any limits on the spread of the Gaussian distribution, 130 

allowing a greater interaction between structural and measurement uncertainties. Indeed, the 131 

formal Bayesian methods assign a small probability to bad models but do not reject them (Lindley, 132 

2006), while GLUE and LoA methods follow a rejectionist framework. 133 

Often, LoAs are defined based on streamflow uncertainty only, and the effect of precipitation 134 

uncertainty is included by subjectively increasing the width of the LoA (e.g., Krueger et al., 2010; 135 

Coxon et al., 2014). In some studies where LoAs were based only on streamflow uncertainty (e.g., 136 

Hollaway et al., 2018), all the evaluated models were rejected.  Beven (2019) proposed a method 137 

to define LoAs based on variability of runoff ratios of rainfall-runoff events. This method accounts 138 

for both the precipitation and streamflow measurement uncertainties, but the method is applicable 139 

to flashy watersheds only and cannot account for timing errors. 140 

Gupta et al. (2023a) proposed a decision tree (DT) based method to define LoAs. This method 141 

accounts for the effects of both streamflow and precipitation uncertainty. One of the advantages 142 

of the DT method is that it can use data from donor watersheds (watersheds other than the 143 

watershed where the model is to be evaluated) to define LoAs. Hence, DTs can be used to define 144 

LoAs for both gauged and ungauged catchments. Gupta et al. (2023a) derived DT-based LoAs for 145 

four subbasins located within St. Joseph River Watershed (SJRW). This study builds on Gupta et 146 

al. (2023a) by applying these LoAs to evaluate a hydrological model. 147 

One interesting application of DT-based LoA is that it can be used to evaluate a hydrological model 148 

even at ungauged locations. Prediction at ungauged basins (PUB) is one of the most important and 149 

challenging problems in hydrological science (Hrachowitz et al., 2013). To constrain the 150 

simulations in an ungauged basin, information is transferred from similar donor watersheds to the 151 

parent watershed by parameter regionalization or streamflow signature regionalization (Razavi and 152 
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Coulibaly, 2013). Essentially, rainfall-runoff process in the ungauged watershed is inferred using 153 

the data from other similar gauged catchments. But the regionalization process has significant 154 

additional uncertainty which is also difficult to quantify (Wagener and Montanari, 2011). DT-155 

based LoAs can be useful for addressing the PUB challenge by providing a simple metric to 156 

evaluate models at ungauged locations while accounting for data uncertainties. Also, DT-LoAs 157 

allow model evaluation at each time-step as opposed to integrated measures of model evaluation 158 

measure provided by signature-based constraints. Therefore, this study also explores the suitability 159 

of ML-based LoAs in evaluating models. 160 

If the uncertainties in data are large, several models might be consistent with the observed 161 

streamflow time series, but many of these models may not necessarily represent catchment 162 

dynamics satisfactorily (Hrachowitz et al., 2014). To address this problem, the use of hydrological 163 

signatures has been proposed (Gupta et al., 2008; Euser et al., 2013; Hrachowitz et al., 2014; 164 

Fenicia et al., 2018; Kavetski et al., 2018). According to this methodology, a model can only be 165 

accepted as behavioral if it reproduces the observed signatures, along with observed sequences of 166 

streamflow. An example of such a signature-based constraint is the long-term runoff coefficient 167 

(LRC) of a watershed (Kiraz et al., 2023); the simulated LRC should equal the observed LRC 168 

within the margin of errors. It is believed that the effect of errors in precipitation and streamflow 169 

will be reduced over a long timescale because of cancellation of errors (e.g., Kavetski et al., 2018; 170 

Gupta and Mackenna, 2023, preprint). These constraints can be referred to as soft constraints. In 171 

this study, the role of signature-based soft constraints in identifying behavioral models will also 172 

be explored. The use of soft constraints can be particularly beneficial in ungauged catchments 173 

(e.g., Dal Molin et al., 2023). 174 

The objectives of the study were as follows: 175 
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(1) To test the suitability of DT-based LoAs for evaluating a conceptual hydrological model, 176 

(2) To understand the impact of input and streamflow uncertainties on hydrological model 177 

evaluation, 178 

(3) To evaluate the capability of streamflow-based signatures (soft constraints) in identifying 179 

nonbehavioral models, 180 

(4) To explain why a model is rejected or accepted as a behavioral model. 181 

The main novelty of this paper lies in using DTs to evaluate a hydrological model. This method 182 

accounts for both precipitation and streamflow uncertainty; other methods (except the runoff-ratio 183 

method) neglect precipitation uncertainty. A significant advantage of DTs is that they can be used 184 

for regionalization of streamflow to evaluate a hydrological model at ungauged locations at time-185 

step level, while accounting for uncertainties. Further, a well-known spectral property of 186 

streamflow time series called long-term persistence (discussed below) has been used as 187 

streamflow-based signature – this signature can be applied at both gauged and ungauged locations. 188 

To the best of authors’ knowledge, this paper provides the first attempt to test the utility of long-189 

term persistence as a signature for model evaluation at both gauged and ungauged locations (see 190 

Westerberg and McMillan, 2015; McMillan et al., 2021 for a review of signatures used in 191 

hydrology; also see Yadav et al., 2007; Shafii and Tolson, 2015). We note that other spectral 192 

properties such as auto-correlation function etc. have been used in earlier studies to calibrate 193 

hydrological models (Winsemius et al., 2009; Castiglioni et al., 2010; De Vleeschouwer and 194 

Pauwels, 2013), but long-term persistence seems not to have been used in this context. Typical 195 

hydrological modeling studies calibrate a model either in time domain or signature domain (e.g., 196 

Coxon et al., 2014). The ‘signature domain only’ calibration is done to avoid the biases introduced 197 

by systematic errors in hydrological data (Fenicia et al., 2018), but signatures may lose some of 198 
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the information contained in streamflow time series. Thus, this study combines calibration in time 199 

domain and signature domain. Using LoAs over streamflows only may result in acceptance of 200 

physically unrealistic simulations; signatures are used to identify these unrealistic simulations.  201 

 202 

2. Hydrological model and data 203 

2.1 Hydrological Model 204 

The Sacramento Soil Moisture Accounting (SAC-SMA; Burnash, 1995) model along with a snow 205 

model and runoff routing model was used in this study. SAC-SMA has been used in several studies 206 

to simulate streamflow (Sorooshian et al., 1993; Vrugt et al., 2006; Kratzert et al., 2019). It is a 207 

conceptual model with several parameters requiring calibration. Two other models, a snow model 208 

and a runoff routing model, were used along with SAC-SMA. The SAC-SMA model simulates 209 

infiltration, percolation, evapotranspiration, and surface runoff. The runoff routing model routes 210 

the runoff to a streamflow outlet. Evapotranspiration calculations were based on potential 211 

evapotranspiration, calculated using the Hamon equation (Hamon, 1963). The snow model used 212 

was snow-17 (Anderson, 1976), and the routing model used was unit hydrograph represented by 213 

gamma distribution. The combined model has a total of 24 parameters that were varied within 214 

predefined ranges to simulate streamflow and other hydrological fluxes. A list of these parameters 215 

along with their ranges, as used in this study, is provided in Table 1. 216 

2.2 Study area 217 

Four subwatersheds in St. Joseph River Watershed (SJRW) were used as test cases in this study 218 

(Fig. 1). SJRW drains a total area of approximately 3000 km2, overlapping the states of Michigan, 219 

Indiana, and Ohio in eastern USA. Climate in this watershed is characterized by hot summers and 220 



11 
 

cold winters, with precipitation falling throughout the year. Snowfall is an important component 221 

of the hydrological cycle. Major land use type is cropland and forest (Mallya et al., 2020). The 222 

four SJRW stations are identified by their USGS (United States Geological Survey) station number 223 

at the outlet where streamflows are measured. A list of these stations along with some of the 224 

characteristics of corresponding drainage areas are provided in Table 2. 225 

2.3 Hydrological data 226 

Data from six NCDC (National Climate Data Center) rain gauges outside but near the SJRW were 227 

used to compute daily areal average precipitation using the Thiessen polygon method. Other 228 

meteorological data required for the SAC-SMA are average daily temperatures which were also 229 

available from the six NCDC stations. Mean daily streamflow data were available from the USGS 230 

website. Data from calendar years 2001-2016 were used in this study, with   2001-2010 data being 231 

used for identifying behavioral models and the remaining data being used for independent 232 

validation. For three of the gauges (04180500, 04180000, 04178000) the year 2001 was used as 233 

the warm-up period and the years 2002-2010 were used for model evaluation (or calibration). For 234 

the gauge 04179520, year 2002 was used as the warm-up period and the years 2003-2010 were 235 

used for model evaluation, because data for the year 2001 were not available for this station. 236 

In addition, data from 431 watersheds located in Ohio River Basin (ORB) were used to develop a 237 

machine learning (ML) model. Some details of these watersheds can be found in Gupta et al., 238 

(2023a). Data from ORB were used to regionalize streamflow in ungauged scenario and to 239 

augment the training data in gauged scenario (explained below). 240 
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Figure 1. St. Joseph River Watershed (SJRW) with drainage areas of the four USGS 241 

stations and rainfall gauges 242 

 243 

 244 

 245 

 246 
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Table 1. Parameters of the hydrological model along with their initial range 247 

 Parameter Range 

  

Snow parameter SCF [0.1, 5] 

PXTEMP [-1, 3] 

TTI [0, 0] 

MFMAX [0.80, 3] 

MFMIN [0.010, 0.79] 

UADJ [0.010, 0.40] 

MBASE* 0 

TIPM [0.01, 1] 

PLWHC [0.01, 0.40] 

NMF [0.040, 0.40] 

DAYGM [0.010, 0.50] 

Hydrological parameter UZTWM [1, 800] 

UFWM [1, 800] 

LZTWM [1, 800] 

LZFPM [1, 1000] 

LZFSM [1, 1000] 

UZK [0.10, 0.70] 

LZPK (0, 0.025] 

LZSK (0, 0.25) 

ZPERC [1. 250] 

REXP [0, 6] 

PFREE [0, 1] 

PCTIM* 0 

ADIMP* 0 

RIVA* 0 

SIDE* 0 

RSERV [0, 1] 

Routing parameters  

(Unit hydrograph: 

1

𝛽𝛼 𝛤(𝛼)𝑥𝛼−1 𝑒𝑥𝑝 (−
𝑥

𝛽
)) 

Shape parameter (𝛼) [1, 5] 

Scale parameter (𝛽) (days) (0, 150] 

Evapotranspiration parameter Hamon model parameter [1.26, 1.74] 

*Parameters that were not calibrated 

 248 

  249 
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Table 2. List of St. Joseph River Watershed (SJRW) stations. The method to estimate baseflow 250 

ranges has been described in the Appendix A. The values of BFI, LRC and H are based on 251 

calibration period data. 252 

USGS station Drainage 

Area (km2) 

Elevation 

(m) 

Baseflow index (BFI) 

range 

Long-term Runoff 

Coefficient (LRC) 

Hurst exponent 

(H) 

04180500 2745.40 281.58 0.25 – 0.54 0.375 0.72 

04180000 699.30 277.02 0.26 – 0.58 0.387 0.76 

04179520 233.62 286.53 0.30 – 0.59 0.377 0.86 

04178000 1579.90 291.4 0.34 – 0.76 0.386 0.78 

 253 

3. Model evaluation 254 

3.1 Limits-of-Acceptability and likelihood function 255 

The details of LoA construction using DTs can be found in Gupta et al. (2023a). Briefly, a DT-256 

based method called quantile random forest (QRF) was used to define LoA. QRF is a tree-based 257 

ML model that yields a distribution for the response variable for a given predictor vector. In QRF, 258 

the predictor space is divided into several contiguous and non-overlapping sub-regions. This 259 

division is carried out using the calibration/training data; the algorithm for defining these sub-260 

regions can be found in any ML textbook (e.g., Hastie et al., 2001). To determine the distribution 261 

of the response variable for any predictor vector, first the sub-region to which the predictor vector 262 

belongs is determined and then the training samples falling in each sub-region are used to define 263 

the distribution. The process of division of predictor space into several sub-regions can be 264 

visualized as a tree (see Fig. 2 in Gupta et al., 2023a). Division of predictor space is carried out 265 

iteratively which can be visualized as growth of the tree into different nodes. The nodes obtained 266 

after the final iteration are referred to as leaf nodes.  267 
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In this study, QRF models were developed using the predictor variables listed in Table 3 and 268 

streamflow was the response variable. Therefore, QRF yielded a distribution of streamflow values 269 

for a given predictor vector. This distribution represents all the possible streamflow values while 270 

accounting for errors in hydrological data. A similar argument to define LoAs was also made in 271 

Winsemius et al. (2009); these authors defined LoAs over some streamflow signatures based on 272 

interannual variability of the signatures. Gupta et al. (2023a) claimed that LoAs defined using QRF 273 

can account for both precipitation and streamflow uncertainty because QRF groups similar 274 

predictor variables (predictor vectors that are close to each other in predictor space) into leaf nodes 275 

and the large difference between responses can be attributed either to lack of relevant predictor 276 

variables and errors in predictor variables (primarily precipitation and temperature in this study) 277 

and response variables (streamflow in this study). 278 

When constructing LoAs using QRF, one has to decide the lower and upper percentiles of response 279 

variable in a leaf node to be used as lower and upper LoAs. In what follows, the results 280 

corresponding to 1st percentile and 99.5th percentiles will be discussed in detail. The 97.5th 281 

percentiles were also used to define upper LoAs; these results are presented in Supplementary 282 

Information (SI) and only sparingly discussed in the main text. 283 

In this study, three QRF models were used to test the applicability of LoA concept in three different 284 

scenarios: 285 

(1) Gauged-single scenario (LoAGS): The QRF models were trained using data from only the 286 

watersheds where the LoAs were to be constructed. For example, to construct LoAs for the 287 

station 04180500, data from only this station were used. In this case, the meteorological 288 

data were used as inputs and streamflow as output. 289 
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(2) Gauged scenario (LoAG): The QRF models were trained using data from multiple 290 

watersheds including data from the station where LoA were to be constructed. In this study, 291 

data from 431 watersheds in Ohio River Basin (ORB) along with the data from the four 292 

SJRW stations were used to develop this model (see Gupta et al., 2023 for details). 293 

(3) Ungauged scenario (LoAUG): The QRF model was trained using data from only the ORB 294 

watersheds; data from the four SJRW stations were not used to train the model. This 295 

scenario represents the ungauged case when data are not available at the station where a 296 

hydrological model is to be evaluated. 297 

The gauge-single scenario represents the case where we focus on data from a single watershed to 298 

develop a hydrological model. The gauged scenario represents the case where data from several 299 

watershed are available and are used here to test the utility of such a dataset in terms of model 300 

validation in a particular watershed – this has become a popular practice in ML application for 301 

streamflow prediction (e.g., Kratzert et al., 2019). The ungauged scenario is used to test the 302 

usefulness of data across multiple watersheds in terms of model evaluation in a particular 303 

watershed where streamflow data are not available. The LoAs were constructed using data from 304 

the calibration period (2001-2010) and the remaining data (2011-2016) were kept as an 305 

independent validation period. 306 

In ungauged scenario, QRF model was trained using data from 431 ORB watersheds and data from 307 

SJRW stations were not used. Therefore, we expect that the transfer of information from gauged 308 

to ungauged location would incur additional uncertainty. Gupta et al. (2023a) tested the developed 309 

models in terms of their ability to simulate observed streamflow. The tests were carried out in the 310 

ungauged scenario as it is a more stringent test. The NSE values obtained for the stations 311 

04180500, 04180000, 04179520, and 04178000 were 0.57, 0.63, 0.60, and 0.36, respectively. 312 
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These NSEs seem good enough to define LoAs except for the station 04178000 (Gupta et al., 313 

2023a). But LoAs developed even for the station 04178000 were quite useful. Gupta et al. (2023a) 314 

further showed that LoAs constructed for these four stations accounted for the effects of 315 

streamflow and precipitation measurement uncertainty. Effect of random streamflow uncertainty 316 

were approximated using the probabilistic rating curve analysis. Effects of potential epistemic 317 

uncertainties in peak streamflow values was also tested: it was shown that LoAs obtained would 318 

envelop the true peak streamflow values even if the observed values were underestimates of true 319 

values by up to 100%. The typical errors in peak streamflow have been reported to be 20–40% (Di 320 

Baldassarre and Montanari, 2009). The uncertainty in precipitation was estimated using the Monte-321 

Carlo sampling of the rain-gauges without replacement. Further, the LoAs obtained using the QRF 322 

method were compared against those obtained by using the runoff-ratio method. Some other 323 

properties of the LoAs obtained using the QRF method are discussed below. 324 

 325 

  326 
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Table 3. Predictor variables in machine learning models to estimate streamflow time series at a 327 

station in a river-network. Exploratory statistics in the third column represent (minimum, 328 

maximum, median, and mean). (From Gupta et al., 2023a) 329 

Predictor variable Description Exploratory Statistics 

Drainage area (Km2) Cumulative drainage area of streamflow station (7.74, 250260, 624, 4187) 

Impervious Area*(%) Percentage of impervious area (1.92, 7.74, 6.36, 6.44) 

Sand content**(%) Percentage of sand content (6.34, 49.61, 20.97, 19.78) 

Clay content (%) Percentage of clay content (15.88, 45.12, 26.03, 27.58) 

Conductivity (µm s−1) Average hydraulic conductivity of the drainage area (0.01, 77.22, 0.19, 3.51) 

Permeability (cm hr−1) Average permeability of the drainage area (1.02, 15.09, 3.87, 4.82) 

Rainfall*** Total daily rainfall during current and previous 1, 7, and 30 

days 

– 

Snowfall Total Daily snowfall during current and previous 1 and 30 

days 

– 

Snow depth Daily snow depth during current and previous 1 and 30 days – 

Temperature Average daily maximum and minimum temperature at 

current day 

– 

* Land-use data were collected from NLCD database 

** Soil data were collected from STATSGO database 

*** Climate data were collected from Global Historical Climatology Network (GHCN) database 

 330 

Streamflow time series were simulated using a total of 106 parameter sets sampled uniformly 331 

from the parameter space (Table 1). A parameter set was considered behavioral if it satisfied the 332 

following four criteria: 333 

(1) At least (1 − 𝛼)100% of the simulated streamflows are enveloped by the LoA. 334 

(2) At least (1 − 𝛼)100% of the simulated rising limb flows are enveloped by the LoA. 335 

(3) At least (1 − 𝛼)100% of the simulated recession flow are enveloped by the LoA. 336 

(4) At least (1 − 𝛼)100% of the peak streamflow values, identified as greater than 90 337 

percentile streamflow value, are enveloped by the LoA. 338 
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These criteria were used to ensure that all parts of the hydrograph are well simulated by a 339 

behavioral parameter set. Otherwise, it is possible that a parameter set simulates the high 340 

streamflow within LoAs but does not simulate the low flows well at several timesteps. These 341 

criteria maybe varied depending upon the intended application of the model. Two values of 𝛼 were 342 

used: 𝛼 = 0.05 (5% outliers) and 𝛼 = 0.00 (no outliers). The 𝛼 = 0.05 is used to allow for outliers 343 

since LoAs are defined using only 10 years of data, leaving room to accommodate future surprises. 344 

When 𝛼 = 0.00, a parameter set was considered behavioral only if it simulated streamflow within 345 

LoA at all the time steps (no outliers). 346 

Each behavioral model was assigned a likelihood value using the following procedure. First, each 347 

time-step in the calibration period was assigned a score between -1 to 1 using the equation 348 

(Hollaway et al., 2018) 349 

 
𝑆𝑐𝑜𝑟𝑒𝑡 = {

(𝑦̂𝑡 − 𝑦𝑡)/(𝐿𝑈𝑡 − 𝑦𝑡), (𝑦̂𝑡 − 𝑦𝑡) ≥ 0

(𝑦̂𝑡 − 𝑦𝑡)/(𝑦𝑡 − 𝐿𝐿𝑡), (𝑦̂𝑡 − 𝑦𝑡) < 0
 

 

(1) 

where 𝑆𝑐𝑜𝑟𝑒𝑡 denotes the score value at timestep 𝑡,  𝑦̂𝑡 denotes simulated value at timestep 𝑡, 𝑦𝑡 350 

denotes observed value at timestep 𝑡, 𝐿𝑈𝑡 and 𝐿𝐿𝑡 denote the upper and lower LoAs at timestep 𝑡, 351 

respectively. A positive (negative) score value at a time step implies overprediction 352 

(underprediction). Second, each timestep was assigned a weight based on their score as follows: 353 

 

𝑊𝑡 = {

1 − 𝑆𝑐𝑜𝑟𝑒𝑡, 0 ≤ 𝑆𝑐𝑜𝑟𝑒𝑡 ≤ 1

(1 + 𝑆𝑐𝑜𝑟𝑒𝑡)2, −1 ≤ 𝑆𝑐𝑜𝑟𝑒𝑡 < 0 

0,                                    othewise

 
(2) 

 354 

Finally, the likelihood 𝐿(𝑀) of a model 𝑀 was computed as follows: 355 



20 
 

 

𝐿(𝑀) = 𝐶 [
1

𝑇
∑

|𝑦𝑡 − 𝑦̂𝑡|

(𝑊𝑡 + 𝛿)

𝑇

𝑡=1

]

−1

, 

𝛿 = min{𝑊𝑡|𝑡 ∈ [1, 𝑇], 𝑊𝑡 ≠ 0} , 

(3) 

 356 

where 𝑇 denotes the number of calibration timesteps and 𝐶 is the scaling factor so that likelihood 357 

values for different models sum up to one. Underpredictions were penalized more heavily in the 358 

computations of weights (Eq. 2) because QRF defines LoAs such that models with 359 

underpredictions are more likely to be accepted than the ones with overpredictions as both 360 

observed and simulated streamflow are bounded below by zero and 𝐿𝐿𝑡 defined by QRF are close 361 

to zero; thus, LoAs are biased toward models underpredicting streamflow as behavioral. Further, 362 

this likelihood function was defined following the intuition that (1) the models that simulate 363 

streamflow with large deviations from the observed streamflow should get lower likelihood, and 364 

(2) the timesteps at which streamflow is simulated outside the defined LoAs should be penalized 365 

more heavily. 366 

Predictive uncertainty at a timestep was computed as the 99% credible region defined using 367 

the 0.5th and 99.5th percentiles of simulated streamflows using behavioral parameter sets and for 368 

both calibration and validation periods. The percentile values were defined based on the 369 

cumulative distribution function (CDF) at each timestep which, in turn, could be obtained using 370 

the likelihood values as defined in Eq. (3). 371 

3.2 Streamflow-based signatures 372 

Five streamflow-based hydrological signatures were used to further constrain the acceptable model 373 

behaviors. These constraints include autocorrelation function (ACF) of streamflow time-series, 374 



21 
 

Hurst exponent (H) of streamflow time series, baseflow index (BFI), flow duration curve (FDC), 375 

and long-term runoff coefficient (LRC). The observed and simulated signatures were compared to 376 

check whether the simulated signatures reflect the expected watershed function. These signatures 377 

are summarized in Table 4. 378 

For a model to be accepted as behavioral by ACF constraint, the NSE between observed and 379 

simulated ACF for the lags 1-100 days should be greater than 0.6. For a model to be acceptable as 380 

behavioral by the FDC constraint, the NSE between observed and simulated FDCs should be 381 

greater than 0.6. The comparison between the two FDCs was done using the flow value at and 382 

between 5th and 95th exceedance probability equally spaced by 5 percentiles. For a model to be 383 

accepted as behavioral by the LRC constraint, the simulated LRCs should be between 0.6𝐿𝑅𝐶𝑜𝑏𝑠 384 

and 1.4𝐿𝑅𝐶𝑜𝑏𝑠. Signature values may also be affected by data uncertainty (Westerberg and 385 

McMillan, 2015); therefore, the acceptance criteria on these signatures were set to wide margins 386 

to avoid false negative errors (rejecting a good model). For example, Westerberg and McMillan 387 

(2015) reported ≈ +20% uncertainty in LRC with rain-gauge density of 
1

135
km−2 for 135 km2 388 

Brue catchment. 389 

To compute observed BFI, first baseflow was estimated using the method proposed by Collischonn 390 

and Fan (2013) and then, BFI was computed as the ratio of total baseflow and total streamflow. 391 

Simulated baseflow was obtained directly from the SAC-SMA as one of the outputs. In this study, 392 

the method of Collischonn and Fan (2013) was used to compute a range of BFI values instead of 393 

just one BFI value (Appendix A). According to the BFI constraint, a model was accepted as 394 

behavioral only if it simulated BFI within this range (see Table 2 for the range of BFI values used 395 

for different test watersheds). 396 
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Hurst exponent of a simulated streamflow time series was estimated using the periodogram of the 397 

time series. Periodogram of a time series is very noisy irrespective of the amount of data available 398 

to estimate it (Priestley, 1982); therefore, a piecewise linear curve was fitted to the estimated 399 

periodogram (Kim et al., 2015). The streamflow periodogram can be approximated by |𝜔|1−2𝐻 as 400 

𝜔 approaches zero (Beran, 1994), where 𝐻 denotes the Hurst exponent and 𝜔 denotes the 401 

frequency in radians/day. Thus, 𝐻 was estimated by  402 

 𝐻 = −
𝑠

2
+ 0.5, (4) 

where 𝑠 denotes the slope of the periodogram on log-log plot near 𝜔 = 0.  403 

There are several methods to estimate 𝐻 (see Montanari et al., 1999) but these methods yield 404 

significantly different value of 𝐻. Perhaps the best method to estimate 𝐻 value is to fit a stochastic 405 

FARIMA model to streamflow time series (Montanari et al., 1997; Gupta et al., 2023b); but this 406 

method is computationally infeasible for this study as it takes significant computational resources 407 

for just one streamflow time series, making it practically impossible to implement for 106 408 

simulated time series. Equation (4) was adopted in this study.  It is known that the 𝐻 value for a 409 

typical streamflow time series lies between 0.5 and 1 (Montanari et al., 1997; Mudelsee, 2007). 410 

Indeed, Gupta et al. (2023b) fitted FARIMA models to streamflow time series from more than 500 411 

watersheds across the USA; all of the models were well fitted to the time series with 𝐻 value 412 

between 0.5 to 1. Therefore, 𝐻 value of a simulated streamflow time series should fall between 413 

0.5 and 1 for a model to be accepted as behavioral according to this constraint. A relaxed limit has 414 

been used on 𝐻 because of difficulties in estimating 𝐻 values and to avoid rejecting good models. 415 

It will be shown that even this relaxed limit on 𝐻 can be helpful in identifying non-behavioral 416 

simulations. 417 
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The periodogram of a stationary stochastic time series is the sample estimate of power spectral 418 

density which, in turn, is the square of the absolute values of the Fourier coefficients of the 419 

corresponding autocorrelation function (Priestley, 1982). Therefore, signature ACF and H used in 420 

this study are closely related to each other. However, the ACF signature cannot be used in 421 

ungauged scenario. But H can be used in both gauged and ungauged scenarios, since we constrain 422 

H value of simulated streamflow between 0.5 and 1.0, irrespective of the H value of the observed 423 

streamflow series. Similarly, none of the other signatures (FDC, BFI, and LRC) can be used in the 424 

ungauged scenario unless the value of these signatures is estimated using the data from donor 425 

watersheds which themselves have significant uncertainties associated with them (e.g., Dal Molin 426 

et al., 2023). Nevertheless, the simulations with extremely high or low values of BFI may still be 427 

rejected as non-behavioral in ungauged basins. In this study, simulations with BFI values of less 428 

than 0.10 or greater than 0.90 were considered non-behavioral in ungauged basins. 429 

  430 
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Table 4. Streamflow signatures. All the signatures were computed for the calibration 431 

period. 432 

Signature Abbreviati

on 

Applicability Description Acceptance criterion 

Autocorrelat

ion function 

ACF Gauged Autocorrelations of 

streamflow time series for the 

lags of 1 to 100 days 

NSE between observed and 

simulated ACF should be 

greater than 0.60. 

Hurst 

exponent 

H Gauged and 

ungauged 

Hurst exponents of time-

series obtained from the slope 

of the power spectral density 

(estimated by periodogram) of 

the streamflow time series 

H should fall between 0.5 

and 1. 

Flow 

duration 

curve 

FDC Gauged Values of FDC at and 

between 5 and 95% 

exceedance probabilities 

spaced by 5 percentiles 

NSE between observed and 

simulated FDC should be 

greater than 0.60. 

Baseflow 

Index 

BFI Gauged and 

ungauged 

Ratio of total baseflow to the 

total streamflow over the 

entire calibration period 

excluding the baseflow period 

Simulated BFI should fall 

between a minimum 

(BFImin) and maximum 

(BFImax) listed in Table 2. 

For ungauged scenario, 

BFImin = 0.10 and BFImax = 

0.90 

Long-term 

runoff 

coefficient 

LRC Gauged Ratio of simulated to 

observed streamflow 

Simulated LRC should be 

greater than 60% and 

smaller than 140% of 

observed LRC 

 433 

4. Results 434 

4.1 Limits-of-acceptability (LoAs) and number of behavioral models 435 

Figure 2 shows the LoAs obtained by QRF method in the three scenarios along with observed 436 

streamflow and precipitation. Here, 99.5th percentiles were used to define upper LoAs. The LoAs 437 

obtained by using 97.5th percentile values are shown in Fig. S1 (SI). The three LoAs envelop the 438 

observations at most of the time-steps. This is also evident from Table 5 which lists the fractions 439 

of observations enveloped by the LoAs. The LoAUG were the widest. The LoAG and LoAGS were 440 
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similar at most of the timesteps except at the two major peaks. The wider LoAs obtained in 441 

ungauged scenario are desirable since we want to include as many rainfall-runoff behaviors as 442 

possible and we expect larger uncertainty in model simulations at ungauged basins. The lower 443 

LoAs were close to zero at all the timesteps because of using 1st percentile in the leaf nodes as the 444 

lower LoAs. Models consistently underpredicting observed streamflow are less likely to be 445 

rejected even if they are bad simulators of a watershed’s hydrological processes, thus needing to 446 

penalize underpredictions more heavily in the likelihood function (Eq. 2). 447 

There were timing errors between observed peaks and LoA peaks (for example, at time step 2630); 448 

the timing errors were pronounced at gauge 04178000. These timing errors are likely due to timing 449 

errors in observed precipitation (Gupta et al., 2023). Notably, these timing errors were absent in 450 

LoAGS in several cases and may be attributed to compensation of local epistemic errors in 451 

precipitation by gauged-single model. Another notable feature is presence of peaks in LoAs at 452 

some time steps where the streamflow is in recession phase -  again likely due to potential 453 

epistemic uncertainty in precipitation. These features have been discussed in detail in Gupta et al. 454 

(2023a). 455 

Table 6 lists the number of models accepted as behavioral for each scenario, for the two cases: (i) 456 

when 5% outliers were allowed and (ii) when no outliers were allowed. The number of behavioral 457 

models were very different when 99.5th percentiles were used as upper LoAs compared to when 458 

97.5th percentiles were used as upper LoAs. The number of accepted behavioral models were 459 

significantly larger in the ungauged scenario which is expected given the wider LoAs in this 460 

scenario. Interestingly, when no outliers were allowed and 97.5th percentiles were used as the upper 461 

LoA, no behavioral models were identified in the gauged scenario for any of the four watersheds. 462 

In other cases, the gauged scenario yielded larger number of behavioral models compared to those 463 
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in gauged-single scenario for the watersheds 04180500 and 04180000; the gauged-single scenario 464 

yielded larger number of behavioral models for the other two watersheds. In summary, the number 465 

of behavioral models depends strongly on the way LoAs are constructed. 466 

 

Figure 2. Using 99.5th percentile. Limits-of-acceptability (LoAs) obtained for the four 467 

watersheds in three scenarios: Ungauged (green band), Gauged (blue band), and Gauged-468 

single (black band), along with observed streamflow (red dots) and precipitation. The upper 469 

LoA bounds were determined using 97.5th percentiles. 470 

 471 

 472 
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Table 5. Fractions of observations enveloped by the LoAs when the upper LoAs were defined by 473 

97.5th and 99.5th percentiles. Lower LoAs were defined by using 1st percentile in both the cases. 474 

Gauge Using 97.5th percentile as upper LoAs Using 99.5th percentile as upper LoAs 

 Ungauged  Gauged Gauged-

single 

Ungauged  Gauged Gauged-

single 

04180500 0.992 0.997 0.999 0.998 0.999 0.999 

04180000 0.994 0.995 0.997 0.999 1.000 0.998 

04197520 0.995 0.991 0.997 0.999 0.999 0.997 

04178000 0.987 0.994 0.998 0.997 0.998 0.999 

 475 

Table 6. Percentage of parameter sets selected as behavioral using LoAs as constraints. Total 476 

number of tested parameter sets were 106 477 

Gauge Using 99.5th percentile as upper LoA Using 97.5th percentile as upper LoA 

 Gauged-single Gauged Ungauged Gauged-single Gauged Ungauged 

Allowing 5% outliers 

04180500 5.51 7.01 22.40 1.95 2.26 15.29 

04180000 6.15 6.92 30.47 1.56 1.78 18.08 

04179520 11.99 7.92 28.88 4.22 2.21 17.93 

04178000 11.20 6.58 21.61 6.66 2.37 12.96 

Without allowing outliers 

04180500 0.09 0.011 1.56 0.00 0.00 0.45 

04180000 0.03 0.006 1.73 0.0001 0.00 0.37 

04179520 0.16 0.004 1.57 0.003 0.00 0.30 

04178000 1.75 0.009 0.94 0.50 0.00 0.22 

 478 

4.2 Analysis of gauged-single scenario (LoAGS) 479 

Fig. 3 shows the calibration and validation period NSEs for the behavioral models determined 480 

using LoAGS. The parameter sets that satisfied the four criteria listed above during the calibration 481 

period were accepted as behavioral; the performance of behavioral parameter sets was then 482 

evaluated using the independent validation period. When 5% outliers were allowed, several models 483 

were accepted as behavioral. The calibration NSEs of the behavioral models ranged from less than 484 
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0 to ≈ 0.75. There were many models with a low calibration NSE but high validation NSE. 485 

Further, there were many non-behavioral models with high calibration NSE (not shown). When 486 

no outliers were allowed, a much smaller number of models were accepted as behavioral. Again, 487 

both calibration and validation NSEs ranged from 0 to 0.70. These results emphasize the 488 

importance of explicit consideration of uncertainties in the data for evaluating hydrological 489 

models; GoF measures such as NSE may be misleading as the models with high NSE values may 490 

still have large number of time steps inconsistent with the observations. 491 

Figure 3 shows the behavioral models accepted using 99.5th percentile as the upper LoAs. The 492 

same plot but using 97.5th percentile as the upper LoAs is shown in Fig. S2 (SI). As expected, the 493 

plot with 97.5th percentile as the upper LoA yielded fewer behavioral models. 494 

Figure 4 shows the scatter plot of likelihood values against NSEs for behavioral models when 5% 495 

outliers were allowed. The models with low NSEs were always assigned low likelihood values. 496 

Models with high NSEs were assigned a range of likelihood values from smallest to the largest. 497 

Thus, behavioral models with low NSE values will have very small contributions to predictive 498 

uncertainty computation, which is a desirable property. Importantly, several models with high NSE 499 

values will also have small contributions to predictive uncertainties. 500 
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Figure 3. Using 99.5th percentile. Nash-Sutcliffe Efficiency (NSE) in calibration and 501 

validation periods for all the behavioral parameter sets obtained using limits-of-acceptability 502 

(LoA) in the gauged-single scenario. The blue markers represent the parameter sets obtained 503 

by allowing 5% outliers and the orange markers represent the parameter sets without 504 

allowing any outliers. 505 

 506 

 507 
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Figure 4. Using 99.5th quantile as upper LoA and allowing 5% outliers. Likelihood values 508 

plotted against calibration NSEs. Each dot represents one parameter se and the likelihood 509 

values shown are unscaled. 510 

 511 

To further investigate the properties of the behavioral models, the observed streamflows were 512 

divided into seven ranges based on where they fall on a flow duration curve. These ranges are 0-5 513 

percentiles, 5-20 percentiles, 20-40 percentiles, 40-60 percentiles, 60-80 percentiles, 80-95 514 

percentiles, and 95-100 percentiles. Figure 5 shows the score values (Eq. 1) assigned to different 515 

behavioral simulations for the seven streamflow ranges at gauge 04180500. The width of the 516 
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shaded part is proportional to the probability density of scores. The low flows were overestimated 517 

while the high flows were underestimated by most of the behavioral models. This general pattern 518 

was more pronounced when no outliers were allowed, implying that the several additional models 519 

accepted by allowing for outliers underestimated low flows and overestimated high flows.  520 

The median values and shaded high-density regions were close to score zero for 0-60 percentile 521 

ranges, implying several behavioral models simulated streamflows close to the observed 522 

streamflow for these flow ranges. The median values and high-density regions were in negative 523 

score range for 60-100 percentile ranges, implying most of the behavioral models underpredicted 524 

high flows. Indeed, when no outliers were allowed, all the behavioral models underpredicted flows 525 

in the 95-100 percentile range. The results for the other three streamgauges were also similar, as 526 

shown in SI (Fig.s S3-S5). 527 

 528 
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Figure 5. Gauge 04180500, using 99.5th percentile as upper LoA, gauged-single scenario, and 529 

calibration period. The violin plots of score values for different percentile ranges of 530 

streamflow. The numbers in bracket in the subplot (a) are the percentage (not fraction) of 531 

simulated flow values with absolute score values greater than 4. The horizontal bar 532 

represents the median value. 533 

 534 

Figure 6 shows 99% credible regions (CR) for calibrations and validation periods for the gauge 535 

04180500, for the cases of 5% outliers allowed (CR5) and no outliers allowed (CR0). As expected, 536 

the CR5 was wider than CR0 at all the timesteps. Most of the observations were enveloped by both 537 
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the CRs. Some observations were not enveloped by CR0 but were enveloped by CR5; also, some 538 

observations were missed by both the CRs. At several peak flow timesteps, observations were very 539 

close to upper bounds of CR, especially in the case of CR0 because most of the behavioral models 540 

underpredicted the high flows as discussed above.  541 

At some peak flow timesteps, there was a timing error between observed and predicted 542 

streamflows which might be either due to model deficiency or due to errors in precipitation timing. 543 

For example, at timesteps 1525, 1571, 1628, 1640, 1656, and 1661 during the validation period 544 

(Fig. 6b), observed streamflows peaked one day before the simulated streamflow peaks. Also, 545 

there was no lag between precipitation peak and observed streamflow peak at these timesteps, 546 

implying timing errors in the validation phase are likely due to model deficiencies. Such errors 547 

were fewer in the calibration period. However, there were many timesteps with one day lag 548 

between precipitation and observed streamflow likely because of timing errors in precipitation data 549 

(Gupta et al., 2023a). Since the LoAGS used to select behavioral models were defined using data 550 

only from the parent watershed, they cannot capture the effect of these consistent timing errors. 551 

Thus, some of the behavioral models obtained using the LoAGS are likely to overfit the calibration 552 

data. The CRs for the other three gauges are shown in Figs. S6-S8, which were similar to those 553 

shown in Fig. 6. 554 

 555 
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Figure 6. Gauge 04180500, using 99.5th percentile as upper LoA, and gauged-single scenario. 556 

Credible region of streamflow during calibration and validation periods obtained by 557 

allowing 5% outliers (green band) and no outliers (blue lines). 558 

 559 

4.3 Analysis of gauged scenario 560 

Figure 7 shows the score values (Eq. 1) assigned to different behavioral simulations and different 561 

timesteps for the seven streamflow ranges at gauge 04180500 using LoAG to determine behavioral 562 

models. These plots are similar to those shown in Fig. 4 for gauged-single scenario with one 563 

difference. When 5% outliers were allowed, both underestimations and overestimations of 564 

observed high flows occurred in proportionate manner, while underestimations were more frequent 565 
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by using LoAGS (as most of the probability mass is below zero in violin plots) suggesting 566 

streamflow credible regions will be wider in gauged scenario than those in gauged-single scenario. 567 

Figure 8 shows the 99% CRs for gauge 04180500 in the case of allowing (CR5) and not allowing 568 

outliers (CR0). Again, CRs shown in Fig. 8 are very similar to those in Fig. 5 except for one main 569 

difference. The CR5 bounds in gauged scenario (Fig. 8) were significantly wider than the CR5 570 

bounds in gauged-single scenario (Fig. 6), as speculated above. The difference between LoAGS 571 

and LoAG was at the peak timesteps where LoAG were wider than LoAGS (Fig. 2). Consequently, 572 

CR5 bounds obtained in gauged scenario are more conservative than the CR5 bounds obtained in 573 

the gauged-single scenario. Thus, it appears information contained in data from other watersheds 574 

may be used to inform the model validation procedure in a particular watershed, as it provides 575 

slightly wider CR5 bounds compared to gauged-single scenario bands. 576 
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Figure 7. Gauge 04180500, using 99.5th percentile as upper LoA, and gauged scenario. The 577 

violin plots of calibration period score values for different percentile ranges of streamflow. 578 

The numbers in bracket in the subplot (a) are the percentage of simulated flow values with 579 

absolute score values greater than 4. The horizontal bar represents the median value. 580 

 581 

The timing errors discussed in the context of gauged-single scenario are also present in the gauged 582 

scenario. The LoAG could not help in addressing the problem of timing errors, suggesting that the 583 

model structure itself might be deficient in terms of reproducing peakflow timing. The credible 584 

region plots for the other three gauges are shown in Figs. S12-S14 (SI). 585 
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Figure 8. Gauge 04180500, using 99.5th percentile as upper LoA, and gauged scenario. 586 

Credible region of streamflow during calibration and validation periods obtained by 587 

allowing 5% outliers and no outliers. 588 

 589 

4.4 Usefulness of streamflow signature for constraining the simulations in gauged-single and 590 

gauged scenarios  591 

Figure 9a shows the percentage of behavioral models accepted after constraining the models by 592 

various streamflow-based signatures, for the gauged-single scenario. Clearly, all the signatures 593 

identified some models as non-behavioral that were identified as behavioral by the LoA constraint 594 

alone. The signature BFI had the most discriminating power, as using both LoA and BFI as the 595 

constraints resulted in the least number of behavioral models. The signatures ACF and H also had 596 
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significant discriminating power. Similar discriminating power of ACF and H is surprising since 597 

a very relaxed condition was applied on simulated 𝐻 values for a simulation to be accepted as 598 

behavioral. A likely cause is that the ACF was calculated only for first 100-day lags which does 599 

not actually contain significant information about the long-range memory, as is represented by 𝐻.  600 

 Applying all the constraints simultaneously resulted in a very small number of behavioral models. 601 

The calibration and validation NSEs for the behavioral models obtained by applying all the 602 

constraints are shown in Figs. 9b-9e. Surprisingly, the NSE values still ranged from less than 0 to 603 

greater 0.50 even for this much smaller set of models. Nevertheless, applying signature-based 604 

constrains reveals that several streamflow simulations obtained by applying the LoA constraint 605 

alone, while acceptable overall, were not simulating specific aspects of streamflow hydrographs 606 

satisfactorily. The results were similar for the gauged scenario (Fig. S15, SI). 607 

Figure 10a compares the 99% credible region over streamflow with LoA only constraint (CRL) 608 

and with all the constrains (CRLS), for the station 04180500.Generally, CRLS were narrower than 609 

CRL but the CRLS were wider at a few time-steps. CRLS enveloped the observations at most of 610 

the time steps. There were timing errors between observed peaks and the peaks in CRLS, perhaps 611 

because none of the signatures investigated here have a strong emphasis on peak timing. The 612 

results were similar for other stations except that the timing errors were infrequent (Figs. S16-S18, 613 

SI). The CRLS were constructed with a very small number of simulations; therefore, the relevancy 614 

of these bands is questionable. It is remarkable that most of the observations could be enveloped 615 

even by these small number of behavioral simulations. But some of the peak values were missed 616 

by the CRLS, suggesting that SAC-SMA may be limited for peak flow simulations in SJRW. 617 
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Figure 9. Gauged-single scenario and allowing 5% outlier. (a) Percentage of models accepted 618 

as behavioral, obtained by applying different constraints; (b), (c), (d) and (e) calibration and 619 

validation NSEs for the behavioral models obtained by applying all the constraints. 620 

 621 



40 
 

 

Figure 10. Gauge 04180500, using 99.5th percentile as upper LoA, and gauged-single 

scenario. Credible region of streamflow during calibration and validation periods obtained 

by allowing 5% outliers when the model was constrained only using LoAs (green band) 

and when the model was constrained using LoA and other constraints (blue band). 

 

 622 

4.5 Analysis of ungauged scenario 623 

Figure 11a shows the percentage of behavioral models accepted by using different constraints for 624 

LoAUG scenario. A large number of models were accepted as behavioral when only LoA were used 625 

as constraints. The number of behavioral models reduced significantly when H or BFI were used 626 

as additional constraints. Note that very relaxed criterion for H and BFI were used in this case. 627 
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Only the models that simulated BFI less than 0.10 or greater than 0.90 were rejected as non-628 

behavioral according to this criterion because the range of BFI values (as shown in Table 2) cannot 629 

be obtained without streamflow observations (as in ungauged scenario). Similarly, models that 630 

simulated streamflow with H value less than 0.5 or greater than 1.0 were rejected. Figures 9b-9e 631 

show calibration and validation NSEs of the behavioral models obtained after applying all the 632 

constraints. Even after applying all the constraints a large number of models were accepted as 633 

behavioral, implying a larger uncertainty is associated with prediction in ungauged basins than in 634 

gauged basins. The NSE of the behavioral models ranged from negative to strong positive values. 635 

Figure 12 shows the 99% credible regions when model evaluation was done using LoA constraints 636 

only (CRL) and using both LoA and signature constraints (CRLS); similar plots for other stations 637 

are shown in SI (Figs. S19-S21). Both CRL and CRLS enveloped most of the observations. 638 

Interestingly, CRLS were wider than CRL at most of the timesteps even though CRLS were created 639 

using much smaller number of simulations. Even with all the constraints, the simulated 640 

streamflows had the same range (Fig. 13). Further, when only the LoA constraints were applied, 641 

many low streamflow simulations received high likelihood. Thus, even after applying all the 642 

constraints the uncertainty in streamflow prediction did not decrease, though the number of 643 

behavioral models reduced significantly. Further, the predictive uncertainty band is quite wide in 644 

this scenario. These results illustrate the challenge associated with prediction at ungauged basins. 645 

  646 
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Figure 11. Ungauged scenario and allowing 5% outliers. (a) Percentage of models accepted 647 

as behavioral, obtained by applying different constraints; (b), (c), (d) and (e) calibration and 648 

validation NSEs for the behavioral obtained by applying all the constraints. 649 

 650 

  651 
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Figure 12. Gauge 04180500, using 99.5th percentile as upper LoA, and ungauged scenario. 652 

Credible region of streamflow during calibration and validation periods obtained by 653 

allowing 5% outliers when the model was constrained only using LoAs (green band) and 654 

when the model was constrained using LoA and other constraints (blue band). 655 
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Figure 13. Gauge 04180500, using 99.5th percentile as upper LoA, ungauged scenario, and 656 

allowing 5% outliers. Likelihood vs streamflow at a particular timestep for the model 657 

constrained using LoA and LoA plus signatures. 658 

4.6. Range of hydrological behaviors exhibited by the behavioral models 659 

Table 7 list the range of BFI, LRC, and H values obtained by streamflow simulations deemed 660 

behavioral after applying all the constraints. These signatures reflect the hydrological behaviors 661 

possible simulated by the model. Table 7 shows that the models accepted as behavioral simulate a 662 

very wide range of hydrological behaviors, even in gauged-single scenario. This implies that even 663 

though the methodology implemented in this study identified a few models as behavioral, we could 664 

not learn much about the dominant hydrological processes in the SJRW beyond what was already 665 

assumed before using the SAC-SMA model. 666 

 667 
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Table 7. Allowing 5% outliers and using 99.5th percentile as upper LoA. Range of signatures 668 

indices corresponding to behavioral streamflow simulations obtained after applying all the 669 

constraints 670 

Signature Gauged-single scenario Ungauged scenario 

 04180500 04180000 04179520 04178000 04180500 04180000 04179520 04178000 

BFI 0.27-0.52 0.27-0.56 0.32-0.59 0.35-0.76 0.10-0.90 0.10-0.90 0.10-0.90 0.10-0.90 

LRC 0.24-0.42 0.25-0.48 0.24-0.48 0.23-0.54 0.05-0.93 0.05-0.95 0.05-0.95 0.04-0.78 

H 0.70-0.99 0.66-0.97 0.71-1.00 0.68-1.00 0.51-1.00 0.51-1.00 0.52-1.00 0.51-1.00 

 671 

 672 

5. Discussion 673 

This paper presented an application of QRF-based LoA in evaluating the hydrological model SAC-674 

SMA, where the LoA were defined for streamflow time series. This allowed the evaluation of 675 

models (i.e., parameter sets of the model structure) individually for each time step. A total of 106 676 

parameters sets were sampled from the prior parameter ranges. This is perhaps a small set given 677 

that the total number of free parameters was 24.  Thus, it is likely that many behavioral models 678 

were missed due to sparse sampling. However, useful insights could be obtained using this set. 679 

Further, five streamflow-based signatures were used along with LoA to reject the models that could 680 

simulate streamflow within the LoA bounds but still could not reproduce specific aspects of 681 

streamflow dynamics. 682 

Two of the subjective choices associated with the QRF-based LoA method are: (1) What quantiles 683 

should be used to define the lower and upper LoA bounds, and (2) how many and how should the 684 

outliers be allowed. Allowance for outliers is required because of the finite amount of data used to 685 

define LoAs and the dominance of epistemic errors in hydrological data (Beven and Lane, 2019; 686 
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Gupta et al., 2023a). It is possible that a model simulates low and medium flows well but provides 687 

consistently poor simulations of a few high flows observed in the calibration period. Thus, a poor 688 

model might be accepted if allowance for outliers is not made carefully. We selected outliers in a 689 

manner that a model is accepted as behavioral only if it simulates all parts of the streamflow time 690 

series (rising limb, recession limb, and peaks) consistent with observations. There can be other 691 

ways of allowing for outliers, depending on the purpose of the modeling exercise and available 692 

information about the uncertainties in data. The lower limit of the LoAs (Fig. 2) was very small 693 

(close to zero) at most of the timesteps which is because of using 1st percentile in the leaf node as 694 

the lower LOA. Consequently, these LoAs were biased toward accepting a model with 695 

underpredictions because simulated streamflows are bounded below by zero. Other percentiles can 696 

be used to define tighter LoAs; however, LoAs thus defined exclude many of the low flow 697 

observations. Therefore, perhaps, the best strategy is to use different percentiles for different parts 698 

of streamflow time series – this can be explored in future studies. 699 

The behavioral models produced calibration and validation NSE values ranging from less than 0 700 

to greater than 0.70 (Figs. 3, 9, and 11). Uncertainties in hydrological data were so large that 701 

several the models with poor NSE values could not be rejected. On the other hand, many models 702 

with high NSE values were rejected (not shown), implying that these models had several timesteps 703 

where streamflows were simulated outside the LoA. These results indicate that the NSE metric (or 704 

any other GoF measure for that matter) cannot capture the effects of uncertainties encountered in 705 

hydrological data. Similarly, Beven et al. (2022) rejected all the parameter sets of TOPMODEL 706 

after applying all the constraints, even though the NSE values of several rejected models were 707 

quite strong. Beven et al. (2022) defined LoA using runoff ratio method that accounts for both 708 

precipitation and streamflow uncertainties, and these authors also allowed for timing errors. Thus, 709 
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these results suggest a departure from using widely used GoF measures alone as model evaluation 710 

criterion, in line with previous studies (e.g., Beven, 2019; McMillan, 2021). Gupta et al. (2008) 711 

also suggested a similar shift in model evaluation practice, specifically emphasizing the role of 712 

multiple hydrological signatures in model evaluation. As shown in this study, the uncertainty in 713 

precipitation (and possibly other inputs) and streamflow must also be considered explicitly in any 714 

model evaluation procedure, otherwise the chances of rejecting a good model are significant as 715 

several behavioral models accepted in this study had low NSE values. The LoAs defined by QRF 716 

method can account for the effects of both the precipitation and streamflow measurement 717 

uncertainties by grouping similar predictor variables in a leaf node. Note that we do not suggest 718 

that NSE should not be used at all; it is a useful measure that gives us an idea about how well the 719 

simulations fit the observations. But it should be kept in mind that a worse fit does not mean a 720 

worse model. 721 

A large number of models were accepted as behavioral, especially when 5% outliers were allowed, 722 

for all the three LoA scenarios. This is different from some earlier studies where all the tested 723 

models were rejected using the LoA method (e.g., Liu et al., 2009; Hollaway et al., 2018). Most 724 

of these studies defined LoAs based only on streamflow uncertainty and neglected precipitation 725 

uncertainty; however, these studies artificially expanded the LoAs to identify some behavioral 726 

models. Large expansions of LoAs were usually required to obtain a meaningful number of 727 

behavioral models. In this study, no such expansions were required to identify at least some 728 

behavioral models, even when no outliers were allowed. While different models and different 729 

watersheds have been used in other studies, it can be expected that neglect of uncertainty in 730 

precipitation data might be the reason that no behavioral models were identified in the earlier 731 

studies. Further, it appears that if we had used more signatures for model evaluations in gauged-732 
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single and gauged scenarios, all the models would have been eventually rejected in this study as 733 

well.  734 

An important question is whether a model producing an NSE of less than 0.5 should be used at all 735 

in practical applications, even though the model evaluation procedure suggests that the model is 736 

behavioral. The NSE produced by a model can be poor because of errors in data or because of 737 

inadequate model structure. The use of additional constraints on accepted model behaviors in the 738 

form of streamflow signatures revealed that many of the models accepted as behavioral by the 739 

LoA alone were inadequate for simulating specific signatures (Figs. 9a and 11a). But several of 740 

the behavioral models obtained even after applying all the constraints simultaneously produced 741 

poor NSEs. Figures 5 and 7 suggest that a reason for the low NSEs of behavioral models was 742 

consistent underestimation of high flows, which could have been due to underprediction of areal 743 

average precipitation (Bárdossy et al., 2022; Bárdossy and Anwar, 2023) given that only six gauges 744 

were available for the watersheds considered in this study (Fig. 1). We note that some earlier 745 

studies (e.g., Gallart et al., 2007; Shafii et al., 2015) have used NSE equal to zero as the threshold 746 

for a simulation to be considered as behavioral. We feel that while a model with low NSE could 747 

be used for deriving predictive uncertainty bound; it is not useful in practical applications where a 748 

good fit to observation is required even if the bad fit is due to bad data. 749 

The signature-based constraints in addition to LoA constraints significantly reduced the number 750 

of behavioral models in all the three scenarios. The five signatures used in this study were: 751 

autocorrelation function (ACF) of streamflow, Hurst exponent (H), baseflow index (BFI), flow 752 

duration curve (FDC), and long-term runoff-coefficients (LRC). While all the constraints were 753 

helpful in reducing the number of behavioral models, the first three signatures (ACF, H, and BFI) 754 

were the most impactful. The signature BFI was the most useful for the four watersheds used in 755 
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this study, but the importance of a signature depends upon the watershed being considered (Coxon 756 

et al., 2014). These three signatures (ACF, H, and BFI) are not independent. In principle, the ACF 757 

of the streamflow time series contains all the information required to estimate H, and ACF is also 758 

significantly impacted by the relative contribution of baseflow (Gupta et al., 2023b). The important 759 

point here is that several simulations accepted as behavioral by the LoA constraint alone produced 760 

unrealistic streamflow dynamics. Uncertainties in the hydrological data may significantly limit the 761 

constraining power of the observations if the comparison is made only between observed and 762 

predicted streamflow sequences. Fortunately, use of streamflow-based signatures as soft 763 

constraints (Seibert and McDonnel, 2002) can be helpful in constraining the possible model 764 

behaviors. Another notable point is that the width of uncertainty bands obtained in ungauged 765 

scenario with and without signature constraints were quite similar at all the time steps (Fig. 12), 766 

even though signature constraints rejected several models as physically unrealistic. This study 767 

suggests that that time domain calibration alone may not be enough and combining time domain 768 

calibration with signature domain calibration is a better strategy especially when the streamflow 769 

estimation is not the end goal of an application. For example, when the interest is further processing 770 

the simulated streamflow time series for water quality modeling such as water quality data 771 

reconstruction (e.g., Mallya et al., 2020), it is imperative that physically realistic realizations of 772 

streamflow are used. 773 

Several earlier studies have used FDC alone (e.g., Westerberg et al., 2011) or in combination with 774 

other signatures (e.g., Fenicia et al., 2018) and have concluded FDC as a useful signature in 775 

constraining the model parameter space. The results of this study show that FDC is not very useful 776 

after time domain calibration, and other signatures taking advantage of spectral properties of the 777 

streamflow time series might be more useful. Among spectral properties, the Hurst exponent was 778 
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particularly useful in this study and, therefore, should be explored in other studies with different 779 

models and in different watersheds. The results of this study in gauged scenarios (Fig. 9) indicate 780 

that all the tested models could have been rejected if more signatures were used. Ideally, we want 781 

a model to produce all the possible hydrological signatures for physical consistency, but this may 782 

not be possible because hydrological models are necessarily simplified representations of 783 

hydrological processes. Therefore, the signatures to be used in a practical application should be 784 

determined by a balance between the purpose of the modeling exercise and the uncertainty one is 785 

willing to bear. 786 

The predictive uncertainty (PU) obtained in different scenarios enveloped the observations fairly 787 

well. As expected, the PU was higher when 5% outliers were allowed compared to when no outliers 788 

were allowed. The width of PU bounds was significantly affected by the definition of the likelihood 789 

function (results not shown). The likelihood function used in this study is only one of the ways of 790 

ranking models. There are many other possible formulations of the likelihood function and it tends 791 

to be a subjective choice. The likelihood function used in this study was based on the two criteria 792 

discussed above: (1) the models that simulate streamflow with large deviations from the observed 793 

streamflow should get lower likelihood, and (2) the timesteps at which streamflow is simulated 794 

outside and close to the defined LoA should be penalized more heavily. These two criteria still 795 

leave several choices available to be used as likelihood functions. Thus, the subjective choice of 796 

likelihood function remains a challenging problem in hydrological modeling, as it significantly 797 

affects the obtained PU bounds. 798 

One of the primary motivations for hydrological modeling is the further the understanding of 799 

dominant hydrological processes in a watershed. The behavioral streamflow simulations obtained 800 

after applying all the constraints exhibited a wide range of hydrological behaviors (Table 7) 801 
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implying that it is not possible to learn much about the hydrological processes in SJRW using 802 

SAC-SMA given the calibration data used in this study. Perhaps, using other data such as 803 

groundwater levels, soil moisture, water chemistry etc. would be useful in this context. 804 

One question is how the LoA method is any better than the formal Bayesian method given the 805 

subjectivity of the likelihood function in both the approaches. Both the likelihood functions in the 806 

LoA method and the probabilistic likelihood function in formal Bayeisan theory cannot be verified 807 

in practice, given the non-stationarity of errors (Beven, 2016). The LoA method attempts to 808 

circumvent this problem (though not completely) by allowing for outliers. The advantage of LoA 809 

method is that it can assign zero likelihood to a model while the formal Bayesian method cannot. 810 

This is possible because the limits-of-acceptability are defined before any model runs. In the 811 

formal Bayesian method, the large discrepancy at some timesteps may be absorbed by the large 812 

variance in the error model. However, once a likelihood function is defined in the LoA framework, 813 

the calculus of formal Bayesian methods may be used to infer models (Nott et al., 2012; Sadegh 814 

and Vrugt, 2013; Vrugt and Sadegh, 2013; Vrugt and Beven, 2018; see also Kavetski et al., 2018; 815 

Fenicia et al., 2018). 816 

One of the benefits of the DT based LoAs is that these LoAs can be constructed at ungauged 817 

locations by using data from donor watersheds – so called regionalization. Further, LoAs so 818 

constructed provide natural way of quantifying uncertainty in predictions. In this scenario, wider 819 

LoAs were obtained and, consequently, several models were accepted as behavioral. The wider 820 

LoAs are desirable since we expect that the regionalization would incur additional uncertainty in 821 

modeling. Using streamflow-based signatures (H and BFI) significantly reduced the number of 822 

behavioral models, but still several models could not be rejected (Fig. 11). The LoAs on signatures 823 

were defined rather loosely in this study but tighter limits could be defined using regionalization 824 
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methods (e.g., Yadav et al., 2007). Using DTs to regionalize signatures and estimate associated 825 

uncertainty could also prove to be fruitful research direction, a topic that would be explored in 826 

future. 827 

The LoAs obtained in gauged-single and gauged scenario were similar at many time-steps except 828 

at peak flow time-steps. The number of accepted behavioral models were of similar order in both 829 

the cases. Data from donor watersheds may add disinformation into the constructed LoAs (Beven, 830 

2020). On the other hand, they may also be helpful in reflecting the effect of local epistemic errors 831 

(Gupta et al., 2023a; Gupta and Mckenna, 2023, preprint). Among the donor watersheds, DT 832 

would identify the ones that are similar to the parent watershed, thus, reducing the disinformation 833 

added to the LoAs constructed in this manner. But what watersheds are selected as similar depends 834 

upon the watershed’s attributes used as predictors. Several watershed similarity metrics have been 835 

proposed within the context of prediction at ungauged basins (Wagener et al., 2007) which may 836 

be used to identify similar donor watersheds. This is a topic to be explored in future. 837 

6. Concluding remarks 838 

This study is the first attempt to use ML-constructed LoAs to evaluate the conceptual hydrological 839 

model SAC-SMA. Of note, the methodology proposed in this paper can be applied at both gauged 840 

and ungauged locations. Therefore, LoAs were constructed for both gauged and ungauged 841 

scenarios in this study. LoAs were wider for ungauged scenario as expected since transferring 842 

information from donor watersheds incurs additional uncertainty and, typically, the donor 843 

watersheds do not contain enough information to compensate for the absence of information from 844 

the parent watershed (Gupta, 2024). Uncertainties in hydrological data are such that just comparing 845 

observed and simulated streamflows (while taking account of errors) yields several models as 846 

behavioral, but without the ability to simulate specific hydrograph features adequately. Using 847 
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streamflow-based signatures can help with this limitation. Thus, a combination of ML constructed 848 

LoAs over streamflows and streamflow-based signatures is recommended for model evaluation. 849 

Hurst exponent (H) was used as one of the signatures with very relaxed acceptability criterion, but 850 

it still was useful in constraining behavioral parameter space. Among other signatures, BFI 851 

(applied at both gauged and ungauged locations) and ACF (applicable at only gauged locations) 852 

also showed significant discriminating power.  853 

Several models with poor NSEs were acceptable by the LoA criteria and several models with 854 

strong NSE were rejected by the LoA criteria. Even using all the constraints resulted in some 855 

behavioral models with poor NSEs. Most of the behavioral models resulted in underestimation of 856 

peak streamflow values and overestimation of low flow values. This implies that the information 857 

content in hydrological data, that is required for model evaluation, is reduced significantly due to 858 

uncertainties in the data. Though note that even the systematic errors in data might be informative 859 

in terms of streamflow prediction; such information may be extracted by a suitable ML algorithm 860 

(Gupta and Mckenna, 2023, preprint). The uncertainty in hydrological data should be explicitly 861 

accounted before model calibration process. Chances of both type-1 and type-2 errors are great if 862 

these uncertainties are not accounted for. Overall, this study suggests a departure from using 863 

popular goodness-of-fit measures alone for the evaluation of hydrological models. 864 

Predictive uncertainty depends upon the likelihood function used to rank the models. Currently, 865 

there is no objective way to define LoA-based likelihood functions. Given the epistemic nature of 866 

errors and non-stationarities in errors, it is unlikely that objective likelihood functions can be 867 

derived. Therefore, the definition of likelihood functions should depend upon the purpose of 868 

modeling. 869 

Appendix A 870 
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Estimation of baseflow and baseflow index (BFI) range: 871 

The method of Collischonn and Fan (2013) was used to estimate baseflow. The stepwise method 872 

is as follows: 873 

Step 1: Estimate master recession curve (MRC) by combining several recession curves (Lamb and 874 

Beven, 1997).  875 

Step 2:  Fit MRC with a log-linear (Eq. A1) and a piecewise log-linear model (Eq. A2): 876 

 
ln (

𝑄𝑡

𝑄0
) = −𝑎𝑡, 

(A1) 

 
ln (

𝑄𝑡

𝑄0
) = {

−𝑏𝑡, 𝑡 ≤ 𝑡1

−𝑎𝑡, 𝑡 > 𝑡1
. 

(A2) 

The one of the two models yielding better fit (measured using Akaike Information Criterion) was 877 

chosen.  878 

Step 3: Estimate initial baseflow 𝑞𝑖 using the equation 879 

 
𝑞𝑡

𝑖 =
𝑞𝑡+1

𝑖

𝑎
. 

(A3) 

Step 4: estimate a parameter denoted by 𝐵𝐹𝐼max as follows: 880 

 
𝐵𝐹𝐼max =

∑ 𝑞𝑡
𝑖  𝑇

𝑡=1

∑ 𝑄𝑡 𝑇
𝑡=1

. 
(A4) 

Step 5: Obtain another estimate of baseflow by using the Eckhardt filter (Eckhardt, 2005): 881 

 
𝑞𝑡

1 =
(1 − 𝐵𝐹𝐼max)𝑎𝑞𝑡−1 + (1 − 𝑎)𝐵𝐹𝐼max𝑄𝑡

1 − 𝑎 𝐵𝐹𝐼max
. 

(A5) 

The estimate 𝑞1 was used to compute another value of BFI denoted by 𝐵𝐹𝐼1. 882 
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Step 6: Repeat step 5 but by using 𝐵𝐹𝐼1 in place of 𝐵𝐹𝐼max. This yielded another estimate of BFI 883 

denoted by 𝐵𝐹𝐼2. 884 

Step 7: Repeat step 5 iteratively by using latest value of BFI in place of 𝐵𝐹𝐼max. Iterations are 885 

carried out until the BFI converges. 886 

Thus, this method yields a range of values of BFI.  887 
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S1. Limits-of-acceptability 1169 

 1170 

 1171 

Figure S1. Using 97.5th percentile. Limits-of-acceptability (LoA) obtained in three scenarios: 1172 

Ungauged (green band), Gauged (blue band), and Gauged-single (black band), along with 1173 

observed streamflow (red dots) and precipitation. The upper LoA bounds were determined using 1174 

99.5th percentiles. 1175 
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S2. Gauged-single scenario 1177 

 
Figure S2. Using 97.5th percentile. Nash-Sutcliffe Efficiency (NSE) in calibration and validation 1178 

periods for all the behavioral parameter sets obtained using limits-of-acceptability (LoA) in the 1179 

gauged-single scenario. The blue markers represent the parameter sets obtained by allowing 5% 1180 

outliers and the orange markers represent the parameter sets without allowing any outliers. 1181 

 1182 
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Figure S3. Gauge 04180000, using 99.5th percentile as upper LoA, and gauged-single 1183 

scenario. The violin plots of calibration period score values for different percentile ranges. The 1184 

numbers in bracket in the subplot (a) are the percentage of simulated flow values with absolute 1185 

score values greater than 4. 1186 

 1187 
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Figure S4. Gauge 04179520, using 99.5th percentile as upper LoA, and gauged-single 1188 

scenario. The violin plots of calibration period score values for different percentile ranges. The 1189 

numbers in bracket in the subplot (a) are the percentage of simulated flow values with absolute 1190 

score values greater than 4. 1191 
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Figure S5. Gauge 04178000, using 99.5th percentile as upper LoA, and gauged-single 1193 

scenario. The violin plots of calibration period score values for different percentile ranges. The 1194 

numbers in bracket in the subplot (a) are the percentage of simulated flow values with absolute 1195 

score values greater than 4. 1196 
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Figure S6. Gauge 04180000, using 99.5th percentile as upper LoA, and gauged-single 1198 

scenario. Credible region of streamflow during calibration and validation periods obtained by 1199 

allowing 5% outliers and no outliers.  1200 
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Figure S7. Gauge 04179520, using 99.5th percentile as upper LoA, and gauged-single 1202 

scenario. Credible region of streamflow during calibration and validation periods obtained by 1203 

allowing 5% outliers and no outliers. 1204 
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Figure S8. Gauge 04178000, using 99.5th percentile as upper LoA, and gauged-single 1206 

scenario. Credible region of streamflow during calibration and validation periods obtained by 1207 

allowing 5% outliers and no outliers. 1208 

 1209 

 1210 
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 1212 

 1213 
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S3. Gauged Scenario 1215 

 
Figure S9. Gauge 04180000, using 99.5th percentile as upper LoA, and gauged scenario. The 1216 

violin plots of calibration period score values for different percentile ranges. The numbers in 1217 

bracket in the subplot (a) are the percentage of simulated flow values with absolute score values 1218 

greater than 4. 1219 

 1220 
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Figure S10. Gauge 04179520, using 99.5th percentile as upper LoA, and gauged scenario. 1221 

The violin plots of calibration period score values for different percentile ranges. The numbers in 1222 

bracket in the subplot (a) are the percentage of simulated flow values with absolute score values 1223 

greater than 4. 1224 
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Figure S11. Gauge 04178000, using 99.5th percentile as upper LoA, and gauged scenario. 1226 

The violin plots of calibration period score values for different percentile ranges. The numbers in 1227 

bracket in the subplot (a) are the percentage of simulated flow values with absolute score values 1228 

greater than 4. 1229 

 1230 
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Figure S12. Gauge 04180000, using 99.5th percentile as upper LoA, and gauged scenario. 1231 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% 1232 

outliers and no outliers.  1233 
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Figure S13. Gauge 04179520, using 99.5th percentile as upper LoA, and gauged scenario. 1234 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% 1235 

outliers and no outliers. 1236 
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Figure S14. Gauge 04178000, using 99.5th percentile as upper LoA, and gauged scenario. 1237 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% 1238 

outliers and no outliers. 1239 

 1240 
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S4. Effect of streamflow signature constraints on constraining the simulations in gauged 1242 

scenarios 1243 

 1244 

 
Figure S15. Gauged scenario. (a) Percentage of models accepted as behavioral, obtained by 1245 

applying different constraints; (b), (c), (d) and (e) calibration and validation NSEs for the 1246 

behavioral obtained by applying all the constrains. 1247 

 1248 

 1249 

 1250 



85 
 

 
Figure S16. Gauge 04180000, using 99.5th percentile as upper LoA, and gauged-single scenario. Credible 

region of streamflow during calibration and validation periods obtained by allowing 5% outliers when the model 

was constrained only using LoAs (green band) and when the model was constrained using LoA and other 

constraints (blue band). 
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Figure S17. Gauge 04179520, using 99.5th percentile as upper LoA, and gauged-single scenario. 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% outliers 

when the model was constrained only using LoAs (green band) and when the model was constrained using 

LoA and other constraints (blue band). 
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Figure S18. Gauge 04178000, using 99.5th percentile as upper LoA, and gauged-single scenario. 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% outliers 

when the model was constrained only using LoAs (green band) and when the model was constrained using 

LoA and other constraints (blue band). 
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 1255 

S5. Analysis of the ungauged scenario 1256 
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Figure S19. Gauge 04180000, using 99.5th percentile as upper LoA, and ungauged scenario. 1257 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% 1258 

outliers when the model was constrained only using LoAs (green band) and when the model was 1259 

constrained using LoA and other constraints (blue band). 1260 
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Figure S20. Gauge 04179520, using 99.5th percentile as upper LoA, and ungauged scenario. 1262 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% 1263 

outliers when the model was constrained only using LoAs (green band) and when the model was 1264 

constrained using LoA and other constraints (blue band). 1265 
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Figure S21. Gauge 04178000, using 99.5th percentile as upper LoA, and ungauged scenario. 1267 

Credible region of streamflow during calibration and validation periods obtained by allowing 5% 1268 

outliers when the model was constrained only using LoAs (green band) and when the model was 1269 

constrained using LoA and other constraints (blue band). 1270 
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