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Abstract. Largescale hydrologic models are increasingly being developed for operational use in the forecasting and
planning of water resources. Hoveey the predictive strength of such models depends on how well they resolve various
functions of catchment hydrology, which are influenced by gradients in climate, topography, soils, and land use. Most
assessmertdf hydrologic modeluncertainty hadeen Imited to traditionaktatisticalmethodsHere, we present a proof-

concept approach that useserpretablemachine learning techniqués provide posthoc assessment of model sensitivity
andprocess deficiencin hydrologic modelsWe train a random forest model to predict the Kitagpta Efficiency (KGE)

of National Water Model (NWM) and National Hydrologic Model (NHBtjeamflowpredictions for 4,383 streamgagas

the conterminous United States. Thereafter, explain the local and global controls that 48 catchment attributes exert on
KGE prediction using interpretable Shapley values. Overall, we find that soil water content is the most impactful feature
controlling successful model performance, suggestiag bil water storage is difficult for hydrologic models to resolve,
particularly for arid locations. We identify ndimear thresholds beyond which predictive performance decreases for NWM
and NHM. For example, soil water content less than 210 mm, ge@pi less than 900 mm/yr, road density greater than 5
km/kn?, and lake area percent greater than 10% contributed to lower KGE values. These results suggest that improvemen
in how these influential processes are represented could result in the laggessés iMNWM and NHM predictive
performance. This study demonstrates the utility of interrogating prbesesl models using dadaiven techniques, which

has broad applicability and potential for improving the next generation of$aaje hydrologienodels

1 Introduction

Largescale hydrologic models are important tools for understanding and forecasting the fluxes of water across the
earthdés surface to manage f | oo dBunnedetah, 2@h; Tigrina edal. 2028)osh er h
often, these models convert meteorological inputs to streamflow predictions by parameterizing and calibrating internal

hydrological processes. Accuragenulation of internal processes is a grand challenge of hydr¢Blggchl et al., 2019)
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because of the difficulty of resolving equifinalifyrugt and Beven, 2018¥caling relationshipSavenije, 2018)epistemic
uncertainties in hydrologic da{®even, 2024)and spatial heterogeneity in watershed attrib(astos et al., 2025The
accurate determination ofensitive model parameters andirivers is crucial for improving process representation in
hydrologic models and, ultimatelthe management of water resour@@andit et al., 2025; Reinecke et al., 2025)

The National Water Model (NWM) and the National Hydrologic ModeHW) are two processriented,
continentalscale hydrologic modelsised inoperational decisiemaking (Towler et al., 203). The NWM framework
applies theweather Research and Forecasting Hydrologadel (WRFHydro) formulation, whichsimulatesinfiltration,
evaporation, transpiration, overland flow, shallow subsurface flow, baseflow, channel routing, and passive reservoir routing,
but not active reservoir managemd@osgrove et al., 2024)The NHM framework applies the PrecipitatiBunoff
Modeling System (PRMS) formulation, which representsevaporation, transpiration, runoff, infiltian, interflow,
groundwater flow, and channel routing, but not reservoir operations, water withdrawals, or stream (Regmest al.,
2019) See Text SXor more details on each modél key distinction is that the NWM targets high spatial (~250 m) and
temporal (hourly) resolution flood forecasting. In contrast, the NHM assessesctomgvater availability at hydrologic
responsainit scales(~100 kn?, driven by daily forcing)(Towler et al., 2023)Both models exhibit spatially variable
streamflow skill across US catclemts (Tijerina et al., 2021)with the strength of prediction varying asfunction of
catchmensscale climate, land use, and physiograpB8yllectively, differences in resolution, process formulation, and
treatment of human regulation make the NVWNMHM pair an ideal testbed for structural sensitivity analysis: drivers
influential in both frameworks likely denote overarching hydrologic controls, whereas divergent sensitivities flag processes
that are represented differenftyr omitted)in eitherapproach

The sensitivity of procedsased hydrologic models to certain catchmemtibattes and parameters has been
interrogated using wekstablishedstatisticaltools, such as sensitivity analggPianosi et al., 2016; Song et al., 2Q15)
These approaches work by exploring the range hfegathat model parameters may take and recording the net impact on
model performancéMai, 2023) Notable &amples includghe Sobol' (2001) and Morris(1991) methods A drawback of
traditional sensitivity analysis methqdzarticularly when applied to larggeale hydrologic applicatior{dai et al., 2022)is
that theycan be computationally demandif8arrazin et al., 2016} ess demanding techniqyesuch aghe Robustness
Assessmet Test (RAT;Nicolle et al., 202}, have beerdeveloped toevaluate model bias withotihe need taontrol the
calibration process buhese focus only on the influencetemporalforcings such asir temperatureThus, here is aneed
to continue todevelopspatialmethodsfor assessing model sensitivity treae useful in scenarios where traditional methods
are computatiorily intractable

Explainable or interpretablmachine learningnethodshave the potentiatio bridge the gap between datdven
insights (provided by mehine learning models) and procdmssed understanding (contained within physically based
models)(Slater et al., 2025)'hese methods help to explaity a model giveshe prediction that it doef_undberg et al.,
2020) Severalexplainablemachine learningnethods have been developed, including Partial Dependence (PR
Friedman, 2001)Local Interpretable Modéhgnostic ExplainersLIME; Ribeiro et al.,, 2016) and Shapley Additive
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ExplanationgSHAP; Lundberg et al., 2020n hydrology,for example thesetools have been applied for thaalysis of
hydrologic fluxes(Bréda et al., 2024so0il moisture(Huang et al., 2023)water table deptfiMa et al., 2024)and drought
intensity (De Meester and Willems, 2024)nterpretable machine learning cawmplement and enhance traditbn
sensitivity approaches(Maier et al., 2024)by providing posthoc interpretative insights into how parameter changes
influence hydrologic model predictionsthat is, without the need for perturbing the model parameter .sjpdesretable
machine learningnethods are not without limitations as thaly imply relations in the model which may not necessarily be
causalHeskes et al., 2020bhus caution should be exerciseden interpretingnodel explanations

This paper aimso interrogate largscale hydrologic model performance with machine learning tools to identify
which processes may be inadequately represented in physically based models. Thus, the questions we address are: wi
catchment attributes can be used to prefdadr model performance, and are certain dominant hydrological processes
associated with these catchment attributes? To answer these questigmeseve a proedf-concept approach that uses
machine learning techniqués provide posthoc assessment ofadel sensitivity We did this by buildinga random forest
model to predict KGE values for NWM and NHM predictions at over 4,000 bésigs1). Thereafter, model predictions
were interpreted using Shapley values, which highlightptinesiographic and hydrologic controls of processed model
performance. This work aims to inform how the next generation of-Eggle hydrologic models can be improved for the

responsible stewardship of water resources into an uncertain future.
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Figure 1: Flow diagram showing the application of interpretable machine learning in this study. (1) Data observations and National Wate

Model (NWM) or National Hydrologic Model (NHM) predictions are used to generate a targefi Kinga efficiency (KGE) for each
site. (2) Catchment attributes are input to a Random Forest (RF) model to predict KGE for each site. (3) The RF madaéds mval
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85 comparing the predicted KGE to the target K@GEingthe coefficient of determination fRto determine goodness of .fi(4) Shapley
values £ ) are used to explain the marginal contributions of catchment attributes that distinguish KGE prediction at a partié{dpr site
from the average modeled KGE for all sites, E[(f(x)]. In the given exantipdevalues of the climate and topography attributes at this
individual gage lower the predicted KGEK ), whereas the values of the hydrology and agriculture attributes increase the predicted KGE

(F)
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2 Methods
2.1 The National Water and National Hydrologic Models

We retrieve daily streamflow observations and predictions for gaged locations (sites) for the NWM version 2.1 and
NHM version 1.0 from existing repositorigdohnson et al., 2023a; Regan et al., 2019; Towler et al., 2028) S1
summarizes the models that produced the data used in this studwl Aftdt614 basins with at least 10 years of data that
span the contiguous US (CONUS) are included in our analysts. Geological Survey, 2024The da¢ range of flow
observations and predictions is from water years 1984 to 2016.

NWM and NHM performancat each sitevas assessagsing theKling-Gupta Efficiency (KGE)a common metric

in hydrologic modelingGupta et al., 2009)he KGE:is calculated as

KGE = O-12+ j-12+ p-12 (1)
where} is Pearsoncorrelation coefficient, antlandb are the ratios of the standard deviation and the mean,

respectively, of model predictions to data observatidhs. accuracies of NWM (Fig. 2) and NHM (Fig. S1) predictions are

particularly sensitive to aridityThe KGE values calculatéd Equation (1) srveas the target variables ftire forthcoming

machine learningnodel(Figure 1)

CDF

-1 -0.5 0 0.5 1
KGE

Figure 2: Cumulative distribution function (CDF) of National Water Model (NWM) performance for humid (PET/P <1, n = 3,827) and
arid (PET/P >1, = 787) sites as assessed by the Kl@gpta efficiency (KGE) evaluation metric

2.2 Random Forest Model

Random forest modielg is an ensembléasedmachinelearning approacltior predictingcontinuous values and
captuing nortlinear trends in a datasgto, 198). We train a random forest model, comprising of 1,000 regression trees, to
predict the target KGE at each site using catchment attributepatsy ar i abl es ( t.eThereatdregi £ 48Bpt ur e
are derived from BasinATLA%Linke et al., 2019hand incorporate wide ranges of clite, hydrology, topography, soils &

geology,undevelopedregetation, agriculture, and urban land use. The names and descriptions of the 48 predictors can be
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found in Table S1, and the spatial variations of the 48 predictors across the CONUS are shgwB2iTke featureswvere
selectedbased on their likelihood to impact hydrolodgioil water contentappears asraimportant predictoiin the later
analysis, and we define it here for claritySoil water contentis defined asthe annual soil water available for
evapotranspiratio{Trabucco ad Zomer, 201Q)and the original study authors calculated iteagial to the longerm
effective precipitation minus the sum of actual evapotranspiration and runoff.

The random forest model was trained and validated using bootstrapmividual trees are grown from an-tihe-
bag bootstrap of the observation dataset-@itag observations not included in the bootstrap are used for model validation.
The models were trained using the mean squared error objective function. The coefficient of daerrffifawas
calculated to assess predictive performance of the random (Besstson, 901). Extreme values (outliers) can distort the
utility of a predictive and interpretable modeiu et al., 2018) Because the KGE metric has a small upper bound (+1) and
an infinite lower bound-®) , a small subset of very negative values ¢
for a gaged location in the NWM dataset3€2.8, whereas thé"percentile of KGE value2.7. The performance at both
sites would be considered fiunacceptabl eo; t hus, incl udi
without provding much additional insight beyond that given by other underperforming sites. To address the disproportionate
influence of a small subset of values, we consider the 5% of sites with the most neygetEKGE values as outliers,
reducing our datasetdm 4,614 to 4,383 sites. Random forest model analyses and development were performed using the
TreeBaggerfunction in MATLAB 2024 (MathWorks, 2024)

2.3 Shapley Values

Shapley values are derived fromoperative game theognd they aim to assekew coalitions form and how these
coalitions impact the payout of a garf&hapley, 1953)In the context ofnterpretable machine learnintpey are a model
agnostic approacthat attributes each feature an importance value for a prediction, indittadimgarginal benefit that the
inclusion ofthe feature provides to the overall predictiicundberg et al., 2020; Lundberg and Lee, 20THhus, Shapley
valuesexplain the inner workings of a mod®¥ith influential featuregeceiving large attribution of credit whereasn
influential features may receive little or no credit for the model predicliba.Shapley value is also the owligtribution of
gain amongfeatures (e.g., predictor variables) tlsatisfiesfour properties: (1) efficiency, (2) symmetry, (3) linearity, and
(4) null player(Shapley, 1953)Respedtely, these properties ensure that (1) the tgadictionis fully allocatedto
features (2) features that contribute the satoéhe predictiorshouldreceive identical credi(3) the feature attribution for a
model that combines several soiondels Bould be thesum of the attributions from each soiwdel and (4) a feature
contributing nothingo the predictiorshould receive mallocation

The Shapley valug () of the ith feature (catchment attribute) for the query point x (KGE) can be calculated by the
characteristic value function (v) as:

1 S¢ M-sSs-1!

M1 vy S° i -vw S (2)
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where M is the number of featurdg,is the set of all features, S is a set or coalition of features, |S| is the number of
elements in the coalition«{B) is the value function of the features in the coalition for the query p¢8tiapley, 1953)The
valueofy( S) represents the Aworthod or the expected contrib
guery point x. leveraging the additivfinear) nature of Shapley values, we calculate them for each observation for all trees
in the random forest and then average respective feature results across trees for a more robust statistic. All Shapley valt
analyses were perfaredin MATLAB 2024 using theTreeSHARalgorithm with an interventional value functigbundberg
et al., 2020; MathWorks, 2024The interventional value function calculates the expected output of the model when the
values for the features in a specific coalitare set to those of theodelinstance being explained, whithe values for the
features not in the coalition are sampled frdm full dataset. This approach aims to isolate the impact of the feature
coalition by breaking potential dependencies with features outside the coalition, effectively simulating antintewhere
only the features iSare known and fixed, and the others vary according to tiiginaldistributions.

To aid in interpretation oShapley valueswe providea brief exampé. The random forest model described in
Section 2.2 is trained toredict the KGE of the NWMor NHM) model at4,383sites in the analysigig.1).1| n shor t , T
accurate is the NWM modedt a particularsite? drhe random forest modelnswers this questioby transforning 48
catchment attributéeaturesnto a prediction of KGE. In the absence of Shapley valinesprocess by which tleatchment
attributesare transformed to create tK&E predictionis uncertainShapleyvalues( ) elucidate themarginal contribution
of a featureto therandom forest predictigrwhich isdefined ashow muchthe predicted KGE at a site increases -or
decreases-( ) when a feature is included in the madel this way, sensitive featuresill have a high Shagly value
magnitudeg S as thepredicted KGE is sensitive to the value that the feature takes. Thus, Shapley values help to distinguish
the catchment attributes that cause variation in predicted KGE across Aljtlagegh the full range of Shapley values for
the 48 catchment attribute features are informativehigielight and discusthe most impactful feature negatively affecting
model performanceat each siteThe most impactful feature is the one havihglowest Shapley value (mijn) at a site
meaning it reduces the predicted KGE more than any other feature.

We usedheEcological Regions of North Ameri@s a way of groupinglusters of catchments order to facilitate
the discussion of similarities (orissgimilarities) betweenhe drivers of model performance across broad ai@agernik,
1987)Ecoregions are defined by fAperceived patterns of a ¢
land-surface form, potential natural vegetation, anidséo(Omernk, 1987) Results from individual catchments were
aggregated to the ecoregion level for comparison of generalstidrcatchment was assigned to an ecoregion based on the

greatest area of an ecoregimntainedwithin the drainagdoundaryof a catchment.

3 Results

Because general results for both the NWM and NHM were broadly similar, we focus the main text disecussion o

the NWM and note instances where the two models differ (detailed results from NHM analysis can be found in the
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Supplement). Rvalues for the testingredictions of KGE for the random forest mode¢ shown inFig. 3. The random
forestmodel explains 47%43%) d the variance encoded in the KGE metric f8VM (NHM) simulations at4,383 gages

Given the considerable variability in the processes influencing hydrologic model performance across CONUS, we consider
this model per f or aceepabildy criesiaafdr R%svanavdth the cpriplexatys of a datasétegates and
McCabe, 1999)We proceedwith interpretable machine learnirig understand how catchment attributes influence KGE
values of streamflow for the NWM and NHM.

NWM NHM
100
1 1
80
i :
® 60 S
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Figure 3: Evaluation of the random forestodel prediction oKling-Gupta Efficiency (KGERt NWM and NHM sitesResults are shown

for the outof-bag (testinglsamples The densityscatter plot displays the count of data points in each partitioned bin. For visual clarity,
predicted and observed KGE values less than 0 are not plotted, although they are included in the calcWldtioaasftRmodel. NWM =
National Water Model, NHM = National Hydrologic Mod&? = Coefficient ofDetermination.

We investigated the local structure of Shapley valugsat three siteghat have been selected to demonstrate
various controls on KGE prettion (Fig. 4). We report how the Shapley values explain random forest model predictions of
KGE, butit is important to note thahese explanatiorare not necessarily caudalt rather reflect correlations identified by
the algorithm The directionalityand extent of influence by each predictor is indicated by the magnitude and sign of the
predictor 6s [9.Hach vaeyfall pla showes how Shapley valdey ¢f features help to distinguish one site,

f(x), from the mean of all sites, E[f(x)These three sites were selected to demonstrate various catchment controls, such as
climate at Tucannon River, WA; hydrology at Seboeis River, ME; and soils & geology at Timpas Creek, CO. At Tucannon
River, the relatively high values of actual evapotrarijgin and aridity index at the site cause a decredasgif the
prediction of KGE at that site. At Seboeis River, the large lake area percentage causes a gerirdSBE prediction, but

the high soil water content causes an increasg i+ KGE prediction. At the final site, Timpas Creek, the most influential
feature is the low soil water content, which has a considerable negative contributjoto (KGE prediction. With an
understanding ohow Shapley values operate at imdividual gage (locascalg, we proceed to a global perspective by

assessing the aggreg&kapley valueesults of all 4,383 sites.
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The global structure of Shapley valugs) (for six important catchment attributes is showg( 5): soil water
content, snow cover maximum, road density, precipitation, lake area, and irrigated area. The marginal contributioh of the soi
watercontent variablel (s o ; | wa o dS POSiive &) in areas with high soil water content (east of th& ®@ridian and in
the Pacific Northwest) and negativ¢ J in areas with lower soil water content (Great Plains, Intermountain West, and
California). The Shapley dependence plot identifies 210 mm soil water content as a threshold fram when wat er con
increases+ ) versus decreases () the prediction of KGE. Thies o w ¢ o Walues,are positive in the Rocky Mountains
and the upper Midwest. Snow cover maximum has little effect on KGE predictions until a threshold of 40% is exceeded, at
which point maximum snow coveragerease&GE prediction. The ; , .4 Malues ake rgative in urban centers, when
road density exceeds 5 km/knmsuggesting high road density decreases accuracies of model predictions. Otherwise, the
presence of roadways has little impact on KGE predictions at lower road densities. A threshold of 900 predjpitation
emerges; precipitation values lower than this threshold lower KGE, (¢ ¢ i g iand viallgs greater than this threshold
increase KGEH ¢ ci i thel i a k e VAlUgs,are generally close to zero except for when lakes coastitstibstantial
portion of a watershed (> 10%), such as in Minnesota and Wisconsin and the Northeast Regipn. Foy , wagershegds
with less than 3% irrigated area are unaffected by the variable, but beyond a threshold of around 10%, tkeopresenc
irrigation decreases KGE predictions.

Shapley value swarm charts show the directionality and magnitude of feature importance for all 48 prEjctors (
6). Globally, the most impactful features (greatesy for KGE prediction aré s o | wawkarcdnvhacndeRNET
[ oreci piRegarding directionality, higher catchmectle values of soil water content, aridity index, actual ET, and
precipitation increase KGE predictiorf () whereas smaller values decrease KGE predictipn. (Although these are
globally the most influential variables, they are not necessarily the most influential at each individual site. We tiathe s
distribution of the most impactful feature group leading to poor KGE scores at each site, tharéslitter group having
the greatest negative Shapley value (mjmat a site. The count of most impactful features groups at individual sites were
climate (n = 761), hydrology (n = 1,290), and soils and geology (n = 1,447). Soils and geology featurregomsly low
soil water contents, reduced KGE most often in the Great Plains and Intermountain West. Hydrology features, typically large
values of lake and reservoir storage, reduce modeled KGE in the Midwest. Climate features did not have sabng spati
coherence. Next, we assess the distribution of KGE values grouped by most impactful featje FBigthe NWM, sites
where the most impactful features were soils & geology as well as urban land use had the lowest median KGE values. Th
results for AHHM were similar to NWM except that areas controlled by climate have lower median KGE values for NHM
than NWM.

We map the spatial linkage between ecological regions in the US and the influential features controlling KGE
scores at sites contained within thesegions (Fig.8). The ecoregions containing the most streamgages are Eastern
Temperate Forest, Great Plains, Northwestern Forested Mountains, and North American Deserts. Streams in the Eastel

Temperate Forest ecoregions are most frequently influencad bgcreasing order, hydrology, climate, urban, and soils &

10



geology features. For the Great Plains, the most frequent controlling features are soils & geology, followed distantly by
hydrology. The Northwestern Forested Mountains are influenced by sajlso®gy, climate, hydrology, and topography.
Lastly, the North American Desert streams are controlled almost exclusively by soils & geology features.
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Figure 5: Spatial distribution of Shapley valuas)(for selected influetial features and their impact on KlinGupta efficiency (KGE)
prediction for the National Water Model (NWMlhe colorbarrepresents the magnitudetrof The partial dependence plot of each feature

250 is shown. Features value distributions are representixdanieatmap. A moving average of feature values is indicated by a line to show
general trends
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Figure 6: (a) Map of Kling Gupta efficiency (KGE) for the National Water Model. (b) Map and histogram of theimpattful feature
255 causing poor model performance at each site, i.e., the predictor group having the greatest negative Shapl@atalsitg, (c) Swarm

chart of Shapley values for KGE prediction showing feature importance for 48 predictors. Tdaseatpiot on the right axis indicates the

mean absolute Shapley valge9) of all observations for a predictdrhe predictor value is the magnitude of the catchment attribute.

12



