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Abstract Climate change and nitrogen (N) pollution are altering biogeochemical and ecohydrological
processes in dryland watersheds, increasing N export, and threatening water quality. While simulation models
are useful for projecting how N export will change in the future, most models ignore biogeochemical “hotspots”
that develop in drylands as moist microsites in the soil become hydrologically disconnected from plant roots
when soils dry out. These hotspots enable N to accumulate over dry periods and rapidly flush to streams when
soils wet up. To better project future N export, we developed a framework for representing hotspots using the
ecohydrological model RHESSys. We then conducted a series of virtual experiments to understand how
uncertainties in model structure and parameters influence N export to streams. Modeled N export was sensitive
to three major factors (a) the abundance of hotspots in a watershed: N export increased linearly and then reached
an asymptote with increasing hotspot abundance; this occurred because carbon and N inputs eventually became
limiting as hotspots displaced vegetation cover, (b) the soil moisture threshold required for subsurface flow from
hotspots to reestablish: peak streamflow N export increased and then decreased with an increasing threshold due
to tradeoffs between N accumulation and export that occur with increasingly disconnected hotspots, and (c) the
rate at which water diffused out of hotspots as soils dried down: N export was generally higher when the rate was
slow because more N could accumulate in hotspots over dry periods, and then be flushed more rapidly to streams
at the onset of rain. In a case study, we found that when hotspots were modeled explicitly, peak streamflow
nitrate export increased by 29%, enabling us to better capture the timing and magnitude of N losses observed in
the field. N export further increased in response to interannual precipitation variability, particularly when
multiple dry years were followed by a wet year. This modeling framework can improve projections of N export
in watersheds where hotspots play an increasingly important role in water quality.

1. Introduction

Climate change and atmospheric nitrogen (N) deposition from fossil fuel combustion and industrial agriculture
are accelerating biogeochemical cycling in dryland ecosystems and increasing N loading in streams, which can
pose a major threat to water quality (Borer & Stevens, 2022; Fenn et al., 2003; Liu et al., 2022). However, the
extent to which deposited N is exported to streams remains difficult to predict, in part because models are limited
in their ability to capture fine-scale dynamics occurring in “hotspots”—defined as wetter microsites in the soil that
have disproportionately high rates of biogeochemical cycling—which can strongly influence N fluxes in dryland
soils (McClain et al., 2003). Hotspots can form when soil microsites with relatively high porosity become hy-
drologically disconnected from plant roots as soils dry down. As a result, N can be mineralized and accumulate in
relatively moist hotspots during dry periods and rapidly flush to streams when hydrologic connections reestablish
(Homyak et al., 2016; Leitner et al., 2017; Parker & Schimel, 2011; Schimel & Bennett, 2004). As the global
distribution of drylands expands with climate warming (Seager et al., 2018), and as fossil fuel combustion and
industrial agriculture continue to increase rates of N deposition (Borer & Stevens, 2022), it is critical to better
account for the mechanisms driving N export in models (Gustine et al., 2022; Schimel, 2018).

Hotspots can range in size from locations within soil aggregates (i.e., at the scale of millimeters; Ebrahimi &
Or, 2018; Gardner, 1956) to islands of fertility within landscape patches (i.e., at the scale of individual plants or
plant communities; Osborne et al., 2020). While landscape models may effectively represent islands of fertility by
parameterizing plant physiological processes that promote resource heterogeneity—for example, transpiration-
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driven nutrient accumulation beneath woody plant canopies in savannas (Ridolfi et al., 2008)—representing the
role of fine scale biogeochemical hotspots is much more challenging at watershed scales. For one, soil moisture
and subsurface transport processes are often oversimplified and not fully integrated into landscape-scale N-
cycling models (Ouyang et al., 2017; Poblador et al., 2017; Schmidt et al., 2007; Zhang et al., 2018). When
models do incorporate coupled hydrological-biogeochemical processes, they often reduce spatial heterogeneity
by averaging soil hydraulic parameters across a basin (Crow et al., 2012; Lin et al., 2015; Tague, 2009; Zhu
etal., 2012, 2015). As aresult, these models do not capture the role of soil microsites that remain wetter than bulk
soils for at least some time into the dry season. While more detailed representation of soil heterogeneity is needed,
at least three key uncertainties remain in scaling microsite processes across an entire watershed: (a) how hotspots
are distributed across watersheds (McClain et al., 2003), (b) the amount of precipitation required to reestablish
hydrological connection between hotspots and bulk soils and to generate subsurface flow (Zhu et al., 2018), and
(c) how the physical parameters governing fine-scale water diffusion from hotspots are distributed across a
watershed (Clark et al., 2017).

A common modeling approach to represent the effects of fine-scale spatial heterogeneity on large-scale hydro-
logic fluxes is to incorporate distributions of sub-grid state variables that influence large-scale fluxes (i.e.,
statistical-dynamical flux parameterizations occurring within a grid cell; the smallest spatially explicit model unit;
Clark et al., 2017; Wood et al., 1992). For example, Burke et al. (2021) developed an approach using the eco-
hydrological model RHESSys, which uses a distribution of aspatial, sub-grid vegetation patches that interact to
influence grid-scale ecohydrological processes. For N-cycling, an approach that can represent fine scale soil
aggregates and their distinctive moisture, nitrogen and carbon availability can enable hotspots function to be
included in hillslope to watershed-scale models. By representing these microsites as ‘aspatial’ modeling units—
where the exact location within a larger modeling unit is unspecified—this approach can better capture spatial
heterogeneity without requiring detailed spatial information at sub-grid scales or increasing computational costs.
To better predict how climate change modifies N retention and export, we developed a framework for modeling
belowground hotspots and their interactions with soil moisture and subsurface flow by expanding the Burke
et al. (2021) aspatial approach. This new framework allows us to represent hotspots explicitly across the land-
scape and test uncertainties related to hotspots distribution and connectivity.

Our new modeling framework enables N to accumulate in fine scale hotspots—represented aspatially within 10-m
resolution grid cells—which contain sufficient moisture for decomposition to occur but are hydrologically
disconnected from roots when the soils dry out. These fine scale hotspot patches slowly lose water through
diffusion and evaporation over the course of the dry season and can become hydrologically reconnected to the
surrounding vegetated patches when soils wet up. Using this framework, we conducted a set of virtual experi-
ments in a dryland, chaparral watershed in southern California to characterize model sensitivity to three key
sources of uncertainty: (a) the area percentage of hotspots within the watershed, (b) the length of time it takes for
water to diffuse from hotspots during periods of drought, and (c) the moisture conditions under which hydro-
logical connectivity between hotspot and non-hotspot locations reestablishes. Finally, we used field observations
of N export to optimize the parameters controlling N dynamics and then with an optimized model, we investigated
how precipitation patterns can influence hotspot effects on N export. This case study demonstrates how our
modeling framework can be used to improve theoretical understanding of the role biogeochemical hotspots play
in N cycling and retention in drylands.

2. Methods
2.1. Study Area

Model simulations were conducted in the Bell 4 basin (0.14 kmz), which is part of the USDA Forest Service San
Dimas Experimental Forest located northeast of Los Angeles, California (34°12°N, 117°47°E; Figure 1). Ele-
vations in Bell 4 range from 700 to 1,024 m. The topography is characterized by steep slopes with steep channel
gradients. Soils are shallow, coarse-textured sandy loams, which are weathered from granite (Chaney et al., 2016;
Dunn et al., 1988) and classified as Typic Xerorthents (Soil Survey Staff, 2022). The region has hot, dry summers
(June to September around 14 + 18 mm precipitation, daily average temperature 23 + 4°C) and cool, moist
winters (696 + 380 mm precipitation, daily average temperature 14 + 5°C); mean annual precipitation is around
710 £ 402 mm. Vegetation cover is mainly mixed chaparral with chamise (Adenostoma fasciculatum), ceanothus
(Ceanothus spp.), and black sage (Salvia mellifera) on south-facing slopes; ceanothus and California laurel
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Figure 1. Bell 4 watershed in the USDA Forest Service San Dims Experimental Forest located in southern California, U.S.
(34°12°N, 117°47 E). The watershed is 0.14 km?.

(Umbellularia californica) on north-facing slopes; and some live oak (Quercus agrifolia) along riparian areas
(Wohlgemuth, 2006).

2.2. RHESSys Model

The regional hydro-ecologic simulation system (RHESSys) is a spatially distributed, process-based model that
simulates interacting ecohydrological and biogeochemical processes at multiple scales (B. Chen et al., 2020;
Hanan et al., 2017; Tague, 2009; Tague & Band, 2004). The smallest spatial unit is the “patch,” which has a 10-m
resolution in the current study. At the patch scale, vertical hydrologic fluxes include canopy interception, tran-
spiration, evaporation, infiltration, capillary rise, and drainage from the rooting zone to the saturated zone. Carbon
(C) cycling processes are tightly coupled with hydrology and soil moisture and include photosynthesis, allocation
of net photosynthate, plant and soil respiration, and litter and soil decomposition. Nitrogen cycling includes
atmospheric N deposition, mineralization, nitrification, immobilization, denitrification, plant uptake, and export
to streams (Figure 2, Hanan et al., 2017; Lin et al., 2015). RHESSys has been parameterized and validated in

several watersheds across the western USA (Burke et al., 2021; Garcia et al., 2016; Ren et al., 2021, 2022;

Tague, 2009), including in several chaparral watersheds (e.g., X. Chen et al., 2020; Hanan et al., 2017, 2021;
Meentemeyer & Moody, 2002).
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Figure 2. Conceptual diagram of nitrogen pathways in RHESSys, modified from Lin et al. (2015).
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There are four layers for vertical soil moisture processes, including a surface detention store, a root zone store, an
unsaturated store below the root zone, and a saturated store. The vertical hydrologic processes also include canopy
layers, snowpack, and litter moisture stores. Rain throughfall from multiple canopy layers and a litter layer
provide potential infiltration. Then the surface detention storage receives water from canopy throughfall and
snowmelt at a daily time step. Following precipitation and throughfall, water infiltrates into the soil following the
Phillip (1957) infiltration equation. At a daily timestep, ponded water that has not infiltrated is added to detention
storage and any water that is above detention storage capacity generates overland flow.

Infiltration updates one of three possible stores: a saturated store when the water table reaches the surface, a
rooting zone store, or an unsaturated store for unvegetated patches. A portion of infiltrated water can bypass the
rooting zone and unsaturated store through macropores. This bypass flow (carrying N) is added to a deeper
groundwater store at the subbasin scale (Figure 2). Water drains vertically from the unsaturated store or root zone
store based on hydraulic conductivity. Capillary rise moves water from the saturated zone to the root zone or
unsaturated store based on Eagleson (1978). Lateral fluxes can occur through both shallow subsurface flow
between patches and through bypass flow that contributes to a deeper hillslope-scale groundwater flow model.
Shallow subsurface saturated flow between patches follows topography and changes with saturation deficit and
transmissivity.

Hydrologic fluxes interact with several vegetation and soil parameters to influence biogeochemical cycling.
RHESSys has four litter and four soil pools with varying C:N ratios and decomposition rates. Litter pools have
two types of inputs: (a) leaves and coarse wood debris from aboveground vegetation and (b) fine root turnover.
Decomposition is calculated as a defined maximum decomposition rate that is modified by soil moisture, soil
temperature, and nitrogen availability. Higher organic matter and lower leaf and litter C:N ratios increase
decomposition rates. N mineralization and immobilization are calculated based on the C:N ratios of the litter and
soil pools where C and N are being transferred (e.g., litter 1 to soil 1; Hanan et al., 2017; Tague & Band, 2004).

Nitrification rates in RHESSys are calculated based on the CENTURY g model, where the nitrification rate is
a function of soil pH (f,;; Hanan et al., 2017), moisture (fy,0), soil temperature (f7), and available soil
ammonium ( fyg,; Parton, 1996):

Nnitrif = s5o0il. NH4 XfI;H XfH20 XfT Xf}‘VH,, (1)

The pH scalar (Hf,) is calculated as:

_0.56 + arctan (z X 0.45 X (=5 + pH))
z

bu @)

The soil moisture scalar (f;,) is calculated as:

N

a—>b a—c

where a, b, ¢, and d are parameters related to soil texture based on Parton (1996) and € is volumetric soil moisture.

The temperature scalar (f7) is calculated as:
fr = 0.06 4 0.13exp® 07w 4)

where T, is the surface soil temperature in degrees C.

oil

The ammonium concentration available for nitrification is calculated as:

Hm, =1.0— expl=0-0105 5 NHico,c] )

where NH,,,. is the soil ammonium concentration in the fast-cycling soil layer.
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N loss includes subsurface lateral flow of ammonium, nitrate, and dissolved organic N (DON) and denitrification.
Denitrification is calculated based on a maximum denitrification rate (Ryo,). and is modified by soil moisture

(fu,0) » and soil respiration (fy,.co,) :
Naeninrif = Ryvoy X fyy, 0 X furco, (6)

The maximum denitrification rate is calculated as:

a tan (;z % 0,002 X (L - 180))

Nioir+Coit

RN03 = 0.0011 + (7)

T

where NO; |, is the available nitrate (kg N m~?) in soil and N,,;; and C,,, are soil N (kg N m~2) and C (kg C m™>)
amounts, respectively.

The soil moisture limitation is calculated as:

ﬁlzo = ‘ (8)

0, a, b, ¢, and d are defined in Equation 3 above.

The effect of soil respiration is calculated as:

0.0024
fhrC02 = IW —0.00001 (9)

2G5y

where hr is total daily respiration (g N m™2 day™").

Nitrate enters the soil through infiltration from the surface detention store. Nitrate in the soil is transported by
subsurface flow in the saturated zone, while in the unsaturated soil, there is no lateral nitrate transport (B. Chen
et al., 2020; Tague & Band, 2004). The amount of nitrate in the unsaturated soil, including root accessible un-
saturated soil, is maintained through the balance of input processes (nitrification and N-deposition) and loss
through plant-uptake, denitrification, and export. The vertical distribution of current soil nitrate within the un-
saturated zone determines the proportion that is flushed by rising water tables (saturated zone water). The vertical
distribution of nitrate in the soil profile of the unsaturated zone is assumed to follow an exponential decay
function, where the surface layer has more nitrate and deeper soil has less. The available nitrate at soil depth z is
calculated as:

NOS'soil(Z) = NOS'surface X exp_Ndl)Lm‘XZ (10)

where NOj3_,,7ac. 18 nitrate at soil surface and Ny, is a soil specific parameter that defines the rate of nitrate
decay. When water is moving between the unsaturated zone and the saturated zone, through downward leaching
or upward capillary rise, nitrate moves with water based on its concentration.

Nitrate export follows the flushing hypothesis (X. Chen et al., 2020). As the water table rises, more N becomes
available for flushing. The total soil nitrate export (NO; ,,,) is calculated as the integration of soil nitrate below
the water table:

s
q:
N03_nut = / S_ZN03_50i1N03_m0bile (1 1)
z

Zmax

where z,,,,, is the maximum water table depth, z, is current water table depth, g_ is the net lateral transport of water
from the patch at depth Z; S is the soil water content (in meters) and NOj ;. is @ parameter that defines the
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Figure 3. Conceptual overview of hotspots patches nested within each patch family. Each year, vegetated patches share litter
C and N with hotspot patches from the portions of their stores that are greater than the patch family means. Note that the
conceptual figure does not indicate that there is only one hotpot and one non-hotspot patch in a patch family, but rather
represents their cover fraction. Key model uncertainties include: (a) hotspot cover fraction m%, which can vary by location,
(b) local routing of water and N in the unsaturated zone between aspatial patches based on the mean water content of the
patch family, which can be mediated by sharing coefficients sh_I and sh_g; and (c) topographic routing in the saturated zone
from patches in one patch family to patches in downslope patch families, which can be controlled by a soil moisture threshold
0,,- The dashed lines signify that hotspots are hydrologically disconnected from non-hotspot patches during dry periods but
reconnect during wet periods when soil moisture in non-hotspot patch is larger than 8,,. The extent of hydrological routing
between hotspot and non-hotspot patches is controlled by 8,,, which can be calibrated to match field observations.

portion of nitrate that is mobile (related to soil type). For example, sandy soils have lower surface area available
for cation retention than finer soils, therefore causing higher NO; mobility (Hallag, 2010; Hassink, 1994;
Witheetrirong et al., 2011). Mobile surface N can also be transported to deep groundwater through preferential
flow paths.

Recent improvements to RHESSys enable users to account for fine-scale (within patch) heterogeneity (e.g.,
different types of vegetation cover and associated soil layers that may share water within a single patch; see Burke
et al., 2021 for details). These are referred to as “aspatial patches.” When running RHESSys using the aspatial
patch framework, “patch families” become the smallest spatially explicit model unit, and aspatial patches (nested
within a patch family) are the smallest aspatial model unit. Note that an aspatial patch within a patch family is used
to represent a distribution of a given vegetation type (e.g., trees or shrubs) based on observed (or hypothetical)
distributions. It can, but does not necessarily, represent a single stand or clump of vegetation cover; vegetation
from a single aspatial patch within a patch family does not have a defined distribution in RHESSys, so the
assumption is that biophysical interactions, such as the extent to which a given cover type shares water, are more
important than their physical location within the finest grid cell. Because there are no physical locations of
aspatial patches within a patch family, within patch heterogeneity can be modeled without explicitly parame-
terizing and modeling fine scale spatial units that would be both computationally prohibitive and nearly
impossible to parameterize with measured data.

Local water routing between aspatial patches inside a patch family is based on root access to shared storages of
water (Figure 3). Local routing allocates water between aspatial patches based on user defined rules. Local routing
within the patch family occurs in addition to traditional hillslope routing which moves water laterally based on
elevation gradients. Most commonly, water is distributed among aspatial patches as a function of relative dif-
ferences between their rooting and unsaturated zone water contents and mediated by gaining and losing co-
efficients defined for each cover type.
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In this framework, an aspatial patch will gain water if its soil water content is below the patch family mean and
will lose water if it is above the mean, with the rate of water transfer controlled by sharing coefficients: loss
coefficients (sh_l) and gain coefficients (sh_g). sh_I multiplies the water fluxes out of a patch and sh_g multiplies
the water fluxes into a patch. Inside of a patch family, the total water loss is calculated as the sum of soil water
content that is above the patch family mean multiplied by sh_1. Conversely, the total water gain is calculated as the
total water loss multiplied by sh_g, which is then evenly distributed among all water-gaining patches. To maintain
water balance, any excess water (total loss — total gain) is redistributed back to the water-losing patches and
evenly allocated among them. Sharing coefficients are used to capture the integrated effects of uncertain, fine-
scale variation in root distributions, and how root distributions and forest structure interact with fine-scale soil
drainage characteristics. Nitrate and dissolved organic C are exchanged along with water during local routing.

2.3. Model Development

To enable RHESSys to account for biogeochemical hotspots, we expanded the aspatial patch framework to
incorporate “hotspot” aspatial patches within each patch family. These hotspot aspatial patches represent a
distribution of unvegetated microsites where biogeochemical cycling can be hydrologically disconnected, as soils
dry out, from aspatial patches that contain plant roots (Figure 3). To model hotspot aspatial patches (hereafter
called hotspots), we implemented three key model developments: (a) model algorithms that enable hotspots to
access soil and litter C and N from neighboring non-hotspot patches for decomposition and biogeochemical
cycling, and (b) algorithms and parameters that control the moisture conditions under which hotspots are hy-
drologically disconnected from other aspatial patches in the saturated zone, (c) parameters that control water
diffusion in the unsaturated and/or root zone between hotspot and non-hotspot patches as soils dry out.

Research has shown that N-rich microsites can occur in unvegetated locations where there is less N uptake and
less water demand from plants (Zhu et al., 2018). In the original RHESSys framework, unvegetated patches were
used to represent large (e.g., 10 to 30-m resolution) areas with no vegetation. Without vegetation inputs, these
patches did not develop C and N stores to support microbial biogeochemical cycling. To generate hotspots, we
implemented a litter sharing scheme that moves litter from vegetated aspatial patches to hotspots at an annual
timestep to coincide with litter fall (Figure 3). Because we assume that hotspot aspatial patches occur at fine scales
across a given 10-m resolution patch family, it is reasonable to assume that they have access to plant litter for
decomposition and N cycling from other aspatial patches within the patch family. The amount of litter shared
(CNy,yy) is a function of the mean litter C and N content of the patch family (CN,,,,,,,), where the amount of C and
N in a hotspot patch after litter sharing (CN,q,,,,) cannot be above the patch family mean (Equation 12). To
enable N cycling in hotspots, hotspots also have access to 1% of the slow cycling (i.e., protected or passive) soil
organic C and N pools from the vegetated patch families. The litter C and N routing is described as

Tyeq
( D (CNyeg_i = CN yean) X coefAlitler)

i=1

CN, share = (12)
nhorspot

CNhotspat_after = min (CNhotspnt_befure + CNshares CNmean) (1 3)

CNveg_afrer_i = CNveg_i - (CNveg_i - CNmean) X coefAlitler (]4)

where, n,,, is the number of non-hotspot patches in a patch family, CN,,, is the amount of litter C and N in a non-
hotspot patch, 72y, 1S the number of hotspot patches in a patch family. Coef_litter is the sharing coefficient

parameter that controls the amount of litter sharing. Hotspot patches can also be assigned a finer soil texture (e.g.,

veg

loam), which can hold more water than non-hotspot patches. In the current model, non-hotspot patches were
comprised of sandy loam (based on the POLARIS database; Chaney et al., 2016).

To control subsurface hydrologic flow from hotspots to vegetated patches, we set up a soil moisture threshold for
non-hotspot patches (6,;,), above which, water flows into them from the saturated zone in hotspots. In other words,
when non-hotspot patches dry down, they become hydrologically disconnected from hotspots and they become
reconnected when soils wet up (Figures 3c and Equation 15).
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0,cg > Oy, 2 water and nitrate leaching from hotspots to neighboring non — hotspot patches
(15)

Opeq < Oy 2 no subsurface flow from hotspots to neighboring non — hotspot patches

where 6,,, is the soil moisture in non-hotspot patches.

veg

This threshold is used to define a condition where “water films” can form as soils dry down, which enables
biogeochemical cycling while reducing nitrate leaching from hotspots over the course of the hot, dry summer
(Parker & Schimel, 2011). When soils rewet at the onset of the rainy season, the water table rises, and hydrologic
connectivity reestablishes between hotspot and non-hotspot patches. This can lead to rapid nitrification and nitrate
export before plants become active and gain access to N that accumulated during dry periods of hydrologic
disconnection (Parker & Schimel, 2011). While the thresholds at which hydrologic connectivity reestablishes are
not currently well established, the threshold parameter can be calibrated to match field observations.

Although subsurface flow from hotspot patches remains somewhat disconnected during the dry season, water can
still slowly diffuse from hotspots as soils dry out. To account for this, we developed water sharing coefficients that
constrain local routing to and from hotspots and the unsaturated and rooting zone in the surrounding non-hotspot
patches (Figure 3a). During the dry season (June to November), the default si_g was set to 0.05 and si_[ was set to
0.9 to simulate hotspots losing water. During the wet season (December to May), the default sh_g was 0.9 and sh_[
was 0.05 to simulate hotspots gaining water. We rely on sharing coefficients here to capture “film” dynamics that
depend on micro-scale characteristics that are not feasible to explicitly model but have been documented to
influence hot-spot dynamics in field and lab studies (Homyak et al., 2016; Parker & Schimel, 2011). To sum-
marize, while soil moisture gradients control whether routing occurs in the saturated zone between hotspot and
non-hotspot patches, the sharing coefficients control the rate of local water transfer in the unsaturated zone.

2.4. Data

To generate metrological inputs for RHESSys scenarios in Bell 4 using the new hotspot framework, we compared
daily meteorological data from gridMET (Abatzoglou, 2013), including maximum and minimum temperatures,
precipitation, relative humidity, radiation, and wind speed, from 1979 to 2020, to daily meteorological data at a
station located near Bell 4 (San Dimas Tanbark) from the USDA Forest Service (USFS). Because gridMET
matched closely with ground station data but did not require gap filling, gridMET was selected as a suitable
meteorological forcing data set for our analyses. To calibrate drainage parameters, we used streamflow data from
the USFS for the years 1980-2002; data were missing for some months (Figure 4). Because vegetation has
different growth and transpiration rates after fire, which leads to non-steady state conditions, we omitted 8 years
of streamflow data (1984-1992) following a prescribed fire that occurred in 1984 (Meixner et al., 2006). We
selected streamflow data from 1993 to 2002 for model calibration and 1980 to 1983 for validation (described in
Section 2.5 below).

We used a 10-m resolution Digital Elevation Model (DEM, aggregated from 1-m resolution LiDAR) to delineate
slope, aspect, and wetness index at the patch family scale across the watershed. Aspatial patches are situated
within the 10-m resolution patch family and include both vegetated areas and soil aggregates that are isolated from
plant roots and may serve as potential hots spots. In total we delineated 1,259 10-m resolution patch families for
Bell 4. To map landcover, we aggregated 1-m resolution land cover data from the National Agriculture Imagery
Program (NAIP; collected on 5 June 2016) to 3-m and classified three land cover types: chaparral, live oak, and
bare ground (Maxwell et al., 2017). We then overlapped the 10-m resolution DEM with 3-m vegetation cover data
to classify aspatial patch distributions in each patch family using a k-means function (Hartigan & Wong, 1979) in
R version 4.3.0 (R Core Team, 2022). This resulted in approximately 11 aspatial patches in each patch family and
375 different vegetation combinations across the watershed. In total, there were 13,716 aspatial patches for Bell 4.
We acquired soil texture data from POLARIS (Chaney et al., 2016).

2.5. Model Initialization, Calibration, and Evaluation

We initialized the soil C and N pools by running the model until the pools stabilized. For the vegetation C and N
pools, we used a target-driven method that allows vegetation in each patch family to grow until it reaches target
leaf area index (LAI) values from remote sensing data (Hanan et al., 2018). This method enables C and N pools to
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Table 1

Parameters Used for Calculating LAI From NDVI
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Figure 4. Streamflow and climate data for Bell 4. The temperature is yearly average, and streamflow is calculated as the
volume divided by the catchment area (0.14 km?). The red shaded period of streamflow data followed a large fire and was
therefore not used for calibration.

spin up mechanistically while still capturing landscape heterogeneity resulting from local resource limitations and
disturbance histories. To construct a map of target LAI values, we chose the clearest available NAIP image during
the growing season (i.e., 24 April 2010). We then calculated NDVI using Equation 16.

NDVI = PNIR — PR (16)
PNIR T PR

In this equation, p is the reflectance in the near-infrared, and py, is reflectance in the red (Hanan et al., 2018).
We then estimated LAI using a generalized NDVI-LAI model developed by (Baret et al., 1989, Equation 17).

LAl = —

1 NDVI,,. — NDVI
In ( max ) (17)

-X
k NDVI,.. — NDVIyur

Here, k is the extinction of solar radiation through a canopy. NDVI, is the maximum NDVI occurring in the
region, and NDVI, ., is the background NDVI (i.e., from pixels without vegetation). When NDVI is equal to
NDVI,,,, we assign the infinite LAI value as the maximum observed LAI in this region based on literature
(Garson & Lacaze, 2003; McMichael et al., 2004). We obtained k value from Smith et al. (1991) and White
et al. (2000). The other parameters were obtained for each vegetation type (Table 1).

We used observed streamflow for Bell 4 to calibrate six soil parameters: saturated hydraulic conductivity (K,),

the decay of K, with depth (m), pore size index (b), air entry pressure (¢), bypass flow to deeper groundwater

storage (gw,), and deep groundwater drainage rates to stream (gw,). We selected the best parameter set by

comparing observed and modeled streamflow using monthly Nash-Sutcliffe efficiency (NSE; Nash & Sut-

cliffe, 1970) and percent error in annual flow estimates. NSE is used to evaluate peak flows and can range from

—oo to 1, where 1 represents a perfect fit between modeled and observed data. Percent error is used to compare
differences between the total quantity of modeled and observed streamflow;
values closer to zero represent a better fit.

2.6. Sensitivity Analyses and Simulation Scenarios

Vegetation type k

NDVI NDVI,

max

After model initialization and calibration, we used the new model framework

Live oak 0.500
Chaparral 0.371

0.379 —0.160 to build in hotspots. We assumed the hotspots were evenly distributed across

0.372 —0.160 the landscape and converted one bare ground patch inside of every patch
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Table 2
Default Parameters for Hotspots
Parameters Value
Sharing coefficient of losing water in unsaturated zone from hotspots (sh_I) Dry season: 0.9 Wet season: 0.05
Sharing coefficient of gaining water in unsaturated zone of hotspots (sh_g) Dry season: 0.05 Wet season: 0.9
Soil moisture threshold of non-hotspot above which water in saturated zone flows from 21%
hotspots to non-hotspot (6,;,)
Percentage cover of hotspots 9.1%
Sharing coefficient of litter from non-hotspot patches to hotspot patches (coef_litter) 1

Note. Sh_l and sh_g control water diffusion in the unsaturated zone between hotspot and non-hotspot patches, the default values promote strong seasonality in hotspot
soil moisture. The soil moisture threshold controls water flow in the saturated zone between hotspot and non-hotspot patches; the default value promotes the maximum
peak streamflow N. We defined one aspatial patch as a hotspot inside of each family. This leads to 9.1% cover of hotspot patches evenly distributed across the landscape.

family to an aspatial hotspot patch. Note that this does not mean that there was only one hotspot in a patch family,
but one aspatial patch was used to represent the distribution (or percent cover) of fine scale hotspots. If no bare
ground patches existed in the patch family, we instead converted a chaparral patch to an aspatial hotspot patch.
Because there were approximately 11 patches in each patch family, this setup resulted in approximately 9% of
each patch family (and of the overall basin) consisting of fine scale hotspots. We also assigned a loam soil texture
to hotspot patches to represent the soil physical properties that may also increase moisture retention. The default
parameters used to represent hotspot hydrological and biogeochemical dynamics are shown in Table 2.

To evaluate the uncertainties related to model structure and parameters, we conducted a set of virtual experiments,
or sensitivity analyses. For each sensitivity analysis, we ran RHESSys for 60 years by looping the available
climate data from 1979 to 2020. Results are presented as simulation years and capture the climate variability from
the available records. First, we examined how the percentage cover of hotspots can influence N export. We built
hotspot patches from zero percent to 13.7% at 2.3% increments (i.e., 0%, 2.2%, 4.5%, 6.8%, 9.1%, 11.4%, 13.7%).
When the hotspot percentage was equal to 9.1%, there was exactly one aspatial hotspot patch in each patch family.
When the hotspot percentage was larger than 9.1%, we needed to convert two aspatial patches in some patch
families to hotspot patches. For example, the scenario with 11.4% hotspot cover at the watershed scale required
2.3% of patch families to have two aspatial hotspot patches. We emphasize this does not mean that there were only
one or two hotspots in a patch family, but one or two aspatial patches were used to represent their distribution.

Second, we investigated how the saturation status of hotspots influences nitrate export. We built three soil
moisture conditions for hotspots by changing the sharing coefficients for local routing, which influenced con-
nectivity between hotspot and surrounding patches (Figure 3b): wet (sh_l was 0.05 and sh_g was 0.9 throughout
the year; water diffused slowly from hotspots), dry (sh_l and sh_g were set to default values, hotspots diffused
water quickly during the dry season), and intermediately moist (sh_l was 0.1 and sh_g was 0.8 during the dry
season but used default values in the wet season; water diffused from hotspots at an intermediate rate). The
hotspots in the wet scenario were saturated almost all the time and had small interannual variations in soil
moisture. The hotspots in the dry scenario lost water during dry periods and had large interannual soil moisture
variations. The hotspots in the intermediately moist scenario had soil moisture dynamics in between the levels
observed in the dry and wet scenarios (Figure 5).

Lastly, we examined how uncertainty in the subsurface connectivity threshold parameter, which determines when
non-hotspot patches become reconnected and can receive substantial N and water from the hotspot (@,,;
Figure 3c). By establishing conditions for this larger scale connectivity, this parameter can influence streamflow
nitrate export. We then compared modeled streamflow nitrate export (under a range of parameter values based on
the range of basin scale soil moisture: 0.15, 0.21, 0.25, 0.31, 0.35) to observed data (from 1988 to 2001).

Following the sensitivity analyses, we used available data and literature to estimate the most likely value for these
parameters. We selected hotspot abundance of 9.1% assuming every patch family had the same hotspot coverage
(using the default value in Table 2). We then selected the “dry” hotspot scenario to most closely match the
seasonality of N dynamics observed in dryland ecosystems (Parker & Schimel, 2011). Finally, as a simple
calibration strategy, we selected a value for the soil moisture threshold parameter that enabled us to best capture
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Figure 5. Hotspot volumetric soil moisture (unitless, in the scale of 0—1) conditions used to examine the sensitivity of N cycling and export to hotspot soil moisture

saturation status and timing.

observed peak N export (as a function of the NSE). Then using these values, we conducted modeling scenarios to
investigate how biogeochemical hotspots influence N export.

Modeling scenarios were based on the presence or absence of biogeochemical hotspots. For the hotspot scenario,
we used the optimized soil moisture threshold determined using the approach described above, along with default
parameters shown in Table 2, which created “dry” hotspots (i.e., with rapid water diffusion) that had distinct
seasonality in denitrification, with very low denitrification during the dry summer, as observed in field data (Li
et al., 2006; Parker & Schimel, 2011). In this scenario, the hotspot patches received litter and soil C and N from
vegetated patches and both biogeochemical and hydrologic processes still occurred within the hotspot patches.
For the non-hotspot scenario, we used unvegetated patches in place of the hotspot patches, in which the soil and
vegetation C and N pools were initialized to zero. However, in these unvegetated patches, we did not route litter
and passive soil C and N from the vegetated patches. As a result, only hydrologic processes occurred there. We
ran these two scenarios for 120 years, 60 years to stabilize the hotspot patches, and another 60 years to compare
differences between scenarios.

3. Results
3.1. Initialization and Calibration Results

Using the target-driven initialization method of Hanan et al. (2018), we were able to capture the spatial distri-
bution of leaf area index (LAI) and associated C stores across the Bell 4 watershed, with some minor un-
derestimates in riparian areas (covered by live oak) and overestimates in a small percentage of patches, which
occurred because RHESSys allocates C to LAI at the end of each growing season. Therefore, when the simulated
LAI reached its target value in the middle of a growing season, continued growth prior to updating the model
stores led to minor overestimation. Overall, the initialized and remotely sensed LAI were a strong match (Figure
S1 in Supporting Information S1).

During the calibration period, the monthly NSE (a metric to evaluate the extent to which models capture peak
streamflow; values close to 1 represent the best correspondence between modeled and observed values) was 0.88.
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Figure 6. Sensitivity of N processes to the percent cover of hotspots. Panels a, b, and ¢ show the 25th, median, and 75th percentile values and the red line connects the
median of each scenario to show the trend. The box plots only consider N fluxes in wet years (wWhen most export occurs; precipitation >710 mm/year). Panels d, e, and f
show cumulative N fluxes over 60 years (including both dry and wet years), different colors represent scenarios with different hotspot percent cover.

Percent error (a metric to evaluate total flow; values close to O represent a low error in the total amount of
streamflow for modeled vs. observed data) was 5.45%. For the evaluation period, the monthly NSE was 0.8 with a
percent error of —3.92%. In general, the model captured the seasonality, recession, and low flow patterns observed
in the streamflow record.

3.2. Sensitivity of N Fluxes to the Abundance of Hotspots

As expected, increasing the abundance of hotspots in the model increased N fluxes. The magnitude of increases
was generally greatest for nitrification and denitrification, but streamflow N also increased. N flux estimates were
sensitive to climate trajectories and key parameters including hotspot abundance, parameters that control hotspot
soil moisture, and hotspot connectivity to the surrounding patches. We discuss these in more detail below.

Increasing the abundance of hotspots increased the rate of N fluxes (Figure 6). Specifically, during wet years, the
median nitrification rate was 2.48 g N m™ year™' in the non-hotspot scenario while it increased to
425 g m™* year™" with 13.7% hotspot cover, representing a 70% increase (Figure 6a). The denitrification rate
increased from 0.001 g m™> year™" in the no-hotspot scenario to 0.057 g m~2 year™' with 13.7% hotspot cover,
showing a 57-fold increase (Figure 6b). Streamflow nitrate export increased by 76% from 0.816 to
1.44 ¢ m™2 year™! (Figure 6¢). When considering cumulative N fluxes over a 60-year period, nitrification
increased by 73%, there was a 16-fold increase in denitrification and streamflow nitrate increased by 32% under
the 13.7% cover scenario. Thus, the abundance of hotspots had a substantial effect on N processes, with the largest
percent increase occurring for denitrification; however, denitrification values were very low in the no hotspot
scenario, thus even with 16-fold increase in denitrification rates, the amount of denitrification was still low
relative to other N fluxes (Figure 6¢).

Total N export increased with increasing hotspot cover and then reached an asymptote when hotspot cover was
greater than 9.1% (Figures 6b and 6c). Denitrification rates were very low in the zero percent hotspot cover
scenario and increased with an increasing percentage of hotspot patches. However, the rate of increase declined
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when hotspot cover was greater than 9.1%. Median streamflow nitrate export began increasing when hotspot
cover was above 4.5% but reached an asymptote at 9.1%. Maximum streamflow nitrate export also increased with
increasing hotspot cover, but the rate of increase declined when cover was above 9.1%. The variability, repre-
sented as interquartile ranges, in denitrification and streamflow nitrate both increased and reached an asymptote
with increasing percent cover of hotspots (Table S1 in Supporting Information S1). This occurred because the
total number of patches was the same across different abundance scenarios. Therefore, an increase in hotspot
cover corresponded to a concomitant decrease in vegetation cover, which reduced carbon and nitrogen inputs
from vegetation to soil. As a result, N cycling processes became limited by plant productivity in a patch family.
Although this result was partly an artifact of the model's structure—which resulted in more than one aspatial
hotspot patch occurring in some patch families when the hotspot percentage cover exceeded 9.1%—it still
demonstrates the mechanism by which increases in hotspot cover above a given threshold can decrease plant
productivity. However, the actual threshold value should be interpreted with caution.

3.3. The Sensitivity of N Fluxes to the Parameters Controlling Water Diffusion During Periods of
Hydrologic Disconnection

To examine how the rate at which hotspots dry out during periods of hydrologic disconnection influences N
fluxes, we ran three scenarios: a scenario where soil moisture in the hotspots diffused slowly to non-hotspot
patches and hotspots retained their soil moisture throughout the year (i.e., a wet hotspot scenario), and a sce-
nario where the diffusion speed was intermediate (i.e., an intermediately moist hotspot scenario), and a scenario
where soil moisture diffused relative quickly from hotspot to non-hotspot patches (i.e., a dry hotspot scenario).

We found that basin-scale nitrification rates can decrease with the moisture content of hotspots (Figures 7b and
7g). Higher moisture content in hotspots led to relatively lower moisture content in non-hotspot patches (based on
water balance). In the wet-hotspot scenario, basin-scale nitrification was lower than in the dry-hotspot scenario
where water slowly diffused to non-hotspot patches. This occurred because in the wet-hotspot scenario, soil
moisture in non-hotspot patches was lower, which reduced total nitrification, even though nitrification rates
increased in the hotspots. Basin-scale denitrification increased with higher moisture content in hotspots since
denitrification mainly occurs in those locations (Figures 7d and 7g). For denitrification, the differences between
the three scenarios were most pronounced during dry years when soil moisture differences between hotspots and
non-hotspot patches were higher (Figures 7b and 7d).

During dry and average years, streamflow nitrate export was higher in the scenarios where hotspots remained
saturated or close to saturated (i.e., the wet- and intermediately moist- hotspot scenarios) than in the dry-hotspot
scenario where water diffused rapidly during dry periods. This led to more soil N accumulation in the dry-hotspot
scenario. However, there was a higher total annual streamflow nitrate export during the wet years in the dry-
hotspot scenario, especially after multiple dry years (Figure 7c, year 40). Altogether, the closer hotspots are to
being water-saturated, the more quickly N is exported to streamflow. During multiple dry years, for the dry
hotspot (rapid diffusion) scenario, nitrate accumulated in the saturated zone. Once a wet year occurred, that nitrate
was flushed out to streams (Figure 7a and Figure S3 in Supporting Information S1, year 40). In the wet hotspot
(more continuously saturated) hotspot scenario, higher denitrification, and faster leaching of nitrate from hotspots
led to less nitrate accumulation in the saturated zone (Figure S3 in Supporting Information S1). In summary, the N
movement from soil to streams is driven by an interaction between soil moisture and subsurface flow.

3.4. Sensitivity of N Export to the Subsurface Connectivity Parameter

The soil moisture threshold, which controls the connectivity of hotspots to non-hotspot patches, had a stronger
influence on streamflow nitrate export than on nitrification and denitrification fluxes (Figure 8). This occurred
because streamflow N export is influenced by both soil moisture content and subsurface lateral transport. Thus,
when the threshold was high (i.e., when more moisture was required to establish hydrologic connectivity),
streamflow N export was close to zero. With a higher soil moisture threshold, hotspots also tended to have higher
moisture content, which increased nitrification and denitrification (Figure 8e), although the increases were small.
The soil moisture threshold affected both the magnitude and timing of streamflow nitrate export. At a very low
threshold of 0.15, there was a slightly higher amount and similar timing of peak nitrate export to streams
compared to the fully connected scenario (i.e., threshold = 0, Figure 8c). These small increases occurred because
soil moisture in the non-hotspot patches was higher than 0.15 most of the time (Figure 8d). A threshold of 0.21,
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Figure 7. N processes for the three scenarios focused on the rate at which water diffuses from hotspots as soils dry: one where hotspots were saturated most of the time
(i.e., the slow diffusion, wet hotspot scenario), one where water diffused more rapidly from hotspots during the dry season (i.e., the rapid diffusion, dry hotspot scenario),
and one where diffusion was intermediate (i.e., the intermediately moist hotspot scenario). Streamflow is calculated as the average water depth over the basin area of
Bell 4 (0.14 km?). Panels g h and i show the distribution of annual N fluxes in wet years (precipitation >710 mm/year), box plots show the 25th, median, and 75th
percentile values, and the black line connects the median of each scenario.

which was around the median basin-scale soil moisture, caused the largest peak in streamflow nitrate export. This
occurred because connectivity was delayed until the threshold was reached, allowing nitrate to accumulate. When
the threshold was larger than 0.21, peak streamflow nitrate was smaller and came later because hotspots were
disconnected from non-hotspot patches most of the time.
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3.5. Prediction of Streamflow N Export Compared With Observations

We selected the best soil moisture threshold from Section 3.2 to capture the magnitude of observed nitrate export
(i.e., 0.21; this parameter value maximized peak streamflow nitrate export) and we used the default values shown
in Table 2 for the other parameters. Using these values, we found that hydrologic disconnection of soil hotspots
during the dry periods and reconnection during wet periods enabled us to capture the observed magnitude of
nitrate export in streamflow, which we could not otherwise capture in the non-hotspot scenario (Figure 9). For
example, the non-hotspot scenario underestimated nitrate export with an NSE of 0.22, while the hotspot scenario
increased the estimation peak streamflow nitrate by 29% and captured its timing better with an NSE of 0.4 (in
1988, 1991, 1992, 1993, 2000). However, after selecting the best moisture threshold parameter, the timing of
stream nitrate export was still slightly off; for example, in 1998, the modeled stream nitrate export peak was
higher and occurred slightly later than observed. Adding a soil moisture threshold to simulate subsurface
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Without hotspot

Observation

connectivity may not fully capture the physical processes influencing hotspot moisture dynamics and calibrating

sharing coefficients can sometimes lead to equifinality, where multiple parameter sets can yield similar results.

Future research should focus on strategies for reducing parameter uncertainty through strategic observations and
developing more mechanistic approaches where needed.

3.6. Comparison of Hotspot and Non-Hotspot Scenarios

At the basin-scale, there was higher N export in the hotspot scenario than in the non-hotspot scenario (Figures 10a

and 10f). In the hotspot scenario, higher streamflow nitrate export in wet years (e.g., Figure 10c, year 40)
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Figure 10. Nitrogen and hydrologic cycling processes (annual sum, streamflow nitrate, nitrification and denitrification) and nitrate pools (annual mean, soil nitrate and
soil ammonium) for with and without hotspot scenarios at the full basin scale.
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Figure 11. Conceptual framework summarizing how total annual streamflow nitrate and denitrification respond to
(a) hotspots abundance, (b) the soil moisture threshold required to trigger subsurface flow, and (c) the rate of water diffusion
from hotspots.

corresponded with higher soil nitrate accumulation during the previous dry years (e.g., Figure 10a and Figure S4
in Supporting Information S1, year 39). Conversely, less nitrate accumulated during dry years in the non-hotspot
scenario (e.g., Figure S4 in Supporting Information S1, year 39). Nitrate accumulated during dry years and there
was substantial nitrate export to streams in wet years, especially when a wet year followed multiple dry years
(e.g., Figure 10c in year 40). We also found that streamflow nitrate export was further influenced by interannual
precipitation patterns. The differences between the hotspot and non-hotspot scenarios were most evident during
wet years when the basin was more connected (e.g., Figure 10c in years 40 and 53). During wet years, more nitrate
was flushed out from hotspots, which illustrates how subsurface connectivity can be an important factor driving
streamflow N export. Consequently, the differences in streamflow nitrate between the hotspot and non-hotspot
scenarios were less consistent than the differences in nitrification and denitrification, which had similar tem-
poral patterns but differing magnitudes (e.g., Figures 10c and 10d).

4. Discussion

Modeling hotspots at watershed scales has been challenging because most models, including RHESSys, lack
corresponding fine-scale (e.g., below 1-m resolution) parameters and variables (Tague, 2009). To address this
limitation, we developed a framework for representing hotspots aspatially within 10-m resolution patches. Here
we define these hotspots as several microsites (e.g., soil aggregates) that are distributed aspatially across a 10-m
resolution grid cell. Using this framework, we conducted a series of virtual experiments to investigate how
uncertainties in model structure and parameters influence N cycling and export. Then using the new modeling
framework, we examined how precipitation can affect N export in a dryland watershed in California. Our model
framework and virtual experiments improve our ability to connect field measurements to catchment-scale
modeling projections by developing integrative model algorithms and parameters that control the biophysical
behavior of hotspots across a landscape. These parameters can be optimized using field observations of N cycling
and export. We illustrate how uncertainty in model parameters can influence projections of N export. Future
research should aim to reduce these uncertainties, and ultimately represent hotspot behavior more mechanistically
across watersheds.

4.1. Uncertainties Related to Hotspot Abundance and Distribution

Estimating nitrogen (N) export at watershed and regional scales is limited by uncertainty in how hotspots are
distributed across landscapes. Our research is among the few studies that have evaluated how hotspot abundance
influences watershed-scale N export and illustrates the need to quantify hotspot cover to effectively scale N
dynamics from ecosystems to watersheds (Anderson et al., 2015; Groffman, 2012). We parameterized the hot-
spots with varying percentage cover across a small watershed (0.14 km?) and found that N export increased with
hotspot abundance (Figures 6e, 6f and 11a), but with an asymptotic relationship due to lower N inputs from
surrounding soil and decreased biogeochemical cycling that occurred when vegetation cover was displaced by
hotspot cover. This reduced both nitrification and energy inputs from soil respiration for denitrification (see
Equation 9). However, in less N-limited and more mesic sites (e.g., under elevated N deposition and increasing
precipitation), N export may be more sensitive to increasing hotspot abundance.
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One limitation of our study is that we did not examine how the spatial distribution of hotspots influences N export.
Previous research has shown that hotspots can be more concentrated in riparian corridors and wetlands where
moisture content is higher (Pinay et al., 2015). We did however find that wet hotspots, which may serve as a
surrogate for riparian and wetland locations, can in some cases increase both denitrification and N export in
streams (Figures 7c and 7d). However, because the location and arrangement of hotspots across a landscape can
significantly influence streamflow N export (Laudon et al., 2011; Pinay et al., 2015), more research is needed to
understand these spatial relationships (Haas et al., 2013). For example, combining high-resolution remote sensing
data with field observations may help us better constrain hotspot distribution and abundance in ecohydrological
models (Goodridge et al., 2018; Groffman, 2012; Tague, 2009; Walter et al., 2000).

4.2. Uncertainties in How Rapidly Hotspots Dry Out

Soil moisture is a major factor regulating denitrification and streamflow nitrate export (Pinay et al., 2015; Zhu
et al., 2012). Our modeling experiments illustrate how the relationships between soil moisture and N dynamics
can be complex and non-linear. Elevated soil moisture may reduce nitrification, increase denitrification, and
ultimately decrease the amount of nitrate available for hydrologic flushing. Drier soils on the other hand can
decrease denitrification and increase the amount of nitrate available for flushing (Homyak et al., 2016). We found
that during dry and average years, higher moisture in hotspots increased nitrate infiltration from the unsaturated
zone to the saturated zone, resulting in elevated and more rapid nitrate export to streams (Figure 7c). However,
during wet years, the wet hotspot scenario had less nitrate export to streams because in prior average years, there
was more vertical leaching and therefore less N accumulating in the saturated zone (Figure 7a and Figure S3 in
Supporting Information S1, year 38-39). The dry hotspot scenario captured the observed nitrate-flushing better
than the wet scenario, suggesting that hotspots are not likely to be continuously saturated (Figure 7). Because
studies have shown that very small changes in soil moisture can change N fluxes abruptly (Castellano et al., 2013;
Evans et al., 2016), it is important to improve our representation of soil moisture conditions in hotspots to
accurately predict nitrate export.

Soil water residence time is an important factor affecting N export (Pinay et al., 2015; Zarnetske et al., 2011). The
slower water diffuses from hotspots, the longer nitrate is exposed to denitrifying conditions (McClain
et al., 2003). Our study shows that when water diffuses more slowly from hotspots (i.e., in the wet hotspot
scenario) both denitrification and total N export to streams increase (Figures 7 and 11). We used water diffusion
coefficients to modify the rate at which water diffuses from hotspots and we selected coefficients that enabled us
to best capture the plausible timing of denitrification and streamflow N fluxes. While this is a simplified, proxy
approach, adding further complexity by explicitly modeling diffusion may be infeasible since it would require
local, spatially explicit soil parameters (Wood et al., 2011). However, further investigation into how proxy pa-
rameters may be calibrated is recommended for future research.

Stream nitrate export was also affected by precipitation patterns. When there were multiple dry years in a row,
nitrate accumulated to a greater extent than in average years (Figure 7a). When a wet year followed a multi-year
drought, there was higher streamflow nitrate export in the dry hotspot scenario (Figure 7¢). This is corroborated
by field observations, which suggest that severe drought promoted nitrate accumulation in soil due to less
denitrification and plant uptake, resulting in more nitrate available for flushing with the return of precipitation
(Winter et al., 2023). We found that the length of drought and precipitation variability were more important in
driving streamflow N export than the amount of precipitation (Figures 7c and 7e). For example, even with similar
amount of precipitation in simulation years 26 and 40, N export was much higher in year 40 due to the legacy of a
multi-year drought (Figures 7c and 7e). Recent research has similarly shown that precipitation variability can
have positive or negative legacy effects on dryland productivity, which can in turn influence N cycling and export
(Gherardi & Sala, 2015; Krichels et al., 2022). However, the direction of N responses can vary along long-term
precipitation gradients. For example, N fluxes can increase when precipitation is below 300 mm/year and
decrease when it exceeds 300 mm/year (Gherardi & Sala, 2015, 2019).

4.3. Uncertainties in Hydrologic Connectivity

The subsurface flow threshold also plays a role in how much nitrate is transported to streams. In this study, we
found that the optimal volumetric soil moisture to trigger subsurface flow N export from hotspot to non-hotspot
patches was around 21% (Figure 8). Other studies have similarly shown that to trigger a subsurface flow, the soil
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moisture needs to reach a threshold of 18% (Liao et al., 2016). However, this threshold may vary with soil texture
and water potential dynamics. While our new model framework can improve the prediction of streamflow nitrate
with a static soil moisture threshold, topography and vegetation cover can also influence the connectivity and
amount of subsurface flow, suggesting that soil moisture thresholds should be dynamic (Crow et al., 2012; Zhu
et al., 2018).

Coupling soil biogeochemical models with hydrological models has become increasingly popular for investi-
gating N cycling and export (Schimel, 2018). To save time, researchers typically prefer to couple existing models
rather than build new ones (Malek et al., 2017; Zhu et al., 2018). Since most hydrologic models do not account for
fine-scale heterogeneity in available moisture, they may not be able to capture biogeochemical hotspots even
when coupled with biogeochemical models (X. Chen et al., 2020). Our new model framework provides a rela-
tively simple way to capture hotspots without having to explicitly represent sub-meter scale spatial heterogeneity.
While this intermediate complexity approach enables us to represent hotspots across a watershed, it does not fully
capture some of the potential controls on hotspot function. For example, although our model captured the
variability and magnitude of streamflow nitrate, there was some error associated with its timing (Figure 9). Future
work can build upon our simple hotspot model to develop more process-based and dynamic representation of
subsurface flow thresholds. This can be achieved by improving our understanding of hydrology and N processes
in soil through hydrogeochemical observations.

4.4. The Role of Hotspots and Hot Moments in Watershed Models

In a recent synthesis, Bernhardt et al. (2017) outlined how our understanding of hot spots and hot moments has
evolved and what questions remain. They define four different types of hotspots that can have different behaviors
across a landscape. In the current study, we modeled what they refer to as “export control points,” which are
locations where reactants accumulate until a hydraulic gradient or diffusion threshold is overcome and export
occurs. We found that the catchment-scale denitrification rate in the hotspot scenarios was significantly higher
than that observed in the non-hotspot scenario (Figures 6 and 10), aligning with the concept that small areas often
account for a high percentage of denitrification activity (McClain et al., 2003). Additionally, denitrification was
more sensitive to hotspot abundance, while N export to streams was more sensitive to the soil moisture threshold
that triggers subsurface flow (Figure 11). Still, both are affected by the speed at which water diffuses from
hotspots, which influences soil moisture levels, water residence time in soil, and vertical and horizontal transport
of water. Our virtual experiments provide information on model uncertainty and sensitivity that can inform future
studies focused on scaling N processes from plots to catchments. For example, in areas with high N deposition,
managers who are interested in predicting how much N ends up in streams should focus on reducing model
uncertainties in subsurface flow thresholds and soil moisture retention in hotspots.

In the context of predicting N export, hot moments—defined as wet periods after a prolonged dry spell (Groffman
et al., 2009)—are currently better represented in the RHESSys model than hotspots. Even in our no hotspot
scenario, there was a pulse of streamflow N export when wet years followed multiple dry years (Figures 7c and
10c). However, models of how hot moments influence streamflow N export are still limited by uncertainties in
soil moisture dynamics. For instance, we found that in the wet hotspot scenario, there was an earlier streamflow N
pulse than in the dry hotspot scenario (Figure 7c). Thus, hotspot conditions can affect the timing of hot moments,
which has not been previously explored in modeling studies. In future studies, it is important to consider in-
teractions between hotspots and hot moments rather than discussing them in isolation (Bernhardt et al., 2017).

4.5. Implications of Future Predictions

Our findings highlight the importance of incorporating the role of hotspots when modeling N loss to the atmo-
sphere and N export to streams in dryland ecosystems. Including hotspots substantially increased denitrification,
up to 10-fold, and increased streamflow N export by at least 30%. This also improved agreement with stream
nitrate data in our study watershed (Figures 6b and 6¢). Our results also suggest that current biogeochemical
models may underestimate N export/loss in drylands when hotspots effects are not considered, particularly
following rewetting of dry soils (e.g., Figures 10c and Eberwein et al., 2020; Schimel, 2018). In our process-based
modeling study, hotspot behavior is an emergent property of Equation 1 the parameters that govern how water
moves in and out of hotspots, and (b) meteorological and biophysical landscape conditions that determine water
availability at larger scales. Thus, the extent to which hotspots influence watershed-scale N export will depend on
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how hotspots are parameterized—this is a key area of uncertainty that will influence model projections of
denitrification and N export to streams.

Denitrification is one of the major sources of greenhouse gas emissions and streamflow N export can affect
downstream drinking water quality. For example, the USEPA standard for the maximum contaminant level of
nitrate in rivers to protect against blue-baby syndrome is 10 mg L™", which is equivalent to around 0.5 g m™>
when the daily peak streamflow is around 50 mm m~> day ™' (Figure 4a, year 1998; Van Metre et al., 2016). When
hotspots were not considered in the model, streamflow N export was underestimated by 0.05 g m™> in 1998,
representing 10% of the EPA maximum threshold (Figure 9, year 1998). This underestimation could significantly
influence longer-term water quality predictions. Future climate change and expanding urbanization are expected
to intensify N export/loss by increasing precipitation variability and N deposition (Borer & Stevens, 2022).
Therefore, accurate prediction of N export/loss under future environmental change is crucial for mitigating its
effects on the environment and society. Our new model framework, which explicitly represents hotspots, proves a
valuable tool for water and forest managers to develop strategies aimed at improving water quality and mitigating
the effects of environmental change.

5. Conclusion

Coupling hydrologic processes with biogeochemical processes in watershed-scale models is challenging due to
subsurface heterogeneity and the existence of hotspots and hot moments that are not well represented in models.
We developed a framework for representing hotspots explicitly in dryland watersheds and using this framework,
we demonstrated how hydrologic connectivity and precipitation can affect N export in a dryland watershed in
California. With increasing hotspot coverage (up to a threshold), both denitrification and N export to streams
increased. The partitioning between denitrification and N-export, and the timing and magnitude of N-export were
largely controlled by hotspot soil moisture dynamics. Specifically, we found that when the soil moisture threshold
required for reestablishing subsurface flow was intermediate, nitrate was able to accumulate during drier periods
and then be flushed to the stream upon wet up. This led to the highest peak nitrate export to streams, which tended
to better capture observed nitrate patterns. To our knowledge, this is the first-time biogeochemical hotspots have
been modeled explicitly using a coupled biogeochemical-ecohydrological model in a dryland watershed. This
modeling framework can help better project N export in dryland watersheds where hotspots may play an
increasingly important role in governing water quality as drought and N deposition continue to increase.
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