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The susceptibility of estuaries to nutrient loading is an
important issue that cuts across a range of management
needs. We used a theory-driven but data-tested simple model
to assist classifying estuaries according to their susceptibility
to nutrients. This simple nutrient-driven phytoplankton model is
based on fundamental principles of mass balance and
empirical response functions for a wide variety of estuaries in
the United States. Phytoplankton production was assumed

to be stoichiometrically proportional to nitrogen load and an
introduced “efficiency factor” intended to capture the myriad
processes involved in converting nitrogen load to algal
production. A Markov Chain Monte Carlo algorithm of Bayesian
inference was then employed for parameter estimation. The
model performed remarkably well for chlorophyll estimates, and
the predicted estimates of primary production, grazing, and
sinking losses are consistent with measurements reported in
the literature from a wide array of systems. Analysis of the
efficiency factor suggests that estuaries with the ratio of river
inflow to estuarine volume (Q/V) greater than 2.0 per year

are less susceptible to nutrient loads, and those with Q/V
between 0.3 and 2.0 per year are moderately susceptible. This
simple model analysis provides a first-order screening tool

for estuarine susceptibility classification.

Introduction

Eutrophication is a threat to coastal waters that is most often
aresult of society-mediated delivery of excess nutrients (1—4).
This overenrichment can lead to serious and negative effects,
such as harmful algal blooms, habitat loss, biodiversity
changes, bottom oxygen depletion, and fishery loss (4, 5).
Determining nutrient loading targets to ameliorate these
impacts is ultimately an estuary-specific enterprise; however,
there is also a growing need to understand more generally
why some systems are more susceptible than others so that
management guidance can be provided across systems (6).

The diversity of estuaries has made classification an
important and difficult question for researchers and decision
makers since the 1950s (7—9). The National Research Council
proposed 12 factors that control estuarine responses, in-
cluding physiographic setting, primary production, nutrient
load, dilution, water residence time, stratification, hypsog-
raphy, grazing of phytoplankton, suspended materials load
and light extinction, denitrification, spatial and temporal
distributions of nutrient inputs, and allochthonous organic
matter inputs (4). Some recent U.S. classification efforts
include a dissolved concentration potential (DCP) index (2),
an Assessment of Estuarine Trophic Status (ASSETS) meth-
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odology (10), the Coastal and Marine Ecological Classification
Standard (CMECS) conceptual classification (11), stressor—
response relationships developed over broad geographical
scales (12), and a multivariate regression analysis as part of
asynthesis to guide development of estuarine nutrient criteria
(13). Similar efforts have also been developed for Peninsular
Malaysia (14), Portugal, the EU Water Framework Directive
(15), and England and Wales (16). A review of 26 classification
schemes found that past systems focused mainly on terrest-
rial and aquatic systems and for specific regions and habitat
types (9, 12). Kurtz et al. (6) reviewed dozens of classification
schemes and concluded that the distinctions among ap-
proaches appear to be between hierarchical and nonhier-
archical structures, data-driven and theory-driven, and
functional vs physical structural and that some classifications
combine two or more methods or combine classification
with other tools like modeling.

Our approach is nonhierarchical, theory-driven but data-
tested, and functional. It is a modeling approach to identify
key features useful for classification. We use a simple model,
based on fundamental principles of mass balance, empirical
response functions, and an introduced estuarine efficiency
term for a wide variety of estuaries to explore the basis for
their susceptibility to nutrientloads, ultimately contributing
to a classification scheme to guide nutrient control policies.
As such, our aim is to develop a screening model for estuaries
in general, not a prediction or forecasting model for specific
estuaries.

Methods

Data Sources. Data for 99 estuaries are described in NEEA
Estuaries Database (http://ian.umces.edu/neea) (3). For our
analysis, we used 75 of those systems: 14 estuaries were
dropped from our analysis based on extreme physical
characteristics (e.g., very shallow, very deep, long residence
time, or excessive loads). Ten others were dropped because
early attempts with our model generated estimates of
estuarine efficiency that were quite unrealistic (see below
and Supporting Information). The remaining 75 estuaries
(37 drowned rivers; 19 lagoons; 9 coastal bays; 10 fjords) still
represent a diversity of depths (0.5 to 46 m), volumes (1.7 x
107 to 2.9 x 10" m?), residence times (4 to 979 days), total
nitrogen (TN) loads (1.3 x 10* to 5.3 x 107 kg/year), and
summer surface chlorophyll concentrations (2.3 to 24.8
ug/L) (see Supporting Information). Freshwater discharge,
salinity, and ocean boundary nitrogen concentrations were
also obtained from this database; however, we found the
reported values for ocean salinity were inconsistent with other
published values for some subtributaries of the Chesapeake
Bay. Accordingly, we recalculated water residence times (see
below), based on updated salinity estimates for the Chester,
Choptank, Rappahannock, Tangier/Pocomoke, and York river
subestuaries from 1222, 713, 185, 1120, and 121 days to 276,
85, 108, 586, and 92 days, respectively.

Growing season chlorophyll a concentrations were derived
from Sea-viewing Wide Field-of-view Sensor (SeaWiFS)
imagery reported monthly for 1997 to 2004 (http://geoportal.
kgs.ku.edu/estuary/) (17). We used June—August averages
for each of the 7 years. Annual average total nitrogen daily
loads, based on the most recent SPARROW model updates
(18), were provided by the U.S. Geological Survey (R.
Alexander, personal communication). Because SPARROW is
not well suited for the relatively flat Florida watersheds, we
used NOAA-report fluxes reported on the NEEA Web site.

Model Development. While models can be useful tools
for describing and predicting specific estuarine responses to
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changes in nutrient loads (e.g., refs 19—24), they can also be
useful in exploring more general responses to provide insights
into what controls their susceptibility to eutrophication
(25, 26, 16, 27). We developed a nutrient-driven phytoplank-
ton model, simplified from previous studies on lakes and
estuaries (28—31I), that relates summer average phytoplank-
ton biomass to spring TN daily loads and estuarine physical
characteristics. Rather than model detailed nitrogen dynam-
ics (including phytoplankton uptake and biogeochemical
cycling), we modeled summer phytoplankton production as
proportional to spring TN load, similar to earlier work
simulating biological oxygen demand in the Gulf of Mexico
and the Chesapeake Bay (20, 22, 24). The nitrogen loading
rate was converted to phytoplankton carbon production by
multiplying load by a factor encompassing the C:N ratio for
nitrogen-limited production, the relationship between spring
average daily and annual average dailyload, and an “estuarine
conversion efficiency factor” intended to capture processes
converting nitrogen load to algal production. This is admit-
tedly a very strong simplification, but it served the purpose
of relating production to load and introducing the efficiency
factor that became very useful in assessing estuarine
susceptibility. We discuss this in detail below; however, we
used this bulk property, the estuarine conversion efficiency,
to calibrate the model and then to explore how it varied with
various estuarine properties.

Phytoplankton losses are modeled as a first-order sinking
rate and a zooplankton grazing term modeled as quadratic
in phytoplankton biomass. This is similar to approaches used
for zooplankton mortality (32—34) under the assumption
that zooplankton abundance varies with phytoplankton
abundance. Thus, the overall rate of change of mixed-layer
phytoplankton carbon (B) is:

B
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where B is phytoplankton biomass (g C/ m?), I, is phy-
toplankton production (g C/ m3/day) derived from spring
nutrient load (TN;, g N/day) and calibration term (a, g C/g
N); Qout is the outflow to the ocean (m?/day), 14, is the sinking
rate (1/day), vsis the sinking velocity (m/day), z; is the mixed
layer depth (m), z is the estuary average depth (m), L is the
grazing loss rate (m®/g C/day), TNy is the sum of TN (spring
riverine TN load, g N/day) and TNy (ocean nitrogen influx,
g N/day) (ignoring atmospheric deposition sources and N
fixation), Np is the ocean nitrogen concentration (mg/L); Qi
is ocean inflow (m®/day), V; is the mixed layer volume (m?),
and Vis the estuary volume (m?®). The ratio of mixed layer
depth to total depth z is 1.0 for well-mixed estuaries and
assumed to be 0.5 for stratified estuaries. We assumed lagoons
and all other estuaries with depth <3.0 m were well mixed
and that all fjords were stratified.

The water residence time (WRT, day), Qou, and Q, can
be calculated from average estuarine salinity (Sal;), ocean
boundary salinity (Salp), and river discharge (Q), all of which
are in the NEEA Estuaries Database, and water and salt
balances, as:

Sal,
Q,Sal, = Qysal, | @n™ 95al —sal,

Q+ Qin = Qout - Sall (4)
in = Sal, — Sal,

WRT is defined as:

v v Sal,—Sal,
= — >< ——
Qout Q Sa'10

To explore the model’s ability to reproduce summer
phytoplankton concentrations, we solved eq 1 at steady state
under the assumption that this will provide analytical power
and adequate distinctions among estuaries (35). While
phytoplankton biomass certainly varies over shorter periods
and for most estuaries those differences are generally
attenuated at annual scales (36), there remains sufficient
discrimination among estuaries for this analysis. The steady-
state solution, obtained by setting (dB)/(d#) = 0, is:

WRT = )
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Parameter Estimation. Bayesian analysis has been in-
creasingly applied in ecology (37, 38) because of its ability
to handle uncertainty, incorporate prior information such
as data and modeling experience, and develop probabilistic
assessments to support decision making (39). Compared to
traditional modeling approaches, Bayesian-estimated model
parameters are embodied in the posterior probability density
functions, which provide credible intervals for both parameter
values and predicted states under various probability levels
(40). See Supporting Information for details.

We used WinBUGS (version 1.4.3) (41), called from R
(version 2.6.0; R2WinBUGS (version 2.1—8)) (42). With
WinBUGS, we estimated a single value for parameters L, v,
and C:CHL across all estuaries and individual values of a for
each estuary. Our previous modeling analysis revealed that
the four parameters are correlated (see Supporting Informa-
tion), so we used the following informative priors, based on
literature information and experience (39), to provide relia-
ble parameter estimates: L ~ N(0.80,0.25)1(0,); C:CHL ~
N(50,20)1(0,); vs ~ N(0.3, 0.10)1(0,). The numbers in the
brackets represent the mean and the standard deviation and
I(0,) denotes censoring to eliminate negative values. We
conducted a sensitivity analysis on the forms of the informa-
tive priors (see Supporting Information) and found they were
relatively insensitive to the variance changes. We used a
noninformative prior for o, assuming a normal distribution
with unspecified mean and common variance, since we did
not have credible prior information for this derived property
(see Supporting Information) and we wanted to allow the
algorithm maximum flexibility in its estimation.

Four goodness-of-fit measures were used to test model
results between predicted and observed values: correlation
coefficient, slope of the regression, coefficient of determi-
nation, R?, and the root mean squared error (RMSE) (see
Supporting Information).

Results

C:CHL and Chlorophyll Estimates. The model performed
remarkably well, with a correlation between predicted and
observed chlorophyll of 0.99 (Supporting Information). The
slope of the regression fit is 0.96 with an intercept of 0.17
which is not significantly different from zero. R? is 0.99 with
a RMSE of 0.50 and scale-independent RMSE of 0.051. We
used a potential scale reduction factor, Rhat, to determine
model convergence. Resulting Rhat values are all close to
1.0, indicating the model converges well (42). The mean and
standard deviation of the posterior distribution for the carbon
to chlorophyll ratio was 56 + 10.6, well within the range
reported in the literature (43—47). While these estimates are
satisfying, it is important to also compare our calculated
production and loss rates to observations because even
simple models are capable of matching state variables based
on erroneous, yet compensating, rate processes (e.g., ref 28).
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FIGURE 1. Frequency distribution of net primary production estimates for our study (75 estuaries) and that summarized in
Montes-Hugol et al. (15 estuaries) (57), Smith and Hollibaugh (22 estuaries) (50), Boynton et al. (45 estuaries) (48), and Underwood

and Kromkamp (30 estuaries) (49).

So we made those comparisons to ensure that this is not
simply sophisticated curve-fitting.

Phytoplankton Primary Production. Model estimates for
growing-season phytoplankton primary production ranged
between 0.05 and 8.0 g C/m?/day, with first, second, and
third quartiles of 0.24, 0.45, and 0.78 g C/m?/day. These
estimates represent the central tendency of production for
each estuary with distributions associated with a (eq 2). Thus,
the overall distribution of the model production estimate is
a mixture distribution. For comparison, we compiled sum-
maries of phytoplankton primary production for 112 estuaries
and coastal systems (48—51) and compared their distributions
to our model. For cases where production estimates were
reported as annual average daily rates, we assumed that 70%
of the annual production occurs during the 7 month growing
season. Comparing the notched box plots (Figure 1) illustrates
that the distribution of our predictions are indistinguishable
from those empirical estimates.

Grazing and Sinking Loss Rates. The mean and standard
deviation of grazing and sinking parameters were 0.69 +
0.27 m®/g C/day for L and 0.21 £ 0.07 m/day for vs, well
within expected ranges for grazing (33, 16) and sinking
(46, 47). In addition, grazing loss as a percent of primary
production was 66 + 18%, compared to 24 + 15% for
sedimentation, suggesting that grazing is often the main loss
term. Estimates for the Strait of Georgia (52), Halifax Harbor
(53), Chesapeake Bay (54), Mobile Bay (55), and Apalachicola
Bay (56) all suggest that grazing was the primary factor
controlling phytoplankton biomass. The consistency of the
general patterns of model output and these observations is
demonstrated by comparing the frequency distributions of
model output to these field measurements across a wide
array of systems (Figure 2 and Supporting Information).
While some of our grazing estimates seem to be a bit higher
than those reported in the literature, the overall comparison
is quite good.

Estuarine Efficiency. The above comparisons of modeled
and measured production, sinking, and grazing demonstrate
that the model not only fits the observed phytoplankton
chlorophyll concentration across this diverse set of estuaries
but also fits key rate processes well. This lends credence to
using the model to explore relative estuarine sensitivity
through our estimates estuarine efficiency. The Bayesian
estimated mean value of o that best fit chlorophyll observa-
tions ranged between 0.52 g C/g N and 159.5 g C/g N, with
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the uncertainty around individual values relatively constant.
Mean and standard deviation of the coefficients of variation
were 17 £+ 1%.

This calibration term, o, is composed of three factors: the
nitrogen-limited C:N ratio for production, a factor relating
average spring daily nutrient loads to annual average daily
loads, and the estuarine efficiency factor. Because we want
to explore the efficiency term, we need to factor out the other
two; although it is important to note that the scaling factors
influence the absolute value but not the patterns of a across
estuaries.

The Redfield C:N molar ratio is often used for these types
of estimates; however, recent evidence suggests that under
nitrogen-limited conditions, carbon overconsumption (57)
drives the C:N ratio higher. For our analysis, we used 12.7
(10.9 mass ratio), based on an average of 14 estimates reported
in the literature (58—64). In most estuarine systems, average
daily spring loads are considerably higher than the annual
average. For our analysis, we assumed the average daily spring
load was 2.0 times the annual average daily load. Thus, to
estimate estuarine efficiency we divided o by 21.8 (10.9 x 2),
producing efficiency terms between 0.02 and 7.34 (inter-
quartile range: 0.34—2.28). Estuaries with efficiency terms
greater than 1.0 can be considered “recyclers”; those below
1.0 can be considered “N sink” systems or highly flushed
systems. This is discussed further below.

Discussion

The model reproduced summer chlorophyll concentrations
as a function of total nitrogen load and the physical
characteristics of the estuary for a wide range of estuarine
types and conditions (Supporting Information). This was
based on several simplifying assumptions, the most useful
of which was the introduction of an estuarine efficiency term,
representing the fraction of the spring nitrogen load con-
verted to algal biomass. There are, of course, many processes
that modulate that conversion and reduce overall conversion
efficiency, including denitrification, delivery of unavailable
nutrient forms, sediment burial, and rapid flushing compared
to algal production. There are also processes that enable
recycling of nitrogen and increase the conversion efficiency.
Our analysis does not distinguish among those processes
but rather explores their net effect. We explored how
predicted estuarine efficiency, ¢ = a/21.8, varied with different
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FIGURE 2. Frequency distribution of the ratio of sinking and grazing loss to production. Upper panels are model estimates; lower

panels are literatures values (see Supporting Information).

estuarine properties and found the most useful relationship
with the ratio of river discharge to estuarine volume (Q/V)
(Figure 3, Supporting Information). Note that Q is the river
discharge, not the sum of that discharge and ocean inflow,
which is convenient because the latter is more difficult to
estimate.

In this analysis, efficiency appeared to decrease roughly
with the inverse square root of Q/V: ¢ = 0.908(Q/V)~%47
(R*> = 0.53), where ¢ represents mean values arising from the
75 estimated normal distributions. This is logical because
load generally increases with inflow (Q) and, for a given
estuarine volume, one would expect the system to be less
efficient in processing that load and, in fact, be overloaded
for high values of Q. Conversely, for a given nutrient load,
larger volumes should allow more time for biogeochemical
processing and thus more efficient conversion.

The regression only explains a little over 50% of the
variability and is thus not a strong predictor of individual
efficiency or susceptibility. However, graphical inspection
of ¢ vs Q/V estimates reveals an interesting pattern: a
breakpoint a Q/V of 2.0 per year. All but one estuary with
Q/V greater than 2.0 have efficiency factors less than 1,
suggesting that nitrogen losses (e.g., denitrification, burial,
delivery of refractory N) outweigh recycling rates in these “N
sink” systems, and they are less susceptible to eutrophication.
In contrast, all but four of the estuaries with Q/Vless than
2.0 have efficiency factors greater than one and some as high
as 7. These systems are more efficient recyclers and more
susceptible to eutrophication. In addition, closer inspection
of estuaries with Q/ Vvalues below 2.0 suggests that systems
with Q/V between 0.3 and 2.0 have efficiency factors less
than 3, i.e., moderate recyclers. Systems below 0.3 have
indeterminate efficiency. Examining these relationships
individually for lagoons, embayments, fjords, and river run
estuaries (refer to the Supporting Information) demonstrates
that almost all fjords are relatively sensitive to loads, whereas
there is more variability in other types. This is similar to
results from a multivariate regression analysis done for the
same classes of estuaries (13).

Case Studies. We tested the general model against three
case studies: Potomac River, Hudson River, and Apalachicola

Bay. Bennett et al. (65) found for the Potomac that chlorophyll
a concentrations were low in July and August when average
monthly discharge exceeded 200 m®/s, corresponding to Q/ V
over 0.97 year ! based on a volume of 6.47 x 10° m?® (3).
While seasonal peak concentrations occurred at discharges
as high as 970 m®/s, sustained discharges greater than 1100
m?/s (the corresponding Q/V of 5.4) retarded development.
Thus, for the Potomac River, sustained chlorophyll concen-
trations were consistently low for Q/V of 0.97 and 5.4 per
year.

Howarth et al. (66) observed relatively high gross primary
production (GPP) in Hudson River estuary only when river
discharge at Green Island (representing 67% of total fresh-
water input) was less than 200 m3/s. This corresponds to a
Q/Vof1.9, assuming a volume 0f4.90 x 10° m? (3). Observed
GPP was less than 2.5 g C/m?/day when river discharge was
over 200 m?/s. Using river discharge of 595 m3/s from the
NEEA data set (3), we estimated production of 1.95 g C/m?/
day and an efficiency term of 0.58 + 0.11, indicating low
susceptibility.

Apalachicola Bay is a fast-flushing estuary with a typical
residence time of about 8 days and 66% of the annual nutrient
input exported to the Gulf of Mexico (56). Our estimated
efficiency was verylow as 0.17 + 0.03 with a Q/ Vratio of 21.9
per year. The observed production from 1993 to 1996 ranged
between 0.096 and 1.812 g C/m?/day; our estimate is 0.35 g
C/m?/day.

Our analysis is based on a rather simple representation
of relationships among nutrient load; phytoplankton growth,
settling, and grazing; and basic physical estuarine properties.
However, that simple formulation, embedded within a
Bayesian estimation framework and employing an introduced
term representing the nutrient conversion efficiency, was
able to not only reproduce observed chlorophyll concentra-
tions but to also mimic key relationships among rates of
phytoplankton production, settling, and grazing loss. We
demonstrated a relationship between this efficiency term (¢)
and a flushing parameter, Q/ V. While that relationship only
explained a little over half of the variation in efficiency,
graphical inspection suggests that estuaries with Q/ Vgreater
than about 2.0 per year should be less susceptible to nutrient
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were used. Vertical error bars represent + one standard
deviation of the estimate.Vertical lines represent @/V = 2.0 and
0.3. Horizontal lines represent efficiencies of 1 and 3.

loads and those with Q/Vbetween 0.3 and 2.0 per year will
be moderately susceptible. Little can be said generally for
estuaries with Q/Vless than 0.3 because ¢ varied between 1
and over 7.

While specific loading targets for individual estuaries will
likely continue to be based on site-specific analysis, we
suggest that a first-order screening tool based on the logical
and rather classic property, Q/V, can help set priorities for
analysis and perhaps form a basis for additional classification
efforts on estuarine susceptibility.

Acknowledgments

We appreciate Suzanne Bricker’s assistance in access to the
NOAA data set upon which much of this analysis was based,
aswell as use of the updated SPARROW loading estimates from

3478 m ENVIRONMENTAL SCIENCE & TECHNOLOGY / VOL. 43, NO. 10, 2009

Richard Alexander. We are grateful for the Bayesian insights
gained from conversations with George Arhonditsis and Craig
Stow, comments on an eatlier draft from Dennis Swaney, and
three anonymous reviewers. This work is contribution number
117 of the Coastal Hypoxia Research Program and was sup-
ported in part by grant NAO5NOS4781204 from NOAA'’s Center
for Sponsored Coastal Ocean Research.

Supporting Information Availahle

Text describing Bayesian analysis and literature values for
comparison to modeled grazing and sedimentation; tables
of estuarine characteristics, model results, and literature
values used for comparison to modeled production; figures
of estuarine characteristics, model results of predicted and
observed chlorophyll concentration, relationships between
estuarine efficiency, and different physical characteristics.
This material is available free of charge via the Internet at
http://pubs.acs.org.

Literature Cited

(1) Smith, V.H.; Tilman, G. D.; Nekola, J. C. Eutrophication: impacts
of excess nutrient inputs of freshwater, marine, and terrestrial
ecosystems. Environ. Pollut. 1999, 100, 179-196.

Bricker, S. B.; Clement, C. G.; Pirhalla, D. E.; Orlando, S. P.;

Farrow, D. R. G. National Estuarine Eutrophication Assessment:

Effects of Nutrient Enrichment in the Nation’s Estuaries; NOAA,

National Ocean Service, Special Projects Office and the National

Centers for Coastal Ocean Science: Silver Spring, MD, 1999.

Bricker, S.; Longstaff, B.; Dennison, W.; Jones, A.; Boicourt, K.;

Wicks, C.; Woerner, J. Effects of Nutrient Enrichment In the

Nation’s Estuaries: A Decade of Change; NOAA Coastal Ocean

Program Decision Analysis Series No. 26; National Centers for

Coastal Ocean Science: Silver Spring, MD, 2007.

National Research Council. Clean Coastal Waters: Understanding

and Reducing the Effects of Nutrient Pollution; National Academy

Press: Washington, DC, 2000.

Diaz, R. J.; Rosenberg, R. Spreading dead zones and conse-

quences for marine ecosystems. Science 2008, 321, 926-929.

Kurtz, J. C; Detenbeck, N. D.; Engle, V. D.; Ho, K.; Smith, L. M.;

Jordan, S. J.; Campbell, D. Classifying coastal waters: current

necessity and historical perspective. Estuaries Coasts 2006, 29,

107-123.

(7) Wilson, J. G. The Biology of Estuarine Management, Croom Helm:

New York, 1988.

Elliott, M.; McLusky, D. S. The need for definitions in under-

standing estuaries. Estuarine Coastal Shelf Science 2002, 55 (6),

815-827.

Engle, V. D.; Kurtz, J. C,; Smith, L. M.; Chancy, C.; Bourgeois,

P. A Classification of U.S. Estuaries Based on Physical and

Hydrologic Attributes. Environ. Monit. Assess. 2007, 129 (1-3),

397-412.

Bricker, S. B.; Ferreira, J. G.; Simas, T. An integrated methodology

for assessment of estuarine trophic status. Ecol. Modell. 2003,

169, 39-60.

(11) Madden, C.]J., Grossman D. H., Goodin, K. L. Coastal and marine
systems of North America: framework for an ecological clas-
sification standard: Version II; NatureServe: Arlington, VA, 2005.

(12) USEPA [United States Environmental Protection Agency].
Classification Framework for Coastal Systems, EPA/600/R-04/
061. Research Triangle Park, NC: U.S. Environmental Protection
Agency, Office of Research and Development, National Health
and Environmental Effects Laboratory, 2004.

(13) Glibert, P., Madden, C., Boynton, W., Flemer, D., Heil, C., Sharp
J., Eds. Estuarine Nutrient Criteria Development: State of the
Science; US EPA Office of Water: Washington, DC, 2008.

(14) Ibrahim, Z. Z.; Moi, L. S.; Abdullah, R.; Arshad, A. Classification
of Malaysian estuaries for development planning. Aquatic
Conserv.: Mar. Freshwater Ecosyst. 1996, 6 (4), 195-203.

(15) Ferreira, J. G.; Nobre, A. M.; Simas, T. C.; Silva, M. C.; Newton,
A.; Bricker, S. B.; Wolff, W. J.; Stacey, P. E.; Sequeiraa, A. A
methodology for defining homogeneous water bodies in
estuaries — Application to the transitional systems of the EU
Water Framework Directive. Estuarine, Coastal Shelf Sci. 2006,
66 (3—4), 468-482.

(16) Painting, S. J.; Devlin, M. J. Assessing the impact of nutrient
enrichment in estuaries: Susceptibility to eutrophication. Mar.
Pollut. Bull. 2007, 55 (1—6), 74-90.

(2

—

3

=

4

)

5

=

6

=

8

=

(€]

=

(10



a7

(18)

19)

(20)

21

(22)

(23)

(24)

(25)

(26)

(27)

(28)

(29)

(30)

BD
(32)
33)

(34)

(36)

@37
(38)

(39)

(40)

(41)

(42)

(43)

Hooker, S. B.; Firestone, E. R., Eds. Algorithm updates for the
fourth SeaWiFS data reprocessing, NASA Tech. Memo. 2003 —
206892 vol. 22, NASA Goddard Space Flight Center, Greenbelt,
MD, 2003.

Alexander, R. B.; Smith, R. A.; Schwarz, G. E.; Boyer, E. W.; Nolan,
J. V.; Brakebill, J. W. Differences in phosphorus and nitrogen
delivery to the Gulf of Mexico from the Mississippi River Basin.
Environ. Sci. Technol. 2008, 42 (3), 822-830.

Boesch, D. Challenges and opportunities for science in
reducing nutrient over-enrichment of coastal ecosystems.
Estuaries 2002, 25, 744-758.

Scavia, D.; Rabalais, N. N.; Turner, R. E.; Justic, D.; Wiseman,
W., Jr. Predicting the response of Gulf of Mexico Hypoxia to
variations in Mississippi River Nitrogen Load. Limnol. Oceanogr.
2003, 48, 951-956.

Scavia, D.; Justic, D.; Bierman, V.]., Jr. Reducing hypoxia in the
Gulf of Mexico: advice from three models. Estuaries 2004, 27,
419-425.

Scavia, D.; Kelly, E. A,; Hagy, J. D., III. A simple model for
forecasting the effects of nitrogen loads on Chesapeake Bay
hypoxia. Estuaries Coasts 2006, 29 (4), 674-684.

Laurent, C.; Tett, P.; Fernandes, T.; Gilpin, L.; Jones, K. A dynamic
CSTT model for the effects of added nutrients in Loch Creran,
a shallow fjord. J. Mar. Syst. 2006, 61, 149-164.

Scavia, D.; Donnelly, K. A. Reassessing hypoxia forecasts for the
Gulf of Mexico. Environ. Sci. Technol. 2007, 41, 8111-8117.
Humborg, C.; Fennel, K.; Pastuszak, M.; Fennel, W. A box
model approach for a long-term assessment of estuarine
eutrophication, Szczecin Lagoon, southern Baltic. J. Mar. Syst
2000, 25, 387-403.

Hagy, J. D.; Murrell, M. C. Susceptibility of a northern Gulf of
Mexico estuary to hypoxia: An analysis using box models.
Estuarine, Coastal Shelf Sci. 2007, 74, 239-253.

Swaney, D. P.; Scavia, D.; Howarth, R. W.; Marino, R. M. Estuarine
classification and response to nitrogen loading: Insights from
simple ecological models. Estuarine Cont. Shelf Sci. 2008, 77
(2), 253-263.

Scavia, D. An ecological model of Lake Ontario. Ecol. Modell.
1980, 8, 49-78.

Jorgensen, S. E. Fundamentals of ecological modeling; Elsevier
Science: New York, 1994.

Tett, P.; Gilpin, L.; Svendsen, H.; Erlandsson, C. P.; Larsson, U.;
Kratzer, S.; Fouilland, E.; Janzen, C.; Lee, J.-Y.; Grenz, C.; Newton,
A,; Ferreira, J. G.; Fernandes, T.; Scory, S. Eutrophication and
some European waters of restricted exchange. Cont. Shelf Res.
2003, 1635-1671.

Fennel, W. Introduction to the Modelling of Marine Ecosystems;
Elsevier: Boston, 2004; p 297.

Edwards, A. M.; Yool, A. The role of higher predation in plankton
population models. J. Plankton Res. 2000, 22 (6), 1085-1112.
Cerco, C.; Noel, M. Process-based primary production modeling
in Chesapeake Bay. Mar. Ecol.: Prog. Ser. 2004, 282, 45-58.
Cranford, P. J.; Strain, P. M.; Dowd, M.; Hargrave, B. T.; Grant,
J.; Archambault, M. Influence of mussel aquaculture on nitrogen
dynamics in a nutrient enriched coastal embayment. Mar. Ecol.:
Prog. Ser. 2007, 347, 61-78.

Fennel, K.; Boss, E. Subsurface maxima of phytoplankton and
chlorophyll: steady state solutions from a simple model. Limnol.
Oceanogr. 2003, 48 (4), 1521-1534.

Dettmann, E. H. Effect of water residence time on annual export
and denitrification of nitrogen in estuaries: a model analysis.
Estuaries 2001, 24 (4), 481-490.

Ellison, A. M. Bayesian inference in ecology. Ecol. Lett. 2004, 7,
509-520.

Clark, J. S. Why environmental scientists are becoming Baye-
sians. Ecol. Lett. 2005, 8, 2-14.

Arhonditsis, G. B.; Qian, S. S.; Stow, C. A.; Lamon, C. E.; Reckhow,
K. H. Eutrophication risk assessment using Bayesian calibration
of process-based models: Application to a mesotrophic lake.
Ecol. Modell. 2007, 28 (2—4), 215-229.

Dennis, B. Discussion: should ecologists become Bayesians.
Ecol. Appl. 1996, 6, 1095-1103.

Lunn, D. J.; Thomas, A.; Best, N.; Spiegelhalter, D. WinBUGS -
a Bayesian modelling framework: concepts, structure, and
extensibility. Statistics and Computing 2000, 10, 325-337.
Gelman, A.; Hill, J. Data Analysis Using Regression and Multilevel/
Hierarchical Models; Cambridge University Press: New York, 2007.
Geider, R. J. Light and temperature dependence of the carbon
to chlorophyll ratio in microalgae and cyanobacteria: implica-
tions for physiology and growth of phytoplankton. New Phytol.
1987, 106, 1-34.

(44)

(45)

(46)

(47)

(48)

(49)

(50)

(51

(52)

(53)

(54)

(55)

(56)

(57)

(58)

(59)

(60)

(61)

(62)

(63)

(65)

(66)

Riemann, B.; Simonsen, P.; Stensgaard, L. The carbon and
chlorophyll content of phytoplankton from various nutrient
regimes. J. Plankton Res. 1989, 11, 1037-1045.

Cloern, J. E.; Grenz, C.; Vidergar-Lucas, L. An empirical model
of phytoplankton chlorophyll:carbon ratio. The conversion
factor between productivity and growth rate. Limnol. Oceanogr.
1995, 40, 1313-1321.

Chapra, S. C. Surface Water-Quality Modeling, New York:
McGraw-Hill, 1997.

Gonenc L. E.; Wolfin, J. P. Coastal lagoons: ecosystem processes
and modeling for sustainable use and development; CRC Press:
London, 2005.

Boynton, W. R.; Kemp, W. M.; Keefe, C. W. A comparative analysis
of nutrients and other factors influencing estuarine phy-
toplankton production. In Estuarine Comparisons; Kennedy,
V. S., Ed.; Academic Press: New York, 1982.

Underwood, G. J. C.; Kromkamp, J. Primary production by
phytoplankton and microphytobenthos in estuaries. Adv. Ecol.
Res. 1999, 29, 93-153.

Smith, S.V.; Hollibaugh, J. T. Coastal metabolism and the oceanic
organic carbon balance. Rev. Geophys. 1993, 31, 75-89.
Montes-Hugo, M. A,; Alvarez-Borrego, S.; Gaxiola-Castro, G.
Annual phytoplankton production in a coastal lagoon of the
southern California current system. Mar. Ecol.: Prog. Ser. 2004,
277, 51-60.

Stockner, J. G.; Cliff, D. D.; Shortreed, K. R. S. Phytoplankton
ecology of the Strait of Georgia, British Columbia. J. Fish Res.
Board Can. 1979, 36, 657-666.

Gifford, D. J. Impact of grazing by microzooplankton in the
northwest arm of Halifax Harbour, Nova Scotia. Mar. Ecol.: Prog.
Ser. 1988, 47, 249-258.

Malone, T. C. Effects of water column processes on dissolved
oxygen, nutrients, phytoplankton and zooplankton. In Oxygen
dynamics in the Chesapeake Bay: a synthesis of recent research;
Smith, D. E., Leffler, M., Mackiernan, G., Eds.; Maryland Sea
Grant: College Park, MD, 1992.

Lehrter, J. G.; Pennock, J. R.;; McManus, G. B. Microzooplankton
grazing and nitrogen excretion across a surface estuarine-coastal
interface. Estuaries 1999, 22 (1), 113-125.

Mortazavi, B.; Iverson, R. L.; Landing, W. M; Lewis, F. G.; Huang,
W. Control of phytoplankton production and biomass in a river-
dominated estuary: Apalachicola Bay, Florida, USA. Mar. Ecol.:
Prog. Ser. 2000, 198, 19-31.

Toggweiler, ]. R. Carbon overconsumption. Nature (London)
1993, 363 (6426), 210-211.

Sambrotto, R. N.; Savidge, G.; Robinson, C.; Boyd, P.; Takahashi,
T.; Karl, D. M.; Langdon, C.; Chipman, D.; Marra, J.; Codispoti,
L. Elevated consumption of carbon relative to nitrogen in the
surface ocean. Nature (London) 1993, 353, 248-250.
Williams, P. J. le B. Evidence for the seasonal accumulation of
carbon-rich dissolved organic material its scale, in comparison
with changes in particulate material and the consequential effect
on net C/N ratios. Mar. Chem. 1995, 51, 17-29.

Thomas, H.; Ittekkot, V.; Osterroht, C.; Schneider, B. Preferential
recycling of nutrients — the ocean’s way to increase new
production and to pass nutrient limitation. Limnol. Oceanogr.
1999, 44, 1999-2004.

Kaehler, P.; Koeve, W. Marine dissolved organic matter: can its
C:N ratio explain carbon overconsumption? Deep-Sea Res. Part
12001, 48, 49-62.

Kortzinger, A.; Koeve, W.; Kdhler, P.; Mintrop, L. C:N ratios in
the mixed layer during the productive season in the northeast
Atlantic ocean. Deep-Sea Res. Part I 2001, 48, 661-688.
Brzezinski, M. A.; Dickson, M.-L.; Nelson, D. M.; Sambrotto, R.
Ratios of Si, C and N Uptake by Microplankton in the Southern
Ocean. Deep-Sea Res. Part IT 2003, 50, 619-633.

Mei, Z. P.; Legendre, L.; Tremblay, J. E.; Miller, L.; Gratton,
Y.; Lovejoy, C.; Yager, P. L.; Gosselin, M. Carbon to nitrogen
(C:N) stoichiometry of the spring-summer phytoplankton
bloom in the North Water Polynya (NOW). Deep-Sea Res. Part
12005, 52, 2301-2314.

Bennett, J. P.; Woodward, J. W.; Shultz, D. J. Effect of discharge
on the chlorophyll-a distribution in the tidally-influenced
Potomac River. Estuaries 1986, 9, 250-260.

Howarth, R. W.; Swaney, D. P.; Butler, T. J.; Marino, R. Climatic
control on eutrophication of the Hudson River estuary. Eco-
systems 2000, 3, 210-215.

ES803401Y

VOL. 43, NO. 10, 2009 / ENVIRONMENTAL SCIENCE & TECHNOLOGY = 3479



