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Abstract
Groundwater age distributions provide fundamental insights on coupled water and biogeochemical processes in mountain

watersheds. Field-based studies have found mixtures of young and old-aged groundwater in mountain catchments underlain by
bedrock; yet, the processes that dictate these groundwater age distributions are poorly understood. In this work, we use the
coupled ParFlow-CLM integrated hydrologic and EcoSLIM particle tracking models to simulate groundwater age distributions on
a lower montane hillslope in the East River Watershed, Colorado (USA). We develop a convolution-based approach to propagate
fracture-matrix diffusion processes to the EcoSLIM advection-dominated age distributions. We compare observed 3H and 4He
concentrations from two groundwater wells against model predictions that have varying advective transport times and matrix
diffusion magnitudes. Based on a Monte Carlo analysis that considers uncertain matrix and fracture parameters, we find that
matrix diffusion is needed to jointly predict 3H and 4He observations at both wells. The advection-dominated age distributions lack
adequate mixing of young and old-aged water to capture the observed co-occurrence of 3H and 4He. The model scenario that best
matches the 3H, 4He, and water level observations when considering both advective flowpath and matrix diffusion mixing processes
has a dynamic bedrock groundwater reservoir that is susceptible to considerable storage losses during low-snow periods. This
dynamic groundwater system amplifies the need to assimilate deeper bedrock groundwater into watershed hydro-biogeochemical
predictions. This work further highlights the importance of considering matrix diffusion when interpreting environmental tracers in
bedrock groundwater systems.

Introduction
In mountainous watersheds, groundwater is

recently demonstrated to be an important component
in streamflow generation, ecologic function, and solute
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(Brooks et al. 2021; Ryken et al. 2022; Carroll et al. 2024;
Xie et al. 2024). Nonetheless, groundwater storage and
flux dynamics in high-elevation headwater systems often
remain uncertain due to the sparsity of direct observations
and the complex dependencies on climate, topography,
ecology, and geology (Somers and McKenzie 2020;
Singha and Navarre-Sitchler 2022; Van Tiel et al. 2024).
Groundwater storage volume dynamics and the timescales
over which groundwater can support surface water and
evapotranspiration (ET) fluxes are poorly understood
(Hale et al. 2016; Hayashi 2020; Kirchner et al. 2023;
Warix et al. 2023; Clayton et al. 2024), yet are critical
to better predict the integrated hydro-biogeochemical
response to climate change and drought conditions.

Integrated hydrologic models (IHMs) are a powerful
tool that can be used to better understand the water
and energy cycles in mountainous regions (Foster and
Maxwell 2019; Thornton et al. 2022; Xu et al. 2023).
IHMs simulate the coupled surface and subsurface
hydrologic processes, including transient changes in
groundwater storage volumes and fluxes. These types
of models have been used to investigate the hydrologic
and groundwater storage response due to climate change
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(Maina et al. 2022; Carroll et al. 2024; Engdahl 2024),
providing valuable insights on a key water resource
reservoir that is otherwise challenging to constrain.
Nonetheless, IHMs remain simplified representations of
complex mountain systems and often rely on validations
using streamflow and groundwater level observations that
are sparsely distributed throughout the years (Foster and
Maxwell 2019; Maina et al. 2020; Thornton et al. 2022).
It has been shown that these hydrometric datasets cannot
uniquely constrain subsurface parameter distributions (for
instance, through model parameter calibration), nor the
groundwater mass transport and recharge rate timescales
(McDonnell and Beven 2014; Thiros et al. 2021).
Generally, multiple models that have varying process-
model conceptualizations and hydrogeologic parameter
distributions can equally fit the hydrometric observational
data, which ultimately leads to process understanding and
hydrologic prediction uncertainties (Enemark et al. 2019;
Thiros et al. 2022).

Groundwater environmental tracers are sensitive
to water velocities and can augment the information
content provided by hydrometric data, helping to reduce
groundwater flow and transport model parameter and
prediction uncertainties (Portniaguine and Solomon 1998;
McDonnell and Beven 2014; Starn et al. 2014; Thiros
et al. 2021). However, few studies have directly compared
environmental tracer observations to predictions made
by IHMs in complex mountainous systems (e.g., Carroll
et al. 2020). Furthermore, hydrologic models are typically
compared to groundwater apparent or mean ages, which
can be problematic given uncertainties and biases when
deriving groundwater age metrics from environmental
tracer observations using classic lumped-parameter model
approaches (McCallum et al. 2014; Thiros et al. 2021).
Consequently, there have been recent suggestions to
assimilate environmental tracer concentrations directly
into process-based models, rather than relying on ground-
water age (Bethke and Johnson 2008; Suckow 2014;
Turnadge and Smerdon 2014).

In a recently developed IHM (ParFlow-CLM) and
Lagrangian particle tracking (EcoSLIM) model of a steep
mountain hillslope in the Central Rocky Mountains of
Colorado, USA (Thiros et al. 2024), an uncalibrated 2D
hillslope model generally reproduced observed ground-
water levels and mean ages inferred from environmental
tracers at mid-slope and toe-slope locations. Despite
the general agreement between observed and modeled
mean ages in these wells finished within the fractured
shale bedrock, the model poorly captured the mixing
between pre-modern (>70 years) and modern (<70 years)
groundwater age fractions, as suggested from the joint
occurrence of 3H and terrigenic 4He (4Heterr) in ground-
water samples. In general, the simulated age distributions
lacked either the modern or pre-modern component,
suggesting an underprediction of flowpath mixing. While
mixtures of modern and pre-modern fractions have also
been observed in other mountain systems underlain
by fractured bedrock, the mechanism generating the
coupled young- and old-water mixing generally remains

uncertain (Hale et al. 2016; White et al. 2019; Manning
et al. 2021; Markovich et al. 2021; Lerback et al. 2022).
Rather than rely on typical lumped-parameter models
that assume groundwater age distributions a priori,
process-based IHMs can be useful to directly interrogate
the salient mechanisms dictating the environmental tracer
and groundwater age distributions. For instance, IHMs
can capture spatially distributed and transient recharge
events, flowpath mixing, and storage changes, which are
all important processes to predict groundwater age dis-
tributions (e.g., Jiang et al. 2010; McCallum et al. 2017),
yet are rarely considered in classic lumped-parameter
model age dating techniques.

Matrix diffusion has been shown to be a key pro-
cess controlling environmental tracer and groundwater
age distributions in fractured rock systems (Bethke and
Johnson 2002; Cook et al. 2005; Gardner et al. 2016;
Rajaram 2021). Nonetheless, matrix diffusion is rarely
considered in hillslope and watershed-scale particle track-
ing models that are coupled to IHMs. The particle tracking
models presented in Thiros et al. (2024) better capture the
groundwater age distributions dictated by advection and
mechanical dispersion, which likely underestimates true
mixing in heterogeneous subsurfaces (Sanford et al. 2017;
Underwood et al. 2018). To our knowledge, no study has
investigated the impact of matrix diffusion on simulating
both pre-modern and modern groundwater mixing using
an IHM coupled to a transient particle tracking code on a
steep mountain hillslope. Evaluating the role of matrix dif-
fusion on simulated environmental tracer distributions is
important to better identify the potentially covarying and
dynamic processes that dictate water and solute fluxes on
this hillslope and others like it worldwide and how fluxes
will change with projected climate change and drought.

In this work, we investigate the role of matrix dif-
fusion in jointly predicting the co-occurrence of modern
and pre-modern groundwater on a steep mountain hills-
lope. In particular, we assess the lack of explicit matrix
diffusion in the EcoSLIM particle tracking simulations
used in Thiros et al. (2024) as a potential source of
the discrepancies between observed and simulated 3H
and 4He distributions. We evaluate whether explicitly
adding matrix diffusion to simulated advection-dominated
groundwater age distributions helps jointly explain the
young and old tracers (3H and 4He, respectively) at mid-
slope and toe-slope groundwater wells. Furthermore, we
identify the groundwater storage dynamics and potential
resilience to drought conditions for a system where mix-
ing is dominated by matrix diffusion. This information
is critical to further develop understanding and modeling
techniques that link measured environmental tracers and
groundwater age to watershed water quantity and quality.

Methods

Study Site
The East River Watershed is within the Elk Moun-

tains near Crested Butte, Colorado (USA; Figure 1a).
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Figure 1. (a) Site location in the East River Watershed, Colorado, USA. (b) PLM hillslope ParFlow-CLM and EcoSLIM
conceptual model and numerical domain. (c) Hypothetical fractured rock showing the parameters used to propagate the
impact of matrix diffusion on simulated particle tracking age distributions.

The 300 km2 watershed hosts broad research activities
and is extensively monitored from bedrock to forest
canopy. Details of the East River Watershed study area
are described in Hubbard et al. (2018) and briefly intro-
duced here. Elevations range from 2700 to 4100 m (mean
3266 m) and span river-valley montane to alpine eco-
regions. Land cover generally consists of grasses and
shrubs in the montane, evergreen and aspen forests in
the sub-alpine, and bare soil and rocks in alpine regions.
The climate is characterized as continental subarctic, with
an average annual precipitation of 700 mm that predomi-
nantly occurs as winter snow (80% of total), daily mean
air temperatures that range from −9.2◦C to 9.8◦C (annual
mean 0◦C; Carroll et al. 2018), and ET estimates from a
lower-montane flux tower are 500 mm (Ryken et al. 2022).
The East River hydrograph is dominated by snowmelt
processes and timing. Flows peak in June and July, and
baseflow occurs in the late fall and winter months. The
East River in the study region is a meandering stream with
an extensive alluvial floodplain, but steep incised bedrock
channels exist in upstream regions of the watershed.

In this work, we focus on a single northeast-facing
hillslope called the Pumphouse Lower Montane (PLM)
hillslope (Figure 1b). The PLM hillslope is steep (average
22◦ degrees), 845 m long, and generally consists of ca.
1 m thick soil on top of weathered and fractured bedrock.
The bedrock is marine-derived Cretaceous Mancos Shale
that has experienced significant fracturing and faulting as
a result of tectonic stress during the Laramide Orogeny,
igneous intrusions, and glaciation and de-glaciation events
(Miltenberger et al. 2021; Uhlemann et al. 2022; Quirk
et al. 2024). Borehole geophysical surveys and core logs
show fracturing occurs to depths of at least 80 m bls
on the PLM hillslope; however, there exists considerable
variability in the fracture density and spacing between
adjacent hillslopes, likely due to discrete fault features
(Miltenberger et al. 2021). The hillslope is generally
divided into four vertical zones: soil ∼0-2 m below land
surface (mbls), highly weathered saprolite (∼2-5 mbls),
pervasively fractured bedrock (∼5-100 mbls) and largely
intact bedrock (>100 mbgs; Tokunaga et al. 2019).

This work uses observational data from two ground-
water wells finished within the fractured shale bedrock
(Figure 1b). PLM1 is more upslope and finished at 10 m
bls, and PLM6 is at the toe of the hillslope and finished at
10 m bls. Both wells are screened over the bottom ∼2 m.
Our recent work using environmental tracer observations
shows that the fractured bedrock at PLM1 and PLM6 hosts
water that is a mixture of modern and pre-modern ages
(Thiros et al. 2023).

ParFlow-CLM and EcoSLIM Process-Based Modeling
A coupled ParFlow-CLM integrated hydrologic and

EcoSLIM particle tracking model was developed for the
PLM hillslope. The model is extensively described in Thi-
ros et al. (2024) and we provide an overview here. The 2D
hillslope transect follows land surface topography, starts at
the local surface water divide, and ends at the East River
(Figure 1b). The model has a constant depth of 100 m,
and the subsurface was simplified to three hydrogeologic
layers, each with constant thickness along the hillslope
transect. The top, intermediate, and deepest layers are a
1 m thick soil, a 3 m thick weathered shale (saprolite),
and a 96 m thick fractured shale bedrock, respectively
(Figure 1b). Numerical grid horizontal resolution is 1.5 m,
and vertical resolution ranges from 0.25 to 10 m in the
shallowest and deepest layers, respectively. The model is
forced using the North American Land Data Assimilation
System (NLDAS-2) meteorological dataset at hourly
timesteps from water year 2000 (WY2000) through
WY2021 (Mitchell et al. 2004). Other boundary condi-
tions include no-flow under the surface water divide and
a constant hydrostatic head at the river corresponding to
the annual average East River water depth. ParFlow-CLM
models were dynamically spun up for 10 years
using the 21-year hourly averaged NLDAS-2 forcing
conditions.

EcoSLIM is a Lagrangian particle tracking model
that uses ParFlow-CLM modeled infiltration, subsurface
velocity, and ET fields to insert, advect, and remove
particle mass from the subsurface (Maxwell et al. 2019).
In EcoSLIM, particles enter the subsurface initialized
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Table 1
ParFlow-CLM model parameters. Top and bot for the Exp Dec K model refer to the Kfshale at the shallowest

and deepest fractured shale model layers, respectively. Log is the log10 of K, which has units of m s−1.

Model log Ksoil log Kwshale log Kfshale αsoil (m−1) αwshale (m−1) nsoil (−) nwshale (−) φfshale (%)

A1 −3.6 −4.3 −7.1 4.4 4.1 4.8 3.2 10
A2 −3.4 −5.2 −7.7 0.4 1.5 2.1 3.5 10
A3 −4.3 −4.3 −7.0 3.6 2.3 3.4 2.8 10
A4 −3.8 −4.5 −6.9 3.4 3.3 3.1 3.3 10
A5 −3.8 −4.3 −6.5 2.2 3.6 4.4 1.8 10
Low φ −3.6 −4.3 −7.1 4.4 4.1 4.8 3.2 5
High φ −3.6 −4.3 −7.1 4.4 4.1 4.8 3.2 15
Exp Dec K −3.6 −4.3 −7.1top − 8.1bot 4.4 4.1 4.8 3.2 10

with zero age at all timesteps and spatial coordinates with
positive infiltration fluxes. Particles move as a function of
the simulated velocity fields via the advection-dispersion
equation until exiting the subsurface either as exfiltration
to surface water or ET. Particle masses directly scale with
ParFlow-CLM infiltration, ET, and exfiltration fluxes,
allowing for the calculation of spatially and transiently
distributed flux-weighted age distributions (Dennedy-
Frank et al. 2024). For direct model-observation
comparison, we use simulated resident groundwater age
distributions at the discrete model cell locations and
times that correspond to the sampling wells and dates.
The EcoSLIM model was initialized with 5 particles with
zero age at all model cells. A spin-up run recursively
applied the last year of the transient ParFlow-CLM
spinup runs (described above) for 3050 years (see Thiros
et al. 2024 for details). EcoSLIM was then transiently
run from WY2000 to WY2021 at daily timesteps.

In Thiros et al. (2024), we performed a Monte
Carlo analysis on the ParFlow-CLM model considering
adjustable saturated hydraulic conductivity (K) and
van-Genuchten soil retention parameters α and n in the
fractured shale (fshale), weathered shale (wshale) and soil
model layers. The parameter list for the Monte Carlo anal-
ysis included: Ksoil, Kwshale, Kfshale, αsoil, αwshale, nsoil, and
nwshale. From the 128 Monte Carlo runs we selected the
top five models that best matched observed groundwater
level time series at PLM1 and PLM6 based on a minimum
sum of squared error metric. These models are denoted as
A1-A5, with A1 having the lowest sum of squared error.
We additionally tested three variants of the A1 model that
included a low and high porosity fractured shale (Low φ

and High φ, respectively) and an exponentially decreas-
ing Kfshale with depth (factor of 10 decrease per 100 m;
Exp Dec K). Hydrogeologic parameters for all tested
ParFlow-CLM models are given in Table 1. While this
was not meant to be a formal calibration process, all of the
tested models generally match the observed water level
dynamics at PLM1 and PLM6 (see Thiros et al. 2024).

Observed and Simulated Environmental Tracers
Environmental tracer observations were sam-

pled from the PLM1 and PLM6 wells in May 2021

(Thiros et al. 2023). In this work, we use the measured
3H and 4Heter concentrations, as they, respectively,
provide information on the young (decades) and old
(millennia) portions of the groundwater age distribution.
In contrast to Thiros et al. (2024), where EcoSLIM
modeled and observed mean groundwater ages were
qualitatively compared against each other, this work
directly compares observed 3H and 4Heter with modeled
concentrations. Previous work has shown that directly
comparing numerical model predictions with tracer
concentrations can help limit the propagation of biases
inherent in assuming groundwater age distributions and
consequent mean ages (Suckow 2014; Thiros et al. 2021).

EcoSLIM simulations produce flux-weighted age
distributions resulting from advection and dispersion
that cannot be directly compared to measured environ-
mental tracer concentrations. In order to calculate the
environmental tracer concentration from the simulated
advective-dispersive age distribution, we use the convolu-
tion integral (Cook and Herczeg 2000). The convolution
integral:

Cout(t) =
∫ ∞

0
Cin

(
t − t ′

)
g

(
t ′
)
e−λt′dt′ (1)

relates the simulated flux-weighted age distribution from
EcoSLIM g

(
t ′
)

that is represented as a non-parametric
histogram with the tracer-specific input signal Cin

(
t − t ′

)
to produce flux-weighted tracer concentrations Cout(t) at
time t . In Equation 1, t ′ represents groundwater age (y)
and e−λt′ accounts for first-order decay reactions with
decay rate λ (λ3H = 0.056 y−1). The 3H input series was
taken from Michel et al. (2018) and 4Heter was assumed
negligible in infiltrating water. 4Heter was assumed
to accumulate in groundwater at a constant rate of
3.3 × 10−11 (cm3 STP g−1 y−1; see Thiros et al. (2023),
equation 8 for details).

The EcoSLIM age distributions capture particle trans-
port that includes advection and hydrodynamic dispersion
subject to velocity distributions from boundary condi-
tions and subsurface transport parameter distributions. The
ParFlow-CLM and EcoSLIM modeling simulate veloc-
ities using effective porous media parameters and thus
do not properly account for matrix diffusion processes in
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fractured bedrock systems (Sanford et al. 2017). While
discrete fracture network and dual-porosity models have
been shown to capture the influence of matrix diffusion on
age distributions in fractured rock media, they are gener-
ally computationally expensive and highly parameterized.
In this work, we simulate the impact of matrix diffusion
on the EcoSLIM advective-dispersive age distributions
using a retention factor approach demonstrated in Painter
et al. (2008). The convolution integral (Equation 1) is aug-
mented to include particle retention due to diffusion into
the matrix following Gardner et al. (2016):

Cout(t) =
∫ ∞

0
Cin (t − ttran)

∫ ttran

0
gret

(
ttran − t ′|β)

×
(

t ′

b

)
g

(
t ′
)
e−λt ′dt ′dttran, (2)

where ttran is the total transport time (y), t ′ is the advective
travel time (y), b is the effective fracture aperture (m), and
β is a velocity-dependent transport resistance parameter
given by β = t ′/b. The matrix diffusion retention age
distribution gret is a function of the retention time tret =
ttran − t ′ (y) and assumes infinite matrix diffusion for a
constant and uniform fracture aperture system:

gret (tret|β) = κβ

2
√

πt
3/2
ret

exp

[−κ2β2

4tret

]
, (3)

where κ = φmatrix
√

ω × Dmatrix depends on the matrix
porosity φmatrix (−), matrix tortuosity ω (−), and diffusion
coefficient Dmatrix (m2 s−1). In this work ω = 0.1 and
Dmatrix = 2.3 × 10−9 m2 s−1 are considered constant and
known and g

(
t ′
)

is the flux-weighted advective age
distribution from the EcoSLIM simulation.

We perform a Monte Carlo analysis over the uncer-
tain b and φmatrix parameters needed to parameterize
Equation 2 and 3. Realizations of b were generated with
the ‘cubic law’ for effective hydraulic conductivity K eff

(m s−1) in fractured rock (Snow 1969):

b = [
12Lμ/ρg (Keff − Kmatrix)

]1/3
, (4)

where L is the fracture spacing (m), μ is the dynamic
viscosity of water (g m−1 s−1), ρ is the density of water
(g m−3), g is the gravitational constant (m s−2), and Kmatrix

is the hydraulic conductivity of the matrix block (m s−1).
Parameter prior distributions are given in Table 2 and

generally derived from borehole cores and geophysical
NMR logs from a nearby well (∼20 m) on the PLM
hillslope (φmatrix, Kmatrix, and L; Uhlemann et al. 2022)
and well pumping tests and prior model calibrations
(Keff; Tokunaga et al. 2019). The prior parameter ranges
are meant to be broad enough to capture the inherent
uncertainty in these values, particularly due to the sparse
observations available. A total of 1000 parameter-value
sets were sampled using the quasi-random Sobol sequence
technique (Sobol 1998) and 3H and 4Heterr predictions
were recorded for each.

Results

Matrix Diffusion Controls on Environmental Tracer
Concentrations

Figure 2 shows the joint 3H and 4Heterr predictions
from Equation 1 considering the EcoSLIM advective-
dispersive age distributions alone (open squares) and
the advective-dispersive with matrix diffusion models
(colored circles, Equation 2). Increasing mean age is a
direct proxy for a higher magnitude of matrix diffusion,
which occurs with low b or high φmatrix (Figure S1).
In other words, considering the matrix diffusion model
(regardless of parameters values) increases the mean
age relative to the advection-dominated EcoSLIM model
(the youngest mean ages in Figure 2). Increasing the
magnitude of matrix diffusion leads to higher 4Heterr

and generally lower 3H concentrations. However, the
general correlation between 3H and mean age does not
always hold due to the non-linear 3H versus time input
function (Figure S2), for example in Figure 2 (A4) at
young mean ages. For multiple of the models that are
characterized with EcoSLIM advection mean ages that
exceed ∼80 years (Figure 2: A2, Exp Dec K, and High
φ), the simulated 3H remains zero and is not impacted by
matrix diffusion. 4Heterr concentrations range from ∼0 to
>15 cm3 STPg−1, which correspond to mean ages from
25 to >10,000 years, respectively.

The quantitative match between observed and
simulated 3H and 4Heterr concentrations is shown in
Figure 3 using the χ2 metric, where lower χ2 indicates
better matches. Like Figure 2, mean age positively
correlates with the amount of matrix diffusion due to
increased particle retention times. The A4, A5, and Low
φ EcoSLIM advection models can generally explain
the PLM1 3H observation, while the A5 and Low φ

Table 2
Parameter prior distributions used in the Monte Carlo analysis to estimate matrix diffusion magnitudes

(Equations 3 and 4).

Keff (m s−1) Kmatrix (m s−1) L (m) φmatrix (%) b (m)

High bound 10−4 10−9 1.0 20 4.6 × 10−4

Low bound 10−8 10−12 0.1 0.1 1.1 × 10−5

Distribution Log uniform Log uniform Log uniform Log uniform Equation 4

310 N.E. Thiros et al. Groundwater 63, no. 3: 306–318 NGWA.org
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Figure 2. Simulated 4Heterr and 3H concentrations using the EcoSLIM model. Open squares are simulations that consider
advection only and closed circles add the influence matrix diffusion based on the 1000-run Monte Carlo analysis. The mean
age (τ ) of the simulations is positively correlated with the magnitude of matrix diffusion. The observed environmental tracer
concentrations are shown as colored error bars sizes corresponding to the marginal posterior probabilities calculated in Thiros
et al. (2023).

advection models match the PLM6 3H observation. All
of the advective models can predict the low 4Heterr

concentrations at PLM1. Alternatively, only the A5
advective model matches the observed 4Heterr at PLM6.
Taken together, the A4, A5 and Low φ models can
generally predict both 3H and 4Heterr at PLM1 and none
of the advection-dominated models accurately match
both tracers at PLM6. In general, the EcoSLIM advection
models underpredict 3H at both wells and 4Heterr at
PLM6, suggesting the water is too young. The addition of
matrix diffusion reduces the χ2 and improves predictions
of observed 3H and 4Heterr for the A3, A5, and Low
φ models at PLM1. Similarly, matrix diffusion leads to
improved predictions for both tracers at PLM6 for the A5
model. Comparing all the models shows that only the A5
model can jointly predict the 3H and 4Heterr observations
at both PLM1 and PLM6 wells (Figures 2 and 3).

Figure 4a shows the b and φmatrix parameters for
the A5 model that best matches the observed 3H and
4Heterr (lowest χ2 in Figure 3) and the subsequent 9
models with lowest χ2 (open-gray circles in Figure 3).
Parameters b and φmatrix that predict the observations
are positively correlated at both PLM1 and PLM6. This
is due to the relationship between simulated age, b,

and φmatrix parameters in Equations 2 and 3, where age
increases with φmatrix and decreases with b (Figure S1).
The age distributions for the A5 EcoSLIM advective
model and the A5 matrix diffusion models that best
match the observations are shown in Figure 4b and 4c.
The A5 model has the youngest advective mean ages
(∼25 years) and largest Kfshale relative to the other models
(Table 1). To jointly fit the observed 3H and the low 4Heterr

concentrations at PLM1, the A5 model requires modest
amounts of matrix diffusion that increase the median age
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Figure 3. Simulated groundwater mean age (τ) versus chi-squared error metric (χ2) that considers both 3H and 4Heterr
observations for the advective-only EcoSLIM model (smallest mean age) and 1000 Monte Carlo runs that consider matrix
diffusion. The horizontal-dashed lines correspond to the minimum χ2 (best-fit model) achieved for the A5 model. The open-
black square is the advection-dispersion only model and the open-gray circles are the 10 matrix-diffusion models with lowest
χ2 for the A5 model.

from 25 years for the advection simulation to 28 years
when matrix diffusion is considered (open-square and
closed-circle, respectively in Figure 4b). Alternatively,
more matrix diffusion is needed to match the high 4Heterr

observation at PLM6, such that the age distribution has a
long tail and the median age is near 400 years (Figure 4c).
Analysis of the best-fit parameters in Figure 4a suggests
the increase in matrix diffusion at PLM6 relative to PLM1
is due to higher φmatrix.

Groundwater Storage Dynamics
While all models generally match the observed

water level dynamics at PLM1 and PLM6 (see Thiros
et al. 2024), only the A5 model jointly matches both
environmental tracer observations at both wells. How-
ever, PLM1 and PLM6 are located near the bottom of
the hillslope, and there are no direct groundwater level
observations to constrain the model in the more upslope
positions owing to access issues, slope steepness, and an
inability to install monitoring wells. Figure 5a shows the

simulated groundwater levels at all hillslope positions
and times (shaded regions). In the upslope positions
(0-300 m), the groundwater levels are 25-35 m deeper for
the A5 model compared to the other models. At the lower
hillslope positions (>400 m) where the observation wells
are located, all the models converge to approximately
equivalent groundwater levels with similar temporal
variations (shaded regions in Figure 5a). The overall
deeper groundwater levels for the A5 model lead to
lower hillslope groundwater storage volume magnitudes
(Figure S3).

To better understand the temporal trends in the
groundwater storage dynamics, Figure 5c shows
the groundwater storage percent anomalies (100 ×
[si − smu ]/smu ) that correspond to the daily storage vol-
ume (si ) normalized by the 21-year (WY2000-WY2021)
mean storage volume (smu ). The A5 model groundwater
storage anomaly has higher sensitivity compared to the
other models on the multi-annual scale. In particular, the
A5 model consistently has more positive and negative
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Figure 4. (a) Gray dots are model parameters (N = 1000) used in the Monte Carlo analysis to propagate the influence of
matrix diffusion to the EcoSLIM advective age distribution for the A5 model. The parameter set that best jointly matches 3H
and 4He at the PLM1 and PLM6 is indicated as a closed circle, while the next 9 parameter sets with the lowest sum-squared
error are open circles. (b and c) Age distributions for the matrix diffusion model that best matches 3H and 4He jointly at
PLM1 and PLM6 wells (solid lines) and the advective-only age distribution (dashed line).

storage anomalies during the wetter WY2009-WY2012
and drier WY2017-WY2021 periods, respectively
(Figure 5b). The storage anomalies for all of the models
generally match from WY2012 to WY2018. Following
the low-snow WY2018 winter, the A5 model shows a
more pronounced decline in groundwater storage relative
to the other models. Notably, the declining storage trend
in the A5 model propagates through WY2019, despite
being characterized as a near-median precipitation year.

To further investigate the impact of multi-annual
low-snow conditions on groundwater storage dynamics,
we continue the ParFlow-CLM model with hypothetical
forcing conditions. In particular, we force the A1 and
A5 models for an extra 10 years past WY2021 using
repeated forcing conditions that correspond to WY2016-
WY2021 (left-most shaded region Figure 6). This time
window represents the most pronounced storage losses in
Figure 5a and 5c and a hypothetical future with prolonged
snow-drought conditions, which is projected to occur in
this region (Siirila-Woodburn et al. 2021). Although these
extended hypothetical considerations do not consider other
system changes that may occur in a watershed altered
by a changing climate (e.g., vegetation reassembly or
mortality), they are useful to quantify isolated impacts
in a controlled manner. Comparing the groundwater
storage anomalies during the extended simulation period

(Figure 6a) shows the A5 model continually loses storage
(−2% relative to mean) while the A1 model is less
impacted (−0.5% relative to mean). The storage anomaly
decrease is the largest during the first 5-year drought
period from WY2016 to WY2021, then has minor declines
during the WY2026 to WY2031 future prediction periods.
Figure 6b and 6c show the modeled annual cumulative
runoff generation and ET from the entire hillslope. The A5
model generally has higher runoff and ET fluxes compared
to the A1 model. The exception is for WY2017 (WY2022
and WY2027 for the future prediction scenarios), which
had a large snowpack leading to relatively lower runoff
and ET for the A5 model compared to the other years.

Discussion
Groundwater age distributions provide fundamental

insights on how water moves through hillslopes and
catchments (Sprenger et al. 2019). Our previous work
using a lumped parameter age dating model shows
the shallow groundwater on the steep PLM mountain
hillslope is characterized as a mixture of modern and
pre-modern ages that are on the order of thousands of
years (Thiros et al. 2023). Lumped parameter models
are considered a black-box approach that generally
cannot uniquely identify the processes that control the
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Figure 5. (a) Simulated water table depths at all timesteps
from WY2017-WY2021 (shown as shaded region) and all
hillslope transect positions. The gray regions correspond
to all tested models other than the A5 model, which is
shown in red. (b) The annual accumulated (water year)
precipitation from the NLDAS-2 product. (c) Time series
of groundwater storage anomalies from the 20-year mean
storage calculated for each model individually. The shaded
gray region corresponds to the range from all models shown
in (a).

Figure 6. (a) Groundwater storage anomalies calculated
on October 1 of the respective water year. The red
shaded regions from WY2021-WY2026 and WY2026-
WY2031 recursively apply the forcing conditions from
WY2016-WY2021. (b) Simulated water year cumulative hill-
slope runoff anomalies and (c) ET water years cumulative
anomalies.

mixing patterns, especially in complex mountain systems.
Groundwater that is characterized as a mixture of
young and old age components has been explained
through multiple processes (e.g., Underwood et al. 2018),
including flowpath mixing due to subsurface heterogeneity
(Weissmann et al. 2002; Gardner et al. 2015), transience
in recharge events (McCallum et al. 2017), and coupled
fracture flow and matrix diffusion (Cook et al. 2005;
Gardner et al. 2016; Sanford et al. 2017).

We find that the A5 model that invokes matrix
diffusion to simulate the old water fraction best matches
the observed 3H and 4Heterr. This model has considerably
different storage anomaly dynamics compared to the other
models (Figure 5). The A5 model Kfshale is the highest
among the models, leading to higher hydraulic diffusivity
rates and younger resident mean groundwater ages at
PLM1 and PLM6. The higher Kfshale results in a bedrock
groundwater system that can fill and drain at faster rates
compared to the other models tested, correspond to the
more typical conceptual model of a low permeability
bedrock mountain system (Condon et al. 2020). Similar to
previous work that shows how differences in low versus
high bedrock K can influence mountain groundwater
storage dynamics (Gleeson and Manning 2008; Carroll
et al. 2020; Gardner et al. 2020), the A5 model has
less overall groundwater storage volume (Figure S3) and
loses groundwater storage at a faster rate relative to the
long-term mean during time periods characterized by low
snow (Figure 5c). This model result is supported by the
observed ∼1 m decline in groundwater water levels in the
past 7 years at PLM1 (Figure S4). Better understanding
the potential ramifications of declining groundwater
storage on streamflow generation, ET dynamics, and
solute exports is critical for the management of mountain
water resources (Wan et al. 2021; Ryken et al. 2022;
Carroll et al. 2024).

Both advective flow and matrix diffusion are key
processes that are needed to accurately predict the joint
3H and 4Heterr distribution in this system (Figure 2). The
lower Kwshale to Kfshale ratios for the A5 model (relative
to the other models) promote less lateral flow through the
soil and saprolite layers and increased recharge into the
deeper bedrock (Gardner et al. 2020). This process leads to
higher flowpath velocities and younger advective resident
ages in the fractured bedrock at PLM1 and PLM6, which
supply the necessary 3H to match the observations. Alter-
natively, matrix diffusion provides the old-aged water
with elevated 4Heterr. Our results show that matrix diffu-
sion is particularly important at the toe slope PLM6 well
that has considerable 4Heterr, which cannot be explained
by any of the advection-dominated model scenarios
(Figure 3b). While high 4Heterr can also be explained
by other mechanisms, for instance, upwelling of deeper,
old water (e.g., Bethke et al. 1999), these processes are
generally captured within the modeled advective age
distributions. For instance, the advective mean ground-
water age at the toe slope PLM6 is older compared to
the mid slope PLM1 due to modeled upwelling of deep
flowpaths (Thiros et al. 2024). This upwelling process
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has been found in other mountain catchment modeling
studies (e.g., Kolbe et al. 2020), but cannot alone explain
the observed age distribution in the East River Watershed
at the hillslope scale. However, our model is limited
to a 2D hillslope and will truncate regional flowpaths
that can contain considerable 4Heterr and age. Porosity
distributions also influence simulated age and tracer con-
centrations. For instance, the assumed model porosities
are within the higher range of values found within Uhle-
mann et al. (2022), potentially leading to water ages that
are biased old. Further work is needed to test advective
flowpath versus matrix diffusion mixing in controlling
the old-aged component using 3D watershed models.

The best-fit fracture and matrix diffusion parameters
for the A5 model at PLM1 and PLM6 are not equivalent
(Figure 4a), highlighting variable water mixing processes
between mid slope and toe slope wells. This modeling
result is supported by the observed fracture distributions
along the hillslope. PLM1 is in a mapped fault zone,
with electrical resistivity tomography (ERT) anomalies
suggesting that the fracture density is higher compared
to the toeslope PLM6 well (Miltenberger et al. 2021).
Within the modeling scenarios, the higher matrix diffusion
at PLM6 compared to PLM1 is primarily due to
higher φmatrix, while b spans similar ranges. However,
b and φmatrix are correlated and further observations
or regularization is needed to disaggregate the linked
parameters. Possible key sources of information to better
constrain the joint parameter distribution include analysis
of fracture and porosity distributions from bedrock cores
and/or estimation of spatial and vertical variations in
bulk rock porosity derived from borehole geophysical
measurements (e.g., neutron logging). Nonetheless, this
work shows tracer observations that span disparate
portions of the unknown age distribution can be valuable
to better constrain the fracture and matrix parameters. For
instance, multiple of the tested models can predict the
observed 3H at both wells and the 4Heterr is needed to
further falsify the models.

To our knowledge, this is one of the first works
that interprets environmental tracer concentrations in
a mountain system with a fully transient IHM. The
ParFlow-CLM and EcoSLIM models do not require a
priori assumptions on the shape of the advective age
distribution, potentially reducing uncertainty inherent in
classic groundwater age dating techniques that use lumped
parameter models (Suckow 2014; Thiros et al. 2021).
We find that interpreting multiple environmental tracers
that span a broad range of groundwater ages is crucial
to constrain the mixing processes in this system. For
instance, multiple tested models can simulate the observed
3H concentrations without matrix diffusion (Figure 2).
The additional constraints on the age distribution provided
by 4Heter suggest mixing with older-aged water, likely
as a result of matrix diffusion processes. Our results
further suggest that assimilating groundwater mean ages
inferred from environmental tracers into the numerical
model reduces the information content compared to
assimilating the concentrations directly. For instance,

Thiros et al. (2024) showed that multiple hillslope
models presented in this work can jointly explain the
observed mean ages at PLM1 and PLM6 simultaneously.
However, these models did not accurately capture the
age distribution based on the co-occurrence of both
3H and 4Heterr. Here, we show that matching both 3H
and 4Heterr concentrations directly falsifies the EcoSLIM
advective-only models and leads to a conceptual model
with considerably different storage dynamics.

Our results suggest failure to consider matrix
diffusion when assimilating environmental tracers into
advection-dominated numerical models can lead to
overestimation of the total drainable groundwater storage
volumes. We show that high 4Heterr concentrations
that correspond to old groundwater ages can largely
be the product of matrix diffusion, rather than large
drainable hillslope storage volumes. This result has
important implications for groundwater’s ability to buffer
streamflow declines during drought (Carroll et al. 2024;
Xie et al. 2024). Groundwater in low K matrix blocks
is considered part of the immobile storage and is likely
unavailable to significantly contribute to the mobile
storage that is connected to streamflow on the annual
timescales (Birkel et al. 2011). This result is supported by
recent work that shows matrix diffusion controls the tail
of watershed transit time distributions (Rajaram 2021).
Our results also have important implications for how
environmental tracer and groundwater age information
is assimilated into numerical models. Simulating old
groundwater ages is often achieved by increasing model
depths such that there are higher storage volumes
and increased contributions from deeper flowpaths. In
contrast, our results show that such techniques can lead
to overestimation of the total drainable storage volumes,
which can lead to inaccurate predictions of groundwater’s
ability to buffer streamflow during drought conditions.

Despite the agreement between simulated and
observed groundwater levels and environmental tracer
concentrations, there are multiple sources of uncertainty
in the modeling setups. Model non-commensurability
and equifinality likely leads to estimated parameters that
do not represent the point scale observations available
from wells and boreholes (Beven 2006). For instance,
parameter equifinality and high porosity estimates can
lead to the A5 model that has higher Kfshale compared
to the other models better matching the observed tracer
distributions. Similarly, the low φmatrix estimated in
Figure 4a relative to Manger (1963) and Uhlemann
et al. (2022) suggests model structural errors are influ-
encing the parameter inference (e.g., Thiros et al. 2021).
A potential model error is the simplified hydrostatic head
boundary condition applied beneath the river. This static
boundary condition does not include no-flow conditions
at depths below the river, potentially leading to an
underprediction of the upwelling of deeper and older-
aged groundwater into the river, floodplain, and PLM6
areas. The applied boundary condition represents the best
feasible approximation that is readily implemented within
the ParFlow-CLM modeling framework, nonetheless,
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contributes to the uncertainty in simulated groundwater
ages. As a result of these structural model errors, fore-
casts and predictions with these best-fit parameters will
contain significant uncertainty. While model uncertainty
analysis techniques that characterize full posterior distri-
butions (Thiros et al. 2022) and use multiple, differing
conceptual models (Enemark et al. 2019) would improve
the reliability of estimated parameters and predictions,
such techniques remain computationally infeasible with
current IHMs. A further limitation of this work is the
lack of water level data in the upper hillslope regions that
can be used to falsify models. Such data is challenging
to acquire in steep mountain systems that are difficult,
and in many instances, impossible to access.

Conclusion
We use coupled, integrated hydrologic, particle

tracking, and convolution integral models to investigate
the influence of matrix diffusion on groundwater envi-
ronmental tracers (3H and 4Heterr) concentrations on
a steep, lower montane hillslope in Central Colorado,
USA. We find that matrix diffusion is a key process
needed to predict the mixing of premodern and modern
groundwater ages in this mountainous system. The model
scenario that best matches the 3H, 4Heterr, and water level
observations when considering both advective flowpath
and matrix diffusion mixing processes has a dynamic
bedrock groundwater reservoir that is susceptible to
considerable storage losses during low-snow periods. The
conceptual model of a dynamic bedrock groundwater sys-
tem follows observational (Manning and Caine 2007) and
high-fidelity modeling studies (e.g., Gardner et al. 2020;
Carroll et al. 2024), calling into question the often
assumed depth of the critical zone being the top of the
bedrock (see Condon et al. 2020 for discussion). We
show the value of constraining parameters and predictions
from an IHM using both groundwater level and multiple
environmental tracer concentrations that span a broad
distribution of ages. Our work emphasizes the need for
in-situ bedrock groundwater observations to better con-
strain watershed-scale hydro-biogeochemical dynamics
in mountain systems (Singha and Navarre-Sitchler 2022).
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