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Abstract Physics-based distributed hydrological models that include groundwater are widely used
to understand and predict physical and biogeochemical processes within watersheds. Typically, due to
computational limitations, watershed modelers minimize the number of elements used in domain
discretization, smoothing or even ignoring critical topographic features. We use an idealized model to
investigate the implications of mesh refinement along streams and ridges for modeling three-dimensional
groundwater flow and transport in mountainous watersheds. For varying degrees of topographic
complexity level (TCL), which increases with the level of mesh refinement, and geological heterogeneity,
we estimate and compare steady state baseflow discharge, mean age, and concentration of subsurface
weathering products. Results show that ignoring lower-order streams or ridges diminishes flow through
local flow paths and biases higher the contribution of intermediate and regional flow paths, and biases
baseflow older. The magnitude of the bias increases for systems where permeability rapidly decreases with
depth and is dominated by shallow flow paths. Based on a simple geochemical model, the concentration
of weathering products is less sensitive to the TCL, partially due to the thermodynamic constraints on
chemical reactions. Our idealized model also reproduces the observed emergent scaling relationship
between the groundwater contribution to streamflow and drainage area, and finds that this scaling
relationship is not sensitive to mesh TCL. The bias effects have important implications for the use of
hydrological models in the interpretation of environmental tracer data and the prediction of
biogeochemical evolution of stream water in mountainous watersheds.

Plain Language Summary Topography controls the movement of water and solutes within
watersheds and their export to streams via groundwater drainage. Mainly due to computational limitations,
it is common practice to use numerical meshes that capture the high-order (i.e., large) streams and ignore
or undersample low-order (i.e., small) streams and their ridges. However, low-order streams are hotspots
for groundwater drainage and solute export, and their ridges recharge a significant amount of water
feeding aquifers and alluvial valleys downstream. By systematically comparing groundwater flow and
transport characteristics from models with different degrees of topographic fidelity along streams and
ridges, we find that even though ignoring low-order streams and ridges has a modest effect in the net
amount of discharge generated by the whole watershed, it causes significant changes in the complex
network of subsurface flow paths, which distribute water and solutes throughout the system. These changes
bias estimates of recharge and discharge, residence times, and solute fluxes to streams, and they are more
evident in watersheds with tight bedrock and primarily shallow groundwater flow. This bias hampers
our ability to model and predict hydrologic response and directly influences the management of water
resources and water quality for human consumption and ecosystem functioning.

1. Introduction

Physics-based distributed hydrological models are designed to explicitly represent watershed flow and trans-
port processes while assimilating a broad range of physical and chemical observations (e.g., Houser et al.,
1998; Liu et al., 2012; Park & Xu, 2009). These models can reproduce complex spatiotemporal variations of
storage and fluxes and are instrumental in the quest for deep, mechanistic understanding of hydrologic sys-
tems (Beven, 1989, 2001; Clark et al., 2011). In particular, these models have been widely used to quantify
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runoff generation and solute transport in the environment (e.g., Bao et al., 2017; Li & Sivapalan, 2011; Li et al.,
2017; Partington et al., 2013; Sudicky et al., 2008), interpret physical and chemical observations (e.g., Kollet &
Maxwell, 2008; Maxwell et al., 2016; Su et al., 2016), and predict hydrological and biogeochemical evolution of
water under present and future climate and land use conditions (e.g., Goderniaux et al., 2015; Green &Wang,
2008; Hartmann et al., 2017).

Even though distributed hydrologic models have the potential to explain and predict flow and transport in
natural environments, they are prone to uncertainty (Beven, 2001; Gupta et al., 2012), which imposes limi-
tations in our ability to accurately reproduce both integrated (or net) and distributed watershed responses.
Extensive research has focused on understanding the uncertainties for three key stages of model develop-
ment (Gupta et al., 2012; Gupta & Nearing, 2014): (i) conceptual representation, (ii) system parametrization,
and (iii) numerical interpolation and integration. In this work, we focus on the numerical interpolation and
integration step and, in particular, the importance of capturing key topographic features with the numerical
meshes used to integrate and model subsurface flow and transport characteristics. As part of this effort, we
also explore how changes in geological heterogeneity, an important component of the system parametriza-
tion step, affect our findings. Quantifying the implications of selective mesh refinement can improve our
understanding of the uncertainties involved in modeling and ultimately play a crucial role in our ability to
make predictions and decisions of economic and social importance.

Topography exerts a dominant control in themovement of water and solutes through surface and subsurface
pathways (Beven&Freer, 2001; Beven&Kirkby, 1979; Cardenas, 2007; Frei et al., 2010; Li et al., 2013;O’Loughlin,
1986; Riml & Wörman, 2011; Stocker et al., 2014; Tóth, 1963; Wilcox et al., 2007; Wolock et al., 1990). Previous
work has shown that using coarse representations of the landscape can result in significant modeling uncer-
tainty (e.g., Singh et al., 2015; Sulis et al., 2011; Vieux, 1993; Vivoni et al., 2005; Zhang & Montgomery, 1994).
However, given the fractal nature of landscapes, and the limitations in observations and computational and
numerical capabilities, this uncertainty cannot be removed by indiscriminately refining the numerical mesh.
This raises the question of which features should be captured and what are the implications of neglecting some
of them?

Previous studies have investigated the importance of accurately representing topography or domain bound-
aries for the simulation of flowand solute transport in hydrologic systems at different scales and fromdifferent
aspects. For example, in modeling channel flow, Horritt et al. (2006) find that finer meshes can better repre-
sent the channel boundary and drive hydraulic features like recirculation zones. For hyporheic flowmodeling,
poor representation of bathymetry leads to underestimation of small-scale and overestimation of large-scale
hyporheic exchange fluxes (Chow et al., 2018). In groundwater recharge estimation, Stoertz and Bradbury
(1989) used a fully saturated groundwater flow model to show that total modeled recharge increases with
decreasingmesh resolution, which is explained by themodel’s ability to capture local flow paths as the mesh
size is reduced. In watershed rainfall-runoff modeling, selectively retaining slope, curvature and topographic
index can influence simulated runoff generation mechanisms and hydrograph shape (Mahmood & Vivoni,
2011; Vivoni et al., 2004, 2005). A coarse mesh can greatly decrease the spatial variability of landscape cur-
vature and the spatial variability of simulated soil moisture content during wet periods (Kuo et al., 1999). On
the other hand, coarse representations of the topography can increase river discharge volumes as well as
water table depth and soil water storage (Sulis et al., 2011), and in particular, mesh coarsening within hydro-
logically significant near-stream regions can shift hydrograph response from slow subsurface runoff to quick
surface runoff (Vivoni et al., 2005). Over large scales, analyses of land-surfacemodels have shown that explicit
representation of stream features can improve simulated bidirectional land-to-river hydrological interactions,
which can further affect inundation extent and concomitant biogeochemical and ecological processes (Shen
et al., 2016).

Notice thatmost of the previous studies exploring the importance of topographic discretization have focused
on relatively shallow processes, mainly taking place within the critical zone. Little attention has been paid to
the implications of the complex and nested system of groundwater flow paths characterizing hydrologic sys-
tems (Tóth, 1963;Wörman et al., 2007). In this regard, topography strongly influences these connections from
local to regional scales. At the local scale, topographic variations in stream beds drive hyporheic exchange
(e.g., Boano et al., 2014), which at the same time is modulated by large-scale subsurface fluxes (Buffington &
Tonina, 2009; Caruso et al., 2016; Tonina & Buffington, 2009). At the intermediate scale, landscape variables
like drainage area, hillslope length, and stream bank gradient can influence the amount and age of baseflow
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and control stream chemistry composition (Singh et al., 2016). And finally, at the regional scale, topographic
characteristics like ridge-valley asymmetry and stream incisiondepth can affect the amount of interwatershed
groundwater flow and mountain block recharge (Welch & Allen, 2012; Wilson & Guan, 2004) and explain the
observed patterns of streamwater quality and residence times (Cardenas, 2007; Kirchner et al., 2000; Kirchner
& Neal, 2013; Wörman et al., 2007).

Of particular interest are ubiquitous landscape features such as stream networks and ridgelines, given their
important role as spatial hotspots for discharge and recharge (Freeze&Witherspoon, 1967; Tóth, 1963;Winter,
1999; Winter et al., 2003). During and between rainfall events, variably saturated contributing areas expand
and contract around river network, modulating the generation of runoff from the local to the catchment
scale (Glaser et al., 2016; Güntner et al., 1999). Moreover, the spatial location (topology and geometry) of
the river network strongly influences the drainage of groundwater into streams and the proportions of local,
intermediate, and regional groundwater flow (Gleeson &Manning, 2008; Tóth, 1963). Similarly, the spatial dis-
tribution of ridges (location and relative elevation) controls the emergence of areas with enhanced recharge
and the dynamics of the groundwater divide and interbasin groundwater exchange (Welch et al., 2012;Welch
& Allen, 2012; Winter et al., 2003). Given the importance of these features for subsurface flow systems, it
stands to reason that capturing them in numerical models can have important implications for interpreta-
tion and prediction. However, typical hydrological modeling efforts at the scale of mountain watersheds only
use high-resolution meshes along selected high-order streams (e.g., Ball et al., 2014; Chen, 2015; Glaser et al.,
2016), ignoring the lower-order ones and typically neglecting the effect of ridges.

This paper studies the effect of capturing streams and ridges on modeling groundwater flow and transport
inmountainous watersheds. We hypothesize that capturing different amount of streams and ridges by themesh
can have a systematic effect on the simulated groundwater flow field, and further affects the spatial distribution
of river baseflow and itsmean age and solute concentrations. To the best of our knowledge, this is the first time
that a systematic sensitivity analysis of this kind has been performed.

To test our hypothesis, we use the topography of the Rio Hondo watershed in Northern New Mexico, USA.
This is a typical mountainous watershed with steep and complex topography characterized by significant
contributions of deep groundwater to streamflow that tend to increase with drainage area (Frisbee et al.,
2017; Tolley, 2014; Tolley et al., 2015). The hydrological andgeochemical trends observed in thiswatershed are
consistent with the conceptualization of a three-dimensional, topography-driven groundwater flow system
(Tóth, 1963, 2009) and a three-dimensional catchment-mixing watershed conceptual model (Frisbee et al.,
2011). Thus, the Rio Hondo watershed provides an ideal test bed to explore our hypothesis with the aid of
numerical experiments that allow us to generalize our conclusions.

Even though our test bed is a real watershed, we use an idealized steady state groundwater flow conceptual-
ization where the water table is a replica of the topography, that is, the Tothian assumption (Tóth, 1963). This
assumptionhasbeenwidely used in the literature, and it has the advantageof beingparsimonious—weavoid
the need to solve a highly nonlinear dynamic boundary condition for the water table—while offering useful
insight into the key features and controls for flow and transport in a myriad of hydrologic systems, including
hyporheic zones and regional groundwater flowsystems (Cardenas, 2008; Freeze&Witherspoon, 1967;Gomez
&Wilson, 2013;Marklund&Wörman, 2011; Tóth, 2009, 1963;Wörmanet al., 2007). In particular, thegroundwa-
ter table is often found to closely follow land surface topography and therefore termed topography-controlled,
in regions with high water table ratio as previously defined by Haitjema and Mitchell-Bruker (2005) and fur-
ther explored at the continental scale by Gleeson et al. (2011). In a recent study, Condon and Maxwell (2015)
explicitly calculated the relative importance of topographic head gradients and pressure head gradients in
driving groundwater flow for the contiguous United States and found that areas where groundwater flow is
primarily driven by topographic head gradients correspond well with the topography-controlled water table
regions identified by Gleeson et al. (2011), a finding that further supports the use of the Tothian assumption.

Even though this simple conceptualization has limitations (Bresciani et al., 2016; Haitjema & Mitchell-Bruker,
2005), it has proven useful to explain key processes in natural systems (Cardenas, 2007; Freeze &
Witherspoon, 1967; Frisbee et al., 2011, 2017; Genereux et al., 2013; Gomez & Wilson, 2013; Tóth, 2009;
Wörman et al., 2007). For example, Tóth (1963) used this assumption to explain the nesting of flow paths
in a two-dimensional, cross-sectional basin model. He found that topography factors such as basin’s aspect
ratio, regional slope, and local relief explain the development and relative importance of local, intermedi-
ate, and regional groundwater flow systems, consistent with physical and geochemical observations. Gleeson
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Figure 1. (a) One homogeneous and six exponentially decaying hydraulic conductivity scenarios representing different geological conditions. (b) Flow path
distributions within two representative hillslope cross sections. For hillslopes where hydraulic conductivity decays rapidly with depth, shallow flow dominates.
For hillslopes where hydraulic conductivity decays relatively slowly with depth, both shallow and deep groundwater flow are present in the system.

andManning (2008) extended this analysis to three dimensions, simulating steady state groundwater flow in
syntheticmountainous terrains—with recharge and seepage top boundary conditions. They found that, with
a topography-controlled water table, the relative contribution of regional flow is well correlated with the
mean elevation of the first-order stream and is sensitive to the topographic variables such as flank slope and
amplitude of the relief (Gleeson & Manning, 2008). These modeling results provide the theoretical basis for
distinguishing and mapping recharge-controlled and topography-controlled water table at the continental
scale (Gleeson et al., 2011) and for conceptualizing groundwater systems based on topographic, climatic, and
geologic data in regions with sparse groundwater observations.

In the spirit of these previous efforts, we develop model scenarios of different topographic complexity levels
(TCLs) by progressively capturing more streams and ridges with mesh refinement. Homogeneous and expo-
nentially decayinghydraulic conductivity fields are used to represent different geological heterogeneities (i.e.,
bedrock permeability conditions). The effect of capturing topographic features on groundwater circulation
and the spatial patterns of baseflow and its mean age and solute concentrations are analyzed.

2. Methods
2.1. Model Configuration and Subsurface Heterogeneity
Our analyses use the topography of the Rio Hondo watershed (i.e., topographic template) with different geo-
logical heterogeneity scenarios (i.e., geologic template), effectively generating a series of distinct systems
where we explore the effect of mesh resolution in detail. Our systems include one homogeneous and six
heterogeneous hydraulic conductivity fields, resulting in a total number of seven. To this end, we use an
exponentially decaying isotropic hydraulic conductivity conceptualization (Louis, 1972; Figure 1a):

K(x⃗) = K0 exp[−𝛼 d(x⃗)] (1)

where K0 is the hydraulic conductivity at the surface (L/T), d(x⃗) is depth below land surface (L) with x⃗ = [x, y, z]
the coordinate vector (L) and coordinate z positive upward, and 𝛼 is a decay rate (L−1). The decay rate can be
used todefine the extinctiondepthde = 1∕𝛼 (L), which represents thedepthwhere thehydraulic conductivity
is approximately 37% of the surface value (i.e., an e-fold decrease). For all simulations K0 = 6.43 m/day, rep-
resentative of sand, and 𝛼 ∈ {0.001, 0.003, 0.01, 0.03, 0.1, 0.3}m−1 (de ∈ {1000, 333.3, 100, 33.3, 10, 3.3}m),
consistent with previous studies (Cardenas & Jiang, 2010; Ingebritsen & Manning, 1999; Saar & Manga, 2004).
Equation (1) allows us tomimic systems that range from shallow, hillslope-dominated flow in the critical zone
to deep flow in permeable fractured bedrock (Figure 1b).
2.1.1. Topographic Complexity Scenarios
Wegenerate a series of three-dimensionalmeshes that capture topographic variations with different degrees
of fidelity by maintaining a constant value for the largest element size and progressively increasing resolu-
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Figure 2. Streams (green lines) and ridges (brown polygons) used for mesh refinement, with lighter shades representing lower orders. Each topographic
complexity level (TCL) refines the mesh along corresponding linear features. TCL4S captures all the streams and is used as an “ideal” base case to evaluate
models with other meshes missing some streams (TCL1S, TCL2S, and TCL3S). TCLiclSR (icl = 1, 2, 3, 4) are used to evaluate the effect of missing ridges.

tion along selected streams and ridges—we refer to this process as increasing the TCL. To this end, a digital
elevation model (DEM) for the Rio Hondo watershed, with a resolution of 1/3 arc sec, was obtained from the
U.S. Geological Survey National Elevation Dataset. The DEM is hydrologically corrected (Tarboton et al., 1991)
and streams and ridges of subwatersheds up to order of 5 are extracted using the Hydrology toolset imple-
mented in Esri® ArcGIS®. The extracted stream network is then used as a template to generate meshes with
varying TCLs.

First, wediscretize thewatershed into a two-dimensional (2-D) triangularmeshusing LeapfrogGeo®. Themax-
imum node spacing (80 m), constant for all the topographic complexity scenarios, is determined as half the
average divide-to-stream distance of the watershed, which is approximated as half the reciprocal of drainage
density (Dingman, 2015; Horton, 1932; Rodríguez-Iturbe&Rinaldo, 1997). Second, to capture local-scale topo-
graphic variability, we prescribemesh nodes with a finer resolution (20m) along the polylines that define the
streams and ridges. Using this approach, we increase the TCL, by progressively including lower-order streams
and their corresponding ridges (Figure 2). For example, TCL1S, the lowest complexity level, only refines the
mesh along the fourth- and fifth-order streams and TCL1SR refines the same streams as TCL1S plus their cor-
responding ridges. TCL4SR, the highest complexity level, refines the mesh along all the streams and ridges
from order of 1 to 5. Refinement features for the TCLs explored are shown in Figure 2.

Finaly, each triangular mesh is extruded vertically to create 3-D triangular prism elements. The top of the
model is the land surface elevation. The bottom of themodeling domain is 3,000m below and parallel to the
land surface. The simulation domain is vertically divided into 29 parallel layers with a thickness that increases
exponentially downward, ranging from 0.1 m for the top layer to 860 m for the bottom layer.
2.1.2. Groundwater Flow
For each geological heterogeneity scenario, groundwater flow is simulated with each of the TCL meshes.
Given that our focus is on topography-driven groundwater flow and its implications for baseflow gener-
ation and solute transport, we simulate saturated, steady state groundwater flow with no sources/sinks
(equation (2)) and assume that the water table is a replica of the land surface elevation (i.e., the terrain ele-
vation corresponds to the prescribed head at the top boundary, equation (3); Freeze & Witherspoon, 1967;
Haitjema & Mitchell-Bruker, 2005; Tóth, 1963). Lateral and bottom boundaries are assumed to be impervious
(equation (4)). The mathematical statement under these assumptions is given by

∇ ⋅ [K ∇h] = 0 in Ω (2)

h(x, y, z = z0(x, y)) = z0(x, y) on 𝜕Ω1 (3)

n⃗ ⋅ [K ∇h] = 0 on 𝜕Ω2and𝜕Ω3 (4)

where h is hydraulic head (L), K is hydraulic conductivity (L/T; equation (1)), z0 is land surface elevation (L) and
is assumed as specified water table for the top boundary condition, n⃗ is the outward normal vector at the
boundary, Ω is the modeling domain, 𝜕Ω1 is the top boundary, 𝜕Ω2 is the lateral boundary, and 𝜕Ω3 is the
bottom boundary.
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The mathematical statement (2)–(4) is solved with HydroGeoSphere (Therrien et al., 2010), a physically
based, fully integrated surface-subsurface 3-D flow and transport code based on a control volume finite
element method.
2.1.3. Groundwater Age
Similarly, for each geological heterogeneity scenario, baseflow mean age is simulated with each of the TCL
meshes. The mathematical statement for the mean age, A (T), is given by

−∇ ⋅ q⃗A + ∇ ⋅ 𝜃D∇A + 𝜃 = 0 in Ω (5)
A = 0 on 𝜕Ω1,in (6)

n⃗ ⋅ (𝜃D∇A) = 0 on 𝜕Ω1,out (7)

n⃗ ⋅ (q⃗A − 𝜃D∇A) = 0 on 𝜕Ω2and 𝜕Ω3 (8)

where q⃗ = −K∇h is the Darcy flux vector (L/T), D is macrodispersion tensor (L2/T), 𝜃 is porosity (-), and 𝜕Ω1,in

and 𝜕Ω1,out represent the areas with flow entering and leaving the domain along the top boundary respec-
tively. Mathematically these boundaries are defined as 𝜕Ω1,in = {x⃗|n⃗ ⋅ q⃗ < 0}, 𝜕Ω1,out = {x⃗|n⃗ ⋅ q⃗> 0}, 𝜕Ω1,in +
𝜕Ω1,out = 𝜕Ω1. Themacrodispersion tensorD is given by 𝜃D = (𝛼l −𝛼t)

q⃗⋅q⃗T

|q⃗| +𝛼t|q⃗|I (Bear, 1972), with 𝛼l and 𝛼t
the longitudinal and transverse dispersivities (L), respectively, and I is the identity tensor. We use 𝜃 = 0.375,
𝛼l = 100 m, and 𝛼t = 30 m for all simulations, which are within the range of field observations (e.g., Gelhar
et al., 1992). HydroGeoSphere is used to solve equations (5)–(8), and a detailed description of the theory and
application of age distributions and their moments can be found in Goode (1996), Varni and Carrera (1998),
Ginn (1999), and Gomez and Wilson (2013).

2.2. Metrics
2.2.1. Baseflow Into Streams
We use baseflow to evaluate the effect of TCL on flow patterns under various geological scenarios. Simu-
lated water flux leaving the domain through the top boundary 𝜕Ω1 (i.e., groundwater discharge) is assigned
to a stream node, using the topography and a steepest descent algorithm, and treated as baseflow, whether
or not the mesh is locally refined. Total baseflow into a stream i of order 𝜔 for a given TCL mesh (cl ∈
{1S, 1SR,… , 4S, 4SR}) is calculated as follows:

Qcl
b,𝜔,i =

∑
j∈Ω𝜔,i

node

|Qj| (9)

whereQj is the volumetric flux associatedwithnode j (L3/T),Ω𝜔,i
node is the set of nodeswithgroundwater leaving

the domain (i.e., node j ∈ Ω1,out) and draining into stream l𝜔,i , determined with the flow directions estimated
during the DEM correction and stream network extraction. i = 1, 2,… ,N𝜔 with N𝜔 the number of streams of
order 𝜔 (𝜔 = 1, 2,… , 5 for the Rio Hondo watershed). The total flux discharging into streams and eventually
leaving the watershed for the entire stream network is calculated as follows:

Qcl
b,T =

∑
∀Qj<0

|Qj| (10)

We use expressions (9) and (10) to propose a normalized baseflow for each stream l𝜔,i :

𝜌clb,𝜔,i =
Qcl
b,𝜔,i

Qcl
b,T

(11)

Finally, to quantify the effect of progressively refining the mesh along lower-order streams, we calculate the
relative difference of the normalized baseflow between models of TCLiclS (icl=1,2,3) and the model with the
mesh that captures all stream orders (TCL4S):

Δ𝜌iclSb,𝜔,i =
𝜌iclSb,𝜔,i − 𝜌4Sb,𝜔,i

𝜌4Sb,𝜔,i

× 100% (12)

then, for example, a positive value of this metric indicates more baseflow into stream link i of order 𝜔 will
result when a mesh with TCLiclS is selected.

Similarly, the effect of capturing ridges is evaluated by comparing results of meshes TCLiclS and meshes
TCLiclSR (icl=1,2,3,4):

Δ𝜌iclSRb,𝜔,i =
𝜌iclSb,𝜔,i − 𝜌iclSRb,𝜔,i

𝜌iclSRb,𝜔,i

× 100% (13)
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2.2.2. Flushing Intensity
The flushing intensity (Gomez-Velez et al., 2014; Zlotnik et al., 2011), an integratedmeasure of the capacity of
the flow system to transport water mass by advection at different depths, is used:

F(z) = 1
S ∫S

√
q2x (x⃗) + q2y (x⃗) + q2z (x⃗)ds, (14)

where S is the area of the layer over which the magnitude of flux is integrated. Flushing intensity provides
a quantitative measure of the groundwater flow system structure at different depths. The flushing intensity
of models with different TCLs is compared with the reference model under the same geologic condition. In
particular, we define the relative differences

ΔFiclS = FiclS − F4S

F4S
× 100% (15)

to quantify the effect of progressively refining the mesh along lower-order streams, and

ΔFiclSR = FiclS − FiclSR

FiclSR
× 100% (16)

to quantify the effect of refining the mesh along ridges.
2.2.3. BaseflowMean Age
Similar to the baseflow rate, we estimate the flux-weighted mean age of baseflow for each stream l𝜔,i
as follows:

Acl
b,𝜔,i =

1
Qcl
b,𝜔,i

∑
j∈Ω𝜔,i

node

|Qj|Aj. (17)

We use the same approach as equations (12) and (13) to quantify the relative difference in baseflowmean age
for each stream. In this case, we use the notationΔAiclS

b,𝜔,i (%) andΔAiclSR
b,𝜔,i (%) for the case with streams only and

streams and ridges, respectively.
2.2.4. Chemical Weathering Flux
The relative magnitude of groundwater residence time compared to the time required for mineral weath-
ering to reach equilibrium controls the concentration of solutes from chemical weathering in catchments,
influences chemical evolution of stream water, and influences CO2 emission and thus Earth’s temperature
(Maher, 2011; Maher & Chamberlain, 2014). Using the analytical solution of a 1-D advection-reaction equation
to describe the solute concentration along one particular flow path, and assuming an exponential distribu-
tion of groundwater residence times, Maher and Chamberlain (2014) propose a lumpedmodel describing the
mean solute concentration C (M/L3) at the catchment outlet:

C = Ceq
𝜏Da

1 + 𝜏Da
= Ceq

(
1 − 1

1 + 𝜏Da

)
, (18)

where Ceq (M/L3) is the thermodynamic limit of equilibrium concentration, 𝜏 = exp(2) ≈ 7.4 is a scaling factor,
which ensures the concentration from one particular flow path reaches 99.9% of Ceq when the travel time
equals the equilibrium time, and Da is Damköhler number defined as the ratio of the mean fluid travel time
Tf (T) to the time required to reach chemical equilibrium Teq (T):

Da = Tf∕Teq. (19)

The equilibrium time for chemical weathering Teq is the ratio of equilibrium concentration Ceq to the reac-
tion rate Rn (M⋅L−3 ⋅T−1) for the reaction of interest. The reaction rate can be estimated as the maximum
reaction rate Rn,max (M⋅L−3 ⋅T−1) times the fraction of fresh minerals fw , which is assumed to be 1 in this
study. We use Ceq = 380μmol/L and Rn,max = 1, 085μmol/L/year, representative of the dissolution of SiO2.
Thus, Teq = Ceq∕(Rn,maxfw) = 0.35 year. The readers are referred to supporting information in Maher and
Chamberlain (2014) for details about these parameters.

Note that we are aware of the fact that the parameter values for chemical weathering should be determined
by thehydrogeologic conditions of thewatershed and theproperties ofminerals of interest. But ourmodeling
in this study is not aimed at reproducing the hydrogeochemical processes in any specific watershed. The
chemical equilibrium time of the dissolution of SiO2 iswithin the range ofmodeled baseflowage in ourmodel
configurations. So it can be used to illustrate the role of chemical equilibrium in influencing the effect of
capturing/missing topographic features on modeled solute output from subsurface chemical weathering.
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Table 1
Total Baseflow (m3/s, Equation (10)) GeneratedWithin theWatershed as a Function of Topographic
Complexity Level (Rows) and Geological Heterogeneity Represented by the Extinction Depth de (Columns)

TCL / de ∞ 1,000 m 333.3 m 100 m 33.3 m 10 m 3.3 m

1S 2,218 1,978 1,685 1,189 698 296 109

1SR 2,224 1,985 1,692 1,196 704 300 112

2S 2,223 1,985 1,692 1,198 706 302 112

2SR 2,239 2,000 1,707 1,211 719 311 117

3S 2,234 1,996 1,705 1,211 719 311 117

3SR 2,272 2,034 1,742 1,246 750 332 127

4S 2,253 2,016 1,723 1,229 734 321 122

4SR 2,298 2,060 1,768 1,273 774 349 136

ΔQcl,max
b,T

(%) 3.5 4.0 4.7 6.5 9.8 15.1 19.4

Note.ΔQcl,max
b,T

. The maximum difference of total baseflow relative to TCL4SR for each de.

Subsurface chemical weathering from watersheds with too small or too large chemical equilibrium time, as
compared to the baseflow age, will be controlled by only the chemical equilibrium time or the baseflow age,
and will not be able to illustrate the interacting effect of baseflow age and chemical equilibrium time.

We assume that the residence time distribution for water discharging to the stream network from each nodal
point in our model can be approximated as exponential with mean residence time Tf = Aj . Effectively, this
approach treats the system as a collection of flow tubes, and it allows us to test the effect of TCL on modeled
weathering at the watershed scale with a parsimonious and insightful modeling approach. Mean solute con-
centration for each stream reach is calculated as the flux-weighted average of solute concentrations of water
draining from all nodal points into that stream:

Ccl
b,𝜔,i =

1
Qcl
b,𝜔,i

∑
j∈Ω𝜔,i

node

|Qj|Cj. (20)

Results formodelswith different TCLs are compared in the samemanner as equations (12) and (13) to evaluate
the effects of mesh TCL on stream chemistry.

3. Results and Discussion
3.1. The Effect of Capturing the Stream Network
In this subsection, we explain in detail the effect of capturing the stream network on the net baseflow
generated in the simulation domain, groundwater flushing intensity, the flow rate, mean age, and solute
concentration of baseflow into stream reaches of different Horton-Strahler stream orders. The effects are
quantified using metrics described in section 2.2. The effect of capturing the stream network differs for
streams of different orders and is influenced by the geological heterogeneity.
3.1.1. Net Flux Generated Within the Domain
For each geological heterogeneity scenario (i.e., distribution of hydraulic conductivity K), the net baseflow
increases as the mesh is refined along more stream or ridge features (see Table 1, which summarizes the net
baseflow generated within the simulation domain). The higher the level of refinement along the stream net-
work and ridges, the higher the hydraulic head gradient driving flow, and the higher the groundwater flow
rate and baseflow into streams. Similarly, mesh refinement allows the model to capture more local-scale flow
paths, increasing the net baseflow and in particular the contribution of younger water (described in detail in
sections 3.1.4 and 3.2.3).

Decreasing the extinction depth for hydraulic conductivity enhances the effect ofmodel TCL on the net base-
flow within the simulation domain (Table 1). The change of net baseflow for the whole domain due to mesh
TCL is less than 10% for extinction depths de ≥ 33.3 m (Table 1). This indicates that for watersheds with frac-
tured and permeable bedrock, which tend to have relatively deep extinction depths, the effect of mesh TCL
on net groundwater discharge is likely to be relatively small. On the other hand, for watersheds where the
permeability of the bedrock decreases relatively fast with depth (de ≤ 10 m), the effect of mesh TCL on net
groundwater discharge within the domain can be significant (of the order of 20%, Table 1).
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Figure 3. Effect of mesh refinement along the stream network (line colors) on the flushing intensity for different geological heterogeneity scenarios (a–g).
Flushing intensity of groundwater flow from models with meshes refined along a different amount of streams (TCL1S, TCL2S, and TCL3S) is compared to the
result from the model with mesh refined along all the stream features (TCL4S). Horizontal axis corresponds to the relative difference of flushing intensity with the
highest level of refinement (TCL4S) as a reference. A negative relative difference implies that missing lower-order streams in the mesh decreases the capacity of
the flow system to transport water mass by advection at different depths. The horizontal solid lines represent the extinction depths.

Themaximum relative difference (ΔQcl,max
b,T in Table 1) of net baseflow caused bymesh TCL for each geological

heterogeneity scenario is relatively small and, in particular, is of the order of magnitude of uncertainty in
typical estimates of recharge (e.g., Healy, 2010; Scanlon et al., 2002) or baseflow separation (e.g., Santhi et al.,
2008) from observations ormodeling. From a practical perspective, for the same geological heterogeneity, all
the TCLs produce approximately the same total amount of baseflow; that is, the net response of the model
is indistinguishable within the range of likely uncertainty. In the following sections we describe in detail the
impact of mesh TCL on the internal characteristics of the flow and transport system.
3.1.2. Flushing Intensity of Groundwater Flow
The magnitude of flushing intensity, a metric of the net capacity of the groundwater flow system to move
water, decreases with depth (Figure S1 in the supporting information). And the flushing intensity is higher for
models with deeper extinction depths (Figure S1). The lack of mesh refinement along lower-order streams
(e.g., TCL1S, TCL2S, and TCL3S) results in a negative bias of flushing intensity when compared with themodel
refined along all streams (TCL4S), and this is consistent for all geological heterogeneity scenarios (Figure 3).
The bias is highest at the surface and progressively decreases with depth. Here it is important to note that the
bias is always smaller than 2%.

Geologic heterogeneity influences the effect of TCL on the flushing intensity. For extinction depths deeper
than 10 m (Figures 3a–3e), decreasing extinction depth enhances the bias of flushing intensity caused by
mesh TCL, and most of the enhancement occurs above the extinction depth (horizontal lines in Figure 3).
This is because shallow extinction depth suppresses the development of the deep intermediate and regional
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Figure 4. Effect of capturing the stream network on the normalized flow rate, mean age, and solute concentration (SiO2 from subsurface chemical weathering, as
an example) of baseflow draining into streams of different orders. The relative difference of each metric is calculated as described in section 2.2. Results from
models with meshes capturing a different amount of stream features (TCL1S, TCL2S, and TCL3S) are compared to the result from the model with mesh capturing
all the stream features (TCL4S). A positive relative difference means more baseflow (a–g), larger baseflow age (h–n), or higher baseflow solute concentration
(o–u) for a stream in a model with mesh TCL1S, TCL2S, or TCL3S compared to the same stream in the model with mesh TCL4S. The median value (dots) and
interquartile range (error bars) of relative differences for streams of each order are plotted. Columns show results for simulations with different extinction depths,
as indicated by the label at the top of the figure. (Mean age simulations using model with de = 100 m, TCL1S and model with de = 33.3 m, and TCL3S have
convergence issues and are not presented.)

groundwater flow paths and enhances groundwater circulation along the shallow local flow paths (Cardenas
& Jiang, 2010). The shallow, local flowpaths are affectedmore by capturing local water table undulations than
the deep regional flow paths. However, as the extinction depth further decreases (Figures 3f and 3g), the bias
of flushing intensity above the extinction depth becomes smaller, but the bias below the extinction depth
becomes larger than for the deeper extinction depth cases.
3.1.3. Groundwater Circulation and Baseflow Generation
In addition to the effect of mesh TCL on the integrated metrics, including the net flux of baseflow generated
within the simulation domain and flushing intensity of groundwater flow through layers, significant and dif-
ferent spatially distributed effects can be found for baseflow, its mean age, and its solute concentration for
streams of different orders (Figures 4, 5, S7, and S8), further reflecting the effect of mesh TCL on the nesting
and spatial distribution of the groundwater flow paths. The flow rate, mean age, and solute concentration of
baseflow into each stream frommodels with TCLiclS (icl = 1, 2, 3) are compared to those from themodel with
TCL4S, following the approach described in section 2.2. We discuss in detail the effect of capturing the stream
network on baseflow (Figures 4a–4g and 5) in this subsection, and on baseflowmean age (Figures 4h–4n and
S7) and solute concentration (Figures 4o–4u and S8) in the next two subsections.

Generally, for models withmeshes that capture less stream features, baseflow into higher-order streams (𝜔 =
3, 4, 5) are dominated by positive bias (more baseflow), while baseflow into lower-order streams (𝜔 = 1, 2)
are dominated by negative bias (less baseflow) (Figures 4a–4g and 5). This can be explained by the ability of
high TCL meshes to capture topographic variability at the local scale and therefore capture high-frequency
spatial variations inwater table that ultimately driveswater through local-scale flowpaths and generatemore
baseflow in low-order streams (Zijl, 1999). Meanwhile, flow through intermediate and regional flow paths is
reduced, resulting in less baseflow into the higher-order streams.

In particular, for the fifth-order stream, baseflow is biased higher in models with TCLiclS (icl = 1, 2, 3) as
compared to model with TCL4S (Figures 4a–4g and 5). As more streams of order lower than 4 are captured
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Figure 5. Effect of capturing the stream network on the normalized baseflow draining into streams. The relative difference is calculated as described in section
2.2. Columns show results from models with meshes capturing a different amount of stream features (TCL1S, TCL2S, and TCL3S) compared to the result from the
model with mesh capturing all the stream features (TCL4S), as indicated by the label at the top of the figure. Rows show results for simulations with different
extinction depths, as indicated by the label at the left of the figure.

by the model (from TCL1S to TCL4S), the positive bias of baseflow into the fifth-order stream decreases
(Figures 4a–4g), which indicates that capturing lower-order streams besides the main stream can have a sig-
nificant effect on simulated baseflow into the main high-order stream. A similar effect can be observed for
fourth-order streams. For third-order streams,when they arenot capturedby themodel (TCL1S), baseflow into
these streams is biased lower (Figures 4a–4g). Once they are captured by themodel (TCL2S and TCL3S), base-
flow into these streams is biased higher, and the interquartile range (IQR) of the bias is smaller. The median
bias decreases from the model with TCL2S to the model with TCL3S, as TCL3S better captures second-order
streams than TCL2S. Following the same thread of thought, baseflow into second-order streams is biased
lowerwhen second-order streams are not captured by themodel (TCL1S and TCL2S) and is biased higherwith
smaller bias IQR when second-order streams are captured by the model (TCL3S).

These biases due to mesh resolution along the stream network are consistent for all geologic heterogene-
ity scenarios, but their magnitude increases with shallower extinction depths (Figures 4a–4g and 5). These
detailed but nuanced effects can be summarized. First, if streams of order𝜔 are not captured in a model with
TCLiclS, then baseflow into streams of order 𝜔 from the model with TCLiclS is less than baseflow into streams
of order 𝜔 from models with meshes that capture streams of order 𝜔. The more streams of order other than
𝜔 are captured in model with TCLiclS, the less baseflow flows into streams of order 𝜔. Second, if streams of
order 𝜔 are captured in the model, then the less streams of order other than 𝜔 are captured simultaneously,
the more baseflow flows into streams of order 𝜔. Third, refining the mesh along streams make those streams
more “competitive” in draining groundwater to generate baseflow. Fourth, refining the mesh along streams
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of certain order affects not only the baseflow into streams of that order but also the subsurface flow paths
across all scales and baseflow into streams of other orders.

For first-order streams, themagnitude of median bias is relatively small, especially for models using hydraulic
conductivities with extinction depths de ≥ 100 m (Figures 4a–4d). The more streams of stream order
higher than one are captured by the mesh, the less the groundwater discharge into first-order streams (e.g.,
Figures 4c, from TCL1S to TCL3S). This is consistent with the effect of mesh TCL on baseflow into second- to
fifth-order streams, as described above. However, the predominant bias of baseflow into first-order streams
changes from negative to positive, with baseflow into second- and third-order streams biased more nega-
tively, as the extinction depth of hydraulic conductivity decreases (Figures 4a–4g). In models with relatively
deep extinction depth (Figures 4a–4c), baseflow into first-order streams is predominantly biased lower when
first-order streams are not captured by the mesh. This is consistent with our explanation that ignoring
local-scale topographic variability along these first-order streams smooths the high-frequency fluctuations
in water table, driving less water through local-scale, short flow paths that drain into first-order streams. For
extinction depths ≤ 10 m (Figures 4f and4g), ignoring first-order streams (TCL1S, TCL2S, and TCL3S) results
in positive bias of baseflow into these streams, as compared to the model with a mesh capturing first-order
streams (TCL4S) .

We further created 2-D cross-sectional models to illustrate the effect of mesh refinement along streams
on groundwater flow paths and baseflow into streams of different orders (Figure 6). The effect of mesh
refinement on the baseflow into each stream from these 2-D conceptual models, as shown in Figure 6a, is
consistent with the results analyzed above for the 3-D model. Figure 6e shows the flow streamlines for the
model with mesh refined at all stream locations, as marked by the solid triangles, and is used as a refer-
ence case for comparison. When the first-order stream is not refined in the mesh, groundwater draining into
the first-order stream through local flow paths decreases, as shown by the sparser streamlines toward the
first-order stream (Figure 6d). When the mesh further misses the second-order stream, groundwater drain-
ing into the second-order stream decreases (Figures 6a and 6c). And similar effect can be observed for the
third-order streams (Figures 6a and 6b). We can also find that when the mesh is not refined at lower-order
streams, streamlinespenetratedeeper andbecome longer (e.g., comparingFigures 6band6e), and this causes
the baseflow age to be biased older (see section 3.1.4 for more details).

Returning to the 3-Dmodel, the IQR of the bias in baseflow is also affected by the model TCL. Low IQRmeans
that the biases are more consistent and closer to the median bias. Generally, the IQR of the bias decreases as
more topographic features are captured by the mesh (Figures 4a–4g). As expected, the bias IQR for streams
of order𝜔 decreases significantly once the streams of order𝜔 are captured by the mesh. Changes of bias IQR
indicate that different streams of the same order have different sensitivity to model TCL in terms of baseflow
generation. The bias IQR increases with decreasing stream order. This is because of the higher number of
lower-order stream reaches and that lower-order streams tend to gainwater from shallower flowpaths, which
are influenced more by capturing topographic variability (Hale & McDonnell, 2016; McGuire et al., 2005).

Decreasing extinction depth of hydraulic conductivity enhances the biasing effect of low TCL. For example,
systems with shallow extinction depth are characterized by higher values of median bias, larger differences
of the bias amongmodel TCLs, and larger bias IQR (Figures 4a–4g). This is consistent with previous modeling
effort where decreasing of the extinction depth enhances the shallow circulation by forcing more water into
shallow and local flow paths (Cardenas & Jiang, 2010).

Althoughweuse an idealizedmodelwhere groundwater table is assumed tobe a replica of land surface eleva-
tion (Haitjema &Mitchell-Bruker, 2005), our findings are consistent with previous studies. For example, Vivoni
et al. (2005) find that a coarsemodel smooths the terrain, reduces the gradients in thewater table topography,
decreases groundwater exfiltration and baseflow discharge, increases surface runoff, and leads to a shift from
slow subsurface runoff to quick surface flow. Although themodel used by Vivoni et al. (2005) involves surface
flow, vadose zone, and shallow groundwater flow processes, their modeling does not attempt to reproduce
deep groundwater flow processes and the effect of capturing stream and ridge features on baseflow dis-
charge at different scales. For some watersheds, deep groundwater flow has been found to be important
for baseflow generation and stream chemistry evolution and is responsible for producing the simple emer-
gent scaling relationship between groundwater contribution to stream flow and drainage area (discussed in
detail in section 3.3; e.g., Frisbee et al., 2011, 2017; Peralta-Tapia et al., 2015). Thus, understanding howwater-
shed topographic complexity affects groundwater contribution to streamflow across scales is important to
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Figure 6. The 2-D cross-sectional Toth model illustrating the effect of capturing the stream network on (a) baseflow into
streams of different orders, caused by (b)–(e) groundwater reallocation through the nested flow paths of different
scales. (a) The proportion of total baseflow into each catchment. (b)–(e) The streamlines (black solid) for each 2-D
model. The flow between each pair of adjacent streamlines is the same throughout the domain, giving denser
streamlines where the magnitude of the flow field is high. Blue triangles in (b)–(e) mark the locations of streams, with
solid (hollow) triangles marking the streams where mesh is (not) refined. (e) Mesh scenario TCL4S where streams of all
orders are used for mesh refinement. (b) to (d) Mesh scenarios with reduced topographic complexity levels (TCLs). This
conceptual model corresponds to systems with relatively deep extinction depths (e.g., de = 1, 000 m).
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building parsimonious watershed scale hydrological models (McDonnell et al., 2007) and improving hydro-
logical predictions in data-sparse regions (Sivapalan et al., 2003).

Furthermore, the biasing effect in baseflowdue to the lack of refinement along low-order streams is expected
to be particularly important when the model is used to reproduce ecological processes and evapotranspira-
tion, given the role that the spatial distribution of stream flow generation can have on riparian vegetation.
A model with low TCL generates more water discharging into the main stream and could make more plants
concentrate along main stream riparian zone and fewer plants along tributaries, thus influencing the spa-
tial distribution of evapotranspiration and further biasing the simulated stream flow spatial distribution and
water balance.
3.1.4. BaseflowMean Age
Generally, the mean age of baseflow for models with low TCL meshes (i.e., capturing fewer lower-order
streams) is predominantly biased older for all stream orders (Figures 4h–4n; note that the vertical age scale
varies with de; Figure S7). However, capturing streams of order 𝜔 can significantly reduce the bias for those
streams (e.g., fromTCL3S toTCL4S for streamorderof 1, fromTCL2S toTCL3S for streamorderof 2, in Figure4h).
This is consistent with the effect of mesh TCL on the normalized flow rate. Capturing high-frequency topo-
graphic features through mesh refinement drives more water through shorter and shallower local-scale
subsurface flow paths and less water through longer and deeper regional-scale flow paths. This leads tomore
young water flowing into lower-order streams and less old water flowing into higher-order streams, which
means that baseflow mean age for models with high TCL is dominantly younger than that for models with
low TCL.

For the first-order streams, age of baseflow for models with TCL1S, TCL2S, and TCL3S is predominantly biased
older than that for model with TCL4S (Figures 4h–4n). Comparing TCL1S, TCL2S, and TCL3S to TCL4S, we
find that the most significant bias is caused by not refining the mesh along first-order streams when second-
to fifth-order streams are captured in the mesh (from TCL4S to TCL3S). This means that when higher-order
streams are captured in themesh, themarginal effect ofmissing first-order streamson the simulatedbaseflow
mean age can be significant for first-order streams. This has important implications for modelers because
typical modeling efforts ignore the low-order streams to reduce computational burden at the expense of
significant biases in mean age for headwater streams. Missing streams of order higher than 1 (TCL2S and
TCL1S) gradually leads to older and older baseflow, but the increase of bias is not as significant as that caused
by missing first-order streams (from TCL4S to TCL3S). The IQR of the bias also increases from TCL3S to TCL1S,
indicating that age of baseflow into first-order streams can also be affected by not refining the mesh along
higher-order streams, which leads to more extreme bias in some stream reaches. This can be informative to
interpret modeling results since it tells us that some stream reaches may have a much higher or lower bias
than the median, suggesting the need of careful interpretation depending on the modeling purpose. These
patterns in bias are consistent for geologic heterogeneities, but themagnitude of both themedian value and
the bias IQR increase as the extinction depth decreases (recall that the vertical age scale varies with de).

For second-order streams, the effect of mesh TCL on baseflow age is similar to that for first-order streams
(Figures 4h–4n). In brief, capturing more lower-order streams from TCL1S to TCL3S decreases the median
value and the IQR of the bias. Themost significant decrease in themedian bias value and its IQR occurs when
we refine the mesh along second-order streams (from TCL2S to TCL3S). Missing first-order streams does not
cause as much bias of mean age for second-order streams (from TCL4S to TCL3S). The bias effect is similar for
different geologic heterogeneity scenarios but is enhanced for hydraulic conductivity with shallow extinction
depth. Similar results can be found for third- and fourth-order streams.

For the fifth-order stream, the bias of baseflow age caused by mesh TCL is within 5% for all geologic hetero-
geneity scenarios but increases as the extinction depth of hydraulic conductivity decreases (Figures 4h–4n
and S3). For the model using homogeneous hydraulic conductivity, there is little bias caused by mesh TCL.
As the extinction depth of hydraulic conductivity decreases, but still deeper than 3.3 m, missing more and
more lower-order streams (TCL3S, TCL2S, and TCL1S) biases the baseflow older (Figures 4h–4m). When the
extinction depth of hydraulic conductivity is very shallow (de = 3.3 m), missing streams higher than order of
1 has no significant impact on the age (TCL1S, TCL2S, and TCL3S), and the bias is mainly caused by missing
the first-order streams (from TCL4S to TCL3S, Figures 4n and S3n). The groundwater circulation system in a
model with shallow extinction depth for hydraulic conductivity is dominated by shallow and local flow paths
(Cardenas & Jiang, 2010) and suppresses the intermediate and regional flow paths. This kind of groundwa-
ter system is more sensitive to capturing first-order streams than to capturing higher-order streams. These
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observations indicate that formodeling inwatershedswhere bedrock permeability decreases fastwith depth,
baseflow into the main stream (fifth order in this study) might not be sensitive to mesh refinement along
streamshigher thanorder of 1but unexpectedly couldbe sensitive tomesh refinement along streamsof order
of 1. The common modeling practice in which the mesh is refined along only high-order streams can lead to
significant bias of the age of baseflow into the main stream. So the modeler should be more cautious to the
effect of mesh resolution along headwater streams for watersheds dominated by shallow flow.

The effect ofmodel TCLonbaseflowmeanagehas similar patterns for hydraulic conductivity fieldswith differ-
ent extinction depths. Capturing detailed local topographic variability affects baseflow age more for models
with shallower extinction depths, as evidenced by the increased magnitude of the median bias and the bias
IQR (Figures 4h–4n and S4h–S4n). In this case, systems with shallow extinction depth force groundwater to
dominantly flow through the upper part of the modeling domain and the effects of capturing local topo-
graphic variability on the spatial distribution of groundwater discharge are enhanced. This is also consistent
with field observations (e.g., Hale & McDonnell, 2016). Watersheds with shallow and relatively impermeable
bedrock are dominated by shallow flow paths. Streamflow mean transit time in these watersheds is more
correlated with topographic indices, including median flow path gradient and median path length, than
watersheds with fractured permeable bedrock (Hale & McDonnell, 2016). If we further look at the same plots
with a fixed scale for y axis (Figures S3 and S4), we can find that the influence of geologic heterogeneity is
more pronounced for extinction depths ≤ 33.3 m, and the age of baseflow into streams of order of 1 to 3
are the most sensitive to mesh TCL (Figures S3l–S3n and S4l–S4n). This indicates that the age of baseflow
in lower-order streams in watersheds with tight bedrock, which have shallow extinction depth, is the most
sensitive to capturing stream features in the mesh.
3.1.5. Solute Concentration of Baseflow
The concentration of solute (SiO2 as an example in this study) from subsurface chemical weathering is a
function of Damköhler number (equation (19)), which is proportional to groundwater residence time. As
groundwater residence time approaches the chemical equilibrium time for the reaction of interest, the solute
concentration approaches the equilibrium concentration (equation (18)). The effect of mesh TCL on base-
flow solute concentration is consistent with that on baseflow mean age; that is, solute concentration is
biased higher when mean age is biased older due to the lack of mesh refinement along low-order streams
(Figures 4o–4u and S8). On the other hand, for the high-order streams, which get very old baseflow, the bias
effect of mesh TCL is diminished due to the constraint of chemical equilibrium concentration (equation (18)).

For first-order streams, low TCL results in longer groundwater residence time (i.e., time available for reactions
to occur) and thus higher solute concentration. The effect of mesh TCL is most significant when the mesh is
not refined along first-order streams (from TCL4S to TCL3S). A similar effect can be found for second-order
streams. But themedianbias iswithin 1%, and the IQRof thebias iswithin 2%,whichmeans that the simulated
baseflow solute concentration is less sensitive to mesh TCL than the flow rate and mean age. This is due to
two reasons. First, for all the model scenarios, more than 60% of stream reaches have baseflow mean age
larger than Teq, which is 0.35 year from the parameters used in this study. The difference in mean age larger
than Teq cannot be reflected in solute concentration due to the limit of chemical equilibrium. Second, solute
concentration is not sensitive to groundwater residence time. In fact, a relative large change in groundwater
residence time results in a smaller change in solute concentration, especially when groundwater residence
time is closer to Teq (supporting information Text S1 and Figure S2).

Mesh TCL has a stronger effect on solute concentration in low-order streams (𝜔 = 1, 2) for models with deep
extinction depth (e.g., the homogeneous K). This is evidenced by themagnitude of themedian value and the
IQR of the bias (Figures 4o–4u). Simulated solute concentration is less affected by mesh TCL in models with
shallow extinction depth (Figures 4s–4u and S8) because baseflow mean age generated by these models
is relatively old (Figures 9m and 9n and 9t and 9u) and the chemical weathering reaches equilibrium well
before the groundwater discharges into the streams. In fact, for de ≤ 33.3 m, more than 99% stream reaches
have baseflow mean age larger than Teq. The high-order streams (𝜔 = 3, 4, 5) also have an unbiased median
concentration when the model TCL changes, because higher-order streams gain water from longer regional
flow paths with relatively long residence time during which the chemical weathering reaches equilibrium
before the groundwater discharges into streams.

3.2. The Effect of Refining the Mesh Along Ridges
In this subsection, we focus on the effect of capturing the ridges of different order catchments. Even if the
mesh is refined along streams of a given order, the lack of refinement along the ridges defining stream
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Figure 7. (a–g) The effect of having the mesh capture the ridges in addition to capturing streams on the flushing intensity of simulated groundwater flow and
the influence of geological heterogeneity. Flushing intensity of groundwater flow from models with meshes capturing streams only (TCL1S, TCL2S, TCL3S, and
TCL4S) is compared to that from models with meshes capturing streams as well as ridges of the corresponding order (TCL1SR, TCL2SR, TCL3SR, and TCL4SR). A
negative relative difference implies that missing ridges corresponding to streams of the same orders in the mesh decreases the capacity of the flow system to
transport water mass by advection at different depths. Different subplots show results from simulations using hydraulic conductivity fields with different
extinction depths, as marked by the solid horizontal lines.

drainage area can cause important biases. Similar to previous sections, we focus on one integrated metric,
flushing intensity, and three spatially distributedmetrics, baseflow, baseflowmeanage, and the concentration
of weathering products in baseflow.
3.2.1. Groundwater Flushing Intensity
If the mesh is refined along streams of certain orders, but not along the corresponding ridges, then an addi-
tional negative bias of flushing intensity can occur (Figure 7). Recall that in this section, the bias is calculated
between themodel withmesh capturing streams only and themodel withmesh capturing streams as well as
ridges of the corresponding order (equation (16)). The bias is largest at the landscape surface and decreases
with depth, but its magnitude is less than 2% (Figure 7). The pattern of the bias is consistent under different
geological heterogeneity conditions, but the magnitude of the bias above the extinction depth is enhanced
when the extinction depth decreases but deeper than or equal to 33.3 m (Figures 7a–7e). When the extinc-
tion depth further decreases (shallower than or equal to 10 m), the magnitude of the bias decreases above
the extinction depth and increases below it (Figures 7f and 7g). If only high-order streams are used for mesh
refinement, then the bias caused by missing the corresponding high-order ridges in the mesh is relatively
small (TCL1S vs. TCL1SR). However, when streams of all orders are used for mesh refinement, the bias caused
by not refining the mesh along corresponding ridges is the largest (TCL4S vs. TCL4SR).
3.2.2. Groundwater Circulation and Baseflow Generation
Not refining the mesh along the ridges corresponding to the order of streams used for mesh refinement
leads to negative bias of baseflow for first-order streams, and positive bias for streams higher than order of 1
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Figure 8. Effect of capturing the ridges in meshes in addition to the stream network on the normalized flow rate, mean age, and solute concentration (SiO2 from
subsurface chemical weathering, as an example) of baseflow draining into streams of different orders. Results from models with meshes capturing only stream
features (TCL1S, TCL2S, TCL3S, and TCL4S) are compared to the results from models with meshes capturing streams as well as ridges of the corresponding order
(TCL1SR, TCL2SR, TCL3SR, and TCL4SR). A positive relative difference means more baseflow (a–g), larger baseflow age (h–n), or higher baseflow solute
concentration (o–u) for a stream in a model with mesh TCL1S, TCL2S, TCL3S, or TCL4S compared to the same stream in the model with mesh TCL1SR, TCL2SR,
TCL3SR, or TCL4SR, respectively. Columns show results for simulations with different extinction depths, as indicated by the label at the top of the figure. (Mean
age simulation using model with de = 100 m, TCL1S, and model with de = 33.3 m, TCL3S, have convergence issues and are not presented.)

(Figures 8a–8g and S9). Decreasing extinction depth increases both the magnitude of the median bias, and

the bias IQR, which is consistent with the effect of mesh TCL on the flushing intensity.

For first-order streams, the biasing effect is more significant when first- and second-order ridges are not cap-

tured by the mesh, but, respectively, first- and second-order streams are captured (TCL3S vs. TCL3SR, and

TCL4S vs. TCL4SR). For second-order streams, when the extinction depth de ≥ 333.3 m, the bias is the most

significantwhen fourth- and fifth-order ridges are not used formesh refinement (TCL1S vs. TCL1SR). Butwhen

the extinction depth de ≤ 100 m, the bias is more significant when lower-order ridges are not used for mesh

refinement (e.g., TCL4S vs. TCL4SR). For third-order streams, bias is minimal between the model TCL2S and

TCL2SR, which means that when streams of order 5, 4, and 3 are used for mesh refinement, the bias caused

by not refining the mesh along corresponding ridges is small. For fourth- and fifth-order streams, the bias

increases as the mesh captures more streams but no corresponding ridges (compare TCL1S to TCL4S with

TCL1SR to TCL4SR).

Generally, ridges become important when corresponding streams are used for mesh refinement. The bias

caused by not refining themesh along the ridges is relatively small when only high-order streams are used for

mesh refinement (e.g., TCL1S vs. TCL1SR). However, if lower-ordered streams are needed for mesh refinement

in order to reduce the bias of simulated hydrological variables (section 3.1), then the mesh should also be

refined along lower-order ridges to reduce the bias. Otherwise, the mesh capturing all the streams (TCL4S),

which is used as a benchmark to evaluate the effect of missing streams, leads to large bias compared to the

model withmesh capturing both the streams and ridges (TCL4SR). Although itmight not be possible to refine

the mesh along all streams and ridges due to the limit of computational capacity, the bias effect of missing

these topographic features should be taken into account when interpreting the modeling results.
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Figure 9. Scaling of normalized flow rate (a–g), mean age (h–n), and solute concentration (o–u) of baseflow with drainage area from models with meshes
capturing streams only. The median value (dots) and interquartile range (error bars) of the variables within bins are plotted. Columns show results from
simulations with different extinction depths, as indicated by the label at the top of the figure. (Mean age simulation using model with de = 100 m, TCL1S, and
model with de = 33.3 m, TCL3S, have convergence issues and are not presented.)

3.2.3. BaseflowMean Age
Capturing only streams but no ridges in the mesh biases the baseflow older (Figures 8h–8n and S10). This
is consistent with the biasing effect on baseflow, because ignoring low-order ridges smooths the local-scale
water table variability and causes more water to flow through longer, regional flow paths and less water to
flow through shorter, local flow paths.

For first-order streams, baseflow is biased older and older when more and more streams are captured by
the mesh but no corresponding ridges are captured (Figures 8h–8n, from TCL1S to TCL4S). For second-order
streams, the most significant bias occurs when second-order streams are captured in the mesh but no ridges
are captured (TCL3S vs. TCL3SR). A similar effect can be found for third-order streams. That is, when all the
third-order streams but no third-order ridges are captured by the mesh, the bias is the most significant. For
fifth-order streams, the bias gets larger when more ridges are not captured by the mesh. The effect of mesh
TCL on baseflow mean age is consistent under different geologic heterogeneity conditions, but the effect is
enhanced in terms of the median bias and the bias IQR as the extinction depth decreases.
3.2.4. Baseflow Solute Concentration
The effect of missing ridges in themesh on baseflow solute concentration is consistent with that on baseflow
mean age, since baseflow solution concentration is directly a function of baseflowmean age (equations (18)
and (19)). The effect ismore significant for lower-order streams and formodelswith shallowextinctiondepths,
but the overall bias is within 3% (Figures 8o–8u and S11). Baseflow solute concentration is not as sensitive
to capturing ridges in the mesh as are the flow rate and mean age, especially for high-order streams and for
watersheds with rapidly decaying hydraulic conductivity and dominated by old baseflow.
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3.3. The Effect of Mesh TCL on Baseflow Spatial Scaling
Some previous studies show that streamflow solute concentration increases with increasing accumulated
drainage area, which is well explained by a 3-D catchment-mixing streamflow generation conceptual model
with a topographically driven nested groundwater flow system (e.g., Frisbee et al., 2011; Peralta-Tapia et al.,
2015). Other studies show that the plot of streamflow solute concentration versus drainage area is scattered
with no significant trending at small scales but asymptotically approaches some median value as drainage
area increases, which is explained by a shallow flow system and 2-D network-mixing streamflow generation
conceptual model (e.g., Temnerud & Bishop, 2005; Uchida et al., 2005). Different forms of the scaling rela-
tionship between streamflow solute concentration and drainage area reveal different roles of groundwater
in runoff generation under different topographic and geological conditions, with implications for modeling
streamflow generation and water quality. Our synthetic models with relatively deep extinction depths (e.g.,
de ≥ 33.3 m) correspond to the 3-D catchment-mixing streamflow generation conceptual model (Frisbee
et al., 2011), and models with very shallow extinction depths (e.g., de ≤ 10 m) correspond to the subsur-
face part of the 2-D network-mixing streamflow generation conceptual model (Frisbee et al., 2011; Temnerud
& Bishop, 2005; Uchida et al., 2005). So we further test if our model can reproduce the spatial scaling
relationshipsbetweenbaseflow,meanage, solute concentration anddrainage areaobserved innaturalwater-
sheds, and the impact of mesh TCL on these scaling relationships. Understanding the influence of capturing
topographic variability under different geological heterogeneity conditions on the large-scale emergent
behavior of baseflow generation is a critical step toward building parsimonious watershed hydrological
models (McDonnell et al., 2007; Sivapalan, 2003).

The flow rate, mean age, and drainage area all range several orders of magnitude and are log-transformed
before spatial scaling analysis. The plot of log-transformed flow rate, log-transformed mean age, and solute
concentration versus log-transformed drainage area shows significant scatter (not shown). The scatter can
be attributed to the complexity of the 3-D topography and topographically driven groundwater flow sys-
tem (Cardenas, 2007; Tóth, 1963). In order to eliminate the influence of scatter on spatial scaling analysis, the
log-transformed flow rate, log-transformed mean age, and solute concentration are binned into intervals of
log-transformed drainage area, following the approach in Kirchner (2009), and the median value and IQRs
within each bin are calculated and plotted, with linear trends fitted to the median values (Figures 9 and S5).

Figures 9 and S5 show strong scaling relationships between flow rate, mean age, solute concentration, and
drainage area. Formodelswith deep extinction depths (de ≥ 33.3m), the spatial scaling of baseflowmean age
and solute concentration is characterized by a positive slope (Figures 9h–9l, 9o-9s, S5h–S5l, and S5o–S5s).
This scaling pattern qualitatively matches the observed spatial scaling of solute concentration from water-
sheds with significant deep groundwater contribution to streamflow (e.g., Figures 7 and 8 in Frisbee et al.,
2017) and the 3-D catchment-mixing streamflow generation conceptual model (see Figure 1 in Frisbee et al.,
2011). For models with shallow extinction depths (de ≤ 10 m), the spatial scaling of baseflow mean age and
solute concentration shows asymptotic behavior (Figures 9m and 9n, 9t and 9u, S5m and S5n, and S5t and
S5u) and is consistent with observations in watersheds with dominant shallow flow contribution to stream-
flow (e.g., Figure 2 in Temnerud & Bishop, 2005) and 2-D network-mixing streamflow generation conceptual
model (Figure 1 in Frisbee et al., 2011).

Moreover, although linear trends are fitted to all the plots in Figures 9 and S5, close inspection of the spatial
scaling of baseflow age and solute concentration from models with deep extinction depths (Figures 9h–9l,
9o–9s, S5h–S5l, and S5o–S5s) reveals that, as drainage area increases, the mean age and solute concentra-
tion decreaseswhendrainage area is smaller than a threshold drainage area of about 1× 105 m2 and increases
at larger scales. This check mark shape scaling pattern is also observed in a real watershed (Figures 6 and
9 in Frisbee et al., 2011). However, Frisbee et al. (2011) were not able to give solid explanation to these dis-
tinct trends at two different scales due to the limited amount of field observations and hypothesized that
it might be caused by the influence of a caldera wall at the headwaters of the studied volcanic watershed
on the groundwater flow path (Frisbee et al., 2011). Interestingly, our models with simple geological hetero-
geneities but different extinction depths (de ≥ 33.3m) all produce the two trends at two scales. This indicates
that the two trends at two scales are probably also closely related to the 3-D topographic structure and the
complex topographically driven groundwater flow system, in addition to the geological structures such as a
caldera wall.
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The flow rate more closely follow its fitted linear trend than do the mean age and the solute concentration
(Figures 9 and S5). The effect of mesh TCL and geological heterogeneity on the slopes of scaling between the
flow rate and drainage area is indistinguishable within their confidence intervals (Figures 9a–9g, S5a–S5g,
and S6a–S6g). Thus, the spatial scaling between baseflow and drainage area is not sensitive to capturing
local-scale topographic variability along streams or ridges. This is partly because the flow rate cannot distin-
guish water from different flow paths as long as the aggregated amount of water into each stream reach is
not significantly affected and thus cannot fully reveal the change of internal flow and transport characteristics
due to the change of mesh TCL.

Forbaseflowmeanage (Figures 9h–9nandS5h–S5n) and solute concentration (Figures 9o–9uandS5o–S5u),
the binned values are more scattered around the fitted trends than is the flow rate. This indicates that the
transport process and stream water chemistry are affected more by multiscale topographic variability and
biogeochemical processes, which is also supported by field observations (e.g., McGuire et al., 2014).

The change of scaling slope ofmean age due tomesh TCL or geological heterogeneity is not significant when
extinction depth de ≥ 33.3 m (Figures 9h–9l, S5h–S5l, and S6h–S6l). But the scaling slope decreases as the
extinction depth further decreases (Figures 9m and 9n, S5m and S5n, and S6m and S6n). When de ≤ 10 m,
the probability density function of baseflow age has a heavy tail (e.g., Cardenas & Jiang, 2010). This is because
although the regional-scale flow paths are suppressed in models with shallow extinction depth, the very old
water from the part of the modeling domain with low hydraulic conductivity, although of low probability
density, still contributes to a large proportion of the baseflow draining out of the domain. Since the mean
value can be influenced by the heavy tail of probability density function, baseflow mean age is very old and
relatively uniform across the whole watershed (Figures 9m and 9n, S5m and S5n, and S6m and S6n).

When the extinction depth is extremely shallow (de =3.3 m), the scaling slope between baseflow mean age
and drainage area becomes negative. This is because the groundwater flow system is dominated by local flow
paths when de is extremely small (e.g., Figure 3 in Cardenas & Jiang, 2010). The topography is more rugged in
the upstream area and results in longer and deeper local flow paths than in the downstream area. Ground-
water from longer and deeper local flow systems has higher mean age, and thus, the baseflow mean age
decreases fromupstream todownstream.Hence aswe capturemore low-order streamsor ridges in themodel
(from TCL1S to TCL4S and from TCL1SR to TCL4SR), the local flow paths in the upstream area get longer and
deeper and generate older baseflow than in the downstream area, which results in a decrease of the scaling
slope as TCL increases (Figures 9n, S5n, and S6n). The change of spatial scaling pattern of solute concentration
is similar to that of mean age (Figures 9o–9u, S5o–S5u, and S6o–S6u).

The low sensitivity of these trends to capturing local topographic variability when de is relatively large indi-
cates that these trends can be general in regions dominated by topographically driven groundwater flow
system, despite the differences in local-scale topographic variability. But the spatial scaling can be more
sensitive to capturing local-scale topographic variability in systems with very shallow extinction depth.

3.4. Discussion of Specified Water Table Assumptions and Model Configuration
In this section, we explain why the Tothian assumption, where the water table mimics the topography, is
suitable and necessary for the purposes of this study. We also discuss the appropriateness of the idealized
model configuration.
3.4.1. Topography as Specified Water Table Assumption
Assuming that the water table is a replica of the land surface topography is appropriate for our research pur-
pose for threemain reasons: First, this study is theoretical in nature, andwe are not aiming at reproducing the
flow and transport pattern for any specific research site but to gain mechanistic insight. So this assumption
does not raise an issue of uncertainty relative to specific site observations (Bresciani et al., 2016). Using land
surface elevation as specified head top boundary condition avoids the uncertainty and complexity of speci-
fying actual water table or introducing recharge and drain top boundary conditions and enables us to focus
on the effect of capturing ridge and stream topographic features on the simulated flow and transport pat-
tern. Second, this assumption avoids the need to solve the highly nonlinear unsaturated subsurface flow and
dynamicwater table, allowing us to explore amyriad of scenarios. Amaximumnode spacing of 80m, which is
equal to half the average divide-to-stream distance of the watershed, is used to ensure that the shape of the
hillslopes can be captured. Further refining the mesh along selected streams and ridges results in 3,101,640
nodes for topography scenario TCL1S and 14,837,010 nodes for topography scenario TCL4SR. A parsimo-
nious configuration for the flowprocess and flowboundary condition is critical for the implementation of this
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study because the large number of numerical mesh nodes used to capture the complexity of the topography
makes solving the unsaturated-saturated flow problem practically infeasible. And third, we believe our con-
clusions should raise attention to the research community on the importance of topography variability along
lower-order streams, which are typically ignored in watershed scale groundwater modeling. This source of
uncertainty should be evaluated whenever it is possible for simple model configurations like the one used in
our study or for more complex fully coupled surface water-groundwater flow and transport models.
3.4.2. Appropriateness of Model Configuration
Ideally, to corroborate the conclusion with observations, models with meshes of different TCLs should
be calibrated to match the observed streamflow, stream solute concentration, etc., and then the per-
formance of models with different meshes should be evaluated. To do this, a fully integrated surface
water-unsaturated-saturated groundwatermodelwill be a better choice than the simplemodel configuration
currently used in order to reproduce the realistic hydrologic processes in the watershed. However, as stated
in section 3.4.1, the spirit of this work and the large number of nodes used to capture topographic variability
prohibits us from further including complex flow processes and boundary conditions in the model. Besides
this, detailed hydrogeologic conceptualization will also be needed. This will, on one hand, call for more geo-
logic survey data, which are not available and, on the other hand, constrain our results to a single watershed
and prohibit us from using various hydraulic conductivity scenarios to generalize our analysis to watersheds
with different bedrock permeability conditions.

Another issue regarding corroborating the conclusion with observations is whether we want to use obser-
vations on transient hydrologic processes or observations representing steady state hydrologic conditions.
Although some spatially distributed observations of the Rio Hondo baseflow and solute concentrations were
collected by our colleagues (Frisbee et al., 2017), they are not long enough to be used to calibrate/validate a
transient model or to represent the steady state hydrologic conditions in the watershed. Spatially distributed
baseflow chemistry measurements are also available from studies on some other watersheds (e.g., Manning,
2011; Manning et al., 2012; Rademacher et al., 2001, 2005), but they are not comprehensive enough to
corroborate our model results.

Despite of the infeasibility of building fully integrated models to represent realistic hydrologic processes and
the lack of comprehensive observations to validate themodeling results, our simplemodel configurationwith
topography-driven groundwater flow assumption and hydraulic conductivity profiles of different extinction
depths qualitatively reproduces various hydrologic features observed in natural watersheds. For example, the
spatial scaling pattern of solute concentration from models including deep groundwater flow (i.e., models
with high extinction depths) is consistent with the 3-D catchment-mixing streamflow generation concep-
tual model that has been tested with field observations in the Saguache and Rio Hondo watersheds (Frisbee
et al., 2011, 2017). Similarly, the spatial scaling pattern of solute concentration formodels with shallow extinc-
tion depths is consistent with the 2-D network-mixing streamflow generation conceptual model that has
been tested in other watersheds (e.g., Temnerud & Bishop, 2005; Uchida et al., 2005). These provide evidence
that the model configuration used in this study is appropriate while using Rio Hondo topography to test our
hypothesis.

Building a realistic model for the Rio Hondo watershed or other watersheds to reproduce the realistic hydro-
logic processes is not the main purpose of this study. Instead, our focus is on the biasing effect caused by not
capturing ridges and lower-order streams in the numerical mesh for the physics-based distributed ground-
water flow and transport models. We simply use the topography of the Rio Hondo, a typical mountainous
watershed, to illustrate the importance of capturing streams and ridges. We believe that the biasing effect
revealed by our analysis exists in the modeling results whether the model is corroborated by the observa-
tions or not, and this kind of uncertainty should be considered while modeling actual hydrologic processes
in natural watersheds.

4. Conclusions

Using various hydrologic metrics, we study the effect of capturing streams and ridges with different resolu-
tions during mesh generation. Eight mesh scenarios with increasing topographic complexity level (TCL) are
created by progressively refining the mesh along low-order streams and ridges. We also explore the influ-
ence that systematic changes in geological heterogeneity have on the importance of mesh TCL by using one
homogeneous hydraulic conductivity and six different exponentially depth-decaying hydraulic conductivity
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fields. The seven hydraulic conductivity fields and eight mesh TCLs result in a total of 56 modeling scenarios.
For all the scenarios, we simulate steady state saturated three-dimensional groundwater flow and mean age.
Multiple lumped and distributed metrics including net baseflow generated within the whole domain, flush-
ing intensity of groundwater flow, baseflow into stream reaches of different orders, flux-weighted baseflow
mean age, baseflow solute concentration from subsurface chemical weathering, and spatial scaling relation-
ship betweenhydrological variables anddrainage area are calculated to evaluate the effect ofmesh TCLunder
different geological conditions. Our results imply that capturing streams and ridges is fundamental to repro-
duce realistic internal groundwater flow and transport characteristics, in addition to the integrated response
like the hydrograph at the watershed outlet (Kirchner, 2006).

The main conclusions are as follows:

Mesh TCL has a relatively small influence on the integrated metrics including net flux, flushing intensity, and
spatial scaling of flow rate, mean age, and solute concentration. However, mesh TCL can significantly affect
the relative amount of groundwater through subsurface flowpaths of different scales and the relative amount
of baseflow into streams of different orders. When compared to the model with the highest TCL, lower TCL
models capturing less topographic features, such as low-order streams or ridges, produce less flow through
short, local-scale flow paths and more flow through longer, intermediate and regional-scale flow paths. This
results in less baseflow into low-order streams andmore baseflow into high-order streams. The baseflow rate
bias due to missing streams or ridges can be up to 10% in systems with deep extinction depths of hydraulic
conductivity fields and 20% in systems with shallow extinction depths of hydraulic conductivity fields.

Meshes that ignore low-order streams and ridges can reduce flow through shallow and short local-scale flow
paths and increase flow through deep and long regional-scale flow paths. This results in lower amount of
young water flowing into low-order streams and larger amount of old water flowing into high-order streams.
The overall effect is that the baseflow into streams of all orders is biased older in models with low TCL than
the models with high TCL which capture more stream or ridge features.

Baseflow solute concentration is less sensitive to model TCL due to the constraint of thermodynamic limit on
equilibrium concentration. In models with rapidly decaying hydraulic conductivity or for high-order streams,
the mean age of groundwater discharging into streams is longer than equilibrium time of chemical reaction.
So in these cases the solute concentration approaches equilibriumconcentration and is affected little bymesh
TCL. For low-order streams in models with slowly decaying hydraulic conductivity, the mean age of ground-
water discharging into streams is shorter than chemical equilibrium time and the change ofmean age caused
by mesh TCL can affect solute concentration in these low-order streams.

A shallower extinctiondepthof hydraulic conductivity enhances the effect ofmesh TCLonflow rate andmean
age of baseflow, because the subsurface flow system is forced at the upper part of the modeling domain and
is affected more by capturing local water table variability. The effect of mesh TCL should be more significant
in models of regions with shallow and low permeability bedrock.

We also suspect that the effect of mesh TCL can be more prominent in models of rugged watersheds with
deep cutting streams and valleys, and high and steep hillslopes, than in relatively flatwatersheds. Rugged and
steep watersheds are typical in mountainous regions, which serves as the water source for mountain front
floodplain and farmland. Thus, neglecting the topographic features of streams and ridges inmodelmesh gen-
eration can seriously bias the simulated spatial distribution of streamflowgeneration, riparian vegetation, and
evapotranspiration and affect water resource management. The bias caused by not refining the mesh along
low-order streams shouldbe taken into considerationwhile interpretingmodeling results, especially inmoun-
tainous watersheds with complex topographic variability. Future research can relax the Tothian assumption
and use more realistic boundary conditions at the surface by incorporating unsaturated zone processes.
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