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ARTICLE INFO ABSTRACT

Handling Editor: Corrado Corradini Understanding connectivity between the soil and deeper bedrock groundwater is needed to accurately predict a
watershed’s response to perturbation, such as drought. Yet, the bedrock groundwater dynamics in mountainous
environments are typically under-constrained and excluded from watershed hydrologic models. Here, we
investigate the role of groundwater characterized with decadal and longer water ages on the hydrologic and
mass-transport processes within a steep snow-dominated mountain hillslope in the Central Rocky Mountains
(USA). We quantify subsurface and surface water mass-balance, groundwater flowpaths, and age distributions
using the ParFlow-CLM integrated hydrologic and EcoSLIM particle tracking models, which are compared to
hydrometric and environmental tracer observations. An ensemble of models with varied soil and hydrogeologic
parameters reproduces observed groundwater levels and century-scale mean ages inferred from environmental
tracers. The numerical models suggest soil water near the toe of the hillslope contains considerable (>60 % of the
mass-flux) contributions from bedrock flowpaths characterized with water ages >10 years. Flowpath connec-
tivity between the deeper bedrock and soil systems is present throughout the year, highlighting the potentially
critical role of groundwater with old ages on processes such as evapotranspiration and streamflow generation.
The coupled numerical model and groundwater age observations show the bedrock groundwater system in-
fluences the hillslope hydrodynamics and should be considered in mountain watershed conceptual and numerical
models.
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2013).
Groundwater is recognized as a crucial, yet uncertain and under-
studied, mechanism of how mountain watersheds store and transmit

1. Introduction

Snow-dominated mountainous watersheds provide critical water

supplies for the Western United States and much of the world (Viviroli
et al., 2007). With the increased occurrence of low-snow winters, earlier
snowmelt, and overall hydrologic drought due to climate change
(Immerzeel et al., 2020; Mote et al., 2018; Siirila-Woodburn et al.,
2021), mountain watersheds will be challenged to provide sustainable
water yields and balance demand for human, agricultural, and ecolog-
ical uses. Better understanding the hydrologic cycle and connectivity
between subsurface reservoirs and flowpaths is needed to accurately
predict how mountain systems will respond to climate change and
promote sustainable water resources (Meixner et al., 2016; Taylor et al.,
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water (Hayashi, 2020; Singha & Navarre-Sitchler, 2022; Somers &
McKenzie, 2020). Bedrock groundwater in high elevation mountains can
be dynamic on sub-annual timescales (Gardner et al., 2020; Manning &
Caine, 2007) and essential for streamflow (Carroll et al., 2020; White
et al., 2019), plant transpiration (Harmon et al., 2020; Meyers et al.,
2021; Ryken et al., 2022), and solute exports (Frisbee et al., 2013).
Alternatively, studies have found mountain bedrock groundwater rep-
resents a minor flux to surface waters, highlighting the complexity and
site-specific dependence of surface water-groundwater connectivity
(Manning et al.,, 2021; Tokunaga et al., 2022). Nonetheless, an
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inconsequential bedrock groundwater system is often the a priori and
untested assumption applied to flowpath partitioning in mountain wa-
tersheds (see Condon et al., 2020 for discussion). Research that applies
observational and numerical modeling techniques sensitive to bedrock
groundwater hydrologic processes are needed.

Groundwater age distributions are commonly used to understand
mixing between subsurface flowpaths and water sources, such as young,
shallow soil water and old, deep bedrock water (Cook & Herczeg, 2000;
Sprenger et al., 2019). Recent field observations suggest bedrock
groundwater in discharge zones of mountain hillslopes and catchments
can have mean groundwater ages on the order of decades to hundreds of
years (Manning et al., 2012; Thiros et al., 2023a; White et al., 2019).
However, it generally remains uncertain whether these bedrock
groundwater flowpaths characterized with considerable ages actively
contribute to the shallow soil water with a meaningful flux (Hale et al.,
2016; Manning et al., 2021). This uncertainty is exacerbated by the
sparsity of environmental tracer observations that can constrain age
distributions over broad (e.g. decades to centuries) timescales from
difficult to access mountainous systems.

Integrated hydrologic models can improve our understanding of the
processes controlling water fluxes, age distributions, and connectivity
between subsurface reservoirs (Carroll et al., 2020; Engdahl & Maxwell,
2015; Thornton et al., 2022). Including deeper groundwater in inte-
grated hydrologic models can influence simulated watershed stream-
flow and evapotranspiration (Foster & Maxwell, 2019; Kollet &
Maxwell, 2008; Maina et al., 2022), leading to groundwater ages on the
order of decades to hundreds of years (Carroll et al., 2020; Engdahl &
Maxwell, 2015; Rapp et al., 2020). However, catchment-scale numerical
models often do not include the bedrock groundwater system in
adequate fidelity to capture the influence of flowpaths with potentially
old water ages on the hydrodynamics over seasonal and longer time-
scales. For instance, while studies have shown bedrock permeability and
porosity distributions have first-order controls on hillslope water age
dynamics (Ameli et al., 2016; Carroll et al., 2020), it is common that
numerical model domains are shallow (<10 m) and simulations are
short (<10 years). Few studies have applied integrated modeling ap-
proaches to understand the transient mixing of deeper bedrock
groundwater with shallow soil and stream water over broad timescales
(e.g. decades to centuries).

In this work we aim to address the following questions:

(1) Do bedrock groundwater flowpaths contribute a meaningful flux
to the shallow soil near the toe of a steep mountainous hillslope, which
represents a critical and widespread point of convergence for ground-
water and surface water?

(2) What is the age distribution of discharging groundwater and soil
water along a steep mountain hillslope?

To investigate these questions, we develop a 2-D integrated hydro-
logic model of a mountain hillslope in the East River Watershed, Colo-
rado (USA). With the model we evaluate the role of bedrock
groundwater flowpaths on the hydrologic, mass transport, and
groundwater age dynamics in the soil near the toe of the hillslope across
water years with a range of annual precipitation (wet, normal, dry).
Model predictions are compared to groundwater level observations
(hourly over 6 years) and mean groundwater ages quantified using
environmental tracers (Thiros et al., 2023a). This work provides insights
on whether groundwater with old ages should be better accounted for in
mountain catchment hydrologic processes and the expected response to
drought.

2. Methods
2.1. Study area
The East River Watershed is a high-elevation (>2700 m above sea-

level), snow-dominated watershed in the Central Rocky Mountains,
Colorado (USA; Fig. 1A). Detailed descriptions of the East River
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Fig. 1. (A) PLM hillslope located within the East River Watershed, Colorado,
USA. Green dots correspond to groundwater wells finished in the fractured
shale bedrock. (B) Conceptual and ParFlow-CLM numerical model setup for the
2-D PLM hillslope. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

Watershed, summarized here, can be found in Carroll et al. (2018) and
Hubbard et al. (2018). We focus on the north-east facing ‘Pumphouse’
lower montane (PLM) hillslope (Fig. 1). The PLM hillslope ranges in
elevation from 2750 to 2930 m and is 845 m long, corresponding to an
average 22° slope angle. The top of the PLM hillslope is a surface water
divide and the terminus is the East River.

The East River Watershed is characterized as a continental subarctic
climate with daily mean air temperatures at the Butte SNOTEL station
ranging from — 8.3 °C in winter to 11 °C in summer. Annual precipi-
tation (average ~ 700 mm) mostly occurs as winter snowfall (~80 %)
and summer monsoon rains (Carroll et al., 2018). Snowpack at the Butte
SNOTEL generally persists from late October into June. The East River
hydrograph is tightly coupled to snowmelt timing and magnitude, with
peak discharge in early June and baseflow from October to April. The
lower-montane region is characterized by grasses and shrubs with
annual average evapotranspiration (ET) estimates of ~500 mm (Ryken
et al., 2022).

The PLM hillslope has an ~1 m deep soil underlain by weathered,
fractured, and faulted Mancos Shale bedrock. Borehole drilling,
geophysical logging, and geochemical depth profiles suggest bedrock
fracturing decreases with depth and is broadly classified as a shallow
(1-3 m below-land-surface (mbls)) weathered bedrock with higher
fracture density and deeper (>3 mbls) fractured bedrock (Miltenberger
et al., 2021; Tokunaga et al., 2019; Wan et al., 2021). The geophysical
logging and bedrock cores from deep boreholes (~70 mbls) in the PLM
hillslope show fractures at depths of at least 70 mbls (Uhlemann et al.,
2022; Williams & Newman, 2020).

2.2. Observational Data
We compare numerical model predictions to groundwater level and

mean age observations from two groundwater wells (PLM1 and PLM6)
finished within the fractured bedrock (Fig. 1; see Tokunaga et al., 2019
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for well installation details). PLM1 is farthest upslope, 10 m deep, and
screened between 6.3 and 7.3 mbls within the fractured shale bedrock.
PLMB6 is at the toe of the hillslope, 10 m deep, and is also screened within
the fractured shale bedrock along the bottom 2 m of the borehole. Both
wells have continuous groundwater level measurements from 2017 to
present (Faybishenko et al., 2023).

Thiros et al. (2023a) quantified mean groundwater ages at PLM1 and
PLMS6 using a suite of environmental tracer observations (CFC-12, SFg,
3H, and 4He) and Lumped Parameter Models (Cook & Herczeg, 2000).
The environmental tracers were best described using the exponential
piston-flow model (EPM) and binary mixing model (BMM). The best-fit
EPM was characterized with mean ages ~ 80-120 years while the BMM
had older mean ages (centuries to millenia) with a young fraction mean
age on the order of decades to a century and an old fraction mean age on
the order of thousands of years. These tracer-based mean ages offer
alternative interpretations of the field observations, yet both are
generally older compared to previous studies that do not consider
tracers sensitive to ages on the order of decades to centuries. The co-
occurrence of young (CFC-12, SFe, and 3H) and old (*He) tracers at
discrete well locations in the shallow bedrock groundwater suggest
variable recharge and flowpath mixing between flowpaths with young
and old ages.

2.3. Numerical models

We use the ParFlow-CLM integrated hydrologic model (Kollet &
Maxwell, 2008; Maxwell, 2013) to simulate subsurface and surface
water fluxes along the hillslope. Parflow-CLM couples land-surface mass
and energy balance processes with surface and subsurface water fluxes
to simulate transient and spatially distributed water pressure heads,
fluxes, and velocities. Surface runoff is simulated with the kinematic
wave equation and saturated and variable-saturated subsurface flow is
simulated with Richards’ equation. The land-surface component solves
the energy budget to calculate ET and heat fluxes, radiation partitioning,
and snow processes. While ParFlow-CLM often has a larger computation
expense compared to groundwater-specific models, capturing the
snowpack processes with the integrated modeling framework is critical
for this snow-dominated mountainous system and is feasible on today’s
high performance computing resources.

EcoSLIM is a Langragian particle tracking software that is coupled to
ParFlow-CLM (Maxwell et al., 2019). We use EcoSLIM to simulate
spatially resolved and temporally transient subsurface flowpaths, mass
transport, and groundwater age distributions at all numerical grid-cells
within the hillslope aquifer. Using the spatially and temporally distrib-
uted velocity fields from ParFlow-CLM, EcoSLIM adds particles during
timesteps with net positive infiltration flux, moves particles within the
subsurface via advection and diffusion, and removes particles as exfil-
tration and ET fluxes. The entering and exiting particle masses scale
according to flux magnitudes allowing for calculation of flux-weighted
groundwater age distributions at all subsurface spatial coordinates and
times. Particles are removed from the simulation as ET when the evap-
otranspired (from ParFlow-CLM) to particle mass ratio is greater than a
random number between 0 and 1. All simulations were initiated with 5
particles per grid-cell and assumed molecular diffusivity of 4 x 10~® m?/
hr (broadly representing Xenon). Modeled mean ages from EcoSLIM
correspond to the mass-weighted mean of all particles within a partic-
ular control volume, thus represent age distributions at a single
piezometer location within the hillslope aquifer.

The model domain is a 2-D transect, 845 m long, and 102 m deep
(Fig. 1B). This model depth is designed to capture the potential for deep
groundwater flowpaths, which are ostensibly supported by the high
hydraulic conductivity (>1077 m/s) at ~ 70 mbls measured with bore-
hole geophysical logging (Uhlemann et al., 2022). Land-surface of the
model uses a terrain-following grid (Maxwell, 2013) from a 1.5 m res-
olution digital elevation model (DEM). The 2-D transect model has 559
columns with 1.5 m grid-cell resolution and 32 rows with variable grid-
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cell resolution ranging from 0.25 m near land-surface up to 10 m at the
base of the model. Hydraulic and mass-transport boundary conditions
include no-flow along the bottom and left (surface water flow divide)
sides of the domain (Fig. 1B). The downstream boundary is at the East
River and was represented as a temporally constant hydrostatic head of
0.44 m applied at land-surface, corresponding to the annual average
river depth. Perturbing this hydrostatic head +/- 0.5 m had minor im-
pacts on the simulated groundwater head distributions. Land-surface
hydrologic and energy boundary conditions (precipitation, air temper-
ature, radiation, relative humidity, and wind speed) were taken from the
1-hourly resolution North American Land Data Assimilation System
(NLDAS-2) dataset from 1980 to 2022 (Xia et al., 2012).

ParFlow-CLM simulations from water year 2000 (WY2000) to
WY2021 used a 1-hour timestep and were dynamically spun-up with a
transient 10-year simulation using the long-term (21 water-years)
hourly averaged NLDAS-2 forcing conditions. EcoSLIM was run with
variable timesteps to speed-up simulations while retaining transport of
particles with old ages. An initial 3000 year EcoSLIM simulation was
performed with 10-day timesteps using the 10-day average fluxes from
the ParFlow-CLM spin-up runs. The output from this run was used to
restart a 50-year EcoSLIM simulation at 24-hour timesteps using the
ParFlow-CLM spin-up fluxes. Finally, EcoSLIM was run with 24-hour
timesteps from WY2000-WY2021. For all model scenarios, ~100 % of
the particles initialized at the beginning of the spinup exited the domain.

We interpret model results at the PLM1 and PLM6 bedrock ground-
water wells and in the soil zone at 1 m depth near the toe of the hillslope
(Fig. 1B). The soil location was subjectively placed near the groundwater
discharge zone, but away from the river to minimize the impact of model
boundary conditions, with the explicit purpose to identify the connec-
tivity between the deeper bedrock and shallow soil systems with the
model.

2.4. Model parameterization and sensitivity analysis

The ParFlow-CLM and EcoSLIM models are simplified to three
hydrogeologic layers (surficial soil, intermediate weathered shale, and
deep fractured shale; Fig. 1B) that are constant thickness (Table 1) and
follow land surface topography. Model layer thicknesses are based on
qualitative analysis of bedrock cores (Williams & Newman, 2020) and
broadly match previous models of the hillslope (Tokunaga et al., 2019).
Beneath the fractured shale we assume impermeable bedrock.

Table 1

Base model hydrogeologic and soil parameters. Values in parentheses are the
minimum and maximum bounds used in the Monte Carlo analysis with the
constraint Kt > Kushate > Kfshale (parameter is held constant if no parentheses
are present).

Parameter Soil Weathered Fractured Source
Shale Shale
Layer Thickness 1 3 98 Tokunaga
(m) et al., 2019
Saturated K (m/s) 2.2 x 4.0 x 10°° 22x10°8 Tokunaga
10°° (1077,10% (@09, et al.,, 2019
5 x 109
107%,5 x
107
Porosity ¢ (%) 40 20 10
Uhlemann
et al., 2022
van-Genuchten a 1.82(0.1, 0.52(0.1, 0.52 Rogers et al.,
m™ 5.5) 5.5) 2021
van-Genuchten. n 1.79(1.0, 1.60(1.0, 1.60 Rogers et al.,
) 5.0) 5.0) 2021
van-Genuchten 0.13 0.04 0.005 Rogers et al.,
Residual 2021
Saturation (—)
Specific Storage 1x10°  1x107° 1x107° Foster &
(m™) Maxwell,
2019
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Subsurface and surface parameters are homogeneous within the
respective layer. Hydrogeologic, soil, and land-surface parameters for an
initial ‘base’ model were estimated using field-based measurements and
literature values (Table 1). In particular, the base model parameters
were estimated using well recovery tests and a Guelph permeameter
(Tokunaga et al., 2019), bore-hole geophysics (Uhlemann et al., 2022),
and soil core (Rogers et al., 2021) field-measurements and literature
values when needed. The base model represents our a priori best esti-
mate of model parameters given the field characterization. For all
models, a homogeneous Manning’s n of 5.5 x 107° (hr m'/3) was
applied on land-surface (Foster & Maxwell, 2019), plant-functional
types were open-shrubs along the upper 781 m of the hillslope and
closed-shrubs in the lower floodplain region, and transpiration was
constrained to the top model 4 layers (up to 1.5 mbls). Plant parame-
terization (e.g. leaf area index, rooting depth, etc.) was defined by the
International Geosphere-Biosphere Program (IGBP) database for each
plant-functional type.

We perform an informal subsurface parameter sensitivity analysis
using the ParFlow-CLM model. The adjustable parameters include
(Table 1): hydraulic conductivity in the soil (Kj,;), weathered shale
(Kyshate), and fractured shale (Kssnqle), and van-Genuchten @ and n in the
soil (a5 and ng;) and weathered shale (Qyshqle and ngey). A total of 128
parameter-value sets were sampled using the quasi-random Sobol
sequence technique (Sobol, 1998) constrained to the parameter ranges
in Table 1 (minimum and maximum values in parentheses) and K, >
Kwshate > Kfshale- The adjustable model parameters in the sensitivity
analysis were chosen due to their primary controls on the groundwater
level response based on previous studies (Gardner et al., 2020; Maina
et al., 2022). The parameter ranges were designed to include broad
uncertainties not captured in the local scale site characterization used to
parameterize the base model. While additional model parameters are
uncertain (e.g. porosity, specific storage, etc.), increasing the number of
adjustable parameters in the Monte Carlo analysis required computa-
tional expenses outside our resources, thus were separately investigated
in a second parameter sensitivity test (described below). Recharge
fluxes, which have been identified as a key uncertain boundary condi-
tion controlling water table responses (e.g. Thiros et al., 2022), were not
directly varied. Recharge is not an applied boundary condition in
ParFlow-CLM, but rather is simulated by the integrated hydrologic
model as a function of processes such as hourly meteorologic forcing
conditions, hydrogeologic property heterogeneity and structure, snow-
pack energy dynamics, spatially resolved evapotranspiration, and var-
iably saturated soil flow.

The 128-run ParFlow-CLM ensemble was compared to observed
groundwater levels at PLM1 and PLM6 from WY2017-WY2021. We
identified the 5 models with the lowest sum of squared error (SSE) be-
tween simulated ParFlow-CLM and observed groundwater levels at
PLM1 and PLM6 simultaneously. These 5 models are termed A1 to A5,
with A1 having the lowest SSE (top-performing model). Due to the high
computational expense (approximately 1 model run per 24 h distributed
across 64 compute cores), EcoSLIM runs were performed only for the
base and A1-A5 models. Our goal was not to formally calibrate the model
(e.g. Marcais et al., 2022), thus we do not expect to exactly fit the data.
Rather, we aim to qualitatively compare the models to identify general
performance and important processes controlling bedrock groundwater
age distributions and contributions to the shallow soil.

2.5. Bedrock parameter perturbation analysis

Given the uncertainty in the bedrock hydrogeologic parameters
when constraining the limited number of models with groundwater
levels alone (McDonnell & Beven, 2014), we perform a second sensi-
tivity test considering only the fractured shale bedrock hydraulic con-
ductivity (K) and porosity (¢). In particular, we start with the top-
performing model (A1) that best matches the observed groundwater
levels at PLM1 and PLM6 and systematically test 5 variants of that
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model, including: increasing and decreasing the Knqle by one-half order
of magnitude (high K and low K, respectively), an exponentially
decreasing Kfsnqe with depth (factor of 10 decrease per 100 m; Exp Dec
K), and a high and low fractured shale porosity of 5 % and 15 %,
respectively (high ¢ and low ¢, respectively). For saturated groundwater
flow, specific yield is directly related to, but less than the porosity in
each layer due to non-zero specific storage and retention (Table 1). The
range in ¢ was constrained using borehole geophysical data in Uhle-
mann et al., (2022). Both ParFlow-CLM and EcoSLIM models are per-
formed for these scenarios that are designed to interrogate differences in
groundwater age distributions as a function of bedrock properties,
which are not uniquely constrained by groundwater level dynamics
alone (Starn et al., 2014; Thiros et al., 2021).

3. Results
3.1. Hydrologic dynamics

Fig. 2A shows the observed and simulated groundwater levels at
PLM1 and PLMS6 for the base and AI-A5 models. The base model poorly
reproduced the observed groundwater levels, underestimating water
table depths for the majority of the simulation. There was a general
agreement between models A1-A5 and the observed groundwater levels,
with root mean squared errors ranging from 35 to 44 m for A1 and A5,
respectively. These models reasonably reproduced the groundwater
level peak timing and annual fluctuation magnitudes. However, there
remained systematic errors and none of the 128 simulations fully
captured the details of the observed groundwater levels at both PLM1
and PLM6 simultaneously (Supplementary Information Figure S2). For
instance, the simulated recession from peak groundwater level to base
flow was often too fast at PLM1 and slow at PLM6. Model performance
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Fig. 2. (A) Observed (dashed-black line) and simulated groundwater levels at
PLM1 and PLM6 for the base and A1-A5 models. The shaded region is the
minimum and maximum prediction from the A2-A5 models. The dotted-grey
lines are the models with the lowest SSE when considering PLM1 or PLM6
separately. (B) Simulated hydrologic mass balance components from WY2017-
WY2021. Precip. (precipitation), runoff, and ET are cumulative fluxes over the
water year. The change in storage is from October 1 to September 30 of the
respective water year.
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increased when considering either PLM1 or PLM6 alone (dotted-grey
lines in Fig. 1A). However, the top performing models for each of these
single well scenarios poorly predicted the groundwater level response at
the other well (see Figure S2 for details).

The simulated annual hydrologic mass-balance components (pre-
cipitation, runoff, ET, and change in groundwater storage) are shown in
Fig. 2B. These represent the average fluxes and storage changes over the
hillslope, normalized to units of length. ET ranged from ~300-600 mm/
year across all models and water years. Within a single model, ET had
low variability between water years (+/- 50 mm/year). Runoff (which
includes direct overland flow and groundwater exfiltration) had higher
variability between water years (4/-200 mm/year) and was positively
correlated to precipitation magnitude. The lowest-precipitation
WY2018 (between 115 and 350 mm less than other years; Figure S1)
led to a 100-250 mm decrease in groundwater storage. For all other
water years, the groundwater storage change was minor compared to
Precip., ET, and runoff. Mass-balance comparisons between models
show the base and A2 models had ET estimates of 500-600 mm/year,
relative to 300-400 mm/year for the A1, A3, A4, and A5 models. A2
systematically had the lowest runoff compared to the other models,
which had similar magnitudes. There are no clear patterns in the storage
changes between the models. The AI-A5 models generally have higher
Ksoit and Kyyshale compared to the base model (Table 2 and Figure S3).
Among the AI-A5 models, A2 has the lowest Kyshate, Kfshater soi, and
Qyshale- The soil and weathered shale @ and n do not show clear clustering
and span the full range used in the Monte Carlo sampling (Table 1),
suggesting that the groundwater level observations were unable to
reduce uncertainty in these parameters and uncertainties in K are more
important.

3.2. Groundwater ages and mixing dynamics

The base and A1-A5 models had considerable differences in flux-
weighted groundwater mean ages at the soil, PLM1, and PLM6 wells
(Fig. 3A). Mean ages across all models ranged from ~25-300 years for
PLM1, ~40-600 years for PLM6, and ~20-800 years at the down-
gradient soil location. The A5 model had the youngest mean ages
(20-45 years) while the base and A2 models had the oldest (275-800
years). There was low temporal mean age variability at PLM1 and PLM6
compared to the soil location. Peakflow to baseflow mean age variations
at the soil location ranged between 20 and 45 years in A5 and 390 and
720 years in A2. The considerable mean age variations within a single
water-year highlight the influence of the young snowmelt pulse in late
spring and early summer.

The EcoSLIM modeled mean ages at PLM1 and PLM6 encompassed
the environmental tracer-based mean ages in Thiros et al., (2023).
Fig. 3A illustrates the A1 and A3 models generally matched the tracer-
based mean ages assuming an exponential piston-flow (EPM) model,
but underpredicted the tracer mean age assuming the binary-mixing
model (BMM). The base and A2 models better matched the PLM1
BMM tracer mean age, but still underpredicted the PLM6 BMM tracer
mean age. The A4 and A5 models considerably under-predicted the
tracer mean ages and none of the models simulated the ~2000 year
PLM6 BMM tracer mean age.

Fig. 3B shows particle ages at the soil location partitioned into

Table 2
Parameter values for the base and top 5 models that minimize the SSE consid-
ering water level observations form both PLM1 and PLM6 simultaneously.

logio Kot~ 10810 Kwshate ~ 10810 Kpshate ~ @soit  Gwshale  Msoil ~ Mwshale
base —-4.6 —5.4 -7.7 1.8 0.5 1.8 1.6
Al —-3.6 —4.3 -7.1 4.4 4.1 4.8 3.2
A2 —3.4 -5.2 -7.7 0.4 1.5 2.1 3.5
A3 —-4.3 —4.3 -7.0 3.6 2.3 3.4 2.8
A4 -3.8 —4.5 —-6.9 3.4 3.3 3.1 3.3
A5 -3.8 —4.3 —6.5 2.2 3.6 4.4 1.8
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discrete age-bins. For instance, the fraction younger than 100 years is
the total mass of particles with ages less than 100 years and greater than
10 years (the preceding bin). In EcoSLIM, the total mass of particles is a
proxy for advective water mass-flux. The total particle mass dynamics at
the soil well followed the general stream hydrograph patterns with
peaks in June during snowmelt and baseflow starting in September
(Fig. 3B). All models suggest over 90 % of the mass-flux is characterized
with particle ages >10 years during baseflow. During snowmelt, the
particle mass-flux with ages >10 years dropped to values between 40 %
and 60 % and the remainder generally had ages < 0.25 years. The base
model resulted in very different water ages with minor fractions of
young water (<1 year), even during snowmelt.

Differences in the age of the old fractions (100 and 1000 year bins in
Fig. 3B), rather than the young fraction dynamics, dictated the dispar-
ities in simulated mean age between models. All of the models except A5
had considerable particle mass-flux with ages >100 years. The base and
A2 models additionally contained a small fraction (<10 %) with ages
that exceed 1000 years, leading to modeled mean ages that exceed 700
years. The mass-flux fractions characterized with old ages (>100 years)
persisted throughout the year, even when the snowmelt and the
groundwater levels peak (black line in Fig. 3B). Water flux with ages
between 0.25 and 10 years was minimal, suggesting the age partitioning
at the soil location is generally a bimodal distribution that is dominated
by a young fraction (<0.25 years) during snowmelt then an old fraction
(>10 years) for the remainder of the year. To facilitate comparison of the
age-partitioning dynamics between the models, Fig. 4A shows the cu-
mulative density function (CDF) of the mass-weighted particle ages, for
all particles at the soil well from WY2017-WY2021. The bimodal age
distribution for models A1-A5 is represented as the flat horizontal region
between approximately 0.1 and 50 years. The age CDFs show the frac-
tion with groundwater ages >40 years represents between 60 % and 80
% of the total mass-flux over the 5 years.

The total particle mass increase at the soil location during snowmelt
is not solely explained by an increase in the young (<0.25 year) fraction
(Fig. 3B). The mass-flux of groundwater with older ages also increased
during snowmelt, compared to base flow periods. It is also apparent the
relative mass of the young fraction is lower in the low-snow WY2018
compared to the water years with larger snowpacks. However, the peak
mass fluxes during WY2018 are not commensurately lower relative to
the precipitation inputs, suggesting the mass flux at the soil well is
buffered by groundwater with older ages during this drought year.

The models had differences in the relative particle mass that in-
filtrates as snow versus rain at the soil well (solid-black line in Fig. 3B
and Fig. 4B). The A5 model had a relatively stable inter-annual snow
fraction that varied between 45 % and 60 %, while the A2, A3, and A4
models had larger ranges from ~ 40 % during baseflow up to ~85 %
during snowmelt. For all models except the rain-biased base model, the
temporally averaged fraction of particles derived from snowmelt is be-
tween ~50 % and 60 % (Fig. 4B), which is in disagreement with studies
in the East River watershed that suggest rain is primarily sourced to ET
(Sprenger et al., 2022; Tokunaga et al., 2022).

3.3. Bedrock sensitivity analysis

Results from the second sensitivity analysis that only considered the
bedrock hydrogeologic parameters (Section 2.5) showed the perturbed
A1 models have minor groundwater level differences compared to the
A1l model (Fig. 5A). This suggests the fractured shale bedrock K and
porosity perturbations do not considerably influence groundwater level
dynamics at the lower third of the hillslope where the observation wells
are located. However, the High K scenario began to deviate from the A1
model, suggesting an upper limit for the fractured shale bedrock K
where it does impact the simulated groundwater levels.

Similar to the groundwater level response, the mass-balance com-
ponents showed minor variations between the A1 model and its variants
(Fig. 5B). The annual cumulative runoff and ET inter-model range are
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~50 and <10 mm/year, respectively. Like the AI-A5 sensitivity anal-
ysis, the groundwater storage change in the Al perturbation sensitivity
analysis is greatest for WY2018 (~80 mm). For WY2018, the High K
model has the largest decline in groundwater storage at ~180 mm,
compared to the other models with declines of 100 +/-10 mm. This
suggests the differences in the High K groundwater levels compared to
the other models (Fig. 5A) do impact the total change in groundwater
storage. In general, the annual hillslope mass-balance components are
similar for all of the A1 perturbation models, showing minor sensitivity
to the bedrock K and porosity perturbations.

Despite the minor variations in groundwater levels and mass-
balance, there were considerable differences in the simulated mean
groundwater ages between the Al model and its variants (Fig. 6A).
Fig. 6A shows the simulated mean age dynamics for the A1 model and
the mean age anomalies between the respective model scenario and A1
model, for instance, (High K)mean age — (A1)mean age- The High K mean
ages were up to 120 years younger than Al (negative anomaly), while
the Exp Dec K were ~ 400 years older (positive anomaly). PLM1 had
smaller mean age anomaly magnitudes compared to the downslope
PLM6 groundwater well. In particular, the PLM1 anomaly ranged from
~ 40 years younger for the High K scenario to ~ 150 years older for the
Exp Dec K. For these same models, the PLM6 mean age anomaly ranged

from 90 years younger to ~300 years older. The mean age anomaly
dynamics at the shallow soil well had even larger variations from ~80
years younger to ~500 years older across all the models. There is a
seasonal structure in the mean age anomalies at the shallow soil well
that is not present in the bedrock groundwater wells. The anomaly is
generally lowest (closer to zero) during snowmelt conditions when the
A1 model approaches its minimum mean age for the water year. The
anomaly then increases during baseflow conditions when the A1 model
is near its oldest mean ages.

4. Discussion
4.1. Model comparison with field observations

In-situ environmental tracer observations from bedrock groundwater
in high-elevation mountain systems remain sparse due to the well
installation challenges and high analytical costs. Nonetheless, many
works have shown benefits in constraining modeled transport behavior
with temporally-limited observations of groundwater mean ages infer-
red from environmental tracers (Carroll et al., 2020; Schilling et al.,
2019; Starn et al., 2014; Thiros et al., 2021). In this work, multiple
models (A1, A3, and A4) predict groundwater mean ages broadly
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consistent with the environmental tracer-based mean ages assuming a
single component EPM (Thiros et al., 2023a). Both the tracer-based and
simulated results correspond to resident mean ages at single points
(PLM1 and PLM6 piezometers) within the hillslope aquifer and do not
represent the flux-weighted discharge from the entire hillslope (Ber-
ghuijs & Kirchner, 2017; McGuire & McDonnell, 2006). Alternatively,
the base and A2 simulated older resident mean ages (centuries), which
are similar to those estimated using a BMM. Comparing these sets of
models (Table 2 and Figure S3) suggests a low Kgpqe is a plausible
mechanism to generate old groundwater mean ages consistent with field
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observations. This is consistent with recent work that suggests low Kfspate
is needed to satisfy the observed water mass-balance on the PLM hill-
slope (Tokunaga et al., 2022). Nonetheless, our results present effective
model parameters due to compensation for the inherent and ubiquitous
uncertainties in numerical models of complex mountainous systems.
Across all models, the average mean age increases by ~90 % from
the upslope (PLM1) to downslope (PLM6) well (a distance of 135 m),
which is similar to the ~60 % increase estimated with the environ-
mental tracer observations in Thiros et al., (2023a). Given the lack of
subsurface heterogeneity representation (apart from the layer differen-
tiation, see Fig. 1B) and matrix diffusion in the numerical model setups,
the mean age increase moving downslope highlights the role of
topography-driven flowpaths and multi-layer macrodispersion in
creating older groundwater in further downslope positions. While
studies have identified groundwater mean age increases while moving
down-gradient at larger catchment and watershed-scales (Engdahl &
Maxwell, 2015; Frisbee et al., 2012; Gabrielli et al., 2018), few have
identified this magnitude of increase over relatively short distances
(~100 m) along a single hillslope transect (e.g. Kolbe et al., 2020).
PLM1 and PLM6 had moderate *H and terrigenic “He concentrations,
qualitatively suggesting mixing between modern (<70 years) and pre-
modern (>70 years) groundwater ages (Thiros et al., 2023a). While
the EcoSLIM models broadly reproduce the environmental tracer-based
mean ages (Fig. 3A), they do not capture the mixing of pre-modern and
modern ages. The simulated groundwater age distributions at PLM1 and
PLMB6 (Figures S5) have variances on the order of decades, which cannot
explain the *H and “He simultaneously. The exceptions are the base and
A2 models, which have age distribution variances that approach 100’s of
years. However, these models have no pre-modern component and
suggest >H-free water. These comparisons highlight that the model is not
capturing all the salient mixing processes, for instance, the impact of
matrix diffusion (e.g. Rajaram, 2021), subsurface heterogeneity (e.g.
Weissmann et al., 2002), and lateral flowpath connectivity (e.g. Gardner
et al., 2015). This also illustrates the non-uniqueness in mean ground-
water ages (Larocque et al., 2009) and the importance in comparing the
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Fig. 6. (A) Simulated mean age dynamics at the shallow soil, PLM1, and PLM6 wells. Al is plotted in absolute units and the latter 4 models are plotted as the
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subplots are the Al Fraction Younger than 1 year and Fraction from Snow, respectively, repeated for easier comparisons.



N.E. Thiros et al.

full age distribution to multiple environmental tracers that span a broad
distribution of ages (McCallum et al., 2015; McDonnell et al., 2010).
Nonetheless, a limitation of this work is the model comparison to an
environmental tracer observation set from a single time period. Con-
straining the simulated groundwater age temporal dynamics (Figs. 3 and
5) with environmental tracer observations from different hydrograph
periods (e.g. baseflow and receding limb) is important future work.

4.2. Bedrock groundwater contributions to the shallow soil

Our results contrast a common assumption that bedrock ground-
water fluxes do not alter the mean age within the near-surface hydro-
logic system. We find that the primary drivers for modeled mean age
differences at the downgradient soil location are the age distributions
and fluxes of the bedrock flowpaths, which can significantly vary as a
function of bedrock properties (Figs. 3 and 6). Neglecting these bedrock
groundwater flowpaths would bias age distributions at the shallow soil
well to younger water and underestimate the deep groundwater con-
tributions to the hillslope discharge zone. Constructing numerical
models that limit the truncation of the old-age groundwater flowpaths
becomes especially critical given the age distribution is a mixture of
young and old water, a co-occurrence which is supported by both the
numerical model and environmental tracer field observations.

Our model predicts considerable bedrock groundwater contributions
into the soil throughout the entire year. This occurs even though the
groundwater level rises into the conductive weathered shale and soil
layers during snowmelt, which promotes lateral flow of young snowmelt
water through a transmissivity feedback (Tokunaga et al., 2022). This
suggests the discharge zone is continually supported by upwelling of
bedrock groundwater (e.g. Gardner et al., 2020) that is characterized
with a distribution of old-ages (decades to millenia) that are often not
considered in hydrologic and solute transport studies. This model result
is important to better understand potential sources and sustainability of
groundwater that contribute to ET and runoff (Carroll et al., 2020; Foster
& Maxwell, 2019; Ryken et al., 2022). Our results further suggest the
hydrologic flux buffering with old-aged groundwater storage is exacer-
bated during the low-snow WY2018, compared to years with larger
snowpacks. Ongoing work to understand this old-groundwater age
buffering capacity will be important to predict the implications of a
changing climate when multiple low-snow years in the Upper Colorado
River Basin are projected to occur sequentially (Siirila-Woodburn et al.,
2021).

4.3. Groundwater levels are insensitive to hydrogeologic parameter
perturbations

The top performing models (A1-A5) from the 128-run ensemble all
adequately reproduced the observed groundwater levels (Fig. 2A) yet
resulted in different age distributions and mean ages at PLM1 and PLM6
(Fig. 3). Perturbing only the fractured shale hydrogeologic parameters
(K and porosity) of the A1 model led to similar results — there was little
impact on the simulated water-level and mass-balance (Fig. 5), yet order
of magnitude differences in groundwater mean ages at PLM1 and PLM6
(Fig. 6). These results are consistent with previous Richards’ Equation
sensitivity analyses that show groundwater dynamics have minor sen-
sitivities to porosity variations relative to parameters or forcing condi-
tions that dictate recharge fluxes (Gardner et al., 2020; Maina et al.,
2022; Thiros et al., 2022). Further work to identify and constrain un-
certain below and above-ground parameters and meteorologic forcing
conditions that were not varied in the sensitivity analysis (e.g. plant
functional types) is important to improve simulated water table dy-
namics (e.g. Xu et al., 2023).

The best estimate of the subsurface parameterization from field ob-
servations (base model) poorly reproduced the groundwater levels,
suggesting further sensitivity analysis may be important to constrain
hillslope water partitioning, even when in-situ observations are

Journal of Hydrology 635 (2024) 131193

available. Our modeling results suggest that we need to better charac-
terize the subsurface hydrogeologic properties, including the deeper
bedrock, to improve predictions of the hydrologic and mass partitioning
within the shallow soil systems near the discharge areas of steep
mountain hillslopes. Our results further support studies that show con-
straining groundwater mass transport with groundwater levels alone
leads to non-unique subsurface parameter estimates (e.g. Thiros et al.,
2022) and process understanding (e.g. McDonnell & Beven, 2014).

Despite the models generally matching the groundwater levels at the
PLM1 and PLM6 wells, they have large differences in groundwater table
depth dynamics in the mid- and up-slope positions (Fig. 7). For instance,
the base and A2 models predict shallow groundwater depths over the
entire hillslope that have minor annual variations compared to the A5
and High K models. The differences in seasonal water table depths help
explain the near-surface water content, leading to variable ET fluxes
between the models (Fig. 2). Fig. 7 also illustrates the convergence of
groundwater levels towards land-surface near the base of the hillslope.
This is largely driven by the assumed river stage boundary condition,
which influences the annual runoff similarities between models (Fig. 2).
This analysis highlights limitations in constraining hillslope ground-
water level dynamics with observations that are all located in the lower
elevation positions. Given this non-uniqueness, our results suggest
further constraining hydrologic models in mountains with solute
transport field measurements, such as environmental age tracers, can be
important to improve process-understanding and model predictions (e.
g. Schilling et al., 2019).

4.4. Alternate models and uncertainty

Within the full 128 model ensemble (Section 2.5), there are models
that match the groundwater levels at PLM1 or PLM6 with high-fidelities,
but not both wells simultaneously (Fig. 2 and Figure S2). Thus, models
AI-A5 represent a compromise to match the observed groundwater level
response at both wells. The inability to accurately reproduce the ob-
servations at both wells simultaneously suggests structural errors within
our model, such as simplifications in the subsurface structure, lack of
hydrogeologic parameter heterogeneity (Harman et al., 2009; Matonse
& Kroll, 2013), forcing data and boundary condition biases (e.g. Xu
etal., 2023), and broader conceptual model epistemic uncertainties that
are challenging to quantify (see Wagener & Gupta, 2005). A likely
important conceptual model inadequacy is our simplification of the
system to a 2-D transect. A 2-D model reduces the ability for heteroge-
neous and lateral flowpath connectivity, which can be important for
catchment hydrologic response (Bachmair & Weiler, 2012). For
instance, reduced lateral connectivity in 2-D models can reduce the
effective upslope accumulation areas and be one plausible mechanism
causing the under-prediction of groundwater levels at PLM1 (Jencso
et al., 2010), in particular during the low-snow WY2018. Furthermore,
previous work has shown lower flowpath connectivity in 2-D models
results in older groundwater mean ages compared to 3-D models
(Gardner et al., 2015). Further work is needed to understand potential
limitations and changes in groundwater age dynamics when simplifying
the hillslope to a 2-D model.

The presented models do not represent the influence of bedrock
fractures. Borehole characterization and geophysical surveys at the PLM
hillslope have identified multiple large fractures (Miltenberger et al.,
2021; Uhlemann et al., 2022), which are not discreetly included within
the current model setup. Groundwater flow through fractured bedrock
can influence the hydraulic response in wells (Gabrielli et al., 2012;
Gardner et al., 2020), and potentially be responsible for the mis-
represented groundwater level recession dynamics in the model (Figs. 2
and 4). Discrete fractures and surrounding matrix diffusion processes
can also impact groundwater age distributions (Bethke & Johnson,
2008; Rajaram, 2021). The simulated groundwater ages from EcoSLIM
better represent the advective age distribution, thus do not explicitly
include the effects of matrix diffusion nor the full hydrodynamic
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dispersion tensor. The lack of matrix diffusion is a likely cause for the
simulated age distributions to be qualitatively too narrow and biased
young compared to the environmental tracer field interpretations.

5. Conclusions

Water age distributions inferred from field observations remain un-
certain due to the limited age-dating range of environmental tracer
systems (McCallum et al., 2015) and the often sparse spatial and tem-
poral distribution of samples. Numerical models that simulate the full
groundwater age distributions can provide a valuable tool to understand
spatially and temporally evolving flowpath mixing processes that are not
captured in discrete field observations. We present a series of physically-
based hydrologic and particle tracking simulations to investigate the
contribution of bedrock groundwater to hillslope hydrodynamics,
including soil water age and source (rain/snow). We find the bedrock
groundwater system is important for water age partitioning at the toe of
a steep mountain hillslope. For all tested models, bedrock groundwater
flowpaths characterized with old ages (10's to 1000's of years) make-up a
considerable proportion (40-90 %) of the flux within the soil near the
toe of the hillslope. The contribution of old-aged groundwater is largest
for the low-snow year, highlighting a key and understudied process that
can buffer fluxes during drought. The sensitivity analysis highlights
process equifinality when constraining hillslope mass transport with
groundwater level observations alone. The result that bedrock ground-
water dictates the hillslope water age partitioning builds on calls to
better assimilate deeper groundwater into watershed conceptual models
(Brooks et al., 2015; Condon et al., 2020; Singha & Navarre-Sitchler,
2022; Somers & McKenzie, 2020). Our analysis of a snow-dominated,
soil-mantled hillslope characteristic of the Rocky Mountain region em-
phasizes that improved characterization of the bedrock groundwater
system processes that span broad timescales can be critical to accurately
forecast the implications of climate change on water resources and
quality.
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