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Abstract 28 

Groundwater exerts an important control on land–atmosphere interactions, yet its explicit 29 
representation in Earth system models remains computationally prohibitive. Reduced-dimensional 30 
metrics, such as the Water Table Ratio (WTR), have been proposed to represent groundwater 31 
influences on land–atmosphere interactions. However, their uncertainty, classification stability, 32 
and correspondence with process-based representations remain largely unexplored. Here, because 33 
groundwater influences on the atmosphere are mediated through land surface processes, we 34 
compare WTR-based diagnoses of groundwater–land interactions with those derived from 35 
ParFlow–CLM simulations over a 34,000 km² catchment. Groundwater-sensitive regions are first 36 
identified by comparing paired ParFlow–CLM simulations with and without groundwater 37 
feedback and then used as a physically explicit reference for comparison with WTR. A total of 63 38 
WTR configurations were examined, with Monte Carlo analyses performed for each to quantify 39 
uncertainty and classification stability. 40 

Hydraulic conductivity (K) is the dominant source of uncertainty in WTR and exerts the strongest 41 
destabilizing effect on its threshold-based classification. Although the domain-wide proportions 42 
of correctly classified sensitive and insensitive areas remain nearly unchanged across alternative 43 
configurations and Monte Carlo realizations, substantial switching occurs among individual grid 44 
cells. Across the 63 WTR configurations, the mean correctly classified fraction was 0.40. In 45 
comparison, the critical-water-table-depth (WTD) approach yielded fractions of 0.59, 0.70, and 46 
0.64 using WTD estimates from ParFlow–CLM, PCR-GLOBWB, and Fan et al., respectively. 47 
WTR errors are dominated by overestimation rather than underestimation, indicating a 48 
conservative screening tendency. Combining observed parameter contrasts with analytical WTR 49 
elasticities further identifies K as the dominant contributor to classification discrepancies, with 50 
characteristic length (L) providing a secondary contribution. The dominant role of K reveals a key 51 
consequence of reducing a heterogeneous three-dimensional groundwater system to a one-52 
dimensional metric governed by a few effective parameters: the resulting classification becomes 53 
disproportionately dependent on a single effective hydraulic conductivity field. WTR can therefore 54 
support precautionary regional screening, but its local classifications should be interpreted 55 
cautiously, particularly where K is poorly constrained or subsurface heterogeneity is strong. 56 

  57 
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1. Introduction 58 

Groundwater is an integral component of the Earth system and plays a fundamental role in 59 
regulating terrestrial water cycling, ecosystem functioning, and land–atmosphere interactions 60 
(Yang et al., 2026). Consequently, representing groundwater processes has become an increasingly 61 
important objective in land surface and Earth system models (Fan, 2015). However, explicitly 62 
resolving three-dimensional variably saturated groundwater flow at regional to continental scales 63 
remains computationally prohibitive (Kollet et al., 2026), particularly for long-term Earth system 64 
simulations. This challenge has stimulated growing interest in simplified yet physically 65 
meaningful representations that capture the essential impacts of groundwater while maintaining 66 
computational efficiency (Fan and Miguez-Macho, 2024).  67 

Among the simplified approaches proposed over the past two decades, the Water Table Ratio 68 
(WTR) is a physically based metric linking water-table configuration to landscape characteristics. 69 
Originally introduced by Haitjema and Mitchell-Bruker (2005), WTR was developed to 70 
distinguish whether the water table is primarily controlled by topography or groundwater recharge. 71 
Gleeson and Manning (2008); Gleeson et al. (2011a) subsequently extended WTR to continental 72 
scales and related it to the spatial scale of groundwater flow systems and to water table depth. 73 
These relationships were important because regional groundwater flow redistributes water laterally 74 
across landscapes (Yang et al., 2025a), whereas water-table depth controls the hydraulic 75 
connection between groundwater and the land surface (Fan et al., 2017). By linking WTR to these 76 
two fundamental controls on groundwater influence, these studies implicitly suggested that WTR 77 
may contain information not only about water-table morphology, but also about the potential for 78 
groundwater to affect land-surface water and energy exchanges. Building on this interpretation, 79 
Cuthbert et al. (2019) explicitly proposed WTR as a diagnostic indicator of groundwater–climate 80 
interactions, suggesting that WTR > 1 is generally associated with stronger bidirectional coupling, 81 
whereas WTR < 1 represents a predominantly recharge-driven regime in which groundwater exerts 82 
comparatively weak feedbacks on land-surface and atmospheric processes. 83 

Because of its simple formulation and intuitive physical interpretation, WTR has since been 84 
increasingly applied to analyze groundwater-flow organization (Gleeson and Manning, 2008), 85 
groundwater-depth patterns (Gleeson et al., 2011a), groundwater landscapes (Huggins et al., 2024), 86 
and spatial variations in groundwater–land and groundwater–climate interactions (Gleeson et al., 87 
2020). Its growing use reflects a broader interest in whether the essential influence of groundwater 88 
on Earth system processes can be captured through a physics-based reduced-dimensional 89 
representation. In this sense, WTR collapses complex three-dimensional groundwater flow and 90 
subsurface heterogeneity into an idealized one-dimensional interstream aquifer characterized by a 91 
small number of effective landscape and hydrogeological parameters. This reduced-dimensional 92 
structure makes large-domain mapping and extensive uncertainty analysis computationally 93 
tractable. If its diagnostic interpretation proves reliable, WTR could provide a physically informed 94 
basis for simplifying groundwater representation in land surface and Earth system models. It may 95 
also offer a useful criterion for adaptive modeling strategies, in which computationally intensive 96 
groundwater simulations are preferentially applied in strongly coupled regions while simpler 97 
representations are used elsewhere. 98 
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Despite these promising developments, the interpretation of WTR at regional scales remains 99 
subject to several theoretical and practical uncertainties. The theoretical derivation of WTR relies 100 
on several simplifying assumptions (Haitjema and Mitchell-Bruker, 2005), including the Dupuit–101 
Forchheimer approximation, a horizontal aquifer base, and constant aquifer thickness. These 102 
assumptions are generally consistent with gently sloping aquifer systems but may be less 103 
applicable in regions characterized by complex topography, strong vertical groundwater exchange, 104 
or pronounced subsurface heterogeneity. Furthermore, estimating groundwater recharge, hydraulic 105 
conductivity, and characteristic flow length at regional scales is often associated with considerable 106 
uncertainty. These theoretical assumptions and parameter uncertainties may jointly influence WTR 107 
values and consequently affect the inferred groundwater interaction regimes. Moreover, previous 108 
global-scale studies have shown that a substantial proportion of landscapes exhibit WTR values 109 
close to the threshold separating different interaction regimes (Cuthbert et al., 2019), raising 110 
further questions about the stability of WTR-based classifications near this transition. Collectively, 111 
these issues motivate examining how uncertainty propagates into WTR values and classifications 112 
and how the resulting spatial patterns compare with a process-based representation of 113 
groundwater–land interactions. 114 

Integrated surface–subsurface models offer one way to address these questions because they 115 
explicitly represent groundwater flow together with surface-water and land-surface processes 116 
within a unified physical framework. Although these models do not constitute error-free ground 117 
truth, they provide a physically explicit reference for comparison. The purpose of this comparison 118 
is not to accept or reject WTR, but to examine the correspondence between the reduced-119 
dimensional and process-based representations and to investigate the sources of their discrepancies. 120 
In this study, we employ an integrated ParFlow–CLM modeling framework (Kollet and Maxwell, 121 
2008) to examine WTR as a reduced-dimensional diagnostic of groundwater–land interactions. 122 
Specifically, we quantify how alternative parameter estimates and parameter uncertainty affect 123 
WTR values and classification stability, compare WTR-based classifications with groundwater-124 
sensitive regions identified from paired ParFlow–CLM simulations, and identify the parameters 125 
most strongly associated with classification discrepancies. More broadly, we use WTR as an entry 126 
point to explore what can be learned from reduced-dimensional groundwater representations and 127 
how such diagnostics may support adaptive groundwater representation in Earth system models. 128 

 129 

130 
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2. Study area and ParFlow–CLM simulations 131 

The Upper Beijiang River basin was selected as the study domain (Figure 1), and the 132 
corresponding regional model was extracted from CONCN, a previously developed continental-133 
scale ParFlow model for mainland China (Yang et al., 2025b). ParFlow provides an integrated 134 
representation of overland flow and three-dimensional variably saturated subsurface flow. The 135 
regional model retained the model structure and parameterization of CONCN. It contained 252 136 
and 146 grid cells in the x and y directions, respectively, with a horizontal resolution of 137 
approximately 1 km. The subsurface was discretized into 10 vertical layers with a total thickness 138 
of 492 m. 139 

 140 
Figure 1. Upper Beijiang River basin study domain, including the river network, sub-basin 141 
boundaries, and discharge-data locations. The inset shows the location of the study domain 142 
within mainland China. Circles denote discharge-data locations from GloFAS and 143 
GRADES-hydroDL, and stars indicate the locations selected for the hydrograph 144 
comparisons in Figure S2. 145 

The regional ParFlow model included spatially distributed parameter fields for surface routing, 146 
shallow soil, and the deeper aquifer, together with the forcing used for steady-state spin-up. The 147 
surface-routing parameters included spatially distributed Manning’s roughness coefficients and 148 
terrain slopes. Elevation data from MERIT Hydro IHU (Eilander et al., 2021) were processed to 149 
establish hydrologically consistent drainage connectivity across the model grid, after which terrain 150 
slope was calculated from the processed elevation field. For the subsurface, spatially distributed 151 
soil types and their associated hydraulic parameters were derived from GSDE (Shangguan et al., 152 
2014), while deeper-aquifer units and their associated permeability values were obtained from 153 
GLHYMPS 1.0 (Gleeson et al., 2011b). A long-term mean precipitation-minus-evapotranspiration 154 
(P − ET) field was assembled and applied as the upper-boundary water flux during steady-state 155 
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spin-up. Further details of the CONCN input datasets, model parameterization, and steady-state 156 
spin-up are provided in Yang et al. (2025b). 157 

For the transient simulations conducted in this study, ParFlow and CLM were coupled through the 158 
upper four subsurface layers. During the coupling, ParFlow supplied soil-moisture and pressure-159 
head states to CLM, while CLM calculated the land-surface water and energy balances and 160 
returned the resulting net water fluxes to ParFlow as source–sink terms. The coupled ParFlow–161 
CLM model was driven by ERA5-Land meteorological forcing (Muñoz-Sabater et al., 2021). 162 
Starting from the steady-state CONCN solution, the model first underwent an additional steady-163 
state spin-up. CLM was then activated, and the WY2019 ERA5-Land forcing was repeatedly 164 
applied until the coupled system reached dynamic equilibrium. The resulting model state was 165 
subsequently used to simulate WY2020 and WY2021. Each water year spans from 1 October of 166 
the preceding calendar year to 30 September of the named year. 167 

The CONCN solution used to initialize the regional model had been spun up to a quasi-steady state 168 
and previously evaluated at the continental scale against global data products and observations of 169 
streamflow and water-table depth (Yang et al., 2025b). Building on this continental-scale 170 
evaluation, the performance of the transient ParFlow–CLM simulation for WY2019 was further 171 
evaluated within the study domain using multiple datasets representing streamflow, groundwater 172 
conditions, and land-surface variables. Simulated streamflow was compared with estimates from 173 
GloFAS (Alfieri et al., 2013) and GRADES-hydroDL (Yang et al., 2025c) at 92 and 48 locations, 174 
respectively (Figures S1–S2). Simulated groundwater levels were compared with estimates from 175 
two global groundwater models, PCR-GLOBWB (Verkaik et al., 2022) and the model of Fan et 176 
al. (2013) (Figure S3). Finally, simulated latent heat flux, sensible heat flux, transpiration, and 177 
land-surface temperature were compared with the corresponding ERA5-Land products (Figure 178 
S4). Although direct observations sufficient for a comprehensive local evaluation are scarce in this 179 
headwater basin, these widely used products provide complementary benchmarks for assessing 180 
model behavior relative to current community datasets. Whereas each reference dataset 181 
characterizes a particular component of the hydrological system, the coupled ParFlow–CLM 182 
model simultaneously represents surface-water dynamics, groundwater conditions, and land-183 
surface water and energy exchanges. Together, these comparisons provide a multi-component 184 
evaluation of the integrated processes that underpin the subsequent diagnosis of groundwater–land 185 
interactions. 186 

3. Physical-model-based characterization of groundwater–land interactions 187 
3.1 Identification of groundwater-sensitive areas  188 

Groundwater-sensitive areas were identified by comparing simulations with and without 189 
groundwater feedback to the land surface. The reference simulation used the original model 190 
configuration, including a terrain-following grid and a no-flow boundary at the base of the 492-m-191 
thick model domain. This configuration allowed topography-driven groundwater flow systems to 192 
develop and interact naturally with land-surface processes. In the groundwater-suppressed 193 
simulation, the terrain-following grid was disabled for subsurface flow and a free-drainage lower 194 
boundary condition was applied, thereby approximating the soil-water representation commonly 195 
used in conventional land surface models and effectively removing groundwater feedback to the 196 
land surface. Both configurations were simulated for WY2019–WY2021. Their differences were 197 
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evaluated using latent heat flux (LE) and evaporative fraction, defined as EF = LE/(LE + H), where 198 
H is sensible heat flux (Figure S5). The threshold for each variable was determined separately 199 
from its own spatial distribution of absolute differences. For both variables, the domain-wide mean 200 
and median were nearly coincident. Rounded values slightly above these central tendencies were 201 
therefore adopted as operational thresholds: 25 W/m² for |ΔLE| and 0.30 (30 percentage points) 202 
for |ΔEF| (Figure S6). Groundwater-sensitive areas were delineated separately using the two 203 
thresholds, and the resulting spatial masks were found to be broadly consistent (Figure S7). 204 

3.2 Identification of critical-water-table-depth range 205 

Following Kollet and Maxwell (2008), the critical water-table-depth (WTD) range was identified 206 
from the relationship between land-surface variables and WTD. For a given averaging period, the 207 
mean value of each land-surface variable at each grid cell was plotted against the corresponding 208 
mean WTD. This relationship can be divided conceptually into three regimes. When the water 209 
table is shallow, land-surface processes are primarily energy limited and respond weakly to 210 
changes in WTD. When the water table is deep, the land surface becomes water limited and is 211 
largely decoupled from groundwater. The intermediate transition range, within which land-surface 212 
variables change strongly with WTD, defines the critical WTD range. Because this range may vary 213 
with climatic conditions, season, and study region, it must be identified for the specific simulation 214 
being analyzed. 215 

Using outputs from the reference simulation, hourly model outputs for each year from WY2019 to 216 
WY2021 were aggregated to daily, monthly, and annual means. At each temporal scale, four land-217 
surface variables were plotted against WTD: latent heat flux (LE), sensible heat flux (H), ground 218 
heat flux (G), and land-surface temperature (Ts). Three sets of plots were produced, corresponding 219 
to the daily, monthly, and annual scales. Within each set, the relationships for WY2019, WY2020, 220 
and WY2021 were shown as three separate curves for each variable. A single critical WTD range 221 
was then determined qualitatively by jointly inspecting all three sets of plots and identifying the 222 
WTD interval over which the four variables collectively exhibited pronounced changes across the 223 
temporal scales (Figure S8). The resulting critical WTD range was approximately 0.2–10 m, 224 
consistent with ranges reported in previous studies (Vogelbacher et al., 2025; Ferguson and 225 
Maxwell, 2011; Yang et al., 2020; Yang et al., 2023; Kollet and Maxwell, 2008). Grid cells whose 226 
mean WTD during WY2019 fell within this range were classified as groundwater sensitive. For 227 
comparison, the same range was also applied to the steady-state WTD estimates from PCR-228 
GLOBWB (Verkaik et al., 2022) and Fan et al. (2013) to delineate groundwater-sensitive areas. 229 

4. WTR calculation and uncertainty quantification  230 
4.1 WTR formulation 231 

Following Cuthbert et al. (2019), WTR was calculated from a nonlinear steady-state solution for 232 
one-dimensional groundwater flow. The solution assumes an idealized, homogeneous, horizontal, 233 
unconfined aquifer receiving spatially uniform recharge (Figure S9). The aquifer extends from a 234 
no-flow groundwater divide to a perennial stream acting as a fixed-head discharge boundary, with 235 
L/2 representing the characteristic distance between the divide and the stream. Under the Dupuit–236 
Forchheimer approximation, WTR is expressed as 237 
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WTR	 = 	
'𝑏! 	+ 	𝑅𝐿

!

4𝐾 	− 	𝑏

𝑑  238 

where R is groundwater recharge, K is hydraulic conductivity, L is the characteristic length 239 
between the two perennial-stream boundaries, b is the minimum saturated aquifer thickness at the 240 
fixed-head boundary, and d is the maximum terrain rise above that boundary. The numerator 241 
represents the potential water table rise from the fixed-head boundary to the divide, and WTR 242 
therefore measures this rise relative to the corresponding terrain rise. WTR is dimensionless, and 243 
a threshold of 1 was used throughout the analysis.  244 

Following its original interpretation in terms of groundwater–atmosphere coupling, which is 245 
mediated through land-surface processes, WTR > 1 was treated here as indicating groundwater-246 
sensitive land-surface conditions, whereas WTR < 1 was treated as indicating groundwater-247 
insensitive conditions. Comparing this WTR-based classification with the physical-model 248 
benchmark yielded four groups: correctly classified as sensitive (CS; sensitive in the physical 249 
model and WTR > 1), correctly classified as insensitive (CI; insensitive in the physical model and 250 
WTR < 1), underestimation error (UE; sensitive in the physical model but WTR < 1), and 251 
overestimation error (OE; insensitive in the physical model but WTR > 1). 252 

4.2 Analytical sensitivity analysis of WTR 253 

To characterize the response of WTR to each input, we first define 254 

𝐴 = 𝑏! +
𝑅𝐿!

4𝐾  255 

WTR =
√𝐴 − 𝑏
𝑑  256 

The partial derivatives of WTR with respect to the five inputs are 257 

∂WTR
∂𝐾 = −

𝑅𝐿!

8𝐾!𝑑√𝐴
 258 

𝜕WTR
𝜕𝑅 =

𝐿!

8𝐾𝑑√𝐴
 259 

∂WTR
∂𝐿 =

𝑅𝐿
4𝐾𝑑√𝐴

 260 

𝜕WTR
𝜕𝑏 =

1
𝑑 5

𝑏
√𝐴

− 16 261 
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𝜕WTR
𝜕𝑑 = −

WTR
𝑑  262 

Because the inputs differ in their units and magnitudes, their effects were compared using the 263 
dimensionless local elasticity 264 

𝐸" =
∂WTR
𝜕𝑥

𝑥
WTR 265 

The resulting elasticities are 266 

𝐸# = −
1
251 +

𝑏
√𝐴
6 267 

𝐸$ =
1
251 +

𝑏
√𝐴
6 268 

𝐸% = 1 +
𝑏
√𝐴

 269 

𝐸& = −1 270 

𝐸' = −
𝑏
√𝐴

 271 

These expressions show that WTR increases with R and L but decreases with K, d, and b. The 272 
elasticity for K is the negative of that for R, the elasticity for L is twice that for R, and the elasticity 273 
for d equals -1; the elasticity for b is also negative but varies with the local parameter state. 274 

We next applied these elasticities to the UE and OE groups defined in Section 4.1. The logarithmic 275 
change in WTR associated with an adjustment to parameter x was represented using the following 276 
first-order approximation: 277 

∆ln(WTR) ≈ 𝐸"Δln	𝑥 278 

For each parameter x, where x denotes R, K, L, d, or b, its mean was calculated within each of the 279 
four groups. Let M denote the group mean, with the parameter and group identified by its subscripts. 280 
Because UE and OE correspond to different physical-model states, each error group was paired 281 
with the correctly classified group sharing the same physical-model classification: UE with CS 282 
and OE with CI. The parameter adjustments required to move each error group toward its 283 
corresponding reference group were defined as 284 

Δln	𝑥()→+, = ln(
𝑀",+,

𝑀",()
),				Δln	𝑥.)→+/ = ln(

𝑀",+/

𝑀",.)
) 285 
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Applying the first-order approximation to these groupwise parameter adjustments gives 286 

𝐶",0→123 ≈ 𝐸",0Δln	𝑥0→123,			g = UE	𝑜𝑟	OE 287 

where the elasticity was evaluated at the mean parameter state of the relevant error group (UE or 288 
OE). Thus, C estimates the first-order contribution of parameter x to the logarithmic change in 289 
WTR, ∆ln(WTR), when that parameter is adjusted from its mean value in an error group to its 290 
mean value in the corresponding correctly classified reference group (CS or CI), while the other 291 
parameters are held fixed. Its sign indicates whether the adjustment increases or decreases WTR, 292 
whereas its absolute magnitude measures the importance of that parameter to the first-order change 293 
in ln(WTR). A parameter with a substantially larger |C| therefore makes a larger contribution to 294 
the estimated log-scale WTR adjustment. This first-order analysis varies one parameter at a time 295 
and is based on group means. It can be used to compare the relative contributions of individual 296 
parameters, but it does not show that the full nonlinear WTR difference or the mismatch with the 297 
physical benchmark is caused by any single parameter. 298 

4.3 Input datasets and parameter estimation methods 299 

To account for alternative representations of the five inputs to WTR, we assembled multiple 300 
datasets and estimation methods for K, R, L, d, and b. Hydraulic conductivity (K) was derived from 301 
the intrinsic permeability provided by GLHYMPS 1.0 (Gleeson et al., 2011b) using the standard 302 
conversion under reference temperature and pressure conditions (Figure 2f). The same 303 
GLHYMPS 1.0 permeability dataset was used to parameterize the deeper aquifer in ParFlow–304 
CLM, providing a consistent hydraulic-conductivity data source for the two approaches. 305 
Groundwater recharge (R) was obtained using three approaches (Figure S10). R1 was obtained 306 
from the long-term mean groundwater-recharge input dataset used by the Superwell model (Niazi 307 
et al., 2025), which integrates recharge estimates from Döll and Fiedler (2008) and Gleeson et al. 308 
(2016). Following Condon and Maxwell (2015), R2 was approximated as precipitation minus 309 
evapotranspiration (P − ET), using independently sourced precipitation and evapotranspiration 310 
datasets assembled for CONCN. R3 was obtained from PCR-GLOBWB (Verkaik et al., 2022), in 311 
which recharge calculated by its surface-water component is used as an input to the groundwater 312 
module. 313 

Several estimates of L, d, and b were derived from the datasets produced during the construction 314 
and simulation of CONCN, as described in Section 2. In particular, the sub-basin delineation, river 315 
network, and flow-routing products provided a consistent representation of surface drainage 316 
connectivity for deriving these WTR inputs. Characteristic length (L) was estimated using three 317 
approaches (Figure S10). L1 was obtained from the published characteristic-length dataset of 318 
Cuthbert et al. (2019). L2 was calculated as the square root of the area of each sub-basin (Gleeson 319 
et al., 2011a). For L3, flow paths were traced from each drainage divide to the corresponding river 320 
cells on its two sides, and the two path lengths were summed to represent the distance between the 321 
river boundaries. All grid cells along the paired flow paths were assigned the same L3. 322 

In the WTR framework, L represents the characteristic length of an interstream aquifer bounded 323 
by two perennial streams. Its spatial estimation should therefore capture a representative hydraulic 324 
and geomorphic dimension of the interstream area, which can be conceptualized as two hillslope 325 
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segments extending from a drainage divide toward the bounding streams. However, this 326 
characteristic dimension cannot be identified uniquely from regional-scale data. Cuthbert et al. 327 
(2019) estimated L1 using the shortest combined Euclidean distance between perennial river 328 
locations on opposing sides of each grid cell. In comparison, L2 represents the characteristic spatial 329 
scale of a sub-basin, while L3 follows the drainage organization from a divide to the river cells on 330 
its two sides. These approaches provide different but plausible approximations of the characteristic 331 
interstream length, and none can be assumed a priori to provide a universally superior 332 
representation. To examine whether terrain relief substantially affected the path-based estimate, L3 333 
was additionally corrected using d3 to approximate its horizontal component. This correction 334 
produced only minor differences because L3 was generally much larger than the associated terrain 335 
rise (Figure S11). 336 

Maximum terrain rise above the fixed-head boundary (d) was calculated using three approaches 337 
(Figure S10). d1 was obtained from the elevation range of each basin in HydroSHEDS (Danielson 338 
and Gesch, 2011; Lehner et al., 2008). d2 was defined as the difference between the maximum and 339 
minimum elevations within each sub-basin (Gleeson et al., 2011a). For d3, the elevation difference 340 
between the drainage divide and the river cell reached by the flow path was calculated separately 341 
for each side of the divide and assigned to grid cells on the corresponding side. Three estimates 342 
were considered for the minimum saturated aquifer thickness (b) (Figure S10). b1 was prescribed 343 
as a spatially uniform value of 100 m, following Cuthbert et al. (2019). Following Condon and 344 
Maxwell (2015), b2 was calculated locally for each grid cell using the CONCN-simulated water-345 
table depth as b2 = 492 m − WTD, where 492 m is the total modeled subsurface thickness. Finally, 346 
b3 was defined as the CONCN-derived saturated thickness at the river cell reached by each flow 347 
path and assigned to grid cells on the corresponding side of the divide. 348 

4.4 WTR configurations and uncertainty experiments 349 

Combining the three estimates of R, three estimates of L, three estimates of d, and three estimates 350 
of b with the single K dataset yielded 81 possible WTR calculation configurations (Table S1). 351 
Each configuration was evaluated against the geometric requirement underlying the Dupuit–352 
Forchheimer approximation, namely (L/2)/b>5 (Cuthbert et al., 2019), where L/2 approximates the 353 
horizontal aquifer extent and b represents its minimum saturated thickness. Configurations 354 
combining L1 with either b2 or b3 failed this criterion across approximately 90% of the grid cells. 355 
The corresponding 18 configurations were therefore excluded, leaving 63 configurations for 356 
subsequent analysis (Figure S12). 357 

To evaluate the effects of alternative input estimation methods around each retained configuration, 358 
we constructed configuration-centered comparison ensembles. For each of the 63 retained 359 
configurations, a parameter-specific ensemble was generated by holding the estimation methods 360 
for the other inputs fixed and replacing only the target input with each of its available estimates 361 
(R1–R3, L1–L3, d1–d3, or b1–b3). An all-method ensemble for the focal configuration was then 362 
formed as the union of its four parameter-specific ensembles. The all-method ensembles associated 363 
with different focal configurations were not mutually exclusive, because the same retained 364 
configuration could appear in the all-method ensembles of multiple focal configurations. Moreover, 365 
the all-method ensemble associated with a given focal configuration did not necessarily include 366 
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all 63 retained configurations. No estimation-method comparison was conducted for K, because 367 
only one estimate of K was available. 368 

For each of the 63 retained WTR calculation configurations, parameter uncertainty was quantified 369 
through a full-perturbation experiment and five single-parameter experiments, each comprising 370 
10,000 Monte Carlo realizations. For each WTR configuration, the grid-cell-specific estimates 371 
were used to define the centers of the sampling distributions for all inputs except hydraulic 372 
conductivity. Monte Carlo realizations were then generated by randomly perturbing the five input 373 
fields according to the distributions described below (Cuthbert et al., 2019). Groundwater recharge 374 
(R) and maximum terrain rise (d) were sampled from normal distributions with standard deviations 375 
of 0.22R and 0.10d, respectively. To prevent physically unrealistic values, R was constrained to a 376 
minimum of 1 × 10-5 m/yr, and d to a minimum of 1 m. Minimum saturated aquifer thickness (b) 377 
and characteristic length (L) were sampled from lognormal distributions by using the base-10 378 
logarithms of their grid-cell-specific estimates as the means in base-10 logarithmic space, with 379 
standard deviations of 0.3 in that space. Hydraulic conductivity (K) was sampled from a lognormal 380 
distribution, with both its mean and standard deviation in base-10 logarithmic space assigned 381 
according to the corresponding hydrolithological class (Table S2). In the full-perturbation 382 
experiment, all five input fields were sampled simultaneously. In each single-parameter 383 
experiment, only R, K, L, d, or b was perturbed, while the other four inputs were held fixed at their 384 
configuration-specific estimates. WTR was recalculated across the entire study domain for every 385 
realization.  386 

4.5 Uncertainty and stability metrics 387 

Uncertainty metric. Using the same ensemble structure, uncertainty in the magnitude of WTR 388 
was quantified at each grid cell using the standard deviation of the base-10 logarithm of WTR, 389 
σlog₁₀(WTR). For the across-configuration analysis, this metric represents uncertainty arising from 390 
alternative input estimation methods, whereas for the within-configuration analysis, it represents 391 
uncertainty arising from random parameter perturbations within a given WTR configuration. The 392 
spatial distributions of the grid-cell-level standard deviations were compared to assess the relative 393 
magnitudes of these two sources of uncertainty and the contribution of each individual input. 394 
Because only one estimate of K was available, its contribution could be evaluated only through the 395 
Monte Carlo experiments. 396 

Stability metric. The stability of the WTR-based regime classification was evaluated at each grid 397 
cell using the fraction of ensemble members satisfying WTR > 1, denoted Pr(WTR > 1). For the 398 
across-configuration analysis, this fraction was calculated for each focal configuration using either 399 
its all-method ensemble or one of its parameter-specific ensembles. For the within-configuration 400 
analysis, it was calculated across the 10,000 Monte Carlo realizations from either the full-401 
perturbation experiment or each single-parameter experiment. Values of Pr(WTR > 1) close to 1 402 
indicate a stable classification as WTR > 1, whereas values close to 0 indicate a stable classification 403 
as WTR < 1. Values close to 0.5 indicate maximum classification instability because the grid cell 404 
frequently switches across the threshold of 1. 405 

To further evaluate the persistence of the benchmark-relative classifications, we calculated, for 406 
each grid cell, the fraction of ensemble members assigned to each applicable classification 407 
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outcome. For grid cells identified as sensitive by the physical benchmark, the possible outcomes 408 
were CS and UE, with Pr(CS) + Pr(UE) = 1. For physically insensitive grid cells, the possible 409 
outcomes were CI and OE, with Pr(CI) + Pr(OE) = 1. Class frequencies close to 0 or 1 indicate 410 
persistent classification into one of the paired outcomes, whereas intermediate frequencies indicate 411 
frequent switching between them. 412 

5. Results  413 
5.1 WTR variability, uncertainty, and classification stability 414 

Among the 63 retained configurations, S1, S16, S41, and S81 were selected to represent 415 
contrasting input-estimation strategies. S1 (R1, L1, d1, and b1) was designed to reproduce the WTR 416 
calculation of Cuthbert et al. (2019) as closely as possible, using the original inputs where available 417 
and reconstructing the unavailable inputs from the methods described in that study. It therefore 418 
represents an approximate reconstruction rather than an exact replication. S41 combined the sub-419 
basin-based estimates L2 and d2 with R2 and b2, which were calculated from CONCN data using 420 
the approaches adopted by Condon and Maxwell (2015). S81 represents a new parameter-421 
estimation strategy developed in this study. It combines R3 from PCR-GLOBWB with L3, d3, and 422 
b3, which were derived by tracing flow paths from each drainage divide to river cells on its two 423 
sides. S16 was included as a mixed configuration, combining R1 and b1 from S1, L2 from S41, and 424 
d3 from S81. The published WTR dataset of Cuthbert et al. (2019) was additionally included as 425 
the original reference. 426 

The estimated WTR exhibited substantial spatial heterogeneity across the study domain (Figure 427 
2). WTR values were generally lower in the western part of the domain and higher toward the east. 428 
S16, S41, and S81 also tended to produce higher WTR values than S1 and the published Cuthbert 429 
et al. (2019) dataset. These systematic shifts were primarily associated with the larger 430 
characteristic lengths and smaller terrain-rise estimates used in the newer configurations (Figure 431 
S10). In particular, S16 retained the same R1, b1, and K as S1 but replaced L1 and d1 with the larger 432 
L2 and smaller d3, respectively, demonstrating that these two changes alone were sufficient to 433 
produce a marked increase in WTR. The larger L and smaller d values in S41 and S81 similarly 434 
increased WTR, while their higher recharge estimates further reinforced this increase. By contrast, 435 
the substantially larger b2 and b3 values acted in the opposite direction and partly offset these 436 
effects. Despite the differences in magnitude, all WTR estimates exhibited broadly similar spatial 437 
patterns that closely, but inversely, resembled the distribution of hydraulic conductivity. Regions 438 
with higher K generally exhibited lower WTR, whereas regions with lower K tended to exhibit 439 
higher WTR. This spatial correspondence is consistent with the analytical dependence of WTR on 440 
K. 441 
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 442 

Figure 2. Spatial distributions of log10(WTR) for four representative WTR configurations and the 443 
published dataset of Cuthbert et al. (2019), together with log10K. (a) S1, an approximate 444 
reconstruction of the WTR calculation of Cuthbert et al. (2019); (b) S16, a mixed configuration 445 
combining different input-estimation strategies; (c) S41, a configuration based primarily on sub-446 
basin-scale estimates; (d) S81, a configuration based primarily on drainage-divide-to-river flow-447 
path estimates; (e) the published WTR dataset of Cuthbert et al. (2019); and (f) hydraulic 448 
conductivity, expressed as log10K, where K is in m/yr. 449 

Uncertainty in WTR arising from alternative parameter-estimation methods was compared with 450 
that produced by within-configuration Monte Carlo perturbations for the four representative 451 
configurations (Figure 3). For R, L, and d, variation among the available estimation methods 452 
generally produced greater uncertainty than the corresponding Monte Carlo perturbations, 453 
indicating that methodological choices can be more consequential than the prescribed random 454 
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variability within an individual configuration. The results for b were less consistent, with the 455 
relative magnitudes varying among the four representative configurations. In contrast, Monte 456 
Carlo perturbation of K produced substantially greater uncertainty than perturbation of any other 457 
individual input. Because only one K dataset was available, uncertainty associated with alternative 458 
estimates of K could not be evaluated in the across-method analysis. When all five inputs were 459 
perturbed simultaneously, the resulting Monte Carlo uncertainty exceeded that obtained from the 460 
all-method ensembles, whose members did not include alternative estimates of K. The similarity 461 
in magnitude between the K-only and full-perturbation results therefore indicates that uncertainty 462 
in K was the principal contributor to the total within-configuration WTR uncertainty under the 463 
assumed perturbation distributions. These overall patterns were also evident across all 63 retained 464 
configurations (Figures S13–S15). 465 

 466 
Figure 3. Comparison of grid-cell-level WTR uncertainty arising from alternative parameter-467 
estimation methods and within-configuration Monte Carlo perturbations for four representative 468 
WTR configurations. WTR uncertainty was quantified as the standard deviation of log10(WTR). 469 
The half-violin plots to the left of the vertical dashed line show uncertainty from the all-method 470 
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ensembles (a) and the parameter-specific ensembles for R, L, d, and b (b–e), whereas those to the 471 
right show uncertainty from the full-perturbation experiment (a) and the single-parameter Monte 472 
Carlo experiments for R, L, d, b, and K (b–f). No across-method result is shown for K because only 473 
one K estimate was available. Open circles and the accompanying values indicate spatial means, 474 
and horizontal dashed lines indicate medians.  475 

  476 

 477 
Figure 4. Comparison of grid-cell-level WTR classification stability across alternative parameter-478 
estimation methods and within-configuration Monte Carlo perturbations for four representative 479 
WTR configurations. Classification stability was quantified as Pr(WTR>1), the fraction of 480 
ensemble members for which WTR exceeded 1. The half-violin plots to the left of the vertical 481 
dashed line show results from the all-method ensembles (a) and the parameter-specific ensembles 482 
for R, L, d, and b (b–e), whereas those to the right show results from the full-perturbation 483 
experiment (a) and the single-parameter Monte Carlo experiments for R, L, d, b, and K (b–f). 484 
Values close to 0 or 1 indicate stable classifications, whereas values close to 0.5 indicate frequent 485 
switching across the WTR threshold. No across-method result is shown for K because only one K 486 
estimate was available.  487 
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The stability of the WTR-based classification was evaluated using Pr(WTR>1) for the four 488 
representative configurations (Figure 4). In the across-method analysis, both the all-method 489 
ensembles (Figure 4a, left) and most parameter-specific ensembles (Figures 4b–e, left) produced 490 
distributions concentrated near 0 and 1, indicating that the WTR classification was generally 491 
consistent among the available input-estimation methods. However, additional peaks at 492 
intermediate values of Pr(WTR>1) indicate that the classification of some grid cells depended on 493 
the estimation method used. This effect was most pronounced for L, followed by d, R, and b. In 494 
the within-configuration Monte Carlo experiments, perturbations of R, d, and b generally retained 495 
pronounced peaks near 0 and 1, whereas perturbation of L substantially reduced classification 496 
stability for S1. Perturbation of K produced the strongest destabilizing effect: the distributions 497 
broadened and shifted away from 0 and 1 toward 0.5, particularly for S1. The full-perturbation 498 
distributions closely resembled the K-only results, indicating that K dominated the instability when 499 
all five inputs were perturbed simultaneously. Thus, WTR classifications were relatively stable 500 
across the available estimation methods and under perturbations of most individual inputs, but 501 
became substantially less stable when uncertainty in K was included. The same overall patterns 502 
were evident across all 63 retained configurations (Figures S16–S17). Moreover, relative log-503 
scale WTR uncertainty was generally greatest where Pr(WTR>1) approached 0.5 and decreased 504 
toward the two stable endpoints of 0 and 1 (Figure S18). This relationship supports the 505 
interpretation that classification instability arises when WTR uncertainty is large relative to the 506 
distance of its mean from the threshold of 1. 507 

5.2 WTR classification outcomes relative to the physical-model benchmark 508 

Groundwater-sensitive areas identified by the physical benchmark were compared with those 509 
obtained using the critical-WTD approach and four representative WTR configurations (Figure 510 
5). According to the physical benchmark (Figure 5a), groundwater-sensitive areas are primarily 511 
distributed in the eastern part of the catchment, with a smaller number of sensitive patches 512 
occurring in the western region. Overall, the sensitive areas identified by all four WTR 513 
configurations were concentrated primarily in the eastern part of the catchment, with 514 
comparatively few sensitive areas identified in the west. In contrast, the critical-WTD approach 515 
captures a relatively larger fraction of the western sensitive areas. The resulting classifications 516 
exhibited distinct spatial error patterns (Figures 5b–5f). The critical-WTD and S1 classifications 517 
show relatively large correctly identified insensitive (CI) areas, indicating better agreement with 518 
the physical benchmark in regions with weak groundwater–land interactions. However, the 519 
remaining representative WTR configurations (S16, S41, and S81) exhibit substantially larger 520 
overestimated (OE) areas, suggesting that insensitive regions are more frequently classified as 521 
sensitive. By comparison, S1 is characterized by a larger fraction of underestimated (UE) areas, 522 
indicating that a considerable proportion of physically sensitive regions are instead classified as 523 
insensitive. For the critical-WTD approach, classification discrepancies are also dominated by OE 524 
rather than UE regions, although the overall spatial agreement with the physical benchmark 525 
remains higher than that of all four representative WTR configurations.  526 

 527 
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 528 
Figure 5. Spatial comparison of groundwater-sensitive-area classifications obtained from the 529 
physical benchmark, the critical-WTD approach, and four representative WTR configurations. (a) 530 
Physical benchmark defined using |∆EF|>0.30; (b) critical-WTD classification based on WY2019 531 
mean WTD from the ParFlow–CLM reference simulation; and WTR classifications from (c) S1, 532 
(d) S16, (e) S41, and (f) S81. Panel (a) shows physically sensitive areas in red and physically 533 
insensitive areas in green. In panels (b–f), red denotes correctly classified sensitive areas (CS), 534 
blue underestimated sensitive areas (UE), green correctly classified insensitive areas (CI), and 535 
purple overestimated sensitive areas (OE). Percentages below each map indicate the areal fractions 536 
of the four classification outcomes. 537 
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 538 
Figure 6. Domain-wide composition and grid-cell persistence of classification outcomes relative 539 
to the physical benchmark. (a) Areal fractions of correctly classified sensitive (CS), underestimated 540 
sensitive (UE), correctly classified insensitive (CI), and overestimated sensitive (OE) areas for the 541 
63 retained WTR configurations. The three bars at the far right show the critical-WTD 542 
classifications based on WY2019 mean WTD from the ParFlow–CLM reference simulation and 543 
steady-state WTD estimates from PCR-GLOBWB and Fan et al. (2013), respectively. (b) 544 
Corresponding areal fractions for 63 randomly selected realizations from the 10,000-member full-545 
perturbation Monte Carlo experiment for S1, together with the same three critical-WTD 546 
classifications at the far right. Horizontal dashed lines in (a) and (b) indicate the mean total 547 
misclassified fraction, UE + OE, for the WTR configurations or Monte Carlo realizations. The line 548 
labeled 0.41 indicates the corresponding fraction for the ParFlow–CLM-based critical-WTD 549 
classification and therefore refers to the first of the three critical-WTD bars. (c) Distributions 550 
across grid cells of the fraction of ensemble members assigned to each classification outcome, 551 
calculated across the 63 WTR configurations (left) and the 10,000 full-perturbation Monte Carlo 552 
realizations for S1 (right); the vertical dashed line separates the two analyses. Colors are consistent 553 
across all panels: red for CS, blue for UE, green for CI, and purple for OE.  554 

Figure 6a further quantifies the areal fractions of the four classification outcomes for the critical-555 
WTD approach and the 63 retained WTR configurations. Compared with the critical-WTD 556 
approach, the 63 WTR configurations produced a lower mean fraction of correctly classified area 557 
(CS + CI; 0.40 versus 0.59), corresponding to a higher total misclassified fraction [1 − (CS + CI); 558 
0.60 versus 0.41]. The critical-WTD classifications based on PCR-GLOBWB (Verkaik et al., 2022) 559 
and Fan et al. (2013) showed even greater agreement with the physical benchmark, with correctly 560 
classified fractions (CS + CI) of 0.70 and 0.64, respectively. Across the WTR configurations, OE 561 
accounted on average for a substantially larger area than UE (0.49 versus 0.11), quantitatively 562 
confirming the error pattern observed in Figure 5. WTR therefore exhibited a relatively 563 
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conservative screening tendency: it reduced the omission of physically sensitive areas, but at the 564 
expense of classifying additional physically insensitive areas as sensitive.  565 

Despite differences among the 63 WTR configurations, their aggregate CS, UE, CI, and OE 566 
fractions varied only slightly, with small standard deviations of 0.0360, 0.0360, 0.0604, and 0.0604, 567 
respectively. A similarly stable classification composition was obtained from 63 randomly selected 568 
realizations of the 10,000-member full-perturbation Monte Carlo experiment for S1 (Figure 6b), 569 
for which the class fractions were nearly unchanged among realizations. Thus, the domain-wide 570 
proportions of the four classification outcomes were stable under both alternative parameter-571 
estimation methods and within-configuration parameter perturbations. However, this aggregate 572 
stability does not necessarily mean that individual grid cells retained the same classification, which 573 
is examined in Figure 6c. 574 

Figure 6c therefore examines classification persistence at the grid-cell scale. Because the physical 575 
benchmark was held fixed, CS and UE were complementary outcomes within physically sensitive 576 
areas, whereas CI and OE were complementary within physically insensitive areas. Across the 63 577 
WTR configurations, physically sensitive grid cells were generally more likely to be classified as 578 
CS than UE, indicating predominantly correct and relatively persistent classifications, although a 579 
subset of cells remained dependent on the parameter configuration. In physically insensitive areas, 580 
the classification frequencies were even more strongly concentrated near the endpoints, but the 581 
dominant outcome was OE rather than CI. Many of these grid cells were therefore classified 582 
consistently across the configurations, but consistently incorrectly. 583 

A different pattern emerged from the 10,000 full-perturbation Monte Carlo realizations. Within 584 
physically sensitive areas, pronounced modes near intermediate classification frequencies 585 
indicated substantial switching between CS and UE, while the endpoint modes near CS = 0 and 586 
UE = 1 identified grid cells that were persistently underestimated. Within physically insensitive 587 
areas, the strongest endpoint modes occurred near CI = 1 and OE = 0, indicating a subset of 588 
persistently correct classifications, but substantial intermediate modes revealed continued 589 
switching between CI and OE elsewhere. Consequently, Monte Carlo perturbations produced 590 
considerable grid-cell-level classification turnover even though the domain-wide class fractions 591 
remained nearly unchanged. The apparent stability of the aggregate proportions therefore resulted 592 
from compensating transitions between paired classes rather than from spatially stable 593 
classifications. 594 

5.3 Parameter controls on classification discrepancies 595 

The distributions of the five WTR parameters within correctly and incorrectly classified regions 596 
were compared for the four representative WTR configurations (Figure 7). Distinct and consistent 597 
patterns emerge for hydraulic conductivity (K) and characteristic length (L). Across all 598 
representative configurations, regions classified as insensitive (UE and CI) generally exhibit 599 
higher K but lower L than regions classified as sensitive (CS and OE), indicating that both 600 
parameters consistently separate the two classification groups. In contrast, terrain rise (d) primarily 601 
reflects differences between the underlying physically sensitive and insensitive regions rather than 602 
the classification outcomes, showing no clear separation between correctly and incorrectly 603 
classified areas. Recharge (R) exhibits no systematic pattern across the four representative 604 
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configurations, while minimum saturated aquifer thickness (b) varies only marginally among the 605 
four classification outcomes. Overall, only K and L exhibit consistent differences across the four 606 
representative configurations, whereas d, R and b show substantially weaker or less consistent 607 
patterns. To move beyond these descriptive patterns and quantify the relative contribution of each 608 
parameter to the classification discrepancies, we next combined the observed groupwise parameter 609 
differences with the analytical elasticities of WTR (Figure 8). 610 

Figure 8 shows the estimated first-order contribution of each WTR parameter to Δln(WTR). The 611 
calculation combines each parameter’s analytical elasticity with the difference between its group 612 
means. Across all four representative configurations, hydraulic conductivity (K) consistently has 613 
the largest absolute contribution for both the UE → CS and OE → CI transitions. Under this one-614 
parameter, first-order approximation, K therefore makes the largest estimated contribution to 615 
Δln(WTR). Characteristic length (L) has the second-largest contribution, although it is 616 
substantially smaller than that of K. In contrast, recharge (R), terrain rise (d), and minimum 617 
saturated aquifer thickness (b) have smaller or less consistent contributions. 618 

619 
Figure 7. Distributions of the five WTR input parameters among the four benchmark-relative 620 
classification outcomes for four representative WTR configurations. Panels show (a) log10K, where 621 



This manuscript is a non-peer-reviewed preprint submitted to EarthArXiv. 

 22 

K is hydraulic conductivity in m/yr; (b) characteristic length L (m); (c) maximum terrain rise d (m); 622 
(d) groundwater recharge R (m/yr); and (e) minimum saturated aquifer thickness b (m). Within 623 
each configuration, red denotes correctly classified sensitive areas (CS), blue underestimated 624 
sensitive areas (UE), green correctly classified insensitive areas (CI), and purple overestimated 625 
sensitive areas (OE). Vertical dashed lines separate the four WTR configurations. Open circles and 626 
the values above the distributions indicate group means; horizontal dashed lines indicate medians. 627 
 628 

629 
Figure 8. First-order contributions of individual WTR parameters to the estimated changes in 630 
ln(WTR) between incorrectly and correctly classified groups for four representative WTR 631 
configurations. Panels show contributions from (a) hydraulic conductivity, CK; (b) characteristic 632 
length, CL; (c) maximum terrain rise, Cd; (d) groundwater recharge, CR; and (e) minimum saturated 633 
aquifer thickness, Cb. Contributions were calculated as 𝐶" ≈ 𝐸"Δln𝑥, combining the analytical 634 
elasticity of WTR with the difference in group-mean parameter values. Blue bars represent the 635 
estimated change in ln(WTR) when one parameter is adjusted from its mean in UE to its 636 
corresponding mean in CS, whereas orange bars represent the adjustment from OE to CI; all other 637 
parameters are held fixed. Positive and negative values indicate increases and decreases in WTR, 638 
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respectively, while larger absolute values indicate stronger first-order contributions to the 639 
estimated change in ln(WTR). 640 
 641 
6. Discussion and conclusions 642 

By combining 63 alternative WTR configurations with within-configuration Monte Carlo 643 
perturbations, this study examined how WTR estimates and classifications vary with 644 
parameterization and uncertainty. The resulting WTR classifications were then compared with 645 
groundwater-sensitive areas identified by a physically based model to explore the correspondence 646 
between the reduced-dimensional diagnostic and a process-based representation of groundwater–647 
land interactions. The process-based classification is used here as a physically explicit reference 648 
rather than as an error-free ground truth. Its plausibility is supported by comparisons with multiple 649 
datasets representing streamflow, groundwater conditions, and land-surface variables. In addition, 650 
both ParFlow–CLM and WTR derive hydraulic conductivity from GLHYMPS 1.0, providing a 651 
consistent hydrogeological basis for comparison. The remaining discrepancies should therefore be 652 
interpreted as differences between a reduced-dimensional diagnostic and a process-based 653 
representation, rather than as definitive evidence that either approach is universally correct or 654 
incorrect. 655 

Hydraulic conductivity (K) was the dominant source of uncertainty in WTR. Perturbing K 656 
produced substantially greater variation than perturbing any other individual input, and the full-657 
perturbation results closely resembled those obtained from K alone. For R, L, and d, differences 658 
among alternative estimation methods were generally greater than the uncertainty generated by 659 
random perturbations around a fixed estimate, whereas the result for b was less consistent. These 660 
findings show that WTR uncertainty arises from both parameter-estimation choices and 661 
uncertainty within a selected estimate, but that its overall magnitude is primarily controlled by K. 662 
The uncertainty in K also reduced the stability of the threshold-based WTR classification. This 663 
was particularly evident in the Monte Carlo experiments, in which many grid cells switched 664 
between WTR>1 and WTR<1. Such instability is particularly relevant where WTR values lie close 665 
to the threshold of 1, as in the global distribution presented by Cuthbert et al. (2019), because even 666 
moderate parameter perturbations can reverse the classification. Nevertheless, the domain-wide 667 
proportions of CS, UE, CI, and OE remained nearly unchanged across both the 63 configurations 668 
and the Monte Carlo realizations. This apparent consistency concealed substantial spatial turnover, 669 
because transitions between CS and UE and between CI and OE compensated for one another 670 
when aggregated over the domain. Aggregate area fractions therefore provide little information 671 
about whether individual locations are classified consistently. 672 

The comparison with the physically based benchmark further distinguished classification stability 673 
from classification accuracy. WTR produced considerably more OE than UE, indicating a 674 
conservative screening tendency: it omitted relatively few physically sensitive areas but classified 675 
many physically insensitive areas as sensitive. Its overall agreement with the benchmark was also 676 
lower than that obtained using the critical-WTD approach. The parameter distributions within CS, 677 
UE, CI, and OE areas, together with the elasticity-based contribution analysis, provided a further 678 
explanation for these classification discrepancies. Differences in K made the largest contribution 679 
to shifts between the correctly and incorrectly classified groups, with L providing a secondary 680 
contribution, whereas the effects of R, d, and b were generally smaller or less consistent. Thus, K 681 
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not only controls WTR uncertainty and classification instability, but is also the parameter most 682 
strongly associated with where WTR agrees or disagrees with the physical benchmark. 683 

The central role of K exposes a limitation of the dimensional reduction underlying WTR. WTR 684 
reduces a heterogeneous three-dimensional groundwater system to a one-dimensional conceptual 685 
model described by a small number of effective parameters. Although this reduction makes 686 
regional application straightforward, it cannot explicitly represent vertical layering, lateral 687 
heterogeneity, preferential pathways, or complex groundwater–surface-water connections. A 688 
disproportionate share of this unresolved subsurface information must consequently be represented 689 
through an effective hydraulic conductivity, making K both highly influential and difficult to 690 
constrain. The dominance of K should therefore be interpreted not only as a data-uncertainty 691 
problem, but also as evidence of the limited capacity of a single effective parameter to represent 692 
complex groundwater systems. 693 

Overall, WTR remains useful as a simple and conservative indicator for regional screening, but its 694 
local classifications should not be regarded as definitive. Particular caution is required where 695 
hydraulic conductivity is poorly constrained, subsurface heterogeneity is strong, or WTR values 696 
lie close to one. In these settings, WTR should be interpreted together with groundwater-depth 697 
indicators, physically based simulations, or other independent evidence. More generally, the 698 
results demonstrate that the convenience gained by reducing complex groundwater processes to a 699 
low-dimensional index must be weighed against the uncertainty and loss of spatial information 700 
introduced by that reduction. 701 

  702 
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Supplementary Information 817 
 818 
Table S1. The 81 WTR configurations generated by combining alternative estimates of 819 
groundwater recharge (R), characteristic length (L), maximum terrain rise (d), and 820 
minimum saturated aquifer thickness (b). Configurations highlighted in red failed the 821 
Dupuit–Forchheimer applicability criterion, (L/2)/b>5, and were excluded, leaving 63 822 
configurations for subsequent analysis. 823 

Schemes Parameters Schemes Parameters Schemes Parameters 
1 R1 L1 d1 b1 28 R2 L1 d1 b1 55 R3 L1 d1 b1 
2 R1 L1 d1 b2 29 R2 L1 d1 b2 56 R3 L1 d1 b2 
3 R1 L1 d1 b3 30 R2 L1 d1 b3 57 R3 L1 d1 b3 
4 R1 L1 d2 b1 31 R2 L1 d2 b1 58 R3 L1 d2 b1 
5 R1 L1 d2 b2 32 R2 L1 d2 b2 59 R3 L1 d2 b2 
6 R1 L1 d2 b3 33 R2 L1 d2 b3 60 R3 L1 d2 b3 
7 R1 L1 d3 b1 34 R2 L1 d3 b1 61 R3 L1 d3 b1 
8 R1 L1 d3 b2 35 R2 L1 d3 b2 62 R3 L1 d3 b2 
9 R1 L1 d3 b3 36 R2 L1 d3 b3 63 R3 L1 d3 b3 
10 R1 L2 d1 b1 37 R2 L2 d1 b1 64 R3 L2 d1 b1 
11 R1 L2 d1 b2 38 R2 L2 d1 b2 65 R3 L2 d1 b2 
12 R1 L2 d1 b3 39 R2 L2 d1 b3 66 R3 L2 d1 b3 
13 R1 L2 d2 b1 40 R2 L2 d2 b1 67 R3 L2 d2 b1 
14 R1 L2 d2 b2 41 R2 L2 d2 b2 68 R3 L2 d2 b2 
15 R1 L2 d2 b3 42 R2 L2 d2 b3 69 R3 L2 d2 b3 
16 R1 L2 d3 b1 43 R2 L2 d3 b1 70 R3 L2 d3 b1 
17 R1 L2 d3 b2 44 R2 L2 d3 b2 71 R3 L2 d3 b2 
18 R1 L2 d3 b3 45 R2 L2 d3 b3 72 R3 L2 d3 b3 
19 R1 L3 d1 b1 46 R2 L3 d1 b1 73 R3 L3 d1 b1 
20 R1 L3 d1 b2 47 R2 L3 d1 b2 74 R3 L3 d1 b2 
21 R1 L3 d1 b3 48 R2 L3 d1 b3 75 R3 L3 d1 b3 
22 R1 L3 d2 b1 49 R2 L3 d2 b1 76 R3 L3 d2 b1 
23 R1 L3 d2 b2 50 R2 L3 d2 b2 77 R3 L3 d2 b2 
24 R1 L3 d2 b3 51 R2 L3 d2 b3 78 R3 L3 d2 b3 
25 R1 L3 d3 b1 52 R2 L3 d3 b1 79 R3 L3 d3 b1 
26 R1 L3 d3 b2 53 R2 L3 d3 b2 80 R3 L3 d3 b2 
27 R1 L3 d3 b3 54 R2 L3 d3 b3 81 R3 L3 d3 b3 

 824 

  825 
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Table S2. Parameter perturbation settings in Monte Carlo realizations  826 
(a) General parameter settings 827 

Parameter Distribution type Standard deviation/ 
Log-standard deviation 

Physical 
truncation 

R Normal 0.22×R R≧0.00001 
d Normal 0.1×d d≧1 
b Log-normal 0.3 None 
L Log-normal 0.3 None 

K Log-normal Hydrolithology-
dependent; see (b) None 

(b) Lithology-dependent settings for K 828 

Hydrolithology log10k Standard deviation Number of 
grid cells 

f.g. sil. sedimentary -16.5 1.7 2295 
sil. sedimentary -15.2 2.5 11863 

crystalline -14.1 1.5 10389 
f.g. unconsolidated -14.0 1.8 21 

unconsolidated -13.0 2.0 710 
c.g. sil. sedimentary -12.5 0.9 2963 

carbonate -11.8 1.5 7969 
c.g. unconsolidated -10.9 1.2 582 

log₁₀K = log₁₀k + 7 + log₁₀(3600×8760), where k is permeability in m² 829 
 c.g. = coarse-grained, f.g. = fine-grained, sil. = siliciclastic   830 
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 831 
Figure S1. Comparison of daily streamflow simulated by ParFlow–CLM with (a) GloFAS 832 
estimates at 92 locations and (b) GRADES-hydroDL estimates at 48 locations during WY2019. 833 
Each point represents one location, positioned according to the Spearman rank correlation 834 
coefficient and relative bias between the simulated and reference daily time series; the locations 835 
are shown in Figure 1. Dashed lines indicate correlation and relative-bias thresholds of 0.5 and 836 
100%, respectively. Summary statistics across all locations are reported in the lower-left corner of 837 
each panel.   838 
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 839 
Figure S2. Daily streamflow time series from ParFlow–CLM and the reference products at six 840 
relatively high-discharge locations during WY2019: GloFAS at (a) MaJingLiao, (b) QuJiang, and 841 
(c) ShaoGuan, and GRADES-hydroDL at (d) LiShi, (e) ZhangBa, and (f) YangXi. Three locations 842 
were selected from each product, and their locations are indicated by stars in Figure 1. Panel titles 843 
report the Spearman rank correlation coefficient and relative bias.   844 
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 845 
Figure S3. Comparison of WY2019 mean groundwater head simulated by ParFlow-CLM with 846 
steady-state groundwater-head estimates from (a) PCR-GLOBWB and (b) Fan et al. (2013). Each 847 
point represents one model grid cell, and colors indicate point density estimated using kernel 848 
density estimation.   849 
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 850 
Figure S4. Comparison of domain-mean hourly land-surface variables simulated by ParFlow–851 
CLM with ERA5-Land during WY2019: (a) transpiration, (b) latent heat flux, (c) sensible heat 852 
flux, and (d) land-surface temperature. Red and blue lines represent ERA5-Land and ParFlow–853 
CLM, respectively. Root-mean-square errors are reported in each panel. 854 
  855 
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 856 
Figure S5. Spatial distributions of mean land-surface variables during WY2019 from the baseline 857 
(reference) and free-drainage (groundwater-suppressed) simulations. The first column shows the 858 
baseline simulation, the second column the free-drainage simulation, and the third column their 859 
difference, calculated as free drainage minus baseline. Rows show (a–c) latent heat flux (LE), (d–860 
f) sensible heat flux (H), and (g–i) evaporative fraction (EF).   861 
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 862 
Figure S6. Distributions of grid-cell differences in WY2019 mean land-surface variables between 863 
the free-drainage (groundwater-suppressed) and baseline (reference) simulations: (a) latent heat 864 
flux (ΔLE), (b) sensible heat flux (ΔH), and (c) evaporative fraction (ΔEF). Differences are 865 
calculated as free drainage minus baseline. Boxplots summarize values across the study domain; 866 
annotated values report the spatial median and mean.   867 
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  868 
Figure S7. Groundwater-sensitive areas identified from differences in WY2019 mean latent heat 869 
flux (ΔLE) and evaporative fraction (ΔEF) between the free-drainage (groundwater-suppressed) 870 
and baseline (reference) simulations. (a) Grid cells satisfying |ΔLE| > 25 W/m²; (b) grid cells 871 
satisfying |ΔEF| > 0.30; and (c) spatial comparison of the two masks. Blue and purple indicate 872 
areas identified only by the ΔLE and ΔEF criteria, respectively, while red indicates their overlap.  873 
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 874 
Figure S8. Relationships between water table depth (WTD) and four land-surface variables at 875 
daily, monthly, and annual averaging scales. Columns show latent heat flux (LE), sensible heat 876 
flux (H), ground heat flux (G), and land-surface temperature (Ts); rows show daily (a–d), monthly 877 
(e–h), and annual (i–l) averages. Red, blue, and green represent WY2019, WY2020, and WY2021, 878 
respectively. Vertical dashed lines delimit the critical WTD range identified by jointly examining 879 
the relationships across variables, years, and temporal scales. 880 
  881 
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 882 
Figure S9. Conceptual representation of the idealized interstream aquifer underlying the WTR 883 
formulation. R is groundwater recharge, L is the characteristic distance between the two fixed-head 884 
stream boundaries, b is the minimum saturated aquifer thickness at the fixed-head boundary, and 885 
d is the maximum terrain rise above that boundary. The water table rises from the bounding streams 886 
toward the groundwater divide.887 



This manuscript is a non-peer-reviewed preprint submitted to EarthArXiv. 

 40 

  888 
Figure S10. Spatial distributions of the alternative input estimates used to calculate WTR. Panels 889 
show groundwater recharge (a) R1, (b) R2, and (c) R3 in m/yr; characteristic length (d) L1, (e) L2, 890 
and (f) L3 in m; maximum terrain rise (g) d1, (h) d2, and (i) d3 in m; and minimum saturated aquifer 891 
thickness (j) b1, (k) b2, and (l) b3 in m. 892 
  893 
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  894 
Figure S11. Effect of correcting the path-based characteristic length for terrain rise. (a) Original 895 
path-based estimate L3; (b) its approximate horizontal component, calculated as M𝐿4! − 𝑑4!; and (c) 896 
the difference M𝐿4! − 𝑑4!. All values are in metres. 897 
  898 
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 899 
Figure S12. Probability-density distributions of log10(WTR) for the 63 retained WTR 900 
configurations and the published WTR dataset of Cuthbert et al. (2019). The four representative 901 
configurations S1, S16, S41, and S81 are highlighted. The vertical dashed line at log10(WTR)=0 902 
corresponds to the classification threshold WTR=1.  903 
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 904 
Figure S13. Distributions of grid-cell-level WTR uncertainty arising from alternative parameter-905 
estimation methods for all 63 retained focal configurations. Uncertainty was quantified as the 906 
standard deviation of log10(WTR). Rows show results from (a) the all-method ensembles and the 907 
parameter-specific ensembles for (b) R, (c) L, (d) d, and (e) b. Horizontal dashed lines and open 908 
circles indicate spatial medians and means, respectively. No across-method result is shown for K 909 
because only one K estimate was available. 910 
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  911 
Figure S14. Distributions of grid-cell-level WTR uncertainty from within-configuration Monte 912 
Carlo perturbations for all 63 retained WTR configurations. Uncertainty was quantified as the 913 
standard deviation of log10(WTR) across 10,000 realizations. Rows show (a) the full-perturbation 914 
experiment and the single-parameter experiments for (b) R, (c) L, (d) d, (e) b, and (f) K. Horizontal 915 
dashed lines and open circles indicate spatial medians and means, respectively.  916 
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  917 
Figure S15. Comparison of spatially averaged WTR uncertainty arising from alternative 918 
parameter-estimation methods and within-configuration Monte Carlo perturbations across the 919 
retained configurations. Panels show (a) all inputs and the individual contributions of (b) R, (c) L, 920 
(d) d, and (e) b. The horizontal axis represents uncertainty from the parameter-estimation-method 921 
ensembles (Param), and the vertical axis represents uncertainty from the corresponding Monte 922 
Carlo experiments (MCE). Dashed diagonal lines indicate the 1:1 relationship. 923 

924 
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 925 
Figure S16. Distributions of grid-cell-level WTR classification stability across alternative 926 
parameter-estimation methods for all 63 retained focal configurations. Stability was represented 927 
by Pr(WTR>1), calculated from (a) the all-method ensembles and the parameter-specific 928 
ensembles for (b) R, (c) L, (d) d, and (e) b. Values close to 0 or 1 indicate persistent classifications, 929 
whereas values close to 0.5 indicate frequent switching across the WTR threshold.  930 
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 931 
Figure S17. Distributions of grid-cell-level WTR classification stability under within-932 
configuration Monte Carlo perturbations for all 63 retained WTR configurations. Pr(WTR>1) was 933 
calculated across 10,000 realizations from (a) the full-perturbation experiment and the single-934 
parameter experiments for (b) R, (c) L, (d) d, (e) b, and (f) K. Values close to 0 or 1 indicate 935 
persistent classifications, whereas values close to 0.5 indicate frequent switching across the 936 
threshold. 937 
  938 
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  939 
Figure S18. Relationship between WTR classification stability and relative log-scale WTR 940 
dispersion for four representative configurations. Rows correspond to S1 (a–e), S16 (f–j), S41 (k–941 
o), and S81 (p–t); columns show results for all inputs and for R, L, d, and b, respectively. The 942 
horizontal axis is Pr(WTR>1), and the vertical axis is the standard deviation of log10(WTR) 943 
divided by the mean absolute value of log10(WTR). Blue and red points show results from the 944 
parameter-estimation-method ensembles (Param) and Monte Carlo experiments (MCE), 945 
respectively. 946 
 947 
 948 
 949 


