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Abstract water budgets are essential for characterizing water supplies from snow-dominated upland
catchments where data are sparse, groundwater systems are complex, and measurements are prone to error

(&). One solution is imposing water budget closure (CWB) by ignoring difficult-to-measure variables,

including inter-basin groundwater fluxes (G) and e. However, conventional CWB-based analyses, which derive
evapotranspiration (ET) from precipitation (P) and streamflow (Q) (e.g., the Budyko hypothesis), are limited in
their ability to take advantage of recent advances in ET products, physically-based frameworks for improving
inferences about G, or tools to statistically characterize ¢ (Triple Collocation [TC]); all of which offer promise
for improved water supply predictions via open water budgets (OWB). We clarify the value of these advances in
upland settings by comparing standard land surface model, Ensemble Mean, and TC-Merged P and ET products
in 114 upland catchments. When compared against a long-term OWB, we find that the CWB assumptions are
unsupported in 75%—100% of our 114 catchments, depending on the product. We then show how applying
these CWB assumptions in snowy, steep catchments where ¢ is large can inflate inferences about streamflow
response to climate change by up 9 times more than independent (OWB) estimates of ET using TC. Finally, we
demonstrate how advances in OWB analysis reveal that high, arid settings with deep permeable substrate are
groundwater exporters while most other basins are groundwater importers. Our results highlight the advantages
of OWB analyses that harness new products, tools, and frameworks for characterizing inter-basin groundwater
fluxes in critical upland settings.

Plain Language Summary Hydrologists use calculations about the inputs, outputs, and stores

of water to anticipate changes in water supply from higher elevation, snow-dominated (upland) regions. To
avoid challenges related to data limitations, it is common to make simplifying assumptions about negligible
measurement error and groundwater storage and flow to close the annual water budget. However, the
implications of these assumptions are rarely assessed. We investigate the support for these assumptions over

a 15-year period and find that when invalid, they can over inflate the expected sensitivity of streamflow

to precipitation falling as snow. We filter some error through optimized averaging (using a method called
triple collocation) to illustrate how an open water budget approach that allows for measurement error and
groundwater storage and flow can improve our understanding of water resources. This approach illustrates that
higher, drier catchments with a deep subsurface provide a groundwater subsidy to lower catchments that is not
apparent using other common techniques.

1. Introduction

Higher elevation (upland) catchments are critical for generating downstream water supplies (Barnett et al., 2008;
Ehsani et al., 2017; Harpold et al., 2012; Li et al., 2017; Viviroli et al., 2007). As such, there is a pressing need to
quantify how upland water supplies—including both surface and groundwater—will respond to changing climate
(Gordon et al., 2022; Immerzeel et al., 2020; Mankin et al., 2015; Qin et al., 2020). Water budgets are foundational
tools in this pursuit (Barnhart et al., 2016; Berghuijs et al., 2014; Ni et al., 2015). However, accurately closing
the water budget in upland settings remains elusive due to complex hydrologic pathways and difficult-to-meas-
ure variables such as groundwater fluxes (G) and evapotranspiration (E7). Moreover, measurement error—
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particularly biases (i.e., systematic error) in estimates of precipitation (P) associated with complex topography
and snow plague water balance closure in upland catchments (Bales et al., 2006; Carroll et al., 2019; Henn
et al., 2018). To circumvent these challenges, conventional approaches often assume that unknown or uncer-
tain variables (including error) can be ignored by imposing a closed water budget (CWB, Fan, 2019; Kampf
et al., 2020; Safeeq et al., 2021). To illustrate this point, we present a simple, but complete, catchment water
budget following Fan (2019):

P*ET*Q=%+G+E}>+£ET+EQ, (1)

where P is precipitation, ET is evapotranspiration, Q is streamflow, % is change in terrestrial water storage, G
is interbasin-groundwater flux into or out of the catchment, and €p, ¢, and €p are combined systematic and
random error in the measurement of P, ET, and Q, respectively. Here, we define systematic errors as correlated
to the true value of the variable whereas random errors are uncorrelated to the true value of the variable. Because
they are difficult to separate, we refer to the combination of ¢, &, and &, as a single term (¢) and assume that
is a combination of systematic and random error. When a CWB is imposed, right-hand side terms in Equation 1
including G, %, and € are assumed to be zero, resulting in a simplified CWB form of the water budget in which
P-ET-Q = 0. This simplification implies that ET can be calculated as ETcws =P-Q.

Of the simple water budget-based tools that rely on CWB assumptions to derive ETcws, the Budyko hypothesis
(Budyko, 1974) has emerged as a particularly useful and common framework for characterizing upland water
resources (Barnhart et al., 2016; Berghuijs et al., 2014; Greve et al., 2020). The Budyko hypothesis posits that
water budget partitioning (e.g., the ET fraction or ET/P and runoff ratio or Q/P) can be determined solely based
upon the ratio of available energy (often expressed as annual potential evapotranspiration, E,, in equivalent water
depth) to available water (expressed as annual P, also in water depth) (Sposito, 2017). Relying on this simpli-
fication, prior research has attributed observations of systematic patterns (i.e., statistically detectable trends) in
catchment plotting relative to Budyko-type curves to underlying physical processes or catchment properties (e.g.,
Li et al., 2013; Padron et al., 2017; Potter et al., 2005), such as streamflow response to shifts in precipitation
phase measured as the annual fraction of P falling as snow (fs) and intensity under climate change (Barnhart
et al., 2016; Berghuijs et al., 2014; Ni et al., 2015).

To accurately characterize the water supplied from upland catchments, the above applications of the Budyko
hypothesis require the imposition of (valid) CWB assumptions—specifically, that G =0, e =0 - ETcws= P-0Q.
However, there is growing evidence that these assumptions may not hold in upland catchments (Kampf et al., 2020;
Safeeq et al., 2021). First, G—specifically interbasin groundwater exportation—is typically ignored in CWBs, but
can be a significant component of the upland water budget (Frisbee et al., 2016; Safeeq et al., 2021) with potential
to bias ETcws either high or low (Fan, 2019). Prior research has sought to characterize how non-zero groundwater
fluxes and stores can impact catchment plotting in the Budyko space using models and densely instrumented
catchments (Condon & Maxwell, 2017; Istanbulluoglu et al., 2012; Wang et al., 2009). Quantifying interbasin
groundwater import or export, however, is notoriously difficult in upland settings due to a lack of data and the
complexity of hydrologic pathways (Carroll et al., 2019; Fan, 2019; Maxwell & Condon, 2016). In the absence of
available data, Fan (2019) proposed a new physically-based framework comprised of several explanatory crite-
ria to condition expectations about the role of G in water budgets including: (a) catchment size, (b) catchment
position, (c) aridity, (d) depth of permeable regolith, and (e) geological permeability (see Section 3.2). For exam-
ple, the framework argues that headwater catchments with deep permeable regolith are likely to export ground-
water (G > 0), violating CWB assumptions. Second, e—particularly systematic error in P in snowy, steep upland
catchments—can also impact upland water budget closure, violating CWB assumptions and impacting ETcws as
aresult. Upland gauges are often too sparse to represent spatial variability in P (Jing et al., 2017) and are plagued
by under-catch bias in snowy and windy conditions (Rasmussen et al., 2012). Moreover, orographic enhancement
and complex terrain can hamper both satellite retrievals and high-resolution models in these settings (Dettinger,
Cayan et al., 2014; Dettinger, Redmond, & Cayan, 2004; He et al., 2019; Henn et al., 2018; Wrzesien et al., 2019).
Given the above, there is a pressing need to better understand how evidence for non-zero G and ¢ interacts with
CWB assumptions to influence inferences about upland water supplies derived from widely used tools like the
Budyko hypothesis (Andréassian & Perrin, 2012; Valéry et al., 2010).

Open water budget (OWB) approaches, which require an independent estimate of ET (henceforth, ETows),
offer a pathway to more rigorously investigate the role poor assumptions about G and € may play in inferences
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about upland water supplies (Kampf et al., 2020). In upland settings, advances in land data assimilation systems
(LDASS) (e.g., Kumar et al., 2019) and remote sensing (e.g., Anderson et al., 2011; Mu et al., 2011) have given
rise to a suite of new ETows datasets. However, each of these ETows data sets are subject to considerable uncer-
tainties (Polhamus et al., 2013), which makes it challenging for users to determine if the benefits of adopting
ETows outweigh the previously described disadvantages of propagating assumptions about G and ¢ into ETcws.
If users adopt an OWB-based approach at all, they are often left to rely on best judgment in selecting from a
range of ETows data sets. In some cases, users might simply select an ETowg data set that uses other water budget
variables like P and Q as inputs, hoping that this will reduce the total independent error sources (e.g., Barnhart
et al., 2016). In other cases, users might elect to merge different estimates of ETows together via an ensemble
mean (e.g., Abolafia-Rosenzweig et al., 2021; Yilmaz et al., 2012). Doing so, however, implicitly assumes all
estimates are equally error-prone. Information about the levels of errors in different ETows estimates could facili-
tate a more accurate averaged best estimate. This can be achieved using triple collocation (TC)—a tool that objec-
tively obtains random error estimates from three or more spatially and temporally collocated products to attain
a single product with reduced random error (Gruber et al., 2017; Stoffelen, 1998; Yilmaz et al., 2012). Recent
research has highlighted the value of TC for comparing different ET data sets (Khan et al., 2018). By improving
estimates of P (Alemohammad et al., 2015), other research suggests that TC may also improve ETcws (Burnett
et al., 2020) with additional benefits to water budget evaluations more generally. Despite the promise of TC, it is
limited to providing statistical descriptions of random errors (see Section 3.1) and its limitations to describe or
remove systematic errors impacting Equation 1 in upland settings are unexplored.

OWBs—aided by recent advances in approaches to condition expectations about G (e.g., Fan (2019)), tools to
characterize ¢ (e.g., TC) and products to estimate ETows— offer promise in evaluating the benefits and limita-
tions of using CWB assumptions to make inferences about critical upland water supplies (Kampf et al., 2020;
Safeeq et al., 2021). Because the value of these advances remains largely speculative, this study aims to clarify
what—if any—benefit they provide to potential users in 114 snow-dominated upland catchments that import and
export G and have large potential for € (Condon et al., 2020; Fan, 2019; Henn et al., 2018; Rasmussen et al., 2012;
Wrzesien et al., 2019). Using our study catchments, we first investigate of the validity of CWB assumptions
through an evaluation of long term water budget closure and the Fan (2019) framework. Second, we interrogate
the consequences of improper CWB assumptions when inferring the response of upland surface water supplies to
climate change—specifically upland streamflow response to changes in P. Here, we focus our analysis of these
benefits on the Budyko hypothesis because it is a widely used CWB-based tool that has been used to set expec-
tations about upland water resources in response to climate change (Barnhart et al., 2016; Berghuijs et al., 2014;
Greve et al., 2020). We follow Condon and Maxwell (2017) who more rigorously evaluate the effects of CWB
assumptions in the Budyko space using ETcws and ETows. Third, we examine whether these advances improve
inferences about upland groundwater resources ignored in conventional applications of CWB-based tools like the
Budyko hypothesis or otherwise masked by products with large ¢. To do this we identify splits in our data using
splits (e.g., thresholds) identified through conditional inference trees—a type of unbiased recursive partitioning.
Using these splits, we establish statistically-based rules to categorically classify our watersheds based on agree-
ment with the Fan (2019) criterion. We distill the motivation of this study into three central questions:

1. Does long term OWB closure—assisted by the Fan (2019) framework, TC, and ETows products—validate
conventional CWB assumptions (i.e., G =0, ¢ = 0 —» ETcws = P-Q) in upland catchments?

2. In upland catchments where CWB assumptions are invalid (e.g., € # 0 due to P bias in steep, snowy catch-
ments — ETcws# P-Q), how do the Fan (2019) framework, TC, and ETows products differ in Budyko-based
inferences about water supplies (i.e., streamflow efficiency in response to changes in precipitation phase, f5)?

3. When ¢ is characterized using TC, can the Fan (2019) framework and ETows products improve insights about
G export or import in upland settings?

2. Study Area and Data
2.1. Study Area

We focus on a large collection of upland catchments compiled using a subset of the Catchment Attributes and
Meteorology for Large Sample studies (CAMELSs) database (Newman et al., 2015). The CAMELS database is
comprised of data for 671 catchments distributed throughout CONUS and includes forcing data for P, E,, and Q.
To select for upland catchments with high measurement uncertainty, we used the same subset of 268 catchments
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Figure 1. Map of candidate study sites broken out into the Western US (California, Great Basin, Pacific Northwest, Upper and Lower Colorado, and Rio Grande
regions), Central US (Missouri, Upper Mississippi, Great Lakes, and Souris-Red-Rainey regions), and Northeastern US (Ohio, New England, and Mid-Atlantic
regions). Here regions are abbreviated as follows: NE is New England, MA is Mid-Atlantic, OH is Ohio, GL is Great Lakes, UM is Upper Mississippi, MI is Missouri,
SRR is Souris-Red-Rainey, UC is Upper Colorado, RG is Rio Grande, LC is Lower Colorado, GB is Great Basin, CA is California, and PNW is Pacific Northwest.

from the CAMELSs database located throughout CONUS with f5 > 0.15 used by Berghuijs et al. (2014). Catch-
ments range from 6 to 2,679 km? in drainage area with a mean size of 387 km? (see Figure 1). Additional details
on candidate catchments are provided in Table S1 in Supporting Information S1.

2.2. Data

In this study, we relied on multiple datasets (summarized in Table 1) to perform the analyses outlined in Section 3.
For gridded time-series products, all data were obtained for the period from 1 October 2001 to 30 September
2016 for each catchment in Figure 1, which represents the maximum overlap between products allowable for the
application of the TC approach outlined in Section 3.1. Please see Text S1 and S2 in Supporting Information S1
for more detail.

To assist users in evaluating the advantages and disadvantages associated with different estimates of ETows and
to test the value of TC-based merging in upland settings, we compared three different data products selected to
represent the most common choices available to users in upland settings: (a) an NLDAS product (Section 2.2.1);
(b) an Ensemble Mean product (Section 2.2.2); and (c) a TC-Merged product (described in Sections 2.2.3 and 3.1
below).

2.2.1. NLDAS Product (Example of a Single Model)

The NLDAS product consists of NLDAS P forcing data, which is derived from a temporal disaggregation of
gauge-only Climate Prediction Center (CPC) data with the PRISM topographical adjustment, CPC hourly
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Table 1
Summary of Input Data Products Used for This Study Including Five P Products and Four ET Products
Included in
Spatial Temporal Temporal ensemble
Product resolution  Spatial extent  resolution extent Source mean? Reference
Water budget and Budyko variables
Precipitation
ERAS 31 km Global Hourly 1979-Present  Reanalysis No (Hersbach et al., 2020)
PERSTANN- 27.75 km  Quasi-Global Daily 1983-Present  Satellite No (Ashouri et al., 2015; Sorooshian
CDR et al., 2014)
NLDAS-2 13.875km North America  Hourly 1979-Present  Gauge Based Yes (Xia et al., 2012) Included in CAMELSs
database
Daymet 1 km North America Daily 1980 -Present Gauge Based Yes (Thornton et al., 2016) Included in
CAMELSs database
PRISM 4 km CONUS Daily 1981-Present Gauge Based Yes (Daly et al., 1997, 2008)
Evapotranspiration
ALEXI 10 km CONUS Daily 2001-Present Thermal: TSEB No (Anderson et al., 2011)
SSEBop 1 km CONUS Daily 2000-Present  Thermal: Yes (Senay et al., 2013)
Penman-Monteith
NCA-LDAS 12 km CONUS Daily 19792016  Land Surface Model: Yes (Kumar et al., 2019)
Penman-Monteith
MODIS16 0.5 km Global 8-day 2001-Present  Satellite (Near Infrared): Yes (Mu et al., 2013)
Penman-Monteith
Potential evapotranspiration®
NLDAS-2 13.875km North America  Hourly 1979-Present Penman Based N/A (Xia et al., 2012) Included in CAMELSs
database
Streamflow®
USGS catchment North America Daily 19802014  Gauge Based N/A (Addor et al., 2017; Newman et al., 2015)
Included in CAMELS database
Catchment and subbasin attributes
Snow Fraction
— catchment North America  Average Annual 1980-2014 - N/A  (Addor et al., 2017; Newman
(CAMELS); et al., 2015) Included in
variable CAMELSs database
Depth to
bedrock
Pelletier catchment Global - - Model-Based N/A  (Pelletier et al., 2016 Included
in CAMELSs database
Maximum sub-basin elevation
SRTM 3arcs Global - - Model-Based N/A  (Yangetal., 2011
Mean catchment aridity
- catchment CONUS Average Annual 1980-2014 Model-Based N/A  (Addor et al., 2017; Newman
(CAMELs); et al., 2015) Included in
variable CAMELSs database
Geologic permeability
GLHYMPS ~100 km? (average Global - - Database synthesis N/A  Gleeson et al., 2014 Included
polygon size) in CAMELSs database

Note. Details about specific data products are summarized in Table 1 below. We note whether the data were included in the CAMELS database in the reference column.
Data that were not available in the CAMELs database were independently estimated from the sources listed in Section 7. We provide more detail on each product in
Text S2 of Supporting Information S1.

aSupplemented with additional data as described in Text S2 in Supporting Information S1.
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CONUS gauge data, hourly Doppler radar precipitation data, half-hourly CPC data, 3-hourly North American
Regional Reanalysis data (Xia et al., 2012). The NLDAS product also includes NCA-LDAS ET, which is gener-
ated by running the National Climate Assessment-Land Data Assimilation System (LDAS) with NLDAS forc-
ings, including P (Kumar et al., 2019). The NLDAS product was selected to investigate the relative advantage of
selecting a single data set for P and ET (e.g., Barnhart et al., 2016). NCA-LDAS was specifically selected based
on the widespread use of LDASs for agricultural and water resources management applications and based on
NCA-LDAS’ explicit focus on the terrestrial water cycle. Unlike the other products, errors in NLDAS products
are not mutually independent and are constrained to balance (over sufficiently long time periods). That is, unlike
the two products below, for the NLDAS product errors in P may be compensated by errors in Q and/or ET.

2.2.2. Ensemble Mean Product (Example of Merging of Multiple Data Sets)

The Ensemble Mean product in this study was comprised of an ensemble mean of NLDAS, PRISM, and Daymet
P data sets and an ensemble mean of MOD16, NCA-LDAS, and SSEBop ET data sets, which are noted in
Table 1. The Ensemble Mean product was selected to investigate the common approach of merging multiple data
sets. We elected to combine the P and ET products into the Ensemble Mean above based on their public availa-
bility, ease of access, and widespread use in studies of upland/mountain environments (Addor et al., 2017; Hahm,
Dralle et al., 2019; Hahm, Rempe et al., 2019; Newman et al., 2015; Velpuri et al., 2013).

2.2.3. TC-Merged Product (Example of Optimized Merging of Multiple Data Sets)

The TC-Merged product in this study was comprised of all P and ET data sets in Table 1 and was constructed
following the methodology outlined in Section 3.1 below. The TC-Merged product was selected to investigate the
merging of multiple datasets using an objective statistical representation of their random errors. Our constructed
P triplets followed prior work (Massari et al., 2017) and were comprised of the following: (a) a reanalysis
product; (b) a satellite-based product; and (c) a gauge-based interpolation or gauge-based interpolation/Land
Surface Model (LSM) hybrid. ET triplets were constructed using: (a) a thermal product, (b) a LSM; and, (c) a
near-infrared product.

3. Methods

To answer our three research questions, we first constructed new estimates of ET and P using TC-based merging
(Section 3.1.), which required a robust characterization of cross-correlated estimation errors (Section 3.1.1). Once
we characterized cross-correlated errors, we used TC outputs as the basis for optimized merging (Section 3.1.2)
to obtain TC-Merged P & ET with minimized random error (Section 2.2.3). We then evaluated the performance
of TC-Merged P & ET against NLDAS (Section 2.2.1) and Ensemble Mean (Section 2.2.2) P & ET.

We used TC-Merged, NLDAS, and Ensemble Mean P & ET to assess the validity of CWB assumptions, which
are necessary for conventional application of the Budyko hypothesis. We did this by comparing “inferred ground-
water behavior” (e.g., G + €) obtained using each of our three products in a long term OWB. We evaluated the
long term OWB by rearranging Equation 1 as:

Pom — ETqum — Qsum = Gsum + Esum 2)

where the subscript “sum” indicates the 15-year sum of each variable. We neglected the contribution of %
because existing measurements of it were too coarse for our application (Tapley et al., 2004) and it was chal-
lenging to reliably separate G from % (Enzminger et al., 2019). Consistent with reported common assumptions
for USGS streamflow data from Hamilton and Moore (2012), we assumed Q. was accurate to within 5% at a
95% confidence interval. We normalized the resulting inferred groundwater behavior (i.e., G + €) by P and sorted
catchments into the three different categories described in Table 2: groundwater neutral, groundwater importer,

or groundwater exporter.

Because each category in Table 2 can be influenced by true G and/or €, we further tested the physical support
for inferred groundwater behavior using five criteria proposed by Fan (2019) (described further in Section 3.2).
We applied a type of unbiased recursive partitioning to establish splits in the five criteria related to differences
in inferred groundwater behavior and then used the raw number of supporting criteria as the basis for classifying
catchments with physically supported groundwater import or export (Section 3.2.1). Next, we used these results
to examine the impacts of propagating poor CWB assumptions about G and ¢ into ETcw g via the Budyko hypoth-
esis (Section 3.3).
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Table 2

Summary of Water Budget Closure Categories Adopted for This Study Based on Fan (2019) and Their Implications for G
and g

Category Mathematical description per Equation 2 Implication for Gyum + €uum  Implication for CWB
Groundwater neutral Pum— ETym— Qsum=0 Gam + Eam =0 ETcws = ETows
Groundwater exporter Paum — ETgym — Qsum >0 Gaum + Eum> 0 ETcws> ETows
Groundwater importer Pom— ETqm — Oaum <0 Gaum + Esum< 0 ETcws < ETows

Note. P, is the sum of P over the 15-year period of record, ET
so on.

is the sum of ET over the 15-year period of record, and

um

3.1. Characterization of Random ¢: TC Analysis

TC analysis requires the construction of a TC triplet with three distinct measurement systems (e.g., X, Y, and Z) of
the same environmental variable (McColl et al., 2014; Stoffelen, 1998). Henceforth, we use TC[X-Y-Z] to refer to
a generic TC triplet of a single environmental variable constructed from measurement systems X, Y, and Z. In order
to obtain valid outputs for TC[X-Y-Z], TC requires that a number of assumptions are met (Gruber et al., 2017).
The first of these assumptions (assumption 1) is that each measurement system or product (e.g., X, ¥, and Z) has a
linear relationship to the “true” variable (C;) which can be modeled for a generic variable C as follows:

Ci=aCr+e 3)

Here, I is the individual measurement system or product (e.g., X, ¥, or Z), @; is a measure of the relation between
C;and C, and ¢; are the respective random zero-mean errors associated with each measurement system or prod-
uct. P errors are typically modeled as multiplicative in short-term and/or fine-scale applications (Alemohammad
et al., 2015); however, recent work by Massari et al. (2017) and Dong et al. (2019) suggests that the assumption
of a multiplicative error model for TC application at the daily timescale is not necessary. As such, we assumed
that underlying error model for both 8-day P and ET was linear and no logarithmic transformation was applied.

The second assumption (assumption 2) relates to signal and error stationarity, where stationarity is satisfied if
the statistical properties of a geophysical process do not change over time. To satisfy assumption 2, we tested
the performance of raw time-series data against time-series anomalies obtained by removing both the long-term
and seasonal mean (e.g., DJF, MAM, JJA, and SON, Text S1 in Supporting Information S1). Because the TC
results for all P and ET triplets were equivalent using raw and anomaly time-series data (not shown), we used
raw time-series data in this analysis to avoid any effects introduced from seasonality determination on TC results.

The final two assumptions (assumptions 3 and 4) are that the signal and the error in the geophysical measure-
ments are independent (error orthogonality) and that the errors in the selected geophysical measurements are
independent (zero error cross-correlation) (Gruber et al., 2016). Additionally, obtaining valid extended triple
collocation (ETC) results requires that each triplet have at least 50 or more points and that all correlation outputs
are positive for each of the input timeseries data sets (Chen et al., 2018). If assumptions 14 are satisfied, then
the error variances (¢2) can be determined using six unique elements from sample covariance matrix (e.g., Axy)
between three measurement systems using TC following Equation (4-6):

AxyA

of = Axx - =5 @
Axy A

U)% = AYY bt —)ZXZYZ (5)
AxzA

6= Azz — —ZZ Yz 6)
XY

The additional contribution of ETC following McColl et al. (2014), is the estimation of Pearson's correlation
coefficient (R) between C; and C; using Equation 7, which estimates R between Cy and C; as an example, and
where oy is the covariance between Cy and C,:

OXYOYZ
Rx=,/——
X O',%O'XY (7)
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3.1.1. Estimation of Uncertainties and 95% Confidence Interval Calculations

Because of the 15-year period of record available across all data, considerable estimation errors arising from
differences in our sample and the true variable were expected in our results. Furthermore, because two of the
data products used were incorporated in all possible triplets, estimation errors were also assumed to be highly
correlated across products (Chen et al., 2018). This correlation affects the Rx calculated by ETC, despite Ry
representing a value that is only influenced by product X (Cx) and the true signal Cx. Comparison of Ry values
across different triplets can thus be used to detect the influence of estimation errors on the TC results (Crow
et al., 2017; Yilmaz & Crow, 2014). For example, with minimal bias from cross-correlated estimation errors, the
R, obtained from TC[X-Y-Z] would be expected to be the same (or very similar) to R, obtained from TC[X-Y-W].
We would therefore anticipate small pairwise differences in calculated correlation values (AR). Thus, it is impor-
tant to quantify when the difference in pairwise AR values is significant to appropriately interpret ETC results.

To detect cross-correlated estimation errors, we obtained uncertainty intervals for AR values sampled across all
catchments using a 1000-member boot-strapping approach. Pairwise AR were assessed in this manner for all
common products (e.g., the R, obtained from TC[X-Y-Z]-R, obtained from TC[X-Y-W]). Each boot-strapped
sample in this approach was constructed using the exact same set of days. We then constructed 95% confidence
intervals from the boot-strapped sampling distribution, which we defined as the range between the 2.5th and
97.5th percentile of boot-strapped AR values. We assumed that the results for any catchment that fell outside the
95% confidence interval in any pairwise AR comparison were unacceptably impacted by cross-correlated estima-
tion errors and removed those catchments from further analysis.

3.1.2. TC-Based Merging

We then used a composite of the TC-based merging methodologies put forward by Yilmaz et al. (2012) and
Gruber et al. (2017) to obtain an estimate of the true underlying values for both P and ET based on the ETC
results. This method was also applied by Burnett et al. (2020). Using this methodology, TC-based error variance
estimates (as opposed to ETC-based R estimates) can be used to obtain a single more accurate data set for a given
geophysical variable (denoted C,,, the TC-based merged estimate of C,):

CM = I/UXCX + wyCY + wzCZy (8)

where wis a weight obtained from the TC-based error variances obtained from Equations 4—6 obtained for each
measurement system or product using Equations 9-11:

6202
wy = ©)
6702 + 0207 + 0207

o307

w, = (10)
o707 + 0207 + 0207

622

w, = (11)
6702 + 020 + 0207

3.2. Characterization of G: Fan (2019) Analysis

Because both G and/or € can contribute to inferred groundwater behavior (Table 2) based on the evaluation of
Equation 2, we investigated the physical support for apparent groundwater neutrality, export, or import in each
catchment using five criteria proposed by Fan (2019):

e Criterion 1 (Catchment Scale). Small catchment size increases the likelihood of groundwater importer or
exporter behavior. If the catchment is small compared to its permeable regolith, the catchment has a greater
likelihood of being a groundwater exporter. We assessed this factor in our study catchments using catchment
size sourced from the CAMELS database and depth to bedrock estimates from Pelletier et al. (2016).

¢ Criterion 2 (Catchment Position). Catchments situated at the high end of a regional elevation gradient are
more likely to be groundwater exporters (Buss et al., 2013) while catchments situated at the low end of the
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gradient are more likely to be importers (Genereux et al., 2013). We assessed this factor in our study catch-
ments using the ratio of mean catchment elevation relative to the maximum elevation of the sub-basin (HUCS)
containing each study catchment (e.g., higher ratio corresponds to higher catchment position and vice versa).
Mean catchment elevation was assessed using data from the CAMELs database and maximum sub-basin
elevation was assessed using data from Yang et al. (2011).

e Criterion 3 (Climate). Headwater catchments under a dry climate with seasonal aridity or interannual
droughts are more likely to be groundwater exporters. Fan (2019) argue that an arid climate leads deep local
water tables below stream beds in the headwaters. Water from precipitation and losing streams in arid head-
water catchments enters regional groundwater flow systems and resurfaces in lower basins to feed gaining
systems (Kidser & Hunkeler, 2016). They further hypothesize that the amount of groundwater export will
increase if the climate is wetter in the headwaters and drier in the lower basin and decrease in the reverse
case. We assessed this factor in our study catchments using aridity data from the CAMELs database (Addor
etal., 2017).

¢ Criterion 4 (Substrate Properties). Catchments underlain by thick regolith, fractured rock, or sediments in
the headwaters facilitate are likely to be groundwater exporters (Buss et al., 2013). This is particularly true in
tectonically active terrain under a humid climate. We assessed this factor using depth to bedrock from Pelletier
et al. (2016).

¢ Criterion 5 (Geologic Structure). Catchments situated atop high-permeability, dipping sedimentary beds
extending beyond the catchment, or shared sedimentary beds—particularly carbonate rocks—are more
likely to be groundwater importers or exporters. We assessed the geologic permeability (expressed as mu(K)
where K is hydraulic conductivity using data from the GLobal HYdrogeology MaPS (GLHYMPS) (Gleeson
etal., 2014).

For each data product, we first assessed the statistical relationships between Fan (2019) criteria and inferred
groundwater behavior based on Equation 2 using Kruskal-Wallis and pairwise Wilcoxon rank sum tests. We
binned catchments into roughly equal groups unless there were objective breakpoints (e.g., climate and substrate
properties). We then used a Kruskal-Wallis test to determine if any statistically significant differences were
observed between groups and OWB closure assuming an « of 0.05. In the case that statistically significant differ-
ences were observed using the Kruskal-Wallis test, we then used a pairwise Wilcoxon rank sum test to further
characterize the statistical significance of differences between groups.

To relate the Fan (2019) criteria to our data, we established splits (e.g., thresholds) in each Fan (2019) vari-
able used for categorical classification of our catchments. Splits were determined using conditional inference
trees, which are a type of unbiased recursive partitioning (Hothorn, Hornik, & Zeileis, 2012; Hothorn, Hornik,
Van De Wiel, & Zeileis, 2012). Following Hothorn et al. (2015), the algorithm we used first tested independ-
ence between input variables (e.g., catchment scale, position, and so on) and the response (i.e., OWB closure).
The algorithm stopped if all variables are found to be independent of the response; otherwise, the variable with
the strongest association —as measured by a p-value —was selected and a binary split was implemented. This
process was then repeated recursively to obtain splits reported in Table 3. For more details on this method we
refer to Hothorn et al. (2015) and for more details on its implementation in this study we refer to Figures S1-S6 in
Supporting Information S1. We report the qualitative Fan (2019) criterion, the split identified by unbiased recur-
sive partitioning that was assumed to represent any qualitative threshold (e.g., catchment was positioned on the
high end of a regional gradient) reported by Fan (2019), and the resulting rules for defining agreement between
apparent groundwater behavior and the Fan (2019) criteria in Table 3.

3.2.1. Classification of G or ¢ Dominance Analysis

Fan (2019) argued that multiple criteria provide the strongest evidence for groundwater leakage; in other words,
satisfying one of the criteria outlined in Section 3.2.2. Does not unambiguously support groundwater export or
import. For example, they find that catchments are more likely to be leaky if positioned at the high end of a steep
regional gradient, underlain by deep substrates, and in a drier climate. As such, we do not focus on whether a
catchment satisfies a single criterion for our classification. We grouped catchments into four categories based on
the agreement between inferred groundwater behavior based on the evaluation of Equation 2 and agreement with
the Fan (2019) criteria as defined in Table 3.

¢ Self-Contained. We defined catchments as self-contained if long term G, + €, Was 0% = Q uncertainty

sum
bounds. These catchments were not assessed for agreement with Fan (2019) criteria.
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Table 3

Summary of the Classification Rules for Fan (2019) Factors Developed via Conditional Inference Trees as Described by Hothorn et al. (2015) and Reported in
Figures S1-S6 in Supporting Information S1

Criterion

Split based on unbiased recursive partitioning Agreement rule with Fan (2019)

Catchment scale

Position

Climate

Substrate properties

Geologic structure

No statistically significant relationship (Figure S1 in Supporting Information S1) None defined

Statistically significant split in the relationship between OWB closure and position ~ Apparent groundwater export if OWB + position >0.56
(m/m) > 0.56 (Figure S2 in Supporting Information S1)

Apparent groundwater import if OWB + position <0.56

Statistically significant split in the relationship between OWB closure and aridity Apparent groundwater export it OWB + aridity> 0.42
(mm/mm) > 0.42 (Figure S3 in Supporting Information S1)

Statistically significant split in the relationship between OWB closure and soil Apparent groundwater export if OWB + soil depth
depth (m) > 2.09 (Figure S4 in Supporting Information S1) > 2.09

Statistically significant split in the relationship between OWB closure and Fan (2019) does not indicate clear expectation for G, so
permeability (mu(K)) > —12.6 (Figure S5 in Supporting Information S1) none defined

Note. We define two rules for position as Fan (2019) clearly indicate that lower lying catchments are more likely to be importers and higher up catchments are more
likely to be exporters. In the absence of agreement with any rules listed, catchments retained their apparent groundwater behavior (e.g., importer, exporter, or neutral),
but were classified with lower confidence per Section 3.2.1.

¢ Dominant £ (No Fan (2019) criterion met). We assumed that €in the underlying water budget variables
caused the lack of agreement between any explanatory physical criteria and inferred groundwater behavior. We
had the lowest degree of confidence in the physical realism of our upland water budgets in these catchments.

¢ G and £ (One Fan (2019) criterion met). We assumed that both £ and G influenced the agreement between
only one explanatory physical criterion and inferred groundwater behavior. We did not attempt to further
disentangle the influence of € and G due to data limitations and had a lower degree of confidence in the phys-
ical realism of our upland water budgets in these catchments.

¢ Dominant G (Two or more Fan (2019) criteria met). We assumed that agreement between multiple explan-
atory physical criteria and inferred groundwater behavior indicated true signal associated with G. We had the
highest degree of confidence in the physical realism of our upland water budgets in these catchments.

3.3. Impacts of Unsupported CWB Assumptions in the Budyko Space Analysis

The impacts of broken CWB assumptions on water budget-based inferences are underexplored (Andréassian
& Perrin, 2012; Koppa & Gebremichael, 2017). In order to investigate potential impacts, we first conducted
a direct comparison of ETows and ETcwgusing each of our three data products. We then assessed how broken
CWB assumptions influenced deviation from a Budyko modeled ET (i.e., ETgudyko) fraction by contrasting
our observed ETcwsgfraction against our observed ETows fraction. Finally, we evaluated how these differences
impacted inferences about Budyko streamflow anomaly (Qanom) to fs—a metric commonly used as a proxy for
climate change in upland catchments (Gordon et al., 2022).

3.3.1. Budyko ET Fraction Analysis

We compared long term estimates of ETcwg or ETows across all study sites using our three different products.
Using potential evapotranspiration data from NLDAS (Table 1, Text S2 in Supporting Information S1) and our
three different realizations of P, we then evaluated how our different realizations of ET fraction interacted with
G and ¢ in the Budyko space. To do this, we used the conventional form of the Budyko hypothesis presented in
Equation 12 to obtain a modeled estimate of ETguiykoby multiplying the left-hand side by P:

ETsuasko E, P E,
Sk [ Eopann (é) (1—exp (—%)), (12)
P P E, P

where ET, P, and E, are mean annual ET, P, and E, over the 15-year period of record and ETgugyko is the mean
annual modeled Budyko ET.

3.3.2. Budyko Q

anom Fraction Analysis

In upland settings, analyses of Budyko streamflow anomalies (Qanom) have indicated that greater-than-expected
streamflow efficiency (or runoff ratio—(Q/P) is correlated to higher fs, suggesting that streamflow will decline
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Figure 2. (a) Extended triple collocation (ETC) R results for P products in all valid catchments (n = 170); and (b) ETC R results for ET products in all valid catchments
(n = 143). Boxplots describe variability across catchments. Here R is an estimation of the correlation between the product and the “true” underlying P or ET value

as described in Section 3.1. Boxplots show the minimum, 25th percentile, median, 75th percentile, and maximum values. Catchments where any pairwise AR values
(Section 3.1.1) fell outside the 95% confidence intervals (indicated by black dashed lines in Figure S7 and S8 of Supporting Information S1, respectively) were excluded
(see Tables S2 and S3 in Supporting Information S1).

with an increase in winter rain under climate change (Berghuijs et al., 2014). However, to the best of our knowl-
edge, these analyses have not considered whether findings are sensitive to assumptions about G and € imbedded
in ETcws despite evidence for large systematic € due to P under-catch in snow-dominated catchments (Lundquist
etal., 2021; Wrzesien et al., 2019). Here, we test how G and ¢ influence the relationship between Budyko stream-
flow anomaly and fs using the equation below:

. ET ETouno
o — <l - g) —l-===). (13)
P P P

where ET is mean annual ET calculated via ETcws or ETows over the 15-year period of record and ETgugyko

is obtained from Equation 12. We then examined the correlation between different realizations of streamflow
anomaly and mean annual fs.

4. Results
4.1. Characterization of Random &: TC-Merging Results

A limitation of our TC-based analysis is the need to exclude catchments with cross-correlated estimation error
(Section 3.1). Catchments where any pairwise AR values (Section 3.1.1) fell outside the 95% confidence inter-
vals (indicated by black dashed lines in Figure S7 and S8 of Supporting Information S1, respectively) were
excluded (see Table S2 and S3 in Supporting Information S1). This exclusion led to a reduction in the number
of study catchments (from 268 to 114). In the valid 114 catchments, pairwise AR values were small and close to
zero (see red lines in S7 and S8). The similarity in mean R values obtained for different products (e.g., ERAS P in
Figure 2a shaded in light purple) suggests that any bias from cross-correlated sampling errors in the constructed
triplets had a small impact on ETC results. Based on this logic, ETC was deemed successful in 114 of the 268
candidate catchments. There were 143 valid catchments for ET and 170 catchments for P, with 114 catchments
that had both. For successful catchments, individual performance—as measured by R—in P products (Figure 2a)
was more varied than for ET (Figure 2b). The ERAS most strongly correlated to the unknown “true” value of
P in 85 of 170 catchments (~50%), NLDAS in 58 of 170 catchments (~34%), Daymet in 20 of 170 catchments
(~12%), and PRISM in 7 of 170 catchments (~4%). In 124 of 143 catchments (~87%), NCA-LDAS exhibited
the strongest correlation to the unknown “true” value of ET. In the remaining 19 catchments, ALEXI had the
strongest correlation to the true ET in 8 catchments (~6%), MOD16 in 6 catchments (~4%), and SSEBop in 5
catchments (~3%).
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Table 4
Summary of Inferred Groundwater Behavior (e.g., G,
Ensemble Mean, and TC-Merged Products

+ ¢, ) Based on the Evaluation of Equation 2 With NLDAS,

sum sum:

NLDAS Ensemble mean TC-merged
Category Mathematical description # % of total # % of total ~ # % of total
Groundwater neutral Gom + €qm = P Qs ETun =0 25 21.9% 0 0% 29 25.4%
Groundwater exporter Gy +¢&,.>P -0 —ET >0 7 6.1% 0 0% 33 28.9%
Groundwater importer Gy + € < Py Oum— ETun <0 82 71.9% 114 100% 52 45.6%

4.2. Characterization of G: Fan (2019) Results

We assessed Equatio 2 using TC-Merged P & ET, NLDAS P & ET, and Ensemble Mean P & ET to obtain an esti-
mate of inferred groundwater behavior (i.e., G + €). Median inferred groundwater behavior was —1.8% of P using
TC-Merged P & ET, —9.7% of P using NLDAS P & ET, and —19.3% of P using Ensemble Mean P & ET; all of
which are consistent with findings by Safeeq et al. (2021) in a smaller number of densely instrumented catch-
ments. Table 4 reports the number of catchments classified as groundwater exporters (i.e., Py —Q, .—ET,,.. > 0),

sum

—ET, <0)in accord-

groundwater neutral (i.e., P, —Q  —FET  =~0), or groundwater importers (i.e., P, -0 .—ET,

sum —
ance with the definitions outlined in Table 2. A greater number of catchments were characterized as groundwater
exporters or groundwater neutral in the Northeastern and Central US (e.g., green and tan boxes in the top half
of Figure 3) using TC-Merged P & ET. Conversely, all products indicated widespread regional groundwater
importation in the Western US (e.g., red and blue colored boxes in the bottom half of Figure 3) and particularly

the Pacific Northwest (labeled PNW in Figure 3) although this could be error related per our results in Figure 5.

We found that OWB closure using TC-Merged P & ET was the most consistent with physical reasoning based
on Fan (2019). For example, when TC-Merged P & ET were used we observed that groundwater exporters were
positioned higher up in the containing sub-basin (Figure 4f), were variably more arid (Figure 41), and had deeper
permeable regolith or fractured rock (Figure 41), consistent with Fan (2019). TC-Merged P & ET indicated
statistically significant differences between inferred groundwater behavior and catchment position (Table 5), with
groundwater exportation (i.e., positive G + ¢) observed for higher catchment positions (Figure 4f) as postulated
by Fan (2019). Although NLDAS P & ET indicated a similar rightward shift in the boxplots as drainage position
increased (Figure 4d), it supported widespread groundwater importation (i.e., negative G + € ) counter to our
expectation. TC-Merged P & ET also supported a statistically significant relationship between higher ground-
water exportation (i.e., positive G + ¢) and aridity (Figure 4i and Table 5). Conversely, NLDAS and Ensemble
Mean P & ET indicated a statistically significant relationship between groundwater importation (i.e., negative
G + ¢) and aridity (Figures 4g and 4f, Table 5). Consistent with the expectation that deep regolith or fractured
rock increased groundwater export (Fan, 2019), TC-Merged P & ET supported statistically significant relation-
ships between greater depth to bedrock and groundwater export (i.e., positive G + €) (Figure 41). Neither NLDAS
nor Ensemble Mean P & ET (Figure 4j—41) indicated any statistically significant relationships between depth to
bedrock and inferred groundwater behavior (Table 5).

4.2.1. Classification of G or £ Dominance Results

We separated catchments into the four groups reported in Table 6 using the classification rules established via our
unbiased recursive partitioning analysis (Table 3). Per Figure 5, we observed distinct regional patterning in our
catchment classification. For example, of the 37 catchments located in the Western US (Table S2 in Supporting
Information S1) that were not apparently self-contained, there was strong physical support for inferred groundwa-
ter behavior in only one catchment (~3% of 37) with weak support for 10 catchments (~27% of 37) and inconclu-
sive support in 23 catchments (~62% of 37) using TC-Merged P & ET with NLDAS and Ensemble Mean P & ET
yielding similar results. Some of these catchments in the Western US with the greatest implied £ were in steeper
terrain and generally had a larger fs (consistent with gauge under-catch; see Figure S9 in Supporting Informa-
tion S1), which would be expected to lead to the systematic under-prediction of P (Henn et al., 2018; Rasmussen
et al., 2012; Wrzesien et al., 2019). Overall, TC-Merged P & ET yielded the highest number of catchments with
strong physical support as assessed against the Fan (2019) framework, particularly in the Central and Eastern US
(Figure 5, Table 6).
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Figure 3. Regional variability in the evaluation of Equation 2 where: (a) groundwater importers are defined based on long-term water budget closure support for

negative G, (P — Ouum — ET g

sum sum

0), and groundwater exporters are defined based long-term water budget support for positive G, (Py,, —

< 0), groundwater neutrality is defined based on long-term water budget closure support for G, equal to O (P, —

ET, =

qum sum —

> 0) are estimated using the NLDAS P & ET; (b)

<um sum

same as above but with Ensemble Mean P & ET; (c) same as above but with TC-Merged P & ET. We plot the water budget closure as a percent of each respective P

to facilitate more intuitive and contextual interpretation of the results. Gray bounds indicate the potential uncertainty introduced by Q..

We refer the reader to Figure 1

for abbreviations. Inset histograms represent the distribution of open water budgets closure across catchments using each of the three different products.

4.3. Impacts of Unsupported CWB Assumptions
4.3.1. Budyko ET Fraction Results

Our results show that choices about E7, including whether it is evaluated independently (e.g., ETows) or derived
(e.g., ETcws) by ignoring G and &, can lead to substantially different hydrologic inferences in upland catchments
(Figures 6a—6c¢). Across all products, we observed limited agreement between ETcws and ETows with inset histo-
grams reinforcing widespread potential for ETcws to underestimate ETows (warmer colors in Figures 6a—6c¢).
This underestimation of ETows was particularly pronounced in places (e.g., steep, snowy catchments in the
western US, Figure S9 in Supporting Information S1) where the estimation of P is more variable (larger circles
in Figures 6a—6¢). We suggest that this is consistent with large unconsidered e (Figure 5) arising from systematic
under-prediction of P (Henn et al., 2018; Rasmussen et al., 2012; Wrzesien et al., 2019). TC-Merged P & ET
were less obviously biased toward underestimation than either NLDAS or Ensemble Mean P & ET, particularly
in the central and eastern US. Here, the TC-Merged P & ET indicated potential for ETcws to overestimate ETows,
which is consistent with unconsidered G exportation and our classification results (Figure 5).

In the Budyko space, we found that the largest differences in plotted ET fraction were driven by the propagation
of CWB assumptions about G and ¢ into ETcwg with smaller differences based on the selection of an individual
product (Figures 7a, 7c and 7e vs. Figures 7b, 7d and 7f). When ETcws was used, we observed that ET fraction
was substantially lower than expected based on Equation 12 in catchments impacted by & (triangles and inverted
triangles in 7A, C, and E) when compared to smaller deviations in catchments with physically realistic G (squares
in Figure 7) or that were self-contained (circles in Figure 7) consistent with Jones et al. (2012). Voepel et al.
(2011) suggested that steeper catchments may be associated with lower ET fraction; however, we found that
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Figure 4. Boxplots showing the 25th percentile, 50th percentile, and 75th percentile and the standard error bars for inferred groundwater behavior based on Equation 2
versus each of the five Fan (2019) criteria proposed in Section 3.2.1 to determine whether a catchment is an importer, neutral, or exporter. The criteria are plotted as
follows: (a—c) Catchment size relative to depth of permeable regolith (Criteria 1); (d—f) Catchment position relative to a regional gradient measured as the ratio of

mean catchment elevation to maximum sub-basin elevation; —GI) Catchment climate as measured using the aridity index; j—1) Catchment depth of permeable substrate
or fractured rock as measured by depth to bedrock; and m—o0) Catchment geological permeability as measured by the log of hydraulic conductivity (k). Inferred
groundwater behavior is approximated for plots a, g, d, j, and m using NLDAS P & ET, for plots b, e, h, k, and n using Ensemble Mean P & ET, and plots c, f, i, 1, and o
using TC-Merged P & ET. We report the Kruskal-Wallis p-value assuming a significance level of a = 0.05 for each plot. If the Krushkal-Wallis p-value was statistically
significant, we reported the results of a Pairwise Wilcoxon Rank Sum Test (Table 5).

steepness may increase ¢ bias in observed ET fraction. That is, catchments impacted by ¢ also tended to be steeper,
snowier, and in the Western US (see Figure S9 in Supporting Information S1), where other research suggests
that there is large potential for € —particularly systematic P under-prediction (Henn et al., 2018; Rasmussen
et al., 2012; Wrzesien et al., 2019). When ETowg was used, G and & had less obvious influence over ET fraction
(Figures 7b, 7d and 7f), underscoring how these assumptions are propagated into the Budyko space via ETcws
when not properly considered.

4.3.2. Budyko QO Results

anom

Per Equation 13, lower-than-expected ET fraction drives higher-than-expected streamflow anomaly in Budyko-based
assessments. Although previous research has attributed higher-than-expected streamflow anomaly to larger f5 in
upland catchments (Barnhart et al., 2016; Berghuijs et al., 2014; Ni et al., 2015), we found that the strength of this
relationship is also systematically influenced by € in particular when ETcws is used. For example, when TC-Merged
P was used to obtain ETcw g, we found that catchments impacted by e (dashed lines in Figure 8e, Table 7) were
5.5 times more sensitive to fs than catchments with physically realistic G (dotted lines in Figures 8e and Table 7) and
3 times more sensitive than self-contained catchments (solid lines in Figure 8e, Table 7). This patterned response
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Figure 5. Variability in physical support for inferred groundwater behavior based on the Fan (2019) criterion presented in Section 3.2.1 using (a) NLDAS P & ET;
(b) Ensemble Mean P & ET; and (c) TC-Merged P & ET. Maps displaying catchment classification using (d) NLDAS P & ET; (e) Ensemble Mean P & ET; and (c)
TC-Merged P & ET. Abbreviations for the regions correspond to Figure 1.

was similar using NLDAS P (Figure 8c), but more muted using Ensemble Mean P (Figure 8a). The contrast with
ETows across all products further highlighted the effect of poor CWB assumptions about € versus G on the relation-
ship between streamflow anomaly and fs (Figures 8b, 8d and 8f, Table 7). Notably, when TC-Merged P & ET were
used in catchments impacted by G (i.e., with strong physical support for underlying water budget), streamflow sensi-
tivity to fs was consistent between ETcw g (slope = 0.13, Table 7) and ETow g (slope = 0.11, Table 7) and lower
than previous results (e.g., slope = 0.37 from Berghuijs et al. (2014) and 0.32 from Barnhart et al. (2016)). Both
TC-Merged P & ET and NLDAS P & ET also yielded consistent slopes in self-contained catchments per Table 7.

5. Discussion

5.1. Does Long Term OWB Closure—Assisted by the Fan (2019) Framework, TC, and ET,,,;, Products—
Validate Conventional CWB Assumptions in Upland Catchments?

Neglecting the contributions of G and ¢ to upland water budgets by imposing closure conveniently reduces data
requirements to P and Q. However, our results show that these assumptions are unsupported in a range of upland
settings (see Figures 3 and 5) with significant implications for CWB-based tools, including conventional forms
of the Budyko hypothesis. We show that when a CWB is inappropriately applied, the true G and € magnitudes are
deposited into a calculated ET (ETcws) (Figure 6), leading to systematic biases in catchment plotting in Budyko
space (Figures 7 and 8) as discussed in Section 5.2. We contrast these results with an evaluation of Equation (2)
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;213?051" the Statistically Significant Results for Pairwise Wilcoxon Rank Sum Tests for Each of the Five Fan (2019) Factors Proposed in Section 3.2.1
Group 1 Group 2 NLDAS Ensemble mean ~ TC-merged

Factor Pairwise comparison Name Sample size Name Sample size p Value p Value p Value
Position (m/m) 0.1-0.4 versus 0.6-0.7 0.1-0.4 20 0.6-0.7 21 0.008 0.048 0.005
0.1-0.4 versus 0.7-0.9 0.1-0.4 20 0.7-0.9 38 0.008 NS 0.000

0.4-0.5 versus 0.6-0.7 0.4-0.5 19 0.6-0.7 21 0.012 0.008 0.017

0.4-0.5 versus 0.7-0.9 0.4-0.5 19 0.7-0.9 38 0.006 0.044 0.001

0.5-0.6 versus 0.6-0.7 0.5-0.6 16 0.6-0.7 21 0.047 NS 0.025

0.5-0.6 versus 0.7-0.9 0.5-0.6 16 0.7-0.9 38 0.020 NS 0.002

Aridity (mm/mm) 0-0.5 versus 0.5-1 0-0.5 17 0.5-1 79 0.000 0.000 0.000
0-0.5 versus 1-1.5 0-0.5 17 1-1.5 7 0.002 0.002 0.002

0-0.5 versus 1.5-2.5 0-0.5 17 1.5-2.5 11 0.000 0.000 0.000

Depth (m) 0-10 versus 30-40* 0-10 102 30-40 5 NS NS 0.003
0-10 versus 40-50* 0-10 102 40-50 3 NS NS 0.023

10-20 versus 3040 10-20 3 3040 5 NS NS 0.036

log(K) (m?) —12 versus —14 -12 21 —14 29 0.007 0.01 0.019
—12 versus —15 -12 21 =15 31 0.013 0.005 0.003

—12 versus —16 -12 21 -16 8 NS NS 0.032

—13 versus —14 -13 25 -14 29 0.024 0.001 NS

—13 versus —15 =13 25 =15 31 NS 0.002 NS

Note. We assumed a significance level of @ = 0.05 and report significant p-values for pairwise comparisons within the groups above using a Pairwise Wilcoxon Rank
Sum Test. We did not calculate pairwise statistics if the Kruskal-Wallis p-value was not significant.

using an OWB-based approach that leverages a physically-based framework for characterizing G proposed by
Fan (2019), TC-based merging, and several independent estimates of ETows. The combined result of these
advances indicated widespread non-zero G + ¢ in a range of upland settings: for example, inferred groundwater
behavior (i.e., G + ¢) as determined by the evaluation of Equation 2 using TC-Merged P & ET suggested that
85 of 114 upland catchments were not self-contained. These findings provide broad and quantitative evidence in
support of recent calls to revisit common assumptions about G and € used to close the water budget and derive
ETcws in upland settings (Fan, 2019; Kampf et al., 2020; Safeeq et al., 2021).

At the same time, our results point to the very real challenge of disentangling signal associated with G from &
(Figures 3 and 5, Tables 4-6) in upland settings that lack comprehensive groundwater datasets (Fan, 2019) and
are more susceptible to the systematic under-prediction of P (Lundquist et al., 2019; Rasmussen et al., 2012;
Wrzesien et al., 2019). This is particularly true for steeper, snowier catchments in the western US due to
orographic enhancement and complex terrain (Dettinger, Cayan et al., 2014; Dettinger, Redmond, & Cayan, 2004;
He et al., 2019; Henn et al., 2018; Wrzesien et al., 2019), sparse precipitation measurements (Jing et al., 2017),

Table 6

Summary of Inferred Groundwater Behavior (e.g., G, + €s,,.,,) Based on the Evaluation of Equation 2 With NLDAS, Ensemble Mean, and TC-Merged Products

sum

NLDAS Ensemble mean  TC-merged

Classification ~ Agreement with Table 3 rules Assumptions # %oftotal # %oftotal # % of total
Self-Contained N/A G=0,e=0 25  21.9% 0 0.0% 29  254%
Dominant & No rules satisfied Very weak physical support for inferred groundwater behavior 41 36.0% 65 57.0% 19  16.7%
Gand ¢ One rule satisfied Inconclusive physical support for inferred groundwater behavior 29  25.4% 30 26.3% 33 28.9%
Dominant G Two or more rules satisfied Strong physical support for inferred groundwater behavior 19 16.7% 19 16.7% 33 28.9%
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and P under-catch (Rasmussen et al., 2012). Consistent with this body of research, we found that the evaluation
of Equatiob 2 in these catchments was disproportionately impacted by ¢ (Figures 3 and 5, S9 in Supporting Infor-
mation S1), limiting confidence in the resulting water budgets regardless of the products, approaches, and tools
used. Although this challenge is a significant one, as bias correction methodologies improve estimations of P
(Beck et al., 2020) the benefits of using TC-Merged estimates of ETows to evaluate Equation 2 may enable more
robust water budget-based supply predictions in these particular settings.

5.2. In Upland Catchments Where CWB Assumptions Are Invalid, How Do the Fan (2019) Framework,
TC, and ET,,;, Products Differ in Budyko-Based Inferences About Water Supplies?

Recent research has highlighted the need to better connect systematic shifts in catchment location in the Budyko
space to physical explanation (Berghuijs et al., 2020). Previous work (Hahm, Dralle et al., 2019; Hahm, Rempe
et al., 2019; Istanbulluoglu et al., 2012; Jones et al., 2012) has suggested that groundwater losses can lead to
systematic deviations in catchment plotting below the Budyko curve due to lower ET fractions and illustrated
impacts to streamflow (Han et al., 2021), with a diminished focus on £. Meanwhile, other work has examined the
influence of € without consideration of G (Andréassian & Perrin, 2012; Koppa & Gebremichael, 2017; Valéry
et al., 2010). Our results underscore that there is a pressing need for future work to simultaneously consider both
(Figures 3-8, Tables 4—7)—particularly when ¢ is systematic in nature (Section 4.2.1)—as it can potentially bias
estimates of ETcws (Figures 5 and 6), which are widely used in upland settings (Barnhart et al., 2016; Berghuijs
etal., 2014; Condon & Maxwell, 2017; Greve et al., 2020). Consistent with prior work on the influence of ground-
water in the Budyko space (Hahm, Dralle et al., 2019; Hahm, Rempe et al., 2019; Istanbulluoglu et al., 2012;
Jones et al., 2012), we observed that catchments tracked slightly below the Budyko curve. We observed slightly
lower-than-expected ET fractions based on modeled ETguiyko per Equation 12 when constrained to catchments
with strong physical support for inferred groundwater behavior (see squares in Figure 7). However, large € in the
underlying water budget led to more uniform and dramatic deviations from E7 on modeled ETguayko (see triangles
and inverted triangles in Figure 7).

Understanding whether and how changes in precipitation phase will influence streamflow remains a pressing
challenge as reflected in contrasting literature results (Barnhart et al., 2016; Berghuijs et al., 2014; Gordon
et al., 2022; McCabe et al., 2018; Milly & Dunne, 2020). By imposing CWB assumptions in upland catch-
ments, some research (Berghuijs et al., 2014; Ni et al., 2015) has used the Budyko hypothesis to posit that
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correspond to Fan (2019) classification based on Figure 5. Coloring is based on observed OWB closure as calculated according to Section 3.2. Evaporative Index values
less than 0 were forced to O for plotting purposes and are denoted as smaller symbols.

higher fs influences lower-than-expected ET fractions (higher-than-expected Qanom) based on modeled ETguqyko-
However, snow-dominated upland catchments where fs is higher are also likely to experience non-zero G (Carroll
et al., 2019) and are particularly susceptible to systematic under-prediction of P (Dettinger, Cayan et al., 2014;
Dettinger, Redmond, & Cayan, 2004; He et al., 2019; Henn et al., 2018; Wrzesien et al., 2019). We also observed
non-zero G and € in the majority of our catchments (Table 4), the balance of which was propagated into the
relationship between Qanom and fs via ETcws(Figure 8, Table 7). Across all products, we found that the rela-
tionship between Qanom and fs was highly sensitive to broken assumptions about € when ETcwgwas used. Using
TC-Merged ETcws, the sensitivity of Qanom to fs was 5.5 times greater in catchments impacted by € than in catch-
ments with physically supported G and 3 times greater than in self-contained catchments (Figure 8, Table 7).
Within catchments impacted by &, we further observed that the use of ETcws increased the sensitivity of Qanom to
5 by 9 times when compared to ETow . Catchments impacted by € tended to be steeper, snowier catchments in
the western US (Figure 5, S9 in Supporting Information S1), highlighting that systematic under-prediction of P
can bias Budyko-based inferences about upland water supplies in important and unconsidered ways.

Using TC-Merged P & ET in catchments with strong physical support for OWB closure (Section 4.2) also led
to weaker relationships between Qauom and fs than in previous results (slope = 0 13 for ETcws, slope = 0.11 for
ETows per Table 7 vs. slope = 0.37 from Berghuijs et al. (2014) and 0.32 from Barnhart et al. (2016)). These
findings are consistent with recent research showing that climate change-driven declines in fs have not led to antic-
ipated declines in streamflow efficiency in the Western US (McCabe et al., 2018) and/or that rain may countervail
reductions in streamflow from declining fs (Hammond & Kampf, 2020). Given this, we suggest that caution is
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Equation (2) using ET,

OWB_

warranted when applying the conventional (CWB-based) form of the Budyko hypothesis to make predictions
about water supplies in upland settings where disentangling the effects of physical (e.g., G) and non-physical (e.g.,
€) factors remains a challenge. Expansion of the Budyko equation and subsequently Eqaution 13 to include G and
€ variables following prior work by Istanbulluoglu et al. (2012) may be one way to enable more robust inferences.

5.3. When ¢ Is Characterized Using TC, Can the Fan (2019) Framework and ET ,y,, Products Improve
Insights About G Export or Import in Upland Settings?

CWBs and associated tools like the Budyko hypothesis ignore G to derive ETcws and make inferences about
upland surface water supplies over longer timescales. However, evidence increasingly suggests that upland
catchments can import/export substantial groundwater resources even over longer periods of time (Condon
et al., 2020; Fan, 2019; Fan & Schaller, 2009). We found that TC-Merged P & ET facilitated insights about G that
were not possible with other products tested (Figures 3—5) and importantly, that are ignored altogether in many
applications of CWBs and CWB-based tools including the Budyko hypothesis (Sections 5.1 and 5.2). Consist-
ent with expectations based on relevant literature (Fan & Schaller, 2009; Welch & Allen, 2012), TC-Merged P
& ET substantially increased the number of catchments classified as groundwater exporters based on inferred
groundwater behavior (i.e., positive G + ¢ based on Equation 2 over other products (33 with TC-Merged P &
ET vs. 7 with NLDAS P & ET vs. 0 with Ensemble Mean per Table 4). When inferred groundwater behavior
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Table 7

Table of the Binned Linear Regression Equations and Correlation Coefficients Corresponding With Figures 7a—7f

ET,

ET,

CWB OWB

Data product Number of Fan (2019) criteria met Equation r Equation r
NLDAS Self-Contained y=0.31x+ 0.04 0.66 y=0.32x + 0.03 0.68
Dominant e y = 0.66x + 0.09 0.62 y=0.35x+0.03 0.63
Dominant € or G y=0.65x + 0.38 0.32 y=021x+0.08 0.44
Dominant G y=-0.10x + 0.21 —-0.15 y=0.26x + 0.08 0.60

Ensemble mean Self-contained - = = =
Dominant & y=0.55x+0.04  0.560 y = 0.29x-0.09 0.53
Dominant € or G y=0.81x+0.27 0.44 y=0.22x+ 0.01 0.46
Dominant G y=0.38x+ 0.07 0.27 y = 0.06x-0.01 0.11
TC-Merged Self-contained y=0.23x+0.13 0.58 y=0.21x+0.14 0.62
Dominant & y=0.72x + 0.15 0.58 y=0.08x+0.15 0.28
Dominant € or G y=1.68x+0.14 0.41 y=0.04x+02 0.09
Dominant G y=0.13x + 0.08 0.13 y=0.11x+0.20 0.14

Note. Here, y = Quom and x = fs.

was further evaluated using the criteria outlined in Section 3.2., TC-Merged P & ET yielded 33 catchments with
strong physical support for inferred G (Table 6), which was almost two times the catchments NLDAS P & ET or
Ensemble Mean P & ET yielded (19 catchments each, respectively). Overall, statistically characterizing random
e via TC substantially increased the number of catchments with physically supported G based on five testable
physical criteria drawn from Fan (2019) (Figure 5, Table 6). Furthermore, results using TC-Merged P & ET
confirmed the profile of groundwater exporting catchments drawn by Fan (2019): that they are positioned higher
up in their containing sub-basins, are drier, and have deeper permeable regolith or fractured rock (Figures 4 and 5,
Tables 5 and 6). When combined with Sections 5.1 and 5.2, this suggests that there is robust potential for novel
combinations of TC-based merging and the Fan (2019) framework to harness advances in independent estimates
of ETow p to improve predictions about critical surface and groundwater resources originating in upland settings.

5.4. Limitations and Paths Forward

Accurately closing the water budget in data-limited upland settings has eluded hydrologists for decades (Kampf
et al., 2020) and is likely to remain elusive for many more (Safeeq et al., 2021). However, incremental progress
that weaves together novel tools like TC and physically based frameworks like the one presented by Fan (2019)
into OWBs can facilitate critical insight about upland water supplies. Nevertheless, several limitations are worthy
of further discussion.

First, near term measurement limitations in interbasin groundwater fluxes and stores (Condon & Maxwell, 2017;
Fan, 2019) undeniably exist and were a limitation in this study. Due to these limitations, we were restricted
in our validation of inferred groundwater behavior and neglected the contribution of % due to the too coarse-

ness of existing data (Tapley et al., 2004) and challenges associated with distinguishing G from i—j (Enzminger
et al., 2019). However, a number of promising paths are being pursued to estimate groundwater fluxes and
stores using gravity based measurements such as the Gravity Recovery and Climate Experiment (GRACE)
mission (Tapley et al., 2004) and follow-on mission (Flechtner et al., 2014). Here too, there is potential value in
microwave-based soil moisture retrievals (Crow et al., 2017), which could serve as a down-scaling tool. Other
approaches, such as hydro-geophysical characterization (Gordon et al., 2020; Schmidt & Rempe, 2020; Smith
et al., 2017), or some combination of the above in combination with the water budget (Hahm, Dralle et al., 2019;
Hahm, Rempe et al., 2019) may also be helpful in improving our understanding of upland groundwater resources.
At larger scales, however, physically based frameworks like the one put forward by Fan (2019) can help to
improve and refine our understanding of the characteristics that promote interbasin groundwater import or export
beyond those illustrated here. There are, however, challenges associated with linking qualitative criteria to quan-
titative data in a robust and repeatable manner. In this study, we used a Kruskal-Wallis and pairwise Wilcoxon
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rank sum to first establish statistical relationships between water budget closure and continuous data used to
approximate the physical criteria proposed by Fan (2019). We then use conditional inference trees to establish
rules relating observed water budget closure to physical criteria. Although our results indicate strong statistical
support for the use of Fan (2019), future work could improve linkages between this generalizable framework and
continuous data. When incorporated into the template put forward by Istanbulluoglu et al. (2012), advances in the
quality and availability of groundwater data could assist simple tools like the Budyko hypothesis in more robustly
accounting for conventionally ignored water budget variables.

Second, the use of TC in our study reduced the number of study catchments from 268 to 114, which underscores an
important limitation of this method, at least based on the levels of correlated errors in currently available products.
Because our methodology required valid TC outputs (e.g., outputs that do not violate assumptions listed in Section 3.1)
for both P and ET, it is not surprising that many catchments had to be excluded in our analysis. Interestingly, valid
ET estimates proved to be more challenging for TC (n = 143 valid estimates) than valid P outputs (n = 170). These
challenges could be attributed in part to the pervasiveness of systematic errors in the underlying P data, including
persistent under-catch, which tend to be more resilient to filtering via averaging (Yilmaz & Crow, 2014). Despite these
challenges, TC enabled physically supported insight about G and e that were otherwise obscured using other products
(Figures 3-8). Improvements in bias-correction methodologies and underlying estimations (Beck et al., 2020) could
work in concert with advances in data and modeling to expand the number of products with independent error sources
available in upland settings. Of particular interest is the role dynamic atmospheric models like the Weather Research
and Forecasting (WRF) model may have in improving estimates of P by better accounting for topographical features
and mountain-precipitation interactions (He et al., 2019; Lundquist et al., 2019). Advances in remote sensing may also
improve detection of solid and/or mixed phase P in complex topography (Lundquist et al., 2008; Maggioni et al., 2016),
which is a goal of the on-going Global Precipitation Measurement (GPM) mission (Skofronick-Jackson et al., 2018).
Continued improvement in measurement technology can help further eliminate systematic errors, enhancing the effi-
ciency of TC for statistically characterizing and filtering random error in upland water budgets.

6. Conclusions

Water budgets and associated tools like the Budyko hypothesis are likely to remain central to investigations of
upland catchment behavior. Recent advances in approaches to condition expectations about G (e.g., Fan (2019)),
tools to characterize ¢ (e.g., TC), and products to estimate ETowg offer an opportunity for users to pivot away
from the restrictive—and increasingly fragile—assumptions required to impose water budget closure. Motivated
by this opportunity, our study sought to better understand the value of these advances for understanding the valid-
ity and consequences—in terms of inferences about surface and groundwater —of CWB assumptions (i.e., G =0,
e =0 —> ETcws = P-Q) in a range of upland settings.

Here we find that propagating largely unsupported CWB assumptions into ETcws had a profound effect on
inferences about upland surface and groundwater resources when assessed against an OWB assisted by a phys-
ical framework proposed by Fan (2019), TC, and independent estimates of ETows. In particular, we observed
that unconsidered ¢ can unrealistically alter expectations about streamflow response to climate change and mask
groundwater contributions. Long term OWB closure supported non-zero G and ¢ in 85 of 114 catchments (~75%)
using TC-Merged P & ET, 89 of 114 catchments (~78%), using NLDAS P & ET, and all 114 catchments using
Ensemble Mean P & ET over a 15-year period. When these were screened based using five testable criteria
proposed by Fan (2019), TC-Merged P & ET led to physically realistic G in 33 of 114 catchments (~29%)—the
most of any product tested. Using TC-Merged estimates of ETcws, we observed inflated (5.5 times higher)
streamflow response to fs in catchments with large € compared to those with smaller suspected ¢. Furthermore,
within catchments with large e, we found that TC-Merged ETcws increased the sensitivity of streamflow to fs
by 9 times more than TC-Merged ETows . Because ETcws is commonly used to make these types of inferences,
our results highlight the need for users to consider the effects of e—in addition to physical factors such as G—in
discussions about catchment behavior in the Budyko space. More fundamentally though, the widespread conflict
between CWB assumptions and observed OWB closure in upland catchments points to the need for users to crit-
ically evaluate the Budyko assumptions when error and groundwater flow are expected to be high.

In the vital pursuit of improved predictions about upland water supplies, our results demonstrate the value of TC
and a physically-based framework proposed by Fan (2019) for harnessing advances in the estimation of ETows
and expanding the use of OWBs. While CWB approaches—and to a lesser extent conventional products (e.g., a
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standard model and ensemble mean)—overlooked strong evidence for G, the combination of TC-based merging
and the physically-based framework proposed by Fan (2019) revealed groundwater exportation in high positioned,
arid catchments with deep substrates. Albeit challenging, larger and more comprehensive groundwater datasets
in upland settings could help to further refine insights about G in Budyko-type analyses. As modeling, remote
sensing, data assimilation, and bias correction techniques in upland settings advance in tandem, combining TC
and evidence-based frameworks is a promising path forward to improve predictions about upland water supplies.

Data Availability Statement

The authors provide our TC-Merged data in Supporting Information S1. With the exception of ALEXI data
(Anderson et al., 2011), the original data products used in this study are freely available to the public: streamflow,
Daymet precipitation, NLDAS precipitation, catchment shapefiles, and attributes can be retrieved from https://
ral.ucar.edu/solutions/products/camels (last access: 20 July 2021) (Addor et al., 2017; Newman et al., 2015).
ERAS precipitation data were accessed at https://cds.climate.copernicus.eu/cdsapp#!/home (last access: 1 Febru-
ary 2020) (Hersbach et al., 2020) via Google Earth Engine, Persiann-CDR precipitation data were accessed
at https://doi.org/10.7289/V51V5BWQ (last access: 1 February 2020) (Ashouri et al., 2015; Sorooshian
et al., 2014), NLDAS precipitation data were accessed via https://ral.ucar.edu/solutions/products/camels and
https://doi.org/10.1029/2010EO340001 (last access: 22 July 2020) (Xia et al., 2012) via Google Earth Engine,
Daymet precipitation data were accessed via https://ral.ucar.edu/solutions/products/camels and https://doi.
org/10.3334/ORNLDAAC/1840 (last access: 22 July 2020) (Thornton et al., 2016) via Google Earth Engine,
PRISM precipitation data were accessed at https://doi.org/10.1371/journal.pone.0141140 (last access: 9 Septem-
ber 2019). SSEBop evapotranspiration data were accessed at https://earlywarning.usgs.gov/fews (last access:
22 July 2020) (Senay et al., 2013), NCA-LDAS data were accessed at https://disc.gsfc.nasa.gov/ (last access:
10 July 2020) (Kumar et al., 2019), and MODIS16 evapotranspiration data were accessed at https://www.ntsg.
umt.edu/project/modis/mod16.php (last access: 2 February 2020) (Mu et al., 2013) via Google Earth Engine.
Potential Evapotranspiration data were accessed via https://ral.ucar.edu/solutions/products/camels and https://
doi.org/10.1029/2010EO340001 (last access: 1 August 2020) (Xia et al., 2012). Streamflow data were accessed at
https://ral.ucar.edu/solutions/products/camels and https://waterdata.usgs.gov/nwis/rt (last access: 20 June 2020)
(USGS, 2016). Snow fraction data were accessed at https://ral.ucar.edu/solutions/products/camels (last access:
20 July 2021).
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