
Quantifying the Response of Nitrogen Speciation to Hydrology in the Chesapeake Bay

Watershed Using a Multilevel Modeling Approach

Isabella Bertani, Gopal Bhatt, Gary W. Shenk , and Lewis C. Linker

Research Impact Statement: Increased riverine nitrogen due to increased anthropogenic inputs may enrich the
inorganic fraction while increased riverine nitrogen due to hydrologic factors may deplete the inorganic fraction.

ABSTRACT: Excessive nitrogen (N) inputs to coastal waters can lead to severe eutrophication and different
chemical forms of N exhibit varying levels of effectiveness in fueling primary production. Efforts to mitigate N
fluxes from coastal watersheds are often guided by models that predict changes in N loads as a function of
changes in land use, management practices, and climate. However, relatively little is known on the impacts of
such changes on the relative fractions of different N forms. We leveraged a long-term dataset of N loads from
over 100 river stations to investigate how the NO�

3 fraction, that is, the ratio of NO�
3 to total N (NO�

3 /TN),
changes as a function of spatio-temporal changes in TN loads in the Chesapeake Bay watershed. We built a
hierarchical model that separates the response of NO�

3 to changes in TN load occurring at different scales:
Across river stations, where differences in TN loads are largely driven by spatial differences in anthropogenic
inputs, and within stations, where inter-annual variability in hydrology is a key driver of changes in TN loads.
Results suggest that while increases in TN loads resulting from changes in anthropogenic inputs lead to an
increase in the NO�

3 fraction, a decrease in the NO�
3 fraction may occur when increases in TN loads are driven

by increased streamflow. These results are especially relevant in watersheds that may experience changes in N
loads due to both management decisions and climate-driven changes in hydrology.

(KEYWORDS: Chesapeake Bay; nitrogen loads; nitrogen speciation; hydrology; anthropogenic nitrogen inputs;
hierarchical model.)

INTRODUCTION

Eutrophication due to excessive nutrient inputs is
a common problem in aquatic ecosystems and nitro-
gen (N) inputs from anthropogenic sources are a key
driver of water quality impairment in coastal systems
(Howarth and Marino 2006; Conley et al. 2009).
Efforts aimed at developing strategies to reduce N
inputs delivered to coastal waters have been imple-
mented in coastal systems worldwide (Boesch 2019).

Such nutrient reduction plans are typically guided by
empirical and/or mechanistic models that predict
changes in watershed N export under a set of coun-
terfactual management and climate scenarios (Stow
et al. 2003; Shenk and Linker 2013; Scavia, Bertani,
et al. 2017; Scavia, Kalcic, et al. 2017). These model-
ing tools are informed by decades of extensive
research on the effects of changes in land use, man-
agement practices, local weather, and large-scale cli-
matic patterns on the magnitude, timing, and spatio-
temporal characteristics of watershed N loads
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(Vitousek et al. 1997; Schlesinger 2009; Gao and Guo
2014; Chanat and Yang 2018; Ator et al. 2019; Bal-
lard et al. 2019). However, relatively less is known on
the effects of such changes on N speciation, that is,
the relative proportions of the different chemical
forms of N that make up the overall N load exported
from a watershed. Dissolved, particulate, organic,
and inorganic N forms often originate from different
sources in different portions, exhibit different levels
of biogeochemical reactivity, and go through different
dominant cycling and transport processes in terres-
trial and aquatic environments (Hedin et al. 1995;
Bernot and Dodds 2005; Alvarez-Cobelas et al. 2008).
As a result, it is reasonable to hypothesize that they
may respond differently to the changes in hydrologi-
cal conditions, relative dominance of different biogeo-
chemical processes, and overall N inputs to the
landscape brought about by changes in land use,
management actions, and climate. Understanding
how the relative proportion of different N forms may
vary in response to drivers that act as surrogates of
anthropogenic and environmental change is particu-
larly important because different N forms exhibit
markedly different degrees of bioavailability and
effectiveness in fueling algal growth and related
eutrophication problems, such as hypoxia and harm-
ful algal blooms (Seitzinger, Sanders, et al. 2002;
Pehlivanoglu and Sedlak 2004; Bronk et al. 2007;
Shenk et al. 2020).

Both local and large-scale studies show a generally
consistent increase in the fraction of N load repre-
sented by dissolved inorganic forms, primarily NO�

3

and secondarily NHþ
4 and NO�

2 , in predominantly
agricultural watersheds compared to more pristine
regions characterized by lower anthropogenic N
inputs (Perakis and Hedin 2002; Dodds 2003; Lehrter
2006; Scott et al. 2007; Sponseller et al. 2014). An
increase in the NO�

3 fraction, that is, the ratio of
NO�

3 to total N (NO�
3 /TN), is therefore generally

expected as a result of increases in N loads driven,
for example, by increased fertilizer application or a
shift in dominance from forested to crop land uses.
On the other hand, there is still substantial uncer-
tainty in the relative response of different N forms to
changes in N loads associated with changes in hydrol-
ogy that may be brought about by different factors,
such as shifts in climate conditions or changes in
anthropogenic uses that significantly alter the hydro-
logical cycle. Of the large number of process-based
studies that have addressed the question of how N
loads are expected to change as a result of different
climate and hydrological conditions, relatively few
have investigated the behavior of multiple N species
and those who did reported contrasting results. For
example, while some studies suggested that an
increase in riverine N loads associated with climate-

driven increases in precipitation and runoff would
result in decreased NO�

3 fractions (Wang and Kalin
2018; Mehan et al. 2019), others reported an increase
in the NO�

3 fraction (Park et al. 2013; Feng et al.
2015; Gabriel et al. 2016). On one hand, this lack of
consensus may reflect the difficulty of generalizing
the outcome of processes that are closely linked to
site-specific attributes such as, among others, soil
characteristics, topography, lithology, dominant land
use types, hydrogeologic setting, local weather pat-
terns, stream morphology, and lateral hydrologic con-
nectivity. On the other hand, discrepancies in
mechanistic model results are at least partly driven
by substantial model structural uncertainty stem-
ming from an imperfect knowledge of the biogeochem-
ical mechanisms underlying N speciation and their
mathematical representation, coupled with differ-
ences across modeling tools in the level of complexity,
spatio-temporal resolution, quality and quantity of
input datasets, and parameterization and calibration
approaches.

Empirical analyses of observations from long-term
monitoring programs can provide useful data-driven
insight to inform assumptions, augment mechanistic
formulations, and/or assess performance of process-
based models especially with respect to outcomes char-
acterized by relatively high mechanistic uncertainty.
The Chesapeake Bay Program, a Federal-State part-
nership of six States (Virginia, Maryland, Pennsylva-
nia, Delaware, West Virginia, and New York), the
District of Columbia, and the Environmental Protec-
tion Agency representing the Federal Government
with the objective of restoring the tidal waters and
watershed of the Chesapeake (Linker et al. 2013),
maintains a multi-decadal dataset of N loads estimated
at over 100 nontidal riverine stations across the Bay
watershed (USEPA 2004). Loads of NO�

3 , the dominant
form of dissolved inorganic N, and of TN are estimated
routinely, thereby providing an ideal dataset to inves-
tigate how the NO�

3 fraction changes over time and
space as a function of changes in N loads. Understand-
ing N speciation is particularly important to develop
strategies that can effectively reduce hypoxia and
maintain ecologically healthy dissolved oxygen concen-
trations in the deep waters of the Chesapeake because
dissolved inorganic forms of N, primarily NO�

3 and
NHþ

4 , are estimated to be an order of magnitude more
potent in generating bottom water hypoxia in the Bay
than particulate refractory organic N (Cerco and Noel
2019). In addition to that, the decision of the Chesa-
peake Bay Program to defend the living resource-
based tidal water quality standards from future cli-
mate risk explicitly calls for an improved understand-
ing of how N speciation is expected to respond to
climate-driven changes in hydrology in the Bay water-
shed (Linker et al. unpublished).
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The overarching aim of this work is to investigate
how the NO�

3 fraction changes as a function of spatio-
temporal changes in riverine TN loads across the
Chesapeake Bay watershed. To achieve this, we
developed an empirical model that relates changes in
annual NO�

3 loads to changes in annual TN loads
estimated at nontidal riverine stations. More specifi-
cally, we address the question of whether the NO�

3

fraction is expected to respond similarly to changes
in TN loads associated with increased anthropogenic
N inputs between stations as opposed to changes in
TN loads largely driven by varying hydrology within
stations. Although numerous factors contribute to
influence the spatial and temporal variability in
riverine TN loads observed in a watershed, hydrology
is generally found to be the dominant driver of inter-
annual variability, while differing levels of anthro-
pogenic N inputs associated with different dominant
land uses and management practices are usually the
strongest predictor of spatial variability (Basu et al.
2010; Sinha and Michalak 2016). We use a hierarchi-
cal model approach to simultaneously model and sep-
arate the response of NO�

3 to changes in TN load
occurring at different scales in the watershed: Across
monitoring stations, where differences in TN loads
are assumed to be primarily driven by spatial differ-
ences in land use and average anthropogenic N
inputs, and within monitoring stations, where inter-
annual variability in hydrology is assumed to be the
dominant driver of changes in TN loads. Hierarchical
models are especially well suited to model cross-scale
data that are structured into groups, such as samples
collected at different monitoring stations, and they
offer several benefits, including the ability to: (1)
simultaneously model variation at the individual data
level and at the group level, thereby assessing the
response of individuals within groups and of the pop-
ulation as a whole, (2) address violations of the least
squares assumption of independence arising from the
inherent correlation of observations belonging to the
same group, (3) improve estimates of model coeffi-
cients for groups with lower sample size and/or
higher variability by “borrowing strength” from
groups with larger sample size and higher strength
of information, (4) account for and propagate different
sources of uncertainty across the levels of the model
hierarchy, and (5) incorporate predictors that act at
different organizational levels of the hierarchy,
thereby accounting for cross-scale interactions among
variables that act at different spatial and/or temporal
scales (Gelman and Hill 2007; Qian and Shen 2007;
Cressie et al. 2009; Stow et al. 2009; Qian et al. 2010;
Soranno et al. 2014). By explicitly separating the spa-
tial and temporal components of the NO�

3 response to
changes in TN loads across a watershed, the result-
ing empirical model can (1) provide insight into how

the NO�
3 fraction may change as a result of changes

in the main drivers that dominate each of those com-
ponents, (2) serve as an empirical augmentation of
watershed models (e.g., Shenk and Linker 2013)
whose calibration and predictions are primarily
focused on TN, and (3) serve as an additional valida-
tion tool for mechanistic models that predict changes
in the relative proportion of NO�

3 over other N forms
as a function of different underlying processes.

MATERIALS AND METHODS

Annual NO�
3 and TN loads estimated at 101 Che-

sapeake Bay Nontidal Network stations (Figure 1;
Table 1) over the period 1985–2016 through the
Weighted Regression on Time, Discharge, and Season
(WRTDS) method (Hirsch et al. 2010) were obtained
from the United States Geological Survey (USGS)
(Moyer et al. 2017) and were expressed in units of kg/
ha (also referred to as yields) after normalization by
each station’s drainage area. Briefly, WRTDS is a sta-
tistical technique that estimates a complete daily
record of constituent concentrations and loads based
on an incomplete dataset of (infrequently) observed
constituent concentrations and a complete record of
daily discharges (Hirsch et al. 2010). The USGS uses
the WRTDS method to estimate constituent loads at
the Chesapeake Bay Nontidal Network stations with
at least five years of monitoring data, whereby in
each year a minimum of 20 constituent concentration
samples are generally collected (12 monthly sam-
ples + 8 storm-event samples) (Chanat et al. 2016).
Loads of NO�

3 represent the sum of NO�
3 and NO�

2 ,
although the latter generally represents a negligible
fraction compared to the former (Meybeck 1982).

Annual loads were available over the full period of
record (32 years) at 39 stations, while at other sta-
tions the length of the period of record ranged
between 5 and 31 years, resulting in a total of 2013
data points. The statistical analyses described below
were performed both retaining all stations and
excluding stations with <10 years of data, and
because results did not differ significantly, we report
results of analyses performed on the full dataset.

To explicitly model the spatial (across stations)
and temporal (across years, within stations) compo-
nents of the NO�

3 response to changes in TN load, we
built a hierarchical model that quantifies the rela-
tionship between annual NO�

3 and TN loads (tempo-
ral component), where the coefficients that
characterize that relationship are allowed to vary
hierarchically across stations (spatial component).
The hierarchical formulation accounts for the fact
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that annual loads belong to different monitoring sta-
tions by entailing two levels, an Individual Level
(where individual data = annual NO�

3 loads at each
station) and a Group Level (where groups are repre-
sented by stations). At the Individual Level, each
observation of the response variable (annual NO�

3

load in year i at station j, NO3i,j) is modeled as aris-
ing from a normal distribution with mean ŷi,j and
standard deviation σj (Equation 1), where ŷi,j repre-
sents the mean deterministic model prediction for the
individual observation NO3i,j as a function of the
Individual Level predictor TNi,j (Equation 2). Based
on preliminary analyses of residuals, we found that a
nonlinear formulation of the functional relationship
between annual NO�

3 and TN loads at each station
provided a better fit to the data, especially near the
edges of the range of observed TN loads (Figure S1),
as is frequently the case with water quality variables
(Bolker et al. 2013; Filstrup et al. 2014). We also
found that common transformations of the response
and predictor variables, such as log transformations,
failed to appropriately address the nonlinearity of the

relationship. After testing different nonlinear deter-
ministic functions (Bolker 2008), a modification of a
sigmoidal model commonly used in ecology, the Hol-
ling Type III functional response equation (Equation
2), was found to provide the best compromise between
model performance and parsimony (i.e., number of
parameters to be estimated by the model). The deter-
ministic form of the model is thus a nonlinear regres-
sion between annual NO�

3 loads and annual TN loads
at each station. At the Group Level, the two parame-
ters (α and β) that quantify the functional relation-
ship between NO3i,j and TNi,j are allowed to vary
across stations. Specifically, instead of estimating one
single value of α and β for the whole dataset, as is
typically done in classical regression, different αj and
βj values are estimated for each station j and these
station-specific αj and βj values are themselves mod-
eled as random variables arising from probability dis-
tributions. As mentioned above, the hierarchical
structure of the model allows for the incorporation of
Group Level covariates that may help to explain the
spatial (i.e., between stations) variation in model

FIGURE 1. Map of 101 Chesapeake Bay Nontidal Network stations considered in this study. Circle size is proportional to the long-term
total nitrogen (TN) load estimated at each station, while color indicates the long-term NO�

3 fraction estimated at each station from Weighted
Regression on Time, Discharge, and Season loads.

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION JAWR795

QUANTIFYING THE RESPONSE OF NITROGEN SPECIATION TO HYDROLOGY IN THE CHESAPEAKE BAY WATERSHED USING A MULTILEVEL MODELING APPROACH

 17521688, 2022, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1752-1688.12951 by U

SE
PA

- O
ffice of environm

ental, W
iley O

nline L
ibrary on [06/01/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



coefficients αj and βj. We then modeled both sets of
parameters as arising from a multivariate normal
distribution whose respective means are estimated as
a linear function of the long-term average TN load
estimated at each station (TN j) (Equations 3 and 4).
The inclusion of the station-specific long-term aver-
age TN load as a Group Level covariate serves two
purposes. From a conceptual perspective, the long-
term average load at each station can be viewed as a
surrogate for the spatial signature of the integrated
effects of land use, management practices, watershed
characteristics, and land-based N inputs and we are
therefore interested in quantifying its effect on the
spatial variability in the model coefficients αj and βj.
From a hierarchical modeling perspective, because
we expect a positive correlation between the station-
specific coefficients αj and βj and the Individual Level
predictor TNi,j, the inclusion of the average of TNi,j

calculated at each station (i.e., TN j) as a Group Level
predictor is necessary to appropriately account for
that correlation and avoid violations of Gauss–Mar-
kov assumptions (Bafumi and Gelman 2006; Gelman
et al. 2008). Visual inspection of plots of residuals vs.
fitted values indicated violation of the variance homo-
geneity assumption, with the Individual Level resid-
ual variance differing across stations and increasing
with increasing values of TN j. To appropriately
account for this behavior, we allowed the Individual
Level standard deviation to vary across stations and
modeled it with the log-normal distribution defined

by Equation (5), where the mean of the distribution
is a function of TN j and the parameters γ, δ, and σϵ
are estimated by the model (Gelman and Hill 2007;
Shor et al. 2007; Leckie et al. 2014).

Individual Level

NO3i,j ∼N ŷi,j, σ
2
j

� �
, (1)

ŷi,j ¼
α j�TNi,jffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
β2j þTN2

i,j

q , (2)

Group Level

α j

β j

 !
∼MVN

a0þa1�TN j

b0þb1�TN j

 !
, Σ

 !
, (3)

Σ¼ σα 0

0 σβ

� �
Ω

σα 0

0 σβ

� �
, (4)

σ j ∼LN γþ δ� logðTN jÞ
� �

, σ2ɛ Þ, (5)

where NO3i,j: NO�
3 load (kg/ha) in year i at station j;

ŷi,j: mean deterministic model prediction for NO3i,j;
TNi,j: TN load (kg/ha) in year i at station j; TN j: long-
term average TN load (kg/ha) at station j; α j, β j:
station-specific coefficients quantifying the nonlinear
relationship between NO�

3 and TN at each station; a0,
a1, b0, b1: coefficients quantifying the relationship
between station-specific model coefficients and TN j; σ j:
within-station residual standard deviations after
accounting for the effect of TNi,j; Σ: variance-
covariance matrix for the station-specific coefficients αj
and βj; Ω: correlation matrix for the station-specific
coefficients αj and βj; σα, σβ: standard deviations of
station-specific coefficients after accounting for the
effect of TN j; γ, δ: coefficients quantifying the
heteroscedastic structure of the Individual Level stan-
dard deviations (σj); σϵ: standard deviation quantifying
the variability of the Individual Level error (σj) across
stations; N, MVN, LN: Normal, Multivariate Normal,
and Log-normal distribution, respectively.

TABLE 1. Summary statistics of the distributions of select charac-
teristics across the 101 stations considered in this study. The vari-
ables Cropland, Pasture, Developed, and Forested represent the

fraction of a station’s drainage area occupied by the corresponding
land use category. Average annual TN loads and NO�

3 fractions
were calculated by averaging across individual years at each sta-

tion, with the total number of years at each station varying
between 5 and 32. Q1 and Q3 are the first and third quartile of
each variable’s distribution, respectively. Distributions are repre-
sentative of the characteristics of the stations considered in this

study and not the whole watershed.

Min Q1 Median Mean Q3 Max

Drainage
area (km2)

2.6 220.2 536.1 4,275.7 1,958.0 70,188.7

Cropland (%) 0 7 15 18 23 72
Pasture (%) 0 4 7 7 9 21
Developed
(%)

1 5 8 12 14 64

Forested (%) 10 38 60 55 71 91
Average
annual TN
load (kg/ha/
year)

1.2 3.0 6.6 8.8 11.4 43.4

Average
annual NO�

3

fraction

0.06 0.53 0.65 0.62 0.76 0.94
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We used diffuse or weakly informative priors for
all parameters: a0, a1, b0, b1, γ, δ ~ Normal(0, 10); σα,
σβ, σϵ ~ Uniform(0, 100). The correlation matrix Ω
was given a Lewandowski, Kurowicka, and Joe (LKJ)
prior: Ω ∼ LKJcorr(2) (Lewandowski et al. 2009; Stan
Development Team 2019b). Model parameters’ poste-
rior distributions were estimated within a Bayesian
framework using a Markov Chain Monte Carlo
(MCMC) algorithm implemented in the software
STAN (Carpenter et al. 2017) interfaced with R (R
Core Team 2018) through the R package rstan (Stan
Development Team 2019a). We ran four parallel
MCMC chains with 3,000 iterations each after a
warm-up period of 1,000 iterations. We considered
the chains to have converged when Ȓ < 1.1 for all
model parameters, where for each parameter Ȓ repre-
sents the ratio between the parameter’s variance esti-
mated by pooling all chains together and the average
of that parameter’s individual within-chain variances
(Stan Development Team 2019c). We assessed model
fit by computing the fraction of variance in the obser-
vations explained at each level (Individual and
Group) of the model (Gelman and Pardoe 2006; Wag-
ner et al. 2011) and by visually assessing the distri-
bution of the posterior predictive p-values estimated
for each individual observation. Posterior predictive
p-values can be defined as the tail-area probability of
each observation under the posterior predictive distri-
bution estimated by the model for that observation
(Meng 1994; Gronewold et al. 2009). In other words,
an observation’s posterior predictive p-value repre-
sents the probability that the model-predicted
response is equal to or higher than the observation.
Posterior predictive p-values were estimated for each
observation NO3i,j by calculating the fraction of the
corresponding posterior predictive distribution esti-
mated by the model that exceeds that observation. A
distribution of posterior p-values close to uniform
indicates a good fit of the posterior predictive distri-
bution to the observed data (Gelman et al. 2013). A
leave-one-station-out cross-validation was performed
to assess model performance when predicting at sta-
tions not included in the training dataset. At each
step of the cross-validation procedure, one station
was removed from the calibration dataset and the
model calibrated to the remaining stations was used
to predict NO�

3 loads at the excluded station.

RESULTS

The nontidal riverine stations considered in this
study are spread throughout the Chesapeake Bay
watershed and span a broad range of hydrologic and

land use characteristics, with drainage areas ranging
from 2.6 to 70,188.7 km2 and upstream land use
ranging from up to 72% cropland to over 90% forested
(Figure 1; Table 1). As a result of these marked dif-
ferences in land use characteristics, the long-term
average annual TN load also varies substantially
across stations, from a minimum of 1 kg/ha/year to a
maximum of 43 kg/ha/year (Table 1). As expected, the
spatial variability in average TN load follows spatial
patterns in land use relatively closely, with higher
TN loads generally found at stations characterized by
higher fractions of anthropogenically impacted land
uses, such as crop or developed urban land uses, in
the upstream catchments (Figure 2a). The average
NO�

3 fraction also exhibits considerable spatial vari-
ability across stations (Figure 1; Table 1) and is posi-
tively correlated with the average long-term TN load
estimated at each station, that is, stations with
higher TN loads (and higher fractions of anthro-
pogenically impacted land uses) tend to have higher
NO�

3 fractions (Figures 1 and 2b).
However, when looking at inter-annual variability

in the NO�
3 fraction within each station, that rela-

tionship is often reversed, with years characterized
by higher TN loads generally exhibiting lower NO�

3

fractions (Figure 3). A hierarchical model with differ-
ent coefficients across stations captures this dual
behavior by separating within- and across-station
variability (Figure 3).

Posterior distributions of all model parameters are
substantially narrower than their corresponding pri-
ors, indicating that the amount of information in the
data was sufficient to update the parameters’ distri-
butions and priors exerted minimal influence on pos-
terior parameter estimates (Figure S2). At the
Individual Level, that is, when considering all 2013
annual data points across all 101 stations, the model
explains 99% of the variation in NO3i,j (Figure 4),
with a root mean square error (RMSE) of 0.48 kg/ha
and a mean absolute error (MAE) of 0.22 kg/ha. An
ordinary least squares regression that pools observa-
tions from different stations together (complete pool-
ing) performs similarly in terms of amount of
variation explained in the response variable
(R2 = 97%) but underperforms in terms of RMSE
(1.14 kg/ha) and MAE (0.80 kg/ha). More importantly,
a regression model that pools all observations
together predicts a positive relationship between the
NO�

3 fraction and TN loads but fails to capture the
decrease in the NO�

3 fraction observed with increas-
ing TN loads as a result of inter-annual variability
within stations (Figure 3).

There is substantial spatial (across-stations) vari-
ability in the parameters that characterize the rela-
tionship between NO�

3 and TN and both parameters
exhibit a positive relationship with the long-term
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average TN load, as indicated by the posterior mean
values of the two Group Level slope parameters a1
and b1, whose 95% credible intervals are above zero
(Table 2). Specifically, long-term average TN explains
88% and 84% of the across-station (Group Level) vari-
ation in the parameters αj and βj, respectively. A his-
togram of marginal posterior predictive p-values
exhibits relatively minor deviations from a uniform
distribution between 0 and 1 (Figure S3). Because
each posterior predictive p-value quantifies the por-
tion of the model-predicted probability distribution

FIGURE 2. Relationship between (a) long-term average TN load estimated at each of 101 riverine stations in the Chesapeake Bay
watershed and the fraction of upstream land occupied by crop, pasture, and developed land uses and (b) NO�

3 fraction and
long-term average TN load.

FIGURE 3. Relationship between annual NO�
3 fraction and log-

transformed annual TN load estimated at 101 riverine stations in
the Chesapeake Bay watershed. Different colors represent differ-
ent stations and show the generally negative relationship between
annual NO�

3 fraction and TN load within each individual station.
Only a subset of the stations was highlighted with colors different
from gray to prevent excessive cluttering and aid interpretation.
Colored lines represent predicted NO�

3 fraction values from
station-specific regressions obtained through hierarchical model-
ing, while the solid black line represents NO�

3 fraction values pre-
dicted when fitting a least-squares regression that pools all
observations together. The red dashed line is obtained by replac-
ing TNi,j with the long-term average TN load at each station
( �TN j) in Equation (2) of the hierarchical model, thereby estimating
how the long-term average NO�

3 fraction is predicted to vary after
removing inter-annual variability in TN loads. Note that a
decrease in the NO�

3 fraction also occurs at stations characterized
by relatively low TN loads, although less evident due to the gener-
ally lower NO�

3 fraction values and also as a result of the log
transformation stretching the range of smaller values on the x
axis.

FIGURE 4. Observed vs. model-predicted annual NO�
3 loads at 101

nontidal riverine stations in the Chesapeake Bay watershed. The
1:1 line is provided for reference. See Supporting Information for a
figure of observed vs. model-predicted annual NO�

3 fractions
(Figure S4).
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that exceeds the corresponding observation, a ten-
dency of p-values to exhibit values close to zero or
one would indicate that model-predicted uncertainty
intervals tend to be narrower than expected, while a
relatively uniform distribution of p-values provides
support for the ability of the model to appropriately
characterize predictive uncertainty (Gronewold et al.
2009; Obenour et al. 2014). Station-specific regres-
sions, whose coefficients depend on a station’s long-
term TN load through Equation (3), can be used to
predict annual NO�

3 fractions as a function of annual
TN loads at each station. Furthermore, the Group
Level relationship between the station-specific coeffi-
cients (αj and βj) and the corresponding long-term
average TN loads allows for the estimation of new
values of αj and βj for stations not included in the
dataset used to fit the model, provided that the long-
term average TN load of those stations is known. To
gain an approximate indication of how the model
would perform when predicting at single stations
excluded from the calibration dataset, results of
leave-one-station-out cross-validation can be com-
pared to the performance of the full model. Our
cross-validation results suggest only a marginal
decrease in model predictive performance compared
to the full model (CV-R2 = 98%, CV-RMSE = 1.05 kg/
ha, MAE = 0.75 kg/ha). When used in cross-
validation mode, the model exhibits similar predictive
performance to the completely pooled regression,
while still retaining the ability to model variability
within and across stations separately.

DISCUSSION

Our empirical approach found evidence of an
opposite-direction response of the NO�

3 fraction to
changes in TN loads depending on whether the TN
changes were governed by spatial (i.e., manage-
ment/land use) or temporal (i.e., hydrology) drivers. At

the spatial scale (across riverine stations), we found an
increase in the NO�

3 fraction with increasing TN loads
(Figures 2b and 3). A simple linear regression of
station-specific long-term average TN loads as a func-
tion of the total fraction of upstream land occupied by
land uses typically characterized by high N inputs
(cropland, pasture, and developed) explains 66% of the
variability in TN loads in the log space (Figure 2a),
confirming that land use is a major driver of the
observed spatial differences in TN loads. The results
agree with extensive literature supporting widespread
observations that an increase in the relative proportion
of NO�

3 is associated with higher TN loads resulting
from increased anthropogenic N inputs (Seitzinger,
Kroeze, et al. 2002; Pellerin et al. 2006; Stanley and
Maxted 2008). However, when changes in hydrology
are a major driver of variability in TN loads, as is gen-
erally the case when looking at inter-annual variabil-
ity within stations, the NO�

3 fraction tends to decrease
as TN loads increase (Figure 3). A similar decrease in
the relative contribution of NO�

3 and a corresponding
increase in the fraction of particulate and dissolved
organic N forms with hydrology-driven increases in N
loads has often been reported in watersheds within
and outside the Chesapeake Bay both at the individual
storm event scale and at intra- and inter-annual time
scales (Correll et al. 1999a; Gao et al. 2004; Kato et al.
2009; Inamdar et al. 2015). At the event scale, when
stream discharge increases due to precipitation events,
a shift from NO�

3 -rich groundwater to subsurface and
overland runoff as the dominant sources of streamflow
may in some cases result in a net dilution effect on
NO�

3 concentrations, coupled with the mobilization of
relatively larger amounts of dissolved and particulate
organic N from in- and near-stream sources, such as
riparian soils, upper soil horizons, and eroded or re-
suspended streambed and bank sediments (Correll
et al. 1999b; Kaushal and Lewis 2003; Martin and Har-
rison 2011; Duncan et al. 2017). Such shifts in the com-
position of the N load observed at the scale of
individual storm events may ultimately result in rela-
tively lower NO�

3 fractions in wetter years compared to
drier years (Correll et al. 1999a; Lehrter 2006; Rose
et al. 2018). The occurrence of this type of response is
dependent on complex interactions among several fac-
tors such as dominant land use, soil erodibility and
organic matter content, magnitude, frequency and sea-
sonal timing of storm events, occurrence and duration
of dry–wet cycles, rates of accumulation of organic and
inorganic N stores in the soil, and spatial distribution
of those stores in the watershed (Lehrter 2006; Causse
et al. 2015; Rose et al. 2018). Disentangling the under-
lying mechanisms that contribute to produce the pat-
terns emerging from our analysis is beyond the scope
of this work and would benefit from a combination of
process-based studies and empirical analyses of load

TABLE 2. Model-estimated posterior parameter means and stan-
dard deviations.

Parameter Units
Posterior

mean
Posterior

SD

a0 kg/ha −2.11 1.52
a1 (kg/ha)/(kg/ha) 2.80 0.17
b0 kg/ha 4.09 2.01
b1 (kg/ha)/(kg/ha) 2.84 0.22
γ kg/ha −3.23 0.13
δ (kg/ha)/log(kg/

ha)
0.94 0.06

σϵ kg/ha 0.48 0.04
σα kg/ha 8.41 0.97
σβ kg/ha 10.24 1.29
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dynamics at finer temporal scales than inter-annual
(Burns et al. 2019). Nonetheless, our results suggest
that while increases in N load delivery resulting from
potential increases in land uses characterized by high
anthropogenic N inputs would be expected to lead to
an increase in the relative fraction of NO�

3 , a decrease
in the NO�

3 fraction could occur when increases in N
delivery are driven primarily by hydroclimatic condi-
tions. Examples of model-predicted changes in the
NO�

3 fraction as a function of changes in TN loads pri-
marily driven by hydrology (estimated using station-
specific regressions such as those indicated by different
colors in Figure 3) vs. N inputs (estimated using the
regression line based on long-term average loads and
indicated with a red dashed line in Figure 3) are pro-
vided in Table S1.

The findings may have direct implications in the
Chesapeake Bay, where an overall increase in precip-
itation and streamflow is estimated as a result of cli-
mate change and was found in long-term observed
data (Groisman et al. 2004; Najjar et al. 2010; Rice
and Jastram 2015; Rice et al. 2017). A wetter water-
shed is in turn expected to increase the estimated
delivery of N loads to the tidal Chesapeake (Chang
et al. 2001; Sinha et al. 2017; Bhatt et al. unpub-
lished). Although a substantial amount of that
increase is expected to be in the form of NO�

3 , which
is the dominant N form in several regions of the
watershed (Figure 1), our results suggest that the
fraction of NO�

3 may decrease relative to that of par-
ticulate and organic N forms under wetter conditions.

A decrease in the relative proportion of more reac-
tive and readily bioavailable forms (NO�

3 ) and a sub-
sequent increase in the fraction of more refractory
organic and particulate N would have potential eco-
logical and water quality implications for streams,
rivers, and ultimately the tidal waters of the Bay
(Lewis et al. 2011; Paerl et al. 2014). In this regard,
given the ecological importance of the stoichiometry
of different N forms not only with respect to each
other but also with respect to other algal nutrients
(e.g., phosphorus and silica), the modeling approach
presented here could be extended in the future to
characterize the relative behavior of algal nutrients
other than N with respect to changes in watershed
inputs and hydrology (Viaroli et al. 2018; Vybernaite-
Lubiene et al. 2018).

It is important to acknowledge that this empirical
approach has limitations. Our model does not address
the potential influence of confounding factors that act
at different spatial and temporal scales and that most
likely impact the N loads ultimately observed at the
monitoring stations, such as long-term changes in
land use and management practices, watershed char-
acteristics, soil hydraulic properties, geologic setting,
topography, in-stream water residence and travel

time, anthropogenic water uses, etc. For example,
stations where management actions have resulted in
sustained decreases in N inputs over time are
expected to respond with a corresponding long-term
gradual decrease in the NO�

3 fraction that may par-
tially confound the negative relationship found
between the NO�

3 fraction and TN loads over time. To
address this, the current approach could be refined in
the future by removing potential long-term trends in
the NO�

3 fraction within stations or by including a
time-varying predictor in the model that captures
long-term changes in land use and/or management at
each station. In addition, the model currently does
not address the fact that nested watersheds may
exhibit nonindependent responses and although
inspection of model residuals did not reveal any
remaining spatial patterns, future efforts may include
revising the model’s formulation to explicitly model
the spatial correlation structure inherent in the
stream network. There are also inherent limitations
and uncertainties associated with the WRTDS
method that was used to estimate loads. Uncertainty
in load estimates may arise and vary across stations
and constituents as a function of factors including,
among others, the number and frequency of water
quality samples, length of the time series over which
water quality samples are available, presence and
duration of gaps in the sampling program, degree of
bias in sampling frequency across seasons and/or flow
event magnitudes, goodness of fit of the concentra-
tion–discharge relationships, etc. (Hirsch 2014; Lee
et al. 2016). Future efforts could address some of
these limitations for example by developing modeling
approaches that leverage increasingly available high-
frequency water quality data to improve load estima-
tion accuracy (Burns et al. 2019) or by taking advan-
tage of the flexible hierarchical formulation to
incorporate additional station-level variables related
to watershed characteristics that may capture some
of the unexplained variability in the N speciation
response.

It is also important to note that caution should be
used when extrapolating observed watershed
responses to inter-annual variability in hydrology to
characterize expected responses to longer term,
cumulative changes in hydrology. For example, ante-
cedent flow conditions are known to influence the
magnitude and characteristics of the pool of con-
stituents stored in a watershed and available for
downstream transport in a given year (Murphy et al.
2014; Outram et al. 2016). As a result, the biogeo-
chemical response of a watershed to a wetter hydrol-
ogy observed as part of inter-annual fluctuations in
wet-dry conditions may differ from the cumulative
effect of a sustained increase in wet conditions
brought about by climate change, which may lead to
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long-term gradual changes in N sinks in the land-
scape or to shifts in the rates and relative importance
of the different biogeochemical processes that affect
speciation patterns in the watershed (Howarth et al.
2006; Greaver et al. 2016). In addition, there is still
substantial uncertainty on the extent and type of
adaptation measures expected in response to climate
change and on how these potential changes in prac-
tices (e.g., changes in crop varieties, planting dates,
timing, rate and mode of fertilizer application and
irrigation) may ultimately affect the availability,
transformation, and transport of different N species
(Lal et al. 2011; Challinor et al. 2014). Addressing
these uncertainties will most likely require the inte-
gration of results from multiple research approaches,
including experimental manipulations, observational
studies over long time scales and/or environmental
gradients, and simulations of different climate and
adaptation scenarios through mechanistic modeling
(Dunne et al. 2004; Fukami and Wardle 2005;
Thompson et al. 2013).

Despite the limitations of our modeling approach,
we find a consistent negative response of the NO�

3

fraction to changes in N loads driven primarily by
hydrology across the watershed, and our results are
in agreement with some observational studies that
have looked at the relative response of different N
forms to changes in hydrology in the Chesapeake Bay
watershed (Correll et al. 1999a; Inamdar et al. 2015).
Although applied in the Chesapeake Bay watershed,
our modeling approach is easily transferrable to other
systems and results may be of particular relevance
for watershed research, modeling, and management
efforts, especially in coastal watersheds that are pre-
dicted to experience increases in N load delivery as a
result of climate influences on precipitation and flow.

SUPPORTING INFORMATION

Additional supporting information may be found
online under the Supporting Information tab for this
article: Tables and figures with additional model
details and results.
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Outram, F.N., R.J. Cooper, G. Sünnenberg, K.M. Hiscock, and A.A.
Lovett. 2016. “Antecedent Conditions, Hydrological Connectivity
and Anthropogenic Inputs: Factors Affecting Nitrate and Phos-
phorus Transfers to Agricultural Headwater Streams.” Science
of the Total Environment 545: 184–99.

Paerl, H.W., N.S. Hall, B.L. Peierls, and K.L. Rossignol. 2014.
“Evolving Paradigms and Challenges in Estuarine and Coastal
Eutrophication Dynamics in a Culturally and Climatically
Stressed World.” Estuaries and Coasts 37: 243–58.

Park, J.Y., G.A. Park, and S.J. Kim. 2013. “Assessment of Future
Climate Change Impact on Water Quality of Chunghu Lake,
South Korea, Using WASP Coupled with SWAT.” Journal of the
American Water Resources Association 49 (6): 1225–38.

Pehlivanoglu, E., and D.L. Sedlak. 2004. “Bioavailability of
Wastewater-Derived Organic Nitrogen to the Alga Selenastrum
capricornutum.” Water Research 38: 3189–96.

Pellerin, B.A., S.S. Kaushal, and W.H. McDowell. 2006. “Does
Anthropogenic Nitrogen Enrichment Increase Organic Nitrogen
Concentrations in Runoff from Forested and Human-Dominated
Watersheds?” Ecosystems 9: 852–64.

Perakis, S.S., and L.O. Hedin. 2002. “Nitrogen Loss from Unpol-
luted South American Forests Mainly via Dissolved Organic
Compounds.” Nature 415: 416–19.

Qian, S.S., T.F. Cuffney, I. Alameddine, G. McMahon, and K.H.
Reckhow. 2010. “On the Application of Multilevel Modeling in
Environmental and Ecological Studies.” Ecology 91 (2): 355–61.

Qian, S.S., and Z. Shen. 2007. “Ecological Applications of Multilevel
Analysis of Variance.” Ecology 88: 2489–95.

R Core Team. 2018. R: A Language and Environment for Statistical
Computing. Vienna: R Foundation for Statistical Computing.

Rice, K.C., and J.D. Jastram. 2015. “Rising Air and Stream-Water
Temperatures in Chesapeake Bay Region, USA.” Climatic
Change 128: 127–38.

Rice, K.C., D.L. Moyer, and A.L. Mills. 2017. “Riverine Discharges
to Chesapeake Bay: Analysis of Long-Term (1927–2014) Records
and Implications for Future Flows in the Chesapeake Bay
Basin.” Journal of Environmental Management 204: 246–54.

Rose, L.A., D.L. Karwan, and S.E. Godsey. 2018. “Concentration-
Discharge Relationships Describe Solute and Sediment Mobi-
lization, Reaction, and Transport at Event and Longer Time-
scales.” Hydrological Processes 32 (18): 2829–44.

Scavia, D., I. Bertani, D.R. Obenour, R.E. Turner, D.R. Forrest,
and A. Katin. 2017. “Ensemble Modeling Informs Hypoxia Man-
agement in the Northern Gulf of Mexico.” Proceedings of the
National Academy of Sciences of the United States of America
114: 8823–28.

Scavia, D., M. Kalcic, R. Logsdon Muenich, N. Aloysius, I. Bertani,
C. Boles, R. Confesor et al. 2017. “Multiple Models Guide Strate-
gies for Agricultural Nutrient Reductions.” Frontiers in Ecology
and the Environment 15: 126–32.

Schlesinger, W.H. 2009. “On the Fate of Anthropogenic Nitrogen.”
Proceedings of the National Academy of Sciences of the United
States of America 106: 203–08.

Scott, D., J. Harvey, R. Alexander, and G. Schwarz. 2007. “Domi-
nance of Organic Nitrogen from Headwater Streams to Large
Rivers across the Conterminous United States.” Global Biogeo-
chemical Cycles 21 (1). https://doi.org/10.1029/2006GB002730.

Seitzinger, S.P., C. Kroeze, A.F. Bouwman, N. Caraco, F. Den-
tener, and R.V. Styles. 2002. “Global Patterns of Dissolved
Inorganic and Particulate Nitrogen Inputs to Coastal Systems:
Recent Conditions and Future Projections.” Estuaries 25 (4):
640–55.

Seitzinger, S.P., R.W. Sanders, and R. Styles. 2002. “Bioavailability
of DON from Natural and Anthropogenic Sources to Estuarine
Plankton.” Limnology and Oceanography 47 (2): 353–66.

Shenk, G.W., and L.C. Linker. 2013. “Development and Application
of the 2010 Chesapeake Bay Watershed Total Maximum Daily

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION JAWR803

QUANTIFYING THE RESPONSE OF NITROGEN SPECIATION TO HYDROLOGY IN THE CHESAPEAKE BAY WATERSHED USING A MULTILEVEL MODELING APPROACH

 17521688, 2022, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1752-1688.12951 by U

SE
PA

- O
ffice of environm

ental, W
iley O

nline L
ibrary on [06/01/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.5066/F7RR1X68
https://doi.org/10.1029/2006GB002730


Load Model.” Journal of the American Water Resources Associa-
tion 49 (5): 1042–56.

Shenk, G., L. Wainger, C. Wu, P. Capel, M. Friedrichs, J. Hubbart,
A. Iho, P. Kleinman, K. Sellner, and K. Stephenson. 2020.
“Assessing the Environment in Outcome Units.” STAC Publica-
tion Number 20-003, Edgewater, MD, 34 pp.

Shor, B., J. Bafumi, L. Keele, and D. Park. 2007. “A Bayesian Mul-
tilevel Modeling Approach to Time Series Cross-Sectional Data.”
Political Analysis 15 (2): 165–81.

Sinha, E., and A.M. Michalak. 2016. “Precipitation Dominates
Interannual Variability of Riverine Nitrogen Loading across the
Continental United States.” Environmental Science and Tech-
nology 50: 12874–84.

Sinha, E., A.M. Michalak, and V. Balaji. 2017. “Eutrophication Will
Increase during the 21st Century as a Result of Precipitation
Changes.” Science 357: 405–08.

Soranno, P.A., K.S. Cheruvelil, E.G. Bissell, M.T. Bremigan, J.A.
Downing, C.E. Fergus, C.T. Filstrup et al. 2014. “Cross-Scale
Interactions: Quantifying Multiscaled Cause–Effect Relation-
ships in Macrosystems.” Frontiers in Ecology and the Environ-
ment 12 (1): 65–73.

Sponseller, R.A., J. Temnerud, K. Bishop, and H. Laudon. 2014.
“Patterns and Drivers of Riverine Nitrogen (N) across Alpine,
Subarctic, and Boreal Sweden.” Biogeochemistry 120: 105–20.

Stan Development Team. 2019a. RStan: The R Interface to Stan. R
Package Version 2.19.2. http://mc-stan.org/.

Stan Development Team. 2019b. Stan Reference Manual, Version
2.23. https://mc-stan.org/docs/2_23/reference-manual/index.html.

Stan Development Team 2019c. Stan User’s Guide, Version 2.19.
https://mc-stan.org/docs/2_19/stan-users-guide/.

Stanley, E.H., and J.T. Maxted. 2008. “Changes in the Dissolved
Nitrogen Pool across Land Cover Gradients in Wisconsin
Streams.” Ecological Applications 18 (7): 1579–90.

Stow, C.A., E.C. Lamon, S.S. Qian, P.A. Soranno, and K.H. Reck-
how. 2009. “Bayesian Hierarchical/Multilevel Models for Infer-
ence and Prediction Using Cross-System Lake Data.” In Real
World Ecology: Large-Scale and Long-Term Case Studies and
Methods, edited by S. Miao, S. Carstenn, and M. Nungesser,
111–36. New York, NY: Springer.

Stow, C.A., C. Roessler, M.E. Borsuk, J.D. Bowen, and K.H. Reck-
how. 2003. “Comparison of Estuarine Water Quality Models for
Total Maximum Daily Load Development in Neuse River Estu-
ary.” Journal of Water Resources Planning and Management
129: 307–14.

Thompson, S.E., M. Sivapalan, C.J. Harman, V. Srinivasan, M.R.
Hipsey, P. Reed, A. Montanari, and G. Blöschl. 2013. “Develop-
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