ABSTRACT
STRICKLING, HAYDEN LELAND. A Bayesian Hierarchical Model for Estimating
Nutrient Export Rates in a Developing Watershgthder the direction dbr. Daniel
Obenouy.

Watershed models based on nonlinear regression are useful tools for estimating the
magnitude of loading rates (i.e., export coefficients) for various pollutant sources within large
scaleriver basins. Few such models, however, have incorporated terapoeddility in either
source distributions or climate, despite evidence that precipitation is the primary driver in
interannualvariability in loading rates. The model developed here includes changes in
precipitation, lanelse, poirtsource discharge, anidestock operations to capture temporal
variability in nitrogenoads Precipitation is incorporated directly in the formulation of export
ratesusing hierarchically related coefficients that vary by source typstream and reservoir
retention of nirogen is included to account for nitrogen sinks within the watershed. A
Bayesianrhierarchical approach is employed to integrate uncertaintpdding estimates,
include prior knowledge of parameters, address watershed correlation, and estimate
export coefficients probabilistically. This method is applied to three North Carolina river
basins that have experienced substantial growth in urban development and livestock operations
in the past few decades, and where eutrophica@lated water qualitgroblems are common.
Results indicate that livestock operations are a significant contributor of nitrogen throughout
much of the study areaPrecipitation is shown to have adar influence o export rates for
agricultural tharfor developedands creding a system dominated by agricultural TN during

high precipitation yearand by developed regions during low precipitation gear
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INTRODUCTION

Excessive nitrogen in surface waters can cause algal blooms, hymoaiéish kills
resulting in dimnished water quality and impacted fishing and recreational indugDaoggey
et al, 2009) With increasing trends in nutrient delivery from urbanization and livestock
production seen in the past decaf®ilen et al, 2010) determining the sources and fate of
nitrogen within a watershed is imperative for implementing effective programs for nutrient
mitigation. Hybrid empirical/procesbased models, such as the Spatially Referenced
Regressions of Contaminant Transport onté&k&hed Attributes (SPARROW), can be
important tools for modeling nutriefdadingsin largeriver basinsvhere complex process
based models can be computationally inteng¢tith et al, 1997 Borah & Bera, 2004)
Hybrid modelsspatiallyrelatewatershd and landusecharacteristicso waterquality data by
incorporating simple mechanistic processes in a nonlinear regréssioework allowing for
the identification of sources and sinks of nutrients within a wate(8radhet al.,1997) The
statistcal estimation ofa small set oimodel parameters allows for a robust assessment of
parameter and nutrient loading estimate uncertainty, and avoids issues of equifinality and over
parameterizatior(Beven 2006 Bed, 1987) that can occur with processedsed models
(Schwarzet al, 2006 Caoet al, 2006) The increasing availability of regional datasets
provides an opportunity for hybrid models to incorporate rich spatial and temporal information
to characterize nutrienbarces and watershed dynamiasd provide a datdriven line of

evidence to support watershed managerfidoMahonet al, 2003)



Hybrid watershednodek typically characterize pollutant sources in term$aofiuse
export rates (kg/ha/yriglso known asexport coefficients (ECs), which can be useful for
forecasting outcomes of nutrient management or development scenarios. The EC concept has
been effective in relating anthropogenic largk practice® downstream water quality in past
studiegVollenweider et al., 197 Norvell et al., 1979Johnes, 1996and in the development
of Total Maximum Daily Load (TMDLgllowancegMattson & Isaac, 1999)Often,ECs are
estimated through field studies simall single landise watershed@Beaulac & Reckhow,
1982) These estimates, however, may hetavailabe for a particular region or may not
represent a mean rate for a bastale study where heterogeneityland-use practiceand
characteristicexist(Shrestha et al., 2008Hybrid modelson the other handanprovide an
estimate of mean loading rates over large regions through empirical estimation based on
available water qualitgata watershed chargaristics, and landise datgAlexander et al.,
2004) Statistical approaches can afg@ntifyuncertainty in EC estimates, whichnsgportant
in assessinghe reliability of model estimates fazonsidering risk irwatershed management
(Reckhow, 2003Xia et al., 2016)

A limitation of both the EC concept ard/brid models however,is that temporal
variability in export ratess rarelyconsidered. ECs are static estimates representative of mean
conditions(Beauhc & Reckhow, 1982)andmost hybrid modelgstimate export ratesom
temporallyaveragedanduse and watershed characteristics datg.,Smithet al.1997) In
reality nutrient export is influenced by temporaligrying factors such as precipitation and
land-use trendghat can cause highly variable loading ratesaterrigo & Downing, 2008;

Kaushal et al., 2008) Addressingtemporal variability in loadingestimates can facilitate



understanding of the cause$ adverseloading moments which can inform more effect
management strategi@gcClain et al., 2003)

Few efforts have been made to includeerannualvariability in hybrid watershed
models. Wellen et al. (2012) added temporally variable climatic variables ssdditive
component to the SPARROW regressand Xia et al (2016)ncluded landuse change In
addition, both of these studies used dynamic parameter estimation, allowing relationships to
vary over time However, for hybrid models, precipitation has tgebe incorporated into the
formulation of nutrient export, and the interplay between changes in land use and climate has
received little attention. Since both precipitation and land useare primary drives of
interannualvariability in nitrogen export(Haith & Shoenaker, 1987 Sinha & Michalak,
2016) thdr inclusion within the mechanistic formulation of hybrid models could improve our
understanding of watershed loading dynamics

Bayesian hierarchical modelimga potentialljpowerful tool in addressg the complex
nutrient loading dynamicsf a watershedReckhow & Chapra, 1999)Model development
within a Bayesian frameworkeadily allows for the integration of spatial and temporal
variability at differentorganizational levelsuncertainty in model inputandprior knowledge
of watershed mechani¢®ianet al.,201Q Gronewold & Borsuk, 2010; Zobrist & Reichert,
2006;Rodeet al., 2010) Bayesian mdel results consist of posterior distributions that describe
both parameters and predictipmdich can be used to evaluate hypotheses about the relative
importance of different sources and sinks of pollution, @heth can be used to assess the
efficacy of different management scenarios with in a slsed frameworkReckhow &

Chapra, 1999Qianet al, 2005)



Understanding temporal variability in watershed nutrient loading is particularly
relevant for watersheds subject to changing land use practi@esstudy consists of three
such watersheds eastern North Carolindleuse River Basin (NRB), Cape Fear River Basin
(CFRB), and Tar Pamlico River Basin (TPRHEstuaries in these basihave been subject to
toxic algal blooms, hypoxia and fish killa the past decades, resulting in diminished water
quality, and their inclusiornin the United States Environmental Protection Agency (EPA)
303(d) list of impaired waters in the 199@%aerl et al., 1998urkholder et al., 2006) The
causes of impairment eve identified as chlorophyll a levexceedance for the NRB and
TPRB, and low dissolved oxygen (DO) levels for t8&RB, both attributed to ugtream
nitrogenloadings(NCDEQ, 2017) As mandated by the Clean Water ACtean Water Act,
1972)for impaired water bodies, the North Carolina Division of Water Quédktyeloped a
Total Maximum Daily Load (TMDL)equiringpoint and distributed source total nitrogen (TN)
loading reductios of 30% in the NRB and TPRBrelative to 199601994 basdine years
(NCDENR, 1999; NCDENR, 1994)By 2008, however, the 30féduction goahad not been
achievedNCDENR, 2009NCDEQ, 2010)

While TMDLs have been shown effective in decreasing nitrate export from point
sources, a recent increase in organic nitrogen (ON) has been rdpetieckt al.2012) The
causes of this increasing trend remain undetermined though hypotheses havedeeedamee
have suggested waste from concentrated animal feeding operations (CAFOs) and noted the
trends in increased livestock production in eastern North Car(@im&kholderet al., 2006;
Cahoon et al., 199%Mallin et al., 2015) The EPAdefines a CAFCas an animal feeding

operation comprising over 2,50gsand 30,00@hickens(USEPA, 2000) From 1985 to



1995hogandchickenproduction increased 200% and 50% respectively in NC, prompting the
implementation of a stat@ide moratorium in 1997 on neWwog operationsstill effective to

date (Cahoon et al1999 S.L. 1997458 1997. Chickenoperations expanded steadily since
the 1990s making North Car ol i nchickemsbge201®f t he
(USDA NASS 2014). CAFOs in North Carolina are mostly located in the coastal plains region

of eastern NC, where their proximity to coastal ecosystems make nutrient contamination from
waste particularly concernir(@darden, 2015) Most chickenoperations in NC store waste as
dry-litter which is sold as fertilizer for surrounding fiel(tdarden, 2015) Hog operations, on

the other hand, tend to store waste in one or moi®terilagoons and are permitted to apply
effluent as sprayrrigation on nearby fieldsluring the growing seasqiNCDENR, 2014)

Despite permitting restrictions, effluent is sometimes applied in excess to the assimilative
capacities of crops and excess nutrients can be conveyed to streams through drainage systems
(Kellogg et al, 200Q Evanset al, 1984). Elevated levels ohitrogen have been observied
thegroundwater and streama6CAFO dominatedNC watershed(Mallin et al, 2015 Gilmore

et al., 2016) A recentUnited States Geological Surv@ySGS study tested 45 NC coastal

plain streams over the course of a year, and found a correlatiogandchickendensity and
sprayfield acreage with downstream nutrient contamination (Harden, 20G&&undwater
contamination from poorHined lagoon pits and the infiltration of excess nutrients from
agricultural soils has been reported and could account fesiteffgroundwater nutrient
loadingsinto surface waters, especially when swioface tile drains are used in fiel@@ukes

& Evans, 2006;Harden & Spruill, 2008Harden, 2015Spruill et al., 2005) Flooding of



lagoons from extreme weather can also contat@irarface waters, a concern especialy for
the hurricarprone regions of eastern NBurkholderet al., 1997)

Another potential driver of this increasing ON loading into NC estuaries isus@d
activities such as agriculteiand urban development, régwg from population growth nearly
doubling from 1990 to 2010 in the three bas{tsS. Census Bureau, 2017)Urban
development increases nutrient transport to surface waters through the destruction of riparian
forested and etland buffers, disruption of soils resulting in sediment transport of nutrients,
and increased impervious development that accelerates nutrienbférsim lawn fertilizers
and pet wast@_eeet al., 2006Reavie & Baratono, 20QHopkinson & Vallino,1995 Hogan
& Walbridge, 2007 Faulkner, 2004) Agricultural cultivation alsceffects water quality
through transport of fertilizer inputs through ditches andsuface tile draingCambardella
et al., 1999 Robertson & Vitousek, 2009hough agricultual cultivation has not increased
substantially in the study area in recent decadesnvestigate the relationship between kand
use and nutrienbadingsof dissolved organic nitrogen (DON) in the NRB, Osburn et al. (2016)
matched water sample fluoresce tracers with that of various DON sources and found soil
DON to be the dominant type in the NRB, just aboliekenlitter and street runoff. Soil
DON likely comes from disruption of soils caused by urban development and leaching of
nitrogen from agrialtural soils during precipitation event®sburnet al, 2016) Thus the
combined effects of urban and agricultural larsa practices could account for the increase in
ON noted above.

Hybrid models have been employed desess sourcas nutrient loading in NGs

coastal watersheds. McMahon et al. (2003) developed a SPARROW medtihtateTN



exportfrom distributed and poirgources in the NRB, TPRB, and CFRB. SPARROW model
predictions for the NRB show a watershed nitrogen budgeiirthted by agricultural inputs
from the lower part of the basin where shorter transport distances allow for festezam
losses(McMahonet al, 2003) Qian et al. (2005) built upon this model by introducing a
Bayesian hierarchical framework to tedfetent model formulations and account for spatial
autocorrelation of residuals and variability among watersheds. While providing useful
estimates of nutrient delivery for this regiganerally reflective of conditions prior to 2Q00
neither of these mais directly address precipitation variability and changing {asd
practicesnor includeCAFOsas potential soursaf nitrogen.

Developed here is movel adaptation of théaybrid approach tavatershed modeling,
focused on estimating pollutant ECs amstreamloadings over time,in a developing
watershed. Our study includeshreeriver basins in eastern NC that have sseabstantial
increags iNCAFOsand urban developmenBuilding on previous modeling effortshanges
in landuse and precipitatiorates are integrated into the model to capture temporal variability
in nitrogen export. CAF@®elated livestock datare also included for the first time as a
potential source ohitrogen loading, given their prominence in this regiom addition,
uncerainty in loading estimates and prior knowledge of parameters are integrated into the
model using a Bayesian hierarchical framework, which also allows for a probabilistic

understanding ofvatershed loading



METHODS

Model development involvedeveralsteps First annualloading ratesfor sub
watersheds werestimatedrom available TN concentration and flow datad the upertainty
in these estimates wedeterminedhrough subsampling Nextannual data for the TN sources
used in the model were ltected and aggregated for each-sudtershed A basinwide stream
andwaterbodynetworkwas developetb account for TN retention and annual precipitation
datawas obtained for each sulatershedo address the effect of precipitation on nutrient
delivery rates Next a nonlinear regressiomodelformulation was developed telate TN
source, stream and wateody network, and precipitation data to the estimated loading rates.
Finally, themodelwasdeveloped in a Bayesidnierarchical framework thanhcorporateshe
uncertainty in the loading rate estimates, a random effects term groupedwgteushedand

the prior distributiors of model parametersbtained from the literature

Study Area

The NRB, CFRB and TPRB boundaries used in this study ar&#@&SHUC 6
delineations, with areas of 15718, 23943, and 16625 &spectively. The three basins extend
from the relatively hilly and urban Piedmont region in the west, to the flatter andylarge
agricultural Coastal Plains in the east. The Piedmont is characterized by having clay, erodible
soils; and the Coastal Plain by sandy, vagllined soils, wetlands and estuarine habitats. All
geospatial data processing was performed using ArcGIS BY (ESR| 2011) Watersheds

were delineated for each sampling station using-en8ter digital elevation model from the



USGS National Elevation DatagetSGS, 2017) (Figure 1)I'he study period is 1994 to 2012

as limited by nutriensource data availaiy .
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monitoring stations used to delineate the modeletementalvatersheds.



Estimates of Annual TNLoads

Annual TN loadings were estimated fronstreamflow and water quality data
Streamfbw were obtained from the USGS NWIS databased water quality data were
obtained from théWater Quality Portal, a compilation state and federal water quality
datasetgNational Water Quality Monitoring Council, 2010A total of 21 sampling stations
throughout all three basins were selected for having continuous flow and at least 10 years of
water quality data (Figure 1). The inclusion of a station required total Kjeldahl nitrogen,
nitrate, and nitrite data, since TNaalculated as the sum of these nitrogen species. Flow data
were continuous for all stations except Barnwell, the furthest downstream station on the Neuse,
where flows preceding the year 2000 were estimated by linear regression using flows at
Kinston and tdokerton as predictor variableg & .96). To estimate annual TN loads, the
USGS Weighted Regressions on Time, Discharge and Season (WRTDS) method was used
(Hirsch & Cicco, 2015) WRTDS imputes missing nutrienbrecentration data based on a
regression with time of year (season), time (in years), and discharge. Furthermore, WRTDS
uses a flexible serparametric approach where unique regression coefficients are determined
for each estimation date, by more heavilgighting observations with similar seasonality,
year, and dischargglirschet al, 2010) This flexible approach is particularly important for
ourstudy area, where the magnitudes of different nutrient source types are changing over time.
Incremental rtrogenloadingsfor eachincremental watershedere calculated by subtracting
the WRTDS estimate of each monitroing station by the estimates fronditbetly

contributingupstream station or stations.
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Uncertainty Analysis for Load Estimates

Uncertainty in WRTDS estimates waleterminedby relating errorvariance to
sampling frequency at monitoring stations. This relationshipdeaslopedy subsampling
at four stations, selected for havimtyogen concentratiosamples taken nearly evedgy over
a span of at least 7 years. Subsampling of concentration data was implemented based on
different sampling schedules: samples taken every two months, 1 month, 2 weeks, 1 week, and
4, 3, and 2 days. Samples were selected at random within a sWditgw corresponding to
each sampling schedule to simulate +dal variability in sample collection. For each
sampling schedule, WRTDS was run 300 times (simulations) with a different randomly
selected subsample used for each simulation.-y&&8 halfwindow width was used in the
WRTDS estimation, and anndahdingestimates were taken from year(s) within 3 years from
the start and finish of the simulation. The window width refers to the-spae for the
distribution of weights used for the WRTDSgression analysis, where data outside this
window will be assigned a weight nearly zérirsch et al., 2010)Residuals were determined
by subtracting WRTD®adingestimatedbased orsubsamples from those obtained using the
complete dataset. For eachay(t) of each simulation, a coefficients of variation (CV) was

calculated:
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where, is the standard deviation of residualsis the meatoadingestimatgfor a simulation
in yeart). Results from subsampling are showi\ppendix D where CV values are plotted
as a function of number of samples per year. A power function was fit to this distribution and

used to estimate CV based on number of samples taken per yead.@%):

6 T FQ; ° G
whereOwy, is the coefficient of variation for watershednd yeat, and®y, is the number of
samples taken. Equation 2 was applied to calculate the CV for each annual ViGati>g
estimate for each of the 21 sampling stations used in this study. Thissgere then used to
determine the standard deviation of edmdding estimate consistent with equation 1The
incremental error varianceepresentinghe uncertainty in the change inadingacrossan
incremental watershed, ¢alculated baseoh the relationship between two correlated random
variablegKottegoda & Rosso, 2008)

wh wh R whAi G Aw R wh o
where, j is the incremental error variance focrenmentalwatershed and yeat, ,, jp; is the
WRTDS error variancéor station i,,  f IS the error variance for the upstream statmn
stationi,” j is the correlation obadingsbetween watershedand the upstream watershed
» i Isthe WRTDS standard deviation of statipand, j is the WRTDS standard deviation

of the upstream station.
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Nitrogen Source Inputs

Three types of nitrogen sourceswere included in the model: distributed sources
associated with land use, pesdurce dischargers, and CAFOs. Larsg data were acquired
from the U.S. conterminous wal-wall anthropogenic lanrdse trend (NWALT) dataset for
the years 1992, 2002 an@12 (Appendix A (Falcone, 2015) For the purposes of this study,
land use classifications were aggregated into three general catedeviel®ped, agriculture,
andwild. Bothlow-useandlow-use/conservationlassifcations were grouped inteild, and
three classifications withiproductionmake up theagriculture group: Crops, Pasture/Hay,
and Grazing Potential The developed group comprises a range of-lesaclassifications
including lows, medium, and highdensty commercial, industrial, recreational, and residential
areas. Landise area for each of the three groups was calculated on the Hydrologic Unit Code
(HUC 12) spatial scal Landuse areas for years imetween the NWALT datasets were
calculated throughinear interpolation.

National Pollutant Discharge Elimination System (NPDES) data for dischargers in the
three river basins was obtained from the North Carolina Department of Environmental Quality
(Marla Sink,personalcommunication2016). NPDES datanly exists from 1994 to 2016,
which limitsthe starting year for this studyThis dataset includes monthly concentration and
flow rate estimates from 71 major Y85 ni/d) and 242 minor dischargers located in the
NRB, TPRB and CFRB. Because monthly estimates in a given year were often incomplete,
annual loading estimates for each discharger were calculated from mean monthly
concentrations and flow rates for each yeare dtations and mean TN discharge of point

sources are shown Appendix Eand total annudbadingsfor each basin are shown in Figure

13



2. The largest sources are waste water treatment plants in-8teeam Raleigiburham,
Greensboro and Fayetteville trepolitan areas. In general TINadingsfrom pointsource

dischargers hae been decreasing since the early 1990s, though there has been an increase in

TPRB since the mi@000s (Figure 2).
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Countylevel livestock operation estimates were derived from United States
Department of Agriculture (USDA) chicken (broilers and layers)raghuinquennial census
and annual survey courftdSDA-NASS, 2016) Mosthogsandchickensare raised in CAFOs
in NC (Burkholderet al., 2007and are thus reflective of the size@AFOs Annual survey

estimates fohoginventory are available for the period of this study, *98@12, whereas

15



annual estimates for broilers and layersarly available from 200@012. Layer and broiler
production counts for years preceding 2006 were estohniging 5year census datith linear
interpolation to estimate ibetween years. Livestock densities were distributed across
incremental watershedoy areaveighting. County level counts are the best available source
of livestockdata, sinceomprehensiv€ AFO recordsre onlyavailableafter 2003J.R. Joshi,

NC DEQ, personakcommunication2017). Nitrogen content of both chicken ahdgwaste

was calculated using the 2017 North Carolina Agricultural Chemical Manual estimates of
manure volume produced per animal per year and nitrogen content per vBtoitegs, layers
andhogswere estimated to produce 0.19, 0.52, and 6.3 kg/animal/yr of nitregpectively
(NC State University, 2016)In genergltherewasa dramatic increase in livestock production
in the CFRB in thet990s, with a leveling ofih the 2000¢Figure 2).

Annual precipitation estimates were included within the model to assess the effect of
rainfall on nutrient delivery. Annual precipitation estimates were obtained from the NC
Climate Retrieval and Observation Network of the Southeast Database (CRQ@SIa®)
Climate Office of North Carolina, 201.6) CRONOS data are obtained for 143 weather
stations for the years 192012. Surface rasters of precipitation for each year across all three
river basins were created using inversgahce weighting, anspatialaverages were obtained

for eachincrementalvatershed.

Nitrogen Retention
Nitrogen retention due to settling and denitrification was integrated into this model for

both streams and water bodies (lakes amservoirs). Rivereach andwater body

16



characteristics were obtained from the National Hydrography DgtaS&S 2013acquired

f r om t hBetteEABsAsSment Science Integrating point & domt Sources (BASINS)

GIS applicationfUS EPA, 2015) NHD is a compilation of geospatial hydrologic datasets and
includes stream reach characteristics such as mean flow, velocityaadedepth. Nitrogen
retention was estimated as a function of residence time, mean depth, and mass transfer
coefficiert for eachstream, and hydraulic loading rate (ratio of flow to surface area) and mass
transfer coefficient foeachwaterbody. Thisrelationshipnvasproposed by Kelly et al. (1987)

for lakes,wasadapted to streams by Howarth et al. (1986pwasexpressed as firstrder
exponential decay by Birgand et al. (2007). The mass transfer coefficient is the water column
height from which nitrate is removed per unit of time, calculated from the ratio of areal
denitrification to nitrate concentratigielly et al., 1987Howarth et al., 199@irgand et al.,

2007) Nitrogen retentionr] is calculated by the following equation:

where} is the mass transfer coefficigm/yr) for streams’( ) or waterbodies( ), andKis

the deptha residencgime ratio for streams (m/yr), and hydraulic loadiatge for watedbodies

(m/yr). Nitrogen retentionn streamgs estimated for point and distributed sources within a
watershed along the stregmath from their location (the outlet of HUC 12 subbasinfor
distributed sources) tthe incremental watershed outlefo determine the effective K for a

given source stream path, the depths of stream segments along the stream path were weight

averaged by residence time, and this weighted depth hess divided by the cumulative
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residence time Retention is calculateshdividually for eachwater bodyintersected byhe
stream path from a source locatiof single(overall)retention value for each souroeation

within a watershed is calculated as follows:

ig p QFAhz ‘Q hh v

wherei ; is the retention of sourcein watershed, U ,; is theaggregate® value for the
stream path from sourcg andv j; is theK value for each waterbodwj that is intersected

by the stream path of sourge

Bayesian Model Formulation
The model formulation used in this study includes both deterministic and stochastic

components:

wherewy, is the incrementdbading(kg/yr) for incremental watershdadand yeat, wy, is the
deterministic prediction of incremental nitrogerading (kg/yr),| is a normally distributed
watershed e v e | i r a (Gelman etalf, 20&4ndo;, is alog-normally distributed
residual error term. The random effiectrepresents systematic variability amongtershed,

whereaghe- j termis thepredictiveerror typical of regression models.
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TheWRTDS incrementdbadingestimate iselated to theunknown actual incremental

loading(wp), through a normal distribution:

where wy, is the WRTDS incrementdbading estimate and,  is its standard deviation
(calculated from equatior®. A normal distibution is used here because incremeotdings
may be negative if the retention of upstrelradingsexceeds théoading contribution of
sources within the incremental watersh&tle log-transformed actuahcrementalloading
estimate is normally distruted and centered on thag-transformeddeterministic prediction

plus the random intercept term:

borx O ban | K v

whereL(y) is the natural log of + 1 (kg/yr), and, is the residual standard deviation. The
log transformation is performed to address the-mormality of loading residuals on the
original scalgSchwarz et al., 2006)The 16 kg offsetaccouns for the possibility olhegative
incrementalloadings (as noted above), and is a common practicenwdeplying power
transformations(Faraway, 2016) The loading estimatewy is determined by summing
watershed loading contributions from point sources, distributed sources (agriculture,
developed, and wild)and CAFOs,and subtracting instrearossesassociated with the

upstream load
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where Sta, Std, Stw Sth, Ste, and Stp are the watershedand yearspecific source
contributions of agricultureyrban developmentyildlands, hogs, chickens, and point sources,
respectivelyafter accounting for kstream lossespndz: andr;; are the upstream WRTDS
loading estimate and associated retentionhwitthe incremental watershed. The source

specific contributions are calculated as:

wherei j5 is the contribution of a given source type (x = {a, d, w, h, cjipRg/yr, T is the
sour c e O0(EC) @ xighvery toefficien(DC),T i s t h e precpitatios ienpast
coefficient PIC), andpit is the normalized watershednd yeaispecific precipitation. The
transposed vectari%; includes tharea (ha) ofdnduse types ankbadings(kg/yr) of CAFO
and discharger typdsom different locations around the incremental watershed, and the vector
»; is the retention losses associated with these different locai@sare in units of kg/ha/yr
while DCs are dimensionless, representing the percentage of nitrogen that is delivered to
streams.

Both the EC and DC terms represent baseline nitrogen contribatesundermean
annual precipitatio(whenn j is zerQ. Because precipitation is centered at zero, the PIC term

I can have either a negative or positive imparctthe baseline ECWhile PICs differ by
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source type, they are hierarchically related to each other by a common distriwiition
standard devi#on,, . The assumption is that the intensity of runoff related nutrient transport

is dependent on surface characteristics such as imperviousness, drainage practices, and riparian
mitigation, which can vary by landse type.The PIC term for point seaes isset to0 since
yearto-year variability in point sources is already accounted for in the point source loading

dataset

Prior Distributions

Each parameter is assigned a prior distribution iwithe model (Table 1). Vague
uniform priors were usefr parameterfor whichthere isnoknownprior information. Priors
for agriculture, developed, and wild ECs were obtained from a compilation of over 70 studies
conducted nationally, angreviouslyused in a watershed planning study of the Albemarle
Pamlco Estuary in NGDodd et al., 1992)Priors forboth developed and agriculture lanse
ECs have higtstandard deviationgjiven the diversity of storrmater management practices,
crop types and hydrological factors that influence nitrogen loading. rafesog-normal
distribution for the mass transfer coefficidot streams; , was determined from quantile
values given from a study afver 70streams across the U.S. using nitrogen stable isotropic
tracers to determine denitrification raf@tulholland et al., 2008Alexander et al., 2009)The
distribution for the mass transfer coefficient for water bodies, was determined from
studies of 35 temperate lak@darrison et al., 2009)All EC, DC, and PIC parameters were

given a lower bund ofzerq since negative values are mechanistidatigiausible
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Tablel. Model parameters with their prior distributiofar hierarchical distributions in the
case of PIC parameters)

Prior

Parameter Description Units Distribution Source
Tk Agriculture EC kg/halyr N(9,7) Dodd, et al., 1992
Tk Developed EC kg/halyr N(8,3) Dodd, et al., 1992
T Wild EC kg/halyr N(2,2) Dodd, et al., 1992
(I Chickens DC - U(0,1) o)
(I Hogs DC - U(0,1) o)
(I Point Source DC - N(1,0.1) o)
(I Agriculture PIC - N(O,, ) o)
(- Developed PIC - N(O,, ) o}
Tk wild PIC - N(0,, ) 0
(I Chickens PIC - N(O,, ) o}
(- Hogs PIC - N(O,, ) o}

” Coef.Streams m/yr LogN(3,]) Mulholland, etal., 2008
" Coef. w.b. m/yr N(5,5) Harrison, et al., 2009
, Residual s.d. kalyr UO,uap T 0

, Random int. s.d. kalyr UO,uap T 0

, PIC s.d. - U(0,1) o)

Model parameters were estimated using HamiltorfMarkov Chair) Monte Carlo
(HMC) sampling with the Rstan software operated in(lR Core Team, 2013; Stan
Development Team, 2016)Threeparallelsampling chains were run 20,000 iterations each
with the first 10,000 discarded as the burrperiod, resulting in 30,00posteriorsample
total. Convergence was considered achieved when the scale reduction ¥atisigcsquare
root of the ratio of total variance to withahain variance of the posterior distributidnwas

approximately equal tone(Gelman & Rubin, 1992)
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Performance Assessment

Model performance was determined by the N&askcliffe Efficiency (NSEXNash &
Sutcliffe, 1970)and mean absolute error (MAB)SE, which is @mmonly used in hydrologic
modeling,is equivalent to the coefficient of determination as it is often defined in statistic texts
(e.g.,Faraway, 2016 , but different from the square of
NSE and MAE were calculated lgas on the means of the Bayesian posterior predictive
distributions. For comparison, these performance metrics were calculated in two different ways
T assuming théencrementalatersheespecific random effestareknown, and assuminpey
areunknown (set to zero).

The performance of the full modgalibrated to all datay compared to a nuource
model, and is further evaluated throug!3-fold crossvalidation (Elsner & Schmertmann,
1994)whereeach of the three river basins are treated as a fbie: nullsourcemodel isa
linear regressionvherewatershed area and precipitation multiplied by watershed area were
used as predictorariablesof incremental loads withimatersheds.The nullsource model
servesas a benchmaro gage the extemnd whichrepresentation of specific source types (i.e.,
land uses, point sources, and CAFO sources) and their spatiotemporal vaiiapilityes
model performancefor crossvalidation the data were didied into three sectiorse., folds)
by river-basin, where the model is trained by two and tested by one of the three segments
consideringall three possible combinatioms turn. The crossvalidation serves to ¢ the
model 6s pr eanonsthted \byethedNSE dnd MAE, and by comparing parameter
estimates from the validatidiolds to the full model. Arobust modekhould have similar

parameter estimates regardless of which regions are used for training or testing.
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RESULTS

Annual TN Loads

Loadingestimates from the WRTDS analysis suggest an increase in TN entering NC
estuaries since the late 1990s, particularly in the CFRB. Annddlamnormalizedoading
estimategor each iver basin are shown in Figure Blow-normalizedoadingsare determined
by taking the mean dbadingestimates calculated from all historical flows &achparticular
day, andare useful in analyzing lorgrm loadingtrends in that thegliminate shortterm
variability in flow rates caused by drougldr wet weather(Hirsch et al., 201,0Lebo et al.
2012) Flow normalizedoadingssuggest there has beasteadyincrease in TNoadingsin
the CFRB since the miti990s. In the NRB and TPRBN loadingsdeclined until around
2000 and then began to increadaading estimates aindividual stations along the Neuse
suggest larger contributions from the mostly agricultural watersheds of Goldsboro to Ft.
Barnwell than the urban watersheds$-afls Dam and ClaytorAppendix Q. The mean annual
incrementaloading (loadingproduced within each incremental watershed) is approximately
680,000 kg/yr, with a standard deviation of 450,000 kg/yr TN. Mean annual incremental
loading and standard deviation normalized Wptershedarea are 4.15 kg/ha/yr and 3.07

kg/halyr, respectively.

24



10.04 = Cape Fear °
~®- Neuse
=+ Tar Pamlico

TN (10° kgiyn)

0.0 1

1990 2000 2010
Year

Figure3. WRTDS estimates of Thbadingsat downstream locations on the CFRB, NRB,
and TPRBKelly, Ft. Barnwell, and Washington, respectivelyjoints represent annual
loadingestimates and lines are flewormalized loads. Vertical lines mark the beginning and
end of the timeseries used ithe watershed modé19942012).

Model Parameterization and Performance

Model parameters that characterize nutrient sources, nuteégntion, and error
distributions were determined tugh Bayesian inference (Tablg. 2Marginal psterior
distributions of model parameters are given as density plots along witptioeidistributions
in Figure 4 For ECY ) and DC | ) parametrs, the posterior distributisrappear more
influenced by the data than the vafyudistributed priors (Figure)4 The probability of a given
parameter exceeding another parameter is determined by the frequency of e aestang
posteriorsamplesAppendix B). There is a87% and 91% probability that the agriculture EC

( r)is greater than the ECs for developed and,wégpectively but onlya 53% probability
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that the developed EC is greater than the wild Eterms of magnitudegur resultssuggest

that agricultural EC i2.0 and 1.8imes higher thanvild and developed ECs, respectively
(Table 3. The nean DC value for hogs very similarto that of chickens. Mean PIC values
are largest for agricultat landand smallest for developed laadd chicker, suggesting that
nutrient export from agriculture lands is most heavily influenced by rainfall rates, while
developed land and chicken operations export a more const@ndf TN regardless of
precipitation. While theredible intervalgCls) for PICs are wide and substantially overlap,
there is an 80% probability that the PIC for agriculture land is greater thaRl@éor

developed landAppendix B.
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Table2. Mean parameter estimates with 95% credible intervals for modelsamdttvithout
informativepriorsonEC and DC Mean parameter estimates are also shown for each fold of
the cross validatianParameter units are provided in Table 1.

Full model with all  Full model without EC Validation Validation Validation
priors & DC priors TP &N N & CF CF&TP
Symbol Mean 95% ClI Mean 95% ClI Mean Mean Mean
([ 4.9 2.37.7 5.0 2.08.4 5.0 4.3 5.8
3 2.7 0.475.0 2.6 0.11-5.6 3.6 2.8 2.5
I A 25 0.924.3 3.0 1.1-5.2 3.8 25 1.9
3 0.028 0.0100.053 0.026 0.0-0.053 0.029 0.031 0.032
I A 0.025 0.00.050 0.023 -0.0080.056 0.053 0.025 0.022
IR 0.87 0.681.1 0.70 0.391.0 0.96 0.89 0.87
[ 0.43 0.21:0.79 0.43 0.21-0.83 0.31 0.46 0.45
[ 0.25 0.0150.67 0.24 0.01-0.72 0.27 0.25 0.24
[ 0.36 0.072:0.77 0.32 0.08-0.69 0.40 0.39 0.31
3 0.23 0.0150.64 0.25 0.0120.73 0.31 0.22 0.28
(I 0.36 0.0251.1 0.35 0.0220.99 0.43 0.34 0.34
" 4.6 1.39.9 5.0 1.2-11 11 4.4 4.0
" 11 7.914 11 7.514 6.7 12 11
" 0.096 0.0840.11 0.095 0.0850.11 0.083 0.11 0.096
" 15 0.982.3 1.6 1.02.4 15 1.3 1.6
n 0.49 0.21-1.2 0.49 0.201.2 0.55 0.52 0.51
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Figure4. Marginal psterior distributions of mod@larameters with prior distributions
] (dashed lines)as determined for the full mod®&arameter units are provided in Table 1.
Nitrogen retention is determined by the massisfer coefficients for streams and water
bodies. The mean mass transfer dogiht for instream retentiori’ () is on the loweend of
literature valuesvhile that ofwater bodyretention { ) is on the upper en@s reflected by
the prior distributionFigure 4. Retention in the two largest reservoirs, Jordan Lake ansl Fal
Lake are 84% and 60%espectively, which is in the higher range of retenfamlakesin
general(Harrison et al., 2009), though for Falls Lake within range from a previous study
(Garrett, 1990) Overall the percentageof TN retained in streams amchter bodiesire 13.4%
and 12.2%respectively.In total, stream and water body losses re2&ivh of TN in all three
basins. Bashkwide retention from HUC1Zubbasis to river basin outlet are shown in

Appendix H
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Hydraulic retention times for both Jordan Lake and Falls Lakeredadively long,
potentially causing a lag in downstream station monitoring for upstream TN lo&ateigs
exceeds the annual tins¢ep Mean residence timésom 1984 to 201 7calculatedoy dividing
mean outflow by reservoir volum@SACE, 2017)for Jordan Lake and Falls Lake are 0.52
and 0.78 years respectively, with standard deviations of 0.60 and 0.35 years respé&uively.
Lillington and Falls Dam watersheds, containingddm Lakeand Falls Lake, havdSEs of-

0.48 and 0.33 respectiveiyndicating that the large retention times in these watersheds may be
contributing to poor estimations of incremental loadirgsll, these watersheds were included

in the model since their meaersidence timewere less thana year, and for the sake of
maintaining continuityf TN transporwvithin the river basins.

The model was also calibrated using fieformative priors for EC and DC parameters,
so that the influence of the prior informatiooutd be more clearly assessed. In most cases,
parameter estimates without priors were similar to paramestenates with priors (Tablg.2
A notable exception is the@®for hogs, where the 95% CI intersects zero slighitigygh the
90% Cldoesnot Whi | e fphi®r@dnomodel is not preferred |
previous studies is ignored and because negativimddingsare mechanistically impossible,
the neprior model highlights the fact that agricultural and chicken sources are thte mos
strongly identifiable distributed and CAFO source types, respectivelyis studyarea

Model skill isassessed in terms NSE and MAE based on model predictions with
watershedandom effectsyith fixed effectsonly, andfrom cross validatioriFigure 5. With
random effects included and removed (set to zero)fulhemodel (calibrated to all data)

explains 78% and 73% of variability, respectivelysing logtransformations for predicted
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and observed valueshe modelexplains 74% and 68% ofariability with random effects

included and removed respectivelppendix L). Temporal autocorrelation in residuals is

minimal, with lagl correlation coefficierstaveraging @75 across watershedsln cross

validation (without random effects), the mel explains 63% of the variability. Mean

parameter estimates for all three bdsivel folds of the cross validation are similar to each

other and to the fulihodel (Table p, affirming the model is reasonably robust to variations in

the training datasetln comparison, tha@ull-source model explagd just 49% of variability

using onlywatershedirea and precipitation as predictors.
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Figure5. Observed vs. predicted plots of incrementalld®tingsusing (a) full model with
fixed and random effects, (b) full model with fixed effects only, and (c) cross validation with

fixed effects only.
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Nutrient Loading Source Apportionment

Throughout the studyeriod,from 1994 to 2012, TN export estimates reflect a decrease
in pointsources, moderate changes in laisé, and a nokde increase in CAFOs in many
watersheds. Figure $hows sourcspecific TN contributions for of each basin, bo#fdye
and after accoumtg for in-stream andwvater bodyretention, and using loAgrm mean
precipitation values for each watershed. From 1994 to 2012 -gminte discharges of TN
decreased by 10&nd61%, in the CFRB and NRB, respectivedyd increased by 1.3% in the
TPRB. Developedand TN increased by nearly 50% in all three river basins coinciding with
a decrease in agricultutend TN of 3.7%, 5.9%, and 3.7% and wild TN of 16%, 29%, and
6.8% in the CFRB, NRB, and TPRB, respectively. Chicken TN export increased byn97% i
the CFRB and decreased slightly by 7% and 15% in the NRB and TPRB respectively. Hog
TN export increased by 29% and 35% in the CFRB and N&dpectivelyand decreased by
14% in the TPRB. The largest changes in basde percent composition of TN exfo
occurred in the NRBwhere in 1994, point, landse, and CAFO sources made up 26%, 9%,
and 65% of basiwide TN exporfrespectivelywhereas in 2012, the same sources made up
9%, 12%, and 79%espectively. Forthe CFRB, livestock sources incréasen 12% ta20%
and point and landse sources decreadeam 28% to 24% and 60% to 56%&spectivelyof
the total TN export composition from 1994 to 2012. Percent composition of source
contributions changeetlativelylittle for the TPRB.

In-stream ad water bodyretention reduces TNoadings before they reach the
downstream statin of each river basin (Figure BS results). In 1994, these losses reduced

TN loadingsby 24%, 25%, and20%, andchangedslightly in 2012 to 22%, 26%, and ¥9in
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the CFRB, NRB, and TPRB, respectively. Tdddingcontributiors are largest in downstream

regions, characterized by higher annual precipitation and lower retention (fewes

reservoirs) and where most livestock operations and agtical land is sitated (Figure Y.

The largest increases in TINadingrates from 1994 to 2012 are tine downstream CFRB

because of the growth of chickand hogoperations. Upstream decreases in loading rates are

attributable to decreases in pesdurce load in the CRRB and NRB and decreases in

agriculture land and livestock production in the TPRB. Precipitation has a larger effect on TN

loadingsin downstream agricultural areas, given that the PIC for agriculture is higher than that

of developed and wild land\ppendx I).
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Figure6. TN loadingcontributions in the CFRB, NRB, and TBRor (a) 1994 and (b)
2012, by source type. Mean precipitation values are used in calculating loads. Shown are
totalloadingsentering the stream netwoikcluding no stream andater bodylosses (NL)
andloadingsat the downstrearfDS) basin outlet accounting for stream amater body
losses. Downstream locations for each basin are Kelly (CFRB), Ft. Barnwell (NRB), and
Washington (TPRM). Chinquapin and Tomahawk watersheds are also included in the CFRB
loadingcalculations.
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Figure7. TN loading rates fothe year 2002 (grey shading) and change in loading rate from
1994 to 2012 (points) for each HUC 12. Stream and reservoir retention is included and rates
reflectloadingsto downstream locations for each basin (Kelly for CFRB, Ft. Barnwell for
NRB, and Wahington for TPRB). HUC 12 mean precipitation values are used in calculating
loads.
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DISCUSSION

In this study, we introduce a new approach for probabilistically estimating nutrient
export rates and predicting nutrielsadings over time. The approach builds dwybrid
empirical/procesdasedvatershed models where nutrient loading, retention, and transport are
represented within a nonlinear regression framew8rkith et al., 1997McMahon et al.,

2003 Qian et al. 2005) However, while most previous applications loybrid watershed
modeling have been developed fparticular reference years, our approach leverages
interannualvariability in nutrient sources and precipitation over a rrigitadal {9-year)

study period. The taporal variability considered in this work provides richer information to
characterize nutrient export rates and explore the drivers of interannual variability. Here,
sourcespecific export and delivery coefficients (ECs and DCs) are modified based wal ann
precipitation anomalies (i.e., deviations from mean precipitation). This approach reflects the
expectation that precipitation will increase surface waf$hand groundwater fluxes of
nutrients to streams (e.d-daith & Shoemakerl987. The extent tavhich precipitation
anomalies affect nutrient loading is determined by hierarchicalated, sourcepecific PICs.

The interannual variability in nutrient loading is, of course, further controlled by changes in
source distributions over time. Overdlie deterministic component of our modekcounts

for 73% of the spatiotemporal variability in incrementaltershedoadings(78% if watershed
random effects are included, Figure 3). If, for example, variability due to precipitation is

removed from thenodel (i.e., PICs are set to zerti)en the model only explains %Sof the
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loading variability. If land use variatismare removed, then only 6786 the variability is
explained.

While this is perhaps the first study to incorporagenporal changes in b
precipitation and source distributions in a nonlinear regression model for watershed loading,
similar modeling studies have explored temporal variability using alternative approaches.
Wellen et al. (2012)addedboth interannual climatic variables angndmic parameter
estimation taSPARROW(Smith et al., 1997)thus treatinglimatic and watershed processes
as primary agents of interannual variabilitjowever, unlike our approacthis configuration
doesndt a c-osechangeantl precipitaten is shcluded as an additive component to
the nonlinear regression rather than as a sespeeific modifier of TN exporfWellen et al.,
2012) Xia et al (2016) also considered dynamic parameter estinaimranduse change
a nonlinear regressionrmulationto account for interannual variability in TN expdout did
not consider precipitation directlXia et al., 2016) Less mechanistic, linear regression
models have also been used to study temporal variability in watefiddddading. For
exanple, Sinha and Michalak (2016) found irtrnual variability in largescale watershed
TN loadingsto be driven primarily by both annual precipitation and extreme precipitation
events. The effects of precipitation timing and extreme events could alsasidered within
context of nonlinear regression modeling, perhaps gure enhancement to the model
developed here

In this study, we quantify TN export rates from several manageralavant source
types. For the first time, using tiwbrid modelingapproach, we explicitly include CAFO

related livestock counts as potential sources, and empirically estimedtaction of livestock
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waste TN delivered to streamBosterior estimates suggest that laogl chicken DCs are very
similar and both less thabfo (Figure 4) A 2002 EPA study of CAF@Qvaste management
practices across the nation found a mean -eddeld deliveryloss rate of 6% and 9% for
hogs and chickensespectively (Whitman et al., 2002)which are somewhat higher than the
DCs determinedhere A possible reason for the lower estimates in this study is that some of
the livestock contribution may be reflected in the agricultural land EC. To the extent that
chicken and hog waste replace other types of fertilizer, these wastes do ndtuteoasti
additionalload Furthermore, our DCs do not represent eofgigeld delivery, but rather
delivery to the HUG12 outlet (Figire 7). In any case, our results indicate that chicken and
hogs are substantial TN contributdfSgure 6), with mean ECgcalculated by dividing the
mean livestock waste delivered to streams by total agriculture land aréa} afd 0.82
kg/halyr, respectively. Adding these livestock ECs to the EC for agricultural land (4.9
kg/halyr) gives a total effective agriculdrEC of 7.0 kg/halyr, which is near previous
estimates for agricultat landin this region(McMahon et al., 2003Qian et al., 20053nd the
mean literature valu@odd et al., 1992Lin, 2004;Harmel et al., 2006)

Non-agricultural TNsources, including pot source dischargersirban development
and wildland sourceare also included in the model. The wild land EC for this study is similar
to mean EC values in the literat2odd et al., 1992Beaulac & Reckhow, 1982)The point
source DC has a mean @B7 and a ClI that includes 1.0. A value of near 1.0 is expected for
point sources, assuming that there are no substantial biases in the point source loading data
(Schwarz et al., 2006We note that point source DCs below 1.0 are common in imgmd

model applicationsincluding previous applications in this study af&aith et al. 1997

36



McMabhon et al., 2003ian et al., 2005)and may suggest ovegporting of discharger loading
rates(Wellen et al., 2012Schwarz et al., 2006)Developed land EC is on the lower end of
literature values for mixedhtensity urban development. Our urban EC estimates are more
typical of lowrdensity developmer{Beaulac & Reckhow, 1982)vhich comprisethe largest
portion of developed landse in the three river basimdgpendix A. The mean EC for point
sources (calculated by dividing the mean annual gmatce TN delivered to streams by total
developed land area) is 5.0 kg/ha/yr, which added teldped land EC gives an effective total
developed EC of 7.7 kg/halysomewhathigher than the effective total agricultural EC
(above).

In this study,interannualvariability in TN export and delivery rates is controlled
directly by annual precipitationnd sourcespecific PICs Appendix Q. The PIC represents
the fractionalchangein TN export corresponding tone standard deviation change in
precipitation, relative to the mean precipitationhe PIC estimate is highest for agricuétur
land (0.43) anddwest for developed land and chicken operations (0.25 and 0.23, respectively).
The lower PIC for developed land suggests that TN export from developed areas is less
responsive to precipitation on an annual time scale, consistent with the fofdaingelds, et
al. (2008) that urban areas export most TN during small precipitation events, arkich
prevalenin all years. Because of the differing PICs, there is substartBahnnual/ariability
in the relative magnitude of different source types. Dugnigigh precipitation year (85
percentile) agriculture land TN export rates are nearly 2.3 and 2.1 times higher than that of

developed and wild lands, respectively, whereas during the low precipitation year (5
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percentile), agriculture land TN expostiearly equal tehat of wild land and developed land
exportbecomed.8times higher than agriculture.

Because not all spatial variation is explained by the deterministic component of this
model, watershed random effeetscount formuch of the remaining spatial variabilityThe
random effects term can also indicate spatial correlation among watersheds that might result
from regional differences in export rates and watershed processes (e.g. Coastal Plain versus
Piedmont). While anevious NC study using data at higher spatial resolytibtcMahon et
al., 2003 Qian et al., 20053uggested spatial correlation, the random effects in this study do
not exhibit substantial spatial correlatioAppendix J. Systematic differences in nunt
export rates between Piedmont and Coastal Plain watersheds, as suggested in a previous
Chesapeakarea studyJordan et al., 1997are also not apparent based on the random effects
of our study Appendix ).

Our results show a general decline in paatirce, wild, and agricultural land TN
contributions, and an increase in livestock and developed land TN contributions in the NRB
and CFRBand relatively little change in the TPRRegression analysis of land use practices
between 1992 and 2001 by Ratherger et al. (2009) show a strong correlation between Neuse
RiverTN loading and urban larehd CAFO expansion in the NR8onsistent with our results.
Alamedline et al. (201) used a Bayesian changepsinmteshold model, for 1979 to 2008, to
determinea change in the flogoncentration relationshjmdicating aregimechange in 1999
from a pointsource to agriculturally dominated systehebo et al (2012) noted a nearly 15%
increase and 15% decrease in ON and nitaatds respectively, into the NRBom 1995 to

2008, a trend that oncurrent wittihe decline in poinsource TN and increase in Toadings
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from animal waste found in our study. A study by Osburn €Rall6)found anthropogenic
ONin the Neus#o derive mostly from chicken litteryloan street runoff, and eroded sediments
either from urban or agricultural sourcésdogwaste, however, was found to contribute little
ON, though some of this waste could be converted to and be present-@asrisedl ON
(Osburn et al., 2016)The results of our study generally suggest singlaarall contributions
from hogsand chickens in the NRB (Figure 6).

Annual effective EC estimates for total agriculture (sum of chicken, hog, and
agriculture land ECs) and total urban (sum of point smanmed developed land ECshow
declining urbarand increasing agriculturdiN exportrates on average, across the study area
(Appendix M. Total urbarEC decreasefrom 10 to 6.4 g/halyr, while total agriculturdtC
increasd from 6.8 to 7.2 kg/ha/yr ém 1994 to 2012iuring a mean precipitation scenario
(Appendix M. The decrease in the total urban export rate results from a decrease in point
sourcedoadingsconcurrent with an increase in developed area. The increase in TN e#port
for total agriclture is attributable to the increase in CAFOs. If CAFOs were not included in
the modelthe total agriculturalEC would remain constan&nd there would be no mechanism
for exploring thamplications of CAFO development within the stuggion.

Resultscan be analyzed in terms of total annual exglogtyr) in addition toareal
export rates (kg/ha/yr). Annual TN export fréatal agricultual andtotal developedsources
varies by basirand by precipitation scenario The TPRB experiencklittle change in total
agricultural and developed TN expanter the study perio@Appendix M. Total developed
TN export (kg/yr) decreases only in the NRB due dobstantial reductions ipointsource

discharge(Appendix M). In the NRB, agricultural eport is greater than developed export
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under all but the lowest {5percentile) flow conditionswhere agricultural and developed
export are approximately equalThis outcome highlights the effectiveness of TMDLs at
reducing point sources in the NRB ahé remaining challenge of reducing nonpoint sources.
Total agricultural TN export increasesubstantiallyin the CFRBdue mainly to CAFO
contributions while total developed land export increases sligadya result ofncreasing
urbanizatiorwith little reduction in point sourcle®adings(Figure 2,Appendix M.

This study effectively incorporates temporal variability in sosr@ed precipitation
data into a hybrid nehnear regressiormodel for determining interannual variability in
watershedoads. The inclusion of precipitatioas amodifier of sourcespecificexpat rates
can beusefulin assessing environmental impacts of nutrient loadings during diffiewrehtise
and precipitation scenarios The Bayesiafhierarchical modeling framework provides a
platform forincorporatinguncertainty in model input$or including watershetevel random
effects thataddressspatial variability not otherwise aggnted for by the deterministic
component of the modgbr including prior knowledge from the literate, andor providing
probabilistic esmation of model parameterdncorporatng interannual variability within a
probabilistic framework is an important development for hybrid watershed mauohelscan
provide rich insights into the dynamics of nuttidnading within watersheds This is
especially important for informing effective watersources management policies for

mitigating nutrient loathgsin developing watersheds
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Appendix A NWALT LandUse Classifications

NWALT land-use classifications with their respective areas (ha) and % of total area

in all three river basin@~alcone, 2015)

Area (hectares) % of total area
Land Use Classification 1992 2002 2012 1992 2002 2012
Water
Water 21548 21548 21960 1.2 12 1.2
Wetlands 130783 130783 130783 7.3 7.3 7.3
Developed
Major Transportation 26197 28453 30156 15 16 1.7
Commercial/Services 30030 35111 38592 1.7 20 22
Industrial/Military 10842 12392 13884 0.6 0.7 0.8
Recreation 6997 8049 8669 04 05 05
Residential, High Density 14185 20450 26935 0.8 1.1 15
Residential, LowMedium
Density 64792 75844 90279 3.6 43 5.1
Developed, Other 22929 17494 12631 13 1.0 0.7
SemiDeveloped
Urban Interface High 25584 23495 21489 14 13 1.2
Urban Interface Low Medium 129582 217673 267704 7.3 12.2 15.0
Anthropogenic Other 599 531 448 0.0 0.0 0.0
Production
Mining/Extraction 1031 1060 1136 0.1 0.1 0.1
Crops 335551 318468 318840 189 17.9 17.9
Pasture/Hay 165608 165823 156385 9.3 9.3 8.8
Grazing Potential 8403 8258 8363 05 05 05
Low Use
Low Use 784342 693572 630749 44.1 39.0 35.4
Very Low Use, Conservation
Very Low Use, Conservation 375 375 375 0.0 00 0.0
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Appendix B Probabilistic ®mparison of ParameteMagnitudes

Table values represent the percent probability of row parameter exceeding column
parameter.

(3 o] 87 90
R 13 0 54
T h 10 46 0
I & [
(B o} 57
[ 43 o
(I T K T K I h I h
[ o) 80 62 83 65
[ 20 o) 30 53 34
[ 38 70 o] 70 55
(I 17 47 30 o] 34
I h 35 66 45 66 0
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Appendix C Modified Export Coefficients Including the PIC for Each Source

The table below lists the adified export coefficientsincluding the PIC for each
source type (kg/halyr). Includede TN export for mean precipitation (prec. = 0) and
positive and negative standard deviation of precipitation ranges (preg) and the 95

percentile of precipitatioranges (prec. =p8wv @.

Source prec.=0 Nni Bop Ni Bw pd&o

I COEAC 4 2.87.0 0.779.0
$ACATT 2.034 1.44.0
wild 2.5 1.63.4 0.7443
Chicken 0028 0022003  0.0150.041
Hog

0.025 0.0160.03 0.00740.042



AppendixD. Coefficient of Variation (CV) Values from the WRTDS Uncertainty Analysis

The figure below shows theoefficient of Variation (CV) values for the 8 sampling
schedules used in the WRTDS uncertainty analysis by station locdthenchshed line is

the fit power regression used in this study.
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Appendix E. Mean Anual TNLoads from Point Sourceifchargers from 1994 to 2012
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Appendix F.Land Use GangeMaps

The figures belowshowland use change for 1992 (a) and 2012 (b). Land use types
included areagriculture (yellow), developed (red), wild (green), and water/wetlands (blue)

Black outlines are the watersheds used in this study.
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Appendix G. WRTDSTN Estimates foBtations in Each iRer Basin

The figures below shoWRTDS TN estimates for stationsthe NRB(a), CFRB
(b), and TPRB (c) fromi994 to 2015.Points are annual estimates and lines are-flow
normalized estimatesStationsfor the NRBinclude Falls Dan{FD), Clayton (C), Goldsboro
(G), Kinston (K), and Ft. Barnwe{FB). Stations for the CFRB includ¢€elly (K), Tarheel
(Tar), Lillington (Lil), Moncure (M), Bynum (By), Burlington (B), Tomahawk (Tom),
Chinquapin (C), and Ramseur (R¥tations for the TPRincludeWashington (W), Tarrboro

(T), Rocky Mount (RM), Louisburg (L), and 196 ().
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Appendix H Percent TN Retentiokap

The map below showsepcent TN retention from each HUC12 to downstream points
for each basiiiKelly for all CFRB watersheds except Chinquapin and Tomahawk, Ft.
Barnwell for NRB, and Washington for TPRBRIack outlines are the watersheds used in

this study.

% TN Retention

[ Jot1o
[ Jioto20
[ 20t030
[ 300 40 \

I <0050 LI Ikm
Il 50 w060 0 15 30 60

I > 50

59



Appendix I TN Loading Rate Maps

The maps below sholN loading rates (kg/ha/yr) usind'%a) and 98 (b) percentile

precipitation valuefor each HUC 12. Also shown are TN loading rates not including stream

and water body retention using mean precipitation values (c) for each HUading

rates for the year 2002 are in grey shadingoidts reflect change in rates from the year

1994 to 2012.In maps (a) and (btream and reservoir retention is included and rates reflect

loadings to downstream locations for each basin (Kelly for CFRB, Ft. Barnwell for NRB, and

Washington for TPRB).
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