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ABSTRACT

Improved understanding of the potential regional impacts of projected climatic changes
on nitrogen yield is needed to inform water resources management throughout the US.
The objective of this research is to look broadly at watersheds in the contiguous United
States to assess the potential regional impact of changes in precipitation (P) and air
temperature (T) on nitrogen yield. The SPARROW model and downscaled P and T
outputs from 14 General Circulation Models (GCMSs) were used to explore impacts on
nitrogen yield. Results of the analysis suggest that projected changes in P and T will
decrease nitrogen yield for the majority of the contiguous United States, including the
watersheds of the Chesapeake Bay and Gulf of Mexico. Some regions, however, such as
the Pacific Northwest and Northern California, are projected to face climatic conditions
that, according to the model results, may increase nitrogen yield. Combining the
projections of climate-driven changes in nitrogen yield with projected changes in
watershed nitrogen inputs could help water resource managers develop regionally-
specific, long-term strategies to mitigate nitrogen pollution.

Key Terms: Climate Change; Nitrogen; Regional-scale Environmental Modeling;
SPARROW,; GIS
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INTRODUCTION

During the twentieth century anthropogenic activity has doubled the turnover rate
of the global nitrogen (N) cycle (Vitousek et al., 1997; Gruber and Galloway, 2008). The
increased availability and input of N, which is a limiting nutrient, to coastal and estuarine
waterbodies can lead to eutrophication and the formation of hypoxic dead zones (Diaz
and Rosenburg, 2008). These conditions lead to reductions in fish and shellfish
production, losses to biotic diversity, harmful algal blooms, and changes in ecological
food web structures (Diaz and Rosenburg, 2008; Howarth et al., 2011). Studies suggest
that about 20 to 27% of the anthropogenic N input to the landscape is exported to streams
and the remaining 75 to 80% is stored or denitrified in the landscape in North American
watersheds ( Hong et al., 2013; Howarth et al., 2006). For the purposes of this study, we
call the amount of N delivered to streams and waterbodies from the landscape the N yield
(kg/ha yr). The N yield to a stream reach from its subcatchment, without considering
upstream contributions, is called incremental N yield (kg/hayr).

Previous studies have shown that watersheds with higher precipitation (P), runoff,
and discharge tend to export a greater fraction of N to streams (Han et al., 2009; Howarth
et al., 2012; Kaushal et al., 2008). While a complete understanding of the processes that
result in this correlation between wet vs. dry watersheds and N yield is missing,
researchers hypothesize that wet watersheds have lower residence times, and therefore
there is less time for denitrification processes to occur in the landscape of these
watersheds before N inputs are transported to downstream waterbodies (Howarth et al.,
2006, 2012). Previous studies have also demonstrated a relationship between air

temperature (T) and N yield (Schaefer and Alber, 2007; Seitzinger, 1988; Veraart et al.,
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2011). These studies have shown that watersheds with higher T tend to have lower N
yields, possibly due to a higher rate of denitrification in the landscape of these watersheds
(Schaefer and Alber, 2007). In addition, in shallow waters, higher T tends to decrease
solubility of oxygen and increase respiration, resulting in a synergistic effect that boosts
denitrification (Veraart et al., 2011). With P and T at odds in terms of their impact on N
yield, the potential impact of climate change on N yield remains uncertain (Najjar et al.,
2010).

Part of the challenge in understanding climate change impacts on N yield is
determining the role of storage of N in terrestrial pools in controlling the observed
difference between N yield in wet and dry years. During dry years, N accumulates in the
landscape due to reduced hydrologic transport and uptake by plants through transpiration.
During wet years, this store of terrestrial N is flushed to streams (Davis et al., 2014;
Goolsby et al., 1999; Mclsaac et al., 2016; Van Meter et al., 2016). Given this, one might
conclude that there would be no significant long term impact of climate change on
average N yield because there is a steady-state rate at which N is stored and then flushed
from the landscape. However, Sinha and Michalak (2016), using a long term data set of
Net Anthropogenic Nitrogen Inputs (NANI), land use, and P as model inputs, showed
that changes in P are significant in controlling the interannual variability of N loading
across large spatial scales. Likewise, Howarth et al. (2012) showed using a large database
of N yield data in the United States and Europe that climate is correlated with N yield.
Thus, the authors conclude climate change will likely impact N yield and loadings to
already stressed waterbodies. The question remains, however, as to the specific regional

patterns of impact on N yield due to projected changes in climatic conditions over the
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coming century.

The objective of this study is to provide insight into the potential impact of
projected climate conditions on N yield for different regions in the contiguous United
States. We use the SPAtially Referenced Regression On Watershed attributes
(SPARROW) model (Schwarz et al., 2006; Smith et al., 1997) to understand the
relationship between current P and T conditions and N yield for watersheds in the
contiguous United States. SPARROW is a widely used and well-evaluated model
appropriate for continental-scale analysis of terrestrial N transport (Schwarz et al., 2006).
The model uses mass balance principles and a simplified first-order-decay representation
of mass loss due to terrestrial and riverine N transport within a statistical framework for
fitting model coefficients. We calibrate our model based on two emission scenarios for 14
general circulation models and baseline conditions in 1992. The model was verified using
observed data in 2001 and then used to determine projected N yield change (%) for future

time periods, as detailed in the Results and Discussion.

MATERIALS AND METHODS

Model Description

SPARROW is a non-linear regression, process-based water quality model used to
predict N loading in unmonitored reaches under long-term, steady-state conditions
(Schwarz et al., 2006). SPARROW relates the dependent variable, observed loadings,
with the independent variables waterbody/river properties, watershed attributes, and N
sources. SPARROW includes reduced-complexity process representations for describing

land-to-water, in-stream, and in-reservoir transport. Results from past SPARROW
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applications suggest these representations are appropriate at the watershed-scale for
modeling long-term average conditions across large regions including continental-scale
studies (Alexander et al., 2002; Grizzetti et al., 2005).

SPARROW estimates mean annual total N loading at reach i as

| m ) B o etz
jea(i) n=1

where the first term of the equation represents the flux contribution to reach i from the

adjacent upstream reach and L; is the flux that exits the adjacent upstream reach. The
function A(.) represents the instream transport loss. The vectors Z° and Z. represent

stream and reservoir characteristics, while x5 and x, represent the stream and reservoir
coefficient vectors. The second term of the equation represents the flux that originates in
the watershed of reach i. The term s, ; represents the contribution from N source n to
reach i. The term f, is a regression coefficient estimated by the model for source n. The

function D(.) in the equation represents the land-to-water transport process. The vector

Z" represents watershed attributes and a is the estimated coefficient for vector Z° . The

vector A’(.) represents the instream transport loss and &; is the multiplicative error term
defined by the model (Schwarz et al., 2006).
The function D(.) in the SPARROW model equation provided in the paper

describes the land-to-water delivery process and is modeled as

D, (ZiD;a) = exp(—a’ZiD) @)
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where «' is the vector of the model coefficients that describe the land-to-water delivery
for the watershed attribute vector, ZiD . The vector A'(.) that represents the instream
transport loss is modeled as

A(z;.z7x,x, )= exp(~xT, @3)
where «s represents the vector of decay coefficients that is based on the mean annual
flow rates of the streams and are estimated as mass loss per unit length of streams. The

term T;; is the vector of waterbody properties including mean annual flow rates. Finally,

losses due to lakes or reservoirs is modeled as

A(z; 20, )= (14, 1) @)

where x; represents the reservoir decay coefficient and g is the areal hydraulic loading

which is the ratio of reservoir outflow to surface area, in units of distance per time.

The model is implemented in the SAS statistical language and available as an
open-source software from the United States Geological Survey (USGS). We used
version 2.9 of the SPARROW model, the latest version of the model available when the
majority of the modeling work was performed (2011-2013). Additional detail on the
SPARROW model including availability of the model code is available from

https://water.usgs.gov/nawqa/sparrow/.

Data Preparation

Watershed Attributes and Nitrogen Sources. We used the 1:500,000 spatial scale
Enhanced River Reach File 1 (ERF1) dataset (Nolan et al., 2002) for this study as the
digital representation of rivers in the contiguous United States. This dataset includes

more than 60,000 reaches with estimates of mean streamflow, stream velocity, time of
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travel, drainage density, mean water depth, and areal hydraulic load. Nitrogen sources in
this study are consistent with past SPARROW applications and include fertilizer
application, livestock waste, population related sources, atmospheric deposition and
nonagricultural non-point source pollution. Consistent with prior studies, we used the
watershed level atmospheric deposition data averaged over the period 1991 to 1993,
where atmospheric deposition was considered as the wet deposition of inorganic N
(nitrate and ammonia) (kg/yr) (Alam and Goodall, 2012; NADP, 2010).

Watersheds for each ERF1 reach were derived from the HydrolK Digital
Elevation Model (U.S. Geological Survey, 2004) using terrain processing algorithms. The
National Land Cover Dataset (NLCD) 1992/2001 Retrofit Land Cover Change Product
was used to estimate 1992 land use conditions, because using the 1992 NLCD product
directly does not make use of the improved land cover/use classification scheme used for
the 1992/2001 change product. Average depth-weighted permeability was computed from
the State Soil Geographic (STATSGO) database through prior work for each watershed
in the model. Human population estimates were used as a surrogate for point sources as
population is highly related to the urban wastewater effluent and municipal waste
production. County level population estimates were obtained from the United States
Census Bureau for 1992. These county level population estimates were then distributed
among the watersheds based on their area of urban land use. County level fertilizer
application was estimated as both farm and nonfarm fertilizer application. This county
level fertilizer application was then distributed among the watersheds based on their
amount of crop and urban land using the assumption that fertilizer is applied to both

cropland and urban land (as fertilizer for lawns and landscaping). Ruddy et al. (2006)
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presented a county-level N input dataset of livestock waste for the period 1982-2001.
This county level livestock waste dataset considered confined and unconfined manure
and was distributed among the watersheds based on their amount of agricultural land.
Finally, nonagricultural land in this study was estimated as the sum of only the urban,
forest, and grassland. Further detail on the methods for estimating the watershed
attributes is provided in Alam and Goodall (2012).

Precipitation and Temperature Changes. The General Circulation Models
(GCMs) used in this study are from the World Climate Research Programme’s (WCRP’s)
Coupled Model Intercomparison Project Phase 3 (CMIP3) multi-model dataset (Meehl et
al., 2007). We used an ensemble of 14 GCMs for the climate predictions similar to prior
studies looking at the impact of climate change on water resources (Brekke et al., 2008;
Maurer et al., 2007; Pierce et al., 2009; Reichler and Kim, 2008) (See Table 1 for a list of
the GCMs used). The data were statistically downscaled to 1/8° grid cells (approximately
12 by 12 km) and bias-corrected using the approach described by Maurer et al. (2007). In
this study we considered the two extreme emission scenarios: higher (A2) and lower (B1)
future emission scenarios. We refer to model runs for specific times in later sections, but
these are in fact averages of multiyear periods where “baseline” or “1992” refers to 1982-
2001, “2030” refers to 2020-2039, “2050 refers to 2040-2059, and “2090” refers to
2080-2099. Using a twenty-year averaging window addresses the challenge of inter-
annual storage of N in terrestrial pools by looking at longer periods where changes in

terrestrial storage between analysis periods should be less.

[INSERT TABLE 1 HERE]



10

11

12

13

14

15

16

17

18

19

20

21

22

All GCMs used for this work have been previously used in various assessments of
the Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment Report and at
the time this work was done, output from the third phase of the Coupled Model
Intercomparison Project (CMIP3) was the only dataset available for the contiguous U.S.
with downscaled resolution as fine as 1/8°. Recent studies comparing CMIP3 with the
now available CMIP5 have found only small differences in magnitude and spatial
distribution of model outputs including precipitation (Baker and Huang, 2014; Sun et al.,
2015). Therefore it is expected that the results for this study will be consistent with any
results determined using the more updated CMIP5. The GCM outputs are available for
different emission scenarios where each scenario represents a different assumption for
future human activity, greenhouse gas emission, technology development, and economic
growth. The decision to use a twenty-year averaging period around the target year was
done in part to reduce the variability in annual P and T projections and to provide long-
term conditions for the SPARROW model. The resulting datasets for future P and T for
the study area are the average across the 14 downscaled GCM outputs for presentation
purposes.

Future projections for both P and T show strong spatial and temporal patterns. T
is consistently higher for the contiguous US for all time periods and emissions scenarios
(Figure 1). The higher emissions scenario (A2) and longer time horizon produces the
greatest T increases, and the Great Plains and mid-western parts of the contiguous US are
projected to experience the greatest T increases. While some of the GCMs predict an

overall increase in P, others predict a decrease (Figure 2). However, there is general
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agreement among the model projections for increasing P in most of the contiguous US,

with P decreasing in the Great Plains and parts of the southern US.

[INSERT FIGURE 1 HERE]

[INSERT FIGURE 2 HERE]

Establishing Baseline Nitrogen Yield Conditions

SPARROW was first run to establish baseline conditions for N yield (Figure 3). For
consistency with projections of future conditions, this model run made use of Pand T
datasets from the 14 GCMs averaged over a 20-year period around 1992. We did this for
both the A2 and B1 emission scenarios, which are nearly identical but have slight
differences that are presumably due to underlying assumptions in the emission scenarios.
Regression coefficients in the SPARROW model were determined using observed stream
discharge and total N concentration data from 354 United States Geological Survey
(USGS) National Stream Quality Accounting Network (NASQAN) stations for the period
1970-2000 (Deacon et al., 2015). Total N observations were taken as the sum of nitrate,
nitrite, and total Kjeldahl N in unfiltered samples. These discharge and concentration data
were used to estimate total N loading detrended to 1992, the dependent variable in the
SPARROW model, using the FluxMaster model (Schwarz et al., 2006). Detrending the
data allowed the analysis to focus on fluctuations in the data and not its overall trend.
Additional details on detrending discharge and concentration data can be found in Alam

and Goodall (2012).
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[INSERT FIGURE 3 HERE]

Modeling the Impact of Future P and T on Incremental N Yield

In order to determine differences in N yield from the baseline model run to future
P and T conditions, we assumed the correlations found in the baseline model would hold
for future changes in P and T. Average P and T conditions for each watershed in the
model were determined by averaging across 20-year time periods centered on the years
2030, 2050, and 2090. We did this so that each watershed has estimates of P and T for the
three future time periods based on each of the 14 GCM projections run under two
emissions scenarios (A2 and B1). Differences in N yield from the base year (1992) to
future conditions (e.g., 2030, 2050 and 2090) were quantified for each watershed in the
contiguous United States by applying the SPARROW model. We then spatially

aggregated the model results to major river basins to determine regional patterns.

Due to the complexity of modeling continental-scale N transport, we had to make
simplifying assumptions in our modeling work. We assumed that over the 20 year
averaging periods used in the analysis, terrestrial N storage within watersheds would be
constant. SPARROW is a steady-state model used to predict average N transport across
regions over long (multiple decade) time periods. Thus the model assumes no change in
terrestrial N storage. While there is work to create a seasonally-dynamic version of
SPARROW (Smith et al., 2013) that incorporates modeling storage changes, a dynamic
version of the SPARROW model has not been publically released. For this reason, we
used a 20 year averaging period and assumed there will be no significant net change in

terrestrial N storage within watersheds over this period. Howden et al. (2011) provides

11
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support for this assumption by suggesting that at least a 12 year period is necessary to
isolate trends in fluvial water chemistry from hydrologic variability.

Another assumption behind the analysis is that the SPARROW regression
coefficients will hold into the late century. We calibrated the model coefficients for the
baseline conditions in 1992 model to predict N flux for an observed period with sufficient
water quality and continental-scale land use data. We used the calibrated model
coefficients to predict 2001 conditions and found a good match between observed and
modeled conditions, as described in the Results and Discussion section. We also
compared our calibrated model coefficients to calibrated model coefficients obtained
through past SPARROW studies to test their consistency. In a conversation with
SPARROW model developers, it was suggested that another way of considering this
assumption is as a “space-for-time substitution (SFT)” (Pickett, 1989). The SFT
assumption is that observed correlations between measured watershed properties and N
loadings for the set of spatially distributed watersheds within our study region that
experience a wide range of P and T conditions inform how changes in future Pand T
conditions may impact future N yield for these watersheds. This assumption has been
used in ecological studies as a method for forecasting the potential impact of future
climatic conditions (Blois et al., 2013), and shares similarities to the approach used here

for looking at a large collection of watersheds to project possible climate change impacts.

12
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RESULTS and DISCUSSION

Model Calibration and Verification

The calibrated baseline (1992) model was able to explain more than 80% of the
variability in the observed N loading time series from 354 NASQAN stations for the
1970-2000 time period. For both the A2 and B1 scenarios, the r* value for the predicted
vs. actual log of flux was 0.89 (Figure 4) and predicted vs actual log of yield was 0.81.
The Root Mean Square Error (RMSE) for both the A2 and B1 scenarios was 0.62. The j
coefficients were the source coefficients and provide information about the relationship
between the sources and the instream N (Table 2). All the g coefficients were statistically
significant (p < 0.05) except for the livestock waste. The a coefficients, which relate to
land-to-water transport and therefore N yield, were statistically significant (p < 0.05)
except for the drainage density. Instream loss coefficients (x) for both the low-flow
streams (Q < 28.3 m*/s) and medium-flow streams (28.3 m*/s < Q < 283 m®/s) were
statistically significant. Higher in-stream loss rates for the small streams is consistent
with previous studies using SPARROW (Alexander et al., 2000). Finally, reservoir loss

coefficients (k) were also found to be statistically significant in the model calibration.

[INSERT FIGURE 4 HERE]

[INSERT TABLE 2 HERE]
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Model Evaluation

In order to evaluate the baseline model performance, the calibrated model was applied to
a new time period where sufficient land use and water quality observation data was
available (2001). It was found that the model coefficients performed well at explaining
observed variation in the 2001 flux dataset; the r* value was 0.90 (Figure 5). We also
looked at past SPARROW studies and found that our baseline model resulted in
calibrated parameters that are similar to those reported in other studies (Alam and
Goodall, 2012; Alexander et al., 2008; Brown et al., 2011; Hoos and McMahon, 2009;
Moore et al., 2011; Najjar et al., 2010; Rebich et al., 2011; Robertson and Saad, 2011,
Smith et al., 1997; Wise and Johnson, 2011). Based on these past studies we found a
consistent negative relationship between N loading and mean annual T and a positive

relationship between N loading and mean annual P.

[INSERT FIGURE 5 HERE]

Impact of P and T on Incremental N Yield

Differences in incremental N yield from baseline (1992) conditions to future
periods (2030, 2050, and 2090) were estimated from an ensemble of 14 SPARROW
model runs with different P and T inputs, constructed from the individual GCMs under
the A2 and B1 emission scenarios (Figure 6). Incremental N yield considers only the N
yield to a stream from its sub-catchment and not upstream contributions. The estimates
indicate that changes in P and T conditions will decrease incremental N yield for the vast
majority of the study area under both the A2 and B1 emission scenarios. The regions

projected to experience the largest increase in T and the largest decrease in P are those
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where conditions are most conducive to lowering incremental N yield. On the other hand,
regions projected to face increased P and a relatively lower increase in T could

potentially have higher incremental N yield.

[INSERT FIGURE 6 HERE]

There is significant uncertainty in future P & T conditions caused both by (i)
different emission scenarios and (ii) differences across individual models within the
ensemble of 14 GCMs used in the analysis. For the A2 (higher emissions) scenario,
results suggest an average decrease of 4.4% in incremental N yield by 2030 with a range
between no change and a 12% decrease when only P and T are varied and all other model
variables are held constant. By the year 2050, the decrease in incremental N yield from
baseline conditions for the A2 scenario is about 8.4% on average with a range of 2.2% to
20%. By 2090, the decrease in incremental N yield from baseline conditions using the A2
scenario is projected to be 20% with a range of 4.4% to 38% across the GCMs. For the
B1 (lower emissions) scenario, estimates are still for a decrease in incremental N yield
from the baseline conditions on average across the study region. These changes in
incremental N yield are as follows: by 2030 a 4.6% decrease on average ranging from a
1.57% increase to a 12% decrease; by 2050 a 6.6% decrease with a range of 0.5% to
15%, and by 2090 an 11.5% decrease with a range of 0.6% to 20%. Clearly the
uncertainty in this analysis is large. However, the average values across the ensemble of

GCMs do suggest that the net effect of P and T changes on incremental N yield, when all
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other variables are held constant, would be to decrease incremental N yield for the vast

majority of the contiguous United States.

There are underlying mechanistic processes that provide support for the observed
correlations between T, P, and N yield. As we discussed earlier, increases in T are
thought to aid in denitrification processes (Seitzinger, 1988; Veraart et al., 2011) by
lowering the amount of reduced N and decreasing N yield. Decreases in P produce longer
residence time in dry conditions and increase N retention by the soil, plants, and microbes
(Howarth et al., 2006). Increased P can increase runoff and cause greater transport of N
from the landscape to streams and waterbodies (Nangia et al., 2010). Heavily fertilized
river basins like the Mississippi can be more sensitive to P; a small increase in P can lead
to a large increase in N loading (Donner and Kucharik, 2003). During wet years, not only
does N yield from land increase, but the instream N removal also decreases and leads to a
large increase in N loading to the stream (Donner and Kucharik, 2004). A study of a
semiarid Arizona watershed using the physically-based SWAT model suggested a
decrease in nitrate export due to a projected warmer and drier climate (Ye and Grimm,
2013). For these reasons, we argue that it is reasonable to assume that the correlations
found by the SPARROW for the baseline model have some predictive power for
observed periods, consistency across a variety of study areas, and are in line with known

mechanistic relationships between T, P, and N yield.

Assessment of Regional Patterns
Incremental N yield results and comparisons from the baseline period to the

periods 2030, 2050, and 2090 are summarized and presented for hydrologic regions (2-
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digit HUC) for the contiguous United States (Figure 7). Names and numbers for the
hydrologic regions are provided in Figure 8 and Table 3. The model results suggest
incremental N yield, when considering changes in P and T and holding all other variables
constant, will decrease most significantly in the Arkansas-White-Red, Texas-Gulf, Rio
Grande, and Upper Colorado regions due to changes in P and T. The average decrease for
these regions is 7% by 2030 based on both the A2 and B1 scenarios. By 2050, these
regions would have an average incremental N yield decrease of about 13% based on the
A2 scenario and 9% based on the B1 scenario,. By the year 2090, the highest average
decrease would be about 25% based on the A2 scenario and 15% based on the B1
scenario. Regions with the lowest decrease across both scenarios and time periods
include New England, South Atlantic-Gulf, and Mid-Atlantic.

While regional averages point to decreases in incremental N yield from projected
changes in P and T, there are watersheds within these regions where the results suggest
that future P and T conditions may increase N yield from baseline conditions. These
watersheds are located throughout the study region, as indicated by the whiskers in the
plots given in Figure 7. Figure 6 shows clusters of these watersheds appearing in the
Pacific Northwest and Northern California. Projected changes in N yield in these regions
due to changes in P and T are as high as 15% by 2050 and 25% by 2090. These regions
tend to have more moderate projected increases in T and higher projected increases in P
compared to other watersheds within the study area. Plans to reduce N pollution within
waterbodies impacted by these watersheds in particular should incorporate projected

climate change impacts.
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[INSERT FIGURE 7 HERE]

[INSERT FIGURE 8 HERE]

[INSERT TABLE 3 HERE]

Consequences of Regional Patterns for Impaired Waterbodies

The results of this study have management implications for waterbodies in the
contiguous US, such as the Chesapeake Bay (Kemp, et al., 2005) and the Gulf of Mexico
(Diaz and Rosenberg, 2008), where nutrient pollution, eutrophication, and hypoxia are
major concerns. Based on the modeling results, subcatchments in the Chesapeake Bay
Watershed, considered here as the Mid-Atlantic Region (02), will have a median decrease
in incremental N yield of 3.6%, 4.4%, and 13.9% in the 2030, 2050, and 2090 time
periods, respectively, for the A2 emission scenario. The B1 emission scenario shows
median N yield decreases of 3.4%, 4.8%, and 9.0% for the same time periods. The Gulf
of Mexico’s watershed also shows median decreases in incremental N yield in both
emission scenarios and through all three study periods. Regions impacting the Gulf of
Mexico include the South Atlantic-Gulf (03), Ohio (05), Tennessee (06), Upper
Mississippi (07), Lower Mississippi (08), Missouri (10), Arkansas-White-Red (11), and
Texas-Gulf, (12), which are parts of the Mississippi-Atchafalaya River Basin. The
average of the median decreases in incremental N yield for these regions are 5.4%, 8.7%,
and 19.8% based on the A2 scenario, and 5.2%, 6.9%, and 11.7% based on the B1
scenario, for the corresponding time periods of 2030, 2050, and 2090. These results are

based solely on changes to P and T. However, combining the projections of climate-
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driven changes in N yield with projected changes in watershed N inputs could help water
resource managers develop regionally-specific, long-term strategies to mitigate N

pollution in heavily impaired waterbodies.

Comparison of Model Results with Prior Studies

A limited number of previous studies have used GCMs to project estimates of
climate change impacts on N yield. Howarth, et al. (2006), in one of the early studies
exploring this topic, used GCM predicted P and discharge values to estimate future
discharge and subsequent N export from the Susquehanna River to the Chesapeake Bay.
They reported a mean change in P from baseline study values of +4% by 2030 and +15%
by 2095. The reported mean change in discharge is +2% by 2030 and +11% by 2095.
They found that these changes in P and discharge corresponded with a change in riverine
N flux ranging from +3% to +17% and +16 to +65% by 2030 and 2095, respectively. The
authors noted that N responds nonlinearly to climate changes; a small change in
precipitation can cause a large change in N flux. However, by basing the change in
riverine N flux only on P and discharge, the authors miss the effect that projected
increases in T can have on lowering N flux. Incorporating T in our model, as well as
using an ensemble of 14 GCMs, resulted in decreasing projected N yield for much of the
Susquehanna River Basin.

More recently, the Soil and Water Assessment Tool (SWAT) hydrologic model
has been used with GCM outputs in several studies at varying spatial scales. For a 505
km?, semi-arid Arizona watershed within the Lower Colorado region, Ye and Grimm
(2013) predicted a decrease in N export, over the current mean value of 30 kg N day™, of

33%, 50%, and 60% by the 2020s, 2050s, and 2080s, respectively. Our results for the
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Lower Colorado region, which includes the watershed studied by Ye and Grimm (2013),
indicate an average incremental N yield decrease in the A2 emission scenario of 6%,
10%, and 23% and in the B1 scenario of 4%, 9%, and 16% for the respective time periods
of 2030, 2050, and 2090.

Two studies of the Upper Mississippi River Basin (UMRB) also made use of a
SWAT-GCM coupling. The UMRB, with its large amount of agricultural land,
contributes to nutrient pollution of the Gulf of Mexico. To model this region, Jha, et al.
(2015) showed N yield change based on a SWAT-GCM coupling of projected P and T at
the subcatchment level. They found that subcatchments in the UMRB with higher P for
the mid-century (2046-2065) had increased N yield; increased T in subcatchments with
minimal changes in P showed decreased N yield. Roughly half of the subwatersheds in
lowa showed decreases in N yield, while all of the UMRB subwatersheds in Illinois
showed increases in N yield. The study highlighted that future climate can increase water
quality problems in some subwatersheds, while causing improved water quality in others.
Their overall predicted change in average annual nitrate-N loading patterns for the
UMRB ranged from -38% to +101% with an average increase of 13% over the entire
basin (based on the average nitrate+nitrite value in Figure 6 from Jha, et al., (2006)).
Panagopoulos, et al. (2014), while exploring the impact of agricultural practices on
nutrient export under current and projected climate conditions, showed a decrease in N
export from the UMRB over their modeled 1981 to 2000 baseline. Based on a single
GCM projection, they predicted decreases of 13% in nitrate-N and 17% in total N by

2046-2065. Our results for the Upper Mississippi region projected decreases in median
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incremental N yield of 5.4%, 7.1%, and 17.8% for the A2 scenario and 4.4%, 6.2%, and
11.0% for the B1 scenario for the respective 2030, 2050, and 2090 time periods.
Variability Across Watersheds Under Two Emission Scenarios

The model results can be summarized by the relationship between average change
in T (°C), P (mm), and incremental N yield change from baseline conditions (%) for the
two emission scenarios (Figure 9). This was done for all 14 GCMs for both the A2 and
B1 emission scenarios and averaged for the 2,149 USGS 8-digit cataloging unit (Seaber
et al., 1987) watersheds. The boxed clusters of points in the two subplots are results for
the three time periods used in the analysis (2030, 2050, and 2090), with each point
representing an individual watershed. The variability in T and P can be seen clearly in
Figure 9. The higher emissions in the A2 scenario led to greater projected changes in T
and P, causing the larger distribution of points. With lower emissions in the B1 scenario,
there is less projected change in T and P, which causes the denser clustering of points.
Figure 9 provides valuable insights into P and T changes and how these changes impact
incremental N yield for the collection of watersheds in the contiguous US. While T
shows a clear upward trend for the majority of the watersheds, P does not. The majority
of watersheds do show an increase in P, but many show a decrease in P. There are clear
demarcations in the plot at which a given change in P and T will result in a certain N
yield change. While most watersheds fall inside of these zones, there are individual
watersheds that have different N yield changes than the surrounding watersheds with the
same T and P changes. This indicates that N yield change in these watersheds is more
heavily influenced by other factors, such as a major point source or high urbanization,

than by changes in T and P. These results provide useful information to water resource

21



managers by showing expected changes in incremental N yield for a given change in P
and T for most watersheds, but also the potential for outlier watersheds with unique

properties resulting in atypical changes in incremental N yield.

[INSERT FIGURE 9 HERE]
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CONCLUSIONS

The goal of this study is to improve understanding of regional changes in N yield
that may result from projected long term changes in P and T. The SPARROW model
offers a means for gaining insight into how watershed characteristics, including average P
and T, result in N transport including N yield. We used SPARROW and future
projections of P and T from across an ensemble of 14 GCM models for two different
emission scenarios to identify how projected regional patterns in P and T might influence
future regional patterns in N yield.

The results suggest that projected climatic conditions may decrease N yield from
the landscape to waterbodies for the majority of the contiguous US. Increases in T, which
are thought to lower N yield by increasing denitrification processes, will often outweigh
increases in P, which are thought to increase N yield by decreasing residence times
within the landscape. For some parts of the study area, however, we found that projected
P and T conditions may result in increasing N yields. In some watersheds on the coast of
the Pacific Northwest and Northern California, for example, where projected increases in
T are more moderate compared to projected increases in P, climatic conditions will favor
increases in N yield. For these regions, our analysis suggests that projected changes in P
and T, holding all other variables constant, would result in N yield increases of up to 15%
in 2050 and 25% in 2090. Nitrogen pollution in these waterbodies, however, is less of a
current concern compared to waterbodies like the Chesapeake Bay and Gulf of Mexico.

This work contributes to a growing body of literature that explores the impact of

climate change on N yield. The results of one of the first studies examining this for
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watersheds in the Chesapeake Bay predicted increases in N yield with projected P
changes, but did not consider the impacts due to projected changes in T (Howarth et al.,
2006). Recent studies using the SWAT model and GCM projections of P and T
conducted for the Upper Mississippi River Basin show the uncertainty in projected N
yield changes (Jha, et al., 2015; Panagopoulos et al., 2014). Our results, however, agree
with those of Panagopoulos et al. (2014) and indicate that N yield to these waterbodies
may decrease on average as a result of projected changes in P and T.

Climate change will only be a part of the larger picture for determining future N
yield and, ultimately, N concentrations in waterbodies. Many other factors will be at play
including N inputs to watersheds, land use and cover changes, and the role of best
management practices for N removal. Despite this complexity, the results of this study
suggest that water managers, especially in regions identified in this study where future
climatic conditions may increase N yield, take projected P and T long term trends into
consideration when developing more detailed and localized models and plans for

mitigating N pollution for impaired waterbodies.
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Table 1. The 14 General Climate Models (GCMs) used for P and T projections.

Climate Models

Institutions, sponsoring agency, country

References

BCCR-BCM 2.0

Bjerknes Center for Climate Research

(Furevik et al.,
2003)

CGCMa3.1 (T47) Canadian Centre for Climate Modeling & Analysis (Flato and
Boer, 2001)
CNRM-CM3 Météo-France / Centre National de Recherches Météorologiques, | (Salas-Mélia et
France al., 2005)
GFDL-CM2.0 US Dept. of Commerce / NOAA / Geophysical Fluid Dynamics (Delworth et
Laboratory, USA al., 2006)
GFDL-CM2.1 US Dept. of Commerce / NOAA / Geophysical Fluid Dynamics (Delworth et
Laboratory, USA al., 2006)
GISS-ER NASA / Goddard Institute for Space Studies, USA (Russell et al.,
2000)
INM-CM3.0 Institute for Numerical Mathematics, Russia (Diansky and
Volodin, 2002)
IPSL-CM4 Institut Pierre Simon Laplace, France (Marti et al.,
2006)
MIROCS3.2 (medres) | Center for Climate System Research (The University of Tokyo), | (Hasumi and
National Institute for Environmental Studies, an Frontier Emori, 2004)
Research Center for Global Change (JAMSTEC), Japan
ECHO-G Meteorological Institute of the University of Bonn, (Legutke and
Meteorological Research Institute of KMA Ross, 1999)
ECHAMS5/MPI-OM | Max Planck Institute for Meteorology, Germany (Jungclaus et
al., 2006)
MRI-CGCM2.3.2 Meteorological Research Institute, Japan (Yukimoto et
al., 2001)
CCSM3 National Center for Atmospheric Research, USA (Collins et al.,
2006)
UKMO-HadCM3 Hadley Centre for Climate Prediction and Research / Met Office, | (Collins et al.,
UK 2006)
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1 Table 2. Calibration results for the A2 and B1 scenarios of the base year (1992) SPARROW model. Provided numbers are the low and

2 high calibration results across the 14 GCM output data sets.

Nonlinear Least Squares Calibration

A2 Scenarios

B1 Scenarios

Model Parameters Coefficient Coefficient Standard Coefficient Standard

Units (Mean) Error p-Value (Mean) Error p-Value
Nitrogen Source Variables,
Population Related Sources kg person™yr? 3.132~3.354  0.746~0.785 <0.05 3.126~3.339  0.751~0.785 <0.05
Atmospheric Deposition dimensionless 0.562~0.680 0.146~0.153 <0.05 0.560~0.670 0.146~0.153 <0.05
Fertilizer Application dimensionless 0.217~0.230 0.044~0.046 <0.05 0.217~0.230 0.044~0.046 <0.05
Livestock Waste Production dimensionless 0.041~0.051 0.059~0.063 0.401~0.501 0.041~0.051 0.060~0.063 0.402~0.495
Non Agricultural Land kg km™yr? 194.8~232.0 41.98~45.47 <0.05 199.0~232.0 42.27~45.48 <0.05
Land-Water Delivery Variables, o'
Soil Permeability inhr! -0.089~-0.079  0.017~0.017 <0.05 -0.090~-0.080 0.017~0.017 <0.05
Drainage Density km* 0.913~1.158 0.785~0.807 0.143~0.258 0.870~1.155 0.783~0.812 0.144~0.285
Mean Annual Air Temp. (T) C -0.064~-0.057 0.008~0.008 <0.05 -0.063~-0.058 0.008~0.008 <0.05
Precipitation (P) 10? mm 0.009~0.010 0.001~0.001 <0.05 0.009~0.010 0.001~0.001 <0.05
Instream Losses, k'
K1 (Q <283 m°/s) day ' 0.216~0.229 0.028~0.029 <0.05 0.215~0.229 0.028~0.029 <0.05
K7 (28.3 m?/s< Q < 283 m?/s) day ! 0.216~0.229 0.023~0.024 <0.05 0.047~0.052 0.023~0.024 <0.05
Reservoir Attenuation, «; myr* 6.885~7.112 1.834~1.890 <0.05 6.896~7.114 1.836~1.890 <0.05
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Table 3. Names of the hydrologic regions (2-digit HUC) for the contiguous United States

(Seaber et al., 1987). A map of the basins is provided in Figure 8.

Region No Region Name Region No Region Name
Region 01 New England Region 10 Missouri

Region 02 Mid-Atlantic Region 11 Arkansas-White-Red
Region 03 South Atlantic-Gulf Region 12 Texas-Gulf

Region 04 Great Lakes Region 13 Rio Grande

Region 05 Ohio Region 14 Upper Colorado
Region 06 Tennessee Region 15 Lower Colorado
Region 07 Upper Mississippi Region 16 Great Basin

Region 08 Lower Mississippi Region 17 Pacific Northwest
Region 09 Souris-Red-Rainy Region 18 California
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Figure 1. T (° C) predictions over different time periods for the contiguous United States
for the A2 and B1 emission scenarios. Here 1992, 2030, 2050 and 2090 refer to the
ensemble average of 20 years T data around each year (e.g., 2030 refers to the ensemble

average of 2020-2039) from the 14 GCMs used in this study.

Figure 2. P (mm) predictions over different time periods for the contiguous United States
for the A2 and B1 emission scenarios. Here 1992, 2030, 2050 and 2090 refer to the
ensemble average of 20 years P data around each year (e.g., 2030 refers to the ensemble

average of 2020-2039) from the 14 GCMs used in this study.

Figure 3. Spatial patterns in total N yield (kg/ha yr) for baseline conditions. The estimates
were produced using the SPARROW model and GCM output averaged across an

ensemble of 14 models for the A2 (high) and B1 (low) emission scenarios.

Figure 4. Evaluation of 1992 calibrated model performance for predicted log of flux
versus actual log of flux of TN. The r? and RMSE values compare model performance

with observed water quality conditions from the 354 available monitoring stations.

Figure 5. Evaluation of calibrated model applied to 2001 dataset. The r” value compares

model performance with observed water quality conditions from the 122 available

monitoring stations.
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Figure 6. Incremental N yield change (%) predictions for different time periods under the
A2 and B1 emission scenarios over the contiguous United States. This is the average of
the SPARROW model outputs from each of the 14 different GCM predictions for future

P and T conditions.

Figure 7. Regional changes in incremental N yield (kg/ha yr) over different time periods
from 14 GCMs with A2 (high) and B1 (low) emission scenarios. The regions consist of

major river basins and are represented by a 2-digit Hydrologic Unit Code (HUC).

Figure 8. Hydrologic Unit Code (HUC) for the 2-digit HUC boundaries in the contiguous
United States (USGS, 2013). These regions contain the drainage area of a major river or a
series of rivers. The average area of these regions is 177,560 mi%. The SPARROW model
output was summarized and presented at this regional level to compare the model outputs

at the major river basin scale.

Figure 9. N yield change (%) for given changes in T (°C) and P (mm) within each level-8

watershed using the 14 GCMs and the A2 (high) or B1 (low) emission scenarios.
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