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A B S T R A C T

Watershed water quality models are mathematical tools used to simulate processes related to water, sediment, 
and nutrients. These models provide a framework that can be used to inform decision-making and the allocation 
of resources for watershed management. Therefore, it is critical to answer the question “when is a model good 
enough?” Established performance evaluation criteria, or thresholds for what is considered a ‘good’ model, 
provide common benchmarks against which model performance can be compared. Since the publication of prior 
meta-analyses on this topic, developments in the last decade necessitate further investigation, such as the 
advancement in high performance computing, the proliferation of aquatic sensors, and the development of 
machine learning algorithms. We surveyed the literature for quantitative model performance measures, 
including the Nash-Sutcliffe efficiency (NSE), with a particular focus on process-based models operating at fine 
temporal scales as their performance evaluation criteria are presently underdeveloped. The synthesis dataset was 
used to assess the influence of temporal resolution (sub-daily, daily, and monthly), calibration duration (< 3 
years, 3 to 8 years, and > 8 years), and constituent target units (concentration, load, and yield) on model per
formance. The synthesis dataset includes 229 model applications, from which we use bootstrapping and personal 
modeling experience to establish sub-daily and daily performance evaluation criteria for flow, sediment, total 
nutrient, and dissolved nutrient models. For daily model evaluation, the NSE for sediment, total nutrient, and 
dissolved nutrient models should exceed 0.45, 0.30, and 0.35, respectively, for ‘satisfactory’ performance. Model 
performance generally improved when transitioning from short (< 3 years) to medium (3 to 8 years) calibration 
durations, but no additional gain was observed with longer (> 8 years) calibration. Dissolved nutrient models 
calibrated to load (e.g., kg/s) out-performed those calibrated to concentration (e.g., mg/L), whereas selection of 
target units was not significant for sediment and total nutrient models. We recommend the use of concentration 
rather than load as a water quality modeling target, as load may be biased by strong flow model performance 
whereas concentration provides a flow-independent measure of performance. Although the performance criteria 
developed herein are based on process-based models, they may be useful in assessing machine learning model 
performance. We demonstrate one such assessment on a recent deep learning model of daily nitrate prediction 
across the United States. The guidance presented here is intended to be used alongside, rather than to replace, the 
experience and modeling judgement of engineers and scientist who work to maintain our collective water 
resources.
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1. Introduction

Watershed models are powerful tools for simulating environmental 
management, estimating pollutant fate and transport, and predicting 
effects of climate and land use change (Fu et al., 2020; Keller et al., 
2023). These models represent the transfer of matter through com
partments of a watershed using a combination of empirical and theo
retical equations (Fu et al., 2019). The predictions made by watershed 
models are most frequently compared against observations in rivers, 
which integrate many upland and in-stream processes into a single point 
(Fu et al., 2019). The relative accuracy of a model is assessed by 
calculating performance measures, which are derived from how well 
predictions fit to observations, and comparing these measures against 
literature-established performance evaluation criteria (Moriasi et al., 
2015). In the decade(s) since Moriasi and others (2007, 2015) published 
their widely used benchmarks, advances in data collection and compute 
capabilities have pushed modelers toward simulating water quality 
variables (e.g., sediment) at timescales (e.g., daily) that were not 
considered in the original meta-analyses. Thus, there is a need to 
conduct a meta-analysis of the intervening literature and establish per
formance criteria for these variables at finer temporal resolutions.

The range of what model performance is considered ‘good’ or 
‘limited’ typically varies as a function of the response variable of interest 
(e.g., flow or nitrate) and the temporal scale of modeling (e.g., daily or 
monthly). For example, a coefficient of determination (R2) of 0.50 may 
be acceptable for sub-daily sediment modeling, but not for monthly flow 
modeling. That two models with the same performance measure (i.e., R2 

= 0.50) would have different qualitative interpretations indicates that 
modelers have more confidence, and thus higher expectations, in 
simulating monthly flow than sub-daily sediment. Historically, models 
of sediment and nutrients have been evaluated at relatively coarse 
temporal frequencies (e.g., monthly) (Chappell et al., 2017). This coarse 
evaluation was conducted in part due to limits imposed by the compu
tational complexity of simulating fine-scale sediment and nutrient pro
cesses as well as a smaller volume of observational data. To the latter 
point, water quality variables have historically been collected periodi
cally at discrete intervals, whereas flow data are broadly available and 
continuously monitored. As high-frequency water quality data collec
tion efforts and computational resources improve (Bieroza et al., 2023), 
continual development of modeling performance criteria is needed to 
help guide effective model evaluation.

When selecting appropriate performance criteria for watershed 
water quality models, a number of factors should be considered, 
including the response variable sought after, temporal resolution of the 
model, duration of the calibration record, and the target units of the 
model variables. For example, modeling skill is expected to decrease for 
nutrients relative to flow due to the added complexity of modeling 
nutrient fate and transport processes (Wellen et al., 2015). Further, 
nutrient models adopt all of the uncertainties present in their parent 
hydrologic models, which control the residence time and routing of 
water (Husic et al., 2019). Model skill is also be expected to decrease 
with higher temporal resolution and longer calibration records, 
although this is not always the case (Moriasi et al., 2015). The expec
tation is that, given the same calibration data, a daily timestep model 
will likely encounter a greater variety of observations (variance) than a 
model aggregated to simulate at a monthly timestep (Chahor et al., 
2014). Likewise, longer calibration records are expected to contain more 
diverse conditions than shorter records, thus making them more difficult 
to represent using a single calibration parameter set (Merz et al., 2009). 
Modeling performance criteria may also vary as a function of the target 
unit selected for evaluation (i.e., concentration, load, or yield), but this 
relationship is uncertain and understudied in past work.

Selection of target units for model calibration often depends on the 
context of a study, whether exploratory, planning, or regulatory (Harmel 
et al., 2014). Concentration is presented as mass per volume (e.g., 
mg/L), load as mass per time (e.g., kg/s), and yield as the 

area-normalized load (e.g., kg/ha/yr). Although load and yield encode 
for the same information, the use of one as opposed to the other depends 
on norms within a modeling community, the objectives of a modeling 
study, and the nature of evaluation data (e.g., channel erosion processes 
or reservoir sedimentation; Pandey et al., 2016). For the development of 
total maximum daily loads (TMDLs), a model calibrated to load (con
centration times flow) may provide greater confidence in meeting spe
cific study objectives (Amatya et al., 2010). For a study of concentration 
thresholds, such as how frequently a river exceeds the Environmental 
Protection Agency (EPA) maximum contaminant level (MCL), a 
concentration-based model would be more appropriate (Qi et al., 2012). 
The choice of the target units for calibration may change how internal 
processes are parameterized and how the workings of a model are 
interpreted or communicated to others. Given the expected variability of 
model performance measures as functions of response variable, tempo
ral evaluation scale, calibration length, and target units, these factors are 
worthy of further investigation.

Looking forward, recent advances in data collection methods and 
computational approaches have the potential to shape the future of 
water quality modeling. Here, we focus on two such advances aquatic 
sensing and machine learning and indicate how a meta-analysis of the 
present state of watershed modeling can inform the integration of these 
advances into future model evaluation. First, in the last two decades, 
high-frequency sensors have made it possible to continuously monitor 
sediment and nutrient concentrations at resolutions (15-minute sam
pling frequency) far beyond what is feasible with traditional grab sam
pling (Burns et al., 2019; Rode et al., 2016). High resolution time series 
of water quality parameters encode information as to how watersheds 
function, particularly with regard to in-stream processing of nutrients 
(Zarnaghsh et al., 2024) and sources and flow pathways of contaminants 
(Mahoney et al., 2020). Second, advancements in machine learning are 
providing superior predictive performance in water quality modeling 
typically beyond what is possible with process-based models (McGill 
and Ford, 2024; Zhi et al., 2024). Deep learning models, a subset of 
machine learning models that excel at identifying patterns and de
pendencies in sequential data, are particularly suited for modeling water 
quality timeseries (Zhi et al., 2024). While we do not include machine 
learning models in the coming meta-analysis, their application for water 
quality modeling is rapidly growing and their assessments are often 
based on benchmarks developed for process-based models (Gorski et al., 
2024; Saha et al., 2024; Song et al., 2024; Zhi et al., 2023). As the 
frontier for watershed modeling advances, both in terms of observa
tional data and computational tools, it is crucial to identify the present 
state of water quality model evaluation so as to provide a framework for 
evaluating future modeling efforts.

In this paper, we carry out a meta-analysis of 229 process-based 
watershed model applications, extracted from 99 papers published be
tween 2010 and 2022, with the intent to continue the development of 
performance evaluation criteria. We focus our meta-analysis on models 
that simulate sediment or nutrient dynamics, as performance criteria for 
sediment and nutrients is lacking relative to streamflow, particularly for 
finer temporal resolutions. We place emphasis on the response variable, 
target units, temporal resolution, and duration of calibration. The 
modeling results compiled from the 229 watershed models are then 
statistically analyzed to set up ranges for what constitutes a ’limited’, 
’satisfactory’, ’good’, and ’very good’ model performance, for permu
tations of evaluation metric, response variable, and temporal resolution. 
The developed performance criteria are appended to the existing ranges 
reported in Moriasi and others (2015) to create a model guidance that 
spans a wide temporal range (sub-daily to monthly) for a diverse set of 
water quality variables (sediment, total nutrients, and dissolved nutri
ents). Lastly, we provide suggestions for the integration of sensors into 
modeling frameworks and we assess the performance of a recent deep 
learning water quality model application using the evaluation criteria 
established by our synthesis and meta-analysis.
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2. Materials and methods

2.1. Selection of a large sample of watershed water quality model 
applications

A number of modeling selection attributes were considered when 
choosing studies to include in the meta-analysis. First, we used 2010 as a 
lower constraint to our model selection given that it is soon after Moriasi 
and others (2007) published statistical benchmarks, which have since 
become standard for model evaluation. Further, the review by Wellen 
et al. (2015) included papers up until the year 2010, thus assessing water 
quality model evaluation in the subsequent years is necessary. Many 
post-2015 studies also reference the refined suggestions found in Moriasi 
and others (2015). Second, we chose models that were 
process-orientated in nature, as opposed to purely empirical or 
data-driven. Distributed, semi-lumped, and lumped modeling frame
works fall under our acceptable classification. The third selection 
criteria was that at least one of the forms of sediment, nitrogen (dis
solved or total), or phosphorus (dissolved or total) was simulated. Total 
nutrients represent the sum of the particulate and dissolved forms of 
nitrogen and phosphorus, respectively, and are frequently used to 
monitor ecological condition (Chambers et al., 2011). The final criteria 
was that at least one statistical metric was used to evaluate the model’s 
predictive ability compared to observed data.

We used two types of journal database searches to find papers for 
inclusion in the meta-analysis. First, given that studies by Moriasi et al. 
(2007, 2015) have now become the standard for benchmarking 
watershed-scale water quality models, we utilized the “Cited by” feature 
in Google Scholar to search for and identify papers that evaluated the 
ability of a watershed model to predict sediment or nutrient transport 
using a benchmark identified by Moriasi et al (2007, 2015). We nar
rowed the “Cited by” list to contain at least one of the following key
words, including: “watershed modeling” in combination with “sediment 
(s),” “nutrient(s),” “nitrogen,” “nitrate,” “phosphorus,” or “phosphate.” 
Second, in a separate search of Google Scholar, we specifically sought 
out studies that utilized high temporal resolution water quality data, 
such as in situ sensors or automated samplers. The second cited refer
ence search contained the previous keywords plus one of the following: 
“sensor(s),” “high-resolution,” “sub-daily,” “hourly,” or “event.” The 99 
papers we synthesized included 229 water quality model applications 
using 37 unique model types in 27 different countries (Fig. 1). The total 

number of water quality model applications in our synthesis for sedi
ment, nitrogen, and phosphorus is similar to that of Moriasi et al. (2015), 
providing us confidence in proceeding with the meta-analysis.

With the studies aggregated, we seek to answer the following 
questions: 

1. Does the temporal resolution (sub-daily, daily, or monthly) of model 
evaluation systematically impact performance metrics?

2. Does the duration (< 3 years, 3 to 8 years, or > 8 years) of the 
calibration record systematically impact performance metrics?

3. Does the selection of modeled units (concentration, load, or yield) 
systematically impact performance metrics?

4. With the proliferation of high-frequency sensors and rise of machine 
learning algorithms in the 2010s, what should the benchmarks of 
water quality modeling be for the next decade(s)?

2.2. Extraction of data from watershed water quality model applications

For each study identified in Section 2.1, a common spreadsheet was 
completed to standardize data extraction and facilitate the meta- 
analysis. The spreadsheet included areas to enter metadata, such as 
the article title, author list, and publication year. The watershed model 
used and the number of basins modeled were extracted. When readily 
available, the watershed area, dominant land use, mean annual pre
cipitation, and mean annual temperature were recorded. For each basin, 
the primary values of interest for our meta-analysis were organized as 
follows: 

■ Response variable: streamflow, sediment, total nutrients, and dis
solved nutrients. Total nutrients include total nitrogen (TN) and total 
phosphorus (TP). Dissolved nutrients include nitrate (NO3

- ) and 
orthophosphate (PO4

3-).
■ Temporal resolution: sub-daily (SD), daily (D), and monthly (M).
■ Target units: concentration, load, and yield.
■ Duration of calibration: recorded as a number of years and grouped 

into three categories (< 3 years, 3 to 8 years, and > 8 years). The 
duration of validation (when performed) was also recorded.

■ Evaluation metric: Nash-Sutcliffe efficiency (NSE), coefficient of 
determination (R2), and percent bias (pBIAS).

An example entry is the following: a model simulates flow and 

Fig. 1. Spatial coverage of watershed model applications (n = 229) obtained from papers meeting study search criteria.
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sediment concentration at a daily timestep for a 5-year calibration 
period and is evaluated using NSE and R2 metrics. The individual entries 
for each model application were compiled into a machine-readable 
format that serves as the dataset for this meta-analysis (see Supple
mental Data Set 1).

Regarding performance measures, a large variety of statistical met
rics were reported in the literature. We focus our analysis on NSE, R2, 
and pBIAS. These performance measures are commonly applied, in part 
due to their simplicity of use, wide recognition of these metrics in the 
community, and availability of benchmarks from published works, such 
as Moriasi et al. (2007, 2015). The NSE metric is a measure of how well 
the temporal patterns of observed data are captured by the model (Nash 
and Sutcliffe, 1970). An NSE value of 1 indicates model explains all 
temporal patterns properly whereas a value of 0 indicates the model 
only performs as good as the mean of observation. NSE is bound by 
negative infinity (-∞). The metric can be calculated as follows: 

NSE = 1 −

[∑n
i=1(Qobs − Qsim)

2

∑n
i=1(Qobs − Qobs)

2

]

where, Qobs is the observed streamflow and Qsim is the simulated 
streamflow. A bar above either variable denotes averaging. The NSE has 
been noted to emphasize the peaks of the hydrograph or pollutograph, 
and de-emphasize the lower values (Moriasi et al., 2015).

The R2 metric measures the proportion of variability in the observed 
data that can be explained by the model (Pearson, 1901). A value of 1 
implies model can explain all variability while a 0 implies the model 
explains none of the variability in the observed data. The metric can be 
calculated as follows: 

R2 =

[ ∑n
i=1

(
Qobs − Qobs)(Qsim − Qsim

)

∑n
i=1(Qobs − Qobs)

2∑n
i=1(Qsim − Qsim)

2

]2 

The pBIAS metric measures average magnitude and direction of bias 
error of model (Sorooshian et al., 1993). A positive pBIAS indicates 
model overpredicts while a negative pBIAS indicates model suffers from 
underprediction bias. This can give inflated results when model con
verges to mean of observed data and therefore will be insensitive to 
model variability. The metric can be caclulated as follows: 

pBIAS = 100 ×

[∑n
i=1

(
Qobs − Qsim

)

∑n
i=1

(
Qobs

)

]

2.3. Meta-analysis of modeling evaluation metrics

The dataset generated in Section 2.2 was assembled and stratified 
under several conditions, which were used as the groupings for gener
ating statistics and conducting inter-group comparison. One stratifica
tion condition is model temporal resolution (SD, D, and M). A second 
stratification condition is duration of calibration data (< 3 years, 3 to 8 
years, and > 8 years). A third stratification condition is the units of the 
target variable (concentration, load, and yield). For each condition, the 
NSE, R2, and pBIAS values during calibration (and validation) were 
aggregated for flow, sediment, total nutrient, and dissolved nutrient 
models, respectively.

Box-and-whisker plots were generated for each permutation within 
the three stratification conditions. The plots indicate the general dis
tribution of literature-reported values with a central mark that indicates 
the median (50th percentile), box edges that indicate the 25th and 75th 
percentiles, and whiskers that extend to 1.5 times the interquartile range 
from the box edges. The box-and-whisker plots were used for visual 
assessment of the distribution of evaluation metrics.

Significant inter-group differences identified by the Kruskal-Wallis 
test (Kruskal and Wallis, 1952) were investigated using the two-sided 
Wilcoxon rank sum test (Wilcoxon, 1945). This test is nonparametric 
and evaluates the null hypothesis that two random variables have equal 

medians (α = 0.05). Rejecting the null hypothesis indicates that the 
medians of the random variables are significantly different. Prior studies 
have shown significant differences in the values of evaluation metrics for 
flow versus water quality variables (Wellen et al., 2015) and calibration 
versus validation periods (Moriasi et al., 2015). Thus, we do not repeat 
these analyses. In this study, we focus on within-variable (e.g., sedi
ment) differences in evaluation metrics (NSE, R2, pBIAS) during cali
bration based on the three stratification conditions: temporal resolution 
(SD, D, M), calibration duration (< 3 years, 3 to 8 years, > 8 years), and 
target units (concentration, load, yield).

2.4. Developing performance evaluation criteria at fine temporal scales

The intent of this study was not to replace the metrics established in 
Moriasi et al. (2015). Rather, we use their established metrics, together 
with our meta-analysis, to refine their suggested performance thresh
olds, particularly where finer temporal resolutions benchmarks were 
lacking. Thus, we begin with the Moriasi et al. (2015) metric suggestions 
as the default values and refine them if our results show robust evidence 
toward a new performance evaluation criteria. Performance metrics 
during calibration and validation (within the same permutation) were 
combined to increase sample size for generating recommendations. 
Recommendations were not provided when data were insufficient (i.e., 
small sample size, n < 10) for a given pairing of a water quality variable 
and temporal scale. The collective modeling experience and judgement 
of this study’s authors were used to create performance criteria that 
serve as a resource to modelers for use in assessing the accuracy of their 
models.

To develop performance metric recommendations for flow, sedi
ment, total nutrient, and dissolved nutrient variables, we assessed the 
distributions of reported NSE, R2, and pBIAS values. First, it must be 
acknowledged that not every model that is published can be considered 
‘satisfactory’ or even ‘acceptable’. For example, our aggregated dataset 
includes the reported NSE calibration values for 103 models of sediment, 
regardless of model timestep (SD, D, M) or target unit (concentration, 
load, yield). Seven of these model applications have negative NSE 
values, which are defined as having a worse predictive capability than 
the mean of the observation data. By all accounts, these models would be 
considered ‘unacceptable’. While these models may not be acceptable, 
their publication and evaluation can nonetheless be informative. Thus, 
for this reason, direct use of published statistics, such as through per
centiles of the raw reported values, may not constitute a recommenda
tion that reflects satisfactory model performance. To mitigate this issue, 
we performed bootstrapping with replacement to generate robust sta
tistics (Efron, 1979). These statistics formed the basis of our initial 
performance thresholds. A concept diagram of our approach is shown in 
Figure S1. For each bootstrap sampling of a metric-variable-timestep 
pairing (e.g., NSE for daily nitrate), the resampled median was calcu
lated. This process was repeated 1000 times to generate a distribution of 
resampled medians. Thereafter, the 2.5th, 50th, and 97.5th percentile 
values of the resampled medians were used as initial guideposts for 
identifying thresholds of ‘limited’, ‘satisfactory’, ‘good’, and ‘very good’ 
model performance, respectively. This approach yielded reasonably 
similar performance evaluation criteria for the lower resolution time
steps evaluated in Moriasi et al. (2015), providing us confidence in the 
general approach.

The modeling results compiled from the 229 watershed models were 
statistically analyzed to set up initial performance thresholds for each 
permutation of response variable, temporal resolution, and evaluation 
metric. A ‘limited’ model is one where the evaluation metric is below the 
2.5th percentile of resampled medians. A ‘satisfactory’ model exceeds 
the 2.5th percentile, a ’good’ model exceeds the 50th percentile, and a 
’very good’ model exceeds 97.5th percentile of resampled medians. As 
in Moriasi et al. (2015), these approximate initial recommendations are 
further refined using the synthesis of performance criteria from the 
existing literature as well as the modeling experience of the authors. In 
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general, we tend to keep in place the Moriasi et al. (2015) recommen
dations for permutations assessed in their study, such as for their robust 
streamflow assessment and their lower-resolution temporal evaluation 
of water quality variables. For simplicity, thresholds were rounded 
conservatively to a lower increment of 0.05 (for NSE and R2). The 
minimum width for each NSE and R2 performance evaluation criteria 
bin was set to 0.05. If multiple temporal resolutions (SD, D, or M) had 
similar distributions for a given metric and water quality variable, they 
were aggregated into a single recommendation. The final step in 
determining guidelines was that the performance criteria for models 
evaluated at a finer timescale (e.g., SD) should not be more strict than 
those at a coarser timescale (e.g., M). In instances where this occurs, the 
two (or more) timescales were aggregated into a single performance 
evaluation criteria, as in Moriasi et al. (2015).

3. Results

A total of 229 model applications, from 99 research articles, were 
synthesized for this analysis of water quality model performance 
(Fig. 1). Ninety-seven of the 229 model applications (41.8%) were 
conducted either in the United States or China. The Soil Water and 
Assessment Tool (SWAT) was by far the most frequently used water 
quality model, accounting for 57% of all model applications (Fig. 2), 
followed by the Hydrological Predictions for the Environment (HYPE), 
MIKE Systeme Hydrologique Europeen (MIKE SHE), and Hydrological 
Simulation Program (HSPF) models at around 5% each. Thirty-two other 
modeling variants constitute the remaining 29% of model applications. 
Models were most frequently evaluated at a monthly timestep (42%), 
followed by daily (40%), and then sub-daily (18%). When a dominant 
land use was reported in a paper, it was most frequently agriculture, 
followed by forest, and then grassland. Models were applied across a 
wide range of basin areas, most frequently between 10 km2 and 10,000 
km2. The mean (± one standard deviation) annual precipitation and air 
temperature of all basins was 1086 ± 490 mm/year and 13.5 ± 6.1 ◦C, 

respectively. Flow model performance was evaluated in 67% of model 
applications (Fig. 3), followed by sediment in 50%, NO−

3 in 38%, TP in 
28%, TN in 21%, and PO3−

4 in 9%. Below, we focus the main text pre
sentation on NSE as the performance measure of interest but note results 
for R2 and pBIAS as well.

3.1. Effects of temporal resolution

Performance measures for sub-daily (SD), daily (D), and monthly (M) 
evaluation timesteps are shown in Fig. 4. The sample size of couplings of 
water quality variable and evaluation timestep ranged from n = 2 for 
sub-daily total nutrient evaluation to n = 66 for daily flow evaluation. 
Models of flow generally performed the best, followed by sediment, 
dissolved nutrient, and then total nutrient models. The low performance 
of total nutrient models may be a result of the compounding un
certainties of simulating both particulate and dissolved forms in one 
model. For most couplings, median values of NSE were generally greater 
during calibration than validation, although the difference in values was 
rarely significant when assessed with the Wilcoxon test. Hereafter, all 
results are in reference to the calibration period unless noted otherwise, 
as recent work has pointed to reconsidering the split-sample approach 
and forgoing validation altogether (Shen et al., 2022).

For the flow variable, models evaluated at sub-daily timesteps had 
the greatest median NSE (0.79) (Fig. 4). The median NSE for daily 
evaluation (0.69) was significantly lower than both sub-daily (p = 0.04) 
and monthly (p = 0.01) evaluation. The sub-daily and monthly median 
NSE values were not significantly different (p = 0.66). The lowest NSE 
whisker boundary for a flow model (0.32) occurs at the daily timestep. 
Similar to flow model evaluation, the median NSE for sediment, total 
nutrient, and dissolved nutrient models decreases from sub-daily to 
daily before increasing from daily to monthly. However, trends for these 
variables were not significant. The variability (spread) in reported water 
quality model performance is much greater than for flow models for 
NSE, R2, and pBIAS. Several sediment, total nutrient, and dissolved 

Fig. 2. Histograms of models used, simulation timestep, dominant land use, basin area, precipitation, and air temperature for basins in the meta-analysis. Not all 
studies reported values for each variable, thus counts may differ between plots.
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nutrient model applications have NSE values lower than 0. Negative NSE 
values indicate that the model predictions are less accurate than using 
the observed mean value as the prediction.

3.2. Effects of calibration duration

Performance evaluation metrics for different durations of model 
calibration (< 3 years, 3 to 8 years, or > 8 years) are shown in Fig. 5. For 
all variables, the median NSE increased when models were calibrated on 

Fig. 3. Number (and percentage) of model applications that evaluate a given variable. Sed. = sediment, TN = total nitrogen, TP = total phosphorus, NO−
3 = nitrate, 

and PO3−
4 = orthophosphate.

Fig. 4. Nash-Sutcliffe efficiency (NSE), coefficient of determination (R2), percent bias (pBIAS) performance for flow, sediment, total nutrients (TN + TP), and 
dissolved nutrients (NO−

3 + PO3−
4 ) prediction as a function of the model temporal resolution: sub-daily (SD), daily (D), or monthly (M). The number of basins included 

in a group are listed below the x-tick label. Boxplots show the median, interquartile range, and whiskers for each data grouping (outliers not shown). Cal = cali
bration. Val = validation.
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a longer duration of observations, at least initially. This increase in 
median NSE was consistent when transitioning from short (< 3 years) to 
medium (3 to 8 years) calibration records for all variables but was only 
significant for flow (p = 0.04). From medium (3 to 8 years) to long (> 8 
years) records, no significant increases in median NSE for any variables. 
Similar patterns for initial (short-to-medium duration) improvement in 
performance with more calibration data were also noted for R2 for flow, 
total nutrient, and dissolved nutrient models, but not sediment. As 
calibration duration increased, the width of the interquartile range 
generally reduced for most evaluation metrics and variables.

3.3. Effects of target units

Performance evaluation metrics for different units of the constituent 
variable (concentration, load, and yield) are shown in Fig. 6. Load was 
the most common calibration target for sediment and total nutrients. For 
dissolved nutrients, concentration was the most common unit used for 
calibration. Units of yield were common for sediment modeling, but not 
total or dissolved nutrient modeling, likely due to norms in the sediment 
modeling community (Pandey et al., 2016). Sediment models calibrated 
to units of concentration (NSE = 0.64) had similar performance (p =

0.25) to models calibrated on load (NSE = 0.61). Total nutrient models 
calibrated to load (NSE = 0.66) were not significantly different (p =
0.84) from those calibrated to concentration (NSE = 0.59). Dissolved 
nutrient models calibrated to load (NSE = 0.60) significantly out
performed (p = 0.01) those calibrated to concentration (NSE = 0.45). 
The sediment and total nutrient models calibrated to yield observations 
had the lowest median NSE and the widest ranges of NSE values. Models 
calibrated to yield were less common and generally had the lowest 
sample size. The performance of yield-based models of total nutrients (n 
= 9) were poor (median NSE = -0.27) as nearly half of the model ap
plications (n = 4) were from a small-scale study that yielded negative 
values (Ramirez-Avila et al., 2017).

3.4. Sensor data use in model evaluation

We noted water quality model applications that used aquatic sensors, 
which allow for daily or sub-daily model evaluation. Of the 229 model 
applications, 47 were informed by some type of sub-daily measurement 
system, often in situ sensors, for sediment (as turbidity) or dissolved 
nutrients (nitrate and orthophosphate). Sensors for total nutrients are 
not presently available, although turbidity was occasionally used as a 

Fig. 5. Nash-Sutcliffe efficiency (NSE), coefficient of determination (R2), percent bias (pBIAS) performance for flow, sediment, total nutrients (TN + TP), and 
dissolved nutrients (NO−

3 + PO3−
4 ) simulation as a function of calibration duration: < 3 years, 3 to 8 years, or > 8 years. The number of basins included in a group are 

listed below the x-tick label. Boxplots show the median, interquartile range, and whiskers for each data grouping (outliers not shown). Cal = calibration. Val 
= validation.
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proxy for TN and TP. For sediment, common sensors were the YSI 6-Se
ries and YSI EXO2 multiparameter sondes (Xylem Inc., USA) and the 
Compact-CLW and Infinity-CLW turbidity sensors (JFE Advantech Co., 
Ltd., Japan). For nitrate, common sensors were the S::CAN spectralyser 
sensor (Messtechnik GmbH, Austria), the OPUS UV sensor (TriOS 
GmbH, Germany), the Nitratax UV sensor (Hach Company, USA), and 
the SUNA V2 sensor (Sea-Bird Scientific, USA). For orthophosphate, 
common sensors were the HydroCycle-PO4 wet chemical sensor (Sea- 
Bird Scientific, USA) and the Phosphax Sigma analyzer (Hach Company, 
USA). As these sensors indirectly measure the variable of interest, sensor 
estimates were often related to laboratory measurements derived from 
either grab samples or automated samplers (e.g., ISCO 6712; Teledyne, 
Inc., USA).

3.6. Bootstrapping performance metric benchmarks

Boot strapping statistics are shown for flow (Table S1), sediment 
(Table S2), total nutrient (Table S3), and dissolved nutriens (Table S4) 
variables. Bootstrapping estimates were created to generate a distribu
tion of resampled medians from recorded performance measures 
(Figure S1). For flow, the median resampled NSE for SD, D, and M 
evaluation were 0.76, 0.65, and 0.72 respectively (Table S1). The 

confidence intervals (2.5th and 97.5th percentiles) for NSE were [0.69, 
0.84] for SD evaluation, [0.63, 0.71] for D evaluation, and [0.72 0.80] 
for M evaluation. For sediment, dissolved nutrients, and total nutrients, 
distributions were generated for both temporal scale of evaluation (SD, 
D, M) and the constituent units (concentration, load, yield). For sedi
ment, the median resampled NSE for SD, D, and M evaluation of a 
concentration-based model were 0.55, 0.54, and 0.68, respectively 
(Table S2). For the load-based sediment model, the median resampled 
NSE for D and M (no SD estimates were made due to small sample size) 
were 0.50 and 0.67, respectively. For total nutrients (Table S3) and 
dissolved nutrients (Table S4), the confidence intervals were wider than 
for sediment and flow given greater variability in reported model per
formances and the smaller sample sizes for nutrient-based models. For 
dissolved nutrients, the sampled median NSE for SD, D, and M evalua
tion of a concentration-based model were 0.42, 0.52, and 0.55, respec
tively (Table S4). The uncertainty bounds for the concentration-based 
dissolved nutrient model were [0.29, 0.75] for the SD evaluation, 
[0.35, 0.66] for D evaluation, and [0.44, 0.65] for M evaluation. These 
bootstrapped results were used in conjunction with benchmarks estab
lished in Moriasi et al. (2015) to update performance evaluation criteria, 
particular at finer temporal scales (SD and D).

Fig. 6. Nash-Sutcliffe efficiency (NSE), coefficient of determination (R2), percent bias (pBIAS) performance for sediment, total nutrients (TN + TP), and dissolved 
nutrients (NO−

3 + PO3−
4 ) models as a function of the units of the target variable: concentration, load, or yield. The number of basins included in a group are listed 

below the x-tick label. Boxplots show the median, interquartile range, and whiskers for each data grouping (outliers not shown). Cal = calibration. Val = validation.
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4. Discussion

In this discussion, we recommend performance criteria for water 
quality model evaluation at fine temporal scales. Thereafter, we discuss 
modeling considerations and practices, including whether to calibrate a 
water quality model to concentration or load. Lastly, we look ahead to 
the next generation of water quality models where big data and machine 
learning will challenge the present approach to how models are con
structed, evaluated, and operationalized.

4.1. Recommended performance evaluation criteria

A major goal of this work was to recommend performance evaluation 
criteria for water quality models, particularly those evaluated at fine 
temporal resolutions. The results of this analysis are presented in 
Table 1. Our analysis builds upon the work of Moriasi et al. (2015) in 
several key ways. The finest temporal resolution of performance metric 
(for NSE and R2) evaluation established in their study was daily for flow 
and monthly for sediment, total nutrients, and dissolved nutrients. We 
extend their analysis and present daily performance criteria for NSE and 
R2 for all water quality constituents and sub-daily for a subset of con
stituents having sufficient data. For pBIAS, Moriasi and others (2015)
did provide daily performance criteria for all constituents, and we add 
sub-daily metrics where data were sufficient. Because NSE was the most 
commonly applied metric, we focused the discussion in the following 
text on NSE performance criteria. Recommendations for R2 and pBIAS 
follow a similar logic.

Here, we note the minimum thresholds for a model to be at least 
satisfactory at sub-daily and daily timescales (Table 1). The performance 
evaluation criteria we use for streamflow models largely matches that of 
Moriasi and others (2015), as their analysis for flow was robust across 
timescales (daily, monthly, and annually). We now add a sub-daily 
recommendation for flow evaluation equal to the daily criteria (NSE >
0.50) as sub-daily flow models had the highest performance (Fig. 4). For 
water quality variables, we propose common criteria regardless of target 
units as significant differences were typically uncommon between con
centration and load performance measures (Fig. 4). For sediment, we 
recommend sub-daily and daily model performance to exceed a lower 
threshold NSE of 0.45. For total nutrients (TN and TP), a lower NSE 

threshold of 0.30 should be exceeded for daily model evaluation. This 
threshold is quite low as reported performance measures for 
concentration-based total nutrient models were generally low. For dis
solved nutrients (NO−

3 and PO3−
4 ), a model evaluated at sub-daily reso

lution should exceed an NSE of 0.30 while a daily model should exceed 
an NSE 0.35.

There is a philosophical question as to whether criteria from past 
studies, which constitute the status quo, should necessarily be accept
able criteria for future work. Ultimately, the acceptance of a model and 
its results should rely on the specific problem at hand and the experience 
of the modeler, which carries a degree of subjectivity. Nevertheless, 
modeling performance criteria based on statistical metrics cited in prior 
studies provides a common benchmark that can be used as one of many 
tools in the model evaluation process. As an example, the performance 
evaluation criteria we present from our global sample of modeling 
studies may require regional refinement. Recent studies suggest that 
lower benchmarks of model performance are not only model-dependent 
but are also dependent on regionally dominant hydrologic processes. In 
the Pacific Northwest (USA) and Rocky Mountains (USA), baseline 
(uncalibrated) models simulating discharge achieved NSE values greater 
than 0.70 in many catchments (Seibert et al., 2018), exceeding our 
proposed benchmark for ‘good’ daily flow simulation. These randomly 
parameterized, uncalibrated models were not guided by modeler 
expertise or calibration algorithms and yet were broadly successful. 
Therefore, modelers should be aware of the regional variability in 
baseline model performance when considering lower benchmarks for 
process-based models, adjusting lower benchmarks as needed, and 
aiming for upper benchmarks of what is possible with a given dataset.

Several additional considerations should be made prior to the use of 
the suggested performance criteria in Table 1. First, we echo the many 
sentiments in Moriasi et al. (2015) that encourage modelers to employ 
multiple evaluation criteria, to report multiple statistics, and to be 
reasonably flexible in their use of performance criteria. We also rein
force recommendations by Wellen et al. (2015) and Mai (2023) that 
modelers conduct sensitivity analyses, apply parameter optimization 
algorithms, and employ uncertainty analyses. Further, the performance 
criteria provided may not be suitable in all situations. For example, the 
majority of model applications considered in this study (57%) used 
SWAT, thus the performance criteria are most representative of this 

Table 1 
Recommended model performance metrics for hydrologic and water quality models for sub-daily (SD), daily (D), and monthly (M) evaluation frequencies. SD, D, and M 
metric thresholds are reported when sufficient data were available to generate reliable distributions. If two or more temporal scales had similar distributions, they were 
aggregated. Recommendations for sediment, total nutrient, and dissolved nutrient models are the same for different target units, such as concentration or load. Total 
nutrient models include total nitrogen and total phosphorus. Dissolved nutrient models include nitrate and orthophosphate. NSE = Nash-Sutcliffe efficiency. R2 =

coefficient of determination. pBIAS = percent bias.

Metric Variable Temporal Scale Limited Satisfactory Good Very Good

NSE Flow SD-D-M < 0.50 0.50 ≤ NSE < 0.70 0.70 ≤ NSE < 0.80 ≥ 0.80
Sediment SD-D < 0.45 0.45 ≤ NSE < 0.55 0.55 ≤ NSE < 0.65 ≥ 0.65

M < 0.50 0.50 ≤ NSE < 0.60 0.60 ≤ NSE < 0.70 ≥ 0.70
Total Nutrient D < 0.30 0.30 ≤ NSE < 0.45 0.45 ≤ NSE < 0.60 ≥ 0.60

M < 0.45 0.45 ≤ NSE < 0.60 0.60 ≤ NSE < 0.70 ≥ 0.70
Dissolved Nutrient SD < 0.30 0.30 ≤ NSE < 0.45 0.45 ≤ NSE < 0.60 ≥ 0.60

D < 0.35 0.35 ≤ NSE < 0.50 0.50 ≤ NSE < 0.65 ≥ 0.65
M < 0.45 0.45 ≤ NSE < 0.55 0.55 ≤ NSE < 0.65 ≥ 0.65

R2 Flow SD-D-M < 0.60 0.60 ≤ R² < 0.75 0.75 ≤ R² < 0.85 ≥ 0.85
Sediment SD-D < 0.45 0.45 ≤ R² < 0.55 0.55 ≤ R² < 0.65 ≥ 0.65

M < 0.60 0.60 ≤ R² < 0.70 0.70 ≤ R² < 0.80 ≥ 0.80
Total Nutrient SD <0.30 0.30 ≤ R² < 0.40 0.40 ≤ R² < 0.60 ≥ 0.60

D < 0.40 0.40 ≤ R² < 0.50 0.50 ≤ R² < 0.60 ≥ 0.60
M < 0.50 0.50 ≤ R² < 0.60 0.60 ≤ R² < 0.70 ≥ 0.70

Dissolved Nutrient SD-D < 0.45 0.45 ≤ R² < 0.60 0.60 ≤ R² < 0.75 ≥ 0.75
M < 0.50 0.50 ≤ R² < 0.65 0.65 ≤ R² < 0.80 ≥ 0.80

pBIAS Flow D-M > ±15 ±10 < pBIAS ≤ ±15 ±5 < pBIAS ≤ ±10 ≤ ±5
Sediment D > ±20 ±10 < pBIAS ≤ ±20 ±5 < pBIAS ≤ ±10 ≤ ±5

M > ±15 ±10 < pBIAS ≤ ±15 ±5 < pBIAS ≤ ±10 ≤ ±5
Total Nutrient D > ±40 ±20 < pBIAS ≤ ±40 ±10 < pBIAS ≤ ±20 ≤ ±10

M > ±20 ±10 < pBIAS ≤ ±20 ±5 < pBIAS ≤ ±10 ≤ ±5
Dissolved Nutrient D-M > ±15 ±10 < pBIAS ≤ ±15 ±5 < pBIAS ≤ ±10 ≤ ±5
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modeling framework. The use of SWAT for semi-distributed watershed 
water quality modeling is common due in part to the large body of 
literature related to the model that serves as reference material and its 
accessibility through graphical user interfaces (Keller et al., 2023). 
Although modern computational resources have made fully distributed 
modeling more accessible than ever, our results indicate that modelers 
are trading physical realism for models that are either more parsimo
nious or familiar (Sadayappan et al., 2024). We do not discuss any 
further the pros and cons of various modeling packages as that has been 
well-covered in previous studies (Wellen et al., 2015). Lastly, while the 
NSE, R2, and pBIAS performance measures are useful, they are not 
without their limitations in the hydrologic and water quality sciences 
(Knoben et al., 2019; Mizukami et al., 2019). Alternative metrics are 
emerging, such as the Kling-Gupta Efficiency (Gupta et al., 2009), and 
performance evaluation criteria for these metrics will likely be estab
lished as the number of studies that use them grows.

4.2. Considerations in water quality modeling

We posed several questions in the Methods (Section 2.1) that 
anchored this analysis. Is the performance of water quality models sys
tematically impacted by (1) temporal resolution of model evaluation, 
(2) duration of the calibration data record, or (3) the target units of the 
modeled variable? Below, we provide considerations and recommen
dations to each of these points.

The temporal resolution of model evaluation is an influential vari
able to consider when assessing performance (Fig. 4). An interesting 
phenomena we observed was that sub-daily model performance (for 
median NSE) was equal to or better than daily model performance across 
all variables (Fig. 4). This goes against the typical “rule of thumb” that 
models perform worse when evaluated at finer temporal resolutions due 
to their presumed inability to capture fine-scale patterns (Massmann, 
2020). In their survey over 494 watershed model applications, Wellen 
and others (2015) likewise noticed a gradual decline in model perfor
mance from annual to monthly to daily evaluation but with a similar 
increase in performance at sub-daily evaluation. That the greatest model 
performance occurs for sub-daily evaluation could reflect that modelers 
apply high temporal resolution models to systems where they have 
greater confidence in their understanding and implementation of key 
processes. It could also represent that the sub-daily data used to evaluate 
the model are capturing dynamic trends that may be missed with coarser 
sampling, allowing models to become more representative. Thus, 
matching the spatial representation of modeled processes to the reso
lution of input and evaluation data is crucial for accurate depiction of 
water quality processes.

The duration of calibration data was influential in improving model 
performance, up to a point (Fig. 5). We saw consistent, but not always 
significant, increases in NSE for all variables when models were cali
brated with 3 to 8 years of data versus less than 3 years of data. Merz and 
others (2009) also pointed out improvement in model accuracy is largest 
from 1 to 5 years, with a longer dataset ensuring hydrological processes 
are properly incorporated. However, no clear pattern in the median NSE 
was observed when additional data (more than 8 years) was included in 
model calibration. This “upper ceiling” on performance could be the 
result of epistemic uncertainty (Gupta et al., 2012). Because our 
knowledge of the physical world is incomplete, our model representa
tions of the influential processes will be inadequate no matter the 
amount of data considered. Another important note is that for sediment, 
total nutrient, and dissolved nutrient models, longer duration datasets 
do not necessarily correlate to a greater density of data. For example, a 
nitrate model with discrete samples collected over the duration of a 
decade could have fewer data points than a model with one year of daily 
nitrate sensor data. Despite no clear trend in the change of median NSE 
with more calibration data, we do observe that shorter calibration pe
riods have wider bounds on reported values than longer periods (Fig. 5). 
That is, shorter calibration periods have a mix of high performing and 

low performing models, whereas the spread in performance metrics 
decreases the longer the calibration period becomes. Therefore, models 
calibrated to longer duration datasets are expected to be less sensitive to 
data length and provide steady estimates of model performance and 
parameters (Li et al., 2010; Yapo et al., 1996). Further, even if they do 
not directly improve model performance, longer calibration periods can 
enhance the internal representation of hydrologic conditions under 
changing circumstances, such as prolonged droughts, which are crucial 
for ensuring reliability in future scenario simulations (Fu et al., 2020).

The target units of the modeled water quality variables (concentra
tion, load, or yield) were an important consideration in evaluating 
model performance (Fig. 6). Most models of sediment and total nutrients 
were calibrated to load while dissolved nutrients were more frequently 
calibrated to concentration. Because flow models tend to outperform 
sediment and nutrient models (Fig. 4), we originally hypothesized that 
load-based models would outperform concentration-based models as the 
load-based estimates are the product of flow and concentration and thus 
benefit from the superior flow models. That is, a good flow model could 
mask deficiencies in an underperforming sediment or nutrient concen
tration model. While we observed this for the dissolved nutrient vari
able, it was not the case for the sediment and total nutrient variables. 
Load-based measures may be required as part of a regulatory activ
ities, such as developing total maximum daily loads (Amatya et al., 
2010). For general, non-regulatory model applications, we recommend 
the use of concentration rather than load as a calibration goal. Con
centration provides a flow-independent measure of the water quality 
variables. Thus, if the goal of a project is to seek a mechanistic under
standing of water quality variation, a concentration-based calibration 
can provide greater insight.

4.3. Frontiers for the next generation of water quality models

The next generation of water quality models will have access to 
greater levels of computing and a larger variety of big data than pres
ently available. We recommend that these new resources be leveraged to 
overcome existing limitations. For example, in past decades, the cost of 
computing made it prohibitive to run and calibrate models at high 
temporal resolutions. However, coarse resolutions fail to capture the 
fine-scale processes within a watershed, especially during high- 
frequency events like storms, which contribute the majority of sedi
ment and nutrient loads in short periods (Loperfido, 2013). Integrating 
aquatic sensors into hydrological modeling offers promising advance
ments in water quality assessment. Continuous data from sensors can 
improve model accuracy by capturing variability and fine-scale pro
cesses that are often missed by grab sampling (Husic et al., 2023). 
Further, hydrologic and water quality signatures that can be readily 
determined with sensors, such as flushing, hysteresis, diel patterns, and 
loading curves, can provide an additional evaluation target to improve 
model realism (Mahoney et al., 2020; Zhang et al., 2023). Beyond 
evaluation data, advancements in the temporal resolution and accuracy 
of model inputs, such as climatic forcings, point source inputs, and 
management activities, are providing reductions to epistemic un
certainties (Possantti et al., 2023). Collectively, these factors are pushing 
the standards higher for hydrologic and water quality modeling per
formance. With the sub-daily and daily performance evaluation criteria 
we propose in this study (Table 1), modelers will be in a position to 
critically evaluate their high temporal resolution models.

Next-generation models may leverage machine learning and artifi
cial intelligence to process large datasets, enabling better prediction 
capabilities, and adaptability to diverse hydrological conditions (Höge 
et al., 2022; Kratzert et al., 2019b). As an example, we show the results 
of a recent long-short term memory (LSTM) network – a purely 
data-driven deep learning model – that was trained on daily flow, nitrate 
concentration, and nitrate yield observation at 95 sites that had 
high-frequency nitrate sensor data across the United States (Pandit, 
2024; Fig. 7). The model makes robust and accurate predictions and can 

A. Pandit et al.                                                                                                                                                                                                                                  Water Research 274 (2025) 123156 

10 



capture differing hydrologic and nitrate regimes. Through global model 
training, the LSTM network was able to leverage information at all sites, 
thus exchanging information from one watershed to another when 
beneficial (Kratzert et al., 2024). Regionalized approaches to calibration 
(for process-based models, Abbaspour et al., 2015; Phillips et al., 2024) 
or training (for machine learning models, Kratzert et al., 2019a) lead to 
models that have a greater transferability of insights and accuracy when 
applied to ungauged basins.

Due to their nascent rise, no water quality performance evaluation 
metrics presently exist that are specific to machine learning models. 
Nonetheless, studies that utilize machine learning models typically 
apply process-based benchmarks to evaluate their performance (e.g., 
Gorski et al., 2024; Saha et al., 2024). We suggest that the performance 
evaluation criteria established in this study (see Table 1) can serve to 
inform the assessment of machine learning models, particularly those 
that operate at fine temporal resolutions. To demonstrate, we evaluate 
the performance of the deep learning model of daily nitrate concentra
tion from Pandit (2024). The model successfully captures mobilization 
of nitrate during storms at Kankakee River (NSE = 0.63) and the dilution 
of nitrate during storms at Difficult Run River (NSE = 0.55). Based on 
the NSE recommendations for daily nitrate evaluation in Table 1, the 
model performance at these two sites would be considered ‘good’. For 
overall model performance at the 95 sites, the median NSE values (not 
plotted) for flow, nitrate concentration, and nitrate yield were 0.68, 
0.46, and 0.49, respectively. Based on Table 1 recommendations, the 
median site for this model had ‘satisfactory’ flow performance and 
‘good’ nitrate performance. Here, a single machine learning model was 
able to capture dynamic behavior and generate robust, satisfactory 
predictions. Although the machine learning model is a black box, whose 
internal workings are largely a mystery, explainable artificial intelli
gence methods are being developed to provide intuitive interpretations 
to data driven predictions (Zhi et al., 2024). Further, the integration of 
machine learning into process-based water quality models, such as 
through differentiable modeling (Shen et al., 2023), can deliver simu
lations that leverage both interpretability and performance to support 
more effective water management practices.

5. Conclusions

In this study, we assessed the performance of 229 model applications 
published in 99 articles between 2010 and 2022. Models of streamflow 
were the most accurate, followed by sediment, then dissolved nutrients, 
and lastly total nutrients. Regarding temporal resolution of model 
evaluation, monthly and daily evaluation were equally common, with 
sub-daily evaluation occurring in fewer than 20% of studies. We found 
that model performance tended to improve when the duration of cali
bration data increased from low (< 3 years) to medium (3 to 8 years). 
However, additional calibration data beyond 8 years did not consis
tently improve median model performance, although it did reduce the 
spread in reported evaluation metrics. In situ aquatic sensors facilitated 
much of the sub-daily and daily model evaluation for water quality 
constituents (sediment, nitrate, and phosphate). We recommend con
centration (mass per volume), rather than load (mass per time), as a 
calibration goal for water quality models as it provides a flow- 
independent measure of sediment, nitrogen, or phosphorus variation.

A major contribution of our work is the establishment of fine tem
poral scale (sub-daily and daily) performance criteria for water quality 
model evaluation (Table 1). We build upon existing guidelines, which 
were made at coarser temporal resolutions (Moriasi et al., 2015), to 
provide a resource for modelers to rapidly evaluate the performance of 
their models. As computational capabilities increase, models become 
more accessible, and new types of frameworks (e.g., deep learning) 
become standard in water quality modeling, Table 1 can serve as a guide 
for evaluating the accuracy of models that will grow in their predictive 
abilities. The guidance presented here is intended to be used alongside, 
rather than to replace, the experience and modeling judgement of en
gineers and scientist who work to maintain our collective water 
resources.
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