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Abstract. Large-domain hydrologic modeling studies are becoming increasingly common. The evaluation of the resulting
models is however often limited to the use of aggregated performance scores that show where model accuracy is higher and
lower. Moreover, the inherent uncertainty in such scores +-(i.e., the sampling uncertainty), stemming from the choice of time
periods used for their calculation, often remains unaccounted for. Here we use a collection of simple benchmarks whilst ac-

counting for this sampling uncertainty to provide context for the performance scores of a large-domain hydrologic model. These

benchmarks are simple ways of predicting the variable of interest (here, streamflow) and include, for example, the long-term
daily mean flow, daily precipitation scaled by the average rainfall-runoff ratio, and a basic 2-parameter model that represents

a catchment’s diffusive response to precipitation inputs. Our test case consists of simulations from the National Water Model
v3.0 for approximately 4,900 basins across the United States. The benchmarks suggest that there are considerable constraints

on the model’s performance in approximately one-third of the basins used for model calibration and in approximately half of

the basins where model parameters are regionalized. Sampling uncertainty has limited impact: in most basins the model is

either clearly better or worse than the benchmarks, though aceeuntingforsampling-tuneertainty remains-important-when-the

perfermanceof-different-modelsis-mere-similarnumerous cases remain where sampling uncertainty makes it difficult to clearl
distinguish between model and benchmark performance. The areas where the benchmarks outperform the model only partially

overlap with areas where the model achieves lower performance scores, and this suggests that improvements may be possible
in more regions than a first glance at model performance values may indicate. A key advantage of using these benchmarks is
that they are easy and fast to compute, particularly compared to the cost of configuring and running the model. This makes
benchmarking a valuable tool that can complement more detailed model evaluation techniques by quickly identifying areas

that should be investigated more thoroughly.
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1 Introduction

There is a pressing societal need for predictions of water-related risks across large geographical domains. Consequently, water
resources modeling at national, continental and global scales is becoming increasingly common (e.g., Arheimer et al., 2020;
Cosgrove et al., 2024; Nearing et al., 2024; Song et al., 2025; Van Jaarsveld et al., 2025). Thorough evaluation of such large-
domain models is a necessity to improve our understanding of the water cycle, our ability to model it accurately, and to ensure
the usability and reliability of model simulations for decision making.

There-is-considerable-Considerable guidance on model evaluation exists, focusing for example on diagnostics (e.g., Gupta
et al., 2008, 2012), multi-variate evaluation (Rakovec et al., 2016; D&ll et al., 2024, e.g.,), and multi-objective evaluation
(e.g., Efstratiadis and Koutsoyiannis, 2010; Kollat et al., 2012);-and-mere. A common theme between these different ap-
proaches to model evaluation is that model performance tends to be quantified through performance metrics such as the
Root Mean Squared Error (RMSE), the Nash-Sutcliffe efficiency (NSE; Nash and Sutcliffe, 1970) and the Kling-Gupta ef-
ficiency (KGE; Gupta et al., 2009). Such metrics summarize the (mis)match between observations and a model’s simulations

as a single performance score.

are useful because the community has relied on them for a long time and they now function as an informal shared test
environment (Clark et al., 2026). However, a key challenge remains that the scores calculated by these metrics are difficult to

interpret in isolation (e.g., Seibert, 2001; Schaefli and Gupta, 2007; Knoben, 2024), partly because they tend to conflate model

erformance and flow variability (Schaefli and Gupta, 2007; Williams, 2025; Clark et al., 2026).

of benchmarks can provide a helpful frame of reference for interpreting efficiency scores such as NSE and KGE, by settin
realistic expectations of the possible performance in each basin (Set i

. A well-known example follows from a specific interpretation of the Nash-Sutcliffe Efficiency (Nash and Sutcliffe, 1970):

P
ﬁN,—_l (dobs(t)  Gsim (t))z .

NSE =1 L .
t=1 (Gobs(t)  Tobs)

ey

where Qons and Qsim _are observed and simulated streamflow respectively. This equation can be interpreted as a skill score
that quantifies how much of the variance in qops the model (through gsim) explains compared to the reference model, the
long-term mean flow, Jops Although this specific benchmark, Qops, is often criticized for the limited constraints it imposes on
model performance (e.g. Schaefli and Gupta, 2007), it provides a useful example of a simple benchmark. By comparing the
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gives some idea of the predictability of the stream ow observations in each basin at negligible computational cost.

1 ”
\/

Our hypothesis is that comparing the performance of a model against the performance of an ensemble of simple bench-
marks can be an effective way to identify cases where the performance of a large-domain model is not as high as it could be,
irrespective of the absolute values of the scores, and thus where opportunities for model improvement may exist.

iort » <

they are calculated (McCuen et al., 2006; Ritter and Mufioz-Carpena, 2013; Lamontagne et al., 2020; Clark et al., 2021; Klotz
et al., 2024). Both Clark et al. (2008) and Newman et al. (2015) show that, depending on the nature of the stream ow obser-

vations, a large fraction of the total model error may be concentrated in a disproportionally small number of time steps. In

such cases, choosing a different period to calculate the scores on might give a very different assessment of the performanc
of the model. This is commonly referred to as sampling uncertainty. Sampling uncertainty can be considerable (Lamontagne
et al., 2020; Clark et al., 2021), and in many cases the scores obtained by different models have uncertainties greater than th
differences between them (Clark et al., 2021; Knoben et al., 2025). This complicates the assessment of differences betweer
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2.3) used in the analysis, and provide a more in-depth discussion of benchmarks (Section 2.4) and sampling uncertainty (Sectior
2.5). Results are presented in Section 3, separated into an aggregated assessment of model and benchmark performance (Sect
3.1), and a spatial analysis of the results (Section 3.3). We brie y discuss our ndings in Section 4 and present our conclusions
in Section 5.

2 Data and Methods
2.1 National Water Model v3.0 retrospective simulations

We selected simulations from the National Water Model v3.0 (NWMv3.0) as a practical test case for our work, to investigate our

hypothesis that deliberate use of benchmarks can help identify areas for model improvement. The National Water Model is used
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to generate operational forecasts across the United States, and is primarily designed to produce short-range and medium-rang

structure and setup of the NWMv3.0 are similar to those of NWMv2.1 (NOAA, 2025) and are described in more detail in
Cosgrove et al. (2024).

We use the NWMv3.0 simulations from the NOAA National Water Model CONUS Retrospective Dataset for the period
1980-01-01 to 2022-12-31. Note that not all gauges have records for the entire period, and in some cases the period of analysi
was thus shorter than the full length for which simulations are available. In the retrospective simulations, parameters for the
NWM are obtained through a combination of calibration (i.e., parameter optimisation) on a subset of 1365 lightly regulated
basins across CONUS and regionalization (i.e., parameter transfer) to the wider set of basins where either no stream ow
observations are available or stream ow is more strongly impacted by water management (Cosgrove et al., 2024). The model
was calibrated for the period 2016-10-01 to 2021-09-30 (NOAA, personal communication, 2025). In contrast to the setup used
for forecasting, retrospective runs do not include data assimilation.

For computational ef ciency, we aggregated the hourly retrospective simulations to daily average values. This is not uncom-
mon (e.g., Johnson et al., 2023; Towler et al., 2023), though we note the model runs operationally at an hourly timestep and is
most commonly used to predict ood peaks in basins with a response time well below 24 hours. The model skill in simulating
diurnal patterns will thus not be visible nor assessed in this study. Moreover, the goal of this work is to demonstrate the use of

benchmarks in model evaluation, and the average daily NWM simulations provides a useful test case to do so.
2.2 Forcing data and stream ow observations

Though NWMv3.0 simulations are available without a need to run the model, we need certain meteorological data for the
benchmarks used in this work (benchmarks are explained in Section 2.4). The Analysis of Record for Calibration (AORC) is
an hourly 800-m-resolution gridded meteorological forcing dataset used as input to NWM retrospective simulations (Fall

et al., 2023; Cosgrove et al., 2024), and thus used as input for the benchmarks in this work. We rst aggregated the hourly
gridded precipitation and 2-m air temperature to hourly basin averages using the areal mean. Precipitation was then aggregate
from hourly to daily by summing the hourly amounts for each day from 1979-02-01 to 2023-02-01. For 2-m air temperature
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2.3 Model performance quanti cation

The Kling-Gupta ef ciency (KGE; Gupta et al., 2009) was used to calibrate the NWMv3.0 on hourly timesteps (NOAA,
personal communication, 2025):

KGE=1 ID(r 1) 2+( 1) 2+( 1) 2 (2
= = ®)

where r is the Pearson correlation coef cient and subscgmads indicate observations and simulations, respectively. To
stay as close to the NWM setup as possible, we use the Kling-Gupta ef ciency to quantify model performance in the remainder
of this paper (though again note that we perform our analysis at daily time steps whereas the NWM was calibrated at hourly
resolution). We repeated our analysis with the Nash-Sutcliffe ef ciency (Nash and Sutcliffe, 1970, presented in the Supporting
Information) to investigate if our conclusions hold for a different metric.

2.4 Benchmarks
We-

2.4.1 Selection

alsovaryin theirstrengthgndweaknessegndwhatconstitutegstronghenchmaricanchangeegionally(Pappenberger et al., 2015; K

theory-drivenbenchmarkselectionmethodsare lacking (i.e., selectinga speci c_benchmarkfor. a speci c_basin,basedon

representinghe basin's speci c_ow _regime),ensemblebenchmarkingnethodsprovide an
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2.4.3 Application

We con gure the benchmark models in the same way as a regular model application would be structured: the benchmarks are
de ned using data from a dedicated calibration period (though “calculation periggtitbeis a more accurate description

period is all the data from 1980-01-01 to 2022-12-31 that is not used for calibration. The HydroBM package also includes
a simple degree-day-based snow accumulation and melt routine, which we used with default parameters in snow-dominatec

2.5 Sampling uncertainty

Sampling uncertainty can be quanti ed with bootstrapping methods as implemented in the gumboot R package (Clark et al.,
2021; Clark and Shook, 2021). The gumboot package works by creating a collection of synthetic hydrographs and calculating
the score(s) of interest (such as KGE) from the observations and each synthetic hydrograph. We ran gumboot with the default
settings as given in Clark et al. (2021). Brie y, this means that gumboot creates each synthetic hydrograph by dividing the
period of record into water years (using October as the starting month and enforcing a minimum of 100 valid values within
each water year) and sampling water years with replacement until the record length is reached. Using water years ensures the
each sampled period is hydrologically independent, and the synthetic records are thus plausible hydrographs for the basin
With default settings gumboot returns 1000 synthetic hydrographs and associated NSE and KGE scores. We then de ne the
sampling uncertainty as the difference between theaid 99" percentile of these scores.

We calculate the sampling uncertainty for each basin, for both the NWM simulations and each of the 17 benchmarks.
This allows us to report both KGE scores and their associated uncertainty, and from this derive whether the accuracy of NWM
simulations can be considered statistically different from the accuracy of the benchmarks. We report those results as Cumulative
Distribution Functions (CDFs) that show that scores and uncertainty across the sample. We also report these results on a per
basin basis for the NWM and the best-performing benchmark. In this case, we use the Jaccard index (also known as the ratio of
veri cation, critical success index, and Tanimoto index) to quantify the relative overlap of both uncertainty intervals. Assuming
two uncertainty intervalsjland I,, de ned as the difference between tHe § P%5) to 95" (1 P%%) percentile estimates of KGE
scores for the NWM (§) and benchmark ¢l):



Mean ow Long-termmeanjpenchmarkime serieshasthesame ow. valuefor all time steps.
:I%MOZ

Median.ow. J-ong-termmedianenchmarkime serieshasthesame ow yaluefor all time steps.
BMO03

Annualmeanow. Mean.ow peryear;benchmarkime seriesonsistf aynique.ow. valuecomputedor
eachyear,assignedo eachtime stepwithin theyear;cannotbe usedto predictunseen
databecausghe ow, yaluesneededo computgtheyearlymeangarenot aailable.

Annualmedian ow Median.ow peryear;benchmarkime seriesconsistspf aunique.ow valuecomputed
for eachyear, assignedo, eachtime.stepwithin the.year, cannotbe usedto, predict
Hpsee[gata.

Monthly.mean.ow. Mean.ow permonth;benchmarkime seriesconsistsof thelong-termmean.ow .value
for eachmonth,assignedo eachtime stepwithin a givenmonth;roughapproximation
of typical seasonalityf the. ow regime.

Monthly. median ow Median. ow . per.month; benchmarkime seriesconsistsof the long-termmean.ow
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overlap = max 0; min(1 P%°;15%°) max(l P%;15%) ;
span = max(1P%°;15%%) min(l  P%%;15%):

When overlap = span, both sampling uncertainty intervals exactly overlap, and the performance of the NWM can be
considered indistinguishable from the performance of the benchmark. When overlap = 0, the uncertainty intervals do not
overlap, and the performance of the NWM and benchmark simulations can thus be considered to be clearly different. We then
need to further distinguish whether the NWM performance can be considered higher or lower than that of the benchmarks. Here
we make the simplifying assumption that thé"spercentile score estimate can be used to determine the relative positions of
both uncertainty intervals. If the $0percentile estimate of NWM performance is higher than tH& H@rcentile estimate of
benchmark performance, we consider the NWM to perform better than the benchmark (and vice versa). How much better (or
worse) the performance of the NWM is, can then be quanti ed using Eq. 1. High values of J indicate a large amount of overlap
(with complete overlap at J = 1) between the two distributions (i.e., smaller distinguishable differences), whereas low values of
J indicate a small amount of overlap and clearer differences between the two distributions (no overlap at J = 0). A schematic

overview of the methodology can be found in Fig. 1.

3 Results

3.1 Aggregated performance

First, for both the calibration and evaluation period, the NWM (black line) reaches higher KGE scores considerably more of-
ten than any of the benchmarks (colored lines). However, NWM performance also shows a tendency to decline quickly at lower
KGE values, suggesting that there are locations where NWM performance is not as high as that of some of the benchmarks.

10



Figure 1. Schematic overview of methodology. (a) Example selection of water years, showing observations as well as NWM simulations
(top) and one of the benchmark simulations (bottom) for an arbitrary gauge (USGS ID 01037380). Water years indicated with alternating
grey/white blocks. (b) Examples of synthetic hydrographs obtained from sampling water years with replacement. Water years indicated with
alternating grey/white blocks. (c) Schematic representation of the 1000 KGE samples for the NWM and the benchmark, summarized as
boxplots. (d) Overview of the terminology and method used to quantify relative overlap of the NWM and benchmark KGE samples.

11
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Second, three benchmarks of note are BMO1 (for performing quite poorly), and benchmarks BM07 and BM17 (for perform-

ing rather well).

blueinthetoprow,seealseFig—2¢)-. This is the traditional choice of benchmark model, derived from the original formulation
of the Nash-Sutcliffe ef ciency, and it is the only benchmark that shows no spatial variability at all during calibration (there is
some variability during evaluation, because the mean ow calculated from the calibration data is not always close to the actual
mean ow during evaluation). Comparison of this CDF to all others highlights the point made by Schae i and Gupta (2007):
the mean ow is not an equally hard-to-beat benchmark in all basins, and location-speci ¢ benchmarks are needed to set more
locally appropriate expectations for models (see also Knoben, 2024).

BMO7 (the daily mean ow benchmaitk+ed;seealse; Fig. 2dg) is computed by taking the mean ow on each Julian day
in the calibration period and appending these values to create a year-long timeseries, which is then repeated for each year o
the full simulation period. While its CDF does not cover scores as high as the NWM CDF, this benchmark equally does not
lead to KGE scores that are as low as some of those obtained by the NWM: during calibration, the NWM CDF covers a range
of (roughly) <-5, 1], whereas the CDF of BMO7 covers a more restricted range of (roughly) [0,1].

For unseen data (evaluation) the BMO7 CDF does not stand out compared to the other benchmarks, possibly due to the
somewhat limited amount of data (maximum 5 years) used to compute the benchmark.

BM17 (the adjusted smoothed precipitation benchnamalighit-bite;seeatse; Fig. 2eq) is a simple 2-parameter model that
aims to capture three dominant facets of catchment functioning: partitioning of incoming precipitation into stream ow and
sink terms, as well as time delay and attenuation of the resulting runoff (Schae i and Gupta, 2007). Its CDF is quite similar to
that of the NWM but more constrained; the KGE values for this benchmark are neither as high nor as low as those obtained by

andal

12



Figure 2. Cumulative Distribution Function (CDF) plot of the Kling—Gupta Ef ciency (KGE) scores for the NWMv3.0 and 17 simple
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Figure 3 shows the sampling uncertainty associated with the benchmarks and NWM simulations using data from the evaluation
period. To save space, a number of benchmarks have been omitted: BMO1 and BM02 (mean and median ow) as well as BM10
(rainfall-runoff ratio to annual) have, in the majority of cases, limited performance and little can be learned from these; BM03
and BM04 (annual mean and median ow) use annual ow statistics as a predictor and can by de nition not be used for unseen
data; BMO9 (rainfall-runoff ratio applied to all timesteps) is conceptually very similar to BMO1 and has been omitted for the
same reason.

As shown in earlier work (Clark et al., 2021), the sampling uncertagnbgneof KGE scores can be substantial. In the
case of the NWM (black line with grey uncertainty bounds) there is a broad inverse correlation between the KGE score and
associated uncertainty bounds, though considerable scatter is present. This emphasizes the strong need to evaluate models wh
accounting for sampling uncertainty. In numerous basins, the KGE scores obtained by the NWM are strongly conditional on
the idiosyncrasies of the evaluation period, and the same model instantiation might be evaluated quite differently if a different

time period were to be used. The benchmarks show varying levels of sampling uncertainty. Some are mostly insensitive to data

occasionally sensitive (e.g., BM06, BM08), or somewhere in between (e.g., BM07, BM17). The CDFs and uncertainty bounds
should not be directly compared between the different subplots, but a general idea of the widths of these uncertainty intervals

is helpful for understanding the results in the next section.
3.3 Spatial patterns

While CDFs of performance scores can be helpful to quickly compare performance differences across the full sample of

basins, such approaches do not facilitate a basin-by-basin comparison of differences. Figures 4a and 4d therefore show :
spatial overview of model and benchmark performance during the evaluation period, using gumboot's estim&teui50

centile KGE score for both. For simplicity, we only assess the evaluation performance of the best benchmark in each basin
(in other words, Figureid is a composite of different benchmarks selected for having the high®stpsécentile KGE

score). Both maps con rm the broad statement suggested by the various CDFs, namely that the NWM spans a wider range

of performance scores than the benchmafkss suggestshatin-a-considerablawumberof placesthe NWM-outperformss

tainty intervals of the NWM and best benchmark. Overlap is quanti ed with the Jaccard index (Eq. 4) and separated into cases

14
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where the estimated %0percentile KGE score of the NWM is higher than that of the best benchrirégk4b, 4¢ herethe

the NWM parameters (4b, 4e), and cases where NWM parameters were regionalized (4c, 4f). For both sets of plots, the colorec
stations are complementary: a station plotted in green in Figure 4b (or Fig. 4c) will appear as a yellow dot in Figure 4e (or
Fig. 4f) and vice versa. Note that no overlap (Jaccard index = 0; dark green and bright red) indicates that the distributions of
KGE scores are clearly separate (in other words, the NWM score is either clearly higher or lower than the benchmark score),

whereas lighter colors indicate that the performance of the NWM and benchmark are closer together.

75% of basins this is a clear improvement (Jaccard index 0). Basins where the KGE distributions of the NWM and best
benchmark partly overlap are mostly found in the central mountainous and drier regions. Figure 4e shows the remaining 30%
of calibration basins where the benchmarks outperform the NWM. Here too the overlap between the KGE distributions is
higher scores than the NWM. Clusters of basins where the benchmarks outperform thesbidremostly concentrated

in the interior west (broadly inland of the western coastal mountain ranges until somewnhat east of'ttaeriflan) and the
Appalachian Piedmont, with scattered occurrences elsewhere.

better in the interior west and the Appalachians, with the appearance of a new cluster of strong performance in central Florida
and an increase in scattered basins. Notably, the benchmarks outperform the NWM in almost half of the regionalization basins,

{NSE-Nash-and-Suteliffe; 19705 used to quantify model and benchmark performance, but with a few important caveats. First,
the benchmarks show a tendency towards lower NSE scores and their CDFs are further away from the NWM CDF (Figures
S1, S2). Second, the NWM outperforms the benchmarks in more basins when NSE is used to quantify model performance (the
NWM is better in 79.3% of calibration basins and in 63.4% of regionalization basins; Figure S3). This is somewhat surprising,
given that the benchmarks are identical in both cases and the NWM was not calibrated on NSE, and points to a need for further
work on robust model evaluation practices. Preliminary analysis suggests that these differences are driven by the different
sensitivities of NSE and KGE to the bias, variability and correlation components (see e.g., Gupta et al., 2009; Knoben et al.,

2019; Lamontagne et al., 2020). In at least some basins, the benchmarks perform clearly better on bias and much worse ol
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correlation than the NWM, and because correlation errors are weighted more heavily in NSE, this results in a larger difference
in NSE scores than in KGE scores.

4 Discussion

We demonstrated how simple benchmarks can be used to assess the performance of large-domain hydrologic models. As ot
test case, we compared the NWMv3.0 daily-averaged retrospective simulation against the performance of 17 simple benchmarl
models across approximatehp664,900basins in the United States. In basins used for model calibration, the benchmarks
outperform the NWM in approximately 30% of basins. The benchmarks perform primarily better in the interior mountainous
and drier plains areas in the west as well as in the Appalachians. This pattern, with the addition of a cluster of basins in central

Florida, appears even clearer in basins where the NWM parameters were regionalized, and the benchmarks outperform the

poorly (Fig. 4a). Based on KGE scores alone, one might conclude that the model does worst in the drier southwestern and
central areas, but when performance is compared against benchmarks, more regions stand out as areas where improvemer
may be possible.

These results are broadly consistent with various evaluations of earlier versions of the NWM. For example, Towler et al.
(2023) nd that on daily time steps the NWMv2.1 outperformsiagledaily mean ow benchmark in 80% of cases, and that

NWM performance is better in natural basins than regulated ones (i.e., basins where parameters are regionalized, also show
by Abdelkader et al., 2023, though at hourly time steps). In ecological terms, one of the regions where the benchmarks provide
better simulations than the NWMv3.0 broadly coincides with the Mediterranean California, North American Desserts, Tem-
perate Sierras, and Great Plains eco-regions (Commission for Environmental Cooperation, 1997). This aligns with results from
Johnson et al. (2023), who found that the performance of the NWMv2.0 can be improved in drier climates with predominantly
low vegetation.

While more in depth study is needed to understand the contributing factors, the nature of the benchmarks lets us speculate
about potential improvements to the modeling chain. Three main lines of investigation may be worthwhile, focusing on model
inputs, model structure, and model parametrization/regionalization. Large-domain parameter estimation has long been an opel
challenge, but existing (e.g., Samaniego et al., 2010) and promising recent advances (e.g., Shen et al., 2023; Tang et al.
2025; Farahani et al., 2025) have not yet been implemented in most large-domain modeling chains. Regionalization of model
parameters is similarly challenging (e.g., Merz and Bléschl, 2004; Pool et al., 2021; Yang et al., 2023). The relative success
of the benchmarks during both calibration (effective in 30% of basins) and regionalization (effective in 50% of basins) may
suggest that improvements to parameter optimization and regionalization are possible.

The strong regional patterns in where the benchmarks outperform the models suggest solutions may need to be found more
locally as well. For example, in the current NWM setup, parameters are regionalized for regulated basins. The NWM currently
accounts for the location of more than 5000 reservoirs but does not include any operating rules for these reservoirs. Instead

data assimilation is used to correct and align model states with observations during forecasting for several hundred of these
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